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Software Defect Prediction Model Based on Improved Bat Algorithm

YANG Xiao—qin
( Taiyuan Radio and TV University Taiyuan 030002 China)

Abstract: The software defect prediction model is becoming more and more important because of its continuous expansion of software
scale and the increasing security requirements. The protruding advantage of support vector machine ( SVM) model is that it has strong
nonlinear classification so it is widely used in software defect prediction. However the SVM model lacks effective methods to determine
the optimal parameters so that it cannot achieve the ideal accuracy. Therefore to improve the parameters and the ability of software de—
fect prediction in SVM model has become a hot research topic. Bat algorithm is a heuristic search algorithm which is simple and easy to
implement but it is easy to fall into local optimal. Therefore we use the bat algorithm with Levy flight to optimize parameters on the
SVM model. In order to test the performance of this new model a number of common data sets are used to predict software defects. The
simulation results are compared with the other five methods which show that the classification of the LBA-SVM model is better than that
of other methods.
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