
New Deep Learning Techniques for Image

Enhancement and Classification

By

Alexander Ulrichsen

Supervised by

Professor Paul Murray & Professor Stephen Marshall

In the fulfilment of the requirement for the degree of

Doctor of Philosophy

Centre for excellence in Signal & Image Processing

Department of Electronic & Electrical Engineering

University of Strathclyde

United Kingdom



Contents

Declaration of Copyright 5

Acknowledgements 6

Abstract 8

1 Introduction 17

1.1 Application Areas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.1.1 Dairy Agritech Background . . . . . . . . . . . . . . . . . . . . . . . 18

1.1.2 Hyperspectral Imaging . . . . . . . . . . . . . . . . . . . . . . . . . . 21

1.2 Original Contributions of the Work . . . . . . . . . . . . . . . . . . . . . . . 23

1.3 Organisation of Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2 Technical Background 27

2.1 Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.1.1 Training, Validation, and Testing . . . . . . . . . . . . . . . . . . . . 31

2.1.2 Loss Functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.1.3 Backpropagation & Gradient Descent . . . . . . . . . . . . . . . . . . 33

2.1.4 Optimisation Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.1.5 Activation Functions . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.2 Convolutional Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.3 Self-Organised Operational Neural Networks . . . . . . . . . . . . . . . . . . 38

2.3.1 Parametric Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.4 Normalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

2.5 Similarity Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

2.6 K-Nearest Neighbours . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

2.7 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

2.7.1 Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

1



2.7.2 F1 Score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.7.3 Silhouette Score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

2.7.4 Peak Signal-to-Noise Ratio . . . . . . . . . . . . . . . . . . . . . . . . 48

2.7.5 Structural Similarity Index Measure . . . . . . . . . . . . . . . . . . . 48

2.7.6 Spectral Angle Mapper . . . . . . . . . . . . . . . . . . . . . . . . . . 49

2.7.7 Error Relative Global Adimensional de Synthèse . . . . . . . . . . . . 50
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Abstract

Deep learning has revolutionised the field of image processing, enabling significant advance-

ments in tasks such as classification, object detection, and image enhancement. However,

several critical challenges persist, hindering its broader applicability and efficiency. This the-

sis investigates solutions to key issues, including the generalisation of models to new classes,

the scalability of deep learning systems constrained by their substantial size, and the limi-

tations of supervised learning in acquiring labelled data at scale. Additionally, it explores

innovative approaches to improve image enhancement, with a focus on reconstruction fidelity

and computational efficiency. This research contributes novel model architectures, training

techniques and insights to the development of robust, efficient, and versatile deep learning

frameworks for image processing.

One such field where the generalisation of models is critical is the dairy industry. Auto-

mated identification of individual cattle is a valuable tool for modern dairy farming, enabling

increased operational scale and the potential for advanced health and welfare monitoring sys-

tems. Existing identification methods, such as Radio Frequency Identification tags, achieve

only around 90% accuracy, are prone to detachment, and require specific scanning locations.

Recently, deep learning-based identification systems have gained attention for their ability

to overcome these limitations. This thesis explores deep learning techniques for training

cattle identification models using data acquired in a controlled milking parlour environment,

aiming to enhance existing Radio Frequency Identification systems. Through similarity

learning, models are trained to produce embeddings that enable identification of cows not

present in the training set. Novel new class analysis is conducted to evaluate model perfor-

mance in realistic scenarios where herd composition changes over time, demonstrating the

generalisation capacity of this technique. Furthermore, cattle identification models trained

on controlled milking parlour data excel in similar domains but struggle to generalise to

free-moving barn environments, where labelling data at scale is impractical. To address

this, novel self-supervised learning techniques are proposed in this thesis to facilitate domain
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adaptation. These techniques leverage detection and tracking models to generate weak labels

from unlabelled barn data, which are then utilised in triplet loss functions during training,

achieving significant performance improvements over existing self-supervised approaches.

Another field which has seen massive advancements due to breakthroughs in deep learn-

ing is Hyperspectral imaging. Hyperspectral imaging is a valuable tool in remote sensing

applications as its spectral properties offer rich insights into the materials present within

each captured hyperspectral image. However, this spectral detail typically comes at the cost

of reduced spatial resolution. To address this, Super-Resolution techniques are often used to

recover lost spatial detail and improve the overall quality of hyperspectral images. Despite

their potential, several challenges persist in this domain, including issues related to data qual-

ity caused by sensor noise and the spectral response of sensors. However, the most critical

challenge specific to Super-Resolution, is the lack of paired high- and low-resolution training

data. As a result, existing methods often rely on artificially generating low-resolution image

pairs, leading to suboptimal performance in real-world scenarios. To address these limita-

tions, this thesis introduces several key contributions to the field of Hyperspectral Image

Super-Resolution, including a novel paired high- and low-resolution dataset, novel prepro-

cessing techniques, and a novel analysis of models trained using synthetic downsampling

methods and evaluated on the proposed datasets.

The power of deep learning models comes from their ability to learn highly complex

non-linear functions. However, the non-linear components of a deep neural network come

from the activation functions used between layers, meaning that to achieve the necessary

non-linear complexity, networks have to be sufficiently deep, resulting in large computa-

tional demands. Self-Organised Operational Neural Networks (Self-ONNs) have recently

been proposed, which tackle this issue by making the linear filters of traditional Convo-

lutional Neural Networks (CNNs) learnable non-linear functions, meaning that the same

theoretical non-linear complexity can be achieved in a much shallower network. To address

computational challenges, novel Self-ONN architectures are proposed. Architectures are pro-
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posed for both cattle identification tasks as well as Hyperspectral Image Super-Resolution

to demonstrate both the power and versatility of such models. The results presented in this

thesis show that more parameter-efficient Self-ONN models can achieve performance on par

with larger CNN models and in certain cases, even outperform them.

This thesis presents a comprehensive exploration of deep learning methodologies tailored

for practical applications in image processing, offering contributions that span cattle iden-

tification, Hyperspectral Image Super-Resolution, and self-supervised learning for domain

adaptation, paving the way for more robust and scalable solutions.
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1 Introduction

In recent years, deep learning has revolutionised the field of image processing, enabling signif-

icant advancements in tasks such as classification, object detection, and image enhancement.

Despite these breakthroughs, several challenges remain that limit the broader applicability

and efficiency of these methods. This PhD thesis investigates innovative approaches to ad-

dress some of these key challenges, including the generalisation of models to new classes, the

scalability of deep learning systems constrained by their substantial computational demands,

and the limitations imposed by supervised learning in acquiring labelled data at scale. The

thesis also focuses on improving image enhancement techniques, particularly in terms of

reconstruction fidelity and computational efficiency.

This research aims to develop robust, efficient, and versatile deep learning frameworks

by introducing novel contributions to data preprocessing, neural network architectures, and

unsupervised training algorithms, alongside the creation of a new dataset. The work fo-

cuses on practical applications, including the automated identification of individual cattle

in the dairy industry and Super-Resolution techniques for Hyperspectral Imaging. These

applications present significant challenges, such as dynamic class variations, data quality

issues, and difficulties in acquiring labelled data. To address these challenges, this thesis

proposes novel solutions, including generalised models capable of performing effectively on

new classes, advanced preprocessing techniques to mitigate noise within the data, unsuper-

vised training methods that leverage weak labels more effectively, and novel Self-Organised

Operational Neural Network (Self-ONN) architectures which not only enhance performance

but also improve parameter efficiency.

1.1 Application Areas

This thesis applies the proposed models and algorithms to two different application areas:

individual dairy cattle identification in an agricultural technology setting; and resolution en-

17



hancement of hyperspectral images. Each of these application areas presents its own unique

challenges in which specific methods have been developed for each. However, both appli-

cation areas have a common theme exploring the utilisation of advanced models containing

non-linear filters, which will be discussed further in Section 2.3.

1.1.1 Dairy Agritech Background

Noninvasive continual monitoring of dairy cattle to assess animal welfare and milk production

is of great value to the dairy industry [2]. The advancement of such technology enables the

effective management of larger herd sizes and consequently greater profits. Furthermore,

such precision dairy technology could provide insight into the health of the animals and

provide early signals for health conditions, consequently improving welfare.

A crucial component of such a system is the identification of individual cattle. Conven-

tional techniques for identifying individual dairy cows have largely relied on physical contact

methods, including ear tags, branding, and embedded Radio Frequency Identification (RFID)

technology [3]. The ear tag and branding methods require manual identification, which pro-

vides little value to precision dairy technology in modern farming practices and often causes

stress in cows [4]. Livestock farming frequently employs embedded RFID technology for

individual identification [5]. Although a significant improvement over manual identification

methods, it still has limitations as it requires the cows to wear electronic devices that can

be lost. Furthermore, it requires the use of specific RFID readers, meaning that identifica-

tion can only be performed at specific locations. These devices are typically around £2,500

per unit, so having several units to perform identification at many locations is very costly.

Furthermore, it is not physically possible to use them for full identification coverage in a

barn.

The advancement of artificial intelligence and deep neural networks in recent years has

made the development of such a system theoretically possible through the use of non-invasive

cameras and vision systems. Such a system not only eliminates the need for any artificial
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physical markings or identifiers to be attached to the cow but also greatly increases the

effectiveness of the identification system as the process can be automated and allows for

identification at any location where there is camera coverage. In an indoor barn, multiple

cameras can be installed on the ceiling looking down, which can provide video, and thus

identification coverage of the entire barn. Each individual camera not only provides a far

greater identification radius than an RFID scanner, but is also significantly cheaper and

provides far more information, which can also be used for other downstream tasks such as

behaviour monitoring.

Each individual cow has unique biological characteristics that a machine learning model

can exploit to perform identification [6]. Like human beings, cattle have unique faces and

identification can easily be performed on close-up images of the cow’s face [7]. Much like

a human fingerprint, cow muzzles are unique and additionally remain consistent over time

[8], making them a good region for visual identification. However, the issue with performing

identification on the face or the muzzle is that it is challenging to acquire the images for

identification as the cow has to be sufficiently close to the camera while also not being

occluded by other objects, which is common in side-on view images in a barn setting. Holstein

cows are the most common breed of dairy cows in UK and many other countries [9]. Holstein

cows have distinct black and white patterns on their bodies that are unique to each individual

cow, making it possible to perform identification on these patterns from a top-down view

such as the one shown in Figure 1.1. Furthermore, identification can be performed from

a much greater distance from the camera since the body is much larger than the face or

muzzle, and occlusion is also much less likely to occur in a top-down view, greatly improving

the frequency at which identification can be performed.

The ability to continually identify individual cattle from any location accurately has

significant implications for the dairy industry. By enabling the continual monitoring of

individual cows, such systems can provide crucial insights into health, behavior, feed intake

and milk production metrics, which are essential for precision dairy farming. This not only
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