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Weld Image Multi-Label Classification Algorithm
Based on Multi-Feature Fusion
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Abstract; In order to achieve accurate classification of welding defects, a weld image multi-label classification
algorithm based on multi-feature fusion is proposed. Firstly, feature information of images is extracted by a re-
sidual neural network (ResNet-50), and the graph structure is constructed based on the obtained feature
maps. An algorithm named relation degree guided neighborhood propagation (RDGNP) is proposed to optimize
the graph structure. Then, the feature information of the graph structure is extracted using graph convolution-
al neural network (GCN), and a feature fusion module is designed to achieve the combination of image features
and graph structure features. Finally, multi-label classification results are obtained. Experimental results show
that the proposed method can effectively realize the multi-label classification of welding defects, and its per-
formance on the X-ray welding defects dataset is significantly improved.
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Fig. 1 Framework of multi-label classification algorithm for welding images based on multi-feature fusion
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Fig. 2 Structure diagram of image feature extraction module
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Fig. 4 Sample example of X-ray welding defect dataset
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Tab.1 Performance comparison of different traditional algorithms on WELDX dataset

GRS P/% R/ % Fi/% Pur/ %
ResNet-50 72,5 57.6 64.2 72.3
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Tab. 2 Performance comparison of different multi label image classification algorithms on WELDX dataset

ik P/% R/ % Fi /% Pon/ %
RMIC 72.6 64. 2 68. 2 76.3
MIL-GCN 74.4 65. 2 69.5 76. 8
F-GCN 75.3 66.7 70. 8 77.0
FAN 72.9 66.5 69.7 77.2
CFMIC 76.2 66. 8 71.3 77.5
ViGh 76. 4 66.9 71.5 77.7
SO 76.7 67.1 72.0 78.1

F-GON Bi5 I F GON R 208 7 i W2t Ak 8 R MS BRAR & i A5 BTG . 25
T2 38 33 vty B iy AT IS5 MR ST ML-GCN B3k, o5 R AR 25 08 S5 B MBS AR IR A5 8 A 304 4
DA $E 56T G R AE bR 2518 LB 5% 3, FAN 78 ML-GCN SL8E 5] A —Fh R fdng U 7 22 4k, UOE
S TR AE L T B 4 5 PR R S AR MR R AE . SO 3 51 A RDGNP B33k, B3 A [] 2 51 42 Bt
{1 PRI CREAE AT LA SE i 280 1 i B BT 45 4 R AL o DT i — 25 3R FHBE R PR RE . Bl kL AHER T F-GCN &
B RN F M P BIRE T L 2% M1 1%, AT FAN S SCR BN Fy F P B3R
BT 2.3%A0.9%.,

CEMIC Sk 45 G 1 I HLH AT GONL I 5| A #5150 X il G B0 e, DU 3R JR 35 04 JR) A 28 1) 40 ¢
Fo R IZBE LG R AF R8O ER A S A 5 5 R 5 e 2 39 I S TR 1 5 2% B RN R B . A L
CFMIC 53 , SO vk 1 52 24 B oA U Sl it b 5 2 09 AR 0 B 20 R 0% W0 4 b i 52 o T o ] v 52
PRI oK By R Poa 2y SRS T 0. 7%/ 0. 624,

ViGh B3 38 4 A BIG A 8 B 24548 , R H i = 0 ML (HDmA) Al GNN $RICEMS 1 BT CfF 8.
T4 R e FR . SO R A GCN Hil RDGNP & g 7 BGRAE (9 F F 3¢ 56 2 i IRl B f il 4
7 Res2Net ) ResNet-50 $2 QB0 RIS B . P& 255 LM E BRI 2028 0 28, FE RAEr £
KAEST .5 VIGh BIEAH L SCR AR Fo R Poa e 5lE s 17 0.5 %61 0. 4%,

SO R WY SO R TE A A5 A AR A MR 22 RUBE R AR RN B S5 R R AL L 25 5 2 AR AR 1 B TR
SCAE S o AR TR TR i T AR AR R AR 4 4 284 55 RVAE T 5 M 3 e v I A5 A i s 0 285 TR e L A
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g T VAR SO SRR Bz AR M L SR SO SRR R A1 BB 5 IR AR (GDXray) Hr (Y R HEAT TN L 5 445 3
Fy R Poa 5331355 61,5208 67. 1%, ER GDXray H#i 8 J2 78 F A A5 I 37 55 vh R AS 8] ) 4348 5 =X
FRAT B JE B RIS (LR ST B8 30 A R R T Vg A A 0 R R A 7 40 28 R W LA R AT iz fe e
2.5 HELEIR
Y VPG SO AR R v ORS TR A AR KR B8 R AR % 20 RAT 55 b B9 A R L fE WELDX %48 4 B 3C
Hh BV R AN R ASE R A7 7 il S 6 T R SIS 3 25 SR T 3k 3 R .
# 3 CHhEEPARBSRE WELDX 03545 b i fil 58 56 245 21

Tab. 3 Ablation experimental results of different modules of proposed algorithm on WELDX dataset

L ER P/% R/ % F /% P/ %
ResNet-50 72.5 57.6 64.2 72.3
ResNet-50+Res2Net 71.3 60. 8 65.6 74.6
ResNet-50+GCN 74.2 61.9 67.5 75.1
ResNet-50+GCN+RDGNP 75.0 62.5 68.2 76. 4
P RE 76.7 67.1 72.0 78.1

H1 2% 3 AN 244 ResNet-50 FEATRRAE$E BT, 1 F 9 26 8% 32 W7 A5 B, 47 78 2.5 T 45 v sk /)N ik
B e JRURS: o I H I BB AR B XS 2R KR 4% R 09 R B 45 5. i R BB 3K 42 R {5 . B i 51 A Res2Net | 47 4%
BRI 22 A5 25 3 25 I 25 5700 o R AIE B IR B 4 1T HLAG A [R) JRR 2 5 R/ 1 36 B, iXRE B 46 B
PR G T b A7 R A A B B O R AR A S, A AR A TR B i B RS R I R A TR iR R A
PEIBUREAE B 15 58 T 05 70N AR 00 8508 AR B DT I — 20 4 8 T BB 1Y) AR 28 A R UME K 5 5 0UR A Res-
Net-50 B AIAH L, R ] ResNet-50-+Res2Net B AL Fy Fl Py 3 T R4 1.4% M 2.3%.,

U Res2Net F 8 G A5 4 1=y 10 28 £ % J0 4 flt B 17%) OG T R B o SR T o XoF A8 4% TR 19 e A 12 BUAK SR
Bk =2 4 Jy A M I A 34 T AR S i B A AT AR 45 SR 0 R A DR U o R 2, T I 2R ResNet-50 2
B FRAE B A B 454 )5 - 51 A GON 2 ) B 250 19 BT SCAE 8 - DT B2 BUKE 4% TER 1) 42 Jm) 405 44 R AIE .
W A ResNet-50 %t 19 UG RFAE AT GON %y i) BIZ5 K RRAIE A 30045 & X TR AR 4% B b 1 JRy 36
KA AE B &R S5 /M5 B (AR E R IR I s Hei . 5 00R M ResNet-50 $2 B ERRHEA L .ok FH £
FRIERLA PRSRL F R Poa 20 3R TRy 3.3 %0 R 2. 8%,

TE /IR AR 4R s — JBOR T KININ B30k T A At T 45 4 B 108 T 4l 0L it R 2 2] I 2% L L XS 2K
JE 4 PR T AR AL 3 M S (5 5L FLRRSE I G 09 40 A B BL W] RE S e A TR A AR 1k . @ik 5] A RDGNP 5%
s R FH G B B A3 Dy 9 DA i A T A R 45 A el R AR AR [V DG 3R 1 B HT BE 7 R 6% o o ) b el R R A
Z R PAR I R . AT ResNet-50+ GCN ) 45 fill 5 8 Y . ResNet-50 + GCN+ RDGNP ## ] F,
P43 4 TR 0. 7% 1.3%.

B L AT LAE A Res2Net 3 . GCN 8 F RDGNP #1He 3 25 48 7t 457 4% KR 2 4525 7 2511 4
ASTEHT 8B o X 1 b fife A AR 4 PN 308 0 B 7 6 1 RO /S S S5 4 52 2 L 43 A B ATL R IR 45 5 468 [ AL, 138 P
SC AR v ) A5 R R R A 1 AR AR R 2 AR 4 S 28 0 S B, O HL A B AL [ R sSOR T R B O
H, ResNet-50+GCN @il & 155 71 14 1 5 52 i e K .

T 3 5 5 B TR ) 5 A 7 TR 5 A T A ASE B e A o R AR T A e AR T I B () iE AT T
Al SIS, H A TE T A2 A 35 B F5c 3 AR YT a5 AR L DATERRAE AR B 22 1) SE B AR A s B . AN [ 408 R 1Y A A
it fE WELDX 048 45 b0 BERLE BRI 52 A, AN 36 4 IR .

F4 AFABIET STE WELDX $Ofi 5 b x5 B0 AR Y 5% i

Tab. 4 Influence of different neighboring nodes on model performance on WELDX dataset

k P/% R/ % F/% Pon/%
3 73.0 63.5 67.9 74.7
5 70. 8 66.5 68.7 75.4
7 76.7 67.1 72.0 78.1
9 73.4 66.9 70. 1 76. 8
11 70.5 64.9 67.7 74.2
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