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Abstract

Study on binarization of scratched printed wiring board

images with more features using U-Net.

Shinya HAYAKAWA

When analyzing a multilayer board, the board is removed from the top, and an im-
age of the printed wiring board (PWB) is taken and binarized. However, since scratches
and dirt adhere to the film during film removal, Otsu’s binarization, which is generally
used for binarization, is used. It is difficult to restore the original pattern by itself, and
the current situation is that it is done manually.

To improve work efficiency The authors proposed an automatic generation method
of binary images by CNN with U-Net structure [1]. The U-Net model was effective
for datasets with increased features, The wiring pattern was crushed for some of the
difficult features.

Therefore, in this research, not only the RGB information of PWB captured images,
but also A rough wiring pattern is extracted from the PWB image by binarizing Otsu.
We used RGB and wiring patterns as inputs.

As a result of the experiment, when the wiring patterns are combined, Since it was
confirmed that the short-circuit disconnection was greatly reduced compared to the case

of only RGB, I will report the contents.

key words Deep learning, U-Net, PWB, Binarization, Scratch removal of image
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2.3 U-Net
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S OMEESEERIC THWz U-Net €7 /L13 pix2pix[5] THW S TW S Generator &%
BT L7, ML U-Net 7L OFMZX 4.1 12139, U-Net E7VIERHE~ v 7
DYNHEZ1T 5 down sampling 8 JEIZ X 2 UNAAHER &, HEERZ1T S up sampling 8 JEI1Z X 244
RERDET 16 JBIZ TR S 15, down sampling X stride 2,kernel 4 X 4 @ convolution 2
TUHEL T O, TEIEILBEIEUC leake relu ZFHWTW 5. up sampling & stride 2 kernel 4
X 4 @ transposed convolution 2 THARDMTHN, FEHHEABIEIZ relu ZHWTWS. £
up sampling 21T 5 BNZ, INHEER2 SR~ v 72RO #EE 2175, &EEOIEMHILE
B2 sigmoid B Z HV, ZOEZEEARTH 2HHEROMERE LTWVWS. ZOMiHERMD
convolution J& 442 BatchNormalization ¥, $E5RHE—ERDEIZ 50% D DropOut % jE
L, £ CDJEIT bias ZEELF¥EHXE 5.
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input
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32+32°256 Nt
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441512 1y
- Stride2 Convolution
- Leaky relu

- Kernel 4*4 2*2*512.
- BatchNormalizationi®H

down-sampling

117512 ||

= _. -_j_- . ?’—::::7_7-{ 3
S N N s
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32*32*512

8*8*1024

|
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Dropout
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up-sampling

Dropout
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Dropout
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Relu (TR#Ddrsigmoid)
Kernel 4*4
BatchNormalizationiE
Dropout 0.5(3/&MDd+)

4.1 U-Net EF L DS

Y

# 4.1 U-Net EF /LD

layer type kernel strides output size
input - - 256 X 256 X ch
convolution 4 X 4 2 X2 128 X 128 X 64
convolution 4 X 4 2 X2 64 X 64 X 128
convolution 4 X 4 2 X 2 32 X 32 X 256
convolution 4 X 4 2 X 2 16 X 16 X 512
convolution 4 X 4 2 X 2 8 X 8 X 512
convolution 4 X 4 2 X 2 4 X 4 X 512
convolution 4 X 4 2 X 2 2 X 2 X 512
convolution 4 X 4 2 X 2 1 X1 X512
transposed convolution 4 X 4 1/2 X 1/2 2 X 2 X 512
concat - - 2 X 2 X 1024
transposed convolution 4 X 4 1/2 X 1/2 4 X 4 X 512
concat - - 4 X 4 X 1024
transposed convolution 4 X 4 1/2 X 1/2 8 X 8 X 512
concat - - 8 X 8 X 1024
transposed convolution 4 X 4 1/2X1/2 16 X 16 X 512
concat - - 16 X 16 X 1024
transposed convolution 4 X 4 1/2 X 1/2 32 X 32 X 256
concat - - 32 X 32 X 512
transposed convolution 4 X 4 1/2 X 1/2 64 X 64 X 128
concat - - 64 X 64 X 256
transposed convolution 4 X 4 1/2 X 1/2 128 X 128 X 64
concat - - 128 X 128 X 128
transposed convolution 4 X 4 1/2 X 1/2 256 X 256 X 3
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PG % RGB RO A THR S B7235E, IREEIE A BV TIEN 4.4 O X 5 ICRES
25, BEER B ICBWTIEK 4.4 ORRICERBEIZEIKE CHA 220D 2EAT.

4.4 OFR72FAD 13 RGB MO A TIXMRRHIE R We L, RGB REICKED 2 ki
Ko TR L7 BR 2 — > 0 2 {HEHRZ ATNCTIA 2 Z 8 2 BRI,
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4.2 BRASE — 2 DA

R IR iR FREESR

4.5 G B icxd 5 AN RGB O & U-Net €710 H 1

4.2.2 BENZ—DDOERFE

B SR R — 2 2 KD 2 IS TS 2B, IRZHEIBROBIREIC X 2 BRI OFHE
¢ RGB t122[#7» 5 HSL (122N DL 21T 5.

H

TR ERICIEN 4.6 ORRICEAR AR X — VB LR WROBTEE L, 24756 X 19608pixel
DI EBOF O 1 HZ2 D TEBD, ZOKICHEET 2B KFED 2 HLICEZER S
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oD ADEZESHEERT 5.

Z D% RGB 122l % HSL 22 L 7= D BIc KD 2 ki CTHEEME L oA
ZRD 2. RGB MZEMICTR 0.299 « R + 0.587 « G + 0.114 * B THEEZ KD =BT 2
D REIEMRERD 94.783% L 72 2 DIk, MEEME L 2H 32 2 & T 2 D HEEMREH
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DI TIXFHA D HFIEICOWTEE T 5.

5.1.1 ZEENZ—>0 2 {EERICK T 3 HEIER

EWREHTIZ RIS & CAD 7 — 2 Ellz HIV e L TiThb s, BIERERIZEWT
W&, HATERHRRA L & OB & 2 BRI EE T H 5 72012, 2 HEHGIZWRR RS H3
FELBZNZ EERENS. —) CAD 7— XTI, BIHRPAR— VDK AR -0
IELZHERELZRD, ERRICMAT2MEDEDIERRERIND. RLEHFIRILEED
572912, 2 EEBROAERGEE DR SN, 2 ETFEIEMR, FARMIRE, g4 RO L
IRFf] 2 RHIIEE &5 5.

5.1.2 EFILOY DT DTG A E

T—Xty hHOFEEHERON 457D 1125553 % 21888 MOFEE BT T 2 EIC
FLRBEL, 1EDOFEIZT 20epoch X 4 =80 DEFNALEEETS. ZD%, 7AMH

E{RICT 2 EABHEMRELETVETHEL, —&&S\ 2 HOBEEMRE RO E 7L %
AEFLE T 5. 2 U CHHEAE 7 /W CRMEA RO 2 5 HIEMRE, FEASKHRE, Eig
RO NI % kD 5. 2 (HFEIEMRSR, AW AT G 3 )X 6 7— &t v b
=18 DFERZ VG L 72D TH D, HBERDUIERFEIE 18 M DBGRZ AL L 7= BR D ML
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5.2 MRALAHR

HREZ LD TH S.

5.2 IRIHER
5.2.1 BFEDLLE

6 DDF—Xty M 2FHliD V%% 5.1, 5.2 1TRT. FiED U-Net(RGB+Otsu) 1%
U-Net € 7L RGB FUCEMNTAED 2 HILTH S N8 X — &2 AN L THEE X
B72bDTHD, U-Net(RGB) 13 RGB RO ATHEH X EbDTH 3. Otsu(RGB) 1%
INET 4.2.2 YFAIRRIC, BERRE LZERO RGB » HEEES 2Kk, BEZRkDEE, IO
DY A ZDEHGIZN U TKED 2 ELZITo72dDTH D, Otus(L) & RGB 2 HIEEES
ZR®DZDTIFR L, HSL ZERICEIL 72D B ICHEM L 2 TCFAEDO Z e 21To72 %
DTH%. Otsu(L)+closing(size=n) & Otus(L) TH/ZHEGRIHN L THEZEDRE n [6
WDIRL70b, HEZEOWHEEZ nFE#EDIRT, 7u—Y 72 {TobDTHS. %
7z Otsu OATHIN LZEBIZOWTIE, SRR O CHIVENE & 72 b 3FfliHT R R 5
%7280, 2MESBHIEREDOLEZIRRL TN,

£ 5.1 DHIRED, U-Net EFLDAINTKED 2 fELIC X o> TIHELNIERAAZ -0 %
AN FT2ZeT, 2 EAFEMRE, FKAEWHREICSE X8 2 EHHRLER R S RGB
THEHRDADGELFAETH 5.

F 7 KED 2 EERIEE - IS & 2 RICBVWTHEMTH D, U-Net(RGB+Otsu)
DFEIIENTVE L ERD.

5.1 GUEYEIC X 2 aHiflif R

Fik 2MEDBIEMRSR | FEREITRRE |  JLPERER]
U-Net(RGB+Otsu) 98.111% 215.7 147 44.04
U-Net(RGB) 97.662% 374.8 143 39.30 B
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#£5.2 KED 2 HELIC X 2558

ERFS 2 T BIE MR
Otsu(RGB) 94.784%
Otsu(L) 95.556%

Otsu(L)+closing(size=1) 96.519%

Otsu(L)+closing(size=2) 97.091%

Otsu(L)+closing(size=4) 97.447%

(
(
Otsu(L)-+closing(size=3) 97.348%
(
(

Otsu(L)+closing(size=>5) 97.397%

5.2.2 2 {EDHEIERRDHR

5.1, 5212 2 HAHIEMROHR ZRT.
U-Net(RGB+Otsu) OffiRIE U-Net(RGB) R L, 2 HASHIEMRRDOHERE THLIE L T
BAITH 25, MABEOLNIMERTHS 2IZEZIT V.

test accuracy (6ds ave)

1.00

0.98 A

0.96

0.94 4

Accuracy

0.92 1

0.90 A name
—— U-Net(RGB)
—— U-Net(RGB+0Otsu)

D.BB T T T T T T T L T
0 10 20 30 40 50 60 70 80

Evaluation step

5.1 7R MHEHRICHET B 2 [EDFIEMRRAER
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Loo validation_accuracy (6ds ave)

0.98 A \f q
0.96 A \
=
o
£ 0.94 -
3 "M
E
0.92 A
0.90 4 name
—— U-Net(RGB)
—— U-Net(RGB+0Otsu)
O.BB T T T T T T

T T
0 10 20 30 40 50 60 70 80
Evaluation step

5.2 FHHEIBICHT 2 2 [ FHIE MR

5.2.3 KRG

/N 4.2.1 12 THD BT\, BIERO D 2RO B SR ZX 5.3 1IR3, RGB £
DA TIENIOHRIR D o T2 BERAR X — T LT, ETUEERZE 2T, ANZEBINT 37
FORBHSR T WA HER LS.
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5.2 MRALAHR

U-Net(RGB+Otsu) U-Net(RGB)

5.3 FHEEEICHE T 5 2 [HO R MRS
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FEEHSII X DEHNL PWB IREZHEHIRD 2 HILFEL T 58, ZRORMEZROT—X
ty ML TRWERZHD U-Net E7VZIRRELTE L. LiL, #HEEOEWRH
W0 LTI MERED & < DR R 2R T .

Z DOMBERZ MRS %2512, U-Net E7/MIZ RGB EMDA TR, KED 2 fHLIZ X -
TRONTRENRER X — % 2 HERE LTAINTEMS 2 28T, S THIGHEK
5700 TG E DE RIS RIS T 2 FHARE L 7R o 72, Z D2 & D — BRI WRFEIS
% PWB REEBGITHISHK 2RI D, FRAHERFEICOWT S ATFE L £k <,
FHUEDPEE oA 5.

KED 2 ELIC X > TR ONEBGRE AT & LIGEITERED 1435 2 & 2R K H
&, BIHIOA N 2R T Z e THMREDM LT 2 aEEMEDH 2 2R L TED, FKES
BROIWEZLLIEDBHERZEEZONS.
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KRICAMAZED 212H72D, Hich LzHETEDR, FRWIHREZ L THEXL

72 BRR i EBERITID HEE 2 L BT E 3. BILLWHEIEZHD TIHW IR A
%, SH E—ERICHEBEH O LET. FEAMEOHRK L Kol Bilix W &,
T2l Ta 77 a0 ETCL TV WEKRARI LTy Y =T AR ¥ Y
2+ BA BRRICESELZBH L R, BEE#HT 28T
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