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Abstract: This paper proposes a maximum-minimum similarity training algorithm to optimize the parameters in
the effective method of text extraction based on Gaussian mixture modeling of neighbor characters. The
maximum-minimum similarity training (MMS) methods optimize recognizer performance through maximizing the
similarities of positive samples and minimizing the similarities of negative samples. Based on this approach to
discriminative training, it defines the objective function for text extraction, and uses the gradient descent method to
search the minimum of the objective function and the optimum parameters for the text extraction method. The
experimental results of text extraction show the effectiveness of MMS training in text extraction. Compared with
the maximum likelihood estimation of parameters from expectation maximization (EM) algorithm, the training
results after MMS has the performance of text extraction improved greatly. The recall rate of 98.55% and the
precision rate of 93.56% are achieved. The experimental results also show that the maximum-minimum similarity
(MMS) training behaves better than the commonly used discriminative training of the minimum classification error
(MCE).

Key words: text extraction; Gaussian mixture modeling; discriminative training; maximum-minimum similarity

training; minimum classification error training
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BRI T ik P 09 A R A RBATHAL % 5 3 77 38 1 R KA E AR RAR LR Fo MU R AR AAR DL E SRAF R AR £ 6
J AR ZAY PR 5 5] BB 5 T AR 69 B AR R 20, 50 F) B SRk AR T ik 4% B AR B S0R ME AR B LR R 3K
BT R RS E A IR R BRIRIR 3o 45 R A W 4 A #1785 KAt (expectation maximization, ) #& EM) Ak 3k
1F AL M RN RAE LG AL R K- ABUE 2 3] 77 ik A AR IR A 66 9 R4 35, P R 3040 B = £ Fa
B F oy R A5 98.55%7F 93.56%. 8 5K B F K K-Sk AR F 3] ik e RIVEAR T H R a4 PR % 3 ik —— &
oJs - FA&3% (minimum classification error, & #& MCE) % 3] 77 .

REEIA: SRR, S MR SAREL F) A 5 30 K -s D ARA R 5 30 3 o AR )

HEE S LS TP391 SCERARIRED: A

B TR AR DL B AR I CUR R 8 22 1) S0 A5 L DL TG T 5 HE B DRk S L 5 R0 A
RSB RR IELRE 2 — TR T A EMERER . A S NE . Je2# 5~ 7515 (optical  character
recognition, fij ¥k OCR)%& ¥ & 5 T 5 S HEVE 1/ FL UG P IR SC a4k . R/ BRERTHES) EARAE 22 i, 15
St T 28 7 AR A A BEG h 18 Bh IS A TR

BV 10 SC AR SR B 7 ¥ T A T X3 0 Y AN T SRR 9 R S TR T s ) O 9 A P S AR X
55 S DXl A P € A BE R AN [R] D AT B I T R Y RS 1) ) S, B S U AR
T 45K I A I R ARAC SCAR X AR5 - 0B A0 5 v R SCAS X 0 5 1 5 X A SRR B RS [ R R AT 4R
Y, AT AR Gabor 28, /N AR sy iz UL B, SO AE AR B HEB Sy AR AR A SCAR R B A
TR B R ) BN, e 2 8 3% 22 T8 T SCA] G2 19 B8 — A 28 B AN [v) 05 SCARZRRE T 45 1L AR IR R R TE R v

T AF e, AT HH 351 AR A8 7 48 X 1 8 TR 8L f) SCAR SR B 925, o Y RLAE f) % 8 AT . Zhang 1 Chang™®
PEH T R ] KB L% (Markov random field, 5 FR MRF)BE Y, I 37 5t B 4% b 6 — S0 8 S04
G HUAS T30 O AR SORE 3 AN AR 745 2 [R] 1) 9 R R iE Ak v U7 vk 5 455 284 (Gaussian mixture model, i
GMM), FF MR 2B 0 X 23 7 45 5 4B 7 04 A8 IR At b 32 HH — b 2 38 b SCAC SR B vk, AT DUBR O € AR — 550
SCASH S 2k HE B ¥ SCAS. 5 Zhang R Chang™® () 77 A B, 3% 05 35 BT R 1) GMM B85 5 MRF 4878 — KAy
A0 2 S RO Ik 2R o s IR i R T Voronoi 43 Sl o FEIAG DX a2 I (R 40422 00 3R i #1728 3 Mk 1 410 3 e ¢ 7
V5,2 T S AR TR GMM BT 2 0 o S B KAk 5 (expectation maximization, fRi R EM)2% >
P33 A SO IO T 22 5 v A A3 [l 2R A (L EML e T 0000 25 20 07 7 0 a0 R IR AR 2 Tl 42 0. 5 25090 2 ST AN [,
PLdge /N o3 S 24 3] (minimum classification error, i BX MCE) 4403 A 5 2% >) 7 vE B8 Ll Ak 23 2K 66 1 b
AR, FAT A S IR v Y A AT k15 31 e 1 ] B2,

AR SRl 1040 59 2 33 71— K- Je MR (maximum-minimum - similarity, &% MMS)2: 33091,
15 EM SETT R 2404 W 5l B4k sl o) A E 02 5 s K-/ ARABLSE 27 ) J7 2 3 5 KA 1E A A AH AL
JEE R e NG S FE AR AL SR AT i £F 73 FS 18 g T2 o) ) 2% 20 1 JEARL FRAT T 37 7 AR IR H B o 20, 3R o
TRRRBE I 70 -4k H b R B0 /M, DU 31 SR DS I Y 1) e D 2 AR A SO AR DX T S 56 45 SRt s oA
P g K-t /NS 27 S) T35 i, SCAS S OHERf A SR ACANAR B4 1] 3y 80.39% 4 i £ 98.55%, W] 2. 538 T 75 %
MZRaPERE B T ORI AR I A S R T MMS 22 ) VR R BUE R T MCE 43 k.5 MCE 2% 3] J7 4
Eb, ZE 35 BRI MIMS 2 2] 7 92555 [ PRV fff % [ 0.8%,1EL 73 [ - 18 K 13,20, 76 JT 80l b o fe %6 [ 4%,
A B KK 24%. 5256 45 T3 01, F T SORSR IR g5 K- dae ZAINABBLE 2% 2] 7 vk A A0

1 ETEHESHERNXKRERGZ

SCAHR I R B AE T QT X 73 7 A DX R 5 A7 DI B AT AR &8 7 R X sk 2 T B 5 28 AR A R A o I
AN TR 5, 5 AR AT X A AR AR AT X AT DA R AR AL

deq AT O () AR — SO B R 22 O R 1R R EL e HE SO S 5 e HE A AR AR T 2 1]
1 I B AR 25 ) B {4,B,CY R s 3 A AMTAR AT (0 L, A K BT BT BB ||4-BlI<]l4-C)), OF HL
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TR AL B € R 3 AT RFAR A o, L v KA w55 U8 £ R TR 010 15 0 8 20 A B0 g AR 18 6 X AR 441 1)
8,5 R RHAE TR X P T ZE R w2 B kA B TR i TR R KB, AR ] xR 2R A
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St NG, 5= @) 2 7 x5 - 22 - |

K T S, X Bk 5 0 A B B 4 X, = [0, Ty AR DU 07 28 5 AT E— 25459 3]
(x| C)P(C) 1)

p(X)

AR A P(CIx) R A X 215 8 T 3 A7 AFAH AR 11 0 A2 & BE .76 X (1) 1 p(XIC) P BAAN 3 ASAH AR 7 FF
FRVRE AR A T H ke AR A9 (AR SCAR) (R 1 AR 52 2%, IR, 27 3T P(C)FI p(x) AR TR HE AR 17T, i S AB T x 1R 43 A A& 3 5
1, 00) P(C)R p(x)%FF BT AT B x Rt 5 4 o 1), T e A

P(CIX)ocp(X|C) )

A 2(2), 1T UL — AL p(X|C) Ny FHAZ A, 6 H R 4 HLA 31 [0, 1] 1) FA) R BCR B P(CIX), B AT
Y TXRE 1) R B RR g Do k256 LU R B0RE 2 E D B R R S rp Bl — AN IR,

Alp(X|C))=1-exp(-Ap(x|C)) (3)

T 6 TAF B 3N AHAR I 3, T 5 R AE 4 B x={xy,xcp,xs}, SR i FH 2K (B) V50 2 160 B4 M 28, 1 SR 04 MBE 2% (1
KT 0.5, JUITA A 3K 3 AN AH AR X 351 o4 7 A5F X 45l 7 WA Sy 2L v 42 /D A7 — AN R 475 DX, AN Pk L e B — X3
(R PR AT T R b, T3k GMM BEALT5 FHT 11 3 A A 3 AN LA L7455 T 4 ) SCAS.

A TR EIRARAR AT IX A GMM . BERLH] T SO EX, 75 B2 3R AG BEUG b R A TR 08 BV g X sk DR ke, i S8 0f
N AR HEA T SC A U o O R AR A3 LR T 30 4% 3% SR S I SCAR X I8 s 5 A 0 A A vk IS, T
PAPRTIE AR I 5 SCAR IR 58 Bk AR i e A MR MO 25 28 P 18 55 A8 A UG b I R AN - R 00 B — A B 1y
TR RSy TS B T AR BB AT R I 2 RO A, BATE R B AN [ /N T 1) 1) 45 ) T 3 AT TS B, A
T ARATF 2 AN A UG A X 2 — A G OR R 46 — (B R b B AR AR 47 X I GMM A AL 3% T8 B 43 b
TR R BT T 8 B SC AR B . 0 B AR P AR v I T T R AR O A B A T SR s T E E g
i 0 12232 T 43 o I (1 DX, 0 Dty T PR A5 R 3 — X3 P U T A 3 3 R 0 AR b A G T IR T
WA ASE Y (1) SCA PRI 7 V100 88 22 4074, 2 0L SCHR[ 7]

2 MAmX-H/MBUAEZ MU RRITTE

TEHS 17 il SOR RIS B RS 5 S Eh
A:{wk,ﬂk,Z'k,ﬂ}, k=1,..., K.
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TATHIN R i KA SE RS GMM B A7 5 2 S0 AR R ABUIR A T, S 56 75 32 et 2 880, 45 21 10
SCA DI BT 30 B AT T vt (R A 25 (EL 4 [ 5 K, Ol 80.39%. 00 T 488 R 7 i 13 R R BRAT TR o K- d /s
HBLEE 2% 53 J5 DS EM SR ITAS B (0 O DASR A4 T BE 1222 53 AL 5 5 5
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T AEREAZ AR IS I FONBREAR, SR AS AR AN 25— O PR S+ M A B, QR % 5 5 F
SR IARACLEE Dy 1,55 AN () SR R ARALLEE D 0,000 3 2K i 1 e . DAL b A e K -Joe N BLRE 2 2] Uik 2 2T H
PR AL AE 2RI B T LSRRI T 0. ARSCH FEAMFEAR 3 AMAHARIEI 17> 4R 15 IEFEAC R 4
SCAREAR I 3 AR B B0 P AF SRAEA AR AR SO AEA L 3 AMRARE T s AT 1 A
TR X FRIEREAR, X 73 RPEA SO A) 2o v SAMBLEE IR B8 50, 0 MMIS 27 2] J7 L 140 H b i 4

F(A) = S[f(X;A) -1 + Z[ £ (X A)) (4)
B BHES N
A" =argmin F(A) = argmin(Z[ £ (X; A) 1 + S[ (X AF) .
ERR G S

1 (x;4) —1—9Xp(— ﬂ[ZW/cN(XLuk'Zk)J] ()

k=1
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A1=A—s,VF(A)=A~s.g; (6)
R (6), H A2 2 iR
SEHR L R FIAT SCARE AR GERE AR SC A REAR (SR AR) o5 FLRR B8 BN 4 2 8000 i S B e 5
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21 ZHFESHITEAR
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WK 2. % p(s)=F(A-s), W1 R p(s)<p(0)~ P%Hg”z VIV A58 375 W, 4 ap=ag, brer=sy, 5 0 R
LIRS ﬁu%(ﬂ(slc)>(0(0) (1-p)sallll®, M 1B AR sy IA?D“J % @pe1=8b1=by,
A7 bpar<too, WG IR 4,5 M), & sp0=ls,k=k+1, 55 98

a1 tby

FUR A Hs,,, = L A k=kerd, g 2

3 KBERENA

FATTI A SC T IR SCARSE I 7 VAT T M G R R IR HR 0SSR (1 SE 56, I 7 S 56 AR e K- B AN AHABLE
25 3] 7R S WOAR 2% 3] 5 VRN e N o S R 2 ST T VR AT T LA AR O AR 2 3T ek 8 i IR B0 2 3] VR AR
SR S0 S A KA B R S B B /N 4 S e S T g — ol A S ) 2 S) T R SE B R SR T 250 1
B M5, 3o rh 220 18 FH T 9125, 55 4b 30 i@ H T8 7 10 Wil 8 453k 11 T ICDAR 2003 Sl AETLL 40 J 42 i1
YRR G35k 1T 3RATT 11 OOl 7 i 25 22 e R G A B 7 5 AN 33 SCAR X 38 147 45, DG IE %
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NS BA A AEIX 3 S EN AR LT T SCARSR IR S PR TF RCSE 56 A0 B SE 36 45 AR R 1 gl 75 2
FRHIZ, T EM S0 BRI SCARFEAR, R I, 3R 1 5 EM B32000 1 i 112k BHE AN 0k 200, T A2 220.

R LR AR R FIHER R P VPN SCAR SRV 1 MR8 A 0] & FR R I H 1 SCA XA $ 5 U A s B
SCA DR IAF) L AT, 8 SO B0 A A DX 3 1 A7 0, 4 [ 3 vy, s A 3 AR A 2 F B DU 1) S A
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P:leIl, :|Lml|
I IL|
Table 1  The different experimental results after EM, MCE & MMS training
F 1 EM,MCE Hl MMS % 2] 5 (¥ A [F] S 56 45 2R

Parameters

Learning method (Image) IL| i LAl INT] P (%) R (%)
EM (200 training) 1296 1096 1053 59 96.08 81.25

EM (30 test) 413 351 332 116 94.59 80.39

MCE (220 training) 1417 1276 1228 59 96.24 86.66

MCE (30 test) 413 337 328 116 97.33 79.42

MMS (220 training) 1417 1457 1390 152 95.40 98.09

MMS (30 test) 413 435 407 116 93.56 98.55

AR, 1 INT IR R R SCAR B N 4T

F 1R RBEE AR A MERE R MMS 7L R ZR45 500 BT EM ST7EA MCE J5 il
Zheh R BAREA 2 0E A N B A0 (Rl S KR AR T 48 0 T U7 v St 1 EM B G 70 d5 P R MMS 22
SN TR T 0.7% 0 A BRI T 20.7%:; 78 FF O HEBR R R T 11%, (A BIRBKT
22.6%.EM S35 2 — P 4 o 75 300 SCARFE IR P Ak 2 1) 210, 9 Hoe U RERR R IEFE AR 2 5] GMM B 24
] b, A7 S A 4R B Aff 25 25 i 10 A9 (R 28 A (IG. MIMIS o — ol 53l 27 20 5 ik, 27 20 H b L IR 2% T SCATR Y, I AL
W NIE . R ISEEA 2 5] [ EM SRR RE S ) B S 8L W B AE MMS A BEREAT 5% 2 R £ R T
MMS 2% >J 595 DLJE e B 26 R4 0] 2858 11 7, SCAR S 7 105 1 26 T e 1 Sl i o A A — ) o 2 >0
5 MCE 7L 485 AN I T EM SE 545 30 MMS D7 vE I 2R 45 S 45 55 MCE 2% ) A L, 76 J 1
MR MMS 2 5000 B I HER 2 N B T 0.8%, 10 A [RIZR 8K 1 13.2%; 41 TP b MEF 22 T B 1 4%, {14 [H]
R K T 24%.MCE J5 14 5 MMS J7 ¥ 193 25 AN [ .MCE J7 12 2 A REAS B0 3 132 8 R AT 2% 20 1R B R AT g
DX 3 o R A I 3 S 288 ) 1R S A 5 2 AR BT At S0 (4 0 . MIMIS . 7 2 52 IS 11 5 e O
AT 2 20 AR U AT 8 1 X 43 5 — S 0 A7 A A0 I 126 288 591 19 Ja) 4 5 A 258 0 A A5 A ) 1 12 28 ) g )
S I AN 27 2] S AR TRLIE T MMS 272 2] 7300 YRR A IR AR R /I, DT 7 552 56 v 3 30 o B L 1 12k
FSE b TR AR SCAR N GRRE AR AN B0 6 2 T SCAR I GRRE AR 1A, 1T MCE 2 2 Ja 19 31 1 4R (il 22
A 0 A [T 28, S et Al SCARE A I 25 5 SR )5 i 5K

Pl 1 R TR T 3 FiAN [|] 27 2] T R 4y S e 45 L 18] 1(a)~ K] 1(c) 7 ) EM §T  MCE J7 VA MMS
51035 23 RO EAE SR S 0 SR X sk 4 A Ak F s X e ) A B JE R D MMS 223 B B4R R T SOR
PEIL A M AR L85 MMS 24 3] J5 AR A 20 A SCA B R SO, ] 2 R T 268 1 H AR 7 Sk BT FR s 10
TEME R TR DRI SCAR ) AR SCAR X 03K 2 FRATT 20 B 50 5 0, T v m DASE 3o 388 0 2% >0 B A F AR A5
Zlfif .

4 & it

ARSI FH 5 K= 5 /N AEARL JEE 25 20 152 o 22 1 R 408 S 5 DXl v 20 VR 5 A 20 1) SO IR sl 2 B VAT 2 20 AR
AR 1) 23 K S5 - /IR 25 S 1 S0 500 2 30 38 3 5 A 1 R AR FEABI B A0 g /N A I R A AR AL B8 3145 o
Gy VERE AT X P 2% 5 JBAE R b AT AL T PO SOAR X S I 7 32 o A S S50 B b 26 53R 5 Bk
B J3E T BRI SR AR 52 06 45 L % T £ 50 3o 00 S o KA VR R A 2 B B AR A T I8 P s K- de /N A AL
5 3] 7 AR A )RR AT 6 2 B AT SCAR SR I [ 26 K 3 B T, [ Bl M A 20 B AR SR | 1 Wl o e SO AR I 25
APk BE T TS I 0 B (1 49 1] 2RIV B % 3 35 2 T 98.559% 11 93.56%. 7 523 Hh, B K-t ANATMLLIEE 2 51 5 95 1
FEIAAUR - 0 5 dpe KA 72 G A T PR 00 50 530 2% X O 4k o /N o AR 2% 30 T vk 5 /N 03 R A 2D A
FU 70 A5 AT o K- /N AR 2% 30 %6 I )V Aff 26 R B T 0.8%, H 43 [m] 2638 K T 13.29%; 75 IF 50k v 4
BTERT 4%, 03 238K T 24%. S50 45 FE3 W 58 T 8 K-S/ AR 2% 20 J5 15 (R SCAR SR B A A% 1.

WKL 2% 31 T T MCE LA 38 4 5 K A7 JE J5 3 (maximum: mutual information, f&j #x MMI1)E!
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FISZ 5 5] & HL(support vector machines, & #% SVM)Y.MCE F1 MM & M REAS 1) # J5 % fe 26 5] 43k i B W)
BE DX A5 — AR AXF I B 5 50 1R A 5 2R A T H A 531 1) LT MIMS DU A 1) £ 1 25 1R
AT 43 1 RN i L DX B IR T A R A 12 28 50 1) 0 S 5 A 28 1 AT A AR R T 122031
40 ) S0 X P 2 0 X 43 S AR AN TR 73 MIMIS e 1T 20 500 1 400 B8 /83X — i AR AR S iR s s v 3 81 7 —
SE RIF 52 AT SRR [ AL, MMS 32 B 5 4R 8 2 18] 1) d5 K TR B H = SEILIX — H AR IR 42 AN [F.SVMs 75
A N 2 V) R e A AT 2 T P A 3 B D 40 T (H MIMIS 2% RE B AT B B 23X A 45 MMIS /] T f] LA AT
ARALL: R BT 20 828 b T AL AT 23 28 1 11 4R St 3, LAt 5 P 32 (s B MR 2 L I8 2 55 ) T 2 Al DAy A Y
AR, R B, 5 SVMs AHEE, MM /)82 H 96 B 55 T a0 75 85 4 000 5 b n] 2 HY MMS EUHE LAY SV M.

R

Gerravs Gerueun Gerneux

LR Pol 3 P
s B

10y0.C0M e mﬂ (OMzma  JOYO.COM am
IIE-EIE VNI A

[ ———
E

] ch o, % A

(a) Corresponding with the EM algorithm  (b) Corresponding with the MCE algorithm  (c) Corresponding with the MMS algorithm
(a) AT EM vk (b) XFN+ MCE #ik (c) MRF MMS 5k
Fig.1 The illustration of different text extraction results corresponding with three training
methods (extracted texts are contained in the rectangles)

1 KNS 3 e 3 SR I AN IR SCASHR B SR Bl (45 R AT TEHE R oK)

0Y0.COM &aa
Ao =T

Fig.2 The examples of false text extraction after MMS training (false results are indicated by arrowheads)

2 MMS % 2 J SCA S BB AG 7S 0] (57 Sk BT s b A X 35K)

———
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