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Abstract: Pavement cracking is a common road infrastructure issue which significantly affects road
performance, safety and longevity. This article employed a Beamlet Transform algorithm to detect and classify
different types of flexible asphalt concrete pavement cracks. Additionally, a dedicated crack segmentation
network was employed for precise segmentation of pavement crack. This approach incorporates advancements
that has improve precision in crack classification and segmentation. Based on the results of the beamlet
transform, significant improvements in the gray scale representation of crack, enhanced crack detection, reduced
noise in crack images and a more precise measurement of cracks length were achieved. Computations were
performed to determine the length of linear cracks and the area of block cracks. A total of 1000 pavement
images were used for training and testing the accuracy of asphalt pavement crack detection and classification
models. The research results showed that block cracking, alligator cracking, transverse cracking, and
longitudinal cracking can all be recognized with a remarkable accuracy. Alligator cracks and block cracks
achieved detection rates more than 90%, while detection rates for the longitudinal and transverse cracks reached
more than 95% accuracy.

Keywords: Pavement crack detection, Crack classification, Longitudinal crack, Alligator crack, Block crack,
Transverse crack, Beamlet transform.

Introduction

Pavement cracks pose a significant challenge in road maintenance, as they have a profound impact on the
structural integrity, functional performance and lifespan of roads. These cracks, which are frequently a sign of
several pavement problems, can cause structural damage if ignored, highlighting the significance of early
diagnosis and timely repair (Ying & Salari, 2010).

The investigation of enhanced means of crack detection is necessary. Although, the traditional methods for
crack detection have proven to be somewhat effective, they are labor intensive, include lengthy procedures, and
provide limited accuracy (Safaei et al., 2021). In response to this need, recent years have seen a proliferation of
scientific research aimed at leveraging modern technological advancements to achieve accurate and efficient
extraction of crack information from images (Zhang et al., 2017). The valley bottom boundary extraction
methodology (Safaei et al., 2022) and the Prim minimum spanning tree-based crack connection algorithm (Yang
et al., 2022) were the two major methods for identifying pavement cracks that have been described in the
literature. These traditional procedures, which were initially designed for particular databases or scenarios,
might not produce satisfactory results under changing circumstances.

Deep learning algorithms have become more popular in pavement crack identification after the development of
artificial intelligence (Hu et al., 2021). Despite the fact that these methods have significantly improved detection
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accuracy (Zhang et al., 2017), a number of problems still existed. For example, current models were unable to
directly access road conditions due to their reliance on complicated feature extraction techniques and their
limited adaptability to a variety of image sources and road segments (Alayat & Omar, 2023). To overcome these
constraints, the current study offered a novel methodology that combines the deep learning and Beamlet
algorithms for classification of asphalt pavement deterioration. The simultaneous crack detection and
segmentation provided by this approach was a special benefit that boosted the model effectiveness.

The significance of developing complex image processing algorithms for pavement crack assessment becomes
clear in light of the growing issues regarding pavement distresses. This study further explored the earlier work,
such as the application of histogram projection (Zhao & Wang, 2010), the use of moment invariants and neural
networks (Zhao & Wang, 2010), and the use of neural networks for crack detection and classification (Safaei et
al., 2022), adding to the overall understanding of this field.

Beamlet Transform Algorithm

The implementation of the beamlet transform occurs within image sections that are dynamically divided into
squares. Visual representations of images occur within the continuous square [0, 1] 2, in this scenario, pixels are
arranged in a grid of 1/n by 1/n squares throughout the [0, 1] 2 area. The compilation of beamlets constitutes a
diverse range of line segments, encompassing a broad spectrum of orientations, positions, and scales. This
variation is visually portrayed in Figure 1. (Ouyang et al., 2014)

Figure 1. Different in size, location, and orientation, four beamlets

The beamlet transform is characterized as the summation of line integrals calculated across the entirety of the
beamlet set. Consider f (X3, X;) to be perceived as a continuous function within a two-dimensional space, where
X1 and x, denote coordinates (Ouyang et al., 2014). The beamlet transform Tf of the function f is outlined as
follows equation 1:

Ti(b) = fh f(x()dLb € By 1)

Here, Bg represents the total collection of beamlets.
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In the context of digital images, the beamlet transform evaluates the line integral within the discrete domain. As
depicted in Figure 2, the depiction of the beamlet transform for all points along beamlet b is articulated in the
following equation 2 manner: (Ouyang et al., 2014)

f(x, %) = Zi 5, G0, @iy, (K1.%2) (2)

Figure 2. A weighted sum of pixel values along the lines' direction represents the beamlet transform.

Where fil,iz refers to the gray level value of the pixel located at (i, i) and D i, (x4,X5) stands for the
pixel's related weight function. Multiple options are available for the selection of. ‘Dil,iz (%1,X2), and In this

study, the average interpolation function is the one we choose. (Ouyang et al., 2014)

If p(x,,x5) represent [i,/n, (i; + 1)/n] X [i;/n, (i; + 1)/n], choose function @; ;_ fulfill the
equation 3:

[ ey, Gy, =6y, ®
Pixy.x3)

Methods

The data-set of the images used in the current study were procured from asphalt concrete pavement roads which

is available at the https://github.com/cuilimeng/CrackForest-dataset. A total of 1000 images for four different

types of cracks as presented in Table 1 were used in the testing processes.

Table 1. Four main types of cracks

Crack Types Number of images Crack angle & Branches
Block 250 n = 60° NO
Longitudinal 250 £ = 30° NO
Transverse 250 60° = 1 = 30° NO
Alligator 250 - YES
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Generally, images of pavement cracks display linear attributes and are often discontinuous due to considerable
environmental interference, making it challenging for traditional pixel-based methods to effectively detect and
categorize these cracks. On the other hand, the Beamlet algorithm as utilized in the current study proves robust
in its line detection capabilities, making it suitable for asphalt pavement crack detection and classification tasks.
The outline of the procedures followed for developing the crack detection and classification models by using
beamlet algorithm was illustrated in Figure 3.

- Date Estimate e r Beamlet
Crack image PI preprocessing
and set T transform

Generate beamlet
Input scale j dictionary

Pavement Beamlet unit
Enhancement Crack image
image classification <

. Removed noise
Segmentation

image and | image l| Results analvsis
threshold

Figure 3. Processing steps Beamlet Transform Algorithm flowchart

Result and Discussion

Asphalt pavement crack detection was performed by using the steps outlined in Figure 1. Primarily the original
images were converted to grey scale and then an image enhancement technique was utilized in order to enhance
the crack visibility. Image segmentation by using a thresholding technique, and denoising were further applied
in order to improve crack visuals and highlight crack features in the images. These procedures were conducted
for all 1000 images which included longitudinal, transverse, alligator and block cracking features. Figures 4-7
illustrated the procedures followed during the crack detection and classification for each type of crack;
longitudinal, transverse, alligator and block cracking respectively.

A single longitudinal crack was initially detected in Figure 4. The longitudinal crack was classified with a length
of 0.7504 m and a crack angle of 66°. Figure 5 contained both transverse and lengthy cracks. Segmentation with
a threshold value of 0.85m isolated the transverse crack. The transverse crack was classified with a length of
0.98556m and a crack angle of 11° using the classification of asphalt pavement crack detection based on
Beamlet transform algorithm. The first crack image shown in Figure 6 displayed an alligator crack with four
branches. Segmentation with a threshold value of 0.93 m isolated the alligator crack. The alligator crack was
classified with a length of 0.53137 m and a crack angle of 14°. Finally, the block crack as shown in Figure 7
was detected with a threshold value of 0.84m and crack area of 0.72035mz2.
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Figure 4. Longitudinal crack detection and classification
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Figure 5. Transverse crack detection and classificatio
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The outcomes of the complete analysis were summarized by using the crack angle, crack length, branches and
threshold values and the analysis results were tabulated in Table 2

Table 2. Pavement crack detection and classification results

Crackangle 2 Crack length Branches Threshold Crack types
11° 0.98556 m YES 0.85m Transverse
66° 0.7504 m YES 0.87m Longitudinal
14° 0.53137 m YES 0.93m Alligator
- Area= 0.72035 m’ YES 0.84m Block

The results showed that the Beamlet algorithm can accurately identify pavement crack images into longitudinal,
Transverse block, and Alligator. As in table 3 the result of success rate percentage was identified by Using the
percentage change formula: dividing the success rate number by the total crack tested number and then
multiplying by 100.

Table 3. The classification of success rate

Types of Cracks Number Longitudinal Transverse Alligator Block

Alligator 250 5 226 6

Block 250 2 234

Longitudinal 250 238

Transverse 250 8 243 13

Success rate 95.2% 97.2% 90.4% 93.6%
Conclusion

In this research, an improved model for detecting and classifying asphalt pavement cracks was developed by
utilizing the beamlet transform algorithm. The suggested model showed a high degree of accuracy in accurately
identifying and classifying various types of pavement cracks. These included block cracks, alligator cracks,
transverse cracks, and longitudinal cracks. The models were able to observe crack information, enhance crack
visibility, and provide precise crack measurements by utilizing the beamlet transform algorithm. The abilities of
beamlet transform algorithm to efficiently detect and classify asphalt concrete pavement cracks may be
constrained and outside influences like lighting conditions can affect the model's performance. To determine the
model's applicability to various road conditions and environmental variables, further research is required.

Recommendations

The recommended that the use of the Beamlet Transform Algorithm for detecting and classifying pavement
cracks. To make it really useful, also, need to test it on a wider range of real-world crack situations and see how
well it works with noisy conditions and different road situations. The algorithm has done well in classifying
cracks, even when there is noise, but we can make it even better. try different ways of processing images, and
test it with different datasets. This will make it more accurate and useful for taking care of roads and making
them safer. Also, recommended to make the width of the crack.

Scientific Ethics Declaration
The authors declare that the scientific ethical and legal responsibility of this article published in EPSTEM

journal belongs to the authors.

Acknowledgements or Notes

* This article was presented as an oral presentation at the International Conference on Technology, Engineering
and Science ( www.icontes.net ) held in Antalya/Turkey on November 16-19, 2023.

538


http://www.icontes.net/

International Conference on Technology, Engineering and Science (IConTES), November 16-19, 2023, Antalya/Turkey

References

Alayat, A. B.,, & Omar, H. A. (2023). Pavement surface distress detection using digital image processing.
Techniques, 35(1), 247-256.

Deng, L., Zhang, A., Guo, J., & Liu, Y. (2023). An integrated method for road crack segmentation and surface
feature quantification under complex backgrounds.Remote Sensing, 15(6).

Du, Y., Pan, N., Xu, Z., Deng, F., Shen, Y., & Kang, H. (2020). Pavement distress detection and classification
based on YOLO network. International Journal of Pavement Engineering, 22(1), 1-14.

Duc, N., Quoc, H., & Nguyen, L. (2018). A novel method for asphalt pavement crack classification based on
image processing and machine learning. Engineering with Computers, 35, 487-495.

Feng, X., Xiao, L., Li, W., Pei, L., Sun, Z., Ma, Z., Shen, H., & Ju, H. (2020). Pavement crack detection and
segmentation method based on improved deep learning fusion model. Mathematical Problems in
Engineering, 1-22.

Fereidoon, H. Z., Nejad, M., & Fahimifar, A. (2017). Image based techniques for crack detection , classification
and quantification in asphalt pavement : A review. Archives of Computational Methods in Engineering,
24(4), 935-977.

Guo, K., He, C., Yang, M., & Wang, S. (2022). Open A pavement distresses identification method optimized for
YOLOV5s. Scientific Reports, 1-15.

Hong, N., Nguyen, T., Perry, S., Bone, D., Thanh, H., & Thi, T. (2021). Two-stage convolutional neural
network for road crack detection and segmentation. Expert Systems With Applications, 186. 115718.

Hu, G. X., Hu, B. L., Yang, Z., Huang, L., & Li, P. (2021). Pavement crack detection method based on deep
learning models. Wireless Communications and Mobile Computing, 2021, 1-13.

Huang, Z., Chen, W., Al-tabbaa, A., & Brilakis, 1. (2022). NHA12D: A new pavement crack dataset and a
comparison study of crack detection algorithms.2022 European Conference on Computing in
Construction. Rhodes, Greece

Majidifard, H., Adu- Gyamfi, Y., & Buttlar, W. (2020).Pavement image datasets : A new benchmark dataset to
classify and densify pavement distresses. Journal of the Transportation Research Board, 2674(2). 328-
339.

Mandal, V., Uong, L., & Adu-Gyamfi, Y. (2018). Automated road crack detection using deep convolutional
neural networks. 2018 IEEE International Conference on Big Data (Big Data), 5212-5215.

Mei, Q., & Gul, M. (2020). A cost effective solution for pavement crack inspection using cameras and deep
neural networks. Construction and Building Materials, 256. 119397.

Mohan, A., & Poobal, S. (2017). Crack detection using image processing: A critical review and analysis.
Alexandria Engineering Journal, 57(2), 787-798.

Nguyen, T. H., Perry, S., Ngyuen, T., & Le, H. (2018). Pavement crack detection using convolutional neural
network. The Nint International Symposium, 16-21.

Ouyang, A., Dong, Q., Wang, Y., & Liu, Y. (2014). The classification of pavement crack image based on
beamlet algorithm. International Conference on Computer and Computing Technologies in Agriculture
(pp.129-137).

Safaei, N., Smadi, O., Masoud, A., & Safaei, B. (2022). An automatic image processing algorithm based on
crack pixel density for pavement crack detection and classification. International Journal of Pavement
Research and Technology, 15(1), 159-172.

Salman, M., Mathavan, S., Kamal, K., & Rahman, M. (2013). Pavement crack detection using the Gabor filter.
ITSC 2013, 2039-2044.

Song, W, Jia, G., Jia, D. I., & Zhu, H. (2019). Automatic pavement crack detection and classification using
multiscale feature attention network. IEEE Access, 7, 171001-171012.

Tsai, Y., Kaul, V., & Mersereau, R. M. (2010). Critical assessment of pavement distress segmentation methods.
Journal of Transportation Engineering, 136(1) , 11-19.

Yang, J., Fu, Q., & Nie, M. (2019). Deep convolution neural network for crack detection on asphalt pavement
Deep convolution neural network for crack detection on asphalt pavement. In Journal of Physics:
Conference Series (Vol. 1349, No. 1, p. 012020). IOP Publishing.

Yang, Z., Ni, C., Li, L., Luo, W., & Qin, Y. (2022). Three-stage pavement crack localization and segmentation.
Sensors, 22(21), 8459.

Ying, L., & Salari, E. (2010). Beamlet transform-based technique for pavement crack detection and
classification. Computer- Aided Civil and Infrastructure Engineering, 25(8), 572-580.

Zalama, E., Jaime, G., & Medina, R. (2014). Road crack detection using visual features extracted by Gabor
Filters. 29, 342-358.

Zhang, A., Wang, K. C. P., Fei, Y., Liu, Y., Li, J. Q., & Chen, C. (2017). Automated pixel-level pavement crack

539



International Conference on Technology, Engineering and Science (IConTES), November 16-19, 2023, Antalya/Turkey

detection on 3D asphalt surfaces using a deep-learning network. Computer-Aided Civil Engineering,
34(5) 1-15.

Zhang, D. Y., Yang, F., Zhu, J. Y., & Zhang, L.(2016.). Road crack detection using deep convolutional neural
network. International Conference on Image Processing. IEEE

Zhao, H., & Wang, X. (2010). Improvement of canny algorithm based on pavement edge detection. 3rd
International Congress on Image and Signal Processing, 964-967. Yantai, China.

Author Information

Hassan Idow Mohamed Mustafa Alas

Near East University Near East University

Faculty of Civil Engineering Department Faculty of Civil Engineering Department
Nicosia, North Cyprus Nicosia, North Cyprus

Contact e-mail: hassanidka@email.com

To cite this article:

Mohamed, H. I., & Alas, M. (2023). The classification of asphalt pavement crack images based on beamlet
transform. The Eurasia Proceedings of Science, Technology, Engineering & Mathematics (EPSTEM), 26, 532-
540.

540



