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Abstract: Objectives: Precise orbit prediction of low earth orbit (LEO) satellites is the foundation of LEO
augmentation navigation. Due to the impact of non-conservative perturbation forces, conventional dynamic
extrapolation method relies on high-accuracy dynamic models and suffer from rapid error accumulation.
Methods: We combine machine learning algorithms and dynamic integration method to improve the
accuracy of LEO orbit prediction. Three machine learning models are analyzed, including support vector
machine (SVM), back propagation (BP) and long short term memory (LSTM) neural networks. To compare
the performance of different machine learning algorithms in the high-accuracy orbit prediction, we process
the orbit error time series of Sentinel-3A from January 1, 2019 to July 14, with the dynamic features selected
by extreme gradient boosting (XGBoost). The optimal input configuration parameters for each machine
learning models are further investigated to exploit the potential of the models in the orbit prediction. Results:
The result shows that the performance of three machine learning models in the prediction varies from
prediction time. When the prediction time is limited to 20 min, LSTM model presents the best performance
with an accuracy improvement of 38.1%, which is evidently superior to SVM (-0.1%) and BP (-1.2%), and
the corresponding orbit accuracy is 1.07 cm (3D). For the prediction exceeding 40 min, SVM and BP models
outperform LSTM. When the prediction time reaches 180 min, the predicted orbit can still achieve the
accuracy around 6-7 cm with the employment of SVM/BP models. Conclusion: Three models can
effectively improve the orbit prediction accuracy of LEO satellites. LSTM model can achieve the best
performance in ultra-short prediction (20 min), while SVM and BP models are more suited to the prediction
exceeding 40 min. Compared with the traditional orbit prediction method, the improvement of machine
learning models is about 40-50% overall.

Key words: orbit prediction; machine learning; neural network; low earth orbit satellite
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Fig. 1 Processing Flow of Dynamical Orbit Prediction Combined with Machine Learning
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Tab.1 Features of Dynamical Orbit
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Tab. 2 Primary Parameter Configuration of the Model
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Fig. 2 Prediction Method of LSTM (Window length is Four. Black Parts Represent Historical Data and Red

Parts Represent Predicted Data)
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Fig. 3 Sorting Result of Sentinel-3A Satellite’s Features (Sixteen Features Most Important)
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Tab. 3 Optimal Parameters for SVM and BP Models
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BP #E & 4 4 5 7 7 11 12 13 14
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Tab. 4 Optimal Parameters for LSTM Model

i -K/min 20 40 60 80 100 120 140 160 180

LSTM & F2K/Mmin 20 36 30 40 50 72 70 80 90

4.2 ZFMRBIGERR

N A =P8 5 S A BB TR (1 e, KRR IE S B TR L IE 5 AN S
AT LI g 2 R 377 i RMS(root mean square), TR Pl FUIE kS FE 3R T+ 1 40 Ll
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Tab.5 Three Models’ Improvement on Predict Orbits for Different Predict Time

TR B 4 SVM BP LSTM
/min Pml K LTt Pml K FESRTH Pml K FESRTH
20 1.03 -0.1% 1.01 -1.2% 0.59 38.1%
40 0.74 28.2% 0.70 33.2% 0.87 10.6%
60 0.65 37.2% 0.71 30.5% 0.97 1.7%
80 0.53 50.1% 0.56 47.1% 0.92 6.1%
100 0.48 52.1% 0.54 47.7% 1.02 -8.9%
120 0.62 40.9% 0.78 24.7% 1.00 2.9%
140 0.62 40.0% 0.61 43.3% 1.03 -5.9%
160 0.59 42.8% 0.76 23.4% 1.40 -39.5%
180 min 0.52 49.8% 0.51 48.5% 2.14 -102.2%

Nt — B ML 7 S PUE TR RS B, B 7 % EE T 20 miny 100 min A& 180 min
TE TR S50 =P AAS TR A S 1 TR EUE 5 A S B0E LU 2 7 1) RMS, U TR S
K20 min (Bl a) B, JFURE) 1 HREAER LN 1.72 cm, 1 =R AUE IR G A BN
1.73cm (SVM). 1.75¢cm (BP) f 1.07 cm (LSTM). B LSTM &AM AEIL T SVM.
BP AR KB . 4TI Ky 100 min (B b), JREAZH /12 TR HIEKEE N 8.17 cm, 1M
LSTM #E8UE IF J5 (3B RS % v 8.89 cm, K ZINEGEIT 10 cm. SVM. BP HEAY [1 TR 31
TEREFE 402 3.91 emy 4.31 cm, EHREB RS BEFEALREFAE 6 cm LA, BIEAT LSTM
FRAL. TRET KA 180 min (&l o B4R ) 5 R FUE RS B 13.28 cm, SVM 5 BP
FRALZE IR 5, FIRBIEREE > BN 6.67 cm K 6.86 cm, KEFEERTIE b BN
49.8%F1 48.5%. ILET LSTM TRIRPE RS N 26.8 cm. X Ui W 4 4R K25 180 min K,
SVM #1 BP #E28Y T] DA 25 o s U TARORE B, SO B T I8 50% 45 A+, HLEsE e e
THARKE BE T LLIAE] 7 cm BAN .
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Fig. 7 RMS of Predict Arcs for (a)20 min, (b)100 min and (c)180 min
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cm (3D). MHELZ T, SVM Al BP BAUK T ik B K B 3R T RUR A B3, BRI AE T
Ky 20 min A I BEE S LSTM B8, 24 TRk 18] KT 40 min i, SVM 5 BP
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THELBILE 40% LA _F, TRy 180 min RS FEHR TF AT A 49.8%, M35 Ja 1 T- ¥ BB K
fE4 6.67 cm. BP BALAE 180 min B HUS SR ARACR, KFEHRFHIR AR 48.5%, &5
RIETERE FE N 6.86 cm. 1T LSTM A5 28Y 14: i DUt F i B[] g 38 I iz =~ 1%, £ 100 min
PG XHEUE RS O AR THCR . Kk, SVM Al BP R B 58 & 40 min LA_EIHLE
T o

RICSRIR SRR, LT ) SIE SR ) F R PUE R TR G, ARSI R
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