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An Ensembling One-class Classification Method Based on
Beta Process Max-margin One-class Classifier

ZHANG Wei DU Lan
(National Laboratory of Radar Signal Processing, Xidian University, Xi'an 710071, China)

Abstract: In the problem of one-class classification, One-Class Classifier (OCC) tries to identify samples of a
specific class, called the target class, among samples of all other classes. Traditional one-class classification
methods design a classifier using all training samples and ignore the underlying structure of the data, thus their
classification performance will be seriously degraded when dealing with complex distributed data. To overcome
this problem, an ensembling one-class classification method based on Beta process max-margin one-class
classifier is proposed in this paper. In the method, the input data is partitioned into several clusters with the
Dirichlet Process Mixture (DPM), and a Beta Process Max-Margin One-Class Classifier (BPMMOCC) is
learned in each cluster. With the ensemble of some simple classifiers, the complex nonlinear classification can be
implemented to enhance the classification performance. Specifically, the DPM and BPMMOCC are jointly
learned in a unified Bayesian frame to guarantee the separability in each cluster. Moreover, in BPMMOCC, a
feature selection factor, which obeys the prior distribution of Beta process, is added to reduce feature
redundancy and improve classification results. Experimental results based on synthetic data, benchmark

datasets and Synthetic Aperture Radar (SAR) real data demonstrate the effectiveness of the proposed method.
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Landsat 6 4,5,6 36 500 418 1082
Waveform 3 1,2 21 331 1652 1696
Pageblocks 5 1 10 2456 2457 560
% 2 TRIBEEWaveform#iEE ERISNMERRFE (%)

EiLS L-SVDD KOCSVM K-means PCA MST SOM AE MPM LPDD En-MMOCC AT
HER R 57.05 64.14 66.94 55.26 61.19 67.74 58.00 72.44 74.25 75.92 77.22
F15342 67.12 59.94 71.92 66.18 70.70 68.30 56.40 65.66 71.02 74.12 75.11

AUC 71.19 69.63 76.71 59.50 73.57 73.83 61.26 83.98 82.01 83.67 85.00

%= 3 AR/ EELandsat B E RIS/ NMEIRFIE (%)

fatn L-SVDD KOCSVM K-means PCA MST SOM AE MPM LPDD En-MMOCC AT
HERRZR 79.72 85.98 82.40 71.28 73.26 80.06 86.01 85.04 86.92 88.06 90.30
F1542 71.25 73.25 73.76 63.27 65.86 70.29 71.84 69.95 74.54 77.87 81.79

AUC 91.54 90.88 92.72 80.11 87.25 87.76 92.35 89.96 91.69 92.21 94.18

#+ 4 TR A AustraliaiiZ e E RIS NMEIRFEIE (%)

fatn L-SVDD KOCSVM K-means PCA MST SOM AE MPM LPDD En-MMOCC A7
HERR 55.41 70.76 69.29 66.06 56.41 61.14 78.61 81.90 67.99 81.41 82.21
F1542 66.67 67.44 74.69 72.13 67.99 67.33 77.65 75.18 67.54 80.36 81.71

AUC 74.42 73.84 82.53 78.32 66.23 67.84 83.14 80.73 71.73 82.57 84.16
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Eistin L-SVDD  KOCSVM  K-means PCA  MST  SOM AE MPM LPDD En-MMOCC A&
iRTiE 82.14 84.72 84.82 73.83  84.13  80.23 8342  84.67 83.24 85.77 86.12
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