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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.
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Chapter 1

Introduction

Arti cial intelligence technologies and applications have recently witnessed exponential growth

in many sectors. The growth in the adaption of arti cial intelligence in general and Deep
Learning (DL) in speci c is attributed to the ef ciency 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 classi cation, object
detection, and semantic segmentation (pixels classi cation). The objective is to build a computer

vision system based on DL that can help visually impaired disabled users to navigate safely.
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This can be achieved by displaying environmental cues on a display tted 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 speci ¢ dataset for a speci ¢ 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 Arti cial Intelligent (Al)
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
signi cant 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 ef cient 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 modi cations 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 (XAl) offer levels of transparency and decision

justi cation required in realistic implementations?

* What level of environmental understanding can Al-based computer vision systems
achieve, i.e. could pixel classi cation 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' con dence
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?
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* 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

speci ¢ decision or prediction.

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

metrics, the proposed one incorporates pixels' con dence 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-speci ¢ 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 classi cation) 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 speci ¢ and computer vision
systems, in general, can bene t 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 bene ts over
state-of-the-art ones. First, they can produce comprehensive maps with ne-grained

details and discriminative regions, unlike individual methods that can produce either
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ne-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 speci c 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 ndings can help the scienti c community to expect the detector performance
based on the application data. In addition, the optimal system can be selected for a

speci c 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 speci ¢ 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' con dence scores in the
evaluation process of semantic segmentation systems. Pixels' con dence scores re ect
the certainty of the system. Consequently, their contribution to the assessment process is

vital.

» Chapter 8 concludes the thesis, demonstrates the ndings, and highlights future work.



Chapter 2

Explainable Deep Learning: A Review of

Literature

2.1 Introduction

Deep learning techniques for object detectidng] and semantic segmentatiod, ] have
achieved state-of-the-art performance on object localisation and pixel classi cation 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. Arti cial
intelligence (Al) in general and deep learning in speci ¢ have seen a great leap that boosts
their ubiquitous use in many elds such as autonomdisihdustrial [6-8] and medical
applications [9-12].

Electrical Powered Wheelchair (EPW) users can bene t 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 glas4&} ¢r 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
speci c 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 speci ¢ 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 signi cant 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 (CNNSs) 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 EPWSs. Apart from the main reason,
which is mobility, other factors such as productivity, leisure and independence are invbjed [

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 in uence on the users' experience [16].

Clinicians report that they saw almost the same number of patients who cannot use a
powered wheelchair as who catf]. Patients nd it extremely dif cult to manoeuvre an EPW
indoors, especially in small areas and while negotiating doorways. Clinicians also report that
40% of their powered wheelchair users nd steering tasks dif cult. At the same time, ve to
nine percent nd 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 EPWSs' users. For instance, driving a wheelchair using face tradking [
or eye and iris movementi$, 19]. Moreover, technologies such as collision detection and
avoidance can be used to assist the EPW driver in negotiating obstadlegifwanathan 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 speci ¢ 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 presente?id 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
ef ciency in terms of speed and accuracy compared to conventional methods [23].

A closely related system to the proposed one is present&dlin4 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 lter 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 speci ¢ 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. EPWSs systems that provide collision avoidance

support such a2p, 26] may not be suitable for drivers who are unable to determine their
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location and cannot navigate to a speci c 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 nd 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 classi cation. For object classi cation,

the task is to classify a given image to one class from a set of prede ned classes. Usually, the
image has one object. Suppose the image has many objects of different categories. In that case,
the classi cation task will assign a single category to the image with a con dence probability

or a classi cation score that re ects the classi cation con dence.

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
classi ed and localised in a single image.

Several methods have been proposed for object detection using deep ledraing his
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 classi cation layers. One-stage systems use regression and
classi cation 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 classi cation. Thus, the pipeline of object detection
systems has three components (Fig. 2.1): region selection, feature extraction, and classi cation

and 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 nd 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 searcBT] and edge boxe<B] 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 classi cation.
Histogram of Oriented Gradients (HOG&(, 31] and Haar-like 2] 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 dif cult operation. CNNSs trained on large datasets can ef ciently
and automatically learn complex feature representations that can overcome the limitations of
conventional methods.

Classi cation 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) B3] and Deformable Part-based Models (DPN)][can be used. How-
ever, state-of-the-art models usually utilise a classi cation layer and a regression layer for
classi cation 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 classi cation 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-CNBjJ[achieved a signi cant improvement

in performance compared to conventional object detection methods such as3aPM fises
selective searcl?[/] 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 xed size (227x227 pixels which the CNN requires). A CNN
based on AlexNetJg] is then used to extract feature vectors for each region with a xed
dimension of 4096. Lastly, class-speci c SVMs trained for each class is used to score the
feature vectors, and a regression layer is used to t a bounding box for each region. Multiple
bounding boxes for an object are then Itered using the Non-Maximum Suppression (NMS)
technique.

R-CNN uses AlexNet that has been trained on the ImageNet da&%eT hen, the model
is ne-tuned on the domain-speci ¢ object detection task using the transfer lear38ngq]
technique that proves its ef ciency compared to training from scratch, especially when domain-
speci ¢ data are limited.

R-CNN has some drawbacks: rst, selective search is a slow process representing a
bottleneck for fast processing. Second, wrapping and cropping the region proposalsto ta
xed 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) modi ed R-CNN with a Spatial Pyramid
Pooling (SPP) layer0]. The SPP layer uses the convolutional layer's feature map to generate
xed-size vectors for object proposals. The constraint of having a xed-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 exibility 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 ne-tuned [40].

Fast R-CNN 1] 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 classi cation
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 xed-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 classi er used in Fast R-CNN outperforms linear SVMs classi ers used in R-CNN
and SPP-Net. It does not require a disk storage. Moreover, it improves both accuracy and
ef ciency. 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 @B|[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 ne-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-Net4(], Fast R-CNN #1], DPM [34], and Overfeat42], which use pyramids
of images or lters, 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 mpuatspatial 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 classi er 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 2¢.[ This may introduce cross-boundary
proposals boxes that will be clipped to the image boundary. Alternating training is also time-
consuming as it rst 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.
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2.3.2 One-stages object detectors (detectors based on classi cation/ re-

gression)

Lenc et al. #3] 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 R3GN& [

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 suf cient 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 uni ed real-time object detection system with a
design resembling GoogleNetq]. Unlike previous detection approaches that modify classi er
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. Itis 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 &x Sgrid cells. Each grid cell is responsible

for detecting an object if that object falls in its center. In addition, each grid cell preglicts
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bounding boxes and the associated con dence scores. Con dence score can be déx{ed as
object) loU gruetg. If no object exists in the grid cell, théfh(ob jeci) equals to zero. However,

if an object is detected by the grid cell, thBrfob ject) equals to one, and the con dence score
equals to the loU between the predicted and the ground truth box. Thus, each bounding box
has ve attributesyx;y) are the coordinates of box's center with respect to the grid @&lh)

are the width and height of the object with respect to the image, and the con dence4fore [

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 ef ciently. For multiple detections, NMS can be used to remove boxes with low loU.
Unlike classi er-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 loU of small boxes.

Table 2.1Performance 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] 2007+2012 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] 2007+2012 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) $0], anchor boxes, and multi-scale training. Whereas YOLO V3 uses
residual connection$[l] and Feature Pyramid Network (FPN§Z with three predictions at
different layers to process the image at different spatial resolutions. YOLCISJ4ifes 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 ow through the network. Also, YOLO V4 uses PANE] [nstead 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§T], inspired by RPN, MultiBox and multi-scale represen-
tation, adopts anchor boxes to overcome YOLO limits. Instead of a xed 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 con dence. 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 |&agpe{l
improving the network structures [59].

RetinaNet 0] introduces two improvements over previous single-stage detectors. It uses
FPN [B2] 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 classi cation 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 classi cation 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 misclassi ed
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 ne-tuned on datasets that contain large size objects. Moreover, the base networks of
these detectors are trained on general datasets such as ImaggNstydies show that state-
of-the-art modelsql, 62, 23, 1, 63], in addition to standard datasets such as PASC&4 [

and Microsoft COCO§5], 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 linziggd$mall

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 Iters in the CNN architecture may
skip the small objects.

Moreover, the de nition of small object size is not uni ed, which presents another challenge
for researchers. Chen et aJ]] classi ed 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 correspondsx@@.& 4242 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. §6] introduced a dataset for tiny images withx&2 pixels. Zhu et al.§2]
followed the de nition of the Microsoft COCO dataset for small size objects to be equal to or
less than 3232 pixels. Microsoft COCO contains small objects, but they occupy large parts of
the images. The variation in small size objects de nition 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 xed and is equal to 64880. In the light of the previously mentioned de nitions,
the thesis follows a new combined de nition for small size objects. An object is categorised as
small if its size equals to or is less than 42x42 pixels. We adopted this de nition as the image
size in the proposed object detection dataset ix512 pixels and in the proposed semantic
segmentation dataset is 960x540 pixels.

Chen et al. §1] 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 datagdi,[a subset of images from both Microsoft

COCO B5] and SUN dataset$[/]. 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 xed
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 modi ed with respect to the statistics of the small object size in the daédet [
Anchor boxes modi cation to accommodate small size objects is a well-known technique to
enhance detectors' performance on small size obj@&s [n 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 (GAM$) fchieved good results on
the task of small object detection. Tong et &l.fjeview 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 performas@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 ipping, cropping, scaling, etc. The main idea is
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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 (SB®Pydn
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 elds. To better use the scale-independent
convolutional features for small object detection, Scale-Dependent Pooling (SDP) and layer-
wise Cascade Rejection Classi ers (CRCs) are introduél Aggregating and compressing
the hierarchical feature maps are used by HyperRttp 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-N&) |
proposes the idea of gates that control the transmission of messages between different support
regions. SegDeepM [76] uses Markov random eld to exploit object segments and reduce the
dependencies on initial candidate boxes. Multi-Region CNN (MR-CNN)if 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 (RNHB]) [The
MulitPath architectureq9] is proposed by modifying Fast R-CNN to have a multi-scale skip
connection 70|, a modi ed foveal structureq7], and a novel loss function that sums different
loU losses.

GANSs introduced by Goodfellow et al6§] 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 GA80] 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
bene t the process of detecting small size objects. Like the generator of the Perceptual GAN,
the Multi-Task Generative Adversarial Network (MTGANJ1] 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 al8p)] 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)§3] 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 rst work to train a network end-to-end for pixel-wise predictions
using supervised pre-trained networks. It adapts state-of-the-art classi cation networks such
as AlexNet B6], VGG [84] and GoogleNet45] to make use of the learned features by these
networks on classi cation tasks and transfer them to semantic segmentation tasks through
transfer learning technique3§, 39 and architecture modi cations. Architecture modi cations
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 re nement by random eld or
local classi ers [85, 86].

Although FCN architecture has achieved a high score on standard metrics (mean pixel
Intersection over Union), the produced semantic segmentation output is unre ned. Spatial
details are not accurate, and object boundaries are not well-de ned. 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. DeepLaBT{, 88] makes use of CRFs to re ne segmentation results
and object boundaries as a separate post-processing stage. Dilated convolution, also known
as atrous convolution, is used in DeepL&F{90] to enhance the output resolution. Also,
multi-scale context aggregatiofi]] makes use of dilated convolution. Dilated convolutions

support expanding receptive elds without trading-off the resolution. They allow ef cient
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dense feature extraction on any arbitrary resolution. Besides, multi-scale sub-networks with
different output resolution are proposed to re ne the coarse prediction progressively [92].
Skip architecture is introduced in FC8J] to overcome the global/local information
dilemma. Skip design combines “fuses' semantic information from deep, coarse layers with
appearance “context' information from shallow, ne 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 re ne 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 Q3eSggNet P4
and DeepLab version 3 plus (DLV3+(]. U-Net [93] is inspired by FCN $3] with some
modi cations to yield precise segmentation with few training images. The main architecture
modi cation 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 P5, 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 DeconvNet96] and SegNet$4] 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 P6]. 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-Bi@tWhich 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+ [9(Q)] follows the encoder-decoder structure. It uses DeeplLabV3 (DL89)ds 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 (DLV&Y]and DeepLabV2 (DLV2)38] 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 signi cant
reduction in computation complexity. Atrous separable convolution is applied to both Atrous
Spatial Pyramid Pooling (ASPP) and decoder modules. ASPP is introduced in DLV2 inspired
by the spatial pyramid pooling method [40] to capture objects and context at multiple scales.

The decoder part of DLV3+ is simpler than that of U-N@B|[and SegNet94]. Encoder
features are rst bilinearly up-sampled by a factor of 4 and then concatenated with the corre-
sponding low-level features. AxIL convolution reduces the number of channels of the low-level
features before concatenation. After concatenation, a fe€vcdnvolutions are applied to
re ne 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 arti cial 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 nd 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 requirem@ii99]. The lack
of system interpretability is a major obstacle to the wider adoption of Al in safety-critical
applications. Explainable Al (XAI) techniques to visualise CNN predictions, so that the system
can reason about its decisions, offer possible solutions.

Explanation methods, such as decision trd€g)], 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 Iters 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 lIters in traditional CNNs can describe a mixture of patterns. Consequently, it is

challenging to understand the contribution of each part of the object. Zhang Hdglpfopose
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a method to modify a CNN to be more interpretable by training high convolutional layer Iters
to represent a speci ¢ part of an object without any additional object-speci ¢ annotated data.
A software tool [L0Z is introduced to enable the visualisation of the channel's activations
of convolutional layers in the same spatial layout as the input where each lIter is activated
by a speci c feature or pattern such as edges, faces, eyes, etc. Using the proposed software,
pooling and normalization layers can be visualised, which can re ect their impact on the
model's behaviour. Real-time visualisation of all Iters of a speci c 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 DeconvN&0F| can help to select better architectures.
For example, by visualising the rst and second layers of AlexNet architecBfieif was
noticed that the rst layer lters are a mixture of high and low-frequency information. Whereas
the visualisation of the second layer Iters show aliasing artefacts caused by a large stride
(s= 4) thatis used in the rst convolutional layer. A new architecture is proposed to overcome
these problems by reducing the lter size in the rst convolutional layer from1lllto 77 and
reducing the stride to 2 instead of 4. Consequently, the new system retained more information

in the rst 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 #d4Injap this
activation back to the input pixel space using deconvolutional netw@f3.[ 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 Itering 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-speci ¢ information comes from
max-pooling layers (switches). The absence of pooling layers will result in non-image-speci ¢
explanations. Also, negative pieces of evidence are discarded during the backpropagation
process due to ReLU units which may result in less informative heatmaps [105].

Occlusion sensitivity103 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 classi er's output. The system clearly shows its ability to localise the target object within
an image as the correct class probability dropped signi cantly when the object of interest is
occluded.

Gradients approach g, 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 proces37. 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, ire., n derivatives matrix will have the same

indices asn ninput images pixels whenma andn 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 Decdd@et |
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 ReLU 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 speci c category.
However, it does not explain the classi er decision as argued.Bbg[or the direct relation to
the variation of the output [108, 109].

DeconvNet approactp3, 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 (GBRL{] 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 approad®f. Doing so prevents negative gradients from owing
back, which can undesirably impact the activations visualisation.

Similar to GBP, DeSaliNet1[11] combines both advantages of DeconvNet, which can
accurately reproduce image boundaries, with the saliency method, which can localise objects
ef ciently. It can be noticed that DeconvNet ()3, Backpropagation]06, and GBP [L1( 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 ReLU layers.

DeconvNet allows only positive derivatives to backpropagate (i.e., applying ReLU 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.

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

Many approaches based on Gradients (€§.1)) are proposed, such as element-wise
products of gradients and input (G012 (eq. (2.2)), Integrated Gradients (IGLLJ (eq.
(2.3)), Smooth Gradients (SmoothGrad)l{] (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 resaolutihn [
Moreover, Gl can be used to address the gradient saturation probigin 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 Gradient& 13 approach accumulates gradients over scaled-up versions of
the input that follow a baseline de ned 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 Gradiéd}s [
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 contributiad§. The intuition behind using GAP is that it helps
the network to identify the complete scope of the objé@dif]. 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 speci c 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 nal 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).

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 Cdvahd
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: rst, gradients of the score for a
speci c class are computed w.r.t. feature map activations of a convolutional layer. Then, to
obtain signi cance 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 ReLU operation (Fig. 2.4). ReLU 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 in uence pixels usually belong to a different class; that is why they
need to be suppressed using a ReLU function to obtain better localisation. The nal resultis a
coarse heatmap of the same size as the nal 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 ne-grained details. Pixel space
gradient visualisation methods such as GREP( produce higher resolution visualisations
than Grad-CAM [17]. 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 ( ne-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 2.2l ocalisation 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] 475

Occlusion [103] 48.6
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Fig. 2.4 Grad-CAM (grey-shaded) and Guided Grad-CAM approaches (reproduced.ft@dm [

Results in Table 2.2 are reported ihilB-121], following the same evaluation protocol
as [11§ 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 (loU) 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

classi cation 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 ef ciency 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 $p8ed [

Thus, researchers and users need to decide the best system for a given application.



40 Explainable Deep Learning: A Review of Literature

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-
speci ¢, 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 environmentd 3-125. However, the proposed dataset has a speci ¢ 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 de ne how a wheelchair user
should approach a door to open it. Also, other indoor objects such as re 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 classi cation) 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 (DCNNSs) 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.



3.2 Data collection 43

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 availaB&.[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@RtalSense depth camera is installed on the
Roma Reno Il 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 rst 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 rst

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.

(a) Roma Reno Il 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 dataset$2/~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-speci c dataset is a non-avoidable requirement. Objects of interest are doors,
oors, walls, re 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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