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Abstract

Support Vector Data Description (SVDD) has attracted extensive attention due to its excellent perfor-
mance in performing one-class classification and anomaly detection tasks. However, if the same weight
is directly assigned to all slack variables during the modeling process, the learning performance of the
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model may decline when the training data is contaminated with some outliers or observation data
with mislabeled tags. For this reason, this paper proposes an extended SVDD model by reformulat-
ing the original optimization problem of SVDD with a mixed exponential loss function. This loss
function can highlight the importance of samples that are more likely to belong to the target class
and attenuate the effects of samples that are more prone to being outliers, so this model can also be
regarded as a weighted SVDD. Unlike traditional weighting methods, however, the weights in the
new model are calculated automatically and not precomputed by a specific method. To effectively
solve the optimization problem of the proposed model, a semi-quadratic optimization technique is
adopted for optimization calculation in this paper, thereby constructing a dynamic optimization al-
gorithm. Meanwhile, this paper analyzes the convergence and computational complexity of this dy-
namic optimization algorithm from a theoretical perspective. In addition, this paper presents the
experimental results obtained on synthetic datasets and several public real datasets to verify the
performance advantages of the new method compared with the traditional SVDD and other compet-
ing improved SVDD models.
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Figure 1. Artificial dataset
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Figure 2. Accuracy comparison of three methods on ionosphere dataset
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Figure 3. F1 score comparison of three methods on ionosphere dataset
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Figure 4. AUC comparison of three methods on ionosphere dataset
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