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Arbitrary shape scene-text detection based on pixel
aggregation and feature enhancement

Shi Guangchen, Wu Yirui "
School of Computer and Information, Hohai University, Nanjing 211100, China

Abstract: Objective Text can be seen everywhere, such as on street signs, billboards, newspapers, and other items. The
text on these items expresses the information they intend to convey. The ability of text detection determines the level of text
recognition and understanding of the scene. With the rapid development of modern technologies such as computer vision and
internet of things, many emerging application scenarios need to extract text information from images. In recent years, some
new methods for detecting scene text have been proposed. However, many of these methods are slow in detection because of
the complexity of the large post-processing methods of the model, which limits their actual deployment. On the other hand,

the previous high-efficiency text detectors mainly used quadrilateral bounding boxes for prediction, and accurately predicting
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arbitrary-shaped scenes is difficult. Method In this paper, an efficient arbitrary shape text detector called non-local pixel
aggregation network (non-local PAN) is proposed. Non-local PAN follows a segmentation-based method to detect scene text
instances. To increase the detection speed, the backbone network must be a lightweight network. However, the presenta-
tion capabilities of lightweight backbone networks are usually weak. Therefore, a non-local module is added to the backbone
network to enhance its ability to extract features. Resnet-18 is used as the backbone network of non-local PAN, and non-
local modules are embedded before the last residual block of the third layer. In addition, a feature-vector fusion module is
designed to fuse feature vectors of different levels to enhance the feature expression of scene texts of different scales. The
feature-vector fusion module is formed by concatenating multiple feature-vector fusion blocks. Causal convolution is the core
component of the feature-vector fusion block. After training, the method can predict the fused feature vector based on the
previously input feature vector. This study also uses a lightweight segmentation head that can effectively process features
with a small computational cost. The segmentation head contains two key modules, namely, feature pyramid enhancement
module (FPEM) and feature fusion module (FFM). FPEM is cascadable and has a low computational cost. It can be
attached behind the backbone network to deepen the characteristics of different scales and make the network more expres-
sive. Then, FFM merges the features generated by FPEM at different depths into the final features for segmentation. Non-
local PAN uses the predicted text area to describe the complete shape of the text instance and predicts the core of the text to
distinguish various text instances. The network also predicts the similarity vector of each text pixel to guide each pixel to the
correct core. Result This method is compared with other methods on three scene-text datasets, and it has outstanding per-
formance in speed and accuracy. On the International Conference on Document Analysis and Recognition (ICDAR) 2015
dataset, the F value of this method is 0.9% higher than that of the best method, and the detection speed reaches
23.1 frame/s. On the Curve Text in the Wild (CTW) 1500 dataset, the F value of this method is 1. 2% higher than that
of the best method, and the detection speed reaches 71. 8 frame/s. On the total-text dataset, the F value of this method is
1.3% higher than that of the best method, and the detection speed reaches 34. 3 frame/s, which is far beyond the result of
other methods. In addition, we design parameter setting experiments to explore the best location for non-local module
embedding. Experiments have proved that the effect of embedding the non-local module is better than non-embedding, indi-
cating that non-local modules play an active role in the detection process. According to the detection accuracy, the effect of
embedding non-local blocks into the second, third, and fourth layers of ResNet-18 is significant, while the effect of embed-
ding the fifth layer is not obvious. Among the methods, embedding non-local blocks in the third layer has the best effect.
We designed ablation experiments on the ICDAR 2015 dataset for the non-local and feature-vector fusion modules. The
experimental results prove that the superiority of the non-local module does not come from deepening the network but from
its own structural characteristics. The feature vector fusion module also plays an active role in the scene text-detection
process, which combines feature maps of different scales to enhance the feature expression of scene texts with variable
scales. Conclusion In this paper, an efficient text detection method for arbitrary shape scene is proposed, which considers
accuracy and realtime. The experimental results show that the performance of our model is better than that of previous meth-
ods, and our model is superior in accuracy and speed.

Key words: object detection; scene text detection; neural network ; non-local module; pixel aggregation; real-time detec-

tion; arbitrary shape
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Fig. 9 Reconstruct the text instance of the core of the text( (a) the kernel of text; (b) the instance of text)
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Fig. 10  The detection results of the proposed method on multiple datasets( (a) ICDAR 2015;(b) CTW 1500;(c) Total-Text)

F1 FEFEEBERN ResNet-18 KR E A B B 7
ICDAR 2015 _E ##6il £5 R 3t Lk
Table 1 Comparison of results on ICDAR 2015 when the
non-local block is embedded in different

positions of ResNet-18

BANE B/ % WZE/% FHE/% WEE/ (i/s)

¥ 83.1 80.2 81.6 26.1
res2 84.2 81.1 82.6 25.2
res3 84.5 81.4 82.9 24.5
res4 84. 1 81.5 82.7 23.1
res5 83.3 80.5 81.8 20.3

1 :res2 res3 resd il res5 43 J1fCF ResNet-18 BY%E 2 )2 55 3
B A BRME S R, FAEMATERE % IS BRAER R,
IR 44 S B3 ) e A
(ARSI 3 B e R, AR S R, ARG i Ao b
T
3.4 HELRR
R SEAS S 15 TR TR A A 3 A v
MIVER XA [RIBE R TH T I Rl SE S, B A T Al S
IS I1E ICDAR 2015 $0¥R4E bk T,

BEXTER SRR et T 3 S 5 1 S

%®2 FEMEEIZE ICDAR 2015 #iE&E R RxTtt
Table 2 Comparison of different models

on ICDAR 2015 dataset

J7i: HIH % YERE/% FAE/% (%5:)
EAST( Zhou % ,2017) 73.5 83.6 78.2 13.2
DeepReg( He %,2017h) 80.0 82.0 81.0 14.3
SegLink ( Shi % ,2017) 76.8 73.1 75.0 13.9
SSTD( He % ,2017a) 73.9 80.2 76.9 7.7
TextSnake( Long %5 ,2018)  84.9 80. 4 82.6 1.1
ATRR( Wang % ,2019b) 83.3 90. 4 86. 6 15. 4
CRAFT( Back %:,2019) 84.3 89.8 86.9 12.5
LOMO( Zhang % ,2019) 83.5 91.3 87.2 3.4
PAN( Wang % ,2019a) 81.9 84.0 82.9  26.1
£ 82.7 85.1 83.8 23.1

PR A B S A {E ., DeepReg A deep direct regression, SSTD
A single shot text detector, ATRR A arbitrary text detection with adap-
tive text region representation, CRAFT A character region awareness for

text detection

AT T R AAT AR ER s 55 2 2H S B i A 2 i
BRWLE 5 3 AR AR R, 55 1.2 4
SERG 55 3 SR O IR AR T IN BR  dedE
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R3 AEHERLE CTW 1500 #iEE FHEREXT L

Table 3 Comparison of different models
on CTW 1500 dataset

WIRES B/ % WEFR/% FAH/% B/

(Wirs)

EAST( Zhou % ,2017) 49.1 78.8 60.4  21.2
SegLink ( Shi % ,2017) 40.0 42.3 40.8 10.7
SSTD( He 45,2017a) 73.9 80.2 76.9 7.7
TextSnake( Long 55 ,2018)  67.9 85.3 75.6 5.6
ATRR( Wang % ,2019b) 80.2 80. 1 80. 1 22.5
CRAFT( Baek %5 ,2019) 81.1 86.0 83.5 19.7
LOMO( Zhang %5 ,2019) 69. 6 89.2 78. 4 4.4
PAN(Wang %§,2019a) 77.4 82.7 79.9  84.2
AL 78.9 83.8 81.3 71.8

T LA B35 e i,

F4 FEMEELTE Total-Text HiEE FHILER3TLE
Table 4 Comparison of different models

on Total-Text dataset

ik AR W F iy

(i/s)

EAST( Zhou % ,2017) 36.2 50.0 42.0 19.8
SegLink ( Shi & ,2017) 23.8 30.3 26.7 9.1
TextSnake( Long 55 ,2018)  74.5 82.7 78.4 4.7
ATRR ( Wang % ,2019h) 76.2 80.9 78.5  25.4
CRAFT( Baek 45,2019) 79.9 87.6 83.6  21.6
LOMO( Zhang %:,2019) 75.7 88.6 81.6 4.4
PAN( Wang %5 ,2019a) 81.0 89.3 85.0  39.6
AL 82.9 89.9 86.3 34.3

T8 L A 5 e,

SRR X AE R, 55 3 HICRBOR L T2
1.2 A5 8OR 356 W A =) 38 A B A SCA A
TR R A T A TR A1

R PR ) B — 2 SO 5 A B AR A A
A7 B 5 A R B iR AL B A R, S A B
M2 ResNet-18 5 3 J2 i fi i — PR ZEHLZ AT,

ARSI AT IR L R SR E 5 IS
FAIR) . AR AR R SE B 25 RS LE a2 5 Bs
HTSER A R AT AR b i AT 38 s BB 1Y
RORA U AR R AR B A ROR: | 2 R AT
TRE SR RAOR I 295 — 26, FERR I E E b i A
i B B BB R A AR Ry A e e — 28 {1 LR ik
ABEBENE X U AR R AR AN Tl 45 ] LA
AR B, IF R oA e 3 B 1 A DG AP I A A B g

T TR RIETE H S E5RE, 5 —Jrm,
ResNet-18 HHx Al &2 )5, 7F— & FR LR
T HZE W ZE AL AR ROR HE A IR AR A
AT, TERLER AL SR AR | a4 BT
L AR Jry BB ER A 15 5, It DA HCAS: DU 3 32 L i AR SRy
PRRTHR I BRI

x5 AEERNERBRITEL
Table 5 Comparison of effects of

different embedded modules

MAB  [REE/% MFERR% FE% ﬁ?ﬁﬁ%
W 80.2 83. 1 81.6 26.1
T 79.5 82.2 80. 8 25.2
kR 82.7 85.1 83.8 23.1

T L A B8 e L (L

BEAh AR SOV T 11 Rl 92 6 6 T e A 1) 5
BERARIATHE, 3 6 7R 1A JOHHE o] il S AR R
X AN AR AR, ol SER 45 0 nl A R AR 16
TR E R AE 7 57 SO AN AR R T IE 1] AR
AT, G T AR R RS HE 1A, 3856 RO 278 /Y
Y T RFIE R A

F6 FRIFERER SRR M EHE N LERIT L
Table 6 Comparison of results with and without

feature vector fusion module

HRAE 1) ) i) 3 g/
— e B RFR/% HERFF/ % F1E/%
B VR TR B
g 81.4 84.5 82.9 24.5
H 82.7 85.1 83.8 23.1

E O Ak B8 B A

4 & it

RS T AR R AR R R G M4 %M R
SR A IR 5 SOAR RS2 PEAG I B SOA
FAFHVRRIE, SIA T AR R i e R Hi A B R R
BRI As R A R E BRER Z E Y
WAESRR , RO T HRBURFIERYRE ST, EAh , ASC
B T —ANRAIE ) LSRR, TR A R RO
AORFIE P 38 5 ROBE 22708 1 3 5 SO I R AIE R 3K
ARIO7 3 TR R R 25 K A, e o 2 A A e ik
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