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Abstract—Road crack detection and road damage assessment are
necessary to support driving safety in a route network. Several
unexpected incidents (e.g. road accidents) take place all over
the world due to unhealthy road infrastructure. This paper
proposes a deep learning approach for road crack detection and
road damage assessment which will contribute to the transport
sector of a country like Bangladesh where a plethora of roads
undergo the crack problem. The proposed model consists of
two phases. In the first phase, the model is trained using
transfer learning (VGG16) to detect the existence of crack on
the road surface. In the second phase, an integrated framework,
combining CNN(VGG16) and RNN(LSTM), is trained to classify
the crack in one of the two categories-severe and slight. After
experiments, the validation accuracies obtained by the proposed
models (VGG16 and VGG16-LSTM) are respectively 99.67% and
97.66%.

Keywords—Vgg16, integrated framework, validation accuracy,
road crack detection, damage assessment.

I. INTRODUCTION

Instant Road crack detection with the level of damage as-
sessment allows the experts to take necessary primary steps
immediately. Although this task is not trouble-free due to
background complexity, variance in intensity and so on. Image
processing literally paves the way to overcome this obstacle
by applying some of its function. It allows experts to minimize
the background complexity and get the model to focus on the
point of interest.

VGG16 is a pre-trained model which is trained on ImageNet
dataset, a dataset consists of more than 14 million images
distributed to 1000 classes [1]. VGG16 is a representer of
transfer learning concept which refers to the use of learned
weights which are gained by solving one problem to another
similar one in order to reduce training time. Recently, transfer
learning concept is being applied in many image classification
task because of its flexibility and simplicity. In the context of

road crack, VGG16 delivers more effective result than other
pre-trained models like ResNet-50, InceptionV3 [2].

Convolutional Neural Network is effective in image classifica-
tion as it extracts features of the image in the convolution layer
automatically [3] [4] [5]. Recently, CNN-RNN framework is
being used enormously since, in several cases, it delivers much
better outcomes in term of model accuracy and performance
than traditional CNN [6].
LSTM (Long –Short time memory) overcomes the limitations
of traditional RNN as it can not handle backprop and vanishing
gradient problem which LSTM is capable of by introducing
input and forget gates. It allows LSTM to get control over the
gradient flow [7].

II. RELATED WORKS

In [8] the performance between traditional edge detection
mechanism such as Gaussian Laplacian canny operator and
wavelet transform method was compared. Wavelet transform
method outplayed the other one in terms of the sensitivity to
noise.

Deep fully conventional network on crack images was applied
in [2]. A comparison among several pre-trained models such
as VGG16, Inception3 and ResNet-50 in case of road crack
detection has been made. VGG16 achieves higher accuracy
over other methods.

In [9], a model which can classify images into crack or non-
crack categories has been proposed. The model is trained using
supervised deep convolutional neural network and gets higher
F1 score than SVM and Boosting which is 0.8965.

In [10] a deep convolutional neural network is trained to
identify whether or not a road image contains crack. If the
result is positive, an adaptive thresholding method is applied
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in order to extract the crack. The classification accuracy in
this research is 99.92%.

In [11] A deep convolutional encoder-decoder network ap-
proach to detect road crack has been proposed. The encoder
consists of convolution layers of the residual network for
extracting crack feature. The decoder includes deconvolutional
layers for localizing the crack.

The mentioned research works are mainly focused on only
road crack detection. If a model can be built that can asses
the damage level along with the detection, that will benefit to
make decisions related to transport health monitoring.

III. METHODOLOGY

In this research, the methodology of road crack detection and
damage level assessment is divided into two phases. Before
describing the two phases, the overall system flow chart would
provide a brief idea of how road crack detection and crack
assessment going to be carried out-
The event flow chart of this system is illustrated in fig. 1.
Following the system flow chat, at the very beginning, the

Fig. 1. System Flow Chart

dataset collected from various sources are preprocessed to
get rid of background complexity, low contrast and intensity
fluctuations. Then the preprocessed image is fed into the pre-
trained model and get the output whether or not the road
image contains any crack. If any crack detected, the image
is delivered to an integrated framework to identify the class
of the image which is either slight (3-4.5mm) or severe (10-
12mm).

A. Single Framework Phase:

In order to determine the existence of crack, a pre-trained
model is utilized. As the pre-trained model for this re-
search, researchers have chosen vgg16 because of its better
performance compared to the other pre-trained models like
ResNet50, InceptionV3 in the context of road crack detection
[2]. For the betterment of efficient road crack detection,
some layers of the traditional vgg16 model are replaced. This
customized vgg16 model classifies an image into either crack
or non-crack class.

B. Integrated Framework Phase:

To classify a crack image in order to assess the level of
damage, an integrated framework is proposed. The researcher
propose to combine the pre-trained model (vgg16) and a
recurrent neural network to determine the damage type. As

TABLE I
CUSTOMIZED VGG16 ARCHITECTURE

Model Content Details

1st, 2nd Convolution Layer 64 filters of size 3x3, ReLU,
input size 224x224

First Max Pooling Layer Pooling Size 2x2
3rd, 4th Convolution Layer 128 filters of size 3x3, ReLU
Second Max Pooling Layer Pooling size 2x2
5th, 6th, 7th Convolution Layer 256 filters of size 3x3, ReLU
Third Max Pooling Layer Pooling size 2x2
8th, 9th, 10th Convolution Layer 512 filters of size 3x3, ReLU
Fourth Max Pooling Layer Pooling size 2x2
11th, 12th, 13th Convolution Layer 512 filters of size 3x3, ReLU
Fifth Max Pooling Layer Pooling size 2x2
First Fully Connected Layer 750 nodes, ReLU
Dropout Layer Excludes 50% neurons randomly
Second Fully Connected Layer 850 nodes, ReLU
Dropout Layer Excludes 50% neurons randomly
Third Fully Connected Layer 850 nodes, ReLU
Dropout Layer Excludes 50% neurons randomly
Forth Fully Connected Layer 750 nodes, ReLU
Dropout Layer Excludes 50% neurons randomly
Output Layer 2 nodes for 2 classes, SoftMax
Optimization Function AdaBound
Learning Rate 0.001

the recurrent neural network part, long short-term memory
is chosen as it has solved the limitations of other existing
recurrent neural network and it provides better performance in
image classification task [7]. To describe how the two models
are organized to form an integrated framework, it can be said
that the hidden layers of the vgg16 model are replaced by the
lstm layer. Basically, the CNN part of this CNN-RNN model
is used to extract the features of an image and passes those
features to the RNN part to compute.

IV. SYSTEM ARCHITECTURE

A. VGG16 architecture for crack or non-crack classification:

The researchers keep the convolution layer part of the vgg16
model remain same. In order to improve the model efficiency,
a change in hidden layers is brought about. The default
two hidden layers are replaced by Four new hidden layers
containing 750, 850, 850, 750 nodes respectively. In between
every two hidden layers, a dropout layer is introduced which
value is fixed to 0.50. Dropout layer randomly deactivates
50% of the nodes to avoid overfitting [12]. Table I depicts
the custom vgg16 architecture of the proposed model.

B. VGG16-LSTM architecture for Slight-Severe Classification:

In vgg16-lstm architecture, the hidden layers of the regular
vgg16 model are replaced with lstm layer. This lstm layer
contains 128 nodes and 50% of the nodes are randomly
deactivated to avoid overfitting. ”Relu” activation layer is
applied in this layer. The output layer remains same in both
models which contain two nodes. the activation function of the
output layer is ”Softmax”. Table II illustrates the integrated
vgg16-lstm architecture of the proposed model.



TABLE II
VGG16-LSTM ARCHITECTURE

Model Content Details

1st, 2nd Convolution Layer 64 filters of size 3x3, ReLU,
input size 99x99

First Max Pooling Layer Pooling Size 2x2
3rd, 4th Convolution Layer 128 filters of size 3x3, ReLU
Second Max Pooling Layer Pooling size 2x2
5th, 6th, 7th Convolution Layer 256 filters of size 3x3, ReLU
Third Max Pooling Layer Pooling size 2x2
8th, 9th, 10th Convolution Layer 512 filters of size 3x3, ReLU
Fourth Max Pooling Layer Pooling size 2x2
11th, 12th, 13th Convolution Layer 512 filters of size 3x3, ReLU
Fifth Max Pooling Layer Pooling size 2x2
Reshape Layer N/A
RNN Layer (Lstm) 128 nodes, 50% dropout
Output Layer 2 nodes for 2 classes, SoftMax
Optimization Function AdaBound
Learning Rate 0.001

Callback EarlyStopping,ReduceLROnPlateau,
ModelCheckpoint,TensorBoard

V. DATA COLLECTION AND PREPROCESSING

Since a data-driven approach is chosen to detect road crack,
the performance of the system is proportional to the number of
standard datasets. Since research on road crack detection has
been being conducted in recent years, there are an adequate
amount of data are available over the internet. The dataset
used in this research are collected from different sources which
avoid the model from being bias to any particular dataset. The
source datasets are given below-

• Concrete Crack images for classification contain a
total of 4000 images crack and non-crack road images
combined. Each class consists of 20000 images [13].

• SDNET2018 which includes 56000 images of cracked
and non-cracked concrete [14].

• CrackForest dataset depicts the surface condition of urban
roads [15] [16].

Dataset samples of the model are shown in fig 2.
In terms of data preprocessing, the research works conducted

in this topic applied various edge detection filter, for example,
canny edge detection. To benefit the learning process, new data
processing approach has been introduced. The dataset used
in this research are RGB image dataset and the pixel values
of each image have been subtracted from 255. It is clear to
fig 3 that the background and the area of interest are easily
differentiable. So, it paves the way to learn efficiently as well
as comfortable for the model.

VI. EXPERIMENT

To do experiment with customized vgg16, 3000 images (1500
images per class) is fed into the framework. Each input image
has a dimension of 224x224 and the number of channels for
each pixel is 3. During the learning process, as optimization

Fig. 2. Dataset Samples

Fig. 3. Before and after data preprocessing

function AdaBound (learning rate set to .001) is applied [17].
The reason is that it is developed combining the good sides of
two optimizer- Stochastic Gradient Descent and Adam. Hence
it is said that AdaBound is an optimizer which is fast as Adam
and good as SGD. The proposed model takes 2 epochs to
complete training and each epoch requires around 29s That
means the overall training time is only 58s. On the other
hand, into the vgg16-lstm architecture, a total of 2456 images
(each class consists of 1228 images and each image has 99x99
where channel number for each pixel is 3) are fed for training
purpose. As same as earlier framework, Adabound optimizer
is selected and the model takes only 6 epochs to complete the
learning process. EarlyStopping, ReduceLROnPlateau, Mod-
elCheckpoint are included as callbacks [18]. The proposed
framework costs 130s. for training where each epoch takes
around 22s. During learning process, 80% of the images have
been selected for model training and the remaining 20% is for
system validation.
For more experiment, splitting ratio was changed in a more
challenging way to test the performance of the proposed
model. 65% of the dataset was selected for training purpose
and the remaining 35% was chosen for testing so that it could
be verified if the model performs well with larger dataset.

VII. SYSTEM IMPLEMENTATION

The system codes are run on Google Colaboratory. Google co-
lab is a platform where anyone can run machine learning code
on cloud server without worrying about downloading pack-
ages, dependencies [19]. As it offers the facility of running
codes with GPU which is Nvidia Tesla K80, the training time
is way more faster than the training for CPU. The libraries that
are required for implementation purpose are Tensorflow, Keras,



numpy, OpenCV and matplotlib [20]. Tensorflow is used as
system backend whereas keras helps the system by providing
built-in functions like activation functions, optimizers, layers
and so on. OpenCV is mainly used for image preprocessing
[21]. Matplotlib is used to generate confusion matrix. To host

Fig. 4. Real Time Validation

the model on a server, the Flask library of python is utilized.
The frontend is implemented via HTML, CSS, JavaScript
and as server localhost:5000 is chosen. It allows a user to
choose a crack image from the local machine to upload on the
server. After clicking on ”Predict” button, the user can see the
classification result on the screen. Some sample screenshots
of the graphical user interface are given in fig 4.
From fig 4, it is noticeable that the proposed model performs
well in term of recognizing unseen images. From the models
perspective, whenever the model gets an input image from the
user, it does some image preprocessing like subtract each pixel
value from 255. That means the input image is preprocessed
such a way based on which the proposed model has been
trained. As a result, it is much easier for the model to predict
correctly.

VIII. RESULT AND DISCUSSION

A. Single Framework Phase (vgg16):

As vgg16 is a pre-trained model, it requires less training
epochs compare to the regular CNN which is built from
scratch. A pre-trained model demands less training because
it is already familiar with the features or properties of an
image. For road crack images, the customized vgg16 model
of this research has been successful to achieve the validation
accuracy of 99.67% after only 2 epochs. It can be observed
from the confusion matrix which is shown in fig 7 that out of
600 images the number of true positive is 291 and true negative
is 307. That means the proposed model can classify a total of
598 images against 600 images. The values of F1 score, recall
and precision are all the same which is 0.9967. However, it
should be mentioned that all of these results are calculated
under 80:20 train and test splitting ratio. Therefore, to check
the robustness and performance of the proposed model, the
dataset is divided into 65:35 splitting ratio and observed the
model’s validation accuracy. The proposed model performs
firmly with larger test data as it obtains 98.57% validation

Fig. 5. Validation accuracy graph

Fig. 6. Validation loss graph

Fig. 7. Confusion Matrix

accuracy. Though it is slightly lower than the previous output,
it is fair because the size of the test data is larger this time



than the previous.

B. Integrated Framework (VGG16-LSTM):

Similar to the first phase, due to the pre-trained model part
(vgg16) of the integrated framework costs a few numbers of
training epochs. In this case, to reach the validation accuracy
of 97.66% vgg16-lstm model requires only 6 epochs. To

Fig. 8. Validation accuracy graph

Fig. 9. Validation loss graph

depict the model performance in term of prediction capability,
a confusion matrix is represented in fig. 10. It can be observed
that the proposed model can predict correctly 480 images out
of 492 images. The values of F1 score, recall, precision of
the model are 0.976, 0.977 and 0.975 respectively. In Fig 5
and Fig 8, x-axis refers to the number of training epochs
whereas y-axis indicates overall recognition rate. It can be
seen that the validation accuracy line is higher than the line of
training accuracy. This is because of the use of dropout while
training the model where 50% of the features are set to zero.
However, in the case of validation, all the features are used
in classification. As earlier mentioned, dropout has been used
to get rid of overfitting. Moreover, in fig 8, after 3 epochs the
validation accuracy fall. Then the reduction of learning rate

Fig. 10. Confusion Matrix

helps model’s validation accuracy to swell up immediately.
Just like the first phase, larger test data is applied to evaluate
the model performance by changing the splitting ratio to 65:35.
Still, the validation accuracy reaches 96.34% which shows the
robustness of the model even with the larger test data.

IX. CONCLUSION AND FUTURE WORK

In this research, the core objective is to develop a system
which not only can detect the road crack on the surface but
also delivers information about the severity of the crack. As the
integration of deep convolutional neural network and recurrent
neural network, especially long short-term memory, has been
proven to perform well in image classification, we come up
with the idea to apply this method in road crack assessment.
Moreover, the Graphical User interface offers a user to ex-
perience the real-time implementation of road crack detection
and damage assessment. However, Researchers are planning to
add more classes in terms of damage assessment, for example,
moderate. Along with this, researchers have the intention to
extend this research work such a way that would benefit the
user more such as detecting and assessing the road crack from
video. In addition, by applying sophisticated methodology like
Belief Rule Based Expert system, it is possible to deliver
overall road damage assessment considering the fact of various
uncertainties [22] [23] [24] [25]. BRB expert system uses
belief rule base for representing uncertain knowledge, and
Evidential Reasoning (ER) works as an inference engine
to manage both uncertain and heterogeneous data [26] [27]
[28] [29] [30]. Transport sector of Bangladesh requires more
improvement in terms of transport-health monitoring. In this
context, the proposed model would deliver a great contribution.
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