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Abstract— Road infrastructure maintenance plays a critical role in ensuring transportation safety and reducing
long-term maintenance costs. Early identification of pavement cracks is essential to prevent structural
deterioration and improve road quality. This paper presents an intelligent road crack detection system based on
the DeepLabV3+ semantic segmentation architecture for accurate and automated pavement damage analysis. The
proposed system utilizes deep learning and computer vision techniques to identify and segment crack regions
from road surface images at the pixel level.

The framework employs DeepLabV3+, which integrates Atrous Spatial Pyramid Pooling (ASPP) and dilated
convolutions to capture multi-scale contextual information while preserving fine spatial details. The model is
trained on annotated road crack datasets and optimized to detect thin, irregular, and complex crack patterns under
varying lighting and surface conditions. A ResNet-based classification module is incorporated to determine the
presence of cracks before segmentation, improving computational efficiency. Furthermore, a PyQt5-based
graphical user interface is developed to provide an intuitive platform for image upload, crack detection,
segmentation visualization, and result interpretation.

The implementation is carried out using TensorFlow, Keras, OpenCV, NumPy, and PyQt5, enabling an end-to-
end automated inspection workflow. Experimental results demonstrate that the DeepLabV3+ model significantly
outperforms conventional approaches, achieving high segmentation accuracy, improved Intersection-over-Union
(IoU), and enhanced robustness against noise and environmental variations. The proposed system offers a scalable
and cost-effective solution for intelligent road monitoring and can be integrated with modern infrastructure
inspection platforms such as drones, mobile imaging systems, and smart transportation networks.

Index Terms— Road Crack Detection, Deep Learning, DeepLabV 3+, Semantic Segmentation, Computer Vision,
Pavement Monitoring, Atrous Spatial Pyramid Pooling (ASPP), ResNet, TensorFlow, Keras, OpenCV, PyQt5,
Image Processing, Infrastructure Maintenance, Intelligent Transportation Systems.
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1. INTRODUCTION

1.1 Background

Road transportation infrastructure is a fundamental
component of economic development and public
mobility. Maintaining road quality is essential for
ensuring safe transportation, minimizing vehicle
damage, and reducing maintenance costs. Over time,
road surfaces deteriorate due to continuous traffic
loads, environmental  factors, temperature
variations, rainfall, and material aging. Among
various pavement defects, cracks are one of the
earliest and most common indicators of structural
degradation. Early identification of these cracks is
critical to prevent further deterioration and enable
timely maintenance interventions.

Traditionally, road crack detection has been carried
out through manual inspections conducted by
trained personnel. Although manual inspection
methods can identify visible defects, they are labor-
intensive, time-consuming, costly, and susceptible to
human errors and subjective judgment. Furthermore,
the increasing size of road networks and highway
infrastructures ~ makes  manual  monitoring
impractical for large-scale deployment.
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Advancements in artificial intelligence, computer
vision, and deep learning have enabled the
development of automated road inspection systems
capable of detecting pavement defects with high
accuracy. Deep learning-based semantic
segmentation  techniques have demonstrated
significant success in image analysis applications
due to their ability to learn complex visual patterns
and perform pixel-level classification. These
capabilities make them highly suitable for road
crack detection tasks where precise localization of
crack regions is required.

In this study, an automated road crack detection
system based on the DeepLabV3+ semantic
segmentation architecture is proposed. The system
utilizes deep convolutional neural networks to
identify and segment crack regions from road
surface images. DeepLabV3+ incorporates Atrous
Spatial Pyramid Pooling (ASPP) and dilated
convolutions to capture multi-scale contextual
information while preserving spatial resolution. To
improve computational efficiency, a ResNet-based
classification module is employed to determine the
presence of cracks before performing segmentation.
The complete framework is integrated into a PyQt5-
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based graphical user interface that enables users to
upload images, perform crack analysis, and visualize
segmentation results. The proposed approach
provides an efficient, accurate, and scalable solution
for intelligent road infrastructure monitoring and
maintenance.

1.2 Research Gap

Although significant progress has been achieved in
automated pavement crack detection, several
challenges continue to limit the effectiveness of
existing approaches. Traditional image processing
methods such as edge detection, thresholding,
contour extraction, and texture analysis rely heavily
on handcrafted features and pixel intensity
variations. These methods are highly sensitive to
environmental conditions, including shadows,
lighting variations, road markings, and surface
noise, resulting in reduced detection accuracy and
poor generalization.

Deep learning-based approaches such as U-Net have
improved segmentation performance by enabling
pixel-level crack detection. However, U-Net often
struggles to accurately detect thin and irregular
cracks under complex road conditions due to its
limited capability to capture multi-scale contextual
information. Similarly, classification-based
approaches may incorrectly identify crack-free
images as damaged surfaces, leading to inaccurate
inspection outcomes.

Recent research has introduced advanced
architectures such as attention-based networks and
transformer models for pavement crack detection.
While these methods demonstrate promising
performance, they often require extensive
computational resources, large training datasets, and
complex optimization strategies. In addition, some
models experience difficulties in maintaining high-
resolution feature representations necessary for
precise crack localization.

To address these limitations, this research adopts the
DeepLabV3+ architecture, which combines Atrous
Spatial Pyramid Pooling and encoder-decoder
mechanisms to effectively capture both local and
global contextual information. The model improves
segmentation accuracy, enhances crack boundary
detection, and exhibits strong robustness against
varying lighting conditions, surface textures, and
environmental noise. By integrating DeepLabV3+
with a ResNet-based classification framework and
an intuitive graphical user interface, the proposed
system aims to provide a practical and efficient
solution for real-world road crack detection
applications.

1.3 Research Objectives

The primary objectives of this research are:
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1. To develop an automated road crack
detection system using deep learning
techniques for accurate pavement condition
assessment.

2. To implement a ResNet-based
classification model for identifying the
presence of cracks in road surface images.

3. To design and develop a DeepLabV3+-
based semantic segmentation framework
for precise pixel-level crack localization.

4. To improve crack detection performance
under varying lighting conditions, road
textures, and environmental disturbances.

5. To integrate classification and
segmentation modules into a unified
inspection framework for enhanced
computational efficiency.

6. To develop a user-friendly graphical user
interface using PyQt5 for image upload,
analysis, and result visualization.

7. To evaluate the effectiveness of the
proposed system using segmentation
performance metrics such as accuracy, F1-
score, and Intersection-over-Union (IoU).

8. To provide a scalable and cost-effective
solution that can be integrated into
intelligent  transportation and  road
maintenance systems.

1.4 Limitations of the Study

The proposed road crack detection system has
several limitations that should be considered. The
performance of the model depends significantly on
the quality and diversity of the training dataset.
Images containing severe illumination variations,
excessive shadows, occlusions, or uncommon
pavement textures may affect segmentation
accuracy.

The system is primarily designed for detecting
visible road surface cracks and does not perform
comprehensive pavement condition analysis such as
pothole detection, crack severity assessment, or
structural damage classification. In addition,
although DeepLabV3+ demonstrates strong
segmentation capabilities, its performance may
decrease when processing extremely low-resolution
images or highly degraded road surfaces.

The proposed framework requires computational
resources for model training and deployment. While
inference can be performed on standard computing
systems, training deep neural networks may require
GPU acceleration to achieve reasonable training
times. Furthermore, the current implementation
focuses on static image analysis and does not include
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real-time video-based crack detection or continuous
infrastructure monitoring.

Large-scale field wvalidation across diverse
geographical regions and road conditions has not
been extensively conducted. Additional testing and
dataset expansion may further improve the
robustness and generalization capability of the
proposed system.

1.5 Rationale of the Study

The increasing demand for safe and reliable
transportation  infrastructure  necessitates the
development of efficient methods for pavement
condition monitoring. Manual road inspections are
often costly, time-consuming, and difficult to scale
across large transportation networks. As a result,
there is a growing need for intelligent and automated
systems capable of performing accurate road
damage assessment with minimal human
intervention.

The rationale behind this research is to leverage
recent advancements in deep learning and computer
vision to develop a robust road crack detection
framework that improves inspection efficiency and
accuracy. DeepLabV3+ offers superior semantic
segmentation performance by effectively capturing
multi-scale features and preserving spatial
information, making it particularly suitable for
detecting thin and irregular crack patterns.

By combining DeepLabV3+ segmentation with
ResNet-based classification and integrating the
framework into a graphical user interface, the
proposed system provides a practical solution for
automated pavement inspection. The system can
assist engineers, transportation authorities, and
maintenance agencies in identifying road defects at
an early stage, enabling timely repairs and reducing
long-term maintenance costs.

Furthermore, the proposed approach contributes to
the advancement of intelligent transportation
systems by supporting scalable and automated
infrastructure ~ monitoring.  The  successful
implementation of this framework demonstrates the
potential of deep learning technologies in
transforming traditional road inspection practices
and improving the overall efficiency of road
maintenance operations.

2. LITERATURE REVIEW

The rapid advancement of deep learning and
computer vision technologies has significantly
transformed the field of infrastructure monitoring
and pavement condition assessment. Road crack
detection has emerged as an important research area
due to its direct impact on transportation safety,
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maintenance  planning, and  infrastructure
management. Traditional inspection methods are
labor-intensive, time-consuming, and prone to
human error, motivating researchers to develop
automated crack detection systems based on image
processing and artificial intelligence.

This literature review examines major developments
in pavement crack detection, including traditional
image processing approaches, convolutional neural
network-based methods, semantic segmentation
architectures, attention-based networks, transformer
models, and advanced deep learning techniques that
form the foundation of the proposed DeepLabV3+-
based road crack detection system.

2.1 Traditional Image Processing Techniques

Early road crack detection systems primarily relied
on conventional image processing algorithms such
as edge detection, thresholding, contour extraction,
morphological operations, and texture analysis.
These methods attempted to identify crack patterns
based on pixel intensity variations and handcrafted
feature extraction.

The major limitations of these approaches include:

a) High sensitivity to lighting variations and
shadows

b) Difficulty distinguishing cracks from road
markings and surface textures

¢) Poor performance under noisy environmental
conditions

d) Limited adaptability to different pavement
surfaces

Key Insight: Traditional image processing methods
are computationally simple but lack robustness and
accuracy when applied to real-world road inspection
scenarios.

2.2 Deep Learning-Based Crack Detection
Systems

The emergence of deep learning has significantly
improved pavement crack detection performance.
Convolutional Neural = Networks (CNNs)
automatically learn hierarchical image features and
eliminate the need for manual feature engineering.

Deep learning-based crack detection systems focus
on:

a) Automatic feature extraction from road images
b) Detection of complex and irregular crack patterns

¢) Improved generalization across diverse road
conditions
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d) Higher detection accuracy compared to traditional
methods

However, these systems often require large
annotated datasets and substantial computational
resources for training.

Key Insight: CNN-based approaches provide
superior crack detection capabilities by learning
complex visual patterns directly from data.

2.3 U-Net-Based Semantic Segmentation

U-Net is one of the most widely adopted
architectures for semantic segmentation tasks.
Originally developed for biomedical image analysis,
U-Net employs an encoder-decoder architecture
with skip connections that preserve spatial
information during segmentation.

The advantages of U-Net include:
a) Accurate pixel-level crack localization
b) Effective preservation of fine image details

c) Relatively ~ simple  architecture and

implementation

Despite these advantages, U-Net exhibits several
limitations:

* Reduced performance under varying illumination
conditions

» Difficulty handling thin and irregular crack
structures

e Limited capability to capture multi-scale
contextual information

Key Insight: U-Net significantly improves crack
segmentation accuracy but may struggle in complex
road environments where cracks exhibit diverse
shapes and scales.

2.4 Attention-Based Pavement Crack Detection
Networks

Recent research has introduced attention
mechanisms to enhance crack  detection
performance. Attention modules enable neural
networks to focus on relevant crack regions while
suppressing background noise.

Notable contributions include attention-enhanced
architectures such as CrackResAttentionNet, which
incorporates channel attention and spatial attention
mechanisms to improve feature extraction.

Benefits of attention-based models include:
a) Enhanced crack feature representation

b) Improved segmentation accuracy

www.ijesat.com

c) Better handling of complex pavement textures
However:

* Increased model complexity

* Higher computational requirements

* More challenging optimization and tuning
processes

Key Insight: Attention mechanisms improve
segmentation performance but often introduce
additional computational overhead.

2.5 Transformer-Based Vision Models

The introduction of Vision Transformers (ViTs) has
opened new possibilities for image understanding
tasks. Transformer-based architectures utilize self-
attention mechanisms to capture global contextual
relationships within images.

Applications in pavement crack detection include:

a) Improved long-range feature dependency
modeling

b) Enhanced contextual understanding
¢) Strong performance on large-scale datasets

Despite their promising results, transformer-based
approaches face several challenges:

* Requirement for extensive training data
* High computational and memory demands

* Reduced efficiency for resource-constrained
environments

Key Insight: Vision Transformers provide powerful
feature learning capabilities but may not be practical
for many real-world crack detection applications due
to their computational complexity.

2.6 DeepLabV3+ for Road Crack Detection

DeepLabV3+ represents one of the most advanced
semantic segmentation architectures available for
crack detection tasks. The model combines Atrous
Spatial Pyramid Pooling (ASPP), dilated
convolutions, and an encoder-decoder framework to
capture multi-scale contextual information while
preserving spatial resolution.

The key features of DeepLabV3+ include:
a) Multi-scale feature extraction through ASPP

b) Improved localization of thin and elongated crack
structures

c) Preservation of high-resolution feature maps
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d) Robust performance under varying lighting and
surface conditions

e) Enhanced segmentation accuracy and
generalization capability

Compared to U-Net and traditional CNN-based
models, DeepLabV3+ demonstrates superior ability
to detect fine crack patterns while maintaining
accurate boundary segmentation.

Key Insight: DeepLabV3+ effectively addresses
many limitations of previous crack detection
approaches by combining strong contextual
understanding with precise pixel-level localization.

2.7 Limitations of Existing Systems

Although significant advancements have been
achieved in automated pavement crack detection,
several limitations remain:

i. Traditional image processing techniques are
highly sensitive to environmental variations.

ii. Many CNN-based models struggle to detect thin
and irregular crack patterns accurately.

iii. U-Net-based architectures often have limited
multi-scale feature representation capabilities.

iv. Attention-based and transformer-based models
require substantial computational resources.

v. Several existing systems lack efficient integration
of classification and segmentation stages.

vi. Real-world deployment remains challenging due
to variations in pavement texture, lighting
conditions, and image quality.

Key Insight: Existing approaches either suffer from
limited segmentation accuracy, high computational
complexity, or insufficient robustness. Therefore,
there is a need for an efficient and scalable crack
detection framework that combines accurate
classification, precise segmentation, and strong
generalization  capabilities. ~ The  proposed
DeepLabV3+-based road crack detection system
addresses these challenges by integrating advanced
semantic segmentation techniques with a practical
deployment framework for intelligent infrastructure
monitoring.

3. RESEARCH METHODOLOGY

A systematic research methodology is essential for
developing an efficient and reliable road crack
detection system. The methodology adopted in this
study integrates deep learning, computer vision, and
semantic segmentation techniques to automate
pavement crack detection and localization. The
proposed framework utilizes a ResNet-based
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classification model and the DeepLabV3+ semantic
segmentation architecture to identify and segment
crack regions from road surface images. The
methodology focuses on improving detection
accuracy, enhancing segmentation quality, reducing
manual inspection effort, and enabling scalable
infrastructure monitoring.

3.1 Research Design

This research follows an applied research
methodology aimed at developing a practical and
deployable solution for automated road crack
detection. The proposed system is designed,
implemented, and evaluated through multiple stages
including data preparation, model development,
training, testing, and performance evaluation.

The research design consists of:
1) Qualitative Analysis

Evaluation of the system’s ability to accurately
identify crack patterns under different road
conditions, lighting environments, and surface
textures. Visual assessment of segmentation masks
and crack localization quality is also performed.

2) Quantitative Analysis

Measurement of performance using metrics such as
segmentation accuracy, F1-Score, Intersection-over-
Union (IoU), inference time, and model robustness.

The overall framework adopts a modular
architecture ~ that  combines classification,
segmentation, visualization, and user interaction
components into a unified crack detection system.

3.2 System Modules

The proposed Road Crack Detection System
consists of the following modules:

* Image Acquisition Module

Accepts road surface images uploaded by users
through the graphical user interface. The system
supports common image formats such as JPG, PNG,
and JPEG.

* Image Preprocessing Module

Performs image resizing, normalization, filtering,
and enhancement operations to prepare images for
classification and segmentation. Data augmentation
techniques are also applied during training to
improve model generalization.

¢ Classification Module (ResNet)

A ResNet-based classifier analyzes the input image
and determines whether a crack is present. This stage
acts as a preliminary filter to avoid unnecessary
segmentation of crack-free images.
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* Segmentation Module (DeepLabV3+)

If a crack is detected, the image is passed to the
DeepLabV3+ semantic segmentation model. The
model performs pixel-level classification and
generates a segmentation mask highlighting crack
regions.

* Post-Processing Module

Applies thresholding and mask refinement
techniques to remove noise and improve
segmentation quality. The processed crack mask is
prepared for visualization.

¢ Visualization Module

Displays the original image, classification result,
confidence score, and segmented crack regions to
the user through the graphical interface.

* Model Storage and Deployment Module

Stores trained models in serialized format and loads
them dynamically during runtime for inference and
prediction.

¢ Performance Evaluation Module

Monitors model accuracy, F1-Score, IoU,
processing speed, and overall system effectiveness
during testing and deployment.

3.3 Tools and Technologies Used

The proposed system is implemented using the
following tools and technologies:

1. Python — Primary programming language
for model development and
implementation.

2. TensorFlow — Deep learning framework
used for training and deployment of neural
network models.

3. Keras — High-level API utilized for model
architecture design and training.

4. OpenCV — Used for image preprocessing,
filtering, and image manipulation
operations.

5. NumPy — Provides efficient numerical
computations and matrix operations.

6. Matplotlib — Used for visualization of
training results and performance analysis.

7. PyQtS — Framework used to develop the
graphical user interface for user interaction.

8. qt_material — Provides modern themes
and styling support for the GUI application.
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3.4 System Architecture Description

The proposed Road Crack Detection System
operates through a multi-stage deep learning
pipeline designed for accurate pavement inspection
and crack localization.

Initially, the user uploads a road surface image
through the PyQt5 graphical interface. The uploaded
image undergoes preprocessing operations including
resizing, normalization, and enhancement to ensure
compatibility with the deep learning models.

The preprocessed image is then passed to a ResNet-
based classification module that determines whether
the image contains visible cracks. If no cracks are
detected, the system immediately displays the
classification result.

For crack-positive images, the system forwards the
image to the DeepLabV3+ semantic segmentation
model. DeepLabV3+ utilizes Atrous Spatial
Pyramid Pooling (ASPP), dilated convolutions, and
encoder-decoder architecture to capture multi-scale
contextual information and accurately localize crack
regions at the pixel level.

The segmentation output is further refined through
post-processing operations to reduce noise and
improve visualization quality. Finally, the system
displays the original image, segmentation mask, and
detection results through the graphical user
interface. The trained models are stored and loaded
dynamically, enabling efficient deployment and
real-time inference.

SYSTEM ARCHITECTURE

Road Crack Detection using DeeplLabV3+

£

DEEP LEARNING MODEL
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Step-wise Architecture
Step 1: Image Input Layer

The user uploads a road surface image through the
graphical user interface.

Step 2: Image Preprocessing

The image is resized, normalized, and enhanced to
improve model performance and consistency.

Step 3: Crack Classification

The ResNet classifier analyzes the image and
predicts whether cracks are present.

Step 4: Semantic Segmentation

If cracks are detected, the image is processed by the
DeepLabV3+ model to generate a pixel-level
segmentation mask.

Step 5: Post-Processing

Noise removal and thresholding operations are
applied to refine segmentation outputs.

Step 6: Visualization

The original image, crack mask, and prediction
results are displayed through the GUI.

Step 7: Model Storage and Deployment

Models are loaded dynamically for inference, and
results are generated for user interpretation.

3.5 Model Implementation and Validation

The proposed framework utilizes deep learning
architectures including ResNet and DeepLabV3+ to
perform  automated crack  detection  and
segmentation.

Implementation Steps

1. Collect and organize road crack image
datasets.

2. Perform preprocessing including image
resizing, normalization, and augmentation.

3. Train the ResNet classifier for binary crack
detection.

4. Develop and train the DeepLabV3+
semantic  segmentation model using
annotated crack masks.

5. Optimize model parameters using suitable
loss functions and optimization algorithms.

6. Integrate trained models into the PyQt5
graphical user interface.
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7. Implement real-time inference and
visualization capabilities.

8. Evaluate system performance using
standard segmentation metrics.

Validation

The developed system is validated through extensive
testing on road crack image datasets.

The evaluation includes:
 Segmentation Accuracy

* F1-Score

* Intersection-over-Union (IoU)

* Classification Accuracy

* Inference Time

* Visual Quality of Segmentation Masks

The results are compared against previous
approaches based on U-Net and traditional image
processing methods to assess performance
improvements.

3.6 Ethical Considerations

The proposed system is developed with
consideration for responsible and ethical use of
artificial intelligence technologies.

* Public Safety

The system aims to improve road safety by enabling
timely detection of pavement defects and supporting
preventive maintenance.

* Reliability and Transparency

Detection results are presented clearly through
segmentation masks and confidence scores, enabling
users to interpret model predictions effectively.

* Data Integrity

Road image datasets are utilized solely for research
and development purposes while maintaining
appropriate data management practices.

¢ Fair Evaluation

Performance assessment is conducted using
standardized evaluation metrics to ensure objective
comparison of model effectiveness.

* Responsible AI Deployment

The system is designed to assist engineers and
inspectors rather than completely replace human
expertise in infrastructure monitoring.
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3.7 Evaluation Criteria

The performance of the proposed Road Crack
Detection System is evaluated using the following
metrics:

1. Segmentation Accuracy

Measures the percentage of correctly classified
pixels within the segmentation output.

2. F1-Score

Evaluates the balance between precision and recall
in crack detection.

3. Intersection-over-Union (IoU)

Measures the overlap between predicted crack
regions and ground-truth annotations.

4. Classification Accuracy

Determines the effectiveness of the ResNet model in
distinguishing crack and non-crack images.

5. Inference Time

Measures the time required to process and analyze a
single road image.

6. Robustness

Evaluates the system's ability to maintain
performance under varying lighting conditions, road
textures, and environmental noise.

7. System Performance

Includes processing efficiency, memory utilization,
model scalability, and overall effectiveness of the
road crack detection pipeline.

4. DATA ANALYSIS

4.1 Dataset Analysis

The proposed Road Crack Detection System utilizes
a road surface image dataset consisting of crack and
non-crack pavement images collected under various
environmental and road conditions. The dataset
contains annotated images that enable both
classification and semantic segmentation tasks. For
segmentation, each road image is associated with a
corresponding ground-truth mask indicating the
exact location of crack regions.

The dataset includes images with varying crack
characteristics such as longitudinal cracks,
transverse cracks, thin surface cracks, and complex
interconnected crack patterns. Additionally, the
images represent different pavement textures,
lighting conditions, shadows, and background
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variations to improve the robustness and
generalization capability of the trained models.

Analysis

Before training, the dataset undergoes preprocessing
operations including image resizing, normalization,
and augmentation. Data augmentation techniques
such as rotation, flipping, scaling, and brightness
adjustment are applied to increase dataset diversity
and reduce overfitting.

The classification dataset enables the ResNet model
to distinguish between crack and non-crack images,
while the segmentation dataset allows DeepLabV3+
to learn pixel-level crack localization. The
availability of annotated segmentation masks
provides accurate supervision during training and
contributes to improved segmentation performance.

Unlike traditional image processing approaches that
depend on handcrafted features, the proposed
framework learns feature representations directly
from the dataset, enabling effective detection of
complex crack structures under diverse road
conditions.

4.2 System Performance Analysis

The performance of the proposed Road Crack
Detection System is evaluated based on its ability to
accurately identify and segment pavement cracks
while maintaining computational efficiency.

The integrated framework combines a ResNet-based
classification module with the DeepLabV3+
semantic segmentation model. The classification
stage first determines whether a crack is present in
the uploaded image, thereby reducing unnecessary
computational processing. Images identified as
crack-positive are subsequently analyzed by the
segmentation model for detailed crack localization.

Experimental observations indicate that:

* The ResNet classifier effectively distinguishes
crack and non-crack images with high reliability.

* DeepLabV3+ accurately segments crack regions at
the pixel level.

» The Atrous Spatial Pyramid Pooling (ASPP)
module enhances multi-scale feature extraction and
improves crack boundary detection.

» The model performs effectively under varying
lighting  conditions, road  textures, and
environmental disturbances.

» The proposed framework demonstrates superior
segmentation quality compared to traditional image
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processing and  conventional  segmentation
approaches.

The system consistently produces high-quality
segmentation masks that accurately represent crack
structures while minimizing false detections and
background noise.

Table 4.1 Comparative Analysis of Crack
Detection Methods

Method Accura | Precisio | Reca | Io
cy (%) n (%) 11 U
(%) | (%
)
Traditional | 72.4 70.1 68.5 61.
Image 2
Processing
CNN- 84.6 82.8 81.5 | 76.
Based 4
Method
U-Net 89.3 88.1 86.9 | 83.
2
Proposed 97.2 94.7 93.9 | 9l.
DeepLabV 8
3+

4.3 Performance Metrics Evaluation

The proposed system is evaluated using standard
classification =~ and  semantic = segmentation
performance metrics.

Classification Accuracy

Measures the ability of the ResNet model to
correctly classify road images as crack or non-crack
categories.

Segmentation Accuracy

Evaluates the percentage of correctly classified
pixels in the generated segmentation masks.

Precision

Measures the proportion of detected crack pixels
that are actually crack regions.

Recall

Determines the ability of the system to identify all
crack pixels present in the ground-truth masks.

F1-Score

Provides a balanced measure of precision and recall,
indicating the overall effectiveness of crack
detection.
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Intersection-over-Union (IoU)

Measures the overlap between predicted crack
regions and ground-truth crack masks, serving as a
key indicator of segmentation quality.

Processing Time: Evaluates the time required to
analyze a road image and generate detection results.

Table 4.2:Performance Evaluation of the
Proposed DeepLabV3+ Model

Performance Metric Value

Classification Accuracy | 97.2%

Segmentation Accuracy | 95.8%

Precision 94.7%
Recall 93.9%
F1-Score 94.3%
IoU 91.8%

Average Processing Time | 0.82 sec/image

Table 4.1 summarizes the quantitative performance
of the proposed DeepLabV3+-based road crack
detection framework. The results demonstrate high
classification and segmentation accuracy while
maintaining strong precision, recall, and F1-score
values. The IoU score confirms effective crack
localization, whereas the low processing time
indicates the suitability of the system for real-time
pavement monitoring applications.

The experimental results demonstrate that
DeepLabV3+ achieves high segmentation accuracy
and IoU wvalues while maintaining efficient
processing performance. The combination of
classification and segmentation stages contributes to
improved computational efficiency and enhanced
detection reliability.

4.4 User Evaluation and Observations

The developed system was tested using multiple
road surface images containing different crack
patterns, pavement conditions, and environmental
variations. Visual inspection of the generated
segmentation masks confirms the effectiveness of
the proposed framework in identifying crack regions
accurately.

Key observations include:

* Accurate localization of thin and irregular crack
structures.

» Effective detection under different illumination
and shadow conditions.

» Improved segmentation quality due to multi-scale
contextual feature extraction.

Vol 26 Issue 07, July 2026

Page 532 of 537



ISSN:2250-3676

International Journal of Engineering Science and Advanced Technology (IJESAT)

* Reduction of false positives compared to
traditional image processing techniques.

* User-friendly operation through the PyQt5
graphical user interface.

» Fast and automated inspection without manual
intervention.

The graphical interface enables users to upload
images, view classification results, and visualize
crack segmentation outputs in an intuitive manner.
The integration of DeepLabV3+ and ResNet
provides a practical solution for intelligent pavement
monitoring and infrastructure maintenance.

Overall, the results confirm that the proposed Road
Crack Detection System offers an efficient, accurate,
and scalable approach for automated road
inspection. The framework significantly reduces
manual inspection effort while improving crack
detection reliability, making it suitable for
deployment in modern transportation infrastructure
monitoring applications.

5. IMPLEMENTATION,
EXPERIMENTS AND RESULTS
ANALYSIS

5.1 System Implementation

The proposed Road Crack Detection System is
implemented using a modular deep learning
framework that combines image classification and
semantic segmentation techniques for automated
pavement inspection. The system is developed using
Python and integrates TensorFlow, Keras, OpenCYV,
NumPy, and PyQt5 to provide an efficient and user-
friendly crack detection solution.

The implementation consists of two major deep
learning components. The first component is a
ResNet-based classification model that determines
whether a road image contains visible cracks. The
second component is the DeepLabV3+ semantic
segmentation model, which performs pixel-level
crack localization for images identified as crack-
positive.

Image preprocessing techniques including resizing,
normalization, and augmentation are applied to
improve model robustness and generalization.
OpenCV is utilized for image manipulation and
preprocessing operations, while TensorFlow and
Keras are employed for model training, validation,
and inference.

A PyQt5-based graphical user interface is developed
to enable users to upload road images, perform crack
analysis, and visualize segmentation results. The
trained models are stored and loaded dynamically
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during runtime, ensuring efficient deployment and
prediction.

The complete system provides an end-to-end
automated workflow for pavement crack detection,
reducing manual inspection effort and improving
infrastructure monitoring efficiency.

5.2 Experimental Setup

The proposed system was evaluated using road
surface image datasets containing both crack and
non-crack pavement images. The dataset included
various crack types, pavement textures, lighting
conditions, and environmental variations to assess
the robustness of the developed framework.

The experimental setup involved training and testing
both the ResNet classification model and the
DeepLabV3+ segmentation model. Images were
divided into training, validation, and testing subsets
to ensure unbiased performance evaluation.

The experiments were conducted using the
following procedure:

1. Collection and preparation of road crack
image datasets.

2. Image preprocessing through resizing,
normalization, and augmentation.

3. Training of the ResNet classifier for crack
presence detection.

4. Training of the DeepLabV3+ model using
annotated crack segmentation masks.

5. Validation of model performance using
standard evaluation metrics.

6. Integration of trained models into the
PyQtS graphical interface.

7. Testing on unseen road images under
different environmental conditions.

Performance metrics including Classification
Accuracy, Segmentation Accuracy, Precision,
Recall, F1-Score, Intersection-over-Union (IoU),
and Processing Time were recorded and analyzed.

5.3 Graphical Analysis

To evaluate the effectiveness of the proposed Road
Crack Detection System, graphical representations
were used to analyze the performance of the
implemented framework. The results demonstrate
the effectiveness of the proposed approach in terms
of segmentation accuracy, detection performance,
training behavior, and overall reliability.
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5.3.1 Performance Comparison Analysis

The bar chart compares the performance of
traditional image processing methods, U-Net-based
segmentation, and the proposed DeepLabV3+
framework. The proposed model achieved higher
segmentation accuracy, improved Fl-score, and
better Intersection over Union (IoU) values
compared to the existing approaches. The use of
multi-scale feature extraction further enhanced
crack boundary detection while improving the
overall efficiency of the classification and
segmentation pipeline.

Performance Comparison of Crack Detection Models
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Fig. 5.1. Performance Comparison of Road
Crack Detection Methods.

5.3.2 Training Performance Analysis

The line graph illustrates the training and validation
performance of the DeepLabV3+ model across
multiple epochs. The results indicate stable
convergence with minimal overfitting,
demonstrating  consistent  learning  behavior
throughout the training process.

Line Graph Analysis
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Fig. 5.2. Training and Validation Performance of

the DeepLabV3+ Model.
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5.3.3 Results Analysis

The graphical analysis demonstrates that the
proposed DeepLabV3+ framework performs
consistently under varying road conditions,
including changes in illumination, shadows, and
complex pavement textures. Compared with
conventional image processing and earlier
segmentation methods, the proposed framework
provides improved crack segmentation quality and
higher detection reliability.

The experimental results confirm that the integration
of ResNet classification and DeepLabV3+ semantic
segmentation enables accurate crack detection and
localization. The developed framework provides an
efficient and scalable solution for automated
pavement inspection, making it suitable for
intelligent road monitoring and maintenance
applications.

6. CONCLUSION

The proposed Road Crack Detection System
presents an effective and intelligent solution for
automated pavement inspection and infrastructure
monitoring. The system successfully integrates deep
learning, computer vision, and semantic
segmentation techniques through the combination of
a ResNet-based classification model and the
DeepLabV3+ segmentation architecture. This
integrated framework addresses several limitations
of traditional road inspection methods, including
high labor requirements, time consumption, human
subjectivity, and inconsistent assessment quality.

The primary objective of this research was to
develop an accurate, scalable, and automated crack
detection system capable of identifying and
localizing pavement cracks from road surface
images. Experimental analysis demonstrates that the
proposed framework achieves reliable crack
detection performance while accurately segmenting
crack regions at the pixel level. The use of Atrous
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Spatial Pyramid Pooling (ASPP) and encoder-
decoder architecture enables the model to capture
multi-scale contextual information and preserve fine
crack details, resulting in improved segmentation

quality.

Furthermore, the integration of a PyQt5-based
graphical user interface enhances usability by
providing an intuitive platform for image upload,
analysis, and result visualization. The overall system
significantly reduces manual inspection effort while
maintaining high detection accuracy and robustness
under varying road conditions. The results confirm
the effectiveness of DeepLabV3+ as a powerful
semantic segmentation model for intelligent road
infrastructure monitoring.

6.1 Key Findings
a. Improved Crack Detection Accuracy

The DeepLabV3+ model accurately identifies and
segments road cracks, enabling reliable pavement
condition assessment.

b. Enhanced Segmentation Performance

The use of Atrous Spatial Pyramid Pooling (ASPP)
improves multi-scale feature extraction, resulting in
superior crack localization and boundary detection.

¢. Robust Performance

The system performs effectively under different
lighting conditions, pavement textures, and
environmental variations.

d. Efficient Classification-Segmentation
Framework

The integration of ResNet classification with
DeepLabV3+ segmentation improves computational
efficiency by filtering crack-free images before
segmentation.

e. User-Friendly Interface

The PyQtS graphical interface provides convenient
image upload, visualization, and result interpretation
capabilities.

f. Scalability

The developed framework can be extended for large-
scale road monitoring applications and integrated
into intelligent transportation systems.

6.2 Implications of the Study

This research demonstrates the growing importance
of artificial intelligence and deep learning in modern
infrastructure management. Traditional pavement
inspection techniques often suffer from limitations
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related to labor intensity, inspection costs, and
subjective assessment. In contrast, Al-based
inspection systems provide a more efficient,
accurate, and scalable approach to road condition
monitoring.

The proposed system highlights the effectiveness of
semantic segmentation techniques in infrastructure
assessment applications. By enabling automated
crack detection and localization, the framework can
support transportation authorities, engineers, and
maintenance  agencies in  making timely
maintenance decisions and reducing long-term
repair costs.

Furthermore, the study contributes to the
advancement of intelligent transportation systems
and smart city initiatives by providing a practical
solution for automated pavement monitoring. The
successful  implementation of DeepLabV3+
demonstrates the potential of deep learning
technologies to transform conventional road
inspection practices and improve infrastructure
maintenance strategies.

6.3 Limitations

Despite its advantages, the proposed system has
several limitations:

* Dependency on Dataset Quality

Model performance depends on the diversity and
quality of training images and segmentation
annotations.

¢ Environmental Variations

Extreme shadows, poor illumination, severe weather
conditions, and unusual pavement textures may
affect detection accuracy.

* Computational Requirements

Training  DeepLabV3+  requires  significant
computational resources and may benefit from GPU
acceleration.

* Limited Damage Categories

The current implementation focuses primarily on
crack detection and does not extensively address
other pavement defects such as potholes, rutting, or
surface deformation.

¢ Limited Real-World Validation

Extensive large-scale deployment and validation
across different geographical regions and road
conditions have not yet been fully conducted.
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6.4 Future Work

The proposed framework can be further enhanced
through several improvements:

1. Real-Time Road Monitoring

Integrate the system with live video streams from
surveillance cameras, drones, and vehicle-mounted
inspection systems.

2. Multi-Defect Detection

Extend the framework to detect additional pavement
defects such as potholes, patches, rutting, and
surface wear.

3. Mobile and Edge Deployment

Optimize the model for deployment on mobile
devices and edge-computing platforms for real-time
field inspection.

4. Integration with Smart Transportation
Systems

Incorporate the system into intelligent transportation
infrastructure for automated maintenance planning
and decision support.

5. Enhanced Deep Learning Architectures

Explore transformer-based models and hybrid
architectures to further improve segmentation
accuracy and robustness.

6. Large-Scale Dataset Expansion

Train and validate the framework using larger and
more diverse road datasets to improve generalization
performance.

6.5 Final Conclusion

In conclusion, the proposed DeepLabV3+-based
Road Crack Detection System provides a robust,
accurate, and scalable solution for automated
pavement inspection. The integration of ResNet
classification =~ and  DeepLabV3+  semantic
segmentation enables efficient crack detection and
precise  pixel-level localization, significantly
improving inspection quality compared to
traditional manual methods.

The experimental results demonstrate the
effectiveness of the proposed framework in handling
diverse road conditions while maintaining strong
segmentation performance. The developed graphical
interface further enhances usability and practical
deployment potential. By reducing manual effort,
improving detection accuracy, and enabling
intelligent infrastructure monitoring, the system
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offers significant benefits for transportation
authorities and maintenance agencies.

With  future enhancements and large-scale
deployment, the proposed approach has strong
potential to become a reliable and widely adopted
solution for next-generation road infrastructure
inspection and smart transportation systems.
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