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Abstract

OC-SVM(One Class Support Vector Maching) avoids solving a full density estimation problem, and instead focuses on a simpler
task, estimating quantiles of a data distribution, i.e. its support. OCSVM seeks to estimate regions where most of dota resides and
represents the regions as a function of the support vectors. Although OC-SVM s powerful method for data description, it is difficult
fo incorporate human subjective importance into its estimation process. In order fo infegrate the importance of each point into
the OC-SVM process, we propose a fuzzy version of OC-SVM. :

In FOC-SVM (Fuzzy One-Class Support Vector Maching), we do not equally freat data poinfs and instead weight data points
according to the imporfance measure of the comesponding objects. That is, we scale the kemel feature vector according o the
importance measure of the object so that a kemel feature vector of a less imporfant object should confrioute less to the
defection process of OC-SVM. We demonstrate the performance of our algorithm on several synthesized data sefs. Experimental
results showed the promising results.

= Keyword : One Class Support Vector Machine, SYM, Fuzzy One Class Support Vector Machine, Fuzzy One Closs Support Vector
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