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Abstract: To address the inefficiency of manual inspection, poor robustness of traditional machine learning methods, and
the lack of precise segmentation in existing deep learning models for welding forming defects, this study proposes an im-
proved Mask R-CNN-based detection model. A dataset of 638 samples (304 humps, 100 craters, 234 spatters) was con-
structed with pixel-level mask annotations using Labelme, enhanced through data augmentation. The CBAM hybrid atten-
tion module was embedded into Mask R-CNN's ResNet backbone, enabling dual channel-spatial attention mechanisms to
improve sensitivity to small-target defects (e. g., spatters). Experimental results demonstrate that the attention-enhanced
model achieves 91.52% mAP@0.5 (+3.34%), 79.93% mAP@0.75 (+9.78%), and 63.17% mAP@0.5:0.95 (+4.96%) com-
pared to the baseline, confirming superior effectiveness for welding defect identification and region segmentation.
Keywords: welding forming defects; Mask R-CNN; defect identification; regional segmentation
51 AT NG, BBt 4R B, 55 . HET R0 Mask R-CNN BYREE BUB BBAATIN 15 XI5 BIRFFE (1] HARAL,2025,55(9) :98-101.

Citation: LIU Jian, DUAN Ruibin, CUI Wanting, et al. Research on Defect Detection and Region Segmentation of Welding Forming based on Im-
proved Mask R-CNN[J]. Electric Welding Machine, 2025, 55(9): 98-101.

R EEE: 2024-09-09  fEEHHEE: 2024-10-24
EHEREI: x| 81(1988—), B, it , T FHRFPRM ST R AP A AR %
WIEE: 5 DA (1979—), 5l MIE0R , BN FR AR SR as JelhiE i S TR ENISY . B-mail: xiawsh@hust.edu.cn,,



5594 X8, A5 JETIE Mask R—CNN YRR O BB G 55 DX I B F 5 99

0 5§

JRBEAE R BRAR Tl il 5 i S0 T2 ZE A A ol
T TS TR A S A 3 A SR &
EHETEN. B2 2 HEMEE It iz,
YR 7 % BN A 2 R T3, re Az i an e
U BB RIS B . R PR R A T
T BT LA R AT R SO B B R B 2 T i A
ARSI oA R S TR A Sl R R R

H W, (& GEpLas 2 2 X BB UG A T2 W 24K
1T 52 2 1 G AL PR D R R i N T3 A R
TE, B PRz MR 22 I 3 F IR B 2 ) XA
T TR BB 12 Wi T 5% 3 B4R TP A e B 0SS R B
B 0L, fife = e b DX B A B 038

SEA) 4y B B RE S AR X B RS B HEA T 4 2
SE A B RIS, X6k BB X8Rk A 740, a2 B A i
B S SC, DT SR G- b T T G I B 3h f AR
FES S I AR SCEE T HGHE ) Mask R-CNN AR AL
TEI AR 2 B SR R I 32 | DA S B 2 1
TR A Sk 5 X ko)

1 BEERESAE

1.1 BEEE

F R MER-160-227U3M %I CMOS Tk Af
MUVE LG5 B, Tk ARHLS SR I B TR
BB, S SR AR MR R AR
1.2 B&iRiE

HAE & A B s ik A AR R AR b g g il
B 3L 304 41, R 100 41, Kk IL 234 41, FTR4E
R4 UG HE TR I A e TR 2 S B ny W B
YL, S 53 BT 55 AL E DR T SR FE T AL
TR 20 B TR A 43, DA A g H A DXk
BHERD . SR FHBRTE 44 Labelme X} AR-RE G 251 7 5
B DX S DA R e mid , Gl 1 R .

2 BitHY Mask R-CNN E3xigit

2.1 Mask R-CNN &%
Mask R-CNN i — fh Two-stage & il 8.7 ,

(a)BEE

(c) &k
1 BEEBRFAUARIRERE
Fig.1 Typical defects and annotated samples
S5 A FUARRSIN 5 52 51 73 B S LA BRAT: 557,
PR R 25 25 R U 2 T

B2 Mask R-CNNAEZE[E"
Fig.2 Framework of Mask R-CNN!"!

Mask R-CNN 43> : (1)} 1] Faster R-CNN &%
¥, AT ASA TR ) 1 20 2SR 11 A |11 5 (2) 2k
FH— A~ 7N 4 4 B 4% 25 44 (Fully Convolutional
Network , FCN ) X 45/ JE 2% [X 15, (Region of Inter-
est, ROD) FHAT N 4 HIFEAR . H L5 Hh .

OFTMZ%. WMAR R G, Bk
(ResNe) 4 URFIE 4 3, EA T EEACRRAE A 4R R i
SR



100 F 5K

2025 4F:

@ IX 8 #E 77 W 2% (Region Proposal Network,
RPN) . FEFFIEE FAE N — RIVEHE IR TEIE S
i 15 ) DX Il A AE

ORolAlign . X He 5 R KRNA—H)
DX Sl BEAEE AT Rol Align 484 , 4n&l 3 BT/ , KA hii
DX 3kt A Ay [ 7 RUST (R AR L

Conv feat.map\
Fixed dimensional
ZRIEOR)[OANS representation
Gridpointsof |6 o |e o RolAlign
bilinear interpolation [~ =™ output ~
° [ ] L ] L]

Variable Size Rol
3 ROIAlign [RI2"
Fig.3 Schematic diagram of RolAlignm

@I IH 5332 o XPHER X B AT I AE R S
JEAE ] softmax 43 28 48 4T 7325, i B s 9 2851
A

O FH 424 BRI 28 X6 B — N HE 7 DX Sl A A 7 9
W53 FNHERE B X R — AR R AT 43 2R 5L BN g A
UG G ZR MERA 5338

#H H F Faster R-CNN, Mask—-RCNN i % 4
VS INT mask 5332, HAR R pREL— 3l 3 T 2K pRI AR
ARG, SR R AR IE N : L=Lo+ Lyt L, F
W Lo F R 3 BRI, Ly RS PNATRAE, L0 2%
71~ mask AR 7 A4 R AE
22 FEEAMSISIN

SR T HLE] AT U a ) 46 %59 A5  H br
FROE B, A R R BB IZ WO . IR AR
FIHLHIAL R (Convolutional Block Attention Module,
CBAM) #8 5j ResNet #4745 45, 7 ResNet 15 A
3 T RN A (R T 3 A 3 R S [ A
AR FHER R A, 5 R B S T AR SRR
AT 48 T L 2 7 4

3 KWEERSH

3.1 SCIGIREE

SLYGIE T . CPU ff F Intel Corei7-11700K,
453.60 GHz, iI217 N £7 16 GB, GPU {ili | NVIDIA
GeForce RTX 3080, #:/E 548 Windows10, TR FE 2]

HEZE R H TensorFlow , 4 #2155 A Python.
32 HiEKRE

K FHBENLEIEE e 15 g 7 557 vk A7 4L
P 1 o LU s AR vz AL BE ) S B et . 40 DR
FEA 709 TN 4E , 20% 0 T 5 IE4E , 10% 0T
ML
33 TFMAR

BRI T 45 2R 5 B a5 R ek S
FFEE W) FLAE E SN A8 T EE (Intersection over Union,
IoU) , %f T Mask R—-CNN A I Sy Tl g 6 5 52
M Z WA IR LA . S FNES R o U KT
ToU SN 5 TR0 235 50 Sy 2, RIVRS: I 1 5 e =z Dl
FE R R . ToURTTHE R :

IoU=ANB/AUB (1)

K1 FE (Precision, P) Ay BLIE A5 S5 i il
HIEBI O AR AL A AR

P=TP/(TP+FP) (2)

£ [l 2 (Recall, R) 24 . 1E 4 5 BT A Ground
Truth Y L1, FRERARRL A 425 .

R=TP/(TP+FN) (3)

2 (1)~2L(3) 7, TP(True Positive ) fCRFEAR N
I, T 28 Rt oA TE A, TNARZRAEA R G461, P
G N ], FPARERFEA 6], F0 45 54 1
], FNARERFEA N TR, ar I 285 51 A 17 4]

TE ToU B R 7€ AU HTHE T, A el 5 5 1 1
{8, T A B2 B AR L B T 0 PRI R, i — 2T L)
2l PN RTE O~1 [ 22 fb it 2k, RO P-RIITZ: . P-R
it 2 55 Al A it PR S ) TR B Sy 32 28 531 i Xof 1
- E A % (Average Precision, AP) o 5 T4 25 5l
1 AP BCAE, WS R TEZ Lo U R{H T 1P Y4
Ji 15 {H (Mean Average Precision, mAP) . % loU [#
{E I 0.5~0.95, 2 1 0.05, 3K 153 10 4~ ToU BI{E T 11
mAP R J5 BOF-B800 8 mAP@0.5:0.95 , VE J Ak Al
PR AR
34 HRHMW

el R 3 X e S5 9 Mask R—CNIN 452 2
P, I 1 R .

BEXF— gk IR EALE — R BB A REAS , SOk
J& Mask R—-CNN BA RN A5 R W& 4 s o kst
Tl Mask R—CNN R 7E G 53 1 1% S 224> B 16 ke



5594 X8, A5 JETIE Mask R—CNN YRR O BB G 55 DX I B F 5 101

®1 BUERIERBENIKE RS
Table 1 Comparison of test results between the improved and

original models

i Mask R-CNN Mask R-CNN+CBAM
mAP@0.5 88.18% 91.52%
mAP@0.75 70.15% 79.93%
mAP@0.5:0.95 58.21% 63.17%
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Fig. 4 Model detection results for single-defect image
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