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Abstract

Due to the special structure of character combinations in Burmese language, there are
great difficulties in the research of image text recognition. Using directly the existing
methods to recognize Burmese images has the problems of missing characters and poor
recognition under complex background. Therefore, this paper proposes a Burmese
image text recognition method based on fused with multi-layer semantic feature maps.
It uses deep convolutional networks to obtain multi-layer image features and fuses them
to obtain multi-layer semantic information, which alleviates the problem of feature loss
in the case of Burmese combining characters . In addition, during the training phase,
the MIX UP strategy is used to optimize the network parameters,which improves the
generalization ability of the model and reduces the model’s dependence on training
samples in the testing phase. The experimental results show that the accuracy of the
proposed method is improved by 2.2% compared with the baseline model.

Keywords: Burmese , Image text recognition , Semantic information , Feature map
fusion , MIX UP
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™, EEEEGTREE TR, Kb B EEMERT e Bl EFRFC T DUE T
e, HEEEL (be) W, BEZEFNR P UFISRIERE H RN FRA AR, EAE
FIAGEE, BVEEHG A 3T - XA BGSUAR IR (Cheng et al., 2017; Wang et al., 2020;
Xie et al., 2019; Shi et al., 2018) T FIFFHEFF(E B EZRIRE TIEESRMEM L HRE—E
W 28 Y FORFE ], RS T BUFRRCR, B, XA SERE M EUEEER, THEE
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BT, EHRSUORIR AT VELE P8 S R 2R 8 I JE R 3R R RE (Cheng et al.,
2017; Wang et al., 2020; Xie et al., 2019; Shi et al., 2018; Yan and Huang, 2019), {EiX{KiT
K mRERIIGEE, BT HIREAFNERE - RIRERE IR BIEE, &
e MENEEERGEEEAGERER . B RERT, SEUFLRRNR—EE N
FUE, R AR ) 2R RIS 15 2 F R B R R S B (L RE T35S -
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2 2N B kel IR 35 P 4% (Fully Convolutional Networks, FCN) (Long et al., 2015)f/5
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FAE SR B BORBUE 38 I RFAERACEE 7, BRI fE F £ FMIX UP (Zhang et al., 2017) K3l
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Rz, FIFHAREFSEII LB A SCHIIRA] (Wang et al., 2011; Yao et al., 2014; Alsharif and
Pineau, 2013) - 41, THL%E A (Wang et al., 2011)F] FHETIENE O 5 RHH R HTH LT
FERRI, FEA A SRR m E ML T 90 R IS AR IR A, BAIS A (Yao et al., 2014)FMHETE
R BRI EEB I G FRERRE, 456 % BRSBTS K875 RS
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(2) ETRFINBFI BB IARIN T, NIRRT 550 8 B BHR SCARR B 5 &
MG FAF Z (B A BN SGE SUE BRI 50 3 E 6 AR 2 A 8 R BA A 238 R0 2% A R il i
T TRAER, TR TR E R BN GE UE B DR EIRAIZRER: Flal, Jaderbergs
A (Jaderberg et al., 2014)7F] F %5 Rt 225 [0 28 01387 P 1 K5 B2 381 1R 50 4 55 5 #60 hy BE A B 1) 4
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% (Connectionist Temporal Classification, CTC) (Shi et al., 2016a; Wang and Hu, 2017; He et
al., 2016; Shi et al., 2016b)~ {FEE JIHLHI (Qiao et al., 2020; Yu et al., 2020; Bai et al., 2018;
Lyu et al., 2019)~ A& XHEEE (Xie et al., 2019)F G td Fr1E 7] & TS A7 77 8 o Bilan:
HF%E N (Shi et al., 2016a) BT 14% R CTCEIE N H T 3475 B IR R R W 48 AU AR 9Bk |
e TR BEA R LEREA (Cheng et al., 2017; Wang et al., 2020)3 ZJEE T
MURIENLER AR S EA DI A ER, BIEBE OGN A T@EE, =8 7 EBRIURRBIRE
B o FEE VR 2 ) W MR SURIR B BR RO B & e, — S0 IR [P 12 B R 2 o0 A
SR, Flan, TR R FEER R DGR AR S A . H#% A (Shi et al.,
2018)F& H T HE T E B 1 5 UK IR RIS (Attentional Scene Text Recognizer with
Flexible Rectification, ASTER), 7EE:AAEMRICARBIGERL it 1 223 (B 28 e i IR X
4% (Spatial Transformer Networks, STN), &/ [ XA SCFIRBIFIREE - Yan R% A (Yan
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3.1.1  ZiMEE RS IE TR B W 4%
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He MFEREAKIE, EnconderFir LI ZE 44 ResNet-50H FFEHE B 45 ) g fish R 4%

BiLSTMA] LUE ROR B - N XUE R, SR ABILSTMM25FF1E 5 471 H 55 B 40 ) &) 14 -
NIER - AR GRG0 f 7 I ZRR 2 BT 55 )8, R AR B AR R SRR SR IR T
TIRLHI B RS TT 1k o BT R R AL A R A 28 A A ZIBILS TME % 7] & (hy, ha, - - -, hr ) HY
PN F g, S BB P A F A5 175« TR T SR K EA—, 08 E R 5 M4 1
R 28 75 Bk K R RIS B H L DA SO FE N 2 SRR H9 4R S TR (O] < [EOSF
MR, HH[GOIRRXFEFINMIMG, [EOS|FRR L FEFINMER - ETEE IHLHD
g es BARAE AR NN . BFAEFESI(f1, fo, - -, fr) B BILSTMS % A B H £ F 308 UAE
B & (hy, ho, -, hy), FIHZ A& FBILSTM b — B ZI 552§ s, A4 BUE = I AE 4>
filoaw, i, our]; BAHER AER A BILSTMR 5 2 Ja 1) [0 & #H 7 Imask i, 5
BN0A R gy s TR gt AFET Softmax )73 REFHIFEFF IR « AXFRUWT -

T
g =Y s (3)

j=1
St = B’LLSTM(ft, Stfl) (4)
yt = Softmax(g:) (5)

o,y BRI 2T, 5, B VBILSTMAL PR R, o R hiE
BONEERE, ATAERIS, fo, - fr)BTERD TR, FAT BRI (e
PR A ART .

erj = vl tanh(Ws,_1 + Vh; +b) (6)
exp(es,;
= TPM (7)
exp(e ;)
j=1

HEEBNAAATEARXS, o, W, V. 0ETMESEL -
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HEIGIR T EMIX UPAEE B RH EEBUE TIEF SR, X HBAARITRHMIX UPKN
T 4fEE BRI FORBIRMEMEIZGRT, BARIZRE B4R -

B — PR R E BB IE AR [imager, images, - - -, imagey], imagea ~ imagep FZ.
R AR BRI 40 ) B R RE A, HOUS R EIRREE 72 31 Label A, Label B; B SEIRTEE S o, I VL&
43 4fi (Beta Distribution, Beta)it B EIEIS REN, BlE REOTEHIE WK A0 )75 A B A /Y
RERERE . LARRE A BN ACE X WD REAR ST IR, B2R 545 Rmixed result - 1R G
£ Hmixed result 73 AN FEEE A B AR ZEIAT R BRI R, RR I S tAnisson Biriit
eRE, A I R R SRS AR H PR R B S AR AN T SR B 48 2508, MIX UPSRES A4
T

A = Beta(a, B) 9)
mized_result = X x images + (1 — \) x imagep (10)
Lossa = ALoss g(mixed_result, Label A) 4+ (1 — X)Lossg(mixzed_result, Label B) (11)

HA o, BRES NSRS EL, AR DUE 5311 (Beta Distribution, Beta) Tt & BT 15 L
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AT VEFT AR BRI R B A T 500 7 KB, BIERSEEH A BRI A TIRNER
TIEMER), NIWEEIRE R3S, FRBEEEHEBUTERE . Hf, 2RIFEHLIER5077 4
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Table 1:  EIEEME L NARE 7R

S EA A 28 W 2% 2R A4 57 B TPy torchHE 2R TT A 8T SE 3, 5248 R 55 25 AU AL E ntel(R)
Xeon(R) Gold 6132 CPU @ 2.60GHz, NVIDIA Corporation GP100GL GPU .
B LUK N AE R BRI ZE (Sequence Accuracy, SA) TERIEMIER, A= (12)0h
7N
SL

Hr, SA. SL+ LN B EG & E AR B BGIRBIP T IR - IEFPTFSEE - F5
HISEL .
4.2 FEILEHLER

R ERUEXT B SEAS AP, AR SR BT B 40 f) V5 R BRI A B A R — SEAG 45 4 TR AT S8
%o, SEESFTECLES N Adam, PIIR2ESTER AL, YRR CosineAnnealing 5 #% , EETRIZ K
BRI S RN, DUERIE M4BT B An B T B g B /S 2 AR
HEANFE A/ INZE 100, YIS K% 400000, Ykrepoch 10, SLI0EE FFE BV A & i v
= .
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SR —. FELRER

A IEBCNNA+ BiLSTM+Attention ) /7 A E N FELIER! | H 5LSTMIEAY B R
LA . EETLSTMMJCRNNAR DL E T BILSTMEICRNNAST AT LBy, S8 4h BB anFEopr
T

Ttk SA
LSTM+CTC 79.8
CNN+CTC 81.7
CNN+LSTM-+CTC 84.5
CNN+ BiLSTM+Attention 92.2
CNN+BIiLSTM+CTC 92.5
AT 94.4

Table 2: FRIAETRIFIA W T AR R LAVEER

S5HELREA (CNN+ BiLSTM+Attention) A, ZKSCHY T IEAE R B 40 ) 15 15t 72 A2 5 4
IR RIS L IIRFIEE R, PUORAIARE = N s B G E T E Tz Lee ) - 78
) TEROR R L VETR AR LSRR TIR T T 2.2% -

5 CTCREIE 23 1 IR FIERL (CNN+BILSTM+CTC ~ CNN+LSTM+4CTC - CNN+
CTC-~ LSTM+CTC)FE ., ASCE i & i B GR B 77 E R B H SR B B i3 . RER A
TR AE i e 28 URHIE B &AMl _E AT SO R, EAERY S, AU A BRI E Z2iE
M IEERANEE THREEXEER, ©fa TEF L THFEEENREENER - 5HH
t, ASOTERAEREE] T ERRA -

FRUEGS IR S8 P B S DU 80, AR SCH N TARE R NEBSMRE T 10003k E L 5
Elg, FEREAE ML - ARICAEIX 10005k B il 4 b Tiitscss, SEIesE R ansRspr
7N o

TiE SA
LSTM+CTC 78.9
CNN+CTC 80.5

CNN+LSTM+CTC 83.9
CNN+ BiLSTM+Attention 91.1
CNN+BiLSTM+CTC 91.6
ATt 92.9

Table 3:  EAAHRFIAS TR L FMIASE LR

AL TTIEAER 100055 E L MR SR R IR A IR R FFE IALAVRICR Al HEER R
RPERRAEN R T 1.8 E A, Bl RHIE B 7 SCRERS BY B Jm SRR 40 fa) 7B R A A S 2 IR HICRE
ZWFFIE, FIFEE %05 B RAHE, MESTEBRIER LIRIERZR, MIX UPEUEY
SRACHSRENS AL R B )& BER R DEBIEIEY 72, REIRARBL G B0 R E R B AR K
& -

SR T THRSERSERT L

RIS R E 2 218 SURE R Bl & SIS AIMIX. UP 284 3R SRR & H AR, A5 5
of HAMC T THRHES o A1 BN AVGG-1679 2T 241 AR esNet-50 2 T W 48 ) ZE L LAY
FHBRESEES, SURREERINRAFTR, EHAMix MutFERE D HAMIX UPEIERS RS, Feature
MutFoRs & & £ 25 SRR EE S - WSEIREERATLIE 1, IVGG-1679 321 M 4% A 40 )
B EMGR AR T (U 2 215 R IE R Rl & S I, AR 2 AT DU =078 70 . 7L
fEFAMIX UPECHEIE 32 SRAS A, SRR R AT LU 0.9 A 70 5« BlResNet-5029 £ T [ 4%
98 480 15 B R OR A B R AE LR PRS0 R ER R 050 AT LB 0.9, 0.4 B 70 . SEFANRIA)E
THRR T DRI THERERIZE R, 7 A EMIX UPHHEH 75 SR UL RF AL 51 R SR
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B, I 5% 2 P 25 ResNet-5057 1
T RFAE F R 2% ) A A T VA R

1740 A BRI IR B J5 R
0.5 1 F 7 A

FIERE R K F92.7%, 5VGG-161E
ﬁ@%%‘%ﬁ ¥ 25 ResNet-50 HIRFEH2 BURE 1148

TVGG-16, NIRRT ERIE T MEET HREMSEHITEIT -

T MIX Mut Feature Mut SA
VGG-16+ BIiLSTM + Attention X X 92.2
VGG-16+ BiLSTM + Attention X v 92.9
VGG-16+ BILSTM + Attention v X 93.1
VGG-16+ BIiLSTM + Attention v v 93.4
ResNet-50+ BIiLSTM + Attention X X 92.7
ResNet-50+ BiLSTM + Attention X v 93.6
ResNet-50+ BiLSTM + Attention v X 93.1
ResNet-50+ BiLSTM + Attention v v 94.4

Table 4: 5 SUFRFEEIRE G FAMIX UPX iR 5200
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