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Fig.4 Loss function diagram of network model
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HERE 4 ICDAR2013, SVT, CTW1500 A1 Il TSK ARG, & & T 45 T I Al 52 5%, Hop ICDAR2013 1
I T5 k&4 4 A 3 AN [R) P 8104 BE 19 SCAS S ] A6 0 AR SC 5 96 6 A [) e B4 B8 SCAS ARG B 7 i $& FH.SVT il
CTW1500 45 3 22 23 i SR A1 S 8 B 6 A7 IS 2], B R 0 a5 R i A7 76 358 22 B0 SO, ml 16
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2.4.1  ZEURACIG 1 5% 25 W0 26 o 8 51 25 5 1) 52 i)

A AL Y 5% 22 0 45 A0 SRS A BRI 32 UM 28 VGG 16, oAb A B A 35 S 5, ok 36 TE A JH 406 Ak 14 T 8
B 25 I 245 75 % v R 1) ) o L B 4 SR DL 3R 2.

M 2 ALHLAE 4 FhBCHE 45 b DR SR BRI 45 N VGG 16 18 Bl Ry A ST Ak 1 TR B 5% 2% I 4% Jim IR 39138k
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BAHIHRTF T 2.92%.3.04%.2.66% .2.82 % Fl1 2.70%.

2.4.2 BN Z2 R R il 2 6 S 45 R 14 B ] S —
TEAL G5 345 TR FF b 22 B 4% S50 TR A T 22 R 45 1 i 45 0.8t

e AR R RS SR & R A B R S R L 06

TR A % L4 R L 3 3. £ o4l
N 3 AT AE A PB4 b I T 22 R R AT A e 0z} .

T o A 7 R BB A MR T T 1.64% ., 2.26% ., 1.22% ookl T

1.55%]:1] 1.26%. 0 200 400 600 800 1 000
W 2.3 3 HEF LA ICDAR2013, [ T5K ¥4 LK

SE b g A T 4 R AE R 5% 22 ) 46 1 I 4 AR e 5 ISR

5 RO R T I 4% 0ot K SCAR (A T B P50 GECURARy SIS Of HEUNGE: WOlE

2.4.3  {fi [l BICARU X531 45 5 (1 5% iy
P A BICARU SRACE: CRNN W45 H i) BILSTM , H Al A5 B 5 A 28 B 7 R o 2% ) 45 4 AiF 2 B
SR 57 2 19 A Bl -, 36 E 60 F BICARU BEAT 5 51 AR B 75 $i 455 2R U0 9 A o3, SE R &85 2R L% 4.
x2 RERZMENIRZNERNZ N ®3 ZREMEGERIIAMNE R0
Tab. 2 Effect of depth residual network on recognition results %; Tab. 3 Effect of multi-scale fusion module on recognition results %

M  ICDAR2013 [ T5K SVT  CTWI1500 VLTRD FEfER 4 ICDAR2013 M T5K  SVT  CTWI1500  VLTRD
VGG16 86.70 78.20  80.80 61.82 90.70 J 86.70 78.20  80.80 61.82 90.70
AL 89.62 81.24  83.46 64.60 93.40 H 88.34 80.46  82.02 63.37 91.96

M A R AE 4 FEUIESE b BT BiICARU #E47 )7 51 R 88 f5 , A5 0 R0 0 % 0 32 T T 1.26 %,
1.76%,0.62% ,1.66 % fl 1.14 %.
2.4.4 A R LTS5 S B 5

PEPEAE T A AR 1) R PO A B R LR AR B4 Ry R AE A L LA AR B PR 4 AN AR, S 25 2 L 3% 5.

% 4 BiCARU XMRZIERBIF M x5 BEENNSIAMNERGEMW
Tab. 4 Effect of BICARU on recognition results % Tab. 5 Effect of self attention mechanism on recognition results %;
fiHe  ICDAR2013 MT5K  SVT  CTWI1500  VLTRD AR ICDAR2013  [MT5K SVT  CTW1500  VLTRD
BILSTM 86.70 78.20 80.80 61.82 90.70 " 86.70 78.20 80.80 61.82 90.70
BiCARU 87.96 79.96 81.42 63.48 91.84 H 87.52 80.14 82.46 63.16 91.56

M 5 AT LIPS 76 4 P A b RR RS US4 A B T R HLHIS e, A B O R AN AR A E G 5OR
A HER R AR T T 0.82%0.1.94 % .1.66 % . 1.34 % F1 0.86 %0. 5% 4 .52 5 IR F I, A S04 SVT Hl CTW1500
BRAE L5l AT T A NS IS WA B 0 )3 0 AR, AT LA S8CHE v O 2% X ASORH SCAS 1 1R i
2.5 AEEZXIRALRERESTEE

Ry it 2L B R AR SCHR Y Y Tk 25 00 A R I A 3 N SCAS PR A AR ALV AR L 23 DR AR SO A
CRNN" ,GRCNNM ,SARM , AONIS , ACEM , CRNN-PR , MSF-CRNN™! 45 3¢ 7 {5 5 465 8 33 47 52 56
[FIAETE B3R 5 R R 4R E 47 UM RO X L, 5256 25 2 UL 3% 6.

*6 FEEFMIERNE AR

Tab. 6 Comparison of recognition effects of different algorithms %

15 7 CRNNI) GRCNNUP!  SARMZI AONL!8] ACE? CRNN-PRI20! MSF-CRNN!21 AL
ICDAR2013 86.7 - - — 89.70 90.90 94.90 93.24
5K 78.2 80.8 91.5 87 82.30 89.80 91.30 88.72
SVT 80.8 81.5 84.5 82.80 82.60 84.30 90.10 88.62
CTW1500 61.82 64.56 66.94 67.62 67.40 68.34 70.28 70.52

VLTRD 90.7 91.2 91.6 91.86 91.60 92.82 93.42 94.62
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M 6 AT LR A SRR 5 B Ailf CRNIN 2% (9 R0 38U T, 78 ICDAR2013,.SVT L I 5K #il VLTRD
SRR bR R HERR R AR T T 6.54%0.10.52%,7.82% 8.7 % Fl 3.92%. A SCHE AL A I I 45 R
GRCNN,SAR,AON 2530 A {1 iR HIAH 1 . 76 ICDAR2013.SVT, 5K Hl VLTRD 250484 b ¥4 A [ fi
JEE B HE T, TR B T A SCHE H 19 05 7 1T AT R0HRE v SR TR B0 1) E A R

AT DL BARA SCEE A Bk S BB B R A E L 7E ICDAR2013 .SV 5K &5 04 4 bR 30 i ft
PORK HIZTE VLTRD br 28 SCA R 5] B ER 1 T BRI #; 5 CRNN.GRCNN,SAR.AON,ACE,
CRNN-PR #l MSF-CRNN 4§ 835 A1 H, 32 50 0 % 43 B2+ T 3.9200.3.42%6.2.76%6.3.02% ,1.80 % .
1.94 %6 F1 1.20 %6 Ut B AR SCHE 10 530 10 76 78 MORL AR 25 15 B UM 55 v LA I 35 1) 1 vk

B 53k (8]S4 IR T AR SCHR H 1 SR VE AR ORI SCAR R SCAR U i v ol LA 5 R IR CRNN 3C
A IR LY o A SCRRCHE Y SCAR PR 1 I 48 X SCAS RIS SCAS IR RE 0 A T B e i s s T LG
A 286 6F A T SCAS TR B8 T 55 A ) 80, A 80 w8 T A ) SCAS TR

3 & &

ARSCF BB T — PP IR T AR 22 A R PA A O D A SCAS RO B Y %07 5 A U iR CRININ 9 2% (1 2
fiff b B T P ORI . — Rl i 7R ResNet W28 59 5L Rl b 47 00 2% 45 48 A2 Bry o4k OF 45 I 22 )L
A HRFIE SR R 25 L 32 tH T MRFENet F7 fE 32 HUR 25, 52 5 1 90 45 19 7 A B2 HRCRE J7 FX A0 SCAR 1 38 51 fiE
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Residual optimization and content-adaptive text recognition algorithm

Wang Min'?, Li Yongshun', Ou Xiang?, Cao Ran’, Wu Jia'

(1. School of Electronic and Information Engineering, Nanjing University of Information Science & Technology, Nanjing 210044,

China; 2. School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230601, China)

Abstract: The labeling information of penicillin bottles plays a crucial role in ensuring patient medication safety and effi-
cient drug management. A text recognition algorithm based on residual optimization and content adaptation is proposed to ad-
dress the problem of poor recognition performance of traditional text recognition networks for long and fuzzy text in medicine
bottle label images. On the basis of traditional text recognition networks. by optimizing the down sampling process of ResNet
network and introducing the multi-scale feature fusion module, the ability of feature extraction is enhanced. At the same time,
the addition of CBAM attention mechanism has improved the network’s attention to the text, a multi-scale residual feature ex-
traction module is adopted to replace the original feature extraction convolutional network, enhancing the network’s ability to
recognize low resolution text. Secondly, in the sequence modeling stage, the fusion of multi-layer bidirectional content adaptive
recursive units and self attention mechanisms enhances the modeling capability of long text sequences. The experimental results
show that compared with the CRNN text recognition network, this algorithm has improved the recognition accuracy by 3.92% ,
which is a certain improvement compared to other text recognition networks.

Keywords: text recognition; CRNN; feature extraction; CARU; self-attention mechanim
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Fig.S1 Structure of text recognition network based on residual optimization and content adaptation
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Fig.S2 MRFENet network structure
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Fig.S3 Labelimg of text recognition dataset
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Fig.S4 Comparison of text recognition effect
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