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Abstract: On the basis of the characteristics of target threat assessment in information fusion, the
weaknesses of traditional methods for target threat assessment and Support Vector Machine (SVM)
were analyzed. By using the Particle Swarm Optimization (PSO) to optimize the penalty parameter ¢
and core function g in the SVM, a new target threat assessment model (PSO_SVM) was established
and the PSO_SVM algorithm was achieved based on the model. To satisfy the requirements of PSO_
SVM algorithm, data was preprocessed, including quantification and normalization. When cross-vali-
dation method was used to find the best parameters, the POD was used for network training. 75 group
data were used in simulation experiments, among them 60 group data were train sets and the others
were test sets. Experimental results show that the error of the PSO_SVM method is 0, reaching the
desired goal, which proves the accuracy and efficiency of the proposed method.
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Fig. 1 Structure of SVM
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Fig. 2 PSO_SVM threat assessment model
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Tab. 2 PSO_SVM simulation results
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2 0 3.22

3 0 3.21

4 0 3. 24

5 0 3.21  0/150=0  31.88/

6 0 3.09 10=3.19

7 0 3. 24

8 0 3.18

9 0 3.07

10 0 3.17
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Tab.3 SVM simulation results
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2 0.020 1. 93
3 0.020 1. 97
4 0.020 1. 97
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6 0.020 1. 96 =0.020 10=2.00
7 0.020 1. 96
8 0.020 1. 96
9 0.020 2.21
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Tab. 4 Errors of normalization methods
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Fig. 5 Comparison of forecasting data and original
data for PSO_SVM training set
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