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Abstract

The recent advances in Artificial Intelligence (AI) motivate its ubiquitous use for computer
vision with applications in several fields, such as autonomous and assisted navigation. Deep
learning, a branch of artificial intelligence, is shown to be useful, for example, in object
detection and semantic segmentation tasks. Such algorithms achieved high performance in
terms of accuracy and computational time compared to conventional techniques. However,
new application areas, such as providing information for arbitrary environments to address, for
example, indoor navigation or simultaneous indoor and outdoor navigation, introduce several
challenges that should be overcome. For these challenges, novel deep learning-based methods
should be introduced, implemented, and tested in realistic scenarios such as assistive driving of
mobile platforms, e.g., powered wheelchairs.

This thesis introduces and explores novel deep learning techniques for object detection
and semantic segmentation to enable intelligent systems which aid scene understanding and
human-system interaction and could be used in the navigation of any robotic platform. A
prominent area in which these types of systems are needed, i.e., aiding with the driving of
powered wheelchairs for users with visual disabilities, is chosen as the realistic application to
test the performance of the algorithms and methods introduced. Extensive investigations of their
characteristics are performed, including using explainable Al (XAI) to justify corresponding
system outputs.

A review of relevant literature reveals a number of distinct challenges that need to be

addressed to develop a system able to operate in realistic environments:
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The first challenge our proposed systems aim to address is being able to perform well with
small and large size objects simultaneously. State-of-the-art object detection systems struggle
with the localisation of small size objects. These systems are usually trained on large size
objects containing abundant information and large numbers of pixels to be utilised by the model
during the training and inference processes. Our research investigates the performance of these
detectors on a proposed dataset that mainly contains small size objects. Furthermore, the study
discusses the means of enhancing the detector’s performance on tasks that involve the detection
of multi-size objects using multi-head detectors to make predictions on different feature maps.
The introduced multi-head detector has achieved mean Average Precision (mAP) of 0 .818
on the proposed dataset. Finally, our investigation findings proposed a roadmap to help the
scientific community to choose the best detector for a given application.

The second important challenge to be addressed is the requirement to provide informa-
tion about the elements of the scene on which the system’s decisions were based. System
transparency ensures the reliability of deep learning-based computer vision systems. It is not
only important to attain an accurate system but also a system that can explain its predictions.
A black box system should provide insights into what is happening inside the system to be
approved and used in real-life applications. Policymakers and legislators require a certain level
of system transparency to approve such technologies. Therefore, in this thesis, we investigate
the robustness of systems in terms of their abilities to explain the reason behind a specific
decision by introducing novel explanation techniques, thus contributing to the so-called XAl
field. Also, novel explanation techniques that can visualise the two main characteristics of
robust explanation maps, i.e., fine-grained details and discriminative regions in a single repre-
sentation (in the form of a "heatmap"), are introduced, implemented, and tested for well-known
Al methods. Unlike standard visualisation methods used currently, the introduced ones can

identify multiple important image characteristics upon which the system decisions are based.
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The third main challenge addressed in this work is providing information about objects
of the environment at the image pixels level. Semantic segmentation at the pixel level is
explored to better utilise the available images of the dataset used. Pixel classification can
better define the boundaries and the geometric shape of the target object than object detection,
which provides bounding boxes containing the detected objects. Classifying every pixel in an
image, consequently identifying the object boundary, size, and location, facilitate subsequent
tasks and human-system interactions at higher accuracy. Also, novel semantic segmentation
architectures that can process images from both indoor and outdoor environments are introduced,
implemented, and tested in this work. Analysing and understanding data from two different
distributions (indoor and outdoor) with a variety of object sizes is challenging due to the
difference in the images’ contexts and the limited number of datasets currently publicly
available, which our systems were shown to be able to handle with significant accuracy and
processing speed.

Finally, the proposed systems are tested in a realistic scenario drawn from the field of
assistive robotics in powered mobility (Electrical Powered Wheelchairs - EPWs). Visually
impaired persons with comorbidities are not prescribed a powered wheelchair due to their sight
condition. This is an ideal setting to test our system in real conditions. The proposed semantic
segmentation system aims to provide visual cues to aid with the navigation process and increase
the user’s independence. As these systems are meant to be installed on moving platforms such
as mobile robots (EPWs in our case), they are susceptible to mechanical vibrations caused by
different terrains. These could negatively impact the performance of our smart deep learning-
based computer vision systems. Vibration effects on these systems are examined in detail,
where the implication on performance and prospective solutions are highlighted. Our final

results indicated that there is a deterioration of 4% in the performance due to these vibrations.






Declaration

I hereby declare that except where specific reference is made to the work of others, the contents
of this thesis are original and have not been submitted in whole or in part for consideration for
any other degree or qualification in this, or any other university. This thesis is my own work
and contains nothing which is the outcome of work done in collaboration with others, except as

specified in the text and acknowledgements.

Elhassan Mohamed

March 2022






List of Publication

Articles

1. E. Mohamed, K. Sirlantzis and G. Howells, “A review of visualisation-as-explanation
techniques for convolutional neural networks and their evaluation,” in Displays, vol. 73,

pp- 102239, 2022, doi: 10.1016/j.displa.2022.102239.

2. E. Mohamed, K. Sirlantzis, G. Howells and J. Dib, "Investigation of Vibration and User
Comfort for Powered Wheelchairs," in IEEE Sensors Letters, vol. 6, no. 2, pp. 1-4, Feb.
2022, Art no. 2500204, doi: 10.1109/LSENS.2022.3147740.

3. E. Mohamed, K. Sirlantzis and G. Howells, "A pixel-wise annotated dataset of small
overlooked indoor objects for semantic segmentation applications," in Data in Brief, vol.

40, pp. 107791, 2022, doi: 10.1016/;5.d1b.2022.107791.

4. E. Mohamed, K. Sirlantzis and G. Howells, "Indoor/Outdoor Semantic Segmentation
Using Deep Learning for Visually Impaired Wheelchair Users," in IEEE Access, vol. 9,
pp. 147914-147932, 2021, doi: 10.1109/ACCESS.2021.3123952.



xiv

Conferences

1. E. Mohamed, K. Sirlantzis and G. Howells, “Analysing the Impact of Vibration on

Smart Wheelchair Systems and Users,” 2022 3rd International Conference on Pattern

Recognition and Artificial Intelligence (ICPRAI). (Accepted).

E. Mohamed, K. Sirlantzis and G. Howells, "Incorporation Of Rejection Criterion
- A Novel Technique For Evaluating Semantic Segmentation Systems," 2021 14th
International Conference on Human System Interaction (HSI), 2021, pp. 1-7, doi:

10.1109/HSI152170.2021.9538787.

. E. Mohamed, K. Sirlantzis and G. Howells, "Application of transfer learning for object

detection on manually collected data," 2019 In Proceedings of SAI Intelligent Systems

Conference, 2019, pp. 919-931, doi:10.1007/978-3-030-29516-5_69.

E. Mohamed, J. Dib, K. Sirlantzis and G. Howells, “Integrating ride dynamics measure-
ments and user comfort assessment to smart robotic wheelchairs,” 2019 15th Conference
on Global Challenges in Assistive Technology: Research, Policy & Practice, I0S Press.

Available at: https://aaate2019.eu/aaate-2019-proceedings/.



Table of contents

List of figures xxi
List of tables XXV
Nomenclature XXvii
1 Introduction 1
1.1 Researchmotivation. . . . . . . . . . . . . .. .. 2

1.2 Aimandobjectives . . . . . . . . . ... 3

1.3 Researchquestions . . . .. ... ... ... . ... ... .. ..., 4

1.4 Maincontributions . . . . . .. ... 5

1.5 Applications . . . . . . . . ... e 6

1.6 Scopeofthethesis . ... ... ... .. ... ... ... .. ... 6

1.7 Structureof thethesis . . . . . . . . . .. .. ... ... .. . 7

2 Explainable Deep Learning: A Review of Literature 9
2.1 Introduction . . . . . . . . . .. 9

2.2 Assistive devices and motivations . . . . ... ... 10

2.3 Objectdetection . . . . . . . . .. L 13
2.3.1 Two-stages objectdetectors . . . . . . . .. ... .. ... ..... 16

2.3.2 One-stage objectdetectors . . . . . . . ... ... ... ... ... 19



xvi Table of contents

2.3.3 Small objectdetection . . . . .. ... .. ... ... 22

2.4 Semantic segmentation . . . . . . . ... u e e e 26
2.4.1 Series architecture . . . . . . . . ... Lo 26

2.4.2 Encoder-decoder architecture . . . . ... .. ... L 28

2.5 Explainable artificial intelligence . . . . . . . .. ... ... L. 30
2.5.1 Hidden layers features visualisation . . . . . ... ... ... .... 30

2.5.2 Post-hoc visualisation . . . . . . ... Lo 31

2.6 Discussionand conclusion . . . .. ... 39
3 Semantic Segmentation and Object Detection Datasets 41
3.1 Introduction . . . . . . .. . . ... 41
3.2 Datacollection . . .. ... ... ... 43
33 Motivation . . . . . ... L e e 44
3.4 Semantic segmentation dataset . . . . . .. ... ..o 47
3.5 Objectdetectiondataset . . . . . . . . . . ... ... 48
3.6 Conclusion . . . . . . ... 50
4 Aspects of Explainable Artificial Intelligence 53
4.1 Introduction . . . . . . . . ... 53
42 Methodology . . . . . . . . . e 55
4.2.1 Weighted sum of gradients approach . . . . . ... ... ....... 56

4.2.2 Concatenation of gradients approach . . . . . . .. ... ... .... 57

43 Applications . . . . . ... e e e e e 58
4.4 Experimentsetup . . . . . . . . ... e e e e 59
4.5 Resultsanddiscussion . . . . .. ..o oo 62
4.5.1 Qualitativeresults . . . . . . . .. .. 62

4.5.2 Proposed approaches qualitative analysis . . . . . .. ... .. ... 64



Table of contents xvii
453 Quantitativeresults . . . . . . . ... 66

4.5.4 ImageNet qualitative and quantitative results . . . . . . . .. .. .. 69

4.6 Conclusion . . . . . . . . e 71

5 Investigation of Object Detection Methods 75
5.1 Introduction . . . . . . . . .. 75
5.2 Methodology . . . . . . . . . . e 76
5.2.1 Challenges . . . . .. . . . . . e 76

5.2.2 Systemarchitecture . . . . . . . . ... L 78

523 Training . . . . . . .. 81

524 Evaluation . . . ... ... ... 84

5.3 Resultsand discussion . . . . .. .. ... oL 86
5.3.1 Visualisation of detector predictions . . . . . . .. ... ... .... 96

54 Conclusion . . . . .. L 98

6 Semantic Segmentation with Practical Applications 101
6.1 Introduction . . . . . . . . .. L 101
6.2 Methodology . . . . . . . . . . .. 103
6.2.1 Challenges . . . .. . . . .. . .. e 103

6.2.2 System architecture . . . . . . . .. ... 104

6.23 Training . . . . . . . . .. 111

6.3 Resultsand discussion . . . . . .. ... Lo 113
6.4 Limitations of the systems . . . . . . ... ... ... ... .. ... ... 124
6.5 Practical implementation . . . . . . ... ... L. 125
6.5.1 Experimentsetup . . . . . . . ... ... 125

6.5.2 Resultsand discussion . . . . . . ... ... 128

6.6 Vibration impact on computer vision systems . . . . . . . .. .. ... .. 131



xviii

Table of contents

6.6.1 Experimentsetup . . . . . . . . ... ..o 132

6.6.2 Results . .. ... ... 133

6.7 Conclusion . . . . . . .. 138

7 A Novel Semantic Segmentation Evaluation Method 141
7.1 Introduction . . . . . . ... 141

7.2 Methodology . . . . . . . . . e 143
7.2.1 Semantic segmentation evaluation metrics . . . . . . . .. ... ... 145

7.2.2  Proposed technique relation to the existing metrics . . . . . . . . .. 149

7.3 Experimentalsetup . . . . . . .. .. ... 151
7.3.1 Dataset . . . . . ... 151

7.3.2 Systemarchitecture . . . . . . ... ..o 153

733 Training . . . . . . .. 154

7.4 Resultsand discussion . . . . .. ..o oo 155
7.4.1 CamViddatasetresults . . . . . . ... .. .. ... .. ... ... 155

7.4.2 Indoordatasetresults . . . . . .. ... ... L Lo 158

7.5 Conclusion . . . . ... 162

8 Conclusion 165
8.1 Concluding comments . . . . ... ... ... ... 165

8.2 Main contributions and research findings . . . . . . ... ... ... .. ... 166

8.3 Recommendations for future work . . . . ... ... L oL 170
References 173
Appendix A Semantic Segmentation Supplementary Material 187
Appendix B Vibration Impact on User’s Health and Comfort 191

B.1 Introduction . . . . . . . . . . . . . . ...



Table of contents Xix

B.2 Vibration impact on user’s health and comfort . . . . . ... ... ... ... 192
B.2.1 Methodology . . . . . . . . . ... .. 192
B.22 Results . . ... ... .. 195

B.3 Conclusion . . . . . . . . . e 199






List of figures

2.1
22
23
24
2.5

3.1
32
33
34
3.5
3.6

4.1
4.2
43
4.4
45
4.6
4.7

Main blocks for a typical object detection system. . . . . ... ... ... 14
BP Vs DeconvNet VsGBP. . . . . . . . ... ... ... ... ..., 34
Class ActivationMap. . . . . . ... ... ... 36
Grad-CAM and Guided Grad-CAM approaches. . . . . . . ... .. ... 38
Post-hoc visualisation techniques. . . . . . .. ... .. ... ....... 39
Camera installation. . . . . . . ... ... ... 44
The classes of the proposed dataset. . . . . . ... ... .......... 45
Semantic segmentation ground truthdata. . . . . ... ... ... .. .. 48
Moveabe door handles. . . . . . .. ... ... ... ... .. L. 48
Pixels distribution of the proposed semantic segmentation dataset objects. 49

Object detection ground truthdata. . . . . .. ... ... ......... 51
The proposed visualisation approaches. . . . . . . . .. ... ... .. .. 56
Objective functionmodel. . . . . . . . . ... ... ... ... ...... 61
Synthetically generated images. . . . . . ... ... ... ... ... 62
Filters visualisation of hidden layer. . . . . . . . .. ... ... ...... 63
CAM visualisation. . . . . .. ... ... ... ... .. ... 64
Gradient-based methods visualisation. . . . . . . ... ... ... ... .. 65

The proposed weighted sum visualisation technique (cat). . . . . . . . . . 65



xxii List of figures
4.8 The proposed weighted sum visualisation technique (dog). . . . . . . . . . 66
4.9 Localisation capabilities of visualisation techniques (cat). . . . .. . . .. 67
4.10 Application of the proposed methods’ weighting parameters (cat). . . . . 68
4.11 Localisation capabilities of visualisation techniques (dog). . . . . . . . .. 69
4.12 Application of the proposed methods’ weighting parameters (dog). . . . . 70
4.13 The proposed methods applied to ImageNet dataset images. . . . . . . . . 72
5.1 BoxareaVsAspectratio. . . . ... ... ... ... ............ 77
5.2  Number of anchors Vs MeanIoU. . . . ... ... ... .......... 81
5.3 YOLO V3 and Faster R-CNN predictionresults. . . . . . ... ... ... 95
5.4 Three head YOLO V3 predictionresults. . . . . ... ... ........ 96
5.5 Visualisation of YOLO V3 prediction results (door). . . . . ... .. ... 98
5.6 Visualisation of YOLO V3 prediction results (fire extinguisher). . . . . . 99
6.1 Residualblock. . . . . . . ... .o 106
6.2 System architecture. . . . . . . .. ... oL 107
6.3 Shared network architectures. . . . . .. ... ... ... 0L 109
6.4 Confusionmatrix. . . . . ... ... ... L 117
6.5 Results visualisation (indoor). . . . . . . . .. ... .. ... ... ... .. 118
6.6 Results visualisation (outdoor). . . . . . .. .. ... ... ... ... ... 119
6.7 Qualitative comparison of semantic segmentation systems. . . . ... .. 121
6.8 Systemdeployment. . . . . . ... ... ... ... L . 123
6.9 Visual impairment simulation. . . . . . .. ... ... ... ........ 126
6.10 Experimentroute. . . . . . . . . .. ... ... 126
6.11 Practical implementation of the SS system. . . . . . .. ... ... .. .. 127
6.12 Artificialbumps. . . . . . ... 133
6.13 Vertical accelerations with and without the introduced vibrations. . . . . 135
6.14 The impact of vibrations on the performance of the SS system. . . . . . . 136



List of figures xxiil

6.15 Segregation method for the images of the dataset with vibration. . . . . . 137
7.1 The impact of undefined pixels on Pixels’ confidence scores. . . . . . . . . 144
7.2 Methodology. . . . . . . . ... 145
7.3 Illustration of TP, FP and FN for pixels. . . . ... ... ... ...... 150
7.4 Pixels distribution (CamVid testset). . . . . . . .. .. ... ... ..... 152
7.5 Pixels distribution (Indoor testset). . . . . .. .. ... ... ....... 153
7.6 Histogram of per-image IoU (CamVid testset). . . . . ... ... ..... 158
7.7 Qualitative results (CamVid dataset). . . ... ... ... ......... 159
7.8 Histogram of per-image IoU (Indoor testset). . . . . . ... ... ..... 161
7.9 Qualitative results (indoor dataset). . . . .. ... ... ... ....... 162
A.1 Visually impairedusers. . . . . . . . . ... ... ... ... 187
B.1 Vibration measuring points. . . . . ... .. ... ... ... ... 192
B.2 System installation for data collection. . . . . . . . . ... ... ... ... 193
B.3 Terraintypes. . . . . . . . . . . . . .. .. 194
B.4 RMS frequency weighted acceleration (z-axis direction). . . . . . . . . .. 196






List of tables

2.1
22

3.1
32

4.1

5.1
5.2
5.3

6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8
6.9

Performance of different detector systems on PASCAL dataset. . . . . . . 20
Localisation error of state-of-the-art saliency methods. . . . . ... . .. 37
The number of annotated pixels per class and object instances. . . . . . . 49
The number of instances per class and the image count. . . . . . . . . .. 50
IoU of the proposed methods on ImageNet dataset. . . . . . . . ... ... 70
Training details. . . . . . ... ... ... ... ... ... . ..., 82
Validationloss. . . . . . . . . . ... .. ... ... 87
Detectors detailed results. . . . . . . . ... ... ... ... ... ... 91
Systems’ details. . . . . .. ... ... ... L 105
Training details. . . . . . .. .. ... .. ... ... ... ... . ..., 112
Results of individual models. . . . . . .. .. ... ... .......... 113
Mean and Standard deviation of the trained models. . . . . . . . . . . .. 114
Per-class metrics of the indoor system (DLV3+ with ResNet-18). . . . . . 115
Per-class metrics of the outdoor system (DLV3+ with ResNet-18). . . . . . 116
Average speed of the tested models (FPS). . . . . . .. ... ... ..... 117
Shared systems 1 and 2 detailed metrics. . . . .. ... .......... 122
Classification capabilities of shared system 3. . . . . . ... ... ..... 123

6.10 Users’details. . . . . . . . . . . ... 127



xXXxvi

List of tables

6.11 Experimentresults. . . . . . . ... ... ... Lo 129
6.12 Vibration impact on user’s health and comfort. . . . . . . . ... ... .. 134
6.13 Evaluation metrics with and without the introduced vibration. . . . . . . 137
7.1 Evaluation metrics for the CamVid testset. . . . . . . ... ... ..... 156
7.2 Class metrics for the CamVid testset. . . . . . . ... ... ........ 156
7.3 Evaluation metrics for the indoor testset. . . . . . . . ... ... ... .. 160
7.4 Class metrics for the indoor testset . . . . .. ... ... .. ....... 160
A.1 Per-class metrics of the indoor system using FCN-8s. . . . . . .. ... .. 188
A.2 Per-class metrics of the indoor system using FCN-16s. . . . . . . . .. .. 188
A.3 Per-class metrics of the indoor system using FCN-32s. . . . . . ... ... 188
A.4 Per-class metrics of the indoor system using SegNet (VGG-16). . . . . . . 189
A.5 Per-class metrics of the indoor system using SegNet (VGG-19). . . . . . . 189
A.6 Per-class metrics of the indoor system using U-Net. . . . . . .. ... ... 189
A.7 Per-class metrics of the indoor system using DLV3+ (ResNet-50). . . . . . 190
A.8 Per-class metrics of the indoor system using DLV3+ (Xception). . . . . . . 190
B.1 User’sinformation. . . . ... ... ... .. ... ... ... ... ... 194
B.2 Vibration impactonuser’shealth. . . . . ... .. ... ... .. ..... 197
B.3 1S0-2631 guidance table of vibrations effect on comfort.. . . . . . . . .. 198
B.4 Vibrations effect on user’s comfort. . . . . .. .. ... ... ... .. .. 198
B.5 Weighted and unweighted RMS acceleration. . . . . . . ... ... .... 199



Nomenclature

Acronyms / Abbreviations

Acc Accuracy

ADAPT Assistive Devices for empowering disAbled People through robotic Technology
Al Artificial Intelligent

AP Average Precision

ASPP Atrous Spatial Pyramid Pooling

BB _IoU Bounding Box Intersection over Union

BF score Boundary F1 score

BN Batch Normalisation

CAM Class Activation Map

CamVid Cambridge-driving Labeled Video Database

CNN Convolutional Neural Network

CRC Cascade Rejection Classifier

CRF Conditional Random Field



Xxviii Nomenclature
CSPNet Cross Stage Partial Network

DAG Directed Acyclic Graph

DCNN Deep Convolutional Neural Network

DL Deep Learning

DLV1 Deep Lab Version 1

DLV2 Deep Lab Version 2

DLV3 Deep Lab Version 3

DLV3+ Deep Lab Version 3 plus

EPW Electrical powered wheelchair

FCL Fully Connected Layer

FCN Fully Convolutional Network

FPN Feature Pyramid Network

FPS Frame Per Second

GA Global Accuracy

GAN Generative-Adversarial Networks

GAP Global Average Pooling

GBD-Net Gated Bi-Directional Network

GI element-wise products of Gradients and Input

gTruth

Ground Truth



Nomenclature

HOG

IG

IMU

ION

IoU

IS

LIDAR

LIME

MA

mAP

Mask _IoU

mloU

MR-CNN

MS-CNN

MSE

MTGAN

NMS

oC

OD

Histogram of Oriented Gradients

Integrated Gradient

Inertial Measurement Unit

Inside-Outside Net

Intersection over Union

Instance Segmentation

LIght Detection And Ranging

Local Interpre Model-agnostic Explanations

Mean Accuracy

mean Average Precision

Mask Intersection over Union

mean Intersection over Union

Multi-Region Convolutional Neural Network

Multi-Scale Convolutional Neural Network

Mean Square Error

Multi-Task Generative Adversarial Network

Non-Maximum Suppression

Object Classification

Object Detection



XXX Nomenclature
P Precision

PQ Panoptic Quality

PS Panoptic Segmentation

R Recall

R-CNN Region-based Convolutional Neural Network
RMS Root Mean Square

RNN Recurrent Neural Network

Rol Region of Interest

RPN Region Proposal Network

SDP Scale-Dependent Pooling

SDR Smallest Destroying Region

SGDM Stochastic Gradient Descent with Momentum
SmoothGrad Smooth Gradients

SNIP Scale Normalization for Image Pyramids
SPP Spatial Pyramid Pooling

SS Semantic Segmentation

SSD Single Shot Detectors

SSR Smallest Sufficient Region

SVM Support Vector Machine



Nomenclature xxxi

XAl eXplainable Artificial Intelligence

YOLO You Only Look Once






Chapter 1

Introduction

Artificial intelligence technologies and applications have recently witnessed exponential growth
in many sectors. The growth in the adaption of artificial intelligence in general and Deep
Learning (DL) in specific is attributed to the efficiency and competency of the produced
systems compared to conventional systems. However, DL techniques have introduced many
challenges and raised many questions. This thesis aims to adopt these technologies to help
disabled users who rely on powered wheelchairs for commuting. The developed systems are
not bounded by their application for powered wheelchairs but can be used with any robotic
platform.

The thesis aims to investigate the limits of DL in terms of usability and adaptation in real-
life applications. ADAPT (Assistive Devices for empowering disAbled People through robotic
Technologies) project aspires to develop smart systems that can be integrated into Electrical
Powered Wheelchair (EPW) to help and assist disabled people in their daily lives. These
smart devices can help with autonomous driving, environmental understanding, physiological
measurements, speed adaptation to terrain types, etc.

The thesis focuses on DL for computer vision tasks such as object classification, object
detection, and semantic segmentation (pixels classification). The objective is to build a computer

vision system based on DL that can help visually impaired disabled users to navigate safely.



2 Introduction

This can be achieved by displaying environmental cues on a display fitted on the powered
wheelchair and customised upon the user’s need and level of disability. The user can use the
displayed information, including the estimated distance to the target object, to interact with the
surrounding environment.

Many challenges have been encountered throughout the research journey. For instance,
the performance of a DL system trained on a specific dataset for a specific environment can
negatively impact when deployed in a different environment. The proposed solutions try to
mitigate this issue by using shared systems with no need for retraining. This can help to build a
system that can be used in different setups, such as indoors and outdoors simultaneously.

Through the thesis, the challenges and the proposed solutions are explored. The introduction
chapter is organised as follows: research motivations are presented in section 1.1. Aims and
objectives are highlighted in section 1.2. Research questions are introduced in section 1.3.
Section 1.4 highlights the contributions of the thesis. The applications of the proposed systems
are presented in section 1.5. Section 1.6 outlines the scope of the thesis. Lastly, the thesis

structure is outlined in section 1.7.

1.1 Research motivation

The motivation for this research stems from the advent of novel Artificial Intelligent (AI)
technologies and their ability to form part of computer vision systems which could be “trained”
to sense and understand their environment, thus providing context information to their users.
Software implementation of such systems and corresponding appropriate hardware have reached
maturity levels which allow deployment in mobile platforms such as robotic devices. One
significant example is mobility aid devices such as powered wheelchairs. Thus, the application
example of the research reported in this thesis is motivated by the need for assistive devices that
can help visually impaired users with mobility impairments who could use powered wheelchairs

for their daily activities. Visual impairment, however, precludes this category of users from
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being prescribed and being able to use wheelchairs, thus restricting their wellbeing. For this
reason, we believe this to be an important application area and testing framework for the Al
computer vision systems mentioned previously. Powered wheelchairs form a realistic mobile
platform that addresses arbitrary environments in a user’s everyday life. However, these systems
need to be robust and efficient to satisfy the strict requirement of this type of use. Furthermore,

they should be trusted by the users and the relevant regulators.

1.2 Aim and objectives

This thesis aims to explore the feasibility of using deep learning-based computer vision systems
on mobile platforms to understand arbitrary realistic environments.

The main objectives of the thesis are:

* To investigate the feasibility of developing smart deep learning-based computer vision
systems that can be used to comprehend the surrounding environment by providing visual

cues and geometric information of the target objects.

* To investigate the reliability and robustness of the proposed systems and means of

enhancing their transparency and explainability.

* To implement and test the developed systems for a real-life application, such as inte-
grating the system on a powered wheelchair to guide visually impaired disabled users,
to practically assess the proposed systems and their ability to facilitate the navigation

process.

* To investigate the impact of the induced vibrations in a realistic environment on the detec-
tion performance of the developed systems that are installed on the powered wheelchair

and the anticipated deterioration in performance.
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1.3 Research questions
Subsequently, the research questions investigated in this thesis are:

* How do the objects of a dataset, in terms of size and distribution, impact the trained deep
learning models? Given the wide variety of deep learning-based detection systems, how

can we choose the best detector for a given application?

* In terms of the applicability of these systems, can we avoid long training times spent
by computer vision systems based on DL? Can a DL system process images from two
different distributions simultaneously (e.g. large and small size objects, or indoor and
outdoor environment objects)? What are the necessary modifications that can achieve

this purpose?

* What are the challenges in adopting such technologies in real-life scenarios? How
reliable are the proposed systems? What level of system transparency can be attained?
For example, could explainable Al (XAI) offer levels of transparency and decision

justification required in realistic implementations?

* What level of environmental understanding can Al-based computer vision systems
achieve, i.e. could pixel classification be achieved, and could semantic information be
extracted from arbitrary video sequences? Are there available semantic segmentation
evaluation metrics accurately assessing system performance? Could pixels’ confidence
scores enhance the validity of the evaluation process and provide better insights into the

operating characteristics of the assessed systems?

* Can a smart computer vision system based on deep learning help visually impaired users

to navigate safely? What level of assistance can it offer?



1.4 Main contributions 5

* What performance degradation should we expect in a deep learning-based computer vi-
sion system installed on a mobile platform (e.g. a powered wheelchair) due to mechanical

vibrations caused by different types of terrains traversed in everyday use?

1.4 Main contributions

* We introduced, implemented, and tested shared systems that can simultaneously process
different size objects from different distributions. The developed systems do not require

retraining and can achieve high performance in both environments.

* We introduced a roadmap to choose the optimal deep learning-based detector for a given

application based on the size of the objects of the dataset.

» Two datasets with multi-size objects were collected and annotated for ground truth. These
serve in training and evaluation for object detection and semantic segmentation tasks.

There are no similar datasets publicly available to the best of our knowledge.

* We introduced explanation methods that can help to understand the intuition behind a

specific decision or prediction.

* A novel technique to assess semantic segmentation systems is introduced. Unlike other

metrics, the proposed one incorporates pixels’ confidence scores in the evaluation process.

* The impact of mechanical vibrations on the performance of the smart computer vision
systems installed on robotic platforms, such as powered wheelchairs, is investigated, and

related results are analysed.
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1.5 Applications

The project aims to develop assistive devices that can be integrated into powered wheelchairs.
A semantic segmentation system has been proposed to process images from two different distri-
butions simultaneously. This system can help visually impaired disabled powered wheelchair
users to understand their surrounding environment. Besides, it allows interaction with the
environment by providing visual cues and distance to the target object when needed.

The introduced system has been deployed and tested for indoor scenarios. It can be easily
adjusted to the user’s needs. Results show the ability of the semantic segmentation system to

estimate the distance to the target object accurately.

1.6 Scope of the thesis

The scope of the thesis focuses on creating smart computer vision solutions and systems that
can help with navigation and scene understanding. These systems can be installed on mobile
platforms, such as powered wheelchairs and used by disabled users, such as visually impaired
users, to comprehend the surrounding environment and interact with objects, such as door
handles and switches. Thus, the developed systems need to be adaptable and customised to the
users’ needs. Furthermore, the proposed systems need to be transparent and reliable.

The scope of the thesis covers:

* DL techniques for object detection and semantic segmentation. Conventional computer

vision systems are beyond the scope of this thesis.

* Autonomous systems based on collision avoidance and path tracking are beyond this

thesis’s scope.
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* DL explanation and visualisation techniques to understand the system’s predictions.
Model approximation methods are beyond the scope of this thesis as we are interested in

the direct explanation of pretrained models using visualisation methods.

* The vibration impact on the performance of detection systems installed on the pow-
ered wheelchair and mitigation means. However, powered wheelchair dynamics and

suspension system redesigning are beyond the scope of this thesis.

1.7 Structure of the thesis
The thesis structure is organised as follows:

» Chapter 2 reviews state-of-the-art systems for object detection, semantic segmentation,

and explanation methods.

* Chapter 3 introduces two application-specific datasets for indoor objects of interest.
One is annotated on the bounding box level for object detection tasks, while the second
is annotated on the pixel level for semantic segmentation (pixel classification) tasks.
These datasets are important not only for powered wheelchair applications but also for
any robotic platform. Similar to their usage with powered wheelchair applications to
understand the surrounding environment, service robots in specific and computer vision
systems, in general, can benefit from these datasets. The majority of the datasets’ objects
can be categorised as small size objects, making them challenging to detect. However,

they are essential for many applications.

* Chapter 4 proposes novel explanation techniques to visualise Convolutional Neural
Network (CNN) predictions. The proposed explanation methods offer two benefits over
state-of-the-art ones. First, they can produce comprehensive maps with fine-grained

details and discriminative regions, unlike individual methods that can produce either
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fine-grained details, such as gradient-based methods or discriminative regions, such as

Class Activation Map (CAM) based methods.

Second, the proposed methods visualise all the features contributing to the model’s pre-
diction in different colours. Each colour represents a different method, Unlike individual
methods that generate monotonic specific features based on the explanation technique.

Consequently, the proposed methods are descriptive and easy to understand.

* Chapter 5 investigates the performance of state-of-the-art object detection systems on
the proposed dataset. The impact of feature extraction networks, feature extraction layers,
number of anchor boxes, and training data on the produced systems is investigated. This
chapter’s findings can help the scientific community to expect the detector performance
based on the application data. In addition, the optimal system can be selected for a

specific application.

* Chapter 6 proposes novel semantic segmentation systems that can process images from
two different environments. The developed systems do not require retraining and can
achieve high performance in both environments. Semantic segmentation systems can
classify every pixel in a given image. Consequently, information such as geometric
shape, centre of gravity, and distance to a specific object can be acquired. This provides a
remote mapping of accessibility features in the surrounding environments. Based on this
information, further interaction can be performed, such as object manipulation, which

enhances the usability of the proposed systems.

* Chapter 7 proposes a novel technique that incorporates pixels’ confidence scores in the
evaluation process of semantic segmentation systems. Pixels’ confidence scores reflect
the certainty of the system. Consequently, their contribution to the assessment process is

vital.

* Chapter 8 concludes the thesis, demonstrates the findings, and highlights future work.



Chapter 2

Explainable Deep Learning: A Review of

Literature

2.1 Introduction

Deep learning techniques for object detection [1, 2] and semantic segmentation [3, 4] have
achieved state-of-the-art performance on object localisation and pixel classification tasks
compared to traditional methods that use hand features or algorithms to detect corners. Since
then, deep learning approaches have been adopted in many real-life applications. Artificial
intelligence (Al) in general and deep learning in specific have seen a great leap that boosts
their ubiquitous use in many fields such as autonomous [5], industrial [6—8] and medical
applications [9-12].

Electrical Powered Wheelchair (EPW) users can benefit from these technologies, especially
people with visual impairments. Also, people with cognitive and physical issues can use
computer vision systems based on deep learning to better understand their surroundings and
better interact with environments. Currently, visually impaired wheelchair users cannot be
prescribed powered wheelchairs due to their conditions. Some solutions based on semantic

segmentation have been proposed to help non-disabled visually impaired users to navigate
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safely by identifying the terrain type using smart glasses [13] or identifying the most walkable
direction using a hand-held camera [14].

Scene understanding approaches are widely used in the autonomous driving industry.
Compared to autonomous vehicles, powered wheelchairs have limited speeds and operate on
specific routes. Moreover, visually impaired disabled users cannot fully utilise their bodies
which limits their vision and increases the risks. Adopting scene understanding technologies to
help EPW users to drive safely in indoor and outdoor environments is a trending research topic
that needs novel contributions and pioneer solutions.

Deep learning solutions must be reliable and robust to be approved by authorities and
adopted by industry. This cannot be achieved unless the model is able to explain its decisions
(why does the model take a specific action in a given situation?). Deep learning systems
are treated as black boxes, where the reason for an action or a prediction is unclear. The
explanation methods of Al systems or so-called XAl are currently of significant concern and
interest because they help to ensure the reliability and robustness of deep learning models.

In this chapter, we focus on the need for such a system that can help users with visual
impairments to use an EPW as some of these users are not prescribed a powered wheelchair due
to their disabilities [15]. Also, scene understanding techniques used by powered wheelchairs
are discussed (2.2). Then, the literature of deep learning methods for object detection (2.3)
and semantic segmentation (2.4) tasks are reviewed. After that, explanation methods for
Convolutional Neural Networks (CNNs) are presented (2.5). Lastly, we highlight the research

directions and the prospective systems that can achieve the research objectives (2.6).

2.2 Assistive devices and motivations

There are many motivations for disabled people to utilise EPWs. Apart from the main reason,
which is mobility, other factors such as productivity, leisure and independence are involved [16].

That is why assistive devices should enable users to master their objectives independently and
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enhance their quality of life. At the same time, poor design and faulty assistive devices have a
negative influence on the users’ experience [16].

Clinicians report that they saw almost the same number of patients who cannot use a
powered wheelchair as who can [15]. Patients find it extremely difficult to manoeuvre an EPW
indoors, especially in small areas and while negotiating doorways. Clinicians also report that
40% of their powered wheelchair users find steering tasks difficult. At the same time, five to
nine percent find them impossible. On the other hand, the percentage of those who cannot use
a powered wheelchair due to visual impairment, cognitive disorder or motor skills is 85%. An
automated navigation system is believed to half this percentage [15].

Navigation systems based on computer vision offer semi-autonomous and fully autonomous
driving capabilities for EPWs’ users. For instance, driving a wheelchair using face tracking [17]
or eye and iris movement [18, 19]. Moreover, technologies such as collision detection and
avoidance can be used to assist the EPW driver in negotiating obstacles [20]. Viswanathan et
al. [21] introduce a 3D stereo-vision navigation-based system that can detect potential object
collisions by stopping the movement towards that object, plan paths towards a specific goal
using visual odometry and prompts to assists the user in navigation based on the user’s level of
awareness.

A comprehensive review of smart wheelchairs is presented in [22]. Although these systems
provide great help, they can be unsatisfactory or faulty. For example, consider the case when
a user wants to approach an object that has been detected as an obstacle by the system. In
this case, the autonomous system wants to avoid the object, while the user needs to reach that
object. The only possible solution, in this case, is to disable the system.

In contrast, we propose to build smart systems based on deep learning for computer vision
tasks to act as a guide for the user. They do not interfere with the navigation process. They are

non-intrusive systems, which classify the environment into different classes to lead and smooth
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the user’s navigation process. Computer vision techniques based on deep learning proved high
efficiency in terms of speed and accuracy compared to conventional methods [23].

A closely related system to the proposed one is presented in [24]. A wheelchair system to
guide people with severe disabilities is used to track manually taught paths (reference paths
stored on a memory) using optical encoders mounted on the wheelchairs” wheels and visual
beacons (passive cues) placed throughout the wheelchair surrounding environment (on walls,
stationary objects, etc.). Relying only on the optical encoders to estimate the wheelchair’s
position may introduce errors because of inaccurate initial conditions, wheel slippage, etc..
Hence, environmental cues that are captured by the two cameras installed on the powered
wheelchair are used to correct and update the wheelchair’s position and orientation using
Kalman filter algorithm. The system uses the difference between the reference path and the
estimated position to drive the wheelchair automatically. However, the system does not override
the control from the user to follow a path until the user requests so.

The main disadvantages of such a system are as follows: it needs visual cues to be deployed
in the wheelchair environment. It needs a manually taught reference path. Most importantly, the
system needs a different setup for different environments. This means that if the environment
changes, new reference paths are needed to teach the system. Although we do not use our
proposed systems for path tracking, our systems are capable of detecting visual cues automat-
ically using deep learning methods, which means no need to add physical visual cues to the
environment. Moreover, the proposed systems can detect the distance to a specific object using
the Intel®RealSense depth camera (video). Besides, our systems provide all the information to
the user on a screen from which the user can take full control of the EPW (video).

In contrast to the fully autonomous EPWs systems that take full control away from the
users, which are undesirable, our proposed methods provide environmental cues to help,
guide and keep the users in full control. EPWs systems that provide collision avoidance

support such as [25, 26] may not be suitable for drivers who are unable to determine their
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location and cannot navigate to a specific location. Our proposed systems allow the users to
understand their surroundings and provide them with the distance to the target object when
needed. Consequently, the proposed systems can be seen as in-between systems that can
provide environmental cues (scene understanding) while giving full control to the users to
avoid both limitations of non-autonomous and fully autonomous systems. Though they can be
integrated with autonomous ones, and the users can decide the level of assistance.

Object detection and segmentation deep learning-based methods are reviewed in the follow-
ing sections to find the best system for our application. Although small size object detection is
an important topic for real-life applications, it is not well-covered by state-of-the-art detection
systems. Thus, we highlight state-of-the-art systems and techniques that deal with small size
object detection challenges. Also, scene understanding using semantic segmentation techniques
are investigated. Lastly, visualisation methods to ensure the reliability and the robustness of

deep learning models are discussed.

2.3 Object detection

Object detection is different from object recognition and classification. For object classification,
the task is to classify a given image to one class from a set of predefined classes. Usually, the
image has one object. Suppose the image has many objects of different categories. In that case,
the classification task will assign a single category to the image with a confidence probability
or a classification score that reflects the classification confidence.

For object detection tasks, it is not only important to classify the objects in a given image
but also to determine their locations. This means multiple objects of different classes can be
classified and localised in a single image.

Several methods have been proposed for object detection using deep learning [1, 2]. This
literature review concentrates on state-of-the-art ones that are deeply investigated and docu-

mented, open-source, easily implemented and tested on different platforms such as MATLAB.
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Most importantly, methods that can achieve high performance under the challenging conditions
of the proposed dataset. The proposed dataset contains predominantly small objects. Small
object detection is challenging even for state-of-the-art methods that can achieve high perfor-
mance on large size objects. In short, we focus on methods that can satisfy and achieve our
objectives.

Object detection literature can be divided into two categories: one-stage and two-stage
object detection systems. Generally, object detection systems based on deep learning consist
of CNNs with regression and classification layers. One-stage systems use regression and
classification layers to output the bounding boxes and the class of the object in one shot. In
comparison, two-stage systems introduce an initial step to generate object proposals before
bounding box regression and object classification. Thus, the pipeline of object detection
systems has three components (Fig. 2.1): region selection, feature extraction, and classification

and regression.

Classification

Feature
extraction

Region
selection

Input image

Regression

Fig. 2.1 The main blocks for a typical object detection system.

Region selection:

To predict the possible positions of objects in an image, the whole image needs to be
scanned. Different objects may have different sizes and aspect ratios which require multi-
scale sliding windows. Scanning the whole image to find object proposals is a time and
resource-consuming process. It represents the bottleneck for modern object detection systems.
Nevertheless, it is a very important stage in the pipeline of object detection systems for accurate
detection. Using a limited number of scanning windows can negatively impact the system’s

performance as some objects may be overlooked. Traditional region selection methods such
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as selective search [27] and edge boxes [28] are time-consuming. However, regional proposal
networks [29] overcome this disadvantage by using a CNN to predict these regions.

Feature extraction:

Object features that distinguish different categories are required for object classification.
Histogram of Oriented Gradients (HOG) [30, 31] and Haar-like [32] are examples of traditional
feature extraction algorithms. It is a challenging process to manually design a robust feature
extraction system that can extract features from different objects because of the variety of
object sizes, illumination conditions, occlusions, and backgrounds. Besides, some objects share
similar geometric information such as different kinds of door handles, making the extraction
of their distinct features a difficult operation. CNNs trained on large datasets can efficiently
and automatically learn complex feature representations that can overcome the limitations of
conventional methods.

Classification and regression:

The extracted features are then fed into an algorithm to classify the objects. Also, the
location of the objects need to be determined. Traditional methods such as Support Vector
Machines (SVM) [33] and Deformable Part-based Models (DPM) [34] can be used. How-
ever, state-of-the-art models usually utilise a classification layer and a regression layer for
classification and bounding box regression tasks, respectively.

Advantages of CNN over traditional methods:

* Hierarchical representation interconnected relations between image pixels and high
representation such as features patterns can be learned automatically. These features can
be more descriptive and achieve high performance with deep architectures compared to

shallow ones.

* Several related tasks can be optimised jointly, such as classification and regression using

a combined loss function.
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2.3.1 Two-stages object detectors (detectors based on region proposals)

Region-based Convolutional Neural Network (R-CNN) [35] achieved a significant improvement
in performance compared to conventional object detection methods such as DPM [34]. It uses
selective search [27] to generate 2000 region proposals for each image. The selective search
approach uses saliency cues in a bottom-up manner to provide proposals. The generated regions
are cropped or wrapped into a fixed size (227x227 pixels which the CNN requires). A CNN
based on AlexNet [36] is then used to extract feature vectors for each region with a fixed
dimension of 4096. Lastly, class-specific SVMs trained for each class is used to score the
feature vectors, and a regression layer is used to fit a bounding box for each region. Multiple
bounding boxes for an object are then filtered using the Non-Maximum Suppression (NMS)
technique.

R-CNN uses AlexNet that has been trained on the ImageNet dataset [37]. Then, the model
is fine-tuned on the domain-specific object detection task using the transfer learning [38, 39]
technique that proves its efficiency compared to training from scratch, especially when domain-
specific data are limited.

R-CNN has some drawbacks: first, selective search is a slow process representing a
bottleneck for fast processing. Second, wrapping and cropping the region proposals to fit a
fixed size suitable for the CNN input can introduce distortion. Third, R-CNN training is a
computationally expensive multi-stage pipeline. The CNN, the SVM and the bounding box
regressors need to be trained separately. The extracted features need a large disk size to be
stored. Finally, the system cannot achieve real-time inference.

Spatial Pyramid Pooling Network (SPP-Net) modified R-CNN with a Spatial Pyramid
Pooling (SPP) layer [40]. The SPP layer uses the convolutional layer’s feature map to generate
fixed-size vectors for object proposals. The constraint of having a fixed-size input image to the
CNN (by wrapping or cropping) is avoided using the SPP layer to aggregate the information

between the last convolutional layer and the subsequent fully connected layers. SPP-Net reduces
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the computational cost by computing a convolutional feature map for the entire image and
then classify each object proposal. SPP-Net introduces some flexibility and better performance
over R-CNN. However, it is still a multi-stage pipeline approach that requires large storage.
Moreover, the convolutional layers before the SPP layer cannot be fine-tuned [40].

Fast R-CNN [41] is proposed to overcome R-CNN and SPP-Net problems. Without
caching features, it can be trained end-to-end on a multi-task loss function for classification
and bounding box regression. Fast R-CNN uses a special case of SPP layer called Region of
Interest (Rol) pooling layer, which has one pyramid level.

Like SPP-Net, Fast R-CNN process the whole image to produce a feature map. The Rol
pooling layer extracts a fixed-size feature vector from the feature map for each region proposal.
The extracted feature vectors are then fed into a sequence of fully connected layers connected
to two output layers: a softmax layer to produce the classes probabilities and a regression layer
to produce the bounding box positions.

Softmax classifier used in Fast R-CNN outperforms linear SVMs classifiers used in R-CNN
and SPP-Net. It does not require a disk storage. Moreover, it improves both accuracy and
efficiency. Increasing region proposals can enhance the accuracy of the system. However, the
accuracy will increase to a certain level then decrease with the increase of the object proposals.
Further, the extra object proposals require more computations and resources that can negatively
impact the inference speed of two-stage object detection networks.

Object detection models such as SSP-Net and Fast R-CNN suffer from bottleneck computa-
tions due to region proposals. Ren et al. [29] introduce Region Proposal Network (RPN), a fully
convolutional network that shares full-image convolutional features with the detection network.
It can be trained end-to-end to generate region proposals at nearly cost-free computations.
Faster R-CNN is a merge between fast R-CNN and RPN where the training process is alter-
nated between fine-tuning the RPN and the detection network. Consequently, the bottleneck

region proposals step of the previous object detectors is replaced by a CNN that simultaneously
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predicts object bounding boxes and classes scores at each region proposal. RPN can process
input images with arbitrary sizes. Furthermore, it reduces the number of region proposals from
2000 in the previous approaches to 300 region proposals per image without compromising the
accuracy.

Unlike SPP-Net [40], Fast R-CNN [41], DPM [34], and Overfeat [42], which use pyramids
of images or filters, Faster R-CNN introduced the concept of anchor boxes. RPN adapts anchors
(reference boxes) with three different scales and three different aspect ratios. The regression
towards the output Bounding Box (BB) is achieved by comparing the proposed BB with the
anchors. RPN guides the Fast R-CNN network to the places where it is most likely to detect
objects. Region proposals are generated by sliding a small network over the feature map of
the last shared convolutional layer. The small network takes as input n X n spatial window of
the input convolutional feature map. Each sliding window is mapped to a lower-dimensional
feature, which is fed into two fully connected layers: box-regressor and box classifier layers.
Multiple objects for each sliding window location can be detected using anchors. A total of
nine anchors are centred at each sliding window location (3 scales x 3 aspect ratios).

Anchor boxes that cross the image boundaries represent a challenge for Faster R-CNN.
These anchors are ignored during the training step (they do not contribute to the loss function)
as the training can not converge without doing so [29]. This may introduce cross-boundary
proposals boxes that will be clipped to the image boundary. Alternating training is also time-
consuming as it first trains the RPN and uses the proposals to train the Fast R-CNN. Then, the
network tuned by Fast R-CNN is used to initialise the RPN in an iterative process. However,
Faster R-CNN with RPN can achieve an adequate frame rate with high accuracy compared to

other region proposal methods.



2.3 Object detection 19

2.3.2 One-stages object detectors (detectors based on classification/ re-

gression)

Lenc et al. [43] introduce one of the early attempts to accelerate the two-stage object detection
networks. The study suggests to drop the region proposal section from the R-CNN [35] as
it represents the bottleneck of the architecture. Instead of using selective search for region
proposals, the proposed system uses an image-independent list of candidate regions sampled
from the distribution of the bounding boxes in the dataset. The investigation found that the
CNN architecture by itself, without the fully connected layers, contains sufficient geometric
information (spatial information) for accurate object detection. However, the accuracy of the
proposed system without the region proposals network was negatively impacted.

YOLO [44] (You Only Look Once) is a unified real-time object detection system with a
design resembling GoogleNet [45]. Unlike previous detection approaches that modify classifier
networks to perform detection, YOLO deals with the object detection task as a regression
problem at which bounding boxes are spatially separated and associated with class probabilities.
YOLO approach uses a CNN to predict both the class probabilities and the bounding boxes
from an image. It is a one-stage process that needs one evaluation (forward pass) for predictions.
Moreover, the network can be trained end-to-end.

YOLO process the entire image at once to extract contextual information, unlike sliding
window and region proposals techniques where each area in the image is processed individually.
Being able to process small areas in an image increases the system’s accuracy, which is an
advantage of multi-stage approaches. At the same time, it increases the processing time, which
has a negative impact on the system’s speed. On the other hand, YOLO has better performance
when it comes to the detection of large context images, such as backgrounds. However, it
struggles to localise small objects precisely.

YOLO system divides the input image into an § x S grid cells. Each grid cell is responsible

for detecting an object if that object falls in its center. In addition, each grid cell predicts B
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bounding boxes and the associated confidence scores. Confidence score can be defined as P, (
object ) x ToU gf;é‘ . If no object exists in the grid cell, then P,(ob ject) equals to zero. However,
if an object is detected by the grid cell, then P,(object) equals to one, and the confidence score
equals to the IoU between the predicted and the ground truth box. Thus, each bounding box
has five attributes: (x,y) are the coordinates of box’s center with respect to the grid cell, (w, /)
are the width and height of the object with respect to the image, and the confidence score [44].

The network only predicts one box for each object within a grid cell. If an object happens to
occupy more than one cell, like a large object or near border objects, multiple cells can localise
the object efficiently. For multiple detections, NMS can be used to remove boxes with low IoU.
Unlike classifier-based approaches, YOLO network is very fast at test time. It requires a single
forward propagation through the network to produce the predictions (Table 2.1).

On the other hand, YOLO approach can only predict two bounding boxes for each grid
cell. In addition, each grid cell can only have one class. Because of this spatial constraint,
the detection of close objects is limited. Consequently, the network struggle with objects that
appear in groups.

Another limitation of YOLO model is the treatment of errors in the loss function. The main
source of errors is incorrect localisations. The loss function treats errors of small bounding
boxes in the same way as of large bounding boxes. While a small error in large boxes may be

acceptable, it may greatly impact the IoU of small boxes.

Table 2.1 Performance of different detector systems on PASCAL dataset [44].

Detector Training data mAP (%) FPS
Fastest DPM [46] 2007 30.4 15
R-CNN Minus R [43] 2007 53.5 6
Fast R-CNN [41] 200742012 70.0 0.5
Faster R-CNN VGG-16 [29] 2007+2012 73.2 7
Faster R-CNN ZF [29] 2007+2012 62.1 18

YOLO VGG-16 [44] 200742012  66.4 21
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YOLO V2 [47], V3 [48] and V4 [49] are introduced to solve some of the challenges of
YOLO V1 [44] and to enhance the detector performance. For instance, YOLO V2 uses Batch
Normalisation (BN) [50], anchor boxes, and multi-scale training. Whereas YOLO V3 uses
residual connections [51] and Feature Pyramid Network (FPN) [52] with three predictions at
different layers to process the image at different spatial resolutions. YOLO V4 [49] uses a
different backbone network called CSPDarknet53. The introduced backbone network uses
Cross Stage Partial Network (CSPNet) strategy to partition the feature map of the base layer
into two parts and then merges them through a cross-stage hierarchy. Split and merge strategy
allows for more gradient flow through the network. Also, YOLO V4 uses PANet [53] instead of
FPN to aggregate and accurately preserve spatial information. Comparisons of YOLO detectors
performances on different datasets are presented in [54-56].

Single Shot Detectors (SSD) [57], inspired by RPN, MultiBox and multi-scale represen-
tation, adopts anchor boxes to overcome YOLO limits. Instead of a fixed grid adapted by
YOLO, SSD use anchor boxes with different scales and aspect ratios to extract the bounding
boxes of the objects. In addition, the predictions from multiple feature maps are fused to detect
objects of various sizes. SSD adds several feature layers to the end of the network to predict the
offset of the default anchor box and its confidence. With the usage of anchor boxes and data
augmentation, SSD is able to outperform YOLO in terms of accuracy and speed. However, it
struggles with small size objects, similar to YOLO. Thus, enhancements have been introduced
to overcome this issue, such as using skip connection with deconvolutional layers [58] and
improving the network structures [59].

RetinaNet [60] introduces two improvements over previous single-stage detectors. It uses
FPN [52] and a novel focal loss instead of cross-entropy loss. RetinaNet has four main
components: a) a bottom-up ResNet as a feature extraction network, b) a top-down feature

pyramid network, c) a classification subnetwork, and d) a regression subnetwork.
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The feature extraction network extracts feature maps at different scales. FPN up-samples
the coarser feature maps from the pyramid’s top to the pyramid’s bottom and laterally merge
the maps with the corresponding same spatial size maps from the feature extractor network. It
augments the CNN to build a rich and multi-scale feature map from a single resolution input
image. The classification and regression subnetworks predict the class scores and the bounding
boxes, respectively.

Focal loss is introduced to deal with the foreground-background class imbalance. Class
imbalance constraints the performance of single-stage detectors from surpassing two-stage
detectors. Focal loss reduces the loss contribution from easy examples (examples the produce
high detection probabilities), as small loss values from easy examples can misguide the model
during training. Moreover, it increases the loss contribution towards correcting the misclassified
examples. This can be done by adding a modulating term to the cross-entropy loss to boost the
learning of hard examples. RetinaNet achieved state-of-the-art performance in terms of speed

and accuracy compared to one- and two-stage detectors.

2.3.3 Small object detection

Small object detection represents a challenge for state-of-the-art detectors. These detectors
are fine-tuned on datasets that contain large size objects. Moreover, the base networks of
these detectors are trained on general datasets such as ImageNet [37]. Studies show that state-
of-the-art models [61, 62, 23, 1, 63], in addition to standard datasets such as PASCAL [64]
and Microsoft COCO [65], do not give much consideration to small object detection. The
performance of these models on small size objects is not clearly investigated as the evaluation
of these models with the focus on the detection of small size objects is limited [23]. Small
objects occupy a few pixels of an image, resulting in few features to be utilised. Also, it is
challenging to distinguish small size objects from the background due to the lack of distinctive

shape information. Small size objects also require high localisation precision than large size
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ones. Further, the large stride steps of the convolutional filters in the CNN architecture may
skip the small objects.

Moreover, the definition of small object size is not unified, which presents another challenge
for researchers. Chen et al. [61] classified objects from the PASCAL dataset to be small if the
ratio between the bounding box area to the image area, averaged over all the instances of that
class, is in the range of 0.08% to 0.58%. This corresponds to 16x16 to 42x42 pixels. Small
objects can vary in size according to the image size, which is not constant for the PASCAL
dataset. To compare, the median relative areas of the PASCAL dataset objects are between
1.38% to 46.4% [61].

Torralba et al. [66] introduced a dataset for tiny images with 32x32 pixels. Zhu et al. [62]
followed the definition of the Microsoft COCO dataset for small size objects to be equal to or
less than 32x32 pixels. Microsoft COCO contains small objects, but they occupy large parts of
the images. The variation in small size objects definition is attributed to the dataset image size.
For the PASCAL dataset, the image size varies. Whereas for the Microsoft COCO dataset, the
image size is fixed and is equal to 640x480. In the light of the previously mentioned definitions,
the thesis follows a new combined definition for small size objects. An object is categorised as
small if its size equals to or is less than 42x42 pixels. We adopted this definition as the image
size in the proposed object detection dataset is 512x512 pixels and in the proposed semantic
segmentation dataset is 960x540 pixels.

Chen et al. [61] study is one of the initial works that tries to enhance the performance of
R-CNN on small size objects. The study introduces ContextNet, at which the region proposals
and the context of the regions are forward propagated through two CNNs. Then the results of
the two networks are concatenated. A limitation for the proposed system is that the two CNNs
do not share any weights. Consequently, the system requires more training time and resources.

R-CNN is tested using the small object dataset [61], a subset of images from both Microsoft

COCO [65] and SUN datasets [67]. The choice of R-CNN over Fast R-CNN is attributed to the
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Rol pooling layer used in Fast R-CNN that maps the region proposals to further small maps.
While this works with large objects and enhances the overall performance, it can negatively
impact small ones. On the other hand, R-CNN resizes all the region proposal boxes to a fixed
size, allowing the generation of full feature maps even for small objects. However, resizing
region proposals may introduce artefacts.

The smallest anchor box used in the original implementation of Faster R-CNN is too large
to accommodate the objects of the small size dataset. Thus, anchor boxes of the proposed
R-CNN are modified with respect to the statistics of the small object size in the dataset [61].
Anchor boxes modification to accommodate small size objects is a well-known technique to
enhance detectors’ performance on small size objects [23]. In addition, anchor boxes can be
attached to different convolution layers with smaller strides to avoid skipping small size objects.
Consequently, the proposed technique has improved the performance of Faster R-CNN on the
small size object dataset.

Several strategies have been introduced to enhance the detector performance on small
size objects, such as feature learning, context-based detection, data augmentation, training
strategies. In addition, Generative-Adversarial Networks (GAN) [68] achieved good results on
the task of small object detection. Tong et al. [2] review deep learning methods for small object
detection. The review highlights the following remarks: multi-scale feature learning, context
modelling, and data augmentation can enhance the performance of state-of-the-art detection
methods on the detection of small size objects. Input image resolution and base networks have
a great impact on detection performance. The combination of multiple techniques to enhance
object detectors can further improve the performance [69, 70]. Lastly, large datasets and the
combination of multiple datasets can boost the detector to learn better representation of small
size objects.

Data augmentation refers to increasing the number of images or instances of small size

objects by image transformation that includes flipping, cropping, scaling, etc. The main idea is



2.3 Object detection 25

to extend the dataset with a large amount of data by increasing the representation of small size
objects, which can help to boost the performance of detectors on small size objects [71].

The training strategy named Scale Normalization for Image Pyramids (SNIP) [69] can
selectively backpropagate the gradient of object instances based on their sizes. This can help to
focus the training on the object of interest.

Multi-scale feature representation combines the activations from multiple layers to aggre-
gate the spatial resolution of different size objects. Multi-Scale Convolution Neural Network
(MS-CNN) [72] is proposed with multiple scale-independent output layers to tackle the incon-
sistency between the objects sizes and the receptive fields. To better use the scale-independent
convolutional features for small object detection, Scale-Dependent Pooling (SDP) and layer-
wise Cascade Rejection Classifiers (CRCs) are introduced [73]. Aggregating and compressing
the hierarchical feature maps are used by HyperNet [74] to calculate the shared features between
RPN and object detection networks.

The detection performance can be improved by exploiting features from and around the
Rol to deal with occlusions and small objects. Gated Bi-Directional Network (GBD-Net) [75]
proposes the idea of gates that control the transmission of messages between different support
regions. SegDeepM [76] uses Markov random field to exploit object segments and reduce the
dependencies on initial candidate boxes. Multi-Region CNN (MR-CNN) [77] is proposed to
capture multiple aspects of objects such as distinct parts and semantic features. Inside-Outside
Net (ION) [70] is introduced to capture contextual and multi-scale representation features
from inside and outside the Rol with spatial Recurrent Neural Network (RNN) [78]. The
MulitPath architecture [79] is proposed by modifying Fast R-CNN to have a multi-scale skip
connection [70], a modified foveal structure [77], and a novel loss function that sums different
IoU losses.

GANSs introduced by Goodfellow et al. [68] has shown great potential in small object

detection. A typical GAN consists of two networks: a generator and a discriminator. The
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generator creates new samples, and the discriminator distinguishes between the generated data
and the true one. The two networks aim to reach an optimised network that is immune to
adversarial data. Perceptual GAN [80] boosts the detection of small size objects by generating
super-resolved representation for small objects to narrow the representation difference between
small size and large size objects. The discriminator competes with the generator to recognise
the generated images with an additional requirement that the generated representation needs to
benefit the process of detecting small size objects. Like the generator of the Perceptual GAN,
the Multi-Task Generative Adversarial Network (MTGAN) [81] generator upsamples small
blurred images into high-resolution clear images. The discriminator of the MTGAN, on the
other hand, is a multitasking network that describes each image patch by a real or fake score, a
category score and a regression offset.

Faster R-CNN struggles with small object detection and localisation due to the coarseness
of its feature maps and limited information provided in candidate boxes. To tackle this issue,
complementary information from multiple sources is needed to contribute to the network
decision. Cao et al. [82] try to enhance Faster R-CNN performance on small object detection
by proposing a new loss function based on the IoU, an improved NMS to avoid the losses of
the overlapping objects, and a bilinear interpolation to improve the Rol pooling operation.

In chapter 5, we investigate the performance of state-of-the-art object detection systems on
the proposed dataset. The detailed investigation of different detector architectures and different

training strategies gives a roadmap to choose the best system for a given application.

2.4 Semantic segmentation

2.4.1 Series architecture

Fully Convolutional Network (FCN) [83] represents the fundamental of many state-of-the-art

deep learning techniques for semantic segmentation. Besides, it represents the base of full
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scene understanding using deep learning. Semantic segmentation architectures can be divided
into two main categories: series architectures and encoder-decoder architectures. Though, the
latter architectures stem from the series ones.

FCN is considered the first work to train a network end-to-end for pixel-wise predictions
using supervised pre-trained networks. It adapts state-of-the-art classification networks such
as AlexNet [36], VGG [84] and GoogleNet [45] to make use of the learned features by these
networks on classification tasks and transfer them to semantic segmentation tasks through
transfer learning techniques [38, 39] and architecture modifications. Architecture modifications
include replacing all the fully connected layers with convolutional ones and in-network up-
sampling to the original input image size. FCN does not make use of pre- or post-processing
complications such as super-pixels, region proposals or post-hoc refinement by random field or
local classifiers [85, 86].

Although FCN architecture has achieved a high score on standard metrics (mean pixel
Intersection over Union), the produced semantic segmentation output is unrefined. Spatial
details are not accurate, and object boundaries are not well-defined. It does not comprise
useful global context information, instance awareness is not presented, and performance is far
from real-time execution. Also, it is not entirely suited for unstructured data such as 3D point
cloud [3, 4].

The main challenge facing semantic segmentation is the tension between semantics and
locations (global and local information). Many solutions have been proposed to integrate
context knowledge, such as Conditional Random Fields (CRFs), dilated convolutions and
multi-scale predictions. DeepLab [87, 88] makes use of CRFs to refine segmentation results
and object boundaries as a separate post-processing stage. Dilated convolution, also known
as atrous convolution, is used in DeepLab [87-90] to enhance the output resolution. Also,
multi-scale context aggregation [91] makes use of dilated convolution. Dilated convolutions

support expanding receptive fields without trading-off the resolution. They allow efficient
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dense feature extraction on any arbitrary resolution. Besides, multi-scale sub-networks with
different output resolution are proposed to refine the coarse prediction progressively [92].
Skip architecture is introduced in FCN [83] to overcome the global/local information
dilemma. Skip design combines ‘fuses’ semantic information from deep, coarse layers with
appearance ‘context’ information from shallow, fine layers to produce detailed segmentation.
By doing so, the model becomes capable of making local predictions in the sense of the global
structure. Skip connections convert the series architecture of the FCN into a DAG one (Directed
Acyclic Graph). Skip architecture weights are learned end-to-end to refine the semantics and

spatial accuracy of the output [83].

2.4.2 Encoder-decoder architecture

On the other hand, there is the encoder-decoder network architecture. Many state-of-the-
art semantic segmentation architectures follow this design such as U-Net [93], SegNet [94]
and DeepLab version 3 plus (DLV3+) [90]. U-Net [93] is inspired by FCN [83] with some
modifications to yield precise segmentation with few training images. The main architecture
modification is in the addition of the decoder part (up-sampling), where a large number of
feature channels allow the network to propagate context information to high resolution layers.

U-Net is trained end-to-end and outperforms the sliding window based convolutional
network [95, 35] in terms of accuracy and inference speed. The system has achieved high
performance on biomedical image segmentation applications using a few annotated images
thanks to the data augmentation techniques. It is also promised to provide high-quality results
on other segmentation applications.

Both DeconvNet [96] and SegNet [94] use VGG-16 [84] as their feature extraction network
(encoder part). Unlike DeconvNet, SegNet discards the fully connected layers of the VGG-16
architecture. The decoder part of the DeconvNet consists of deconvolution and un-pooling lay-

ers [96]. However, the SegNet decoder part recalls max-pooling indices from the corresponding
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encoder layer during the up-sampling process, unlike U-Net [93] which transfers the entire
feature maps from the encoder to the decoder. This makes SegNet fast in both training and
testing with a small model size and memory footprint.

DLV3+ [90] follows the encoder-decoder structure. It uses DeepLabV3 (DLV3) [89] as the
encoder attached to it a simple yet effective decoder module. DLV3 and DLV3+ avoid using
CRF as it is a post-processing stage that obstructs the network from end-to-end training, unlike
their ancestor systems DeepLabV1 (DLV1) [87] and DeepLabV2 (DLV2) [88] which can be
considered as two cascade modules systems (Deep Convolution Neural Network (DCNN) then
CRFs). DLV3+ introduces atrous separable convolution, which is composed of a depthwise
convolution (spatial convolution for each input channel) followed by a pointwise convolution
(1x1 convolution to combine the output from depthwise convolution). This leads to a significant
reduction in computation complexity. Atrous separable convolution is applied to both Atrous
Spatial Pyramid Pooling (ASPP) and decoder modules. ASPP is introduced in DLV?2 inspired
by the spatial pyramid pooling method [40] to capture objects and context at multiple scales.

The decoder part of DLV 3+ is simpler than that of U-Net [93] and SegNet [94]. Encoder
features are first bilinearly up-sampled by a factor of 4 and then concatenated with the corre-
sponding low-level features. A 1x1 convolution reduces the number of channels of the low-level
features before concatenation. After concatenation, a few 3x3 convolutions are applied to
refine the features, followed by another bilinear up-sampling by a factor of 4. This strategy
is better than directly up-sampling the features by a factor of 16 as it reduces the required
computations (the number of trainable parameters). Besides, it allows multi-scale features to
propagate through multiple layers of the decoder part. Consequently, better information can be
extracted from the images.

In chapter 6, scene understanding systems based on semantic segmentation techniques are

proposed. Further, novel shared systems that can process data from different distributions are
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introduced. The proposed systems are practically implemented and tested with real users to

evaluate the level of assistants which can be offered to visually impaired disabled users.

2.5 Explainable artificial intelligence

Visualisation techniques are powerful tools to explain the behaviour of Al systems. They can
be used to identify important features that contribute to decisions, investigate biases in datasets,
and find mistakes in structural elements of the system (e.g., network architectures). This is
vital for safety-critical applications such as autonomous navigation and operation systems (e.g.,
autonomous trains or cars), where prediction errors may have serious implications. Lawmakers
and regulators may not allow the use of such systems if they cannot explain the logic underlying
a decision or an action taken. These systems are required to offer a high level of ‘transparency’
to be approved for deployment. Thus, being highly accurate without being able to explain
the basis of their performance will not satisfy the regulatory requirements [97-99]. The lack
of system interpretability is a major obstacle to the wider adoption of Al in safety-critical
applications. Explainable AI (XAI) techniques to visualise CNN predictions, so that the system
can reason about its decisions, offer possible solutions.

Explanation methods, such as decision trees [100], are powerless to explain very deep CNN
behaviour. Our focus is on visualisation methods because CNN visualisation is the direct way
to investigate network decisions and representations. Also, visualising CNN filters can be
performed at different network locations. In the next subsections, hidden layers and post-hoc

visualisations are discussed.

2.5.1 Hidden layers features visualisation

High-layer filters in traditional CNNs can describe a mixture of patterns. Consequently, it is

challenging to understand the contribution of each part of the object. Zhang et al. [101] propose
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a method to modify a CNN to be more interpretable by training high convolutional layer filters
to represent a specific part of an object without any additional object-specific annotated data.
A software tool [102] is introduced to enable the visualisation of the channel’s activations
of convolutional layers in the same spatial layout as the input where each filter is activated
by a specific feature or pattern such as edges, faces, eyes, etc. Using the proposed software,
pooling and normalization layers can be visualised, which can reflect their impact on the
model’s behaviour. Real-time visualisation of all filters of a specific layer on one screen is a
very informative approach as it can display all the data propagating through a CNN.
Visualising a trained model using DeconvNet [103] can help to select better architectures.
For example, by visualising the first and second layers of AlexNet architecture [36], it was
noticed that the first layer filters are a mixture of high and low-frequency information. Whereas
the visualisation of the second layer filters show aliasing artefacts caused by a large stride
(s = 4) that is used in the first convolutional layer. A new architecture is proposed to overcome
these problems by reducing the filter size in the first convolutional layer from 11x11 to 7x7 and
reducing the stride to 2 instead of 4. Consequently, the new system retained more information

in the first and second convolutional layers and achieved better accuracy.

2.5.2 Visualisation of output layer activations (post-hoc visualisation)

As an input pattern cause a given activation in the feature maps, Zeiler et al. [104] map this
activation back to the input pixel space using deconvolutional networks [103]. The steps can be
explained as follows: an input image is presented to the CNN, and the features are computed
through the networks’ layers. To analyse a given activation, all other activations in that layer are
set to zero. Then the feature maps are passed to the attached deconvolutional layer. Finally, the
input pixel space is reached through successive un-pooling, rectifying, and filtering operations

to reconstruct the layer’s activity.
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The DeconvNet approach recalls the position of the max-pooling layers’ values during
a forward pass by storing these values in switches. The activations are then copied into the
positions indicated by these switches during the deconvolutional process, while other lower
layer activations are set to zero. Switches are introduced as the max-pooling operation is
non-invertible.

A drawback of the DeconvNet method is that the image-specific information comes from
max-pooling layers (switches). The absence of pooling layers will result in non-image-specific
explanations. Also, negative pieces of evidence are discarded during the backpropagation
process due to ReLLU units which may result in less informative heatmaps [105].

Occlusion sensitivity [103] is introduced to make sure that the object itself is the element
that activates the network and not the context or the background, as well as, to show the ability
of the model to locate the object in an image. This can be attained by occluding different
portions of the input image with a grey square in a sliding window manner and monitoring
the classifier’s output. The system clearly shows its ability to localise the target object within
an image as the correct class probability dropped significantly when the object of interest is
occluded.

Gradients approach [106], also known as backpropagation or saliency method, visualises
the derivatives of the target object score with respect to the input image. Saliency maps are
generated for the trained network and not during the training process (i.e., the networks’ weights
are constant). Backpropagation is the process of increasing or decreasing networks” weights to
minimise the loss function during the training process [107]. Saliency maps return the spatial
discriminative pixels locations of a particular class in an image.

Saliency maps can be computed as follows: through backpropagation, the class score
derivatives are calculated w.r.t the input image. Then, the saliency map values are arranged
in the same order as the input image pixels, i.e., m X n derivatives matrix will have the same

indices as m X n input images pixels where m and n represent rows and columns of a grey-scale
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image, respectively. Suppose the input is a multi-channel image such as RGB images. In that
case, the maximum derivative magnitude is selected across all the channels to produce a single
class saliency value for each pixel. Finally, the derivatives matrix is plotted to produce the
saliency map. Saliency maps need one backpropagation pass to be produced. They can be
considered a weakly supervised approach for object localisation.

Backpropagation ‘saliency’ approach can be considered a generalisation of DeconvNet [103]
as it can be used to visualise any layers’ features and not only the convolutional ones. Decon-
vNet is equivalent to the gradient approach through a CNN except for the backpropagation
through the ReLLU layers.

Although Gradient heatmaps are computationally faster than Occlusion as it only needs one
backward propagation through the network, they do not fully explain the image prediction. The
calculated map measures pixels change that would make an image belong to a specific category.
However, it does not explain the classifier decision as argued by [105] or the direct relation to
the variation of the output [108, 109].

DeconvNet approach [103], which zeros negative values of the top gradients, and back-
propagation [106], which zeros negative values from the bottom inputs, are then combined to
produce Guided Backpropagation (GBP) [110] which zeros both negative values. The signal
from higher layers guides the backpropagation; hence the name is derived. It works as the
switches of the DeconvNet approach [103]. Doing so prevents negative gradients from flowing
back, which can undesirably impact the activations visualisation.

Similar to GBP, DeSaliNet [111] combines both advantages of DeconvNet, which can
accurately reproduce image boundaries, with the saliency method, which can localise objects
efficiently. It can be noticed that DeconvNet [103], Backpropagation [106], and GBP [110] use
almost the same steps to produce visualisation maps, although they are described in different
ways. The main difference is in how they handle the gradients through the ReLLU layers.

DeconvNet allows only positive derivatives to backpropagate (i.e., applying ReLLU operation
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to the gradients). Backpropagation passes only the positive elements corresponding to the
preceding feature map (from the lower layer). GBP combines both techniques. Figure 2.2

depicts the difference.
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Fig. 2.2 Main differences between backpropagation, DeconvNet and Guided backpropagation
approaches (reproduced from [110]).

Many approaches based on Gradients (eq. (2.1)) are proposed, such as element-wise
products of gradients and input (GI) [112] (eq. (2.2)), Integrated Gradients (IG) [113] (eq.
(2.3)), Smooth Gradients (SmoothGrad) [114] (eq. (2.4)), etc. Gradients of the output score are
calculated w.r.t input and then multiplied by the input to enhance the heatmap resolution [112].
Moreover, GI can be used to address the gradient saturation problem [112]. Although this
technique can visually enhance the produced maps, this may be attributed to the original

image’s quality rather than the visualisation technique [115].
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The Integrated Gradients [113] approach accumulates gradients over scaled-up versions of
the input that follow a baseline defined by the user, i.e. it integrates the gradients of all points
that fall on the straight-line path from the baseline to the input. The Smooth Gradients [114]
approach uses added noise to enhance heatmap sharpness by averaging the explanations of
noisy input copies. As Gradient sensitivity maps tend to be noisy due to the noisy gradients,
SmoothGrad reduces visual noise by sampling similar images with added noise and then taking
the average of the resulting sensitivity maps.

The term Class Activation Map (CAM) has been used to refer to the weighted activation
maps generated for an image. Global Average Pooling (GAP) layer is introduced to generate
accurate discriminative localisation. Though GAP is not a novel technique, its utilisation to
produce heatmaps is a major contribution [116]. The intuition behind using GAP is that it helps
the network to identify the complete scope of the object [116]. Unlike global max pooling

where the localisation is limited to a point lying on the object’s boundary [111].
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CAM technique displays a heatmap representation that highlights image pixels which
trigger the CNN to categorise an image to a specific class. Primarily, the approach maps the
predicted class score back to the previous convolutional layer. GAP layer outputs the spatial
average of the feature map of each unit at the last convolutional layer. A weighted sum of these
values is used to generate the final output. The process can be summarised as follows: after the
last convolutional layer of a typical CNN, the GAP layer takes the convolutional layer channels
as an input and return their average as an output. Each output per category is assigned a weight.
Then, a heatmap is generated per class output, and the weighted sum is calculated for all the

heatmaps. Finally, the CAM is up-sampled to the image input size (Fig. 2.3).
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Fig. 2.3 Class Activation Map (CAM) generation process (reproduced from [116]).

Grad-CAM uses the gradient information that is passed to the last convolutional layer to
assign importance weights to each neuron. The main difference between CAM [116] and
Grad-CAM [117] is in the way of generating the weights for the feature maps. In CAM,

heatmaps are generated by taking the weighted average sum of the last convolutional layer
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activations using the Fully Connected (FC) layer’s weights, which is connected to the output
class. Whereas in Grad-CAM, the gradients of any layer are used to generate these weights.

The Grad-CAM approach can be summarised as follows: first, gradients of the score for a
specific class are computed w.r.t. feature map activations of a convolutional layer. Then, to
obtain significance weights for each feature map, the computed gradients are global average
pooled. Finally, the forward activation maps are weighted and combined ‘weighted summed’
followed by a ReLLU operation (Fig. 2.4). ReLLU is used to highlight features that have a positive
effect on the class of interest. These features represent pixels intensities that contribute to the
class gradients. Negative influence pixels usually belong to a different class; that is why they
need to be suppressed using a ReLU function to obtain better localisation. The final result is a
coarse heatmap of the same size as the final convolutional layer feature map.

Grad-CAM can be considered as a generalisation of CAM, or CAM is a special case of
Grad-CAM. On the other hand, Grad-CAM cannot highlight fine-grained details. Pixel space
gradient visualisation methods such as GBP [110] produce higher resolution visualisations
than Grad-CAM [117]. To counter this problem Guided Grad-CAM technique is introduced.
Grad-CAM and GBP techniques are combined by point-wise multiplication to produce high-
resolution (fine-grained details) and class discriminative (class regions) maps (Fig. 2.4).

Localisation error is argued to be a descriptive metric for assessing saliency methods.
Table 2.2 shows the performance of different saliency methods on the ImageNet validation
dataset for localisation.

Table 2.2 Localisation error of state-of-the-art saliency methods on the ImageNet valida-
tion dataset.

Approach Localisation error (%)
Gradients [106] 41.7
Guided Backpropagation [110] 42.0
CAM [116] 48.1
Grad-CAM [117] 47.5

Occlusion [103] 48.6
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Fig. 2.4 Grad-CAM (grey-shaded) and Guided Grad-CAM approaches (reproduced from [117]).

Results in Table 2.2 are reported in [118—121], following the same evaluation protocol
as [118] and using the same CNN (GoogleNet). The evaluation process on the localisation
task is as follows: given an image, the class of interest, and the corresponding saliency map,
the object segmentation mask is computed by thresholding the foreground area to cover 95%
energy out of the produced saliency map. Then, the tightest bounding box that contains the
whole object in the saliency map is calculated as the result localisation bounding box. This
localisation box is only considered valid if the Intersection over Union (IoU) with the ground
truth bounding box is greater than 0.5.

Fig. 2.5 summarises all the reviewed visualisation techniques. It can be seen that all the
methods are spin-off two main methods: Gradients and CAM.

Visualisation techniques are essential tools to understand CNN behaviours. Reliable systems
based on deep learning techniques need to reason about their predictions. For this reason,
we ensure the transparency of the proposed systems to accelerate their approval for real-life

applications.
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Fig. 2.5 A chart of post-hoc visualisation techniques.

In chapter 4, we introduce novel visualisation techniques that inherit the advantages of
both gradient-based and CAM-based techniques. The proposed techniques are applied to the
developed object detection systems to ensure their reliability. Applying visualisation techniques
to detection tasks is a novel contribution as visualisation techniques are usually applied to

classification tasks.

2.6 Discussion and conclusion

The background studies highlight the need for such a system that can enhance the independence
of visually impaired disabled users. The system needs to act as a guide to assist when needed
and not as a caretaker who controls the whole navigation process. Computer vision systems
based on deep learning techniques could be optimal solutions because of their efficiency and
high performance.

It is challenging to decide which detector architecture is best suited for a given application.
Standard detection metrics do not tell the complete story. Real-time processing, accuracy,
and memory usage are critical for all applications. State-of-the-art systems, however, cannot
achieve all criteria at once. There will always be a trade-off between accuracy and speed [122].

Thus, researchers and users need to decide the best system for a given application.
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For the object detection task, we follow the recommendations from the previous studies by
redesigning the anchor boxes, using feature pyramid networks, using residual blocks, using
high-resolution input images and following different training strategies to achieve the best
results on the proposed dataset. We also use explanation methods to ensure the proposed
systems’ transparency and robustness.

Moreover, we increase the resolution of the images and introduce a second dataset for
semantic segmentation to achieve better results and enhance human-system interaction. We
conduct the experiments on the pixel level to better utilise every pixel in the image. This allows
the extraction of accurate information, such as the distance to the target object. Also, geometric
information can be obtained, which facilitates the interaction with the surrounding environment.
Further, we propose novel systems that can simultaneously segment indoor and outdoor images
to solve the challenge of processing data from different distributions. The proposed systems can
process different context images without the need to retrain a new system on a new combined

dataset.



Chapter 3

Semantic Segmentation and Object

Detection Datasets

3.1 Introduction

The main purpose of the proposed datasets is to provide ground truth annotated data for objects
of interest to powered wheelchair users who may need to interact with on a daily-life basis.
Since the widely available datasets contain only general objects, these datasets are introduced
to cover the missing pieces. Although the proposed datasets can be considered application-
specific, the introduced objects are not only important for powered wheelchair users but also
for indoor navigation and environmental understanding. For example, indoor assistive and
service robots need to comprehend their surroundings for effective navigation and interaction
with different size objects.

The dataset’s objects are chosen because they represent a typical indoor environment that a
powered wheelchair user needs to interact with during daily activities. The types of the objects
could, of course, be expanded or customised based on the user’s needs and the surrounding
environment, either by utilising objects from publicly available datasets if they exist or by

collecting new data. Many studies and experiments concerned with powered wheelchair
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navigation and training of new powered wheelchair drivers used the same classes of objects
that we introduced in the dataset, such as doors, door handles, light switches, etc., in real and
simulated environments [123—-125]. However, the proposed dataset has a specific advantage as
it introduces three different types of door handles, unlike the generic door handle class presented
in the standard datasets. This could be important information to define how a wheelchair user
should approach a door to open it. Also, other indoor objects such as fire extinguishers, key
slots and push buttons are added to enrich the realistic applicability of the proposed dataset.

The proposed object detection dataset is collected in different indoor environments. A
handheld camera is used for the data collection process to enhance the collected images’
diversity and perspective. Moreover, the object detection dataset has been collected from four
different indoor environments. The collected images are annotated on the bounding box level
for the object detection tasks.

On the other hand, the proposed semantic segmentation dataset is recorded using a camera
installed on a powered wheelchair. The camera is installed beneath the joystick to have a clear
vision with no obstructions from the user’s body or legs. The powered wheelchair is then driven
through the corridors of the indoor environment, where videos are recorded. Then, the collected
videos are annotated on the pixel level for the semantic segmentation (pixel classification) task.
Pixel level annotations allow the extraction of detailed information of the target object, such as
the geometric shape. Moreover, it facilitates the interaction with the target object, for example,
by estimating the distance to the object’s centre.

MATLAB software is used to annotate the datasets. The datasets have various object sizes
(small, medium, and large), which can explain the variation of the bounding boxes and pixels
distribution in the object detection and the semantic segmentation datasets. Usually, Deep
Convolutional Neural Networks (DCNNs) that perform well on large size objects fail to produce
accurate results on small size objects. Whereas training a DCNN on a multi-size objects dataset

can build more robust systems.
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Although the recorded objects are vital for many applications, more images of different
kinds of door handles with different angles, orientations, and illuminations are included because
they are rare in the publicly available datasets.

The proposed semantic segmentation dataset has 1549 images and covers nine different
classes. In comparison, the proposed object detection dataset has 3292 images and covers
eight classes. We used the datasets to train and test semantic segmentation and object detection
systems to aid and guide visually impaired disabled users by providing visual cues. The
Semantic segmentation dataset is made publicly available [126]. At the same time, the object
detection dataset is under preparation for public release.

This chapter introduces the two datasets, highlights their importance, and discusses their
differences. Section 3.2 presents the data collection setup. Section 3.3 discuss the motivation
behind the proposed datasets. Semantic segmentation and object detection datasets are presented

in sections 3.4 and 3.5, respectively. Lastly, the chapter is concluded in section 3.6.

3.2 Data collection

For the semantic segmentation dataset, an Intel® RealSense depth camera is installed on the
Roma Reno II powered wheelchair for data collection and inference (Fig 3.1). Electrical
Powered Wheelchairs (EPWs) have limited positions where a camera can be integrated or
placed. The size of the EPW constrains these positions. Also, placing a camera on an EPW
should not be obscured by the driver’s body, legs, or hands. We proposed two locations that
can be used for this purpose. The first option is a camera installed below the joystick controller,
as shown in Fig 3.1b. The second one is a camera installed on a stick or a holder that can be
extended above the driver’s head. There might be other places depending on the EPW type and
design. For each case, a video has been collected. Each of them is recorded in two different
environments to capture a different perspective and trajectory. We annotated and used the first

video.
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On the other hand, we used a web camera connected to a laptop to record the object
detection dataset. The simple setup helps to collect more images at different locations with
different perspectives. It is also more convenient for other collaborators to use the same setup

to capture more images from different environments.

. - RAREE S
(a) Roma Reno IT EPW (b) Intel® RealSense Camera

Fig. 3.1 The camera is installed beneath the EPW’s joystick so that no interference with the
users’ legs can obstruct vision.

3.3 Motivation

Available standard datasets [127—-131] contain general objects of indoor environment but
lack objects related to the proposed application. For example, the door handle class in the
aforementioned datasets is generic. Whereas the proposed indoor datasets contain different
kinds of door handles for better perception and human-system interaction. So, collecting and
annotating a task-specific dataset is a non-avoidable requirement. Objects of interest are doors,
floors, walls, fire extinguishers, key slots, switches, and different kinds of door handles such as
moveable, pull and push door handles. Fig 3.2 shows the classes of interest of the proposed

datasets.
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(a) Moveable door handle (b) Pull door handle (c) Push door handle

.') :

(d) Push button (e) Key slot (f) Fire extinguisher

(g) Door (h) Carpet floor (i) Background wall

Fig. 3.2 The classes of the proposed dataset.
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These objects are not only important for EPWs users but also for any robotic platform.
Any robotic platform which uses particular actuators to open a door would require information
about the type of the door handle in order to engage a suitable strategy for opening the door.
For example, pull door handles require different actuation than moveable door handles. These
classes represent the main objects an EPW user may need to interact with or utilise on a daily
life basis. Other classes of interest can be added later depending on the user’s ability and the
surrounding environment.

The proposed indoor datasets can be augmented using some classes from the ADE20K [127,
128], NYU depth [129, 130] and SceneNN [131] datasets which have objects of the indoor
environment. However, specific classes, such as door handle types, do not exist in these
datasets. These classes, besides key slot and switch classes, are infrequent. Nevertheless, they
are important for many applications, especially indoor navigation. To keep a class distribution
balance, abundant classes such as doors, floors and walls are not included from the standard
datasets. However, more objects from standard datasets may be included to create a customised
implementation of the system upon the user’s need and the adequate distribution of important
task-oriented labels. This may require a system retrain to tune the system’s weights on the
extended dataset.

Unlike the well-known datasets [132, 65], which usually have one big object per image
or contain small objects but occupy large parts of the image, the proposed dataset has many
objects per image; some of them can be categorised as small objects such as door handles
and switches. In addition, these small objects are not available in the aforementioned datasets.
This needs novel approaches that can produce high accuracy and precise edges. Using high
resolution and large size images may help to tackle this problem as many pixels can be utilised
and contribute to the object’s classification. However, this would require higher computations

than smaller and fewer resolution images.
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3.4 Semantic segmentation dataset

While driving the EPW through the indoor environment, a one-minute video is recorded and
annotated manually on the pixel level. Images extracted from the video are shuffled and split
randomly into 70% for training (1084 images), 15% for validation (232 images) and 15%
for testing (233 images). The resolution of the extracted images i1s 960x540x3 pixels. We
train the semantic segmentation systems on high resolution and large size images, unlike
the original implementation of DLV3+ [90] which crops patches of 513x513 size from the
PASCAL VOC dataset [132] images during training and testing. Examples of the collected
data with ground truth annotations are shown in Fig 3.3. Pixels that do not fit into any of the
eight predefined classes are assigned to an extra class called the ‘Background Wall’ class. At
the same time, small areas between two different classes, such as door frames or cupboards, are
kept unannotated (void pixels). These pixels cannot fit in one class, such as the ‘Background
Wall’ class, as they belong to different categories of objects.

The proposed dataset images might look homogeneous as it has been collected from one
trajectory. Many factors can affect the perspective of the captured dataset, such as the camera
installation, which is constrained by the available space on the EPW. However, we captured
different angles, directions and orientations of small and rare objects of interest under different
illuminations. Fig 3.4 shows the front, side, and partial views of moveable door handles
captured during the data collection. Moreover, data augmentation is employed during training
which gives another dimension for the dataset. Data augmentation techniques help to enhance
the model’s robustness and increase the model’s ability to generalise to other environments.
Furthermore, the dataset will be extended along with the study and future work.

It can be noticed from Fig 3.5 that categories such as Doors and Background walls dominate
the distribution of the pixels. Whereas door handles have fewer pixels. This can be attributed

to the objects’ sizes. Though, the dataset has many object instances of all classes (Table 3.1).



48 Semantic Segmentation and Object Detection Datasets

s e ] -3 e 1 | . W
0o® \,\a“d\ o gt \,\a“d\ e ¥ J\gn“" of e\ “ ¢10° o We
0 00' e 05“ 000‘ 0 00‘ © ’;{\0 I I 3“’ " ‘0"‘
P G st ¢ire 33'5“
" o‘,ea ?

Fig. 3.3 Examples from the collected indoor dataset with the first row represents the original
images and the second one represents the annotated ones.

Fig. 3.4 Moveabe door handles. Although the dataset objects might look similar, we collected
different angles and orientations of rare classes under different light conditions.

3.5 Object detection dataset

The object detection dataset contains 3292 images. Unlike the semantic segmentation dataset
collection setup, the simple setup of the data collection system for object detection allows more
images to be captured from various environments. However, the perspective from a handheld

camera is different from that of a camera installed on an EPW. Images of the object detection
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Fig. 3.5 Pixels distribution of the proposed semantic segmentation dataset objects.

Table 3.1 The number of annotated pixels per class and object instances.

Class Pixel count (Million) Number of instances
Door 239.87 1742
Pull door handle 0.95 173
Push button 0.63 159
Moveable door handle 2.87 1134
Push door handle 0.78 262
Fire extinguisher 4.25 486
Key slot 0.78 216
Carpet floor 20.32 698
Background wall 96.40 398

dataset are shuffled and split randomly into 60% for training (1975), 10% for validation
(330 images), and 30% for testing (987 images). The split ratio is different from that of the
semantic segmentation dataset, as the object detection dataset contains more images. The image
resolution is 512x512x3 pixels. The reason for using low resolution compared to the semantic
segmentation dataset is attributed to the available resources of the training environment. Still,

the used resolution is better or comparable to the standard datasets.
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The object detection dataset is annotated on the bounding boxes level. Examples of the
collected data are shown in Fig. 3.6. Objects are categorised into eight classes, similar to the
semantic segmentation dataset. However, the object detection dataset does not contain the
‘Background wall’ or the ‘Carpet floor’ classes. Nevertheless, it contains the ‘ID reader’ class.
Objects that do not fit into any of the predefined classes are kept unannotated.

The number of object instances per class and the number of images which contain that
object are shown in Table 3.2. The highest number of instances is for the ‘Door’ class. Whereas

the lowest is for the ‘Push button’.

Table 3.2 The number of instances per class and the image count.

Class No# of instance No# of images
Door 3443 2548

Pull door handle 362 227

Push button 92 92
Moveable door handle 2035 1797
Push door handle 437 367

Fire extinguisher 536 536

Key slot 826 763

ID reader 500 485

3.6 Conclusion

In conclusion, we propose semantic segmentation and object detection datasets to fill the gap
for important objects that a powered wheelchair or any robotic platform may need to interact
with or utilise. These objects do not exist or are rare in standard datasets, which motivates the
collection of these datasets. Moreover, the semantic segmentation dataset is made publicly
available for benchmarking by other researchers.

We believe that the proposed datasets cover important classes. Segmentation and detection
of such objects for manipulation or scene understandings can enhance human-system interaction

and improve the independence of disabled users.
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Fig. 3.6 Examples from the collected object detection dataset with the bounding box annotations.






Chapter 4

Aspects of Explainable Artificial

Intelligence

4.1 Introduction

The ubiquitous utilisation of Deep Convolutional Neural Networks (DCNN) in many applica-
tions because of their accurate performance has put a significant responsibility on the regulators
to approve and legalise them [97-99]. Systems based on DCNN can be seen as black boxes
where the reason behind a particular decision is ambiguous. The internal operation of DCNN
is decentralised as many neurons can contribute to the final output. It is not a straightforward
process that can produce a definite output for a predefined input but a possibility that it belongs
to a specific class. This decision needs to be justified. In other words, the system needs
to explain the reason for its predictions. Consequently, understanding DCNN behaviour is
essential, especially for critical industries such as medicine and automation, where the tolerance
for errors should be zero.

Clear reasoning and interpretation of DCNN’s predictions can accelerate the approval
process and boost the trust in black box systems [97-99]. A transparent system that can justify

its predictions is the ultimate endeavour. A system that explains its behaviour can help the
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developers to debug in case of errors, enhance in case of bias, and trust in case of critical
predictions.

Activation maps (also called attribution, heat or saliency maps) visualisation is one of
the main methods of eXplainable Artificial Intelligence (XAI) to understand CNNs decisions.
Heatmaps highlight the main features in an image that stimulate a CNN to classify an image to
a particular class. Eliminating these features can result in a significant decrease in the output
accuracy.

Many methods and approaches are introduced to generate CNN heatmaps. CNN visu-
alisations techniques can be split into three main categories: visualising what stimulates a
specific unit by mathematically synthesise images that maximally activate that unit [133, 134],
visualising the filters of hidden layers, and visualising the features that induce a network to
assign an image to a specific class (post-hoc activation visualisation). Post-hoc activation
visualisation methods produce heatmaps that define the contribution of each input feature to
the output prediction. Visualising CNN predictions using post-hoc techniques is the focus of
this chapter.

This chapter proposes visualisation methods that aggregate the maps of gradient-based
approaches and combine them with the CAM map [116]. The intuition is to obtain both fine-
grained details using gradient-based approaches and regional contribution using CAM approach
in one comprehensive map. The proposed methods are different from Guided Grad-CAM [117]
at which Grad-CAM is combined with Guided backpropagation (GBP) [110]. However, the
introduced methods aggregate several gradient heatmaps (Gradients [106], GBP [110], and
Integrated Gradients (IG) [113]). These gradient-based heatmaps are chosen because they focus
on various activation features due to the differences in their implementations. Consequently,
the produced heatmap is comprehensive. Moreover, the resultant heatmap can be combined

with the CAM heatmap to add a further localisation dimension.
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Each of the combined maps has a weighting parameter that can be adjusted to highlight
specific map features. This can help to emerge particular features or details depending on the
application, as some applications require high-resolution maps while others require localisation
capabilities. The choice of these visualisation methods can be attributed to their high-resolution
maps and accurate localisation capabilities. Thus, the resultant heatmap visualise the main
contributing features to the CNN decision. Therefore, it can be used to understand the main
motive for the model’s prediction. Consequently, the model can justify and explain its decision,
which is the main objective of the proposed methods. Extensive qualitative and quantitative
experiments are conducted to compare the proposed techniques with state-of-the-art ones.
Results show the ability of the proposed methods to explain CNN predictions. In addition, the
proposed methods can accurately localise the target object.

This chapter is organised as follows: the new visualisation approaches are explained in
section 4.2. Section 4.3 shows applications of visualising CNN attribution maps. Experiments
and results are discussed in sections 4.4 and 4.5, respectively. Lastly, the chapter is concluded,

and the future work is highlighted in section 4.6.

4.2 Methodology

Gradient-based methods such as saliency [106], GBP [110], and 1G [113] approaches can
produce high-resolution heatmaps. However, the CAM [116] approach is better in creating
class discriminative heatmaps. We propose two techniques to attain the benefits of both
directions: weighted sum of gradients approach (WS-Grad) and concatenation of gradients

approach (Concat-Grad). The produced heatmaps from both techniques are then aggregated

with the CAM one.
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4.2.1 Weighted sum of gradients approach (WS-Grad)

Fig. 4.1 (b) shows the weighted sum gradients aggregated with CAM. First, gradients-based
heatmaps are generated (Fig. 4.1 (a)). Then each map is multiplied by an integer weight that
the user can determine to highlight specific features as different maps can highlight various
elements. For example, saliency maps (Gradient approach) highlight all the features that
contribute equally to the prediction. However, GBP focuses on the most discriminative features
and ignores supplementary ones. IG approach accumulates gradients over scaled-up versions
of the input that follow a baseline defined by the user. The flexibility of choosing weights is a
powerful tool that can be utilised differently according to the applications. Lastly, the weighted

maps are summed and aggregated with the CAM one.
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The produced heatmap is more expressive than the individual ones, where the most im-
portant features are strongly highlighted with high resolution. Also, CAM approach provides
an additional dimension by highlighting the discriminative region, which is very helpful for

localisation tasks.

4.2.2 Concatenation of gradients approach (Concat-Grad)

Fig. 4.1 (c) shows the concatenated gradients aggregated with CAM. Similar to WS-Grad,
Gradient-based heatmaps are generated. Then, the generated maps are weighted and concate-
nated as a single image with three channels. Lastly, the concatenated map is aggregated by the
CAM one.

The Concat-Grad approach produces high-resolution heatmaps where all the important
features using different visualisation approaches can be seen and identified in one image. The
generated map has three channels (similar to an RGB image). Consequently, the produced
heatmap reflects each map using a different colour. This means Gradient, GBP, and IG features
are depicted in red, green, and blue colours, respectively. The novelty in this method can be seen
in the ability to distinguish various features of different approaches using distinctive colours
in one map, which is very informative as it gives better insights into the important features
and their corresponding approach. Additionally, the produced heatmap is easy to interpret and
understand. Furthermore, aggregating the produced map with CAM creates a comprehensive
heatmap. The attained map can be characterised by a high-resolution multi-channel heatmap
that can highlight the most discriminative region.

In section 4.5, we qualitatively and quantitatively compare our approaches with state-of-
the-art ones. Our techniques produce high-resolution comprehensive heatmaps that individual

ones cannot pI'OdllCC.
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4.3 Applications

Applications of explanation techniques are vast and vital. Generally, they ensure the reliability
and trustworthiness of black box systems. More specifically, it can be used to debug models,
evaluate performance, enhance training, and analyse data. Solely depending on the validation
section of a dataset to assess the model’s performance is inadequate as the validation dataset can
be biased or limited. That is why visual inspection can add another dimension to the validation
process.

As a case study, Layer-wise Relevance Propagation (LRP) [135] explanation technique
is applied to two models that produced the same test accuracy on a document classification
task [136]. It is noticed that the Support Vector Machine (SVM) has based its decision on
word count while CNN has assigned more relevance to keywords. Similarly, two models in the
image classification domain, a Fisher vector classifier trained on PASCAL images [132] and
a CNN trained on ImageNet [137], are visually compared using LRP explanation technique
[138]. Both systems have produced the same classification accuracy for the horse category.
However, they use different cues to attribute their decision. The Fisher Vector classifier has
assigned high relevance to copyrights tags usually present in horse images. However, the CNN
uses the horse edges and contours to make predictions. Using explanation approaches can help
to mitigate the system’s weakness (in this case, the Fisher Vector classifier) by identifying the
bias. To overcome this problem, untagged images can be introduced to retrain the system.

LRP explanation technique [135] is used to analyse data of face images to identify which
pixels are responsible for age and gender characteristics [139]. It is also used to visualise
electroencephalogram (EEG) heatmaps after a CNN is trained to map EEG patterns to a set
of movements to understand which part of the brain contribute to a specific decision [140].
Guided Backpropagation [110] is used as a part of a system to highlight features corresponding

to shadow pixels in 2D ultrasound images[141]. The method is applied to two 2D ultrasound
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datasets acquired during foetal screening and can generate shadow-focused confidence maps
that can be used for biometric measurements [141].

Haofan et al. [142] used Score-CAM (an enhanced version of CAM) to debug different
systems. Score-CAM can achieve adequate object localisation even with poor classification
models. However, the noise in the saliency map decreases as the model’s performance increases.
This can be considered as an indication of a model convergence [142]. Also, Score-CAM can
help to identify dataset biases and reasons for wrong predictions.

The aforementioned methods (LRP and Score-CAM) are similar to those presented and
used to create the proposed novel methods. They are being used for the same purposes, such
as visualising CNN decisions and identifying biases in datasets. However, LRP and Score-
CAM use different techniques to produce the heatmaps. LRP [135] uses backpropagation to
compute relevance. It is a generalised approach to visualise the contributions of non-linear
classifiers by pixel-wise decomposition of the output prediction. Whereas Score-CAM [142]
is a gradient-free CAM-based visualisation method. It uses the scores of the forward pass of
the element-wise multiplication of the input image with the extracted feature map as channel
weights. Channel weights (scores) are then multiplied by the activation maps and combined

linearly to generate the heatmap of the target class.

4.4 Experiment setup

A DCNN trained on a simple binary classification task is used to investigate the performance
of different visualisation techniques. Kaggle dataset for cat vs dog competition' is used to
evaluate different visualisation techniques qualitatively and quantitatively. The train-validate
dataset contains 25,000 images divided equally into two classes: cat and dog. The train-validate
dataset is randomly split into 80% for training and 20% for validation. Another 12,500 images

are kept aside for testing. Transfer learning technique is used to train a DCNN model for

Thttps://www.kaggle.com/c/dogs-vs-cats/data
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classification with some modifications. SqueezeNet [143] model is chosen as it is one of the
smallest DCNN in terms of size and number of trainable parameters. Nevertheless, it is very
efficient. Results show that it can achieve AlexNet [36] level of accuracy with 50x fewer
parameters. SqueezeNet is pre-trained on ImageNet [137] dataset to classify 1000 different
objects. To perform transfer learning, the final convolutional layer with 1000 channels is
replaced with a new one that has two channels (equivalent to the number of classes in the
dataset). Also, the classification layer is replaced with a new one that reflects the number of
classes in the dataset. The weights and biases learning rate factors in the added convolutional
layer are set to 10, which means they are 10x the global learning rate (the learning in the new
layer is ten times faster than the transferred layers).

To obtain the best model, Bayesian optimisation algorithm [144] is used. Bayesian op-
timisation algorithm can be used to optimise the hyperparameters of classification models.
The algorithm maintains a Gaussian process model of the objective function internally. The
objective function evaluations are used to train the Gaussian process model. In our case, the
objective function is used to train a DCNN. The function returns the classification error on the
validation dataset. Then, Bayesian optimisation is used to minimise the classification error
on the validation dataset. The objective function has two variables to manipulate: mini-batch
size and section depth. Mini-batch size can take any integer value between 1 (online training)
and 128. Whereas section depth is the number of additional convolutional blocks that can be
added to the end of the SqueezeNet and before the new convolutional layer. The section depth
can take one of three values 0, 1, or 2. Each block consists of a convolutional layer (with a
3 x 3 filter size and 11 channels) and an average pooling layer (with a 2 x 2 filter size). The
best-achieved model is then used to visualise the network’s layers.

Each iteration of the Bayesian optimisation trains the proposed network using the following
parameters: Stochastic Gradient Descent (SGD) with 0.9 Momentum is used as the optimisation

algorithm. A starting learning rate of 0.0001 is used. Then, the learning rate is dropped by a
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Fig. 4.2 Objective function model. The model minimum point is at 0.0152.

factor of 0.1 every six epochs. The maximum number of epochs is 20. Training examples are
shuffled every epoch. The setup with the aforementioned parameters is chosen experimentally
to achieve the best performance.

The objective function is evaluated 30 times to best utilise the power of Bayesian optimi-
sation. Fig. 4.2 shows that the best DCNN achieved by the objective function has two more
convolutional blocks than SqueezeNet. The mini-batch size used to achieve a 0.0152 validation
error (98.48% accuracy) is 17. The lowest error is achieved at the 23rd iteration of evaluating
the objective function.The obtained system (a modified version of SqueezeNet) is used to
investigate different visualisation techniques. The system’s accuracy on the validation dataset

for the cat and dog classes are 98.8% and 98. 2% respectively.
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4.5 Results and discussion

4.5.1 Qualitative results

Fig. 4.3 shows the synthesised images that maximally activate class-specific neurons using
Deep Dream [145]. We visualise the neurons of the last layer before the softmax layer of the
trained network. It can be noticed that the images are unclear and unnatural. They consist of
scattered parts of faces, ears, and legs. However, it is a useful diagnostic tool to understand the

network behaviour and the learned representations.

(a) cat. (b) dog.

Fig. 4.3 Synthetically generated images that maximally activate cat (a) and dog (b) neurons.

Fig. 4.4 shows examples of the learned features by the hidden layers of the model. For
example, filters (channels) of the middle layers can learn to detect specific colours (the filter
in Fig. 4.4b detects red colours), patterns (the filter in Fig. 4.4c detect cat strips), and eyes
(the filter in Fig. 4.4d detect cat’s eyes) where white pixels represent the strongest features.
Filters of Fig. 4.4 are extracted from ‘fire6-squeeze 1 x 1’ convolutional layer, which has 48
channels. Every channel is responsible for a specific colour or pattern. Hidden layers give
insights into information learned during the training process. Each channel learns to capture a
specific feature. Earlier layers learn simple features. At the same time, deeper ones learn more
complex and composite features. By investigating networks’ channels, network performance

can be enhanced by strengthening the low represented features.
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(a) (b) (d)

Fig. 4.4 Examples of hidden layer filters visualisation: the channel in (b) captures red colours,
the channel in (c) captures strips, and the channel in (d) captures eyes.

Different visualisation techniques have been used to understand the network’s behaviour.
The ReLU layer that follows the last convolutional layer in the trained network is used to
compute the activations for CAM [116]. CAM technique can be visualised in Fig. 4.5, which
shows the main regions that positively contribute to the network’s predictions. Fig. 4.5a shows
that the model is mostly focused on the dog’s ear, nose, and mouth (red regions). Although
there is a cat in the image, it does not grab the network’s attention. This clearly explains the
reason behind the classification of that image as a dog. Similarly, the network focused on the
cat’s face in Fig. 4.5b, which emphasises the intuition behind the correct prediction.

Gradient method (shown in Fig. 4.6, second column) computes the gradients of the output
class w.r.t the input image. The generated heatmaps using sensitivity analysis methods are
sharper than that of CAM [117]. Nevertheless, they tend to be noisy. Gradients are calculated
for each channel of the RGB image. However, direct plotting of the RGB attribution map
results in messy visualisations. Consequently, each pixel’s absolute value across the RGB
channels is summed and scaled in the range of zero to one. Still, the attribution maps are
not clear enough, but the main contributing object to the network prediction can be easily
determined. Guided Backpropagation [110] (Fig. 4.6, third column) provides sharper maps by
zeroing both elements of the gradients that are less than zero (during the backward pass) and
elements of the input that are less than zero (during the forward pass) using ReLU units. A

black image is chosen as the baseline image for the IG method (Fig. 4.6, last column). Still, the
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Fig. 4.5 CAM visualisation of randomly selected images from the validation dataset.

reliability of GBP and IG is questionable [115]. However, the Gradient method [106] is reliable

for explaining network decisions [115], even though the produced heatmaps are unclear.

4.5.2 Proposed approaches qualitative analysis

Fig. 4.7 and Fig. 4.8 compare the proposed approaches with the individual gradient-based
methods and CAM technique. Gradient-based methods produce high-resolution heatmaps.
Unlike CAM technique which produces regional features heatmaps. On the other hand, the
proposed approaches can produce coherent fine-grained and class discriminative heatmaps.
Qualitatively, the proposed approaches produce more interpretable and understandable
maps. Unlike individual approaches, weighted sum gradient-based (WS-Grad) maps highlight
all the important features with more focus on the most discriminative ones. Besides, the

generated maps are more dynamic and lively where the object of interest emerges. This clearly
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Original Gradients GBP IG

Fig. 4.6 Gradients methods produces unclear attributions maps while DeconvNet, Guided
Backpropagation, and Integrated Gradients generate better quality and more descriptive maps.

Original Gradients

WS(Gradients, GBP and IG) Concat(Gradients, GBP and IG) WS with CAM Concat with CAM

Fig. 4.7 Weighted sum gradient-based proposed approach solely and with CAM technique.
Also, Concatenation gradient-based proposed approach solely and with CAM technique for an
example image of a cat.

indicates how the CNN is motivated to classify an object to a specific category. An important
step that can be used to achieve the transparency condition of XAl models. Consequently, trust

can be put in such systems.
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Original Gradients

WS(Gradients, GBP and IG) Concat(Gradients, GBP and IG) WS with CAM Concat with CAM

Fig. 4.8 Weighted sum gradient-based proposed approach solely and with CAM technique.
Also, Concatenation gradient-based proposed approach solely and with CAM technique for an
example image of a dog.

g,g

Similarly, concatenation gradient-based (Concat-Grad) maps combine the most important
features and present them in a colour interpretable way that facilitates the reading and under-
standing of such heatmaps. For example, the red colour in the Concat-Grad shown in both
Fig. 4.7 and Fig. 4.8 represents the Gradients map important features, the green colour repre-
sents the GBP map important features, and the blue colour represents the IG map important
features. The three maps capture different features. However, they all contribute to the network
decision as depicted in the two figures (Fig. 4.7 and Fig. 4.8). The Gradients method captures
the face and skin, GPB focuses more on the eyes and nose, and IG highlights the contours. The
powerful novel technique can present all this information for investigation and analysis in one
comprehensive heatmap. Combining both of the proposed techniques with CAM maps adds an

extra dimension of information (discriminative regions).

4.5.3 Quantitative results

To quantitatively assess the proposed techniques’ localisation abilities, we set up an intuitive

experiment to measure the IoU between the ground truth (gTruth) Bounding Boxes (BBs) and
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the BBs that encompass all of the detected features of different visualisation techniques. loU
reflects the ability of the visualisation method to localise the target object. Consequently, it can
achieve better results on unsupervised and semi-supervised learning tasks.

The BBs for the gTruth data are annotated manually to encompass the whole object. The
BBs for the visualisation techniques are generated using the minimum eigenvalue algorithm
[146] which finds the strongest 100 feature points. Then, the smallest BB that can comprise all
of the generated points is constructed. It worth mentioning that the proposed model, which
is used to generate the heatmaps for all methods, has not been trained on any BB annotated
data. Detecting an object with a model that has not been trained on object detection tasks is
very useful in many applications because BBs are not available for many datasets.

Two images (a cat and a dog) are randomly selected from the test set for the evaluation
process. The proposed WS-Grad and Concat-Grad approaches achieved better localisation with
0.660 and 0.609 IoU, respectively, compared to vanilla Gradients and GBP, which achieved
0.540 and 0.320, respectively. Whereas IG achieved the highest IoU of 0.694 (Fig. 4.9).

Original gTruth Gradients (loU =0.540) GBP (loU =0.320) IG (loU =0.694) WS (loU =0.660) Concat (loU =0.609)

Fig. 4.9 Localisation capabilities for Gradients, GPB, 1G, WS-Grad, and Concat-Grad ap-
proaches (cat).

Object localisation capabilities of the proposed approaches are on the same level of accuracy
as IG. However, WS-Grad and Concat-Grad can highlight specific heatmaps that might contain
important information using the weighting parameters. Fig. 4.10 shows that if we emphasise

the IG heatmap, as it has the highest IoU, by multiplying it by a factor of 3, then the produced
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aggregated heatmaps can achieve the highest IoU with 0.887 and 0.810 in the cases of using

the WS-Grad and Concat-Grad approaches, respectively.

Original gTruth

IG (loU =0.694)

WS[Grad+GBP+3*IG] (loU =0.887) Concat[Grad,GBP,3*IG] (loU =0.810)

Fig. 4.10 Using the weighting parameters of the WS-Grad and Concat-Grad approaches to
boost the important features of IG heatmap results in the highest IoU (cat).

The weighting parameters (multiplying factor) are selected by experimentally trying differ-
ent integer values in the range of 1 to 10. By increasing the multiplying factor, the WS-Grad
approach could produce better IoU (0.887) until it reaches the factor of 3. After that, the loU
keeps decreasing until it reaches the multiplying factor of 5, where it plateaus at 0.697 IoU.

On the other hand, the IoU of the Concat-Grad approach keeps improving until it reaches
the multiplying factor of 6, where it achieves 0.893 IoU. IoU starts to slightly decrease when
multiplying by a factor of 7. The multiplying factor of 3 is chosen because it achieves the
highest IoU in both cases of WS-Grad and Concat-Grad. Optimising the weighting parameters
is a matter of trial and error. However, increasing the weightings arbitrary may result in noisy
heatmaps where the important features could be lost.

Similar observations can be extracted from Fig. 4.11 where our approaches achieved 0.662
and 0.694 for WS-Grad and Concat-Grad, respectively. The achieved loUs beat the localisation
capabilities of vanilla gradients and IG, which achieved 0.642 and 0.609, respectively. At the

same time, GBP achieved the highest IoU of 0.702.
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Original gTruth Gradients (loU =0.642) GBP (loU =0.702) IG (loU =0.609)

Fig. 4.11 Localisation capabilities for Gradients, GPB, IG, WS-Grad, and Concat-Grad ap-
proaches (dog).

Amplifying the detected features of the GBP approach using the weighting parameters of
the proposed approaches results in the highest IoU of 0.728 in the case of WS-Grad (Fig. 4.12).
Different multiplying factors (weighting parameters) are tried starting from 1 to 10. The IoU
of WS-Grad and Concat-Grad keeps improving until the multiplying factor of 3, at which
they achieve 0.728 and 0.700 IoU, respectively. After that, the IoU of the WS-Grad approach
starts to slightly decrease, reaching 0.709 when multiplying by a factor of 6. At the same
time, the Concat-Grad approach plateaus at IoU of 0.700 until the multiplication factor of 6.
This concludes the flexibility of the proposed methods and their high performance in object
localisation tasks. Manipulating the weighting parameters is a trial-and-error process. However,
it is a great tool to generate heatmaps that suppress unwanted features and boost important

ones.

4.5.4 ImageNet qualitative and quantitative results

For further investigation, the proposed visualisation techniques are tested on a multi-class
object classification task using off-the-shelf AlexNet [36] which has been trained on ImageNet
dataset [137]. Test images are randomly selected from the dataset with the corresponding BB

annotations.
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Original gTruth

GBP (loU =0.702) WS[Grad+3*GBP+IG] (IoU =0.728) Concat[Grad,3*GBP,IG] (loU =0.700)
X R 7y 7y

Fig. 4.12 Using the weighting parameters of the WS-Grad and Concat-Grad approaches to
boost the important features of GBP heatmap results in the highest IoU (dog).

Table 4.1 shows the ability of the proposed methods to localise the target objects. The
produced BB of the introduced methods demonstrated competitive abilities to detect the whole

objects, knowing that the model was not trained on the BB level.

Table 4.1 IoU of the proposed methods on randomly selected images from ImageNet
dataset.

Method  Gradients GBP IG WS-Grad  Concat-Grad
Image
Spider 0.908 0.909 0.783 0.889 0.905
Robin 0.521 0.443 0.578 0.543 0.645
Bolete 0.436 0.503 0.553 0.656 0.523
Pay — phone 0.723 0.775 0.770 0.763 0.798
Pomegranate 0.420 0.633 0.588 0.671 0.673

Fig. 4.13 shows that the proposed methods generate better heatmaps than Gradients, GBP,
and IG methods. For example, the first two rows in Fig 4.13 depicted the features that contribute
to the CNN’s decision for the ‘Spider’ class using different explanation methods. Gradients
map highlights all the features that contribute to the output prediction equally, which makes
the heatmap noisy. GBP map focuses on the spider body and legs. IG map shows that the

spider head is the main motive for the CNN prediction. The features of different explanation
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methods can be seen clearly in one heatmap using the WS-Grad and the Concat-Grad proposed
approaches, which can justify the CNN decision.

The collective features that activate the CNN are shown by the WS-Grad proposed approach
in one image. Whereas the Concat-Grad approach depicted each of the individual maps in
different colours as follows: the extracted features of the spider and its web using the Gradients
method are shown using the red colour. The extracted features of the spider’s body and legs
using the GBP method are shown using the green colour. The extracted features of the spider’s
head from the IG map is shown using the blue colour. The produced heatmap using the
Concat-Grad is not only visually appealing but also comprehensive and inherently interpretable.

Quantitatively, the proposed methods achieve better IoU in most cases compared to the
state-of-the-art methods and without using the weighting parameters (Fig 4.13). Even in the
worst cases, the proposed methods are competitive with the state-of-the-art ones. It is believed,
as shown in the binary classification quantitative analysis, that using the weighting parameters

can further enhance the IoU results of the WS-Grad and the Concat-Grad approaches.

4.6 Conclusion

In this chapter, two novel techniques for visualising CNN predictions are proposed. The
proposed techniques incorporate gradient-based methods and aggregate them with the CAM
method. Also, the introduced weighting parameter, which can be manipulated to highlight or
suppress specific features, is a powerful tool that can be utilised to achieve better localisation
and visualisation results. Qualitatively and quantitatively, the proposed methods outperform
individual gradient-based ones. Moreover, the obtained information using the proposed ap-
proaches cannot be obtained using a single method. Furthermore, the generated heatmaps are
informative and human interpretable.

The highlighted features using the proposed methods indicate the motive for the CNN

decision. Consequently, they can be used for XAl applications, where detecting and classifying
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black and gold garden spider gTruth Gradients (loU =0.908) GBP (IoU =0.909) G (loU =0.783) WS (loU =0.889) Concat (loU =0.905)

_ Gradients (loU =0. 521) _cBP (IOU =0. 443) 16 (lou=0. 575) _ WS (10U =0.543) Concat (IoU =0.645)

bolete Gradients (loU =0.436) GBP (loU =0.503) G (IoU =0.553) WS (loU =0.656) Concat (IoU =0.523)

pay-phone gTruth Gradients (loU =0.723) GBP (loU =0.775) IG (IoU =0.770) WS (IoU =0.763) Concat (IoU =0.798)

pomegranate gTruth Gradients (IoU =0.420) GBP (loU =0.633) G (IoU =0.588) WS (10U =0.671) Concat (IoU =0.673)

Fig. 4.13 Examples from the ImageNet dataset where our proposed approaches perform at least
as good as state-of-the-art methods. In many cases, they surpass them in terms of their ability
to localise objects and visually explain what motivates the CNN to produce a specific decision.
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the object is not enough, but extra information regarding the main reason for this prediction
should be illustrated. Understanding the strengths and weaknesses of different visualisation
approaches can give indications on how and when these methods can be utilised to justify
the predictions of CNNs. Moreover, it assists the regulators to understand the behaviour of
the black-box system. Consequently, it facilitates the deployment of such systems in real-life
applications.

The proposed methods overcome the challenging task of producing a single heatmap that
contains both fine-grained details and regional discriminative information. We understand
that visually appealing methods might not be reliable. That is why we performed quantitative
analyses that showed the high abilities of the proposed methods to localise objects. The next
step will concentrate on assessing the robustness of the proposed techniques (sanity checks)

and applying the techniques to different tasks such as object detection.






Chapter 5

Investigation of Object Detection Methods

5.1 Introduction

State-of-the-art object detector systems based on deep learning and convolutional neural
networks have shown significant performance on standard datasets in terms of accuracy and
processing speed. Standard datasets mainly contain large objects that occupy a large area of an
image. This helps the detector to exploit more pixels during the training and inference stages.
Consequently, more information can be used in the training and prediction steps. The case
becomes more challenging for small size objects as the information utilised by the system
for training or inference is limited. Furthermore, small size objects may appear in groups
which complicate their detection. When it comes to small size objects, the performance of
state-of-the-art systems has not been systematically investigated. Redesigning the model’s
architecture and anchor boxes may help to tackle this problem.

Small anchor boxes are efficient with small objects but fail to capture large ones and
vice versa. This limits the capabilities of state-of-the-art object detectors to detect small and
large size objects simultaneously. Also, increasing the number of anchor boxes to fit both

object sizes can negatively impact the detector’s speed and accuracy. Speed-accuracy trade-off
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is another major challenge for object detectors. Therefore, object detectors are considered
application-oriented.

This chapter investigates the impact of different object detection architectures on the detector
performance. State-of-the-art object detectors are tested on an application-specific dataset. The
proposed dataset is challenging as its major components are small size objects. Nevertheless,
it contains large and medium size objects, which introduce more challenges. Questions such
as the minimum number of anchor boxes that can accommodate the proposed datasets, which
base network to use, which feature extraction layer to use, the impact of different detector
architectures on accuracy are investigated in this chapter. Besides, the training strategies and
data augmentation implications are sought to be discussed.

In the light of the previously mentioned definitions of small size objects in Chapter 3, the
thesis follows a new combined definition of small size objects. An object is categorised as
‘small’ if its size equals or less than 42x42 pixels. This definition is adopted because the size of
the images of the proposed object detection dataset is 512x512 pixels.

This chapter is organised as follows: the methodology is introduced in section 5.2, where
the system architecture, the training parameters, and the evaluation process are discussed. In

section 5.3, results are presented and discussed. Lastly, the chapter is concluded in section 5.4.

5.2 Methodology

5.2.1 Challenges

The proposed object detection dataset mainly contains small size objects. Objects with sizes
less than or equal to 42x42 pixels are categorised as small size objects. Objects bigger than
42x42 pixels and less than 96x96 pixels are categorised as medium size objects. Objects
greater than 96x96 pixels are categorised as large size objects. The definition of object sizes

follows that of the Traffic [62] and COCO [65] datasets except for small size objects because
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the proposed images are larger than that of the traffic dataset. Consequently, the definition of
small size objects is 42x42 pixels instead of 32x32 pixels.

Figure 5.1 shows the sizes and the aspect ratios of the Bounding Boxes (BB) of the object
detection dataset. For the ease of understanding and to better distinguish between objects, a
set of randomly selected 100 objects from each category is displayed with a different colour.
Plotting all the dataset objects can produce a chaotic figure that is difficult to understand. The
majority of the object sizes can be categorised as small and medium size objects. Consequently,
the performance of state-of-the-art detection systems trained on large size objects can differ
due to the different nature of the proposed dataset. State-of-the-art detectors are designed
with anchor boxes to accommodate general dataset objects (mainly large objects). However,
task-specific datasets need different designs for the anchor boxes and different techniques to
capture small size objects along with medium and large size objects.

Box Area vs. Aspect Ratio
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Fig. 5.1 The sizes and aspect ratios of the BBs of the object detection dataset.
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5.2.2 System architecture

Two of the most widely adopted object detection systems are used for performance investigation
and comparison. The first detector is the one stage YOLO V3, while the second is the two-stage

Faster R-CNN. Both detectors use ResNet-18 as the base network.

Feature extraction network

The pipeline of the Faster R-CNN network consists of a feature extraction network, a Region
Proposal Network (RPN), and two sub-networks for class prediction and bounding box regres-
sion. The feature extraction network is a pretrained network that extracts the features from the
input image. The RPN is trained to extract region proposals from the feature maps produced by
the feature extraction network. Lastly, the classification and regression networks predict the
class and the bounding box of each region proposal.

The detection of small size objects is a delicate task. The spatial information and features
of small size objects are limited. Consequently, these objects can get lost as the feature maps
are down-sampled through the network layers. The choice of the feature extraction network
is based on the application requirements. A deep network results in high accuracy but low
processing speed and vice versa. Thus, the choice of the base network is a trade-off between
accuracy and speed.

ResNet-18 [51] has been used as the feature extraction network in our experiments. ResNet-
18 is the smallest version of the ResNet family. Nevertheless, it is a powerful network that uses
residual blocks. It can achieve adequate processing speed with high accuracy. Residual blocks
help to overcome deep network problems of vanishing and exploding gradients [147, 148].
Residual blocks reuse the activations from previous layers until the adjacent layer learns its
weights [51].

The choice of the feature extraction layer that feeds into the RPN is also a trade-off between

the strength of the extracted features and the spatial resolution. High feature extraction layers



5.2 Methodology 79

(deep layers) down the network result in strong encoded features, but the object’s spatial
information is lost. However, feature extraction layers up the network (early layers) have a
better spatial resolution but weak encoded features. Empirical analysis can identify the optimal
feature extraction layer for a specific application.

Four different feature extraction layers are used in our experiments to investigate the
trade-off between spatial resolution and discriminative features: ‘res4a_relu’, ‘res4b_relu’,
‘resSa_relu’, and ‘resSb_relu’. These are the ReLLU layers after the last four residual blocks of

the ResNet-18 network.

Anchor boxes

Anchors are a set of predefined boxes with different sizes and aspect ratios that represent the
objects of the dataset. They are estimated from the training data and used as initial priors to
enhance the predicted bounding boxes.

Anchor boxes are used to eliminate the need to scan the whole image using different sizes
and aspect ratios sliding windows to make a prediction at each potential position. Consequently,
the whole image can be processed in a single propagation through the network, which enhances
the overall prediction speed. Different sizes of anchor boxes enable the detection of multi-scale
objects. The model predicts the offsets of the anchor boxes to refine boxes’ locations and sizes.

The final detector output is produced by removing the anchor boxes that belong to the
background. Also, other anchor boxes with confidence scores below a specific threshold are
ignored. Lastly, the multiple detections of the same object are refined using the Non-Maximum
Suppression (NMS) technique. Anchor boxes enable the prediction of multiple objects with
different sizes and scales, besides overlapping objects.

Manually selecting the anchor boxes for the dataset is challenging as objects groups are
scattered with varying sizes and aspect ratios (Figure 5.1). A clustering algorithm, such as

k-means [149], can group boxes of similar aspect ratios and sizes based on a specific metric.
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The Intersection over Union (IoU) distance metric is used to estimate the anchor boxes that
better represent the dataset objects. IoU distance metric based clustering algorithm can produce
anchor boxes that fit the dataset objects efficiently as it is invariant to the boxes’ sizes [47].
Whereas other metrics such as Euclidean distance can lead to large errors as the boxes’ sizes
increase [47].

The number of anchor boxes is a hyper-parameter that can be selected empirically. However,
the mean IoU (mloU) between the training data boxes and the estimated anchor boxes can be
used to assess the number and validity of the estimated boxes. Figure 5.2 shows the estimated
number of anchor boxes w.r.t the training data bounding boxes and the corresponding mloU.
The maximum number of anchor boxes is set to 30 as the mloU plateaus or degrades after
this point. Arbitrary increasing the number of anchor boxes can negatively affect the detector
performance. Many anchor boxes can result in training data overfitting problem. Moreover, the
computation cost is directly proportional to the number of anchor boxes. Consequently, it is a
trade-off process where the lowest number of anchor boxes that can achieve the highest mloU
is the objective.

A large number of anchor boxes results in slow detectors. Thus, a mloU greater than 0.5
indicates adequate overlap between the training boxes and the estimated anchor boxes. Usually,
marginal improvement can be achieved with many anchor boxes (mloU start to oscillate
between 0.6 and 0.75 after 15 anchor boxes).

Three data points are selected to understand the impact of the anchor boxes on the detector
performance (Fig.5.2). First, the point at which the mloU is more than or equal to 0.5 with
the lowest number of anchor boxes (number of anchor boxes = 3, mloU = 0.518). Second,
the point at which the highest mloU can be achieved (number of anchor boxes = 23, mloU =
0.757). Third, the point with the highest number of anchor boxes (number of anchor boxes =

30, mloU = 0.756).
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Fig. 5.2 The estimated number of the anchor boxes with the corresponding mloU.

The adequate number of anchor boxes to achieve high accuracy, fast processing speed, or a
trade-off between both metrics can be attained by analysing the dataset objects. Nevertheless,

the application requirements are the main motive for choosing the number of anchor boxes.

5.2.3 Training
Training parameters

Several training parameters are tried to find the optimal ones that can achieve the highest
performance. The training parameters for both detectors (Faster R-CNN and YOLO V3) are
as follows: Stochastic Gradient Descent with Momentum (SGDM) is used as the training
optimiser with 0.9 momentum. The Learning rate starts at 0.001 and then drops by a factor

of 0.1 every six epochs. L2 regularisation of 0.005 is utilised to avoid overfitting. Training
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examples are shuffled every epoch to limit sequence memorising and avoid computing the

gradients for the same batch of images.

Data augmentation

Data augmentation techniques, such as image flipping, can be employed to increase the
variations and the number of training samples. Augmentation techniques can result in improved
accuracy and enhanced model generalisation. Data augmentation techniques are usually applied
to the training data only to produce a robust model and to avoid evaluation bias. In our
experiments, data augmentation techniques are applied to the training dataset by horizontal

flipping of the images and associated boxes to investigate their impact on the produced detectors.

Training details

The detectors are trained on a personal computer with a NVIDIA GeForce RTX 2080. Training
time varies as the training process can be stopped early when the loss of the validation dataset
plateaus or when the training reaches the maximum number of epochs (30 epochs). The largest
mini-batch size that can accommodate the available memory is sought. The largest mini-batch
sizes are 2 and 16 in the case of the Faster R-CNN and YOLO V3 detectors, respectively.
Table 5.1 shows the training time of each model, the used mini-batch size, the stopping epoch,

the trained model size, and the number of layers.

Table 5.1 Training details.

Metri Feature Feature No# of Training Mini-batch  Stopping Size (MB) /
etrics . . Not# of
network layer anchors  time (~hours) size epoch

layers
Model
Faster R-CNN ResNet-18 resda_relu 30 16.3 2 15 42/82
Faster R-CNN* ResNet-18 res4a_relu 30 18.6 2 15 42/82
Faster R-CNN ResNet-18 res4b_relu 30 14 2 17 42/82
Faster R-CNN* ResNet-18 res4b_relu 30 17.5 2 18 42/82
Faster R-CNN ResNet-18 resSa_relu 30 5 2 15 48.5/82
Faster R-CNN* ResNet-18 res5a_relu 30 4 2 11 48.5/82
Faster R-CNN ResNet-18 resSb_relu 30 2.5 2 14 48.5/82
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Faster R-CNN* ResNet-18 res5b_relu 30 3 2 17 48.5/82
Faster R-CNN ResNet-18 resda_relu 23 34.7 2 9 42/82
Faster R-CNN* ResNet-18 resda_relu 23 56 2 14 42/82
Faster R-CNN ResNet-18 res4b_relu 23 41.5 2 19 42/82
Faster R-CNN* ResNet-18 resdb_relu 23 32 2 15 42/82
Faster R-CNN ResNet-18 resSa_relu 23 4.5 2 13 48.4/82
Faster R-CNN* ResNet-18 resSa_relu 23 5 2 13 48.4/82
Faster R-CNN ResNet-18 res5b_relu 23 2.7 2 15 48.4/82
Faster R-CNN* ResNet-18 resSb_relu 23 2.3 2 14 48.4/82
Faster R-CNN ResNet-18 resda_relu 3 17.6 2 10 41.9/82
Faster R-CNN* ResNet-18 resda_relu 3 23.3 2 14 41.9/82
Faster R-CNN ResNet-18 resdb_relu 3 12 2 10 41.9/82
Faster R-CNN* ResNet-18 res4b_relu 3 11.1 2 11 41.9/82
Faster R-CNN ResNet-18 resSa_relu 3 1 2 9 48.2/82
Faster R-CNN* ResNet-18 resSa_relu 3 1.1 2 12 48.2/82
Faster R-CNN ResNet-18 res5b_relu 3 0.5 2 6 48.2/82
Faster R-CNN* ResNet-18 resSb_relu 3 0.4 2 6 48.2/82
YOLO V3 ResNet-18 res4a_relu 30 0.9 16 25 10.6/48
YOLO V3* ResNet-18 res4a_relu 30 1.1 16 29 10.6/48
YOLO V3 ResNet-18 res4b_relu 30 1 16 24 14.8/55
YOLO V3#* ResNet-18 res4b_relu 30 1.1 16 28 14.8/55
YOLO V3 ResNet-18 resSa_relu 30 1.1 16 25 41.1/64
YOLO V3* ResNet-18 resSa_relu 30 1.2 16 28 41.1/64
YOLO V3 ResNet-18 res5b_relu 30 1.3 16 27 57.9/71
YOLO V3* ResNet-18 resSb_relu 30 1.5 16 30 57.9/71
YOLO V3 ResNet-18 resda_relu 23 0.8 16 24 10.4/48
YOLO V3* ResNet-18 res4a_relu 23 1.1 16 28 10.4/48
YOLO V3 ResNet-18 res4b_relu 23 0.9 16 23 14.6/55
YOLO V3* ResNet-18 res4b_relu 23 1.1 16 27 14.6/55
YOLO V3 ResNet-18 resSa_relu 23 1.2 16 27 40.8/64
YOLO V3* ResNet-18 resSa_relu 23 1.3 16 30 40.8/64
YOLO V3 ResNet-18 resSb_relu 23 1.4 16 29 57.6/71
YOLO V3* ResNet-18 resSb_relu 23 1.5 16 30 57.6/71
YOLO V3 ResNet-18 resda_relu 3 0.8 16 24 10/48
YOLO V3* ResNet-18 res4a_relu 3 0.9 16 27 10/48
YOLO V3 ResNet-18 res4b_relu 3 0.9 16 26 14.2/55
YOLO V3* ResNet-18 res4b_relu 3 0.9 16 25 14.2/55
YOLO V3 ResNet-18 resSa_relu 3 1.3 16 30 39.8/64
YOLO V3* ResNet-18 resSa_relu 3 1.2 16 28 39.8/64
YOLO V3 ResNet-18 res5b_relu 3 1.2 16 25 56.6/71
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YOLO V3* ResNet-18 res5b_relu 3 1.5 16 30 56.6/71
YOLO V3 ResNet-18 res4a&5a_relu 3 1.2 16 24 43.2/73
YOLO V3* ResNet-18 res4a&5a_relu 3 1.2 16 24 43.2/73
YOLO V3 ResNet-18 res4a&Sb_relu 3 1.5 16 27 60/80

YOLO V3* ResNet-18 res4a&5Sb_relu 3 1.5 16 28 60/80

YOLO V3 ResNet-18 res4b&5Sa_relu 3 1.3 16 27 43.2/73
YOLO V3#* ResNet-18 res4b&5a_relu 3 1.5 16 28 43.2/73
YOLO V3 ResNet-18 res4b&5Sb_relu 3 1.5 16 27 60/80

YOLO V3* ResNet-18 resdb&5b_relu 3 1.6 16 27 60/80

YOLO V3 ResNet-18 resda&4b&Sa_relu 3 14 16 16 46.4/82
YOLO V3* ResNet-18 resda&4b&5a_relu 3 1.8 16 30 46.4/82
YOLO V3 ResNet-18 resda&4b&5b_relu 3 1.4 16 23 63.2/89
YOLO V3* ResNet-18 res4a&4b&5Sb_relu 3 1.7 16 28 63.2/89
YOLO V3 ResNet-18 resda&5a&5b_relu 3 1.5 16 24 72.9/89
YOLO V3* ResNet-18 resda&5a&5Sb_relu 3 1.7 16 27 72.9/89
YOLO V3 ResNet-18 resdb&S5a&5b_relu 3 1.9 16 30 72.9/89
YOLO V3* ResNet-18 resdb&5a&5b_relu 3 1.9 16 30 72.9/89

* System trained on augmented data.

MB = Megabyte.

Generally, Faster R-CNN detectors take significant training time compared to YOLO V3
detectors. The long training time is attributed to the detector architecture, which comprises a
RPN attached to a Fast R-CNN. This is translated into many layers and large footprints. In
contrast, the footprints and number of layers of YOLO V3 detectors vary depending on the
feature extraction layer and the number of prediction heads. The smallest YOLO V3 detector

has 48 layers and occupies a memory of 10 MB (Table 5.1).

5.2.4 Evaluation

Average Precision (AP) that can be computed from the Precision (P) Recall (R) curves is the
standard metric of evaluating object detectors. Precision can be calculated using (5.1) as the
ratio between True Positive (TP) instances to all positive instances. Whereas Recall can be
calculated using (5.2) as the ratio between T P instances to the sum of 7P and False Negative

(FN) instances (ground truth positives).
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TP

P=— (5.1)
TP+FP
TP
R=——" (5.2)
TP+FN

Intersection over Union is used to determine which detection is TP, False Positive (FP),
or F'N. If there is an overlap between the detected object bounding box and the ground truth
bounding box above a certain threshold (in our experiments, the threshold is 0.5), the detection
is considered a T P. If the IoU is less than the threshold, the detection is FP. Lastly, if there is
an object, but it has not been detected, or the object is detected with a wrong category, then it is
aFN.

AP is then calculated as the area under the Precision/Recall curve for a specific class of
objects using (5.3). A high AP value indicates the ability of the model to detect a specific class

of objects efficiently and vice versa.

1
AP — / P(R)dR (5.3)
0

Mean Average Precision (mAP) is used to assess the detector’s abilities over all the dataset
objects. mAP can be calculated using (5.4), where AP, is the AP for class K and N is the
total number of classes. The metric reflects the detector’s performance over the whole dataset

objects. In our experiments, we reported the AP for each class and the mAP for all classes.

1 N
AP = — AP 54
m N Kz:‘,l K (5.4)
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5.3 Results and discussion

The loss functions that have been used in the training process of Faster R-CNN and YOLO
V3 are different, which can explain the difference in the results of Table 5.2. The objective
function of Faster R-CNN follows the multi-task loss function of Fast R-CNN. However, it
is minimised to a combination between the object classification loss and the bounding box
regression loss (5.5). The classification loss is a log loss over two classes, while the regression
loss is the smooth L1 loss [41]. Smooth L1 loss is less sensitive to outliers compared to L2 loss,
especially when regression targets are unbounded, which may cause exploding gradients when

L2 loss is used.

gFaster R-CNN — cz:ls + D%ox (5-5)

On the other hand, the YOLO V3 loss function optimises the training process over three
different losses. Like Faster R-CNN, the classification loss is the binary cross-entropy loss.
Unlike Faster R-CNN, Mean Square Error (MSE) is used for the bounding box loss. Besides,
YOLO V3 introduces the bounding boxes objectness loss [48] which is an additional binary
cross-entropy loss for the overlapping between the predicted and the ground truth boxes. Ideally,
the objectness score should equal one when the best overlapping anchor box among all anchor
boxes overlaps with the ground truth box. The predictions are ignored when other anchor boxes
(not the best overlapping anchor box) overlaps with the object box. This means that there is

one anchor box assigned for each ground truth object [48].

LyoLovs = Lus + Lhox + Lo (5.6)

Table 5.2 shows that the lowest validation loss achieved using Faster R-CNN is 0.192
using resSa_relu as the feature extraction layer with three anchor boxes. The lowest validation

losses achieved using YOLO V3 with single, double, and triple heads are 2.52, 2.35, and 2.38,
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respectively. Like Faster R-CNN, the best achieved validation loss YOLO V3 detectors use
three anchor boxes. Unlike Faster R-CNN, YOLO detectors are trained using augmented data

and with different feature extraction layers.

Table 5.2 Validation loss.

Model Feature network Feature layer No# anchors  Validation loss
Faster R-CNN ResNet-18 resda_relu 30 0.681
Faster R-CNN* ResNet-18 resda_relu 30 0.719
Faster R-CNN ResNet-18 res4b_relu 30 0.575
Faster R-CNN* ResNet-18 res4db_relu 30 0.627
Faster R-CNN ResNet-18 res5a_relu 30 0.369
Faster R-CNN* ResNet-18 resSa_relu 30 0.399
Faster R-CNN ResNet-18 resSb_relu 30 0.396
Faster R-CNN#* ResNet-18 resSb_relu 30 0.479
Faster R-CNN ResNet-18 resda_relu 23 0.639
Faster R-CNN* ResNet-18 resda_relu 23 0.639
Faster R-CNN ResNet-18 resdb_relu 23 0.521
Faster R-CNN* ResNet-18 res4b_relu 23 0.529
Faster R-CNN ResNet-18 resSa_relu 23 0.303
Faster R-CNN* ResNet-18 resSa_relu 23 0.311
Faster R-CNN ResNet-18 resSb_relu 23 0.318
Faster R-CNN* ResNet-18 res5b_relu 23 0.342
Faster R-CNN ResNet-18 resda_relu 3 0.366
Faster R-CNN* ResNet-18 res4a_relu 3 0.380
Faster R-CNN ResNet-18 resdb_relu 3 0.310
Faster R-CNN* ResNet-18 resdb_relu 3 0.328
Faster R-CNN ResNet-18 resSa_relu 3 0.192
Faster R-CNN* ResNet-18 resSa_relu 3 0.201
Faster R-CNN ResNet-18 resSb_relu 3 0.336
Faster R-CNN* ResNet-18 res5b_relu 3 0.264

YOLO V3 ResNet-18 resda_relu 30 791
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YOLO V3* ResNet-18 resda_relu 30 6.40
YOLO V3 ResNet-18 resdb_relu 30 6.89
YOLO V3* ResNet-18 resdb_relu 30 5.23
YOLO V3 ResNet-18 res5Sa_relu 30 4.68
YOLO V3* ResNet-18 resSa_relu 30 3.93
YOLO V3 ResNet-18 res5b_relu 30 4.20
YOLO V3* ResNet-18 resSb_relu 30 3.57
YOLO V3 ResNet-18 resda_relu 23 7.64
YOLO V3* ResNet-18 resda_relu 23 6.25
YOLO V3 ResNet-18 res4b_relu 23 6.31
YOLO V3* ResNet-18 res4db_relu 23 5.17
YOLO V3 ResNet-18 res5a_relu 23 4.37
YOLO V3* ResNet-18 resSa_relu 23 3.90
YOLO V3 ResNet-18 resSb_relu 23 3.96
YOLO V3* ResNet-18 resSb_relu 23 3.40
YOLO V3 ResNet-18 resda_relu 3 6.22
YOLO V3* ResNet-18 resda_relu 3 4.73
YOLO V3 ResNet-18 res4b_relu 3 4.67
YOLO V3* ResNet-18 res4b_relu 3 3.75
YOLO V3 ResNet-18 resSa_relu 3 3.27
YOLO V3* ResNet-18 resSa_relu 3 2.85
YOLO V3 ResNet-18 res5b_relu 3 2.74
YOLO V3* ResNet-18 res5Sb_relu 3 2.52
YOLO V3 ResNet-18 res4a&5Sa_relu 3 3.56
YOLO V3* ResNet-18 res4a&Sa_relu 3 2.95
YOLO V3 ResNet-18 res4a&5Sb_relu 3 2.95
YOLO V3* ResNet-18 res4a&5Sb_relu 3 2.35
YOLO V3 ResNet-18 res4b&5a_relu 3 3.52
YOLO V3* ResNet-18 resdb&5a_relu 3 2.97
YOLO V3 ResNet-18 res4b&5b_relu 3 2.93
YOLO V3* ResNet-18 res4b&5b_relu 3 2.51

YOLO V3 ResNet-18 res4a&4b&5Sa_relu 3 3.79
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YOLO V3* ResNet-18 res4a&4b&5a_relu 3 2.38
YOLO V3 ResNet-18 res4a&4b&5Sb_relu 3 3.28
YOLO V3* ResNet-18 res4a&4b&5b_relu 3 2.94
YOLO V3 ResNet-18 res4a&S5a&5b_relu 3 3.27
YOLO V3* ResNet-18 resda&S5a&5Sb_relu 3 2.46
YOLO V3 ResNet-18 resdb&5S5a&5b _relu 3 3.32
YOLO V3* ResNet-18 resdb&Sa&5b_relu 3 2.57

* System trained on augmented data.

Earlier feature extraction layers in the network have higher spatial resolutions but may
extract less semantic information compared to layers further down the network. High spatial
resolution features are better for small and medium size objects but not for large size ones. In
contrast, strong semantic information is important for large size objects. However, due to the
successive downsampling of the feature maps as the network goes deep, this information is
lost for small objects. This makes the choice of the feature extraction layer a challenging task.
As an example from Table 5.3, the AP of the smallest object in the proposed dataset (key slot)
using earlier feature extraction layers such as res4a_relu or res4b_relu is significantly better
than the AP when later layers such as res5a_relu or res5b_relu are used.

On the other hand, using res5a_relu or resSb_relu as the feature extraction layers on the
largest size object in the proposed dataset (door) produce better AP than using res4a_relu or
res4b_relu. This can be clearly seen from YOLO results. In contrast, Faster R-CNN results do
not reflect this fact.

YOLO V3 detector can make predictions using multiple prediction heads over different
scale feature maps in a similar approach to Feature Pyramid Network (FPN) [52]. The first
head makes predictions over the first feature map. The second head makes predictions over a
concatenation of the current feature map, after up-sampling, and the previous feature map. The
same approach is followed for the other heads. Thus, semantic information and fine-grained

details can be obtained from the up-sampled and high-resolution feature maps, respectively.
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This approach allows the prediction of different scale objects, where small size objects can be
detected from the high-resolution maps and large size objects can be extracted from strong
semantic feature maps.

On the other hand, using a single feature map for prediction is less efficient than predictions
over multiple feature maps, even with multiple scale anchor boxes (pyramid of anchors) that
are used in Faster R-CNN [29]. Overall, the performance of YOLO V3 using single or multiple

prediction heads are significantly better than that of Faster R-CNN for all object sizes.
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Table 5.3 shows that the best Faster R-CNN detector achieved a mAP of 0.434. Whereas
the best single head YOLO V3 detector achieved a mAP of 0.765. Faster R-CNN detector uses
res4b_relu as the feature extraction layer with 23 anchor boxes. Similarly, YOLO V3 detector
uses res4b_relu as the feature extraction layer but with only three anchor boxes. The best
double and triple heads YOLO V3 detectors achieved a mAP of 0.786 and 0.818, respectively.
Both of them use only three anchor boxes. Lastly, the overall best performance detector is
YOLO V3 with triple heads and trained on augmented data.

Fig 5.3 shows detection examples of the best performing Faster R-CNN (23 anchor boxes
and res4b_relu feature extraction layer) and YOLO V3 single head (3 anchor boxes, res4b_relu
feature extraction layer, and trained using augmented training data) detectors on two test
images. The two networks can predict the class categories and the bounding boxes with high
confidence score. However, Faster R-CNN predicts two bounding boxes for the same object
(the moveable door handle in Fig 5.3f) one with a high confidence score of 0.99, while the
second one confidence score is relatively low (0.58). The used confidence score threshold value
in the experiments is 0.5. A higher threshold value can discard the second box. Other Faster
R-CNN detectors find it challenging to detect all the objects in the test images.

In contrast, other YOLO V3 detectors can localise all the objects in the test images with
minor differences in the confidence scores. The predicted bounding box using Faster R-CNN
for the fire extinguisher in Fig 5.3c covers the whole object, unlike the produced bounding box
from the YOLO V3 detector (Fig 5.3b). In comparison, the bounding box for the door object in
the same images is fully covered by the YOLO V3 detector and partially covered by the Faster
R-CNN detector.

Detection examples of the best performance three heads YOLO V3 detector are shown in
Fig 5.4. The detector can localise small size objects, such as ID reader and pull door handle,

along with large and medium size objects.
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(a) Test image 1. (c) Faster R-CNN.

(d) Test image 2. (e) YOLO V3. (f) Faster R-CNN.

Fig. 5.3 The prediction results of YOLO V3 and Faster R-CNN on two test images.

Detailed investigation of different detectors using different parameters can give insights
into the suitable detector for a given application. YOLO V3 with three detection heads and
three anchor boxes has achieved the best performance using the augmented data for training on
the proposed dataset. Also, the system needs less time for training compared to Faster R-CNN
detectors.

It can be concluded from the results that increasing the number of anchor boxes is not
enhancing the detector’s accuracy. However, feature extraction layers significantly impact the
detector’s performance. Feature extraction layers greatly affect the detector’s ability to capture
different size objects. An earlier layer can better localise small size objects, while a deeper
layer can better encode large size objects. Consequently, multi-head detectors can capture

different size objects efficiently because the predictions are made over several feature maps.
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Fig. 5.4 The prediction results of the best performing YOLO V3 detector with three heads.

5.3.1 Visualisation of detector predictions

To validate the reliability of the best single head YOLO V3 system, the proposed techniques for
visualising the network decisions are used. However, the proposed techniques (WS-Grad and
Concat-Grad) are applied to classification tasks as shown in Chapter 4. Thus, applying them to
different tasks, such as object detection, is a novel contribution.

The output of a YOLO V3 single head detector is N x N x [3 x (4+ 1+ 8)] where N
represents the convolution filter size, 3 represents the number of anchor boxes, 4 represents the
bounding box offsets, 1 represents the objectness score, and 8 represents the scores of classes.
The convolutional filter size is 16, resulting in an output tensor of 16 x 16 x 39 size. The target
object score needs to be tracked back through the network layers to find the contributing input
pixels to the target object score. However, the final output scores are obtained by multiplying

the confidence score and the objectness score.
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Tracking the final output scores through the output tensor is challenging because of the
post-processing step that extracts the confidence and objectness score from the output tensor
and multiples them. This post-processing step needs to be reversed. Besides, the two values
that produce the final output score need to be tracked back (using backpropagation) through the
network to find the corresponding contributing object. In contrast, the final output score can be
directly tracked in classification tasks that use softmax layer in the output, whereas YOLO V3
does not have any softmax layers. The locations of the confidence and objectness scores are
identified by analysing the output tensor. Consequently, the output target score has become
feasible to be tracked through the YOLO network. In other words, by identifying the location
of the confidence and objectness scores in the output tensor, the output score of the target object
has become trackable.

Fig 5.5 and Fig 5.6 show the contributing pixels to the detector predictions of the door
and the fire extinguisher, respectively. Gradient, GBP, IG, WS-Grad and Concat-Grad attribu-
tion maps are compared. Gradient, GBP and IG show specific individual features. However,
our proposed methods show comprehensive maps that contains all of the contributing pixels.
Furthermore, the Concat-Grad method shows the features of each individual method in dif-
ferent colours in a single map which enriches the output and makes it more descriptive and
understandable.

Generally, the research area of visualising the network decision for object detection tasks
is limited. The proposed techniques can help researchers in the field of object detection to
understand and trust the decisions of their systems. Besides, visualising the detector prediction
can help to debug the system in the case of bias or error.

One limitation of this study is in the visualisation of Faster R-CNN predictions. Faster
R-CNN detectors contain some layers that are challenging to reverse (backpropagate the output

through them) such as region proposal and region of interest pooling layers.
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(a) YOLO prediction. (b) Gradient. (c) GBP.
(d) IG. (e) WS-Grad (proposed). (f) Concat-Grad (proposed).

Fig. 5.5 Gradients based attribution methods and the proposed methods to visualise the door
prediction using YOLO V3.

5.4 Conclusion

In this chapter, a comprehensive investigation of object detectors performance is presented.
Detectors performance using different feature extraction layers, different number of anchor
boxes is investigated. Moreover, the impact of training the detectors using data augmentation
techniques is highlighted.

Data augmentation positively impacts the produced detectors and results in lower valida-
tion loss compared to detectors trained on data without augmentation techniques. However,
increasing the number of anchor boxes do not enhance the detector’s performance. In contrast,

it can negatively impact the performance.
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(a) YOLO prediction. (b) Gradient. (c) GBP.
(d) IG. (e) WS-Grad (proposed). (f) Concat-Grad (proposed).

Fig. 5.6 Gradients based attribution methods and the proposed methods to visualise the fire
extinguisher prediction using YOLO V3.

YOLO detectors with multi-prediction heads have achieved the best performance. Fur-
thermore, YOLO detectors has less layers, less footprint, and train faster than Faster R-CNN
detectors.

Feature extraction layer can significantly impact the ability of the detector to localise
different size objects. An earlier feature extraction layer can better detect small size objects,
as it can preserve spatial information. Whereas later layers are better with large size objects
because it better encodes the object’s features. Successive down-sampling of features as the
object propagates through the network layers strengthen the encoded features, but spatial
information of small size object can be lost. Consequently, earlier feature extraction layer is

advisable with small size object detection applications.
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This chapter greatly contributes to the visualisation techniques applied to object detection
tasks as this research area is very limited. It is important to attain not only an accurate system
but also a system that can explain its predictions. Black box systems, like deep convolutional
networks, must provide adequate insights into the system’s predictions. Developers, policymak-
ers and legislators often require a certain level of system transparency to approve/appreciate
such technologies and can self-assuredly conclude that the underlying system is robust and
reliable. Consequently, these kinds of transparent systems can be approved and used for critical
real-life applications. The proposed explanation techniques help achieve this by providing
high-resolution and sharp heatmaps for the contributing features to the network decision com-
pared to the state-of-the-art ones. This can greatly help to understand and explain the detector’s

behaviour.



Chapter 6

Semantic Segmentation with Practical

Applications

6.1 Introduction

Electrical Powered Wheelchair (EPW) users may find navigation through indoor and outdoor
environments a significant challenge due to their disabilities. Moreover, they may suffer from
near-sightedness or cognitive problems that limit their driving experience. Developing a system
that can help EPW users to navigate safely by providing visual feedback and further assistance
when needed can have a significant impact on the user’s wellbeing. Many accidents and
injuries have been reported for users injuring themselves or falling from EPW as they could not
distinguish between pavement edges and car routes or walls and doors [150—-152]. Moreover,
some users cannot be prescribed an EPW because of their disability [15].

A computer vision system that can help disabled users to distinguish between different com-
ponents of a complex environment can significantly impact the user’s experience, specifically
if a visual feedback can be presented. This chapter presents computer vision systems based
on deep learning, with an architecture based on residual blocks that can semantically segment

high-resolution images. The systems are modified versions of DeepLab version 3 plus that can
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process high-resolution input images. Besides, they can simultaneously process images from
indoor and outdoor environments, which is challenging due to the difference in data distribution
and context. The proposed systems replace the base network with a smaller one and modify
the encoder-decoder architecture. Nevertheless, they produce high-quality outputs with fast
inference speed compared to the systems with deeper base networks.

EPWs’ users who disfavour fully autonomous or semi-autonomous navigation (shared
control) or who want to be in full control of the EPW can benefit from such a system that
provides environmental cues for guidance. Autonomous systems can be frustrating to some
users when they try to approach an object or a door, but the collision avoidance system prevents
them from doing so. One of the main requirements for an EPW system is not to act as a caretaker
but instead as an assistant, and the user can override the system control at any point [153].
Visually and cognitively impaired users can benefit from such a system that guides them while
giving them full control over the EPW. However, the proposed systems can be combined with
autonomous ones or used as standalone systems, depending on the user’s condition.

Two individual systems based on deep learning for pixel classification are presented. A
manually collected dataset for indoor environments [126] and an outdoor dataset (Cambridge-
driving Labeled Video Database (CamVid) [154]) are used to train the two systems. The
systems’ architectures are based on DeepLab3 plus [90] (hereafter DLV3+ for simplicity) for
semantic segmentation and ResNet-18 is used as the feature extraction backbone network [51].
ResNet-18 is an adequate choice as it has a smaller footprint and a fewer number of layers
when compared to other versions of the same family (ResNet50 and ResNet101).

In addition, three novel shared systems are proposed. The shared systems can semantically
segment images from both indoor and outdoor environments simultaneously. The novelty of
the proposed three shared systems is not only in the architecture but also in the elegance of
reusing the learned information and weights by the individual systems without the need to

retrain the shared systems. Most importantly, the shared systems can process two different
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environments with almost the same accuracy as the individual systems, which is challenging as
the data (images) being processed comes from two different distributions (indoor and outdoor).

Results show the ability of the proposed systems to detect objects with sharp edges and
high accuracy for indoor and outdoor environments. The developed systems are deployed on a
GPU based board and then integrated on an EPW for practical usage and evaluation.

The impact of the vibrations on the performance of the smart computer vision systems
installed on the EPW, such as the semantic segmentation system, is investigated. Vibrations due
to ramps, damaged terrains, and uneven tarmac are not only impacting the health and comfort
of disabled users (Appendix B) but also can impact the accuracy of the smart systems installed
on the powered wheelchair. We set up an experiment to assess the impact of vibrations on the
semantic segmentation system installed on the powered wheelchair to provide the users with
environmental cues. Environmental cues can help visually impaired users to locate objects in
their surroundings [155].

This chapter is organised as follows: challenges, systems architectures and training strate-
gies are presented in section 6.2. Results are discussed in section 6.3. Limitations of the
systems and possible solutions are illustrated in section 6.4. Section 6.5 presents the practical
implementation of the system. Vibration impact on the semantic segmentation system is inves-
tigated in section 6.6. Lastly, the chapter is concluded, and the future work is highlighted in

section 6.7.

6.2 Methodology

6.2.1 Challenges

The majority of the objects in the proposed indoor dataset can be classified as small size
objects. Small size objects do not possess enough pixels to be utilized for feature extraction.

Also, distinguishing between different door handles represents a great challenge because of
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their common colour and location in the dataset’s images. Consequently, conventional object
detection and semantic segmentation (SS) techniques traditionally employed to detect objects
occupying a large portion of images cannot be used [156]. In particular, object boundaries and
intersections between objects are very poorly detected or segmented using conventional deep
learning methods [83].

A semantic segmentation system that can process images of two different contexts, such
as indoor and outdoor images, is another major challenge, not only because the images of
the datasets are limited but also the type of images is different. A system that is trained to
semantically segment indoor images can not perform well on outdoor scenarios and vice versa.
This is because datasets’ images have different distributions and contexts. We introduce shared
systems that incorporate both scenarios with adequate accuracy and processing speed.

There will always be a trade-off between the system’s speed and accuracy. As the proposed
systems are meant to be deployed on an EPW for environmental parsing, we propose using a
relatively small backbone network (ResNet-18) to achieve better Frame Per Second (FPS) than
ResNet-50 and Xception without sacrificing accuracy thanks to the residual block architecture.
Table 6.1 shows the number of layers and trainable parameters of the tested systems with

different base networks.

6.2.2 System architecture

The proposed systems are based on DLV 3+ architecture for semantic segmentation [90] with
some modifications. The architecture’s base network uses residual blocks, which help the
system to process high-resolution images (960x540x3 pixels) using a deep network (many
layers) without losing information because of the vanishing gradients problem. In the original
implementation of DLV3+, ResNet-50, ResNet-101 [51], and Xception [157] networks are
used as the system’s feature extraction network. Various feature extraction networks are tested

as the backbone of the systems, besides those used in the original implementation. However,
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Table 6.1 The number of layers and trainable parameters of the tested systems with
different base networks.

Model Metrics Trainable parameters Layers
FCN —8s 1343 M 51
FCN — 16s 1343 M 47
FCN —32s 134.6 M 43
SegNet (VGG — 16) 294 M 91
SegNet (VGG —19) 424 M 109
U — Net 309 M 58
DLV3+ (ResNet — 18) 20.6 M 100
DLV3+ (ResNet —50) 44.1M 206
DLV 3+ (Xception) 27.8M 205
Shared system 1 30.0M 133
Shared system 2 41.2M 198
Shared system 3 41.2M 200

M = Million.

ResNet-18 is the choice due to its small size and few parameters compared to networks form
the same category (ResNet-50 and ResNet-101). Also, it can produce fast processing speed and
comparable accuracy.

Very deep networks suffer from vanishing and exploding gradients [147, 148]. Residual
blocks help to mitigate this problem by reusing the activations from previous layers until
the adjacent layer learns its weights [S1]. This allows the network to learn more low-level
features without being worried about performance degradation as it goes deep. The architecture
elegance is attributed to the short-cut connections that do not add either extra parameters or
computational complexity [51]. A residual block structure can be seen in Fig 6.1.

Unlike FCN [83], DLV3+ uses the encoder-decoder structure [90]. The encoder part uses
the same design of DLV3 [89], which uses dilated convolution ‘atrous’ to increase the receptive
field of the layers. Atrous convolution is used to control the resolution by enlarging the field of
view to incorporate a large context without increasing the number of parameters or computation.

At the same time, a simple but effective design is used as a decoder network. Combined, they
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Fig. 6.1 Residual block. The main building block for ResNet-18, ResNet-50, and ResNet-101.

represent the DLV3+ network. The encoder-decoder approach has proved its efficiency to refine
object edges, resulting in better accuracy and Intersection over Union (IoU).

We adopt DLV3+ design but using ResNet-18 as a backbone feature extraction network
(Fig 6.2). Besides, the input layer is modified to accept large size image inputs with 960x540x3
pixels. The indoor, outdoor and shared proposed systems are used to semantically segment
images of both indoor and outdoor datasets.

Creating a system that can semantically segment indoor and outdoor environments simulta-
neously is challenging as data distribution and context differ. Also, the size of the datasets in
both cases is limited, which means combing both datasets to train a single system can result

in a non-robust model, a model that might not converge (reaching the global minima of the
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Fig. 6.2 System architecture. The encoder part with ASPP and the decoder part with simple
bilinear upsampling.
cost function). At the same time, if it is trained for a long time, the model can overfit the data.
Consequently, it is challenging for any model to fit both scenarios. A very important research
area where the proposed solutions can result in saved time and resources. It can save time
because there is no need to retrain a new system. Resources also can be saved because one
model can process multiple scenarios. Moreover, the proposed approach can help to create
general models that can operate in multi-context situations.

Novel approaches are introduced by merging both the indoor and the outdoor systems
after the training process of each system individually (Fig 6.3). The intuition is to make
use of the learned information and weights by both individual systems (indoor and outdoor)

without retraining a new system on a new combined dataset. The proposed techniques can
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help to combine systems from different domains, save training time and resources, and achieve
adequate results in different environments simultaneously.

Different techniques of merging the two networks are explored. Each individual network
consists of an encoder with a decoder attached to it. Thus, in the first trial, the encoder of
one network is connected to the decoder of both networks. As the function of the encoder is
to extract the features from the input image, it is dependent on the learned weights from the
training data. Consequently, an encoder trained on indoor data can better extract features from
indoor images than outdoor images and vice versa. Motivated by this fact, the encoders of both
networks are included in the second trial. Although this technique increases the number of
layers and the size of the proposed model, it can better encode input images from indoor and
outdoor datasets compared to the usage of a single encoder from either network.

Our first trial is depicted in Fig 6.3a, which resulted in the proposed shared system 1. The
system is constructed as follows: after training both systems (an indoor system on the indoor
dataset and an outdoor system on the outdoor dataset), we extracted the feature extraction
network (encoder) from one of the systems. Then, we connect this encoder to both decoders of
the indoor and the outdoor systems. After that, we concatenate both outputs of both decoders.
Lastly, the concatenated output is propagated through a softmax and pixel classification score
layers that output the annotated image with the highest confidence score among all of the indoor
and the outdoor classes.

The proposed shared system 1 is an end-to-end system that does not need any further
post-processing steps. However, the system performance is highly impacted by the encoder
part. This means that if we use the encoder part of the indoor system, the overall shared system
performance on the indoor dataset will be better than that on the outdoor dataset and vice versa.
Consequently, this system is biased by its encoder part. This leads to the second and third trials

which are depicted in Fig 6.3b and Fig 6.3c, respectively.
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(c) Shared system architecture 3

Fig. 6.3 Shared network architectures. Shared system 1 uses either the trained feature
extraction network (encoder) of the indoor or the outdoor semantic segmentation systems.
Shared system 2 uses both feature extraction networks of the indoor and the outdoor systems.
Shared system 3 uses the indoor and the outdoor semantic segmentation system simultaneously
with an added post-processing step to display the annotated output that has the highest pixels’
confidence scores.
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In the second trial (Fig 6.3b), the encoders and the decoders of the trained indoor and
outdoor semantic segmentation systems are integrated. The outputs of both decoders are
up-sampled to the original image size. Then, both images are concatenated using the depth
concatenation layer. After that, the concatenated output is propagated through softmax and
pixel classification score layers. Lastly, the displayed output is the segmented image with the
highest pixels’ confidence scores across all of the 20 classes (9 indoor and 11 outdoor classes).

Shared system 2 performs well on both the indoor and the outdoor datasets. It is an end-
to-end system that does not need any post-processing steps. However, scoring the pixels with
respect to the 20 indoor and outdoor classes of the shared system 2 is more challenging than
scoring 9 or 11 classes of the individual indoor and outdoor systems, respectively. It is a
highly competitive scoring process between the 20 classes where the uncertainty increases,
especially between dominant classes such as ‘Background Wall’ and ‘Sky’ from the indoor and
the outdoor datasets, respectively. Consequently, the system’s performance is adequate but not
as good as the individual systems.

The main intuition behind shared system 3 (Fig 6.3c) is to make use of the high perfor-
mance of the individual systems. We use both of the individual indoor and outdoor semantic
segmentation systems to parse the same image. Then, we display the highest pixels’ confidence
scores annotated output to the user. The detailed process of shared system 3 is as follows: the
encoders of both the indoor and the outdoor systems are included. Similarly, the decoder parts
of both systems are included. Using the proposed shared system 3, we obtain two outputs from
the two parallel systems. We then apply one post-processing step to determine which output
from the two individual systems should be displayed. The mean of each row of the output
pixels confidence scores is calculated for both individual systems, resulting in two vectors of
means with the same height as the input image. Then, the maximum values of each vector

are compared. If the indoor system achieves a maximum value that is higher than that of
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the outdoor system, then the input image is assumed to be an indoor image and vice versa.
Accordingly, the system’s output that achieves the highest maximum value is displayed.

Different comparison techniques of the pixels’ confidence scores are tried, for example,
comparing pixel by pixel and displaying the system’s output that has the highest number of
pixels with the highest pixels’ confidence scores. However, the ‘max(mean(score)’ approach
has achieved the best performance.

The proposed shared system 3 needs a post-processing step for the pixels comparison of the
two individual systems. As the encoders and decoders of both systems are included, the system
inference speed has slowed, which negatively impacts the system’s real-time operation. On
the bright side, the system can produce better results in both indoor and outdoor environments.
One of the study’s future work is to explore different system architectures that can enhance the

system’s inference speed while achieving high performance on two or more scenarios.

6.2.3 Training

The indoor and the outdoor systems are trained end-to-end with the following parameters:
Stochastic Gradient Descent with Momentum (SGDM) is used as the training optimiser with 0.9
momentum. The learning rate starts at 0.001 and then drops by a factor of 0.3 every ten epochs.
The aforementioned training parameters are chosen after several experiments with different
parameters to achieve the best performance. To avoid overfitting, L2 regularisation is used.
Training examples are shuffled every epoch to limit sequence memorising and avoid computing
the gradients for the same batch of images. Image normalisation is employed to rescale all the
pixels’ values in the range of zero to one. Lastly, data augmentation with X and Y translations
is employed to enhance model generalisation, which can increase the overall system accuracy.
To avoid bias in favour of dominant classes, inverse frequency weighting is used to balance the
classes weightings, where the class weights are the inverse of the class frequencies. This method

increases class weights for under-represented classes. Additionally, different hyper-parameters
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and optimisation algorithms are tried to achieve the highest performance. Moreover, systems
are trained several times under the same configurations to ensure reproducibility.

The proposed systems are trained on a personal computer with a NVIDIA GeForce RTX
2080. Training time varies as the training process can be stopped early when the loss of the
validation dataset plateaus or when it reaches the maximum epochs of the training process (30
epochs). For the indoor dataset, the model’s loss is validate every 200 iterations. However,
the model’s loss is validated every 50 iterations for the outdoor dataset. The difference in the
two cases is attributed to the mini-batch size, the sizes of the datasets, and the model’s size.
The largest mini-batch size that can accommodate the available memory is sought. The largest
mini-batch sizes are 8 and 4 in the case of the outdoor and the indoor datasets, respectively.
The mini-batch size is reduced if the available memory can not accommodate the model size
with a large mini-batch size. Consequently, the number of iterations per epoch varies. Table 6.2
shows the training time of each model, the mini-batch size, the stopping epoch and the trained
model size.

Table 6.2 Training details.

Training

. Mini- Stopping Model size

time batch size  epoch (MB)

(=~hours)

3.5/0.75 2/2 14/6 4717

2/1.25 2/2 8/8 477
FCN —32s 2.25/2.25 2/2 9/14 478
SegNet (VGG —16) 5.5/8.5 2/2 19/23 104
SegNet (VGG —19) 9/8.75 2/2 26/21 142
U — Net 3/2.25 2/2 5/6 110
DLV3+ (ResNet —18)  1.5/1.25 4/8 20/26 58.3
DLV3+ (ResNet —50)  1/2 4/8 7/14 141
DLV3+ (Xception) 9/3.5 4/8 17/18 83.4
Shared system 1 - - - 76.8
Shared system 2 - - - 116
Shared system 3 - - - 116.6

MB = Megabyte.
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Systems are trained end-to-end using high-resolution and large-size training images of
960x540x3 pixels from the indoor and the outdoor datasets, unlike the original implementation
of DLV3+, which crops patches of 513x513 size from the PASCAL VOC dataset [132] images
during the training and testing processes. The proposed training approach enhances the system’s
ability to semantically segment small size objects alongside medium and larger size ones. Also,
this boosts the effectiveness of large rate atrous convolutions as their weights can be applied to

actual pixels and not to zero paddings.

6.3 Results and discussion

Standard metrics, such as mean Intersection over Union (mloU), Accuracy, and BF score, are
used to evaluate the performance of the systems. Each metric reflects a specific quality of the
system, such as the ability of the system to classify pixels correctly (Accuracy), the alignment
of the predicted pixels with the gTruth ones (IoU), and the alignment of the predicted object
boundaries with the gtruth boundaries (BF score). Table 6.3 shows the detailed results of
the trained systems. The proposed DLV3+ with ResNet-18 systems have achieved mloU of
0.572/0.696 and mean BF scores of 0.673/0.772 for the indoor and outdoor datasets.

Table 6.3 Results of running the trained individual models on the test set of the indoor
and the outdoor datasets.

Metrics Global Mean Mean Weighted Mean

door/Outdoor Accuracy Accuracy IoU IoU BF Score

Model

FCN —8s 0.963/0.808  0.801/0.771  0.552/0.518  0.953/0.732  0.661/0.621
FCN — 16s 0.961/0.845  0.785/0.836  0.549/0.600  0.952/0.783  0.652/0.684
FCN —32s 0.953/0.813  0.766/0.775  0.538/0.523  0.944/0.740  0.583/0.619
SegNet (VGG — 16) 0.960/0.697  0.804/0.680  0.551/0.453  0.950/0.609  0.658/0.451
SegNet (VGG —19) 0.956/0.783  0.796/0.755  0.528/0.499  0.946/0.686  0.657/0.501
U — Net 0.807/0.535  0.505/0.359  0.314/0.207 0.717/0.418  0.358/0.323
DLV3+ (ResNet —18) 0.970/0.915  0.791/0.874  0.572/0.696  0.963/0.860  0.673/0.772
DLV3+ (ResNet —50) 0.965/0.934  0.788/0.906  0.562/0.748  0.957/0.889  0.622/0.825

DLV3+ (Xception) 0.966/0.911  0.808/0.883  0.560/0.692  0.958/0.856  0.621/0.769
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Both indoor and outdoor DLV3+ with ResNet-18 systems have achieved high global
and mean accuracy (0.970/0.915 and 0.791/0.874 for the indoor and the outdoor datasets,
respectively). Global accuracy is the ratio between correctly classified pixels, regardless of
the class, to the total number of pixels. In comparison, mean accuracy represents the correctly
classified pixels for each class averaged over all classes.

To ensure the reproducibility of our results, we trained both the indoor and the outdoor
systems three times. Images are shuffled and randomly split to guarantee that different images
are used for training and testing at each time. Table 6.4 shows the mean and the standard
deviation of systems’ metrics. It can be seen that the proposed systems are robust and can

reproduce the results under different conditions.

Table 6.4 Mean and standard deviation of three trained models on the indoor and the
outdoor datasets.

Model DLV3+ (ResNet-18) in- DLV3+ (ResNet-18) out-
Metrics door door
Global Accuracy 0.970 + 0.003 0.919 £+ 0.004
Mean Accuracy 0.799 £ 0.007 0.888 = 0.013
Mean loU 0.570 £ 0.016 0.703 £ 0.008
Weighted IoU 0.963 4+ 0.004 0.868 £+ 0.007
Mean BF Score 0.680 £+ 0.024 0.781 £ 0.010

The detailed results for each class of the indoor dataset are shown in Table 6.5. It can be
observed that objects with bigger sizes and larger numbers of pixels have achieved the highest
IoU and BF scores, such as doors and background walls, while smaller objects have achieved
the lowest IoU, such as pull and push door handles. This is understandable due to the few
instances and pixels per object for small size objects in the proposed indoor dataset. Besides, it
is challenging for any tested systems to align the predicted segments with the ground truth ones,
reflected by the IoU metric, as these objects are tiny (for example, DLV3+ with ResNet-50 has
achieved 0.102 IoU for the push door handle class (Table A.7). Detailed results for different
models are shown in the appendix (Semantic Segmentation Supplementary Material). However,

small size objects have achieved satisfactory accuracy and BF score. An adequate BF score is
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vital to our application as it reflects the system’s ability to define object boundaries effectively.

This is very important for visually impaired users and human-system interaction (Fig A.1).

Table 6.5 Per-class metrics of the indoor system using DLV3+ with ResNet-18 on the test
set.

Metrics Accuracy  ToU Mean  BF
Classes Score
Door 0.983 0.983 0.870
Pull Door Handle 0.593 0.150 0.593
Push Button 0.790 0.338 0.571
Moveable Door Handle 0.786 0.665 0.543
Push Door Handle 0.533 0.090 0.341
Fire Extinguisher 0.909 0.889 0.650
Key Slot 0.654 0.186 0.488
Carpet Floor 0.901 0.889 0.751
Background Wall 0.967 0.962 0.778

The outdoor system has achieved similar results (Table 6.6) to the indoor one as small size
objects such as pole has achieved the lowest IoU. Whereas medium and large size objects have
achieved better IoU and BF scores.

The three-stream model (FCN-8s), which adds two skip connections at layers pool3 and
pool4, has achieved better overall results compared to FCN-16s, which add one skip connection
at pool4 layer, and the series version of FCN (FCN-32s). In contrast, the deeper version
of SegNet (SegNet with VGG-19) is not as accurate as the shallower version (SegNet with
VGG-16), similar to DLV3+ with ResNet-18 that can achieve better performance compared
to the deeper version (DLV3+ with ResNet-50). It can be concluded that deeper versions of
semantic segmentation models do not ensure high performance. U-Net performance is the
lowest amongst the tested systems (Table 6.3).

The achieved FPS for DLV3+ with ResNet-18 is better than that of DLV3+ with ResNet-50
and with Xception base networks (Table 6.7). The accuracy and speed can be enhanced further
by increasing the number of small object instances in the proposed dataset and using a newer

version of a GPU based board such as the Jetson AGX Xavier board. Also, the proposed
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Table 6.6 Per-class metrics of the outdoor system using DLV3+ with ResNet-18 on the test
set.

Metrics Accuracy IoU Mean  BF
Classes Score
Sky 0.958 0.937 0.932
Building 0.859 0.835 0.745
Pole 0.765 0.275 0.680
Road 0.952 0.939 0.934
Pavement 0.920 0.783 0.837
Tree 0.919 0.823 0.842
SignSymbol 0.722 0.432 0.592
Fence 0.810 0.624 0.709
Car 0.931 0.820 0.799
Pedestrian 0.873 0.483 0.640
Bicyclist 0.909 0.699 0.732

shared systems have achieved adequate speed. The most accurate shared system (shared system
3) has achieved the lowest speed among the proposed ones. However, the lowest accurate
shared system (shared system 1) has achieved the highest speed amongst the proposed shared
systems. Interestingly, the proposed shared systems have achieved higher FPS than state-of-
the-art systems such as FCN, SegNet and U-Net. Although the proposed shared systems have
more layers, they have less trainable parameters and smaller footprints. Moreover, they utilise
residual blocks, which can explain their fast inference speed.

Similar observations can be extracted from the confusion matrices shown in Fig 6.4. It can
be seen that the indoor model is slightly confused to distinguish between pixels of different
door handles and key slot. The analogous silver colour and orientation of the door handles
can represent the reason for that problem. This can be alleviated by increasing these object
instances in the proposed dataset. There is a slight confusion between the sign symbol and the
pole classes for the outdoor confusion matrix, which can be attributed to the similarity of the
objects’ structures.

Fig 6.5 and Fig 6.6 show some examples of the indoor and the outdoor systems in action

where it can segment the scenery with good accuracy and sharp edges. Three rows of images
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Table 6.7 Average speed of the tested models in FPS when deployed on a Jeston TX2 GPU

based board.
Model Speed in FPS
FCN —8s 0.86
FCN — 16s 0.86
FCN —32s 0.86
SegNet (VGG — 16) 0.89
SegNet (VGG —19) 0.72
U — Net 0.75
DLV3+ (ResNet —18) 2.65
DLV3 + (ResNet —50) 1.57
DLV3 + (Xception) 2.00
Sharedsystem1 1.49
Sharedsystem?2 1.30
Sharedsystem3 1.16

Systems are tested on a never seen before prerecorded video of the indoor environment (from
the same distribution of the indoor dataset used for training) and on the CamVid video.
TensorRT has been used to optimize systems’ inference. The performance of FCN, SegNet,
and U-Net is far from real-time execution.
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Fig. 6.4 Confusion matrices for the indoor and the outdoor systems.

are shown where the first row represents the ground truth data, the second one shows the

model’s prediction, and the third one demonstrates the difference between the prediction and
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the ground truth data. The intense green and magenta colours that are shown in the third row
indicate these differences. These pixels are unannotated or misclassified. The green colour

shows the unannotated pixels which do not belong to objects of interest. Whereas the magenta

one shows the misclassification of some parts of an object.
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Fig. 6.5 Results visualisation using the proposed indoor system on the test set. The first
row represents the ground truth data, the second row represents the system’s output and the
third row represents the difference between the ground truth and the prediction.

It can be seen from Fig 6.5 that the unannotated pixels in-between two annotated objects,
which do not belong to either object, can represent a challenge to the proposed network. For
instance, the indoor system struggles to classify door frame pixels as they do not belong to the
door or the wall. Moreover, they are not annotated in the proposed dataset, which represent a
challenge during inference.

One solution is to annotate door frames as a separate class. Training a semantic segmentation

system on a dataset with some unannotated pixels increases the system’s uncertainty. However,
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Fig. 6.6 Results visualisation using the proposed outdoor system on the test set. The first
row represents the ground truth data, the second row represents the system’s output and the
third row represents the difference between the ground truth and the prediction.

annotating every pixel, even if it does not belong to any class of interest, reduces the system’s
uncertainty because they act as a false positive for the objects of interest. This can be done
by annotating all the pixels in an image. This can increase the overall system accuracy and
enhance the detection of the object’s boundaries. However, the process of annotating every
pixel is extremely labouring intense.

Another solution is to ignore the predicted pixels below a predefined threshold [158]. As
the systems need to assign each pixel in an image to one of the predefined classes, unannotated
pixels, which belong to classes of non-interest, will be assigned to one of the predefined classes.
Comparing predicted pixels with the unannotated ones of the ground truth data can result in
inaccurate metrics. Usually, these predicted pixels have low confidence scores. We propose to

assign the predicted pixels below a specific threshold to a ‘Reject’ class [158]. Consequently,
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they can not be included in the evaluation process, resulting in quantitatively and qualitatively
accurate predictions.

Fig 6.7 shows the qualitative segmentation comparison between the proposed and state-of-
the-art systems. FCN-32s is the series version of FCN with an up-sampling stride of 32 and no
skip connections. It is demonstrated that DLV3+ can define object boundaries better than FCN.
At the same time, the segmentation of FCN can be seen as patches with fuzzy boundaries. For
example, it is challenging to distinguish the moveable door handle grip from the body in the
segmentation of FCN. Similarly, U-Net could not predict all the pixels correctly, especially
small objects such as door handles. Although the predicted boundaries of SegNet are well
defined, there are high uncertainties in the pixels around the correctly predicted ones.

On the other hand, the grip in the DLV 3+ segmentation is well defined, which facilitates
further interactions if needed, such as manipulating the door handle using a robotic arm.
Table 6.3 emphasises the qualitative assessment. Compared to state-of-the-art systems, the
proposed DLV3+ models have better mloU and mean BF scores (contour matching score).

Shared systems 1, 2, and 3 have achieved adequate performance but are not as good as the
individual ones (Table 6.8). For shared system 1 (Fig 6.3a), when the encoder of the indoor
semantic segmentation system is used, the system has achieved a mean accuracy of 0.676 and
0.456 on the indoor and outdoor datasets, respectively. Also, it has achieved mloU of 0.591
and 0.300 on the indoor and the outdoor datasets, respectively. Whereas when the encoder of
the outdoor semantic segmentation system is used, the system has achieved a mean accuracy
of 0.185 and 0.852 on the indoor and the outdoor datasets, respectively. Also, it has achieved
mloU of 0.182 and 0.689 on the indoor and the outdoor datasets, respectively.

Results show that the used encoder has a direct impact on the overall system performance.
The encoder of shared system 1, which has been trained on the indoor dataset, can produce
better results on the indoor images compared to the outdoor ones and vice versa. This indicates

the bias of shared system 1 to the used encoder.



6.3 Results and discussion 121

SegNet (VGG — 16) FCN —32

U —Net
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Fig. 6.7 Qualitative comparison between the proposed indoor system based on DLV3+
and state-of-the-art systems.

Shared system 2 (Fig 6.3b) has achieved mean accuracy and mIoU of 0.594 and 0.555 on
the indoor dataset. Whereas it has achieved mean accuracy and mloU of 0.830 and 0.657 on the

outdoor dataset. The performance of shared system 2 is acceptable. However, the individual
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Table 6.8 Shared systems 1 and 2 detailed metrics.

Metrics Global Mean Mean Weighted Mean

door/Outdoor Accuracy Accuracy IoU IoU BF Score
Model
Shared system 1
(indoor encoder) 0.920/0.582  0.676/0.456  0.591/0.300  0.915/0.506  0.601/0.360
Shared system 1
(outdoor encoder) 0.384/0.892  0.185/0.852  0.182/0.689  0.376/0.845  0.365/0.659
Shared system 2 0.725/0.838  0.594/0.830  0.555/0.657  0.725/0.790  0.540/0.608

systems produce better results. Detailed results of the shared systems are shown in Table 6.8,
where both shared systems 1 and 2 have achieved acceptable Mean BF scores.

As shared system 3 (Fig 6.3c) propagates the images through both the individual indoor
and outdoor semantic segmentation systems, the shared system’s metrics are similar to the
individual ones, which are the best-achieved metrics in terms of accuracy, IoU and BF score.
However, as shared system 3 compares the pixels’ scores of the individual systems (post-
processing step), the annotated output image is dependant on that comparison. Table 6.9 shows
the ability of the system to classify the input images as indoor or outdoor depending on the
pixels’ confidence scores using different comparison techniques.

To test the ability of the system to correctly classify the input images as indoor or outdoor
ones, we propagate the indoor and the outdoor test sets images through the system. Shared
system 3 is able to classify all of the images correctly using Max(Mean(score)) comparison
technique described in the system architecture subsection. To obtain more robust results, we
shuffled the indoor and the outdoor datasets. Then, the mixed dataset is split randomly into 70%
for training, 15% for validation, and 15% for testing. This results in a mix (In+Out) test set
with 337 images (232 indoor images and 105 outdoor images). Shared system 3 miss-classified
11 images form the (In+Out) test set as outdoor ones using the Max(Mean(score)) comparison
technique (Table 6.9).

The system’s inference speed is dependant on many factors such as the number of trainable

parameters, the system’s footprint and whether any post-processing techniques are applied.
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Table 6.9 Classification capabilities of shared system 3 using different techniques for
comparing pixels’ scores.

Dataset Classification
Method Indoor Outdoor
Pixel by pixel Indoor (233) 216 17
Outdoor (105) Zero 105
In+Out (232+105) 206 131
Max(Mean(score)) Indoor (233) 233 Zero
Outdoor (105) Zero 105
In+Out (232+105) 221 116

Table 6.7 shows the speed of the proposed shared systems. Shared system 1 has fewer layers
and footprint (Table 6.1) compared to Shared systems 2 and 3. Consequently, it has achieved the
fastest inference speed among the proposed shared systems with 1.49 FPS. Shared system 3 is
the slowest with 1.16 FPS. It has the largest footprint and a post-processing step. However, the
proposed shared systems’ inference speeds are higher than FCN, SegNet and U-Net systems.
Choosing the right system for the right application is a trade-off process between accuracy,
inference speed, and the application domain. The deployment of the proposed indoor system
can be seen in Fig 6.8. The user is controlling the EPW while the information is being displayed

on the screen.

Fig. 6.8 System deployment. The proposed systems are deployed on an EPW with a display, a
Nvidia Jetson TX2 board, and a depth camera.
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6.4 Limitations of the systems

In this section, the limitations of the study and means of mitigation are discussed. Model choice
is dependant on the application. The system’s speed and accuracy are the main concerns of this
application. More precisely, the ability of the system to clearly define objects boundaries. It is
a challenging task to develop a model that can achieve significant accuracy with high inference
speed. Tolerating high inference rates is acceptable as disabled users do not drive fast due to
the speed limitation of the EPW. Consequently, the performance of the proposed system is
adequate for the application.

One of the major problems facing semantic segmentation tasks is the ability of the systems
to process data from two different distributions. The proposed shared systems offer solutions
for this problem by merging the learned features of the two models (the indoor and the outdoor
systems). However, solving the multi-context data processing issue has negatively impacted the
system’s speed and accuracy. Thus, the application should determine its needs and compromises
to employ the best model for a given application.

Unannotated pixels of the ground truth data represent a challenge for the proposed semantic
segmentation systems. As the systems need to assign each pixel in an image to one of the
predefined classes, unannotated pixels which belong to classes of non-interest will be assigned
to one of the predefined classes. Comparing predicted pixels with the unannotated ones of the
ground truth data can result in inaccurate metrics. Usually, these predicted pixels have low
confidence scores. We propose to assign the predicted pixels below a specific threshold to a
‘Reject’ class [158]. Consequently, they can not be included in the evaluation process, resulting
in quantitatively and qualitatively accurate predictions.

The future work of the research will concentrate on expanding the proposed dataset,
especially small size objects, which can positively impact the overall system accuracy. Besides,
investigating different shared system architectures that can process multi-context data at high

inference speed.
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6.5 Practical implementation

6.5.1 Experiment setup

An experiment has been conducted to evaluate the proposed SS systems with healthy users.
Visual impairment is simulated using two glasses (Fig. 6.9) to mimic typical use-case scenarios.
The first pair of glasses has a single covered lens to simulate users with semi-neglect (Fig. 6.9a).
The second pair of glasses are used to introduce vision acuity and contrast loss which simu-
late users with short-sightedness (Fig. 6.9b).The Cambridge simulation glasses' used in the
experiments provide insights into the effects of vision loss on product use [159, 160]. Also,
the glasses can be used to examine the visual accessibility of products and services. Acuity
and contrast loss glasses have five levels. In the experiments, level three is used as a median of
the five levels. Ten users are asked to drive a powered wheelchair in a controlled environment
with one objective. The goal is to approach a moveable door handle. The target moveable
door handle is approximately 12 meters away from the starting point. Fig 6.10 shows a simple
sketch of the experiment route. Participants need to stop the powered wheelchair half a meter
from the target object. Then, the actual distance is measured from the camera to the object
using a measuring tape. Lastly, the users need to continue driving for another 12 meters, rotate
in place, and return to the starting point.

Initially, the user is given a couple of minutes to try the powered wheelchair without any
objective to familiarise and understand the controlling process. Then, each user needs to repeat
the experiment five times. First, users need to approach the target object with their bare eyes.
Second, users need to approach the target object using the one covered lens glasses with and
without the SS system. Third, the user needs to use the acuity and contrast loss glasses to
approach the target with and without the SS system. The semantic segmentation system is used

in the second and third trials, where the user is asked to drive the powered wheelchair to the

Thttp://www.inclusivedesigntoolkit.com/csg/csg.html



126 Semantic Segmentation with Practical Applications

(a) Glasses to simulate semi-neglect condition. (b) Glasses to simulate short-sightedness condition.

Fig. 6.9 Visual impairment simulation.
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Fig. 6.10 Experiment route.

target object depending only on the display. Fig 6.11 shows the system setup used in the second
and third trials. The display and the SS systems are not used in the first trial. The display is

customised to the user’s need, meaning if the user is using the one covered lens to simulate
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semi-neglect disorder on the right side of the environment, the display is fitted on the user’s left
side. The display is placed 30 cm from the user’s face at all times. The display shows the indoor
environment classified into objects on the pixel level, where the boundaries of the objects are

well-defined. Furthermore, the system shows the distance to the target object (Fig 6.11).

(a) System installed on the EPW. (b) System in use. (c) Distance to the target object.

Fig. 6.11 Practical implementation of the SS system.

Users’ information, such as user ID, age, powered wheelchair driving experience, and use
of glasses, are recorded prior to the experiments. During the experiments, trial time, the actual
distance to the target object, and the number of collisions are recorded. Users’ details are shown
in Table 6.10.

Table 6.10 Users’ details.

User ID Age Gender Height (cm) Weight (Kg) Use of glasses Experience*

1 40 M 170 95 Yes 1
2 22 F 160 48 No 1
3 24 F 170 70 No 1
4 23 F 164 52 No 1
5 30 M 178 75 No 4
6 32 M 175 100 No 1
7 29 M 178 61 No 1
8 20 M 180 80 Yes 1
9 32 M 180 78 No 1
10 288 M 187 115 Yes 2

* EPW driving experience on a scale from 1 to 5, where 1 represents the least experience.



128 Semantic Segmentation with Practical Applications

After the experiments, users are asked three questions: Did you feel any stress or screen
fatigue? Does the semantic segmentation system help in the navigation process, and How?

Lastly, if they have any comments or concerns?

6.5.2 Results and discussion

Table 6.11 shows the experiment results for all users. User 3 could not participate in the
second experiment. It can be seen that the completion time of all experiments under different
conditions for all users is very close, which means that the semantic segmentation system
does not slow down the navigation process. There is a slight increase in collisions while
simulating visual impairment and using the SS system. All the collisions happen when the
users rotate before going back to the starting point. The slight increase in the total number of
collisions while simulating visual impairment conditions (4 and 3 collisions for semi-neglect
and short-sightedness, respectively, with the SS system compared to 2 and 3 collisions without
the SS system) can be attributed to the constraint view shown on the display. While a normal
user can rotate his head to check all the sides of the powered wheelchair, it is challenging to
check the sides and the back of the powered wheelchair from the display. Also, all users except
user 5 have limited experience in driving powered wheelchairs.

Interestingly, the SS system has helped the users to approach the target object accurately.
While simulating the semi-neglect condition, users could approach the target object with a mean
distance of 59.9 cm compared to 73.9 ¢cm without the SS system. For the short-sightedness
case, the mean distance using the SS system is 59.2 ¢cm compared to 52.8 cm without the SS
system. The estimated distance of the short-sightedness case without the SS system is better
than that with the SS system and even better than the estimated distance in the normal case. It
was observed that the users try to approach the object until it becomes distinguishable with the

acuity and contrast loss glasses, which results in better distance estimation.
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Table 6.11 Experiment results.

User
ID Normal Semi-neglect Short-sightedness
Without SS system With SS system Without SS system With SS system
T C D T C D T C D T C D T C D
1 2:13 1 80 2:00 1 64 2:24 | zero 53 2:12 3 62 2:18 1 60
2 2:13 Zero 60 2:10 | zero 75 2:27 1 50 1:58 Zero 41 1:53 Zero 28
3 2:08 1 80 1:54 | zero 75 2:11 1 45 - - - - - -
4 2:05 Zero 90 1:54 | zero 92 2:13 Zero 73 1:49 Zero 65 1:52 Zero 75
5 1:45 Zero 75 1:42 | zero 70 1:44 Zero 66 1:45 Zero 62 1:39 Zero 55
6 2:25 Zero 88 2:07 | zero 103 2:21 1 80 1:52 Zero 83 2:03 1 64
7 2:00 Zero 41 1:49 | zero 62 1:57 Zero 60 1:44 Zero 46 1:49 Zero 66
8 2:01 Zero 92 2:05 | zero 67 2:14 Zero 42 1:42 Zero 33 1:51 zero 60
9 1:50 Zero 81 1:45 | zero 70 2:00 Zero 55 1:51 Zero 36 1:46 1 60
10 1:47 Zero 77 1:59 1 61 1:56 1 75 1:41 Zero 48 1:51 Zero 65
Mean | 2:02 0.2 76.4 | 1:56 0.2 739 | 2:08 0.4 59.9 1:52 0.3 52.8 1:56 | 0.33 | 59.2
Std +12 | 042 | 153 +9 | 042 | 135 | £13 | 0.51 13.1 | £11 1 162 | £12 0.5 12.9

T : Time (min : sec)

C : No# of collisions

D : Actual distance to the target (cm)

Std: Standard deviation in seconds for time measurement.

The consistency in the results of the SS system is an indication of the system’s robustness.
In addition, the SS system results are significantly better than the normal case without any
glasses to simulate visual impairment, which indicates the system’s efficiency in estimating the
accurate distance to the target object.

The post-experiment interviews reveal some interesting observations:

Simulation of semi-neglect condition

* 50% of the users felt some level of stress when they use the one-eye covered glasses,
which is normal as they are not used to that situation. As a result, they could not
estimate the distance correctly without the SS system. One-eye covered glasses have also

introduced limited vision.

* 80% of the users found the SS system with the display helpful in estimating the distance
because the system displayed the distance to the object in real-time and highlighted the
target object (semantically segmenting the target object). In addition, the system helped
the users to see the whole scene on the display, especially the blind spots due to the usage

of the one-eye covered glasses.
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» User 8 and 9 suggested to use a high-resolution display and a faster processing rate in

terms of FPS to achieve fast estimations.

» User 2 suggested that the limited vision shown on the display in tight places may result

in collisions.

* Without the SS system, user 10 was worried about hitting any object on the covered side
by the glasses. However, the SS system greatly helps by showing these blind spots and
highlighting the components of the environment in different colours. In contrast, user 9

suggests highlighting only the target object and not all the environmental cues.

Simulation of short-sightedness condition

* 40% of the users felt stress because of the blurred and foggy vision due to the usage of

the acuity and contrast loss glasses.

* 8 out of 10 users found the system helpful in understanding the surroundings and
estimating the distance to the target object. One user said the experience was easy with
and without the system because the user became familiar with the path (User 4). In
contrast, user 9 said the system was not helpful in distance estimation because the refresh

rate is slow but was helpful for segmentation.

* 6 out of 10 users found the display hard to use while turning due to the limited vision of

the sides and back of the powered wheelchair.

* User 1 found the system very helpful in understanding the surroundings. In addition, the
real-time update of the distance to the target object is advantageous. With the blurred
vision simulation, the user can recognise the door but not the handle, the wall but not the
fire extinguisher. However, the SS system can give accurate information and allow the

recognition of the door handle and the fire extinguisher.
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* Three users highlighted that the distance estimation would disappear from the display if
they closely approach the target object. This is understandable because the camera has a

theoretical minimum depth of 28 cm.

It can be concluded from the quantitative and qualitative results that the proposed system can
help visually impaired users to estimate the distance to the target object accurately. Moreover,
it can help the users to understand the surrounding environment. However, the system’s display
limits the vision of the powered wheelchair sides in narrow areas. This can be compensated
using proximity sensors to alert the user when turning. Also, increasing the system’s speed in

terms of FPS can further enhance the system’s overall performance.

6.6 Vibration impact on computer vision systems

Rough terrains can negatively impact the performance of smart computer vision systems, which
may result in inaccurate human-system interaction. Mobile robots and smart vehicles are
susceptible to mechanical vibration due to traversing rough and uneven terrains. The ability
to estimate the impact of vibration on the system performance is the first step to mitigating
undesirable vibrations. This can enhance the system performance in challenging conditions;
consequently, better human-system interaction can be attained.

Marichal et al. [161] investigated the impact of vibrations produced by a helicopter on a
vision system. It is concluded that the quality of the captured images can be negatively impacted
due to the camera’s undesirable movement. The proposed semi-active frequency isolation
technique has proved its efficiency in improving the captured images with low vibrations.
Consequently, the subsequent utilisation of the captured images can be enhanced. However, the
proposed technique needs prior knowledge of the vibration frequency in order for the system to

be able to isolate it.
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Periu et al. [162] studied the impact of the vibrations on the performance of obstacle
detection using a LIght Detection And Ranging (LIDAR) sensor. The LIDAR sensor is
installed on a tractor for obstacle detection and guidance purposes. Generally, agriculture
vehicles do not have a suspension system, similar to the EPW used in our experiments. The
measurement of the LIDAR sensor can be significantly impacted by mechanical vibrations
induced during the vehicle’s operation on rough and bumpy terrains [162]. The study proposes
supporting bars and stabilising systems to counteract the vibrations impact. It is concluded that
with the increase in the tractor speed, the accuracy of the LIDAR decreases due to the high
level of mechanical vibrations; consequently, the position estimation error increase. Thus, the
mean error distance and the standard deviation between the actual and the detected position
increase.

This section investigates the impact of vibrations on a smart semantic segmentation system
used by visually impaired EPW users to understand their surroundings by providing environ-
mental cues. Environmental cues can help visually impaired users to locate objects in their
surroundings. It also investigates the vibration impact on users’ health and comfort and how it

can be related to the impact on the computer vision systems of the powered wheelchair.

6.6.1 Experiment setup

A powered wheelchair is driven for 11 meters on a carpet floor with and without artificial bumps
in a controlled indoor environment. The chosen distance represents the maximum straight
route of the corridor without turnings. The bumps, which are used to introduce vibrations, are
installed 1.5 meters apart (Fig. 6.12) to keep the seven bumps equally distanced throughout the
route length and to provide enough space for the powered wheelchair to stabilise before the
next bump. Two kinds of data are collected: the accelerations using an IMU sensor installed on
the powered wheelchair seat and videos using a camera installed beneath the joystick (Fig. B.2).

The acceleration data has been processed for the two scenarios (with and without bumps)
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to quantify whole-body vibrations impact on user’s health and comfort with respect to the
ISO-2631 standard [163]. The two 21-seconds videos are annotated on the pixel level for the
assessment of the semantic segmentation system, with around 26.8 million pixels annotated for
each video.

The extracted 65 ground truth images from each video are compared with the corresponding
predictions using a semantic segmentation system trained on data from the same distribution
(the same indoor environment) [155]. The proposed system is based on DLV3+ [90] with some

modifications [155], such as the usage of ResNet-18 [51] as a feature extraction network.

Fig. 6.12 Artificial bumps to introduce vibrations fixed 1.5 meters apart.

6.6.2 Results

Results show the impact of undesirable vibration on both the semantic segmentation systems
and the user’s health. Table 6.12 shows the impact of vibrations on the user’s health and comfort
(a detailed investigation of the impact of vibrations on user’s health and comfort is presented in
Appendix B). The calculations are made according to the ISO-2631 standard [163]. Driving
the powered wheelchair on the carpet floor presents neither health risk nor discomfort to the

user. The user of the powered wheelchair weighs 95 Kg and is 184 cm tall.
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Table 6.12 Vibration impact on user’s health and comfort.

State ‘ No vibration ‘ With vibration

Assessment ‘ Health Comfort ‘ Health Comfort
Y s @ N I T .
T &8 SN - &

Metric £ = i g S E N i N g
: & 5§ 2 T | g g5 B 3
s % R S S 3

Values 0.07 0.09 122 1.39 0.12 \ 1.11 132 1.19 1991 1.30

No health Not Potential
Result risk uncomfortable health risk Uncomfortable

On the other hand, the introduced bumps make the situation a potential health risk and
uncomfortable to the user. Fig. 6.13 shows the vertical acceleration of both scenarios (with and
without the introduced vibrations). The vertical accelerations of the seven bumps can be clearly
seen from the sudden change in the signal’s amplitude (blue signal). In contrast, the red signal,
which represents the ‘no vibration’ scenario, does not have sudden changes in amplitude.

The analysis of the whole-body vibration of the two scenarios is comparable with user 3
in Table B.2, for which the user drives the powered wheelchair on the carpet floor for the no
vibration case, and the tiled concrete for the vibration case.

Fig. 6.14 shows the detection performance of the system in the absence (first column) and
the presence (second column) of the introduced vibrations. It can be seen that the vibration
has dramatically impacted the detection of objects such as the movable door handle, which the
semantic segmentation system could not detect due to the sudden vibrations. Generally, the
ability of the semantic segmentation system to classify the image pixels has degraded due to
the introduced vibrations. Qualitatively, the degradation can be seen in the fourth row, where
the intense green and magenta colours indicate these differences between the ground truth data
and the system predictions. These pixels are unannotated or misclassified. The green colour
shows the unannotated pixels which do not belong to objects of interest. At the same time, the

magenta colour shows the misclassified objects.
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Fig. 6.13 Vertical accelerations with and without the introduced vibrations.

Quantitatively, Table 6.13 shows the evaluation metrics of the two scenarios (with and
without the introduced vibrations). It can be observed that the performance of the semantic
segmentation system degrades as a result of the introduced vibrations. Thus, it can be concluded
from the results that the performance of the semantic segmenting system can be negatively
impacted by the vibration encountered while driving the powered wheelchair. In addition, the
change in performance is directly proportional to the amount of vibration.

To further investigate the vibration impact on the semantic system accuracy, we segregate
the images of the vibration dataset (when artificial vibrations are introduced, the second row
of Table 6.13) into two categories (last two rows of Table 6.13): images during the vibration
incident and images before or after the vibration incident. The first group of images represents
the times when the powered wheelchair encountered a bump, such as sub-figures b and d in
Fig. 6.15. The second group of images represents the times when the powered wheelchair does

not encounter a bump, such as sub-figures a and c in Fig. 6.15. Then, the mean and the standard
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Fig. 6.14 The impact of vibrations on the performance of the semantic segmentation
system.
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Table 6.13 Evaluation metrics with and without the introduced vibration on the images
level.

Global Mean Ac- Mean Weighted Mean BF

State Metrics Accuracy curacy IoU IoU score

Without vibration | Mean | 0914 0492 0340 0889  0.508
(03mages) 'S (0040 0061 0034 0051 0075
With vibration | Mean | 0.877 0475 0309 0842 0472
(65 images) Sd 0062 0054 0041 0081  0.075
Without vibration | Mean | 0.882 0485 0315  0.847  0.484
medent OOIMAEES) ey 0057 0051 0038 0078 0.071
During vibration ‘ Mean ‘ 0.863 0.444 0.287 0.826 0.435
incident (I5Images) "qi4 10078 0056 0047 0092 0080

deviation of accuracy, IoU, and Mean BF score on the level of the images are calculated. The
number of captured images during a vibration incident due to a bump is 15. The remaining
images (50) are considered as images without vibration incident, although the total 65 images

are captured together. Table 6.13 shows the metrics of the two groups of images (last two rows).

Vibration introduced using artificial pumps

Fig. 6.15 Segregation method for the images of the dataset with vibration.
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It can be noticed that the portion of images from the vibration dataset that is collected
without the incident of external vibrations (before or after the bumps) has convergent metrics
to the dataset which has been collected without any external vibrations. At the same time,
the portion of images that are captured during the incident of vibration has been significantly
impacted by the vibrations resulting in the lowest accuracy among all datasets.

From the results, we can anticipate a deterioration in the semantic segmentation system
performance when driving a powered wheelchair on types of terrains that can cause health risks
or uncomfortably to the users. Therefore, we recommend that the developers and researchers
consider the impact of vibrations on their computer vision systems. A shock absorption system
or a camera stabiliser holder can reduce the negative effects of the vibrations on the system’s
performance. Producing an accurate semantic segmentation system is beneficial for visually
impaired disabled users to increase their independence. Moreover, it can allow the approval of
using EPWs for those users who currently are not permitted to use powered wheelchairs due to
their disabilities.

This study has been conducted on a Roma wheelchair that does not have a suspension
system, similar to the tractor used in [162]. A wheelchair suspension, mainly used to dampen
vibrations, may negatively impact the system’s performance by introducing more vibrations to

counter the external ones. This will be investigated in the future work.

6.7 Conclusion

This chapter presents semantic segmentation systems for indoor and outdoor environments. The
proposed pixel classification systems have demonstrated high efficiency with adequate accuracy
and BF scores. These systems are intended to help visually impaired EPWs users navigate
safely and interact with the environment, as shown in the practical implementation section.
Results show the proposed systems’ abilities to precisely localise target objects compared to

state-of-the-art semantic segmentation techniques. The proposed indoor system has achieved
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better mean BF scores with 9% and 5% higher than FCN-32s and DLV3+ with ResNet-50,
respectively. At the same time, the outdoor system is 15% better than the FCN-32s system in
terms of mean BF score. Also, the proposed DLV3+ with ResNet-18 system has achieved a
processing speed of 2.65 FPS compared to 1.57 FPS and 2 FPS that the DLV3+ with ResNet-50
and with Xception have achieved, respectively.

The proposed shared systems that can process indoor and outdoor images simultaneously
have achieved adequate performance on both tasks. Though, the inference speed and the overall
performance are lower than that of the individual systems. Trading-off accuracy and speed with
multi-distribution data processing are desirable in many applications. Moreover, the introduced
shared systems do not require any retraining. This makes the proposed systems flexible and
adaptable in many domains. Being able to segment images from two different data distributions
simultaneously is challenging. Nevertheless, the proposed shared systems provide solutions
to this challenging task, which is significantly important to many applications. The proposed
systems are deployed on a GPU based board and integrated on an EPW for practical usage.

The practical implementation of the semantic segmentation system has shown the effec-
tiveness of the proposed system in estimating the distance to the target object. Also, it can
help visually impaired users to understand the surrounding environment. However, increasing
the processing speed of the proposed system can further enhance the overall experience of the
system.

In addition, we recommend that the researchers need to consider the impact of the vibrations
on the smart systems installed on powered wheelchairs, especially computer vision systems, due
to the negative implications of the vibrations on the performance of the semantic segmentation
system. Our results indicated that there is a deterioration of 4% in the performance due to these
vibrations.

The study has been conducted on a powered wheelchair that does not have a suspension

system. A powered wheelchair suspension, mainly used to dampen vibrations, may negatively
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impact the system’s performance by introducing more vibrations to counter the external ones.
One of the future steps of this study is to investigate the impact of vibrations on the performance

of semantic segmentation systems using powered wheelchairs with suspension systems.



Chapter 7

A Novel Semantic Segmentation

Evaluation Method

7.1 Introduction

Pixel classification is the process of assigning a label to each pixel in an image from a predefined
set of labels. It is a deep learning technique to semantically segment, hence the Semantic
Segmentation (SS) name, an image into an annotated scene where each pixel has a label. A
group of pixels with the same label represents an object. SS tasks are treated as supervised
learning problems for which classifiers are trained to fit the training data on the pixels level.
SS systems have been used in many human-system interaction applications. Consequently,
enhancing the evaluation process of SS systems can better reflect the performance of these
systems and enhance the human-system interaction.

SS systems have seen rapid progress in the past few years, not only from the performance
perspective but also in the processing speed. Pixel classification systems have many applications
such as autonomous driving [164], medical applications [93], and general scenes understanding
[165]. Different Convolutional Neural Network (CNN) architectures for SS tasks have been

proposed. These systems follow two main categories: the series architecture such as Fully
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Convolutional Networks (FCN) [83] and the encoder-decoder architecture such as U-Net [93],
and DeepLab [90]. The efficiency of a SS system can be measured by its performance on a
target application. However, this kind of benchmarking is flawed because of the inability to
compare algorithms due to the subjectivity of the measure. This leads to the introduction of
other general application-independent metrics.

Many metrics are introduced to evaluate different deep learning tasks, for example. Accu-
racy (Acc) is used to evaluate Object Classification (OC) tasks. Average Precision (AP) and
Bounding Box Intersection over Union (BB_IoU) are used to evaluate Object Detection (OD)
tasks. BF score is used to evaluate SS tasks. Mask Intersection over Union (Mask_IoU) is used
to evaluate Instance Segmentation (IS) tasks. Other metrics, such as Panoptic Quality (PQ)
[166], is introduced to unify the evaluation of semantic and instance segmentations. PQ can
be used to assess the performance of a system on both stuff and things classes (stuff classes
such as sky, grass, etc., while things classes such as cars, people, etc.) in a simple and infor-
mative manner. Unlike Panoptic Segmentation (PS) and SS, IS incorporates Object (segment)
confidence score in the AP metric calculation. Confidence scores are essential elements in the
evaluation process of any system. These scores add a further informative dimension to the
downstream systems. Consequently, utilising pixels’ confidence scores to evaluate SS systems’
performance can help to better assess these systems.

This chapter focuses on SS tasks, as we want to incorporate the pixels’ confidence scores
in the evaluation process of SS systems to better understand their behaviours. Results show
that pixels’ confidence scores can dramatically affect system performance evaluation. It can
also provide a deep understanding of the system’s operation. The main contributions of this
chapter are as follows: a new evaluation technique that can be incorporated with the existing SS
evaluation metrics is proposed. This technique is based on a well-known idea of thresholding
that has been used in many applications over the past years. However, introducing this technique

to evaluate SS tasks can be considered a novel contribution. Thresholding of pixels’ confidence
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scores can contribute to the SS overall output. Consequently, it has a significant impact on the
evaluation metrics. Pixels thresholding is distinct from Mask_IoU or BB_IoU as it is computed
on the pixel level and not on the mask or the bounding box level as in the case of IS or OD
tasks, respectively. Two datasets have been used to investigate the contribution of the new
element (pixels’ confidence scores) on the system’s output and the evaluation metrics: a) the
standard Cambridge-driving Labeled Video Database (CamVid) [154], b) a manually collected
dataset for indoor environment [126].

This chapter is organised as follows: research methodology is presented in section 7.2.
Experimental setup is discussed in section 7.3. Section 7.4 presents the results and findings.

Lastly, the chapter is concluded in section 7.5.

7.2 Methodology

Semantic Segmentation evaluation metrics such as accuracy, IoU and BF score do not incor-
porate pixels’ scores into their calculations. Pixels’ scores reflect the degree of confidence a
pixel belongs to a specific class from a set of predefined classes. For semantic segmentation
tasks, all pixels of an image have to be assigned to one of the predefined classes, even though
these pixels might not belong to any of the classes. For example, if the predefined classes
for a particular semantic segmentation system do not include a car class, but an image that
needs to be classified by the system contains a car, the system will assign the car’s pixels to
any predefined class. Usually, these pixels have very low scores. Nevertheless, these pixels
contribute to the system’s performance as they are used by the traditional evaluation metrics
during the evaluation process.

On the other hand, Pixels of objects of non-interest are usually kept unlabelled in the ground
truth (gTruth) data (undefined or void pixels). While these pixels should not be used for the

system evaluation, traditional evaluation metrics do not exclude them.



144 A Novel Semantic Segmentation Evaluation Method

We propose a novel evaluation technique that incorporates pixels threshold in the evaluation
process. The method is similar to posterior probability in statistics [167, 168] at which all the
‘undefined’ pixels in the gTruth data are assigned to an extra class called ‘Reject’ class. Usually,
these pixels belong to objects of non-interest, object borders or unannotated pixels. In the case
of CamVid dataset, these pixels might belong to far objects or pavement borders (Fig 7.1b).
Whereas these pixels belong to door frames and cupboards for the indoor dataset (Fig 7.1e).

Fig 7.1c and Fig 7.1f show that these pixels have the lowest confidence scores.

(d) gTruth with annotations. (e) Undefined pixels (blue). (f) Pixels confidence scores.

Fig. 7.1 Undefined pixels result in low pixels’ confidence scores. The first row is for CamVid
dataset while the second one is for the indoor dataset.

To compare the predicted pixels with the gTruth ones, the predicted pixels below a prede-
fined threshold are assigned to the ‘Reject’ class. If the trained system is robust enough, these

low score pixels should belong to objects of non-interest. In addition, these objects are not in the
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predefined set of classes, and the system has not seen them before. Then the predicted output
of the system is evaluated against the gTruth data at different threshold values to investigate
the system’s behaviour and the threshold impact on the overall system performance. Fig 7.2

illustrate the methodology.

gTruth data Predictions

Assign all ‘void’
pixels to ‘Reject’
class

Apply threshold
on pixels’ scores

Evaluate

Accuracy, loU and
BF score

For dataset For each class

Fig. 7.2 Methodology.

7.2.1 Semantic segmentation evaluation metrics

The performance of semantic segmentation systems can be evaluated using the following
metrics: Accuracy, IoU and Mean BF score. Each metric reflects a specific quality of the
system, such as the ability of the system to classify pixels correctly or the alignment of
the predicted pixels with the gTruth ones. However, the aforementioned metrics do not
consider pixels’ confidence scores in their calculations. The softmax layer of a typical semantic
segmentation system based on convolutional layers outputs several scores for each pixel in the

image corresponding to the number of classes. The highest value represents the class of that
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pixel. In case of uncertainty, and sometimes border pixels, even the highest score pixel across
all classes has a low value. Nevertheless, they still contribute to the system performance.
Two types of accuracy can be calculated for a dataset: Global Accuracy (GA) and Mean
Accuracy (MA). GA is calculated regardless of the class as the ratio between correctly classified
pixels to the total number of pixels (7.1). Whereas MA is the average accuracy of all classes in
all images. Accuracy of each class can be calculated as the ratio of correctly classified pixels to
the total number of pixels in that class using (7.2). A major limitation of GA and MA measures

is the bias in the presence of imbalanced classes.

TP+TN

GA =
TP+FP+FN+TN

(7.1)

Where TP,TN,FP,FN are True Positive, True Negative, False Positive, and False Negative,
respectively.
TP

Accass = TP—|——FN (7.2)

Similarly, Mean IoU for a dataset can be calculated as the average IoU of all classes in
all images. IoU (also known as Jaccard index) for each class is the ratio between correctly
classified pixels to the total number of predicted and gTruth pixels in that class (7.3). For
disproportionately distributed classes, weighted IoU can be reported to better reflect the system
behaviour. It is the standard IoU but weighted by the number of pixels of each class in the
dataset. IoU metrics evaluate the number of correctly classified pixels but do not reflect the
quality of the object’s boundaries, which can be considered a disadvantage. Trimap [169] is
introduced to overcome this drawback by evaluating the segmentation accuracy around the
segment boundaries using a predefined narrow band around the contours. At the same time,
pixels in this predefined band contribute to the accuracy calculations. The technique proposes
to measure pixels accuracy within a defined region around the object boundaries rather than

considering all image pixels to better assess the system’s ability to capture objects’ boundaries.
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Nevertheless, choosing the optimal band size is challenging and might vary depending on the
application.
TP

10U, 1455 = TP+ FP+FN (7.3)

Information retrieval [170] approaches have used Precision-Recall curves as a standard
evaluation metric. The metric was first used to evaluate edge detectors by Abdou and Pratt [171].
Precision measures the ratio of detections that are 7 P rather than FP (7.6). Whereas Recall
measure the ratio of the detected T P rather than missed (7.7). The parametric Precision-Recall
curve captures the trade-off between accuracy and noise while the detector threshold changes
[172]. A permissible trade-off for a particular application between noise and accuracy can be

defined by the relative cost & in the F1 score equation (7.4).

P-R
(l1-a)-P+o-R

Flscore = (7.4)

F1 score calculates the weighted harmonic mean of Precision and Recall. The maximum
F1 score, which is the point on the curve where the optimal detector threshold occurs, can be
reported as an indication of the detector’s performance [172]. In our experiments, we set & to
0.5. Thus, (7.4) can be simplified to (7.5). Also using (7.6) and (7.7), (7.5) can be simplified to
(7.8).
2-P-R

Flscore = m (7.5)

Where P and R are the Precision and Recall, respectively.

TP

pP—= - (7.6)
TP+FP
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TP
R— c (7.7)
TP+FN
So,
TP
Flscore = (78)

TP+ L(FP+FN)
Trimap [169] does not fully capture the quality of the contours. Thus, a semantic segmenta-
tion contour-based accuracy metric called Boundary F1 score (BF score) is proposed [173]. BF
score metric is inspired by boundary-based evaluation measure [174] [175] and F1 score [172].
The boundary-based evaluation measure and F1 score define a distance tolerance to decide if a
match has happened between pixel boundary points in the prediction and gTruth images.

Boundary-based measure [174] calculates the minimum euclidean distance between two
sets of points where the sets represent the boundaries of two segments (gTruth and prediction).
Hence, the mean and the standard deviation is calculated from the distance distribution between
the two sets. A small mean and standard deviation indicate high matching. Whereas the
weighted harmonic mean of Precision and Recall is used in the case of F1 score [172] to
estimate the point for the optimal detector threshold.

BF score [173] extended F1 score to semantic segmentation tasks. The proposed metric
(BF score) has been used to calculate one value per class to evaluate classes independently. BF
score sets the distance tolerance to 0.75% of the length of the image diagonal. The same ratio is
used in our experiments.

Mean BF score or contour matching score, which measure the alignment of the predicted
and gTruth boundaries, is the average BF score of all classes in all images for a dataset (7.10).
Whereas Mean BF score of a class is the average F1 score (7.8) of that class over all images
(7.9).

Yy Ficlass

SCore 79
no# of images (7.9)

MeanBFE3ss —

score
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chasses BF, score

MeanBFdataset — .
no# of images

score

(7.10)

Zhang et al. [176] introduce two semantic segmentation measures to reflect over and under
segmentation. The introduced metrics are region-based, unlike standard metrics such as IoU,
which are pixel-based. Over segmentation happens when the gTruth region overlaps with
many predicted regions of the same object. In contrast, under segmentation happens when
the predicted region overlaps with at least two different gTruth regions. The measures take a
value in the range of zero to one, where zero indicates no over or under segmentation. A major
limitation of these metrics is that they cannot be used to measure classification accuracy [176].

IoU is the standard evaluation metric for PASCAL VOC challenge [132]. However, solely
depending on a specific metric to assess a SS system is insufficient. Csurka et al. [173] argue
that systems’ parameters for a segmentation algorithm should be optimised on the target metric
for fair comparisons as different segmentation algorithms can be optimal for different evaluation
metrics. Besides, per-image metrics can provide more details of the system’s performance and
allow more detailed comparisons. Thus, in our experiments, we have reported accuracy, loU,
and BF score for the dataset and for each class. We believe that these metrics are complementary
to each other. Furthermore, incorporating pixels’ confidence scores with these metrics can

reveal another level of information regarding the system’s performance.

7.2.2 Proposed technique relation to the existing metrics

The calculations of standard SS evaluation metrics ignore pixels’ confidence scores. We propose
to incorporate pixels’ confidence scores in the calculation process of these metrics because of
the important information that can be reflected by these scores. First, we predefine a pixel score
threshold. If the pixel’s value after the softmax layer (the highest pixel value across all pixel
classes) is below this threshold, its category is assigned to the ‘Reject’ class. Class ‘Reject’

cannot contribute to any of the evaluation metrics calculations. For a robust system, a low
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confidence pixel score usually represents a high uncertainty pixel. This pixel can be for a class
of non-interest (i.e., has not been predefined for the task) or a pixel between the borders of
predefined classes of interest. Lastly, the system is evaluated using the standard metrics.
After thresholding, predicted pixels corresponding to gTruth ones count towards 7P,
predicted pixels different from gTruth ones count towards F'P, and unpredicted gTruth pixels

count towards F'N (Fig. 7.3).

Fig. 7.3 Illustration of TP, FP and FN for pixels.

The novelty of the proposed technique is in assessing the system under different conditions
(pixels’ threshold values). SS systems under various conditions can behave differently. Conse-
quently, the system behaviour should be well-investigated using several impacting factors. The
most important impacting factor is the pixel itself. Thus, we believe the pixels’ scores should
contribute to the evaluation process of any SS system.

The segment matching for the IoU denoted by IoU(p, g) in (7.11) for the Panoptic Quality
metric is different from the Semantic Segmentation IoU as the former is calculated between two
segments (p and g for the predicted and gTruth segments, respectively). Whereas the latter is
calculated based on the output pixel labels and completely ignore object-level labels. Also, the
segment matching threshold of 0.5 used by PQ is distinct from the proposed pixel confidence
thresholding. The former is computed on the segment matching IoU level (object level). In

contrast, the latter is computed on the pixel confidence score level.
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PQ = Z(p7g)€TP IOU(p,g)
TP+ |FP|+1|FN]|

(7.11)

Similar to PQ, the over and under region-based semantic segmentation measures [176] use
the predicted region confidence score in the evaluation process. Predicted region confidence
score is calculated as the numerical mean of the confidence scores of all the pixels enclosed in
that region. As the over and under segmentation measures compare regions, they are different
from the proposed technique which operates on the pixel level.

The proposed process is simple and straight forward (Fig. 7.2). However, the added
dimension of the pixels’ confidence scores helps to exclude the contribution of a specific area
in an image with respect to the overall performance of the system. This excluded area might
be undefined by the annotator, yet it still contributes to the metrics calculations, which is

undesirable in many cases.

7.3 Experimental setup

In our experiments, we have reported GA, MA, Mean IoU, Weighted IoU and Mean BF score
using four different pixels’ threshold values (0.2, 0.4, 0.6, 0.8) that are monotonically increasing.
The choice of these threshold values helps to capture the system’s behaviour under a wide range

of conditions. The evaluation metrics are calculated for the dataset and the individual classes.

7.3.1 Dataset

Two datasets are used to test the proposed evaluation technique: CamVid [154] and the indoor
dataset [126].

CamVid dataset has 701 images annotated on the pixel level for 32 classes. Images are
captured outdoors from the perspective of a driving car. We group the 32 classes of the dataset

into 11 classes for simplicity as some of the 32 original classes have very limited objects. These
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11 classes are Building, Pole, Road, Pavement, Tree, Sign/Symbol, Car, Pedestrian, Bicyclist,
Sky, and Fence.

The dataset contains some undefined pixels which belong to non-of-interest objects or
overlooked pixels. We also define an extra ‘Reject’ class for the purpose of the experiments for

which all the undefined pixels are assigned. Pixels distribution of the gTruth data is shown in

Fig. 7.4.
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Fig. 7.4 Pixels distribution at different threshold values for the CamVid test set.

The dataset is split randomly into 70% for training (491), 15% for validation (105 images)
and 15% for testing(105 images).

Indoor dataset has 1,549 images annotated on the pixel level for 9 classes: Door, Carpet
floor, Background wall, Fire extinguisher, Key slot, Push button, and different kinds of door

handles such as Moveable, Pull and Push door handles.
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Similarly the dataset contains some undefined pixels which are assigned to the ‘Reject’
class (Fig. 7.5) and follows the same splitting ratio as CamVid with 1,084 images for training,

232 images for validation and 233 images for testing.
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Fig. 7.5 Pixels distribution at different threshold values for the Indoor test set.

7.3.2 System architecture

The convolutional neural network architecture that has been used for training is based on
the encoder-decoder DeepLab Version 3 plus (DLV3+) [90] for semantic segmentation. The
architecture’s base network uses residual blocks [51] that help the systems to process high-
resolution images (960x540x3 and 960x720x3 pixels for the CamVid and the indoor datasets,
respectively) without losing information because of vanishing gradients. In addition, the

system’s decoder has a simple design but with high efficiency.
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Very deep networks suffer from vanishing and exploding gradients [147, 148]. Residual
blocks help to mitigate this problem by reusing the activations from previous layers until the
adjacent layer learns its weights. This allows the network to better learn low-level features
without performance degradation as the network goes deeper. The elegance of this architec-
ture is that these short-cut connections do not add either extra parameters or computational

complexity [51].

7.3.3 Training

The systems are trained end-to-end on the CamVid and the indoor datasets using Stochastic
Gradient Descent with 0.9 Momentum (SGDM) as the training optimiser. A starting learning
rate of 0.001 which is then dropped by a factor of 0.3 every ten epochs. To avoid sequence
memorisation, training images are shuffled every epoch. Also, L2 regularisation is used to limit
overfitting. To enhance the overall system accuracy, data augmentation is employed with X and
Y translations. Additionally, different hyper-parameters and optimisation algorithms are tried
to achieve the highest performance. Moreover, for reproducibility, systems are trained several
times under the same configurations.

To avoid bias in favour of dominant classes, inverse frequency weighting is used to balance
classes weightings. Image normalisation is employed to rescale all the pixels’ values in the
range of zero to one. System are trained on relatively high-resolution images of 960x720x3 and
960x540x3 for the CamVid and the indoor datasets respectively. Training on high-resolution
images is believed to enhance the system’s ability to semantically segment small size objects
alongside medium and large size ones. Also, high-resolution images boost the effectiveness of
large rate atrous convolution kernels used by DLV3+ because the kernels’ weights are applied

to actual pixels and not to zero paddings.
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7.4 Results and discussion

The trained systems on the CamVid and the indoor datasets have achieved validation losses
of 0.368 and 0.564, respectively. The 0.75% tolerance distances for the BF score metric

calculations are 9 and 8 pixels for the CamVid and Indoor datasets, respectively.

7.4.1 CamVid dataset results

Results show interesting behaviours of the evaluation metrics regarding different size objects
using various threshold values. Thresholding has proved that the pixels’ confidence scores
significantly impact the system’s performance with respect to the datasets and the individual
classes. Consequently, the proposed technique can be used to optimise the system on a specific
application, task, or group of objects of interest.

Table 7.1 shows that the system’s performance on the CamVid dataset varies under different
thresholds. While applying no threshold, it has achieved the highest MA and Weighted IoU.
Whereas higher threshold values have achieved better GA, Mean IoU and Mean BF score.
Consequently, it is feasible to optimise the system on a specific evaluation metric for a specific
application or challenge.

Similar observations can be extracted from Table 7.2. Although applying no threshold has
achieved the highest accuracy for all classes regardless of the object’s size or pixels distribution,

higher threshold values have achieved better IoU and mean BF score.
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Large size objects, and therefore high pixels distribution (Fig. 7.4) such as Sky, Building,
and Road, have achieved the best performance under no pixels’ scores threshold. Large-medium
and medium size objects, such as Tree and Pavement, have achieved better loU and Mean BF
score using moderate pixels’ threshold values of 0.4 and 0.6. For medium-small and small
size objects, which have the lowest pixels distributions but vital to many applications such as
Pole, SignSymbol, Fence, Car, Pedestrian, and Bicyclist, applying high threshold values have
achieved the best performance in terms of higher loU and Mean BF scores (Table 7.2).

Objects’ sizes and the frequency of pixels have a great impact on the system’s behaviour.
Consequently, they have a direct impact on the evaluation process. As an example, when the
number of pixels that are assigned to the ‘Reject’ class increase due to the increase in the
threshold values, IoU and mean BF score of things classes, that are mainly of medium and
small sizes, increase (Fig. 7.4 and Table 7.2).

On the other hand, large size and high pixels frequency classes (stuff classes) have performed
best using low or no pixels’ threshold values. Thus, optimising the network on a specific class
or group of classes for a particular task is straight forward thanks to the thresholding technique.

Remarkable results are shown in Fig. 7.6 which depicts the per-image IoU at different
threshold values. The number of images that have achieved an overall IoU of more than 0.5
increases as we increase the threshold values. Consequently, pixels’ threshold values can
directly impact the classifier performance, which in this case can indicate the enhancement of
the system performance on the IoU metric. The performance boost can be attributed to the high
uncertainty of the undefined pixels and pixels at the object’s borders that can be elevated using
the appropriate pixels’ threshold values to reduce the impact of fuzzy pixels quantitatively and
qualitatively.

Fig. 7.7 shows that as the pixels’ threshold values increase, the number of rejected pixels
increase. Mainly these rejected pixels represent the ones with the lowest confidence scores at

the borders of the objects. High threshold values can result in well-defined object borders such
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Fig. 7.6 Histogram of per-image IoU for CamVid test set at different threshold values. The
x-axis represents the IoU value and the y-axis represents the number of images.

as the pedestrian at 0.6 and 0.8 threshold values. This can be attributed to the high uncertainty
of border pixels. However, very high threshold values can wrongly reject pixels of objects of

interest.

7.4.2 Indoor dataset results

Many objects in the Indoor dataset can be described, with regard to their sizes, as very small
or tiny which makes the SS system task challenging. Also, the Indoor dataset have relatively
higher distribution of undefined pixels compared to the CamVid dataset. Similar to the CamVid
dataset, the trained SS system on the indoor dataset has achieved the highest MA and Weighted
IoU when no threshold is applied (Table 7.3). Whereas the highest GA, Mean IoU, and Mean

BF score are achieved using the highest threshold value of 0.8.
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Fig. 7.7 Qualitative results of the proposed thresholding technique on the CamVid dataset.

Individual classes have achieved the highest accuracy when no pixel’s threshold value is
applied (Table 7.4). Large size and high pixels’ distributions objects (Fig. 7.5) such as Door,
Carpet floor, Background wall have also achieved the highest IoU at no threshold value. Very
small size, thus, the lowest pixels’ distributions objects such as different kinds of door handles
and Push button have achieved high performance in terms of IoU and Mean BF score at high
threshold values. Tiny object such as Key slot has a achieved its highest IoU and Mean BF

score at the highest threshold value of 0.8.
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Fig. 7.8 shows the enhancement in per-image IoU as the threshold values that are applied to
the pixels’ confidence scores increase. This is clearer in the indoor dataset than the CamVid
dataset as the indoor dataset has more undefined pixels, consequently, more ‘Reject’ pixels.
Applying the appropriate threshold value with respect to the application helps to reduce the

impact of fuzzy pixels, resulting in better system performance.
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Fig. 7.8 Histogram of per-image IoU for the indoor test set at different threshold values.
The x-axis represents the IoU value and the y-axis represents the number of images.

The indoor SS system’s behaviour, in terms of performance, on different size and pixels
distribution objects is very similar to the CamVid one. It can be concluded from the experiments
on both datasets that low or no pixels’ threshold values result in high performance on large size
objects, especially stuff classes. In contrast, moderate and high pixels’ threshold values enhance
the system’s ability to capture medium, small, and tiny objects with accurate boundaries and
better alignment of segments.

Similar to Fig. 7.7, Fig. 7.9 shows how the undefined pixels, that usually have the lowest

confidence scores and belong to objects of non-interest such as the cupboard, can be excluded
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Fig. 7.9 Qualitative results of the proposed thresholding technique on the indoor dataset.

from the scene and the evaluation metrics calculations using high threshold values. This can
help the SS system to concentrate on objects of interest that are important for the application.
Consequently, better human-system interaction can be achieved. It can also be seen that the top
right corner of the image has a part of the wall, which was not annotated (undefined), yet the
robust system was able to classify it correctly and has not assigned its pixels to the reject class

even at high threshold values.

7.5 Conclusion

Pixels are the main building blocks of any image. Thus, we believe their confidence scores
should contribute to the evaluation metrics. Nevertheless, standard evaluation metrics have

overlooked pixels’ scores in the evaluation of SS tasks. A novel technique that incorporates
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pixels’ confidence scores in the evaluation process of semantic segmentation systems is pre-
sented. The proposed thresholding technique has been applied to many statistical problems,
which signifies its efficiency. However, its incorporation with SS evaluation metrics adds a
further dimension to the standard metrics.

Results have shown the high potential of the thresholding technique as it helps to suppress
fuzzy pixels that do not belong to any classes of interest and emerge pixels that belong to
classes of importance to the application. Furthermore, it can be concluded from the results
that optimising the SS systems on large size objects (stuff classes) can be achieved using no
or low pixels’ threshold values. At the same time, the SS systems’ performance on medium,
small and tiny objects can be boosted using high pixels’ threshold values. The future work will

investigate the trade-off between correctly rejected and incorrectly rejected pixels.






Chapter 8

Conclusion

8.1 Concluding comments

This chapter concludes the research and discusses the findings. The adaptation of deep learning
technologies in computer vision applications has introduced many challenges and raised many
questions. The inability of deep learning solutions to generalise on never seen before data is
an active research area. A deep learning system trained to classify images from a certain data
distribution will fail to classify images from a different data distribution. Another challenging
topic is the transparency of these systems. The robustness of deep learning systems in terms of
their ability to explain the main motive behind the model’s predictions is an important research
area. Failing to explain the model’s behaviour may delay the adaption of these technologies
in real-life applications due to regulator’s requirements, especially in sensitive research areas,
such as medical applications, where there should be no tolerance for errors.

This thesis proposes deep learning-based computer vision solutions to process images from
different data distributions using shared models. The proposed systems do not require retaining

and can simultaneously achieve adequate performance on different distribution data.



166 Conclusion

In addition, the proposed techniques to visualise model predictions can help to understand
the model’s behaviour and give insights into the operation of the black box systems. This can
accelerate the approval of such systems in real-life applications.

Understanding the impact of vibrations on the smart computer vision systems is a key
step to designing robust systems. Moreover, it helps to mitigate the negative impact of those
vibrations. Consequently, powered wheelchair systems can be enhanced and adapted to reduce
the impact of undesirable vibrations.

The main findings of this thesis are presented in section 8.2. Also, the future work is

highlighted in section 8.3.

8.2 Main contributions and research findings
The answers to the research question raised in the introduction chapter are:

* How do the objects of a dataset, in terms of size and distribution, impact the trained deep
learning models? Given the wide variety of deep learning-based detection systems, how

can we choose the best detector for a given application?

We found that objects of interest to the application are missing. Standard datasets contain
general objects, such as a door handle class. However, in the proposed dataset, more specialised
small size objects are introduced. For example, the proposed dataset contains three different
types of door handles: moveable, pull, and push door handles. Distinguishing between different
kinds of door handles is vital for many applications, as each door handle requires a different
kind of manipulation. Consequently, collecting and annotating application-specific datasets is
essential to the proposed application

Chapter 5 investigates deep learning-based detection systems, where a roadmap to choose
the optimal detector for a given application is proposed. We studied the impact of the base

network, feature extraction layers, and the number of anchor boxes on the detector performance.
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The study highlighted important findings, such as increasing the number of anchor boxes could
negatively impact the performance of the detection system. In contrast, using data augmentation
techniques can produce robust and accurate systems.

The choice of the feature extraction layer is another important observation in the study. In
conclusion, we found that early feature extraction layers (up the network) help to detect small
size objects but produce weak encoded features for large size objects. In contrast, late layers
(down the network) can better encode the features of large size objects, but small size object
features are lost due to the successive down-sampling of feature maps through the network’s
layers. Multi-head detectors, where the detector makes predictions at different feature extraction

layers, produce the best results on datasets with multi-size objects.

* In terms of the applicability of these systems, can we avoid long training times spent
by computer vision systems based on DL? Can a DL system process images from two
different distributions simultaneously (e.g. large and small size objects, or indoor and
outdoor environment objects)? What are the necessary modifications that can achieve

this purpose?

Chapter 6 proposes architecture modifications to semantic segmentation systems to enable
them to process images from two different distributions. The main advantage of the proposed
shared systems is manifested in their needless for retraining. This allows the usage of existing
and user-customised systems simultaneously, which can save long training and validation times.
Several architectural designs have been proposed, where each design produces a shared system
with advantages and disadvantages. The system choice is based on the application, as some
applications require high processing speeds while others require high accuracy.

In conclusion, systems that can process images from one distribution have achieved the
highest performance in terms of accuracy and speed. However, shared systems that can

process images from different distributions have achieved comparable accuracy and adequate
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processing speed. Nevertheless, shared systems do not need retraining and can process images

from different distributions.

» What are the challenges in adopting such technologies in real-life scenarios? How
reliable are the proposed systems? What level of system transparency can be attained?
For example, could explainable Al (XAl) offer levels of transparency and decision

Jjustification required in realistic implementations?

In chapter 4, different visualisation methods for CNNs are explored to understand the
model’s predictions. Unlike conventional classification methods, where the output can be
mapped to a particular input, the outputs of deep learning models can depend on several
unrelated hidden units. The inability to understand the black box behaviour can negatively
impact the robustness and question the reliability of deep learning systems.

Thus, two visualisation methods have been proposed (WS-Grad and Concat-Grad). The
heatmaps of the proposed techniques can achieve two important characteristics: 1) they can
visualise the fine-grained details of the target object. 2) they can localise the discriminative
regions of the target object. Only one of these characteristics can be achieved using state-of-
the-art visualisation methods.

In conclusion, the proposed techniques greatly contribute to this research area. Visualising
and understanding the model’s predictions and what features contribute to the model’s decisions
can increase the trust in the black box systems and boost the approval process of such systems

in real-life applications.

* What level of environmental understanding can Al-based computer vision systems achieve,
i.e. could pixel classification be achieved, and could semantic information be extracted
from arbitrary video sequences? Are there available semantic segmentation evaluation
metrics accurately assessing system performance? Could pixels’ confidence scores en-
hance the validity of the evaluation process and provide better insights into the operating

characteristics of the assessed systems?
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Pixels’ confidence scores carry useful information regarding the concerned object. However,
standard metrics do not incorporate them in the evaluation process. We can better understand
and analyse the system performance by incorporating pixels’ confidence scores in the evalu-
ation process. Also, calculating standard metrics at different pixels threshold gives a better
understanding of the system behaviour under different conditions.

In conclusion, experiments show that rejecting low score pixels can result in accurate
prediction with sharp object borders. Moreover, it better reflects the semantic segmentation
system’s performance. Furthermore, different threshold values applied to the pixels’ confidence
scores to reject uncertainty pixels allow the optimisation of the SS system on different size

objects.

* Can a smart computer vision system based on deep learning help visually impaired users

to navigate safely? What level of assistance can it offer?

In chapter 6, semantic segmentation systems based on DL that can classify every pixel
in the captured images are introduced. These systems have been deployed on a powered
wheelchair for practical use and evaluation. The proposed systems illustrate efficiency in
providing environmental cues and distance to target objects. With the system, users could
accurately approach target objects and understand their surroundings. An important step for
human-system interaction that we believe the proposed system can satisfy.

Another advantage of the proposed system is that it does not take control from the powered
wheelchair user. It is a non-intrusive system that guides the user without overriding the user’s
commands. This is a very important and recommended approach by disabled users and clinics,
as users like to be in full control of their wheelchairs. Thus, the proposed system acts as a
guide.

We can conclude that the proposed systems can offer levels of assistance to visually impaired
disabled users. They can also help to understand the surroundings and increase the user’s

independence. The proposed system helped the users to estimate more accurately the distance to
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the target objects with a relative error of 19.8% and 18.4% for the conditions of a) semi-neglect
and b) short-sightedness, respectively, compared to errors of 47.8% and 5.6% without the SS

system.

» What performance degradation should we expect in a deep learning-based computer vi-
sion system installed on a mobile platform (e.g. a powered wheelchair) due to mechanical

vibrations caused by different types of terrains traversed in everyday use?

Chapter 6 concludes that mechanical vibrations can impact SS systems installed on powered
wheelchairs. The experiments show that the detection accuracy of the semantic segmentation
system has been impacted negatively due to mechanical vibrations. Our results indicated a
deterioration of 4% in the performance due to these vibrations. This observation should be
considered when a computer vision system is designed to be used in an environment that can

introduce undesirable vibrations to the computer vision capturing system.

8.3 Recommendations for future work

Adding more objects and expanding the categories of the proposed dataset is an important step
that can enhance the proposed systems’ accuracy and comprehensiveness. Also, other shared
architectures that can process multi-distribution data with high accuracy and speed are going to
be explored. On the other hand, the behaviour of the proposed semantic segmentation evaluation
technique needs adaptation at high threshold values to avoid rejecting pixels incorrectly.

Another important topic that needs further investigation is the robustness of the proposed
explanation systems. Applying sanity checks on the proposed visualisation techniques can help
to assess their reliability under various conditions.

Lastly, the used powered wheelchair to investigate the impact of mechanical vibrations on
the smart computer vision systems does not have a suspension system. Powered wheelchairs

suspension systems aim to reduce the impact of vibrations induced while driving the powered
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wheelchair on uneven terrains. However, it may also amplify the vibrations. An interesting
topic that needs further investigation and reflection on the performance of systems installed on

powered wheelchairs without suspension systems.
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Appendix A

Semantic Segmentation Supplementary

Material

(a) Short-sightedness (b) Semi-neglect

Fig. A.1 Visually impaired users. Illustrated by the clouded areas, short-sightedness users
cannot see far object (a), while semi-neglect users cannot see half of the scene (b).
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Table A.1 Per-class metrics of the indoor system using FCN-8s on the test set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.981 0.979 0.852
PullDoorHandle 0.582 0.159 0.623
PushButton 0.764 0.238 0.631
MoveableDoorHandle 0.780 0.616 0.492
PushDoorHandle 0.622 0.090 0.350
FireExtinguisher 0.897 0.853 0.481
KeySlot 0.722 0.205 0.677
CarpetFloor 0.917 0.883 0.741
BackgroundWall 0.945 0.941 0.647

Table A.2 Per-class metrics of the indoor system using FCN-16s on the test set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.980 0.979 0.843
PullDoorHandle 0.587 0.128 0.579
PushButton 0.757 0.269 0.540
MoveableDoorHandle 0.748 0.624 0.483
PushDoorHandle 0.598 0.078 0.306
FireExtinguisher 0.896 0.862 0.612
KeySlot 0.638 0.184 0.675
CarpetFloor 0.917 0.881 0.760
BackgroundWall 0.940 0.938 0.824

Table A.3 Per-class metrics of the indoor system using FCN-32s on the test set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.977 0977 0.827
PullDoorHandle 0.491 0.123 0.391
PushButton 0.713 0.238 0.425
MoveableDoorHandle 0.795 0.505 0.469
PushDoorHandle 0.596 0.049 0.348
FireExtinguisher 0.903 0.851 0.804
KeySlot 0.506 0.279 0.497
CarpetFloor 0.918 0.893 0.753

BackgroundWall 0.916 0.910 0.800
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Table A.4 Per-class metrics of the indoor system using SegNet with VGG-16 on the test set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.975 0.975 0.830
PullDoorHandle 0.559 0.153 0.642
PushButton 0.751 0.277 0.690
MoveableDoorHandle 0.774 0.614 0.510
PushDoorHandle 0.705 0.075 0.493
FireExtinguisher 0.907 0.839 0.397
KeySlot 0.635 0.190 0.662
CarpetFloor 0.906 0.888 0.659
BackgroundWall 0.947 0.938 0.650

Table A.5 Per-class metrics of the indoor system using SegNet with VGG-19 on the test set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.977 0976 0.827
PullDoorHandle 0.542 0.149 0.639
PushButton 0.774 0.201 0.713
MoveableDoorHandle 0.787 0.570 0.576
PushDoorHandle 0.676 0.075 0.322
FireExtinguisher 0.907 0.802 0.368
KeySlot 0.602 0.172 0.696
CarpetFloor 0.894 0.873 0.659
BackgroundWall 0.932 0.927 0.668

Table A.6 Per-class metrics of the indoor system using U-Net on the test set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.787 0.758 0.603
PullDoorHandle 0.256 0.062 0.267
PushButton 0.092 0.017 0.244
MoveableDoorHandle 0.281 0.140 0.219
PushDoorHandle 0.328 0.043 0.380
FireExtinguisher 0.691 0.591 0.304
KeySlot 0.279 0.039 0.307
CarpetFloor 0.945 0.467 0.579
BackgroundWall 0.877 0.701 0.432
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Table A.7 Per-class metrics of the indoor system using DLV3+ with ResNet-50 on the test
set.

Metrics Accuracy IoU  Mean BF Score

Classes

Door 0.974 0.974 0.840
PullDoorHandle 0.555 0.102 0.437
PushButton 0.821 0.234 0.609
MoveableDoorHandle 0.783 0.661 0.460
PushDoorHandle 0.653 0.102 0.276
FireExtinguisher 0.855 0.846 0.582
KeySlot 0.562 0.278 0.557
CarpetFloor 0.915 0.892 0.765
BackgroundWall 0.971 0.965 0.768

Table A.8 Per-class metrics of the indoor system using DLV3+ with Xception on the test
set .

Metrics Accuracy IoU Mean BF Score

Classes

Door 0.979 0979 0.853
PullDoorHandle 0.497 0.200 0.467
PushButton 0.759 0.261 0.630
MoveableDoorHandle 0.788 0.617 0.447
PushDoorHandle 0.621 0.0818 0.258
FireExtinguisher 0.932 0.883 0.612
KeySlot 0.843 0.172 0.534
CarpetFloor 0.890 0.886  0.749

BackgroundWall 0.961 0.958 0.752




Appendix B

Vibration Impact on User’s Health and

Comfort

B.1 Introduction

Seated individuals who are exposed to whole-body vibrations for a long period of time are at
the risk of injury [163]. Electrical powered wheelchair (EPW) users can fit into this category as
they drive for a prolonged period of time in dynamic environments, exposing themselves to
whole-body vibrations. There is an increase in health risk to the lumbar spine and the connected
nervous system because of the long-term high-intensity whole-body vibrations [163]. This
risk can be attributed to the biodynamics behaviour of the spine: horizontal displacement and
torsion of the segments of the vertebral column. According to the ISO-2631 standard [163],
the digestive system, the genital/urinary system, and the female reproductive organs are also
impacted but with lower probability. Moreover, the health risks are likely to increase when the

duration and the vibration intensity increase, while rest periods can reduce the risk.
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B.2 Vibration impact on user’s health and comfort

B.2.1 Methodology

System installation

Acceleration should be measured at the points from which the vibration is considered to enter
the human body (Fig. B.1). The considered frequencies for quantifying the impact of vibrations
on health, comfort, and vibration perception are in the range of 0.5 to 80 Hz. However, the

considered frequencies for motion sickness are in the range of 0.1 to 0.5 Hz [163].

Q_L)Pz 1 seat-back r, roll

2  seat-surface r,  pitch

feet r. o yaw

1 A
%/
e
.
.
e
e

Fig. B.1 Points of measuring the vibrations according to the ISO-2631 standard [163].

Sensors should be located at the interface between the human and the source of vibration.
This study considered three areas of contact for a seated person to quantify the vibration as they
represent the points from which the vibrations enter the human body: seat surface ‘pan’ z-axis,

seatback x-axis and feet z-axis (Fig. B.1 and Fig. B.2). Following the ISO standard 10326
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[177], an extra sensor is installed on the powered wheelchair chassis/battery for referencing

(Fig. B.2¢).

_-":"’J -

unting disk with IMU sensor.

(b) Mo

Dimensions in millimetres

Location of the accelerometers on the platform (P), on the seat pan (S) and on the
backrest (B)

Dimensions in millimetres

5

|
915 15 -
9250 £50

0,2

15+

Key
1 thin metal disc for accelerometer mount and added centre rigidity
2 appropriate cavity for accelerometer(s)

(c) ISO 10326-1 for mounting disk with sensor and location of installation.

Fig. B.2 System installation for data collection.
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For data collection, the sensors are installed on the Roma Reno II Power Chair (Fig. B.2a).
Fig. B.2b show the mounting disk with the IMU (Inertial Measurement Unit) sensor.

Five different types of terrains are trialled during the data collection (Fig. B.3). Outdoor
types are tarmac, tiled concert and pavement bricks, whereas indoor types are carpet floor and

tiled floor.

(a) Tarmac. (b) Tiled Concrete. (c) Pavement Bricks.

(d) Carpet Flooring. (e) Tiled flooring.

Fig. B.3 Terrain types.

Table B.1 shows the users’ weights, heights, average speeds, and completion times.

Table B.1 User’s information.

User Ugser1 User2 User3 User4 Mean/Std

Information

Weight (kg) 48 78 94 117 84.2/28.9
Height (cm) 160 179 184 183 176.5/11.2
Track time (min) 34 3.5 3.7 3.6 3.5/0.12

Average speed (Km/h) 22.4 22.4 21.1 21.2 21.7/0.72
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Evaluation

Three evaluation metrics are presented: weighted root mean square acceleration a,,(m/s?)
(B.1), Maximum Transient Vibration Value (MTVV) (B.2), and estimated Vibration Dose

Value (eVDV) (B.3).

T, .
ay = (7/0 aw(t)dt)> (B.1)

ay (1) : weighted acceleration (m/s*)

T : duration of the measurement (s)

MTVYV represents the highest magnitude of a,,(#p) during the measurement period (7).
MTVV = max[a, (f)] (B.2)

Estimated Vibration Dose Value is more sensitive to peaks than basic evaluation methods.
1
eVDV = 1.4a,,T* (B.3)

B.2.2 Results
Vibration effect on health

Following the ISO-2631 standard [163], a health guidance caution zone is indicated by the
dashed red and the dotted blue lines that are shown in Fig. B.4. Below the zone, the health

effects due to vibrations have not been documented. Inside the zone, caution with respect
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to health risks due to vibration is indicated. The health risk is likely above the zone. These

recommendations are based on exposures to vibrations in the range of 4 to 8 hours [163]
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Fig. B.4 RMS frequency weighted acceleration for seat pan in z-axis direction.

Table B.2 shows the results for the five different terrains for the four users. Terrain surfaces

such as tiled concrete and pavement bricks achieved the highest a,,. These types of terrains can

have a negative impact on the user’s health when used for commuting for a long period of time

(4 to 8 hours). Also, lightweight users are significantly impacted by the whole-body vibrations

compared to heavyweight users.
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On the other hand, there are no health risks of driving the EPW on indoor terrain surfaces

such as tiled floor and carpet floor for a long period of time for all users. Also, the whole-body

vibrations produced by outdoor terrains such as undamaged tarmac are not harmful.

Vibration effect on comfort

Whole-body vibrations impact on user’s comfort can be measured using the vibration total

value (a,) (B.4). Table B.3 presents the guidance bases of assessing the impact of vibrations on

user’s comfort according to the ISO-2631 standard [163].

1
ay = (K2d2, + kgaiy +kal,)? (B.4)

Table B.3 IS0-2631 guidance table of vibrations effect on comfort.

Less than 0.315 (m/s?)

0.315 (m/s%) to 0.63 (m/s?)

0.5 (m/s*) to 1 (m/s?)
0.8 (m/s?) to 1.6 (m/s?)
1.25 (m/s?) to 2.5 (m/s?)
Greater than 2 (m/s?)

Not uncomfortable

A little uncomfortable
Fairly uncomfortable
Uncomfortable

Very uncomfortable
Extremely uncomfortable

Table B.4 shows the impact of whole-body vibrations on the user’s comfort. For all users,

the experience is “Fairly uncomfortable” according to the ISO guidance table (Table B.3).

Whereas the lightest weight user (user 1) has experienced the highest a, “Uncomfortable” and

the heaviest user (user 4) has experienced the lowest a,, “A little uncomfortable”.

Table B.4 Vibrations effect on user’s comfort using a, in all axes of the seat pan.

User Metric (1 /s2) State

User 1 0.920 Fairly uncomfortable / Uncomfortable

User 2 0.763 Fairly uncomfortable

User 3 0.715 Fairly uncomfortable

User 4 0.583 A little uncomfortable / Fairly uncomfortable
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Probability of vibration perception

Table B.5 shows the weighted and unweighted RMS acceleration (recommended metric by the
ISO standard) for the overall route for all users. Results show high perceptibility of vibration

for all powered wheelchair users.

Table B.5 Weighted and unweighted RMS acceleration.

Unweighted RMS Weighted RMS ac-
acceleration (m/s?) celeration (m/s?)

User 1 1.214 0.850
User 2 0.949 0.685
User 3 0.891 0.647
User 4 0.735 0.522

B.3 Conclusion

Results show the potential risks on user’s health as a result of prolonged drive of powered
wheelchairs (which is normally the case) on terrains such as tiled concrete and pavement bricks.
The tendency of the health risk increases for lightweight users compared to heavyweight ones
as heavyweights can dampen low vibrations. Therefore, we recommend against the usage of

such types of terrains that disabled users may use for commuting.






	Table of contents
	List of figures
	List of tables
	Nomenclature
	1 Introduction
	1.1 Research motivation
	1.2 Aim and objectives
	1.3 Research questions
	1.4 Main contributions
	1.5 Applications
	1.6 Scope of the thesis
	1.7 Structure of the thesis

	2 Explainable Deep Learning: A Review of Literature
	2.1 Introduction
	2.2 Assistive devices and motivations
	2.3 Object detection
	2.3.1 Two-stages object detectors
	2.3.2 One-stage object detectors
	2.3.3 Small object detection

	2.4 Semantic segmentation
	2.4.1 Series architecture
	2.4.2 Encoder-decoder architecture

	2.5 Explainable artificial intelligence
	2.5.1 Hidden layers features visualisation
	2.5.2 Post-hoc visualisation

	2.6 Discussion and conclusion

	3 Semantic Segmentation and Object Detection Datasets
	3.1 Introduction
	3.2 Data collection
	3.3 Motivation
	3.4 Semantic segmentation dataset
	3.5 Object detection dataset
	3.6 Conclusion

	4 Aspects of Explainable Artificial Intelligence
	4.1 Introduction
	4.2 Methodology
	4.2.1 Weighted sum of gradients approach
	4.2.2 Concatenation of gradients approach

	4.3 Applications
	4.4 Experiment setup
	4.5 Results and discussion
	4.5.1 Qualitative results
	4.5.2 Proposed approaches qualitative analysis
	4.5.3 Quantitative results
	4.5.4 ImageNet qualitative and quantitative results

	4.6 Conclusion

	5 Investigation of Object Detection Methods
	5.1 Introduction
	5.2 Methodology
	5.2.1 Challenges
	5.2.2 System architecture
	5.2.3 Training
	5.2.4 Evaluation

	5.3 Results and discussion
	5.3.1 Visualisation of detector predictions

	5.4 Conclusion

	6 Semantic Segmentation with Practical Applications
	6.1 Introduction
	6.2 Methodology
	6.2.1 Challenges
	6.2.2 System architecture
	6.2.3 Training

	6.3 Results and discussion
	6.4 Limitations of the systems
	6.5 Practical implementation
	6.5.1 Experiment setup
	6.5.2 Results and discussion

	6.6 Vibration impact on computer vision systems
	6.6.1 Experiment setup
	6.6.2 Results

	6.7 Conclusion

	7 A Novel Semantic Segmentation Evaluation Method
	7.1 Introduction
	7.2 Methodology
	7.2.1 Semantic segmentation evaluation metrics
	7.2.2 Proposed technique relation to the existing metrics

	7.3 Experimental setup
	7.3.1 Dataset
	7.3.2 System architecture
	7.3.3 Training

	7.4 Results and discussion
	7.4.1 CamVid dataset results
	7.4.2 Indoor dataset results

	7.5 Conclusion

	8 Conclusion
	8.1 Concluding comments
	8.2 Main contributions and research findings
	8.3 Recommendations for future work

	References
	Appendix A Semantic Segmentation Supplementary Material
	Appendix B Vibration Impact on User's Health and Comfort
	B.1 Introduction
	B.2 Vibration impact on user's health and comfort
	B.2.1 Methodology
	B.2.2 Results

	B.3 Conclusion


