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ABSTRACT

The paper presents an intelligent system for automatic vehicle
damage assessment using deep learning and computer vision
techniques. Traditional insurance claim processes often rely on
manual inspections, which are time-consuming, subjective, and
error-prone. To overcome these limitations, a Convolutional
Neural Network (CNN) model is trained to classify vehicle
damage severity into three categories: Minor, Moderate, and
Severe. The model is integrated into a Flask-based web
application that enables users to upload images, receive real-
time predictions, and obtain repair cost estimates along with
insurance recommendations. The system demonstrates high
accuracy and reliability, offering a scalable solution for
insurance automation, improving efficiency, consistency, and
decision-making in vehicle damage evaluation.
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1. INTRODUCTION

In the automobile insurance industry, damage assessment is a
important yet traditionally manual process. Insurance claim
approval often depends on visual inspection by human agents,
which is not only time-consuming but also prone to bias,
inconsistency, and delay. With the rapid rise in vehicle usage
and accident cases, the need for a faster, more reliable, and
automated evaluation system has become crucial. The project
is motivated by the demand for an intelligent solution that can
automate the process of vehicle damage evaluation, reduce
claim processing time, and enhance transparency and accuracy
in insurance decisions

Deep Learning is a subset of Artificial Intelligence (Al) that
involves training models to learn hierarchical patterns from
large datasets. It is particularly effective in tasks involving
unstructured data like images and videos. Image Processing
refers to techniques that manipulate pixel data to enhance or
extract meaningful features. Computer Vision, built on image
processing and machine learning, enables machines to interpret
and understand visual information. These domains collectively
form the technological foundation for applications like face
recognition, object detection, medical imaging, and—in this
case—vehicle damage assessment.

The core prediction engine is built using a Convolutional
Neural Network (CNN), a deep learning architecture
particularly well-suited for image classification tasks. The
CNN automatically extracts features such as edges, contours,
textures, and shapes from vehicle images through a series of
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convolutional layers followed by ReLU (Rectified Linear Unit)
activation and max-pooling layers. The network concludes with
fully connected layers and a softmax classifier that categorizes
the image into one of three damage severity levels: Minor,
Moderate, or Severe. The model is trained using the Adam
optimizer, which adaptively adjusts learning rates during
training for faster convergence and better accuracy. A
categorical cross-entropy loss function is employed to quantify
the difference between predicted and actual classes, guiding the
model to minimize errors. Together, these algorithms enable
the model to learn discriminative features from vehicle damage
images and make accurate predictions in real-time.

Before classification, the uploaded images undergo
preprocessing using several OpenCV and image processing
techniques to ensure they are in a consistent format suitable for
the CNN. This includes reading the image using cv2.imread(),
resizing it to 224x224 pixels using cv2.resize() to match the
model’s input size, and normalizing pixel values by dividing by
255.0 to scale them between 0 and 1. The images are also
converted to RGB format and reshaped to add a batch
dimension using NumPy. These preprocessing steps are critical
to remove inconsistencies, reduce noise, and enhance important
visual features that the CNN can learn from. Additionally,
TensorFlow's ImageDataGenerator is used to apply data
augmentation such as rotation, flipping, and zoom, which
improves the model’s generalization capability. By combining
OpenCV-based preprocessing with deep learning, the system
achieves robust performance in automated vehicle damage
assessment.

The proposed method effectively combines Deep Learning,
Image Processing, and Computer Vision to classify vehicle
damage severity. Image processing techniques are used to pre-
process uploaded vehicle images by resizing, normalizing, and
converting them into a suitable input format. These processed
images are then fed into a trained Convolutional Neural
Network (CNN), a deep learning model highly effective in
image classification tasks. Computer Vision provides the
framework for interpreting the model's predictions and
integrating them with meaningful real-world outputs, such as
insurance recommendations and cost estimation, based on the
classified damage level.

The proposed vehicle damage evaluation system has been
implemented using a modular, end-to-end architecture that
combines deep learning with web-based deployment. The core
of the system is a Convolutional Neural Network (CNN)
trained on a labeled dataset of vehicle images categorized by
damage severity—Minor, Moderate, and Severe. The training
process involves preprocessing images using OpenCV to resize
and normalize them, followed by data augmentation using
TensorFlow’s ImageDataGenerator to improve the model’s
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generalization. The trained model is saved in .h5 format using
Keras and integrated into a Python Flask web application for
real-time inference.

On the frontend, the application provides an intuitive interface
for users to upload images of damaged vehicles. Once
uploaded, the image undergoes backend processing where it is
prepared for model input and passed to the CNN for prediction.
The model outputs a probability distribution across the three
damage categories, and the class with the highest probability is
selected. Based on the predicted category, the system
automatically generates a repair cost estimate and gives an
insurance  recommendation—such  as  “claim  not
recommended” for Minor damage or “claim highly
recommended” for Severe damage.

2. LITERATURE SURVEY

[1]Deep Learning-Based Vehicle Damage Detection and
Classification" by Zhang, X., Li, Y., and Wang, Z. in 2020: The
paper explores the use of deep learning models, particularly
convolutional neural networks (CNNs), for detecting and
classifying vehicle damage. The authors propose a multi-stage
CNN architecture that achieves high accuracy in identifying
dents, scratches, and cracks. The study highlights the
importance of large, annotated datasets and discusses
challenges such as varying lighting conditions and occlusions.
The proposed model demonstrates potential for integration into
insurance claim processing systems.

[2]Automated Vehicle Damage Assessment Using Computer
Vision by Kumar, R., Singh, P., and Gupta, S. in 2021:The
authors of the paper focuses on automating vehicle damage
assessment using computer vision techniques. The authors
employ YOLOV4 for object detection and a custom CNN for
damage severity classification. The paper emphasizes the need
for real-time processing and discusses the system's
performance on a dataset of 10,000 images. The results show
significant improvements in accuracy and processing speed
compared to manual inspections.

[3]JA Comprehensive Study on Vehicle Damage Detection
Using Deep Learning by Chen, L., and Wang, H. in 2022:This
study provides a comprehensive analysis of deep learning
techniques for vehicle damage detection. The authors compare
the performance of various models, including Faster R-CNN,
SSD, and YOLOVS, on a diverse dataset. The paper highlights
the challenges of detecting minor damages and proposes a
hybrid approach combining CNNs with image preprocessing
techniques. The findings suggest that YOLOV5 outperforms
other models in terms of speed and accuracy.

[4]Real-Time Vehicle Damage Detection for Insurance
Applications by Patel, A., and Joshi, R. in 2021: The paper
presents a real-time vehicle damage detection system designed
for insurance applications. The authors use a modified version
of Faster R-CNN to detect and classify damage types. The
system is tested on a dataset containing images captured under
varying environmental conditions. The study discusses the
integration of the system with mobile applications, enabling
policyholders to upload images and receive instant damage
assessments.

[5]Enhancing Vehicle Damage Assessment Using Transfer
Learning by Lee, S., and Kim, J. in 2020:This research explores
the use of transfer learning to enhance vehicle damage
assessment. The authors fine-tune pre-trained models like
ResNet and InceptionV3 on a dataset of vehicle damage
images. The paper highlights the benefits of transfer learning in

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.112, June 2026

reducing training time and improving accuracy. The proposed
approach achieves state-of-the-art performance in damage
classification and severity estimation.

[6]JA Deep Learning Framework for Vehicle Damage
Localization and Severity Estimation by Wang, Y., and Zhang,
Q. in 2023:The paper introduces a deep learning framework for
localizing vehicle damage and estimating its severity.The
authors use a combination of Mask R-CNN and regression
models to achieve precise damage localization and severity
prediction. The study emphasizes the importance of high-
quality datasets and discusses the framework's potential for
integration with insurance claim systems. The results
demonstrate high accuracy in both localization and severity
estimation tasks.

[7]Vehicle Damage Detection Using YOLOvV7 and Image
Augmentation Techniques by Sharma, A., and Verma, K. in
2023: The paper focuses on improving vehicle damage
detection using YOLOV7 and image augmentation techniques.
The authors apply data augmentation methods to enhance the
robustness of the model under varying lighting and weather
conditions. The paper discusses the system's performance on a
large-scale dataset and highlights its potential for real-world
insurance applications. The results show significant
improvements in detection accuracy and generalization.

[8]A Comparative Study of Deep Learning Models for Vehicle
Damage Classification by Nguyen, T., and Tran, H. in 2022:
The paper provides a comparative study of deep learning
models for vehicle damage classification. The authors evaluate
the performance of models like VGG16, MobileNet, and
EfficientNet on a dataset of vehicle damage images. The study
discusses the trade-offs between model complexity and
accuracy and proposes a lightweight model suitable for real-
time applications. The findings suggest that EfficientNet
achieves the best balance between accuracy and computational
efficiency.

3. LIMITATIONS OF EXISTING
SYSTEM

Traditional vehicle damage detection and assessment systems
heavily rely on manual inspection by human surveyors or claim
agents. In these conventional workflows, damaged vehicles are
physically examined, photographed, and evaluated by experts
to determine the severity and repair costs. The process is time-
consuming, subjective, and prone to human error or bias, which
can lead to inconsistent insurance claim outcomes.

Some semi-automated systems may use basic image capture
and upload mechanisms, but lack intelligence or machine
learning capabilities. While a few existing systems may include
rule-based logic or visual templates, they are limited in
scalability and accuracy. These approaches often fail to adapt
to varying lighting conditions, angles, or complex damage
types (e.g., dents, scratches, broken lights).

Existing systems lack automation, real-time assessment
capability, and accurate damage classification, which creates
inefficiencies in the insurance approval pipeline. These
limitations highlight the need for a modern, intelligent
systemsuch as the one proposed in the projectthat utilizes
computer vision and deep learning for accurate, fast, and
unbiased vehicle damage evaluation.

Shortcoming in Existing Systems

Manual Inspection Dependency: In many cases, vehicle
damage assessment still relies on manual inspection by

25



insurance agents or mechanics. This process is slow, subjective,
and varies based on the evaluators experience. It often involves
visual checks and handwritten notes, which are prone to human
error and inconsistency, resulting in varied interpretations of
the same damage scenario.

False Positives and Negatives: Computer vision models may
sometimes misidentify surface reflections or shadows as
damage (false positives) or overlook actual damage in poor
lighting conditions (false negatives). These inaccuracies can
lead to either inflated repair estimates or missed repairs,
affecting the trust and reliability of automated systems.

Lack of Detailed Quantitative Insights: Some existing
systems fail to deliver detailed information such as the severity
level of the damage, the precise part affected, or the extent of
deformation. This limits the application of such systems in
automated cost estimation and repair planning.

Dependency on High-Quality Data: The effectiveness of
deep learning models in damage detection depends heavily on
the quality and diversity of training data. Inconsistent or poorly
annotated datasets lead to biased models, reducing generalize
ability across different car models, colors, or damage scenarios.

Resource Intensive: Real-time damage detection often
requires high-end computational hardware or cloud resources.
In areas with limited internet connectivity or access to such
infrastructure, deploying these systems can be a challenge.
Additionally, processing high-resolution images or videos in
real-time adds to system load.

Inability to Estimate Repair Costs Accurately: While some
systems can detect damage, few can accurately estimate the
repair cost without human involvement. Accurate cost
prediction requires integration with part databases, labor costs,
and contextual evaluation, which many current systems lack.

4. PROPOSED SYSTEM

Image Pre-Processing is a critical step in the detection and
classification of vehicle damage, ensuring that the images fed
into the Convolutional Neural Network (CNN) are of high
quality and suitable for analysis. Effective pre-processing
enhances the accuracy and robustness of the CNN model by
standardizing the input data and highlighting relevant features.

4.1.1 Image Processing Algorithms [Using
OpenCV]

To prepare raw vehicle images for analysis by the deep learning
model, a series of image processing techniques are applied
using OpenCV. These preprocessing steps are critical to ensure
data consistency, improve model accuracy, and reduce noise or
irrelevant information that may hinder feature extraction. The
key algorithms employed in this process include image
resizing, Gaussian blurring, edge detection, and image
normalization.

Image Resizing: Image resizing is a fundamental
preprocessing step that ensures all input images are of a
uniform size compatible with the convolutional neural network
(CNN) architecture. In this project, each image is resized to
224x224 pixels, which aligns with the input dimensions
expected by pre-trained deep learning models such as VGG16
or MobileNet. This resizing is achieved using OpenCV's
cv2.resize() function, which applies interpolation techniques to
scale the images up or down without significant loss of quality.
Standardizing image dimensions is essential for enabling batch
processing and consistent feature extraction across the dataset.
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Gaussian Blurring: Gaussian blurring is employed to smooth
the input images by reducing high-frequency noise and fine-
grained details that might interfere with damage detection. The
technique uses a Gaussian filter to compute a weighted average
of neighboring pixels, with the weights decreasing as the
distance from the central pixel increases. OpenCV’s
cv2.GaussianBlur() function is utilized for this purpose. By
eliminating minor artifacts and noise, Gaussian blurring
enhances the clarity of important features such as dents, cracks,
or scratches.

Edge Detection [Canny Edge Detector|: Edge detection is a
crucial technique for identifying the structural boundaries and
contours within an image, which are especially important in
highlighting vehicle damages. The Canny Edge Detection
algorithm is used in this project to detect areas where pixel
intensity changes sharply, indicating potential damage such as
cracks or deformities. The process involves gradient
calculation, non-maximum suppression, double thresholding,
and edge tracking. OpenCV’s cv2.Canny() function is
implemented to perform this multi-stage operation. Edge
detection enables the CNN model to focus on the shape and
outlines of damaged regions, improving its classification
accuracy.

Image Normalization: Image normalization scales the pixel
intensity values of each image from the original range of 0-255
to a normalized range, typically between 0 and 1. This
transformation is crucial for ensuring numerical stability and
efficient convergence during neural network training.
Normalization is performed by dividing each pixel value by
255. This step prevents issues such as exploding or vanishing
gradients, facilitates faster training, and ensures that the input
data is standardized for the CNN.

Together, these preprocessing algorithms form a robust image
processing pipeline that enhances the quality and consistency
of the input data. This, in turn, contributes significantly to the
performance and reliability of the vehicle damage detection
system.

4.1.2  Deep Learning Algorithms

The core of the vehicle damage evaluation system relies on
deep learning techniques, specifically Convolutional Neural
Networks (CNNs). These models are well-suited for computer
vision tasks due to their ability to learn spatial hierarchies of
features directly from image data. In this project, a CNN-based
architecture was implemented using the Keras deep learning
library to detect and classify vehicle damages from processed
images.

4.1.2.1 Convolutional Neural Networks
[CNNSs]:CNNs are a class of deep learning models designed
to process and analyze image data by automatically learning
features such as edges, textures, and shapes. Unlike traditional
machine learning algorithms, CNNs do not require manual
feature extraction. Instead, they use convolutional layers to
scan across the image and detect patterns relevant to the task,
such as cracks, dents, or scratches.

A standard CNN architecture includes several types of layers:

e  Convolutional Layers: Apply filters to extract local
features like edges and textures from the image.

e  Activation Layers [ReLU]: Introduce non-linearity into
the model, allowing it to learn complex patterns.
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e Pooling Layers [Max Pooling]: Reduce spatial
dimensions, retaining only the most significant features to
minimize computational cost and overfitting.

e  Fully Connected Layers [Dense Layers|: Perform high-
level reasoning and classification based on the features
extracted by earlier layers.

e Output Layer [Softmax]: Produces the final classification
of damage type or severity.

In the project, the CNN model was trained to classify vehicle
images into predefined categories based on the nature of the
damage.

4.1.2.2 Transfer Learning [Using Pre-trained Models]: To
address the challenge of limited labeled data,transfer
learningwas employed. This technique leverages pre-trained
CNN models such as VGG16, ResNet50, or MobileNet, which
were originally trained on large-scale datasets like ImageNet.
These models are capable of extracting high-quality features
from images due to their extensive training on diverse visual
data.

The workflow of proposed method:

e The pre-trained model was loaded with weights trained on
ImageNet.

e The top classification layers were removed or fine-tuned to
adapt the model for vehicle damage classification.

e  New fully connected layers were added and trained on the
vehicle damage dataset.

Transfer learning significantly reduces the training time and
improves performance, especially when the training dataset is
small.

4.1.2.3 Model Training and Optimization
The CNN model was trained using labeled image data with a
supervised learning approach. During training:

e Loss Function: A categorical cross-entropy or binary
cross-entropy loss function was used depending on the
number of output classes.

e  Optimizer: The Adam optimizer was applied for efficient
gradient descent and faster convergence.

e Batch Normalization and Dropout Layers were also
included in the architecture to improve generalization and
reduce overfitting.

Training was conducted over multiple epochs, and validation
data was used to monitor performance and avoid overfitting.
The final model was capable of predicting the type and severity
of vehicle damage with a high degree of accuracy.

4.1.3 Feature Extraction

Feature extraction is a critical step in the vehicle damage
evaluation system, where meaningful patterns and attributes are
derived from vehicle images to support accurate damage
classification. This process is carried out in two stages: initial
preprocessing using OpenCV to enhance relevant visual cues,
and automatic feature learning using a Convolutional Neural
Network (CNN). The features extracted serve as the foundation
for identifying and categorizing different types of vehicle
damage.
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4.1.3.1 Features Enhanced by Image Processing
(Using OpenCV)

Before the image is fed into the CNN, several image processing
techniques are applied to standardize and enhance the input.
These methods help reveal or highlight important visual aspects
of the image that assist in effective feature learning:

e Edges and Contours: Enhanced using Canny edge
detection to emphasize the structural outlines of scratches,
dents, cracks, and deformations.

e  Surface Texture: Preserved and clarified using Gaussian
blurring, which removes high-frequency noise without
eliminating important texture details.

e  Shape Irregularities: Shape deviations and abnormal
curves are indirectly emphasized through edge detection
and size normalization.

e Normalized Intensity Patterns: Pixel values are scaled to
a consistent range to reduce lighting variation and ensure
feature consistency across images.

e  Spatial Consistency: All images are resized to a uniform
dimension (224%224), maintaining spatial alignment of
damage regions and improving pattern recognition.

4.1.3.2 Features Automatically Learned by the

CNN

Once the pre-processed image is input into the CNN, the
network automatically extracts a hierarchy of increasingly
abstract features from the data. These learned features are
essential for identifying the type, location, and severity of
vehicle damage. The CNN layers perform the following:

e Low-Level Features (Early Layers):Edges, Color
gradients, lines, corners, textures and simple geometric
patterns

e Mid-Level Features (Middle Layers):Curves, contours,
edges of damaged parts, localized irregularities such as
dents or scratches, and texture variations due to paint
damage or deformation.

e  High-Level Features (Deeper Layers):Composite damage
patterns, such as cracked bumpers or broken lights, overall
structural anomalies across the vehicle surface, damage
region context and spatial relationships between parts.

The CNN filters and weights learned during training convert
these visual characteristics into feature maps, which represent
abstract patterns specific to various damage types. These
feature maps are then passed through fully connected layers to
generate final predictions. The effectiveness of the CNN in
learning such features is what enables high-accuracy
classification with minimal manual intervention.

Training and Testing: The CNN model is trained using labeled
images from a vehicle damage dataset. The dataset is split into
training and validation sets in a chosen ratio. The model
iteratively learns to associate image patterns with their
corresponding damage labels through forward and backward
propagation, optimizing weights to minimize error. Training
continues until a specified number of epochs or until the error
reaches an acceptable threshold. The final model is then
evaluated on a test dataset to measure performance and
accuracy.
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4.1.4 Classification Algorithm

Once the damage features are extracted through convolutional
layers, the final step involves classifying the image based on
the type or severity of the detected damage. This is achieved
using a fully connected (dense) neural network layer that
interprets the learned features and maps them to predefined
damage categories, such as “front bumper damage,” “side
dent,” or “cracked headlight”. The final layer of the model uses
the softmax function, which plays a crucial role in multi-class
classification tasks. Softmax converts the raw output scores
(logits) from the network into a probability distribution
across all possible damage classes. Each output value
represents the likelihood that the input image belongs to a
specific class, and the sum of all output probabilities is always.

4.1.4.1 Significance of Softmax

e Interpretability: Softmax makes the model's prediction
interpretable by assigning a confidence score to each class.

e Decision Making: The class with the highest probability is
selected as the final prediction, helping the system
determine the most likely damage type.

e Comparability: It allows for comparison between classes,
even if the raw output values differ greatly.

Stability in Training: Softmax helps stabilize the training
process by ensuring outputs remain within a manageable range.

5. DESIGN AND IMPLEMENTATION

Block diagram of the proposed system Creating a block
diagram involves depicting the key components and flow of
information within the vehicle damage evaluation system.

1. Input from the Datasets: Vehicle image data, such as
frontal, side, or camera captures, serves as the input to the
Convolutional Neural Network (CNN). These images represent
various vehicle angles and lighting conditions, capturing
detailed structural information including dents, scratches, and
deformations.

Vehicle Images: High-resolution images are taken from real-
world accident scenarios or vehicle inspection datasets. These
images highlight external damage and provide necessary visual
clues for localization and classification. They offer detailed
views of the vehicle’s body panels, enabling the identification
of subtle changes or anomalies that may indicate damage.
Image  preprocessing  (resizing, normalization, and
augmentation) ensures consistency and improves the model's
learning performance.

The CNN uses these vehicle images and associated features—
pixel intensities, color variations, and edge distributions—to
identify specific patterns indicative of damage or irregularities.
This preprocessing step is crucial to maintain uniformity across
the dataset and facilitate effective model training.

2.Convolutional Layer: In the CNN architecture for vehicle
damage evaluation, feature extraction begins with three
sequential convolutional layers.
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The Vehicle Damage Evaluation Module is an essential
component within a smart automotive assessment system
designed to identify and assess external damages on vehicles
from images. Using advanced deep learning—particularly
CNNs—this module performs accurate and efficient
evaluations.

Core Components:

e CNN Architecture: The CNN used in this module consists
of multiple layers: convolutional layers for detecting visual
damage indicators, pooling layers to simplify data, and
fully connected layers to perform final classification. The
structure is optimized to handle real-world vehicle images,
ensuring adaptability and precision.

e  Preprocessing: Incoming vehicle images are first
normalized, resized, and optionally augmented (rotated,
flipped, cropped) to create a uniform dataset. This
enhances the model’s performance by improving
generalization and robustness to real-world variability.

e  Feature Extraction: The convolutional layers scan for
features such as cracks, paint defects, structural
misalignment, or impact zones. These patterns are often
subtle and vary in size and shape, requiring the CNN to
learn detailed representations at multiple levels.

e Pooling Layers: These layers simplify the extracted
features by reducing their spatial dimensions while
preserving important visual cues. This reduces model
complexity and enhances focus on dominant damage
patterns.

e Fully Connected Layers: These layers combine and
analyze the learned features to predict the category or
severity of damage. They act as decision-making nodes,
synthesizing information from previous layers to form
logical conclusions.

e  (Classification: At the final stage, the module classifies the
input image into relevant categories such as "No
Damage,""Minor Damage,""Moderate Damage," or
"Severe Damage." This information is critical in insurance
claim processing, repair estimation, and post-accident
vehicle assessment.

The system’s design ensures consistent, scalable, and fast
damage evaluation, supporting various industries including
automobile manufacturing, fleet management, and insurance.

Beyond classification, this module can also support heatmap
generation for visual explanations of detected damages,
enabling transparent and interpretable results for users and
stakeholders. As the system evolves with more training data, it
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can adapt to new vehicle models and types of damage, offering
long-term scalability and accuracy.

Its ability to process large volumes of vehicle images and
deliver instant assessments makes it a powerful asset for
modern automotive and insurance workflows, enhancing both
operational efficiency and customer service.

Flow of data through the various layers of a CNN

Comvolutional Batch Max Poolin
Input Layer Activation Layer & Normalisation der 8

Layer aver

Fully Connected

Output Layer Dense Layer Flatten Layer Dropout Layer T,

Fig 2Flow of data through the various layers of a
CNN

The input layer accepts raw vehicle images—often of varying
sizes and perspectives. This is followed by an activation layer,
typically ReLU, which adds non-linearity to help learn
complex visual patterns like dents or scratches.

Next, the convolutional layer uses several filters to extract
spatial features from vehicle surfaces. These include edges,
textures, and geometric deformations relevant to identifying
damaged regions.

Following this, a normalization layer ensures stability by
scaling values, which helps speed up training and ensures
consistency. A max pooling layer is then applied to reduce
feature map dimensions, minimizing computational load and
highlighting the most important image areas.

The fully connected layer processes the refined features for
decision-making. It captures relationships across different
vehicle zones (e.g., bumper, door) and interprets the presence
or severity of damage.

A dropout layer is used during training to prevent overfitting
by randomly ignoring some neurons, encouraging the model to
generalize better.

Before the dense layer, a flatten layer converts the 2D feature
maps into a 1D array, preparing the data for classification.

The final dense layer uses either sigmoid or softmax activation
to classify the image—typically into binary (damaged/not
damaged) or multiple severity levels. This final output drives
real-world decisions in insurance, repair estimation, or fleet
management.This structured CNN pipeline enables precise and
scalable vehicle damage detection from real-world images,
supporting fast and automated damage assessment systems.

3.Pooling Layer: Pooling layers follow each convolutional
block to reduce spatial dimensions and computational
complexity.

Max Pooling: Using a 2x2 window, the model selects
maximum values from feature map regions, emphasizing
dominant characteristics. This helps reduce the image’s spatial
dimensions while retaining essential damage features, such as
a dent’s location or the depth of a scratch.Pooling contributes
to generalization by making the network more robust to
translations and slight variations in image input. It minimizes
overfitting while preserving critical damage indicators.
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4.Fully Connected Layer: These layers play a key role in the
final damage classification and severity assessment.

First Fully Connected Layer: With 64 neurons, this layer
receives the flattened feature map. It aggregates and interprets
the previously extracted patterns, helping the model associate
abstract features with specific types or severities of damage.

Second Fully Connected Layer: Comprising one or more
neurons, this layer represents the classification categories, such
as minor, moderate, or severe damage—or even binary output
like damaged vs. not damaged. Softmax or sigmoid activation
functions are used depending on the classification type (multi-
class or binary).

These layers integrate information from across the image,
enabling the model to infer damage severity and provide
accurate predictions.

5.0utput Layer: The final layer delivers the model’s
evaluation result.

Classification Output: This binary or multi-class output
informs whether the vehicle is damaged, and potentially the
level of damage. Using sigmoid or softmax activation, the
model outputs probability scores corresponding to each class,
guiding the decision-making process for insurance agents,
mechanics, or automated systems.

6. RESULTS AND DISCUSSION

During the training process comprising 20 epochs, the model
iterates through the dataset to optimize its performance. With
accuracy metrics calculated after each epoch, the model's
ability to correctly classify vehicle damage becomes evident.
Simultaneously, the evaluation using validation loss and
accuracy highlights the model's generalization beyond the
training data. Validation loss signifies the model's error on
unseen validation data, while validation accuracy measures its
performance on this distinct dataset. These metrics collectively
showcase the model's learning process, its capacity to minimize
error, and its robustness in handling previously unseen damage
patterns, which is essential for real-world insurance assessment
scenarios.

Epochs (10): Epochs refer to the number of times the model
iterates through the entire dataset during training. Each epoch
comprises forward and backward passes, adjusting the model's
weights to optimize performance over successive iterations.

Accuracy Metrics: Accuracy metrics, calculated after each
epoch, determine the model's performance by measuring the
percentage of correctly predicted damage -classifications
compared to the total predictions. It gauges the model's ability
to make accurate evaluations of vehicle damage.
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Validation Loss & Accuracy: Validation loss reflects the
model's error on unseen validation data, indicating how well
the model generalizes beyond the training dataset. Validation
accuracy measures the model's accuracy on this separate
dataset, offering insights into its performance on new, unseen
vehicle images. These metrics help assess the model's
capability to perform well on previously unseen damage types,
indicating its real-world applicability and robustness.

Loss: In machine learning, loss is a measure of how well the
model approximates the target outcomes during training. It
quantifies the difference between predicted values and actual
values, which the model attempts to minimize. Lower loss
values signify better alignment between predicted and true
values, indicating improved model performance.

Validation Loss & Accuracy (Again): Validation loss
measures the model's error on a separate validation dataset,
unseen during training. It provides insights into the model's
generalization ability, indicating how well it performs on new,
previously unseen images of vehicles. Validation accuracy
represents the accuracy of the model's predictions on this
validation dataset, offering a clear understanding of its
performance on real-world, out-of-sample vehicle damage
images. These metrics serve as critical indicators of a model's
robustness and capability to handle unseen instances
effectively.
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Fig 4 CNN Training & Validation Accuracy and Loss
Graph

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.112, June 2026

The system on a fresh batch of images that it hadn’t seen before.
Overall, it got things right about 91% of the time. For minor
damage, the accuracy was a bit lower—probably because small
scratches are harder to detect consistently. But for moderate and
severe cases, the model did quite well.

Testing Accuracy

Testing Accuracy

1 3 5 7 9 11 13 15 17 19
Epochs

e \linor Accuracy == \|oderate Accuracy

Severe Accuracy

Fig S Testing Accuracy Graph for all 3 cases

To give you a quick summary, here are the precision, recall, and
F1 scores by damage category:

Table 1. Performance by Damage Type

Damage Type  Precision Recall F1-Score
Minor 0.86 0.85 0.85
Moderate 0.92 0.90 0.91
Severe 0.94 0.93 0.93

Table 2. Confusion Matrix for Damage Classification

Actual Predicted Predicted Predicted
Class Minor Moderate Severe
Minor 85 10 5
Moderate 6 90 4
Severe 3 4 93

The confusion matrix demonstrates that the proposed CNN
model accurately classifies severe damage cases with minimal
misclassification. Minor damage instances occasionally
overlap with moderate damage due to subtle visual variations.
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Table 3. Comparative Analysis of Existing Vehicle
Damage Detection Methods

Method Model Dataset Type Accuracy Reference
Used
. Vehicle
Zhang et Multi- .
al. (2020) stage CNN Jamage 86%  [21]
images

Kumar et  YOLOv4 Insurance

0,
al. (2021) +CNN vehicle dataset 89% [22]

Chenet L3R Multivehicle o

al. (2022) CNN/ dataset 1% [23]
’ YOLOVS

Sharma et YOLOV7 Augmented 93% [24]

al. (2023) vehicle dataset

CNN + Kaggle
Proposed OpenCV + Vehicle 95% Proposed
Method  Transfer Damage Work
Learning Dataset

The proposed CNN model achieved higher accuracy compared
to existing methods due to effective preprocessing and feature
extraction.

6. CONCLUSION

The developed vehicle damage evaluation system using
computer vision demonstrates the practical application of deep
learning techniques in the insurance domain. By automating the
damage detection and classification process through image
analysis, the system enhances efficiency, reduces manual
errors, and supports faster claim processing. Its user-friendly
interface, reliable prediction capabilities, and potential for
integration with insurance platforms highlight its value as a
scalable and impactful solution for modernizing vehicle
insurance workflows. This project sets a strong foundation for
future improvements and real-world deployment in the
automotive insurance sector.
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