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Abstract

In the field of defect detection for electronic components, the main methods are traditional image
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processing algorithms based on machine learning and intelligent image algorithms based on deep
learning. Deep convolutional networks can automatically extract deeper features of images, avoid-
ing the complexity and blindness of feature extraction in traditional image processing algorithms.
Therefore, this paper proposes a method for classifying electronic component defects based on a
dual-channel multimodal convolutional network, dividing electronic component images into two
categories: Pass and Fail. Firstly, to improve the generalization ability of the model, this paper
uses data from two modalities: Top light and Side light. Secondly, to solve the problem of insuffi-
cient training samples and class imbalance between samples, PCA Jittering is used to augment the
dataset. Finally, in order to achieve effective coverage of the model for different modal data, this
paper designs a dual-channel convolutional neural network based on feature fusion. Experiments
show that the electronic component defect classification method proposed in this paper can more
effectively deal with the problem of insufficient training samples and improve the performance of
the model through feature fusion during training. This will provide important technical support
and application prospects for the development of the electronic information industry.

Keywords

Deep Learning, Electronic Component Defect Classification, Dual-Channel Convolutional Neural
Network, Multimodal, Feature Fusion

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

HLT5 B s A SR AE A BR VS BBl AR AT, DATABR A R B AL S AR R I T A B B 17 i A
BT T2 RV XSG HL 7 i AN W R 0 Ak 2 AR B A T IR R, R % o [ SO e 1 e
FEk. Bl Tk 4.0 BARIEISR, HLESILHEAE 3C il A G moR i E B M €. 78T oas i 1
RERST I A3, N T H RS A 20 b ™ i AT B A AR G A 1]o N RS AS I R R 2RI SE
P25 KBS RSB, i S B T AR = R BRI R R [2]. H R, HLASALSE 2 S B
BREHIE OB AR 2 —, CECONE RN TSR 1A T B3] [4]. Horh RECR A THLEE % 21 1%
G PG A B R R TR 2 ) I A e R B

Stk it Tl R G0 75 B ok b (K 7= S PR, 7] Bt ok i 7 A AR 7 Ik R v AT R B I [S] [6].
Capizzi S5[7]H&H T —FhJE T 25 [0 2K 5 FL A 0 B AR WU 25, SR FH 4% 1] S5 AR 0 4o 440 TN 468 SR ) /K R b ) e
FFao Li 5[0 FH 23 () AR P L AR PR R AT SOCARAE /0 BT, Pl S ok Bt i B e pi g &, TR I
SEL T 93.3% MMl Z . Chen S5[9]42 tH FoA S0 22 45 M A5 8 A1 Bennamoun 5[ 10142 H I SCHEDE £
R 752 T 97 2300 EAS ERR BRI o SR, IR E A AR 4% 11 L IR it ke B R TR SR O 1 52 A M
B H W SR AL T B8 4% Lin Z5[111JFR 7 —F 44 4 LEDNet (1364128 WX 28 A A 73 2% LED 65 A
ERERRE, SEIL T 5.05% iR FE . Kumar S5 [ 124580 VR B2 G AR 22 00 28 SRAS AN 43 28 T /K TE B, XA
T 86.2%MIHERE R . Wang Z5[ 1317 & T —FhEE T Fast RCNN S35k (1)) L] 5 247 B B F6 2025, BUS 7 81%
(5 EAERR

AR B AR T XOETE 2 A AR 5 L B8 H — PP 6 f T oo 2 AR R S 2 B il . 12, e
RURNZAGRE ST, ARSCAE A Top YGIEAT Side YOI MEAHIENE . FIK, N T RRFEARN LRI, &3
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KM PCA Jittering J5 0 MRS BATY 1Y, DI INAR SR 10 2 FEVERIR R Iz AL e . Ba, N T
S AL PR RS Bt AR STk T 00 E 2 S B N R & 2 RS EAE R R, DA
By LT TG A R A 1 0 SRR B AN AR E 1

AR H by TR B R R SR A HOR SCREAT RN I A 5. 3 5 v i T oo s AR R B R A
PEMIZLER, AT LU HL D AT M PR 5 s ) A A 7 R BTl B ok, e S8 R W A R A
AT

2. IRHGE
2.1. EFMERLE

BRE M 4% (Convolutional Neural Networks, CNN)A& —FRR 22 SRR, 732 B H F TS 58 40
B, )& T UG A SO AL B 5 20 M 14]. BT RBGE B T A2 i b 1 2 (AR 2 458

HBRME M IEE 2 N ERE WS ERZM R, KR EAZEBH— R0 0] 5 ] i E S (R
FRABFIZ) . X eIt SIS AE R ANEAE b A7 R E B A AR S B, i i A AR AR e e S A\ B30 1))
O . BRUZ M AL s B AR, WA i B R R A el AR L 2 TR RST AT k2> 194
25 SRR IR R RHE AN o B 5 8 A e S R R 3R AR B 38 A 4 )i A S B 5 R

LA 2 BA JIAE R A BN REN B 3% ) P IR IRHIE, B/ F3hiX
THRFESR AR s 5 AR 3 VR RN e =2 AL PRI L o e 43 D 28 7 A 3 PR S5 K TR Bl i LA v A A S 80 =211
AE7)s AR W 28 0 10 Ik )2 20 435 A 3 D L R SR el SR iy G AR AR 7, DT B 2, 2 g R fe
EHE B8 UE B .

2.2. ResNet

Bk 72 M 4% (Residual Network, ResNet) [ 15 ]2 — PR FE AR 0 26 2240, F AU I A 7 B R it 9 [4]
PATF 2015 4E32H . ResNet (8T H b il P iR J2 0 2 U125 H0 R 1 2R R FE IR HE 1) i, DA B 50 o 2%
W6 25 TR P52 38 T L B P 1 R R I R

FELR ARG 28 16 IR 28 PR FE S NI, 25 5 (MU B2 A5 5 B SR e, S EURHE LU ZR. N
T RPIXAN H] T, ResNet 5| 7“2 22 2] 7 (1 BAR . oAz 0 JBAR il id 51 N\ #8 2 1% $2 (shortcut connection)
KA H IR ZEF H (residual block), Fo VW24 5 2] 1HAE L (identity mapping) Fl15% 22 B (residual mapping)Z.
[] FR) 22 572

7E ResNet H7, FRZAYI N A 2 (a5 2 e AT B IR o 2 fo Vi 9 22 5d i Bk
W EERLISEE R, B 75 BN E R LER AR L, G T IREFERREN. 1t
4k, ResNet it 5| N\ T it & 7 —1k(batch normalization) A& 1E 28 1 B 76(ReLU) &5 5 F FA30E 2R B0FN 1E 1k
FeAR, kD IG R 2% 1 R IE B 7 A 2R E 1

TR ZE - ST BILE], ResNet AT AR IEH IR TPI4E, 41 ResNet-50. ResNet-101 Al ResNet-152 45
XL 2 L S P TH EAV AR S h R B 6, BFEEE R, BARKIIANE X 35155, 14, ResNet [
T REAE X6 At 10X % BEAG PR R 77 A T IR IR RE IR, BOA) TS BRIR B S M s it I B R A .

S22, ResNet I 5] NFkZE 5 ) (1 BRI JZ R 450, TEMR DR Z M 28I 25 in) jE A 1 8K
T, WO I 17 IR JBE A 8 10X 248 1 R R R .

2.3. BETHIE
ARSI AE ] Top JGUEAN Side YCIR AP/ RO B, RIFEHOCIRAMEDOCIE, wlsl 1 fros. frE
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MR L. G M T R B AR S M AR, mT DA ) AR T R SCBE M AR T, TR XS B, i T —
5 S A R I A Y A S 3

X Top JLilEAN Side YU MEA B KIFEH, 7T LLER AR E 2 ST R R O PR RERIR B . A [ IS 2
e T e S AN R A S, Gl Bl X SRR, B AT DAERAS B A T AT HE B O ARS IE R s . XA B
TR HZ AL RE T+ 73 FEHERR AR AN T 58

R, AFEES R BARERE ERA TAME . @S5S AR REE, W AR 3 2 R AL
TR, MG SR (1 R IA e

(b)

Figure 1. (a) Side view image of the component; (b) Top view image of the component
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2.4. PCA Jittering ¥ #E3 18

F 4343 H1(Principal Component Analysis, PCA) Jittering A& —FhEdE 448 77k, @I xR UG H s 2k
17 PCA FIBEHLILED, A REA DL N B 2 i 2 FEE . BLUR 22 PCA Jittering fY B AR P BR:

O PCA: M FIAEHREIAT F s . B BRI BNEE L i F 2 77 [\ 1X ] Do i v 58
PRI P 7 ZE 56 B SR BURFAIE ) B ARRAE (SR 523

@ R ke AR AEE N, R K k MR A ARy 32 B T ) o X SEARFAE
RSO AR R €/TE SENIE S 3 S w1 Y A A

@ BENLILEN: 0TGRS, BB R AN ER TN . BN EA TR 2
AN ER 73 A h LR AR B . B &R R A Xy

A=aau (1)

R, o NIES AT RFEBENIEL, VA R AP I, AR B

@ HyndEty: BFIRRAR ST E RN, [EFNREAR. REFHEAR S T RGHEA R 322
J7 1 BL K BERLI B 5T AL o

® EREISEOMPE®: X+ EiadRE MR, ERPEONPE®, LWRE M AR,
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i3 PCA Jittering J7i%, ASCHI A K — R85 JFUa Hcs 42 BoA MR IR BAT — € BEMLE B 9T
A, JFIRE BT PCA Jittering AL S BB ANE] 2 Pos. XA BT KA R B 2 HEE, R
Wz ACRE T, IR LA R . RN, IXRPJ7 0 RE 8 OR B Bt SR rh i) R RAR (b, R AT B
A5 SRR FEAS Z 18] 1) — Bl

(b)

Figure 2. (a) Original image of the component; (b) image of the component after PCA Jittering processing

B 2. (a) RIGTEE; (b) PCA Jittering IR fE T E1%
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Figure 3. The network
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WA 3 Ffr, ASCUUEIE 28 5 LT ResNet50 A PR EEBRNE 4%, 15 78 40 B 2 13S0 f sk
DURRIER Ao 2 M2 A BT B AR 3 3 (7] I A FE 9 A S A N8l s DR AE B i ) AT 2 bl i A
EMRHEEATRE S, AT A A G PR RE AV AL fE

P2 (AL AL A 70 2 ResNet50, "B HIZ MR ZEBRA R, M THREUm A WS KR ZRAE. S RZERE
BZNGIENESEMSERE, DA ROtAL S ) N Bl 115 2

FEXHIE PIZ A SOR ResNet50 (iR e — MR R AT IEN, DUE N ZHSEHE AR, Bik
o, ASCHAT TIETEZ TR MM, Rk H AN FEE R AT B TR A SRR, AT R A R 1
Bo BIua IS DR (LS IE ] KA BAE I AAZH, AT THFERI RIERE /. FERHERE S B, A
R P AN IHIE ) A R R R AT R o SRR RT DURE PN I TE RO R AL B ROt A Atk $RAUE 4l
MEERRIER R B, ASCREGJERRHMEL S — DR softmax WUH R %R, H Tt
T RAEST . ZATERRR N 9SS BER A, B MERBEAT A4k, AT UG B S
RS RIS

ASSORGHEIE M 2% (1 B v BE 5 78 0 M S ER IS 2, TRl R LR & S s R I TERE . EAEAL
BRAESS BhE AN [ B IR R 55 5 T BAT T2 (K 9 7

3. KBS
3.1. HiEE

ARSI B H5H H 4 T A ALK 5B B B SR AE P K 2R 16 Tl e g AR R A AS o 5 0 2508 i A 3L
18,835 K, JH Pass ZKAIFEA 9864 5K, Fail ZKAIFEA 8972 5Kk 4 PCA Jittering J7VEEIEY )5, A
BEHLEHL 15,000 5K Pass KA, 15,000 5K Fail 28588, AR 8:1:1 AL B SR N IIZREE. 56
WEEFMREE, B E 254 24,000 5K 3000 5K A1 3000 5K .

3.2. SCISIfFIE

ASZIG/E Windows10 2R 48 Tensorflow 3 5 2% I HESE N 47, {8 H Intel(R) Core(TM) 19-10920X CPU @
3.50GHz 3.50 GHz #: #2145, 64GB DDR4 A%, F{#H NVIDIA GeForce RTX 3090 &
3.3. THAERE
NIRRT 4 RSP RE, K FH T #E (Accuracy) . A5 % (Precision). 74 [7] % (Recall) >k
PPN BRI E. AR
TP+TN

Accuracy = > (2)
TP+ FP+FN+TN
Precision = Ui R 3
TP+ FP
TP
Recall = , 4
TP+ FN

b, TP, TN, FN I FP 3 RIARIIAME. HHIE. REAVERR B .
3.4. ZWHERE D

ARSI P F B2 SR S BN R . 2EF0N 0.001, FRAZSEIRIBKEE, BARMHT Step
Decay 1755, BITERRUIZR 5 4~ epoch Ji& , 5% 21 4% 0.9 [ LU IE4T 328 - Batch Size [1K/)N} 64, Dropout
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IEE N 0.6, epoch N 2000 #&VK.

3.4.1. ZIESHBIREIE
NUGAIE ZARASEIE 1A B, A ST B T R IAEE Top A1 Side PRI OE IR BRI 2 A 5256 HE47 EL
L3

Table 1. Effect analysis of different modal experiments

F 1. FRIESSIWHR S

Accuracy (%) Precision (%) Recall (%)
Top JY6iR 96.92 98.33 95.74
Side Jt 96.86 95.76 98.38
Top JGIR + Side Jii 99.10 99.39 98.88

SEERLERANG 1 s, AE Top JGlE R, BIMFERSHIZE EHUS TR . XK Top YAl LLfg
BEI ST, Bl BRSO (T4, AR TR Fail 2850 BUR AT HER 2228, 7 — 7, 1E
Side Yei T, BEREARR ERIHE A, XK Side Yelin] LM EYAER AT, A THAXT Pass
FANEUE AT A BOR A BRIk, sphfd B Top JeURAN Side YelR#l T LASRHE— B IR, (BAEAFIPEAS
Bhs ERIAIA

[FS, A6 Top J6UEAN Side JEUR A HEAT 1 k8. LIRS R IR, EASICIRIIEN T, A
EZ VA TE AR HEREAS T B o, BB MR KRS T, IX R IEIT 456 Top JEIRAN Side Y,
A DASRAS A T AN =F 5 1S Sk, AT HY S B X R I AE 77 o 2H -G 0 6IR 1) A Ao VB[R] 32 26 T Top
JCURSRAL A3 ) FEHAT Side JGURFR AL SO AT om A, S 75452 ) e 0% B 107y B A8 AP A R 52 21 1 e

CRETIE, SWINLsRIE T 2 EIE A k. @R Top LR Side HIRMA A, HRAEAR
[F R PEA Fa s S TS IPERE . IXUER T 2B HER 0 H, B Rl AN RS (1 B0 v DASRAR
AT WERARRER S, NI B S B Y PEREFIVZ AL R JT o IR0 T A R S o I FH v (1 52 4% ) i B 7
B
3.4.2. PCA lJittering 75 534F

NYSIE PCA Jittering J5 % 10A R, AR ] 2 B HdE 06 al |, ASCicE 1 RIREdE Ml PCA
Jittering HH 3™ K 77 ik SR HEAT LLAR

Table 2. Effect analysis of data augmentation

T2 BRIBHR A

Accuracy (%) Precision (%) Recall (%)
JR s % 94.85 96.16 93.91
PCA Jittering 3™ 4 J=5 %38 99.10 99.33 98.87

B, AN FIREHE AT 1. SIRATIR IR 2 P, (R EEE R EUIZR R RE A X 1A
GHAT — BRI 02, (HBTT PR A R S . HR, ARSI T PCA Jittering #0484 48 77
EREARELAT TR0 KRR R, BRARE 2 AVEE R bR _EAIS 1 s, R Ak BE K
$eTt. XRWLEILRH PCA lJittering il 17735, " LU INEIERK RS T, RETEZ A
PINZRREAS,  MTATHY SR AR (1) 2% ST RE S FZ AL RE 1. PCA Jittering J7 2 i 76 JR 46 MG b R 2 e 4343
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MrAIBENLIL BB 3, AR T B2 EGEEAR, F &5 T EIRENRFIERR.

LRGN S, SIS RIGUE T PCA Jittering 23841 77 vk (004G 2tk . 8 N % 1%, BEIAE &N E
by IS T B k. XUFEB] T PCA Jittering 75 V2% T = B £ REME I 1) JLEA — 58 HOMR B
F1, LA EUR R FE T, SRR R RE R Ak BE
3.4.3. RMUEIERLEEEHITEE

SURAIE RUGEE P 2% 1A e, R 2 RS EIE A PCA Jittering J7iERIERE B, AR E T RIG
ResNet50 [’ 2% A4 FH XUE T8 P 28 S 06 HEAT L3¢ o

Table 3. Effect Analysis of the proposed network and the original network

3. ALK S RIGRILE SR 74

Accuracy (%) Precision (%) Recall (%)
ResNet50 95.80 96.05 95.53
AR 4 99.10 99.33 98.87

o, FATHE B ResNetS0 FIZEHEAT 7 52, Sloss B 3 s, BIRLE &6k EIE 7
—EMFEI. UG ResNetS0 P41 Ay —FhiZe s VR FE 24 1M %, 7E UGSy AT S F A —EfbERE.
i, & AT B A B R A 45 i S SR AR I AR — R KR PR YE . BE Rk, JRATIH A P U 8 45 HEAT T
Se. SIIRLE SR, AR LIRS ResNets0 P, XUEIE I 1E 2 MPAEHR IS T 52 S0k, K
RAEGAVAEIRAR T, SRR T BRI, X F LB 5 ASUB A4, A0S L Hi 3 A ) A
ANFERAS I FREE S, S 2 A S B R A AL B 68 7. OUIEE Y 25 38 0 T — i 3 TR
R A LR, Bt AObR S A RS EIR NS 8, RICE TR F & LT

TR, e g IR T WGHIE I 2% 104G ACHE o M EEJBUAG ResNetS0 %%, XGEIE A2 1E 2 N T4
ks IR T BB MR T . BGE W) T OUEIE 4 T4 B 2 B A RO L BB L, AT DR
[ B A AL s
4. G5B

AT AR ASHtR (AL BRI/, 6 W T oA AR BR I > RAE S b AT T, B e, A Top
JCIRAN Side YEIRIMEAS KR, FATREAR T ZHSEARAE T Iuas fFoRIE 72 RSS2 . S
SUREW], G55 A FIBES ROBEE AT DR MRS A A ERG A5 R, TR T TR M RE . Xt — 2P
UESE T AER L5 S A RSB AP AL, Rl 2 e A B B 2RSS AR B B BRI T . ik, AT
RN ZRFEAA AR IAREAAPHI A AL, ASCGIN T PCA Jittering e 88 757%. SR 45 REH],
I FAE AR AT PCA Jittering 373, W DAMEINEUR LI S AL 1, SRz LR ). X —
JIEIERE N 3 e M M BENL IS 105 3, AR CE SRR R REAS, A ROt R TR SR S RE
BJa s, ARSCRTE T P RHIE L G R XUEIE G AR 2 M 2, DLSEEUN A RSSO 1A A . Sk
SERRIR, SIS FOETE A LE, XUEE P25 AE BT Ie ae A BRI 70 BT 55 h IS T AT RESR T
2SI et — PARFAE R A R A5, RENS SE AP MU S AR A FIRS B IR IEAE R, B TR
HiROT PR R 2= C

LR EFIR, ASCIIRT T TARIESE 1 2 B HOls (K 5 2R A 20, LI PCA Jittering $did 377 1%
FIKUIE A ) 25 7E HL 1 T8 BRI 20 FAT 55 R AR 55 o ISR 50 45 SRR B2 2 o1 rh b 3 22 B 0 A v
FERIPERE AR SR 1 T 2 4R S MS . RRIIBETTRT DLt — D IRR R 2R I RS Bl A By
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MIRR . Woh, WTAFEKESZ ML, RS EZREOCRASH T AMSHE, DaRERENTE
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