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Abstract To ensure the safe and stable operation of satellites, it is of paramount importance to
promptly conduct data mining, situation analysis, and abnormal response for telemetry parameters. Giv-
en the limitations of existing methods in effectively addressing satellite telemetry parameter anomalies,
this paper introduces an innovative anomaly detection method that leverages temporal interpolation and

Generative Adversarial Networks (GANs). The proposed method employs a one-dimensional Convolu-
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tional Neural Network (IDCNN) to extract temporal features from the telemetry data. These features
are then used to model the distribution of telemetry parameters through a generative adversarial net-
work, which consists of a generator and a discriminator that are trained simultaneously to learn the dis-
tribution of normal data. The method innovatively incorporates a detection approach based on interpola-
tion, which significantly enhances the accuracy of anomaly detection and the capability to handle com-
plex and subtle anomalies that may not be easily identified by traditional methods. The effectiveness of
the proposed method is validated through comprehensive testing on real satellite data as well as estab-
lished public datasets. Results demonstrate that, when compared with various existing anomaly detec-
tion methods, the proposed approach achieves the highest F; scores on the majority of the datasets test-
ed. This indicates a superior balance between precision and recall, which is crucial for reliable anomaly
detection. Furthermore, the method exhibits good stability under different anomaly densities, suggesting
its robustness in varying operational conditions. This research outcome not only enhances the under-
standing of satellite telemetry anomalies but also provides strong decision support for ground operation

in satellite mission analysis and anomaly handling, thereby contributing to the overall safety and effi-

2025, 45(4)

ciency of satellite operations.
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Telemetry data, Temporal anomaly detection, One-dimensional convolutional neural

networks, Generative adversarial networks, Interpolation generation
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Table 3 Comparison of detection results of various detection algorithms on datasets
Hlede it TiGAN Z-score LOF DBSCAN Bi-LSTM TAnoGAN

DY Fy 0.8824 0.7582 0.7018 0.4751 0.6955 0.8842
Rec 0.7895 0.6106 0.5405 0.3115 0.9997 0.9411

Pre 1.0000 1.0000 1.0000 1.0000 0.5332 0.8338

Acc 0.9871 0.9961 0.9974 0.9932 0.5362 0.9913

RK Fy 0.7595 0.5969 0.3435 0.4684 0.7430 0.7239
Rec 0.7124 0.5418 0.8894 0.3788 0.9987 0.8131

Pre 0.8133 0.6643 0.2128 0.6135 0.5916 0.6253

Acc 0.9615 0.9883 0.8887 0.9805 0.6548 0.9566

ZK F 0.8861 0.6846 0.2874 0.5495 0.4815 0.5160
Rec 0.9159 0.7199 0.6445 0.4464 0.9970 0.9837

Pre 0.8581 0.6526 0.1849 0.7143 0.3174 0.3498

Acc 0.9823 0.9917 0.8707 0.9930 0.5534 0.8918

AWS Fy 0.5470 0.2156 0.2039 0.1053 0.3755 0.3078
Rec 0.8733 0.2714 0.7600 0.0563 0.8760 0.7909

Pre 0.39818 0.1788 0.1177 0.8135 0.2390 0.1911

Acc 0.6161 0.7861 0.3557 0.8960 0.3611 0.4064

W FARRZIE R T 1 Eos
Fi score F 4 FHESE BRI RN L

Table 4

Comparison of the influence of feature

learning modules on detection results

Fy 58 ARAEF IR TR IR
JFH1 0.6523 0.6132
7512 0.6531 0.2203
7413 0.8659 0.1403
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Fig. 11  F} score comparison of detection results

of various algorithms
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Table 5 Comparison of the influence of the number of interpolations on the test results
Fy score 2271 FF312 FF513
mask=0 0 0 0

mask=1 0.6429 0.4698 0.8552

mask=3 0.6523 0.5152 0.8552

mask=5 0.6523 0.3421 0.8670

mask=10 0.6523 0.6531 0.8659

mask=15 0.6132 0.6452 0.8670

mask=20 0.6523 0.2203 0.8479
& PRAREIACR, 77 ) LA 0038 A B 227
=S N0 | IR A R RN,
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© 0.6 Th AR A TR, HAERE kT f ik -F,
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