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Recognition of multi-layer and multi—pass weld seam based on depth
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Abstract: In order to ensure the accuracy of weld seam tracking, a laser streak segmentation algorithm based on SRNU net-

work is proposed to separate the laser streak from the strong arc light and spatter. The image with arc light is fed

into the SRNU model, and the coding layer part embedded in the Resunet network is improved by adding SE

module and grouping residual module to extract and resolve multi-level feature information, which not only fo-

cuses the target information but also improves the segmentation accuracy. The results show that the proposed al-

gorithm improves the average cross—merge ratio, accuracy, recall and F1 score by 0.79%, 1.38%, 0.50% and

0.91%, respectively, compared with the Resunet algorithm. The method has good robustness and strong anti—in-

terference capability, and can meet the requirements of welding applications under complex working conditions.

Key words: structured light vision sensors; deep learning; multi-layer and multi—pass weld seam; weld seam recognition;

depth residuals; laser streak segmentation algorithm
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Fig.1 Schematic diagram of structured light vision sensor
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Fig.2 Schematic diagram of laser triangulation method
2 HEBIZRH

FEEEIE AR AE IR IR R GE R HE . FRAFHEERL
FRTRERf P B M A PR A e T . AR SR T —
Pl 3L F SRNU A9 N 5 455 50 FH T4 BUE 4815 8 . SRNU
HEZRZERI U 3 B, BE45 6 T SE-Net ResNeXT F
UNet FDEA o FFAESZIBGT 23 LA SE-Net F1 ResNeXT iy
Hist, FIA UNet (9 L REEFIRRAE B P ERA 5 &
By PRI AL IR A W s (s B, B R D)%%
Hp,

W2
HRUWE HRU
= GrEE " GoimE) ™
LR
(2 048 j#iH )
R R
(512 3@iH) (1 024 J# i)

3 SRNU M#&45H
Fig.3 Structure of SRNU network
TERFIESEBGHR 73, AR GE EUR AT AL S R D9 BT RIS AE, A AR IR (S Bk G Rl
2% B RFIE SR IBUSE LR FRIE SR IR 73 LA P AR 25k FEASE IS BORHHE T A SENet FEH, [ 18 R 4%



14

FPIRAN 55 FE T IR AR 22 W 26 1) 22 )22 22 T AR S U3

-03 -

AN 3E A A REE , YR 25 R GA T . SR UNet £
SERL , FA A R SRR G, R R R AIE 2
PPN L RAE AT N AR E SR BGR  J2 45 &L 1R
FAR O BUE R, fefmil i BRI LR A
VERR BTG SR B o A5
2.1 HHEKERER

FR MU 28ty Z2 A ST A RS R RIS Rk 22
SERARL, BT T 0250 SRS A FRES X 4
AT AL B, AN ] 1) 46 TR 25 1S 4 A PR B 2 25
P, AT DR TR 2 26 R 24 53+ B 4R 1 3R f b B
S K 4 PR IR EE 28 AT TR AR &, 75 X Bk
R TR

HIA

Ix1 &

HIH—1k

ReLU BR%L
% : g
Pl 3x3 B =
Mol ||
% ReLU pR%L %
I i

1x1 B

#ftH—1k

4 BRKRELH

Fig.4 Structure of convolutional residual
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Fig.8 Partial segmentation results of different networks on test set
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