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Recognition and Measurement of Pavement Disasters
Based on Convolutional Neural Networks

SHA Ai-min, TONG Zheng, GAO Jie
(School of Highway, Chang’an University, Xi'an 710064, Shaanxi, China)

Abstract: In order to further improve the precision and efficiency of pavement disasters using two-
dimensional images, convolutional neural network (CNN) was introduced to recognize and
measure pavement disasters. First, pavement images were divided into equal-sized maps, which
were used as training samples of disaster recognition CNN. Then disaster recognition CNN1 was
established by the structural design, before-feedback algorithm and sample tests. Subsequently,
all equal-sized maps were input into well-trained disaster recognition CNN1, and the results were
used as training samples of crack feature extraction model CNN2 and pit slot feature extraction
model CNN3., Meanwhile, the crack feature extraction model CNN2 and the pit slot feature
extraction model CNN3 were established with the same procedures. Afterwards, the pavement

crack and images of pit slot were extracted by well-trained CNN2 and CNN3. Last but not least,
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the influences of image resolution ratio on the CNN recognition, precision of feature extraction,
and efficiency were analyzed. The results show that various pavement disasters can be accurately
recognizd by CNN1 and the average errors of crack length and crack width of CNN2 are 4. 27%
and 9. 37% respectively. The accuracy rate of crack disease severity level is 98. 99%. There is no
error of the number of pit slot CNN3, and the average error of each pit slot area is 13.43%. The
accuracy rate of pit slot disease severity level is 95. 32%. Thus CNN systems show high
accuracy. The disaster recognition CNNI1 and feature extraction CNN2 for testing original images
sheet™" and 5 376 ms -

sheet™!

in CPU conditions take up to 704 ms on average, whilst the
disaster recognition CNN1 and feature extraction CNN2 for testing images after the acceleration

sheet™ and 1 024 ms *

sheet™ on

by graphics processor in GPU conditions take up to 192 ms *
average. Thus CNN systems present high efficiency in GPU condition. Compared with other
methods, CNN presents high accuracy and efficiency in recognition and measurement of cracks
and pit slot when image solutions are higher than 70 dpi.
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Fig.1 Workfolw of CNN System
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Fig.2 Device for Image Capturing
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Fig.3 Image Pre-processing
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Tab. 2 Part Calculation Results of Pit Slots

ETRE ikl 1 YUy 2 Ykl 3 YAl 4 YR 5 YR 6
FRAEHE I

e
Bt~ H 1 1 2 1 AR1A
T AL/ em? 1772.119 902. 468 1 138. 724 209.525;282. 403 6 833.033 946. 326 (& I)
B2/ % 7.82 15. 34 14.54 11.43;7.89 6.38 5.98
i E Y L ® % S Hk R T A e

s ikl 7 ikl 8 Ukl 9 ikl 10 ikl 12
FRAE $E IR

E
HURE A5 ARIA 1 AR 1A 1 1 1
T 1/ cm? 709. 745 2 157. 067 1721.015 612. 329 403. 580 1925.125
w2/ % 11. 89 6.38 14.73 16. 32 9.86 14. 87
R K P JCTk R E il £ % %
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Tab.3 Efficiency Comparisons of Different Algorithms

PR/ » . ) SVM | Hi{l | &/
Bif ] CNN1 |CNN2
1BE W R R
UIENGE PSS 1960 | 2 588
300 |t | CPU M= | 11 21
10 19 20
W /ms | GPU #38 3 5
VESEES 1806|2503
150 |k | CPU gt | 11 20
9 19 19
B /ms | GPU #ix 3 4
kB /s 1638|2487
100 |t | CPU = | 10 20
9 18 18
I /ms | GPU #iz 3 4
UIESS P 1518|2332
70 || CPU gt 9 19
8 18 17
it /ms | GPU 12 3 3
YRR/ s 13202174
50 |k A | CPU #x0 7 18
8 17 16
i} /ms | GPU ##i 5 2 3
VESEENS 1219|2032
30 |l | CPU gzt 7 16
6 15 16
i /ms | GPU #38 2 3
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Fig. 12 Calculation Results of Different DPIs

SRR

B CNN A BE 5 H A J7 2 HEAT X bE L 45 2R
N 4 Pros. miEk 4 a1 CNNT &8 SVM %
BRI R FEAR T 0. 8% ~ 3. 93% ., 4% 451 42
CNINZ B8 H e 1R g /N T B2 TR i R R
R T 1.09% ~1. 2400, 7 R I3 B 5 — 52 1 175 Bl
L CONN 8 B Rk BA —E s 3

F4 HEREEXXL
Tab.4 Error Rate Comparison of Different Algorithms

R J5 2 1 9 T ik ) 24 4%
GHERS | R /0
- PUIES IR/ % KRR/ %
CNNL | SVM ¥ | CNN2 | fH 457k | /MR
300 0.74 4.67 4.25 5.49 5. 30
100 1.99 5.74 5.97 6.65 6.74
70 3.68 6.63 6.42 7.83 8.71
50 6.22 7.02 8.92 9.25 10.01
30 10.57 9. 64 10. 68 10. 91 12.91
4 % iE
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