| ss8% wsm/2020 & 4 A/MESHBT SRR

gt Bl St FFHE

TR P PR I ) 9% 1) BB it o L g i Ak
PR 531

%Kfn 1,2’ H—‘}ﬁl’z*, ?E‘EF 1,2’ %%%1,2
'BRWM T R¥FEE TR A%, 28 B 6505005
TEHBE T REZMAEATHEESLEE, =M B 650500

FEE BT 5 MR e 56 R e T RS DU P15 00 % DX AN 25 o RN () st G W0 &1 4R 77 7R 5 e MR 7 T B0 0 ] A, 4 T — i
FH T O A IO T 0 2% 1 5 A (ot A L B T R U TR 43 O ik . 3% T R S S TE AR R e I 4 LA 4 R B Y il
e A AR B 43 R T U-Net 855780 1 JEUAR, 78 55 IR )2 R A Rl 22 i SR FH 1 T B, 81 4% 1K J2 R AE 55 55 2 e A BF 42 ek
B RLEE , A R T 4t o G RR AR A 2 B9 R R 1 5 B b e A I 900 0 35 SRR . 000 #8358 40 F T X 40 I 4% 2B Y 45 2R
RN T AR M E SRR, Iri /%R M Precision.Recall 1 F1 fE R IFM #5458, U025 KR W, 514 509 BHR & #
T M L o T T 3 X A R e 5 L R A DU PR R AR T AT Y B ROR

KR VLA IR WA A SO ST s KIR B R L

FESSES TP391.9 XHkiRERS A doi: 10.3788/LOP202158.0815002

Aluminum Plate Defect Image Segmentation Using Improved
Generative Adversarial Networks for Eddy Current Detection

Zhang Qi"*, Ye Bo"*, Luo Siqi"*, Cao Honggui'*
' Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming,
Yunnan 650500, China;
" Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming,
Yunnan 650500, China

Abstract To address the difficulty associated with identifying the edge area in aluminum plate defect eddy current
inspection images, in which background noise is typically problematic, an image segmentation method for aluminum
plate defect eddy current detection based on improved generative adversarial network is proposed. The proposed
method is based on the generative adversarial network image segmentation model. The generator partly adopts the
idea of the U-Net model. Prior to the fusion of high- and low-level features, an attention module is used to adjust
the weight of both low- and high-level features. This weight adjustment improves the utilization of image feature
information, enhances the target features, and suppresses background features. The discriminator network is used
to distinguish the results generated by the network and actual manually labeled results. The proposed method uses
Precision, Recall, and F1 as evaluation indicators. Compared with the traditional image segmentation methods, the
proposed method achieves a better segmentation effect for aluminum plate defect eddy current inspection images.
Key words machine vision; eddy current detection; generative adversarial network; image segmentation; attention
mechanism
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Fig. 3 Discriminator network model

BT Rt A SR L 0 45 9 R A R
HEL 16 YA T 4R 5

45 7 ORI 45 L U-Net BETR R 5 20 31 48
R s A O P 1900 A 45380 A g 2 S 5

F 50 45 P AT o0 2 R, B R AN A] 4 BT R . AR AR Al
FI U-Net #5871 24 5 55 fifp 1) 14 235 49 . K R Al e B L
Ui VL 8 A A B o 2R A X PR BB AR 2 AT o
>3 J 3 T A A ) e~ B A AR AR X
Z B o3 A1 22 S AT 00K

eddy current image of label manually annotate
aluminum plate "1 defective images
»true sample pair
\ 4

—»{ generator network
]
l
| Y y A
| generated defect | | false sample | | discriminator frue/false
| segmentation image pair network loss
|

Pl 4 LT O A RO BT ) 46 1 R R R R L b O A 0 ] £ 5 )

Fig. 4 Aluminum plate defect image segmentation using improved generative adversarial networks for eddy current detection
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Fig. 5 Eddy current testing experiment platform
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Table 1 Comparison of segmentation results using
different methods
Method Precision Recall F1
Otsu 0. 9006 0.6452 0.7518
FCN-8s 0. 8640 0.7910 0. 826
FCN-32s 0. 7840 0. 8434 0. 813
U-Net 0. 7609 0. 8502 0.803
Proposed method 0. 8799 0.9775 0.926
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Fig. 9 Segmentation results of eddy current testing images under different signal-to-noise ratios. (a) Original image;

(b) truth image; (c¢) Otsu method; (d) FCN-8s model; (e) FCN-32s model; (f) U-Net model; (g) proposed method

MAEME Y 50 dB B, R TP T B RNR
RAT AT, B ) R X R R 4 B RO AR
KT, bl 5 M b 42 o, B 4 1 32 2
W 75 52 I el /N L A3 E O B R T . AR T
b J7 s, BT B 5k 52 P AR T MR R S I AR XU

JIt 4 07 1 1 AR g R A 2 1) B R B A L il
2B B A2 ARG PR 5 A 25 TR SO AT RE 43 L [
I A A 0 51 AE B L L 32 T R
iEf5 BB AT, B9 98 T H b FF AR JOF 10 ) 5 5%
FFAE

0815002-7



$£58%5 F£8HI/2021 £4 B/BAERETFEHRE

Bz RTG53 L
Table 2 Comparison of segmentation methods for eddy current testing image under different signal-to-noise ratios
Method Signal-to-noise ratio Precision Recall F1
50 dB 0. 6648 0. 8259 0.7366
Otsu 60 dB 0. 8588 0.7936 0. 8249
70 dB 0. 8222 0. 8142 0. 8182
50 dB 0.7120 0. 7835 0. 7460
FCN-8s 60 dB 0. 8155 0. 8968 0. 8539
70 dB 0.9369 0.8011 0. 8637
50 dB 0.7773 0. 8962 0. 8325
FCN-32s 60 dB 0.7348 0.9050 0.8111
70 dB 0.9155 0. 7464 0.8223
50 dB 0. 6994 0.7952 0.7442
U-Net 60 dB 0. 8685 0. 8166 0. 8418
70 dB 0.9236 0. 7882 0. 8505
50 dB 0. 8725 0. 9694 0.9184
Proposed method 60 dB 0. 8696 0.9894 0.9256
70 dB 0. 8710 0.9794 0.9220
R 2 AT DL B R AR 1 LAY 32 55 . AN TR i
& £ X W

G HITT 3 00 B oy R SCR YA T 4R e L o 2 D R
6 {5 MR LU B o R P X PR 20 1 ) 52 0 A BT IR
B R o L 968 3 ARG T L 5 P i A [ £ T L g 7
Ja BT AR T7 35 B o0 B RBCR B AR B AN AL L T 4R
7 X W R T e Y 5 R R R

5 4 1w

RSREN R AR B EI N R DN LS E S
P T B AR R I PR I U RS D PR R A AR T S T
YEAY BL G [ B X 36 ARG 00 R A7 7 301 5% 3500 Y 52
M, 5 B0 e 1 1500 % XN 25 5 UM o3 IR A
TR P2 e A IR 4 1 1 — ol 6 T A 0T 70 0 2% 1) 41
BB s L o 3 A 0 AT 5 03 0 O 3 . AR AR AR I 4%
H, SR U-Net A5 81 A4 JEVAE , 8 5 ik BR 2 4%, Bl 3 X
BB L T U PR AR A 2 RUPERE . BT IRZ AR AR S
1 J2 R T B R 2 B B AR 3 A B [ SR A
R ITHL L VR AN ) RT3 BRUZ R AE R L A5 )
TR AR R 80 A 3 5 bR 4 AE I 410 1
TOSRRAE L 45 A A RE 8 58 70 ¢ ~J B 5 A Bk I R
R R AR AE 0 A B2 AR A o BRGS0
SERFW, 5 HARTT IR AN HOEL B4R T7 1 3 A Bk B
FEL e A A 00 PR IR 1 B ) 0 B ROCR:

(1]

(2]

(3]

(4]

0815002-8

Yang L J, Xing Y H, Zhang J, et al. Crack defect
detection of aluminum plate based on electromagnetic
ultrasonic guided wave [J]. Chinese Journal of
Scientific Instrument, 2018, 39(4): 150-160.
R, MMELF, AR, S LT RRBE A 2P0
B BB B o 5 vk (] A& AR 4R, 2018, 39
(4): 150-160.

Wu X J, Zhang Q, Shen G T. Review on advances in
pulsed eddy current nondestructive testingtechnology
[J]. Chinese Journal of Scientific Instrument, 2016,
37(8): 1698-1712.

BOBTZE, BRI, PRy E .k b A JC AR RS T LR £k
0. AT #4], 2016, 37(8): 1698-1712.
Cheng J, Yang J Q, QiuJ H, et al. Visualization of
meso-structure of carbon fiber reinforced polymer
based on eddy current imaging [J]. Acta Materiae
Compositae Sinica, 2018, 35(8): 2074-2083.

A, ks, BIEWE, . TR BR800 ik £ 4k
R SR R T T R AN =R
4%, 2018, 35(8): 2074-2083.

Zhou D Q, Zuo X F, You L H, et al. Design of flaw-
detecting system for ferromagnetic material based on
pulsed eddy current[]J]. Transducer and Microsystem
Technologies, 2012, 31(10): 121-124.



Rt

%58 % F8M/2021 F4 A/MASHBTFEHR

(6]

[7]

(8]

(9]

[10]

[11]

JAER, ZEWRDT, JUIAR, S JKood i IR g v A R
BB R A G vt (J]. AR SRS, 2012, 31
(10): 121-124.

Cheng L, Tian G Y. Surface crack detection for
carbon fiber reinforced plastic ( CFRP) materials
using pulsed eddy current thermography [J]. IEEE
Sensors Journal, 2011, 11(12): 3261-3268.
Yuan X C, Wu L S, Chen H W. Rail
segmentation based on Otsu threshold method [J].
2016, 24 (7):

image

Optics and Precision Engineering,
1772-1781.

AN, RAME, R FET Otsu J7 i A8 LA
BoarEI L], b K% TR, 2016, 24(7): 1772~
1781.

Zhang Y, Wang F L.

watershed algorithm based on wavelet transform[]J].

Image segmentation for
Journal of Chinese Computer Systems, 2014, 35(6):
1382-1386.

KR, FARTe. BTN PR o K 0 R ]
NIRRT ML R S8, 2014, 35(6): 1382-1386.
Long J, Shelhamer E, Darrell T. Fully convolutional
networks for semantic segmentation[C] /2015 IEEE
Computer Vision and Pattern
Recognition (CVPR), June 7-12, 2015,
MA, USA. New York: IEEE Press, 2015: 3431-
3440.

Conference on

Boston,

Brox T. U-Net:

biomedical

O, Fischer P,

networks  for

Ronneberger
convolutional image
segmentation[ M]//Navab N, Hornegger J, Wells W
M, et al. Medical image computing and computer-
assisted intervention-MICCAI 2015. Lecture notes in
computer science. 2015, 9351: 234-241.

Goodfellow 1 J, Pouget-Abadie J, Mirza M, et al.
Generative adversarial nets [C] //Proceedings of the
27th International Conference on Neural Information
8-13, 2014,

New York: Curran Associates,

Processing  Systems,  December
Montreal, Quebec.

2014, 2: 2672-2680.
Li L F, Hu M. Method forsmall-bridge-crack
segmentation based on generative adversarial network

[J]. Laser & Optoelectronics Progress, 2019, 56

[12]

[13]

[14]

[15]

[16]

[17]

0815002-9

(10): 101004.
ZERAR, WM T A R 46 A /B R R A
SrEITIELT] . WOt S el TaEk i, 2019, 56(10):
101004.

Ai L M, Shi K Z. Low-grade gliomas MR images
segmentation based on conditional generative
adversarial networks [J]. Laser & Optoelectronics
Progress, 2020, 57(22): 221004.

M, A BT A AR B BT I £ 1 AR e T
i MR EG & [J]. #Ot 50w 72 dt g, 2020,
57(22): 221004.

Teng W X, Wang N, Chen T S, et al.

adversarial domain adaptation method for cross-

Deep

domain classification in high-resolution remote

images [J]. Laser & Optoelectronics
Progress, 2019, 56(11): 112801.

WSC T, EWe, BRFAE, SF. BT IR B X B 0E MY
o BRI R RS B 2K ] WOt 5ot Tt
J&, 2019, 56(11): 112801.

DuZ X, Yin ] Y, Yang J. Remote sensing aircraft

sensing

image detection based on semi-supervised learning
[J]. Laser & Optoelectronics Progress, 2020, 57
(6): 061009.

MR, BEE, . TR MBS 0 B AL
BEGR vk5 [T] . SOt 50t F 22k g, 2020, 57
(6): 061009.

Luc P, Couprie C, Chintala S, et al. Semantic
segmentation using adversarial networks [EB/OL].
(2016-11-25) [2020-08-17] . https: //arxiv. org/abs/
1611.08408.

Xue Y, Xu T, Zhang H, et al. SegAN: adversarial
network with multi-scale L1 loss for medical image
segmentation[J]. Neuroinformatics, 2018, 16(3/4):
383-392.

Yang S, Chen L F, Shi Y, et al.

segmentation of blue-green algaec based on deep

Semantic

generative adversarial net [J]. Journal of Computer
Applications, 2018, 38(6): 1554-1561.

W, BREEDY, ArEE, S TR A i R 2%
1 SO ) (D). AL, 2018, 38(6):
1554-1561.



