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ERA-UNet:a Multi-feature Extraction Algorithm for Chip Wire Bonding

ZHANG Xiaoguo,DING Ding,WANG Shiqiang,LIU Yafei
( School of Instrument Science and Engineering, Southeast University , Nanjing 210096 , China )

Abstract ;In chip wire bonding X-ray images,the grayscale differences between wire,solder ball, and grain features are small , making
traditional image processing methods, such as thresholding and edge detection, ineffective and complex. Although many deep learning-
based semantic segmentation methods have been developed ,chal-lenges remain in multi-class,small object,and multi-scale segmentation,
especially for high-resolution chip images where model complexities are high. To address these issues, an improved U-Net-based chip
wire bonding multi-feature extraction network ( ERA-UNet)is proposed. Firstly ,a smoothing convolution early down-sampling module is
introduced to reduce GPU memory usage and computational load. Then,a residual multi-scale fusion module is designed to enhance fea-
ture extraction,and skip connections are modified to achieve adjacent multi-level feature fusion. Finally,a chip wire bonding semantic
segmentation dataset is constructed, and extensive comparison and ablation experiments are performed to validate the algorithm's per-
formance. Experimental results show that the ERA-UNet network achieves an MloU of 93.05% on the self-built dataset, outperforming
other advanced networks in segmentation performance,and achieves high-precision real-time extraction of wire bonding features.

Keywords: chip detection; wire bonding ; semantic segmentation ; U-Net;feature fusion;residual connection
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Fig.1 Structure of ERA-UNet network
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R4 TR, H0HAG R 20w x4s, HIEKREFH SR
[1,6,12,18 | i} MIoU F 55,35 8] 7 92. 21% , # LA @ ik
BEURE T 0.63% ; 34 in sy L Bt , 7% S B2 BE08 2, B
MIoU B2 MK , 2RI IEA L4 R A AN P RR R T
H A SGET P AR 26w x 4s MEIKREFHGH1,6,
12,18 ] ff) GDASP i}

3.2.3 4Rt % BAAERR A HEH AMFF

R T PRSI R T HUHI IR, 4 GDASP )5 4
#5IA SE.ECA SK.CBAM Ffll CA {# & A8k, SLae 45 R
5 fis.

MR S PSR EAR T A, A B SR R R A
MloU, JLHZRF CBAM & A5 ET , MIoU 58] T & &
{H91.97% . Jr4h, A CBAM X5 $0ia F 18 i 55 I 488
A, H A SO CBAM 1R BBl

S T B Bk BR O e B R SR 2 R AE Bl A AR B

AMFF XPRTIME BB AR , #0477 LI - K Bk B e e
4 AMEF, 73 5 I i B 6 ) AMFF #01 [s] 82 Fil AMFF 5%
222 ROE R RMF B8CR , i A1 identity {8 45 B 18
BRI RS IR T e Xt AMFF [, L3045 R
Wk 6 PR

RS AFEFERIS XTI AR R

Table 5 Impact of different attention mechanisms on
model performance
Wi bev=wil MiloU Params FLOPs
B (%) (M) (G)
X 91.58 14.40 176.10
SE 91.81 14.45 176.12
UNet ECA 91.61 14.40 176.12
WEDSD 91.86  18.84  206.43
w/ GDASP ’ : :
CBAM 91.97 14.45 176.13
CA 91.82 14.56 176.16

# 6 AMFF iR AR B
Table 6 Impact of AMFF module on

model performance

FiA LR TEEM MIoU(% )
U-Net X X 91.18
w/EDS-b X v 91.65
w/0 RMF v v 92.30

MK 6 TTRIE Y, Bl 5| AJE S I, MIoU A XS 3275
T 0.47% ; B[RE 5] ASLZ IR, MloU HXH 425 1
1.12% . SKIRUER] 1 W& A 0.

He FIRFF RA: EDS-b il Sk 2 RIZREIA R RMF
TR 2 AR S BEHE AMFF — RIATA R4S, FEXTE 22
FEAE IR A FIRPEAEAT 1) 0 BV BCR BT PR , I A SRR
RAUNET iR,

ET AFEBHAAEOR RN

Table 7 Impact of different modules on model performance

## EDS-b RMF AMFF .IOU( %) - MioU
die wire ball (%)

X X X 98.85 93.44 82.33 84.45 89.78

v X X 99.49 97.27 82.83 83.16 90.69

U-Net v v X 99.53 98.03 86.43 84.98 92.25
v X v 99.45 97.76 85.97 86.02 92.30

v v v 99.58 98.23 87.01 87.38 93.05

7 1, bg . die wire 1 ball 3 HIARYE F. B .G14M
JEBR. 25 SV, 1948 T RMF BB AR 481 ARk 32 B FiR
BUEERE BT 30E B R &, 78 EDS-b (LRt #Hn RMF
B RBAE (7715 MIoU 427} 1. 56% ;T EDS-b 5 AMFF (4 &
FRE BB R AT &2 24 FF 11 ] B SE B4R S 2 b R4, R
I MIoU {H M\ 90. 69% R 2 92.30% . R}, & %685 - A TR
FRES B R AT A, A R HT 2 FI R A — e B FAAE
F A% AR E SCA BT AN, EDS-b BEER 3 S R ARAE Y
B RMF BEHEE § | 2 FEBR M B H 12, AMFF 5] 48
BRIBECECR IR TN B3 A CHE AT U-Net # EDS-b

+RMF + AMFF [ #4857 RRAE 45 A F RMF REHCERAFIE 4R
HRRESI LA S AMFF BLHOETRARRS 289K 2 15 B A 1 , 15 MIoU
BATRENT 93.05% ,AH EL T EERHK) U-Net BLAHRTHT 3.27% ,
LR TR S IR RS AR B B0 E AR T
3.3 fLbxP
ot — IR UEA SCHE 19 ERA-UNet [ 2545 8 i) 43 B P

BB A 22 ML 9 18 435 B U-Net!” | SegNet'*™ | Deep-
Labv3 + -1 Attention U-Net'"! [UNet ++ 7 fi1 U?Net!'*! 3t 47
X, 7E H B GIREEATE U BIBUR 45 1 IR T I % B S
25 RN 8 s,
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Table 8 Comparison of the performance of
different algorithms on the test set

PRy MIoU( % ) Params({ M) FLOPs( G)
U-Net 89.78 7.85 506. 49
SegNet 89.97 29.44 1446.08
DeepLabv3 + 87.31 39.75 534.32
Attention U-Net  88.36 8.73 604.10
UNet + + 90.01 9.16 1255.39
U?Net 87.80 44.05 1359.03
ERA-UNet 93.05 19.92 228. 67

MK 8 F th, A SCHE Hi B ERA-UNet 2575 MIoU [ #

(c) U-Net

PRamdy , A T A ST B o BRI 0 UNet ++ 48 GERH T
A% SCHR H Y ERA-UNet W 45 (W1 45 %% 1. JF H.,ERA-UNet 245
BRI , 8 T R Tl WA 45 P S B A 7=

Y SR B MR B S AR AR I B R R A
FHIE BB BIRUR I 9 JB7R T ERA-UNet W4 F12Al U-
Net MBS R, Tl B S8 2 H BT B, TE80R
SRR T ARSI TR R, R B
11 REBHCK.

ML ES S AT UF Y, ERA-UNet 43 ) o G 8 {8 T
U-Net il UNet + + , H4H]530 R ERE A0, B T I Hk /R
FEE SURAE 860 T U-Net F UNet + + 4380 i BUIK T £ 724
E .

(d) UNet++

(e) ERA-UNet

B9 AFM4E o34 R

Fig.9 Comparison of different network segmentation results

4 5 it

A CHR 3T ERA-UNet (55 | 51 £k & 2 AR AE 4R ER
B TR X SRS S BB AP B 2R RR AT ok
FRAEAREIRARIR. 1 5IA BT RAEBIR IS T GPU 77
SRR R, 2T o R 8 4 P35 45 M) GDASP it
52 22 RO ARE Bl 5 AL A OISR T FME SR B, IR et T
BRERE R SCIARE 2R AHE MR B, AT 7ER A B4R 5
TIESEIREE.

THELSCIRUER 1A SCHP Tl gk fYy EDS-b .RMF il AMFF
R THE AP RE AYAE . AT, 5 HA SE 0k A 25 AR )
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