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Abstract: Natural-scene text-detection algorithms based on deep learning have made significant progress;
however, they only apply to texts with dense and irregular layouts. Owing to its small spacing and dense
distribution, it is difficult to extract features from texts and the detection remains incomplete. Meanwhile,
the existing text detection methods often use the direct splicing of different dimensional features, leading to
insufficient multi-scale feature fusion and the loss of semantic information. To solve these problems, a

dense irregular text detection method is proposed based on multi-dimensional convolution fusion. The net-
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work follows the FPN structure and utilizes a text enhancement module (TEM). By using additional
global text mapping, the network pays special attention to the text information. A channel fusion strategy
(CFS) is proposed, which uses the bottom-up method to establish the high-low dimension feature informa-
tion chain to generate the feature map with richer semantics and reduce the information loss. In the predic-
tion stage, text prediction results are generated through the gradual expansion of the text kernel. Experi-
mental results on DAST1500, ICDAR2015, and CTW 1500 datasets yield F values of 81.8%, 83.8%,
and 79. 0% respectively. The proposed algorithm not only has better performance in dense and irregular
text detection but also shows a certain level of competitiveness in the case of general natural scene texts
(multi-directional, curvilinear text).
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EAST™ 69.2 55.8  61.8
SegLink " 67.2 63.8  65.5
TextSnake' ™" 73.6 72.1  72.8

PSENet'” 78.8 76.2  77.4
Our Method ~ ~/ 79.2 77.8  78.5
Our Method NG 79.3 78.1  78.7
Our Method ~ ~/ N, 81.7 81.9 81.8

J1, T UG ) 5 22 5 IR A 4 4 S0 R R
I 4 I £ A 25 Rl AR g 0 /0N SCAR 8 T A6 1 0
R T R 28 U SO R A
PR Tb T AN BN SO 1 BE

() PREEE (b) PSENet#E 5 (C) B H LR
(a) Ground truth (b) Result of PSENet (c) Result of our method
F10 DASTI1500 4 2% 5
FiglO0 Detection result of DAST 1500
3.5.2 ZmmXk TEM BEHe A 307 2 41 Il 2 42 7 0. 400, F {1 2

ICDAR2015 i ¥ 4 52 56 25 H an & 2 fn &l 11
Fior . it % 2 8 Gl , 5 PSENet Ml H L 51 A

J+0.3% ,ik— R CFS, HF {47 2. 1%, &%
ZESCAR R E R L H MR K F ik E
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Tab.2 Experimental results of ICDAR2015

Methed TEM CFS Precision Recall F-score
SegLink'” 73.1 76.8 75.0
EAST'™ 83.6 73.5 78.2
PSENet'"” 81.5 79.7 80.6

TextSnake' " 84.9  80.4 82.6
Our Method — ~/ 81.7 80.1 80.9
Our Method N 83.3  80.6 81.9
Our Method ~ ~/ NG 84.4  80.7 83.0

84.4%,80.7% K 83.0%, b PSENet 4 5l #2 7+
2.9%,1.0% Fe2.4% , BbAh, 5 5ERH AL 7 A
F, SCAR DT LR I R 5 F (3908 T 2Z 6 e ik iy
5, A Il S 5 A 5 AR XY, DA IE B AR Sy
TN 2 i) SCAR G I ) A B

il 3 e 11 b A sk BT R X
PSENet Xf )t 42 458 b B & B 55 5 24 3 55 T i
3 SCF DX SRR D AS 4 L 2 A I A ) 5 AR ik

53 R SCF AR AR E B 4 3K PSENet #5 4 5 T
R SCF L BE 8 5 T 3 5 HL R PR 0 SCARRE ], A
—ERRE L MGE T ARG S Z 0 ORI
3.5.3 W&k

CTW1500 ¥ £ 52 56 45 S 40 2 3 FiEl 12 fr
N o 38 I 3 3 B0HE FT, AH Lk PSENet, {3k H
TEM, il £& SCAS K i) A 1] 342 T+ 0. 1%, R
HCFS, HoEmf 5 4 3 & FAE 0 3l #2747
1.1%,0.4% #10.7%. BER H TEM 3k H
CFS B, M % 4 M & & FH 4@k T
PSENet, i5 %) 82.1%,76.1% M1 79.0% . [t
ZAN ARSI EAE P L TR Ok A
AT UE B AR SC 7 3 6k il 2 SCAR G 0 18 A i

g %R 12 v 2 fn X Sk BT R
PSENet # B 1% H il 28 SCAS F5 A R J1 R 2 it
M7 350 T B B P14 o 38 4 i e SCA A AN 4
AR SC )5 ¥ 7T DA BRI IS, 78 43 i Bt 48 5C
AREAE A RO FL AT R 7E — B R T
TR 2R SCAR A R

(a) FREEE
(a) Ground truth

K11

(b) PSENetzt 5
(b) Result of PSENet

(o) A3 345

(c) Result of our method

ICDAR2015 4%

Fig. 11 Detection result of ICDAR2015
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(c) Result of our method

Fl12  CTWI1500 il 44
Fig. 12 Detection result of CTW 1500

#&3 CTWIS00 LR
Tab.3 Experimental results of CTW 1500

Methed TEM CFS Precision Recall F-score
SegLink'” 42.3 40.0  40.8
EAST'™ 78.7 49.1  60.4

TextSnake' " 67.9 85.3  75.6
PSENet'" 80.6 75.6  78.0
Our Method — ~/ 80.5 75.9  78.1
Our Method N, 81.7 76.0  78.7
Our Method ~  ~/ 82.1 76.1  79.0
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