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Abstract

In this paper, we propose a neural network model called MarginNet based on the concept of mar-
gin loss to address the issues of nonlinearity and class imbalance in anomaly detection. Firstly, we
utilize a neural network to capture the nonlinear features in the data, enabling better adaptation
to the complexity of the dataset and improving the accuracy of anomaly detection. Secondly, we
introduce the margin loss function as the model’s objective, maximizing the margin between nor-
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mal and anomaly samples to enhance the model’s generalization and robustness. Additionally, we
employ an imbalance factor to address the class imbalance problem in the anomaly behavior da-
taset, assigning higher weights to minority class samples and improving the recognition capability
of anomaly behaviors. Based on these contributions, we develop an anomaly behavior detection
system for real-time monitoring and recognition of anomalies in fence-climbing behavior. Finally,
experimental results demonstrate the effectiveness of the proposed MarginNet model in anomaly
detection.
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Figure 1. Skeleton map of human key point detection
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Figure 2. The network structure of MarginNet
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Figure 3. The procedure of anomaly fence-climbing detection system
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Table 1. Comparison of classification performance in mean
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0.25 89.6905 90.4830 88.6352 88.9721 89.7590 92.7128
0.3 90.4669 91.1177 88.9513 89.0441 90.1486 94.1640
Avg 89.2422 89.1871 86.387 86.5973 87.929 92.6728
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Table 2. Comparison of classification performance in standard deviation
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Avg 0.3966 03918 0.5829 0.5690 0.4519 0.03531
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Figure 4. llustration of the fence-climbing detection
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