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Research on track structure disease diagnosis method based on
GA-BP neural network
HUA Li, KONG Yaoyao, CHEN Yongyi, ZHAI Yalei
(School of Urban Rail Transit, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Aiming at the problem that BP neural network is easy to fall into local minimum in the operation process and the
accuracy of track structure disease identification is unstable, a track structure disease diagnosis method based on Genetic Algorithm
Optimized BP neural network is proposed. By establishing the vehicle rail coupling dynamic model, the four service state signals are
obtained by simulation. The characteristics of vibration signals is extracted by using variational modal decomposition and multi—scale
arrangement entropy method, and a high—dimensional feature vector is established as the input of BP neural network model. The BP
neural network model is optimized by genetic algorithm, and the recognition accuracy before and after optimization is analyzed,
which fully proves the effectiveness of the method of Optimizing BP neural network based on Genetic Algorithm in track structure
disease recognition and diagnosis.
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Fig. 1 Structure of BP neural network
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Fig. 2 Flow chart of GA algorithm
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Fig. 3 GA_ Flow chart of BP neural network algorithm
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Fig. 4 Vehicle track vertical coupling model
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Tab. 1  Simulation of track structure under different working
conditions
Th4'> THRE MIEE (Kb) FHJE (Cb)
Al EH Kb Ch
A2 P M 0 0
A3 TH PR 2 4.5%Kb 4.5%Ch
A4 T PRFAHL 0.35xKb 0.35%Ch
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Tab. 2 MPE value of 1~ 10 sleeper under different working conditions at train speed of 200 km / h

MPE {}
eSSl B

1 2 3 4 5 6 7 8 9 10

EH IMF1 0.77 0.83 0.88 0.93 0.97 1.02 1.06 1.09 1.13 1.16
IMF2 0.95 1.12 1.27 1.38 1.48 1.56 1.64 1.69 1.74 1.77
IMF3 0.86 0.98 1.08 1.17 1.25 1.33 1.39 1.45 1.51 1.56
IMF4 0.75 0.80 0.83 0.85 0.88 0.91 0.92 0.91 0.94 0.94

IMF5 0.95 1.13 1.27 1.39 1.49 1.57 1.63 1.69 1.72 1.76

Mgk IMF1 0.81 0.89 0.96 1.02 1.08 1.13 1.16 1.20 1.24 1.26
IMF2 0.96 1.14 1.28 1.40 1.50 1.59 1.66 1.71 1.75 1.78
IMF3 1.01 1.22 1.36 1.47 1.55 1.63 1.68 1.72 1.74 1.77
IMF4 1.12 1.37 1.54 1.65 1.69 1.73 1.75 1.76 1.77 1.79
IMF5 1.15 1.42 1.60 1.71 1.76 1.79 1.79 1.79 1.79 1.77

/N IMF1 0.77 0.83 0.88 0.92 0.97 1.01 1.05 1.08 1.12 1.15
IMF2 0.95 1.13 1.27 1.39 1.49 1.57 1.64 1.70 1.74 1.77
IMF3 0.74 0.77 0.79 0.82 0.84 0.86 0.87 0.89 0.90 0.92
IMF4 0.85 0.97 1.07 1.16 1.23 1.31 1.37 1.43 1.48 1.53

IMF5 0.96 1.14 1.28 1.41 1.50 1.59 1.66 1.70 1.75 1.76

&t IMF1 0.75 0.79 0.83 0.87 0.90 0.93 0.96 0.99 1.02 1.04
IMF2 0.71 0.74 0.75 0.77 0.78 0.80 0.81 0.82 0.83 0.84
IMF3 0.96 1.13 1.27 1.40 1.50 1.58 1.65 1.70 1.74 1.77
IMF4 0.78 0.84 0.90 0.95 0.99 1.03 1.07 1.11 1.14 1.17
IMF5 0.86 0.98 1.08 1.17 1.25 1.32 1.38 1.44 1.49 1.54
%3 5% 200 km/h & E TR S0 SRR 4 W% R=0.96 BiiF: R=0.98
Tab. 3 Description of experimental data at train speed of 200 km / h 4 4
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Tab. 4 Recognition accuracy of trains at different speeds

FI 4 (km/h) PUNHERI 3/ %
100 97.4
110 99.5
120 96.6
130 93.2
140 93.2
200 93.8
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Tab. 5 Parameters of GA algorithm

e C SHUE
PR RAR 10
PR EL 50
2 AR 0.4
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Tab. 6 Optimal initial weight threshold

(o WMAZREZ  REZE REEEL fmhE
DA ) N e
[ AL TAEE  JREAUE TS
WIHHAAUE -0.794 0.902 1.931 -1.951
2.539 0.391 2.915
2.598 0.369 -2.212
-0.079 -2.330 2.674
-0.958 -2.624 1.614
2.744 -0.158 -2.489
2.569 -0.087 1.676
-1.114 -0.725 0.912
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Fig. 7 Training error diagram of BP neural network
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Fig. 8 GA_ BP neural network training error diagram
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Fig. 9 Recognition accuracy of BP neural network (93.8%)
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Fig. 10 GA_ Recognition accuracy of BP neural network (98.9%)
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Tab.7 Comparison of recognition accuracy before and after GA

optimization
SIAEHEE ko BP ?Téélﬂ] 25350 C\A_BP\?M%WJ %
R/ % WANHER 2 %

100 97.4 99.9
110 99.5 100
120 96.6 99.9
130 93.2 98.7
140 93.2 98.2
200 93.8 98.9
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