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Anomaly detection single—-stage model based on DSVDD, adversarial learning,
and tightly—wrapped learning
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Abstract; Methods such as Deep Support Vector Data Description ( DSVDD), Variational AutoEncoders ( VAE), Generative
Adversarial Networks ( GAN ), and tightly — wrapped learning have played significant roles in anomaly detection modeling,
substantially advancing research in this field. However, models constructed using a single method still exhibit limitations in detection
accuracy and generalization capability. To overcome these shortcomings, this paper proposes a single —stage anomaly detection
model integrating DSVDD, adversarial learning, and tightly—wrapped learning, termed the dual-sphere margin maximization game
model. This model innovatively combines the hypersphere learning of DSVDD, the adversarial learning of GANs, and tightly -
wrapped learning, achieving single—stage training through a dual-sphere maximum margin game objective function. Specifically,
the hypersphere learning of DSVDD provides a compact sphere representation for normal samples and increases the separation
between anomalous and normal samples; the adversarial learning of GANs enhances the robustness of the model’ s feature
representations; and tightly—wrapped learning further optimizes the detection boundary, making it clearer and more accurate. These
mechanisms work synergistically to improve the accuracy of modeling feature distributions and significantly enhance the model’s
generalization ability. Experimental results demonstrate that the proposed model outperforms various existing anomaly detection
models on multiple datasets, showcasing higher detection accuracy and generalization capability.
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