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Abstract. In any culture, the monuments are significant part of the heritage, the
witnesses of the history that have been existing upto the current era. Since these
monuments are inherited from previous generations, it is essential to preserve
them, which can be done by monitoring the monuments. In the proposed method,
the deep learning technique of convolutional neural networks [CNN] is used to
figure out the reasons that cause the decay of monuments and thereby figuring out
the causes that damage them. Using the CNN technique, 20000 images which are
resized to 256 x 256 data set are used to train and test the Convnet, that has 3 layers
of 32 x 3 layers of filters. The proposed work detects the cracks that are present
in the monuments, that are caused by various factors including weather and aging.
Weather and aging also causes moss and loss of stone. In this work, cracks are
identified using CNN with an accuracy of 97.5%, and histogram distribution is
used to detect the cracks. In the proposed work, the Keras library is used to create
the convolutional neural networks.
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1 Introduction

Every facet of culture is vital to a nation’s development. Every culture embodies the
aspirations and principles of a country. India is a country with a wide range of cultural
traditions. Every state has its own cultural and ethnic significance. India’s monuments
offer insights into the country’s rich architectural and cultural history. One of the most

notable aspects of Indian monuments is their representation of Indian culture.

Structures are usually designed to hold for a particular period of time. It is assumed
that structures of Monuments can be up to 100 years. They are also a place for attracting
tourists and thus playing a very important role in an economic point of view. Furthermore,
due to the frequent visits around the monuments, severe control and maintenance is

required to preserve these structures.
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The aging of monuments is becoming a serious issue as the maintenance works
keeps on increasing with aging. There are two ways to assess monument deterioration:
destructive and non-destructive. Destructive techniques include X-ray diffraction anal-
ysis, transmitted light, and scanning electron microscopy. Infrared thermography (IRT),
ultrasonic imaging, and digital image processing are techniques that incorporate non-
destructive decay [1]. To lower maintenance costs, it would be beneficial to create a radar
that uses camera images of monuments that would eventually breaks down concrete and
other surfaces, giving us an insight about structural damages. A variety of weathering
factors can lead to structural damage to monuments and weathering deterioration comes
in three kinds: chemical, physical, and biological.

Rock structures collapse due to molecular structure replacements which have been
the consequences of chemical weathering. Biological weathering is the structural dete-
rioration due to plants and animals. Two significant elements that contribute to the
monuments’ deterioration are moss and cracks. Finding cracks and moss by hand is
time-consuming and challenging. Deep learning techniques are hereby used to simplify
and reduce the amount of time required to complete the task. The overview and the
problem statement are explained in Sect. 1. The literature review has been explained
in Sect. 2. The proposed approach along with the existing system has been explained
in Sect. 3 and the corresponding results, comparisons, conclusions and future work has
been explained in Sects. 4, 5 and 6 respectively.

1.1 Overview

In this paper, various Deep Learning techniques has been studied and analyzed. In order to
train a CNN model, images of concrete surfaces or walls of any structures or monuments
have been taken from DSLR cameras with a wide range of images.

1.2 Problem Statement

One of the major problems in crack detection is that the time required to find and analyze
the cracks present in any structure is too long. As lengthy time is required for the process
it is hard to find the decays manually. Also manual analysis may not be accurate. Deep
Learning techniques have been implemented to detect decays swiftly and accurately.
When it comes to crack detection, cost is another important factor. It is expensive to detect
cracks manually. Therefore, we have come up with the solution of detecting crack and
moss automatically using python and deep learning. In crack detection methodologies,
one of the major concerns is that it can detect only small cracks. For example, using
Ultrasonic images it is only possible to detect small cracks. Therefore, there is a need
of an alternative solution to detect different types of damages in a single method and to
provide even better accuracy and result.

2 Literature Survey

Table 1 presents a literature review of various historical structures with different algo-
rithms. In this review different algorithms are discussed, such as the threshold method,
stochastic search, OTSU algorithm, and Convolutional Neural Network.
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Table 1. Literature review of historical structures

S No Title Concept Inference
1 Extending the life span of Uses two level of Reducing the damage and
cultural heritage structures[1] | monitoring (conti- planning the suitable
nuous periodic) interventions on time
2 Automatic crack classification | {jqes DL Accurately detect
and segmentation on masonry . .
] ] Algorithm crack from pixel
surfaces using Convolutional
Neural Networks and transfer level masonry
Learning[2] surface
3 Application of Internet of Uses OTSU algorithm Improve the efficiency of
Things technology and Convol- bridge safety diagnosis and
utional Neural Network model reduced the risk factor.
in bridge crack detection[3]
4 Road crack Uses novel Less noisy pixel
detection using thresholding
deep convolutional method
neural network[4]
5 Genetic Algorithm optimization gt,chastic Mimicking
of a Convolutional Neural .
search Evolutionary
Network for Autonomous crack .
. methods processes found in na-
Detection[5]
ture
6 Crack Identification Via user The usage of alaser | procerves the adverse
Feedback, Convolutional Neural scanner results
effects from wrong
Networks and Laser Scanners feature selection
for Tunnel Infrastructures[6] .
7 Pa\./ement Crack. Detection Using gel?eric Reducing the weights of the
using Convolutional Neural Convolutional Existing CNN network.
Networks[7] Neural Networks
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3 Existing Method

The existing method uses a standard GA architecture to modify the weights of the CNN
to obtain better results. However, the GA won’t guarantee the better result, as long as
every genetic data available is provided and applied to this method. In addition to this
they used numerous input arrays for the CNN architecture [8—12]. They also came with
an idea of making use of separate convolutional kernels, which are weight matrices in-
order to implement the row and column convolution functioning separately. By using
this method, it will reduce the angles of freedom in every layer and simultaneously speed
the implementation of layers. Figure 1 illustrates the architecture of CNN, which has
multiple neurons in the convolution and intermediate layers [13].

Fully

Convolution Connected

Poolin
Input .-

\ JAN
Y

Feature Extraction Classification

Fig. 1. Architecture of CNN with multiple neurons in the convolution and intermediate layer.

Aurtificial neural networks (ANNSs) are used to train the filters here. The main advan-
tage of this method is to use the natural feature of the images. Therefore, the spatially
connected neuron activations are simulating a 2D convolution of the considered images
[5, 14-16].

The weights of the CNN are trained with the standard GA process. The standard
process undergoes some standard evolution processes such as Population Initialization,
Fitness Evaluation, Selection, Crossover, Mutation and Creep. To evaluate the images
they are hand- coded with “crack” or “no crack” data. The crack area is noted as black
(value - 0), and non-crack as white (value - 255). Ramani et al. developed a deep learning
model to classify the decay of monuments [18-21].

3.1 Challenges and Analysis

e The first challenge is to create an CNN network model that has less number of weights
associated with it.

e The number of fully connected layers must be in the right amount for the perfect
image feature detection.
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As we discussed in the previous section CNN is the best architecture for automatic
feature detection. However, feature fusion plays an additional role in overall performance
to obtain even better results. To solve this problem, we came with a solution to classify
patches that has cracks based on training square image patches with ground truth facts.
For our basic information, we declared crack and non-crack as positive and negative
patches respectively.

3.2 Convolutional Neural Network Architecture

In our Convnet architecture there are convolutional layer, max-polling layer and fully-
connected layer. The convolutional network is contemplated as ordered feature extractor,
that separates different particular levels of features and considers pixel of crack images
into a feature vector.

Each and every, convolutional filter elements are trained from the given data. These
filter elements learn from the labeled set of images. To collect features from the adjacent
pixels, convnet undergoes max-polling architecture. By using these type of operation,
convolutional network learns features which are spatially invariant. Eventually, classi-
fication is done using fully connected layers. Due to a common problem for underlying
crack or non-crack images, a soft max layer is issued in order to calculate the probability
of every input class.

Data Preparation

We used a data set more than 10 thousand images of size 256 x 256 which was collected
using a DSLR camera. Each image is commented by numerous annotators. We manually
allocated crack and non-crack images in it. By training the CNN using the said dataset
the work done will be much easier and finally to get the region of interest with better
accuracy we randomly choose an image from the dataset.

Convolutional Neural Network Training

A random selection method is used to select images from the testing labels and create
a dataset of tests, which is then fed into the neural network with the goal of having a
difference in the training data set of the images. As the dropout method is also used
to minimize the over-fitting of images in there to adaptation on the data in connected
layers. In speeding up the process Relu layer is used as the activation function which
is proven productive than any other tangent functions. The network is trained using the
SGD method along with a batch size of 30 and weight decay 0.0005. With epoch of 25
iterations.

TP +1TN

Accuracy = (1)
TP+ FP +TN + FN

The true positive rate is number of image sample correctly predicted divided by the
total number of samples. It is given by
TP

True Positive Rate = —— 2)
FN 4+ TP
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The true negative rate is number of images predicted incorrectly (negative) divided

by total images that are actually negative.
. TN
True Negative Rate = — 3)
IN + FP

Number of images predicted correctly (negative) divide by Total images that are
actually negative.

TP stands for ““true positive.”” TN: Average Negative False Positive (FP).

3.3 Basic Design with Diagram

IMAGE ACQUISITION IMAGE ACQUISITION
PREPROCESSING PREPROCESSING
TRAINING BLOCK TESTING BLOCK

| CNN CLASSIFIER |

|

| CRACK DETECTION |

Fig. 2. The proposed architecture for crack detection.

This block diagram depicts the proposed CNN model for detecting the cracks which
are present in the monuments. In Fig. 2, the proposed architecture model for crack
detection is shown. Using high resolution camera, the images are taken and sent to
the proposed model as inputs. These images have been collected from few of the old
monuments and have also been collected from other built structures in Tamil Nadu.
There are two sections in this model. The first section is training and the second section
is the testing which is illustrated in the block diagram given below. In the pre- processing
stage, the noise present in the images has been removed and then the images have been
resized according to the requirements. The technique of image preprocessing involves
noise reduction, and image sizing reduction to 256 by 256 pixels, and the clarity of
the image is improved by the contrast enhancement method. After pre-processing, the
images are then sent to the CNN model for analyzing and extracting features. A CNN
layer consists of 13 convolutional layer, three fully connected and five pooling layer.
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The size of the convolutional kernel with 3 x 3 and the pooling layer size is 2 x 2. Each
layer uses Relu activation function and the convolution layer contain 32 kernels, each
at 256 * 256 pixels. Feature extraction from the images have been done with different
types of layers. Finally, in the predicting stage the outcome would be “whether a crack
is present or not”. Figures 3 and 4 present the image prediction and classification report.

True Label: crack
predicted: no_crack predicted: no_crack predicted: no_crack predicted: no_crack predicted: no_crack
prob: 985 prob: 618 prob: 934 prob: 86.1 prob: 9819

e

pfedl:tzd no crack mmmu o crack pfedlct!d o crack predlded o crack predlcted o crack

Fig. 3. Prediction of each analyzed images from the CNN model describing crack or no crack

Classification Report
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CV Accuracy: 99.6%

10 4 98%.

09 4
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accuracy

0.7 1

0.6 1

05

Crack No Crack
Class Distributions

0.5 1

0.4 1

0.3 1

pct of dataset

0.2 1

01 1

0.0 -

Crack No Crack

Fig. 4. The classification report of the predicted and actual value
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4 Results

The comparison results of different methods, such as SVM, boosting, generic, and con-
volutional neural networks, with performance metrics are discussed. The histogram of
crack images with severity is explained in the assessment section.

4.1 Comparison Table

The precision and accuracy of different classifiers with the proposed method is given in
Tables 2 and 3. The proposed method gives better precision than the existing method.

Table 2. Comparison of different classifier with proposed method

SI.NO METHODS Precision
1 SVM Method 0.8112
2 Boosting Method 0.736
3 Genetic Method 0.92
4 Conv 0.975

Net

Table 3. Accuracy of proposed method with different epochs

EPOCH ACCURACY VALUE ACCURACY VALUE LOSS
1 0.859 0.979 0.058
2 0.985 0.979 0.0759
3 0.986 0.989 0.0345

4 0.9922 0.986 0.058
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4.2 Output

Figures 5, 6, 7, 8 9 display the classifier’s and predicted crack images, performance
metrics for accuracy and loss, the Region of Interest, the calibrated model, and proba-
bility threshold model. The histogram distribution of crack images is explained in the

assessment section.
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false negatives

Fig. 7. ROI (Region of Interest)
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4.3 Assessment

The above figure depicts three set of images which are non- crack, moderate crack and
severe crack. The original image is at first and then followed by its grey scale image as it
helps on making the computational function easier. The crack intensities are highlighted
with the contour function here. The histogram mapping of the images which shows peak
at center for the non-crack image, a bit of slit dip and then raise in graph towards the left
side for moderate crack and full raise on the left side for sever crack has been shown in
Fig. 10. Figure 11 displays the input gray color image,while Fig. 12 shows the contour

of the crack image.

Fig (a) original image (b) Grey Scale image (c)Contour image (d)Histogram

A

Fig (a) original image (b) Grey Scale image (c)Contour image (d)Histogram
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Fig (a) original image (b) Grey Scale image (c)Contour image (d)Histogram

Fig. 10. Histogram distribution of crack images

Table 4 describes the comparison of different crack detection methods with the
proposed method using Deep Learning techniques. The different techniques for the
detection of cracks such as Convolutional Neural Networks, Supervised approach with
CNN was used in all existing method and which produces classification accuracy rate is
less than 97% with that of the proposed method.
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Fig. 11. Input gray color image

50
Fig. 12. Highlighting crack using CONTOUR Function
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Table 4. Comparison between different crack detection image processing and Deep Learning

algorithms
Existing Techniques used Accuracy
Krisada Chaiyasarn CNN and SVM [21] 85.9%
et al. (2018)
Manjurul Islam DCCN using FCN(Fully Convolutional Neural Networks | 92%
et al. (2019) [22]
Aslam Y et al. (2020) | Supervised approach with CNN [23] 93%
Proposed Method Proposed CNN 97.5%
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5 Conclusion

The demonstrated deep learning technique acts as an automated crack detection on the
surfaces of the monuments using the convolutional neural network in which the images
have been separated into a separated data set randomly to create the test data and so does
eliminating the adaptability and monotonous images. The Convolutional neural network
has been created and the cracks has been detected with almost around an accuracy of
97.5% When compared with other methods for crack detection technique having SVM
method with 81.2%, Boosting method with 73% and Generic Method 92%. The proposed
technique uses the histogram distribution to identify cracks. The most precise approach
is the Convnet method.

6 Future Work

A pre-trained CNN model will help in the development of an automatic damage detection
model for large and larger structures or monuments (i.e., bridge, buildings, ancient
structures etc.) where larger images can be collected using drones, as this equipment can
increase the productivity of image capturing process. The developed CNN model will
work with large data sets. So, it is expected that the algorithm will be useful for experts
in structural analysis team with damage evaluation by increasing efficiency and saving
time, cost.

References

1. Clemente, P.: Extending the life-span of cultural heritage structures. J. Civ. Struct. Heal.
Monit. 8, 171-179 (2018)

2. Dais, D., Bal, LE., Smyrou, E., Sarhosis, V.: Automatic crack classification and segmenta-
tion on masonry surfaces using convolutional neural networks and transfer learning. Autom.
Constr. 125, 103606 (2021)

3. Zhang, L., Zhou, G., Han, Y., Lin, H., Wu, Y.: Application of internet of things technology and
convolutional neural network model in bridge crack detection. IEEE Access 6, 39442-39451
(2018)

4. Zhang, L., Yang, F., Zhang, Y.D., Zhu, Y.J.: Road crack detection using deep convolu-
tional neural network. In: 2016 IEEE International Conference on Image Processing (ICIP),
pp- 3708—3712 (2016)

5. Oullette, R., Browne, M., Hirasawa, K.: Genetic algorithm optimization of a convolutional
neural network for autonomous crack detection. In: Proceedings of the 2004 Congress on
Evolutionary Computation (IEEE Cat. No. 04TH8753), vol. 1, pp. 516—521 (2004)

6. Protopapadakis, E., Makantasis, K., Kopsiaftis, G., Doulamis, N., Amditis, A.: Crack iden-
tification via user feedback. convolutional neural networks and laser scanners for tunnel
infrastructures. In: VISIGRAPP (4: VISAPP), pp. 725—734 (2016)

7. Nguyen, N.T.H., Le, T.H., Perry, S., Nguyen, T.T.: Pavement crack detection using convo-
lutional neural network. In: Proceedings of the 9th International Symposium on Information
and Communication Technology, pp. 251—-256 (2018)

8. Cho, S., Kim, B., Kim, G.: Application of deep learning-based crack assessment technique
to civil structures. In: SMAR 2019-Fifth Conference on Smart Monitoring Assessment and
Rehabilitation of Civil Structures (2019)



10.

11.

12.

13.

15.

16.

19.

20.

21.

22.

23.

Assessment of the Decay of Monuments Using Deep Learning and CNN 363

. Cha, YJ., Choi, W., Biiyiikoztiirk, O.: Deep learning based crack damage detection using

convolutional neural networks. Comput.-Aid. Civ. Infrastruct. Eng. 32(5), 361-378 (2017)
Liu, Z., Cao, Y., Wang, Y., Wang, W.: Computer vision- based concrete crack detection using
u-net fully convolutional networks. Autom. Constr. 104, 129-139 (2019)

Flah, M., Suleiman, A.R., Nehdi, M.L.: Classification and quantification of cracks in concrete
structures using deep learning image-based techniques. Cement Concr. Compos. 114, 103781
(2020)

Alam, S.Y., Loukili, A., Grondin, F., Roziere, E.: Use of the digital image correlation and
acoustic emission technique to study the effect of structural size on cracking of reinforced
concrete. Eng. Fract. Mech. 143, 17-31 (2015)

Basic CNN Architecture Homepage. https://www.upgrad.com/blog/basic-cnn-architecture/.
Accessed 28 Jul 2022

. Soni, A.N.: Crack detection in buildings using convolutional neural network. J. Innov. Dev.

Pharm. Tech. Sci. 2(6), 54-59 (2019)

Fan, Z., Wu, Y., Lu, J., Li, W.: Automatic pavement crack detection based on structured
prediction with the convolutional neural network. arXiv preprint arXiv:1802.02208 (2018)
Yokoyama, S., Matsumoto, T.: Development of an automatic detector of cracks in concrete
using machine learning. Procedia Eng. 171, 1250-1255 (2017)

. Perumal, R., Venkatachalam, S.B.: Non invasive detection of moss and crack in monuments

using image processing techniques. J. Ambient. Intell. Humaniz. Comput. 12, 5277-5285
(2021)

. Perumal, R., Venkatachalam, S.B.: Non invasive decay analysis of monument using deep

learning techniques. Traitement du Signal 40(2) (2023)

Ramani, P., Subbiah Bharathi, V., Sugumaran, S.: Non destructive analysis of crack using
image processing, ultrasonic and IRT: a critical review and analysis. In: Gupta, N., Pareek,
P, Reis, M. (eds.) Cognitive Computing and Cyber Physical Systems. IC4S 2022. Lecture
Notes of the Institute for Computer Sciences, Social Informatics and Telecommunications
Engineering, vol. 472, pp. 144—155. Springer, Cham (2022). https://doi.org/10.1007/978-3-
031-28975-0_12

Ramani, P, Lekhana, G., Aruna, A., Vijay Kumar, B.: Smart parking system based on optical
character recognition. In: AIP Conference Proceedings, AIP Publishing, vol. 2405, no. 1
(2022)

Chaiyasarn, K., Sharma, M., Ali, L., Khan, W., Poovarodom, N.: Crack detection in historical
structures based on convolutional neural network. Int. J. Geomate 15(51), 240-251 (2018)
Islam, M., Kim, J.M.: Vision-based autonomous crack detection of concrete structures using
a fully convolutional encoder—decoder network. Sensors 19(19), 4251 (2019)

Aslam, Y., Santhi, N., Ramasamy, N., Ramar, K.: Localization and segmentation of metal
cracks using deep learning. J. Ambient Intell. Humanized Comput. 1-9 (2020)


https://www.upgrad.com/blog/basic-cnn-architecture/
http://arxiv.org/abs/1802.02208
https://doi.org/10.1007/978-3-031-28975-0_12

