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Figure 1 Flow chart of instrument character recognition
v, PG 56 SR T T AF 2 1k v B 66 19
RO RS IE Tr ik, a8 )5l G RGB {4 e 6 3]
HSV Bz (8], % Vo8 5% H] 22 ROZE A & 4
P77 AT R A, SRS AR A A Ol IR ) B
4 73 A1 e B 3 55 R R R 2 8, 9 B I 1A
B AU PG RS MR b 41 0 2215 Ok 48 5tk
Vorat, B a f RN HSV %5 [ % 4 1] RGB
2R B SRR R BOR AN 2 BTN

RS0l 134.30 .

(a) R (b) 585

B2 tRAHIZEIEE
Figure 2 Uneven illumination experiment comparison
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Figure 3 Digital sample of some instruments
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Figure 4 The ideal binarization process of ghost

characters
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Figure S Root-mean-square error and correlation

coefficient under different hidden layers and nodes
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Table 1 Training results of transfer functions of

different nodes

B memd HibZ s MOCRE WormlnezE
Logsig Logsig 0.990 97 0.017 616
Logsig Purelin 0.985 34 0. 022 557
Logsig Tansig 0.985 08 0. 022 537
Purelin Logsig 0.976 16 0. 028 609
Purelin Purelin 0.960 05 0.036 811
Purelin Tansig 0.933 81 0. 045 791
Tansig Logsig 0. 985 94 0.021 659
Tansig Purelin 0.982 26 0. 024 199
Tansig Tansig 0.992 04 0.016 835
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Table 2 Training results of different training functions

Il 2 R $X B3 PRk 22
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Trainscg 0.971 77 0.030 962
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Figure 6 Binary results of different algorithms
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Table 3 Time comparison of different binarization

algorithms
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Figure 7 Flow chart of calibration algorithm
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Figure 8 Flow chart of projection method
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Figure 9 A part of sample image of the binarization

of a single character in the Great Law
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Figure 10 Part of Sample image of single-character

after segmentation algorithm in this paper
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Table 4 Character recognition results

IR igfl;j"”” ;TJ”?};
HOG+SVM 32.09 0.005 6 98.93
LeNet-5 94.76 0.002 7 98. 65
ik LeNet-5 93.87 0.001 4 98.94
KNN 45.26 0.004 7 96. 77
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Figure 11 Instrument ghost recognition interactive
interface
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Study on Instrument Ghosting Character Recognition Method for
Predicting Binarization Threshold by BP Network

SUN Guodong, JIANG Yajie, XU Liang, HU Ye, XI Zhiyuan

(School of Mechanical Engineering, Hubei University of Technology, Wuhan 430068, China)

Abstract; During instrument digital image acquisition, there were many phenomena of uneven illumination and
character double shadow, which led to the difficulty of binarization and low recognition rate. A new binarization
method is proposed. Before image binarization, the image would be preprocessed because of the poor image qual-
ity. Due to uneven illumination, the color image correction method based on nonlinear function was used. In view
of the imaging ghosting, the image gray scale distribution statistics were taken as the input, and the adaptive bi-
narization global threshold is used as the label of prediction model to train BP neural network. The trained BP
network was used to predict the global threshold and binarize the image, in order to achieve the separating the
ghosting. At the same time, the improved LeNet-5 network was adopted to recognize the single character after
segmentation. The experimental results showed that the proposed binarization method was better than the classical
methods, and the improved LeNet-5 could satisfy the instrument character recognition after segmentation, with
the recognition rate of 98.94% ; and the single character recognition time of only 0. 0014s.

Key words: uneven illumination; ghost image; character recognition; prediction threshold; LeNet-5; BP

neural network



