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ABSTRACT 

Autonomous (driverless) cars are increasingly becoming popular, hence calling for robust 

Traffic Sign Recognition (TSR) systems to ensure road safety. A report by World Health 

Organization Road Safety Report of 2018, shows that failure to distinguish and recognize 

traffic signs is among the leading causes of accidents. Existing TSR systems are adversely 

affected by environmental conditions, partial occlusion of traffic sign, illumination, colour 

deterioration because of their exposure to different rays including Ultra-Violet (UV), 

physical deformation, variations in pictogram designs and weather conditions among 

others. The study was guided by the following main objective; to develop a robust model 

using machine learning for recognition of traffic signs. Deductive research approaches, was 

used to achieve the following specific objectives: to analyses existing techniques in TSR, 

to design an advanced feature extraction technique for robust TSR and develop a machine-

learning model for recognition of traffic signs. The new Local Directional Histogram of 

Oriented Gradient (LD-HOG) feature extractor is the main contribution of this work. A 

more resilient and discriminative descriptor is produced by combining the directional 

resilience and noise invariance of the Local Directional Pattern (LDP) with the potent 

gradient magnitude representation of HOG. The German Traffic Sign Detection 

Benchmark (GTSRB) dataset, was used to extract features. With an average F1-score of 

96.5% using an SVM classifier, LD-HOG outperformed HOG by 4.2% and LDP by 7.8%. 

By helping to create more accurate and dependable advanced driver-assistance systems, 

the study will benefit a variety of stakeholders and road users, including drivers, 

passengers, and legislators., and policy makers.   
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CHAPTER ONE 

 INTRODUCTION   

1.0 Overview 

This section begins with background discussion of the study before presenting the problem 

statement. The purpose of the study, research objectives and research questions, and the 

study's justification is documented. The scope of the study is discussed, and finally, the 

assumptions and limitations of the study are explained. 

1.1 Background of the Study 

Road safety is still a big issue globally, but it affects developing nations more than 

developed ones. In many developing countries, road safety depends on drivers following 

traffic regulation, while enforcement is done by government through traffic department. 

Several challenges affect the enforcement of traffic regulation in developing countries 

including lack of resources and human labor.  These challenges have led to road safety 

research receiving increasing global attention due to the role it plays in protecting human 

life. According to World Health Organization (WHO), 1.35 million people die annually 

due to accidents caused on road while 20 to 50 million end up with injuries or disabilities 

[1]. [1] notes that a significant proportion of the accidents are caused by drivers failing to 

adhere to traffic regulations, drivers’ distraction, and the inability to detect and recognize 

Traffic Signs (TS). Ensuring driver compliance with traffic signs can help prevent a 

substantial number of road accidents.  

In response to these challenges, a lot of research has been done targeting several areas 

including design and development of Advanced Driving Assistance Systems (ADAS) that 
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automate tasks like Traffic Sign Recognition (TSR) and lane departure. TSR has a major 

impact in the robustness and effectiveness of ADAS.   

1.1.1 Traffic Signs Recognition 

Every road in the world has traffic signs whose main goal is to pass information to the road 

users on how to safely navigate. Traffic signs are usually placed along the road to either 

regulate, warn or guide road users. TSR plays a critical role of ensuring road safety and 

efficient traffic flow. They are normally universal accepted and may vary depending on the 

road system one is using. Therefore, their visibility, legibility and placement are critical 

especially in complex traffic scenes. The Vienna Convention code on traffic signs is an 

example of traffic system that has been adopted by many countries in the world. In this 

code, traffic sign can be divided into three; regulatory signs, warning signs and 

informational signs. Figure 1 has examples of these traffic sign categories.  

   

a) Regulatory sign b) Warning sign c) Informational sign 

Figure 1.1: Classification of traffic signs 

Regulatory sign instructs the driver on traffic rules that must be obeyed including speed 

limit while warning signs communicates on the state of the road ahead including potential 

dangers such as sharp corners or narrow road. Information signs provide directional or 

important information on the road like bus stage area.  
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Notably, the Vienna Convention promotes uniformity in the design and appearance of TS 

in terms of color and shape with the aim of supporting international understanding and road 

safety. Many countries in the world have adopted the Vienna Conventions code making it 

possible to localize TS using color and shape.   

Traffic sign recognition (TSR) research has been attracting enormous attention and is 

considered an important element of ADAS and autonomous vehicles [2].  Autonomous 

vehicle’s ability to promptly and accurately detect and recognize a traffic sign is considered 

as a matter of human life [3]. The process of Traffic Sign Recognition has three stages; 

localization of TS, detection of TS and classification of TS. Notably, if any of these stages 

returns a wrong result, then the overall output will be false and may lead to chaotropic 

incidents including death. TS discriminative features (color and shape) can be localized 

therefore enabling detection of TS. Nonetheless, localization and detection should be done 

correctly with a higher speed in a real-world situation. It could be catastrophic to detect a 

TS after the vehicle has already passed it. Classification places the TS to a specific class. 

In the Vienna convention, TS can be classified into 43 classes with Class A being warning 

signs, B regulatory and C informative [2]. Table 1 summaries Vienna Convention traffic 

signs. 
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Table 1.1: Vienna Conventions traffic sign classes    

 

Classification is done using an algorithm know as a classifier. Some commonly used 

classifiers include Support Vector Machine, Random Forest, Decision Tree and 

Convolution Neural Network. The choice of a classifier depends on the task and resources 

(time and space) available.  

Class Code Meaning 

Danger Warning Signs (A) A1 Dangerous curve 

Danger Warning Signs (A) A14 
Pedestrian crossing 

ahead 

Danger Warning Signs (A) A20 Wild animals crossing 

Regulatory Signs - Priority (B1) B1 Stop 

Regulatory Signs - Priority (B1) B2 Yield (Give way) 

Regulatory Signs - Prohibitory (B2) B5 No entry 

Regulatory Signs - Prohibitory (B2) B13 Speed limit 

Regulatory Signs - Mandatory (B3) B15 Turn left 

Regulatory Signs - Mandatory (B3) B18 Roundabout 

Informative Signs (C) C1 Direction to city/route 

Informative Signs (C) C5 Parking 



5 

 

A number of Traffic Sign Recognition (TSR) systems [4] [5] [6] [7] have been developed 

and tested on various traffic sign datasets. Although there are variations in traffic signs that 

make them distinctive, TSR systems are affected by a number of factors among them 

variations in pictogram designs, illumination, rotation, partial road sign occlusion, variety 

of colors, color deterioration due to exposure to sunlight, deformation, weather conditions, 

environmental conditions among others [8]. A robust system for TSR should be able to 

automatically identify and detect traffic signs from an image or video frame, and correctly 

classify the traffic sign [3].  

1.2 Statement of the problem 

Traffic Sign Recognition techniques developed over the years have been either colour-

based or shape-based. One method utilized in TSR is the application of handcrafted feature 

extractors. Notably, colour-based handcrafted feature extractors are adversely affected by 

noise, occlusion, variety of colours, and colour deterioration due to exposure to sunlight, 

deformation, and illumination among other factors while Shape-based are affected by 

rotation, scale and occlusion. The other method for TSR (deep learning) performs better 

than hand-crafted techniques, but are significantly slow and require a lot of computational 

resources. These factors make TSR a challenging task. There was need to develop TSR 

system with a robust feature extractor that balance accuracy and computational resources 

leading to a better outcome.  

1.3 General Objective of the study  

The study's primary goal was to design, develop and evaluate a robust machine learning 

model for traffic sign recognition. 
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1.4 Objective of the study 

The study achieved these objectives: 

i. To analyze existing traffic sign recognition techniques for their strengths, 

weaknesses, and performance  

ii. To design robust feature descriptor for extraction of discriminative traffic sign 

features 

iii. To develop a machine learning model for traffic sign recognition 

iv. To test and validate the performance of the developed model. 

1.5 Research Questions 

The study answered these research questions: 

i. What are the existing traffic sign recognition approaches and techniques?  

ii. How could existing traffic sign recognition approaches and techniques be enhanced 

for extraction of suitable features for improved recognition results?  

iii. How should machine learning models be designed to improve trade-off between 

speed and accuracy in traffic sign recognition?  

iv. How can the performance of the model be tested and validated? 

1.6 Justification of the Study 

Machine learning models are popular for TSR because they can  learn by applying large 

amount of data and adapt to new situations. Traffic Signs are dynamic, and may contain a 

various objects, colors, and other factors. Despite the fact that traditional approaches can 

be used to recognize traffic signs, they may struggle to capture variability. Notably, with 
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the ability of training on vast data set and proper adjustments, machine learning models 

can be a solution to TSR with different variation and environment. Additionally, these 

models have the ability of not only recognizing but also classifying new tasks with high 

accuracy, even when the task contain variations or noise that was missing in the training 

data. Also, machine learning models can generalize across different Traffic Signs and 

environments, making them more versatile and adaptable to different applications. 

Machine learning models provide an alternative to Traffic Sign Recognition that has the 

potential of increasing accuracy, proficiency, and robustness. 

1.7 Significance of the Study 

Numerous applications pertaining to mobility, safety, and transportation could be impacted 

by machine learning model for traffic sign recognition. Accurate and efficient Traffic Sign 

Recognition can help improve the performance of various systems and applications, 

including autonomous driving. Machine learning models for TSR can enable autonomous 

vehicles to move freely and obey various traffic signs as well as scenarios in real-time. By 

accurately detecting and classifying different objects and structures within a Traffic Sign, 

autonomous vehicles can be able to ensure safe and efficient driving through correct 

decision making. Machine learning models for TSR can monitor and analyze traffic flow, 

congestion, and safety in real-time. Traffic management systems can come up with good 

decision that will help in optimizing traffic flow. Machine learning models for TSR has the 

ability of analyzing and interpreting different Traffic Signs and environments to inform 

urban planning decisions.  
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1.8 Research Scope 

The study was limited to traffic sign, machine learning and image classification. 

Statistically, the study used the widely applied GTSRB dataset that had been collected from 

different roads.  

1.9 Limitation of the Study 

Financial and time constraints limited the study. The study was done in three academic 

years as per the university requirements. Also, the study required financial support in 

buying of necessary equipment’s for the carrying out different experiments.  However, the 

researcher multitasked on different areas of the study to ensure that it’s completed on time. 

Additionally, the researcher funded the research. 

1.10 Assumptions of the study 

This study made the following assumptions:   

i) The GTSRB dataset that study applied had an honest reflection of real world.  

ii) The Application Programming Interface (API) and libraries that were used for 

testing produced real results. 

1.11 Study Contribution 

The idea and creation of the Local Directional Histogram of Oriented Gradient (LD-HOG) 

feature extractor constitute this work's main theoretical contribution. The unique approach 

of computing gradient responses along the 45° and 135° diagonals in addition to the 

conventional horizontal and vertical axes is the theoretical novelty. LD-HOG creates a 

more thorough and discriminative feature representation by combining these multi-
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directional gradients using a maximum pooling technique into a single orientation binning 

and normalization procedure. By overcoming the shortcomings of both HOG and LDP this 

technique creates a new theoretical framework for building reliable handcrafted features in 

computer vision. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Overview 

The chapter covered the following section: Image classification, artificial neural network, 

convolutional neural network, traffic sign classification, traffic sign analysis, traffic sign 

recognition models and frameworks, theoretical framework, knowledge gap and 

conceptual framework. 

2.2 Image classification  

Computer vision, specifically Image classification plays a major role in technology 

especially artificial intelligence. [9] notes that computer vision main task is to ensure that 

models created can examine, understand, and analyze data and information straight from 

the users.  [9] further note that computer vision application is widely spread to different 

sectors including robotics, driverless vehicles, health and medicine and many more. Image 

classification is one of the tasks performed in computer vision [9]. According to [10], 

image classification can be defined as a branch of computer vision that can provides output 

that are usually categories for input that can be an image or video frames based on the 

image contained. [10], further notes that the main task of image classification is to assist 

machines tasked with creating models to understand and analyze the contents of images 

and videos.  Also, despite image classification being one of the main tasks in computer 

vision, its applications are important and they include video and image retrieval, video 

indexing, and surveillance.  
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Traffic Sign is an image that can be classified. [11], [12] and [13] notes that there are 

different models created for identifying as well as classifying traffic signs. These models 

apply different techniques in classifying traffic signs as discussed in section 2.3 and 2.4. 

2.3 Artificial Neural Networks  

A human brain has a neural network made up of connected and interacting nerve cells, an 

Artificial Neural Network (ANN) mimic this network. The brain network works by 

transmitting electrical signals using an axon terminal from the output called synapses to 

the input referred to as dendrites of a neuron [14]. [15], adds that each neuron must be 

activated in order to receive the electrical signal through an activation threshold. The total 

signal entering the input layer must be greater than the activation threshold in order for the 

neuron to fire, activate, and transmit. Notably, ANN mimics the human brain which is one 

of the complex networks with over 1010 neurons with each single neuron having a 

connection to approximately 104 similar ones according to [15]. ANN is a simulation of the 

human brain though on a lower scale. [14], notes that in order to create a full ANN, the 

activation function that would be compared to a weight form different neuron combination 

is modeled with a numeric value. Additionally, a non-linear activation function is 

associated with each neuron. [15] goes on to explain that the network is used as a non-

linear function since certain neurons are classified as input or output neurons. One 

advantage of ANN is that it can contain an arbitrary number of input and output neurons, 

making it a very flexible operational structure that can be used for a wide range of tasks in 

a variety of ways, according to [14] and [15]. 
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2.3.1 Deep Feed-Forward Network 

The deep feed-forward network has a set of modeling techniques that have shown great 

success in the present computer vision problems of pattern recognition, classification, 

regression, etc. [16] observes that information only moves in one direction across this 

network, suggesting that it does not have a feedback mechanism. [17] goes on to say that 

these neurons are layered so that each input and output layer is distinct, and there may be 

a few hidden levels as well. This provides a systematic approach to deciding when to 

activate the output layer given the input and the weights and biases of each intermediate 

layer.  

 

 

 

 

 

 

Figure 2.1: Feed forward neural network 

A feed-forward neural network with completely linked layers is shown in Figure 2.5.  

According to [17], matrix-vector multiplication in conjunction with element-wise 

activation functions can be used to quantitatively depict the process of feeding and 

transmitting information across such a network.  For a network-like figure 2.5, [16] and 

[17] provide a condensed illustration of how to obtain the output vector 𝑎1 from the first 
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hidden layer.  If x is the input structured in an N-dimensional vector and σ1 is the activation 

function, then equation 2.6 gives the value of 𝑎1. The network weight matrix is 𝑊1, 𝑤𝑖𝑗 

links input neuron 𝑗 with hidden neuron 𝑖, and 𝑏1 is a vector containing the biases of 

neurons in the first hidden layer. 

𝑎1 = 𝜎1(𝑊1x+𝑏1), (2.1) 

It serves as the second hidden layer's input.  [17], use equation 2.7 to generalize the 

equation for layer n output. 

𝑎𝑛 = 𝜎𝑛(𝑊𝑛𝑎𝑛−1+𝑏𝑛).   (2.2) 

A deep feed-forward neural network is essentially a multi-layer feed-forward network.  

Moreover, a hierarchical representation of the input features is produced by the information 

flow.  This allows for greater non-linear mapping because deep feed-forward has a high 

modeling capacity. 

2.3.1.1 Activation Functions 

In order for ANNs to perform plotting for non-linear input data, activation functions play 

an important role. The activation functions are always applied to each element of the 

neurons that form the hidden layer [18]. According to, [19], [20] and [21], the commonly 

applied activation functions were Sigmoid, Hyperbolic Tangent, Rectified linear Unit 

(ReLU) and SoftMax for the last layer.  
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Figure 2.2: Common activation functions  

According to [19] the sigmoid activation function can be represented using the following 

formula 

𝑆(𝑥) = 11 + 𝑒−𝑥 
(2.3) 

[19] observes that this function has a linear relationship near the origin and accepts values 

between 0 and 1. Additionally, this function has the "squashing" property, which causes 

big input values that are either positive or negative to approach 1 or 0, respectively.  [20] 

states that the following equation can be used to represent hyperbolic tangent. 

𝑡𝑎𝑛ℎ 𝑡𝑎𝑛ℎ (𝑥)  =  𝑠𝑖𝑛 ℎ(𝑥)𝑐𝑜𝑠 ℎ(𝑥) =  𝑒𝑥 − 𝑒−𝑥𝑒𝑥 + 𝑒−𝑥 
(2.4) 

[19], and [20] notes that this activation function is similar to sigmoid but 𝑡𝑎𝑛ℎ 𝑡𝑎𝑛ℎ (𝑥)  
can take values from -1 to 1. The ReLU is also a common activation function applied to 

deep neural networks represented by the following equation: 

𝑓(𝑥) = 𝑚𝑎 𝑥(𝑥, 0) (2.5) 
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[21] notes that, unlike the sigmoid activation function, ReLU has the benefit of not 

saturating for large inputs. Furthermore, since sigmoid functions accept values between 0 

and 1, they are less likely to be "on" or "off" than ReLU, which accepts values between 0 

and ∞. The SoftMax function is a normalizing function that is commonly used as an 

activation function for the final layer of a neural network, as [22] notes. An example of an 

equation to convert an input vector x with values x_i into the corresponding output element 

y_i is given in [22]:   

𝑓𝑦𝑖 = 𝑒𝑥𝑖∑𝑁𝐽=1 𝑒𝑥𝑗  
(2.6) 

[22], further notes that the elements of the output vector must sum to 1. Notably, SoftMax 

should be applied when the output of the ANN should be different case probabilities 

including classification problem.  Table 2.1 summaries activation function 
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Table 2.1 Summary of activation functions 

Activation 

Function 

Strength Weakness Big O notation 

Sigmoid Smooth gradient, suitable 

for backpropagation 

algorithm 

Susceptible to 

vanishing 

gradient problem 

O (1) 

Hyperbolic 

Tangent 

Zero centered output, 

which can help in training 

convergence 

Susceptible to 

vanishing 

gradient problem 

O (1) 

Rectified 

Linear 

Unit 

Avoids vanishing 

gradient problem 

Not Zero 

centered, can 

cause dying ReLu 

problem 

O (1) 

Soft-max Outputs probabilities, 

suitable for classification 

Sensitive to 

outliers and high 

dimensionality 

O (n) 

 From table 2.1, soft-max had the worst, worst case time complexity of O (n) while the 

other three had a constant time (O (1)). Notably, sigmoid was best suitable for binary 

problem while soft-max was for multi-class classification. Hyperbolic Tangent was mainly 

applied to recurrent neural networks and ReLu performed well when applied to hidden 

layers of deep neural network. Additionally, sigmoid worked well with back propagation 

algorithm while ReLu avoided vanishing gradient problem. Hyperbolic was Zero centered. 
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Sigmoid and hyperbolic were susceptible to vanishing gradient problem, soft-max was 

sensitive to outliers while ReLu could have dying ReLu problem. 

From reviewed literature, it was clear that feed forward network with activation could 

classify traffic sign, however the accuracy and recall rate were low. To solve these a 

mechanism to send back information from the output to the input while monitoring the 

accuracy was important. These mechanisms include back propagation, cost function and 

gradient descent.  

2.3.1.2 Back propagation Algorithm 

Supervised learning is one common technique that is used to make the mapping of input to 

output of an ANN useful. [23], notes that in supervised learning, one must have 

predetermined desired outputs for a specific input. [23], further applies an example of 

images for rock scissors and paper to explain supervised learning.  In his discussion, [23] 

notes that the desired output 𝑦 along with the actual output 𝑦̂ are passed to a differentiable 

cost function 𝐶 which is usually minimized by adjusting the weight and biases of the 

network. If Ɵ is the set of all parameters in the network, [24], notes that the objective when 

training using supervised learning is given be the following equation: 

𝜃𝑚𝑖𝑛 1𝑁 ∑𝑁𝑖=1 𝐶(𝑌𝑖, 𝑦̂𝑖|𝜃), (2.7) 

Where 𝑦̂1 … 𝑦̂𝑁 and 𝑦1 … 𝑦𝑁 represents the output and labels of the network for a training 

data  𝑥1 … 𝑥𝑁. [24] adds that until the network reaches a satisfactory level of accuracy when 

exposed to validation or test data, the process of transferring data through the network, 

evaluating the cost, and readjusting weights and bias is carried out frequently. Notably, 

back-propagation is a technique used in feed-forward networks to modify various 



18 

 

parameters to attain the intended outcomes [23]. Gradient descent of the cost function with 

respect to the parameters is applied using a chain rule in backpropagation. 

2.3.1.3 Stochastic Gradient Descent 

While a single sample of input data, desired output, and actual output suffices to calculate 

the gradients for all network parameters, it is customary to incorporate many samples and 

average the resultant gradients [25]. The term "mini-batch" typically denotes this grouping 

of samples. Mini-batches provide numerous applications in network training. The average 

of gradients is the optimal method to estimate the gradients of the minimization problem, 

derived from the complete training set. Secondly, leveraging the extensive parallelism 

offered by contemporary CPUs and GPUs generally results in more efficient computation 

of gradients for several inputs simultaneously. The technique of randomly selecting 

samples from the training set, calculating the gradients, and subsequently adjusting the 

parameters in line with equation 2.13 is referred to as stochastic gradient descent, or SGD, 

as noted in [25]. 

⊝←⊝ − ∝𝑚 ∑𝑚
𝑖=1

𝜕𝐶(𝑦𝑖,, 𝑦̂ ⊝)𝜕 ⊝ , (2.8) 

Where α represents the rate at which the model learns and the size of the mini batches is 

represented by m. 

[25] points out that the network parameters are updated using epochs, which are the number 

of times all training samples have been used. Epochs are frequently used to measure the 

quantity of training that has been done. If N training samples are available, one epoch is 

completed after using N/m mini-batches for training. If the input data is changed in any 
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manner before being delivered to the network, it is impossible to specify the measure of 

one epoch in the original meaning because this could lead to an excessive number of 

training samples being used [25]. Under such circumstances, the number of mini-batches 

used is directly proportional to the training. 

2.3.1.4 Vanishing Gradient problem 

To train deep neural networks using back propagation, gradients need to be propagated 

over several layers. The gradient pertaining to a specific layer is multiplied by the 

activation function gradients for every layer that has previously been passed through the 

chain rule. Since the gradients of the activation functions were typically restricted to the 

range (−1, 1), the resulting gradient tends to zero since it is a product of values with 

magnitudes lower than one [25]. In reality, learning occurs more slowly and inefficiently 

when layers close to the network's input layer learn more slowly than layers close to its 

output. The vanishing gradient problem is the name given to this issue. The use of ReLUs 

in deep neural networks is one method that has greatly aided in solving the vanishing 

gradient problem [26]. 

2.3.2 Convolutional Neural Network 

Convolutional neural networks (CNNs), a type of feed-forward neural network, possess a 

distinct architecture that enables them to analyze spatially organized input, such as 2D or 

3D images represented as tensors. The architecture draws inspiration from the mechanisms 

of biological visual perception [27]. Similar to other artificial neural networks, these 

networks consist of neurons with adjustable weights and biases. Upon receiving input, each 

neuron does a dot product prior to possibly executing an activation function. Deep learning 

refers to CNN research due to the architecture's characteristic of being "deep," consisting 
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of multiple layers. The network establishes a mapping function that correlates the pixels of 

an image with the desired output [27]. An RGB image, with three channels that denote the 

intensity values of red, green, and blue, is intended to serve as the input for a general 

convolutional neural network (CNN). Subsequent layers of the CNN may comprise 

additional channels, referred to as feature maps. 

 Until the desired output size is attained, the number of feature maps usually rises across a 

CNN's layers, while their spatial dimension falls. This structure's general idea is that the 

input image's representation gets increasingly abstract as the layers increase in number 

[28]. A picture's later layers reveal less about the "where" and more on the "what" and 

"how" of items and things. A feature vector at a CNN's single layer is comparable to a 

feature map and is composed of the components of all feature maps at a certain geographic 

region. The CNN structure is illustrated in Figure 2.4 [28]. 

 

 

 

 

 

Figure 2.3: Structure of feature maps in a CNN.  

Figure 2.7 depicts an 8 by 8 one channel that is grayscale picture as the CNN model input 

as well as the feature maps that will act on the image.   
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2.3.3 Components of Convolutional Neural Network 

In addition to the fully connected layer described in section 2.2, many types of layers and 

connections can be employed to construct deep convolutional networks. Certain elements 

are frequently employed to emulate fully connected layers, alter spatial dimensions, 

minimize the size of intermediate layers, and additional functions [28]. This section 

elucidates the essential components of the CNN framework. 

2.3.3.1 Convolution Kernel 

A convolution kernel defines the discrete 2D convolution action shown in figure 2.7. For 

size𝑘  ×  𝑘, K by k. The convolution kernel is applied to every pixel in a 𝑁 ×  𝑀 input 

picture (tensor) 𝑋, multiplying and adding the values of the surrounding pixels. The output 

is 𝑎(𝑁 − 𝑘 + 1) × (𝑀 − 𝑘 − 1) image Y. Equation 2.14 below is used to determine the 

output at pixel location 𝑖,  𝑗. 

𝑌𝑖,𝑗 =  ∑𝑘
𝑖′=1 ∑𝑘

𝑗′=1 𝑘𝑖′,𝑗′𝑋𝑖 − 𝑘 + 12 +  𝑖′, 𝑗 − 𝑘 + 12
+ 𝑗′ 

(2.9) 

Further explained as 

A 3 x 3 kernel convolution operation and the relationship between several input activations 

and a single output activation are shown in Figure 2.8 [29]. 

𝑌 =  𝑘 ∗  𝑋 (2.10) 
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Figure 2.4: An example of the convolution process with a 3 × 3 kernel 

As with the fully connected layer, the later layer applies a bias bi across the entire feature 

map by summing the output of all convolutions related to feature map 𝑖 [29] on kernel. The 

discrete 2D convolution action seen in figure 2.7 is defined by a convolution. The 

convolution operation between two layers in a CNN is defined by a kernel 𝑘𝑖𝑗 for each pair 

of feature mappings in the two layers. The feature map 𝑌𝑖 in the next layer is found using 

the following equation, assuming that 𝑋𝑗is a feature map in a layer with 𝑁  ≥ 𝑗 feature 

maps: 

where 𝜎𝑖 is an element-wise activation function and 𝑖 is an all-ones matrix. The biases 𝑏𝑖 
and the components of all kernels 𝑘𝑖𝑗 are learnable parameters that are changed throughout 

the network training procedure [29].  

[29] states that the size of the feature maps is also reduced by the convolution method. 

Nonetheless, numerous techniques exist to alleviate or circumvent this effect. A prevalent 

𝑌𝑖 = 𝜎𝑖(∑𝑁𝐽=1 𝑘𝑖𝑗 ∗ 𝑋𝑗 + 𝑏𝑖1), (2.11) 

𝑌𝑖 = 𝜎𝑖 (∑𝑁
𝐽=1 𝑘𝑖𝑗 ∗ 𝑋𝑗 + 𝑏𝑖1) 

 

(2.12) 
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method for preserving spatial dimensions is zero-padding, which entails surrounding the 

feature maps with a border of (𝑘1)/2 zeros prior to the convolution process, effectively 

counteracting spatial reduction. Nevertheless, a stride can be incorporated into the 

convolution to further reduce the spatial dimensions of activations in the intermediate layer. 

The stride advances the convolution kernel by s steps between each "multiply and sum" 

operation, hence diminishing the size of the feature maps by a factor of s. 

 Convolutions are generally performed without stride, indicating that 𝑠 =  1. [30] indicates 

that the essential concept of the receptive field is established when a CNN is augmented 

with a convolutional layer. The receptive field of a CNN measures the extent of information 

from the input image that the feature vectors of a particular layer may utilize. If the initial 

component of a CNN is a convolutional layer with kernel width ki, then its receptive field 

measures 𝑘𝑖 ×  𝑘𝑖. Every element in the second layer obtained information from the 𝑘𝑖 ×  𝑘i nearest pixels in the input image. Based on this pattern, n convolutional layers 

with kernel sizes  

 2.3.3.2 Up-convolution or backwards convolution 

Up-convolution, a process akin to convolution but inverted, can be applied to up sampling. 

As illustrated in figure 2.9, it is achieved by reversing the convolution approach, as per 

[30]. Therefore, if up sampling by f is necessary, it can be represented as a convolution 

with a fractional input stride of (1)/𝑓. This kind of layer can connect many output 

activations to a single input activation. Learnable filter settings in this up-convolution layer 

(1 + ∑𝑛
𝑖=1 (𝑘𝑖 − 1)) × (1 + ∑𝑛

𝑖=1 (𝑘𝑖 − 1)) 

(2.13) 
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may correspond to object reconstruction bases. Consequently, [30] notes that repeatedly 

down-sampling and then up-sampling to produce dense predictions can be used to build an 

end-to-end learning mechanism, and that dense pixel-level predictions have been 

successfully made using this technique. 

 

 

 

 

Figure 2.5: An example of the up-convolution process 

2.3.3.3 Pooling layers 

 In order to decrease the spatial dimensionality of feature maps as they traverse the network, 

non-learnable pooling layers are used. Similar to convolution layers, they are paired with 

a stride s and a kernel of size 𝑠𝑘𝑖   × 𝑘𝑖. The max-pooling layer and the average-pooling 

layer are the two kinds of pooling layers that are frequently employed, per [29, 30]. The 

max-pooling layer, depicted in figure 2.10, discards the data from the non-max neurons by 

performing 𝑎𝑚𝑎𝑥( ) operations on the feature map elements at each kernel point. 

 

 

 



25 

 

 

 

 

 

Figure 2.6: Maximum pooling process 

The output activation is determined by the largest value recorded among the input 

activations within a specified window. However, as noted in [29], the average-pooling 

layer calculates an average at each kernel location by performing a standard convolution 

with all kernel values assigned to 
1𝑘2. [29, 30] indicates that to achieve dimensional 

reduction of components without necessitating zero-padding, the stride of the pooling 

layers is typically set at s = k, as illustrated in figure 2.11. 
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Figure 2.7: Average pooling operation 

Notably, pooling layers provide a practical way to decrease the spatial dimensions of 

feature maps while simultaneously expanding the receptive field in a CNN. The effect of a 

pooling layer with stride s is to increase the receptive field of a factor. Nevertheless, [30] 

notes that stride can be added to a convolutional layer to get this pooling layer effect.  

2.3.3.4 Un-pooling 

A reversing process called un-pooling aims to restore the initial size of activations that 

pooling has destroyed. Figure 2.9 [30] illustrates a form of un-pooling specifically designed 

to reverse the max-pooling process, which preserves the maximum activations selected 

during pooling and employs them to reconstruct the original activations by repositioning 

the recorded values to their initial places. The index of the highest value selected during 

down sampling is always stored in the maximum function used for pooling.  As a result, 

the maximum value is returned and put in its original location after un pooling, while zero 
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is used to replace the other values. This method works well for parameter-free up sampling 

and object structure recovery.  

 

 

 

Figure 2.8: Max-un-pooling process 

The recorded maximum activations from a corresponding max-pooling layer are utilized 

to extract the maximum input activations. All other values within a window are assigned a 

value of zero subsequent to the recovery of the maximum value. 

2.3.3.5 1 × 1 Convolutions 

Remarkably, the 1×1 convolutional kernels and the 𝑘 × 𝑘 kernels are utilized in a same 

fashion. Philosophically, 𝑘 × 𝑘 convolutions are typically regarded as edge or feature 

detectors, whereas 1 × 1 kernels solely serve to amalgamate the activations of individual 

feature vectors [31]. This can be interpreted as implementing the influence of a fully 

connected layer on each feature vector. The convolution operation's independence from the 

spatial dimensions of its input makes the transformation of fully connected layers into 1 × 

1 convolutions an effective method for generalizing the network across varying input sizes 

[30–31]. 

2.3.3.6 Batch Normalization 

Because the distribution of inputs for each intermediate layer varies during training, deep 

neural network training can be challenging in practice. Changes in the characteristics of 
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the preceding layers are the reason for this shift [32]. Internal covariate shift is the term 

used to describe this issue. The vanishing gradient problem is also caused by the 

activations' tendency to migrate into the saturated regimes when the input distribution 

changes. As the network depth increases, this effect gets worse. To address this, a 

normalization technique is designed that normalizes the inputs to the activation layers over 

the mini-batch [32]. A brief overview and detailed explanation of the batch normalizing 

transform algorithm are provided below. 

Think of a mini-batch with n inputs, where 𝐵 = 𝑥1, 𝑥2 … , 𝑥𝑛. The batch normalization's 

linear transformation can be shown by {𝑦1,  2 … , 𝑦𝑛} [32-33] if the normalized values are 𝑥ˆ1, 𝑥ˆ2 … , 𝑥ˆ𝑛. Then, the batch normalizing transform is given by: 

where the learnable parameters γ and β indicate the transformation's scaling and shifting 

[33]. Thus, the variance and mini-batch mean, which are provided by: 

Thus, the normalization looks like 

Thus, the outcome is presented by:  

𝐵𝑁𝛾,𝛽 : 𝑥1, 𝑥2 … , 𝑥𝑛 → 𝑦1, 𝑦2 … , 𝑦𝑛 (2.14) 

µ𝐵 ← 1𝑛 ∑𝑛
𝑖=1 𝑥𝑖 𝜎𝐵2  ← 1𝑛 ∑𝑛

𝑖=1 (𝑥𝑖 − µ𝐵)2 
(2.15) 

𝑥ˆ𝑖 ← 𝑥𝑖 −  µ𝐵√𝜎𝐵2 + 𝜖   (2.16) 

𝑦𝑖 ←  𝛾𝑥ˆ𝑖 +  𝛽.  (2.17) 
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2.3.3.7 Inception module 

An architectural enhancement that attempts to deepen the network while maintaining 

efficiency is part of the inception module that was introduced in. Convolutional building 

blocks are used, and a deep architecture is constructed by closely examining the correlation 

statistics of the preceding layer [34].  

i).  A layer of 1x1 convolutions designed to cover the whole spatial range of the output 

from the layer before it;  

ii). A 3 x 3 convolutional layer designed to group small sets of units with strong spatial 

correlation; and  

iii). A layer of 5x5 convolutions is used as an initialization block or module to cluster 

bigger groups of units with high spatial correlation. 

Due to the differing levels of correlation in feature mappings during the initial phases of 

the network, all three varieties of convolutional layers are typically integrated into the later 

inception module [34].  The 1 ×  1 and 3 ×  3 convolution layers are superior design 

choices as the network's depth escalates.  This architecture offers the advantage of utilizing 1 ×  1 convolution layers prior to the more computationally intensive 3 ×  3 or 5 ×  5 

convolution layers, hence greatly reducing the feature map dimensions for the larger spatial 

convolution layers.  This approach circumvents the computational bottleneck associated 

with the use of Inception modules.  The inception module, a crucial element of several 

inception topologies, is illustrated in Figure 2.13.  
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Figure 2.9: Inception module. 

2.3.3.8 Residual learning 

Researchers were inspired to attempt building even deeper architectures by the success of 

deep convolution networks. However, the vanishing gradient problem is responsible for 

the learning's tendency to saturate with depth [35]. The deterioration issue seen in very 

deep architectures is intended to be resolved by the architecture presented by deep residual 

learning. In order for the few stacked layers in between to learn a residual mapping instead 

of the original one, skip connections between several convolutional layers are meant to be 

inserted. More precisely, if a few stacked layers were to fit a desired mapping, say 𝐻(𝑥), 

the stacked layers would try to fit another mapping 𝐹(𝑥) ≔ 𝐻𝑥 − 𝑥 through the revised 

architecture. Consequently, 𝐹(𝑥) + 𝑥 is the new formulation of the original mapping.  The 

architecture is based on the notion that optimizing a residual mapping is simpler than 

optimizing the original, unreferenced mapping [35]. The fundamental component of a 

residual learning architecture is depicted in Figure 2.14. Essentially layered on top of each 

other, this building block of residual layers with skip connections enables the creation of 

extremely deep structures. 
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Figure 2.10: Residual learning scheme. 

2.3.3.9 Tiling 

Tiling is a non-learnable upsampling method that entails reshaping and combining feature 

maps. The technique pertains to a singular parameter, t, and necessitates that t2 be a divisor 

of the quantity of feature mappings in the layer input [36]. Given m feature maps of size N 

× M, reshaping is applied to all feature vectors, rearranging them into m/t² matrices of size 

t × t. After concatenating the matrices from each feature vector, m/t² feature maps of size 

tN × tM are generated. The tiling technique offers a notably advantageous interpretation 

when applied immediately following a 1 × 1 convolution layer.  

The convolution kernel weights are not uniformly distributed across feature maps, resulting 

in an interpretation of applying t2 independent fully linked layers to each spatial position, 

with the output organized in a t × t grid. 
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Figure 2.11: Tiling operation 

A tensor that extends in the feature dimension is converted to tile across in the spatial 

dimension. Four 2 × 2 feature maps are put through a size 2 tiling operation in the example 

for figure 2.15. 

2.3.3.10 Dilated Convolutions 

Dilated convolutions are altered convolutions that enable an expansion of a network's 

receptive field size while preserving the spatial dimensions of the intermediate feature 

maps. The formulations for dilated convolution and general discrete convolution are 

delineated as follows [37], wherein dilated convolution filters are constructed by 

augmenting the general convolution operator ∗.  Let Ω𝑟 =  −𝑟, 𝑟2 ∩  𝑍2 and let 𝐹\: 𝑍2 →𝑅 be a discrete function. Additionally, let k be a discrete filter with the size (2𝑟  + 1)2 and 

defined as 𝑘:  Ω𝑟 →  𝑅. With this explanation, the discrete convolution operator ∗ and the 

more generalized dilated convolution operator ∗𝑙 can be given by: 

(𝐹 ∗ 𝑘)(𝑝) = ∑𝑠+𝑡=𝑝 𝐹(𝑠)𝑘(𝑡) 
(2.18) 

(𝐹 ∗𝑙 𝑘)(𝑝) = ∑𝑠+𝑙𝑡=𝑝 𝐹(𝑠)𝑘(𝑡) 
(2.19) 
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where the l-dilated convolution process was denoted by ∗𝑙. The expression changes to the 

typical 1-dilated discrete convolution operation when i = 1 [37]. As seen in figure 2.12, the 

dilation filters allow for an exponential rise in the receptive field, which is indicated by: 

In image segmentation, when multi-scale contextual information must aggregate without 

erasing spatial information, this trick is particularly helpful. The dilated convolutions, as 

shown in figure 2.12, are a practical alternative to the concept of down-sampling feature 

maps using strides in convolution layers or consecutive pooling [37]. 

Figure 2.12:  3 × 3 kernel increase dilation.   

The first filter has a 3x3 receptive field with 1-dilated convolutions; the second has a 7x7 

receptive field with 2-dilated convolutions for each element; and the third has a 15 x 15 

effective receptive field with 4-dilated convolutions. Whereas the blue area displays the 

receptive field, the green areas display areas where the elements overlap. The receptive 

field can extend exponentially because to the architecture. 

2.3.4 Classification, Detection and Localization 

Deep learning techniques for object categorization, localization, detection, and 

segmentation were made popular by the ImageNet challenges. Given a training set of more 

than 5 million annotated photos, the classification task in this multi-task challenge is to 

𝐹𝑖+1 =  𝐹𝑖∗2𝑖𝑘𝑖 (2.20) 
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assign images to one of 1000 different classes [38] and [39]. In 2012, the CNN-based 

methodology and architecture outlined in [38] produced state-of-the-art classification 

results, revolutionizing computer vision techniques. The remaining tasks entail localization 

and detection, which call for providing bounding box coordinates in the picture pixel grid 

that indicate the location of the classified object. Therefore, CNNs are initially 

demonstrated to be promising for applications involving categorization. Soon after, though, 

they undergo modifications to enable identification and localization. In this part, we 

provide a brief overview of the body of theory that clarifies some of the ideas involved in 

using CNNs for localization and detection [39]. These ideas form the core of the thesis goal 

and will serve as the foundation for the methodology. 

2.3.4.1 Detection using Classification 

Many methods rely on independently identifying spatial portions of the image as a first 

step between classification and localization, offering a "detection through classification" 

approach [39]. To minimize the number of regions that are sent for classification, the 

detector typically labels the spatial regions as "Object" or "Background." A greater level 

of categorization of the geographical regions can be obtained directly by combining the 

classifier and detector, though, assuming the computing cost of the classification is not an 

issue [39]. By allocating the number of feature mappings in the final layer to the number 

of classes that need to be differentiated, a CNN can be used to accomplish a detection 

through classification strategy. After that, each feature map can be linked to a certain class.  

The feature vectors generated by employing a SoftMax function as the activation function 

correspond to the probability distribution of the classes. Each prediction generated by such 

a CNN would possess a receptive field centered at the identical point and a matching spatial 
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position within the image. The receptive field of the predictions is delineated by many 

pixels due to the stride of the layers in a CNN. The effective stride of the network is 

determined by multiplying the strides of its tiers.  

The following layers of the network typically consist of a sequence of 1 x 1 convolutions 

to facilitate separate predictions for each feature vector from the preceding layer. The initial 

layers of the CNN are designated as feature extractors, and the subsequent layers are termed 

classifiers. Viewing the CNN pipeline as two distinct networks is highly beneficial when 

addressing transfer learning. Transfer learning involves pre-training a network architecture 

on extensive, generalized data sets, such as the ImageNet data set, and subsequently 

replacing the network's final layers to train on a distinct, usually smaller data set.  

This technique relies on the premise that a pre-trained feature extractor can derive feature 

vectors from an input image that possess a high degree of conceptual information [86]. The 

approach regularizes the network and is advantageous when the dataset of interest is 

limited. 

2.3.4.2 Bounding Boxes 

The detection technique outlined previously indicates the object's location inside the image, 

but it does not provide information regarding its size. A prevalent technique for providing 

more information regarding the geometry of an object is bounding box regression [88]. The 

concept involves connecting a smaller network to the output of the feature extractor, which 

operates concurrently with the classifier, as depicted in figure 2.14. 
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Figure 2.13: Network architecture used to carry out classification-based detection 

The configurations of the bounding box regressor and the classifier are analogous. 

Nonetheless, as a bounding box necessitates a pair of coordinates relative to the image 

pixels, the quantity of output feature maps is established at 4 [40]. Consequently, each 

element in the output feature vectors can be linked to one of the bounding box coordinates. 

The classifier's output and the bounding box regressor can be integrated to ascertain the 

class and position of items within the image. Due to the one-to-one correlation between the 

geographical predictions of the classifier and the output coordinates of the regressor, the 

results for locations classed as "No class" can be disregarded. 

The final outcome is a compilation of spatial object detections; each associated with a 

bounding box. The detector may identify adjacent areas of the same class if the item is 

sufficiently large, resulting in many bounding boxes corresponding to the same object. 

2.3.5 Convolutional Neural Network Models 

There are many CNNs Models developed for various domains. This section discusses some 

of these models highlighting their strengths and weakness. 

2.3.5.1 AlexNet 

AlexNet, a deep convolutional neural network, was developed in 2012 and took first place 

in the ImageNet LSVRC competition. In addition to proving CNN's efficacy in complex 
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models, AlexNet is more significant than earlier convolutional networks because it 

completes training using GPU implementations. Compared to a CPU, a GPU with 

thousands of parallel computing cores has a better probability of delivering results in a 

reasonable length of time. For the first time, AlexNet's activation function is Rectified 

Linear Units (ReLU) rather than the more traditional Sigmoid and Tanh (hyperbolic 

tangent).  

AlexNet, a deep convolutional neural network, was developed in 2012 and took first place 

in the ImageNet LSVRC competition. In addition to proving CNN's efficacy in complex 

models, AlexNet is more significant than earlier convolutional networks because it 

completes training using GPU implementations. Compared to a CPU, a GPU with 

thousands of parallel computing cores has a better probability of delivering results in a 

reasonable length of time. For the first time, AlexNet's activation function is Rectified 

Linear Units (ReLU) rather than the more traditional Sigmoid and Tanh (hyperbolic 

tangent).  

The response-normalized activity 𝑏𝑥𝑖 , 𝑦 is determined by formula 2.26 where 𝑎𝑖 , 𝑦 is the 

activity of a neuron, which is calculated by applying kernel i at location (𝑥, 𝑦) and applying 

the ReLU nonlinearity [41]. 

Additionally, dropout and data augmentation are used by AlexNet to avoid over-fitting 

during training. In other words, when the amount of training data is limited, AlexNet 

𝑏𝑥𝑖 ,𝑦 =  𝑎𝑥𝑖 ,𝑦/ (𝑘 + 𝑎 ∑(𝑁−1,1+𝑛2) 
𝑗=(0.𝑖−𝑛2) (𝑎𝑥𝑗 ,𝑦 )2 )^𝛽   (2.21) 



38 

 

rapidly enhances the training data by applying several performatives to the original dataset, 

and dropout simultaneously suppresses the forward and backward propagation of the neural 

network by setting the neurons to 0 using a specified probability, while keeping the number 

of neurons in the input and output layers constant. 

However, AlexNet has some weakness. Notably, AlexNet is a relatively shallow CNN 

architecture by modern standards, with only five convolutional layers and two fully 

connected layers. Some more recent models have significantly deeper architectures, which 

can capture more complex features and achieve even better performance. Additionally, the 

model has a large number of parameters (60 million), which can make it difficult to train 

without access to powerful computing resources. Also, the pooling layers in AlexNet can 

result in a loss of spatial information, which can be important for certain computer vision 

tasks, such as object localization and segmentation. Lastly, while AlexNet achieved state-

of-the-art performance on the ILSVRC dataset, it may not generalize as well to other 

datasets or tasks, and newer models may achieve better performance on certain 

benchmarks. 

2.3.5.2 GoogleNet 

Convolutional neural networks have been used to create ImageNet champions since 

AlexNet's inception in 2012, and the layers are becoming increasingly complex. CNN thus 

emerged as the primary algorithm in the domain of picture classification and recognition. 

GoogLeNet was victorious in the 2014 ImageNet Challenge (ILSVRC14). Despite having 

just 22 layers, GoogLeNet performs better than AlexNet in a number of areas. With far 

𝑅𝑒𝐿𝑈(𝑥) = {𝑥        𝑖𝑓 𝑥 > 0  0        𝑖𝑓 𝑥 ≤ 0    (2.22) 
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fewer parameters than AlexNet, GoogLeNet has the advantage of ensuring superior 

performance even with constrained memory or processing power. The Inception network 

topology was suggested by the GoogLeNet team as the explanation for its exceptional 

performance with fewer parameters.  

The Inception network topology was proposed by the GoogLeNet team due to its ability to 

yield substantial results with a reduced number of parameters.  

Inception replicates the recurrent neuronal buildup observed in the human brain. The 

Inception network is utilized to cluster sparse matrices into denser sub-matrices. This 

approach significantly improves the model's computational efficiency, resulting in a sparse 

and high-performance network. The Inception network architecture employs the Network 

in Network approach to enhance the efficacy of the 1×1 convolution kernel for 

dimensionality reduction and constraining network size.  

GoogLeNet was created through four iterations, from version 1 to version 4. By integrating 

1x1, 3x3, and 5x5 convolutions along with 3x3 pooling operations, Inception v1 enhances 

the network's width and improves the model's flexibility. Inception v2 incorporates the BN 

layer from Inception v1 and mitigates the internal covariate shift to standardize each layer's 

output to a N(0,1) Gaussian distribution. It also references how VGG reduces parameters 

and speeds up processing by using two 3×3 convolution kernels in the inception module 

rather than five×5.  Inception v3 later incorporated the Factorization Machine (FM), which 

broke down 7x7 into a 7x7 and a 7x1 convolution and 3x3 into a 1x3 and a 3x1 convolution. 

The goal is to boost the network's nonlinearity and speed up the neural network training 

computation. The Inception block's grid size is unified in Inception v4. Additionally, 
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ResNet's architecture can greatly aid in speeding up network training and performance 

enhancement. 

Nonetheless, GoogleNet has some weaknesses. Firstly, GoogleNet is a very complex 

architecture with 22 layers, which can make it difficult to train and optimize. Its complexity 

can also make it harder to interpret the learned features and understand how the model is 

making predictions. Secondly, due to its large number of layers and complex architecture, 

GoogleNet requires a significant number of computational resources to train and evaluate. 

This can limit its practicality in some settings, especially those with limited computing 

power. Thirdly, GoogleNet's depth can make it more susceptible to over-fitting on small 

datasets, which can lead to poor generalization performance on new data. Fourthly, the use 

of pooling layers in GoogleNet can result in a loss of spatial information, which can be 

important for certain computer vision tasks, such as object localization and segmentation. 

Additionally, like other deep learning models, GoogleNet is sensitive to its hyper-

parameters, including learning rate, weight decay, and dropout probability. Tuning these 

hyper-parameters can be time-consuming and require significant computational resources. 

Lastly, while GoogleNet achieved state-of-the-art performance on the ILSVRC dataset, it 

may not be as effective on other tasks or datasets, and newer models may achieve better 

performance on certain benchmarks [42]. 

2.3.5.3 VGGNet 

Based on AlexNet, VGG is a deeper convolutional neural network proposed by Oxford's 

Visual Geometry Group. The main contribution is to demonstrate that the network's 

performance will increase with its size. In order to deepen the network, VGG primarily 

uses the technique of adding more convolution layers. Not only does the network's learning 
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capacity grow with the number of network layers, but it also strengthens its categorization 

capabilities. The recognition has significantly improved when the depth is extended to 16 

layers, or VGG-16, and to 19 layers, or VGG-19 [43]. One improvement in VGG-16 over 

AlexNet is the substitution of three consecutive 3x3 convolution kernels for the bigger 

convolution kernels in AlexNet. This results in deeper layers and fewer parameters than 

AlexNet, although it simply requires fewer iterations. Similar to GoogleNet and AlexNet, 

VGGNet has some weakness. Notably, VGGNet is a computationally expensive 

architecture due to its depth and the large number of parameters it has. This can make it 

difficult to train and optimize without access to powerful computing resources. 

Additionally, the use of max pooling layers in VGGNet can result in a loss of spatial 

information, which can be important for certain computer vision tasks, such as object 

localization and segmentation [44]. Lastly, VGGNet may not generalize as well to other 

datasets or tasks as it is primarily developed and evaluated on the ILSVRC dataset. 

2.3.5.4 ResNet 

Originally suggested in 2015, the deep residual network, or ResNet, won first place in the 

classification of the ImageNet competition. It mainly tackles the problem of the accuracy 

of the training set decreasing as the network deepens, caused by the gradient vanishing. 

The core ResNet technique is introducing an identity shortcut to directly bypass one or 

more layers. A shallow network can achieve lower training errors by using an identity 

mapping of multiple layers, even though deep networks frequently have bigger training 

errors than shallow networks [44]. This answer shows that the layers of the identity map 

are more suitable for training since residual learning requires less computations than other 

layers. Additionally, the following is the mathematical expression for the residual unit: 
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Where 𝑥𝑙  and 𝑥𝑙+1 indicate the first residual unit's input and output, respectively; It is 

noteworthy that each residual unit typically possesses a multi-layered structure. f denotes 

the ReLU activation function, h signifies the identity map, and F represents the residual 

function, which encapsulates the learned residual. The learning characteristics go from 

shallow (l) to deep (L) layers as follows: 

The gradient of the reverse process can be determined using chain rules: 

When the loss function of the first factor becomes close to the gradient of L, the short-

circuit mechanism can transmit the gradient without losing any data, as indicated by the 

parenthesis. The other residual gradient is not directly conveyed; instead, it must pass 

through the layer with weights. 

2.3.5.5 Faster R-CNN 

Faster R-CNN is an enhanced network derived from Fast R-CNN and R-CNN. Subsequent 

to the convolutional layer, R-CNN and Fast R-CNN employ the ROI pooling layer, while 

the multitask loss function enables the direct integration of bounding box regression into 

𝑦1 = ℎ(𝑥1 + 𝐹(𝑥1, 𝑊1)) (2.23) 

𝑥𝑖+1 = 𝑓(𝑦1) (2.24) 

𝑥𝐿 = 𝑥𝑙 + ∑𝐿−1
𝑖=𝑙 𝐹(𝑥𝑖, 𝑊𝑖) 

(2.25) 

𝛿𝑙𝑜𝑠𝑠𝛿𝑥1 = 𝛿𝑙𝑜𝑠𝑠𝛿𝑥1 . 𝛿𝑥𝐿𝛿𝑥1 = 𝛿𝑙𝑜𝑠𝑠𝛿𝑥1 . (1 + 𝛿𝛿𝑥𝐿 ∑𝐿−1
𝑖=𝑙 𝐹(𝑥𝑖 , 𝑊𝑖)) 

(2.26) 
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the CNN architecture. Nevertheless, utilizing Selective Search for Region Proposal 

generation requires more time for both testing and training. Faster R-CNN [44] replaces 

the prior selective search by effectively generating region proposals through the Region 

Proposal Network (RPN) and sharing the convolutional network with the object 

identification network. As a result, RPN reduces the recommendations from around 2000 

to 300. Moreover, the quality of suggestion boxes has markedly enhanced [45].  

The RPN produces 300 proposals for each image when the complete image is input into 

the Faster R-CNN for feature extraction. The recommendations are subsequently mapped 

into the last layer of the convolutional feature map. The ROI pooling layer generates a 

fixed-size feature map for each ROI. Bounding box regression and classification 

probability are trained with the SoftMax loss function and the smooth L1 loss function 

[45]. A fully connected layer with dimensions of 256 or 512 is generated on the 

convolutional feature map with a sliding window from the RPN. Moreover, Faster R-CNN 

inputs these variables into the classification and regression layers. 

The classification layer is used to determine if the proposal is foreground or background. 

The regression layer predicts the breadth and center position of the proposal. In other 

words, the position of the sliding window of the RPN provides generic position information 

of the object, whereas the regression of the frame provides a more precise location of the 

frame [45]. Furthermore, Faster R-CNN's two fully connected layers handle classification 

and regression, respectively. Similarly, it makes the most extensive use of two loss 

functions for fine-tuning.  

In a mini-batch, if i is the index of an anchor, then pi is the probability that the item is the 

object; pi is the anchor i's ground-truth label; and ti is a four-element vector where the 
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method for the classification task places bounds. The ground truth box's parameterized 

coordinates, 𝑡𝑖  ∗, coupled with a positive anchor, are represented as follows: 

The parameterizations of the four coordinates for the regression are as follows: w and h 

represent the proposal box's width and height, respectively; x and y represent the proposal 

box's center coordinates. The variables for the forecast box, anchor box, and ground-truth 

box are x, x_a, and x^ast, respectively. An anchor box's bounding-box regression to a 

nearby ground-truth box [93] is 

𝑡𝑥 = 𝑥−𝑥𝑎𝑤𝑎      𝑡𝑦 = 𝑦−𝑦𝑎ℎ𝑎   𝑡𝑤 =𝑙𝑜𝑔 𝑙𝑜𝑔 ( 𝑤𝑤𝑎)  𝑡ℎ =𝑙𝑜𝑔 𝑙𝑜𝑔 ( ℎℎ𝑎)  (2.28) 

𝑡𝑥∗ = 𝑥∗ − 𝑥𝑎𝑤𝑎  𝑡𝑦∗ = 𝑦∗−𝑦𝑎ℎ𝑎   𝑡𝑤∗ =𝑙𝑜𝑔 𝑙𝑜𝑔 (𝑤∗𝑤𝑎)  𝑡ℎ∗ =𝑙𝑜𝑔 𝑙𝑜𝑔 (ℎ∗ℎ𝑎)  (2.29) 

2.3.5.6 SegNet 

The SegNet image segmentation model, created by the University of Cambridge, partitions 

an image's object regions into pixels (e.g., vehicles, roadways, pedestrians, etc.). SegNet is 

an encoder-decoder architecture that utilizes the VGG-16 convolutional layer as five 

encoders, comprising 13 convolutional layers, following the removal of the fully connected 

layers [46]. The decoder executes nonlinear up-sampling of the input feature map utilizing 

the largest pool index accepted by the corresponding encoder [46]. The penultimate 

encoder is paired with the second decoder, the final encoder with the first, and so on. The 

decoder's output is transmitted to a multistage SoftMax classifier, which executes 

𝐿({𝑃𝑖}, {𝑡𝑖}) = 1𝑁𝑐𝑙𝑠 ∑𝑖 𝐿𝑐𝑙𝑠(𝑝𝑖, 𝑝𝑖∗) + 𝜆 1𝑁𝑟𝑒𝑔 ∑𝑖 𝑝𝑖∗𝐿𝑟𝑒𝑔(𝑡𝑖, 𝑡𝑖∗) 
(2.27) 
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classification based on pixels [94].  

The encoder in SegNet incrementally enhances the feature map's resolution to match the 

input size while maintaining the spatial resolution of the feature map through the 

application of batch normalization and ReLU procedures. The resultant information is 

forfeited. SegNet further obtains and retains boundary information within the encoder map 

before the upsampling process. Due to translation invariance, maximal merging and 

upsampling can enhance classification tasks' resilience without jeopardizing image 

segmentation accuracy. SegNet exhibits superior efficiency compared to many alternative 

segmentation methods, as it solely retains maximum pooling indices, which are 

subsequently utilized in the decoder network to ensure optimal performance. 

For instance, DeconvNet and its semi-supervised counterpart, the decoupled platform, 

utilize nonlinear up-sampling in the decoder network by leveraging the maximum position 

of the encoder feature map. These designs operate autonomously on SegNet. 

Approximately 90% of the characteristics in the VGG-16 network are attributed to the fully 

connected layer of the encoder network. Zone suggestions and additional auxiliary tools 

are essential as they complicate network training significantly. Furthermore, this 

substantially augments the duration devoted to contemplation [46].  

Rather than utilizing pooled location index data, U-Net conveys the complete signature to 

the matching decoder, frequently resulting in increased memory usage. Moreover, by 

neglecting high-resolution feature maps for end-to-end processing, FCN heightens the risk 

of losing edge information. The encoder profile's multiplexing in the FCN, coupled with 

training challenges, renders it highly memory-intensive. SegNet is primarily motivated by 

the utilization of scenario information, leading to designs that prioritize memory and 
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computational efficiency during prediction. Furthermore, quantitative analyses indicate 

that SegNet exhibits superior efficiency compared to alternative architectures for memory 

and time utilization. 

2.3.5.7 MobileNet 

MobileNet is a convolutional neural network architecture created by Google in 2017. It is 

intended to facilitate efficient inference on mobile and embedded devices with constrained 

processing resources. MobileNet attains this efficiency by the utilization of depth-wise 

separable convolutions, which distinguish between spatial filtering and channel-wise 

filtering operations within a convolutional layer [47]. This decreases the quantity of 

parameters and computational demands of the model, while preserving a similar degree of 

accuracy to larger, more intricate models.  

MobileNet is exceptionally efficient and suitable for mobile and embedded devices with 

constrained computational resources, rendering it ideal for real-time applications like 

object identification and tracking [47]. The implementation of depth-wise separable 

convolutions in MobileNet diminishes the parameter count and computational demands of 

the model, resulting in expedited training and inference durations. Ultimately, MobileNet 

attains a degree of accuracy equivalent to that of larger, more intricate models, rendering 

it an optimal selection for resource-limited settings where precision remains significant.  

Conversely, the efficiency of MobileNet is achieved at the expense of reduced accuracy 

relative to larger, more intricate models. Although MobileNet can attain a significant 

degree of accuracy, it may underperform compared to larger models on some applications 

or datasets [47]. MobileNet may be less appropriate for jobs necessitating high spatial 

resolution or intricate feature extraction, owing to its implementation of depth-wise 
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separable convolutions. The depth-wise separable convolutional operations employed in 

MobileNet can be more challenging to optimize and calibrate compared to regular 

convolutional operations, potentially complicating the attainment of optimal performance 

on certain tasks. 

2.4 Traffic Sign Classification Techniques  

Traffic Sign Classification techniques apply different machine learning techniques in 

training and 

 testing of models.  Deep learning, reinforcement learning, supervised learning, and 

unsupervised learning are some of the categories into which these methods can be divided. 

These techniques follow a specific path in classifying images and video frames. [48] notes 

that normally the path has three stages namely: 

i). Image or video frame preprocessing,  

ii). Feature extraction  

iii). Classification.  

2.4.1 Image or Video Frame preprocessing 

Image and Video frame preprocessing involves a series of techniques and operations that 

are done on images to convert them to a format that can be analyzed. [49] and [50] notes 

that there are seven preprocessing activities that can be done to an image or video frame. 

These preprocessing activities are: image resizing, image cropping, color space conversion, 

image filtering, image normalization, image enhancement, and image segmentation.  
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2.4.1.1 Image resizing 

Image resizing involves modification of an image or video frame to a given size. According 

to [16], resizing can be on the dimension (length, width and height (for three dimensions)) 

or resolution of the image. Additionally, [50] and [51] notes that image resizing can be 

done in two ways; resampling and Scaling. Resampling modifies the aspects ratio for an 

image or video frame while maintaining the original aspect ratio. [51], notes that when 

resampling is done on a digital image, pixels are either added or reduced. Further, [50] 

states that there are several resampling methods used in image resizing including nearest 

neighbor interpolation, bilinear interpolation, bicubic interpolation, Lanczos interpolation 

and Content-Aware Scaling. 

Despite the fact that Nearest Neighbor Interpolation (NNI) has some shortcoming, it has 

the ability of preserving details of images and video frames with sharp edges [52]. [52], 

further notes that, NNI is a type of discrete sampling method that generates the value of a 

new pixel by choosing the nearest pixel value in the original image. [53], notes that NNI 

operates on an assumption that pixels for neighbors are similar, an assumption that may 

not always be true. [53] states that NNI replication of the value of the nearest pixel without 

smoothing or averaging its neighboring pixels, nearest neighbor interpolation maintains 

sharp edges and boundaries in an image. Therefore, NNI is helpful for images with distinct 

regions or items, such as line art, logos, and icons.  

NNI can also add artifacts and noise into the resulting image, particularly when resized to 

a larger size. According to [52] and [53], this problem is due to the fact that NNI produces 

a blocky or pixelated appearance, which can be distracting or visually unappealing. They 

further note that NNI ignores the overall structure or patterns in an image, which can result 
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in inaccurate or distorted results. [52], suggests that anti-aliasing method; a method that 

can reduce jagged edges and smoothen the image, can help to reduce the blocky or 

pixelated appearance of nearest neighbor interpolation. This process is achieved through 

adding a low-pass filter on the image before resizing to remove high-frequency 

components or noise.  However, [53] notes that anti-aliasing can improve picture quality, 

but it can also cause blurring or loss of sharpness depending on the strength of the filter 

used. Figure 2.1 shows an example of how NNI works on an image that was represented 

as a matrix of 3 by 3 to a matrix of 6 by 6 

 

 

 

 

 

 

 

 

 

 

Figure 2.14 3 by 3 cell transformation to a 6 by 6 cell  
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Bi-linear interpolation is a technique for estimating function values between two points in 

a two-dimensional area. [54], notes that bi-linear is a straightforward and widely used 

method for image resizing, geometric transformations, and other computer graphics 

applications. Additionally, [55] notes that the fundamental idea behind bi-linear 

interpolation is to interpolate the values of the function at four known data points (𝑥1, 𝑦1), (𝑥1, 𝑦2), (𝑥2, 𝑦1), and (𝑥2, 𝑦2) to get the value of a point(𝑥, 𝑦). Notably, to 

accomplish this task, the algorithm first conducts linear interpolation along the x-axis 

between the points (𝑥1, 𝑦1) and (𝑥2, 𝑦1) to obtain 𝑓1 at the point(𝑥, 𝑦1), and similarly 

between the points (𝑥1, 𝑦2) and (𝑥2, 𝑦2) to obtain 𝑓2 at the point(𝑥, 𝑦2). The function's 

value at the location is then estimated using linear interpolation along the y-axis between 

the points (𝑥, 𝑦1) and (𝑥, 𝑦2) [55]. The algorithm for bi-linear interpolation is represented 

by equation 2.1 

Where 𝑤 and ℎ are the interpolation weights along the x and y axis, respectively. According 

to [21] w and h are determined as shown in equation 2.2. 

𝑤 = 𝑥 − 𝑥1𝑥2 − 𝑥1 

ℎ = 𝑦 − 𝑦1𝑦2 − 𝑦1 

(2.31) 

Bi-linear interpolation produces a smooth estimate of the function while preserving the 

data's general trend. It may, however, be inaccurate in areas where the function changes 

𝑓(𝑥, 𝑦) = (1 − 𝑤)(1 − ℎ)𝑓(𝑥1, 𝑦 + 1) + 𝑤(1 − ℎ)𝑓(𝑥2, 𝑦1) + (1 − 𝑤)ℎ𝑓(𝑥1, 𝑦2)+ 𝑤ℎ𝑓(𝑥2, 𝑦2) 

(2.30) 
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quickly or has sharp features [55]. Figure 2.2 below shows an example of a 2 by 2 image 

that has been converted to a 4 by 4 image using Bi-linear interpolation. 

 

 

 

 

 

 

Figure 2.14: Bi-linear Interpolation  

Another interpolation method is Bi-cubic interpolation. Bi-cubic is a method used to 

estimate the value of a function at a point within a grid or dataset by considering the values 

of the surrounding 16 points. According to [56], we can represent the interpolated value (𝐹(𝑥, 𝑦)) at a specific location (𝑥, 𝑦) within the grid using a bi-cubic polynomial given by 

equation 2.3 

𝒇(𝒙, 𝒚) = ∑ ∑ 𝒂𝒊𝒋𝟑
𝒋=𝟎

𝟑
𝒊=𝟎 ⋅ 𝒙𝒊 ⋅ 𝒚𝒋 (2.32) 

   Where 𝑖 and 𝑗 range from 0 𝑡𝑜 3 (representing the cubic nature of the function in both 𝑥 and 𝑦 directions). 𝑎𝑖𝑗 are the coefficients to be determined. 

[56] further notes that these coefficients are calculated by solving a system of 16 equations 

derived from the known data points surrounding the desired location (4𝑥4 grid) and their 
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first and second-order derivatives. There are two variations of bi-cubic interpolation: B-

spline interpolation and the Lanczos resampling [56].  

B-spline applies a specific type of spline known for their smoothness and ease of 

computation. It offers a good balance between computational efficiency and quality of 

interpolation. This variation is given by equation 2.4 

𝐹(𝑥, 𝑦) = ∑ ∑ 𝐶𝑖,𝑗3
𝑗=0

3
𝑖=0 ⋅ 𝑁𝑖,𝑝(𝑥) ⋅ 𝑁𝑗,𝑝(𝑦) 

(2.33) 

Where 𝐶(𝑖,𝑗): control points (coefficients determining the shape of the curve), 𝑁𝑖, 𝑝(𝑥), 𝑁𝑗 , 𝑝(𝑦): B-spline basis functions evaluated at 𝑥 and 𝑦, respectively and 𝑝 is thr degree of 

the polynomial (cubic for bicubic interpolation). Figure 2.3 is an illustration of the B Spline 

 

 

 

 

 

Figure 2.15: B Spline variation 

Compared to the B Spline variants, Lanczos resampling can be computationally more 

costly. Lanczos interpolation is a type of windowed sinc interpolation that is commonly 

used in image processing and computer graphics for image scaling and resampling. [57], 

notes that it was introduced by Charles Lanczos in 1964 and is known for its ability to 

produce high-quality, sharp images with reduced aliasing artifacts. Lanczos interpolation 
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works by using a sinc function as the interpolation kernel, which was a function that was 

ideal for reconstructing a continuous signal from its samples. According to [58], the sinc 

function has infinitely long tails, which can result in ringing artifacts in practice. To 

overcome this issue, [59] notes that Lanczos interpolation uses a windowing function, 

typically a truncated sinc function, to limit the extent of the sinc function and reduce ringing 

artifacts.  

Notably, the Lanczos interpolation algorithm takes a weighted average of neighboring 

pixels in the original image to estimate the value of a pixel in the resized image [57]. [58], 

observes that the truncated sinc function is used as the windowing function to determine 

the weights based on the distance between the target pixel and the surrounding pixels. 

Additionally, [59] points out that the window's size, sometimes referred to as the filter size, 

influences the trade-off between ringing artifacts and sharpness and dictates how many 

nearby pixels are used for interpolation. [58], argues that larger filter sizes can result in 

sharper images but may also introduce more ringing artifacts. Lanczos resampling is 

represented by equation 2.5  

𝐿(𝑋) = 𝑠𝑖𝑛𝑐(𝑥) ∗ 𝑠𝑖𝑛𝑐 (𝑥𝑎) (2.34) 

Where 𝐿(𝑥) represents the Lanczos filter function, 𝑠𝑖𝑛𝑐(𝑥) the sinc function, defined as 𝑠𝑖𝑛(𝑝𝑖 ∗ 𝑥)/(𝑝𝑖 ∗ 𝑥), has a central peak and oscillating tails and 𝑠𝑖𝑛𝑐(𝑥/𝑎) a second sinc 

function, windowed by a factor of ′𝑎′, which controls the extent of the filter kernel. Figure 

2.4 illustrates Lanczos interpolation on a 6 by 6 cell. 
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Figure 2.16: Lanczos interpolation 

One of the key advantages of Lanczos interpolation is its ability to reduce aliasing artifacts, 

which are distortions that can occur when a continuous signal is sampled and reconstructed 

at a lower resolution. Additionally, [59] agrees that aliasing artifacts can result in jagged 

edges, more patterns, and other visual distortions in resized images. However, Lanczos 

interpolation also has some limitations. According to [58], it can be computationally 

expensive compared to simpler interpolation methods, such as bilinear or nearest neighbor, 

due to the calculation of the sinc function and the windowing function. The choice of the 

filter size also requires careful consideration, as larger filter size may result in increased 

computational complexity and may not always yield better results.  

Content-Aware Scaling (CAS) is an advanced image scaling technique that selectively 

resizes the less important regions of an image while preserving the important content. [60], 

notes that CAS is commonly used in image processing and computer graphics to 

automatically resize images in a way that maintains the important visual elements while 

reducing or expanding the less important areas. [61], notes that CAS works by analyzing 

the content of the image and identifying areas that are less visually significant or less 

important to the overall composition. These areas can include plain backgrounds, sky, or 

other less detailed regions. CAS then applies a resizing algorithm that prioritizes the 
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important content while minimizing distortion and loss of image quality in the preserved 

regions. Notably, there are several algorithms and techniques used in CAS, and the exact 

implementation may vary depending on the specific software or application being used. 

 However, the general idea is to selectively scale the less important regions of the image in 

a way that preserves the overall visual content and maintains the original image's aspect 

ratio. [61], further notes that a common approach used in CAS is based on seam carving. 

Seam carving is an image processing technique that involves finding and removing or 

adding seams, which are paths of pixels with the least energy, in the image [60]. The energy 

of a pixel can be calculated based on various factors such as color gradients, contrast, and 

other visual features. By removing or adding seams in the less important regions of the 

image, content-aware scaling can automatically resize the image while preserving the 

important content [61]. Another approach used in content-aware scaling is based on patch-

based methods [62]. These methods involve finding similar patches in the image and 

blending them together to fill the gaps created by resizing. The blending process can be 

done using various techniques, such as patch synthesis, texture synthesis, or other image 

blending methods. CAS has several advantages over traditional scaling methods, such as 

simple interpolation or pixel replication [62]. It can automatically preserve the important 

content in an image, maintain the aspect ratio, and reduce the distortion and loss of image 

quality in the preserved regions. It is particularly useful for images with important visual 

elements that need to be maintained, such as in photographs with subjects or objects that 

need to be preserved while resizing the image. 

However, like other image processing techniques, Content-Aware Scaling also has 

limitations. [62], notes that CAS may not always produce perfect results, especially in 
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images with complex content, fine details, or areas that were visually similar but have 

different meanings. Artifacts such as visual discontinuities, blurring, or color shifts may 

still occur, and careful adjustments or manual editing may be required to fine-tune the 

results. Additionally, [60] notes that the choice of algorithm and parameters used in CAS 

can also affect the quality of the results. 

Therefore, the choice of resampling method depends on the specific application and the 

desired output. For example, if the image being resized is a simple graphic with sharp edges 

and no complex textures, nearest neighbor interpolation may be a good choice. On the other 

hand, if the image being resized is a photograph with complex textures and fine details, 

bicubic interpolation may be a better choice. It's worth noting that resampling can result in 

some loss of image quality, particularly when the image is resized to a larger size. This is 

because resampling involves adding or removing pixels, which can introduce artifacts and 

degrade image sharpness. To minimize this loss of quality, it's best to resize images in 

small increments rather than making large jumps in size, and to use high-quality resampling 

methods. Table 2.1 summaries interpolation methods discussed. 
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Table 2.2:  Summary of interpolation methods applied to image pre processing 

Method Advantages Disadvantages Big(O) 

Bilinear 
Interpolation 

Simple to implement May introduce blurring, 
especially during 
significant scaling. 

O(n) 

 Computationally efficient Not suitable for sharp 
edges or high-frequency 
details. 

 

Nearest 
Neighbor 

Very fast and efficient Can appear blocky or 
pixelated, especially in 
scaling. 

O(n) 

  Preserves sharp edges 
and discontinuities 

Loss of information from 
neighboring data points. 

 

Bicubic 
Interpolation 

Superior smoothness 
compared to bilinear 

Computationally 
expensive. 

O(n ∗  k2) 

 Potentially sharper edges 
compared to nearest 
neighbor 

Susceptible to artifacts in 
rare cases. 

 

Lanczos 
Resampling 

Excellent for preserving 
sharp edges and high-
frequency details 

Computationally 
expensive compared to 
other methods. 

O(n ∗  k2) 

 Reduces aliasing artifacts Potential for faint ringing 
artifacts in rare cases. 

 

Content-
Aware 
Scaling 

Preserves important 
details and image 
composition 

Computationally 
expensive. 

O(n ∗  k2) 

 Reduces unwanted 
artifacts 

Limited user control over 
specific areas being 
modified. 

 

 
 Potential for errors in 

complex images. 
 

 From table 2.1, bilinear and nearest neighbor had the best worst case time complexity of 

O(n) while Bicubic, Content-Aware Scaling and Content-Aware Scaling had 𝑂 (𝑛 ∗  𝑘2). 

Therefore, with increase in input size, bilinear and nearest neighbor were more efficient 

compared to the other three. On computational expenses, the study noted that content aware 

scaling required the most computational power followed by lanczos resampling. Bi cubic 
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also required a relatively high computational power as compared to nearest neighbor. 

Bilinear required the less computational power. Another area the study researched on was 

the ability to maintain sharp edges. The study noted that despite the fact that bilinear was 

the most efficient and required less computational power, it was the worst in preserving 

sharp edges. Bilinear was followed by nearest neighbor, bi cubic and lanczo resampling. 

Notably content aware scaling was the best in maintaining sharp edges.  

The study also noted that various interpolation methods could be combined with the aim 

of getting a good balance between efficiency and maintenance of sharp edges. 

Identification and maintenance of sharp edges play critical role in the accuracy of traffic 

sing recognition while time complexity has a role in the efficiency. 

2.4.1.2 Image cropping  

Image cropping is a common technique used in image processing and video frame analysis 

for various purposes, such as improving visual aesthetics, removing unwanted elements, 

focusing on a specific Region of Interest (ROI), or creating a desired aspect ratio. 

According to [63], in image processing, cropping can be applied to images to extract a 

specific region or object of interest. [64], further gives an example in object recognition 

tasks, where the goal was to detect and classify objects within an image. [63], notes that 

cropping can be used to isolate the object from the background, reducing the computational 

load and focusing on the relevant region for further analysis.[56] and [63] agrees that in 

video frame analysis, cropping can be used to extract video frames or image sequences 

from a video stream. For example, in video surveillance or action recognition tasks, where 

the goal is to analyze human activities or events in a video, cropping can be used to extract 
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frames or image sequences containing the relevant activities or events for further analysis 

or classification. 

Image cropping in image processing and video frame analysis is typically done using 

software or programming tools that provide cropping functionalities, such as image editing 

software, video editing software, or programming libraries for image or video processing. 

[64], notes that the specific cropping technique or algorithm used may vary depending on 

the application and the desired outcome. There are several ways for image cropping 

including region of interest (ROI), aspect ratio adjustment, removal of unwanted elements, 

content-based image retrieval, video thumbnail generation, and automated cropping. 

Region of Interest (ROI) extracts a specific place or section on an image or a video frame. 

[65], notes that ROI is mainly performed on an image with the intentions of retrieving 

relevant information such as an object or a person face or getting a specific area that 

requires further analysis. This type of cropping has various application including object 

and facial recognition or image analysis. Another cropping technique is the Aspect Ratio 

Adjustment (ARA). [65] notes that Aspect Ratio Adjustment can help in optimizing an 

image size which can aid in different ways including rendering and display on different 

devices, or for specific visual aesthetics. [65] gives an example of how aspect ratio 

adjustment was used to perform square cropping that was mainly applied to pictures for 

social media and another example of how panoramic views applies wide cropping. 

Another application of cropping is the removal of unwanted elements from an image or a 

video frame. [66], notes that this cropping can be used to remove distractions from an 

image for better processing. [66], gives an example on how this way of cropping can be 

used to remove background of an image to enable better processing of the image. This 
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cropping is applied to improve the composition and focus of the image or frame. One can 

apply another way of cropping that retrieves different parts of an image and video frame 

using its content called Content-Based Image Retrieval (CBIR). In CBIR, images were 

retrieved based on their visual content. [66], notes that cropping can help in generating 

multiple sub images or patches from an original image. This sub images and patches can 

then be used as queries or templates for searching similar images in a database that plays 

an important role for more precise and targeted image retrieval based on specific image 

regions or features. 

In video thumbnail generation cropping is commonly used where a single frame from a 

video is selected as a representative thumbnail image. [67], notes that this cropping allows 

one to select an interesting or representative part of the video frame that can be used as a 

thumbnail, providing a visual preview of the video content. Finally, in some cases, image 

cropping can be done automatically using algorithms or techniques such as object 

detection, face detection, or saliency detection. [68], notes that these automated cropping 

techniques can analyze the visual content of an image or video frame and automatically 

determine the region of interest to be cropped based on predefined criteria or learned 

patterns. 
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Table 2.3:  Summary of cropping techniques applied to image pre processing 

Feature Strength Weakness Big O 

notation 

Region of 
Interest
  

Focuses processing on 
specific areas of interest, 
reducing computational 
load.  
Useful for applications 
where specific regions carry 
important information. 

Requires accurate 
detection and localization 
of regions of interest. 
May miss important 
information if the ROI 
detection is inaccurate.
  

O(n) 
(linear)  

Aspect 
Ratio 
Adjustment 

Preserves the aspect ratio of 
the image, preventing 
distortion. 
Useful for maintaining 
visual fidelity in various 
applications such as 
multimedia display. 

May result in cropping or 
distortion of the image if 
the aspect ratio 
adjustment is not 
carefully implemented. 
Involves additional 
computational overhead 
to calculate and adjust the 
aspect ratio.  

O (1) 
(constant)
  

Content-
based Image 
Retrieval 

Retrieves images based on 
visual content rather than 
relying solely on metadata.  
Useful for searching and 
organizing large image 
databases efficiently. 

Performance highly 
dependent on the 
effectiveness of feature 
extraction and similarity 
measurement methods. 
Can be computationally 
intensive, especially for 
large image databases. 

O(n) or 
higher  

From related literature, aspect ratio adjustment was the best in terms of time complexity. 

Aspect ratio adjustment had O (1) meaning that the time it takes to pre –process an image 

remains constant regardless of the input size. Region of interest was the second one with a 

time complexity of O (n). This is a linear function and the time for preprocessing increased 

linearly with increase in input size. Content-based Image retrieval had different time 

complexity that depended on the feature extraction algorithm. This time complexity for 

content-based image retrieval was either O (n) or higher.  In terms of computational power, 

Region of Interest required less computational power compared to the other two methods. 

Aspect ratio adjustment required slightly more computational power while content-based 
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image retrieval required the most computational power. Nonetheless there was documented 

evidence that showed that some algorithms for content-based image retrieval were the best 

in maintaining the required area for feature extraction followed by region of interest and 

finally aspect ratio adjustment. Notably, aspect ratio adjustment maintenance the image 

aspect ratio hence reduces chances of distortion.  

2.4.1.3 Color space conversion 

Color space conversion is an essential technique in image processing and computer vision 

that involves transforming the representation of colors from one color space to another. A 

color space is a mathematical model that describes how colors are represented as a 

combination of primary colors, such as Red, Green, and Blue (RGB), or Hue Saturation, 

and Value (HSV) [69]. Converting an image from one color space to another can be useful 

for various image processing tasks, such as color correction, color enhancement, and 

feature extraction.  

The RGB color space is the most commonly used color space for digital images [69]. 

However, the RGB color space has some drawbacks, such as its dependence on the device's 

color characteristics and its inability to separate luminance and chrominance components. 

As a result, converting images to other color spaces can provide benefits in certain 

scenarios. One commonly used color space conversion technique is converting RGB 

images to grayscale images. This is achieved by taking the weighted average of the R, G, 

and B channels to obtain a single channel grayscale image. Grayscale images are often 

used in computer vision applications such as edge detection and object recognition.  

Another popular color space conversion technique is converting RGB images to the HSV 

color space. For some image processing tasks, like color-based object detection and 
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segmentation, the HSV color space's separation of color information into hue, saturation, 

and value channels may be more understandable [70]. In the HSV color space, the hue 

channel represents the color information, the saturation channel represents the intensity or 

purity of the color, and the value channel represents the brightness or lightness of the color. 

Other color spaces, such as the Y’CbCr and Lab color spaces, are commonly used for image 

and video compression, as they can separate luminance and chrominance information, 

which can be compressed at different rates [69]. YCbCr separates the image into three 

components: Y' (luma), Cb (blue chroma), and Cr (red chroma). 

Notably, color space conversion is an important technique in image processing and 

computer vision. It allows for the representation of colors in a way that is better suited for 

specific image processing tasks. Converting images to grayscale or to other color spaces, 

such as HSV, YCbCr, and Lab, can provide benefits in various scenarios, and 

understanding the advantages and disadvantages of different color spaces is crucial in 

choosing the appropriate color space for a particular task. Table 2.3 summaries the findings 

of color space conversion literature. 
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Table 2.4 Image conversion methods 

Conversion 

method 

Strength Weakness Big O 

Notation 

RGB to 
Grayscale 

Simple and straightforward 
conversion. 
 Preserves image luminance 
information 

Ignores color information, 
resulting in loss of 
chromatic details. 
May not be suitable for 
applications where color 
plays a significant role 

O (n) 

RGB to 
HSV 

Separates color information 
from brightness, making it 
easier to manipulate colors 
independently. 
Useful for various image 
processing tasks such as color 
segmentation and analysis. 

Conversion process 
involves complex 
mathematical calculations, 
leading to increased 
computational overhead.  
May result in information 
loss due to quantization of 
hue values. 

 O (1) 

RGB to 
Y'CbCr 

Separates color and 
luminance information, 
making it suitable for image 
and video compression. 
Y' channel represents 
grayscale information, which 
is useful for applications 
requiring grayscale images. 

Conversion process 
involves additional 
computational complexity 
compared to other color 
spaces. 
May require additional 
processing steps to convert 
back to RGB for display 
purposes 

O (1) or O 
(n) 

RGB to Lab Perceptually uniform color 
space, meaning uniform 
changes in Lab values 
correspond to uniform 

changes in perceived color. 
 Suitable for applications 
involving color correction 
and image enhancement 

Not as widely supported as 
other color spaces in 
various software and 
hardware systems. 
May result in slight 
perceptual differences 
compared to the original 
RGB image. 

 O (1) or O 
(n) 

The study used RGB because its extraction was fast and had a constant time complexity O 

(1). However different task required to store different value; that’s why conversion from 

RGB to other color schemes was necessary. Notably, conversion to HSV had the best worst 

case time complexity of O (1). This was followed by conversion to lab and Y'CbCr which 
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had O (1) and above depending on the algorithm used for conversion. Conversion to 

grayscale had 0(n).  Nonetheless, gray scale required the least computational power 

followed by HSV. Lab required more computational power compared to HSC while 

Y'CbCr required the most computational power. It was also noted that grayscale was 

discarding color information, while Y'CbCr stored the grayscale information in y’. In 

conclusion the choice of the color scheme to use depended on the problem being solved. 

2.4.1.4 Image filtering  

Image filtering is a fundamental operation in image processing that involves manipulating 

the intensity values of pixels in an image to achieve various objectives, such as noise 

reduction, edge enhancement, and feature extraction [71]. The main goal of image filtering 

is to remove unwanted information from the image while preserving the relevant features. 

There are several types of image filters that are commonly used in image processing, 

including linear filters, nonlinear filters, and frequency domain filters [72]. 

 Linear filters, such as the Gaussian filter and the mean filter, are used to smoothen an 

image and reduce noise. Nonlinear filters, such as the median filter and the bilateral filter, 

are used to preserve edges while removing noise [71 -72]. Frequency domain filters, such 

as the Fourier transform and the wavelet transform, are used to enhance or suppress specific 

frequencies in the image. 

In recent years, deep learning-based image filtering methods have gained popularity due to 

their ability to learn from data and adapt to various image processing tasks [71]. 

Convolutional Neural Networks (CNNs) have been used for various image filtering tasks, 

including de-noising, de-blurring, and super-resolution. The use of CNNs allows for the 
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learning of complex filters that are optimized for the specific task at hand, leading to 

improved performance over traditional filtering methods.  

Image filtering is a critical operation in image processing that has been extensively studied 

and applied in various computer vision tasks. Linear, nonlinear, and frequency domain 

filters that are commonly used in image filtering, and deep learning-based methods such as 

CNNs have shown promising results in improving the performance of image filtering tasks.  

Table 2.5 Summary of Image filtering methods 

Filtering 

Method 

Strength Weakness Big O notation 

Linear Filters Efficient for smoothing 
and noise reduction tasks. 
Preserves edges and fine 
details to some extent 

Limited effectiveness for 
noise removal, especially 
for impulse noise. 
May blur image details 
and edges. 

O (n2) 

Non-Linear 
Filters 

Effective for removing 
various types of noise, 
including impulse noise. 
Can preserve edges and 
textures better than linear 
filters in some cases. 

Computationally 
intensive, especially for 
large kernel sizes or 
complex filter operations. 
May introduce artifacts or 
distortions in the image. 

O (n2) 

Frequency 
Domain 
Filters 

Efficient for frequency-
based operations such as 
high-pass, low-pass, and 
band-pass filtering. 
Useful for tasks such as 
sharpening, blurring, and 
denoising. 

Transformation between 
spatial and frequency 
domains involves 
additional computational 
complexity.  
Loss of spatial 
information during 
transformation. 

O (n2 log n) 

Deep 
Learning 
Based Image 
Filters 

Can learn complex 
patterns and features 
directly from data. 
Adaptability to different 
types of noise and image 
characteristics. 

Requires large amounts of 
annotated data for 
training. 
Computationally 
intensive during training 
and inference. 

Varies 
depending on 
the architecture 
and complexity 
of the neural 
network. 
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From table 2.4, depending on the algorithm used, deep learning-based Image filtering had 

the best worst case time complexity. Filtering could be achieved with time complexity of 

O (n) up to O (n3). Frequency Domain filter was the second with a time complexity of O 

(n2 log n). Both linear and nonlinear filters had a quadratic time complexity of O (n2). One 

key reason for image filtering is reduction and removal of noise. Deep learning-based 

image filtering was the based because it was adaptable to types of noise hence could 

perform better in different scenarios. Frequency Domain filters worked based with 

problems that required sharpening, blurring and de-noising. Non –linear was effective in 

removing various types of noise but not all noise while linear filters were efficient for 

smoothing and noise reduction.  

Also, Linear filters were less effective in removal of noise because they cause blurring of 

images. On the other hand, nonlinear had the problems of introducing artifacts and required 

a high computational power. Frequency domain was responsible for loss of spatial 

information during transformation from spatial to frequency domain. This transformation 

required additional computational power. Lastly, deep learning required the most 

computational power among all Image filter methods. Deep learning also required a large 

amount of annotated data for training which is an additional step. 

Therefore, the choice of a good image filter method depends on the task at hand but also 

several methods can be combined to achieve a best fit between computational resources 

and noise removal.  

2.4.1.5 Image normalization  

A popular pre-processing method for enhancing the consistency and quality of images in 

computer vision applications is image normalization [72]. In order to improve the accuracy 
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and dependability of ensuing image processing and analysis, image normalization aims to 

make the image content more invariant to variations in lighting, contrast, and other imaging 

conditions. The literature has put forth a number of methods for image normalization, such 

as spatial normalization, contrast stretching, and histogram equalization. 

Histogram equalization is a simple yet effective technique that redistributes the pixel 

intensities of an image to achieve a uniform histogram, thereby enhancing the contrast and 

dynamic range of the image. However, it suffers from the drawback of producing 

unnatural-looking images with exaggerated contrast and artifacts. Contrast stretching is 

another popular technique for image normalization, which works by linearly scaling the 

pixel intensities of an image to the full range of values [73]. This technique is simple and 

computationally efficient, and can effectively enhance the contrast of images with low 

contrast or dynamic range. However, it may also produce unnatural-looking images with 

saturated pixels and loss of detail in some regions.  

Spatial normalization is a more advanced technique for image normalization, which 

involves aligning and warping the images to a standard reference space, based on 

anatomical or functional features [73] and [74]. This technique enhances the precision and 

uniformity of picture processing across several patients or imaging modalities and is 

extensively utilized in medical imaging applications, including brain imaging and 

Functional Magnetic Resonance Imaging (fMRI). Techniques based on deep learning have 

been suggested for picture normalization, capable of directly learning normalization 

functions from data through convolutional neural networks (CNNs). These approaches 

have demonstrated encouraging outcomes in diverse computer vision tasks, including 
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object detection and segmentation, and can autonomously adjust to varying imaging 

settings and data distributions [74]. 

Image normalization is an important pre-processing technique for improving the quality 

and consistency of images in computer vision applications. Various techniques have been 

proposed in the literature, ranging from simple histogram equalization and contrast 

stretching to more advanced spatial normalization and deep learning-based approaches. 

The approach selected may need thorough parameter tuning and evaluation, depending on 

the particular application needs and imaging conditions.  
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Table 2.6 Summary of Image normalization techniques  

Normalization 

Method 

Strength Weakness Big O 

notation 

Histogram 

Equalization 
Enhances image contrast 
by redistributing pixel 
intensities across the 
histogram. 
Improves the visibility of 
details in both bright and 
dark areas. 

May amplify noise and 
artifacts in the image. 
May result in unnatural-
looking images if the 
histogram is not properly 
adjusted. 

O (n)  

Contrast 

Stretching 
Simple and intuitive 
method to enhance image 
contrast. 
Widely used for real-time 
applications due to its 
computational efficiency. 

Limited effectiveness in 
cases where the dynamic 
range of pixel intensities 
is already well-
distributed. 
May lead to loss of 
information in areas with 
extreme intensity values. 

 O (n) 

Spatial 

Normalization 
Corrects geometric 
distortions and aligns 
images spatially. 
Useful for improving 
consistency in images for 
further processing. 

Performance may 
degrade for images with 
significant geometric 
distortions. 
Computational 
complexity may increase 
for large-scale spatial 
normalization tasks. 

O (n2) 

Deep 

Learning-

based 

Normalization 

Can learn complex 
normalization functions 
directly from data. 
Adaptability to various 
imaging conditions and 
modalities. 

Requires large amounts 
of annotated data for 
training.  
Computationally 
intensive during training 
and inference. 

Varies 
depending on 
the 
architecture 
and 
complexity 
of the neural 
network 

From table 2.5, spatial normalization had the worst time complexity of quadratic time. 

Contrast stretching and histogram equalization had O (n) while deep learning-based 

methods had the ability to produce the best time complexity depending on the algorithm 

used. Similarly to image filters, deep learning-based methods required a large data set that 
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is annotated. They use this large data set at the training stage to make them adaptable to 

various imaging conditions. Spatial normalization has the ability to correct distortions 

which helps in improving consistency. Contrast stretching is the most used method because 

of its computational efficiency. Finally, histogram equalization improves details that 

enhances both the bright and dark areas.   

One needs to understand the task at hand, the computational power in order to select the 

best method for image normalization. Different researches combined different methods for 

better output in terms of computational resources and reliable results. 

2.4.1.6 Image segmentation 

Image segmentation is the procedure of partitioning an image into several segments or 

regions, each corresponding to a distinct object or component of the image. This task is 

essential in computer vision and image processing, significantly impacting applications 

like object recognition, image analysis, medical imaging, and video surveillance [75]. 

Numerous techniques for picture segmentation have been created over the years, 

encompassing basic thresholding methods as well as advanced approaches utilizing 

statistical models, machine learning, and deep learning.  

The region-based approach is a widely utilized method for image segmentation, 

partitioning the image into parts according to the similarity of pixel values or other 

characteristics [75]. Another prevalent method for image segmentation is the edge-based 

technique, which seeks to identify the boundaries between distinct objects or regions within 

the image [75]. This method relies on the observation that intensity values of neighboring 

pixels frequently exhibit rapid changes at object boundaries, which can be identified using 

edge detection methods like the Canny edge detector and the Sobel operator. 
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Convolutional neural networks (CNNs), one type of deep learning approach, have recently 

demonstrated considerable potential for image segmentation, obtaining state-of-the-art 

performance on numerous benchmark datasets. Typically, these techniques entail using a 

CNN to predict the segmentation masks for new images after it has been trained on a sizable 

dataset of labeled images. Managing photos with complex and varied content, such as 

pictures with several objects, occlusions, and different lighting conditions, is one of the 

biggest issues in image segmentation. To address this challenge, many researchers have 

proposed hybrid methods that combine multiple segmentation techniques, or use additional 

information such as depth or motion cues to improve segmentation accuracy. 

Image segmentation is a fundamental task in computer vision and image processing, and 

has been the focus of extensive research over the years. Many different techniques have 

been developed for image segmentation, ranging from simple thresholding methods to 

sophisticated deep learning approaches. The choice of segmentation method depends on 

the specific application and the characteristics of the images being analyzed.  
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Table 2.7 Summary of Image segmentation methods 

Segmentation 

Method 

Strength Weakness Big O 

Notation 

Region-based 
Approach 

Effective for segmenting 
regions with uniform 
characteristics such as color 
or texture. 
Robust to noise and small 
variations within regions. 

May struggle with images 
containing regions with 
similar characteristics or 
overlapping boundaries. 
Sensitivity to initial seed 
selection. 

O (n2) 

Edge-based 
Approach 

Accurate in delineating object 
boundaries based on changes 
in intensity or color gradients. 
Suitable for images with well-
defined edges and contours. 

Prone to over-segmentation 
or under-segmentation, 
especially in regions with low 
contrast or ambiguous edges. 
Performance highly 
dependent on edge detection 
algorithms. 

O (n2) 

Deep Learning 
Techniques 

Can learn complex patterns 
and features directly from 
data. 
Adaptability to various 
imaging conditions and 
modalities. 

Requires large amounts of 
annotated data for training. 
Computationally intensive 
during training and inference. 

Varies 
depending on 
the 
architecture 
and 
complexity 
of the neural 
network 

From table 2.6, deep learning techniques had the possibilities of producing the best worst 

case time complexity, depending on the algorithm used.  Region based approach and edge-

based approach had the same time complexity of O (n2). Notably, region-based approach 

is effective for segmenting regions with uniform characteristics additionally, it is robust to 

noise and small variations within same regions. Edge based Approach were accurate in 

delineating object boundaries based on changes in intensity or color gradients. They were 

suitable for images with well-defined edges and contours. Finally, deep learning techniques 

can learn complex patterns and features directly from data making them Adaptable to 

various imaging conditions and modalities. 
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2.4.2 Feature extraction and Classification 

Texture, edges (shape) and other hand felt characteristics of an image are the basis of 

Feature Extraction and Classification (FEC). [76], [77], [78] and [79] gives examples of 

different methods that are used for feature extraction in FEC including Histogram of 

Oriented Gradients (HOG), Scale-Invariant Feature Transform (SIFT), Bag-of-Words 

(BOW), Local Binary Patterns (LBP) and Gabor filters. According to [77] and [79], the 

extracted features are arranged and prepared into a format that is used as an input to a 

machine learning algorithm such as random forest, logistics regression, K- nearest 

neighbor, and support vector machine. 

2.4.2.1 Histogram of Oriented Gradients 

The Histogram of Oriented Gradients (HOG) is a feature descriptor employed in computer 

vision and image processing for object identification and detection. Navneet Dalal and Bill 

Triggs introduced the HOG algorithm in their 2005 publication "Histograms of Oriented 

Gradients for Human Detection" [76]. The HOG technique pulls features from an image 

by partitioning it into small cells and calculating the orientation gradients of each pixel 

inside those cells. The gradients are subsequently quantized into discrete orientations, and 

the distribution of these orientations is depicted by a histogram. The histograms of all cells 

are combined to create a feature vector applicable for object detection and recognition. 

 Since its introduction, the HOG algorithm has been extensively studied and applied in 

various fields such as pedestrian detection, facial expression recognition, vehicle detection, 

and texture classification [76].  
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In 2005, Dalal and Triggs demonstrated the effectiveness of the HOG algorithm in 

detecting pedestrians in real-world images. They compared the performance of the HOG 

algorithm with other feature descriptors such as SIFT and showed that the HOG algorithm 

outperforms other feature descriptors in terms of accuracy and speed. Their work sparked 

a new wave of research in object detection using the HOG algorithm. Several researchers 

have proposed modifications to the HOG algorithm to improve its performance. For 

instance, [80] proposed a multi-scale HOG algorithm that can handle objects of different 

sizes. They achieved better performance in detecting small objects by using a finer grid for 

feature extraction in small scales. [81], proposed a HOG-based method for detecting salient 

objects in images. They used the HOG algorithm to extract features and combined them 

with saliency maps to improve the performance of salient object detection. 

The HOG algorithm has been widely studied and applied in object detection since its 

introduction in 2005. Its effectiveness and efficiency have been demonstrated in various 

applications, and modifications have been proposed to improve its performance.  

2.4.2.2 Scale-Invariant Feature Transform 

Another well-liked feature descriptor for object detection and recognition in computer 

vision and image processing is Scale-Invariant Feature Transform (SIFT). David Lowe first 

presented the SIFT technique in his 1999 paper "Object recognition from local scale-

invariant features" [77]. By identifying and characterizing important points that are 

unaffected by scale, rotation, and affine distortion, the SIFT technique is able to extract 

information from a picture. Finding local extrema in the Difference-of-Gaussian (DoG) 

scale space—a collection of blurred and subsampled images is how the algorithm initially 

identifies important locations. The algorithm then assigns orientations to each key point 
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based on the dominant gradient direction within a surrounding region. Finally, the 

algorithm describes each key point by computing a descriptor that captures the local image 

information around the key point. Since its introduction, the SIFT algorithm has been 

widely studied and applied in various fields such as object recognition, 3D reconstruction, 

and image retrieval [81].  

To identify and detect objects in a picture, the SIFT technique is frequently used with a 

classifier like a random forest or Support Vector Machine (SVM). For example, 

Mikolajczyk and Schmid [82] suggested a technique that uses an SVM classifier with SIFT 

key points to identify and recognize objects in pictures. They performed well when it came 

to identifying and detecting things in crowded images. To enhance the SIFT algorithm's 

functionality, a number of researchers have suggested changes. [83] suggested a modified 

SIFT technique that increases the resilience of SIFT features to variations in light by 

utilizing local contrast normalization. In different lighting circumstances, they performed 

better when it came to object detection. More recently, [84] proposed a deep learning-based 

method for feature extraction that combines the strengths of SIFT and deep convolutional 

neural networks (CNNs). They achieved state-of-the-art performance in object recognition 

on several benchmark datasets.  

The SIFT algorithm has been widely studied and applied in object detection since its 

introduction in 1999. Its effectiveness and robustness to scale, rotation, and affine 

distortion have been demonstrated in various applications, and modifications have been 

proposed to improve its performance. Although it has been largely replaced by deep 

learning-based methods in recent years, the SIFT algorithm still has its advantages, 

especially in scenarios where the object of interest has distinctive local features. 
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 2.4.2.3 Bag-of-Words  

The Bag-of-Words (BoW) model is a popular method for text and image classification in 

computer vision and natural language processing.  The Bag of Words (BoW) method 

counts the frequency of each word or visual word in a document or image to generate a 

feature vector, thereby portraying each document or image as a compilation of its 

constituent words or visual words, respectively [85].  The Bag of Words approach has been 

extensively employed in picture classification and object recognition tasks.  In image 

classification, the BoW model initially extracts visual characteristics, such as SIFT or 

SURF descriptors, from each image in the dataset.  Subsequently, it generates a dictionary 

of visual words by aggregating the acquired visual features from all photos into a 

predetermined number of clusters utilizing techniques such as K-means clustering.  

Ultimately, it characterizes each image as a histogram reflecting the frequency of visual 

words inside the image, with the visual words being the cluster centers derived from the 

clustering phase. 

The BoW model has been shown to be effective in various image classification tasks, such 

as Image recognition, object recognition, and face recognition [86]. In particular, the BoW 

model has been used in conjunction with classifiers such as support vector machines 

(SVMs) and random forests to achieve state-of-the-art performance in various benchmarks. 

The BoW model has also been applied in text classification tasks, where it represents each 

document as a bag of its constituent words. In this case, the BoW model creates a dictionary 

of words by collecting all unique words from the documents in the dataset [85]. Then, it 

represents each document as a histogram of the frequencies of the words in the document, 

where the words were the dictionary entries. 
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Numerous text classification tasks, including document classification, topic modeling, and 

sentiment analysis, have demonstrated the effectiveness of the BoW model [87]. 

Specifically, the BoW model has been utilized in combination with classifiers like SVMs 

and Naive Bayes to attain cutting-edge results across a range of benchmarks. The BoW 

model was a strong and adaptable technique for text and picture feature extraction and 

classification. It has demonstrated efficacy across a range of tasks and has been used with 

other classifiers to attain cutting-edge performance. 

2.4.2.4 Local Binary Patterns  

Local Binary Patterns (LBP) is a prevalent technique for texture analysis and recognition 

in computer vision.  Initially presented by Ojala et al. in 1994 as a straightforward yet 

efficient texture descriptor, it has since undergone significant examination and application 

across several computer vision domains [88].  The LBP descriptor encodes local texture 

information of a picture by comparing each pixel to its neighboring pixels.  The LBP 

operator evaluates the intensity of each pixel against its nearby pixels, assigning a binary 

value of 1 or 0 based on whether the neighboring pixel's intensity exceeds or falls below 

that of the central pixel [88].  The binary values of all pixels in the vicinity are concatenated 

to create a binary pattern that signifies the texture information of that pixel's surroundings. 

The LBP descriptor has been shown to be highly effective in various computer vision tasks, 

including texture classification, facial expression recognition, and object recognition [88]. 

In texture classification, the LBP descriptor has been used in conjunction with classifiers 

such as SVMs and KNN to achieve state-of-the-art performance on standard texture 

datasets such as the Brodatz texture dataset [89]. In facial expression recognition, the LBP 

descriptor has been shown to be effective in capturing the local facial texture features and 
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has been used in conjunction with classifiers such as SVMs and random forests to achieve 

high recognition rates on standard facial expression datasets such as the CK+ dataset [89]. 

In object recognition, the LBP descriptor has been applied in conjunction with other feature 

descriptors such as SIFT and HOG to achieve state-of-the-art performance on standard 

object recognition datasets such as the PASCAL VOC dataset [89]. 

Numerous expansions and modifications of the LBP descriptor have been proposed in the 

literature to improve its performance and robustness across various applications. The 

Extended Local Binary Patterns (ELBP) descriptor [90] enhances the LBP operator by 

incorporating circularly symmetric patterns, whereas the Rotation-Invariant Local Binary 

Patterns (RI-LBP) descriptor [91] guarantees the LBP descriptor's invariance to rotation by 

encoding local texture information with rotation-invariant patterns. The LBP descriptor is 

a straightforward yet highly efficient technique for texture analysis and recognition in 

computer vision. The LBP descriptor has been thoroughly examined and utilized in 

numerous computer vision tasks, with various extensions and modifications proposed to 

improve its performance and robustness across diverse applications. 

 2.4.2.5 Gabor filters 

Gabor filters, named after physicist Dennis Gabor, are a widely used method for image and 

signal processing in computer vision. They are based on the principle of decomposing an 

image into its constituent frequencies and orientations, similar to the human visual system 

[92]. The Gabor filter is a complex-valued kernel that convolves with an image to produce 

a filtered image. The Gabor filter is defined as a Gaussian function modulated by a complex 

sinusoidal wave. The Gaussian function is used to control the spatial extent of the filter, 

while the sinusoidal wave controls its frequency and orientation [92]. By varying the 
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parameters of the Gaussian and sinusoidal functions, the Gabor filter can be tuned to 

different frequency and orientation responses, making it a powerful tool for feature 

extraction in image processing. 

Texture analysis, object recognition, and biometrics are just a few of the computer vision 

applications that have made substantial use of Gabor filters. In texture analysis, Gabor 

filters have been used to extract texture features that were sensitive to local frequency and 

orientation variations in the image [93]. These features have been used in conjunction with 

classifiers such as SVMs and KNN to achieve state-of-the-art performance on standard 

texture datasets such as the Outex dataset. In object recognition, Gabor filters have been 

applied in conjunction with other feature descriptors such as SIFT and HOG to achieve 

state-of-the-art performance on standard object recognition datasets such as the Caltech 

101 and Caltech 256 datasets [93]. Gabor filters have also been used in biometric 

applications such as face recognition and iris recognition, where they have been shown to 

be effective in capturing the local texture information of the face or iris. 

Various modifications and extensions of the Gabor filter have also been proposed in the 

literature to enhance its performance and robustness in different applications. For instance, 

the Dual-Tree Complex Wavelet Transform (DT-CWT) [94] extends the Gabor filter by 

using a wavelet decomposition of the image, while the Log-Gabor filter [95] was a variant 

of the Gabor filter that was designed to be more efficient in terms of computational 

complexity. Gabor filter was a powerful tool for image and signal processing in computer 

vision. It has been extensively studied and applied in various computer vision applications, 

and various modifications and extensions of the Gabor filter have been proposed to enhance 
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its performance and robustness in different applications. Table 2.7 Summaries handcrafted 

feature extraction techniques 

Table 2.8 Summary of feature Extraction and Classification 

Feature 

Extraction 

Method 

Strength Weakness Big O 

notation 

 HOG Effective for capturing 
shape and texture 
information in images. 
Robust to changes in 
illumination and 
background clutter. 

May struggle with 
complex background 
textures and cluttered 
scenes. 
Sensitivity to 
variations in object 
appearance and 
viewpoint 

O(n) or 
O(n2)  

SIFT Provides distinctive and 
invariant local features 
robust to scaling, 
rotation, and affine 
transformations. 
Well-suited for object 
recognition and image 
matching tasks. 

Computational 
complexity increases 
with the number of key 
points and descriptors. 
Requires careful 
parameter tuning for 
optimal performance. 

O (n log n)  

 BoW Efficient representation 
of image features using 
visual word histograms. 
Suitable for classification 
and retrieval tasks in 
large-scale image 
datasets. 

Loss of spatial 
information due to 
histogram aggregation. 
Limited ability to 
capture fine details and 
geometric information. 

O (n)  

LBP Simple and 
computationally efficient 
texture descriptor. 
Effective for texture 
classification and 
segmentation tasks. 

Limited discriminative 
power compared to 
more complex 
descriptors. 
May struggle with 
complex texture 
patterns and variations. 

O (n)  

Gabor Filters Sensitive to texture 
variations and edges in 
images. 
Useful for tasks such as 
texture analysis, 
segmentation, and edge 
detection. 

Parameter selection 
and tuning can be 
challenging. 
Computationally 
intensive, especially 
for large filter banks 
and image sizes. 

O(n2) 
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From table 2.7, Bag of Words and Local Binary Patterns had the best worst case time 

complexity of O (n). Notably, Histogram of Oriented Gradients can be implemented in two 

ways: one giving a time complexity of O (n) and the other O (n2). Scale Invariant Feature 

Transform that had O (n log n) while Gabor filter had the worst time complexity of O (n2). 

The study also noted that, HOG was effective for capturing shape and texture information 

in images and had ability to adapt to changes in illumination and background. SIFT had 

ability to produce distinctive and invariant local feature robust to scaling, rotation and 

affine transformation. Bag of words had an efficient representation of image feature using 

visual word histograms while Local Binary Patterns was a computationally efficient texture 

descriptor. Gabor filters were sensitive to texture variation and edges in images. On the 

other hand, from documented evidence, HOG showed evidence of struggling when 

exposed to complex background, textures and cluttered scenes. SIFT computational 

complexity increases with the number of key points and descriptors. Bag of Word had loss 

of spatial information due to histogram aggregation. While LBP had limited discriminative 

power compared to more complex descriptors. For Gabor filters, parameter selection and 

tuning could be challenging. 

2.5 Traffic Signs Analysis 

Traffic sign analysis is a domain of computer vision and machine learning aimed at 

extracting valuable information from images or video frames captured on roads, highways, 

and other transportation networks. This data can be utilized in several applications, 

including autonomous driving, traffic monitoring, and transportation planning. Typical 

tasks in traffic sign analysis include object detection, lane detection, road segmentation, 

traffic flow analysis, anomaly detection, road condition evaluation, and vehicle counting 
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and classification [96]. The study primarily concentrates on the identification and detection 

of license plates and image text, with a particular emphasis on traffic text detection, traffic 

sign recognition and detection, and object detection. 

2.5.1 Traffic Sign Recognition 

In many applications, like driverless vehicles and Advanced Driver Assistance Systems 

(ADAS), the ability to gather data from different traffic signs is essential. The two linked 

problems of traffic sign detection (TSD) and recognition (TSR) are typically included in a 

traffic sign recognition system. The study's objectives are to correctly recognize traffic 

signs in pictures and classify the labels of those signs into distinct groups. Despite the 

topic's more than two decades of study interest in the computer vision field [96], there are 

still difficulties because of a number of complexities, including open-set environments, 

capture angles, and varied illumination conditions. 

2.5.1.1 Traffic Sign Detection Methods 

Other computer vision object detection issues resemble the Traffic Sign Detection Methods 

(TSD) challenge. Specifically, detecting the segments of the image that has bounding boxes 

that closely encapsulate traffic signs. Unlike ordinary objects, traffic signs typically feature 

vivid colors and simple, rigid forms. The spatial connection with other visual elements 

throughout the journey is an additional significant signal that could be utilized to enhance 

TSD [97]. Methods for segmenting traffic signs can be categorized into three groups: 

machine learning-based, color-based, and geometry-based. Color-based techniques utilize 

color information for object identification, demonstrating significant resilience against 

projective distortion and exhibiting minimal processing costs. A road sign recognition 

system utilizing HSI color space segmentation and SVM classification is detailed in [98]. 
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Color feature clustering is utilized for image segmentation in [99].  

Maximally Stable Extremal Regions (MSERs) are proposed as options for traffic signs in 

[100]. Subsequently, SVM classifiers trained on HOG [101] features are presented. A 

approach that amalgamates color, saliency, spatial, and contextual data is proposed in 

[102]. In [103], traffic sign candidates are generated by integrating the color probability 

model with MSERs. A hybrid region proposal method integrating Wave-based Detectors 

(WaDe) with MSERs is delineated in [104]. Conversely, initiatives such as the Radial 

Symmetry Detector [105] and the Triangular Detector [106] have been suggested in this 

context, as geometric shapes serve as significant indicators for recognizing traffic signs.  

TSD techniques utilizing both color segmentation and form matching are utilized in [107, 

108]. TSD has become intrinsically linked with machine learning. AdaBoosting is utilized 

for TSD in [109]. A novel Common-Finder AdaBoost (CF. AdaBoost) algorithm is 

introduced in [110]. ACF and ICF detectors are documented in [111]. An accurate and 

efficient traffic sign identification method is proposed in [112], utilizing both AdaBoost 

and support vector regression for the learning of a discriminative detector. Deep learning 

has garnered widespread interest in recent years due to its capacity for representational 

learning from raw data.  

Consequently, CNNs have been utilized in TSD systems. A CNN-feature-based real-time 

TSD system utilizing a sliding window method is detailed in [108]. A TSD system 

employing two deep learning methodologies, specifically a fully convolutional network 

(FCN) for traffic sign proposal and a deep convolutional neural network (CNN) for object 

categorization, is introduced in [113]. 
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2.5.1.2 Traffic Sign Recognition Methods 

Traffic Sign Recognition Methods can be classified as a pattern identification challenge 

due to the availability of numerous known machine learning algorithms. Support Vector 

Machine (SVM) is one of the numerous effective models employed in [114]. In [115], SIFT 

and SURF descriptors trained using MLP were employed to attain elevated recognition 

rates. A K-D tree incorporating HOG features has been documented in [117] and RF [116]. 

In [118], a Radial Basis Function (RBF) neural network and a K-D tree are employed to 

ascertain the content of traffic signs. A sign similarity assessment with SimBoost and the 

fuzzy regression tree method is proposed in [119].  

A classifier ensemble utilizing the Error-Correcting Output Code (ECOC) is shown in 

[120]. The ECOC matrix comprises a collection of ideal tree topologies utilized for the 

generation of the ECOC. The sparse representation-based graph embedding method 

utilized in TSR, as referenced in [122], integrates subspace learning with feature selection 

to attain superior performance. Sparse Representation Classification (SRC) [121] was 

proposed for face recognition. Integrated multi-modal tree structure Multi-License Plate 

Recognition Task Learning (MTL) is introduced in [123] to address the TSR issue. It 

identifies features for enhanced recognition and disseminates pertinent features for 

associated tasks.  

The key to system performance in any recognition task is in feature representation. The 

development of representative and discriminative features has been the central emphasis 

of computer vision research. Due to their robust task-specific attributes, CNN-based 

techniques attained superior performance in the German Traffic Sign Recognition 

Benchmark (GTSRB) competition [124], organized by the International Joint Conference 
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on Neural Networks 2011 (IJCNN 2011). Multi-dimensional CNN presents the outputs 

from all stages to a classifier, resulting in superior performance compared to conventional 

CNN, which only provides the output of the final step to a classifier [125].  

A committee of CNN and MLP that may autonomously acquire hierarchical, task-specific 

invariant features is proposed in [126]. Despite both technologies surpassing human 

performance, they are comparatively resource-intensive. Hinge loss The recognition 

performance was enhanced by CNN [127], which implemented a cost function often 

utilized in SVM. 

2.6 Traffic Sign Recognition Models and Frameworks 

Numerous authors have examined TSR through various methodologies. TSR problems can 

be categorized into three groups: color and shape-based, classic machine learning 

approaches, and deep learning. [128] employed a two-step process for TSR: initially 

categorizing signs as either triangles or circles utilizing HOG and Support Vector Machine 

(SVM); then, CNN was applied for image recognition. Their methodology outperformed 

numerous models. Nonetheless, it incurs significant computational expenses. Furthermore, 

the reservation signs were neglected by this method. A different hybrid approach was 

suggested by [129].  

Decision Tree (DT) and Random Forest (RF) classifiers were employed on features derived 

from Histogram of Oriented Gradients (HOG) and Gray Level Co-occurrence Matrix 

(GLCM) for shape and texture analysis, respectively. [130] addressed the issue of 

occlusion by utilizing Decision Trees for color-based classification and both Decision 

Trees and Random Forests for texture-based classification. Their methodology 

significantly enhances feature extraction and representation. Nevertheless, the model may 
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have difficulties in managing intricate, high-variance traffic conditions. In their study, 

[131] observe that traffic signals possess descriptive and discriminative characteristics that 

can be readily identified at a lower level. They suggested a model that utilizes a 

straightforward feature extraction technique (HOG with feature reduction) that incurs less 

time expenditure and demonstrates superior performance in practical applications. Their 

model employs Principal Component Analysis (PCA) for feature dimensionality reduction 

on HOG. The decrease is essential as elevated dimensions escalate the computational 

expense. The study indicates that implementing feature reduction enhances the model's 

performance in Precision, Recall, F1-measure, and Accuracy. The proposed model's test 

duration was markedly decreased.  

A crucial aspect of TSR is classification, which can be accomplished using various 

methods, including machine learning. Extensive study has concentrated on picture 

categorization and the several models released over the years. Various researchers and 

developers have endeavored to address challenges associated with TSR (Image 

classification), including occlusion, overfitting, class imbalance, and computing expense. 

In 1998, [132] proposed Convolutional Neural Networks (CNNs), which have since proven 

essential in the field of image classification. CNN can autonomously extract and assimilate 

information from images. They effectively identify multiclass images. Nonetheless, CNNs 

are resource-intensive, especially when processing large datasets. Furthermore, 

convolutional neural networks encounter difficulties with imbalanced datasets [133]. To 

address the issue of overfitting, [134] advocates the implementation of dropout layers.  

CNNs still need substantial computational resources when processing larger image 

collections. The issue of overfitting has been addressed by the use of an ensemble model 



88 

 

that integrates multiple decision trees to create a random forest. The results of a model 

utilizing random forest and HOG feature extraction, as given by [135], demonstrated 

enhanced accuracy relative to SVMs and CNNs. However, the computational expense was 

excessively high primarily due to the intricacy of the forest's decision-making process. The 

model exhibited superior performance on imbalanced data but encountered difficulties with 

high-dimensional image datasets. The Approximate Nearest Neighbor (ANN) model 

introduced by [136] enhances the K-Nearest Neighbors (KNN) algorithm. Both KNN and 

ANN have elevated computing costs during inference, as they calculate distances to all 

other data points. While ANN diminished the computational requirements, the overall 

computational power remains elevated. 

Recurrent Neural Networks (RNNs) exhibit strong performance on temporal data. 

Recurrent Neural Networks (RNNs) utilize Long Short-Term Memory (LSTM) for image 

classification by interpreting visual input as a sequential task. The primary difficulty with 

RNNs is their constrained scalability and elevated training expenses. [138], [139]. RNN 

classification is not executed at the pixel level with certain accuracy and precision. Fully 

Convolutional Networks (FCNs), as introduced by [140], address pixel-level classification 

challenges, including semantic segmentation. Experimental studies indicate that Fully 

Convolutional Networks (FCNs) outperform Convolutional Neural Networks (CNNs) in 

image categorization tasks. Like CNNs, ANNs, and RNNs, FCNs necessitate substantial 

computer resources for processing extensive datasets. Moreover, their efficacy may 

diminish in the presence of noisy data. A significant obstacle in picture classification is the 

vanishing gradient problem. This issue escalates with more complex networks. ResNet was 

developed by [138] to address the vanishing gradient issue in deep networks. It introduced 
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skip connections, facilitating the seamless flow of gradients through deep systems. Models 

based on ResNet have attained considerable success in classification problems. 

Nonetheless, they still need considerable processing resources for training, and attaining 

optimal accuracy on extremely heterogeneous datasets might be difficult. DenseNet 

enhances ResNet by utilizing fewer parameters and facilitating more efficient feature reuse 

through feed-forward connections among all layers. EfficientNet optimally enhances the 

network's depth, width, and resolution by a compound scaling methodology. It significantly 

reduces the amount of parameters while delivering exceptional performance. Nonetheless, 

the model necessitates meticulous calibration of scaling parameters, and altering this 

balance can incur significant computing expenses [141], [142].  

Despite the transformative impact of deep learning models such as CNNs, ResNet, and 

EfficientNet on image categorization, they possess certain limitations. For instance, they 

generally require substantial labeled data for training, which may be scarce in certain real-

world applications. Moreover, computationally intensive models such as DenseNet and 

ResNet may be unsuitable for deployment on edge devices or in real-time applications 

where memory and speed are paramount considerations. Ultimately, many of these models 

exhibit a deficiency in interpretability, particularly in convolutional neural networks and 

deep learning architectures, complicating the comprehension of decision-making 

processes, which is vital in critical domains such as healthcare and autonomous driving. 

Models utilizing handmade features (e.g., SVMs with HOG) generally exhibit inferior 

performance compared to end-to-end deep learning methodologies, particularly on intricate 

datasets where feature extraction may fail to encompass all essential data attributes. Table 

2.1 below summarizes frequently utilized models along with their accuracy. 
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Table 2.9 summary of commonly used TSR models and their accuracy 

Even though machine learning models for image classification have advanced 

significantly, more models that are computationally effective, able to generalize to a variety 

of noisy data, and interpretable for high-stakes applications are still required. Some of these 

Author Algorithm Dataset Accuracy Percentage 

Kerim and Efe (2021) [143] ANN GTSRB 95 

Soni et al., (2019) [144] LBP, HOG, PCA, 

SVM 

TSRD 

(Chinese) 

84.44 

Namyang and  

Phimoltares (2020) [145] 

HOG, CLD, SVM, 

Random Forest 

Self-

collected 

(Thai) 

93.98 

Li et al., (2022) [131] Color Histogram, 

HOG, PCA 

GTSRB 99.99 

Madani and Yusof (2018) [146] Border Color, Shape, 

Pictogram, SVM 

GTSRB 98.23 

Sapijaszko et al., (2019) [147] DWT, DCT, MLP BTSD, 

GTSRB, 

TSRD 

96,95.7,94.9 

Aziz and Youssef (2018) [148] HOG, CLBP, Gabor, 

ELM 

GTSRB, 

BTSC 

99.10, 98.30 

Weng and Chiu (2018) [149] CCL, HOG, SVM GTSRB 90.85 

Wang (2022) [150] LR, MLP, SVM GTSRB 97.5,98.88,95.51 
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difficulties might be lessened by combining several strategies and semi-supervised 

learning. 

2.7 Theoretical framework 

Multiple theories were applied in the study targeting cognitive psychology, computer 

vision, pattern recognition and machine learning. The theories explain how TSR operates 

and how they can be improved.  

2.7.1 Feature Analysis Theory 

The two stages of the feature Analysis theory that was developed in 1979 by Treisman and 

Gelade is applied to this study [151]. The theory notes that object recognition is done in a 

hierarchical manner with the first step being pre-attentive stage. In this step, visual features 

including lines, angles, edges, curves and color are extracted rapidly and automatically 

from the input image. The step doesn’t require attentions. After extracting these features, 

the second step is responsible for integrating these features to a coherent perceptual that 

performs object identification [151]. Notably, the theory notes that for identification to 

occur, then the second step must have seen a copy of similar feature. The theory was handy 

in the study because the experiment applied the two stages in the development of the model. 

First, the study modified Histogram of Oriented gradient and Local Directional Pattern and 

developed Local Directional Histogram of Oriented Gradient (LD-HOG) descriptor. The 

descriptor was then used to extract features from the GTSRB. Step two the study trained 

and tested the performance of LD-HOG on three models; Support Vector Machine, 

Decision Tree and Random Forest classifier.  The study selected this theory because it 

explained how human beings were able to recognize objects even under varying conditions 
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such as rotations, lighting, occlusion and partial visibility which have been major problems 

of computer vison tasks like TSR.  

2.7.2 Pattern Recognition Theory 

Propose by Duda et al in 2001, the pattern recognition theory deals with classifying data 

based on statistical and structural information [152]. TS pixels features including texture 

were first converted to a binary number that was used for statistical calculation. The theory 

proposes a three-stage pipeline, preprocessing, feature extraction and classification.  The 

study applied structural information like shape of the edges in trying to solve TSR problems 

including faded colors, and rotation. In order to overcome this challenges that faced 

traditional descriptors like HOG, the study applied the theory by considering all the eight 

neighbors of a pixel when computing the digital print of the image. The eight-pixel enabled 

better structural calculation hence improved performance of the TSR when exposed to 

varying condition. The study applied this theory in two ways; first when developing LD-

HOG the study considered all the 8 neighbors as suggested in the theory. Secondly, the 

model was developed with the three stages proposed in this theory (Preprocessing, feature 

extraction and classification). 

2.7.3 Machine Learning Theory 

The classification of TSR to the 43 classes of the GTSRB applied the Machine Learning 

Theory. The theory helps in decision making of the stages applied to the classifier selected 

including the type of learning, bias-variance trade-off, generalization and validation [153]. 

Supervised learning was used because the GTSRB dataset was a labelled dataset. Feature 

were mapped to classes. Additionally, classifiers Support Vector Machines (SVM), 

Decision Trees (DT), and Random Forests (RF) are used to predict traffic sign classes 
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based on feature vectors.  The three classifiers have a limitation of requiring high quality 

of input features. Weak or noisy features degrade classifier performance. Therefore, the 

study addresses this theoretical gap by designing LD-HOG, passes higher quality and more 

consistent features to the machine learning models. Additionally, Stratified K-Fold Cross-

Validation was applied to ensure generalization across unseen data. Theoretical 

justifications for classifier selection and optimization are based on their ability to manage 

feature space dimensionality, interpretability, and performance on real-world TSR datasets 

[153]. 

The integration of Feature Analysis Theory with Pattern Recognition and Machine 

Learning Theories supports the central aim of this study: to develop a robust and efficient 

TSR system. The theoretical framework informs the design of the LD-HOG descriptor, 

which mimics human perception by capturing essential gradient and directional features. 

These features are then processed using machine learning algorithms to achieve real-time 

recognition. 

In summary, this research applies: 

i). Feature Analysis Theory to guide how visual features are extracted and combined; 

ii). Pattern Recognition Theory to structure the stages of TSR; 

iii). Machine Learning Theory to inform classifier selection and optimization; 

2.8 Knowledge Gap 

From discussed literature, the following are the gaps that the study has identified.  First, 

many existing Traffic Sign Recognition models have been developed and evaluated on 

datasets with clear weather conditions. However, the performance of these models may 
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significantly degrade under adverse weather conditions, such as rain, snow, and fog. Also, 

while some Traffic Sign datasets are diverse and include a wide range of Traffic Signs, 

many existing models may not generalize well to unseen Traffic Signs. Future research 

could focus on developing models that are more robust and generalizable to diverse Traffic 

Signs, including those with varying lighting, road textures, and traffic patterns. 

Additionally, many machine learning models for Traffic Sign Recognition are considered 

black box models, meaning that their decision-making process is not easily interpretable 

or explainable. As Traffic Sign analysis has important safety implications, it is important 

to develop models that can provide insights into their decision-making process. Another 

gap is that Traffic Sign analysis is often performed in real-time, such as for autonomous 

driving applications. Therefore, it is important to develop models that can provide accurate 

predictions in real-time. There is need to focus on developing models that can achieve high 

accuracy while maintaining fast inference times. Lastly, while there are several Traffic 

Sign datasets available for training and evaluation, the amount of labeled data is still limited 

compared to other computer vision tasks. Future research could focus on developing 

techniques for efficient data augmentation, transfer learning, or semi-supervised learning 

to address the issue of limited data availability. 

2.9 Conceptual Framework 

The study purpose is to develop a machine learning model for Traffic Sign Recognition. 

Notably, a robust feature extraction technique that can improve the performance of Traffic 

Sign Recognition is the main contribution. Figure 2.14 provides a proposed conceptual 

framework, having image features as the independent variable and Traffic Sign 
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Recognition as the dependent variable. Illumination, occlusion, orientation and noise are 

moderation variables.  

Figure 2.17 Conceptual framework 

2.10 Chapter Summary 

This chapter conducted a thorough evaluation of pertinent literature in order to build the 

theoretical and empirical framework for the study. The review was organized to 

methodically address the goals of the study, starting with basic ideas and moving on to the 

particular field of traffic sign recognition (TSR). An introduction to image classification 

and artificial neural networks (ANNs) was given at the beginning of the chapter, covering 

important topics such as backpropagation, activation functions, and the vanishing gradient 

Independent Variable    

Feature descriptor  

- LD HOG 
- HOG 
- LDP 

  

Dependent Variable 

   Traffic Sign 

Recognition 

Performance 

- Accuracy 
- Precision 
- F1 - Score 
 

Preprocessing 

Techniques 

- Interpolation 
- Cropping 
- Filtering  
- Normalization 
- Segmentation 

   

  - Environmental factors 
- Sign Physical Condition 
- Camera Lens Quality 

 

  Moderating Variable  
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problem. The fundamental ideas of automated pattern recognition were thus established. 

Convolutional Neural Networks (CNNs), the predominant architecture in contemporary 

computer vision, received a substantial amount of attention. The chapter provided a 

comprehensive grasp of how deep learning models extract and analyze hierarchical 

characteristics from images by breaking down the fundamental CNN components, such as 

convolution kernels, pooling layers, and more complex modules like Inception and 

Residual Learning. 

After thereafter, the emphasis shifted to methods for classifying traffic signs. We looked 

closely at the conventional pipeline of feature extraction (HOG, SIFT, LBP, Gabor Filters, 

and Bag of Words) and preprocessing (interpolation, cropping, color space conversion, 

filtering, normalization, and segmentation). This created the framework for comprehending 

both conventional and deep learning-based TSR techniques. 

The performance of several methods ranging from conventional machine learning (SVM, 

RF) to advanced deep learning models (AlexNet, GoogleNet, ResNet) was compared in 

the evaluation of Traffic Sign Recognition Models and Frameworks. Particularly with 

regard to computing cost, robustness, and generalizability, this comparison analysis 

assisted in identifying the advantages and disadvantages of the current approaches. Three 

pillars served as the foundation for the theoretical framework: 

i). Feature Analysis Theory, which served as a guide for creating a feature descriptor 

that hierarchically extracts and integrates low-level data (edges, gradients) to 

replicate human visual perception. 
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ii). Pattern Recognition Theory, which emphasized the significance of local structural 

information and guided the structured pipeline of preprocessing, feature extraction, 

and classification. 

iii). Machine Learning Theory, which offered the guidelines for choosing, refining, and 

validating classifiers and guaranteeing that the model could extrapolate from 

training data to unobserved instances. 

The chapter ended by highlighting important knowledge gaps in the body of current TSR 

research, including issues with generalization, poor performance under challenging 

circumstances, limited real-time efficiency, and lack of model interpretability. The purpose 

of this study is to develop a more reliable, effective, and comprehensible traffic sign 

recognition system, and these gaps clearly demonstrate the requirement for the unique 

feature descriptor, LD-HOG. These components are graphically synthesized in the 

Conceptual Framework, which also describes the link between the independent variable 

(the proposed LD-HOG descriptor), the dependent variable (the TSR performance), and 

moderating environmental factors. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 Overview 

The research methodology is organized following the Saunders research onion. All the six 

stages; research philosophy, research approach, research strategies, research choices, time 

horizons, and techniques and procedures are discussed in this chapter [154].   

 

Figure 3.1: Saunders onion [154] 

3.2 Research Design 

A mixed approach design was used for the study. Systematic Literature Review was used 

to achieve objective one while simulation and experimental research design were used for 

objective 3 and 4. Specifically, Systematic literature review was used in the development 

of LD-HOG feature extractor, while simulation was used in the development, testing and 
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validation of the TSR model. Experiments were done during model development. The three 

stages preprocessing, feature extractor and classification were experiment on and optimal 

values were selected for the model.  Lastly, validation experiments were carried out using 

LD-HOG feature extractor.  

3.3 Research Philosophy 

The convictions, assumptions, and principles that inform a researcher's methodology are 

termed their research philosophy. Positivism, interpretivism, and critical realism are 

identified as the three principal research ideologies. Positivism, a research ideology, 

prioritizes the application of scientific methods to generate objective, quantifiable data. 

Positivists assert that a singular objective reality exists, which can be quantified and 

analyzed through empirical research. Researchers should uphold objectivity and 

detachment during the study process, ensuring that research remains value-free.  

The convictions, assumptions, and principles that inform a researcher's methodology are 

termed their research philosophy. [154] designates positivism, interpretivism, and critical 

realism as the three principal research paradigms. Positivism, a research ideology, 

prioritizes the application of scientific methods to generate objective, quantifiable data. 

Positivists assert that a singular objective reality exists, which can be quantified and 

analyzed through empirical research. [154] assert that the researcher must uphold 

impartiality and detachment during the study process, and that research ought to be devoid 

of values.  

Individuals and social institutions engage to construct social reality, and research should 

focus on understanding the essential mechanisms and processes that affect social 

phenomena. This study adopted a positivist attitude due to its foundation in empirical data 
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and proven theories, specifically feature analysis, pattern recognition, and machine 

learning. Moreover, a traffic sign is a picture, and machine learning methodologies can be 

employed to extract and categorize its components. To identify and categorize an image, 

the study will employ the two-level technique proposed by feature analysis theory [151]. 

3.3 Research Approach 

Inductive and deductive approaches are two research approaches that are commonly used 

in research. The inductive approach is a bottom-up approach where the researcher starts 

with specific observations and data, and then builds up generalizations or theories based 

on those observations. The researcher begins by collecting data and then uses that data to 

generate a hypothesis or theory. The researcher may use qualitative research methods such 

as interviews or observations to collect the data. Inductive research is often used when 

there is little existing research or theory on a topic, and the researcher aims to generate new 

knowledge or theory. By contrast, the deductive technique is a top-down method in which 

the researcher begins with a hypothesis or theory and then uses data to test it. First, the 

researcher formulates a hypothesis or theory, which is subsequently tested by gathering 

evidence. Surveys and experiments are examples of quantitative research procedures that 

the researcher may employ to gather data [154–155].  

The study adopted deductive approaches because of anchoring the study to existing 

theories on feature analysis, pattern recognition and machine learning [151],[152] and 

[153]. Additionally, LD-HOG and the traffic sign recognition machine learning model was 

developed using simulation and experiments and later tested on existing dataset.  
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3.4 Research Strategy 

A research study's overarching plan or design is referred to as its research strategy. It 

describes the procedures the researcher will follow in order to answer their study questions 

or goals. Among the several research approaches is the experimental approach, which 

entails adjusting one or more factors to ascertain how they affect a result. Testing causal 

links between variables is one of its common uses. Using interviews or structured 

questionnaires, a survey research technique gathers information from a sizable sample of 

individuals. It is frequently employed to collect data regarding beliefs, attitudes, and 

actions. In order to comprehend a specific phenomenon, a case study research technique 

entails a thorough examination of one or a limited number of cases. Exploratory research 

frequently uses it.  

In order to solve real-world problems or concerns, academics and practitioners work 

together as part of the action research strategy. In applied research, it is frequently utilized. 

In order to create a theory or framework that is based on the evidence, a grounded theory 

research strategy include the methodical collecting and analysis of data. Exploratory 

research frequently uses it. Lastly, to provide a more thorough understanding of a certain 

occurrence, a mixed methodologies research plan combines two or more research 

strategies, such as qualitative and quantitative research [154], [155]. 

The study applied a mixed research design with Systematic Literature Review used to 

achieve objective 1 and 2, and experimental research strategy for objective 3 and 4. This  

selection ensures that the findings from literature review and experimental research can be 

analyzed against the expected results. The experiments were virtually for testing and 

comparing LD-HOG performance with other feature extractors specifically HOG and LDP.   
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3.5 Time Horizon 

A research study's time horizon is the amount of time it is conducted. In research, there are 

three primary categories of temporal horizons: retrospective, longitudinal, and cross-

sectional. 

Cross-sectional studies are conducted at a single point in time. They collect data on a 

sample of participants or observations at a specific moment in time, and the data is then 

analyzed to draw conclusions about the population or phenomenon of interest. 

Longitudinal studies are conducted over an extended period of time, with multiple data 

collection points. They track changes or trends in a sample of participants or observations 

over time, and the data is then analyzed to draw conclusions about the population or 

phenomenon of interest. Retrospective studies are conducted after an event or period of 

time has passed. They collect data on past events or experiences through interviews, 

surveys, or archival records, and the data is then analyzed to draw conclusions about the 

population or phenomenon of interest [155].  

The study applied both cross-section and retrospective. Retrospective, the study extracted 

features from the GTSRB dataset with 51,840 images that was collected in the past. 

Nonetheless, the study was conducted at a single point in time. 

3.6 Data Source 

Data source refers to the origin or location from which research data is collected. There are 

several types of data sources, including primary, secondary and tertiary data sources.  

Primary data source involves collecting new data directly from the source, such as through 

surveys, interviews, experiments, or observations. This type of data is original and specific 
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to the research question at hand. Secondary data sources involve using existing data that 

has been collected by others, such as government agencies, research institutions, or public 

archives. This type of data can be used to supplement primary data, provide historical 

context, or compare findings across studies: Tertiary data sources involve using data that 

has been compiled or synthesized by others, such as meta-analyses, literature reviews, or 

data repositories. This type of data can be used to identify trends, patterns, or knowledge 

gaps in a particular field of study [154 - 155]. This research used a secondary data source, 

specifically the German Traffic Sign Recognition Benchmark (GTSRB) dataset. The 

GTSRB dataset contained 51,840 images of traffic signs, divided into 43 classes, and is 

widely used for training and evaluating traffic sign recognition systems. The images vary 

in resolution, lighting, and background conditions. For the purposes of this study, the 

dataset was split into two parts; 80% (39,309) of the data was used for training and 20% 

(12,631) was used for testing the model [156]. 

3.7 Experiment setup 

Experimental and simulation research methods were used in the study. Preprocessing, 

feature extraction, and classification were the three phases of the simulation and 

experiments, which were conducted in accordance with the three study theories. Both the 

experiment protocol and the research tools and equipment are covered in this section. 

3.7.1 Experiment Environment 

A white bed was set with the following conditions to enable fair testing and comparison of 

LD-HOG, HOG and LDP.  

i). Python 3.8 with the OpenCV, NumPy, and scikit-learn libraries 
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ii). Windows 10 

iii). Processor: Intel Core i7 (10th Gen) 

iv). RAM: 16 GB 

v). GPU: NVIDIA GTX 1650  

vi). IDE: VS Code 

 

Python was selected because of its performance in terms of speed. Additionally, python 

has many in built libraries like Open CV NumPy and scikit-learn that plays a curial role in 

training and testing of the model part of the code is a machine language.  [157] 

3.7.2 Experiment procedure 

The main objective of the study was to develop a machine learning model for traffic sign 

recognition. The development of this model had several stages including selection of a 

dataset, data preprocessing, feature extraction, model training, testing, and performance 

evaluation. The following subsections outline the key components of the experimental 

procedure. 

3.7.2.1 Dataset 

The German Traffic Sign Recognition Benchmark (GTSRB) dataset was used. It has 43 

classes with a total of 51,840 images. GTSRB was selected because it has images with 

different characteristics. For instance, images in the same class vary in terms of resolution, 

illumination, and background, providing a realistic setting for model training and 

evaluation. 
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3.7.2.2 Data Splitting 

The GTSRB was used both for training and testing. In order to see how the model would 

perform in real world situation, there was need to test the model with images that were not 

involved in training. Therefore, the dataset was split with 80 percent being training images 

and 20 percent testing images. Notably, the dataset had different number of images across 

the 43 classes. Stratified splitting was done in order to preserve the class distribution in the 

testing and training images.  

3.7.2.3. Data Preprocessing 

As noted in section 3.7.2.1 and as explained by the pattern recognition theory, 

preprocessing if the first step of Traffic Sign Recognition and image classification at large. 

It is important to clean and enhance features of the input images before passing them to the 

feature extractor. Five preprocessing techniques were performed on the images. 

Experiments were carried out to identify the best method for each technique on the GTSRB 

that would be used in the creation of the model. These five techniques are: 

i). Image interpolation 

ii). Image cropping 

iii). Image filtering 

iv). Image normalization 

v). Image segmentation  

3.7.2.4. Feature Extraction 

The study designed and developed LD-HOG feature extractor that considered all the 8 

neighbors. Simulation and experiments were done to compare LD-HOG performance of 
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the GTSRB and two other feature extractors. LD-HOG is an enhancement of HOG that 

applies concepts from LDP. In order to simulate and come up with LD-HOG, the following 

steps were taken: 

i). In addition to the normal HOG vertical and horizontal gradients, left and right 

diagonals at 45ο and 135ο were calculated. Vertical gradient is 90ο while horizontal 

gradient is 180ο 

ii). In order to combine this the left, right, horizontal and vertical gradients, three 

pooling methods were considered and experimented on. This pooling method are 

Maximum pooling (MAX), Average pooling (AVG) and Minimum pooling (MIN). 

Maximum pooling was the best in retaining the most significant texture when 

applied to GTSRB and therefore selected for final model development. 

iii). After pooling the next step was to convert the gradients to orientation bins. Each 

gradient was converted and then combined together to form one final bin with nine 

bins separated at 20ο 

iv). To reduce noise such as lighting and illumination, normalization was done. L2-

norm was applied to the resulting feature vector from iii) 

v). Finally, the feature vector was constructed. The LD-HOG descriptor for an image 

was constructed by merging all the normalized histogram from each image block. 

For purposes of testing the performance of LD-HOG, the other two feature extractors HOG 

and LDP were also constructed and applied to the GTSRB dataset (appendix 2,3 and 4). 

Notably, the preprocessing of the images from the GTSRB was same and the development 

environment as well. Also, the same images were used and all the three-feature extractor 

used the same function in loading of Images (appendix 1). 
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3.7.2.5. Classification 

The third part of the pattern recognition and the second part of the feature analysis is 

classification of extracted features. This process is done by a machine learning algorithm 

for classification. In TSR problem, we have 43 classes making it a multiclass classification. 

The study applied three machine learning classifiers in the training of the model on the 

features extracted in section 3.7.2.4. These classifiers were Support Vector Machine, 

Random Forest and Decision Tree. Notably, the three classifiers trained on the 80 percent 

of the images from the GTSRB and were later tested on 20 percent. Each classifier had an 

output of three models, one for LD-HOG, another for HOG and the last one for LDP 

(Appendix 5,6 and 7).  

After training the models for each classifier, performance was evaluated using precision, 

recall and F1 score. Comparison on the three-feature extractor was done based on this three 

performance evaluation metrics. Validation of the models that were trained using LD-HOG 

was done in two steps; first cross validation was done using stratified k-fold validation with 

the value of k being 5. Secondly, the confusion matrix of the models was printed to support 

and validate the performance of the model. 

3.8 Ethical Considerations 

In order to meet important imperatives including data privacy, algorithmic bias, 

transparency, and safety, this research was carried out with a strong dedication to ethical 

AI principles. While proactive class imbalance mitigation via stratified sampling and class-

weighted classifiers was used to assure fairness and avoid model bias toward 

overrepresented sign classes, privacy concerns were avoided by using the publicly 

available, non-identifiable GTSRB dataset. Additionally, the selective selection of 
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interpretable models such as Decision Trees and handcrafted features (LD-HOG) 

outperformed "black-box" alternatives in terms of transparency and accountability, which 

is essential for debugging and building trust in safety-critical systems. Finally, in 

recognition of the significant safety implications of possible deployment in autonomous 

systems, the model's design specifically placed a high priority on computational efficiency 

and robustness to allow dependable, real-time performance. 

The research proposal was submitted for approval by Directorate of Postgraduate Studies 

(DPS) and senate of Masinde Muliro University of Science and Technology. NACOSTI 

approved conducting of research and a copy of the research permit is attached.   

3.9 Chapter Summary  

This chapter described the methodical approach used, organized in accordance with the 

Saunders study Onion framework, to accomplish the study objectives. Based on well-

established theories of feature analysis, pattern recognition, and machine learning, the 

study used a positivist ideology and a deductive approach. A mixed-method approach was 

used: Objectives 1 and 2 (analyzing current methodologies and finding gaps) were satisfied 

by a Systematic Literature Review, while Objectives 3 and 4 (creating and evaluating the 

LD-HOG model) were accomplished by an Experimental Research Design. The secondary 

GTSRB dataset, which was divided 80/20 using stratified sampling to maintain class 

distribution, was used for the cross-sectional time horizon. 

Data preprocessing (interpolation, cropping, filtering, normalization, segmentation), 

feature extraction using the novel LD-HOG descriptor (which improves HOG by 

incorporating 8-directional gradients and MAX pooling), and classification using SVM, 

Random Forest, and Decision Tree classifiers comprised the experimental process, which 
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followed a clear pipeline. Python was used to control the environment, together with certain 

hardware and libraries. Precision, recall, F1-score, and stratified 5-fold cross-validation 

were used to thoroughly assess the model's performance, and ethical considerations for AI 

which address data privacy, bias, transparency, and safety were incorporated throughout 

the entire process. 
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CHAPTER FOUR  

 RESULTS AND DISCUSSION 

This study's primary goal was to create a machine learning model for identifying traffic 

signs. The research findings, outcomes, and discussion of the study are presented in this 

chapter. Research findings are presented in this chapter using the approach covered in 

chapter three. Before presenting and discussing the findings in accordance with the 

objectives, the chapter begins with a description of the dataset that was used. 

4.1 The German Traffic Sign Recognition Benchmark 

The dataset was made up of 39,210 images that were used for training and 12,631 images 

that were used for testing giving a total of 51,841. Both the train and test were made up of 

43 classes with each class having images with different ROI as well as occlusion and 

opacity. Figure 4.1 shows sample image of each class. 
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Figure 4.1 Sample image of each class 

The classes had images that were used to test the main problems of sign recognition and 

classification i.e. occlusion, variety of colors, and color deterioration.  

4.2 Analysis of Traffic sign recognition techniques 

"To analyze existing traffic sign recognition techniques for their strengths, weaknesses, 

and performance," was the first goal, and it was accomplished by conducting a 

comprehensive literature review. The results are summarized below based on the main 

phases of a TSR pipeline, emphasizing important performance trade-offs and prevailing 

patterns.  
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4.2.1 Critical Analysis of the Preprocessing Stage 

Preprocessing is a fundamental stage where strategic decisions have a direct impact on 

downstream performance, according to the literature. A uniform trade-off between feature 

preservation/enhancement and computing efficiency was found by the analysis. 

Specifically, the following are the findings of different preprocessing process. 

i). The quickest algorithms, such as Nearest-Neighbor (O(n)), create blocky artifacts 

that deteriorate edge definition, which is essential for sign identification. On the 

other hand, Lanczos resampling (O(n*k²)) is less appropriate for real-time systems 

due to its considerably higher computational cost, despite its exceptional ability to 

preserve high-frequency features and sharp edges. For TSR, Lanczos resampling 

was selected because of the importance of reserving edges of Traffic Sign. 

ii). From the study, RGB confuses color and brightness information, even though it is 

computationally efficient (O(1)) for extraction. For shape-based descriptors like 

HOG, grayscale conversion (O(n)) is quite effective and adequate; nevertheless, it 

represents all color information as pixels, which is a crucial component for traffic 

signs. Despite being more computationally demanding to convert to, HSV and 

Y'CbCr distinguish luminance from chrominance, offering increased resilience to 

variations in illumination. 

iii). Linear filters (O(n²)) blur edges but are effective for overall smoothing. Although 

they require more computing, non-linear filters (like the median) are better at 

preserving edges while eliminating noise. Although deep learning-based filters are 

quite flexible, they are too complicated for applications with limited resources and 

require a lot of data.  
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iv). Contrast stretching (O(n)) is a quick and popular option for normalization, while 

spatial normalization (O(n²)), while effective at fixing distortions, is 

computationally costly. 

The study notes that the selection of a preprocessing technique required compromise; there 

is no one ideal preparation pipeline. Techniques that maintain important properties (color, 

edges) without requiring excessive processing cost must be given priority in a reliable TSR 

system for real-world scenarios. Table 4.1 and figure 4.1 summaries findings of the 

preprocessing techniques. 

Table 4.1: Comparative Analysis of Preprocessing Techniques 

Technique 
Best Use 

Case 

Computational 

Complexity 

Key 

Advantage 

Key 

Limitation 

Bilinear 
Interpolation 

General-
purpose 
resizing 

O(n) 
Fast 
processing 

Blurs edges 

Lanczos 
Resampling 

High-detail 
preservation 

O(n*k²) 
Sharp edge 
preservation 

Computationally 
expensive 

Grayscale 
Conversion 

Shape-based 
detection 

O(n) 
Reduces 
complexity 

Loses color 
information 

HSV 
Conversion 

Illumination 
robustness 

O(1) 
Color-
brightness 
separation 

Additional 
computation 

Median 
Filtering 

Noise 
removal 

O(n²) 
Preserves 
edges 

Moderate 
computation 

Contrast 
Stretching 

Normalization O(n) 
Simple and 
fast 

Limited 
dynamic range 
improvement 
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Figure 4.1 Comparative Analysis of Preprocessing Techniques  

4.2.2 Comparative Analysis of Feature Extraction and Classification Techniques 

The interaction between feature extraction and classifier selection has a significant impact 

on a TSR system's performance. According to the analysis, there is a noticeable trade-off 

in performance and efficiency between end-to-end deep learning and conventional machine 

learning pipelines. The handcrafted feature pipeline shows that high performance may be 

achieved without the overhead of deep learning. For example, from literature: 

i). When combined with classifiers such as SVM, HOG-based models routinely attain 

excellent accuracy (98.23% [146], 99.99% [131] on GTSRB). Their ability to 

efficiently capture shape and edge information (O(n)) is their strongest suit; 

nonetheless, they are still susceptible to rotation and clutter. 
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ii). Combining several feature types can improve robustness, as demonstrated by 

hybrid feature models. For instance, [148] used an Extreme Learning Machine 

(ELM) for classification and combined HOG with Completed LBP (CLBP) and 

Gabor filters to achieve 99.10% accuracy on GTSRB. This demonstrates that, 

despite increasing feature dimensionality, combining shape (HOG) and texture 

(LBP, Gabor) information may produce excellent results. 

iii).  According to [131], methods such as Principal Component Analysis (PCA) are 

crucial for controlling the computational cost of high-dimensional feature spaces, 

which directly enhances test time and performance in conventional models. 

Literature review shows that deep learning models have outperformed handcrafted feature 

extractors but at high computational cost. Expensive but Excellent Performance 

CNN-based methods have won competitions such as the GTSRB benchmark, setting the 

standard for performance [124]. Unmatched accuracy and robustness result from their 

capacity to learn hierarchical, invariant features on their own. This review, however, 

demonstrates their serious shortcomings: 

i). Real-time, embedded systems cannot use models such as VGGNet and ResNet due 

to their huge computational footprint (O(n²)) [135, 142]. 

ii). They need a lot of hardware for inference and very huge labeled datasets for 

training. 

iii). For safety-sensitive applications like autonomous driving, their inability to be 

interpreted is a serious issue. 

There is a definite dichotomy in the literature. Although they have a robustness ceiling, 

traditional models (such SVM with HOG) provide an appealing balance of high accuracy 
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(98%+), speed, and interpretability. There are significant trade-offs in terms of 

performance, efficiency, and usability when comparing Deep Learning (DL) and 

Traditional Machine Learning (ML) techniques. Depending on the quality of the feature 

engineering, traditional machine learning models like Support Vector Machines (SVM), 

Random Forests (RF), and k-Nearest Neighbors (KNN) usually attain accuracy levels 

between 85% and 99%. They are appropriate for low-resource environments due to their 

computational efficiency, which includes low to medium training times and very quick 

inference speeds. These models have excellent interpretability, which makes it possible to 

comprehend model decisions more clearly, use less data, and run efficiently on CPU-

optimized platforms. 

On the other hand, Convolutional Neural Networks (CNNs) and other Deep Learning 

models can achieve slightly greater accuracies (92–99.5%), especially when working with 

huge datasets. However, this comes at the expense of a very long training period, a medium 

to poor inference performance, and significant data and GPU needs. Additionally, they 

have very poor interpretability, which makes explainability difficult. Therefore, even while 

DL is better at accuracy and automation, classical machine learning is still better at 

efficiency, transparency, and accessibility, particularly in environments with limited 

resources. This clearly defines a trade-off between efficiency and performance that 

determines which model is best. Table 4.2 compares Traditional ML and Deep Learning 

models performance from literature review.   
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Table 4.2: Model Architecture Comparison 

Characteristic Traditional ML Deep Learning 

Accuracy 85-99% 92-99.5% 

Training Time Low-Medium Very High 

Inference Speed Very Fast Medium-Slow 

Data Requirements Low Very High 

Hardware Needs CPU-optimized GPU-required 

Interpretability High Very Low 

4.2.3 Synthesis and Identified Gaps  

The methodical examination unequivocally shows that a basic compromise between two 

paradigms defines the TSR field: 

i). CNNs dominate high-accuracy, resource-intensive models, which are frequently 

inappropriate for embedded, real-time systems. 

ii). Effective, High-Accuracy, but Less Robust Models. These models, which rely on 

manually designed features and conventional classifiers, accomplish remarkable 

benchmark accuracy but have trouble with the full range of real-world changes, 

such as rotation, intricate occlusion, and intense lighting. 
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One important lesson from the success of hybrid feature models is that robustness can be 

greatly increased without resorting to a deep learning architecture by carefully combining 

complimentary handcrafted features. 

As a result, there is a clear and legitimate need for a feature extraction technique that breaks 

through the conventional paradigm. To directly address its shortcomings in rotational 

invariance and noise robustness, a novel hybrid feature descriptor that methodically 

combines the advantages of current handcrafted features for example, combining the 

textural and finer directional sensitivity of LDP with the potent shape representation of 

HOG would be the ideal solution.  

The creation of the novel LD-HOG descriptor in this study is directly motivated by this 

gap. The objective of LD-HOG is to develop a descriptor that is substantially more robust 

than standard HOG while maintaining its fundamental benefits of computational 

efficiency, low resource requirements, and interpretability, making it perfectly suited for 

useful, real-world TSR applications. This is in contrast to competing with massive CNNs 

on raw accuracy. 

4.3 Chapter Summary 

The goal of this study was to create a machine learning model for efficient traffic sign 

recognition (TSR), and this chapter provided the findings and a thorough analysis of the 

research. An introduction was given to the German Traffic Sign Recognition Benchmark 

(GTSRB) dataset, which included 51,841 photos divided into 43 classes and examined a 

number of factors, including illumination effects, color variation, and occlusion. The 

preprocessing step, which is crucial for enhancing image quality prior to feature extraction, 

was the main emphasis of the first section's analysis of traffic sign identification systems. 
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One important discovery was that no one preprocessing technique is perfect; rather, 

efficient TSR systems must strike a compromise between computing efficiency and feature 

preservation (such as edge and color details).  

While simpler approaches like bilinear interpolation offered speed at the expense of 

accuracy, more complex techniques like Lanczos resampling and HSV color conversion 

offered better edge and illumination handling at greater computational costs. A basic trade-

off between conventional machine learning and deep learning techniques was then shown 

by the chapter's comparison of feature extraction and classification techniques. 

Conventional models, such HOG with SVM, Random Forest, and KNN, showed excellent 

accuracy (85–99%), quick inference, and minimal training time, which made them perfect 

for situations with limited resources. On the other hand, deep learning models (such as 

CNNs like ResNet and VGGNet) had somewhat greater accuracies (92–99.5%), but they 

also lacked interpretability and necessitated a lot of processing power, big datasets, and 

GPU resources. 

The comparative synthesis showed that deep learning approaches struggle with efficiency 

and explainability while deep learning approaches succeed in automation and feature 

learning. Traditional approaches, on the other hand, are efficient, interpretable, and 

accessible, albeit being somewhat less robust. A research gap was noted in the chapter: 

current models either put accuracy above efficiency or the other way around. This drives 

the creation of hybrid handmade descriptors, namely the suggested LD-HOG (Local 

Directional Histogram of Oriented Gradients), which combines the efficiency and shape 

sensitivity of HOG with the textural strength and rotational robustness of features like LDP. 
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In summary, Chapter Four comes to the conclusion that creating lightweight, hybrid feature 

descriptors can help close the gap between deep learning and classical methods, resulting 

in the computational efficiency and resilience required for real-world TSR systems. 
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CHAPTER FIVE  

LOCAL DIRECTIONAL HISTOGRAM OF ORIENTED GRADIENT  

5.1 Overview 

This chapter discusses two feature extractors; Local Directional Pattern (LDP)and 

Histogram of Oriented Gradient (HOG) before proposing an improved feature extractor 

Local Directional Histogram of Oriented Gradient (LD-HOG) 

5.2 Local Binary Patterns 

Image prediction methods have made extensive use of texture features [158], [159]. An 

appearance (texture) description called Local Binary Patterns (LBP) may identify 

microstructure patterns on human skin, such as corners and edges, spots, flat areas, and 

lines [160]. A popular texture descriptor for image classification tasks, such as TSR, is 

local binary patterns. Figure 5.1 shows LBP calculation for a 3 × 3 image 

region. 

 

 

 

  

 

Figure 5.1 Local Binary Pattern 

The Local Binary Pattern (LBP) code from figure 5.1 can be represented using equation 

5.1  
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𝐿𝐵𝑃 = 110010112  =  20310                                                                   (5.1) 

 

Where base 2 is the 8-bit binary equivalent of the image while base 10 is the decimal value. 

The binary 8-bit representation of the image is derived using equation 5.2 below 

𝐿𝐵𝑃𝑝,𝑟(𝑥𝑐, 𝑦𝑐) = ∑ 2𝑛𝑠(𝑔𝑛 − 𝑔𝑐)𝑁−1
𝑛=0  

(5.2) 

and thresholding function τ is defined by equation 5.3 

τ(𝑥) =  { 1, 𝑖𝑓 𝑥 ≥ 00,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (5.3) 

The function τ(𝑥) is a threshold function that generates a binary bit for a specific pixel, 

where 𝑁 = 𝑝 is the number of neighboring pixels, r is the distance of neighboring pixels 

from the central pixel, 𝑔𝑐 is the central pixel's gray-value, and 𝑔𝑛 for 𝑛 = 0,1,2, … 𝑁 − 1 

corresponds to the neighboring pixel's gray value on a circular symmetric neighborhood 

of distance 𝑅 > 0. A binary number is produced by joining the eight bits. The central 

pixel is given the binary number's LBP code after it has been translated to decimal. 

Micro-pattern structures in a picture are represented by the histogram of the LBP-

encoded image. Equation 5.4 defines this histogram.   

𝐻𝑖 = ∑ 𝐼(𝑓(𝑥, 𝑦) = 𝑖)𝑥,𝑦 , 𝑖 = 0,1,2 … , 2𝑝 − 1 (5.4) 
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where 𝑝 is the number of texture patterns that LBP operator can encode and equation 5.5 

shows how to calculate I 

𝐼(𝑎) =  {1, 𝑖𝑓 𝑎 𝑖𝑠 𝑇𝑅𝑈𝐸0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  

 

(5.5) 

[161] discovered that about 90% of all texture patterns are uniform when 𝑝 = 8 𝑎𝑛𝑑 𝑟 = 1. A uniform pattern is one that has a maximum of two bitwise transitions from 1 to 0 and 

vice versa. For example, the patterns 10000000, 00000000, 0100000, and 11111011 are 

uniform, whereas the patterns 11010000, 10100101, and 10101101 are not [160]. Micro-

structures such as spots, edges, lines, or flat areas can be indicated by uniform patterns. 

The ability of the original LBP to encode dominant texture features that cover a wider area 

was constrained. In order to capture features utilizing multiple neighborhoods with 

different radii, the descriptor was extended [161]. A neighborhood region is defined by 

pixels that are uniformly spaced around a central pixel in a circular arc that is centered at 

the central reference pixel.  

To accommodate any radius and any number of sample pixels, points that do not fall inside 

the pixels are bilinearly interpolated. The LBP binary code is rotated in a circular fashion 

until its minimum value is obtained in order to extract rotational invariant features [162]. 

More features in an image might be encoded by an extended LBP descriptor, but the spatial 

information of the features that were extracted would be lost. Each cell's histogram is joined 

to create the final histogram.  
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5.3 Local Directional Parten 

Variations in illumination and picture noise can affect the local binary pattern. Jabid et al. 

[163] presented Local Directional Patterns (LDP), a texture descriptor that is resilient to 

noise and non-monotonic light fluctuations. LDP's robustness is seen in Figure 5.2. 

 

Figure 5.2 Comparison of LBP and LDP on an original and a noisy image 

The first image is an original image that has its features extracted using LBP and LDP. The 

same image is exposed to noise like illumination in the second image. From the image it is 

clear that LBP changed with introduction of noise but LDP is robust and remained with the 

same value.  

In contrast to LBP, which compares raw pixel values, local directional pattern compares 

the directional responses of each neighboring pixel to compute an 8-bit code for the central 

pixel in a 3 × 3 image region. Candidate edge detectors [167] that can be used to determine 

an image's gradient are Prewitt [164], Kirsch [165], and Sobel [166]. Because Kirsch takes 

into account all eight nearby pixels [168] in a 3  ×  3 image region, it is the most reliable 

of them when it comes to directional edge identification. 

85 32 26  81 29 32 

53 50 10  38 58 15 

60 38 45  65 43 47 

𝐿𝐵𝑃 =  00111000 =  56  𝐿𝐵𝑃 =  00101000 =  40 𝐿𝐷𝑃 =  00010011 =  19  𝐿𝐷𝑃 =  00010011 =  19 
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5.3.1 Kirsch edge detector 

It is a first-order derivative edge detector that uses a series of filters (masks) to convolve 

each 3\times3 region in order to determine the gradient of an image. In equation 5.6, Kirsch 

defined a non-linear edge detector [167]. 

𝑃(𝑥, 𝑦) = max{1, max𝑘=07 [|5𝑆𝑘 − 3𝑇𝑘|]} (5.6) 

Where, 𝑆𝑘 = 𝑃𝑘 + 𝑃𝑘+1 + 𝑃𝑘+2 (5.7) 

 

and  𝑇𝑘 = 𝑃𝑘+3 + 𝑃𝑘+4 + 𝑃𝑘+5 + 𝑃𝑘+6 + 𝑃𝑘+7 (5.8) 

 

where 𝑃𝑘~[𝑘 = 0,1,2 … ,7] are eight neighboring pixels of 𝑃(𝑥, 𝑦) shown in Figure 5.3, 

and an in 𝑘𝑎 is assessed as 𝑎  =  𝑎 % 8. Convolution of the 3 × 3 image region with the 

corresponding mask 𝐵𝑘, as seen in Figure 5.4, yields the image gradient in a given 

direction. 

 

A3 A2 A1 

A4  A (x, y) A0  

A5 A6 A7 

(a) 8 neighbors 
of pixel P (x, y) 

 

B3 B2 B1 

B4   B0  

B5 B6 B7 

(b) 8 directional 
Krisch mask 

positions 
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Figure 5.3 (a) Pixel A's eight neighbors (x, y) and (b) correspond to the appropriate 

Krisch Mask positions. 

[−3 −3 5−3 0 5−3 −3 5] [−3 5 5−3 0 5−3 −3 −3] 

(a) East B0 (b) North East B1 
 [ 5 5 5−3 0 −3−3 −3 −3] [ 5 5 −35 0 −3−3 −3 −3] 

(c) North B2 (d) North West B3 
 [5 −3 −35 0 −35 −3 −3] [−3 −3 −3−3 0 5−3 5 5 ] 

(e) West B4 (f) South West B5 
 [−3 −3 −3−3 0 −35 5 5 ] [−3 −3 −3−3 0 5−3 5 5 ] 

(g) South B6 (h) South East B7 

 

Figure 5.4 Krisch edge response mask in eight directions 

There are eight directional response values for every central pixel, 𝑋𝑐. When a corner or 

edge is present, the absolute values are high. Finding k meaningful replies, setting their 

associated bit value to 1, and assigning 0 to the remaining 8–k bits are the goals of LDP. 

After being translated to decimal, the resulting binary string is given the LDP code for 𝑋𝑐. 

To create an LDP-encoded image, the procedure is carried out for each pixel in the image. 

The picture encoding procedure employing the LDP operator is depicted in Figure 5.5. 
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85 52 26 

53 50 10 

60 38 45 

(a)  

 

M3 M2 M1 

M4  M0 

M5 M6 M7 

(b)  

 

313 97 503 

537  399 

161 97 303 

(c)  

 

0 0 1 

1  1 

0 0 0 

(d)  

 

LDP = 000100112 =1910 

Figure 5.5: Image region and LDP operator encoding process for an image with k=3 

(a). Figure 5.4 shows the Kirsch masks in (b). The result of convolving each pixel in (a) 

with eight Kirsch masks is shown in (c). (d) Select the top k=3 important answers, set the 

relevant bit to 1, and set the remaining bits to 0. 

Starting from B0, the LDP code is shown in equation 5.9 𝐿𝐷𝑃 =  110010002 =  1910 (5.9) 

LDP code shown is derived using equation 5.10 and 5.11 

𝐿𝐷𝑃𝑘 = ∑ 𝑏 ((𝑚𝑗 − 𝑚𝑘) × 2𝑗)7
𝑗=0  

(5.10) 

𝑏(𝑎) =  { 1, 𝑖𝑓 𝑎 ≥ 00, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

(5.11) 

where 𝐵𝑗is the response of Kirsch mask 𝐵𝑗, and 𝐵𝑘 is the 𝑘𝑡ℎ significant response. In an 

LDP-encoded image, the local directed pattern operator produces 𝐶𝑘8 unique patterns. 



128 

 

Equations 5.12 and 5.13 employ the histogram 𝐻(𝑖) with 𝐶𝑘8 bins to describe the input 

image of size 𝑀  × 𝑁. 

𝐻(𝑖) = ∑ ∑ 𝑓(𝐿𝐷𝑃𝑘(𝑚, 𝑛), 𝑖)𝑁
𝑛=0

𝑀
𝑚=0  

(5.12) 

𝑓(𝑝, 𝑖) = { 1 𝑖𝑓 𝑝 =  𝑖0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

(5.13) 

where 𝑓(𝑝, 𝑖) is a logical function that checks whether the LDP code of the LDP-encoded 

picture at location 𝑝(𝑚, 𝑛) is equal to the current LDP pattern i for all i in the range 0 ≤𝑖 ≤ 𝐶𝑘8. With dimensions 1 × 𝐶𝑘8, the resulting histogram serves as the image's 

representation. Corners, spots, edges, and texture information about a picture are all 

included in the resultant feature [169]. Not every response is taken into account while 

creating the LDP code, which is one of LDP's limitations. Even though the rejected 

responses weren't in the top k, they might help make LDP more resilient and discriminative 

of patterns. Moreover, some of the top k directional answers might be in a certain 

orientation, such as west-east.  

5.4 Histogram of Oriented Gradients 

Histogram of Oriented Gradients (HOG), first introduced by Dalal and Triggs [170], counts 

instances of gradient orientations in local picture regions to calculate image gradient. For 

the vertical (𝑔𝑥) and horizontal (𝑔𝑦) directions, HOG employs the 1D centered derivative 

mask [−1,0, +1] and [−1,0, +1]𝑇to compute the gradient of a 64  × 128 image that is 

divided into blocks of 16  × 16, with each block consisting of 2 8  × 8 cells. The gradient's 

direction (θ) and magnitude (g) are computed as 
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𝑔 = √𝑔𝑥2 + 𝑔𝑦2     and θ = arctan 𝑔𝑦𝑔𝑥 (5.14) 

where the gradient direction is represented by θ, the gradient magnitude by g, and the 

vertical and horizontal gradients of the image by 𝑔𝑥 and 𝑔𝑦, respectively. Figure 5.6 

displays an input image's x and y gradients, magnitude (g), and direction (θ).   

 

     

(a) Input Image (b) x-gradient 
(gx) 

(c) y-gradient 
(gy) 

(d) Magnitude 
(g) 

(e) Direction (θ) 

 

Figure 5.6 Histogram of Gradients image responses 

The gradient of the image has direction and magnitude at each position (𝑥, 𝑦). For each 

color channel, the color picture gradients are assessed. The direction (angle) that 

corresponds to the maximum gradient is the gradient at point (𝑥, 𝑦), which is the maximum 

of the color channel magnitudes. Eight times eight cells are used to construct the gradient 

histogram. Nine bins in the resulting histogram correspond to the angles 0𝑜, 20𝑜, 40𝑜, and 60𝑜, with a sum of 160𝑜. A sample histogram for a single 8-times-8 cell is shown in Figure 

5.8, where the number of edges at orientation 120𝑜 is shown by 5. 
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Figure 5.8 Histogram of Oriented Gradient 

A voting mechanism is used to determine which bin θ𝑜 falls into if direction θ𝑜 is between 

any two angles θ1𝑜 𝑎𝑛𝑑 θ2𝑜 shown in Figure 5.8. In general, θ1𝑜  𝑎𝑛𝑑 θ2𝑜 share the entries if 

the direction matrix contains n entries with θ𝑜 where θ%20. We will increase the entries 

at θ1𝑜 𝑎𝑛𝑑 θ2𝑜  by  

θ1 = 1 − (|θ1𝑜 − θ𝑜|20 ) × 𝑛 
(5.15) 

θ2 = 1 − (|θ2𝑜 − θ𝑜|20 ) × 𝑛 

 

(5.16) 

In 5.8, we demonstrate how 35 entries at orientation 165𝑜 are shared between 0𝑜 and 180𝑜. 

This is a sample of this voting strategy. Every eight times, these histograms are computed, 

and the resulting histograms are concatenated to form the HOG feature vector. Pattern 

recognition is done using this normalized vector. 

Because it distinguishes between scenarios in which a bright object is against a dark 

background and those in which a dark object is against a bright background [171], HOG is 

primarily utilized for object detection and is therefore better suited for shape description 

than texture feature descriptor. For improved surface characterization, texture descriptors 

should record both picture edges and fine-grained textural information, such as spots.  
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HOG is an extremely high dimensional feature that only counts gradient occurrences in 

specific areas of an image, disregarding the gradient's direction. With respect to the 

reference pixel, a gradient at orientation 0^o can be firing east of west. To increase the 

discriminativeness of the resulting feature vector, it is crucial to encode a gradient's 

orientation, amplitude, and direction. Moreover, HOG only computes an image's vertical 

and horizontal gradients using the same edge weights. Filters that take into account 

multiple directions with varying weights for each direction, such as Kirsch masks [165], 

which take into account eight directions or four orientations, are used to construct more 

discriminative picture gradients. 

5.5 Local Directional Histogram of Oriented Gradients 

HOG's drawback is that it only uses vertical and horizontal edges to determine an image's 

gradient. Although object detection is improved by this method, texture description with 

HOG requires more orientation picture gradients. Four orientations of the visual gradient 

are encoded using the suggested method. In contrast to the HOG operator, which computes 

image gradients at 0𝑜 and 90𝑜 only, the image gradients are computed at 0𝑜, 45𝑜, 90𝑜, and 135𝑜.  

Directional localization To calculate the gradient of a 64 × 128 image divided into blocks 

of 16 × 16, with two 8 × 8 cells per block, HOG uses a 1D centered derivative mask [−1,0, +1] and its rotations at 45𝑜,90𝑜 and 135𝑜 for vertical (𝑔𝑥), left diagonal (𝑔𝑙𝑑), 

horizontal (𝑔𝑦), and right diagonal (𝑔𝑟𝑑). Figure 5.9 displays these filters, while Figure 

5.10 displays image gradients in the horizontal, vertical, left, and right directions along 

with the associated magnitudes and angles.   
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Figure 5.9 Filters 

used for LDHOG 

image gradients calculation 

Equation 5.4 uses the x and y gradient responses to calculate the magnitude 𝑔𝑥𝑦 and angle θ𝑥𝑦. Second magnitude 𝑔𝑑𝑖 and angle θ𝑑𝑖 are computed using left-diagonal and right-

diagonal gradient responses as 

𝑔𝑑𝑖 = √𝑔𝑙𝑑2 + 𝑔𝑟𝑑2  and θ𝑑𝑖 = arctan 𝑔𝑙𝑑𝑔𝑟𝑑 
(5.17) 

The gradient visualization for the x, y, right, and left diagonal directions, together with the 

appropriate magnitudes and orientations, is displayed in Figure 5.10. 
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a) Input Image b) X- gradient 

(gx) 
c) y-gradient 

(gy) 

   
d) LD- gradient e) RD- gradient f) Magnitude gdi 

   
g) Orientations 

θdi 
h) Magnitude gxy Orientation θxy 

Figure 5.10 Gradients visualization for x, y, right and left diagonal directions  

Given an image region shown in Figure 5.11 (a), four image gradients shown figure 5.11 

(b) are calculated. 
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Figure 5.11 Sample LD-HOG generation process 

Equations 5.14 and 5.17 are used to determine the two orientations for the current reference 

pixel based on these gradients, as seen in figure 5.11 (c). Two distinct histograms have 

these angles inserted in the appropriate bins. After that, a feature vector for TRS is created 

by fusing the two histograms. An image can be examined using a variety of fusion 

techniques. Among the fusing procedures are: 

i). MAX pooling: The maximum angle is selected and inserted into the appropriate 

bin after comparing the angles in the same bin in the two histograms 

ii). MIN pooling: The minimum angle is selected and inserted into the appropriate bin 

after comparing the angles in the same bin in the two histograms  

iii). AVG pooling: The corresponding bin is filled with the average of the two angles. 

The entire picture region was subjected to repeated maximum pooling techniques, and the 

resulting LDHOG was utilized as a feature descriptor for TSR.  Cropping and resizing the 

image to 64\ \times\ 128\ pixels Notably, the aspect ratio needs to be 1:2 even if the image 

can be enlarged to any size. The image gradient for each direction is determined by 

calculating the image gradients for each color channel in the following directions: 
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horizontal, vertical, left-diagonal, and right-diagonal. The channel with the largest gradient 

is selected as the image gradient. The image is then separated into 8x8 pixel cells.  

Consequently, 8 × 16 cells are produced. The cells are arranged in blocks, with two times 

as many cells in each block, for a total of seven times fifteen blocks. The whole feature 

vector is 7 × 15 × 2 × 2 × 9  =  3780, with each cell having a 1 × 9 histogram feature. 

For the first local directional histogram, gradient orientations and their corresponding 

magnitudes are computed using vertical and horizontal picture gradients. The second local 

directional histogram's gradient and corresponding magnitude are determined using the 

right-diagonal and left-diagonal image gradients. The resulting feature vector is used for 

TSR after the two histograms are fused for each traffic sign. Prior to learning the model, 

the dimensionality of the final feature vector is reduced using Linear Discriminant Analysis 

(LDA).  

5.5.1 Orientation Binning 

Nine bins in the 20𝑜 range are employed in this investigation. Nine bins, spanning from 

0^o to 180𝑜, are present in the histogram. The entry in the corresponding bin is increased 

if an orientation is within the bin range. Equations 5.15 and 5.16's voting mechanism is 

used if an orientation falls between two bins. The selection of the number of bins was 

inspired by earlier studies [172], [173], which discovered that 9 bin histograms outperform 

15 bin histograms in terms of accuracy. 

Figure 5.12, 5.13 and 5.14 shows the bins extracted from the features extracted. 
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Figure 5.12 HOG bins for the sampled image 

Figure 5.13 Diagonal HOG for the sampled image 

Figure 5.14 Fused bins for the sampled image 

5.5.2 Normalization 

The L2-Norm normalization technique is used to normalize histogram blocks as 

|𝑉|𝐿2 = 𝑣√∑|𝑣|2 + ϵ2 

 

(5.18) 
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where 𝛜 =  𝟎. 𝟎𝟎𝟎𝟎𝟏 is a tiny constant used to prevent overflow when 𝒗  = 𝟎, ├. |𝑽┤. |_{L2} is a normalized feature, and ├. |𝒗┤. | is a none normalized feature. 

Because it outperforms L1 normalization, this normalization technique is used [172]. 

5.6 Chapter Summary 

A feature extractor called LD-HOG was created to encode image gradients. The HOG 

operator is extended by the LD-HOG operator. Two image gradients are computed in LD-

HOG by rotating a 1D derivative mask [−1, 0, +1] at 45, 90, and 135 degrees. A feature 

vector for traffic sign recognition is created by fusing the histograms of the two gradients 

using maximum pooling techniques. LD-HOG performs better than HOG feature 

descriptors in TSR, according to experimental results on the GTSRB dataset. In contrast to 

using only four neighbors, the performance of LD-HOG in TSR shows that utilizing all 

eight neighbors of a pixel when encoding the picture gradient at that specific pixel produces 

robust features for object classification. 

Each pixel pi in a digital image has 𝑛  =  2(𝑑 + 2) neighbors at distance d from it, 𝑝0, 𝑝1, . . . 𝑝𝑛 − 1. At a distance d from pixel pi, each neighboring pixel has subtle 

information about the image's gradient. Therefore, all of the nearby pixels at distance d 

should be taken into account when encoding the image gradient at pi.  
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CHAPTER SIX  

MACHINE LEARNING FOR TRAFFIC SIGN RECOGNITION MODELS 

6.1 Overview 

The chapter discussed the procedure and the results of creating a machine learning model 

using LD-HOG described in chapter five. The chapter starts by analyzing the GTSRB that 

provided traffic sign images that were used in training and testing the model. The chapter 

then discuss the process of model creation using three classifiers, SVM, random forest and 

decision tree. The study further discusses the results of comparison of model created by 

LD-HOG, HOG and LDP outlining precision, recall and F1-score. Finally, the chapter 

shows how the performances of the models were validated. 

6.2 Dataset  

The study utilized traffic sign images from German Traffic Sign Detection Benchmark 

(GTSRB) dataset. Introduced by [174] in 2012, GTSRB is an open-source dataset that has 

43 classes of traffic signs (51,840 images). The Dataset has: training set with 39,209 images 

and the testing set with 12,631 images. The dataset has a representation of real-world 

scenarios including different brightness, occlusion and different sizes, and was collected 

from different locations in Germany. The study applied this dataset in training and testing 

of LDHOG for TSR. Figure 4.1 shows a sample of images for each class. 

The dataset was selected because it has different shape, brightens, size and color 

distributions and it has been widely used in TSR research as shown by figure 6.2 below. 

The test sample was 20 percent of the dataset. The training sample was 80 percent. 
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Figure 6.2 Class distribution of GTSRB dataset 

Figure 6.3 Shape distribution for GTSRB dataset 
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Figure 6.4 Color distribution of GTSRB dataset 

6.3 Classification and regression 

TSR can be modelled as a regression of classification problem. Multiclass classification 

was performed on The GTSRB dataset targeting 43 classes. Regression is used to model 

TSR classifier with experiments on SVM, random forest and decision trees as proposed by 

[128], [129] and [135]. An image is classified into a class Id using these classifiers. for 

SVM, from experiment, the following values were selected: 

i). kernel='rbf' 

ii). C=10 

iii). gamma='scale' 

iv). class weight='balanced' 

v). probability=True   
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RBF was selected because of handling non-linearity. Traffic signs have complex 

shapes/textures that are non-separable in linear space and has outperformed polynomial 

and sigmoid kernels for vision tasks [175].  The regularization parameter C has wider 

margins (high probability of misclassification) with smaller values while larger value has 

a high probability of overfitting. 10 was selected for GTSRB task from experiment results. 

The kernel co-efficient was set to scale to allow for adaptability of feature scaling and 

avoids manual tuning pitfalls. GTSRB dataset has different number of images per class as 

shown in figure 6.2 causing class imbalance. To solve this class weight is set to balance to 

prevent biasness 

6.4 Validation and evaluation protocol 

The dataset was imbalanced with warning signs having more classes compared to 

mandatory and reservation. Therefore, stratified LD-HOG based TSR on GTSRB datasets 

is validated using the K-fold validation technique. This validation procedure divides the 

datasets into k disjoint groups of the same size at random. The training and validation 

process is then carried out in k iterations, with each iteration using a different fold of data 

for validation and the remaining k-1 for model learning. All validation mistakes are 

averaged to determine the estimated error. The value of k in this investigation was 5. After 

experimenting with various choices of k, 5 was selected as the balance between subset 

sizes, validation accuracy, and computational efficiency. Additionally, comparison of LD-

HOG, HOG and LDP was done using precision, recall and F1-Score. Precession measures 

how reliable are positive predictions. High precision means low false alarm. For TSR, 

precision should be high as possible because misclassification can lead to an accident. 

Precession is calculated using equation 6.1 
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Precision = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 
(6.1) 

    where: 

𝑇𝑃 = True Positives (correctly predicted positives) 

𝐹𝑃 = False Positives (incorrectly predicted positives) 

Recall measures how many actual positives were found. For recall, a high value implies 

that the model missed a few true instances.  Equation 6.2 shows how recall is calculated. 

Recall = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 
(6.2) 

     where: 

𝐹𝑁 = False Negatives (actual positives predicted as negatives) 

F1-Score measures the harmonic mean of precision and recall. It is the best measure for 

imbalanced dataset like GTSRB. It is used to prevent misleading high accuracy from 

imbalanced. F1-score is calculate using the equation 6.3 

𝐹1 = 2 × Precision × RecallPrecision + Recall = 2𝑇𝑃2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 

 

(6.3) 
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6.5 Experimental results and discussion  

Three experiments were performed to measure and evaluate the performance of LD-HOG 

in comparison to other handcrafted features HOG, and LDP. The experiments were done 

using three classifiers (SVM, Random Forest and Decision Trees) on GTSRB dataset.  

6.5.1 Preprocessing experimental results 

In this section Preprocessing experiments were done to determine the best methods for 

interpolation, cropping, filtering, normalization and segmentation to be used in training of 

the model on the GTSRB dataset. 

6.5.1.1 Interpolation 

The first experiment was done on image preprocessing comparing different interpolation 

methods on different aspects including sharpness, gradient power, Structural Similarity 

Index (SSIM), Time and Memory. The results of this experiment are shown in figure 6.5, 

6.6, 6.7 ,6.8 and 6.9 

 

 

 

 

Figure 6.5 Sharpness comparison of interpolation methods 
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 6.6 Similarity to Area comparison of interpolation methods 

Figure 6.7 Gradient power comparison of interpolation methods 
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Figure 6.8 Memory Usage comparison for interpolation methods 

Figure 6.9 Combined score for interpolation method 
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Notably, time was negligible on the performance of interpolation methods. LanczoS4 

interpolation method was selected as the best interpolation method for image 

preprocessing. 

6.5.1.2 Cropping 

Experiment was done to determine which was the best method to be used for cropping of 

the traffic sign images between region of interest, Aspect ratio and content-based image 

retrieval. The experiment tasted sharpness, SSIM, gradient power, retrieval accuracy and 

processing time. The results are discussed below 

Figure 6.10 Image Sharpness comparison of cropping methods  
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Figure 6.11 Image SSIM comparison of cropping methods 

 

 

 

 

 

 

 

 

Figure 6.12 Image gradient power comparison of cropping methods 
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Figure 6.13 Image retrieval Accuracy comparison for cropping methods 

 

Figure 6.14 Image normalized processing time comparison for cropping methods 
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Figure 6.15 Image combines score comparison for cropping methods 

All the three cropping methods performed well in retaining the sharpness of the image; 

however, Aspect ratio had the best score 0f 89 percent followed by CBIR at 77 percent. 

ROI had 72 percent as shown in figure 6.13. Structural Similarity index compares images 

based on luminance, contrast and structure. In this category, Aspect ratio had 88 percent, 

CBIR had 86 percent and ROI had 81 percent. Another indicator measured was gradient 

power that shows how edges and directional features are retained. Aspect ratio had 91 

percent, CBIR had 79 percent and ROI has 69 percent. For image retrieval, CBIR had 91 

percent, Aspect ratio had 85 percent and ROI had 73 percent. Finally, for normalized 

processing time, Aspect ratio had 92 percent, CBIR had 84 percent and ROI had 80 percent. 

Therefore, the combined score for the three-cropping method is Aspect ratio 89 percent 

followed by CBIR at 83.4 percent and ROI had 75 percent. Aspect ratio cropping method 

was selected because it out performed the other cropping method when subjected to 

GTSRB dataset. 
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6.5.1.3 Image filtering 

Experiments were done on the GTSRB dataset to measure sharpness, SSIM, gradient 

power, denoising quality and processing time for linear, nonlinear and frequency domain 

filtering methods. The results are summarized by graphs and table. 

 

Figure 6.16 Sharpness comparison of Image filters 
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Figure 6.17 SSIM Score comparison of image filters 

 

 

Figure 6.18 Gradient power comparison of Image filters 
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Figure 6.19 Denoising quality comparison of image filters 

 

Figure 6.20 Normalized processing time comparison of image filters 
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Figure 6.21 Combined score for image filters 

Figure 6.16 to 6.21 summaries the performance of image filters techniques on different 

indicators. The study noted that 

a) Frequency domain filtering yields the sharpest results while linear methods were 

the least sharp. Nonlinear had a decent balance score. 

b) Frequency domain filtering preserves structural similarity. This suggests high 

quality of image after filtering 

c) Frequency domain exceled in gradient power experiment 

d) Frequency Domain outperformed the other filtering methods in removing noise 

without degrading the image. Nonetheless non-linear filters performed well here as 

well 
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e) Linear filtering outperformed the other filters in the processing time. Frequency 

domain was slower but performed relatively well 

Considering all scores frequency domain filtering was selected to develop the model. 

6.5.1.4 Image normalization 

Image normalization techniques Histogram Equalization, Contrast Stretching and Spatial 

Normalization were tasted on sharpness, SSIM, gradient power, uniformity and processing 

time figure 6.22 summaries the findings of the experiments. 

 

Figure 6.22 Sharpness comparison of normalization techniques 
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Figure 6.23 SSIM comparison of normalization methods 

 

Figure 6.24 Gradient comparison of normalization methods 
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Figure 6.25 Uniformity comparison of Normalization methods 

 

Figure 6.26 Processing time comparison of normalization method 
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Figure 6.27 Combines score comparison for normalization methods 

Figure 6.22 to figure 6.27 shows that Histogram equalization performed well in image 

sharpness at 85 percent followed by contrast stretching at 75 percent. Spatial normalization 

had 65 percent. Additionally, histogram equalization had 95 percent, contrast stretching 

had 85 percent and spatial normalization had 80 percent in structural similarity. Histogram 

equalization was the most effective at 88 percent followed by contrast stretching at 85 

percent and spatial normalization was at 80 percent on gradient power retention. Another 

important indicator for image recognition is uniformity. In this category, histogram 

equalization had 92 percent, followed by contrast stretching at 80 percent. Spatial 

normalization had 78 percent. Finally, spatial normalization was the fastest followed by 

contrast stretching. Histogram was the slowest of the three. The study came up with the 

combined score of the three that was used to select the best normalization method to be 

used in model development. Histogram equalization had around 86 percent followed by 
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contrast stretching at around 83 percent. Spatial normalization had 79 percent. Therefore, 

histogram equalization was selected as normalization method.  

6.5.1.6 Image Segmentation 

Experiments were done to compare region-based approach and edge-based approach on 

accuracy, SSIM, Boundary precision and processing time. Table 6.1 summaries the 

findings of the experiment.  

Table 6.1 comparison of image segmentation techniques 

Indicator Region based approach Edge based approach 

Accuracy  53.7 46.3 

SSIM 54.5 45.3 

Boundary Precision  48.0 52.0 

Processing time 44.8 55.2 

Combine score 51.5 48.5 

 

From table 6.1, region-based edges out as the better all-rounder with a slightly higher 

overall score. Therefore, region-based approach was selected. 

6.5.2 Model training and testing 

Three models were created using three classifiers; support vector machine, random forest 

and decision trees. These three classifies were selected from the findings of section 2.6.  
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6.5.2.1 Model training 

Before training the model, first the datasets images were loaded. This was done using two 

python libraries, OS and CV2. The images were loaded as grayscale and were loaded per 

the 43 classes. Appendix 1 shows the code.  

The output is an array that is passed to three functions; the original HOG feature extractor, 

LDP feature extractor that applies Kirsch mask and the designed LD-HOG that implements 

HOG and the additional diagonals as per equation 5.17 developed. Appendix 2.3 and 2.4” 

show these three functions used in developing the model. The next stage was to split the 

dataset to 80 -20 percent training dataset. This process will help us in testing precision, 

recall and f -1 values for the model as it always good to test the model on the images it has 

not been exposed to. The 80 percent was used to train the model while the 20 percent was 

used to measure the performance of the model. After splitting the inputs for section 6.5.1 

preprocessing were passed to the algorithm for training the model. Appendix 5 – 7 show 

the algorithm and python code used to create the models 

6.5.2.2 Model testing 

Section 6.4 discussed on how the model was tested and evaluated. After training the models 

were subjected to the 20 percent images that were not part of the training with the aim of 

testing the performance of the model using precision, recall and F1 -score. Table 6.2, 6.3, 

6.4 summaries the findings of the testing experiment.  
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Table 6.2 Comparison of LD-HOG, HOG and LDP feature extractors on the GTSRB 

dataset using SVM classifier 

Extractor Precision Recall F1-score 

LD-HOG 99 99 99 

HOG 96 95 95 

LDP 93 92 91 

 

 

Figure 6.28 Performance of LD-HOG, HOG and LDP using SVM classifier 

Table 6.2 shows that LD-HOG feature extractor outperformed the other two extractors in 

all the three categories; precision, recall and F1-score. LD- HOG had 99 percent in all the 

three categories. The original HOG performed well with 96, 95 and 95 while LDP had 

93,92 and 91 for precision, recall and F1 -score respectively. 
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Table 6.3 Comparison of LD-HOG, HOG and LDP feature extractors on the GTSRB 

dataset using Random Forest classifier 

Extractor Precision Recall F1-score 

LD-HOG 95 95 95 

HOG 91 89 90 

LDP 87 88 88 

 

 

Figure 6.29 Performance of LD-HOG, HOG and LDP using Random Forest classifier 

Despite being faster that SVM in training of the model, random forest results for precision, 

recall and FE-score were lower. Nonetheless, LD-HOG outperformed LDP and HOG with 

95,95 and 95 for precision, recall and F1-score.  HOG had 91, 89 and 90 while LDP had 

87,88 and 88 for the same categories respectively. 
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Table 6.4 Comparison of LD-HOG, HOG and LDP feature extractors on the GTSRB 

dataset using Decision Tree classifier 

Extractor Precision Recall F1-score 

LD-HOG 76 76 76 

HOG 65 64 64 

LDP 61 62 62 

 

 

Figure 6.30 Performance of LD-HOG, HOG and LDP using Decision tree classifier 

The last classifier was the lowest among the three classifiers. Decision tree had the same 

pattern as the other two with LD-HOG performing better than the other two. LD-HOG had 

76,76 and 76 while HOG had 65,64 and 64 for precision, recall and F1 score. LDP had 61, 

62 and 62 percent for the same categories. 
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Table 6.5 Average Comparison of LD-HOG, HOG and LDP feature extractors on the 

GTSRB dataset using the three classifiers 

Extractor Precision Recall F1-score 

LD-HOG 90 90 90 

HOG 84 82 83 

LDP 80 81 80 

 

 

Figure6.31: Average Performance of LD-HOG, HOG and LDP using the three 

classifiers 

Therefore, on average, LD-HOG outperformed the other two on all the three classifiers. 

HOG was second and LDP third as shown in table 6.5. Appendix shows the code and 

algorithm used for model testing.  
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Figure 6.32 show random screenshots from the integrated development environment for 

the model testing. 

Figure 6.32 Random screenshots of raw testing results 
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6.5.3 Model Validation 

Table 6.6 show how stratified K-Fold validation results of LD-HOG using the three 

classifies SVM outperformed RF and DT.  

Table 6.6: Stratified K-Fold Cross-Validation Results for LD-HOG Features 

Classifier 
Fold 

1 

Fold 

2 

Fold 

3 

Fold 

4 

Fold 

5 

Average 

Score 

Standard 

Deviation (σ) 
SVM 98.5 98.6 98.9 98.8 99.0 98.8 0.18 

Random Forest 

(RF) 
94.5 94.8 94.9 94.7 95.2 94.8 0.25 

Decision Tree 

(DT) 
76.3 76.3 76.4 76.7 76.7 76.5 0.17 

 

 Table 6.6 shows how the F1-scores performed for a 5-fold stratified cross-validation on 

three classifiers (SVM, RF, and DT) trained using LD-HOG features. Notably, SVM 

achieved the highest F1-score 98.8 with minimal variance 0f 0.18 showing it had high 

precision and stability across the folds.  Random forest had an average score of 94.8 percent 

while decision tree had 76.5 percent. All the three classifiers had a low standard deviation 

across the folds suggesting consistent model performance.  

The study further validated the model by considering the confusion matrix. Figure 6.33 

shows the confusion matrix for the models of the study. 
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Figure 6.33 shows the confusion matrix for LD-HOG and SVM 

Figure 6.33 shows the confusion matrix obtained using the LD-HOG features with SVM 

classification. The matrix confirms that the model achieves high accuracy across all 43 

classes, with most predictions falling along the diagonal. Some misclassifications occur 

between similar-looking classes, which is expected in real-world datasets. The confusion 

matrix supports the earlier precision, recall and F1-score-based evaluation, validating the 

effectiveness of the LD-HOG descriptor in multi-class image classification. Figure 6.34 

and 6.35 validates the precision, recall and F1-score for LD-HOG features being classified 

with random forest and decision tree. 
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Figure 6.34 shows the confusion matrix for LD-HOG and Random Forest 
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Figure 6.35 shows the confusion matrix for LD-HOG and Decision Tree 
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CHAPTER SEVEN 

SUMMARY, CONCLUSION AND RECOMMENDATION 

This chapter presents the objectives and achievements of the study. The chapter starts by 

systematically reviewing the research objectives and how the study addresses each 

objective. The chapter ends gives a conclusion, the contribution of the study, and 

recommendations for future work.  

7.1 Summary of the study 

The study was anchored on three theories, feature analysis that had two phases for image 

classification, pattern recognition theory that introduced a third phase of preprocessing to 

the feature analysis theory and the machine learning theory that guided the training of the 

machine learning model. These three phases; preprocessing, feature extraction and 

classification were simulated and experimented on with the aim of developing an enhanced 

machine learning model for traffic sign recognition.  Guided by three objectives; analyze 

literature view on traffic sign recognition, design a robust feature extractor for traffic sign 

recognition and develop a machine learning model for traffic sign recognition, this section 

discusses the key finding of these objectives.  

7.1.2 Analysis of literature review on traffic sign recognition  

The section summaries the findings of objective one 

7.1.2.1 Image Preprocessing analysis 

According to patten recognition theory, the first stage is image preprocessing. Outlining 

their strength, weakness and computational cost in terms of big notation, the study 

evaluated six image preprocessing techniques namely; interpolation, cropping, color 
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conversion, normalization filtering and segmentation.  Experiments were performed on 

five of these techniques (interpolation, cropping, filtering, normalization and segmentation 

with the intent of choosing the best inputs for model training. Color conversation was not 

experimented on because the study applied gray scale images. These techniques were 

assessed in the context of traffic sign recognition specifically on the GTSRB dataset 

Five commonly used interpolation methods (bilinear, nearest neighbor, bicubic, Lanczos 

resampling, and content-aware scaling) were compared and analyzed for their strength and 

weakness as shown in table 4.1. The following points were noted from literature review 

i). Bilinear and nearest neighbor had the lowest time complexity of O(n), making 

them the most efficient.  

ii). Bilinear and nearest neighbor performed poorly in maintaining sharp edges, with 

bilinear being the worst.  

iii). Content-aware scaling, though computationally intensive, preserved edge quality 

best.  

The study emphasized the trade-off between computational efficiency and image detail 

preservation, suggesting content-aware scaling due to the nature and need of getting right 

the task of traffic sign recognition. This choice was supported by experiments  

The study considered and analyzed three cropping techniques (aspect ratio adjustment, 

region of interest (ROI) (O(n)), and content-based image retrieval (CBIR)). The following 

were the main findings from literature review on cropping techniques: 

i). Aspect ratio adjustment was the efficient in terms of time complexity with a 

constant time big O notation i.e. O (1) while ROI and CBIR had linear time of O(n). 
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ii). Aspect ratio was prone to distortion 

iii). ROI balanced efficiency using moderate resources while CBIR required a lot of 

resources.  

iv). CBIR was the most accurate in preserving image features followed by ROI then 

Aspect ratio 

Due to the nature of TSR and experiment results, CBIR was selected for model 

development 

Conversion of the traffic sign image color scheme was important as well. Conversion to 

HSV and Lab was faster and preserved color detail.  HSV was computationally cheaper in 

terms of average time complexity with a constant time 0(1) while grayscale conversion had 

O(n) time complexity, Nonetheless, gray scale discarded color information which played 

an important role of reducing workload during training of the model. Finally, the Y’CbCr 

scheme preserved grayscale details within the Y’ channel. However, it was 

computationally intensive and requires a lot of resources. The choice of color space 

depended on task requirements and computational limits. The study converted images to 

gray scale because the texture of the image was enough for training a good model and 

helped in reducing the resource required.  

Four image filtering (deep learning, frequency domain linear and nonlinear) methods were 

considered and analyzed. Despite being computationally expensive with a big O of O(n3), 

deep learning-based filters offered the most adaptive performance. Deep learning also 

required an annotated dataset.  On the other hand, frequency domain filtering strongest 

attribute was the sharpening and blurring of traffic sign image. Nonetheless, frequency 

domain required more processing caused by increased overhead. Notably, nonlinear filters 
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had the ability of introducing artifacts but were in a better position to handle complex noise 

as compared to linear filters. Also, linear filters were the fastest and required minimal 

resources, The study experiment on three of these filters (frequency domain, linear and 

nonlinear filters). From experimental results frequency domain was selected due to its 

combined score.  

The next image preprocessing technique to be analyzed is normalization. Normalization 

techniques that were analyzed are spatial normalization, contrast stretching, histogram 

equalization, and deep learning-based approaches. Notably, Spatial normalization 

corrected image distortion but required a high computational power with a time complexity 

of (O(n)). Among the normalization contrast stretching with a big O notation of (O(n)) was 

efficient and had been widely used in different applications and task. Histogram 

equalization had the ability of enhancing detail in both bright and dark areas. Similar to 

filtering, deep learning-based methods offered adaptive performance at the cost of 

annotated training data and computational resources. Notably histogram was selected for 

model development due to its combined score from experiments on GTSRB dataset.  

Three image segmentation methods (region-based, edge-based and deep learning) were 

reviewed and analyzed. Image segmentation methods were categorized into region-based, 

edge-based, and deep learning. Notably, region-based and edge-based approaches had the 

same O(n²) complexity. The study noted that region-based methods worked well in areas 

with balanced features and performed well on images with noise. Task that required sharp 

edges recognition preferred edge-based methods. Edge-based methods were ideal for clear 

boundary detection. Deep learning approaches were adaptable and capable of learning 

complex patterns but required significant computational resources and annotated images. 
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7.1.2.2 Feature extraction techniques literature review 

The study reviewed and analyzed literature for six feature extractors namely Local Binary 

Patterns (LBP), Bag of Words (BoW), Histogram of Oriented Gradients (HOG), SIFT, 

Gabor filters and Local Directional Pattern (LDP). The study noted the following 

i). LBP and BoW required the minimal resources among the six with a time 

complexity of O(n) and were computationally efficient.  

ii). HOG captured texture and shape but struggled in cluttered backgrounds.  

iii). SIFT was robust but computationally intensive. It required more computational 

power 

iv). Gabor filters were effective for edge detection but required tuning which meant 

additional computational power 

v). LDP was robust but captured pixels for only four images and avoids the other four 

neighbors. LDP was computationally efficient. 

HOG was selected because of its ability to capture texture well which was an important 

concept for the TSR task. LDP was robust an important attribute for a good TSR model. 

Additionally, computation of four neighbors was already done and required the remaining 

four neighbors for LD-HOG 

7.1.2.3 Activation Functions and Optimization: 

Another important part that was analyzed was the activation functions. ReLU, sigmoid, 

tanh, and SoftMax functions were reviewed. Except for SoftMax (O(n)), others had O (1) 

complexity. ReLU performed well in deep networks, sigmoid worked for binary 
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classification, and SoftMax for multi-class tasks. Optimization techniques like batch and 

stochastic gradient descent (O(n)) were compared. Stochastic methods showed better 

convergence for large datasets, while batch methods suited small datasets but required 

more resources. 

Therefore, TSR being a multi-class problem with 43 classes, SoftMax was selected as the 

activation function. Nonetheless, with over 50,000 images in the GTSRB, stochastic 

gradient descent over batch gradient descent.  

7.1.2.4 Convolution Neural Network Models 

The study evaluated the following models AlexNet, VGGNet, ResNet, GoogleNet, Faster 

R-CNN, SegNet, and MobileNet. The following are the findings of the review  

i). Most had O(n) complexity except VGGNet (O(n²)). AlexNet and VGGNet were 

computationally heavy.  

ii). ResNet solved vanishing gradient issues through skip connections.  

iii). GoogleNet introduced inception modules for efficient computation.  

iv). SegNet, designed for semantic segmentation, required annotated data and was 

input-sensitive.  

v). MobileNet offered lightweight efficiency, suitable for mobile devices, though with 

a trade-off in accuracy. 

In conclusion, the simulation involved analyzing various methods to identify those that 

balanced computational efficiency, scalability, and task relevance, often requiring a 

combination of techniques to achieve optimal performance. 
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7.1.3 LD-HOG Feature Extractor 

Two feature extraction methods Local Directional Pattern (LDP) and Histogram of 

Oriented Gradient (HOG) are introduced in this chapter. The two formed the basis for 

development of an improved descriptor called Local Directional Histogram of Oriented 

Gradient (LD-HOG). Notably, LD-HOG enhances feature extraction through gradient 

encoding by incorporating additional two directional responses, therefore, improving the 

performance and robustness in texture and shape representation. 

7.1.3.1 Local Binary Patterns (LBP) 

LBP is a texture descriptor that identifies micro-structures (edges, corners, spots) by 

comparing pixel intensities in a 3×3 neighborhood. Each pixel threshold is compared 

against its center, generating an 8-bit binary code converted to decimal. A histogram of 

these values represents texture patterns. Notably, LBP had the following limitation 

i). Sensitive to noise and illumination changes. 

ii). Fails to preserve spatial information in larger regions. 

iii). Extended LBP variants improve feature encoding but still lack robustness. 

7.1.3.2 Local Directional Pattern (LDP) 

LDP improves upon LBP by using Kirsch edge detectors to compute 8-directional 

gradients instead of raw pixel intensities. For each 3×3 region. Figure 5.8 shows how the 

8 Kirsch mask are applied to get the directional response. A value for k is selected and the 

pixels are compared to this value. E.g. k =3 will let bits to 1, otherwise 0. This process 

repeats across the image and the final output is a binary code that is converted to decimal 
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to represent the image or part of the image. Notably, LDP performed better that LBP and 

had the following advantages.  

i). LDP had the ability to remain the same when exposed to noise and illumination as 

illustrated by figure 5.2  

ii). LDP maintained pixels for forming the boundaries in an image therefor capturing 

edges well  

Nonetheless, LDP had the following limitation: 

i). LDP didn’t store non-top responses leading to loss of potentially useful data.  

ii). LDP had the ability to over-represent responses of orientations mainly edges 

7.1.3.3 Histogram of Oriented Gradients  

The other feature extractor that was used as a basis for LD-HOG was Histogram od 

orientated gradient. Notably, HOG is important because it computes gradient magnitude 

and orientation in localized regions. HOG applies 1D derivative masks [-1, 0, +1] to 

calculate the horizontal and vertical gradients. The two gradients are used to calculate the 

magnitude and orientation using equation 5.17. Finally, the bin gradients create a 9- bin 

histogram between 0ο and 180ο separates at 20ο for each 8 by 8 cell. The study noted the 

following limitation of the HOG feature extractor. 

i). HOG worked on the vertical and horizontal gradients and ignored the diagonal 

structures.  

ii). HOG performed well on high-dimensional feature vectors but struggled with low 

dimensional features.  

iii). HOG didn’t consider the direction of the gradient.  
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7.1.3.4 Local Directional Histogram of Oriented Gradient   

Based on HOG, LD-HOG extends HOG by introducing additional four directional 

gradients (0°, 45°, 90°, 135°) and rotating the HOG 1D mask filters. In LD-HOG, four 

gradients are calculated Horizontal (gₓ), vertical (gᵧ), left-diagonal (gₗₑ), right-diagonal (gᵣₑ). 

The horizontal and vertical are combined and the diagonals also combined to form two 

magnitude and two orientations (gₓᵧ, θₓᵧ (from gₓ and gᵧ) and gₗᵣ, θₗᵣ (from gₗₑ and gᵣₑ)). These 

two magnitude and orientation are used to create two histograms that are fused together via 

max-pooling that selects the dominant orientation per bin. Normalization is done using L2-

Norm with the aim of reducing dimensionality. From the study, the following are the 

advantages of LD-HOG  

i). LD-HOG captures diagonal structures that are left out by HOG. 

ii). LD-HOG is more discriminative for texture and shape than HOG and LDP. 

iii). LD-HOG Outperforms HOG and LDP in traffic sign recognition tested on GTSRB 

dataset. 

7.1.4 Machine learning model for traffic sign recognition summary 

This section covers summary on the dataset, classification and regression, experimental 

results and validation.  

7.1.4.1 Germany Traffic Sign Recognition Benchmark dataset 

The study employed the German Traffic Sign Detection Benchmark (GTSRB), a widely 

recognized open-source dataset introduced in 2012 for traffic sign recognition (TSR) 

research. The dataset comprises 51,840 images spanning 43 distinct traffic sign classes, 

divided into: 
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i). Training set: 39,209 images 

ii). Testing set: 12,631 images 

GTSRB captures real-world driving conditions, including variations in brightness, 

occlusions, sizes and geographical diversity as shown in figure 6.1. The following was 

noted from the dataset: 

i). Imbalanced representation that was addressed via stratified sampling to prevent 

classifier bias. 

ii). The images were divided into Circular (prohibitory), triangular (warning), 

rectangular (informational). 

iii). The dominant colors were red (prohibitory), blue (mandatory), yellow (temporary 

hazards) 

7.1.4.2 Classification and Regression 

TSR was a multiclass classification problem (43 classes). Three classifiers were evaluated: 

Support Vector Machine (SVM) with the following inputs  

i). Kernel: Radial Basis Function (RBF) for handling non-linear features. 

ii). Hyperparameters: 

▪ C=10 (regularization: balances margin width and overfitting). 

▪ gamma='scale' (auto-adjusts kernel coefficient). 

▪ class weight='balanced' (mitigates class imbalance). 

Random Forest (RF) that is an ensemble method that is robust to noise while decision Trees 

(DT) that is simpler, but prone to overfitting. 
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7.1.4.3 Experimental Results 

The following are the summaries of the results from experiments carried out to create the 

model: 

i). Lanczos4 selected for best sharpness, gradient retention, and SSIM (Figures 6.5–

6.9). 

ii). Aspect Ratio Cropping (89% score) outperformed Content-Based (CBIR) and 

Region-of-Interest (ROI) methods in edge preservation and processing time 

(Figures 6.10–6.15). 

iii). Frequency Domain Filters excelled in denoising and gradient retention but were 

slower than linear methods (Figures 6.16–6.21). 

iv). Histogram Equalization (86% score) enhanced contrast and uniformity (Figures 

6.22–6.27). 

v). Region-Based Methods (51.5% score) edged out edge-based approaches in 

accuracy and SSIM (Table 6.1). 

vi). SVM and LD-HOG: Achieved 99% precision, recall, F1-score (Table 6.2, Figure 

6.28). 

vii). Random Forest and LD-HOG achieved 95% F1-score (Table 6.3). 

viii). Decision Trees and LD-HOG had 76% F1-score (Table 6.4). 

Notably, LD-HOG consistently outperformed HOG and LDP across all classifiers (Table 

6.5, Figure 6.31). 
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7.1.4.4 Model Validation 

In order to validate and generalize the performance (precision, recall and F1-score) of the 

models developed using LD-HOG Stratified K-Fold validation was performed.  With 5 

folds, the results of the validation experiment are summarized in table 6.6.  Notably, the 

following are the summary of validation results: 

i). SVM had an average of 98.8% for F1-score and a standard deviation of (σ=0.18). 

ii). Random Forest had an average of 94.8% for FI=score with a standard deviation 

of (σ=0.25). 

iii). Decision Trees achieved an F1-score of 76.5% and a standard deviation 

of (σ=0.17). 

Additionally, the confusion matrix was analyzed for the three models in order to validate 

the results. The following was noted from this analysis 

i). SVM’s high diagonal values confirm minimal misclassifications. 

ii). Rare misclassifications occurred between visually similar signs for example 30 

km/h speed limit was easily mis classified with 50 km/h speed limits. 

iii). Confusion matrix for random forest and decision tree confirmed the performance 

parameter scores for precision, recall and F1-score. 

7.2 Conclusion 

GTSRB’s real-world complexity validated LD-HOG’s superiority over HOG and LDP, 

particularly with SVM. Preprocessing choices Lanczos4, aspect ratio cropping, histogram 

equalization further enhanced performance. The 99% F1-score demonstrates LD-HOG’s 

robustness for TSR in variable conditions. 
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7.3 Recommendation for further studies 

The study recommends the following study areas: 

i). Extend testing to datasets with more extreme occlusions 

ii). Similar study based on space complexity 

iii). Similar study based on Big Omega and Big Theta 

iv). Image classification using same approach for different images 
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APPENDICES 

Appendix 1: Loading training images algorithm  

def load_images_from_folder(folder, label, img_size=(64, 128)): 

    data = [] 

    labels = [] 

    for filename in os.listdir(folder): 

        img_path = os.path.join(folder, filename) 

        image = cv2.imread(img_path, cv2.IMREAD_GRAYSCALE) 

        if image is not None: 

            image = cv2.resize(image, img_size) 

            data.append(image) 

            labels.append(label) 

    return data, labels 

 

# Load data 

print("Loading images...") 

folders = [ 

    (r'gtbm\Train\0', 0),   

    (r'gtbm\Train\1', 1),   

    (r'gtbm\Train\2', 2),   

    (r'gtbm\Train\3', 3),   

    (r'gtbm\Train\4', 4),   

    (r'gtbm\Train\5', 5),   

    (r'gtbm\Train\6', 6),   

    (r'gtbm\Train\7', 7),   

    (r'gtbm\Train\8', 8),  

    (r'gtbm\Train\9', 9), 

    (r'gtbm\Train\10', 10),  

    (r'gtbm\Train\11', 11), 

    (r'gtbm\Train\12', 12),    

    (r'gtbm\Train\13', 13),    

    (r'gtbm\Train\14', 14),    

    (r'gtbm\Train\15', 15),    

    (r'gtbm\Train\16', 16),    

    (r'gtbm\Train\17', 17),    

    (r'gtbm\Train\18', 18),    

    (r'gtbm\Train\19', 19),    

    (r'gtbm\Train\20', 20),    

    (r'gtbm\Train\21', 21),    

    (r'gtbm\Train\22', 22),    

    (r'gtbm\Train\23', 23),    

    (r'gtbm\Train\24', 24),    
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    (r'gtbm\Train\25', 25),    

    (r'gtbm\Train\26', 26),    

    (r'gtbm\Train\27', 27),    

    (r'gtbm\Train\28', 28),    

    (r'gtbm\Train\29', 29),    

    (r'gtbm\Train\30', 30),    

    (r'gtbm\Train\31', 31),    

    (r'gtbm\Train\32', 32),    

    (r'gtbm\Train\33', 33),    

    (r'gtbm\Train\34', 34),    

    (r'gtbm\Train\35', 35),    

    (r'gtbm\Train\36', 36),    

    (r'gtbm\Train\37', 37),    

    (r'gtbm\Train\38', 38),    

    (r'gtbm\Train\39', 39),    

    (r'gtbm\Train\40', 40),    

    (r'gtbm\Train\41', 41),    

    (r'gtbm\Train\42', 42)    

 

] 

 

images = [] 

labels = [] 

for folder, label in folders: 

    imgs, lbls = load_images_from_folder(folder, label) 

    images.extend(imgs) 

    labels.extend(lbls) 
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Appendix 2: HOG feature extractor Algorithm   

def extract_hog_features(images): 

    hog_features = [] 

    for image in images: 

        features = hog(image, orientations=9, pixels_per_cell=(8, 8), 

                       cells_per_block=(2, 2), block_norm='L2-Hys') 

        hog_features.append(features) 

    return hog_features 

 

features = extract_hog_features(images) 
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Appendix 3: LDP feature extractor  

import cv2 

import numpy as np 

 

# Define Kirsch masks globally 

kirsch_masks = [ 

    np.array([[ 5,  5,  5], [-3,  0, -3], [-3, -3, -3]]),  # N 

    np.array([[ 5,  5, -3], [ 5,  0, -3], [-3, -3, -3]]),  # NE 

    np.array([[ 5, -3, -3], [ 5,  0, -3], [ 5, -3, -3]]),  # E 

    np.array([[-3, -3, -3], [ 5,  0, -3], [ 5,  5, -3]]),  # SE 

    np.array([[-3, -3, -3], [-3,  0, -3], [ 5,  5,  5]]),  # S 

    np.array([[-3, -3, -3], [-3,  0,  5], [-3,  5,  5]]),  # SW 

    np.array([[-3, -3,  5], [-3,  0,  5], [-3, -3,  5]]),  # W 

    np.array([[-3,  5,  5], [-3,  0,  5], [-3, -3, -3]])   # NW 

] 

 

def compute_ldp(image, top_k=3): 

    h, w = image.shape 

    responses = np.zeros((8, h, w), dtype=np.int16) 

 

    # Apply Kirsch filters 

    for i, mask in enumerate(kirsch_masks): 

        responses[i] = cv2.filter2D(image, cv2.CV_16S, mask) 

 

    # Build LDP pattern 

    ldp = np.zeros((h, w), dtype=np.uint8) 

    for y in range(1, h-1): 

        for x in range(1, w-1): 

            edge_vals = responses[:, y, x] 

            top_indices = np.argsort(edge_vals)[-top_k:] 

            code = sum((1 << i) for i in top_indices) 

            ldp[y, x] = code 

 

    return ldp 

 

def extract_ldp_features(images, top_k=3, num_bins=256): 

     

    ldp_features = [] 

     

    for image in images: 

        ldp_map = compute_ldp(image, top_k=top_k) 

 

        # Flatten and build normalized histogram of LDP codes 
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        hist, _ = np.histogram(ldp_map.ravel(), bins=num_bins, range=(0, 

num_bins)) 

        hist = hist.astype(np.float32) 

        hist /= (hist.sum() + 1e-6)  # Normalize 

        ldp_features.append(hist) 

     

    return np.array(ldp_features) 

print("Extracting LDP features...") 

ldp_features = extract_ldp_features(images) 
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Appendix 4: Designed LD-HOG feature extractor  

def extract_ld_hog(images, orientations=9, pixels_per_cell=(8, 8),  

                  cells_per_block=(2, 2), dominance_radius=3): 

    """Enhanced Local Dominant HOG feature extraction""" 

    hog_features = [] 

    for image in images: 

        # Gradient computation 

        gx = cv2.Sobel(image, cv2.CV_64F, 1, 0, ksize=3) 

        gy = cv2.Sobel(image, cv2.CV_64F, 0, 1, ksize=3) 

        mag = np.sqrt(gx**2 + gy**2) 

        ang = np.rad2deg(np.arctan2(gy, gx)) % 180 

         

        # Local dominance enhancement 

        dominant_mag = maximum_filter(mag, size=dominance_radius) 

        mag[mag < 0.3*dominant_mag] = 0  # Suppress weak gradients 

         

        # Extract HOG with dominant gradients 

        features = hog(mag, orientations=orientations, 

                      pixels_per_cell=pixels_per_cell, 

                      cells_per_block=cells_per_block, 

                      block_norm='L2-Hys') 

        hog_features.append(features) 

    return np.array(hog_features) 

 

# 2. Feature Extraction 

print("Extracting LD-HOG features...") 

ldfeatures = extract_ld_hog(images) 
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Appendix 5 Support Vector Machine Model for HOG, LD-HOG and LDP  

i). Original HOG 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(features, labels, 

test_size=0.2, random_state=42) 

 

# Train SVM 

svm1 = SVC( 

    kernel='rbf', 

    C=10, 

    gamma='scale', 

    class_weight='balanced', 

    probability=True 

) 

svm1.fit(X_train, y_train) 

 

ii). LDP 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(ldfeatures, labels, 

test_size=0.2, random_state=42) 

 

# Train SVM 

ldsvm = SVC( 

    kernel='rbf', 

    C=10, 

    gamma='scale', 

    class_weight='balanced', 

    probability=True 

) 

ldsvm.fit(X_train, y_train) 

 

 

 

 



214 

 

iii). LD-HOG 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(ldpfeatures, labels, 

test_size=0.2, random_state=42) 

 

# Train SVM 

ldpsvm = SVC( 

    kernel='rbf', 

    C=10, 

    gamma='scale', 

    class_weight='balanced', 

    probability=True 

) 

ldpsvm.fit(X_train, y_train) 
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Appendix 6 Random Forest model for HOG, LDP and LD-HOG 

i). HOG 

from sklearn.model_selection import train_test_split 

from sklearn.ensemble import RandomForestClassifier 

 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(features, labels, 

test_size=0.2, random_state=42) 

 

# Train Random Forest 

rf = RandomForestClassifier( 

    n_estimators=100,         # Number of trees 

    max_depth=None,           # Can be set to limit tree depth 

    class_weight='balanced',  # Handles imbalanced classes 

    random_state=42 

) 

rf.fit(X_train, y_train) 

 

ii). LDP 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(ldfeatures, labels, 

test_size=0.2, random_state=42) 

 

# Train Random Forest 

ldrf = RandomForestClassifier( 

    n_estimators=100,         # Number of trees 

    max_depth=None,           # Can be set to limit tree depth 

    class_weight='balanced',  # Handles imbalanced classes 

    random_state=42 

) 

ldrf.fit(X_train, y_train) 

 

 

 



216 

 

iii). LD-HOG 

X_train, X_test, y_train, y_test = train_test_split(ldpfeatures, 

labels, test_size=0.2, random_state=42) 

 

# Train Random Forest 

ldprf = RandomForestClassifier( 

    n_estimators=100,         # Number of trees 

    max_depth=None,           # Can be set to limit tree depth 

    class_weight='balanced',  # Handles imbalanced classes 

    random_state=42 

) 

ldprf.fit(X_train, y_train) 
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Appendix 7: Decision tree model for HOG, LDP LD-HOG 

i). HOG 

from sklearn.model_selection import train_test_split 

from sklearn.tree import DecisionTreeClassifier 

 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(features, labels, 

test_size=0.2, random_state=42) 

 

# Train Decision Tree 

dt = DecisionTreeClassifier( 

    max_depth=None,           # You can set this to limit overfitting 

    class_weight='balanced',  # Handles imbalanced classes 

    random_state=42 

) 

dt.fit(X_train, y_train) 

 

ii). LDP 

from sklearn.model_selection import train_test_split 

from sklearn.tree import DecisionTreeClassifier 

 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(ldfeatures, labels, 

test_size=0.2, random_state=42) 

 

# Train Decision Tree 

lddt = DecisionTreeClassifier( 

    max_depth=None,           # You can set this to limit overfitting 

    class_weight='balanced',  # Handles imbalanced classes 

    random_state=42 

) 

lddt.fit(X_train, y_train) 
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iii). LD-HOG 

from sklearn.model_selection import train_test_split 

from sklearn.tree import DecisionTreeClassifier 

 

# Split dataset 

X_train, X_test, y_train, y_test = train_test_split(ldp_features, 

labels, test_size=0.2, random_state=42) 

 

# Train Decision Tree 

ldpdt = DecisionTreeClassifier( 

    max_depth=None,           # You can set this to limit overfitting 

    class_weight='balanced',  # Handles imbalanced classes 

    random_state=42 

) 

ldpdt.fit(X_train, y_train) 
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Appendix 8 Model testing for SVM, Random Forest and Decision tree 

i). SVM 

y_pred = ldpsvm.predict(X_test) 

print("\nClassification Report:") 

print(classification_report(y_test, y_pred)) 

 

# Confusion Matrix 

plt.figure(figsize=(10,8)) 

cm = confusion_matrix(y_test, y_pred) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues') 

plt.title('Confusion Matrix') 

plt.xlabel('Predicted') 

plt.ylabel('True') 

plt.savefig('confusion_matrix ldpsvm.png', dpi=300) 

plt.close() 

 

# 6. Save Model 

joblib.dump(ldpsvm, 'traffic_sign_ldpsvm_hog.pkl') 

print("\nModel saved to traffic_sign_ldpsvm_hog.pkl") 

 

ii). Random Forest 

y_pred = ldprf.predict(X_test) 

print("\nClassification Report:") 

print(classification_report(y_test, y_pred)) 

 

# Confusion Matrix 

plt.figure(figsize=(10,8)) 

cm = confusion_matrix(y_test, y_pred) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues') 

plt.title('Confusion Matrix') 

plt.xlabel('Predicted') 

plt.ylabel('True') 

plt.savefig('confusion_matrix ldprf.png', dpi=300) 

plt.close() 

 

# 6. Save Model 

joblib.dump(ldprf, 'traffic_sign_ldprf_hog.pkl') 

iii). print("\nModel saved to traffic_sign_ldprf_hog.pkl") 
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iv). Decision Tree 

y_pred = lddt.predict(X_test) 

print("\nClassification Report:") 

print(classification_report(y_test, y_pred)) 

 

# Confusion Matrix 

plt.figure(figsize=(10,8)) 

cm = confusion_matrix(y_test, y_pred) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues') 

plt.title('Confusion Matrix') 

plt.xlabel('Predicted') 

plt.ylabel('True') 

plt.savefig('confusion_matrix lddt.png', dpi=300) 

plt.close() 

 

# 6. Save Model 

joblib.dump(lddt, 'traffic_sign_lddt_hog.pkl') 

print("\nModel saved to traffic_sign_lddt_hog.pkl") 
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Appendix 9: Post Graduate studies Board Approval Letteer 
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Appendix 10: Experimental Checklist  

Phase 1: Preprocessing Setup & Verification 

# Task 
Status 
(✓/N/A) 

Notes/Parameters 

1.1 
Dataset (GTSRB) loaded and 
integrity verified. 

  

1.2 
Stratified Train (80%) / Test 
(20%) split performed. 

 Random Seed 

1.3 
Interpolation: All images resized 
to fixed dimensions. 

 Method: Lanczos4  
Target Size:  32x32 

1.4 
Cropping: Region of Interest 
(ROI) extraction performed (if 
applicable). 

 Method: Aspect Ratio 
Preserving 

1.5 
Color Space Conversion: Images 
converted to target color space. 

 Method:  RGB to Grayscale 

1.6 
Filtering: Noise reduction filter 
applied. 

 Method:  Gaussian Blur 
 Kernel Size: (3,3) 

1.7 
Normalization: Pixel values 
scaled. 

 Method:  L2 Norm  
Range:  0-1 

1.8 
Preprocessing pipeline 
saved/scripted for consistent 
application. 
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Phase 2: Feature Extraction 

# Task 
Status 
(✓/N/A) 

Notes/Parameters 

2.1 
LD-HOG Descriptor computed on 
the preprocessed training set. 

 
Cell Size: [8x8]  
Block Size: [2x2]  
Bins: [9] 

2.2 Gradient & Directional Fusion:   Pooling Type: MAX 

2.3 
Feature vector length recorded and 
verified. 

 Vector Length: [3870] 

2.4 
Dimensionality 
Reduction: Technique applied (if 
applicable). 

 Method: [LDA]  
Final Vector Length: [500] 

2.5 
Feature extraction process 
repeated identically on the test set. 

 (Using parameters fitted on 

the training set) 

 

Phase 3: Model Training & Hyperparameter Tuning 

# Task 
Status 
(✓/N/A) 

Notes/Parameters 

3.1 
Classifier Selected: (SVM / 
Decision Tree / Random Forest) 

  

3.2 
Hyperparameter Tuning: Grid 
Search / Random Search 
performed on the training set. 

 Folds: 5 Scoring Metric: [F1-
score, Accuracy and Precision] 

3.3 
Optimal 
Hyperparameters recorded. 

 

SVM: Kernel=[ RBF]  
C=[ 10],  
Gamma=[ scale] 
 
RF: n_estimators=[ 200] 
max_depth=[ 50] 
class_weight=[balanced] 



224 

 

# Task 
Status 
(✓/N/A) 

Notes/Parameters 

DT: criterion=[gini], 
max_depth=[ 20] 

3.4 
Final model trained on the entire 
training set using optimal 
hyperparameters. 

  

3.5 
Trained model saved with 
versioning. 

 Filename: [svm_ldhog_v1.pkl] 

 

Phase 4: Model Evaluation & Reporting 

# Task 
Status 
(✓/N/A) 

Notes/Parameters 

4.1 
Final model used to predict on 
the held-out test set. 

  

4.2 
Performance Metrics calculated 
and recorded. 

 

Accuracy: [Value]  
Precision (Macro): [Value]  
Recall (Macro): [Value]  
F1-Score (Macro): [Value] 

4.3 
Confusion Matrix generated 
and saved. 

  

4.4 
Inference Time: Average 
prediction time per image 
recorded. 

 Time: [ms] 

4.5 
Results compared against 
baseline models (HOG, LDP). 

  

4.6 
All results, figures, and model 
files backed up to project 
directory. 
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Appendix 11 Pseudo Code for LD-HOG 

1. Algorithm LD-HOG (I, c, b, Nb) 

2. Convert I to grayscale and normalize 

3. For each pixel (x, y) in I: 

4. Compute directional gradients G[0..7] using 8 kernels 

5. Apply pooling method to obtain P[0..7] 

6. D(x, y) ← argmax(P) 

7. Divide I into cells of size c×c 

8. For each cell: 

9. Compute histogram of orientations (Nb bins) 

10. Group cells into blocks of size b×b 

11. Normalize block histograms using L2-norm 

12. Concatenate all blocks to form F 

13. Return F 
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Appendix 12 LD-HOG Algorithm flow chart 

 

 

 

 

 

 

Out Put Vector 
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Appendix 13: NACOSTI Research Permit 
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