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Fig. 1 Anomaly detection model architecture of tailings dam time series data
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Fig. 2 Architecture of the autoregressive TCN component
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Fig. 5 Optimized structure of self-attention mechanism
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Table 1 Test results of comparative test

” JRX Hd 42 GTD %t 4 WWS Hdi 5
HRAE
P R F1 P R F1 P R F1
LSTM_AD 0.3047 0.3886 0.3439 0.5540 0.9692 0.7050 0.4223 0.4856 0.4541
TranAD 0.8755 0.9067 0.8984 0.7974 0.8436 0.8256 0.8294 0.9447 0.8823
MAD_GAN 0.8800 0.8973 0.8754 0.5275 0.8466 0.6499 0.7546 0.8210 0.7893
Transformer 0.8182 0.8571 0.8372 0.5778 0.8966 0.7027 0.8706 0.9610 0.9136
Anomaly BERT 0.5317 0.6513 0.6193 0.8313 0.8056 0.8278 0.8634 0.6870 0.7698
OmniAnomaly 0.8999 0.7494 0.7874 0.7510 0.6549 0.7180 0.8546 0.7245 0.7876
A AL 0.9313 0.9903 0.9599 0.8875 0.9218 0.9043 0.9811 0.9825 0.9818
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Fig. 9 Comparison of F1 results of the three datasets
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Table 2 Comparison of ablation experimental results
LAY TCN 4114 Pl sRmg JRX Bdi 4 GTD #Ha 4k WWS Sdis 4 F1 V¥
Transformer X X 0.8372 0.7027 0.9136 0.8178
J X 0.9012 0.9247 0.9436 0.9232
TCN-Transformer X N 0.9463 0.8956 0.9721 0.9380
N N 0.9599 0.9043 0.9818 0.9486
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Research on Abnormal Monitoring Data Analysis of Tailings Dam Based on

Improved Transformer Model
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1.School of Resource Engineering, Xi’ an University of Architecture and Technology, Xi’an 710055, Shaanxi, China;

2. Xi’ an Key Laboratory of Intelligent Industry Perception Computing and Decision Making, Xi’ an

Shaanxi, China

710055,

Abstract: Tailings dams, which are primarily utilized for the storage of tailings or industrial waste produced by
mining activities, represent significant sources of high potential energy and pose considerable risks.A failure of
such a dam could result in immeasurable losses.Consequently, online monitoring of tailings dams is essential for
real-time analysis and risk mitigation. This monitoring is critical for promptly assessing the safety status of
tailings dams, preventing dam failures, and safeguarding human lives and property. Therefore, anomaly detec-
tion in time series data derived from tailings dam monitoring systems is of paramount importance. In response
to the frequent occurrence of anomalies within multi-sensor monitoring systems for tailings dams, which
severely affect safety assessments, this paper proposes an enhanced TCN-Transformer hybrid anomaly detection
model. This model incorporates a temporal convolutional network (TCN) component into the traditional
Transformer model, replacing the absolute position encoding mechanism. This approach effectively captures
complex long-term dependencies in time series data, thoroughly integrates global temporal information, and
enhances the model’ s accuracy in anomaly detection.Moreover, the model’s self-attention mechanism has been
optimized through the implementation of a branching structure design and the integration of maximum and

minimum strategies. This enhancement enables the extraction of spatial features from tailings dam time series
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data, allowing reconstruction errors and correlation differences to reinforce each other during detection.

Consequently, the model’ s anomaly detection performance is improved. By employing a self-supervised

training paradigm, the model reduces its dependence on large-scale supervised datasets, thereby enhancing its

practicality and generalization capabilities. Experimental results demonstrate that the proposed TCN-Trans-

former anomaly detection model achieves an average F'1 score of 0.9486, marking a significant improvement in

detection accuracy and performance over traditional models. This model holds substantial importance for

anomaly detection and safety management in the context of tailings dam time series data.

Key words: tailings dam; time series data; anomaly detection; TCN-Transformer model
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