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Defect Classification of Printed Circuit Board Based on
Deep Convolutional Neural Networks
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RIEE BRI 248 L -

BEHE: ENRIEEEM - IR - FERE - SIEAERE

Keywords: printed circuit board, defect classification, deep learning, convolutional
neural network

* Bl

ENRIEE Bt (printed circuit board, PCB) 2 R¥ N EFEm T EEZHMY - NNBEF& - F
B RRESNERAHSESEEMAZEMSBEIY  EREBEEUEFEED
EAOSRRHNEZER TTH - MEIRIEBRNEEBETSRKBERRTENER 2 EFEH
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AEAE I BEBENTT - BR IREEE ADAATERBEABRARARAE - R ERER
EFPRHEXRBI CEMICEMBMARRE DN —T2BE - AMBEEOREPHR
ZEoLIZEMIB D ZENRER - BINEFESRARNMNR - UMER 7 ERERISH
ERZIMEE RS AENRRE  RIBRSHIEAR S 2T NPT o s A RIE R R B -
BABRAABERAHRE BRESSUETREENFREREE - 2BBECEWAH LR
ENRIEEMRERIE - HEEMMEUENTEER IS HERBIRRE - 2RO - BR - R
ENERESERXEEFRERERBNINE - RMBEHERAEMNAEERELER ; 18
[ - GRHBEY HRERERREEZRES  dHALEBHARAEAZEEEIEENA
BRARRE  FIUEZIDYIURBER - EERNERNR  EREA LB R ESHREHE) -
BRfELIRRREN D BEOTEL 7 MERE - & BREHRER N D EARREMENER
BEEISERIN T RIBMAREREERE - HHAREZRRERER T D BRBERRE - A
B RERRAUESMmTY - RMEELEEERNEER -

HTEE—DHERARRE  EEEALBRAIRETSE—TRHEGREIENS AEIE
R RHROUBERERREHE SR  REENEAZERSESEILEE  EPRIIEEHN
FEMBRRFGISGARE - BREBRMBEURAREHZRANGY - RBEEEBNAINET
BHEETEELY - BNEZBREFGESELZIF XOR E8 @ stERFEFAMMN
18 - B Haar /NRERESBENMEAREREMEEH T R REER - AMEENER
HHENERESELZGEHANETSERE - HOUMBAINREE G N RRRHERARNS EE
% MELSEXGEELFAUVENANKEIL - IBAMERASELEGNHAEGZE[4]PTR
R REEEN L - FIASEMEMEE (convolutional neural network, CNN) ¥ i A A9 E1FE
ERIEPERMNLTRIGERE - B SVM BEHEBEEMAE -

EENKEBERTEGRERNNSE BN EERESREENSE - AR
REBETESE - B2 SIFT (Scale-Invariant Feature Transform) + HOG(Histogram of
Oriented Gradient) EZ R EHEIWEPEARENREVUR - AMELALRFTHARRES
ZIEMRIE - 7E 2011 /4 ImageNet BE D BLEEDP RFNERTH 26%82 A% - B
EPRE Krizhevsky EA[5] 12T AlexNet IS TEARWEL R - G2 AIRBREEER 16% -
I BEFEM ImageNet BEARETRIRIFTAEE - £ 2015 F 2 BRAXRE R ER ABFIIR0H
HRFIE 51% - B EESEEHRERBZ IS RIEET -
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RAFTEALR - HPIESEHRER R Z B EREDED - BRARSBARITHNERES
ERAAREZRE - R E BRI LUK E Rl 24T M3 L3 AR B 2o 21808 o ED Rl % 1St fR e
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BEFHIRZEEMLMAKEHETE 1998 F LeCun EAREM LeNet[6] HRAERBE
M a8 1% B & % (gradient-based back-propagation)#TEE IR - RANFEERE
£ %1 & (convolutional layen)i1EE (pooling layer) & RIa R B EBIR W S IR EIE - B
FBEEERE (fully connected layen I SR EEREETHE - MILRBHFRFOHHNR
TR 7 Bl REAMENET  THTEISERARELWHE  B=T= -

218 Krizhevsky AR EM AlexNet[S1F 1S £ 2012 & ILSVRC BIEMHEEE - EFE

6000 EEFIRSE - =i=iE8 LeNet BIRAR - BRIEZIMEZTNME L 1 dropout ERRR B 1
& (overfitting) BB LA E R GPU MBS E VAR - EAIREERA 7 TR EHEEER &
A CPU 2R&R) - F UL AR AV T8 A B R EIRIEISMRE - 2 BRERFMRETS
qKZE -
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Simonyan % AfE AlexNet RUER FiRH 1 VGG BEERB[7] - HEt B SR ARER
ERMRZIENRNABETHBEN D BER - BEXREBINEIERERG - SEEEXE T
HEBIR NS B BRI E EAEHEHK (gradient vanishing) B8 - 17 B E% IR ARER ZE K
ARBRIEIRR(8] - BRERNBEHREE 165 19 BAFKE -

BT 2R 2014 F ILSVRC B W#ELEERNERF E 28 Google B9 Szegedy HE AR LRI
A28 GoogleNet[9] - FAEEREBMABXEMERHAHEBETEL  HERATH
1x1 -~ 3x3 I 5x5 AR K/NHWEEZAS MR inception 24 - BMER/DRSEHELUR
EREENFHEE EAARLANEEERIRIEZHRNEN - £ ImageNet ERl&E 7 EHEE
tt AlexNet S +BEALEMEZSHERBENAON D Z— - EILZ#E Szegedy EANREE T
B GoogleNet v2[10] - FFEE2FEMA#EEF —{E(Batch Normalization)12 F A3 B UL &R
EBLUR EMER -

/X Simonyan EA[7i5H B HZNARRBREZNRNSHRND - WEERRES
BREExTEs BT EEHAIRBARIELERE HIt He £ AR ML ResNet[11] 2K ResNet-
v2[12] - #EHBEEEt(residual unit) RAVEZ R ST (identity mapping) - B&#BEL 7 ol BER
BT EIIAMARERE - FEILRARERRCEABETEZEIFERNVAEREBLUES HEE - ALt
ZIEEBERMAE 2015 F ILSVRC B HHLEBESERS -

AIEBCERGL (RS ILSVRC BEMSIILEPRERNETEMEHEERE - R —2BE
t E SRR IRB R DARR ZELR R 7 UEEHE - AMITELREE/HEREERZ
AUBE  AREEGEHBERTERENSEFES A HAA LN RAZSZERERN
EREFEMBIANGR WM ERELTE ILSVRC (bEESEBHNARRBISEREIA
ERVER LIFEEGHE - RItRRE A HE ZRRASRMEHEE B2 ARE E
s L EDRI B & 2 BRI RIRE - RMSEAELERBERBREXMIREKR 22 BIKER
B EIRRAEERIEEZRAEAR A EAAHERIESR -



LeNet 043 M convolutional layer TR HGTEZR B I (R A HE RS
AlexNet 60 M LRN layer, dropout layer EREEANEGER EMEARVBERSIRS
VGG16 138 M 3x3 kernel, no LRN layer HAERREETM R ZIRTREHERRERS
GoogleNet v1 6.8 M inception module 2 inception 1E4H ¥ BICAES

GoogleNet v2 136 M batch normalization(BN) i Z inception AR L BN & ZMRAIE S

ResNet 50 256 M identity residual block ZBRERGTRERE PR RIEIRS

xR BEEMEHEER

1ﬁ N Eri’b{

AT HAIEE TR EEEBRERERETIRURR P BER - RAERNE
NEASBIHERBTHEANELRETEATRRWERERIRIZERRS - ,W\EEE@
RIHEN ENRER =N M) - HPallUiELER 2 RitkE - RE—ERZ2EMRME  ERNERAHRS
2468 R¥BES 5 320 x 240 WA R EZ MBJFRFGHSNR_FI~ -HMH= 80%
Hral R E H% 20%E Al ER ERDBEERTF R  ERERNEEEZ TensorFlow 12
=V EE[13] - 12 RI2E AR Nvidia Maxwell Titan X 28/~ E -

8 =4 ] R WIBRE
HREL 832 344 624 396 271
FERE L EE(80%) 666 276 500 317 217
A ERIEE(20%) 166 68 124 79 54

= ERE—B
— . 2H®

RE-BARERZBBEREMRE - BRY VGG16 LK ResNet50 LEFHEER - HER
NEVREESRIENR L8 2 81E - VGG XEREH R EZ (batch size)® 256 1E’H
SYSRTHAFEHABERBERRREZERMIA S 64 - HEBETHIRIE ResNet o - HFiF
HEREIS U 256 224 128 - B4 GoogleNet vl [RAIRBIR RAEESEREZEE - EIb
KREEIAB GoogleNet v2 MAMHEIZEE - HEfE VGG XRIIREI ¥ EiE 1558 (data
augmentation)I1F)% - @A S 2EMZRAREZABRRELLEIAR - B E S=256 LU
& S=384 s EE  ERMPVERTRINSRA S=256 ERXENEHEMEZFIER

B - AERDPIWPEMEIRF— 75‘5348epochs (el E 2 B AR —RFE 1 epoch)
bR ELE B MY ARINREEBRNT - WEGERAT LEBAHIRMRREZIRSR - M
BUZABRER Z RERBEREGSER -



Data augmentation Initial learning rate learning rate scheme

LeNet none no batch 0.0005 & epoch #ZZ#i kR 2 IEEE 0.00001
AlexNet FEIEO S olig) 128 0.01 FEFE=RERKE 10 E 0.00001
horizontal flips
random cropping, " e s e
) ; RIEREEREESIHE -
VGG16 horizontal flips, 64 0.01 femme = s RS 10 Z 000001

intensity adjustment
GooglLeNet v1 same as below

random aspect ratio,

GoogLeNet v2 elelon @i 32 0.045 IS BER T R fEBE
horizontal flips,

intensity adjustment

random cropping,
ResNet50 horizontal flips, 128 0.1 RBFFE epoch BR 10 MR ZE 0.001

image standardization
x=  BERMEHEEZSERTE

— - EBREDW

BN SABERABHAEHENEPE —REEZGRRAZERAE - KA top-1 B2
2% IR ERAER N AERNTSEILER A EAINMNE - BRNMED B2 ESHS
HERER (accuracy) LUK ER A epoch REL 1EEI P 1S H = S A 5 2048 AlexNet-VGG16
AR ResNet50 RRIBECER Y - MBI =BERRBHORRAEZBAE
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EABERRILER D - B LeNet ZRBGET 2 E MNIST FR8F HBAESE 28X
28 MF - WHRA 7 BHE&EBAXN 043M 2 EMLEEHMEBEIER /AN - MENRIE R
FESXGRIZ 320x 240 IO REEIB AR EZNENERHEESBEEETH  BtARaE
LERZEFES LeNet HUEA ERNERERAT - HIMRIE Szegedy EF AR TR GoogleNet
v1[9] % v2[10]hRA7E 1000 #EAIA ImageNet BRI ERFRIREAIEE TR - 2AM GoogleNet
vl A v2 AITEAREE IS EREERNITS - ERABINRZERMERESE SR HZ
RIFEFHRERIZ NP AN EREERINEREMEY - BENEBERKNEASTEE]
B ARRENRE - BIER FENZAHEZE268FE8HREBRTIRIEN 2 - RMEM S
ERMAMNEZRNIZRRIERI ST ResNet50 —# - I Bt W HIREEZ % (initial learning
rate) fHEREE (71 0.045 244 0.0045 Bl EIRIEIRSR) - # FAREKUSIH M E A ARRER
IZRRIE T RAAER - B8R v RAAIE S PR1E v2 RRAAIERIEAVEERERIBA AL 84.4% - B
O] REEENE 7T ERIERN AU UAEERNELE - StiERAAEE—TERER L
BHEHEIAAERNE L  THZARNRENHEHEREMECHWERRMIBLEERIBRENE
E - B HAEASE 7 ARRAREBUAREANER L -

GoogleNetvl GooglLeNet v2
original approach 23.0% 28.1%
New approach 19.3% 84.4%
=M - B ERIE R ERRIFE

= - ENRmIE RS MR E R TR B B o

T X &ENENED HLEIREEREEXERERERREEZRRE - REBEENZ
R RMEROIZRBES@EHER ST REEREER, - oJLIET ResNet50 2/ FER1\B
TIEEY - ®4 307 epochs B 93 4%MEER (B2 EERIR) - AL MEEETE ResNet50 18
DT -

LeNet AlexNet VGG16 GooglLeNetvl GoogleNet v2 ResNet50
accuracy(%) 19.6% 85.5% 87.0% 23.0% 28.1% 93.4%
~epochs 348 348 321 309 333 307

= BReEEERK SRS

HR D HERBMERREIA AN AE R RN ERESERN —2ER N RIR SR
GRPE - MIBAILREZSZSHBRIAIZERE - RANMEBRLIUBAREAARIIBSHAE
RERFEMER R D BT H RN B IRAT(ERB 2EEZRT) - BISHMFERT ResNet50 AREER
BERENRE B ENRERPEI 2 HEEZR (accuracy) &3 97.12% - BIMEXEE (precision)
KBEXE(recal | BETHEES - HAURERIDERNWIRNEREARIFNVEE] -



groundtruth .
FRRIHERE R
RERFE HirfE
prediction R iREE 383 5 98.71%
HiRfE 9 94 91.26%
=N - BRRFESERIFERIREER

Accuracy Precision Recall F1-measure

ResNet50 97.12% 98.71% 97.70% 98.20%

&t BERfRfEZ B2 Hmat

IR R/ Ea AR I IR EREB S 2Rl P FEAEB AT B R RAvER
7 BESHEESZGRRERBRBRRENERTPE 97.12%0FER - Z—HEH MRS
TIRARE ImageNet ERIERKZ T ILSVRC LEBFERFERIBNZEMAE A~ —EEHELR
BEMAWIRBERE L - 5IRMEHE GoogleNet MERRAHIAEEZRE - AEABHWER
1goa e - RIBE—ENIFEAERES—ERLIREEERERER - XXEDMAEERR
IR EEMIRMERE LIIRE —ERIEREENCRGEHEBER - WHTESSHEIME
s RERFERVIRAE - B EARERBA IR ETERNSBUS IR Z STV R mA - 8
2 EAAARERETRABEZNMT - HEEEZEE /B EEEESRAVRERH
% ZESERRBEDANSLRBERLEISENRIER - ERRORK o EEREERA
EENMERE LUK E 2 B RIRYED R B St ke A2o]l £ -

3R 2R

[1] P. Dutta, “Printed Circuit Board Design Flow Methodology,”
http://www.cs.berkeley.edu/~prabal/teaching/cs194-05-s08/cs194-
designflow.ppt, Accessed: 25-Jul-2017.

[2] S. Maeda, M. Ono, H. Kubota, and M. Nakatani, “Precise detection of short-
circuit defects on TFT substrate by infrared image matching,” Systems and
Computers in Japan, vol. 30, no. 12, pp. 72—84, Nov. 1999.

[3] FRIEH, "ER/VEIEWRRIIREEMRMRE 2R, BLEmX, AMINAKEEETEH
FEFr, 2003 F78A.

[4] Y. Takada, T. Shiina, H. Usami, Y. Iwahori and M. K. Bhuyan, "Defect Detection
and Classification of Electronic Circuit Boards Using Keypoint Extraction and CNN
Features,” in The Ninth International Conferences on Pervasive Patterns and
Applications, Athens, Greece, 2017, pp. 113-116.



[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

A. Krizhevsky, I. Sutskever, and G. E.Hinton, “ImageNet Classification with Deep
Convolutional Neural Networks,” in Proceedings of the 25th International
Conference on Neural Information Processing Systems, 2012, pp. 1097-1105.

Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learning applied
to document recognition,” Proceedings of the IEEE, Vol. 86, no. 11, pp. 2278 -
2324, Nov. 1998.

K. Simonyan and A. Zisserman, “Very Deep Convolutional Networks for Large-
Scale Image Recognition,” in 3rd International Conference on Learning
Representations (ICLR2015), San Diego, USA, 2015, pp. 1-14.

K. He and J. Sun, “Convolutional Neural Networks at Constrained Time Cost,”
in 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
Boston, MA, USA, 2015, pp. 5353-5360.

C. Szegedy et al, "Going deeper with convolutions,” in 2015 /EEE Conference
on Computer Vision and Pattern Recognition (CVPR), Boston, MA, USA, 2015, pp.
1-9.

S. loffe and C. Szegedy, “Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariate Shift," in Proceedings of the 32nd
International Conference on Machine Learning (ICML-15), Lille, France, 2015, pp.
448-456.

K. He, X. Zhang, S. Ren, and J. Sun, "“Deep Residual Learning for Image
Recognition,” in 2016 /EEE Conference on Computer Vision and Pattern
Recognition, Las Vegas, 2016, pp. 770-778.

K. He, X. Zhang, S. Ren, and J. Sun, “ldentity mappings in deep residual
networks,” in The 14th European Conference on Computer Vision, Amsterdam,
The Netherlands, 2016, pp. 630-645.

"TensorFlow — an Open Source Software Library for Machine Intelligence.”
[Online]. Available: https://www.tensorflow.org/, Accessed: 21-Jul-2017.



