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[Abstract]

Laser welding applies a high-energy-density beam to the material, involving complex physical phenomena,
and the measured optical signals exhibit non-stationary characteristics. Defect-induced signal variations appear
not only as amplitude changes but also as changes in frequency composition and baseline shifts, and they rarely
form fixed patterns corresponding one-to-one with defect types. Accordingly, a model is required that can be
trained using only normal data while jointly learning local time-domain patterns and time—frequency characteristics.
The proposed model represents both local temporal patterns and time—frequency variations through a hybrid
time—frequency embedding combining a multi-scale dilated 1D convolution branch with a Morlet wavelet-based
wavelet transform branch, and learns global dependencies among time steps via temporal self-attention. The
anomaly detection performance was evaluated through synthetic anomaly injection experiments using various
condition combinations and varying anomaly intensities. For actual defects, the model achieved AUROC of
0925 and 0.941, AUPRC of 0.923 and 0.931, and recall of 0.901 and 0.912 for localized over-welding, corresponding

to localized signal variation, and gap defects, corresponding to signal variation over a wide interval, respectively.

» Key words: Laser welding, Transformer, Wavelet transform, Anomaly Detection, Non-stationary signal,
Photodiode signal
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I. Introduction
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Battery cell tab—to—tab assembly
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II. Preliminaries

2.1 Deep Learning Approaches for Welding
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III. Experimental setup

3.1 Signal Acquisition
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Fig. 2. The multi—sensor laser welding system
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Table 1. Specifications of the acquired signals
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3.2 Signal data and pre-processing
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Table 2. Synthetic Anomaly Injection scenarios
defined by anomaly duration and injection location.

FHRlL HRE 5, m, AL, T

9
= ‘(E)! Sout > Moyt 71]}\\_].—6}93\]:} AC %

wAtol ¢ED
ID Duration Position ty 4 s
SO1 | Short(150) | Early 170 320 = Mgz U R, = 2 2Aloz A,
S02 Short(150) Center 500 650 Sout
S03 Short(150) Late 780 930 (WL —m >
S04 | Mid(250) Early 170 420 baseline o]EZFe Uepj= R, =1 0
S05 Mid(250) Center 500 750 Sout
S06 | Mid(250) Late 680 930 X A=loich T Al ASES oAb Al
507 | Long(300] Early 70 70 Alos &S0} Fig. 5(b)e AA| 2T ol A= Al
S08 | Long(300) | Center 500 800 7] HHYol euvjHet Aus HoED. et R, =
S09 Long(300) Late 630 930

J\Zo8 ZA TLHL oF 2028 7 B 1928

[e)
Wololl Bysly olcl T A3 mwT Sh o]Ao
Table 3. Severity levels for synthetic anomaly injection. deloll 2Eopl JlH. & 2 2% T4 o1l Level

Lot 5 03 s O} Table 2041 A3 A7| ekt AA) Asol
Level 4 2.7 0.7 UEE= HE 252 Ao 51, Level 1(9Rt o]4d)at
e o o Level(Zt o)A ZYSI= 2 TdE9lE-g olojgic.
Level 1 15 0.3 E3h Fig. 58 ol & & Ue= A2 F 7] 2=
TEotgloLt, AA| Aol tigh Als MAR= Ul Thefst

(a) Distribution of I:tof?\*rllealss\ii:{atl; Ie;rz/clieiynthetic anomalies s }‘P\(_ E}H‘i._]?g 6}7] 01%':}% 7}_1 % Zl.;g;g‘ oz %p _/'\_ %lq
7 me s Anomaly Injection Signal I3 R, BME & 20| A& ol Y
| { Epbd), 24 3H8ge 7 2o ulsh &2 baseline

' s BRitE AS € 4 ook v A B2

Rmean (baseline shift)

05 10 15 2.0 25 3.0 35
Normal Signal Rsis  (AC amplification)

IV. Proposed Method
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= 1002 OF 102Hz, s=2% OF 5 118Hzo] tjSstoa
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dFe e A
N=1,0809] AJAE ,
Sx N 3719 magnltude ap2 TJgttt. sig map
o] 7t YA Y8k scaled} AFOIAMY w4 Fupa
HE 2HES Uehach

Fig. 80]A41%= ZF ¥140] S x N magnitude map°| &
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2 F=&35t1, & 9 layer+= o] 16719] feature map2
xoketo] 128719] time-scale feature mapO 2 %%}?_P

0]% adaptive average poolingS £3l scale &4t
RO* P2, AIRE H(N)2 Ee s =g fXIR. ol=
AlZt 02 o] Transformer block® temporal
attentiono] Al @92 SANSHH, o]4o] WA¥st= Al

filo L‘

S ZAaXoz mAN] %’AﬂOlE} olof wat CWT
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2|5/ 02 T branch?] feature map2 Af'd AtYo
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Temporal Attention =

1
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(2) Convolution 2D
(128,16,3,3)

1
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S

(3) Adaptive
Avg Pooling
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Fig. 8. CWT Branch

4.2 Temporal Attention
2 9d0] g2 AE Lol N=1080 o,
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2 93 Zolo] Algel vlelstel S/t ol 81 A
feel sy 2y sdd. ol dsil gl
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Q(v)_ (lou n WQ’
K<"") = X(E:u)m WK’ (5>
V('u) — X(l<(7)}71)}71 WV
(0) g ()T
Attn'”) = Softmaz( 4 \/de v .
h

Table 4. Architecture summary of the proposed model

Output

Stage | Component | Configuration Shape Params
- J=3,
Multi scgle (K.D) - (V. N
convolution 1,328
branch | @ 1. (8. 1), | 128)
(16, 4)
Morlet CWT S =128,
Embe branch w, =6.0 (V.S.N) 0
dding Conv2D + Feturemap
AdaptiveAvg 1516128 (V,S,128) | 18,720
pool
Concat +
Linear 256—d,, 40 | (V,S,256) | 65,792
projection
L=3,
Temporal Multi-head
Edncro Transformer D =_4’ (V. N, 2,366,208
e | Block x [ | PownTsamp | 256)
ling = 2
FFN=4
Reconstruction d
Output head moda 1 | (V. N, 1) | 33,025
Total ~ 2.49M
Aot @Elo] M| L&%= Table 42+ ZT} Embedding

dAOA ZF 4= multi-scale convolution branch@}
CWT branch& ¥H& Exsto], 27+ 1287 AjE9] &
s AYAdsta, 0]6 ZAst=E]l 256xFY E30] linear
projectiong AA d,,,,, AF22 embedding© 2 gt
Ht}. o]% 37]9] temporal transformer blockg £
sto] A4 Ao g &=ttt Aot BH9 &5 7hs ot
2fulE= & oF 2.49 Molt},

4.3 Loss function & Anomaly Score
Alot 2E2 A4 dlolEol diRt A QAL
(reconstruction error)s 7|gt0 2 o|A} oft2 msth
ot 2 ZoME Shsoll AR 24 et A 2
AEshe e 7lesith
2elo] Qs g 8 A5 X eRY Yo} Rel]
M2 &2 XeRY* VY] xol B AF 2AHMean

AI2EH anomaly scoreE

Squared Error, MSE)E &3l At=sit

A|oFsh= anomaly scoring2 sliding window top- K
mean aggregation ‘W& Z-&5IH, ARk o3k 2

(1) 9= Alset A Ale 7] AFE-#HME
reconstruction errorg AASHE

(2) 718 8R(MIHE) ©@9]9] Al 52 sliding window
2 2&st1, ZF window WollAl A AR errordt &
49 K% gere YES WRAL o gL oA
window®} i AHE-S CHESH= scorez AoJsict.

(3) AjdE = A& score= 7t Also] &
Uil 28U R VIS 9% 83 B8 M

—Ei SNV maX(SN1R+ 5v15> RAsHE ¥ L/O

£ GOl 2 25 IS 31 93 AsEy o

5 o 9ES0] S ALY i BFgE=
S ERE P 946 B} Fatsic}.
o9 M 7} 2 hyper-parameter =&0fl= sk 24

=
]‘17_'3 47}0} D:], 7—|} AUROCyy » AUPRCyy s Ty Oﬂ 6H

e

V. Experimental Results

5.1 Implementation Details
2 A Bde) 8 87 2 8% Y 714
ot A9t 22 Pytorch(v2.1.0, Python 3.12, CUDA
12.8) & 4ojA 13lstgory, 52 Google Colab2]
NVIDIA A100-SXM4-40GB GPUOJIA] 4:33519ict.
Z)ASH d12]£ 02 Adam optimizeE ARSI AL
Sts 719 S &Hshr] sl warmup A7E2
£ X85t o epochuft} validation Hlo]EfAlo] Cf
gF A &S AFESHe, sl Aol UA Sl4 o]A)
2 5= 271 &&std, FA
92 35 292 A

ei5loict.
vl 20l RNNZF LSTME 71& A|A1E T8l 8157
H]—oﬂ}q /\}Q.Q qh:‘__x%o] o}ﬂa =0z O}E;];(;] o]EH17]
Aot meol WTAS} H]wal7] 95l Auto-encoderE 2
Gt HIX = Aid 718F o) 'Rl Rz AAlskct A
Alet vl =HEof tiet 442 Table 50f 725ttt
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RNN-AEQ} LSTM-AEQ] encoder & decoders= =35t
RS Lx 2 AT Encoder= + 7§9) recurrent
layer2 AE W, hidden dimensionS $APHO2 128
1} 642 7SI

= YR} encoder layer? Z|% hidden state
(hy €ER*)= HYE EG ASS Eo) 3241Y9] latent
cR¥*)o2 U&=} 0|3 decoder
L latent representation© 2 28 hidden dimension2
649t 1282 AR o g aAlet 5 A& Ad AES =3
71} 42 HaNIR, VIS, L/O)& A-dst=S 275t
At

representation(z

Table 5. Configurations of the baseline models

(RNN-AE and LSTM-AE)

Parameter RNN-AE LSTM-AE
Input variables 3 3
Sequence length 1,080 1,080
Encoder_hidden [128, 64] [128, 64]
Encoder_layer 2 2
latent_dimension 32 32
Decoder_hidden [64, 128] [64, 128]
Decoder_layer 2 2
Output_dim 3 3
Params ~0.06M ~0.245M

Table 6. Training configuration shared by all models

Parameter Value
Optimizer Adam
Learning rate le-4
LR scheduler Warmup
Batch size 32
Dropout 0.1
Max epochs 80
Early stopping patience 15
Table oot vy 2

62 70 o meiujel2 Aot
9 85 ST 3% dolele} s ARl ot Bols
SUA RASIT oA ekS Defsioict. Fig 9% o
& WHOA9] LossE B4 0, Fig. 9(b) Multi-scale
Only Model& Aot @&(WTA)S] ¥ embedding +%&
ofA] CWT branchS AAsty, QA Multi-scale
convolution branch¥te AR&3H 02 T35 SiAtE
£ 7ZF= 1D convolution layere] ¥H=E x5 E5)
token B2 JLAJstct o] 2 Ao By} Hlwdho 24,
AlZt-Zuk B30] token B39 FA ©A] 45 7]

of =& =Rlstt}. 3 Fig. 9(c)=
Multi-scale convolution branchs

CWT Only 2@z
AAstL @A
Morlet wavelet transforms embedding A HlE S
grEL upS 2est Ao Relolth ANIEH ATte 5.3
A Ablation studyo|A] 7]&3tt.

(a) Proposed Model (WTA) Training Loss

(b) Muti-scale Only Model Training Loss

Best Validation (Epoch 50) Best Validation (Epoch 66)

(c) CWT Only Model Training Loss (d) LSTM-AE(Auto-Encoder) Training Loss

\ Best Validation (Epoch 63) Best Validation (Epoch 55)

(e) RNN-AE(Auto-Encoder) Training Loss

Best Validation (Epoch 35)

Fig. 9. Training and validation loss curves for (a) the
proposed WTA model, (b) the multi-scale only model,
(c) CWT only model, and (d) LSTM-AE, (e) RNN-AE

5.2 Evaluation Metrics

2 TN B o TR 4b-g HYH Bl
215} AUROC (Area under the ROC curve)?t AUPRC
AUPRC (Area Under the Precision-Recall curve) 1
2]1 Recalle 7t A B2 23519t

Recall 2% EolEE Al B dolH Y
calibration set@] 97th percentile2 AF=% threshold
oz Aktstict.

=4,

5.3 Analysis of experimental results
oA ARt ey} vl W 7HO] o) 4f '] 4
S2 Wy ol £ AAS T Bt
O 3.3A0A =930  Synthetic Anomaly
Injection Z1}= v}ErO 2 Anomaly score ’\Féoﬂ ALE-
%)= Sliding window size( W)Qt top-K 8] Crid
search2 £35l &% 9ct Table. 19] 6HE4L6}— 9719]
Alu2] et Table. 201 s st 5709 ol Z&of o
St & AXF= we {100, 150, 200, 250, 300} o]d,
K4, 6, 8, 10, 15, 20} AZdstdct. 9719 Alue] ¥
2 57119 o] ol @ AUROC, AUPRC Zxtof] gt

or[.g:

17
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Bk Adsigion, A8 Ane g gl AL
2 ejolelg 24 sejoje R AEEtgion], Fig 102
0 Aakg wojEr)
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Fig. 10. Selecting the optimal sliding window size( W)
and top—-K%

7 Q481E A|BZ sliding window size= 150,
top-K H]& 15%=Z AAE|9I 00, o]= Anomaly score
AAL Al window UWH-=2EE Point-wise error & A
2INE Bot Bt AN H. o]%9 2= A
M =2 ot E vl 2310} ablation g0l &
U5HA| -85, Anomaly scoring £71& AR AJH
ol =edof ofgt Afolgkg Bl 5T,

Cad mefulEE Agsto, Aot RE(WTA)} vl
L5 (RNN-AE, LSTM-AE)9] &%] 4525 97 Al4e]
Qo tfsl] B]wsttt. Fig. 112 ZF AJU2]0fA 57}A]
AI71 2Hof ofislf 4t=gh AUROCE AUPRCO] o2 2
dg Hoj&oh
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0,90 4 \ ‘Dd—‘c‘
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Fig. 11. AUROC and AUPRC of the proposed model(WTA)
and RNN-AE, LSTM-AE for nine synthetic anomaly
injection scenarios

AR 4571R] o) 4 &0 dist B AUROC=
RNN-AE 0.8076, LSTM-AE 0.8622, A|9t 2% 0.9362.2
UERo O, Aot RE(WTA)O] & vl REHCE =2 o]4f
BIX] A9 HAr} T35t Ao REYWTAKL o]} X091 =7
9] ‘*‘9}0115 AdrRl o 2 oPgARl &R] 4452 XI5
AU FF2 AmEH, ol 2 to] A2
Short AJL42]{2(S01-S03)ol|A =& 7t /d5 Afo|7} Al
Moz FA UEPHT RNN-AESF LSTM-AE= 4 A
HAS SRR o7 X2stl o]5 1A Zol9] latent
representatlon_i Y&t & Ajdstez, AA| AlE
A Z A oA BASHE gAR Rl Als HelrT AR
xo] F325] BEHR] A2 4 QT

9ty Ao 2L multi-scale convolutions £35f A
2 T2 receptive field9] =4 A|7F Ij8§lS F&51,
Morlet wavelet 7|8t embeddingS £5} AW A|7H-Z
o 542 I B i ol AR e e 1t
st 748 Al Hstol] oight 2922 =0] Short
AlUE] o= iAoz =2 X
gl 7]ojgh 7oz wHEc

Fig. 128 =4 mEClo| 0ot KA AlSof| EX 17T 0]
4 a4 Alsof sl CWT branchg Sx5l&
o] Atolt}. g4 Al=oi e o]A &4 Al 2R
& Begtolr] whiEo] £7 Fupart AYsHR|RE oy
QI magnitude Hel7} LERATE
= NIR ¥ VIS AL Aoz
magnitude 571} £x HapP &
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S} AR-Zke golold 2440l ofuix] AEoe U
ER, CWT branch’} 0]& embedding @7|0|A] AT
&2 HojEth ol UA] Short AlL=] oA AIQH 2H
o] Juidog & X 452 HQl ZAufe} duEcy

VIS Channel L/O Channel

(a) Normal Signal ~ NIR Channel

Fig. 12. CWT magnitude scalograms of the NIR, VIS, and
L/O channels for (a) Normal signal and (b) the same
signal after synthetic anomaly signal

5.4 Anomaly Detection on Laser welding Defects

Localized deviation
(Over-welding)

Extended signal deviation
(Gap-defect)

Normal welding signal

T A

Fig. 13. Surface appearance and photodiode signals:
(a) normal weld; (b) localized deviation (over—welding);
(c) extended deviation (gap defect).

CAlRE A2 5 A &

al
SR} Atolof] 7k=o] EAIsHH AHo|A 9
glof, JujAloz gL ol AX 4ls
sSshs SAS et (18]
Fat AR 2RRloA #5351 4
golH+= =4 -84 20071, 78 = 200702} 44 Al
5007, & 900742} 78 &4 Hlo|H& ARESIGIH.
AAF golE] 5007+ ©o|A Calibration setof]A] kA
mietolg 24 % 4 ol #%, Threshold Al4tol] A
|EA] 42 5007 dlojE{o]H, A4} calibration set9]

97th percentile2 AFEE AARM <, )S XLt A}, @
EE2 0.0222 AL 0.03 oJste] £&& Bt

Table 7. Detection performance on real welding
defects evaluated by AUROC, AUPRC, and Recall

R 1]

Model Class AUROC | AUPRC g;a
Pr q Localized

opose Over- 0.92 0.92 0.90
Model welding

(WTA) Gap-defect 0.94 0.93 0.91
Localized

LSTM- Over- 0.83 0.81 0.80
AE welding

Gap-defect 0.88 0.83 0.82
Localized

RNN-AE Over— 0.79 0.80 0.78
welding

Gap-defect 0.82 0.83 0.80

Table 4= &+ A% 730l tigh EA] d2 Eol&oh
=4 2187 0] thslAl= AUROC 0.92, AUPRC 0.922 7]
2351900, 78 2o tjsfA= AUROC 0.94, AUPRC
09302 JrjRloz =& 32 Bty AR 7,049
Recall& 7F7}+ 0.901t 0.915 Bt

ARt e & 2 73 2504 AUROC, AUPRC,
Recallo] 0.90 ojatoz, 34 ol4t 21 7% opz}
ARl AoA Wk 22 230l disiA e ePgAQl
Al dee BTk

¥ @200l xjo]5 HH, 24 T-EA0fA Ao v
(0.925)2 LSTM-AE(0.83) & RNN-AFE(0.79) tju] zzt
0.10, 0.14 =2 AUROCE 7|53}, &2 1ol A%

ololA] s Rfol7}t FERFC,

5.5 Ablation study

2 Ao AQF 229] hybrid embeddings /g5t
+ F branch?] 7]o & &Qlst7] $fsl, ZF branch& A
st A3 v|wstgct Multi-scale only= CWT
branchs A3t ARE Y} tF s 2o
embeddingS A5t Zlolg, CWT only:= vz
multi-scale convolution branchS A|Ast JLdo]jct
A e SUst ot dlojelet 34 HAIA StaElg)
00, anomaly scoring T=I0]E(W =150, K = 15%)
ot @7t 27g UM fAISIAH. AR 72 7749
AAF calibration seto]|A] 97th percentile® 7J¥ AF&6}

, &YsH REE £70f|A Recallg 8] w5

Table 82 AA| 29t HoJE{o]| theh ablation A&
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Hoj=r}h = branch & ot shE AAS Ao e
KoM 750l A5t et =4 A-87d0f] tigt AUROC
= Aot 2 0.9250)14 multi-scale only 0.874, CWT
only 0.8952 7+As}gd o], 78 EaFo] ts)A = 0.9410]
A Z37F 0.884, 0.9000.2 7+AsHACt. Recall E35F =
gt A4S itk

Table 8. Ablation study on the embedding structure

Recall
Model Class AUROC AUPRC @r
P q Localized
ropose Over- 0.925 0.923 0.901
Model welding
(WTA) Gap-defect 0.941 0.931 0.912
Multi- Localized
u Over- 0.874 0.863 0.854
scale .
nly welding
© Gap-defect | 0.884 0.865 | 0835
Localized
CWT Over- 0.895 0.881 0.862
only welding
Gap-defect 0.900 0.880 0.854
o= 14 7F HluoAls CWT onlyZ} multi-scale
only B}  AY §Y BFN £ Y5 wal
lL go]x 84 A= oA o] o 2Jgt W7t A7t
of K% wish o} Fufs 1o WakR e Uepto,
ARF-Fops Eo] ofeiet Wate At O] Qage
AAFRICE Cf9t % branchg Aget A9t 2dlo] G
TFEN RE ARoN =2 52 EAte A2, AR

Aolo] th ST T4 TElT A0 £30] A2
FEer) o A4S BUH FBE AFFAL oo,

VI. Conclusions

2 AtoME HiEE] 2s 23 579 tab-to-tab 2
o|F 82 ol BAIE Hsl ¥l 2EHo|E Ale
% oA &3 A2 g EESr BIX® 7|9k o4 ©A] &
ag AU A WTA 2 ejolq &7 Wl
Ve Thed] Wsa 45 u]57)8 A E4S 1ol
tol, APl A SBT S4 WS A 2hue
s oldthe Aot 71E9] AAY T ot B2t
=ZARo0]1, ou]x%gi UEH= oAt Tjjel e g&Xog
ApEs)] ojzlg e 2 9Jolet. o] & AolaE J1E
Transformer®] embedding &9 CWT branch®}
Multi-scale dilated 1D convolution branchs 283}

of 2olx & v AleoA SRt 54 2SS @

VAL STk EE, AR Aol 5 At 2% T
tieh efEdS ARl A-835h7] 57| tiwoll Synthetic
Anomaly Injectiono]] thall 971x]9] A|ute] @& A-gsto
oV £ YA, 5% 7RE Walet 571719 ol FES
WSAIA ARk WTA 20 4% 3712 Fiastart.
olof £3], mAaXQl o] Hato|A 7]E AAE HH
8F2719k01 RNN-AE, LSTM-AE Hr} 943t Astp 2
ot EoF AAl 88 - F8 BT Localized
Over-weldingd} Gap-defecto] tHejAl= Aore ZEo]

Aol disll Z+2F AUROC 0.92F 0.945 7155t o]4
R0l 5t &R deor ERlsiyit
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{\__6_9_} ]O])ﬂ Eﬂ }\]_—9‘_2 9,]-_9_5}0:] E.EHH C'a KJE%
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