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Abstract

In magnetotelluric (MT) methods, improving data quality has consistently been a central challenge
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in signal acquisition and processing. This paper proposes a joint algorithm based on weakly super-
vised learning, integrating the Anomaly Transformer for noise detection and a CNN-BiLSTM net-
work for noise classification in MT data. First, the preprocessed dataset is input into the Anomaly
Transformer model for training. The model employs two parallel branches: the prior association
branch outputs a prior association matrix, while the series association branch produces a sequence
association matrix. The Kullback-Leibler (KL) divergence is then used to compute the difference
between the two, enabling unsupervised identification and labeling of anomalies in the test dataset.
The labeled test data are then segmented and fed into the CNN-BiLSTM model. The CNN is responsi-
ble for extracting and fusing time-domain and frequency-domain features of the signal, while the
BILSTM captures the sequential characteristics to complete the noise classification task. Experi-
mental results show that the Anomaly Transformer significantly outperforms traditional LSTM
models in noise detection. In the classification phase, the CNN-BiLSTM model also demonstrates su-
perior performance, better generalization, and faster computation compared with CNN, LSTM,
BiLSTM, and CNN-LSTM models. These results fully validate the effectiveness of the proposed model
for weakly supervised MT noise detection and classification, offering strong support and practical
value for subsequent denoising, inversion, and geological interpretation.
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Figure 1. Transformer model architecture
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Figure 2. Anomaly transformer time series anomaly detection model
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Figure 3. CNN model architecture
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Figure 5. Flowchart of the Anomaly Transformer-based anomaly detection and CNN-BiLSTM-based anomaly classification
model
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Figure 6. Time series of measured magnetotelluric signals with noise
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Figure 9. Comparison of test results of different models on the 60,000-sample dataset. (a) LSTM; (b) BiLSTM; (c) CNN; (d)

CNN-LSTM; (¢) CNN-BiLSTM
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Figure 10. Comparison of test results of different models on the 30,0000-sample dataset. (a) LSTM; (b) BiLSTM; (c) CNN;
(d) CNN-LSTM; (e) CNN-BILSTM
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Figure 11. Comparison of model outputs under different ground-truth labeling strategies. (a) Confusion matrix with anomaly
detection labels as ground truth; (b) Confusion matrix with true data labels as ground truth; (c) Classification scatter plot using
anomaly detection labels as ground truth; (d) Classification scatter plot using true data labels as ground truth
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Figure 12. ROC curves under different ground-truth labeling strategies. (a) ROC curve using anomaly detection labels as
ground truth; (b) ROC curve using true data labels as ground truth
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