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Abstract  In this paper, a one-cluster clustering based data description method (OCCDD) is pro-
posed for one-class classification. It operates as follows: when training, one-cluster Possibilistic
C-Means (P1M) algorithm is firstly performed on the training target samples, then the member-
ships to the target class of all samples are obtained, a threshold of memberships is set to form the
data description. When testing, the memberships of the samples for testing are computed, the
samples with less membership than the threshold are thought as the outliers, otherwise as the
target objects. The proposed method has the same parameter configuration as the prevalent meth-
ods: Support Vector Data Description (SVDD) and Parzen-window method, and leads to an alter-
native one-class classifier. It is worthy to point out that: although as a special example of tradi-
tional PCM algorithm, P1M can obtain a globally optimal solution while traditional PCM general-
ly could not. Moreover, the globally optimal property is of great importance for the practical im-

plementation.
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it provides a new methodology of tailoring the traditional
clustering algorithm to new One-Class problems, thus wid-
ens the range for designing One-Class Classifier. The project
is based on the previous research on intrusion detection with
Self-Organizing Map, and Grey theory. Now a prototype
system for intrusion detection has been developed by their
graduated members. However, the generalization perform-
ance of the intrusion detector is still weak, and the robust-
ness is still not strong enough. Another object of this project
is to design a one-class classifier with good generalization
performance and robustness to outliers. The proposed meth-
od in this paper is a good trial to realize these goals. It has
shown comparative performance to SVDD and Parzen win-
dows methods. and relatively strong robustness to outliers
due to the intrinsic robustness of Possibilistic 1-Means algo-

rithm.



