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A lightweight end-to-end text recognition method based on SPTS

CAO Jingang'?, ZHANG Zeen'?, ZHANG Mingquan'?

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of intelligent Computing for Complex Energy Systems Ministry of Education, Baoding 071003, China)

Abstract: Addressing the problems of slow reasoning speed and the large number of model parameters in existing text
spotting methods, this paper presents a lightweight end-to-end text spotting method based on single-point scene text
spotting. First, PP-LCNet was introduced as the backbone network for feature extraction. Then, a three-local channel at-
tention module was designed before the decoder, utilizing three different scales of one-dimensional convolution to en-
hance information interaction between channels. Next, a locally enhanced attention module was proposed to replace the
feedforward network component in the original decoder, thereby improving the spatial correlation of text features using
depthwise separable convolution. Subsequently, a token selector module was added after each decoder layer to highlight
text features with saliency markers and reduce the accumulation of irrelevant pixels. Finally, recognition results were
predicted using an autoregressive decoding method. The proposed method was tested on three datasets, namely, Total-
Text, CTW1500, and ICDAR2015, and then compared with six advanced methods (ABCNet, MANGO, ABCNet v2,
SPTS, SwinTextSpotter, and TESTR). Compared to the SPTS method, the proposed method achieved increments in in-
ference speed of 19.6, 35.7, and 21.1 frames/s, respectively, and reduced the number of parameters by 70.7%, demon-
strating its effectiveness.

Keywords: attention module; autoregressive decoder; lightweight network; single point position; text spotting; end to

end; encoder; decoder
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Table 1 Target sequence dictionary for n,;,=1 000
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1 080~1 094 parstuvwxyz{|}~
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1097 <SOS>
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Fig. 7 Diagram of target sequence construction
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Table 2 Quantitative comparison of the seven models on the Total-Text, CTW1500 and ICDAR2015 datasets

. Total-Text CTW1500 ICDAR2015
None/% Full/% ALEREREE/(fs) None/% Full/% ACHHE/Mls) Ag% Aw% A% ALFRBEE/(Ds)

ABCNet 642 757 8.9 452 741 11.2 792 741 668 7.4

MANGO 729 836 4.1 589 787 8.4 81.8 789 673 3.9
ABCNet v2 704 78.1 9.8 575 772 12.7 82.7 785 73.0 8.6

SPTS 742 824 0.6 63.6 838 0.8 775 702 658 1.2
SwinTextSpotter ~ 74.3  84.1 2.9 51.8  77.0 53 83.9 773 705 4.5

TESTR 733 839 7.8 56.0 815 15.9 852 794 73.6 9.8
LWSPTS 69.5  79.1 20.2 575 781 36.5 792 736 664 22.3
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Fig. 8 Recognition results on Total-Text dataset
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Fig. 9 Recognition results on CTW1500 dataset
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Fig. 10 Recognition results on ICDAR201S5 dataset
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Table3 Comparison of model parametric quantities and

weighting files

A ZHRN0° AESAFR/VMB
ABCNet 36.87 281.1
MANGO — 159.5
ABCNet v2 47.97 365.9
SPTS 36.15 138.5
SwinTextSpotter 62.52 550.4
TESTR 49.50 556.8
LWSPTS 10.59 65.2

TE: AR RS R AL E

34 HBL3IE
3.4.1 RA RE AL 69 45 Rtk

9T B AEA ST TLA B | LEA K5 EFFR
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BN AARIC B R () 45 5 5 5 AT R IR ST A
TLA A5 | LEA B FIBR {0 1E £ B Y 2%

R4 1E Total-Text HIBE X AR ERE R LR

Table 4 Comparison of results using different modules

in the Total-Text dataset %
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e AR ERAL .

TLAEHREMER @k 458 1. 21700 LUE

H, 7E5] A TLA #iB)5, None Al Full $5 k543 51 $2
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Table 5 Comparison of results using different backbone
networks in the Total-Text dataset

HTM%  2800/10°  FPS/f/s) Non/%  Full/%
ShuffleNetV2 8.31 22.3 66.5 75.3
MobileNetV3 12.77 18.8 67.6 758

GhostNet 12.81 17.5 66.7 74.6

MixNet 19.49 16.8 68.3 77.2

FBNetV2 13.19 19.6 67.5 76.1

PP-LCNet 10.59 20.2 69.5  79.1
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Table 6 Comparison of results in the Total-Text dataset

using different decoding methods %
fifehid Iy = None Full
AT 44.1 54.7
T g 69.5 79.1
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Fig. 11 Comparison of autoregressive and parallel decod-
ing methods
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02 R R A AR E B E N 3 BT,
W UF R A JEEAE 2. 3. 4. S IE BT A SCA R
KGR, Mm% 2508 2 B, 2 580E N 9.54x10°,
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Table 7 Comparison of results using different layers of en-
coders and decoders

HEC mhhas  fRESEE SECE/10° None/%  Full/%
2 2 8.21 66.2 76.5
3 3 10.59 69.5 79.1
: 4 4 12.98 70.3 79.5
5 5 15.36 70.8 80.3
3 2 9.54 67.9 77.0
3 3 10.59 69.5 79.1
? 3 4 11.65 69.7 79.1
3 5 12.70 69.8 79.6

LEA #EHRFBRBEENHEE C, N TRIEA
IFi] o 25 A J3E X 45 R 1) s i, AR AT 5 0 1) e B
JEHEFE B N 512, 1 024 F1 2 048, 7F Total-Text £
PR R LA 8. FRUZ 4% 512 I, None
H1 Full 43514 67.7% F1 77.8%. ¥ B J2 2 1 4
B0 1024 BF, BRI S HCER N T 2.39x10°, None
A Full 43 548 T 1.8 A 40 i F1 1.3 H 43 0, JR A
TE T34 0 Bk 2 4 B i, A28 9 2t R AIE B
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BT 0.2 H 4o, 5 2R R 7E T B2 48 8 0
SR Z A Y S I AR 55, L BRS BE AR T
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R E K 1024 AR .
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Table 8 Comparison of results for LEA modules with dif-
ferent hidden layer dimensions

R = 2k ZHE/100 None/% Full/%
512 8.20 67.7 77.8
1024 10.59 69.5 79.1
2048 15.36 69.3 79.6
E*ﬁi}?y”qﬂﬁl\] Hbins ﬂyT%\iiElg{%ﬁ”é/\ﬂaF%

H ) S AR R R T R ) 4 SR R e, AR B K
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Text BE4E AT, 458 W% 9. 4 ny,=1 000
I, R S50 N 10.59%10°, None 1 Full 4351
69.5% 1 79.1% A 1, =800 I}, ZHE FEAL T
0.1x10° None Fl Full 435142 T+ T 0.6 & 43 #5 F
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Table 9 Comparison of the results of setting different
levels of dispersion during training

Piins SHR10° None/% Full/%

600 10.38 67.6 76.9

800 10.49 68.9 77.8

1000 10.59 69.5 79.1
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