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Text Detection in Natural Scene Images Based on Enhanced Receptive

Field and Fully Convolution Network

LI Xiao-Yu' SONG Yong-Hong” YU Tao'

Abstract The quality of natural scene images is influenced easily by the shooting environment and conditions, and
scene image background is relatively complex and has a strong interference for detection, besides, text in scene im-
ages may have different colors, fonts, sizes, directions, languages and so on, all these situations make natural scene
text detection be still a challenging research topic. This paper proposes an end-to-end text detector based on fully
convolution network. We focus on the design of the network structure and the loss function, through adding the en-
hanced receptive field module and introducing Focalloss, GIoUloss for pixels classification and text boxes regression
respectively, we gain a more stable accurate multi-oriented text detector. Our method provides promising perform-
ance compared to the recent state-of-the art methods on both the multi-oriented scene text dataset and horizontal
text dataset.

Key words Receptive field enhanced module, Focalloss, GIoUloss, full convolution network

Citation Li Xiao-Yu, Song Yong-Hong, Yu Tao. Text detection in natural scene images based on enhanced recept-

ive field and fully convolution network. Acta Automatica Sinica, 2022, 48(3): 797-807

Yy BB PR BN R 0 SUAE I AT AR B
AT EE S b B A o B A e 5 R 3 5 R RS A
THA AT LU 2 8] T 2 AR R 2 AL S
e, DL Tl A, 55100 507 R I SR #
Fe A AL e R AR A BOR, mT L NP K R TT
V2, — At LIS I X373 M A% 0 SR R S A6
JIiE, R BLIE Bl B 9% O SR B S5 A I

sk H A 2019-05-16 A H A 2019-08-22

Manuscript received May 16, 2019; accepted August 22, 2019

Bt 44 AR B TR REATE 75 TR (2018IM6104), [E 5 & S 50T
K& (017YFB1301101) %8

Supported by Natural Science Basic Research Program of
Shaanxi (2018JM6104) and National Key Research and Develop-
ment Program of China (017YFB1301101)

A THERZE S

Recommended by Associate Editor JIN Lian-Wen

1. PAZ2 AR e FE% 710049 2. P23l R N
e 1% 710049

1. School of Software Engineering, Xi’an Jiaotong University,
Xi’'an 710049 2. College of Artificial Inteligence, Xi’an Jiao-
tong University, Xi’an 710049

JiiE. ARG AGR AT E - R B S 2 A PR T
A 128 X 30 AE il A 326 DX I8 B SOARAT )3 1 ST
AATRIE, BB A I D PR B S AR I 25 R T
Mg 1) 45 2R B AR AR

B8 & v SRR e RO R ) s ) K, B A
oLl 77 VA FE I 46 A8 B R 2 M 2% (Convolu-
tional neural network, CNN), W78 E 1T aA 1 4
B TR ) 1 B AR I 7 VR Aar il S, PR ke
AT — FRANEE T B IR BE 2 2 SOkl U7 %, 1%
KT FERET HistlAESE SSD (Single shot
multibox detector)!'), Faster-RCNN (Region
CONN) ) &5 AT X SRV sk A3 311X K07
B B R I A KSP R AR e HE A
DA S DY 3 T 25 TR R SRAF SO A U 285 . A,
TIREESCFIRAP IR T BRI LT e M a5 R,
VEAE T — FR G BT 40 F 1 R BE 5 21 S R il



798 H 3

¥R 8 %

VREL A% T A AR AR S B B KR
B BIA R RSBl o, iR — 2 )5 Ab B 5 3R
BT BRI EA LR, IF B i TR R
IR AR, AT RAZ I TTIE BT 46 1 T gt phe i £ 5C
2N R RS R AP | TP RN ] N 22 s Y oy o = B i
M2 T RIHAAAES BRRR, HBs g
SR ARSI AT 3 B A AR BEAT SO RN EAR
LSRR IR S S SR N T ik D2 R B
B, B SCTAR N — R R A A R G ) H AR,
Hep gk, Bith, J5 s KAEZEI BB, ML
— & B bk S I A, RS AV 2 2 S R
I8 30T (FURF RUEAT X 26 5t A P e e SR Y [
VAT SR LA T 5 1) ST 7 A PR S 38 F) S5
I 5 R 7 RIS AR T AR 45 2R (B4
BEN 2 518 37 R RESCT I st B, A
DAL PEANG RPEAR IH 2208 N S350, BUA R
R R 1D R o L S = el Rl VI R P
FECLR [ 1) — B Ik R N 190 2% S5
REATASLIN, T P PRAEURS BEAN AR, [k, —FhO7ik
— B A X 2 R AR A MRS B, AR,
XA R T TSR, AR I R TS RS E
A5 2) — BRI 7 VA A AR ™ B IE SRR A AN 1
XF AR RURE AN R AE [n] A, SSORG U0 4% 7 1 %

AN

FCN + FPN

RLANMS

ARSI H T ] i ok i )1 % P PR SC AR I
5, T DL MRS U AT R 1Al SCAR RN 2 RSO
T RTINSO R B TR, 2
KM R G Z BRI Ja R, TR 48 S5 0 51T
HOIMN T TR0 T 1 8652 By 1 AR e AT 7 AR HRC
PUE AT HE N R SRR, SO 1 — MR vk
THUREMJURE AR ) By TE R R ECE oy, R T
FEAA ST 7 RPEAUREE n) /L 5]\ Focalloss™!
1 GloUloss™ Il 2k 4, idk— B HE T+ 245 14 B

KX HBEZHWT: 8 1 WAERET EHHR
25 (RS U AE B2 1) 88350 o S5 R BT 2R 2 TR IA Bk
BRECHIBET; 5 3 A VRN SEIR 25 B 5 ALY
BT 5 4 T ARSCIEAT M

1 PIREFHESR

1.1 #NRE

Bl 1 g AR SO0 R R AR I — A v R
. LR B EBIE N BN (Fully convolu-
tional networks, FCN), il i FF1E 4 775 W 2% (Fea-
ture pyramid networks, FPN)!" [z ;=4 2 1@ 18
[R5 25 B 1 STARAS: Jr TR e 26 JE TR A Tt 1] HG
t 1 JEE R R BSOS r BIE—ME R
£ [0, 1] 28, REZGRE T CANEEE. e

AR

8 e L T B 2 ) 2 ]

Bl 1 ATl e A
Fig.1 Flow chart of our detection method
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Fig.2  Structure of our network
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Table 1  Qualitative comparison on ICDAR2015 dataset
PaRis HEIE (R)  FEHIE (P) F
CNN MSER? 0.34 0.35 0.35
Islam %2 0.64 0.78 0.70
AJOU 0.47 0.47 0.47
NJU# 0.36 0.70 0.48
StradVision2*” 0.37 0.77 0.50
Zhang 5% 0.43 0.71 0.54
Tian 4527 0.52 0.74 0.61
Yao % 0.59 0.72 0.65
Liu %® 0.682 0.732 0.706
Shi 4P 0.768 0.731 0.750
East PVANET!™ 0.7135 0.8086 0.7571
East PVANET2x" 0.735 0.836 0.782
EAST PVANET2x MS!" 0.783 0.833 0.807
TextBoxes+-+ 0.767 0.872 0.817
RRDY 0.79 0.8569 0.822
TextSnake! 0.804 0.849 0.826
TextBoxes+-+ MS™ 0.785 0.878 0.829
Lv %0 0.895 0.797 0.843
KRILT5 0.789 0.854 0.82
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Table 3  Qualitative comparison on ICDAR2013 dataset
F# 2 MSRA-TD500 ARSI 25 Xt L ik A% (R) WL (P) F {f
Table 2 Qualitative comparison on MSRA-TD500 dataset Fasttext! 0.69 0.84 0.77
T3k Am#E (R) KW (P) F1E MMsert) 0.70 0.86 0.77
Epshtein 25 0.25 0.25 0.25 Lu &l 0.70 0.89 0.78
TD-ICDAR®! 0.52 0.53 0.50 TextFlow!" 0.76 0.85 0.80
Zhang %) 0.43 0.71 0.54 TextBoxes 0.74 0.86 0.80
TD-Mixture?! 0.63 0.63 0.60 TextBoxes-+-+ 0.74 0.86 0.80
Yao 252 0.59 0.72 0.65 RRDW 0.75 0.88 0.81
Kang % 0.62 0.71 0.66 He &5 0.73 0.93 0.82
Yin 46 0.62 0.81 0.71 FCN2! 0.78 0.88 0.83
East PVANET™ 0.6713 0.8356 0.7445 Qin &1 0.79 0.89 0.83
EAST PVANET2x/"! 0.6743 0.8728 0.7608 Tian 25 0.84 0.84 0.84
TextSnakel® 0.739 0.832 0.783 TextBoxes MS™ 0.83 0.88 0.85
ATy 0.689 0.925 0.79 Lv %0 0.933 0.794 0.858
TextBoxes++ MSH 0.84 0.91 0.88
M 2 AT, ARCTTES L PVANET fE A% EAST PVANET2x" 0.8267 0.9264 0.8737
%) BAST HIEL, 76 R 81 F (4 L5 1.77%, Tang % 0T 0 o
8.94% M 4.45%, *4 EAST 3% PVANET @i AT 0858 0951 0893
SR JER PRI, AT FEKIA S 2.8%.
Zhang 252 B vk e 2 i K RS HE L 7 ) T # 4 ZMOCTFARIJTELE ICDAR2015 L)

fe o7, SHAHN, AC7EE R E.P E.F E
=AMERR B BIRTE T 25.9%, 21.5%, 25%.

2) KF BRI SR

bR T IEZ 7 MRS DT, AT TEK
AR ICDAR2013 B T2, %8R4
2 AN Z KT SOAREHEE. R 3 EBRT
AT 15 HAh S 1 SR 7 R G B .

7 3 n LA SR bR T Tang %512 B771%,
AR TTVF G AT TH B ER 3 H BT 4 25 1 S 1 S0+
K 75 7%. SR, Tang &1 BT EBEHBZREES T
PRSP 285 BRI 1), ARSI — s BT PS50 FE RS 1.36 s,
Bt —20, %515 J ] ARSI K SCAR B 4, )
Z 7 A SCAR R SN 2518 g5 EAST AHLL,
3 FPIHLL 2 5818 PVANET {E A MK
EAST MM s, A HR SR F L5 50N
0.8267, 0.9264, 0.8737, AL VELE =85 L4
A EAST 3.13%, 0.46%, 1.93%.
3.3.2 BlE)EEE

AT ARG T v A, T LG R L fE
ICDAR2015 $di4e 15 A SC 7y R0 4 2 e A Ml
L B AT IR B AT LA, g5 IRk 4 B,

4 ATH0, ARSCHIEERAS 82% 1) F {EI
THEOLT, RrIE R A 12.5 Wl /s. AHEGAR T, IXFEH)
gE AR R AR Lk B T AR . R 4,

A M B 4t 2R

Table 4 Comparison of accuracy and speed on
ICDAR2015 dataset
ML & < 4
Zhang %P MS TitanX 0.476 0.54
Tian %57 $5-600 GPU 7.14 0.61
Yao 25 480 p K40m 1.61 0.65
Shi &P 768 x 768 TitanX 8.9 0.750
EAST PVANET!" 720 p TitanX 16.8 0.757
EAST PVANET2x" 720 p TitanX 13.2 0.782
TextBoxes++) 1024 x 1024  TitanX 11.6 0.817
RRDM 1024 x 1024 TitanX 6.5 0.822
TextSnake'! 1280 x 768 TitanX 1.1 0.826
TextBoxes++ MSF MS TitanX 2.3 0.829
Lv %00 512 x 512 TitanX 1 0.843
ARITT 720 p TitanX 12.5 0.82

AILLE 3 Tian S50 $2 1 ss-600 7732, YIZRA &
F B IA 488 E] 600, HAE ICDAR2015 $di4:
B A R T B B TR E] 2 000 B £3
B, XMAEOLT, ZO7T R A R 4 BOR
(IR 1] 22 SE 48, % T Zhang 2529 {77, MS FoR
i F = AN R (40 200, 500, 1 000). EAST J7
IAELL PVANet NFE M &0, AT LA S 16.8 /s
E R, BAR BEAST Jrik bbb A ST dmg i, B2 fE



3 3 PRI RS G5 A RS2 BT 9 AN 46 B 44 1037 SO AN TV 805

ICDAR2015 #i#54E & F (HIK T AT 6.3%.
EAST J5iE N THERN RS, ¥ PVANet {38
TR MR R PR, NG 13.2 i /s, HAR
ST VE R AR, AR FEARSR AR ST v
i 4% KA.

3.4 1REISHR

3.4.1 REZEAHIER

T B SR A o AR R AT i
A7 4 1) A8 RS2 SR W 5% 5% 2L A2 A S5 M A R ) e 2%
HME. BT ICDAR2015 LN AR =K, 17
ZEE S R 4 B RS AR 7R B S TR T
ANSLIGIEZ RS LT, AT RT A SLI kR T 1
HlAR g A &AM, SEatah Rk 5 Fios.

MR 5 AT DLE H: 1) A SRR I i 3
%% ResNet50, F EHFR$E, /£ ICDAR2015 Hif
£ EER 79.7%. 2) {EARTINE L, X Res-
Net50 U5 4 BrECFIEE 5 B BURHIE B 2 S5 ik N I
ZEPHE AR FEASF] 0.5% KT, XFE)SLE
&8 TR 100 I 86 K IO 265 11 [ 52 B S0 T 20 M B A S T 2
F, AR R FEEFE K E ICDAR2015 %
W EFER ST AR RMES, AT
Koo KOUA, TR L FE A ASE 25 bl J 52 B AN 2 1T R A
TG HLIFANE DL 3) MWHE R AT SO /AR TR Sy
R, 51N Focalloss 197354k, F (AR F] 81.3%.
TXZH S — SRR T i B IE SRORE A AN Yoy 1l i S S
oM X 28 P8, JF H. Focalloss i SEEE T W 2514
fe. 4) fH GIoU fENMZ mIH5E LRI 2%, (115
F H ARG 25E . w2, AT7EE ICDAR2015
AR A B 2R FERR F E05N 78.9%, 85.4%
F1 82%.
342 fHEBERR

Bl 8 4 A E ICDAR2013, ICDAR-
2015 LA A MSRA-TD500 #s & M5 i #65
PGS I &5 SR Ik S i & S T DA, AR ST
JTEAE 2 J7 MR A KPR 4R BRI TR

SRR AR, I HA T —iE B By RE
22 i m L2 RO, A SOHER R B
—ERIEHE. S15h, WK 8(c) TTH M ASTIHEAMY
A DS NS SCSCA, SO [RIRE AT BUsrl. E2 A
ST VEBARAE R T RUR A B ARG O, an &l 9(a)
Fzs, 3K SCAR AR RS0y, A5 ik il
AN A A R A B L. 25 B8 B SCAR MRS K3
T ORI, BARTRIN 1R EY i A
B2 BP AR AR SZ IR, 2 0K SCAS RIS RS 7 e I 2k
W, 1B 9(b) s 1 ARSI R i SCAAG I T 2L
Rz N, T BRI — 0 e b e e Jo i
B 2 SCAR TR, 3 — T3 T Al BE 2 A
FITAsE FH i = B £ AU 2R B i 2SO T 1
GAEATLF3A. B 9(b) s A EEEH
SCASK W 77 TSR R, 3 A i) 5 B A — A 3
JFL PR FT e R AE VI R A 3 BRI REAS I
BD, SN SO0 T B AR IR A

4 LERIEB

AP HANA T — Pl G2 B s i 44
TN 25 (1) 22 77 18] SCASKE I 7732 %0775 T A Res-
Net50 AEEM 2 (1) 2B (FCN), MU AT ULE
B HUAG AT 35 7 18] SC A RN 22 ROEESCAS, T LI T
TUA HAERS (R e B 3R, w2, 15, N T
PETEAS TR R AN 58 i b SC A M HERf R 52 N A0
W RS2 B SRR R R, T 2 BB AT G
WUE 7S B 1 AR ) A A5 5 0 RBE S 9 i LG
Z AR SO RN I, SRS, B SO A I R
FEA AR 47 0] B, 51 N\ Focalloss S & midk 4T X
A JAESCAR T, T — 2 FEFE _EFR T+ T W 2% ks
TGS K, £15%F PAAE ToUloss 1 FAFEAE ) LA B
Uity )8, 51N GIoU AE N FEIE [ E 4325, e SOA
SENKEME; BeJa, 152 07 M SCARKHRESE ICDAR2015
A1 MSRA-TD500 VLS /K- XA $#E4E ICDAR2013
S P TILR T v AT X6 L S I IR 43 A B
Ja G R B IRARSCTTIFIR R T A et K, I HAR
Bk 1 A AR

K5 KLTTELHME ICDAR2015 Hdm4E B 1E F

Table 5  Effectiveness of various designs on ICDAR2015 dataset
ResNet50 TR BT I A Focalloss GIoUloss HAE#E (R) KL (P) F i
X X X X 0.735 0.836 0.782
N X X X 0.764 0.833 0.797
N N X X 0.766 0.845 0.802
v v v X 0.776 0.853 0.813
v N N N 0.789 0.854 0.82
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Comparison of detection results on
different datasets
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