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Abstract

Aiming at the problem that BP neural network is slow in training speed and easy to get stuck in
local minimum point, a method of optimizing BP neural network by Genetic Algorithm is proposed,
the weight and threshold of BP network are concatenated in a certain order to form a real array,
which is regarded as a chromosome of genetic algorithm. Then this chromosome group is con-
structed, and the weights and thresholds of the network are quickly learned by genetic algorithm,
so as to select the initial weights and thresholds of the BP network, and then the BP algorithm is
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trained. The improved BP neural network algorithm effectively overcomes the shortcomings of
the neural network and improves the training speed of the network. Through the example of
training evaluation, the neural network before and after optimization is trained. The simulation
results show that the optimized neural network optimizes the non-optimized neural network.
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Figure 1. Calculation flow chart of neural network based on genetic algorithm
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Figure 2. Training evaluation index system
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iZJ MATLAB %ifs, JKBAF BRI p2 THRAA6], FIHILANE 1/ 6 A%, LT 5 ik
FEARZE A ANEGE, HARMEN[0.85 0.86 0.84 0.82 0.87 0.84 0.83 0.80 0.84 0.82 0.89 0.86 0.83 0.81 0.85 0.87].

Table 1. Training sample data

= 1 NSRRI

L7 FEA 1 FEA 2 FEA 3 FEA 4 A S FEA 6
1 0.86 0.73 0.87 0.73 0.63 0.75
2 0.61 0.77 0.85 0.68 0.65 0.74
3 0.61 0.73 0.63 0.72 0.94 0.86
4 0.98 0.94 0.74 0.72 0.92 0.64
5 0.76 0.76 0.69 0.81 0.79 0.76
6 0.85 0.76 0.87 0.78 0.88 0.61
7 0.93 0.73 0.79 0.92 0.93 0.67
8 0.86 0.84 0.65 0.77 0.75 0.94
9 0.74 0.91 0.8 0.8 0.85 0.88
10 0.93 0.91 0.8 0.83 0.89 0.74
11 0.67 0.75 0.85 0.68 0.6 0.92
12 0.94 0.71 0.62 0.61 0.94 0.78
13 0.89 0.77 0.95 0.91 0.94 0.77
14 0.92 0.82 0.9 0.71 0.85 0.84
15 0.86 0.96 0.76 0.98 0.63 0.6
16 0.94 0.71 0.62 0.61 0.94 0.78
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Table 2. Simulation comparison
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