ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 37,No. 1,Jan. 2022,pp. 173—182 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2022. 01. 015 Tel/Fax: +86-025-84892742
© 2022 by Journal of Data Acquisition and Processing

ETFMRZRENAEEIEAFEFZFIRANAE
EEA, BEMY, AEEY, BERY, TRE™, iEE"

(1. R T RKEEATES O3 k¥p, BW 650500;2. RPAM T k¥ 2mE A T HEESLEE, B
650500)

M E: 5RAMBRIARNESRE, S E K F F 25 (Optical character recognition, OCR) %
ZHANE—ARZHEARINESAFHHEASGEL L FH ELMmE7EOCRESTHRT E R
K, ATHAEZFAR , RET A ToREBGMEEOCRSY & , A TN ERATEN %
(Convolutional neural networks, CNN) + 74 #r 4% 2 W % ( Recurrent neural network, RNN) 4E 22 69 # )7 W
b FAML AERFINFTXEFNEOBEREH ENGTRPEIHRIFERG T ML S F 4
W % HATAG A, FILF A WP A% BT 04 By 3R T AF B AR B 0T R 4 o B T B AR A AR
A b IR KB FHEAR T BRFIEG R, FRAREAN,EXAFTRABRAAF
FREABBRMEANARBEGHERAT ALERGRESNKTEAZL29%F2.7% .

K . 406 35 R T F AR AR E WA+ TEERAZ W % ; fe iR A48 ; B AR AR 3T

RESES: TP391.1 XERIREG A

Burmese OCR Method Based on Knowledge Distillation

MAO Cunli*, XIE Xuyang", YU Zhengtao"’, GAO Shengxiang"’, WANG Zhenhan’, LIU Fuhao*

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;
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Abstract: Different from traditional image text recognition tasks, the Burmese optical character
recognition (OCR) requires computers to recognize complex characters nested and combined by multiple
characters in a receptive field, which brings great challenges to Burmese OCR tasks. To solve this
problem, a Burmese OCR method based on knowledge distillation is proposed. This paper constructs a
model of teacher network and student network using the framework of convolutional neural networks
(CNN) + recurrent neural networks (RNN) to train in an integrated learning way. In the training process,
the teacher integrated sub-network is coupled with the student network to realize the alignment of the local
character image features corresponding to a single receptive field in the student network and the overall
character image features in the teacher network, so as to enhance the acquisition of local features in long
sequence character images. The experimental results show that the performance of our model is better than
the baseline by 2.9% and 2.7 % respectively without and with background noise images as training data sets.
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Fig.2 Network framework diagram of Burmese OCR model

2.1 FHERWEK
2.1.1 #ma)iEBABRFIER TR HRREFE

AR SCR T TR BE A TR 28 I 25 B A vh (1 45 BR )2 R R T AR 2 RN Bk 4 1 40 2 Ok b 3 3 N 4 )
1B AR BOHE 1 4 B 2 W 4% 0 A IR R S . [RI B £ T VGG-VeryDeep ™ 42 4 i 3L it 1
¥ 3 T3 IO 4 ) 1 OCR A 5 15 oK 19 U8 B 4 B 28 I 45 S R0 A 1, 76 58 34 R EE 4 4 e Ko Ak )2
R 1X2 R/NBREIE s A 1 11, F DA™ AR 98 B2 8 R 1 e AE BT, DA 77 AR L B K 1Y 4 i) 3 1) R FIE 7
G o A SO i A A ) R A i 30 I B R AR A AR AE A 9 B S R AE 1) AR R AR ] B ZE F)
A B A i, T A REAE TR 2R 2 4 B S B 5 o A RAE ) B b, DT PR OIE R b0 AE R 4 B A 8 F)
FEAE ) & b

AR SC R B ) JE 1R A2 M 2% (Bi-directional long short-term memory, BiLLSTM ) 3k &b # 7% & 4 #1
P25 I 2% vh ARAT B AR AIE ] 3 41, DA AR A AR AE 04 A 20 B ABE S 43 A1, B S0 DA T — )2 A6 BB B Ry
TR X =y, -+, ap PR W 2, AR 250 A0 y,0 A1 K 26 832 12 P 45 (Long short-term memory,
LSTM) HI T e £ e ) RNN ST 86 BE T 2% (9 TR 8E. LSTM iy A i th Fst s T E . A7 A B oe iy
VEHI R ARt 2 09 b8 3¢, [R) s ARV 7 e 1 B o0 AR I T) DR A7 380 A 4 3 R Yy R S
15 B, JF H B0 BLOR A 3 1945 8 SCRT Rh gt s T B o 78 B2 00 2 o) o AR R R ) 91 v S ) 7 o) 1Y
N SUE BB BAME R 8 2] — Se BRI AT R AL R SO AR S X A AN ;2 i B A AL
FFe8E B AN xR I @& i “ 887, X A W] LA YIRS L TE ok wf . BRh LSTM J8 & 2 2 0 19, Il
g HA B0 2509 1R SCOFE B BT AAR SO ¥ I T BILSTM, B w6 17 5 79 24~ LSTM 416 5 14
BILSTM, Jf H. AT DL I 22 ¢, BETMT 42 T S2 30 OR[N BILSTM AE % W Sk 3] & X 2K 1 e 47 ik
ATHAE X R R AT DA A 354 A 22 1Y) 4 ) 1 ) F o

DIV P it 25 000 286 BT [1] , > 978 A Aot 28 00 246 22 A0 380 R A0E 5 37 o g o e, B o R AR R P iR BIOR T
Ak 2 P o B[R] I 3 S T A o, A 2Ry, M RNN YA LB .y, = g (2, v, 1)s 7EBILSTM
R RE R, 77 AR B A i 22 10 1 90 2 2 0 b e B K 4 i 1 TR 100 AR AU IR S 5 i kg R E T ), SRS 1 R e



2HA F A TRrEBemaELTEFHRMNT & 177

I B o B4 FRUZ 5 Bk 2 U0 0 45 OB S Bk I B, Z S TE R — B 2R — A A A B
TXHERIE BT A5 TR 45 60 28 R B A 28 10 2 22 ) 3K 3R MR 22
2.1.2 #%

S S F RININ BT A8 g Mt 00 2% 46 il s 2 3 970 %) ek 2 o 0 7 RININY A 28] (9 s i 9 00 79 o 28 93 A
AR SCHRFE Graves 251 HY (4 € 32 i 6] 43 2% ( Connectionist temporal classification, CTC) 5t BF & 1)
(EIRR I

S SUAFS = "R S =S AT I B 40 ) 18 A 4R A T, AT — 7 B FE RNIN A5 31 1 4 iS5 00 114 A
oA R AR AL E o D3 AN E SCT AR DA B 25 AT R A AR e L S R AR e 1 A
FH A < U 2 A A ) S A I A 1A S A ORI 25 25 A L (LR 0 2R AR ) A DA — 45 5 R U — 4
MR L AR DR B AR R B A

B4 : f (7)) =f(oo-o-p5-so20--0i0g-8- ) == 0pbie0igd , f( 1, ) = ( ~ewmes--o-p8pS-ar0--0i0p-E- ) ==o0pBian00i0p8 ,
Slr,) = f( 925389----0-p5p81336---0i03-€ ) —asophizmeciogl .

BlFhreQ",Q=QU{—}, 3 B Q& T I Zxrh iy i 4 4 fa 1B bR VR 4F M IE AR 25 . TR e
PR P IR G ER A y =y, ..., vy E LT i th oy g BBR 27 51 %R

play)= >3 plaly) (1)

mf(m)=¢q
AP T HRIF U IE A y 2 T X 8 J5 B0 A 36 S M o ) SCF ARG p ()= [T ks 204
Ff AT B 25 o, B ABE 56, 000 P SCAR [ 21 ) b 5 A 160 U 16 90 0 T A 80 1 A 6 K KA B SR O 1
p(aly)s
5 A KB, ) I AT A R S T DA T T T 4% 2 1 R 1 7 R i
H5 KB 5 P 908 56 T X 440 8 U 91 4 4 P 42 oo — 9 40 ) 000 24 1 BT 45 1L
g = argmax p(qly) (2)

M, (¢') R 5 S A8 5% H AR CRT LA T B B 25 4 2 B A 38 4R 31 50 o e KB I 5 50/ A
VA TR ML RS O R S A y e SR .
2.2 B

AR SCH T 25 AR Bt 224 CNN-+HRNN+CTC R A A% M W 5 2 A 4% o B A 8%
O P 4 ) 1 B A R A A R AE R I 45 3 A L DA A8 B3 I (9 36 B2 77 A S TA) A R A 36 o 00 )
2 Ja T A S ERR A D B B R A A, an L 2 vh B AR TR o

P 4 ) 1 B A AL A T A R A — 0 0 U 50 R ) 19 KT Okt 80 ) 46 3 P 35 F ] L 14 2 5y 5K
A0 A A A IR O — AR A, 2 T 4 e i BRI R S 2 R E R E T AR,
TE 5L T 18] B 15 B0 T, 8 B K B4 A 28 1 99 ARE 23R T o g 14 s 25 39 4 Sy B3 ¢ 11 T 285 S, D

f:aQQMPWU) (3)

3 D Ay i) g
2.3 SRR IR A W &l 25

SR FH R R 18 10 O 2 20 B 6 55 R BERY B A R A A RRAE X 2 2 AL Y S BGHEAT AR
A T, il 2 2 T 2% 18 A% ek Ak~ T B 4 ) 15 AL A U L AT R g 5 O 4 ) 1 ) R Y 9 A o
e EGRRIRR 2 (2, e (X, Y ) H N SR B 4 h A REAR R T KA (Y =1, 2, -+, K) ,ZUM
2 B0 B B AT B LA AT AR A B 2 R BT R B B A B AL A S LA AR TR A A



178 R EB L Journal of Data Acquisition and Processing Vol. 37, No. 1, 2022

BAEE . N THTWM [ (2): X — Y ARSI £ (2, 07) IR W 4 10 280, Frh 0 2 i /b
Y5 B AR BB L B3 092 2 B8, #3600
0" = argmin L, (y,£.(2,0)) (4)
2% SC I Y G5 56 KO 330006 T A AL A o 3000 000 46 2 7 190 2% 09 354 2 (B0 S0 Loy 1 Lo 6
W BEUEARAE T y R HR AR BUIAE I Lo 5%, RS AR 400 M1 5 50U B 1 190 45 1 it 2 2
AR 14 6 4 AR DG i
Lyin = aLcpr (P, y' )+ BLers (Ps, ')+ yLip (5)
KPPy = f( 2 )R Py = £, ()4 5 375 20T 9 45 0012 A= 5580 o Pl 40 6 17 4 e 58 2L 2 4 OV 41L 7 F “ 45
T AT 1) J% 32 7 D40 By, 25 B 200 97 % 7 WO S 50 BACABE %6, 388 3 40 2 (00K R A2 2 B A T 5 B
B, DA T S5 02500 0 245 % 2 000 45 1) PELARBRIE RS 3 . 2€[0,0.5,1].8€[0,0.5, 1 1M1y €[0,0.5, 1 /& F
BRI R S A B U, 58 U 22 8 7T LS A

K
Legr (P, y' )= Zﬁ(k:y/)logq?} (6)
=1

LLiEs(Ps:y/):WIOgPé (7)
A A HE AR BRHL; g A O R 45 X6 ] B4 B AL A AT B B AR s pl R A I U ) 2%
H oy S5 X R A B I 20 B A B A A AT SoftMax B HAE SR 5 L, AR B G (H Ly, A T 1R 25 0t 0
Lyse 018, BV A

n

Ly = Z (L (9l g1/ W) Luse ( plr q1) (8)

i=1

A W —AN R S8, B P O 1 9 2% 4 Hh i Ak . WRDBOR , FIARZE BB E R0 A AR . L,
AE S|

LKL(Q’*I‘MP;I): qu;‘l(lOg(Q'*l‘l)_ log (p&1)) (9)
=1

3 XRTERESSWH

A 2 45 18 37 S SCAR RV IMT 45 L, X6 T R A 3 T 260 TR 2 08 A 0 ) 1 PRI S AR TR ) O s G A R ot
7T PEAG o A SCHE A 3 %) 4 1 RS B 4 B EAT T 508
3.1 HiIEE

S2EG W K LUR 6 4 Al FH Y 4 f) i 1 15 5 i
£ TSR FH A S 36 B 30 e B ) 2% 3R 2 1 4 i 1 SC
A K AL A B4 HE R A 1018 X518 % ~500 ing label

= 2 £ NG R \5% /,\

12 FE X 30018 E R MR 54 . BEH T 80 T ok & prp— Py

F1 BRERERIRIERE TG

Table 1 Example of data set format and correspond-

A MR [ 46 ) 1R Y SO R AE SR VAL BdE 45 A
) codwodon

80 7 5 7 A7 W 74 10 4 460 ¥ 0 S5 S A R 4940 Sk cordecdon
RBOHR B BICHR 5 P O TR S jpg e XL X £ Lire
BRSO R B SO e eEreq fiedls s
LR o 0 22 190 2% U1 25 oA B AR A7 trecord Z.ipg
SRR TSR IO % . 25K 4 A LR SoRP{e -

6 b 4 ) 15 AR B0 4 3.jpg




2HA F A TRrEBemaELTEFHRMNT & 179

BHRE N BRI 600 J7 K T S MRS AT 8 04 U G A ) 18 PGB B 91 0 onBeoapogE
« ofRBofGoch ™« coBugrnocnBionq ” .

ISR 2 A IR Oy 5 R A 1 5K R A 7 B R A A SR — — X 1 1) 8 ) 1) A
WA . 40 Bl 4R 1 v oqoepog "5 6 M FAF O XS N IR © 75 oqfroapegl
BT TFRFQ7 NS N E AR q UK o e 9 TERMBIERNEEE 2.

HIEE 3 A A IR Oy 5 R 5 1 5K R A L B R AR AR R — — X 1 1 A 9 1 S A
o ) 7B I 2R Bt B2 o 9 A0 B A 1 b onSioepege S 1S FILER 2 AT B AL A T4 O g A LR R
“oy 75 B0elPod ” h A S A B 9 545 10N Y T AR I 2L B T A5 <[ % 1o ) PR e E
oy e o A UG A R B 4 3

BHEE 4 O HUE A A 600 7 gk B R SRR B K F ) I 2k g fa) 3 R OECHE 4R o )
e

HARES B AR G Oy 5 s 4R 4 b g ok R AL B R AR AR R — — X B A B A 4 ) 1 I R
HARAE . A0 KR AE 4 v @oaBee80m1 " 8 A T4 O X I A IR 45 o @qpeensi i 1 4
FAFC@ X N i R e T m e A BB AE B 4 5

HIRE 6 B AR FME Oy 5 8 s 4R 4 b g ok MR A7 R AR AR R — — XN Y A B A A A
e VI 2R B 4 191 00 < 500 42 4 < B09BeoBenl " 45 2 A 45 34 A A FE AT UL A FAE < 00b N B (1 PR
1% h o2 LB NS T FA A G F AR N By R A b U o

B " G R 6
3.2 ZIWRERRIM

A SC I S5 T Tensorflow HE 42 52 BEL, IRk 45 #% Bt & Bc &4 Intel (R) Xeon(R) Gold 6132 CPU @
2.60 GHz,NVIDIA Corporation GP100GL GPU,

S UG R TR AR VE VT 48 AR B 45 (Per char, PC) M4 731 (Full sequence , FS) 4 #1 R K A 20 H

. CS .
PC= SN X 100% (10)
SL
=X 0
FS N 100% (11)

K PC L CS R SN 43 i A 3R B A 745 1 W B 2% LI 8 19 74 SBOR T A 745 19 S 4 FS U SLRTLN 43
SRR 4 RS i 2% LI 80 1 7 50 BORT 51 B

FE A DR A AR 1 40— BOWAE OO T 6 HOBE R S 808 B T IR 40 th B SRS . TR IO MR Y 4 )
HERMBIE O T 21T 7T 1 5508 2,

KA E IR LA DSk [ 1 F2 YEEAHEE1FIHMIRGER
U4, R 5 5 A1 0 0 T 24 0 24 i Table 2 Recognition results with the training set of
77 52 % L5 0 B U1 6 5 0 28 1B datasets 1 and 3 ¥
£ 3 AN RS RN ER 2 R o

i PC FS

M 2 56 4 5 A AT DA R JHTCNN A+ LSTM + CTC 75.2 70.8
BLSTM + CTC"J5 & iy 5545 1 fE o R | 2 )% CNN + LSTM + CTC 81.2 77.4
GRS i 5 1 Ry 87.2% A1 85.1% , R A “CNN +  CNN + BLSTM + Attention  88.1 82.3
BLSTM + Attention” 5 & .45 W IE#R R & 7 CNN + BLSTM + CTC 87.2 85.1

BIAE B R 23 0 Sk 88.1% F182.3% , AN S Jy i AE A3y 91.5 88.5




180 R EB L Journal of Data Acquisition and Processing Vol. 37, No. 1, 2022

FAF B HER AT SURE I R RO IA B T 91.5%0 M1 88.500 o S vk FU N £ 2 2] B X 5% v By
20 ) T AL AT R AR O 2 A I 4 BEAT A AL, DT X 2 A= 19 2% 1A 40 ) 1 AL AT 9 000 B AR BT T AR
MR 8 , 2 T AR S 2 A 00 52 A% AT UM E A 3R 52 8 o 0T Ll 52 98 v AR R 7 Ak B S50 B0 4 D TR L
B (ELR A TR 0 T 4L 5 AT I 2 7 A R A R A I P R L A A R T LS BOR ) v
FAR T AR

SR 2 PR LR A W 4 R AR #3 NGEHREE 1 2MIMMIR LR
2 BAR AR 316 O M 45 I R4 2047 T S5 5 Table 3 Recognition results with training set of da-
X b 520 9 U 2R 4R S BOUE AR 1.2 3 1 BRI tasets 1, 2 and 3 %
SR WME 3R Jr PC FS
MFRITI M T HiEE2E, SR 2HMIL LSTM + CTC 75.3 72.1
AP 45 A B4 Tt A SO AR AT Y CNN + LSTM + CTC 83.4 80.4
HEB R  F TR R T T 3% M 1.6%. CNN+ BLSTM + Attention  88.7 84.4
R Hd 4 2 0 & 1 0 BARAE B9 R S B B 4F CNN + BLSTM + CTC 88.9 87.2
2 ] T, S I A A T 2% e B A TR A7 B G N 1) SR S ATk 94.5 90.1

TAF G R AE 5 200 R0 2 B A TR AGCRE A B X
LU 58 < 5 1) 7 A P A5 rb B X R i A SR, DT i v 1 7R i o

A b I K 0 4R R AR 35 A S e A O R AT BB Sk 7 Ak LS BR AR I R B T SR R Y
2 ) T PR IR RSOR 2 B 2%, S e AR SCHE I 8l e 1 AT 79 5 R B s 0 8 R AT 1 5858 3, DA
R B e AL R A I T AN [+ 7 T A 40 ) P45 R

LU 3 KRR AR AR D s A R4 I SRRSO BOE 2 56 1 O I 45 9 DI SR B L AR i oL R
e P AR 4R 45, Bt 4 4+ 6 MG 4R 4+ 5+ 6 70 S BEAT T LA SE 0 o X He 5256 1 U 2k 4 Sy B Xt 2 2K
P (9 BRI A5 RN 4 TR .

x4 AEEERFANBERTENZFHEREMEFIERENIRER

Table 4 Experimental results of accuracy of per character and accuracy of full sequence with background

noise %
. Bl 4+5 Bt 4+6 Bt 4+5+6
ik PC FS PC FS PC FS
LSTM + CTC 76.4 73.5 76.2 75.8 78.2 76.1
CNN + LSTM + CTC 80.1 77.6 81.8 80.5 82.2 80.8
CNN + BLSTM + Attention 85.9 85.3 87.1 86.7 91.3 87.1
CNN + BLSTM + CTC 86.1 84.6 89.8 88.5 93.4 91.5
ART5 88.6 85.8 93.1 91.2 95.6 94.2
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