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Abstract: With respect to accordance with the internal law of cultivated land change and the characteristics of
external driving factors, the change predictive model of cultivated land was developed by using the method of
FSA(Fish Swarm Algorithm) optimize Least Square Support Vector Regression (FSA-LSSVR) model. It
could provide reference for cultivated land protection policy. The results indicated that the global search ca-
pability of FSA could make the support vector machine algorithm effectively converge to global optimal solu-
tion of the parameters y and . Furthermore, the FSA-LSSVR model prediction accuracy index was much
higher than the multiple, GM (1,1) and BP neural network model, and it was superior to FSA-SVM, the
speed of processing data is obviously better than the SVM. Therefore, it concluded that the FSA-LSSVR
model could solve the problem of SVM internal parameters which were difficult to be determined. It was ap-
plicable to many factors involved in high-dimensional nonlinear prediction of cultivated land change. Moreo-
ver, it was high speed, high precision and worthy of promotion.
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