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Abstract 

Adapting computer vision and image processing algorithms to resource-constrained systems is 

essential for enabling their deployment in diverse, real-world applications. Resource-constrained 

environments, such as embedded systems (ES), often face significant limitations in computational 

power, memory capacity, and energy availability. Extending hardware to address these 

limitations is often impractical due to cost and scalability concerns, making adaptability a more 

feasible and efficient solution. By adapting these algorithms, systems can overcome underlying 

limitations in physical resources, and power, enabling them to execute tasks effectively.  

Various domains are increasingly adopting embedded computer vision systems, which play a 

pivotal role in enabling advanced technologies such as autonomous vehicles and industrial 

automation. Their cost-effectiveness, compact size, and portability make them particularly well-

suited for diverse implementations and operations. In real-time scenarios, these systems must 

process visual data with minimal latency, which is crucial for immediate decision-making. 

However, these solutions continue to face significant challenges related to computational 

efficiency, memory usage, and accuracy. This dissertation addresses these challenges by 

enhancing classification methodologies, specifically in Gray Level Co-occurrence Matrix (GLCM) 

feature extraction and Support Vector Machine (SVM) classifiers. 

To maintain a high level of accuracy while preserving performance, a smaller feature set is 

selected following a comprehensive complexity analysis and is further refined through 

Correlation-based Feature Selection (CFS). The proposed method achieves an overall 

classification accuracy of 84.76% with a feature set reduced by 79.2%, resulting in a 72.45% 

decrease in processing time, a 50% reduction in storage requirements, and up to a 77.8% decrease 

in memory demand during prediction. These improvements demonstrate the effectiveness of the 

proposed approach in improving the adaptability and capabilities of embedded vision systems 

(EVS), optimising their performance under the constraints of real-time limited-resource 

environments. 

Keywords: Adaptability of algorithms, embedded computer vision, limited resource 
systems, machine learning, pattern classification, real-time image processing. 



Résumé : 
L'adaptation des algorithmes de vision par ordinateur et de traitement d'images aux systèmes à 

ressources limitées est essentielle pour permettre leur déploiement dans diverses applications du 

monde réel. Les environnements à ressources limitées, tels que les systèmes embarqués, sont 

souvent confrontés à des limitations importantes en termes de puissance de calcul, de capacité 

mémoire et de disponibilité énergétique. Étendre le matériel pour surmonter ces limitations est 

souvent impraticable en raison des coûts et des défis de scalabilité, rendant l'adaptabilité une 

solution plus pratique, viable et efficace. En adaptant ces algorithmes, les systèmes peuvent 

contourner les limitations sous-jacentes en ressources physiques et en énergie, leur permettant 

d’exécuter des tâches de manière efficace. 

Les systèmes de vision embarqués sont de plus en plus adoptés dans divers domaines, jouant 

un rôle clé dans la mise en œuvre de technologies avancées telles que les véhicules autonomes et 

l’automatisation industrielle. Leur rapport coût-efficacité, leur taille compacte et leur portabilité 

les rendent particulièrement favorables à des implémentations et des opérations variées. Dans 

les scénarios en temps réel, ces systèmes doivent traiter les données visuelles avec une latence 

minimale, une exigence fondamentale pour une prise de décision immédiate. Cependant, ces 

solutions continuent de faire face à des défis importants liés à l’efficacité computationnelle, à 

l’utilisation de la mémoire et à la précision. Cette thèse aborde ces défis en améliorant les 

méthodologies de classification, notamment dans l'extraction de caractéristiques à l'aide de la 

matrice de cooccurrence des niveaux de gris (Gray Level Co-occurrence Matrix, GLCM) et les 

classificateurs à vecteurs de support (Support Vector Machine, SVM). 

Pour maintenir un niveau élevé de précision tout en préservant les performances, un 

ensemble de caractéristiques réduit est sélectionné à l'issue d'une analyse approfondie de la 

complexité et ensuite est affiné par une méthode de sélection de caractéristiques basée sur la 

corrélation (Correlation-based Feature Selection, CFS). La méthode proposée atteint une 

précision globale de classification de 84,76% avec un ensemble de caractéristiques réduit de 

79,2%, entraînant une diminution de 72,45% du temps de traitement, une réduction de 50% des 

besoins en stockage et une diminution allant jusqu'à 77,8% de la demande en mémoire pendant 

la phase de prédiction. Ces améliorations démontrent l'efficacité de l'approche proposée pour 

renforcer l'adaptabilité et les capacités des systèmes de vision embarqués (Embedded Vision 



Systems, EVS), en optimisant leurs performances sous les contraintes des environnements à 

ressources limitées soumis aux exigences du temps réel. 

Mots-clés : Adaptabilité des algorithmes, vision par ordinateur embarquée, systèmes 

à ressources limitées, apprentissage de la machine, classification des modèles, traitement 
d'images en temps réel. 

  



 
 الملخص: 

ال نظمة محدودة الموارد أ مرًا ضروريًً    للتشغيل عل يعد تكييف خوارزميات الرؤية الحاسوبية وخوارزميات معالجة الصور  

لتمكين نشرها في تطبيقات متنوعة في العالم الحقيقي. غالبًا ما تواجه البيئات المحدودة الموارد مثل ال نظمة المدمجة قيودًا  

القيود غير عملي    كبيرة في القدرة الحاسوبية وسعة الذاكرة وتوافر الطاقة. وغالبًا ما يكون توس يع نطاق ال جهزة لمعالجة هذه

التكييف حلًا أ كثر جدوى وفعالية. من خلال تكييف  خيار  بسبب مخاوف تتعلق بالتكلفة وقابلية التوسع، مما يجعل  

نظمة التغلب عل القيود المتأ صلة في الموارد المادية والطاقة، مما يمكنها من تنفيذ المهام بفعالية.  هذه الخوارزميات، يمكن لل 

يتم اعتماد أ نظمة الرؤية الحاسوبية المدمجة بشكل متزايد في مختلف المجالت، حيث تلعب دوراً محوريًً في تمكين التقنيات 

وحجمها الصغير وقابليتها للنقل   تها الاقتصاديةتكلف الصناعي. كما أ نالتشغيل الالي المتقدمة مثل المركبات ذاتية القيادة و 

تجعلها مناس بة بشكل خاص للتطبيقات والعمليات المتنوعة. في سيناريوهات الوقت الحقيقي، يجب أ ن تعالج هذه ال نظمة  

البيانات المرئية بأ قل قدر من التأ خير في الوصول اإلى البيانات، وهو أ مر بالغ ال همية لتخاذ القرارات الفورية. ومع ذلك،  

والدقة.    ل الذاكرة  واس تخدام  الحسابية  بالكفاءة  تتعلق  كبيرة  تواجه تحديًت  الحلول  هذه  هذه    ال طروحةعالج  تتزال 

للمس توى  المشترك  التكرار  اس تخراج ميزات مصفوفة  التصنيف، وتحديداً في  تعزيز منهجيات  التحديًت من خلال 

 . (SVM) ومصنفات أ لة دعم المتجهات (GLCM) الرمادي

جراء تحليل   أ جل الابقاء  من عل مس توى عالٍ من الدقة مع الحفاظ عل ال داء، يتم اختيار مجموعة ميزات أ صغر بعد اإ

وتحقق الطريقة المقترحة  (CFS) شامل للتعقيد ويتم تنقيحها بشكل أ كبر من خلال اختيار الميزات القائمة عل الارتباط

جمالية تبلغ   % 72.45%، مما يؤدي اإلى انخفاض بنس بة  79.2% مع مجموعة ميزات مخفضة بنس بة  84.76دقة تصنيف اإ

% في الطلب عل الذاكرة 77.8% في متطلبات التخزين وانخفاض يصل اإلى  50في وقت المعالجة وانخفاض بنس بة  

عل التكيف  (EVS) في تحسين قدرة أ نظمة الرؤية المدمجة  ةالمقترح  يةنهج ة الم أ ثناء التنبؤ. تظُهر هذه التحسينات فعالي

 .وتحسين أ دائها في ظل قيود بيئات الوقت الحقيقي محدودة الموارد

تصنيف ،  المدمجة، ال نظمة محدودة الموارد، التعلم الآليالرؤية الحاسوبية  ف الخوارزميات،  يتكي   الدللية:الكلمات  

.ال نماط، معالجة الصور في الوقت الحقيقي
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1.1 Introduction  

The rapid advancement of technology has led to the integration of embedded vision systems 

(EVS) into a wide range of applications. They are fundamentally transforming industries such as 

automotive, healthcare, security, and manufacturing. These systems combine imaging sensors 

with embedded processors to analyse visual data. It enables functionalities like autonomous 

navigation, intelligent surveillance, and automated quality control. 

One of the most prominent examples is the development of autonomous vehicles, which rely 

heavily on embedded vision systems to interpret their surroundings and make split-second 

decisions without human intervention. Similarly, in industrial automation, EVS are employed by 

tasks like object recognition and defect detection, enhancing efficiency and precision while 

reducing reliance on manual labour. 

Despite their ubiquitous presence in many fields, embedded vision systems face significant 

challenges that limit their performance and wider adoption. Among these challenges are 

constraints related to computational efficiency, and memory usage. These last have a negative 

impact on the accuracy and responsiveness in limited-resource environments. Common 

computer vision algorithms and machine learning models often require extensive processing 

power and memory, which conflicts with the compact size and limited power of embedded 

systems (ES). 

Furthermore, the necessity for real-time processing adds another layer of complexity. In 

applications where immediate decision-making is critical, such as collision avoidance in 

autonomous vehicles or real-time monitoring in healthcare devices. Latency caused by 

computational delays can lead to serious repercussions. 

In order to address these issues, some works have been directed toward optimising both 

hardware and software components of EVS. On the hardware side, advancements include the 

development of more powerful yet energy-efficient processors and specialised accelerators. 

However, these advancements often result in increased costs, which can limit the accessibility to 

such solutions. On the software side, efforts focus on algorithm optimisation, efficient coding 

practices, and the adoption of lightweight machine learning models, providing a low-cost 

alternative solution to expensive hardware developments. 

Hence, in the context of software optimisation, enhancing classification methodologies plays 

a pivotal role. Techniques such as refining feature extraction methods and employing efficient 

classifiers can significantly reduce computational load. For instance, optimising the Gray-Level 



CHAPTER 01 : GENERAL INTRODUCTION 

 

17 

 

Co-occurrence Matrix (GLCM) for feature extraction and utilising Support Vector Machines 

(SVM) with advanced feature selection methods can lead to models more efficient to EVS without 

substantially compromising accuracy. 

This thesis contributes to this field by developing an enhanced classification system designed 

for real-time embedded vision applications. Through a comprehensive complexity analysis 

combined with correlation-based feature selection, this approach emphasises the adaptability. It 

ensures that the classification system is optimised to function efficiently within the constraints of 

resource-limited environments. This makes it well-suited for deployment in real-time scenarios 

were maintaining both performance and efficiency is critical. 

1.2 Main Thesis 

Embedded vision systems are witnessing growing adoption across critical domains, including 

autonomous vehicles, industrial automation, and healthcare. While these systems rely on 

compact embedded processors to analyse visual data, they target challenging applications that 

demand immediate decision-making, thus their deployment often faces significant obstacles.  

Limitations in computational power, memory capacity, and energy efficiency delay real-world 

implementation, particularly in resource-constrained environments. These challenges become 

particularly significant when maintaining high accuracy is essential, while strict performance 

requirements simultaneously add further complexity. Established approaches to addressing 

these challenges often focus on developing hardware solutions, such as energy-efficient 

processors or specialised accelerators speeding up computational tasks. 

While effective, such solutions can increase costs and make it difficult to scale systems across 

a wide range of applications, particularly those requiring low-cost and accessible solutions. The 

focus shifts attention to software-based approaches, where algorithm optimisation, efficient 

feature extraction, and the use of lightweight machine learning models emerge as promising 

alternatives and play a fundamental role. Within this context, adaptability becomes a key 

principle referring to the design of systems capable of functioning effectively under varying 

resource constraints while ensuring robustness and precision. 

This thesis contributes to this field by presenting an enhanced classification system specifically 

refined for real-time embedded vision applications. The proposed system is designed to optimise 

resource utilisation without compromising accuracy, addressing the critical need for efficiency in 

the specific context of embedded environments. 
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Key advancements include conducting a comprehensive complexity analysis to minimise the 

feature set. Features derived from algorithms with low computational complexity are prioritised. 

Finally, the process is refined using correlation-based feature selection. These steps significantly 

reduce computational requirements, memory usage, and model size, enabling the system to 

adapt to the demands of resource-constrained and real-time scenarios. 

Through these contributions, this dissertation establishes a practical approach for enhancing 

the performance and adaptability of computer vision and image processing algorithms for 

embedded systems. It advances current methodologies and also lays the groundwork for future 

exploration in lightweight and efficient algorithmic designs for embedded environments. 

1.3 Methodology 

The proposed methodology optimises embedded vision systems for resource-constrained 

environments, preserving high accuracy and maintaining effectiveness while minimising 

resource demands. It starts with extracting features using the Gray-Level Co-occurrence Matrix 

(GLCM) to identify an initial set of 24 features (12–14). It systematically refines these features 

through a complexity-based analysis (15) and then applies correlation-based feature selection, 

creating a streamlined feature set. This approach ensures computational efficiency and accuracy 

while enabling the system to adapt to application demands and real-time scenarios. 

It employs a structured evaluation process, dividing the dataset (16) into training and testing 

subsets. The Support Vector Machine (SVM) classifier, selected for its balance between precision 

and efficiency, fine-tuned through an exhaustive grid search (17). This process optimises the 

model’s hyperparameters, ensuring consistent and reliable performance. Through iterative 

refinement, it identifies the best settings to maximise model efficiency, enhancing adaptability 

and enabling the system to perform effectively across diverse embedded environments. 

To validate the system’s adaptability and practicality, we deployed it on a Raspberry Pi 

platform. We rigorously assessed performance metrics such as accuracy, processing time, and 

memory usage to confirm the system’s efficiency under resource constraints. The results 

demonstrate that this methodology achieves successfully its aim. It enables embedded vision 

systems to deliver high performance while remaining flexible and efficient in real-time and 

resource-limited conditions. 
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1.4 Summary of related publications 

This section outlines the published work associated to this thesis, highlighting its contributions to 

the field of embedded vision systems by advancing embedding methodologies. 

Journal Paper 

• R. Khelifi, B. Nini, and M. Berkane. "Enhanced Classification System for Real-

Time Embedded Vision Applications." IEEE Access, vol. 12, pp. 162311-162326, 

2024. doi: 10.1109/ACCESS.2024.3489476. 

This paper introduces a novel classification system specifically tailored for real-time 

embedded vision applications. Key contributions include feature reduction through 

comprehensive complexity analysis, the application of correlation-based feature selection, and 

the development of a lightweight Support Vector Machine (SVM) classifier. These advancements 

significantly improve computational efficiency, reduce memory usage, and enhance accuracy, 

making the system suitable for deployment in resource-constrained environments. This thesis 

builds its comprehensive research on the methodologies and findings discussed in the paper. 

1.5 Main Contributions 

This thesis presents significant contributions to advancing embedded vision systems (EVS), with 

a focus on optimising performance for adaptability to resource-constrained environments. These 

contributions are organised into key areas: 

1.5.1 Feature Reduction and Optimisation 

A comprehensive complexity analysis was conducted to evaluate and prioritise low-complexity 

features, ensuring computational efficiency without compromising accuracy. We further refined 

this by applying correlation-based feature selection, which led to a 79.2% reduction in the feature 

set. This reduction directly improves system performance by minimising processing time and 

memory requirements. 

1.5.2 Enhanced Classification Models 

The development of a lightweight Support Vector Machine (SVM) classifier achieves a balance 

between performance and resource utilisation. This model reduces storage requirements by 50% 

and enables real-time operation in environments with limited computational and memory 

resources. 
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1.5.3 Adaptability in Resource-Constrained Environments 

By focusing on low-complexity features and efficient classifiers, the proposed approach ensures 

adaptability, making the system suitable for diverse real-world applications. These advancements 

demonstrate the potential for deploying high-performance embedded vision systems in scenarios 

where standard methods are infeasible. 

1.5.4 Real-Time Deployment Efficiency 

The proposed system achieves an overall classification accuracy of 84.76%. It also reduces 

processing time by 72.45% and memory usage up to 77.8% during prediction. These 

improvements highlight the effectiveness of the approach in meeting the dual demands of real-

time processing and resource constraints. 

These contributions constitute a substantial progression in the state of the art, addressing 

serious challenges and advancing the field of embedded vision systems. They represent a 

cohesive effort to overcome the practical limitations of EVS. Therefore, demonstrate the feasibility 

of deploying resource-optimised, high-accuracy vision systems in real-world applications 

without the need for expensive hardware upgrades. 

1.6 Organisation of the thesis 

This thesis is organised into five chapters including the introductory one. Chapter [2], [3] , [4] and 

[5] each addressing a critical aspect of the research and its contribution to the field of embedded 

vision systems. It ends with a final conclusion and future works: 

Chapter 2: Background on Vision Systems 

 This chapter provides a comprehensive background on embedded vision systems, discussing 

their fundamental principles, key components, and technological advancements. It establishes 

the theoretical foundation necessary for understanding the challenges and solutions explored in 

the subsequent chapters. 

Chapter 3: Literature Review 

This chapter reviews the existing research in embedded vision systems. It focuses on feature 

extraction techniques, classification methodologies, and optimisation strategies. The discussion 

identifies gaps in the current state-of-the-art and highlights the need for adaptable and efficient 

solutions in resource-constrained environments. 
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Chapter 4: Methodology 

This chapter details the methodology adopted in this research. It includes feature extraction using 

Gray-Level Co-occurrence Matrix (GLCM), feature selection through complexity analysis and 

correlation-based techniques, and the development of an optimised Support Vector Machine 

(SVM) classifier. It also describes the experimental setup and evaluation framework used to 

validate the proposed system. 

Chapter 5: Performance Assessment And Validation 

This chapter presents the results of the experiments, including performance metrics such as 

accuracy, processing time, and memory usage. It provides a detailed discussion on the 

effectiveness of the proposed methodology, comparing it to existing approaches and 

emphasising its adaptability and efficiency in real-world applications. 

Conclusion and Future Works 

It summarises the key findings and contributions of the thesis. It also discusses the limitations of 

the current work. Additionally, it proposes directions for future research to further advance the 

field of embedded vision systems.
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2.1 Introduction 

The integration of computer vision into embedded systems has transformed the way machines 

interpret and process visual data. In contrast to conventional vision systems that rely on high-

performance computing infrastructure, embedded vision systems (EVS) are designed to operate 

within constrained resources. This evolution has enabled a wide range of applications, from real-

time decision-making in autonomous systems to industrial automation and healthcare 

diagnostics. 

Embedded vision relies on specialized hardware, optimized software, and advanced machine 

learning techniques to enhance processing efficiency. However, designing such systems presents 

significant challenges, including computational limitations, memory constraints, and energy 

efficiency requirements. 

This chapter explores embedded vision systems (EVS) within the context of resource-limited 

environments. It outlines their transformative impact across various industries and the critical 

challenges they face. It also highlights the advancements driving their development and the 

importance of adaptability in ensuring their efficiency and relevance to modern applications. 

The chapter also provides a foundation for the thesis, which focuses on developing an 

enhanced classification system optimised for resource-constrained environments. It introduces 

key definitions for ease of understanding the technical concepts and methodologies discussed 

throughout the thesis. Additionally, it discusses the opportunities and constraints associated with 

deploying EVS  in real-world applications, providing the necessary context for the research. It 

emphasises the need for innovative approaches presented in subsequent chapters. 

2.2 Computer vision 

Computer vision is a computer science and engineering field focusing on enabling machines to 

interpret and understand visual data from the real world. It aims to emulate human vision 

capabilities. To achieve this, it constructs symbolic representations of the world based on 

images (1). The primary goal is to develop computational models that can visually perceive and 

analyse environments; effectively and digitally replicating certain aspects of the 

human visual system. 

Computer vision originated in the 1960s as a branch of artificial intelligence (AI). Early 

research focused on simple tasks like edge detection and object recognition, which laid the 
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foundation of understanding images. Key contributions came from researchers like Larry Roberts, 

who applied geometric methods to image processing (2), and David Marr, who founded the 

theory of vision as an information-processing task. He developed a framework for understanding 

how the brain interprets images in stages (3), which is considered a fundamental contribution to 

cognitive science and artificial intelligence. Over time, computer vision developed through 

advancements in machine learning, leading to today's sophisticated image recognition and 

interpretation systems. 

It is necessary to clarify the terms machine vision and Computer Vision (CV), as their scopes 

and applications have evolved significantly over time. Initially, CV focused on the study of visual 

perception and the design of software algorithms to interpret images and videos, with minimal 

emphasis on hardware. In contrast, machine vision was more engineering-oriented, covering 

both software and the hardware required for image acquisition, often for industrial 

applications (4). 

However, with advancements in computer technology and a deeper understanding of visual 

systems, the distinction between the two fields has faded. Today, the terms are often used 

interchangeably. Both involve the integration of hardware and software to process visual 

information. As a result, CV has become a widely recognised and commonly used term 

in this context. 

2.3 Vision Processing Algorithms 

Vision algorithms are computationally intensive. This is because they rely on complex 

mathematical models and extensive data processing. Such demands are particularly evident in 

tasks like object detection, feature extraction, and image classification. These algorithms are 

characterised by their diversity, which arises from the absence of universally 

accepted standards (5). 

The absence of standardised guidelines in vision algorithms results in diverse approaches to 

algorithm design and implementation. This introduces complexities in the development process 

(6,7). Designers face the challenge of selecting from a vast range of algorithms, customising them 

for specific tasks, and integrating these solutions into larger systems, especially within resource-

constrained environments. This variability complicates optimisation for interoperability, 

performance, and efficiency compared to standardised fields. 
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According to a study published in the “Handbook of Quality System, Accreditation and 

Conformity Assessment” (8), standardisation plays an important role in driving innovation. It 

allows new technologies to spread more quickly and be adopted widely. 

Moreover, vision algorithms are highly dynamic. They continuously evolve due to 

advancements in machine learning and computer vision techniques. This rapid progression leads 

to the algorithmic approaches with varying computational requirements and implementation 

complexities. The need for low-cost, energy-efficient solutions further constrains the deployment 

of these algorithms in industrial automation systems. This necessitates meticulous optimisation 

of both algorithmic structures and hardware designs to balance performance with the limitations 

of resource-constrained environments. 

A review on resource-constrained embedded vision systems highlights the remarkable growth 

of low-cost ES and their use in robotics applications (9). It emphasises the critical task execution 

by implementing sophisticated control and computer vision algorithms.  

Adaptability and efficiency are essential for further advancing computer vision and image 

processing algorithms in real-world applications. Enhancing these greedy algorithms to perform 

effectively under severe environmental conditions unlocks the full potential of embedded 

platforms, paving the way for their faster and broader adoption. 

2.4 Typical vision system 

Although applications of vision technologies vary, most computer vision systems follow a similar 

sequence of steps to process and analyse image data. This sequence, known as the vision pipeline, 

consists of a series of distinct stages that guide the flow of data. 

 

 

 

Fig. 2.1 Typical computer vision system pipeline 
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Fig. 2.1 depicts the structured stages of a typical computer vision system pipeline, illustrating 

the sequential processes required to analyse and interpret visual data (5). The pipeline begins 

with data acquisition, where an image sensor captures raw input, and prepares it for processing. 

This is followed by the image preprocessing stage. It applies operations such as noise reduction, 

colour space conversion, and gamma correction. This step enhances data quality and ensure 

compatibility for subsequent analysis. 

The next stage involves selecting areas of interest and focusing computational resources on 

relevant regions. It employs techniques like object detection, background subtraction, and feature 

extraction. These selected regions undergo precise processing, including object recognition, 

tracking, and feature matching, to extract meaningful and actionable information. 

Finally, the decision-making stage integrates the processed data to perform higher-level tasks, 

such as motion analysis, pattern matching, and event detection. This pipeline exemplifies the 

systematic approach employed in computer vision systems. 

2.5 Embedded system 

An embedded system is a specialised computing device designed to perform a specific and 

dedicated function within a larger mechanical or electronic system. It integrates tightly coupled 

hardware and software components, including a processor, memory, and input/output 

peripherals, to perform its task efficiently and reliably. 

Unlike general-purpose systems, ES often operate autonomously with minimal human 

interaction (10). Operating in constrained environments with limited memory, computing power, 

and power supply, ES often need to react in real-time to inputs from processes 

or the environment. 

Embedded systems are widely used in a variety of applications. Table 2.1 describes some real-

world examples of ES, from digital watches and household appliances to industrial machinery 

and medical devices. In such as applications, cost and resource efficiency are the most critical 

considerations in design and manufacturing. 

The evolution of ES dates back to the early days of digital computing. Initially, industrial and 

military applications utilised them. Advancements in microelectronics and software engineering 

have expanded their use to a wide array of consumer and commercial applications. The 

development of microcontrollers and system-on-chip (SoC) technologies has further 

revolutionised the field, enabling more complex and powerful ES (11).  
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Several emerging trends are shaping the future of ES: 

▪ Internet of Things (IoT): The propagation of connected devices that communicate 

and interact with each other and the cloud. 

▪ Artificial Intelligence (AI): Integration of AI and machine learning algorithms to 

enable smarter and more autonomous systems. 

▪ Edge Computing: Processing data closer to the source (at the edge) to reduce latency 

and improve efficiency. 

▪ Cybersecurity: Enhancing the security of ES to protect against cyber threats and 

vulnerabilities. 
 

Table 2.1 Real-world examples of embedded systems 

Example of Embedded System Description 

Electronic Speed Controllers 
(e.g., for RC vehicles) 

ES regulate motor speed and direction in remote-controlled 
vehicles, enabling precise control and enhanced manoeuvrability. 

Hearing Aids 
ES in hearing aids amplify sound, reduce noise, and adjust settings 
dynamically based on user preferences and environmental 
conditions. 

Elevator Control Systems ES manage elevator operations, including motor control, floor 
selection, and implementing safety mechanisms. 

Digital Audio Players ES in digital audio players decode audio tracks, manage user 
interfaces, and control playback features. 

Digital Thermometers Digital thermometers use embedded systems to measure 
temperature precisely and display real-time readings. 

Barcode Scanners ES in barcode scanners interpret barcode data, decode information, 
and facilitate inventory management and retail operations. 

GPS Navigation Devices ES in GPS devices process satellite signals, calculate routes, and 
deliver step-by-step navigation instructions. 

Drones ES in drones control flight operations, stabilise the aircraft, analyse 
sensor data, and facilitate communication with ground stations. 

Digital Cameras 
ES in digital cameras handle image processing, adjust camera 
settings, and support features such as autofocus and image 
stabilisation. 

Smartwatches 
ES in smartwatches integrate sensors, processors, and wireless 
connectivity to monitor health metrics, deliver notifications, and 
communicate with smartphones. 
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2.5.1 Characteristics of Embedded Systems 

To determine whether a system qualifies as an embedded system, it's essential to recognise its 

main defining characteristics: 

▪ Single Function: An embedded system is engineered to perform a specific, dedicated 

function repeatedly. 

▪ Tightly Constrained: The system operates under strict limitations regarding memory, 

processing power, and energy consumption. 

▪ User Interface: May include interfaces ranging from simple buttons and LEDs to complex 

touchscreens, depending on the application. 

These attributes help distinguish embedded systems from general-purpose systems, enabling 

their identification across various applications. Table 2.1 provides examples of real-world ES, 

illustrating their diverse implementations in different domains. 

2.5.2  Types of Embedded Devices 

Embedded systems can be classified into distinct categories based on their functionality and 

performance characteristics. This highlights their versatility and adaptability to various 

applications. Furthermore, illustrates the broad range of tasks embedded systems are designed to 

perform and the environments in which they operate. Below is an expanded overview 

of each type. 

1. Real-Time ES 

These systems are designed to process data and perform tasks in strict time constraints, ensuring 

reliability and safety. They are further classified into: 

• Soft Real-Time Systems: Systems where timing constraints are important but not critical.  

Examples include audio systems and multimedia players. 

• Hard Real-Time Systems: Missing a deadline can result in system failure or catastrophic 

consequences, For instance, aircraft control systems and medical monitoring devices. 

2. Stand-alone ES 

Stand-alone systems operate independently, performing specific, self-contained tasks without 

relying on external systems. Examples include microwave ovens, washing machines, and video 

game consoles. 
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3. Networked ES 

Networked systems are connected to other devices through wired or wireless networks, enabling 

data sharing and task coordination within larger systems. Examples include Automated Teller 

Machines (ATMs), facilitating secure financial transactions by connecting to banking networks, 

home security systems that provide remote monitoring, and card swipe readers. 

4. Mobile ES 

Mobile systems are portable and compact, integrating sophisticated functionalities within 

constrained memory and processing capabilities. Examples include digital cameras, mobile 

phones, and smart watches. 

2.6 Embedded computer vision 

Computer vision involves using digital processing and intelligent algorithms to extract 

meaningful information from images or videos. Embedded vision combines computer vision with 

embedded systems for efficient visual data processing. Therefore, an embedded vision system is 

any microprocessor-based device with image sensing ability that is not a typical 

personal computer (5). 

This category includes devices like tablets, smartphones, advanced medical diagnostic tools, 

and robots with image processing and recognition capabilities. In essence, embedded vision 

refers to machines with limited resources that interpret and understand their environment 

through visual inputs. 

2.7 Advantages of Embedded Vision System Boards 

In fact, embedded vision boards cannot entirely replace PC-based vision systems. However, their 

wide adoption is driven not only by cost-effectiveness but also by several other distinct 

advantages. These EVS  boards are task-oriented, performing specific well-defined tasks rather 

than general-purpose computing. They are designed to meet specific application needs and 

provide primary benefits such as: 

1. Lightweight designs: making them compact and portable. 

2. Lower manufacturing costs: achieved through streamlined production processes. 

3. Lower energy consumption: ensuring efficient operation in resource-constrained 

environments. 

4. Small footprint: allowing for space-saving designs in compact implementations. 
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For a comprehensive comparison of widely used Single Board Computers (SBCs) and their 

technical specifications, Table 2.2 provides detailed insights into their configurations. Unlike PC-

based systems, which typically aim for larger image processing tasks, these boards typically build 

to meet the precise needs of a given application.  

The adoption of embedded vision is expected to grow rapidly in the coming years. This growth 

will revolutionise industries and open new avenues of innovation. It will be driven by ongoing 

advancements in software adaptability, which enable these systems to perform efficiently under 

diverse and constrained conditions without extra charges. This thesis witnesses these efforts, 

aligning with the wider push toward more adaptable and efficient embedded vision systems. 

2.8 Conclusion 

Embedded vision systems have emerged as a transformative technology, offering intelligent and 

efficient solutions across various fields. Their ability to integrate visual perception into compact, 

resource-constrained devices has enabled significant advancements. Despite challenges related 

to computational efficiency, memory usage, and real-time processing, continuous innovations in 

hardware design, algorithm optimization, and machine learning techniques are expanding their 

capabilities. 

By leveraging adaptable and efficient computational models, embedded vision systems 

provide an opportunity to bridge the gap between high-performance vision processing and the 

constraints of embedded environments. The ongoing evolution of machine learning and feature 

optimization techniques further enhances their adaptability, allowing these systems to function 

effectively in real-world scenarios. These advancements contribute to the emergence of more 

accessible, cost-effective, and scalable vision solutions, making embedded vision a promising 

avenue for future research and technological innovation.
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Table 2.2  Overview of Widely Used Single-Board Computers with Technical Details 

SBC Manufacturer 
(Country) 

Dimensions 
(mm) 

Weight 
(g) 

Price 
(USD) 

Programming 
Languages 

Operating 
Systems Description 

Raspberry Pi 4 
Raspberry Pi 
Foundation (UK)  
raspberrypi.com 

85.6 × 56.5 46 $35–$75 Python, C/C++, Java Raspberry 
Pi OS, Linux 

A versatile, popular SBC with up to 8GB RAM, 
suitable for general computing, education, IoT, and 
media centres. 

BeagleBone 
Black 

BeagleBoard.org 
(USA)  
beagleboard.org 

86.4 × 53.3 40 $55–$65 Python, C/C++, 
JavaScript 

Debian, 
Ubuntu 

Known for its flexibility, ideal for educational and 
industrial applications, with extensive I/O options 
and community support. 

Odroid XU4 
Hardkernel (South 
Korea)  
hardkernel.com 

82 × 58 60 $60–$80 Python, C/C++ Ubuntu, 
Android 

A high-performance SBC featuring an octa-core 
CPU, good for multimedia applications, gaming, and 
power-hungry tasks. 

NVIDIA Jetson 
Nano 

NVIDIA (USA)  
developer.nvidia.com 100 × 80 140 $99 Python, C/C++, 

CUDA 
Ubuntu 
(JetPack) 

Designed for AI and machine learning projects, 
supports deep learning and computer vision with a 
powerful GPU. 

ASUS Tinker 
Board 

ASUS (Taiwan)  
asus.com 85.6 × 56 55 $60–$70 Python, C/C++ 

TinkerOS, 
Debian, 
Android 

A powerful alternative to the Raspberry Pi, with 
superior multimedia capabilities, including 4K 
support and high-quality audio. 

Rock Pi 4 Radxa (China) 
radxa.com 85 × 54 50 $49–$75 Python, C/C++ 

Debian, 
Ubuntu, 
Android 

Similar specs to the Raspberry Pi 4 but with faster 
eMMC storage options and an expandable M.2 slot. 

Banana Pi M5 SinoVoip (China) 
banana-pi.org 92 × 60 48 $70–$80 Python, C/C++ Android, 

Linux 
A Raspberry Pi-like SBC with quad-core processing, 
supporting Android and Linux operating systems. 

Pine64 
RockPro64 

Pine64 (USA) 
pine64.org 90 × 60 54 $60–$80 Python, C/C++ 

Debian, 
Ubuntu, 
Android 

Supports 4GB RAM and PCIe expansion, suitable for 
NAS setups and performance-intensive 
applications. 

Arduino 
Portenta H7 

Arduino (Italy) 
arduino.cc 66 × 25 12 $99–$120 Arduino (C/C++), 

MicroPython 

Arm Mbed 
OS, 
FreeRTOS 

A hybrid microcontroller/SBC with dual-core 
processing, designed for industrial IoT and edge 
computing applications. 

Orange Pi 5 Orange Pi (China) 
orangepi.org 100 × 60 55 $60–$80 Python, C/C++ 

Debian, 
Ubuntu, 
Android 

A cost-effective SBC with up to 8GB RAM, powered 
by a Rockchip RK3588S processor, suitable for 
multimedia, IoT projects, and light AI applications. 

file:///C:/Users/BINOXA/Desktop/Mon%20ARTICLE/THESE/raspberrypi.com%5d(https:/www.raspberrypi.com/products/raspberry-pi-4-model-b/)
https://beagleboard.org/black
https://www.hardkernel.com/shop/odroid-xu4/
https://developer.nvidia.com/embedded/jetson-nano-developer-kit
https://www.asus.com/us/Single-Board-Computer/Tinker-Board/
https://rockpi.org/
http://www.banana-pi.org/m5.html
https://www.pine64.org/rockpro64/
https://www.arduino.cc/pro/hardware/product/portenta-h7
http://www.orangepi.org/html/hardWare/computerAndMicrocontrollers/details/Orange-Pi-5.html
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3.1 Introduction 

Optimising computer vision for resource-constrained environments requires in-depth 

understanding of the methods and their tunings involved during the vision pipeline. We 

concentrate on essential elements such as preprocessing, feature extraction, selection, and 

classification. The main focus is on strategies that enhance computational efficiency, minimise 

memory usage, and achieve high accuracy.  Investigating techniques suitable for systems with 

limited resources identifies the challenges to the achievement of real-time performances. 

We will discuss feature extraction methods, from classical to modern, considering their 

computational feasibility and practical effectiveness. We present various feature selection 

techniques that minimise dimensionality while preserving essential system capabilities. The 

discussion includes several classification models and decision-making procedures, highlighting 

those that optimise performance while ensuring resource efficiency. 

The chapter then concludes by discussing some of the primary challenges that real-time vision 

systems face, including hardware-software optimisation, energy-efficient algorithms, and model 

compression. This analysis presents several significant gaps in current methods, such as the need 

for scalable solutions and effective balances between accuracy and efficiency. It lays the 

groundwork for the thesis's contributions. 

3.2 Vision Classification Systems 

Pattern recognition in vision systems emerged as a prominent engineering discipline during the 

American space program in the 1960s. Initially, it was strongly associated with the examination 

of digital images transmitted by spacecraft (18). Pattern recognition has later expanded into a 

wide array of applications in signal processing, and beyond. 

Vision classification systems have become an integral component of modern computer vision 

applications. These systems apply principles from pattern recognition, machine learning and 

intelligent algorithms to categorise visual data into classes. Integrating a combination of feature 

extraction and classification techniques (19), vision classification systems effectively process and 

interpret visual inputs for tasks such as object detection, facial recognition, and medical 

diagnostics. 
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3.2.1 Components of a vision classification system 

Vision classification systems consist of interconnected components that collaboratively analyse 

visual inputs and predict the target. Fig. 3.1 visualises the processing pipeline and the steps 

involved (20). These systems utilise various algorithms and feature extraction approaches to 

convert raw visual input into significant insights. This enables applications of detection, 

recognition, and medical imaging (21–24). Each component ensures efficient interpretation of 

visual information. 

 

 

 

 

 

 

 

 

 

 

Fig. 3.1 Processing pipeline of a vision classification system. 
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3.2.1.2 Image Preprocessing 

Image preprocessing is the process of converting raw image data into a format that is usable 

and meaningful, which can then be used for computer vision applications. By removing 

unwanted distortions and enhancing certain features, preprocessing ensures that the data is in 

the best shape for further analysis and modelling (26). As the first step in the vision pipeline that 

refines image quality and consistency, it forms the basis for robust performance in subsequent 

stages. It achieves this by employing techniques designed to overcome the challenges of raw data 

variability, preparing it for feature extraction and classification (25). The proper combination of 

these methods facilitates efficient and accurate problem-solving in a wide range of computer 

vision tasks. Table 3.1 summarises the key techniques in the field. 

In limited-resource environments, preprocessing techniques must take into account both 

effectiveness and computational efficiency (5). Lightweight methods, such as simple filtering and 

resizing, are often preferred, while more computationally intensive techniques may require 

optimisation or hardware acceleration. 

3.2.1.3 Feature Processing in Vision classification Pipelines 

During this process, raw data is transformed into structured and meaningful representations for 

analysis. A feature refers to a measurable property or characteristic derived from data (27). 

Features serve as the foundation for predictive and analytical models, directly influencing their 

ability to learn patterns and make accurate decisions. 

Features can take various forms, including numerical, ordinal, binary, and text. Effective 

feature processing involves identifying, normalising, and structuring these features to emphasise 

relevant attributes (20). This section explores the main aspects of feature processing, highlighting 

its critical role in vision pipelines and its impact on classifiers performance. 

a) Feature Extraction 

Feature extraction is the process of deriving meaningful attributes from raw data to represent its 

essential characteristics. In the context of imaging, this involves transforming pixel values into a 

set of descriptors that encode important patterns or structures within the data. Fig. 3.2 shows a 

concrete example. Unlike raw inputs, these extracted features provide a higher-level 

representation of the data, emphasising attributes that are most relevant for analysis or 

classification tasks (20). 
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The process of feature extraction often includes mathematical or computational 

transformations, such as spatial filtering to highlight edges or textures, or Fourier transforms to 

analyse frequency components. These operations capture specific properties, such as shape, 

texture, or frequency patterns, enabling systems to interpret and process the data more 

effectively (28). The focus is on simplifying the raw input into a more compact and informative 

form, without altering its underlying meaning. 

In essence, feature extraction creates a structured representation of raw input data, serving as 

the foundation for further processing and analysis in pattern recognition or machine learning 

systems. These methods are categorised based on their fundamental principles and the types of 

features they aim to identify (29). Below is an overview of widely used feature detection 

techniques for various applications in computer vision and machine learning. 

1. Feature Extraction Methods 

▪ Statistical-Based Algorithms 

Statistical-based methods rely on analysing the statistical properties of pixel intensity 

distributions. These algorithms compute metrics like mean, variance, and higher-order moments 

to capture the essential characteristics of an image. For example, the Gray-Level Co-occurrence 

Matrix (GLCM) examines the occurrence of specific pixel value pairs at defined spatial 

relationships. It provides insights into texture and structural patterns (12–14). 

▪ Frequency-Based Algorithms 

Frequency-based techniques transform image data from the spatial domain to the frequency 

domain. This makes it easier to analyse periodic patterns and repetitive structures (25). Methods 

like the Fourier Transform decompose an image into its frequency components, revealing 

information about texture, edges, and orientation. These techniques are especially effective in 

identifying recurring patterns within textures. 

▪ Statistical Moments and Simple Descriptors 

Statistical moments, such as mean, variance, skewness, and kurtosis, provide a concise 

description of the intensity distribution in an image (39). These simple descriptors are efficient to 

compute and offer a compact representation of an image's properties. Therefore, makes them 

ideal for tasks requiring fast and lightweight analysis. 
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Table 3.1 key techniques for image preprocessing 

Technique Description Aim Methods Use Cases References 

Noise Reduction 
Minimises random 
variations in pixel intensity 
to improve feature quality. 

Enhance image clarity 
while preserving important 
details. 

- Gaussian Filtering 
- Median Filtering 
- Bilateral Filtering 

Medical imaging, reducing 
sensor noise. 

(25) 

Image Resizing 
Standardises image 
dimensions for consistent 
processing. 

Ensure uniformity in image 
size for algorithm 
compatibility. 

- N Neighbor Interpolation 
- Bicubic Interpolation 
- Down sampling with 
Antialiasing 

Standardising input sizes for 
neural networks. 

(28) 

Normalisation 
Adjusts pixel intensity values 
to a consistent range for 
uniformity. 

Facilitate consistent data 
representation and 
analysis. 

- Min-Max Normalisation 
- Z-Score Normalisation 

Normalising pixel intensity for 
machine learning models. 

(30) 

Colour Space 

Transformation 

Converts images into 
different colour spaces for 
specific tasks. 

Optimise the image format 
for computational tasks. 

- RGB to Grayscale 
- HSV Conversion 

Simplifying inputs for object 
detection and segmentation 
tasks. 

(31) 

Edge Detection 
Highlights boundaries by 
detecting significant changes 
in intensity. 

Extract prominent edges to 
assist in feature 
recognition. 

- Canny Edge Detection 
- Sobel Operator 
- Prewitt Operator 

Boundary detection for object 
recognition. 

(32) 

Image 

Thresholding 

Converts grayscale images 
into binary images based on 
thresholding. 

Simplify image data by 
isolating significant 
regions. 

- Global Thresholding 
- Otsu's Method 
- Adaptive Thresholding 

Isolating objects in image 
binarization. 

(33) 

Morphological 

Operations 

Processes images based on 
their shapes to refine or 
emphasise regions. 

Refine structural elements 
or remove noise artifacts. 

- Erosion 
- Dilation 
- Opening 
- Closing 

Improving image shapes for 
analysis in biomedical imaging. 

(34) 

Gamma 

Correction 

Adjusts image brightness to 
correct non-linear intensity 
variations. 

Improve image visibility 
and dynamic range. 

- Power-Law Transformation 
- Log Transformation 

Enhancing brightness in low-
contrast images. 

(35) 
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▪ Texture-Based Algorithms    

Texture-based methods quantify the spatial arrangement of pixel intensities to describe the 

texture of an image (36). Local Binary Patterns (LBP), for instance, encode the relationship 

between a pixel and its neighbours into a binary representation, effectively capturing micro-

patterns. This approach is commonly used in texture classification, defect detection, and face 

recognition. 

▪ Shape-Based Algorithms 

Shape-based techniques analyse geometric properties like edges, boundaries, and contours 

within an image. The Hough Transform (37) is a widely used method for detecting lines, circles, 

and other shapes by transforming points in image space into parameter space. These methods are 

crucial in applications such as road marking detection and industrial inspection. 

▪ Deep Learning-Based Algorithms 

Deep learning methods, particularly Convolutional Neural Networks (CNNs), have 

revolutionised feature detection by learning hierarchical representations directly from raw image 

data. These networks extract complex features at multiple levels, enabling accurate image 

classification and object detection (38). They have proven effective across domains, from medical 

imaging to autonomous driving. 

▪ Domain-Specific Algorithms 

Particular fields design these algorithms to address specific challenges. For instance, in medical 

imaging, algorithms may analyse textures to detect abnormalities in tissues. In remote sensing, 

vegetation indices like Normalised Difference Vegetation Index (NDVI) assess plant health from 

satellite images (40).  By leveraging domain knowledge, these methods enhance the relevance 

and effectiveness of feature detection. 

The diverse methodologies and applications of these feature detection techniques are 

summarised in Table 3.2 (29,41). It provides a comprehensive view of how different approaches 

contribute to effective feature extraction in various domains. 

2. Feature Extraction Challenges 

The feature extraction process encounters several challenges that can impact the performance 

and generalisation of models. Below, we delve into three primary challenges. 
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a) Robustness to Image Variations 

Images often exhibit variations due to changes in lighting, scale, rotation, occlusion, and noise. 

These variations can lead to inconsistent feature representations, affecting the accuracy and 

reliability of computer vision systems (42,43). 

▪ Lighting Variations: Changes in illumination can alter the appearance of objects, 

making it difficult for features to remain consistent across different lighting conditions. 

▪ Scale and Rotation Variations: Objects may appear at different sizes or orientations, 

challenging the feature extraction process to recognise them as the same object. 

▪ Occlusion: Partial obstruction of objects can result in incomplete feature 

representation, complicating accurate recognition. 

▪ Noise: Random variations in pixel values can obscure important features, leading to 

potential misinterpretation. 

b) Dimensionality Reduction 

High-dimensional feature spaces can lead to increased computational costs, memory usage, and 

the risk of overfitting (44). Effectively reducing dimensionality while preserving essential 

information is a significant challenge (29,45). 

▪ Computational Complexity: High-dimensional data requires more computational 

resources for processing and analysis, which can be impractical for large datasets. 

▪ Storage Requirements: Storing high-dimensional data demands substantial memory, 

posing challenges for systems with limited resources. 

▪ Overfitting Risk: Models trained on high-dimensional data may capture noise and 

irrelevant patterns, leading to poor generalisation to new data. 

c) Overfitting and Underfitting 

Achieving a balance between overfitting and underfitting is essential for model generalisation.  

▪ Overfitting: Models that are too complex may fit the training data too closely, including 

its noise, resulting in poor performance on unseen data. 

▪ Underfitting: Models that are too simple may not capture the underlying structure of the 

data, leading to poor performance even on training data. 

These challenges underscore the importance of developing sophisticated feature extraction 

methods that can handle variability in data (46). Additionally, it is essential to develop techniques 
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that reduce dimensionality effectively (47). Maintaining a balance between overfitting and 

underfitting is also critical for enhancing model performance across various applications (48). 

b) Feature Description (Coding) 

Feature description, usually referred to as feature coding, is the process of giving a meaningful 

representation to each extracted feature. Most of the time, this representation is vector-based 

since many classifiers in tasks like image recognition require fixed-length vector inputs (20). 

In the context of image analysis, feature coding is the process of encoding local features 

derived from image patches. The local features are extracted from specific regions of an image, 

known as region of interest (ROIs) (27). These features are transformed into standardised, fixed-

length vectors, which serve as inputs to the recognition system. Fig. 3.2 illustrates the sequence.  

The main objective of feature coding is to ensure that these vectors really represent the 

fundamental information while being compatible with the input requirements of classification 

algorithms (49). This step mainly translates the raw feature data into an organised format that can 

be successfully worked out by the classification models. 

 

 

 

 

Fig. 3.2 Illustration of Feature extraction and Description 
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Table 3.2 Overview of Common Feature Detection Techniques and Their Applications 

Technique Examples Applications Output Format Analysis Focus Real-World Usage 

Statistical-Based 

Algorithms 

Mean, Variance, 

GLCM 

Texture analysis, object 

recognition, image retrieval 
Numerical vector 

Analysing statistical properties 

of pixel intensity distributions 

Image texture analysis in 

defect detection 

Frequency-Based 

Algorithms 

Fourier Transform, 

Wavelet Transform,  

Texture classification, image 

compression, medical imaging 

Frequency coefficients 

or numerical vector 

analyse periodic patterns and 

structures 

Texture classification in 

medical imaging 

Texture-Based 

Algorithms 

LBP, GLCM, Fractal 

Analysis 

Material classification, defect 

detection, biometric 

identification 

Histogram or texture 

descriptor vector 

Capturing texture 

characteristics for 

classification 

Facial recognition for 

biometrics 

Shape-Based 

Algorithms 

Hough Transform, 

Contour Analysis 

Object recognition, scene 

analysis, shape-based matching 
Shape descriptor vector 

Analysing geometric shapes 

and contours in images 

Road lane detection in 

autonomous vehicles 

Deep Learning-Based 

Algorithms 
CNNs 

Face recognition, object 

detection, medical diagnosis 

Hierarchical feature 

vector 

Learning hierarchical features 

from data 

Object detection in 

surveillance systems 

Statistical Moments 

and Simple Descriptors 

Mean, Skewness, 

Moment Invariants 

Shape classification, feature 

simplification, image 

comparison 

Statistical descriptor 

vector 

Evaluating statistical moments 

for feature extraction 

Shape analysis in medical 

imaging (e.g., tumour 

detection) 

Domain-Specific 

Algorithms 

Haralick Features, 

NDVI, Gabor 

Wavelets 

Healthcare, agriculture, remote 

sensing, manufacturing 

Application-specific 

descriptor (e.g., indices, 

wavelets) 

Tailoring feature extraction 

techniques to specific 

applications 

Satellite vegetation 

analysis using NDVI 
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c) Feature Selection 

Selecting the optimal features is one of the most challenging aspects of pattern processing. This 

difficulty arises from a circular dependency. Determining the best features requires evaluating 

classifier accuracy. However, the classifier itself relies on the extracted features (50). This 

challenge complicates the objective assessment of feature extraction methods. In the absence of 

clear guidelines, researchers often rely on educated guesses or subjective choices based on 

personal judgment. Such approaches can introduce bias when designing feature sets (51). While 

these approaches can sometimes yield effective results, they become less reliable as the 

complexity of the patterns increases. 

Feature selection can be defined as the process of identifying relevant characteristics while 

eliminating unnecessary and redundant ones. It aims to produce a subset that accurately 

represents the problem with minimal performance impact (52). This process offers numerous 

advantages (27), including:  

▪ The enhancement of machine learning algorithm performance.  

▪ General data reduction, minimising storage requirements and potentially aiding in cost 

reduction.  

▪ Feature set reduction, conserving resources in subsequent data collecting or during 

application.  

▪ Simplicity, the potential for employing more compact models, and enhanced speed 

 

Despite these advancements, feature extraction methods continue to vary widely. This 

diversity highlights the complexity and subjectivity involved in selecting the most effective 

features for specific tasks (52). 

1. Feature Selection Methods 

Feature selection methods can be broadly classified into two categories: individual evaluation 

and subset evaluation (53). Individual evaluation, often referred to as feature ranking, assesses 

features individually by assigning weights based on their relevance to the target variable. While 

this approach is computationally efficient and easy to implement, it is limited in its ability to 

address redundancy among features. Redundant features are likely to have similar relevancies, 

making their ranking comparable and challenging to identify for removal. 
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In contrast, subset evaluation focuses on the generation of subsets of features using particular 

search strategies. Each generated subset is valued using a certain measure and compared with 

previously identified subsets to determine its effectiveness (54). This approach effectively 

handles feature redundancy by evaluating the relationships and interactions between 

features (55). It faces a significant challenge in computation since it is necessary to conduct a 

search through a number of feature subsets during the generation step, especially in high-

dimensional datasets. Nevertheless, subset evaluation enables a more comprehensive way of 

feature selection through considerations of relevance and redundancy (53) . 

Beyond these two approaches, feature selection methods can be further grouped by the level 

to which they are integrated into the learning algorithm that constructs the predictive model (52). 

The key of this classification underlines the interaction between feature selection and model 

building, especially methodological choices while designing efficient and accurate learning 

systems. Table 3.3 presents a comprehensive comparison of feature selection methods, 

categorised based on their Integration with Learning Algorithms. 

▪ Filter Methods 

These methods rely on the general characteristics of training data. They carry out the feature 

selection process as a preprocessing step, independent of the induction algorithm. This approach 

is advantageous for its low computational cost and good generalisation ability. 

▪ Wrapper Methods 

It involves using a learning algorithm as a black box. The algorithm's prediction performance is 

used to assess the relative usefulness of subsets of variables. In other words, the feature selection 

algorithm uses the learning method as a subroutine. This approach introduces a computational 

load, as the learning algorithm must evaluate each subset of features. However, this interaction 

with the classifier often results in better performance than filters. 

▪ Embedded Methods 

They perform feature selection in the process of training and are usually specific to given learning 

machines. Therefore, the search for an optimal subset of features is built into the classifier 

construction. This process can be viewed as a search within the combined space of feature subsets 

and hypotheses. This approach is able to capture dependencies at a lower computational cost 

than wrappers.
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Table 3.3 Classification of Feature Selection Methods by Integration with Learning Algorithms 

Category Algorithms 
Individual 

Evaluation 

Subset 

Evaluation 
Advantages Disadvantages Use Cases 

Filters 

Chi-Squared, Information Gain 

(IG), Correlation-Based Feature 

Selection (CFS), Consistency-Based 

Filter, Fast Correlation-Based Filter 

(FCBF), INTERACT, ReliefF, 

Minimum Redundancy Maximum 

Relevance (mRMR), Md Filter. 

Chi-Square, 

IG, ReliefF, 

mRMR, Md 

CFS, 

Consistency, 

FCBF, 

INTERACT 

Independence of the 
classifier 
 Lower computational cost 
than wrappers Fast 
Good generalisation ability 

No interaction with the 

classifier 

Preprocessing for 

high-dimensional 

data (e.g., text 

classification, 

genomics) 

Wrappers 

Recursive Feature Elimination 

(RFE), Sequential Forward 

Selection (SFS), Sequential 

Backward Elimination (SBE), 

Wrapper Subset Evaluation (Weka) 

- All 

Interaction with the classifier 

Captures feature 

dependencies 

Computationally expensive 

Risk of overfitting 

Classifier-dependent selection 

Small to medium 

datasets with 

complex interactions 

(e.g., bioinformatics, 

image processing) 

Embedded 

Methods 

Recursive Feature Elimination for 

Support Vector Machines (SVM-

RFE), Feature Selection Perceptron 

(FS-P) 

FS-P SVM-RFE 

Integrated with model 

training 

Computationally efficient 

compared to wrappers 

Captures dependencies 

Classifier-dependent selection 

Model-specific 

Results may not generalise to 

other algorithms 

Regression and 

classification 

problems with 

regularisation (e.g., 

medical imaging, 

financial forecasting) 
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Combining feature selection methods present a promising opportunity to balance 

computational efficiency with performance. This approach leverages the strengths of both filters 

and wrappers (56). It consists of using filters for an initial reduction of irrelevant features, 

ensuring scalability and speed, followed by wrappers to refine feature subsets with model-

specific evaluations. 

This approach enables hybrid methods to address high-dimensional data challenges 

effectively and capture feature interactions and dependencies (57). Their flexibility allows for 

adaptation to specific tasks, making them a versatile solution in domains like bioinformatics (58), 

text mining, and image analysis (59). By bridging the gap between computational efficiency and 

optimisation, hybrid methods highlight the potential for innovative, domain-specific 

applications. 

2. Feature Selection Challenges 

Extensive datasets have presented new challenges for feature selection methodologies. Although 

conventional methods have demonstrated efficacy with smaller datasets, the emergence of "Big 

Data" and "High Dimensionality" necessitates flexible and scalable strategies (60).  

Significant problems emerge from the excessive number of features, potentially resulting in 

inefficiencies, redundancy, and augmented computational expenses. To address these demands, 

scaling feature selection necessitates both creative algorithms and frameworks that can function 

efficiently in distributed and real-time settings  (61,62). 

This section examines the issues associated with large dimensionality, scalability, and novel 

techniques including distributed and real-time feature selection. Addressing these challenges 

enables the development of tools that meet the needs of data-intensive fields. 

▪ Ultra Large Number of Dimensions 

In the modern era of Big Data, machine learning techniques must be updated to effectively 

manage this enormous volume of data. The phrase “Big Dimensionality” is used to describe the 

extraordinary increase in the number of features. This increase has reached levels that render 

current state-of-the-art machine learning techniques insufficient (63). 

▪ Scalability 

Most existing learning algorithms were designed when datasets were relatively small. Today, 

handling small-scale and large-scale learning problems requires different trade-offs (64). For 
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small-scale problems, the trade-off typically revolves around balancing approximation and 

estimation. 

In contrast, large-scale problems involve a more complex trade-off that considers not only 

accuracy but also the computational demands of the algorithm (65). Additionally, many 

algorithms assume that datasets can fit entirely in main memory. This assumption becomes a 

major limitation when datasets exceed memory capacity, rendering these algorithms ineffective. 

▪ Distributed Feature Selection 

Typically, feature selection is performed in a centralised way, where a single learning model is 

used to address the problem. However, with data now often distributed across different sources 

or locations, feature selection can benefit from processing multiple subsets either sequentially or 

concurrently. This shift introduces several approaches to distributing the feature 

selection task (66). 

▪ Real-Time Processing 

With the rise of Big Data, information is being collected at an exponential rate. This rapid growth 

creates a serious need for methods that can process data efficiently and quickly (52). In an era 

dominated by social media networks and portable devices, real-time solutions for tasks like 

content moderation or augmented reality filters in video analysis are becoming increasingly 

essential. These solutions ensure smooth user experiences and managing vast amounts of 

dynamic content (63). 

The challenges discussed in this section underscore the importance of addressing the 

evolution of data dimensionality. A topic that remains insufficiently addressed in the global 

research literature  (60). In recent years, datasets with millions of features have become common, 

and this trend is expected to continue as advancements in computing and information 

technologies progress (67). 

3.2.1.4 Classification and Decision Making 

a) Classification 

Image classification seeks to establish a mapping function 𝑓 that assigns a label 𝑦 to a given image 

𝑖, expressed mathematically as 𝑦=𝑓(𝑖). The optimal function is one that minimises classification 

errors when evaluated on a labelled dataset (training data) (68). To make this process 

computationally efficient and achievable with a finite dataset, the problem is regularised by 
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constraining the set of potential functions. This restriction ensures that the optimal function can 

be identified within practical limits of computation and data availability. 

During the inference phase, the function 𝑓 is generalised to predict labels for previously 

unseen data images that were not included in the training process. This generalisation is a critical 

aspect of image classification, as it determines the model's ability to perform accurately on real-

world datasets. By balancing computational constraints with the need for effective generalisation, 

classification models aim to deliver robust and scalable solutions to diverse image recognition 

tasks. 

1. Strategies for classification 

Generally, two different strategies for classification can be distinguished: 

▪ Matching an appearance model with image features 

This involves aligning a predefined model that represents the appearance of an object (e.g., a face, 

shape, or texture) with features extracted from an image. The goal is to identify and localise the 

object within the image by matching its features to the model. Techniques like template matching, 

feature matching (e.g., SIFT, ORB), or deep learning-based object detection algorithms (e.g., Faster 

R-CNN, YOLO) are often used for this purpose. 

▪ Mapping a feature vector to a class label 

This refers to the classification process, where a vector of features extracted from an image is 

mapped to a corresponding category or class. This step typically involves using a trained classifier, 

such as a Support Vector Machine (SVM), Decision Tree (DT), or a Neural Network (NN), to assign 

a label (e.g., "cat" or "dog") to the input based on the learned mapping between features and 

classes during training. 

2. Types of Classification Models 

▪ Traditional Machine Learning Models 

Traditional models rely on explicit feature extraction followed by classification, Fig. 3.3 illustrates 

the process. These models include algorithms such as Support Vector Machines (SVMs), Decision 

Trees, and k-Nearest Neighbours (kNN) (4). These classifiers operate by mapping handcrafted 

feature vectors to class labels using pre-defined rules or statistical relationships. 

While effective for smaller datasets with well-separated classes, traditional models often 

struggle with high-dimensional data and require domain expertise for feature engineering (69). 
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For instance, SVMs are highly effective in defining linear and non-linear decision boundaries 

when combined with kernel functions, but their scalability is limited in high-dimensional 

spaces (70). 

▪ Deep Learning Models 

Deep learning models integrate feature extraction and classification into a unified trainable 

framework. This eliminates the need for manual feature engineering. Fig. 3.3 demonstrates the 

concept. Convolutional Neural Networks (CNNs) are a main example, excelling in capturing 

spatial hierarchies of features from raw pixel data (71). These models utilise layers of 

convolutional and pooling operations to distil essential features from images. Fully connected 

layers then follow for classification (72). 

While deep learning models are highly adaptable and effective in handling large-scale, 

complex datasets, they demand extensive computational resources and labelled data for training 

(73). Their end-to-end learning capability represents a significant advancement over traditional 

approaches. 

▪ Hybrid and Ensemble Models 

Hybrid and ensemble models combine multiple classifiers to enhance prediction accuracy and 

robustness. Techniques such as bagging (bootstrap aggregation) and boosting are commonly 

employed to aggregate decisions from diverse classifiers (74). For example, in ensemble models, 

weaker classifiers like decision stumps are sequentially trained in boosting schemes (e.g., 

AdaBoost), with each classifier focusing on errors made by the previous one. Ensemble strategies 

effectively address non-linearities and multimodal likelihood functions while mitigating 

overfitting (75). These methods are particularly useful for sparse and high-dimensional feature 

spaces. 
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Fig. 3.3 Feature extraction in machine learning and deep learning 

b) Decision Making 

Decision-making is the final stage in image classification, where a system assigns a class label to 

an input based on extracted features. This critical step determines the performance and reliability 

of the classification system (68). The approaches to decision-making vary significantly depending 

on the nature of the model employed and the characteristics of the data. Broadly, decision-

making strategies can be categorised into traditional feature-based methods (76) and neural 

network-based approaches (77). Each type has unique advantages and challenges, making the 

choice of method highly context-dependent. 

1. Decision-Making Methods 

▪ Decision-Making in Traditional Feature-Based Methods 

Feature-based methods rely on explicit decision boundaries defined in a feature space 

constructed from manually designed descriptors. In these systems, algorithms such as Support 

Vector Machines (SVMs) (78) or decision trees use extracted features to partition the feature 

space into regions corresponding to different classes. For example, linear classifiers like SVMs 

with linear kernels create hyperplanes to separate classes. These kernels are optimal for linearly 

separable data. Fig. 3.4 shows the difference between linear and non-linear decision boundaries.  
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In contrast, kernel SVMs can be customised to model non-linear boundaries (79), enabling 

them to capture more complex relationships. Additionally, methods like template matching or 

active appearance models align image features with predefined templates. This provides a direct 

approach to decision-making. While these methods are computationally efficient and 

interpretable, they are often limited by their dependence on handcrafted features and their 

difficulty in handling high variability within classes (80). 

▪ Decision-Making in Neural Networks 

Neural networks take a fundamentally different approach by integrating feature extraction and 

decision-making into a unified, trainable framework (81). Through end-to-end learning, neural 

networks automatically learn the most relevant features and map them to class labels. Their 

ability to model both linear and non-linear relationships makes them highly adaptable (68). 

Neural networks often employ probabilistic outputs through activation functions like SoftMax, 

which provide class probabilities rather than hard labels. 

This flexibility allows for threshold-based classification, accommodating uncertainty and 

improving robustness in complex datasets (82). However, neural networks require large amounts 

of labelled data and computational resources. In addition, their decision-making processes can 

sometimes lack interpretability compared to traditional methods. 

Understanding the distinct characteristics of feature-based and neural network-based 

decision-making allows to select the most appropriate strategy for the specific classification 

task (77). Each approach has its place, with feature-based methods offering simplicity and clarity 

and neural networks excelling in scalability and adaptability to diverse data distributions. 

2. Decision Boundaries and Strategies 

▪ Linear vs Non-linear Decision Boundaries 

Decision boundaries define the regions in the feature space where a classifier transitions from 

predicting one class to another. In Fig. 3.4 linear decision boundaries are represented by straight 

line in 2D, and could be a plane in 3D, or a hyperplane when the data exists in 4 or more 

dimensions (features), making them computationally efficient and interpretable (30). These are 

typically used when the data is linearly separable, as seen in classifiers like Support Vector 

Machines with linear kernels and Logistic Regression (83). 
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In contrast, non-linear decision boundaries are required for more complex datasets where 

classes cannot be separated by a straight line (84). These boundaries can take irregular shapes, 

capturing complex patterns within the data. In Fig. 3.4 non-linear decision boundaries are 

represented by a circle. Classifiers such as SVMs with non-linear kernels, neural networks, and 

decision trees are well-suited for modelling non-linear decision boundaries. They allow for 

greater flexibility in handling real-world problems with complex feature distributions (85). A 

comparative analysis of the fundamental attributes of linear and non-linear classifiers is 

summarised in Table 3.4. 

Table 3.4 Comparative Analysis of Linear and Non-linear Classifiers Based on Decision Boundaries 
   

Aspect Linear Classifiers Non-linear Classifiers 

Decision Boundary Straight line or hyperplane Curved, irregular, or complex shapes 

Examples 
Logistic Regression, Linear 

SVM, Perceptron 

Kernel SVM, Decision Trees, Random Forests, k-

NN, Neural Networks 

Working 

Mechanism 

Separates data using linear 

equations 

Uses transformations, kernels, or hierarchical 

rules to separate data 

Data Assumptions 
Assumes data is linearly 

separable or nearly separable 
Handles non-linear patterns in data effectively 

Interpretability 
High (easy to understand 

weights and decision rules) 

Moderate to low (e.g., decision trees are 

interpretable, but neural networks are not) 

Training Complexity 
Low (efficient on small 

datasets) 

High (requires more computation, especially for 

large datasets or deep models) 

Memory 

Requirements 

Low (requires minimal 

storage for coefficients) 

High (storing kernel matrices, decision paths, or 

network weights) 

Strengths 

- Fast training 

- Works well with 

structured/tabular data 

- Flexible 

- Can model complex relationships 

- Handles unstructured data like images 

Weaknesses 

- Limited to linearly 

separable data 

- Struggles with complex 

patterns 

- Computationally intensive 

- Risk of overfitting without proper 

regularisation 

Applications 

Text classification, spam 

filtering, small-scale 

predictive analytics 

Image recognition, medical diagnostics, 

autonomous systems, speech analysis 

Examples of Use 

Cases 

Classifying emails as 

spam/non-spam 
Predicting tumour malignancy in medical images 
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Fig. 3.4 Visual comparison of linear and non-linear decision boundaries 

 

▪ Probabilistic vs Deterministic Strategies 

Classification strategies are generally categorised as probabilistic or deterministic. Probabilistic 

strategies assign probabilities to each class, providing a measure of confidence in the 

prediction (86). These strategies, used in models such as Naïve Bayes and Logistic Regression, are 

particularly useful when decisions need to incorporate uncertainty or when threshold-based 

decision-making is required (87). For instance, in medical diagnostics, a probabilistic model can 

estimate the likelihood of a disease, aiding in informed decision-making (88).  

On the other hand, deterministic strategies make definitive predictions without providing 

confidence scores (89). These strategies, such as those used in decision trees or rule-based 

systems, are valued for their simplicity and speed. This makes them appropriate for applications 

where interpretability and rapid decision-making are prioritised. The choice between 

probabilistic and deterministic approaches depends on the specific requirements of the task (87). 

These include the need for confidence measures, computational constraints, and application 

domain. Table 3.5 provides a comparative analysis of the two strategies. 
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Table 3.5 Comparison of Probabilistic and Deterministic Strategies in Classification Tasks 
   

Feature Probabilistic Deterministic 

Boundary Type 

Soft: Decision boundaries are derived from 

probability thresholds, allowing flexibility 

and adaptability. 

Hard: Decision boundaries are 

fixed and create strict separations. 

Uncertainty 

Modelling 

Yes: Provides probabilities that quantify 

confidence in classification decisions. 

No: Assigns classes directly 

without modelling uncertainty. 

Output 
Probabilities or scores: Outputs real-valued 

probabilities or confidence scores. 

Class labels only: Outputs binary 

or categorical labels. 

Flexibility 
Higher: Handles complex, overlapping data 

distributions effectively. 

Lower: Works best when class 

distributions are clearly 

separable. 

Computational Cost 
Generally higher: Iterative optimisation is 

often required for probability calculations. 

Generally lower: Simpler 

computations, with less reliance 

on iterative optimisation. 

Examples 

Logistic Regression, Naive Bayes, SoftMax 

Classifiers, Gaussian Mixture Models 

(GMM) 

SVM, Decision Trees, K-Nearest 

Neighbours (kNN), Perceptron 

 

▪ Neural Networks Strategies 

Neural Networks (NNs) can operate using probabilistic strategies to provide more nuanced 

decision-making. These networks use activation functions like SoftMax for multi-class problems 

or sigmoid for binary classification, generating outputs that reflect the likelihood of belonging to 

each class (82). This probabilistic approach makes them especially effective in scenarios where 

understanding uncertainty is critical, such as in medical diagnosis or risk assessment (90). By 

quantifying confidence in predictions, probabilistic neural networks allow for more informed 

decision-making, particularly in cases where data is noisy or ambiguous. 

On the other hand, Neural Networks can also adopt deterministic strategies, where class 

assignments are made based on predefined thresholds without explicitly modelling 

probabilities (91). These networks are often used in real-time systems, where speed and 

decisiveness are prioritised over uncertainty quantification. For example, in binary classification, 

a hard threshold applied to a sigmoid output quickly assigns a class. Similarly, piecewise linear 

activations like Rectified Linear Unit (ReLU) create clear, fixed decision boundaries. Deterministic 
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approaches are well-suited for tasks requiring fast, direct responses, such as embedded systems 

or automated control applications (92). 

In summary, neural Networks seamlessly integrate into both probabilistic and deterministic 

strategies, adapting to the specific needs of a given task. Probabilistic neural networks excel in 

scenarios requiring uncertainty quantification and nuanced decision-making, while deterministic 

networks are favoured in time-sensitive or resource-constrained environments. By leveraging the 

strengths of both approaches, neural networks demonstrate remarkable adaptability across 

diverse classification challenges. 

3.3 Fine-Tune Classifiers 

In many applications, the optimal setting of a set of parameters defining a solution for a given 

problem is decisive. Theoretically, an exhaustive search of the entire parameter space could 

identify the combination of values that best suits the system's desired operation (93). These 

values are denoted as hyperparameters. To evaluate how well a solution meets the desired 

criteria, we can also use a formalised measure, often referred to as cost, energy, or an objective 

function such as likelihoods, cost and loss functions. These functions quantify alignment with the 

desired outcome and guides optimisation processes to minimise errors or maximise 

performance (86). While exhaustive search would guarantee finding the optimal solution, this 

process very quickly becomes impractical as the number of hyperparameters increases (94).  

This exponentially growing computational cost becomes excessive, even for systems with a 

moderately high number of parameters. Therefore, classification model fine-tuning typically 

relies on alternative optimisation methods that efficiently explore the parameter space for near-

optimal solutions, avoiding the computational overhead of exhaustive search (17). 

The choice of optimisation method depends heavily on the model architecture, dataset size, 

and available computational resources. For instance, fine-tuning the hyperparameters of a 

convolutional neural network for image classification often involves adjusting the learning rate, 

dropout rate, and the number of layers. Efficient optimisation techniques significantly reduce 

training time while ensuring high model performance. 

The primary challenges and trade-offs in fine-tuning classification models are balancing time 

versus accuracy and managing the risk of overfitting: 

1. Time versus accuracy: Faster optimisation methods, such as random search or 

basic gradient descent, may sacrifice accuracy for speed. In contrast, more thorough 
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methods like Bayesian Optimisation can yield higher accuracy but require 

significantly more time and computational resources. 

2. Overfitting risk: Excessive fine-tuning of hyperparameters on validation data can 

lead to overfitting, where the model performs exceptionally well on the validation 

set but struggles with unseen data. 

3.4 Validation and Performance Assessment 

Intelligent systems depend critically on their performance being measurable against well-defined 

benchmarks and validated by research literature. Quantitative evaluation through standardised 

methodologies is essential for assessing the effectiveness of emerging technologies. However, the 

lack of universally accepted standards for performance measurement presents significant 

challenges, including limited reproducibility and comparability of results (95). This issue restricts 

collaboration and delays progress across diverse fields, including manufacturing, healthcare, and 

security. Establishing standardised tools, reference datasets, and open-source libraries could 

simplify performance assessments, enabling more frequent and effective cost-benefit analyses of 

intelligent systems.  

Performance evaluation methods vary in complexity, accuracy, detail, and development time. 

The choice of assessment model depends on the specific evaluation purpose, ensuring the 

approach aligns with the context and objectives of the assessment (96). This section addresses 

key performance metrics essential for evaluating vision systems, emphasising the need for 

standardised and reproducible evaluation frameworks. 

3.4.1 Cross-validation 

Cross-validation is a widely used approach in machine learning for estimating the performance 

of a model regarding its generalisation ability when the data available is small (68). The main aim 

of cross-validation is to ensure that the model generalises well on unseen data and performs well 

on the training data to avoid overfitting.  

The process operates by dividing the data into subsets or "folds", using one-fold for validation 

and the remaining folds for training. We repeat this numerous times, giving each fold an 

opportunity to serve as a validation set, thereby enabling an extensive performance assessment. 

There are various methods to perform cross-validation, including k-fold, stratified k-fold, leave-

one-out, nested, and time-series cross-validation (97).  
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Cross-validation achieves this by utilising techniques that produce a more accurate 

performance estimate. These techniques also help identify overfitting or underfitting, and 

optimise the limited data by using every data point for both training and validation (98). 

3.4.2 Classification Accuracy 

The performance of a classifier is evaluated using its accuracy, defined as the ratio of correct 

predictions to the total number of predictions made (68). For a dataset containing samples xi 

(i=1…, M) with corresponding ground-truth class labels Yi∈{1,…,C}, the classifier cls assigns a 

label cls(xi) to each sample. The accuracy acc(cls) is computed as: 

𝑎𝑐𝑐(𝑐𝑙𝑠) =
|{𝑥𝑖 ∶ 𝑐𝑙𝑠(𝑥𝑖) = 𝑦𝑖}|

𝑀
 

This metric reflects the proportion of correct classifications relative to the total number of 

samples. A classification model is said to demonstrate learning if its accuracy exceeds the 

expected accuracy from random guessing. For instance, in a scenario with C=4 classes, where 

each class has an equal prior probability, random guessing would result in an expected accuracy 

of 0.25 (25%). Any accuracy above this threshold signifies that the classifier has successfully 

captured relationships between features and class labels. 

While overall accuracy provides a useful high-level measure, it may overlook class-specific 

differences in performance. To gain a more detailed understanding, a confusion matrix is 

commonly employed. This matrix is structured with C rows and C columns, corresponding to the 

number of classes. Each row i represents the true class, and each column j represents the 

predicted class. The matrix entry (i , j) indicates the number of samples from the true class i that 

were classified as class j. Correct classifications appear along the diagonal of the matrix, where 

i = j, while misclassifications are reflected in off-diagonal entries. 

The confusion matrix Fig. 3.5 provides valuable insights into classifier performance (68). It 

enables quick identification of classes with high misclassification rates, facilitating targeted 

improvements. Additionally, it offers a reconfirmation of overall accuracy by comparing the 

proportion of diagonal entries to the total (99). Moreover, it highlights particularly challenging 

classes, where significant confusion with others occurs, guiding refinements to the model. By 

integrating overall accuracy with the detailed analysis offered by the confusion matrix, a more 

comprehensive and nuanced evaluation of classifier performance can be achieved. 
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Fig. 3.5 Confusion matrix for a four-class problem 

Precision score p: for a class with class label C measures the ratio of correctly labelled samples 

of a class C to all samples with this label. For instance, if 15 of 20 samples that were labelled as 

“Apple” truly are Apples and the remaining 5 samples were incorrectly labelled, then p=0.75 for 

this label. 

Recall score r: for a class C measures how many members of a class were correctly labelled. If a 

database contains 25 samples with the label “Lemon” but just 15 of them were recognised as 

Lemons, the recall is r=0.60. 

3.4.3 Resource-Specific Metrics 

The evaluation of computational systems must extend beyond accuracy to address their 

operational effectiveness especially in resource-constrained environments. Systems deployed in 

real-world scenarios need to meet performance requirements while challenging with limitations 

in computational power, memory capacity, energy availability, and storage space (100). Adopting 

resource-specific metrics is essential to ensure these systems are viable for diverse applications.  

The following metrics are critical to guide the design, assessment, and deployment of such 

systems: 

1. Computational Efficiency 

Systems must process data efficiently to ensure timely responses in scenarios where speed is 

critical (101). Metrics such as execution time and latency are indispensable for evaluating 

whether a system can meet performance demands while minimising computational overhead. 
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2. Memory Utilisation 

For systems operating under constrained resources, particularly in embedded or edge 

environments (102), efficient memory usage is a fundamental requirement. Evaluating both peak 

and incremental memory needs during crucial phases ensures scalability and reliable 

performance under varying workloads. 

3. Energy Consumption 

Energy efficiency is a key metric for portable and battery-powered systems. It is vital to consider 

energy consumption when designing systems for long-term usability (103). Indicator measures, 

such as computational load and execution time, can provide practical insights when direct energy 

measurement is not feasible. 

4. Model Compactness 

Compact models are essential for systems deployed on devices with restricted storage capacities. 

Prioritising storage efficiency without significantly sacrificing accuracy ensures that systems can 

operate effectively across applications where memory and storage are limited (104). 

5. Cost Efficiency 

Adopting cost-efficient solutions helps balance performance with the financial and hardware 

resources required for deployment (105). This metric is critical for ensuring the scalability of 

systems while maintaining accessibility and affordability for practical use. 

6. Scalability Across Applications 

Scalability must be prioritised to enable systems to adapt to a variety of application domains and 

handle different dataset sizes (106). This metric ensures that solutions remain versatile and 

suitable for a range of environments, from resource-rich settings to low-power devices. 

7. Real-Time Performance 

Real-time processing capabilities are indispensable for systems that must respond rapidly to 

changing conditions (47,107,108). Metrics such as response time and frame rate are necessary to 

evaluate whether a system can meet the temporal requirements of dynamic applications like 

robotics and surveillance. 
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3.5 Applications of Adapted Vision Systems 

The adoption of embedded systems across various industries marks a notable shift in advancing 

adaptability and operational efficiency and precision (109). These systems have transformed 

traditional processes by enabling real-time monitoring, data analysis, and automation (24,110). 

With their affordability, compact design, low power consumption, and robust processing 

capabilities, embedded systems have proven effective in tackling labour-intensive 

tasks (15,21,111). 

Studies highlight the potential of these solutions to enhance accuracy, speed, and adaptability, 

leading to substantial improvements in productivity (22,107,112). This review examines the 

technological advancements achieved in the recent past years. It emphasises the distinct 

applications of embedded systems, the techniques utilised, the performance metrics evaluated, 

and their implications for future developments. 

By analysing these innovations, this review aims to provide a thorough understanding of the 

current landscape and the promising prospects of these cost-effective technologies across diverse 

domains. 

1. Autonomous Vehicles 

Vision systems are optimised for embedded platforms to enhance safety in autonomous driving. 

(21) developed a vehicle-mounted real-time pedestrian trajectory prediction, the system was 

built utilising a compact computer known as Jetson Xavier. It combines pedestrian recognition, 

pose estimation, and optical flow data to estimate future pedestrian movements. The system 

demonstrated a reduction in displacement errors of 6.35% and 3.28% on the JAAD (Joint 

Attention in Autonomous Driving) and PIE datasets (Pedestrian Intention Estimation), 

respectively, as compared to the BiTraP model (Bidirectional Trajectory Prediction). These 

findings highlight the significance of multi-information fusion in trajectory predicting. 

Nonetheless, the study's dependence on certain datasets and the necessity for extensive real-

world validation underscore opportunities for future inquiry. 

Aeronautics is also an active domain for adapted computer vision applications. The research 

conducted by (113) introduces a vision-based in-flight collision avoidance system for Unmanned 

Aerial Vehicles (UAVs) exploiting an embedded computing platform. The system employs a set of 

methods, including dynamic background subtraction, denoising, grouping, and tracking, to 

identify and prevent collisions with moving objects. 
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The implementation entails background removal to emphasise moving items, employing 

morphological procedures and binarization for reducing noise. Moving objects are clustered, and 

noise blobs are excluded using Euclidean clustering. Finally, objects are tracked using the Kalman 

filter. Stereo cameras are utilised to calculate the three-dimensional trajectories of objects, and 

the system performs collision avoidance movements based on these calculated trajectories.  

The system was evaluated on an affordable embedded platform and exhibited the ability to 

identify and monitor small moving entities, such as other drones, in real-time. The results 

demonstrate the system's efficacy in executing evasive moves, hence illustrating the possibility of 

implementing advanced vision-based collision avoidance methods on cheaper embedded 

systems. However, problems include depending on illumination conditions and residual noise in 

background subtraction indicate potential areas for enhancement to address these limits and 

guarantee reliable performance across varied operational contexts. 

2. Environmental Monitoring 

In the field of support for visually impaired individuals (15), techniques were assessed that 

decrease the memory and computational time necessary in a classifier system. These techniques 

adapted classification to low-power microcontroller systems. They preserve the precision 

achieved in workstations with significantly greater resources, conforming to the norms of a 

conventional implementation. The target application for experimental assessment is a crosswalk 

detector integrated into a wearable computer vision equipment designed to assist visually 

impaired individuals. 

The implementation integrates the Gray Level Co-occurrence Matrix (GLCM) with the Support 

Vector Machine (SVM). This integration aids the development of a computer vision application 

based on a feature computation analysis. The analysis enabled the authors to reduce the feature 

length thereby achieving a lower complexity level compared to GLCM's twenty-four (24) 

statistical measures. In addition to employing resized images according to a proposed method for 

selecting the optimal resolution. 

The authors indicated that the experimental results demonstrate that utilising the highest 

resolution is unnecessary. A reduced resolution can still achieve satisfactory accuracy with 

minimal memory usage. The suggested temporal complexity-based feature selection criteria 

demonstrated efficiency in both execution time and memory utilisation. 
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The main optimisation effort was on the feature extraction phase utilising GLCM. The results 

indicated that 94% of the classification timeframe is allocated to that step. The SVM classifier is 

complex, although the feature extraction is considerably more. The memory footprint of the SVM 

is reliant upon two factors: the number of Support Vectors (SV) and the number of Decision 

Functions (DF), both determined by the training procedure. Prior studies typically overlooked the 

latter due to SVM's classification as a binary classifier. However, applications with a greater 

number of classes typically require more data for decision functions. 

On-board vision systems have also contributed to traffic surveillance. (24) presented an 

integrated computer-vision system intended for the detection of multiple objects in traffic 

scenarios. Their solution minimises the drawbacks of current systems, which frequently exhibit 

high costs, operational complexity, and difficulties with congestion, occlusion, and variable 

lighting conditions. The suggested system is engineered to operate precisely and rapidly in 

adverse conditions, including changes in lighting and varying daytime situations. The emphasis 

is on identifying and classifying traffic items in various contexts utilising a refined Sequential 

Monte Carlo (SMC) and Faster R-CNN architecture. 

The improved Modified Faster R-CNN (MF R-CNN) framework presents an innovative 

architecture to boost the detection of small objects and a new probability function, that more 

effectively chooses target samples with accurate labels. This enhancement extends the likelihood 

function inside the SMC framework, utilising background-subtraction spatial-temporal cues to 

preferentially choose positive samples in particular scenarios. A tracklet-based method (short-

term object trajectories) assigns weights to target samples depending on their significance. It 

emphasises positive samples and minimising the inclusion of inaccurately labelled instances in 

the training dataset. The findings demonstrate that the proposed likelihood function technique 

improves detector performance and speeds the training process. 

The results reveal the efficacy of the novel likelihood function in precisely identifying positive 

samples and its superiority compared to the previously suggested SMC framework function. 

Subsequent research must concentrate on addressing the recognised limits. These include 

augmenting the system's robustness to varied traffic conditions. Additionally, optimising 

computational efficiency is a critical area of improvement. Another priority is guaranteeing high-

quality and diversified training datasets. 
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Microcontroller-based vision systems are utilised in environmental monitoring and wildlife 

managing. (112) designed an IoT-based real-time image processing system combined with a 

Deep Convolutional Neural Network (DCNN) for the detection and classification of animals. The 

system aims to prevent human-wildlife conflicts via an early warning and monitoring module. It 

employs field cameras and radio frequency networks to collect and send images to a base station, 

where a pre-trained convolutional neural network model (AlexNet) processes them for feature 

extraction and labelling. Notifications are subsequently dispatched over the Global System for 

Mobile Communications (GSM) to the appropriate authorities. Global Positioning System (GPS) 

data, including latitude and longitude, species identification, gender classification for elephants, 

pose recognition, age estimation, strength assessment (group or individual), along with log date 

and time, is available via a secure web interface.  

The study illustrates successful animal recognition and labelling, even under difficult 

circumstances. It highlights the practical method of computer vision adaptation for IoT with deep 

learning in wildlife surveillance. This method plays a crucial role in wildlife management, 

establishing a basis for subsequent technical progress in this domain. However, potential limits 

arise from reliance on data quality, environmental conditions, scalability, and technological 

infrastructure. 

Agriculture, like prior fields, has seen advances powered by integrated vision systems. (107) 

designed a real-time embedded vision system (real-time EVS) for the online surveillance and 

classification of citrus fruits. It aims to enhance productivity and precision in agricultural 

practices. The system utilises a Field Programmable Gate Array (FPGA) for hardware execution, 

enabling fruit segmentation and categorisation according to colour and size. The decision tree 

(DT) classifier was trained on a balanced collection of reference images, guaranteeing effective 

pixel labelling. 

The system showed superior performance metrics, reaching 97% accuracy in fruit 

segmentation, 94% in colour classification, and 90% in size prediction. It operates at a rate of 60 

frames per second (fps), guaranteeing real-time processing capacity. The existing FPGA 

architecture is restricted to managing two video inputs, highlighting the necessity for higher-

capacity FPGAs to enhance processing capabilities. Future efforts should concentrate on 

augmenting the system's capability to accommodate more types of fruits and increasing the 

volume of video feeds to improve processing power and output. 
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3. IoT and Edge Computing 

Vision systems are also adapted to perform in extensive surveillance applications. (114) built a 

scalable architecture to enhance image processing and object detection in large-scale monitoring 

settings. The approach minimises data transfer and bandwidth usage while improving processing 

speed and scalability. This optimisation focusses on decreasing data transfer and bandwidth 

usage. The architecture has three tiers: the Perception Layer, the Network (Gateway) Layer, and 

the Application (Cloud) Layer. 

The Perception Layer comprises cameras and sensors that acquire raw data. The Network 

(Gateway) Layer refines incoming data to lower its size and complexity before transmission, 

executing functions such as image enhancement and preliminary object detection. The 

Application (Cloud) Layer executes delicate processing functions, including object recognition 

and system coordination. 

The system allocates image processing jobs between edge devices (gateways) and cloud 

servers. Simple preprocessing and object detection are performed at the edge to decrease 

bandwidth usage and reduce latency. Only the identified data, rather than the full image or video 

streams, is transmitted to the cloud for additional processing and identifying the target. 

The implementation of microservices enables a modular system architecture. Every service, 

encompassing preprocessing, object detection, and recognition, is designed, deployed, and scaled 

autonomously. This modularity facilitates the allocation and scalability of discrete components 

as required, without affecting other system elements. The authors assert that the data 

demonstrate substantial advancements in large-scale surveillance operations through decreased 

bandwidth usage and improved processing speed, scalability, and adaptability. 

Assessments demonstrated its suitability for use in smart buildings and industrial parks, 

providing a more resource-efficient and responsive alternative to conventional centralised 

systems. This research encounters multiple problems, including a significant reliance on internet 

connectivity and unclear distribution of workload between the edge and the cloud. These 

problems are crucial for optimising system performance. The experiment was performed in a 

controlled laboratory setting instead of a real-world Internet of Things (IoT) context, thus 

constraining the relevance of the findings to larger, more complex environments. 
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In the topic of trash management, optimised vision systems have demonstrated significant 

value. (111) developed a cost-effective computer vision system to enhance the sorting of 

recyclables. This system was set up on a Raspberry Pi computer and employed TensorFlow and 

OpenCV libraries to identify several materials, including glass, plastic, metal, paper, and 

cardboard. They utilised a big data set of waste photos known as TrashNet, supplemented by new 

pictures sourced from the internet, to train the system. 

In trials, the solution successfully identified recyclables with 90% accuracy in a controlled, 

simulated setting. However, when they attempted to utilise it in real-time using a Raspberry Pi 

camera, the performance deteriorated. The accuracy decreased to 70%, and the system's 

processing speed declined to 1.4 images per second, in contrast to 10 images per second during 

simulations. 

The issues primarily arose from the Raspberry Pi's constrained processing capabilities and the 

inferior quality of images produced by its camera. Although these obstacles, the study indicates 

that enhanced hardware and improved image clarity could render such a system highly 

beneficial. This would be particularly useful for automating the sorting of recyclables. Additional 

efforts are required to enhance the system's speed and precision for practical application in real-

world recycling processes. 

4. Healthcare Diagnostics 

Embedded computer vision contributed to medical diagnoses. (23) introduced an embedded 

vision algorithm aimed at classifying retinal pictures for the identification of diabetic retinopathy. 

The researchers employed a convolutional neural network and k-fold cross-validation to train 

their model using 88,000 high-resolution photos sourced from the Kaggle/EyePacs database. The 

method attained a detection accuracy of 76%, suggesting applicability for non-specialist 

diagnostic purposes in underserved regions. The present accuracy is unsatisfactory for clinical 

implementation, requiring additional enhancement. 

The research highlights the potential of integrated computer vision in improving early 

identification of diabetic retinopathy and lowering vision impairment in high-risk groups.  

5. Industrial Automation 

The research initiated by (110) in robotics presents an integrated computer vision system to 

improve the Long-Fiber Embedded FRESH (LFE-FRESH) hydrogel 3D printing process. The system 
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employs inexpensive components to monitor and regulate the Fiber embedding process in real-

time, thereby reducing Fiber buckling and rectifying over-extrusion. 

The technology revealed notable enhancements in the structural integrity and precision of 3D 

printed hydrogel components. These improvements were observed when tested using single-ply 

polyester and electrochemically aligned collagen (ELAC) fibres. Given its efficacy, the study 

underscores limitations, including dependence on real-time responses, indicating opportunities 

for further enhancement. This research demonstrates the capability of integrated computer vision 

systems to enhance hydrogel 3D printing applications, especially in tissue engineering and 

biohybrid robotics. 

The literature investigation highlights the considerable progress of embedded computer vision 

systems in various fields, enhancing performance, precision, and overall productivity  

(24,111,113,114).  

These systems have revolutionised conventional workflows in disciplines like healthcare (23), 

environmental monitoring (107), waste management (111), and autonomous navigation (21) 

through the integration of novel approaches, architectures, and techniques. Despite these 

advancements, a significant need remains for optimising computer vision algorithms and system 

architectures (109) to enhance their adaptability and performance in resource-limited settings. 

The subsequent section, examines these limits comprehensively, pinpointing areas for further 

investigation to advance the field. 

3.6 Gaps in Existing Research 

1. Balance Between Accuracy and Efficiency 

Most of the embedded computer vision systems face a very serious trade-off between achieving 

a high degree of accuracy and retaining computational efficiency (110–112). Many techniques 

that represent the state of the art perform exceptionally well regarding accuracy, however they 

are often resource-consuming, hence unsuitable for deployment in constrained processing power 

and memory capacity contexts. This is especially critical for applications requiring real-time 

processing, where latency and optimisation of resources become very important (21). Current 

literature provides insufficient exploration of strategies that balance these competing 

requirements effectively. 
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2. Scalability of Solutions 

The literature demonstrates that diverse embedded vision technologies are designed and refined 

for certain datasets (21,107,110) and restricted to experimental environments (111). However, 

their adaptability to practical applications continues to pose a considerable difficulty. Models 

designed for particular circumstances frequently exhibit a deficit of adaptation when confronted 

with varied, dynamic, or unpredictable contexts (24,113). 

The scalability of these systems is not thoroughly investigated, which restricts their wider 

usability, especially in applications like extensive surveillance or challenging autonomous 

navigation tasks. This underscores the necessity for flexible frameworks that operate reliably 

across different scenarios and resource environments. 

3. Adaptability for Extreme Constraints 

Although progress in optimising computer vision systems for constrained environments, existing 

research frequently fails when addressing extreme limitations in power, memory, and 

computational capacity. For instance, applications in IoT (112) or wearable technologies (15) 

require models that operate efficiently with minimal energy consumption and storage. The 

development of algorithms that prioritise adaptability while maintaining acceptable accuracy 

levels remains an open research area. Addressing these constraints is vital for enabling the 

deployment of computer vision systems in under-resourced settings, such as remote healthcare 

diagnostics or wildlife monitoring. 

4. Real-World Validation and Robustness 

A considerable gap exists between laboratory-based research and real-world implementation. 

Many proposed solutions are validated on benchmark datasets or in controlled environments, 

which do not fully reflect the complexities of practical deployment (114). Factors such as varying 

lighting conditions, environmental noise, and hardware limitations are often overlooked (111). 

Bridging this gap requires rigorous real-world validation to ensure that proposed systems are 

robust and reliable under diverse operational conditions. 
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3.7 Conclusion 

This chapter presented a comprehensive review of the literature on embedded computer vision 

systems. It highlighted their significant advancements and diverse applications across many 

domains. These vision systems have demonstrated their potential to enhance efficiency, 

precision, and adaptability while addressing critical challenges in resource-constrained 

environments. By leveraging novel techniques and architectures, they continue to develop and 

contribute to innovation across multiple fields. 

Despite these achievements, the review also uncovered key research gaps, including the need 

for better scalability, enhanced adaptability in extreme conditions, and robust real-world 

validation. Addressing these challenges is essential for maximising the impact of embedded 

computer vision systems and extending their applicability to underexplored domains. 

The next chapter, builds upon the insights gained from the literature review, focusing on 

addressing selected limitations from the identified gaps, relevant to the objectives of the thesis. It 

outlines approaches to optimise feature extraction and classifier design, aimed at improving 

computational efficiency, memory usage, and overall adaptability for resource-constrained 

environments. These methodologies pave the way for improving embedded vision systems (EVS) 

in real-world applications, while maintaining a balance between efficiency and accuracy.
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4.1 Introduction 

The analysis of existing literature revealed substantial gaps in adapting computer vision and 

image processing algorithms to environments with limited resources. The earlier chapter 

emphasised the need to overcome challenges related to computational constraints, memory 

efficiency, and flexibility. These aspects are crucial for enabling effective deployment in 

embedded systems, particularly for extreme constraints. This thesis bases its methodological 

approach on these challenges and the potential for enhancing real-time application performance. 

This chapter presents a detailed insight into the methodology employed to address the thesis 

objectives. It begins by outlining the research design, which includes the conceptual approach 

and theoretical principles that support this approach. This section is followed by a detailed 

description of the efforts made over all the stages of the classification pipeline for enhancements, 

focusing on the features extraction process. 

Additionally, the chapter delves into the dataset and data acquisition techniques. It describes 

the software and hardware configurations, as well as the tools and platforms utilised during 

implementation. The systematic methodology presented here establishes a solid foundation for 

the subsequent analysis and discussion of the study’s findings in the following chapter. 

4.2 Research Design 

The design is based on foundational research, specifically the methods outlined by (15). Our 

proposed approach, as illustrated by the flowchart in Fig. 4.1, introduces performance-oriented 

optimisations to tackle specific challenges in computational and memory efficiency. The most 

significant improvement is the systematic reduction of the feature set by 79.2%, which directly 

results in considerable gains in different metrics. These enhancements enable the system to 

perform in real-time while balancing the trade-offs between efficiency and accuracy. This balance 

is a critical factor influencing successful deployment in constrained environments. 

The theoretical approach focuses on optimising feature selection and classification strategies 

to address the demands of resource-constrained systems. To achieve this, two complementary 

methods were utilised to compact the feature set. First, Complexity-based feature selection (15) 

was applied to prioritise features extracted through the least computationally demanding 

techniques. This was followed by correlation-based feature selection (CFS), which identified and 

maintained the most relevant and non-redundant features. The Support Vector Machine (SVM) 
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classifier was chosen for its demonstrated efficiency in such environments, offering high accuracy 

while minimising computational overhead (73,115,116). 

 

 

Fig. 4.1 Flowchart visualising the proposed methodology for enhancing the embedded classification 

system 

4.3 Recognition Pipeline 

Fig. 4.2 illustrates the sequential stages of the classification pipeline. It outlines visually the 

processes required to analyse and interpret visual data. The figure highlights the flow of 

information through each stage, emphasising the systematic approach employed in this work. 

4.3.1 Image Preprocessing 

In vision-based classification systems, preprocessing is essential for improving the quality of input 

data and ensuring consistent analysis. Through enhancing features and reducing irrelevant 
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information, preprocessing improves the system's ability to extract meaningful patterns. This step 

significantly impacts classification complexity, accuracy and efficiency. It facilitates models to 

achieve better performance and handle diverse input conditions effectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.2 Classification pipeline (15). 

4.3.1.1 Greyscale Conversion 

Greyscale conversion is a common preprocessing step in computer vision systems, particularly 

when colour information is not essential for the task, as in the current classification context. This 

process involves transforming a colour image, typically composed of RGB channels, into a single 

channel that represents intensity (117). The conversion is achieved by applying a weighted sum 

to the RGB values. The result is a greyscale image where each pixel intensity corresponds to a 

shade of grey (0 to 255).  

The primary purpose of greyscale conversion is to simplify the image by reducing data 

complexity while preserving important structural features, like edges and textures (118). This 

Grab A Frame 
• Decimation 
• Greyscaling 
• From 8 Bits To 6 Bits 

Preprocessing 

ROI 
Extraction 

Feature 
Extraction 

Pattern 

Classification 

Target Class 

C1 . C2 . C3 . C4 

Deployed Trained Model (SVM) 

N Feature 

A 

B 

C 

D E 



CHAPTER 04 : METHODOLOGY 

72 

 

Grayscale input 
(1280x720) 

pixels 

Original input 
(1280x720) 

pixels 

Decimated grayscale input by 
M=17 (76x43) 

pixels 

simplification improves computational efficiency, as the system no longer needs to process colour 

information. 

4.3.1.2 Decimation 

To further reduce computational complexity, the resolution of input images is decreased using 

decimation. While traditional resizing methods rely on interpolation to estimate new pixel values, 

decimation employs a low-complexity approach. it directly ignores certain pixels based on a 

predefined sampling pattern (119). For example, an image of size 1280×720 pixels can be 

decimated to 76×43 pixels by selecting every 17th pixel.  

Fig. 4.3 illustrates the process. This approach significantly reduces the computational load 

without introducing artifacts from interpolation (120), making it well-suited for resource-

constrained environments. Additionally, texture-based features, such as those used by GLCM, 

remain largely unaffected, ensuring the retention of critical information even in reduced-size 

images (15). 

To preserve the same quality of the classifier attained by inputting images with larger 

dimensions, which consequently capture a higher level of detail, (15) chose the sample rate 

(M) = 17. This resulted in an image size of 76 × 43 pixels and average accuracy of 90.12%. This 

performance is close to 90.31%, achieved with the original input image size of 1280 × 720 pixels. 

 

 

 

 

 

Fig. 4.3 Visual illustration of greyscale and decimation preprocessing results 

4.3.1.3 Grey Levels Reduction from 8 to 6 Bits in Co-occurrence Matrix 

Researchers In the study (15) investigated the effect of reducing the number of grey levels (Ng) 

in the Co-occurrence Matrix (CM) on classifier performance and computational efficiency. It 

compared different Ng values: 8, 7, 6, 5, and 4 bits, then evaluated classifier accuracy across 

various matrix sizes. The study found that reducing the grey levels does not significantly affect 
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classifier accuracy. Even when reduced to a 64x64 matrix with Ng = 6, the classifier maintained 

high accuracy, reaching 90%.  

Reducing the grey levels led to substantial improvements in memory usage and 

computational efficiency, primarily by decreasing the time required for feature extraction. The 

results demonstrated an important reduction in computation time. The research (15) concluded 

that lowering grey levels provides a favourable balance between maintaining accuracy and 

significantly reducing both memory usage and processing time, as shown in Table 4.1. 

Table 4.1 Execution Time as a Function of the CM Size (in milliseconds) (15) 

Step 
8 bits 

(256 x 256) 

7 bits 

(128 x 128) 

6 bits 

(64 x 64) 

5 bits 

(32 x 32) 

4 bits 

(16 x 16) 

CM Creation 4.864 4.565 4.568 4.913 4.832 

Feature Extraction 454.687 113.796 29.367 7.876 1.991 

Classification (SVM) 0.019 0.019 0.023 0.023 0.021 

Total (ms) 459.571 118.381 33.959 12.814 6.836 
 

4.3.2  Roi Identification and Extraction 

Regions of interest (ROIs) are parts of an image that are relevant to the classification task, allowing for 

targeted analysis instead of processing the entire image. By focusing on ROIs, computational resources 

are conserved, and the accuracy of the process is improved. They isolate information-conveying parts of 

the image, eliminate superfluous background noise, and concentrate on meaningful data. In the context 

of the vision system discussed in this thesis, the ROI is the crosswalk, which serves as the focal 

point for classification. 

4.3.3 Feature Extraction 

Feature extraction involves transforming raw image data into a set of measurable and meaningful 

characteristics that represent the essential patterns or properties of the image. These features are 

used to distinguish objects or patterns within the image, preparing them for classification or 

further analysis (25). The primary goal of feature extraction is to reduce the dimensionality of the 

data while retaining important information about the visual content of the image. 

The adopted pipeline (15) utilised Grey Level Co-occurrence Matrix (GLCM) as an extractor. It 

is a statistical method used for textural analysis in images, resulting in a matrix of N x N 



CHAPTER 04 : METHODOLOGY 

74 

 

values (4), where N corresponds to the number of distinct grey levels in the image. For example, 

an 8-bit image with 256 grey levels results in a 256 × 256 matrix. 

The GLCM is constructed by analysing the spatial relationships between pixel intensities in an 

image. For each pixel, it records how often a neighbouring pixel, at a specified distance and 

orientation, has a particular grey level (121). This process generates a matrix where each entry 

corresponds to the frequency of a specific grey level combination, effectively capturing the 

textural structure of the image.  

Once the matrix is generated, statistical features are extracted to describe the texture. These 

features have diverse real-world applications demonstrating the effectiveness of the extractor. 

For instance, they are used to detect  abnormalities  in  medical  imaging by  analysing texture 

differences (122–124), classify land cover types in remote sensing (125,126), ensure quality 

control by identifying surface defects in industrial vision systems (127–129), support pattern 

recognition tasks such as face recognition (130) and object classification (131). The GLCM 

provides a compact, structured representation of textures, thereby delivering valuable insights 

that enhance analysis while reducing computational complexity. 

GLCM generates 24 features (12–14) computable from a single image as input. These features 

are listed in Table 4.2. In the study conducted by (15), the researchers extracted all features from 

600 images of the crosswalks (16) in their original captured resolution of 1280 x 720 pixel. They 

then calculated the accuracy of the full set, named FS1, after a prediction test run on 50 samples 

from the dataset. 

The study revealed that using the complete features led to a good average precision of 

approximately 91%. However, to optimise the classifier for embedded devices, the researchers 

Implemented an approach based on a complexity analysis of feature computation. This approach 

will be further discussed and enhanced in the dedicated section titled “3.4 Feature Selection 

Process". 

4.3.4 Pattern Classification 

The classification stage (E) comes after the feature extraction. At this stage, it processes a vector 

of features derived from the GLCM, which originally consisting of 24 quantified values. These 

values serve as inputs for the SVM classifier. This process involves analysing incoming extracted 

relevant features to assign each sample to a predefined class. Fig. 4.4 represents samples from the 
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four labelled target classes. This is a fundamental step in pattern recognition, aimed at automating 

the labelling of data samples based on their features. Table 4.2 lists the GLCM’s features as 

referenced.  

The pretrained models can classify novel, unobserved data after learning from the tagged 

training dataset (132). The training subset consists of 400 samples selected arbitrarily among 600 

instances of the target dataset (16). The samples are already matched with their respective class 

labels, allowing the model algorithm to learn the relationship between the input and the outputs. 

After completing the training by learning from given labelled examples (supervised learning), the 

model is capable of predicting the class labels for new input data (unseen data). In summary, the 

objective is to infer a function that maps inputs to outputs based on example input-output pairs.  

 Table 4.2 GLCM’s features presented by reference 

Re
fe

re
nc

e Haralick et al. (1973) 

14 Features 

(12) 

Soh and Tsatsoulis (1999) 

6 Features 

(13) 

Wang et al. (2010) 

4 Features 

(14) 

    

Fe
at

ur
es

 

1. Angular Second Moment (ASM) 

2. Contrast 

3. Correlation 

4. Sum of Squares 

5. Sum Average 

6. Inverse Difference Moment 

(IDM) 

7. Sum Variance 

8. Sum Entropy 

9. Entropy 

10. Difference Variance 

11. Difference Entropy 

12. Information Measures of 

Correlation I (IMC I) 

13. Information Measures of 

Correlation II (IMC II) 

14. Maximal Correlation Coefficient 

(MCC) 

1. Homogeneity 

2. Autocorrelation 

3. Dissimilarity 

4. Cluster Shade 

5. Cluster Prominence 

6. Maximum 

Probability 

1. Sum Mean 

2. Cluster Tendency 

3. Difference Mean 

4. Inertia 

  Total 24 Features 
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(15) employed SVM for this task and it was retained in our work because it consistently 

surpasses other classifiers in various computer vision applications (73,115,116). It demonstrates 

a notable effectiveness and computational efficiency, particularly in small-scale applications. 

SVM excels at handling smaller datasets, making it an optimal choice for such scenarios. Reducing 

the number of features significantly decreases the time and resources needed for training and 

prediction. This, in turn, enhances, furthermore, the practicality and efficiency of SVMs, making 

them a highly suitable option for real-time EVS (133). This efficiency enables SVMs to consistently 

deliver precise classification outcomes while avoiding the high computational demands typically 

associated with larger datasets (134). 
 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.4 Samples from the four classes (16). 

In Chapter 02, Section 2.2.1.5, we discussed the concept of “linear discrimination”. This refers 

to a straight line (or hyperplane in higher dimensions) that separates feature values into two 

distinct groups, denoted classes, one for each class (117). This concept aligns with the Support 

Vector Machine (SVM), which is fundamentally a two-class (binary) classifier (135). The SVM 

identifies the optimal decision boundary by maximising the margin between the two classes, 

ensuring efficient and accurate classification (136). 

[ C1 ] Front crosswalk [ C2 ] Left half-lane 

[ C3 ] Right half-lane [ C4 ] Non-crosswalk 
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In the context of the current thesis, the classification problem involves handling multiple 

classes (K=4), which requires extending the Support Vector Machine (SVM) to operate in a 

multiclass setting. To address this challenge, the One-Versus-The-Rest (OvR) strategy (137), 

illustrated in Fig. 4.5  is adopted. In this approach, K separate SVM models are constructed, and 

each k-th model is trained by treating data from class Ck as positive examples. The remaining data 

from the K−1 classes are treated as negative examples. 

 

 

 

 

 

 

 

 

Fig. 4.5 The One-Versus-The-Rest (OvR) strategy of 4 classes 

In the case of 4 classes, the number of SVMs required for a multiclass problem depends on the 

strategy used, for example: 

1. One-vs-Rest (OvR): 

• For K classes, OvR constructs K binary classifiers. 

• For 4 classes, this results in 4 SVMs, where each SVM separates one class from the 

rest (e.g., Class 1 vs. {2, 3, 4}, Class 2 vs. {1, 3, 4}, and so on). 

2. One-vs-One (OvO): 

• For K classes, OvO constructs 
K (K−1)

2
  binary classifiers. 

• For 4 classes, this results in 
4 (4−1)

2
 = 6 SVMs, where each SVM distinguishes 

between a pair of classes (e.g., Class 1 vs. Class 2, Class 1 vs. Class 3, etc.). 

Thus: 

• In OvR, 4 SVMs are required. 

• In OvO, 6 SVMs are required. 

y 

x 
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Despite its widespread use and effectiveness, this method can occasionally produce 

inconsistent results, such as assigning an input to multiple classes simultaneously. This issue 

arises when the decision boundaries of individual classifiers overlap, leading to conflicts in 

classification outcomes (138). To address this, additional conflict resolution strategies are 

employed to ensure consistent predictions for new inputs. The following strategies are commonly 

used: 

1. Winner-Takes-All (WTA): 

• The class with the highest decision score (output value) is selected as the final 

prediction. 

• This strategy resolves conflicts by prioritising the classifier with the strongest 

confidence level. 

2. Decision Thresholding: 

• A threshold is applied to each classifier's decision score. If no class exceeds the 

threshold, the prediction can be flagged as uncertain, prompting additional steps 

such as rejection or manual review. 

3. Tie-Breaking Rules: 

• In cases where multiple classifiers produce similar scores, predefined rules are 

used to break ties. For example, priority can be given to a specific class based on 

domain knowledge. 

4. Voting Schemes: 

• In ensemble or aggregated approaches, predictions from multiple classifiers are 

combined using majority voting. The class receiving the most votes is chosen as 

the final output. 

5. Post-Processing Optimisation: 

• Methods such as SoftMax normalisation are applied to the decision scores to 

ensure that the probabilities sum to 1. This helps to assign inputs consistently to 

a single class. 

6. Hierarchical Classification: 

• Classes are organised into a hierarchical structure, and decisions are made at 

multiple levels. This strategy reduces the risk of conflicts by progressively 

narrowing the classification scope. 
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Within the scope of this thesis, adopting Winner-Takes-All (WTA) effectively resolves conflicts. 

This method is particularly suitable for resource-constrained environments, as it maintains 

computational efficiency while ensuring consistent and reliable predictions (139). 

Support Vector Machines (SVMs) are fundamentally deterministic classifiers. They determine 

a hard margin hyperplane in the feature space when the algorithm finds the optimal one that 

divides the data points into distinct classes with no misclassification. Alternatively, a soft margin 

is used when the data is not perfectly separable, allowing for errors and overlap (18). For instance, 

consider a dataset with two classes represented as blue and red dots: 

• If all blue dots are on one side of the hyperplane and all red dots are on the other side, 

a hard margin can perfectly separate the data. 

• If some blue and red dots overlap or are misclassified due to noise or measurement errors, 

a soft margin would allow the SVM to find the best trade-off between a wide margin and 

acceptable errors. 

Once the hyperplane is calculated, predictions are made deterministically by evaluating which 

side of the hyperplane a given data point lies on. This process ensures that the SVM produces a 

clear and fixed decision boundary for classification tasks. 

The outputs of an SVM are raw scores, such as the distance of a point from the hyperplane. 

These scores do not directly represent probabilities; instead, a data point is assigned to a class 

based on its relative position to the hyperplane (30). Additionally, for a given dataset and set of 

hyperparameters, the SVM will always produce the same output, underscoring its deterministic 

nature. 

4.4 Feature Reduction Process 

In modern machine learning, representing data in an effective and compact form is crucial for 

optimising model performance (140). Embedding techniques, such as transforming high-

dimensional data into lower-dimensional spaces, are widely employed to achieve this goal (44). 

Dimensionality reduction techniques improve computational efficiency by simplifying the 

representation of complex datasets (141–143).  

Among the various approaches to embedding, feature reduction emerges as a prominent and 

essential process (144–147). Unlike general embedding methods that may prioritise 

interpretability or visualisation (148), feature reduction focuses on optimising the extraction 
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process. This directly impacts subsequent stages in vision systems by retaining the most 

informative components representing the patterns and images (149). Selecting the most relevant 

features enhances the performance of machine learning classifiers, manages overfitting, and 

ensures scalability, specifically when dealing with high-dimensional datasets (52,150,151). 

In this study, we propose an innovative feature reduction methodology to enhance the 

adaptability and performance of machine learning models for real-time embedded vision 

systems. Building on the principles of dimensionality reduction, our approach combines 

complexity-based selection (15) with Correlation-Based Feature Selection (CFS) to optimise the 

feature set for resource-constrained environments. By reducing the initial Grey Level Co-

occurrence Matrix (GLCM) feature set from 24 to 5, the proposed method achieves a remarkable 

79.2% decrease in features while maintaining an accuracy of 84.76%. This streamlined feature 

set minimises computational and memory demands ensuring adaptability and effectiveness, 

making it particularly well-suited for real-time applications.  

The proposed approach demonstrates its impact across various metrics, which are discussed 

in detail within the next chapter. These metrics include a 72.45% decrease in processing time and 

a 50% reduction in model size, highlighting its effectiveness for deployment in embedded 

systems and real-time environments.  

4.4.1 Complexity-Based Selection 

The complexity study investigates the relationship between an algorithm's execution time and 

the input size 𝑛 (152). The input value represents the dimensions of the Co-occurrence matrix. 

This analysis evaluates the algorithm's performance as the input size increases, enabling an 

understanding of its efficiency and scalability. Table 4.3 presents all characteristics delivered by 

GLCM, categorised by their time complexity (15), organised into five levels. 

Considering the lowest complexity, (15) selected the 10 features from the first group to 

construct a novel classifier. The researchers conducted an accuracy study, labelled FS3, which 

demonstrated performance comparable to FS1, the feature set incorporating all 24 original 

GLCM features. 

Table 4.3 (15) shows that theta notation Θ(𝑛) is utilised, indicating that the algorithm's time 

complexity is symmetrically bounded above and below by the input 𝑛, thereby accurately 
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limiting the execution time. The algorithm's performance increases linearly with input size  (153), 

making it a reliable measure of efficiency in scenarios where performance scales with input size. 

It is essential to differentiate the theta notation Θ(𝑛) from the Big O notation. Θ(𝑛) provides an 

exact bound, indicating that the algorithm's growth rate is precisely constrained above and below 

by 𝑛. In contrast, Big O notation specifies an upper bound on time complexity, ensuring that the 

algorithm’s growth rate does not exceed a specific threshold (153). Big O is crucial for 

understanding the worst-case scenario and ensuring that the algorithm's performance remains 

within acceptable parameters. 

In the current situation, where accurate performance characterisation is essential, particularly 

for optimisation in embedded vision platforms, Θ(𝑛) is more appropriate. It offers a precise and 

comprehensive understanding of the algorithm's effectiveness by capturing its specific behaviour 

in various scenarios. 

Although Θ(𝑛²+𝑛) conventionally simplifies to Θ(𝑛²), the '+𝑛 ' term is retained to more precisely 

express the slight variation in complexity. This is especially relevant in embedded systems where 

minor differences can greatly influence performance (15). Moreover, preserving smaller terms 

like '+𝑛' helps better distinguish and group features based on their computational demands, 

facilitating system optimisation for high-demand applications. 

 

Table 4.3 List of GLCM’s features grouped by time complexity (15) 

 Running Time Features 

01 Θ (𝑛 ²) 
ASM, Contrast, IDM, Entropy, Homogeneity, Sum Mean, Maximum Probability, 

Dissimilarity, Difference Mean, Autocorrelation 

02 Θ (𝑛 ² + 𝑛) Correlation, Inertia 

03 Θ (𝑛 ² +2𝑛) Sum Average, Sum Entropy, Difference Variance, Difference Entropy 

04 Θ (𝑛² +4 𝑛 − 2) Sum Variance 

05 Θ (2𝑛²) 
Sum of Squares, IMC I, IMC II, MCC, Cluster Tendency, Cluster Shade, Cluster 

Prominence 
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4.4.2 Correlation-based Feature Selection (CFS) 

Our methodology aims to reduce the dimensionality of the feature vector identified in (15) to less 

than 10 features by merging complexity-based selection with Correlation-based Feature 

Selection (CFS). Selecting the most pertinent features (55) with minimal complexity decreases 

computing expenses for both feature extraction and classification, while maintaining the 

classifier's highest accuracy through effective hyperparameter tuning.  

Compact classifiers require lower computer resources, resulting in shorter processing times. 

This is essential for real-time applications, thereby unlocking the complete potential of integrated 

systems in diverse and challenging environments (154). 

The use of Correlation-based Feature Selection (CFS) for this task is motivated by its ability to 

efficiently identify features that are most pertinent to the target variable while reducing 

redundancy among them (54). In contrast to other feature selection techniques that primarily 

emphasise relevance (79,155–157), CFS assesses both the correlation of each feature with the 

target variable and the inter-correlation among the features themselves. This guarantees that 

each chosen feature contributes distinct information, avoiding the inclusion of features that 

provide redundant insights. 

During the selection phase, the algorithm evaluates multiple combinations and sets of 

features, ultimately identified five features that provide the greatest discriminative strength with 

minimal duplication. Although multiple combinations and feature sets were deliberately 

evaluated, none demonstrated a higher level of precision and efficiency compared to the final set 

utilised in S3. The dual strategy of optimising information while reducing redundancy provides 

the key for improving model performance and efficiency  (158), as evidenced by successful 

outputs in prior studies (159),(160),(58). 

In the complexity investigation method used by  (15), 10 features were initially selected. 

However, after applying Correlation-Based Feature Selection (CFS) in our research, this was 

refined to 5 features. Table 4.4 compares the original vector from (15) with the features retained 

by CFS. The classifier's accuracy, utilising the feature set derived from complexity analysis and 

Correlation-based Feature Selection (CFS) is presented in Table 5.1, under column S3. The first 

column in the table represents the target classes, labelled as C1, C2, C3, and C4. These classes 

correspond to the specific labels that the classification system seeks to distinguish. Fig. 4.4 

provides samples from these four classes. 
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4.5 Training And Fine Tuning 

The deployable model is an SVM classifier trained on the CSV database (16) with a smaller set of 

features. Prior to the training operation, each set of 150 vectors from the four classes is randomly 

divided into two folds to facilitate validation process (97). This is based on the following 

standards: One hundred lines correspond to 67%, are allocated for training, with fifty samples 

from each class reserved for testing (15). 

The classifier's training utilised optimal hyperparameter values, namely the kernel, C, and 

gamma, which were carefully refined through a rigorous process known as grid-search (30,93) , 

a systematic method that evaluates diverse parameter combinations to determine the most 

effective settings for the classifier (17). 

▪ The kernel specifies the type of function used to transform the input data into a higher-

dimensional space, enabling the classifier to effectively handle non-linear relationships. 

Common kernel types include linear, polynomial, radial basis function (RBF), and 

sigmoid. 

▪ The C parameter, also known as the regularisation parameter, controls the trade-off 

between minimising training error and maintaining a margin that generalises well to 

unseen data. A smaller value of C allows for a wider margin but may tolerate some 

misclassifications, while a larger value of C focuses on minimising training errors, which 

may lead to overfitting. 

▪ The gamma parameter defines the influence of individual training example. A small 

value of gamma means that each training example has a far-reaching influence, creating 

a smoother decision boundary. In contrast, a large value makes the influence more 

localised, capturing finer details but risking overfitting. 
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Table 4.4 GLCM’s selected low complexity features description (15), and features maintained by CFS algorithm (current research) 

No. Feature Description CFS maintained features Reference 

1 ASM (Angular Second Moment) 
Measures textural uniformity and energy. High values indicate 

uniform textures. ✓ 

Haralick et al. (1973) 

14 Features 

 (12) 

2 Contrast 
Measures the intensity contrast between a pixel and its neighbour. 

Higher values indicate more contrast. ✓ 

3 IDM (Inverse Difference Moment) 
Measures texture homogeneity. Higher values indicate smoother 

textures. ✓ 

4 Entropy 
Measures randomness. Higher values indicate more complexity and 

disorder in the texture. 
 

5 Homogeneity 
Measures the closeness of the distribution of elements in the GLCM 

to the GLCM diagonal. 
 

Soh and Tsatsoulis (1999)  

6 Features 

(13) 

6 Autocorrelation 
Measures the correlation between pixels. Higher values indicate 

repetitive patterns. 
 

7 Maximum Probability 
The highest probability value in the GLCM , indicating the most 

dominant pair of pixels. 
 

8 Dissimilarity 
Measures variation. Higher values indicate greater variation in the 

texture. 
 

9 Difference Mean The mean of the differences in pixel pairs in the GLCM . ✓ Wang et al. (2010)  

4 Features 

(14) 10 Sum Mean The sum of the mean of the rows and columns of the GLCM . ✓ 
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The fine-tuning process identified the linear kernel for its simplicity and efficacy in managing 

linearly separable data, which aligns with the nature of the used features. Recent studies support 

this selection, demonstrating the linear kernel’s effectiveness even in high-dimensional, linearly 

separable data and real-time applications. If offers an optimal balance between computational 

efficacy and generalisation performance. (161) highlighted the success of the linear kernel in 

determining remaining useful life in real-time applications, emphasising its computational 

efficiency and generalisation capability. Similarly, (69) demonstrated the reliability of a linear 

kernel in on-chip ageing estimation, further validating its suitability for this application. 

The hyperparameter configurations were essential for maintaining high precision in our 

lightweight classifier, despite the reduction in feature set size (50). By carefully adjusting these 

parameters, we optimised the classifier's performance, ensuring consistent and efficient outputs 

appropriate for real-time EVA (93). The integration of advanced feature selection and meticulous 

hyperparameter optimisation highlights the robustness and effectiveness of our enhanced 

classification system (162). 

4.6 Conclusion 

This chapter outlined the methodological framework established to address the research 

objectives. It began by presenting the research design, highlighting the conceptual foundations 

and theoretical principles supporting the study. The methodology employed a systematic 

approach to overcoming computational challenges. It emphasises preprocessing steps, feature 

reduction strategies, and classification techniques for resource-constrained environments. 

Key contributions of this chapter include the use of Gray Level Co-occurrence Matrix (GLCM) 

for feature extraction, the integration of complexity-based and correlation-based feature 

selection methods, and the adoption of a Support Vector Machine (SVM) classifier optimised 

through exhaustive hyperparameter tuning. These techniques collectively aimed to ensure an 

effective balance between computational efficiency and classification accuracy. Furthermore, we 

thoroughly documented the experimental setup and deployment on an embedded system, which 

laid the groundwork for assessing the system's performance in real-time applications. 

The next chapter will evaluate the effectiveness of the proposed methodology. Metrics such 

as accuracy, processing time, and memory usage will be assessed through empirical analysis. This 

evaluation will validate the system's adaptability and robustness, thereby demonstrating its 

ability to address the challenges identified in earlier chapters.
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5.1 Introduction 

The primary focus of this chapter is to provide a comprehensive performance evaluation and 

validation of the proposed classification system. This classifier is systematically assessed across 

various indicators, including computational time, memory usage, storage requirements, and 

accuracy. These metrics are critical in determining the suitability of the system for real-time 

applications, as delays in processing, limitations in computational and memory resources can 

significantly affect its efficiency. 

Our evaluation methodology involves rigorous testing on the Raspberry Pi platform, which 

represents severe resource-constrained settings and simulates real-world operating conditions. 

Additionally, we compare the performance of our system against established state-of-the-art 

methods to highlight its advantages and challenges. This comparative analysis provides insights 

into how the developed system performs relative to existing solutions, offering a clear perspective 

on its practical applicability. 

Furthermore, we examine the implications of the novel approach by evaluating how its 

observed performance meets the strict requirements of embedded systems. We investigate the 

trade-off between classification accuracy, computational and memory demands, which is an 

essential consideration for the deployment of vision systems in resource-constrained settings. 

This analysis aims to provide a nuanced understanding of the operational efficacy of the system 

through inspecting these trade-offs. 

In summary, this chapter conducts an in-depth analysis and a review of our improved 

classification system in terms of performance metrics and its suitability for real-time embedded 

vision applications. The insights gained from this assessment will be invaluable for future 

developments in this domain, contributing to the design of efficient and effective EVS solutions 

capable of operating within the constraints of embedded platforms. 

5.2 Dataset and Data Acquisition 

The dataset associated with this research is the Crosswalk Dataset (16), which is publicly 

accessible for exploration and use. The classification targets four classes: crosswalk viewed from 

the font (C1), from the left half-lane (C2), from the right half-lane (C3), and non-crosswalk images 

(C4), as illustrated in Fig. 4.4. Each class contains 150 instances, resulting in a total of 600 samples. 

The images were acquired at a resolution of 1280x720 from videos, recorded at 30 frames per 
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second in Fortaleza, Ceará, Brazil, during daytime hours. The images have been named using the 

format class_p1_imageNumber.jpg (e.g., c4_p1_1.jpg). 

The dataset is supplemented by the file 10_FEATURES_M17_CM6b_TH199.csv. Fig. 5.1 

illustrates the first ten lines. This dataset is integrated into the proposed classification system to 

support the training and prediction processes. The data employed on the embedded platform (15) 

originates from threshold images with T = 199, a decimation factor M = 17, and 10 GLCM features 

identified through complexity analysis, which are summarised in Table 4.4, under column 

description. The data is encoded as float64 using 64 bits, while the co-occurrence matrix reflects 

only 6 bits of greyscale values of images. 

 

 

 

 

Fig. 5.1 Snapshot of the first five lines from the CSV Dataset (16). 

5.3 Experimental and Deployment Setup 

5.3.1 Development environment 

The training, testing, and evaluation of the classification system were initially conducted on a 

machine equipped with an i5-11320H 3.20 GHz Central Processing Unit (CPU) featuring 4 cores, 

8 MB Intel® Smart Cache, 16 GB of Random Access Memory (RAM), running on Windows 10 

Pro. This process was completed before deploying the model in the embedded system’s physical 

environment. 

The development environment included Anaconda, a platform for managing Python packages 

and environments, and the JUPYTER Notebook IDE, which provided an interactive web-based 

interface for coding and testing. We utilised Python 3.9 as the programming language. For 

machine learning, we selected the scikit-learn library, a free and open-source Python package. 

In scikit-learn, the Support Vector Machine (SVM) implementation for multiclass problems 

adopts the one-vs-rest (OvR) strategy by default, though it can be configured to use other 

strategies like one-vs-one (OvO) (163). In the OvR approach, Scikit-learn resolves conflicts using 

the Winner-Takes-All (WTA) strategy. Each binary classifier outputs a decision score for its 
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respective class. The class with the highest decision score (confidence level) is selected as the final 

prediction. This method prioritises the classifier with the strongest confidence in its decision, 

ensuring consistent outcomes even in cases where decision boundaries overlap. 

5.3.2 Deployment Setup 

We deployed the classifier on a Raspberry Pi 4 Model B board as hosting hardware. Fig. 5.2 

visualises the target single-board system. This device features a Broadcom BCM2711, Quad-core 

Cortex-A72 (ARM v8) 64-bit SoC operating at 1.8GHz, along with 4 GB LPDDR4-3200 SDRAM. 

We set up the operating system and necessary software onto a MicroSD card:  the Raspberry Pi 

OS with the desktop environment and suggested applications.  

We chose The Raspberry Pi Model B, because of its affordability and adaptability. The Model 

B's compatibility with various applications and peripherals, together with its strong community 

support (164–166), rendered it an excellent selection for our project. Moreover, its minimal 

power consumption aligns well with the demands of an efficient embedded system. The choice 

of Raspberry Pi enhances portability and simplifies integration with other components (111), 

which are important to the effective implementation of our solution in diverse scenarios. 

The deployment environment included the Thonny IDE and Python 3.9, both pre-installed on 

the Raspberry Pi OS (167). We preferred the scikit-learn (sklearn) library for learning, while it is a 

free and open-source machine learning package for Python that provides an extensive array of 

classification techniques, including support vector machines (168). Its compatibility with 

Python's numerical and scientific libraries, as well as its comprehensive documentation and an 

active user community, rendered it an excellent selection for this project (169).  

 

 

 

 

 

 
Fig. 5.2 Raspberry Pi 4 Model B board 
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5.4 Performance Metrics 

The assessment of any classification system requires a clear understanding of the performance 

metrics that quantify its efficiency and effectiveness, alongside consideration of the specific 

context of deployment and purpose (96,100,170). In this section, we introduce the key metrics 

used to evaluate the proposed system, focusing on aspects critical to real-time embedded vision 

applications. These metrics include computational time, memory usage, storage requirements, 

and classification accuracy, each reflecting a distinct dimension of the system’s operational 

performance. 

Computational time metrics measure the speed at which the system processes data, ensuring 

timely decision-making in real-world scenarios. Memory usage examines the system's ability to 

operate within the strict memory constraints of embedded platforms, while storage requirements 

assess the compactness of the deployed model. Lastly, classification accuracy evaluates the 

system's ability to correctly identify and categorise input data, balancing precision with the 

resource limitations characteristic in embedded environments. 

By systematically analysing these metrics, this section provides a detailed examination of the 

proposed system's performance under various conditions, paving the way for its validation and 

comparison against existing solutions. 

5.4.1 Computational Time Investigation 

This metric prioritises pattern recognition process, targeting its computation duration, precisely 

the feature extraction stage driven by GLCM (12–14). 

The analysis of the results presented in Table 5.1 reveals that the classifier's average accuracy 

fell below 90%. Therefore, this proposed method did not achieve optimal performance for this 

pattern recognition task. However, the reduction in the feature vector positively influenced the 

computational time, as illustrated in Table 5.2. 
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Table 5.1 Classifiers accuracy for each feature set 

 

Although our method of a combined selection did not maintain the same accuracy as (15), it 

is essential to evaluate the trade-offs between accuracy and computing efficiency. The reduced 

feature set significantly lowers the computational cost, resulting in accelerated processing times 

and less use of resources (50). This advantage is particularly valuable in real-time applications 

and scenarios with constrained processing resources (171). 

Moreover, utilising a smaller feature set optimises the model, making it more concise, 

comprehensible, and manageable. The equilibrium between accuracy and efficiency must be 

customised to the particular demands and limitations of the intended application (162). 

 

Table 5.2 illustrates the computational time measurement for each feature set across the 

different phases. Starting by 24 features, then reducing to 10 features (S1 to S2) (15), and finally 

concluding with 5 features (S3), as established by our research, substantially decreases the 

durations for training, testing, and one sample prediction. This highlights that feature selection 

techniques, including both complexity-based and the combination of complexity and 

correlation-based approaches, significantly enhance computing efficiency. 

Target Classes 

Fig. 4.4 

[S1] Full  

features 

(24 features) 

[S2] Complexity  

based 

(10 features) 

[S3] Complexity and Correlation 

based 

(05 Features) 

C1 91.54% 91.65% 86.96% 

C2 93.06% 92.77% 86.79% 

C3 88.77% 89.15% 85.63% 

C4 88.47% 88.73% 79.65% 

Average 90.46% 90.58% 84.76% 

Table 5.2 Computational time at different stages of each feature set 

Stages 

[S1] Full  

features 

(24 features) 

[S2] Complexity  

based 

(10 features) 

[S3] Complexity and Correlation 

based 

(05 Features) 

Training 2 min 21s 1 min 38 s 33.1 s 

Testing 230.8 ms 125 ms 78.1 ms 

Prediction 12.31 ms 7.03 ms 3.44 ms 
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The most substantial time savings occur during the training phase. Meaningful enhancements 

are also evident in the testing and prediction stages. Fig. 5.3 visually demonstrates the advantages 

of the S3 feature set, consisting of just five features. The prediction times for S3 are the shortest 

among all stages on both platforms, workstation and Raspberry Pi, registering at 3.44 

milliseconds, and 6.53 milliseconds, respectively.  

The observed reduction in prediction time demonstrates significant computational speed 

gains, achieved through the integration of complexity and correlation-based feature selection. 

Minimising the size of features not only reduces computational complexity and resource 

utilisation, but also enhances model performance by lowering the probability of overfitting and 

enhancing data interpretability (15). These improvements are essential to ensuring optimal 

efficiency in real-time applications and settings with constrained computational resources (171). 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.3 One instance prediction consuming time in milliseconds 

Table 5.3 examines the time required for the prediction of a single sample by the three 

implemented SVM-trained models for Raspberry Pi, based on the feature sets analysed in this 

study. It demonstrates the enhancements in efficiency, gained by reducing the number of 
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characteristics utilised in the classifier. The prediction time for the full feature set (24 features) is 

23.70 milliseconds. Reducing the feature set to ten, complexity-based features shows a 

significant improvement, with a 51.52% reduction in prediction time compared to the baseline 

method. Further reduction to five features, using complexity-and-correlation-based selection, 

results in an even greater gain, achieving a 72.45% reduction in prediction time. 

This performance evaluation illustrates that, despite constrained computer resources, efficient 

real-time predictions can be achieved by optimising the feature set utilised in the classifier. The 

Raspberry Pi exemplifies the feasibility of implementing machine learning models on embedded 

systems. 

 Table 5.3 Prediction time consuming on raspberry pi 

 

 

[S1] Full  

features 

(24 features) 

[S2] Complexity  

based 

(10 features) 

[S3] Complexity and 

Correlation based 

(05 Features) 

Prediction 23.70 ms 11.48 ms 6.53 ms 

The computational effort rises rapidly with larger datasets given the huge data volume and the 

complex nature of processing (162). These demands are significantly lowered by reducing the 

number of features, which increases the scalability and efficiency of testing, training 

procedures (171). 

As the size of the feature set decreases, the computational cost correspondingly reduces due 

to the smaller amount of data points requiring processing. The total number of processed values 

is computed by multiplying the number of samples 𝑛 by the number of features 𝑚. The dataset 

employed in the present study comprises 600 samples, as outlined in the previous chapter, 

Section 3.5. Employing 24 features (S1) results in 14,400 processed values, which is subsequently 

reduced to 6,000 processed values with 10 features (S2), and further lowered to 3,000 processed 

values with 5 features (S3). 

The study conducted by (50), approves the significance of decreasing the number of features 

within a dataset. It demonstrates that feature selection is essential for enhancing machine 
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learning model effectiveness by decreasing computational complexity. The study illustrates that 

a limited number of features accelerates both training and inference processes while alleviating 

the challenges associated with high-dimensional spaces. This results in improved generalisation 

and more adaptable models that demand less memory and computational power. These 

advantages are particularly valuable for managing large datasets, which are characterised by a 

substantial number of samples, therefore demand additional computational effort, especially 

when setting up models on resource-constrained devices. 

5.4.2 Memory Usage Investigation 

Table 5.4 enumerates the peak memory use and the increments in memory consumption for 

every feature set through each stage.  The metrics were obtained by observing memory usage 

during the classifier system's operation with the "memory_profiler" package in Python, which 

produces a comprehensive report on memory usage. This report offers valuable insights into the 

memory efficiency across different feature selection approaches during the training, testing, and 

prediction phases.  

Peak memory refers to the maximum volume of memory utilised at any point during the 

execution, quantified in mebibytes (MiB). Higher peak memory consumption indicates that the 

process demands a considerable volume of memory at its peak, potentially impacting overall 

system performance and allocated resources. Increment, on the other hand, denotes the net 

increase in memory allocation from the beginning to the ending of a phase. Fig. 5.4 visually 

illustrates the increments in memory allocation for each feature set. The increment value, also 

measured in MiB, highlights the additional memory required to complete the phase. This statistic 

is essential for comprehending the dynamic memory requirements of the process (15). 

During the training period, the feature set S1 (Full Features) exhibits the highest peak memory 

consumption and increase, reflecting the significant memory demand associated with managing 

a larger number of features. S2 (Complexity-Based Features) demonstrates a notable reduction 

in both peak memory and increment compared to S1, indicating improved efficiency. Finally, S3 

(Complexity and Correlation-Based Features) demonstrates the lowest peak memory and 

increment, underscoring the substantial efficiency gains achieved through further feature set 

reduction. 

During the testing phase, S1 consistently exhibits the highest peak memory and increment 

values, continuing its established behaviour of high memory demand. S2 significantly reduces 
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these values compared to S1, demonstrating smoother memory management. S3, on the other 

hand, achieves the lowest values, indicating optimal memory efficiency throughout the testing 

phase. This trend continues during the prediction phase, where S1 records the highest memory 

usage, both at its peak and increment. While S2 improves upon S1, it still consumes more memory 

than S3. The latter consistently displays the lowest peak memory and increment values, 

highlighting the benefits of integrating complexity and correlation-based feature selection for 

minimising memory usage. 

Table 5.4 clearly illustrates the advantages of reducing the size of the feature set in terms of 

memory allocation. As the number of features decreases, both peak memory usage and memory 

increment decline across all phases. This decrease is particularly significant with the S3 feature 

set, which involves complexity and correlation-based selection to achieve the lowest memory 

allocation. 

Table 5.4 Memory usage at different stages of each feature set 

Stages 

[S1] Full 

features 

(24 features) 

Peak Memory 

Increment 

[S2] Complexity 

based 

(10 features) 

Peak Memory 

Increment 

[S3] Complexity and 

Correlation based 

(05 Features) 

Peak Memory 

Increment 

Training 
197.98 MiB 

0.84 MiB 

197.55 MiB 

0.53 MiB 

197.32 MiB 

0.26 MiB 

Testing 
198.61 MiB 

0.63 MiB 

197.99 MiB 

0.44 MiB 

197.51 MiB 

0.19 MiB 

Prediction 
198.98 MiB 

0.36 MiB 

198.23 MiB 

0.24 MiB 

197.45 MiB 

0.08 MiB 
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Fig. 5.4 Increments in memory usage at different stages of the feature sets, measured in MiB 

In resource-limited contexts like embedded systems, even minor reductions in memory usage 

can significantly improve overall system performance (111). The percentage decreases in 

memory allocation achieved through feature reduction are significant. A 69.0% decrease in 

memory usage during training, and up to a 77.8% decrease during prediction, significantly 

impacts the practicality and efficiency of implementing machine learning models in these 

settings. 

This demonstrates the applicability of our approach, where fewer features result in significant 

gains in memory efficiency, making the model more appropriate for implementation in 

environments with constrained memory space. The benefits of our technique are more evident 

with larger datasets, when the requirements for memory and processing resources are 

considerably higher. 

Furthermore, although the peak memory usage remains relatively constant, the decrease in 

incremental memory consumption is highly advantageous for systems where memory 

optimisation is critical. This is particularly beneficial when tasks such as image acquisition and 

feature extraction are decoupled from prediction. Such a methodology aligns with scalable 
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architectures (114), where distributing of tasks between low-resource (edge devices) and high-

resource (cloud servers) elements leads to considerable resource efficiency. Adopting a 

comparable method restricts the computational and memory requirements at various phases of 

the model's workflow, therefore enhancing the system's efficiency in resource-limited settings. 

 While the reduction of features resulted in a slight decline in accuracy, the trade-off is justified 

by important improvements in computational efficiency and resource management (50). The 

feasibility of implementing a more compact models is important to real-time applications and 

situations involving extensive datasets. These findings underscore the significance of our feature 

selection methodology in enhancing machine learning classification models for implementation 

on resource-limited devices. 

Table 5.5 presents an analysis of the vector lengths for each feature set employed in our study. 

The memory size of the feature vector is a critical measure of the memory footprint and overall 

efficiency of machine learning models, including feature extraction, classification, and model 

deployment. 

The S3 feature set, which integrates complexity and correlation-based selection and utilising 

only 5 features, lowers the feature vector length to 320 bits. This signifies an important reduction 

of nearly 79.2% compared to the S1 feature set. The compact feature vector minimises memory 

allocation and enhances model performance by allowing quicker training, testing, and prediction 

phases. The reduction in feature vector length directly results in reduced memory demands, 

which is particularly beneficial for implementation in resource-limited settings (171). 

The compact vector offers additional benefits, it enhances data transport in distributed 

computing environments, such as cloud-based applications or edge computing. Smaller feature 

vectors necessitate less bandwidth for data transfer between storage and processing units. This 

Table 5.5 Features’ vector length for each feature set 

 

[S1] Full  

features 

(24 features) 

[S2] Complexity  

based 

(10 features) 

[S3] Complexity and 

Correlation based 

(05 Features) 

Feature Vector 

Length (Bits) 
1536 Bits 640 Bits 320 Bits 
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can result in faster data transmission and lower latency, thereby enhancing the model's real-time 

processing abilities upon possible use in such settings. 

5.4.3 Storage Investigation 

In addition to examining memory utilisation across the various stages, it is essential to evaluate 

the size of the deployable trained SVM model, particularly for implementation in storage-

constrained contexts such as embedded systems and IoT devices (111). Table 5.6 displays the 

size of the deployable trained SVM model corresponding to each feature set. 

 

The full feature set S1, including 24 features, produces the largest model size of 56 KB. This is 

comprehensible due to the increased complexity and the greater volume of data necessary for 

conveying the full feature set. The S2 feature set, which employs complexity-based selection to 

limit the features to 10, results in a model size reduction to 36 KB. This reduction illustrates the 

advantage of eliminating less  important components, reaching an approximate 35.70% decrease 

in the model's overall size, while maintaining performance integrity. The S3 feature set, which 

incorporates complexity and correlation-based selection to include only 5 features, leads to an 

optimal model size of 28 KB. This demonstrates a major decrease in model size of 50% relative to 

S1, making it exceptionally appropriate for deployment in limited storage settings. 

The size of the deployable model strongly impacts the feasibility of using the SVM model in 

diverse applications, especially those necessitating compact and efficient solutions. The decrease 

in the number of features enhances computational efficiency and noticeably decreases the 

model's storage requirements. 

Table 5.6 Deployable trained SVM model size in kilobytes (kb) 

 

[S1] Full  

features 

(24 features) 

[S2] Complexity  

based 

(10 features) 

[S3] Complexity and 

Correlation based 

(05 Features) 

Model size 56 KB 36 KB 28 KB 
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5.4.4 Accuracy Investigation 

The novel feature selection method introduced in this study aims to achieve an optimal balance 

between accuracy and computational demands, it maintains an average performance of 84.76%. 

The accuracy dropped by an absolute difference of 5.7%, representing a 6.31% relative decrease 

compared to the baseline method's accuracy of 90.46% (full features subset). This a reasonable 

trade-off which is appropriate within the field of embedded systems, where computational and 

power resources are key limitations. Prior studies have shown that in these contexts, a minor 

reduction in accuracy, generally between 2% and 10%, may be tolerable if it leads to substantial 

improvements in efficiency and decreased computational demands.  

This is evident in applications such as energy-efficient signal processing and wearable health 

monitoring systems (171,172). Moreover, in the broader field of machine learning, it is a widely 

recognised practice to lower model complexity to address computational requirements. This 

approach is also prevalent in deep learning, where precision reductions of approximately 2% to 

7% are often considered acceptable to ensure computational feasibility (81). These trade-offs are 

vital for ensuring that the models function efficiently within the constrained resources of real-

time applications. 

An accuracy of 84.76% is very applicable for a variety of real-world applications, especially 

those that prioritise computational efficiency rather than absolute precision. Research in 

embedded deep learning demonstrates that computational accuracy trade-offs, typically 

between 5% and 10%, are used for maintaining performance within the strict limitations of 

embedded systems (173). In real-time vision applications, it is fundamental to attain a balance 

between precision and processing speed, as minor accuracy decreases of up to 5% are generally 

negated. The results highlight the significance of our feature selection strategy due to the 

enhanced responsiveness and accuracy of the system (22).  

In sophisticated deep learning systems, it is acceptable to balance the number of layers in the 

model (depth) against computational feasibility, allowing for tolerable accuracy reductions of 3% 

to 7% to enhance performance for real-world applications (72). These principles align closely 

with our methodology, where the accuracy trade-off resulting from feature reduction facilitates 

speed optimisation in resource-limited settings. 

Our methodology is particularly relevant in embedded systems, where even small changes in 

computational loads can considerably affect overall performance. By reducing model complexity 
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while retaining valuable features, we ensure that the model remains both practical and efficient, 

capable of functioning within the rigorous limitations of embedded systems. 

Research in platform-based design highlights the significance of these trade-offs, 

demonstrating that little reductions in accuracy are typically compensated by the advantages of 

lowered complexity and enhanced system efficiency (174), (175). The 84.76% accuracy attained 

by S3 is both adequate and strategically optimal for the specified real-world applications, where 

achieving a balance between performance and computational efficiency is imperative. 

5.5 Overall Performance and Validation 

The findings of our investigation demonstrate important facts regarding the trade-offs among 

accuracy, computational time, memory utilisation, and model size when implementing various 

feature selection techniques. Table 5.7 presents a comprehensive evaluation of three 

classification method: Baseline Method (Full Features), Complexity-Based Method, and 

Complexity followed by Correlation-Based Method, across several performance criteria. 

The comparative analysis of feature selection techniques demonstrates a balancing between 

retaining high accuracy and optimising computational effectiveness (21,110,111). The 

Complexity Based Method (15) achieves a marginal accuracy improvement of 0.13%, while 

significantly reducing computational time by 42.89% on standard computers and 51.52% on 

embedded systems. It also leads to a small memory savings about 0.38%, and a substantial model 

size reduction of 35.71%. This approach is particularly advantageous for applications that require 

both performance and efficiency, such as real-time EVS. 

Meanwhile, the Complexity and Correlation Based Method (our proposed method) exhibits 

superior computational efficiency, achieving a notable 72.06% decrease in computational time 

on work station, a 72.45% decreasing on Raspberry Pi, a 0.77% decline in memory usage, and a 

50.00% reduction in model size. 

The increment in memory usage during prediction decrease from 0.36 MiB for S1 to 0.08 MiB 

for S3, indicating a significant 77.78% enhancement. Similarly, the increment in memory usage 

during training decreases from 0.84 MiB  for S1 to 0.26 MiB for S3, indicating a 69.05% reduction. 

These metrics show the considerable memory efficiency attained by minimising the number of 

features, thereby enhancing the system's adaptability for resource-limited contexts and real-time 

applications. Although peak memory appears consistent across models, the incremental memory 
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improvements during training and prediction are essential for embedded systems, where 

resource optimisation is necessary. 

The impact of this method becomes particularly evident in scenarios involving high memory 

increments, even when peak memory usage remains relatively consistent across all subsets. This 

impact is achieved by distributing operations such as image acquisition, feature extraction and 

prediction. Task distribution enhances memory management and makes these incremental 

reductions very significant. This principle is illustrated by the technique applied in the study 

presented in (114), in which distribution of tasks notably enhanced resource efficiency.  

Although there is a 5.7% drop in accuracy, this method is highly suitable for applications 

prioritising speed and resource efficiency over absolute precision (22,72,81,173). This makes it 

optimal for scenarios such as real-time monitoring and immediate data processing under 

constrained conditions. 

5.6 Broader Implications 

The findings of this study provide significant contributions to the field of embedded vision 

systems. The notable reduction in computational time enhances the feasibility of deploying 

machine learning models in real-time applications, meeting stringent processing time 

requirements. This advancement aligns with recent research emphasising the importance of 

efficient algorithms for embedded systems (9). 

Moreover, the observed improvements in memory consumption and substantial decrease in 

model size are pivotal for extending the operational lifespan of battery-powered devices and 

reducing hardware demands. Such optimisations are central for the advancement of Tiny 

Machine Learning (TinyML) applications, enabling sophisticated machine learning tasks on low-

power devices (176). 

These enhancements not only contribute to the current capabilities of embedded vision 

systems but also set a precedent for future designs in resource-limited settings. By demonstrating 

that high-performance machine learning models can operate efficiently within stringent resource 

constraints, this study paves the way for more widespread adoption of intelligent systems in 

various applications, from mobile robotics to IoT devices (177). 

In summary, the integration of complexity and correlation-based feature selection methods, 

as evidenced by the results of this study, offers a promising pathway for developing efficient, 
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Table 5.7 Comprehensive comparison of the three classification methods across several performance metrics 

Metric 
Baseline Method 

(Full features) 

Complexity Based 

Method 

Complexity and 

Correlation Based Method 

Percentage Change 

(Complexity Based) 

Percentage Change 

(Complexity and 

Correlation Based) 

Accuracy (%) 90.46 90.58 84.76 
0.13% -6.31% 

Variation (%)   0.12 ↑ 5.7 ↓ 

Computational Time on Station 

(Prediction) (ms) 
12.31 7.03 3.44 42.89% 72.06% 

Computational Time on Embedded System 

(Prediction) (ms) 
23.70 11.48 6.53 51.52% 72.45% 

Memory Usage (MiB )  

Peak Memory 
198.98 198.23 197.45 0.38% 0.77% 

Prediction Increment  

memory (MiB ) 
0.36 0.24 0.08 33.33% 77.78% 

Training Increment  

memory (MiB ) 
0.84 0.53 0.26 36.90% 69.05% 

Model Size (KB) 56.00 36.00 28.00 35.71% 50.00% 
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scalable, and sustainable embedded vision systems in resource-constrained environments. 

5.7 Conclusion 

This chapter has presented a comprehensive evaluation of the proposed classification system, 

rigorously analysing its performance across multiple fundamental dimensions. Through 

extensive testing on the Raspberry Pi platform, the study highlighted the system's adaptability to 

severe resource constraints, demonstrating its potential for real-world embedded real-time vision 

applications. 

Key findings reveal a significant reduction in computational time and memory usage achieved 

by leveraging complexity and correlation-based feature selection. These optimisations notably 

enhanced the model's scalability and operational efficiency, paving the way for responsive and 

real-time resource-limited deployments without compromising essential functionality. The 

feature reduction strategy proved instrumental, achieving up to a 72.45% decrease in 

computational time on embedded systems, all while maintaining an acceptable accuracy level for 

real-time applications. 

The comparative analysis emphasised the importance of trade-offs in balancing accuracy with 

computational efficiency. While the proposed method exhibited a minor 5.7% reduction in 

classification accuracy, this trade-off is justified by the significant gains in speed and resource 

management. These attributes make the method particularly suitable for time-sensitive 

applications, such as real-time monitoring and immediate data processing in constrained 

environments. 

Moreover, the study has profound implications for the field of embedded vision systems. It 

sets a precedent for designing lightweight and efficient models that extend the operational 

lifespan of battery-powered devices, reduce hardware demands, and enable seamless integration 

into TinyML applications. By demonstrating the feasibility of deploying high-performance 

machine learning models on resource-limited platforms, this chapter translates theoretical 

advancements into practical real-world applications. 

In conclusion, this chapter has established a strong foundation for the practical deployment of 

intelligent systems in embedded contexts, laying the groundwork for future innovations in real-

time vision systems. 
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Conclusion and Future Works 

This thesis has investigated the adaptability of computer vision and image processing algorithms 

within resource-constrained environments, with a focus on real-time embedded vision 

applications. By addressing the challenges associated with computational limitations, memory 

constraints, and energy efficiency, this research has bridged the gap between theoretical 

advancements and practical deployments. 

The proposed classification system demonstrated significant improvements in efficiency, 

achieving reductions of up to 72.45% in computational time and substantial gains, including a 

reduction of the feature set by 79.16% (from 24 features to 5) and a 50% decrease in storage 

requirements, while maintaining high classification accuracy. These results, validated through 

rigorous testing on a Raspberry Pi platform, underscore the feasibility of deploying sophisticated 

machine learning models in embedded systems. Moreover, the integration of complexity and 

correlation-based feature selection has shown to be instrumental in balancing performance 

trade-offs, paving the way for scalable and efficient deployments in various fields, including 

robotics, healthcare, and IoT. 

The insights gained from this research reinforce the potential of adaptive machine learning 

approaches while clearly highlighting their relevance in addressing global technological 

demands. By providing an efficient methodology for optimising resource usage without 

compromising accuracy, this thesis contributes to advancing the field of embedded vision 

systems, promoting innovation in both academic and industrial domains. 

This research has achieved notable advancements in computational efficiency and scalability; 

however, a few challenges remain to inspire further exploration and refinement. A specific 

consideration is the observed trade-off of a 5.7% reduction in classification accuracy. This 

reduction is tolerable for many applications where small errors in classification or detection do 

not significantly impact overall effectiveness or outcomes, such as vehicle counting and 

pedestrian flow estimation for traffic optimization, gesture recognition in gaming systems, and 

automated identification of animal species. However, it may require careful attention in critical 

domains such as safety-critical systems, nuclear energy, and military and defence applications. 

Additionally, the testing environment focused on a single-board computer platform 

(Raspberry Pi), which, while effective for validation, may narrow the scope of hardware 
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generalisation. Furthermore, external factors such as power stability, or environmental 

conditions were not extensively studied and may influence performance in real-world scenarios. 

As the number of target classes increases, the computational demands of the system also grow. 

When employing the One-versus-the-Rest (OvR) strategy, the number of Support Vector 

Machines required increases linearly with the number of classes, despite it being an optimal 

strategy for multi-class classification. Exploring optimisation techniques or alternative 

classification strategies may help manage these demands effectively. 

Lastly, this study focused on Support Vector Machines, offering promising results, but 

presenting an opportunity to extend these methods to other advanced classifiers and deep 

learning frameworks. Addressing these aspects will provide a more comprehensive 

understanding of the system's full potential and open pathways for broader applicability. 

This thesis lays the groundwork for several promising avenues for future exploration and 

development. Future research should focus on enhancing feature selection techniques by 

incorporating hybrid approaches that combine statistical, neural, and heuristic-based methods, 

as well as dimensionality reduction techniques like Principal Component Analysis (PCA). 

 Expanding the application of the proposed approach to other classifiers, such as Decision 

Trees (DT), Random Forests (RF), and Deep Learning models (DL), would help evaluate its 

generalisability across various domains, including healthcare, finance, and safety-critical systems. 

Furthermore, real-world deployment and testing in industrial IoT devices and edge computing 

platforms, under varying environmental conditions like temperature fluctuations and network 

latency, would provide valuable insights into the system’s robustness. 

Future research should also investigate adaptive resource management techniques that 

dynamically adjust algorithmic operations based on the available hardware capabilities and 

environmental constraints. This can involve real-time monitoring of power consumption and 

workload distribution to achieve optimal efficiency without sacrificing performance. 

Exploring these directions in future research can refine and expand the methods proposed in 

this study, driving innovation and practical utility in resource-constrained environments. These 

advancements are expected to significantly enhance the performance, scalability, and societal 

impact of intelligent embedded vision systems, ensuring their broader acceptance, long-term 

sustainability, and relevance in an increasingly interconnected world.
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