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Abstract In order to effectively detect crack, a crack segmentation method using multi-scale structured forests and
wavelet transform is proposed to improve robust performance of crack detection. The multi-channel feature
extraction of crack image, and discrete mapping of the corresponding ground truth is carried out respectively with
assistance of multiple crack image and ground truth. Triangle filter and down-sample are adopted to process regularity
candidate features and correlation candidate features, which are used to train and validate structured forest classifier.
And, structured forest classifier is used to crack segmentation of test images in multi-scale. According to experiment
results in 776 structural crack image and 600 steel beam image datasets, the proposed method can obtain highest

segmentation accuracy in a short time than single multi-scale structured forest method and other segmentation

methods.
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(e) dyadic-2; (f) sym2-1; (g) coifl-1; (h) dmey-1; (i) original image 2; (j) GT2; (k) SFW-M (hrbiol.1-1);
() SEW-1; (m) SFD-M; (n) SFD-1; (0) FCN-8s; (p) MDW Neut
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Fig. 9 ROC curve and RPFM bars of 11 methods. (a) ROC curves; (b) RPFM bars
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Table 1 Average comparisons of 11 methods with 5 quantitative methods

Method R P F MAE Time /s
hrbiol.1 0.7862 0.6152 0.6477 0.1004 0.5107
rbiol.1 0.7809 0.6137 0.6456 0.1174 0.5547
dyadic 0.7634 0.6080 0.6380 0.1090 1.2804
sym2 0.7795 0.6133 0.6450 0.1200 0.5231

coifl 0.7741 0.6115 0.6427 0.1024 0.6539
dmey-1 0.7543 0.6051 0.6341 0.1513 0.8794
SFW-1 0.7619 0.6047 0.6372 0.2483 0.1220
SFD- M 0.7752 0.6116 0.6429 0.0487 0.3636
SFD-1 0.7605 0.6067 0.6364 0.0497 0.0841
FCN-8s 0.7707 0.6108 0.6415 0.0214 1.3646
M Necut 0.7228 0.5940 0.6195 0.1034 2.0019

I ¥ 43 i e PR i B DL AR ) 400 18 280 RIS 120
IR 2L G A TN SR NSk . BEH SFW J7 3% #1 SFD
T A 2 50 : nSample 2 16, nCell 24 1, normRad
A 8,chSmooth 24 2, simSmooth & 32,imWidth & 4,
gtWidth & 12, fracFtrs & 1/4, maxDepth 2} 10,
minChild & 4, sharpen & 0,nTree 2 4, FCN &l
epoch 2 91 (YN ZR AR ) 2 11 55 5565 3.3 T AHTFD
I F) FCN-8s AL Ry iR AL

BEXS S I EIMR L W 3 A7 ik o3 S e 2 0 3 A
B UL 300 MR 2L EEF 130 MR 22 ER 217
ZRANSGUE . YL SEW J5 ik M SFD J5 ik i ik L 2
%7 . nSample i 256, nCell & 5, normRad & 4,
chSmooth & 2, simSmooth & 8, imWidth & 4,
gtWidth & 32, fracFtrs & 1/4, maxDepth % 64,

minChild & 8, sharpen & 0,nTree &y 8§, FCN %
WX epoch & 181 (YN EEFIEEIE LA 40 1~ epoch N AY
B BN FEAE A YIS ORN 55 UE FE AR 1) S RN B
150 1B B ) FON-8s A5 AU /R Sk I 345 78, 7 2 4
P AR Ay E H ) Canny 3 266 I )5 1 28 ¥ 45
W2 o="7.5,0{H T€[0.04,0.10], & O R F w =
9, PRI AT 4G I 245 S A7 AE TUAR AR B, an i 19 22 )
5 EF AT A 28 4R, BT DAy AR 4 55 PR 34 &
R X A 25 SR R A7 R AR 5 38 7 (i AL A € 1000,
20000, /&% H € [50,1000], 5% W€ [30,300)])
(9 22 TUAR AL B,

E 10Ca) ~ DG H T 5 Ryt TR E
BT E R R B 10() ~ (DB T 5
il J5 2 a5 2SR B IR 43 0 VE LR AR L Ho

B 10 5 Fh 7 ay et . (O EE; () GT;(c) SFW;(d) FCN-8s;(e) SFD; (1) Canny; () 5Kl ; (h) GT;
(i) SFW;(j) FCN-8s;(k) SFD; (D) Canny
Fig. 10 Quantitative comparisons of 5 methods. (a) Original image; (b) GT; (¢) SFW; (d) FCN-8s; (e) SFD;
(f) Canny; (g) original image; (h) GT; (i) SFW; (j) FCN-8s; (k) SFD; (1) Canny
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Fig. 11 ROC curves of two types of images with five methods. (a) First type; (b) second type
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Table 2 Quantitative comparisons of five methods

Image type Parameter SFW FCN-8s SFD Canny
R 0.8505 0.8009 0.7961 0.7813
Crack images of P 0.6306 0.6163 0.6149 0.6104
the uneven F 0.6707 0.6509 0.6490 0.6429
illumination surface MAE 0.0135 0.0044 0.0163 0.0093
Time /s 0.7531 0.2737 0.2814 0.1165
R 0.8317 0.6610 0.8180 0.7347
Crack images P 0.6255 0.5698 0.6215 0.5957
of the contaminated F 0.6634 0.5885 0.6580 0.6229
surface MAE 0.0093 0.0056 0.0089 0.0094
Time / s 0.7531 0.2737 0.2814 0.1165
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(4 13 ANRp ik 18 42 BUrb . 3 T 2 B0 A A 0fE 1) 45
R PR AR RS0 R A5 R R W], 5 iR SFD J5 ik
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B e 19 23 KRS B2 AR AR ER 25 2P0 O 473 5 FCN J7
B —EWN 2, NIk, T — 2057 0] 02 AE
PRAUE S5 73 FIORT BE I A4 T R AR R 80 H AR 20 1 10

[1] LinSZ, Zheng Y, Lu X F, et al. Adaptive tracking
algorithm for aerial small targets based on multi-
domain  convolutional — neural = networks  and
autoregression model[J]. Acta Optica Sinica, 2017,
37(12): 1215006.

MRS, 3%, mBE L, 5. ETZHERMNEM%
5 A BHBE R 2 o B bR A SR B 7k (T Ot
eEdR, 2017, 37(12): 1215006.

[2] Qu L, Wang K R, Chen L L,
detection based on RGBD images and convolutional
neural network [J]. Acta Optica Sinica, 2017, 37

(10): 1010003.

et al. Fast road

0815024-9



ot &2 % 2
M, TR, BRFIF, %. XF RGBD & &R [C] // Proceedings of the 5" International Conference
1 225 0 4% Y PR T A I (). O EsE i, 2017, 37 on Computer Sciences and Automation Engineering,
(10): 1010003. 2016: 452-456.

[3] Withayachumnankul W, Kunakornvong P, [11] Arbelaez P, Maire M, Fowlkes C, et al. Contour
Asavathongkul C, et al. Rapid detection of hairline detection and hierarchical image segmentation []].
cracks on the surface of piezoelectric ceramics [J]. IEEE Transactions on Pattern Analysis and Machine
International Journal of Advanced Manufacturing Intelligence, 2011, 33(5): 898-916.

Technology, 2013, 64(9-12): 1275-1283. [12] Ren X F, Bo L F. Discriminatively trained sparse

[4] CaiZ Q, Xiao J, Wen L W, et al. Algorithm of code gradients for contour detection[]J]. In Advances
defect segmentation for AFP based on prepregs[]]. in Neural Information Processing Systems, 2012, 25:
Journal of Aeronautical Materials, 2017, 37(2): 21- 584-592.

27. [13] Gupta S, Arbelaez P, Malik J. Perceptual
geiinm, M, Xorfs, & T WIRY A sk organization and recognition of indoor scenes from
B BB (1] AU #B2E4R, 2017, 37(2): 21- RGB-D images [ C]. IEEE Conference on Computer
27. Vision and Pattern Recognition (CVPR), 2013: 564~

[5] Yao L, Xiao J. Pantograph slide cracks detection 571.
method based on fuzzy entropy and Hough transform [14] LimJ J, Zitnick C L, Dollar P. Sketch tokens: A
[J1. Journal of the China Railway Society, 2014, 36 learned mid-level representation for contour and
(5): 58-63. object detection [C]. IEEE Conference on Computer
W22, Ha. BT HEBA A Hough Z8 i 32 1 508 Vision and Pattern Recognition ( CVPR), 2013:
MR BRI 77 12 (7). BRiE %4, 2014, 36(5): 58- 3158-3165.

63. [15] Dollar P, Zitnick C L. Fast edge detection using

[6] XuK, Song M, Yang C L, et al. Application of structured forests[J]. IEEE Transactions on Pattern

hidden Markov tree model to on-line detection of Analysis and Machine Intelligence, 2015, 37 (8):
surface defects for steel strips [J]. Journal of 1558-1570.
Mechanical Engineering, 2013, 49(22): 34-40. [16] Chi J N, Zhang C, Zhang Z H, et al. Image
Rl R, HilaR, 4. BRI R AT e B AR B AR A 4N enhancement based on anti-symmetrical biorthogonal
2% TH B B e LRk T R g N [T PUAR TR 2 4R, wavelet reconstruction[[J]. Acta Automatica Sinica,
2013, 49(22): 34-40. 2010, 36(4): 475-487.

[7] LiXQ, Jiang HH, LiuPY, et al. Defect detection BT, R, SR, AF . BT RO FROUE 52/
on magnetic tile surface based on adaptive threshold E RGP I]. AshibaiR, 2010, 36
surfaces in NSCT domain[J]. Journal of Computer- (4): 475-487.

Aided Design & Computer Graphics, 2014, 26(4): [17] Shellhamer E, Long J, Darrell T. Fully convolutional
553-558. networks for semantic segmentation [ J]. IEEE
ZETE BN, X BE, Z. JET KA Contourlet Transactions on Pattern Analysis and Machine
Tl 3 (B TRT 49 B TR B A I (] S ML Intelligence, 2017, 39(4): 640-651.

kit 5 R a2, 2014, 26(4) :553-558. [18] Wang S, Wu X, Zhang Y H, et al. Image crack

[8] Li G, Zhao X X, Du K, et al. Recognition and detection with multi-scale down-sampled normalized
evaluation of bridge cracks with modified active cut [J]. Chinese Journal of Scientific Instrument,
contour model and greedy search-based support vector 2017, 38(11): 2788-2796.
machine[J]. Automation in Construction, 2017, 78: T, A, KENHE, 5. T2 RIERRFEREL
51-61. FIR AR B g [J]. AR =4, 2017, 38

[9] Cha Y J, Choi W. Deep learning-based crack damage (11): 2788-2796.
detection using convolutional neural networks [J]. [19] Hornung A, Pritch Y, Krahenbuhl P. Saliency
Computer-Aided Civil and Infrastructure filters: contrast based filtering for salient region
Engineering, 2017, 32(5): 361-378. detection[C]. IEEE Conference on Computer Vision

[10] Shi P F, Fan X N, Wang G R. A novel underwater and Pattern Recognition (CVPR), 2012: 733-740.

dam crack detection algorithm based on sonar images

0815024-10



