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Abstract

Pavement degradation, including cracks, are a major road maintenance issue and a
hazard to the safety of infrastructure. Conventional manual checking systems are time
consuming and are subject to human error making automated cracking systems very es-
sential. This research discusses four machine learning (ML) classifiers, including k-Near-
est Neighbors (kNN), Support Vector Machine (SVM), Neural Network (NN) and Logistic
Regression (LR), as efficient to automate the process of pavement crack detection based
on image classification. The models were trained and tested on a set of 360 images (180
cracked and 180 uncracked pavement). The findings revealed that SVM, NN and LR had
100 percent accuracyin the classification of cracked and uncracked pavement whereas the
kNN had 97.2 percent accuracy. Although the performance decreased slightly, KNN was
found to be very reliable thus it can be effectively used to carry out the task of detecting
cracks.Measures of evaluation, suchas Area Under Curve (AUC), Classification Accuracy
(CA), F1 Score, Precision, Recall, and Matthews Correlation Coefficient (MCC) showed
that all models performed excellent. The results indicate the promise of ML in the domain
of pavement condition assessment automation, which will resultin theimproved andless
expensive infrastructure management. Future research must aim at extending the models
to other more complicated situations, such asmulti-class classification and real-time mon-

itoring.

Keywords: Pavement Crack Detection, Machine Learning, k-Nearest Neighbors (kNN),
Support Vector Machine (SVM), Neural Network (NN), Logistic Regression (LR).

1. Introduction

The development of cracks in pavements is a serious problem of infrastructural
maintenance, and it has an influence on road safety, transportation rates, and overhead

expenses [1],[4],[7]. Pavement cracks arenot only aesthetically displeasingbut also cause
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more damages to the road surface structure that results in structural failures when left
uncontrollable [4], [7]. Early detection of cracks also prevents the occurrence of massive
damages and enables the cracks to be repaired in good time, and hence prolongs the life
of road infrastructure [1], [4].

Conventional processes of crack detection, which in most cases are manual based
and visual process, are time consuming, labor intensive and can be prone to human error
[3], [7]. Such techniques are also constrained in terms of scalability especially when deal-
ing with huge networks of roadways [3], [4]. To overcome these issues, the automated
pavement inspection field has received a considerable amount of interest, and the latest
progress in image analysis and machine learning (ML) offers new opportunities of more
efficient, precise, and scalable solutions [2], [7], [24]. Supervised learning model tech-
niques of machine learning have presented significant potentials in ensuring the automa-
tion of crack detection by classifying the images [22], [24]. Using large volumes of image
data, it is possible to train ML models to identify and categorize cracking and uncracking
pavement, which provides an accurate and repeatable substitute to human inspection
[12]-[15], [22]. These models are able to process massive datasets within a very short du-
ration of time, and they learn based on labeled images to detect patterns and features that
represent pavement deterioration [24], [25]. In addition, machine learning allows flexibil-
ity to keep enhancing models by adding new data and makes them adapt to different
types and conditions of pavement [19], [24].

This paper discusses how four machinelearningmodels, including k-Nearest Neigh-
bors (kNN), Support Vector Machine (SVM), Neural Network (NN), and Logistic Regres-
sion (LR), canbe used to handle the task of automated crack detection [22],[24]. The train-
ing and validation were done using a dataset of 360 pavement images, 180 of which con-
tained pavement images of cracks and 180 of which contained pavementimages without
cracks. The performance measures applied to evaluate the models included Accuracy,
Precision, Recall, F1 Score, Area Under Curve (AUC), and Matthews Correlation Coeffi-
cient (MCC), which gives a wide perspective of the classification abilities of the models
[22],[24]. This study is important because the obtained results apply to the study of auto-
mated pavement maintenance since they can inform the community about the efficiency
of various machine learning models in crack recognition [4], [7], [24]. In this paper, it is
intended to prove that machine learning and specifically, deep learning, and advanced
ML algorithms are effective in classifying the pavement, which will help to automate the
infrastructure inspection and maintenance process [9], [15], [24], [25]. The study aims at
identifying the best and most reliable techniques of real-time monitoring of pavement and
detecting pavement damagesby comparingthe performances of different models that are
important in ensuring that road infrastructure is sustainable [1], [4], [7].

2. Dataset

The dataset that has been deemed to be used in this study consists of a total number

of 360 images, the images that have been chosen to be specific to one of the two types of
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pavement conditions, which is cracked and uncracked pavement. Out of the 360 images,
180 have cracks on the pavement, and the rest 180 haveno cracks on the pavement. This
equaldistributionis a balanced dataset which makesboth sets of data equally represented
and hence the machine learning models may be trained and evaluated without any bias
[22], [24]. The images were obtained to have different types of cracks that are typical of
pavement surfaces such as longitudinal cracks, transverse cracks and block cracks so that
therewas diversityinthe dataset[7], [24]. The photos were also captured in different light
conditionsin order to recreatereal world situations which are essential in determining the

strength of the models once being applied in diverse settings [19], [24].

In order to optimize the training process and prove the performance of the model
efficiently, the dataset was divided into two separate parts: the training (80 percent of the
images or 288 images) and the validation (20 percent of the images or 72 images) ones.
The machine learning models were developed and fine-tuned using the training set,
which they were given an opportunity to learn the distinguishing characteristics between
cracked and uncracked pavement [22], [24]. The validation set comprised of the images
that were not shown in the training period and evaluated the capability of the models to
generalize and correctly act with new unknown data [22], [24]. This partitioning plan, 80
percent training and 20 percent validation allows the models to not be overfitting the
training data but be able to make accurate predictions on unseen data which is important

in real world application in pavement crack detection [19], [24].

3. Materials and Methodology

The machine learning models used to automate the pavement cracks identification
process in this paper are k-Nearest Neighbors (kNN), Support Vector Machine (SVM),
Neural Network (NN), and Logistic Regression (LR). The selection of each model was
made according toits capability to deal with classification problems and give reflections
of themost effective methodologiesin the crack detection of pavement [22], [24]. Themod-
els were trained with the 80% training and tested with the 20% validation and different

performance metrics were used to analyze the performance effectiveness of the models
[22], [24].

3.1 k-Nearest Neighbors (kNN)

The k-Nearest Neighbors (kNN) is a simple and quite a powerful classification algo-
rithm. In the kNN, the k-nearest neighbors of an image in the feature space are compared
with the majority image class and the image is classified by that image value [22]. The
kNN algorithm predicts by finding the similarity between the image features and those
of the trainingimages and gives the prediction of the class using the closest similarity[22].
This non-parametric model has been known to be effective in small to medium sized da-
tasets and is easily implemented [22].

3.2 Support Vector Machine (SVM)
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The Support Vector Machine (SVM) isa supervised learning algorithm thatisusually
applied in binary classification tasks. SVM attempts to identify the linear or the best hy-
perplane that will divide the classes on the basis of the optimal margin[22]. SVM has been
applied to detect cracks and it is effective in this case because it maps images of the input
to a space of higher dimension feature space and in this way, it will be able to better dis-
tinguish between images of cracked and uncracked pavement [22], [24]. A fundamental
component of this study is the SVM model which was optimized by choosing an appro-
priatekernel function (Radial Basis Function - RBF) whichis most applicableinnon-linear
distributions of data [22].

3.3 Neural Network (NN)

A Neural Network (NN) model is a brain-like computational model that is a series
of interconnected computational nodes/neurons, arranged in layers. A feedforward neu-
ralnetworkwas employed todetect cracksand this method is applied to images via input,
hidden, and output layers [24]. Backpropagation was used to train the network with help
of adjusting weights to reduce the prediction error [24]. Neuralnetworksare very efficient
in learning complex trends in data, and they are extensively applied in image classifica-

tion tasks because they can learn non-linear associations [12]-[15], [20], [21], [24].
3.4 Logistic Regression (LR)

A statistical model employedin binary classificationis the Logistic Regression which
approximates the probability of a given data point fitting into a given class. The use of
Logistic Regression in this research study was to fit the relationship between the input
variables (image characteristics) and the likelihood of an image depicting broken pave-
ment [22]. Although it is simple, the Logistic regression can be useful in the classification

task when the decision boundary is in the form of approximation [22].
3.5 Training and validation Process

Each model was trained using the training dataset, which comprised of 288 images
(80 percent of the total dataset), and each model was trained to classify the images to be
either “cracked” or “uncracked” using the extracted features [22], [24]. The rest of the im-
ages (20% of the total dataset) thathad been stored aside during the training process were
then used to validate the models. This validation procedure enabled testing how each
model was able to perform on unknown data and supports generalisation assessment in
pavement crack detection studies [19], [22], [24].

3.6 Evaluation Metrics (with references)

In order to test the effectiveness of the machine learning models, one used the fol-
lowing measures (commonly reported in pavement crack detection and classification lit-
erature) as given in table 1[19], [22], [24]:
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Table 1: Description and Interpretation of Evaluation Metrics Used for Crack Detection
Model Performance [19], [22], [24]

Metric What it measures Range / Best value|| How to interpret (in crack detection)
The model’s ability to sepa-| Higher AUC meansthemodel is better at
Area Under|rate the two classes distinguishing cracked from uncracked
0 to 1 (best=1.0)
Curve (AUQ) ||(cracked vs uncracked) imageseven when the decision threshold
across different thresholds. changes.
. . Higher accuracy means more correct
Classification|The proportion of all cor- o ] o
L 0 to 1 or 0% to|predictions overall. Canbe misleading if
Accuracy rectly classified images out . .
) 100% (best =100%)||classes areimbalanced, soit should be re-
(CA) of total images. . )
ported with other metrics.
High F1 indicates the model is good at
The harmonic mean of Pre- detecting cracks without producing too
F1 Score cision and Recall (balances||0 to 1 (best =1.0) |jmany false alarms, and it also catches
both). most true cracks. Useful especially when
data is imbalanced.
Of all images predicted as High precision means few false posi-
Precision cracked, how many are ac|0 to1 (best=1.0) [|tives (the model doesn’t wrongly label
tually cracked. uncracked pavement as cracked).
Of all truly crackedimages, ) .
High recall means few false negatives
Recall how many the model cor-||0 to 1 (best =1.0) .
) (the model misses fewer real cracks).
rectly predicts as cracked.
Matthews . +1 = perfect prediction, 0 = ran
) A balanced measure using )
Correlation dom/guessing, -1 = completely wrong.
. TP, TN, FP, EN; strong||-1 to+1 (best=+1)
Coefficient o Higher MCC meansoverall classification
even with imbalanced data. o
(MCO) quality is strong across both classes.

4. Results

The results of each machine learning model, which include k-Nearest Neighbors
(kKNN), Support Vector Machine (SVM), Neural Network (NN), and Logistic Regression

(LR), were measured according to some major metrics, namely, Area Under Curve (AUC),

Classification Accuracy (CA), F1 Score, Precision, Recall, and Matthews Correlation Coef-

ficient (MCC). These measures were estimated with respect to each model and the valida-

tionset comprising of 72 images (20 percent of the total dataset). Figure-1 shows the work-

flow of machine learning model development.
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Figure 1: Workflow of the machine learning model development.

4.1 Machine Learning Model Performance Metrics.
Table 1 summarizes the performance of each model and gives the evaluation metrics

of each model in terms of the validation set. These measures are AUC, CA, F1 Score, Pre-

cision, Recall, and MCC and figure gives the validation output of the machine learning

model development.
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Figure 2: Machine learning model prediction results.

Table 2: Summary of each models performance using evaluation metrics

Model

AUC

@

A

-

1

Precision

Recall

MCC

Logistic Regression

1.000

1.000

1.000

1.000

1.000

1.000

SVM

1.000

1.000

1.000

1.000

1.000

1.000

Neural Network

1.000

1.000,

1.000,

1.000

1.000

1.000

k-Nearest Neighbors (kNN)

1.000

0.990]

0.990

0.990

0.990

0.979

4.2. Confusion Matrices

Confusion matrices are provided in Table 3 for each of the four models. The confu-

sion matrix is a vital tool for evaluating the performance of classification models, as it

shows the true positives (correctly predicted cracked pavement), false positives (incor-

rectly predicted cracked pavement), true negatives (correctly predicted uncracked pave-

ment), and false negatives (incorrectly predicted uncracked pavement). Each model was

evaluated using these metrics to calculate the errors and overall accuracy, as shown in the

confusion matrices.

Table 3: Confusion matrices for each of the four models

Model

Actual/Predicted

Cracked

Uncracked|

Total

Errors

Accuracy

Logistic Regression

Cracked

148

0

148

0

100%

Uncracked

0

140

140
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Model Actual/Predicted||Cracked [Uncracked||Total|Errors{|Accuracy
SVM Cracked 148 0 148 |0 100%
Uncracked 0 140 140
Neural Network Cracked 148 0 148 |0 100%
Uncracked 0 140 140
k-Nearest Neighbors (kNN)||Cracked 146 2 148 |3 97.2%
Uncracked 1 139 140

4.3 Analysis of Results

Logistic Regression, SVM, and Neural Network: The accuracy of all three of these
models was 100 percent on the validation dataset. All the images of cracked and
uncracked pavement were properly categorized and there were no false positives or false
negatives. Such findings suggest that these models can be used effectively to detect
cracked pavement provided that they get adequate training data and are optimally
packed.

k-Nearest Neighbors (kNN): kNN also achieved very high results, but not as good
as the previous one (97.2%). The model wrongly categorized very few images (3 errorsin
cracked images and 1 error in uncracked images). Nevertheless, even despite these small
flaws, the KNN model remained very reliable and it can be regarded as a possible choice
when it comes to crack detection in particular and when the values of simplicity in com-

putation are of primary value.

All in all, the findings indicate that machine learning models are effective in crack
detection in pavement images automatic detection. SVM, Neural Network and Logistic

Regression performed perfectly with kNN having a slight reduction in accuracy.

Overall, it can be said that the models tested in this research, SVM, Neural Network,
and Logistic Regression, performed at 100 percentat the validation dataset with the accu-
racy of 100 percent in classifying between cracked and uncracked pavement. These mod-
els are most useful in this activity, and SVM and Neural Networks are most useful in
reflecting complex, non linear relationships, whereas Logistic Regression worked well
given the evident linear separationin the data. Conversely, kNN is a little less accurate
with an accuracy of 97.2 but did not fail to perform optimally and showcased the power
of less complicated models in image classification exercises. The slight decrease in accu-
racy using kNN is explained by the following factors; k selection, sensitivity to data dis-
tributionand theuse of local decision making by the algorithm. Although these are minor
problems, kNN is a powerful and viable tool to use in detection of cracks, especially in

the case where simplicity and efficiency are some of the major factors to be considered.
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5. Conclusions and Recommendations

This paper has shown that machine learning (ML) models can be successfully used
to automatically determine pavement conditions, namely, detecting cracks. They used
four models k-Nearest Neighbors (kNN), Support Vector Machine (SVM), Neural Net-
work(NN), and Logistic Regression (LR) on 360 images (180 images of cracked pavement
and 180 images of uncracked pavement). The findings demonstrated that SVM, Neural
Networks and Logistic Regression obtained perfect classification accuracy (100) with the
validation set whereas kNN obtained low classification accuracy (97.2) with some mis-

classified images.
The major results of the research are as follows:

High Accuracy: With all models, except kNN, 100% classification accuracy with the mod-
els, it can be concluded that the ML algorithms are capable of distinguishing between a

cracked and uncracked pavement.

Applicability of Models: SVM, Neural Networks and Logistic Regression have shown
tremendous performance in terms of their versatility in handling image classification

problems.

Strength of kNN: kNN was not harmed by this slight decrease in accuracy, but its perfor-
mance was quite good that underscores its usefulness in simpler applications where com-

putational efficiency is relevant.

It isimportant tonote that the evaluation metrics, such as Area Under Curve (AUC), Clas-
sification Accuracy (CA), F1 Score, Precision, Recall and Matthews Correlation Coefficient
(MCC) are all high, which supports the possibility of using ML in the pavement crack
detection method.

These findings have implication to the infrastructure maintenance field. Automatic clas-
sification of pavement conditions can significantly save time and resources in order to
conduct the manual inspection. It is possible to use machine learning models to detect the
cracks in the earliest possible time to perform the maintenance in time and avoid the fur-
ther worsening of the pavement, which could result in safer and more cost-efficient infra-

structure maintenance.
Communication Future Improvements and Applications:

Although the models used in this study were effective, the following areas can be im-
proved and further used in the future:

Enhancement of Model Robustness: SVM, NN and LR models performed perfectly; how-
ever, in the real world, data is usually noisy and pavement can highly change in terms of

lighting, weather, and surface types. In subsequent studies, it might be important to
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enlarge the sample that consists of varied images, various types of pavement, weather,
and light conditions. This may increase the strength and the external validity of the mod-
els.

Fusion with Real-Time Systems: To make this strategy more relevant to the real-world
pavement maintenance, these models may be incorporated into the automated inspection
systems, including drones or mobile vehicles which have cameras on board. This would
enable the real-time recognition and constant surveillance of cracks on the pavements

without involving human intervention.

To Multi-Class Classification: In this paper, the analysis was limited to cracked and
uncracked pavements. This classification could be extended in the future to determine the
severity of cracks (e.g. small, medium, large) or describe the various types of pavement

damage (e.g. potholes, fissures, surface wear) to give a more granular view of pavement
health.

Enhancing kNN Performance: Although the KNN was very effective; it was slightly less
accuratethan other models. Future research might include more fine-tuning of the KNN
algorithm possibly by testing out alternative distance measures or integrating feature se-
lection methods to enhance its classification capabilities.

Applications in Maintenance Programs: This machine learning model may be deployed
on maintenance programs in pavement after the optimization process. Automated sys-
tems could be used by the citiesand municipalitiestoscan theroadsregularly and identify
cracksand other damagesatan early stage. This would help to use proactive maintenance

strategies to enhance the safety of the roads and minimise the long run repair costs.

To sum up, machine learning can be a solution to the automation of the process of classi-
fying pavement conditions, and the models analyzed in this paper could become a good
basis in further development of automated pavement infrastructure analysis. As these
models are continued to be improved and incorporated into actual systems, they can end
up transforming the way pavement maintenance is carried out and eventually help in the

development of safer and sustainable road networks.
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