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Abstract:

Standard Cultivated Land (SCL) is the gem of all cultivated land, which is the key of
ensuring China's grain security. Scientific evaluating productivity of SCL has a
significant sense for improving soil productivity and improving soil of SCL. Integrated
Rough Set (RS) theory with Support Vector Machine (SVM),a productivity evaluation
method of SCL based on RS and SVM is proposed. Combining the parallel searching
structure of genetic algorithms with the probabilistic jumping property of simulated
annealing, a GASA-optimized algorithm is put forward for selecting of SVM
parameters. In this new evaluating method, on the basis of determining productivity
evaluation indexes of SCL, firstly the decision making table is constructed by using
the sample data of productivity surveying of SCL and its evaluation results of
traditional integrated productivity factors method, and the redundant indexes are
removed through the exhaustive reducer of Rosetta software which was jointly
developed by Norwegian University of Science and Technology and Warsaw
University, then the reduced indexes are used as the input of SVM, finally, the SVM is
trained with the training samples through the GASA-optimized algorithm, and the RS-
SVM evaluating model of SCL is built. The method is tested on productivity evaluation
of SCL of Lucheng District of Wenzhou City, Zhejiang, and its results are compared
with that of the SVM without RS reduction method and the BP networks without RS
reduction method. The input indexes of the SVM model and the BP networks model
are both 15, With correct evaluating rate being 100% and 90% respectively. The
input indexes of the RS-SVM model are 14, whose correct evaluating rate is 100%.
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The results indicate that the suggested SVM method is of the same accuracy as the
SVM without RS reduction method,but it can reduce the dimensions of SVM input
vectors and the computing complexity of SVM,and raise the SVM training efficiency.
The results also show that the method which is used SVM can achieve greater
evaluating accuracy than the BP networks without RS reduction method. It is
concluded that the suggested SVM method is feasible and effective in evaluating
productivity of SCL, and this method has explored a new way for evaluating
productivity of cultivated land.
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