®15% F12H 2 B it E M5 M A
Vol.15 No. 12

2025 £ 12 A

Intelligent Computer and Applications Dec. 2025

ML, T, THRNS. T O~E KFEIMPUN TR [T]. FiertE P58 H,2025,15(12) :123-130. DOI: 10.
20169/j. issn. 2095-2163. 24032705

BT i# X AERFITRIRA 77 EH R

R, T OF, TEERS
(EWIFEKRZE HESITENZER, TH HF 136000)

B OE., A RN —FE T RIIER M 2 R 4% ( Convolutional Recurrent Neural Network, CRNN) A4 SCIR 7, FEIR AT 55
FRIMFE b T AR O S, I B0 5 TR AR 2R R A T 4R Ak 9 T e D £ X ReLU S PREL Y Kaiming
normal , J{ H. X 2% o 45 FRUR S5 AE AT 0, DICHE I 1) TR 248 XoF A S A 835 S T BB A2 AR 52 N 99. 7% 32 = 1] 99. 76%
Yol SC ARV BRI TRUIN R M 99. 15% 2 = 21 99. 61% , X iilli 305 70 A B i) &2 A R 42 1 4R 3% I 99. 39% 41 =1 E1] 99. 68%
AN S 235 SR 2 W E 45 e PR 01 28 1 ] B )N i 38t A ) S R T

KR4I : WESCIR; CRNN; IR
FESES ., TP391.4 XEKFRERS: A XEHS: 2095-2163(2025)12-0123-08

Research on recognition method based on Manchu indefinite length characters
LI Zhaoyi, YU Miao, YU Xiaopeng

(College of Mathematics and Computer, Jilin Normal University, Siping 136000, Jilin, China)

Abstract; This paper proposes a Manchu recognition method based on Convolutional Recurrent Neural Network (CRNN) , which
performs stably on the recognition task. In order to make the model converge faster and further improve the recognition accuracy,
the weight initialization method is changed to Kaiming normal for ReLU activation function. The recognition rate of the improved
network for the Manchu character dataset made in this paper is increased from 99. 7% to 99.76% , from 99. 15% to 99. 61% for the
Manchu word data set, and from 99.39% to 99. 68% for the full text and word composite data set. In addition, the experimental
results show that the training rate is also significantly improved while the recognition rate is improved.
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Fig. 1 Different positions of the letter a in Manchu words
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Fig. 2 CRNN structure diagram
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Fig. 3 Map-to—Sequence process diagram
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Fig. 4 Feature vectors correspond to receptive fields

AP RRANRRAE ) 2 1) 4R B I 2R i P A3 T
He, TESRBURFIESS B[R XT T 2 S S B
fEf5 S HEAT B A, Fe & LURFAE ) 2 A 2 X i
CRNN [0 28 26 i BRI 1] e 0 AR A e 51
K BNEERZE LUE T )5 2 R A B A AR S T
1.2.2 RNN

PEPR AL 25 (RNN) B8R 0] Lo iR 2R 500 2
HELE H AT A — RSN I 2R R] R, {5 2 FLIE 50
PUNSEI H, RNN 285 £ I 2507 11 A7 76 7 22 ),
1T RNN 7E2J2 W45 rh | 254 7 5 A7 FE AR BE T 2R
FIVBS EERRAE ], T LA CRNN Pl FH 2 (KA e 42
%%, LSTM RYSEAFICES NI 5 fos , F i —4
LiSTw; 2o VNI e R oo W

h,

El5 LSTM EAR#ETHEHY
Fig. 5 Basic unit structure of LSTM
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Fig. 6 Depth bidirectional LSTM structure
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Fig. 7 LSTM cell structure
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Fig. 8 Process of CRNN identifying picture information
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Fig. 9 Sequence diagram of Kaiming normal action
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Fig. 10 CRNN network structure diagram
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Fig. 11 Network structure after optimization
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Table 1 Manchu recognition training parameters

SRk 0.01
Epoch 5 000
Batch Size 64
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Table 2 Experimental results of the improved algorithm

biyips EERAW LT IC T AR IR % BATRER/ (s + Epoch™)
VGG16 Vv X 67.30 83.75
x Vv 1.10 5. 60
vV vV 60 89
CRNN VvV x 99.70 8.52
x Vv 99.15 1.67
vV 2 99.39 7.29
KM_CRNN Vv X 99.27 4.87
x Vv 99. 58 1.66
vV Vv 99. 44 7.11
SOKM_CRNN vV X 99.76 3. 60
x vV 99.61 1.46
VvV Vv 99. 68 4.87
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Fig. 12 VGGI16 network structure diagram
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Fig. 14 Loss value of CRNN when training on a composite data set
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Fig. 15 CRNN recognition result of full text
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Fig. 16 CRNN recognition of Manchu words correct results
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Fig. 17 Error results of CRNN recognition of Manchu words
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Fig. 18 Comparison of recognition accuracy results of CRNN and
KM_CRNN on different data sets
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Fig. 19 KM CRNN recognition result of full text
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Fig. 20 Correct result of KM CRNN recognition of Manchu words
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Fig. 21 Correction results of KM CRNN recognition of Manchu
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Fig. 22 Comparison of the accuracy of CRNN, KM _CRNN and
SOKM_CRNN in recognizing Manchu words
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Fig. 23 Comparison of the accuracy of CRNN, KM _CRNN and
SOKM_CRNN for identifying Manchu character elements
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Fig. 25 Improved results of SOKM _ CRNN for recognizing
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Fig. 26 Improved results of SOKM_CRNN recognition of Manchu
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Fig. 27 Time spent on training CRNN and KM CRNN
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