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ABSTRACT

Cracks in structures are discontinuities that occur due to stress, material degradation, or design flaws,
compromising structural integrity. Detecting and analyzing cracks is crucial for assessing safety and
determining maintenance needs. Various methods like image processing, machine learning, and deep learning
are employed for accurate crack identification and classification. Advanced algorithms enhance detection
accuracy and efficiency, leading to improved structural maintenance strategies. Addressing cracks promptly
ensures prolonged infrastructure lifespan and safety. The goal of this research is to completely change the
field of concrete cracking analysis through the use of cutting-edge machine learning technologies. The main
objective is to design and implement a crack analysis system that uses cutting-edge techniques such as
Convolutional Neural Network (CNN), support vector machine (SVM), and the k-nearest-neighbor (KNN).
By harnessing the power of machine learning, the project aims to achieve unprecedented accuracy in crack
detection, enabling precise identification of crack characteristics including length, width, and depth. Through
meticulous coding and collaboration utilizing platforms like Google Colab, the study seeks to establish a
robust framework for effectively and efficiently classifying cracks in structures. This innovative approach
holds promise for enhancing structural integrity assessment and facilitating timely maintenance interventions,
thus contributing to safer and more resilient infrastructure.
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1. INTRODUCTION

Concrete structures form the backbone of modern infrastructure, supporting everything from buildings to bridges.
However, over time, these structures are susceptible to various forms of degradation, with cracks being one of the
most common and critical issues. Detecting and analyzing cracks in concrete is paramount for ensuring structural
integrity and safety [1]. Traditional methods of crack analysis have often been labour-intensive, time-consuming,
and prone to human error. Machine learning has been used widely these days to solve various real world problems
[2]. Usually, cracks emerge at a microscopic level on the surface of the infrastructure component. These cracks
make the component weak, reduce its loading capacity and lead to discontinuities on the surface. If such cracks
are detected at an early stage, further damage can be reduced [3]. Manual methods of crack analysis involve
experts who examine the component visually and the use of specific tools to identify any deficiency in the com-
ponent. Automatic crack analysis deals with using technologies to identify cracks from infrastructures. Some of
the primary benefits encompass exceptional accuracy, automation, swiftness, cost-effectiveness, early anomaly
detection, continuous monitoring, data integration, remote surveillance, historical data analysis, and minimized
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downtime. Noteworthy drawbacks involve data quality and quantity issues, intricate model complexity, data pri-
vacy and security concerns, difficulties in generalization, model robustness under varying conditions, regulatory
and compliance considerations, and the need for ongoing maintenance and updates.

Machine learning has made significant advancements in the domain of crack detection and structural
health monitoring [4]. There are many algorithms available in ML which is given in Figure 1. Key applications
of machine learning in this context encompass visual inspection and image analysis, remote sensing, automated
crack segmentation, utilization of sensor networks, data fusion from diverse sources, pattern recognition, real-
time monitoring, geospatial crack mapping, deployment of deep learning techniques, and the augmentation of
traditional non-destructive testing (NDT) methods [5].

This research aims to capitalize on these advancements by integrating advanced machine learning
algorithms into crack analysis systems.

The main goal is to develop and execute an advanced framework utilizing cutting-edge techniques like
Convolutional Neural Networks (CNN), support vector machine (SVM), and K-Nearest Neighbors (KNN).
Supervised learning in machine learning refers to a kind of learning where the algorithm is trained on a labeled
dataset, which means that every input data point has a label assigned to it. The goal is for the algorithm to learn a
mapping from inputs to outputs based on the patterns present in the labeled data [6]. Deep learning has emerged
as a powerful tool for image analysis. In this context, CNNs are particularly well-suited for crack detection as
they can effectively capture intricate patterns and features present in images, enabling accurate identification of
cracks even in complex and cluttered environments [7]. By harnessing the power of machine learning, this proj-
ect seeks to achieve unprecedented accuracy in crack detection. Unlike traditional methods, which rely heavily
on manual inspection, the proposed system aims to automate the process, enabling rapid and precise identifica-
tion of crack characteristics, including length, width, and depth [8]. This automated approach not only enhances
efficiency but also reduces the likelihood of human error, thereby improving the reliability of crack assessment.

The primary objective is to improve the way that cracks in structures are classified by using cutting-edge
machine learning techniques. Traditional methods of crack classification often rely on manual inspection
and subjective interpretation, leading to inconsistencies and inaccuracies [9]. In contrast, machine learning
algorithms offer the potential for automated and objective crack classification, improving efficiency and reli-
ability. To facilitate the development and implementation of the crack analysis system, meticulous coding and
collaboration will be conducted, utilizing platforms such as Google Colab. By leveraging cloud computing
resources and collaborative tools, the study aims to establish a robust framework for effectively and efficiently
classifying cracks in structures. This collaborative approach enables the pooling of expertise and resources,
fostering innovation and accelerating progress in the field of concrete crack analysis. It contributes to safer and
more resilient infrastructure by enhancing structural integrity assessment and facilitating timely maintenance
interventions [10]. By deploying advanced machine learning techniques, we aim to empower engineers and
stakeholders with the tools and insights needed to address the challenges posed by concrete cracks effectively.
This innovative approach holds promise for transforming the way we analyze and mitigate the impact of cracks
in concrete structures, thereby laying the foundation for a more sustainable built environment.
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Figure 1: Machine learning algorithm.



O TAJG, M.N.A.B.G.; ALRUWAIS, N.; ALSHAHRANI, H.M,, et al., revista Matéria, v.29, n.4, 2024

2. ML/DL ALGORITHM STUDY

Studying machine learning algorithms for crack analysis can be a fascinating and impactful endeavor, especially
in fields like Civil engineering, materials science, and infrastructure maintenance. Here’s a general approach you
can take to study crack analysis using the Support vector machine (SVM), convolutional neural network (CNN),
and k-nearest-neighbor (KNN) algorithms. Since there is a possibility of diverse category of cracks that are to
be present in various structural components, the present algorithm study made an attempt to train the data so the
type and other parameters of the cracks can be easily estimated. Also the algorithm ensure the quick and efficient
analysis procedure using various machine learning process.

2.1. K-nearest neighbour

K-Nearest Neighbors (KNN) algorithm, its application in crack analysis for concrete structures, and how it can
be utilized for crack detection along with estimating the length of the crack. A straightforward and user-friendly
machine learning approach for regression and classification is K-Nearest Neighbors (KNN) is shown in Figure 2.
Its fundamental idea is that comparable data points in the feature space tend to be found close to one another
[11]. KNN finds the K nearest neighbors for a given query instance in the training dataset using a distance
metric, often Euclidean distance. In KNN classification tasks, the query instance is allocated the majority class
label among the K nearest neighbors. KNN averages, or weights, the target values of the K nearest neighbor to
obtain the goal value for the query instance while performing regression tasks. Features can be extracted from
images of concrete structures containing cracks. These features might include texture descriptors, color histo-
grams, or morphological characteristics of the cracks [12].

Collect a dataset consisting of images of concrete structures, where each image is labeled with information
about the presence and extent of cracks. Train a KNN model using the extracted features as input and the length
of the cracks as the target variable. Since KNN works well with small datasets, it’s suitable for scenarios where
the dataset size is limited. Given a new image of a concrete structure, use the trained KNN model to predict the
length of the cracks.

To detect cracks, segment the image to isolate regions containing cracks, then use the KNN model to
estimate the length of each detected crack. The formula calculates the distance (d) between two points (x1, y1)
and (x2, y2) in a coordinate system is given in Equation 1. Fine-tune the model parameters, such as the choice of
K and the feature extraction methods, to optimize performance. Integrate the trained KNN model into a software
system or application for real-time crack analysis in concrete structures. Ensure scalability and efficiency of the
deployed system, especially if dealing with large-scale infrastructure monitoring.

d =\J(x2—x1)? + (y2— y1)’ 0

where,
x1 x2= Co-ordinates of one data point

vl1, y2 = Co-ordinates of another data point
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Figure 2: K-Nearest Neighbors (KNN) algorithm.
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2.2. Support vector machine

The supervised learning algorithm Support Vector Machine (SVM), which is utilized for regression and
classification problems, is seen in Figure 3. Boundary line is placed which divides the plane into positive and
negative domain. Since many data points are used, the positive and negative planes create a margin boundary
so the data point can be segregate well manner. Optimum hyperplane is considered as support vectors since
they find the maximum margin between the data points. Many fields, such as image processing and structural
health monitoring, employ it extensively, and it performs especially well in high-dimensional spaces [13]. Let’s
explore how SVM can be applied to crack analysis in concrete structures, focusing on crack detection and esti-
mation of crack properties like length and width.

The Support Vector Machine (SVM), is a classifier using discrimination that operates by identifying the
hyperplane in the feature space that best divides the classes. The objective is to minimize classification mistakes
and maximize the margin between the classes. The way SVM works is that it takes input data, maps it into a fea-
ture with high dimension space, and then determines which hyperplane best divides the data points into distinct
classes. SVM finds the best hyperplane to optimize the margin between classes in classification problems. The
goal of support vector machines (SVM) in regression problems is to fit a hyperplane that best captures the con-
nection between the target variable and the input information [14]. Using kernel functions like the polynomial
or radial basis function (RBF) kernel, SVM may effectively handle non-linearly separable data.

Extract relevant features from images of concrete structures containing cracks. These features could
include texture features, intensity histograms, or morphological characteristics of cracks. Prepare a labelled
dataset consisting of images of concrete structures, with corresponding labels indicating the presence and prop-
erties of cracks (e.g., length, width). Train an SVM model using the extracted features as input and the crack
properties (length, width) as the target variables. Use appropriate kernel functions and regularization parameters
to optimize the SVM model for crack analysis tasks.

Given a new image of a concrete structure, use the trained SVM model to detect cracks and estimate their
properties (length, width). Morphological operations such as erosion, dilation, and opening can be applied to
enhance crack detection and segmentation in the images [15]. Generate histograms of crack intensity along the
length and width of detected cracks to visualize their properties with respect to intensity.

Evaluate the performance of the SVM model using suitable evaluation metrics such as accuracy, precision,
recall, and F1-score. Fine-tune the SVM parameters, including the choice of kernel function and regularization
parameter, to improve model performance [16].

Integrate the trained SVM model into a software system or application for automated crack analysis
in concrete structures. Ensure scalability and efficiency of the deployed system, especially when dealing with
large-scale infrastructure monitoring [17]. Few of the other studies related to such works are also mentioned in
the articles. Further interested readers are advised to refer the reference part [18-24].

Support Vector Machine (SVM) algorithm can be effectively utilized for crack analysis in concrete
structures, including crack detection and estimation of crack properties like length and width. The linear hyper-
plane for the SVM can be written in Equation 2. By leveraging appropriate feature extraction techniques, kernel
functions, and regularization parameters, SVM can provide valuable insights for infrastructure maintenance and
safety assessment. computes the distance (d_i) of a data point (x_i) from a hyperplane defined by weight vector
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Figure 3: Support Vector Machine (SVM) algorithm.
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(w), bias (b), and the norm of w (Iwl) is given in Equation 3. The SVM Classifier can be determining by using
the equation given in Equation 4.

The equation for the linear hyperplane can be written as

wlx +b=0 (2)
Where,
w = normal vector
b = offset

The distance between a data point x, and the decision boundary can be calculated as

T i
g-vxrh )

[wl]

Where,
|[w|| = Euclidean norm of the normal vector W
For Linear SVM classifier:

. liwIx+520 @
V= O;wTx +b<0

2.3. Convolutional neural networks

Convolutional Neural Networks (CNNs) are a great tool for crack diagnosis in concrete buildings because, as
Figure 4 illustrates, they can automatically learn hierarchical characteristics from raw picture data. Higher accu-
racy in crack identification and property estimate tasks can be attained by utilizing pre-trained models such as
VGG16, which have been trained on extensive datasets and are able to identify a broad variety of characteristics
[25]. In the present study, VGG16 is used as a convolutional neural network (CNN) model to perform image
classification tasks. In general, it consists of 16 layers that would process the information from image and hence
improve the accuracy. Let’s examine how CNN’s can be used to solve this issue, starting with crack identifica-
tion and using color bars to visualize crack characteristics like length and width.

Specifically created for processing and evaluating visual data, including images, CNNs are deep learning
models. Feature extraction is accomplished by convolutional layers, while spatial down sampling is accom-
plished by pooling layers, among other layers [26]. Edges, textures, and patterns at various spatial scales are
extracted from the input image using convolutional layers by the application of convolution procedures. While
maintaining the most crucial information, pooling layers shrink the feature maps’ spatial size. The collected
characteristics for tasks involving regression or classification are combined in fully connected layers at the con-
clusion of the network [27]. VGG 16 and other pre-trained CNN models can be adjusted for particular tasks using
comparatively little datasets because they were trained on large datasets like ImageNet. CNNs automatically
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Figure 4: Convolutional Neural Networks (CNNs) algorithm.
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learn hierarchical features from raw pixel values, eliminating the need for handcrafted feature engineering [28].
Collect a dataset of images of concrete structures containing cracks, with labels indicating the presence and
properties of cracks (e.g., length, width).

Convolutional layers are retained whereas fully linked layers are removed when employing the pre-
trained VGG16 model as a feature extractor. To make the VGG16 model more suited to the particular charac-
teristics of concrete crack photographs, use the crack analysis dataset to refine it. Apply CNN’s trained model
for detecting cracks in concrete structures. Partitioning the images to find the regions with cracks is necessary
to do this [29]. Crack delineation and detection can be enhanced by utilizing edge map features, thresholding,
and kernel techniques. Estimate the length and width of discovered cracks by measuring the spatial dimensions
of crack segments using the relevant methodologies. Examine the CNN model’s fracture detection capabilities
and the precision of its length and width estimations [30]. The Mean value of the Data can be determined by
using the Equation 5.

Compare the performance of the CNN model with traditional machine learning algorithms like KNN
and SVM, considering factors such as accuracy, computational efficiency, and robustness. Standard Deviation
of the data can be analysed using the Equation 6. Integrate the trained CNN model into a software system or
application for automated crack analysis in concrete structures. For Normalize the input data we use adequate
formulae which is given in Equation 7. Ensure scalability and efficiency of the deployed system, especially
for real-time or large-scale infrastructure monitoring [31]. In particular when combined with transfer learning
using pre-trained models like VGG16, offer a powerful approach for crack analysis in concrete structures.
Transfer learning is a general Al technique that uses pre-trained models to improve the speed of the process
in addition to increase the efficiency. It also best suited to recognize similar objects in set of images given as
input.

The problem is complex, and starting from a pre-trained model increases the chances of success By
leveraging automatic feature learning and advanced techniques for crack detection and property estimation,
CNNs can provide accurate and efficient solutions for infrastructure maintenance and safety assessment [32].
Additionally, visualizing crack properties using color bars enhances the interpretability of the analysis results.
Finally, the output result of the BN layer can be identified using the Equation 8. In Boundary layer, a set of latent
physical parameters are connected with neural networks that can easily map the extracted features of the image
along with the other physical influencing parameters mentioned in the study.

First calculate the mean value of the data

Z xi Q)

Where,
x,= input data
m = data set
B = Mean value of data set

The above formula calculates the average value of mini-batch. Then calculate the standard deviation of
minibatch as shown in equation

1

2 2

0p == (%~ 1) (©)
m

Then normalize the input data as shown in equation

£ — (xi _:uB)2

Output result of the BN (boundary layer) can be obtained as

Y, =y +p=BN(x) (®)
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Where,
B = offset coefficient
v = Scaling Factor

The CNN-based approach offers several advantages, including scalability, adaptability to different types
of cracks, and potential for real-time deployment. By automating the crack analysis process, it can significantly
reduce inspection time, human error, and maintenance costs, thereby improving the overall efficiency and safety
of civil infrastructure management.

3. PROPOSED METHOD

In the context of an image dataset, the main goal of crack classification is to determine the classification to which
the crack belongs. To identify the classification of crack the proposed solution is based on a transfer learning
method and call back method by using Convolutional Neural Networks (CNN) algorithm is shown in Figure 5.
Major difference between the various call back methods used in the present analysis is that model checkpoint
will perform early stopping procedure while the other methods perform stopping in intervals.

3.1. Transfer learning method

In machine learning, transfer learning is a valuable technique, especially for image classification applications.
Convolutional neural network (CNN) with transfer learning used to crack classification use a pre-trained CNN
model [33]. Usually, this pre-trained model was built for a different purpose, such general image recognition,
using a sizable dataset.

A number of primary fracture forms are recognized and categorized, including transverse, longitudinal,
water-heaved, shrinkage, expansion, overloading, settling, and durability cracks. Used convolutional neural
networks (CNNs) for crack classification. The present study utilized transfer learning to exploit the learned char-
acteristics of pre-trained models, such as ResNet152v2 and VGG16. ResNet152V2 is a model which constitutes
152 convolutional layers with a Global average pooling layer. It also holds a dense layer with 64 neurons, and a
dense layer followed by a convolution layer. In the present approach, CNN models used Keras and TensorFlow
which are well documented by other researchers [34]. Dataset has been augumented with data to increase the
robustness and diversity. The following settings were applied during the algorithm process: shearing, rotation,
horizontal flipping, zooming, rescaling, and changes to width and height. Dataset has been split into three
categories: 70% for training, 20% for validation, and 10% for testing. One epoch (one pass through the entire
dataset) was completed for each category. Used a batch size of 32 samples per iteration for training the model.
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Figure 5: Proposed method for classification.
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Three variables were used to create the CNN model: the loss function (categorical cross-entropy), an evaluation
metric, and an optimizer. A flattening layer (X _Flatten) was incorporated to flatten the multi-dimensional feature
maps into a one-dimensional vector for the subsequent fully connected layers. The flatten layer used in present
algorithm acts as a bridge between the convolutional/pooling layers in-order to extract special features of the
data set to perform regression and other classification tasks. Unlike retraining the CNN model from start, which
can be expensive computationally and data-intensive, transfer learning allows us to fine-tune the pre-trained
model by retraining only the last layers [35].

3.2. Callback method

In the context of Convolutional Neural Networks (CNNs) for crack classification, callback methods play a
crucial role in monitoring and optimizing the training process [36]. Callbacks are functions that are called at
specific points during training, allowing for dynamic adjustments, logging, and control over the training process.
This callback saves the model’s weights during training. It allows you to save the best model based on certain
criteria, such as validation accuracy or loss. This ensures that you can retrieve the best performing model even if
training is interrupted. This callback stops training when a monitored metric has stopped improving during the
flow process. For example, one can monitor validation loss and stop training when it stops decreasing, prevent-
ing overfitting and saving computation time. Learning Rate Reduction on Plateau is a callback that reduces the
learning rate when a monitored metric has stopped improving. This can help fine-tune the model’s parameters
more effectively, especially in later stages of training when progress is slower. In the present algorithm, early
stopping with callback method to monitor the validation loss has been implemented and stopped the process
training when the conditions were met, preventing overfitting and optimizing model performance.

4. ANALYTICAL EVALUATION

Analytical evaluation of machine learning (ML) algorithms for crack detection and classification involves
assessing the performance, effectiveness, and suitability of these algorithms for accurately identifying and
categorizing cracks in images [37]. Begin by assembling a comprehensive dataset containing images or data
samples with cracks of various types, sizes, orientations, and conditions. Ensure that the dataset is appropriately
labeled with ground truth annotations for crack detection and classification. Extract relevant features from the
dataset that are informative for distinguishing cracks from non-crack areas and categorizing different types of
cracks. These features may include texture patterns, edge information, shape characteristics, color contrasts, etc.
Commonly used algorithms include K-Nearest Neighbors (KNN), Support Vector Machines (SVMs), Convolu-
tional Neural Networks (CNNs). These algorithms include factors such as algorithm complexity, computational
efficiency, and scalability [38]. KNN is a relatively simple and interpretable algorithm, but its performance can be
sensitive to the choice of the number of neighbors (k) and the distance metric used. Number of images uploaded
by the user could be 250-350 and can be fixed as maximum upper limit. Meanwhile the good quality images
with standard pixel values (72ppi- pixel per inch) is expected to be upload in the programming. Experiment-
ing with different values of k and distance metrics may yield improvements in accuracy as shown in Figure 6.
In total, 250 samples were used to extract the results in the present algorithm.

Analytical evaluation of a K-Nearest Neighbors (KNN) algorithm for crack detection, focusing solely on
crack length due to limited dataset availability, yielded an accuracy of 69%. This assessment provides insights
into the algorithm’s performance in identifying cracks based solely on their length within the constrained dataset.

The limited dataset size may impact the algorithm’s ability to generalize effectively to unseen crack
instances. With a small number of samples, the algorithm may struggle to capture the full diversity of crack

Length of the largest crack: 72.60 cn

Figure 6: Detection for KNN algorithm.
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Figure 7: Detection for SVM algorithm.
Table 1: Accuracy for crack detection.
TYPE OF ALGORITHM ACCURACY
KNN Algorithm 69%
SVM Algorithm 78%
CNN Algorithm 86%
Length of crack 14: 69.70 cm

Figure 8: Detection for CNN algorithm.

lengths and variations present in real-world scenarios. Incorporating additional features could enhance the
algorithm’s discriminative power and improve overall performance.

Analytical evaluation of a Support Vector Machine (SVM) algorithm for crack detection, incorporating
both crack length and width, demonstrated improved performance compared to the K-Nearest Neighbors (KNN)
algorithm. The SVM algorithm achieved an accuracy of 78% on the same dataset size. Additionally, a histogram
graph was utilized to visualize crack width distribution in relation to intensity and frequency for comprehensive
crack analysis. Incorporating both crack length and width as features provides a more comprehensive represen-
tation of crack characteristics compared to considering only crack length. By capturing additional dimensions of
crack geometry, the SVM algorithm can potentially better discriminate between different types of cracks. Visu-
alizing crack width distribution using a histogram graph offers valuable insights into the relationship between
crack width, intensity, and frequency. The SVM algorithm’s accuracy of 78% surpasses that of the KNN algo-
rithm 69%, indicating its superior performance in crack detection and classification tasks. SVMs are known for
their effectiveness in handling high-dimensional data and separating complex decision boundaries, which may
contribute to the observed improvement in accuracy is shown in Figure 7.

Analytical evaluation of a Convolutional Neural Network (CNN) algorithm for crack detection, incorporat-
ing both crack length and width as features, demonstrated significant performance improvement compared to both
the K-Nearest Neighbors (KNN) and Support Vector Machine (SVM) algorithms. The CNN algorithm achieved an
impressive accuracy of 86%, surpassing the accuracies achieved by both KNN and SVM algorithms, which were
previously reported as 69% and 78%, respectively is given in Table 1. Additionally, the width of the crack was
visualized using a color bar representation for comprehensive crack analysis in machine learning.

By considering both crack length and width as features, the CNN algorithm benefits from a more
comprehensive representation of crack characteristics. CNNs are adept at learning hierarchical representations
of complex features, making them well-suited for analyzing multi-dimensional data such as crack geometry.
Utilizing a color bar representation to visualize crack width enhances the interpretability of the results and
facilitates deeper insights into the relationship between crack dimensions and intensity as shown in Figure 8.
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The CNN algorithm achieved a significantly higher accuracy of 86% compared to both KNN and SVM
algorithms. This improvement underscores the effectiveness of deep learning approaches, particularly CNNs, in
capturing intricate patterns and relationships within crack data, leading to more accurate classification results [39].

Analytical evaluation for crack classification using Convolutional Neural Networks (CNN) algorithm
with transfer learning and callback methods, achieved 86% accuracy. Leveraging pre-trained CNN models like
ResNet152v2 and VGG16 for crack classification tasks. Transfer learning allows the model to benefit from fea-
tures learned on large-scale image datasets, enhancing performance on the crack classification task. Call-back
methods such as Model Checkpoint, Early Stopping, and Tensor Board are employed to optimize the training
process and to monitor model performance. These callbacks ensure efficient training, prevent overfitting, and
provide insights into the training dynamics. Considering precautions specific to each type of crack during model
training and evaluation was also performed. This involves ensuring balanced representation of different crack
types in the dataset and adjusting model parameters accordingly. Generally, as the number of epochs increases,
the loss should be decreased, indicating improved model performance. This relationship can be visualized
through graphs by plotting epoch against accuracy and loss as shown in Figure 9.
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Figure 9: Model accuracy testing graph for crack classification.
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Table 2: Accuracy for crack classification.

TYPE OF ALGORITHM | ACCURACY
CNN Algorithm 86%

To control the output verbosity verbose parameter in the training function is utilized. This allows for
better monitoring of the training process and debugging if necessary. Implementing both ResNet152v2 and
VGG16 models from transfer learning to evaluate their performance in crack classification. In the present case
study done by the authors, both the models showcased similar result pattern irrespective the algorithm devel-
oped by programming. Trained model was employed to predict the type of crack present in images and remedial
measures are provided accordingly is shown in Figure 10. This involves categorizing cracks into 8 types and
offering appropriate recommendations or actions for each type. Table 2 Accuracy for crack classification.

The analytical evaluation ensures robust crack classification using CNN algorithms with transfer learning
and callback methods. The integration of multiple models, precautions for different crack types, and remedial
measures enhance the practical utility of the model in real-world applications such as infrastructure inspection
and maintenance.

5. WEB DEVELOPMENT

5.1. ASP.NET Framework

ASP.NET is a comprehensive web application framework developed by Microsoft, designed to simplify and
streamline the process of building dynamic web pages, websites, and web applications. It operates within the
broader .NET ecosystem and is particularly advantageous for developers working with languages like C# or
Visual Basic.

One of ASP.NET’s key strengths is its adherence to the model-view-controller (MVC) architecture, which
promotes a structured approach to development by separating the application’s logic, presentation, and data lay-
ers. This separation of concerns enhances code organization and maintainability. Within ASP.NET, developers
have access to a rich set of server controls such as buttons, text boxes, and data grids, facilitating the creation
of interactive and data-driven web pages. Data access is supported through ADO.NET, enabling connectivity to
various databases, including popular ones like SQL Server, MySQL, and Oracle.

Security features are robust in ASP.NET, with built-in mechanisms for authentication and authorization,
making user management and access control straightforward. Session management capabilities allow developers
to maintain state across multiple page requests, ensuring a seamless user experience. ASP.NET also integrates
with other Microsoft technologies like Azure for cloud hosting and services, offering scalability and flexibil-
ity. Development is further streamlined with Visual Studio, an integrated development environment (IDE) that
provides tools for coding, debugging, and testing ASP.NET applications and the one employed in the present
research work is depicted in Figure 11.

5.2. CODE IMPLEMENTATION PLATFORM

In Visual Studio Code Ultimate, an ASP.NET web application can be developed integrating JavaScript, SQL
for data management, and Darknet for crack classification. JavaScript enhances client-side interactivity, while
SQL facilitates database operations for storing crack data and associated precautions. Darknet, a deep learn-
ing framework, enables efficient crack classification using neural networks. The application can display crack
classifications and corresponding precautions based on user inputs or uploaded images. Visual Studio Code
Ultimate offers a comprehensive development environment with features for code editing, debugging, and
version control, optimizing the development process. Overall, this setup enables the creation of a sophisti-
cated web application for crack classification, incorporating advanced technologies and functionalities seam-
lessly. The below are the steps for implementing the web development for the crack classification Which leads
to the user to check their need by uploading the image in the website. The proposed application is web based
and not part of android mobile application and hence the users are directed to go for web based processing.
Moreover, the data used is stored in the cloud space with security systems and hence the possibility of data
breech is less.

STEP 1: A user login page is designed to authenticate users accessing a crack classification system,
ensuring secure and personalized access to the platform’s features and data. It provides a gateway for authorized
users to contribute to and benefit from the crack classification functionalities offered by the system.
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Figure 11: User login for web development.
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Figure 12: Graphical user interface for web development.

STEP 2: After logging in, users are directed to a graphical user interface page where they can access
options like uploading crack images for classification, facilitating user interaction and data input for the system’s
analysis and processing (Figure 12).

STEP 3: Upon accessing the upload page from the interface, users can upload crack images, and upon
submission, the system provides results identifying the type of crack depicted and corresponding precautions,
enhancing user understanding and promoting informed decision-making for crack management. For illustration
purpose and considering the scope of the study, the present paper demonstrated only the length of the crack and
width of the crack also estimated in the same manner. The category and nature of crack also furnished below the
Figure 13 for better understanding.
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view
Longitudinal Crack
Implement proper concrete reinforcement and joint spacing to distribute loads and minimize teasile stress
Moaitor and address any structural movemeat or sattlemeat issues promptly to prevent longitudinal crack formatioa
Clean the crack thoroughly and inject epoxy or polyurethane-basad crack sealaats to fill and bond the crack surfaces.,
Utilize carbon fiber or steel plate reinforcement techniques to strengthen and stabilize the cracked area, preventing further propagation

Figure 13: Image results page for crack classification.

6. CONCLUSION

In this analysis study, we explored the effectiveness of three different algorithms, namely K-Nearest Neighbor
(KNN), Support Vector Machine (SVM), and Convolutional Neural Network (CNN), for crack detection. Our
findings demonstrate that CNN outperformed KNN and SVM in terms of accuracy, indicating its superior capa-
bility in crack classification tasks.

As discussed in the previous chapter, out of the three algorithms CNN yields accurate because of the
algorithm supervision and accuracy scale. The CNN algorithm exhibited higher accuracy due to its ability to
automatically learn hierarchical features from raw data, such as images of cracks, without the need for manual
feature extraction. This deep learning approach allows CNN to capture intricate patterns and variations in crack
images, leading to more precise classification results compared to traditional machine learning algorithms like
KNN and SVM.
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