hOE HL AR TR

CHINA MECHANICAL ENGINEERING

37 % BT
2026 4F- 7 7

LT A R I 4% O B S 4 OGRS R B A

AFE” K ¥ M
FEAEARD KRME' £ B!

LKV IXRFIAMESSRETRNEXEEIRAN AT L TR E, KV ,410114

2RINBARAKFIAZHEF R, EI 518118
.M EHAMRME A BLSEMAAR KL F P o, KV ,410205
LM E B ERES MR LB TREZRFR T, KiV,410205

MEATELLRARUAGRRBELL BFERAR AL RLSELEZFRNML.RET
R THRHFFTAEARNEKZG A B EHBENF ., @it ASPP.CBAM.SSPCAB#E} I AN, VAR % R JE4F
FEGR AL B MSFEM 895K #m 32 3 T M S M ERIRE B8 B AR S0 A R TR B TR A
5 ARAR R % 2 6] GG A AEAT ARk A E A S A MEE LT T I, AR kTSRS A
AR SRGHEATRLRAN HESI SR, L& RIFHB AR,

36 SR HOCKR A B REA I G W o o) s S E s T A

FENES TG441.7

DOI:10.3969/j.issn.1004-132X.2026.07.011

Vol.37 No.7
pp.1624-1634

HEA RBdbA

FFAE A (FIRAR %5 ) #RIR A5 (OSID):

Defects Detection for Laser Welding Seams of Magnesium Alloy Based on
Improved Reconstruction Network

PENG Haibin' ZHU Yongjian® ZHANG Hang' ZENG Gang® XIAO Hongchao'
ZHOU Xiaojie' TANG Weidong' ZHANG Mingjun' MAO Cong'
1.Hunan Provincial Key Laboratory of Intelligent Manufacturing Technology for High-performance
Mechanical Equipment, Changsha University of Science and Technology, Changsha, 410114
2.College of Engineering Physics, Shenzhen Technology University, Shenzhen, Guangdong,518118
3.Hunan Provincial Technology Innovation Center of Aerospace New Light Alloy Materials,
Changsha, 410205
4 Hunan Provincial Engineering Research Center of Wrought Magnesium Alloys and Surface Protection,
Changsha, 410205
Abstract: To tackle the problems of complex morphology and inconspicuous features in surface de-
fects of magnesium alloy laser welding seams, which often lead to high miss-detection and false-positive
rates, this paper presents an improved reconstruction network-based defect recognition approach. The net-
work incorporates ASPP, CBAM, SSPCAB, and a multiscale feature fusion module (MSFFM) to en-
hance feature extraction and anomalous target localization, thereby improving reconstruction accuracy at de-
fect sites and feature information fusion. Experiments conducted on both self-built and public datasets vali-
date the proposed method. Results demonstrate that the approach exhibits strong generalization and can ef-
fectively identify, accurately segment, and localize defects characterized by small sample sizes and complex
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surface morphologies.
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Fig.1 Framework of improved reconstruction network

I ch G L I ) 18128 = S N P A = ol TR
B EE b 2 ) R REAE I IR 2% AR 4 A
Rz A S5heTHeae S . il & 00 58 PEAL R
B0 A e PR A R i PR AR i A B Y R
S R TR AT S B TR0 RN S AT 5 3 e ¢ 1Y) Bl B A
NS SN
1.2 TEZEEFEBHLER
A EREERMAAEIES IR 258 RW

b B bR 3 2 R A AT A B 2w B AR
BB L S B R B 25 R R B R X A
1% AN e B IE R X B R . ASPP
P B DT i B A B RUST 22 R il L A
N PRI HE P ORG HE AR AR ] RUBE R A5 B

mE 2P, ASPP B 6 5 5 X4k i A
XWEABSDIAT L — D IX T B34
3X 3 23 W A FR (R ik 2653 31 6.12.18) , DL J 1

BRI
I ik 2=6

Y
v
BRRBRAE @%
Ik AR=12 |

2 ASPPHEHLEH
Fig.2 Structure of ASPP module

- 1626 -

M EE IXIERS ERER . &
53 SCFRAETE 3 1B 4E B PR FS Ll 11 B ARG
S fe 2 . JE T DF T G 2 RO FRE
B I X0 il 5 AR AT 1X T BB 7 R M 2%
T AZ BY AR5 i R A RRAE I . DL BB R T AR
PRAF AR ] 23 (6] 43 90 32 1 25 A0 A 88Chl AR R
22 ROBERHIE RS S . 32 5 20 RIS L .
1.3 BEMTEEE LG

FEAE S O B Al T SRR A S 4 28 0 4
WHEAE L R A S5 A CBAMY™, 76 14 81 % &
X AR AR L B [ B /0N T A R AR B 5 I
SRR R B R KRR A 2 U BE ) A
KR BT 5

WAl 3 fr7s s CBAM 43 45 38 18 1 2% 77 (chan-
nel attention. CA) #L il A1 2% [6] 1 & JJ (spatial at-
tention, SA)BLHI . Herr . 8 38 1 2 7 L X A
FRAE F iy 2 6] 48 28 R A7 7 1 5 de oo Ak 15 31
PR AL R Fo 5 e R AL Fr il i = 2
2B HL (multilayer perceptron, MLP) X} 45 [i] 4
AEHEAT 38 TE A, 4 B A5 0 38 1B T O AE M S
FREAE FAH I , A5 2138 18 7 07 5 08 0 RRAE I Fe
25 (8] 1 B AL K R A ] F v 8 A R TR
¥ 5 5 R AL 3R AT 4 AL R FL, Rt Ak
FRAE F s ¥ Fo R F S B0 AT DR BB T4 19 &5
B] 3 & 1 B M 5 R AE ] Fo A o, 3R 15 25 0] 7
B BSR R IE R F
1.4 BEEBERNERETHER

Ry 2] B CREAE B A JR) R L HE A A PR
DX, 7 42 3 2 2 5] L SSPCABY, LIUA 20E
A7 I A B B L A R A DU A PERE . A BT 4 T
N s FH T T A6 B A il X 38 ) SSPCAB #5838 i



BT Bt R 4 A B B WO A SRR A DI —— TR

ilE KA %

| ki SREAN
R LT N
Sigmoid
s
I Fe,
| ] —
| o vmmEEd || e EMIERD
§OKSEF

it RFAEF

3 CBAMZ#H
Fig.3 Structure of CBAM

5 i & X (mask convolution, MC) 1 & 45 - 18 Jilh
(squeeze-and-excitation, SE) 1 & /1 HL il 41 % .
il Ab Jr s HE A FRUZ X e IX sk MR FEAY 4
A LB IR (K, ~ K, 43 90 3#F 47 45 B2 5 FH ReLu o
BOBOE K~ K, 1 4 5 0 22 A R BT A5 4 IR (R
JRA G A B M 3% BT A RCT R B
rhC SR 7 B AT e (R BE  rh o DCIOR ) L il
D) £ TG v L HE A v o0 DO M R A 1 B DT
B3 2 2 S B AR A 42 Jmy 1T SO A LA s
X 3 M 25

. Al \d
- -
-
4 [ =
_______ | | —]
e
| |
L
(bETE R

El4 SSPCABZ#
Fig.4 Structure of SSPCAB

1.5 % REFHERM &R MSFFM

g ) RS v G S e 1 B JF AR
AN TRRFAIE 22 8] 0 S BE A X 43 5 RIS AR Sk
T —Fh 2 RO R RS B . A HE i Bk ER 3%
s o 1 25 1R 2 09 i 2 PR AR S i g R R &
ORAE M R E AT S R R A A RS Z R
JEAE B IR % MemSeg #5811 AR ZE LA A
[F] RO R AR Y LAl b VS 0 i A 3 R 2 B 5%
2 ¥ 2 (1 1 T AL (A A A 2D R 4%

RIS B

Nl Sa 7w , 76 Bk B 4 b, 1 el i 3¢ 3
B FH B A RRIE 9 R SF 5 SR 5 R ReLu bR 4K
PR i A RRAE s 2 A SR FH AR A i B AL A
I B O B 45 L L I SoftMax o8 $i0KR 1 7 10
BOH— L AR A . B8 b b B R AE
55 BUR A o W RRAE UEA 78R 25 0 B0

W& 5b B R, 56 BBk BR 1 Bz IS X o5 T T 4%
JZ RS TR 43 B SR R AE BEAT LR AR AR AE 19 5
P 5 b — M RZ M I 1S RS

— L
eLu SoftMax
UpSample
Conv

SoftMax

=

—

—
ReLu

()% REEFFHERL AR

CxHxW

H\

CxHx1 sty Cx1>7
Cx1x(H+W)

ClP< I x(H+W)
Clr<Hx*1 Clr<1x(HAW)
CxHx1 Rt E[S2 etz g C/r<1xW

CxHx1

CxHx1 ( ] (

i

(b)CA Block

5 MSFFM 4#3
Fig.5 Structure of MSFFM

- 1627 -



hE LM T AR 2837 B 2 7 2026 4F 7 H

FROETE I B A B X 5% . 4 LR A3 S By 2 RO Fy
TIE JC F AR 22 3 )2 W 4% S AR AT il 5
1.6 #KEH

ASCAE EMG E I b R B TSR E
177 1% 22 (mean squared error, MSE ) i 2k bR %1

1 )
Low=—— —b,) 1
mse n;(a, b.) @)

A R ER KB a, 0,5 50 R 55 1 AR I B S AN
RIEER
553 T G 5T o 14 45 79 AR AL (structural similari-
ty index measure » SSIM ) 5 2k pFi %
Lan(p,q)=1—SSIM(p,q) (2)
(2p,py+ 1) 20,,+ ¢5)
(pup+pitc)o) +0l+c,)
g, o0 B B R p g AR RS I 0,00,
G 50 R AR B p R g T BRIE 22 50, R IR B p 711 g (945 36 3
FEWN T 2 500, MR
SSIM (p.q) B BEE B 2L — 1.1 ] H, —1
TEFLIE bR 58 4 TR O (P BIR 19 7228 fk i 34
564 A B AR X R DL AE SE PR AT B L B AR
FILFAS B, 1 RRPREGE 2 8. %
B 4 G & AR, SSIM (p s ) #4238 1, B #
G FHARL BE B v 5 BT O, AL RS BRI . RR B TE R
)2 X FARA A SR A SRR, HSSIM (p.q)
R TET 0.
LR R
L=L,(x,2)+ alL,(z,2) (4)
AP 20 B i A G S R s o AR AR
B AR SCELL,

2 %k HiFA

21 ZWHESE

Shy 36 UF T B A I Tk A A vE Sl R L
HHENESSMCEEITREERREES
MV Tec AD A FEH04 4 HEA7 30 3E
211 #HMEERHIEFRIRAKES

SIS AR R FL R AZ31B B A A i SRR
FE R SF R 50 mm X 40 mm X5 mm. R E R A L
HEE T Y5 58 X S 0 1 52 i) o S 560 SR FH D 4R AT B
TRARE (8 X6 2 1A L AT, ISR FH JE K 2 B AN
TH VR AR R

W 6 FT 7R, 25 % F IPG YLS-3000 Y6 £F %
JGas . SEE OGO A £ B 100 mm Y 7 B
BEWE T A8 150 mm B R EBE R AR
FERTH . A B 1856 4 i I 5T 38X 0% 4% 19 4
WO B 5°~10°, I8 1 42 B 45 i 4 4
PG HEAT B AR . 38 i R IR AR 2 TE 5% R I

- 1628 -

SSIM ( p, ¢)=

JTH, IR 2 B . SR 99.99%6 4l 1Y
SAAE MR B AR R4 T R A R A AR
P OB M RE TFOKIEAR R R KA I h
P B RO R G B e 0. BOLREN T L
SHN R 1R,

||

(O EEFHOEAHEE R %
= N
%?” sk
AR “ﬁﬁﬂﬁﬁ
[

a1
= R
P
(o)L ]
M6 MABEXRTA

Fig.6 Experimental platform of laser welding
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Fig.8 Partial defects in laser welding dataset of

magnesium alloy
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Tab.7 Experiment results of defect classification (MV Tec AD public dataset) %
DET-AUROC SEG-AUROC Ruo
H CFA Si’;‘ie_ FAIR ;’:é CFA S“;Sie FAIR ;':f; CFA Si’;iie_ FAIR f{i
L 97.6 99.6 100 | 98.0 | 98.7 98.6 99.4 | 99.1 | 94.9 94.5 97.6 | 95.6
] 4% 97.9 99.7 98.3 | 96.6 | 98.4 98.1 98.8 | 99.0 | 94.6 92.4 95.6 | 96.2
B 98.9 100 99.7 | 99.3 | 98.7 99.0 99.6 | 99.6 | 95.6 96.2 98.8 | 98.8
AR Rt 97.8 100 100 100 | 98.1 97.0 98.3 | 98.4 | 936 92.0 95.1 | 95.0
AKHE 98.0 100 98.3 | 93.0 | 97.9 92.0 94.9 | 90.3 | 93.4 76.7 90.3 | 79.4
B 98.0 99.7 99.3 | 97.4 | 984 97.0 98.2 | 97.3 | 94.4 90.4 95.5 | 93.0
S| 100 100 99.2 | 99.7 | 985 98.2 98.1 | 98.3 | 95.2 93.2 93.6 | 94.3
HL 45 99.8 98.7 97.9 | 93.4 | 986 97.7 96.6 | 95.9 | 94.7 89.8 87.8 | 83.4
Ji5e 4 99.0 99.6 88.5 | 92.8 | 98.7 99.1 88.8 | 93.5 | 94.9 93.3 76.4 | 79.6
¥ 98.6 100 99.6 | 99.4 | 985 98.5 99.1 | 99.4 | 95.0 88.7 96.1 | 95.4
Yide 99.1 100 91.1 | 92.9 | 986 98.7 93.2 | 96.7 | 95.2 89.4 74.2 | 87.7
WEES Eolay 98.9 97.8 96.1 | 97.6 | 98.6 98.5 98.4 | 98.8 | 955 92.9 94.9 | 95.6
IBET 97.5 93.1 82.4 | 94.9 | 985 98.7 98.3 | 98.5 | 94.9 93.2 92.1 | 89.0
F il 97.8 96.1 83.9 | 92.5 | 98.2 96.9 95.8 | 98.9 | 935 84.6 80.4 | 93.6
miRe | 97.9 100 99.3 | 97.8 | 98.2 96.3 93.5 | 91.1 | 93.6 88.1 97.3 | 83.5
Einkiid 98.1 99.9 97.8 | 99.4 | 98.0 98.5 98.8 | 99.1 | 93.6 94.9 96.1 | 97.1
Hfi 98.7 98.5 91.6 | 94.8 | 984 98.1 96.1 | 94.8 | 94.6 90.8 87.9 | 90.0
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Fig.10 Experiment results of defect visualization

(magnesium alloy laser welding dataset)
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Fig.11 Defect reconstruction and defect detection

results (magnesium alloy laser welding dataset)
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Fig.12 Experiment results of defect visualization
(MV Tec public dataset)
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Fig.13 Image reconstruction and visualization
(MV Tec public dataset)
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Tab.8 Results of ablation experiments for each module

%

ASPP | SSPCAB | CBAM | MSFEM AIEJI;T()C A%%E)C Riro
100 51.8  [39.5

N, 100 53.5 |43.3
N/ N/ 98.6 60.0 |42.2
N/ N/ NG 95.4 78.8 | 48.6
N/ N/ NG N/ 94.9 84.5 |58.1

EPRINAE FneHRC] ip: &2
KHE 4 )R 5 R R B .

CBAM MLl o] 5 Bl I 2% 2 > Fe i K HE (5 2
it v A AL 1 E B M Rz AR BE ) . R E CBAM
1Y A R B s R L AE R B 2 818 2 S L
CBAM MLl 5 SimAM™ | ECA®" I ELA™iX =
FRCY AT AT B AL 23 500 HT T 5 I 2 R A7 el gk
Bb S50 368 3k T il S 58 X6 EL 40 A7 AS [) AL i 6 9 4%
PERE B TR . 0 9 fr /s . CBAM 1E 31~ 48
b B O0 T HoAl 3R HLE . CBAM T 2 1 #L il i
i KRS RE R BERS T E
A 28 TE B A A WOG KRR BUE 4R B Ry BB R0
53 B 5 22 O B E R

®9 FENNHERIBRER

Tab.9 Experimental results of attention mechanism

ablation %
YET- 3-
SimAM | ECA | ELA | CBAM AIUiToc A%ER(’O c | Rexo
N 83.6 81.5 52.6
N 69.2 70.5 45.4
N, 91.5 63.5 35.8
N, 94.9 84.5 58.1
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Fig.14 Experimental results of loss function ablation

R 2 MR AR SO R N B A RAE L N e
— AT R B X L SR A . R 10T
INAANFTT R R . HERI~K
7R M F FAIR.DRAEM 45 3k F £ (19 &
I T7 5 AR SO IEAE AR/ B RT3 T L IR
/N T SRR O A T I GRS o
W, I AR B R A E L 3R A T DET-AUROC,
SEG-AUROC 85I $2 Tt PRI 1 B b 1 Bk 3R
5 FIVERE

F10 BEUIHER
Tab.10 Lightweight experimental results

A3 Simple-
FAIR | DRAEM FA
Jrik ¢ Net
ik 0.004 0.249 | 0.126 | 0.256 | 0.027
SR /10° 69.0 98.2 23.3 | 11.2 68.9

TR /107 | 159.9 198.2 69.3 1.8 11.4
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