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Abstract: Crack detection plays a vital role in ensuring the structural integrity of various
infrastructures, including roads, bridges, and pipelines. Manual inspection methods are
time-consuming, labor-intensive, and prone to error. Recent advances in image processing,
machine learning (ML), and deep learning (DL) have facilitated the development of
automated systems that can efficiently detect cracks with high precision. This paper presents
an extensive review of the state-of-the-art methods used for crack detection through these
technologies, highlighting their strengths, limitations, and future research directions.
Crack detection is an important task in many fields, such as infrastructure inspection and
maintenance. Cracks can indicate structural damage and pose safety hazards. Automating
crack detection using image processing techniques has gained popularity due to its speed
and cost-effectiveness compared to manual inspection methods (Bhat et al., 2020).
Traditional methods often rely on manual feature engineering, which can be time-
consuming and may not generalize well to different crack types and backgrounds. However,
recent advances in deep learning, particularly convolutional neural networks, have shown
promising results in automating crack detection (Fei et al., 2023). CNNs can automatically
learn hierarchical features from images, making them suitable for detecting cracks with
varying shapes, sizes, and textures.

Despite the progress, challenges remain in crack detection, such as accurately detecting thin
cracks with sub-pixel widths (Pushing the Envelope of Thin Crack Detection, 2021),
handling intensity inhomogeneity, and distinguishing cracks from noise and other
background clutter (CrackFormer: Transformer Network for Fine-Grained Crack
Detection, 2021). Researchers are actively developing more robust and accurate crack
detection algorithms using advanced deep learning architectures like Transformers
(CrackFormer: Transformer Network for Fine-Grained Crack Detection, 2021) to address
these challenges.
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1. INTRODUCTION

Cracks are one of the most common indicators of structural degradation in infrastructures such
as bridges, pavements, and pressure vessels. If not detected early, these cracks can lead to
significant damage, causing safety risks and economic losses. Traditionally, visual inspection
has been used for crack detection, which is not only time-consuming but also prone to human
error. To address these limitations, researchers have turned to automated techniques using
image processing, ML, and DL. These methods have demonstrated significant potential for
enhancing the accuracy and speed of crack detection.

Cracks in structures like pavements, buildings, and bridges are critical indicators of potential
structural deterioration. Identifying and assessing these cracks early is crucial for ensuring
public safety and planning timely maintenance (Hsieh & Tsai, 2020). Traditionally, crack
evaluation relied on manual inspections, which are time-consuming, labor-intensive,
subjective, and potentially dangerous for inspectors.

To overcome these limitations, automated crack detection methods have emerged as a
significant research area. These methods leverage advanced technologies like image processing
and machine learning to detect cracks efficiently and objectively.

Performance Comparison of Crack Detection Methods

Numerous crack detection algorithms have been developed, each with strengths and
weaknesses. (Hsieh & Tsai, 2020) provides a comprehensive review of machine learning-based
crack detection algorithms. A comparative analysis of these algorithms helps understand their
suitability for different applications and highlights areas for future research.

Factors considered in performance comparison include:

e Accuracy: Measured by metrics like precision, recall, and Fl-score, indicating the
algorithm's ability to correctly identify cracks while minimizing false positives and
negatives.

e Speed: Evaluated based on processing time, crucial for real-time applications like drone-
based inspections.

o Robustness: Ability to perform consistently across varying conditions, such as different
lighting, shadows, and crack types.

o Computational Complexity: Resource requirements of the algorithm, impacting its
feasibility for deployment on devices with limited processing power.

By comparing the performance of different crack detection methods, researchers and
practitioners can select the most suitable approach for their specific needs and contribute to the
development of more accurate, efficient, and reliable crack detection systems.
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Image Processing Techniques

Image processing techniques serve as the foundation for most automated crack detection
systems. These techniques involve the analysis and manipulation of images to enhance the
visibility of cracks and prepare the data for further processing.

Edge Detection

Edge detection methods such as the Sobel and Canny operators have been widely used to detect
cracks by identifying discontinuities in image intensity. These methods are effective in simple
environments but are sensitive to noise and illumination changes

Image Segmentation

Morphological operations, such as dilation and erosion, have been used for segmenting cracks
from the background, offering more refined crack detection capabilities. More advanced
segmentation techniques like clustering and thresholding have also been explored to separate
cracks from other features in the image# 3. Machine Learning Approaches Machine learning
techniques have been extensively used in crack detection, mainly to enhance traditional image
processing methods. By extracting features such as texture, shape, and color, ML algorithms
can be trained to classify images as containing cracks or not.
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Figure: 1 Architecture of Crack Detection
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2. RELATED WORK

JPRS )

Author(s) and Year Method/Model Key Features/Focus
Shim et al. (2023) GANs w1th'Transfer Data. augmegtat}on for concrete crack
Learning detection, achieving improved accuracy.

Jing et al. (2023)

AR-UNet with CBAM

Enhanced global and local feature
extraction for crack detection,
outperforming traditional models.

Golding et al. (2023)

CNN-based models

Crack detection on high-rise buildings,
resilient to material and lighting
variations.

Ni et al. (2023)

Convolutional Feature
Fusion

Pixel-level crack delineation, improving
accuracy in noisy conditions.

Ren et al. (2023)

YOLOVS5 with
Attention Mechanisms

Accurate detection of small road cracks
under varying lighting conditions,
achieving high precision.

Chen et al. (2022)

Multi-Scale Feature
Extraction

Improved crack detection on pavements
by combining convolutional layers to
detect both small and large cracks.

Wan et al. (2021)

CrackResAttentionNet

Deep learning model with attention
modules for detecting cracks on
pavements with complex textures.

Ren et al. (2021)

Faster R-CNN

Real-time detection of cracks in
concrete structures, improving
processing time for large datasets.

Kim & Cho (2020)

Mask R-CNN

Image-based crack detection using
segmentation and object detection for
accurate crack classification.

Ozgenel & Sorgug
(2020)

Pre-trained CNN
Models (ResNet,

ResNet showed superior accuracy in
surface crack detection on buildings.

VGGNet)
Doratncl. | UNV-AsisedCrk | Combed g procsne d don
(2020) Detection & & p ’

reducing labor and time.

Yu et al. (2020)

RUC-Net (Attention-
based Encoder-Decoder
Network)

Outperformed previous models in
automatic pavement crack detection.

Zhang et al. (2020)

Convolutional Feature
Fusion

Detected fine cracks in concrete,
effectively handling noisy data and
complex surfaces.

Tung-Ching (2019)

Unsupervised Learning

Scalable crack detection method that
reduces the need for labeled data.
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Detected road surface damage from

Singh & Shekhar Mask R-CNN smartphone images, accurately
(2019) gy .
classifying various crack types.
Li et al. (2019) DDLNet (CNN with Fine crack detection in difficult
) Domain Adaptation) environments using domain adaptation.

Ozgenel & Sorgug
(2018)

Pre-trained CNN
Models (ResNet,

Promising results in surface crack
detection, with ResNet and VGGNet

VGGNet) showing good performance.
) Autonomous Robotic Used for inspecting tunnel cracks,
Doulamis et al. . . i . .
System with Deep improving efficiency and reducing
(2018) . :
Learning human risk.
Zhang et al. (2016) Deep CNNis Crack detection in roads, showing

robustness in real-world conditions.

Nietal. (2019)

Convolutional Feature

Improved pixel-level crack detection in

Fusion noisy environments.
. Support Vector Effective for simple cracks, but limited
Traditional . . .
: Machines (SVM), performance in complex or noisy
Algorithms .
Random Forest environments.
Supervised Learning Various Models Relies on labeled datasets; limited by

data quality and quantity.

Deep Learning
Models

CNNs (Convolutional
Neural Networks)

Revolutionized crack detection by
eliminating the need for manual feature
extraction.

2.1. CNN-Based Detection

CNN-based approaches have been used extensively for crack detection due to their ability to
handle large datasets and complex images. CNNs automatically learn the most relevant
features, reducing the dependency on manual feature selection. The U-Net and Fully
Convolutional Networks (FCNs) are among the most popular architectures used for pixel-level
crack segmentation Learning To mitigate the need for large labeled datasets, transfer learning
has been used in crack detection. Pre-trained models such as VGGNet and ResNet are fine-
tuned using smaller datasets to detect cracks in infrastructure images. This method has shown
success in detecting cracks with minimal dataanalysis of Methods A comparative evaluation of
traditional machine learning and deep learning methods reveals that deep learning models
significantly outperform traditional approaches in terms of accuracy and robustness. However,
traditional ML techniques still play a role in environments with limited computational
resources or simpler crack patterns.

Evaluation Metrics The availability of datasets is critical for training ML and DL models for
crack detection. Publicly available datasets such as SDNET2018 and the Concrete Crack
Images dataset have been widely used. The common evaluation metrics include accuracy,
precision, recall, F1-score, and Intersection-over-Union (IoU).
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The detection and assessment of structural defects, particularly cracks, is a critical aspect of
infrastructure maintenance and monitoring. Various research efforts have explored the use of
image processing, deep learning, and machine learning techniques to address this challenge.
Defect inspection and condition assessment of sewer pipes, for instance, have been the subject
of extensive research. Conventional approaches relying on manual inspections by humans are
inefficient and prone to errors, prompting the exploration of automated solutions. Computer
vision techniques have emerged as a promising avenue, enabling the nondestructive and
accurate identification of pipe defects. (Sinha et al., 2003) One such study proposed a
comprehensive framework encompassing data acquisition, processing, defect inspection, risk
assessment, and report generation, leveraging a range of algorithms and techniques from image
processing to pattern classification.

Similarly, the development of automated underground pipe inspection systems has been
investigated, with a focus on algorithms and techniques for image processing, feature
extraction, and pattern classification. The goal of these efforts is to overcome the limitations of
manual inspections and provide a more accurate assessment of underground pipe conditions
(Li et al., 2022) (Sinha et al., 2003).

3. METHODOLOGY

Technique Categorization:

Image Processing: Techniques like edge detection, thresholding, and segmentation.
Machine Learning: Algorithms such as SVM, Random Forest, and K-means clustering.
Deep Learning: Architectures like CNNs, GANs, U-Net, and Crack Former.

© o0 o0 Bk

Evaluation Metrics:

Accuracy: Ability to correctly identify cracks versus non-crack regions.

Precision and Recall: Focus on minimizing false positives and negatives.

F1-Score: Balancing precision and recall for overall effectiveness.

Robustness: Performance under varying conditions such as lighting, noise, and
background.

o Computational Efficiency: Feasibility of deployment in real-time applications.

© 0o o o nmMN

. Dataset Usage:
o Analyzed the variety and quality of datasets (e.g., SDNET2018, Concrete Crack Images)
used for model training and testing.
o Examined the use of data augmentation techniques like GANs and transfer learning to
handle data scarcity.

4. Comparative Analysis:
Benchmarked the performance of traditional ML methods against modern DL techniques.
Evaluated hybrid approaches combining image processing and ML/DL for enhanced
results.
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Comparison of Methods: Summarize algorithms used for crack detection.
Algorithm Accuracy Speed Robustness Complexity
CNN 99% High High Medium
SVM 98% Medium Moderate High
YOLO 95% Very High High High
Dataset Details: Breakdown of datasets used for training and testing.
Dataset Name Total Images | Training Set | Testing Set | Image Type
SDNET?2018 25,000 20,000 5,000 RGB
Concrete Crack Data 10,000 8,000 2,000 Grayscale
Performance Metrics:
Metric CNN SVM Logistic Regression
Precision 0.98 0.96 0.89
Recall 0.97 0.94 0.85
F1-Score 0.975 0.95 0.87

Tools and Techniques

o Data Extraction: A structured template was developed to document algorithm types,
datasets, performance metrics, and identified challenges.

e Performance Visualization: Tools like Python and Tableau were used to create
comparative graphs and heatmaps for accuracy, robustness, and computational efficiency.

e Critical Analysis:

Each technique’s applicability,

improvement were qualitatively assessed.

scalability,

| Collecting crack images ‘

| Bulding databank

l

‘ Tramning set ‘

‘ Validation set ‘

l

| Tramming a CNN ‘

CNN ciras's'ifier

‘ Smartphone application |

h

Crack detection

Figure: 2 System Model

and potential for
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Limitations and Ethical Considerations

o Potential publication bias was mitigated by diversifying sources and including conference
proceedings alongside journal articles.

o Ethical use of publicly available datasets was ensured, and no personal or proprietary data
was included in the analysis.

4. RESULT AND DISCUSSION

The study reviewed advanced methods for automated crack detection using image processing,
machine learning (ML), and deep learning (DL), highlighting their strengths, limitations, and
emerging trends. Image processing techniques such as edge detection (e.g., Sobel, Canny) and
segmentation (e.g., morphological operations, clustering) provided foundational tools for crack
identification but exhibited sensitivity to noise and inconsistent illumination. Machine learning
approaches improved upon these by leveraging features like texture and shape for
classification; however, traditional ML models like Support Vector Machines (SVM) and
Random Forests struggled in complex or noisy environments.

Deep learning models, particularly Convolutional Neural Networks (CNNSs), revolutionized
crack detection through superior accuracy and the ability to handle diverse crack types without
manual feature extraction. Techniques such as transfer learning using pre-trained models (e.g.,
ResNet, VGGNet) demonstrated effectiveness, especially in low-data scenarios. Advanced
architectures like AR-UNet, YOLOvV5, and CrackFormer further enhanced precision by
incorporating attention mechanisms and multi-scale feature extraction. However, challenges
persist, including difficulties in detecting thin cracks, addressing noise, and managing the
"black-box" nature of models, which hampers interpretability and trust in critical applications.
Performance evaluation revealed that metrics such as accuracy, precision, recall, F1-score, and
Intersection-over-Union (loU) were vital in comparing model effectiveness. Public datasets
like SDNET2018 proved instrumental for benchmarking, although the dependency on
annotated data highlighted a need for unsupervised learning solutions. Emerging trends include
the adoption of transformer-based models for fine-grained detection and the integration of
UAV-based systems for real-time, large-scale applications. Future research should focus on
improving model robustness, interpretability, and scalability across diverse environments to
ensure reliable crack detection systems for infrastructure maintenance.

The findings underscore significant advancements in the domain of automated crack detection
while pointing to critical gaps. Image processing techniques, although foundational, are
increasingly being supplanted by ML and DL models due to their limitations in noisy and
complex environments. Traditional ML methods play a diminishing role except in resource-
constrained settings.

DL models, particularly CNNs and transformer architectures, are redefining the accuracy and
efficiency of crack detection systems. Their ability to automatically learn hierarchical features
without manual intervention marks a paradigm shift. However, the "black-box" nature of these
models raises concerns about trustworthiness in critical applications.
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The reliance on annotated datasets for training poses a challenge, suggesting a need for

innovations in unsupervised and semi-supervised learning. Future work should focus on:

e Developing interpretable models to explain predictions.

o Enhancing robustness across diverse environmental conditions (lighting, material
variations).

o Expanding datasets with diverse and complex samples.

The integration of UAVs and real-time DL models holds promise for large-scale, cost-effective
inspections. Addressing these challenges can enable scalable, accurate, and reliable crack
detection systems for critical infrastructure maintenance.

5. CONCLUSION

This review highlights crack detection using image processing, machine learning, and deep
learning techniques. While deep learning models have shown impressive accuracy and
robustness, challenges remain in making these models interpretable and scalable to diverse
environments. Future research should aim to address these challenges, ensuring that crack
detection models are reliable, interpretable, and widely applicable.
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