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Road crack detection is a crucial safety measure for an cwy, e

Abstract
pecially in regions

with complex road networks. In India, most roads are bected to cities and urban

areas. However, urban roads often suffer frequent a arious factors. This study
focuses on detecting road damage in Ind a using a Deep Convolutional Neural

Network (DCNN). We have develope of¥SpecificHlly designed for identifying cracks

the DCNN algorithm for road tion, which has proven to be an efficient approach.
The proposed method i

porat togram Equalization (HE) and Contrast Limited

Adaptive Histogram & (CLAHE) to enhance the contrast of road images. This is
the first initiative Heveloping a road damage detection system tailored to urban
roadway@in
appl be@ HE

clu

grative analysis was conducted during the preprocessing stage by
CLAHE techniques. The model was trained using 5,000 roadside
both cracked and non-cracked surfaces. During training, image
enwas performed using HE and CLAHE, and the processed images were then
n the DCNN. For testing, 700 roadside images (with and without cracks) were
, following the same preprocessing steps. The model's accuracy was determined based
on its ability to correctly identify road cracks. Results indicate that the proposed model
performs effectively for crack detection on CLAHE-enhanced images of Indian urban roads.
Additionally, the proposed model's performance was compared with existing models such as

ResNet, VGG16, and VGG19 using the same dataset. Evaluation metrics including accuracy,



precision, recall, and F1-score were used. The proposed model achieved 98.6% accuracy,
98.5% precision, 99.6% recall, and a 99% F1-score

Keyword: road damage detection, urban roads, Convolutional Neural Network, Deep

Learning

1. INTRODUCTION
Indian states are focussed on their road networks for improving road c

ntenance.

D

establishment, rework, and major repairs. Due to the growth of larger transp 1of
i

states in India, government has invested high cost for road establ RN

C

road damage detection using machine learning and deep learning "

Recent years, many researchers have been published many resea or automation in
large size of data
samples. In case, we have only minimum training samples for traig® the®ystem would be a
complex and timing consuming process.

Regular road inspection through physical m@to IS jgfne consuming process and
costly one. Now a days, semi-automated e chanism used to get the accurate and

current information about the road su g aintain high quality standards in a

of crack and identify the s. Initial stage of inspection, identifies the cracks

well in advance and jdad one to perform a proper maintenance. Initially and allow.

the subsequent 12 percent of their life. Road management programs can
ds with early signs of deterioration, allowing for cost-effective preventive
ance measures to be implemented, which can reduce expenses by a factor of 5.

Cracks are the most commonly known dangerous defects in any regular structures,
such as bridges, pressure vessels, mining equipment, aero-engines, etc. Any unnoticed cracks
of key components will lead to accidents. Due to this reason, it is mandatory to monitor the

integrity of structures and evaluate the crack for safety.



The categories are classified based on the human involvement for crack detection into
three types, fully automatic, semi-automatic and manual. In a real world scenario, manual
visual inspection is the primary source of inspection and most widely used technique in
structure integrity monitoring. This process will be a very expensive and time-consuming
process. However, the accuracy of detection highly depends on the experience and attention

of technicians involved in the detection process, and the cracks are easy to be missed. Sin

to improve the efficient and reliability in the inspection process, we have to developed
automatic technique to detect cracks. Q

In a fully-automated technique, we need high-quality images for trai a

D

est quality

road images and the output of a crack detection system mostly dg

the crack identification. We need a high resolution camera for obtg@fnd
@ he quanty of the

image. The high quality image can give better accuracy as well as er visualization for

crack detection. The most commonly identified types of cracks ocling ®h roads which are

longitudinal crack, alligator cracks, transverse crack, diag @} Bk and edge crack.

stages of degradation. By

detecting these cracks early on, proper c be initiated through timely repairs,

resulting in cost savings. This proacti preveMs the need for more extensive and
costly repairs that would be required if road condition worsened or suffered further
damage.

2. RELATED WORK

In the article [1], i

stated, tha#fhe learning stage for crack recognition, specifically

for default identificajias necessary. Instead, a substitution approach utilizing Free-

olding technique is applied, and the results of both CTA and FFA are
he proposed approach demonstrates better outcomes in crack identification,
of detecting cracks as small as one millimeter in any orientation. In the article [2], an
automated system for crack detection and classification is proposed. The system focuses on
determining road properties based on the presence of cracks, which is used to estimate the
formation of cracks on the road surface. The cracks identified using these techniques are
characterized as miniature cracks. Algorithms such as Djikstra's shortest path algorithm are

employed in the process.



The Crack Tree approach [3] is an automated method for crack recognition in road
surface images. The process involves several steps. Firstly, shadows within the image are
identified, which helps enhance the discrimination of cracks. Then, a tensor-based strategy is
employed, which creates a map consisting of crack openness and coherence. Subsequently,
Minimum Spanning Trees (MSTSs) are constructed to represent theanalyzed cracks. Undesired
edges are pruned, resulting in the formation of crack contours. The developed strategy,

evaluated using a dataset comprising a mixture of images containing both cracks ang

methods.

In the proposed strategy discussed in another article [4]
undergoes various image processing techniques such as image smOW@ing, path detection,
power normalization, enhancement, and crack detection. Image bigKs oMDixels are utilized
to determine the type of cracks present. Additionall smoothing techniques are

applied alongside the aforementioned methods. Pr¢@®r ed dhages are then partitioned

using a dual threshold, which is calculat c for each image, in order to separate

cracks from the background.

The paper [5] introduces a metho y for crack detection by analysing the subtle
differences between each pixel in ag image witN® length of d [5]. This approach relies on 2D
Continuous Wavelet Transfor llowed by Markov random field segmentation. The
method has been tested highgesgition database of real images. The algorithm [6,7]

consists of several sias ing endpoint selection, minimal path estimation, and path

selection. It was & at only five methods yield the best results. The proposed

techniqug, co filters and machine vision, where the particle filter is used for
crackpde usi e RGB and HSV color models, while machine vision techniques are
measurement algorithms. Experimental results showed that the proposed
an image processing time of 2 seconds and an estimation time of 6 seconds.
ks and obstacles are detected by equipping a vehicle with cameras and sensors,
movement is controlled [8]. Another dynamic method for road crack identification is
presented, utilizing image scanning transformation inspection and simultaneous discriminant
analysis. In the initial stage, the road image is filtered using bilateral and median filters. After
obtaining a grey scale image, crack regions are removed by calculating the test

transformation of the image. The cracks are then eliminated using differential analysis, such



as Otsu's binarization technique. 200 road surface images containing cracks, as well as some
images without cracks, were utilized for testing.

The minimal path calculation technique considers two factors: the cost function and
optimization [9]. The methods used involve defining constraints and selecting a subset of
sources and destinations. A Decision Tree is a model that establishes a relationship between
certain data features and their corresponding outcomes [10]. Utilizing a decision tree for

classification process is feasible by obtaining various feature data. The acquisition of ima

plays a crucial role in determining the color of a road surface. The presence of crg

surface is detected using image enhancement techniques, such as medianffer

performing morphological operations, cracks are classified using a reeN@periments
conducted using this process demonstrated its real-time applicabi

Deep Neural Networks (DNN), also known as Deep Learnin not require feature
extraction as they learn directly from raw image data [11]. Vw inrmation, such as
images and videos, in Deep Convolutional Neural Netw: s) is highly dynamic. The

three layers in deep CNNs are convolution layers, @®- lingghayers, and pooling layers.

>,

e image datasets are available. An

her toWclude sets of crack candidates for

while cracks wider than two metric units aressigned severity levels two or three. The

Matlab algorithm implementati ported by the tools.

S) technique suffers from high computing time.

cracks in pavement ]. Tt not only reduces computing time but also enhances overall

performggce C cthodology for asphalt crack identification has shown promising

resul larly

non-linear cracks [13]. The process begins by obtaining image data
ing system, followed by preprocessing the image using an erosion
y, a particle filter based on a geometric model, specifically the Sequential
o particle filter, is utilized. Road crack detection can be viewed as both non-
istic and probabilistic. The accuracy of the method is determined based on the
proximity of the estimated condition of the crack pixels. On average, the entire crack can be
traced in less than 5 seconds.

A Convolutional Neural Network (CNN) is a deep learning algorithm that takes an
image as input, identifies important features, and applies filters to distinguish them from each

other [14]. The preprocessing required in a CNN is relatively lower compared to other



classification algorithms. Traditional methods are typically hand-designed, requiring
extensive training. However, CNNs have the ability to learn these features. By utilizing
relevant filters, CNNs can effectively capture spatial and temporal conditions within an
image [15]. The performance of a CNN can be improved by utilizing reusable weights and
reducing the number of parameters in the image dataset. Using CNN, the system can be
trained to understand the intricacies of the image.

Image binarization converts pixels in a grey scale image into black or white [161.

input image is divided into sub-images, and image binarization assigns black colo %

and white colour to non-crack objects within the image. The CNN-based pro re YRRVE(
PO F e (SURF)

based procedure. The CNN-based procedure demonstrated betté @

SURF-based methods.

performance than
A U-Net deep learning network was used for pixel-wiscg#fad cck detection, and

be more accurate and cost-effective compared to the Speeded U

various network configurations were compared to deterryg est configuration [17]. The
If "3x3," "5x5," "7x7," and
"Ox9" were evaluated, and the number o ed from 33 to 64. The performance
was evaluated on the CrackForest data perimeMs showed that the network with 64
kernels performed better compared to an itecture with 32 kernels. The neural network

configuration L3 5x5 performed_similarly the best-performing network, L4 5x5.

Evaluation of computational s ed that the network runtime increases significantly

with larger kernel filter si

ategies to enhance the generalization capability of the method on other open
reasing its practical value. Experimental results on three public datasets and a
aphed dataset demonstrate the robustness, effectiveness, and superiority of the
proposed algorithm.

A unique road crack detection algorithm [19] based on deep learning and adaptive
image segmentation is presented. The approach involves training a deep convolutional neural
network to classify input images into positive (crack present) or negative (crack absent)

categories. The positive images are then processed using a bilateral filter to reduce noise



while preserving the edges between cracks and the road surface. Finally, the filtered images
are downsampled, and cracks are extracted using an adaptive thresholding method.

A teachable convolutional method [20] proposed a technique for crack detection in
complex environments. The algorithm successfully identifies crack data in unpredictable
situations and achieves state-of-the-art accuracy. The classification precision for transversal
and longitudinal cracks exceeds 95%, and the accuracy for square and crocodile cracks
above 86%, compared to manual classification results.

In the context of road maintenance, the use of automatic techniques

detection is preferred due to their high efficiency and cost-effectiveness [2 h

the research is to develop a suitable technique for crack detection ugi
Networks (CNN) that offers better accuracy compared to existin
also addresses the classification of cracks.

architecture used for the research, dataset details, and @?
Section 3 presents the results obtained during (i@ €

comparison with other existing models. 2 cludes the paper and discusses the
future scope of the research. Section a listWf references that were helpful in

conducting the research.

3. PROPOSED MODEL
We have develop
Neural Network (D

a road.c detection system by using Deep Convolutional

| for Indian urban road crack detection for the road side

on. We have train the sample model with our own data samples taken from
e cameras. The training samples are pre-processed with image enhancement by
g contrast limitation techniques. In the testing phase, we have pre-process the input
images with grey scale conversion and contrast limitation. In the next step, we have applied
the DCNN classifier for classification of cracking and non-cracking road images by
validating the input image. The figure 1 shows the phases involved in the proposed road
crack detection model. The proposed design is implemented with following four phases, 1)

Pre-processing Phase, 2) Classifier Phase, 3) Training Phase, and 4) Testing Phase
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Figure 1: Proposed Road Crack Detection Mo

a Phase 1: Pre-processing (
In the pre-processing phase, the training and testi s are converted into grey

scale images and improved or enhanced pixel qu pigpl quality is improved by

applying the contrast limitations technique cessing phase is to improve

the road side image dataset that suppg pstortions or enhances some image
features important for further processing s phase includes with two steps, greyscale

conversion and applies contrast limitations.

Greyscale Conversion

In the proposed schem d grey scale conversion for improving the contrast
of image for easy tracking m RGB high quality images. In this process, the RGB
rey scale image base on brightness value. The following
equation consj ess value of RGB based on the high value from R, G, and B
(equation

V = MAX(R,G,B)

ale values of images are concentrated in a narrow interval. The histogram
can be used to adjust the distribution of grey scale value to enhance the local
; the result of image will be more distinct in the crack and back ground areas

Contrast Limitation Techniques
Histogram Equalization
Histogram Equalization is an image processing method employed to enhance the

contrast of images. Its objective is to evenly distribute the most common intensity values,



effectively expanding the range of intensities in the image. By doing so, this technique
typically enhances the overall contrast of images in cases where the usable data is represented

by similar intensity values. Consequently, areas with initially lower local contrast can achieve

a higher level of contrast.

Histogram equalization may lead to too brightness or too darkness in all the regions,
because the contrast value is not limited. The contrast value of noise gets increased in
processed image. A Histogram of an image is represented as h(i) in equation 1. Here nis

total number of pixels and L is the total number grey levels of image.
L-1
n= Z h(i) - (1)
i=0

h(i) = pow(log log(h(i) + @), 8),0<i <L -1« - (2)

To reduce the effect of large spikes in histogram, a si edqWtion is shown in

equation (2) with the combination of logarithm and powg d empty histogram bins, «

is set larger than 1 and g is a parameter the of powe, bn experimental analysis a
and p are empirically set to 2 for our prop r . Here, h(i) and A(i) are original and
modified histogram respectively.
Adaptive Histogram Equalization

Adaptive Histogram Equalization (AHE)pa technique used to enhance the contrast of

image and this technique is difjfirs normal histogram equalization. In this method, the

contrast value of pixels | hanced @fally. This method divides the image into distinct

equalization for each block. This method enhances the local

. These values use to redistribute the luminance values of the image. This
more suitable for improving the local contrast and enhancing the definitions of
the each region of an image. AHE over amplifies the noise value of each region with
respect to homogeneous regions of an image. We have use this technique to identify the
cracking region of a road image by increasing the histogram values

Contrast Limited Adaptive Histogram Equalization (CLAHE)



We have used the Contrast-Limited Adaptive Histogram Equalization (CLAHE) to
improve the image quality compare to AHE method. The AHE technique has some noise
over amplifying problem, which may lead to over contrast in the input image

The unwanted noise problem associated with AHE can be reduced by limiting contrast
level enhancement specifically in homogeneous areas. These areas can be characterized by a
high peak in the histogram associated with the contextual regions since many pixels f

inside the same grey range. With CLAHE, the slope associated with the gre le

assignment scheme is limited; this can be accomplished by allowing only a

number of pixels in each of the bins associated with local histograms. A
histogram, the pixels that were clipped are equally redistributed ov

keep the total histogram count identical.

The contrast factor is defined as a multiple of the average histS
low factor, the maximum slope of local histograms will be low an eref®e result in limited
contrast enhancement. A factor of one prohibits con ement redistribution of
histogram bin values can be avoided by using a v [ it, which is equivalent to

the AHE technique.

h(x)

TLimit

235 0 23

(]

Figure 2: Contrast Enhancement in CLAHE

Igure 2 (a) and (b) shows two examples of contrast enhancement using CLAHE;
although the image at the right was CLAHE processed using a high clip limit, image noise is

still acceptable.



The main advantage of the CLAHE transform as presented in this Gem is the modest
computational requirements, its ease of use and it produces excellent result for contrast

limiting for most of the images

b. Phase 2: DCNN classifier

The basic DCNN image classification takes an input road side image, process it

values between 0 and 1. Following are the different layers used i
the image based on the values

or inputimage relu is the
nction.

The task at hand, although mimiclg® ehaviour, presents greater challenges
*@ Proble

for an automated system. One of the f in the automated system is object

detection and classification, particularly ) it involves objects with varying perspectives

[23]. Traditionally, a two-stage sirategy has ™@en employed to address this classification

problem. Initially, feature desc manually engineered characteristics were extracted
from the images, which thgWserved as dfout for a trainable classifier. For this study, we have
used Deep Convolutigad Network (DCNN) models and this model given in the figure

odels for performance analysis and comparison ResNet,

rogramming Interface (API), aids in the development and evaluation of deep
dels. The DCNN models were trained using the provided input samples and their
ance was evaluated using the testing dataset (Table 1). The datasets of samples were
fed into the DCNN models through the input layer and passed through convolutional layers,
pooling layers, and fully connected (FC) layers. Subsequently, the input database was
classified by the DCNN outputs using the Softmax activation function. The output analysis
included precision, recall, F1 Score, and accuracy for crack detection. The VGG16 model,

also known as the Visual Geometry Group 16 or Oxford Net, is a convolutional neural



network architecture proposed by [24] from the University of Oxford. It consists of 16 layers,
including 13 convolutional layers and three fully connected layers. The VGG16 model gained
recognition after its participation in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) in 2014, where it demonstrated remarkable performance in detection,

classification, and segmentation tasks [24]

Input Image

”T\ Max Poo
L T Max Pooling

ConV2D , | Output Layer

Max Pooling I

. | Fully C ted

ConV2D ConV2D | u -‘Lﬂ';_zf_lef e

|
|
|

Ext r I Classifier
|
|

Figure 3! N Classifier
C. Phase 3: Training Phase

In the training phase, wgihay, d 5000 road side images of both cracking and non-

cracking. The training sa S are takegfrom the existing data set for road side images [25]

and road damage imaga from the smart phone cameras. The training samples are

lected images from the smart phone cameras. In order to increase the dataset
prove the performance of the Deep Convolutional Neural Network (DCNN),
ugmentation techniques were applied. This involved rotating the images by 90°
clockwise, 90° anti-clockwise, and performing perpendicular and vertical rotations. No image
resizing was performed during the pre-processing phase. The images were labelled based on
five types of pavement cracks: transverse crack, longitudinal crack, diagonal crack, edge
crack and alligator crack. These labelled images were then saved in separate folders.

Subsequently, the dataset [38] was created into two groups: training with available samples



and collected samples. A detailed discussion about the proposed road crack detection model

has been explained in the following algorithm as follows,

Algorithm: Road Damage Detection Based on CL based DCNN

Input: A set of road images D, = {I;, 15, ..., I,,}

Output: Detection and classification of road damages from each image.

Step 1: Data Acquisition
1. Collect road images from available datasets.

2. Annotate the images with bounding boxes for different damage

Step 2: Preprocessing using CLAHE
1. Convert each image I; € D, to grayscale.
2. Apply Contrast Limited Adaptive Histogram Equaliza

(CLAHE) to
enhance local contrast as follows,

a. Clip limit C set as 2 (based on the r

b. Apply CLAHE to each channe

Step 3: Data Augmentation

1. Perform real-time augmen crease (lata variability as follows,

a. Rotation, flipping, cro , and scaling.

2. Ensure labels are tr rmed accoringly
Step 4: Deep Convolutj etwork (DCNN) Architecture Design
1. Choose a baqgCNN for conducting classification (e.g., a custom

3 layer to match the number of damage classes.
required, use models Faster R-CNN and YOLO with

rocessed inputs.

el Training

lit the dataset D, into T, training, U,validation, and TE; testing data sets.

. Compile the model with appropriate loss (cross-entropy) and optimizer
(Adam).

. Train the model on the augmented and CLAHE-enhanced dataset (Step 2
and 3).

4. Compute performance metrics like accuracy, Precision, Recall, and F1-

Score.




5. Optimize the Training model with maximum number of iterations

Step 6: Evaluation and Testing
1. Evaluate the trained model by using U; validation dataset.
2. Compute and analyze confusion matrix, precision, recall, and F1-score for
damage identification.
3. Apply the trained model for road crack detection over a testing image
fromTE;.
Step 7: Output
1. Return predicted result of damage locations from testing dataset

is study, 80% of

used for testing. To

A detailed description of the dataset can be found in Tab
the dataset was used for DCNN training, while the remaining dataset

ensure a balanced partitioning, an equal number of crack images g¥#re asstgned to each type

of crack category.

on-Cracks Total

Total number of Training Sample 1600 5000
Total number of Available Tra

2100 900 3000
Samples
Total number of Collect aining

1300 700 2000
Samples
Total Number of TQg@ling S 550 150 700

ils of Data set for Training and Testing

d. Phase 4: Td
#Phase, we have used 700 collected image samples to identify
e comtains a crack or not. The image first undergoes pre-processing, which
verWng it to grey scale and applying Contrast Limited Adaptive Histogram
jon (CLAHE) for contrast enhancement. If the input Image is not compatible with
256X386 then the image will be resized. The Deep Convolutional Neural Network
N) model then takes the pre-processed image as input to determine whether it contains
cracks. If cracks are detected, the image proceeds to the classification stage to determine the

specific type of crack present

4. PERFORMANCE EVALUATION AND ANALYSIS



We have used the following system configuration for implement the proposed crack
detection model Intel(R) Core(TM) i5-4590 CPU @ 3.30GHz 3.30 GHz and we have used a
smart phone with high quality rear camera for road capturing side image. We have trained the
images in the dataset were captured using a smart phone camera with the image quality of
108MP + 2MP + 2MP and manually labelled according to the type of crack. To enhance the
contrast level of the collected images, we have used Histogram Equalization (HE)
Contrast-Limited Adaptive Histogram Equalization (CLAHE) techniques. Both the traini

and testing image datasets are pre-processed using the HE and CLAHE technj

performance of the proposed model evaluated by using these modified contra

h

|
Fices. Inhe initial

one. This

This research utilized a dataset comprising 5000 images for
dataset consisted of images containing both cracked and non-craNge
was created. These
(3400) and non-

cracked (1600) images. The training dataset was labelle corresponding crack types.

part of the research, a separate training dataset consisting of 5000 imd

images were sourced from various locations and included botwcke
The size of the training dataset amounted to appr 599 MB. The training dataset
focused on five common types of crac S

diagonal. The primary objective of @

present or not, without specifically clSgfying the crack type. The testing dataset

jt I, transverse, linear, crocodile, and

was determine whether cracks were

encompassed 700 images, compriging both croking and non-cracking images. This dataset

included images representing

cracks and was labelled accordingly. The test data
set prepared with road d taken from urban road ways in Tamil Nadu. The
performance analysi roposed method was evaluated based on the accurate
classification of the jmages within the testing dataset
a. using Contrast Limitation Techniques
the rocessing phase, all crack and non-crack images are converted into
es and enhanced using Contrast Limitation techniques. The contrast
ss carried out by using Histogram Equalization (HE) and Contrast Limited
istogram Equalization (CLAHE).

he CLAHE method builds upon adaptive histogram equalization by dividing the
images into small blocks or tiles and appropriately amplifying the intensity of black and
white colors within each tile. By employing this approach, the enhanced images exhibit
improved quality for crack detection. Consequently, the use of enhanced images results in a
higher classification rate for the Deep Convolutional Neural Network (DCNN) compared to

using the DCNN without any enhancement method. The following figure 4 shows the result



of original grey scaled road cracking image, Histogram Equalized image and CLAHE image.

The following image table shows the different types of road damage images taken from

Indian urban road images,

Original Image

Histogram Equalized Image

CLAHE Images

Original image

equalized image

CLAHE image

Original image
—

Original image

200 300

300

Original image

equalized image

AT
s

CLAHE image

b.

Performance Evaluation

Figure 4: Original, Grey Scaled, and CLAHE Images

The performance analysis of the proposed model is calculated based on the correct

classification or identification of the cracking image from the testing dataset. We have used



traditional performance measures such as Precision (Pr), Recall (Re) and F1 score (F1) which
are most commonly used for any classification problems. The performance measures are

given in the following Equations.

TP+TN
Accuracy = ———— - (1)
TP+TN+FP+FN
. TP
Precision = - (2)
(TP+FP)
TP

Recall = - (3

(TP+FN) ®3)

2 2.PrecisionXRecall

F1 — score = T — =

Precision+Recall

Precision Recall

Here True Positive (TP), True Negative (TN), False Positive
(FN) are calculated based on the following procedure, ,

and False Negative

1. True Positive (TP)-The proposed method accurate classification or
prediction of the cracking images.
2. True Negative (TN)-The prop

non-cracking images as wel

acc y classified or predicted the
3. False Positive (FP)- the prop ethod incorrectly classified or predicted the
non-cracking images in the tes dataset, erroneously identifying them as
cracking images wh ey were, in fact, not cracking images. This indicates a

misclassificatio ictigh error in the proposed method for non-cracking

images.

the proposed method provided incorrect classification or

ing images.

the evaluation of the proposed method, precision was calculated by determining the

er of correctly predicted cracking images out of all predicted cracking images. This
metric focuses on the accuracy of positive predictions. On the other hand, recall, also known
as sensitivity or true positive rate, was calculated by determining the percentage of correctly
predicted cracking images from the total number of actual cracking images. Recall

emphasizes the ability of the model to identify all positive instances correctly. The F1 score,



which is the harmonic mean of precision and recall, was also calculated. It considers both
false positives and false negatives, providing a balanced measure of the model's performance.
It takes into account the trade-off between precision and recall and is a valuable metric in
evaluating the overall effectiveness of the proposed method. It's important to note that while
the F1 score is a useful performance evaluation metric, it is not the sole criterion and other

metrics and factors should be considered as well.

C. Performance Analysis
The proposed method for road crack detection on Indian urban
developed by using a Deep Convolutional Neural Network (DCNN @ eval its
domain, such as ResNet, VGG16, and VGG19.The performance eV : ion of the proposed
method was based on several metrics, including Accuracy, Prec?
d

performance, the same dataset was used to compare it with e fels iMghe same
all, and F1 score.

These metrics were used to assess the effectiveness of th method compared to the

existing models. The accuracy levels of the propose mejod, as well as the existing
models (ResNet, VGG16, and VGG19), y I an pared. The results analysis
indicated that the maximum accuracy, ed a higher number of epochs. The

@

figure 8 presented demonstrates the accurs els of the proposed method in comparison to

the existing models, providing a clear visual refggsentation of their performance.
It is worth noting tha r was used as a primary metric for performance

evaluation, but the other i ecion, Recall, and F1 score) were also considered to

provide a comprehensive S@&essm of the proposed method. Figure 8 illustrates the

ing phase using equation (1), which takes into account the

acy in this manner, the performance of the proposed method is compared
isting models (ResNet, VGG19, and VGG16) using a standardized metric. This
r a fair evaluation and comparison of the accuracy achieved by each model on the

test dataset.

Predicated HE Images CLAHE Images
Actual Actual
Cracking | Non-Cracking Cracking Non-Cracking

Cracking 541 09 542 08




Non 02 148 02 148
— Cracking
Table 2: Proposed DCNN Model
HE Images CLAHE Images
Predicated Actual Actual
Cracking | Non-Cracking Cracking Non-Cracking
Cracking 534 16 536 14
Non — Cracking 05 145 03 147
Table 3: VGG16 Model
HE Images ges
Predicated Actual I
Cracking | Non-Cracking Cracking, on-Cracking
Cracking 538 12
Non 07 146
— Cracking
CLAHE Images
Predicated Actual
Cracking Non-Cracking
Cracking 540 10
Non — Cracking 146 02 148
Table 5: VGG19 Model
Precision (%) | Recall (%) F1 Score (%) | Accuracy (%)
98.3 99.6 98.4 98.6
97 99 97 97.7
97.8 98.7 97.2 97.6
97.6 99.2 97.5 98.3
Table 6: Performance Evaluation for the HE Images
Model Precision (%) | Recall (%) | F1 Score (%) | Accuracy (%)
Proposed Model 98.5 99.6 99 98.6




ResNet 97.8 99.2 98.5 97.7
VGG16 97.5 99.4 98.4 97.6
VGG19 98 99.6 98.6 98.3
Table 7: Performance Evaluation for the CLAHE Images
PRECISION (%)
99
98.5 !'\Oll'
975 \%ﬁ ——HE |
97 97 —_—C
96.5
96
Proposed ResNet VGG16 VGGI19
Model
Figure 5: Precision Calc
99.8
99.6
99.4
99.2

99
98.8

98.6

98.4

98.2
R&Net

VGG16  VGG19

= HE Images
e CLAHE Images

Figure 6: Recall Calculation

F1 SCORE (%)

9
98.5 W—ﬁ
98 \
97.5 \ 975
97 \491/972/
96.5
96

Proposed ResNet VGG16 VGG19

Model

== HE |mages
== CLAHE Images




Figure 7: F1 Score Calculation

ACCURACY (%)
99.5
99 99
98.5 6
98.3
98 = HE Images
97.5 97.6 CLAHE Images
97
96.5
Proposed ResNet VGG16 VGG19
Model
Figure 8: Accuracy Calculation
Table 6 presents the performance evaluation resul e’proposed scheme and the
existing methods using a shared dataset. The evakgat etr@®s used include accuracy,

precision, recall, and F1 score. The accurgg rop ethod was measured to be

@ ed e VGG19 method. This indicates

vel of accuracy compared to other models in

98.6%, which is very close to the acc

that the proposed method performs at a

the same domain. Furthermore, the proposed od achieved impressive results in terms of

precision, recall, and F1 score. ision score was 98.5%, indicating a high proportion

of correctly identified positj
ability to accurately detect

rge percentage of the actual positive instances. The F1 score,

which considers bojlf preC d recall, was 99%, showcasing the overall effectiveness of
the propgsed o fying road cracks based on the training dataset.

evaluation. The performance evaluation primarily focused on the accuracy
an te ics clearly explain in figures 5, 6, 7, and 8.

nclu

this paper, we have presented a model for detecting road cracks on Indian urban
roa®s using a Deep Convolutional Neural Network (DCNN). Based on our literature review,
this is the first known initiative focused on road damage detection specifically for urban
roadways in India. We collected over 700 images of damaged roads from various urban areas
across Tamil Nadu. To enhance image quality and improve crack detection, the Contrast

Limited Adaptive Histogram Equalization (CLAHE) algorithm was applied. The proposed



model was trained using a dataset of 5000 images, which included both cracked and non-
cracked road surfaces. Each image in the training set was labeled accordingly, and the model
was tested using 700 images. The proposed approach consists of two main phases: the first
phase involves enhancing the quality of input images using the CLAHE algorithm, and the
second phase focuses on training the DCNN model with these enhanced images.
Experimental results demonstrate that the model performs effectively in detecting cracks

Indian urban roads. We compared the performance of the proposed model with exjsti

architectures—ResNet, VGG16, and VGG19—using the same dataset. The pg

evaluation indicates that our model outperforms the existing ones, achig\@g ¥
precision, recall, and F1 scores of 98.6%, 98.5%, 99.6%, and 99%, 1, ly
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