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Abstract

The difficulties of character recognition are not only in the various forms of characters, various
strokes of Chinese characters and various types of fonts, but also in real life, there may be various

SCEEG| s AR, T 1A R AR A TR 2 3] SRR SCACR B R D). Bk TR S R, 2022, 11(4): 712-720.
DOI: 10.12677/sea.2022.114074


http://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2022.114074
https://doi.org/10.12677/sea.2022.114074
http://www.hanspub.org

KL

situations such as text being covered or complex background. In order to carry out a more effec-
tive character recognition, a character recognition model is proposed based on the Convolutional
Recurrent Neural Network (CRNN) model for character recognition, and the character recognition
system is realized by Python language and Keras. The first is the design of a data enhancement algo-
rithm; Secondly, the design of a feature extraction network; Then the design of the decision-making
layer of the network; Finally, a convolution layer is used to replace the Long Short-Term Memory
networks (LSTM) layer with large parameters and difficult convergence in the initial CRNN model.
On one hand, this method can improve the accuracy of character recognition. On the other hand, it
can reduce the network parameters and improve the convergence speed of the network. The ex-
perimental results show that the character recognition system designed by this method can not
only recognize various characters, but also has high recognition accuracy.
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Figure 1. Feed-forward neural network structure (a) single-neuron structure (M-P model);
(b) three-layer feed-forward neural network structure
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Table 1. Activation functions commonly used in neural networks

1 RN RS R

WA B 4 RN - KR
PR y=5(u-b) (5>0)
i . 0 u-b>0
IE2R 1 5 y= S(u-b) u-b>0 (6>0)
e —€
HTFR Sigmoid ER L _W (@ =u-b)
- - Ny 1
Sigmoid B %k y:m A>0
0 u-b<0
BLf37 R B Y—{l j_b:o
-1 u-b<o0
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Figure 2. The basic structure of a convolutional neural network

2. BIRMZ MG R AL

BB R K/NBRILAE 5 R 8 B R DR A5 B (0 R A5 S K — R R A, B
W 2% i ) G AU T M 25 T 2R3 10 . 13 3() o ) — DS BERE R fI .

0

M

0

R&E>S

SEi=rE

0 1
fﬁ 1 0
#%
0 1
E '
L)
it 2 4 3
¥
1E
2 3
(@) (b)

Figure 3. Operation diagram. (a) Convolutional operation diagram; (b) Maximum pool-
ing operation diagram
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Figure 4. Schematic of the CRNN model
4. CRNN #&/REE

2.4. Keras {EZE & r
Keras #1245 P28 HE B2 AN F5 TR BE 27 SIHEZR p i) — A, L BEMIRYF, XSwmAERE I ERAE.
TEARTEFF I, J a5 & AR B 2 SIME SR S i T A - B TR mIRE S B R T Keras &
BOK o ZAEZE R 2R ) IR AR RE AL BT WA, SEEZR S H BRI T AL, FERZR ) TR RS T = A T 2
Pheghi>], DAY I A 2 92 58 R B .
25. RGEEZITAER

T SRR A W] BEAAAE RS . SO O S AR SR UG Rt S i R (RIk, — MR ey

DOI: 10.12677/s€a.2022.114074 716 B TR R


https://doi.org/10.12677/sea.2022.114074

A

BRI 27 21 SC UM RGBT AMUEA —MF I R 28 G548 DURSF 57 2] B R SOE UE R, I REw A
PR A Bt HEAT 1G5, AT TR AP 22 X 2% i (At o B B R I R i o 41 5 D et R ST B AR HE A

BB — REEEEEE  —— WIHHERIES

/

wEE e WHER

Figure 5. Overall frame diagram of the text recognition system
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Figure 6. Schematic diagram of feature extraction network
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Figure 7. System overall identification flowchart
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Table 2. Experimental results of the Chinese character database
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FFs CRNN #57# Lice ey it
T K 1 5 S0 I B AR YEE 1 2 (%) 90.13 90.97
TOHHE 5 S SR TR 2 (%) 91.23 92.14
A HE 1 5 2 I AR TEE 1 R (%) 93.24 95.37
B BRI 5 I 2R 5E T 2R (%) 94.53 96.96
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H s T FE TR S O 3 i VI, CRININ S 2R (10 1 31 v i 3 7 T8 A Al FH 5 38 i SV B ) 90.13%
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Table 3. Experimental results of English character database

® 3 R FHHIEESNER

c2=! CRNN ##71 R
To B B 5 B AR (R E 1 2 (%) 93.15 96.34
JCHHE 1 58 LI SRR M HE R 26 (%) 95.17 97.72
A HE 9 B AR I E A 2 (%) 94.27 96.44
A HyE R SR R AR TR 22 (%) 95.29 97.82
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Table 4. Digital database experiment results
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MF 4 WSS ESCFRRERILE S, BI3R R R AR A P Kt 3 s S5 10 SO R A S e F i

DOI: 10.12677/s€a.2022.114074 719 B TR R


https://doi.org/10.12677/sea.2022.114074

AL

BT Ths B AR R A 1Y) S PR R 2R A LA CRNIN BB B /o 438 B RTIR, AR SCHREH (9 09 DA R i Y
FES TR T3 T R I BN A HO TR RE

4, 4Eip

W5 3 2O R vE— AR SOl B SR R RIS UM 2 DL R SRR N, JR T AR T
CRNN RIS IR R S8, I SEHL TR 775 S RPRECT I mks BR . ANRRJRAG Y
CRNN #%, 0B AGIR L 2 IR, A 18 5 S0 ot FoA S8R HE B R D0 o S FIR I 525
SREAE SCARR ) b LA B A AN DCRT BASR R SRR 3, B3R T 1 2% BRI SACa R DL i 1 W 2% 25
B . (B H AL E U — ST A Rkt . Bdn, ASINTE R I HURIAE IR BT, AR
ZAE 2 ST R u DU AR AN 5 X 027 2], R M ERERCFER, MR RERERER, Ak
v I 2 R VRS

S5k
[ RFB, XER, KRB T RN R ERINA M R R AR B R 5 R R, 2018, 28(8):
100-103.

[2] Ha, I, Kim, H., Park, S., et al. (2018) Image Retrieval Using BIM and Features from Pretrained VGG Network for In-
door Localization. Building & Environment, 140, 23-31. https://doi.org/10.1016/j.buildenv.2018.05.026
[8]1 Ak, ARaEdE, FRATHE. I T LA 2% 0 i B s P IR R B 7E 0], #HE 1078, 2018, 228(6): 8-11.

[4] Dolz, J., Gopinath, K., Jing, Y., et al. (2018) Hyper Dense-Net: A Hyper-Densely Connected CNN for Multi-Modal
Image Segmentation. IEEE Transactions on Medical Imaging, 38, 1116-1126.
https://ieeexplore.ieee.org/document/8515234/

[5] Zhou, F., Li, X. and Li, Z. (2018) High-Frequency Details Enhancing DenseNet for Super-Resolution. Neurocomputing,
290, 34-42. https://doi.org/10.1016/j.neucom.2018.02.027

[6] HEEWr, SCibHl, FEg, 55 TR Y] G SO RO BORBE 7S BT[] BfF 3T, 2020, 19(2):
127-131.

[7]1 Khened, M., Alex, V. and Krishnamurthi, G. (2019) Fully Convolutional Multi-Scale Residual DenseNets for Cardiac
Segmentation and Automated Cardiac Diagnosis using Ensemble of Classifiers. Medical Image Analysis, 51, 21-45.
https://doi.org/10.1016/j.media.2018.10.004

[8] Z3C3E, #k, BHEIK, & —FETRESINEMRESORANITED]. B3hiba#k, 2018, 44(11): 105-112

[9] Ma, J., Shao, W., Ye, H., et al. (2018) Arbitrary-Oriented Scene Text Detection via Rotation Proposals. IEEE Transac-
tions on Multimedia, 20, 3111-3122.

[10] EF, MU, AHOL, 55 RTRERINSSSCHR SR FEE 5 EEE, 2018, 48(5): 51-64.

[11] Liao, M., Zhu, Z., Shi, B., et al. (2018) Rotation-Sensitive Regression for Oriented Scene Text Detection. Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, 11, 5909-5918.
https://doi.org/10.1109/CVPR.2018.00619

[12] Deng, D, Liu, H., Li, X., et al. (2018) Pixel Link: Detecting Scene Text via Instance Segmentation. arXiv Preprint, 18,
13-15.

[13] 2@k, BRERsf. IR 2SR R s M ], BT EAR S5 TR, 2018, 11(24): 40.

[14] Bai, F., Cheng, Z., Niu, Y., et al. (2018) Edit Probability for Scene Text Recognition. arXiv Preprint, 18, 33-34.
https://doi.org/10.1109/CVPR.2018.00163

DOI: 10.12677/s€a.2022.114074 720 B TR R


https://doi.org/10.12677/sea.2022.114074
https://doi.org/10.1016/j.buildenv.2018.05.026
https://ieeexplore.ieee.org/document/8515234/
https://doi.org/10.1016/j.neucom.2018.02.027
https://doi.org/10.1016/j.media.2018.10.004
https://doi.org/10.1109/CVPR.2018.00619
https://doi.org/10.1109/CVPR.2018.00163

	面向图像处理的深度学习算法在文本识别中的应用
	摘  要
	关键词
	Application of Deep Learning Algorithms for Image Processing in Text Recognition
	Abstract
	Keywords
	1. 引言
	2. 材料与方法
	2.1. 深度学习的基础理论
	2.1.1. 传统前馈神经网络
	2.1.2. 深度学习的概念

	2.2. 卷积神经网络概述
	2.3. CRNN模型简介
	2.4. Keras框架简介
	2.5. 系统整体设计方案
	2.6. 数据增强算法设计
	2.7. 特征提取网络及决策层网络设计

	3. 结果与分析
	3.1. 汉字数据库上的实验结果
	3.2. 英文数据库的实验结果
	3.3. 数字数据库的实验结果

	4. 结论
	参考文献

