X5y 3B AL R A T B AR R34 3l
XD, TRERE, A B, L

FIHASLC:

XD, AR B T B, i . B3 SCBS PAFIE R G 1 A SR 5 SRR DN, B BE R 58741, 2023, 18(5): 1079-1089.
LIU Guanghui, ZHANG Yumin, MENG Yuebo, et al. Natural scene text detection based on double—branch cross—level feature

fusion[J]. CAAI Transactions on Intelligent Systems, 2023, 18(5): 1079-1089.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202303005

L] RERGBR A HAN SO
— kB IE B A B RS PR SO R R T ik

Matching with agreement for cross—modal image—text retrieval

BHERGFR. 2021, 16(6): 1143-1150  https:/dx.doi.org/10.11992/tis.202108013
JEURAR U 75 774 28 P £ A0 (55 SR BT BT 5

Hierarchical double—attention neural networks for sentiment classification

BHER LR, 2020, 15(3): 460-467  hitps://dx.doi.org/10.11992/tis.201812017
Z R FRHIE R B 5 AT AR

Research on pedestrian detection based on multi-layer convolution feature in real scene

BHERG AR, 2019, 14(2): 306-315  hitps:/dx.doi.org/10.11992/tis.201710019
TR 5 RS 2R T A TR R

Audiovisual cross—modal retrieval for surface material

BB RGN 2019, 14(3): 423-429  https:/dx.doi.org/10.11992/tis.201804030
ST SURHIE I Z AL B B 207 8

Multi—view sentiment classification of microblogs based on semantic features

BB R Gi244]. 2017, 12(5): 745-751  https://dx.doi.org/10.11992/tis.201706026
— T RSB 1 I 28 AT M 1 v

A multi-modal fusion approach for measuring web video relatedness

FHREFR S 2= 2016, 11(3): 359-365  https:/dx.doi.org/10.11992/is.201603040


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202303005
https://dx.doi.org/10.11992/tis.202108013
https://dx.doi.org/10.11992/tis.201812017
https://dx.doi.org/10.11992/tis.201710019
https://dx.doi.org/10.11992/tis.201804030
https://dx.doi.org/10.11992/tis.201706026
https://dx.doi.org/10.11992/tis.201603040

5518 B4 5 W OB R & v M Vol.18 No.5
2023 4£ 9 H CAAI Transactions on Intelligent Systems Sep. 2023

DOI: 10.11992/tis.202303005
W 4% H KR 41k https:/link.cnki.net/urlid/23.1538.TP.20230809.1531.002

W53 32 B8 RAFAERE S BY B R 35 = XA Il

x| RHE, RARAK, E Ak, B4R
(BEEAARRFREEEHNIRFR, BEH §% 710055)

I 035 SORRIN A A BT G R SOAR R, 5 2275 S Y 52 2 36 A SCAR DXl A AN HE T
AH AR SCAS P Ao 15 A 109 5] R, 366 T 4Rt 1 — o B3 S5 O RRAE Rl G 1 AR S e SO vk . B 58, L) Resnet50
HF T WG B GE AR, BT s R AE 43 A5 Y8 5 AR B ( cross-level feature distribution enhancement module,
CFDEM), 345 5 G RRAE SCAE B 38 M, SR AR 3R IR B 775 AR5, O 38 I b 6 B0 R AE SUAR B T4 e
T, FEARIRAS R AG 2, $2 Y H & Bl S W (adaptive fusion strategy, AFS), | JH X4 37 4544 fin 5 A 7] 4 BE 45
TEZ IR R, PLfbmh & o B 5 B, T B B SR FH vl (0o B A 9 O 0 ok 2 SO R M 25 31 o BT 48 O i 4
ICDAR2015. ICDAR2017, Total-Text, CTW 1500 F4f 5 1 #E 47 1 fh 52 5, 52 56 45 5 2% W 7 32 BB v i o 32 S0 AR
X8, B IR SCA Y A TR A S

K BEIWR : UK ; AR BT B GRRAE /3 AT 1S5 5 35 N Rl 5 XA 25 25 (A48 5 B 4k 4 AT foor i1k
FESES TP39]  XEIFEEL: A  XE4HS: 1673-4785(2023)05-1079-11

s AR X E, KES, EAK, & WAXERBERENERBEIAREN J). STEREFR, 2023, 18(5):
1079-1089.

# 5| A#&: LIU Guanghui, ZHANG Yumin, MENG Yuebo, et al. Natural scene text detection based on double-branch cross-
level feature fusion[J]. CAAI transactions on intelligent systems, 2023, 18(5): 1079-1089.

Natural scene text detection based on double-branch
cross-level feature fusion

LIU Guanghui, ZHANG Yumin, MENG Yuebo, ZHAN Hua

(School of Information and Control Engineering, Xi’an University of Architecture and Technology, Xi’an 710055, China)

Abstract: Current scene text detection methods cause the inaccurate location of text regions and false detection of adja-
cent texts due to the influence of complex backgrounds in arbitrarily shaped texts. To solve this issue, a natural scene
text detection method based on double-branch cross-level feature fusion is proposed. First, the initial features were ex-
tracted using Resnet50 as the backbone network, and then a cross-level feature distribution enhancement module was de-
signed to improve the interaction of cross-level feature text information and the expression ability of features. Second,
an adaptive fusion strategy was proposed to filter nontext or redundant features adaptively and reduce the false and
missed detection rates using the double-branch structure to strengthen the relationship between different dimensional
features and optimize the fusion process. Last, the differential binarization method was used to yield text detection res-
ults in the prediction phase. The proposed method was employed to perform ablation experiments on the ICDAR2015,
ICDAR2017, Total-Text, and CTW1500 datasets. The findings revealed that this method can accurately locate the text
area and overcome the impact of text miss and false detections.

Keywords: text detection; arbitrarily shaped; cross-level feature distribution enhancement; adaptive fusion; double

branch; spatial dimension; channel dimension; differentiable binarization
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Fig. 2 Cross-level feature distribution enhancement
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# 1 ICDAR2015 ZH L EREIEIRE Rttt
Table 1 Comparisons of performance index results of multiple algorithms in the ICDAR2015
Fik FT M4 P/% RI% Fl% Param/10° FLOPs/10°
SegLink"” VGG 73.1 76.8 75.0 27.3 82.1
CTPN" VGG 742 51.6 60.9 17.7 29.2
EAST™ VGG 83.6 73.5 782 262 36.4
PSENet"” Resnet50 81.5 79.7 80.6 — —
LOMO"” Resnet50 83.5 89.3 87.2 — —
TextSnake'”” VGG 84.9 80.0 82.6 19.1 37.3
PAN"! Resnet 85.5 81.9 82.9 12.5 7.0
DBnet'” Resnet50 88.2 82.7 85.4 — —
SPCNet"*" Resnet 88.7 85.8 87.2 — —
CRAFT™ VGG16 89.8 84.3 86.9 — —
Boundary'” Resnet50 88.1 82.2 85.0 —
DRRG"™" VGG16 88.5 84.7 86.6 — —
ContourNet”’ Resnet50 87.6 86.1 86.9 96.6 184.3
RSCA™ Resnet50 87.2 82.7 84.9 — —
STKM™? Resnet 88.7 84.8 86.7 — —
TextMountain” Resnet50 88.5 84.2 86.3 59.8 98.5
AL Resnet50 91.9 88.5 90.1 82.2 96.1
e TP FORFESCER P ARG B, To T i
3R 2 Total-Text ZE L EREIBIRE RITLE
Table 2 Comparisons of performance index results of multiple algorithms in the Total-Text %
Ik FT ™% P R F
SegLink!" VGG 30.3 23.8 26.7
EAST!" VGG16 36.2 50.0 42.0
TextSnake'” VGG16 82.7 74.5 78.4
Lomo"” Resnet50 87.6 79.3 83.3
PSENet'” Resnet50 84.0 78.0 80.9
PAN" Resnet50 89.3 81.09 85.0
DBnet" Resnet50 87.1 82.5 84.7
Boundary'”” Resnet50 85.2 83.5 84.3
TextRay™" Resnet50 83.5 77.9 80.6
CRAFTS"™ Resnet50 89.5 85.4 87.4
ABCNet™” Resnet50 87.9 81.3 84.5
RSCA™! Resnet50 86.6 83.3 85.0
STKM™! Resnet 86.3 78.3 822
AL Resnet50 90.3 83.1 86.8
Fz3 CTWIS00 S E L EBeatnE RxtEl
Table 3 Comparisons of performance index results of multiple algorithms in the CTW1500 %
Ik o P R F
SegLink!" VGG 423 40.0 40.8
TextSnake'™” VGG16 67.9 85.3 75.6
EAST!"™ VGG16 78.7 49.1 60.4
PSENet'” Resnet50 80.6 75.6 78.0
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&Ek3

Tk FEFML P R F
CcTPNY! VGG16 60.4 53.8 56.9
PAN' Resnet50 86.4 81.2 83.7
DBnet"” Resnet50 86.9 80.2 83.4
TextRay'”" Resnet50 82.8 80.4 81.6
ABCNet™! Resnet50 83.8 79.1 81.4
STKM™ Resnet 85.1 782 81.5
TextFuseNet"™ ! Resnet50 85.0 85.8 85.4
TextMountain”” Resnet50 82.9 83.4 83.2
AL Resnet50 87.3 82.0 84.1

F 4 ICDAR2017 S & L HREFEIRE R 3TEL

Table 4 Comparisons of performance index results of multiple algorithms in the ICDAR2017 %

ik FT M4 P R F
SCHR[32] Resnet 64.6 53.8 58.7
PixelLink"™” VGG16 69.0 64.8 66.8
SPCNet"™" Resnet50 73.4 66.9 70.0
PSENet'” Resnet50 73.5 67.8 70.5
LoMO"” Resnet50 78.8 60.6 68.5
CTPN"! VGG16 76.3 61.6 68.1
CRAFT™ VGG16 80.6 68.2 73.9
FOTS™" Resnet50 79.5 57.5 66.7
CharNet™ Resnet50 77.1 70.0 73.4
EN'S Resnet50 81.2 73.2 74.9

ICDAR2015

Total-Text

CTW1500

ICDAR2017

(a) DBne . (b) PSEne (c) A3
e BER 1 BER 1

(d) DBnet (e) PSEnet (H) A3C
AL 2 BOER 2 BOR 2

6 FoKRMBRE
Fig. 6 Partial detection effect diagram

ICDAR2015 $i 48 46 5 SCA A AT 55 vh de i
MR, e 1500 sk EI5 . ARTER 1 b aT
I, AR SCHE ) T MERR AR R 91.9%, FEFE T K
#—FHE M T, 5 TextMountain A Ht, HER R E
T 3.4%, H 5 HAL =T Mg — S Bk L,

AR SCRE W HERR R I —E 82T, 78 £ T M4
A=Y LT, A SCH B HERR AT 0 T At
Bk B B [ DBnet, PSENet 45 25 #1L5 v5 45 75
5.8%. 8.8%, L T HAWE I ; F{H S # i DBnet.
PSENet 25815 4.7%., 9.5%, HA XL T RE
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S 1 + 1086 *

B i Jr i, UL AR SRR A AR . IRl AR
SRR ALY S S B i ik B 82.2x10°, FLOPs K
96.1x10°, 75 $ &5 SCA X d8l 5 f37 M A 23 3 F o,
WPE T —E B 2R BEERE . T Param FlI
FLOPs 3= % M ARA B4 53¢, Bl HAE— 4%k
£ LI TSR AE R UL

Total-Text ZUHE £ 2 2017 FER B H TE X
TE R 5 SCAS () B8 4, % B0 4 A5 Filidg = v
FAR, A E SOARY) e AR FE RO LB AT R, B
AL 1555 sk EMG. # 2 Bdis s T, AR SC
VL WE A GA F] 90.3%, A [ 55 F 83.1%, F {4
K3 86.8%, SHITHY STKM BB AH L, HEff %42
BT 4%, B R T 4.8%, FIEEE T 4.6%,
FHE T AR R A BT, B0 UE T A SO IE R
Total-Text £ #E £ AT B IR 37 5 SR K2 ER B
AU EE 1, H X T Total-Text £ 85 4E b
0 7% B v AV L B 8 S ) SOAR MR AT R 1
ORI €

CTW1500 %4 45 2 H TAE B IE R 5t 30k
(A 5, SCARGL S 2 07 [ AT IR AR, 2L
& SCAS, A 1500 SKIEMR , H K 3 4]
I, AR ST TE CTW1500 B4 4 1 v i %635 3|
87.3%, [t DBnet H.ikm T 0.4%, = T35 3 Py i
B FIEIAE T 84.1%, I PAN ¥ 0.4%.,
B AIE T AR SC7 x4l SCAS K R B 4y, Fe
e WA SOy i AT AR ARG T BE D R A ik 1Y)
=2

ICDAR 2017 %4 48 2 A% B MR SCA K I %%
e, A E KO Rt A R SO, R
12263 5K B i dH Al W% 4 vl A1, A SOy
a7 ICDAR 2017 $idlidE b ERfR k5 81.2%, L FOTS
BEEE 1.7%; 4 BIER A 3] 73.2%, . CharNet & H
3.2%; F{HAF] 74.9%, & CharNet = i 1.5%. 8
ot H A e AR SO B AR MER R L A IR RA F AR L
HRAOL T2 4 iy AL B, B8R T AR SO VA R
SCARTF AR

M 6 AT &, 5 H A A T R X . FE
ICDAR 2015 #4l 5Eh, & 6 Ca) £77E 1245 T 6 2
%, HRE I 4 & i T HAME R BISCOR B AR, 76
TR AE W S O AR A W G N RRAE, 3 B B
e, 1 AR SCAR B AR R A ST R e
WEHEBNGHETEEILCE L, BT UK B HE
2 W R, AR R B o A G T B U
B SUARRE IS . K 6(b)IFETRKB IS,
&6 (d) A7 78 SCAS X 3052 0 AS o i 10 B0 42, i
1 6(c) . (f)RENE i mf A I HE SCAR DXk ) 2L AR A7
B, 2R AR SO TR R A B 1R SCAS 3 6 1 TR
TEB i AR e K IR K SCAS o 7F Total-Text Fdls 4
H, B 6(a) AR E A HERR YR 4, 3% & i T
2K R 7 AN K B, AR SO AR A R AIE B B
A3 FH AT AT B FR, A 1 58 AT 75 TR SCAS Y 33 1
PE. E6(d). (e) FEFEIRM I, ME 6(c) .
() SCAS KM ZOR B AT, 2 WA SC 7 15 R 8% B
B SCAS X e, Bl IR AR B %, ELYEAT BB AR SOk
Rl b B — @ IS4 1. AE CTW 1500 5 s 46
1, 6(a) . (D) FFERKE IS, X & h T/ HFx
ARG ZUCRME G S AR IR B, P — Lol
TN R M A P e, WA SCHEERMIRMGEZ
] 9 RH DG 1, B 40 L 7 A5 5 R A DX 2 ] 1Y)
RO, AR TR B G A A SOAR X, 42 85 S
ARG B, WA TR IS . B 6(d) fRFE SCARIX
BB ANHER RS, T 6(c) . (f) BERE HERA
DS il SCAR PG, 2 B AR SC 2% B A5 o B 4G T
2ROCA, 4R AT BB SCA R R I AR . AE
ICDAR2017 $tdii4E 1, Kl 6(a) . (b) . (d). (e)fF
TERABLG:, Wil 6(c) . (f) AEUEMERGAS I SCA X
B, 3 WA AR SO % R A o S ) SCAR X3, 0
RSO IR S, B —E e /1.
22 HEMECIE

1) R S UEAS SO AL A %k, 7E ICDAR
2015, ICDAR2017. Total-Text il CTW1500 % 4 4~
i e BT I RIS, S5 RN S iR,

% 5 ICDAR2015.ICDAR2017, Total-Text #1 CTW1500 jij f 236 45 R
Table S Comparison of performance index results of multiple algorithms in the ICDAR2015, ICDAR2017, Total-Text and

CTW1500

ICDAR2015 ICDAR2017

Total-Text CTW1500

ks % K% F PR R P P R P P R e Peew10 FLOPSIO
A3 919 87.5 90.1 812 732 749 903 83.1 868 87.3 820 841 822 96.1
AJ(-CFDEM) 911 846 877 809 718 73.6 88.6 822 852 87.0 804 837 785 94.4
AL(-AFS) 89.4 82.5 859 792 70.1 724 878 799 837 859 787 813 789 93.0
A (-CFDEM-AFS) 882 827 854 790 67.9 717 871 825 847 869 802 834 762 913
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XUDCHE, 85 WIS SR IR Rl 1Y A SR 5 57 SR AR

% 53]

4% 5 7T LUE i, 5k CFDEM K}, ICDAR
2015 FYHERTE A IERANF R T T 12%. 02%
F10.5%; ICDAR2017 By #ERG 2R . 4 [FRH F {55
BIEETET 0.2%. 2.2% F1 0.7%; Total-Text 1) EH
KT T 0.7%, BUE T CFDEM A &Pk, K
AFS B, ICDAR2015 [ #ERA % . A B3R H F {E 55
MR T T 2.9%. 1.9% Fi1 2.3%; ICDAR2017 7
RGEPRA F A AARTE T 1.9%. 3.9% F1 1.9%;
Total-Text B HER KA F AL SR T+ T 1.5% £
0.5%; CTW1500 fy#ERG 22 . H [R50 F 8 53 5] 2
THT 0.1%. 0.2% F10.3%, BUE T AFS A4 85t
[ i 3% ] CFDEM A1 AFS i, ICDAR2015 F4 i ff
LA RBIERMFED T T 3.7%. 4.8%
4.7%; ICDAR2017 [ UHER K | 7 [\ R H F {54535
I T 2.2%. 5.3% F 3.2%; Total-Text [ HERHZ .
A B F A MNET T 3.2%. 0.6% F1 2.1%;
CTW1500 By HERG 2 . H MM FAES MR T
0.4%. 1.8% Fl1 0.7%, WEH] T A SCH7 ik g s 1o 35 4
e AR IR SCAS Rl 4 g

2) AWFFEAR SO i A AR R 1 2 ) 52 2% R
B (6] 52 1, X6F £%- M Bt (1Y 2 80 i (Param) AT A5
16 BB (FLOPs) 47 B &, Wk 5 A M TR .
Al LA 85| A CEDEM B, Param 311 2.7 M,
FLOPs & 1.7 G; B 5] A AFS i}, Param
#491 3.3 M, FLOPs 745 3.1 G; CFDEM Hl Param
[ii] s} 5% F B, Param 34 /111 6.0 M, FLOPs JH75 4.8 G.,

3) MERUEA SCHT L RE, 4351 L)L Resnet18,
Resnet50, Resnet101 &y & 48 B 4% E 470038, DX
Total-Text £ 4 A ], ME5 KUK 6 ra~. R
P 2% 6 W LA W AR SO VA AE S [ I BE 7) B 24 0 4%
FEEAE BRI H9THERE, Resnetl8 M4 EEE &, ¥
) 33 B FE B0 B 4, T Resnet50 AR AU LY Resnetl8
R PEA 48 b BoA BR B9 $E T, 1 Resnet101 H
TFHCHE B TN, RIS B A X, 5 B R 55
RGO, AR ST FZE L Resnet50 h £,

R 6 AR FHET Total-Text L AIIEBEXT L

Table 6 The performance comparison of this method on
Total-Text

T W% P/%  RI%  F/% Tl BEE/(fs)

Resnetl8 88.2 79.8 83.7 43.7

Resnet50 90.3 83.1 86.8 29.1

Resnet101 90.8 83.5 87.1 26.9
3 RE

ARSCR T —Ph0LIY SO GRS A b 1 F R
Yy SCAS KGN T7 1, %07 358 o B s R IE

A 345 558 A5 L BE A8 £ HOA [R] 2 SRR AR B, AT Y
SR 115 GREAE SO B S B 5 1R Y 3
R SR, 30 3 0L S 2 A SR T i AN [ RUBE SRR AR
Z I HYHR AR, I e £ IR AR SO BT AR R
ik, AE A% B AR R A R 0 T A 2365 76 AN TR i 4 1
F%) S 38 45 2R R WIS ST 1% RE B8 ) ) 5 37 SOAR IX
B, RS T R TR A, R e A A
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