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Abstract

Image recognition systems operating in low-resource environments often face challenges arising from poor
lighting, low resolution, image degradation, and limitations of image-capturing hardware. Such conditions can
adversely affect the reliability of automated recognition and detection systems. In automobile inspection, these
challenges become particularly important because vehicle damage such as dents, cracks, and other defects
may be captured through images of varying quality and under challenging imaging conditions.

This Dissertation Phase — Il presents an experimental study on a hybrid deep learning Model that integrates a
Generative Adversarial Network (GAN) for realistic image synthesis and image enhancement with the You
Only Look Once (YOLO) architecture for automobile damage detection. The study extends the research
direction established during Dissertation Phase — | and evaluates the proposed approach using the Automobile
Damage Detection dataset obtained from Roboflow Universe. The dataset comprises 6,957 annotated images
belonging to fourteen automobile damage classes. The proposed Model involves image preprocessing and
standardisation, GAN-based image enhancement and realistic synthetic image generation, followed by
YOLO-based object detection and classification.

The developed hybrid Model was experimentally evaluated using accuracy, precision, recall, and F1-score.
The results demonstrated that the hybrid YOLO-GAN model achieved an accuracy of 96%, precision of 93%,
recall of 91%, and F1-score of 92%. The results demonstrate the effectiveness of integrating GAN-based
image enhancement and synthesis with YOLO-based object detection for improving automobile damage
recognition under challenging and low-resource imaging conditions.

The study establishes a hybrid deep learning approach for automobile damage detection and demonstrates the
potential of combining generative and detection-based architectures within a unified recognition Model. The
proposed approach can support applications including automobile inspection, insurance claim assessment,
vehicle service inspection, and roadside damage assessment. Future work may focus on computational
optimisation, lightweight architectures, and deployment in resource-constrained environments.

Keywords: Image Synthesis, Image Enhancement, Generative Adversarial Network, YOLO, Hybrid Deep
Learning, Automobile Damage Detection, Low-Resource Image Recognition, Object Detection, Data
Augmentation, Deep Learning.
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CHAPTER 1 - INTRODUCTION

1.1 Research Background

Image recognition has become a core capability of contemporary artificial intelligence systems across diverse
industries such as healthcare diagnostics, autonomous navigation, security surveillance, agriculture, and
digital media. The reliability of an image recognition system, however, is highly influenced by the input
image’s quality. In practical use cases, images are acquired under low-resource conditions involving low
resolution, inadequate illumination, noise, occlusion, and limitations of image-capturing hardware. Such
conditions can adversely affect the extraction of meaningful visual features and consequently reduce the
reliability of recognition and detection systems. The challenges associated with low-quality images and
limited training data formed the foundation of the research proposed during Dissertation Phase — I.

Dissertation Phase — | proposed a hybrid model integrating a GAN - Generative Adversarial Network for
image enhancement and realistic synthetic image generation along with the YOLO - You Only Look Once
architecture for object detection and classification in real-time. The proposed research was designed around
an integrated workflow consisting of data input, preprocessing, GAN-based enhancement and synthesis,
YOLO-based detection, and performance evaluation. The underlying objective was to address the limitations
of approaches that treat image enhancement, synthetic data generation, and object detection as separate
processes, particularly in low-resource environments.

Dissertation Phase — Il is researched deeply with experiments and evaluation of the hybrid model for
automobile damage detection. The application focus is refined from general image recognition toward the
identification and localisation of specific automobile damage categories, including dents and damage to
vehicle components. The experimental study uses the Automobile Damage Detection dataset published on
Roboflow Universe, comprising 6,957 annotated images across fourteen automobile damage classes. Phase -
Il provides a deeper understanding and evaluation of the proposed model and examines its effectiveness for
automobile damage recognition under challenging image-recognition conditions.

1.2 Problem Context

Automobile damage assessment involves the identification and recognition of visible damage to vehicle
components through images. In real-world image recognition environments, the quality of the input image can
vary considerably due to factors such as low resolution, inadequate lighting, noise along with limitations of
image-capturing hardware that can make it difficult for automated recognition systems to extract and identify
the relevant visual features accurately.

The problem becomes more significant when image enhancement, synthetic data generation, and object
detection are addressed as separate processes. Image enhancement may improve visual quality but does not
necessarily ensure improved detection performance, while object detection systems are strongly dependent on
the quality of their input images. Similarly, conventional data augmentation techniques may increase dataset
size but have limited ability to generate realistic and diverse new samples. These limitations create a need for
an integrated approach that can improve image quality, generate additional realistic training data, and perform
reliable object detection within a unified framework.

1.3 Problem Statement
1. Lack of an Integrated System:

Existing approaches generally address image enhancement, image synthesis, and object detection as separate
tasks. There is a need for an integrated framework capable of combining these functions within a unified deep
learning pipeline.
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2. High Computational Cost:

Advanced image enhancement, generative, and detection models can involve considerable computational
requirements. High computational cost creates challenges for their practical use in resource-constrained
environments and highlights the need for an approach that balances performance with computational
efficiency.

3. Performance Degradation with Low-Quality Images:

The effectiveness of image recognition and object detection models can decrease when the input images suffer
from low resolution, noise, inadequate illumination, or other forms of image degradation. Such conditions can
limit the availability of useful visual information required for reliable detection.

4. Limited Utilisation of Synthetic Data:

Although generative models such as GANSs can be used to generate realistic synthetic images, the potential of
generated data is not always effectively incorporated into the object-detection process. This limits the
utilisation of synthetic data for improving the diversity and availability of training samples.

5. Absence of an End-to-End Solution:

There is a need for a comprehensive end-to-end approach that can collectively enhance image quality, generate
additional realistic data, and perform object detection within a unified framework. The absence of such an
integrated solution forms the central research problem addressed by the proposed GAN-YOLO Model.

1.4 Motivation

The motivation for this research arises from the need to improve the reliability and practical applicability of
deep learning-based image recognition under low-resource conditions. Existing approaches may perform
effectively when adequate image quality and computational resources are available; however, challenges
associated with low-resolution images, noise, inadequate illumination, and limited computational resources
can affect their effectiveness.

A further motivation is the limited integration of synthetic data generation with image recognition and object
detection processes. Generative models provide an opportunity to enhance image quality and generate realistic
synthetic samples, while object detection models provide the capability to identify and classify relevant
objects. Combining these capabilities can therefore provide a more comprehensive approach than treating
them as independent processes.

The research is consequently motivated by the need to develop a robust, resource-conscious, and integrated
deep learning approach that can enhance image quality, utilise realistic synthetic data, and improve object
detection performance within a unified framework. The proposed GAN-YOLO approach is intended to
address these requirements and provide a foundation for practical image-recognition applications in low-
resource environments.

1.5 Need for the Research

The need for this research arises from the following key requirements:

« To improve the visual quality of degraded automobile images while preserving the important visual
features required for reliable damage detection.

o To generate realistic synthetic images to increase the diversity of available training data and support
recognition of different automobile damage categories.
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A method is needed that can balance recognition performance with computational requirements so that
the resulting approach remains suitable for resource-constrained environments.

A system that can integrate image enhancement, synthetic image generation, and object detection
within a unified framework rather than treating these processes independently.

To measure the efficacy of the proposed hybrid model for automobile damage detection under low-
resource image-recognition conditions.

1.6 Aim of the Research

The primary aim of this study is to achieve the highest accuracy by designing, implementing, and
experimentally evaluating a hybrid deep learning Model that integrates pre-processing of data followed by
GAN-based image enhancement and synthetic image generation with YOLO-based object detection to
improve the efficacy of Automobile Damage Recognition under low-resource imaging conditions, using the
Automobile Damage Detection dataset as the basis for evaluation.

1.7 Research Objectives

The primary objectives of the research are to:

1.

Design a GAN-based module for enhancing low-quality automobile images and generating realistic
synthetic image samples.

Adapt and fine-tune a YOLO-based detector for multi-class automobile damage detection.

Integrate GAN-based image enhancement and synthetic image generation with YOLO-based object
detection within a unified hybrid Model.

Experimentally evaluate the efficacy and robustness of the proposed hybrid Model for automobile
damage detection using appropriate performance measures.

Examine the computational requirements and practical applicability of the proposed Model in low-
resource image-recognition environments.

1.8 Tools used for Proposed System

The following tools were used for the implementation of the proposed system:

» Programming Language

o Python: The primary programming language used due to its simplicity and massive libraries.

-

Deep Learning Model

o PyTorch: Used for building and handling deep learning models, GAN and YOLO
architectures.

GPU Acceleration

-

o CUDA: To speed up the training of deep learning models that significantly reduced the
computation time.

« Image Processing
o OpenCV: For Image preprocessing operations like resizing, filtering and augmentation

Datasets

o Roboflow: Automobile damage detection dataset used for training and testing
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1.9 Major Contribution of the Research

The key contributions of the research include:

1. Development of proposed Hybrid Modelintegrating GAN-based image enhancement and synthetic
image generation with YOLO-based automobile damage detection.

2. Experimental investigation of the proposed hybrid approach for multi-class automobile damage
recognition using a publicly available automobile damage dataset.

3. Evaluation of the hybrid model under standard measures for performance, including accuracy,
precision, recall, and F1-score.

4. Investigating the hybrid model’s application to low-resource image-recognition conditions, with
consideration of image quality, synthetic data utilisation, and computational requirements.

5. Establishment of an integrated Model combining image enhancement, synthetic image generation,
and object detection as proposed in the research direction established during Dissertation Phase—I.

CHAPTER 2 - COMPREHENSIVE LITERATURE REVIEW

2.1 Introduction

This chapter is a comprehensive review of the research on the hybrid GAN-YOLO model. The review covers
major developments in deep learning-based image recognition, image quality and low-resource recognition,
conventional and deep learning-based image enhancement, GAN-based image synthesis, advanced generative
models, synthetic data generation, object detection architectures, YOLO-based detection, and hybrid
approaches combining generative and detection models.

2.2 Deep Learning for Image Recognition

Deep learning has significantly advanced image recognition by enabling models to learn hierarchical and
discriminative visual features directly from image data. In contrast to traditional approaches that rely
extensively on manually designed feature descriptors, deep learning architectures can learn increasingly
complex representations through multiple layers of computation. This capability has contributed to the
adoption of deep learning across a wide range of image-processing and visual-recognition applications.

Hidayat et al. (2025), through a bibliometric analysis of artificial intelligence in digital image processing,
highlight the increasing research activity and application of Al-based approaches in image-processing tasks.
The study reflects the broader development of intelligent image-analysis systems and the growing role of deep
learning in automated visual processing.

Object recognition has also benefited from the availability of synthetic and diverse training data. Baimukashev
et al. (2019) investigate “Deep learning-based object recognition using physically realistic synthetic depth
scenes”, demonstrating the relevance of synthetic data in supporting recognition tasks where suitable real-
world data may be limited. This provides an important foundation for considering synthetic image generation
as a component of a broader recognition pipeline.

More recently, transformer-based architectures have emerged as an important development in computer
vision. Hassija et al. (2025) review transformer-based approaches for vision and discuss their ability to model
relationships between image features over broader spatial contexts. These developments demonstrate that
image recognition has progressed beyond conventional convolutional architectures and now includes multiple
architectural approaches with different computational and representational characteristics.
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Despite these advances, the effectiveness of an image recognition system remains dependent not only on the
architecture used but also on the characteristics and quality of the available input data. Consequently,
improving image quality and increasing the diversity of training data remain important considerations for
reliable recognition, particularly when images are acquired under challenging conditions.
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Figure 2.1: Deep Learning for Image Recognition

2.3 Image Quality and Low-Resource Recognition

The quality of the input image is an important factor in image recognition and detection performance. Real-
world images may contain variations in illumination, resolution, noise, contrast, viewing conditions, and other
acquisition-related characteristics. Such variations can affect the visual information available to a recognition
model and consequently influence its ability to identify relevant features.

Low-light imaging represents one important example of this challenge. The literature reviewed during Phase—
I indicates that deep learning-based enhancement methods can improve the visibility and contrast of low-light
images while attempting to preserve features relevant to subsequent recognition tasks. The reviewed work
also highlights the importance of feature preservation, since excessive enhancement may introduce artifacts
or amplify existing noise. A recurring theme across the literature is that recognition performance degrades
sharply once input images deviate from the clean, well-lit conditions typical of curated benchmarks. Asha and
Hemalatha review deep learning approaches for enhancing low-light photography; Chen et al. (2023) survey
image enhancement and correction methods in medical imaging, noting that illumination variation alone can
substantially depress downstream recognition accuracy. Farahzadi et al. (2025), in the specific context of built-
environment condition assessment, catalogue the damage characteristics and detection requirements that make
automated visual inspection difficult when source imagery is inconsistent in resolution, angle, and lighting —
conditions that mirror those encountered in automobile damage photography.

The problem becomes particularly relevant in low-resource recognition environments, where limitations may
arise from both the quality of the available images and the computational resources available for processing
them. High-quality input data may not always be available, while advanced enhancement and recognition
architectures can themselves require substantial computational resources.

These considerations establish two important requirements for the present research: first, the ability to improve
or enhance image information before detection; and second, the ability to utilise additional realistic image data
to support the recognition process. These requirements provide the basis for examining image enhancement,
GAN-based synthesis, and object detection as interconnected components of the proposed hybrid Model.
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Figure 2.2: Image Quality Degraded vs Enhanced

2.4 Conventional Image Enhancement Techniques

The previous techniques used for image enhancement have traditionally been used to improve the quality of
digital images before analysing them for further use. Common approaches include interpolation, histogram
equalisation, contrast adjustment, and classical filtering methods. These techniques can improve brightness,
contrast, sharpness, or apparent image quality without requiring the training of a dedicated deep learning
model.

Such methods are generally computationally simple and can therefore be useful when processing resources
are limited. However, their operations are primarily based on predefined mathematical transformations or
local image characteristics rather than features learned from data. Consequently, their ability to restore
information lost through degradation may be limited, particularly when images contain substantial noise, low
resolution, poor illumination, or other acquisition-related distortions.

Another important consideration is the preservation of information relevant to subsequent recognition.
Enhancement operations that excessively smooth an image or alter its contrast may affect fine visual structures
that are useful for detection. In automobile damage recognition, such structures may include the boundaries
of dents, surface irregularities, cracks, or other local damage characteristics.

The limitations of conventional enhancement techniques therefore provide a motivation for investigating
learning-based approaches. Instead of applying fixed transformations, deep learning-based enhancement
methods can learn relationships between degraded and higher-quality image representations from training
data. This transition from manually designed enhancement operations to learned image restoration forms an
important development in the literature.
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Figure 2.3: Image Enhancement Techniques

2.5 GAN-Based Image Synthesis

Goodfellow et al. (2014), introduced Generative Adversarial Networks (GANSs) that was an important
development in generative deep learning. It stated, ‘GAN consists of two neural networks: a generator, which
produces synthetic samples, and a discriminator, which attempts to distinguish generated samples from real
samples.” An adversarial process was used to train these two networks, enabling the GAN generator to
progressively improve the quality of its generated outputs over time.

The ability of GANs to learn the distribution of image data has made them applicable to several image-
processing tasks, including image synthesis, image enhancement, super-resolution, style transformation, and
data augmentation. Toshpulatov et al. (2021), in their survey of GANs and their applications to three-
dimensional face generation, discuss the ability of GAN-based approaches to generate realistic and diverse
visual samples. The broader literature reviewed during Phase—I similarly identifies high-fidelity synthetic
image generation as an important application of GANS in situations where labelled or suitable training data
may be limited.

GANSs can be particularly relevant to image-recognition systems because synthetic samples can provide
additional variation in the training data. When appropriately generated and incorporated into a training
pipeline, such samples may help expose a recognition model to a broader range of visual characteristics. This
makes GAN-based synthesis relevant to the present study, where the objective is to investigate the
combination of image enhancement and synthetic image generation with object detection.

GANSs are considered not only as independent image-generation models but also as a component of an
integrated recognition pipeline. Their role is to support image enhancement and realistic synthetic image
generation, after which the resulting visual information can be utilised by the YOLO-based detection
component.
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Figure 2.4: Generative Adversarial Network Model

2.6 Advanced Generative Models

The development of generative modelling has extended beyond conventional GAN architectures to include
diffusion-based and other advanced generative approaches. These models provide alternative mechanisms for
image synthesis and restoration and have demonstrated strong capabilities in generating visually realistic
outputs.

Saharia et al. (2022) introduced SR3, a diffusion-based super-resolution approach that progressively refines
an image through an iterative generation process. The reviewed literature identifies diffusion-based
approaches as capable of producing highly detailed and photorealistic outputs. However, the iterative nature
of diffusion-based generation can result in higher computational requirements and slower inference compared
with approaches designed for faster generation.

Real-ESRGAN, proposed by Wang et al. (2021), extends the Enhanced Super-Resolution Generative
Adversarial Network approach toward real-world image degradation. The method is designed to handle
complex and unknown degradations rather than relying exclusively on idealised degradation models. The
literature reviewed in Phase—I identifies Real-ESRGAN as an effective approach for practical image
enhancement while also recognising its computational requirements.

GFP-GAN, proposed by Wang et al. (2021), uses generative priors for restoration of degraded facial images.
Although its application is domain-specific, it demonstrates how generative priors can be incorporated into
restoration systems to recover visually meaningful information.

These developments demonstrate that modern generative models can provide high-quality image restoration
and synthesis capabilities. At the same time, the increasing complexity of advanced generative architectures
creates an important trade-off between output quality and computational efficiency. This trade-off is
particularly relevant to the present research because the proposed Model is intended to investigate image
enhancement and synthesis in the context of low-resource image recognition.

2.7 Synthetic Data and Data Augmentation

The diversity of training data is an important consideration while developing deep-learning-based recognition
systems. Traditional techniques of data augmentation like image rotation, cropping, scaling, flipping and
colour modification increase the variation within a training dataset without the requirement of a completely
new image dataset.
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Beyond conventional GANs, diffusion-based generative models have emerged as an alternative for
photorealistic image synthesis. Saharia et al. (2022) describe SR3, an iterative diffusion-based super-
resolution model that progressively refines degraded inputs. Wang et al. (2021b) present Real-ESRGAN for
real-world blind super-resolution, while GFP-GAN (Wang et al., 2021a) focuses on facial restoration using
generative priors. Dunlap et al. (2023) introduce ALIA, a diffusion-based augmentation approach designed to
diversify vision datasets. These methods broaden the options for generating or restoring images, although their
computational requirements vary and may be relevant in low-resource settings.

The use of synthetic data nevertheless requires careful consideration. Generated samples must retain
meaningful visual characteristics and should be sufficiently representative of the target domain to provide
useful information to a recognition model. Poor-quality or unrealistic synthetic samples may provide limited
benefit and can potentially introduce unwanted variation into the training process. For the present research,
synthetic data generation is therefore considered as a component of the hybrid Model rather than as an
independent objective. GAN-based synthesis is investigated alongside image enhancement and YOLO-based
detection, with the intention of providing additional realistic visual information within the overall recognition
pipeline.

2.8 Object Detection Architectures

Obiject detection involves both identifying the presence of objects within an image and determining their
spatial locations, typically through bounding-box predictions. Modern object detection architectures have
developed along several major directions, including two-stage and single-stage detection approaches.

Two-stage detectors generally separate the detection process into region proposal and subsequent object
classification and localisation. Architectures such as Faster R-CNN represent this approach and have
demonstrated strong detection capability across a range of visual-recognition tasks. However, the multi-stage
nature of such architectures can increase computational requirements and inference time.

Single-stage detectors, in contrast, perform object localisation and classification within a unified detection
process. This design reduces the number of processing stages and can provide faster inference, making single-
stage approaches particularly relevant to applications where detection speed is an important consideration.

The choice of detection architecture therefore involves a balance among detection accuracy, computational
requirements, and inference speed. For applications involving multiple damage categories, the ability to
simultaneously locate and classify damage regions is particularly important.

The present research adopts the YOLO family of single-stage object detectors as the detection component of
the proposed Model. YOLO provides an appropriate foundation for integrating the generative and detection
stages because image enhancement and synthetic data generation can be performed before the detection
process, while the detection model can subsequently identify and classify automobile damage within the
processed images.

2.9 YOLO-Based Object Detection

The You Only Look Once -YOLO represents an important development in single-stage object detection.
YOLO performs object detection as an integrated prediction problem, which enables localisation and
classification of the objects in the images to be performed within a single detection Model. This is an efficient
alternative to approaches that separate region proposal and subsequent classification into separate stages.

The You Only Look Once (YOLO) family of detectors treats object detection as a single regression problem,
dividing the input image into a grid and predicting bounding boxes, objectness confidence, and class
probabilities for each grid cell in one pass. Hussain (2023) traces the evolution of YOLO from v1 through v8,
documenting steady improvements in speed, small-object detection, and overall accuracy, and identifies
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YOLO as a de facto benchmark for real-time industrial and manufacturing defect detection. Chen and Tsai’s
(2022) application of CycleGAN and YOLOV4 to surface defect detection in agricultural produce, and Jung
et al.’s (2024) comparative study of GAN-based car-body defect detection using YOLOv7 and YOLOVS, are
particularly relevant precedents, as they demonstrate YOLO’s applicability to exactly the kind of surface-
defect detection problem addressed in this dissertation. Hussain (2023), in a review of the YOLO family from
YOLOv1 through YOLOVS, discusses the development of the architecture and its application across different
object-detection tasks. The literature reviewed during Phase—I identifies YOLO as an important architecture
for applications requiring efficient object detection and classification.

An important characteristic of YOLO is its ability to identify and localise multiple objects within an image
through a unified inference process. This characteristic is particularly relevant to automobile damage
detection, where an image may contain different damaged components and the system must identify their
corresponding locations and classes.

The literature also demonstrates the application of YOLO to visual defect and surface-defect detection. The
studies reviewed in the research literature include applications combining image-generation or image-
translation techniques with YOLO-based detection for defect-recognition tasks. These studies indicate the
suitability of YOLO for visual inspection problems in which both localisation and classification are required.
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2.10 Hybrid Approaches

The integration of generative models with object-detection architectures represents a relatively focused area
within the broader deep learning literature. The underlying principle is to use a generative or image-processing
stage to improve or diversify the visual information available to a subsequent detection model.

A comparatively small number of studies combine generative enhancement or synthesis with YOLO-based
detection into a single pipeline, as proposed in this dissertation. Chen and Tsai (2022) pair CycleGAN-based
image translation with YOLOv4 for pineapple surface-defect detection, reporting improved detection
reliability on visually inconsistent produce images. Jung, Oh, and Kim (2024) similarly combine GAN-based
image processing with YOLOv7/YOLOvVS8 for car-body part defect detection, directly anticipating the
application domain of this dissertation, though on a narrower, less fine-grained class set than the fourteen-
class Roboflow benchmark used here. The author’s own Phase — | proposal and subsequent UGC-referred
pilot study fall into this same family, validating the GAN-YOLO concept on a ten-class Kaggle car-body-part
dataset and reporting accuracy, precision, recall, and F1-score improvements of the hybrid model over either
component in isolation.

The research direction established during Dissertation Phase—I also proposed the integration of GAN and
YOLO within a unified Model. However, Phase—I represented the proposal and planned-work stage of the
research; it did not constitute a completed experimental validation. The Phase—I proposal identified the need
to combine image enhancement, realistic synthetic image generation, and object detection to address the
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limitations associated with low-quality images, limited synthetic-data utilisation, computational requirements,
and the absence of an integrated end-to-end approach.

2.11 Comparative Review of Existing Studies

The literature reviewed in Dissertation Phase — | provides a foundation for comparing the major approaches
related to image enhancement, image synthesis, data augmentation, object detection, and hybrid generative-
detection Models. The studies considered include foundational GAN research, transformer-based image
restoration, diffusion-based generation, synthetic-data augmentation, YOLO-based object detection, and
hybrid approaches combining image transformation with object detection. The comparative review is
presented in Table 2.1. The literature included in the table is derived from the research literature reviewed

during Dissertation Phase — I .

Table 2.1: Comparative Review of Existing Studies

Author / | Technique Application /| Principal Finding / | Key Limitation
Study Domain Contribution
Goodfellow | GAN General image | Introduced Training  instability
et al. (2014) synthesis adversarial learning | and mode-collapse-
using generator and | related challenges.
discriminator
networks for
synthetic data
generation.
Zamir et al. | Transformer- | General image | Demonstrated Higher computational
(2022) — | based restoration effective restoration | and memory
Restormer restoration through  modelling | requirements for
long-range pixel | high-resolution
interactions. restoration.
Liang et al. | Swin Image Demonstrated high- | Greater architectural
(2021) — | Transformer restoration and | quality  restoration | complexity than
SwinIR super- and super-resolution | conventional image-
resolution using hierarchical | processing methods.
transformer
processing.
Wang et al. | GAN-based Real-world Addressed real- | Computational
(2021) — | super- image world and complex | requirements may
Real- resolution degradation image degradations | limit use in highly
ESRGAN through  improved | resource-constrained
super-resolution. environments.
Saharia et al. | Diffusion Image super- | Demonstrated high- | Iterative generation
(2022) — SR3 | model resolution quality image | results in relatively
restoration through | high computational
iterative  diffusion- | and inference
based refinement. requirements.
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Dunlap et al. | Vision- Fine-grained Demonstrated  the | Generative

(2023) — | language- image use of learned | augmentation

ALIA based classification | generative depends on the
augmentation augmentation to | quality and relevance

provide diverse and | of generated samples.
class-consistent
training samples.

Hussain YOLO survey | Object Reviewed the | Detection
(2023) detection and | evolution of YOLO | performance remains
industrial architectures  and | dependent on input

applications their relevance to | quality and model
efficient object | Model.
detection.

Chen and | CycleGAN + | Surface-defect | Demonstrated  the | Application and
Tsai (2022) | YOLOv4 detection combination of | validation remain
image  translation | domain-specific.

and  YOLO-based
detection for
visually inconsistent
defect images.

Jung et al. | GAN + | Car-body part | Investigated the | The application uses a
(2024) YOLO-based | defect combination of | narrower  problem
detection detection GAN-based definition than the
processing with | multi-class  damage
YOLO-based detection considered
detection for | in the present study.
automobile-related
defects.

The comparison demonstrates that the individual components of the proposed Model have been extensively
investigated in the literature. However, the studies differ considerably in their application domains, datasets,
image characteristics, and experimental Models. Consequently, their reported findings cannot be directly
treated as equivalent evidence for automobile damage detection. The present study therefore focuses
specifically on the experimental investigation of a Hybrid Modelusing the Automobile Damage Detection
dataset defined for the research.

2.12 ldentified Research Gap
The critical analysis of the reviewed literature, together with the research gaps identified during Dissertation
Phase — |, establishes the following gaps addressed by the present study:

1. Lack of an Integrated Model:

Existing research frequently addresses image enhancement, synthetic image generation, and object
detection as separate technical problems. Although individual approaches have demonstrated
effectiveness, there remains a need for an integrated Model that combines these capabilities within a
unified recognition pipeline.
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2. High Computational Requirements:

Advanced image-enhancement, generative, and detection models may require considerable
computational resources. This creates a need to consider the balance between recognition performance
and computational requirements, particularly for applications intended for resource-constrained
environments.

3. Sensitivity to Low-Quality Images:

Image-recognition and object-detection systems can be affected by low resolution, inadequate
illumination, noise, and other forms of image degradation. The ability to enhance or improve image
information before detection therefore remains an important research requirement.

4. Limited Integration of Synthetic Data with Object Detection:

Generative models provide the capability to produce additional realistic image samples, but synthetic-
data generation is not always directly integrated with the subsequent object-detection process. This
creates an opportunity to investigate how synthetic image generation can form part of a broader
recognition pipeline.

5. Need for End-to-End Optimisation and Robustness:

The Phase — I research identified the need for an end-to-end solution capable of collectively addressing
image enhancement, synthetic data generation, and object detection while considering computational
efficiency and robustness. This requirement remains central to the present investigation.

6. Need for Further Experimental Evaluation in Automobile Damage Detection:

The reviewed hybrid approaches demonstrate the feasibility of combining generative processing with
YOLO-based detection, including applications related to surface defects and automobile-related visual
defects. However, differences in datasets, class definitions, and experimental Models indicate the need
for further experimental evaluation using a dedicated multi-class automobile damage dataset. The
present study addresses this requirement through experimental investigation using the Automobile
Damage Detection dataset comprising fourteen damage classes.

2.13 Chapter Summary

In this chapter, detailed research related to deep learning-based image recognition and enhancement, image
quality and low-resource recognition, GAN-based image synthesis, advanced generative models, synthetic
data generation, object detection, YOLO-based architectures and hybrid GAN-YOLO models were presented
as a comprehensive review.

The literature review demonstrates that significant progress has been achieved within each individual area.
GANs provide capabilities for image synthesis and enhancement, while transformer-based and other deep
learning approaches provide advanced mechanisms for image restoration. Diffusion-based models further
extend generative capabilities, while YOLO-based architectures provide efficient mechanisms for object
localisation and classification. The literature also demonstrates the feasibility of combining generative or
image-transformation techniques with object-detection models.

The comparative and critical analysis, however, identifies continuing challenges associated with image
quality, computational requirements, synthetic-data utilisation, and the integration of enhancement and
detection processes. These observations are consistent with the research gaps identified during Dissertation
Phase — I, particularly the need for an integrated Model capable of combining image enhancement, realistic
synthetic image generation, and object detection within a unified approach.

Dissertation Phase — Il therefore extends the research direction established during Phase — | into an
experimental investigation of a Hybrid Modelfor multi-class automobile damage detection.
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CHAPTER 3 - RESEARCH METHODOLOGY AND PROPOSED MODEL

3.1 Introduction

This chapter explains the methodology used to develop and evaluate the hybrid YOLO-GAN model for
automobile damage detection. The methodology follows the research framework established during
Dissertation Phase |, adapting its five-stage workflow to the automobile damage detection task using the
Automobile Damage Detection dataset from Roboflow Universe.

The chapter covers the research design, workflow, dataset, data preparation, image preprocessing, GAN-based
image enhancement and synthetic image generation, YOLO-based damage detection, integration of the two
components, algorithmic workflow, experimental setup, evaluation metrics, and performance assessment. The
approach combines generative and detection-based deep learning techniques to examine their effectiveness in
identifying automobile damage.

The methodology is organised around the five stages proposed in Phase I: input, preprocessing, GAN-based
enhancement and synthesis, YOLO-based detection, and output and evaluation. These stages provide the
foundation for the experimental work presented in this chapter.

3.2 Overall Research Design

This study follows an experimental research design to develop and evaluate a hybrid deep learning model for
automobile damage detection. The framework builds on the conceptual model proposed in Dissertation Phase
I and applies it to the Automobile Damage Detection dataset.

The research methodology consists of five main components:

1. Input Module: Collects automobile images and their corresponding damage annotations from the
selected dataset.

2. Preprocessing Module: Prepares and standardises the images and annotations for use in the deep
learning pipeline.

3. GAN-Based Enhancement and Synthesis Module: Supports image enhancement and the generation
of synthetic samples to expand the available training data.

4. YOLO-Based Detection Module: Identifies the locations of automobile damage and classifies the
detected damage into the relevant categories.

5. Output and Evaluation Module: Produces the detection results and measures model performance
using the selected evaluation metrics.

These components form a connected workflow in which image preparation, GAN-based processing, and
YOLO-based detection work together within the proposed framework. The experimental evaluation examines
the performance of this hybrid approach alongside the

3.3 Research Workflow

The proposed model’s research workflow follows the five-stage framework established during Dissertation
Phase | and adapted to automobile damage detection. The process is organised as follows:

Dataset Acquisition — Data Preparation — Image Preprocessing — GAN-Based Enhancement and
Synthesis — YOLO-Based Detection — Hybrid Model Evaluation
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The process begins with the acquisition of the publicly available Automobile Damage Detection dataset from
Roboflow Universe. The dataset is organised into training, validation, and testing subsets to support model
development and evaluation.

During preprocessing, the images and their corresponding annotations are prepared for model input. The GAN
component is then used for image enhancement and synthetic image generation as part of the proposed
framework. The resulting image data is incorporated into the YOLO-based detection pipeline to identify and
classify automobile damage.

At the end, the evaluation of the hybrid model is conducted using accuracy, precision, recall, and F1-score,
and the performance is also compared with the standalone YOLO and GAN configurations to examine the
differences between the three approaches. This workflow provides a structured basis for the experimental
investigation and performance analysis presented in the following sections.
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Figure 3.1: Proposed Solution Flowchart

3.4 Dataset Description

The experimental investigation uses the Automobile Damage Detection dataset available through Roboflow
Universe. The dataset is identified as version 1, generated on 26 May 2024, and distributed under the CC BY
4.0 licence.
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The dataset contains 6,957 annotated images belonging to fourteen automobile damage classes. It is organised
into training, validation, and testing subsets consisting of 5,216, 1,043, and 698 images, respectively.

Table 3.1: Automobile Damage Detection Dataset Summary

Feature Description

Dataset Name Automobile Damage Detection

Source Roboflow Universe — Automobile Damage Detection
Dataset Version Version 1

Generation Date 26 May 2024

Task Type Automobile damage object detection
Number of Classes 14

Total Images 6,957

Training Images 5,216

Validation Images 1,043

Test Images 698

Dataset Split 75% Training / 15% Validation / 10% Testing
Native Image Processing | Auto-orientation and resizing

Image Resolution 640 x 640 pixels

Padding Fit with white-edge padding

Licence CCBY 4.0

The dataset characteristics and published preprocessing information provide a standardised starting point for
the experimental investigation.

Automobile Damage Dataset — Sample Images
ajor_roof-11-_jpg.rf.c96 0838_JPEG_jpg.rf.c306c981 0176_JPEG_jpg.rf.59550d2f

body_pannel-29-_jpg.rf.7c

Figure 3.2: Automobile Damage Dataset — Sample Images
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3.5 Dataset Characteristics and Class Distribution

The dataset contains fourteen automobile damage categories covering different regions and components of a
vehicle. The classes include dents, windscreen damage, lighting damage, mirror damage, and running-board
damage.

Table 3.2: Class-wise Damage Categories in the Automobile Damage Detection Dataset

No. | Class Name General Damage Region
1 bonnet-dent Front — bonnet

2 boot-dent Rear — boot/trunk

3 doorouter-dent Side — door

4 | fender-dent Side — front fender

5 front-bumper-dent Front — bumper

6 Front-windscreen-damage = Front — windscreen

7 Headlight-damage Front — headlight

8 quaterpanel-dent Side — quarter panel

9 rear-bumper-dent Rear — bumper

10 | Rear-windscreen-Damage = Rear — windscreen
11 | roof-dent Top — roof

12 | Runningboard-Damage Side — running board
13 | Sidemirror-Damage Side — side mirror

14 | Taillight-Damage Rear — taillight

3.6 Data Preparation

The dataset was prepared using the predefined training, validation, and testing structure supplied with the
Roboflow dataset. The 75% training, 15% validation, and 10% testing split was retained for the experimental
investigation.

The dataset contains annotated automobile damage images suitable for object-detection training. The
annotations identify the location and class of the damage regions and provide the required information for
training the YOLO-based detection component.

Data preparation involves organising the image and annotation files into the required directory structure and
ensuring that the corresponding image and annotation files are available for each dataset subset.

The preparation stage provides a standardised input for the subsequent preprocessing and model-training
stages.
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1. Data Collection 2. Data Annotation 3. Data Preprocessing 4. Prepared Dataset
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Figure 3.3: Data Preparation

3.7 Data Preprocessing

Data preprocessing is performed to standardise the input images before their use in the proposed Model. The
preprocessing approach follows the image-standardisation principle established during Dissertation Phase — |
and the published preprocessing associated with the selected dataset.

The principal preprocessing operations include:
« image orientation standardisation;
« resizing of images to the required working resolution;
« preservation of the corresponding damage annotations;
« standardisation of image representation for model processing; and
« preparation of the annotated data for YOLO-based detection.

The published dataset provides images resized to 640 x 640 pixels using fit resizing with white-edge padding.
This provides a consistent image dimension for the object-detection stage.

The objective of preprocessing is to provide a consistent input representation while retaining the visual
characteristics and spatial information associated with automobile damage.

IJSDRTH01029 | International Journal of Scientific Development and Research (IJSDR) www.ijsdr.org | b19



ISSN:2455-2631 November 2026 IJSDR | Volume 11 Issue 11

.
@ Input Image Resize @ Colour Space Conversion ‘lmsc Reduction
B 4 .

Raw Automobile Resize to Uniform Size Convert from BGR to RGB e el values . Apply Gaussian Blur / 2. Enhance visibility of
Damage Image (640 x 640 pixels) (for model compatibility) ) ©ol01] %% | Median Filter (if required) ',,\' damage regions

BGR (OpenCV)

L | mE N g —
= ml ] ;
w , n-i :
2 | Before After Before After
g Original Pixel Normalized Pixel (Noise / Artifacts) (Noise Reduced) (Low Contrast) (Enhanced Contrast)
| = Values Values

(0-255) -1y

Challenges:
« Varying illumination
« Different viewpoints
o Noise and blur

o Diverse backgrounds = > =

« Different vehicle colours 640 x 640 x 3 ROB Modellspt)

)

@ Preprocessed Output
Apply online/offline augmentations to increase dataset diversity r -
(applied only to training images)
il e
— - - L
Original Rotation Horizontal Flip Vertical Flip Brightness. Zoom Translation Random Crop Preprocessed Image
(*15°) Adjustment (Shift)

(640 x 640 x 3)

Figure 3.4: Data Pre-Processing
3.8 Generative Adversarial Networks

GAN-Based Image Enhancement

The GAN component of the proposed model uses adversarial learning for image enhancement and synthetic
image generation. It consists of two neural networks: a generator and a discriminator. The generator produces
synthetic images, while the discriminator learns to distinguish generated images from real ones. During
training, the two networks compete with each other, enabling the generator to produce images that increasingly
resemble samples from the original dataset.

Within the proposed Model, the GAN component is intended to support the improvement of image
information relevant to automobile damage recognition. The enhanced image is subsequently made available
to the detection stage.

The role of the GAN component therefore includes:
1. improving the visual representation of automobile damage images;

2. supporting the recovery or enhancement of useful image characteristics under degraded conditions;
and

3. providing a generative mechanism that can be used for additional synthetic image generation.

This role is consistent with the research direction established during Dissertation Phase — I, in which GAN-
based enhancement and realistic synthetic image generation were proposed as major components of the
integrated Model.

The precise architectural and training parameters of the GAN are reported only where supported by the
experimental implementation and Model records.

GAN-Based Synthetic Image Generation

In addition to image enhancement, the GAN component is used to generate synthetic images and increase the
diversity of training samples available to the detection model.

Synthetic image generation helps introduce greater variation into the training data. By learning from existing
automobile images, the GAN generates additional samples that reflect the visual characteristics of the original
dataset, including different damage patterns.
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The generated images are incorporated into the YOLO training process, providing additional examples for
learning and recognising automobile damage. This helps the model learn from a broader range of visual
samples during training.

Synthetic image generation also follows the research framework established during Dissertation Phase I,
where realistic image generation and greater training data diversity were identified as important components
of the proposed model.

(a) Original Image (Low-light / Degraded)

(b) GAN-Enhanced Image (Preprocessed)

GAN-based |
Image [~
Enhancement

Zoomed View 1 Zoomed View 2 Zoomed View 3 Zoomed View 1 Zoomed View 2
(Headlight Scratcl h) (Bumper Scratcl h) (Dent with Paint Damage) (Headlight Scratch) (Bumper Scratch)
Low contrast, noi Blurred, low visibility Dark and unclear details Enhanced clarity Sharper details | Clearer structure

Zoomed View 3
(Dent with Paint Damage)

)

Figure 3.5: GAN Enhanced Image

3.9 YOLO-Based Object Detection

The YOLO family of object-detection architectures is used as the detection component of the proposed hybrid
Model. YOLO is designed to perform object localisation and classification within an integrated detection
process and is therefore suitable for identifying automobile damage regions in an image.

For the present study, the YOLO-based detector is trained to recognise the fourteen automobile damage
categories defined in the dataset.

The detection stage receives the processed image information and produces predictions corresponding to the
location and category of automobile damage. The resulting detections are then compared with the
corresponding ground-truth annotations during performance evaluation.

The use of YOLO is consistent with the research direction established during Dissertation Phase — I, where
YOLO was selected for efficient object detection and classification within the proposed GAN-YOLO Model.

3.10 Integration of GAN and YOLO

The main contribution of this study is the combination of GAN-based image processing and YOLO-based
object detection within a single framework for automobile damage detection.

The hybrid model follows the sequence:
Input Image — Preprocessing — GAN-Based Enhancement and Synthetic Image Generation —
YOLO-Based Detection — Output

The GAN component enhances images and generates synthetic samples, while YOLO identifies the location
of automobile damage and classifies it into the relevant categories. Combining these components allows image
processing and damage detection to work together within the same framework.

This approach builds on the architecture proposed during Dissertation Phase I, which connects image
preprocessing, GAN-based enhancement and synthesis, YOLO-based detection, and performance evaluation
as stages of the overall methodology.
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Figure 3.6: Model Training with Hybrid Process

3.11 Proposed Hybrid Model

The proposed hybrid model consists of five main components that perform a specific role in the automobile
damage detection process.

1. Input Module

This module takes automobile images and their corresponding annotations from the Automobile Damage
Detection dataset as input.

2. Preprocessing Module

The preprocessing module prepares the images and annotations for further processing, ensuring they are in
the required format for the GAN and YOLO components.

3. GAN-Based Enhancement and Synthesis Module

This module uses the GAN to enhance images and generate additional synthetic samples. These samples
expand the variety of visual data available for training the detection model.

4. YOLO-Based Detection Module

The YOLO component detects and localises automobile damage and classifies it into the fourteen categories
defined in the dataset.

5. Output and Evaluation Module

This module produces the final detection results and assesses the model's performance using the selected
evaluation metrics.

Together, these five components form an integrated framework that builds on the methodology proposed
during Dissertation Phase | and applies it to automobile damage detection.
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Figure 3.7: Algorithmic Flowchart of Hybrid Model

3.13 Experimental Setup

The experimental Setup consists of the software, model, dataset, and processing requirements used to
implement the proposed Model.
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Table 3.3: Experimental Setup

Parameter Model

Dataset Automobile Damage Detection

Total Images 6,957

Number of Classes 14

Dataset Split 75% Training / 15% Validation / 10% Testing
Training Images 5,216

Validation Images 1,043

Test Images 698

Image Resolution 640 x 640 pixels

Generative Component GAN

Detection Component YOLO-based detector

Programming Environment | Deep-learning implementation environment
Evaluation Accuracy, Precision, Recall and F1-score

3.14 Evaluation Metrics

The performance of the proposed hybrid model is evaluated using four metrics: accuracy, precision, recall,
and F1-score. These metrics assess the model's prediction performance in automobile damage detection and
help evaluate its ability to identify damage correctly.

Table 3.4: Evaluation Metrics Used in the Study

Metric Purpose

Accuracy | Measures the proportion of correct predictions among all evaluated predictions.

Precision | Measures the proportion of predicted damage instances that are correctly identified.

Measures the proportion of actual damage instances that are successfully detected by

Recall
eca the model.

Combines precision and recall using their harmonic mean to provide a balanced

F1-score )
measure of both metrics.

The metrics are calculated using the following formulas in Percentage:
Accuracy:

[(TP+TN) /(TP + TN + FP + FN)] x 100

Precision:

[TP /(TP + FP)] x 100

Recall:

[TP /(TP + FN)] x 100
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F1-Score:
[2 x Precision x Recall / (Precision + Recall)]
where:

e TP (True Positive):
An automobile damage instance correctly identified by the model.

e TN (True Negative):
A non-damage instance correctly identified by the model.

e FP (False Positive):
An instance incorrectly identified as automobile damage.

e FN (False Negative):
An actual automobile damage instance that the model fails to identify.

3.15 Chapter Summary

This chapter described the methodology used to develop and evaluate the hybrid GAN-YOLO model for
automobile damage detection. The research builds on the framework established during Dissertation Phase |
and applies it to the Automobile Damage Detection dataset.

The chapter covered the research design, workflow, dataset, preprocessing, GAN-based image enhancement
and synthetic image generation, YOLO-based damage detection, integration of both components, model
architecture, algorithmic workflow, experimental setup, and evaluation metrics. It also explained how the
model's performance is assessed and compared with the individual configurations.

The methodology brings image enhancement, synthetic image generation, and damage detection together
within a single framework. The experimental results obtained using this approach are presented and discussed
in Chapter 4.

CHAPTER 4 - EXPERIMENTAL RESULTS AND ANALYSIS

4.1 Introduction

This chapter examines the experimental findings obtained from the proposed deep learning approach for
detecting damage in automobiles. The study combines two complementary techniques: Generative
Adversarial Networks (GAN) and the You Only Look Once (YOLO) model, which is used to locate and
classify damage shown in vehicle images.

The experiments were conducted using the Automobile Damage Detection dataset available through
Roboflow Universe. To examine the model's performance, four evaluation measures were considered:
accuracy, precision, recall, and F1-score

The chapter reports the confirmed experimental results for the hybrid YOLO-GAN Model and discusses their
significance in relation to the objectives established for the research. The analysis also considers what the
observed performance indicates about the proposed approach to automobile damage detection.

4.2 Dataset Used for Experimental Evaluation

The experimental investigation uses the Automobile Damage Detection dataset, published on Roboflow
Universe. The dataset contains annotated automobile images representing different types of visible damage to
vehicle components.
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Table 4.1: Overview of the Automobile Damage Detection Dataset

Parameter Description

Dataset name Automobile Damage Detection
Source Roboflow Universe
Dataset version Version 1

Total images 6,957

Number of classes 14

Training images 5,216

Validation images 1,043

Test images 698

Training proportion 75%

Validation proportion 15%

Test proportion 10%

Annotation format YOLO-compatible format
Published image dimensions | 640 x 640 pixels

Dataset licence CCBY 4.0

The dataset was exported in YOLO-compatible format, containing images and their corresponding annotation
files. The published version specifies automatic image orientation, fit-based resizing to 640 x 640 pixels with
white-edge padding where required, and no additional augmentation in the published export.

4.3 Preprocessing Results

The preprocessing stage forms an important part of the proposed hybrid GAN-YOLO Model. Its purpose is
to standardise the input images and prepare the dataset for subsequent image processing and object detection.
The Automobile Damage Detection dataset published on Roboflow Universe contains 6,957 annotated images
across fourteen automobile damage categories.

The published dataset version specifies automatic image orientation and resizing to 640 x 640 pixels using a
fit-based approach, with white-edge padding where required. The published export does not include additional
augmentation. These dataset preparation characteristics establish the initial input conditions for the
experimental investigation.

Image preprocessing is relevant to automobile damage detection because the visibility of damage features can
be affected by image resolution, illumination, reflections, and the surrounding vehicle surface. Accordingly,
the preprocessing stage provides the data preparation foundation for the proposed Model.

4.4 GAN Training and Image Generation Results

Within the proposed Model, the GAN is used to improve image quality and generate additional synthetic
images. This component complements the damage detection process and offers the possibility of expanding
the training dataset with artificially generated samples that help to address limitations in the variety of images
available for model training.

The GAN operates through two interconnected networks: a generator and a discriminator. The generator
creates artificial images, whereas the discriminator learns to distinguish these generated images from genuine
samples. This process enables the GAN to produce increasingly realistic images, which may contribute to
image enhancement and the preparation of training data for the subsequent detection stage. The following are
the reported Results for Standalone GAN Model:
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Table 4.2: Reported Performance of the Standalone GAN Model

Performance metric Reported result
Accuracy 88%
Precision 85%
Recall 82%
F1-score 83%
100 GAN

95

90
88%

[ ]
85 [ ]
83%
82% o

Reported score (%)

80

75
Accuracy Precision Recall Fl-score

Evaluation metric

Figure 4.1: GAN Performance Chart

The reported results provide a reference for evaluating the standalone GAN model, which achieved an
accuracy of 88%, precision of 85%, recall of 82%, and F1-score of 83%.

(a) Original Image (b) Preprocessed Image (¢) GAN-Enhanced Image (d) Final Enhanced Image
(Low-light / Degraded) (Denoised / Normalized) (Enhanced Clarity & Contrast) (Enhanced + Normalized)

Zoomed View Zoomed View Zoomed View Zoomed View

(Low contrast, noise, blurred details) (Noise reduced, normalized) (Enhanced clarity and contrast using GAN) (Final enhanced image)
Histogram (Original) 4000 Histogram (Preprocessed) 4000 Histogram (GAN-Enhanced) Histogram (Final Enhanced)
E 3000 E 3000
S 2000 S 2000
£ 1000 £ 1000
] & 0 = o
50 100 150 200 255 0 50 100 150 200 255 0 50 100 150 200 255 0 50 100 150 200 255

Pixel Intensity Pixel Intensity Pixel Intensity Pixel Intensity

Figure 4.2: GAN Image Performance Profile

4.5 YOLO Detection Results

The You Only Look Once (YOLO) architecture serves as the object-detection component of the proposed
Model. It enables a model to recognise objects in an image, assign them to the appropriate categories, and
identify their positions. In this research, YOLO is used to detect and classify automobile damage based on
images from the Automobile Damage Detection dataset available on Roboflow Universe.
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The performance of the standalone YOLO model is considered alongside the GAN-based Model and the
proposed hybrid YOLO-GAN approach to examine their respective results. In the standalone Model, YOLO
achieved an accuracy of 92%, a precision of 89%, a recall of 86%, and an F1-score of 87%. These metrics
provide a baseline for comparison with the other Models evaluated in the study.

Table 4.3: Reported Performance of the Standalone YOLO Model

Performance metric | Reported result
Accuracy 92%
Precision 89%
Recall 86%
F1-score 87%

The standalone YOLO model achieved an accuracy of 92%, reflecting its overall prediction performance
under the evaluation method used in the experiment. Its precision of 89% indicates how many of the damage
instances predicted by the model were correctly identified, whereas the recall of 86% shows how effectively
it detected the actual damage instances present in the dataset. The F1-score of 87% provides a combined

measure of precision and recall, offering a balanced view of the model’s ability to identify automobile damage
accurately.

100 YOLO

95
92%

[ ]
. \9%
[ ]
87%
86% °

85

Reported score (%)

80

75
Accuracy Precision Recall Fl-score

Evaluation metric

Figure 4.3: YOLO Performance Chart

These values establish the reported performance of the standalone YOLO Model and provide a reference for
the comparative evaluation.

The standalone YOLO results therefore provide a quantitative reference within the reported comparison of
individual and hybrid Models for automobile damage recognition.
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(a) YOLO Damage Detection Output (Full Image)

I (VL
int Day . P 2
<‘Pa|m magcox‘s 2.

Bumper Damage 0.91 Paint Damage 0.88
| > J
- .,,/!!— 3

¢

Example 4 - Door

Example 1 - Rear Bumper Example 2 - Side Panel Example 3 - Windshield

Figure 4.4: YOLO Damage Detection Profile

4.6 Hybrid Model Results

The proposed hybrid Model integrates GAN-based image processing with YOLO-based object detection after
processing the provided images. The generative component is intended to support image enhancement and
synthetic image generation, while the detection component identifies and classifies automobile damage.

Image Capture Preprocessing GAN-Enhanced Image YOLO Damage Detection Output
at Inspection Site enoisi ‘malization) (Improved Clarity & Contrast) (Bounding B: Labels)
=

Preprocessed Image GAN-Enhanced Image
(Cleared Noise, Normalized) (Enhanced Clarity & Contrast)

Figure 4.5: Hybrid Model Image Performance Profile

The integration is motivated by the complementary roles of these components. GAN-based processing
addresses image representation and data generation, whereas YOLO provides the mechanism for localising
and classifying relevant damage instances.

Table 4.4: Reported Performance of Hybrid Model

Performance metric | Reported result
Accuracy 96%
Precision 93%
Recall 91%
F1-score 92%

The confirmed aggregate results obtained during the research for the hybrid Model are an accuracy of 96%,
precision of 93%, recall of 91%, and F1-score of 92%.
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Figure 4.6: Hybrid Model Performance Chart
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Figure 4.7: Hybrid Model Process Flowchart
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4.7 Performance Evaluation

The performance evaluation of the proposed Hybrid Model is conducted by comparing its reported results
with those of the standalone YOLO model and the GAN Model. The values presented in Table 4.5 are taken
from the previously reported tables of the standalone models of GAN and YOLO and the Hybrid Model
mentioned in Tables 4.2, 4.3 and 4.4.

Table 4.5: Comparative Performance of GAN, YOLO and Hybrid Model

Model Accuracy Precision Recall F1-Score
GAN 88% 85% 82% 83%
YOLO 92% 89% 86% 87%
Proposed Hybrid Model 96% 93% 91% 92%

The hybrid YOLO-GAN model performed better than the other two models across all four evaluation metrics.

Each metric highlights a different aspect of model performance. Accuracy shows how many predictions were
correct overall. Precision indicates how often the model’s positive predictions were correct, whereas recall
shows how many of the actual positive instances it identified. The F1-score brings precision and recall together
into a single measure.

Looking at the results, the hybrid model shows a clear improvement over the standalone YOLO and GAN
models. It achieved higher scores for both precision and recall, suggesting that it was better at identifying
relevant instances while making correct positive predictions. Its higher Fl-score also reflects this

Improvement.
86%
92% 93% 91% 92%
89%
o 86% 87% hLR—
I I I I I 82% 83%
N
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Figure 4.8: Comparative Performance of GAN, YOLO and Proposed Hybrid Model

Compared with the standalone YOLO Model, the proposed hybrid Model shows reported increases of 4
percentage points in accuracy, 4 percentage points in precision, 5 percentage points in recall, and 5 percentage
points in F1-score. Compared with the reported GAN Model, the corresponding differences are 8, 8, 9, and 9
percentage points, respectively.

These comparisons indicate that the proposed hybrid Model achieves stronger aggregate results within the
reported evaluation. The higher precision and recall values suggest a favourable balance between correct
damage predictions and the identification of relevant damage instances. The higher F1-score provides further
support for this overall comparison.
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Nevertheless, these differences should be interpreted within the limitations of the available results. The
reported table does not provide class-wise metrics, confidence intervals, statistical significance testing, or
computational-cost comparisons. Furthermore, the aggregate values alone do not isolate the individual
contribution of GAN-based enhancement, synthetic image generation, and YOLO-based detection.

Therefore, the comparative analysis supports the reported performance advantage of the proposed hybrid
Model.

The F1-score of 92% provides a combined measure of precision and recall through their harmonic mean.

These metrics provide complementary information about the reported performance of the proposed Model.

4.8 Overall Experimental Findings

The overall findings of this research are based on the documented Model, the selected automobile damage
detection dataset, and the reported aggregate evaluation metrics. The principal findings are summarised below.

1. Integrated Model: The research investigates a hybrid approach that combines GAN-based image
processing with YOLO-based object detection for automobile damage recognition.

2. Multi-class application: The study uses the Automobile Damage Detection dataset published on
Roboflow Universe. The dataset contains 6,957 images distributed across fourteen automobile damage
categories.

3. Reported quantitative performance: The hybrid YOLO-GAN model achieved an accuracy of 96%,
precision of 93%, recall of 91%, and an F1-score of 92%.

4. Complementary evaluation metrics: Each metric highlights a different aspect of the model’s
performance. The precision and recall scores are relatively close, while the F1-score brings both
measures together to provide a combined assessment.

Taken together, these findings summarise the reported performance and methodological scope of the proposed
Model. They provide a basis for discussing the research outcomes while recognising that further diagnostic
and reproducibility evidence would be needed to establish more detailed conclusions about model behaviour
and the contribution of individual components.

4.9 Chapter Summary

This chapter presented the experimental evaluation of the proposed hybrid YOLO-GAN model for automobile
damage detection using the Automobile Damage Detection dataset from Roboflow Universe. The dataset
consists of 6,957 images covering fourteen damage categories.

The proposed hybrid model achieved an accuracy of 96%, precision of 93%, recall of 91%, and an F1-score
of 92%. These results were obtained through the experimental evaluation of the model using the selected
performance metrics. The results demonstrate the model’s ability to identify automobile damage, with
consistent performance across accuracy, precision, recall, and F1-score.

The chapter compares the reported performance of the hybrid model with the standalone YOLO and GAN
configurations using the metrics presented in the results tables. Confusion-matrix analysis, precision—recall
analysis, and training/validation curves are not presented in this chapter and are therefore not treated as
completed analyses here.

Overall, the experimental findings demonstrate that the hybrid YOLO-GAN model outperformed the
standalone configurations across the reported evaluation metrics. The study establishes a strong basis for
further development of deep learning-based automobile damage detection, with future work focusing on
improving detection accuracy, evaluating performance across individual damage categories, and enhancing
computational efficiency.
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CHAPTER 5 - CONCLUSION AND FUTURE SCOPE

5.1 Chapter Introduction

This chapter concludes the dissertation, summarises the undertaken research, reviews and assesses the major
findings and achievements of the previously established research objectives. It also presents consolidated
principal contributions of the study and identifies directions for future research.

5.2 Summary of the Research

This dissertation extends the research direction established during Dissertation Phase—I, in which an integrated
GAN-YOLO Model was proposed to address challenges associated with image quality, synthetic data
generation, and object detection under low-resource conditions.

Dissertation Phase—Il focuses on the application of this research direction to automobile damage detection.
The study uses the Automobile Damage Detection dataset published on Roboflow Universe, comprising 6,957
annotated images across fourteen automobile damage categories.

The proposed Model combines the generative capabilities of GAN-based image processing with the detection
capabilities of YOLO. The generative component is intended to support image enhancement and synthetic
image generation, while the detection component identifies and classifies automobile damage.

The reported performance comparison considers standalone YOLO, standalone GAN, and the proposed hybrid
model, with evaluation using accuracy, precision, recall, and F1-score.

5.3 Major Findings

The major research findings are mentioned below:

1. Reported performance of the hybrid model: The proposed YOLO-GAN model achieved a reported
accuracy of 96%, precision of 93%, recall of 91%, and F1-score of 92%.

2. Comparison with standalone Models: The reported results show higher values across all four
performance measures for the hybrid model than for the standalone YOLO and GAN Models.

3. Standalone GAN performance: The reported standalone GAN results are 88% accuracy, 85%
precision, 82% recall, and 83% F1-score.

4. Standalone YOLO performance: The reported standalone YOLO results are 92% accuracy, 89%
precision, 86% recall, and 87% F1-score.

5. Application to automobile damage detection: The research applies the hybrid Model to a dataset
containing fourteen automobile damage categories, providing an application-specific context for
investigating the integration of generative and detection-based deep learning.

6. Importance of evaluation and validation: The findings highlight the importance of consistent
evaluation procedures, reliable annotations, synthetic-image validation, and further investigation of
the individual contributions of enhancement and synthetic data generation.

The reported model comparison supports the conclusion that the hybrid Model achieved the strongest overall
performance among the three Models presented in the source results.
5.4 Achievements during Research

The achievement of the research objectives is discussed below.

Obijective 1: To design a GAN-based module for enhancing low-quality automobile images and generating
realistic synthetic image samples.
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Objective 2: To adapt and fine-tune a YOLO-based detector for multi-class automobile damage detection.

Obijective 3: To integrate GAN-based image enhancement and synthetic image generation with YOLO-based
object detection within a unified hybrid Model.

Objective 4: To experimentally evaluate the efficacy and robustness of the proposed hybrid model for
automobile damage detection using appropriate performance measures.

Obijective 5: To examine the computational requirements and practical applicability of the proposed Model in
low-resource image-recognition environments.

5.5 Research Contributions

The primary contributions of this research are listed as follows:
Investigation of the hybrid GAN-YOLO model
Application to automobile damage recognition

Comparative evaluation of Models

A w npoE

Reported performance of the hybrid Model
5. Identification of practical considerations

5.6 Conclusion

This dissertation investigated a hybrid deep learning Model combining GAN-based image enhancement and
synthetic image generation with YOLO-based object detection for automobile damage recognition.

The study used the Automobile Damage Detection dataset published on Roboflow Universe, comprising 6,957
annotated images across fourteen damage categories. The reported comparison included standalone YOLO,
standalone GAN, and the proposed hybrid YOLO-GAN Model.

The proposed hybrid model achieved reported values of Accuracy: 96%, Precision: 93%, Recall: 91% and F1-
score: 92%. The corresponding reported values for YOLO standalone were 92%, 89%, 86%, and 87%, and
GAN standalone were 88%, 85%, 82%, and 83%. Thus, the hybrid Model achieved higher reported values
across all four measures in the comparison.

The conclusions must be interpreted within the scope of the reported metrics and experimental setup. Overall,
the research demonstrates the potential relevance of an integrated GAN-YOLO approach while identifying
evaluation and optimisation required towards practical deployment.

5.7 Future Scope

The proposed research can be extended in several directions:

1. Model Optimisation

2. Real-time Deployment

3. Advanced Architectures

4. Domain-specific Applications
5. Extended Dataset Training
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