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Granular SVM Learning Algorithm for Processing Imbalanced Data
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Abstract This paper presents a Granular Support Vector Machine(GSVM) learning algorithm in order to improve the performance of SVM on
imbalanced datasets. The GSVM divides some granules for majority data based on granular computing theory and extracts information granules. So
the data becomes balanced, then GSVM finds local support vectors from those granules. SVM learns on these LSVs together with minority data. The
satisfactory generalization performance can be obtained on imbalanced data.
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40 0594 0418 0364 0.182 0.078 0.205 0.962 0.951
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