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Abstract

This research explores the development of a robust pressure-based gait recognition

system, with a focus on reducing the impact of changes in footwear. Using two

datasets; CASIA-D and a newly collected UNB dataset, we compare traditional

and deep learning methods, including two novel architectures: UMAPNet for spa-

tial feature learning and FootPart, a comprehensive spatiotemporal model. FootPart

integrates local spatial partitioning with dynamic temporal modelling, achieving sig-

nificant improvements in both closed-set and open-set verification tasks. Results

show that FootPart maintains high accuracy under variable conditions, outperform-

ing baseline models in identification tasks and demonstrating resilience to unseen

footwear. This work underscores the importance of detailed spatial and temporal fea-

tures in robust gait recognition, with implications for security, healthcare, and smart

environments.

ii



Dedication

To my mother, whose unwavering faith in me has been my greatest source of strength;

to my father, whose resilience is my constant inspiration; and to my siblings, whose

encouragement lifts me in the hardest moments.

Though distance separates us, your love has bridged every mile, and your belief

has accompanied me every step of the way. This journey would not have been possible

without each of you in my heart.

iii



Acknowledgements

I would like to acknowledge the following individuals, each of whom has been in-

strumental to the completion of this dissertation and to my growth throughout this

journey:

My supervisor, Dr. Erik Scheme. Your guidance and support have been invaluable

at every stage of this research. Thank you for your mentorship and for believing in me

when I doubted myself. Your encouragement and insights have left a lasting impact.

My co-authors and collaborators. Research is a collaborative effort, and I am

grateful for the opportunity to work alongside such talented and inspiring individuals.

Special thanks to Dr. Angkoon Phinyomark and Dr. Aaron Tabor, whose thoughtful

feedback throughout the thesis process greatly strengthened my work. Your expertise

and dedication have been invaluable.

My colleagues at the Institute of Biomedical Engineering. Thank you for creating

a friendly and dynamic environment where we could support each other’s growth,

both professionally and personally.

Finally, the funding and project partners who made this project possible, including

CyberNB, Knowledge Park, Stepscan Technologies, the New Brunswick Innovation

Foundation, the Atlantic Canada Opportunities Agency, and the Natural Sciences

and Engineering Research Council of Canada (NSERC) Alliance grants program.

iv



Table of Contents

Abstract ii

Dedication iii

Acknowledgments iv

Table of Contents v

List of Tables ix

List of Figures x

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Background and Related Works 6

2.1 Gait Biometrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1.1 Video Based Gait Recognition . . . . . . . . . . . . . . . . . . 7

2.1.2 Pressure Based Gait Recognition . . . . . . . . . . . . . . . . 10

2.1.3 Related Works: Performance of Pressure-Based Gait Recogni-

tion Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.3.1 Barefoot Gait Recognition . . . . . . . . . . . . . . . 12

v



2.1.3.2 Footwear-Specific Gait Recognition . . . . . . . . . . 12

2.1.3.3 Mixed Conditions (Barefoot and Footwear) . . . . . 13

2.2 Extracting Information From Gait . . . . . . . . . . . . . . . . . . . . 14

2.3 Spatial, Temporal, and Spatiotemporal Representations of Gait Data 19

2.3.1 Spatial Features for Gait Recognition . . . . . . . . . . . . . . 19

2.3.2 Temporal Features for Gait Recognition . . . . . . . . . . . . 21

2.3.3 Spatiotemporal Features for Gait Recognition . . . . . . . . . 22

3 Dataset and Preprocessing 24

3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.1.1 CASIA-D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.1.2 UNB Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.2 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2.1 Shoe-Type Label Correction . . . . . . . . . . . . . . . . . . . 27

3.2.2 Angle Alignment . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2.3 Bounding Box Cropping . . . . . . . . . . . . . . . . . . . . . 28

3.2.4 Footstep Interpolation . . . . . . . . . . . . . . . . . . . . . . 28

3.2.5 Data Standardization and Normalization . . . . . . . . . . . . 29

3.2.6 Footstep Side Label Correction and Mirroring . . . . . . . . . 29

3.3 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3.1 Constructing a Verification System . . . . . . . . . . . . . . . 30

3.3.2 Data Use in the Open- and Closed-set Scenarios . . . . . . . . 30

3.3.3 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3.4 Programming Language, Libraries, and Resources . . . . . . . 33

4 Conventional Feature Extraction & Feature Learning 34

4.1 Establishing Baseline Performance . . . . . . . . . . . . . . . . . . . . 35

4.2 Dimensionality Reduction Techniques . . . . . . . . . . . . . . . . . . 35

vi



4.2.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.2.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.2.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.3 Feature Learning Networks . . . . . . . . . . . . . . . . . . . . . . . . 42

4.3.1 PCANet & PCANet+ . . . . . . . . . . . . . . . . . . . . . . 42

4.3.2 UMAPNet: A Novel Feature Learning Architecture . . . . . . 44

4.3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5 Deep Spatiotemporal Learning 50

5.1 LSTM: Deep Temporal Learning . . . . . . . . . . . . . . . . . . . . . 51

5.1.1 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . 51

5.1.2 Hyperparameter Tuning and Model Configuration . . . . . . . 52

5.2 GaitPart: Adding Spatial Partitioning . . . . . . . . . . . . . . . . . 52

5.2.1 Model Architecture and Hyperparameters . . . . . . . . . . . 53

5.3 FootPart: Region-Based Spatiotemporal

Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.3.1 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . 55

5.3.2 Model Training Parameters . . . . . . . . . . . . . . . . . . . 58

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.5.1 LSTM for Temporal Feature Extraction . . . . . . . . . . . . 60

5.5.2 GaitPart for Spatiotemporal Learning . . . . . . . . . . . . . . 60

5.5.3 FootPart for Enhanced Spatiotemporal Learning . . . . . . . . 61

5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

6 Generalization of the Findings 63

vii



6.1 Generalization to the Novel UNB Dataset . . . . . . . . . . . . . . . 64

6.1.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

6.1.2 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

6.2 Generalizing to the Identification Task . . . . . . . . . . . . . . . . . 67

6.2.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

6.2.2 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

6.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

7 Discussion and Future Works 72

7.1 Implications of Results . . . . . . . . . . . . . . . . . . . . . . . . . . 72

7.2 Summary of the Contributions . . . . . . . . . . . . . . . . . . . . . . 73

7.3 Limitations and Future Works . . . . . . . . . . . . . . . . . . . . . . 74

7.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

Bibliography 76

Vita

viii



List of Tables

5.1 Hyperparameters of GaitPart Implementation . . . . . . . . . . . . . 54

ix



List of Figures

2.1 An example of a GEI image obtained from different viewing angles [42]. 8

2.2 An example (up) Silhouettes and (down) Skeletons in different viewing

angles [42]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3 Overview of classification frameworks using spatial feature extraction

models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.4 Examples of P100 pressure images for different pairs of shoes. Each

subfigure represents the peak pressure values, highlighting the spatial

distribution and intensity of the different pressure points due to footwear. 16

2.5 Example of the Center of Pressure (COP) time series for a representa-

tive user. The plot illustrates how the vertical, anterior-posterior, and

medial-lateral force components vary over time during walking. . . . . 17

2.6 Example of the Ground Reaction Force (GRF) time series for a repre-

sentative user. The plot illustrates the variations in vertical, anterior-

posterior, and medial-lateral force components over time during walking. 17

3.1 CASIA D Data Samples. . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.2 UNB Data Samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3 Preprocessing framework. . . . . . . . . . . . . . . . . . . . . . . . . 27

3.4 Evaluation framework . . . . . . . . . . . . . . . . . . . . . . . . . . 33

x



4.1 The closed-set BACC results when applying the various dimensionality

reduction techniques on the pixel time series (PTS) or the P100, GRF,

or COP features for person verification. NDR refers to the case when

no dimensionality reduction was applied. . . . . . . . . . . . . . . . . 40

4.2 The open-set BACC results when applying the various dimensionality

reduction techniques on the pixel time series (PTS) or the P100, GRF,

or COP features for person verification. NDR refers to the case when

no dimensionality reduction was applied. . . . . . . . . . . . . . . . . 40

4.3 Architecture of PCANet as described in its original paper [12]. . . . . 43

4.4 Architecture of PCANet+ as described in its original paper [57]. . . . 43

4.5 Architecture of the proposed UMAPNet. The UMAP layer generates

features from sampled patches, followed by binary quantization and

block histogram layers. The final output feature vector is classified

using a classifier. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.6 A surface plot of the optimization curves for the UMAPNet networks

parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.7 The closed-set balanced accuracies of the FLNs (PCANet, PCANet+,

UMAPNet) compared to the baseline pixel time series and P100 feature

representation for person verification. . . . . . . . . . . . . . . . . . . 47

4.8 The open-set balanced accuracies of the FLNs (PCANet, PCANet+,

UMAPNet) compared to the baseline PTS and P100 feature represen-

tations for person verification. . . . . . . . . . . . . . . . . . . . . . . 47

5.1 Architecture of the GaitPart model for vision-based gait recognition [31]. 54

5.2 Proposed framework for Footpart, a novel deep network with explicit

modelling of spatiotemporal dynamics between foot partitions. . . . . 56

5.3 Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart

for the closed-set person verification task using the CASIA-D dataset. 59

xi



5.4 Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart

for open-set person verification task using the CASIA-D dataset. . . . 59

6.1 Comparison of the balanced accuracies of the various models for the

closed-set verification task when using the CASIA-D and UNB datasets. 65

6.2 Comparison of the balanced accuracies of the various models for the

open-set verification task when using the CASIA-D and UNB datasets. 66

6.3 Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart

for the closed-set person identification using the CASIA-D and UNB

datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

6.4 Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart

for the open-set person identification task using the CASIA-D and

UNB datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

xii



Chapter 1

Introduction

1.1 Motivation

The term gait refers to the complex, coordinated manner in which people walk, char-

acterized by the cyclic movement pattern of the limbs and body. The science of

capturing and analyzing these patterns is called gait analysis. In healthcare, gait can

be compared against an established population-level ”healthy norm” to test for ab-

normalities or monitor for changes that may serve as an early marker of mobility and

cognitive issues. Alternatively, characteristics of the gait signal (i.e., called features

in this thesis) can be used to uniquely identify individuals from a larger group. Bio-

metrics (i.e., a physiological and/or behavioral trait that uniquely identifies someone)

can be applied in a wide variety of applications where secure access is essential, but

gait may offer benefits when others forms of biometric authentication are infeasible or

inappropriate, such as when physical contact (e.g., fingerprints) is undesirable due to

hygiene concerns, or where facial recognition may be compromised by environmental

conditions (e.g., low lighting or when individuals are wearing masks) in locations like

hospitals, airports, or outdoor settings.

Popular authentication methods like passwords, swipe cards, and signatures are

1



relatively easy to guess, steal, or imitate, whereas physical biometrics like iris, finger-

print, palm, and facial recognition generally provide more robust security [4]. These

approaches can be more invasive, however, requiring active user cooperation (e.g.

scanning with a sensor), and are confounded by accessories like glasses or masks, pri-

vacy concerns, and potential biases. These inherent limitations motivate the design

of new non-invasive biometric systems that are easy and robust. Fortunately, gait

has emerged as a promising biometric modality that may be less invasive and can be

captured as users approach an access point.

Vision-based gait recognition, which involves identifying individuals based on their

walking patterns as captured through camera systems, has dominated the research

landscape in recent years because of the ease of use and prevalence of camera-based

capture systems. While convenient, vision methods have several known limitations

- poor performance in low visibility conditions, occlusion issues when tracking in-

dividuals, and privacy/bias concerns akin to facial recognition. As an alternative,

pressure-based gait recognition emerged, based on specialized flooring that captures

the distribution of forces at the feet during gait, providing both spatial (e.g., foot

shape) and temporal (e.g., cadence) information [38]. Pressure signals can be ac-

quired even in complete darkness and are not susceptible to occlusion when multiple

subjects are in view [95]. Research has shown that pressure-based gait recognition can

even outperform other biometric modalities [15]. However, several challenges still hin-

der its real-world application. Factors such as load carrying, changes in walking speed,

and variations in footwear have been shown to degrade recognition performance, as

these conditions affect the measured gait signals. Additionally, pressure-based sys-

tems require sensor installation in the environment, which may not be desirable in

all situations. Despite these challenges, pressure-based gait recognition holds great

potential, warranting further research.

Of the challenges faced by pressure-based gait recognition systems, footwear is
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particularly problematic because it influences both the physiological and behavioural

properties of the underlying signal. For example, footwear-agnostic identity recog-

nition is challenging because the shoe’s soles (i.e., the interface through which the

system captures information) come in various shapes, sizes, and patterns. To be ro-

bust, recognition systems must be designed to infer identity in a way that is resilient

to these physical differences. Footwear is also known to influence behavioural gait pat-

terns (e.g., individuals walk differently when wearing loose flip-flops vs heavy boots

[28, 101]). This suggests that footwear likely modifies the identifying properties of the

underlying signal, making it difficult to infer generalizations across shoe types. To

explore this footwear challenge, this thesis explores two variants of footwear-agnostic

gait recognition: a) closed-set or within-domain, and b) open-set or cross-domain

recognition. Closed-set recognition assumes that the system is only responsible for

recognizing participant-footwear pairings that were encountered during training. This

simplification represents the case when user may be required to train the system with

all footwear that they may use, such as in a private school or military installation

where users must wear common uniforms or standard-issue clothing. It may also

be possible to extend the applicable use cases for closed-set recognition by requiring

a short supervised registration sequence when a new set of footwear is encountered.

However, open-set recognition case makes no assumptions about encountered footwear

- the system is expected to perform in all cases, irrespective of whether or not the

presented shoe was encountered during system training (i.e., the system is expected

to recognize an open set of footwear categories). This problem variant is much more

difficult but is more desirable in many cases, such as office buildings or border secu-

rity, where a large number of intermittent users would be less motivated to retrain

the system with every pair of shoes they own.

In both scenarios, feature extraction plays a critical role in extracting relevant

information from the pressure data samples to enable robust, efficient, and resilient

3



gait recognition. High-resolution pressure sensor data can be represented as a three-

dimensional (3D) array, incorporating height and width (dictated by sensor size and

resolution) over time. Relevant features from this data can be spatial (pressure im-

ages), temporal (pressure time series), or spatiotemporal (combining spatial and tem-

poral aspects). Extracting discriminative features is crucial for accurate gait recog-

nition, but traditional machine learning (ML) approaches often struggle with the

high dimensionality and variability of gait data. Deep learning (DL) methods, such

as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs),

may better capture complex patterns but typically require large datasets. In re-

sponse to this limitation, Feature Learning Networks (FLN) offer a more structured

approach, integrating conventional feature extraction within DL frameworks.

Because footwear affects both spatial (e.g., sole shape and design) and temporal

(e.g., cadence) aspects of gait [19], this thesis explores these various representations of

the gait signal in efforts to overcome the footwear challenge. First, known spatial and

temporal features are evaluated with current ML models, investigating the impact of

footwear and the potential role of feature extraction and dimensionality reduction.

FLNs are then explored given the limited amount of data available for each user,

and a deep temporal learning approach is explored using Long Short Term Memory

(LSTM) to more explicitly model the temporal dynamics of gait. Building on the

unique benefits afforded by spatial and temporal features, fusions of both information

representations are explored through spatiotemporal features, evaluating new models

inspired by similar challenges faced in the larger vision-based gait recognition field,

and translating them to the pressure-based scenario. Finally, a novel multi-modal

FootPart LSTM network is introduced, which partitions the pressure footstep into

regions and computes Dynamic Time Warping (DTW) based distances between them

to improve robustness to footwear variations.
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1.2 Objectives

The primary objective of this research is to explore how different feature extrac-

tion techniques can improve footwear-agnostic pressure-based gait recognition. More

specifically, this research aims to:

• Aim 1: Explore and compare various feature learning and extraction techniques

to improve the closed-set user recognition performance for known footwear.

• Aim 2: Explore the generalization of these approaches to the more challenging

open-set use case, where models are evaluated using previously unseen footwear.

1.3 Thesis Structure

The thesis is organized as follows: Chapter 2 provides background information and

a review of relevant literature on gait recognition. Chapter 3 details the data col-

lection process and describes the datasets used. Chapter 4 focuses on conventional

feature extraction and dimensionality reduction approaches to solve the recognition

problem, before exploring more advanced FLNs and introducing a novel UMAPNet

architecture. Chapter 5 investigates deep temporal and spatiotemporal approaches,

adopts and modifies a partitioning approach inspired by vision-based gait recognition,

and introduces a novel multi-variate spatiotemporal network with similarity distance

metrics. Chapter 6 then explores generalizing these results and models to a brand

new, unseen dataset, and the challenging recognition problem. Finally, Chapter 7

discusses the research findings, implications, and potential future directions.
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Chapter 2

Background and Related Works

2.1 Gait Biometrics

Gait biometrics refers to the unique identification of individuals based on their walk-

ing patterns, encompassing a combination of physiological traits (e.g., body structure,

weight distribution) and behavioral characteristics (e.g., cadence, stride length, joint

movement). The process of recognizing someone can be performed through one of

two main approaches, both of which are commonplace in security-related applica-

tions; verification or identification. Verification, also known as authentication in

some fields of security and access control, involves the process of confirming an in-

dividual’s claimed identity by comparing their features against a stored template or

database, whereas identification involves assigning a label to an individual (without a

claimed identity) [90]. This dissertation explores both of these security-related tasks

and uses the term gait recognition, or user recognition more generally, to describe

both verification and/or identification.

The use of knowledge-based methods of recognition such as passwords and tokens

are now commonplace, but these can easily be forgotten, forged, and/or stolen[96].

Biometric authentication systems have, therefore, been widely used as a more secure
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alternative (i.e., difficult to forge and/or steal) [47, 36]. Some examples of phys-

iological biometrics include fingerprints, iris patterns [24, 14], and facial features.

More behavioural biometrics encompass examples such as voice/speech patterns and

keystroke dynamics [1, 97].

Research suggests that both genetic and environmental factors contribute to the

development of unique gait patterns, influenced by characteristics such as body struc-

ture, weight distribution, neurological pathways, health conditions, and habitual ten-

dencies [102, 26, 64, 82, 7, 83]. This complex spatiotemporal pattern is highly resistant

to imitation, making gait appealing for secure biometric systems. These attributes,

coupled with constraints faced by other biometric methods, have motivated further

exploration of the performance limits of gait recognition technology [106, 93, 33].

2.1.1 Video Based Gait Recognition

The field of gait recognition began predominantly with vision-based approaches that

capture and analyze movement patterns from video footage [50]. Vision-based meth-

ods gained popularity for many reasons, including the widespread deployment and

accessibility of cameras as well as the coordinated creation of large datasets collected

to support research and development [76]. These systems typically employ computer

vision techniques to extract gait features from the video data and match them against

a database of known gait signatures [91]. The typical pipeline for video-based gait

recognition begins with capturing video footage of an individual walking, followed

by preprocessing steps such as background subtraction and silhouette extraction to

isolate the person’s movement. The processed video is then analyzed to extract

distinctive gait features, which are compared against a database of known gait pat-

terns for identification or verification. Two main feature extraction approaches used

in vision-based gait recognition are Gait Energy Images (GEIs) and skeleton-based

methods. Each method is briefly described below.
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A GEI is a two-dimensional (2D) depiction (i.e., image) of the gait cycle. The

image is created by first centering the observed individual in the video feed (e.g., often

achieved by locking a landmark such as the hip bones to the center of the video frame),

binarizing each video frame to create a silhouette mask (i.e., 0s denote background, 1s

denote the observed individual), and then averaging each resulting pixel time series

to construct a ”flattened” 2-dimensional image [41]. Regions of the resulting GEI

image with higher intensity values denote regions that were physically occupied for

longer periods of the gait cycle. This compact representation has been effective in

various gait recognition tasks (e.g., [104, 100, 61]), benefiting from its simplicity and

robustness to noise. GEIs offer a straightforward and efficient way to capture gait

patterns, making them suitable for scenarios with limited computational resources.

However, the classification of GEIs may struggle due to variations in appearance,

viewing angle, and clothing [3]. Figure 2.1 illustrates example GEI images obtained

from different viewing angles to demonstrate this effect.

Figure 2.1: An example of a GEI image obtained from different viewing angles [42].

In contrast, skeleton-based methods extract the underlying joint structure of the

recorded individual by tracking key joint positions (e.g., hips, knees, shoulders, el-

bows). The extracted ”skeleton graph”, as shown in Figure 2.2, can then be further

analyzed using two main approaches: a) model-based methods, where established gait

kinematics create a simplified representation of the gait dynamics for easier analysis
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of limb movements and joint angles [45], and b) data-driven approaches, where the

”skeleton graphs” are used to train ML or deep neural network. Recent advancements

in DL have improved skeleton-based gait recognition by leveraging CNNs and RNNs

to enhance feature extraction and temporal modelling [105]. Skeleton-based methods

provide a more detailed and flexible representation of gait, but they require accurate

pose estimation, which can be computationally intensive, and still suffer from similar

challenges like clothing and viewing angle [38].

Figure 2.2: An example (up) Silhouettes and (down) Skeletons in different viewing
angles [42].

Irrespective of the approach employed, a strength of vision-based gait recognition

approaches, in general, is that the information about the full gait cycle is available for

analysis (e.g., swing phase, arm swing). This comprehensive view allows for detailed

extraction of features from the entire body’s motion continuously during gait. In

contrast, the pressure-based gait systems explore in this work only directly capture

information about foot contact dynamics, such as pressure distribution and timing of

steps. This restricts the scope of analysis to lower limb movements and ground contact

patterns, posing a challenge in capturing the complete spectrum of gait characteristics

observable in vision-based methods. However, this perceived deficit may also help to

overcome some of the key challenges of video-based gait recognition.

The very use of video makes the approach sensitive to variations in environmental

conditions, viewing angle, visual occlusion of the subject by objects or other people

[107], loose clothing or accessories (like scarves and hats), changes in clothing or car-
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rying conditions [70], and image resolution [77]. Additionally, camera-based methods

do not work at all in some situations, such as in darkness, haze, and smokey envi-

ronments where the pictures are unclear [34]. This sensitivity to visual variations –

particularly changes in clothing (often referred to as poor ’cross-clothing’ performance

[54]) – poses a challenge similar to an issue faced in pressure-based gait systems, where

variations in footwear may significantly impact the recognition performance. In both

cases, external factors unrelated to the underlying gait mechanics introduce variabil-

ity, making it harder to achieve consistent and accurate recognition. Furthermore, the

capture of an individual’s likeness via video, whether for facial or gait recognition, has

raised concerns about privacy and data use [88]. Extensive research has also shown

that computer vision systems exhibit racial and gender biases, a broader issue in the

field [9]. Although video-based gait recognition offers comprehensive gait analysis and

benefits from widespread camera infrastructure, its scalability is often hindered by its

sensitivity to environmental variations and the computational demands of processing

high-resolution video data, limiting its effectiveness in certain real-world scenarios

[103].

2.1.2 Pressure Based Gait Recognition

In contrast to video-based approaches, pressure-based gait recognition employs spe-

cialized mats or arrays of pressure sensors embedded in the floor to capture pressure

patterns generated by the foot while walking [51]. The signal captured contains both

spatial information, such as the shape and pressure distribution of the foot, and tem-

poral information about how the foot movement progresses throughout the gait cycle

with each footstep. Like video-based approaches, the rich spatiotemporal biometric

information encoded in this signal can also be leveraged for person identification [88].

Despite its relative infancy, pressure-based gait analysis offers several potential

advantages over video-based gait approaches. First, pressure-based approaches are
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not as sensitive to signal distortion as video - pressure signals can just as readily

be captured in complete darkness. Similarly, even in crowded environments, sensor

occlusion is unlikely in pressure-based capture systems (e.g., unless the person steps

on top of something on the floor) [40]. Preprocessing is often more straightforward in

pressure-based systems because there is no background image (the “background” is

simply a no-pressure reading) and the generated patterns do not overlap spatiotem-

porally (unless users are literally walking over the top of one another). Individual

gait patterns can therefore be more easily segmented and distinguished, even in the

presence of multiple subjects. However, unlike video, the only information available

to a pressure-based gait recognition system is the signal derived from the underfoot

contact with the instrumented flooring. This means that some portions of the gait

cycle are not directly observable, such as the swing phase for any given foot. Despite

this, research has shown that it is possible to perform person identification using only

these directly observed portions of the gait cycle [88].

Although early results using pressure-based gait recognition are promising, re-

search is needed to address known challenges. For example, factors such as walking

speed and load carrying (e.g., backpack, briefcase) have been shown to degrade recog-

nition performance [73], as can small training sets [48]. One particularly challenging

factor, explored in this research, is the impact of different footwear conditions [62].

Footwear presents a significant challenge in pressure-based gait recognition because

it not only influences the spatial properties of the signal (e.g., the shape and pattern

of shoe soles), but it also influences its temporal dynamics (e.g., consider walking in

loose flip-flops versus heavy boots [28, 101]).
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2.1.3 Related Works: Performance of Pressure-Based Gait

Recognition Systems

Pressure-based gait recognition has garnered increasing research attention, with per-

formance varying based on feature selection, dataset characteristics, and footwear

conditions. This subsection reviews key studies, focusing on their findings and their

relevance to the objectives of this dissertation.

2.1.3.1 Barefoot Gait Recognition

Numerous studies have investigated gait recognition using barefoot datasets, which

provide a controlled environment for capturing gait patterns. These studies typically

report high recognition rates, as the absence of footwear reduces variability in pressure

patterns caused by factors such as sole structure and cushioning. For instance, Pataky

et al. [80] achieved a 95% recognition rate using locally linear embedding (LLE) for

dimensionality reduction alongside handcrafted features like P100 and COP. Despite

this success, the reliance on barefoot data limits the generalizability of these findings

to real-world scenarios where individuals typically wear shoes. Similarly, Gafurov

et al. [33] demonstrated a 92% accuracy rate in user identification by combining

ground reaction force (GRF) and spatiotemporal features. While foundational for

understanding temporal gait dynamics, these studies hold limited applicability to

this work, which focuses on challenges posed by footwear variability in real-world

scenarios.

2.1.3.2 Footwear-Specific Gait Recognition

Research targeting footwear-specific recognition systems has highlighted the complex-

ities introduced by footwear variability and the necessity of robust spatiotemporal

feature extraction methods. These studies are directly relevant to this work as they

address the shod problem and unseen footwear conditions. For example, Kazemi et
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al. [48] employed convolutional neural networks (CNNs) to analyze spatiotemporal

features from pressure-sensitive flooring, achieving 85% accuracy. However, the per-

formance dropped significantly to 60% in experiments that included unseen footwear

types, illustrating the challenge of generalization across diverse footwear conditions.

Similarly, Macdonald et al. [62] used a hybrid model combining principal compo-

nent analysis (PCA) for dimensionality reduction with an SVM classifier, achieving

87% accuracy in recognizing individuals across three predefined shoe types. Although

promising, this study did not address the more challenging open-set scenario involving

unseen footwear types.

2.1.3.3 Mixed Conditions (Barefoot and Footwear)

Some studies have explored mixed conditions, analyzing both barefoot and footwear

scenarios to understand the impact of footwear on recognition performance. For

instance, Guru et al. [40] achieved a 75% recognition rate across barefoot and various

footwear types using GRF and COP features. This study highlighted the accuracy

degradation when transitioning from barefoot to shod conditions, emphasizing the

need for robust models capable of handling variability. Wang et al. [102] utilized

deep learning methods to analyze both barefoot and footwear conditions, reporting

88% accuracy for barefoot samples and 80% for mixed footwear conditions. Connor

et al. [23] also investigated mixed conditions using a combination of handcrafted

features and machine learning classifiers. Their work emphasized the importance

of extracting both spatial and temporal characteristics to improve accuracy across

varying conditions, achieving over 90.5% recognition performance in their experiments

in identification using multiple footsteps. This study highlights the feasibility of

hybrid approaches in addressing variability introduced by mixed conditions. The

study attributed the challenges posed by footwear to temporal shifts in pressure

signals caused by changes in gait dynamics, which aligns closely with the challenges
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addressed in this thesis. It is worth noting that Connor et al. [23] leveraged soft

biometrics, such as shoe size, to achieve such high accuracies. While impressive, the

use of such metrics may risk poor generalization to larger datasets. For example in a

small set of users, only one person may have a size 13 shoe, leading the model to rely

heavily on that one feature (but a future second user with size 13 shoes may then

be misclassified). Consequently, this thesis focuses on features that can be extracted

or learned from the actual spatiotemporal information in gait. Future works could

then re-introduce soft biometrics through late-fusion to further improve the absolute

performance in based on the use case.

Ultimately, barefoot-only studies serve as foundational research but bypass the

challenges of real-world gait recognition introduced by footwear variability. Studies

that address footwear-specific or mixed conditions are more aligned with the objec-

tives of this work, as they focus on mitigating the effects of external factors such as

shoe type on recognition performance. This thesis extends existing work by employing

advanced spatiotemporal feature extraction methods and evaluating models in both

closed-set and open-set scenarios. By addressing the limitations of prior approaches,

it aims to develop a generalizable framework for pressure-based gait recognition in

real-world applications.

2.2 Extracting Information From Gait

The raw gait signals captured by high-resolution pressure sensors are inherently high-

dimensional. For example, in the popular CASIA-D dataset (see Section 3.1), each

footstep is captured as a 60x40x100 matrix of floating point pressure readings (i.e.,

240k data points). Preprocessing and effective feature extraction are therefore critical

to reducing data dimensionality and increasing information density for pressure-based

gait recognition. In the context of ML, feature extraction is the process of selecting
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relevant information and synthesizing new dimensions to better represent the data

[27]. This is typically achieved through one of the three different feature extraction

pipelines outlined in Figure 2.3: (a) Machine Learning using hand-crafted features, (b)

Feature Learning Networks using structured convolutional features with prefixed or

data-adapted filters, and (c) Deep Learning, where filters are learned during training.

In the Machine Learning pipeline, hand-crafted features are extracted and passed into

a machine learning classifier such as SVM. In the Feature Learning Network pipeline,

convolutional features are extracted using prefixed or data-adapted filters, followed

by nonlinearities and pooling. These features are then classified, again with an ML

classifier such as an SVM. Finally, in the Deep Learning pipeline (i.e., right column),

convolutional features are learned during training, followed by activation and pooling

layers. The resulting feature vectors are classified using a fully connected layer.

Feature Classification

Feature Learning

Convolution 
(Kernels Learned during Training)

Nonlinearity
(e.g. ReLU)

Pooling
(e.g. Max Pooling)

Input Image

Deep Learning Classifier
(e.g. Fully-connected + Softmax)

Machine Learning Classifier
(e.g. SVM)

Convolution 
(Prefixed or Data-adapted Filters)

Nonlinearity
(e.g. Binary Hashing)

Pooling
(e.g. Blockwise Histogram)

Feature Classification

Feature Learning

Input Image

Machine Learning
(a)

Feature Learning Network
(b)

Deep Learning
(c)

Feature Vector

Output Label

Feature Vector

Output Label

Hand-crafted features
(e.g. PCA)

Machine Learning Classifier
(e.g. SVM)

Feature Classification

Feature Learning

Input Image

Feature Vector

Output Label

Figure 2.3: Overview of classification frameworks using spatial feature extraction
models.

Importantly, the extraction of relevant information - in this context - refers to dis-

criminative information that promotes class separability (i.e., the resulting system’s

ability to assign a class label to a given user correctly) rather than simply describ-
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ing maximal data variance. Gait data must be preprocessed using feature extraction

methods to isolate characteristics that best represent each individual’s unique gait

pattern [88]. This is a fundamental step in building a robust, efficient recognition

system [81]. These approaches lead to three types of features: a) Hand-crafted fea-

tures, b) Deep-learned features, and c) Feature learning. Each approach is described

below.

Approach 1 - Hand-Crafted Features: Hand-crafted features are designed by hu-

man experts based on domain knowledge to capture relevant patterns in the data.

In gait recognition, hand-crafted features such as ground reaction force (i.e., GRF -

a time-series of sum force exerted on the floor throughout the footstep progression)

and peak pressure images (i.e., P100 - an image depicting the peak pressure reading

from each sensor) are common [69].

Hand-crafted features can be effective with smaller datasets and require less com-

putational power because their design draws on broader knowledge than may be

represented in a given training set. Although intuitive, these features are predeter-

mined and may thus fail to capture the full complexity of the data. Nevertheless, this

pre-selection of known features based on domain knowledge can reduce the amount

of data required to inform subsequent ML models.

Figures 2.4, 2.5, and 2.6 show examples of the three most common hand-crafted

features used in pressure-based gait analysis.

Figure 2.4: Examples of P100 pressure images for different pairs of shoes. Each
subfigure represents the peak pressure values, highlighting the spatial distribution
and intensity of the different pressure points due to footwear.
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Figure 2.5: Example of the Center of Pressure (COP) time series for a representative
user. The plot illustrates how the vertical, anterior-posterior, and medial-lateral force
components vary over time during walking.

Figure 2.6: Example of the Ground Reaction Force (GRF) time series for a repre-
sentative user. The plot illustrates the variations in vertical, anterior-posterior, and
medial-lateral force components over time during walking.

Approach 2 - Deep-Learned Features: DL architectures such as CNNs have demon-

strated promising results in gait recognition tasks [17]. CNNs typically consist of con-

volutional, pooling, and fully connected layers. The convolutional layers are respon-

sible for extracting features while pooling layers help with dimensionality reduction.

The fully connected layers then map the extracted features to the final classification

output. Arguably, the most important building blocks of the CNN architecture are

the convolutional layers, which consist of kernels (or filters). In traditional CNNs,

the parameters of these kernels are carefully learned through back-propagation and

gradient descent during training.

17



Deep networks, in general, are powerful because of their high capacity to identify

discriminative patterns in data. However, one major limitation of DL approaches is

their tendency to overfit to specific training data and failure to generalize - therefore,

large labeled datasets are typically required to achieve optimal DL performance -

especially when data samples exhibit high-dimensionality (e.g., recall the 240k data

points representing each footstep). In real-world scenarios, gathering thousands of

training samples per user is often impractical, which may limit the viability of DL

approaches in commercial applications. Moreover, DL models can be computationally

expensive, requiring substantial resources for training, which may make them less

suitable for resource-constrained environments.

Approach 3 - Feature Learning: Feature learning is a hybrid approach that strives

to strike a balance between the hand crafted and deep learned approaches. As with

DL, it involves training a neural network; however, rather than starting with fully

unconstrained parameters, feature learning aims to reduce the training search space by

introducing constraints derived from common hand-crafted features and/or statistical

properties of the data. These constraints are typically derived through structured

feature extraction methods such as clustering or dimensionality reduction techniques.

For example, PCANet, one of the first FLNs, incorporated Principal Components

Analysis (PCA) within a DL framework [12].

By incorporating such structured methods, feature learning models can sometimes

extract more meaningful representations from smaller datasets than standard DL

approaches [8, 75, 109, 12, 39, 57].
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2.3 Spatial, Temporal, and Spatiotemporal Repre-

sentations of Gait Data

The pressure data captured from flooring sensors are commonly described as three-

dimensional, with height, width, and time dimensions [79]. In the context of this

thesis, this 3D representation - the ”raw” footstep recording - is referred to as a Pixel

Time Series (PTS) to emphasize the spatial and temporal nature of the recorded

pressure values. Depending on the application, different information types can be

extracted from this raw representation.

• Spatial features: The PTS is converted to an image or set of images, such as to

support analysis through computer vision methods.

• Temporal features: The PTS is down-sampled spatially to a univariate or mul-

tivariate time series, such as to support analysis through established time series

approaches.

• Spatiotemporal features : A combination of spatial and temporal information.

Analysis can include combinations of computer vision and time series approaches.

2.3.1 Spatial Features for Gait Recognition

In the past, pressure-based gait analysis was primarily conducted using force plates,

which provided a single measure or pressure vector. However, the advent of pressure-

sensitive flooring has made it possible to capture a 2D pressure ”image.” This novel

format naturally motivates the exploration of spatial and image-based features to

capture the unique underfoot pressure patterns defined by the pixels in an individual’s

footsteps. Various spatial features such as P100, P90, P80, P70, P60, Peak Time

Interval (PTI), and Mean Pressure Image (MPI) have been explored to represent
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these patterns effectively [79], and yield tangible images of pressure distributions

that can be readily interpreted.

• P100, P90, P80, P70, P60: These features represent the peak pressure values

from each pixel time series at different percentiles. P100, for example, captures

the maximum pressure value (See Figure ??), while P90 captures the 90th

percentile, and so on. These features are effective because they summarize the

pressure distribution over time, highlighting pressure differences across the foot.

• Peak Time Interval (PTI): PTI captures the time interval during which the

pressure exceeds a certain threshold, typically determined as a percentage of

the maximum observed pressure across all samples (e.g., 50% or 75% of peak

pressure). This feature helps in understanding the duration of high-pressure

points during a gait cycle, which can be distinctive for individuals. Although

this feature does capture temporal information, its use across many pixels en-

ables a spatial comparison between them.

• Mean Pressure Image (MPI): MPI averages the pressure values over the entire

gait cycle, providing a holistic view of the pressure distribution. This feature

smooths out the temporal variations and highlights the overall pressure patterns.

Of these features, P100 has been shown to be effective in capturing relevant spatial

characteristics [79], and it provides a robust representation of spatial features for gait

recognition [80]. Consequently, P100 was chosen for use in this work.

Even when compressed using P100, when derived from high-resolution pressure

sensors, the signal is inherently high-dimensional. This creates challenges for conven-

tional ML approaches (e.g., through the “curse of dimensionality”), often requiring

further processing through additional feature extraction or dimensionality reduction

steps[111, 25, 49, 23]. For example, dimensionality reduction techniques such as lo-

cally linear embedding (LLE), kernel PCA, Laplacian eigenmaps, and normalized
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spectral clustering with symmetric Laplacian have been explored for foot pressure-

based identification [80].

2.3.2 Temporal Features for Gait Recognition

Temporal features have been widely explored for gait recognition because of the dy-

namic nature of gait. Conventional handcrafted temporal features, such as Center

of Pressure (COP) and Ground Reaction Force (GRF), have been shown to be ef-

fective in recognizing gait patterns when individuals are barefoot or wearing known

shoe types (within closed set problem) [79]. While it is perhaps intuitive that spatial

information may be affected by footwear, certain types of shoes (such as those with

different sole structures or cushioning) may also alter the temporal dynamics of gait

[68]. Prior to this work, it was unclear how these features might perform in open-set

scenarios where the system has not been trained on these variations. Consequently,

Chapter 5 explores the quality and generalizability of such handcrafted temporal

features.

Deep temporal learning algorithms have also gained popularity in recent years for

analyzing gait data in biometrics. RNNs [46], including variants like Long Short-Term

Memory [19] and Gated Recurrent Units (GRU) [29], have shown promising results

in pressure-based gait analysis. These models are effective at capturing longer-term

dependencies in the data, such as information about an earlier heel strike that may

influence the subsequent toe-off [63].

Although many other deep models are emerging in time series analysis, the LSTM

remains a common reference model for the potential of deep temporal learning [10,

6, 18]. Regardless of the specific implementation, deep temporal models learn by

exploiting the temporal dependencies and patterns in the sequential data, leading to

improved recognition performance [95].
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2.3.3 Spatiotemporal Features for Gait Recognition

The collection of gait pressure distributions over time makes pressure measurements

an inherently spatiotemporal signal. Consequently, spatiotemporal approaches may

offer a more complete view of these dynamics by integrating spatial configurations

(e.g., foot placement) with temporal dynamics (e.g., the rollover of the foot).

In vision-based gait recognition, two recent deep-learning techniques, GaitPart [30]

and GaitSet [13], have demonstrated the effectiveness of spatiotemporal approaches.

GaitPart explicitly partitions the gait video into different regions of the body, ex-

tracting spatial features from each part separately to enhance the focus on specific

areas. GaitSet emphasizes different elements of the temporal gait cycle, capturing

how gait evolves over time and extracting dynamic features across multiple frames.

These approaches were specifically developed to address challenges in vision-based

recognition, such as changes in clothing conditions and/or variations in camera angle

[52]. To overcome these challenges, GaitPart emphasizes those regions that remain

relatively unchanged (e.g., the legs and torso regions are likely unaffected by the

presence of a hat or jacket). This partitioning scheme is likely what makes GaitPart

resilient to changes in external factors such as clothing or occlusion. This issue is

somewhat analogous to the impact of different types of footwear in pressure-based

systems. However, whereas different clothing may change a person’s appearance in

vision-based approaches (an issue not present in pressure-based approaches), different

footwear may actually change a person’s underlying walking patterns [43]. As previ-

ously introduced, individuals may walk differently in stiff boots versus loose sandals,

causing variations in the spatial footprint as well as in the dynamics of the gait.

In some cases, these variations may be localized to specific foot regions, suggesting

that partitioning the footstep into regions (e.g., forefoot, midfoot, heel) may similarly

help capture more robust features. Therefore, Chapter 5 explores the suitability of

GaitPart for use in pressure-based gait recognition tasks and then introduces a novel
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recognition model informed by its partitioning approach, but optimized for pressure-

based recognition.
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Chapter 3

Dataset and Preprocessing

3.1 Datasets

Two different datasets were used in this work. Chapters 4 and 5 present approaches

developed using the openly available CASIA-D dataset. In Chapter 6, the general-

ization of the findings is evaluated using a custom UNB dataset that was collected in

parallel with this research. Both datasets are introduced, below.

3.1.1 CASIA-D

CASIA-D is a public gait dataset widely adopted in gait biometrics research (e.g.,

[23, 32, 92, 112]). It consists of pressure-based gait data recorded using a RSScan

Footscan device consisting of a 255-by-64 grid array of pressure sensors with 5mm

× 5mm spatial resolution and 100Hz sampling rate. During collection, participants

walked across this grid capturing 3-4 footsteps per pass. The dataset consists of a

series of rectangular footstep data records extracted from the larger pressure grid.

Two versions of each footstep are provided: a) raw - no post-processing applied,

and b) aligned - de-correlation and registration post-processing applied (see [112] for

details). In both cases, each footstep is represented by a 60×40 pixels (30×20cm) ×
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100 (time increments) matrix. The time dimension represents absolute clock time for

raw footsteps (i.e., padded to 1sec total, in 10ms increments), whereas it represents

normalized percentiles in the aligned samples (i.e., representing the duration of total

foot contact in 1% increments). The spatial dimensions represent absolute distance

in both the raw and aligned versions. In this thesis, the aligned footsteps were

used for all analyses, with even further preprocessing applied as described below (see

Preprocessing Section 3.2).

Data were collected while participants walked in one of three footwear conditions:

barefoot and while wearing one of two distinct pairs of personal footwear (i.e., shod).

All 97 participants included in the dataset completed the barefoot walking trails.

However, only a subset of participants completed the shod trails. This work makes

use of the subset of 14 participants who had at least 30 captured footsteps in each of

the three footwear conditions, yielding a total of 90 samples per participant. Figure

3.1 shows examples of samples taken from the CASIA-D dataset.

Figure 3.1: CASIA D Data Samples.

3.1.2 UNB Dataset

The UNB dataset was collected using pressure-sensitive flooring produced by Stepscan

Technologies Inc., and installed in the Health Technologies Lab at UNB [62]. Over

the course of three years, gait data were recorded from more than 150 participants

in a controlled environment. All participants provided informed consent as approved

by UNB’s Research Ethics Board (REB #2021-071).
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The data were captured using a 6x2 grid of pressure sensing tiles, each consisting

of a 120x120 grid of 16-bit pressure sensors at 5mm x 5mm resolution and sampled

at 100Hz. The resulting walkway measured 3.6m x 1.2m (720 x 240 pixels). Each

trial lasted 90 seconds, during which participants walked back and forth across the

walkway. Four different footwear conditions were recorded for each participant: bare-

foot, a common shoe (Adidas Grand Court 2.0), and two pairs of each participant’s

personal, self-selected, footwear.

As with CASIA-D, the footstep records were provided in two formats: raw and

aligned. The raw data represent the unprocessed pressure readings from the tiles,

while the aligned data underwent post-processing for de-correlation and registration,

similar to the CASIA-D dataset, to reduce variability in foot placement and angle.

Each segmented footstep is represented as a three-dimensional (3D) pixel time-series

matrix with dimensions of 64x36 pixels (spatial) by 100-time increments (temporal).

This study uses a normal/self-paced walking speed, which was found to be most

consistent with the CASIA-D dataset, for comparison and analysis. There are other

walking conditions (e.g., slow, fast) in the broader UNB dataset, but these are outside

the scope of this research. Figure 3.2 shows examples of samples taken from the UNB

dataset.

Figure 3.2: UNB Data Samples.
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3.2 Preprocessing

The preprocessing steps described in the following subsections were applied consis-

tently to each of the footstep records in both the CASIA-D and UNB datasets. Figure

3.3 provides a block-diagram summary of the preprocessing pipeline.

Figure 3.3: Preprocessing framework.

3.2.1 Shoe-Type Label Correction

Through visual inspection of the CASIA-D dataset, several labeling errors were iden-

tified and corrected (e.g., incorrectly labeled barefoot samples as shod). This step was

necessary to ensure that samples were correctly assigned within the three footwear

categories. Similarly, the UNB dataset underwent two rounds of manual inspection

to ensure label correctness across all collected samples.

3.2.2 Angle Alignment

Despite the pre-existing alignment procedure applied to the CASIA-D records, the

aligned samples still exhibited large regions of zero pressure and residual foot rota-

tion angles. Both of these characteristics presented challenges for some approaches

in this work (e.g., see Chapter 5.3). Therefore, each footstep was further cropped
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to minimize zero-padding and rotated to correct for residual angle. Cropping was

automated by computing a minimum area bounding box around the P100 represen-

tation of each footstep, and the entire 3D footstep matrix was cropped accordingly.

Rotation corrections were performed by estimating a residual angle for each sample.

This was achieved using Principal Component Analysis (PCA) on the P100 represen-

tation, where the primary component of the foot pressure distribution provided the

orientation axis. The angle of this axis relative to the horizontal was then used to

align each 3D footstep data sample. This step was critical, as some of the proposed

approaches rely on footstep angle, and residual angle biases could negatively impact

model performance (see Chapter 7).

3.2.3 Bounding Box Cropping

Each footstep image was then cropped to a new minimum area bounding box by

repeatedly removing zero-only border rows and columns until the first non-zero value

was encountered. This ensured that each cropped footstep retained only relevant

pressure data.

3.2.4 Footstep Interpolation

After cropping, each footstep matrix varied in size depending on the participant’s

foot dimensions and pressure distribution. To avoid size-related classification bias,

an interpolation process was applied to standardize the dimensions of each footstep.

Although size can be used as a feature, it is ill-advised for smaller datasets because of

the likelihood of falsely accepting new users with similar foot sizes [67, 74]. In both

datasets, the largest footstep was selected as the target dimension for interpolation

to avoid down-sampling artifacts. Thus, in the CASIA-D dataset, footsteps were

interpolated to a common dimension of 40x28 pixels, while in the UNB dataset,

footsteps were resized to 64x36 pixels. This interpolation ensured that all footsteps
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had consistent dimensions across both datasets.

3.2.5 Data Standardization and Normalization

The samples were standardized to a mean of zero and a standard deviation of one,

based on scaling parameters calculated from the training set. These parameters were

then consistently applied to both the training and test sets to avoid information

leakage from the test into the training process. Standardization prevents features

with larger ranges, but not necessarily more information, from dominating the learn-

ing process. Furthermore, standardization can improve computational efficiency by

speeding up convergence during model training, as machine learning algorithms such

as gradient descent perform better when input data are normalized.

3.2.6 Footstep Side Label Correction and Mirroring

The classification methodology developed by MacDonald et al. [62] was used to verify

the accuracy of the left vs right foot labels in both datasets, with manual corrections

made for any labeling errors. Consistent with prior gait recognition research (e.g.,

[98]), all right foot samples were flipped horizontally to align them with left foot

samples. This normalization step allowed all footsteps to be processed consistently

within a single classification model.

3.3 Implementation

As described in Chapter 2, the gait recognition problem can be framed in different

ways. Recall that a verification system is designed to confirm a claimed identity,

whereas an identification system is designed to determine identity outright. Sim-

ilarly, a closed-set system is only expected to perform on previously encountered

user-footwear data pairings, whereas an open-set system is expected to generalize to

29



previously unseen pairings. For conciseness and because it is the focus of the larger

project, Chapters 4 and 5 present verification results performed on CASIA-d (i.e.,

both open- and closed-set variants). In Chapter 6, the generalizability of the work is

demonstrated by applying the developed models to both the UNB dataset and the

identification problem.

3.3.1 Constructing a Verification System

For the verification models in this work, the system was tasked with distinguishing

between genuine and imposter samples by selecting a decision threshold derived from

the training data. Specifically, the threshold is optimized by balancing the False

Acceptance Rate (FAR), the percentage of imposters incorrectly classified as genuine

users, and False Rejection Rate (FRR), the percentage of genuine users mistakenly

classified as imposters. Using an alpha parameter set to 0.5 to give equal weight to

both types of errors, the system seeks the threshold that minimizes the combined

error rate:

Combined Error = α× FAR + (1− α)× FRR

where α = 0.5. This balanced approach finds a threshold that tries to differentiate

between genuine users and imposters without biasing toward either type of error.

3.3.2 Data Use in the Open- and Closed-set Scenarios

To provide a fair comparison, a common evaluation framework was used to assess the

performance of the different system architectures presented in this work. Although

verification performance is the primary outcome measure considered in this work,

Chapter 6 explores the use of each proposed system for the identification task to ex-

plore the generalizability of the findings of the work to this more challenging problem.
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Closed-set Evaluation

Closed-set (or within-domain) evaluation refers to the scenario when the perfor-

mance of a gait recognition system is evaluated using only footwear observed during

training (including barefoot and all types of shoes). As mentioned in section 2, this

does not mean that only barefoot or a specific shoe type was considered - rather,

it means that all footwear conditions were presented to the system during training.

Although a barefoot-only requirement may be practical in some cases (e.g. forced

removal of footwear in an airport), many use cases would benefit from the ability

to also recognize users when they are wearing shoes. Therefore, in this approach,

the test set contained samples from all included footwear conditions, not exclusively

barefoot samples. This approach allows the system’s performance to be assessed com-

prehensively across different types of footwear, reflecting real-world scenarios where

users may wear a variety of shoes.

Open-set Evaluation

Open set (or cross-domain) evaluation explores how the biometric system performs

when users wear new/unfamiliar footwear that was not previously presented to the

system during training. In this scenario, train-test splits are formed by footwear

category using a leave-one-footwear-out approach - in each fold of the evaluation, one

footwear condition for each participant is withheld from training to form the test set.

In this case, the models encounter entirely new data and must extract features from

these out-of-domain, unfamiliar samples. Consequently, this task is considered much

more complex.

Furthermore, since each participant wore two pairs of their own personal shoes, the

open-set problem is not simply a matter of generalizing system performance to a single

new footwear condition/domain, but instead of generalizing to N <= n participant
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domains, with each participant’s unseen footwear condition potentially being a com-

pletely novel and distinct domain generalization task.

Data Use

Each participant in the CASIA-D dataset has barefoot, Shoe 1, and Shoe 2 sam-

ples. Therefore, the open set evaluation framework is divided into two folds: Fold 1

(Training Set = Barefoot and Shoe 1; Testing Set = Shoe 2) and Fold 2 (Training

Set = Barefoot and Shoe 2; Testing Set = Shoe 1)1. In this way, the train test ratio

was 66.7% and 33.3%. To maintain a fair comparison between the two evaluation

pipelines, for the closed-set evaluation, the train and test were randomly split with a

ratio of 66.7% and 33.3%.

Accordingly, the differences in performance observed in closed vs. open set eval-

uation results are due to the presentation of the unknown footwear during testing.

Figure 3.4 illustrates the various combinations of results shown at various points

throughout this dissertation.

3.3.3 Evaluation Metrics

Performance was evaluated using balanced accuracy (BACC), the arithmetic mean

of sensitivity and specificity. Balanced accuracy was selected, in part, because of its

robustness to imbalance in the class label distributions (e.g., negative samples often

greatly outnumber positive samples in the verification problem framing).

Comparisons between the closed-set and open-set performances were conducted

using paired t-tests (two-tailed) to determine if there were statistically significant

differences between the two conditions. A significance threshold of p < 0.05 was

applied. Both p-values and Cohen’s D effect size are reported. Cohen established

1Note that the third possible fold (i.e., Training Set = Shoe 1 and Shoe 2; Testing Set = Barefoot)
was intentionally omitted as it is less desirable in practice (e.g., most people don’t go to work in
their bare feet).
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Figure 3.4: Evaluation framework

that values of D above 0.2, 0.5, and 0.8 can be considered to be small, medium, or

large, respectively [22].

3.3.4 Programming Language, Libraries, and Resources

All models were implemented in Python. Scikit-Learn and SciPy were used for

conventional ML models. Pytorch and Tensorflow were used for DL implementa-

tions. Packages such as Numpy and Pandas were used for numerical analysis, Seaborn

for statistical analysis, and Matplotlib and Plotly for visualizations of the results.

Results were computed using a Lambda Scalar 4U Server with 4 NVIDIA A1000

GPUs.
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Chapter 4

Conventional Feature Extraction &

Feature Learning

This chapter describes the performance of the verification system when using the raw

footstep data or one of three common hand-crafted feature representations, classified

using an SVM classifier. This analysis serves as a baseline against which other models

may be compared. Additionally, the use of 9 different conventional dimensionality

reduction algorithms is explored. These methods seek to compress the dimensionality

of the data while preserving the information content and have been shown to enhance

gait recognition performance [80].

Finally, three feature learning networks (FLNs) are presented. Two of these,

PCANet and PCANet+, were adopted from established literature whereas the other,

UMAPNet, is a new contribution of this dissertation. The results will demonstrate

that UMAPNet significantly outperforms the existing FLN methods by effectively

capturing spatial features for gait recognition.
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4.1 Establishing Baseline Performance

Baseline performance was established by training separate instances of an SVM clas-

sifier model on four feature representations (i.e., the raw pixel time series (PTS),

P100, COP, and GRF, as defined in Chapter 2). These results are labeled as no di-

mensionality reduction - NDR and accompany the remaining results presented below.

4.2 Dimensionality Reduction Techniques

The goal of feature extraction is to improve discriminative information density (i.e.,

the ability to discern between samples from each class/category). However, feature

extraction generally leverages domain knowledge, such as understanding the physical

characteristics of gait patterns, to identify features that are likely to be informative

for classification tasks. Temporal features like GRF and COP have emerged from

decades of research, and reflect the dynamic interaction between the foot and the

ground during walking. From these signals, more detailed metrics can be derived,

such as ”time to peak heel loading” or ”center of pressure trajectory,” which provide

deeper insights into individual gait patterns. However, in some cases, not all infor-

mation may be captured from these engineered features or their information density

may be low. Therefore, a common approach is to explicitly leverage dimensionality

reduction techniques that aim to improve information density by identifying a reduced

representation of the data or features that retain as much information as possible.

Although the resulting feature set is not necessarily optimal for class discrimination,

in practice, the use of these techniques often leads to improved system performance.

Each combination of the four feature representations and the nine dimensionality

reduction techniques explored in this work was used to train and evaluate a gait

recognition model.

• Independent Component Analysis (ICA): ICA has been used to extract
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independent features from pressure information for more accurate gait recogni-

tion [60]. The optimal number of ICA components in this work was empirically

determined to be 70, providing a balance between capturing significant inde-

pendent sources and maintaining computational efficiency.

• Principal Component Analysis (PCA): PCA transforms the data into or-

thogonal components, retaining most variability. It has been shown to provide

the best recognition quality with SVM classifiers for higher-dimensional feature

spaces in gait recognition [58]. The number of principal components in this

work was chosen to retain at least 95% of the variance.

• Locally Linear Embedding (LLE): LLE is a non-linear technique that pre-

serves local relationships between data points, which can be useful for capturing

the local structure of plantar pressure data [53]. The number of embedding di-

mensions was chosen as 70 to preserve the nearest neighbor relationships of the

data as well as the previous optimum value of LLE for the pressure-based gait

data [80].

• Modified Locally Linear Embedding (MLLE): MLLE is an extension of

LLE that aims to improve robustness and accuracy by better handling noise

and outliers in the plantar pressure data [110]. The number of dimensions was

chosen to be 70, to be consistent with LLE.

• Factor Analysis (FA): FA is used to identify underlying factors contributing

to gait patterns from the observed, correlated variables in plantar pressure data

[2]. The number of factors, 40, was determined based on retaining 95% of the

variance.

• Self-organizing maps (SOM): SOM is an artificial neural network that pro-

duces a low-dimensional, discretized representation of the input space, which
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can be used to visualize and cluster plantar pressure data for gait recognition

[11]. The map size was chosen to balance between resolution and generalization,

yielding a grid size of 10x10.

• Isometric Mapping (Isomap): Isomap is a non-linear technique that pre-

serves geodesic distances between data points, effective for data that lies on a

curved manifold, such as the complex patterns in plantar pressure data [87].

The number of dimensions was chosen empirically to be 10 neighbors and 50

dimensions to capture the intrinsic dimensionality of the data.

• t-Distributed Stochastic Neighbor Embedding (t-SNE): t-SNE is a non-

linear technique well-suited for embedding high-dimensional data into a low-

dimensional space for visualization, which can help in visualizing the complex

structure of gait patterns [21]. A 3D embedding was used here.

• Uniform Manifold Approximation and Projection (UMAP): UMAP

is similar to t-SNE but often faster and better at preserving both local and

global data structure, widely used for visualizing complex datasets, and can

be particularly useful for pressure-based gait recognition [65]. The number of

neighbors was set to 15 and the output dimensions to 50, chosen based on

balancing computational efficiency and performance.

4.2.1 Implementation

Each of the 36 resulting data representations (i.e., 9 techniques x 4 features) was

evaluated using four conventional classifiers: a Support Vector Machine (SVM), K

Nearest Neighbours (KNN), a Decision Tree (DT), and a linear discriminate analysis

(LDA). However, since SVM consistently outperformed all other models, only the

SVM performance outcomes are reported in this dissertation.
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The training set explained in Section 3.3.2 (i.e., two-thirds train; one-third test)

was further divided into training and validation sets to select the optimum parame-

ters of feature extraction methods. Consequently, a data split was adopted as follows:

Train 50%, Validation 16.7%, and Test 33.3.%. The parameters for each dimension-

ality reduction technique, such as the number of components and neighbors, were

optimized using a grid search method on the validation sets. To identify optimal pa-

rameters for each dimensionality reduction method, a pilot grid search was conducted

using P100 data from three randomly selected users from the CASIA-D dataset. These

optimal parameters were then consistently applied across all data representations to

ensure a standardized approach following the evaluation protocol as explained in sec-

tion 3.3.2.

4.2.2 Results

The balanced accuracies for closed-set and open-set verification are displayed in Fig-

ures 4.1 and 4.2, respectively. These figures compare the baseline performance (i.e., no

dimensionality reduction - NDR) against the nine dimensionality reduction methods

× four feature combinations.

Figure 4.7 presents the closed-set balanced accuracies (i.e., when all tested config-

urations of participant and footwear were provided during model training). Overall,

PTS outperformed the P100, GRF and COP features, both as a baseline and when

processed using all but one of the dimensionality reduction techniques. When applied

to PTS, the UMAP, PCA, ICA, LLE, and MLLE approaches all outperformed the

baseline (87.89%), each achieving over 94%. LLE-PTS, the top-performing model,

reached 97.30% - significantly higher than all other approaches (p < 0.01, d > 0.88).

These findings highlight the strength of non-linear techniques like LLE in preserv-

ing discriminative information in a closed-set scenario, which agrees with previous

research [80].
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Figure 4.8 presents the open-set balanced accuracies (i.e., when tested participant-

footwear configurations were not provided during model training). Three main ob-

servations should be noted. First, performance is substantially lower than closed-set,

with the best-performing combination (i.e., PCA-GRF) reaching a BACC of only

71.64 %. This reinforces the difficulty of footwear generalization. Second, in contrast

to the closed-set, PTS is no longer the top-performing feature. Rather, GRF with

PCA dimensionality reduction (i.e., GRF-PCA) was the top-performing configura-

tion with 71.64% balanced accuracy, outperforming all other approaches, although

not significantly. Interestingly, however, COP outperformed GRF in most of the di-

mensionality reduction methods, including the NDR case. These results suggest that

temporal features like GRF and COP may be more robust to variations introduced

by unseen footwear compared to spatial features like PTS. Third, despite the effec-

tiveness of the various dimensionality reduction techniques in the closed-set tasks,

many of these techniques did not generalize as well to the open-set problem. This

suggests some element of over-fitting in the closed-set variant. Interestingly, however,

PCA did not follow this broader pattern - with three of the four features performing

better with PCA than with NDR. This consistent performance of PCA highlights

its potential for improving generalization in open-set scenarios, motivating further

exploration in the following section.

4.2.3 Discussion

Interestingly, the best-performing features and dimensionality reduction techniques

differed between the closed-set and open-set problems. As expected, closed-set per-

formance (i.e., 97.30%) was higher than open-set (i.e., 71.64%) - the 25% degradation

reinforces the difficulty of the open-set problem. However, although PTS was the best

closed-set feature with many dimensionality reduction techniques further improving

performance, neither of these findings generalized to the open-set problem. Rather,

39



Figure 4.1: The closed-set BACC results when applying the various dimensionality re-
duction techniques on the pixel time series (PTS) or the P100, GRF, or COP features
for person verification. NDR refers to the case when no dimensionality reduction was
applied.

Figure 4.2: The open-set BACC results when applying the various dimensionality re-
duction techniques on the pixel time series (PTS) or the P100, GRF, or COP features
for person verification. NDR refers to the case when no dimensionality reduction was
applied.

the two temporal features (i.e., GRF and COP) were the best open-set perform-

ers, with the NDR approach significantly outperforming the dimensionality reduction

techniques (p-val < 0.0121, cohen-d > 0.88) suggesting that dimensionality reduction

led to overfitting and was less effective in generalizing to unseen footwear conditions.

The fact that PTS attained the highest closed-set performance suggests that the
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user-discriminative information present in gait is not fully captured by any one of the

features evaluated. This is further evidenced by the boost in performance attained

through dimensionality reduction, particularly by methods like UMAP and LLE,

which effectively preserve both local and global data structures. In contrast, linear

techniques like PCA, while robust, may miss some finer spatial relationships. This

motivates the exploration of other feature representations. One simple possibility is

a novel feature created by concatenating those evaluated in this chapter into a single

data structure, as such a fusion approach could further improve performance.

Also, an important consideration when interpreting these findings is that all di-

mensionality reduction technique model parameters were optimized for use with P100.

Further performance improvements may be possible with other features through ex-

plicit optimization.

Nevertheless, the fact that both GRF and COP continued to perform well when

extended to the open-set problem suggests that temporal features may be more re-

silient to variations in footwear [56, 78]. This is possibly due to their ability to filter

out irrelevant spatial information, thereby focusing on gait characteristics that are

more resilient to changes in footwear. However, it is important to note that some

identifying information must also be encoded spatially. For example, although COP

is often categorized as a temporal-only feature, in reality, it is spatiotemporal —

capturing the evolution of the spatial position of pressure over time. This likely ex-

plains why COP outperformed GRF (i.e., which is purely temporal) in many cases,

and motivates the exploration of approaches that may better extract this spatial

information.
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4.3 Feature Learning Networks

As introduced in Chapter 2, FLNs provide a hybrid approach that merges traditional

feature extraction techniques with the power of DL. These networks aim to optimize

the feature extraction process by capitalizing on domain knowledge incorporated into

conventional dimensionality reduction methods, while also incorporating the learning

capabilities of neural networks. In this section, we explore two prominent FLNs,

PCANet, and its enhanced variant PCANet+, and introduce a novel FLN architecture

developed in this dissertation research, UMAPNet.

Importantly, FLNs are often rooted in CNN architecture and are designed to con-

sume 2D ”image” input data. Since this is the case for the three FLNs investigated in

this work, performance is only evaluated using the P100 feature. This therefore served

as an exploration of whether more effective spatial information could be extracted.

4.3.1 PCANet & PCANet+

PCANet, introduced in 2015 [12], is a hybrid of conventional dimensionality reduction

and DL that uses PCA to transform the input data into a set of orthogonal compo-

nents, simplifying the input for further processing by the network. PCA is applied

at each convolutional layer of the network, replacing the traditional learned filters

with PCA filters. This approach is designed to extract and retain those components

that best explain the variance in the data, hoping to capture useful information. The

rest of the architecture of PCANet, as shown in Figure 4.3, then processes these ex-

tracted features through subsequent layers, including a hashing layer and block-wise

histograms that help in producing a robust and compact feature representation for

classification.

PCANet+ [57] builds on PCANet by incorporating better regularization tech-

niques, the introduction of non-linearity after the PCA layers, and the use of multi-
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scale approaches to capture features at different resolutions. These modifications, as

shown in Figure 4.4, are intended to enable PCANet+ to better generalize across

different datasets and variations in the input data.

Figure 4.3: Architecture of PCANet as described in its original paper [12].

Figure 4.4: Architecture of PCANet+ as described in its original paper [57].

Both PCANet-based models have hyper-parameters that must be optimized. To

perform this tuning, three random users were selected from the CASIA-D dataset as

a pilot set, and a grid search was applied to find the optimum values. Both PCANet

and PCANet+ use a patch size (k) and a number of filters (L). For the patch size,

the range of 4 < k < 30 was chosen, and for the number of filters, integer numbers

of L from 1 to 8 were evaluated. In cases where more than one point yielded the

maximum accuracy, those closest to the original authors’ suggested parameters were

chosen. The results yielded values of k1 = k2 = 13, and L1 = 5 for both PCANet and

PCANet+.
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4.3.2 UMAPNet: A Novel Feature Learning Architecture

Unlike PCA, UMAP is a nonlinear, graph-based dimensionality reduction method.

Its goal is to create a predefined k-dimensional weighted representation of the origi-

nal data that minimizes the edgewise cross-entropy between the computed graph and

the original data. UMAP was specifically targeted in this work because both the

nonlinearity and graph-based components of the technique may be advantageous in

gait recognition. For example, UMAP has the capacity to capture nonlinear relation-

ships in pressure data while preserving both local and global structures. Similarly,

graph-based approaches may better capture spatial information in pressure-based gait

recognition. For these reasons, it was hypothesized that UMAPNet may outperform

both PCANet variants.

The architecture of the proposed UMAPNet largely resembles that of PCANet.

However, the architecture of PCANet was optimized for the PCA layer, so similar

optimization was required for UMAP. The features were generated by the UMAP

layer, learned from sampled k×k×d patches from the input, normalized by subtracting

the patch means from each pixel. Then, k1 × k2 patches are uniformly sampled from

a single activation map. The UMAP layer was trained until the UMAP function

converged to a global minimum.

The UMAP transform results in a compact data representation. This reduces

computational complexity during downstream processing (e.g., model training) by

projecting the data into a lower-dimensional space without losing critical structures.

This reduction is important when working with high-dimensional data, like foot pres-

sure, where the computational cost of training DL models can be prohibitive [66].

Likely due to the fact that UMAP optimizes data into this new feature space, in-

creasing the number of layers did not meaningfully improve performance. After the

feature calculation layer, binary quantization and block histogram layers were added

to the network. The final output feature vector was then classified using a classifier.
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A diagram of the UMAPNet architecture is shown in Figure 4.5.

Figure 4.5: Architecture of the proposed UMAPNet. The UMAP layer generates
features from sampled patches, followed by binary quantization and block histogram
layers. The final output feature vector is classified using a classifier.

The optimization of the UMAPNet method requires a patch size (k) and a number

of filter parameters (L). One user from the CASIA-D dataset was selected randomly

as a case study to which a grid search was applied to find the optimum values. Odd

values of k were tested for 1 < k < 30. For the number of filters, L, integer numbers

from 1 to 10 were chosen. The number of neighbors (n) and minimum distance

(d) can also be optimized within the UMAP operation. Five equally spaced values of

minimum distance between 0.2 and 1 were evaluated. Similarly, five values from 10 to

100 were used for the number of neighbors with the stepsize of 20. Figure 4.6 shows

a visualization of the optimization curves observed from this process. Ultimately,

values of k1 = k2 = 11, L1 = 5 were determined for use with UMAPNet.
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Figure 4.6: A surface plot of the optimization curves for the UMAPNet networks
parameters.

4.3.3 Results

Performance results are presented for each FLN model using the P100 input. For

context, baseline P100 and PTS performance are also included.

A consistent performance trend was observed across the three FLNs in both the

closed-set and open-set problems. In both cases, UMAPNet (89.26% closed-set;

59.27% open-set) attained the highest performance, followed by PCANet+ (85.94%

closed-set; 57.91% open-set), and finally PCANet (85.55% closed-set; 54.20% open-

set). However, only the closed-set UMAPNet vs PCANet comparison reached statis-

tical significance (p=0.05, d=0.9). Interestingly, while all three FLNs outperformed

the baseline P100 in the closed-set (67.47% - p < 0.03, d > 0.48), none outperformed

the open-set baseline performance (53.04% - p > 0.08).
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Figure 4.7: The closed-set balanced accuracies of the FLNs (PCANet, PCANet+,
UMAPNet) compared to the baseline pixel time series and P100 feature representation
for person verification.

Figure 4.8: The open-set balanced accuracies of the FLNs (PCANet, PCANet+,
UMAPNet) compared to the baseline PTS and P100 feature representations for person
verification.

4.3.4 Discussion

Although the three FLNs investigated were able to improve gait recognition perfor-

mance substantially over P100 alone, they ultimately did not meaningfully surpass

the baseline performance of the PTS in the close-set problem. Furthermore, although

UMAPNet was able to improve performance relative to both P100 and PTS on the

open-set problem, it was not competitive with the GRF and COP features described

previously (see Figure 4.2). One inherent limitation of these models is their require-

ment for 2D image formatted input data, which prevented them from drawing on
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any temporal gait information in this context. It is likely that FLNs adapted for

use with the other features (i.e., which do capture temporal gait information) could

further improve performance. However, implementing feature learning models for

PTS or spatiotemporal features poses architectural challenges - much of the research

on feature-learning to date has been in the area of image classification and employs

a CNN architecture that necessitates the 2D input shape (e.g., [16, 85, 86]). De-

spite this challenge, adapting FLNs for use with other forms of input data could be

achieved through (at least) two different approaches: a) adapting FLN architecture

to operate on other input data structures (e.g., [55]), and b) transforming the other

features to comply with the current 2D image format requirements (e.g., converting

time series to COP or GRF time series images [108]). Additionally, another solution

is modifying the architecture to calculate 1D kernels and apply 1D convolution to

extract temporal features[113, 5] or to work with 3D patches for PTS input. These

modifications would enable more effective extraction for temporal dynamics.

It is interesting to compare the performance of the three FLNs evaluated. Al-

though performance trends were as expected (i.e., UMAPNet> PCANet+> PCANet),

levels of significance were only detected between UMAPNet and PCANet in the

closed-set problem. The marginally higher UMAPNet performance is likely due to its

inherent non-linearity, which increases capacity over PCANet. Despite these archi-

tectural advantages, UMAPNet performance is still lower than baseline COP, high-

lighting the importance of temporally informed features in gait recognition. COP’s

ability to capture both spatial and temporal dynamics allows it to adapt more effec-

tively to the unseen footwear, underscoring the need for future models to integrate

spatiotemporal features more explicitly.
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4.4 Summary

This chapter presented an analysis of 9 different dimensionality reduction techniques,

4 distinct features, and 3 FLNs. Collectively, these findings suggest that 1) spatial-

only features are likely not suitable for open-set gait recognition, 2) conventional di-

mensionality reduction techniques are unable to achieve open-set generalization, likely

due to their tendency to overfit when creating data projections, and 3) spatiotem-

poral information is likely needed to further improve gait recognition performance.

These insights lay the groundwork for the exploration of spatiotemporal deep learning

methods in the next chapter.
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Chapter 5

Deep Spatiotemporal Learning

Three important insights were identified in Chapter 4, culminating in the hypothesis

that data-informed spatiotemporal features will likely be needed to further improve

open-set gait recognition performance. This chapter pursues this goal by exploring

deep-learning methods that have the capacity to capture complex spatiotemporal

patterns from the raw pixel time series signal. This will almost certainly improve

closed-set performance, but it was unclear if this may allow the networks to more

effectively generalize across different open-set footwear types. The three architectures

explored in this chapter differ in their ability to model spatial and temporal aspects

of gait:

1. LSTM: This model focuses exclusively on temporal dynamics, making it a

purely temporal architecture. It processes sequential data to capture long-

term temporal dependencies but does not incorporate spatial information about

the pressure distribution across different foot regions. As such, it serves as a

baseline model focusing solely on the improvements offered by more complex

spatiotemporal approaches.

2. GaitPart: Originally developed for vision-based gait recognition, this archi-

tecture introduces spatial partitioning to divide input data into distinct regions
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(e.g., heel, arch, toes). By integrating spatial partitioning with temporal model-

ing, GaitPart captures localized spatial features and their progression over time,

making it a spatiotemporal architecture. However, it does not explicitly model

dynamic relationships between different foot regions, which limits its ability to

fully capture inter-regional interactions during the gait cycle.

3. Footpart: This novel architecture builds on the strengths of GaitPart by cap-

turing both localized spatial patterns and the dynamic relationships between

foot regions. FootPart combines detailed spatial partitioning with explicit inter-

regional temporal modeling using Dynamic Time Warping (DTW) and a multi-

modal LSTM network. This comprehensive spatiotemporal approach allows it

to model the full complexity of gait patterns, including cross-regional depen-

dencies, making it the most advanced architecture evaluated in this chapter.

5.1 LSTM: Deep Temporal Learning

The results presented so far have suggested that spatiotemporal deep learning net-

works may lead to improved gait recognition performance. To this end, an LSTM

architecture was explored using the raw PTS as the input with the goal of capturing

the full temporal dynamics of gait directly from the data source.

5.1.1 Model Architecture

Unlike earlier deep temporal models that learned by back-propagation through time,

LSTMs are designed to capture long-term dependencies in time-series data by using

memory cells, gates, and update mechanisms that control the flow of information

over time. The general traits of LSTMs include their ability to mitigate the vanishing

gradient problem and maintain information over extended sequences, making them

effective for temporal pattern recognition.
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In the specific LSTM model used here, the architecture consists of three layers of

LSTM units, each with a hidden layer size of 512 units. The input size, dictated by

the CASIA-D dataset, is 1176 (i.e., the X x Y x time shape of each PTS footstep

record). After processing the temporal features through the LSTM layers, the fea-

tures are passed to a fully connected neural network classifier, which makes the final

classification decision.

5.1.2 Hyperparameter Tuning and Model Configuration

Grid search was used to optimize the following four hyperparameters of the LSTM

model: a) Number of hidden units, b) Learning rate, c) Dropout rate, and d) Number

of LSTM layers. Appropriate value ranges for these hyperparameters were determined

through a combination of domain knowledge and empirical evidence. Grid search

optimization resulted in the following configuration for the LSTMmodel: three LSTM

layers, a hidden layer size of 512 units, an input size of 1176 (from CASIA-D dataset),

a learning rate of 0.001, a mini-batch size of 16, and 20 training epochs.

A cross-entropy loss function was used for optimization, and model parameters

were updated using the Adam optimizer. The choice of 20 epochs was empirically

determined by monitoring the training and validation loss, ensuring sufficient learning

while minimizing the risk of overfitting.

5.2 GaitPart: Adding Spatial Partitioning

Gait is inherently a spatiotemporal phenomenon, combining both spatial and tem-

poral characteristics. Although LSTM is an effective method for capturing temporal

dynamics, the LSTM model presented above does not learn any spatial relationships.

Consequently, in this section, GaitPart is explored as a model that is designed to in-

tegrate both spatial and temporal information. Originally developed for vision-based
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gait recognition to overcome challenges with clothing-induced variance, GaitPart par-

titions the image into vertically separated regions, allowing the model to focus on

distinct spatial characteristics while learning to be resilient to changes in others (e.g.,

the model might learn to ignore the presence of a hat/scarf in the upper-most region

of a gait video).

One potential motivation for its modified use in pressure-based gait analysis is

its inherent spatiotemporal coupling. For instance, the natural heel-strike-through-

toe-off progression of each step results in each spatial region being populated during

a specific temporal period. By breaking down the pressure data into distinct foot

regions, both localized spatial patterns and the temporal evolution of pressure distri-

bution could be captured. This integration of spatial regions and temporal features

was expected to enhance generalization, especially in open-set scenarios.

5.2.1 Model Architecture and Hyperparameters

In adapting this architecture for pressure-based gait recognition, the model partitions

foot pressure data into different regions, such as the heel, arch, and toes, to capture

spatial patterns. The input dimensions of GaitPart correspond to the spatial resolu-

tion of the foot pressure map (for each pressure frame1) and the temporal sequence

of these frames, which is processed to generate a feature vector representing the gait

signature. The network’s key components include convolutional layers for spatial fea-

ture extraction from partitioned foot regions, recurrent layers for modelling temporal

relationships between these regions, and fully-connected layers for aggregating the

learned spatial-temporal features. Figure 5.1 provides an overview of GaitPart from

its original paper.

1GaitPart operates on the 3D pixel time series (i.e., PTS) introduced to date. However, given
its origins in video-based analysis, this 3D data structure is conceptualized as a ”video” composed
of a sequence of 2D ”frames” (i.e., X and Y dimension) over time (i.e., temporal dimension). Each
”frame” of this video depicts a snapshot of the pressure profile exerted on the tile grid at that point
in time and is therefore referred to as a pressure frame.
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Figure 5.1: Architecture of the GaitPart model for vision-based gait recognition [31].

As with the LSTM model, hyperparameter tuning was necessary to optimize the

performance of GaitPart. A grid search approach was employed to optimize the

following key hyperparameters: number of convolutional layers, which determines

how many layers the network uses to extract spatial features, kernel sizes and strides,

which are adjusted to capture the characteristics of the pressure data better, number

of recurrent layers, which model the temporal evolution of foot pressure data, and

learning rate and batch size, which control how the network learns from the data

during training and was tuned to maximize performance.

Appropriate value ranges for these hyperparameters were established based on

domain knowledge and empirical evidence. Grid search optimization resulted in the

configuration of GaitPart as shown in Table 5.1.

Table 5.1: Hyperparameters of GaitPart Implementation

Recurrent layers 2

Input size 1176 ∗

Learning rate 0.001

Batch size 16

Training epochs 20

∗ The spatial dimensions of the pressure frame
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5.3 FootPart: Region-Based Spatiotemporal

Learning

Although previous models such as GaitPart have shown that extracting features from

distinct regions of the foot can enhance performance, no existing model fully cap-

tured the relationships between these regions across the gait cycle. To address this,

FootPart was developed as a novel approach that integrates detailed spatial partition-

ing with explicit multivariate temporal modelling through LSTM and Dynamic Time

Warping (DTW). By not only capturing spatial details within each region but also

modelling the inter-regional dynamics, FootPart is designed to more fully explain

the spatiotemporal evolution of the footstep. This added dimension of analyzing

cross-regional temporal dependencies sets FootPart apart as a custom-built model for

pressure-based gait recognition performance.

5.3.1 Model Architecture

Footpart employs a four-stage architecture, as illustrated in Figure 5.2. In the first

stage, the foot is divided into distinct regions to capture detailed spatial pressure

patterns. The second stage characterizes relationships between these regions using

DTW to capture the temporal dependencies across regions. In the third stage, these

relationship-based features are aggregated with each region’s pressure time series

(PTS) data in the Feature Aggregator Module (FAM). In the final stage, each region

and its relationship to other regions is analyzed independently using a multimodal

LSTM network to model spatiotemporal dynamics.

A detailed description of each stage of the Footpart pipeline is presented below.

Stage 1: Partitioning the footstep into spatial regions

As shown in Fig. 2.3, a sequence of pressure data formatted as a 3D matrix containing

pressure information from 100 frames is fed into FootPart. The first module of the
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Figure 5.2: Proposed framework for Footpart, a novel deep network with explicit
modelling of spatiotemporal dynamics between foot partitions.

pipeline is the Part Extractor, which slices input pressure data into parts.

A grid search of partition configurations ranging from 1 × 1 up to 7 × 7 yielded

the best performance when using a partition size of 1 × 4. Using this partitioning,

the input pressure 3D matrix was divided along the direction of gait into four main

parts. This corroborates previous studies of pressure-based gait analysis which have

also divided the foot into four segments (toes, forefoot, midfoot, and rearfoot) and

have shown that the efficiency of evaluation of gait analysis was improved [84].

Stage 2: Characterizing Between-Region Relationships with DTW-based

Similarity Score

DTW has been shown to be effective in assessing part similarity for foot pressure

verification [72, 44]. However, prior studies did not leverage DTW in the context of

explicitly modelling cross-regional temporal dependencies within a unified spatiotem-

poral framework. Unlike previous efforts, FootPart combines DTW-based temporal

relationship modelling across foot regions with localized feature extraction, captur-

ing the complex, multivariate interactions that occur throughout the gait cycle. In

this stage, DTW is used to quantify temporal relationships between each partitioned

foot region (by maintaining the warping path) rather than the traditional similarity
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(defined by the summary warping cost). This method captures how patterns between

different foot regions evolve over time.

This process is completed as follows. First, each region’s PTS is converted to a 1D

representation using average pooling. DTW then measures the temporal relationship

between each pair of these sequences, accounting for potential variations in speed

and duration through its warping abilities. A DTW similarity matrix is constructed,

capturing the relationship between all possible pairs of regions within a 1x4 patch ar-

rangement. These DTW matrix values are then upsampled proportionally to fit into

a broader 2D matrix using nearest neighbor interpolation, which assigns the value of

the closest neighboring pixel to each pixel in the resized image.

Stage 3: Consolidating Region-Specific Information with a Feature Aggre-

gation Module

The Feature Aggregator Module (FAM) concatenates each region’s temporal and spa-

tial feature vectors, along with the corresponding DTW similarity matrix, into a Part

Representation Matrix (PR-Matrix). Each PR matrix represents the spatiotemporal

gait signature of a single region across time and its relationship with other parts.

Stage 4: Extraction of Features from Each Foot Region

Once each aggregated PR-Matrix is created, features are extracted from each parti-

tioned region and its inter-regional relationships to capture localized gait information.

This process is performed by the Part Feature Extractor (PFE), as shown in Figure

5.2. Within PFE, each PR-Matrix is processed by an LSTM network, which extracts

both spatial features (e.g., peak pressure points, pressure distribution) and temporal

features (e.g., duration of pressure contact) for each partitioned region. The final fea-

tures extracted from each LSTM head for the different regions are concatenated and

then passed through a fully connected layer (FCN) for classification. During training,
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the LSTM and FCN are tuned to identify features that remain resilient across the

various factors they are provided (e.g. the different footwear types including during

training).

5.3.2 Model Training Parameters

The optimization process and the configuration of the architecture were the same

as in Section 5.1. A learning rate of 0.001 was used, and data were processed in

mini-batches of 16 samples. The training process was conducted over 20 epochs,

allowing the model to learn from the dataset’s nuances. Cross-entropy loss was used

for optimization, with model parameters updated through the Adam optimizer. This

training setup enabled FootPart to balance learning efficiency with generalization

performance effectively.

5.4 Results

Figures 5.3 and 5.4 show a summary of the closed-set and open-set performances of

the three models introduced in this chapter. The baseline raw PTS (NDR-PTS), the

COP feature with no dimensionality reduction (i.e. the best-performing open-set fea-

ture/dimensionality reduction combination), and UMAPNet (i.e., the top-performing

FLN) performance are also provided for context.

In the closed-set problem (Figure 5.3), all three DL models significantly outper-

formed the baseline PTS, COP, and FLN networks (p < 0.01, d > 0.92). Although

an increasing performance trend was observed across the three proposed DL models

(i.e., LSTM (94.96%, GaitPart (96.15%), FootPart (98.89%)), ultimately no signifi-

cant differences were detected between these models (p > 0.12).

A similar trend was observed in the open-set problem (Figure 5.4), again, with

all three DL models outperforming baseline PTS and FLN networks (p < 0.009, d >
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Figure 5.3: Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart for
the closed-set person verification task using the CASIA-D dataset.

1.2), but only GaitPart and FootPart outperformed COP (p < 0.04, d > 1.17). In-

terestingly, in this context, significant performance differences were detected between

all three DL models, with FootPart being the top performer (73.65% - p < 0.04,

d > 1.00), followed by GaitPart (71.64% - p < 0.01, d > 1.50), and finally LSTM

(65.72%).

Figure 5.4: Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart for
open-set person verification task using the CASIA-D dataset.
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5.5 Discussion

This chapter evaluated deep spatiotemporal learning techniques for gait recognition,

emphasizing the benefit of employing spatiotemporal features. Discussion topics are

organized around the three models introduced: LSTM, GaitPart, and FootPart.

5.5.1 LSTM for Temporal Feature Extraction

LSTM was included in this analysis as a representative DL baseline upon which to

compare the other, gait-specific, DL models. Results demonstrate that LSTM was

effective in its own right, outperforming all models presented in Chapter 4 in both

closed-set scenarios (94.96%). This is likely because of the model’s capacity to capture

complex temporal dependencies in the gait patterns. In the open-set case (65.73%)

LSTM outperformed PTS and UMAPNet, but not COP. This speaks to the ability of

COP to capture robust temporal information and suggests that LSTM may require

more data from each user in order to learn how to fully extract such information

reliability.

5.5.2 GaitPart for Spatiotemporal Learning

Although the LSTM captures temporal dynamics, it does not consider the spatial

aspects of gait. GaitPart was introduced to integrate both spatial and temporal

features, addressing this limitation of LSTM. The results confirm the effectiveness of

this approach, with GaitPart achieving a 96.15% accuracy in closed-set verification

(Figure 5.3), outperforming LSTM by 5.1%. This performance boost underscores the

importance of both spatial and temporal features for gait recognition.

The results also highlight GaitPart’s improved ability to handle open-set sce-

narios, where it achieved 71.64% accuracy - a 5.9% improvement over LSTM (See

Figure 5.4 ). This validates the hypothesis that spatiotemporal modelling can im-
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prove robustness to variations, such as unseen footwear, by focusing on both the

spatial configuration of pressure points and their temporal progression during the

gait cycle. However, as GaitPart was designed for resilience to confounds in specific

partitions in vision-based gait recognition, it was not intended to capture detailed

inter-region relationships. This motivated the development of FootPart, which takes

the spatiotemporal approach further.

5.5.3 FootPart for Enhanced Spatiotemporal Learning

FootPart addresses two key challenges left unresolved by GaitPart: 1) capturing the

temporal evolution of pressure patterns within each foot region, and 2) modelling

the relationships between different foot regions using DTW. The results demonstrate

the effectiveness of this approach, as FootPart outperformed GaitPart in both closed-

set (i.e., 96.15% vs. GaitPart’s 98.89%) and open-set (i.e., 73.56% vs. GaitPart’s

71.64%) performance. This improvement was likely a result of the two key archi-

tectural changes - the inclusion oftwo-dimensional segmentation and DTW analysis

allowed FootPart to capture finer details of foot pressure distribution and their inter-

actions, addressing the limitations of GaitPart’s one-dimensional partitioning. This

comprehensive modelling of spatiotemporal dynamics positions FootPart as a more

robust solution for gait recognition, with an improved ability to handle variability

caused by footwear.

5.6 Summary

The results from this chapter strongly support the initial motivation to explore

deep learning methods for spatiotemporal feature extraction. The progression from

LSTM’s temporal focus to GaitPart’s spatiotemporal integration, and finally to Foot-

Part’s detailed regional analysis, demonstrates a clear trend of improved performance
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as more sophisticated modelling techniques were employed. While each method brings

its own strengths, the overall findings suggest that robust gait recognition systems

benefit significantly from capturing both spatial and temporal dynamics and interac-

tions, with FootPart offering the most comprehensive approach. Further extensions

to a verification system built on this model, such as a majority voting mechanism

applied across multiple steps, could make it viable for high-security, real-world im-

plementations.

In the next chapter, we further evaluate the robustness and scalability of the

proposed models by testing their generalization to a completely different dataset and

exploring their performance in the context of the identification task.
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Chapter 6

Generalization of the Findings

The primary motivation for this chapter is to evaluate whether the proposed models

can generalize effectively across datasets, ensuring robustness beyond a single con-

trolled dataset like CASIA-D. While CASIA-D was critical for developing and testing

the architectures under controlled conditions, real-world biometric systems often en-

counter scenarios where training and testing data are drawn from completely different

sources. The inclusion of the UNB dataset provides an opportunity to test the scala-

bility and adaptability of the proposed models in these more diverse and challenging

scenarios.

The UNB dataset introduces unique challenges not present in CASIA-D, such as

more varied demographics, footwear types, and experimental setups. While UNB

maintains control over footwear by standardizing specific shoe types in its protocol,

it also introduces variability through the inclusion of different footwear categories.

These differences make it an essential complement to CASIA-D, allowing the models’

robustness and scalability to be tested under more real-world variations. Additionally,

while both datasets are controlled in indoor laboratory environments, the differences

in collection methods, sensor platforms, and participant diversity provide a robust test

for cross-dataset generalization. This cross-dataset evaluation is critical for demon-
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strating the practical applicability of the proposed methods in diverse and unseen

conditions.

In addition to testing cross-dataset generalization, this chapter also transitions

from verification to identification tasks. While verification, or authentication, deter-

mines if an input matches a claimed identity, identification involves assigning an input

to a specific individual from a larger group, making it inherently more complex and

challenging. By addressing both of these tasks, this chapter highlights the versatil-

ity of the proposed models and their potential to handle both use cases in practical

applications.

6.1 Generalization to the Novel UNB Dataset

Generalizing machine learning models to new and unseen datasets is important for

validating their robustness and practical applicability. For this reason, the models

were tested on the newly collected (and soon-to-be-released) UNB dataset. These

data were collected at a different site, in a different country, by a different research

team, using different sensing technology, and composed of different participants. This

represented a completely unseen generalization challenge for the models, which had

been developed without knowledge of this dataset.

All model configurations were held consistent with those used with CASIA-d,

except for the LSTM architecture, which had to be adapted slightly for compatibility

with the dimensionality of the UNB dataset records (i.e., 2304 dimensions per footstep

record). Three LSTM layers were employed, each with a hidden layer size of 512 units,

to classify the input data into one of two classes for verification.
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6.1.1 Results

Surprisingly consistent performance trends were observed across the two datasets for

both closed-set (Figure 6.1) and open-set (Figure 6.4) scenarios. For the closed-set

problem, performance was consistently higher on CASIA-D than UNB (i.e., in all but

one model), however, no significant differences were detected between the datasets.

Interestingly, the opposite pattern was observed in the open-set comparison (i.e.,

performance was higher on the UNB dataset for all but 2 models). Although some

significant differences were detected between specific algorithm-dataset pairings in

the open-set case (i.e., for NDR-PTS, p = 0.001, d = 0.33; for UMAPNet, p = 0.03,

d = 0.58), the model ranking was consistent across the datasets. Collectively, these

results demonstrate the generalizability of the models introduced in this work to the

novel UNB dataset.

Figure 6.1: Comparison of the balanced accuracies of the various models for the
closed-set verification task when using the CASIA-D and UNB datasets.
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Figure 6.2: Comparison of the balanced accuracies of the various models for the open-
set verification task when using the CASIA-D and UNB datasets.

6.1.2 Discussion

The performance of the developed models on the UNB dataset demonstrates their

strong generalization capabilities, in both the closed-set and open-set scenarios. In

the closed-set evaluation, the models achieved accuracy levels on the UNB dataset

that were consistent with their performance on the CASIA-D dataset. Specifically,

the FootPart model’s accuracy of 96.14% on the UNB dataset aligns closely with

its results on CASIA-D. It is natural that some differences in absolute performance

may be observed due to the considerable differences between the datasets and natural

variations between users. However, the strong consistency in trends across algorithms

speaks to both the generalizability of the developed models and the rigor of the

evaluations conducted in this work.

This finding extended to the open-set performance evaluation, where models must

handle new and unseen data. In this open-set scenario, the balanced accuracy dropped

slightly to 72.00% on the UNB dataset, compared to 73.57% on CASIA-D. Despite

this marginal difference, the trends across models remained remarkably consistent,

indicating that the improvements to the proposed models effectively capture essential

features across domains in a generalizable way.
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These results validate the robustness of the analytical approach used in this work

and the models themselves. Additionally, they reinforce the quality and reliability

of the new data being collected at UNB, suggesting that it can serve as a valuable

resource for advancing research in gait analysis and biometric verification. The per-

formance of these models across the CASIA-D and UNB datasets demonstrates their

ability to generalize to different sensor configurations and users, which is promising

for real-world applications where variability in sensor setups may occur.

6.2 Generalizing to the Identification Task

Verification and identification tasks, while both widely used in biometric applications,

serve different purposes and present distinct challenges. Verification confirms if a

person is who they claim to be, typically by comparing a presented identity to a stored

reference. In contrast, identification requires determining an individual’s identity from

a pool of possible candidates, making it a more complex and demanding task (e.g.

the problem scales with the number of possible users). The models developed in this

work were initially tailored for verification, optimizing their ability to match or reject

a claimed identity.

However, to fully assess the robustness and versatility of these models, this section

explores how well they generalize to the identification task, where the complexity

increases. The identification performance of the models was assessed using both

the CASIA-D and UNB datasets. By doing so, we aimed to understand whether

the insights and optimizations derived from the verification context can extend to

identification, thereby broadening the potential applications of these models.
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6.2.1 Results

Similar performance trends were observed across both datasets for the closed-set

(Figure 6.3) and open-set (Figure 6.4) scenarios with only minor differences in per-

formance between the datasets. For closed-set identification, FootPart achieved an

accuracy of 95.14% on the UNB dataset and 96.61% on CASIA-D, showing only a

slight drop from its verification performance (96.14% and 98.89%, respectively). Sim-

ilarly, other models showed comparable performance, with GaitPart reaching 91.13%

on UNB and 93.17% on CASIA-D.

Figure 6.3: Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart for
the closed-set person identification using the CASIA-D and UNB datasets.

In the more challenging open-set scenario, despite overall much lower accuracies,

FootPart still performed best, with a balanced accuracy of 52.57% on UNB and

50.44% on CASIA-D. GaitPart followed closely with 51.28% on UNB and 49.83% on

CASIA-D. While FootPart’s performance did not differ significantly from GaitPart

(p = 0.168, d = 0.894), both models demonstrated a substantial advantage over other

methods (p < 0.0302, d > 1.335). Notably, despite the lower open-set identifica-

tion performance, the relative ranking of models remained consistent across datasets

extending from verification to identification.
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Figure 6.4: Balanced accuracies of Baseline, UMAPNet, GaitPart, and FootPart for
the open-set person identification task using the CASIA-D and UNB datasets.

6.2.2 Discussion

A key observation of these results is the notable performance drop between the veri-

fication and identification tasks, particularly in open-set scenarios. This is expected

because identification is inherently more challenging, requiring the system to differen-

tiate between multiple potential candidates rather than confirming a single identity.

Consistent with previously reported results [94, 71], the open-set identification task

further introduces unseen conditions, such as different footwear, that add variability

and increase task complexity.

The observed significant differences in performance between the three deep learn-

ing models (p < 0.03, d > 0.74) suggest that identification tasks may be more sen-

sitive to model architecture. Models like FootPart, which incorporate both detailed

spatial partitioning and temporal modelling using advanced methods like DTW, may

improve identification because they capture fine-grained details and cross-region tem-

poral dependencies more effectively than models focused on simpler spatiotemporal

interactions (e.g., GaitPart). The increased complexity of identification tasks appears

to better reveal these differences, particularly when dealing with diverse, unseen con-
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ditions like the open-set problem. Further investigation into why certain models de-

grade less than others in these tasks could shed light on crucial factors for robustness

in real-world deployments.

The results presented in this chapter underscore the generalization capacity of the

proposed models across both verification and identification tasks. The proposed Foot-

Part network, in particular, consistently outperformed baseline models across both

tasks, demonstrating that optimizations designed for verification, such as captur-

ing enhanced spatiotemporal features, also contribute to strong identification perfor-

mance. Although identification accuracy was slightly lower, the model’s performance

remained competitive, suggesting that the core feature extraction methods are robust

across various biometric tasks. Future work should explore how these results general-

ize when large sets of users are employed, as this can greatly affect the identification

performance [48].

The consistency of performance across the CASIA-D and UNB datasets further

supports the adaptability of the developed models to different sensor setups and

data characteristics. The ability of the FootPart network to consistently outperform

the other models, even when faced with increased variability in footwear and unseen

conditions in the open-set problem, highlights its potential for real-world applications.

In environments where variability in data collection methods, such as sensor types

or user environments, is common, the robustness of FootPart could be a significant

advantage over more conventional approaches.

Studies in vision-based gait recognition have highlighted the importance of cap-

turing both spatial and temporal dynamics for robust performance, particularly when

dealing with occlusions, clothing, and changes in viewpoint [99, 16, 30]. Given that

FootPart outperformed the vision-based gait recognition inspired GaitPart, there may

be value in evaluating its concepts of spatial partitioning with inter-regional tempo-

ral modelling with other modalities. Although there may be fewer such confounds
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in pressure-based gait recognition, the explicit modelling of relationships between

partitions helped FootPart reduce the impact of unseen footwear. It is worth future

consideration whether this could help in other modalities of gait analysis.

Finally, although vision-based systems may still outperform pressure-based meth-

ods in certain controlled scenarios, the nature of pressure-based systems may make

them particularly valuable for specific applications, such as indoor environments or

where visual data is difficult to capture. The ability to incorporate multiple modali-

ties, such as pressure and vision, could further enhance overall system robustness.

6.3 Summary

In this chapter, the generalization capabilities of the proposed models were assessed

by evaluating their performance on a novel dataset (UNB) and a more complex bio-

metric recognition task (identification). The results demonstrate that the proposed

FootPart network consistently outperformed baseline models in both verification and

identification tasks across both datasets. Although a performance drop was observed

when transitioning from verification to identification (particularly in open-set con-

ditions), as expected, the relative performance of the models held. These findings

suggest that the spatiotemporal feature extraction methods employed, particularly in

FootPart, are effective across different sensor configurations and unseen conditions.
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Chapter 7

Discussion and Future Works

The research described in this dissertation had the goal of improving the performance

of pressure-based gait recognition, with a particular focus on addressing the challenge

of footwear variability. By exploring various machine learning and deep learning mod-

els, the thesis aimed not only to improve the closed-set recognition case, where models

are tested using only known footwear (seen during training), but also the open-set

case, wherein models must verify or identify previously unseen footwear. This chapter

synthesizes the key findings from previous chapters, discussing the broader implica-

tions, contributions, limitations, and future directions for research and development.

In doing so, it seeks to provide an understanding of how this work contributes to the

growing field of biometric systems, and what potential lies ahead.

7.1 Implications of Results

The results presented in this research demonstrate that deep spatiotemporal learning,

particularly through the use of purpose-built models like FootPart, can significantly

improve gait recognition performance, even in challenging open-set scenarios. This

suggests that the introduction of spatiotemporal features — capturing both curated

pressure distribution and temporal dynamics — allows biometric systems to better
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handle variability, such as changes in footwear. The implications extend beyond

the security context, suggesting potential applications in healthcare (e.g., tracking

mobility changes) and ergonomics, where understanding detailed gait patterns could

support injury prevention or rehabilitation [88, 20].

7.2 Summary of the Contributions

This research identified several significant contributions to the field of gait recogni-

tion. It first establishes a baseline for performance using Conventional feature ex-

traction methods, as discussed in Chapter 4, highlighting challenges related to the

variability in footwear and limited training data. It was found that temporal fea-

tures provided better generalization than spatial features when faced with changes in

footwear. Furthermore, despite improving the close-set case, several dimensionality

reduction techniques failed to sustain this benefit when tasked with generalizing to

the open-set case. Advanced FLNs, such as the novel UMAPNet architecture, were

introduced, but due in part to the use of spatial input features, largely suffered from

similar challenges.

Chapter 5 further expanded on these contributions by exploring deep learning

(DL) models like LSTMs, which were able to learn the temporal dynamics of gait.

The further segmentation of the foot into spatial regions improved robustness by iso-

lating the effects of footwear variations. The adaptation of vision-based models, such

as GaitPart, demonstrated the value of leveraging successful spatiotemporal tech-

niques from vision-based gait recognition. The introduction of the novel multi-modal

FootPart network stands out as a key contribution. By combining local spatial in-

formation with temporal dynamics, FootPart significantly improved gait recognition

accuracy, particularly in the challenging open-set scenario. The integration of Dy-

namic Time Warping (DTW) to explicitly model the temporal relationships between
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parts of the foot was particularly effective in managing variations caused by footwear.

Comparative analysis throughout the thesis revealed that while traditional methods

establish a strong baseline, the DL approaches yielded superior performance, even

though each participant had only modest amounts of training data. These contri-

butions provide a robust framework for advancing pressure-based gait recognition,

laying a foundation for future work in both verification and identification tasks.

This work also evaluated the performance of these models on a completely new

dataset, showing remarkably consistent performance. Furthermore, similar consis-

tency was shown when generalizing to the more challenging identification task. Al-

though the absolute performance of the open-set identification task was substantially

lower (as is known in the literature [37, 71, 94]), the relative performance of the vari-

ous approaches persisted. This robustness to dataset and task lends credibility to the

models, the methods employed in this work, and the results, and builds confidence in

their real-world applicability.

7.3 Limitations and Future Works

Despite the advancements in pressure-based gait recognition provided in this work,

several challenges remain. The FootPart model, while highly accurate, involves com-

putationally intensive processes like DTW and deep recurrent networks, limiting real-

time applicability. Future works should focus on optimizing model efficiency and

reducing reliance on large labeled datasets by exploring semi-supervised and self-

supervised learning approaches.

Generalization to unseen footwear and varying walking conditions remains chal-

lenging. While models like GaitPart and FootPart demonstrated improved robustness

in open-set tests, further validation in diverse, real-world environments is essential.

Additionally, addressing other covariates like walking speed and loading conditions
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could improve model resilience, as early findings suggest DL-based models are more

adaptive to these factors compared to traditional methods. While the fusion of con-

ventional features (e.g., P100, GRF, and COP - which performed well throughout)

into such deep architectures, could enhance recognition performance, caution must

be taken to maintain this generalization.

Finally, it is worth noting that gait patterns are not confined to a single footstep

(as explored in this work) but evolve over a series of steps. Capturing this inter-stride

information may help the model to better understand the cyclic nature of gait, where

variations in stride length, cadence, and/or step force over time could be indicative

of a specific individual. However, although researchers have explored some of these

patterns [35, 89], there are concerns that they may not generalize well when confounds

such as footwear, walking speed, or turning are introduced [59]. Nevertheless, the

concepts proposed in this work could be extended to this inter-stride context and

provide similar benefits.

7.4 Conclusion

In conclusion, this research demonstrates that spatiotemporal deep learning mod-

els, specifically the novel FootPart architecture, offer a significant improvement in

pressure-based gait recognition. The ability to generalize across both verification and

identification tasks, even in open-set conditions, and across datasets highlights the

potential for this work to be applied in real-world biometric security systems. The

contributions of this thesis lay a strong foundation for future exploration into more

efficient, scalable, and robust biometric systems, with a range of applications across

security, healthcare, and beyond.
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Dieter Rosenbaum, and John Y Goulermas. “An Anatomically Unbiased Foot

Template for Inter-Subject Plantar Pressure Evaluation”. In: Gait & Posture

33.3 (2011), pp. 418–422. issn: 0966-6362.

[80] Todd C Pataky, Tingting Mu, Kerstin Bosch, Dieter Rosenbaum, and John

Y Goulermas. “Gait Recognition: Highly Unique Dynamic Plantar Pressure

Patterns Among 104 Individuals”. In: Journal of The Royal Society Interface

9.69 (2012), pp. 790–800.

[81] Lipeng Qin, Ming Guo, Kun Zhou, Jianqiang Sun, Xiangyong Chen, and Jian-

long Qiu. “Gait Recognition Based on Two-Stream CNNs With Multisensor

Progressive Feature Fusion”. In: IEEE Sensors Journal 24 (2024), pp. 13676–

13685.

[82] MV Ramakrishna, Sarikonda Harika, S Mukesh Chowdary, Thammarapu Pa-

van Kumar, Tokala Krishna Vamsi, and Medebalimi Adilakshmi. “Machine

learning based gait recognition for human authentication”. In: 2023 Interna-

tional Conference on Sustainable Computing and Data Communication Sys-

tems (ICSCDS). IEEE. Erode, India, 2023, pp. 1316–1322.

[83] Veenu Rani and Munish Kumar. “Human gait recognition: A systematic re-

view”. In: Multimedia Tools and Applications (2023), pp. 1–35.

[84] Jody L Riskowski, Thomas J Hagedorn, Alyssa B Dufour, and Marian T

Hannan. “Associations of region-specific foot pain and foot biomechanics: the

Framingham Foot Study”. In: Journals of Gerontology Series A: Biomedical

Sciences and Medical Sciences 70.10 (2015), pp. 1281–1288.

[85] Alex Roberts, Ala Salehi, Angkoon Phinyomark, and Erik Scheme. “Gait

Recognition Using EigenfeetNet”. In: 2023 IEEE Sensors Applications Sym-

posium (SAS). IEEE. Ottawa, Canada, 2023, pp. 1–6.

87



[86] Ala Salehi, Alex Roberts, Angkoon Phinyomark, and Erik Scheme. “Feature

learning networks for floor sensor-based gait recognition”. In: 2023 45th An-

nual International Conference of the IEEE Engineering in Medicine & Biology

Society (EMBC). IEEE. Sydney, Australia, 2023, pp. 1–5.

[87] Oksana Samko, A David Marshall, and Paul L Rosin. “Selection of the optimal

parameter value for the Isomap algorithm”. In: Pattern Recognition Letters

27.9 (2006), pp. 968–979.

[88] Claudio dos Santos, Diego de Souza Oliveira, Leandro A. Passos, Rafael Gonç
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