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Target threat assessment based on BP neural network optimized

by modified particle swarm optimization
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Abstract: An algorithm for target threat assessment based on Back Propagation (BP) neural network
optimized by Modified Particle Swarm Optimization (MPSO) is proposed to improve the prediction
accuracy of target threat. In this MPSO algorithm, mutation operator and optimization for several
parameters are introduced in PSO to avoid the particle plunging into the local optimization. The
MPSO algorithm is employed to optimize the initial weights and thresholds of the BP neural network.
Then the BP neural network optimized by MPSO is trained by training sets of different sample sizes.
60 sets of target threat data are adopted to test the performance of MPSO-BP in target threat
prediction. Experimental results show that the prediction accuracy of target threat assessment
algorithm based on MPSO-BP is higher than that based on some traditional algorithms, which proves
the efficiency of the proposed algorithm in solving target threat assessment problem in spite of the
small sample size of training set.
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Table 1 Part of original data

/(m e s™h) /() /m /km
1 600 3 1000 100 0.637
2 800 4 5000 200 0.339
3 650 12 1200 80 0.517
4 400 6 1500 100 0.571
5 380 16 800 200 0.683
6 500 10 800 50 0. 834
7 700 12 700 120 0.743
8 850 15 400 80 0.764
9 650 18 1200 75 0. 801
10 750 8 1100 90 0.707
11 80 15 400 50 0. 394
12 110 3 600 80 0.279
13 95 9 600 75 0.268
14 100 7 550 90 0. 308
15 115 12 750 70 0. 357
MPSO-BP a=1.4,c,=1.6.0w=1,
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