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VLML BN T EE MR TT 52, S Re TR B AL 1 A I
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W LLI K H, T R B

AT, R TR SR 558 (Spatio-
Temporal Graph Convolutional Network, ST-GCN) .
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Fig. 1 Observation area of ground detector
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S BERIZRTE — G217 Windows 111# FLGIEAT
ZHLNAC % T S CUDA 12.8/1i# fUNVIDIA RTX
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Table 1 Network model information

FRIESHL ST-GCN TCN LSTM GRU  Transformer
WSS 42340 164356 53296 40560 76068
EPNTE NLL NLL NLL NLL NLL
WIUEEI%/%  0.0005  0.0005 0.0005 0.0005 0.0005
EFERI% 0.3 0.3 0.3 0.3 0.3
RS & 100 100 100 100 100

322 iRt

AT ST-GONAE R BEAT F Ak o ARHE3. 17815 A2 B
ILEO T B IZ Zh MRS, 40 A8 F W P S B ik AT
Wl SHPT7VE BT X Hodls 56 P RCR W2, A
Accuracy#fEffiZ . MSEXTi % . MAET-#4 0z 2 A
RN FEFR . THE AN
_ TP+TN (15)

TP+FP+FN+TN

Horbe TPRSEPRZIEAEA, BRI A 1EFF A L
By TNRSERFR2fAEA, BTN R AR
FPASEPRZAFEAR, BTN IERE AR S, Bl
FIKCE; FNSEPRZIEREA, AT A 7R A (1) £
&, ERAIEE.

ACC

1 m
MSE = — = 9:) 1
S ’",-; i—9) (16)

1 .
MAE = —ly; - 3|l (17)
m

Horbe y N ECSERHEIRFAEAE ;5B R T K e )
FHIE(E .
®2 SMITERITIIMEE

Table 2 Average performance of two methods

¥E4E  JEFR  ST-GCN TCN LSTM GRU  Transformer

MSE 0.032  0.057 0.0413 0.0373 0.0356
MAE  0.0636 0.1353 0.0927 0.0803 0.0777
0123 scome 935 862  87.12 89.38 91.5
i [a)/s 57.9 669  56.05 103.57 74.37
MSE  0.0249  0.021 0.0370 0.0302 0.0213
MAE  0.0561 0.0512 0.0782 0.0577 0.0463
0345 ACC/% 95 91.75 88.12 925 93.75
B []/s 57.2 65.13 5586 111.65 79.97
MSE  0.0272  0.037 0.0388 0.0281 0.0196
MAE  0.0712 0.0808 0.0851 0.0546 0.0410
0369 Accms 9475 89.3 8875 93.13 95

I TR/ 57.2 68.5 55.47  98.87 74.21

I 1] 2 45 11 28300 epoch J& FE Y IZE AT — Ik 75 B
HFEMTHERT, BACARY () o I AEELE0123,
0345, 0369)5 Ml ZRd FEan 6T . HRHEAS [ s 4
FIIN RO R B, ST-GONBEAI B o . i 2k ek $ili
SHTEPRR . TSR T HERf . TR ZE 50 /. AR 22
ATH, FEMERAR T TH, ST-GCNFEI M EUELEFACC
HN93.5% 95%- 94.75%, ¥JELTFTTCN. LSTMAN
GRU. 5Transformertilt, ST-GCN7E0123F10345%¢
P Byl mn i 2%M1.25%, 50369345 4 g 1%
0.25%. T, ST-GCNMIACCIHIZ94.41%, =T
TR P, RN S @XM IE S
FI e IR T Al P AL

FERAIR 25 1H, ST-GCNATE0123F10369%35 4 1)
MSE/MAE¥Jf FTCNFLSTM. {H7E0345% 44,
ST-GCNIMSEFIMAEHS & T TCN. & % 5 K S T-
GCNI# i B35 RO AH AT 8] 20 P RHAE AT P R &
o T ARG RS B, NIRRT T HE AR E M
PRI BE J s AESF- I B4 (R B ) 55 1 X6 Ak 55 44 7 i &8
AR, FEUE TR ZERE K. M TCNPI B R G
OO R R AR UK, B SIRE SRR E . %
T AT %O R HEIJIN, ST-GCNTEACCH I 3
WAL . BT EHIEE0345 1 ST-GCNIE AL
MAEFIMSEE ¥ 5 T TONAL Y, IL3EAT 2 25 R 50 .
F & I Rl (A5 2R MBS 4 b BE AL HU 800 A 3F
ITRLI, HARZ A 7R . P30 & ST-GCNIY
Wz /NTTCONI, ABAFETE DB BEE BN IE B
L EpIE N8.106 6x10°, TIRIEAAJRME, BIpA
BRRZES A LR EZEZSR (p>=0.05)

FEHEFRITA) J7 16, ST-GCN 7Y 2 3 At S5 f sz
IR, 34K AR TR RIS 57.4 s, AN LR
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Non-Cooperative Micro-Thrust Detection Method for Satellites Based on

Spatiotemporal Graph Convolution

Wang Junjie', Sun Bowen’, Pan Xiaogang’, Peng Yong', Wang Jionggi'

(1. School of Science, National University of Defense Technology, Changsha 410000, China;

2. School of Systems engineering, National University of Defense Technology, Changsha 410000, China)

Abstract: The problem that the weak thrust of non-cooperative satellites, owing to its small magnitude and long duration, is

highly susceptible to being submerged in observation noise, making detection extremely difficult, was prevalent in key stages such

as precise orbit determination of low-Earth-orbit satellites and orbit control of deep-space probes, including midcourse corrections

and near-Moon braking. To address this problem, a spatio-temporal graph convolutional network (ST-GCN) model based on

temporal learning and spatial learning was proposed in this paper. By constructing the ST-GCN model, convolutional neural

network (CNN) , graph neural network (GCN) , and feature fusion are introduced, and network parameter strategies such as

adaptive learning rate scheduling and dynamic graph adjacency weights were adopted to improve detection accuracy and effectively

solve the difficulty in detection caused by the extremely small magnitude of satellite micro-thrust. Experiments on three groups of

low Earth orbit (LEO) satellite micro-thrust simulation datasets show that compared with current popular temporal models, the

ST-GCN model proposed in this paper demonstrates the best overall performance in terms of both accuracy and efficiency. This

method has the potential to be transferred to deep-space exploration scenarios and can provide a technical reference for the situational

awareness of non-cooperative space targets.

Keywords: micro-thrust detection; spatio-temporal graph convolutional network (ST-GCN) ; Non-cooperative satellite;

spatio-temporal modeling; feature fusion

Highlights:

o Apply ST-GCN transfer learning to the detection of low-Earth orbit satellite micro-thrusts, while modeling both the temporal and

spatial dependencies of orbital data.

e Construct a chain-like graph structure with time steps as nodes and adjacent points as edges, aligning with the Markovian

characteristics of satellite orbits to achieve model lightweighting while ensuring feature expressiveness.

e Design a serial framework combining a dilated one-dimensional CNN and a residual GCN to effectively capture weak long-term

temporal features.

e Employ adaptive learning rate scheduling and dynamic graph adjacency weighting strategies to improve model convergence speed

and detection stability while reducing the risk of overfitting.
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