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PCB Chip Text Recognition Based on Lightweight Network

JIANG Zi-min,LIU Ning-zhong,SHEN Jia—quan
(School of Computer Science and Technology ,Nanjing University of

Aeronautics and Astronautics , Nanjing 211106 , China)

Abstract; With the rise of artificial intelligence, deep learning technology has been widely used and developed in many fields. It is of
great significance to combine deep learning technology with PCB chip text recognition and realize specific domain applications. Finishing
text recognition based on deep learning to realize automatic acquisition of text information in images has further improved recognition
accuracy and greatly saved labor and time costs. However,the huge parameter amount and memory consumption of the traditional deep
learning models limit its application and development on small devices such as mobile terminals,and it is difficult to meet the increasing
needs of people nowadays. Therefore, a text recognition algorithm LWTR is proposed based on lightweight network. The algorithm
framework mainly includes convolutional neural network for feature extraction,recurrent neural network for label prediction and CTC to
achieve transcription,and finally gets the predicted sequence. In order to reduce the amount of model parameters, unified number of
channels , multi—path small convolution and stacked Dense Layer are used to fully extract features. At the same time,in order to accelerate
the convergence of the network and improve the generalization ability of the model , Batch Normalization ( BN) is introduced. The results
show that the proposed algorithm has achieved 89.58% of the text recognition accuracy in our PCB chip dataset. And compared with the
existing text recognition algorithms, it has a smaller model and faster speed with almost no decrease in accuracy.
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VTR, B 5 B I N W & e 55 AL TR 2 >
]z N B ERA 1 UM S SO U S
FAGE )z — 2 e AL SE A S R T
HSUE ST, IR BE 2% 2 7 VX R S ik AT
PO MER R T, TG PE MRS #1231 W
HE AT N T RER T R H 235 I 78 R A 77 0K
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TR, BIFEQRIIE— 2 BAE BE T, J T B i s 2 ) 245 A5 75
FITH R S SR 4R m R ALE 1T L RE S iE 1T
TER ity R A A b Il KB AR S PR A vh
FEAER BRI 05 G0 TR 3 27 2] I 4 B AR 358 A, W LA it
SRS B Y AT R, N TRk Bk
]R30, /N R /N B T PCB s i SC7 1R 1 R R %
SRR IR T — R TR R PCB I X
FHUNE T LWTR,
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Z—,B&3ET MRt S, REMESEN
ESAVIES SiPunapC RiINEEL S0 ipr s R IR e
TALIR WUE 53 BT R AT AN YD 43 BRAS F A AR A I 2
DAL JE AL FRAEAL IR A Gy T R AR AR
He it PE BB B 5 i bR v R | PRI 7 SR 0 Y
B B —E W R RYE FEIRZ 50T %07k
TP CF N TR A M2 O OR — iy KR
FRAR ] DR DL BRI ] s G I 5 3 590 9 2 4 kg ¢
B, XMELIZ AR A R

AER R S HARTEA W R e S8 I 2
ANGURARA Tz W R E AR A | %
3R R E AR AR OR R = T AR AR TR AR E
SR A B G 5 I g it S A A S R — |, SO
TUNFRIMG BN T 0 R e, Hag & 5L ge i &
PQRAL 3 T5 1 AN 1) R B 2 S I ME AR A0l K R
MR T CERI Sz S G AR LT,
Hp BB A E i A A rEae . ANF T 5 0%
BT TARPAE SRR 3 TR BE 27 20 1 O VR I R AR Ry
AT E BRI AR R AR R AT A5 20 g R A
R N BRIz Ak Be S e, BT, T
TR B 27 > S B 380 3 SR 1) 352840 Ry il i
4321 ( connectionist temporal classification, CTC ) B,
& 191 (attention mechanism , AM ) IR )79, 73
LA CNN+RNN+CTC'"" 5 CNN+RNN + Attention'

FESE SRy BEAl o 33K VPR o E 22 Fry 2 IX 1) A 4410 A o 22 1)
#' (recurrent neural network , RNN) 75 3| i 2 51 b 4
Mok M GRS Ry o A& R, B,
CRNN" e 5 Se = U Bk g2 A, e i 08
P Ve VGGNet! ™ A i A R A CNN FRAE
PRI 25 W PR HE ()RR AIE [ 5 B R R 2 51) |, 60 4
TIE 51036 AT 0L S 1 E 12 M 2% 1 ( Bidirectional
long short—term memory, Bi—LSTM ) 3£ P /Y 11§ 3 #f 4
P28 J2 HEAT )T B A 45 T | e 2438 i CTC 58 W% i
ZRITEAEG R SO AR B T R AR RCR  (HAL
GE RO 2F 2] B VGG ResNet 7! S5 I S8 4
Z TR REER 32 /N A AT BRI HE LA 2
MNATH s 38K py 2 7K .

ST UL B Z SR T — R R R
Bk LWTR, iZ5 L MR HESL LN CNN+RNN+CTC 4
FEWESE I, S SRR SR HUZ IR 2 45 2 DU
SO s BB G R AR 24 E 2 2 R AT
B il 5 K A I R0, 32230 B AT i % N 4% PeleeNet' ™ | LA
M2 Ay FE A 1 % ShuffleNet V21 A & 15 11 5
XPICHEAT e EAR KRR B s/ T 15 i DA R i Y
S I /NI A v BRSSO R T A B BRI
PETFSCFPOIE B A S iE ] TR E R R, TN
I, 7 A6 5 #2024 2 im A — 46P ( batch
normalization , BN , M T Ji1 38 P9 4% AR UAC 8, I ik — A5 4%
TR Rz AL R
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2.1 HEFIRIE

PG5 AR 45 K5 22 CNN 25 FHUR 28 ) 245 B By
TIE B LA KCRAIE (B B AR AE 77 5 00 40038 43 R R ARRAE 7 1)
RPUZ , FTHAER BN 4450 )5 ¥ 08 5 R — 2
BORBERN Y B A A ST I T R RRAE R IR, 40 VGG
AL JEHAS T RAFIIBOR , HIZEM%E B AREZ M
S U SO A 5 TS B ALK BN AE TH AR
KA/ NI B A B T b 32 BR A 22 uE DA 52 B PRGER | E
TR PERRAT 55 R AT A TR 1 ) 2 7 I e B i S5t
1, TSR IR

Ry S IR B RSO RNE  DTHR AR N A
PRI A S me) | 2RO P 3R BUZ S0t T — iz
TG FR 2 45 FH DL 52 PR E S 8, 7E AR R AR |
FEF T LWTR B ARTEU X 25 (5808 S PR RE

FRIEF AP BUZ N 48 036 1 iR, 2 M43t

AL 4 ANFRIEFE IR B B LA BRI B B RRAE 3 51) 5 46
BT, T4 755 PeleeNet (BT EL 4 BT ELO &
BBt 3 LU B AT AR AR SR I, R, Sy T R S
RS B SO 91 B RE R 4 IR 285 v A B B
Jii 2x2 WEARZEOCR 2x 1 S Ak )2, OF HLAE
FRIERBU IR G — 2 IN T —4 1x1 WERZ, %
ShuffleNet V2 AH 2¢ 35 11 I W 09 )7 %, 76 & A~ B Bt
Dense Layer FURTT Y, 55 — 45 TR0 AU T8 JE 2, R 15 B
H A L 3 TR — B, DT PR SR R HL B B
1,2,3 i Hh ARAE 1B A 38 08 2500 1) o 128,256 L K 512,
NIRRT SN o 3 G i i s ) 1 B 4
ZRIICSR R4 B B s 81 BN i AT IH — Ak, i — 20
PEFHERI I Z ACRE F7, B, W T A5 B A A 1 i S
NRHEFF I I8 AR PR 28 0 2% 22 v AT B — 2D
HIHRAE

A1 BRI R E

BB AR L]
A LFER 100x32x1
KBz 0 Stem block 25x8x16
Dense block Dense Layerx7
1x1 conv, stride 1
FirBe 1 o 25x4x128
Transition layer Batch Normalization
1x2 average pool, stride 1x2
Dense block Dense Layerx8
1x1 conv, stride 1
F Bt 2 o 25x2x256
Transition layer Batch Normalization
1x2 average pool, stride 1x2
Dense block Dense Layerx16
1x1 conv, stride 1
Kz 3 25x1x512
Transition ]ayer Batch Normalization
1x2 average pool, stride 1x2
1x1 conv, stride 1 25x1x512

Batch Normalization

Map—to—Sequence

2.2 BEREHEREER

TEAP 2% 2 T2l Bi-LSTM Mk, KR4
FEOEFE 5 $E BUZ 15 2 B9 F7 157 51 2% A RNN H45 2]
TRIARZS , e 2R H CTC Fe s Sl 3310, BIxF T
FEOEFE S 2 UM A5 A RFE P 5 X = &, ,x, 0,0, (L
FFH L) Fr A 2GR 28 )22 v, A il — 2R 90 i
JPoUbR% H = hy by, by JEPEAS x XERE—AN B,
XF T RNN ZE I P A 080 B2 T 2% 2 8O L 58 i
J 8 8 00 ) R R ok AR L B ST A5 A LA Ak
YER—FhEFIE Y RNN, K55 31012 M4 (long short-
term memory ,LSTM) il i 51 AT THL I S 40 MR 2, A

SR T K SO AR %) L 5 [ AL ol 45 19X 45 T L) Ak BERAT:
ERERNFHE, 5T LSTM 1 & , HFE 2 i E
Wfe B3k A it 2, LR Z 5 A E B T TE
SCFEVUN AR N o, SCFE R A i R S ARRBE B
() FEIH SCEK , T SCIRAh F oAb —BOIRAS , ande B
A AR I AT 5 AR B S H 2L, R, % SCk #
WA LSTM AT 5 414 4 Bi—-LSTM, DA Tii 7843 3K
P T WA SR S B 6T SO A IR R R ) B

[, 1% 3C R 0 2 )2 Bi-LSTM 4 2 47E 31 28 (o)
%, 5H)2 Bi-LSTM %, HE &M £ )2 Bi-LSTM
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AT LARAS B i 2R py i 4, T4 3B Sy 7843 15 B
FESCFR B R RS T B CEZEMEN .,
2.3 CTCH#ZRE

YER LWTR W28 R 0 o5 fs — 3 43, e sk IR A T
FEIE PR 22 00 28 J22 v 045 3] 1) 5 B 28 e A A e ¢
SCFENEE A DU S ST R AR AR v 2 O
B — 2, X T 63 2 ™%, A& R E M
SoftMax 51 7 s %L, W] 55— 51 (1) it 2 5% B — A 4
e SR SO o oy || EZR IR DO K S s o N 2
AL B PFRIC , AL 2 R¢ A 3 1 4R BT I s 28 5
REHEAT  #E 2% 1 R AT R] A J1 . CTC 1R Ry —Fh it
JF o7 28500k 2 FH T A B 5 AT 55 v b 3 [ 50 o )
ALK s 2 9 e DL E 2l X 5% a) 8, Jd ik 51 A
CTC Bk ZE KRBT K H 5 RNN M4 5,
e R UNZREHE R AT 0053 51 DA R 5 S Ak B, L
ANSH T, BRI 25 i A A Sy R AT 43 # X 5F
PP B BRZE i DU A 28 3 00 00 Bule 55 45 1) 1) ) 371 s 4
HHER R K BYP A I ke S | A B R U]
FIBRTE | 7 B — D0 268 BEAL) 58 X 7 91 1 A 2 R o
— B AR 22 0 28 b 10 2 5080 5B ik, L E S
IR iy 3] i P 0 28 AR g — 2D Tk AT 55 AR AR
MR T T SCF BN RCE AR RS SCFEIR SR
sz N

TESCH SCFER A A B h  CTC 3= 2EAE I 2 2k
IR IR 3591 2 S R T 8 . RIS 7
Tk A b CTC 3 5 353 2% Ak 0K T i) s 48 SC
TR S 2 0 A A A AT S 0 S U A
A FE L PR 26 AT DL T 90 AR 24 Oy e AT
Yk, X T4 MR AT A o A B R SCFR
SRR 1R AN A (1) R

p(l1x)= Y p(mlx) (1)

7eB'(1)

Horfr, B 7 5 217 51 Bl 555 pR 55, BDXT RNN JZ
K T A, e B'(1) IREATA 4T BA G
Ryt o LA, MRz R B S R E AR,
BiflJ 4 25 4 AT R B, 1 B FE < ——hh—e~1-11-00--"
(Hrp e =7 A3 blank Z54%) WL “hello” . PEHEAE A
KT I AR R Fe 225 0 DN 58 i A 5 % b )y
G H SRS T A% g o AT 8 T3
3] SELT I B SOOI 55, DA e TR A
PIRCF S HERE
2.4 HMKREH

XFFNAEAEE X = (1,0, Hrb 1 AR
&, 1 ARGRAT R G SCF 1 BLSSAE AR 2 7 41, A 51
5 A 1 U 5 B A Ry s /M LS SR A R I B K R
XPELAR R, 4B R pREY i LI (2) s

O =- z’logp(lil ¥;) (2)

Hor, y, EREE 1, A BRI 2 N 28 J2 LR AR ER 1 22
W22 LE R85 R R G R LR B LS
PREEFFIITT AR, 3T I, ARBEIE TS b B 0 2%
AT A TR PR R B L SR 28 PP B (B A i 2 i )
N2k, TS T N TARIC A FAT I A, i — 20 4R
TR

3 XBREREHN
3.1 iFERAE

KT SCF N B DA, 38 H A AE PRI, 23 51 Ry
i B LA R MR e, L A SR T LU 53 R E A U
3 - B UERA R DL R SO R IR R

Y B B XK 3E SC Hr H B B ( Levenshtein
distance ,.LD) , 745 8.5 THEMWURL 2 55 U9k )32 B
FH o AR R — PRk 00 A S30% H8 Bl FH R Al ot G 1
FAF R P A 22 6] A A ARLRE , BPXSEF  A BAL 3] B 2 2
ASFAFER NI — A4y ) — A I /5 (4 d5c 2D G
BRVEREL, Xt T A cafe 5 coffee, 1% 0 & 1Y 4 45
FE B Ky 3, % T 2A4a] set 5 sit, HigmMHIER N 1, X T M
A R E R AR TR B DA S st =
FUERFINERAE I AR S YT AR & S B SE
Z ] 1Y) 25 S 01 I AR AR DU U0 o
R

X TSN ERA R AR X AR ], A)
Gy R TFAF IR B e LA KR R SO R HE
B RPN MR R B AR ST
o B il 5 Sy UG b 58 4 U E i 1 - B
P AT BOB L T PGS TR A 23 000 R
TEHH Y B R B R LA S R

Horp AT BOR I DL B R SR R R )
S TE A ) 7 B A R 18] i R S Bl (8]l b SC g — A
FRP S e, RSy b, THEWS
FEBEVE  ME 28 B e F o SO B PE Y FE A
FEASEG v | H T8 5 v ] A 4 158 B S
BT, R AT BOERG R (B R e %) 78 R S0 SCF R
SETEMFERR
3.2 EIEE

S 7E Tensorflow IR &2 S HEZR [T, BeE R
4}y Ubuntu 16. 04 ,CPU 4 i7-8700k, ‘& & GeForce
GTX 1080 Ti, Nf7-~ 15.6 GiB,11 GB W.1%,

SR P Tt A 30 Y BEATLA B 1 B Ik A TR A
Pifl, FEARZES RN 0.01, 4 FHRBE O 1,
R FEISAE BN 0.000 5, 2K A Kaiming ™/ 40 i 4L 347
SRR R . FEVIZRIT B, 8 2 e/ ME CTC it
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I PREIL R YN ZR LWTR v i) 45 BUM 25 1) 45 5 16 25 pf
2%, T PCB SCFEHE A E B BN W 43
B IR T I I  E JE RXT HRE SE R S EE E T
BT AR A ORI R e EAT N 25, TR,
XF T A W LA 2 100x32 B R/ NHEAT 25 1
YLk LA B it
3.3 LBWHERSHH

H PCB o5 v B4 SR s AT 7E AN [a] (14 ) 28 28 22 v
THAE R 2 FroR, LR R, % OCHR B R
BIE %N 89. 58% , L L VGG 16 & 3= T M 45 1Y
CRNN BEVEH BRI 0. 42% . AT LI Wi b & 30, %
B i LWTR ByA R AL VGG 16 A FE T
PEHUM S5 FEMERP R IL A T RERIB LT A1) 2
Bogi/b T — 2L [H T, 5 PeleeNet Sh 3= T 2844 (1 X 4%
BEAUAR L, BT th 5 i AR B R 3 T 2. 5% , #5581
KANB/NT 36% . SCHSE T B4 H i 553 1 A 4L
P, BI7E PCB S R 08 4 b A7 SR 50, 5 HA )
ZEAALL , A A PERE

A2 FEIatrk

Ji kAR HEWH/ % BRI/ M
VGG 16+CRNN 90.00 69.9
PeleeNet+CRNN 87.08 49.8
LWTR ( Our method) 89.58 31.8

TEPGIA PP 25 W 25 2, R HI HE & 1Y Bi-LSTM # 4T
FRIERF I BIARZE B 00, IR AR Bi-LSTM 1Y HE
B ORI DA KA A2 vl 3 B0 /N T S U A AR
BePRPERE YR, AR SC B/ PCB i 84 48 1 ad i
RNN VR EEAS [ A K 3 T8 50 [ 1) 8 8 590 10647 7 il
SCHG, RS AE RN 3 s, Hodh AR AR
TEEBERE N 8, Scale {3 JIT 126 W1 3 1 45 A A58 760 5
TEBAOEEL, 24 Scale=0.5 A EEEH 4,24 Scale=1
BF, SEIEHCH 8., B LI Rl SC 5 AT LR B, A P M 28
25 A Bi—LSTM 198 i T B2 L K A5 BROpf 28 19 6 v i
EHOT LIS A AR AW, TR A RNN 2
B R 3 B 5 e A R 1 KON TR DL s
o Y — 2 Bi-LSTM i, BAR H S M 55
TG RNN AH HLE /IS, L R e R N 45 0 S 12,
BansreE ] AR R AR LR GEIEBUHTF) A2 R
ARUR Y O 2% TG 32 A5 31 0] 00 A0 TR0 45 R TS Bi-
LSTM TR FERGR Gl BRI 236 — @ FEEE b Al
5B MITAY, NN R A5 B B0 AR TN HERS %
FOFRTE, TR, BT IR B IR, B SR ok, U
PR TR B R MR B T R, SR R W 7R 2 )2 Bi
-LSTM HIEIEZCH 8 B, RIR A% SCH iy S 1 B
FEPU IR 2 LT 45 [ F 5418 90. 00% I, HA7 H3F

ANBORERY LA R B PR Y S R A B 0 4 SR AT LA S
JEE R/ IN A B PR ) s 3% [ R, IR B 5
PERE, BA B 2R G SERACR

A3 HERFERL

Seale I PCB Il AR M/
AR/ % /M FPS
1 2 Bi-LSTM 68.75 17.6 25
0.5 2 |2 Bi-LSTM 86. 67 30.2 17
3 JZ Bi-LSTM 86.67 42.8 13
1 JZ Bi-LSTM 81.67 19.2 25
1 2 JZ Bi-LSTM 89.58 31.8 18
3 2 Bi-LSTM 87.50 44.4 14
1 2 Bi-LSTM 87.50 23.7 24
2 2 2 Bi-LSTM 90. 00 36.3 17
3 JZ Bi-LSTM 84.58 48.9 13

3.4 ZERFHMK

4 LWTR WL BN A+ PCB B ds 4 i iE 4708
R SCF IR, W 25 R 2 s, B2 f
JRE R I R0 03 P 45 LA R HL Stk o7 114 A5 R0 31 4 0R
M 2 AT RAA iS04 S 9 35 18 F PCB ot 3¢
TR AR T B RO T R A5 TR RN
AN 08 B R SR 0 v B AR Y 1

446 ENG

1446 99AR5 WU33AN
TIA1042 2398575 1042C

B2 ZRTHAR

4 HRiF

POCEEAR I T — A PO TR Y LWTR
IR T PCB S SCE R eh 3l 51 A ik
Fy B 00 O 205 AT I B L, DR RO/ T 18 4% £ S 5
OB T TR, B1A BN — ki 3 6 4%
B, SR 2 SCHR M 5 v 7R AR E R B R R 1Y
SPF R AAT T S /N AR 250 5 bl g S A A%
GV R T LA R R A

SE Lk
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