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Abstract

Missile threat assessment is an important link in the process of aircraft countering threats and is a
prerequisite for interference decision-making. This paper introduces the application of neural
network in the military field, and then optimizes RBF neural network through particle swarm op-
timization algorithm. The optimized network is used to solve the problem of missile threat as-
sessment. A threat assessment method based on Particle swarm optimization RBF neural network
is proposed, which uses particle swarm optimization to optimize the parameters of RBF neural
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network. Comparing the performance of this method with BP neural network and RBF neural
network algorithms, the results show that this method has more advantages and can quickly and
accurately evaluate threats.
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Figure 1. RBF neural network structure
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Figure 2. PSO optimized RBF neural network flow
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Figure 3. Neural network model for threat assessment
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Table 1. Partial threat training samples
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Figure 4. Convergence results of RBF neural networks based on particle swarm optimization
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Figure 5. Comparison of minimum mean square variance of BP, RBF and PSO-RBF algorithms
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Figure 6. Comparison of output value and real value of three algorithms
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