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Effectiveness evaluation method of radar jamming
based on GA-BP neural network

CUI Wenjunji' » CHEN Qi' ", GONG Hui’

(1. School of Electronic Engineering. Naval University of Engineering, Wuhan 430034, China;
2. Unit 92192 of PLA, Ningbo 315000, China)

Abstract Aiming at the problems in the current radar jamming effectiveness evaluation
methods that the evaluation models are complex, the parameters are difficult to obtain and
the application value is little, the variable and index system of radar jamming effectiveness
evaluation are optimized to be closer to practical applications. Aiming at the problem that ex-
pert scoring is relied on and human factors are existed in traditional radar jamming effective-
ness evaluation methods, and large prediction errors are existed in ordinary neural networks.,
a radar jamming effectiveness evaluation method based on GA-BP neural network is pro-
posed, and genetic algorithm(GA) is used to globally optimize the initial parameters of back
propagation(BP) neural networks to reduce the evaluation system error. Finally, the method
is simulated and verified, compared with ordinary BP neural network and support vector ma-
chine(SVM), and further optimized by adjusting the parameters. The simulation results

show that the performance of the method with good accuracy and stability is significantly bet-
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ter than that of ordinary BP neural network and SVM. with good accuracy and stability,

which can provide scientific basis for practical application.
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Fig. 1 Factors affecting the effectiveness of radar jamming
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Fig.3 Optimized variable and index system of

radar jamming effectiveness evaluation
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Fig. 4 Overall design of effectiveness evaluation model of radar jamming based on GA-BP neural network
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Tab. 2 Partial learning sample data
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Tab.3 Partial data comparison between GA-BP neural

networks expect outputs and predicted outputs
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