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ABSTRACT

Detecting defects in road pavement is a highly practical problem and of great research
interest in the field of computer vision. In recent years, Deep Learning has made many im-
portant breakthroughs in object detection and recognition. In this paper, we apply a Deep
Learning method using VGG16 and R-CNN Region Convolution Neural Network architec-
tures trained on the individual HL88 dataset. The performance of the network is evaluated
on the Portuguese and Russia datasets to detect crack types. The Russia dataset pro-
vides the best results for the R-CNN architecture using weights trained on a large dataset
of sidewalk defects, achieving an accuracy of 96.5% and an F1 score of 97.9% in the test
set.

Keywords: artificial intelligently, deep learning, road pavement defects, VGG -16, R-CNN,
pre-train weight.

Mathematics Subject Classification: 68U10, 68T45.
Computing Classification System: 10010147.10010257, 10010147.10010178,
10010147.10010371.10010382.10010383,
10010147.10010178.10010224.10010245.10010247, 10010520.10010521.10010542.10010294.

1 Introduction

Currently, artificial intelligence applications are being deployed around the world to simplify
work, reduce labor costs, and improve the ability for people and machines to interact and com-
municate. This has proven to be very useful in human life, such as object recognition and
human behavior identification. One of the most important recent research trends is the auto-
matic detection of road pavement defects by machines. In daily life, people’s road safety is
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greatly affected by accidents or vehicle breakdowns due to road damage. Monitoring and up-
dating the condition of roads is important and practical for engineers and construction workers.
In research communities such as computer vision and computer science, scientists have con-
ducted extensive research to enable computers to remotely monitor and detect pavement de-
fects. This helps people plan for assessment and repair as quickly as possible. However,
there are always many challenges associated with detecting pavement defects. In addition to
objective factors such as weather, equipment resolution, and monitoring time, the algorithms
and methods used to build the system are one of the critical factors in the accuracy of defect
detection results.
In this paper, we use the VGG16 (Huong and Long, 2021) and R-CNN (Wei and Yunfei, 2022)
(Yamashkina, Yamashkin and Platonova, 2022) neural network architectures and two datasets
from Portugal and Moscow to train and build a system that automatically detects two types of
defects: longitudinal cracks and alligator cracks. Then, the results of the meshes are compared
with the different datasets. This paper is organized as follows: the first part is the introduction,
part 2 is related works, part 3 is the proposed method, part 4 is the comparison of results, and
the last part is the summary.

2 Related works

With the development of artificial intelligent field, many researchers have proposed a variety of
detection methods for concrete pavement crack detection. A stereo vision-based crack width
detection method was proposed to evaluate the crack width of concrete structures surfaces
quantitatively (Baohua and Shijie, 2015). Edge-based is used to build crack detection method,
which used a width map to remove noise and residual noise can be removed by reclassification
of crack regions (Cho, Yoon and Jung, 2018). The concrete pavement under different noises
is processed by genetic algorithm based on genetic programming (GP) and percolation model
(Zhong and Chen, 2019). In (Mir and Sasaki, 2022) presented method can accurately identify
the concrete surface cracks from several types of disturbance characteristics by training the
classification model. Then, in order to improve the efficiency of crack detection, the algorithm
scales the network model horizontally and accesses the convolution layer with the kernel size.
Classification in terms of multiple features is inherently a multidimensional problem. For vi-
sual data acquired using cameras, the raw data contains a large amount of data represented
as pixels. Since the computational cost and memory constraints are directly related to the
number of features, it is not practical to treat each pixel as one feature when using machine
learning classifiers. Therefore, several steps are taken to reduce the dimensionality of the data.
These steps are defined and can be abstracted in common practice as image segmentation
and feature extraction (Laith and Zhang, 2021), (Kramarov, Popov and Dzhariev, 2023). Con-
sequently, the work flow for image classification can be represented as three steps, namely
image segmentation, feature extraction, and feature classification (H. and D., 2021).
Among these steps, image segmentation is used as a tool to perform feature extraction and is
generally perceived as part of the feature extraction step. The image segmentation and fea-
ture extraction steps are often performed using manual or semi-autonomous/adaptive methods
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that require user input. Although there are studies that aim to perform image segmentation and
feature extraction, performing the steps separately leads to an accumulation of errors in clas-
sification (Ferjani and Alsaif, 2022). As a result, either the overall process involves manual
decisions or the process is performed in a series of autonomous algorithms, which cumula-
tively increases the error. In such cases, the obtained framework is often applicable only to
specific cases and loses performance as conditions change. Studies that consider the crack
detection workflow as a series of operations focus on selecting and finding the optimal combi-
nation of methods.
Convolutional neural networks (CNNs) represent a different approach to the fragmentary per-
formance of classification tasks. CNNs perform the feature extraction and classification tasks
in a single frame without the need for image segmentation preprocessing. Therefore, the
case-specific bias due to manual feature extraction decisions and cumulative error accumu-
lation in CNNs is avoided. Deep learning methods based on CNN are used for crack detec-
tion in several publications (Ali and Jassmi, 2021). Two crack datasets without preprocessing
(Amhaz and Chambon, 2016) were used to solve the unbalanced data problem (Wu, Zhao and
Sun, 2021). The training phase uses crack images with labels, and the experiments show that
training the ground truth with sparser crack labels leads to sparser initial cracks. The small
sample size cannot be applied to low spatial resolution images that contain a lot of noise and
artefacts, such as the 2StageCrack dataset. In addition, the method obtained a high F1 score
using an unbalanced training set with twice as many negative samples as positive samples.
CNN-based methods have also been investigated for road damage detection (Rezaie, Achanta
and Godio, 2020). They detect road surface damage using object detection. Object detection
involves finding the position of an object on the image in the form of bounding boxes and
determining which class the object belongs to (Liu, Yao, Lu and Xie, 2019). In object detec-
tion, the damaged parts of the road surface are not accurately segmented. In this work, we
focus on road damage detection in the form of semantic segmentation. The work in (Chun
and Ryu, 2019) proposes a system architecture based on a deep convolutional neural network
(CNN) for road detection and segmentation from aerial images. These images are captured
by an unmanned aerial vehicle implemented by the authors. The CNN was designed using
MatConvNet and has the following structure: four convolutional layers, four pooling layers, one
ReLu layer, one fully linked layer, and one softmax layer. The approach can lead to a high. To
improve the robustness of unstructured road detection, a new algorithm is proposed in (Liu,
Xu and Hu, 2022). The work (Eduardo, Margarita and Jose, 2018) presented an implementa-
tion of short-time Fourier transform (STFT) in feature extraction and artificial neural networks
(ANN) in classification for acoustic fingerprint recognition used in ship identification. The ex-
perimental results show that the proposed acoustic fingerprint based ship detection system
is accurate and robust to signal variations such as noise, speed and position changes. The
algorithm EMODS (Evolutionary Metaheuristic of Deterministic Swapping) was introduced by
the authors in the work (Jonathan, Carlos and Luis, 2018) at the level of its mutation stage to
train algorithms for each problem. The application of the method in the neural networks will
generate sets of networks with optimal weights for a given problem. Training a neural network
consists of estimating the parameters of the neural network by minimizing a cost function. In
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this paper (Miguel, 2022), the authors offer an alternative in the context of costing in normalized
spaces. The Frechet derivation and generalizations of the chain rule and the Leibniz formula
were used. Backpropagation for the gradient of an arbitrary cost function results from a sim-
ple application of the chain rule. RanSac is used to different image regions, and the features
are automatically extracted using convolutional neural network (CNN), and the corresponding
Gaussian mixture models (GMMs) are constructed based on Orchard-Bouman, and then the
Gibbs energy function is used to achieve the road recognition in subsequent images. Mathe-
matical optimization and the theory of operations research form the core of the modern theory
of artificial intelligence and machine learning (Denis, Igor and Dong, 2021).
In the paper (Deeksha and Hiroya, 2021), several Convolutional Neural Network (CNN) algo-
rithms were used to classify road damage, and it was determined which algorithm performs
better in detecting and classifying road damage. The damages are classified into three cat-
egories: Pothole, Crack and Exposure. deep education in the field of computer vision has
achieved remarkable results and shown great effectiveness in many research areas. In (Sadia
and Khan, 2020), evolutionary neural network algorithms for road damage detection and SVM
for object classification are proposed. In previous work on road damage detection using image
processing, various algorithms have been used. Here, R-CNN and faster R-CNN are used for
this work to compare which algorithm is more suitable for road damage detection.

3 Methodology

The main method in this article is the use of the pre-trained model VGG16 and R-CNN (fig. 1).
This method is also known as transfer learning. These are models that have been previously
trained on a large dataset using state-of-the-art methods, which reduces the training effort from
scratch. The problem is given an image X with an input of 128 × 128. The images can come
from still or moving images from the camera and are then normalized before being included
in the model. The output of the model consists of 2 types of defects: longitudinal crack and
alligator crack. After training, real-time experiments are performed. Images from the video are
used as input to the model.

Figure 1: Data-flow of proposed method based on VGG-16 and R-CNN to detection pavement
defects.
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3.1 Architecture of VGG 16 and R-CNN for pavement defects detection system

The two models VGG16 and R-CNN were both trained on the dataset HL-88, with the input
and output of both modified to match the output of the problem. After the feature extractor, the
networks are fed into the classifier. Then it goes through the softmax activation layer to output
the probability distribution of the labels.
VGG16’s network architecture includes 17 layers: of which 13 Convolutional layers all have 3×3

kernels and 4 Fully connected layers are added to suit the problem. In VGG16, convolutional
blocks appear, which is an architecture consisting of a set of similar repeating convolutional
layers and is widely applied to later architectures. VGG16 has also changed the order of
blocks when arranged into multiple layers convolutional + max pooling instead of alternating
one layer convolutional + max pooling.
The R-CNN network is designed to work with hundreds of layers. A problem with many con-
volutional networks is the phenomenon of gradient vanishing, leading to poor training results.
Therefore, the solution that R-CNN uses is shortcut connections - directly connecting the input
of layer n to layer n+ 1. The architecture of R-CNN includes 3 components. Region proposal
has the effect of creating and extracting proposed regions containing objects surrounded by
bounding boxes. Extracts features to help identify images from proposal regions through deep
convolutional neural networks. Classifier based on the input of the features in the previous
section to classify images contained in the region proposal to the correct label.

3.2 Enhance datasets using Data Augmentation techniques

Data Augmentation is a technique for expanding a data set by creating additional transformed
data from the original data. There are many ways to augment data, such as collecting data
or synthesizing data, but data augmentation is a relatively simple approach and is strongly
supported when using Deep Learning. Data augmentation not only solves the problem of
insufficient data, but also solves problems such as overfitting and helps the model perform
better with a variety of data samples. The data used in this article is quite imbalanced. Figure
2 depict the expected distribution of data on each label of the Train set of the data sets before
image enhancement and after image enhancement.

3.3 Optimize network structure using loss-function and Adam algorithm

Loss function, also known as loss function, represents a relationship between ŷ (the model’s
predicted result) and y (the actual value). The purpose of the loss function is to optimize your
model as best as possible and use it to evaluate the goodness of the model. The closer ŷ is
to y, the better. That is, when we rely on the loss function, we can calculate gradient descent
to optimize the loss function as close to 0 as possible. Categorical crossentropy is the error
function for a multi-class classification model where there are two or more output labels. The
output label is converted to a one-hot encoding vector before applying this function (eq. 3.1):

Loss = −
10∑
i=1

yi ∗ log(ŷi) (3.1)
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Figure 2: Result of distribution label of defect pavement after augmentation process.

Optimizer (optimization algorithm) is the basis for building models with the purpose of learning
the features of input data, from which appropriate weights and biases could found to optimize
the model. A method to optimize the objective function in deep learning, Adam applies differ-
ent learning rates to each parameter based on the parameters β1 and β2. Adam optimizer is
an algorithm that combines the technique of RMS prop and momentum. The algorithm uses
two internal states momentum (m) and squared momentum (v) of the gradient for parame-
ters. After each training batch, the values of m and v are updated using exponential weighted
averaging (eq.3.2):

mt = β1mt−1 + (1− β1) gt; vt = β2vt−1 + (1− β2) g
2
t (3.2)

where β is considered a hyperparameter. The formula for updating θ is as follows (eq. 3.3):

θt = thetat−1 − α
mt√
vt + ε

(3.3)

where α is the learning rate, ε is the value added to prevent division by zero.

4 Analysis Result

4.1 Experimental environment and datasets description

In this research, Google Colab (Colaboratory) is used as a product of google research. Colab
supports Python platform in Notebook form through the browser, very suitable for machine
learning and data analysis tasks. data and deploy deep learning models. In addition, Colab
provides powerful GPUs and TPUs to train models more easily. Currently, there are many
libraries that support model deployment. In this report, Tensorflow is used as the main library
to perform model training on data sets.
A dataset of 5000 images was developed by us. In this work, using smartphone cameras to
collect defect datasets from the streets of Russia and and Porgutal, then the images were
corrected by white balance and contrast transformation. Then the image size is changed to
128 × 128 pixels. After that, the images are assigned with two categories: longitudinal crack
and alligator crack.
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4.2 Evaluate and analyze the result of system

The CNN is used network baseline to bootstrap from scratch to compare more intuitively before
using pre-trained networks. After experimenting many times on the data, the performance of
the two networks VGG16 and R-CNN will be evaluated through a set of tests. The test is
evaluated after the training process ends, after many executions with the data sets that have
given the best results as shown in table 1. In addition, the accuracy for overall model evaluation
is good. Critial F1- Score is used to evaluate the performance of the model because this is
data imbalance.

Table 1: The comparision between CNN, VGG-16, R-CNN for two dataset of accuracy and
F1-Score.

Database Critial CNN VGG-16 R-CNN
RPD Accuracy 94.05 96.24 95.97

F1-Score 0.72 0.89 0.94
PPD Accuracy 93.78 94.67 97.52

F1-Score 0.70 0.92 0.96

It can be seen that VGG16 and R-CNN perform much better than a simple CNN network. For
the Portugal set, the accuracy and F1 score reach the lowest and highest accuracy for the
Moscow set, respectively. When using pre-trained weights on the individual dataset, R-CNN
outperforms VGG-16 on both datasets. R-CNN achieved the highest accuracy on the Portugal
dataset with an F1 score of 96.75%. This shows the importance of using the pre-trained model.
If the image data does not match the data from the pre-trained model, there is a high probability
that the model will converge very poorly for that data set. To get a more general overview of
each data class, the confusion matrix shows how many data points actually belong to that label
(table 2, 3.

Table 2: The confusion matrix of Russian pavement defects dataset.
LC AC

LC 1702 60
AC 135 1105

In the experiments with both the Portugal and Moscow datasets, the results were most ac-
curately predicted for longitudinal cracking on the test set with over 97% accuracy in the two
confusion matrices described in table 2, 3. Through the two tables the confusion matrix of
two identical datasets, but labeled differently, has quite different results, proving that correct
labeling plays an important role in data generation and training of deep learning models.

Table 3: The confusion matrix of Portugal pavement defects dataset.
LC AC

LC 1811 98
AC 120 976
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Comparison between VGG16 and R-CNN using the individual dataset as starting weights on
the Russia and Portugal pavement defects to research how the two models differ. For VGG16,
the label with the highest prediction accuracy is vertical crack with 96.21% accuracy and al-
ligator crack with 94.67% accuracy, as shown infigure 3. For R-CNN, the highest prediction

Figure 3: Result of training and testing using VGG-16 for Russia pavement defect dataset.

accuracy is for longitudinal cracks with an accuracy of 95.97% and the lowest is for alligator
cracks with an accuracy of 97.52% as shown in figure 4.

Figure 4: Result of training and testing using R-CNN for Portugal pavement defect dataset.
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5 Conclusions and future work

In this study, CNN models and VGG16 and R-CNN network architectures were tested on road
pavement defect detection datasets. Here, the comparison of the importance of labeling be-
tween the Portugal and Moscow datasets has a strong effect on model training. The advantage
of using pre-trained models is that the model converges more easily and quickly than a pure
CNN, also the initial weighting is essential for improving model training. It is a very practical
problem that can be applied to many real-world problems, especially in the context of monitor-
ing and scheduling repairs and applying safety warnings when participating in traffic. for the
community. In the near future, we will focus on improving the quality of the model with new
methods such as Attention and use the pytorch library to experiment and compare the results.
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