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Anomaly sound detection of high-voltage shunt reactors based on soft-constrained

latent regularized adversarial learning
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Abstract: With the widespread application of high-voltage shunt reactors in power systems, abnormal phenomena
arising during their operation have attracted increasing attention. In existing latent regularization adversarial anomaly
detection (LRAAD) methods, the hyperparameter M imposes a hard constraint on the upper bound of the KL
divergence of generator-produced spectrograms, which hampers the model’ s ability to effectively distinguish normal
from abnormal data in the latent space, leading to training instability and degraded anomaly detection performance. To
address this issue, this paper proposes a soft-constrained latent regularization adversarial anomaly detection (Soft-
LRAAD) method. The proposed method introduces a soft constraint loss to replace the hard constraint loss, and
enhances the discrimination capability in the latent space and the training stability by approximating the upper bound of
the KL divergence using a smooth function. Experimental results demonstrate that the proposed method effectively

improves the accuracy and robustness of anomaly detection for high-voltage shunt reactors, providing a superior
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solution for power equipment fault diagnosis.

Key words: acoustic anomaly detection; semi-supervised learning; adversarial learning; latent variable regularized

adversarial learning
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Figure 6 Data collection site
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Table 2 Hyperparameter settings of Soft-LRAAD model
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Figure 7 ROC curves of different models on different datasets
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Table 3 AUC results of different models on different datasets
AUC
a4
CAE VAE f~AnoGAN GANomaly LRAAD Soft-LRAAD
Dataset 1 0.903 2 0.866 2 0.840 0 0.896 6 0.936 1 0.974 2
Dataset 2 0.888 1 0.865 2 0.856 0 0.9195 0.947 5 0.9755
Dataset 3 0.926 6 0.895 8 0.866 2 0.926 6 0.960 7 0.985 1
Dataset 4 0.914 2 0.886 8 0.865 4 0.933 3 0.962 6 0.978 8
Dataset 5 0.900 5 0.896 5 0.8910 0.9511 0.972 1 0.997 5
Dataset 6 0.848 0 0.817 8 0.8126 0.827 0 0.867 4 0.978 2
x4 FREBEAHp-AUCZE (FPRAF0.3)
Table4 p-AUC results of different models (FPR less than 0.3)
pAUC
A€
CAE VAE f-AnoGAN GANomaly LRAAD Soft-LRAAD
Dataset 1 0.8155 0.754 8 0.716 6 0.837 6 0.878 6 0.955 3
Dataset 2 0.790 2 0.741 2 0.734 9 0.877 5 0.909 1 0.9537
Dataset 3 0.859 4 0.799 0 0.761 3 0.889 2 0.924 5 0.975 3
Dataset 4 0.834 4 0.779 9 0.752 7 0.894 4 0.928 2 0.963 2
Dataset 5 0.8113 0.799 6 0.790 0 0.924 2 0.946 4 0.995 2
Dataset 6 0.712 2 0.686 0 0.682 9 0.722 3 0.786 6 0.964 8

R5 RRAERGp-AUCL R (FPRAT0.2)
Table5 p-AUC results of different models (FPR less than 0.2)
p-AUC
UG IIES

CAE VAE ~AnoGAN GANomaly LRAAD Soft LRAAD
Dataset 1 0.775 3 0.695 3 0.656 7 0.8017 0.8399 0.944 9
Dataset 2 0.752 7 0.678 0 0.669 4 0.853 5 0.882 2 0.938 5
Dataset 3 0.8253 0.736 7 0.700 6 0.869 6 0.9010 0.970 5
Dataset 4 0.7914 0.7237 0.697 9 0.873 3 0.902 3 0.9513
Dataset 5 0.760 6 0.744 6 0.743 6 0.909 6 0.926 0 0.993 7
Dataset 6 0.649 2 0.622 2 0.624 3 0.663 7 0.743 9 0.959 4
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Table 6 p-AUC results of different models (FPR less than 0.1)

p-AUC
FISITES
CAE VAE f-AnoGAN GANomaly LRAAD Soft LRAAD
Dataset 1 0.727 8 0.618 8 0.5935 0.752'5 0.7739 0.919 6
Dataset 2 0.718 2 0.604 8 0.599 1 0.809 8 0.8284 0.903 1
Dataset 3 0.783 2 0.652 4 0.614 3 0.834 0 0.850 2 0.958 4
Dataset 4 0.749 8 0.6509 0.642 5 0.834 1 0.8438 0.924 5
Dataset 5 0.678 5 0.669 8 0.683 6 0.879 6 0.870 7 0.990 3
Dataset 6 0.592 6 0.556 8 0.5599 0.597 3 0.674 5 0.948 8
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Figure 8 Confusion

matrices of different models
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