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Abstract ; Targeting the problems of high time consumption, heavy workload and low safety in the
manual detection of concrete bridges,this paper proposes bridge crack detection technology based
on the Resnet network and performs quantitative measurement of cracks. The crack data set and the
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background data set are built and the BGC ( bilateral-graying-contrast enhancement ) method is
developed to preprocess images. The data before and after image preprocessing are used to train
and test the Resnet network and the traditional VGG network, respectively. Then, four groups of
experiments are conducted, the results of which are compared. Furthermore, a bridge crack
measurement system is designed to extract the crack contour and measure cracks with any contact.
Finally,a case analysis is performed to verify the measuring accuracy of the system at different
shooting heights and the angle of 30°. In the Resnet network and the VGG network , the recognition
accuracy increases by 2.29% and 4.99% respectively after BGC preprocessing. Compared with
the VGG network , the Resnet network has increased recognition accuracy by 31.3% to 97.44% .
Moreover, the average accuracy of the crack measurement system is over 90.14% and even
reaches up to 96. 9% . After BGC preprocessing, the accuracy of network recognition grows. The
high recognition accuracy of the Resnet network can be attributed to its unique residual unit, which
reduces the learning of redundant features. The crack measurement system with high accuracy in
different shooting conditions can meet the needs of practical engineering.

Key words ; bridge cracks;image processing ; crack detection ; Resnet convolutional network model ;
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Table 4 The comparison of accuracy before and after
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Table 5 The accuracy comparison of different networks
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Fx6 14NME
Table 6 Group 1 locations
wE/ W/ WEEKR ShREk fEER S EK SR KER  Em SEbRH TR
m (°)  FefE/mm  FEE/mm 2/ % J¥/mm J&/mm 2/ % B/mm?>  H/mm? /%
0.5 0 1. 180 1.30 9.20 101. 243 104.9 3.49 55. 044 61.50 10. 50
1.5 0 1.353 1.30 4.10 98. 675 104.9 5.93 60. 332 61.50 1.90
2.5 0 1.284 1.30 1.20 95. 668 104.9 8.80 59. 159 61.50 3.80
0.5 30 1.457 1.30 5.10 99.236  104.9 5.40 64. 402 61.50 4.70
1.5 30 1.423 1.30 12.10 97. 863 104.9 6.71 57.916 61.50 5. 80
2.5 30 1.423 1.30 12. 10 93.284 104.9 11. 10 59.599 61.50 3.10
xr7 24 E
Table 7 Group 2 locations
mE/ W/ WEERKR ShRER SER S WEK SR KpER R SEbRH TR
m (°)  FaEfE/mm  FEE/mm 2/ % J¥/mm J&/mm /% F/mm?>  F/mm? /%
0.5 0 1. 909 2.00 4.55 114. 475 115.7 1. 06 75.003 74.30 0.95
1.5 0 2.047 2.00 2.35 109. 327 115.7 5.51 66. 804 74.30 10. 10
2.5 0 1. 666 2.00 16.70 104. 094 115.7 10. 00 84. 054 74.30 13.10
0.5 30 1. 839 2.00 8.05 120.074  115.7 3.78 78.267  74.30 5.30
1.5 30 2.117 2.00 5.85 110. 478 115.7 4.51 73.983 74.30 0.43
2.5 30 2.244 2.00 12.20 105. 667 115.7 8.67 65. 869 74.30 11.30
=8 34IfuE
Table 8 Group 3 locations
mEE/ R/ WERR ShRECR mEER WEK SR KpgEp T SEBRi AR
m (°)  9iE/mm  FEE/mm E/% E/mm  J%/mm /% B/mm®>  B/mm? /%
0.5 0 1. 527 1.71 10.70 103. 435 109. 4 5.45 71.039 78.20 9.16
1.5 0 1.839 1.71 7.54 102. 841 109. 4 6.01 87.353 78.20 11.70
2.5 0 1. 874 1.71 9.59 99. 728 109. 4 8. 84 71.389 78.20 8.71
0.5 30 1.943 1.71 13. 60 101. 823 109. 4 6.93 82.524 78.20 5.53
1.5 30 1. 631 1.71 4.62 98. 836 109. 4 9. 66 85. 629 78.20 9.50
2.5 30 1.735 1.71 1. 46 96. 389 109. 4 11.90 75. 664 78.20 3.24
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Table 9  Group 4 locations
mE/ mfs MEERK SRR SR MilfSeiS DHIRIS KR RG] SR T TR R
m (°)  FefE/mm  FEEE/mm %/% J&/mm J&/mm %/% B/mm?>  FH/mm? %/%
0.5 0 2.982 3.22 7.39 112. 684 117.1 3.40 106. 941 109.7 2.52
1.5 0 2.950 3.22 8.39 110. 381 117.1 5.74 103. 216 109.7 5.91
2.5 0 3.192 3.22 0. 87 106. 462 117. 1 9. 08 110. 666 109.7 0. 88
0.5 30 3.262 3.22 1.30 115. 548 117.1 1.33 120. 020 109.7 9.40
1.5 30 3.435 3.22 6. 68 113.238 117.1 3.30 118.762 109.7 8.26
2.5 30 3.366 3.22 4.53 107. 132 117.1 8.51 113. 821 109.7 3.76
R10 5 HNE
Table 10  Group 5 locations
E/ s MEERK SRRk SR MRS PRk KR W T SRR T IR
m (°)  FeE/mm  FEE/mm %/ % J/mm J&/mm /% B/mm?>  H/mm? %/ %
0.5 0 1. 041 1.25 16.70 105. 346 107.6 2.10 47.556 54. 80 13.20
1.5 0 1.215 1.25 2.80 103. 542 107.6 3.77 52.182 54. 80 4.78
2.5 0 1.215 1.25 2.80 99. 452 107.6 7.57 48. 894 54. 80 10. 80
0.5 30 1.249 1.25 0. 08 103. 141 107.6 4. 14 50. 780 54. 80 7.34
1.5 30 1.388 1.25 11. 00 97. 345 107.6 9.53 63. 345 54. 80 15. 60
2.5 30 1.284 1.25 2.72 92.235 107. 6 14. 30 56. 074 54. 80 2.32
100 B RAR
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Fig. 15 The accuracy comparison of statistical results
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