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Abstract: Aiming at the problems of manual identification, subjectivity, low efficiency, and lack
of integrated analysis from waveform features and image features in using the time-of-flight,
diffraction (TOFD) data for weld defect recognition, a deep learning fusion model (DLFM) and a
weld defect recognition method are proposed. Based on the analyses of TOFD detection principle
and weld defect detection data characteristics, a defect feature representation method considering
waveform data and image data is set up, and the defect standard data set is established.
Combining waveform sequence data analysis module based on time convolution network (TCN),

image data analysis module based on convolutional neural network (CNN) and feature adaptive
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fusion classification module, the DLFM with pattern classification is constructed. A case study of

TOFD weld defect recognition is conducted to illustrate the work. The results show that the
proposed DLFM has higher defect recognition rate than the method based on CNN, TCN or
CNN-TCN. The proposed method improves the traditional deep learning models, and can be

applied to the other pattern recognition fields with stronger universality.

Keywords: time-of-flight diffraction; weld defect recognition; feature adaptive fusion;

deep learning

B R B0 77 AL 25 0 A 90 458 0 R 78 2 45 i 3
o AR O R AR T A Dl B A A T B
JEARUERE & 7E AL A R b &l S iE 17 1) 2 T
Bt @BANTH B 2% 8 (TOFD) B A #0155+ 5 .
PL P R AROR R A R AR O ol iR
RTTIZ R KR TC AR I vk 2 — L, B v A
FRA B TE R R R R K L B R T
TOFD £l # A . 2020 4F 4 4F ) TOFD £ ] 47 4% &
WEROE R Tk 5 Ak, HRTTE R B 1T
B PR B 32 R N TP 5 2 R L AR
ZH 20 R A B (Y 52, TOFD Al #1335 £ 2 7= A
M R 5 BT A B TR B RCRAR R L B K
BRH e B FFRE L TOFD #6 ) B 33 %5 4 > %ot
G () AR Bl 8 S R PRSI O 3 L x4 T B K DU i
KA EE RN EAEER L,

B & TOFD 6 W £ A 2 A5 B FH AR I 44 1Y)
FEUE, ] 70 T Pl A Ak 2 R A X3 0 R 8 v ik o
PO R el D N TS — 80M: £ 28 0ok 8 86
FEILEEY , SCERES 1A A A8 B AR e TOFD fir
55 (A FHEIEAR 2O BRI 17 45 BERRAE 50 47, O
55 B A 2 I 2 E A T e B A s SCiEk[6 1R TOFD-D
UG ECHE 1 5 52— Bl 5L 7 43 K 08 1 Bt B IX 35
Ay ENBEA BRI N TR A v ke 15 1 v 1
PR SCHk (7138 3 % TOFD 38 35 B kT o ir 5
FRAFE PRI, I 2R I BP it 25 90 26 it 30T 26 1 ke g3 1E £ 7
PN Ar 28 SCk [8 Al TOFD-B 3 [ 5 % Ak i itk
155 o T8 23 43 BT D2 0 A4 478 st T 4% 8 K /N A BB AE S 31
JELRE R {1 14T 2 T I B 1 o0 B . DA R R DA XIS
43— R AE P B 28 A 0 Y e e X B AT
¢, H B BEOCTE R RIS 0T, AR, Rk
B U 5 X T R I R A &
FERW Bl R S S 0 K R, DL E G
T P15 BB by o G T R s %o St R0 O ik B OE 9 08
Bl %S B 1E L TOFD & i 4% 554 S %t 42 1
BB B AR IE RN Z W, . SCERC10 ] S48t T
TOFD-D 4 EIZ Bk b 56 56 5 BSRRAE 19 ¢ &R L8R

http: // zkxb. xjtu. edu. cn

J I DR 3 A FR o 22 0 2% (Faster RCNND X ik g 7F
F1032& %07 1 T LA v i e 48 s k505 i 9 AN A2 (R
oy %t TOFD Sl v B 55 T S W75 1 ke B 1R 4]

i LTk e g U BRI E 2 A BRI A2
4 i HAT BB R AR B9 TOED A I 0 4 19 23 A
55 0 T AR 5 >0 BRI Sy R Rl 1) o B S 7 2k K 2
AEMFRE S 2~ BR TOFD £l P %
eIt A0 PR 8 B 0 i) 2 A R Y R R
BEA T EZE A5 LA BB H.D H757 A4 W
TRt 5 B B 2 AT 23 A B = TR R
(£33 BT+ 1 2491 SR BE 9 U 0 R RIAG 2

B DAL () A, AR SCAR T — o AT S B P A
fiE T R AE Rl A 50 BT (0 TOFD 5 4 B g 2 70 30 51
TR, B 454G TOFD &% 4R s, 211 T —
ol 55 25 IR TG R T 1Y e o 5040 B 4 2 7 3k 5 R
Ja AT — ] 250 x TOFD &5 8 1 i P £
YEREAT oM ) 22 B e TR I 2 ) I 28 B2 1 O A 4 i
P JZ 2R A IE 1 N Rl Tk S B ke B 2 A A IR
Bo B AR SCRIAR S PR TOFD A6 ) K 48 X Fr i
Jrk AT Tk,

1 TOFD 7486k AR L KE 4R

1.1 TOFD # il # A #f if

TOFD A6 {2 —Fh 7] ) FH RS A3 28 9 38 e
(10 i £ 7 FIT i A A5 1) 94 A S A ARG T B 5 11
Jrkt . TOFD Al 4 A K el 33 i 14 I 81 an 1l 1
It R TOFD A& i 2 rp R WU 3k — & — o =X
P AN Sk FL A AR [l 3305 R B R e ROST D 4sk
R SRS P AN A7 AR AT SO AT H A, Bl 1a i
TR s 24 % SN 8 B BB S R AR B T g
AR 2 M3 B IER Sk TE IR A B S S (1 TR
B )25 7= A A I D 43 e R R s 7
T 1R TR RS 4 2z A B . @t —
25 A HI 554 B — 8 TOFD I & 4% . tn &
1b Fros BT S A 3915 5 25 b BHIE WA [R] 1
TR 2 PRSI B 2 % D6 R /N 4810 24 3 T 1)




55 SR A B A TR

2 ) Rl AL B AR B B U 7 15 75

TR JE S AR AR I K 1) T A 5 2T [ 97
AR A S I i) R A A
1R B

b3 E S

1— B8 I s 2— b v s A7 S0 53— T i S AT S D s 4 —
(a) TOFD #&: [ B 5]

yLb' I} [8)/s
AFIE

(b) TOFD 46 P& 35 1 140 Jit 8 1]
Bl 1 TOFD Kl 4 A K B 3% s 45 5 1
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Fig. 3 Defect region and A-scan position
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Table 1 CNN module structure for image feature extraction
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Fig. 5 A dual-channel deep learning model for defect recognition based on CNN and TCN
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Table 2 TCN module structural parameters for waveform

feature extraction
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Table 5 Comparison of classification results of different defects by different methods

] i SRR/ %
ViR B2 ‘ —
TG BB JER N 2R B PN
JC i b 100. 00 0 0 0
R BB 0 77. 14 8. 57 22.22
TCN
RN ] 0 8.57 54. 29 16. 67
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2R N7 ] 0 0 74. 29 19. 44
P YN 4 0 5.71 5.71 75. 00
I B 100. 00 0 0 0
R BB 0 88. 57 20. 00 2.78
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SR 0 5.71 74. 29 25. 00
FYIN34 0 5.71 5.71 72.22
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