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Scene Text Detection Algorithm Based on Feature Enhancement

GAO Nan,ZHANG Lei, LIANG Ronghua,CHEN Peng and FU Zheng

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
Abstract To address the problem of missed and false detection of image text in natural scenes due to complex backgrounds and
variable scales, this paper proposes a text detection algorithm for scenes based on feature enhancement. In the feature pyramid fu-
sion stage,a dual-domain attention feature fusion module(D2AAFM)is proposed, which can better fuse feature map information
of different semantics and scales, thus improving the characterization ability of text information. At the same time,considering the
problem of semantic information loss in the process of up-sampling and fusion of deeper feature maps of the network, the multi-
scale spatial perception module(MSPM)is proposed to enhance the semantic features of text in higher-level feature maps by ex-
panding the perceptual field to obtain contextual information of a larger perceptual field, thus effectively reduce the text of missed
and false detection. In order to evaluate the effectiveness of the proposed algorithm,it is tested on the publicly available datasets
ICDAR2015,CTW1500 and MSRA-TD500, and its overall index F-value reaches 82. 8% ,83.4% and 85. 3% , respectively. The
experimental results show that the algorithm has good detection capability on different datasets.

Keywords Deep learning.Scene text detection, Attention mechanisms, Multi-scale feature fusion,Dilated convolution
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Table 1 Ablation experiment of the proposed algorithm on
ICDAR2015 and CTW1500 datasets
%)
BT K 4 ICDAR2015 CTW1500
(i;jkz]nf) MSPM - DZAAEM = P F R PR
Resnet-50 X X 76.3 82.9 79.5 77.5 84.6 80.9
Resnet-50 N4 X 79.3 83.6 81.4 79.6 84.8 82.1
Resnet-50 X J 78.7 85.7 82.0 78.6 86.7 82.5
Resnet-50 N NG 80.5 85.3 82.8 80.6 86.4 83.4
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Fig. 6 Loss curves of the proposed algorithm on two datasets
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Table 2 Performance analysis of dual-domain attention and

single-domain attention

%)

ICDAR2015 CTW1500
R P F R P Fy
SAFM 79.6 84.7 82.1 79.8 85.4 82.5
CAFM 80.2 85.1 82.6 80.1 86. 1 83.0
D2AAFM 80.5 85.3 82.8 80.6 86.4 83.4

Attention

4.3 xfttbmg

1 £ 75 [ 555 SCA K

N T EAEA LA L g R OUR ENE s EE
J7 3% 5 SCASBHE 4 ICDAR2015 F#EAT 7 X L S2 36, [/ 5
ZAERB LT T W SR g5 R Ak 3 B, A S
B ER R P (EE) 85. 3% . A EE RN 80.5% .25 &
its FofH ok 82. 8% . # b CTPN, Seglink, EAST,
TextSnake 5537 57 SCA L0k A% SCHE A 4 U6 bR LHR A R
)R B B3 TE . AR SO M EE PanE 35 4R$ETH T 2. 5% 4 EE
Dbnet MERE M 1.5%  HE B REF T 2. 1% . KK F,
BIT 0.5%, WiFLh EERATLUE B, AU IREL L
75 ) 19 7K P SCA T TR A BT A PERE

# 3 AFRBETE ICDAR2015 FUii 4 1 i 92 40 45 R

Table 3 Experimental results of different algorithms on ICDAR2015

dataset

(¢79)

Methods R P F,
CTPN 51.6 74.2 60. 9
PixelLink 81.7 82.9 82.3
EAST 73.5 83.6 78.2
SegLink 76.8 73.1 75.0
TextSnake 80.5 84.9 82.6
Psenet 79.7 81.5 80. 6
Pan 77.8 82.9 80.3
Dbnet 78.4 86.8 82.3
Huang et al. 75.5 86.2 80.5
Lu et al. 82.1 83.2 82.7
ours 80.5 85.3 82.8

2) % i g 30 SC AR K I

N T B A AE S SO AR b R I B, AR SCHE S i
ORI E CTW1500 L4777 X% L9280, 50 4F T &R S0
PR M SCA G I R . g 4 BTSN AR SO kv
R PHLF 86. 4%, B MR R K 80. 6%, F s h
83. 4%, NI LA AR SCOT ik AR HER B b U T I A R
TEF $8hn b AR SCR AL Psenet BiEIRTFT 5. 4%, M 1L
Dbnet FiE4R T T 2. 4%, BT % T 25y S04 $iods 42 1R 47 19
£,

F 4 ARRFHRAE CTWI500 BURE LHSii g5
Table 4 Experimental results of different algorithms on CTW1500

dataset

%

Methods R P F
CTPN 53.8 60. 4 56.9
EAST 49.1 78.7 60. 4
ABCNet 79.1 83.8 81.4
SegLink 40.0 42.3 41.1
TextSnake 85.3 67.9 75.6
Psenet 75.6 80. 6 78.0
Pan 79.3 85.2 82.2
Dbnet 77.5 84.8 81.0
Shi 78.9 83.8 81.3
ours 80. 6 86.4 83.4

3) 2 B 3 5t SCA Kl

J T BAEASCEETE 2 N SCAR Fikiliae 1. EE2 R
B 37 5 SCAR B 4E MSRA-TD500 b k4T 7 %F L5286, ik 5
JF3 . £ MSRA-TD500 $t#i 48 b A SCH L HER R P H ik
F) 86.2% . AR R{E N 84. 5% . L5 A 45ks Fi{E N 85.3%.
M3 T SegLlink I TextSnake, & 8] & 43 5] & F+ 14. 5% F
10. 6% ; #H3% T Zhang S48 A SEL E66 24 T 4. 8 %0 AHER
FPAN B FiEr#ETE 1.2% ., b rl . £ 2 R ¥ &
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Table 5 Experimental results of different algorithms on
MSRA-TD500 dataset

%

Mehtods R P F1
EAST 67.4 87.3 76.1
SegLink 70.0 86.0 77.0
TextSnake 73.9 83.2 78.1
PixelLink 73.2 83.0 77.8
Lyu et al. 76.2 87.6 81.5
Pan 83.8 84.4 84.1
Zhang et al. 75.3 81.4 78.2
ours 84.5 86.2 85.3
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Table 6 Performance analysis of the proposed algorithm on

CTW1500 data set

BT M % EEEE S NE & Fy/% A % JE /(Frames « s~ 1)
960 83.4 10. 2

Resnet50 736 83.1 16.1
640 82.1 26.3

Resnet18 640 81.2 35.1
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Fig. 7 Example of visualization results of the proposed algorithm
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