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Image crack detection with multi-scale down-sampled normalized cut

Wang Sen, Wu Xing,Zhang Yinhui,Chen Qing

(College of Mechanical and Electrical Engineering ,Kunming University of Science and Technology ,Kunming 650500, China )

Abstract: An image crack detection method with multi-scale down-sampled normalized cut is proposed to address the problems of low
precision for edge detection and time-consuming for feature vector solution with the multi-scale normalized cut. Firstly, the feature of
half-reconstruction of the anti-symmetrical bi-orthogonal wavelet is used to extract the multi-scale edge features of the test image Then,
combining the strength feature and location feature of each scale, the multi-scale similarity matrix and multi-scale normalized similarity
matrix are obtained. Spectral segmentation method is utilized to calculate the down-sampled feature vector of the multi-scale similarity
matrix after down-sampling. Finally, by multiplying the multi-scale normalized similarity matrix with the down-sampled feature vectors,
the segmentation result is obtained after discretization. Experimental results indicate that the proposed method improves the accuracy of
detection and reduces the computational time on three image datasets, compared with other methods.

Keywords : anti-symmetrical biorthogonal wavelet transform; edge detection; multi-scale down-sampled normalized cut ; multi-scale

normalized similarity matrix

FN FE T 5 )R 3R T I RS A ML T Ak E
(normalized cut, Neut) J5 1 1 32 46 I AH 4814 2% 5 18] B9
FEARLEE DTS AT LA 3 TR 55 AR DL S e R R . X Rl 4

LAY B0 T B ML Y b R e BRI ) i R EI T B T RB RS 50k o LA I R0 T ik ke B 4 v
— o ST AU T LA K SR A R — B X e AR R ORI — BV D ZEf Neut J5 R fif
KBS MM e AT 4R AL, Horh, B Fig g BORMBURFIE R FE R R — Sy BRI 2 R L, AR 2 T
WO B e At R A S R e 2 s BB T MOR R Z A i AT (A
BB WM TR B R S kA ARUERERE A7 R AR A0 R BRI AN A A P D R T
QR BIBERRTTAE I BRI REA S (0] A S B AR bR PEREANERE AL A SR AT L 75 T JEik 2
) R TR R B B e B R A B R I sk BN EIROR Y Z R R SR E 4

0 5

T

Wk H 1 :2017-07 Received Date: 2017-07
* FEATH  [FH K A RRE RS (61461022,61761024 ) T H B 1))



55 11 3

TR ST 2 RUERERAE AL H1 9 1 B R B 2789

oA B AR BP A AL T 52 2 PR 458 AL R 77 A R 1 40 HI 45
R FIF PR TR Ry DX sl e ARV R 6% S B AL
IS B SR AV ARAF B, i RO H b 48 B 10 5 K
S Pt i LR T A I S SRR A R e &
REEZE EgiEr) i 2R b it i e /e # or
(AR AR 2 T RS o A RS 2% 7 SO e B3
PRSI T A LR DT R RERE A AR RS 20 2
PR BT E M RN R R R, (BETER R 1)
HATIZ S TCIE R RUBE UG rP AR AR AR R A B iR S
I A% 2w ROE EM% . 2 RE B AL E1 (multi-scale
normalized cut,M Neut) Fl| 555045 BAEZ R B 23]
P A3 S BRI ol 583 2 S ) — 350 DR, AN BB S AT
BRI LA I AR IR, 51 A 22 RUBE 25 (R AR K 3kkb
AR BT BRI S8R T TR AN o
HET BRI 0 Iy B AR AR DA b R
BLAF G I A 5T 22 R 25 49 4k 2 AR (multi-scale
structured forest, MSF) " 5= A3 ig I 2L 1% rp 13 4 i
FPREE L SRR, N T3 BB S RAE I Zxs Rkt 1 2
PRUE A I 2k, SR J5 ) FH 2H RS A 285 4 1 2% by 28 45 )
BSDS500 %2247 3 A REERINR, B THEEF T4
BRI 2 (fully convolutional networks, FCN) ! 3 35 & ol %5
R ZE 2 1) e )= A B2 DL SRR S R A5 TR
FRAE , 7E PASCAL VOC2011 %ffa e [ 5eBil 21 2t iei |
Pkl (R TR SR K S R AR
ST IO B R 261 M Neut J5 ik rl AR A TS B0 19
LA SRR B R 25 RUBE TR — 85k, IR AE AR [ RUBE 28 [A)
SEPHATRIE AHABAFTELL T 3 AN RS : 1) &R
JE 1 e S0 V3 8 B T S A R 1) B — B i 2 oK
A S EGR RE B AR B8 T 5 A=A 552)
Pt g — A RUZ AR MR B, i 3 07 XA
i BN 25 R A 22 1 H ORI #ERT 53) M Neut J7 ik B C il 1
iy 3 22 RUBE AL figp DR R AR OV G A e SR A
RATIZ B AHA R KR 1 2 ROBE AR I i i
ATHRAE ] R A 2 FE 2 R ELIFR], A% STk [ 16 ] J7 i
FELEMBPA AR SCHE H—Fh s & /N R FRE SR LT 2

OB B R FE M Y5 4k #) ( multi-scale  down-sampled
normalized cut with wavelet edge detection, MDW Necut) [f/]
EUR LRI 7 o B T3l s U i) /NI Gn — 9k 45 R
IINBE AN B A IESSPERN B (28 ) REFRYE , BT ATE R 15340
Sl A B R FH AR S P /N DB X0 A 800 1A 7 30 G AR SBURT
PG5 . TAOESS/ NSO T IEZZ 564, T H.n] 4
i EAT VAR 1 B8 S /N o DRI S X R OBLIE 32 /)N
B G AT R SRR R PR TR/ N S Sk L LA B
DR L BEXESCRRL 16 ] AR LR B BB 1) , A< SR
SR FRRLAEAL /N 72 48 1 2 B R R AR, AL 5 12 %o [ 4 i
1122 RUBE DGR 3 B 2 ) Hh 2% RUBE AR ABIRE Bt AS R
FASCHR 1S ] Rk 387 =X, TRt i BE A fE i I Btk AT 2 R
JEH R SR AN B R SIS B A A 2 AR
v LD W N 2V S Sl =S RN IES < alllf e =TT ER
AR R A RURE AR R (Vg A A T X TR 3) 119
SRAPFBIN ), A SR Ses 6 4% RUBE I 58 B2 R AE 5 TR
YRR R 22 RUBEAH DU A 22 RUBE RS AR AR DL
SRR 2 FRUBE AR [ SHE A SR A S ) D 33 031 vk 52
PURFIE ] 8 5K A% , B S5 ) FH 22 RUBE R AR AR RURE B Xof R
] AT bR AE RS IE 12 FOF B UL G 15 B B A 45 2R
TEZA RS T 2R B AR o 1S5 30 2 W] AR 3¢
SRR B 40 FURE BE A 1) B R AR S s 18 B ]

1 AXTE

A3C MDW Neut J535 AR M 1 P B SEHM A
SRR RSCIE SE /NP A e 14~ AL R P AR A 00 PR UK 2
M5 24> ROBE R SR LA B IR BE A 8 5 B8 R A T i
FERFAE 5 HUCR FARRAE A5 SR B4 RUBE AR AR DU 5 44
JE X0k 2% RURE R AR DU R P A T R e, IR AL 22 U AN
ARUREL ¥ 11 22 RO RIS A AR R I 5 AR R R R I 1) 2 R
JEARMDUHE R AR R A 1) 65 5 o M) T 22 RUBE R AR AR £
R XS AL ) 5 EA T EoRAE ISR IE B ST AT B WUk Js
(GEA 2 IbELE N

1 MDW Necut Jikiife
Fig.1 The flow chart of MDW Ncut method
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Table 1 Mod-maxima edge detection of anti-symmetrical

biorthogonal wavelet half-reconstruction

B ¥E . wavelet_rbio_Maxmodel

61 A - Image, RJE 5

it - Edge_s

1 : threshold<ddencmp ( Image)

2. Image«—wdencmp (Image, “symS”, threshold )
3.fors=1:n

4. coefficient_s«—wavedec2 (Image, s, “tbiol. 1"
5. [hw_s, dw_s,vw_s ] < detcoef2 ( coefficient s)
6: [ hhr_s,vhr_s]<—convup (hw_s, dw_s,vw_s)
7. [grad_s, amp_s]«gradAmp(hhr_s,vhr_s)

8: Edge_scmaxModel (grad_s, amp_s)

9.end for
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Table 2 Double down-sampling algorithm

4% . doubleDownsample

AW

iy N, DWE

S 1 PR R AL -

1: W, “’«downsampleRow( W¢, 0.5)

2:(N, )" normalize( (W C")")
3.DW, (W T =N,

2 YRR A«

4. W', —downsampleRow (DW , 0.5)
5:(N,)"normalize( (W®' ;) ") %

6:DWE—(WE' )T N,
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FELRE W, TR 22 RO LS AL AR S N, FIRER A 2
FUEFRIERE W, o Mg 2 s,

K2 N, W, i
Fig.2  Construction process of N, and W,
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%3 MDW Ncut &%
Table 3 MDW Ncut algorithm

Ak :MDW Ncut

Hi A :Image , Z5| b, RUE s, BUEHREAR v RFEFE RS d FAUE w

i 4« Classes

1 ; Image<—imresize( Image, [p, p])

2:fors=1:n

3: C, | ,<—computeMultiscaleConstraints(p, r, d, s)

4. Edge_s«wavelet_tbio_Maxmodel (Image, s)

5. [X_s, I_s]«<—computeXI (Image, s)

6: WC—computeW_lscale (Edge_s, X_s, Is, [p, r, d, w])

7. [N,,DWE]«—doubleDownsample ( W)

8: DC, | ,«downsample(C,_ | )

9.end for

10:[W,, N,, C,,]«combine([DW,¢, -+ DW¢] [N,, -+, N,],
[DC, ,, -, DC,_, ])

11 : X ;«—computeNutConstraint_projection (W,, C,, k)

12: XN, * X,

13 : X, «—discretisation (X)

14 ; Classes«—imresize (X, , [p, q])
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Fig.3 Partial qualitative comparison of 6 types of

wavelet methods
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F4 AMUNEFTERNEZRER
Table 4 The quantitative comparisons of 6 types of

wavelet methods

N R P F MAE  SE¥gmtE/s
hrbiol .1 0.7228  0.5940 0.6195 0.1034  2.0019
thiol.1  0.6149 0.5530 0.5662 0.2772  2.2225

dyadic  0.6424 0.5641 0.5804 0.3416  2.1492

sym2  0.6583 0.5701 0.5883 0.3408  2.2290
coifl 0.6408 0.5635 0.5796 0.3287  2.2027

dmey  0.5791 0.5376 0.5467 0.3155 2.6215
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Fig.5 Partial qualitative comparison of 9 methods
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Fig.6 The ROC curve and RPFM bar of 9 methods
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Fig.7 Partial qualitative comparison of 7 methods
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Table 5 The quantitative comparisons of 9 methods

ik R P F MAE P35 fil/s *x6 IMAFENEEHELEE
MDW Neut 0.7228  0.5940 0.6195 0.1034  2.0019 Table 6 The quantitative comparisons of 5 methods
FCN  0.7118 0.5909 0.6150 0.0225 1.7047 ey P - - TRETTT
MSE0.6992 0.5856  0.6084  0.0391 0.3431 MDW Neut 0.6616 0.5905 0.6055 0.3036  1.793 3
MW Neut 0.6608 0.5717 0.5900 0.4758  7.3826 MW Newt 06407 0.5506  0.5933  0.3947 79860
WH Neut 0.6137 0.5531 0.5660 0.4831  14.560 5 M Newt 06319 0.5772 0580 0.3851  7.6370
MNeut0.5844 0.5403  0.5498 0.5038 15.8753 Newt  0.5359 0.5217 0.5217 0.4307 11.1654
WD Neut  0.5040 0.5020 0.5025 0.1135  2.7652 COM 0.5075 0.5043 0.5050 0.4929 23150

Ncut 0.4992 0.4998 0.4996 0.4813 9.2355
GCM 0.4834 0.4910 0.4893 0.5298 2.0280

2.3 BAGSHTEGEIRER

SEE A TVGR 43 F 40 46 Hh Y 1 000 g 52— H AR
K% 347 MDW Neut 7573 MW Neut J73 M Neut J7is .
Neut J775F GCM J7 4t 5 oy ik iy thie . Hoh MDW
Neut J5 2 /MR FEEEL hrbiol . 1, Z8&M{E o, =0. 05,
0,=0.02,d=7,r=[1,2,3], HihZHEEHEEE2.2. 1
AR . B Neut J5 ¥ F1 GCM J7 15 i S 50 R I B 48 1
HABPIFP I k240 5 MDW Newt J5 A .

K7 Ji7Rh S ORI e e LA R . o, 14
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Fig.8 The ROC curve and RPFM bar of 5 methods
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Fig.9 Partial qualitative comparison of 10 methods
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Fig. 10 The ROC curve and RPFM bar of 10 methods
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Table 7 The quantitative comparisons of 10 methods

Iy i R P F MAE  SEEaL/s
MDW Ncut 0.7296 0.5982 0.624 1 0.1453 2.100 5
FCN 0.6328 0.5608 0.5759 0.0395 1.762 5
MSF  0.6368 0.5623 0.5779 0.0613  0.3658
M Ncut 0.5917 0.5453 0.5554 0.4818 15.357 2
GCM 0.4834 0.4902 0.4886 0.6107 2.036 1
Neut  0.5413 0.5214 0.5259 0.4740  10.052 6
Canny  0.5205 0.5106 0.5129 0.1292  0.3716
Roberts 0.5517 0.5255 0.5313 0.0509 0.100 8
Sobel 0.5545 0.5268 0.5330 0.0566 0.104 6
Prewitt  0.5545 0.5268 0.5330 0.0566  0.146 8
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