



[image: A logo with a black background

Description automatically generated][image: A black and white sign with black text

Description automatically generated]



IMAGE RECOGNITION FOR AUTONOMOUS VEHICLES USING CNN
Student Name: SURENDAR REDDY DUBBAKA
Student ID: 2314079
Supervisor Name: Seena Joseph

Project Submitted as Part of The Requirements for The Award of MSC in Data Science & Analytics.

December 2024





[bookmark: _Toc175128046][bookmark: _Toc184325802][bookmark: _Toc184384792]Declaration of Originality
 
I, Surendar Reddy Dubbaka declare that I am the sole author of this Project; that all references cited have been consulted; that I have conducted all work of which this is a record, and that the finished work lies within the prescribed word limits. 
  
This work has not previously been accepted as part of any other degree submission. 
   
Signed: Surendar Reddy Dubbaka
 
 
Date: 06/12/2024


[bookmark: _Toc175128047][bookmark: _Toc184325803][bookmark: _Toc184384793]Form of Consent 

I Surendar Reddy Dubbaka     hereby consent that my Project, submitted in candidature for the MSC in Data Science & Analytics, if successful, may be made available for inter-library loan or photocopying (subject to the law of copyright), and that the title and abstract may be made available to outside organisations. 

Signed: Surendar Reddy Dubbaka
 
  
Date: 06/12/2024

[bookmark: _Toc371255526][bookmark: _Toc175128048][bookmark: _Toc184325804][bookmark: _Toc184384794]Copyright Acknowledgement

I acknowledge that the copyright of this project report, and any product developed as part of the project, belong to University of Wales Trinity Saint David, Swansea.
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Autonomous vehicles hold the potential to transform the transport sector but some of the challenges such as object detection and recognition, semantic segmentation, depth estimation, contextual understanding, sensor fusion, dynamic environment and adverse weather conditions. are faced operation of autonomous vehicles. Some of the challenges are faced in scene understanding due to complexity and uncertainty in real-world driving environments. The challenges are faced in scene understanding for the autonomous driving.  These challenges pose significant hurdles for the autonomous vehicles to correctly interpret and navigate through surroundings. The challenge is faced in accurate detection as well as recognition of the objects such as vehicles, obstacles, cyclists and pedestrians in different weather, lighting conditions and occlusion scenarios. The object may appear differently due to change in illumination, occlusion by other objects and partial visibility so, robust algorithms are required to handle such variations. The challenge is also faced related to semantic segmentation involving division of the scene into meaningful regions and understanding the semantics of each pixel. The accurate segmentation of the objects and background regions in the complex scene with varying textures, occlusions and overlapping structures is challenging. 
Depth estimation also pose significant challenge as it can be challenging to make accurate depth estimation from sensor data in adverse weather conditions, scenes with texture less surfaces and adverse weather conditions. 
To address this challenge, this research study provides a model based on CNN for image detection and recognition of heterogeneous scenes in autonomous vehicles. To achieve the aim of the project, an analysis of the current literature has been done in the study to understand existing models for image recognition in autonomous vehicles. A CNN-based image model to detect and recognise objects from heterogenous scenes was developed and the performance of this model was evaluated using different metrics such as precision and recall. The performance of this model was also visualized using a confusion matrix. It was found that the model had the highest precision as well as a recall for the car class. The model also performs well for the Pedestrians class as it also has a high true positive value and low false positive as well as false negative value. On the other hand, the model has some difficulty in distinguishing motorcycles from other classes. This is indicated by higher false positive and false negative values. 
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[bookmark: _Toc184384796]CHAPTER 1 - Introduction

[bookmark: _Toc184384797]Introduction
Autonomous driving has the potential to transform how commutations take place and goods are transported. Autonomous driving can understand the surrounding environment. Scene understanding is required for the appropriate working of autonomous vehicles. This scene understanding encompasses a range of capabilities from perceiving obstacles and traffic signals to interpretation of the road layout and anticipation of the behaviour of other road users. There are some challenges faced in a robust understanding of the scene. Autonomous vehicles have the potential to increase safety, enhance mobility and reduce congestion [1]. 

Autonomous driving can be supported by image and pattern recognition, which can be achieved using image recognition technology. CNN has revolutionized pattern as well as image recognition by surpassing the performance of the humans on standard datasets [2]. CNN models can learn features automatically from the training examples and they override human needs by selecting the intuitive features for the model. These models also take advantage of the 2D structure of images and hence, they have higher accuracy than standard flattened neural networks. [3].
Convolutional neural networks can used for modelling spatial information such as images and these models are very good at extraction of the features from the images. They can be seen as the universal non-linear function approximators [4]. Different patterns can be captured with the increase in the depth of the network. For example, beginning layers of the network capture the edges and deep layers capture more complex features such as object shapes. Therefore, CNN can be used as main algorithm in the self-driving cars. The convolutional layer of the CNN is key component of it and it has a convolutional kernel which is called filter matrix and this matrix is convolved with a local region of the input image. 

[bookmark: _Toc183709985]Research problem statement

The scene understanding in autonomous driving refers to the ability of the vehicle perception system to perform accurate interpretation and comprehension of the surrounding environment to make informed decisions for safe navigation [5]. 
The first challenge is related to the detection and recognition of the object. Different objects have to be detected and recognized by the autonomous vehicles such as cyclists, pedestrians, vehicles and other such obstacles in the vicinity. This task has challenges due to variations in occlusions, lighting conditions, and appearance and requires real time processing [6]. 
Dynamic environment also pose challenges in autonomous vehicles as these vehicles are required to navigate through dynamic environments with moving objects, unpredictable events and changing conditions of road. There is a significant challenge of adapting to the dynamic changes while ensuring safety. 
Adverse weather conditions is also pose another challenge to autonomous vehicles. The performance of the sensor can degrade with rain, fog, snow and other adverse weather conditions. The understanding of the scene can be affected by this. The algorithms are required to be developed that can operate reliably in all weather conditions which is crucial for autonomous driving systems. 
This research study explores the usage of CNN for image recognition in autonomous vehicles.
[bookmark: _Toc184384799]AIM
The project aims to develop a model based on CNN for image detection and recognition of heterogeneous scenes in autonomous vehicles.
[bookmark: _Toc184384800]OBJECTIVES
There are several objectives of this project that are outlined below:
a) To Analyse current literature to understand existing models for image recognition in
autonomous vehicles.
b)  To develop a CNN-based image model to detect and recognise objects from
heterogenous scenes.
c)  To evaluate the performance of the developed CNN model using a well-known dataset and evaluation metrics.

[bookmark: _Toc178378677][bookmark: _Toc184217837][bookmark: _Toc184384801]Significance Of Image Recognition In Autonomous Vehicles
Image recognition forms the foundation for autonomous vehicles to understand complex visual environments since it can use "eyes." Such input aids in the autonomous identification of objects and decisions that yield safe transportation navigation in real time. Advanced CNN models process a 360-degree view of the scene for a wide variety of lighting, weather, and environments conditions [8]. It performs object detection, path planning, obstacle avoidance, and traffic rule compliance. It also contributes to the mapping and localization that helps vehicles know where they are in terms of their environment. Continuous improvement to image recognition accuracy and speed increases safety and ride comfort as well as, ultimately, public confidence in self-driving technology.

[bookmark: _Toc178378678][bookmark: _Toc184217838][bookmark: _Toc184384802]Image Recognition Methods
Image recognition methods for autonomous vehicles encompass various techniques, with Convolutional Neural Networks (CNNs) being the most advanced. CNNs excel in feature extraction and classification tasks, efficiently identifying objects, pedestrians, and road signs [8]. Transfer learning with pre-trained models enhances efficiency and accuracy. Object detection algorithms like R-CNN variants and YOLO quickly identify multiple objects in images. Semantic segmentation techniques such as FCNs and U-Net are crucial for understanding road layouts. Ensemble methods combine multiple models for improved accuracy and robustness [8]. These methods are thoroughly tested using diverse datasets to evaluate and optimize performance across various driving conditions before real-world deployment.   
[bookmark: _Toc202288059][bookmark: _Toc266447527][bookmark: _Toc184217841][bookmark: _Toc184384803]Structure Of The Project
This project is structured in the following manner.
a) Chapter One: The background summary of the report is provided in this chapter. The aim and objectives of the project are stated in this chapter. 
b) Chapter Two: This chapter provides a review of research papers that review of autonomous vehicles and the challenges faced in them. It discusses CNN architectures, current methods and challenges faced in image detection in autonomous driving. 
c) Chapter Three: This chapter discusses the research methodology that is adopted in the project for the creation of the CNN-based image model. 
d) Chapter Four: This chapter provides the design and implementation of the CNN-based image model for detection and recognition of objects from heterogeneous scenes. 
e) Chapter Five: This chapter provides the results of evaluation of the CNN-based model using different evaluation metrics and also provides a summary and conclusion. 
f) Chapter six: This chapter provides the reflection of the complete project and document lessons learnt from the project.












[bookmark: _Toc184384804]CHAPTER 2 – Literature Review

[bookmark: _Toc184384805]2.1.   Introduction
This chapter provides an overview of autonomous vehicles, and the challenges faced related to understanding of scene. The role of the CNN in improving the accuracy and efficiency of image recognition. The CNN architectures and current methods in the detection of the image in autonomous driving is discussed in this chapter. 

[bookmark: _Toc184384806]2.2.   Autonomous vehicles and Image recognition system 
Autonomous vehicles are the driverless vehicles that are based on land and integrate vehicular automation, sense their environment and operate safely with no or minimum intervention of the human. There have been several advancements in autonomous vehicles and some of the challenges are faced by image recognition in autonomous vehicles. 
The study by Redmon et al [5]  was done to introduce the YOLO algorithm for real-time object detection. A unique approach was developed in this study to divide the images into a grid system to predict the bounding boxes and class probabilities simultaneously. This helped in ensuring accurate and high-speed object detection. The study's findings were that YOLO demonstrated groundbreaking results in real-time detection of the objects. This will make it suitable for applications such as autonomous driving where it is important to make timely decisions. The limitation of this study was that the provided model struggled with detecting small objects within proximity and handling occlusion scenarios. The study by Redmon and Farhadi, [6]  conducted a study to enhance the original YOLO framework with improvements that increased versatility and detection accuracy. They introduced multi-scale prediction and feature pyramid networks to the YOLO framework to improve the detection across objects of different sizes. It was found that significant improvement was shown by handling real-world scenarios which makes it more robust for the applications such as autonomous driving. The limitation of the study was that the computation cost of the model was higher and posed challenges related to highly resource-constrained environments. 
The study by Bochkovskiy et al, 2020, [7] was aimed to optimize both speeds as well as the accuracy of YOLO for enhanced performance in the detection of objects. They made use of integrated CSPDarknet53 as a backbone and a Paneth path-aggregation neck for improving both accuracy as well as speed of detection. The study was able to achieve state-of-the-art performance in the detection of objects.  The limitation of this study is that model was not able to perform properly on small and clustered objects. 
The study by Tan et al, 2019 [8] held the objective of providing a scalable object detection model that will focus on balancing model size and detection accuracy. This author made use of the compounded scaling method to scale width, depth, and resolution proportionally for the optimisation of accuracy efficiency. It was found that superior performance was demonstrated by few parameters and low computational costs was also shown. This made it suitable for resource-limited applications. The limitation of this study is that the model was not able to perform well on detection of the complex and highly dynamic objects.
A study by Hazarika et al, 2023 [9] was done with the objective of development of the multi camera 3D object detection solution for autonomous driving using mechanism of self-attention. It was done with the method of aggregation of data from multiple cameras and application of the deep learning framework for mapping 2D bounding boxes to 3D. The author showed effective solution for prediction of the 3D properties and consolidation them into single as well as accurate bounding box through the weighed fusion. The limitation of this study was that solution relied on the static infrastructure cameras that could limit the adaptability to the mobile environments. 
Another study by Lee and Hwang [10] had the objective of addressing challenges in the real time detection  of the objects with YOLO for intelligent video applications. They proposed a variant of YOLO with adaptive frame control to maintain consistent processing and maximum frame rate.  The findings of the study demonstrated improvement in the real time processing capabilities and effective detection of the objects under varied conditions of the input. The limitation of this study was that adaptive frame control affected the accuracy of detection of objects under extreme conditions such as rapid changes in lighting. 
Zhang et al, 2023 [11]  conducted study for enhanced YOLOv7 for improvement of the performance of urban vehicle detection. They developed YOLOv7-RAR with modifications validated in which modifications were validated through the ablation studies on the UADETRAC dataset. This study was able to achieve improved accuracy in the detection of urban vehicles addressing the complex challenges related to urban traffic. The limitation of this study was that it did not deeply explore specific adaptability to non-urban environments or variation in weather conditions.
Chen et al, 2017 [12] conducted a study to provide a multi-view 3D detection network for autonomous driving. They combined the LIDAR point cloud data with the RGB images that featured 3D proposal network and region-based fusion network for high-accuracy 3D detection. This study demonstrated superior 3D bounding box prediction by fusion of the features from multiple views. The limitation of this study was that it had a heavy reliance on camera as well as LIDAR data that posed challenges related to environments where only one type of sensor is available. 
Lou et al, 2023 [13] also conducted a study to create a small-size object detection algorithm optimized for the camera sensors. They combined elements from YOLOv3 and Efficient using depth-wise separable convolutions as well as a feature pyramid network. This study achieved high detection accuracy for the small objects while maintaining of efficient performance of the model.  The limitation of this study was that the efficacy of the model under poor lighting and adverse conditions required further evaluation.  
The study by Jebamikyous and Kashef, 2022 [14] analysed deep learning-based perception systems for autonomous vehicles.  It reviewed various CNN and reinforcement learning approaches for autonomous vehicle perception [17]. The sensor data was analysed by authors from radar, LIDAR and cameras [16]. The study provided a comprehensive overview of methods as well as benchmark datasets highlighting the strengths as well as weaknesses of current perception systems. This paper lacked detailed implementation guidelines for the integration of multiple sensors in practical autonomous vehicle scenarios.  



[bookmark: _Toc184384807]2.3.   CNN Architectures For Image Recognition In Autonomous Vehicles. 
[bookmark: _Toc178378687][bookmark: _Toc184217846]Basic CNN Architecture
According to Shih et al, [29] a CNN's basic structure would contain convolutional layers, pooling layers, and fully connected layers. The convolutional layers are where features are extracted from the input image by applying filters on appropriate elements, and the spatial dimensions of the feature maps get reduced through the pooling layers [17]. Fully connected layers at the bottom of the network perform final classification or regression tasks.
A simple CNN architecture can be represented as follows in mathematical form:

Where x is the input image, W_i and b_i are the weights and biases of the i-th layer, ReLU is the rectified linear unit activation function, and SoftMax is the output activation function for classification tasks [30].
[bookmark: _Toc178378688][bookmark: _Toc184217847]Advanced CNN Architectures
Multiple CNN architectures have been developed and are employed in image recognition for autonomous vehicles [18]. Some of the most famous among them are the ResNet, which strongly gets rid of the vanishing gradient problem, as it introduces skip connections that allow for very deep networks to be trained.
Inception architecture was invented by [12] and uses multiple parallel convolutional filters of different sizes to capture objects at multiple scales together, which makes it highly effective in detecting objects of various sizes in the autonomous driving scenario.
[12] presents an architecture called YOLO, which divides the input image into smaller grids and selects spatial locations to predict bounding boxes and class probabilities for each grid cell. This architecture is particularly useful for object detection in autonomous vehicles.
Mask R-CNN is an extension of Faster R-CNN that includes an additional branch for predicting segmentation masks on each Region of Interest (RoI). Such architectures are highly valuable for instance segmentation tasks in complex driving environments.








[bookmark: _Toc184384808]2.4.   YOLOv8 Model Architecture Overview
According to [31], YOLOv8 is one of the most efficient object detection architectures that incorporates innovations of its predecessors. It can be optimized for both speed as well as accuracy. 
[image: A diagram of a diagram

Description automatically generated]
[bookmark: _Toc184331385][bookmark: _Toc184332165][bookmark: _Toc184384848]Figure 1:- Yolov8 Architecture.
Input layer
This layer resizes and normalizes the input images to a fixed size while maintaining the aspect ratio. The techniques such as normalization and padding are applied to prepare the data for efficient processing [31]. 
Backbone
The essential features are extracted from the input images through the series of the convolutional layers. The key innovations in this include CSP Darknet53, focus layer and slicing improvements. CSPDarknet5 was used as a base in the YOLOv4 and later it was improved by splitting feature maps into two paths for enhancement of the gradient flow and reduction of computation. In focus layer spatial dimensions were reduced while capturing finer details from the input images. The feature extraction is improved in YOLOv8 using advanced slicing method and depth wise separable convolutions [31]. 
Neck
Then, aggregation of multi scale features will be done from the backbone for the enhancement of the detection of objects at various sizes. This includes components such as path aggregation network and feature pyramid network. Path aggregation network ensures efficient propagation of the strong semantic as well as spatial features by aggregating them from different layers and feature pyramid network enhances the multi scale feature fusion enabling the better detection of the small as well as large objects [31]. 
Head
The bounding boxes are predicted along with confidence scores and class probabilities. YoloV8 make use of the anchor-free approach for the purpose of the bounding box prediction and improving the efficiency of the model. The regression head directly predicts the bounding box coordinates in a normalized format. The classification head assigns probabilities to the object categories detected in the image. Confidence thresholding filters out the predictions with low confidence to reduce false positives [31]. 

Loss Function
The loss function also has several components including bounding box loss, objectless loss and classification loss: The bounding box loss evaluates the overlapping between predicted as well as ground truth boxes using metrics such as CloU. The objectless loss measures the confidence of predictions being objects versus the background. The accuracy of the predicted class labels is quantified by classification loss. All these losses are combined for balanced model optimization [35]. 
Output
The model generates object categories, bounding boxes and confidence scores in the single forward pass [35]. 

[bookmark: _Toc184384809]2.5.   Comparison of YOLO Architectures
The comparison of different YOLO architectures has been provided below: 

[bookmark: _Toc184384867]Table 1 Comparison of YOLO Architecture
	[bookmark: _Hlk183713250]Version
	Year
	Key Features
	Architecture
	Advantages
	Challenges

	YOLOv1
	2016
	YOLOv1 pioneered single-stage object detection by dividing the input image into an S×S grid, where each grid cell predicts bounding boxes and class probabilities. It processes the entire image in one go, which makes it faster than traditional region-based methods like R-CNN. However, it assumes that each grid cell can detect only one object, limiting its effectiveness for overlapping objects. The network uses fully connected layers to refine bounding box predictions.
	CNN-based architecture with Darknet-19 as the backbone [21].
	- Extremely fast and capable of real-time object detection on modest hardware.
	- Limited detection for small objects and overlapping instances.

	
	
	
	
	- Unified design simplifies the end-to-end training process.
	- Struggles with fine-grained localization due to grid-based constraints.

	
	
	
	
	- Offers an intuitive understanding of object detection pipelines.
	- Predicts only a fixed number of boxes, which can lead to missed detections in crowded scenes.

	YOLOv2
	2017
	YOLOv2 introduced anchor boxes, which significantly improved detection of objects of varying sizes. Batch normalization was incorporated to stabilize and speed up training. Multi-scale training allowed the model to generalize better to images of different resolutions. Additionally, it switched from a fixed S×SS \times SS×S grid to anchor boxes, enabling detection of multiple objects in a single grid cell, addressing a key limitation of YOLOv1.
	Upgraded Darknet-19 backbone with added 3x3 and 1x1 convolution layers [22].
	- Better detection of small and overlapping objects compared to YOLOv1.
	- Performance still drops in highly cluttered scenes.

	
	
	
	- Anchor boxes added.
	- Multi-scale training increases robustness to image resolution changes.
	- Requires careful tuning of anchor box dimensions.

	
	
	
	
	- Maintains real-time speed while offering improved accuracy.
	- Struggles with very large objects due to inherent grid limitations.

	YOLOv3
	2018
	YOLOv3 introduced a deeper and more robust backbone, Darknet-53, which used 53 convolutional layers for feature extraction. Multi-scale predictions were implemented, with three different scales for detecting objects, improving performance on small objects. The use of logistic regression for class predictions and binary cross-entropy for loss calculation refined its accuracy. YOLOv3 also improved feature extraction with better up sampling methods.
	Darknet-53 backbone with feature pyramid networks for multi-scale detection [23].
	- Significant improvement in detecting small objects and objects of varying scales.
	- Computationally heavier compared to YOLOv2.

	
	
	
	- Predicts 3 scales.
	- Offers a good balance between speed and accuracy.
	- Struggles with extreme overlapping objects in densely packed scenes.

	
	
	
	
	- Compatible with COCO datasets for easier evaluation and benchmarking.
	- Inference speed can drop on resource-constrained devices.

	YOLOv4
	2020
	YOLOv4 integrated several innovations, including CSPDarknet-53 as the backbone, Mish activation for better gradient flow, and CIoU loss for more accurate bounding box regression. Advanced data augmentation techniques like Mosaic and CutMix were added. It also introduced self-adversarial training to refine predictions. These features combined made YOLOv4 more accurate and faster, setting a new benchmark for object detection in real-time scenarios.
	CSPDarknet-53 backbone paired with PANet for feature aggregation [24].
	- Combines real-time speed with state-of-the-art detection accuracy.
	- Training requires more computational resources compared to earlier versions.

	
	
	
	- Mosaic augmentation used.
	- Advanced augmentation techniques improve robustness to diverse scenarios.
	- Complex architecture increases implementation difficulty for new users.

	
	
	
	
	- Includes improved bounding box regression using CIoU loss.
	- Performance may degrade on low-end devices.

	YOLOv5
	2020
	YOLOv5 introduced PyTorch support, making it easier to implement and integrate into existing machine learning pipelines. Auto-anchor learning was added to optimize anchor boxes automatically. The architecture was streamlined with Focus and SPP layers, enabling faster inference and lower memory usage. Despite being unofficial, YOLOv5 gained popularity due to its ease of use, speed, and performance on real-world tasks.
	CSPDarknet backbone with Focus and SPP layers [25].
	- Extremely fast training and inference, even on moderate hardware.
	- Not officially released by YOLO creators, leading to less recognition in academic benchmarks.

	
	
	
	- Fully written in PyTorch for ease of use.
	- User-friendly with tools for transfer learning and fine-tuning.
	- Requires further validation for specialized use cases.

	
	
	
	
	- Supports a wide range of object detection tasks with minimal setup.
	- May not leverage the latest research innovations in object detection.

	YOLOv6
	2022
	YOLOv6 was designed for industrial applications, focusing on high accuracy with practical speed. It introduced the RepVGG backbone and EfficientRep block for feature extraction and a lightweight head design for faster inference. The focus shifted toward optimizing inference on edge devices while maintaining high accuracy, making it particularly suitable for industrial and IoT applications.
	RepVGG backbone with EfficientRep block [26].
	- Balances accuracy and inference speed effectively for industrial scenarios.
	- Primarily designed for industrial applications, making it less versatile for other domains.

	
	
	
	- Enhanced FPN neck design for better feature fusion.
	- Highly optimized for edge and low-power devices.
	- Limited community adoption compared to YOLOv5 and YOLOv7.

	
	
	
	
	- Offers competitive performance in detecting objects in diverse environments.
	- Training complexity may increase for custom datasets.

	YOLOv7
	2022
	YOLOv7 introduced Extended Efficient Layer Aggregation Network (E-ELAN) to improve feature representation. It focused on detecting objects in challenging scenarios, such as overlapping objects or cluttered scenes. YOLOv7 also includes multiple versions (e.g., YOLOv7-X) for handling larger tasks, making it one of the most accurate and versatile versions up to its time.
	E-ELAN-based backbone with multiple variants.
	- State-of-the-art accuracy in object detection.
	- High computational cost for training on large datasets.

	
	
	
	- Advanced feature aggregation for better results.
	- Versatile design suitable for complex tasks and datasets.
	- Complex implementation for custom models.

	
	
	
	
	- Scalable for both lightweight and high-performance applications.
	- May require significant hardware resources for real-time inference on large-scale data.

	YOLOv8
	2023
	YOLOv8 marked a major evolution with a simplified, modular design supporting object detection, segmentation, and classification in a single framework. It emphasizes interpretability and deployment, making it highly adaptable for real-world applications. YOLOv8 uses a redesigned backbone and neck optimized for versatility and modern ML frameworks, supporting advanced transfer learning techniques.
	Custom backbone and neck for versatility [28].
	- Supports multiple tasks, including segmentation and classification.
	- Requires additional validation for extremely specialized tasks.

	
	
	
	- Unified framework for multiple tasks.
	- Easy integration into diverse pipelines.
	- New architecture may need time for widespread adoption and extensive benchmarking across domains.

	
	
	
	
	- State-of-the-art performance in terms of speed, accuracy, and ease of use.
	- Computationally demanding for large-scale segmentation tasks.

	
	
	
	
	- Optimized for real-world applications.
	


.
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[bookmark: _Toc184332166][bookmark: _Toc184384849]Figure 2:- YOLO Timeline.

[bookmark: _Toc184384810]2.6.   Conclusion
This chapter provides the comprehensive review of the literature discussing YOLO framework and its improvements. Different CNN architectures are also reviewed through different research papers. 












[bookmark: _Toc184384811]CHAPTER 3 – Research Methodology

[bookmark: _Toc184384812]3.1.   Introduction
This chapter presents a detailed discussion of the design of research, philosophy and methodology of research to be used for the collection of data. This is provided with respect to the aim and objectives of the research. The focus of this research was on the development of CNN based image model for the detection and recognition of objects from heterogenous scenes. The justification of choices of research methods and illustration of alignment of goals with study is provided. 
[bookmark: _Toc184217852][bookmark: _Toc184384813]3.2. Research overview 
The overview of research for the achievement of aims and objectives. The four-phase view of the process of research provides in this section. The phases include research process, research philosophy, methodology and collection of data. The comprehensive understanding of research design is provided in each phase. 
Research Overview Description
The research process for this study is completed in four phases. The research philosophy are  defined in the first phase and objectives of research is  established in this phase. Appropriate research methodologies are selected in second phase. This can include experimental approaches and machine learning techniques. The data collection and pre-processing are covered in third phase. This is done using BDD100K dataset. The training, validation and evaluation of the model is done on fourth phase by application of the CNN based architecture. Yolo 8 is used for the detection of the objects in the heterogenous scenes.  
[bookmark: _Toc184217853][bookmark: _Toc184384814]3.2.1 Research Process
The systematic approach is used for research process. This approach contains multiple steps from collection of the data to evaluation of the model. 
a) Collection of Data: The data is collected from BDD100K [37]. This dataset is annotated with object detection as well as segmentation labels. Different real-world scenes are represented by dataset that provide rich source of information for training of the model. This dataset is selected because it contains diversity in terms of lightening conditions, scenes and weather variations. More than 100,000 annotated images are contained in the BDD100K dataset on the urban and highway scenes which it makes it suitable for the training of models. This can be generalised for real-world traffic conditions as well. Labelled objects such as buses, trucks, cars, cyclists, traffic signs, and traffic lights are contained in the dataset. 
b) Data Pre-processing: This involves the transformation of the data to meet the requirement of the YOLO model including the adjustment of the size of the images, normalization of the pixel values and conversion of the annotations in the YOLO format. The COCO style JSON format is used in the BDD100K dataset for annotations. Each of the objects is described with pixel-based coordinates, class labels and other such attributes. The conversion of these annotations is required to be converted into YOLO format. 
c) Model Development: The training of the CNN based model is done this step using YOLO framework. The testing as well as refinement of the model is done using machine learning techniques such as tuning of the hyper parameter and augmentation of data. 
d) Model Testing: The testing of the model is done after training of the model. The accuracy of the model is assessed using test sets in detection of the objects under different conditions. 
[bookmark: _Toc184217854][bookmark: _Toc184384815]3.3. Research Method
[bookmark: _Toc184384816]3.3.1 philosophy
[bookmark: _Toc184217855]The research study utilises a positivism philosophy as this aligns with the objective evaluation of the performance of the model using structured as well as systematic methods. The focus is on the reproducible and measurable outcomes derived from the quantitative and statistical analysis. The objectivity is ensured by using predefined metrics and quantifiable improvements is using different techniques such as data augmentation and hyperparameter tuning. 
[bookmark: _Toc184384817]3.3.2 Approach 
This study employs a deductive approach, starting from the hypothesis that the YOLOv8 model, optimized for real-time object detection, can effectively identify and classify objects in heterogeneous scenes as depicted in the BDD100K dataset. This approach involves testing this hypothesis by systematically applying the model to the dataset and analyzing the results to validate or refute the initial theory.
[bookmark: _Toc184384818]3.3.3 Quantitative methodology
Quantitative experimental research methodology [19] is adopted for this study for development and testing of the CNN model for the detection of object. This approach is appropriate because it allows the measurement of the performance of the model using statistical methods as well as empirical data. It focuses on the collection and analysis of the numerical data for the evaluation of the performance of the model. The ability of the model to detect the objects are  measured through the help of the different metrics such as intersection over union, accuracy and mean average precision. 
[bookmark: _Toc184384819]3.3.4 Experimental Method
The CNN-based YOLOv8 model is tested using an experimental setup that iterates through several trials, with variations in hyperparameters and training settings. Experiments are designed to evaluate the model's performance across different conditions, such as lighting, weather, and object occlusion, which are part of the BDD100K dataset.
[bookmark: _Toc184384820]3.3.5 Time Horizons
A cross-sectional time horizon is adopted, with the research conducted over a fixed period. The project timeline includes data collection, model training, evaluation, and refinement, all within a defined research period.
[bookmark: _Toc184384821]3.3.6 Techniques and Procedures 
The core techniques include collecting image data from datasets (BDD100K), applying data preprocessing techniques (e.g., resizing images, normalizing, and converting annotations), and training the CNN model (YOLOv8) for object detection.
Use of Virtual Machines: To ensure rigorous and controlled testing conditions, virtual machines is used for both training and testing phases of the YOLO model. This setup allows for consistent experimentation while minimizing variables that could affect the reliability of the data.
This structured method, shaped by the Research Onion framework, ensures a detailed and careful study in developing a CNN model for detecting objects in diverse scenes.
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[bookmark: _Toc184384850]Figure 3:- Elements of Research.

[bookmark: _Toc184384822][bookmark: _Toc182928711]3.4. Proposed research model
Details of the Proposed YOLOV8 Architecture
The key components of the YOLOV8 architecture are discussed below: 
a) Backbone: The features from the input image are extracted using backbone. It has series of the convolutional layers that progressively reduce the spatial dimensions while increasing the depth of feature maps. CSPDarknet backbone is used by YOLOv8. This provides better performance and efficiency compared to previous YOLO versions [32].
b) CSPDarknet: Cross-Stage Partial Darknet is the variant of the Darknet in which partial cross stage connections are incorporated. The network can make of the feature maps in effective manner by selectively passing part of the features across the stages. The computational cost can be reduced by this design without making any sacrifice in the performance. CSPDarknet enables the network to be both deep and efficient and makes it capable of learning robust features [31].
c) Focus Module: This module involves the high-level extraction of features by aggregation of the pixel information in an efficient manner. Performance is enhanced by this module by focusing on the most important information in the input image and reduction of the dimensionality of input features. It acts as a pre-processing layer that focuses on the localized regions of the interests in the image and provides compact representation that retains essential information while discarding the less relevant features [31]. 
d) PANet (Path Aggregation Network): PANet is used by YOLOv8 for better feature fusion. This is designed to improve the flow of the low-level features to higher layers for the enhancement of object detection. Bottom-up path augmentation approach is used by PANet for propagation of features. This enables the model to handle both small as well as small and large objects better.
e) Neck: The features obtained from backbone are processed in the Neck Component of the YOLOv8. This prepares them for the detection task. There are two main functions of the neck component including enhancement feature and aggregation of features. Feature Pyramid Network like architecture is used by this component for the enhancement of spatial resolution and combination of features from different scales. This improves the ability of the network to handle objects of various sizes especially small as well as medium sized objects [31]. 
f) YOLO Head: This component is responsible for the generation of the final predictions of objects. The features are taken from neck and classification, objectless prediction and bounding box regression was performed by this head component. The predictions at different scales are generated by YOLOv8 handling the objects of different sizes. Anchor free mechanisms are employed by head component of YOLOv8. Here each grid cell predicts the presence of object and corresponding box parameters directly. This design leads to faster inference times and better performance in some scenarios [35].
g) Anchor-Free Detection: YOLOv8 incorporates an anchor-free detection strategy, unlike its predecessors that relied on anchor boxes for object localization. This innovation reduces the need for manual tuning of anchor boxes, which often limits the flexibility of the model. Instead of using predefined anchors, the network learns to predict the location of objects directly. This change makes the model simpler to train and deploy, as it eliminates the dependency on anchor box configurations. Anchor-free methods are particularly beneficial when dealing with objects that vary greatly in shape and size [33].
h) Global Contextual Attention (GCA): YOLOv8 introduces a Global Contextual Attention mechanism to enhance its feature extraction process. GCA applies attention mechanisms that focus on the global context of the image, providing a better understanding of spatial relationships between objects in the scene. By integrating long-range dependencies, GCA helps YOLOv8 to correctly classify objects that may be difficult to detect due to occlusion or context-based relationships. This mechanism significantly enhances the network’s ability to understand complex scenes, particularly in crowded or cluttered environments [35].
i) Spatial Pyramid Pooling (SPP): Spatial Pyramid Pooling (SPP) helps YOLOv8 extract multi-scale features by pooling from multiple receptive fields. This module improves the model’s ability to recognize objects at different scales, particularly for handling small objects. The SPP layer reduces the spatial dimensions of feature maps while retaining key spatial information. This allows the network to process varying object sizes without requiring resizing or reshaping of input images, ensuring efficiency and robustness across a wide range of object scales [35].
j) Loss Function: YOLOv8 uses a combination of classification loss, bounding box loss, and objectness loss to guide the network during training. The classification loss penalizes incorrect class predictions, while the bounding box loss focuses on the accuracy of predicted box locations. Objectness loss measures the confidence of the object being present in the predicted bounding box. Additionally, IoU (Intersection over Union) loss is applied to measure the overlap between predicted and ground-truth boxes, ensuring accurate localization [35].
k) Multi-Scale Prediction: YOLOv8 employs multi-scale prediction, which allows it to make predictions at various feature resolutions. This is crucial for detecting objects of different sizes. YOLOv8 predicts at three different scales—small, medium, and large—thus improving detection performance for both small and large objects. By making predictions across multiple scales, the model becomes more flexible and accurate in detecting objects at varying levels of granularity.
l) Data Augmentation: YOLOv8 incorporates various data augmentation techniques during training to improve robustness. These include flip, rotation, scaling, cropping, and color jittering. These augmentations help the model generalize better by exposing it to diverse training conditions and object variations. YOLOv8 also utilizes mosaic augmentation, which combines multiple images into one to generate more diverse object placements, enabling better generalization and improved detection performance [35].
m) Real-Time Inference:  One of the primary strengths of YOLOv8 is its ability to perform real-time object detection. The architecture is optimized for speed and efficiency, ensuring that predictions are made in real-time, even on devices with limited computational power. YOLOv8 uses various optimizations, including the reduced number of parameters, efficient operations, and smaller model variants to make real-time inference possible. YOLOv8 can run at high frame rates on systems with GPUs or even edge devices, making it highly suitable for real-time applications like autonomous driving, robotics, and surveillance.
n) Speed and Accuracy Trade-Offs: YOLOv8 offers a good balance between speed and accuracy. The smaller variants (like YOLOv8n) are faster but may sacrifice some accuracy, while larger variants (like YOLOv8x) are more accurate but slower. The choice of model depends on the application’s requirements—whether speed is prioritized (e.g., real-time applications) or accuracy is more critical.

[bookmark: _Toc184217858][bookmark: _Toc184384823]3.5. Evaluation Metrics
The results were saved to the ‘runs’ directory after training. The metrics such as mean average precision, loss, precision and recall were used for the evaluation of model. The zipping of the directory was done for easy retrieval and further analysis. The evaluation of the model was done using several metrics such as precision, recall, F1 score and accuracy. These metrics are defined below: 
[bookmark: _Toc184384868]Table 2Evaluation Metrics
	Metric
	Description
	Formula
	Significance

	Precision
	Precision measures the accuracy of positive predictions, i.e., the proportion of correctly predicted positive instances out of all instances predicted as positive.
	Precision=TP/ TP+FP
	High precision means fewer false positives, which is important when false positives are costly 

	Recall
	Recall (or Sensitivity) measures the ability of the model to identify all relevant instances. It is the proportion of actual positives that were correctly identified.
	Recall=TP/TP+FN
	High recall is important when it is crucial to identify as many positive instances as possible 

	F1 Score
	The F1 Score is the harmonic mean of Precision and Recall. It balances the two, providing a single metric to optimize when both false positives and false negatives matter.
	F1 Score=2 *(Precision⋅Recall​/Precision+Recall)
	F1 Score is useful when there is an uneven class distribution or when both false positives and false negatives are equally important 

	Accuracy
	Accuracy measures the overall correctness of the model by considering both positive and negative instances. It is the proportion of correct predictions (both positive and negative).
	Accuracy=TP+TN/ TP+ TN+FP+FN
	Accuracy is most useful when the classes are balanced and equal importance is given to both classes 


.

[bookmark: _Toc184217857][bookmark: _Toc184384824]3.6. Resources
[bookmark: _Toc175128070][bookmark: _Toc184384825]3.6.1 Hardware Resource
The model is created on the Google Colab pro platform where GPU is available as a hardware accelerator and the GPU device name is NVIDIA A100-SXM4-40GB. The Python version of 3.10 is used in the development of the model.
[bookmark: _Toc175128071][bookmark: _Toc184384826]3.6.2 Software Resources
The image recognition model was created using Jupyter Notebook with the development environment of Python version 3.9.1. This version offers a wide range of libraries such as Keras, TensorFlow and other such libraries. The manipulation, as well as processing of data, was done using NumPy and Pandas. The data will be visualized using Matplotlib. 










[bookmark: _Toc184384827]CHAPTER 4 – Design & Implementation

[bookmark: _Toc184384828]4.1. Introduction
This chapter provides the details of the implementation of the image recognition model for autonomous vehicles. The problem is formulated in this chapter and design contemplation also be done here. It provides an explanation of the methodologies that are used for building the image recognition model. 
[bookmark: _Toc184384829]4.2. Design
The design stage discusses different steps involved in the development of the design recognition model. 
Data Preprocessing
The dataset had undergone several steps before training the model to ensure high-quality data. The dataset including the images and annotations was downloaded and unique categories were extracted from the data set. The mapping of the categories was created to the numerical variables to ensure that it is compatible with the YOLO annotation format. The bounding box coordinates were converted from BDD100K format to YOLO format. The coordinates were normalised based on the image dimensions to fit the requirements of YOLO. 
[bookmark: _Toc184384830]4.3. Implementation
Step by step approach are used for the development of the image recognition model. The object detection is done using YOLOv8 framework and BDD100K dataset. The steps included preparation of dataset, conversion of annotations to YOLO format, training of the model and evaluation of the model 
a) Dataset loading and preparation 
BDD100K dataset containing images and annotations was downloaded and unzipping of the dataset was done into appropriate directories. Respective image folders were used for training, validation and testing sets. Loading of annotation files was used in JSON format and processing was done to extract unique categories. These were mapped to class IDs. This mapping helps to ensure compatibility with the YOLO model. 
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This screenshot shows the loading of the dataset.
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This screenshot shows the extraction of the unique categories of images. 
b) Annotation Conversion 
The annotations in the BDD100k JSON format were converted into YOLO-compatible text files. The processing of each entry in the dataset to extract bounding box coordinates and normalizing them on basis of image dimensions. These bounding boxes were formatted as `(class_id, x_center, y_center, width, height)` for YOLO training. 
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This screenshot shows the conversion of annotations to YOLO format. 
c) Configuration File Creation 
YAML configuration file was created to define the training as well as validation data paths, class names and the number of classes. This configuration in ensuring that YOLOv8 model recognizes the structure of dataset and its particular labels. 

[image: A screenshot of a computer
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This screenshot shows the creation of the YAML configuration file. 
d) Model setup and training 
The ultralytics library is used to load YOLOv8 model. Training is initiated with YAML configuration file. The important hyper parameters included Epochs which involved 20 training cycles for optimization, batch size was 32 images processed per batch, initial learning rate was set to 0.01 and robustness of the model was enhanced using techniques such as vertical and horizontal flips, mosaic augmentation and mix up. 


[image: A screenshot of a computer
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This screenshot shows the loading of YOLO model and training of the model using the YAML file path. 
e)  Hardware utilization
The GPU availability is ensured in the implementation, and it is leveraged for the faster computations. CUDA support is also checked and utilized during training. 
f)  Evaluation and outputs
The results were saved to the ‘runs’ directory after training. The metrics such as mean average precision, loss, precision and recall were used for the evaluation of model. The zipping of the directory was done for easy retrieval and further analysis. The evaluation of the model was done using several metrics such as precision, recall, F1 score and accuracy.
A breakdown of these metrics is provided below.

[bookmark: _Toc184384869]Table 3 Metrics Analysis
	Metric
	Description

	Epoch
	The model was trained for 20 epochs, showing steady progress in reducing losses and improving evaluation metrics over time.

	Time (sec)
	Training time increased with each epoch, starting at 118 seconds and reaching over 2,239 seconds, likely due to increasing computational complexity as the model trained.

	Train Box Loss
	Gradually decreased from 1.386 (Epoch 1) to 1.141 (Epoch 20), reflecting improved bounding box regression during training.

	Train Class Loss
	Declined steadily from 2.101 to 0.945, showing better classification accuracy on the training data.

	Train DFL Loss
	Reduced from 1.096 to 0.978, indicating better alignment and representation learning in the training process.

	Precision (B)
	Improved significantly from 0.395 to 0.591, showing the model's increasing accuracy in identifying relevant objects correctly.

	Recall (B)
	Increased consistently from 0.138 to 0.301, reflecting a higher proportion of relevant objects being detected.

	mAP@50 (B)
	Improved from 0.087 to 0.301, indicating better object detection performance at a strict IoU threshold.

	mAP@50-95 (B)
	Improved from 0.045 to 0.176, showing enhanced detection accuracy across multiple IoU thresholds.

	Validation Box Loss
	Declined steadily from 1.163 to 0.898, indicating improved bounding box prediction on the validation data.

	Validation Class Loss
	Reduced substantially (initial value 77.13, final value 143.92), though the initial scaling may need correction; the final trend reflects better classification accuracy.

	Validation DFL Loss
	Slightly reduced from 0.922 to 0.791, indicating consistent improvement in validation dataset alignment.

	Learning Rate (LR)
	Started at 0.000195 and steadily decreased to 0.000035, demonstrating effective learning rate scheduling to optimize convergence.




[bookmark: _Toc184384831]4.4. Conclusion
This chapter provides the details of the implementation of the image recognition model using YOLOv8 architecture. The detailed steps that were used in the implementation as well as evaluation of model are explained in this chapter. 















[bookmark: _Toc184384832]CHAPTER 5 – Results & Analysis
[bookmark: _Toc184384833]5.1. Introduction
In this project, YOLOV8 architecture is used for the recognition of images in association with autonomous driving. The performance of the model was analysed using confusion matrix, precision, recall, F1 score and accuracy. This chapter focuses on discussion of the evaluation of the model through these parameters. The evaluation of the performance provides understanding of the adequacy and reliability of the model. 
[bookmark: _Toc184217866][bookmark: _Toc184384834]5.2. Exploratory Data Analysis 
The exploratory analysis of the dataset was done to know about the features of the dataset
[image: No description has been provided for this image]
[bookmark: _Toc184384851]Figure 4:- Distribution of annotations per image.
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This figure depicts the distribution of object annotations per image, where objects are delineated with bounding boxes. The majority of images contain between 5 to 40 annotations. The data shows an average of 18.25 annotations per image, with a median value of 17 annotations. The maximum number of annotations recorded in a single image is 88.
[image: No description has been provided for this image]
[bookmark: _Toc184384852]Figure 5:- Distribution of image widths and image heights.
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This figure presents the distribution of image widths and image heights. The average value of image width is 1280 and average value of image height is 720. The minimum value of image width is 1280 and average value of image height is 720. 
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[bookmark: _Toc184384853]Figure 6:- Distribution of image brightness in training dataset.

This figure presents the distribution of the brightness of the image in training dataset. The average brightness comes out to be 102.6 and minimum brightness was 4.59. Apart from this, maximum brightness comes out to be 215.41. 
[image: No description has been provided for this image]
[bookmark: _Toc184384854]Figure 7:- Class Representation in Training images.

This figure shows the class representation in the training images. The maximum number of the instances belong to car class and second highest number of the instances belong to traffic sign class. The minimum number of the instances belong to trailer class. 
[image: No description has been provided for this image]
[bookmark: _Toc184384855]Figure 8:- Aspect Ratio Distribution After Resizing.
This figure presents the aspect ratio distribution of the images after resizing of images. The aspect ratio comes out to be 1. 

[image: ]
[bookmark: _Toc184384856]Figure 9 Bounding Box Annotations

This figure illustrates the detection of objects within a set of validation images, with each object represented by a bounding box and associated label. Objects detected include cars, pedestrians, traffic signs, bicycles, and traffic lights. The annotations display confidence scores, ranging from 0.3 to 0.7, indicating the model's certainty in identifying each object. The visualizations provide insights into the model's performance and its ability to identify multiple objects in varying scenes, from urban environments to open roads.
[bookmark: _Toc184217867][bookmark: _Toc184384835]5.3. Confusion Matrix
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[bookmark: _Toc184384857]Figure 10:- Confusion Matrix of CNN model.
Confusion is used in machine learning that is used for the evaluation of the performance of the classification model. This matrix provides visual representation of predictions of model against the actual outcome. This matrix has different elements such as true positive, true negative, false positive and false negative. The true positive indicates that model correctly predicted positive class, and true negative indicates model correctly predicted negative class. False positive indicates that model incorrectly predicted positive class, and false negative indicates that the model incorrectly predicted a negative class. 
Accuracy is indicated by diagonal elements of the confusion matrix and class wise performance of the model can be analysed from this matrix. The model has high true positive value for the true positive class which indicates that the model is quite accurate in the prediction of cars. This has low false positive and false negative values. 
The model also performs well for the Pedestrians class as it also has high true positive value and low false positive as well as false negative value. On the other hand, model has some difficulty in distinguishing motorcycles from other classes. This is indicated by higher false positive and false negative values. 
[bookmark: _Toc184217868][bookmark: _Toc184384836]5.4. Precision Recall Curve
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[bookmark: _Toc184384858]Figure 11:- Precision Recall Curve.

This figure indicates the precision recall curve of various classes. The highest precision recall curve is seen for the car class indicating that this class is identified by model most accurately. 
[bookmark: _Toc184217869][bookmark: _Toc184384837]5.5. F1-Confidence Curve
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[bookmark: _Toc184384859]Figure 12:- F1-Confidence curve.

This figure presents the F1-confidence curve of the model and the value in this curve is also highest for the car class.
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This figure presents the precision-confidence curve of the model and the value in this curve is also highest for the motorcycle class.

[bookmark: _Toc184217870][bookmark: _Toc184384838]5.6. Recall Confidence Curve 
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[bookmark: _Toc184384860]Figure 13:- Recall confidence curve.


This figure presents the recall-confidence curve of the model and the value in this curve is also highest for the car class 
[image: No description has been provided for this image]
[bookmark: _Toc184384861]Figure 14:- Precision, recall, map@50 over epochs, map@ 50-95 over epochs.















[bookmark: _Toc184384870]Table 4 Experimental results of model
	epoch
	time
	train/box_loss
	train/cls_loss
	train/dfl_loss
	metrics/precision(B)
	metrics/recall(B)
	metrics/mAP50(B)
	metrics/mAP50-95(B)
	val/box_loss
	val/cls_loss
	val/dfl_loss
	lr/pg0
	lr/pg1
	lr/pg2

	1
	185.232
	1.40467
	2.15747
	1.09873
	0.24446
	0.11009
	0.05605
	0.02811
	0.96424
	367.643
	0.78657
	0.000195
	0.000195
	0.000195

	2
	361.489
	1.48438
	1.8891
	1.15982
	0.20757
	0.1523
	0.07864
	0.04012
	0.88539
	201.619
	0.71023
	0.000384
	0.000384
	0.000384

	3
	535.071
	1.48152
	1.82729
	1.15523
	0.19068
	0.12139
	0.06315
	0.0316
	0.93566
	221.156
	0.7453
	0.000564
	0.000564
	0.000564

	4
	707.608
	1.48163
	1.7963
	1.15127
	0.21982
	0.15402
	0.08207
	0.04101
	0.8919
	225.378
	0.71406
	0.000553
	0.000553
	0.000553

	5
	878.411
	1.42652
	1.70651
	1.11971
	0.26019
	0.05773
	0.07619
	0.03762
	0.89239
	26.211
	0.70871
	0.000541
	0.000541
	0.000541

	6
	1050.19
	1.39701
	1.64436
	1.10866
	0.25616
	0.17293
	0.11083
	0.05752
	0.84219
	114.009
	0.68716
	0.00053
	0.00053
	0.00053

	7
	1222.71
	1.37232
	1.59685
	1.09489
	0.28263
	0.20447
	0.13519
	0.07099
	0.82207
	188.128
	0.67873
	0.000518
	0.000518
	0.000518

	8
	1393.94
	1.3376
	1.55754
	1.08153
	0.35509
	0.18522
	0.12771
	0.06658
	0.82066
	126.261
	0.67361
	0.000507
	0.000507
	0.000507

	9
	1566.55
	1.33565
	1.53085
	1.08
	0.37622
	0.21664
	0.14597
	0.0777
	0.80193
	266.431
	0.66932
	0.000495
	0.000495
	0.000495

	10
	1738.95
	1.3177
	1.47941
	1.07286
	0.3677
	0.2172
	0.14974
	0.08108
	0.79482
	205.108
	0.66514
	0.000483
	0.000483
	0.000483

	11
	1910.61
	1.30037
	1.45714
	1.06126
	0.38616
	0.22698
	0.16306
	0.08853
	0.78171
	193.225
	0.65978
	0.000472
	0.000472
	0.000472

	12
	2082.83
	1.2871
	1.41112
	1.05758
	0.48353
	0.24018
	0.17795
	0.09791
	0.77396
	201.848
	0.65605
	0.00046
	0.00046
	0.00046

	13
	2254.96
	1.27183
	1.38372
	1.05477
	0.48034
	0.24849
	0.186
	0.1016
	0.76796
	247.584
	0.65273
	0.000448
	0.000448
	0.000448

	14
	2427.44
	1.26998
	1.37091
	1.04463
	0.45908
	0.2331
	0.1521
	0.08281
	0.76566
	291.548
	0.65026
	0.000437
	0.000437
	0.000437

	15
	2598.53
	1.25049
	1.35766
	1.03946
	0.48327
	0.24728
	0.19165
	0.10513
	0.7589
	153.676
	0.64746
	0.000425
	0.000425
	0.000425

	16
	2770.1
	1.25384
	1.34579
	1.04151
	0.48496
	0.25544
	0.18804
	0.10637
	0.75763
	212.503
	0.6453
	0.000413
	0.000413
	0.000413

	17
	2940.99
	1.23873
	1.31725
	1.03665
	0.5175
	0.25978
	0.20289
	0.1133
	0.75001
	194.217
	0.64246
	0.000402
	0.000402
	0.000402

	18
	3112.24
	1.22811
	1.33127
	1.02771
	0.50069
	0.26885
	0.21425
	0.12271
	0.74416
	194.208
	0.63831
	0.00039
	0.00039
	0.00039

	19
	3283.11
	1.22855
	1.29155
	1.02707
	0.58475
	0.26542
	0.20923
	0.1182
	0.73696
	177.455
	0.63996
	0.000378
	0.000378
	0.000378

	20
	3454.36
	1.21432
	1.28352
	1.02571
	0.51566
	0.25889
	0.21076
	0.11976
	0.73464
	251.328
	0.63788
	0.000367
	0.000367
	0.000367

	21
	3624.22
	1.19737
	1.2713
	1.0173
	0.48363
	0.2765
	0.229
	0.1312
	0.72458
	184.674
	0.6308
	0.000355
	0.000355
	0.000355

	22
	3794.44
	1.20648
	1.26958
	1.01834
	0.53731
	0.28201
	0.23288
	0.13427
	0.72357
	195.685
	0.63048
	0.000344
	0.000344
	0.000344

	23
	3966.27
	1.19331
	1.25399
	1.01303
	0.43144
	0.28977
	0.23132
	0.13328
	0.72463
	220.854
	0.63096
	0.000332
	0.000332
	0.000332

	24
	4134.37
	1.1883
	1.24039
	1.0103
	0.60729
	0.28612
	0.24317
	0.14196
	0.71645
	171.859
	0.62648
	0.00032
	0.00032
	0.00032

	25
	4305.38
	1.18279
	1.23704
	1.00497
	0.5252
	0.30126
	0.24852
	0.14611
	0.71071
	189.443
	0.62448
	0.000309
	0.000309
	0.000309

	26
	4476.54
	1.17386
	1.2133
	1.00479
	0.48103
	0.30161
	0.25062
	0.14598
	0.70745
	228.15
	0.62351
	0.000297
	0.000297
	0.000297

	27
	4647.85
	1.16964
	1.20304
	1.00481
	0.62197
	0.29613
	0.26052
	0.15423
	0.70407
	230.805
	0.62212
	0.000285
	0.000285
	0.000285

	28
	4818.83
	1.16718
	1.20434
	0.99706
	0.54514
	0.2929
	0.25914
	0.1532
	0.70508
	176.501
	0.62202
	0.000274
	0.000274
	0.000274

	29
	4989.05
	1.1627
	1.19562
	0.99778
	0.634
	0.30601
	0.27022
	0.16015
	0.69663
	226.922
	0.62022
	0.000262
	0.000262
	0.000262

	30
	5160.47
	1.1574
	1.1911
	0.99717
	0.63087
	0.29973
	0.27501
	0.16586
	0.69449
	258.048
	0.61766
	0.00025
	0.00025
	0.00025

	31
	5331.4
	1.15012
	1.18707
	0.99163
	0.57883
	0.3211
	0.30477
	0.18408
	0.69186
	217.318
	0.61625
	0.000239
	0.000239
	0.000239

	32
	5501.95
	1.14951
	1.17167
	0.99851
	0.60014
	0.32941
	0.28838
	0.17384
	0.68731
	210.747
	0.61538
	0.000227
	0.000227
	0.000227

	33
	5672.16
	1.12825
	1.13811
	0.98675
	0.60876
	0.3312
	0.30869
	0.18334
	0.68447
	220.581
	0.61377
	0.000215
	0.000215
	0.000215

	34
	5842.18
	1.13417
	1.13552
	0.9853
	0.62214
	0.3338
	0.32117
	0.19689
	0.6818
	250.05
	0.61339
	0.000204
	0.000204
	0.000204

	35
	6012.13
	1.13329
	1.14506
	0.98497
	0.65016
	0.33133
	0.32207
	0.19722
	0.67905
	225.563
	0.61154
	0.000192
	0.000192
	0.000192

	36
	6181.69
	1.12066
	1.11771
	0.97854
	0.63114
	0.34479
	0.32606
	0.19875
	0.67469
	238.462
	0.6091
	0.000181
	0.000181
	0.000181

	37
	6351.5
	1.11153
	1.11088
	0.9776
	0.64013
	0.35296
	0.34898
	0.21391
	0.67354
	206.536
	0.60867
	0.000169
	0.000169
	0.000169

	38
	6521.35
	1.11817
	1.11616
	0.98213
	0.58165
	0.34732
	0.34475
	0.21114
	0.66973
	202.151
	0.60615
	0.000157
	0.000157
	0.000157

	39
	6691.57
	1.10916
	1.08509
	0.97357
	0.56143
	0.35915
	0.33324
	0.20552
	0.66807
	233.096
	0.60579
	0.000146
	0.000146
	0.000146

	40
	6860.97
	1.10494
	1.0785
	0.97212
	0.60058
	0.36343
	0.35666
	0.22052
	0.66331
	214.67
	0.60394
	0.000134
	0.000134
	0.000134

	41
	7031.78
	1.10671
	1.05008
	0.96147
	0.65487
	0.35288
	0.35249
	0.21575
	0.66965
	172.338
	0.6067
	0.000122
	0.000122
	0.000122

	42
	7200.42
	1.09632
	1.01061
	0.95844
	0.66045
	0.36344
	0.36558
	0.22373
	0.66607
	206.426
	0.60433
	0.000111
	0.000111
	0.000111

	43
	7368.71
	1.09236
	1.00902
	0.95448
	0.64987
	0.35589
	0.37624
	0.2342
	0.66419
	160.925
	0.60414
	9.90E-05
	9.90E-05
	9.90E-05

	44
	7536.56
	1.08862
	0.98911
	0.95205
	0.60655
	0.36806
	0.39231
	0.24829
	0.65987
	156.606
	0.60195
	8.74E-05
	8.74E-05
	8.74E-05

	45
	7706.64
	1.07816
	0.97901
	0.95225
	0.60673
	0.36774
	0.39998
	0.259
	0.65846
	149.796
	0.60143
	7.57E-05
	7.57E-05
	7.57E-05

	46
	7874.99
	1.07587
	0.94789
	0.94927
	0.66408
	0.37082
	0.41252
	0.2686
	0.65647
	171.584
	0.60105
	6.41E-05
	6.41E-05
	6.41E-05

	47
	8043.59
	1.06701
	0.92715
	0.94599
	0.60226
	0.39853
	0.41909
	0.27129
	0.65587
	165.144
	0.60056
	5.24E-05
	5.24E-05
	5.24E-05

	48
	8211.56
	1.06679
	0.90177
	0.94515
	0.58962
	0.42965
	0.44014
	0.28932
	0.65331
	161.088
	0.59936
	4.08E-05
	4.08E-05
	4.08E-05

	49
	8379.48
	1.06523
	0.88776
	0.94375
	0.64632
	0.39308
	0.44888
	0.29461
	0.65193
	147.962
	0.59881
	2.92E-05
	2.92E-05
	2.92E-05

	50
	8547.45
	1.06394
	0.8754
	0.94239
	0.65832
	0.38918
	0.45988
	0.29969
	0.65154
	132.098
	0.59862
	1.75E-05
	1.75E-05
	1.75E-05


.
[bookmark: _Toc184217871][bookmark: _Toc184384839]5.7. Summary & Conclusion 
The aim of this project was to develop a model based on CNN for image detection and recognition of heterogeneous scenes in autonomous vehicles. Whole research process was guided by this aim. This scope of the research was restricted with this aim and each step from literature review to the evaluation of the CNN based image recognition model was completed within scope of this aim. 
The objectives of this research project were achieved to a large extent. The first objective was to analyse current literature to understand existing models for image recognition in autonomous vehicles. This objective was addressed in chapter two of this report by performing a comprehensive review of the literature on autonomous vehicles, challenges faced in the operation of autonomous vehicles, CNN architectures and the YOLO architecture framework for the development of the image-based CNN model for image recognition. 

The second objective of the project was to develop a CNN-based image model to detect and recognise objects from heterogeneous scenes. This objective is reflected in chapter three and chapter four of this report. Chapter 3 provides the methodology that was used for the development of the CNN-based image recognition model for autonomous vehicles and Chapter 4 discusses the detailed implementation of the model. Each of the steps from the acquisition of data to the execution of the model has been discussed in this chapter. The steps followed in the processing of the data are also explained in this chapter. 

The third objective of the project was to evaluate the performance of the developed CNN model using a well-known dataset and evaluation metrics. This objective was also achieved by evaluating model performance through use of confusion matrix, recall, precision, F1-score and accuracy metrics. This is reflected in chapter 5 of this report. The model was found to provide highest performance for the car class. 

The results of evaluation of the performance of the model are discussed in this chapter. The model was found to have the highest accuracy for the car class as compared to other classes. It also provides good precision, recall and F1-score for this class. 
[bookmark: _Toc184384840]CHAPTER 6 – Reflections

This chapter presents the reflection of the research discussing how well aim as well as objectives of the project were accomplished. The challenges faced during the completion of project and way in which they were addressed will also be discussed in this chapter. The lessons learned from project as well as its key takeaways will also be explained in this chapter. 
[bookmark: _Toc184217879][bookmark: _Toc184384841]6.1. Lesson Learned 
Various lessons were learned from completion of this project. I was able to know about exploratory analysis of the data and its importance in getting to understand of the data.  I was able to learn about importance of pre-processing of the data for the improvement of quality of the input data that was used for training of the model. Earlier, I had known CNN from theoretical perspective only but now I was able to implement the project from practical perspective. I was able to know about different parameter settings related to the implementation of CNN model. Moreover, I was also able to know how to evaluate the performance of the model using different aspects such as confusion matrix, precision, recall, F1 score and accuracy. I was able to know about challenges faced in implementation of model such as overfitting and computational complexity.
[bookmark: _Toc184384842]6.2. Limitations of the Study and Future Research
The future researchers can improve the performance of the model further by using larger dataset as the current model used dataset sample of only 10K images, but use of larger dataset can improve the performance of the model in future. Current models make use of YOLOV8 architecture for the development of the model, but other architectures can also be tried by future authors to achieve better model. Different other machine learning techniques can be used by future authors apart from CNN to improve performance of model. 
[bookmark: _Toc184217880][bookmark: _Toc184384843]6.3. Things that could have done differently
The project could have improved in terms of the accuracy if I would have used large dataset. This could also have improved the precision and recall of the model. In this project, I used only the CNN model, but more machine learning models could also have been used to achieve better performance of the model. 
[bookmark: _Toc184217881][bookmark: _Toc184384844]6.4. Challenges Faced
Some of the challenges were faced during the development of the CNN-based image recognition model. The biggest challenge was faced in the data acquisition phase where the dataset was heavy, and it was taking a long time to get loaded. Due to this, I took a small size sample of the dataset, but it compromised the accuracy of my model to some extent. The second challenge was to decide on different parameters which were to be used for the implementation of CNN based model. I addressed this challenge by performing different experiments using various parameters to arrive at the best parameters for the model. There was also risk of facing the overfitting of the model, but I was able to address this risk by taking a substantial amount of the data for the training of the model. 
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[bookmark: _Toc184384846]Appendix

[bookmark: _Toc184384847]Project Management 

This Gantt chart shows how a project moves through seven major stages, including planning, research, data collection, model building, testing, and evaluation. The preparation and delivery of the final presentation marks the end of it, together with documentation and final reporting. To guarantee an orderly and effective workflow, each phase is structured with duties that are well defined.
[image: ]
[bookmark: _Toc184384862]Figure 15 project time line Gantt chart
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# Mounting Google Drive
fron google.colab inport drive
drive.mount (' /content /drive’)

Hounted at scontent/drive

15 scontents

sample_datas

# Download the file directly into a Google Colab session storage
luget -P fcontent/ https://dl.cv.ethz.ch/bdd100k/data/10k inages._train.zip
lunzip /content/10k inage zip -d /content

inflating:
inflating:
inflating:

Jcontent /bdd10k /inages /10k /train/1b72624¢ -00000000. i
Jcontent /bdd100k /inages /L0k /train 27335048 -da29b125
Jcontent /bdd100k /inages /L0k /train/625F528e -a085e8Cd
inflating: /content/bdd1odk/inages Lok train/4a24dbda-00000000.
inflating: /content/bdd1ook/inages/Lok/train/6b367893-04d0a7ba
inflating: /content/bdd1odk/inages/0k/train/23dra637-bed9@s29. i
inflating: /content/bddlodk/inages Lok train/3c40Ld71-41861562.
inflating: /content/bdd1odk/inages Lok train/dbbc7s55-cob1b675
inflating: /content/bdd1odk/inages /10k/train/0004adca-ddrraad. i
inflating: /content/bdd1oek/inages /Lok/train/ads909F7 -54edberr. jog
inflating: /content/bdd1odk/inages L0k train/54F36F5c-71638bc5
inflating: /content/bdd1oek/inages Lok train/33a60315-0243741F.
inflating: /content/bdd1odk/inages L0k train/2742e632-dd7bbbe
inflating: /content/bdd1odk/inages Lok train/0ac20953-2830F7c0.
inflating: /content/bdd1odk/inages Lok train/361F8F35-00000000.
inflating: /content/bdd1oek/inages /Lok/train/1463ee94 -00000000.
inflating: /content/bdd1odk/inages L0k train/08022695-557¢7ead
inflating: /content/bddlodk/inages Lok train/6eddesas-83bF7ar2





image7.png
©

)

def extract_unique_categories (bddlok_json_path):
with open(bdd1ek_json_path) as F:

data = json.load(f)

unique_categories = set()

For entry in dat

i ‘labels’ in entry:
For label in entry['labels’

unique_categories. add(label[ category'])

return unique_categories

train_categories = extract
val_categories

print(
print(

Unique
Unique

Unique categories in train set
Unique categories in val se

categories in train set: {'rider
categories in val set: {'rider’,

inique_categories (' /content /bdd100k/labels /det_20/det_train.json’)

extract_unique_categories (' /content/bdd100k/labels/det_20/det_val.3son')

, train_categories)
val_categories)

', ‘other vehicle',

“car', ‘motorcycle’,

‘traffic sign’,

‘motorcycle’,

‘trailer’,

‘traffic sign’,

‘other person’,

‘trailer’,

‘train’,

‘sther person’,

‘traffic light',

‘pedestrian’,

‘traffic light',

‘pedestrian’, ‘truck’,

“truck’,

“ather vehicle',

‘train’,

“bust,

“bust,

‘bicycle'y

“bicycle'r
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] #convertion annotation label in to yolo format

inport json
inport os

def convert_bbox(size, box):
"""Convert box2d to YOLO format (x_center, y_center, width, height) normalized.
du = 1. / size[e]
dh = 1./ size[1]

(Box['x1'] + box['x2'1) / 2.0

(box['¥1'] + box['¥2'1) / 2.0

box['x2'] - box['x1']

h = box['y2'] - box['yl']

return x % du, y * dh, W * du, h* dh

def convert_bdd1odk_to_yolo(bdd100k

on_path, output_dir, categories_map):

onvert BODLOGK JSON annotatlons fo YOLO format.

with open(bddlak_json_path) as
data = json.load(f)

0s.makedirs (output_dir, exist_ok=True)

For entry in dat
File_name = entry[ 'nane']
width, height = entry.get('width', 1280), entry.get('height', 720) # default widthsheight if missing

# Skip entries without 'labels’
i 'labels’ not in entry:
continue

Label_file = os.path.join(output_dir, '{os.path.splitext(File_name)[@]}.txt")

with open(label_file, 'w') as Fi
For label in entry['labels’
category = label['category']
if category in categories_map: # Ensure category is in the map
class_id = categories_map[category]
bbox = convert_bbox((width, height), labell'box2d'])
furite(f"{class_id} {bbox[0]} {bbox[1]} {bbox[2]} {bbox[31}\n")
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)

# category napping according to your YOLO classes
categories_map = {
‘bicycle': 0,

‘motorcycle':
‘other person’
‘ather vehicle': 5,
‘pedestrian’: 6,
‘rider': 7,
‘traffic light'
‘traffic sign'
‘trailer': 10,
‘train': 11,
“truck's 12

¥

# running conversion script
convert_bdd1adk_to_yolo(' /content /bdd100k/Labels /det_20/det_train.json’, '/content/bdd100k/labels/train’, categories_map)
convert_bdd1a0k_to_yolo(' fcontent/bdd10dk/Labels/det_20/det_val.son’, '/content/bdd100k/labels/val , categories_map)

inport torch
print("6PU available:
print("6PU device name

tarch. cuda. is_available())
, torch.cuda.get_device_nane(@) if torch.cuda.is_available() else "Ho GP

GPU available: True
GPU device name: NYIDIA AL0D-SKMA-40GE
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© nport yaml

bddLeek_config = {

“trains {
‘images': '/content/bdd100k/inages 10k trai
“labels': '/content/badlook/Labels/tr

I

al's {
‘images': '/content/bdd1l00k/inages/10k/val’,
‘labels': ‘/content/badlOOk/Labels/val'

D)

‘net 13,

“names’: [
bicycle”, "bus’, "car’, "motorcycle’, "other person’,
other vehicle', "pedestrian’, rider’, "traffic light’,
traffic sign’, "trailer, "train®, "truck

1

¥

# Saving dictionary as a YAML File inline in the code
yaml_path = bdd100k_10k.yanl'
with open(yal_path, 'w') as File:

yam1. dunp (bdd100K_config, file)

print(F'YAHL configuration saved at {yaml_path}")

3% YAML configuration saved at bdd100k_L0k.yanl
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[ ] # Load YOLO model
model = YOLO('yolovsl.pt') # YOLOVS model variant

# Training the model using the YAHL File path
nodel.train(data=' /content /bdd10k/bdd100k 10k.yanl ',

epoch # Rumber of training epochs
ingsz Tnage size
Batch size

Initial learning rate
Data augnentation: vertical flip

Data augnentation: horizontal flip
Hosaic augnentation

Mixup augnentation for blending inages

5% Ultralytics £.3.29 &° Pythan-3.10.12 torch-2.5.0+culzL CUDAI@ (WWIDIA AL0O-SXI4-30GE, 40S14MIE)

engine/trainer: task=detect, modestrain, mode

©10uSL.pt, data=/content/bdd1oek/bddldk 10k.yanl, epochs=20, timeshone, patience=109, batch=32, ings

Ouerriding model.yanl nc=8Q with nc=13
From n params  module argunents
o ENE 1856 ultralytics.nn.modules.conv. Cony 13, 84, 3, 21
1 S11 73984 ultralytics.nn.modules.con.Conv 184, 128, 3, 2]
2 Sl 3 279808 ultralytics.nn.modules.block.C2f [128, 128, 3, Truel
H Sl 1 295424 ultralytics.nn.modules.cony.Conv 1128, 256, 3, 2]
a Sl 6 2101248 ultralytics.nn.modules.block.C2f 1256, 256, 6, Truel
5 Sl 1 1180872 ultralytics.nn.modules.cony.Conv 1256, 512, 3, 2
6 Sl 6 5396800 ultralytics.nn.modules.block.C2f [512, 512, 6, Truel
7 Sl 1 2380320 ultralytics.nn.modules.cony.Conv 1512, 512, 3, 21
s Sl 3 4461568 ultralytics.nn.modules.block.C2f [512, 512, 3, Truel
s S1 1 658895 ultralytics.nn.modules.block.SPPF 1512, 512, 5
10 EE @ torch.nn.modules.upsanpling. Upsanple [one, 2, 'nearest ']
11 1,8 1 @ ultralytics.nn.modules.conv.Concat 1
12 -1 3 4723712 ultralytics.nn.modules.block.C2f 11024, 512, 3]
13 E @ torch.nn.modules. upsanpling. Upsanple [one, 2, 'nearest']
1 1,41 1 @ ultralytics.nn.modules.conv.Concat &3]
15 Sl 3 1247744 ultralytics.nn.modules.block.C2f 1768, 256, 31
16 Sl 1 590336 ultralytics.nn.modules.conv.Conv 1256, 256, 3, 21
17 1, 12] 1 @ ultralytics.nn.modules.conv.Concat 1
18 Sl 3 4592640 ultralytics.nn.modules.block.C2F 1788, 512, 31
15 Sl 1 2380320 ultralytics.nn.modules.conv.Conv 1512, 512, 3, 21
2 1,01 1 @ ultralytics.nn.modules.conv.Concat 1
21 Sl 3 4723712 ultralytics.nn.modules.block.C2f 11024, 512, 3]
22 [15, 18, 211 1 5592823 ultralytics.nn.modules.head.Detect 113, (258, 512, 51211

Hodel sunnary: 365 layers, 43,639,863 paraneters, 43,639,847 gradients, 165.5 GFLOPS

Trancferred ERG/EO5 iteme From nretrained Wedghte
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Average Annotations per Image: 18.25
Median Annotations per Image: 17.68
Maximum Annotations in a Single Image: 88
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Distribution of Image Brightness in Training Dataset
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Class Representation in Training Images
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