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Table 1 Camera parameters
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Table 2 Camera Pose Estimation Results in Scenario 1

i HiE  ERAER BENURIER  SERRIE R
X/m 0 3.66 4.97 —4.61
Y/m 0 -5.19 13.28 ~7.19
Z/m 350 354.27 365.53 360.87
Roll/ (°) 0 4.98 -6.38 5.45
Pitch/ (°) 0 3.77 8.26 -7.61
Yaw/ (°) 0 -3.67 -10.07 -10.77
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Table 3 Camera Pose Estimation Results in Scenario 2

28 LR 1 T N ot 1
X/m 30 34.01 39.96 40.94
Y/m 30 27.52 34.02 38.51
Z/m 400 395.46 414.88 415.03
Roll/ (°) 0 1.69 7.37 -5.14
Pitch/ (°) 0 —4.17 ~7.58 5.03
Yaw/ (°) 0 —4.13 -10.98 -9.06
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Table 4 Camera Pose Estimation Results in Scenario 3

ZH R OERREA BENUSAEA AR
X/m -50 —46.99 -53.38 -56.99
Y/m -50 ~48.90 -61.29 —62.12
Z/m 450 444.24 467.53 459.56
Roll/ (°) 0 1.21 -4.99 5.88
Pitch/ (°) 0 -4.76 8.39 -3.39
Yaw/ (°) 0 -5.70 -7.51 -7.31
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Table 5 Simulation Parameters
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Fig. 8 Comparative analysis of landing navigation trajectories
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Table 6 Algorithm Comparison Results

HBEAATR SURF + EKF YOLO + EKF LightYOLO + EPnP
&R % /m 0.74 1.06 0.81
BARMIRE () 0.65 0.78 0.63
KA FLREIT /ms 401 381 191
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Fig. 9 Hardware-in-the-loop simulation test platform
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Fig. 10 Zivid 2 + 3D camera and Nokov optical 3D motion capture system
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Fig. 11 Initial feature point extraction using the
3DSIFT algorithm
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R7 WEMTHREMAE (BEZ)
Table 7 MAE of pose estimation (oblique line)

S8 i AL A BEHLREAE S IRFAIE K
Xlem 1.52 7.94 3.44
Yiem 1.22 4.13 2.44
Zlem 1.34 5.71 6.96
Roll/ (°) 4.99 8.19 5.88
Pitch/ (°) 3.67 6.30 4.66
Yaw/ (°) 1.63 6.11 2.06

*8 (IEMITIREMAE (#t44k)

Table 8 MAE of pose estimation (parabolic curves)

S i RFAIE BEHLRRAE 2 e
X/em 1.23 5.92 2.55
Y/em 1.47 4.74 2.74
Z/em 2.08 4.61 2.74
Roll/ (°) 4.06 6.85 5.61
Pitch/ (°) 371 9.11 5.46
Yaw/ (°) 0.84 6.64 2.41

IR 4 R TR, EA RS AT YL %A T, ML
T B AL RS A 8 . LA KR 3 8 T A R R T 56 R
AR S 57 4 AR A i o SR 5 92530 B ) 5 AR AL B2 1
BAT LA T SRR S SR E T D . A RT D
BAIE 1 AR SRS AN R 32 5% 038 FH A% AR R A0 i T 326
BUH A Rk, R T SR ORAIE S A (R B
VRS R A

4 & 1

AR XS /INMT BRI FRAE R B Bl BOGS R R E Sk
I MRS TR, R T — M2 TRAE A R
BRO/NMT AR A XM TR E LM
3DSIFTHLE N AMT B = R P 3R BUJIRRFIE 5L, TF
i T 5 0 2 TR A TR R K 2l B R A B B
i, Gt RERIURE R P 00 PPl U B R R AR
SEMERRFIES 2 85 F Y OLOV 105832 S B ARRAIE 4
R HEBSE I SERH R S BRER s i I I DR A Y
2D-3D ALK R, SR FEPnP K fif 3% 58 BRI 25 407 4
ftithe PiR SRR KRR, ZEIEAEZ RN A
AN R B 8 2% AF T P REOR KR R 5 o e 1k, )
WIGIE 1B R 2 M AE R A e LS I m 1E g
R IRIAT M, /MT B RS R M T TS W
B AR RTT %

SE 30

[1] KA, B, &SP, RS IR S5 s 5 R B[], iR (rh o
30),2024,41(5):52-68.
ZHANG Z, WU D, BAO Y H X. Progress and prospects of deep space

exploration missions[J]. Aerospace Shanghai(Chinese& English),

[3]

[4]

[3]

[6]

(71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

2024,41(5):52-68.

FHL Beth. RS BRIT R ECR B RBIICI]. TR, 2023,
44(11D:1621-1632.

WANG W, YAO W. Research on the technology architecture of space
resource exploitation[J]. Journal of Astronautics,2023,44(11):1621-
1632.

TURAN E, SPERETTA S, GILL E. Autonomous navigation for deep
space small satellites: scientific and technological advances[J]. Acta
Astronautica, 2022, 193: 56-74.

BEES S, SRR, 212, 55 A PUES) T2 1/MT R BRI B B
B L] W R DAL R 2224, 2024, 56 (5) £ 19-27.

FAN M R,ZHANG S D, LI Y, et al. Autonomous visual localization
for asteroid probe fusion orbital dynamics[J]. Journal of Haibin
Institute of Technology, 2024, 56(5): 19-27.

o, BT R AR = YRR (0 35 [l S AL S T VAR ST (D). MR /R
15 IR TE ALK, 2021.

YANG W H. Research on visual navigation algorithms of lander based
on 3D model of celestial body[D]. Harbin: Harbin Institute of
Technology, 2021.

OGAWA N, TERUI F, MIMASU Y, et al. Image-based autonomous
navigation of Hayabusa2 using artificial landmarks: design and in-flight
results in landing operations on asteroid Ryugu[C]//Proceedings of
AIAA Scitech 2020 Forum, Florida: AIAA, 2020.

ROWELL N, DUNSTAN M N, PARKES S M, et al. Autonomous
visual recognition of known surface landmarks for optical navigation
around asteroids[J]. The Aeronautical Journal, 2015, 119(1220): 1193-
1222.

SHARMA S, D'AMICO S. Neural network-based pose estimation for
noncooperative spacecraft rendezvous[J]. IEEE Transactions on
Aerospace and Electronic Systems, 2020, 56(6) : 4638-4658.

W30k, 0, W, 45, B3 DARAE S 2 ) B R B RS AR I 77
VR[], RGN A4 (R 9830, 2025, 12 : 1-7.

YANG W F,JIANG H,PAN X Y, et al. Implicit 3D representation
learning for extraterrestrial obstacle detection[J]. Journal of Deep Space
Exploration, 2025, 12(2): 1-7.

CHEN B, CAO J,PARRA A, et al. Satellite pose estimation with deep
landmark regression and nonlinear pose refinement[C]//Proceedings of
2019 IEEE/CVF International Conference on Computer Vision
Workshop ACCVW). Seoul: IEEE, 2019: 2816-2824.
R, F 48 4, b D7, 46 TS IR A 1R 23] H AR Z RS
TR, P 515 B 244, 2021, 43(12) : 3476-3485.

REN X Y,JIANG L B,ZHONG W J, et al. A vision-based method for
3D pose estimation of non-cooperative space target[J]. journal of
electronics & information technology,2021,43(12): 3476-3485.

B 5L, RS, B, . 2 TR ST AR SRR S8 B s
T, SHUE A S5 A, 2021, 8(3):90-97.

YANG X H,SHE H P,LI H C, et al. Attitude estimation of non-
cooperative spacecraft based on deep learning[J]. Navigation
Positioning& Timing,2021,8(@3):90-97.

PROENCA P F,GAO Y. Deep learning for spacecraft pose estimation
from photorealistic rendering[C]//Proceedings of 2020 IEEE
International Conference on Robotics and Automation(ICRA). Paris:
IEEE, 2020: 6007-6013.

ERE, Eufi, 8, 5 T RBHMEME N IEEIE H A% 5
FI (0], A 44k, 2024, 45(22) : 330248,


https://doi.org/10.19328/j.cnki.2096-8655.2024.05.006
https://doi.org/10.19328/j.cnki.2096-8655.2024.05.006
https://doi.org/10.19328/j.cnki.2096-8655.2024.05.006
https://doi.org/10.19328/j.cnki.2096-8655.2024.05.006
https://doi.org/10.19328/j.cnki.2096-8655.2024.05.006
https://doi.org/10.19328/j.cnki.2096-8655.2024.05.006
https://doi.org/10.3873/j.issn.1000-1328.2023.11.001
https://doi.org/10.3873/j.issn.1000-1328.2023.11.001
https://doi.org/10.1016/j.actaastro.2021.12.030
https://doi.org/10.1016/j.actaastro.2021.12.030
https://doi.org/10.11918/202202032
https://doi.org/10.11918/202202032
https://doi.org/10.11918/202202032
https://doi.org/10.1017/S0001924000011210
https://doi.org/10.1109/TAES.2020.2999148
https://doi.org/10.1109/TAES.2020.2999148
https://doi.org/10.15982/j.issn.2096-9287.2025.20240044
https://doi.org/10.15982/j.issn.2096-9287.2025.20240044
https://doi.org/10.15982/j.issn.2096-9287.2025.20240044
https://doi.org/10.11999/JEIT200440
https://doi.org/10.11999/JEIT200440
https://doi.org/10.11999/JEIT200440
https://doi.org/10.19306/j.cnki.2095-8110.2021.03.012
https://doi.org/10.19306/j.cnki.2095-8110.2021.03.012
https://doi.org/10.19306/j.cnki.2095-8110.2021.03.012

48

WA R Ch3E30)

20264F

[15]

[16]

[17]

[18]

[19]

[20]

WANG Z,Wang J H,LI Y,et al. Non-cooperative target pose
estimation from monocular images based on lightweight neural
network[J]. Acta Aeronautica et Astronautica Sinica,2024,45(22):
330248. https: //www.sciopen.com/article/10.7527/S1000-6893.2024.
30248.

HUANG H R, SONG B, ZHAO G P, et al. End-to-end monocular pose
estimation for uncooperative spacecraft based on direct regression
network[J]. IEEE Transactions on Aerospace and Electronic Systems,
2023,59(5):5378-5389.

BT G UK, AR, 5 ANRARE BN B BOR BT AR )], TR
RIZEAR (PP, 2024, 11(3): 213-224.

LIANG Z X, LU BJ,CUIP Y, et al. Research progress of technologies
for intelligent landing on small celestial bodies[J]. Journal of Deep
Space Exploration, 2024, 11(3):213-224.

SR AR, SREBCC. MUK Bl B 2 S S 4 R HOR F et
JE[T]. RS TR 2EAR (P30, 2024, 11D £ 3-15.

HUANG X Y, XU C,GUO M W. Research progress of autonomous
navigation and control technology for extraterrestrial soft landing[J].
Journal of Deep Space Exploration, 2024, 11(1):3-15.

AW AT R B A B S AU A [D]. MR IR L
k2, 2016.

YU M. Research on autonomous visual navigation method for
planetary landing and exploration mission[D]. Harbin: Harbin Institute
of Technology, 2016.

LEPETIT V, MORENO-NOGUER F, FUA P. EPnP: an accurate O ()
solution to the PnP problem[J]. International Journal of Computer
Vision, 2009, 81(2): 155-166.

SCOVANNER P, ALI S, SHAH M. A 3-dimensional sift descriptor

[21]

[22]

[23]

and its application to action recognition. [C]//Proceedings of In
Proceedings of the 15th ACM International Conference on Multimedia.
New York: ACM, 2007: 357-360.

ZRME, TR AT, S BARRIE R SRR [I]. tHRALTE R 5 R
J£,2025(1): 1-35.

LI C Y,ZHANG Z,LIANG Z H, et al. A survey on object detection
models[J]. Journal of Computer Research and Development, 2025(1) :
1-35.

o, B RS SR I A BO@ A B AR N ST S kiR 0], 1
FEHUVRHSE: 582, 2025, 19(5) : 1115-1140.

WANG N, ZHI M. Review of one-stage universal object detection
algorithms in deep learning[J]. Journal of Frontiers of Computer
Science and Technology, 2025, 19(5): 1115-1140.

MOURIKIS A I, TRAWNY N, ROUMELIOTIS S I, et al. Vision-
aided inertial navigation for spacecraft entry, descent, and landing[J].

IEEE Transactions on Robotics,2009,25(2) : 264-280.

{F#f
REF1997-), L, Wik, EEEHEF T 10 062 1 F S AL 2B
IR

JBAE M - Y5 T R AR R AR B (211106)

HLii: 17766070486

E-mail: wujiaqi77zz@nuaa.edu.cn

KEF988-), T, B, WA T IW, ETHE T 71 HLRAS A
SRR A SOBIEEE .

A5 Mk V954 B 5T R S R KSR 245 211106)

L 15250997028

E-mail: yuxy21@nuaa.edu.cn


https://doi.org/10.1109/taes.2023.3256971
https://doi.org/10.7544/issn1000-1239.202440315
https://doi.org/10.7544/issn1000-1239.202440315
https://doi.org/10.7544/issn1000-1239.202440315
https://doi.org/10.3778/j.issn.1673-9418.2411032
https://doi.org/10.3778/j.issn.1673-9418.2411032
https://doi.org/10.3778/j.issn.1673-9418.2411032
https://doi.org/10.3778/j.issn.1673-9418.2411032
https://doi.org/10.1109/TRO.2009.2012342
mailto:wujiaqi77zz@nuaa.edu.cn
mailto:yuxy21@nuaa.edu.cn

1 FAER], & FETRMEH SRR R AMT B A RS HUTEDT A 49

Feature Anchor Point Tracking-Based Navigation for Asteroid Landing

WU Jiagi', YU Meng', HAN Liangliang”’, ZHANG Yucheng'

(1. National Key Laboratory of Aerospace Mechanism, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China;
2. National Key Laboratory of Aerospace Mechanism, Shanghai 201108, China;
3. Aerospace System Engineering Shanghai, Shanghai 201109, China;
4. College of Aerospace Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: In response to the task requirements of high-precision real-time autonomous navigation for the asteroid probe during
the descent and landing phase, considering the limited onboard computing resources and the complex terrain environment of the
asteroid, this paper proposes a feature anchor point tracking-based autonomous landing navigation method. Firstly, the 3DSIFT
algorithm is used to extract initial feature points from the three-dimensional point cloud data of the asteroid, and the spatial
distribution feature selection mechanism is adopted to select feature anchors with high recognition degree, providing an accurate
three-dimensional reference benchmark for subsequent visual tracking. On this basis, a lightweight convolutional neural network is
used to directly detect and track the two-dimensional projections of the feature anchors in the image sequence, avoiding the
computationally intensive feature matching steps in traditional methods, while ensuring navigation accuracy and significantly
reducing computational complexity. Finally, based on the established 2D-3D point correspondence relationship, the asteroid
lander’s pose parameters are accurately estimated using the EPnP method. Through software simulation and semi-physical
experiments, it is verified that this method can effectively reduce the allowable computing power of the navigation system while
ensuring the accuracy of pose estimation, providing an efficient and reliable solution for the autonomous navigation of the probe
during the descent and landing phase of asteroid exploration.

Keywords: high-precision autonomous navigation; real-time pose estimation; feature anchor point tracking; object
detection

Highlights:

e Considering the complex surface environment of asteroids and the limited computing resources on board the spacecraft, this

paper proposes a small asteroid landing autonomous navigation method based on feature anchor point tracking, providing a new

solution for real-time navigation in asteroid exploration missions.

e A feature anchor point screening method driven by feature recognition degree was proposed, which optimized the selection of

navigation feature points. This method effectively improved the real-time performance while ensuring the accuracy of pose estimation.

e A feature anchor point recognition method based on convolutional neural networks was designed, which can effectively track and

select the post-filtered navigation feature anchors, and assist in achieving high-precision and real-time pose estimation.

e The simulation experiments show that the proposed algorithm can ensure the accuracy and real-time performance of pose

estimation in various application scenarios.
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