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Table 6 Simulation parameter table

iR RHE
15 LI [A]/s 10000
TR (] /s 60
(ENEE] T =100
PRI BV U0 B iR % N(0,10 000 m>I3)
PRI 2SI R iR 2 N(O,(1 m/s)* I)
. \ N©,07I6)
R DI 52 B
oc=1x10
JEN 2SR
RGN )y 2 [
160 000 m21,
B 10 000 m?
Q= 0.0064 (m/s) I,
0.000 025 (m/s) 2
W e 7 T 2 Ry 20_12?16’ OR =5X]O_6
WIUBAN VR 2 07 ZE K«
_ [ 10000 m*15
0= Um/s) 2L
Q¥ BH
BOER a=0.1
A1 y=09
RSN M=N=9
107'Qo < @}, < 10'Qo,
REELR > S
1072 Ry < R} <10°Ry
BEMLED 1 i PR A £=0.1
SoftMaxiit 5 251 temp = 0.8

*7 BEFEBITRK
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Fig. 6 Filtering estimated position results
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Fig. 7 Position error in three-dimensional state estimation
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Research on an Autonomous Navigation Method for the Orbital Phase of
Jupiter Probe Based on QLEKF
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Abstract: To address the challenge of noise uncertainty affecting filtering performance in Jupiter’s complex environment, an

optical autonomous navigation scheme was established based on the relative line-of-sight information from multiple Jovian moons,

using a simplified QLEKF (Q-Learning Extended Kalman Filter) algorithm with a single filter to estimate the position and velocity

of the probe. The QLEKF-single (Single Filter Q-learning Extended Kalman Filter) designs a reward function based on the

innovation of a single EKF filter. The Q-learning algorithm adaptively selected the values of the noise covariance matrix, while the

SoftMax strategy was employed for action selection, ultimately achieving iterative system state estimation by EKF filter. Through

simulation by randomly generating initial state estimates and measurement noise, the simplified model of Jupiter's real orbital

dynamics was verified. It demonstrated that in scenarios with noise uncertainty, the QLEKF-single algorithm effectively improved

navigation accuracy compared to traditional filtering methods. Moreover, compared to the QLEKF algorithm, the run time was

reduced by more than 10% with little change in accuracy.

Keywords: autonomous navigation; QLEKF; greedy algorithm; SoftMax algorithm; Jupiter orbit

Highlights:

e Adopted the SoftMax strategy and transfer actions based on probabilities.

e Designed a logarithmic function of innovation as the reward function to simplify the parallel filters in QLEKF.

e Analyzed the impact of state set size on estimation results under different action selection strategies.
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