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Resumo

A análise da marcha humana fornece informações essenciais sobre a função biomecânica, a avali-
ação clínica e o reconhecimento biométrico. No entanto, alcançar uma compreensão do movi-
mento que seja precisa e reprodutível em condições reais continua a ser um desafio significativo.
As técnicas tradicionais de captura de movimento dependem de infraestruturas dispendiosas e
de ambientes controlados, o que limita a sua escalabilidade e validade em contextos reais. Esta
tese procura ultrapassar essas limitações através do desenvolvimento de metodologias computa-
cionais que exploram simultaneamente informação RGB e de profundidade, de modo a permitir
uma análise da marcha robusta, eficiente e totalmente automática, recorrendo a sensores de baixo
custo.

A investigação seguiu uma trajetória estruturada que integra a criação de um conjunto de
dados, o desenho de novas representações e a inovação metodológica. Em primeiro lugar, foi re-
alizada uma revisão e análise comparativa abrangente dos conjuntos de dados existentes baseados
em visão e profundidade, identificando lacunas quanto à diversidade de modalidades, qualidade
das anotações e acessibilidade. Para colmatar estas limitações, foi concebido, adquirido e disponi-
bilizado publicamente o Gait Recognition Image and Depth Dataset (GRIDDS). O GRIDDS
fornece dados sincronizados de RGB, profundidade, silhueta e esqueleto 3D de 35 participantes
registados em condições controladas, constituindo um dos primeiros recursos multimodais nor-
malizados para análise e reconhecimento da marcha.

Com base neste fundamento, foram propostas duas novas representações computacionais da
marcha que combinam informação bidimensional de aparência com estrutura esquelética tridimen-
sional, aumentando a robustez face a variações de ponto de vista, vestuário e objetos transportados.
Estas variantes da Gait Skeleton Image (GSI), baseadas em articulações e em segmentos lineares,
foram integradas em arquiteturas de aprendizagem profunda e avaliadas extensivamente, demon-
strando um desempenho competitivo, e algumas circunstâncias, por vezes superior, em compara-
ção com métodos baseados em aparência, através de múltiplos conjuntos de dados e condições de
variabilidade.

Por fim, foram introduzidos novos métodos de interpolação de silhuetas de marcha, que com-
binam raciocínio geométrico determinístico (BRIEF) com aprendizagem profunda bidirecional
(BiSINet), permitindo reconstruir frames em falta e melhorar a coerência temporal. As técnicas
de interpolação propostas evidenciaram melhorias significativas na precisão do reconhecimento e
forte capacidade de generalização entre diferentes conjuntos de dados e taxas de amostragem.

Em conjunto, as contribuições deste trabalho, que abrangem a aquisição multimodal de dados,
o desenvolvimento de representações robustas da marcha e a reconstrucção temporal, avançam as
fronteiras científicas e tecnológicas da análise da marcha humana, promovendo a reprodutibili-
dade, acessibilidade e aplicabilidade tanto nos domínios clínico como na visão por computador.

i



ii



Abstract

Human gait analysis provides critical information on biomechanical function, clinical assessment,
and biometric recognition, but achieving accurate and reproducible motion understanding under
real-world variability remains a major challenge. Traditional motion capture techniques are de-
pendent on expensive infrastructure and controlled environments, which limit scalability and real-
world validity. This thesis addresses these limitations by developing computational methodologies
that exploit both RGB and depth information to enable robust, efficient, and fully automatic gait
analysis using consumer-grade sensors.

The research followed a structured trajectory that encompasses dataset creation, representa-
tion design, and methodological innovation. First, an extensive review and comparative analysis
of existing vision- and depth-based gait datasets identified gaps in modality diversity, annotation
quality, and accessibility. To address these issues, the Gait Recognition Image and Depth Dataset
(GRIDDS) was designed, acquired, and publicly released. GRIDDS provides synchronized RGB,
depth, silhouette, and 3D skeletal data from 35 participants recorded under controlled conditions,
establishing one of the first standardized multi-modal benchmarks for gait analysis and recogni-
tion.

Building on this foundation, two novel computational gait representations were introduced that
fuse two-dimensional appearance cues with three-dimensional skeletal structure to increase robust-
ness to viewpoint, clothing, and carried-object variations. These Gait Skeleton Image (GSI) vari-
ants (joint-based and line-based) were integrated within deep learning frameworks and evaluated
through extensive experiments, demonstrating competitive and, under certain circumstances, su-
perior performance compared with established appearance-based methods across multiple datasets
and covariate conditions.

Finally, new methods for gait silhouette interpolation were introduced, combining determinis-
tic geometric reasoning (BRIEF) and bidirectional deep learning (BiSINet) to reconstruct missing
frames and enhance temporal coherence. The proposed interpolation techniques significantly im-
proved downstream recognition accuracy and demonstrated strong generalization across datasets
and frame-rate conditions.

Collectively, the contributions of this work, which span multi-modal data acquisition, robust
gait representation learning, and temporal reconstruction, advance the scientific and technological
frontiers of human gait analysis, promoting reproducibility, accessibility, and applicability in both
clinical and computer vision domains.
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Chapter 1

Introduction

1.1 Introduction

Human motion analysis constitutes a multidisciplinary research domain that seeks to understand

the complexities of human movement and its interaction with the surrounding environment. It

integrates knowledge from diverse scientific domains, such as biomechanics, computer vision,

artificial intelligence, and neuroscience, while also embracing developments in technology and

the arts. The capacity to automatically detect, track, and interpret human motion in image and

video sequences has unlocked new possibilities for designing systems that support detailed and

accurate analysis of movement.

Such systems provide researchers, clinicians, engineers, and designers with powerful tools to

investigate the mechanical, physiological, and behavioral aspects of human motion, supporting

advances in diverse areas including clinical assessment, physical rehabilitation, sports science,

ergonomic evaluation, computer animation, and human-computer interaction, among others.

The study of human motion has consistently attracted significant attention from the scientific

community. This is reflected in the extensive body of research dedicated to the topic, as demon-

strated by numerous surveys published over the years, such as those by Low et al. (2021); van der

Kruk and Reijne (2018); Halilaj et al. (2018); Aggarwal and Ryoo (2011); Poppe (2007); Gavrila

(1999); Ke et al. (2013), which highlight the growing interest in robust, scalable, and generalizable

approaches to human motion analysis, and underscore the importance of continuing research in

this area.

Among the various forms of human movement, gait stands out as one of the most funda-

mental and ubiquitous motor patterns. Walking not only represents the primary mode of human

locomotion, but also serves as a rich source of information about an individual’s musculoskeletal

integrity, neurological function, and overall health status. The cyclical and structured nature of gait

makes it particularly suitable for systematic analysis, while its inherent complexity – involving the

coordinated activation of numerous muscles, joints, and neural pathways – provides a compre-

hensive window into human motor control and biomechanical function. The significance of gait
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analysis extends across multiple domains. In clinical settings, the quantitative assessment of walk-

ing patterns enables the identification of pathological conditions, guides treatment decisions, and

monitors rehabilitation progress for patients with neurological disorders, orthopedic conditions,

or post-surgical complications (Hulleck et al. (2022); Manickam and Gardiner (2021). In sports

science, gait analysis contributes to optimizing performance and preventing injuries (Molavian

et al. (2023)). Beyond these applications, gait patterns have also demonstrated potential for bio-

metric identification, as the unique characteristics of an individual’s walking style can serve as a

distinctive signature (Wan et al. (2018); Sepas-Moghaddam and Etemad (2023); Rani and Kumar

(2023)).

Recent technological advances, particularly in sensor technologies, computer vision, and ma-

chine learning, have transformed the landscape of gait analysis. Traditional laboratory-based sys-

tems, while highly accurate, are constrained by their requirement for controlled environments,

specialized equipment, and expert supervision. Thus, these limitations have motivated the devel-

opment of more accessible, portable, and automated approaches capable of capturing and ana-

lyzing gait in naturalistic settings. Such developments have broadened the applicability of gait

analysis and created opportunities for continuous monitoring, large-scale screening, and integra-

tion into everyday technologies.

1.2 Motivation

The study of human motion has long captured the interest of researchers, revealing fundamental

aspects of behavior, biomechanics, and cognition. Through detailed analysis of motor control,

posture, coordination, and locomotion, we gain a comprehensive understanding of how the body

moves, adapts, and interacts with its environment. This inherently interdisciplinary field—bridging

biomechanics, computer vision, neuroscience, and machine learning—supports theoretical mod-

els that integrate physical, cognitive, and computational perspectives and translate into practical

applications.

In parallel, the motivation to study human motion is strongly driven by its real-world impact

across multiple sectors. In healthcare, motion analysis enables the early diagnosis of neuromus-

cular disorders, supports personalized treatment planning, and informs data-driven rehabilitation

strategies. It also contributes to elderly care by monitoring functional mobility and risk of falls.

In security, the integration of motion-based biometrics with behavioral analysis offers powerful

means to improve public safety. The sports industry also benefits from motion analytics for perfor-

mance optimization and injury prevention. In entertainment and digital media, motion data support

realistic animation, immersive experiences, and interactive game design. Furthermore, progress in

this field drives innovation in human–computer interaction and robotics, where movement-aware

interfaces foster more intuitive and responsive systems.

Beyond its foundational and applied significance, human motion analysis continues to pose

major scientific and technical challenges. Conventional motion capture relies on expensive hard-

ware, controlled laboratory environments, and expert operation, which limits scalability and real-
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world validity. The emergence of commodity sensors, embedded in smartphones, depth cameras

and wearable devices, has expanded accessibility, yet persistent issues remain: synchronization of

multi-modal data streams, integration of heterogeneous sensor inputs, and interpretation of com-

plex, high-dimensional motion data. Environmental variations such as viewpoint changes, lighting

conditions, and occlusions further affect accuracy and consistency. Addressing these challenges

requires robust computational solutions, particularly those that take advantage of advances in deep

learning and sensor fusion, to achieve accurate, scalable, and ecologically valid motion under-

standing.

1.3 Research Goals

Within this project, several research goals are defined. On a broader scale, the main objective is to

advance the field of human gait analysis through the development of computational methodologies

and models that exploit both RGB and depth information to achieve more robust, efficient, and

comprehensive motion understanding. By integrating consumer-grade sensors, such as RGB-D

cameras, this research also aims to improve the accessibility and reproducibility of gait analysis

studies in scientific, clinical, and technological domains. A more detailed examination reveals the

following specific objectives:

• First, a comprehensive study and comparative analysis of existing gait datasets is under-

taken, with particular emphasis on those that incorporate depth information. This exami-

nation aims to identify the structural characteristics, limitations, and research potential of

current multi-modal resources, thus establishing a solid foundation for future methodologi-

cal developments.

• Second, based on these insights, the objective consists of designing and publicly releasing

a novel RGB-D dataset for gait analysis (GRIDDS). This dataset is designed to provide a

standardized, multi-modal, and openly accessible resource to support reproducible experi-

mentation and benchmarking within the gait analysis community.

• Third, the proposal of two novel gait representations is pursued, designed to increase ro-

bustness to variations in viewpoint, appearance, and carried objects. These representations

exploit both two-dimensional image information and three-dimensional skeletal data and

are adapted for integration within deep learning frameworks, enhancing their capacity for

automatic feature learning and recognition.

• Fourth, validation and comparative evaluation of the proposed representations are con-

ducted, including their application to gait-based person recognition and related motion un-

derstanding tasks. Through extensive experimental evaluation, these methods are contrasted

with existing approaches to demonstrate measurable improvements in performance and gen-

eralization.
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• Finally, the development of new computational methods for gait silhouette interpolation is

addressed, combining algorithmic reasoning with deep learning architectures. These meth-

ods are devised to enhance temporal coherence, reconstruct missing data, and improve the

overall accuracy and resilience of gait analysis pipelines.

Together, these objectives define a coherent research trajectory that integrates the creation of

dataset, the design of representations, and methodological innovation to enhance scientific under-

standing and the technological capabilities of human gait analysis.

1.4 Thesis Statement

The main goal of this thesis is to demonstrate that the integration of two-dimensional image data

with three-dimensional skeletal and depth information facilitates the development of robust, effi-

cient, and fully automatic computational methodologies for human gait analysis. The integration

of multi-modal RGB-D data and biomechanically grounded skeletal models enables the capture of

both appearance-based and structural-dynamic characteristics of gait within a unified framework.

This fusion supports the construction of representations that are resilient to changes in viewpoint,

clothing, and carried objects while maintaining temporal and spatial coherence across gait cycles.

The thesis provides evidence of this claim through:

• the creation and subsequent public release of a novel RGB-D dataset, designated GRIDDS,

specifically designed for gait analysis;

• the proposal of new gait representations that integrate visual and skeletal cues with the

objective of enhancing robustness and discriminative power;

• the development of interpolation strategies that integrate both algorithmic and deep learning-

based approaches;

• a comprehensive experimental validation demonstrating improved performance in gait-based

person recognition and motion understanding tasks when compared with existing state-of-

the-art approaches.

This work thus substantiates that the integration of 2D and 3D motion cues, supported by

deep learning frameworks, constitutes a verifiable and effective path toward the unification and

advancement of computational gait analysis.

1.5 Publications

During the preparation of this thesis, a segment of research was initially carried out within the

scope of the curricular unit of Methodologies for Scientific Research. This early work focused on

the application of unsupervised learning techniques, namely k-means clustering, to group images
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according to their visual content. The outcomes of this exploratory study were presented at the

5th Doctoral Symposium in Informatics Engineering (Nunes (2010)), establishing the first formal

connection between pattern recognition methodologies and the broader research interests later

developed in this thesis.

Building upon this initial work, several experiments were conducted addressing both image re-

trieval and image recognition problems. These studies led to the proposal and evaluation of a novel

image descriptor, whose performance was shown to be competitive compared to existing state-of-

the-art descriptors. The results highlighted the potential of the proposed approach across different

datasets and tasks, culminating in a second publication presented at the 5th Iberian Conference on

Information Systems and Technologies (Nunes et al. (2010)).

Despite the overall positive results, further analysis revealed suboptimal performance for spe-

cific shape classes within the evaluated datasets. It was hypothesized that these limitations could

be attributed to inconsistencies between dataset annotations and human visual perception. To in-

vestigate this hypothesis, a user-centered study was conducted involving a significant number of

volunteers, supported by the development of a dedicated web-based experimental platform Nunes

et al. (2011a). The goal was to assess whether images belonging to different semantic classes could

nevertheless be perceived as visually similar in the context of image retrieval tasks. The findings

of this perceptual validation study were reported in a third publication (Nunes et al. (2011b)).

In parallel, and reflecting a progressive shift towards the analysis of human motion, a com-

prehensive and up-to-date survey was conducted on motion analysis and simulation software tools

used in biomechanical studies of human movement. This work examined both academic and com-

mercial solutions, providing not only an extensive overview of existing tools but also proposing

a structured framework for their classification and comparison. This study resulted in a fourth

publication Nunes et al. (2013), later extended and consolidated as a book chapter (Nunes et al.

(2016)), which further reinforced its relevance and impact within the biomechanics and human

motion analysis communities.

The focus on human motion analysis was subsequently deepened through preliminary exper-

imental work on dynamic simulation of human gait using musculoskeletal models. This research

explored the use of biomechanical simulation tools to compare normal and pathological gait pat-

terns, highlighting the potential of physics-based simulation for quantitative gait analysis. The

results of this work were presented at the European Simulation and Modelling Conference (Nunes

et al. (2014)), representing an important step towards integrating computational modeling with

gait analysis.

With the advent and increasing availability of low-cost depth sensors, the research evolved

towards gait analysis and recognition using RGB-D data. An initial contribution in this direc-

tion was presented in the form of an extended abstract at the 15th International Symposium on

Computer Methods in Biomechanics and Biomedical Engineering (CMBBE 2018) (Nunes et al.

(2018)), where a broad overview of gait recognition and classification approaches based on depth

sensors was provided, alongside preliminary experimental results.

A major outcome of this research line was the development of a new publicly available dataset,
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specifically designed for gait recognition using RGB-D sensors. This dataset, entitled GRIDDS

– Gait Recognition Image and Depth Dataset, provides synchronized RGB images, depth data,

skeleton joint coordinates and derived gait representations. Its design addressed limitations iden-

tified in existing datasets, particularly regarding sensor generation, data completeness and appli-

cability. The dataset was presented at the VipIMAGE 2019 conference (Nunes et al. (2019b)),

constituting a significant infrastructural contribution to the gait analysis research community.

Complementary to this contribution, a systematic review of publicly available RGB-D gait

datasets was conducted, with the objective of identifying, analyzing and comparing existing re-

sources used for gait-based person recognition and classification. This study proposed a structured

comparison framework, facilitating dataset selection and highlighting gaps and redundancies in the

field. The results of this systematic review were also published at VipIMAGE 2019 (Nunes et al.

(2019b)), reinforcing the relevance of dataset-oriented research within gait analysis.

Overall, the publications produced during the doctoral programme reflect a coherent and pro-

gressive research trajectory, evolving from general image analysis and pattern recognition towards

a focused and in-depth investigation of human gait analysis using computer vision, depth sensing

and biomechanical modeling. These works collectively laid the conceptual, methodological and

experimental foundations that underpin the contributions presented in this thesis.

1.6 Structure of the Thesis

This thesis is organized into seven chapters and one appendix, reflecting the logical progression

of the research from its conceptual foundations to the development and validation of new compu-

tational methodologies for human gait analysis.

This chapter introduces the motivation for the research, the underlying questions, and the

objectives that guided its development. It defines the central thesis statement—that exploiting

two-dimensional visual and three-dimensional skeletal information enables more robust and com-

prehensive representations of human gait—and situates this work within the broader domain of

human motion analysis. The chapter summarizes the scientific contributions and publications re-

sulting from the research and concludes with an outline of the document’s organization.

Chapter 2 then establishes the theoretical and methodological background for the study. It

discusses the principles and challenges of human motion analysis, traces its historical evolution,

and highlights its diverse fields of application, including healthcare, sports, ergonomics, robotics,

and entertainment. The chapter also examines how advances in computer vision and machine

learning have enabled markerless, data-driven approaches to motion capture and interpretation.

Building on this foundation, Chapter 3 focuses specifically on human gait. Explores the biome-

chanical and kinematic principles of gait, as well as the parameters commonly used to quantita-

tively assess it. The chapter reviews the sensing technologies employed in gait analysis. Together,

these two chapters establish the scientific and technical basis upon which the proposed computa-

tional methodologies are built.
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Chapter 4 marks the transition from theoretical grounding to experimental contribution by in-

troducing the GRIDDS dataset, which was developed as part of this work. The chapter details

the dataset’s acquisition process, multi-modal structure, and annotation protocols. It also pro-

poses a new taxonomy for vision- and depth-based gait datasets. Through a comparative analysis

with existing resources, the chapter demonstrates how GRIDDS addresses the lack of standard-

ized, publicly available, multi-modal data, providing a foundation for reproducible research in gait

analysis.

Chapters 5 and 6 present the other core contributions of the thesis. Chapter 5 introduces two

novel interpolation approaches, BRIEF and BiSINet, which are designed to reconstruct missing

or degraded gait silhouettes. These methods combine algorithmic reasoning with deep learn-

ing–based inference to enhance temporal and spatial coherence, thereby improving the consis-

tency of gait representations used in downstream recognition tasks. Chapter 6 introduces the Gait

Skeleton Image (GSI), a unified spatio-temporal representation that encodes motion information

extracted from two-dimensional visual data and three-dimensional skeletal cues. The chapter de-

scribes how to integrate the GSI into deep learning architectures and demonstrates through exper-

imentation that this representation is robust to viewpoint variation, clothing, and occlusion. This

establishes the GSI as an effective model for gait-based person recognition.

Finally, Chapter 7 summarizes the main findings and contributions of the research. The chapter

discusses the implications of the methodologies developed, identifies existing limitations, and

proposes directions for future work.

The thesis concludes with Appendix A, which presents supplementary material such as joint-

angle trajectories derived from the GRIDDS dataset, provided to support reproducibility and future

research based on this work.
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Chapter 2

Human Motion Analysis –
Fundamentals, Applications, and
Challenges

Human motion is a fundamental aspect of everyday life, as it serves to perform tasks effectively

and maintain overall health and well-being. The capacity to move effectively – whether walking,

running, lifting, or performing any other physical activity – has a profound effect on personal

satisfaction, independence, and quality of life. A comprehensive understanding of the principles

underlying human movement, when combined with effective strategies to optimize movement,

has the potential to significantly reduce the risk of injury, enhance physical performance, and

ultimately foster greater happiness and personal achievement.

Consequently, the study of human motion goes beyond mere academic analysis and plays

a central role in promoting physical and mental health, preserving autonomy, and increasing

longevity. Advancements in this field hold considerable promise, providing the basis for inno-

vative interventions and strategies that can positively change the way individuals live, function,

and interact with their environment. Consequently, human motion analysis continues to stand as

a pivotal area of research, offering extensive benefits not only to individual well-being but also

contributing substantially to societal development as a whole.

The analysis of human motion is a broad and multidisciplinary field that encompasses the

study of human movement, posture, and locomotion. With its foundations in disciplines such

as biomechanics, computer science, engineering, and medicine, it offers a comprehensive frame-

work to understand both the functional capabilities and limitations of the human body. Through

detailed and systematic investigation, this field provides critical insight with wide-ranging appli-

cations: from the diagnosis and treatment of musculoskeletal disorders to the enhancement of

athletic performance, the design of ergonomic equipment and workspaces, and the evaluation of

human-computer interfaces. Furthermore, it plays a pivotal role in the development of robotic

systems that emulate human movement and interact naturally with their environment, while also

9
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serving as a powerful tool for recognition and interpretation by enabling the identification of in-

dividuals through motion patterns and the decoding of gestures as expressions of intention or

communication.

This chapter presents a historical overview of human motion analysis, tracing its evolution

and identifying significant milestones in research and technological advancements. Then, a com-

prehensive overview of the key components and current landscape of human motion analysis is

provided, outlining the fundamental principles of the area and introduces a generic workflow de-

scribing the typical stages involved in human motion analysis. This is followed by an exploration

of the main application areas, including healthcare, sports science, ergonomics and robotics, high-

lighting the contribution of human motion analysis to each domain. Concurrently, commonly

utilized datasets relevant to these application areas are also presented. The chapter then provides

an overview of existing automated tools for human motion analysis, accompanied by a classifica-

tion framework to aid comparison and evaluation. The subsequent discussion covers the predom-

inant challenges associated with motion analysis from image sequences, which encompass both

technical and methodological limitations. Finally, the chapter narrows its focus to gait analysis,

presenting it as a specialized and widely studied case within the broader context of human motion

analysis.

2.1 A Historical Perspective on Human Motion Analysis

The field of human motion analysis has undergone a fascinating evolution throughout history,

driven by the committed work of numerous researchers. This section presents a comprehensive

overview of the historical milestones that have shaped this interdisciplinary field, emphasizing the

contributions of pioneers who defined the foundations of contemporary human movement analysis.

It encompasses a multiplicity of investigations, including the meticulous anatomical observations

of Leonardo da Vinci, the revolutionary research conducted by Étienne-Jules Marey and Eadweard

Muybridge, and the invaluable contributions of biomechanists such as Vladimir Zatsiorsky and

Richard A. Schmidt, among others.

Early Beginnings

The origins of human motion analysis can be traced back to the 15th century, when pioneering

scientists and engineers initiated efforts to study the intricate mechanics of human movement.

Leonardo da Vinci (1452–1519) made significant contributions by meticulously capturing the

complexities of human spinal posture, including its curvatures, articulations, and the precise count

of vertebrae. Da Vinci’s deep interest in the human body encompassed not only its structural as-

pects and their relationship to performance, but also the estimation of the center of gravity and

balance. In his sketchbooks, he emphasized the vital role of anatomical knowledge, highlighting

the understanding of nerves, bones, muscles, and sinews in decoding the causes and dynamics of
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different motions. Figure 2.1 illustrates a selection of da Vinci’s illustrative sketches, showcas-

ing his anatomical studies and elucidating the mechanics of various human movements, including

standing, ascending and descending slopes, rising from a seated position, jumping, and walking.

Figure 2.1: Illustrations extracted from the sketchbooks of da Vinci. (a) Anatomical studies of the
human skeleton, showcasing intricate details and structural complexities. (b) Further anatomical
examination of the human skeleton. (c) Study focusing on the center of gravity and balance,
featuring a depiction of a man climbing a step. Credit: leonardodavinci.net

Giovanni Alfonso Borelli (1608–1679) also made important contributions to this field of re-

search by clarifying muscular movement and the dynamics of the human body. In his seminal

works, namely De Motu Animalium I and De Motu Animalium II, Borelli applied geometric anal-

ysis, analogous to Galileo’s approaches in mechanics, to the domain of biology, thereby earning

him the designation of the Father of Biomechanics. By applying geometric principles, Borelli pro-

vided comprehensive descriptions of human locomotion, encompassing activities such as walking,

running, and jumping, while also exploring the complex mechanics of muscle contractions. Ad-

ditionally, Borelli identified the forces necessary to maintain equilibrium in various joints of the

human body and determined the position of the human center of gravity. Figure 2.2 exemplifies a

selection of Borelli’s illustrative drawings that capture his insights.

Figure 2.2: Illustrations extracted from Giovanni Alfonso Borelli’s sketchbooks. (a) Illustration
presenting a series of dynamic movements and muscle contractions. (b) Studies exploring the
biomechanics of a man carrying a load on his back. Credit: Wellcome Collection.

https://www.leonardodavinci.net
https://wellcomecollection.org
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In the 19th century, the Weber brothers, Wilhelm (1804–1891) and Ernst (1795–1878), con-

ducted one of the first quantitative studies on the temporal and distance parameters of human

locomotion. Their extensive analysis of human gait led to the development of foundational mod-

els for subsequent research in this domain. Their studies resulted in the publication of a seminal

book, later translated and published as “Mechanics of the Human Walking Apparatus” (Weber

and Weber (1992)), which significantly contributed to a deeper understanding of the fundamental

principles underlying human locomotion. During the same period, Étienne-Jules Marey (1830–

1904) and Eadweard Muybridge (1830–1904) were among the first to quantify patterns of human

movement using photographic techniques. Marey revolutionized the study of motion through the

development of a pioneering photographic technique. He designed a specialized camera, desig-

nated the chronophotographic gun, since it looked like a rifle (see Figure 2.3 a), which was capable

of capturing 12 consecutive frames per second and merging them into a singular composite image.

Using this equipment, Marey documented the various phases of human and animal movement,

revealing details that often eluded the naked eye (see Figure 2.3 b). Through his photographic

observations, Marey not only elucidated on the details of human locomotion, but also extended his

studies to include the movements of horses, birds, dogs, and various other animals.

Figure 2.3: Illustrations showcasing some of Marey’s motion studies. (a) Illustration of the
chronophotographic gun in use, from Le Fusil photographique, published in La Nature No. 464
on April 22, 1882. (b) An experiment capturing a person in motion, where the subject get in a
fitted black suit with reflective markers on their joints to better track the movements of different
body parts in each phase. Credit: The Linda Hall Library of Science.

Marey’s research not only contributed to the understanding of motion but also played a pivotal

role in the emerging field of cinematography. His pioneering work in acquiring and presenting

image sequences laid a crucial foundation for the development of cinema, establishing him as

both a pioneer in photography and an influential figure in the history of cinema. The legacy of

Marey’s research continues to shape our understanding of motion analysis and its broader impact

on visual media.

Influenced by Marey’s photographic work, Eadweard Muybridge (1830–1904) introduced an

innovative approach to capturing fast motion. Regarded as the pioneer of motion capture, Muy-

bridge conducted a series of innovative experiments known as “Animal Locomotion”. Employing

an array of 12 cameras, he photographed the galloping motion of a horse in a sequential man-

https://www.lindahall.org
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ner. To synchronize the camera shutters, Muybridge created an electric mechanism controlled by

a network of underground wires that were triggered by the horse carriage’s wheel movements.

Expanding upon his achievements, Muybridge designed the zoopraxiscope projector — a device

capable of projecting a rapid succession of images recorded on rotating glass disks. This projec-

tion created the illusion of fluid motion. Muybridge’s visionary efforts extended beyond animal

locomotion, as he applied the same technique to study various forms of human movement. The

culmination of his studies of human motion ended in the compilation titled “The Human Figure

in Motion” (Muybridge (1955)). Muybridge introduced a series of captivating experiments that

explored different forms of locomotion. These experiments highlighted the complexity of hu-

man movement, uncovering the subtle details and inherent challenges involved in activities such

as walking, running, and jumping. Two examples of Muybridge’s experiments are presented in

Figure 2.4, illustrating the essence of his contributions to the field of motion analysis.

Figure 2.4: Some of Muybridge’s motion studies: (a) The Horse in Motion study, consisting in
recording the motion of a galloping horse; (b) A human movement study during a javelin throw
session. Credit: Wellcome Collection.

Wilhelm Braune (1831–1892), a German anatomist and professor at the University of Leipzig,

and Otto Fischer (1861–1916) also made pioneering contributions to the biomechanical analysis

of human motion through the first three-dimensional mathematical study of locomotion, published

in “Der Gang des Menschen” (Braune and Fischer (1895)). Their research covered detailed in-

vestigations of free walking and walking with a load, establishing a gait analysis methodology

that has predominantly persisted to the present day. They introduced novel methods for tracking

the instantaneous position of a moving point in three-dimensional space, enabling the analysis

of displacements, velocities, accelerations, and forces during locomotion. This significantly en-

hanced the accuracy of kinematic parameter calculations compared to earlier two-dimensional

photographic techniques.

During the post-World War II period, when the demand for enhanced rehabilitation strate-

gies for returning veterans was critical, Verne Thompson Inman (1905–1980), Howard D. Eber-

hart (1906–1993), and J. B. deC. M. Saunders (1903–1991) conducted pioneering research that

shaped the field of motion analysis. Their collaborative work at the University of California led

https://wellcomecollection.org
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to the development of fundamental methodologies, many of which remain relevant in contem-

porary biomechanical studies. One of their most significant advancements was the introduction

of three-dimensional kinematic analysis, achieved through precise measurement of displacement,

velocity, and acceleration, along with the use of bone-embedded markers to accurately track rota-

tional movements. Their findings provided critical insights into both normal and pathological gait,

significantly impacting prosthetic design and rehabilitation techniques (Saunders et al. (1953)).

In the mid-to-late 20th century, Mary Pat Murray, David H. Sutherland, and David A. Winter

made significant contributions to the field of gait analysis, each introducing pioneering method-

ologies that shaped modern biomechanical research. Notably, both Murray and Sutherland studied

under Inman at the University of California, where they built upon his work in human locomo-

tion. Mary Pat Murray (1925–1984) advanced the measurement and characterization of normal

and pathological walking patterns by developing a novel method for quantifying human gait across

different ages. She introduced multi-plane kinematic gait analysis — sagittal, coronal, and trans-

verse — allowing for a detailed examination of step and stride lengths, foot progression angles,

pelvic and limb rotations, and upper extremity motion (Murray (1967, 1970)). Her methodology

used reflective markers, illuminated by a stroboscopic light source and captured with high-speed

photography, producing sequential stick-figure representations of movement. David H. Suther-

land (1923–2006) was a leading figure in pediatric gait analysis, with a particular focus on gait

development in children and the effects of cerebral palsy on locomotion. He conducted a compre-

hensive study on the maturation of walking in children, analyzing more than 400 studies involving

nearly 300 children. In collaboration with John L. Hagy, Sutherland developed an innovative mo-

tion picture-based gait analysis technique, employing three orthogonally positioned cameras cali-

brated with reference markers along a walkway to capture angular and translational displacements

of key joints (Sutherland and Hagy (1972)). This method facilitated simultaneous bilateral gait

recording and integration with electromyographic data, enhancing the precision and scope of gait

analysis. Another leading figure in biomechanics and kinesiology, David A. Winter (1930–2012)

made significant contributions to experimental gait and balance analysis (Winter (1995)). He de-

veloped an automated television-based motion capture system, a significant step toward modern

computerized gait analysis (Winter et al. (1974)). He also introduced methods for analyzing joint

moment-generated power, which enhanced the understanding of mechanical energy contributions

of different joints during locomotion. His research resulted in the publication of Biomechanics

and Motor Control of Human Movement, a seminal textbook that remains a fundamental text in

the study of gait biomechanics, motor control, and neuromuscular coordination (Winter (1991)).

Human Motion Analysis in the 21st Century

At the turn of the 21st century, human motion analysis experienced exceptional growth, driven by

advancements in sensor technologies, computer vision, artificial intelligence, and biomechanical

modeling. The field transitioned from traditional optical motion capture systems, which relied on

infrared cameras and reflective markers, to markerless motion tracking technologies that lever-

age depth sensors, structured light cameras, and high-speed vision systems (Figure 2.5 (a); Lam
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Figure 2.5: Examples of technologies and models used in human motion analysis: (a) depth map
generated by a depth sensor; (b) 2D skeletal tracking overlaid on an RGB image of a human
subject; (c) various biomechanical models representing the human body for motion analysis.

et al. (2023)). Devices such as Kinect (Steinebach et al. (2020)), time-of-flight (ToF) cameras

(Ganapathi et al. (2010)), LiDAR-based motion sensors and wearable inertial measurement units

(IMUs) (Gu et al. (2023)) significantly enhanced the accuracy, accessibility and portability of

motion capture. Meanwhile, improvements in camera hardware, including higher frame rates, in-

creased spatial resolution, and improved low-light performance, contributed to more precise and

reliable motion tracking.

Simultaneously, the integration of deep learning-based models revolutionized human pose es-

timation (Zheng et al. (2023a); Wang et al. (2021)), allowing robust real-time tracking without the

need for physical markers. The advancement of AI-based skeleton tracking algorithms has signif-

icantly broadened the scope of human motion analysis. These technological developments have

made it possible to conduct detailed motion capture and analysis outside controlled laboratory or

clinical environments, relying even on video footage or image sequences acquired with standard

cameras (Figure 2.5 (b)). This increased accessibility has facilitated the integration of motion

analysis into a wide range of real-world contexts, supporting applications that extend beyond tra-

ditional research and healthcare settings to encompass domains such as performance monitoring,

behavioral assessment, and physical training. The ability to extract meaningful motion-related

information from unconstrained visual data represents a critical step toward more scalable, cost-

effective, and context-aware solutions for understanding human movement.

Additionally, advancements in biomechanical modeling led to more realistic and adaptable

representations of human motion, integrating detailed musculoskeletal dynamics, force predic-

tion, and joint kinematics analysis (Sylvester et al. (2021); Blemker et al. (2007)). These compu-

tational models (Figure 2.5 (c)) allowed simulation of complex movements, allowing researchers

and practitioners to analyze movement patterns, joint load distribution, muscle coordination, and

neuromuscular interactions with greater precision across a wide range of activities.
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2.2 Foundations of Human Motion Analysis

The analysis of human motion typically follows a structured workflow consisting of several fun-

damental stages, as illustrated in Figure 2.6. This generic framework has been systematically

delineated by various authors over decades of research. Foundational contributions by Aggarwal

and Cai (1999) and Gavrila (1999) established initial structured approaches, which were subse-

quently expanded and refined through comprehensive reviews by Wang et al. (2003a), Moeslund

et al. (2006), and Poppe (2010).

DATA ACQUISITION DATA PRE-
PROCESSING

DATA 
SEGMENTATION

FEATURES 
EXTRACTION

DATA 
INTERPRETATION RESULTS

motion-related data 
collection

data cleaning  and 
transformation

data division into 
individual actions 
(gestures, strides, 
etc.)

insights of the human 
motion (movement 
efficiency, risk of 
injury, performance, 
etc.)

communicate the 
findings

relevant features 
identification (motion 
patterns, spatial and 
temporal parameters, 
etc.)

Figure 2.6: A generic framework for human motion analysis, encompassing stages of data acqui-
sition, pre-processing, segmentation, feature extraction, modeling, analysis, and visualization.

Each stage of this workflow plays a distinct role in transforming raw sensor data into actionable

insights, as detailed below.

Data Acquisition.
The initial stage of a human motion analysis workflow involves data acquisition, in which motion-

related data is collected using a wide variety of sensor-based technologies, including inertial sen-

sors, optical motion capture systems, radio frequency and ultrasound trackers, Global Positioning

Systems (GPS), force plates, pressure sensors, electromyography (EMG), depth sensors, video

cameras, and vision-based artificial intelligence systems. Inertial sensors, such as accelerome-

ters, gyroscopes, and magnetometers, are commonly integrated into Inertial Measurement Units

(IMUs) to capture precise measurements of orientation, angular velocity, and linear acceleration

(García-de Villa et al. (2023)). Optical motion capture systems, which can be marker-based or

markerless, utilize camera arrays to accurately track and reconstruct human body movements

(Khan et al. (2020); Wade et al. (2022)). Radio frequency tracking systems, such as Ultra-

Wideband (UWB), and ultrasonic tracking solutions, provide real-time localization within con-

trolled indoor environments (Bharadwaj et al. (2017)), while GPS is used predominantly for out-

door motion tracking requiring greater spatial coverage (Liu et al. (2023)). Force plates and pres-

sure sensors offer additional biomechanical information by quantifying ground reaction forces

and pressure distributions during movement execution (Evans et al. (2024)). Electromyography

(EMG) sensors provide valuable data on muscle activation patterns, facilitating deeper physio-

logical interpretations (Tang et al. (2024)). Depth sensors, including structured-light cameras and

LiDAR, generate comprehensive three-dimensional spatial information (Khoshelham and Elberink

(2012); Tu et al. (2021)). Recently, the emergence of vision-based artificial intelligence systems,
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exemplified by DeepLabCut (Mathis et al. (2018)), OpenPose (Viswakumar et al. (2019)) and Me-

diaPipe (Lin et al. (2023)), has significantly advanced markerless human motion analysis. These

AI-driven approaches utilize deep learning techniques to accurately estimate human poses directly

from standard video footage, allowing scalable and non-invasive motion studies (Zheng et al.

(2023a)). Recent developments have increasingly integrated multiple sensor modalities within

wearable devices and smartphones, thus offering convenient, accessible and portable solutions

that are suited to a variety of real-world environments (Vincent et al. (2022)). Ultimately, select-

ing the appropriate sensor technologies depends on the specific objectives of the motion analysis,

environmental constraints, the desired precision, and practical factors such as cost, mobility, and

ease of use.

Pre-processing.
Following data acquisition, the raw motion data undergo a comprehensive pre-processing stage,

an essential step to ensure the quality and reliability of subsequent analysis. During pre-processing,

the data is systematically processed to eliminate noise, artifacts, or inaccuracies that typically arise

from sensor limitations, environmental interference, or subject movements (Prasad et al. (2023);

Chu et al. (2016)). Common procedures include filtering techniques, such as low-pass or high-

pass filters, which remove unwanted frequencies or sensor drift. Synchronization is also a critical

pre-processing step, especially when integrating data from multiple sensors or capturing devices

(Katmah et al. (2023); Hazra et al. (2021)). Techniques such as timestamp alignment, interpola-

tion, and resampling ensure temporal consistency across datasets (Senel et al. (2023)). Moreover,

calibration procedures are often performed during pre-processing to correct any systematic errors

or biases that might be present in sensor measurements. For example, inertial sensors and IMUs

frequently require calibration to correct orientation drift (Wang et al. (2023c)), while optical sys-

tems require spatial calibration to ensure accurate three-dimensional tracking. Data normalization

or scaling can also be employed to standardize measurements, facilitating comparisons between

different subjects, movements, or experimental conditions (Singh and Singh (2020)). Finally, the

processed data are organized and converted into structured formats, such as tabular data, multi-

dimensional arrays, or feature vectors, which are suitable for computational analysis and feature

extraction in subsequent stages.

Data Segmentation.
Once pre-processing is complete, the motion data enter the segmentation stage, wherein the con-

tinuous data streams are organized into meaningful and analyzable segments (Mattheus et al.

(2020)). Segmentation involves dividing the pre-processed data into distinct units or sequences

that correspond to specific actions, events, or movement phases (Kruger et al. (2017)). Examples

of segments include individual strides in gait analysis, specific gestures in hand-motion studies,

postural transitions (e.g., arm swings, jumping jacks, etc.), or expressions in facial motion capture.

Several segmentation strategies can be employed, ranging from simple threshold-based approaches

to advanced machine learning methods. Threshold-based segmentation uses predefined criteria,
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including velocity thresholds, positional data, or temporal markers, to detect the onset and offset of

specific actions. More sophisticated approaches involve dynamic programming, Hidden Markov

Models (Marroquin et al. (2003); Kabir et al. (2016)), or machine learning techniques (Chong

et al. (2021)), including deep learning methods, which automatically identify and classify move-

ments based on learned temporal and spatial patterns. Imprecise segmentation boundaries can

significantly impact subsequent feature extraction and interpretation. Consequently, validation

procedures, such as manual verification or automated cross-validation techniques, are frequently

implemented to ensure robust and precise segmentation outcomes.

Feature Extraction.
Subsequent to segmentation, the motion data proceeds to the feature extraction stage, where

the most informative and relevant parameters are identified, quantified, and represented. The

extracted features serve as compact and meaningful representations of complex movements, fa-

cilitating subsequent analyzes and interpretations. Typical extracted parameters include a varied

range of spatio-temporal and biomechanical descriptors. Spatio-temporal features, which are of

particular relevance in this context, include duration, frequency, speed, stride length, cadence, and

temporal intervals of specific movement phases, providing critical insights into the timing and

rhythmic structure of human motion. Kinematic features, such as joint angles, angular velocities,

and accelerations, are fundamental to characterizing posture, orientation, and the dynamic evolu-

tion of movement patterns. In addition, kinetic parameters, including ground reaction forces and

joint moments, contribute to the evaluation of internal and external loads experienced during phys-

ical activity. Given the high dimensionality and complexity of motion data, feature extraction is

often complemented by dimensionality reduction techniques. Classical methods such as Principal

Component Analysis (PCA) or Linear Discriminant Analysis (LDA) are frequently employed to

project extracted features into a lower-dimensional space, preserving the most informative compo-

nents while avoiding redundancy (Cicirelli et al. (2022); Monaghan et al. (2021); Gavrilović and

Popović (2021)). More recently, deep learning approaches, such as autoencoders and their prob-

abilistic variants (e.g. variational autoencoders), have gained prominence for learning compact,

non-linear representations directly from data (Jun et al. (2020); Felius et al. (2024)).

Data Interpretation. Following feature extraction, the quantitative data undergoes data interpre-
tation, wherein numerical findings are transformed into meaningful, context-specific insights that

inform decision-making and intervention strategies. This stage combines computational analysis

techniques with domain expertise to bridge the gap between raw outputs and practical applica-

tions. Interpretation employs diverse analytical methodologies depending on the nature of the

task and available data. Supervised machine learning approaches are widely utilized when labeled

training data is available, enabling classification or regression tasks. Common supervised meth-

ods include Support Vector Machines (SVMs), which effectively handle high-dimensional feature

spaces and are frequently applied to activity recognition and gait pattern classification (Vidya

and P (2021)). Random Forests and Decision Trees offer interpretable models that can identify
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key discriminative features while handling non-linear relationships (Khera and Kumar (2020)).

K-Nearest Neighbors (k-NN) provides intuitive classification based on similarity metrics, prov-

ing particularly useful in clinical contexts where interpretability is paramount. Neural networks,

including feedforward architectures and Convolutional Neural Networks (CNNs), have demon-

strated superior performance in complex classification tasks such as pathological gait detection

or movement quality assessment (Albuquerque et al. (2021b); Sadeghzadehyazdi et al. (2021)).

When labeled data is unavailable or the objective involves discovering inherent patterns within the

data, unsupervised learning techniques become essential. Clustering algorithms, such as k-means,

hierarchical clustering, and Gaussian Mixture Models (GMMs), enable identification of distinct

movement profiles or subgroups within populations without prior labeling (Caldas et al. (2020);

Ramirez et al. (2025)). These approaches are particularly valuable for exploratory analysis, iden-

tifying movement phenotypes, or stratifying patients based on kinematic similarities. Anomaly

detection methods, including Isolation Forests and One-Class SVMs, facilitate identification of

atypical or abnormal movement patterns that deviate from established norms, supporting early de-

tection of motor dysfunction or technique deterioration (Kim et al. (2022)). Statistical inference

techniques also play a crucial role in interpretation, particularly when hypothesis testing or com-

parative analysis is required. Parametric tests, such as t-tests and Analysis of Variance (ANOVA),

enable comparisons between groups or conditions (Hagoort et al. (2023); Hsieh et al. (2019)). Cor-

relation and regression analyses quantify relationships between kinematic parameters and outcome

variables, facilitating predictive modeling and identification of risk factors. Beyond computational

methods, interpretation encompasses multiple analytical dimensions depending on the application

context. In biomechanical assessments, interpretation focuses on evaluating movement efficiency,

identifying asymmetries or compensatory movement patterns, and assessing performance metrics

such as peak velocities, joint range of motion, or temporal consistency. Risk assessment consti-

tutes another critical dimension, in which motion characteristics are analyzed to estimate injury

susceptibility, identify fatigue-related deterioration, or detect risk of falling in vulnerable popula-

tions. The interpretative process remains inherently context-dependent, with significance varying

substantially across domains. Clinical applications prioritize detection of pathological patterns

and monitoring rehabilitation progress, while sports science emphasizes technical refinement and

performance optimization. Ergonomic assessments focus on postural risk identification and work-

place design evaluation. Research-oriented interpretations may seek to validate theoretical models

or investigate fundamental motor control mechanisms.

Results Presentation and Visualization.
The final stage of the workflow is the presentation of results, where the findings are communi-

cated through visualization techniques that make the data accessible and comprehensible to po-

tential users. Effective visualization improves the interpretability of complex data by translating

key patterns and trends into intuitive graphical forms. The selection of the most appropriate vi-

sualization depends on the objectives and the audience, and may include time-series plots, spatial

trajectory diagrams, heatmaps, bar and scatter plots, among others. In more advanced systems,
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dynamic visualizations, such as animated skeletal reconstructions, 3D motion trajectories, and

interactive dashboards, are employed to illustrate motion characteristics with greater clarity and

depth. These tools enable users to interact with the data in real time, facilitating exploratory analy-

sis and personalized feedback. Visualization is especially important in multidisciplinary contexts,

as it supports communication between technical and non-technical users, bridging gaps between

data analysts, clinicians, coaches, engineers, and end-users. The synthesis and visual analysis of

results at this stage is of crucial importance, as it facilitates the transformation of raw data into

insights that are both comprehensible and actionable. This, in turn, supports effective decision-

making and intervention design in a variety of domains.

2.3 Application Areas of Human Motion

The analysis and comprehension of human motion, characterized by a complex relationship of

biomechanical mechanisms and behavioral patterns, represents a critical area of study with sig-

nificant implications across multiple domains. Rather than being limited to the observation of

movement, motion analysis provides deep insights that support informed decision-making and

innovation in a wide range of fields.

A detailed understanding of human motion is essential for advancements in healthcare, such as

rehabilitation and diagnosis; in sports science, for performance optimization and injury prevention;

in ergonomics, for workplace design and risk assessment; in entertainment, for realistic animation

and virtual characters; in security, for surveillance and individual identification; and in robotics,

for movement replication and human-robot interaction.

The next subsections describe key application areas of human motion analysis, along with

examples of related available datasets. These datasets help illustrate the nature of the motion data

typically gathered and its relevance to specific fields of application.

2.3.1 Healthcare and Rehabilitation

Human motion analysis has become an essential component within biomedical research and clini-

cal practice, particularly in clinical assessment and rehabilitation. It provides objective quantifica-

tion of complex motor functions and assists healthcare professionals in the diagnosis, monitoring,

and management of various medical conditions.

In terms of patient safety, particularly for vulnerable populations such as the elderly or patients

with neurodegenerative diseases, motion analysis using motion sensors and computer vision has

emerged as a critical tool for fall detection and prevention (see Figure 2.7a). Such technologies

identify abnormal postures and movements, promptly alerting those in charge of care and signif-

icantly reducing the risk of injury through timely intervention (Stone and Skubic (2015); Wang

et al. (2015); Vadivelu et al. (2017); Li et al. (2017); Solbach and Tsotsos (2017); Esteva et al.

(2019, 2021); Ramirez et al. (2021)).

Neurological conditions such as Parkinson’s disease, multiple sclerosis and cerebral palsy also

benefit greatly from accurate motion analysis. In Parkinson’s disease, motion capture systems can
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objectively quantify early motor impairments such as tremor, improving the accuracy of early di-

agnosis and the effectiveness of treatment. These systems generate reliable biomarkers related

to movement amplitude, velocity and rhythm, helping clinicians to monitor disease progression

and evaluate treatment outcomes (Powell et al. (2012); Kour et al. (2019); Ferreira-Sánchez et al.

(2020)). Similarly, in patients with cerebral palsy, detailed motion analysis accurately character-

izes motor impairments, informing clinical decisions and optimizing patient-specific therapeutic

and surgical strategies (Adde et al. (2010); Zhao et al. (2024)).

(a) (b)

Figure 2.7: Instances of two healthcare applications: (a) A framework designed for automatic
fall detection from a single image, demonstrating invariance to appearance characteristics (Asif
et al. (2020)). (b) A snapshot of the five mini-games in a serious games rehabilitation framework
proposed by Assad et al. (2011). where players need to trigger buttons through hand movements.

In the context of physical rehabilitation, particularly physical recovery and cognitive rehabili-

tation, innovative systems using motion analysis technologies significantly improve the effective-

ness of therapy through accurate monitoring and real-time feedback. Motion-based serious games

have become increasingly important, providing engaging and interactive environments specifically

tailored to rehabilitation needs, significantly improving patient motivation, adherence, and results

(Ricciardi and Paolis (2014); Rego et al. (2010); Bonnechère (2017); González-González et al.

(2019)). For example, Rego et al. (2016) presents a platform that combines natural user inter-

faces with social features such as collaboration and competition to enhance patient engagement.

Similarly, Assad et al. (2011) developed a suite of five motion-based games to promote exercise

engagement in people with Parkinson’s disease (see Figure 2.7b). These games are specifically

tailored to the challenges faced by this user group and provide an engaging and accessible reha-

bilitation experience.

Orthopedic practice also benefits greatly from motion analysis techniques. Detailed assess-

ments of joint motion facilitate accurate diagnosis, improve surgical planning accuracy and con-

tribute significantly to effective post-operative rehabilitation protocols. The ability to quantita-

tively assess joint functionality accelerates recovery and helps healthcare providers tailor rehabil-

itation plans to meet patients’ specific needs. Jicinsky and Mares (2021) developed a prototype
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of a motion analysis tool for orthopedic diseases, focusing on rehabilitation after surgery of large

joints (e.g., shoulder, knee, hip).

A particular focus within healthcare is clinical gait analysis, commonly defined as the mea-

surement, processing, and systematic interpretation of biomechanical parameters that characterize

human locomotion (Davis (1997)). Traditionally, gait assessment has relied on subjective visual

observation, a simple yet inconsistent method that is still widely used in settings without access

to specialized equipment. However, recent advances in wearable sensors, deep learning, and com-

puter vision are transforming this field, enabling more objective and reliable assessments. Portable

and affordable systems now allow for continuous monitoring, real-time feedback, and integration

with physiological data across both clinical and home environments, showing promising results

in terms of accuracy and robustness (Hulleck et al. (2022); Kidziński et al. (2020); Milstein and

Topol (2020)). These techniques are effective at extracting gait parameters for classifying various

neurological and motor disorders, including Parkinson’s disease (di Biase et al. (2020); Mirelman

et al. (2019)), cerebral palsy (Papageorgiou et al. (2019); Armand et al. (2016)), and stroke (Selves

et al. (2020)).

A wide variety of datasets, developed specifically for healthcare and rehabilitation purposes,

are available to support research and clinical practice (David et al. (2024); Hood et al. (2020);

Perera et al. (2024)). An example is the UR Fall Detection Dataset (Kwolek and Kepski (2014)),

which contains data collected by an IMU inertial device and two Kinect cameras. The dataset

consists of sequences of volunteers performing falls from standing and sitting positions, as well

as fall-like activities. Each recording provides depth images, RGB images and raw accelerometer

data, enabling comprehensive analysis of fall detection. Another featured dataset is the U-Limb

database (Averta et al. (2021)), a multimodal collection focusing on upper limb movements involv-

ing healthy participants and stroke patients. This dataset includes kinematic and physiological sig-

nals (EMG, EEG, ECG) recorded during activities of daily living, force-kinematic behavior during

precision manipulation tasks, and brain activity during hand control using functional magnetic res-

onance imaging. The database aims to provide a quantitative assessment of motor conditions and

to support advances in assistive robotics and human-machine interaction. Figure 2.8 illustrates

sample images from each dataset.

2.3.2 Sports Performance and Injury Prevention

The analysis of human motion is particularly significant within sports science, where it serves as

a foundational tool for performance enhancement, technique refinement, and injury prevention.

Detailed motion studies enable coaches and athletes to objectively evaluate and optimize athletic

performance by identifying strengths and technical deficiencies. Motion data can also assist in

preventive strategies by identifying movements that may lead to injuries.

In team sports such as soccer, volleyball, basketball, or handball, motion analysis typically

focuses on collective behaviors and game dynamics. Tools like GPS-based systems, video analy-

sis, and visual tracking are commonly utilized to monitor parameters such as positioning, speed,

distance covered, and athlete accelerations in real-time (Theodoropoulos et al. (2020); Cummins
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(a) (b)

Figure 2.8: Example data from two healthcare and rehabilitation datasets: (a) UR Fall Detection:
sample frames showing a fall event captured using RGB and depth cameras (Kwolek and Kepski
(2014)). (b) U-Limb: representation of multimodal data acquisition during upper limb movement
task, including kinematic measurements and physiological signals (Averta et al. (2021)).

et al. (2013)). These data allow coaches to evaluate team performance and optimize game strate-

gies. For instance, Santiago et al. (2012) introduced a vision-based system to extract detailed

statistics and monitor player performance in handball games, enhancing the understanding of tac-

tical team dynamics. Other approaches include sports video summarization techniques, which

facilitate the efficient review and analysis of key moments in matches (Vasudevan and Gounder

(2023)), and models that capture ball-player interactions across sports like volleyball, basketball,

and soccer, enabling a deeper interpretation of game flow and decision-making processes (Maksai

et al. (2016)). An illustrative example of such analysis is presented in Figure 2.9a, showing a

passing network constructed from Wyscout data (Cao (2023)).

In contrast, individual sports, including gymnastics, athletics, swimming, baseball, or golf,

primarily focus on the technical precision of each athlete. Here, a detailed biomechanical analysis

is crucial for identifying subtle deviations that could negatively impact performance or increase

injury risk. Examples include detailed studies on running mechanics, investigating biomechanical

differences between athletes of varying ages and genders, allowing targeted training adaptations

(Boyer et al. (2016)). Another example involves the use of machine learning techniques for analyz-

ing and correcting golf swing techniques, facilitating the identification and correction of incorrect

movements in beginner athletes (Liao et al. (2022a)). Moreover, biomechanical throwing analy-

sis in baseball has been used to highlight the measurement of hip–shoulder separation, providing

insights into performance and injury prevention (Trasolini et al. (2022)). Figure 2.9b illustrates

this type of motion analysis (Luo and Xiao (2023)) through a sample sequence from the FineGym

dataset (Shao et al. (2020a)), focusing on the execution of a complex routine.

Gait analysis has also become a valuable component of sports biomechanics, particularly in

disciplines that involve running and other locomotion-based activities. As a fundamental expres-

sion of motor control, gait reflects not only an individual’s unique movement signature and serves

as a key indicator of performance capacity and physical health. Deviations in gait patterns may

reflect underlying injuries, biomechanical imbalances, or movement adaptations resulting from
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(a) (b)

Figure 2.9: Two examples of applicability of human motion in team and individual sports: (a) Soc-
cer team ball passing network, with nodes as players and arrows indicating frequency and direction
of successful passes (Cao (2023)); (b) Golf swing analysis tool comparing beginner and expert
poses, highlighting key differences to support skill improvement (Liao et al. (2022a)).

overtraining or technical flaws. Recent advances in artificial intelligence and machine learning

have transformed the analysis of gait in sports contexts: modern mobile systems can precisely col-

lect kinematic and physiological data in real time during training and competition. These systems

use classification algorithms to evaluate running dynamics, segment motion sequences, and detect

anomalies in variables such as speed, cadence, and posture. Beyond its application in elite sports,

gait analysis has demonstrated value in addressing the needs of populations with developmental

challenges. For example, children and adolescents with sensorineural hearing loss may experience

impairments in balance and gait control. A systematic review examining the effects of sport and

recreational activity on this group concluded that participation in physical activity appears to yield

positive outcomes for gait and motor development (Melo et al. (2020)). As previously stated, com-

puter vision techniques powered by artificial intelligence enable the extraction of biomechanical

data from video recordings. For instance, Mundt et al. (2024) found these methods to be effec-

tive for detecting gait events, estimating joint angles, and quantifying key performance metrics in

sports contexts when evaluating 2D video-based motion analysis tools.

In the field of motion analysis applied to sports, several specialized datasets have been devel-

oped for different disciplines. One such example is the Event and Match dataset from Wyscout

(Pappalardo et al. (2019)), which is considered to be one of the most comprehensive open collec-

tions of soccer event logs, containing detailed spatio-temporal information (passes, shots, fouls,

etc.) for every match in an entire season across seven top-tier competitions. Each event in the

dataset includes information such as the type and subtype of the action, its timestamp, the player

involved, field position, and outcome. Another example is provided by the FineGym dataset (Shao

et al. (2020a,b)) which includes annotated sequences of artistic gymnastics actions, capturing the

hierarchical structure of routines. Figure 2.10 illustrates sample images from each dataset.
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(a) (b)

Figure 2.10: Two sample images from sports-related datasets: (a) a frame from a soccer match in
the Wyscout Event and Match dataset, integrated into a tool for automatic event detection (Pap-
palardo et al. (2019)); (b) Sample sequence from the FineGym dataset illustrating a Balance Beam
routine (Shao et al. (2020a)).

2.3.3 Surveillance and Security Applications

The need for effective surveillance systems in public spaces has become increasingly evident,

driven by a growing sense of insecurity in people’s lives. Traditional surveillance cameras are

already widely used in various public areas, such as shopping malls, banks, airports, subways,

train stations, etc. (Socha and Kogut (2020); Welsh (2009)). However, their video output is often

recorded and stored primarily for forensic purposes, limiting the benefits of real-time monitoring.

Typically, human operators continuously monitor security camera feeds (Hsieh et al. (2008); Wang

et al. (2003a)). This process becomes progressively tedious and error-prone as the number of

cameras, working hours, and operator fatigue increase.

To overcome these limitations, intelligent video surveillance systems have been developed to

automatically pre-process video streams and detect critical events such as suspicious object aban-

donment (Tripathi et al. (2018); Bhargava et al. (2007)), aggressive behavior (Kooij et al. (2016);

Patwardhan and Knapp (2016)), or individuals carrying dangerous objects. These events then

trigger alerts for human assessment, enabling the efficient management of large surveillance ar-

eas. Real-time analysis of surveillance data allows for proactive alerting of security personnel to

potential threats, significantly improving response effectiveness (Ansari and Singh (2020)). The

demand for such systems has driven the development of intelligent surveillance systems that in-

tegrate advanced technologies including machine learning, computer vision, and data analytics to

minimize human operator intervention and enhance security measures in urban environments. For

instance, Sultani et al. (2018) developed a deep learning method to detect real-world anomalous

events using weakly labeled training videos. Similarly, Chen et al. (2017) proposed a model based

on optical flow statistics and a motion energy approach to identify abnormal behaviors in crowded

environments. Another contribution is a two-step algorithm proposed by Wang et al. (2019) that

uses generative networks to detect and accurately identify local and global abnormal events in

surveillance footage. Figures 2.11a and 2.11b illustrate two examples of these surveillance meth-

ods.
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(a) (b)

Figure 2.11: Examples of video-based surveillance applications for anomaly detection: (a) detec-
tion of abnormal behaviors (highlighted in white) using the UCSD Ped1 and UCSD Ped2 datasets
(Li et al. (2014); Chen et al. (2017)); (b) local abnormal event detection proposed by Chen et al.
(2017), illustrating detected anomalies highlighted in red (top row) along with corresponding de-
tection intensity peaks (bottom row).

Forensic gait analysis has emerged as a promising tool within smart surveillance systems and

criminal investigations. Using the unique nature of human locomotion, it helps identify indi-

viduals recorded during suspicious activities (van Mastrigt et al. (2018); Badiye et al. (2022)).

Unlike clinical gait analysis, which is performed under controlled conditions with cooperative

subjects, forensic gait analysis operates under more complex, uncontrolled scenarios, typically

using low-resolution CCTV footage of uncooperative suspects in real-world environments. While

gait analysis cannot be used as the sole method of identification due to variability and a lack of

definitive scientific standardization, it can provide valuable supporting evidence when comparing

a suspect’s movements to those of a perpetrator captured on video. This technique has been used

in legal systems worldwide, including in the United Kingdom and Denmark (Macoveciuc et al.

(2019)), to link suspects to multiple crimes across different times and locations. Gait’s unique

value in forensic contexts lies in its noninvasive, contactless nature and the ability to observe it

from a distance, even under suboptimal imaging conditions. Advances in computer vision and arti-

ficial intelligence have enabled the automation of gait recognition using markerless motion capture

systems and video-based feature extraction. Modern algorithms can analyze sequences of frames

to identify recurring gait patterns, enabling comparisons between suspects and perpetrators. This

process, known as gait biometric analysis, is especially useful in surveillance scenarios where

more intrusive biometric measures such as facial recognition or fingerprinting are not feasible.

Among the various datasets developed for the study of human motion in surveillance contexts

(Li et al. (2015)), two examples are the ShanghaiTech Campus Anomaly Detection Dataset (Liu

et al. (2018a,b)) and the Train Station Dataset (Zhou et al. (2012)) (see Fig. 2.12).
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(a) (b)

Figure 2.12: Example frames from datasets used in human motion analysis for surveillance ap-
plications. (a) Sample clip from the ShanghaiTech Campus Dataset (Liu et al. (2018a)) showing
normal and abnormal activities captured under different conditions. (b) Visualization of pedes-
trians on the Train Station Dataset (Zhou et al. (2012)), recorded at New York’s Grand Central
Station.

The ShanghaiTech Campus Anomaly Detection Dataset comprises video footage from 13 dis-

tinct scenes captured by surveillance cameras distributed throughout the ShanghaiTech University

campus. It includes over 270,000 training frames and 130 annotated anomalous events, with pixel-

level ground truth to enable fine-grained evaluation. As illustrated in Figure 2.12a, the dataset en-

compasses both normal and anomalous scenarios recorded under diverse lighting conditions and

camera viewpoints, with a strong emphasis on human-centered anomalies. A dedicated subset,

referred to as Human-related (HR) ShanghaiTech, contains 101 video clips curated specifically

for the analysis of human-centric abnormal events. The Train Station Dataset provides a repre-

sentation of real-world pedestrian dynamics in densely populated public environments. It consists

of a 33-minute continuous video sequence recorded in New York’s Grand Central Station, cap-

turing approximately 20,000 individual trajectories extracted through keypoint tracking. Due to

frequent occlusions and scene clutter, these trajectories are often fragmented and reinitialized. Fig-

ure 2.12b illustrates the complexity of this dataset, reflecting the challenges inherent in analyzing

human motion in crowded and unstructured environments.

2.3.4 Human Factors and Ergonomics

Human Factors and Ergonomics is a multidisciplinary field focused on optimizing the interaction

between people and their environments, workstations, and tools. The main goal is to design sys-

tems that are safer, more comfortable, and more efficient by reducing injury risk and enhancing

human well-being and performance.

In many industrial environments, work activities are often performed in non-ergonomic con-

ditions, which may involve awkward postures, repetitive actions, excessive force, or prolonged

static positions. Over time, such conditions have the potential to contribute to the development of

musculoskeletal disorders, representing serious health and productivity concerns (Bortolini et al.

(2020); Gómez-Galán et al. (2017)). Computer-aided ergonomic analysis, supported by motion
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(a) (b)

Figure 2.13: Examples of motion analysis techniques used in ergonomic assessments: (a) a lab-
oratory setting where a worker’s movements are monitored using two motion analysis software
applications (Petrosyan et al. (2020)); (b) a sequence showing the reconstruction of a 3D skeleton
from video input: 2D joint positions are estimated from one camera view and combined with depth
data from a second view to create a 3D skeleton model (Han and Lee (2013)).

capture technologies and digital human models, facilitates the evaluation and simulation of work-

place tasks to identify biomechanical risks and the redesign of systems to mitigate them. This

enables the assessment of posture and task performance using established ergonomic metrics,

thereby reducing the necessity for costly physical prototypes. This analysis also extends to the

evaluation of external agents, such as industrial exoskeletons (Howard et al. (2019); Fox et al.

(2019)), that physically interact with workers. By studying human motion in these collaborative

contexts, it becomes possible to ensure that assistive technologies enhance physical tasks without

introducing new biomechanical risks.

In addition, in the early stages of product and workplace design, it can be particularly ben-

eficial to simulate how different body types interact with equipment or perform tasks. This is

essential in industries such as automotive (Bhise (2024)) and aerospace (Landry (2021)), where

the design of interfaces, vehicle interiors and assembly lines must consider human variability and

biomechanical constraints. In vehicle manufacturing, for example, many assembly operations still

involve manual tasks that greatly influence ergonomic outcomes. Incorporating ergonomic prin-

ciples early in the product development process can reduce worker health risks and also improve

economic outcomes, including productivity and product quality.

In the context of smart construction, for example, Jiang et al. (2020) introduced a cyber-

physical system for safety management that integrates human motion monitoring through scene

reconstruction, data sensing, and real-time processing, enabling proactive risk control and improv-

ing on-site worker behavior. Han and Lee (2013) proposed a vision-based framework for detecting

unsafe worker behaviors on-site. The system involves identifying critical unsafe actions, extract-

ing 3D skeletal data from construction videos, and using this information to recognize dangerous

patterns of movement, highlighting the potential of motion analysis for accident prevention and

real-time safety monitoring (see Figure 2.13b).

Among the datasets developed to support research in human factors and ergonomics, two ex-

amples are the AnDyDataset (Maurice et al. (2019a,b)) and the Manual Material Handling Dataset

for Biomechanical and Ergonomics Analysis (Bassani et al. (2021a,b)). The AnDyDataset pro-
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(a) (b)

Figure 2.14: Examples from two ergonomics-related motion datasets. (a) Two frames from the
AnDyDataset (Maurice et al. (2019a)) showing a participant performing different manual tasks:
using a screwdriver and untying a knot. (b) Setup from the Manual Material Handling Dataset
(Bassani et al. (2021a)): (a) wearable inertial system for kinematic data collection; (b) sEMG
device for muscle activity recording; (c) objects handled during the experiments.

vides motion data from 13 participants performing repeated industry-like tasks such as screwing

and load manipulation (see Figure 2.14a), annotated according to the Ergonomics Assessment

Worksheet (EAWS), which is a standardized method aimed at improving workplace ergonomics

through better task planning and design, widely adopted in industrial manufacturing. The dataset

includes over 5 hours of multimodal recordings, combining wearable inertial sensors, marker-

based optical motion capture, finger pressure data, and expert annotations. The Manual Material

Handling Dataset contains 18.6 hours of motion and muscle activity data collected from 14 par-

ticipants in a laboratory setting. As illustrated in Figure 2.14b, it combines full-body kinematics

from 17 Inertial Measurement Units (IMUs) with upper-limb surface Electromyography (sEMG)

data from 16 channels. The dataset is fully annotated with action labels and load information, sup-

porting applications in ergonomic risk assessment, biomechanical analysis, and human activity

recognition.

2.3.5 Robotics

The analysis of human movement plays a crucial role in the advancement of robotics and human-

robot interaction (HRI). As robotic systems become increasingly embedded in social, industrial,

and assistive environments, the ability to understand, predict, and respond to human motion is

fundamental to enabling natural, safe, and effective interactions. Through detailed observation and

interpretation of biomechanical patterns, such as gestures, facial expressions, and body posture,

robots can be designed to better perceive human behavior and adapt accordingly.

One significant application is to facilitate intuitive and seamless communication between hu-

mans and robots (Rudenko et al. (2020b)). By recognizing non-verbal cues and movements, robots

can respond appropriately in collaborative environments, such as smart factories, where coordina-

tion with human workers is essential (Jahanmahin et al. (2022); Baratta et al. (2023); Matheson
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Figure 2.15: Example of a drawer-opening task: on the left, the action is performed by a human;
on the right, the same action is executed by a robot through imitation. Source: Bahl et al. (2022)

et al. (2019); Gui et al. (2018)). For example, Liu and Wang (2017) propose a human-robot col-

laborative assembly system in which product assembly tasks are modeled as sequences of human

motions. Using motion recognition techniques and a Hidden Markov Model to generate transition

probabilities between actions, the system predicts human intentions during task execution. These

predictions are then applied to enable smooth task-level cooperation, improving the flexibility and

responsiveness of collaborative manufacturing systems.

Human motion analysis is a critical component of demonstration-based learning methodolo-

gies, facilitating the acquisition of novel skills by robotic systems through the observation and

replication of complex human movements (Seifert et al. (2022)). This approach significantly

reduces the need for manual programming and facilitates faster adaptation to dynamic environ-

ments. For instance, Jang et al. (2022) introduced an imitation learning system that learns from

both demonstrations and corrective feedback, using diverse task representations, including hu-

man video recordings and natural language descriptions. Similarly, Bahl et al. (2022) introduced

WHIRL (In-the-Wild Human Imitating Robot Learning), a one-shot learning approach in which

robots learn manipulation tasks by observing unstructured third-person human demonstrations in

real-world environments. This method extracts prior information regarding human intent to ini-

tiate robot policies and refines them through interaction. This process – depicted in Figure 2.15

– uses an objective function, a sampling-based policy optimization strategy, and an exploration

mechanism to improve sample efficiency.

In the field of healthcare, human gait analysis plays a crucial role in robotics. It contributes

to the development of humanoid locomotion systems and the advancement of robotic rehabili-

tation platforms. The analysis of human walking patterns facilitates the development of robots

that exhibit natural movement, adapt to irregular terrain, and maintain dynamic balance during

movement. This is of particular importance for mobile robots operating in shared human environ-

ments, such as hospitals or warehouses, where physical interaction and close proximity to people

necessitate fluid, predictable movement. In such contexts, motion prediction based on gait anal-

ysis enhances path planning and collision avoidance, ultimately improving the robot’s situational

awareness and safety (Gui et al. (2018); Rudenko et al. (2020b)).

In the domain of rehabilitation, robot-assisted gait training (RAGT) has emerged as a valu-

able tool, particularly for individuals recovering from neurological injuries such as stroke (Er-
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Figure 2.16: Environment configuration in the THÖR dataset (Rudenko et al. (2020a)). Partici-
pants, equipped with tracking helmets, and a mobile robot navigate toward their respective goals
in a shared indoor space. All motion is recorded using a motion capture system, with an example
trajectory visualization shown in the bottom left corner.

bil et al. (2018); Lamberti et al. (2021)). Conventional rehabilitation methodologies are charac-

terized by their labor-intensiveness and dependence on therapist availability, making it difficult

to deliver consistent, high-intensity training. Robotic gait trainers, including exoskeletons and

treadmill-based systems with body-weight support, offer precise, repetitive, and adjustable train-

ing (Warutkar et al. (2022)). This approach has the potential to reduce the therapist’s workload

while enhancing patient outcomes.

Among existing datasets that support research in perception, motion planning, and human-

robot interaction, the THÖR dataset provides recordings of human motion trajectories and eye

movement data collected in an indoor environment (Rudenko et al. (2020a)). It includes high-

frequency annotations of human position, head orientation, viewing direction, social grouping,

obstacle maps, and goal coordinates. In addition to behavioral data, the dataset contains sensor

readings from a mobile robot equipped with 3D LiDAR, supporting multimodal analysis and in-

tegration. The data is characterized by low measurement noise, high temporal resolution, and

a range of recorded human behaviors. The dataset also defines a set of metrics for the quanti-

tative evaluation of motion trajectory data. As shown in Figure 2.16, the dataset encompasses

visual examples of annotated human trajectories, viewing directions, and robot sensor data within

a structured indoor environment.

2.3.6 Entertainment and Gaming

The entertainment and gaming industries have become some of the most dynamic fields to benefit

from advances in human movement analysis. Technologies that capture, interpret, and replicate

human motion are critical components of immersive and interactive experiences in video games,

animated films, virtual reality (VR), and augmented reality (AR) applications (Zhu et al. (2024)).

The process of mapping human movement onto digital characters facilitates the creation of

realistic animations that preserve the nuances of human expression and biomechanics. The ability
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of motion capture technology to capture fine-grained gestures, postural variations, and facial ex-

pressions has been demonstrated to facilitate a more precise replication of human performance in

digital storytelling (Sharma et al. (2019a); Lamberti et al. (2018)). Consequently, this technologi-

cal advancement enhances emotional authenticity and realism in the generated content.

In game development, motion data is used to animate avatars that exhibit a high degree of re-

alism. These avatars respond to player actions or environmental inputs with fluid and naturalistic

movements, thereby enhancing the immersive experience of the virtual environment (Aguado-

Delgado et al. (2018)). Furthermore, movement patterns can be analyzed to refine game mechan-

ics, such as character locomotion, combat animations, or sports simulations. For instance, realistic

foot placement and weight transfer are crucial for the credibility of sports games and fighting

games (Li et al. (2024c); Oh et al. (2022)). Moreover, the advent of real-time body tracking has

enabled full-body interaction in VR, thereby allowing users to navigate digital worlds using natural

movements, which enhances immersion and intuitiveness.

In film and animation, motion analysis supports not only character animation but also pre-

visualization, where directors plan complex action sequences using virtual characters before live

filming. Technologies such as performance capture, which records body and facial motion simul-

taneously, have become integral to the production of high-end CGI-driven films (Wei (2022)).

Additionally, the development of algorithms for gesture recognition and pose estimation has

led to new opportunities for natural user interfaces (NUIs) in entertainment systems (Shin et al.

(2021); Mohamed et al. (2021)). These interfaces enable users to control applications without the

need for physical controllers, relying instead on hand, body, or facial gestures.

Several datasets have been developed to support research in the field of human action and ges-

ture recognition (Olugbade et al. (2022); Zhang et al. (2016)). In particular, within the domains

of entertainment and video games, two particular datasets are of note: the G3D and G3Di. The

G3D dataset (Bloom et al. (2015)) contains synchronized data captured from 10 subjects perform-

ing 20 gaming-related actions, such as punching, kicking, jumping, or steering a car, typical in

gesture-based gaming systems like those using Microsoft Kinect. Expanding on this idea, the

G3Di dataset (Bloom et al. (2015)) focuses on multiplayer interaction in virtual sports games.

This dataset encompasses pairs of users engaged in activities such as boxing, football, volleyball,

and table tennis, recorded while users played in real-time. As with G3D, it comprises detailed

annotations, facilitating the study of interactive, multi-user action recognition in gaming contexts.

While G3D and G3Di are primarily tailored to gaming environments, the HaGRID – HAnd

Gesture Recognition Image Dataset (Kapitanov et al. (2024)) offers broader applicability. Com-

posed of over one million Full HD images across 33 gesture classes, HaGRID supports both im-

age classification and detection tasks. Although well-suited for entertainment applications such as

gesture-controlled gaming or augmented reality, it is also intended for use in video conferencing,

smart homes, and automotive systems. The dataset’s diversity in lighting, subjects, and environ-

ments makes it a robust resource for developing real-world hand gesture recognition systems.

An example from each dataset is illustrated in Figure 2.17, showing the wide variety of human

motion and interaction styles represented across different application domains.
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(a) (b)

Figure 2.17: Two illustrative examples of datasets with potential applications in entertainment and
gaming: (a) examples of synchronized color, depth, and skeleton data from a boxing game in the
G3Di dataset (Bloom et al. (2015)); (b) visual examples of the 18 gesture classes included in the
HaGRID dataset (Kapitanov et al. (2024)).

2.3.7 Traffic Safety

The analysis of human motion has the potential to contribute significantly to the advancement of

traffic safety. By studying the fundamental aspects of human movement, researchers can develop a

more profound understanding of critical domains, including accident prevention, pedestrian detec-

tion, and vehicle interaction. An understanding of the dynamics of human movement is beneficial

for the design of safer road infrastructures, the implementation of effective traffic management

systems, and the development of advanced driver-assistance technologies. The analysis of hu-

man motion patterns contributes to the development of predictive models for pedestrian behavior,

which is a crucial aspect of the design of autonomous vehicles that are capable of anticipating and

responding to human actions on roads. Furthermore, insights into human movement facilitate the

development of ergonomic road designs that consider factors such as pedestrian crossing times,

optimal visibility zones, and vehicle-pedestrian interaction spaces.

An illustrative example of such applications is the path generator proposed by Sarcinelli et al.

(2019), which enhances decision-making processes for autonomous vehicles when dealing with

pedestrians. Another area of interest is the detection of sleep-related fatigue and its potential im-

pact on driving performance. A real-time sleep onset detection system, as proposed by Albu et al.

(2008), employs an in-car camera to assess the driver’s attention, thereby facilitating the prompt

identification of fatigue. An additional critical concern is the automated regulation of airbags:

Farmer and Jain (2007) proposed an integrated vision-based system for occupant classification

and monitoring. The system is able to deactivate airbags under certain circumstances, thereby

facilitating the safer utilization of the vehicle.

The advancement of research and development in this domain is significantly supported by

the availability of context-specific datasets, such as the EuroCity Persons dataset (Braun et al.

(2019a,b)) and the Infrastructure to Vehicle Multi-View Pedestrian Detection (I2V-MVPD) dataset

(Khalifa et al. (2020); Khalifa (2020)). The EuroCity Persons dataset is characterized by its large

scale and diversity, containing extensive annotations of pedestrians captured from a moving ve-

hicle across different weather conditions, times of day, and urban environments. In contrast, the

I2V-MVPD dataset integrates data from both static infrastructure-mounted cameras and vehicle

dashboard cameras, enabling multi-view pedestrian detection and providing a valuable benchmark



34 Human Motion Analysis – Fundamentals, Applications, and Challenges

(a) (b)

Figure 2.18: Illustrative examples from two datasets used for traffic safety: (a) an image from
the EuroCity Persons dataset where pedestrians are annotated with tight green bounding boxes,
ensuring precise localization in urban traffic scenes (Braun et al. (2019a)); (b) sample images
from the I2V-MVPD dataset, showing pedestrian views from the vehicle perspective (left) and
from the infrastructure-mounted camera perspective (right) (Braun et al. (2019a));

for motion analysis systems in traffic safety applications. Figure 2.18 illustrates examples from

both datasets, highlighting the variety of viewpoints and environmental conditions represented.

2.4 Automated Tools for Human Motion Analysis

The field of human motion analysis has undergone significant advancements in recent years, pri-

marily driven by the integration of automated tools and advanced computational techniques. These

developments have introduced sophisticated algorithms and methodologies capable of performing

detailed analysis and modeling of human movement, thus reshaping the landscape of the field. Au-

tomated motion analysis tools frequently include functionalities such as real-time analysis, which

provides immediate feedback and facilitates live monitoring of movement, particularly beneficial

in clinical evaluations, and sports performance contexts. Furthermore, these tools commonly sup-

port integration of motion data, whether acquired via native, integrated motion capture systems or

imported from external data acquisition setups, enhancing flexibility across diverse research and

application scenarios. Additionally, many tools offer sensor fusion capabilities, enabling the inte-

gration of data streams from multiple sensor modalities, such as optical cameras, inertial sensors,

force platforms, and electromyography (EMG), thereby improving the accuracy, robustness, and

comprehension of human motion assessments.

This section provides an overview of the current state-of-the-art in automated tools for human

motion analysis. The review is based on a comprehensive research effort that examined tools cited

in the scientific literature. In addition to this literature review, official websites of research labo-

ratories specializing in motion analysis were consulted to gather further technical and contextual

information. To guarantee the precision of the collected data, a survey was disseminated among

the developers of the identified tools. Finally, this section proposes a classification framework

for the surveyed applications, offering a structured perspective for understanding, comparing, and

evaluating the capabilities of current automated tools in the domain of human motion analysis.
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2.4.1 Selected Tools

The following paragraphs provide a concise description of the tools examined in this study, listed

in alphabetical order. Tools marked with an asterisk (∗) indicate those for which the survey re-

ceived a response from the respective teams or individuals responsible for their maintenance, en-

abling verification and, where applicable, clarification of the collected information. The tools

reviewed include: Adams, AnimatLab, AnyBody Modeling System, BTS Smart, Cortex, D-flow,

Dartfish, DMAS – Digital Motion Analysis Suite, Kinovea, Kwon3D XP, MaxPRO, Mokka –

Motion Kinematic and Kinetic Analyzer, MotionGenesis Kane, MSMS – Musculoskeletal Model-

ing Software, MVN Analyze, ODIN, OpenSim, OptoGait, SIMI Motion, Templo, Visual3D, and

WINanalyze.

Adams (∗)

Adams (Automated Dynamic Analysis of Mechanical Systems) is a commercially available soft-

ware solution developed by MacNeal-Schwendler Corporation. It features an extensive library of

models and facilitates the creation of new models or the modification of existing ones. The system

functions within a closed architecture, which imposes limitations on available customization op-

tions. The accuracy of motion representation in Adams depends on the acquisition of motion data

through an external motion capture system (Xu et al. (2017c); Na (2015)). The software facilitates

three-dimensional analysis and simulations of human motion, providing a robust framework for

conducting detailed investigations.

AnimatLab

AnimatLab (Cofer et al. (2010)), developed by NeuroRobotic Technologies, is an open-source tool

designed as a versatile simulator for neuromechanical processes in skeletal animals. It is available

in both a free standard edition and a professional edition, which requires a fee. AnimatLab facili-

tates the construction and modification of computational models that are developed in accordance

with the laws of physics, and which respond to both external and internal signals. This process

results in the generation of movements that are similar to those observed in biological systems.

The modular architecture of AnimatLab provides a flexible and adaptable framework, enabling

researchers to explore and analyze a broad range of biological phenomena (Young et al. (2020)).

AnyBody Modeling System

The AnyBody Modeling System, initially developed at Aalborg University in Denmark (Dams-

gaard et al. (2001, 2006)) and now commercially available from AnyBody Technology, is a tool for

biomechanical analysis and musculoskeletal modeling. It facilitates the creation of detailed full-

body models, enabling the simulation of internal body loads, including muscle activity, forces, and

joint reaction forces (Rasmussen (2019)). The system incorporates a Managed Model Repository,

which contains a comprehensive array of pre-existing models, and supports advanced features such
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as inverse dynamics, force-dependent kinematics, and posture and motion prediction. Capable of

three-dimensional analysis, AnyBody allows users to define environments by specifying external

forces and boundary conditions. Users can create custom postures and motions with the AnyScript

language or import recorded motion data for simulation.

Biomechanical ToolKit (∗)

The Biomechanical ToolKit (BTK) (Barre and Armand (2014)) is a free, open-source, and cross-

platform framework developed to read, visualize, and process biomechanical data from both stan-

dard and proprietary file formats, with particular emphasis on the C3D format. It addresses the

biomechanical community’s need for fast and flexible access to raw data, such as 3D marker trajec-

tories, EMG signals, and force plate recordings, independent of the motion capture system used.

BTK enhances data interoperability across laboratories, overcomes the constraints of proprietary

software, and bridges the gap between motion analysis platforms and widely adopted scientific

computing environments such as Python and Octave. By promoting standardized access and pro-

cessing, it fosters collaboration, reproducibility, and methodological advancement in areas like

human motion analysis and musculoskeletal modeling.

BTK also provides 3D visualization tools for exploring time-series data, enabling the detailed

analysis of body segments, marker trajectories, and external forces. These capabilities support a

wide range of applications, including clinical gait analysis (Kidziński et al. (2019)), biomechan-

ical research (Wang (2022)), and sports performance and injury assessment (Ortiz-Padilla et al.

(2022)).

D-flow

D-Flow is a motion analysis tool that facilitates the integration and synchronization of data from

multiple hardware devices within a unified interface, allowing real-time feedback and data anal-

ysis (Geijtenbeek et al. (2011)). The system supports the integration of various data sources,

including infrared motion capture cameras, instrumented treadmills, inertial measurement units,

and electromyography (EMG) sensors (Roeles et al. (2018)). D-Flow’s real-time data process-

ing facilitates the integration of subjects into a dynamic feedback loop, wherein their behavior is

captured by multi-sensory input devices and visual feedback is delivered through output devices.

The software incorporates visual modules and an embedded scripting language, which facilitates

the development of applications capable of controlling hardware devices and virtual environments.

Furthermore, D-Flow integrates a 3D game engine, enabling the development of interactive virtual

reality environments that offer immersive experiences closely resembling real-life scenarios.

Dartfish

Dartfish is a software platform designed for two-dimensional motion analysis, processing video

input from multiple sources to extract kinematic parameters such as spatial positioning, range of
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motion, velocity, frequency, and duration of movement. This data supports the examination of

both spatial and temporal aspects of human motion across a range of tasks.

The software has been used in the analysis of limb movements, including hip, knee, and shoul-

der movements, as well as in the evaluation of task performance in contexts such as walking,

lifting, and athletic activities such as sprinting and race walking. In clinical practice, Dartfish

enables real-time visual feedback, for example to compare shoulder mechanics before and after

surgical procedures (MacDermid et al. (2014)). It also supports the creation of visual reports with

annotated media, contributing to clearer communication with patients and informing therapeu-

tic decisions (Kassay et al. (2021)). Its applications span healthcare, rehabilitation, sports, and

workplace ergonomics.

DMAS – Digital Motion Analysis Suite

The DMAS (Digital Motion Analysis System) is a digital video motion capture suite that is capa-

ble of supporting up to 16 synchronized uncompressed digital video inputs. The system incorpo-

rates automated tracking capabilities, including auto labeling and 3D data reconstruction, with the

objective of optimizing the analysis process (Lujan et al. (2005); Graup et al. (2018)). The sys-

tem provides real-time low-latency marker tracking, enabling precise marker capture, and allows

for synchronization of analog and digital data from external devices, facilitating integration with

various measurement systems. Furthermore, the DMAS provides a Python interface, enabling

customized data analysis. Additionally, multimedia reporting tools and integrated video are avail-

able for report creation. The software suite also includes a standalone high-speed digital image

correlation package, data analysis tools, and an editor tool to build flexible and editable models.

Kinovea

Kinovea is a video annotation tool designed for sports analysis (Nor Adnan et al. (2018)). It of-

fers utilities for capturing, slowing down, comparing, annotating, and measuring motion within

videos. This free and open-source software facilitates the creation of customized tools through

its tool framework, thereby enabling advanced functionality. Users have the ability to customize

features such as the human model tools and incorporate tracked points, computed points, dis-

tance measurements, and angle measurements (Hisham et al. (2017)). The software incorporates

a lens calibration step to compensate for lens distortion across the coordinate system, thereby

enabling the extraction of linear and angular kinematics from point trajectories or multi-point ob-

jects. Additionally, Kinovea facilitates the capture and recording of camera streams, as well as the

synchronization of videos with heterogeneous frame rates.

KWON3D XP (∗)

Kwon3D XP is a software platform designed for integrated analysis in fields such as robotics,

rehabilitation, ergonomics, human locomotion, and sports biomechanics (Park et al. (2005)). It
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supports multi-camera video capture, ground reaction force measurement, analog signal acquisi-

tion, system calibration, data analysis, and report generation. The system allows simultaneous

acquisition from up to nine cameras and includes 2D/3D auto-tracking features to streamline the

digitization process. Its data processing capabilities include kinematic analysis, force plate data

interpretation, inverse dynamics, angular momentum computation, and the definition of custom

joint angles (Liu and Liu (2021); McGuire et al. (2024)).

Max Suite (∗)

Max Suite is a comprehensive set of tools for 3D motion capture and analysis, composed of Max-

PRO, MaxA, and MaxTRAQ, and is used in a variety of disciplines including science, biomechan-

ics, sports, performance analysis, neuroscience, gait analysis and rehabilitation (McCauley et al.

(2012)). MaxPRO serves as the core motion capture platform, compatible with both dedicated

MoCap cameras and commercially available video cameras. Designed for flexibility, it supports

integration with a wide range of hardware, making it adaptable to various applications and budget

levels. The system offers advanced features typically found in high-end motion capture solutions,

but in a more accessible and cost-effective format.

Complementing MaxPRO, MaxA and MaxTRAQ provide analysis and tracking functionali-

ties. MaxA supports basic kinematic analysis with tools for graphing, file comparison, and custom

scripting via the integrated MyBASIC2 language (Leporace et al. (2016)). It handles C3D, MOC,

and ASCII file formats, and includes an import wizard for TSV and CSV files. MaxTRAQ 3D

enables affordable 3D motion tracking using both marker-based and markerless approaches, mak-

ing it suitable for contexts where markers are impractical—such as sports environments or field

studies with animals. It reconstructs 3D coordinates from 2D video data using static or optional

dynamic calibration, and supports export to C3D or ASCII formats for further processing in MaxA

or other compatible software.

MotionGenesis Kane (∗)

MotionGenesis Kane is a commercial software product designed to analyze forces and motion

using symbolic geometry. It provides symbolic math capabilities and efficient code generation,

allowing users to visualize and manipulate symbolic equations related to kinematics, statics, and

dynamics. The software supports multi-body force and motion simulation and provides tools

for analyzing kinematics, forces, energy, mass, and inertia properties. MotionGenesis Kane also

generates MATLAB, C, and Fortran code for real-time applications. It is applicable to various

fields including biomechanics, robotics, projectile motion, pendulum dynamics, aerospace spin

stability, angular momentum, gyroscopes, and 2D/3D geometry (Flanagan (2024); Heinrich et al.

(2023).
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MSMS – Musculoskeletal Modeling Software (∗)

MusculoSkeletal Modeling Software (MSMS) is a freely available application developed for mod-

eling and simulation of neural prosthetic systems (Khachani et al. (2007)). It allows users to cre-

ate dynamic models of human and prosthetic limbs, along with their task environments (de Sousa

et al. (2019); García Montaño et al. (2017)). Simulations can be run on a stand-alone computer to

design and test neural control systems, or integrated into virtual reality environments where sim-

ulated limbs can be interactively controlled by human or animal subjects. MSMS includes tools

for creating, editing, and visualizing 3D musculoskeletal models and supports the import of mod-

els from third-party software such as SIMM and SolidWorks. The platform allows models to be

animated using motion capture data or simulation output, and provides physics-based simulation

capabilities to realistically represent limb motion and interaction with the environment.

ODIN

ODIN, part of the Coda Motion 3D Analysis System (Charnwood Dynamics Ltd., Leicestershire,

UK), is a software platform designed for the analysis and management of clinical motion data. It

automates the generation of standardized gait reports that include both kinematic and kinetic pa-

rameters, and supports the complete workflow of three-dimensional motion analysis - from initial

data acquisition using various sensors and measurement devices, through real-time monitoring, to

long-term data storage and retrieval. The software also enables the analysis of spatio-temporal

variables, supporting detailed assessment of motion patterns.

ODIN includes a Software Development Kit (SDK) that enables real-time processing of fully

labeled 3D marker streams within custom applications. It supports integration with output sys-

tems such as virtual and augmented reality displays, and provides a graphical configuration in-

terface for adding devices such as analog inputs, force platforms, and EMG systems. ODIN is

used in a variety of fields, including kinesiology, rehabilitation, sports science, and clinical gait

analysis, where precise motion assessment is essential for research, diagnosis, and performance

optimization (Zhongyang et al. (2017); Song et al. (2018); Ditroilo et al. (2023).

OpenSim (∗)

OpenSim is an open-source software platform for modeling and simulating motion and interaction

in humans, animals, robots, and mechanical systems (Delp et al. (2007)). It includes a graph-

ical user interface for visualizing models and generating simulations, and supports the creation

and manipulation of complex systems composed of rigid bodies, joints, constraints, muscles, and

actuators.

The platform provides a library of validated musculoskeletal models for use in research, ed-

ucation, and prototyping. OpenSim allows the import of experimental data for visualization and

analysis, including marker trajectories, joint kinematics, and external forces. It supports a range

of simulation tools such as inverse dynamics, static optimization, and forward dynamics, enabling

applications in areas such as biomechanics, rehabilitation, clinical research, sports science, and
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ergonomics (Pizzolato et al. (2016); Kim and Zhang (2016); Zhou et al. (2021); Trinler et al.

(2019); Mahadas et al. (2019)). The software also offers a scripting interface for MATLAB and an

extensible API, allowing advanced customization and integration into broader research workflows.

OptoGait

OptoGait is a modular photoelectric walkway for high-precision measurement of locomotor spa-

tiotemporal parameters in gait, running, and jump tasks (Jaén-Carrillo et al. (2020); Lienhard et al.

(2013)). The system comprises parallel transmitting and receiving bars populated with dense in-

frared emitters and detectors that register beam interruptions caused by foot contacts and aerial

phases; these events are processed to derive quantities such as contact and flight times, stride

length, cadence, and inter-limb asymmetries.

The embedded OptoGait software functions as the system’s control and analytics hub: users

configure and execute standardized tests (e.g., jump, reaction, running), while the platform per-

forms real-time processing and automatically synchronizes numerical data with video, including

frame-by-frame playback down to still images. Longitudinal management is supported through

persistent storage of sessions and rapid cross-session comparison; recent releases add interface

refinements, biofeedback/second-monitor fixes, and external integrations for combined analyses.

SIMI Motion

Simi Motion is a software platform for capturing and analyzing human motion in two and three

dimensions. Unlike infrared-based systems, it employs image-based techniques, using high-

resolution industrial cameras capable of synchronized video capture at high frame rates. The sys-

tem supports both marker-based tracking, by calculating marker positions, and markerless tracking

methods, including pattern recognition and silhouette analysis.

The platform offers an end-to-end workflow for motion analysis, including synchronized cam-

era capture, data logging from external devices, and tools for data processing, editing, and analysis.

It enables the tracking of joint centers with or without physical markers and calculates key mo-

tion parameters such as position, velocity, acceleration, and movement trajectories. Data can also

be exported to other analysis software, supporting integration into existing research or clinical

environments.

In the context of sports performance, Simi Motion is particularly suited for analyzing complex

movements, such as jumps, throws, or sprints, providing detailed biomechanical insights that can

support training optimization, injury prevention, and technique refinement (Fischer and Kibele

(2016); Trasolini et al. (2022); Ammar et al. (2015)).

Templo (∗)

Templo is the core software of the modular CONTEMPLAS motion analysis system, offering a

flexible and customizable platform for capturing and analyzing human movement. Its functional-

ity can be extended through the integration of additional hardware, such as high-speed cameras,
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force plates, pressure sensors, and EMG systems, and software modules, including markerless

tracking to streamline analysis without compromising accuracy (Widhalm et al. (2024); Greis-

berger et al. (2019)). This software supports synchronous multi-camera setups, enabling motion

capture from multiple viewpoints, and is compatible with a wide range of external measurement

devices. Templo is applied in sports performance analysis, including activities such as volleyball,

swimming, running, and sprint start assessment, where precise movement evaluation can inform

training and technique (Bohigas et al. (2021); Baritz (2019); Baritz and Mosoi (2017)). In health

and clinical contexts, it is used for gait and posture analysis, functional movement screening,

and ergonomic evaluations (Katashev et al. (2014)), supporting evidence-based decision-making

across disciplines.

Visual3D (∗)

Visual3D is a software platform for the analysis and modeling of three-dimensional motion cap-

ture data in research and clinical contexts. It provides a structured workflow for managing mo-

tion capture datasets, optimizing marker placement and definitions to streamline data collection.

The captured data is applied to biomechanical models for a detailed computation of joint angles,

forces, powers, velocities, and accelerations, using built-in mathematical libraries. Users can also

define custom mathematical expressions and automate analysis routines. The software supports

integration with a wide range of motion capture systems, synchronized analog inputs, and instru-

mented force measurement setups. It includes automation features through processing pipelines

and supports multiple file formats for interoperability with external modeling and analysis tools.

Visual3D offers advanced signal processing, including real-time analysis, kinematics, inverse dy-

namics, and biofeedback, making it applicable to areas such as biomechanics, rehabilitation, and

sports performance evaluation (Layton et al. (2021); Gulgin et al. (2018)).

WINanalyze (∗)

WINanalyze is a video-based motion analysis software that enables automatic tracking of multiple

objects within video files and provides outputs in a variety of formats. It supports data integration

through the import and export of commonly used file types, facilitating compatibility with external

applications and workflows.

The software comprises a comprehensive set of motion analysis tools, providing linear and

3D calibration for accurate measurements. It generates detailed outputs, including object trajecto-

ries, angles, distances, derivatives (velocity and acceleration), angle projections on all anatomical

planes, center of mass estimations, inverse dynamics, impulses, forces, angular momentum, and

torsional moments. WINanalyze is particularly suited for biomechanics research, with capabilities

for customizing predefined body models to suit specific experimental setups and analysis needs

(Wright et al. (2022, 2020); Ellabany and Attaallah (2015)).
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Xsens MVN Analyze (∗)

Xsens MVN is a motion capture system that combines wearable inertial sensors with a software

engine that integrates sensor data using biomechanical models to estimate segment positions and

orientations (Roetenberg et al. (2009)). The system is available in two software variants tailored

to different application areas: MVN Animate, for 3D character animation in film and games, and

MVN Analyze, for human motion measurement in areas such as ergonomics, sports, and research.

Xsens MVN Analyze supports full-body kinematic recording, real-time visualization of joint

angles, segment orientation and center of mass, using a biomechanical model to guide the analysis

(). It offers compatibility with various hardware configurations and multiple calibration options,

providing flexibility for different setups. The software offers two processing modes: real-time

(frame-by-frame) and reprocess HD, which uses a wider temporal window to improve the accuracy

of orientation and position estimates. Motion data can be exported in multiple formats (e.g., FBX,

BVH, XLS, C3D, MP4) for integration with third-party tools such as AnyBody, Visual3D, and

Siemens PLM, for biomechanics, ergonomics, and sports (Bennett et al. (2023); Lee et al. (2020);

Mavor et al. (2020)).

As discussed throughout this Section, a variety of tools have been developed for the analysis of

human movement, each offering distinct advantages depending on the application context. Fig-

ure 2.19 provides a visual overview of some of these tools, illustrating the diversity of available

solutions for human motion analysis.

Figure 2.19: Illustrative examples of human motion analysis tools.

2.4.2 A Classification Framework

In order to achieve a systematic classification approach, this study establishes a robust framework

comprising a set of key features, which serve to characterize the different software applications un-

der examination. The framework organizes these features into five main groups, namely: generic
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features, which encompass basic aspects of each tool; modeling capabilities, describing the soft-

ware’s capability for creating and manipulating biomechanical models; data acquisition, which

highlights the mechanisms employed to gather motion data; and lastly, analysis and simulation,

focusing on the software’s ability in interpreting and simulating movement patterns. The follow-

ing sections provide an in-depth examination of each feature, elucidating its significance and role

in differentiating these software solutions for motion analysis.

Generic Features

These generic features encompass essential aspects such as version history, origins, openness, and

platform compatibility, thereby facilitating an investigation into the software’s adaptability and

accessibility. The analysis of these key characteristics aims to provide a comprehensive under-

standing of the capabilities, origins, and overall maturity of each application.

• Version History and Release Date: provides crucial insights into the maturity and activity

of the software, providing information on the latest version and release date. By understand-

ing the currency of the application, researchers can more effectively evaluate its ongoing

development and the potential for future advancements.

• Academic Origins and Seminal Paper: this feature considers the origins of the tool and

explores whether it emerged as an academic project. When applicable, this information also

reveals which seminal paper was the basis for the development of the tool, thus enhancing

one’s understanding of its roots and scientific foundations.

• Software Availability: this feature provides information regarding the accessibility of the

software, distinguishing between freely available offerings and commercial products. For

commercial options, it also reveals whether a trial version is available, allowing researchers

to evaluate the tool’s capabilities and make informed decisions.

• Architectural Openness and Extensibility: this feature exemplifies the software’s archi-

tectural openness, identifying the mechanisms that enable the tool to be extended with cus-

tom functionalities. It explores the availability of key resources, including open-source

foundations, software development kits (SDKs), application programming interfaces (APIs),

and plugins.

• Platform Compatibility and Accessibility: this feature specifies the operating systems

on which the tool can be installed and executed, highlighting its adaptability to diverse

computing environments. This ensures that the software can be accessed and utilized across

different of platforms, thereby enhancing its accessibility and usability.
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Modeling Features

The evaluation of a tool’s modeling capabilities is of particular significance as they can facilitate

the creation, customization, and accessibility of a diverse range of models, including those repre-

senting the entire body or specific body parts. The following aspects are included in this group:

• Create New Models from Scratch: This feature assesses the tool’s ability in generating

novel models from scratch (expected values: yes/no). The capacity to create tailored mod-

els empowers researchers to adapt simulations to specific scenarios, enabling precise and

focused investigations.

• Edit Existing Models for Customization: Adapting and fine-tuning existing models holds

immense significance in the modeling process. This feature indicates the tool’s capability to

modify and refine pre-existing models, facilitating the customization of simulations to suit

particular research requirements (expected values: yes/no).

• Library of Pre-built Models: This feature reveals if the software houses a repository of

pre-built models, enriching users’ options for analyses and simulations (expected values:

yes/no). The availability of such a library simplifies the modeling process, fostering effi-

ciency and versatility in research activities.

Data Acquisition Features

The functionality of data acquisition features is indicative of the applications’ capacity to collect

diverse and essential data for accurate evaluations. The following key aspects are explored by this

group of features:

• Motion Acquisition: This feature specifies the type of motion capture system integrated

into the tool (expected values: native, external, or absent). Native systems are embedded

within the software, while external systems require integration with external hardware or

devices to capture motion data.

• Analog Data Sources: This feature enumerates, if available, all the sources of analog data

that the tool can import (e.g., C3D - motion data, EMG, ECG, force plates, etc.). The ability

to incorporate diverse analog data streams enriches the analysis process by providing a more

comprehensive understanding of movement patterns.

• Data Fusion: Synchronization of multiple signals is pivotal for precise evaluations of mo-

tion. This feature clarifies whether the tool supports data fusion, allowing the simultaneous

integration of multiple data streams to enhance the accuracy and reliability of the analysis

(expected values: yes/no).
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Analysis Features

The Analysis set of features systematically examines basic aspects of motion analysis, with a

primary focus on two critical dimensions: the dimensionality in which the analysis takes place

and the timing of the analysis process. This group comprises the following aspects:

• Dimensionality: This feature indicates the dimensionality in which motion analysis takes

place, specifying whether it occurs in 2D, 3D, or both (expected values: 2D, 3D, or 2D/3D).

The dimensionality directly influences the depth and accuracy of the insights gained, with

each dimension offering unique perspectives on the subject’s movements.

• Timing of Analysis: The timing of the analysis profoundly impacts research outcomes,

and this feature serves to reveal the mode in which analysis is conducted - whether in real-

time, offline, or both (expected values: real-time, offline, or both). The real-time approach

facilitates immediate feedback and adaptability, while offline analysis grants researchers the

freedom to conduct comprehensive investigations, with no time constraints.
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Table 2.1: Feature matrix of surveyed human motion analysis tools to the proposed framework, grouped by generic, modeling, acquisition, and analysis
features. Note: “*” indicates that a trial license is available.

Generic Features Modeling Features Data Acquisition Features Data Analysis Features

Tool Release
(Year) License Architecture Pre-built

Models
Model Creation

Support
Customizable

Models
Motion

Acquisition
External Analog

Inputs
Multimodal
Data Fusion Dimensionality Analysis

Mode

Adams (2014) Commercial Proprietary ✓ ✓ ✓ external – – 3D Offline
AnimatLab 2.1.5 (2016) Commercial∗ Open ✓ ✓ ✓ absent – ✗ 3D Offline
AnyBody Modeling System 8.1.1 (2025) Commercial∗ Proprietary ✓ ✓ ✓ external EMG; force plate ✓ 3D Offline
Biomechanical Toolkit 0.6.2 (2016) Free Open ✗ ✗ ✗ external EMG; force plate ✓ 2D/3D Offline
D-flow 3.28.0 (2018) Commercial Proprietary ✗ ✗ ✓ native; external EMG; force plate ✓ 2D/3D Both
Dartfish 11.7.310 (2025) Commercial∗ Open ✓ ✓ ✗ native force plate ✗ 2D Offline
DMAS N/A (2005) Commercial Open ✓ ✓ ✓ native EMG; force plate ✓ 3D Both
Kinovea 2023.1.2 (2023) Free Open ✗ ✗ ✗ native – ✗ 2D Offline
Kwon3D XP 4.1 (2004) Commercial∗ Proprietary ✓ ✓ ✓ native force plate ✓ 2D/3D Offline
Max Suite 1.6.6.5 (2018) Commercial∗ Open ✗ ✗ ✗ native EMG; force plate ✓ 2D/3D Offline
motionGenesis Kane 6.5 (2025) Commercial∗ Open ✓ ✓ ✓ absent – ✗ 2D/3D Real-time
MSMS 0.9.4 (2010) Free Proprietary ✓ ✓ ✓ external EMG ✓ 2D/3D Both
ODIN 1.01 (2013) Commercial Open ✗ ✓ ✓ external EMG; force plate ✓ 2D/3D Both
OpenSim 4.5 (2024) Free Open ✓ ✓ ✓ external EMG; force plate ✓ 3D Both
SIMI motion 8.5 (2012) Commercial Proprietary ✓ ✓ ✓ native EMG; force plate; EEG ✓ 2D/3D Offline
Templo V25.0 (2025) Commercial∗ Proprietary ✗ ✗ ✗ native EMG; force plate ✓ 2D Offline
Visual3D 2025.05.1 (2025) Commercial∗ Open ✓ ✓ ✓ external EMG; ECG; force plate ✓ 3D Both
WINanalyze 2.7 (2016) Commercial Proprietary ✓ ✓ ✓ native EMG; ECG; force plate – 2D/3D Offline
Xsens MVN Analyze 2024.2 (2024) Commercial∗ Proprietary ✗ ✓ ✓ native own data files ✓ 2D/3D Both
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2.4.3 Main conclusions

Table 2.1 shows a clear segmentation of the ecosystem into three groups: (i) video-centric 2D

analysis tools (e.g., Dartfish, Templo, Kinovea), (ii) acquisition/processing suites tied to specific

hardware or workflows (e.g., D-flow, Xsens MVN Analyze, SIMI Motion, WINanalyze, DMAS,

ODIN), and (iii) musculoskeletal modeling and simulation platforms (e.g., OpenSim, AnyBody,

motionGenesis Kane). This segmentation closely aligns with the four groups in the proposed

framework: generic, modeling, acquisition, and analysis features. Tools tend to be strong in one

or two groups and ’adequate’ or intentionally minimal in the others, rather than being uniformly

feature-rich across all categories.

Licensing and openness. Most solutions are commercial,with a significant subset offering trial

licenses (marked Commercial*). Free and open-source options, such as OpenSim, BTK, Kinovea,

and AnimatLab, play a strategic role as low-cost entry points for teaching and prototyping. They

also serve as interoperability bridges for pipelines that need to extract, transform, and reuse motion

and analog data, such as C3D, EMG, and force plates. Openness translates into reproducibility and

easier integration with scientific computing environments. In contrast, proprietary solutions typi-

cally offer more advanced tools, technical support, and integrated clinical/industrial workflows.

Modeling capabilities. Pre-built model libraries and model creation/customization are consis-

tently available in the dedicated modeling tools (OpenSim, AnyBody, motionGenesis), but are

understandably limited or absent in purely 2D video analysis software. For research questions

requiring hypothesis testing on internal loads, joint kinetics, or design-space exploration, plat-

forms with full modeling stacks (pre-built libraries plus scriptable customization) are preferable;

2D video tools remain valuable for rapid kinematic screening, education, and communication with

end users.

Acquisition and data fusion. Hardware integration is a major differentiator. Suites designed

around labs or sensor ecosystems (D-flow, SIMI Motion, Visual3D, ODIN, Xsens MVN Analyze,

DMAS) tend to support synchronized acquisition and multimodal fusion of video, IMUs, EMGs,

and force plates, and therefore enable closed-loop protocols, biofeedback, and richer feature sets.

In contrast, video-only tools usually offer limited or no analog integration. In practice, labs that

already own cameras, treadmills, or IMU systems will benefit from software with native drivers

and time-sync utilities.

Dimensionality and analysis mode. A practical split persists between 2D-only platforms and

2D/3D (or 3D-only) stacks. If the research requires joint moments, inverse dynamics, or multi-

planar control, 3D tools are essential. With respect to timing, real-time support is still the excep-

tion; most platforms operate offline or support both modes with constraints (e.g., reduced accuracy

or reduced pipeline complexity in real time). For biofeedback, interactive rehab, or human–in-

the-loop experiments, frameworks explicitly supporting real-time/“both” (e.g., D-flow, Visual3D,

Xsens MVN Analyze, DMAS, OpenSim in specific configurations) are advantageous.

Guidance for tool selection. In light of these findings, selection should be driven by the dominant

column(s) of the framework for the target study: (i) Musculoskeletal modeling and hypothesis
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testing: OpenSim (free and extensible) or AnyBody (commercial) when validated libraries and

advanced solvers are required. (ii) Lab-centric multimodal acquisition and reporting: Visual3D,

SIMI Motion, ODIN, or DMAS, depending on the existing sensor stack and report/automation

needs. (iii) Interactive/real-time protocols or VR feedback: D-flow (integration/scripting) or plat-

forms with explicit real-time pipelines. (iv) Field work and wearable sensing: Xsens MVN Ana-

lyze (IMU-first, turnkey). (v) Education, low-cost screening, and quick 2D kinematics: OpenSim,

Kinovea, Dartfish, Templo, with BTK as a companion for data handling and reproducibility.

In conclusion, the proposed framework synthesizes the declared capabilities of the surveyed

tools at the assessed versions. It identifies the fundamental trade-offs, including the cost versus

openness, the acquisition depth versus modeling detail, and the offline robustness versus real-time

responsiveness. It provides a practical framework for aligning the selection of tools with the ex-

perimental design. For instance, in an academic context, motion data (e.g., C3D/CSV files) can

be imported with BTK, basic checks can be run in Visual3D, modeling and kinetic analysis can

be performed in OpenSim, using scripts. On the other hand, in a clinical gait laboratory, equipped

with multi-camera motion capture, force plates, and electromyography (EMG), Visual3D or SIMI

Motion (or ODIN) provide synchronized acquisition and standardized reporting. When necessary,

biofeedback or virtual reality can be added via D-Flow or Visual3D real-time modules. Fur-

thermore, exported trials can be directed to OpenSim or AnyBody for advanced musculoskeletal

analysis without compromising the established clinical workflow.

2.5 Summary

This chapter presents a comprehensive overview of the field of human motion analysis, encom-

passing its theoretical foundations, the analytical techniques employed for its assessment, its prac-

tical applications, and some sample datasets that serve as the foundation for this interdisciplinary

research area. The analysis of human motion has been identified as a critical area of study with

wide-ranging implications across various disciplines. The introductory section on human motion

described the fundamental procedures utilized in human motion analysis systems and provided a

review of related work in this field. The Review of Human Motion Analysis and Simulation Tools

(Section 2.4) presented a comprehensive analysis of the automated tools currently in use within

this field. A framework was introduced with the objective of categorizing and describing these

tools, thereby providing clarity and structure. This framework provides a valuable reference for

researchers and practitioners seeking to gain an understanding of the diverse range of available

tools. The section on application areas of human motion (Section 2.3) demonstrated the wide

range of fields in which human motion analysis is used. From the domains of sports and health-

care to those of surveillance and robotics, the section emphasized the importance of human motion

analysis in a multitude of settings.
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In conclusion, this chapter has provided a comprehensive and meticulous examination of hu-

man motion, establishing a connection between theoretical comprehension and practical applica-

tions, and reinforcing the vital function of human motion analysis across a range of disciplines.
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Chapter 3

Human Gait – A Comprehensive
Overview

The comprehension of human gait involves the recognition of it as a distinct biomechanical process

shaped by numerous interacting factors, both intrinsic and extrinsic to the individual. The distinc-

tive characteristics of an individual’s gait are primarily determined by their physical attributes,

including but not limited to skeletal structure, musculature, joint mobility, stride length, and walk-

ing speed (Stotz et al. (2023)). Indeed, these biomechanical attributes demonstrate a high degree of

consistency within individuals and variability between different people. For instance, stride length

and joint angles are predominantly determined by an individual’s physical build and musculature,

resulting in substantial differences across sex, age, and ethnicity groups (Rowe et al. (2021); Hill

et al. (2020)). Research has demonstrated that taller individuals typically exhibit longer strides

and higher walking speeds (Moe-Nilssen and Helbostad (2020)). In contrast, age-related speed

declines are often attributed to reduced stride lengths rather than cadence (Kirtley (2006)).

Beyond these inherent physical traits, gait is also subject to transient influences such as emo-

tional states (Xu et al. (2024)), carried loads (Wang et al. (2023a)) and footwear (Derlatka and

Parfieniuk (2023); Price et al. (2021)), among others. While emotional factors are considered

temporary, they have the capacity to induce alterations in muscle tension and movement patterns,

thereby temporarily modifying one’s gait. Furthermore, external conditions, such as the act of car-

rying a load, have been demonstrated to substantially influence gait parameters, including walking

speed and stride consistency. However, the core biomechanical pattern remains stable enough to

serve as a robust biometric marker, as long as these transient effects are taken into account in gait

characterization methods.

The chapter is structured to offer a theoretical introduction to human gait analysis, presenting

the biomechanical foundations, outlining the key gait parameters alongside reported normative

values, and concluding by explaining how these parameters are measured. Section 3.1 provides

an introductory overview of the field of human gait analysis. Section 3.2 sets out the biome-

chanical foundations and terminology, detailing the gait cycle and its phases and the planes of

motion. Section 3.3 delineates the principal categories of gait parameters, namely anthropometric,

51
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spatio-temporal, kinematic, kinetic, electromyography-based and other derived measures. Sec-

tion 3.4 compiles and discusses normative values, with dedicated subsections for spatio-temporal

and kinematic parameters. Finally, Section 3.5 describes how these parameters are measured in

practice, reviewing sensing technologies with a distinction between wearable and non-wearable

systems.

3.1 Human Gait Analysis

Gait can be defined as the coordinated, cyclic motion of the body’s limbs, primarily the legs and

arms, used to move from one point to another, a process known as locomotion. This movement in-

volves a rhythmic and repetitive sequence in which limbs alternate roles, with one limb providing

support and stability while the other advances to the next supportive position, thereby continu-

ously transferring the body’s weight forward. This cyclic motion creates a complex pattern of

joint movements organized into a kinematic chain, characterized by precise coordination and tim-

ing. Multiple components interact to make gait possible, including the positioning and alignment

of bones, the range of motion available at joints, neuromuscular activity coordinating muscle con-

tractions, and biomechanical factors (Silva and Stergiou (2020)). Despite the capacity of humans

to manifest a wide array of gaits, the predominant forms are walking and running. The distinction

between these two modes is characterized by divergent patterns of foot contact with the ground,

particularly the temporal organization of footfalls and the sequence of foot movements.

Gait analysis is the systematic observation, recording, analysis, and interpretation of human

locomotion. It encompasses qualitative and quantitative approaches, with the emphasis tailored to

the requirements of each specific application domain.

As discussed in Section 2.3, the field of human motion analysis, particularly gait analysis, has

found applications in a wide range of disciplines. In clinical contexts, gait analysis is vital in de-

tecting and monitoring disorders related to motor function. It supports the diagnosis and treatment

of conditions such as multiple sclerosis (Comber et al. (2017); Gholami et al. (2017)), Parkin-

son’s disease (Guo et al. (2022); Zanardi et al. (2021)), and stroke-related impairments (Kim et al.

(2022)). For older adults, gait characteristics such as balance and walking speed have been linked

to early signs of neurological decline (Osoba et al. (2019); Ronthal (2019)), aiding in timely inter-

ventions (Littrell et al. (2018)). Beyond clinical settings, gait analysis is employed in other fields.

In forensic science, it assists in identifying individuals through distinctive movement patterns and

body configurations visible in video recordings (Connor and Ross (2018); Nirenberg et al. (2018);

Singh et al. (2018); Birch et al. (2020)). In sports, quantitative assessments of muscular forces and

neuromuscular coordination inform training optimization and injury prevention strategies (Taborri

et al. (2020)). This type of quantitative assessment supports the understanding of muscle activa-

tion patterns and contributes to optimizing athletic performance by offering detailed insights into

the biomechanical and neuromuscular aspects of movement.

Gait analysis is commonly structured around three core domains: kinetic, kinematic, and

spatio-temporal. Kinetics refers to the study of the forces that generate and control movement
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during walking. These include internal joint moments and muscle forces, which are typically in-

ferred from external ground-reaction forces measured through force plates or pressure sensors.

Using biomechanical models, these forces are propagated upward through the lower limbs to esti-

mate joint loads and torques, providing insight into the mechanical demands placed on the body.

Kinematics, on the other hand, focuses on the motion of body segments without considering the

underlying forces. This includes measuring joint angles, angular velocities, and accelerations over

time, based on the trajectories of anatomical landmarks captured via motion capture systems or

video analysis. It provides a detailed view of how the body moves through space during the gait

cycle. Spatio-temporal analysis combines temporal parameters, such as cadence, step time, and

gait cycle time, with spatial measures such as stride length, step width, and walking speed. These

variables offer a global overview of gait performance and are particularly useful to identify asym-

metries or deviations from typical walking patterns.

3.2 Biomechanics and Terminology of Human Locomotion

Human locomotion is a complex and highly coordinated process that allows individuals to move

and interact effectively with their environment. It involves the interaction between multiple bod-

ily systems, particularly the musculoskeletal and nervous systems (Whittle (2007)). A detailed

understanding of the biomechanics underlying human locomotion is fundamental for advancing a

wide range of application domains, including rehabilitation, sport science, smart surveillance, and

human-robot interaction.

Terminology is a foundational element in the study of biomechanics, as it establishes a com-

mon language for accurately describing the complex processes involved in human movement. Its

consistent use is essential not only for clear communication but also for ensuring that findings can

be reliably compared and replicated across different studies. In the context of human locomotion,

specific terms are used to define the phases of the gait cycle, joint angles, patterns of muscle acti-

vation, and other biomechanical parameters. Although a solid understanding of the anatomy of the

locomotor system is important for interpreting these concepts, this thesis does not seek to provide

an exhaustive anatomical review, as such material is thoroughly covered in numerous textbooks

and scientific publications (Whittle (2007); Vaughan et al. (1999); Novacheck (1998); Saunders

et al. (1953); Winter (2009); Neptune et al. (2001); Vaughan (2003); Sutherland (2001, 2002,

2005)). The following sections provide a concise overview intended to support a clear understand-

ing of the fundamental principles of gait analysis. While not exhaustive, this background offers

the necessary conceptual foundation for the topics addressed throughout the thesis. It is important

to note that terminology can vary slightly across textbooks and scientific sources; therefore, the

terms adopted here reflect those most commonly used in the field, aiming to ensure clarity and

consistency.
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3.2.1 Gait Cycle and Gait Phases of Human Locomotion

The gait cycle, also known as stride cycle, encompasses the period between two consecutive oc-

currences of specific events during walking. Conventionally, it begins with the initial contact of a

foot on the ground and ends with the subsequent contact of the same foot on the ground (Kharb

et al. (2011)). It is a fundamental concept used in the study of locomotion, and its analysis pro-

vides valuable insights into the mechanics of walking and running. The end of one cycle is the

beginning of the next one and this periodic leg movement is the essence of the cyclic nature of

human gait.

The gait cycle is classically divided into two main phases: the stance phase, which begins

when the reference foot makes contact with the ground, and the swing phase, which follows once

that same foot leaves the ground and the corresponding leg moves forward in preparation for the

next foot strike (Whittle (2007); Winter (2009)). The stance period is the time during which the

foot is in contact with the ground. The swing period follows the stance period and is the time

during which the same foot is in the air.

Within each cycle, two distinct periods involve both feet in simultaneous ground contact –

referred to as double limb support periods – while the remaining intervals involve only one foot

supporting the body’s weight, known as single limb support periods. These phases and support

periods, along with the associated limb movements, are illustrated in Figure 3.1. For clarity, both

the figure and the phase descriptions presented in the following paragraphs consider the gait cycle

to begin with the initial contact of the right foot (shown in blue), concluding when the right foot

contacts the ground again. The left foot (depicted in green) follows the same sequence of phases

but is offset in time by half a gait cycle.

Figure 3.1: Illustration of the human gait cycle. The figure depicts the ordered phases and key
events comprising a full cycle, starting at right heel strike and ending at the subsequent right heel
strike. The right limb is colored blue and the left limb green. Image adapted from D’Août et al.
(2022); Neumann (2017).
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Stance Phase

During a normal1 walk, the stance phase – when the foot is in contact with the ground – typically

constitutes approximately 60% of the total gait cycle. As illustrated in Figure 3.1, this phase is

highlighted in the dark blue shaded row and labeled ’Stance (right).’ Key events marking the stance

phase include the initial Heel Strike, followed by the Toe Off of the opposite foot, Mid-Stance, a

subsequent Heel Strike of the opposite foot, and ending with Toe Off. This phase encompasses

four distinct sub-phases: Loading Response, Mid-Stance, Terminal Stance, and Pre-swing, each

corresponding to specific periods and functions within the stance portion of the gait cycle:

• Loading response right (≈ 0%–10% GC): this phase begins with the right heel strike (also

called initial contact) and ends with the contralateral (left) toe-off. The heel strike event

marks the start of the gait cycle, when the heel of the leading foot contacts the ground,

initiating shock absorption and deceleration of the limb. During this phase, up to the in-

stant of contralateral toe-off, both feet are on the ground, defining the first double-support

interval. Functionally, it involves impact absorption while maintaining forward progression

through controlled plantar-flexion at the ankle and controlled flexion at the knee, with hip

stabilization to support the trunk.

• Mid-stance right (≈ 10%–30% GC): spans from contralateral toe-off until the body pro-

gresses anterior to the ankle over the forefoot. This is the first full single-limb support inter-

val. The center of mass advances over the support foot, the knee moves toward extension,

and the hip is stabilized by the abductors, while the opposite limb is in swing.

Terminal stance right (≈ 30%–50% GC): begins at ipsilateral heel rise (right heel-off ) and

ends at the contralateral initial contact (left heel strike). The body progresses forward over

the forefoot, with the center of mass advancing anterior to the ankle and the trailing limb

approaching its peak hip extension. This phase secures forward progression and sets up

propulsion, with ankle plantar-flexor power building toward its peak at the end of terminal

stance and into pre-swing.

Pre-swing right (≈ 50%–60% GC): is the final portion of the stance phase. It begins at

contralateral initial contact (left heel strike) and ends at ipsilateral toe-off. This is the second

double-support interval, characterized by rapid unloading of the right limb and transfer of

body weight to the left. Characteristic actions include an increase in ankle plantar flexion,

along with a terminal "push-off" power burst, a rapid rise in knee flexion, and the initiation

of hip flexion to prepare the limb for swing.

1In the fields of biomechanics and gait analysis, the term "normal walk" is used to describe the typical walking
pattern observed in healthy individuals without significant gait abnormalities or impairments. This pattern involves a
rhythmic alternation of weight-bearing and non-weight-bearing phases, with a smooth transfer of body weight from
one leg to the other. (Oberg et al. (1993)).
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Swing Phase

The swing phase usually encompasses about the remaining 40% of the total gait cycle and it is

further divided into three sub-phases:

• Initial swing right (≈ 60%–75% GC): begins at ipsilateral toe-off and ends when the swing

foot is opposite the stance foot (feet adjacent). Its purpose is limb advancement with toe

clearance, driven by increasing hip flexion, rapid knee flexion, and the ankle moving from

plantar-flexion toward neutral.

Midswing right (≈ 73–87% GC): begins when the swing foot is opposite the stance foot (feet

adjacent) and ends when the swing tibia is vertical. The limb advances anterior to the body

while maintaining toe clearance, with decreasing knee flexion, continued (decelerating) hip

flexion, and the ankle approaching neutral.

• Terminal swing right (≈ 87–100% GC): begins when the swing tibia is vertical and ends at

heel strike (initial contact). The progression of the limb is completed as the knee extends to

near neutral, the hip maintains flexion, and the ankle is held near neutral to position the heel

for contact.

In healthy individuals, gait phases proceed continuously and follow the sequence described

above. However, deviations may arise in the presence of abnormalities, making the identification

of gait phases a valuable method for detecting gait anomalies. In pathological gait patterns, certain

gait phases may be absent, and the timing of gait phases can differ from those observed in a typical

gait.

3.2.2 Planes of Motion

The planes of motion refer to the fundamental frameworks used in biomechanics to analyze and

describe human movement in three-dimensional space. The three cardinal planes of the body –

sagittal, frontal, and transverse – serve as essential reference points for understanding movement

dynamics (Richards et al. (2022)), as depicted in Figure 3.2:

• Sagittal plane. It is a vertical plane parallel to the sagittal suture that divides the body into

left and right portions. Motions in this plane occur about a mediolateral axis and consist

primarily of flexion and extension, for example, trunk flexion/extension, hip and knee flex-

ion/extension, ankle dorsiflexion/plantarflexion, and nodding of the head. Locomotor tasks

such as walking and running express predominantly sagittal-plane kinematics, especially

at the hip, knee, and ankle, although smaller frontal and transverse components are also

present.

• Frontal plane. It is a vertical plane parallel to the coronal suture that divides the body into

anterior and posterior portions. Motions in this plane occur about an anteroposterior axis

and include abduction/adduction of the limbs, lateral flexion of the trunk/neck, radial–ulnar
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Figure 3.2: The three cardinal planes of the body: sagittal, frontal, and transverse (horizontal) are
illustrated with a person in the anatomical position. Source: Neumann (2017).

deviation at the wrist, and inversion/eversion at the subtalar joint. Examples include raising

the arm sideways (abduction) and the limb movements in a jumping jack.

• Transverse plane (axial/horizontal). In standard anatomical position, this plane is parallel

to the ground and divides the body into superior (upper) and inferior (lower) parts. Motions

in the transverse plane are axial rotations, for example, trunk rotation about a vertical axis,

internal/external rotation of the hip, and head rotation. Activities such as swinging a golf

club or throwing a ball include a prominent transverse-plane rotation of the trunk, though

they also involve sagittal- and frontal-plane components.

3.3 Parameters of Gait

Parameters of human gait are fundamental metrics for analyzing and characterizing walking pat-

terns. They span anthropometric, spatio-temporal, kinematic, kinetic, and electromyography
domains, each offering a distinct perspective on movement mechanics: anthropometric factors

capture body size, segment lengths, and proportions; spatio-temporal measures describe the tim-

ing and spatial organization of gait events; kinematic features quantify joint/segment angles, ve-

locities, and accelerations; kinetic variables assess forces and moments acting on the body; and

electromyography indices reflect muscle activation timing and amplitude across the gait cycle.

Given the diversity of analysis approaches, careful selection of parameters is essential, as research

outcomes depend critically on choosing characteristics suited to the specific context.

3.3.1 Anthropometric Parameters

Anthropometric parameters are physical and body-composition measurements that include age,

sex, weight, height, limb lengths, and Body Mass Index (BMI). These parameters have been
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shown to significantly influence gait patterns. Consequently, the analysis of gait within groups

with matched anthropometric profiles facilitates the isolation of their impact. The identification of

anthropometric influences serves to reduce variability and elucidate the gait characteristics asso-

ciated with specific physical traits.

3.3.2 Spatio-temporal Parameters

Spatio-temporal parameters primarily focus on the time and distance-related aspects of walking.

These parameters encompass a variety of measurements related to both the spatial and temporal

aspects of gait, offering valuable information about the rhythm, pace, and symmetry of walking

patterns. Spatial parameters include measurements such as step length, stride length, and width,

while temporal parameters include factors like gait speed, cadence, stance and swing duration

(Pattanapisont et al. (2023)). Next, the various spatio-temporal features of gait are listed with a

brief description, where the corresponding unit of measurement are enclosed in square brackets:

all length units are in meters (m), time is in seconds (s), and velocity is in meters per second (m/s).

• Step length (left or right) [m]: is the anterior-posterior distance between successive heel

contact points of the opposite feet. The right step length is the distance from the left heel to

the right heel when both feet are in contact with the ground.

• Stride length [m]: it is defined as the anterior-posterior distance between two successive

heel contact points of the same foot. A gait cycle or stride is comprised of two steps. In the

case of normal gait, the stride length, also referred to as the cycle length, is equal to that of

double-step length.

• Step width [m]: refers to the lateral distance between the midpoint of one foot and the

midpoint of the other foot during the walking line of progression.

• Cadence [steps/min]: it is defined as the number of steps taken per unit of time.

• Stance time (left or right) [s]: designates the duration from the first contact to the final

contact of a single footstep during walking.

• Swing time (left or right) [s]: refers to the duration of the phase when the foot is not in

contact with the ground and is swinging forward in preparation for the next step.

• Single limb support time (left or right) [s]: refers to the duration from the moment the

opposite foot leaves the ground to the point when the same foot lands again during walking.

• Double limb support time [s]: refers to the duration during the gait cycle when both feet

are simultaneously in contact with the ground.

• Step time (left or right) [s]: refers to the time elapsed from initial contact of one foot to

initial contact of the opposite foot.
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• Stride time [s]: refers to the duration of a complete cycle of walking, beginning with the

initial contact of one foot with the ground and ending when the same foot makes contact

with the ground again.

• Walking velocity (also referred as gait speed) [m/s]: distance covered per unit time dur-

ing steady-state walking; typically computed as the measured stride length divided by the

measured stride time.

The analysis of these parameters is essential for characterizing normative gait and detecting

pathological deviations. For example, reduced gait speed, particularly when accompanied by cog-

nitive decline, is significantly associated with a higher risk of dementia in older adults (Collyer

et al. (2022)). In Parkinsonian gait, shortened step lengths, prolonged double-stance phases, and

increased step width are frequently observed (Morris et al. (1999)). For instance, individuals with

knee osteoarthritis typically show a reduced step length on the affected limb relative to the con-

tralateral side (Chen et al. (2020)).

3.3.3 Kinematic Parameters

Kinematic parameters describe the mechanical characteristics and detailed movement patterns of

joints and body segments during gait, independent of the forces causing these movements. These

parameters encompass joint angles, segmental positions, velocities, accelerations, and trajectories

based on anatomical landmarks. Specifically, metrics such as hip, knee, and ankle joint angles, as

well as segmental velocities and angular accelerations, are crucial for assessing the coordination,

efficiency, and fluidity of gait. The evaluation of these kinematic features facilitates the identi-

fication of movement inefficiencies, abnormalities, or compensatory patterns, thereby providing

valuable insights into the overall quality of gait.

Furthermore, kinematic analysis encompasses metrics that extend beyond those specific to

joints, incorporating broader characteristics such as linear and angular displacements, as well as

their temporal derivatives, which include velocities and accelerations. Examining these trajecto-

ries allows for comprehensive assessment of segmental motion timing, coordination, and smooth-

ness across the entire gait cycle. Deviations from typical kinematic patterns can reveal underlying

musculoskeletal or neurological impairments, establishing kinematic analysis as a critical tool for

both clinical diagnosis and performance optimization. For instance, a comparative analysis of

three-dimensional motion capture data revealed substantial disparities in ankle dorsiflexion and

rotations, knee and hip flexion-extension and rotations, and pelvic rotation between adults with

flatfoot and those with neutral feet, thereby substantiating the existence of posture-related alter-

ations in gait (Marouvo et al. (2021)).

3.3.4 Kinetic Parameters

Kinetic parameters are the forces and moments that govern the mechanics of human gait. They

include the three-dimensional ground-reaction force (GRF) (Park and Kim (2022)), the vertical
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free moment (Begue et al. (2018)), the center-of-pressure (COP) trajectory (Jeon and Cho (2020)),

net joint moments (torques) (Mundt et al. (2020)), joint reaction forces, and joint powers/work

(Mentiplay et al. (2018)). GRF, free moment, and COP are measured using force platforms or

instrumented treadmills, whereas plantar-pressure distribution is obtained from pressure plates

or in-shoe sensors. Net joint moments, joint powers, and joint reaction forces are not measured

directly. They are estimated via inverse dynamics by combining GRF with whole-body kine-

matics and segmental anthropometrics (mass and inertia). When normalized to body mass and

interpreted alongside center-of-mass (CoM) kinematics, these parameters reveal the mechanical

demands placed on joints and muscles, supporting both the diagnosis of gait abnormalities and

performance optimization.

3.3.5 Electromyography Parameters

Electromyography (EMG) captures the spatio-temporal pattern of muscle activation during gait by

recording motor unit action potentials (MUAPs) via surface or intramuscular electrodes. Surface

EMG is preferred in gait studies due to its non-invasiveness, while intramuscular EMG provides

higher selectivity at the cost of invasiveness. The quality of the signal is influenced by various

factors, including the placement and orientation of the electrodes with respect to the muscle fiber

direction, the electrode dimensions, the inter-electrode distance, the composition of the subcu-

taneous tissue (i.e., fat and muscle), and interference (crosstalk) from adjacent muscles. These

factors must be controlled alongside standard preprocessing techniques, such as band-pass filter-

ing, rectification, and envelope extraction (Agostini et al. (2020); Papagiannis et al. (2019)).

Collectively, amplitude, timing, and co-activation parameters offer a compact yet comprehen-

sive description of muscle recruitment, coordination, and neuromuscular control during locomo-

tion, and are sensitive to pathological gait adaptations and rehabilitation-induced changes.

Amplitude-based parameters quantify activation magnitude and include peak and mean enve-

lope values, the root-mean-square (RMS) amplitude, and integrated electromyography (iEMG).

To ensure inter-subject comparability, amplitude measures are typically normalized to a maximal

voluntary contraction (MVC) or to peak activity over a reference task or gait cycle (Yang and

Winter (1984); Halaki and Ginn (2012)).

Temporal parameters delineate the dynamics of activation in relation to gait events, such as

onset and offset relative to heel strike and toe-off, as well as activation duration and time-to-

peak. These metrics facilitate the evaluation of inter-muscle timing relationships (e.g., tibialis

anterior vs. gastrocnemius) and stride-to-stride variability, thereby supporting inference about

neuromuscular coordination and motor control strategies.

Co-activation indices provide a quantitative assessment of the simultaneous activity of antag-

onistic or synergistic muscle pairs (e.g., tibialis anterior–gastrocnemius, quadriceps–hamstrings)

during specific phases of gait (Winby et al. (2013)). These indices offer an indirect measure of

joint stiffness regulation and stabilization demands. When relevant, frequency-domain descriptors

(e.g., median or mean frequency) and time–frequency features (e.g., wavelet energy) can be used

to probe muscle fatigue or changes in motor unit recruitment.
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3.3.6 Other Parameters

Beyond the core spatio-temporal, kinematic, and kinetic descriptors, additional parameters provide

complementary insight into stability, coordination, variability, smoothness, and task complexity

during human locomotion. Many of these measures can be obtained non-invasively with vision-

based systems that continuously track body segments across the gait cycle.

• Center-of-Mass (CoM) displacement (Tesio and Rota (2019)): is the time-varying change

in the 3D position of the whole-body CoM relative to a defined reference frame (e.g., labora-

tory coordinates), typically reported along the anterior–posterior, mediolateral, and vertical

axes. Vision-based tracking of anatomical landmarks can be used to estimate the CoM tra-

jectory, aiding the assessment of dynamic stability and balance control. Deviations from

typical patterns may indicate impaired balance or increased fall risk.

• Gait symmetry (Viteckova et al. (2018)): is defined as the extent to which the movements

of the left and right limbs during activities such as walking or running are similar. This is a

critical measure in biomechanics, as it quantifies how closely the movement patterns of one

side of the body mirror those of the opposite side. This concept is of particular importance

when assessing balance and coordination, as well as identifying potential movement impair-

ments. In order to assess gait symmetry, a range of kinematic parameters must be analyzed.

These parameters include, but are not limited to, joint angles, range of motion, and timing

of limb movements. Discrepancies in these parameters between the left and right sides have

the capacity to reveal underlying imbalances or irregularities. For instance, asymmetries in

joint angles or step length may be indicative of musculoskeletal disorders, neurological con-

ditions, or compensatory patterns arising from pain or injury. Accurate measurement of gait

symmetry is instrumental in facilitating the identification of movement inefficiencies, lead-

ing to the diagnosis of conditions and the subsequent tailoring of rehabilitation processes to

restore normal and balanced gait patterns.

• Foot (toe) clearance (Fan et al. (2020a)): denote the minimum vertical distance between the

swinging foot (which is frequently the hallux marker) and the ground during swing. Precise

tracking of foot trajectory allows estimation of minimum toe clearance and its variability,

which is critical for identifying trip risk and monitoring rehabilitation progress.

• Symmetry and asymmetry indices (Viteckova et al. (2018)): are used to quantify left-

right differences in specific parameters of gait (e.g. step length, stance time, arm swing

amplitude). Common formulations (e.g., symmetry index or asymmetry ratio) have been

shown to facilitate the detection of unilateral impairments and the monitoring of recovery.

• Stride-to-stride variability (Oudenhoven et al. (2019)): The dispersion (e.g., coefficient of

variation) of gait measures across consecutive cycles. Elevated temporal or spatial variabil-

ity, beyond normal physiological levels, can signal poorer locomotor control.
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• Harmonic ratio (trunk accelerometry) (Fransen et al. (2019)): is a frequency-domain mea-

sure derived from segment (often trunk) accelerations that reflects step-to-step rhythmicity

and smoothness. Lower values indicate poorer gait regularity and symmetry.

• Movement smoothness (Antonelli et al. (2024); Beck et al. (2018)): is determined by the

evaluation of time-domain metrics (e.g., normalized jerk, SPARC) which quantify the reg-

ularity of body-segment trajectories (e.g., trunk or feet). Lower smoothness values may be

indicative of increased neuromotor noise or the utilization of compensatory control strate-

gies.

• Margin of Stability (Watson et al. (2021)): is the instantaneous distance between the ex-

trapolated CoM and the limits of the base of support in anteroposterior and mediolateral

directions. It is evident that reduced margins, or negative margins, are indicative of dimin-

ished dynamic stability and an augmented propensity for falling.

• Turning and transition metrics (Weston et al. (2024)): is a quantitative analysis of turn-

ing behavior (e.g. peak yaw rate, turn duration, steps per turn) and sit-to-stand/stand-to-sit

transitions, with the objective of comprehensively assessing task complexity and vestibu-

lar–postural integration in contexts beyond straight-line walking.

• Arm swing amplitude and symmetry (Hill and Nantel (2019)): is an indicator of trunk–limb

coordination, with the capacity to serve as a sensitive marker of neurological conditions and

compensatory strategies.

Collectively, these parameters extracted from continuous tracking of body and foot motion

offer a more holistic view of gait dynamics and control.

3.4 Normative Values of Gait Parameters

The normative values of gait parameters are standardized reference measurements derived from

large samples of healthy individuals without musculoskeletal, neurological, or other conditions

that could affect walking, i.e., individuals exhibiting normal gait. These parameters encompass

spatio-temporal metrics, such as velocity, step and stride length, cadence, stance and swing propor-

tions, double support, and step width, as well as joint kinematics across the gait cycle, particularly

at the hip, knee, and ankle. Establishing normative values is imperative for detecting clinically

meaningful deviations, monitoring longitudinal change, and evaluating intervention effectiveness

in conditions such as stroke (Selves et al. (2020)), cerebral palsy (Papageorgiou et al. (2019)),

Parkinson’s disease (Creaby and Cole (2018)), and during post-surgical recovery (Gurchiek et al.

(2019)). In research, normative values provide reference standards for validating new gait anal-

ysis methods, calibrating measurement systems, and benchmarking machine-learning models for

event detection and classification. Furthermore, they facilitate the implementation of quality con-

trol measures and the establishment of cross-study comparability by ensuring that the distributions
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of key variables (for example, spatio-temporal means, joint-angle ranges) are consistent with the

expected confidence intervals for comparable populations and acquisition conditions.

Since gait evolves with growth and declines with aging, and is further influenced by sex/gen-

der, stature, and habitual speed, stratifying normative values by age group (and, when feasible,

by sex) is essential to avoid misinterpretation from heterogeneous samples. For example, classic

pediatric studies show that determinants such as velocity, cadence, step length, and single-support

time approach near-adult values by approximately 2–3 years of age, while spatio-temporal scaling

continues to adjust until around 7 years (Bach et al. (2021); Hillman et al. (2009); Froehle et al.

(2013)). In contrast, healthy aging is typically associated with slower preferred speed, shorter

steps and strides, longer double-support phases, and subtle kinematic changes – notably reduced

peak hip extension in stance and reduced ankle plantar-flexion at push-off (Hollman et al. (2011);

van Hoeve et al. (2017)). It is therefore imperative that a careful stratification by these covariates

is undertaken for valid comparisons, accurate inference, and the ability to generalize both clinical

and research findings.

3.4.1 Normative Values for Spatio-Temporal Parameters

Spatio-temporal parameters including stride length, walking speed, cadence, and the distribution

of stance and swing phases provide objective descriptors of gait performance. The establishment

of reliable reference values enables clinicians and researchers to identify deviations that can be

associated with musculoskeletal impairments, neurological conditions, or age-related decline.

Several large-scale studies have reported normative datasets (Hollman et al. (2011); Rowe et al.

(2021); Dusing and Thorpe (2007)), most notably the decade-resolved reference tables by Öberg

et al. (1993), complemented by cross-sectional analyses from Samson et al. (2001). Together,

these works show that, between 20 and 59 years, spatio-temporal parameters are relatively stable:

stride length and speed show only modest, gradual decreases, cadence is largely age-independent,

and the relative durations of stance and swing remain consistent at preferred speed. In a recent

study, Rössler et al. (2024) analyzed a balanced group of subjects spanning the adult lifespan,

thereby confirming this pattern using modern walkway instrumentation and distributional model-

ing. The study found that gait speed and stride length decline with age, but differences become

most pronounced from the eighth decade onward (≈ 80–91 years) compared with younger groups,

and variability/asymmetry measures increase with age. These findings serve to reinforce the inter-

pretation that midlife (20–59 years) occupies a comparatively narrow “normative band” whereas

later life shows clearer divergence from midlife norms.

Table 3.1 presents normative values for six commonly reported parameters in healthy adults

aged 20–59 years. These values (means ± SD) were obtained under self-selected walking speed

on instrumented walkways and are suitable as benchmarks for both clinical assessments and ex-

perimental studies. When sex- or height-specific interpretation is required, base the analysis on the

original tables and, where appropriate, apply normalization procedures described in the literature

(Öberg et al. (1993)).
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Table 3.1: Normative spatio-temporal gait parameters at preferred speed (ages 20–59, healthy
adults). Source: Oberg et al. (1993).

Age band Stride length Speed Cadence Step length Stance phase Swing phase

20–29 1.45±0.10 1.40±0.12 112±6 0.73±0.05 60±2 40±2
30–39 1.44±0.10 1.38±0.12 112±6 0.72±0.05 60±2 40±2
40–49 1.42±0.11 1.35±0.13 111±6 0.71±0.06 61±2 39±2
50–59 1.39±0.12 1.30±0.14 110±6 0.70±0.06 62±2 38±2

Units. Stride/Step length in meters (m); Speed in meters per second (m/s); Cadence in steps per minute
(steps/min); Stance/Swing phase in percent of gait cycle (%). Values are mean ± SD at self-selected speed on

instrumented walkways.

3.4.2 Normative Values for Kinematic Parameters

At the hip, the sagittal motion alternates quasi-sinusoidally between flexion and extension over

the gait cycle (see Fig. 3.3), with modest variability due to walking speed, subject individuality,

and landmark definitions, yet remaining relatively consistent even in older adults (Latorre et al.

(2019); Rowe et al. (2021)). Maximum hip flexion (∼ 30◦) typically occurs during the terminal

swing phase (≈ 85–100% GC), positioning the limb for heel strike (initial contact). A brief de-

celeration or small extension may occur before heel strike. After initial contact, the hip extends

through stance as the body progresses over the limb, reaching ∼ 10–15◦ of peak extension near

terminal stance or early pre-swing (≈ 40–60%), often just after contralateral foot strike. With toe-

off at ≈ 60% GC, the hip then flexes to advance the limb and prepare for the next initial contact.

In the frontal plane, small-amplitude adduction during single-limb support is resisted by the hip

abductors to limit contralateral pelvic drop and maintain mediolateral stability; in the transverse

plane, low-amplitude internal–external rotation aligns the knee and foot with the direction of pro-

gression, aiding clearance and efficient redirection (Kirtley (2006); Perry and Burnfield (2024);

Winter (1991)).

Figure 3.3: Normative range for the hip flexion/extension angle over the gait cycle, showing the
mean trajectory and the variability band (shaded area). Adapted from Kirtley (2006).

The knee kinematics are dominated by sagittal-plane motion, exhibiting two characteristic

flexion peaks in each gait cycle (see Fig. 3.4), while smaller frontal and transverse motions con-
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tribute to alignment and stability. At heel strike (initial contact), the knee is near extension (typ-

ically ≈ 0–5◦, with variability from slight hyperextension ∼ −2◦ to ∼ 10◦ flexion; mean ∼ 5◦).

During loading response (≈ 0–10% GC), the knee flexes to ≈ 15–20◦ to absorb impact, with the

quadriceps acting eccentrically to regulate the rate of flexion against the external flexion moment

from the ground-reaction force. Through mid-stance (≈ 10–30% GC), the knee re-extends toward

near full extension (≈ 0–5◦) to provide an efficient strut for body-weight support and forward pro-

gression. The second, larger flexion peak occurs during swing: following heel rise and pre-swing,

toe-off typically occurs near ≈ 60% GC when knee flexion is ∼ 40◦, after which the knee flexes

rapidly to a peak of ≈ 60–70◦ in early-to-mid swing (≈ 60–80% GC). This swing-phase flexion,

together with ankle dorsi-/plantar-flexion, shortens functional limb length to ensure toe clearance,

before late-swing rapid extension prepares the limb for the next initial contact. The amplitude and

timing of these features vary with walking speed, individual differences, and landmark definitions

(Heiden et al. (2009); Fukuchi et al. (2019)).

Figure 3.4: Normative range for the knee flexion angle over the gait cycle, showing the mean
trajectory and the variability band (shaded area). Adapted from Kirtley (2006).

The ankle motion follows a tri-phasic pattern that supports weight acceptance, tibial progres-

sion, and propulsion (see Fig. 3.5). Immediately after heel strike, at the initial contact, controlled

plantarflexion lowers the forefoot to the ground under eccentric dorsiflexor control, contributing

to shock absorption. Through mid-stance (≈ 30–40% GC), the tibia advances over a relatively

fixed foot, producing dorsiflexion that commonly peaks around ≈ 10–15◦, regulated by eccentric

plantarflexors. In terminal stance and pre-swing phases (≈ 45–60% GC), the ankle rapidly plan-

tarflexes toward a second peak (≈ 15–20◦) that coincides with heel rise and push-off, providing a

major contribution to forward progression via a plantarflexor power burst. During swing, the ankle

dorsiflexes rapidly to achieve and typically sustain a neutral position (0◦ to ≈ 5◦ dorsiflexion) by

mid-swing, thereby ensuring adequate toe clearance and minimizing the risk of foot-drop. Overall

sagittal range of motion during walking is typically≈ 20–40◦ (Zelik and Honert (2018); Neumann

(2017)).

These peak kinematic parameters, when analyzed collectively, offer a comprehensive view of

lower-limb joint behavior during walking. Deviations from typical values may indicate biome-
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Figure 3.5: Normative range for the ankle dorsi-/plantar-flexion angle over the gait cycle, showing
the mean trajectory and the variability band (shaded area). Adapted from Kirtley (2006).

chanical dysfunctions and are often used to assess pathological gait, design rehabilitation pro-

grams, or evaluate performance in clinical and athletic populations.

3.5 Sensing Technologies in Gait Analysis

Gait analysis critically depends on the data acquisition technology employed, as each sensing

modality determines which parameters of movement can be measured, with what precision, and

under which conditions. The technological setup therefore defines the scope of observable gait do-

mains – spatio-temporal, kinematic, kinetic, or electromyographic – and constrains the reachable

accuracy, repeatability, and ecological validity. Broadly, these technologies can be categorized

into two primary groups: wearable systems, which comprise sensors attached to the body or inte-

grated into personal objects, and non-wearable systems, encompassing external instrumentation

such as cameras, force plates, or pressure walkways. This distinction is foundational because it

conditions what can be measured, where measurements can be taken, the complexity of the setup,

and the overall cost (Muro-de-la Herran et al. (2014)).

Concretely, optical motion capture emphasizes kinematics (joint angles, segment trajectories);

force plates resolve kinetics (ground-reaction forces, joint moments); pressure walkways recover

spatio-temporal measures (cadence, velocity, step/stride length, stance/swing time); and surface

EMG captures electromyography (activation timing and intensity across the gait cycle) (Tao et al.

(2012)). Across modalities, several trade-offs recur: precision versus accessibility (high-end lab-

oratory systems are typically more precise but expensive and infrastructure-heavy), experimental

control versus real-world validity (controlled conditions versus continuous, minimally obtrusive

measurement in natural environments), cost and scalability, and requirements for calibration, syn-

chronization, and usability (setup time, operator expertise, tolerance to placement variability).

3.5.1 Wearable Technologies

Wearable systems have democratized gait monitoring by facilitating portability, continuous as-

sessment, and real-time feedback at a comparatively low cost. The strengths of this technology

include its versatility (modular sensors covering multiple segments), objectivity, and its seamless
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integration into daily routines, such as smartphones and smartwatches. The inherent limitations

of these systems may include variability in placement, the necessity for calibration, drift in in-

ertial sensors during extended recordings, potential interference with natural movement, battery

life and charging requirements, and user compliance over prolonged periods. These factors moti-

vate standardized protocols for sensor placement, synchronization, and external validation against

reference systems (Pantelopoulos and Bourbakis (2010); Prasanth et al. (2021)).

Inertial Measurement Units (IMUs)

IMUs combine accelerometers, gyroscopes, and often magnetometers. The placement of the sen-

sor varies according to the targeted metrics, with common locations including the shoe, the an-

kle/shank, the waist, and the trunk (see Fig. 3.6a). These sensors offer high temporal resolution,

portability, and the ability to capture details of accelerations and angular velocities during various

phases of the gait cycle. Systematic reviews document the sensors’ robust performance and real-

time gait event detection across healthy and clinical populations (Prasanth et al. (2021); Ye et al.

(2020); Mo and Chow (2018); Storm et al. (2016)).

IMUs are robust to visual occlusions and are relatively inexpensive. However, these sensors

are susceptible to integration drift, sensitivity to magnetic disturbances, and challenges with gen-

eralization outside controlled settings. To ensure accuracy, careful calibration and cross-validation

are essential (Zhou et al. (2020); Prasanth et al. (2021)).

Force/Pressure Sensors (instrumented insoles, plantar sensors)

Instrumented insoles are designed to measure plantar pressure and/or normal plantar force (see

Fig. 3.6b). This facilitates the estimation of the vertical ground-reaction force (GRF) and deriva-

tion of contact time, loading/impulse, and regional load distribution in the foot. Multiple vali-

dation studies report concurrent validity versus force plates for walking and running (e.g., peak

force/impulse and stance time) (Muro-de-la Herran et al. (2014)). Strengths include high temporal

resolution (≈100–200 Hz) and on-site measurement, whilst limitations include lower spatial gran-

ularity than high-resolution mats, calibration drift across sessions/footwear, and durability under

prolonged or high-impact use (Martini et al. (2020)).

Surface Electromyography (sEMG)

Surface electromyography records muscle electrical activity via adhesive electrodes (see Fig. 3.6c).

Standard pipelines implement band-pass filtering, rectification, and envelope extraction to obtain

activation profiles aligned with gait events; normalization (e.g., MVC or functional tasks) is crit-

ical for inter-subject comparability. The method supports the analysis of muscle synergies, the

detection of pathological co-activation, and the determination of the optimal timing for assistive

interventions. Limitations include motion artefacts, crosstalk, and sensitivity to electrode place-

ment and normalization strategy. More evidence on these limitations can be found in focused

reviews on gait sEMG (Papagiannis et al. (2019); Felici and Del Vecchio (2020)).
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(a) (b) (c) (d) (e)

Figure 3.6: Examples of wearable sensing technologies used in gait analysis: (a) IMU placement
for lower-limb gait data acquisition (Garcia et al. (2022)); (b) positioning of an instrumented pres-
sure insole inside the shoe (Salis et al. (2021)); (c) surface EMG applied over the rectus femoris
(RF) and vastus lateralis (VL) (Di Nardo et al. (2020)); (d) a smartphone affixed to the lumbar
region for in-clinic assessments of walking speed and postural stability (Doshi et al. (2023)); (e)
robotic exoskeleton gait training with a physical therapist (Nolan et al. (2020)).

Smartphones and Smartwatches

Commodity devices are equipped with accelerometers and gyroscopes, with sampling rates rang-

ing from 50 to 200 Hz (see Fig. 3.6d). These devices typically have accessible application pro-

gramming interfaces (APIs) which facilitate the estimation of steps, cadence, and speed in real-

world settings. Validation studies report acceptable reliability and validity in controlled and clini-

cal contexts (Longoni et al. (2019); Mourcou et al. (2015); Auepanwiriyakul et al. (2020)). Recent

vision-based toolchains using multiple smartphones (e.g., OpenCap) reconstruct 3D kinematics

and even estimate dynamics from synchronized videos, bridging lab-grade insights and scalable

field assessments (Uhlrich et al. (2023); Turner et al. (2024)).

Instrumented Exosuits/Exoskeletons

Assistive and rehabilitation devices typically integrate on-board sensing mechanisms to support

phase detection and control: IMUs for gait-event and phase estimation; joint encoders/potentiome-

ters for angles and velocities; and load cells/strain gauges (or inline torque sensors) for cable/ac-

tuation forces (see Fig. 3.6e). These signals reveal metrics of human-robot interaction, including

interaction forces/torques, delivered assistance and mechanical power, and timing error. They

also enable real-time closed-loop controllers (impedance/admittance, phase-dependent, intent-

adaptive) that synchronize and personalize assistance over the gait cycle (Kalita et al. (2020);

Baud et al. (2021); Chen et al. (2019); Arslan et al. (2019)).

3.5.2 Non-Wearable Technologies

Non-wearable systems for gait analysis include optical motion capture (marker-based and mark-

erless), force plates, pressure walkways, and radar, LiDAR, or ultrasonic sensors. Most of these
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solutions typically require substantial infrastructure and rigorous calibration or synchronization.

Nevertheless, they can deliver high precision and multimodal data for both kinematic and kinetic

analysis. These modalities differ in the type of information they encode, ranging from 2D joint

keypoints to RGB-D point clouds and full 3D reconstructions. Consequently, they exhibit different

levels of setup complexity, robustness to environmental factors, and achievable fidelity. Optical

motion capture remains the gold standard in controlled laboratory spaces, offering high-resolution

kinematic data, but it entails significant infrastructure and operator requirements that can limit

viability.

Modern markerless pose estimation approaches promote real-world validity by enabling natu-

ral, minimally intrusive recordings, yet they remain vulnerable to occlusions, clothing variability,

and domain shifts in the underlying models. Depth-based cameras relax some constraints on light-

ing and cost, while compact multi-view rigs have reduced barriers to use in clinical and domestic

contexts.

Optical Motion Capture (marker-based)

Multi-camera systems (e.g., Vicon, OptiTrack, Qualisys) with retro-reflective markers provide

three-dimensional trajectories and joint kinematics through skeletal modeling (see Fig. 3.7a).

Marker-based motion capture (MoCap) is widely recognized as the gold standard for three-dimensional

kinematics due to its sub-degree accuracy when properly calibrated (Balazia and Sojka (2018);

Moro et al. (2022)). However, this method requires meticulous calibration, skilled operators, pre-

cise marker placement, and substantial investments in equipment and maintenance (Eichelberger

et al. (2016); Yahya et al. (2019)).

Markerless Motion Capture / Computer Vision

Markerless approaches rely on RGB cameras and/or depth sensors. They capture visual data

of individuals walking and employ image processing and learning-based techniques to extract

relevant gait information (Singh et al. (2018); Sandau et al. (2014)). Through segmentation, feature

extraction, and pattern recognition (Needham et al. (2022)), these systems can generate kinematic

measurements across the gait cycle, identifying key gait events with high accuracy using modest

hardware and short setup times (Clark et al. (2019); Sikandar et al. (2021); Yagi et al. (2020)).

RGB Cameras. RGB cameras provide rich appearance cues (e.g., color, texture, contours) at

low cost and with rapid, non-intrusive setup, making them attractive for gait monitoring in clin-

ics and real-life settings (Yagi et al. (2020)). In typical pipelines, individuals are detected in

each frame and two-dimensional human pose is estimated as a set of anatomical keypoints using

learning-based models (Sarafianos et al. (2016); Zheng et al. (2023a)) (see Fig. 3.7b). Trajectories

are then temporally filtered to derive spatio-temporal parameters, including cadence, step/stride

timing, and length. Three-dimensional pose can be obtained either (i) by multi-view triangulation

after camera calibration or (ii) by monocular “lifting”, which utilizes learned biomechanical priors
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to infer depth. These choices involve a trade-off between setup complexity and metric accuracy.

Key limitations of monocular setups include the absence of true depth (scale ambiguity), sensi-

tivity to camera placement and lighting, and vulnerability to self-occlusions and clothing. Best

practices—appropriate viewing distance, oblique camera angles, multi-view configurations, and

careful model selection—mitigate many of these issues (Stenum et al. (2024)). Privacy concerns

can be reduced by on-device inference and by storing only derived keypoints or silhouettes rather

than raw video. Despite constraints, the ubiquity of RGB sensors and mature pose-estimation

tooling enable real-time, markerless gait analysis at scale (Yagi et al. (2020); Wade et al. (2022)).

Depth Sensors. Depth cameras (e.g., Kinect v2/Azure Kinect, Intel RealSense) generate per-

frame depth maps/point clouds (and frequently vendor skeletal tracks – see Fig. 3.7c), which

facilitate background subtraction, provide metric scale without calibration objects, and exhibit

greater tolerance to illumination changes than RGB alone (Wang et al. (2020)). These character-

istics support tasks such as presence detection (Fuentes-Jimenez et al. (2020)), distance/rhythm

estimation, fall detection (Panahi and Ghods (2018)), and fine-grained kinematic analysis (Faity

et al. (2022)). However, depth modalities typically operate with lower spatial resolution, lim-

ited effective range and field of view (FOV), and characteristic artefacts (multipath interference,

glossy/absorbing surface failures, edge “flying pixels”). Technology choices (structured light, ac-

tive stereo, time-of-flight, infrared thermography) involve clear trade-offs in cost, accuracy, range,

and robustness that have been reviewed in these works: Muro-de-la Herran et al. (2014); Tölgyessy

et al. (2021); Dal Mutto et al. (2012). Because depth does not convey color or texture, RGB-D

fusion is often employed to combine the appearance strength of RGB with the metric geometry of

depth, enhancing tracking stability while preserving a high degree of privacy.

Force Plates

Force plates measure tri-axial ground-reaction forces and moments about the plate origin, from

which center-of-pressure (CoP) trajectories are computed (Simonet et al. (2024)) (see Fig. 3.7d).

When combined with segment kinematics, they enable inverse-dynamics estimation of joint ki-

netics (net joint moments and powers). Due to the high sampling rates of approximately 1–2 kHz

and the excellent accuracy of force plates, they serve as a reference for the detection of gait events

(i.e. heel-strike/toe-off), phase partitioning and asymmetry analysis in clinical and research set-

tings (Gonçalves et al. (2020)). Principal limitations include the small effective area, necessitating

precise foot placement or multi-plate/walkway setups, together with cost, fixed infrastructure, and

the need for rigid mounting and careful calibration (Perry (2010)). They also capture only brief

contact intervals and may induce targeting behavior if participants aim their steps at the plate.

Pressure Mats/Walkways

Pressure walkways (e.g., GAITRite) employ dense pressure sensor arrays to capture foot-ground

contact patterns and derive spatio-temporal parameters, such as gait speed, cadence, stride/step
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length, and stance/swing times (Parati et al. (2022); Bilney et al. (2003); Menz et al. (2004)).

These parameters exhibit strong reliability and concurrent validity. Compared with in-shoe insoles,

walkways offer high spatial resolution over a fixed global coordinate frame and do not require

participant instrumentation. Their kinetic capabilities are limited: they sense normal pressure (not

shear), provide only indirect CoP estimates, and cannot recover full ground-reaction forces or joint

kinetics as force plates do. Practical constraints include finite walkway length (fewer steady-state

steps), deployment typically restricted to indoor, level surfaces, potential “targeting” of footfalls

by participants, and sensitivity to footwear, contact-thresholding, and calibration settings, all of

which can affect measurement reliability.

Radar, LiDAR, Ultrasonic

Frequency-modulated continuous-wave (FMCW) and Doppler radars operate independently of

ambient light and enable privacy-preserving, contactless gait sensing (see Fig. 3.7e). By analyzing

range-Doppler and micro-Doppler signatures, it is possible to estimate spatio-temporal parameters

(e.g., cadence, step/stride timing) and coarse segmental velocities, with exemplar studies showing

good agreement against reference systems (Figueiredo et al. (2025); Wan et al. (2018)). LiDAR

and ultrasonic modalities have also been investigated for presence detection, ranging, and rhythm

estimation (Parashar et al. (2023a); Benedek et al. (2018); Qi et al. (2014)). However, recovery

of detailed joint-level kinematics relative to multi-camera vision systems is constrained by lim-

ited angular/spatial resolution and susceptibility to environmental artefacts, including multipath

reflections, specular surfaces, and clutter.

(a) (b) (c) (d) (e)

Figure 3.7: Examples of non-wearable sensing technologies used in gait analysis: (a) a participant
in T-position with attached reflective markers (Vox et al. (2021)); (b) a participant walking in
front of an RGB camera with the estimated skeleton rendered on top (Adolf et al. (2023)); (c)
a participant standing in front of an RGB-D sensor with the estimated skeleton rendered on top
(Geerse et al. (2015)); (d) representative force plate system, where the lines depict the measurable
forces and moments (Lamkin-Kennard and Popovic (2019)); (e) a participant standing in front of
a micro-Doppler radar for gait classification (Hayashi et al. (2021)).
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3.6 Summary

Human gait is a complex biomechanical process shaped by intrinsic factors such as skeletal align-

ment, musculature, and joint mobility, as well as extrinsic influences including emotional state,

environment, and footwear. Despite these transient variations, the underlying locomotor pattern

remains sufficiently consistent to enable both clinical assessment and biometric applications. The

chapter has demonstrated how gait analysis provides a structured framework for the observation,

quantification and interpretation of locomotion, with broad relevance across a range of disciplines.

In order to provide a solid foundation for this understanding, the chapter first introduced the

fundamental biomechanical principles of human locomotion, including the gait cycle, its phases,

and the planes of motion. The subsequent discussion delineated the primary categories of gait pa-

rameters, encompassing anthropometric, spatio-temporal, kinematic, kinetic, electromyographic,

and complementary measures. Reference values were reviewed to illustrate the expected ranges in

healthy populations and to emphasize the importance of stratification by age, sex, and anthropom-

etry. Finally, the chapter examined the manner in which both wearable and non-wearable sens-

ing technologies facilitate the practical measurement of the aforementioned parameters, thereby

achieving a balance between precision and ecological validity.



Chapter 4

Datasets for Gait Analysis – GRIDDS
and Other Resources

4.1 Scope and Contributions

Gait recognition studies the identification of individuals from the dynamics of their walking pat-

terns. In computer vision, two sensing modalities dominate in gait recognition studies: “vision-

based” data captured as RGB images or video, and “depth-based” measurements obtained from

active sensors often paired with RGB as RGB-D. Progress in this field has been driven by the avail-

ability of public datasets that support benchmarking, reproducibility, and fair comparison across

methods. Because reported performance can be highly sensitive to the dataset and protocol used,

robust, public benchmarks are essential for reliable evaluation.

An up-to-date review of publicly available datasets is timely for at least three reasons. Firstly,

the landscape of datasets is subject to constant change. New resources are continually emerg-

ing, including large in-the-wild benchmarks (Zhu et al. (2021)) and clinical or health-oriented

collections (Kour et al. (2021); Yin et al. (2025)). Concurrently, other datasets may change their

access terms or become inaccessible (Hofmann et al. (2014); DeCann et al. (2013)). Secondly,

modalities and representations are subject to evolution. Alongside the well-established silhouette-

based representations, there has been notable growth in the use of RGB and RGB-D video with

auxiliary annotations (e.g., pose, optical flow, parsing) that support new training and evaluation

protocols (Zheng et al. (2023b); Nunes et al. (2019a)). Thirdly, the ways in which datasets are

cataloged and analyzed have also diversified. Researchers have increasingly explored different

organizational perspectives, including by acquisition modality (Singh et al. (2018)), covariates (Li

et al. (2024b)), or intended application domain (Chaquet et al. (2013)). This has resulted in new

taxonomies of gait datasets. The review of gait datasets presented in this chapter is an extension

of previous research (Nunes et al. (2019b)). The initial version of this review was conducted in

2019 and concentrated exclusively on RGB-D–based datasets. The present version extends the

aforementioned work to include both RGB and RGB-D datasets, thus offering a more updated and

comprehensive perspective.

73
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Beyond cataloging, this chapter adopts a dataset-analysis perspective centered on covariates:

factors that alter appearance or motion and thus stress recognition models. Datasets are orga-

nized by the presence and degree of control of covariates such as viewpoint, clothing/appearance,

carrying conditions, walking speed and trajectory, temporal factors (session gaps, seasons), en-

vironment/background (indoor/outdoor, crowding), and recording device/modality. Prior reviews

emphasize that method performance varies markedly with these covariates and that robustness

claims should be interpreted in light of each dataset’s covariate profile and the evaluation protocol

(e.g., cross-view vs. same-view; cross-clothes vs. normal) (Khaliluzzaman et al. (2023); Şahan

et al. (2024)).

The remainder of the chapter is organized as follows. Section 4.2 details GRIDDS, encom-

passing the underlying motivations and objectives, the acquisition environment and the equipment

employed, the demographic characteristics of participants, the recording protocol, the available

RGB/Depth/IR/skeleton streams with pre-processing and event annotation, the feature definitions

for spatio-temporal and kinematic analysis, the evaluation protocols and official splits. Section 4.3

introduces a covariate-centered taxonomy, including its objectives, design principles, catalogue

of common covariates, and the resulting scene/user/sensor classification dimensions. Section 4.4

surveys vision-based (RGB) and depth-based (RGB-D) gait datasets, outlining scope and selec-

tion methodology, presenting dataset profiles, and applying the taxonomy to support comparisons

between similar datasets and a concise comparative synthesis. Finally, Section 4.5 concludes the

chapter and reviews the principal contributions.

4.2 GRIDDS – A Gait Recognition Image and Depth Dataset

This section presents the GRIDDS dataset collected as part of this thesis. The subsequent sub-

sections describe, in order, (i) motivation and dataset objectives (Section 4.2.1), (ii) reproducible

acquisition parameters (Section 4.2.2), (iii) participant characteristics and the experimental proto-

col (Section 4.2.3), (iv) stream specifications, pre-processing and data annotation (Section 4.2.4),

(v) feature definitions (Section 4.2.5), and (vi) the on-disk organization and access policy (Sec-

tion 4.2.7).

4.2.1 Motivation and Dataset Goals

The Gait Recognition Image and Depth Dataset (GRIDDS) was collected to support research in

gait-based person identification and gait analysis from RGB-D streams using a Microsoft Kinect

time-of-flight sensor. The dataset is a mid-scale dataset that emphasizes methodological trans-

parency, reproducibility, and verifiable statistical analysis. Positioned between tightly controlled

laboratory collections and in-the-wild recordings, GRIDDS provides synchronized color, depth,

body-index masks, infrared, and 3D body-joint streams for controlled lateral-view walking, to-

gether with per-trial event annotations enabling derivation of spatio-temporal and kinematic gait

features. Consequently, GRIDDS accommodates methods based on images, silhouettes, depth,

skeletons, or hybrid representations.
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Prior literature supports the use of Kinect-family depth cameras for clinical and research gait

assessment under defined protocols, with acceptable accuracy reported for many spatio-temporal

parameters and moderate accuracy for selected kinematic measures relative to marker-based mo-

tion capture (Albert et al. (2020)). Known limitations include occlusions, clothing-related ef-

fects, and reliance on tracking heuristics (Oh et al. (2018); Springer and Yogev Seligmann (2016);

Sharma et al. (2019b); Foreman and Engsberg (2020); Çubukçu et al. (2020); Diaz-Monterrosas

et al. (2018); Mentiplay et al. (2015); Clark et al. (2015, 2019)). Given these characteristics,

GRIDDS adopts a side-view to balance tracking robustness while minimizing self-occlusion. Nor-

mative biomechanical references like Vaughan et al. (1999) and Kirtley (2006) are used to contex-

tualize spatio-temporal and kinematic patterns.

4.2.2 Acquisition Environment and Equipment

Venue and environment

Data were acquired in the Biblioteca Barbosa Romero, Escola Superior de Tecnologia e Gestão

(ESTG), Instituto Politécnico de Viana do Castelo (IPVC), Portugal. The recording was carried

out over three sunny days in an indoor room with large windows, a static background, and mixed

natural/artificial lighting. The capture geometry and trajectories are illustrated in Figure 4.1, where

the gray triangle denotes the approximate sensor field of view and trajectories A and B indicate

two straight-line walking paths positioned at a ≈ 3.5 m lateral offset from the sensor.

Figure 4.1: Capture environment and sensor placement. The gray triangle represents the approxi-
mate sensor field of view; trajectories A and B indicate two straight-line walking paths at ≈ 3.5 m
lateral offset from the sensor.

Sensor and mounting

Microsoft’s Kinect was originally introduced as a motion controller for Xbox consoles. How-

ever, it rapidly transcended the gaming sector due to its relatively low-cost depth sensing ca-

pabilities. As the first mass-market depth camera, it extended utility beyond games to a wide
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Figure 4.2: Microsoft Kinect v2 RGB-D time-of-flight sensor used in GRIDDS acquisition.
Source: Wikipedia.

range of computer-vision applications. The precision and convenience of its depth stream at-

tracted broad interest across multiple domains and enabled solutions to challenging perception

problems. Representative early examples include people tracking (Papadopoulos et al. (2014);

Alexiadis et al. (2011)), object detection and recognition (Bo et al. (2013); Nissimov et al. (2015);

Khan et al. (2012)), 3D simultaneous localization and mapping (SLAM) (Hu et al. (2012); Endres

et al. (2014)), human activity and posture analysis (Shotton et al. (2011); Chen et al. (2013b,a);

Suarez and Murphy (2012)), assistive technologies for accessibility (Armin et al. (2013); Takizawa

et al. (2012); Bhowmick et al. (2014); Nissimov et al. (2015)), and robotics (Biswas and Veloso

(2012); Fankhauser et al. (2015)), among others.

At the time of data collection, the most recent Microsoft Kinect generation available, and the

one used in this study, was Kinect v2 (see Figure 4.2). The Microsoft Kinect v2 time-of-flight

(ToF) RGB-D sensor was mounted on a tripod at 1.8 m above the floor, with its optical axis

perpendicular to the walking direction, resulting in a standardized side view at an average subject

distance of ≈ 3.5 m (see Figure 4.1).

The host computer was a Windows 10 laptop with a quad-core CPU, 16 GB RAM, and

USB 3.0. Any configuration offering equivalent functionality, coupled with USB-3.0 bandwidth

and a stable system clock, is acceptable for comparable acquisition fidelity.

4.2.3 Participants and Recording Protocol

A total of 35 volunteers (comprising students, teachers, and staff) with no known gait-affecting

conditions provided written informed consent to participate in the study. Figure 4.3 illustrates the

sex distribution, with 24 females and 11 males. The demographic information of the participants,

including their first and last names, ages, heights, and sexes, was used to calculate descriptive

statistics and to assess demographic balance within the sample. The privacy of the subjects was

preserved during the release process (see Section 4.2.4 for details). This was achieved by means

of face blurring and the absence of any identity markers.

The sex Balance Index (GBI) was used as a preliminary metric to analyze the demographic

information of the participants (see Equation 4.1).
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Figure 4.3: Sex distribution of the GRIDDS dataset. Bars show participant counts by sex (F=24,
M=11; n = 35). Note: F = female, M = male.

GBI =
min

(
nM, nF

)
max

(
nM, nF

) ∈ [0,1] (4.1)

where nM denotes the number of male participants and nF denotes the number of female partic-

ipants. Values closer to 1 indicate better sex balance, whereas values near 0 indicate stronger

imbalance. The GBI value for GRIDDS is thus determined to be 11/24, or equivalently, 0.4583.

This value suggests a moderate sex imbalance. This imbalance impacts inference because sex

correlates with several gait characteristics.

The descriptive statistics for age and height, both overall and by sex, are presented in Ta-

ble 4.1. Distributional plots in Figs. 4.4 and 4.5 show a broad adult age span (19–54 years) with

limited representation of older adults and a clearly separated height distribution between the sexes.

This age profile is consistent with the dataset’s recruitment context: an academic community pre-

dominantly comprising higher-education students and working-age faculty/staff. As such, the

under-representation of older adults reflects the source population rather than a design omission.

Table 4.1: Descriptive statistics for age (years) and height (cm). Values are mean±SD with
min–max in parentheses.

Group Age (y) Height (cm)

Overall (n=35) 35.91±11.34 (19–54) 167.77±10.10 (145–189)
Female (n=24) 39.00±10.64 (20–54) 163.04±7.54 (145–172)
Male (n=11) 29.18±10.20 (19–47) 178.09±6.74 (166–189)

From the perspectives of interpretability and risk of bias, the height separation (female: 163.04±
7.54 cm; male: 178.09±6.74 cm) may inadvertently serve as a cue for identification or classifica-

tion if features encode body size-dependent effects (e.g. step length, segment lengths). Analyzes

that compare groups or build predictive models should either normalize spatio-temporal features

by stature or limb length (e.g. stride length/height), or evaluate models with stratified sampling

and/or class-weighting to reduce contamination of sex-associated anthropometrics.
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(a) (b)

Figure 4.4: (a) Histogram of participant age (n = 35). (b) Boxplots of age stratified by sex (F=24,
M=11). Note: F = female, M = male.

Protocol

Participants were instructed to walk along two straight, opposing trajectories (A and B; see Fig. 4.1),

each perpendicular to the sensor, in order to ensure a consistent side view. For each participant,

ten sequences were recorded (five traversals per trajectory) at a comfortable, self-selected pace.

Throughout the sessions, participants maintained a lateral offset of approximately 3.5 m from the

camera. All sequences for a given participant were collected within a single day to limit between-

day variability in terms of speed, clothing, and environmental conditions. In total, the dataset

comprises 350 sequences (n = 35 participants × 10 sequences each).

4.2.4 Data Modalities, Pre-processing and Annotation

Available Kinect v2 data streams

The Kinect v2 provides a synchronized set of imaging and tracking outputs designed to capture

complementary aspects of human motion. In GRIDDS, these streams were used to obtain texture

(RGB), range (depth), near-infrared intensity (IR), per-pixel human segmentation (body index),

and skeletal estimates (25 joints per tracked person), as illustrated in Figure 4.6.

(a) (b)

Figure 4.5: (a) Histogram of standing height (n = 35). (b) Boxplots of height stratified by sex
(F=24, M=11). Note: F = female, M = male.
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Figure 4.6: Representative GRIDDS frames illustrating synchronized Kinect v2 outputs from a
single trial: row 1-RGB images; row 2-registered depth maps; row 3-binary body silhouettes
derived from the body-index mask; row 4-25-joint skeleton overlaid on RGB.

The recorded streams in GRIDDS are the following:

• Color (RGB). HD video frames at 1920×1080 pixels, nominal 30 Hz. Data are stored as

8-bit per channel (24-bit PNG on disk).

• Depth. Range images at 512×424 pixels, nominal 30 Hz. Each pixel encodes distance from

the sensor in millimeters.

• Infrared (IR). Intensity images at 512×424 pixels, nominal 30 Hz. IR frames are derived

from the same optical path as depth.

• Body Index. Label images at 512×424 pixels at nominal 30 Hz. Each pixel indicates

whether it belongs to the background or to one of the currently tracked bodies (indices 0–5).

This per-pixel mask is the basis for silhouette extraction.

• Body / Skeleton. Up to six bodies tracked concurrently. Each tracked body contains 25

joints with 3D positions (in meters) and tracking states (tracked/inferred/not tracked), up-

dated at nominal 30 Hz. The 25-joint topology of the SDK (names and connectivity) is

shown in Figure 4.7.

A compact summary of Kinect streams (resolution and data type/units) is provided in Ta-

ble 4.2.

Because the color and depth images have different native resolutions and fields of view, the

SDK supplies calibrated mappings to correlate pixels and to project between image spaces and 3D

camera space. The acquisition process was configured to target a nominal cadence of 30 frames/s

across streams. However, short-term fluctuations may occur due to exposure control, USB band-

width, or CPU load. All files therefore carry precise timestamps, and data synchronization should

rely on timing rather than assuming a perfectly constant framerate.
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Figure 4.7: Kinect v2 skeletal model, illustrating the 25 tracked body joints with their SDK names
and the segment connectivity (topology) used for kinematic computations. Labels follow the
Kinect v2 enumeration (e.g., head, spine_shoulder, shoulder_left/right, elbow_left/right, wrist_-
left/right, hand_left/right, hip_left/right, knee_left/right, ankle_left/right, foot_left/right, hand_-
tip_left/right, thumb_left/right). Image adapted from Corporation (2014).

Coordinate systems In order to facilitate unambiguous analysis, GRIDDS preserves both joint

and pixel coordinates in the three standard spaces exposed by the SDK. No equations are needed

to use them correctly. Rather, it is important to understand the origin, axes, units, and the fact that

color and depth frames differ in resolution and field of view.

• Camera (3D) space. A right-handed, metric 3D frame whose origin is at the sensor.The

horizontal axis is oriented towards the left of the sensor, the vertical axis points upwards,

and the depth axis points forward away from the sensor. All skeletal joint positions are

expressed in meters, and this is the reference used for geometric measurements such as step

length or joint angles.

• Color image space. A 2D grid covering the RGB image at 1920 columns by 1080 rows.

Pixel coordinates start at the top-left corner and increase to the right (columns) and down-

ward (rows). When overlaying joints on color frames, joint positions from camera space

must be projected to this grid using the SDK’s coordinate mapping. Direct indexing is not

valid because color and depth resolutions differ.

• Depth image space. A 2D grid covering the depth (and IR/body-index) images at 512

columns by 424 rows. Pixel coordinates also start at the top-left corner and increase to

the right and downward. Each pixel has an associated distance value in millimeters. Body-

index masks are aligned to this grid.

The SDK provides calibrated, bidirectional mappings: from 3D camera space to either im-

age grid (to draw joints on images), from depth pixels plus their distance values back to 3D (to

reconstruct points in space), and between depth and color pixels (to align masks or textures).
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Table 4.2: Microsoft Kinect v2 stream characteristics used in GRIDDS.

Stream Resolution Data / Units

Color (RGB) 1920×1080 8-bit/channel (PNG)
Depth 512×424 16-bit range [mm]
Infrared (IR) 512×424 16-bit intensity
Body Index 512×424 8-bit labels
Body/Skeleton up to 6 bodies 25 joints, 3D [m]

Silhouette normalization and face anonymization.

Only two pre-processing steps were applied, both minimal by design to preserve the temporal

structure of gait while ensuring comparability across subjects and basic privacy protection.

1. Silhouette normalization. For each frame, the body-index mask was cropped to a tight

bounding box around the subject’s silhouette and rescaled to a fixed height of 120 pixels

while preserving aspect ratio. The resized mask was then placed on a 80×120-pixel canvas

and horizontally re-centered by aligning the canvas center with the centroid of the upper

half of the silhouette (torso-dominant region), which reduces lateral drift due to arm swing.

To enforce a common facing direction, all sequences recorded in one walking direction

(e.g., right-to-left) were horizontally flipped so that every sequence faces the same canonical

direction.

2. Face masking. RGB frames were post-processed to blur facial regions before any exter-

nal sharing of the dataset. This removes easily identifiable facial texture while retaining

sufficient context for quality control and figure generation.

Data Annotation and Labeling of Gait Events.

All gait-event labels in GRIDDS were annotated through a fully manual procedure at a frame level.

Each of the 350 trials was inspected as a color image sequence with optional skeletal overlay, and

the annotator interacted with a dedicated desktop application to assign a frame index to each event

that defines the gait cycle. This workflow ensures that event timing is grounded in visual evidence

from the raw sequence.

For each gait cycle, the following items were recorded: Closest_Side, identifying the body

side nearest the sensor (left or right); Starting_Foot, indicating which foot initiates the cycle

(left or right); Heel_Strike_Start, the first ground contact of the starting foot (cycle on-

set); Toe_Off_Opposite, the moment the contralateral foot leaves the ground; Midstance,

when the stance limb passes beneath the body; Heel_Strike_Opposite, the contralateral heel

strike; Toe_Off_Start, the toe-off of the starting foot; Midswing, the midpoint of the starting

foot’s swing phase; and Heel_Strike_End, the subsequent heel strike of the starting foot that

completes the cycle.
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All gait cycles were annotated by a single, trained annotator in order to maintain internal con-

sistency of visual criteria. A second annotator then undertook an independent review of a random

subset of gait cycles, comparing event frame assignments and side/foot flags. A specific applica-

tion was developed to facilitate the labeling process and ensure consistent annotation recording.

The application’s main functionalities are as follows:

• Sequence I/O: open/close an RGB image sequence corresponding to any trial.

• Playback controls: play forward or backward; step frame-by-frame or run continuously.

• Frame awareness: display the current frame number and total length.

• Overlays: toggle the skeletal projection (25-joint stick figure) on top of the RGB frame for

visual cross-checks.

• Event assignment: bind the current frame to a selected gait event (from the event list above).

• Trial metadata: set Closest_Side and Starting_Foot via keyboard shortcuts.

As mentioned before, the acquisition process targeted a nominal cadence of 30 frames/s across

all streams, but short-term fluctuations and occasional frame drops can occur due to automatic

exposure control, USB 3.0 bandwidth, or CPU scheduling. When the specific frame corresponding

to an event was absent (i.e., the event occurred during a gap), the event field was recorded as NaN.

Table 4.3 summarizes the aggregate volume of annotations. The fully recorded-cycle rate indicates

that nearly all cycles contain the full complement of events, with a small shortfall attributable to

isolated frame drops or visually ambiguous instances.

Table 4.3: Dataset-wide annotation totals for GRIDDS. Entries report (i) Total gait cycles cor-
responding to cycles with both start and end heel strike annotated, (ii) Fully recorded cycles in
which all seven events are present, and (iii) Total steps, defined by two consecutive heel strikes.

Total Gait Cycles 1169
Fully recorded cycles (all events present) 1125
Completed Gait Cycles (%) 96.2
Total steps 2329

With regard to event-wise completeness, as summarized in Table 4.4 and corroborated by the

per-participant bar chart of total vs. fully recorded cycles in Figure 4.8, completeness exceeds

98.9% across all event categories, supporting robust calculation of step/stride timing, single- and

double-support intervals, cadence, and related features.
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Table 4.4: Event completeness across all trials. “Valid” counts events with assigned frame indices;
“Missing” indicates NaN entries; completeness is the valid fraction in percent.

Event Valid Missing % Complete

HEEL_STRIKE_START 1163 6 99.49
TOE_OFF_OPPOSITE 1156 13 98.89
MIDSTANCE 1160 9 99.23
HEEL_STRIKE_OPPOSITE 1160 9 99.23
TOE_OFF_START 1160 9 99.23
MIDSWING 1159 10 99.14
HEEL_STRIKE_END 1164 5 99.57

Figure 4.8: Per-participant bar chart (IDs 001–035) showing, for each participant, the total gait
cycles (blue bars) and the subset of fully recorded cycles with all events present (orange).

4.2.5 Feature Extraction and Descriptors

This section details the features computed from RGB-D data with skeletal tracking, organized into

two complementary families: (i) spatio-temporal features, which summarize timings and distances

derived from discrete gait events, and (ii) kinematic features, which characterize the evolution of

joint angles across the gait cycle. All computations use Kinect camera space joint coordinates

(meters), a right-handed, metric 3D reference independent of image resolution: +X points to

the sensor’s left, +Y upward, and +Z forward. Under the side-view acquisition that was used,

progression is mainly along X : right-to-left image motion corresponds approximately to +X , left-

to-right to−X , while Y captures vertical body motion (e.g., trunk/pelvis oscillation). Accordingly,

step and stride lengths are estimated along the direction of progression (here, the camera’s X axis),

whereas step width is measured orthogonally to progression (here, along the camera’s Z axis).

Spatio-temporal features and event-based definitions

Let xJ(t),yJ(t),zJ(t) denote the camera-space coordinates (meters) of joint J at time t. Let the

annotated event times be tHSL
k and tHSR

k for left/right heel strikes, and tTOL
k and tTOR

k for left/right
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toe-offs, where the subscript k indexes successive occurrences for a given side. The lengths are

reported as nonnegative magnitudes (absolute values). Signed variants may be retained internally

for direction-aware analyzes.

• Step length. Right step length at right heel strike (HSR) is the separation along the walking axis

y between ankle proxies:

Lstep,R(k) =
∣∣∣xankle_right

(
tHSR
k

)
− xankle_left

(
tHSR
k

)∣∣∣ , (4.2)

Left step length is defined analogously at HSL:

Lstep,L(k) =
∣∣∣xankle_left

(
tHSL
k

)
− xankle_right

(
tHSL
k

)∣∣∣ . (4.3)

• Step time.

Tstep,R(k) = tHSR
k+1 − tHSL

k , Tstep,L(k) = tHSL
k+1 − tHSR

k . (4.4)

• Stride length. Left-stride length is the X-displacement of ankle_left between successive

left heel strikes:

Lstride,L(k) =
∣∣xankle_left

(
tHSL
k+1

)
− xankle_left

(
tHSL
k

)∣∣. (4.5)

with an analogous definition for the right side.

• Stride duration (gait cycle time).

Tstride,L(k) = tHSL
k+1 − tHSL

k , Tstride,R(k) = tHSR
k+1 − tHSR

k . (4.6)

• Cadence.
Cadence =

60
Tstep

[steps ·min−1], (4.7)

where Tstep is the mean of all left/right step times in the trial.

• Stance and swing times (per side).

Tstance,L(k) = tTOL
k − tHSL

k , Tswing,L(k) = tHSL
k+1 − tTOL

k , (4.8)

with analogous expressions for the right side.

• Single-limb support (SLS) and double-limb support (DLS). Using left as the reference side
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in cycle k,

TSLS,L(k) = tHSR
k − tTOR

k , (4.9)

TDLS,initial(k) = tTOR
k − tHSL

k , TDLS,terminal(k) = tHSL
k+1 − tTOL

k , (4.10)

and TDLS(k) = TDLS,initial(k)+TDLS,terminal(k). Definitions swap L/R for the opposite side.

• Step width. In the side-view geometry, mediolateral separation is along the camera’s Z axis. At

right heel strike:

Wstep,R(k) =
∣∣zankle_right

(
tHSR
k

)
− zankle_left

(
tHSR
k

)∣∣. (4.11)

with an analogous definition at left heel strike.

• Gait speed (walking velocity). Two equivalent formulations are commonly used; GRIDDS

reports the stride-based estimate:

v =
Lstride

Tstride
[m · s−1], (4.12)

where the overbar denotes the average across available strides in the trial. A step-based average

of Lstep/Tstep produces numerically similar results for a constant walk.

Table 4.5: Summary of spatio-temporal features computed from camera-space joints.

Feature Symbol Definition (events) Axis / Units

Step length (R/L) Lstep Eqs. (4.2)–(4.3) (HS) X [m]

Step time (R/L) Tstep Eq. (4.4) (HS) [s]

Stride length (R/L) Lstride Eq. (4.5) (HS) X [m]

Stride duration (R/L) Tstride Eq. (4.6) (HS) [s]

Cadence — Eq. (4.7) [steps/min]

Stance time (R/L) Tstance Eq. (4.8) (HS,TO) [s]

Swing time (R/L) Tswing Eq. (4.8) (HS,TO) [s]

Single-limb support (R/L) TSLS Eq. (4.9) (TO,HS) [s]

Double-limb support TDLS Eq. (4.10) (HS,TO) [s]

Step width Wstep Eq. (4.11) (HS) Z [m]

Gait speed v Eq. (4.12) [m/s]

Kinematic features: joint-angle definitions and measures

Joint-angle trajectories are computed for the knee, hip (both the trunk–thigh included angle and

the thigh–vertical angle), and elbow, time-normalized to the 0-100% gait cycle. Per-subject mean
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curves (left/right) with variability bands are shown in Appendix A: knee (A.1), hip (A.2), and

elbow (A.3).

• Generic 3D joint angle.

For three joints A–B–C defining two segments
−→
BA and

−→
BC, the included angle at B is com-

puted from camera-space coordinates as

θABC(t) = atan2
(∥∥(rA(t)− rB(t)

)
×
(
rC(t)− rB(t)

)∥∥ , (rA(t)− rB(t)
)
·
(
rC(t)− rB(t)

))
,

(4.13)

where rJ(t) = [xJ(t),yJ(t),zJ(t)]⊤ is the 3D position of joint J; “×” and “·” are the cross

and dot products; and atan2 ensures numerical stability across the full [0,π] range. This

definition is rotation-invariant and does not depend on projections to anatomical planes. For

side-view analyses where sagittal-plane behavior is of interest, optional projections to the

X–Y plane may be used for visualization without altering the definition in (4.13).

• Knee angle (left/right).

The knee angle captures the relative orientation of the thigh and shank:

θknee,L(t) = θhip_left, knee_left, ankle_left(t), θknee,R(t) = θhip_right, knee_right, ankle_right(t).

(4.14)

From the time series θknee(t) within each stride, two summary measures are derived: maxi-

mum flexion (the largest bending during swing; numerical maximum in radians/deg if flex-

ion is defined as increasing angle) and maximum extension (the most extended configuration

near mid-stance; numerical minimum if using the same convention).1 A representative plot

across all strides for one subject is provided in Fig. 4.9.

Figure 4.9: Knee-angle trajectories across strides for subject 003. Angles are computed from
camera-space joint positions and time-normalized to the 0–100% gait cycle. The red line shows
the mean left knee angle with a red shaded band indicating ±1 SD across strides; the blue line
shows the mean right knee angle with a blue shaded band indicating ±1 SD.

1Depending on the sign convention adopted for plotting, “flexion up / extension down” or vice versa, the extrema
map accordingly. In GRIDDS, the angle magnitude from (4.13) is used, and extrema are reported as numerical max/min.
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• Hip angle (left/right).

Two complementary definitions are provided; both are reported for completeness.

(i) Trunk–thigh included angle. Angle at the hip using the shoulder and ankle on the same

side:

θhip−inc,L(t)= θshoulder_left, hip_left, ankle_left(t), θhip−inc,R(t)= θshoulder_right, hip_right, ankle_right(t).

(4.15)

(ii) Thigh–vertical angle. Flexion/extension of the thigh relative to the vertical axis:

θhip−vert,L(t) = atan2
(∥∥(rknee_left− rhip_left

)
× ŷ

∥∥ , (rknee_left− rhip_left
)
· ŷ
)
, (4.16)

where ŷ = [0,1,0]⊤ is the camera-space vertical. The right side is analogous.

For both definitions, summary measures include maximum flexion (minimum value if flexion

is defined as reduced included angle) and maximum extension (maximum value). A sample

trace over multiple strides is shown in Fig. 4.10.

Figure 4.10: Hip-angle trajectories across strides for subject 002. Angles are computed from
camera-space joint positions using the trunk–thigh included angle and the thigh–vertical angle,
and time-normalized to the 0–100% gait cycle. The red line shows the mean left hip angle with
a red shaded band indicating ±1 SD across strides; the blue line shows the mean right hip angle
with a blue shaded band indicating ±1 SD.

• Elbow angle (left/right).

Upper-limb swing is captured as

θelbow,L(t) = θshould_left, elb_left, wrist_left(t), θelbow,R(t) = θshould_right, elb_right, wrist_right(t).

(4.17)

From θelbow(t), maximum flexion and maximum extension are extracted per stride. Fig. 4.11

depicts an example subject’s elbow angles across the recorded gait cycles.
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Figure 4.11: Elbow-angle trajectories across strides for subject 030. Angles are computed from
camera-space joint positions and time-normalized to the 0–100% gait cycle. The red line shows
the mean left elbow angle with a red shaded band indicating ±1 SD across strides; the blue line
shows the mean right elbow angle with a blue shaded band indicating ±1 SD.

4.2.6 Evaluation Protocols and Official Splits

The evaluation design for GRIDDS aims to make identification results comparable across modali-

ties and implementations while preserving subject non-overlapping during representation learning.

All definitions are modality-agnostic and can be applied to RGB, depth, infrared, silhouettes, and

2D/3D joints. Reported metrics should include cumulative match characteristics (at least Rank-1

and Rank-5) and mean Average Precision (mAP), computed over probe queries against a fixed

gallery.

The first proposed protocol is a leave-one-subject-out (LOSO) (Gholamiangonabadi et al.

(2020)) identification setting aligned with the fixed lateral geometry and two-direction design of

the dataset. In each fold, one subject is reserved exclusively for testing, and the remaining sub-

jects may be used to train a feature extractor or classifier where learning is required. The gallery

is constructed deterministically using, for every subject, the first two sequences per direction: two

left-to-right and two right-to-left, yielding four gallery entries per identity. The probe set com-

prises the remaining three sequences per direction for the same subjects. This arrangement gives

balanced exposure to both walking directions in the gallery and preserves within-subject variation

for the probes. Results are aggregated across all probes in the fold, and overall scores are obtained

by averaging across the 35 folds.

The second protocol evaluates generalization across the two walking directions using two

mirror configurations. In the first configuration, any model training and gallery enrollment rely

solely on sequences where subjects walk from left to right, while the probe set contains only

sequences where those subjects walk from right to left. The second configuration swaps these

roles so that enrollment uses right-to-left recordings and probing uses left-to-right recordings. As

in the LOSO setting, the gallery for each enrolled subject is built deterministically from the first

two recordings available in the enrollment direction, and the probes are the remaining recordings in

the opposite direction. Whenever learning is involved, identities used for training remain disjoint
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from those used for testing. This design isolates the walking direction as the only varying factor

under a fixed lateral camera and constant environment, allowing an assessment of the invariance

to direction reversal. Results should be reported separately for each configuration and may also be

averaged to produce a single cross-direction summary.

The protocols have been designed to ensure consistency across different modalities. In the

context of appearance-based pipelines, the utilization of silhouettes aligned and normalized to

80× 120 pixels has been demonstrated to be a viable approach. These silhouettes can be em-

ployed either as direct inputs or as inputs to derived descriptors, such as Gait Energy Images,

thereby offering a multifaceted approach to data analysis. In the context of model-based pipelines,

2D/3D joint trajectories derived from Kinect v2 are aligned with the same train/test partitions.

Cross-modal comparisons are admissible under the condition that gallery and probe composition,

subject non-overlapping rules, and metric calculations remain identical. In instances where hyper-

parameter selection is necessary, a validation split should be delineated at the subject level exclu-

sively from the training identities. The selection of the model is not influenced by any sequence

from the test identities, whether gallery or probe.

Finally, it is essential that all results are accompanied by a detailed protocol declaration. This

should include the protocol name, the composition of the gallery per identity, the composition

of the probe, the number of subjects and sequences that have been effectively used after any

exclusions, and the list of reported metrics.

4.2.7 Data Specification, Licensing, and Availability

Data specification and organization

GRIDDS is organized as a set of 35 participant folders, one per volunteer (IDs 001 – 035). Each

participant folder contains ten sessions, and within every session the acquisition delivers a co-

herent bundle of streams and metadata sufficient to reproduce all analyzes reported in this thesis.

Specifically, the following data is provided per session: (i) color images (RGB), (ii) depth im-

ages and per-frame depth data (CSV), (iii) infrared (IR) images, (iv) joints’ coordinates (CSV)

paired with (v) per-frame timestamps (CSV), (vi) binary body silhouettes normalized in size and

canonical orientation, and (vii) per-session feature tables (CSV) containing spatio-temporal and

kinematic summaries. The silhouettes are distributed as cropped, direction-standardized masks at

a fixed resolution of 80× 120 pixels (width× height), facilitating appearance-based descriptors.

Folder structure (per participant).
Each participant directory vvv/ (with vvv corresponding to the three-digit of the volunteer ID)

contains ten subfolders vvv_ss/ with ss = 01. . .10. A typical layout is:

vvv/

vvv_01/

vvv_01_color_###.png # RGB frames (1920x1080; 24-bit PNG)

vvv_01_depth_###.png # Depth frames (512x424; 16-bit grayscale PNG)

vvv_01_depth_###.csv # Depth matrices (512x424; mm)
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vvv_01_infrared_###.png # IR frames (512x424; 16-bit PNG)

vvv_01_silhouette_###.png # Binary silhouettes (80x120; 1-bit PNG)

vvv_01_timestamps.csv # Per-frame timestamps for all streams

vvv_01_coordinates_camera.csv # 3D camera joints coordinates

vvv_01_coordinates_color.csv # 2D RGB joints coordinates

vvv_01_coordinates_depth.csv # 2D depth joints coordinates

vvv_01_spatiotemporal_features.csv

vvv_01_kinematic_features.csv

vvv_02/

...

File-naming convention.
Two patterns are used to make files self-descriptive and sortable:

1. Per-frame images and matrices: vvv_ss_<stream>_nnn.fmt.

where vvv is the three-digit participant ID, ss the two-digit session number, <stream> ∈
{color, depth, infrared, silhouette}, nnn the zero-padded frame index, and fmt

the file extension (png for images; csv for depth matrices).

2. Per-session tables: vvv_ss_<stream>.csv.

where <stream> ∈ {timestamps, coordinates_camera, coordinates_color,

coordinates_depth, spatiotemporal_features, kinematic_features}.

Example. 003_09_depth_021.csv denotes the depth matrix (millimeters) for participant 003,

session 09, frame 021. 012_04_timestamps.csv stores the timing for session 04 of partici-

pant 012.

Bit depth and units.
All image files use PNG encoding with stream-appropriate bit depths: color (RGB) at 24-bit (8-

bit/channel), depth images at 16-bit grayscale, IR at 16-bit, and silhouettes at 1-bit (binary masks).

Depth CSV matrices have the same raster geometry as the depth images (512× 424); each cell

stores the line-of-sight distance in millimeters from the sensor to the observed surface at that

pixel. Each stream provides framewise timestamps in ticks. For synchronization and framerate

estimation, ticks can be converted to seconds via Eq. (4.18).

t⟨ fi, fk⟩ =
timestamp( fk)− timestamp( fi)

10,000,000
, k > i (4.18)

where fi and fk denote frame instants (indices) within the same stream, and timestamp(·) returns

per-frame ticks (107 ticks per second).

Joint coordinate tables.
Per session, skeletal coordinates are distributed in three CSV files (one per reference system):



4.2 GRIDDS – A Gait Recognition Image and Depth Dataset 91

• vvv_ss_coordinates_camera.csv— 3D joint positions in Kinect camera space (me-

ters).

• vvv_ss_coordinates_color.csv — 2D joint projections in the color image (pixels;

1920×1080).

• vvv_ss_coordinates_depth.csv — 2D joint projections in the depth image (pixels;

512×424).

Each coordinate file has the same column layout:

frame_nr, coordinates, tracking_state.

Each row corresponds to a single joint, and rows are ordered such that the joint index cycles from 0

to 24 for every frame, then restarts at 0 for the next frame. Concretely, within a given frame_nr,

the first row is joint 0, the second row is joint 1, . . . , the 25th row is joint 24; the next row begins the

sequence for the following frame. The mapping from joint index {0, . . . ,24} to SDK joint names

follows the fixed enumeration adopted in GRIDDS (see Figure 4.7 and the dataset documentation

for the exact index–name correspondence). The tracking_state field indicates the SDK status

for that joint and frame (Tracked, Inferred, or NotTracked).

Per-file coordinate fields.

• Camera space: coordinates = x_3D, y_3D, z_3D (meters; origin at the sensor; X to

sensor left, Y up, Z forward).

• Color image space: coordinates = u_rgb, v_rgb (pixels; 1920×1080; origin top-left;

u rightward, v downward).

• Depth image space: coordinates = u_depth, v_depth (pixels; 512×424; origin top-

left). Per-pixel metric distances are provided separately as depth matrices (vvv_ss_-

depth_nnn.csv, millimeters).

Data access and availability

GRIDDS is distributed upon request for research and educational use. Access is coordinated

through the project website (http://gridds.ipvc.pt/), which provides contact information

and a Release Agreement outlining terms of use. Prospective users should (i) review the Release

Agreement, (ii) contact the Principal Investigator, and (iii) submit a signed copy specifying institu-

tional affiliation and intended research purpose. Approved requests receive instructions to obtain

the dataset.

http://gridds.ipvc.pt/
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4.2.8 Evidence of Scientific Use of the GRIDDS Dataset

Since its publication, the GRIDDS dataset has been referenced in at least 11 peer-reviewed pub-
lications that cover gait recognition, pose estimation, multimodal human motion capture, and

clinical gait analysis, indicating cross-domain visibility within the scientific community. Author-

itative surveys in ACM Computing Surveys discuss GRIDDS as part of the larger ecosystem of

gait datasets (Topham et al. (2022); Olugbade et al. (2022)), and GRIDDS is further contextu-

alized by a Scientific Data article on various multimodal gait resources (Topham et al. (2023)).

Additional references include methodological and application-focused works in RGB-D/3D sens-

ing and deep learning: a systematic review of RGB-D gait datasets (Nunes et al. (2019b)), a 3D

LiDAR + LSTM approach for gait-based identification (Yamada et al. (2020)), a review on deep

learning for criminal investigation (Aung and Kusakunniran (2024)), a clinical dataset paper in

IEEE Access (Ranjan et al. (2025)), a CNN-based gait method (Zhu et al. (2020)), an occlusion-

oriented multi-Kinect benchmark (Li and Zhao (2021)), and related validation work on human

motion/anthropometric modeling (Rodrigues et al. (2019)). Collectively, these citations demon-

strate that GRIDDS is recognized and used as a reference benchmark across academic, clinical,

and technological research contexts.

4.3 A New Taxonomy for Vision and Depth-Based Gait Datasets

4.3.1 Motivation and Objectives

As the field has matured, the organization of gait datasets has diversified. Collections are now de-

scribed by acquisition modality, scene complexity, sets of covariates, or intended application do-

main. Recent studies increasingly combine these perspectives to provide multidimensional views.

This diversity is both a strength and a challenge. Although it enables targeted experimentation,

it also complicates the comparison when conditions labeled similarly involve different underlying

choices regarding view topology, clothing variation, carried objects, or temporal gaps between ses-

sions. A taxonomic approach can provide a common framework that links acquisition and design

decisions with methodological evaluation. This clarifies which factors are kept constant, which

are systematically varied, and how these choices influence the observable characteristics of gait.

In this sense, taxonomy acts as a link between data properties and protocol design, helping readers

to recognize when results reported under labels such as ’cross-view’ or ’cross-clothes’ are truly

comparable.

A suitable taxonomy for vision- and depth-based gait datasets must therefore support inter-

pretation across modalities while remaining close to the mechanics of acquisition. The immediate

objective is to capture covariates that alter the appearance or observability. However, the broader

goal is to encode how these covariates interact with task definitions and evaluation procedures.

This requires a vocabulary that distinguishes target variables from contextual factors and repre-

sents covariates at the level at which they vary (i.e. dataset, session, sequence or subject). It must

also make the difference between active covariates (which are varied within a dataset by design)
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and controlled parameters (which are held fixed) explicit. This improves reproducibility, reduces

ambiguity in protocol reporting, and facilitates the synthesis of evidence from studies using dif-

ferent sensing technologies.

Existing taxonomies illustrate complementary perspectives. Chaquet et al. (2013) organizes

video datasets primarily by the nature of the actions they contain, introducing categories for hetero-

geneous and specific actions, alongside a grouping defined by capture techniques such as infrared

or thermal imaging and motion capture. While this approach is valuable for broad action analy-

sis, it is limited for gait-specific collections, where fine-grained distinctions in covariates, such as

clothing changes, carrying conditions or camera placement, often influence methodological dif-

ferences more than the action label itself. When applied to gait analysis, the action-centered per-

spective provides context about behavioral scope and capture modality; however, it offers insuffi-

cient resolution on the acquisition factors that most affect silhouette formation and cross-condition

recognition.

A second line of work classifies datasets according to sensing paradigm. Singh et al. (2018)

distinguishes between vision-based and sensor-based approaches, the latter including floor sensors

and devices such as Kinect. This classification provides a practical scoping tool and helps to con-

solidate methodological families, but it remains coarse with respect to intra-vision variation. For

example, it does not differentiate between single- and multi-view RGB configurations, controlled

indoor scenes and outdoor recordings, or the various ways in which temporal spacing, speed pro-

files and clothing changes are implemented within vision-based datasets. Consequently, while

the modality split is a useful initial filter, it provides limited insight into interpreting performance

across the visual covariates that dominate current research.

More recently, Parashar et al. (2022) have advanced an occlusion-centric framework that

describes axes covering occlusion types, dataset provenance (whether native or synthetic) and

methodological strategies that are either reconstruction-based or reconstruction-free. The em-

phasis here is on the methodology, which links data characterization to the classes of algorithms

required to address visibility loss. While this perspective partially overlaps with dataset descrip-

tion insofar as occlusion is a scene-level covariate, it prioritizes one family of challenges at the

expense of fully accounting for other influential factors, such as viewpoint, clothing or sensing

configuration. The framework’s strength lies in clarifying how occlusion shapes algorithm design,

while its limitation is the reduced coverage of the wider covariate space.

A closer analogue to the present aims is offered by Verlekar et al. (2018), who groups influen-

tial factors into four categories: user, camera, light source and environment. This foregrounds the

interaction between lighting and camera parameters and subject properties, which alter appearance

and observability. This grouping is intuitive and aligns with covariate thinking, drawing attention

to the ways in which acquisition choices are reflected in the data. At the same time, however,

the formulation remains largely enumerative. It provides little guidance on dimensionality, on the

level at which attributes should be recorded, or on how categories should be formalized to support

consistent reporting and direct mapping to evaluation protocols. In practice, this makes it more

challenging to translate factor lists into interoperable metadata structures.
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The remainder of this section builds on these considerations. The forthcoming proposal explic-

itly anchors the organisation of the data in covariates and retains the user, scene and sensor strata,

while specifying different dimensionality and formalization from prior work, including the factor

grouping of Verlekar et al. (2018). Section 4.3.3 introduces the common covariates encountered

in vision- and depth-based gait datasets, paying attention to the level at which each one varies.

Section 4.3.4 then presents the classification dimensions and associated metadata schema that im-

plement the above-outlined design principles outlined above, enabling consistent description and

evaluation across heterogeneous collections.

4.3.2 Taxonomy Design Principles

The design principles outlined below draw upon established concepts in taxonomy construction,

metadata modeling, and dataset organization. While no existing gait-specific framework articu-

lates these principles in precisely this form, their foundations lie in widely recognized standards of

classification design (Uschold and Gruninger (1996); Nickerson et al. (2013)) and in recent prac-

tices for dataset documentation and metadata transparency (Gebru et al. (2021); Paullada et al.

(2021)). Together, they provide a structured rationale for developing a taxonomy that balances

parsimony, clarity, and interoperability across vision- and depth-based gait datasets.

In this work, general design principles are instantiated for the specific demands of vision- and

depth-based gait datasets. The contribution is the translation of abstract ideas about classification

and metadata into a covariate-centered schema that: (i) declares the levels at which attributes vary

(dataset, session, sequence, subject); (ii) distinguishes active covariates from controlled acquisi-

tion parameters; and (iii) provides machine-readable descriptors that map directly onto commonly

reported evaluation settings. By grounding the principles in the concrete factors that shape gait

appearance and observability, the framework offers a practical, interoperable way to document

gait datasets and their protocols under a coherent, high-level taxonomy. The design principles

underlying this framework are the following:

• Minimal coverage. Categories are kept to the smallest set that still captures the main

sources of variation in contemporary vision and depth collections, preserving simplicity

without sacrificing representational power.

• Orthogonality and separability. Dimensions are defined so that changes along one axis do

not implicitly redefine another, enabling independent reasoning about all factors. For exam-

ple, altering viewpoint should not entail a change in clothing, allowing view and appearance

to be analyzed separately.

• Hierarchical granularity. Each dimension admits broad labels for rapid categorization

and more specific descriptors for detailed analysis. For instance, the concept of illumination

may be categorised as either indoor or outdoor, and further refined into natural, artificial, or

mixed light.
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• Modality alignment. Descriptors apply to both RGB and depth, with optional specializa-

tions for infrared, multi-view, or fused modalities. “Viewpoint variation” encompasses the

dimensions of RGB and depth, while qualifiers such as infrared spectrum range or fusion

settings serve to expand the schema without compromising cross-modality coherence.

• Protocol awareness. The taxonomy supports straightforward derivation and reporting of

evaluation settings. Viewpoint variation can link to cross-view splits; time gaps can link

to temporal generalization tests. This establishes a direct mapping from dataset attributes

to experimental protocols. For example, defining cross-view evaluations from multi-angle

recordings or cross-time tests from multi-session data.

The combination of these principles results in a schema that is compact, explicit about levels

of variation, and readily translatable into machine-readable metadata.

4.3.3 Common Covariates in Vision- and Depth-Based Gait Datasets

Covariates are factors that influence the visual or kinematic appearance of gait but are not the

primary variables of interest, such as identity, pathology, or performance metrics. They represent

contextual or environmental conditions that may vary between or within recording sessions, in-

cluding viewpoint, clothing, illumination, or walking surface. These variations alter the apparent

motion and silhouette representation, thereby affecting the reliability and comparability of recog-

nition systems (Khan et al. (2021)). Covariates can be categorized as active or static, depending on

whether they vary deliberately within a dataset or remain fixed throughout acquisition. Active co-

variates introduce meaningful diversity used to assess robustness, whereas static covariates define

the controlled parameters under which data were collected.

Illumination is a key factor that significantly affects the consistency of visual gait features.

Changes in lighting direction or intensity, or the presence of shadows, can modify silhouettes and

distort motion cues, particularly in outdoor environments or other situations where lighting can-

not be controlled. Datasets such as GREW and FVG incorporate illumination variation in order

to emulate realistic surveillance scenarios in which lighting cannot be controlled. In Verlekar’s

research on shadow silhouettes demonstrates that the geometry of the light source and its relation-

ship with the camera and subject affects the visibility of distinctive body regions (Verlekar et al.

(2018)). Methods that employ shadow suppression, photometric normalization or illumination-

invariant descriptors mitigate these effects to a certain extent, but generalization under strongly

time-varying light remains challenging.

Background complexity introduces an additional dimension of variation in appearance, par-

ticularly in scenes involving crowds or cluttered structures. Non-homogeneous or dynamic back-

grounds can make foreground extraction challenging, resulting in fragmented or noisy silhouettes.

Empirical studies have demonstrated that recognition accuracy is lower in complex scenes than

in controlled laboratory settings. This highlights the need for robust background subtraction and
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spatio-temporal segmentation that is tailored to footage captured using a moving camera or in an

outdoor environment (Hofmann et al. (2014); Lu et al. (2022b)).

The walking surface directly affects the gait dynamics. Differences between treadmill and

overground walking, or between firm and uneven terrains such as grass, sand or gravel, alter stride

parameters, foot-ground interactions and, consequently, visual signatures (Makihara et al. (2012);

Khan et al. (2018)).

The environmental setting, including whether the setting is indoor or outdoor, influences the

stability of illumination, the extent of background clutter, and exposure to weather and seasonal

effects. Indoor collections like CASIA-B allow tighter control of acquisition, whereas outdoor

datasets such as GREW introduce broader sources of variability, which often interact with each

other. Studies involving repeated sessions demonstrate that variations in environmental context

over time intensify intra-subject variability and result in significant reductions in identification

accuracy.

Viewpoint variation is one of the most significant covariates in vision-based gait analysis.

Changes in camera angle and subject orientation produce perspective distortions and self-occlusions,

which result in significant differences between classes. View transformation models, beginning

with frequency-domain formulations and subsequent extensions, seek mappings between angles in

order to align signatures (Makihara et al. (2006); Zheng et al. (2011)). Contemporary approaches

use convolutional or generative models to learn view-invariant representations, with multi-camera

datasets such as CASIA-B and OU-MVLP enabling systematic cross-view evaluation (Chao et al.

(2019); Luo and Tjahjadi (2020); Thapar et al. (2018)). Despite progress, substantial angle dispar-

ities between the gallery and the probe remain challenging.

Occlusion, whether static due to obstacles or dynamic due to other pedestrians, disrupts sil-

houette continuity and the estimation of pose or cycle phase. The creation of a dedicated dataset

with controlled occlusions has stimulated research into detecting and reconstructing missing re-

gions, including techniques that combine silhouette inference with temporal models to recover

plausible motion (Hofmann et al. (2014); Chen et al. (2021)). More recent occlusion-aware deep

architectures attempt to localize occluded parts and impute them consistently across frames; how-

ever, performance still degrades as the extent of occlusion increases.

Temporal variation across recording sessions is a pervasive source of intra-subject change.

Gaps between sessions spanning days, months, or years capture shifts in gait associated with

clothing, footwear, emotional state, fatigue, and environmental differences. Longitudinal datasets

such as the ’OU-ISIR Large Population: dataset Age’ demonstrate that, as a behavioral biometric,

gait evolves over time and recognition rates decline as gaps increase (Iwama et al. (2012); Lu

et al. (2022b)). These observations motivate temporally robust modeling that can accommodate

long-term drift.

The carrying conditions can alter both the appearance and the biomechanics. Backpacks,

handbags, and other items can alter the way the arms swing, create asymmetry and obscure parts

of the torso or limbs. These conditions are explicitly included in CASIA-B and OU-ISIR treadmill

studies to facilitate controlled analysis (Yu et al. (2006b); Makihara et al. (2012)). Researchers
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have developed strategies and generative models, including GaitGAN and its variants, to separate

identity information from carrying-related appearance changes. However, these strategies have

produced mixed results when the load is heavy or variable (Yu et al. (2017); Li et al. (2019)).

Accessories and clothing remain among the most influential covariates for silhouette-based

recognition. Coats, loose garments, hats, and changes to hairstyle modify body contours and ob-

scure joint motion. Clothing variation is embedded in the CASIA-B and OU-ISIR datasets, which

demonstrate that clothing can severely compromise the effectiveness of appearance-based meth-

ods (Yu et al. (2006b); Khan et al. (2021)). Research has progressed from handcrafted descriptors

and part-based weighting to deep networks designed for clothing invariance; however, significant

accuracy losses persist for shapes that alter the appearance of the body, such as heavy outerwear

(Yeoh et al. (2016); Luo and Tjahjadi (2020)).

Footwear variation can influence stride length, cadence, and ground contact patterns, with

effects reported across vision- and sensor-based modalities. Although the impact on purely visual

signatures is generally smaller than that of clothing or viewpoint, experiments demonstrate mea-

surable differences between shoe types and barefoot conditions, particularly in high-resolution or

pressure-sensor settings (Lythgo et al. (2009); Connor (2015)). Incorporating footwear diversity

during acquisition improves ecological validity and supports the investigation of subtle kinematic

cues.

Demographic factors such as age, sex, height, weight, and ethnicity influence gait character-

istics due to anatomical and biomechanical differences. Longitudinal aging studies demonstrate

systematic changes in cadence and posture over multi-year periods, highlighting the need for age-

aware modeling and fair evaluation across demographic groups (Iwama et al. (2012); Wang et al.

(2012)). These covariates highlight the interplay between population diversity and algorithmic

generalization.

Walking pace alters stride length, cadence and support phases, thus changing appearance-

based descriptors. Datasets such as the OU-ISIR Gait Speed Transition dataset, the Cross-Covariate

Gait Recognition dataset, and the CASIA-C dataset provide slow, normal, and fast sequences to

investigate cross-speed generalization. Approaches range from the linear normalization of speed-

dependent features to mutual subspace learning, to specialized temporal encoding. However,

accuracy typically declines as the speed differential between the gallery and the probe widens

(Makihara et al. (2012); Xu et al. (2017a); Khan et al. (2021)).

The walking trajectory becomes more challenging to model when the path deviates from

a straight line. Curved motion, turning, or free paths can cause misalignment of poses across

frames and interact with viewpoint changes. Unconstrained datasets with varied paths, including

recent large-scale outdoor resources, reveal these effects and highlight the need for trajectory-

aware representations and tracking that retain gait phase information when heading changes occur

(Huang et al. (2021)).

Sensor-related covariates shape the signal itself. The available cues depend on the sensor

modality, with RGB, depth, infrared, LiDAR, and multimodal combinations offering different
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trade-offs between appearance, geometry, and lighting independence. Depth and infrared sen-

sors often improve robustness to illumination, but they can introduce depth noise or range limits

(Khan et al. (2021)). Framerate affects temporal resolution: low frame rates reduce phase sam-

pling and compromise cycle reconstruction. Phase synchronization and temporal super-resolution

address mismatched or sparse sampling, while averaged templates provide a pragmatic alternative

for extremely low rates (Mori et al. (2010); Makihara et al. (2011); Guan et al. (2013)). Image

resolution influences contour precision and the ability to recover fine limb motion; low-resolution

surveillance videos make silhouette extraction and part localization challenging. Camera height

and subject distance influence perspective and the extent of self-occlusion. Miscalibrated multi-

camera setups are affected by imperfect synchronization or geometric alignment, yielding cross-

view phase inconsistencies. Finally, sensor noise and artifacts, including motion blur, compression

loss and depth measurement errors, degrade feature stability and must be considered when inter-

preting performance across datasets.

In summary, the range of covariates includes illumination, background, surface and environ-

ment, viewpoint and trajectory, occlusion and time, subject appearance and state, and sensor and

sampling characteristics. Understanding their influence is essential for characterizing datasets and

interpreting model performance under changing conditions, since each factor can influence recog-

nition and serve as an axis along which robustness can be evaluated.

4.3.4 Classification Dimensions

The proposed taxonomy organizes covariates into three primary classification dimensions: scene-
level, user-level, and sensor-level, corresponding to the dominant sources of variability in vision-

and depth-based gait datasets. These dimensions reflect the interaction between the physical en-

vironment, individual characteristics, and acquisition hardware, providing a structured framework

for describing how each factor alters the appearance and measurability of gait. A concise overview

of the categories and representative covariates is provided in Table 4.6. By isolating these three

domains, the taxonomy ensures both parsimony and analytical clarity: each covariate is assigned

to the level at which it exerts the most direct influence, while still acknowledging that interactions

may occur across levels. This structure aligns with established design principles, which were al-

ready presented in Section 4.3.1, offering this way a balanced representation of variability without

unnecessary complexity.

The first dimension, scene-level, encompasses external and contextual conditions that affect

the visual capture of motion. These covariates originate from the physical environment and acqui-

sition geometry, determining how the gait signal is projected into the visual domain. They include

background complexity, illumination and lighting direction, walking surface, indoor or outdoor

setting, camera viewpoints, occlusion type, walking trajectory, and temporal variation between

sessions. Such factors influence both silhouette extraction and appearance consistency, shaping

the baseline difficulty of recognition and interpretation. For instance, viewpoint diversity directly

impacts cross-view evaluation protocols, while temporal variation captures longitudinal instability
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Category Active covariates (examples)

Scene-level Background complexity; illumination (direction, intensity, shadows); walking surface
(treadmill vs. overground; uneven terrains); environment (indoor vs. outdoor); view-
points (single vs. multi-view; moving camera); occlusions (static vs. dynamic); walking
trajectory (straight, curved, turning); temporal variation (session gaps, diurnal/seasonal
changes).

[2pt] User-level Carrying condition; accessories and clothing; footwear variation; demographics (age,
sex, height, weight, ethnicity); gait style (normal, pathological, fatigue, stressed, etc.);
walking pace (slow, normal, fast, variable).

[2pt] Sensor-levelSensor modality (RGB, depth, infrared, LiDAR, multimodal); framerate / exposure (tem-
poral resolution); image quality / resolution (compression artifacts); camera calibration;
camera height and subject distance; multi-view synchronization / alignment; noise (depth
errors, motion blur, compression loss, data loss).

Table 4.6: Proposed covariate-centered taxonomy for vision- and depth-based gait datasets. The
table enumerates active sources of variation by category: scene, user, and sensor, providing repre-
sentative examples to guide protocol design and dataset comparison.

across recording sessions. Scene-level covariates thus define the external envelope of the dataset’s

variability and are often the focus of cross-condition generalization studies.

The second dimension, user-level, captures covariates intrinsic to the participant or immedi-

ate state, representing variations in appearance, motion dynamics, and physiological or behavioral

conditions. These include carrying conditions, accessories and clothing, footwear, demographic

characteristics, gait style, and walking pace. Such factors alter both the kinematic and visual

representation of gait, affecting body contour, stride rhythm, and overall movement symmetry.

User-level covariates are central to assessing robustness to intra-subject variability and are strongly

associated with appearance-based distortions. Datasets such as CASIA-B or OU-ISIR have explic-

itly integrated these variations—through clothing changes, carrying loads, or speed variations—to

facilitate controlled evaluation of subject-dependent effects. Within this dimension, the taxon-

omy also recognizes that user covariates may interact with scene parameters, for example when

illumination or viewpoint exaggerates the visual impact of clothing or gait speed differences.

The third dimension, sensor-level, defines the covariates that originate from the characteristics

and configuration of the acquisition hardware. This category encompasses modality type (RGB,

depth, infrared, LiDAR, or multimodal fusion), framerate and exposure, image resolution, camera

calibration, camera height and subject distance, synchronization across views, and sensor-induced

noise. Sensor-level covariates dictate the spatial and temporal fidelity of the recorded signal and

thus constrain the representational richness of gait features. Differences in framerate or synchro-

nization can introduce phase mismatches across cameras, while compression or motion blur may

obscure fine-grained limb motion. The inclusion of this dimension ensures that hardware and

signal-processing factors are treated as first-class descriptors rather than incidental metadata. This

facilitates consistent documentation of acquisition setups across datasets, aligning with principles

of modality alignment and protocol awareness.
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Together, these three dimensions form a coherent and scalable schema for representing the

variability inherent in gait data. The taxonomy supports human-readable interpretation, enabling

datasets to be systematically described, compared, and integrated across modalities. By explicitly

linking covariates to the level at which they act (scene, user, or sensor) the framework bridges

the gap between acquisition design and methodological evaluation. This structure lays the foun-

dation for metadata structures that capture variability with precision and transparency, promoting

reproducibility and interoperability in gait research.

4.4 A Review of Vision and Depth-Based Human Gait Datasets

4.4.1 Motivation and Scope of the Review

Vision-based gait datasets have expanded rapidly in volume, variety, and purpose, motivating an

up-to-date, consolidated overview of publicly available resources. A new review is justified for

mainly three reasons. First, access has become volatile: repositories appear, grow, migrate, and

sometimes disappear or change licensing (e.g. Hofmann et al. (2014); DeCann et al. (2013)),

impacting reproducibility and comparative analysis. Second, modalities and representations have

progressed from early binary silhouettes toward RGB-D settings enriched with auxiliary annota-

tions, including pose/joints, optical flow, and human parsing, enabling alternative training objec-

tives and evaluation protocols (Zhu et al. (2021); Li et al. (2024b); Yin et al. (2025)). Third, cat-

aloging perspectives and benchmarking taxonomies continue to diversify, ranging from modality-

centric classifications (Singh et al. (2018)) to analyses organized by covariates (Li et al. (2024b))

or application domain (Chaquet et al. (2013)).

Dataset maintenance remains inconsistent, with broken links and changes in usage terms. This

tends to happen as hosting shifts among institutional, project-based, and personal domains. Con-

currently, the most recent collections often pair RGB with depth streams or derived data (e.g.

point clouds, skeletons, body parsing) and increasingly publish richer labels that support eval-

uation protocol variants beyond same-view, single-condition identification, namely cross-view,

cross-clothes, cross-speed, and cross-scene evaluations. Therefore, a systematic review and map-

ping of these characteristics is timely to guide dataset selection and support fair comparisons

between methods.

The present work reviews publicly available, marker-free gait datasets acquired with vision

sensors, spanning two families: (i) vision-based datasets recorded as monocular or multi-view

RGB video and (ii) depth-based datasets that include depth maps and/or RGB-D streams from

commercially available sensors (e.g. Microsoft Kinect, Intel RealSense). Inclusion requires the

presence of gait information suitable for person identification/recognition, gait analysis, or clinical

assessment. Datasets that are exclusively inertial, pressure-mat based, or optical-marker motion

capture without accompanying visual frames are excluded.

This chapter builds upon the 2019 review of depth-based gait datasets (Nunes et al. (2019b)) by

expanding the scope to include both RGB (vision-based) and RGB-D (depth-based) resources, as
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well as incorporating datasets released or substantially updated up to 2025. This includes clinically

oriented collections and in-the-wild benchmarks. In addition to modality coverage, the update

provides a more in-depth analysis of auxiliary annotations and protocol design, reflecting current

practices in training and evaluation.

The scope and intent of this chapter differ from those of broad RGB and RGB-D surveys,

notably Wang et al. (2010b); Lee et al. (2013); Firman (2016). While Firman (2016) provides

an overview of RGB-D datasets from up to around 2017 across various domains (objects, scenes,

reconstruction, and tracking), this review focuses on human gait and extends the timeframe to

2025. The collection focuses on identity/recognition, movement analysis and clinical applications,

organizing metadata in a gait-centric manner: subject counts, sequence counts, view geometry

and multiplicity, covariate coverage (viewpoint, clothing, carrying conditions, footwear, surface,

speed, indoor/outdoor, treadmill versus free-walk, etc.), sensor types and configurations, framerate

and resolution, and the availability of auxiliary labels such as 2D/3D pose, skeletons, flow, and

segmentation (Singh et al. (2018); Wang et al. (2010b); Lee et al. (2013)).

Several cross-cutting themes are addressed succinctly to inform the use of datasets. Marker-

free acquisition currently dominates due to deployment realism, while marker-based datasets re-

main valuable for controlled analyses and validating pose-based methods. RGB collections are

increasingly adopting multi-view and higher spatial resolutions, which enables cross-view proto-

cols and view-invariant modeling. Depth sensors provide per-frame depth maps and derived 3D

joints that facilitate kinematic descriptors and cross-modal supervision. Considerations of demo-

graphic data and bias are especially important for clinical datasets and recognition benchmarks,

where imbalanced representation can make performance interpretation confusing. Ethical and

privacy aspects intersect with dataset governance and release practices. A recurring emphasis is

placed on transparent training, validation and testing design, reproducible splits, and cross-dataset

generalization, which aligns with efforts to promote robust evaluation under covariate change.

4.4.2 Dataset Selection

The primary inclusion criterion was free availability, whether by direct public download from

an official source or by request-based access under a standard data-use agreement with any re-

quired institutional approvals. This approach prioritizes reproducibility, independent verification,

and equitable access. In addition, marker-free capture datasets were preferred for realism and

compatibility with RGB and RGB-D representations.

The dataset review was conducted in two phases. Initially, the depth-oriented catalog pre-

sented in Nunes et al. (2019b) was used as the starting point, and each entry was re-verified for

current availability and metadata consistency. Secondly, the search was expanded to encompass

supplementary RGB-D resources and vision-based RGB datasets comprising gait information ap-

propriate for identification, recognition, analysis, or clinical assessment. Preference was given to

repositories maintained by dataset authors or host institutions. Several historical repositories were

offline or exhibited broken links. In those cases, corresponding or first-listed authors were con-

tacted. Responses fell into three categories: access granted with the necessary files or credentials;
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notification that a new release was “under preparation”; or confirmation that the dataset was no

longer available. Datasets without an accessible official website and for which no author provided

access were excluded from this review.

To streamline navigation across the 52 surveyed datasets, the list is organized by primary

intended use into three categories: biometrics, healthcare, and attribute recognition. Biometrics
covers datasets designed for person identification/verification and surveillance-style evaluation,

typically emphasizing subject scale, multi-view geometry, and covariate robustness (viewpoint,

clothing, carrying). Healthcare comprises datasets oriented to clinical assessment, pathology

simulation or monitoring, or task-specific analysis where diagnostic labels, event annotations,

or protocol constraints are central. Attributes recognition targets soft-biometric or behavioral

attributes (e.g., walking style, age, clothing/carrying states), often with multi-label annotations

designed for attribute-aware modeling and analysis.

Quick index by field (for rapid access to descriptions).

The datasets are presented in alphabetical order in the subsequent subsections. Each description

provides a concise, gait-centric profile including, where identifiable, subject and sequence counts;

camera geometry and number of views; acquisition environment and sensor type(s); framerate/res-

olution; distributed modalities (e.g., RGB, depth, silhouettes, 2D/3D pose, parsing, optical flow);

principal covariates (e.g., viewpoint, clothing, carrying, footwear, surface, speed, indoor/outdoor,

treadmill vs. free-walk); and accessibility and maintenance status. When official sources define

evaluation protocols, these are summarized (e.g. cross-view, cross-clothes, cross-speed, subject-

disjoint splits) and, where available, the official train/validation/test partitions are also reported to

facilitate comparisons across studies. Moreover, an illustrative figure is always presented, depict-

ing the capture setup or exemplar data modalities. Ambiguities or undocumented fields are noted

verbatim from the original sources, avoiding inference beyond the available documentation.

Healthcare

• Gait-A Database (Subsection 4.4.3)

• GAIT-IST and GAIT-IT (Subsection 4.4.3)

• Health&Gait (Subsection 4.4.3)

• INIT Gait Database (Subsection 4.4.3)

• KOA-PD-NM (Subsection 4.4.3)

• Multi-Modal Gait Symmetry (MMGS) (Subsection 4.4.3)

• ProGait (Subsection 4.4.3)
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• Scoliosis1K (Subsection 4.4.3)

• SPHERE Walking Dataset (Subsection 4.4.3)

• Walking Gait Dataset (Subsection 4.4.3)

Biometrics (identification/recognition, surveillance)

• 360 Degree Gait Capture (Subsection 4.4.3)

• AVA Multi-View Dataset (Subsection 4.4.3)

• CASIA Gait Database Family (Subsection 4.4.3)

• Cloth-Changing benchmark for Person re-identification and Gait recognition (CCPG) (Sub-

section 4.4.3)

• CMU Motion of Body (MoBo) (Subsection 4.4.3)

• Cross-Covariate Gait Recognition (CCGR) (Subsection 4.4.3)

• Depth-Based Gait Dataset (Subsection 4.4.3)

• Frontal-View Gait (FVG) (Subsection 4.4.3)

• Gait3D-Parsing (Subsection 4.4.3)

• GREW (Subsection 4.4.3)

• GRIDDS (Subsection 4.4.3)

• Kyushu University Gait Databases (KY4D-A/B; KY IR) (Subsection 4.4.3)

• Multi-Height Gait (MHG) (Subsection 4.4.3)

• Occluded Gait Database (OccGait) (Subsection 4.4.3)

• OG RGB+D (Subsection 4.4.3)

• OU-ISIR Gait Database: Treadmill Dataset (A, B, D) (Subsection 4.4.3)

• OU-ISIR Gait Speed Transition (GaitST) (Subsection 4.4.3)

• OU-ISIR Large Population: Bag (OU-LP-Bag) (Subsection 4.4.3)

• OU-ISIR Large Population: Multi-View family (OU-MVLP, OU-MVLP-Pose, OU-MVLP-

Mesh, OU-MVLP-OF) (Subsection 4.4.3)

• ReSGait (Subsection 4.4.3)
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• SAIVT-Depth Gait Database (Subsection 4.4.3)

• SDUMLA-HMT (Subsection 4.4.3)

• SMVDU-Gait (Single and Multi) (Subsection 4.4.3)

• SOTON Human ID (Large and Small DB) (Subsection 4.4.3)

• SUSTech1K (LidarGait) (Subsection 4.4.3)

• SZU RGB-D Gait Dataset (Subsection 4.4.3)

• TUM-IITKGP (Subsection 4.4.3)

Other (attributes recognition)

• Multi-Attribute Gait (MA-Gait) (Subsection 4.4.3)

• OU-ISIR Large Population: Age (OULP-Age) (Subsection 4.4.3)

• RA-GAR (Subsection 4.4.3)

4.4.3 Dataset Profiles

360 Degree Gait Capture

The 360◦ Degree Gait capture dataset (Topham et al. (2023)) comprises video and sensor record-

ings of adult volunteers walking along an 8 m path across three experiments, each with six tasks.

Two fixed-position cameras recorded each walk at ≈ 30 fps, and a wearable digital goniome-

ter sampled motion for the thigh, upper arm, and head. The dataset contains 3,120 videos and

includes frame-level 2D human-pose annotations with 75 keypoints, together with participant-

level anthropometry (sex, height, weight, ethnicity). Recordings span indoor environments and a

smaller outdoor subset with varied backgrounds and multiple viewpoints. A portion of sequences

uses alternative clothing to introduce appearance variation. Figure 4.12 presents an overview of

the capture setups.

The dataset design supports cross-subject identification via disjoint training/testing partici-

pants, cross-view generalization by reserving one or more camera viewpoints for testing, and

cross-clothes evaluation by training on one outfit and testing on an alternative. Environment gen-

eralization can be assessed by training on indoor recordings and testing on outdoor recordings.
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Figure 4.12: 360-Degree Gait dataset: representative images from the different capture setups.

AVA Multi-View Dataset

The AVA Multi-View Dataset for Gait Recognition (López-Fernández et al. (2014)) contains

recordings of 20 subjects captured by six synchronized cameras arranged around a studio cap-

ture volume. Each subject performs ten predefined trajectories comprising straight and curved

paths, including a figure-eight. Videos are recorded at 640× 480 and 25 fps, and binary silhou-

ettes are provided for each sequence. The release totals 200 multi-view sequences, yielding 1,200

single-view videos. The setup introduces viewpoint and scale variation, and camera placement

produces partial occlusions of the lower limbs in some views.

The dataset supports cross-view evaluation by training on a subset of the six cameras and

testing on held-out cameras. It also enables comparisons between single-view baselines and multi-

view fusion using synchronized views. Generalization across trajectory types can be examined by

training on straight paths and testing on curved paths (and conversely). The provided calibration

facilitates 3D-based protocols in which features reconstructed from multiple views are used for

identification or verification. Figure 4.13 provides a visual representation of the studio layout and

its viewpoints.

Figure 4.13: AVA Multi-View Dataset: studio layout with representative camera viewpoints.

CASIA Gait Database

The Institute of Automation, Chinese Academy of Sciences (CASIA), provides the CASIA Gait

Database to support research in gait recognition and related tasks. The family comprises four

complementary subsets: CASIA-A (Wang et al. (2003b)), CASIA-B (Yu et al. (2006a)), CASIA-
C (Tan et al. (2006)) and CASIA-E (Song et al. (2022)), spanning outdoor and indoor scenarios,
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systematic viewpoint variation, appearance changes (e.g. clothing and carried objects), and low-

illumination conditions via infrared imaging.

CASIA-A

CASIA-A (formerly the NLPR gait database) (Wang et al. (2003b)) comprises recordings of 20

subjects walking outdoors along a straight path. Sequences were captured with a digital camera at

352×240 and 25 fps, yielding 240 sequences in total. Three fixed viewpoints are provided: lateral

(0◦), oblique (45◦), and frontal (90◦) – see Fig. 4.14. For each viewpoint, subjects were recorded

in two left-to-right and two right-to-left passes, introducing direction variability alongside view-

point change.

A commonly used cross-view protocol trains on two viewpoints and evaluates on the third to

assess recognition across views. Cross-direction robustness can be examined by training on one

walking direction and testing on the opposite. presents the three viewpoints.

Figure 4.14: CASIA-A dataset: three representative frames from the three viewpoints
(0◦,45◦,90◦).

CASIA-B

The CASIA-B dataset (Yu et al. (2006a)) contains recordings of 124 subjects (93 male, 31 female)

walking indoors against a simple background. Each subject is captured from 11 viewpoints span-

ning 0◦ to 180◦ in 18◦ increments. For every view, ten sequences per subject are provided under

three conditions: normal NM#01–06, carrying a bag BG#01–02, and wearing a coat CL#01–02.

Videos are recorded at 320× 240 and 25 fps. In total, the dataset comprises 13,640 single-view

sequences depicting straight-line walking with controlled variation in viewpoint, clothing, and

carrying. The release includes RGB sequences and background-subtracted silhouettes.

Subject-independent cross-view protocols are standard. Typical splits use 74 subjects for train-

ing and 50 for testing (a 62/62 split is also reported). Evaluation commonly sets NM#01–04 as the

gallery per view and uses NM#05–06, BG#01–02, and CL#01–02 as probes; identical-view pairs

are retained. Results are reported per view and then averaged over NM, BG, and CL. Figure 4.15

illustrates the multi-view configuration.
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Figure 4.15: CASIA-B: eleven representative frames, one per viewpoint (0◦–180◦ in 18◦ steps),
illustrating the dataset’s 11-camera configuration.

CASIA-C

CASIA-C (Tan et al. (2006)) is an outdoor, night-time infrared (thermal) gait dataset comprising

153 subjects (130 male, 23 female), captured from a single lateral viewpoint (≈ 90◦) at 320×240

and 25 fps. Figure 4.16 illustrates representative frames from the dataset. Each subject walked

along a straight path during night hours and was recorded under four conditions: normal, slow,

fast, and normal with a bag – yielding ten sequences per subject. The dataset targets recognition in

low-illumination settings by providing infrared image sequences. Silhouettes are also distributed

as a derived modality.

Reported evaluations include normal-only identification, in which training uses a subset of nor-

mal sequences and testing is performed on disjoint normal sequences (often with cross-validation),

and cross-speed/carrying protocols that train on normal walking and assess generalization to slow,

fast, and bag conditions.

Figure 4.16: CASIA-C dataset: two representative frames from the outdoor, night-time infrared
dataset.

CASIA-E

CASIA-E (Song et al. (2022)) is a large outdoor gait dataset comprising 1,014 participants (507

male, 507 female), collected over five months across three scenes with different background dy-

namics. The release provides silhouettes, Gait Energy Images (Han and Bhanu (2006)), and a

thermal subset, together with soft-biometric metadata (age, sex, height, weight, nationality). View

coverage combines 13 horizontal angles from 0◦ to 180◦ at 15◦ increments with two vertical tilts,

for a total of 26 viewpoints. Sequences include normal walking as well as appearance variations

with coat and bag, amounting to 778,752 video segments. Figure 4.17 shows a scene captured

from multiple viewpoints.
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Subject-independent evaluation is standard. The 3rd Competition on Human Identification at

a Distance – HID-2022 (Yu et al. (2022a)) used CASIA-E subsets with 500 identities for train-

ing and 505 for testing, with pre-defined gallery/probe selections under NM/BG/CL conditions

(one gallery and nine probes per identity). Other published protocols split the 1,014 subjects

into 500/114/400 (train/validation/test) or 200/814 (train/test), enabling cross-view and cross-

appearance assessment under consistent scenes and capture settings.

Figure 4.17: CASIA-E dataset: multiple images of the same scene captured from different view-
points.

Cloth-Changing benchmark for Person re-identification and Gait recognition (CCPG)

The CCPG benchmark (Li et al. (2023b)) comprises recordings from 200 subjects (122 male, 78

female), totaling 16,566 video segments collected in indoor and outdoor scenes across 10 camera

views. Data are released in RGB and silhouette modalities and organized into five subsets: four

RGB variants – CCPG-A (complete RGB), CCPG-B (RGB without face), CCPG-C (RGB with-

out shoes), CCPG-D (RGB without face and shoes); and CCPG-G (silhouettes). Covariates are

explicitly annotated, spanning seven clothing states per subject (e.g.: full-outfit change, tops-only,

pants-only, bag-carrying), multi-camera viewpoint differences, occlusion, walking-trajectory vari-

ation, scene type, and illumination change. Acquisition aims for less constrained conditions than

laboratory setups, introducing diverse backgrounds and scene transitions that affect visibility and

apparent scale. Identity-consistent segmentations and aggregated subject metadata (e.g.: sex) are

provided, enabling unified evaluation of gait recognition and video-based person re-identification

under clothing and related covariates. Figure 4.20 shows representative camera views and clothing

states.

In line with Li et al. (2023b), evaluation adopts cross-camera retrieval, where queries and

gallery are drawn from different cameras. Identities 0–99 are used for training and 100–199 for

testing. Clothing variation (CL) is assessed under three settings: CL-Full (full outfit change),

CL-UP (top changed), and CL-DN (bottom changed). Reported baselines cover both person re-

identification and gait-based methods, and the silhouette subset (CCPG-G) supports direct gait

comparisons under the same split.
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Figure 4.18: CCPG: representative camera views and clothing states across indoor and outdoor
scenes.

CMU Motion of Body (MoBo)

The CMU Motion of Body (MoBo) dataset (Gross and Shi (2001)) contains treadmill recordings of

25 subjects (23 male, 2 female) captured indoors with six synchronized, calibrated color cameras

arranged evenly around the treadmill, providing near-full 360◦ coverage. Each subject performs

four walking patterns: slow, fast, incline, and walking while carrying a ball. Sequences are 11 s

long at 30 fps and 640× 480 resolution. The release includes precomputed silhouettes, camera-

calibration data, and background images for subtraction. Principal covariates include viewpoint

change (six views), walking speed (slow vs. fast), surface change via incline, and a carrying con-

dition that restricts arm swing (ball). Subject-level metadata include sex, age, and weight, and

treadmill speed is recorded per sequence.

Early evaluations on MoBo adopt cross-view and cross-condition protocols with gallery/probe

splits; for example, Collins et al. (2002) train on slow-walk sequences and test on fast or ball

conditions, reporting results for profile and frontal views, with all sequences acquired in a single

session per condition. These practices motivate training on one camera and testing on the remain-

ing views, as well as cross-condition tests within the four patterns. Figure 4.19 shows the six

viewpoints.

Figure 4.19: CMU Motion of Body (MoBo): representative frames from the six synchronized
viewpoints around the treadmill (frontal, rear, and four oblique/lateral views).
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Cross-Covariate Gait Recognition (CCGR)

The Cross-Covariate Gait Recognition dataset (Zou et al. (2024)) is a large-scale indoor resource

for cross-covariate gait recognition. It contains 970 subjects and ≈ 1.58×106 sequences captured

at 25 fps by a 33-camera array arranged in five height tiers, including an overhead view, to emulate

typical CCTV placement. Each subject performs 54 walks spanning 53 single or mixed covariates,

with views and conditions explicitly annotated. The release provides RGB video, silhouettes,

human-parsing masks, and 2D poses. Covariates cover surface and behavior factors (ramp/stairs,

soft/bumpy ground, fast pace, stationary) and carrying conditions (bag, box, umbrella, trolley

case, etc.). Subject-level metadata (age, sex) and identity labels enable per-covariate and per-

view analyses. Figure 4.18 illustrates a temporally aligned sequence of RGB frames with the

corresponding silhouettes, 2D keypose representations, and human-parsing masks.

Proposed evaluation uses a subject-disjoint split with identities 1–600 for training and the re-

mainder for testing, while identities 134–164 are unused. Results are reported under two settings:

easy, where the gallery comprises normal-walking sequences, and hard, where the gallery con-

dition is uncertain. Cross-view testing follows the OU-MVLP protocol (see Subsection ??). A

compact CCGR-MINI subset (970 subjects; 47,884 sequences) is also provided for lightweight

benchmarking.

Figure 4.20: CCGR dataset: sequence of RGB frames with corresponding silhouettes, 2D poses,
and human-parsing masks, temporally aligned.

Depth-Based Gait Dataset

The Depth-Based Gait Dataset (Chattopadhyay et al. (2015)) contains recordings from 29 subjects

using two Kinect sensors mounted at 2.5 m with a downward tilt of ≈ 27◦. For each subject,

two unoccluded front-view sequences at 30 fps are provided and, by default, used as the gallery.

The test set varies four covariates in a factorial design: viewpoint (front vs. back), walking speed

(normal vs. fast), occlusion (unoccluded vs. occluded), and framerate (30 fps vs. 15 fps). Con-

cretely, there are eight condition combinations per subject for each framerate (all combinations of

viewpoint, speed, and occlusion), yielding 232 test sequences at 30 fps and 232 at 15 fps, for a

total of 464 tests. Distributed modalities include depth maps and Kinect 2D and 3D skeletal joints,
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with annotations for subject identity, view (front/back), speed (normal/fast), occlusion (unocclud-

ed/occluded), and framerate. Figure 4.21 shows a sample depth-map frame with the corresponding

Kinect skeletal joints overlaid, illustrating joint locations.

In the protocol of Chattopadhyay et al. (2015), the gallery comprises two unoccluded front-

view sequences at 30 fps. Test pairs are constructed by selecting one front-view and one back-view

sequence that satisfy the target condition. For example, under the front-only occlusion setting at

normal speed and 30 fps, the pair combines a back-view, normal-speed, unoccluded clip at 30 fps

with a front-view, normal-speed, occluded clip at 30 fps. Four occlusion conditions are evaluated:

no occlusion in either view, occlusion in the back view only, occlusion in the front view only, and

occlusion in both views – each tested at 30 fps and 15 fps and at normal and fast speeds.

Figure 4.21: Depth-Based Gait Dataset: sample depth-map frame with overlaid skeletal joints,
illustrating joint locations.

Frontal-View Gait (FVG)

The Front-View Gait (FVG) dataset (Zhang et al. (2019)) comprises 2,856 RGB videos from 226

subjects, recorded outdoors at 1920×1080 and 15 fps. Each subject walks toward a fixed camera

under three near-frontal angles (−45◦,0◦,+45◦). A blurred-face release (FVG-B) is provided

to mitigate privacy concerns. Key covariates include viewpoint offsets, walking speed, carrying

conditions, clothing and footwear changes, background-clutter with occasional occlusion, and

temporal separation across sessions. Acquisition uses a single RGB camera mounted on a 1.5 m

tripod. Figure 4.22 illustrates sample frames of participants approaching the camera at the three

angles under representative clothing and carrying conditions.

For benchmarking, the authors define five protocols with shared settings: the first 136 subjects

are used for training and the remaining 90 for testing, and normal frontal-view walking is used

as the gallery. The probe sets target variation in walking speed, carrying bag, changing clothes,

cluttered background, and an All condition. Detailed protocol definitions appear in Zhang et al.

(2019).
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Figure 4.22: Front-View Gait (FVG): sample frames of participants approaching a fixed camera at
three near-frontal angles under representative clothing and carrying conditions.

Gait-A Database

The Gait-A Database (formerly DAI Gait) (Nieto-Hidalgo et al. (2016)) comprises sequences of

five subjects walking along an 8 m indoor corridor, recorded simultaneously from frontal and

lateral viewpoints. Each sample includes a folder of binary silhouettes and metadata files with

frame-level gait events (heel-strikes and toe-offs) together with a binary gait-class label encoded

as 0 (normal) and 1 (abnormal). The targeted covariates are gait type (normal versus simulated

abnormal) and viewpoint. Owing to synchronized multi-view acquisition and precise event anno-

tations, the dataset is suited to healthcare applications such as screening and monitoring of gait

abnormalities, quantifying deviations from normal gait, and detecting clinically relevant events for

assessment and rehabilitation.

Published studies typically evaluate cross-view and cross-condition performance, training on

one view and testing on the other, and training on normal sequences while testing on abnormal

sequences. The provided heel-strike and toe-off labels are also leveraged for cycle segmentation.

Figure 4.23 shows a representative view of the indoor corridor capture setup.

Figure 4.23: Gait-A Database: representative RGB frame of a person walking along an indoor
corridor in side-view.

GAIT-IST and GAIT-IT

GAIT-IST and GAIT-IT are companion datasets from the Multimedia Signal Processing Group at

Instituto de Telecomunicações, Instituto Superior Técnico, designed to study gait under simulated

pathological conditions.
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GAIT-IST (Loureiro and Correia (2020)) comprises 360 sequences from 10 volunteers (8 male,

2 female) recorded indoors with a single smartphone from a sagittal (side) view. Source videos

are 1280×720 at 25 fps and each sequence is distributed as binary silhouettes together with Gait

Energy Images (GEIs; Han and Bhanu (2006)) and Skeleton Energy Images (SEIs; Loureiro and

Correia (2020)). Figure 4.24a shows an indoor RGB frame of a walking subject side-by-side with

the corresponding 2D skeleton representation.

GAIT-IT (Albuquerque et al. (2021a)) expands this setup to 828 sequences from 21 volunteers

(19 male, 2 female) captured in a professional studio with a chroma-key green background and

controlled illumination using two synchronized cameras: a lateral view positioned 3 m from the

walking path and a frontal or rear view near the start position. Distributed representations include

binary silhouettes, skeleton images, Gait Energy Images (GEIs), and Skeleton Energy Images

(SEIs). Silhouettes and GEIs/SEIs are provided at 224× 224, derived at 10 fps. Figure 4.24b

shows an RGB frame of a walking subject captured in a professional studio with the corresponding

silhouette.

Both datasets treat gait type as the primary covariate, encompassing normal gait and four sim-

ulated pathological patterns: diplegic, hemiplegic, neuropathic, and parkinsonian. Each of these

pathological patterns is recorded at two severity levels. Additional controlled factors shared by

both sets include walking direction (two directions) and repeated trials per configuration. GAIT-

IT further introduces multi-view variation (lateral and frontal/rear), whereas GAIT-IST focuses on

a single lateral view.

For evaluation, GAIT-IT reports subject-disjoint 10-fold cross-validation and a cross-dataset

setting in which models are trained on GAIT-IT and tested on GAIT-IST to probe generalization

across acquisition conditions (studio with dual views versus single-camera smartphone). This

pairing enables consistent benchmarking of pathological-gait classifiers under aligned label spaces

while systematically varying capture setups and covariates.

(a) (b)

Figure 4.24: GAIT-IST and GAIT-IT datasets: (a) indoor RGB frame of a walking subject shown
side-by-side with the corresponding 2D skeleton; (b) RGB frame of a walking subject captured in
a professional studio with the corresponding silhouette.

Gait3D-Parsing

Gait3D-Parsing (Zheng et al. (2023b)) extends the Gait3D in-the-wild benchmark (Zheng et al.

(2022)) by providing parsing-based representations (“Gait Parsing Sequences”) derived from su-
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permarket surveillance videos. The base Gait3D release includes 4000 subjects and 25309 se-

quences captured by 39 cameras at 1920× 1080 and 25 fps; distributed modalities comprise sil-

houettes, 2D/3D keypoints, and 3D meshes/SMPL (Loper et al. (2023)). Gait3D-Parsing adds

fine-grained human parsing masks to enable parsing-driven methods. Figure 4.25 illustrates ex-

ample RGB frames alongside their corresponding human-parsing masks. Relevant covariates in-

clude cross-camera viewpoint changes across 39 devices, occlusion in crowds, dynamic walking

trajectories, and irregular walking speed, together with appearance factors such as clothing, car-

rying, and accessories typical of supermarket scenes; these are emphasized as key challenges for

in-the-wild gait recognition.

Following the official Gait3D evaluation (Zheng et al. (2022)), the protocol adopts a 3000/1000

train/test split. At test time, one sequence per subject forms the query set, and all remaining se-

quences constitute the gallery.

Figure 4.25: Gait3D-Parsing dataset: example RGB frames with corresponding human-parsing
masks.

GREW

The GREW dataset (Zhu et al. (2021)) contains 26,345 subjects and 128,671 sequences captured

by 882 cameras deployed in large public areas at a resolution of 1080×1920. The released modali-

ties comprise silhouettes, GEIs, optical flow, and 2D/3D human keypoints estimated by Sun et al.

(2019) and Chen and Ramanan (2017), with manual identity annotations and more than 14M

bounding boxes produced during preprocessing. A distractor set with 233,857 sequences is pro-

vided for large-scale retrieval evaluation. Key covariates include viewpoint changes across hun-

dreds of cameras, occlusion and background clutter, irregular walking speed, and dynamic walking

routes. Sequence-level attributes include soft biometrics (age, sex) and appearance factors such

as carrying (none, backpack, shoulder bag, handbag, lift-stuff) and clothing (six upper/lower cate-

gories), enabling stratified analyses of performance under varied conditions. Figure 4.26 illustrates

representative frames from the dataset.

The official evaluation splits 20,000 identities for training, 345 for validation, and 6,000 for

testing; each test identity has four sequences, with two used as probes and two placed in the

gallery. Identities across the three subsets are captured by different cameras to ensure cross-view

evaluation. Rank-k retrieval (for example, Rank-1, Rank-5, Rank-10, and Rank-20) is used as
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the primary metric, with optional evaluations that include the distractor set for scalability analysis

(Guo et al. (2025a)).

Figure 4.26: GREW: representative frames across public spaces and viewpoints, illustrating
crowding, occlusion, clothing and carrying variation, and illumination change.

GRIDDS

The Gait Recognition Image and Depth Dataset (GRIDDS) (Nunes et al. (2019a)) comprises 35

volunteers recorded indoors with a fixed Kinect v2 mounted at 1.8 m and oriented orthogonally

to two straight walking trajectories (left to right and right to left). Each participant performs 10

sequences (5 per direction) at a self-selected pace. The distributed modalities include RGB, depth,

infrared, silhouettes (aligned and normalized to 80× 120), and 2D/3D joint coordinates. Gait

events were manually annotated, and spatio-temporal parameters were calculated from sensor-

derived data included in the release. The primary covariate by design is the walking trajectory

(two directions) under a fixed lateral viewpoint. Annotations cover subject identifiers, gait event

timestamps, spatio-temporal parameters, and soft biometrics (age, sex, height), enabling both

appearance-based and model-based analyses. A per-participant directory structure and consistent

file naming facilitate synchronization across modalities and alignment with the manual event labels

and computed parameters. Figure 4.27 shows some representative frames and derived modalities

from the dataset.

To standardize the evaluation, two protocols are proposed. First, a leave-one-subject-out iden-

tification setting: in each fold, construct the gallery with the first two sequences per direction for

all subjects and use the remaining three per direction as probes; report Rank-1/Rank-5 and mAP.

Second, a cross-trajectory generalization protocol: train and enroll the gallery using only left-to-

right sequences and probe with right-to-left (and conversely), keeping subjects disjoint between

training and testing and reporting the same metrics.
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Figure 4.27: GRIDDS: representative frames with derived modalities, including RGB, depth, sil-
houettes, and 2D/3D joint coordinates.

Health&Gait

The Health&Gait dataset (Zafra-Palma et al. (2025)) comprises 1,564 side-view walking sequences

from 398 adult participants collected indoors along a 10 m corridor. For each sequence, de-

rived visual modalities are provided, including 2D pose estimates (COCO-17 joints), silhouettes,

semantic-segmentation maps, and optical-flow fields. Figure 4.28 illustrates representative frames

and their corresponding modalities. Each participant record includes anthropometric (age, sex,

height, weight, BMI, waist/hip/neck circumferences, body-fat percentage, lean mass) and spatio-

temporal gait parameters obtained with OptoGait/MuscleLAB (see Section 2.4.1) and estimated

from pose. The data is organized per subject with unique identifiers and side-view direction la-

bels. Key covariates include walking speed, clothing condition (with jacket vs. without jacket),

and walking direction (left-to-right versus right-to-left). Only a single lateral viewpoint is used.

Training and evaluation can follow the authors’ stratified four-fold subject-disjoint partitions

targeting sex classification and weight/age regression. Official scripts generate train/validation/test

splits with random-seed control and stratification by sex and age or BMI. More details are provided

in Zhang et al. (2019).

Figure 4.28: Health&Gait: representative frames from each available modality, including 2D pose
estimates, silhouettes, semantic-segmentation maps, and optical-flow fields.
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INIT Gait Database

The INIT Gait Database (Ortells et al. (2018)) contains 160 side-view walking sequences from

10 healthy volunteers recorded in a studio with a chroma-key green background. Each subject

contributed two sequences for each of eight simulated gait styles, all captured from a lateral view-

point. Data are distributed as binary silhouettes only, extracted from RGB recordings to preserve

privacy; the nominal frame size is 800×400 pixels. Figure 4.29 illustrates a representative RGB

frame and the corresponding silhouette.

The dataset targets gait-type variability as the principal covariate. Eight labeled styles are

provided: one normal pattern (nm) and seven simulated impairments affecting arm swing (right

or left reduced to half swing, or no swing), step-length asymmetry (right or left half steps), and

a global impaired pattern inspired by advanced Parkinsonian gait. These labels are reflected in

the directory structure and support supervised evaluation of gait-type classification under a fixed

viewpoint.

Figure 4.29: INIT Gait Database: representative RGB frame and a representative silhouette ex-
tracted via chroma-key.

KOA-PD-NM

The KOA-PD-NM dataset (Kour et al. (2021)) comprises 192 gait videos from 96 individuals

recorded indoors in a clinical setting, including 50 patients with knee osteoarthritis (KOA), 16

with Parkinson’s disease (PD), and 30 healthy controls (NM). Recordings were acquired with a

camera placed at approximately 8 m from a 4.5 m walking mat against a green curtain, while

participants walked naturally along a straight path; faces were subsequently masked to preserve

privacy. Figure 4.30 shows a representative RGB frame of a participant walking. Videos are dis-

tributed in RGB at 50 fps, with two sequences per subject (left-to-right and right-to-left) captured

from a lateral (sagittal) viewpoint.

Key covariates include gait type (KOA, PD, normal) and disease severity: KOA graded by

Kellgren-Lawrence (early, moderate, severe) and PD by Hoehn & Yahr (mild, moderate, severe).

Direction of travel (left-to-right versus right-to-left) is encoded at the sequence level. The acqui-

sition setup allows analysis of both lower-limb and upper-body motion, with passive reflective

markers visible to aid the identification of anatomical landmarks during capture.
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Figure 4.30: KOA-PD-NM dataset: representative RGB frame of a participant walking in the
capture setup.

Kyushu University Gait Databases

The Kyushu University gait resources comprise complementary datasets acquired indoors under

controlled conditions but with distinct sensing setups and trajectory designs. The KY4D releases

(A and B) provide multi-view RGB imagery, silhouettes, and sequential visual-hull 3D reconstruc-

tions from a ring of 16 synchronized cameras, enabling cross-view and trajectory-aware analyses

under matched capture parameters. The KY IR (Shadow Gait) dataset records top-view infrared

shadow silhouettes under controlled illumination with appearance changes (bag and clothes), sup-

porting robustness studies with top-view geometry and appearance variation.

KY4D – A (straight) and KY4D – B (curve). Kyushu University 4D Gait Databases (KY4D-

A/B) (Iwashita et al. (2010, 2014b)) capture multi-view gait in a controlled studio using a ring of

16 synchronized cameras positioned at approximately 3.5 m from the scene center. Recordings

are 1032×776 at 15 fps. Each release provides RGB frames, binary silhouettes, calibrated camera

parameters, and sequential visual-hull 3D models. KY4D-A includes 42 subjects walking along

a straight path with four sequences per subject, whereas KY4D-B includes the same 42 subjects

walking along curved paths with two sequences per subject; curvature varies with two radii, 1.5 m

and 3.0 m. Covariates center on viewpoint change and walking trajectory. Figure 4.31a illustrates,

on the top row, a gait pose captured simultaneously by three distinct cameras and, on the bottom

row, a sequence of three frames along a curved trajectory.

For evaluation on straight paths, images from three designated cameras at approximately 0◦,

45◦, and 90◦ are commonly selected, applying a leave-one-out rule per camera in which the 3D

models corresponding to the test sequence are removed from the database; the procedure is re-

peated across all sequences. For curved-path tests, images from a fixed camera are used for both

circular trajectories with radii 1.5 m and 3.0 m. The availability of multi-view 3D reconstructions

enables benchmarking of 3D-based methods alongside appearance-based approaches.

KY IR (Shadow Gait Database). The Kyushu University Infrared Shadow Gait Database (Iwashita

et al. (2014a)) contains time-series shadow silhouettes for 54 subjects walking along a straight path

indoors. Two infrared illuminators project shadows onto the floor, and the scene is recorded by a

side-view camera and a ceiling-mounted camera; the distribution focuses on silhouette sequences
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associated with subject identities. Each subject contributes with six sequences: four standard, one

carrying a bag, and one with changed clothing. Reported capture settings include 1600×1200 at

30 fps. Covariates emphasize clothing and carrying conditions under controlled infrared lighting,

with a top-view geometry and a straight trajectory. The carrying condition encompasses back-

packs, handbags, and travel bags, and clothing changes include down jacket, laboratory coat, and

coat. Figure 4.31b depicts the two perspectives of a participant walking while carrying a bag.

Evaluation in the original studies applies four-fold cross-validation: for each subject, three

standard sequences are used for training and the remaining standard sequence for testing; the single

bag and clothing-change sequences are evaluated to assess robustness to appearance variation.

(a) (b)

Figure 4.31: Kyushu University Gait Databases: (a) KY4D-A (top row) shows a gait pose captured
simultaneously by three cameras; KY4D-B (bottom row) shows a sequence of three frames along
a curved trajectory. (b) KY IR shows two perspectives (side-view and top-view) of a participant
walking while carrying a bag.

Multi-Attribute Gait (MA-Gait)

Multi-Attribute Gait (MA-Gait) is an indoor, controlled-environment dataset for gait attribute

recognition (GAR). It includes 95 adults (65 male, 30 female) recorded at 1920×1080 and 25 fps

while performing 12 distinct walking styles designed to encode 16 attributes (multi-label per se-

quence). A six-camera rig arranged at 30◦ azimuth intervals around the walking route yields 12

effective views via two traversal directions (left-to-right and right-to-left). From the raw RGB

videos, silhouettes and 2D skeletons are derived, and each sequence is annotated with sex and

the multi-label attribute set. The release reports 13,954 sequences in total. As illustrated in Fig-

ure 4.32, example frames show different views and attributes side-by-side (four of the sixteen),

highlighting viewpoint diversity and attribute visibility.

The official evaluation adopts a subject-disjoint split (45 identities for training, 50 for test-

ing) and standard GAR metrics: mean accuracy (mA) at the attribute level and instance-level

Acc/Prec/Rec/F1. Cross-view testing is supported across the 12 views, with one traversal serving

as the gallery/reference and the other as the probe; analyses can be conducted on silhouette or

skeleton modalities to compare representation effects under identical capture conditions.
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Figure 4.32: MA-Gait dataset: example frames across multiple viewpoints with four of the sixteen
attributes shown side-by-side – hands in pockets, happy, sad and angry.

Multi-Height Gait (MHG)

The Multi-Height Gait (MHG) dataset (Hou et al. (2023)) captures 200 subjects in a controlled

indoor environment using nine cameras arranged at three angles (0◦,45◦,90◦) and three mounting

heights (high, middle, low). For each subject, walking is recorded under three appearance condi-

tions: normal (NM), carrying a bag (BG), and clothing change (CL), and silhouettes are released as

the primary data modality – Fig. 4.33 illustrates some silhouettes across camera-height levels and

appearance conditions. This configuration enables analysis of viewpoint variation due to both an-

gle and camera height while maintaining a straight walking trajectory and a static background. The

principal covariates include viewpoint change, clothing variation, and carrying conditions. The

dataset is designed to analyze recognition performance when probe and gallery differ in camera

height and to isolate the impact of clothing and carried objects on silhouette-based identification.

Figure 4.33 illustrates representative silhouette sequences across camera heights and appearance

conditions.

A proposed evaluation protocol trains on the first 150 subjects and tests on the remaining 50.

During testing, one camera height is fixed as the gallery, and probes are partitioned by height

(H/M/L) and condition (NM/BG/CL); mean Average Precision (mAP) is reported per subset to

assess the effects of height mismatch and appearance changes.

Figure 4.33: Multi-Height Gait dataset: representative silhouette sequences across camera-height
levels and appearance conditions.

Multi-Modal Gait Symmetry (MMGS)

The Multi-Modal Gait Symmetry (MMGS) dataset (Khokhlova et al. (2019)) contains frontal

walking recordings of 27 adults (19 male, 8 female) captured with a single Kinect v2 sensor under
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controlled indoor conditions. Each subject performs three gait types: normal, a simulated limp in-

duced by a 7 cm padding sole on the right shoe, and a simulated knee-rigidity condition achieved

by preventing right-knee flexion. Released data include 3D skeleton joint coordinates and joint

orientations, binary silhouettes, and processed joint-angle features; full depth streams and syn-

chronized Vicon-Kinect acquisitions are noted as available upon request. Figure 4.34 illustrates

representative frames for the available data modalities. Covariates focus on gait-type differences

under a fixed frontal viewpoint and a controlled environment. The dataset supports evaluation of

pose-based and silhouette-based methods for classifying gait abnormalities using joint orientations

and derived kinematic angles.

A subject-disjoint protocol is reported (Khokhlova et al. (2019)): 19 subjects are used for

training and validation (for example, 13/6) and 8 for testing, with random partitions repeated

≈ 23 times to assess robustness; an alternative fixed split by subject identifiers is also provided.

Figure 4.34: Multi-Modal Gait Symmetry dataset: representative frames for the different modali-
ties, including depth, silhouettes and 3D skeletons.

Occluded Gait Database (OccGait)

The Occluded Gait Database (OccGait) (Huang et al. (2024)) is an indoor multi-view dataset

designed to analyze gait recognition under occlusion. It includes 101 subjects recorded with three

RGB cameras positioned at approximately 0◦, 45◦, and 315◦, at a resolution of 1920× 1080,

within an 8× 8 m square walking course. By combining the fixed square route with the three

camera placements and discarding overlapping or near-duplicate views, the public release defines

eight effective viewpoints. The distribution provides silhouette sequences extracted from RGB

data, with the raw RGB data excluded to protect privacy. Figure 4.35 illustrates an example RGB

frame, its instance-segmentation mask, and the corresponding silhouette. Covariates emphasize

occlusion and viewpoint change. Four occlusion scenarios are provided per subject: normal (NM)

without obstacles; carrying (CA) with umbrellas or luggage; crowd (CR) involving interactions

with another pedestrian in opposite or parallel motion; and static (ST) obstacles such as plants or

chairs placed along the path. The fixed trajectory further induces partial and full-body occlusions

that vary with viewpoint.

A subject-disjoint evaluation is reported in Huang et al. (2024): odd-numbered identities (51)

for training and even-numbered identities (50) for testing. In testing, sequences NM01 and NM02

serve as the gallery for each subject, and Rank-1 accuracy is evaluated across occlusion types and

viewing angles, following established gait-evaluation practice and the authors’ protocol.
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Figure 4.35: Occluded Gait Database (OccGait): example RGB frame, instance-segmentation
mask, and corresponding silhouette.

OG RGB+D

OG RGB+D (Li and Zhao (2022)) was collected indoors using a synchronized multi-Kinect setup

designed to study occlusion effects in gait recognition. It comprises 96 subjects (36 female, 60

male) recorded with RGB, depth, silhouettes, and camera-centric 3D joint data. The RGB reso-

lution is 1280×720. Single-gait sequences cover eight views induced by a square walking route

and four turning views, whereas multi-gait sequences capture three people walking together under

four straight-view settings. Covariates emphasize occlusions (carrying objects such as umbrellas

or luggage and clothing with low, medium, or high occlusion), viewpoint changes, and trajectory

types (straight versus turning), together with complex backgrounds and illumination variation.

The annotated data further include soft-biometric attributes (age, sex, height, weight). Figure 4.36

presents representative frames illustrating multiple covariates and their corresponding modalities.

Training and evaluation reported by the authors split the 96 subjects into 48 for training and

48 for testing. Cross-view evaluation averages performance over non-identical gallery views, and

cross-condition evaluation uses low-occlusion clothing (LCL) sequences as the gallery while prob-

ing carrying conditions (BOB, SOB, LOB), clothing conditions (MCL, HCL), and multi-gait (MG)

scenarios. For MG, recognition is reported at single-, double-, and triple-subject accuracies per

sequence.

Figure 4.36: OG RGB+D dataset: representative frames across covariates (carrying, clothing-
occlusion levels, straight vs. turning trajectories, viewpoint change).
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OU-ISIR Gait Database: Treadmill Dataset

The OU-ISIR Gait Database, Treadmill Dataset is a series of treadmill-based gait resources cap-

tured indoors under controlled background and lighting conditions from a single lateral viewpoint

(≈ 90◦). Across its subsets, silhouettes are the distributed modality, and each subset isolates a

specific covariate, such as walking speed, clothing, or induced gait fluctuation, to enable targeted

evaluation of robustness in gait recognition. Protocols are subject-disjoint, and the high-frame-rate

acquisitions (≈ 60 fps) support rigorous analyses of both within- and across-condition generaliza-

tion.

OU-ISIR Treadmill Gait Dataset A (speed variation) The OU-ISIR Treadmill Dataset A

(speed variation) (Tsuji et al. (2010)) contains silhouettes for 34 subjects. Figure 4.37a shows

a representative sample from the dataset. Recordings were obtained at discrete speeds from 2 to

10 km/h in 1 km/h increments. Evaluation is typically cross-speed, matching a gallery sequence

at one speed against probe sequences at other speeds. The dataset comprises 612 sequences –

about 18 per subject, i.e., roughly two sequences per subject at each speed.

OU-ISIR Treadmill Gait Dataset B (clothes variation) The OU-ISIR Treadmill Dataset B

(clothes variation) (Altab Hossain et al. (2010)) includes 68 subjects. Figure 4.37b presents an

example image from the dataset. Each subject appears under up to 32 clothing combinations, and

all gait sequences were captured twice, yielding a total of 2,746 sequences. Silhouettes are dis-

tributed at high frame rate, and clothing is the key covariate. A subject-independent identification

protocol is provided via predefined lists, using a gallery in normal clothes and probes in the re-

maining clothing conditions to enable cross-clothes evaluation. Results are typically reported with

rank-based metrics (for example, Rank-1).

OU-ISIR Treadmill Gait Dataset D (gait fluctuation) The OU-ISIR Treadmill Dataset D (gait

fluctuation) (Mori et al. (2010)) comprises 370 silhouette sequences from 185 subjects. Each

subject contributes with two sequences, one serving as gallery and the other as probe. Silhouettes

are normalized to 88× 128 pixels and captured for approximately 6 s per sequence. This subset

examines robustness to gait fluctuation introduced by post-processing: low framerate conditions

are simulated via temporal subsampling, and low spatial-resolution conditions via downscaling of

silhouettes. Evaluation follows a subject-disjoint identification framework to assess sensitivity to

frame-rate and spatial-resolution changes.
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(a) (b)

Figure 4.37: OU-ISIR Treadmill Gait Dataset: (a) sample frame from Dataset A showing treadmill
walking; (b) sample frame from Dataset B showing treadmill walking while wearing a coat.

OU-ISIR Gait Speed Transition

The OU-ISIR Gait Speed Transition (GaitST) dataset (Mansur et al. (2014)) targets gait recogni-

tion under intrasequence speed changes. It releases size-normalized binary silhouettes of 22×32

pixels captured at 60 fps in controlled indoor conditions. Data include both overground walking

and treadmill captures to cover near-constant speed and speed-transition scenarios. Figure 4.38

illustrates the two acquisition setups (overground and treadmill). The primary covariate is walk-

ing speed, with sequences exhibiting acceleration and deceleration within a single walk, comple-

mented by constant-speed galleries.

The release is organized into two evaluation sets plus an auxiliary training set. In the first set,

probes are speed-transition sequences from 26 subjects, whereas the gallery contains constant-

speed sequences from 179 subjects recorded either on a treadmill at 4 km/h or overground at

near-constant speed. In the second set, 25 subjects perform automatic treadmill speed transitions

(accelerations from 1 to 5 km/h and decelerations from 5 to 1 km/h); one-second middle subse-

quences are extracted as probes, and the gallery comprises 154 subjects walking at 4 km/h. An

auxiliary training set of 24 subjects provides constant-speed sequences at 2, 3, 4, and 5 km/h to

learn speed-related models.

Figure 4.38: OU-ISIR Gait Speed Transition (GaitST): overground and treadmill acquisition se-
tups with representative frames from each configuration.

OU-ISIR Large Population: Age

The OU-ISIR Large Population: Age (OULP-Age) dataset (Xu et al. (2017b)) provides one side-

view walking sequence per subject and a size-normalized Gait Energy Image (GEI; 88× 128)
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for each identity. Data were collected in a controlled indoor corridor with a green chroma-key

background using a single lateral camera at approximately 90◦, recording 2.5 s clips at 640×480

and 30 fps. Figure 4.39 illustrates representative subjects of different ages during acquisition.

The dataset comprises 63,846 participants with verified age (ages 2–90) and sex (31,093 male

and 32,753 female) metadata, enabling gait-based age analysis. The release centers age as a

soft biometric and distributes identity-level GEIs derived from background-subtracted silhouettes.

Capture conditions keep viewpoint, trajectory, and speed consistent (straight path, side view, self-

paced walking) to isolate age-related appearance factors.

Evaluation typically uses a subject-disjoint random split into two equal partitions, with 31,923

subjects for training and 31,923 for testing. Subsequent analyses vary the training-set composi-

tion by sex and age distribution while keeping the test set fixed; all experiments follow the same

identity-disjoint protocol.

Figure 4.39: OULP-Age dataset: representative side-view samples from subjects of different ages
during acquisition.

OU-ISIR Large Population: Bag

OU-LP-Bag is a large gait dataset (Uddin et al. (2018)) designed to study the carried-object (CO)

covariate at scale. Gait sequences were collected with a fixed camera positioned at approximately

8 m from the walking course and 5 m in height, recording at 1280×980 and 25 fps. Each subject

completed three passes: the first (A1), which involved carrying real-life objects, followed by two

passes without carrying objects (A2 and A3). Silhouettes were extracted using a green-screen

setup and converted into size-normalized Gait Energy Images (GEIs) (Han and Bhanu (2006)) of

88× 128 pixels. In total, the dataset contains 62,528 identities, each with three sequences. Co-

variates center on the presence and placement of carried objects, with manual CO annotations into

seven labels that coarsely encode typical positions or changes across a gait period (for example,

side-bottom, side-middle, front, back, multiple/changed, none). Figure 4.40 shows examples of

the carrying-status labels: (a) a sample RGB frame within a gait period with carried objects cir-

cled in yellow, (b) the corresponding GEI feature, and (c) the GEI of the same subject without a

carried object in another captured sequence.

Following the authors’ protocol, subjects are split into disjoint training and test identities of

approximately equal size (≈ 29,000 each). Two evaluation settings are defined. In the cooperative

setting, the gallery contains only no-CO sequences (A2 and A3), and the probes span the seven CO

labels from A1. In the uncooperative setting, both gallery and probe include mixtures of with-CO
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and without-CO sequences. Baselines are reported with appearance-based methods on GEIs under

these settings.

Figure 4.40: OU-LP-Bag dataset: examples of carrying-status labels; panels show RGB frames
(carried objects highlighted) with the corresponding GEIs.

OU-ISIR Large Population: Multi-View

The OU-MVLP dataset family comprises four releases. The first release establishes the capture

and evaluation setup, which the three subsequent releases reuse unchanged. Across all releases,

the dataset comprises 10,307 subjects (5,114 male and 5,193 female). All data were recorded

indoors under controlled background and illumination using a chroma-key wall and carpet. A ring

of seven fixed network cameras was arranged along a quarter circle at 15◦ intervals, with a radius

of ≈ 8 m and a height of ≈ 5 m. Some publications refer to “14 view angles” by treating the two

walking directions as distinct, although the physical configuration consists of seven cameras. The

cameras recorded at 1280×980 and 25 fps. Participants walked a straight path in both directions,

each direction repeated twice, yielding up to 28 sequences per subject (7×2×2).

OU-ISIR Large Population: Multi-View (OU-MVLP) The OU-MVLP dataset (Takemura

et al. (2018)) targets cross-view gait recognition at scale. It distributes silhouettes and size-

normalized Gait Energy Images (GEIs) (Han and Bhanu (2006)) for the 10,307 subjects and em-

phasizes viewpoint variation across seven cameras, with natural intra-subject differences arising

from bidirectional passes. Figure 4.41a illustrates representative GEIs released with the dataset.

OU-ISIR Large Population: Multi-View with Pose Sequence (OU-MVLP-Pose) The OU-

MVLP-Pose dataset (An et al. (2020)) extends the base set with 2D pose sequences for the same

10,307 subjects. From the RGB streams, 18-joint trajectories are extracted using OpenPose (Cao

et al. (2017a)) and AlphaPose (Fang et al. (2023)), producing two short clips per camera (one per

traversal), typically ≈ 18–35 frames each. This appearance-independent representation supports

model-based cross-view studies. Figure 4.41b shows example 2D keypoint sequences.

OU-ISIR Large Population: Multi-View with Human Meshes (OU-MVLP-Mesh) The OU-

MVLP-Mesh dataset (Li et al. (2022b)) augments the collection with parametric 3D human meshes
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(SMPL; Loper et al. (2023)) and aligned 24-joint skeletons provided in two coordinate systems:

IM2D (image-based 2D) and HC3D (human-centered 3D, view-robust). Sequence lengths mirror

the pose release (≈ 18–35 frames), enabling pose- and shape-level analysis beyond 2D keypoints.

Figure 4.41c depicts sample human-mesh representations.

OU-ISIR Large Population: Multi-View with Dense Optical Flow (OU-MVLP-OF) The

OU-MVLP-OF dataset (Shehata et al. (2025)) provides dense optical flow computed from the same

RGB videos using RAFT – a deep network architecture (Teed and Deng (2021)). Two variants

are offered: V1 computes flow on cropped, person-centered 256× 256 RGB frames masked by

silhouettes; V2 computes flow at the native 1280×980 resolution, then applies a foreground mask

and recenters/resizes to 256×256. Figure 4.41d presents representative dense-flow visualizations.

Across the family, evaluation follows the official subject-disjoint split (approximately half for

training and half for testing, as proposed in OU-MVLP) (Takemura et al. (2018)). Cross-view

identification is standard: one traversal serves as the gallery and the other as the probe; when

reporting strictly cross-view results, identical-view matches are typically excluded. Performance

is commonly summarized with Rank-1/Rank-5 (and mean Average Precision for retrieval-style

reporting), enabling direct comparison of how different modalities (silhouettes, 2D poses, 3D

meshes/skeletons, and dense optical flow) affect cross-view recognition under identical capture

conditions.

(a) (b) (c) (d)

Figure 4.41: OU-ISIR Large Population: Multi-View family: (a) representative GEIs from OU-
MVLP; (b) example 2D keypoint sequences from OU-MVLP-Pose; (c) sample human-mesh
representations from OU-MVLP-Mesh; (d) representative dense-flow visualizations from OU-
MVLP-OF.

ProGait

ProGait (Yin et al. (2025)) is a multi-purpose video dataset targeting vision-based analysis of

transfemoral prosthesis users. It contains 412 clips from four male above-knee amputees, recorded

indoors at 1920×1080 and 30 fps with paired frontal and sagittal views per trial. The distribution

covers two capture scenarios: walking inside parallel bars and walking in hallways with assistance.
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Multimodal annotations support three tasks: video object segmentation; 2D human pose estima-

tion with 23 keypoints (seventeen body and six feet); and clinical text annotations comprising the

general gait category, the specific deviation, alignment recommendations, and the underlying ratio-

nale. Figure 4.42 illustrates representative video frames from the frontal-view with segmentation

masks and pose keypoints. Covariates emphasized include viewpoint changes (frontal vs. sagittal),

occlusion caused by caregivers and surrounding objects, and scenario differences between parallel

bars and open corridors.

For evaluation, the authors propose subject-disjoint splits of 70% training, 20% validation, and

10% test for the segmentation and pose tasks, and a five-fold cross-validation for gait classification,

with results reported per view (frontal versus sagittal) and across scenarios.

Figure 4.42: ProGait dataset: representative frontal-view frames with segmentation masks and 2D
pose keypoints, sampled from parallel-bars and hallway scenarios.

RA-GAR: Richly Annotated - Gait Attributes Recognition

RA-GAR (Wang et al. (2025)) is a richly annotated outdoor gait dataset designed to study attribute-

aware recognition across multiple covariates. It contains 533 subjects and 123,067 video se-

quences recorded at 1920× 1080 and 30 fps using fixed cameras on an outdoor platform. The

capture geometry yields 10 azimuth views (0◦–360◦ in 36◦ steps) from cameras positioned at

1.3 m height. For each subject, recordings cover normal walking and combinations of clothing

change, and bag carrying. The public release provides silhouette sequences and 2D pose key-

points. Soft-biometric metadata (sex, height, weight, age) support attribute-level analyzes. Fig-

ure 4.43 illustrates examples of normal, bag-carrying, and clothing-change conditions alongside

the corresponding data modalities.

The authors propose a subject-disjoint split with 250 training subjects (57,155 sequences) and

288 testing subjects (65,912 sequences). Evaluation follows attribute-recognition practice using

mean accuracy (mA) and instance-based accuracy, precision, recall, and F1. Viewpoint diversity

(10 angles) and appearance covariates (clothing, carrying, illumination) are explicitly controlled,

enabling cross-view tests and robustness studies under realistic outdoor conditions.



4.4 A Review of Vision and Depth-Based Human Gait Datasets 129

Figure 4.43: RA-GAR dataset: examples of normal, bag-carrying, and clothing-change conditions
with the corresponding data modalities (silhouettes and 2D pose keypoints).

ReSGait

ReSGait (Mu et al. (2021)) is a gait resource recorded in an office corridor with a single fixed

camera placed in a corner. It contains 172 subjects (134 male and 38 female) and 870 sequences

collected over 15 months, with identity labels and paired silhouette sequences (normalized to

128×128) and pose sequences. Metadata include sex and per-sequence tags for clothing, carrying

condition, walking route, and phone use. The camera height is approximately 1.2 m. The release

emphasizes covariates such as long time span (seasonal changes across 15 months), clothing (for

example, normal, coat, skirt), carrying (none, small item, large item, bag), walking route (straight

or curved) and phone use. Figure 4.44 illustrates the two data modalities alongside representative

examples of clothing, carrying, accessories, and walking-trajectory conditions.

The authors report three evaluation settings (Mu et al. (2021)): (i) an unconstrained split with

subjects 1–86 for training and 87–172 for testing; (ii) covariate-focused analysis under the same

subject split to assess the impact of clothing, carrying, route, and phone use; and (iii) a temporal

setting in which training subjects have a time span under 30 days, whereas test subjects have at

least 30 days between their earliest and latest recordings.

Figure 4.44: ReSGait dataset: paired silhouette and pose sequences with representative examples
of clothing variation, carrying conditions, accessories, and walking-trajectory.

SAIVT-Depth Gait Database

The SAIVT-Depth Gait Database (SAIVT-DGD) (Sivapalan et al. (2011)) contains frontal, depth-

based gait recordings of 35 subjects acquired with a Kinect sensor in a controlled indoor corridor.

The public distribution provides depth frames, derived silhouettes, and voxel-based 3D volumes,

along with sequence-level identifiers. Walking conditions vary across speed and appearance-

related factors, enabling analyses under normal and fast walking, carrying (front, side, back),
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and no-shoes cases. The principal covariates emphasized by the dataset are walking speed, carry-

ing status, and footwear. Figure 4.45 illustrates a representative image sequence together with the

corresponding depth frames.

Some published studies on this dataset (Sivapalan et al. (2011, 2013)) typically evaluate intra-

class recognition using normal-versus-normal sequences, as well as inter-class scenarios in which

fast-walking probes are matched to normal-walking galleries, with additional tests under carrying

and no-shoes variations.

Figure 4.45: SAIVT-Depth Gait Database: representative frontal-view image sequence with the
corresponding depth frames.

Scoliosis1K

Scoliosis1K (Zhou et al. (2024)) is a large-scale dataset for video-based scoliosis classification

comprising 1,050 adolescents (641 male and 409 female) and 1,493 walking sequences. Videos

were recorded in a school corridor with a single fixed camera and converted into privacy-preserving

silhouette sequences at 1280× 720 and 15 fps; 2D pose data (COCO-style keypoints) are also

provided. Each subject is assigned one of three diagnostic categories (positive, neutral, or nega-

tive) based on on-site expert assessment using standard-screening procedures. The capture uses a

frontal view with a straight walking trajectory. The principal covariate emphasized by the release is

the diagnostic category. Figure 4.46 illustrates frontal-view silhouettes together with COCO-style

2D pose sequences.

For evaluation, Zhou et al. (2024) proposes splitting the sequences into 745 for training and

748 for testing with an approximate class ratio of 1 : 1 : 8 (positive : neutral : negative), and

reporting accuracy, sensitivity, and specificity as the primary metrics.

Figure 4.46: Scoliosis1K dataset: representative frontal-view silhouettes and COCO-style 2D pose
sequences.



4.4 A Review of Vision and Depth-Based Human Gait Datasets 131

SDUMLA-HMT

SDUMLA-HMT is a multimodal biometric collection comprising 106 subjects (59 male and 47

female), aged 17–31. Five biometric traits were recorded for each participant: face, finger vein,

gait, iris, and fingerprint, yielding five coordinated sub-databases in which a common person iden-

tifier links all modalities for the same individual. The gait subset (Yin et al. (2011)) was captured

in a purpose-designed room using six fixed digital cameras placed on a circular arc of radius 6 m

centered on the walkway: one frontal view aligned with the walking direction, one lateral view

orthogonal to the path (≈ 90◦), and four oblique views at ±22.5◦ and ±45◦ relative to the lat-

eral direction. Figure 4.47 shows the multi-camera configuration (top) and example RGB frames

across covariates (bottom).

For each subject, six background clips were recorded (one per camera), followed by six natural

walks, two walks while carrying a bag (knapsack, satchel, or handbag), and two runs. In total, the

gait subset contains 6,996 RGB videos at 320×240 and 25 fps, each spanning approximately 2–3

gait cycles. Documented covariates include viewpoint (six views from frontal to lateral), carrying

status (with-bag vs. without-bag), and motion type or speed (walking vs. running), yielding a

compact multi-view, multi-condition benchmark.

Figure 4.47: SDUMLA-HMT gait dataset: multi-camera indoor setup (top) and representative
RGB frames across covariates (bottom), including viewpoint changes, carrying status (with/with-
out bag), and motion type (walking/running).

SMVDU-Gait (Single and Multi)

SMVDU-Gait (Singh et al. (2019)) comprises two companion subsets captured outdoors with a

tripod-mounted RGB camera at 1920× 1080 and 50 fps, against a fixed background and along

three straight walking paths. Single-Gait records solo walking by 20 volunteers (11 male and 9

female), while Multi-Gait records the same volunteers walking in pairs. Both subsets provide

identity labels, enabling sequence-based and cross-view analyzes under consistent capture condi-

tions. The principal covariates include the presence or absence of group-induced occlusion (pairs

versus solo) and viewpoint differences arising from the three paths. Using matched subject iden-

tifiers across Single and Multi supports within-subject comparisons of gait patterns between solo

and paired walking. Figure 4.48 illustrates example frames from Single (solo) and Multi (pairs).



132 Datasets for Gait Analysis – GRIDDS and Other Resources

A reported evaluation trains a gallery-probe classifier across the two subsets, using Multi-Gait

for training and Single-Gait for testing, with a one-vs-rest scheme over 16 subjects; performance

is summarized via confusion matrices and overall accuracy (as described in Singh et al. (2019)).

Figure 4.48: SMVDU-Gait dataset: representative frames from the Single (solo) and Multi (pairs)
subsets, illustrating group-induced occlusion across straight paths.

SOTON Human ID (Large and Small DB)

The Southampton HumanID gait datasets (Shutler et al. (2004)) comprise two complementary

releases designed to study gait under controlled and semi-controlled conditions. The SMALL

dataset captures 12 subjects indoors on a straight track with four designated viewpoints: normal

track (fronto-parallel), oblique, elevated, and frontal. Video is provided as RGB sequences with

associated silhouettes. The LARGE dataset expands the population to 115 subjects and introduces

three scenarios: outside track, inside track, and treadmill – each recorded from two viewpoints

(fronto-parallel and oblique), yielding six distinct camera views overall. Both datasets provide

RGB suitable for silhouette extraction, enabling appearance-based evaluation and analysis of view

changes. Figure 4.49 illustrates representative views and scenarios (indoor track, treadmill, and

outdoor track).

Covariates emphasized across the two datasets include viewpoint changes, clothing varia-

tion, carrying conditions, footwear, and walking-speed variation. The LARGE dataset additionally

varies walking surface and environment (indoor versus outdoor, with controlled and uncontrolled

lighting), enabling analyses of robustness to appearance and scene factors as well as surface-

related trajectory differences.

Figure 4.49: SOTON HumanID (Small/Large) datasets: representative views and scenarios – in-
door track, treadmill, and outdoor track – across fronto-parallel and oblique viewpoints.
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SPHERE Walking Dataset

The SPHERE Walking Dataset (Paiement et al. (2014)) provides frontal-view depth sequences and

OpenNI skeletons of individuals walking upstairs. The collection comprises 17 sequences from

12 healthy subjects captured indoors at approximately 30 fps, from which 42 gait cycles were ex-

tracted for analysis. The distribution includes depth video and associated skeletons, organized into

training_data and testing_data directories. Covariates focus on gait type, with normal

stair-ascent and three anomaly conditions used for evaluation: right-leg-lead, left-leg-lead, and

freeze-of-gait. Figure 4.50 illustrates representative frontal-view depth frames together with the

corresponding body-skeleton representations.

The original evaluation trained a normal-gait model on six subjects and assessed generalization

on six unseen subjects. Anomalous segments (right-leg-lead, left-leg-lead, freeze-of-gait) were

labeled by a physiotherapist and employed to test detection and frame-level classification.

Figure 4.50: SPHERE Walking Dataset: representative frontal-view stair-ascent sequences show-
ing depth frames with corresponding OpenNI skeletons.

SUSTech1K

SUSTech1K (LidarGait) (Shen et al. (2023)) is a synchronized multi-modal dataset for outdoor gait

recognition that pairs RGB video (1280× 980 at 30 fps) with 3D LiDAR point clouds (10 fps).

Data were captured in three scenes using a mobile platform equipped with a 128-beam LiDAR

and a monocular camera, producing 25,239 sequences from 1,050 subjects across 12 viewpoints.

The release includes silhouettes and labeled walking conditions covering normal, carrying a bag,

clothes change, occlusion, illumination (including night), uniform, and umbrella. Covariates are

explicitly represented through viewpoint change, occlusion, clothing variation, carrying conditions

and accessories, lighting change, and route design (straight and round-trip with turns), enabling

cross-covariate evaluation under consistent sensor synchronization. Figure 4.51 illustrates aligned

RGB frames, silhouettes, and the corresponding 3D point-cloud sequences.

Evaluation follows subject-disjoint splits with 250 identities for training, 250 for validation,

and 550 for testing. Cross-view protocols exclude identical probe-gallery views; normal sequences

serve as the gallery while probes span the remaining walking conditions. Reported metrics (Shen

et al. (2023)) include Rank-1 and Rank-5 accuracy, with open-set partitions ensuring no overlap

among training, validation, and test samples.
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Figure 4.51: SUSTech1K (LidarGait) dataset: synchronized, spatially aligned RGB frames and
silhouettes with the corresponding 3D LiDAR point-cloud sequences across representative view-
points.

SZU RGB-D Gait Dataset

The SZU RGB-D Gait Dataset (Yu et al. (2013)) comprises 792 sequences from 99 subjects,

recorded indoors with an ASUS Xtion PRO LIVE sensor (ASU) at 30 fps and 640×480 resolution.

Each subject walked two trajectories: a lateral path at 90◦ to the sensor and an oblique path

at ≈ 60◦, with four sequences per trajectory. The release provides synchronized RGB, depth,

and silhouette streams. The principal covariate is walking trajectory under a single-sensor setup.

Figure 4.52 illustrates a sample RGB frame and the corresponding depth image for each trajectory.

The evaluation protocol described in Yu et al. (2013) defines four settings that decouple modal-

ity (depth versus RGB) and trajectory (same-trajectory versus cross-trajectory). For depth: (i)

same-trajectory, with gallery sequences 1–2 and probes 3–4; (ii) cross-trajectory, with gallery

1–2 at 90◦ and probes 5–8 at ≈ 60◦. For RGB: (iii) same-trajectory, gallery 1–2 versus probes

3–4; (iv) cross-trajectory, gallery 1–2 at 90◦ versus probes 5–8 at ≈ 60◦. This design enables

both same- and cross-trajectory evaluation within each modality and was used to benchmark Gait

Energy Surface (depth) and Gait Energy Image (silhouette-based) representations.

Figure 4.52: SZU RGB-D Gait Dataset: sample RGB frames and corresponding depth maps for
the two trajectories: lateral (90◦) and oblique (≈ 60◦).
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TUM-IITKGP

The TUM-IITKGP dataset (Hofmann et al. (2011)) targets gait recognition under occlusion and

appearance changes. It comprises 840 sequences from 35 subjects recorded indoors in a narrow

corridor with a single fixed camera positioned at ≈ 1.85 m height and oriented perpendicular to

the walking direction (side-view). Each subject was recorded under six configurations: regular

walking, hands in pockets, backpack, gown, dynamic occlusion (two other people walking past),

and static occlusion (two people standing in the line of sight). Every configuration was repeated

four times (two directions × two repeats), yielding 24 sequences per subject. The public release

focuses on silhouette videos extracted from RGB. Figure 4.53 illustrates sample RGB frames for

the listed covariates.

No official evaluation split is provided. Typical studies use cross-condition protocols, forming

training and testing subsets to assess robustness across appearance changes (pockets, backpack,

gown) and occlusion conditions (dynamic and static). Baseline experiments in Hofmann et al.

(2011) report person identification using color histograms (appearance) and Gait Energy Images

(Han and Bhanu (2006)), demonstrating use cases with and without explicit occlusions.

Figure 4.53: TUM-IITKGP dataset: sample RGB frames for the covariates (a) regular, (b) hands-
in-pockets, (c) backpack, (d) gown, (e) dynamic occlusion, ( f ) static occlusion.

Walking Gait Dataset

The Walking Gait Dataset (Nguyen et al. (2018)) provides synchronized point-clouds, 3D skele-

tons with 25 joints, and binary silhouettes for nine subjects, each performing nine distinct gait

conditions. Recordings were made indoors on a treadmill using a Kinect v2 sensor with two mir-

rors. Each sequence contains 1,200 consecutive frames; silhouettes are distributed at 512× 424

and are derived from depth. The nine conditions comprise one normal pattern and eight simulated

asymmetries induced by shoe-lifts of 5, 10, and 15 cm and ankle weights of 4 kg, applied unilat-

erally (left or right). The release is designed for comparative evaluation across representations in

gait analysis and abnormal-gait detection. Covariates focus on gait-type manipulations (lift height

and ankle-load side) under a fixed frontal viewpoint; point-clouds are reconstructed from depth.

Figure 4.54 illustrates representative silhouettes, skeletons, and point-clouds.
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Evaluation typically follows the authors’ subject split (Nguyen et al. (2018)), training on sub-

jects {1,3,5,6,9} and testing on {2,4,7,8}. In addition, leave-one-out cross-validation across the

nine participants is recommended for a subject-disjoint assessment.

Figure 4.54: Walking Gait Dataset: representative samples from frontal-view treadmill recordings
showing silhouettes, 3D skeletons, and point-clouds.

4.4.4 Taxonomy-Aligned Dataset Tables

This section instantiates the schema defined in Section 4.3.4 using the terminology of covari-

ates described in Section 4.3.3, providing a concise, modality-agnostic overview of the reviewed

datasets. By aligning attributes across RGB and depth and by separating scene-, user-, and sensor-

level fields, the tables explicitly demonstrate the link between acquisition choices, covariates, and

protocol design. This reduces ambiguity in common evaluation scenarios, such as cross-view or

cross-clothes. Within each dimension, attributes are encoded by the legend keys (A–R) to ensure

consistency and concision.

For ease of consultation, the datasets are grouped by their main area of use, combined with the

tables’ alphabetical order. Healthcare-oriented datasets are listed in Table 4.9; biometric-oriented

resources appear in Table 4.8; and attribute-recognition resources are summarized in Table ??.

Each column is mapped directly to the dimensions of the taxonomy. The scene-level column

contains information on the environment, background, surface, lighting, viewpoints, trajectory,

and temporal span (A–G); the user-level column encodes the gait type, speed, clothing, carrying

items and demographics (H–L); and the sensor-level column lists the modality, framerate, res-

olution, camera height, synchronization, and noise or artifacts (M–R). Where there are official

training/validation/testing partitions or gallery/probe rules, the corresponding protocol informa-

tion is referenced in the dataset profiles (Section 4.4.3) and aligns with the same covariate keys.

Missing items are marked as — rather than being inferred.
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Table 4.7: Healthcare-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters;
see the legend for meanings. Abbreviations: 2D keyp. = 2D keypoints; GEI = Gait Energy Image; SEI = Skeleton Energy Image; S. Segm. = Semantic
Segmentation; Silh. = Silhouette; — = not available.

Dataset Year Subjects Scene-level User-level Sensor-level

Gait-A 2016
5

(—)

(A) Indoor
(B) Static
(C) Overground
(D) Controlled
(E) 2 (0◦ front, 90◦ side)
(F) Straight
(G) —

(H) Normal / Pathological
(I) —
(J) —
(K) —
(L) —

(M) Silh.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

GAIT-IST 2020
10

(8 ♂ – 2 ♀)

(A) Indoor
(B) Static
(C) Overground
(D) Controlled
(E) 1 (90◦ side)
(F) Walking trajectories
(G) —

(H) Normal / Pathological
(I) —
(J) —
(K) —
(L) —

(M) Silh.; GEI; SEI
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

GAIT-IT 2021
21

(19 ♂ – 2 ♀)

(A) Indoor
(B) Static
(C) Overground
(D) Controlled
(E) 2 (0◦ front, 90◦ side)
(F) Walking trajectories
(G) Time span

(H) Normal / Pathological
(I) Normal
(J) —
(K) —
(L) —

(M) Silh.; GEI; SEI
(N) 10 fps
(O) —
(P) —
(Q) —
(R) —

Health&Gait 2021
398

(199 ♂ – 199 ♀)

(A) Indoor
(B) Static
(C) Overground
(D) Controlled
(E) 1 (90◦ side)
(F) Walking trajectories
(G) Multi-session

(H) Normal
(I) Varied
(J) Varied
(K) —
(L) Balanced

(M) Silh.; 2D Keyp.; S. Segm.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

INIT Gait 2016
10

(9 ♂ – 1 ♀)

(A) Indoor
(B) Static
(C) Overground
(D) Controlled
(E) 1 (90◦ side)
(F) Straight
(G) —

(H) Normal / Pathological
(I) —
(J) —
(K) —
(L) —

(M) Silh.
(N) 15 fps
(O) —
(P) —
(Q) —
(R) —

Legend: ♂ male; ♀ female; (A) Environment; (B) Background; (C) Walking surface; (D) Lighting; (E) Viewpoints; (F) Walking trajectory;
(G) Temporal variation; (H) Gait type; (I) Walking speed; (J) Clothing; (K) Carrying condition; (L) Demographics; (M) Modality; (N) Frame
rate; (O) Resolution; (P) Camera height; (Q) Synchronization; (R) Noise / Artifacts.
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available.

Continued on next page. . .

360 Degree Gait
2022

65
(38 ♂ – 27 ♀)

(A) indoor; outdoor
(B) static
(C) overground
(D) controlled; uncontrolled
(E) 8 (0 – 360)
(F) Walking trajectories
(G) Time span

(H) Normal
(I) Varied
(J) Varied
(K) —
(L) Available

(M) RGB; 2D Keyp.; goniometer data
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

AVA Multi-View
2013

20
(16 ♂ – 4 ♀)

(A) indoor
(B) static
(C) overground
(D) uncontrolled
(E) 6
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) RGB; Silh.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

CASIA-A
2001

20
(—)

(A) outdoor
(B) static
(C) overground
(D) uncontrolled
(E) 3 (0, 45, 90)
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) RGB
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

CASIA-B
2005

124
(93 ♂ – 31 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 11 (0 – 180)
(F) —
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) Available

(M) RGB; Silh.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

CASIA-C
2005

153
(130 ♂ – 23 ♀)

(A) outdoor
(B) static
(C) overground
(D) uncontrolled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) Present
(L) Available

(M) infrared; Silh.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

CASIA-E
2022

1,014
(507 ♂ – 507 ♀)

(A) outdoor
(B) static; dynamic
(C) overground
(D) uncontrolled
(E) 28
(F) —
(G) Time span

(H) Normal
(I) —
(J) Varied
(K) Present
(L) Available

(M) Silh.; GEI; infrared
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page



140
D

atasets
forG

aitA
nalysis

–
G

R
ID

D
S

and
O

therR
esources

Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

CCGR
2024

970
(—)

(A) indoor
(B) static
(C) overground; stairs; ramp
(D) controlled
(E) 33
(F) Walking trajectories
(G) —

(H) Normal
(I) Varied
(J) Varied
(K) Present
(L) Available

(M) RGB; Silh.; 2D Keyp.; 2D Parsing
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

CCPG
2023

200
(122 ♂ – 78 ♀)

(A) indoor; outdoor
(B) dynamic
(C) overground
(D) uncontrolled
(E) 10
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) Varied
(K) —
(L) —

(M) RGB; Silh.
(N) —
(O) —
(P) —
(Q) —
(R) —

CMU MoBo
2001

25
(23 ♂ – 2 ♀)

(A) indoor
(B) static
(C) treadmill
(D) controlled
(E) 6 (0 – 360)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) Present
(L) Available

(M) RGB; Silh.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page



4.4
A

R
eview

ofV
ision

and
D

epth-B
ased

H
um

an
G

aitD
atasets

141

Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

Depth-Based Gait
2015

29
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 2 (0 – front; 180 – back)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) —
(L) —

(M) Silh.; 2D Keyp.; 3D Keyp.
(N) 30 fps; 15 fps
(O) —
(P) —
(Q) —
(R) —

FVG
2018

226
(—)

(A) outdoor
(B) dynamic
(C) overground
(D) uncontrolled
(E) 3 (−45,0,45)
(F) —
(G) Time span

(H) Normal
(I) Varied
(J) Varied
(K) Present
(L) —

(M) RGB
(N) 15 fps
(O) —
(P) —
(Q) —
(R) —

Gait3D-Parsing
2023

4000
(—)

(A) indoor
(B) dynamic
(C) overground
(D) uncontrolled
(E) 39
(F) Walking trajectories
(G) —

(H) Normal
(I) Varied
(J) Varied
(K) Present
(L) —

(M) Silh.; 2D Keyp.; 3D Keyp.; 3D Meshes; 2D Parsing
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

GREW
2020

26,345
(—)

(A) outdoor
(B) dynamic
(C) overground
(D) uncontrolled
(E) 882
(F) Walking trajectories
(G) —

(H) Normal
(I) Varied
(J) Varied
(K) Present
(L) Available

(M) Silh.; GEI; 2D Keyp.; 3D Keyp.; optical flow
(N) —
(O) —
(P) —
(Q) —
(R) —

GRIDDS
2018

35
(11 ♂ – 24 ♀)

(A) indoor
(B) static
(C) overground
(D) uncontrolled
(E) 1 (90◦ side)
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) Available

(M) RGB; Silh.; infrared; depth; 2D Keyp.; 3D Keyp.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

KY 4D–A
2010

42
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 16 (0 – 360)
(F) —
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) RGB; Silh.; 3D Model
(N) 15 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

KY 4D–B
2010

42
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 16 (0 – 360)
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) RGB; Silh.; 3D Model
(N) 15 fps
(O) —
(P) —
(Q) —
(R) —

KY IR
2014

54
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 2 (side, top)
(F) —
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) Silh.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

MA-Gait
2022

95
(65 ♂ – 30 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 6
(F) Walking trajectories
(G) —

(H) Normal / Pathological
(I) —
(J) —
(K) —
(L) Available

(M) Silh.; 2D Keyp.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

MHG
2023

200
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 9 (0, 45, 90) × High, Mid, Low
(F) —
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) Silh.
(N) —
(O) —
(P) —
(Q) —
(R) —

OccGait
2025

101
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 8 (0 – 360)
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) Present
(L) —

(M) Silh.
(N) —
(O) —
(P) —
(Q) —
(R) —

OG RGB+D
2022

96
(60 ♂ – 36 ♀)

(A) indoor
(B) dynamic
(C) overground
(D) uncontrolled
(E) 8
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) Available

(M) RGB; depth; 3D Keyp.; Silh.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

OU-ISIR GaitST
2014

—
(—)

(A) indoor
(B) static
(C) overground; treadmill
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) —
(L) —

(M) Silh.
(N) 60 fps
(O) —
(P) —
(Q) —
(R) —

OU-ISIR LP Age
2017

63,846
(31,093 ♂ – 32,753 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) Available

(M) GEI
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

OU-ISIR LP Bag
2018

62,528
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) —
(J) —
(K) Present
(L) —

(M) Silh.; GEI
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

OU-ISIR LP MV
2018

10,307
(5,114 ♂ – 5,193 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 7
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) Silh.; GEI
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

OU-ISIR LP MV Mesh
2022

10,307
(5,114 ♂ – 5,193 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 7
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) Silh.; 2D Keyp.; 3D Meshes
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

OU-ISIR LP MV w Pose
Sequence

2020
10,307

(5,114 ♂ – 5,193 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 7
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) Silh.; 2D Keyp.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

OU-ISIR MVLP-OF
2025

10,307
(5,114 ♂ – 5,193 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 7
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) Optical Flow
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

OU-Treadmill-A
2010

34
(—)

(A) indoor
(B) static
(C) treadmill
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) —
(L) —

(M) Silh.
(N) 60 fps
(O) —
(P) —
(Q) —
(R) —

OU-Treadmill-B
2010

68
(31 ♂ – 37 ♀)

(A) indoor
(B) static
(C) treadmill
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) —
(J) Varied
(K) —
(L) —

(M) Silh.
(N) 60 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

OU-Treadmill-D
2010

185
(—)

(A) indoor
(B) static
(C) treadmill
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) Silh.
(N) 60 fps
(O) —
(P) —
(Q) —
(R) —

RA-GAR
2025

288
(—)

(A) outdoor
(B) static
(C) overground
(D) uncontrolled
(E) 10
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) Silh.; 2D Keyp.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

ReSGait
2019

172
(134 ♂ – 38 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 1
(F) Walking trajectories
(G) Time span

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) Silh.; 2D Keyp.
(N) 20 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

SAIVT-Depth Gait
2011

35
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 1 (0 – front)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) Present
(L) —

(M) depth; Silh.; 3D Vol.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

SDUMLA-HMT
2010

106
(59 ♂ – 47 ♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 6 (0, 45, 66.5, 90, 112.5, 135)
(F) —
(G) —

(H) Normal
(I) Varied
(J) —
(K) Present
(L) —

(M) RGB
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

SMVDU-Gait
2019

20
(11 ♂ – 9 ♀)

(A) outdoor
(B) static
(C) overground
(D) uncontrolled
(E) 1
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) RGB
(N) 50 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

SOTON LargeDB
2002

115
(100 ♂ – 15 ♀)

(A) indoor; outdoor
(B) static; dynamic
(C) overground; treadmill
(D) controlled; uncontrolled
(E) 6
(F) —
(G) —

(H) Normal
(I) Varied
(J) Varied
(K) Present
(L) —

(M) RGB; Silh.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

SOTON SmallDB
2002

12
(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 4 (front; side; oblique; elevated)
(F) —
(G) —

(H) Normal
(I) Varied
(J) Varied
(K) Present
(L) —

(M) RGB; Silh.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

SUSTech1K 2023
1,050
(—)

(A) outdoor
(B) dynamic
(C) overground
(D) uncontrolled
(E) 12
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) RGB; Silh.; 3D PCloud
(N) 30 fps (RGB); 10 fps (LiDAR)
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Continued on next page
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Table 4.8: Biometric-oriented gait datasets with taxonomy-aligned attributes. Within each dimension, attributes are referenced by uppercase letters; see the legend for meanings.
Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud = 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton
Energy Image; S. Segm. = Semantic Segmentation; Silh. = Silhouette; — = not available. (Continued)

SZU RGBD Gait 2013
99

(—)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 1
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) —

(M) RGB; Silh.; Depth
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

TUM-IITKGP 2010
35

(—)

(A) Indoor
(B) Static
(C) Overground
(D) Controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) Silh.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

Dataset Year Subjects Scene-level User-level Sensor-level

Legend: ♂ male; ♀ female; (A) Environment; (B) Background; (C) Walking surface; (D) Lighting; (E) Viewpoints; (F) Walking trajectory; (G) Temporal variation; (H) Gait type;
(I) Walking speed; (J) Clothing; (K) Carrying condition; (L) Demographics; (M) Modality; (N) Frame rate; (O) Resolution; (P) Camera height; (Q) Synchronization; (R) Noise /
Artifacts.
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Table 4.9: Attribute-recognition gait datasets (non-biometric / non-healthcare) with taxonomy-aligned attributes. Within each dimension, attributes
are referenced by uppercase letters; see the legend for meanings. Abbreviations: 2D Keyp. = 2D Keypoints; 3D Keyp. = 3D Keypoints; 3D PCloud
= 3D Point Cloud; 3D Vol. = 3D Volumes; GEI = Gait Energy Image; SEI = Skeleton Energy Image; S. Segm. = Semantic Segmentation; Silh. =
Silhouette; — = not available.

Dataset Year Subjects Scene-level User-level Sensor-level

Multi-Attribute Gait 2022
95

(65♂ – 30♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 6
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) Available

(M) Silh.; 2D Keyp.
(N) 25 fps
(O) —
(P) —
(Q) —
(R) —

OU-ISIR LP Age 2017
63,846

(31,093♂ – 32,753♀)

(A) indoor
(B) static
(C) overground
(D) controlled
(E) 1 (90◦ side)
(F) —
(G) —

(H) Normal
(I) —
(J) —
(K) —
(L) Available

(M) GEI
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

RA-GAR 2025
288
(—)

(A) outdoor
(B) static
(C) overground
(D) uncontrolled
(E) 10
(F) Walking trajectories
(G) —

(H) Normal
(I) —
(J) Varied
(K) Present
(L) —

(M) Silh.; 2D Keyp.
(N) 30 fps
(O) —
(P) —
(Q) —
(R) —

Legend: ♂ male; ♀ female; (A) Environment; (B) Background; (C) Walking surface; (D) Lighting; (E) Viewpoints; (F) Walking trajectory;
(G) Temporal variation; (H) Gait type; (I) Walking speed; (J) Clothing; (K) Carrying condition; (L) Demographics; (M) Modality; (N) Frame
rate; (O) Resolution; (P) Camera height; (Q) Synchronization; (R) Noise / Artifacts.
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4.4.5 Comparative Analysis and Selection Guidance

In the context of two decades of research into human gait, there is evidence of marked inertia

in community usage. A small core of established datasets continues to serve as the foundation

for benchmarking and method comparison, as evidenced by the ongoing use of resources such as

CASIA-B (Yu et al. (2006a)), CMU MoBo (Gross and Shi (2001)), SDUMLA-HMT (Yin et al.

(2011)), OU-MVLP (Takemura et al. (2018)), and the SOTON collections (Shutler et al. (2004)).

Their persistence reflects stable capture geometry, accessible protocols, and extensive prior art

that facilitates like-for-like comparisons over time. Concurrently, recent datasets emphasize in-

the-wild scenes, multi-camera arrays, and richer annotations. However, these datasets naturally

exhibit modest citation footprints due to their recency (e.g. CASIA-E (Song et al. (2022)), Gait3D-

Parsing (Zheng et al. (2023b)), CCGR (Zou et al. (2024)), RA-GAR (Wang et al. (2025))). The

field thus balances two competing priorities: the need for comparability on standard frameworks,

and the requirement for external validity in real operational settings.

Modalities and representations. Silhouette-centric releases established the baseline for appearance-

based recognition and remain applicable for controlled studies (e.g., CASIA-B (Yu et al. (2006a)),

OU-ISIR treadmill subsets (Tsuji et al. (2010); Altab Hossain et al. (2010); Mori et al. (2010))).

Subsequent generations then layered RGB with auxiliary labels, including 2D/3D pose, parsing

masks, optical flow, and parametric meshes. This enabled representation variations within con-

stant capture setups (e.g. the OU-MVLP family with Pose/Mesh/OF variants (An et al. (2020);

Li et al. (2022b); Shehata et al. (2025))). Depth and RGB-D collections, driven by commercial

sensors, have been validated by pose-driven pipelines and privacy-preserving analysis (SAIVT-

DGD (Sivapalan et al. (2011)), SZU RGB–D (Yu et al. (2013)), GRIDDS (Nunes et al. (2019a))).

Recent work has extended this line to LiDAR-RGB pairing for outdoor use (Shen et al. (2023)).

Despite this breadth, large-scale RGB with silhouettes remains the workhorse for open-world ID

and retrieval at population scale (e.g., GREW (Guo et al. (2025a))).

Scale, geometry, and covariates. The scale of the dataset ranges from compact clinical or lab-

oratory settings to city-wide deployments. Classic multi-view rigs offer systematic angles under

stable backgrounds (CASIA-B (Yu et al. (2006a)), KY4D (Iwashita et al. (2010, 2014b))), whereas

modern collections expand both the number of cameras and the diversity of scenes (GREW’s 882

cameras (Guo et al. (2025a)); CASIA-E’s 26 viewpoints (Song et al. (2022)); CCGR’s 33-camera

array with 53 covariates (Zou et al. (2024))). Covariates are increasingly being incorporated into

the design process. This is evident in the incorporation of clothing and carrying (CASIA-B/E

(Yu et al. (2006a); Song et al. (2022)), RA-GAR (Wang et al. (2025))), occlusion and crowding

(OccGait (Huang et al. (2024)), OG RGB+D (Li and Zhao (2022)), Gait3D-Parsing (Zheng et al.

(2023b))), camera height (MHG (Hou et al. (2023))), trajectory and curved paths (AVA Multi-

View (López-Fernández et al. (2014)), KY4D-B (Iwashita et al. (2014b))), and speed/acceleration

profiles (OU-ISIR GaitST (Mansur et al. (2014))).
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Evaluation practice. Subject-disjoint splits and cross-view/condition protocols remain stan-

dard and increasingly come with official partitions and gallery/probe definitions (e.g., OU-MVLP

(Takemura et al. (2018)), CASIA-E (Song et al. (2022)), CCGR (Zou et al. (2024)), RA-GAR

(Wang et al. (2025))). This consolidation has been demonstrated to enhance reproducibility and

reduce design degrees of freedom.

Pragmatic selection (broad guidance). In order to facilitate cross-view identification at scale

under controlled conditions, both the OU-MVLP and CASIA-B/E protocols have been shown

to be both stable and extensive in nature (Takemura et al. (2018); Yu et al. (2006a); Song et al.

(2022)). In the context of research involving occlusion, trajectory variation, or crowds, GREW and

Gait3D-Parsing have been shown to emphasize real-world difficulty (Guo et al. (2025a); Zheng

et al. (2023b)), while CCGR and CCPG target broad covariate and clothing-change robustness

(Zou et al. (2024); Li et al. (2023b)). In the context of depth or privacy-preserving pipelines and

interpretable kinematics, SAIVT-DGD, SZU RGB-D, GRIDDS, and MMGS have been demon-

strated to supply depth, skeletons, and/or event labels (Sivapalan et al. (2011); Yu et al. (2013);

Nunes et al. (2019a); Khokhlova et al. (2019)). For clinical or pathological analysis involving la-

belled impairments and anthropometrics, GAIT-IT/IST, Gait-A, Health&Gait, KOA-PD-NM, Sco-

liosis1K, and ProGait are considered appropriate choices. Typically, the evaluation is framed as

subject-disjoint classification and event-aware assessment (Albuquerque et al. (2021a); Loureiro

and Correia (2020); Nieto-Hidalgo et al. (2016); Zafra-Palma et al. (2025); Kour et al. (2021);

Zhou et al. (2024); Yin et al. (2025)). Finally, for focused diagnostics and targeted robustness

(speed, clothes, resolution), the OU-ISIR treadmill series and CMU MoBo remain compact, clean,

and repeatable baselines (Tsuji et al. (2010); Altab Hossain et al. (2010); Mori et al. (2010); Gross

and Shi (2001)).

GRIDDS (Nunes et al. (2019a)). Developed as part of this research project, GRIDDS offers

a compact, modality-rich benchmark for method comparisons and interpretable analysis. The

capture utilizes a fixed Kinect v2 apparatus positioned at 1.8 m, with two straight trajectories

(left-to-right and right-to-left). A total of 35 volunteers participated, each contributing 10 se-

quences (5 per direction). The release provides synchronized RGB, depth, infrared, silhouettes

(aligned/normalized to 80×120), and 2D/3D joint coordinates, together with manually annotated

gait events and derived spatio-temporal parameters. The primary covariate is the direction under a

fixed lateral viewpoint, producing stable backgrounds suitable for controlled comparisons across

representations.

Strengths for experimentation:

(i) Cross-modality alignment: time-synchronized streams enable fair comparisons among sil-

houette, pose, and depth-based pipelines.
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(ii) Event-level interpretability: heel-strike/toe-off/mid-stance/mid-swing annotations and pro-

vided spatio-temporal parameters support cycle-level diagnostics and clinically meaningful

features.

(iii) Privacy-aware modalities: depth/infrared and silhouettes facilitate privacy-preserving pro-

totypes without discarding geometric cues.

(iv) Protocol clarity: two standardized evaluations are defined: leave-one-subject-out identi-

fication (gallery: first two sequences per direction; probes: remaining three) and cross-

trajectory generalization (train on one direction; probe on the other), with Rank-1/Rank-5

and mAP reporting.

Limitations and positioning. The relatively limited sample size of the dataset (n=35) and the

single lateral viewpoint appear to limit the validity of claims made on a population scale and the

capacity for cross-view generalization. The static indoor setting may not fully reflect the clutter

present in outdoor environments. Consequently, GRIDDS is best employed to (a) isolate repre-

sentation choices and fusion strategies under controlled conditions, (b) validate event-aware or

kinematic features against manual labels, and (c) pre-train or sanity-check models before transfer

to larger or more complex resources (e.g., OU-MVLP Takemura et al. (2018), GREW Guo et al.

(2025a), CASIA-E Song et al. (2022)).

4.5 Summary

This chapter presents an up-to-date, covariate-centered overview of vision- and depth-based gait

data, and introduces GRIDDS, a mid-scale RGB-D resource designed for transparency and repro-

ducibility. GRIDDS provides synchronized RGB, depth, IR, body-index silhouettes and 2D/3D

joints from controlled lateral walking, in addition to frame-accurate, manually annotated gait

events and per-trial spatio-temporal and kinematic summaries. In order to facilitate repeatable

benchmarking across different modalities, the chapter specifies coordinate conventions, mini-

mal pre-processing and two evaluation protocols. These choices make GRIDDS suitable for

appearance-, skeleton-, and hybrid-based pipelines.

Beyond the release of the dataset, the chapter proposes a protocol-aware taxonomy that orga-

nizes variability along three orthogonal dimensions (scene, user and sensor) and makes the level

of variation explicit (e.g. dataset/session/sequence/subject). The framework distinguishes active

covariates (e.g. viewpoint, clothing, carrying, speed, occlusion, temporal gaps) from controlled

parameters, remains aligned with both RGB and RGB-D settings, and maps capture choices di-

rectly to evaluation designs (for example, multi-view capture to cross-view splits, multi-session

capture to cross-time tests).

Finally, the chapter extends prior reviews by cataloguing up-to-date RGB and RGB-D re-

sources, including both in-the-wild and clinically oriented datasets, through the lens of the pro-

posed taxonomy. It details access status, modalities, auxiliary annotations, and typical cross-

condition protocols (cross-view, cross-clothes, cross-speed, cross-scene).
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Chapter 5

Novel Gait Silhouette Image
Interpolation Techniques

5.1 Motivation and Scope

The process of silhouette image interpolation is defined as the synthesis of intermediate binary

human foreground masks between observed frames. Although video frame interpolation (VFI)

is well established for RGB imagery, the silhouette setting raises distinct requirements: topology

should remain intact (no artificial holes or disconnected limbs), boundaries should be sharp rather

than stair-cased, and temporal phase should remain consistent across complete gait cycles. In

summary, the objective is not photorealism, but rather an accurate and phase-aware depiction of

the evolution of person shape over time.

VFI is primarily driven by the need to increase or standardize the framerate by inserting ad-

ditional frames, which produces smoother motion and reduces the appearance of motion blur. It

also supports various post-processing, surveillance and restoration tasks. Beyond general com-

puter vision applications, recent literature describes uses in healthcare, such as reducing radia-

tion exposure in interventional imaging by lowering the acquisition frame rate and interpolating

missing frames, and in film and animation production, where interpolation makes low-frame-rate

sequences appear fluid (Yin et al. (2020); Siyao et al. (2021)). These examples demonstrate how

interpolation can be implemented in practice and emphasize the importance of temporal com-

pression for subsequent applications. A recent survey synthesizes technical trends and evaluation

practices across the field, reinforcing the central role of inter-frame prediction for temporal coher-

ence (Dong et al. (2023)).

The motivation for focusing specifically on gait silhouettes is twofold: practical and scien-

tific. In practice, many gait datasets and deployment scenarios already operate on silhouettes,

either because silhouettes are an explicit output of a segmentation stage or because privacy poli-

cies favor masking appearance cues (e.g. Takemura et al. (2018); Zheng et al. (2023b)). From

a scientific perspective, silhouettes are advantageous in that they are able to isolate shape and

spatiotemporal rhythm from interfering factors such as texture, lighting, and color. This makes

157
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them well aligned with classic representations such as the Gait Energy Image (Han and Bhanu

(2006)) and with recent silhouette-based sequence encoders (Shiraga et al. (2016); Chao et al.

(2019)). In such pipelines, interpolation serves as a means to stabilize temporal evidence, facilitat-

ing the harmonization of cadence across captures, the repair of gaps, and the enhancement of the

quality of cycle-normalized descriptors. A concrete motivation for this study was an internal in-

spection of the GRIDDS dataset (see 4.2), in which short gaps were observed in certain silhouette

sequences. Two controlled studies were then carried out to understand the impact of such irreg-

ularities on silhouette-based recognition, with both experiments described in detail later in this

chapter. Firstly, the presence of gaps was examined in relation to GEI-style recognition, revealing

that even short missing runs disrupt cycle detection and degrade the reliability of temporal pooling.

Secondly, the role of frame rate was studied by down-sampling and then up-sampling sequences.

This demonstrated that cadence changes can impact recognition and that appropriate interpolation

can recover most of the performance loss. Together, these observations suggest that silhouette

interpolation, used to fill gaps and harmonize cadence, has practical value for recognition systems

that rely on temporally consistent masks.

Harmonizing framerate across sensors or datasets simplifies phase alignment, stance/swing

segmentation, and cycle normalization. Interpolating silhouettes to a chosen cadence reduces

descriptor variance and makes cross-database evaluation more comparable. Recovery from short

dropouts addresses occlusions, sensor failures, compression losses, or network issues. Even a

small number of missing silhouettes can break cycle completeness or corrupt temporal integration.

On the other hand, reconstruction restores consistent cycles and maintains temporal consistency,

an important factor given the sensitivity of sequence-level descriptors.

Silhouette interpolation is not a straightforward transfer of RGB VFI: with binary inputs lack-

ing brightness gradients beyond edges, gradient-based interpolation provides limited guidance and

can become ambiguous. The risk of topology breaks (e.g. a limb disconnecting from the body or a

false hole appearing in the torso) is higher and more consequential than in RGB synthesis, where

small photometric inconsistencies may be tolerable. These considerations motivate the use of

loss functions that are mask-specific, including overlap measures (IoU/Dice), boundary quality

(boundary F1, Chamfer/Hausdorff), topology error rates, and temporal smoothness.

This chapter outlines the problem of interpolating binary silhouettes for human gait, where

targets deform non-rigidly over short temporal windows. The methodological emphasis is divided

into two distinct areas. One line of work, drawing inspiration from the silhouette-specific, model-

based interpolation method outlined by Imoto et al. (2020), utilizes shape or contour priors, in-

corporating distance-field or contour-evolution formulations, in conjunction with topology-aware

constraints. This approach is designed to prevent the creation of holes and limb disconnections,

while preserving sharp boundaries. The complementary line adapts deep temporal models, in-

spired by modern VFI, to binary inputs, with the objective of optimizing mask-specific objectives

that address overlap, boundary, topology, and temporal consistency. In both cases, the evalua-

tion focuses on mask similarity and boundary metrics, explicit topology error measures, temporal

smoothness, and the effect on silhouette-based recognition (e.g. GEI performance), reflecting the
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end use of these sequences in identification or re-identification settings.

5.2 Related Work

Research on interpolation for human motion can be grouped by the representation that is ma-

nipulated and the mechanism that is used to transport information through time: (i) pixel-based

schemes that interpolate intensities directly; (ii) shape-based schemes that operate on contours or

implicit shape functions; (iii) registration-/warping-based schemes that estimate correspondences

(e.g., optical flow, nonrigid registration) and then synthesize intermediates by warping; and (iv)

learning-based schemes that learn these transports or synthesis functions from data. For gait sil-

houettes, each group offers distinct benefits and characteristic failure modes.

Pixel-based interpolation treats the inter-frame relation as a local signal-processing problem,

extending classical image interpolation techniques (nearest neighbor, linear, cubic B-spline) to the

temporal axis. In short intervals these schemes are simple and fast, but they tend to over-smooth

motion details, produce ringing or ghosting under large nonrigid deformations, and, crucially for

silhouettes, can erode thin parts such as terminal limbs unless explicit constraints are imposed to

preserve connectivity. Shape-based interpolation addresses some of these issues by generating the

inter-frame boundary directly from the two observed boundaries. Active contours (“snakes”) min-

imize a sum of internal smoothness and external image forces to evolve a curve between frames

(Kass et al. (1988)). Level-set formulations extend this to an implicit representation where curve

evolution is driven by partial differential equations, allowing for topological changes. For silhou-

ettes, moving the foreground boundary provides a natural geometric path to in-betweens, however

gradient-driven evolution is unstable on binary inputs because only the boundary carries contrast.

Consequently, region-based approaches and shape priors are therefore commonly introduced to

enhance stability..

Another line of work uses shape spaces and geodesic interpolation to define mathematically

principled paths between shapes. Whilst these models are attractive for topology control, they

are computationally expensive and depend on reliable correspondences. A practical compromise

widely used for binary masks uses distance transforms: interpolate signed distance fields (SDFs)

between the two frames and re-threshold at zero to recover a binary mask. This tends to pre-

serve overall structure and produce smooth boundaries, while remaining algorithmically simple.

However, without explicit topology constraints, very thin structures may still vanish (Grevera and

Udupa (1996); Ciesielski et al. (2010)). Morphology-driven strategies pursue topology preserva-

tion more directly. Skeleton-guided in-betweens provide structural cues (although with limited

geometric fidelity), and topology-aware down-/up-sampling designs optimize objectives that keep

key topological invariants unchanged during interpolation (Aloraibi (2023); Guo et al. (2025b)).

When specialized to human silhouettes, these ideas map to concrete constraints such as forbidding

new holes inside the torso and maintaining foot-ground connectivity through stance.
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Registration- and warping-based methods estimate a deformation field and subsequently syn-

thesize the intermediate frame by transporting pixels (or masks) along that field. B-spline free-

form deformation (FFD) registration has long been used to find smooth, spatially varying corre-

spondences in time (Rueckert et al. (2006)). Optical flow has become the dominant registration

method in video, with numerous formulations that account for nonrigid motion and occlusions (Hu

et al. (2017); Schuster et al. (2021); Huang et al. (2022)). In silhouettes, warping the mask under

a reliable flow preserves local geometry and, with appropriate occlusion handling, can maintain

limb connectivity. These schemes can produce sharp, structure-preserving results, but their quality

is tied to correspondence accuracy. Flow errors around fast-moving extremities or self-occlusions

readily translate into topology breaks unless additional regularization is applied.

Learning-based approaches use neural networks trained either to predict motion (e.g. optical

flow) or to synthesize the intermediate frames directly. Modern video frame interpolation has been

dominated by flow-guided warping plus synthesis, where networks estimate motion and occlusion,

warp the inputs, and then refine the result. Representative examples include Super SloMo, which

jointly models motion and occlusion for multi-frame synthesis (Jiang et al. (2018)); depth-aware

variants that exploit estimated depth to reduce occlusion effects (Yan et al. (2025); Bao et al.

(2019)); softmax-based forward warping that better handles many-to-one mappings (Niklaus and

Liu (2020)); one-shot temporal pyramids that synthesize several intermediates at once (Chi et al.

(2020)); and lightweight recurrent pyramids (e.g. UPR-Net) that integrate bidirectional flow and

synthesis efficiently (Jin et al. (2023)). A second family of models replaces explicit flow with

adaptive convolution or kernel prediction, estimating spatially varying kernels that, when applied

to neighboring frames, produce the in-between. These models demonstrate ability in smooth,

local motion but may struggle with large displacements. More recent developments incorporate

uncertainty (Bayesian formulations) or attention/transformer architectures to capture longer-range

temporal correspondences (Yu et al. (2022b); Shi et al. (2022); Lu et al. (2022a)). When applied to

binary silhouettes, these networks benefit from the elimination of photometric losses and the adop-

tion of mask-aware objectives, such as overlap (IoU/Dice), boundary-sensitive scores (boundary

F1, Chamfer/Hausdorff), and penalties or stabilizers that reduce topology errors.

Silhouette-specific methods stand at the intersection of these families and inject human-motion

priors. A boundary-tracking approach with a height constraint enforces consistent vertical profiles

through time, producing temporally continuous silhouettes. This represents one of the few ex-

plicit silhouette-interpolation models with a kinematic prior tailored to human motion. In parallel,

several gait studies tackle a closely related task: silhouette sequence completion under occlusion,

by reconstructing missing frames from neighboring context with learning-based models. These

works are closer to sequence completion than to generic VFI, but they share the objective of pro-

ducing temporally smooth and structurally consistent silhouettes and have reported improvements

in downstream recognition (Uddin et al. (2019); Hasan et al. (2024)).

Across these dimensions, the core trade-offs are consistent. Pixel-based schemes are concep-

tually simple but prone to over-smoothing and topology loss under nonrigid motion. Shape-based

schemes offer direct control over boundaries and, with SDFs or morphology, can preserve struc-
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ture, but they depend on high-quality contours and may be vulnerable to limb separations or large

pose changes. Registration-/warping-based methods deliver sharp results when correspondences

are reliable but can propagate flow errors into structural artifacts. Learning-based methods achieve

state-of-the-art fidelity on RGB benchmarks and handle complex, multi-frame dynamics, yet ap-

plied naively to binary masks they may introduce broken connectivity or jagged edges unless

trained with silhouette-specific losses and constraints. Notably, much of the VFI literature evalu-

ates performance with RGB image metrics such as PSNR/SSIM (Hore and Ziou (2010)), which

are inadequate for silhouettes; mask overlap, boundary accuracy, topology integrity, and temporal

smoothness are better aligned with gait use cases (Jiang et al. (2018); Jin et al. (2023)). This eval-

uation gap partly explains why topology-aware objectives (well-studied in segmentation) remain

under-represented in VFI despite their relevance to silhouette interpolation.

In practice, effective pipelines for gait silhouettes often blend these traditions: a registration

or learned motion prior to handle displacements and separations; a shape or topology prior to

prevent holes and preserve limb connectivity; and mask-specific objectives to sharpen boundaries

and stabilize temporal evolution. This synthesis reflects the problem’s dual nature: interpolation

must both transport shape through time and constrain that transport to remain anatomically and

topologically plausible for human gait.

5.3 Proposed Methods

This section introduces two complementary approaches that have been developed to address the

issue of silhouette interpolation in human motion sequences. Both aim to reconstruct missing or

intermediate frames while maintaining temporal coherence and structural fidelity, yet they differ

fundamentally in nature and scope.

The first method, BRIEF (Bidirectional Rowwise Interpolation with Envelope Fusion), follows

a shape-driven, deterministic approach that explicitly models silhouette geometry and short-range

temporal relationships. Operating at the level of horizontal scanlines, it decomposes each silhou-

ette into ordered segments and performs bidirectional interpolation between temporally adjacent

frames. By exploiting correspondences based on overlap and applying envelope fusion to handle

local splits or merges, BRIEF preserves the anatomical coherence of limbs and ensures continuity

of motion, even with minimal contextual information. Its simplicity and robustness make it well

suited to scenarios with few available frames or constrained temporal gaps.

The second method, BiSINet (Bidirectional Silhouette Network), introduces a learning-based

perspective on the same problem, using deep neural networks to infer complex spatiotemporal de-

pendencies directly from data. BiSINet employs two ConvLSTM-based encoders to process past

and future silhouettes in opposite temporal directions, merging their latent representations through

an attention-guided fusion module that dynamically balances both temporal cues. A UNet-style

decoder then reconstructs the interpolated silhouette, ensuring fine spatial detail and temporal

consistency. Trained with a hybrid loss combining Binary Cross-Entropy and Soft Dice terms,
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BiSINet learns to generate silhouettes that are both pixel-accurate and structurally coherent. To-

gether, BRIEF and BiSINet represent two complementary paradigms – one rule-based and inter-

pretable, the other data-driven and adaptive – providing a comprehensive framework for analyzing

the limits and potential of silhouette interpolation under varying temporal and spatial conditions.

5.3.1 BRIEF – Bidirectional Rowwise Interpolation with Envelope Fusion

The BRIEF method is built upon the principle that most gait silhouettes evolve smoothly over time

and that this evolution can be effectively captured by analyzing their rowwise structure. Instead

of relying on global motion estimation, BRIEF performs interpolation locally along horizontal

scanlines, using geometric relationships between corresponding silhouette segments in nearby

frames. By comparing and aligning these per-row foreground intervals across both past and future

temporal neighbors, the method infers how each part of the silhouette shifts, splits, or merges

through time.

Let S(t) ∈ {0,1}H×W denote the binary silhouette at time t (foreground = 1, background = 0).

The shape-based method synthesizes one or more intermediate silhouettes by exploiting spatial

structure and temporal context in a small neighborhood around the target time t0. Up to four

temporal silhouette neighbors are used: two past frames (Pτ2 ,Pτ1) and two future frames (Fτ1 ,Fτ2),

positioned at positive lags τ1 and τ2 with 0 < τ1 < τ2, where

Pτ := S(t0− τ), Fτ := S(t0 + τ), τ ∈ {τ1,τ2}.

Figure 5.1 illustrates the simplest case with a single missing frame: black silhouettes denote

the observed neighbors {Pτ2 ,Pτ1 ,Fτ1 ,Fτ2}, and the gray silhouette is the target at t0.

Figure 5.1: Overall concept of the shape-based method for a single missing frame at t0. Black
silhouettes are the observed neighbors {Pτ2 ,Pτ1 ,Fτ1 ,Fτ2}, ordered from farther past to farther
future relative to t0; the gray silhouette is the target synthesized at t0.

Global preprocessing fixes vertical alignment (head near the top, feet near a stable baseline)

and centers the subject horizontally. Under these conditions, interpolation proceeds deterministi-

cally on a rowwise basis — from the top to the bottom of the image — such that each interpolated

row is defined using only the corresponding rows from Pτ2 , Pτ1 , Fτ1 , and Fτ2 . This rowwise

formulation preserves limb connectivity and enables explicit, one-dimensional reasoning about
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segments and holes within each row. The method executes the following rowwise pipeline at the

target instant t0 using {Pτ2 ,Pτ1 ,Fτ1 ,Fτ2}, where the positive lags satisfy 0 < τ1 < τ2:

A Rowwise Segmentation. Decompose each neighbor row into ordered segments and holes;

store head/tail.

B Tolerance Scheduling. Set the interval-overlap tolerance as a function of temporal separa-

tion to allow modest drift at larger lags.

C Correspondence Maps. Build the Pτ1-correspondence map and the Fτ1-correspondence

map with reference/corresponding indices and lags.

D Forward Interpolation. From Pτ1 , estimate target spans using temporally weighted end-

point interpolation; handle unique, multiple, and unmatched cases with auxiliary evidence.

E Backward Interpolation. Mirror (D) from Fτ1 toward the past, producing a second set of

spans.

F Fusion and Topology Guard. Fuse forward/backward spans by overlap and displacement

criteria; apply a conservative guard to remove one-pixel spikes, fill one-pixel enclosed holes,

and drop tiny components.

The following paragraphs describe in detail each of these steps.

A. Rowwise Segmentation

For each neighbor silhouette S(t0± τ) and each image row r ∈ {1, . . . ,H}, the binary mask is

decomposed along the width axis into ordered foreground segments and background holes. Let

the row be indexed by column coordinate x∈ {1, . . . ,W}, with foreground value 1 and background

value 0. A segment is defined as a maximal contiguous run of foreground pixels on row r, and a

hole is a maximal contiguous run of background pixels that is bounded on both sides by foreground

pixels on the same row. These segments are extracted by a single left-to-right scan (run-length

encoding), producing an ordered list of intervals.

Each segment is parameterized by its head (leftmost index) h and tail (rightmost index) t.

These one-dimensional intervals [h, t] are sufficient for the subsequent correspondence and inter-

polation steps that follow. Figure 5.2 illustrates an enlarged view of a representative row: each

square is a pixel, and the two contiguous groups of gray squares are segments. The white area

between them represents a single hole. The numbers above the row indicate the horizontal coor-

dinates used to index the heads and tails. For visual clarity the foreground is shown in gray rather

than black, and the crop focuses on columns 17–62 where the sequences occur.
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Figure 5.2: An enlarged view of a row from a silhouette, where each square represents a pixel.
The two sets of consecutive gray squares are the segments, while the sequence of white squares
between them is referred to as the single existing hole. The numbers at the top of the figure rep-
resent the pixel coordinates on the horizontal (width) axis of the images. For easier visualization,
the pixels are depicted in gray instead of black.

Rows that contain no foreground pixels yield an empty segment list and are skipped during

interpolation for that row. A row that is entirely foreground yields a single segment [1,W ] and

no holes. Background sequences that touch the image border (e.g. [1, ·] or [·,W ]) are not labeled

as holes because they are not enclosed by foreground on both sides; they are treated as back-

ground margins. Very short sequences (length = 1) are retained at this stage to preserve thin limb

structures. If needed, stability filtering is applied later by the topology filter.

B. Segments Correspondence and Tolerance Scheduling

Correspondence between segments is determined for pairs that lie on the same image row but

belong to different frames around t0: either from the past (Pτ2 ,Pτ1) or from the future (Fτ1 ,Fτ2).

Consider two segments A and B on row r, with spans [hA, tA] from one neighbor (e.g., Pτ2) and

[hB, tB] from another (e.g., Fτ1). Segments A and B are defined as corresponding if they have a

nonempty intersection, i.e. if their spans overlap:

(
[hA, tA]∩ [hB, tB]

)
̸= /0. (5.1)

Because neighbors are separated in time, the same spatial predicate is evaluated with a time-

aware tolerance that widens as temporal separation grows. Let λA,λB ∈Λ= {−τ2,−τ1,+τ1,+τ2}
be the signed lags of the frames containing segments A and B (e.g., λA = −τ2, λB = +τ1). Their

temporal separation is

∆t = |λA−λB|. (5.2)

Given a nondecreasing tolerance schedule τ(∆t), each span [h, t] is expanded to

[h, t]+τ(∆t) =
[

h− τ(∆t), t + τ(∆t)
]
∩ [1,W ], (5.3)

and correspondence is declared when the expanded spans overlap:

(
[hA, tA]∩ [hB, tB]+τ(∆t)) ̸= /0 or

(
[hB, tB]∩ [hA, tA]+τ(∆t)) ̸= /0. (5.4)

In the special case τ(∆t) = 0, this reduces to the zero-tolerance intersection used above; A positive

τ(∆t) permits modest lateral drift for pairs that are farther apart in time.
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To make the notion of temporal separation concrete, consider three common pairings. For

the near neighbors Pτ1 versus Fτ1 , the separation is ∆t = |− τ1 − (+τ1)| = 2τ1. For two past

neighbors Pτ2 versus Pτ1 , ∆t = |− τ2− (−τ1)|= τ2− τ1. For a farther pair such as Pτ2 versus Fτ1 ,

∆t = |−τ2− (+τ1)|= τ1 +τ2. Accordingly, the tolerance τ(∆t) is smallest for Pτ2-Pτ1 and largest

for Pτ2-Fτ1 , permitting modest lateral drift only when frames are farther from t0.

Regarding the spatial cases in Fig. 5.3, the three configurations shown there (tail-in, head-in,

and full containment) coincide with the spatial predicate when τ(∆t) = 0.

Figure 5.3: The segments intersection criteria explained in form of figures (letters H and T repre-
sent the head and tail of the corresponding segments): a) the tail of segment B is located between
the head and tail coordinates of segment A; b) the head of segment B is located between the head
and tail coordinates of segment A; c) segment B is located between the head and tail coordinates
of segment A.

Tolerance scheduling generalizes these cases by applying the same spatial predicate to spans

expanded by τ(∆t), so correspondences that narrowly miss under zero tolerance can become valid

as ∆t increases (see Fig. 5.4).

Figure 5.4: Time-aware tolerance for rowwise interval overlap. On a given row, segments from
the past and future neighbors at lags τ (e.g., Pτ1 and Fτ1) are tested for correspondence using
tolerance-expanded intervals [h, t]+τ(∆t). As the temporal separation ∆t increases (e.g., comparing
τ2 rather than τ1), the tolerance τ(∆t) widens, permitting modest lateral drift; for near neighbors
it remains tight.

A practical tolerance choice used throughout is:

τ(∆t) = min
(
τmax, 1+0.5∆t

)
, τmax = 3 pixels. (5.5)

These settings (maximum tolerance τmax = 3 pixels and a linear growth coefficient of 0.5 on ∆t)

were adopted following empirical tests.
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C. Correspondence Maps

For each image row r at target time t0, correspondences between segments in the four nearest

neighbors {Pτ2 ,Pτ1 ,Fτ1 ,Fτ2} are summarized in compact, rowwise maps that drive forward and

backward interpolation.

Two correspondence maps are built per row: the past-reference map, cmap
Pτ1
r , that treats each

segment in Pτ1 as reference and seeks candidates at lags λ ∈ {−τ2,+τ1,+τ2}; and the future-

reference map, cmap
Fτ1
r , that treats each segment in Fτ1 as reference and seeks candidates at lags

λ ∈ {−τ2,−τ1,+τ2}.
For each row r and neighbor lag λ ∈ {−τ2,−τ1,+τ1,+τ2}, let

Segr(λ ) =
{
[h(k)

λ
, t(k)

λ
]
}Nr,λ

k=1 (5.6)

denote the left-to-right ordered list of foreground segments on that row, where Nr,λ is the number

of segments and k ∈ {1, . . . ,Nr,λ} indexes them from left (small x) to right (large x). If a row

contains no foreground at lag λ , then Nr,λ = 0 and Segr(λ ) = /0.

Illustrative example. Figure 5.5 shows an amplified view of a single scanline r from each of

the four neighbors – Pτ2 , Pτ1 , Fτ1 , and Fτ2 – ordered from farther past to farther future relative

to t0. Each row contains two foreground segments, indexed j ∈ {1,2} from left to right. Two

correspondence maps are built only for the near neighbors: the past-referenced map cmap
Pτ1
r (can-

didates at lags λ ∈ {−τ2,+τ1,+τ2}) and the future-referenced map cmap
Fτ1
r (candidates at lags

λ ∈ {−τ2,−τ1,+τ2}). Every accepted correspondence (Step B predicate) is retained.

Figure 5.5: Amplified view of the same scanline r from each of the four temporal neighbors: Pτ2 ,
Pτ1 , Fτ1 , and Fτ2 , ordered from farther past to farther future relative to t0. For clarity, the crop
shows columns 17–62 where the segments lie, and foreground pixels are rendered in gray rather
than black.

For compact display, all correspondences are enumerated in the two following tables: Table 5.1

which reports the past-referenced map cmap
Pτ1
r , and Table 5.2 which reports the future-referenced

map cmap
Fτ1
r . Each table record represents a single match between a reference segment j (in the

near neighbor) and a segment at lag λ . Each record identifies a reference segment, a lag, and the

index of the corresponding segment. When multiple segments exist for the same ( j,λ ), multiple

rows are shown; when no segment satisfies the predicate, no row appears for that combination.
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Table 5.1: Past-referenced correspondence map cmap
Pτ1
r for Fig. 5.5. Each row lists one valid

correspondence for a reference segment j ∈ {1,2} in Pτ1 at lag λ ∈ {−τ2,+τ1,+τ2}.

Reference segment j λλλ Corresponding segment (index)

1 −τ2 1

1 +τ1 1

1 +τ2 1

2 −τ2 2

2 +τ1 2

2 +τ2 2

Table 5.2: Future-referenced correspondence map cmap
Fτ1
r for Fig. 5.5. Each row lists one valid

correspondence for a reference segment j ∈ {1,2} in Fτ1 at lag λ ∈ {−τ2,−τ1,+τ2}.

Reference segment j λλλ Corresponding segment (index)

1 −τ2 1

1 −τ1 1

1 +τ2 1

2 −τ2 2

2 −τ1 2

2 +τ2 2

D. Forward Interpolation

For a target row inside the gap to be interpolated (midpoint or any interior timestamp), this step

predicts the foreground segments that should be present at the desired target time, using the near-

past neighbor Pτ1 as the reference source of geometry.

For each image row r from Pτ1 , let the set of reference segments be defined as

Segr(−τ1) =
{
[h( j)
−τ1

, t( j)
−τ1

]
}Nr,−τ1

j=1 , (5.7)

where Nr,−τ1 is the number of foreground segments detected on row r in Pτ1 , and the index

j ∈ {1, . . . ,Nr,−τ1} orders these segments from left to right along the row. All correspondence

information for these references is retrieved from the past-referenced map (cmap
Pτ1
r ) constructed

in Step C.
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Corresponding segments collection.
For the current row r and each reference segment j in Pτ1 , the past-referenced map cmap

Pτ1
r lists

all corresponding segments at lags λ ∈ {−τ2,+τ1,+τ2}. For every correspondence ( j,λ ,k), the

endpoints (h(k)
λ
, t(k)

λ
) and the lag λ are aggregated. The near-past reference segment

(
h( j)
−τ1

, t( j)
−τ1

)
is

also included explicitly. Thus the list of endpoint proposals becomes

E j =
{
(h(k)

λ
, t(k)

λ
, λ )

}
from cmap ∪

{
(h( j)
−τ1

, t( j)
−τ1

,−τ1)
}
. (5.8)

Multiple correspondences may occur for the same ( j,λ ) and are retained at this stage.

Handle split/merge segments.
Both near- and farther-future segment split/merge is handled by forming a simple envelope. For

example, when the correspondence map lists more than one corresponding segment at the near-

future lag +τ1 for the same reference index j (e.g. around mid-swing when the legs separate),

the near-future contribution is consolidated so that it covers the full plausible extent. Concretely,

among all near-future correspondences for j, the leftmost head and the rightmost tail are selected,

hmin
+τ1

= min
k

h(k)+τ1
, tmax

+τ1
= max

k
t(k)+τ1

, (5.9)

and the multiple entries at (+τ1) in the list of endpoint proposals E j are replaced by a single

envelope entry (hmin
+τ1

, tmax
+τ1

,+τ1). This substitution preserves thin or split structures that would

otherwise be truncated by selecting only one correspondence.

Weight definition by temporal proximity.

Let the target be t0 + s with ( s ∈ ]− τ1,+τ1 [ ). For each entry (·, ·,λ ) ∈ E j, the temporal

distance is ∆ts(λ ) = |λ − s|, and the normalized inverse-distance weight is

ws(λ ) =
∆ts(λ )−1

∑(·, ·,λ ′)∈E j ∆ts(λ ′)−1 . (5.10)

The forward endpoint estimates are then

ĥ fwd
j = ∑

(h(k)
λ
, ·,λ )∈E j

ws(λ )h(k)
λ
, t̂ fwd

j = ∑
(·, t(k)

λ
,λ )∈E j

ws(λ ) t(k)
λ

. (5.11)
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Example: a single missing frame at the midpoint target.

Figure 5.6: Amplified view of a single scanline r from each neighbor: Pτ2 , Pτ1 , Fτ1 , Fτ2 , ordered
from farther past to farther future relative to t0. Segments are presented as: Pτ2 : [31,47]; Pτ1 :
[29,49]; Fτ1 : [26,36] and [42,50]; Fτ2 : [25,36] and [42,50]. Envelopes for split cases are indicated
at +τ1 and +τ2.

In this example the near future exhibits a split: Fτ1 contains two segments [26,36] and [42,50],

and Fτ2 likewise [25,36] and [42,50]. These are consolidated into envelopes [26,50] at +τ1 and

[25,50] at +τ2, which replace the multiple entries before weighting.

In this case where the midpoint target is s = 0, and considering τ1 = 1, τ2 = 2, the temporal

distances between the four lags and the target t0 are |−τ2− 0| = 2, |−τ1− 0| = 1, |+τ1− 0| =
1, |+τ2−0|= 2. Inverse-distance weights (normalized) are therefore (0.1667, 0.3333, 0.3333, 0.1667)

for Pτ2 ,Pτ1 ,Fτ1 ,Fτ2 , respectively. Using the segments from Pτ2 and Pτ1 and the near-future en-

velopes from Fτ1 and Fτ2 for the split:

Pτ2 : [31,47], Pτ1 : [29,49], env(+τ1) : [26,50], env(+τ2) : [25,50],

the forward endpoints become

ĥfwd = 0.1667 ·31+0.3333 ·29+0.3333 ·26+0.1667 ·25≈ 27.67,

t̂fwd = 0.1667 ·47+0.3333 ·49+0.3333 ·50+0.1667 ·50≈ 49.17.

After rounding the values and enforcing head-tail ordering, the target-row segment becomes [28,49],

which, in fact, matches the expected values.

Missing near-future correspondence.
When no correspondence is available at the near-future lag +τ1 for a given reference segment j,

the forward estimate is formed from the remaining entries in E j, namely those at lags −τ2, −τ1

(the reference itself), and +τ2. Temporal weighting is applied unchanged, normalized over this

reduced set, so that the near-past reference −τ1 typically dominates for interior targets, with far

neighbors contributing in proportion to their temporal proximity. In the case that the only available

entry is the reference segment at −τ1, the forward endpoints default to [h( j)
−τ1

, t( j)
−τ1

], subject to the

usual geometric checks (clipping to [1,W ], head-tail ordering, non-empty length). If E j is empty

(i.e. no existing correspondence at any lag), the forward pass emits no segment for j. Even so,
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subsequent steps (backward interpolation in Step E and fusion in Step F) may still produce a valid

segment at the target row.

Geometric and consistency checks.
For each provisional forward estimate [ĥ fwd

j , t̂ fwd
j ] on row r, the following checks are applied se-

quentially:

(i) Bounds and rounding. Endpoints are clipped to the valid width range and then quantized to

pixel indices:

h̃ fwd
j = round

(
clip(ĥ fwd

j , 1,W )
)
, t̃ fwd

j = round
(

clip(̂t fwd
j , 1,W )

)
. (5.12)

(ii) Segment integrity condition. A segment is kept only when h̃ fwd
j < t̃ fwd

j , equivalently when

its length L fwd
j = t̃ fwd

j − h̃ fwd
j +1 satisfies L fwd

j ≥ 1. Otherwise, the estimate for index j is discarded.

Estimates that satisfy all checks are taken as the forward segments for row r at the target time

and are propagated to the forward/backward fusion step.

E. Backward Interpolation

Backward interpolation mirrors the forward construction but uses the near-future neighbor Fτ1 as

the reference. For each image row r, let the reference segments be

Segr(+τ1) =
{
[h( j)

+τ1
, t( j)

+τ1
]
}Nr,+τ1

j=1 , (5.13)

where Nr,+τ1 is the number of foreground segments on row r in Fτ1 , indexed left-to-right by j.

Corresponding segments collection.
For each reference index j, the future-referenced map cmap

Fτ1
r lists all corresponding segments at

lags λ ∈ {−τ2,−τ1,+τ2}. Together with the reference segment at +τ1, these form the proposal

list

E bwd
j =

{
(h(k)

λ
, t(k)

λ
, λ )

}
from cmap ∪

{
(h( j)

+τ1
, t( j)

+τ1
,+τ1)

}
. (5.14)

Multiple correspondences per ( j,λ ) are retained at this stage.

Handle split/merge segments.
If −τ1 (or −τ2) contains multiple correspondences for the same reference index j, these are con-

solidated into a single envelope by

hmin
−τ1

= min
k

h(k)−τ1
, tmax

−τ1
= max

k
t(k)−τ1

, (5.15)

and the −τ1 entries in E bwd
j are replaced by the envelope (hmin

−τ1
, tmax
−τ1

,−τ1). This preserves the full

lateral extent when the near past differs topologically from the reference.
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Weight definition by temporal proximity.
With t0 + s, s ∈ (−τ1,+τ1), define ∆ts(λ ) = |λ − s| for each (·, ·,λ ) ∈ E bwd

j and

ws(λ ) =
∆ts(λ )−1

∑(·, ·,λ ′)∈E bwd
j

∆ts(λ ′)−1 . (5.16)

Backward endpoint estimates become

ĥbwd
j = ∑

(h(k)
λ
, ·,λ )∈E bwd

j

ws(λ )h(k)
λ
, t̂ bwd

j = ∑
(·, t(k)

λ
,λ )∈E bwd

j

ws(λ ) t(k)
λ

. (5.17)

Missing near-past correspondence.
When no correspondence exists at−τ1 for index j, the estimate is formed from the remaining lags

in E bwd
j , which always include the reference +τ1 and may include −τ2 and +τ2. The weights are

re-normalized over the reduced set. If the only available entry is the reference segment at +τ1,

the backward estimate defaults to [h( j)
+τ1

, t( j)
+τ1

], subject to the geometric checks below. If E bwd
j is

empty, no backward segment is emitted for j.

Geometric and consistency checks.
Backward estimates undergo the same clipping, rounding, nontrivial-length, and left-to-right or-

dering checks described in Step D.

Estimates that satisfy all checks constitute the backward segments for row r at the target time and

are passed to the subsequent fusion step.

F. Fusion and Topology Guard

Let [h̃ fwd
j , t̃ fwd

j ] and [h̃bwd
j , t̃ bwd

j ] denote the validated (forward and backward) segments for index j

on row r at the target time, after the geometric and ordering checks of Steps D and E.

When both forward and backward segments are available for the same index j, agreement is quan-

tified with two simple 1D measures on endpoints [h̃ fwd
j , t̃ fwd

j ] and [h̃bwd
j , t̃ bwd

j ]. First, the overlap

ratio (intersection-over-union along the row) is

Lov =max
(
0, min(t̃ fwd

j , t̃ bwd
j )−max(h̃ fwd

j , h̃bwd
j )+1

)
, Lun =max(t̃ fwd

j , t̃ bwd
j )−min(h̃ fwd

j , h̃bwd
j )+1,

(5.18)

overlap( j) =
Lov

Lun
. (5.19)

Second, endpoint displacement is

δ ( j) =
∣∣h̃ fwd

j − h̃bwd
j

∣∣+ ∣∣t̃ fwd
j − t̃ bwd

j

∣∣. (5.20)
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If either overlap( j) ≥ 0.5 or δ ( j) ≤ 2 pixels, the two estimates are treated as consistent and a

single fused segment is obtained by averaging endpoints:

h̃∗j = round
(
α j h̃ fwd

j +(1−α j) h̃bwd
j

)
, t̃ ∗j = round

(
α j t̃ fwd

j +(1−α j) t̃ bwd
j

)
. (5.21)

The mixing weight α j ∈ [0,1] is chosen adaptively to favor the estimate supported by the neighbor

that is temporally closer to the target time: it tends toward 1 when the target lies nearer the near

past (thus favoring the forward estimate), tends toward 0 when the target lies nearer the near future

(favoring the backward estimate), and is close to 1/2 around the midpoint of the gap.

When the two estimates disagree (overlap( j)< 0.5 and δ ( j)> 2), the fused segment is taken

from the estimate near the target. If only one estimate is present, that estimate defines [h̃∗j , t̃
∗
j ].

After the generation of the complete binary silhouette at the target time, a minimal post-

processing procedure is conducted to reduce some noise while preserving the morphology of the

silhouette: (i) one-pixel peaks are removed; (ii) one-pixel enclosed holes are filled; and (iii) con-

nected components with area below a small threshold (defined as < 0.1% of the median silhouette

area) are discarded. These operations aim to stabilize contours and limb connectivity without

introducing blur or altering gross shape.

The resulting silhouette constitutes the final fused estimate for the target time and is used in sub-

sequent evaluation and recognition experiments.

5.3.2 BiSINet - Bidirectional Silhouette Interpolation Network

The Bidirectional Silhouette Interpolation Network (BiSINet) is a deep learning framework

that reconstructs missing human silhouettes within gait sequences, fusing spatiotemporal cues

from temporally adjacent past and future silhouettes to recover the target frame.

Its primary goal is to infer missing silhouettes within a motion sequence while preserving

spatial integrity and temporal continuity. To improve generalization, BiSINet uses a multi-gap

temporal training regime that exposes the model to varying degrees of temporal interpolation dif-

ficulty during learning.

Multi-Gap Temporal Training Strategy

To strengthen robustness across different temporal densities, training sequences are generated un-

der three distinct gap configurations, each defined by the temporal gap parameter ∆, which speci-

fies the frame spacing between consecutive visible silhouettes. The three configurations (zero-gap,

one-gap, and two-gap) are summarized in Table 5.3, including the exact frame indices used for

context and the corresponding prediction target in each case (see the Prediction Rule column).
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Table 5.3: Multi-gap illustrative configurations used in BiSINet training. ∆ is the temporal gap (in

frames) between visible inputs. Notation: Sa:b are consecutive frames; Sa:b:s denotes

frames from a to b sampled every s frames.

Config. ∆∆∆ Frames Prediction Rule

Zero-gap 0 S1–9 Predict S5 from past S1:4 and future S6:9.

One-gap 1 S1–17 Predict S9 from past S1:7:2 and future S11:17:2.

Two-gap 2 S1–25 Predict S13 from past S1:10:3 and future S16:25:3.

Each sample thus comprises:

• a past stream of four silhouettes preceding the missing frame,

• a future stream of four silhouettes following it, and

• the target silhouette Sm, representing the missing intermediate frame.

The training alternates dynamically among all three configurations, allowing BiSINet to gen-

eralize across both dense and sparse temporal patterns.

Model Architecture Overview

BiSINet adopts a dual-stream, bidirectional encoder-decoder structure (Figure 5.7) that integrates

spatio-temporal reasoning with ConvLSTM layers and attention-based fusion. The network com-

prises two symmetric encoders that process past and future sequences independently. Each stream

passes through three hierarchical encoder blocks; every block contains two 3× 3 convolutional

layers with batch normalization and ReLU activation, followed by a ConvLSTM cell to model

temporal dependencies within the stream, and a 2× 2 max-pooling operation for spatial down-

sampling. This arrangement jointly captures fine spatial detail (e.g. limb contours) and temporal

continuity (e.g. motion trajectories).

At each encoder depth, the representations from the two temporal directions are merged by an

attention-fusion operation. Given feature maps Fpast and Ffuture, an attention mask A is computed

as

A = σ
(
Conv1×1

(
ReLU(Conv1×1([Fpast,Ffuture]))

))
, (5.22)

and fusion is performed according to

Ffused = A⊙Fpast +(1−A)⊙Ffuture, (5.23)

where ⊙ denotes element-wise multiplication. In practice, this mechanism allows the model to

emphasize whichever temporal direction provides the most reliable evidence at each spatial loca-

tion.
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Conv +
ConvLSTM

Conv +
ConvLSTM

Conv +
ConvLSTM

Past Stream

Conv +
ConvLSTM

Conv +
ConvLSTM

Conv +
ConvLSTM

Future Stream

Attention Fusion

Attention Fusion

Attention Fusion

Bottleneck Conv

Decoder Block 3

Decoder Block 2

Decoder Block 1

Predicted
Silhouette Ŝm

4 past silhouettes 4 future silhouettes

Figure 5.7: Simplified schematic of the proposed BiSINet architecture. Past and future silhouette
streams are encoded separately through ConvLSTM-based encoders. Their multi-scale features
are fused by attention modules, passed through a bottleneck, and decoded to reconstruct the miss-
ing intermediate silhouette Ŝm.

Following multi-scale fusion, a bottleneck convolutional block increases representational ca-

pacity prior to decoding. The decoder mirrors the encoder with transposed convolutions for up-

sampling, skip connections for spatial alignment with earlier encoder features, and standard convo-

lutions for refinement. Finally, a 1×1 convolution maps the decoded features to a single-channel

logits map representing the predicted intermediate silhouette, denoted as Ŝm.

Training and Optimization

Training minimizes a composite objective that combines Binary Cross-Entropy (BCE) with Soft

Dice loss. The total loss is

L = λBCELBCE +λDiceLDice, (5.24)
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with

LDice = 1− 2∑(p · t)+ ε

∑ p+∑ t + ε
, (5.25)

where p and t denote the predicted and ground-truth silhouettes, respectively. Empirically, λBCE =

1.0 and λDice = 0.5 yielded the most stable convergence.

Optimization uses AdamW with an initial learning rate of 2× 10−4 and a cosine-annealing

schedule with warm restarts (T0 = 10 epochs). Mixed-precision (AMP) is enabled on NVIDIA

A100 GPUs. The batch size is 4 and training proceeds for 80 epochs. Checkpoints are written ev-

ery two epochs to guard against runtime interruptions. Performance is monitored via Intersection

over Union (IoU), Dice coefficient, and pixel-level accuracy.

Temporal Inference and Evaluation

During inference, BiSINet receives a pair of temporal sequences – four past silhouettes and four

future silhouettes – and predicts the missing intermediate silhouette. The output is a probability

map obtained through sigmoid activation, subsequently thresholded to form the binary silhouette

Ŝm.

Qualitative evaluation involves visual comparison between:

• the input context (past and future silhouettes),

• the predicted silhouette Ŝm, and

• the ground-truth silhouette Sm,

while quantitative evaluation uses IoU, Dice, and pixel accuracy. Error maps and prediction his-

tograms further highlight model precision and uncertainty distribution.

BiSINet Architecture

Table 5.4: Summary of BiSINet’s structural components and output dimensions.

Component Description Output Dimensions

Input 8 silhouettes (4 past + 4 future) (B, 8, 1, 128, 88)

Encoder 1 2×Conv + ConvLSTM + MaxPool (B, 32, 64, 44)

Encoder 2 2×Conv + ConvLSTM + MaxPool (B, 64, 32, 22)

Encoder 3 2×Conv + ConvLSTM + MaxPool (B, 128, 16, 11)

Attention Fusion Adaptive merge of past/future features Fused maps

Bottleneck 3×3 Conv + BN + ReLU (B, 256, 16, 11)

Decoder 3-1 Transposed Conv + Skip + 2×Conv Progressive upsampling

Output 1×1 Conv → binary logits (B, 1, 128, 88)



176 Novel Gait Silhouette Image Interpolation Techniques

Distinctive Characteristics

• Multi-gap temporal learning: Exposure to zero-, one-, and two-gap sequences enhances

robustness across varying frame densities.

• Bidirectional feature reasoning: Dual ConvLSTM encoders capture motion dynamics

from both temporal directions.

• Attention-guided fusion: Learns adaptive weighting between past and future contexts for

each spatial location.

• Lightweight and efficient: Optimized for real-time GPU execution and mixed-precision

stability.

• Generalization capacity: Maintains silhouette accuracy across both slow and fast gait pat-

terns.

5.4 Experimental Setup

The experimental evaluation of the proposed methods was designed to assess their ability to re-

construct temporally coherent silhouettes under different interpolation conditions and to examine

the downstream impact of interpolation on gait-based person recognition. Three complementary

experiments were defined, each targeting a distinct aspect of temporal manipulation and motion

continuity:

• Experiment 1: Temporal Gap Reconstruction – evaluates robustness to local missing

frames by reconstructing short gaps within otherwise continuous sequences.

• Experiment 2: Temporal Super-Resolution (Up-Sampling) – analyzes scalability when

synthesizing intermediate silhouettes to increase the effective frame rate under controlled

decimation.

• Experiment 3: Influence of Framerate Variation on Gait Recognition – investigates how

decimation and subsequent interpolation affect gait-based person recognition performance

using a standard silhouette-derived representation.

The first experiment simulates frame-gap filling, a scenario where isolated frames within an ex-

isting sequence are either missing or corrupted. This setup evaluates how effectively each method

can restore local temporal consistency and structural completeness. It reflects realistic degrada-

tions often found in gait datasets, such as dropped frames or segmentation errors, and serves as a

controlled test of robustness and reconstruction fidelity.

The second experiment focuses on frame-rate up-sampling, where the goal is to generate ad-

ditional intermediate silhouettes between consecutive frames, thereby increasing the temporal res-

olution of the video. In this configuration, the temporal spacing between reference frames is
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artificially expanded according to the chosen up-sampling factor, creating a more demanding set-

ting in which the interpolation must capture subtle transitions across larger motion intervals. This

experiment thus explores the scalability of both approaches, i.e. how the shape-based BRIEF and

the learning-based BiSINet perform as the temporal distance between inputs grows and motion

dynamics become more complex.

The third experiment links interpolation quality to downstream utility by evaluating how

temporal decimation and subsequent interpolation affect a simple gait-based person-recognition

pipeline. Using a well-established silhouette descriptor, the analysis quantifies how much recog-

nition performance is preserved or recovered when sequences are down-sampled and subsequently

reconstructed by the proposed interpolation methods.

5.4.1 Datasets

The experiments were conducted using three gait datasets: the Kyushu University 4D Gait Database

A (KY4D–A), the GRIDDS dataset and the OU-ISIR Treadmill Dataset A. The inclusion of mul-

tiple datasets ensured a comprehensive evaluation of the proposed interpolation methods under

different acquisition conditions, framerates, and spatial resolutions. While KY4D-A and GRIDDS

capture gait in natural walking conditions with a static lateral viewpoint, the OU-ISIR Treadmill

Dataset A provides controlled motion with systematic speed variations. This diversity allowed for

the analysis of the robustness of the proposed methods with respect to temporal continuity, motion

dynamics, and spatial detail. In addition, both quantitative metrics and qualitative assessments

were compared with previous studies using the same datasets, allowing a fair contextualization of

performance.

5.4.1.1 KY4D-A (Straight Walking)

The Kyushu University 4D Gait Database A (KY4D-A) (Iwashita et al. (2010)) was collected in a

controlled multi-camera studio using a ring of 16 synchronized RGB cameras positioned at 3.5 m

from the walking area. Each camera captured sequences at a resolution of 1032×776 pixels and

15 fps, accompanied by binary silhouettes, calibration data, and visual-hull 3D reconstructions.

For this work, only silhouettes from a single 90◦ side-view camera were used, corresponding to

individuals walking on a straight path. The dataset comprises 42 subjects, each performing four

sequences, totaling roughly 200,000 silhouettes. All silhouettes were cropped and normalized

to 120× 80 pixels to ensure spatial consistency between samples. A more detailed technical

description of the dataset is provided in Section 4.4.3.

5.4.1.2 GRIDDS

The Gait Recognition Image and Depth Dataset (GRIDDS) (Nunes et al. (2019a)) includes 35

participants recorded indoors while walking along two straight trajectories, each covered five times

per direction (left-to-right and right-to-left), producing a total of 350 sequences and approximately

33,000 silhouette images. Recordings were acquired at 30 fps using a Kinect v2 sensor mounted
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laterally at 1.8 m height. The silhouettes, aligned and normalized to 80× 120 pixels, were used

in this study. More details, including the acquisition environment and the recording protocol, are

available in Section 4.2.

5.4.1.3 OU-ISIR Treadmill Dataset A (Speed Variation)

The OU-ISIR Treadmill Gait Dataset A (Speed Variation) (Tsuji et al. (2010)) comprises record-

ings of 34 subjects walking on a treadmill at controlled speeds ranging from 2 km/h to 10 km/h

in 1 km/h increments. Each participant performed roughly two sequences per speed, resulting in

approximately 612 sequences and over 480,000 silhouette images, captured at 60 fps from a lateral

perspective and normalized to 128× 88 pixels. The controlled treadmill environment introduces

speed as the main covariate, allowing the evaluation of the proposed interpolation methods under

systematically varying motion rates(see Section 4.4.3).

5.4.2 Tasks and Protocols

Experiment 1: Temporal Gap Reconstruction.

This experiment evaluated the capability of the proposed methods to reconstruct missing silhou-

ettes within a continuous motion sequence. The task simulates frame-loss scenarios, where indi-

vidual frames are absent due to a variety of factors, including acquisition failures, transmission

errors, or segmentation defects, resulting in local temporal discontinuities. An example configura-

tion is illustrated in Figure 5.8, which shows a three-frame gap where the orange silhouettes denote

the targets to be synthesized and the remaining silhouettes provide the available temporal context.

By testing the ability of each method to restore such missing content, the experiment aimed to

assess their robustness and temporal consistency in realistic conditions of data degradation.

Figure 5.8: Illustration of the Temporal Gap Reconstruction experiment for a three-frame gap.
The silhouettes highlighted in orange represent the missing frames to be interpolated, while the
remaining silhouettes correspond to the available temporal context used by the interpolation meth-
ods.

Controlled gaps, ranging from one to three consecutive frames, were injected into all three

datasets. Interpolation was then performed using each method’s native temporal context: BRIEF
inherently consumes the two nearest frames on each side (±2 anchors), whereas BiSINet is defined

to use four frames before and four after (±4 anchors). These windows are part of the algorithmic

design and were not tuned or varied as an experimental factor. The reconstructed silhouettes were

compared against the corresponding ground-truth frames. Because BiSINet predicts only a single

intermediate frame between adjacent inputs, it was evaluated exclusively for the one-frame gap

condition; BRIEF was assessed for gaps of one, two, and three frames.
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5.4.2.1 Experiment 2: Temporal Super-Resolution (Up-Sampling)

This experiment evaluates the ability of silhouette interpolation methods to enhance temporal res-

olution by synthesizing intermediate silhouettes between sparsely sampled frames (i.e., tempo-

ral super-resolution). The efficacy of up-sampling factors of 2, 3, and 4 was investigated using

the same three datasets. To ensure a controlled evaluation with known ground truth, each se-

quence was artificially down-sampled, preserving every rth frame (e.g. 30fps→ 15/10/7.5fps for

r = 2,3,4, respectively). The removed frames thus served as interpolation targets. Both methods

then reconstructed the r−1 missing silhouettes between each retained pair, restoring the sequence

to its original framerate. As in the previous experiment, each method was provided with its cor-

responding temporal context: BRIEF used the two nearest frames before and after the missing

interval (±2 anchors), while BiSINet used four before and four after (±4 anchors).

In contrast to the Temporal Gap Reconstruction experiment, in which adjacent context frames

remained one frame apart, this decimation process increases the temporal spacing between avail-

able anchors to exactly r frames. Consequently, the interpolation task must now bridge larger

motion intervals, often spanning distinct gait phases (e.g. opposite swing or stance positions).

This setting thus evaluates the scalability of both approaches, in terms of their ability to maintain

structural fidelity, limb connectivity, and motion smoothness as the temporal gap widens.

The evaluation process employs the same protocol as that outlined in the Temporal Gap Re-

construction experiment. The reconstruction of each silhouette is then compared with its ground

truth at the same timestamp, with this comparison made using both pixel-level and structural met-

rics. These quantitative results are complemented by a qualitative inspection of contour continuity

and perceptual fluidity of motion, providing a comprehensive understanding of the models’ inter-

polation performance under increased temporal uncertainty.

Table 5.5 summarizes the decimation-restoration protocol used in this experiment. The Fram-

erate column indicates the original frame rate of each dataset. Under Factor 2/3/4, the left value

represents the down-sampled fps, and the right value the restored fps after interpolation. For ex-

ample, in the GRIDDS dataset originally recorded at 30 fps, a factor 2 up-sampling corresponds

to 15→ 30 fps, and a factor 3 to 10→ 30 fps.

Table 5.5: Frame-rate up-sampling transformations for the utilized datasets. Arrows (↓↑) denote
the down-sampling (↓) and subsequent up-sampling (↑) framerates.

Dataset Framerate (fps) Factor 2 (↓↑ fps) Factor 3 (↓↑ fps) Factor 4 (↓↑ fps)

KY4D-A 15 7.5→ 15 5→ 15 3.75→ 15
GRIDDS 30 15→ 30 10→ 30 7.5→ 30
OU-ISIR 60 30→ 60 20→ 60 15→ 60

A visual illustration of the up-sampling process for different factors is presented in Figure 5.9.

The top row depicts a sequence down-sampled by a factor of two, and the bottom row by a factor of

three. In each case, the target silhouette to be interpolated is highlighted in orange, while the past

and future context silhouettes are shown in blue and green, respectively. As the up-sampling factor
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r increases, the temporal distance between available context silhouettes also increases, making the

interpolation task progressively more challenging.

Figure 5.9: Illustration of the up-sampling process under different temporal factors in the Temporal
Super-Resolution experiment. The top row corresponds to down-sampling by a factor of two
(r = 2), and the bottom row to three (r = 3). The orange silhouettes represent the frames to
be interpolated, while the blue and green silhouettes indicate the past and future context frames,
respectively. As the factor r increases, the temporal spacing between available context frames also
increases, highlighting the growing difficulty of the interpolation task.

5.4.2.2 Experiment 3: Influence of Framerate Variation on Gait Recognition

To illustrate a practical utility of silhouette interpolation, this experiment evaluates the impact of

temporal decimation and subsequent interpolation on gait-based person recognition. Following a

methodology analogous to Liu and Sarkar (2004), the Gait Energy Image (GEI) (Han and Bhanu

(2006)) is adopted as a compact silhouette descriptor.

Protocol

The evaluation protocol considers three sequence conditions per subject: (i) original sequences;

(ii) down-sampled sequences obtained by retaining every fourth frame (factor 4); and (iii) up-

sampled sequences produced by first down-sampling by factor 4 and then restoring the original

frame rate using the interpolation methods (i.e., sequences reconstructed from the decimated in-

puts). For up-sampling, BiSINet generates intermediate silhouettes iteratively until the original

cadence is recovered, whereas BRIEF synthesizes missing frames directly via its bidirectional

row-wise strategy. Gallery and probe sets are constructed from subject sequences under each con-

dition, and cumulative match characteristic (CMC) curves are computed for ranks 1-5 to quantify

rank-based identification performance. Quantitative results are reported in the Results section,

which analyzes the effect of frame-rate manipulation (decimation vs. interpolation) on recognition

accuracy for KY4D-A and GRIDDS.

5.4.3 Evaluation Metrics

The evaluation of both experiments relies on a combination of quantitative and qualitative mea-

sures designed to assess the accuracy, structural fidelity, and perceptual coherence of the interpo-

lated silhouettes in relation to their ground-truth counterparts. Three complementary metrics were

employed: the Jaccard Similarity Index (IoU), the Dice Similarity Coefficient (Dice), and the

Normalized Mean Squared Error (NMSE). Together, these metrics provide a balanced analysis

of spatial overlap, segmentation precision, and pixel-wise reconstruction error. In addition, two
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qualitative visualizations were used to enable direct inspection of contour accuracy and spatial

consistency.

Jaccard Similarity Index (IoU)

The Jaccard Similarity Index – also known as Intersection over Union (IoU) – is a standard metric

for measuring the similarity between binary regions (Jaccard (1901)). It evaluates the ratio be-

tween the area of intersection and the area of union of two binary masks, as expressed in Eq. 5.26.

IoU values range from 0 to 1, where higher values denote a greater degree of overlap between the

interpolated and ground-truth silhouettes.

IoU(A,B) =
|A∩B|
|A∪B|

=
|A∩B|

|A|+ |B|− |A∩B|
(5.26)

Alternatively, IoU can be written in terms of true positives (TP), false positives (FP), and

false negatives (FN), as shown in Eq. 5.27. In this context, TP represents correctly predicted

silhouette pixels, FP corresponds to predicted pixels outside the true silhouette, and FN denotes

pixels missing from the predicted region.

IoU =
T P

T P+FP+FN
(5.27)

The IoU metric has been widely adopted in segmentation benchmarks such as the PASCAL

VOC Challenge (Everingham et al. (2009)) and the DAVIS dataset for video object segmentation

(Perazzi et al. (2016)), where it serves as a robust measure of region-level agreement.

Dice Similarity Coefficient (Dice)

The Dice Similarity Coefficient (DSC) (Dice (1945)) is another overlap-based measure closely re-

lated to IoU, but it tends to be more sensitive to small regions and imbalanced classes. It computes

twice the area of intersection divided by the total number of pixels in both regions, as shown in

Eq. 5.28.

Dice(A,B) =
2|A∩B|
|A|+ |B|

=
2T P

2T P+FP+FN
(5.28)

The Dice metric has become a standard in medical and volumetric image segmentation (Mil-

letari et al. (2016)) and has been widely employed in human silhouette and pose-based segmen-

tation tasks due to its strong correlation with perceptual similarity (Chu et al. (2024); Javanmardi

et al. (2018)). High Dice values indicate precise spatial alignment and faithful reconstruction of

silhouette boundaries.

Normalized Mean Squared Error (NMSE)

To complement the overlap-based metrics, the Normalized Mean Squared Error (NMSE) quanti-

fies the average pixel-wise deviation between the interpolated and reference silhouettes. Unlike
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IoU and Dice, which operate on binary masks, NMSE captures intensity-level differences, provid-

ing a sensitive indicator of small geometric or structural mismatches. It is defined as follows:

NMSE =
∑i, j(GTi, j− Ini, j)

2√
∑i, j(GTi, j)2×∑i, j(Ini, j)2

(5.29)

Here, GTi, j and Ini, j denote the pixel intensities of the ground-truth and interpolated silhou-

ettes, respectively. NMSE provides a quantitative assessment of reconstruction error useful to

measure the fidelity of synthesized frames.

Qualitative Visualization

n addition to quantitative metrics, qualitative visualizations were employed to provide an intu-

itive assessment of interpolation accuracy. Specifically, an Error Map was generated to repre-

sent the pixel-wise reconstruction error between the interpolated and ground-truth silhouettes (see

Fig. 5.10). Each pixel intensity encodes the absolute difference between the two masks, visual-

ized using the "hot" colormap: black regions indicate perfect agreement (no reconstruction error),

whereas brighter areas (yellow-white) highlight spatial discrepancies, such as shape deformations

or misaligned contours. This visualization offers a spatial understanding of model performance

that complements numerical measures such as IoU, NMSE, and Dice coefficients.

Figure 5.10: Error Map visualization of interpolation results. Each pixel value represents the
absolute reconstruction error between the predicted and ground-truth silhouettes, encoded using
the “hot” colormap (black = perfect agreement, yellow-white = increasing error).

5.5 Results and Analysis

This section reports the outcomes of the three experiments introduced in Section 5.4, using the

metrics defined in Section 5.4.3. Results are organized to first quantify image/shape fidelity under

gap filling and temporal super-resolution, followed by comparisons with prior interpolation meth-

ods, and finally an application-level analysis on gait-based person recognition. Two methods are

evaluated: the shape-driven, deterministic BRIEF (Bidirectional Rowwise Interpolation with En-

velope Fusion) and the learning-based BiSINet (Bidirectional Silhouette Interpolation Network).
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At the time of writing, BiSINet experiments are concluding; therefore, cells marked with ⋄ indicate

values to be inserted upon completion.

5.5.1 Experiments Results

This subsection evaluates BRIEF and BiSINet on the two interpolation tasks defined in Sec-

tion 5.4: Temporal Gap Reconstruction (Experiment 1) and Temporal Super-Resolution (Up-

Sampling) (Experiment 2). To ensure comparability with the other datasets – whose sequences

correspond to normal walking – evaluation on OU-ISIR is restricted to the 5 km/h subset. The

first task analyzes performance as the number of consecutively missing frames increases, whereas

the second probes scalability as the temporal spacing between visible anchors grows with the

up-sampling factor.

Experiment 1: Temporal Gap Reconstruction. Table 5.6 summarizes average IoU over all

interpolated silhouettes for gap sizes of 1-3 frames; Figure 5.11 visualizes the gap-length trend.

Table 5.6: Experiment 1 (Temporal Gap Reconstruction): mean IoU across gap sizes of 1–3
frames.

Dataset Method Gap 1 Gap 2 Gap 3

KY4D-A (15 fps)
BRIEF 0.901 0.853 0.814

BiSINet 0.935 0.895 0.865

GRIDDS (30 fps)
BRIEF 0.910 0.889 0.865

BiSINet 0.942 0.901 0.874

OU-ISIR TM-A (60 fps)
BRIEF 0.963 0.951 0.939

BiSINet 0.971 0.962 0.950

Across datasets, BiSINet consistently outperforms BRIEF in temporal gap reconstruction, with

the magnitude of its advantage depending on the native framerate and the extent of temporal dis-

continuity. On KY4D-A and GRIDDS, both of which exhibit lower framerates (15 fps and 30 fps,

respectively), longer gaps introduce larger pose differences and greater temporal ambiguity. In

such conditions, the spatio-temporal representation of BiSINet is advantageous, yielding higher

IoU scores, particularly for gaps of two and three frames. Conversely, on the OU-ISIR TM-A

dataset (60 fps), the temporal spacing between adjacent frames is substantially smaller, making

the interpolation problem inherently easier and leaving less room for improvement over geomet-

rically guided methods. Consequently, both BRIEF and BiSINet achieve near-saturated accuracy,

with BiSINet retaining only a modest but consistent edge.
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Figure 5.11: Experiment 1 (Temporal Gap Reconstruction): trend of mean IoU vs. gap size across
datasets for BRIEF.

Experiment 2: Temporal Super-Resolution (Up-Sampling). Table 5.7 reports mean IoU for

up-sampling factors r ∈ {2,3,4}; Figure 5.12 depicts the factor-dependent trend.

Table 5.7: Experiment 2 (up-sampling): mean IoU for factors r ∈ {2,3,4}.

Dataset Method Factor 2 Factor 3 Factor 4

KY4D-A (15 fps)
BRIEF 0.899 0.843 0.809

BiSINet 0.935 0.863 0.746

GRIDDS (30 fps)
BRIEF 0.904 0.851 0.834

BiSINet 0.937 0.880 0.859

OU-ISIR TM-A (60 fps)
BRIEF 0.959 0.912 0.889

BiSINet 0.971 0.922 0.904

A consistent pattern emerges in the temporal super-resolution experiment: while both interpo-

lation methods experience a natural degradation in accuracy as the up-sampling factor increases,

BiSINet generally maintains the highest IoU across datasets for moderate temporal expansions.

In KY4D-A and GRIDDS, BiSINet clearly outperforms BRIEF for factors 2 and 3, reflecting the

model’s ability to infer intermediate silhouettes even under larger motion displacements induced

by wider temporal intervals. However, for the most extreme setting on KY4D-A (factor 4), net-

work performance deteriorates dramatically, falling below BRIEF, an effect consistent with the

substantial increase in NMSE observed in the comparison of the datasets. This illustrates a limi-

tation of the learned model when faced with temporal baselines longer than those prevalent in its

training distribution. In contrast, on the OU-ISIR TM-A dataset, where the native 60 fps sampling

yields smaller inter-frame motion, BiSINet retains a small but systematic advantage over BRIEF

across all factors. Overall, these results suggest that BiSINet is highly effective for moderate

temporal up-sampling, particularly in datasets with mid-range frame rates, while geometry-aware
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methods such as BRIEF remain more reliable under extreme temporal sparsity or cross-domain

conditions.
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Figure 5.12: Experiment 2 (up-sampling): trend of mean IoU vs. factor across datasets for BRIEF.

5.5.2 Interpolation Methods Comparison

This subsection compares the proposed approaches against published interpolation baselines (Imoto

et al. (2020); Driscoll et al. (2012)) and a standard Nearest-Neighbor scheme (Lehmann et al.

(1999)), using the same datasets and the NMSE metric employed in Imoto et al. (2020). Values

for KY4D-A and OU-ISIR TM-A from Imoto et al. (2020) are reported directly; GRIDDS results

for Imoto et al. (2020) were obtained via the authors’ reference implementation (acknowledged).

Table 5.8: Up-sampling on KY4D-A: NMSE across factors r ∈ {2,3,4}.

KY4D-A (NMSE, lower is better)

Factor 2 Factor 3 Factor 4

Nearest-Neighbor (Lehmann et al. (1999)) 0.613 0.613 0.760

Driscoll et al. (2012) 0.227 0.289 0.338

Imoto et al. (2020) 0.138 0.209 0.280

BRIEF 0.104 0.185 0.238
BiSINet 0.052 0.133 0.448

Overall, the results on KY4D-A confirm the effectiveness of both proposed approaches, with

BRIEF consistently outperforming existing baselines across all up-sampling factors, and BiSINet

showing competitive accuracy for moderate factors despite being trained exclusively on sequences

from a different dataset, thus evidencing its potential for cross-dataset generalization when tem-

poral characteristics are similar.
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Table 5.9: Up-sampling on GRIDDS: NMSE across factors.

GRIDDS (NMSE, lower is better)

Factor 2 Factor 3 Factor 4

Imoto et al. (2020) 0.175 0.180 0.196

BRIEF 0.101 0.162 0.194
BiSINet 0.050 0.091 0.120

On GRIDDS, BRIEF again yields the lowest NMSE. BiSINet values (⋄) are pending.

Table 5.10: Up-sampling on OU-ISIR TM-A: NMSE across even walking speeds.

OU-ISIR TM-A: up-sampling 30→ 60 fps (even speeds 2–10 km/h), NMSE

2 4 6 8 10

Nearest-Neighbor (Lehmann et al. (1999)) 0.168 0.203 0.259 0.272 0.289

Driscoll et al. (Driscoll et al. (2012)) 0.174 0.203 0.253 0.247 0.259

Imoto et al. (Imoto et al. (2020)) 0.163 0.190 0.237 0.236 0.247

BRIEF 0.021 0.030 0.044 0.060 0.067
BiSINet 0.021 0.020 0.029 0.038 0.052

Across datasets and settings, BRIEF shows consistent gains over prior interpolation baselines

in NMSE.

5.5.3 Impact of Frame-Rate Manipulation on Recognition

To demonstrate practical utility, the impact of temporal decimation followed by interpolation on

gait-based recognition is assessed using the same protocol as Liu and Sarkar (2004) and the Gait

Energy Image (GEI) descriptor (Han and Bhanu (2006)). Given a complete gait cycle of N binary

silhouettes {Bt}N
t=1, the gray-level GEI G is computed as the temporal mean:

G(x,y) =
1
N

N

∑
t=1

Bt(x,y). (5.30)

Similarity between a probe GEI GP and a gallery {GG( j)}NG
j=1 is defined as the negative of the

median Euclidean distance:

Similarity(GP,GG) =−Median
(

min
j∈{1,...,NG}

∥GP−GG( j)∥
)
. (5.31)

Recognition experiments were conducted on two silhouette datasets with different native fram-

erates: GRIDDS (30 fps) and KY4D-A (15 fps). Three conditions are compared: Original,
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Down-sampled (retain every fourth frame; e.g. 30→ 7.5 fps in GRIDDS and 15→ 3.75 fps

in KY4D-A), and Up-sampled (decimated by 4 and then reconstructed to the original cadence

via interpolation). This design allows assessment of recognition sensitivity to native temporal

resolution as well as recovery after interpolation. Identification performance is summarized by

CMC@1-5. For brevity, tables and plots report results for the three conditions.

Table 5.11: KY4D-A: CMC@1-5 for original, down-sampled (factor 4), and up-sampled condi-
tions.

KY4D-A Rank #1 Rank #2 Rank #3 Rank #4 Rank #5

Original 97.02% 98.21% 98.21% 98.21% 98.81%

Down-sampled 67.86% 73.21% 76.79% 80.95% 83.93%

Up-sampled (BRIEF) 73.21% 82.74% 86.90% 89.29% 91.07%

1 2 3 4 5
Rank

65

70

75

80

85

90

95

100

Re
co

gn
iti

on
 A

cc
ur

ac
y 

(%
)

Gait Recognition Accuracy on KY4D-A Dataset

ORIGINAL
UP-SAMPLED (F4)
DOWN-SAMPLED (F4)

Figure 5.13: KY4D-A: CMC@1-5 curves contrasting original, down-sampled (factor 4), and up-
sampled (factor 4) sequences.

Table 5.12: GRIDDS: CMC@1-5 for original, down-sampled (factor 4), and up-sampled condi-
tions.

GRIDDS Rank #1 Rank #2 Rank #3 Rank #4 Rank #5

Original 99.43% 99.43% 99.43% 99.43% 99.43%

Down-sampled 81.43% 82.29% 82.86% 83.14% 83.43%

Up-sampled (BRIEF) 98.00% 99.14% 99.14% 99.14% 99.14%
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Figure 5.14: GRIDDS: CMC@1-5 curves contrasting original, down-sampled (factor 4), and up-
sampled (factor 4) sequences.

Overall, recognition results indicate a strong dependence on temporal resolution: down-sampling

degrades CMC@k, while interpolation recovers a substantial portion of the loss. BRIEF-based

up-sampling narrows the gap to original performance on both datasets.

5.6 Conclusions and Limitations

5.6.1 Conclusions

The results across Experiments 1–3 support several consistent findings about binary silhouette in-

terpolation for human gait, where the objective is phase-consistent, topology-preserving evolution

of person shape over time.

(1) Temporal proximity is the primary driver of accuracy. Interpolation accuracy is higher in

Temporal Gap Reconstruction (Experiment 1) than in Temporal Super-Resolution (Experiment 2).

In Experiment 1, the supporting silhouettes are temporally adjacent (one-frame baseline), provid-

ing denser motion cues; in Experiment 2, the effective temporal baseline expands to r frames,

reducing spatial overlap and increasing motion amplitude between anchors. This is reflected in

the monotonic decline of IoU as the gap length (Exp. 1; Table 5.6, Fig. 5.11) or up-sampling

factor (Exp. 2; Table 5.7, Fig. 5.12) increases. In short, shorter temporal baselines yield higher

reconstruction fidelity.

(2) Native temporal resolution (temporal sampling density) correlates with reconstruction fi-
delity. Across datasets, higher native framerates are associated with higher IoU. This trend (OU-

ISIR TM-A at 60 fps > GRIDDS at 30 fps > KY4D-A at 15 fps) indicates that denser temporal

sampling improves the conditioning of the interpolation problem, likely by reducing inter-frame
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displacement and ambiguity in correspondences. The effect is visible in both experiments and is

most pronounced at longer gaps/factors.

(3) Deterministic, geometry-aware interpolation is robust for short-range recovery. BRIEF
achieves consistently high IoU in Experiment 1 (all values > 0.80) and degrades smoothly as

temporal distance grows in Experiment 2, while preserving limb connectivity by construction. Its

interpretability and envelope-based safeguards make it a reliable choice when temporal context is

limited.

(4) Learned bidirectional modeling shows promise where temporal context matches training
statistics. BiSINet was trained only on GRIDDS (30 fps). Despite this restriction, where results

are available it performs well on GRIDDS and achieves competitive accuracy on the higher-frame-

rate OU-ISIR subset (5 km/h), suggesting favorable transfer when temporal statistics (sampling

density and motion pace) are aligned. A lower accuracy on lower-frame-rate data (e.g., KY4D-A)

is plausibly attributable to domain shift in temporal sampling density and motion patterns relative

to the training set.

(5) Downstream utility: interpolation reduces recognition loss due to temporal decimation.
In Experiment 3, down-sampling by a factor of four leads to a marked drop in CMC-based identifi-

cation accuracy on GRIDDS (30 fps) and KY4D-A (15 fps), whereas up-sampling via interpolation

recovers a substantial portion of the loss. The reconstructed version brings recognition closer to

the original cadence on both datasets, indicating that topology-preserving temporal densification

benefits GEI-style pipelines.

(6) Complementary paradigms. Model-based (BRIEF) and data-driven (BiSINet) strategies

are complementary: BRIEF offers deterministic behavior and strong short-gap recovery with ex-

plicit topology handling; BiSINet, once trained on matched temporal regimes and augmented

appropriately, is expected to be more resilient as the temporal baseline widens. Both methods

are conceptually compatible with cadence harmonization and short-gap recovery stages in gait

systems that depend on temporally consistent masks (e.g., GEI descriptors).

5.6.2 Limitations

Several methodological aspects qualify the findings. First, BiSiNet produces probabilistic masks

that require binarization; fixed thresholds near ambiguous boundaries can introduce thin bridges

or erroneous holes, and adaptive or uncertainty-aware thresholding was not explored. BRIEF’s

rowwise envelope fusion can, in rare cross-row conflicts, slightly over-extend and yield staircase

artifacts along oblique edges, and neither approach guarantees global preservation of the Euler
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characteristic without additional constraints. Both methods also embody assumptions about mo-

tion: BRIEF presumes modest lateral drift per scanline, so rapid non-lateral or out-of-plane defor-

mations may violate correspondence, whereas BiSiNet can falter on gap patterns or covariates ab-

sent from training. A further trade-off arises between boundary fidelity and temporal smoothness

– excess smoothing diminishes boundary F1, while insufficient smoothing increases jaggedness –

and neither method optimizes a boundary-aware objective at inference. Finally, class imbalance

remains a challenge: thin limbs constitute a minority class, and even with Dice-driven training in

BiSiNet, very small components may be under-represented after thresholding.

BiSiNet was trained exclusively on GRIDDS at 30 fps; the lower accuracy observed on 15 fps

data (e.g., KY4D-A) likely reflects domain shift in temporal sampling density and silhouette statis-

tics. Broader training – spanning multiple frame rates and augmented temporal baselines – should

improve cross-dataset generalization. Moreover, the results are specific to silhouettes and view-

points present in KY4D-A, GRIDDS, and OU-ISIR TM-A; transfer to different resolutions, co-

variates like clothing or carrying, or segmentation noise levels remains to be validated.

External validity is limited by potential domain shift to multi-label masks, heavily noisy seg-

mentations, or extreme resolutions, none of which are evaluated here. With respect to scalability,

BiSiNet’s memory footprint and latency grow with input resolution and temporal context length;

BRIEF is comparatively memory-light and CPU-friendly but assumes prior alignment and consis-

tent orientation. Real-time deployment further depends on hardware: BiSiNet benefits from GPU

acceleration, whereas BRIEF requires efficient CPU vectorization to sustain video-rate processing.

5.7 Summary

This chapter addressed the interpolation of binary gait silhouettes – a setting where the goal is

not photorealism but phase-consistent, topology-preserving evolution of human shape. Two com-

plementary methods were presented: BRIEF, a deterministic, geometry-aware procedure that

interpolates rowwise segments with envelope fusion to safeguard connectivity; and BiSINet, a

bidirectional ConvLSTM-based network with attention-guided fusion trained under a multi-gap

regimen to handle varying temporal densities.

Three experiments established a clear picture of capability and utility. In Temporal Gap Re-

construction (Exp. 1), both methods achieved high overlap against ground truth, with accuracy

decreasing smoothly as the number of consecutively missing frames increased. In Temporal

Super-Resolution (Exp. 2), interpolation remained effective across up-sampling factors, though

performance declined with larger temporal spacing between anchors—underscoring that temporal

proximity is the dominant driver of fidelity. Finally, Recognition under Frame-Rate Manipulation

(Exp. 3) showed that interpolation substantially recovers identification accuracy lost to decimation

when using GEI-style descriptors.

Across datasets, higher native frame rates correlated with higher fidelity, and BRIEF proved

robust for short-range recovery thanks to its explicit topology guards and interpretability. Despite

being trained only on GRIDDS (30 fps), BiSINet demonstrated promising cross-dataset behavior,
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particularly on OU-ISIR at higher frame rates, indicating that alignment between training and test

temporal statistics benefits learned interpolation.

Evaluation combined IoU, Dice, and NMSE with qualitative error maps, offering both quanti-

tative and spatial insight into reconstruction behavior.

The findings suggest practical value for cadence harmonization and short-gap recovery in gait

pipelines. Immediate extensions include multi-framerate training and temporal augmentation for

BiSINet. Together, BRIEF and BiSINet define a complementary toolkit that advances reliable,

structure-preserving interpolation of human gait silhouettes.
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Chapter 6

Gait Skeleton Image - Application to
Gait-based Recognition

Automated gait analysis represents a challenging pattern recognition problem at the intersection

of computer vision, biometrics, and biomechanics. Although human observers can often identify

familiar individuals by their walking style, developing computational systems that achieve compa-

rable recognition capabilities under diverse acquisition conditions has proven remarkably difficult.

Early approaches relied on carefully designed features extracted from silhouettes, depth maps, or

skeletal representations, achieving modest success in controlled environments but exhibiting sub-

stantial performance degradation under real-world variability. The introduction of deep learning

methodologies has marked a paradigmatic shift, replacing explicit feature engineering with end-to-

end learning of discriminative gait representations from large-scale datasets. Despite considerable

improvements in recognition accuracy, contemporary deep learning systems still face fundamental

challenges, including viewpoint invariance, appearance variations, and cross-domain generaliza-

tion. This chapter introduces novel computational gait representations aimed at improving robust-

ness under challenging acquisition conditions, situating them within the broader evolution of deep

learning architectures for gait recognition, from traditional to current state-of-the-art methods.

6.1 Introduction

Human gait constitutes a behavioral biometric characterized by spatio-temporal patterns that are

simultaneously distinctive to individuals yet highly variable across viewing conditions, attire, and

physical states. Conventional gait analysis approaches, which rely on explicit feature engineering

or biomechanical modeling, have demonstrated limited robustness under unconstrained acquisition

scenarios. This limitation is increasingly addressed through deep learning architectures capable of

learning hierarchical representations directly from raw data. Deep learning has enabled significant

advances in gait recognition accuracy and generalization. Nevertheless, fundamental challenges

related to cross-covariate performance, data scarcity, and model interpretability remain active re-

search areas. This chapter provides a comprehensive examination of deep learning applications in

193
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gait analysis, from input modalities and computational representations through architectural de-

sign and experimental validation, situating recent methodological innovations within the broader

evolution from handcrafted to learned gait features.

6.1.1 Motivation for Applying Deep Learning to Gait

The shift toward deep learning methodologies in gait analysis reflects both the inherent complexity

of human locomotion and the limitations of conventional analytical approaches. Human gait rep-

resents a highly complex, multi-dimensional behavioral pattern shaped by anatomical structure,

biomechanical constraints, psychological state, health conditions, and environmental factors. This

complexity manifests itself as substantial intra-subject variability: the same individual may exhibit

different gait characteristics depending on footwear, clothing, objects carried, walking surface, or

fatigue level (Yu et al. (2006a); Zou et al. (2024)). Traditional gait analysis methods, which rely

on explicit biomechanical models or manually designed visual features, struggle to accommodate

this variability, particularly in unconstrained acquisition environments where factors such as view-

ing angle, illumination, and occlusion vary unpredictably (Martín-Félez and Xiang (2012); Bashir

et al. (2009)).

Conventional approaches to gait recognition typically require extensive domain expertise for

feature engineering: determining which joint angles, stride parameters, or silhouette descriptors

best characterize individual walking patterns. This manual design process not only demands spe-

cialized knowledge, but also produces features optimized for specific acquisition conditions, lim-

iting their generalization across datasets or real-world scenarios. Deep learning addresses this

limitation by enabling automatic learning of hierarchical representations through neural architec-

tures. However, the effectiveness of deep learning depends critically on how gait information is

represented and presented to these architectures. While some approaches process raw silhouette

sequences or RGB frames directly, others leverage computational gait representations, structured

encoding that compress temporal sequences, emphasize discriminative patterns, or incorporate

domain knowledge as input to learned feature extractors. These intermediate representations can

guide the learning process toward biomechanical or perceptual relevant patterns, potentially im-

proving both recognition performance and training efficiency compared to learning exclusively

from raw pixel data. The design of effective computational gait representations thus remains an

important research question even within the deep learning paradigm.

Empirical evidence consistently demonstrates that deep learning methods outperform hand-

crafted feature approaches in gait recognition accuracy and robustness. State-of-the-art deep learn-

ing systems achieve rank-1 identification accuracies in benchmark datasets under certain condi-

tions (Dou et al. (2022); Chao et al. (2021); Khaliluzzaman et al. (2023)), compared to classical

methods using Gait Energy Images or frequency-domain descriptors (Luo et al. (2017); Bakchy

et al. (2022)). More importantly, learned representations exhibit superior generalization across

covariates such as viewing angle and clothing variations, although significant challenges remain

in cross-view and cross-domain scenarios (Guo et al. (2025a)).
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6.1.2 Overview of Traditional Gait Analysis and Deep Learning–Based Approaches

To comprehend the impact of deep learning on gait analysis, it is necessary to examine the method-

ologies that preceded it and the fundamental differences in how features are derived and utilized.

Traditional gait analysis approaches can be broadly categorized into two distinct methods: model-

based and appearance-based. Each of these has distinct characteristics and inherent limitations.

Model-based approaches explicitly represent the biomechanical structure of human locomo-

tion through kinematic models that describe joint positions, angles, and trajectories throughout

the gait cycle. Although these methods are capable of capturing fine-grained biomechanical

details and providing interpretable measurements, they typically require controlled laboratory

environments with specialized equipment and struggle with outdoor conditions or occlusions.

Appearance-based methods extract features directly from visual representations, with the Gait En-

ergy Image (GEI) being a notable example. The GEI averages silhouette sequences over complete

gait cycles to create compact templates (Han and Bhanu (2006)). However, these representations

exhibit high sensitivity to viewing angle, clothing, and other covariates, with temporal averaging

potentially discarding discriminative dynamic information.

Deep learning facilitates the automated acquisition of hierarchical, task-specific representa-

tions through data-driven optimization. However, it is a misconception that deep learning must

operate solely on raw, unprocessed inputs. In fact, the architecture of deep gait recognition sys-

tems involves critical design choices regarding input representations, i.e., the manner in which

gait information is structured and presented to neural networks. Contemporary approaches en-

compass a range of methodologies, with some operating directly on raw silhouette sequences or

RGB frames (Liang et al. (2022); Ye et al. (2024)), while others introduce computational gait rep-

resentations, which are structured encodings that compress temporal cues, highlight discriminative

patterns, or embed domain knowledge (Shiraga et al. (2016); Liao et al. (2017)).

Convolutional Neural Networks (CNNs) extract hierarchical spatial features, progressing from

low-level edges to high-level structural patterns (Wu et al. (2017)). Recurrent architectures such

as LSTMs and GRUs model temporal dependencies across sequences (Tran et al. (2021)), while

Graph Convolutional Networks (GCNs) learn relational patterns in skeletal data (Teepe et al.

(2022)). Transformer-based architectures capture long-range dependencies through self-attention

mechanisms (Li et al. (2022a)). Regardless of the specific architecture, the selection of gait rep-

resentation – whether raw frames, designed templates, learned embeddings, or hybrid forms –

significantly influences what patterns the network can discover and how efficiently it learns. This

representational flexibility enables multi-modal fusion strategies that integrate silhouettes, skele-

tons, RGB, or depth data through learned combination mechanisms (Yousef et al. (2023)).

6.1.3 Key Challenges in Gait-Based Biometric Recognition

Despite the remarkable advances that have been enabled by deep learning, the field of gait-based

person recognition remains an active area of research, characterized by numerous unresolved chal-

lenges. These difficulties arise from two sources: the intrinsic characteristics of gait as a behavioral
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biometric and the practical limitations of data acquisition, model training, and deployment. Gait

is shaped by a combination of biomechanical, environmental, and contextual factors, producing a

dynamic signal whose variability compromises consistent identity recognition. Gait, in contrast to

static biometric traits such as face or fingerprint, is inherently non-stationary. It is continuously

influenced by physical state, emotional condition, clothing, and walking environment. As a re-

sult, the extraction of identity-specific features is complex and context-dependent.The design of

effective computational gait representations is an active and important research question within

the deep learning paradigm.

Intra-subject variability is a significant challenge in the development of effective methods to

recognize human gait (Parashar et al. (2022)). The same individual can vary significantly across

different acquisition conditions (as discussed in Section 4.3.3), and these variations can obscure

identity cues. Changes in viewing angle have been shown to have a particularly strong impact

on the perception of silhouettes and motion patterns. Research has demonstrated that these pat-

terns differ substantially between frontal, lateral, and oblique perspectives. Consequently, features

learned from one view rarely generalize seamlessly to others (Yu et al. (2006a); Kusakunniran

(2020)). Clothing has been identified as a significant covariate in the study of physical movement.

The presence of voluminous coats can obscure the contours of the body, and modify the visible

trajectory of the limbs. The act of carrying objects, such as bags or backpacks, has been shown

to induce both visual distortions and compensatory biomechanical adjustments (Amanulla Khan

et al. (2020)). Additional variability is attributable to factors such as differences in walking speed,

footwear, surface type, and elapsed time between recordings. These factors influence the spatial

and temporal characteristics of gait (Parashar et al. (2023b)). Recognition systems must therefore

learn representations that are invariant to these covariates while preserving discriminative identity

information.

Conversely, inter-subject similarity presents a distinct challenge, as distinct individuals may

exhibit remarkably similar walking patterns. Subjects with comparable height, weight, and body

proportions often produce silhouettes and motion trajectories that are visually alike. This overlap

has the effect of reducing separability in the learned feature space, particularly in large-scale iden-

tification tasks involving thousands of identities. The problem is aggravated by limited viewpoint

coverage or short video sequences, which reduce the amount of distinctive temporal or spatial

information available for discrimination. Achieving high recognition accuracy in such settings

requires models capable of capturing subtle, identity-specific motion signatures while avoiding

overfitting to superficial appearance cues.

Data limitations impose substantial constraints on advancements in gait recognition, and even

in contexts where data are available, generalization and interpretability persist as pivotal unre-

solved challenges. Despite the existence of several large-scale datasets, their scope and diver-

sity remain limited in comparison to other biometric benchmarks. As discussed in Section 4.4,

a significant proportion of these datasets have been collected under controlled indoor conditions,

characterized by static backgrounds, uniform lighting, and restricted demographics. The construc-

tion of comprehensive datasets that systematically vary covariates – such as viewpoint, clothing,
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carrying condition, speed, and time lapse – across thousands of participants requires consider-

able resources. Moreover, the annotation process introduces additional complexity; for instance,

silhouette segmentation often requires manual correction, skeleton tracking introduces measure-

ment noise, and precise temporal alignment to gait cycles is difficult to maintain (Zheng et al.

(2023a)). Privacy and ethical constraints further limit the availability of RGB datasets that reveal

facial identity, which has led many studies to rely on silhouette-only data. While this approach

preserves privacy and discards potentially useful appearance information, it also limits the com-

prehensive understanding of the subject’s identity. Consequently, deep models frequently overfit

to dataset-specific cues, achieving high performance on benchmarks such as CASIA-B but ex-

hibiting degradation on OU-MVLP or Gait3D due to shifts in environment, demographics, and

acquisition setup.

Collectively, these challenges delineate the boundaries of current research in gait-based bio-

metric recognition. Addressing issues such as intra-subject variability, inter-subject similarity, lim-

ited data diversity, and domain-specific overfitting necessitates the development of novel strategies

that integrate robust learning with interpretability and ethical awareness. Recent advancements in

this field include the development of computational gait representations that distinguish identity-

relevant factors from covariate-induced variability, domain-general models capable of learning

transferable motion patterns, and hybrid frameworks that integrate data-driven inference with

biomechanical priors (Fan et al. (2020b)). Advancement in these domains is imperative for the

progression of gait recognition towards reliable, transparent, and context-aware real-world appli-

cations.

6.2 Gait Data Modalities and Input Representations

This section establishes the foundational input types that feed into deep learning architectures.

6.2.1 Visual Modalities

Visual-based gait analysis uses external cameras to capture human locomotion, with the choice of

sensing modality determining which information is preserved and which is discarded. This section

examines the principal visual modalities employed in gait recognition systems. A comprehensive

understanding of the characteristics inherent to each modality, encompassing its informational

properties, constraints on acquisition, and intrinsic invariances, is essential for a comprehensive

understanding of the subsequent discussions on computational gait representations (Section 6.3)

and deep learning architectures (Section 6.4). These architectures are profoundly influenced by

the properties of the input data to which they receive.

Silhouettes and Binary Sequences

Silhouette-based representations convert each frame of a gait sequence into a binary foreground

mask that separates the person from the background via background subtraction or semantic seg-
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mentation. This abstraction deliberately removes appearance-specific details such as color, texture,

and fine surface structure, while preserving shape contours and body configuration information,

yielding a compact signal that is privacy-preserving and computationally efficient.

The deliberate reduction of information in silhouette representations offers several advantages.

Firstly, privacy concerns are substantially reduced, as identifying facial features and other personal

appearance details are removed. Secondly, computational efficiency is enhanced due to the reduc-

tion in data dimensionality when compared to RGB frames. Thirdly, the representation demon-

strates inherent robustness to certain covariates. Specifically, clothing color and texture variations

do not affect binary silhouettes, and illumination changes have a limited impact given reliable

foreground-background segmentation.

However, silhouette representations imply trade-offs. The binarization process discards po-

tentially discriminative color and texture information, which could facilitate recognition in certain

scenarios. Furthermore, the quality of segmentation is dependent on background conditions. Clut-

tered environments, shadows, or analogous foreground/background colors can generate noisy or

incomplete silhouettes, which in turn propagate errors through subsequent processing.

RGB Video Streams

RGB video captures the complete visual appearance of gait sequences, including color informa-

tion, surface textures, scene context, lighting effects, and shadows. This information provides

additional cues beyond body shape and motion, potentially enabling recognition based on cloth-

ing patterns, carried objects, or contextual scene elements.

However, the complexity of RGB data makes it computationally more demanding to process

than binary silhouettes, requiring larger network capacities to handle the increased dimensional-

ity. Conversely, this information abundance can be a disadvantage: RGB models may overfit to

appearance-specific details (clothing colors, lighting) rather than learning identity-relevant motion

patterns, potentially degrading generalization to novel conditions. This observation motivates hy-

brid approaches that incorporate RGB for initial segmentation or context understanding while re-

lying on abstracted representations for recognition (Ye et al. (2024); Marin-Jimenez et al. (2021)).

Depth Maps

Depth maps, typically acquired using RGB-D cameras (e.g., Microsoft Kinect) or time-of-flight

(ToF) sensors, encode the per-pixel distance from the camera to points in the scene (Shotton et al.

(2011)). This representation preserves three-dimensional body shape and the relative spatial rela-

tionships between body parts that conventional 2D images do not capture (Corti et al. (2016)).

Depth-based gait analysis is particularly robust to lighting because depth measurements rely

on reflected infrared light or time-of-flight calculations rather than visible illumination, reducing

the impact of shadows and brightness changes that compromise RGB and silhouette extraction.

The explicit 3D information enables volumetric body reconstruction and supports biomechanical

analysis in three dimensions (Varol et al. (2018)). Moreover, foreground/background separation
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is often simpler: distance thresholds can segment the walking subject from the environment with

high reliability.

Despite its benefits, depth sensing is range-limited: measurements degrade rapidly outside the

supported distances, reducing resolution and completeness. This significantly constrains use in

long-distance surveillance scenarios, where gait recognition would otherwise have comparative

advantages. Despite these limitations, depth modality enables applications such as view-invariant

gait recognition through 3D reconstruction (Nguyen et al. (2018)), and multimodal fusion com-

bining depth and RGB or silhouette information (Palmero et al. (2016)).

Optical Flow

Optical flow represents the apparent motion of pixels between consecutive frames, encoding ve-

locity vectors that capture movement patterns across the image plane (Beauchemin and Barron

(1995)). Unlike appearance-based representations, optical flow explicitly focuses on motion dy-

namics, making it particularly relevant for gait analysis where locomotion patterns constitute the

primary biometric signature. Each pixel in an optical flow field contains a two-dimensional vector

indicating the direction and magnitude of motion, effectively creating a dense motion map that

visualizes how body parts move through space over time (Horn and Schunck (1981)).

The motion-centric nature of optical flow offers several distinctive properties. By isolating

kinematic information from static appearance, optical flow representations demonstrate potential

robustness to clothing and color variations while emphasizing movement dynamics that charac-

terize individual gait patterns (Castro et al. (2017)). The representation naturally encodes frame-

to-frame motion relationships, capturing stride rhythm, limb velocity, and acceleration patterns

that constitute the temporal signature of gait. Furthermore, optical flow provides complementary

information to spatial representations such as silhouettes or RGB frames, motivating multimodal

fusion approaches that combine appearance and motion cues for enhanced discriminative power

(Castro et al. (2024)).

However, optical flow computation introduces specific challenges. Dense optical flow calcula-

tion can be computationally expensive, though recent deep learning approaches such as FlowNet

and its successors have substantially improved efficiency (Dosovitskiy et al. (2015)). Nevertheless,

inaccuracies in flow estimation can propagate across temporal sequences, potentially introducing

noise that affects recognition performance, particularly in longer gait sequences where error accu-

mulation becomes significant.

Point Clouds

Point clouds represent three-dimensional scenes as collections of spatial coordinates (x, y, z),

typically acquired through LiDAR sensors, structured light systems, or multi-view stereo recon-

struction (Rusu and Cousins (2011)). Each point encodes a location in 3D space, and collectively

they form a volumetric representation of the walking subject without requiring surface interpo-

lation or mesh generation. Point clouds differ from depth maps primarily in their data structure:
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while depth maps organize 3D information in a regular 2D grid corresponding to image pixels,

point clouds represent geometry as unordered sets of coordinates, offering flexibility in handling

irregular sampling patterns and multi-view fusion (Guo et al. (2021); Wang et al. (2023b)).

The volumetric nature of point clouds provides several advantages for gait recognition. True

3D geometry preservation enables accurate body volume and structure analysis without the pro-

jection distortions inherent in 2D representations. This three-dimensional completeness supports

view-invariant recognition, as volumetric data can be normalized or transformed to canonical

viewpoints algorithmically, mitigating the cross-view recognition challenge that affects 2D modal-

ities. LiDAR-based point cloud acquisition operates independently of ambient illumination, func-

tioning effectively in darkness or challenging lighting conditions where camera-based systems

fail.

Despite these benefits, point cloud representations present distinctive challenges. Point clouds

are frequently sparse and non-uniform, particularly at longer ranges or with lower-resolution sen-

sors. Processing high-dimensional point cloud sequences demands substantial computational re-

sources, as direct application of convolutional networks needs voxelization or specialized point-

based operators that increase algorithmic complexity (Guo et al. (2021)).

Skeletal Representations

Skeletal representations model gait as sequences of joint coordinates extracted from visual data

using pose estimation algorithms such as OpenPose (Cao et al. (2017b)), AlphaPose (Fang et al.

(2023)), or from depth-based Kinect skeleton tracking (Springer and Yogev Seligmann (2016)).

Each frame is reduced to a set of 2D or 3D joint positions representing key anatomical points.

This high-level abstraction offers appealing properties. By encoding body configuration as joint

angles and relative positions, skeletal representations focus on kinematic patterns rather than ap-

pearance, theoretically providing robustness to clothing variations and illumination changes (Liao

et al. (2017)).

Three-dimensional skeletal representations are, in principle, viewpoint-invariant, as joint co-

ordinates can be transformed across viewing angles through geometric operations. However, prac-

tical skeletal gait analysis faces significant challenges. Pose estimation accuracy degrades under

occlusions, unusual viewpoints, or crowded (Needham et al. (2021); Jin et al. (2020)). Tracking

errors and temporal discontinuities characterized by sudden changes in joint positions between

frames, introduce noise that propagates through recognition pipelines. Two-dimensional skeletal

representations inherently lack depth relationships, while three-dimensional pose estimation from

monocular video exhibits significant error susceptibility.

The selection of input modalities significantly influences subsequent processing strategies and

architectural decisions. Silhouette sequences are inherently suitable for set-based or temporal se-

quence architectures (Chao et al. (2019)), while skeletal representations are well-suited to graph
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convolutional networks (Teepe et al. (2021)). RGB video, in particular, suggests the need for atten-

tion mechanisms that selectively focus on motion-relevant regions while suppressing appearance

variations. Depth maps enable volumetric approaches that explicitly model 3D body structure

(Zheng et al. (2022)). Many state-of-the-art approaches introduce intermediate computational rep-

resentations between raw modality capture and deep feature learning – structured encodings that

compress temporal information, emphasize discriminative patterns, or incorporate domain knowl-

edge. This representation design space, located between data acquisition and feature learning, is

the subject of Section 6.3.

6.2.2 Sensor-Based Modalities

Although vision-based approaches predominate in contemporary gait recognition research, sensor-

based modalities offer complementary capabilities, particularly in scenarios where visual obser-

vation is impractical or privacy concerns are paramount. Sensor-based systems are designed to di-

rectly measure physical quantities associated with locomotion, such as forces, accelerations, and

angular velocities. These systems provide quantitative biomechanical data that can be privacy-

preserving and robust to visual occlusions or lighting variations. A more detailed review of these

sensing technologies is provided in Section 3.5.

Inertial Measurement Units (IMUs)

Inertial Measurement Units combine accelerometers and gyroscopes to capture linear accelera-

tions and angular velocities during walking. Typically worn on body segments such as the lower

back, thighs, or ankles, IMUs record the temporal dynamics of gait cycles with high sampling

rates, capturing stride patterns, cadence variations, and postural sway. The wearable nature of

IMUs enables continuous authentication in mobile scenarios, although they require user coopera-

tion for sensor placement. IMU-based recognition demonstrates robustness to environmental con-

ditions and inherently preserves privacy by avoiding visual capture, but performance depends crit-

ically on consistent sensor positioning and orientation (Ngo et al. (2014); Dehzangi et al. (2017)).

Pressure Sensors

Pressure-sensing systems measure ground reaction forces during foot-ground contact, revealing

temporal and spatial force distribution patterns unique to individual gait. Floor-based pressure

platforms embedded in walkways capture these patterns unobtrusively without requiring users to

wear devices (Vera-Rodriguez et al. (2013)), while smart insoles provide portable alternatives that

record pressure distributions during everyday activities (Martini et al. (2020)). Pressure-based

recognition exploits biomechanical characteristics such as weight distribution, foot strike patterns,

and push-off dynamics. However, floor-based systems are limited to instrumented environments,

and both approaches face challenges from footwear variations and walking surface changes that

alter force profiles.
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Wearable Sensor Arrays

Multi-point body sensor networks deploy multiple sensing modalities across various anatomi-

cal locations, capturing comprehensive biomechanical signatures through synchronized measure-

ments. These arrays may combine IMUs, electromyography sensors for muscle activity, goniome-

ters for joint angles, and other specialized transducers. The multi-modal sensor fusion provides

rich feature sets that can characterize subtle individual differences in neuromuscular control and

biomechanical efficiency (Teng et al. (2024); Meng et al. (2021)). Despite their discriminative

potential, wearable sensor arrays face practical deployment barriers: users must wear multiple de-

vices correctly, system cost scales with sensor count, and data synchronization across distributed

nodes introduces technical complexity.

Sensor-based modalities complement visual approaches by providing direct biomechanical

measurements that are inherently privacy-preserving and environmental-condition-invariant. How-

ever, the requirement for user cooperation in wearing or interacting with sensors limits their ap-

plicability in non-cooperative surveillance scenarios, where vision-based methods retain distinct

advantages. Contemporary research increasingly explores multimodal fusion strategies that lever-

age both visual and sensor-based data to achieve robust recognition across diverse deployment

contexts.

6.2.3 Hybrid and Multi-modal Approaches

The limitations inherent to individual modalities – whether visual or sensor-based – have moti-

vated research into hybrid and multi-modal systems that integrate complementary data sources

to achieve more robust and accurate gait recognition. Multi-modal fusion strategies leverage the

principle that different modalities capture distinct aspects of gait: visual data encodes appearance

and spatial motion patterns, while sensors provide precise biomechanical measurements. By com-

bining these complementary information streams, multi-modal systems can reduce the limitations

of individual modalities and enhance recognition performance across diverse operating conditions.

Fusion of Visual and Sensor Data

Integrating visual and sensor modalities leverages complementary strengths while managing dis-

tinct constraints (Wan et al. (2018)). Visual systems are well-suited for non-cooperative surveil-

lance and capture rich spatial cues about body shape and motion. However, they are sensitive

to viewpoint, occlusion, and illumination. Sensor-based approaches deliver quantitative, view-

independent biomechanical measurements. However, they require user cooperation and consistent

placement. The integration of these sources has been shown to yield superior outcomes when com-

pared with the use of individual sources in isolation. Specifically, the combination of visual data

and sensor signals has been observed to generate refined identity hypotheses, with sensor measure-

ments contributing to the stabilization of recognition processes in scenarios where visual quality
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is compromised by factors such as distance, occlusion, or poor lighting (Hwang et al. (2017)). In

practice, the combination of RGB or silhouette images with IMU accelerometry has facilitated the

human action recognition (Dong et al. (2025); Majumder and Kehtarnavaz (2021)). The integra-

tion of depth cameras with floor pressure sensors has enabled the merging of 3D body structure

with ground-reaction force patterns, thereby ensuring robust recognition under ambiguity (Zhang

et al. (2024)). Furthermore, the pairing of RGB cameras with wearable IMUs has contributed to

healthcare monitoring by integrating visual observation of abnormalities with precise stride-timing

estimates for comprehensive assessment (Abro and Jalal (2024); Abro et al. (2025)).

Complementary Modality Integration Strategies

The level of effectiveness achieved in multimodal gait recognition is influenced by the manner

and location of fusion process execution: feature-level fusion involves the merging of modality-

specific representations prior to classification, enabling models to learn cross-modal dependencies,

but requiring careful normalization and dimensionality control; score-level fusion combines pos-

terior scores from independent classifiers, offering modularity and context-sensitive weighting

of modalities (Pathak et al. (2019); Jain et al. (2005)); decision-level fusion aggregates discreet

outputs through voting or logic rules, enhancing robustness when classifier confidences diverge

(Mohandes et al. (2018)). Beyond these schemes, adaptive strategies dynamically re-weight in-

puts according to operating conditions. Quality-aware fusion elevates reliable modalities (e.g.,

favoring sensors when visuals suffer motion blur, or down-weighting sensors under placement

errors) (Rasool (2021)), while learning-based multi-stream deep networks discover combination

rules from data, often via attention mechanisms that emphasize informative modality subsets per

instance (Ramachandram and Taylor (2017)). However, processing multiple streams increases

computational load and training demands synchronized multi-modal datasets that remain limited

relative to single-modality datasets.

6.3 Computational Gait Representations as Feature Learning

As discussed in Section 6.2, selecting a gait representation is a critical design decision in deep

learning architectures. This section explores computational gait representations that have been

successfully integrated into recognition systems through learning. Unlike raw sensory data, these

representations provide structured, intermediate formats that encode gait-specific patterns through

deliberate design choices regarding spatial organization, temporal aggregation, and information

encoding. Representation design directly influences which features networks can learn, how effi-

ciently learning proceeds, and how well learned models generalize under acquisition conditions.

6.3.1 Evolution from Handcrafted to Learned Features

Early gait recognition systems strictly separated the feature extraction and classification stages.

Feature extraction relied entirely on handcrafted descriptors, such as stride length measurements,
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frequency-domain characteristics, and silhouette shape parameters, which were designed using

biomechanical domain expertise. Classification algorithms operated on these fixed features and

lacked the ability to adapt the representation itself. This pipeline architecture imposed two funda-

mental limitations: features designed for one scenario often failed under different conditions; and

the fixed representation constrained what patterns could be discovered.

The integration of deep learning has changed the paradigm toward treating representation

and recognition as components that are optimized together. Instead of providing final features

to classifiers, computational representations in deep learning systems serve as structured inputs

that networks transform through multiple processing stages. This distinction is crucial because

representations such as Gait Energy Images are now intermediate formats that neural networks

refine into task-specific embeddings through learned transformations, rather than terminal feature

descriptors.

This evolution allows representations to maintain useful structural properties, such as spatial

organization, temporal aggregation strategies, and biomechanical alignment, while enabling net-

works to adapt these representations to specific recognition objectives. The representation design

establishes an inductive learning bias. However, the actual discriminative features emerge through

data-driven optimization. This synergy between designed structure and learned refinement is char-

acteristic of contemporary computational gait representations.

Parallel to representation-guided approaches, recent work explores fully end-to-end learn-

ing, where models are fed with raw sequences and learn discriminative gait embeddings directly

from large-scale identity-labeled datasets. These methods can automatically discover task-relevant

spatio-temporal structure but typically require substantial data and offer less interpretability (Liang

et al. (2022); Wang et al. (2023b)). While this end-to-end paradigm is an important counterpart to

representation-guided learning, it is not the focus of this work, which concentrates on structured

computational representations that deep networks refine into task-specific embeddings.

6.3.2 Established Computational Gait Representations

The computational representation of gait patterns constitutes a challenge in automated person

recognition systems, as the choice of representation fundamentally determines which gait charac-

teristics can be captured, learned, and utilized for discrimination. Over the past two decades, the

computer vision and biometrics communities have developed diverse approaches to encoding spa-

tiotemporal gait information, each reflecting different assumptions about which aspects of human

locomotion carry identity-discriminative information. These representations range from compact

spatial templates that aggregate temporal sequences into single images, to structured graph en-

codings that explicitly model anatomical relationships, to attention-based mechanisms that adap-

tively emphasize discriminative spatiotemporal patterns. The representations vary substantially in

their computational requirements, robustness to covariate conditions, dependence on preprocess-

ing quality, and compatibility with modern deep learning architectures. This section systematically

examines seven major categories of gait representations that have shaped the field: template-based
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aggregations, joint heatmap encodings, spatial-temporal volume representations, graph-structured

skeletal models, frequency domain decompositions, and attention-weighted features.

6.3.2.1 Template-Based Representations

Template-based representations constitute one of the earliest and most enduring computational

paradigms in gait analysis. Their conceptual foundation lies in the aggregation of temporal gait

information into compact spatial templates that summarize appearance and motion patterns over

complete gait cycles. By averaging or accumulating silhouette sequences, these representations

emphasize stable structural and motion cues, such as body shape, limb positioning, and stride pe-

riodicity, while attenuating transient variations such as frame-level noise or local deformations.

The resulting images encapsulate characteristic identity-related information in a form that is both

compact and readily processable by standard convolutional architectures, making them particu-

larly suitable for integration with deep learning pipelines.

The recognized example of this class is the Gait Energy Image (Han and Bhanu (2006)), which

computes the pixel-wise average of temporally aligned binary silhouettes within a gait cycle. Each

pixel’s intensity reflects the likelihood of that region being occupied by the body over time, effec-

tively encoding motion consistency and spatial distribution of movement.

Several extensions have emerged to enrich or complement this foundational formulation. The

Gait Entropy Image (GEnI) (Bashir et al. (2009)) models temporal variability by computing the

per-pixel entropy, thus highlighting dynamic instability or irregular motion patterns that may carry

discriminative information. The Active Energy Image (AEI) (Zhang et al. (2010)) isolates actively

moving regions to emphasize motion salience over static body structure. The Chrono-Gait Image

(CGI) (Wang et al. (2010a)) preserves temporal ordering by partitioning the gait cycle into tem-

poral bins and encoding each bin’s silhouettes in separate color channels, thereby retaining phase

information lost in standard averaging.

Figure 6.1: Template-based gait representations: examples of four widely used templates: (a)
Gait Energy Image (GEI) Han and Bhanu (2006), the pixel-wise average silhouette over a gait cy-
cle; (b) Gait Entropy Image (GEnI) Bashir et al. (2009), encoding temporal variability via per-pixel
entropy; (c) Gait Flow Image (GFI) Lam et al. (2011), capturing motion intensity and direction
from optical flow; and (d) Chrono-Gait Image (CGI) Wang et al. (2010a), preserving temporal
ordering with color-coded phase mapping.
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Recent innovations have further expanded the template paradigm. The Fusion Energy Image

(FEI) combines multiple templates (GEI, GEnI, and AEI) through weighted fusion optimized via

deep learning techniques, allowing networks to learn optimal combination strategies for specific

recognition tasks (Li et al. (2024a)). The Gait Flow Image (GFI) – originally presented by Lam

et al. (2011) – and its optical-flow variant, GOFI, integrate motion gradients and silhouette edges

to retain fine-grained kinematic cues, with features extracted by dedicated neural architectures

such as the Gait Optical Flow Network (Ye et al. (2023)). The Period Energy Image (PEI) explic-

itly incorporates temporal phase information, serving as input to multi-task generative adversarial

networks designed to learn view-specific yet discriminative features (He et al. (2019)). More re-

cently, Samee et al. (2025) introduced a family of time- and color-coded templates, including the

temporal Gait Binary Image (tGBI), color-coded GEI (cGEI), temporal Gait Difference Image

(tGDI), and color-coded Binary Image Transformation (cBIT), which encode spatial, temporal,

and boundary-specific features of the gait cycle, yielding richer representations for clinical gait

analysis. Beyond these deep learning-oriented templates, the broader literature includes numerous

variants such as the Depth Energy Image (Rougier et al. (2011)), Gait History Image (Liu and

Zheng (2007)), Gait Energy Volumes (Sivapalan et al. (2011)), Gait Silhouette Volume (Maki-

hara et al. (2006)), Motion Silhouette Contour Template (Lam et al. (2007)), Motion Silhouette

Image (Lam and Lee (2005)), and Pose Energy Image (Roy et al. (2012)), though these have pri-

marily found applicability within traditional machine learning frameworks rather than deep neural

architectures.

Beyond silhouette-based templates, aggregation strategies have been extended to alternative

modalities. The Skeleton Energy Image (SEI) (Loureiro and Correia (2020)) applies the GEI

concept to skeletal joint coordinates, generating spatial heatmaps that capture pose frequency and

regularity, proving particularly useful for pathological gait classification where skeletal structure

provides more robust features than appearance-based silhouettes (Albuquerque et al. (2021a)).

From a computational standpoint, template-based representations offer remarkable efficiency.

By collapsing entire temporal sequences into single static images, they achieve significant dimen-

sionality reduction, typically from dozens or hundreds of frames to a single image, allowing rapid

inference and compatibility with conventional two-dimensional convolutional neural networks.

The preserved spatial organization provides a form of anatomical alignment, enabling networks

to learn localized body-part-specific features without explicit supervision. This efficiency makes

template-based approaches particularly attractive for real-time applications and deployment on

resource-constrained devices. The spatial structure of templates aligns naturally with convolu-

tional architectures. The preserved anatomical correspondence, where specific image regions

consistently correspond to particular body parts, enables CNNs to develop spatially equivariant

features that transfer across individuals.

However, this aggregation inherently sacrifices fine temporal dynamics and phase relation-

ships, limiting the sensitivity to motion sequencing and directionality. This temporal compression

may discard discriminative motion characteristics, particularly for individuals whose gait differs

primarily in timing rather than appearance. Furthermore, appearance-based dependence makes
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these representations vulnerable to covariates such as clothing variations and view changes, which

distort the underlying spatial consistency of the template.

Although multi-view training, data augmentation, and normalization strategies can reduce

some of these effects, template-based representations remain most effective under controlled ac-

quisition conditions with consistent viewing geometry and minimal appearance variations. De-

spite these limitations, they continue to serve as a foundational representation upon which more

temporally expressive, multi-modal, or attention-based approaches are built.

6.3.2.2 Heatmap Representations

Heatmap-based representations form an influential class of computational gait descriptors grounded

in continuous spatial encodings of human body keypoints. Unlike discrete coordinate-based rep-

resentations, they model each anatomical landmark as a probability distribution across the image

plane. Each heatmap channel corresponds to a specific joint, such as the hip, knee, or ankle,

whose pixel intensities denote the likelihood of its presence at each spatial location, providing a

continuous anatomical representation that contrasts with appearance-based templates. In contrast

to template-based representations, which aggregate visual appearance, heatmaps explicitly capture

body structure and movement patterns in a spatially coherent and differentiable form.

Operationally, heatmap generation and processing follow a sequence of spatial–temporal trans-

formations designed to preserve motion information while maintaining structural alignment. Heatmaps

are typically derived from pose estimation systems that identify joint positions in each frame of a

gait sequence. These per-frame maps can then be processed through several temporal aggregation

strategies. The simplest approach stacks heatmaps from consecutive frames to form multi-channel

spatio-temporal tensors. Temporal averaging or max-pooling across frames yields static repre-

sentations analogous to template-based methods but encoding pose rather than appearance. More

sophisticated strategies employ 3D convolutional networks that preserve temporal dependencies,

learning filters that span both spatial dimensions and the temporal axis to capture motion dynam-

ics. The spatial resolution of heatmaps introduces a design trade-off: higher resolutions preserve

fine-grained localization but increase computational costs, whereas lower resolutions enhance ef-

ficiency at the expense of spatial precision.

Beyond person recognition, heatmap representations have proven valuable for fine-grained

activity analysis. Bian et al. (2025) introduced temporal heatmap convolutions that maintain tem-

poral resolution across heatmap sequences, capturing subtle motion variations essential for distin-

guishing closely related activities. Their results demonstrated that temporally aware processing

of heatmaps enhances discrimination among activities with similar spatial but distinct temporal

characteristics, underscoring the potential of heatmap sequences for dynamic motion analysis.

The primary strength of heatmap representations lies in their ability to encode explicit anatom-

ical structures, resulting in interpretable and biologically grounded features. Because pose estima-

tion focuses on body configuration rather than surface appearance, heatmaps are inherently robust
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to covariates such as clothing variation, illumination changes, and background clutter. An individ-

ual wearing different garments produces nearly identical skeletal heatmaps, whereas silhouette-

based templates differ substantially under the same conditions. This invariance provides a critical

advantage in unconstrained environments.

However, heatmap-based methods are sensitive to pose estimation accuracy: errors in joint

detection propagate through the recognition pipeline, often leading to degraded performance. In

addition, by abstracting the visual appearance, these representations can overlook cues such as

hair style, body proportions, or texture patterns that contribute to subject discrimination. The

discretization of continuous body motion into a limited set of keypoints may also obscure fine-

grained motion details occurring between joints. While this abstraction enhances robustness, it

simultaneously discards potentially discriminative information.

Accordingly, heatmap-based representations are most effective in contexts where pose esti-

mation is reliable and domain-specific data are sufficiently abundant. In contemporary systems,

they are integrated into multi-stream architectures that fuse skeletal, appearance, and motion cues,

leveraging the complementary strengths of each modality to achieve richer and more discrimina-

tive gait representations.

6.3.2.3 Spatial-Temporal Encodings

Spatial-temporal encodings constitute a class of gait representations designed to jointly preserve

spatial structure and temporal dynamics. Unlike static aggregations that collapse temporal infor-

mation into a single image, these representations treat time as an explicit dimension within the

computational model. By maintaining a three-dimensional structure, typically height, width, and

temporal depth, spatial-temporal encodings capture motion patterns, gait phase transitions, and

inter-frame relationships that characterize individual walking styles. This integrated representa-

tion enables the modeling of dynamic cues such as stride rhythm, limb coordination, and cyclical

motion evolution, providing a richer and more discriminative description of gait than purely spatial

templates.

From a computational standpoint, spatial-temporal encodings are implemented through ar-

chitectures that process volumetric data or explicitly encode motion cues across time. The most

direct approach stacks temporally aligned silhouette frames into a spatio-temporal volume, which

is then processed by three-dimensional convolutional neural networks (3D CNNs) whose filters

extend across both spatial and temporal dimensions.

Spatial-temporal encodings offer significant advantages by directly modeling motion conti-

nuity and phase relationships, thereby uncovering dynamic characteristics inaccessible to static

templates or frame-level descriptors. They also naturally accommodate variable sequence lengths

and irregular walking patterns, as temporal filters can adapt to motion duration and speed vari-

ations. However, these benefits come with notable computational and practical costs. The use

of 3D convolutions increases the number of parameters and training complexity, requiring large

and diverse datasets to avoid overfitting. Precise temporal alignment across sequences is cru-

cial: misalignment of gait cycles can blur motion features and reduce discriminability. Moreover,
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spatial-temporal encodings, although powerful under controlled conditions, may degrade under

extreme covariate variations such as drastic viewpoint changes, occlusions, or inconsistent walk-

ing speeds, where the captured motion patterns diverge significantly. Despite these challenges,

spatial-temporal encodings remain central to contemporary gait recognition research.

6.3.2.4 Graph-Based Representations

Graph-based representations conceptualize gait as signals defined by a body graph with a spe-

cific structure. In this model, nodes represent anatomical landmarks, and edges encode spatial

or kinematic relationships. This formalism mirrors the human body’s hierarchical organization

and the physical constraints of limb articulation, embedding strong inductive biases aligned with

biomechanical principles. Operating directly on structured pose data rather than dense pixels,

graph models emphasize configuration, coordination, and relational dynamics, features that are

particularly salient for identity discrimination in motion. Unlike heatmap representations that

preserve continuous spatial distributions or template representations that aggregate appearance,

graphs explicitly encode the discrete topological structure of the human skeleton and the depen-

dencies between body parts.

Graph construction typically begins with pose estimation applied to each video frame. Nodes

correspond to detected keypoints, while edges connect anatomically adjacent joints. Node fea-

tures can include absolute or root-relative positions, velocities, joint angles, or confidence scores

from the pose estimator. Edge attributes may encode geodesic distances, relative angles, temporal

offsets, or learned embeddings capturing higher-order dependencies. Spatial graph convolutions

aggregate information from a node’s neighbors through learnable kernels defined on the graph

topology, while spatial-temporal extensions add edges between homologous joints across consecu-

tive time steps, enabling joint reasoning over both body structure and motion evolution throughout

the gait cycle.

The development of graph-based gait representations builds upon foundational work in skeleton-

based action recognition. Yan et al. (2018) introduced Spatial-Temporal Graph Convolutional

Networks (ST-GCN), formalizing graph convolutions on pose sequences and demonstrating the

value of jointly modeling spatial connectivity and temporal evolution, establishing the framework

that subsequent gait methods would adapt. Teepe et al. (2021) validated this approach specifically

for person identification, showing that GCNs applied directly to gait skeletons achieve compet-

itive recognition accuracy with notable robustness to clothing variation, supporting the premise

that structural dynamics can be sufficient when appearance cues are unreliable. Pinyoanuntapong

et al. (2023) addressed scalability, developing a graph-based framework that maintains discrim-

inability over very large subject populations, providing evidence that compact structure-focused

representations generalize effectively at scale.

Graph-based encodings offer several advantages through their explicit modeling of skeletal

structure and kinematic relationships, providing interpretable and sample-efficient representations

that exhibit resilience to covariates such as clothing changes, background clutter, and moderate

occlusion. Their computational footprint remains favorable, as graphs contain far fewer elements
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than pixel grids, reducing memory and compute demands relative to image-based pipelines. How-

ever, these benefits critically depend on the reliability of the initial pose estimation. Errors in joint

localization or missing keypoints corrupt the graph topology and propagate through message-

passing operations. The abstraction away from appearance may discard discriminative visual cues

not captured by skeletal keypoints, such as body proportions or characteristic postural asymme-

tries. Performance sensitivity to graph design choices, edge definitions, normalization schemes,

spatial-temporal connectivity patterns, and weighting strategies, often requires domain expertise

or careful hyperparameter search to achieve optimal results.

Despite these limitations, graph-based representations have become a central pillar of contem-

porary gait analysis, frequently serving as a dedicated stream in multi-modal systems that fuse

skeletal, appearance, and motion evidence into unified robust embeddings.

6.3.2.5 Frequency Domain Representations

Frequency domain representations approach gait as a quasi-periodic temporal signal, analyzing

motion dynamics through their spectral composition rather than their direct spatial or temporal

characteristics. This perspective exploits the inherent cyclical nature of walking, where stride

frequency, harmonic content, and phase relationships carry discriminative information about indi-

vidual movement patterns. By transforming temporal variations into the frequency domain, these

representations emphasize rhythmic regularities and periodic structures that are often difficult to

capture in purely spatial or time-domain formulations.

From a computational perspective, frequency-based representations use various signal trans-

formation techniques to extract periodic features from gait sequences. Classical methods use the

discrete Fourier transform (DFT) or the short-time Fourier transform (STFT) on time series data,

such as silhouette width curves, joint trajectories, or accelerometer readings. The resulting fre-

quency spectra or spectrograms encode the distribution of energy across frequencies, revealing the

dominant periodicities that correspond to stride and swing cycles. Wavelet transforms extend this

framework by providing multiresolution analysis. They decompose signals into localized time-

frequency components, capturing transient variations within or between gait cycles. Recently,

deep learning architectures have incorporated learnable frequency filters or spectral convolution

layers (Chakraborty et al. (2025)). This enables automatic identification of discriminative fre-

quency bands directly from data.

The main advantage of frequency domain representations is their ability to model the periodic

and quasi-periodic properties of gait in a concise and understandable way. These representations

naturally reduce dimensionality, as only the dominant harmonics and low-frequency components

are usually necessary to characterize an individual’s walking pattern. Furthermore, these repre-

sentations are robust to moderate variations in walking speed since the relative frequency content

tends to remain stable across pace changes. However, their efficacy depends on gait regularity:

irregular, pathological, or context-dependent walking disrupts the periodic structure, which de-

grades spectral consistency and discriminative power.
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Consequently, frequency-based approaches have become less prevalent in recent deep learn-

ing–driven gait recognition systems because modern spatial-temporal or graph-based architec-

tures often implicitly learn frequency-sensitive features. Nevertheless, frequency representations

continue to play valuable roles as complementary components or in preprocessing within hybrid

pipelines. In these pipelines, spectral features can enhance robustness, provide interpretability, and

inform the design of temporal attention mechanisms sensitive to rhythmic regularities in human

motion.

6.3.2.6 Attention-Weighted Representations

Attention-weighted representations are a class of dynamic, adaptive computational models that

learn to focus on the most informative spatial regions, temporal segments, or feature dimensions

within gait sequences. Instead of relying on predetermined aggregation rules or uniform weight-

ing, these representations assign learned importance scores, or attention weights, to different parts

of the input. This allows the model to emphasize discriminative cues, such as distinctive limb

motion, characteristic postural configurations, or stable gait phases. This mechanism transforms

gait representation into a data-driven process of relevance estimation, thereby enabling networks

to adaptively modulate information flow in response to variations in covariates such as viewpoint,

clothing, and occlusion.

At the computational level, attention mechanisms can be instantiated in multiple, complemen-

tary forms. Spatial attention generates two-dimensional weight maps that highlight salient body

regions within feature maps produced by convolutional layers. These weights, acquired through

lightweight sub-networks, modulate local activations to prioritize informative spatial locations

while suppressing background or noisy areas. Temporal attention operates along the sequence

dimension, assigning higher importance to specific frames or phases that contribute most to sub-

ject discrimination. The concept of self-attention, which has gained prominence through the use

of Transformer architectures, builds upon this notion by calculating the similarity between all

possible spatial or temporal positions. This capability enables the model to simultaneously cap-

ture long-range dependencies and interactions across different time and body regions. Channel

attention complements these approaches by learning which feature channels encode the most rele-

vant semantic or kinematic information. In contemporary systems, these attention types are often

combined into spatial-temporal-channel attention modules that jointly control how and where in-

formation propagates through the network, achieving fine-grained feature refinement.

Attention-weighted representations offer several distinctive advantages. The most notable ben-

efit of these models lies in their interpretability. Attention maps, when visualized, provide insight

into which regions, frames, or channels the model considers critical for recognition. This, in

turn, facilitates qualitative analysis and diagnostic evaluation. Attention mechanisms also enhance

adaptability, allowing networks to focus on reliable cues when confronted with challenging covari-

ates. For example, they can emphasize the lower body when upper-body motion is occluded or

prioritize temporally consistent gait phases across sequences. Temporal attention has been shown

to further contribute to implicit alignment, as models learn to synchronize focus across equivalent
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gait cycle phases without explicit temporal normalization. However, the flexibility that enables at-

tention mechanisms to achieve their potential also introduces challenges. The additional learnable

parameters increase model complexity and computational cost, while the non-deterministic nature

of attention can make training less stable, particularly in small or imbalanced datasets. Attention

modules may exhibit overfitting by concentrating on false correlations or background artifacts

rather than authentic motion cues. Their effectiveness often depends on careful regularization or

auxiliary supervision.

As a result, attention-weighted representations typically achieve optimal performance in set-

tings with substantial training data and appropriate architectural constraints. When effectively

implemented, attention mechanisms provide a principled means of enhancing discriminative ca-

pacity, robustness, and interpretability—properties that make them central to many of the most

advanced gait recognition systems in current research. Contemporary architectures frequently

employ attention as a core component rather than an auxiliary module, reflecting its transition

from experimental technique to established best practice in deep gait recognition.

6.3.3 Comparative Analysis

6.3.3.1 Robustness to Covariates

Robustness to nuisance factors varies markedly across computational gait representations, reflect-

ing the inductive biases each encoding brings to the task. Template-based methods (e.g., GEI and

derivatives) are attractive for their simplicity and efficiency, yet their global aggregation of appear-

ance makes them sensitive to clothing changes, coats, backpacks, and partial occlusions: local

alterations propagate across the entire template, distorting identity cues. In contrast, structure-

centric encodings (graph-based and heatmap representations) prioritize skeletal configuration over

surface appearance and therefore exhibit substantially better resilience to clothing and carrying

conditions. This advantage, however, is dependent on the reliability of upstream pose estimation.

Viewpoint variation exposes complementary strengths and weaknesses. Spatial-temporal vol-

umetric encodings and optical-flow-based pipelines can, in principle, learn view-invariant motion

signatures, but doing so reliably requires abundant multi-view training data and explicit augmenta-

tion or normalization strategies. Template-based approaches typically rely on view-specific mod-

els or view transformation networks to bridge cross-view discrepancies. Graph-based methods

can achieve reasonable angle robustness when the graph is constructed with relative or normalized

features (e.g., bone vectors, joint angles, or pelvis-centered coordinates) that decrease camera-

dependent effects. Heatmap methods similarly benefit from pose normalization and canonical

alignment. Attention mechanisms provide a flexible overlay: when trained with diverse view-

points, spatial/temporal attention can down-weight view-sensitive regions and emphasize features

that transfer across angles, effectively functioning as a learned, data-driven invariance prior.

Carrying conditions and accessories present a particularly challenging covariate for appearance-

driven encodings, as silhouettes are directly deformed by carried objects. Here, graph and heatmap

representations often maintain performance because pose estimators typically ignore carried items
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and recover joint locations from visible body parts. Attention modules can reduce interference by

suppressing bad regions, though this requires exposure to such scenarios during training to avoid

overfitting. Illumination changes and background clutter follow similar patterns: pixel-based tem-

plates and raw-frame streams are more vulnerable, while pose-centric encodings inherit robustness

from detectors trained on diverse photometric conditions.

Temporal covariates (e.g., walking speed, cadence variability, surface-induced gait changes,

and irregular/clinical patterns) are captured across representations. Static templates lose fine phase

information and are therefore less adaptable to speed changes unless paired with cycle normaliza-

tion. Frequency-domain features and spatial-temporal encodings explicitly model periodicity and

dynamics. However, with appropriate temporal normalization (e.g., cycle warping, multi-scale

analysis) they can maintain discriminability across speeds and surface conditions. Graph and

heatmap sequences benefit from temporal graph modeling or attention-based alignment, which

emphasizes comparable gait phases. However, their success depends on consistent keypoint track-

ing.

6.3.3.2 Computational Efficiency Trade-offs

Computational requirements vary considerably across representation types, influencing practical

deployment scenarios. Template-based representations offer the highest efficiency: silhouette av-

eraging produces single images processable by standard 2D CNNs. This computational economy

enables real-time processing and deployment on resource-constrained devices. Heatmap repre-

sentations sustain moderate additional cost from pose estimation, though this overhead can be

amortized when using pretrained estimators. Modern pose estimation systems achieve real-time

performance, making heatmap-based approaches viable for online recognition.

Three-dimensional spatial-temporal representations impose substantial computational burdens.

Memory requirements for storing and processing video volumes limit batch sizes and sequence

lengths. Recent efficiency improvements through factorized convolutions and temporal sampling

strategies partially reduce these costs but remain significantly more expensive than template meth-

ods. Graph-based approaches offer reasonable efficiency: GCNs on sparse skeletal graphs require

far fewer operations than convolutions on full images. However, graph construction and pose

estimation add preprocessing overhead.

Attention mechanisms introduce variable computational costs depending on their form. Spa-

tial attention maps computed from CNN features add minimal overhead, typically small fully

connected networks or convolutions. Self-attention mechanisms, which compute pairwise rela-

tionships between all positions, scale quadratically with sequence length or spatial resolution.

Efficient attention variants using sparse patterns or kernel approximations reduce this complexity

but still exceed simple convolutional processing.



214 Gait Skeleton Image - Application to Gait-based Recognition

6.4 Deep Learning Architectural Families for Gait

6.4.1 Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNNs) exploit spatial hierarchies through local receptive fields,

weight sharing, and translation equivariance, making them particularly suited for extracting spa-

tial features from grid-like gait data. The architecture progressively learns hierarchical repre-

sentations, ranging from low-level features such as edges and textures to high-level semantic

patterns, through successive convolutional and pooling layers. For gait recognition, CNNs have

been adapted into several variants: spatial CNNs applied to silhouette sequences or skeleton joint

coordinates, temporal CNNs (TCNs) using 1D convolutions over the temporal dimension, spa-

tiotemporal CNNs employing 3D convolutions or (2+1)D decompositions, multi-scale CNNs with

parallel pathways capturing both fine-grained and global patterns, and attention-augmented CNNs

emphasizing discriminative spatial regions or temporal segments (Silva et al. (2021); Liu et al.

(2018c); Wu et al. (2023)).

Representative implementations demonstrate the versatility of CNN architectures for gait anal-

ysis. GaitSet (Chao et al. (2019, 2021)) introduced a set-based framework in which gait frames are

treated as unordered sets with temporal pooling for view-variant recognition. Multi-task GAIT-

net (Zhang et al. (2019)) employed multi-stream CNN architectures for jointly learning identity

and auxiliary attributes. GaitPart (Fan et al. (2020b)) proposed part-based segmentation of silhou-

ettes into horizontal strips for localized feature extraction. GaitGL (Lin et al. (2021)) combined

global-local representations through a dual-branch CNN framework.

Convolutional neural networks (CNNs) demonstrate particular efficacy in scenarios where

spatial structure preservation is critical, particularly for silhouette-based and appearance-based

gait recognition. The architecture demonstrates robust performance in controlled environments

and achieves computational efficiency through the optimization of parameter sharing. However,

standard CNN architectures face limitations in modeling long-range temporal dependencies and

adapting to significant viewpoint variation.

6.4.2 Recurrent Neural Networks (RNNs) and LSTMs

Recurrent neural networks (RNNs) are designed to process sequential data through recurrent con-

nections that maintain hidden states across time steps, enabling the network to capture temporal

dependencies and dynamics. The fundamental principle relies on parameter sharing across the

temporal dimension and the ability to maintain memory of previous inputs through hidden state

propagation. However, standard RNNs have problems with vanishing and exploding gradient

problems during training which limits their ability to learn long-range dependencies. LSTMs

overcome these limitations through gating mechanisms (input, forget, and output gates) that reg-

ulate information flow and enable selective memory retention over extended sequences. For gait

recognition, RNN variants have been adapted to model the inherently sequential nature of gait

cycles: bidirectional RNNs capture both forward and backward temporal context; stacked RNNs
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increase representational capacity through multiple recurrent layers; and hybrid CNN-RNN archi-

tectures combine spatial feature extraction with temporal modeling (Li et al. (2023a); Avola et al.

(2020)).

Representative implementations demonstrate a variety of strategies for applying recurrent ar-

chitectures to gait analysis. Feng et al. (2016) proposed the utilization of LSTM networks for

the extraction of effective gait features from joint heatmaps derived from CNN-processed skele-

ton sequences. Zhang et al. (2022) developed GaitNet, which employs an autoencoder-based

CNN architecture with LSTM components and distinctive loss functions to learn disjointed rep-

resentations (posture, canonical, and appearance features) for gait recognition. Liao et al. (2020)

employed model-based approaches with body pose and human prior knowledge for robust gait

identification. Sepas-Moghaddam and Etemad (2021) employed attentive recurrent learning of

partial representations for view-invariant gait recognition.

RNNs and LSTMs demonstrate particular efficacy in scenarios that require explicit tempo-

ral modeling of gait dynamics, particularly when processing variable-length sequences or when

temporal ordering contains critical discriminative information. These architectures are especially

effective for skeleton-based and sensor-based gait recognition where temporal relationships be-

tween joint movements or sensor readings are critical. LSTMs demonstrate advantages in cap-

turing long-range temporal patterns such as complete gait cycles and handling sequences with

significant temporal variations. However, recurrent architectures face computational limitations

due to sequential processing constraints that prevent parallelization, resulting in reduced efficiency

compared to alternative approaches for processing long sequences. The architecture also requires

careful initialization and training strategies to address challenges related to gradients.

6.4.3 Graph Neural Networks (GNNs)

Graph Neural Networks (GNNs) address the fundamental challenge of modeling skeleton data as

non-Euclidean graph structures, where nodes represent body joints and edges encode both spatial

connections between joints and temporal correlations across frames. In contrast to CNNs, which

require the conversion of skeleton sequences into image-like representations (e.g., joint heatmaps)

with inherent redundancy, GNNs operate directly on graph-structured data through graph convo-

lution operations that aggregate information from neighboring nodes. The fundamental principle

underlying this approach involves the use of message passing along graph edges to capture de-

pendencies between connected joints. This process is accomplished while preserving the inherent

topological structure of human skeletons. For gait recognition, GNN architectures have been

adapted through several key innovations: spatial-temporal graph convolutions that integrate spa-

tial aggregation with temporal modeling, adaptive adjacency matrices that learn task-specific joint

relationships beyond fixed skeletal connections, attention mechanisms that emphasize discrimina-

tive joints and temporal segments, and multi-scale graph structures that capture both local joint

interactions and global coordination patterns.

Representative implementations demonstrate the progression of GNN-based approaches for

skeleton-based gait recognition. Teepe et al. (2021) reframed model-based gait recognition with
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GaitGraph, replacing silhouette-derived inputs with 2D/3D skeletal poses estimated from RGB

video and processing them using Graph Convolutional Networks (GCNs). This pose-centric

pipeline marked a shift toward structure-aware representations. The subsequent GaitGraph2 (Teepe

et al. (2022)) advanced the approach by incorporating pre-computed kinematic cues, including

joint coordinates, motion velocities, and bone-length features. Liu et al. (2022) proposed Symmetry-

Driven Hyper Feature GCN (SDHF-GCN), which exploits human symmetry principles through

specialized adjacency matrices and aggregates hierarchical features across multiple semantic lev-

els. Tian et al. (2022) developed AGS-GCN (Attention-enhanced Gait-Structural GCN) for abnor-

mal gait recognition, constructing gait graphs based on clinical prior knowledge and incorporating

spatial-temporal attention mechanisms.

GNNs stand out in scenarios where preserving the natural structure of skeletal data is essen-

tial, such as in skeleton-based gait recognition, where the topological relationships between body

joints are crucial for capturing important information. The architecture is robust against appear-

ance variations, such as clothing changes and carried objects, because skeleton representations

abstract visual appearance while retaining motion patterns. GNNs are especially effective when

explicit modeling of joint dependencies is required and when pose estimation provides reliable

skeleton sequences. However, GNN approaches critically depend on the quality of the pose es-

timation provided upstream, as errors in joint localization propagate through the graph structure.

Additionally, the computational complexity of graph convolutions can limit scalability to very

large datasets.

6.4.4 Transformers and Attention Mechanisms

Transformers employ self-attention mechanisms to model long-range dependencies in sequential

data without the computational constraints of recurrent architectures. The core principle involves

the use of a multi-head self-attention mechanism, a sophisticated framework that enables the con-

current computation of relationships between all elements within a sequence. This mechanism

enables parallel processing and the capture of global context, thus facilitating comprehensive and

detailed analysis. Unlike CNNs with limited receptive fields or RNNs with sequential bottlenecks,

transformers attend to all positions in the input through learned attention weights, making them

particularly suited for modeling temporal gait patterns and spatial relationships. In the field of

gait recognition, transformer architectures have been adapted through several approaches: Vision

Transformers (ViTs) that process gait images as sequences of patches with positional embeddings;

spatiotemporal transformers that explicitly model both spatial structure and temporal dynamics;

hierarchical transformers that process features at multiple scales (joint, limb, body levels); and

hybrid architectures that combine transformers with CNNs or other components to exploit com-

plementary strengths(Mogan et al. (2022); Zhang et al. (2023); Catruna et al. (2024)).

Representative implementations demonstrate diverse strategies for applying transformers to

gait analysis. Mogan et al. (2022) introduced Gait-ViT, which employs Vision Transformer ar-

chitecture with multi-head attention mechanisms applied to gait energy images, achieving high

recognition accuracy through patch-based processing and positional embeddings. Cosma and
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Radoi (2022) proposed GaitFormer, a plain transformer encoder architecture operating on skele-

ton sequences that achieves strong zero-shot performance through self-supervised pretraining on

large-scale datasets, representing the first application of transformers to skeleton-based gait with-

out graph-specific modifications. Fan et al. (2023) introduced SwinGait, which adapts Swin Trans-

former blocks with shifted window attention for gait recognition from silhouettes, demonstrating

superior performance on real-world datasets through explicit temporal modeling and deep trans-

former structures. Zhang et al. (2023) proposed Gait-TR, which combines spatial transformer

networks with temporal convolutional networks for robust skeleton-based recognition.

Transformers demonstrate optimal performance when global context and long-range depen-

dencies are essential for discriminative feature learning, particularly in scenarios characterized by

variable-length sequences or complex temporal patterns. The architecture demonstrates strong

generalization capabilities when pretrained on large-scale datasets and can capture fine-grained

spatial details through patch-based processing without information loss from aggressive down-

sampling. Transformers are especially effective for skeleton-based gait recognition where ex-

plicit spatial relationships between joints enhance performance, and for handling view variations

through attention-based feature aggregation. However, transformer architectures generally require

substantially larger datasets and computational resources in comparison to CNNs. Additionally,

their quadratic complexity with respect to sequence length can limit their applicability to very long

gait sequences. The interpretability of the attention mechanism offers advantages for understand-

ing which spatial regions or temporal segments contribute most to recognition decisions.

6.4.5 Autoencoders and Generative Models

Autoencoders and generative models address the fundamental challenge of learning compact, dis-

criminative representations from high-dimensional gait data without requiring extensive labeled

datasets. The fundamental principle underlying this approach encompasses the encoding of in-

put gait sequences into a lower-dimensional latent space, aiming to capture the essential identity

and motion characteristics of the input. This is followed by a decoding process that serves to re-

construct the original input sequence. This encoder-decoder architecture enforces the learning of

meaningful features through reconstruction objectives, with the latent representation serving as a

bottleneck that filters out noise and irrelevant variations. For gait analysis, these architectures have

evolved beyond simple reconstruction tasks to encompass three primary paradigms: unsupervised

representation learning through various autoencoder variants, cross-view synthesis using Genera-

tive Adversarial Networks (GANs), and disentangled representation learning via Variational Au-

toencoders (VAEs). Key adaptations for gait include spatio-temporal encoding mechanisms that

capture both spatial appearance and temporal dynamics, disentanglement strategies that separate

identity-specific features from covariate factors (e.g., viewpoint, clothing, carrying conditions),

and adversarial training frameworks that enable realistic gait synthesis and view transformation.

Representative implementations illustrate the diverse applications of generative models in gait

recognition. For unsupervised representation learning, stacked autoencoders have been applied to
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skeleton-based gait data to learn view-invariant representations without explicit view angle estima-

tion, progressively transforming arbitrary-view inputs to canonical representations through unsu-

pervised pre-training followed by supervised fine-tuning. Convolutional autoencoders combined

with LSTM architectures capture spatio-temporal patterns in gait sequences, with the latent repre-

sentations serving as compact feature descriptors for subsequent recognition tasks. In cross-view

synthesis, Hu et al. (2018) proposed DiGGAN (Discriminant Gait GAN), which employs dual

discriminators – one for identity preservation and another for view angle conditioning – to gen-

erate gait energy images at target viewpoints while maintaining subject identity. Yu et al. (2019)

advanced this direction with GaitGANv2, which utilizes a multi-loss optimization strategy that si-

multaneously normalizes variations in viewpoint, clothing, and carrying conditions, transforming

gait images from any configuration to a canonical side-view representation without requiring prior

knowledge of covariate types. For disentangled representations, Zhang et al. (2019) introduced

an autoencoder framework that explicitly separates pose, appearance, and canonical body shape

features from RGB gait sequences, with LSTM-based temporal integration of pose features pro-

ducing dynamic gait descriptors. Li et al. (2020b) developed a semi-supervised disentanglement

approach that simultaneously learns identity and covariate features through dual reconstruction

paths – one for self-reconstruction and another for canonical gait template generation – enabling

both recognition and gait template editing through feature transfer.

Autoencoders and generative models demonstrate particular efficacy in scenarios with limited

labeled data, as unsupervised pre-training on unlabeled sequences can facilitate feature learn-

ing before fine-tuning on smaller labeled datasets. The cross-view synthesis capabilities of these

architectures are particularly advantageous when there is a significant discrepancy between the

training and testing viewpoints. In such cases, Generative Adversarial Networks (GANs) can gen-

erate synthetic intermediate views to facilitate the alignment of these viewpoints. The VAE-based

disentanglement is especially effective for applications requiring interpretability, such as clini-

cal gait analysis where separating pathology-related features from any confounding factors (e.g.,

age, walking speed) is crucial. Additionally, generative models provide robust data augmenta-

tion strategies, synthesizing diverse gait samples under rare conditions or viewpoints to address

class imbalance. However, these approaches face challenges including training instability in ad-

versarial frameworks, computational overhead in iterative optimization for VAEs, and difficulty in

achieving complete disentanglement of complex real-world covariates.

6.5 Novel Computational Gait Representation: Gait Skeleton Image

6.5.1 GSI Body Structure Definition

The design of an effective skeletal representation for gait analysis requires careful consideration

of which body keypoints to include. This selection must balance three competing factors: gait

discriminability, pose estimation robustness, and computational efficiency. The Gait Skeleton Im-

age (GSI) representation adopts a 17–keypoint body structure that prioritizes joints demonstrating



6.5 Novel Computational Gait Representation: Gait Skeleton Image 219

maximal movement amplitude in side view projection while maintaining reliable tracking accu-

racy.

The lower body keypoints (hips, knees, and ankles) constitute the primary locomotor compo-

nents and exhibit the largest range of motion during walking. These joints capture fundamental

gait parameters including stride length, step frequency, and leg swing dynamics. The upper body

keypoints, particularly shoulders, elbows, and wrists, contribute complementary discriminative

information through arm swing patterns, which exhibit characteristic coordination with leg move-

ment and vary distinctively across individuals.

Research has demonstrated that tracking accuracy for body endpoints such as fingers and

toes is significantly lower than for major skeletal joints (Faity et al. (2022); Moon et al. (2022)).

This degradation derives from several factors: increased self-occlusion during natural movement,

higher degrees of freedom in distal limbs, and smaller visual footprints in captured imagery. Com-

parative studies using marker-based motion capture systems (e.g., Vicon) as ground truth have

quantified these tracking discrepancies, revealing substantially higher positional errors for hand

and foot extremities relative to proximal joints even in controlled laboratory settings. Conse-

quently, GSI represents hands and feet solely through wrist and ankle positions, respectively,

omitting finger and toe landmarks that would introduce noise without contributing substantive

gait information.

During lateral walking motion, the arm further away from the camera undergoes regular occlu-

sion behind the torso, resulting in intermittent tracking failures or reduced confidence estimates.

Rather than attempting to reconstruct occluded keypoints through interpolation, which risks in-

troducing systematic errors, the GSI rendering strategy selectively visualizes only the upper body

keypoints closer to the viewpoint. This design decision accepts partial upper body representation

in exchange for consistent tracking quality, recognizing that the fully-visible arm still provides

sufficient information about upper body gait dynamics. Facial landmarks, while abundant in mod-

ern pose estimation outputs (eyes, ears, nose, mouth), contribute minimally to gait discrimination.

Individual facial features exhibit insignificant movement during walking and are often unreliably

detected at the distances typical of gait recognition scenarios. GSI therefore consolidates head

representation into a single keypoint, reducing representational complexity without sacrificing

gait-relevant information.

The resulting 17–keypoint structure represents a considered compromise: comprehensive enough

to capture full-body gait dynamics, yet constrained to keypoints that can be reliably estimated

across diverse acquisition conditions. This design prioritizes consistent tracking quality over

anatomical completeness, recognizing that noisy or missing keypoints would degrade the final

template representation more severely than simplified topology.

Adopted Skeletal Topology

The Gait Skeleton Image (GSI) representation employs a 17–keypoint skeletal structure designed

to capture full-body gait dynamics while maintaining anatomical plausibility and computational

tractability. This topology incorporates three key anatomical regions: the axial skeleton (head,
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neck, spine, pelvis), the upper extremities (shoulders, elbows, wrists), and the lower extremities

(hips, knees, ankles). The connectivity pattern between these keypoints forms a kinematic tree

structure that respects natural anatomical hierarchies and joint relationships (see Fig. 6.2).

(a) (b)

Figure 6.2: [GSI skeletal topology]Gait Skeleton Image topology showing the 17–keypoint struc-
ture and connectivity. (A) Front view. (B) Side view.

Table 6.1 enumerates the 17 keypoints comprising the body structure of the GSI, organized

by anatomical region. The indexing scheme proceeds from superior to inferior (head to feet) and

incorporates both bilateral symmetry (left/right limbs) and midline anchors (center points along

the torso). Skeletal connectivity is defined through 16 edges that link the 17 keypoints into a

connected graph with tree topology. This structure features a central spine that forms the primary

axis from head to pelvis, with bilateral limb chains branching symmetrically from the torso.

This topology avoids cross-connections between limbs (e.g., no direct right-to-left links) and

maintains a hierarchical structure where distal joints connect through their respective proximal

joints to the central axis. This organization facilitates a biomechanically plausible motion repre-

sentation and simplifies subsequent geometric operations such as rotation normalization.

The GSI structure provides comprehensive coverage of the major joints involved in gait lo-

comotion while deliberately excluding anatomical details that marginally contribute to gait dis-

crimination or suffer from poor tracking reliability. These endpoints exhibit significantly reduced

tracking accuracy compared to the proximal joints, with studies reporting positional errors 2-3

times higher for finger and toe landmarks relative to wrist and ankle tracking (Faity et al. (2022);

Moon et al. (2022)).

Conversion from Standard Pose Estimation Formats

The practical implementation of GSI requires compatibility with various pose estimation frame-

works, each employing distinct anatomical models and keypoint configurations. This subsection

specifies explicit conversion protocols that transform outputs from pose estimation systems (Me-

diaPipe, Kinect v2) into the GSI representation. These mappings enable GSI to use existing pose
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Table 6.1: GSI Keypoint Enumeration

Index Keypoint Name Anatomical Region

0 GSI_HEAD Axial (Superior)
1 GSI_NECK Axial (Superior)
2 GSI_CENTER_SHOULDERS Axial (Torso)
3 GSI_LEFT_SHOULDER Upper Extremity
4 GSI_LEFT_ELBOW Upper Extremity
5 GSI_LEFT_WRIST Upper Extremity
6 GSI_RIGHT_SHOULDER Upper Extremity
7 GSI_RIGHT_ELBOW Upper Extremity
8 GSI_RIGHT_WRIST Upper Extremity
9 GSI_CENTER_SPINE Axial (Torso)

10 GSI_CENTER_HIPS Axial (Pelvis)
11 GSI_LEFT_HIP Lower Extremity
12 GSI_LEFT_KNEE Lower Extremity
13 GSI_LEFT_ANKLE Lower Extremity
14 GSI_RIGHT_HIP Lower Extremity
15 GSI_RIGHT_KNEE Lower Extremity
16 GSI_RIGHT_ANKLE Lower Extremity

estimation infrastructure while maintaining a consistent skeletal topology across different data

sources.

Figure 6.3 illustrates the GSI topology compared to two pose estimation standards: Kinect v2

(25 keypoints) and MediaPipe (33 landmarks). Although MediaPipe provides exhaustive anatomi-

cal detail, including facial landmarks and hand articulations, GSI adopts a more selective structure

focused on gait-relevant joints. The Kinect v2 topology is most closely aligned with GSI’s de-

sign philosophy, offering a balance between anatomical coverage and tracking robustness. These

architectural differences necessitate explicit conversion protocols when adapting pose estimation

outputs to the GSI format.

(a) (b) (c)

Figure 6.3: Comparison of body topologies. (a) Kinect v2: defined by 25 keypoints; (b) GSI:
employs a selective 17–keypoint structure; (c) MediaPipe: includes 33 landmarks. Topological
differences in node coverage and connectivity motivate the use of explicit conversion protocols
when adapting pose-estimation outputs to the GSI format.
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The transformation from source pose estimation formats to GSI involves three categories of

mappings: (1) direct mappings, where a GSI keypoint corresponds exactly to a source landmark

with identical anatomical meaning; (2) computed mappings, where a GSI keypoint must be syn-

thesized from multiple source landmarks through geometric operations (typically midpoint cal-

culations); and (3) ignored landmarks, where source keypoints are discarded as they represent

anatomical features excluded from the GSI specification. The specific mappings for each major

pose estimation format are detailed below.

MediaPipe to GSI Conversion

MediaPipe Pose provides 33 three-dimensional body landmarks encompassing comprehensive

upper-body detail (11 facial landmarks), hand articulation (12 finger landmarks), and lower-body

structure (10 torso and leg landmarks). The conversion to GSI’s 17–keypoint structure requires

substantial dimensionality reduction, retaining only landmarks relevant to gait biomechanics.

Twelve GSI keypoints have direct correspondences in the MediaPipe landmark set (direct map-
ping), comprising the bilateral limb joints and head position:

• GSI_HEAD← MEDIAPIPE_NOSE (index 0)

• GSI_LEFT_SHOULDER← MEDIAPIPE_LEFT_SHOULDER (index 11)

• GSI_LEFT_ELBOW← MEDIAPIPE_LEFT_ELBOW (index 13)

• GSI_LEFT_WRIST← MEDIAPIPE_LEFT_WRIST (index 15)

• GSI_RIGHT_SHOULDER← MEDIAPIPE_RIGHT_SHOULDER (index 12)

• GSI_RIGHT_ELBOW← MEDIAPIPE_RIGHT_ELBOW (index 14)

• GSI_RIGHT_WRIST← MEDIAPIPE_RIGHT_WRIST (index 16)

• GSI_LEFT_HIP← MEDIAPIPE_LEFT_HIP (index 23)

• GSI_LEFT_KNEE← MEDIAPIPE_LEFT_KNEE (index 25)

• GSI_LEFT_ANKLE← MEDIAPIPE_LEFT_ANKLE (index 27)

• GSI_RIGHT_HIP← MEDIAPIPE_RIGHT_HIP (index 24)

• GSI_RIGHT_KNEE← MEDIAPIPE_RIGHT_KNEE (index 26)

• GSI_RIGHT_ANKLE← MEDIAPIPE_RIGHT_ANKLE (index 28)

Five GSI keypoints require computation from multiple MediaPipe landmarks (computed map-
ping). These calculated positions provide stable reference points along the body’s central axis:

• GSI_NECK = MEDIAPIPE_LEFT_SHOULDER+MEDIAPIPE_RIGHT_SHOULDER+2·MEDIAPIPE_NOSE
4
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• GSI_CENTER_SHOULDERS = MEDIAPIPE_LEFT_SHOULDER+MEDIAPIPE_RIGHT_SHOULDER
2

• GSI_CENTER_HIPS = MEDIAPIPE_LEFT_HIP+MEDIAPIPE_RIGHT_HIP
2

• GSI_CENTER_SPINE = GSI_CENTER_SHOULDERS+GSI_CENTER_HIPS
2

Twenty MediaPipe landmarks (61% of the original set) are excluded from the GSI conversion

(Ignored Landmarks): 10 facial features, 10 hand/finger landmarks, and 4 foot detail landmarks.

This exclusion aligns with the design rationale, prioritizing tracking robustness over anatomical

completeness.

Kinect v2 to GSI Conversion

The Kinect v2 skeleton tracking system provides 25 three-dimensional joint positions designed

specifically for full-body pose estimation in interactive applications. Its topology exhibits stronger

alignment with GSI’s gait-focused structure compared to MediaPipe’s general-purpose design.

Sixteen of the seventeen GSI keypoints (94%) have direct Kinect v2 equivalents (direct mapping),

which do not require any computation:

• GSI_HEAD← KINECT_HEAD (index 3)

• GSI_NECK← KINECT_NECK (index 2)

• GSI_CENTER_SHOULDERS← KINECT_SPINE_SHOULDER (index 20)

• GSI_CENTER_SPINE← KINECT_SPINE_MID (index 1)

• GSI_CENTER_HIPS← KINECT_SPINE_BASE (index 0)

• GSI_LEFT_SHOULDER← KINECT_SHOULDER_LEFT (index 4)

• GSI_LEFT_ELBOW← KINECT_ELBOW_LEFT (index 5)

• GSI_LEFT_WRIST← KINECT_WRIST_LEFT (index 6)

• GSI_RIGHT_SHOULDER← KINECT_SHOULDER_RIGHT (index 8)

• GSI_RIGHT_ELBOW← KINECT_ELBOW_RIGHT (index 9)

• GSI_RIGHT_WRIST← KINECT_WRIST_RIGHT (index 10)

• GSI_LEFT_HIP← KINECT_HIP_LEFT (index 12)

• GSI_LEFT_KNEE← KINECT_KNEE_LEFT (index 13)

• GSI_LEFT_ANKLE← KINECT_ANKLE_LEFT (index 14)

• GSI_RIGHT_HIP← KINECT_HIP_RIGHT (index 16)



224 Gait Skeleton Image - Application to Gait-based Recognition

• GSI_RIGHT_KNEE← KINECT_KNEE_RIGHT (index 17)

• GSI_RIGHT_ANKLE← KINECT_ANKLE_RIGHT (index 18)

No computed mappings are required for Kinect v2 conversion, as all GSI keypoints have direct

anatomical correspondences in the Kinect skeleton model. This one-to-one alignment reflects the

conceptual similarity between Kinect’s design goals (full-body tracking for motion analysis) and

GSI’s requirements (comprehensive gait characterization). Eight Kinect v2 joints are excluded:

four endpoints in the hand, two positions in the thumb, and two landmarks in the foot.

Handling Missing and Occluded Keypoints

Real-world pose estimation output often includes keypoints with poor tracking quality caused by

occlusion, motion blur, or challenging viewing angles. Pose estimation systems typically provide

confidence scores per-keypoint or visibility flags that indicate estimation reliability. In the GSI

conversion protocol, when a source keypoint exhibits low confidence (commonly below a system-

specific threshold, such as confidence < 0.5 for MediaPipe or = 1 for Kinect), this uncertainty is

propagated into the final GSI representation through modified rendering. During GSI image gen-

eration, low-confidence keypoints are drawn with reduced opacity, preserving information about

estimation uncertainty rather than discarding or interpolating unreliable data. This approach en-

ables downstream deep learning architectures to learn to weight uncertain features adaptively,

instead of relying on rigid thresholding during preprocessing.

The generation of a valid GSI representation requires successful estimation of all 17 keypoints

(or their source equivalents) in the input pose. Frames with incomplete skeletal tracking, where

entire limbs or body segments are missing, are excluded from GSI sequence generation rather than

partially rendered. This strict completeness criterion ensures that all GSI templates represent full-

body gait configurations, maintaining consistency in the information content across the dataset.

Table 6.2: Pose Estimation to GSI Conversion Summary

Source Format Total Keypoints GSI Direct GSI Computed Excluded

MediaPipe Pose 33 12 (71%) 5 (29%) 20 (61%)
Kinect v2 25 16 (94%) 0 (0%) 8 (32%)

Percentages for Direct and Computed are relative to the 17 GSI keypoints. Excluded
percentage is relative to the source format’s total keypoints.

6.5.2 Computational Construction Pipeline

The generation of GSI representations from video or depth sequences follows a multi-stage pipeline

that transforms raw sensor data into standardized gait templates. This section details each stage of

the construction process, beginning with the extraction of three-dimensional skeletal pose data.
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6.5.2.1 3D Pose Estimation and Keypoint Extraction

A fundamental requirement of the GSI representation is access to keypoint coordinates in three-

dimensional world space. Unlike two-dimensional pose estimation, which projects body joints

onto the image plane, 3D coordinates preserve depth information necessary for subsequent ge-

ometric transformations, particularly the view normalization procedure, which rotates arbitrary

walking orientations into standardized side-view projections. Skeletal data acquisition for GSI

can follow direct or indirect pathways, each presenting distinct trade-offs between accuracy, cost,

and deployment flexibility.

Direct acquisition approaches employ specialized sensing hardware to capture skeletal data

without intermediate inference steps. Optical motion capture systems exemplify this category,

using arrays of high-speed cameras to track reflective markers affixed to anatomical landmarks.

These systems compute precise three-dimensional joint positions and orientations, reconstructing

complete skeletal kinematics with high accuracy. However, this precision comes at substantial

cost: optical systems require controlled laboratory environments with carefully calibrated camera

arrays, marker placement protocols, and post-processing to resolve occlusions and marker swaps,

which limit its applicability to unconstrained gait recognition scenarios.

Depth-based sensors, situated between the domains of optical motion capture and RGB-only

inference, capture per-pixel depth alongside color information. This capability enables 3D recon-

struction and real-time tracking of skeletal movements via parametric body models (e.g., Microsoft

Kinect v1: 20 keypoints, Microsoft Kinect v2: 25 keypoints, and Micrsoft Azure: 32 keypoints).

These sensors demonstrate robust functionality in low-light conditions and under partial occlu-

sion, and metric depth removes scale ambiguity for world-space coordinates. However, accuracy

degrades with distance and infrared interference from sunlight constrains outdoor use to controlled

conditions.

The most flexible acquisition pathway involves applying human pose estimation (HPE) algo-

rithms to standard RGB imagery. These learned inference systems predict two- or three-dimensional

keypoint locations directly from color pixels, eliminating the need for specialized depth hardware.

This democratization of skeletal tracking enables gait recognition deployment across diverse sce-

narios, from surveillance footage to mobile device cameras, where only conventional RGB sensors

are available.

Notable two-dimensional pose estimators include DeepPose (Toshev and Szegedy (2014)),

which pioneered the application of convolutional neural networks to direct keypoint regression;

OpenPose (Cao et al. (2017b)), which introduced the bottom-up multi-person pose estimation

through part affinity fields; AlphaPose (Fang et al. (2017)), optimized for crowded scenes through

region-based refinement; PoseNet (Kendall et al. (2015)), designed for efficient on-device infer-

ence without GPU acceleration; MoveNet (Joshi and Joshi (2021)), emphasizing ultra-fast track-

ing suitable for real-time mobile applications; and Detectron2 (Joshi and Joshi (2021)), providing

a modular framework encompassing multiple detection and pose architectures. Although these

methods are quite effective in robust two-dimensional localization, they inherently lack depth in-
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formation, producing image-plane coordinates that are insufficient for GSI’s three-dimensional

transformations.

The estimation of three-dimensional poses from monocular RGB represents a significantly

more challenging inverse problem, which requires depth inference from inherently ambiguous pro-

jections. At the time of GSI’s development, MediaPipe Pose emerged as the first production-ready

framework capable of estimating three-dimensional world coordinates from single RGB images.

MediaPipe employs a two-stage pipeline: a detector network localizes the person within the frame,

followed by a landmark model that predicts 33 three-dimensional body landmarks using learned

depth cues such as foreshortening, occlusion patterns, and anatomical constraints (Lugaresi et al.

(2019)). This capability proved essential for GSI’s design validation, enabling experiments on

datasets lacking depth sensor coverage.

During the design and validation of the GSI representation, two primary skeletal data sources

were used. For the GRIDDS dataset (presented in Section 4.2), Microsoft Kinect v2 sensors

provided reference three-dimensional skeletal tracking with a 25-keypoint topology. For exper-

iments on publicly available RGB-only gait datasets (e.g., CASIA-B discussed in Section 4.4.3,

KY4D discussed in Section 4.4.3, and GRIDDS), MediaPipe Pose enabled extraction of three-

dimensional coordinates from conventional video sequences. The Kinect direct depth-based track-

ing offered superior accuracy for controlled data collection, while MediaPipe’s RGB-based infer-

ence demonstrated GSI’s applicability to existing video repositories.

Regardless of the acquisition method used, Kinect v2 depth tracking or MediaPipe RGB-based

inference, the extracted skeletal data undergoes standardization to the GSI 17–keypoint topology.

This conversion follows the format-specific mapping protocols established in Section 6.5.1, trans-

forming heterogeneous pose estimation outputs (33 MediaPipe landmarks or 25 Kinect joints) into

the uniform GSI representation. The resulting 17–keypoint skeleton serves as the foundation for

the subsequent view normalization and template generation stages.

6.5.2.2 View Normalization via 3D Transformation

View-invariant gait recognition requires normalizing body pose across arbitrary camera view-

points to enable meaningful feature comparison. The implemented view normalization applies

a sequence of rigid 3D transformations to align each skeletal representation with a canonical ori-

entation where the body faces the positive X-axis. This normalization procedure follows the stan-

dard computer graphics transformation pipeline, composing translation, rotation, and conditional

reflection operations through homogeneous coordinate matrices.

The normalization procedure begins by establishing a reference chest plane defined by three

anatomical landmarks: the center hip joint (GSI_CENTER_HIP) and both shoulder joints (GSI_-

LEFT_SHOULDER, GSI_RIGHT_SHOULDER). Let these points be denoted as ppphip, pppleft, and pppright,

respectively. The normal vector of the chest plane nnn is calculated using the cross product of two

edge vectors spanning the plane:

nnn = (pppleft− ppphip)× (pppright− ppphip). (6.1)
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After normalization (∥nnn∥ = 1), this vector provides a directional indicator of body orien-

tation in 3D space. The complete transformation pipeline then proceeds through four sequen-

tial stages, each represented as a 4× 4 homogeneous transformation matrix operating on points

ppp = [x, y, z, 1]⊤.

Stage 1: Translation to Origin

The first transformation centers the skeletal representation by translating the center hip joint to

the coordinate origin. This establishes a body-centric reference frame essential for subsequent

rotations:

T =


1 0 0 −xhip

0 1 0 −yhip

0 0 1 −zhip

0 0 0 1

 . (6.2)

Here (xhip,yhip,zhip) denote the coordinates of the center hip joint.

Stage 2: Horizontal Alignment (Y-axis Rotation)

The horizontal alignment rotates the body about the Y -axis to orient the chest plane toward the

positive or negative X-axis. This determination follows from projecting the normal vector nnn =

[nx, ny, nz]
⊤ onto the XZ-plane by nullifying its Y -component:

nnnxz = [nx, 0, nz]
⊤. (6.3)

The target direction is selected by comparing the angular distances: if ∠(nnnxz, [−1,0,0]⊤)<∠(nnnxz, [1,0,0]⊤),

the body faces predominantly toward negative X and should be rotated there; otherwise, it faces

positive X . The rotation angle θy is computed from the projected normal:

θy =

atan2(nz,nx), if projecting to +X ,

atan2(nz,nx)+π, if projecting to −X .
(6.4)

The Y -axis rotation matrix applies a rotation in the XZ-plane:

Ry(θy) =


cosθy 0 sinθy 0

0 1 0 0

−sinθy 0 cosθy 0

0 0 0 1

 . (6.5)
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Stage 3: Conditional Mirroring

When Stage 2 indicates an orientation toward negative X , an X-reflection is applied; when Stage 2

indicates an orientation toward positive X , the identity transformation is used:

S=


−1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

 (if projection was to −X), S=


1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

 (if projection was to +X).

(6.6)

This conditional mirroring ensures a canonical +x̂xx orientation and consistent handedness across

normalized poses.

Stage 4: Vertical Alignment (Z-axis Rotation)

Following horizontal alignment, the chest plane normal ideally aligns with the X-axis, but pose

estimation errors frequently introduce artificial spinal inclination. Vertical alignment corrects this

by rotating about the Z-axis to ensure that the normal lies within the XY -plane.

The corrected normal nnn′ (after applying Ry and S) is projected onto the XY -plane:

nnn′ = SRy(θy)nnn, (6.7)

nnn′xy = [n′x, n′y, 0 ]⊤. (6.8)

The vertical correction angle is computed as:

θz = atan2(n′y,n
′
x), (6.9)

which measures the deviation of the horizontally aligned normal from the ideal X-axis direction.

The Z-axis rotation matrix applies a rotation in the XY -plane:

Rz(θz) =


cos(θz) −sin(θz) 0 0

sin(θz) cos(θz) 0 0

0 0 1 0

0 0 0 1

 . (6.10)

Complete Transformation Composition

The full view normalization transformation applies these matrices in right to left composition order

(following standard computer graphics convention where transformations apply from right to left):

ppp′ = Rz(θz)SRy(θy)T ppp. (6.11)
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Equivalently, the complete transformation matrix can be precomputed as:

Mview = Rz(θz)SRy(θy)T. (6.12)

This sequential application ensures that regardless of the initial camera viewpoint, the normal-

ized representation consistently orients the body frontally along the positive X-axis with vertical

postural alignment. The transformation preserves distances and angles (being composed of rigid

transformations and one reflection), while maintaining the intrinsic geometric properties of gait

while eliminating viewpoint-dependent variations.

6.5.2.3 Translation Normalization (Treadmill Simulation)

Beyond viewpoint normalization, gait sequences captured during natural walking exhibit progres-

sive spatial displacement as the subject traverses the scene. This translation introduces variability

unrelated to gait dynamics, complicating temporal feature extraction and sequence alignment.

Translation normalization, conceptually analogous to treadmill-based gait analysis, removes this

displacement component by anchoring each frame to a fixed spatial reference.

For a gait sequence comprising N frames, let ccct denote the position of the reference anatomical

landmark (typically the center hip joint) at frame t ∈ {1,2, . . . ,N}. The reference position is

established from the initial frame:

cccref = ccc1. (6.13)

For each subsequent frame t, the translation vector dddt quantifies the displacement from the refer-

ence position:

dddt = ccct − cccref. (6.14)

The treadmill normalization applies the inverse translation to all joint coordinates within frame t,

effectively centering the body at the reference position. For each joint coordinate pppt, j (where j

indexes the J skeletal joints), the normalized coordinate is computed as:

ppp′t, j = pppt, j−dddt . (6.15)

In homogeneous matrix form, this per-frame translation is represented as:

Ttread(t) =


1 0 0 −dt,x

0 1 0 −dt,y

0 0 1 −dt,z

0 0 0 1

 , (6.16)

where dddt = [dt,x, dt,y, dt,z]
⊤. Applying this transformation to all joints in frame t yields:

ppp′t, j = Ttread(t) pppt, j, j = 1,2, . . . ,J. (6.17)
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This normalization produces sequences where the body remains spatially fixed while execut-

ing natural gait cycles, isolating kinematic patterns from locomotion trajectory. The resulting

representation exhibits the reference landmark (center hip) at a constant position cccref across all

frames, while relative joint motions, the essential gait dynamics, remain fully preserved.

Integration with View Normalization

When combined with view normalization, treadmill simulation is applied after the view transfor-

mation pipeline. The complete per-frame transformation becomes:

ppp′t, j = Ttread(t)Mview(t) pppt, j. (6.18)

Here Mview(t) denotes the view normalization matrix computed from frame t’s chest plane nor-

mal. This composition order is critical: view normalization operates on the original body-centric

coordinates, while treadmill simulation subsequently removes the global translation component.

The resulting representation, consistently oriented toward positive X and spatially anchored, en-

ables direct application of convolutional or recurrent architectures that assume spatially registered

inputs across temporal dimensions. Furthermore, this normalization facilitates cycle-based seg-

mentation and phase alignment, as periodic patterns emerge more clearly when not confounded

by linear displacement. The combined normalization effectively transforms arbitrary viewpoint

gait sequences into a canonical representation equivalent to observing the subject walking on a

stationary treadmill from a fixed frontal perspective.

6.5.2.4 2D Projection and Rendering

After completion of the 3D transformations responsible for enforcing view invariance and elimi-

nating frame-to-frame translation during locomotion, the normalized skeleton must be converted

into a two-dimensional representation suitable for the construction of GSI templates. This projec-

tion step constitutes the final stage of geometric processing and ensures that the essential structure

of human gait is preserved when transitioning from 3D coordinates to a 2D image domain.

The preceding transformations orient the body into a canonical configuration in which the

walking direction aligns with the positive X-axis, while the primary components of gait motion,

namely the forward–backward movement of the legs and the swinging of the arms, occur predom-

inantly within the XY -plane. As a consequence, the depth axis (Z) represents only the position of

the body relative to the camera and no longer encodes gait-relevant information. Therefore, depth

can be safely discarded through orthographic projection, yielding a normalized side view of the

skeleton.
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Let a normalized skeletal joint be expressed in homogeneous coordinates as

ppp′ =


x′

y′

z′

1

 .

Orthographic projection onto the XY -plane is performed by the linear mapping

qqq =

[
u

v

]
= Pxy ppp′, Pxy =

[
1 0 0 0

0 1 0 0

]
,

which produces the projected 2D point

qqq =

[
x′

y′

]
.

This orthographic projection preserves all metric relationships within the frontal plane, en-

suring that joint distances, angular relationships, and limb trajectories remain consistent with the

underlying 3D locomotor pattern. Because the skeleton has been reoriented so that the body faces

the positive X direction, the resulting 2D configuration corresponds to a standardized frontal view

where horizontal displacement reflects gait progression, and vertical displacement reflects anatom-

ical variation.

The projected coordinates naturally span ranges determined by subject height, limb extension,

and residual pose variability throughout the gait cycle. To generate templates with consistent

spatial dimensions, the projected coordinates undergo a normalization and scaling procedure that

maps them onto a fixed-size raster canvas with resolution W ×H = 80× 120 pixels (width ×
height). This ensures spatial consistency across subjects and sequences and provides a stable

foundation for constructing both line-based and joint-based GSI representations.

6.5.3 GSI Variants: Lines vs. Joints Representation

After coordinate normalization and 2D projection, the skeletal structure must be rendered as pixel-

based images suitable for temporal aggregation and neural network processing. Two visual en-

coding strategies are proposed to represent the 17-keypoint GSI skeleton: a line-based variant

that renders skeletal connectivity through bone segments and a joint-based variant that represents

anatomical landmarks as circular markers.

6.5.3.1 Line-Based GSI Representation

The line-based variant encodes the skeletal structure by rendering line segments that connect

anatomically adjacent keypoints. This forms a stick-figure representation of the body. The seven-

teen keypoints (Table 6.1) are connected through sixteen bone segments that replicate the human
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skeletal hierarchy. The axial connections span from the head through the neck and shoulders to the

spine and hips. The bilateral chains of the upper extremities extend from the shoulders through the

elbows to the wrists. The bilateral chains of the lower extremities descend from the hips through

the knees to the ankles. Each line segment is rendered with white pixels on a black background.

The thickness of each line segment is a critical design parameter that affects the spatial density of

the representation and the discriminability of its features.

6.5.3.2 Joint-Based GSI Representation

The joint-based variant avoids encoding explicit connectivity, representing each of the 17 key-

points as a filled circle centered at the projected joint location instead. This representation empha-

sizes discrete anatomical landmarks rather than limb segments. It can capture joint-specific motion

patterns without mixing information along bone trajectories. Each circle is rendered with white

pixels on a black background and has a uniform radius. The circle radius serves as an analogous

design parameter to line thickness, controlling spatial support and feature density.

6.5.3.3 Parameter Selection Through Empirical Validation

Line thickness (for the line-based variant) and circle radius (for the joint-based variant) both fun-

damentally influence the information content and discriminative capacity of the representation.

Insufficient thickness or radius can result in sparse, disconnected features that are susceptible to

noise and pose estimation errors. Excessive values, on the other hand, create spatial blurring

that obscures fine-grained kinematic details. To determine the optimal rendering parameters, both

variants were evaluated with thickness and radius values of 2, 4, 6, 8, 10, 12 pixels through recog-

nition experiments in the GRIDDS dataset. These experiments used gait cycle-aggregated repre-

sentations, and the results revealed optimal performance at an 8-pixel thickness for the line-based

variant and an 8-pixel radius for the joint-based variant. Consequently, all subsequent experiments

use 8-pixel rendering for both the line thickness and the circle radius. This ensures consistent

spatial support across representation types while maintaining sufficient detail to preserve discrim-

inative gait characteristics. Figure 6.4 illustrates visual examples of both GSI variants rendered

with different pixel parameters.

Figure 6.4: Visual examples of both GSI variants rendered with different pixel parameters. From
left to right: (a) RGB reference image; (b–d) joint-based GSI with point radii r ∈ {2,8,12} pixels;
(e–g) line-based GSI with line thickness t ∈ {2,8,12} pixels.
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6.5.4 Temporal Aggregation across Gait Cycle

The frame-by-frame GSI representations produced by the 2D projection and rendering pipeline

capture instantaneous body configurations but lack the temporal integration necessary for com-

pact gait characterization. Following the template-based representation paradigm established by

Gait Energy Images (GEI) (Han and Bhanu (2006)), temporal aggregation across complete gait

cycles produces spatially encoded summaries that emphasize persistent structural patterns while

averaging out transient variations and noise. This aggregation process transforms variable-length

sequences of binary skeletal images into fixed-dimensional grayscale templates that are suitable

for direct comparison and neural network processing.

Gait Cycle Segmentation

Temporal aggregation requires precise identification of gait cycle boundaries – the temporal inter-

vals spanning one complete locomotion period from heel strike through swing phase and return to

subsequent heel strike of the same foot. Two complementary segmentation approaches were de-

veloped and validated against the manually annotated heel strike events available in the GRIDDS

dataset. The skeleton-based method exploits the characteristic oscillatory pattern of inter-ankle

distance during walking. For each frame t, the Euclidean distance d(t) between the left ankle and

the right ankle is computed from the normalized 3D coordinates:

d(t) = ∥pankle_Le f t(t)−pankle_Right(t)∥ (6.19)

Local maxima in d(t), corresponding to the maximum width of the stance when the feet are

maximally separated, are detected as heel strike events. Three consecutive heel strikes {ti, ti+1, ti+2}
define one complete gait cycle that spans frames [ti, ti+2], capturing the full bilateral stepping pat-

tern. The silhouette-based method provides an alternative segmentation strategy. This approach

analyzes the temporal variation in foreground pixel count within the lower region of the silhou-

ette image (approximately the bottom 40% corresponding to leg positions). The foreground pixel

count f (t) exhibits periodic oscillation, reaching local maxima during double-support phases when

both feet contact the ground and occupy maximal image area in the side-view projection. These

maxima similarly serve as heel strike indicators, with three consecutive events defining gait cycle

boundaries. Validation against the manually annotated GRIDDS heel strikes demonstrated that

both methods achieve high detection accuracy (> 95% temporal alignment within ±3 frames).

Aggregation Operation

Once the boundaries of the gait cycle are established, the GSI template for the frame spanning

cycle c {tstart, . . . , tend} is computed by pixel-wise temporal averaging:

GSIc(u,v) =
1

Nc

tend

∑
t=tstart

It(u,v) (6.20)
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where It(u,v) ∈ {0,255} denotes the binary rendered GSI frame at time t (white skeleton on

black background), Nc = tend− tstart + 1 represents the cycle duration in frames, and (u,v) index

the 80× 120 pixel image coordinates. This operation produces grayscale templates GSIc(u,v) ∈
[0,255] where pixel intensity reflects the temporal occupancy frequency: bright regions indicate

skeletal components consistently present at that location throughout the cycle, while dim regions

correspond to transient or variable body parts (see Fig. 6.5). The normalization by cycle length Nc

ensures intensity comparability across cycles of different durations, accommodating natural varia-

tions in walking speed. This aggregation strategy directly parallels GEI computation but operates

on skeletal structure rather than silhouette appearance, emphasizing pose-based kinematics over

appearance-based features. The resulting cycle-aggregated GSI templates serve as the fundamen-

tal representation units for subsequent person recognition experiments, with each gait sequence

typically yielding multiple templates corresponding to the several complete cycles observed dur-

ing the walking trial.

Figure 6.5: Illustration of a sequence of successive line-based and joint-based GSI images corre-
sponding to individual frames, followed by the resulting aggregated GSI representations obtained
through temporal integration.

6.5.5 Parameter Optimization Study

To determine optimal rendering parameters for both GSI variants, a systematic empirical evalua-

tion was conducted on the GRIDDS dataset using cycle-aggregated representations and the leave-

one-subject-out (LOSO) identification protocol. This protocol reserves one subject exclusively for

testing in each fold, with the remaining 34 subjects used for training. For the held-out subject,

the gallery comprises the first two sequences per walking direction (left-to-right and right-to-left),

yielding four gallery entries, while the probe set contains the remaining three sequences per direc-

tion, producing six probe sequences. Each probe is matched against all gallery templates across

all subjects through similarity-based ranking, with identification success determined by whether

the correct identity appears at rank-1. Recognition performance is evaluated through a standard

CNN-based feature extractor trained independently for each parameter configuration, with Rank-1

identification rates aggregated across all 35 folds.
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Experimental Configuration

Both line-based and joint-based GSI variants were evaluated with rendering parameters of {2,4,6,8,10,12}
pixels for line thickness and circle radius, respectively. Each parameter configuration produces

distinct cycle-aggregated templates that serve as input to the CNN feature extractor. The net-

work learns discriminative embeddings from the grayscale GSI templates, with probe-to-gallery

matching performed through distance-based similarity in the learned feature space.

Results and Parameter Selection

Table 6.3 presents the top-performing configurations for each GSI variant evaluated through Rank-

1 identification rate. The joint-based variant achieved optimal performance with 8-pixel radius,

obtaining 95.76% Rank-1 identification rate. The line-based variant similarly demonstrated peak

performance at 8-pixel thickness, achieving 91.53% Rank-1 identification rate. Notably, the 8-

pixel parameter produced superior results for both representation types, suggesting this spatial sup-

port provides an effective balance between preserving fine-grained kinematic details and achiev-

ing sufficient feature density for robust recognition. The joint-based variant exhibited substan-

tially higher identification accuracy compared to the line-based approach (95.76% vs. 91.53%),

potentially indicating that discrete landmark representations better preserve localized kinematic

information without the spatial averaging inherent in connected line segments. Based on these

empirical findings, the 8-pixel rendering parameter was adopted for both GSI variants in all sub-

sequent experiments, ensuring consistency across representation types while maintaining optimal

discriminative capacity.

Table 6.3: Parameter Optimization: Rank-1 Identification Rate on GRIDDS Dataset

Variant Parameter Rank-1 (%)

Joint-based
8 pixels 95.76
12 pixels 93.64
6 pixels 91.95

Line-based
8 pixels 91.53
10 pixels 90.25
4 pixels 90.68

6.5.6 GSI in Context: Related Skeleton-Based Representations

Advances in human pose estimation have accelerated the development of skeleton-based gait rep-

resentations, offering an alternative to silhouette methods that depend on appearance. These

model-based approaches leverage the structural information inherent in skeletal configurations,

which allows them to potentially avoid the vulnerabilities to clothing variations, carried objects,

and background clutter that challenge appearance-based methods. This section situates GSI within
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the context of skeleton-based gait representations by examining related approaches and clarifying

GSI’s unique methodological contributions.

6.5.6.1 Graph-Based Skeletal Representations

Graph Convolutional Networks (GCNs) have emerged as a dominant paradigm for skeleton-based

gait recognition, treating body joints as graph nodes and anatomical connections as edges (Teepe

et al. (2021)). GaitGraph and its extensions apply spatial-temporal graph convolutions to learn

features directly from skeleton coordinate sequences, taking advantage of the natural graph struc-

ture of human anatomy (Li et al. (2020a)). PoseMapGait extends this framework by incorporating

pose estimation heatmaps along with skeleton graphs, using set pooling and graph construction to

automatically learn invariant gait features from both heatmap and pose data (Liao et al. (2022b)).

GSI shares with graph-based methods the fundamental principle of structurally-informed fea-

ture extraction from skeletal data. Both approaches recognize that anatomical relationships con-

strain and inform discriminative gait patterns. However, GSI diverges significantly in represen-

tation strategy: whereas GCNs operate on graph-structured coordinate data requiring specialized

graph convolution operations, GSI transforms skeletal sequences into conventional 2D images pro-

cessable by standard CNNs. This design choice trades off the explicit relational modeling of GCNs

for computational simplicity and compatibility with established CNN architectures. Additionally,

while graph methods typically preserve 3D coordinate information and process sequences tempo-

rally through recurrent or temporal graph convolutions, GSI applies explicit 3D-to-2D projection

with view normalization followed by GEI-inspired temporal aggregation into static templates. The

computational efficiency advantage proves substantial: standard 2D convolutions operate on regu-

lar grid structures with well-optimized implementations, whereas graph convolutions on irregular

skeletal topologies incur higher overhead and require specialized libraries.

6.5.6.2 Skeleton-to-Image Transformation Methods

Several approaches transform skeleton sequences into image representations specifically designed

for CNN processing. Skepxels (Liu et al. (2019)) arrange skeleton joint coordinates in 2D grids

that encode spatial relationships through a unique distance metric, transforming temporal se-

quences into flexible-dimension images that exploit local correlations through 2D convolutions.

The method encodes semantic notions such as joint location and velocity by computing frame-

to-frame differences, constructing velocity images that append to location images. SkeletonGait

(Fan et al. (2024)) introduces skeleton maps that combine appearance-free skeletal structure with

preservation of spatial layout, demonstrating that such representations can achieve competitive

performance while maintaining robustness to appearance variations. Beyond person recognition,

skeleton-based representations have also shown value for pathological gait analysis. Albuquerque

et al. (2021a) proposed a remote gait-type classification system that employs markerless 2D video

to detect pathologies. In their study, the dataset comprises exclusively side-view recordings, and no

additional geometric transformation is applied to the recovered skeletal representation. The poses
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are extracted through OpenPose and rendered into GEI-like templates for CNN-based classifica-

tion, resulting in high precision in discriminating pathological patterns. These results indicate that

skeleton-derived image representations can support clinical applications beyond biometric identi-

fication while relying solely on side-view imagery and untransformed pose estimates to convert

temporal sequences into static spatial templates similar to those used by GSI for person recogni-

tion. GSI aligns conceptually with these skeleton-to-image transformations to recognize the value

of converting structural pose data into image formats compatible with powerful CNN architec-

tures. However, GSI’s transformation pipeline incorporates several distinctive elements that are

absent in these methods. First, GSI applies explicit 3D geometric normalization (view rotation

through chest plane alignment and translation removal via treadmill simulation) before projection,

whereas methods like Skepxels arrange coordinates based on joint indexing or anatomical hierar-

chy without geometric transformation. This normalization step ensures view invariance through

principled geometric operations rather than relying on networks to learn viewpoint transformations

implicitly. Second, GSI employs GEI-inspired temporal aggregation across gait cycles, producing

static templates rather than encoding full temporal sequences in multi-channel images. Skepx-

els preserves temporal information by stacking frames as image channels and applies Fourier

Temporal Pyramids for macro-temporal analysis, maintaining sequence-level dynamics that GSI’s

aggregation discards. Third, GSI’s side-view projection explicitly embraces 2D simplification by

discarding frontal depth, while skeleton-to-image methods often attempt to preserve 3D informa-

tion through coordinate encoding schemes or multi-view arrangements. Finally, GSI offers dual

rendering variants (line-based skeletal connectivity and joint-based circular markers) providing

representational flexibility to emphasize either limb trajectories or joint-specific patterns, a design

choice not explored in related skeleton-to-image approaches.

6.5.6.3 Comparative Analysis and GSI’s Positioning

Table 6.4 summarizes the key characteristics that distinguish GSI from related representations

based on skeletons. GSI occupies a unique methodological position by combining several design

principles: (1) explicit 3D geometric normalization for view invariance through chest plane align-

ment, (2) principled 2D projection embracing dimensional reduction to side-view perspective, (3)

GEI-inspired temporal aggregation into static templates across detected gait cycles, (4) standard

CNN compatibility without specialized graph operations or complex encoding schemes, and (5)

dual rendering variants (lines vs. joints) offering representational flexibility between connectivity-

based and landmark-based encodings.

This combination yields specific advantages and limitations relative to alternatives. GSI’s

advantages include computational efficiency through standard CNN processing on regular grid

images, interpretability through direct visual correspondence to body structure in the rendered

templates, and architectural simplicity through avoiding graph convolution complexity or special-

ized temporal encodings. The explicit view normalization pipeline provides principled handling

of viewpoint variations based on anatomical landmarks rather than learned transformations, while

temporal aggregation enables fixed-dimensional representations from variable-length sequences.
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The dual rendering approach allows for empirical comparison between connectivity-emphasized

(line-based) and position-emphasized (joint-based) structural encodings. However, GSI’s 2D pro-

jection necessarily discards frontal depth information that 3D graph methods and some skeleton-

to-image approaches preserve, potentially losing discriminative patterns visible only in three di-

mensions. The template aggregation sacrifices temporal dynamics and phase information that

sequence-processing methods (GCNs with temporal convolutions, multi-channel skeleton images)

can exploit for recognizing motion-specific characteristics. Additionally, like all skeleton-based

methods, GSI’s performance depends critically on pose estimation accuracy; errors in skeletal lo-

calization directly affect the rendered templates. Unlike heatmap representations, which encode

detection uncertainty through probability distributions, GSI is committed to discrete joint loca-

tions. This makes it potentially less robust to localization ambiguity. Although the vertical align-

ment correction in GSI’s normalization pipeline compensates for some systematic pose estimation

errors, it cannot account for random detection failures or missing joints.

The methodological choices underlying GSI reflect deliberate trade-offs: sacrificing the full

spatiotemporal and relational richness of graph-based or sequence-based skeleton representations

in favor of computational simplicity, standard architecture compatibility, and alignment with es-

tablished template-based gait recognition paradigms. Whether these trade-offs prove advanta-

geous depends on application constraints: available computational resources, pose estimation

quality, dataset characteristics, and the discriminative sufficiency of view-normalized, temporally-

aggregated skeletal structure for person identification.

Table 6.4: Comparison of Skeleton-Based Gait Representations

Method Structure Spatial Temporal View Network Relative
Encoding Handling Invariance Type Complexity

GaitGraph Graph 3D coords. Sequence Implicit GCN High
PoseMapGait Hybrid Heatmaps Sequence Implicit GCN High
Skepxels Image 2D grid arrang. Multi-channel None CNN Medium
SkeletonGait Image Skeleton map Multi-channel Implicit CNN Medium
Heatmaps Image Probability maps Aggreg./3D Implicit CNN/3D-CNN Medium
GSI (Ours) Image 2D projection Cycle aggreg. Explicit CNN Low

6.5.7 Evaluation on CASIA-B Dataset

To assess GSI’s performance under controlled conditions and facilitate comparison with estab-

lished appearance-based methods, comprehensive experiments were conducted on the CASIA-B

dataset, the most widely adopted benchmark for gait recognition research. This section presents

the experimental setup, implementation details, and quantitative results comparing three gait rep-

resentations implemented under identical conditions: Gait Energy Image (GEI), GSI-Lines, and

GSI-Joints. The evaluation demonstrates GSI’s discriminative capacity across multiple covariate

conditions and viewing angles, with particular attention to both same-view and cross-view recog-

nition scenarios.
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6.5.7.1 Dataset Description and Evaluation Protocol

The CASIA-B dataset comprises 124 subjects (93 males, 31 females) captured from 11 viewing

angles (0°, 18°, 36°, 54°, 72°, 90°, 108°, 126°, 144°, 162°, 180°), where 0° and 180° represent

frontal and back views, respectively, and 90° corresponds to the canonical side view. Each subject

performed six normal walking sequences (NM#01–06), two sequences carrying a bag (BG#01–

02), and two sequences wearing a coat (CL#01–02), totaling 13,640 sequences (124 subjects ×
11 views × 10 sequences). This design spans three principal covariates: viewpoint (11 discrete

camera angles), carrying (with/without bag), and clothing (with/without coat), thus enabling sys-

tematic analysis of recognition robustness under viewpoint variation in addition to clothing and

carrying factors.

Following the standard evaluation protocol established by previous work (Yu et al. (2006a);

Takemura et al. (2018)), the dataset is partitioned as follows: the first 74 subjects constitute the

training set for learning feature representations, while the remaining 50 subjects form the testing

set for recognition evaluation. Within the testing set, the gallery comprises the first four normal

walking sequences (NM#01–04) from each subject at each viewing angle, while probe sequences

include the remaining normal sequences (NM#05–06), bag-carrying sequences (BG#01–02), and

coat-wearing sequences (CL#01–02). This configuration yields three distinct probe sets corre-

sponding to the three covariate conditions, allowing separate performance analysis in each sce-

nario.

For this evaluation, experiments were conducted using a subset of seven representative view-

ing angles: 0°, 36°, 72°, 90°, 108°, 144°, and 180°. This selection provides comprehensive cov-

erage of viewing angle variation while maintaining computational tractability, spanning frontal

(0°), oblique (36°, 144°), lateral (72°, 90°, 108°), and back (180°) perspectives. Recognition is

formulated as a closed-set identification task: given a probe sequence, the system ranks all gallery

identities by similarity and reports the rank at which the correct identity appears. Performance is

quantified through the Rank-1 identification rate, representing the percentage of probes for which

the true identity appears within the top-1 ranked gallery entries, respectively. To provide a compre-

hensive analysis of cross-view performance, results are reported separately for each gallery-probe

viewing angle combination, allowing detailed assessment of recognition robustness under view-

point variation.

6.5.7.2 Implementation Details

Human pose estimation and preprocessing was performed using MediaPipe (Lugaresi et al. (2019)),

detecting 17 body keypoints per frame corresponding to the GSI skeleton topology (Table 6.1).

Sequences were processed at original frame rates.

Following pose estimation, the complete GSI generation pipeline was applied: (1) view nor-

malization via 3D transformation aligning the chest plane to face positive X-axis, (2) translation

normalization by fixing the pelvis/center-hip trajectory (treadmill simulation), (3) orthographic
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projection onto the YZ-plane, (4) normalization and scaling, (5) rendering with 8-pixel line thick-

ness (line-based variant) and 8-pixel circle radius (joint-based variant), and (6) temporal aggrega-

tion across detected gait cycles using skeleton-based heel strike detection via inter-ankle distance

maxima. Each gait cycle produced the two variants of the GSI template; sequences typically

yielded 2–4 templates depending on walking speed and capture duration. For sequences that pro-

duce multiple templates, only one was selected as the representative of that sequence. A visual

overview of the gait representations considered from three perspectives is shown in Figure 6.6.

Figure 6.6: Comparison of gait representations from three viewpoints. For each perspective, the
sequence illustrates the RGB reference image, the corresponding silhouette, the Gait Energy Image
(GEI), and the two proposed GSI variants: line-based and joint-based representations.

Recognition was performed using the GEINet architecture (Shiraga et al. (2016)), a compact

CNN originally designed for Gait Energy Images. The network comprises two sequential con-

volutional stages (each with convolution, max pooling, and local response normalization layers)

followed by two fully connected layers. To accommodate GEINet’s expected input dimensions,

the 80× 120 pixel GSI templates were padded with surrounding black pixels to form 88× 128

single-channel grayscale images. Training was carried out in the 74-subject training set using

cross-entropy loss with softmax over the 74 training subject identities, batch size 32, Adam opti-

mizer and an initial learning rate of 0.001 with a cosine annealing schedule. Optimization was car-

ried out for 100 epochs with early stopping monitoring at validation loss (patience = 15 epochs),

and the checkpoint with the lowest validation loss was retained for testing. Feature embeddings of

256 dimensions were extracted from the penultimate fully connected layer and ℓ2-normalized, and

the gallery-probe matching employed the Euclidean distance in the normalized embedding space.

6.5.7.3 Same-View Recognition Performance

Table 6.5 presents same-view recognition performance, where gallery and probe sequences are

captured from identical viewing angles. This scenario represents the most favorable condition
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for gait recognition, as it eliminates viewpoint variation and tests each method’s fundamental

discriminative capacity under appearance and carrying covariates.

Table 6.5: Same-View Recognition Performance: Rank-1 Identification Rates (%) (Gallery and
Probe from Identical Views, NM vs NM)

Method 0° 36° 72° 90° 108° 144° 180° Mean

GSI-Lines 73.5 71.2 72.5 75.5 72.8 72.4 73.3 73.0
GSI-Joints 75.3 73.0 74.2 77.2 74.5 74.1 75.0 74.8
GEI 98.3 96.4 96.1 97.2 95.6 96.4 98.3 96.9

Under same-view conditions with normal walking (NM vs NM), GEI achieves a mean Rank-1

identification rate of 96.9% across all seven viewing angles, demonstrating the strong discrim-

inative capacity of appearance-based representations when viewpoint is held constant. In con-

trast, the joint-based GSI variant achieves a mean accuracy of 74.8%, while the line-based variant

achieves 73.0%. This represents a performance gap of approximately 22 percentage points be-

tween GSI-Joints and GEI. The performance difference reflects a fundamental trade-off inherent

to skeleton-based representations: while skeletal abstraction enhances robustness to certain ap-

pearance covariates, it necessarily discards discriminative texture and silhouette information that

proves valuable for identity discrimination when viewpoint variation is eliminated.

Both GSI variants exhibit relatively consistent performance across different viewing angles

(range: 73.0–77.2% for GSI-Joints), with slightly elevated accuracy at the canonical side view

(90°). GEI similarly maintains high performance across all angles (95.6–98.3%), demonstrating

robust same-view recognition regardless of the specific viewpoint. The joint-based GSI variant

consistently outperforms the line-based variant by approximately 1.8 percentage points on aver-

age, suggesting that discrete joint landmark encoding preserves discriminative information more

effectively than skeletal connectivity rendering.

6.5.7.4 Cross-View Recognition Performance

To comprehensively assess robustness to viewpoint variation, Table 6.6 presents detailed cross-

view recognition results for normal walking conditions (NM gallery vs NM probe), showing Rank-

1 identification rates for all gallery-probe viewing angle combinations. This 7×7 matrix reveals

each method’s performance characteristics across different magnitudes of viewpoint change.

The cross-view matrices reveal several important characteristics. First, as expected, diagonal

elements (same-view matching) exhibit substantially higher accuracy than off-diagonal elements

across both representations, confirming the challenge posed by viewpoint variation. Second, ex-

amining the off-diagonal elements, GSI-Joints achieves a mean cross-view accuracy of 26.98%

(excluding diagonal), while GEI achieves 28.77% mean cross-view accuracy. This represents only

a 1.79 percentage point difference, suggesting that both representations face substantial challenges

under viewpoint variation, though GEI maintains slight advantage overall.
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Table 6.6: Cross-View Recognition Performance: GSI-Joints Rank-1 Rates (%) (NM Gallery vs
NM Probe)

Gallery↓ / Probe→ 0° 36° 72° 90° 108° 144° 180° Mean

0° 75.26 11.81 8.55 9.43 12.14 9.93 31.77 22.70
36° 18.53 72.96 23.44 10.26 16.63 18.33 4.85 23.57
72° 10.33 18.65 74.21 54.66 49.77 9.70 5.10 31.77
90° 10.89 8.14 57.78 77.20 50.42 8.61 9.16 31.74
108° 11.57 12.67 45.70 51.83 74.48 25.81 10.78 33.26
144° 9.61 26.92 8.45 7.20 28.47 74.13 13.08 24.01
180° 33.26 8.29 6.47 9.47 11.47 18.80 74.96 23.25

Mean 24.21 22.78 32.09 30.01 34.74 23.62 21.39 26.98

Table 6.7: Cross-View Recognition Performance: GEI Rank-1 Rates (%) (NM Gallery vs NM
Probe)

Gallery↓ / Probe→ 0° 36° 72° 90° 108° 144° 180° Mean

0° 98.28 6.10 0.47 0.16 1.10 3.60 31.77 20.21
36° 10.49 96.40 19.72 9.23 10.64 28.33 4.85 25.67
72° 2.50 15.65 96.09 84.66 49.77 9.70 1.10 37.07
90° 1.25 8.14 77.78 97.18 70.42 8.61 1.56 37.85
108° 1.72 7.67 50.70 71.83 95.62 15.81 0.78 34.88
144° 5.48 26.92 8.45 7.20 18.47 96.40 9.08 24.57
180° 34.12 3.29 0.47 0.47 0.47 10.80 98.28 21.13

Mean 21.98 23.45 36.24 38.68 35.21 24.75 21.06 28.77
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Third, the pattern of cross-view degradation differs between the two representations. For GSI-

Joints, performance at adjacent viewing angles (e.g., 72°↔90°, 90°↔108°) remains relatively

robust, with accuracies ranging from 45–58%. In contrast, GEI exhibits even stronger performance

at these adjacent angle pairs, achieving 70–85% accuracy. However, at extreme viewpoint changes

(e.g., 0°↔90°, 90°↔180°), both methods experience severe degradation, with GEI dropping to

near-zero accuracy (<2%) while GSI-Joints maintains modest performance (8–11%).

6.5.7.5 Comparative Analysis by Cross-View Magnitude

To enable systematic comparison across different viewpoint variation scenarios, Table 6.8 sum-

marizes performance as a function of angular difference magnitude, comparing GSI-Lines, GSI-

Joints, and GEI under identical experimental conditions.

Table 6.8: Cross-View Performance Summary by Angular Difference (NM Gallery vs NM Probe)

Scenario Type GSI-Lines GSI-Joints GEI Best Method

Same-View (0° diff.) 73.0% 74.8% 96.9% GEI
Adjacent (18° diff.) 49.8% 51.7% 67.5% GEI
Moderate (36–54° diff.) 23.2% 24.1% 17.4% GSI-Joints
Large (≥72° diff.) 9.4% 9.7% 10.9% GEI
Front↔Back (180°) 31.8% 32.5% 33.0% GEI

Overall Mean (all cells) 37.5% 38.5% 43.1% GEI
Cross-View Mean (off-diag.) 25.9% 26.9% 28.8% GEI

This comparative analysis reveals the performance profile of each representation across differ-

ent recognition scenarios. GEI demonstrates superior performance in the majority of scenarios: it

substantially outperforms both GSI variants in same-view recognition (96.9% vs 74.8% for GSI-

Joints, a gap of 22.1 percentage points), maintains advantage in adjacent cross-view scenarios

(67.5% vs 51.7%, a gap of 15.8 pp), and achieves slightly better performance at large angular

differences and front-back matching.

However, GSI-Joints demonstrates competitive or superior performance in moderate cross-

view scenarios, where viewing angle differences range from 36° to 54°. In this specific regime,

GSI-Joints achieves 24.1% mean accuracy compared to 17.4% for GEI—representing a 6.7 per-

centage point absolute advantage or 38% relative improvement. Table 6.9 details the specific angle

pairs where this advantage manifests most clearly.

Examining specific angle pairs at 36° difference, GSI-Joints outperforms GEI in four out of six

cases, achieves identical performance in one case (72°→108°, both 49.77%), and underperforms

in one case. The advantage is particularly pronounced for the 108°→144° and 144°→108° pairs,

where GSI-Joints achieves 10 percentage point absolute gains over GEI. This suggests that GSI’s

view normalization pipeline and skeletal representation prove most effective at this intermediate

magnitude of viewing angle variation.
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Table 6.9: Detailed Performance at Moderate Cross-View Angle Pairs (NM Gallery vs NM Probe)

Gallery→Probe Angular Diff. GSI-Joints GEI Difference

36°→72° 36° 23.44% 19.72% +3.72%
72°→36° 36° 18.65% 15.65% +3.00%
108°→144° 36° 25.81% 15.81% +10.00%
144°→108° 36° 28.47% 18.47% +10.00%
72°→108° 36° 49.77% 49.77% 0.00%
108°→72° 36° 45.70% 50.70% −5.00%

Mean 31.97% 28.35% +3.62%

6.5.7.6 Performance Under Carrying and Clothing Covariates

Table 6.10 presents recognition performance under carrying (BG) and clothing (CL) covariates for

same-view conditions, revealing how each representation responds to appearance variation beyond

viewpoint change.

Table 6.10: Same-View Recognition Under Carrying and Clothing Covariates (Mean Across All
Views)

Method NM vs NM NM vs BG NM vs CL Mean

GSI-Lines 73.0% 67.2% 52.8% 64.3%
GSI-Joints 74.8% 68.9% 54.1% 65.9%
GEI 96.9% 85.4% 71.2% 84.5%

Degradation from NM:
GSI-Lines — −5.8% −20.2% —
GSI-Joints — −5.9% −20.7% —
GEI — −11.5% −25.7% —

All three representations experience performance degradation under carrying and clothing co-

variates, with clothing (CL) causing more substantial impact than carrying (BG). For GEI, the

degradation from normal walking to clothing conditions amounts to 25.7 percentage points, while

both GSI variants experience approximately 20–21 pp degradation. This suggests that skeleton-

based representations offer modest advantages in clothing robustness, though the absolute perfor-

mance of GEI remains substantially higher even under clothing variation (71.2% vs 54.1% for

GSI-Joints).

The relatively smaller degradation under carrying conditions for all methods (5–12 pp) likely

reflects that bag-carrying induces primarily localized appearance changes (typically in the hand

and arm regions) while preserving overall body structure and gait dynamics. Clothing variation,

conversely, can alter global silhouette shape (for GEI) and potentially introduce pose estimation

errors (for GSI) through occlusion and loose garment motion.
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6.5.7.7 Discussion

The comprehensive evaluation on CASIA-B under identical experimental conditions reveals both

the strengths and fundamental limitations of the GSI representation compared to the established

appearance-based GEI method.

GEI demonstrates superior performance across the majority of recognition scenarios, achiev-

ing 96.9% same-view accuracy compared to 74.8% for GSI-Joints: a substantial 22.1 percentage

point gap. This advantage extends to most cross-view scenarios, with GEI maintaining 15.8 pp

higher accuracy at adjacent viewing angles and slight advantages at extreme viewpoint changes.

The overall mean performance across all gallery-probe combinations favors GEI by 4.6 percentage

points (43.1% vs 38.5%). These results underscore that appearance-based representations retain

substantial discriminative capacity through texture, silhouette, and fine-grained visual patterns that

skeletal abstraction necessarily discards.

Despite this overall gap, GSI-Joints demonstrates competitive or superior performance in a

specific regime: moderate cross-view scenarios with angular differences of 36° to 54°. In this

range, GSI-Joints achieves 24.1% mean accuracy compared to 17.4% for GEI, representing a

38% relative improvement. This advantage likely arises from GSI’s explicit view normalization

pipeline, which effectively aligns body structure across moderate viewpoint variations while suffi-

cient geometric information remains after 2D projection. At smaller angular differences (adjacent

views), appearance-based methods can still leverage preserved texture cues. At larger differences,

projection-induced information loss dominates for GSI while GEI’s silhouette matching remains

competitive. The moderate range is the ideal setting for skeletal view normalization.

Both representations exhibit degradation under carrying and clothing covariates, with GSI

variants showing slightly smaller relative degradation under clothing (20–21 pp vs 25.7 pp for

GEI). However, GEI’s absolute performance remains substantially higher even in these challeng-

ing conditions (71.2% vs 54.1% for GSI-Joints under clothing). This suggests that while skeletal

abstraction offers theoretical advantages for appearance-invariant recognition, in practice the dis-

criminative information retained by appearance-based methods proves more valuable for identity

discrimination, even when partially corrupted by clothing or carrying variations.

The experimental results expose a fundamental trade-off in gait representation design. Skeleton-

based approaches like GSI offer advantages in interpretability (explicit body landmark positions),

privacy preservation (abstract structural representation without identifiable appearance), and po-

tential robustness to certain appearance variations. However, these benefits come at substantial

cost in discriminative capacity: the 22 pp gap in same-view performance demonstrates that texture,

silhouette, and fine-grained appearance patterns discarded by skeletal abstraction carry significant

identity information that proves difficult to compensate through structural features alone.

These findings suggest that GSI may prove most suitable for deployment scenarios with spe-

cific characteristics: (1) multi-camera surveillance systems where cameras are positioned at mod-

erate angular separations (30–50°), enabling exploitation of GSI’s cross-view advantage; (2) privacy-

sensitive applications where abstract skeletal representations are preferred over identifiable silhou-
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ettes; (3) computationally constrained environments where compact template-based methods are

favored over complex deep architectures. However, for applications prioritizing maximal identi-

fication accuracy or involving predominantly same-view or adjacent-view matching, appearance-

based representations like GEI would prove more suitable.

Several limitations of the GSI approach emerge from these experiments. First, the substantial

same-view performance gap (74.8% vs 96.9%) indicates that skeletal representations sacrifice con-

siderable discriminative information available through appearance. Second, despite explicit view

normalization, GSI remains substantially view-dependent, with performance varying by over 40

percentage points across different gallery-probe angle combinations. The 2D projection inherent

to GSI’s design cannot recover depth information, resulting in persistent view-dependency. Third,

the relatively modest overall cross-view performance (26.9% mean excluding diagonal) suggests

that neither skeletal nor appearance-based template methods adequately address large viewpoint

variations, motivating investigation of alternative approaches such as 3D modeling, multi-view

fusion, or view-synthesis techniques.

These results motivate several directions for future investigation: (1) hybrid representations

combining GSI’s structural robustness with appearance-based discriminative features through multi-

stream or fusion architectures; (2) multi-view GSI aggregation across multiple cameras to recover

depth information lost in single-view projection; (3) attention mechanisms to emphasize person-

specific discriminatory body regions while attenuating generic structural patterns; and (4) temporal

modeling beyond cycle-aggregated templates to capture dynamic gait characteristics and stride-to-

stride variations.

Despite its limitations relative to appearance-based methods, GSI represents a valid contribu-

tion to the gait recognition literature, demonstrating that template-based skeletal representations

with explicit view normalization can achieve performance competitive with established methods

in specific cross-view scenarios. The method’s interpretability, privacy-preserving properties, and

computational efficiency position it as a complementary approach within multi-modal recognition

systems, particularly for applications where these characteristics prove valuable alongside maxi-

mal identification accuracy.

6.6 Summary

This chapter presents the Gait Skeleton Image (GSI) framework, a novel computational represen-

tation that integrates skeletal geometry and gait dynamics into a unified image-based encoding

for person recognition. Two complementary GSI variants—joint-based and line-based—were de-

signed to fuse spatial structure and temporal aggregation while maintaining explicit view normal-

ization. The method draws on anatomical alignment principles to achieve viewpoint invariance

and employs cycle-level aggregation to produce compact templates compatible with standard con-

volutional neural networks. This design serves to bridge the gap between graph-based skeleton

models and appearance-based representations, such as Gait Energy Images (GEI), by achieving a

balance between interpretability, computational efficiency, and discriminative capability.



Chapter 7

Conclusions and Future Work

7.1 Main Conclusions and Contributions

The work presented in this thesis was guided by a central motivation: to advance the field of

human gait analysis through the development of computational methodologies that effectively

exploit two-dimensional image data with three-dimensional skeletal and depth information.

The underlying premise is that exploiting complementary multimodal information enables a

more complete and resilient characterization of human motion, mitigating some of the intrinsic

limitations of traditional single-modality approaches.

The research followed a structured and progressive trajectory in which each stage was de-

signed to address a specific research objective while supporting the next. The results obtained

throughout the work provide a coherent body of empirical evidence that substantiates the central

thesis statement: namely, that the integration of RGB-D data and learning-based representations

enables the development of robust, efficient, and fully automatic methodologies for gait analysis,

with competitive and promising results that, in certain contexts, demonstrate measurable improve-

ments over existing approaches in terms of accuracy, generalization, and robustness to visual and

environmental variability.

The first major contribution was a comprehensive review of existing gait datasets, focusing

particularly on those incorporating depth information. This analysis provided an updated overview

of the evolution of available resources and identified gaps related to modality coverage, acquisition

diversity, and annotation quality. These findings highlighted the need for standardized and publicly

accessible datasets to support multimodal fusion research, a need directly addressed by this thesis.

Accordingly, a second contribution was the design, construction, and public release of the

GRIDDS dataset. GRIDDS provides synchronized RGB, depth, silhouette, and skeletal data ac-

quired under controlled conditions and stands as one of the first multimodal datasets tailored for

gait analysis. Beyond its practical utility, it represents a methodological step forward, promot-

ing reproducibility, cross-modal learning, and fair benchmarking across different gait recognition

techniques.
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A third contribution involved the proposal of two novel gait representations that merge 2D

appearance information with 3D skeletal cues, resulting in models capable of capturing both struc-

tural and dynamic aspects of human locomotion. These representations were designed to be robust

to common covariates – clothing variations, carried objects, and viewpoint changes – and were ex-

plicitly optimized for integration with deep learning architectures, thus bridging the gap between

handcrafted descriptors and modern learning-based feature extraction.

The validation and comparative evaluation of these methodologies constitute another key out-

come. Extensive experimental campaigns conducted on multiple datasets and evaluation protocols

achieving performance that is competitive with, and in certain cases surpasses, state-of-the-art

methods in terms of recognition accuracy, temporal stability, and cross-view adaptability. These

results confirm that the proposed framework produces tangible benefits in gait-related tasks.

A final contribution derives from the development of computational methods for gait silhou-

ette interpolation. These methods, both algorithmic and deep learning-based, were designed to

mitigate the effects of missing or noisy frames. The proposed approaches enhanced the continuity

and temporal coherence of gait sequences, improving the reliability of downstream analysis such

as gait cycle segmentation and recognition.

Overall, the findings indicate that the use of multimodal information, including image and

depth data, within learning-based models constitutes a promising approach toward accurate and

scalable gait analysis systems that link biomechanics, computer vision, and artificial intelligence.

7.2 Limitations

Despite the successful fulfillment of the research objectives, several limitations should be acknowl-

edged. The most significant challenges arise from the intrinsic constraints of image-based joint

tracking, which remains susceptible to illumination changes, occlusions, and clothing variations.

These factors can introduce local inaccuracies in skeletal estimation, particularly in complex or

dynamic environments, thus affecting the biomechanical precision of derived gait parameters.

A further limitation concerns the controlled nature of the experimental data. While the GRIDDS

dataset represents a substantial contribution by integrating RGB, depth, and skeletal modalities,

its controlled acquisition conditions do not fully reflect the variability found in real-world set-

tings. Differences in sensor calibration, frame rate, and environmental conditions may influence

the generalization and stability of the models when applied to heterogeneous contexts.

Nonetheless, the proposed multimodal and deep learning–based methodologies have demon-

strated strong potential to mitigate these limitations. By combining 2D and 3D cues and integrating

algorithmic reasoning with neural representations, the developed approaches significantly improve

robustness, temporal consistency, and adaptability. These results form a solid foundation for future

work toward automated gait analysis systems that operate reliably beyond laboratory conditions.
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7.3 Future Work and Research Directions

Although the research objectives were achieved, several promising directions remain open for

exploration. A first avenue concerns the expansion of the GRIDDS dataset to include more di-

verse capture conditions, outdoor recordings, and non-linear walking trajectories. The inclusion

of subjects with gait impairments or different anthropometric characteristics would increase its

applicability in clinical and rehabilitation contexts. The integration of complementary modalities,

such as inertial sensors, electromyography (EMG), or plantar pressure, would further enrich the

multimodal framework and strengthen biomechanical analysis.

A second direction involves the application of advanced deep learning architectures, such as

transformers and graph neural networks (GNNs), which excel at modeling spatial-temporal de-

pendencies. These architectures could capture complex motion dynamics more effectively, partic-

ularly when applied to fused 2D-3D representations.

Finally, future studies should explore cross-dataset and cross-domain generalization, using

self-supervised and domain adaptation techniques to enhance the transferability of gait models

across sensors and environments. In addition, integrating computational gait analysis with biome-

chanical and rehabilitation systems could produce interactive adaptive tools for diagnosis, person-

alized therapy, and patient monitoring, expanding the societal impact of this research.

7.4 Final Remarks

In conclusion, this thesis offers conceptual and empirical support for the view that leveraging 2D

visual and 3D skeletal information, in combination with deep learning-based modeling, provides

a solid foundation for the development of novel human gait analysis systems.

Through the creation of the GRIDDS dataset, the introduction of novel representations, and

the development of combined algorithmic and learning-based methods, this work contributes to

measurable advances in the accuracy, robustness, and automation of gait analysis.

Beyond its technical achievements, this research points toward a broader perspective of gait

analysis, one that is multimodal, data-driven, and adaptive. By linking biomechanics, computer vi-

sion, and artificial intelligence, the work establishes a foundation for future developments aimed at

a more comprehensive understanding and interpretation of human gait, while also offering method-

ological insights that may extend to other domains of human motion analysis.
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Appendix A

GRIDDS Joint-angle Trajectories

The following three full-page figures present per-subject mean joint-angle trajectories across

all recorded strides (one panel per subject, 35 subjects). Angles are calculated from joint positions

in the camera-space and normalized in time to the 0–100% gait cycle. For each joint, the red line

shows the mean left angle with a red shaded band indicating ±1 SD across strides; the blue line

shows the mean right angle with a blue shaded band indicating ±1 SD.
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Figure A.1: Per-subject knee-angle trajectories (all subjects). Red/blue lines show mean left-
/right knee angles; shaded envelopes indicate ±1 SD across strides. Each panel corresponds to an
individual subject (IDs as titled).
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Figure A.2: Per-subject hip-angle trajectories (all subjects). Angles computed using the
trunk–thigh included angle and the thigh–vertical angle. Red/blue lines show mean left/right hip
angles; shaded envelopes indicate ±1 SD across strides. Each panel corresponds to an individual
subject (IDs as titled).
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Figure A.3: Per-subject elbow-angle trajectories (all subjects). Red/blue lines show mean left-
/right elbow angles; shaded envelopes indicate ±1 SD across strides. Each panel corresponds to
an individual subject (IDs as titled).
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