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Resumo

A andlise da marcha humana fornece informacdes essenciais sobre a fun¢do biomecanica, a avali-
acdo clinica e o reconhecimento biométrico. No entanto, alcan¢ar uma compreensdo do movi-
mento que seja precisa e reprodutivel em condicdes 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 limitacdes através do desenvolvimento de metodologias computa-
cionais que exploram simultaneamente informacdo RGB e de profundidade, de modo a permitir
uma analise da marcha robusta, eficiente e totalmente automatica, recorrendo a sensores de baixo
custo.

A investigacdo seguiu uma trajetdria estruturada que integra a criagdo de um conjunto de
dados, o desenho de novas representagdes e a inovagdo metodoldgica. Em primeiro lugar, foi re-
alizada uma revisdo e andlise comparativa abrangente dos conjuntos de dados existentes baseados
em visdo e profundidade, identificando lacunas quanto a diversidade de modalidades, qualidade
das anotagdes e acessibilidade. Para colmatar estas limitag¢des, 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 condigdes controladas, constituindo um dos primeiros recursos multimodais nor-
malizados para andlise e reconhecimento da marcha.

Com base neste fundamento, foram propostas duas novas representacdes computacionais da
marcha que combinam informacao bidimensional de aparéncia com estrutura esquelética tridimen-
sional, aumentando a robustez face a variacdes de ponto de vista, vestudrio e objetos transportados.
Estas variantes da Gait Skeleton Image (GSI), baseadas em articulagdes e em segmentos lineares,
foram integradas em arquiteturas de aprendizagem profunda e avaliadas extensivamente, demon-
strando um desempenho competitivo, e algumas circunstincias, por vezes superior, em compara-
cdo com métodos baseados em aparéncia, através de multiplos conjuntos de dados e condicdes de
variabilidade.

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

Em conjunto, as contribui¢des deste trabalho, que abrangem a aquisicao multimodal de dados,
o desenvolvimento de representacdes robustas da marcha e a reconstrucg@o temporal, avangam as
fronteiras cientificas e tecnoldgicas da andlise da marcha humana, promovendo a reprodutibili-
dade, acessibilidade e aplicabilidade tanto nos dominios clinico como na visdo por computador.
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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-



1.3 Research Goals 3

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;

* acomprehensive 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
5™ 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 5" 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
etal. (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 15 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.

(2019Db)), 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
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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 Etienne-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 15" 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 19™ 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, Etienne-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-
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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

14 Human Motion Analysis — Fundamentals, Applications, and Challenges

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 20" 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 215 Century

At the turn of the 21% 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 Al-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 mode