BHSRE

Control and Decision

ET X9 SRR R & B3 R SO I 5 1%
B, ARAH, Ef, XU

FIHIARSL:
UG, TRAA, =0, 2. ZE TR SRR R 195 SO RN T L], #2 i S ERR, 2021, 36(9): 2179-2186.

TEZRIR]IE View online: https://doi.org/10.13195/1.kzyjc.2020.0002

BT BRSO HAB S EE

Articles you may be interested in

BT Z R R UV B B TUBA, 2 A6

Single—stage grasp pose detection of manipulator based on multi—level features
Pl 5. 2021, 36(8): 1815-1824  https://doi.org/10.13195/j.kzyjc.2019.1840
HT MobileNet i 22 HARHEREREE 7 ) ik

Deep learning algorithm based on MobileNet for multi—target tracking

Fthl 53k 2021, 36(8): 1991-1996  https://doi.org/10.13195/).kzyjc.2019.1424

Anchor—free ) RUEE [ 38 WA T ARG INAE %
Anchor—free scale adaptive pedestrian detection algorithm

Pl 5HIK. 2021, 36(2): 295-302  https:/doi.org/10.13195/j.kzyjc.2020.0124

BEETER IR RGN Rh 22 10 26 52 TR U Y
Recurrent neural networks based paraphrase identification model combined with attention mechanism

i 5. 2021, 36(1): 152-158  hitps://doi.org/10.13195/j.kzyjc.2019.0638

T UG R 10 R PREE (DL I
Skyline position matching based on image and elevation data

Pl 5 HK. 2020, 35(11): 2665-2674  hitps://doi.org/10.13195/j.kzyjc.2019.0155


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0002
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1840
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1424
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0124
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0638
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0155

55 36% 49 = oH# 5 xR Vol.36 No.9
20214 94 Control  and  Decision Sep. 2021

BT W5 ZFHERE & B = AR 75 7%

R OME AR, B &, B

(. ZHORS T HA R S5 E S W E S50 %, A 2306015

2. RO HENRE S AR SR, A 230601)
& e I IS T IR 2 ST 10 B AR S SO 7 v — IR P K B P8 4 22 P 48 A Dy 5 I 4 R AT RFAIE BB,
FE AR S5 (R ARG ASE R DR R, A U 28 R AR, 47 T B 3 T 8 49 ol 2 2 O 4% DA REH O HE A2 408 (10 RS A
55, ELEE T BUR I AR KR BRI A 7 BRI SCARAR WU ASE 28 ) ASE LA 2 B8 Ay o RO AR 00 SCAR, 2 HH 8 1 0000 S
T R A (4037 554 SCAS AR T 425, 7 % P MR K8 8 2 1) 31 W9 4% EfficientNet-b3 (3£ 6tk -, {8 F XUES 2 S A TAF AR R &
TSI 35 5 SCAR. — 8 o S FH ARRAE <5 = 2 I 285, Rl AR TR J2 RV RRAIE s 57— B8 S P 25 R A AR 2 [ 4 =
Ak S5, 3 KIS BT, SR i il G P A 43 SCIRTREAIE, 7E /0N 38 v 350 52 110 151 B SR HCSE 22 BROARAE, ) kb /I8 5 I 24 3
REIEAS A 1 0] R AE 3N ATFEE AR B St g8 B o, Frd Hh 5 i AE ORI i A DU K SP R IR 0, T DA KOs i o
B ) 2 B0, K R4 e ek
KHBEIR: W ECUARRI; IR FHIES TS FHERLS: BEEINGG: FEE AL

HPESES: TP391.4 ERFRASAD: A

DOI: 10.13195/j.kzyjc.2020.0002 FHFE (FiRBR %) #RIRAD (OSID):
SIS, SR A, 12, 55, BT X000 SCRFE Rl & 1R 3% 5 SCARA I J5 12 (3], #iil 5 ¥ea, 2021, 36(9): 2179-
2186.

A scene text detection based on dual-path feature fusion

ZHAO Peng, XU Ben-peng, YAN Shi, LIU Zheng-yi

(1. Key Laboratory of Intelligent Computing and Signal Processing of Ministry of Education, Anhui University, Hefei
230601, China; 2. School of Computer Science and Technology, Anhui University, Hefei 230601, China)

Abstract: The existing scene text detection methods based on deep learning generally use a deep neural network as the
backbone network for feature extraction. Although it can achieve a striking detection effect,the entire detection model
is very large which results in poor detection efficiency. If the large backbone network is replaced by a small backbone
network directly, it will often fail to extract enough semantic features and can’t achieve an ideal detection result. To reduce
the size of the scene text detection model and promote the detection efficiency, a dual-path feature fusion based scene
text detection (DPFFSTD) is proposed. Based on a relatively lightweight basic network EfficientNet-b3, the DPFF uses
two branches for feature fusion to detect scene text. One branch uses a feature pyramid network to fuse the features with
different levels. The other branch uses an atrous spatial pyramid pooling to enlarge receptive field and obtains the features
of different scales. And then the features from the above two branches are fused to form more features only with a very
small increasing computation, which makes up for the shortage of features caused by the small backbone network. The
experimental results on three benchmark datasets show that the proposed method significantly reduces the number of the
model parameters and greatly improves the detection efficiency while maintaining a high detection effect.

Keywords: scene text detection; deep learning; feature pyramid network; feature fusion; lightweight neural; attention
mechanism
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1) Z=TF Btk g 77, Ren ZE 32 H T Faster-
RCNN H f7 # 5 7%, Liu 2521 32 1 T SSD H fs f&:
DAy, J F-0X 8 5 bR AS I 509%, 1R 2 0F 90 38 X 3L
BEAT B, FH T 3% 5% SCAR AR M. Tian 2081 21 T
CTPN 51k, 45 A B 48 X 4 A S A7 9 4%, 1
Faster-RCNN (1) 3 fitlh b7 2 S /NETEAE, S8 J5 & JF
5B 36 S AHE (1 T Ma 254 32 HY T RRPN 5092, 76
Faster-RCNN 1) 52 At - of A6 30 A 3% 47 Je 26 A 0 4t A%
(RIS, Shi &5V 1 HY T SegLink 50923, 7 SSD H 3L fil
B W STAR BRI R 43D 2 A SR B R W, AR JE K 2
AN R B AT i B, He 250V 4 7 SSTD #3276
SSD H I AN B A ML, SR AL T SCAR X IR REAE, A
T Xof SCAS 3R AT B 4 (KR, Hu 2517 $2 T WordSup
BRI, 51N 5 M B R R A I AR, K R AT
75 B BRI () SCAAT. Lin &8 2 1 7 CTD+TLOC
S35, 7F Faster-RCNN F1 CTPN [ 2E7Y | [8] 15 14 444
T, 6 HFE SCASHEAT RN, B SR IX e L F I ARAG I £
SCAKG I SRS T AN BRI, (B 2 B T D93
TEAE P R 1), £ AR 06T 22 7 1) SCAR NS i T SCAR P s DU
AN FEHE.

2) T EIM Tk T VEREW R IR T 3CA )
J5 TR AR, SR SCAS RS il 7 SO A B R kAT 3%
U (AN, 3% 5 SCARRG T 45, I8 B IR 2 UL B
T+ SRR B AR — R L, BT o B U vk
AEAEAS AR U7 Mook 353 39, Long 510V 76 43 1] H U A
DX 35 14 ) ) 00000 1 SCAR A i 2R 10 B, AR S 5 FE R/
AN [ [ 48 2% 7 SCAS X35k, AT R 4T SCAR R T Xu
SO JH Y VGG 16 AN [A] [ B R REAE B il J5 AT 20

F, 15 B RME I SCA X 35k, SR 5 0 o B S5 R g =
RUHEAT TR 25 5 1) J5 Ak B, 45 3] d 28RS B 1) SCA 43 1
B, I HoAZ B2 B 08 5 T (1) SCAR AT AR B Hh [X
3. PSENet!"' 15 9 R FRFAIE <5 7 5 R A TR) RUBE 14
FRAEEAT 73 81, B — D SCARRE 1S B 2 A ANF R
SCAR G EI, AR T 0 AN (8] RUBE (1) 43 B Rl A L 3 Fe
SEEAT Bl G, B A5 3 S B A I SCAR. il RUBE
P IR AML RS XT3 5 SUAHEAT B9 HER e Ao,
T HL 82 2 4 X 43 1 S0 Bl R A — S ) SOAR.

B TR L5 ) (W 5 SO Rl 7 AR A A8 A
TR FE A 22 N 28 A 9 it DX 288 $ R AAE, 5 FH 1) 5 o
2 M 28 A A5 VGGH?!, ResNet!!31 45, ix #6285 i )75
FEE A 48 I 28 A S LT 2 A RE 77, vT DAIE e B N7 5
SCAKEI Z BTSSR, M S HE E R T
X 285 AR TR AR A R K, B4 i /N R e 2 o)
ZEAEATIZ AL B JJANE A A R A, feilr, 23K
IR FEN R A T 3 28 ) v s 42 M 4% EfficientNet,
TE/NUAR ) 2308 N Re 61k 31| 5 4% G50 22 X 2% AH [F]
T2 T AT ) 25 R U

T BRAR B AR 55 SUAA AR PR RIARE, ] IR S
AN PR ARSI PR 25 2R, R SCH HE — P T U SRR Fi
1 H SR 5 AR 77 7 (dual-path feature fusion
based scene text detection, DPFF). X E 5iRUn :

1) B0 A% 48 1) 8 TR B2 2 ) B 3 s SRR I 7
ESHE 2 | AL R B 1) R, $ B — o ) )
H SR 3 55 SCA W 7792, K FH 3 8 2R P L il o) 245, [
) FH 15 S5 7 A RO e Bk kAT Ja b
btk

PBGNASES B9 @ N el L Bk Y RN
2 FEUEREAR 22, BT RZ ] e H WA SRR G T
15, — B0 SCRFHIE & 7 55 M 28 il & v 2 VI Z 14
ik, 75— B8 3 SRS IFAT TR B AR Y RIRSZ B, i
Ji Rl T B KA, SRR = IR RRAE DAGRAD /N IR 2%
PR REAN A2 1Y ] .

1 MRITAE
1.1 REZ3

H 2012 4F AlexNet £ ImageNet & 1% 1R 51 K 2847
S ZE VIR, TR BE 2 > A SR S LS T BRI i
Jg. WREEE WA s T H AR BHR o BT S5 1
PR RS W T AT TR BE 2 2 R Bl b4 th 5 b
BET7 V5, BT B BT 55 BB 9 G R AIE 4 o 1 X 4%
TE TR JE A 28 ) 4 1) S kb @il A [F) 2 IR IR AR AIE, A
RORTE T B AREE I AUR. 78 BE 2 B, Yo 2050 {6
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PTG 7 ) 3% . Deeplab & 515 25 G FEAT T
kNS H A Deeplab-v2 42 H 1 723 AR 45 R 4 5
Bk, 8 2N HAT I 2SR S BURECA R R 2 IR
HIHFAE. Deeplab-v3 it —20 pleadt 1 23 1 45 AR 25 (] 4
BEAk, I\ T #EIE WAL T4 F8CR T, SR FE 4
W 4% 5 15 22 AT 55 H I S, 24 DX 4% 3 R 31— 5 A
S5, AR X 2% I AN Be i ok W1 R 1) RACR $2 T, — 28
AFF TN 5338 I S I 5 I BRI SR B T 22 ) 2% £
AE. SENet X} T~ A~ [F] 18 18 ) RFAIE 2 =) AN [F] A R, 5
THE A RN = 2 b 1 FH 5 1iE. DANet [R] B 2 ()93 &
JIRIEIE VE R PR R R R L] A SR T T
T S EI R RS

1.2 EfficientNet

2R, AR 2 TR SEAE 55 T A R VGG

ResNet!'3 85 & 4 48 W 26 452104 1 Dy 3 W9 245 247
P AIE 3 B X SR GE B B A AE 55 P RUR BT,
{ER BRI, 2019 48, 4 AR FL N 3R 17—
Tt S 1) 1 22 D) 24 452 Y EfficientNet, ) F #f £8 [) 2 &5
FE AR 2R B R AN R 28 T35 32, A B T HL At A 2 00 %

% 1 EfficientNet-b3 B 484544

W B RPN AR WIEH R
1 Conv3x3 224x224 40 1
2 MBConvl,k3x3  112x112 24 2
3 MBConv6,k3x3  112x112 32 3
4 MBConv6,k5x 5 56x56 48 3
6 MBConv6, k5% 5 14x14 136 5
7 MBConv6,k5x 5 l4x14 232 6
8 MBConv6,k3x3 7x7 384 2

9  Convl X 1&Pooling&FC Tx7 1536 1
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FHAE SRR B

FHERL AR

1Y EfficientNet 2 %5 57 /b, 41 38 FE 5 PR, fE 7
5 /5. EfficientNet H 8 A~ A [\ hix 4%, 4% 3C B 48 H (1)
EfficientNet-b3 [ [ £% 45 #4) fii viti, a0 3 1 fro. A4~
HHZ N B BN B hE T EE G
R 1N RN R IR AR 1B 2 S R RHAE B 1)
ST RN, IR BER TR 2B ASEAE 0T R B ) IR
1.3 PSENet

PSENet!' ' & — fift & 73 1] (1) 3 5 SCARAR I Ty
VB T Ml REY & H.12% (progressive scale
expansion algorithm, PSE). SZ 56 3% B, ¥ ik 4 e 5 vk
REAE A AU X 43 T R T AE — S 1) SR, R b A S e 7Y
TE J5 A B R FH L 4 e 550925, PSENet % FHRHIE 42
TP W LG AE NI 48 2510, 0 T — AN N B, 1 R
HUAS [ J2 OB RRAIE, R 5 38 2 SRR 22 A0 [R] (1 R
B JE W R — 15 B A R AR PG RHE F &
S PRAF ) n NASF )53 FI B S, Sa, .., Sy, X 2L E
Bl [m]— A B Y R]— ST AN R e A3 1) 4331 B, 7N G
] (1) 73 550 B B W 350 25 o h X 40 FF SCAR 3 2%, K L A3
{10 4 0 ] o TE . o5 13 FH T RBEY R SE T n
A0 BN NN BIRAR AT Y e, 49 21 e 4 1 Tt &5
X
2 A
2.1 BHFMgEER

AR SCHE (¥ DPFF J7 vE S ARHE 3L i ] 1 o, &
B0 N 3B R AR U . XL 03 SRR i 5 A
P o A e, 565 1 M EEHCR H EfficientNet-b3
1B N FERE N 2%, B 56 7E ImageNet 204 4 32847 F)l
I, 98 Ja i 25 A2 2, XN BB BR BURFAE. 2524
By SCRFERE BT, 2L 3 PR 73 3

TN
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1) 751 45 B 2% (] 4 - 85 b AL (atrous spatial pyramid
pooling, ASPP) 73 3¢, 1% 73 3N T 4RI B, {1
%53 SCHAT BIAS [A) 2530 28 1) 23 VR A FROER BOAS [R) RUBE
FIHFAE; 2) RFIE 4 73 (feature pyramid networks, FPN)
93 3, 12 3 ST A A X 285 HR B B AS R 2 IR
REAIE B, 15 24N [R) RO R AIE Rl SRR AIE, PR I 29 3= 2R
FRTAS R 4R A1 >R FH 388 38 73 7= 77 /L] (channel attention
module, CAM) AT il &, SR Ja 7 A2 n A AN R LE A1 RUBE
M orEI s R 8 3R WL i e Hk A N G ik
L BT AT, X AT — 8 AR B 2 A AN
U )5y B85 SR AT B0 3 e Rl G, 79 30 fe 2 Aan il &5
xR

22 FHERAE

AL RHAE Rl 7 0 B 1R RS A
FTo, AR i A AL 45 ASSP ATFPN AN HAT 11
73 3.

ASPP 73 SCUn & 2 i, Herf C R k. %93 3¢
5 4 A FRAT I 2 B BUE AL AN A 2 R X 3=
T W28 T ) 1716 FRAE B EAT FEAT AL B, 4R Ji5 200K 5
24 JETE FREAE L 49 3 120 3858 (¥ 25 T B FURAE. 4 2%
IR AR 2 508 1 6412, 18,14k 2 A5k
b4 bk,

D—
A AN VAN VAR VAN VWS

3X3conv 3X3conv 3X3conv

IX1cony rate=6 rate=12 rate=18 pooling
. itefl
L J
Y
B2 =ZREERNTESFIEER

FPN 43 3 a1 3 i 7w, Horh C 2275 24 BX. FPN 43
LA X 4% FR B EL IR 174 1/8 1716+ 1/32 45 4E 43
HIEA Fon F3\ Fys Fy, B BT FZ)ZE ERFEZEAMIA
PR, HE T — 2Rk, 5015 3 P\ Py P3P, H
1 P5 = Fs, Py = Fy||Upxa(Ps), Py = F3||Upxa(Py),
Py = F||Upxo(Ps3). i Ja I3 — 13 2 @A FRE
P,Ep

P = C(P,, P35, Py, Ps) =

P|[Up 2 (Ps)||Upsa(Py)|[Upxs(P5).

Forpr |7 FoRPER, Upya (1) Upxa(-)~ Upxs(:) 7393
Fork ERFE2 5. 458 4%, B ZHHEE A 24 /NIl
T8, B o A 21 96 18 T8 (1R AIE 4 - IS R4k B, &
= EAVRZEE X

B3 $HESFHEERER

FPN 73 32 7548 FH /NS Atk 0 28 R 15 00, I IE 4L
BD R RRIEA S 32 . ASPP 43 32 A8 AN [F) 23 1
RPBERY R, SR F] 2 R RE. BN 5
SCH AN 7S, $E T EEAS WX 25 1R 1 R H TR AE B A0 A
() AT 7 P, A SCR) R 38 T8 3 3 0 ML K S 1
REAEHEAT AL B, 7E I 2R 13 2 A A D 1 8 5 S T P L
B, 38 2 SRR IR S8 A AUE. AR S TE = AL
LI SR DA RHER P e RO M i
HAF e RON BN RRAN I8 IE (0 Rk B B b
RS — 4 IR 2R 7, 2) B e 4 5 IR AE I P 5 0L
e (F)T AT AR, R F - (F)T, SR )5 18 F softmax
BRI AN FL AT 0TS, S EEEE R T X e ROXC,

exp(F - F)) "

Tji = C .
> exp(F - F))
i=1

Forf g AR AN IETE XS 5 5 AN IEIE R, F) O F
2 0 51 ) RS B R EEE O B X R E X
55 FYAHR, 45 21 (10 45 R e 009 B AR R A P ) RS, B
E € ROHXW Ak B 4N EE R E; N

c
E;=p Z(l“jiF'i) + F'y, (2)
=1

HopsHpENGS R dr2E. &bl ik
T, 75 3] () AE A B B BOM R BB AR, B 2 A
AN )RR PR LAl AR AE B s RN, 9 HAL
(B AT CATE I 51 a2 v 2 5] 3
23 IkREH

Xof - [Rl—ANSCAME, i R Fe L TR 2 2
ANAS TR RBE 1) 4 0] PR3 AT i A, 32 T 45 1) 4 11 3
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M2s 5 AR ZRad 2 v, 3 B8AS (] ROFE 1) 40 ) 1 75 22
X N7 AR 2 HEAT 18 5 U1 5, (E 2 08 A F s 45 A
25 H M — SR B I SCARRERRAE. SN T 13 B[R] RUEE Y
PRA5, 5 BN B SR 45 58 bR 25 R AT 22 IR AR TR AL 2,
BEUOO JFIRPRZE T 1) 23U TE p,, 408 d; B KA B4
TG BIARZE pi, B3 2145 B — R FNAN R R I SCAR bR 2
 DPr—1. d; TFHEN
area(p,) x (1 —r?
pegfinzetefr(pn) ! )
Horh:area(py,) N2 1A p, B 1H F; perimeter(p,,) 79
Z 10T p, WEAK, v RAETRLL, THEN

(1—7r;):<1(n—i)7 @

m € (0, 1] AR /N RBE, AR SCm W E 0.5, n R
AR RBEH 73 1 B A2
AR A8 K R BUTE I 2R R H B e 4 A
SERE I UK L FOGETRUG W SCARR R L. $K 0R
BLUHEWTR:
L=AL.+ (1-\)Ls,, (%)

HHZHN € (0,1)PE LML, MRE. L AL,
Y148 Fl Dice 2 Z0EAT $3 2% oA B0 11 54, Dice R
R/

P1,P2, .-

d; =

T’izl—

2 (Si,r,y X Gi,r,y)

x

D(S;,G;) = =2 .
oy Ty
Horp: S, oy WA BIGE RS, FIEER (x,y) FIME, Giwy
P2 FAR 2 (o, y) WA, FEI RIS FE R, {8 F 70 4 X
%1142 9% B2 (online hard example mining, OHEM)?%!,
W L.3+5N
Lo=1-D(S,-M,G, - M), )
Hodr M ORI 2R RE o OHEM Tl B e AR X 38, L, 1t
HoN

(6)

n—1
> D(S:-W,G-W)
L,=1— i=1 :
n—1
1, Snzy = 0.5
Wz,y = (8)
0, otherwise.

HAW RS, o 2R AESCAR X A5 R .
3 ST
31 BUBREMIWEE

i% $ 3 A8 F BUdE 45 ICDAR20152,  Total-
Text??) fl SCUT-CTW15008) {E 4y sz 46 %5 ¥5 4E.
ICDAR2015 & — /ME & 5 18] SCA ) 3 53¢ SCA Rl

Ko 4, BFE I 25 1000 5K B A, M 4E 500 5K B A,
FL1H 1500 5K &, K F DY 30 JE HE S b1 B A SC AR 3R AT
FiE, BRI & H R AN T s (1) A4 #5. Total-Text & — /ML
AR5 ] SCAS NS il SCAR I B 28 3 5O SR 4R,
A5 1225 5K YITZR 5 B A, 300 7K Mk 4 & . SCUT-
CTWI1500 & — AN 2 7KF 5 1] SCAR S AT 7 1) SCAR
Al SCAR I B SR 5 SCAKS I 4504 48, 1% 1000
Tk IR B A, 500 akll iR A B, Hobrid sk A 144
T0 i 20 B 22 10 T 6} SCAR AT A BBl i

S 56 % H Python3.6 18 4 4 F2 18 5, 14 FH 197K
& 2 2] HE B8y pytorchl.1, AlF A5 5K % 13 7€ NVIDIA
RTX2080 .~ bt 47. 5256 o B {8 A 1) EfficientNet-
b3 7 ImageNet £ 4 b 3E 47 T 25, W 2% 75 Il k3
T {8 F Adma AL SR T HRAL.

Wiy R SR v B R B 2 ROBEREAE B A
$ % B N 5 4 PSENet (¥ 5 {1 B 7, OHEM 532 (1)
IE SR B8R 3, IR B FO L K/ B R 4, W1 UR 4 )
N le-4, BEBE 50000 20 % 2] R E K — N E L,
AN EHEE L Z5250 00025,

K 3 35 SCAS R AT 55 Hp i B OF- 00 3 - 1A
% (P), A [l Z (R), F & (F) A2 (FPS). R 2

A M PN
p_ matcr}gf, G)’ ©)
R— matc|h(;|D, G), (10)
F:2x§i§. (11)

Horr: D R RLR I H ) SCAKE, G oA B S B SCAR
HE, match(D, G) AF I 0 IE 06 I SCARER =, | D| N
T ) SCAAE LB, |G| 9 S [ SCASHE S & ol 2
I St i A (Y O 3k, 3 FH R A ) P
& (frames per second, FPS) F Ay B A iy & 45 AL i 11 5
.
3.2 SRR

N T BAIE AT H DPFF (145 240, 5 5l 5 2 F
W% (CTPNPL, Seglink®!, SSTDI®l, WordSup!".
RRPN™ | PSENet-1s!''1, CTD+TLOC®!, TextSnake™!.
TextField!'") Hf 17 %J bb. 78 2 3 £ ¥ 48 ICDAR201
CTW-1500 Fl Total Text | 3F4T 5246, 45 BnK 1 ~ £
4 Fir7R. R HORE BT i R BOHE 3k B G R 8 ST
f13% 2 7] W, DPFF /£ ICDAR2015 %54 55 1 i rf =
FE R FAE 5 508 81.67 % 80.26 % F1.80.96 %
DPFF AH 6T~ CTPN, #Eff 22 . A 51 2250 FAE 53 7 52 7+
T 7.67%-+ 28.26 % 119.96 %. DPFF #H Lt T Seglink,
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HERZE . A B FAE S A4 T T 8.57 % 3.46 %
H15.96 %. DPFF # b T SSTD, #iffi %, A [HE M F
185> IR TE T 8.67 %os 0.26 % A113.96 %. DPFF AH L T
WordSup, #E i %, AEIRM FAESHNRT T
4.64%- 0.93 % F12.8 %. DPFF #H k. T- RRPN,
WA N B, A F R AR T 7.03 %, FAEIRT T 3.52 %.
ICDAR2015 4 45 A 1]« 9\ 1) AV AR} ST A 32,
TextSnake Fll TextField J5 ¥k &1 %1 H 4R 37 5t LA AR &
PR & B A B AR R I J7 %, DPFF 5 2
AH EE A0k B 7 3 A (] 45 2 ) i A N 2% SR DPFF 5
PSENet-1s 4 Lb, #Effi 26 . 4 [ 280 FE #2500 A K,
F B DPFF AT SR A 2 T 5 2 A HIKF. H5RLE
77145 ICDAR2015 £ #8548 E ¥ X} L 32 B, DPFF X T
W RIS AR TR ST A B ASE D A TE 352 v R 7K P

% 2 ICDAR2015HiEE EMSTHESLIREER %

T3k HERf % e CIES F1{H
CTPN 74.00 52.00 61.00
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