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[Abstract]

In this paper, by applying deep learning, one of the A.L techniques, through angle information, which is optical observation
data generated when observing satellites at observatories, distance information from observatories is learned to predict range data,
thereby increasing the precision of satellite's orbit determination. To this end, we generated observational data from GMAT,
reduced the learning data error of deep learning through preprocessing of the generated observational data, and conducted deep
learning through MATLAB. Based on the predicted distance information from learning, trajectory determination was performed
using an extended Kalman filter, one of the filtering techniques for trajectory determination, through GMAT. The reliability of the
model was verified by comparing and analyzing the orbital determination with angular information without distance information

and the orbital determination result with predicted distance information from the model.
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Fig. 2. Layer of the entire deep learning model.
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Table 1. Deep learning layer comparison
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Fig. 4. Deep learning model outcomes.
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Parameter Value Parameter Value
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Table 5. Range prediction model covariance matrix (6x6).
0.0767 -0.0224 0.0309 0.0003 -0.0001 0.0002
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Table 6. Angle only model covariance matrix (6x6).
0.1072 0.0311 0.0704 0.0004 0.0000 0.0003
0.0311 0.1927 0.0801 0.0002 0.0008 0.0002
0.0704 0.0801 0.1263 0.0005 0.0003 0.0004
0.0004 0.0002 0.0005 0.0000 0.0000 0.0000
0.0001 0.0008 0.0003 0.0000 0.0000 0.0000
0.0003 0.0002 0.0004 0.0000 0.0000 0.0000
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Angle Only and Range + Angle Satellite Range Error
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Fig. 10. TLE based range prediction model error
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Fig. 11. Cosmos-2503 range data prediction.
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Table 7. Cosmos range model covariance matrix (6x6).

0.0146 -0.0008 0.0021 0.0001 -0.0000 0.0000
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Fig. 12. Cosmos range prediction model position error.
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Fig. 13. Cosmos range prediction model velocity error.
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Table 8. Cosmos observation data covariance matrix (6x6).
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Fig. 14. Cosmos observation data position error.
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Fig. 15. Cosmos observation data velocity error.
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Table 9. Orbit determination results.

< OD Result > Cosmos-2503 Yaogan-35 Skymed-3 Kompsat-5 Ariane-40
Altitude 689.696km 503.505km 585.749%km 553.055km 581.461km
Egﬂ;gnt Inclination 97.899° 34.995° 97.882° 97.619° 98.303°
Eccentricity 0.0014110 0.0004857 0.0015015 0.0001904 0.0017222
Range Error 3.509km 4.716km 5.838km 4.3148km 4.2755km
Orbit
Determination Covaﬁ@ce Angle (l)nly 1.622km 1.845km 1.630km 1.553km 1.561km
Matrix Angle 220.71m 304.491m 189.42m 258.86m 251.11m
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