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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;

2. Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming 650500, China)

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.

Key words: Burmese; OCR; CNN + RNN; knowledge distillation; image feature alignment

EEWB :HEARPAE S E ST H(61732005) ; B 5 A AR5 4: (62166023, 61866019, 61761026, 61972186) ; 5 F 4 H K
B L W4 (202103AA080015) 5 25 7 44 I F B Rl F 55 1F 2l 3 050 H (2019F A023) 5 = M A T T A2 R FE AR Sk AR & A A
7 H (2019HB006) .,

Y #5 B 88 : 2020-08-01; f&1T H #3: 2021-05-06



174 R EL A Journal of Data Acquisition and Processing Vol. 37, No. 1, 2022

51

il

2 F8) 1 SC 7 A7 Zawgyi-One \Myanmar Three &5 22 Fft 7 44 45 15, S skt G ) 28 v 40018 SCAS 9 45 B 7 L
it %) T 0L, K 22 00 3 SR P 78 R S DL IR JE e B . 3 % O B T 1 4 ) 0 A R T S AL B BB
B R RN A5 0K R S5 B 5 R A K I TR ME o AR 45 5 TR B 2 21 19 O W A v 0 SCIEMR SCAR RUIT: 55 h
E WG 7R E WA ROCR o T A ) 5 AT R R IR PE L BRI A OC T4 ) 1O S A IR )
(Optical character recognition, OCR) i 5% J5 T A8 AH 5¢ i 5%, IR b I R 4 4 i OCR Wi 58 B A JF 7 & 22
{18 FL 38 S B R A 8

6 AR O TR R R e A SRS o X T SO AR U B A ) 4 Ander-
son' M 3 A RIGUG  oh S5 K AL TE F BARIC , X Se A5 AL IE F BARIC E X T SUAR A B R A E X
ZJE AESE DR T R | R B0 R D 4 OCR R 18 2 R
B AR OC e T Bl 22 1 BE o A A FRURR 2 I 6 AR AL R AT SCAS TRGR i B AR OC AR A AR £, 1) fn Sk
CL1 ] IS a0 B SR SR AT ARG I, 9K 5 1) P R T 4 AU 22 [0 2 455 1 S0 3k 4 6 0 381 ) 4k 0 A7 3001
I HPRIC G 09 AR AT U S5 (B 02007 1 75 2 1005 U1 20 8 1 9 7 A G0 0 285 S RE S I 1 SR LGRS
FE55 BTSSR B o T ELAR A i b i — N BN E T S I 2 F AR EH AW R AR
MEYT 23 BB AS A DR A T 5 A & B T 4 e 1 AR SCA PIAT 55 o ) IR S B 2 4
A Ak 2L %) A RN A R ER A ) 1 A B BE AR AR A XY R A, DU BAE T Y 4 e 1 B
R IR 2 AT A, DO A T 4 ) T O goBeoslcBS T Y 11 AN AT ZH AL, T L) R TR
JE 4 BB 28 ) 28 1) A 3R AN g B4 1 T 5 T 40 ) 1 RUR A E S TROIAE 55 o RO 26 0 28 I 4% (Re-
current neural network , RNN ) 5 %1 i <] #5 SCA PURINT: 55t A7 — S8 A1 OC 1Y TAE , 4K 1 78 RNN Ak 277 51)
R 2 S A i A TR B R PR R AE B . B0, Graves 25N TFE SCAR TR I T — R 41 E{R
o LA A 1T Su %60 2 R e ol — Z 90 D5 1 B B B 7 ] (Histogram of oriented gradient,
HOG)RHIE . PRIt , H A3 T 06 R A 28 I 2% 114 J5 VR AR M 15 42 F T 4 ) 1 16 2% 45 R

i) i 5 T SCEGHE 9 SOR ] 7E — AN B2 B N 9 — =
SCF A B SCF B Unicode 4 5 26 8, 2K 1M 4 ) OCQE-‘]@OGO:@:
VAAE 1SR BF Y AT g 24 5% 34 Unicode 4 i 41 //*J
oo R 1Ca) i i A S B e 3 A L + O 4+
FAFL"(/ ul071) ,“ 0" (/ ul015) F“e " (/ ul02e) 4

(ul07) (ul015)  (/ul02e) (/u006¢)

I AR AT 1(b) RS2 B B S8 A AT (a) Burmese (b) English
“n”(/ u006e) 4L A . 4 il i OCR AT 55 AL 2 5] 1% BIL TANERSZ BTN AN R 5 07 A5 45

PR RS R R SRR B R AR K Y, i e Fig.l  Structure of characters in different languages
Al S0 ) 8 22 A S L 0 5 S R 1 AR in a receptive field

L FEXFE BT, S B0 1B OCR AT 45 M Tk

H AT % 3 Yy e 2 Shi 281 4R 1 (4 35 BLUOE BF Bl 4 M 4% (Convolutional recurrent neural network,
CRNN) J7 il Luo 457148 H g Attention J7 ¥ , ‘T Al St 31 3 i A 285 fifk bl 95 SC 8 31 P31 1 BT, 7 38 SR
ST TR B T — R AACR o (FUR 6 Oy 1 TR At — AN RS I P — A T B LI IR ST 4 b 3 4 i) SC
LA TR A 09 22 T U B R AR . P IR AR SCHR T 3 T R0 6 0 19 4 ) 1 OCR 7 i2%
g 82 0T ) 246 0 2 7 ) 0% 6 17 4 02 3 110 190 24 HE 4 38 aod 200U ) 2% S 5 52 A T 4 0% 5 | B0 1 R
7] 4 i) V25 20 S A RO S 24 R T S B 2 A T 24 o {2 A R 2% il 0 2 3 8 4 i) 1 20 S A 1R
SO0 55, AT A8 o 2 4% i 40 ) SC 22 5448 200 2 30 o LA SS90 4 B )



2HEAL F T hen KB M 6 5 R TR ok 175

1 A EGEEFEST TS E

it EAE T — BRSO IEE BN FMA 2 A G850, E1H 3L IOEHE L 015 T Rk
A R ROE o i A SCA3 B T 415 18 5 AR AR, R 3R TR 2R 0 0 40 4 3 OCR J7 ik, 14 2800 1) 2% 4
R ) P F R 2 A F AR IR B A A 09 2% 7 A7 R AE X A 28 56 7 AH 18] 09 7 B 745 15 8 47 5 fiF 34
5, DT B i B ) 0 O HERG R . i T H AT A A T B9 40 R AR SCAS U ECHE | BT LUAS SCHY I T 4
) 1 OCR AR YN 2k 32 1) B4 4E
1.1 $F{ES

AR TR AT LA A S A S AR R 25 5, B R AT A AT A S AT AR
fill LA AL T 4, B E R UEAR S L gifEA 33 L S S onE A S L AR
BT, DT R A TE B AR IE T o AN B AR T AR 22 M) R A IR AT, A AR A A G T
A FHL 00 24 B 05T, 4 BB AR AR A0 A9 40 AR5 ) o SXORERE S5 5 LR A R 04 ) A, XS F AL AR IR ER SRR A B
1A RS B v Al B4 & 24, 3 SN T 46 A 1 OCR AR I & Z 15, T 53¢ b &2 2% 7 4% 1 46 fa) /) 1 % vp
R Z 8.

1.2 HFEmLE

A 3¢ i Wouh (www.anmde.edumm) W T 120 7 A g o & AT oo W
“ goonft3oelanod Bonk: feeok: §a5od | qodegon ” alpoddaogb” | ok F5 | i I 46 4 1 H BE YD 43 T B 4 a0 1 55 R
AT K O A g R B SR B . il R IE X i S S F T N g iE R
“ ofafqBoB oyBrepopl oacSespodopapioogd ” | A3 B I Y 4 1 R g © 0€:8qB03 7 aqbioepag ” 1 “ ooSeepadapyproopd
HRAJE 20 18 0915 5 e, 04 BOR B 40 5 SCRBUR AT N T B R E R 2N F R mEd G N E
A N TR N e Sl = N W A =

) SCA Az B S T 5L O SO B B ML A B 43 B 108 2 X SR FE ~50018 & X 30014 £ &
B S E 5K &A T 58 00 g 1 B, i # i S I 2R AT 55 i 75 B9 Zawgyi-One - {4 4ii 7 15 &
18 K AR MY ZR g it 4R AP Ak 4 s -

A5 A 4 A T R I — ) 4 ) 3 A, — A 4 ) 3 5 1 Y Unicode g A% T LAY S 58 <
F><LH ><HES<EESA<PEF>. XS5 RS R E LS ERNE I,
— Ao A HABT T RE R A W . FESERR Y, oo AT DL R FE 5 2 A0, (2R 0 AT e D A 5
FRomis Z 5, B “eon”  H 2 & A 40 5 4 (/ ul000) (4 fa) 7B on ) (/ ul031) (Ziifa) S 75 “7) , F
VI B & A HE T LT A2 R O i e 1A & IR e 4m T ool o B, 3 IR 46 #8) 15 Unicode
Gt B SRR I < <Jfi 5 = <75 8 > <00 & > <@ Bk > A <rh i = X g ) 1 R T H0 PR AR T

2 EFHMIRFBHMAEITEOCREER

AR SCAR AR A A P 2 BT s o PR v R R 4 R e 20U R 24 R A A R 24 R R 23 2H B, R KD
Loss 78 FRZR IR0 K, o 922 f U W38 LR 3C. M)A B 5 A0 AR 25 45 A A9 )1 R B R I R 200
P 265 fife e AN A2 B P9 R 2 AT TR TR, )R P 9 5 4% Pl {6 R 30 8 SR I G 2 2 T 288 i DR IS
S AF R R eI o B 2 A 9 285 5 00T A TR B0 1 R 45 HEAT R S, AR O AR S AR AL
AT A AR A S R AR A A AR R 8 S RO AT A, LA B 5 A A R 5 00 4 ) 3 2 AT R AR A
W i B T 4 ) 3 2 A AT HE NGRSy O B ILER A S 0RO HE B RARAY R DU AR T
20 A 41 2 1 I 4% T R 45 LA B S RN 2 0 A 0 45 )1 2



176 BIERE B AR Journal of Data Acquisition and Processing Vol. 37, No. 1, 2022

—————— e e e e e e e e e e e e T T e )
|
|

5 BAUFERS HOT%

|

|

| | i
—(p J—{sism — AP =

| ] i

| ] i

kD loss - 7. —{BiLsT™ [— S =
KD loss f——— P; —{BiLSTM ]-— -«_ =

KD loss |+ Py | BiLST™ — SR, 5

' | |
' | |
(BT P

KD loss

&2 g fa) 5 OCR BB b 48 HE 2 (K]

Fig.2 Network framework diagram of Burmese OCR model
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Table 4 Experimental results of accuracy of per character and accuracy of full sequence with background

noise %
. HHE4E 445 A4k 446 HARE 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
ARICT5 ik 88.6 85.8 93.1 91.2 95.6 94.2

M A rpon] DUOULEER] 78 Y G A (T AT 9 5 W 7 PRI L Aol DG 53t MR 7 Pl st R S 2 T
TEILEOLT AR SCS2 560 7 2R F UG 4R 4+ 5+ 6 I, RIVE ] i) 2% 5 00 5 A5 FIZEL 5 7 A0 AR DL S s I 7 5 T
PN R BERLKE T b BROR

S 36 YN S K500 2 19 /N A mT R 2 o 5 T R S Pl 0 o At i L e R RS O R AR R 1 R R
PRSI A 2R 008 5 RN 2 A 2% B /I 2800 1o 265 11 2 8 500 AN T A G o, BV 2 2 R0 4%
b VAR g i T4 S Xk IO 19 ok 5 e B A 1) 40 o) 3 B0 4 s 2 2 5 A AR (R 500 IR 4 )1 R B 4K
RS HHOMM LI LR BT 405 91 4 1 UM TR 32 45 R 181 3,4 7R .



2HEAL F T hen KB M 6 5 R TR ok 181

100 100
S

95+ 95} S
°\° 90} //‘_//‘\_/FA 8 90} //‘/‘/—-A———f—d
?:); 8sp g 85 i
g sor o §8°W//\/\
= L Ry < g5p s R

L < O sTMecTC AN stvere

70} CNN+BLSTM+Attention 70 F CNN-+BLSTM+Attention

- CNN+LSTM+CTC - CNN+LSTM+CTC
. < LSTM+CTC 65 , < LSTMHCTC
65o 200 400 600 800 1000 0 200 400 600 800 1000
Training set size / 10* Training set size / 10"
R NGE € 5 L ey a3 E B4 R [R B 58 /N 4207 9140 - 1 B
Fig.3 Accuracy of per character for different sizes Fig.4  Accuracy of full sequence sentences with dif-
of datasets ferent sizes of datasets

18 gt S 56 45 SR AT LAAS R S50 o TR R 2 2T 5 ik IR R R R A A A I 2 R e S B ARCR L OF L
3o S5 A A AT 4 2R T LA S I R B £ 3 600 7 K BRI BE A DI ZRECHE i £ 0, A (8 52 T
ANFEHTR i LAAT L6003 Y1 4 K80 A I ke L AL

4 LRIE

B 4 i) 1 UG R 1A B2 B N 2 A AR AL B B 2% AT A DL BGRUA B [R] A 2 H T — b
BT AR IR A 40 ) 1 OCR J7 vk , AR 40 ) 08 SO a5, A0 8 17 365 1 40 i) 8 OCR AE: 55 75 5K 14 199 2% AE
B YR L TR 2 R A S AR I B0 4 ) 1 BGOSR RO AT ST, KA T 2 A IR 4 AR 00 ) 45 0 I
B SRy AR AT By 38 i, 5 B JR) FH R R 0 5, DT A e 4 ) 3R S A A AT IR B ARG RS AR SCiy T
i I 45 15 BT 5 1) R S L O A T RO B A A L AT TSR AR A T SR R R S B T SR A
PG A S 1 2 B8l B0 5 D0, 78 SCBERL A9 PR BE 20 A T2 2k 2.990 F1 2.70%0 0 7ELLA B9 TAEh AR SORE
Fl e i B LA AL 45 2R, DTt — 2 i IR 0 A T

S 3k

[1]  ANDERSON R H. Syntax-directed recognition of hand-printed two-dimensional mathematics[C]// Proceedings of Symposium
on Interactive Systems for Experimental Applied Mathematics: Symposium. New York, United States: ACM, 1967: 436-459.

[2] BAIJ, CHEN Z, FENG B, et al. Image character recognition using deep convolutional neural network learned from different
languages[C]//Proceedings of 2014 IEEE International Conference on Image Processing (ICIP). Paris, France: IEEE, 2014:
2560-2564.

[3] YUAN A, BAI G, JIAO L, et al. Offline handwritten English character recognition based on convolutional neural network
[C]// Proceedings of 2012 10th TAPR International Workshop on Document Analysis Systems. Gold Cost, QLD, Australia:
IEEE, 2012: 125-129.

[4] YANG W, JIN L, XIE Z, et al. Improved deep convolutional neural network for online handwritten Chinese character
recognition using domain-specific knowledge[C]// Proceedings of 2015 13th International Conference on Document Analysis
and Recognition (ICDAR). Montreal, Quebec, Canada: IEEE, 2015: 551-555.

[5] HE M, ZHANG S, MAO H, et al. Recognition confidence analysis of handwritten Chinese character with CNN[C]//
Proceedings of 2015 13th International Conference on Document Analysis and Recognition (ICDAR). Montreal, Quebec,
Canada: IEEE, 2015: 61-65.

[6] ZHONG Z, JIN L, XIE Z. High performance offline handwritten chinese character recognition using googlenet and directional
feature maps[C]// Proceedings of 2015 13th International Conference on Document Analysis and Recognition (ICDAR).
Montreal, Quebec, Canada: IEEE, 2015: 846-850.



182 BERE LB L E Jownal of Data Acquisition and Processing Vol. 37, No. 1, 2022

[7] BREUEL T M, UL-HASAN A, AL-AZAWI M A, et al. High-performance OCR for printed English and Fraktur using
LSTM networks[C]// Proceedings of 2013 12th International Conference on Document Analysis and Recognition.
Washington, DC: IEEE, 2013: 683-687.

[8] ELADEL A, EJBALI R, ZAIED M, et al. Dyadic multi-resolution analysis-based deep learning for Arabic handwritten
character classification[C]// Proceedings of 2015 IEEE 27th International Conference on Tools with Artificial Intelligence
(ICTATI). Vietri sul Mare, Italy: IEEE, 2015: 807-812.

[9] ANIL R, MANJUSHA K, KUMAR S S, et al. Convolutional neural networks for the recognition of Malayalam characters
[C]//Proceedings of the 3rd International Conference on Frontiers of Intelligent Computing: Theory and Applications (FICTA)
2014. Odisha, India: Springer, 2015: 493-500.

[10] GHOSH D, DUBE T, SHIVAPRASAD A. Script recognition—A review[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2010, 32(12): 2142-2161.

[11] ZHANG Y, WANG W, WANG L, et al. Scene text recognition with deeper convolutional neural networks[C]// Proceedings
of 2015 IEEE International Conference on Image Processing (ICIP). Quebec City, Canada: IEEE, 2015: 2384-2388.

[12] JADERBERG M, SIMONYAN K, VEDALDI A, et al. Reading text in the wild with convolutional neural networks[J].
International Journal of Computer Vision, 2016, 116(1): 1-20.

[13] WIGINGTON C, TENSMEYER C, DAVIS B, et al. Start, follow, read: End-to-end full-page handwriting recognition[C]//
Proceedings of the European Conference on Computer Vision (ECCV). Munich, Germany: Springer Science, 2018: 367-383.

[14] GRAVES A, LIWICKI M, FERNANDEZ S, et al. A novel connectionist system for unconstrained handwriting recognition
[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2009, 31(5): 855-868.

[15] SU B, LU S. Accurate scene text recognition based on recurrent neural network[C]// Proceedings of Asian Conference on
Computer Vision. Singapore: Springer, 2014: 35-48.

[16] SHI B, BAI X, YAO C. An end-to-end trainable neural network for image-based sequence recognition and its application to
scene text recognition[J]. IEEE Transactions on Pattern Analysis and machine Intelligence, 2016, 39(11): 2298-2304.

[17] LUO C, JIN L, SUN Z. MORAN: A multi-object rectified attention network for scene text recognition[J]. Pattern
Recognition, 2019, 90: 109-118.

[18] XIE H, FANG S, ZHA Z J, et al. Convolutional attention networks for scene text recognition[J]. ACM Transactions on
Multimedia Computing, Communications, and Applications (TOMM), 2019, 15(1S): 1-17.

[19] HOSKEN M, TUNTUNLWIN M. Representing Myanmar in unicode[J]. Unicode Technical Note, 2012, 13: 1-67.

[20] SIMONYAN K, ZISSERMAN A. Very deep convolutional networks for large-scale image recognition[EB/OL]. (2014-04-10)
[2020-06-01]. https://arxiv.org/abs/1409.1556.

[21] GRAVES A, FERNANDEZ S, GOMEZ F, et al. Connectionist temporal classification: Labelling unsegmented sequence
data with recurrent neural networks[C]//Proceedings of the 23rd International Conference on Machine Learning. New York,
United States: [s.n.], 2006: 369-376.

[22] BURKHARD W A, KELLER R M. Some approaches to best-match file searching[J]. Communications of the ACM, 1973, 16
(4): 230-236.

EER A

E5L 1977, 1,
P ORI A RIE S
A AE B R % B R

%, E-mail : maocunli@163.

como

B9, &, 1,
I E R N RS RN
AL

BHAEBR (1995-), 55, fili -+ A
GEA BRI HARIE S
b B G Ak B S AR R
Fie

EHRIE(1993-), 55, WL B
T WETE T I AR S
Ak B HLAS B

RIEF(1970-)  BIEESE,
Bt B W T
HARIE AL 5 B
ML 2% 1 %F , E-mail: ztyu@
hotmail.com,

4R (1997-) . 53 B+ BF
FEE LRSI : AR S
b B P AR A PR S AR R
il

(%% .2 F &)



