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Keypoints detection and uncertainty synchronous prediction for
satellite monocular pose estimation
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(1. College of Aerospace Science and Engineering, National University of Defense Technology, Changsha 410073, China;

2. Hunan Key Laboratory of Videometrics and Vision Navigation, Changsha 410073, China)
Abstract; Satellite monocular pose estimation usually extracts the keypoints of the satellite in the images, and then solves the PnP
( perspective-n-points) problem to obtain the relative position and attitude between the camera and the satellite, in which the accuracy of satellite
keypoints detection is the key to determine the accuracy of monocular pose estimation. To solve this problem, a high-precision satellite keypoints
detection method was proposed, which predicted the image coordinates of the keypoints and gave the uncertainty of keypoints coordinate prediction
synchronously. Then, a weighted PnP constraint equation was constructed to solve the relative position and attitude on this basis, which
significantly improved the accuracy of satellite monocular pose estimation. Relevant experiments were carried out on the public satellite monocular
pose estimation dataset named SPEED. The experimental results show that the proposed keypoints detection method for synchronously predicting
keypoints coordinates and their uncertainty can significantly improve the accuracy of satellite keypoints detection, and by solving the weighted

monocular pose estimation problem, the accuracy of satellite monocular pose estimation has been significantly improved.
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Fig. 6 Definition of 11 keypoints for Tango
satellite in SPEED dataset
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Tab.1 6-fold cross validation experimental results on the SPEED dataset

ik PR S5 1 S 2 %3 5k 4 SRS S 6 ¥
E/rad 0.017977 0.018200 0.018 005 0.019 818 0.018 341  0.017 724 0.018 3
E, 0.006 710  0.007 965  0.007 310  0.007 638  0.007 910 0. 008 451 0.007 7
- E 0.024 687 0.026 164 0.025316 0.027455 0.026 251  0.026 175 0.026 0
24 E, /m 0.004 012 0.004 041 0.003 743  0.004 194  0.004 045  0.004 065 0.004 0
E, /m 0.004 260  0.004 115 0.003 759 0.004 452  0.004 112 0. 004 350 0.004 2
E, /m 0.074 536 0.085 007 0.076 809 0.099 166  0.085 854  0.094 081 0.0859
E,/rad 0.012 182 0.012046 0.013393 0.011 870 0.011 582  0.012 547 0.0123
E, 0.003 801 0.003 385 0.003 577 0.003 824 0.003 741  0.003 632 0.003 7
Ve E 0.015983 0.015431 0.016971 0.015694 0.015323 0.016 178 0.0159
AHMAL E /m 0.002 486  0.002 518 0.002 560 0.002 668 0.002 473  0.002 651 0.002 6
E, /m 0.002 640  0.002 414  0.002 706  0.002 506  0.002 551  0.002 670 0.002 6
E, /m 0.041 066  0.036 357 0.039513 0.047 585 0.043 073  0.039 173 0.041 1
E./rad 0.008 180  0.008 499  0.008 559  0.008 227  0.007 268 0. 008 391 0.008 2
E, 0.002 833 0.003 087 0.002863 0.003 126 0.002 870  0.002 782 0.002 9
E 0.011013 0.011585 0.011422 0.011353 0.010 138  0.011 173 0.011 1

AICIAL

E, /m 0.001 882  0.001 973  0.001 866  0.002 140  0.001 839  0.001 869 0.001 9
Ezy/m 0.001 873  0.001 949  0.001 958 0.002 096  0.001 757  0.001 872 0.001 9
E, /m 0.031 622 0.033222 0.033442 0.039 266 0.032 814 0.032 082 0.033 7
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Tab.2  Comparison of experimental results on the

SPEED dataset

P AT A3 ek ok ol
Ehe A Rdmke [24] 0 [15] [20]

Ey/(°) 0.4691 0.7030 1.0510 8.4300 2.8723
Ey/rad 0.0082 0.0123 0.0183 0.1471 0.050 1
E, 0.0029 0.0037 0.007 7 — 0.1823

E 0.0111 0.0159 0.026 0 — 0.2321
E,/m 0.0019 0.0026 0.0040 0.0550 0.0100
E, /m 0.0019 0.0026 0.0042 0.046 0 0.096 0
E/m 0.0337 0.0411 0.0859 0.7800 0.080 3
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flibt: [—59.68° —65.86° —0.69° 0.269 1 m 0.019 5m 6.573 1 m]
HE: [-60.36° —65.86° —1.51° 0.2739m 0.022 5m 6.606 0 m]
##: [ 0.68°  0.00° 0.82° 0.0048m 0.0030m 0.0329m]

(a) epoch =50

flibt: [—60.47° —65.81° —1.52° 0.2729m 0.021 0m 6.597 4 m]
HE: [-60.36° —65.86° —1.51° 0.2739m 0.022 5m 6.606 0 m]
@ [ 011°  0.06° 0.01° 0.001 0m 0.001 4m 0.008 6 m]

(b) epoch =100

flibt: [—60.39° —65.79° —1.68° 0.272 5m 0.021 3m 6.598 0 m]
HE: [-60.36° —65.86° —1.51° 0.2739m 0.022 5m 6.606 0 m]
@ [ 0.02°  0.07° 0.17° 0.001 4m 0.001 2m 0.008 O m]

(c¢) epoch =150

7 TR SR B S R DN -5 AN 5 HEE T 235 2R (o] 1)
Fig.7 Satellite keypoints detection and uncertainty

prediction results ( example 1)
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ftibt: [-123.21° —38.74° —175.47° —0.079 8 m 0.086 2 m 4.036 4 m]
EAE: [-122.82° —38.81° —173.75° —0.0854m 0.0825m 4.0552 m]
W[ 039 007 1.73°  0.0056m 0.0038m 0.018 9m]

(a) epoch =50
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ftibt: [-123.50° —38.86° —175.02° —0.080 5m 0.086 4 m 4.047 0 m]
EAE: [-122.82° —38.81° —173.75° —0.0854m 0.0825m 4.0552 m]
[ 068 005 1.27° 0.0049m 0.003 9m 0.008 3 m]

(b) epoch =100

ftibt: [-123.31° —38.86° —174.74° —0.081 2m 0.086 1 m 4.044 3 m]
EAE: [-122.82° —38.81° —173.75° —0.0854m 0.0825m 4.0552 m]
W[ 0490 0.04° 0.99°  0.0042m 0.0036m 0.0109 m]

(¢) epoch =150

8 TR SCHE RS- AN E BE B4 SR (7R fdi] 2)
Fig. 8 Satellite keypoints detection and uncertainty

prediction results ( example 2)
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