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Abstract—The large use of private cars is directly 

proportional to the number of insurance claims. Therefore, 

insurance companies need a breakthrough or new approach that 

is more effective and efficient to be able to compete for the trust 

of their customers. One approach that can be taken is to use 

artificial intelligence to detect damage to the car body to speed 

up the claims process. In this research, several experiments will 

be carried out using various types of models, namely Mask-R-

CNN, ResNet50, MobileNetv2, YOLO-v5, and YOLO-v8 to 

detect damage to the car body. Furthermore, in the experiments 

that were carried out, the best results were obtained using the 

YOLO-v8x model with precision, recall, and F1-score values of 

0.963, 0.951, and 0.936 respectively. 

Keywords—Car damage detection; insurance claim; deep 

learning; object detection 

I. INTRODUCTION 

The prevalence of private vehicle usage in Indonesia is 
notably substantial. As per data extracted from the [1] for the 
year 2022, an estimated 17,175,632 units of private 
automobiles were in circulation across the nation. This 
proliferation of private vehicles in Indonesia corresponds 
directly with the incidence of traffic accidents. According to 
[2], approximately 25,144 cases of traffic accidents occurred 
during the first semester of 2022, resulting in a cumulative loss 
nearing three billion Indonesian rupiahs (Pusiknas Bareskrim 
Polri, 2023). Prevalent accident types include head-on 
collisions, rear-end collisions, and instances of vehicles veering 
off roads, with respective occurrences numbering 3,503, 3,066, 
and 2,951 cases in sequence. 

The World Health Organization (WHO) identifies several 
primary factors contributing to traffic accidents and the 
heightened risk of resultant losses. These factors encompass 
driving at speeds surpassing the average, driving under the 
influence of alcohol, operating vehicles devoid of essential 
safety equipment such as helmets, seat belts, and child car 
seats, engaging in communication activities while driving, 
encountering inadequacies in road infrastructure, possessing 
vehicles with substandard maintenance, experiencing deficient 
post-accident care, and encountering lax enforcement of traffic 
laws [3]. 

Motor vehicle insurance has become a popular means of 
reducing the damages that people suffer from traffic accidents. 
To reduce the losses from unanticipated events like theft, 
accidents, and disasters, a motor vehicle insurance plan is 
required. As a result, a large number of insurance firms have 

surfaced that provide services related to motor vehicle 
insurance. 

Indonesia has witnessed a tremendous increase in the motor 
vehicle insurance market. The company in this sector showed a 
premium growth of 19.4% in the third quarter of 2022 
compared to the third quarter of 2021, according to a study [4]. 
To be competitive, motor vehicle insurance companies must 
have a solid and superior business strategy compared to other 
businesses, given the industry's rapid expansion. The plan for 
processing insurance claims is one of the most important 
factors to take into account in the insurance industry. Research 
in study [5] asserts that tangibility, reliability, assurance, 
responsiveness, and empathy are the five essential aspects of 
service quality that can be assessed. Research in study [6] 
states that each of the previously listed dimensions is defined. 
First of all, tangibility describes how the actual buildings, tools, 
staff, and marketing materials seem in relation to the level of 
service that the insurance firm offers. The capacity to provide 
promised services consistently and precisely is the second 
definition of reliability. Next, assurance comprises staff 
members' expertise, politeness, and capacity to inspire trust in 
customers. Moreover, being responsive means being ready to 
help clients and offer timely assistance. Finally, empathy is 
showing consideration and care for the people who serve 
clients. Fig. 2 describes how customers feel about an insurance 
product's satisfaction and quality. According to a study [5], in 
the PT Multi Artha Guna Insurance motor vehicle insurance 
market, responsiveness has the lowest score, followed by 
dependability, empathy, assurance, and tangibility. 
Furthermore, the research indicates that the ease of the process 
scheme for filing auto insurance claims to the insurance 
company is the aspect that most determine consumer 
satisfaction in insurance services. 

One of the procedures used by customers in the motor 
vehicle insurance sector when they sustain losses on their cars 
in accordance with the arrangements they have with the 
insurance provider is filing a claim. The claims procedure is 
still primarily completed by hand at this time. Because set and 
consistent parameters are not applied uniformly among 
insurance firms, this leads to consumer dissatisfaction with the 
damage assessment process. 

This procedure can be made digital and automated with 
data science and artificial intelligence (AI) techniques, 
especially deep learning. AI models can be trained using data 
from prior claims to comprehend and forecast car damage, 
resulting in a more transparent and objective evaluation. These 
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AI models can also be trained and enhanced over time, which 
will speed up and improve the efficiency of the claims process. 

Moreover, the procedure for submitting claims currently in 
place takes a long time. This process can be accelerated by 
utilizing AI and data science. Sophisticated data analysis 
methods can be used to find trends in the claims, speed up the 
verification process, and even help find fraudulent activity. 
This may result in a quicker settlement of claims, which would 
eventually increase client satisfaction. It is therefore necessary 
to develop a more widely accepted, widely adopted, and well-
standardized claim submission procedure. Customers will be 
able to file claims more conveniently, get their cars fixed 
quickly, and benefit from more transparent and objective 
damage assessment procedures, all of which will increase 
customer satisfaction. To overcome the previously described 
problems, a data science and deep learning strategy will be 
used in this study. 

By employing methodologies rooted in data science and 
deep learning, it is anticipated that the efficiency and 
effectiveness of the claims process can be improved while 
minimizing subjectivity. Data science, an interdisciplinary 
domain, encompasses scientific techniques, algorithms, and 
systems to glean insights from data in diverse formats, 
structured or unstructured. Drawing upon principles from 
various fields such as mathematics, statistics, information 
science, and computer science, data science is closely 
associated with practices like data mining, machine learning, 
and big data analysis. It facilitates the development of 
predictive models, identification of trends and patterns, and 
aids in data-driven decision-making. Deep learning, as 
described in study [7], is a branch of machine learning that 
enables computers to learn from prior training and grasp 
complex concepts. As computers acquire knowledge through 
experience, human operators are not required to explicitly 
provide all necessary information. Consequently, this approach 
holds the potential to enable real-time claims processing for 
consumers. In the studies by [8] and [9], Deep Learning, 
particularly Convolutional Neural Networks, was utilized to 
detect Diabetic Retinopathy from fundus images. 

This study will use image data to apply the deep learning 
approach further to the detection of damaged objects in cars. It 
is anticipated that using this method will enable effective, real-
time damage identification, which will benefit clients. 
Furthermore, since AI can now automate damage detection—a 
task that was formerly completed by qualified professionals—
insurance firms can save money on their operations. 

There are two primary categories of frameworks for generic 
object detection techniques, according to study [10]. The first 
kind operates according to the standard object detection 
procedure, first generating region proposals and subsequently 
classifying each proposal according to several item types. The 
second style uses integrated frameworks to produce final 
findings that include both categories and locations 
simultaneously, seeing object detection as a classification or 
regression problem. R-CNN, Mask R-CNN, SPP-net, Fast R-
CNN, Faster R-CNN, and FPN are some of the models for the 
first type; SSD,  YOLO (You Only Look Once), DSSD, and 
DSOD are some of the models for the second type. 

Mask R-CNN is an extension of the Faster R-CNN model 
designed for instance segmentation, i.e., the ability to classify 
objects in images and simultaneously produce accurate masks 
for each object instance. Mask R-CNN adds a branch for mask 
prediction to Faster R-CNN, enabling it to distinguish between 
objects at the pixel level. In the context of detecting damage on 
car bodies, studies have used Mask R-CNN to accurately 
identify and localize damages such as scratches, dents, and 
scrapes. For example, research in [11] used Mask R-CNN to 
detect and classify various types of damage on car bodies using 
a dataset consisting of thousands of car images taken from 
various angles, demonstrating a high level of precision in 
damage detection. Subsequently, [12] applied an improved 
Mask RCNN by optimizing ResNet and FPN as feature 
extraction. In this study, the use of the improved Mask RCNN 
method increased accuracy by almost 2%, from 94.53% to 
96.38%. 

Once the damage has been successfully detected using 
Mask R-CNN, the classification of the type of damage is 
performed. Research in study [13] used CNN with EfficientNet 
and MobileNetV2 architectures. In this study, the results from 
Mask R-CNN segmentation were used as input for the 
classification model. The use of this technique in the 
classification model can improve the F1-score value of the 
model by up to 9%. The best classification model is 
MobileNetV2, which uses this technique with an F1-score of 
up to 91%. Previously, damage detection studies with transfer 
learning models have also been conducted by comparing 
various architectures such as Inception V3, VGG16, VGG19, 
Xception, MobileNet, and ResNet50. The best accuracy results 
were obtained by the MobileNet model at 97.28%, followed by 
ResNet50. Another study conducted by [14] used transfer 
learning models comparing VGG16, VGG19, ResNet34, and 
ResNet50 architectures. The results showed that ResNet50 had 
the best accuracy results at 96.39%, followed by VGG19, 
VGG16, and ResNet34 at 95.87%, 94.84%, and 93.88%, 
respectively. Furthermore, [15] added an ensemble method to 
the transfer learning model created. The best result was 
obtained when using the ResNet architecture with an accuracy 
of 88.24%. 

YOLO is one of the Convolutional Neural Network (CNN) 
based object detection models widely used today. YOLO can 
perform two tasks simultaneously, namely detection and 
classification of damages. In previous studies, several kinds of 
research have been conducted using YOLO, such as [16] using 
the YOLO-v5 model to detect damages and the location of 
insulators. Then, [17] conducted an Automatic Non-Parking 
Overload Detection Method based on the YOLO-v5 model. In 
addition, [18] performed real-time object detection for 
substation security warnings based on YOLO-v5, [19] used the 
YOLO-v5 model to detect road damages, and [20] used the 
YOLO-v5 model to detect car damages. In January 2023, [21], 
the developer of the YOLO-v5 model, released one of the latest 
versions of YOLO, namely YOLO-v8, which is an 
improvement over YOLO-v5, where the YOLO-v8 algorithm 
can be faster in object detection and also more accurate in 
detecting small objects. 

In this research, the YOLO-v5 and YOLO-v8 algorithm 
approaches will be conducted as algorithms for detecting 
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objects that have been previously conducted in previous 
studies. The reason for choosing the YOLO-v5 algorithm is 
because it is one of the most widely used object detection 
algorithms in various fields at present. Then, the YOLO-v8 
algorithm, which is one of the latest version of the YOLO 
algorithm at present, will also be used. Furthermore, the 
evaluation results obtained from the YOLO algorithm will be 
compared with the approach that has been previously done in 
detecting damages on vehicles, namely damage segmentation 
using Mask R-CNN and damage type classification using 
CNN. In this research, the two best CNN architectures based 
on previous studies, namely ResNet and MobileNet, will be 
used. 

II. RELATED WORK 

In this segment, preceding research relevant to the current 

investigation will be elucidated. Numerous inquiries into car 

damage detection have been conducted previously. These 

studies can be seen in Table I. 

TABLE I.  STATE-OF-THE-ART 

Research Method Dataset Evaluation 

[20] YOLO-v5 767 images 

Precision = 95% 

Recall = 87% 

F1-score = 91% 

[22] CNN 3000 images Accuracy = 98% 

[23] YOLO-v3 150 images Map score = 82% 

[13] 

Mask R-CNN and 

CNN 
(MobileNetV2) 

1600 images F1-score = 91% 

[24] 
Mask R-CNN and 
CNN (VGG16) 

460 images 

Precision = 91% 

Recall = 90% 

F1-score = 90% 

[14] 

CNN (AlexNet, 

VGG19, 

InceptionV3, 

ResNet50, 
MobileNets V1.0) 

1172 images Accuracy = 96% 

[25] 
Transfer learning 

and VGG16 
2300 images Accuracy = 87% 

[26] R-CNN (MobileNet) 600 images Accuracy = 95% 

[12] 
Mask R-CNN 

(ResNet101) 
2000 images Accuracy = 96% 

Therefore, this study will compare the performance of yolo-v8, yolo-v5, ResNet50, and MobileNetV2.  

III. DATA AND METHODOLOGY 

Within this section, the data and methodologies employed 
to address the focal subjects of inquiry in this study will be 
elucidated. Fig. 1 delineates the procedural framework 
underpinning this research endeavor. 

A. Dataset 

In this study, the acquisition of photographs depicting 
automobile damages was conducted in collaboration with PT 
Global Risk Management. The captured images of vehicles 
encompass various categories, including scratches, dents, tears, 
shattered or cracked glass, and fractured or cracked lights. The 
entirety of the data utilized for this investigation amounts to 
700 images. Each class's data volume has been organized into 
five distinct categories, as illustrated in Fig. 2. 

 

Fig. 1. Research workflow. 

 
Fig. 2. Damages distribution in the dataset. 

B. Data Preprocessing and Augmentations 

Several pre-processing data techniques employed in this 
study include: 

 Data Annotation: The annotation process involves 
marking the location and type of damage on car images. 
In this study, two annotation approaches were 
employed: the first utilized bounding boxes for the 
YOLO algorithm, while the second employed 
annotation in the Common Object in Context (COCO) 
format. 
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 Resizing Data: Resizing images during the data 
preprocessing stage is a critical step in preparing the 
dataset for deep learning models. This process involves 
adjusting the size of images to meet the requirements of 
the model, with benefits such as computational 
efficiency, reduced memory load, ensuring consistency 
in input sizes for the model, and preventing overfitting. 
In this study, the image sizes of 1024×1024 pixels for 
the Mask R-CNN algorithm, 224×224 pixels for CNN 
architectures ResNet and MobileNet, and 640×640 
pixels for YOLO-v5 and YOLO-v8 algorithms will be 
utilized. 

 Data Train, Validation, and Test Split: The division of 
data into training, validation, and test sets is a key stage 
in the development of deep learning models. The 
training data, which comprises the majority of the 
dataset, is used to train the model and enable it to 
understand patterns and features within the data. 
Validation data is utilized during training to evaluate 
the model's performance and prevent overfitting or 
underfitting. Meanwhile, test data is employed to assess 
the model's ability against data it has not previously 
encountered. In this study, the data was divided into 
train, validation, and test sets with proportions of 70%, 
20%, and 10%, respectively. 

 Following this, in our research, augmentation 
techniques were applied to the training data to enhance 
the dataset's size and optimize algorithm performance. 
The augmentation methods used include adjusting hue 
within the range of -90° to 90°, modifying saturation 
between -50% and 50%, tuning brightness from -20% 
to 20%, and implementing mosaic augmentation. Below 
are explanations for each augmentation process: 

 Hue Augmentation: Hue augmentation involves 
adjusting the hue values in an image's color models 
(HSL or HSV) to enhance data diversity. By rotating 
hue values, colours shift across the spectrum, promoting 
learning across various color ranges. This technique 
prevents models from fixating on specific colors, 
fostering better adaptation to diverse color variations in 
new data. Unlike relying solely on memorized colors, 
hue augmentation encourages focus on object features 
and shapes. Despite potentially unnatural color shifts, 
the goal is to improve the model's ability to recognize 
general visual patterns, reducing reliance on specific 
color cues. 

 Saturation Augmentation: Saturation augmentation is a 
technique that alters color intensity within an image, 
affecting brightness and color vibrancy. By randomly 
adjusting pixel saturation values, it creates varied color 
tones, prompting machine learning models to discern 
objects and patterns across different saturation levels. 
This technique enhances model performance in real-
world scenarios with diverse lighting conditions or 
weather, enabling recognition of objects amidst varying 
color saturation levels. However, extremes in saturation 
levels may lead to distorted images, necessitating 
careful adjustments to maintain visual consistency. 

When combined with other augmentation methods like 
hue adjustment or resizing, it enriches dataset 
variations, aiding models in understanding diverse color 
schemes and brightness levels in images. 

 Brightness Augmentation: Brightness augmentation is a 
technique used to modify the overall brightness level 
within an image by applying random changes to pixel 
brightness values, resulting in either increased or 
decreased light intensity throughout the image. This 
adjustment creates diverse lighting variations for 
objects and backgrounds in the image. The primary aim 
of brightness augmentation is to enhance machine 
learning models' adaptability to different lighting 
conditions encountered in real-world scenarios. 
However, excessive changes in brightness may lead to 
the loss of critical image information, necessitating 
careful adjustments to maintain visual balance. 
Additionally, local brightness augmentation techniques 
target specific image areas, offering more precise 
adjustments. By combining brightness augmentation 
with other image data augmentation methods, such as 
contrast enhancement or cropping, a more diverse 
training dataset can be generated, aiding models in 
recognizing various lighting conditions. 

 Mosaic Augmentation: Introduced in the study [27], this 
process is a widely used technique in image processing 
and object detection. It aims to enhance the reliability 
and robustness of models by combining multiple 
images into a single mosaic, treating it as a unified 
image. This method increases the diversity of 
perspective and scale, thus enriching the model's 
learning by expanding the variety of training samples. It 
improves object detection across different scales and 
viewpoints, as well as enhances the model's ability to 
handle challenging images, such as those with partially 
visible or cropped objects. Several studies have utilized 
mosaic augmentation for object detection, including 
[28], where it was employed to broaden the variety of 
training samples and explore the relationship between 
classification and localization in object detection. 

C. Building Models 

This study will employ two approaches to construct the 
best model. The first approach utilizes Mask R-CNN to detect 
the location of damage, after which the output images from 
Mask R-CNN will be fed into CNN algorithms with ResNet 
and MobileNet architectures for the classification of damage 
types. This initial approach, within the scope of object 
detection, can be termed as a double-stage method because the 
tasks of detecting damage location and classifying damage 
types are performed in two distinct stages. The second 
approach employs the YOLO algorithm, specifically YOLO-v5 
and YOLO-v8 in our research, to simultaneously perform the 
tasks of detecting damage location and classifying damage 
types. This second approach, within the scope of object 
detection, can be referred to as a one-stage method because the 
detection of damage location and the classification of damage 
types are carried out in a single stage. 
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For Mask R-CNN, firstly, an input image is fed into the 
network. This image undergoes processing in the backbone 
network, which is a combination of the ResNet101 architecture 
and is complemented by the Feature Pyramid Network (FPN). 
The backbone network aims to extract feature maps from the 
input image. Secondly, the feature maps generated by the 
backbone network are sent to the Region Proposal Network 
(RPN). In this process, several operations are performed, 
including sliding window operation, convolution operation, 
softmax operation, and bounding box regression (bbox 
regression). The sliding window operation entails a fixed 3 × 3 
window moving across the feature map to identify candidate 
regions. At each window position, the convolution operation is 
utilized to produce scores for each anchor and proposal for 
bounding box regression. The convolution operation applies a 
kernel to the feature map by sliding it across and computing the 
dot product between the kernel values and the corresponding 
feature map values. Mathematically, the convolution operation 
formula in the RPN network can be observed in Eq. (1). 

 𝑆(𝑖, 𝑗) = (𝐼 ∗ 𝐾)(𝑖, 𝑗) = ∑ ∑ 𝐼(𝑖 + 𝑚, 𝑗 + 𝑛)  ∙ 𝐾(𝑚, 𝑛)

𝑛𝑚

 (1) 

Next, the softmax operation is performed for the 
classification of two classes (object vs. non-object). In this 
study, objects refer to damaged parts of the car body, while 
non-objects are defined as undamaged parts of the car body. 
For each anchor, the Region Proposal Network (RPN) 
generates two scores indicating the likelihood of the anchor 
containing foreground (object) or background (non-object). 
The softmax function is applied to these scores to obtain the 
probability of a desired object using the formula in Eq. (2). 


𝜎(𝑧)𝑖 =

𝑒𝑧𝑖

𝑒𝑧0 + 𝑒𝑧1
 (2) 

Furthermore, the bounding box regression (bbox reg) 
operation is conducted to refine the bounding box proposals. 
For each anchor, the Region Proposal Network (RPN) 
generates four values representing predictions of displacement 
and scale transformation to adjust the anchor closer to the 
actual object bounding box. The general formula for bbox reg 
in the RPN context can be observed in Eq. (3) to Eq. (6). 

 
𝑡𝑥 =

(𝑥 − 𝑥𝑎)

𝑤𝑎

 (3) 

 
𝑡𝑦 =

(𝑦 − 𝑦𝑎)

ℎ𝑎

 (4) 

 𝑡𝑤 = log (
𝑤

𝑤𝑎

) (5) 

 
𝑡ℎ = log (

ℎ

ℎ𝑎

) (6) 

 𝐿 = 𝐿𝑐𝑙𝑠 + 𝐿𝑏𝑜𝑥 + 𝐿𝑚𝑎𝑠𝑘 (7) 

This second process yields outputs in the form of Regions 
of Interest (RoIs). Subsequently, the RoIs generated by the 
RPN are mapped to extract corresponding target features in the 
shared feature map, and then forwarded to the Fully Connected 
Layers and Fully Convolutional Network (FCN), respectively 

for target classification and instance segmentation. This 
process generates classification scores, bounding boxes, and 
segmentation areas. To evaluate these three aspects, Equation 
(7) is utilized, where L represents the total loss function, 𝐿𝑐𝑙𝑠 is 
the loss function for object classification, 𝐿𝑏𝑜𝑥  is the loss 
function for bounding box regression, and 𝐿𝑚𝑎𝑠𝑘  is the loss 
function for object segmentation. Furthermore, the output from 
the Mask R-CNN algorithm, which consists of segmented 
images and information regarding the coordinates of 
segmentation bounding boxes, will be used as input for the 
subsequent algorithm, which is CNN for classifying the type of 
damage. Initially, only the parts of the image marked with 
bounding box coordinates, indicating objects, are selected. The 
objects identified using Mask R-CNN will be used as input for 
the damage classification algorithm in this study, employing 
CNN with ResNet-50 and MobileNet-V2 architectures. 

Next, the classification process will be explained by 
constructing the best model using the ResNet-50 architecture. 
Initially, the input image is resized to 224×224. Then, the 
image enters the first convolutional layer consisting of 7×7 
filters with an output of 64 feature maps and a smaller 
dimension image of 112×112. In each filter window, 
convolution operations, as in Eq. (8), are performed, followed 
by batch normalization using Eq. (9) and Eq. (10), and finally 
passed through the ReLU activation function using the formula 
in Eq. (11). 

 𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑊 ∗ 𝑋 + 𝑏 (8) 

 𝑂𝑢𝑡𝑝𝑢𝑡 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑂𝑢𝑡𝑝𝑢𝑡 − 𝑚𝑒𝑎𝑛(𝑂𝑢𝑡𝑝𝑢𝑡)

√𝑣𝑎𝑟(𝑂𝑢𝑡𝑝𝑢𝑡) + 𝜖
 (9) 

 𝑂𝑢𝑡𝑝𝑢𝑡_𝑏𝑛 = 𝛾 × 𝑂𝑢𝑡𝑝𝑢𝑡 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 + 𝛽 (10) 

 𝑅𝑒𝐿𝑈(𝑂𝑢𝑡𝑝𝑢𝑡_𝑏𝑛) = max (0, 𝑂𝑢𝑡𝑝𝑢𝑡_𝑏𝑛) (11) 

Next, the results from the operations in the first 
convolutional layer enter the second convolutional layer block. 
This block consists of three convolutional layers. The first 
layer comprises 1×1 filters with 64 filters, the second layer 
consists of 3×3 filters with 64 filters, and the third layer 
consists of 1×1 filters with 256 filters. Convolution operations, 
as in Eq. (8), are performed in each filter window, followed by 
batch normalization using Eq. (9) and Eq. (10), and finally 
passed through the ReLU activation function using the formula 
in Eq. (11). This block will be executed three times in total. 
The output of this block is processed in the third convolutional 
block. 

In the third convolutional block, there are three 
convolutional layers. The first layer comprises 1×1 filters with 
128 filters, the second layer consists of 3×3 filters with 128 
filters, and the third layer consists of 1×1 filters with 512 
filters. Similar to before, convolution operations, batch 
normalization, and ReLU activation functions are applied. This 
block will be executed four times in total. 

Next, the output from the third convolutional block enters 
the fourth convolutional block. This block also consists of three 
convolutional layers. The first layer comprises 1×1 filters with 
256 filters, the second layer consists of 3×3 filters with 256 
filters, and the third layer consists of 1×1 filters with 1024 
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filters. Similar operations are applied in each filter window, 
and this block will be executed six times in total. 

Lastly, there is the fifth convolutional block, which also 
consists of three convolutional layers. The first layer comprises 
1×1 filters with 512 filters, the second layer consists of 3×3 
filters with 512 filters, and the third layer consists of 1×1 filters 
with 2048 filters. Operations similar to previous blocks are 
applied, and this block will be executed three times in total. 

In addition to using the ResNet-50 architecture, this study 
will also employ the MobileNet-v2 architecture for the CNN 
classification algorithm with the aim of classifying the types of 
damage based on the predicted damage areas obtained using 
the Mask R-CNN algorithm. First, an image of size 224×224 
with three channels will be used as input. Then, standard 
convolution operations will be performed with a filter size of 
3×3 and a formula as shown in Eq. (12). 

 
𝑂𝑖𝑗 = ∑ ∑ 𝐼(𝑖+𝑚,𝑗+𝑛) ∙ 𝐾𝑚𝑛

𝑁−1

𝑛=0

𝑀−1

𝑚=0

 (12) 

Next, it will enter the core part that characterizes the 
MobileNet-v2 architecture, namely depthwise separable 
convolution, which consists of two convolutional layers: 
depthwise convolution and pointwise convolution. In 
depthwise convolution, a single filter is applied to each feature 
map separately. This means that if there are D feature maps, 
there will be D depthwise filters. The formula for the 
depthwise convolution operation can be seen in Eq. (13). 

 
𝑂𝑖,𝑗,𝑑 = ∑ ∑ 𝐼(𝑖+𝑚,𝑗+𝑛,𝑑) ∙ 𝐾𝑚,𝑛,𝑑

𝑁−1

𝑛=0

𝑀−1

𝑚=0

 (13) 

After that, the 32 output feature maps from the depthwise 
convolution will enter the pointwise convolution layer. In 
pointwise convolution, the operation is performed using 1×1 
pixel filters on all the output feature maps from the depthwise 
convolution. The formula for the pointwise convolution 
operation can be seen in Eq. (14). 

 
𝑂𝑖,𝑗,𝑙 = ∑ 𝐼𝑥,𝑦,𝑑

𝐷

𝑑=1

∙ 𝐾𝑑,𝑙 (14) 

In this process, the output is 64 feature maps with a size of 
112×112 pixels. These three convolution processes will be 
repeated 4 times until an output of 1024 feature maps with a 
size of 7×7 is obtained. Then, global average pooling operation 
will be performed with the formula as shown in Eq. (15) 
below. 

 
𝑂𝑘 =

1

𝑊𝐻
∑ ∑ 𝐼𝑖,𝑗,𝑘

𝑊

𝑗=1

𝐻

𝑖=1

 (15) 

As a result, the overall outcome of global average pooling 
will yield a vector with a dimension size of 1024. Next, this 
vector will be used as input to the final layer, namely the fully 
connected layer, with the formula as shown in Eq. (16). 

 
𝑶𝒋 = 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 (∑ 𝑾𝒊,𝒋 ∙ 𝑿𝒊 + 𝒃𝒋

𝑁

𝑖=1

) (17) 

For each layer, an activation function is employed to 
process the weighted calculations and generate the output of 
the best model. Typically, the ReLU activation function is used 
during the process, with the formula as shown in Eq. (18), 
while the sigmoid activation function is utilized as the 
activation function in the final layer to perform the 
classification task, with the formula as depicted in Eq. (19). 

 𝑅𝑒𝐿𝑈(𝑥) = max (0, 𝑥) (18) 

 
𝜎(𝒛)𝑖 =

𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝐾
𝑗=1

 (19) 

In this study, detection and classification of car body 
damage will also be performed using the YOLO algorithm. 
YOLO is an algorithm capable of simultaneously performing 
detection and classification functions. Therefore, the YOLO 
algorithm approach can be referred to as a case of object 
detection with a one-stage method. In our study, two versions 
of the YOLO algorithm will be used, namely YOLO-v5 and 
YOLO-v8. The reason for choosing these two versions is that 
both were developed by the same team, Ultralytics. YOLO-v5 
was released in May 2020 and has been widely used in various 
fields for object detection cases. It will then be compared with 
YOLO-v8, which is one of the latest versions of YOLO 
released in January 2023. First, the implementation of YOLO-
v5 in this study will be explained. 

YOLO-v5 consists of several sub-versions, namely YOLO-
v5n, YOLO-v5s, YOLO-v5m, YOLO-v5l, and YOLO-v5x. All 
sub-versions have the same input size, which is an image with 
dimensions of 640×640 pixels. Each version has a similar 
overall architecture, with differences only in the number of 
layers and parameters used. For example, YOLO-v5n has the 
fewest layers and parameters, resulting in the fastest 
computation time compared to all other sub-versions, but its 
accuracy is relatively lower compared to the other four sub-
versions. Typically, the choice of sub-version is based on the 
complexity of the case or problem and the available resources. 
The performance of these five sub-versions will be compared 
in this study. Fig. 3 shows YOLO-v5 architecture. 

 
Fig. 3. YOLO-v5 architecture. 
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The YOLO architecture is divided into three main parts: 
backbone, neck, and head. In the backbone part, the first step 
involves the input image with dimensions of 640×640×3 pixels 
entering the focus layer. In this layer, the image is divided into 
four equally sized parts and combined into a new image tensor 
with dimensions of 320×320×12. The purpose of this operation 
is to reduce the spatial dimensions of the image and focus more 
on the important features within it. The output of this layer then 
enters the subsequent CBL layer. 

In the next process in the CBL layer, three main operations 
are performed: convolution operation, batch normalization, and 
Leaky ReLU. The convolution operation generates new feature 
maps using a 3×3 filter applied to the entire spatial area of the 
input feature map. This operation is used to extract important 
and meaningful features from the image. Next, batch 
normalization is applied to normalize the output of the 
convolution layer and speed up convergence towards the best 
model. Finally, the Leaky ReLU operation is used to prevent 
dead neurons due to negative input values. The formulas for 
each operation can be seen respectively in Eq. (20) – Eq. (22).  

 
𝑂𝑖𝑗𝑘 = ∑ ∑ ∑ 𝐼𝑖+𝑚,𝑗+𝑛,𝑐 ∙ 𝐾𝑚𝑛𝑐𝑘

𝐶−1

𝑐=0

𝑁−1

𝑛=0

𝑀−1

𝑚=0

 (20) 

 
𝑂𝑘

′ = 𝛾 (
𝑂𝑘 − 𝜇𝑏

√𝜎𝐵
2 + 𝜖

) + 𝛽 (21) 

 𝑓(𝑥) =  {
𝑥, 𝑗𝑖𝑘𝑎 𝑥 > 0 
𝛼𝑥, 𝑗𝑖𝑘𝑎 𝑥 ≤ 0

 (22) 

Then, there are several layers that need to be passed 
through such as Residual Unit (Res unit), CSP bottlenecks, and 
Spatial Pyramid Pooling (SPP). In the Res Unit, the concept 
from the ResNet architecture is used where the input feature 
map can perform skip connections to convolutional layers, and 
then their results are combined with the output of those 
convolutional layers. This is done to preserve some important 
original features in the image. Then, in the CSP bottlenecks, 
there are two types of operations: 𝑐𝑠𝑝1𝑥  and 𝑐𝑠𝑝2𝑥. Finally, 
in the SPP operation, max pooling is performed in parallel on 
the output from the CBL with varying window pooling scale 
intensities. Then, the results of each max pooling operation are 
combined again to deepen the features. 

In the neck part, there are two operations that have not been 
performed in the backbone process, namely upsampling, 
concatenation, and C3. In this part, the model focuses more on 
processing the feature maps generated in the previous 
backbone part, before continuing to the head part for the 
prediction process. Upsampling is the process of increasing the 
resolution of the feature map. This is usually done through 
techniques such as nearest neighbor or bilinear interpolation. 
To perform an upsampling operation, given a feature map with 
size 𝑊 × 𝐻, upsampling with a scale factor s will result in a 
new feature map with size 𝑠𝑊 × 𝑠𝐻. This operation is carried 
out to increase the resolution of the feature map to match the 
dimension of the feature map that will undergo concatenation 
operation. Concatenation operation is the process of appending 
one or more tensors along a certain dimension. In this case, 
feature maps of various resolutions that have been upsampled 

will be concatenated along the channel dimension. For 
example, if there are two feature maps A and B with sizes 𝑊 ×
𝐻 × 𝐶𝐴  and 𝑊 × 𝐻 × 𝐶𝐵  respectively, then the result of the 
concatenation operation will yield a feature map with size 𝑊 ×
𝐻 × (𝐶𝐴 + 𝐶𝐵). 

After the upsampling and concatenation operations, there is 
another block operation called C3. The C3 block aims to 
further process the concatenated feature maps, using the 
bottleneck CSP technique for computational efficiency while 
still extracting relevant features. In this block, there are two 
main operations: convolution operation and bottleneck CSP 
operation. The convolution operation consists of three layers 
followed by batch normalization and Leaky ReLU operations 
as shown in Eq. (20) – Eq. (22). After passing through the 
convolution layers, the feature map will enter the bottleneck 
CSP operation. The C3 block is responsible for processing the 
combined features and generating richer feature maps that will 
be used for prediction. 

Finally, in the head part, the output from the first C3 block 
will enter the last convolution layer for the bounding boxes 
prediction process, the output from the second C3 block will 
enter the last convolution layer for predicting the confidence or 
probability of the damage being detected inside the bounding 
boxes or not, and the output from the last C3 block will enter 
the last convolution layer and used for classifying the type of 
damage. These three outputs will be evaluated to minimize the 
loss using Eq. (23) – Eq. (27). 

 𝐿𝑜𝑠𝑠 = 𝜆1𝐿𝑐𝑙𝑠 + 𝜆2𝐿𝑜𝑏𝑗 + 𝜆3𝐿𝑙𝑜𝑐 (23) 

 𝐿𝑐𝑙𝑠 = 𝐿𝑜𝑏𝑗 = −
1

𝑁
(𝑦𝑛 × 𝑙𝑛𝑥𝑛

+(1 − 𝑦𝑛) × ln (1 − 𝑥𝑛)) (24) 

 
𝐿𝑙𝑜𝑐 = 1 − 𝐼𝑂𝑈 +

𝜌2(𝑏, 𝑏𝑔𝑡)

𝑐2 + 𝛼𝑣 (25) 

 
𝑣 =

4

𝜋2 (arctan2
𝑤𝑔𝑡

ℎ𝑔𝑡 − 𝑎𝑟𝑐𝑡𝑎𝑛
𝑤

ℎ
)

2

 (26) 

 𝛼 =
𝑣

(𝑎 − 𝐼𝑂𝑈) + 𝑣
 (27) 

In Eq. (24), 𝑁  represents the number of classification 
classes, 𝑦𝑛 represents the ground truth for the presence of each 
class within the bounding boxes (1 if class 𝑛  of damage is 
within the bounding boxes and 0 if class 𝑛 of damage is not 
within the bounding boxes), and 𝑥𝑛  represents the predicted 
probability for that class. 

Next, the YOLO-v8 model will be explained. This study 
compares several sub-versions of YOLO-v8, specifically 
YOLO-v8n, YOLO-v8s, YOLO-v8m, YOLO-v8l, and YOLO-
v8x. Similar to YOLO-v5, all sub-versions of YOLO-v8 use 
input images of size 640×640. YOLO-v8n is the version with 
the fastest training time as it uses the fewest parameters and 
layers. On the other hand, YOLO-v8x is the sub-version with 
an average longest training time but is expected to yield the 
most accurate results due to the higher number of parameters 
and layers used. In this study, all the aforementioned sub-
versions of YOLO-v8 are compared. 

First, an image with dimensions of 640×640×3 pixels is 
taken as input into the algorithm. Then, the image is processed 
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within the Convolutional Block (CBS Module). In this CBS 
block, several operations are performed, including convolution 
operation, Batch Normalization, and Sigmoid activation 
function. The formulas for performing these three operations 
can be seen in Eq. (28) – Eq. (30). 

 
𝑂𝑖𝑗𝑘 = ∑ ∑ ∑ 𝐼𝑖+𝑚,𝑗+𝑛,𝑐 ∙ 𝐾𝑚𝑛𝑐𝑘

𝐶−1

𝑐=0

𝑁−1

𝑛=0

𝑀−1

𝑚=0

 (28) 

 
𝑂𝑘

′ = 𝛾 (
𝑂𝑘 − 𝜇𝑏

√𝜎𝐵
2 + 𝜖

) + 𝛽 (29) 

 
𝜎(𝑂𝑘

′ ) =
1

1 + 𝑒(−𝑂𝑘
′ )
 (30) 

The CBS block has the main function of extracting feature 
maps and reducing spatial dimensions. In addition, there are 
other operation blocks, namely C2F and SPPF. In the C2F 
operation block, the feature map is divided into n parts, where 
n represents the number of bottleneck layers. Then, each layer 
undergoes two operations as described in Eq. (28) – Eq. (30). 
For the SPPF operation block, there is a uniqueness where the 
feature map is first divided into four parts, and each part 
undergoes processing as shown in Fig. 4. Furthermore, the 
neck and head parts are not much different from those in 
YOLO-v5. All operations performed are almost the same, with 
only differences in the order of operation processes and the size 
of the feature map in the final detection block. 

 

Fig. 4. YOLO-v8 architecture. 

IV. EXPERIMENTS AND RESULT 

A. The Evaluation Parameters 

Several evaluation criteria were used in this study, 
including the F1-score, precision, and recall. A prominent tool 
for evaluating the effectiveness of classification models is the 
confusion matrix, which offers a thorough comparison between 
the predictions made by the model and the actual labels. False 
Positives (FP), False Negatives (FN), True Positives (TP), and 
True Negatives (TN) are all part of it. Precision is a metric that 
measures the proportion of true positive predictions compared 
to the total positive predictions. Precision provides information 
on how many of the positive predictions are correct out of the 
total positive predictions, assisting in identifying the rate of 
false positive errors. Recall computes the percentage of 
successfully predicted positive instances among all actual 
positive instances, whereas precision quantifies the percentage 
of correctly predicted positive instances among all cases 

projected as positive. Recall provides information on the extent 
to which a model can detect actual positive instances, aiding in 
identifying the rate of false negative errors. The F1-score 
provides a fair evaluation of the model's performance since it is 
a harmonic mean of precision and recall. This provides a 
balanced measure of the model's ability to identify positive 
instances with minimal false positive and false negative errors. 
The given formulas can be used to calculate these measures. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (31) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (32) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2 × (𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (33) 

B. Experimental Analysis 

In this research endeavor, to conduct simulations and 
model development aimed at detecting damages on automobile 
bodies, as well as to create a digital image-based system for 
detecting such damages, the authors employed machinery and 
software characterized by specifications delineated in the 
ensuing table. For comprehensive details regarding the 
specifications of the equipment utilised by the authors, kindly 
consult Table II. 

TABLE II.  DEVICE SPECIFICATION 

Specifications 

GPU NVIDIA RTX A4000 

GPU Memory 16 GB 

RAM 16 GB 

Disk 1 TB 

Programming Language Phyton 3.10 

The authors set the number of epochs to 150 iterations, the 
learning rate to 0.01, and the image sizes to 1024×1024×3 for 
Mask R-CNN, 224×224×3 pixels for ResNet-50 and 
MobileNet-v2, and 640×640×3 pixels for YOLO-v5 and 
YOLO-v8. Additionally, a batch size of 16 was assigned to 
each model employed in this study. 

According to Table III, it is evident that the best results 
were achieved by the YOLO-v8x model, with precision, recall, 
and F1-score values of 0.963, 0.951, and 0.936, respectively. 
Training the YOLO-v8x model to its optimal performance 
required 3 hours and 48 minutes. Additionally, the model with 
the shortest training time was YOLO-v8n, which trained in 2 
hours and 10 minutes, achieving precision, recall, and F1-score 
values of 0.867, 0.821, and 0.814. YOLO-v8n demonstrates 
superior performance compared to the Mask R-CNN + 
MobileNet-v2 model, despite the significant difference in 
training duration. However, the Mask R-CNN + ResNet-50 
model still outperforms several sub-versions of the YOLO-v5 
and YOLO-v8 models. Furthermore, the one-stage object 
detection method which is YOLO-v8x has better performance 
than the two-stage method in this research. 

Additionally, Fig. 5 and Fig. 6 illustrate a comparison 
between the manually labeled images and the model's predicted 
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results. Observations indicate that the model generally 
performs well in detecting damages to the vehicle's body. 

TABLE III.  MODELS PERFORMANCE 

Model 
Evaluation Parameters 

Training Time Precisi

on 
Recall 

F1-

Score 

Mask R-CNN + 

ResNet-50 
0.908 0.885 0.860 4 hours 35 minutes 

Mask R-CNN + 

MobileNet-v2 
0.866 0.842 0.815 3 hours 20 minutes 

YO
LO-

v5 

YOLO-v5n 0.841 0.813 0.820 2 hours 23 minutes 

YOLO-v5s 0.849 0.842 0.842 2 hours 48 minutes 

YOLO-v5m 0.893 0.878 0.875 3 hours 9 minutes 

YOLO-v5l 0.918 0.891 0.893 3 hours 40 minutes 

YOLO-v5x 0.922 0.903 0.899 4 hours 32 minutes 

YO

LO-

v8 

YOLO-v8n 0.867 0.821 0.814 2 hours 10 minutes 

YOLO-v8s 0.892 0.842 0.839 2 hours 24 minutes 

YOLO-v8m 0.924 0.892 0.893 2 hours 58 minutes 

YOLO-v8l 0.954 0.914 0.909 3 hours 21 minutes 

YOLO-v8x 0.963 0.951 0.936 3 hours 48 minutes 

 
Fig. 5. Manually labelled images. 

 
Fig. 6. Predicted result of YOLO-v8x model. 

V. CONCLUSION AND FUTURE WORK 

In this research, the best results were obtained using the 
YOLO-v8x model. This can be explained because YOLO-v8 is 
one of the newest versions of YOLO, which is stable and was 
released in early 2023. Furthermore, YOLO-v8 is also a 
development of YOLO-v5, which results in even better model 
performance. Further research is needed by trying various 
batch sizes, epochs, increasing the amount of data, trying 
various other data augmentation combinations, and using the 
latest YOLO model, namely YOLO-v9, which was only 
released in early 2024. 
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