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Asphalt Concrete Pavement Surface Crack Detection using Convolutional Neural

Network

Yoon-Soo Choi', Jong-Ho Kim?, Hyun-Chul Cho®, Chang-Joon Lee™™

Abstract: A Convolution Neural Network(CNN) model was utilized to detect surface cracks in asphalt concrete pavements. The CNN used for this
study consists of five layers with 3x3 convolution filter and 2x2 pooling kernel. Pavement surface crack images collected by automated road surveying
equipment was used for the training and testing of the CNN. The performance of the CNN was evaluated using the accuracy, precision, recall, missing
rate, and over rate of the surface crack detection. The CNN trained with the largest amount of data shows more than 96.6% of the accuracy, precision,

and recall as well as less than 3.4% of the missing rate and the over rate.
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Table 1 Parameter of CNN used in this study

batch size 500
learning rate 0.03
filter size 3x3
Parameter filter stride 1x1
kernel size 2x2
kernel stride 2x2
Pooling Max Pooling
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Fig. 4 The Architecture of CNN used in this study

(a) Crack

(b) None Crack

Fig. 5 Sample of Training and Test Data
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Table 2 Composition of training and test data

Crack None Crack
Data set None None Total
Aug._ Aug. Aug._ Aug.

T6000 3,000 0 3,000 0 6,000
TA12000 3,000 3,000 3,000 3,000 12,000
T12000 6,000 0 6,000 0 12,000
TA24000 3,000 9,000 3,000 9,000 24,000
T24000 12,000 0 12,000 0 24,000
TA96000 | 12,000 | 36,000 | 12,000 | 36,000 96,000
Test data 3,000 3,000 6,000
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Table 3 Classification performance of test data of CNN model with
increase of training data size

Accuracy | Precision | Recall le:::g (}1;::

(%) (%) (%) %) (%)

T6000 92.52 93.02 91.93 8.07 6.90
TA12000 95.07 96.14 93.90 6.10 3.77
T12000 94.82 96.06 93.47 6.53 3.83
TA24000 96.92 97.53 96.27 3.73 2.43
T24000 96.85 97.34 96.33 3.67 2.63
TA96000 97.46 98.30 96.60 3.40 1.67
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