a6 % W1 2/ M Fx % W Vol. 46 No. 1
202541 H Chinese Journal of Scientific Instrument Jan. 2025

DOLI: 10. 19650/]j. cnki. cjsi. J2413247

Feen-LSTM : —Ff {44 B &5 1 i S 24
EEEEERTRMNAE"

keL' REAL PR, RFR
(1. BERETRI R AT A% TR 400067; 2. i TR TRV Fig 201100,
3LMRIE T R:  BR/RIE  150080)

2 B R IS R TR R 1] UK 5 03, K 8 i S e A i P PR B e, P R K 2 7 I E s A7 o
WSS o WA DU ECHIE e 1< TG A A ) o A o 0 0 5 B0 ) S RS R 2 Tt T A 42 T
PREERE Ty B HE . AT TR L IS e A ) S MO T4 S R 0 0 11 (L, A8 e 0T (LR AN X &2 2 2 A8 L i
Frepse, BAS IR PEA TR P o AR GTRIBLE 27 > 7 1 B 18 DN Kcdla i B, B AP BE S5 A AVE AN AL AR TR I 2
T3 AE S A D ABTISR FR BRL Y L OREE  , SR T B T OR B2  oF BA AL 35 2 00 50 S A D00 A7 T 1 50 DR B A - — 7 T, 6 S A
SRR IC A HERA P15 S B MO | TSP T P AR BOR R v 1) 5 s i R IR 5 5 — T T, BT D7 TR R4 5 WA
REIAN A MELLTE AR AR B LR P DN oK o B X b (R, $ 1 7 — b 7E 2k HLJG MBS B9 53 W A A2 Feen-LSTM, L2 T
Transformer 2% ¥4 $2 B2 438 AR (14 42 R B 28 A, JR45 A LSTM Sfe F A% oy 38 st (AR5 | AT S B T 4 A 348 5 A R AL 5 44
LTE NASA 2 TF AT A IR A AR 4 1 1 9256, W Feen-LSTM REAS A3 25CHh $E 55 S 5 G0 ks 1, 0 O 76 T v 42 2K
A S RSN, SR PO A 7 125 S A A P RE

KERIA : BRI BCE ; K ICAZ R 46 5 R ORISR 5 7Rk 5 A

HESES: THI6S+. 3 XERIRIAES: A EFRREFRS LK 510.4030

Feen-LSTM : An optimized online unsupervised anomaly detection
method for multi-telemetry parameters

Zhang Jinlei' , Pang Jingyue',Lu Xiaowei’,Song Yuchen’

(1. School of Artificial Intelligence, Chongqing Technology and Business University, Chongqing 400067, China; 2. Shanghai Satellite
Engineering Research Institute, Shanghai 201100, China; 3. Harbin Institute of Technology, Harbin 150080, China)

Abstract: As China’s space industry advances from being a space power to a space strong nation, the number and density of spacecraft
launches have reached new heights. Ensuring the normal operation of spacecraft in orbit has become a crucial task. Spacecraft telemetry
data is an important basis for ground control to determine normal operation, and enhancing the anomaly detection capability of telemetry
data is key to improving ground control’s support capabilities. Currently, anomaly detection of telemetry data mainly relies on expert
experience and fixed thresholds. While these methods are efficient and reliable, they struggle to cope with the complex and dynamic
operating environment in orbit, and the detection accuracy still needs improvement. Traditional machine learning methods show limited
performance and effectiveness as the volume of telemetry data increases. In recent years, deep learning methods have shown great
potential in the field of anomaly detection. However, existing deep learning-based anomaly detection methods for spacecraft telemetry
data still face significant challenges. On the one hand, they heavily rely on the accuracy and completeness of anomaly labels, while
obtaining a large amount of accurate anomaly-labeled data in practical engineering is difficult. On the other hand, existing methods lack
the ability for online anomaly detection, which is essential for meeting the real-time monitoring needs of spacecraft in orbit. To address
these issues, this paper proposes an online and unsupervised anomaly detection model, Feen-LSTM. This model extracts global

spatiotemporal features from multidimensional telemetry data using a Transformer structure and combines LSTM to model local temporal
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dependencies, thereby achieving an optimized structure for feature enhancement. Experiments on two spacecraft telemetry data sets

published by NASA show that Feen-LSTM can effectively improve the accuracy of anomaly detection, especially in the face of complex

data and unknown anomaly patterns, and show better performance than other methods.
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Fig. 1  Overall network structure
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Fig.2  Encoder structure
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Table 3 Experiment results
MSL SMAP
Precision Recall F1-score Precision Recall F1-score
VAE 0.781 0. 813 0.797 0.755 0.737 0. 746
LadderVAE 0. 842 0. 823 0. 832 0.792 0.775 0.783
USAD 0.794 0.991 0. 882 0.748 0. 962 0. 841
LSTM 0. 883 0.679 0. 765 0. 821 0.790 0. 802
LSTM-NDT 0.926 0. 694 0. 794 0. 855 0. 855 0. 855
CAE-M 0.775 1. 00 0.873 0.819 0.956 0. 882
GNN 0. 881 0. 889 0. 885 0. 812 0.944 0. 873
Feen-LSTM (4<30) 0. 893 0.879 0. 886 0.915 0. 875 0. 898
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