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Semi-Supervized Crack-Detection Method Based on Image-Semantic
Segmentation
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Abstract The crack-detection method based on deep learning relies heavily on a large amount of pixel-level
annotation information. Thus, a crack-detection method based on semi-supervized learning is proposed. The
proposed method introduces multiscale modules into the network model of crack-detection. It uses only a small part
of pixel-level annotation data for fully-supervized training. For the unlabeled data, the fusion of multiple saliency
area detection methods to generate pseudolabels can reduce pixel-level reliance on the labeled information. The
improved network is experimentally verified on the crack dataset. It is compared with the commonly used semantic
segmentation network and weakly supervized experimental benchmarks from the perspective of subjective
evaluation, accuracy, recall rate, and Fl-score. The experimental results show that the improved network can
effectively enhance crack recognition accuracy. The proposed semi-supervized training method can achieve
recognition accuracy and recall rate equivalent to the fully-supervized method when only 6. 25% pixel-level label
information is required.
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Fig. 4 Pseudo tags obtained by different methods. (a) Original images; (b) ground-truth; (c¢) SF method;
(d) wCtr method; (e) GC method
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Fig. 5 Crack-detection effect under different networks. (a) Original images; (b) ground-truth; (c) SegNet network;

(d) DeepCrack network; (e) proposed network

0615004-7



F58%F Fo6H/2021 £E3 A/BAREREFFHE

SegNet F1 DeepCrack 4= Wi 5 B AH 4 1 1R 00K B
A 0] 32 FURG DR, Jr 4 1 A 21 W B I 5 5 s T LA
A RO ZE LR AT 55 v B B AR T . NIEL 5 AT A
BH L T EE 00 MBI 25 R W A A 2 SR AR AR
RS T SegNet 1 DeepCrack B4 Wi B 3w , 78
SR HE vh I M B P #A, U B 2 MR I R SR g T
DA Sy A b R3] 4 I R S 5% a5t TR )
g3 o T HE ZRAE S BT 42 19 21 B 11 2 5 s A 122 35 e
&R 5y 4545 18 4 AT LR B, Dhbm 4 ot 4/ 24 e ik
) B T 235 R AN HE A, DA T 3 TR P 4 8 1 2 1
GRIEME T 4/ N SCRb (R A 25 S RT e R O 22

g 7 2B A ST AR A B I ORI AR AN
(6] L 5] 1) s 22 540 R il 5 5 I X 552 9 445 2R 1 52 i)
Ph K Z2 ROBERCHRAE ) 46 ehc sk v i A R A7 an N 9

1) AS[R] Lo 451 1) 25 B0 19 1 g

T WETE TR 2 M I R SR e AN T L )
(1) T T bR 25 5 e 4 X R i R i s e A i T
r T A0 4R 5 O i 28 08 AR A AN TR L 9 2548 B X8
IWWSEgs ., R 2N =FIrkmiEmatrgi R, £3 K
F T hn i s 45 5 Phbn 2 550t S 5 AR [A) L B S5 1
) E B BT 4G R . 3 A4 NP R He A i T AR T 4K
P W55 0 € o i 45 A . AR 2 ~ 40T LU

2 EFOTENERSITER

Table 2 Quantitative analysis results of three methods
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Fig. 6 Cack detection effect after training with different proportion of manual tag and pseudo tag. (a) Original images;

(b) ground-truth; (¢) 0; (d) 1/150; (e) 1/65; (f) 1/30; (g) 1/15; (h) 1/6; (i) 1
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Table 5 Crack detection results of SF, wCtr and GC BT AW AT E HIE XS E W%
methods under different fusion coefficients SegNet il DeepCrack, LA } 51 A MSCM J5 & # ™

Fusion coefficient Precision /% Recall /%  Fl-score HH9 X LS I R 6 Oy R A AR i R U AR
226 IR AE 4 W Oy ST Y 2 GOk T 2 SR

100 81.78 89.81 84.81 Table 6 Crack detection results of different networks

0:1:0 81.07 88. 14 83. 68 under full supervision

0:0¢+1 85.32 95.03 89. 34 Network Precision /%  Recall /% Fl-score
1+1:1 80. 29 93.56 85. 66 SegNet [* 85. 23 89. 77 86. 74
112 85.93 91.33 87.69 DeepCrack™" 81.71 92. 88 86. 26
Union 80. 39 91. 67 84.77 Proposed network 89. 34 96. 48 93. 31
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