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Korean Scene Text Recognition Using Semi-Supervised Learning
with Character-Level Consistency Regularization

Sungsu Kim -+ Seoung Bum Kim

Department of Industrial and Management Engineering, Korea University

Scene text recognition is a task that recognizes characters in scene images. Existing studies have been actively

conducted based on English but little has been done on

Korean. Because Korean does not have enough labeled

data and has a large number of characters compared to English, it is more difficult to train Korean scene text
recognition model. In addition, most of the previous studies trained the model using synthetic images rather than
real images because of insufficient labeled data. However, using synthetic images can reduce generalization

performance because of domain gap between real and

synthetic images. In this study, we propose a Korean

scene text recognition model using semi-supervised learning that overcomes the insufficient labeled data and
domain gap. By using text alignment and consistency regularization specialized for Korean scene text
recognition, we can obtain better performance than the existing supervised and semi-supervised scene text
recognition models for three evaluation datasets. To the best of our knowledge, this is the first study that

attempts semi-supervised learning for Korean scene text

recognition.

Keywords: Consistency Regularization, Korean Text Recognition, Scene Text Recognition, Semi-Supervised

Learning, Text Alignment
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A 27 a7l AR /142 Baw B
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Figure 1. Architecture of Attention-based Scene Text Recognition Model
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A AR5 vt SA G Z QA vndE AT oA & E4 A S D2 EF FA| R 4 ARAAE
dHA A tstE H4Adthe 545 Z2HEth ChalCoRY 31 228t Hol& #& £ ={p,, 1 t=(, .., )} ¢ FH=
FAEe AxsFH HALSFoE FEHM, F5H0E ARG Y =3 F BE 9 7} Toua o) F Rz
RandAugment(Cubuk eral., 20202 Flo| B} & S & 353tk tidt w4 AEZ T = Hp, ¢) &, S tﬂ o|E 273} 73
e A o] A & £2F 914 Rl o] S4d RandAugment W o]H S 47 o) B A(.)E EV|EYT FHH L
Mixup(Zhang et al., 2017)7} Cutout(DeVries et al., 2017) 57 71W &, Fo170 o]n|A| g ol tate] A&8 7 NP2 5] F51
SR IFY EAE A ¢ dvta AAst HlolH el 2E ) (y | 2)E AT AR OE AEgH B
-85t FkTh WA ChalCoR S A= 3H52 labeled FIOJEI S &A34= ol 2] (1)T 201 <sos> EZT <eos> EZL
Stgoll #4838k, 11}7} U3id @ uuitt AA2EE GSH A 93 Aasty

22 AA Hol B-& vl sty S5 AT HIA 3G &

unlabeled H|©1E] & Q{;oﬂ &-8-3kH, oFstAl S74H ol A 9 7} B T

st 2748 ol 1) Afolo] A4 ¢ ZEE St ol 7] L = 5 7 2303 Hoe oWl a)) ()

2 Sohn et al. (2020)4 4 o] v A] ©¢| 2 8H53HE A o] opd A
ojul ] & FAk 1A B3 29 A4S st 24 T = H 2 &
Fsdte 542 7T T4 E T A @A ol A unlabeled rﬂ oJElE o3l 11, 73t
AE8 52 labeled HOJEE oAl 4% & 2ol 3 A 19 2749 § F4H o|nA L 2o 27 B3
AA S5 e FRTT & A7dAs ol d labeled FIOTEl  o)w], unlabeled HolEl & A A o]v A & #4214
T d8ee AW oA & 24 4 EEE Back of  RE S A58} 5U8HA Back ef al(2019)2 83T
al.(2019)5 &85t} Back e al.(2019)= TPS*HB(Jaderberg T WA GA o A= 2749 F glolg 9 o= e B8 27}
et al., 2015), ResNet(He et al., 2016), BILSTM(Schuster et al, A% oJBZ ol BAHL AT o] H3t HAHL 2715
1997)714ke] /1T eh oA 7]wke] WA R 7R AW T o|u|x7} 242 L3} 1/ 9 A2 T2 Aol 71 BALE
oA & £ 12 BH 2 ZF A F A E FA9} o] n| A2t & 29 A9 7b o) 28 ZA ND2} - /|9E 0 4 9)

St 2 unlabeled HOIE1 S 283w, 27 4dA =

r
2

AL Fgotr 4SS A LR HAdTde SHS 2 b= AdA 7Astgnh 2 2ATYE S&sls Aol &Y
£} ol ChalCoR& o] v 7] ©4i7k obd 24 BAZ 8 2 747] QJaiA = U3 28 Aol thate] QB4
& #3937 gRol N2Y HHoA 6|28 2t TA A2 pue el dob AT, A2 e i 09 934

EE S5attd 0358 £3g £ 5 Uk ofof tigh oA

o &5 tste 22} JEZI(cross entropy) S T3 A= 2+
Foll et EAFF(L,,)E HESTH B ATFANNE I B = <Figure 353} 21},

M) dlolefol it Ho) AlA2 Aoj7t 7Y o, labeled Ul <Figure 3> 8 Lul2A ADH T ghol thate] 853
oJHE X={(X, B):b=(, ... B)} & BAFATE AW of 84T, <Figure 3(b)>HE 247} DL A A2 T2 3t
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Figure 2. Overview of the Proposed Scene Text Recognition Model
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Figure 3. Example for Text Alignment

o Us] A S ZEE g5dle 77 A2 F Utk ol s AEZS A3 entropy minimization; Grandvalet et al.,
nel & ATE SAE FoluAd g AE dolE T2 2004)E F &34t 29 AS SAV AR fAR L £
Al A Z3 oln| A= Srgol ezt 2 ¢ Jlvta waste] 3 sjof & 24 74235070 2 @7 °ﬂ d&8Eol R3E F 9l
FAM Attt §, F4E FolvA Y dFH FAE 2 A AE i«’% AL E B w2 GES FE2FPOEN Z
o7} FUE o] m| A RF A ste] ShFo HHIFoEN WA 7 A9 REdhs sjAstaAt gtk B Aol A= unlabeled
T 2ol 2E HAgeth Al WA QA E 24 &9 ol 1% ={U,: 0=, .., B} & Y341, o& T
Z YAFI vl wdhs FA S Y} 7] Sohn er al (2020)  oFEHAl ZF74E o]u]zu gz g I Fsuu=
& ©ee] oA &l A&stA7] Wl dF AH Al g =p (y] () E BIEAT o} 4 AP2E 1
27k 2AA GRAT BW oA & FARJMA2 S so] g ={q,, 11, .., T} 2 AEHT £3 A
ARl AT NA 22 8 g2 of & ARt & 2R A4l NY ), 7 /\]3'4/\,] SERE (2 AEFE 2
Tk 71 Sohn et al.(2020)°] AA| o112 BAZ YALI ¥ mEw Asofimax) F4E AXY] A AD2 HEE 2 =
wahks e FPYTE £ ‘I‘?“ 7 5d AEs B {z00 CE(1, ., M} 2 27890 oln), dEZ ﬁi
2 AU WAL A% Sl A SHL NN gt o A ol el A Al ARz Ao
L A% AT 02 % N2 A% CHA 242 AZ FE (g, () AT AER H23 %
& B 1095, 0.8, 0920 H FARS 0.9HLTHAS 4 6 14 4 )5} 2 ’
wf, A3 2 ik shgo] &E3tth ol & Fo & A7E 9
Zo| R53 2ASL Bgd WYaA @1, Shero] E4ol erp(ey, )
24 e TAET AEFORA kol Adil 9He (O = TN explzpd @
Hasgtetuak kgl o ¢ 2ol 224 &Yl 3 Al Hl ke :
WA EATAAE 5,2 Bk Y WA 9AZ QAR e NA2EL g 2749
FHHOR B ATANE dlZE 349 GEL AN ojnn) A2 o2 232 U5 e Fele] Ao Hol2e
Aste] oFstAl E4W oluA M 7 AdA H FEREY  nlgo) BEA Z24W oluR o AAA o= Aol AAA
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A 3% Zow, Hx 1“5"“ | o

obef 4 (4)9+ 2.

—_ o~
)
-~
R

Lunlabeled)

L, =len(p,(y | Alz,)) ==len(p,,(y | a(z,)))) (3)

. l(max(qb, > ﬁu))
B

Lunlabelcd bz]ltz] ]bt * H((}b,t’ pm(y‘A(xb))) (4)

1

AFHA EARR(L,,,, )6 ARSI 228 243
o WA GOIA A2E SARSE HE Farol 49
thoolm, A, & HIA RGN A2d 4% td 7t
Az HA oo EA%FE WA E4TT drhg i
@A) ARV AA £AF5 4L ok 4 (5)5F 2k
Loverall = Llabeled + /\uLunlabeled (5)
4. 2372
4.1 glo]el Al

B AFl A A8 B o] B Al International Conference on
Document Analysis and Recognition(ICDAR) 20172] 4 o]n]#] &
FA 14 B o] B Al (https:/rrc.cve.uab.es/), Al Hub (www.aihub.or kr)
] ok} A 2 o|m| A F 7+ (sign) || A vl o] E} Al 7} A
F A (book cover) o] 7| A Elo|EAlolTt, 8 AF E W7t
Al A HolEAle 5 AMESE L, 24 S AE o] W] A of A
S2uk EA8E oA S %%0}"4 A8E Y8 &
7IEY AR N EY TALL o|n| A9 £G4 Afol 7}
ATk ATt 7FE ] Aoj7t A ZET 7] o|mA ST &
&3ttt

ICDAR 2017 EloJHAl & 22/ E oA #YT o2 5
7ke] Aol 234 ol A HlolHACRE, S5 H o] 9}
37} vlol e 7 247} 68,6230, 16,255704 EA) @t olf, 7}
2o o7} AE2RY 71 g2 o|n| A Hlo]e st AEste &

Table 1. Summary of the Training and Evaluation Datasets

5 9 371 dolE 747#3,868711 875715 A g g%
Z71H0 8 FAE < Y3 &< tlo|E = labeled
do]®l, unlabeled Hlo|H, 7&% HolE 2 27} 1,93470, 1,547
N, 38704 &gttt =¢k Al HubA 7k o w) 7] H o] B Al
< = A=Y 2t o B E, Ay 55 YT
u A wlo]HAlolt, o] & W Olﬂlzl & A Ao A
dlolEAlo] opd W o|m| 7] & FA} B (detection) 3 A H
olu| A & B2} 9148 RF 1 HolEA R ojuA Y
of 17] o]/e] EAgo] EAGT. o] AW ouA & A
Q2 md o) ol At HolHAM O E FE5}7] A A4
do| e AT Zehd(crop) & &2 EA L 7IEE EAY
gh st < vlolHet Bt dHlolE 77 47480071,
58,0375 Ado &89t F7FHH S E, ICDAR 2017 U]
oA} o] EAE G 5 S YA B HoHE
labeled H|©] €], unlabeled HI°]E], 4 Ho|EH 2 217} 233,210
M, 17531870, 66,2727 83519t} oluf, Z+ dlo| Bl & 7k
ol A 9] AEF 87l that Hlo|E| Al H&& Testo] &
3T vl Bt o2 Al Hub9] 4] 2] o]n|x] dlo|E Al
AA A A Z9e golE MO 2, Al Hubg] 7+ o]1] A
dolHAY Fdd F22 ot ofo wheh F2ge] 9
© AT Ao 7t dhg TAER At S o)
ole19} 7} tlol Zh7} 4540370, 5,882/ 5 Aol g3}
Ak 7NN A5 84S 28] g5 dlo]H £ labeled
tlo]E, unlabeled BlolE, AZ HolHE Zt7t 16,0017,

17,83570, 11,5670 % &g}
O] H 2 k2= 74 = o 3 _13 7]._/] E;H [¢]

18,

o7
Aol tiste] £ AFE 8k HlolHZ 2d
AZ HolHE H A 9 gto| ¥ }etr] B &
HArdd tfsf H7tvlolE 2 545
A HFH 2 0] Jabeled H| 0] E 7} A& 43l AT E-\Jr
Z3817] 915t labeled Bl o1 HIE-S 10%(19,47070), 15%
(29,2057H), 25%(48,6757W), 100%(194,700/M & U0l F7}4
07 Y33t} ol u, labeled B 0| B} S 9] ¥] &%+ 2 A8} 3L, un-
labeled tl o] ]} 2 & o Bl = 4 k4] o a1 A &5t vl o]
HAY A F H B <Table 1>3 21},

=
=
o

-

e b

ol
> % 1o

mlo
|\
i
o 3R L
L
[‘2, [ oox T
o
zo iz b b o

N

12 AR D 5 ARG

EAFEAPAFNA T2 ARE L5 & o7 A T

Training Evaluation
Dataset —
Unlabeled Labeled Validation Test
ICDAR 2017 1,934 1,547 387 875
Al Hub Sign 16,001 17,835 11,567 5,882
Al Hub Book Cover 233,210 175,318 66,272 58,093
Total 251,145 194,700 78,226 64,850
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A dygze Adadelta(Zeller, 2012)2 &85
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83 AL&3tth 3714 08, ChalCoRY #A E8hs 74
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3 48] F45E r= 77 go] S ZHe Hol BT 10%,
15%, 25%, 100% < @, 0.8, 0.6, 0.4, 0.8Z Th= A 2 &3% ).
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Labeled H]©] €] &] H] &0l w}& ChaLCoR ¥} H] 2 YHEEY
A% <Table 2>¢ 201, Z} dlo]HAl o w}e} 7} L &4
T Fe AR ®7l5tAth Al B EQ ChaLCoR 3} H]
W ETY FAESE HHES U AW ojvA & 4 <
A 2dle AnggoA vu 292 283 TRBA(Back ef
al, 20198 &390t FA 8 I 2o Yeld pseudo
labeling @ mean teacher< Baek et al.(2021)E A @ A o],

Sungsu Kim - Seoung Bum Kim

UDA % FixMatche 7]1& Xie ef al.(2020)¢} Sohn ef al.(2020)
o HHES Faste] ATHTF Aotk B Ao A At
g].‘:_ ChaLCoRi ;(]L:_t_s]]-{; :LE]_—Y]_ \:]._E_’ Z;q 1:6]-!: =] tﬂEJq,

H WSS, 7}” TT?F} A& Mean teacher”|
u]./] od.S &5 1]

aa= =8|
3], labeled © o] E 2]
UA Aol E&H
HEA 0 2 431 A

X

i

1g°l 10%11 7}%& IR
Aot 22y ChalLCoR& A =
e BoFn B3 FA S
o mHo] AREFEG Bko] £
teacher7| W+ RAl R T AUk o2 $-4=31
t}. o] Ak W 2l ChaLCoRO] 7] &2
B} unlabeled HIOJEE A3 A 02 830 24 labeled Bl

OB} HET AT FRY 4 U AT,

mean teacher”] ¥t
ChaLCoR 2 mean

o)
/S]%E EO:]‘I’M

PN
FAEE 2

N

4.4 74 82 A% 7= %7}

3 WA A2 ChalCoRol AlGtste 24 48 9 =24 &

A dHd At a3E dSdte e SR FPHUAG
F7HR o g, 24 B Fgete A2 S duT AAH
Zheng et al.(2022)91 A% ZropE 4= QI%l=H], ChalCoR©]
Zheng ef al(2022)8) 24} &9 A4 AR o T
AA A& Tl kA itk AP AAE <Table 3>
B zon, Zeolg Al E Mg - A5 H FHAR -7
A5 44 w2 MG BEE ®7]8 3Tk £3 <Table
3>ol & Ao A F(FixMatch % Zheng et al.(2022))] o3t A3

Table 2. Comparison of Accuracy among the Supervised, Semi-supervised, and Proposed Models for Korean Text Recognition with

Different Percentages of Labeled Data Used (10%, 15%,

Comparative Models.

25%, and 100%). Bold Indicates the Best Accuracy among

Type Model ICDAR 2017 Al Hub Book Cover Al Hub Sign
10% | 15% | 25% | 100% | 10% | 15% | 25% | 100% | 10% | 15% | 25% | 100%
Supervised Learning TRBA 67.8 | 71.8 | 76.0 | 80.6 | 89.0 | 90.9 | 93.2 | 953 | 724 | 82.7 | 88.9 | 96.1
Pseudo labeling| 64.7 | 72.3 | 75.7 | 81.1 86.6 | 903 | 92.8 | 953 | 69.6 | 81.5 | 88.3 | 958
Semi-supervised Mean teacher | 68.7 | 74.2 | 774 | 822 | 89.5 | 92.2 | 935 | 96.0 | 76.2 | 858 | 90.9 | 96.6
Learning UDA 642 | 73.1 76.6 | 81.6 | 864 | 90.7 | 92.5 | 95.8 | 72.0 | 84.0 | 89.9 | 96.3
FixMatch 65.6 | 73.8 | 77.0 | 81.6 | 86.4 | 88.9 | 932 | 958 | 73.1 83.8 | 909 | 97.1
Proposed ChaLCoR 714 | 762 | 77.9 | 82.4 | 88.4 | 92.3 | 942 | 964 | 784 | 89.4 | 93.2 | 97.2
Table 3. Effect of Text Alignment and Character-level Consistency Regularization in ChaLCoR
Model ICDAR 2017 Al Hub Book Cover Al Hub Sign
10% 15% | 25% | 100% | 10% 15% 25% | 100% | 10% 15% | 25% | 100%
FixMatch 65.6 73.8 71.0 81.6 86.4 88.9 93.2 95.8 73.1 83.8 90.9 97.1
Zheng et al.(2022) 59.4 75.1 779 | 824 | 80.7 91.2 93.1 95.6 65.1 88.1 92.5 97.0
ChaLCoR(w/o Text Alignment) | 69.0 | 76.0 | 78.4 82.3 883 | 92.1 | 94.2 959 | 77.7 | 88.6 | 93.0 | 96.9
ChaLCoR 71.4 76.2 779 | 824 | 884 92.3 94.2 96.4 78.4 89.4 93.2 97.2
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Table 4. Effect of Entropy Minimization in ChaLCoR
Model ICDAR 2017 Al Hub Book Cover Al Hub Sign
oce 10% 15% | 25% | 100% | 10% 15% | 25% | 100% | 10% 15% | 25% | 100%
ChaLCoR
e 68.8 75.3 717.6 824 88.3 91.4 93.8 96.4 78.5 87.8 92.7 97.2
(w/o entropy minimization)
ChaLCoR 71.4 76.2 71.9 824 88.4 92.3 94.2 96.4 78.4 89.4 93.2 97.2
Table 5. Effect on One-hot Labeling in ChaLCoR
Model ICDAR 2017 Al Hub Book Cover Al Hub Sign
ode
10% 15% | 25% | 100% | 10% 15% | 25% | 100% | 10% 15% | 25% | 100%
ChaLCoR (w/o one-hot label)| 68.1 75.3 77.6 | 82.4 88.1 91.6 93.9 96.3 71.5 88.1 92.7 97.3
ChaLCoR 71.4 76.2 77.9 82.4 88.4 92.3 94.2 96.4 78.4 89.4 93.2 97.2
A3}, ChaLCoR 274 &4 8 A3t 483 48 2 o] &2 M¥sto] g3k Zo] ChalCoRA 37} Y52
3, ChaLCoR9| 274 AE B 24 &9 A4 A1t3E =57 2S5 A5+ A
A AFAAE AT AP EAHdE S Hws) Boks
W, ChaLCoR ¢} S7} B¢ A& A7tehtt 283 = A
YATE H3) 5 A5 By W 34 4L 2 5 AR
KO A ChalCoR®) 450) 274 &) B84 A7 8 3
43S fRY AHE AL AT 5 Yt olPF A¥E B ATE HYYS ZETAY oA L A2 EA A B
g B AT A Aokt 24 AEH 24wy dagd A DY ChalCoRe A%t &2 54 frAE 247 B
F87t A o)u] A & A4 o] A olete AL zw  AEHCF T SATTERIIG, AW ouiA & 2 24 U4
Itk ol 24 AL B3l ol Bgo] JEojpjAg A BEL FOIET S5 ofeiwol EAAG. T & A
B R ohle 2 B dR8 ARG Baf Hgel = AT ATAE CalCoRE I A FuA BE T2
$ol HE SASL AAFOTH AR wo2E Ha T MU A AT N 34 T4 dAN Aitst 71kl
A E AEET FAIGE T3 o8 IRT & Y Y A,
< o)
A 498 ChalCoroA AERS Hasle g gy CMLORE TIEA=SG 8 ARG a0t G2
‘ DR AYS Bl ke P A4 4% 7o)
371 909 S ARSI AE R A LS A Qo T
- o = %7FE F3 ChalCoRAIA Altste 24 H2 R =4 &
AERI H23 44 rE 1 Z 2A S YA 22EH2 G ”
TOT 9 9wy AR 94 B30l HE 3AEL 0JFoE
FANE AT dued ALaE desedE g, -
Ao sn Ad oA & d2 T4 4 Zdd a3t
e F YA ATEN 2 G5 FHPAA 5L 8 : :
U e TEH o= AL 2hadr E3 B A7 A o|n]x & T
2 710 Jlz=s AE ATl o JE=u M T ANE 0 © M vl v o = u=
U8 HH59, 49 AN Tl 9 403, AEE B4 4 nld FARSGE H22 A 430 28 2
ALA2 AL WA IZA SASALG N FTRAGLEA oy gy ggo)y wAst 2ol 24 Rl B o]
PG ClE Rl AFE A2TSN FNT DALY o 2na 4 o6 & B4 94 DL FRALA B A,
FolM BT FAY REFS AT ALE 7 AT T cpapcoRS FoJE7} B2 A3 ZHE 2 9le Ao
A ol AP A e AERY H287FChalCoROIM £ m} o)yy Ao 49 golguor dso] 7h:d
Aok Aol 3t etgd& HolE ChaLCoRL HOJE] #o] £ 9 228 29 +d= 44 &
Al A AL ChalCoRoIA 24 B8 244 24 B9zl o) AHEL T 4539 w4 FAR A4
«l ‘”71117L Al 2ds B S d, A Hole2 vy o) 1wl § AA YA f&sl 282 Uk @
= 2o g g3 S5t i - dole2 7] ddMe 5F = wolgrt £ 0}04 A g Rde
£ AN 27 AEETE MOE HEANL, B AT, EA Aol A % soke BAE Ao, 37
g o] Eo] obd H$= Bt AF S (mean squared error, I ChaLCoR2 X-.% T HOlHTO g Se5o] 7o =
MSE)E B3tel 31439tk ABATRE <Table 5594 20 W9 Ao} Gl RS AT 4 ek A2 AB B3
o, Al Hub 7t o] 7] tlo]El Mo A #lo] &< 2k wlojg 71 FATIGE 5 °‘ﬁl7‘(adaptwe threshold) #&-=
S 100% B850l 43 A0S AL, BE Aol o B 40T 8% AES Tefstel BAH L Ak HeA,
3 7 o]%o] 023 Ao Ha2gn) o2 E5) .57 FT 4 TEY AL G5 ARE aHEA d5T 0T
A T dErds sHE T U Az 7dEH
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