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Fig.1 Two-dimensional initial population distribution
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Table 1 Partial sample data for drought level prediction

A Xy Xy X3 Xy Xs X6 X7

X 0.842 105 0.191 699 0.572 192 0.257 732 0.619 565 0.627 586 0.573 840
X, 0.571 052 0.205 534 0.417 112 0.030 928 0.326 087 0.575 862 0.510 549
X5 0.878 947 0.239 130 0.609 625 0.319 587 0.467 391 0.989 655 0.664 556
X5 0.581 578 0.365 612 0.807 486 0.536 082 0.521 739 0.627 586 0.495 780
Xior 0.797 368 0.278 656 0.668 449 0.360 824 0.554 347 0.558 620 0.457 805
Xio 0.884 210 0.223 320 0.582 887 0.206 185 0.282 608 0.524 137 0.459 915
Xiaa 0.352 631 0.039 525 0 0 0.195 652 0.344 827 0.048 523
Xiss 0.744 736 0.120 553 0.486 631 0.278 350 0.304 347 0.689 655 0.592 827
FEA Xg X9 Y10 X1 X1z X13 Y

X 0.283 019 0.593 060 0.372014 0.455 285 0.970 696 0.561 341 1

X, 0.245 283 0.274 448 0.264 505 0.463 415 0.780 220 0.550 642 1

X;, 0.207 547 0.558 359 0.556 313 0.308 943 0.798 534 0.857 346 2

X, 0.490 566 0.444 794 0.259 385 0.455 284 0.608 058 0.325 962 2
Xioi 0.339 622 0.264 984 0.321 672 0.471 544 0.846 153 0.725 392 3
Xioa 0.320 754 0.495 268 0.338 737 0.439 024 0.846 153 0.721 825 3
Xiaa 0.283 018 0.003 154 0.057 167 0.463 414 0.201 465 0.172 610 4
Xiss 0.169 811 0.454 258 0.506 825 0.430 894 0.835 164 0.547 075 4
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Fig.3 Parameter optimization results of the algorithm
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Table 2 comparing the results of 100 experiments of
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et SFEIUER A /% kS PRSI /s
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Fig. 6 Convergence time comparison of each model
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Parameter Optimization Method of SVM Based on

Good-Point Set Particle Swarm Optimization

HUANG Jing,

GUAN Yinan

(' School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China )

Abstract:

In order to solve the problems of poor stability and premature phenomenon caused by the initially

randomly generated population in traditional particle swarm optimization (PSO) algorithm, a good-point set particle

swarm optimization (GSPSO) was proposed. Based on that, an efficient prediction model (GSPSO-SVM) was

constructed by combining support vector machine (SVM). The good-point set was utilized to make the initial particles

uniformly distributed in PSO algorithm, and then GSPSO was used to optimize the penalty factor C and radial basis

function parameter g of SVM to obtain the best parameter for improving the accuracy and stability of classification of

SVM. Finally, the model was successfully applied to the drought forecasting. The simulation results showed that the

model have achieved good results in average accuracy and variance. Compared with PSO and genetic algorithm (GA) to

optimize SVM model, the performance has been improved.

Keywords: good-point set;

drought forecasting

particle swarm optimization; support vector machine;
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