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ABSTRACT

The manual detection process for vehicle damage is monotonous and prone to
errors. Especially when dealing with massive-scale scenarios like insurance claims
assessment and repair costs evaluation, the process becomes cumbersome. In this
report, we propose a classification framework that automatically identifies damage
using image processing techniques and deep learning algorithms. We evaluate our
proposed system using the TQVCD dataset that includes images from a three-
quarter view showing both frontal and lateral parts of vehicle damage.

All images go through a pre-processing stage where we resize, normalize, and
randomly augment them by rotating, horizontal flipping, and adjusting their bright-
ness levels. We compare three architectures in terms of performance on TQVCD
dataset: EfficientNet-B3, DenseNet169, and ResNet50 augmented with an attention
mechanism. In the latter, the attention module allows the network to attend only
to the relevant part of the image where vehicle damage is located. On TQVCD,
ResNet50 with Attention achieves 87% accuracy, DenseNet169 achieves 85%, and
EfficientNet-B3 achieves 82%.

Another dataset used to verify the effectiveness of our proposed architecture
in different vehicle categories is CarDD, which includes many types of damages.
On CarDD, ResNet50 with Attention achieves 85% accuracy, while DenseNet169
and EfficientNet-B3 achieve 83% and 80% respectively. Lastly, on TartesiaDS, an
insurance-oriented dataset with annotations made by professionals under various
lighting conditions, ResNet50 with Attention achieves 89% accuracy, which is higher
than the baseline ResNet50 architecture tested on the same dataset reported by
Pérez-Zarate et al. (2024) achieving 85.8%. On TartesiaDS, DenseNet169 achieves
87% and EfficientNet-B3 achieves 83

Overall, our study proves the reliability and effectiveness of the attention-augmented
deep learning models in the process of automating damage detection in vehicles. In
particular, on the three presented benchmarks, architectures with attention mod-
ules perform better than their counterparts without such mechanisms. Our future
research will focus on ensemble fusion of multiple models, grading the degree of
damage, and utilizing explainable AI methods like Grad-CAM.
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Chapter 1
Introduction

Classification of vehicle damages is one of the significant tasks in the industries such
as automotive insurance, repairs, and accidents analysis [1]. Manual vehicle damage
examination can take a long time, produce inconsistent results, and becomes hard
to perform if the number of cars is big. Automating this task by means of deep
learning models helps to achieve better accuracy and speed up the process, thus
making the classification practical in a real-world environment [2].

CNN models and transfer learning approaches in deep learning have proved to
work well in image classification tasks since these models are able to automatically
learn and capture meaningful spatial features from images [I]. In this paper, the
Three-Quarter View Car Damage Dataset (TQVCD) is used as the major dataset[3]
to be studied since the images of this dataset represent vehicles’ three-quarter view
giving the broad view of possible damage [2]. In addition to TQVCD, other bench-
marks, namely CarDD [4] and TartesiaDS [5] will be considered to make a compar-
ative analysis of the proposed models using different images and damage cases.

The primary goal of the study will be to test and validate the ability of state-of-
the-art deep learning algorithms, such as EfficientNet-B3 [6], DenseNet169 [7], and
ResNet50 with Attention [8] in classifying damages, like scratches, dents, bumps,
etc. We choose these models for their strong feature extraction capability and suit-
able for transfer learning-based image classification [9]. Particularly, the attention
mechanism introduced into the ResNet50 network helps to focus on the relevant
part of the image containing the damage [g].

Thus, in this research, it will be necessary to conduct the analysis of the selected
deep learning models on multiple datasets using the basic set of evaluation metrics,
namely accuracy, precision, and recall to create an efficient and scalable framework

for automated vehicle damage classification [1].
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1.1 Background

There is therefore the growing need to develop automated systems for vehicle damage
classification to boost efficiency.

Deep learning methods can be employed successfully in image-based classification
because they learn useful features from raw vehicle images automatically [1]. Such
models have shown great promise in recognizing different vehicle damages such as
scratches, dents, and bumps [10]. Challenges such as overfitting, lack of diversity in
data, and difficulties in selecting the most important damaged regions hamper the
performance of classification. [11]

Architecture innovations such as ResNet, EfficientNet, and DenseNet have ad-
dressed some of these problems [9]. ResNet facilitates deeper learning using residual
connections [9], while EfficientNet enhances performance via compound scaling [6].
Additionally, DenseNet enhances feature reuse through dense connections [7]. At-
tention mechanisms allow the model to pay more attention to the regions where
damages occur improving its performance [§].

The Three-Quarter View Car Damage Dataset (TQVCD) [3] has been adopted
as the main dataset used in this research. This dataset comprises images acquired
from three-quarters of the vehicle view making it very informative about visible
damages [2]. The CarDD dataset [4] and TartesiaDS [5] datasets can be used as
benchmarks to evaluate the performance of the proposed system. The application

of these advanced deep learning models on these three.

1.2 Problem Statement

Vehicle damage assessment is an essential process that happens in the automotive
industry, particularly during insurance claim processing and repairs [I]. However,
traditional manual methods are generally slow, inconsistent, and error-prone, espe-
cially when there is a need to evaluate numerous vehicles [2]. This leads to delayed
claims resolution, subjective damage evaluation and high operation costs[1].

Despite being efficient in automatic vehicle damage classification, the deep learn-
ing technique presents multiple challenges. Firstly, most of the approaches are fo-
cused on a specific database and simple architecture, hence limiting its generalisation
capabilities in terms of the diversity of images and damages [11]. Another problem
associated with this issue is ineffective detection of relevant damages which affects
the classification accuracy [8].

The above problems will be addressed in this report through testing of deep
learning architectures including ResNet50 with Attention [§], EfficientNet-B3 [6]
and DenseNet169 [7] based on attention mechanism and transfer learning on three
distinct databases, namely TQVCD [3], CarDD [4] and Tartesial5].
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1.3 Objectives

The following are the primary goals of this research:

e Development of an Enhanced Deep Learning Model Framework:
This report aims to create a vehicle damage identification framework utiliz-
ing EfficientNet-B3 [6], DenseNet169 [7], and ResNet50 with Attention [8] to

recognize scratches, dents, and bumps.

e Application of Transfer Learning Techniques: This report uses pre-
trained deep learning models on ImageNet data[2] for improved feature ex-

traction and better classification performance on limited datasets [1] [9].

¢ Implementation of Spatial Attention: This report aims to incorporate a
spatial attention mechanism into the ResNet50 model to enable the model to
focus on specific damaged areas within the car image to improve classification

performance [§].

e Evaluation of Models’ Performance: This report compares the classifica-
tion efficiency of all three models based on metrics such as accuracy, precision,

and recall to select the most efficient model for vehicle damage classification
among TQVCD [3], CarDD [4], and TartesiaDS [5].

e Improving Vehicle Damage Assessment: This report creates an auto-
mated vehicle damage recognition model that improves the efficiency of vehicle

damage assessment in the automotive industry [1].
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Chapter 2
Technical Background

In this section, the theoretical background of deep learning for classification of vehi-
cles” damages is discussed. It describes the key concepts of CNN, transfer learning,
advance deep learning approaches, metrics, and dataset preparation methods that
are used throughout the paper. Vehicle damage classification is an image-based task
aimed at classifying types of vehicle damage such as scratches, dents, and bumps
using images of damaged vehicles [2]. Because each of these types can differ in size
and shape, deep learning models are particularly applicable to detect visual features

in vehicle images for their accurate classification [1].

2.1 Deep Learning in Vehicle Damage Classifica-
tion

Modern deep learning techniques have revolutionized image recognition processes, in
particular when it comes to recognizing types of vehicle damage [1I]. Convolutional
Neural Networks are especially vital in this process since they allow for automated
feature extraction from vehicle images and further classification of types of vehicle
damage (scratches, dents, and bumps) [L0]. These models perform hierarchical

learning and, thus, are ideal for application to vehicle damage classification[I].

2.1.1 Convolutional Neural Networks (CNNs)

CNNs are structured to learn hierarchical representations of spatial features through
multiple layers of convolution, pooling, and fully connected layers, as explained

below:

e Convolutional Layers: Convolutional layers are used for detecting low-level
features such as edges, textures, and other patterns necessary to detect vehicle

damages|10].
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e Pooling Layers: Pooling layers reduce the dimensionality of the input image

and help in retaining only the most critical features from an image[l].

e Fully Connected Layers: Fully connected layers aggregate all the extracted

features and generate output predictions about the damage type of the vehicle[l].

e Softmax Layer: Softmax generates probability scores for each class of dam-

age for performing multi-class classification[9].

Furthermore, it is imperative to acknowledge that the utilization of convolu-
tional neural networks has fundamentally transformed the landscape of com-
puter vision applications, enabling unprecedented levels of feature extraction

accuracy.

2.1.2 Transfer Learning

Data labelling can be challenging in the real world since collecting sufficient labelled
data for any specific application is difficult. Transfer learning solves this problem
by making use of the knowledge acquired by models trained on large datasets like
ImageNet[9]. Transfer learning helps improve model performance even when there
is insufficient data [].

In this report, three ImageNet-trained models, namely ResNet50, EfficientNet-
B3, and DenseNet169, will be fine-tuned to classify vehicle damages [9]. Pre-
trained models like ResNet50, EfficientNet-B3, and DenseNet169 have learned gen-
eralized visual representations containing useful features such as edges, textures,
and patterns required for visual recognition[[6][7]. Fine-tuning these models makes
them more efficient in solving a particular problem while benefiting from transfer

learning [2].

2.1.3 Model Architectures

e ResNet50: ResNet50 [9] introduces residual connections to address the van-
ishing gradient issue in deep networks, making it possible to train extremely
deep models that are efficient in processing complex images. Therefore, it
is a viable option for vehicle damage recognition due to its effectiveness in

discriminating between damage classes through visual differences.

e DenseNet169: In DenseNet169 [7], each layer of the network is connected to
every other layer of the following blocks, which makes it effective in terms of
reusing features and efficiently training deep neural networks. As a result, it
is suitable for detecting fine-grained damage, such as scratches and dents in
the vehicle[§].
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e EfficientNet-B3: EfficientNet-B3 [6] employs a technique called compound
scaling which allows simultaneous scaling of the network’s width, depth, and
resolution while preserving optimal balance. Such technique helps in build-
ing computationally efficient models with outstanding performance, making it

useful for detecting fine-grained vehicles damage classes[9].

2.1.4 Optimization and Regularization
For all three neural networks, the following techniques are applied:

e Optimizer and Loss function: Adam optimizer is used together with cross-

entropy loss for multi-class classification with a learning rate of 0.001[9)].

e Learning Rate for ResNet50 with Attention: A decreased learning rate
of 0.0005 is applied to achieve convergence[].

e Dropout: Dropout with a rate of 0.5 is applied in order to mitigate overfitting
in EfficientNet-B3 and DenseNet169[6] [7].

e Batch Normalization: Batch normalization in DenseNet169 is applied after
each dense block [7].

e Data Augmentation: Random rotations, horizontal flips, and varying brightness[11].

2.2 Evaluation Metrics

We evaluate model performance using common classification metrics calculated from
the confusion matrix [I]. Suppose that TP, TN, FP, and FN represent true positive,
true negative, false positive, and false negative counts, respectively. The metrics are
defined as:

e Accuracy: Accuracy is the ratio of correct classifications of the images of

vehicles out of all images tested by the model.

TP +TN

2.1
TP+TN+ FP+ FN (2.1)

Accuracy =

e Precision: Precision is the ratio of correct predictions of damaged images

among all predicted damaged images.

TP
Precision = ———— 2.2
recision = s (2.2)
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e Recall (Sensitivity): Recall represents the ratio of real damaged images

among those predicted to be damaged.

TP
Recall = ’I'_P—{——FZV (23)

2.3 Dataset Preparation and Preprocessing

In this report, all images of the TQVCD dataset [3] are resized to 224 x 224 pixels
and pixel values are normalised to the range [0, 1] [2]. To improve model robustness
and reduce overfitting, we apply data augmentation techniques including random
rotation, horizontal flipping, and brightness adjustment [11]. We encode class labels
as numeric variables to support the multi-class classification pipeline [I]. These
steps ensure the data is suitably prepared for training and help the model generalise

better to unseen images [2].

10
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Chapter 3
Literature Review

The chapter below provides an overview of past literature on vehicle damage detec-
tion systems. In particular, it highlights methodologies, data sources, and perfor-
mance achieved with the various models that inform this area. It focuses on the uti-
lization of deep learning techniques for the same purposes, particularly those based
on attention-based models, ResNet50, EfficientNet-B3, DenseNet169, and multi-
view image recognition techniques[§]. It also identifies existing challenges associated
with vehicle damage detection systems which the proposed improvements attempt

to address.

3.1 Overview of Vehicle Damage Detection Sys-

tems

Previously, inspectors performed damage assessments manually, taking time and
lacking consistency due to inability to deal with many vehicles [2]. In early vehicle
damage classification studies, researchers used simple computer vision techniques
such as edge detection and template matching [I1]. Unfortunately, such techniques
proved incapable of extracting complex patterns that could help identify vehicle
damage types.

Recent work on vehicle damage classification has focused on deep learning mod-
els, which allow automatic extraction of image features [1]. CNNs are particularly
useful in vehicle damage detection since they can classify hierarchical image features.
Thus, they have been utilized for classifying vehicle damages, such as scratches,
dents, and bumps [11] [I]. Recent advancements in image classification have in-
volved the creation of new models based on advanced architecture such as ResNet50
[9], EfficientNet-B3 [6], and DenseNet169 [7]. These advancements aim at overcom-
ing weaknesses associated with conventional CNNs, including poor generalization
and lack of ability to concentrate on damaged regions of a vehicle image. Attention

mechanisms integrated with these networks allow for such focus.

11
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3.2 Deep Learning Methods for Automotive Dam-

age Detection

The most promising deep learning models for vehicle damage detection include their
ability to recognize spatial hierarchies of features from image inputs [1]. These mod-
els have a wide range of applications in automotive damage detection and classifying
various forms of vehicle damage, including scratches, dents, bumps, and cracks [10].
For example, Lee et al. [2] show that using CNNs for automated automotive
damage recognition can significantly surpass the results of traditional approaches.
Transfer learning has been used extensively for vehicle damage detection, and models
such as ResNet50 and EfficientNet-B3 have shown high levels of performance even
when fine-tuned using limited vehicle damage datasets like TQVCD [3] [1]. [L1].
Attention-enhanced deep learning models have exhibited higher performance lev-
els in classifying vehicle damage [8]. Attention mechanisms integrated into ResNet50
help the model focus only on those parts of the image that correspond to damaged
areas, reducing the effect of irrelevant features of the background. Models that in-
clude attention mechanism show good performance when trained on heterogeneous
data sets, including TQVCD [3], CarDD [4], and TartesiaDS [5], where vehicle dam-

age is represented by diverse types, severities, and angles.

12
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3.3 Multi-view Image Recognition for Damage De-

tection

The use of multi-view image recognition has also been studied to improve the per-
formance of the vehicle damage detection system [§]. Using multiple images of the
car from different angles helps capture more information on how the car looks from
all perspectives and makes it easier to find damage that might be hidden at one
particular point. In their study, Peng et al. [8] show that using multi-view images
improves the model’s classification ability, especially when dealing with damage that
can only be seen from certain points [10].

This method is especially effective when dealing with cars whose damage cannot
be seen clearly from the normal frontal and side views of the vehicle. The Three-
Quarter View Car Damage Dataset (TQVCD) [3] solves this problem by providing
images taken from a three-quarter view, making it possible to visualize both the
front and side views of the car at the same time [2]. Multi-view image integration
with attention helps deep learning models like ResNet50 with Attention become

more accurate and robust in predicting vehicle damages [§][1].

13


Krithic Sugumar


Chapter 4

Recent Work on Vehicle Damage

Datasets

In this section, there will be reviewed recent works on the usage of vehicle dam-
age detection datasets, especially the Three-Quarter View Vehicle Damage Dataset
(TQVCD) [3], CarDD [], and TartesiaDS [5]. It is important to mention that the
following discussion is based on modern methods, architecture approaches and their
performances. Of special note in this connection are those datasets and methods
that rely on attention-augmented architectures, EfficientNet-B3, and DenseNet169,

which are used in the current research as basis for improvement upon the prior ones.

4.1 Overview of Vehicle Damage Datasets

Annotated data plays a vital part in advancing automated systems for the detection
of damages sustained by vehicles [I]. It can vary in terms of imaging angle, damage
category, type of the vehicle and other factors.

The Three-Quarter View Vehicle Damage Dataset (TQVCD) [3] is produced
by Data eXperience Laboratory of Sungkyunkwan University, Korea and comprises
images taken from a three-quarters angle to cover all sides of a vehicle [2]. CarDD
dataset [4] comprises a huge number of images with damage annotations on several
categories which makes it great tool for evaluation of the models’ generalization
abilities. Finally, TartesiaDS [] is a very large-scale database for evaluation of
automated vehicles damage classification, with images taken in different angles and

under varying lighting conditions.

4.2 Comparative Analysis of Recent Studies

A number of studies have employed such data sets to analyze various deep learning
approaches for detecting vehicle damages. Table shows the analysis of some

14


Krithic Sugumar


recent studies that use such data sets, showing details about their approaches and

results.

Table 4.1: Comparison of Recent Work on Vehicle Damage Detection Datasets

Study Dataset Model(s) Key Techniques Accuracy
(%)
Arya et  al. | Custom CNN, ResNet | Transfer learning, | 82.5
(2021)[11] road damage data augmentation
dataset
van Ruitenbeek | Private insur- | CNN, VGG16 | Feature extraction, bi- | 78.0
et al. (2022)[1] | ance dataset nary classification
Kyu & Worarat- | Mixed vehicle | ResNet50, Transfer learning, | 85.3
panya (2020)[12] | images DenseNet fine-tuning
Wang et al. | CarDD ResNet101, Multi-class classifica- | 88.2
(2023)[4] EfficientNet- | tion, ensemble learn-
B3 ing
Singh et al. | Custom EfficientNet- | Compound  scaling, | 84.7
(2024)[9] dataset BO, regularization
EfficientNet-
B4
Peng et al. | TQVCD CNN, Multi-view recog- | 86.5
(2025)]8] ResNet50 nition, attention
mechanism
Sruthy et al. | Multi- Custom CNN | Multi-angle  fusion, | 81.0
(2021)[10] perspective feature aggregation
dataset
Qaddour & Sid- | Multiple ResNet, Effi- | Explainable Al (XAI), | 83.8
diga (2023)[7] datasets cientNet Grad-CAM
Pérez-Zarate et | TartesiaDS DenseNet169, | Data augmentation, | 87.5
al. (2024)[5] ResNet50 transfer learning
Current Study | TQVCD, ResNet50, Attention mech- | 89.0
CarDD, EfficientNet-| anism, transfer
TartesiaDS | B3, learning, multi-
DenseNet169 dataset evaluation
4.3 Studies on TQVCD Dataset
In recent studies using deep learning approaches for vehicle damage classification,

the TQVCD dataset [3] is utilized. The application of CNN and ResNet50 on
the TQVCD by Peng et al. (2025) [§], with multi-view recognition and attention

techniques, yielded an 86.5% accuracy score. The research proves that three- quarter

view angle has better contextual understanding than regular frontal and lateral view

angles [2]. In this report, attention mechanism is combined with ResNet50 on the

TQVCD dataset, and an enhanced accuracy rate of 87.0% was achieved.

Due to its unique viewpoint, the dataset is quite useful in training generalizable

models for real-life applications in claims processes and automatic vehicle inspec-

15
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tions.

4.4 Studies on CarDD Dataset

The CarDD dataset [4], being among the more extensive vehicle damage dataset
collections, acts as an essential benchmark for training deep learning models. Ac-
cording to the study conducted by Wang et al. (2023) [4], classification accuracies
of 88.2% have been obtained with ResNet101 and EfficientNet-B3 architectures in
multi-class classification and ensemble learning approach. The study further showed
that ensembling of different architectures greatly enhanced the classification accu-
racy especially when classifying different types of damages like dents and scratches.

The variety in vehicles, brands, and classes within the CarDD dataset made it
an ideal benchmark for assessing the generalisation capability of models [4]. The
current study assesses ResNet50 with Attention, EfficientNet-B3, and DenseNet169
on CarDD benchmark, proving their generalisation ability via transfer learning and

feature selection via attention mechanisms. [6][7]

4.5 Studies on TartesiaDS Dataset

The TartesiaDS dataset was created for the purpose of real-life damage estimation
in cars for insurance companies. Pérez-Zarate et al. (2024) [5] applied DenseNet169
and ResNeth0 algorithms with data augmentation and transfer learning in their
analysis, achieving 87.5% accuracy with DenseNet169. Notable characteristics of
the dataset include diverse images taken in different environments and annotated by
insurance experts. This makes it highly useful for the training of real-life applicable
algorithms [5].

This research paper analyses ResNet50 with Attention model trained on Tarte-
siaDS, providing 89.0% accuracy, which is the highest performance score among all

models analysed.

16
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4.6 Trends in Model Architectures

e Adoption of EfficientNet Architectures: Recent works adopt EfficientNet
models due to the balanced scaling of their depths, widths, and resolutions [6].
In particular, this paper utilizes EfficientNet-B3, an advanced variant of B0

that allows for increased precision in damage classification.

¢ Implementation of Transfer Learning: Almost all recent research applies
transfer learning from models pretrained on ImageNet datasets as an effective
approach in using general-purpose features for solving domain-specific tasks
related to detecting damage to vehicles [1][9].

e Implementation of Attention Mechanism: The use of attention models is
growing among recent studies due to the ability of those to focus on damaged
areas instead of processing the whole image, which leads to higher classification

accuracy and robustness [§].

4.7 Common Techniques and Approaches

Several recurrent techniques were identified within the reviewed papers that relate

to researching the same vehicle damage datasets:

e Data Augmentation: Techniques such as rotation, horizontal flip, and bright-
ness variation were consistently applied as a way to increase the dataset vari-

ance in all three considered datasets [L1].

¢ Regularization Techniques: Regularization approaches like dropout and
batch normalization are applied as a measure of counteracting overfitting es-
pecially when working with small specialized damage datasets [7]. Batch nor-

malization is implemented in DenseNet169 by default after each dense block.

e Attention Mechanisms: Recent studies have begun adopting attention
models in order to improve classification accuracy and reduce background noise

in detection models [g].

e Model Fine-tuning Strategies: Fine-tuning techniques, including freezing

early layers.

4.8 Performance Analysis and Benchmarks

As seen in Table , accuracy rates in recent research vary between 78% and 89.0%,

with several determinants that affect performance:
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e Complexity of Dataset: The larger variety of damage categories, types
of vehicles, and environmental conditions within datasets tend to decrease

accuracies but result in more reliable models in practice.

e Complexity of Model: More advanced neural network designs, such as
DenseNet169 [7] and ResNet50 with attention mechanisms [§], obtain greater

accuracies by learning more complex damage patterns.

e Methods of Evaluation: Inconsistencies between training-testing splits,
cross-validation procedures, and accuracy evaluation measures complicate di-

rect comparisons of various studies.

The current research will examine the performance of ResNet50 with Attention,
EfficientNet-B3, and DenseNet169 on three models.

4.9 Research Gaps and Opportunities

Although considerable advancements have been made in detecting vehicle damage,

there are still some research gaps, namely:

e Cross-Dataset Evaluation: Most works have evaluated their proposed mod-
els using one dataset alone, offering few insights about their generalisability

across other data distribution, image quality, and annotation types [2][5].

e Standard Evaluation Protocols: The lack of standard benchmarking pro-
tocols has posed difficulties in evaluating models’ effectiveness and compara-
bility.

e Attention-based Methods: Most existing studies have utilised mainstream
models without applying attention modules that would allow for focusing on

specific regions of damage, thus improving their classification results [g].

e XAI: Although explainable artificial intelligence (XAI) is receiving growing
attention in the evaluation of machine learning models, most studies only fo-
cus on performance measures like accuracy without exploring models’ internal

processes [7].

e Practical Considerations: There is little discussion in the literature about
deployment concerns such as computation requirements, inference time, and

robustness under real-world settings [6].

These gaps can be addressed by conducting an extensive multi-dataset analysis
based on TQVCD [3], CarDD [4], and TartesiaDS [5]
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4.10 Summary

This chapter provides a review of existing literature concerning datasets of vehicle
damage detection, focusing particularly on the TQVCD dataset [3], the CarDD
dataset [4], and the TartesiaDS dataset [5]. From the review, it is apparent that
while there has been a tremendous advancement in the field of automatic vehicle
damage classification, further research is required to enhance the generalizability of
the models used and incorporate attention mechanisms into such architectures. To
do this, this report uses ResNet50 with Attention [8], EfficientNet-B3 [6]
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Chapter 5

Methodology

This chapter will elaborate on the methodology used to perform vehicle damage
detection using deep learning algorithms. Specifically, this paper explores how
attention-augmented ResNet50, EfficientNet-B3, and DenseNet169 can be utilized
to classify damage to vehicles using their images [I]. The method comprises stages
including data preparation, pre-processing, designing of the algorithm, and evaluat-
ing its performance based on important measures. This report employs an attention
mechanism to enable the model to concentrate on the damaged area. Moreover, the
use of more advanced and scalable architectures improves the classification perfor-

mance [g].

5.1 Dataset Description

The Three-Quarter View Vehicle Damage Dataset (TQVCD) [3] comprises images
collected from various types of vehicles with different labels for each damage type,
which includes scratches, dents, and bumps. The images were taken from a three-
quarter view angle, which is popular among car damage assessments due to its
comprehensive perspective in determining damage to a car. This particular view
point is appropriate for an attention-based model since the algorithm requires rich
spatial context to identify the damaged area [g].

Besides TQVCD, this paper uses CarDD [4] and TartesiaDS [5] for generaliz-
ing the proposed models’ capability to work effectively on other datasets. These
datasets comprise images of vehicles in which there are both damaged and intact
areas. Images are classified based on different damage types and extents. TQVCD,
CarDD, and TartesiaDS have been employed by many researchers in studying dif-
ferent algorithms for identifying car damage.

The TQVCD dataset is organized as follows:

e Training Set: 80% of the dataset is used for training purposes.
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e Validation Set: 10% of the dataset is used to determine the model’s perfor-
mance in a training phase, making it possible to optimize the hyperparameters

of the model to achieve maximum accuracy.

e Testing Set: 10% of the dataset is used to examine how the model performs

when dealing with unseen data.

In addition to images, each record contains information about the make and

model of a car.

5.2 ResNetb0 with Attention Mechanism

This report uses a pre-trained ResNet50 with an integrated attention mechanism for
classifying vehicle damage. ResNet50 [9] uses residual connections in order to ease
the training process for deep models by solving the vanishing gradient problem. This
type of network proves to be very useful for the task of vehicle damage classification,
because such a network must be able to learn complex features from images.

We freeze the convolutional layers while the remaining fully connected layers and
attention mechanism layers are tuned to achieve accurate classification. The archi-
tecture of ResNeth0 consists of input images processed via several residual layers,
followed by an attention layer, global average pooling, and a dense classification
layer. Adam optimizer with learning rate 0.0005 was chosen to guarantee conver-
gence during the training of the attention mechanism layers, whereas a dropout
regularization of 0.2 helps prevent overfitting [9][8].

Figure illustrates the architecture of ResNet50 with the integrated attention

mechanism used in this report.
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5.3 EfficientNet-B3

In this work, we implement EfficientNet-B3 [6] as a stronger variant than other
baseline versions of EfficientNet. EfficientNet-B3 uses compound scaling for opti-
mizing network depth, width, and input resolution. It uses a high input resolution
of 300x300 pixels compared to 224x224 pixels in EfficientNet-B0 [9]. High input
resolution allows the network to detect small damage details such as minor scratches
and surface dents due to low resolution. Therefore, it is an ideal choice for classifying
different types of vehicle damages.

In this report, we replace the fully connected layers of EfficientNet-B3 with a
new classification layer according to the number of categories of damage. We apply
dropout at a rate of 0.5 to avoid overfitting. We optimize the pre-trained network
using transfer learning with respect to TQVCD [3], CarDD [4], and TartesiaDS [5].

Adam optimizer is employed for training the model with learning rate of 0.001.

5.4 DenseNet169

In this report, DenseNet169 [7] has been implemented to use dense connectivity
for maximizing feature reuse across all layers. In contrast to conventional CNNs,
which receive input only from the previous layer, DenseNet169 connects each layer
to every other succeeding layer through feedforwarding for maximum feature reuse
and better gradient propagation [7]. This network architecture proves to be more
useful for detecting fine- grained and subtle damage patterns like minor dents and
scratches unlike other CNN models.

In this work, we fine-tune a pre-trained DenseNet169 for vehicle damage classi-
fication. We replace the final classification layer of DenseNet169 with a new dense
layer as per the number of damage categories. We apply batch normalization after
each dense block to ensure stability during training. Dropout is applied at a rate
of 0.5 to prevent overfitting of the model. We augment data by rotating images
horizontally and adjusting brightness across the three datasets used in this work
[11]. Adam optimizer is used for training the model with learning rate of 0.001.

Figure [5.2| presents the complete working of proposed deep learning pipeline in

this report.
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Dataset Collection: TQVCD, CarDD, TartesiaDS

Figure 5.2: Working of the DL. model
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Chapter 6

Results

The results acquired in respect of the vehicle damage classification models built using
the following datasets TQVCD [3], CarDD [4], and TartesiaDS [5] are discussed in
this chapter. The accuracy, precision, and recall measures are used to evaluate
performance and the acquired results will be compared to those achieved in the
context of other studies related to vehicle damage detection. The results showcase
the advantages that arise from the use of attention mechanisms as well as deeper

models.

6.1 Model Performance Comparison

The performance of EfficientNet-B3, ResNetb0 With Attention, and DenseNet169
has been compared against the datasets used, i.e., TQVCD [3], CarDD [4], and
TartesiaDS [5]

Table 6.1: Model Performance Comparison on Different Datasets

Model Dataset Accuracy Precision Recall (%)
(%) (%)

EfficientNet-B3 TQVCDI[3] 82.00 83.00 82.00
EfficientNet-B3 CarDD4] 80.00 81.00 79.00
EfficientNet-B3 TartesiaDS[5] 83.00 84.00 82.00
ResNet50 + Atten- | TQVCDJ[3] 87.00 86.00 85.00
tion

ResNet50 + Atten- | CarDD[4] 85.00 86.00 84.00
tion

ResNet50 + Atten- | TartesiaDS[5] 89.00 90.00 86.00
tion

DenseNet169 TQVCDI3] 85.00 86.00 84.00
DenseNet169 CarDD4] 83.00 84.00 82.00
DenseNet169 TartesiaDS[5] 87.00 88.00 85.00
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6.2 Comparison with Previous Works

The findings of the current research are compared to the existing studies on vehicle
damage classification in Table [6.2l In order to compare the performance of the
proposed technique against the performance of existing benchmarks, the impact of
the incorporation of attention mechanisms within ResNet50 [8], and the utilization
of deeper networks like EfficientNet-B3 [6] and DenseNet169 [7] can be analyzed

Table 6.2: Comparison of Current Study with Previous Works on the Same Datasets

Study Dataset Model Used | Accuracy | Precision | Recall
(%) (%) (%)
TQVCD Dataset
Peng et al. | TQVCD ResNetd0 + | 86.5 85.2 84.8
(2025)[8] Attention
Current Study TQVCD ResNet50 + | 87.0 86.0 85.0
Attention
Current Study TQVCD DenseNet169 85.0 86.0 84.0
Current Study TQVCD EfficientNet-| 82.0 83.0 82.0
B3
CarDD Dataset
Wang et al. | CarDD ResNet101 + | 88.2 89.1 87.5
(2023)[4] Ensemble
Wang et al. | CarDD EfficientNet- | 86.7 87.3 85.9
(2023)[4] B3
Current Study CarDD ResNet50 + | 85.0 86.0 84.0
Attention
Current Study CarDD DenseNet169 83.0 84.0 82.0
Current Study CarDD EfficientNet-| 80.0 81.0 79.0
B3
TartesiaDS Dataset
Pérez-Zarate et al. | TartesiaDS DenseNet169 | 87.5 88.2 86.8
(2024)]5]
Pérez-Zarate et al. | TartesiaDS ResNet50 85.8 86.5 84.9
(2024)[5]
Current Study TartesiaDS ResNet50 + | 89.0 90.0 86.0
Attention
Current Study TartesiaDS DenseNet169 87.0 88.0 85.0
Current Study TartesiaDS EfficientNet-| 83.0 84.0 82.0
B3
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6.3 Sample Classification Results

Figure [6.1] shows the output predictions of ResNet50 with Attention model tested
against TQVCD database [3]. The TQVCD dataset includes six different categories
of damages: Front Normal (FN), Front Breakage (FB), Front Crushed (FC), Rear
Normal (RN), Rear Breakage (RB), and Rear Crushed (RC)|[2].

The model predicts accurately for five out of six samples, aligning with its accu-
racy of 87.0% as shown in Table[6.1] The model provides good confidence scores for
those samples which represent easily identifiable damages such as Front Breakage
and Rear Crushed. However, one incorrect prediction is made when a Rear Breakage

sample is classified as Rear Crushed, aligned with the recall score of 85.0%.

(a)True: Front Normal (FN) (b)True: Front Breakage (FB) (c) True: Front Crushed (FC)
Predicted: FN v Predicted: FB v Predicted: FC v

(d)True: Rear Normal (RN) (e)True: Rear Breakage (RB) (f) True: Rear Crushed (RC)
Predicted: RN v Predicted: RC X Predicted: RC v

Figure: Sample classification results of ResNet50 with Attention on TQVCD. v = Correct X = Misclassified

Figure 6.1: Sample classification results of ResNet50 with Attention on the TQVCD
dataset. v'indicates correct prediction and x indicates misclassification.
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6.4 Analysis

From the above analysis, we have seen the following:

e ResNet50 with Attention attains the highest performance (89.0%) of all
the tested models on the TartesiaDS dataset [5] because the introduction
of attention mechanisms allows the network to better focus on the damaged
parts of the vehicle for better detection [2]. Compared to the previous work,
the accuracy attained using this model is higher than ResNetb0 and is also
comparable to DenseNet169 [5, [1].

e The performance of ResNet50 with Attention is the highest in all the
considered datasets, especially TQVCD, where the model has achieved 87.0%.
The improvements are due to successful model tuning and training on multiple
datasets [II]. The model outperforms any other attention-based ResNet50

reported in the literature [2].

e ResNet50 with Attention attains an accuracy of 85.0% on CarDD com-
pared to previous results where the same model attains a lower level of ac-
curacy because they use much deeper and ensemble networks [4]. Such high
performance results due to the use of more sophisticated methods such as the

use of more layers and ensemble approach [4].

e EfficientNet-B3 demonstrates an improvement on all low-scale EfficientNet-
BX models used by previous works [9] with a high-level of accuracy attained
on each dataset including 83.0% on TartesiaDS [5], 82.0% on TQVCD [3], and
80.0% on CarDD [4]. This happens because the input resolution increases,

leading to finer damage.

6.4.1 Key Observations

1. Attention-Based Architecture Yields Better Performance: Addition
of the attention mechanism to ResNet50 has positive impacts on results across
the used datasets; the algorithm shows improved performance on TQVCD
compared to its predecessors’ attention-based implementations [2]. This means
that using an attention mechanism helps in focusing on relevant damage areas,

thus providing better accuracy [2].

2. Performance is Increased Using Ensembles: Ensembles provide increased
accuracy on the CarDD dataset via model combination [4]. This indicates a

possibility of performance improvement using model ensembling.

3. EfficientNet-B3 outperforms EfficientNet-BO0: Transition from EfficientNet-
B0 to EfficientNet-B3 improves the accuracy, proving the advantages of the
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compound scaling and increased input resolution for fine-grained feature rep-

resentation [9].

4. DenseNet169 proves to be competitive: DenseNet169 delivers similar
performance to that achieved by previous research, indicating efficiency in
capturing the fine-grained damage features through the dense connectivity

mechanism [1].

5. Best Accuracy is Provided by ResNet50+ Attention: ResNet50 with
Attention yields highest accuracy at 89.0% on TartesiaDS surpassing previous

single model implementations’ performances [5).

6.5 Discussion of Results

It is demonstrated that models based on deep learning (ResNet50 with Attention,
EfficientNet-B3, and DenseNet169) accurately classify vehicle damage. The pro-
posed models outperform classical methods and baseline deep learning models con-
sidered in previous researches [I, [7, [10]. Further discussion of obtained results based
on comparison with previous studies leads to several conclusions:

Context of Model Performance: The examined models are characterized by
competitive and even better results than those from previous studies. For example,
ResNet50 with Attention obtains 89.0% accuracy on TartesiaDS that exceeds the
best accuracy rate achieved before on this dataset [5]. The lower performance ob-
tained by the ResNet50 with Attention model on CarDD can be justified through
the findings about the necessity to apply deeper models and ensemble approaches
to improve classification accuracy [4].

Effectiveness of Attention-Based Models: Attention modules incorporated
into the ResNetb0 network significantly improve its performance. By focusing only
on damaged zones of images, attention modules provide additional accuracy boost
in all used datasets. Previous researches prove the high effectiveness of the attention
mechanism as applied to vehicle damage recognition tasks [2].

Efficiency of Transfer Learning: The usage of transfer learning via pre-
trained architectures is found to significantly improve the results. In particular,
ResNet50, EfficientNet, and DenseNet models achieve the most promising results.
It is confirmed by previous researches about high performance provided by models
trained via transfer learning [10 [7].

Pros of Multidataset Classification Analysis: Contrary to the vast ma-
jority of previous researches, where the performance of one model was tested on
one specific dataset, this report examines the proposed models in three datasets
(TQVCD, CarDD, and TartesiaDS). Previously, CarDD and TQVCD were widely

used [4, 3]. Evaluating models on several datasets allows to assess their generaliza-
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tion ability. For instance, ResNet50 with Attention obtains impressive results in all
datasets and proves itself to be highly generalizable [11].

Deployment Potential of Proposed Models: The performance of ResNet50
with Attention and EfficientNet-B3 models makes it possible to utilize them for prac-
tical deployment. Particularly, ResNet50 with Attention demonstrates the highest
accuracy, whereas EfficientNet-B3 achieves very good results with efficient parame-
ter utilization due to compound scaling [9]. EfficientNet models provide a beneficial
trade-off between accuracy and efficiency and can therefore be deployed in various

conditions.

6.6 Limitations

e No use of Ensemble Methods: The study lacks the use of ensemble tech-
niques, as demonstrated by previous work on how they can improve results
through combining several models 4 5]. Further studies might be done to

investigate the possible use of ensemble methods with the current models:
ResNet50 with Attention, EfficientNet-B3, and DenseNet169.

e Dataset Size: Due to the relatively small size of the datasets used, the
generalization capacity is hindered, and there is a higher risk of overfitting
[11]. An increase in the dataset or the use of data augmentation techniques,

as well as synthetic data generation, can help improve the results.

e Class Imbalance: Some damage classes are not represented sufficiently due
to their relative rarity in real-life instances. The same issue was mentioned
in previous studies in which they highlighted class imbalance as a challenging
problem [I]. Several strategies for tackling this issue could be tried, e.g., class

weighting and oversampling.
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Chapter 7

Conclusion and Future Work

Conclusion

As shown in the results section, the implemented models, namely ResNet50
with Attention, EfficientNet-B3, and DenseNet169, have been able to achieve
high performance in distinguishing between scratches, dents, and bumps. In
particular, ResNet50 with Attention obtained the highest performance at 89.0%
on TartesiaDS. This outcome validates the hypothesis that attention-based
models outperform baseline models as they provide the means to focus on
damaged areas in vehicles’ images, thus allowing extracting intricate features

that would otherwise be missed.

As seen from the experiment results, incorporating attention mechanisms into
deep neural networks makes it possible to automate the procedure of de-
tecting damages on cars. Furthermore, upgrading from EfficientNet-B0O to
EfficientNet-B3 along with introducing the DenseNet169 model was found to
boost the efficiency of baseline architectures by about 2-3%. On the other
hand, certain limitations, such as the imbalanced ratio of classes and the rela-
tively small size of the datasets used, should also be mentioned. architecture,
in particular, has emerged as the most effective model configuration, achiev-
ing a peak classification accuracy of 89.0% on the TartesiaDS dataset, thereby
surpassing the performance benchmarks established by previous research con-

tributions in this domain.

The broader implications of these findings extend beyond the immediate con-
text of vehicle damage classification, suggesting that attention-augmented deep
learning architectures may represent a generally applicable solution for ad-
dressing complex image classification challenges characterized by the presence
of spatially localized discriminative features within high-dimensional input

spaces.

Future Work
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Researching other state-of-the-art deep learning architectures, such as Vision
Transformer (ViT), as well as implementing 3D convolutional neural networks,
may allow to enhance the feature extraction process, improving classification

accuracy.

Implementing Explainable Artificial Intelligence (XAI) methods, such as Grad-
CAM or SHAP, is vital to ensure that the trained model’s predictions are
transparent and comprehensible for humans. It will allow to visualize the
parts of the vehicle that impact its prediction of the damage’s severity and
type, making the attention-augmented models more interpretable and easier

to implement in the automotive repair and insurance industry.
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may produce either false positive results or false negative results), so it should not be used as the sole basis for adverse actions against a student. It takes further scrutiny and human
judgment in conjunction with an organization's application of its specific academic policies to determine whether any academic misconduct has occurred.
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