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Resumo

A análise automática de faces tem vindo a assumir um papel central em diversas áreas, in-
cluindo segurança, biometria e interação humano–computador. Entre as várias tarefas de face
analytics, a deteção facial e a estimação de idade destacam-se pela sua relevância prática, mas
continuam a apresentar desafios significativos quando aplicadas a dados em vídeo recolhidos em
ambientes menos controlados. Variações de pose, iluminação, oclusões, movimento e qualidade
de imagem conduzem frequentemente a comportamentos instáveis e a previsões inconsistentes ao
longo do tempo. Paralelamente, a natureza opaca dos modelos de aprendizagem profunda levanta
preocupações relacionadas com interpretabilidade e confiança nos sistemas.

Esta dissertação estuda a deteção facial e a estimação de idade a partir de vídeo, com particular
enfoque na estabilidade das previsões ao longo do tempo e na interpretabilidade dos modelos.
O trabalho apresenta uma revisão detalhada do estado da arte em face analytics, deteção facial,
estimação de idade e inteligência artificial explicável, complementada por uma síntese crítica de
abordagens recentes dedicadas à estimação de idade baseada em vídeo.

Com base nessa análise, é definido um pipeline modular que integra deteção facial, estimação
de idade ao nível da imagem, estratégias de agregação temporal e mecanismos de explicabilidade.
A separação clara entre estas componentes permite analisar o impacto individual de cada etapa no
desempenho do sistema e facilita a replicação e extensão de metodologias existentes, seguindo um
protocolo recente e reprodutível para estimação de idade em vídeo.

Os resultados experimentais demonstram que o YOLOv12m obteve o melhor desempenho
de deteção facial entre os modelos avaliados no benchmark WIDER FACE. Para estimação de
idade, o modelo MiVOLO obteve um desempenho competitivo quando avaliado no benchmark
Casual Conversations, produzindo resultados próximos dos reportados por trabalhos recentes da
literatura. Observou-se ainda que o erro de estimação aumenta progressivamente nas faixas etárias
mais avançadas, refletindo uma dificuldade comum dos modelos atuais de estimação de idade. A
aplicação de estratégias de suavização e agregação temporal permitiu aumentar a estabilidade das
previsões ao nível do sujeito, enquanto a análise baseada em Integrated Gradients evidenciou que
o modelo utiliza regiões faciais semanticamente relevantes para realizar as suas estimativas. Os
testes de validação das explicações confirmaram ainda a consistência e a fiabilidade das atribuições
geradas. Como trabalho futuro, poderá ser explorada a adaptação do modelo a diferentes grupos
etários, a melhoria da modelação temporal e a validação em conjuntos de dados mais diversifica-
dos, de forma a aumentar a robustez e a capacidade de generalização.

Palavras-chave: Deteção facial, estimação de idade, vídeo, análise temporal, inteligência artificial
explicável.
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Abstract

Automatic face analysis has become a central component of modern computer vision systems,
with applications in security, biometrics, and human–computer interaction. Among the various
face analytics tasks, face detection and age estimation are particularly relevant, yet they remain
challenging when applied to video data acquired in less constrained environments. Variations in
pose, illumination, occlusion, motion, and image quality often lead to unstable detections and
inconsistent age predictions over time. At the same time, the black-box nature of deep learning
models raises concerns related to interpretability and trust.

This dissertation investigates face detection and age estimation from video, with particular
emphasis on the temporal stability of predictions and the interpretability of the underlying models.
The work presents a comprehensive review of the state of the art in face analytics, face detection,
age estimation, and explainable artificial intelligence, complemented by a critical synthesis of
recent approaches for video-based age estimation.

Based on this analysis, a modular pipeline is defined, integrating face detection, image-level
age estimation, temporal aggregation strategies, and explainability mechanisms. The clear sepa-
ration between these components enables the impact of each stage on overall system performance
to be analysed individually and facilitates the replication and extension of existing methodologies,
following a recent and reproducible protocol for video-based age estimation.

Experimental results demonstrate that YOLOv12m achieved the best face detection perfor-
mance among the evaluated models on the WIDER FACE benchmark. For age estimation, the
MiVOLO model achieved competitive performance on the Casual Conversations benchmark, pro-
ducing results comparable to those reported in recent literature. The age estimation error was
found to increase progressively for older age groups, reflecting a well-known challenge in current
age estimation systems. Temporal smoothing and aggregation strategies improved the stability of
subject-level predictions, while the Integrated Gradients analysis showed that the model relies on
semantically meaningful facial regions when estimating age. Furthermore, the explanation vali-
dation experiments confirmed the consistency and reliability of the generated attributions. Future
work could explore age-specific model adaptation, improved temporal modeling, and validation
on more diverse datasets to further improve robustness and generalizability.

Keywords: Face analytics, face detection, age estimation, video analysis, temporal stability, ex-
plainable artificial intelligence.
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Chapter 1

Introduction

The human face is a distinct and easily recognizable biometric feature that is now commonly

used in modern identification systems. From high-security environments like airports and border

control to everyday consumer devices such as smartphones and laptops, facial recognition and

analysis technologies play an increasingly prominent role. However, ensuring that these systems

remain reliable under real-world conditions and transparent in their decision-making is an ongo-

ing challenge. This dissertation addresses this challenge by investigating face detection and age

estimation from videos captured in less constrained environments, with particular emphasis on

the temporal stability of predictions and the interpretability of deep learning models. Through the

evaluation and integration of state-of-the-art methods, the work analyses how facial age estimation

systems behave under realistic conditions and examines the extent to which their predictions can

be explained using modern explainable artificial intelligence techniques.

1.1 Context and Background

Face analysis technologies have advanced significantly over the past decades, becoming cen-

tral to applications in security, authentication, and consumer electronics. Face detection is often

regarded as the foundational step in most face-related tasks. Early face detection systems relied on

handcrafted features and cascade-based classifiers, representing important breakthroughs in real-

time visual processing [1]. With the advent of deep learning, detection performance improved

substantially through data-driven convolutional architectures capable of learning hierarchical rep-

resentations directly from large-scale datasets [2, 3]. These advances enabled robust operation

under less constrained conditions involving pose variation, illumination changes, and background

clutter. Comprehensive surveys have documented this methodological evolution and its impact on

facial analysis research [4, 5].

Facial age estimation has similarly gained relevance due to its wide application in biomet-

rics, human–computer interaction, and demographic analysis. Deep learning based approaches

trained on large-scale datasets such as UTKFace [6] and AgeDB [7] have significantly improved

1



Introduction 2

prediction accuracy. Nonetheless, age estimation remains inherently difficult due to the natural

variability in human aging patterns, as highlighted in existing studies [5].

1.2 Motivation

This dissertation is motivated by two major research gaps: the need for robustness and the

need for explainability.

First, many face detection and age estimation systems function effectively under controlled

environments but degrade significantly in real-world or video-based scenarios. Motion blur, oc-

clusions, drastic illumination changes, and viewpoint variation often result in unstable detections

or inconsistent age predictions. Ensuring robust performance across such challenging conditions

is critical for real deployments, especially in security or surveillance contexts [8].

Second, modern deep learning systems operate largely as “black boxes” making their internal

decision-making opaque. In the context of biometric systems, explainability has become increas-

ingly important, both for regulatory compliance and for user trust. Explainable AI (XAI) methods

attempt to reveal which features or regions of the face influence model predictions, providing valu-

able transparency. Recent work has underscored the need for trustworthy and interpretable facial

analytics, such as the studies presented by Rajpal [9].

1.3 Challenges

Several challenges arise in the development of a robust and explainable framework for face

detection and age estimation in video:

• Environmental variability: Faces in video often appear under inconsistent lighting, occlu-

sions, extreme head poses, or motion blur, making detection more difficult.

• Diversity of aging patterns: Individuals of the same age may look significantly different

due to genetic, lifestyle, and environmental factors, creating large intra-class variation [5].

• Temporal inconsistency: Frame-by-frame predictions in video can fluctuate, requiring

temporal smoothing or tracking for stable behavior.

• Explainability constraints: Methods such as Grad-CAM or saliency maps must produce

faithful, interpretable visual explanations while remaining computationally practical.

• Dataset limitations: Image datasets such as UTKFace [6] or AgeDB [7] are widely used,

but annotated video datasets remain scarce, limiting research on temporal robustness.

These challenges highlight the need for integrated, well-designed pipelines capable of han-

dling both performance and interpretability requirements.
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1.4 Objectives and Scope

The primary objective of this dissertation is to analyse and evaluate face detection and age es-

timation methods for video data acquired under less constrained conditions. Particular emphasis is

placed on the performance of state-of-the-art approaches and on the interpretability of their predic-

tions through explainable artificial intelligence techniques. This objective is pursued through the

systematic study and integration of existing computer vision and deep learning methods, enabling

the assessment of their accuracy, robustness, and explanation reliability on challenging real-world

datasets.

To achieve this objective, the dissertation first presents a review of the state of the art in face

analytics, covering face detection, age estimation, and explainable artificial intelligence. This

review establishes the theoretical and methodological foundations of the work and provides the

context to motivate the experimental choices adopted throughout the dissertation.

The face detection component focuses on the evaluation and comparison of several state-of-

the-art detectors using the WIDER FACE benchmark. The objective is to identify the detector that

provides the most suitable balance between accuracy, robustness, and computational efficiency for

integration into the complete age estimation pipeline.

For age estimation, the selected face detector is combined with the MiVOLO age estima-

tion model, selected based on its competitive performance in recent age estimation literature and

its compatibility with the face-only setting adopted in this work, and evaluated on video-based

datasets following a subject-level protocol. Particular attention is given to the behaviour of the

model under less constrained conditions and to the effectiveness of prediction aggregation strate-

gies for obtaining stable subject-level estimates.

Another central objective is to investigate the interpretability of age estimation predictions

through attribution-based explainability analysis, using Integrated Gradients as the main expla-

nation method. The generated attribution maps are analysed to identify the facial regions that

contribute more to the model’s predictions, while dedicated validation experiments are performed

to assess the reliability and faithfulness of the explanations.

Finally, the integrated system is evaluated through a series of quantitative and qualitative anal-

yses covering face detection performance, age estimation accuracy, demographic behaviour, error

patterns, and explanation quality. Together, these objectives define the scope of the dissertation

and provide a comprehensive assessment of face detection, age estimation, and explainability in

less constrained video-based scenarios.

1.5 Contributions

This dissertation contributes to the study of face detection and age estimation in less con-

strained video scenarios through a combination of experimental evaluation, methodological anal-

ysis, and explainability. While substantial progress has been achieved in face analysis from still
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images, age estimation from video remains comparatively less explored and presents additional

challenges related to motion, image quality variations, and prediction consistency across frames.

The first contribution of this work is the evaluation and replication of the recent video-based

age estimation framework proposed by Bešenić et al. [10], chosen as a reference due to its subject-

level evaluation protocol and competitive performance on the Casual Conversations benchmark.

By reproducing and analysing the evaluation protocol described in that work, including face de-

tection, age prediction, and subject-level aggregation, the dissertation provides an independent

assessment of its applicability and performance on challenging video datasets. Such replication

contributes to methodological transparency and reproducibility, which remain important aspects

of contemporary computer vision research.

The second contribution is the development of an integrated pipeline combining state-of-the-

art face detection and age estimation models for video-based analysis. Rather than proposing new

architectures, the work focuses on systematically evaluating the interaction between face detec-

tion, age prediction, and aggregation strategies in realistic video scenarios. This provides insight

into the strengths and limitations of existing approaches when deployed under less constrained

conditions.

A third contribution is the incorporation of explainable artificial intelligence techniques into

the age estimation inference pipeline through Integrated Gradients. For each sampled frame used

in the evaluation, an attribution map is generated from the age estimation model to identify the fa-

cial regions contributing most to the corresponding prediction. The generated attribution maps are

analysed to identify the facial regions most relevant to age estimation, while dedicated validation

experiments based on insertion and deletion tests are used to assess the faithfulness and reliability

of the explanations. This contributes to a better understanding of the decision-making process of

deep learning models and supports the development of more transparent age estimation systems.

Finally, the dissertation provides a detailed analysis of age estimation performance across

different age groups and demographic categories, together with an investigation of common failure

cases and current limitations of video-based age estimation systems. These analyses highlight

challenges such as increased prediction errors for older subjects and provide practical insights into

factors that influence performance in real-world conditions.

Overall, this work contributes to a stronger empirical understanding of face detection, age esti-

mation, and explainability in less constrained video environments, while providing a reproducible

evaluation framework for future research.

1.6 Structure of the Dissertation

This dissertation is organized into five chapters.

Chapter 1 introduces the research topic and presents the context, motivation, challenges, ob-

jectives, contributions, overall structure of the dissertation, and its relationship to the Sustainable

Development Goals (SDGs).
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Chapter 2 reviews the state of the art in face analytics, with particular focus on face detection,

age estimation, and explainable artificial intelligence. It discusses traditional and deep learning-

based approaches, video-based age estimation methods, commonly used datasets, and existing

explainability techniques relevant to facial analysis systems.

Chapter 3 describes the methodological framework adopted throughout this work. It presents

the reference framework used as the basis for the study, the proposed system pipeline, the datasets

and evaluation metrics, the experimental setup, and the protocols used for face detection and age

estimation evaluation.

Chapter 4 presents the experimental results. The chapter begins with the evaluation and se-

lection of the face detection model, followed by the assessment of age estimation performance on

the Casual Conversations datasets. Performance is analysed across different age groups and de-

mographic categories, together with an investigation of common error patterns. The chapter also

includes an explainability analysis based on Integrated Gradients and a validation of the generated

explanations through insertion and deletion experiments.

Finally, Chapter 5 summarizes the main findings of the dissertation, discusses the principal

limitations of the proposed framework, and outlines potential directions for future work in video-

based age estimation and explainable facial analytics.

1.7 Sustainable Development Goals

This dissertation is indirectly related to several Sustainable Development Goals (SDGs), par-

ticularly through the study of artificial intelligence methods applied to facial analysis, age estima-

tion, demographic evaluation, and explainability. Table 1.1 summarizes the most relevant SDGs,

their associated targets, the contribution of this work, and the indicators used to achieve them.
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Table 1.1: Relationship between this dissertation and the Sustainable Development Goals.

SDG Target Contribution Performance Indicators and
Metrics

3 3.d Indirectly contributes to facial analy-

sis technologies with potential appli-

cations in healthcare, well-being, and

aging-related studies.

Mean Absolute Error (MAE),

age-group analysis, bias assess-

ment, and robustness evaluation

under less constrained condi-

tions.

9 9.5 Contributes to research in artifi-

cial intelligence and computer vision

through the evaluation of face detec-

tion, age estimation, and explainabil-

ity methods.

Average Precision (AP), age-

group accuracy, MAE, compari-

son with existing literature, and

experimental validation.

10 10.2 Demographic group analysis enables

the identification of performance dif-

ferences and limitations associated

with data representativeness.

MAE by demographic group,

analyses across age, gender, and

country, and identification of er-

ror patterns.

16 16.6 The use of explainability methods

promotes greater transparency in the

interpretation of model predictions.

Integrated Gradients attribution

maps, regional attribution analy-

sis, and insertion/deletion tests.

Although the primary contribution of this dissertation is methodological and experimental, the

results obtained are indirectly connected to several Sustainable Development Goals. In the context

of SDG 3 (Good Health and Well-Being), the study of face detection and age estimation techniques

may contribute to the future development of digital health tools, population monitoring systems,

and aging-related research. While the work was not designed for a specific clinical application,

it enabled the evaluation of artificial intelligence models in estimating age-related characteristics

under real-world, less constrained conditions.

Regarding SDG 9 (Industry, Innovation and Infrastructure), this dissertation contributes to

research in Artificial Intelligence and Computer Vision through the systematic evaluation of face

detection, age estimation, and explainability methods. The comparison of different approaches

and the experimental validation of results generated knowledge that may support the development

of more effective and reliable systems in future applications.

The connection to SDG 10 (Reduced Inequalities) arises from the analysis of model perfor-

mance across different demographic groups. Evaluation by age, gender, and country made it

possible to identify performance variations among distinct populations and highlight the impact

that data representativeness can have on the obtained results. Although bias mitigation was not a

direct objective of this work, identifying these differences contributes to a better understanding of
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model limitations.

Finally, the relationship with SDG 16 (Peace, Justice and Strong Institutions) is associated with

the explainability component developed throughout this dissertation. The use of the Integrated

Gradients method enabled the analysis of the facial regions most relevant to the model’s predic-

tions, while insertion and deletion tests provided quantitative evidence regarding the faithfulness

of the generated explanations. These procedures promote greater transparency and understanding

of the decision-making process of artificial intelligence models.



Chapter 2

State of the Art

2.1 Face Analytics

Face analytics is a subdomain of computer vision and pattern recognition focused on the au-

tomated analysis of human faces in images and videos. It encompasses a broad range of tasks

aimed at extracting identity or semantic information from facial data [4, 11]. The human face is a

rich source of visual cues that reveal identity, age, gender, ethnicity, emotion, and other attributes,

making facial image analysis a pivotal research area in biometrics and human-centred computing.

The field includes fundamental tasks such as face detection and localisation, geometric align-

ment to a canonical pose, and the learning of robust facial representations. Building upon these

foundational steps, higher-level inference tasks include face recognition (identity verification and

identification), age estimation, gender classification, expression recognition, and other attribute

predictions (e.g., ethnic background, gaze, or health-related indicators) [5, 12]. These tasks are

deeply interrelated: downstream analyses rely on accurate detection and normalisation, and multi-

ple attributes can often be inferred from a shared facial representation. Accordingly, face analytics

can be viewed as an umbrella framework covering the entire pipeline from low-level localisation

to high-level semantic inference.

2.1.1 Face Analytics tasks

Among the various tasks in face analytics, face detection constitutes the essential first stage

upon which all subsequent analyses depend. Automatically locating faces in an image or video

frame is a prerequisite for any further processing. As summarized in Table 2.1, once faces are

detected they can be aligned, represented through discriminative embeddings, and analysed for

higher-level attributes such as identity, age, or expression.

In a typical processing pipeline, a detector outputs bounding boxes that isolate facial regions,

which are then cropped and passed to subsequent modules such as alignment, recognition, or

attribute estimation [11]. The reliability of this stage is critical, as detection errors propagate

to downstream tasks. Even small localisation inaccuracies or misalignments can significantly

degrade recognition accuracy or age estimation performance.

8
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Detecting faces in less constrained environments remains challenging due to factors such as

pose variation, facial expression changes, illumination differences, partial occlusions, and back-

ground clutter. Unlike many generic object detection problems, subtle variations in facial view-

point or configuration can significantly alter the appearance of discriminative features. These

challenges were already highlighted in early face detection research [4], where classical detectors

often performed well only under controlled conditions but struggled with extreme pose, occlusion,

and illumination variability [4, 13].

Low-resolution facial imagery introduces additional difficulties, as limited pixel information

reduces the visibility of age-related facial features and can negatively affect both face detection

and age estimation performance [13]. Consequently, modern face analytics systems must operate

robustly “in the wild,” where variability is the norm rather than the exception.

Table 2.1: Representative tasks in face analytics, their typical outputs, and representative refer-
ences.

Task Brief Description Typical Output Representative
References

Face Detection Locate faces in images or video. Bounding boxes [3, 4, 11]

Face Alignment Normalize facial geometry using
landmarks.

Landmark
coordinates

[4]

Face Recognition Verify or identify subjects from facial
features.

Identity / similarity
score

[14–16]

Age Estimation Estimate age from facial appearance.
Age value / age

group
[10, 17, 18]

Expression
Recognition

Recognize facial expressions or affective
state.

Expression label [19, 20]

Head Pose
Estimation

Estimate head orientation relative to the
camera.

Yaw / pitch / roll [21]

Face Parsing Segment semantic facial regions. Pixel-wise labels [4]

2.1.2 Scope of Face Analytics

Once a face is detected, a range of analytic tasks can be applied to the isolated region. A

common subsequent step is face alignment, which involves localising key landmarks (e.g., eye

corners, nose tip, mouth corners) and geometrically normalising position, scale, and rotation. This

process reduces pose-related variability and improves consistency before applying recognition or

attribute classifiers [2, 22]. Facial landmark detection itself constitutes both a preprocessing stage

and an independent research topic with applications in motion capture and expression analysis.

Beyond alignment, facial representation learning forms the core of most modern face analytics

systems. The objective is to transform raw pixel data into a compact feature embedding that

preserves discriminative identity or attribute information while remaining invariant to nuisance

factors such as pose or illumination. Early approaches relied on hand-crafted descriptors (e.g.,
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eigenfaces or local texture features), whereas contemporary systems predominantly learn deep

representations from large-scale annotated datasets.

These learned embeddings can then be utilised for diverse tasks. In face recognition, embed-

dings are compared to determine identity verification or identification [5]. In attribute estimation

tasks such as age or gender prediction, the representation is fed into regression or classification

models [12]. Expression recognition similarly relies on discriminative features capturing subtle

muscle movements or Action Units.

Additional tasks under the face analytics umbrella include head pose estimation, face pars-

ing and segmentation, face reenactment or synthesis, and the inference of softer biometric traits.

Collectively, these components enable comprehensive facial analysis extending well beyond iden-

tity recognition. Modern benchmarks increasingly evaluate multiple tasks jointly, reflecting the

integrated and multi-task nature of contemporary face analytics research [23, 24].

2.1.3 Evolution of Face Analytics

Face analytics methodologies have evolved substantially over the past two decades, transi-

tioning from manually engineered features toward data-driven deep learning frameworks. Early

systems relied on carefully designed descriptors combined with traditional machine learning algo-

rithms. In face detection, cascade-based classifiers built upon simple Haar-like features enabled

real-time processing on standard CPUs [1]. Similarly, face recognition initially relied on linear

subspace methods such as Eigenfaces [25], as well as local texture descriptors including LBP [26]

and HOG [27], typically combined with classifiers such as Support Vector Machines.

Age estimation followed a comparable trajectory. Early approaches employed anthropomet-

ric measurements, wrinkle analysis, or ageing subspace modeling [28, 29]. While these methods

achieved reasonable performance under controlled conditions, they struggled to generalise to less

constrained environments due to their limited ability to capture complex variability in pose, illu-

mination, and expression.

The inherent limitations of handcrafted features became increasingly apparent as datasets grew

in scale and diversity. Although incremental improvements such as pose normalisation and ensem-

ble strategies were introduced, classical systems remained sensitive to distribution shifts and envi-

ronmental variability [4, 5]. By the early 2010s, the need for more expressive and scalable learning

paradigms became evident, paving the way for deep convolutional architectures that would funda-

mentally reshape face analytics research.

2.1.4 Deep Learning Impact

Deep convolutional neural networks (CNNs) enabled face analytics systems to learn feature

representations directly from data, rather than relying on manually designed descriptors. With the

availability of large annotated face databases containing millions of images, CNN-based models

rapidly surpassed traditional approaches across major facial analysis tasks.
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In face detection, modern deep architectures such as the Multi-Task Cascaded Convolutional

Network (MTCNN) [2] and single-shot detectors like RetinaFace [3] leverage hierarchical feature

learning to predict face locations with high precision and recall, even under challenging condi-

tions including occlusion, extreme pose, and tiny face scales. These models learn multi-scale

filters that capture complex facial patterns and implicitly handle variations that were difficult for

handcrafted features. As a result, current detectors reliably operate in scenarios once considered

highly challenging, such as partially masked faces or low-light crowd environments.

In face recognition, deep learning produced an unprecedented increase in accuracy. Networks

trained on massive identity datasets generate highly discriminative embeddings that approach or

surpass human-level performance on benchmark evaluations [5]. Milestone systems such as Deep-

Face and FaceNet demonstrated that a single CNN architecture could encode identity with remark-

able separation power [30]. Subsequent innovations, including margin-based loss functions such

as ArcFace [31] and large-scale dataset curation, further strengthened representation compactness

and inter-class separability.

Age estimation has undergone a comparable transformation. While early predictors relied on

handcrafted features and shallow regressors, modern approaches employ deep networks trained

on extensive age-labelled datasets [32, 33]. These models learn complex wrinkle structures, facial

morphology variations, and texture-based ageing cues that generalise more effectively across indi-

viduals. For instance, the AgeCNN model by Rothe et al., which won the ChaLearn apparent age

estimation challenge, demonstrated that pretraining on face recognition tasks followed by fine-

tuning for age regression significantly reduces mean absolute error [34]. Numerous subsequent

studies confirmed the superiority of CNN-based approaches for age and attribute estimation [33,

35].

Overall, deep learning now constitutes the foundational paradigm for high-performance face

analytics systems, primarily due to its capacity to learn robust, hierarchical feature representations

from large-scale data.

2.1.5 Current Challenges

Despite substantial progress, several challenges continue to drive research in face analytics.

Many of these arise from intrinsic variability in facial appearance across environmental and de-

mographic conditions.

Pose variation remains a persistent difficulty. Non-frontal views introduce self-occlusion and

geometric distortion, complicating both detection and recognition. Although deep networks ex-

hibit improved pose tolerance, performance typically decreases for extreme profile views, moti-

vating research into pose-invariant embeddings and 3D-aware modelling strategies.

Occlusion represents a closely related issue. When facial regions are partially hidden by ob-

jects, accessories, or other individuals, algorithms must infer identity or attributes from incomplete

evidence. Severe occlusions, such as medical masks, significantly degrade performance. Recent

methods attempt to mitigate this through occlusion-aware training or image inpainting techniques,

yet robust handling of arbitrary occlusion patterns remains unresolved [13].
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Illumination variability further complicates facial analysis. Extreme lighting conditions, in-

cluding backlit or nighttime scenarios, alter texture and shading cues. Although deep models

are more illumination-invariant than classical systems, low-light benchmarks such as DarkFace

reveal persistent performance degradation under poor visibility [36]. Similarly, low resolution,

motion blur, and sensor noise reduce discriminative information, often requiring super-resolution

or quality-enhancement modules.

Beyond imaging factors, demographic variability and algorithmic bias have emerged as crit-

ical concerns. Performance disparities across gender, ethnicity, and age groups can arise from

unbalanced training data or biased representations. For example, commercial gender classification

systems exhibited significantly higher error rates for darker-skinned females compared to lighter-

skinned males [37]. In age estimation, models trained predominantly on adult faces may under-

perform for children or elderly subjects. Recent research therefore emphasises fairness auditing,

balanced dataset curation, and bias-aware optimisation strategies [35].

Age-related variability introduces an additional challenge. Ageing is a complex and non-

linear biological process influenced by genetics, health, and lifestyle [33]. Individuals of the same

chronological age may exhibit markedly different facial ageing patterns, complicating regression

accuracy and cross-age recognition. Recognising individuals across decades remains difficult due

to progressive morphological changes [29]. Although deep embeddings exhibit partial age invari-

ance, substantial age gaps can still lead to failure cases.

2.1.6 Practical Relevance and Applications

Face analytics underpins a wide range of real-world applications across security, human–computer

interaction, healthcare, and demographic analysis.

In biometrics and security, face recognition has become mainstream for identity verification,

from consumer devices to automated border control systems. Law enforcement agencies employ

detection and recognition systems in surveillance and forensic investigations [5]. Attribute estima-

tion, including age and gender prediction, assists in narrowing search spaces during identification

processes.

In human–computer interaction, facial analysis enables adaptive and personalised interfaces.

Video conferencing platforms rely on detection and alignment for frame centring, while interactive

displays use demographic estimation to tailor content. Expression recognition supports emotion-

ally aware systems capable of detecting engagement or distress.

Emerging biomedical applications further highlight the societal impact of face analytics. Deep

learning systems trained on clinical facial datasets can identify syndromic patterns associated with

genetic disorders. For example, DeepGestalt demonstrated expert-level performance in recog-

nising craniofacial phenotypes across numerous syndromes [38]. Additional applications include

automated pain assessment and neurological disorder screening, where high reliability is essential.

In demographic research, large-scale age and gender estimation enables population-level an-

alytics, such as analysing social media demographics or estimating foot traffic distributions in
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urban environments [24]. While these uses raise important ethical and privacy considerations,

they illustrate the broad practical reach of face analytics technologies.

In summary, face analytics provides a comprehensive framework for automated facial under-

standing. The following sections examine two core components, Face Detection and Age Es-

timation, within this broader context, highlighting both shared challenges and domain-specific

considerations for real-world deployment.

2.2 Face Detection

Face detection is the process of determining whether human faces appear within an image or

video and estimating their spatial location. It is the first and most essential stage of any facial

analysis framework, as all subsequent tasks such as face recognition, age estimation, or facial

expression analysis depend on reliable localization [11].

Over roughly three decades, face detection has evolved from rule-based systems and hand-

crafted feature extractors to deep learning-based approaches capable of operating under challeng-

ing real-world conditions. Figure 1 summarises the main stages of this evolution, highlighting

representative methods discussed throughout this section. The progression ranges from classical

approaches such as Viola–Jones and HOG+SVM to modern deep learning-based detectors includ-

ing MTCNN, RetinaFace, and recent YOLO-based architectures.

Figure 1: Evolution of representative face detection methods, from traditional handcrafted-feature
approaches to modern deep learning-based detectors.

In the following sections, a structured state-of-the-art review is presented following this chrono-

logical progression. The discussion begins with classical pre-deep learning methods, followed by

convolutional neural network-based detectors, and concludes with approaches designed for less

constrained and video-based scenarios, as discussed in the surveys by Zafeiriou et al. [4] and

Hassaballah et al. [5].
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2.2.1 Traditional Face Detection Methods

Before deep learning, face detection was dominated by handcrafted systems based on prior

knowledge, geometric constraints, and low-level image features. Classical taxonomies categorise

early approaches into knowledge-based, template-matching, feature-based, and appearance-based

methods [11]. Knowledge-based models attempted to codify the expected spatial relationships be-

tween facial components such as relative eye symmetry, the vertical ordering of nose and mouth,

or the rough proportions of a frontal face. Although computationally lightweight, these models

lacked robustness to real-world variability and often generated false positives when non-face ob-

jects happened to match coarse geometric templates [39]. Template-matching approaches applied

static or deformable face prototypes across sliding windows and compared them to local image

patches. While effective for well-aligned, frontal faces, template-based detectors typically failed

under scale variation, rotations, and non-frontal poses [40].

Feature-based methods attempted to identify local structures characteristic of facial appear-

ance, such as edge patterns, gradient distributions, or skin-color regions. These local cues were

then combined using heuristics or shallow classifiers. Such systems performed reasonably well

under controlled conditions but were highly sensitive to illumination, background clutter, and oc-

clusion [41]. Appearance-based models, such as PCA-based eigenfaces, used global intensity

patterns to characterize faces, but these models were computationally demanding and sensitive to

image variation [25].

A major breakthrough came with the Viola–Jones framework [1], which marked a signifi-

cant departure from earlier heuristics by introducing a scalable and fast detection pipeline based

on three key innovations: (i) Haar-like rectangular features computed efficiently using integral

images, (ii) AdaBoost for selecting the most discriminative features and combining weak learners

into strong ones, and (iii) a cascade architecture that rejected non-face regions early. This structure

is illustrated in Figure 2.

Figure 2: Overview of the Viola–Jones face detection framework, illustrating Haar-like features
with AdaBoost feature selection, and the cascade structure that enables real-time face detection.
Source: Paralect Blog [42].

This combination enabled real-time detection of around 15 frames per second on low-end

CPUs, making Viola–Jones the foundational detector of the 2000s [11]. Its success stemmed from
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high detection rates on frontal faces and computational efficiency. However, the method’s heavy

reliance on upright frontal geometry made it vulnerable to non-frontal poses, rotations, and partial

occlusions. Although extensions employing rotated Haar features [43] or alternative descriptors

like Local Binary Patterns [26] provided modest improvements but did not fundamentally over-

come these limitations.

In the late 2000s, feature-descriptor approaches gained prominence. Dalal and Triggs’ His-

tograms of Oriented Gradients (HOG) [27], initially proposed for pedestrian detection, effectively

captured local gradient orientation distributions and proved highly suitable for frontal face detec-

tion. Combined with a linear SVM, HOG-based detectors offered superior robustness to changes

in illumination and moderate pose variation compared to Haar cascades [27]. The Dlib library

subsequently popularized a HOG+SVM face detector that remains widely used for lightweight

applications [44].

Another influential classical technique was the deformable part model (DPM), which repre-

sented objects as collections of parts connected by flexible spatial relationships. Xiangxin Zhu’s

mixture-of-trees model [22] applied a part-based formulation to faces, enabling the detection of

both frontal and profile views by using multiple part configurations. This model demonstrated

significantly improved robustness to pose variation and moderate occlusion relative to earlier

global-template approaches. However, DPMs were computationally expensive and sensitive to

background clutter, and by the early 2010s they approached their practical performance limits

[22, 45]. On benchmarks such as FDDB, classical detectors plateaued: they were effective for

controlled datasets but degraded sharply in unconstrained “in-the-wild” environments [46]. This

stagnation created the conditions for deep learning based approaches to dominate the field.

2.2.2 Deep Learning Based Face Detection

Deep convolutional neural networks (CNNs) transformed face detection by learning hierar-

chical visual representations directly from data. Although early neural-network-based detectors

appeared in the late 1990s [47], the success of deeper architectures, particularly after AlexNet

[48], accelerated the transition toward fully data-driven approaches.

One of the first influential deep face detectors was the Multi-Task Cascaded Convolutional

Network (MTCNN) [2]. MTCNN uses a three-stage CNN cascade that progressively refines can-

didate regions while jointly predicting face bounding boxes and facial landmarks. This formula-

tion improved robustness to variations in pose, illumination, and scale, achieving strong results on

benchmarks such as FDDB [46] and WIDER FACE [49].

Modern detectors are commonly divided into two-stage and single-stage architectures. Two-

stage methods, such as Faster R-CNN [50], first generate region proposals and subsequently clas-

sify and refine them, generally providing strong localization at increased computational cost. In

contrast, single-stage approaches such as SSD [51] and YOLO [52] predict bounding boxes di-

rectly from dense feature maps, favouring efficient inference and real-time applications.
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The WIDER FACE dataset [49] played an important role in the development of these methods

due to its large variations in face scale, pose, and occlusion. Its “Hard” subset contains particu-

larly small and partially occluded faces, exposing weaknesses in earlier detectors and encouraging

architectures designed to preserve information at multiple spatial scales [53].

SSH [54] introduced context modules and scale-aware anchors to improve small-face detection

while maintaining single-stage efficiency. DSFD [55] later incorporated dual-shot supervision to

strengthen feature representations, while RetinaFace [3] combined multi-scale detection with joint

prediction of bounding boxes, facial landmarks, and coarse 3D facial structure.

Subsequent architectures continued to refine scale handling and feature representation. TinaFace

[56] improved anchor assignment, ASFD [57] introduced adaptive receptive fields, and HP-FLDet

[58] jointly addresses face detection and landmark localisation. The relatively small performance

differences among these recent methods suggest that progress on WIDER FACE increasingly de-

pends not only on accuracy, but also on computational efficiency and robustness.

SCRFD [59] explicitly targets this accuracy–efficiency trade-off by redistributing computation

and training samples across network stages. Its strong performance across different computational

budgets, particularly on difficult WIDER FACE cases, makes it a relevant reference for efficient

face detection.

YOLOv12 [60] represents a more recent generation of real-time object detectors, combining

attention-based mechanisms with the efficiency of single-stage YOLO architectures. Although not

originally designed specifically for face detection, its favourable accuracy–latency trade-off makes

it a relevant candidate for face-analysis pipelines requiring both robustness and efficient inference.

In the context of this dissertation, face detection serves as the first stage of the age estimation

pipeline, and the resulting face crops are subsequently processed by MiVOLO [61] for frame-level

age prediction. MiVOLO was pretrained on a combination of large-scale age and gender datasets,

including UTKFace, rather than being trained specifically on the Casual Conversations data used

in this work. Consequently, detector robustness and localisation quality are particularly important,

as detection errors may directly affect the input provided to the downstream age estimation model.

Table 2.2 summarizes representative deep learning face detectors evaluated on the WIDER

FACE test set (Hard subset) [49]. Modern methods consistently achieve high AP values, while

recent developments increasingly emphasize efficiency, scalability, and robustness to challenging

real-world conditions [36, 37].
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Table 2.2: Comparison of representative face detection models on the WIDER FACE test set (Hard
subset). AP = Average Precision.

Method Backbone Architecture Type AP (Hard)

SSH (2017) [54] VGG-16 Anchor-based (single-stage) 0.844

DSFD (2019) [55] ResNet-152 Dual-shot detector 0.900

RetinaFace (2020) [3] ResNet-50 Multi-task anchor-based 0.914

TinaFace (2020) [56] ResNet-50 Anchor refinement 0.924

ASFD (2021) [57] ResNet-152 Adaptive receptive fields 0.921

HP-FLDet (2024) [58] ResNet-50 Joint face and landmark detection 0.921

2.2.3 Face Detection in Video and Unconstrained Settings

Although deep learning has largely solved face detection for static, high-quality images, the

task remains substantially more challenging in video. Real-world video streams often include

rapid head movements, motion blur, abrupt changes in illumination, occlusions from objects or

other people, and frames where the face is too small or partially outside the field of view [62].

Additionally, video-based systems must ensure temporal stability: a face should not spontaneously

disappear and reappear across frames, nor should random false positives flicker in and out. These

temporal inconsistencies can significantly degrade downstream tasks such as tracking, recognition,

and age estimation [63].

The most straightforward video pipeline applies a still-image face detector such as MTCNN,

RetinaFace, or a lightweight single-stage CNN to every frame independently. With modern GPUs

or efficient mobile architectures, per-frame face detection at video frame rates can often be com-

putationally feasible. However, when detection is combined with subsequent processing stages,

such as tracking, age estimation, or explainability analysis, the overall computational requirements

may become substantially higher. [64]. A detector may confidently detect a face in stable frames

but fail momentarily when confronted with blur, occlusion, or non-frontal pose. Similarly, false

positives may appear for only a single frame due to reflections or sudden lighting shifts. These

behaviours motivate temporal smoothing mechanisms [65].

The dominant paradigm for achieving temporal consistency is tracking-by-detection. In this

approach, a detector provides candidate bounding boxes for each frame, and a tracking mod-

ule links detections over time into continuous trajectories. Popular tracking algorithms include

Kalman filtering coupled with the Hungarian algorithm for data association [63], as well as more

advanced trackers such as SORT [63] and DeepSORT [66]. These systems estimate short-term

future face positions, allowing the tracker to bridge occasional missed detections. They also filter

out spurious detections that fail to persist across frames and assign consistent identities over time.

Tracking-by-detection is computationally efficient and modular, making it widely used in

surveillance, human–computer interaction, and autonomous driving.
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In addition to tracking, motion cues can improve robustness under difficult video conditions.

Faces exhibit characteristic micro-motions such as blinking, subtle head movements, or lip motion.

Optical flow techniques like Farnebäck flow [67] can detect regions moving coherently with human

head dynamics, allowing the system to prioritize candidate regions even before appearance-based

confidence returns. Although motion-based signals are secondary to CNN predictions, they remain

valuable in cases involving low light, heavy motion blur, or compression artifacts [36].

Researchers have also explored deep architectures that explicitly incorporate temporal infor-

mation. Some models use 3D convolutional layers to process short frame sequences jointly [68,

69], while others add recurrent modules (LSTMs or GRUs) on top of frame-level CNN features to

propagate face-relevant information over time [70]. Despite their appeal, these temporally aware

networks remain less common due to increased computational cost. For many applications, a

strong still-image detector combined with a robust tracker provides a sufficient solution.

Real-time requirements further shape system design. Applications such as driver monitoring,

access control, and smart-camera analytics often operate with limited computational resources.

In these settings, lightweight face detectors such as MobileNet-based backbones [71], binarized

neural networks, or architectures like FaceBoxes [72] are attractive due to their ability to run effi-

ciently on CPUs. Additional strategies include down-sampling frames, performing detection every

n-th frame (with tracking interpolating positions), or restricting detection to foreground-motion

regions. Although such strategies may reduce accuracy, they preserve responsiveness under tight

computational budgets.

Video introduces further challenges not present in still images. Long-term partial occlusions

such as a hand covering part of the face or masks can cause detectors to alternate between success

and failure. Very small faces, common in wide-angle surveillance footage, pose a fundamental

challenge: below a certain resolution, even advanced CNNs lack sufficient visual information.

Super-resolution and deblurring modules have been proposed to mitigate these limitations [73],

though they add computational overhead.

Finally, fairness and demographic robustness are increasingly important considerations in

video settings. Several studies report that face detectors may perform unevenly across demo-

graphic groups or under varied lighting and pose conditions [37]. Ensuring reliable detection for

all populations requires balanced training data, appropriate augmentation strategies, and in some

cases, explicit fairness-aware optimisation.

In summary, modern deep detectors combined with temporal smoothing and tracking provide

strong performance for video-based applications. Persistent challenges include motion blur, ex-

tended occlusions, extremely small faces, and demographic fairness. These aspects are central to

the framework developed in this thesis, which aims for reliable and explainable face analysis in

realistic, unconstrained environments.

2.2.4 Face Detection Datasets

Over the years, several large-scale benchmarks have shaped the evolution of modern face

detectors.
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One of the first widely adopted unconstrained benchmark was the FDDB (Face Detection Data

Set and Benchmark) [46] containing 2,845 images with 5,171 annotated faces with moderate pose

and illumination variations. However, FDDB is relatively small by modern standards and contains

limited extreme-scale or heavily occluded faces.

WIDER FACE [49] significantly expanded evaluation complexity, comprising over 32,000 im-

ages and nearly 400,000 annotated faces. It includes substantial scale variation, heavy occlusions,

crowd scenes, and extreme pose diversity. The dataset defines “easy”, “medium”, and “hard”

subsets, making it particularly suitable for benchmarking robustness to tiny faces and difficult

environmental conditions. Nevertheless, WIDER FACE is limited to static images and does not

provide temporal annotations.

Other datasets such as AFW [22] and PASCAL Face [74] contributed to early benchmarking

efforts by introducing unconstrained, in-the-wild imagery with multiple faces and moderate pose

variation. However, their limited scale and relatively low diversity in occlusion, tiny faces, and

adverse imaging conditions restrict their relevance for evaluating modern deep detectors.

Subsequent benchmarks introduced more challenging scenarios. MALF [75], for example,

incorporated attribute annotations such as occlusion, enabling finer-grained robustness analysis.

The IJB series [76] included images and video frames with extreme pose and quality variations,

while UFDD [77] explicitly evaluated performance under degradations such as blur, rain, and low

resolution. These datasets reflect a shift from basic detection accuracy toward robustness under

realistic and adverse conditions.

2.3 Age Estimation

Age estimation is the task of automatically predicting a person’s age or age group from their

face image [78, 79]. It is a key component in face analytics with applications ranging from security

control to personalized human–computer interaction. Given a detected face, an age estimation

system may output either a precise age or an age range (category). Unlike attributes such as

identity or gender, age is a slowly varying attribute that progresses irreversibly and differently for

each individual. This makes automatic age estimation challenging: the facial signs of aging are

subtle, personalized, and influenced by many factors such as health, lifestyle, and ethnicity [80].

Moreover, a distinction exists between chronological age (actual age) and apparent age (how old

one looks), which has been addressed by several benchmarks such as ChaLearn LAP [32]. In

general, age estimation can be formulated as a regression problem (predicting a continuous age)

or a classification problem (predicting an age group), both exhibiting an inherent ordinal structure

[81, 82].

Over the past two decades, automatic age estimation from faces has evolved significantly [29].

Early approaches relied on hand-crafted facial features and conventional machine learning, evalu-

ated on relatively constrained image datasets. In the last decade, deep learning on large-scale face

data has dramatically improved performance, with convolutional neural networks now dominating

the field [79, 81]. In this section, we review the state-of-the-art in age estimation chronologically:
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starting from classical feature-based methods, then modern CNN-based approaches, and finally

methods for less constrained and video-based scenarios.

2.3.1 Early Age Estimation Methods

Research on automatic age estimation began in the late 1990s. One of the earliest approaches

was proposed by Kwon and Lobo [28], who introduced a simple age classification scheme based on

anthropometric facial measurements and wrinkle analysis. Their method used ratios between key

facial landmarks to distinguish infants from adults and analysed wrinkle patterns (e.g., forehead

and eye corners) to further separate younger and older adults. Although evaluated on a small

dataset, the system demonstrated the feasibility of automated age classification.

Subsequent studies focused on designing features that capture age-related facial characteris-

tics. Lanitis et al. [83] employed Active Appearance Models (AAM) to jointly represent facial

shape and texture, learning a mapping from AAM parameters to age. Their experiments showed

that nonlinear regression combined with hierarchical estimation (coarse age group followed by

refined prediction) improved accuracy. Other work attempted to explicitly model aging dynamics.

For instance, Geng et al. [84] proposed an “aging pattern” framework that represents sequences

of an individual’s face images across time as subspaces describing personal aging trajectories.

However, such approaches required longitudinal datasets and were less practical for general age

estimation.

Throughout the 2000s, numerous hand-crafted features and traditional machine learning al-

gorithms were explored [83, 85]. Global facial descriptors (e.g., PCA or AAM parameters) were

commonly combined with local texture features designed to capture wrinkles and skin smoothness.

Methods based on Local Binary Patterns (LBP) or Gabor wavelets encoded fine-grained skin de-

tails and were typically coupled with classifiers or regressors such as Support Vector Machines

or shallow neural networks. Under controlled conditions, these techniques achieved age-group

classification accuracies of approximately 80–85% [84, 86], but their performance often degraded

in less constrained environments due to variations in illumination, pose, and image quality [29].

A notable development in the pre-deep learning era was the Bio-Inspired Features (BIF) frame-

work proposed by Guo et al. [86]. BIF descriptors are derived from multi-scale and multi-

orientation Gabor filters designed to emulate aspects of human visual perception. When com-

bined with Support Vector Regression, BIF achieved state-of-the-art results for the time, reaching

a mean absolute error (MAE) of approximately 4.4 years on the MORPH dataset. Subsequent

refinements, including gender-specific models to account for different aging patterns, reduced the

error to about 2.6 years on certain benchmarks [87].

Another important insight was that age prediction inherently involves ordered labels. To ex-

ploit this property, several works adopted ordinal regression formulations. Chang et al. [88], for

example, proposed the Ordinal Hyperplane Ranking (OHRank) approach, which trained multiple

SVM classifiers to determine whether a face is older than predefined age thresholds. By incor-

porating ordinal constraints, these models achieved improved accuracy, with errors around 4.5

years MAE on datasets such as FG-NET and MORPH. Despite these advances, progress with
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handcrafted features began to plateau by the early 2010s, largely due to limitations in feature

representation and the relatively small size of available aging datasets [29, 78, 80].

2.3.2 Deep Learning-based Age Estimation

The mid-2010s marked a major shift in age estimation with the widespread adoption of deep

learning. Convolutional neural networks (CNNs) began to outperform traditional handcrafted-

feature approaches by learning age-related representations directly from large facial image datasets

[32, 81]. One of the earliest successful CNN-based approaches was proposed by Levi and Hassner

[12], who applied deep learning to age-group classification on the Adience dataset, demonstrating

that CNNs could achieve competitive performance under less constrained conditions.

A significant advance was later introduced by Rothe et al. [34] through the Deep EXpecta-

tion (DEX) model. Using the large-scale IMDb-WIKI dataset and a VGG-16 architecture, DEX

formulated age estimation as a classification problem and converted class probabilities into con-

tinuous age predictions. This approach substantially improved performance and established deep

learning as the dominant paradigm for age estimation.

Subsequent research explored architectures and learning strategies specifically designed for

age prediction. Niu et al. [89] proposed an ordinal CNN that explicitly models the ordered nature

of age labels, while other works investigated ranking-based methods, label distribution learning,

and age-aware loss functions [79, 84]. Multi-task learning approaches were also introduced to

jointly estimate age and related attributes, such as gender, allowing networks to learn richer facial

representations.

Overall, deep learning has significantly improved the accuracy and robustness of automated

age estimation systems. Nevertheless, reliable age prediction remains challenging in less con-

strained environments, where variations in pose, illumination, occlusion, image quality, and de-

mographic characteristics can substantially affect performance. In addition, age estimation accu-

racy is often lower for very young and elderly individuals due to limited training data and greater

variability in facial ageing patterns [80]. These challenges continue to motivate the development

of more robust and generalizable age estimation methods [90].

2.3.3 Unconstrained and Video-Based Age Estimation

The shift to deep learning has significantly improved the robustness of age estimation sys-

tems in unconstrained environments, where variations in pose, illumination, facial expression, and

image quality are common. Modern convolutional neural network (CNN) based approaches can

generalize well to in-the-wild conditions when trained on large and diverse datasets. In practi-

cal pipelines, face preprocessing steps such as detection and alignment are typically employed to

normalize facial regions, which helps mitigate variability and improve prediction accuracy [32].

However, extreme head poses, motion blur, and occlusions continue to degrade performance, as

they obscure critical facial features required for reliable age inference [80].
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Extending age estimation from images to videos introduces additional challenges, but also op-

portunities. Early works on video-based age estimation explored the use of temporal information

through handcrafted features. For instance, Hadid [19] distinguished between frame-based ap-

proaches, which aggregate independent predictions, and spatio-temporal methods that explicitly

model facial dynamics. Similarly, Dibeklioğlu et al. [18, 91] demonstrated that incorporating

facial motion patterns, such as smile dynamics, can improve age estimation accuracy compared

to static image-based methods. These approaches, however, were limited by the use of controlled

datasets and handcrafted feature representations.

With the advent of deep learning, more advanced video-based models have been proposed. A

common baseline strategy consists of applying an image-based age estimator to individual frames

and aggregating the predictions using statistical measures such as the mean or median [20, 79].

While simple and effective, this approach ignores temporal dependencies and treats each frame

independently. More sophisticated methods integrate temporal modeling components, such as re-

current neural networks (RNNs), temporal attention mechanisms, or convolutional temporal mod-

els, to capture relationships across frames. For example, Pei et al. [20] proposed an end-to-end

architecture combining CNNs with spatial and temporal attention modules, while Ji et al. [92]

introduced stability-aware aggregation to reduce frame-level prediction noise. These approaches

improve temporal consistency by emphasizing stable facial characteristics and suppressing tran-

sient artifacts.

Despite these advances, the development of fully video-based age estimation models remains

limited by the scarcity of large-scale annotated video datasets. As highlighted in recent work by

Bešenić et al. [10], most existing methods rely on image-based training and only apply tempo-

ral aggregation at inference time. Their study emphasizes that the lack of standardized bench-

marks and labeled video data has hindered progress in this area. To address this, they proposed a

dedicated video evaluation protocol and demonstrated that incorporating temporal modeling can

improve both accuracy and prediction stability compared to frame-based baselines.

In practice, due to the limited availability of suitable video datasets and the increased complex-

ity of temporal models, many real-world systems still adopt the simpler frame-by-frame estimation

strategy followed by temporal smoothing or aggregation. This approach offers a strong trade-off

between performance, computational cost, and implementation simplicity, and serves as a reliable

baseline for comparison with more advanced video-based methods.

2.4 Age Estimation Datasets

The performance and generalization capability of age estimation systems are strongly influ-

enced by the characteristics of the datasets used for training and evaluation. Key factors include

dataset scale, annotation quality, demographic diversity, and the modality of the data (static images

versus videos). While significant progress has been achieved using large-scale image datasets, the

extension to video-based age estimation remains limited due to the scarcity of suitable annotated



2.4 Age Estimation Datasets 23

benchmarks. Table 2.3 summarises the principal datasets commonly used in age estimation re-

search and highlights the differences in scale, modality, and demographic coverage. This section

provides a comprehensive overview of these datasets, with a particular focus on their properties,

advantages, and limitations.

Table 2.3: Summary of representative image-based and video-based age estimation datasets.

Dataset Type Samples Subjects Age Range Main Characteristics

FG-NET Image 1,002 82 0–69 Longitudinal ageing
MORPH Image 55,134 13,618 16–77 Large-scale; demographic imbalance
UTKFace Image 23,708 – 0–116 Age, gender and ethnicity labels
AgeDB Image 16,488 568 1–101 Cross-age benchmark
IMDb-WIKI Image 523,051 – 0–100+ Largest dataset; noisy labels
UvAge Video 6,898 516 16–83 Unconstrained videos
Casual Conversations Video 45,186 3,011 18–80+ Diverse demographics
Casual Conversations V2 Video 56,847 5,559 18–81 Expanded demographic coverage

2.4.1 Image-Based Age Estimation Datasets

Most advances in age estimation have been driven by large-scale image datasets, which provide

labeled facial images across different age groups. Early datasets such as FG-NET [93] contain

1,002 images of 82 subjects and are particularly useful for longitudinal analysis, as they include

multiple images of the same individuals across different ages. However, their limited size makes

them unsuitable for training deep learning models.

The introduction of larger datasets such as MORPH [94], which contains over 55,000 images,

enabled more robust statistical modeling and facilitated the transition to data-driven approaches.

Nevertheless, MORPH exhibits demographic imbalances, particularly with respect to gender and

ethnicity, which can bias learned models. Similarly, UTKFace [82] provides over 20,000 images

annotated with age, gender, and ethnicity, and is widely used for regression-based evaluation.

However, due to its semi-automatic collection process, it contains labeling inaccuracies and noise.

Other commonly used datasets include AgeDB [7], which contains 16,488 images of 568 indi-

viduals, and CACD [15], which provides a large number of celebrity images across age variations.

While these datasets support cross-age evaluation, they often suffer from limited diversity or weak

labeling. A major milestone was the introduction of the IMDb-WIKI dataset [32], which contains

over 500,000 images and enabled large-scale deep learning approaches such as DEX. Despite its

scale, the dataset relies on metadata-derived labels, leading to significant annotation noise.

Overall, while image-based datasets have been instrumental in advancing age estimation, they

lack temporal continuity and cannot capture the dynamic facial cues present in videos. This limita-

tion restricts their suitability for studying temporal stability and real-world deployment scenarios

involving video data.
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2.4.2 Video-Based Age Estimation Datasets

In contrast to image datasets, video-based datasets for age estimation are significantly less

developed. One of the earliest datasets used in this context is the UvA-NEMO Smile dataset

[91], which contains 1,240 videos from 400 subjects aged between 8 and 76 years. A related

dataset, UvA-NEMO Disgust [18], includes 518 videos from 324 subjects recorded under similar

conditions. Although both datasets provide age metadata, they were originally designed for facial

expression analysis and were recorded in controlled environments with constrained illumination

and mostly frontal head poses. As a result, their applicability to less constrained age estimation

scenarios is limited.

A more dedicated effort is the UvAge dataset [17], which contains 6,898 videos from 516

subjects with ages ranging from 16 to 83 years. The dataset was constructed by collecting celebrity

videos from public events and associating them with known birth dates. While UvAge provides

real age annotations in unconstrained conditions, it is not publicly accessible in practice, limiting

its use for reproducible research.

More recently, the Casual Conversations (CC) dataset [95] has emerged as the most relevant

large-scale video dataset for age estimation. It consists of 45,186 videos from 3,011 subjects, with

self-reported age labels and additional annotations such as gender, skin tone, and lighting condi-

tions. The dataset was collected in diverse, real-world environments, making it particularly suit-

able for fairness-aware evaluation. A balanced subset, known as CCMini, contains 6,022 videos

selected to ensure a more uniform distribution of lighting conditions.

Building upon this dataset, Bešenić et al. [10] proposed a refined benchmark known as

CCMiniVID, which introduces continuous face-tracked sequences for video-based evaluation.

Unlike previous image-based protocols that rely on randomly sampled frames (e.g., CCMiniIMG),

CCMiniVID provides temporally consistent sequences of approximately 20 seconds (around 600

frames) per video, along with face tracking metadata such as landmarks, head pose, and tracking

quality. This enables the evaluation of both frame-based aggregation methods and true tempo-

ral models under reproducible conditions. The authors further define multiple dataset variants

(e.g., CCMiniVID-O, CCMiniVID-A, and CCMiniVID-R) to address issues such as missing data,

sequence consistency, and dataset size.

In addition to these datasets, recent work has introduced new video-based benchmarks such as

the P-Age dataset [96], which leverages real-world videos to model apparent age classification un-

der challenging conditions including motion blur, occlusions, and varying viewpoints. Unlike tra-

ditional face-only approaches, this dataset also explores the use of body cues and spatio-temporal

transformers, reflecting a shift toward more holistic and robust age estimation systems.

2.4.3 Limitations of Existing Datasets

Despite recent progress, the development of video-based age estimation remains constrained

by several fundamental limitations in available datasets. First, there is a lack of large-scale, pub-

licly accessible video datasets with reliable age annotations. While datasets such as Casual Con-
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versations provide high-quality annotations, their usage is often restricted to evaluation purposes,

limiting their applicability for supervised training [10]. Second, many existing datasets either

contain a limited number of subjects or are collected in controlled environments, reducing their

generalizability to real-world scenarios.

Another important limitation is the lack of temporal annotations, such as identity tracking

and frame-level correspondence, which are necessary for training and evaluating spatio-temporal

models. In many cases, researchers must rely on frame-level processing or construct pseudo-video

datasets from static images, which does not fully capture the temporal dynamics of facial aging.

Additionally, demographic imbalances across age, gender, and ethnicity persist in many datasets,

potentially introducing bias into trained models.

As a consequence of these limitations, most existing approaches to video-based age estimation

rely on applying image-based models independently to each frame and aggregating the predictions

using statistical measures such as the mean or median. While this strategy provides a practical

baseline, it does not exploit temporal information explicitly, highlighting a key research gap in the

development of robust and explainable video-based age estimation systems.

2.5 Explainable Artificial Intelligence

The increasing adoption of deep learning models in high-stakes applications has raised sig-

nificant concerns regarding transparency, interpretability, and trustworthiness. In facial analytics

tasks such as age estimation, where predictions may influence biomedical decisions, understanding

the reasoning behind model outputs is particularly important. Explainable Artificial Intelligence

(XAI) seeks to address this challenge by providing methods that make the internal behavior of

complex models more interpretable to humans [97].

2.5.1 Categories of Explainability Methods

Explainability techniques are commonly categorized as either intrinsic or post-hoc. Intrinsic

interpretability refers to models that are inherently transparent by design, such as decision trees

or linear models. However, such models typically lack the representational capacity required for

high-dimensional tasks like face detection or age estimation. Consequently, most research in facial

analytics relies on post-hoc explanation methods applied to trained deep networks [98].

Post-hoc methods can be further divided into gradient-based, perturbation-based, and surrogate-

model approaches. Each of these categories provides different perspectives on model reasoning

[97].

2.5.2 Gradient-Based Visual Explanations

Gradient-based methods are among the most widely used techniques in computer vision. They

rely on backpropagation to estimate the contribution of each pixel or feature map to the final

prediction.
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One influential method is Grad-CAM (Gradient-weighted Class Activation Mapping) [99],

which produces coarse localization heatmaps highlighting the spatial regions most responsible

for a specific class prediction. Grad-CAM has been extensively applied to face-related tasks,

including age and gender estimation, due to its simplicity and compatibility with standard CNN

architectures.

Variants such as Grad-CAM++ [100] improve localization quality by better handling multiple

object instances or distributed evidence. Other gradient-based approaches include saliency maps

[101] and Integrated Gradients [102].

Integrated Gradients estimates feature importance by accumulating gradients along a path be-

tween a reference baseline and the actual input. In contrast to standard saliency maps, which

rely on gradients evaluated only at the input, Integrated Gradients considers how the model re-

sponse evolves across this path, providing a more theoretically grounded attribution. The method

was specifically designed to satisfy properties such as sensitivity and implementation invariance,

which support more consistent interpretation of feature contributions [102].

These characteristics make Integrated Gradients particularly relevant for face-based age es-

timation, where the objective is to analyse fine-grained spatial contributions from facial regions

rather than only obtain coarse localization maps. For this reason, Integrated Gradients was selected

in this work as the primary attribution method, while its generated explanations were further as-

sessed through dedicated faithfulness validation experiments.

While computationally efficient, gradient-based methods may produce noisy or visually un-

stable explanations, particularly under small input perturbations. Their reliability in reflecting true

causal importance remains an active area of research.

2.5.3 Perturbation and Model-Agnostic Methods

Perturbation-based approaches evaluate feature importance by systematically modifying parts

of the input and observing changes in the output.

LIME (Local Interpretable Model-agnostic Explanations) [103] approximates the model lo-

cally with an interpretable surrogate model, while SHAP (SHapley Additive exPlanations) [104]

computes feature attributions based on cooperative game theory. These methods are model-

agnostic and theoretically grounded, but can be computationally expensive when applied to high-

resolution images.

In computer vision, perturbation-based heatmaps are often generated by masking image re-

gions and measuring the resulting changes in the model prediction. Because these methods require

multiple modified versions of the same image to be evaluated, they are generally more computa-

tionally demanding than gradient-based approaches. Although they provide a more direct measure

of the influence of individual image regions on the prediction, their computational cost often limits

their applicability in real-time or large-scale systems.
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2.5.4 Explainability in Face Analytics

Explainability has gained increasing attention in face recognition and age estimation research.

Studies have used saliency-based methods to identify whether models rely on semantically mean-

ingful facial regions, such as wrinkles, eye contours, or facial shape, when predicting age. These

analyses help determine whether networks capture physiologically plausible aging cues or rely on

spurious correlations, such as background artifacts.

In biometric contexts, explainability also plays a role in auditing demographic bias and detect-

ing failure modes. Visualization of activation maps can reveal whether models disproportionately

focus on specific facial regions across demographic groups [37]. This is particularly relevant for

age estimation, where subtle texture cues may vary across populations.

2.5.5 Explainability in Video-Based Systems

Most explainability techniques were originally developed for image-based tasks and are there-

fore typically applied to individual video frames rather than to video sequences as a whole. When

used in video-based applications, attribution maps can vary across frames due to changes in pose,

illumination, facial expression, and image quality, making the interpretation of model behaviour

more challenging than in static-image settings.

Recent research has explored the extension of explainability methods to video data, includ-

ing temporally aggregated explanations and approaches that account for temporal dependencies

between consecutive frames [105]. Nevertheless, explainability in video-based age estimation

remains relatively underexplored when compared to image-based age estimation.

In this dissertation, explainability is incorporated through the application of Integrated Gra-

dients to the age estimation model. Rather than analysing temporal consistency of explanations

across video sequences, the focus is placed on understanding which facial regions contribute most

strongly to individual age predictions and on validating the reliability of the generated attribution

maps through insertion and deletion experiments. This analysis provides insights into the decision-

making process of the model while complementing the quantitative evaluation of age estimation

performance.

2.6 Summary of Relevant Works

To position this dissertation within the current landscape of video-based age estimation, we

summarize a set of representative and recent works that explicitly address temporal information,

pose and expression variability, and reproducible evaluation protocols. The goal of this com-

parison is twofold: (i) to clarify which modeling strategies have been explored to exploit video

dynamics (e.g., temporal attention, temporal smoothing, pose-aware frame selection), and (ii) to

identify a strong and recent methodological baseline to replicate and extend in the experimental

plan. In particular, the benchmark protocol and semi-supervised video framework proposed by
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Bešenić et al. are especially aligned with the objectives of this thesis, as they formalize repro-

ducible offline and online evaluation for video-based age estimation and explicitly target temporal

stability, which is a key practical challenge when moving from images to videos [10].

Table 2.4 consolidates the main characteristics of the selected works, including the datasets

employed, the core ideas used to handle temporal information, headline performance results as

reported by the authors, and the main limitations identified in each approach. While the reviewed

methods differ in supervision level, data type, and evaluation protocol, a consistent conclusion

emerges: exploiting temporal structure can improve either accuracy or, more importantly, the

stability of age predictions over time. However, the magnitude of these gains depends strongly on

dataset scale, variability, and the availability of suitable video-oriented training labels [10, 20, 21,

106].

Table 2.4: Representative works related to video-based age estimation.

Year Dataset Main Contribution Key Finding Ref.

2020 UvA–NEMO CNN–RNN architecture combining
spatial and temporal attention for
age estimation from facial expression
videos.

Improved performance
compared with
appearance-only
approaches.

[20]

2022 AFAD, CACD +
videos

Head-pose-aware frame selection to
improve video-based age estimation.

Reduced prediction
variability across video
sequences.

[21]

2022 Idiap Video Age Mobile-oriented age analysis frame-
work incorporating temporal infor-
mation.

Strong performance for
minor/adult classification.

[106]

2024 Casual Conversations Video age estimation benchmark
and temporal framework based on
pseudo-labeling.

Reduced MAE from 5.25
to 4.95 years and
improved stability by over
50%.

[10]



Chapter 3

Methods

3.1 Reference Framework

Rather than strictly reproducing a single existing methodology, this dissertation draws on re-

cent work in video-based age estimation. Current approaches broadly range from end-to-end spa-

tiotemporal models, which learn relationships across video frames directly, to modular pipelines in

which age is estimated at the frame level and subsequently combined through temporal smoothing

or aggregation.

Within this context, the framework proposed by Bešenić et al. in Let Me Take a Better Look:

Towards Video-Based Age Estimation [10] was selected as the main conceptual reference because

of its close alignment with the scope of this dissertation. It considers age estimation in less con-

strained video conditions, relies on a modular pipeline that can be reproduced using pretrained

components, and explicitly evaluates subject-level aggregation strategies. These characteristics

make it a suitable basis for studying the behaviour of individual pipeline stages without requiring

the development of a dedicated end-to-end video model.

The reference framework detects faces independently in each frame, performs frame-level age

estimation, and subsequently aggregates the resulting predictions to obtain a more stable subject-

level estimate. It also distinguishes between offline and online evaluation settings, enabling both

full-sequence analysis and incremental prediction, while explicitly considering the variability of

frame-level estimates over time.

This dissertation adopts the general decomposition and evaluation philosophy of the frame-

work, as well as the use of the Casual Conversations dataset [95], while redefining several method-

ological components. In particular, greater emphasis is placed on the selection and evaluation of

modern face detection models and on the integration of recent age estimation approaches. This

allows the influence of face detection quality on downstream age estimation performance to be

examined more directly, while preserving a modular and reproducible experimental structure.

The framework therefore serves as a methodological baseline rather than a template to be

reproduced unchanged. The proposed pipeline extends this foundation with more recent compo-

nents and additional analyses aimed at improving robustness and addressing the specific research

29



Methods 30

questions of this dissertation.

3.2 Proposed System Pipeline

The proposed system processes less constrained video data through sequential stages of face

detection, age estimation, temporal smoothing, and subject-level aggregation, as illustrated in

Figure 3. The following sections describe the implementation and evaluation of each stage.

Before constructing the final age estimation pipeline, a face detector selection stage is per-

formed. Several state-of-the-art face detection models are evaluated on the WIDER FACE [49]

Hard subset because this split concentrates the most challenging detection conditions, including

small faces, partial occlusions, and large pose variations, making it particularly suitable for dif-

ferentiating the robustness of modern detectors under conditions closer to those encountered in

unconstrained video. The comparison considers quantitative detection performance under chal-

lenging conditions, including small faces, occlusions, and large pose variations. The detector

achieving the best overall performance is then selected and integrated into the proposed pipeline.

The pipeline begins with face detection on the input video frames using the selected detector.

The detected face regions are subsequently cropped using the predicted bounding boxes with a

20% spatial expansion around the detected face, preserving additional surrounding facial context

while reducing the risk of excluding relevant facial regions near the bounding-box boundaries. No

additional landmark-based alignment is applied before age estimation. This preprocessing step

provides a more consistent facial crop across frames while retaining the original facial geometry

used by the downstream age estimation model.

Following preprocessing, frame-level age estimation is performed using the MiVOLO model

[61]. MiVOLO was selected due to its competitive performance in recent age estimation litera-

ture and its compatibility with the face-only inference setting adopted in this work, allowing its

integration as a pretrained estimator without requiring additional model training. Each detected

face is processed independently, producing an age prediction for every valid frame. At this stage,

temporal information is not yet incorporated, and predictions are generated solely from the visual

content of individual frames.

The next stage consists of temporal aggregation and smoothing. Since frame-level predic-

tions may fluctuate due to image quality variations, facial expressions, motion blur, or detection

inconsistencies, temporal smoothing is applied to improve prediction stability across time. The

resulting frame-level estimates are then aggregated to obtain a final subject-level age prediction

representative of the entire video.

In parallel with the prediction pipeline, several evaluation and analysis procedures are per-

formed. Face detection performance is assessed using the WIDER FACE [49] benchmark during

detector selection. The resulting age estimation pipeline is subsequently evaluated on the Casual

Conversations V1 and V2 datasets [95, 107], enabling comparison with previous literature and a

detailed analysis of performance across age groups and demographic categories. Explainability is

investigated primarily through Integrated Gradients [108], selected because it provides pixel-level
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attributions with a theoretically grounded formulation and is well suited to identifying fine-grained

facial regions contributing to age predictions. Rather than relying solely on visual inspection of

the attribution maps, their faithfulness is further assessed using insertion and deletion validation

experiments, which quantify how model predictions respond when highly attributed regions are

progressively introduced or removed. Although additional attribution methods could provide com-

plementary perspectives, the analysis is deliberately centred on a single explanation technique so

that its behaviour can be examined consistently and validated in greater depth across the evaluation

set.

A key characteristic of the proposed framework is the independent evaluation of its individual

components. Face detection is assessed separately before integration with age estimation, while

age prediction and explainability analyses are conducted using a common downstream pipeline.

This modular design facilitates reproducibility and enables a clearer interpretation of the contribu-

tion of each stage to the overall system.

Figure 3: Overview of the proposed modular pipeline for face detection and age estimation from
video, illustrating the main processing stages.

3.3 Datasets

This dissertation addresses face detection and age estimation under less constrained condi-

tions, requiring the use of multiple complementary datasets. Since no single dataset provides an-

notations for face detection, age estimation, and temporal analysis simultaneously, the experimen-

tal design combines image-based datasets with video-based benchmarks, each serving a specific

role within the proposed pipeline.

3.3.1 WIDER FACE

For face detection evaluation, the WIDER FACE dataset [49] is used as the primary bench-

mark, with particular focus on the Hard subset. The intended application scenario of this work is



Methods 32

age estimation from less constrained video, where subjects may present variations in pose, facial

visibility, scale, and image quality across frames. Although the WIDER FACE Hard subset also

contains more extreme cases than those expected in the final age estimation setting, its high con-

centration of small faces, occlusions, and large pose variations provides a demanding stress test

for comparing detector robustness under challenging visual conditions.

The subset is therefore not intended to reproduce the exact deployment scenario of the pro-

posed pipeline, but rather to distinguish candidate detectors under difficult conditions that may

partially occur in unconstrained video. In this work, WIDER FACE is used exclusively to com-

pare candidate detection models and support the selection of the most appropriate detector for the

proposed pipeline.

Figure 4: Examples of challenging images from the WIDER FACE Hard subset [49].

3.3.2 Labeled Faces in the Wild (LFW)

The Labeled Faces in the Wild (LFW) dataset [14] was used exclusively in the preliminary face

detection study presented in Section 4.1. LFW contains more than 13,000 face images collected

from the web under unconstrained conditions, exhibiting substantial variations in pose, illumina-

tion, facial expression, background, image quality, and partial occlusions. These characteristics

make the dataset suitable for evaluating the robustness of face detection algorithms in realistic

scenarios.



3.3 Datasets 33

Figure 5: Example images from the Labeled Faces in the Wild (LFW) dataset, illustrating varia-
tions in pose, illumination, facial expression, background, and image quality.

In this dissertation, LFW was not used for model selection or age estimation. Instead, it served

as the evaluation benchmark for the preliminary comparison of Haar Cascade, MTCNN, and Reti-

naFace, providing initial experience with face detector assessment and performance analysis under

challenging real-world conditions.

3.3.3 Casual Conversations

For video-based evaluation, this work follows the general protocol introduced by Bešenić et

al. [10], which utilises subsets of the Casual Conversations dataset [95]. The dataset contains less

constrained video recordings collected from participants with diverse demographic backgrounds

and recording conditions, making it particularly suitable for evaluating age estimation systems in

realistic scenarios.

Two subsets of Casual Conversations are used throughout this dissertation. Casual Conversa-

tions V1 is employed to enable direct comparison with previously published work, while Casual

Conversations V2, being a more recent release that was not available to the earlier studies used

for comparison, is used for the large-scale evaluation of the proposed framework, including demo-

graphic analysis and explainability experiments.

For the Casual Conversations V2 evaluation, a total of 5,559 subjects were retained after the

data filtering procedure. The resulting dataset covers an age range from 18 to 81 years, with a

mean age of 30.3 years and a median age of 28 years. Figure 6 presents the distribution of subjects

across 5-year age groups. Most participants are concentrated between 20 and 35 years of age,

while the number of subjects decreases progressively for older age ranges.
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Figure 6: Distribution of subjects across 5-year age groups in the Casual Conversations V2 dataset.

Table 3.1 summarises the main demographic characteristics of the dataset. The participant

population is relatively balanced with respect to gender and includes subjects from multiple coun-

tries and skin-tone categories, supporting the demographic analyses presented later in this disser-

tation.

Table 3.1: Summary of the demographic characteristics of the Casual Conversations V2 dataset.

Characteristic Value
Eligible subjects 5,559

Age range 18–81 years

Mean age 30.3 years

Median age 28 years

Cisgender women 2,951

Cisgender men 2,380

Other gender identities 228

India 1,756

Brazil 1,632

Philippines 995

Indonesia 399

United States of America 374

Mexico 367

Vietnam 10

Fitzpatrick types represented I–VI

The demographic diversity of Casual Conversations V2, combined with its less constrained

recording conditions, provides a challenging evaluation environment that more closely reflects
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real-world deployment scenarios than controlled benchmark datasets. However, the age distribu-

tion is imbalanced, with substantially fewer subjects represented in the oldest age groups. This

characteristic should be considered when interpreting age-specific performance results presented

later in this dissertation.

The combination of WIDER FACE and Casual Conversations enables a multi-stage evaluation

of the proposed framework. WIDER FACE provides a challenging benchmark for detector selec-

tion, and Casual Conversations enables the assessment of temporal behaviour and subject-level

age estimation in realistic video scenarios.

3.4 Evaluation Metrics

The evaluation of the proposed system is designed to assess both the performance of individual

components and the overall behaviour of the pipeline in image-based and video-based scenarios.

Given the modular structure adopted in this dissertation, different metrics are employed to analyse

face detection accuracy, age estimation performance, and temporal consistency.

For face detection, evaluation is conducted on the WIDER FACE dataset using standard met-

rics based on precision-recall analysis. In particular, Average Precision (AP) is used to quantify

the ability of each model to correctly localize faces under challenging conditions, including small

scales, occlusions, and complex backgrounds. These metrics enable a comparative assessment of

candidate detectors and support the selection of the most suitable model for integration into the

pipeline.

For age estimation, the primary quantitative metric is the Mean Absolute Error (MAE), de-

fined as the average absolute difference between predicted and ground-truth ages. MAE is widely

adopted in the literature due to its interpretability and direct comparability across different meth-

ods, although it can still be influenced by large prediction errors. In addition, complementary

measures such as exact accuracy and one-off accuracy are considered by grouping predictions

into age intervals, providing further insight into model performance under both strict and relaxed

evaluation criteria.

For video-based evaluation, temporal behaviour is analysed through stability-oriented metrics

that capture the variability of predictions across frames. In particular, the standard deviation of

frame-level predictions is used to quantify temporal consistency, with lower values indicating

more stable and reliable behaviour. This analysis allows the assessment of the impact of prediction

smoothing and temporal aggregation strategies on the overall robustness of the system.

Finally, qualitative evaluation is conducted through the visual inspection of prediction trajecto-

ries and explainability maps. This complementary analysis supports the interpretation of quantita-

tive results and enables the identification of consistent patterns, failure cases, and potential sources

of error within the proposed pipeline.



Methods 36

3.5 Experimental Setup

This section describes the experimental configuration adopted throughout this dissertation.

The objective is to ensure reproducibility while providing a clear description of how the different

components of the proposed framework are integrated and evaluated.

Face detection models were first evaluated independently on the WIDER FACE dataset to

identify the most suitable detector for the proposed pipeline. Following the detector selection

stage, age estimation experiments were conducted using the MiVOLO model operating in face-

only mode without additional fine-tuning.

The final age estimation pipeline consisted of face detection followed by age prediction. Face

localisation was performed using the YOLOv12m face detector selected during the face detection

evaluation stage. Detected faces were filtered using confidence and size constraints, and when

multiple faces were present in a frame, the most relevant detection was selected before being

cropped and forwarded to the age estimation model.

Video-based experiments were conducted using the Casual Conversations dataset. For the

large-scale evaluation on Casual Conversations V2, each subject was represented by 20 frames

sampled at two-second intervals throughout the video duration. Since the shortest recording lasted

40 seconds, all subjects contributed the same number of sampled frames.Consecutive sampled

frames were therefore separated by approximately two seconds, reducing temporal redundancy

while maintaining coverage across the recording. In total, 111,340 frames from 5,559 subjects

were processed.

Frame-level age predictions were generated independently for each valid face crop. To im-

prove temporal consistency, a rolling median filter with a window size of three frames was applied

to the resulting predictions. Subject-level age estimates were then obtained by aggregating predic-

tions across all valid frames belonging to the same individual.

Several aggregation strategies were evaluated, including the mean, median, trimmed mean,

confidence-weighted averaging, and confidence-based frame selection. For the confidence-based

strategies, the face detector confidence score associated with each detected face was used as a

heuristic indicator of detection quality. These scores represent the detector’s confidence in the

presence of a face and should not be interpreted as calibrated measures of age-prediction reliability.

Moreover, because detector scores tend to be concentrated toward high values for successfully

detected faces, their ability to distinguish between reliable and unreliable age predictions may be

limited. Among these approaches, the raw mean strategy produced the most reliable subject-level

estimates and was therefore adopted throughout the subsequent experiments.

Only subjects with at least eight valid frame-level predictions were considered eligible for

evaluation. All 5,559 subjects satisfied this requirement and were therefore retained for analysis.

Ground-truth ages and demographic metadata provided by the dataset were preserved throughout

the evaluation process, enabling the age-group, demographic, error, and explainability analyses

presented in Chapter 4.
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All experiments were conducted on a workstation equipped with an NVIDIA GeForce RTX

5090 GPU. Unless otherwise specified, default model parameters were used, as the primary ob-

jective of this work was the evaluation and integration of state-of-the-art face detection and age

estimation methods rather than model retraining or hyperparameter optimisation.

3.6 Face Detection Evaluation Protocol

All face detection models are evaluated on the WIDER FACE dataset, with particular focus

on the Hard subset. For each detector, inference is performed independently on all images, and

predictions are stored following the standard WIDER FACE evaluation format.

To improve robustness on challenging cases, multi-scale inference is performed by resizing

each image to three target scales of 800, 1200, and 1600 pixels and combining the resulting de-

tections. Horizontal flipping is also considered to increase detection coverage. A low confidence

threshold of 0.005 is used to retain a broad set of candidate detections, followed by non-maximum

suppression (NMS) with an Intersection over Union (IoU) threshold of 0.3 to remove redundant

bounding boxes.

For each image, detected bounding boxes are represented by their top-left coordinates, width,

height, and confidence score, and are sorted in descending order of confidence. This ensures

compatibility with the official WIDER FACE evaluation protocol and enables the generation of

precision–recall curves.

Performance is summarized using Average Precision (AP), following the metric definition

introduced previously. A detection is considered a valid match when its bounding box reaches the

IoU criterion used by the evaluation protocol.

In addition to the quantitative evaluation, qualitative inspection of detection outputs is con-

ducted to analyse failure cases, particularly in scenarios involving small faces, occlusions, and

challenging imaging conditions. This complementary analysis helps identify limitations that may

not be fully captured by aggregate performance metrics alone.
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Experimental Results

This chapter presents the experimental results of the proposed framework. It begins with a

preliminary face detection study conducted as part of a curricular project related to the disserta-

tion topic. The chapter then presents the face detector selection process, age estimation model

selection, and a comprehensive evaluation on the Casual Conversations datasets. Finally, explain-

ability analyses and validation experiments are presented to assess the reliability of the generated

explanations.

4.1 Preliminary Face Detection Study

Prior to the main work presented in this dissertation, a preliminary study was conducted as part

of a curricular project to familiarise with the topic of facial analysis and the evaluation of face de-

tection systems. The study focused on comparing classical and deep learning-based face detectors

under less constrained conditions, providing practical experience with dataset preparation, perfor-

mance evaluation, and quantitative analysis methodologies that were later applied throughout this

dissertation.

The study evaluated three widely used face detection approaches: Haar Cascade, MTCNN,

and RetinaFace [1–3]. Experiments were performed on the Labelled Faces in the Wild (LFW)

dataset [14], which contains images collected under real-world conditions with substantial vari-

ations in pose, illumination, facial expression, occlusion, and image quality. Unlike many pre-

vious comparisons that focus primarily on detection accuracy, the evaluation considered multiple

complementary metrics, including detection accuracy, small-face detection rate, average detection

time, edge localisation failures, and detection count variability.

Table 4.1 summarises the main results obtained in this preliminary study.

38
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Table 4.1: Summary of the preliminary face detection study on the LFW dataset [14]. Adapted
from the curricular project developed prior to this dissertation.

Metric Haar Cascade MTCNN RetinaFace

Average Precision (%) 99.37 99.99 99.71

Small Face Detection (%) 0.46 2.83 2.74

Detection Time (ms) 25.93 68.10 173.87

Detection Count StdDev 0.32 0.49 0.56

Among them, MTCNN [2] achieved the highest detection accuracy and small-face detection

rate, with small faces defined as faces occupying a relatively small bounding-box area within

the image, while RetinaFace [3] provided comparable performance at the expense of a higher

computational cost.

Although this preliminary study does not constitute a direct contribution of the present dis-

sertation, it provided valuable practical experience in face detector evaluation and reinforced the

importance of detector selection in facial analysis pipelines. The insights obtained motivated the

more extensive face detector assessment presented in the following sections, where detector per-

formance was evaluated on the WIDER FACE [49] benchmark before integration into the proposed

age estimation framework.

4.2 Face Detection Model Selection and Evaluation

Before performing age estimation, it was necessary to select a face detection model capable

of accurately locating faces under a wide range of real-world conditions. Since the age estimation

stage relies directly on the quality of the detected facial regions, errors at this stage can propagate

through the pipeline and negatively affect subsequent age predictions. For this reason, several

recent face detection models were evaluated and compared using the WIDER FACE dataset [49].

The objective of this evaluation was to identify the detector that provided the best balance

between accuracy and robustness, particularly under challenging conditions involving small faces,

occlusions, and large variations in pose and image quality. Both quantitative and qualitative anal-

yses were conducted to assess detector performance and to better understand the strengths and

limitations of each approach.

The results presented in the following subsections guided the selection of the face detector

adopted throughout the remainder of this dissertation, ensuring that the subsequent age estimation

experiments were based on reliable facial crops.

4.2.1 Quantitative Performance

The performance of the evaluated face detection models is summarized in Table 4.2. Results

are reported in terms of Average Precision (AP) across the Easy, Medium, and Hard subsets of the

WIDER FACE dataset [49].
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It is important to note that the AP values reported in Table 4.2 correspond to the specific im-

plementations, pretrained weights, and evaluation settings adopted in this dissertation. Therefore,

these results should not be directly compared with the values presented in Chapter 2, which were

obtained from the original publications under their respective experimental protocols. Differences

in model variants, training procedures, inference strategies, and benchmark evaluation settings can

lead to noticeable variations in reported performance.

Table 4.2: Face detection performance on the WIDER FACE dataset (AP at IoU = 0.5).

Model Easy Medium Hard

RetinaFace 0.9286 0.8940 0.7301

YOLOv12s 0.9462 0.9191 0.7592

YOLOv12m (best) 0.9498 0.9432 0.8877
SCRFD 0.8599 0.8597 0.7540

Among the evaluated models, YOLOv12m [60] achieves the best overall performance, obtain-

ing AP values of 0.9498, 0.9432, and 0.8877 on the Easy, Medium, and Hard subsets, respectively.

The improvement is particularly evident on the Hard subset, which contains a large number of

small, heavily occluded, and low-resolution faces. This suggests that YOLOv12m [60] is better

able to maintain detection accuracy under challenging real-world conditions.

RetinaFace achieves competitive performance on the Easy and Medium subsets but exhibits

a larger drop on the Hard subset. Although RetinaFace [3] is widely recognised as a strong face

detector, the performance observed here reflects the specific implementation and evaluation con-

figuration used in this work rather than the best results reported in the literature.

YOLOv12s [60] provides stronger performance than RetinaFace [3] on the Hard subset while

maintaining high accuracy on the easier subsets. However, it remains consistently below YOLOv12m,

indicating that the larger model benefits from increased representational capacity when dealing

with difficult detection scenarios.

SCRFD [59] obtains performance comparable to YOLOv12s [60] on the Hard subset but un-

derperforms on the Easy and Medium subsets. This behaviour suggests a trade-off between ro-

bustness to difficult cases and overall detection accuracy across the full dataset.

Overall, the results indicate that YOLOv12m achieves the highest detection performance

among the evaluated models. Its superiority is consistent across all evaluation subsets and is

particularly evident on the Hard subset, which contains a large number of small, occluded, and

low-resolution faces. Based on these results, YOLOv12m was selected as the face detector inte-

grated into the age estimation pipeline used throughout the remainder of this dissertation.

4.2.2 Precision–Recall Analysis

To further analyse detector performance, precision–recall (PR) curves are presented in Fig-

ure 7. These curves provide a more detailed view of the trade-off between detection precision and
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recall across different confidence thresholds, using an IoU threshold of 0.5 for matching predicted

and ground-truth bounding boxes.

Figure 7: Precision–recall curves for the evaluated face detection models on the WIDER FACE
dataset, illustrating the trade-off between precision and recall across different confidence thresh-
olds.

YOLOv12m [60] demonstrates the most favourable behaviour, maintaining high precision

across a wide range of recall values. This indicates that the model is capable of detecting a

large proportion of faces while keeping the number of false positives relatively low. In contrast,

YOLOv12s [60] exhibits a sharper decline in precision at higher recall levels, suggesting reduced

robustness when attempting to detect more challenging faces.

RetinaFace [3] and SCRFD [59] present more stable but overall lower performance curves,

reflecting their comparatively lower detection capacity in complex scenarios.

It is worth noting that none of the curves reaches a recall value of 1.0. This behaviour is

expected on the WIDER FACE Hard subset, which contains numerous extremely small, heavily

occluded, and low-quality faces. Some of these faces are not detected by the evaluated models

under any confidence threshold, causing recall to saturate before reaching its theoretical maximum.

Consequently, the curves terminate at the highest achievable recall obtained by each detector rather

than extending to the right boundary of the plot.

These results reinforce the quantitative findings reported in Table 4.2 and further highlight the

superior performance of YOLOv12m [60] in balancing detection accuracy and robustness under

challenging conditions.
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4.2.3 Detection Behaviour Analysis

To further analyse the behaviour of the selected detector, an additional evaluation was con-

ducted to investigate detection performance across different face-size categories. This analysis

complements the quantitative results presented previously by examining how detection accuracy

varies with the scale of the target face, which is a particularly relevant factor in the WIDER FACE

Hard subset [49].

For this purpose, ground-truth faces were grouped according to the area of their annotated

bounding boxes. Faces with an area smaller than 32× 32 pixels were classified as small, faces

between 32× 32 and 96× 96 pixels as medium, and faces larger than 96× 96 pixels as large.

These thresholds follow the scale categories commonly adopted in face detection literature.

Table 4.3 summarizes the number of ground-truth faces, successfully detected faces (true pos-

itives), missed faces, and the corresponding recall values for each category.

Table 4.3: Detection performance across face-size categories on the WIDER FACE Hard subset.

Face Size Ground Truth True Positives Missed Faces Recall (%)

Small 28775 22729 6046 78.99

Medium 8606 8334 272 96.84

Large 2327 2276 51 97.81

The results show a clear dependence between detection performance and face size. While

YOLOv12m achieves recall values above 96% for medium and large faces, performance decreases

to 78.99% for small faces. This behaviour is expected given the characteristics of the WIDER

FACE Hard subset, where many faces occupy only a limited number of pixels and contain less

visual information. Small faces are therefore inherently more difficult to localise accurately than

larger faces.

Despite this reduction in recall, the detector is still able to correctly identify the majority

of small faces present in the dataset. Considering that small faces represent the largest cate-

gory within the Hard subset, this result helps explain the strong overall performance achieved by

YOLOv12m in the previous evaluations.

Further insight is provided by the confidence score distribution shown in Figure 8. A clear

separation between true positives and false positives can be observed. True detections are pre-

dominantly associated with higher confidence values, whereas false positives are concentrated at

lower confidence ranges.

This behaviour indicates that the detector is able to effectively discriminate between correct

and incorrect detections using its confidence scores. The concentration of false positives at low

confidence levels suggests that many incorrect detections could be filtered out by increasing the

confidence threshold. However, such filtering would also remove a fraction of true detections,

illustrating the trade-off between precision and recall.
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Figure 8: Confidence score distribution for YOLOv12m detections. True positives correspond
to detections matched to a ground-truth face according to the evaluation protocol, while false
positives correspond to unmatched detections.

4.2.4 Qualitative Analysis of Failure Cases

To further analyse the limitations of the selected detector, qualitative examples are presented

in Figure 9. These examples highlight challenging scenarios in the WIDER FACE dataset and

provide insight into the model’s behaviour beyond quantitative metrics.

In Figure 9 (A), a dense crowd scenario is shown, where a large number of faces are present at

very small scales. While many faces are correctly detected, a significant number of ground-truth

faces (highlighted in blue) are not detected. This behaviour is primarily due to the extreme density

and low resolution of the faces, which makes them inherently difficult to detect. In such scenarios,

even state-of-the-art models struggle to maintain high recall, as distinguishing facial features be-

comes increasingly challenging. Despite these missed detections, the model successfully identifies

the majority of visible faces, demonstrating strong robustness under highly congested conditions.
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Figure 9: Examples of detection behaviour under challenging conditions. Green boxes represent
correct detections, blue boxes indicate missed ground-truth faces, and red boxes correspond to
false positives. (A) Dense crowd scenario with numerous small faces. (B) Scene with a large
number of low-confidence false positives, from [49]

Figure 9 (B) illustrates a different type of behaviour, where a large number of detections in the

crowd are classified as false positives (red boxes). At first glance, this may appear as a significant

failure; however, a closer inspection reveals that many of these detections correspond to regions

that visually resemble faces or contain partial facial features. Furthermore, these detections are

generally associated with low confidence scores, reflecting uncertainty in the model’s predictions.

This behaviour is consistent with the use of a low detection threshold, which is intentionally

adopted to maximise recall and ensure that difficult faces are not missed. As a result, the model

produces a higher number of candidate detections, including uncertain ones. In practical applica-

tions, these false positives can be effectively reduced by applying a higher confidence threshold,

without significantly affecting true positive detections.

Overall, these examples highlight the trade-off between recall and precision in challenging

scenarios. While some missed detections and false positives are observed, they are largely a con-

sequence of the dataset difficulty and the chosen inference configuration, rather than fundamental

limitations of the model. The detector demonstrates strong robustness in complex scenes and

provides reliable confidence estimates that can be leveraged for further filtering.

4.3 Age Estimation Model Selection

Following the selection of the face detection model, the next step was to choose an age estima-

tion model for the proposed framework. Several age estimation approaches have been introduced

in recent years, ranging from traditional convolutional neural networks to more recent transformer-

based architectures. Among these, MiVOLO was selected due to its strong performance reported

in the literature and its ability to jointly exploit facial and contextual information when available.

Before applying the model to the main evaluation dataset, an initial assessment was conducted

on the Casual Conversations V1 dataset. This preliminary experiment served two purposes. First,
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it allowed the behaviour of MiVOLO to be evaluated on a publicly available benchmark under

controlled conditions. Second, it enabled a direct comparison with the work of Bešenić et al.,

who reported some of the strongest results available for video-based age estimation on the Casual

Conversations benchmark, providing a valuable reference point for assessing the performance of

the selected model.

4.3.1 MiVOLO Evaluation on Casual Conversations V1

Before applying the age estimation pipeline to the Casual Conversations V2 dataset [107], an

initial evaluation was performed on Casual Conversations V1 [95]. This experiment was designed

to verify the suitability of MiVOLO [61] for the proposed framework and to establish a direct

comparison with previously reported results on the same benchmark.

The evaluation followed a frame-based protocol similar to the CCMiniIMG setting described

by Bešenić et al [10]. Each video was represented by a collection of extracted frames, which

were processed independently. Faces were first detected using the selected YOLOv12m detector

[60] and subsequently cropped before being provided as input to MiVOLO [61]. Age predictions

obtained from individual frames belonging to the same subject were then aggregated to produce a

final subject-level prediction.

A total of 3 011 subjects were processed, corresponding to more than 600 000 extracted frames.

Face detection was successful for 601 649 frames, resulting in an effective detection rate above

99%, ensuring that the age estimation stage was not significantly affected by missed detections.

The final evaluation was performed at subject level using the aggregated predictions.

Table 4.4 summarises the obtained results.

Table 4.4: Subject-level age estimation performance of MiVOLO on Casual Conversations V1.

Metric Value

MAE (Mean Absolute Error) 6.24 years

RMSE (Root Mean Squared Error) 7.99 years

Median Absolute Error 5.10 years

Accuracy within ±5 years 49.1%

Accuracy within ±10 years 80.2%

The obtained results indicate that MiVOLO is capable of capturing the general age distribution

of the dataset, achieving a strong correlation between predicted and ground-truth ages. In partic-

ular, approximately half of all predictions fall within five years of the true age, while more than

80% remain within a ten-year margin.

Although the model demonstrates good overall performance, the error distribution is not uni-

form across age groups. To better understand this behaviour, additional analyses were conducted

using age-bin confusion matrices and age-specific error measurements.
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4.3.2 Comparison with Previous Literature

To place the obtained results into context, the performance of MiVOLO [61] was compared

with the CCMiniIMG [95] results reported by Bešenić et al [10]. Following the same evaluation

protocol, age predictions were grouped into three age categories (18–30, 31–45, and 46–85 years),

and classification accuracy was computed at subject level. This metric therefore reflects the ability

of the model to assign subjects to the correct age group rather than predict the exact chronological

age.

Table 4.5 presents the comparison between both approaches.

Table 4.5: Comparison with the CCMiniIMG results reported by Bešenić et al.

Metric Bešenić et al. MiVOLO Results

Accuracy 73.06% 72.0%

MAE 5.25 years 6.24 years

The results obtained with MiVOLO [61] are broadly consistent with those reported by Bešenić

et al [10]. In terms of age-group classification, the difference between the two approaches is

relatively small, with MiVOLO achieving an accuracy of 72.0% compared with 73.06% reported

in the literature. This indicates that both methods are similarly effective at assigning subjects to

the correct age category.

A larger difference is observed in the MAE values, where MiVOLO [61] achieved an error of

6.24 years compared with 5.25 years reported by Bešenić et al. Although both methods produce

comparable age-group classifications, the lower MAE reported by Bešenić et al. suggests greater

precision when estimating the exact age of individual subjects.

One possible explanation for this difference lies in the age estimation models themselves.

While MiVOLO [61] is a general-purpose age estimation model designed to operate across a

wide range of datasets and demographic conditions, the approach proposed by Bešenić et al [10].

combines a MobileFaceNet backbone [16] with the DLDLv2 [109] age estimation framework.

Differences in architecture, training data, and optimization objectives may therefore contribute to

the lower MAE reported by Bešenić et al [10].

Despite the slightly higher error, MiVOLO [61] was selected for this work because it repre-

sents a recent state-of-the-art age estimation model that has demonstrated strong generalization

performance across diverse datasets. In addition, MiVOLO [61] provides continuous age predic-

tions, supports straightforward integration into video-processing pipelines, and does not require

task-specific retraining for the datasets considered in this dissertation. These characteristics make

it particularly suitable for evaluating age estimation under less constrained video conditions.

Overall, the performance gap between the two approaches remains relatively small. The ob-

tained results show that MiVOLO [61] remains competitive with a specialised framework devel-

oped specifically for video-based age estimation, supporting its use in the subsequent experiments

conducted on the Casual Conversations V2 dataset [107].
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4.3.3 Discussion of Results

Figure 10 presents the confusion matrix obtained using 5-year age intervals.

Figure 10: Confusion matrix using 5-year age intervals on Casual Conversations V1.

The confusion matrix reveals that most predictions are concentrated around the main diagonal,

indicating that the model generally assigns subjects to the correct age group or to a neighbouring

age interval.

A closer inspection of the matrix shows that performance is strongest for young and middle-

aged adults, particularly between 25 and 45 years of age, where predictions tend to remain close to

the ground-truth age bins. In contrast, the distribution becomes progressively more dispersed for

older subjects. Starting around the 55–60 age range, a growing number of individuals are assigned

to younger age groups, indicating a tendency to underestimate age at later stages of life.
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Figure 11: Mean Absolute Error (MAE) and mean prediction error (bias) across 5-year age groups,
in Casual Conversation dataset. Numbers above the bars indicate the number of subjects in each
age group.

This behaviour is further illustrated in Figure 11, which combines the MAE and the mean

prediction error for each age group. The MAE remains relatively low between 20 and 35 years

of age, where errors are generally below five years, but increases progressively for older subjects,

reaching substantially larger values beyond 65 years of age.

The bias curve provides additional insight into the direction of these errors. For younger age

groups, the mean error is positive, indicating a tendency to slightly overestimate age. Around the

30–35 age range, the bias approaches zero, suggesting that predictions are approximately unbi-

ased on average. However, for older subjects the bias becomes increasingly negative, revealing a

systematic tendency to underestimate age. This underestimation grows progressively with age and

becomes particularly pronounced in the oldest groups.

The combined analysis of MAE and bias helps explain the patterns observed in the confusion

matrix. While increasing MAE indicates that predictions become less accurate for older individ-

uals, the negative bias demonstrates that these errors are not random but predominantly occur in

the direction of younger age estimates.

This trend is frequently reported in age estimation studies. In many age estimation datasets,

younger and middle-aged adults are more heavily represented than elderly individuals, resulting

in models that are exposed to fewer examples of advanced ageing during training. In addition, the

visual manifestations of ageing become increasingly heterogeneous at later stages of life. Indi-

viduals of the same chronological age may exhibit markedly different facial characteristics due to

factors such as genetics, lifestyle, health conditions, and environmental exposure. Consequently,

distinguishing between older age groups becomes considerably more challenging than distinguish-

ing between younger adults.
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Overall, the results indicate that MiVOLO [61] achieves comparable, although slightly lower,

performance than the reference approach of Bešenić et al. on Casual Conversations V1, while

maintaining similar age-dependent error patterns on the larger V2 evaluation. The observed in-

crease in error and the growing underestimation bias at advanced ages are consistent with findings

reported in previous studies, suggesting that this limitation reflects a broader challenge in age

estimation rather than a model-specific weakness.

4.4 Age Estimation on Casual Conversations V2

To further evaluate the robustness and generalisation capability of the proposed age estimation

framework, an additional assessment was conducted using the Casual Conversations V2 [107]

dataset. Unlike the datasets used during model development, Casual Conversations V2 [107]

contains videos acquired under a wide range of real-world conditions, including variations in

age, ethnicity, recording environments, lighting conditions, and camera quality. Consequently, it

provides a challenging benchmark for evaluating age estimation performance in less constrained

scenarios. This section first describes the characteristics of the dataset and the evaluation protocol,

followed by a detailed analysis of the obtained age estimation results.

4.4.1 Overall Performance

Before selecting the final subject-level aggregation strategy, several approaches were evalu-

ated on the Casual Conversations V2 [107] dataset. Since each subject is represented by multiple

sampled frames, frame-level predictions must be combined into a single age estimate before com-

puting subject-level performance. Table 4.6 presents the results obtained for five representative

aggregation strategies.

Table 4.6: Comparison of subject-level aggregation strategies on the Casual Conversations V2
dataset.

Aggregation Strategy MAE RMSE ±5 years ±10 years

Mean Raw 6.04 8.04 53.4% 82.6%
Confidence-weighted Mean 6.04 8.04 53.3% 82.6%
Trimmed Mean Raw 6.05 8.11 53.8% 82.5%

Median Raw 6.09 8.22 54.1% 82.4%

Median Top-Confidence 6.18 8.34 53.3% 82.0%

The evaluated aggregation strategies produced broadly similar results, with differences of less

than 0.15 years in MAE across all configurations. The best overall performance was achieved by

the Mean Raw strategy, which obtained a MAE of 6.04 years and a Root Mean Squared Error

(RMSE) of 8.04 years. The Mean Smoothed strategy achieved the same MAE while providing
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slightly higher accuracy within both the ±5-year and ±10-year error margins. However, the im-

provements were marginal and accompanied by a slightly higher RMSE.

Given its simplicity and its superior overall error metrics, the Mean Raw strategy was selected

for the remaining experiments presented in this chapter.

Using this configuration, the model achieved a mean absolute error (MAE) of 6.04 years and a

root mean squared error (RMSE) of 8.04 years. The difference between these two metrics suggests

that while most predictions remained relatively close to the ground-truth age, a smaller number

of subjects produced larger estimation errors that increased the overall RMSE. This behaviour is

expected in less constrained datasets, where variations in appearance, image quality, facial expres-

sions, pose, and age-related characteristics can introduce additional prediction uncertainty.

In terms of practical accuracy, 53.4% of subjects were predicted within ±5 years of their

chronological age, while 82.6% were predicted within ±10 years. Considering the diversity of

recording conditions and demographic characteristics present in Casual Conversations V2, these

results indicate that the model was generally capable of producing age estimates that remained

reasonably close to the true age for the majority of subjects.

Additional insight into the error distribution is provided in Figure 12. The histogram reveals

a clear concentration of predictions at lower error values, with the frequency of observations de-

creasing progressively as the error increases. Most subjects exhibit absolute errors below approx-

imately 10 years, while larger errors occur less frequently and form a long right-hand tail extend-

ing towards higher error values. This suggests that the overall performance is largely driven by a

substantial number of accurate predictions, with a relatively small subset of challenging subjects

contributing disproportionately to the highest errors.
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Figure 12: Distribution of subject-level absolute age estimation errors on the Casual Conversations
V2 dataset.

Overall, the obtained results demonstrate that the proposed framework achieves consistent age

estimation performance on a large-scale dataset collected under real-world conditions. Neverthe-

less, the presence of a small number of larger errors indicates that performance is not uniform

across all subjects, motivating a more detailed investigation of age-specific and demographic ef-

fects in the following sections.

4.4.2 Performance Across Age Groups

To investigate the effect of age on prediction accuracy, the mean absolute error (MAE) was

computed separately for each 5-year age group. The results are presented in Figure 13.
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Figure 13: Mean Absolute Error (MAE) and mean prediction error (bias) across 5-year age groups,
in Casual Conversation V2 dataset. Numbers above the bars indicate the number of subjects in
each age group.

Overall, the model achieved relatively consistent performance across most adult age groups.

Subjects between approximately 20 and 65 years of age generally exhibited MAE values ranging

from 3.5 to 8 years, indicating stable age estimation performance throughout the majority of the

dataset. The lowest errors were observed in the 50–55 and 55–60 age groups, where the average

prediction error remained below 5 years.

A different pattern emerged for the oldest subjects. While performance remained relatively

stable up to approximately 65 years of age, the MAE increased substantially for the 70–75 and

80–85 age groups, reaching values above 20 years. This behaviour is consistent with observa-

tions reported for the Casual Conversations V1 test set and suggests that age estimation becomes

increasingly challenging at older ages.

One possible explanation is the limited representation of elderly individuals in many age es-

timation datasets used during model development. As a result, models often learn more discrim-

inative age-related features for younger and middle-aged adults, while age progression patterns

become less distinct at older ages. Furthermore, facial ageing tends to occur at different rates

across individuals, increasing the variability of facial appearance within older age groups and

making precise age estimation more difficult.

Despite the increase in error among the oldest subjects, the overall trend indicates that the

proposed framework maintains relatively consistent performance across most age ranges, with a

noticeable degradation occurring primarily in subjects above 70 years of age.

4.4.3 Performance Across Demographic Groups

To investigate the robustness of the proposed framework across different demographic popu-

lations, age estimation performance was analysed separately for each country represented in the
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Casual Conversations V2 [107] dataset. Only countries with at least five subjects were considered,

resulting in seven demographic groups.

Figure 14 presents the mean absolute error obtained for each country. The lowest error was

observed for subjects from India (MAE = 4.86 years), followed by the Philippines (5.90 years)

and Indonesia (6.13 years). Slightly larger errors were obtained for Brazil, Mexico and the United

States, which all produced MAE values close to 7 years. The highest error was observed for

Vietnam (12.16 years). However, this result should be interpreted with caution, as only ten subjects

were available for this demographic group.

Figure 14: Mean absolute error by country.

The observed differences appear to be influenced, at least in part, by the number of available

subjects within each demographic group. Countries with larger populations generally exhibited

more consistent performance, whereas groups containing only a few hundred subjects, or fewer,

tended to show greater variability in the estimated error metrics. This tendency becomes particu-

larly evident for Vietnam, where the limited sample size coincides with substantially higher error

values.

The overall pattern nevertheless suggests that the proposed framework maintains relatively

consistent performance across the major demographic groups represented in the dataset. Exclud-

ing Vietnam, all countries achieved MAE values within a narrow range of approximately 4.8 to 7

years, indicating that the model generalises reasonably well across different populations despite

variations in ethnicity, appearance, recording conditions and geographical origin.

4.4.4 Error Analysis

A detailed error analysis was performed to better understand the sources of prediction inaccu-

racies. Figure 15 presents the confusion matrix obtained using 5-year age bins.
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Figure 15: Confusion matrix using 5-year age bins.

Most predictions are concentrated around the main diagonal, indicating that the model gen-

erally assigns subjects to the correct age group or to neighbouring age intervals. Large age es-

timation failures are comparatively uncommon, which is consistent with the previously reported

adjacent-bin accuracy exceeding 66%.

A noticeable tendency towards age overestimation can be observed throughout the matrix.

Subjects belonging to younger age groups, particularly between 20 and 35 years of age, are fre-

quently assigned to slightly older bins. This behaviour is also reflected by the positive prediction

bias observed across all demographic groups, where predicted ages were consistently higher than

the corresponding ground-truth ages.

The confusion matrix additionally highlights the difficulty of estimating age in older popula-

tions. While most age groups contain predictions distributed around neighbouring bins, subjects

above approximately 65 years of age exhibit larger deviations and substantially lower prediction

counts. This behaviour is likely influenced by the severe reduction in available training and eval-

uation samples within the oldest age ranges, as previously shown in the age-distribution analysis.

Further insight into demographic performance differences is provided by Figures 16 and 17,

which present the distribution of subject-level absolute errors across age groups for different coun-

tries and genders.
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Figure 16: Distribution of absolute errors across countries and age groups.

Figure 16 shows that the relationship between age and estimation error is generally more

pronounced than the differences observed between countries. Across most populations, the median

absolute error remains relatively low for younger and middle-aged subjects, while larger errors

and wider distributions become increasingly common in older age groups. This behaviour is

consistent with the age-group analysis presented previously and suggests that age itself has a

stronger influence on performance than country of origin.

For the younger age groups, particularly between 20 and 35 years, the distributions are broadly

similar across countries, with median errors typically below six years. As age increases, the spread

of the distributions also tends to increase, indicating greater variability in prediction quality. Al-

though some differences between countries can be observed, no population consistently exhibits

substantially better or worse performance across all age ranges. The larger variations visible in

some age-country combinations should be interpreted with caution, as the number of available

subjects decreases considerably in the older age groups.

Figure 17: Distribution of absolute errors across age groups for cis women and cis men.

A similar analysis was performed for gender, as shown in Figure 17. To ensure meaningful
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statistical comparisons, only the two largest demographic groups, namely cis women and cis men,

were considered. The remaining gender categories contained substantially fewer subjects and were

therefore excluded from this analysis.

The overall behaviour is broadly similar for both groups, with median absolute errors remain-

ing relatively close across most age ranges. In addition, the interquartile ranges show considerable

overlap, indicating that the typical prediction accuracy is comparable for cis women and cis men.

As observed previously, the largest errors tend to occur in the older age groups, reflecting the

increased difficulty of age estimation at advanced ages.

Despite these similarities, an interesting difference can be observed in the spread of the error

distributions. Across most age groups, the upper whiskers associated with cis women extend

to higher values than those of cis men, indicating the presence of larger maximum errors and a

greater variability in prediction performance. This trend is particularly noticeable between 30 and

50 years of age, where the distribution for cis women exhibits a wider range of errors. While

the median performance remains comparable between the two groups, these results suggest that

the model encounters a greater number of difficult cases among cis women, leading to occasional

larger prediction errors.

Taken together, these results indicate that age remains the dominant factor affecting perfor-

mance, with error distributions generally increasing in variability for older subjects. Nevertheless,

the gender analysis suggests that the model’s predictions for cis women are associated with a

wider range of errors, even though the typical accuracy observed for both groups remains largely

comparable.

4.5 Explainability Analysis

While the quantitative results presented in the previous sections provide insight into the ac-

curacy of the proposed framework, they do not reveal which facial characteristics are being used

by the model to estimate age. Understanding the basis of the model’s predictions is particularly

important in age estimation, where decisions may be influenced by a wide range of visual cues,

including facial structure, skin texture, and age-related appearance changes.

To investigate the behaviour of the selected age estimation model, an explainability analy-

sis was conducted using Integrated Gradients [108]. This method enables the identification of

image regions that contribute most strongly to the final prediction, providing a visual interpreta-

tion of the model’s decision-making process. Beyond qualitative inspection, additional analyses

were performed to investigate attribution patterns across different age groups and to evaluate the

temporal consistency of the generated explanations throughout video sequences.

4.5.1 Integrated Gradients Methodology

Integrated Gradients [108] was selected as the explainability method due to its strong theoreti-

cal foundation and its ability to assign attribution scores directly to the input pixels. Unlike simple

gradient-based visualisation methods, which only analyse the local gradient around the original
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image, Integrated Gradients estimates feature importance by accumulating gradients along a path

between a reference image and the actual input. This makes the resulting attribution maps less

dependent on a single local gradient evaluation and more suitable for analysing the contribution of

facial regions to the predicted age.

In this work, Integrated Gradients [108] was applied to the MiVOLO [61] age estimation

model through a differentiable adapter that exposes the age prediction output as a scalar tensor.

Each detected face crop was resized to 224× 224 pixels and normalised using ImageNet-style

mean and standard deviation values. The reference input, or baseline, was defined as a black

image. Attributions were then computed along a straight-line interpolation path between this

baseline and the original normalised face crop. A total of 32 integration steps was used, with

gradients computed in batches of 8 interpolated samples.

For each interpolated image, the gradient of the predicted age with respect to the input pix-

els was computed. The final attribution map was obtained by multiplying the average gradient

along the interpolation path by the difference between the original input and the baseline. Since

the objective was to identify the regions that most influenced the age prediction, independently

of whether their contribution increased or decreased the predicted value, the absolute attribution

values were used. The RGB-channel attributions were then summed into a single two-dimensional

map. To reduce the influence of isolated extreme values, the attribution map was clipped at the

99th percentile and normalised to the range [0,1] before visualisation.

To facilitate interpretation, the resulting attribution maps were projected onto the original fa-

cial images. In addition, the facial region partition shown in Figure 18 was introduced to enable

a more structured analysis of attribution patterns. The face was divided into six approximate

regions corresponding to the forehead, eyes, nose, cheeks, mouth, and chin. These regions were

obtained using MediaPipe Face Mesh [110] landmarks and should therefore be interpreted as prac-

tical facial-region masks rather than precise anatomical segmentations. This partitioning allowed

attribution scores to be aggregated and compared across facial areas, rather than being analysed

only at pixel level.



Experimental Results 58

Figure 18: Facial region partition used for the quantitative analysis of attribution maps.

4.5.2 Qualitative Analysis of Attribution Maps

Figure 19 presents a representative example of an attribution map generated using Integrated

Gradients. Warmer colours indicate regions with a stronger contribution to the age prediction,

whereas cooler colours correspond to regions with lower influence.

Figure 19: Example of an Integrated Gradients attribution map overlaid on the original facial
image.

Visual inspection of multiple attribution maps revealed that the model consistently concen-

trates attention on facial regions commonly associated with ageing. In particular, the forehead,

cheeks, mouth region, and areas surrounding the nose frequently exhibit strong attribution val-

ues. These regions contain information related to skin texture, facial contours, wrinkles, and other

appearance characteristics that naturally evolve with age.

Importantly, the model does not focus on a single facial feature. Instead, the attribution maps

suggest that age estimation is based on information distributed across several facial regions. This

behaviour is consistent with the multifactorial nature of facial ageing, where no individual feature

alone is sufficient to determine age accurately.
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4.5.3 Regional Attribution Patterns and Temporal Stability

To complement the qualitative analysis, attribution values were aggregated within the prede-

fined facial regions shown in Figure 18. This allowed the relative importance of different facial

areas to be quantified across the entire dataset.

Figure 20 presents the mean attribution assigned to each facial region. The nose, cheeks, and

forehead emerge as the most influential regions, while the chin and eye regions receive lower attri-

bution values on average. This suggests that the model relies primarily on central facial structures

and surrounding skin characteristics when estimating age.

Figure 20: Mean attribution assigned to each facial region across the dataset.

To investigate whether attribution patterns change throughout the ageing process, regional

importance was analysed across different age groups. The results are shown in Figure 21.
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Figure 21: Mean regional attribution as a function of age group.

Several trends can be observed. The importance of the forehead decreases progressively with

age, while the contribution of the mouth and chin regions increases. The cheeks maintain relatively

stable importance across all age groups. These findings suggest that the model adapts its focus

depending on the age of the subject, relying on different facial cues as age-related characteristics

become more pronounced in different regions of the face.

Finally, the temporal consistency of the explanations was analysed by computing the cosine

similarity between attribution vectors extracted from consecutive frames. Figure 22 shows the

resulting distribution.
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Figure 22: Distribution of cosine similarity between attribution vectors of consecutive frames.

The distribution is heavily concentrated near one, indicating that attribution patterns remain

highly stable throughout video sequences. This suggests that small variations in pose, expression,

or illumination do not substantially alter the regions used by the model for age estimation. Such

behaviour increases confidence in the reliability of the generated explanations and indicates that

the observed attribution patterns reflect consistent model behaviour rather than random fluctuations

between frames.

4.5.4 Analysis of Incorrect Predictions

Although the overall performance of MiVOLO [61] was comparable to previously reported

results, a small number of subjects produced substantially larger errors than the dataset average.

Analysing these cases provides additional insight into the limitations of the model and the chal-

lenges associated with age estimation in less constrained video data.

Figure 23 presents the twenty subjects with the largest absolute age estimation errors. While

most subjects in the dataset were associated with considerably smaller errors, a limited number of

outliers exhibited deviations approaching or exceeding thirty years.
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Figure 23: Twenty subjects with the largest absolute age estimation errors.

A closer inspection of these cases revealed several factors that may contribute to prediction

failures. Many of the most challenging samples were captured under poor illumination conditions,

contained noticeable image noise, or exhibited facial occlusions caused by glasses, shadows, or

limited facial visibility. Such conditions reduce the amount of age-related information available to

the model and can make reliable estimation considerably more difficult.

An example corresponding to the largest observed error is shown in Figure 24. The subject

was recorded in a low-light environment, resulting in reduced facial detail and contrast. Despite

the incorrect prediction, the Integrated Gradients [108] attribution map indicates that the model

continued to focus on meaningful facial regions, particularly around the nose, cheeks, and central

facial area. This suggests that the prediction error was not caused by attention being directed

towards irrelevant background content, but rather by the limited visual information available in

the image itself.
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Figure 24: Largest age estimation error in the dataset (ground truth: 18 years; prediction: 53.8
years). Left: original image. Right: Integrated Gradients attribution map.

Another important consideration is the nature of the Casual Conversations [95, 107] dataset.

Ground-truth ages are based on information voluntarily provided by the participants during dataset

collection. Consequently, the reported age labels cannot be independently verified and may oc-

casionally contain inaccuracies. While there is no indication that such cases are common, the

possibility of incorrect self-reported ages should be considered when interpreting the largest pre-

diction errors.

Overall, the analysis suggests that the most severe failures are primarily associated with dif-

ficult visual conditions and a small number of extreme outliers. Furthermore, the corresponding

attribution maps indicate that the model generally continues to rely on plausible facial cues even

when producing incorrect age estimates, supporting the observations presented in the previous

explainability analyses.

4.6 Validation of Explanations

While attribution maps provide a visual indication of which image regions influence a model’s

prediction, visual inspection alone does not guarantee that the highlighted features are genuinely

important for the decision-making process. To assess the reliability of the generated explanations,

insertion and deletion tests were performed following a perturbation-based evaluation strategy.

The underlying principle is straightforward. If the regions identified by Integrated Gradients

[108] contain information that is truly important for age estimation, removing those regions should

substantially degrade the prediction, whereas reintroducing them should rapidly recover the model

output. Comparisons against random perturbations provide a baseline for determining whether the

observed behaviour is meaningful or merely a consequence of modifying the image.
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4.6.1 Pixel Deletion Test

The deletion test evaluates whether pixels identified as important by Integrated Gradients [108]

are genuinely required for the model’s prediction. Starting from the original image, pixels were

progressively removed in decreasing order of attribution magnitude, and the resulting prediction

confidence was monitored after each perturbation step.

Figure 25 presents the average deletion curve obtained across the analysed samples.

Figure 25: Average deletion curves for Integrated Gradients and random perturbations.

A substantially faster decrease in prediction preservation can be observed when pixels are

removed according to the Integrated Gradients [108] ranking. In contrast, random perturbations

produce a considerably slower decline. This behaviour indicates that the regions identified by In-

tegrated Gradients contain information that is genuinely important for the age estimation process.

The sharp drop observed during the initial perturbation stages is particularly relevant, suggest-

ing that a relatively small subset of highly attributed pixels contributes disproportionately to the

final prediction.

4.6.2 Pixel Insertion Test

The insertion test provides a complementary perspective. Instead of removing pixels from the

original image, the process starts from a heavily perturbed image and progressively restores pixels

according to their attribution importance.

Figure 26 shows the average insertion curves obtained for Integrated Gradients [108] and

random pixel restoration.
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Figure 26: Average insertion curves for Integrated Gradients and random perturbations.

The prediction confidence recovers more rapidly when pixels are reintroduced according to

the Integrated Gradients [108] ranking than when pixels are restored randomly. This result indi-

cates that the highlighted regions contain information that is sufficient to reconstruct the model’s

prediction and further supports the relevance of the generated attribution maps.

Together, the insertion and deletion experiments provide complementary evidence that the

explanations capture meaningful features used by the model during age estimation.

4.6.3 Discussion of Explanation Reliability

Figure 27 summarises the average behaviour observed across both perturbation experiments.



Experimental Results 66

Figure 27: Average insertion and deletion faithfulness curves.

The consistent separation between Integrated Gradients [108] and the random attribution base-

lines in both validation experiments indicates that the generated explanations capture non-random

model behaviour. Regions receiving high attribution scores tend to influence the prediction more

strongly than randomly selected image regions, suggesting that Integrated Gradients identifies

features that are relevant to the model’s decision process.

The insertion and deletion curves are not perfectly monotonic because the effect of perturb-

ing one image region is not independent of the remaining visual information. Age estimation

depends on multiple correlated facial cues, including local texture, shape, and appearance, which

are processed jointly by the network. Removing a highly attributed region can therefore change

the relative importance of the remaining features, while restoring additional pixels can similarly

redistribute the evidence supporting the prediction. These interactions can produce small local

fluctuations during the perturbation process. Nevertheless, the global trends remain consistent:

deleting highly attributed pixels generally degrades the prediction faster than random deletion,

while restoring them generally recovers the prediction more effectively than random insertion.

The Area Under the Curve (AUC) analysis provides a quantitative measure of this behaviour.

Relative to random perturbations, Integrated Gradients achieved an average deletion AUC gain of

0.0295 and an insertion AUC gain of 0.0231. Positive gains were observed in approximately 72.5%

of samples for deletion and 66.6% for insertion. This indicates that, for the majority of samples,

the ordering produced by Integrated Gradients prioritizes image regions that have a greater effect

on the model’s prediction than randomly selected regions.
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The validation results are not uniform across all samples. In some cases, the Integrated Gra-

dients ordering does not outperform the random baseline, which may reflect the distributed nature

of age-related facial evidence and variations in image quality, pose, occlusion, or prediction con-

fidence. Therefore, the results should not be interpreted as demonstrating perfect faithfulness for

every individual explanation. Instead, they provide quantitative evidence that Integrated Gradi-

ents identifies prediction-relevant regions more consistently than random attribution across the

evaluated dataset.

To illustrate this behaviour qualitatively, Figure 28 presents a representative example together

with the corresponding insertion and deletion curves.

Figure 28: Example of faithfulness validation. The attribution map highlights regions that strongly
influence the age prediction, while the corresponding insertion and deletion curves demonstrate
that perturbing these regions produces a substantially larger effect than random perturbations.

In this example, removing highly attributed pixels causes a rapid deterioration of the predic-

tion, whereas restoring the same regions quickly recovers the model output. The observed be-

haviour is consistent with the expected response of a faithful explanation method and provides ad-

ditional evidence that the generated attribution maps reflect features genuinely used by the model

rather than visually appealing but unrelated patterns.

Overall, the insertion and deletion experiments support the faithfulness of the Integrated Gra-

dients [108] explanations generated throughout this work. While no explainability method can

provide a complete representation of a deep neural network’s internal reasoning, the obtained re-

sults indicate that the highlighted regions correspond to information that meaningfully influences

the age estimation process.
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Conclusions and Future Work

5.1 Conclusions

This dissertation investigated face detection and age estimation from video under less con-

strained conditions, with particular emphasis on model evaluation, demographic analysis, and ex-

plainability. The work combined a review of the relevant literature with a systematic experimental

study based on publicly available datasets and state-of-the-art deep learning models.

The first objective was to identify a suitable face detector for integration into a video-based

age estimation pipeline. Several recent detectors were evaluated on the WIDER FACE dataset,

with results showing that YOLOv12m achieved the highest overall performance across the Easy,

Medium, and Hard subsets. In particular, the model obtained the strongest results on the Hard

subset, which contains a large number of small and challenging faces. Based on these results,

YOLOv12m was selected as the face detector used throughout the remainder of this work.

The second objective focused on age estimation. An initial evaluation was performed on the

Casual Conversations V1 dataset to compare the selected approach with previously published

work. The results obtained with MiVOLO achieved a level of performance comparable to that

reported in the reference study, although some differences remained in terms of prediction error.

Nevertheless, the overall results supported the suitability of the model for further evaluation on

larger and more diverse datasets.

A more comprehensive assessment was subsequently conducted on the Casual Conversations

V2 dataset. The results showed that age estimation performance varies considerably across age

groups. Lower errors were generally observed for younger and middle-aged adults, whereas pre-

diction accuracy decreased progressively for older individuals. The error analysis further revealed

that prediction bias is not uniform across age ranges, with both overestimation and underestima-

tion effects being observed depending on the age group considered. These findings are consistent

with the broader challenges reported in the age estimation literature, particularly for subjects at

more advanced ages.

Additional analyses were performed across demographic groups, allowing a broader assess-

ment of model behaviour beyond aggregate performance metrics. While differences between

68
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countries and genders were observed, the results suggested that age had a greater influence on

performance than the demographic factors considered. The country-level analysis did not reveal a

consistently superior or inferior performance for any specific population, whereas the gender anal-

ysis indicated similar median errors for cis women and cis men, although larger error variability

was observed for cis women in several age groups.

The final part of the dissertation focused on explainability. Integrated Gradients was employed

to investigate the facial regions that contributed most strongly to age predictions. The resulting

attribution maps indicated that the model generally relied on semantically meaningful facial fea-

tures associated with ageing. Furthermore, insertion and deletion experiments provided quantita-

tive evidence supporting the faithfulness of the generated explanations, with Integrated Gradients

outperforming random perturbation baselines in the majority of evaluated samples.

Overall, the results demonstrate that the proposed framework is capable of producing com-

petitive age estimation performance on less constrained video data while providing interpretable

explanations of its predictions. At the same time, the analyses highlight important limitations

related to age estimation in older subjects and illustrate the value of explainability methods for

improving the understanding of model behaviour in facial analysis systems.

5.2 Limitations

Despite the positive results obtained throughout this work, several limitations should be ac-

knowledged.

First, the age estimation model was evaluated without additional fine-tuning on the target

datasets. Although this decision enabled a fair assessment of the model’s generalisation capabil-

ity, dataset-specific adaptation could potentially improve performance, particularly for underrep-

resented demographic groups.

Second, the adopted framework relies primarily on frame-level age estimation followed by

temporal aggregation. While this approach improves prediction stability and remains computa-

tionally efficient, it does not explicitly model temporal dependencies between consecutive frames.

Consequently, potentially useful temporal information present in video sequences may not be fully

exploited.

Another limitation relates to the distribution of the available data. As observed in the experi-

mental results, older age groups are less represented than younger and middle-aged adults. This

imbalance contributes to increased prediction errors for elderly subjects and remains a common

challenge in age estimation research.

Finally, the explainability analysis was conducted using a single attribution method. Although

Integrated Gradients provided meaningful and consistent explanations, different explainability

techniques may highlight complementary aspects of model behaviour and could lead to additional

insights.
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5.3 Future Work

Several directions for future research emerge from the findings of this dissertation.

A natural extension would be the fine-tuning of age estimation models on large-scale video

datasets. Such an approach could improve robustness to variations in pose, illumination, motion

blur, and other factors commonly encountered in less constrained video environments.

Future work could also explore architectures specifically designed for video analysis. Instead

of aggregating independent frame-level predictions, temporal models capable of directly learning

relationships between consecutive frames may further improve prediction stability and accuracy.

Another promising direction involves expanding the explainability component of the frame-

work. Comparing Integrated Gradients with alternative attribution methods could provide a broader

understanding of model decision-making processes and improve confidence in the generated ex-

planations.

Further investigation of demographic fairness and bias would also be valuable. Evaluating ad-

ditional demographic attributes and analysing performance across more diverse populations could

contribute to the development of more equitable age estimation systems.

Finally, the methodology presented in this dissertation could be extended beyond age esti-

mation to other video-based face analytics tasks, including emotion recognition, facial attribute

analysis, and behavioural assessment. Such extensions would help determine whether the conclu-

sions drawn in this work generalise to a broader range of facial analysis applications.

In summary, this dissertation provides a systematic evaluation of face detection, age estima-

tion, and explainability techniques for less constrained video analysis. The obtained results es-

tablish a solid foundation for future research while highlighting several opportunities for further

methodological and experimental improvements.
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