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Progress of research on noncooperative space object recognition and

pose estimation on the basis of vision and deep learning
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College of Electronic and Information Engineering , Nanjing University of Aeronautics and Astronautics , Nanjing 211106, China

Abstract: With the recent increase in space missions and the proliferation of space debris, the perception of noncoopera-
tive objects has become a critical issue for on-orbit servicing and space situational awareness. Noncooperative objects are
objects in space that lack any cooperative markers, communication channels, or navigation aids, such as defunct satel-
lites, orbital debris, small debris, or unknown spacecraft. Identifying such objects and estimating their six-degree-of-
freedom pose is crucial for various space activities, including debris removal, rendezvous and docking, satellite servicing,
and space security. Reliable identification provides prior semantic and structural information for subsequent pose estima-
tion, and accurate pose estimation supports autonomous navigation, capture, and manipulation. Therefore, progress in

this field is not only of scientific value but also of practical importance for ensuring the safety and sustainability of space
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operations. This study comprehensively reviews the progress of the latest research on noncooperative space object recogni-
tion and pose estimation on the basis of vision and deep learning. Unlike traditional computer vision methods that rely heav-
ily on handcrafted features and geometric modeling, deep learning methods demonstrate high robustness, adaptability, and
generalization advantages in complex space environments, such as those with weak textures, drastic illumination varia-
tions, rapid pose changes, and partial occlusion. We categorize existing research into two major areas, namely, object rec-
ognition and pose estimation, and systematically analyze representative methods along with their strengths, limitations,
and applicability. For object recognition, three main research directions are identified. The first is multimodal visual
fusion, which integrates data from multiple sensors, such as RGB cameras, infrared imaging, depth maps, or radar. By
leveraging complementary features across modalities, these methods can overcome the limitations of single-sensor systems,
particularly in low visibility or with incomplete imagery. However, multimodal fusion often incurs additional computational
overhead and sensor dependency. The second research direction is object detection and segmentation methods. Powered by
deep models, such as you only look once (YOLO) , single-shot multibox detector, faster region-based convolutional neural
network, and mask region-based convolutional neural network, these methods have substantially improved spatial object
localization and fine-grained analysis capabilities. However, these methods typically require large-scale annotated datasets
and often struggle to identify very small or distant objects. The third direction is transfer learning and few-shot learning
methods, which mitigate data scarcity by adopting pretrained models or meta-learning frameworks. These methods have
produced promising results in identifying satellites or debris with limited sample sizes, although domain transfer between
synthetic and real images remains a challenge. For pose estimation, this study reviews four major categories of methods.
First, direct regression methods regard pose estimation as an end-to-end mapping problem and are highly effective when
dealing with symmetric or highly variable objects. Second, keypoint detection methods combine landmark localization with
geometric constraints to achieve robust performance. Third, unsupervised and domain adaptation methods reduce the reli-
ance on expensive labeled data and address the gap between synthetic and real domains through reconstruction losses, con-
trastive learning, or adversarial adaptation. Finally, multimodal fusion methods combine visual data with LiDAR, radar,
or infrared sensing to improve robustness in extreme environments, but the complexity of the integration limits their wide-
spread application. In addition to methodological analysis, this study summarizes public datasets, such as SPEED,
SPEED+, URSO, and BUAA-SID, and self-constructed datasets. Evaluation metrics, such as position error, pose error,
mean average precision, intersection over union, and inference speed, are summarized to provide strong data support for
researchers. For spatial object recognition, the traditional principal component analysis feature extraction method com-
bined with random forest classification achieves an accuracy of approximately 89. 13%. The deep convolutional neural net-
work (DCNN) approach substantially improves recognition performance, with its accuracy increments ranging from 4. 31%
to 15. 03%. By further employing data augmentation strategies, DCNN s recognition accuracy is as high as 99. 90%, dem-
onstrating exceptional generalization and robustness. In the pose estimation task, with the SPEED dataset as a benchmark,
the traditional perspective-n-point algorithm achieves a pose angle error of 8. 74° , with its performance degrading by over
40% in low-resolution imagery. By contrast, the deep learning-based DSOAE-Net model reduces the pose angle error to
7.53° and maintains stable accuracy in low-resolution scenarios, demonstrating high environmental adaptability and robust-
ness. Comparative analysis shows that deep learning-based methods outperform traditional methods in terms of robustness
to illumination variations, occlusions, and structural ambiguity. Multimodal fusion and domain adaptation strategies are
particularly effective in improving cross-domain generalization capabilities. In sum, this study summarizes the main chal-
lenges that face object recognition and pose estimation methods and proposes future development directions to provide a ref-
erence for technical research and engineering applications in this field. The methods, datasets, and evaluation metrics
mentioned are linked at https://github.com/viskyll/openResource/tree/main.

Key words: non-cooperative space target; target recognition; pose estimation; vision; deep learning; multimodal visual

fusion; direct regression; key point detection
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Fig. 1 Schematic diagram of the target components

(Hao et al. ,2022)

Fig. 2 Visualization of 3D position estimation
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Fig. 3 Visualization of 3D pose estimation ((a) pose estimation

visualization; (b) pose Euler angle estimation visualization )
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WA, 25 BB B2 (A4 55 v e o A A 25 K04k Y 3
BURA i, Ok T8 5 AT 7 2T B AL
P VI 255 450 1A 8 L SR, ) 7 L PR AR A 7 13
IR, 8 XS i dht 2k sOXURS T 7 v 4 /N Bl —
PRSI S8 22 S, TS s A RS V2 A RE T o BB BHFSE
IRE T DREA S ) INVREAR T IE L R 3l 25 A AR DL
e 457wk, LA W 2 6] B AR Rh 2 20 AR A BT

g b ARG EES B B AR AL A THOR IE %5t
JUAR 75125 ) R B 2 ) SR Bl Y BRI R e il it . 24
BTS¢ B A C MCRFAE S IS B R DT JE 5% 1] 2 R3S
fil e OB A ) 5 SR RN A5 Ty T e B R 1Y
EEVESZALBE S o AR IR RS 1] EORT R
SRE R LS 2R S BRI, A A AL
23 H MRS5S SR U O S HE

2 ETHREREFINESEZH
BARiR A 7%

FLTLGE - R IE 27~ 1823 1) H AR R 7 ik 22
A3 R 2RSSR R ARSI 5 ) A~
BB 32 RETE ER X HITETHER
B 5 AT SRR AR e 5 45 5 1 A A )
RS REG Jr 0 i 455 RGB IR FILLAMF
Z WL RAME R, 5 PR RHIE R, S THE R 2R 3R
SR BRI JEE S 5 F RS A I 5 20 81 5 i
TSI R AR A 0 45 AR AR M, R R kG
JBEPURN R G R SR 5 A2 27 2] 5 AR A 5 2] T
T i) A 5 B DAY X £14 572 B )t 368 2o R R A% mloy
BRAFEA 27 > SBT3 i) R, BoA R 93 4k
REJT 5 SN A
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2.1 BREARME

BT ZBES I RG 1Y 23 18] B AR g i
Ak B AT DG LLAh IR EE MR A 55 2 A 1 %
R | 7800 FAS [R) RS 2 [ 1) BNV, A7 25042
T EARFUN R HERG R 5 B . 207 R BRI SR A
— BT 27 5 IOGIREUE RSO0 T iy PR
R IRl 3 e AR AR 0 5 B RS R Rl SR
AIRERNYIN SR, SEBLR S ) H AR A e U], R 2 W2
BRS AL E Rl 1S AR 23 18] H AR T %

Zhang 55 A (2024a) Bxf 22 TR DR [RDULIN 2R G2 1Y
JEEVE= ) H AR UM 55, 4 P B B iR ) A 1
LCNN-DMT (lighter convolutional neural network
model with distance merge threshold) , By Bt 1 3£ F
MBRT-D (minimum bounding rectangle with threshold
for distance merging ) fill & /NN AR T 5 R 55 B {EL
B B B 2 36T 2B B SqueezeNet, 5 AT 43 55 45

N+ 5 00 E 7 2 1 ML (efficient channel atten-
tion, ECA) 7328 TLR S, fe gk 22 LR B[R] L
I 375550 1) AL 37 VR AR D4 Tt L7 A i T 5 AR
BN FUIRS 2 TR

X 22 B B AR AE X 5 R Az 1 25 /N H
PRGBS B A L 1], Wang %5 A (2022) #2113 F £
RS FRAE Rl 5 1 ¥ i X0 2 0 I 2%, SR XU CNIN-
Transformer 1 & 2844 , 5| ABSHERAE SO 2 i

AlDahoul %5 A (2022b) 4 i T — b 2 K2 245 R 2
)T R A5G T RGB BIEAIR E KR R(E B il
H T #2517 Vision Transformer 5 %4 1355 2] i CNN
W28, Ji it 4 4 22 Je o A5 ) AR B2

LA, Chen 2 A (2021) $HH T— M2 T 30

PRI 5 22 I5 A Rl B AR VR 23 1] H AR U &
WBITT ik e e BEPREE T R ] ResNet 4 B RGB-D
Z VR, AR5 B IR 45 T A A 2k Y PointNet++
P 2% ek B = A | i ] B I 1R A (farthest point
sampling, FPS) .75 AT 55 = FRIESE IS 20 25, il
THERB S =4 n R R A g s R
FRE R PENIAEE

ARFTERR T T 2B Al G 1Y 25 6] H AR
PN A T RS LG LA R E A
HVER I8 5 Z AL BRI, DU THUN R M 5
PERY NS o %07 ¥ 78 00 M RS EAMAE | i i 4Rk
XF 5% B RSAR B Rl BT L A e B
T HER R E U . SRS R G R T RS
LA AR T 25 (8] HAR R B PERE . TG
JE % , LCNN-DMT £ 51 7€ 37 5 %46 % £, mAP50
(mean average precision) ik 97. 5%, 43 25 Ui iy %
98.83%, CNN- Transformer 5 % {5 ] o 5 2 Ky
94. 7%, ResNet Fll MU 1 PointNet++ 75 BUEUE 5
| 43 #5222 I [ (mean intersection over union,
mloU) ik 93. 2%, SE R4 J7 [ , CNN-Transformer £5
BUAL 12 3 Wi/s, S PR, LONN-DMT ¢ 2 %) [
YOLOv8n(you only look once ) $& F+3# & 17. 6%, S}
PTG . 7ETE R - LCNN-DMT A5 70 75 A 3 i
IR T L0 FE R B, ResNet A1 #E 9 PointNet++
A B I , CNN-Transformer 152 8 1] fiff e g
BN AR UK BN L ), BT, 2R
Bl T AR X 5 S TR AL AR A ok
RS RE 2 S 0 | E R B2 e B Y VA e o E M K el
5 $E T3 18]

K2 ZESURMEHZE

Table 2 Multimodal vision fusion methods

ik ] 2% A 7R i A AR SR EE R JRIBR
A #zs [\ = " ) .
. ‘ - b APS03%97.5%, it
Zhang S WA MRS bkt O AR mAPSOIN07.5%, RS
LCNN-DMT . XF L YOLOv8n 48 TH U 17.6%, K, &3
(2024a) loU i SPARKEE oyt 98.83% S
% . 0 ) 2
. » L o SR 487 M, RMSE = 1.53°, ., .
Wang %\ CNN-Transformer o BRI EL ey iifcygz 94.750 riAPSOSj FIHEBE,
(2022) PALiSoR $2.1% ’ 2 12.3 i/s
T kA R E Bl A ik
# ResNet+i Y 2873 30, SO — B35, o0 o . . E SR
Chen %5 A (2021) PointNets+  7E IS AL T RO MERER KA 4 mloU 4 93.2% e

(=N
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2.2 BREN55SE

Fe T e 5 R A ) A 8] H AR RS, H R
RGN 5 73 0 7 AN BT A L 7 52 23 s [ PR A5

R3WEIR T Z i AL W 28 450 5 1 = L
il , 40 3% AR 28 P B ) FRAE fl G (iterative cross-
attention feature fusion, IC-AFF) X [u] FR11E 45 535
%% (bidirectional feature pyramid network , BiIFPN) %5
PR AR 5 80% . YOLO BB BE 2 A2 K 0 #45%
(single shot multibox detector, SSD) A H: okt ki A< |
Z A T PR RS, 45 A Transformer . ResNet 11
DenseNet 55 25 14 14 5i ¢ fiF 2 JRURE 7 . 43 %07 1
Mask R-CNN ., PR32 [ 28 45 AiE fift 28 ) 2% (fast grid-
based neural network , FGBNN ) 45455 74 3 1o 22 RUJEE il
G5 BRSO AR TS 18] H AR o RS
WA & H a5 R B SEE /N H bR K5
SCHE H bR RS AR

Wang 55 N (2025) $ 7 — Bl i 20l 25 PR 4G
A A ZAR A 45 G Lightweight Feature Extractor ¥
i il &5 BB TC-AFF A1 70— B (A 36 R AR B (part-
whole verification module, PWV) , Z % {{ 1. 99 M,
i VR L S 22 RO R AE S IBON X 23 1] 52 2% /Y
AR AT

HE— 25 HlL, B % 2 B AR B RlE 7], Pensado
A (2023) 32 H £ T £ 2 Transformer 9 4 %
RGB-D .3 H A A6 I M 2% , 5% FH T 47 i 1t 2% 4b 22
RGB FITR FERLAS | 30 o) 5 A28 B AMEE R (cross-modal
complementary module, CMCM) \érﬂfi‘f%ﬁﬁ*ﬂﬁﬂ(spa-
tial attention module, SAM) 1341 5L 48 4k 45 £t (bound-
ary refinement module , BRM ) SZ¥8 2 )2 R E Rl o

X = a2 B Ak B b B A A i N
IR, Zhao 55 N (2022) ik T PointNet++, 3 il 1
JUART R0 B9 45 AF H2 B (feature extraction, FE ) J2 FIHT
PN

Li 858 A (2022¢) 2 T — Rl B A9 IE & AR R
#% H A5 A I 77 3 SCNN-lite (lite model of spacecraft
convolutional neural network ) , J& F- 78 & 45 Bl 25 W)
%% (deep convolutional neural network , DCNN) HE 42
FHERHAT T IREE AT 43 B AR FRGS 5 5k 22 IO 25 B e ik
W28 1 =T 4548 3B fd ] T 5L T K-means ATk,
SRk YOLOV3 I8 /03T 50% , & Bt ims 250 A Az
PERE SRR AL

7/ BRI fE B E ARSI 7 I8, T s AR

(2020) 7 SSD 22 #4 & filf £ #4 £ T NCDN (non-
cooperative detection network) [ % | @l 5 Mobile-
NetV2 PLidi i RO A8 46 5 il A8 0R A 37 5% (B 7R RS
KT 40 m AT T U5 58T R Tl L

Ry R 3 i) 5 AR B AR EE RN BE T, Yang 58 A
(2020b) £ Xf 25 (8] HARRBIME 55, $ ) T — iR &4
AL 28 W 2% HCNN-PSI (hybrid convolutional neural
network with partial semantic information) , 45 & 4 J&)
FEES Jay s SUfE BRI BE o 1207 ki i =
B BOHEZR S « A5 AG: I I BE R FH At Y i /)N 0 F
$EIE {6 7% (minimum bounding rectangle with thresh-
old, MBRT) , i 1o 5 I 3¢ FF LK T 0. 5 B M B AR P
HE i i s g b DR AR R A E S 30
TR EN ), 25 4 ResNet-50 45 A HRHUAS , 7607 ELAL
BB 1 b S B 99. 94% Fy S I YA % 5 A 443 F B B
F I Mask R-CNN X T3 32 1A 45 4 3047158 3R 90y
H s Z VRS U DY BOkE 42 R 58S B R R AR
A R SR AR E PR 3 28 TR (A5 4
REBEPUNHER R PE T 22 99. 70%

T ) 2% [] A4 RS 0 ) 396 A, Xiang 55 N (2020) 2
HE T — R B T R 0 A% R AIE A 22 1 2% (FGBNN) HY
3 (R AR 7 vk, R ARk T AR G E AR AR I
P M DL PR SHUARS I B3/ 25 ) 1) ) L, A% BT
T8 T K HARAG I 45 oAy T A% 202 1] 0 [ 2, 36 3ok 2
AR UM 2, 5T T B ek

Chen %5 A (2020) W £ %t 42 2% 15 25 5 6 IR 4 1F
T T8RRI PRI 9 (5] R, £ 3 il DenseNet 5
ResNet-FPN (residual network-feature pyramid net-
work ) [ RSD (regional-based convolutional neural net-
work based satellite-component-detection model ) 7Y |
FETH 2 RERHE RS RBOR 528 T K FHAEMR 5 K4
SERRAF AR R ok E) HEREDL T J5U 4R Mask R-CNN,

Cao FE N (2024) 42 ) 1 — B S 08 PF 7L 3R R 4
2l Wy 5 L R GEAG T A0 TR A5 DG BEEPR A AGr I 5 4
R , X LSRR T e 0 BER M 2% (high-
resolution network , HRNet) VE R8T /%%, -4k T
K MY Cascade R-CNN F143FI B FCN (fully con-
volutional networks ) , FeZ G T R I AT: 55 (1) SRR
Cascade R-CNN + HRNet Fl 43 #I 4T 55 4 5 i 55 754
FCN + HRNet, 4R 2. 42%, mIoU i 0. 877,

454 Z W B SR , AlDahoul 45 A (2022a) 7]
A EfficientDet 15 EfficientNet-B4 I 45 2244 , S L% 1]
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Table 3 Object detection and segmentation recognition methods

SCHik [ £ A5 750 ot s B LG AR JR B
X . 24 U e P 7 25
oI SR
Li% A(2022¢)  SCNN-lite  DSCHidt i 2 LS50 Eig‘?ﬁfi ’m i&f‘j 32 i Sl\f/’ s 2 B R Ok R
- L BETRK
T
YN U@ %I /\ Bottleneck B i 12 ¥ E  CGRO/GPS SRR N 105 M, i‘g@%ﬁ?{?%
(2022) YOLOv3 BGOSR I quadsat mAP =91.1% ;
B
Liu %A 1A MHSA & i R AL AR, DL K " Cero TR 3 52 A PRI 1R
(2022b) YOLOVS-OMB ik pN it 2 R B b 2 FARERE mAP=S% e
NG A % N
‘ YOLOX_L %gﬁmmmg. fte mAP=96.28%  HARKIMIECR A R
Cosmas Al T WRTERL K B8 2 Ak se
osmas CNN + YOLOv3 CNN [ FPGA fE#LfEHE  THEEAL  SPEED RMSE = 1.98 R I L SR
Kenichi(2020) 5
25132 W
AN a1, JE 45 5 g 35 44 oo, 40 m LR IDRS
(2020) NCDN 75% fr%fi ,ﬂ?ET“ FARAL 5% SPEED 40 m Py, mAP = 90% W] R R
T YOLOvS  7E YOLOvS Neck A5 A A TF " A1k B TR AR i o' iR
AL 2 — %,
LA oy sormn mbUl, ity ERRA mAPSO=OL3% e b
fii o MBRT%& EAIL%%%/J T Sseirne . TERCRAR R G
Yang % A MBRT + Mask [ & MBR,, il i 29 e ToU ™ Eﬁﬁ*ﬁ%/ Top-1 ;z ﬁsﬁﬁ}f T OM%BEE, %
(2020b) R-CNN BIE A IR TN BB o B Sy 4 4 SRy R AE
W RE ' J 1 50%
. . . Z U O U G 6 mloU #2 TF ARZWID
fuo$A - BRIPON soo st ATRRIE S AR o 08 g
DRI 1k 89.2% Sy e
BRI 199M ,
Wang E YN LFE + IC-AFF  ILBlock 5 TFBlock ) 20 & U8 2> . Max-F = 0.956 4, i
(2025) CPWV TR . VSO g oo R
measure = 0.946
Cao %A (ﬁﬁﬁgit%HWbaHM@,@ﬂmwds e AP=8242%  HOEILHCFHR
(2024) . " backbone [fHEE A FERSEE  OPACCTHE mloU = 0.877 IR BEAT A S
i A o NJUD(1985). ... .
Pensado 55 A %)= Trans-  $i& 1Y CMCM . SAM Fl BRM #5 He SRR N 185 M, s, =
*Va o =N JET(;
(2023) formor B SR i NLPR(1 000)., 0.923 X R B ] o e AR
SIP(929)
AR A [R] R e
Xiang 55 A\ T8 o I T AN S R R Ak Acc = 84%, Recall = s A
(2020) FGBNN [ BN EiE S 80%. Fl-score = 82% Jret 22 ROBEAG I
emg
Chen %8 A\ A ResNet-FPN 55 DenseNet , A # R 0 RAE BT EG
(2020) BSD o AR MRS BERFL-score O3% g i
. T I 45 A G AR TR R 43 2 AR Acc = 94%, F1- ; .
AlDahoul % A\ EfficientDet + = NN ~ oro T Hr 5 28 ) 4y AR
(2022a) EfficientNetp4 e W BUBBR R B9 6 HE - SPARK score = 86%, F2- g 5

kS

score = 98.77%
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B AR RN 2 7 5 Z R G326 43 T B IE] AR Tt
RIS RE . De Vittori 28 A (2022) T4 H T —Fl
e F U-Net 3 J& #11 22 W 4% (deep neural network,
DNN) (Szezuko, 2019) (BT 777k , Fl T M B B W
D PRI v ST it B s (8] 5 B B, (B A X & O
L S5 AN JE )R

HFFRAE G BE DT AR R 4 5 PRRETEA 2
(R TR)EE, Lin 25 A (2023 )46 185 42 R i AT 55 5% A6y
AR oy 2RI, 55 T S AR XA BUE S 5
S5 BTG SF-CNN, S B B &t/ H
ORIV iRr = B FUNE B N RPN U N P
PREUG , OR 5 I TSRy i A AR i 2R il 22 RUBE IX Bl 4
W e Jr et T — AN AR AL SF-CNN [ 45 45 5 5
AR EBTHN s 452 R SR M 28 % B AR 3 A AR
3 URE

TE YOLO #5077 1T, Liu % A (2022b) £ H
T LT YOLOVS gttt i) 4% kA Mt K 2 2H A A0
77 YOLOvS-GMB, il i 51 A Ghost F BRI 18 He 4
HORBEAR M 28 240, [ A THREROR , 5K
e ER SO C AR AL MR S P AF IR, R 2k
& S1HLH (multi-head self-attention, MHSA ) 34 55 4>
SRR AE SR ICRE 1, T 255 AU ) A 48 7 B I 4%
(BiFPN) L 2 ROERFIERLG , W T T/ B A5
K IPKS B2, ff mAP 353 0. 81, 78 CPU/GPU | (46
T A E] 16/53 /s

AR AE N (2022) 48t T —Fh 546 1) YOLOV3
Pk R AR | 38 13 45 & MobileNetv2 Fll Res2Net #5 He iif
FH AR ST IR S8 D 55. 5%, 3T H bn ke
0 B RIS B AR 8 T AR & AR
A EA ) BARFRAF U5

Ai 55 N (2022) 3 52 I A 45 1IE 4 T 35 (feature
pyramid network , FPN) 45 4 F1 fift 45 FU 0 1% 2% , 45 &
YOLOF FIE: 55 %} 5% 3k (task-aligned one-stage object
detection, TOOD) , £ i T 2CiE /) YOLOX_L M 4% , 7
H A AT R 5 E mAPIAE] 96. 28%.

AL, Cosmas 1 Kenichi(2020) F1 F & F CNN )
I B e — M T A AR A T KA S A A T T i — 4k
S o A A, I 38 i YOLOV3 S B K4 A 4G I 5
PG E BT LA T RS HE o

Li 5§ A (2023) W T YOLOvS HESE i@ 48 5] A
FROE RG22 RN PR A% ) 26 38 5 22 B FRIE PR AR
1, A Transformer 4 it 5 15 A2 408 11 13 2 1 HLTH]

R RN P 3, O >R FH 28 3 A i I 07 vk S BB L A%
A, AR TR AR AR U B s R
1w gAY YSCRM (YOLOvS-based satellite compo-
nents recognition model) , (i Ji5 1Y) YSCRM 7£ T3 &7
TEUIAE 55 Hh mAP 35 51 84. 3% , 5 5k i A5 AL 2 7}
2. 3%, AR 1 200/

ATERIE T AT ] HAR RN T S TR
JE7 ) B FARAS I 55 73207 I O BIE TS e o 10712
O TR 52 A 5 T HER E A2 AU H AR L YOLO
F I YOLOVS-GMB 5] A Ghost 513 FI MHSA,
PETE/IN B ARAS IR BE 22 mAP Ry 0. 81 LA 3 J& 1K
16/53 5/s ; 24 2F B4 PointNet++38 Al JL ] Jg& 601 5 AiE 2
W2, 43 BIRE BE 7 1 ToU 3K 93. 2% EfficientDet +
EfficientNet-B4 7 SPARK 45 5 HE ) 335 94%. X
BT LTS B b AT 03, 50 A o B A5 3
PP BZS HbRiz AGBe A T4 Tt
2.3 EBFIHFILERES]

TR 50 T g2 18] H AR J7
V5 B e s (6] HAR EHRAE AR B R 3 A = Y
), N 4 vz i B8 2y ) a5 AT RMUBEAL
IR AR RN R IT 7S 2 25 ) HARUME 55 b, 42
THEHITENFEA SRR T BRI BE ) 5 D REA 7 T
AL R i S e ) TR D R TEAE A R
HZACPUNRE S . P &56 AT A R m AR A B H
B2 038 v , 732 i T (B U] ZEBILR
SFINEL R A5 PUN SE S PRy b

Deng 55 A\ (2025) 4t 17— B 5L T i %) 55 119
Z i o3 R T A A A B /N I AR i (dis-
crete wavelet transform , DWT) FlI CNN $2 U %% [8] 5 4
BRI, 30 2 2 (] 4 7 35 W 4% (spatial pyramid
network , SpyNet) 2 il = i 4 T8 A7 2 R

SEAE X 5%, 3 I RS R R AR O B R O PR
K&

TEREARTR B 25 0F T, Zhang % A (2024b) 42
TR AT R 2 AT AHESR i 5 B 25 A9 ResNet-
50 25 PE U 225 B RRAE , 25 5 Rl i R B 2 5
(local maximum mean discrepancy, LMMD) 17 3l i
JO7, 0 55 PRI 5 s ) oA 25 5, AR SR R
AR DL SR IBEESAE B bR 03 25 8RR AE I 58 1

HE— 24, Yang 55 A (2020a) $2 H 1 —FhFKH
D2N4 {77 1%, T REAR 23 1) F AR IR 1207 145
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A T IR ABEELF Image-to-Class & A, I 5]
AT P BB PR LA D Sy 22 57 (] s ) 4
SRt Ak A7 B BRI e 75 1 T

BEAR BT /N A [A] BT, Zeng FT Xia (2017 ) $2 H
TR TR R ) R 2 S RE QR s R) H bR
BOMH R/ INEA R R, 2007 R T 9 JR IR R
P22 ) 2% DCNN,, 38 3o fill & e e 3% 5 32 1L A2 46 R
L RENE A7 R €/ EUIE s NIt || XN = e e
245 HEE A R AE MNP Be A 12 485 1 s 50
454 softmax 73 BUCR A KW 1% 7 IR 400 R4 s
6] F AR S B SEER T 99. 9% A4 2 HER R

AN AEETERY ] 5O E = E

PRI T | LA DR AR AR 5fe-55 1 T FRUAS i ) [
AR ST R AR AR SR < 1A% 27 > 5 1 1
25 190 245§ BBURP AR 5 405 5 Bl IO B R % 5 AN [ Juk
oA RTEHT ARSI RBCR s D REA 2 ) Tk
D2N4, FI FHR LR o i JEE A e K A G o ek
RN ZESE HSRUIIRE ST Bl s Ok 2 2 B
ARY"FERE , 454 softmax 70 EOR A, 73 FEMERR R X
99. 9% X LEF I ot 1T A% KA ZRASE B R R
THBIRCR Sz ALRE ST, 4G onse ] B s 2
P A e R L (A o S s Ve LT ) S g
BN, C AN /N R A R S5 4 5
(ERTEIE S

F4 IBRFIEDEEFINAMNGE

Table 4 Identification methods of transfer learning and few-shot learning

SCHk o] £ AL 7 B R YIS BN e JRi PR
Zhane A ResNet-50 + 454 WO 2k (BRI ) 5 R TR U R
(202‘%“3 D S B (LMMD 42 7540080 B2 % FAsdate 95.26%. SAMI SC b i
FF) L IR 53 A1 25 57 79.02%
Yang %A B DR 222 5] A BUAA-SID-  Top-1#EHAR : 1-shot 3t o A T
(2020a) PN AR BERTHEEFDHIME  Share 1.0 93.08%, 5-shot 97.85% AT
. W AR 58 ] k7 FH 2091 24 R
ZensMXia NN WRLECR U REIAS AHERE R = 00.00% oI I
(2017) i Bz AL RE
gk A HT] 41
Deng %A MWCNN + éng;;N S’;'y;e?jzg;};i;ﬁﬁ LISPEEDs  SSIM:0.912,PSNR: 4 i A8 0/
DC ’ : " 3. A R
(2025) SpyNet + FG-DCN R A 32.6 dB,LPIPS:0.152 )& s
2.4 NG 0 5 AR 0 AERR M S AR E M s BRI 43

AT BT T 3B s (8] H AR R0
2 BSOS ALG | H AR5 4 F DL GRS 2 )
FDREARES]

2 SX AT Fritie ARG VR 2 8] H AR O v
FESLRY A TR AR AN A R R 1 NS g 1
PR MERRR I mAP S4BT TR AR RE LA
B, 22 A3 58 Al A 25 19 LCNN-DMT, 2 % i X
0. 928 M, IEHH 2 mAP 43 1|35 98. 83%.97. 5%; H
FRAG I 5 435025 () HCNN-PSTHERA 2 2535 99. 7%, J&
I R S OS5 R ] HA AR 2 2] 25
ResNet-50 + LMMD, 7£ F #5504 45 1 6 et 35 2]
95. 26% , I H/IMEA G 5 T 1 R A7 MR

Fob— Bgh T X 3RO R E
MY, 2B aG kg 8 RGB EI&
WO TR I8 ML LAR 55 2 IR B , Fr 454 B2 A= sk
BRI 1 3 5 b SO SRR IR BE T R T H A

FF7 LN LL CNN L YOLO F1 Mask R-CNN 25 B ) 4%
S, SEEL T R R B AR S R SRR A, 18 T
Z A5 B bR U R B 5 S R e A 55 e S
DREAR A 2 T VR W G2 i T N SR REAS AN S B (), 3
AT SRR AT B BT 2 > HE SR ST 2k
B A B BRI RE 7 P2 T, 78 S PR s [H) 4T 55
BRI HESY e, 251, 25 iR
ik IEWIE ZIRRE R R m RS AR I ]
K e Zh THEAAE B bR IR 1] 5 )2
T SRS R JE ST 55 PR T 0k 8

3 ETUREREFINESEZHE
BArfLE M7 %

YRR T L SR A AR S AR 23 8] HAR{L
GGV I VR AT KRB 930 428 BRI 7 i OB
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Table S Comparison of target recognition algorithm performance

A TETf
25 WiRiS W S g mAP/%  BESE
(%
(i/s)
LCNN-DMT(Zh: Intel Core i7-13700KF CPU, NVIDIA RTX
B (Zhang  Intel Core i 0.928 M 163.9 98.83 97.5 SPARK
P2 3 L 4 2024a) 4090 GPU
iy CNN-Transf
PANSIOMEr  NVIDIA RTX2080Ti GPU, Intel i7-7700 k CPU 487 M 6.67 947  82.1  SPEED
(Wang 5,2022)
NCDN(#: = & %%, Interl(R) Xeon(R) Silver 4 114 CPU@220 GHz, oM B B 90 SPEED
2020) NVIDIA Quadro P4000 GPU
YOLOv5-GMB
. CPU AMD R7 5800 H, GPU NVIDIA RTX 3070 1M 53 95 81  SPEED
(Liu%§,2022b)
HCNN-PSI(Yang  NVIDIA GTX1080Ti GPU, Intel Xeon ES-2609 .\ o _ BUAA-
A7 K T 5 4 2020bh) CPU ’ ’ SID-1.0
o SCNN-lite(Li %, Intel Core i7 9700 Processor 3.0 GHz, NVIDIA oo oo FUEH
2022¢) 2070s GPU ’ ’ ' PudE
AT YOLOV3 Ubuntul6.04.6, NVIDIA GeForce RTX B 65 B 91.1 ERE s
(B 4 ,2022) 2080Ti GPU ’ PEdE
R YOLOX I i9@9900K CPU, 64 GB RAM, NVIDIA RTX B 50 oeos  segs
(Ai%,2022) 2080Ti GPU ' ’ PEdE
D2N4(Yang£;‘§ s Intel Core 17-6700 CPU, NVIDIA GeForce GTX B B 93.06 B BUAA-
SR 5 b 2020a) 1080Ti GPU : SID-1.0
PREARTET ResNet-504LMMD ) N £ 12
(Zhang %5 ,2024b) ' i

T "R ZIN A =S

F6 ETURESREFIMN=EBIRIAGFTEIT L

Table 6 Comparison of spatial object recognition methods based on vision and deep learning

TrikEn| JE B s

JRIFRE 18

B3

£ RGB IR & 41 A1 Al
WO TR IR 2 IR A
FRIEXT 55 5 B BLAS Al B 1
HARFAEGE S

H AR 2T YOLO . R-CNN 25 [ 2% |
5/0-% 07 mad BERE AL S E A
iR SEH L RBEFRHMERL &
TR ) g G onst S BRIk
/DA g, DA S 3] 2k
FTTE BIFHE

Z RS
W il A J5

% M

fil 5 22 DA B B R AR R B Rl SO AR R S A SRR ] R AL
I8 BN GER RO W S SR nTRE TR U L 2 R E R

ASEAE S B FHARAE R 1E AR S SCHRUR, IR
B2 285U, R RE#

I
(=)

45 JEH]

fits Be R | =S T8l WE Ao

Yt
AR AL B A A sz DT B
R e HESGER R

SRR T DG W R T 5 i M 2 RS
B 7 o X ST ik R ER AR 5 A R |
s LA BRI U T A AEAR 22 57 . A%
(] Y27 1 R S A AR A I R B L 25 2 B o
1) (e U1 PR AT, i 81 I 380 07 S5 Y AR LSS, BLA 46

VTR AR AR D 5 BRI T 10 e Se
{37 PR P ) GBS 5 LA R A T S 250K fi
S SRR S LM A R 25 & G T A A
AR 45 A4 R I 14 e 5 D M el 3 9 7 9 U 25
T3 7 UKo L AR A ) MRS i PR 25 2 AL )
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R, T8 E I TC M R L2 ) RS A R AR
M S BRI )11 2, B2 T LA B 5 58 AR BRI At 1
BT s Z RS Rl 5 7 vk sE o R 2 0845 Bl i
F R EAME T LA T B 5 v 1, )
FHTOGCRRAR AL R Bra s sl 5 B kR 13 5

3.1 HE#EEA

PEARG S 0] H AR AL Al i, B A28 07
V2 SR A T 5 i 30 i ) T 2 2T AR T M e A B
i, AR S S BAR g 6 B i AL S AL
11T TG e A v ) 25 B 0 O e SRS DU sl AR A1 DG R
X ETTIE I AZ L B A 18 e 5l 8K gl i) By
I Hay AT % 2 TA] A4 52 2R RS O 2%, JEHGE T Tk
Z AN S E SIS, RTAWETH
Fe I H R HEEAE2S 8] B AR AL Al 117k

Xiao 55 A (2024) 2 i} (19 LSTM J5 ¥k fif o T B AL
WL T AR B b 3 3h Be S Bl R BRS 2 [n)
O, =8 AN TR 22 FO I e Rl 50 SRR IE
(temporal integration and alignment correction, TIAC)
SR AR 65. 8% , i i K HiE 3K 5l 5 12 PR AT SE 56
SR ARHSE: , (5 AR 07 A ORI 2 = B S
PRz stz AR 2 .

Renaut % A\ (2025b) ¥ LiDAR i = #% 5 % 224
X 224 1% R R E %, R H MobileNetV3-Large YE M
CNN =1, 456 B 3k A7 A0 8L B6 5 Al i, 52
BE T URTIE R 1 225 (B B WA T 2%, B A FRER
2 PR dsym 55 5 T ASCER A i A B 7S 00 X R R
o 10 23 ZS R P Tm) AL, 95 5 DR 909 R 0 A L
(normal distributions transform, NDT) 24 v 35 £7 {37 &
Ak, B AL G ICP $ B0

HE—20 4, Renaut 58 A (2025a) #& L F 55 2
JIE 27 2 (AR R A PR A 2 A O vk R TR 1)
PointNet++ M 2540 B 3D OG5 5 2, BB BeafE
i HH AR NE 28, SRS JERLHL TR R I 2 e RS Ak B
120° 5% xRt , LG U I 2k . 22 LS8 i 56
UE, R EIHANL A HERLE R 420 ms, {37 B2 25
6. 63 em HEAIRZEN 0. 737,

F—J7H, Ye FE N (2023) 48 H T — i T X0H
1B Transformer A 3E G VE 23 [0 H AR B Ak 07 %, &
T M2 K H] EfficientNet-BO $2 BURFE , - 38 18 (7] 19
23 8] H bR 0 = 2P B8 i, i@ % 18 18 7] )5 7O ST 0r X
VIR TIRE % S, i 39 i ) 4% v 0 1 N2 LS S8 AHOR SR IE
LS PR 3 A

=

Yang % A (2024) 2 T PVSPE (multi-task pyra-
mid transformer spacecraft pose estimation network ) Jiiy
#| vty 2 T 55 Transformer B 2% | F % EnPVT
(enhanced pyramid vision transformer) Fl SlimGFPN
(slimmed generalized feature pyramid network ) 4 />3
Pty i, EnPVT 45 5 1 4 Jmy 235 [a) F38 38 7 75 07,
SimGFPN I T SE A7 &0 i 75 R AE oAb, SR
Matrix Fisher F1 22 It /55 1 73 A G AR 2285 0] U ) AS 1
SEME, SRTHERE

Qiao %5 A\ (2024) JWF2 H T —Fh 42 DSOAE-Net
(directly space-object-attitude-estimation network ) [
VR 24 2] M 45, 2% ] CNN 8% Transformer $2 B &4 4>
JRREAE , L A S 1 25 ) B A8 S = 4 fie
LSO

B X OB A T U R 25 2SR i 1] &, Huang 55 A
(2023) F Hi 3 £ CNN 244 , 08 HRNet-w48,,
K 1 2243 3OS S5 KM 37 813 R34 2D S5 g T
RS RE AT 2t 1T P 28 AR PP SR i i , S B i
oI 2

LA, Sy fifp DAt G2 T 102 MRS 22 ik 7 0 SR it 4
Parh S R AR T BIER R, Hou 25 A (2023) fd
1 UNet++HE4T ISAR K434 3 , Swin Transformer FL
Fe N3G 5 1 g b A B AR =35

R PRAL G 7 Bt BB ML S 2 TR B [)
L, Gong 45 A\ (2023) 42 T 36T DNN B2 EA X iz
SR, iR B DNN OG22 AHATL G L2k #
NGEISE 7T EPOR A

5 9 2 B4 A1) 87 77 18, Gao 55 A (2023) & T
U-Net 2848, GIA TR FR 22 M 223k AR B,
T SU-Net(spacecraft U-shaped network ) 4444 , &
T ff PRSI 4% ISAR UG A A0 A i TR 75
BPE B /b i 9] B . Cao M1 Cheng (2023) 1 WK ¥+
EfficientNet-B0 5 FPN 254, i 2 X AR il 454
LR AR AP AL A TR R T 7. 6%,

IEAh, Huang 5 A (2022) 331 T — 4> el () ity
3] vy 25 A5 Ak T W 2% URSONet-Improve , 3 F* ResNet
T RE B T AR e EURE RN R T
FIRL T F AR A A & R R R AR 1

B R A AT SRR, XU S A
(2024) % i T LSPENet (lightweight space pose esti-
mation network ) , 45 & R JE A] 4 B & AL AN ECA i 18
TERIALAL 43 500 115 =47 7% Ak e Eoies , &
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Table 7 Direct regression pose estimation methods

SCHik [ £ A5 A5 sTiga HilitE SOG4k R Jey B
MobileNefV3- TE EPOS B¥s 4E L F- ¥
Renaut 2 A Large + BEIER MobileNetV3-Large TEHERR R TR K 97.9%, i BAES ER3D = EER
(20258 bt (O79%) THIMEI(T37 ms)  EPOS  FHBEN6.64em0.77 s HHAE X B A 2
1%+ B NDT 2[RI HAS 34 iy A ORI R 4 R T R R B 7 RR
= 99.24%
. . i 33 DSC T seSE A sz 3 T SHE A 11.82 M, AP = TEE TR AT
]();gzgj )j\ YOLLOHV?NZ:SE_ BHEACE 11.82 M, [ SPEED  94.22% .mloU =86.61% &k F ., &4 Hil
PRHER 0 PR ZEAIRFE =0.0169 AR 22
s s BTN 1.573°, .
. FGEIE Trans-  SGE AT, B3 5 e fs ot e s = B85 S VR o S
Ye %5 A(2023) formerrans [ SPEED i 15954 0.044 m, 25( = ﬁyﬁﬁz
HM186 M
. HF Trans- . s 1E lightbox Al sunlamp J2 T B 7 L
?;gzgf}\ former [t 21155 Ehmwcgf&”fﬁ ffx SR, SPEED+ 8, Epose />33 0.101 0 ?’;j’iﬁﬁg T EA
W% pySpE  POSeREIRSS- Y0 0.178, 285 H770.15 M o
PR T worsM BRI URSORURAEERE < —
( ;(j‘;f) 5654: N ’”,i‘ AR T3 M 2 ) S PR 4328 1 5°GIEBERS)/20° GEIERS ), -
it + 3 - URSO ;s Z IR
AT R fLERZ <025m
Qiao %5 A LA ROD 2R SF X FRH  SPEED/ . . A S DR ES R
(2024) DSOAE-Net vty & i wspti sppEps CACHIFRIRZEN214T
s EZ e & INCINEESIT i
4 P || 2!
?;g;fff A lﬁjlﬂ;@cw* TR PRGN T o 52% S de
ik, D iR 2= ’
WA R BN, X He R TS s e s
Phisannupawong gD L EBRZEN 1.2 m; BB Ve e o e s
45 K (2020) GoogLeNet R FIMARR G, J5 #7534 URSO 3% 87.03% PR ER K
AL
5] A PSA L He il iE 525 A 4y
FHnEAN ResNet-50 + 2 A9 #% Ak 3 3% F1 HDR #L 4] , URSO fIETRZEH0.85 m, BE RIRUEAE L[
(2023h) PSA #iH L A T S (1 o R = WR2EN9.7° sz etk
Wt
) " {7 B 1R 2K 358.8 m, &
Xiao %\ PR ] AR LSTM AR iR L - e g
(2024) BV by e g g REROO s RERE ASBERR
78 084.8 m
UNet++ + Swin Transformer 2 500040 .
K 1 AN 13'—»(_\_{[ / Eﬂfﬂggﬁj(
?;gff TS SR AR BLISAR SRR <1 f;ifﬁﬁ* i
O R P AT
o SUERIE A B IR 2E < e o
>4 A m
Gong A oy w00 T oo g <ason, IR ST
(2023) RS 38 T 955 O AW B < o
Y 9.0% R
Gao % A Wk B SR 545 ZE SpeedPlus 34 XTI 2% K 0.282° s A
(2023) SUNeL e W T RRE K B AR K 0.065° A ftE
Cao Fll Cheng EfficientNet- il i 2 g R 1iE Al & B 5k 22 R SwissCub SRR 107 MK SO IR S50 5 3
(2023) BO+FPN  FEfrieik WSS e 50.4% S EREER
ST S A S U B 5 R 4% 1 2
Huang %6 A\ URSONet- 2%%%?;?:&%?1“13;; Tango I Esyn:0.029 6;Ereal :0.132 ij ?ig;ﬁ%ﬁl
(2022) Improve eI S TR B BEG 8 AR 474° i, PR 2R Y HE

TRZEZEFFAK18.1%

AR
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B o3 IE o At R ORs 1 2 835 B Ak A R b
75.5% S TR FHRFAE RIS BE J1 o Deng 5§ A
(2022a) W) H4 4% 1 4L ¥ YOLOvSs il HRNet fil 75, JF
5|1 scSE (spatial and channel squeeze and excitation)
FLHLFT DSC (depthwise separable convolutional ) FER
T — A A Y scSE-LHRNet 4%, SCBL T 5
R ARG BARZ ST A A2 IRAY TR 24837
SR TR R S

Huang % A (2021) #2 H —Fh L CNN AR A
S AN [ 7 O LT = T 3 e 2 2 D
1) ZEAS T 1~ W 45, 38 5 20073 28 55 0% 22 DU ST 4k [l e
TOOIMARXS 225 5 2) 07 1 01 U3 5~ W0 2%, il ik 43 [l U 79
DUARXT 7 5 3) HARAIN - 25 , 5T ek SSD 1%
e Rl D PN SR eI A, TR

I 4b , Phisannupawong %5 A (2020) #4 # T — >
BE T w0 A7 Ak TR (R el Y I 2
GoogLeNet, i J T 4F & fEXF 4241 55 . R ] Unreal
Engine 4 42 i1 Soyuz F- 5 C AR AE | il o CNN 2%
MRS 6 A th EES B[R] ek

St AE N (2023) i 2T CNN 9 9 By BE AR
X (RERAR VAL 182 W R- N TR V1= S RE W E R A il i
ORIz & [n A, 1 B ResNet50 #2 URFE ; 26 2 iy
BORIEAT 55 W S0 BT AN 6] 1) e 25 Ak TR A, 52 RS
FH 3 2 0 428 25 SR gk A, 13230 I 43 1) ) B Y
T

T B A G T B B i AR O R FE L Hu SF N
(2020) 4 i —Fp LB BL (1) 6D PR LS Tk %
T —A T CNN FL 2 2 4% (multilayer percep-
tron, MLP) F{ 2 4b B 3D-2D X Jij 5 58 A1 T 18 109 45 4
Hay , R P o 20 i N 2507 =X B AR AR 228N T H b o

FIL =45 (2023b) BPF MR T —Fh RS
WAk 8 T 0 5 5% 22 I 46 1% i 3 o o7 22 Ak O
i o B Ak A VT JT (polarized self-attention, PSA) AL
1) 48 508 2 [ APAIE , Ao R4 TS NS L il ] T A2 2
5T S ) B AR LA T H T I — P I I 5L
Yy siidi I S BRI S 2

Zhang & N (2024¢) Wit T 2 R EEE 13
(multi-scale attention block , MAB) , 45 & £ R £ 1
AR E I HLH . RISEET MABIE T % EL
] EE I 2 /7 (dense multi-scale attention, DMA) B T
P2 R PR R A5 1 . SR S5 53R 3403 3,
3 A PSY- T 57 TR B 7 RS AR, RO BE A

T B o3 SCRR R eREL, A R TR T
BRAL A B 207 R A2 I A A Dy 0 26 R

ARNEER T BT IR A ) 1y H 4R A 7 e
FEG1E 25 ) B ARBLZEAG T b B I, AS ) 33323 7
LR S AR R RE b 4 4 AR, B T 0L IE Transformer
5T e 12 22 1. 573° PRSI 22 0. 044 m, 1t
P Je vy 2 oy AR, A R B Bz AR
B0 IE 5 2k i#F EfficientNet-B0O 5 FPN 45 & 19 5 - 3
K 50. 4% , L= 2 RIEFHIERLS , A 20O
HE 37 S 6 M I R A PSA RS ERL 1) B3 7 iR 25
0.85 m ZEARTRZED. 77, P H 4 53 2% [H] R Ak 410 7 g
R, AN R R B i E 52 3 5% 15 4 5 URSONet-
Improve 5% 7E Tango 1L A EME LRI 22 0. 029 6.,
HERZE0. 132 8 LA MIREL 747 ARG ALE
BRI TIRE B, A R J2 B RGN SRR 5 R
ZALBE 159 454 YOLOVS 5 HRNet i 535 B 254
TG R2 0. 016 9, S i AP B2 5 52 )
PR R I 2T 5 T R RESZ B 5 2R ResNet-50 45
4 SE 1 He 1) 595 78 URSO $i 4l 48 3T B B8 R 2 i
26 <5 MIE DR <0.25 m, RBIEZ 5 T4 4
TORG B A e LBz A sZ FR
3.2 XESED

TEARG VRS 18] H AR AL 2 b T, SR A vk
J&— i i YU H bR R T Y 2 R IE AL S5 LA
LR AT ERAN T B AR SRR,
RPN o XEITIERI O I MR B A = sl
KR, RS BARKY 3D AL B  fR EVE AL, e
B ASR AR 2S

Zhong 55 N\ (2025) 2 T Mtk i CSPDarknet53 48
Fay 2 BT K #% H F5 X 35 (region of interest, ROI) , 9%
J5 38 3k 22 43 BERIFAT CNN 4325 8%, 81 3D-bbox Ti
HAPGE AR, PP JU 2RISR RO IR ZE AL,
i HEORE AR (L X S50 25 0 X iR 285 A D R 24
2 AT AE Z i R

AR T OB SR I 5 2 A B R
Wang % A (2024b) LA PVTV2-B1 A5 T /4%, 454 %
J2 I A BRI S [ SR ] U5 e o 0 DG B s A b 3
JURT 2SR AR BT WA T DR 26 , SR FH ST AR R 1 i 5
W&, 45 6 10 2k A R AE — B0 PrP B 7% (marginalized
sample consensus perspective-n-point, MAGSAC PnP)
SRS I TEL A VIR f s Bz Ak

XSG B A ] A A RS B ) R, AR AE N (2024)
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LA Lite-HRNet %008 T M 2%, $2 THREAE ] 53 B R
HE ARG 172, ] 83 & A G RZ )
P T S, 368 o 0450 3Rt 1k S92 3 0 B 30 O A
T, A% GE B AR R KRB AL IR Z R AR, 5L T
EPnP + RANSAC HIH , Z5 4 Ceres FEAR ML AL 2
TH 2SS I

Chen %5 A (2024) U] 3£ F YOLO-w6-pose . YOLO-
tiny-pose %5 5L [ BRI X £ , 25 2D S G [l I 512
NSRS L5 g alll IS o7 I E BA TR SR (T iaf2a 9 VR el
VAT 00 28 03 M, o Tl AR Ze MO A i — 2D 42 T
PLBAETRE BE

N figf TR CNN A1 8% 25 28 M A AR AR R85 1T Y
AR, Ahmed % A (2024 ) % H Transformer X 2% %5 4
R GE 1 CNN DL 5 B bR TR By OB RRAE SR I 1Y)
WERE , 534046 1 JLOE Ak 7 25, 6 EPnP Al
Gauss-Newton J7 EE AT A1 25K il

X 7S TR X AR AL TR e PR O B MR o AR S )
RLZRVE R, Kajak 45 A (2023) 5% F2E T 70 A5G
B I U NN R TN H A A K e 78 1815 i 2D 5
H A E SR G EPaP SR A OCHE ST 6 F
J# (degree of freedom , DoF )1V %5 .

XX AR A A 18] F AR, R AR A (2023) 12
T — BT i TR AT RO AR R, I T 1%
BT T T2 (8] AR AT 2 IR IE 12 H 000 265 0 G o5
(0] U3 ) 2, e 5t T A AT 1] 0 0 2% 0 Sl i s ) B
o In) b Y 61 502 A 288 119 = 48 300 HE ffy A8, 1)
PRAERRE B A FOR R B PRS2, AT R T 1 %
PRESH B i = BRPE L [R)

7E 5 H W5 v ) I A 3t D7 1, Piazza 58 A
(2022) B¢ 4T 55 43 2 H A A 19 2% (spacecraft local-
ization network, SLN) . # #x [B] V3 & 4% (landmark
regression network , LRN) Fl JLAo f; fb 2K fif %% . SLN
i YOLOvS BEAT X 380k I , LRN £ ] HRNet32 1]
H S A5, 2R 5 il i EPnP Al Levenberg-Marquardt /5
E R AR

Bl Li % A (2022a) $ HY T —Fh T2 7 1
(L2 THHESE A FH 9y B 000 265 S B, ot SR 2 A D00 14
%% (spacecraft detection network , SDN) 2K F§ YOLOX-
tiny # 5 TR A% DX, SC B SRS I 0 2% B T CSP-
Darknet Fl FPN FR1iE 4 73 | 45 & 22 RO Bl HE K
11N TIGE SCBRE  10) 2D Ao S AN S 1 , 4 o AN
SEPETIIN A Shad ARG B OCBE AR, IR B AR AR

3T EPnPSEEAG T 6D i %

Cassinis % A (2021 42 7 —FP 455 51k Hour-
glass CNN HEATRRAEAE I , {i F CEPPnP K fiff #% Ab #
W 2RI AL ARG (modified extended kal-
man filter, MEKF) ¢ A A7 B FIEE A LLAMEE &
T5 i 2

Xu 55 N (2020) I 2R £ T P4 PR 58 7Y O 5 A
F , #5113 3L T Faster R-CNN #E4T H ARG , 45 4
I3 PRI G 5K A BRI TR 2 PR X G B o 4723 90 SR it
(online hard keypoint mining, OHKM) , A% FATHE
ey B B OCHE ARG I 5 S A TS B

Huo 2 A (2020) 4545 H ARSI | S HE A [m J9 A)
JUARTARAL L 3t T — b i 1 I B 2 >0 i) bR v 1 A
KRBT L, FELROBEMHRRER
YOLO-like CNN A fiil % 45 I F0 3D 455 5 5C 5 il
(92D B E BT T FOHE e A W G B A
FEAEAE AT A | 5 J 3 5 PP B2 FULAT AL 284
e A LS.

Ak, EAESE N (2022) #2 H T — F 56 F Trans-
former (1 58 H TR A7 LA 117 15 120 1k 38 o v 2]
i 14) B A2 1] U1 o 2% e 0N T2 H B ) 2D S
FALE, IFE5 G PrP FOEMRIE 6DoF 145, B 1 1%
25 45 BRI 28 00 248 K g A AR 0 0 B 2 [ e 4 3k
A JRIBRE

Alsabhan F1 Alotaiby (2022) 4% 1 T 3t TR & %
TR 28 0 265 5 T R LA RO REZR Sl it 22 RUBE SRR
Filt G 3D S B T LA R B BRSNS R T Be sk
B H bR AT 6DoF (Al T

Ryl G AL G W Y B Bk B AR R 5 67 A 1
3 B, Liu 458 A (2024) #2131 —F B T Trans-
former A9 B [ B ) 2% DTSE-SpaceNet, [% 2% K ot
SR SR AL B2 T 2D S B A IR i PP B
BRI LESHL

ARTTLEIA T T OCHE R A AL 2 A T Tk
SRR )T S VR R A ) G I E AR G B RO R 4 B PP AE R
PSR H AR B E R SRR . OCSHE AR I R T ek
# YOLO . HRNet . Transformer 25 [ 4% , 45 & EPaP.
RANSAC % 5% | 7€ SPEED S5 8046 4 I, & &k dia
(7 AR 2T +10. 36 em el 2. 24°, FHIHK
i ADD $6 b ik 82%~94. 4%, HAE e B a5
BN B 5, AN R R ) 2 RO RS e 6 O A A]
DA 38 T 25 R i I A
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Table 8 Pose estimation methods for key point detection
SCHik %8 245 A AR Ot A EEIES S JrIBR
B e 5 T 4 3D £k
TE HRNet FAE @A Fr BE 5 | s o
Faster R-CNN- . . AP 99.89% ,mloU 90.03%; HE#& &1 , 37 1k B
/t‘ VA/[:{’ !ﬁmj@,‘—'l, i AN N = ’ 7, b
Xus¥A (2020) HRNet + PnP ij}:j}% PRSEE SPEED e iihings 00219 AER T HULAS
’ B
NN N SEHPRSEE AP = 73.2% F
AR i
Moo A (202 YLV s pap STy MREIRAR=TI6 i KIIE A
uo % FRANSAC R BER20.6812° TR IZALhE
N 0.003 20 m
Lite-HRNet + WA%  fit o2 AL S EURRIE R 05 SR 11 M E = 15.1x E Y AR T gt
TAEEEN(2024)  ZEMRIDEE + EPaP + 877 T BEHE, S8 5 2 smm);};%whv U EE N AR TE A
RANSAC K 5 2 ) 0 SRR 2%
LN +L EPnP I s . 7 ST At /NS
iy NP s nmnesa g ossosionEr (L TR
sz evenberg R 5 LA +10.36 cm, JiEf% +2.24° oo PR
Marquardt i E AR
P 22 RO R AE RS 1Y R TR SHR ] 35.2 M, A L O R L
Li%F A (2022a)  SDN+KDN +EPnP BB T HAR, 2F/NE  SPEED 4 : F-31%220.017 8; H K £KE He
FrG P fie Bai iR 250.132 3
Hee s AR I T SR G iR .
Ahmed ZEA Transformer + EPnP ‘;&E '_Jj;jljﬁ;;t 1:4 A{}U/FI\/J {Efﬁ SHRN7.73 M.’,‘:F*i};: HEFHEE <5m
(2024) + Gauss-Newton P, BER 2 Bk 2 73%,  SPEED - 22Kt = 6.48 em, AL 22 IEAT S LN
FLOPs F[%57% Eq=1.52° ®
. W N . 1E sunlamp 1
N éj: E ﬁ/% i .
Wang %\ =T Eﬁﬂf@ “*@fﬁﬁ’t SPEED+/ 2 it 306 Mo Lightbox gy a5 3
(2024b) PVSAR WER, R RO IR, SHIRT ¥, SPose = 0.076; Sunlamp Sl A
B BLHE fL 5% SPose = 0.112 S
A R K 1
7 A it
Cassinis 25 A Hourglass CNN + K‘;.;;\IJ;CEJ?% Eﬁﬂz}ﬁii SPEED PREPRZE: 0118 m; B I I B 7 B A 1T
(2020) CEPPnP : i, B e W 1.33° RN
it
. YOLO-w6-pose + 2D @l & K 5 5 5 5 [7] )= 4T SHEH80.5M, S=0.068, X IE HhTH i K 7%
Chen % A.(2024) CHEEE 4, GFLOPS Y 102.3 URSO DD % 94.4% R i
Zhong 2 A\ CSPDarknet53 + 2 253 HARFMA &GN A URSO/  ADD: 99.6%, ADD: 86.4%; X #k Hrtk e
(2025) IHERIAT 2y W BARRERES SwissCube YRI5 S = 0.056 FR
. N g N é‘ 3000 ,E\:'?ﬂ 2
SR FRHEIRRUBUR 3 IS8 A/ M8 R s ) o ;Qﬁ
Kajak £ A(2023) CNN + EPnP AR R SN B 1.6~2.3; EUScsde . gl | = "
| - N CNN 5 4 X5 Fc il
VISR C-G HT71.7%
J5 1A
ﬁﬁ%ﬁﬁ&%ﬁﬂﬁﬁmemD
Alsabhan F1 ResNet-50/Point- 2 THEFIERES 80K . HH PARE HERER = 89.7% K LB YR
Alotaiby(2022) Net++ Transformer B AE G0 PHHE L , S HRUE %Ei?@ B 38 BRI
H 3

#F+37%

VE SRR AR P A AT B AT BRE A, S ML SRR IR RO o
PG PRIE . A UIZRAE 28 i D28 2R hl -5 40T —

3.3 TMEBREBEEM

TEAE G VEZS A HAR O il it b, B S 3A
I 5 1 (Fang 55, 2024) A7 0 G2 il 1 FLSE5 5 BUEL
B 1] A S8 AR 2% ) N3 9 iz, B3 $id th 24T
Rciesulis Al eI VE R ARL AN n - 5hy

55 2%

ML, B R G Y RE T o B 3E s il
G EUR S SRR RN 5T At A5 To
W S | BT AR AR R R Rz A RE . A
kG A E LR 05K Transformer 2544 , LA



$31%5/ET7H /2026 £7 B

=2, R—=
ETAREREFINESETEBRAANSMEGHTERARER

FEFHRHIESE AR

Park F1 D’ Amico (2024 ) 7E SPN ( spacecraft pose
network ) Y ZEAl b HEAT B0k 3R T —MOE R 2 R
JEE R 2% SPNv2 . 1% W 2% g Z2 A% 55 N 48 J8 A, F 4 A
RAAFAE T A 25028 G0 FHE TN | H br Az 24k
T EARZE AT OGRS TRT ] )3 A R AR S
MBAR R ZAH . MeAh B 38 I — i i A bR
I 15 AT AR AR 1 T 1 AR B T AR BF Y
RO

HE— 2 M, Wang 55 A (2024a) #2117 —Fh B
JUT iy A YN ZRAESE , T ok TR 5 Ak
P18 TS 07 [P R, 2k e e 5 s 6 D B e
SEREDFEUEE A RRGS S S SR 2
[F) AR 22

E$E T Z AL PET7 T, Sun 47 A (2023) 2
T — 454 6 Wi B Transformer W 28 11 CNN A9 3 H

HLE 7 2R TR B8 A T SIFT (scale-invariant fea-
ture transform ) FEAEFE B CNN [ 4 5y~ F 15 b AL BR AR
T Transformer [ Hi 15t 9 26

Pérez-Villar % A (2023) & F Bk HEE Hourglass
P02 155 TN 2D S AR S IR EE AR R 3D 2
{5 B AU B br S THEGdE N BE ), 455 Skt
28 19V 5 5 592 BT M B i

Liu 55 A (2023 ) WS H] 7 W38 —iF w5 AL, 32 4
T DSF-VLM (diffusion supervised fusion-vision lan-
guage model) 7 1% , 45 & R ASCAR SR 7R | 8 3 R
JE Rl 5 R SR T 1 RE

LA, Cassinis % A (2022) $2 i 7 —F CNN 1
BH LA T 2 A D RUBTTE Tt 1 —
T 48 4 SCERBEAILAL ' IR 5 R S 3 1 BB
SRR, LA G BRI 5 LS S 2 PRTAR ) £ B
A% [)

®9 THEERBAEMCEMITHZE

Table 9 Unsupervised and domain-adaptive pose estimation methods

Sk [%H 245 251 B A5, B ST ZE IR JriBR
. . BN 52.5 M, e 7EIAR1E ODR
¢ " Amic VAN o i . o s .
l:;g;i D Amico SPNv2 ﬁ I Eﬂﬂﬂ/ﬁ VRS Spppps ik 648 RS2 T REf LA KR
ChS $0.175 m PEREEAL
T8 3 43 E HE RS HE LA Sunlamp B S = 0.054 55 e st e FE/AE £
Wang %2 A (2024a) HRFormerS Wi {55 B CHE A SPEED z;ggﬁpm&; T e AR L
TR ) HERoR RS = i T
) TR T 3k 2+ 3D N N
Pérez-Villar 55 A Hourglass R X R N o T 3D %
5 A AL
(2023) CNN + PP KN AN, W L SPEED+ SR ZE R 0.081 2 -
— 2
ﬁm%l A?ﬂﬁiiﬁ‘g*ﬁ Mrs =] Ny AN = *&ﬁﬁjﬁ'f&)lﬁﬂﬁ%{tf:
Liu % A (2023) DSF-VILM B f s AT SPEED ﬁﬂgl;%ﬁ 09';’ L N
HGE 1 7] oo o B O 2
CNN-Transformer Ji 528 . NN . o
y o1 A L TRZE N 0.96%; K& Bz btk
185, AR . ’
Sun 5 A(2023) SIN F, SRDAEAS T Trans e WA R
former [ J51 FR
454 SoftPosIT B yE L4k At N b S e o B N
.. \ . . 5% PIERZERN0.2 m, B X H = it
s 4 TR X A . o .
Cassinis % A (2022) HRNet + EPnP  JCHE PR DTS 5 R A7 sehies 0.8 W A

B

AN T TC B 5 A &N AR AR GRS
] H AR Or Ak 1T N, B 7R 22 M L5 SR
P 2 6] o Sl #% IR B, SPNv2 7E SPEED + Bl 4 |
(I ERE fiR 220 6. 48° i FE1R2E M 0. 175 m, 7EZk
BOUAE AT $ T P R AR A A A AL 5 3 T LA 2 3
(9 I 25 HE 22 7€ SPEED %4 4% 4 Sunlamp 3 S =

0. 054 5. Lightbox 5 S = 0. 162 7, Mg it ' IR T e 4k
ANH] DLISFPEBE T F ; DSF-VLM 75 SPEED %4 4 i i
W2 0.3° (iR IR2E 1. 98 em, B B SE R Ak 11
B 22 5 45 A BRGS0 CNN 7 vA 78 ol g5
3% BEIMGGE ERE B B 1R 22 0.2 m VEARIRZE0.8°,
Xof e ity s BT o7 P A R
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TEAE G AR [ H AR B Al 1, 280800 v fl
G R E A R A 2R L B SRR IR
AT DLSCARAL LLAMERL O T IR R IR SRR

$E T4 2 Ak T A & R M FURS BE O FOR , T3k 10 By
I o HAZOAE TR HIAS AR S R (9 A, e iR

AL R AR SR

7o 1802 Bl T Y SR R

R10 SEEURBMAMEMITHE

Table 10 Pose estimation methods of multimodal visual fusion

ZSPREE, AR S G IR S DL K

ik I 2 45000 B Hofte S IR JR B
SRR 43 M, MAE : i
UK G2 8 5 L H i 9.85° RFII A 2.88° . 2 e
Qiotiho2) SN qnen marmmen SO a2 se% i acc ﬁfé‘ﬁf*f‘ BRI
omtRe 3D L F R E T lRALT14% P 94.2% . T
R4 95.1%
Zhangfff/\ SegFormer- P Ry S X g e ) A B R A ZEE 982 M, mAPE = K FF REGFE N Z
(2025) MiT-B5 B TS A 0.63° FIJ BR ]
FREEA I Dense /o Co IR opy LineMOD: P ADD-SIE i e
(2025) Fusion [{1% A ARTRDHE AR AL P 97.6%; [ il a4 . 14 .
SR E e ADD-S 77 89.2%
A S A B R AT B 1 A s g SECRNA8.T MRS X A2 sh i e
Lei 55 A (2024) MSFT N SRS €/aE S T 15.6% PR
&= : PCR-GAN
CD M 7.806 x 1074 %
Cavil - Mask R-CNN 4% & MSN #b 4 i £ 5 7.159 x 10, MSE &% PCR-GAN “E i 1) P #8
o (ZIZ)C;M "™ +PCR-GAN+ PU-GANHETFMZ B, FIEEIRE 35.50%: BIMIIE T8 MU T4, 7 A
cayo GICP MSE 1% 22 [/ 35.59% PR IR TE45.7%, % SR 2 JLATRS
BAIRE  Yaw 42T}
61.4%
. Xof R AHURS , b i
V2N YR pE e % >
WK A(2023)  YOLOWS +1cP oo 0 ROBFIRETRIEHT g Precision = 99.5%. P4 3 30% T U £
Y S A B R A AP50 = 99.5% L
BRI
TERBBE b MET
) ) B YR T i 2 ity T 1| 2 AE ORB.SIFT 5 ICP &%, H e .,
4 B9 3 PEA
f;g‘zlzf" e v MR RANSAC, A RECHAE TE S B BRI 40% % B2 ALt 1
PRI (e DhoL, S i Ak B0k
23 Hy
4 HUGIALSTMAL AR Astos B ASTOS/06JFFNIEEN0.49% ooy v on oo
PN NN LSIM A G i 9 BURSICy AL 2 18573 i;g‘fﬁ‘m T
S SIRBHRE BAIRE A

Zhang % A\ (2025) 42t T —FhJE F £ 38 18 VTl
0B 25 5 ST AL i JORE I = A 25 kit o7k, oy
k3T SuperPoint 22 44 OG5 A5 42 B | 22 3 18 DL fic A
ZERPEAL =B B, B T ff ARG 1F B ARG P 3UiE
e P BURFE VT E K 2 R R

HPRTHHRE K m N R LSS |, Gavilanez
H1 Moncayo (2024) & 11 T —FOBUB B A0 o 424, Ji
TR Mask R-CNN X SZAAIHL RGB E (R 47 H
P 43 R JBE A B, 255 0 25 B A IOX BT I 4%

(point cloud reconstruction generative adversarial net-
work , PCR-GAN) 5 |~ S i AR ¢ T 5, 580 12 (general-
ized iterative closest point, GICP) , il i XJ $ Il Zr 42 T+
o E A GICP Sk SR 2 % 2%, {H PCR-
GAN AE J8C R A 285 B2 v TR 1D, AT RESE I &2 A% L
fAPH HE

Lei % N (2024) SR U3 52 0 268 A4 A58 2 24
53 SR ResNet-50 B T U BURAIE , B RAS Rl &
B 38 3o Transformer /2 fill A 0 52 5 150 PE I & 0
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(inertial measurement unit, IMU ) 1% JE &% 5038 DL & 51
N JZ T B IIHLH R 5 22 R R, A e 5 H A58
ROBERDRIPE R R, (E X i 02 7 s SRR A 2 o

AR, Qiao 55 A (2022) #2111 T CNN Y LA
FAXS AT I ik, E20 Ry 3 B R R S
3D S AR Rl G R, LR R . ResNet18 421
P RHE , 3D Bl S BRI A = B, B e i 4%
JZ R = 4R RS

BG4 L (2023) 3T YOLOVS M 22 9 45 14 4 H
PRI HESR | 255 TR B AR ML 3 o JL ] Sz #8852
W HBR Rz, 2R ICP 3% 5 CAD BERY 5 = HEAT T
T, B 2SS [B) 6 2411 AR (augmented reality )
HESERE AHAZ 07 e P U, B PR P i
30% f R s 5 AL TR I

Nk — DT SRS AT G HE AR ETE
Guthrie 5§ A (2022) 2R 3 44 FUBH 28 [ 2% Siamese
CNN M A5 54 AR B S RO B £, IR 4 5ol
A RANSAC 3% 8 B 57 {1, fre 2000 1 34 77 R ik
7 (root mean square deviation , RMSD ) /i £k 55 7% 5k 4=
P $2 M 28 W 2% (fully connected neural network,
FCNN) it AR 2825

TE AL PR 28 R AR 25 22 5 J7 1T, Rondao 55 A
(2023) 42 H T —Ff 4% K ChiNet (7R B 26 5 45 B 28
W45, 254 T CNN I LSTM BSEH, b 3 2 B2 1 ] D
SCMLLANEE, IF T i 34~ B B 23 J2 I 2 SR s G
PASRY, ffp DR G HRAR AR, |5 B 5 45 ) - R P [ L

FE4HEEE A (2025) 38 13 2t i DenseFusion 4%,
S545 BBr A BUR KA TR 2 0 R B TR oD L 24k
TR HER T , FERRAEZE R DenseFusion, A 1 377
T Gt . E T Blender Ve Ye B4 SE 0O v, R £
RS AT N R LA S TR R g 2 B, I AR 73 4
FH (partial convolution, PConv ) A5 1 > AR X 't BE AN
5 MRS (W BURE DA T T LKA-PSPNet (large
kernel attention pyramid scene parsing network ) >k if§
2 2 ROEHFHIE

AN T ZRSWERLE B eI S 1)
H AR T B W 5 A AT IO (£0Ah
R IR R 5] 55 2 IS A A (5 B SR T B
PSR . T SuperPoint 1 5 72 AT i o bR Jie 5%
REAIE DG it 2K %K 7] 71 ; MSFT 7 SPEED %5 4 fift v 24
H REEROR , % s 5z 3 & FE AN AL 3 20 DenseFu-
sion 7E LineMOD % #i& 45 ADD-S i& 89.2%~97. 6%,

2T M S I ; 454 PCR-GAN 5 GICP (177 4
x MSE BE AR 35. 59%, H 52 M &2 2% JL AT A% B
YOLOvS + ICP #£ H #4554 I AP@0. 5 = 99. 5%,
PR 30% B 7 25 K ; ChiNet Zb B 2 #8525 K14, 78
Astos U4 FE 4K 0. 49% AT B IR 2, 1. 85 44 i%
AR, SRR B

3.5 IhgE

AT I GRIR 2 2 TR A AR A 18] B AR 24l 31
H R R IE , R T 42K F BRI . %
[l SR SRS TG B 5 3k 1 3 7 DA S A
WA TR . R VXA I HEMAEAES M H
FRAor At 17 s A SR A N TP BOIE 4 |, NS 8k |
HEBHE S AR 22 M B iR 25 S5 Yk b AT Tk
PERE LA .

T2 BT 4R 0 SR RN S H
Wi o A 10U 1 3 o v e s ) o ) 4 AR AR
LRk A5 G0 0 FRAE S ORI LA i S i AR, B AT RRK
SRR T A S A 18 A S R R AT 5
S ARG v SR VR A R AR S LA A RS A
Bl PP S5 S AR TSR 4 38 T HA W M 448
JE6 ) H AR Jo MBS 8 3 Iy E at JE
B AR S WA NG, R AR5 v £ i
1, ST AR R T 38 A B BB AT 55 A
B s ZRS A A TR W Ak A RGB BI& R
JEE AN RO TR R 2GR AR TS
PGS 58 AR T R B TR e
) PR35 o R o ek T . AR R T LE S
TRIE 4 2 BT A T 1k S B0 A o 380 o e A 3] 22
PSR 0 W B 5 AT 0k R 4 B A SRR Gy
AEEIRAS A | HARIE Y L S S5 AR S g T Y
X R, J R 5 A N S A BE ALK

4 HIE&E

BAE AR T 5 IR S RS ER M H
i RS R VA ey T e RS S B S i Y (o =iy i
FIEIEIEAN R R B 2 ST R AR T 70 2 A )N
AR, LRI A ) HARAEAS [ S FOE IR &
TR 38 R 28 R R T — I 5,
TIHPERE S XT LSS .

4.1 NFHIESE
AEAE 2 [ B RO 5 00 Ak T 55 5 2
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Table 11 Comparison of pose estimation algorithms performance
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A i Transformer (Ye %5,2023) RTX3090 GPU 86 9.9 573 0.044 m S
PVSPE : %:F Transformer ()24 NVIDIA GeForce RTX 3090 .
70.15M 3125 4.81 0.017 SPEED+
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Table 12

ETMRSREZ I EMITHTENE

Comparison of pose estimation methods based on vision and deep learning
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: FIHLITEE
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LiDAR 5 Z R85 B, i@ 1t
FRAE 9w e o il R T 07
LR

E2.8 )
o il 7

%
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S B 3 R A, AL

AR R T

ZIRE A, DU
PO LRE S,

ZALRE SIS IR, REX B S T
FE LA, 2T S
TR

VESiSEEPRiCAIIPS
AR DU AR A Ak PR AR
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B Z JUAAT Sl | PR S )
B

S5 R M B A R R SR 0 Y
H s

WNZRA A, MO Db b 26 i
TERG s T R

B ARSI
St I 2 I SR A S

RGN A RERE S SIS IR | R P e A
B FEIRME  RECF AT BRARAR T (0 RS B AT 55

BSMITTEARAE , F BTN G2 R K & L.
EHRAEALE 10 000 1% 1 024 x 1 02443 K 4 1A
14, il 13 Blender B U145 75 23 H0E YGRS T A2 1o
H AR A 4 R 4% 0. 62 m K JiE 1. 066 8 m 1l
XFRRICEC IR B AE AR, B4 T STAR 24 B4 % shAlL iy 4h
MU . KR 4E T B AR BAE 1~ 10 m{EE 2]
BEAL A0 A AR RS> A, B0 AT bR 1
ARG B AR 2245 8, AHUOR JE 7E T (5 = S 0 0
FIG, Hbnse— BRI T3R5 2 BARIE S bz 4k
fEJ1.

BUAA-SID-POSE 1. 0 B84 2 th Jb 5t 25 it K
KT 2022 4F K A7, ¥ 55 LRO \ICECube S K 2%,
R 2B E 156 656 I 256 x 256 14 2% 1Y K 1 114
FH4BIE B 2~50 m, {#i /] BUAA-SID 1. 05 . T. F.E
Bo FARBAE AT R ARSI A A 5 0 e 3
I s T 2 BRR U 5060 84k (BAR R 7E T 48
R B e B AR R 5 0 B AR AR 5 e A
U S PR ER 5 0 0 1

SHIRT (satellite hardware-in-the-loop rendezvous
trajectories ) B4 4 J& 1 Park A1 D’ Amico(2022)$2
(B AL B LSRR AR RS 5 A R B R
L BAE S , T W 2 M A S
At . ZBYEHE LT PRISMA 1T 45 1Y Tango il K 2%
RS 38 7 OpenGL {5 4L 2% F1 36 [ B30 f5 K 2% TRON
BL#s I3 PR A= 1l i i #0138 22 25 3 5 (ROET 1
ROE2) (1 J5 41 4%, Hi v, ROET #2480 U5 LDk 45
ROE2 BHUG IS4 A HAnBIIR . 5 s REM

5 URSO ¥4l 4E 7R 151 (Proenca Fl Gao, 2020 )
Fig. 5 Examples of URSO datasets
(Proenca and Gao,2020)

FMRTCAT 22 K GRS E B 0L 28 hR 25 , O 5 AL A0
TR A B SRR REPTAG B A T S

SwissCube £ i % R 1 T & M B2 L & CAD
(computer-aided design) 1574 5 i 9 i Je FoR |
SRR A5 P45 P K BH R B BLA RO S B A0
NS S A B = A B H AR R BETE 1 d—
10 d(d 2y LA FA2) M EBRITE, 95 kh 1 SPEED 4¢
A 4 16 38 BE 5 B AR AN LAY BB 5 B 75 50 000
1024 x 1 024483 0 P IR B s /P A B )
St o AFZRCE AR A M THT S5 56 2 4 48 1) 52 1R
20 M T R0M L Tovk 58 4 SR 23 W i ' o 45

SPEED+ (spacecraft pose estimation dataset

enhanced) 20 9% 4 A 35 [H #r H 4% K 2% 5 NASA F
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2021 4R TR & & A, AL 24 60 000 iR & AR S
10 000 1 5 52 K 14, B #5 4 Tango 112 |, 43 HF &
1920 x 1 200 f& = , 411 4% 1 B 3~40.5 m, i ]
OpenGLYE Gt o HALHAAE T H I FL L& L), 3271
¥z AL RE ) L 3 F T Sim2Real %35 [ H B 5%, (0
AN EAE TR AR A B — {6 55 Tango LA, Y5
LR IR

Cygnus %45 45 T NASA T 2021 4E & A , iU 5 2
20 000 M & 5 IR 540 I K 25 S EHE, o3 e
1024 x 10241538, HARA Cygnus ©SF, FA4R 2
35~75m, & Blender & 3% . HALHTE T4 5% FL5E
KA TS s S vHER I, B R AE T
1§ B /b , HAVEE 55 Cygnus, /02 Hir 5 £33
FEAS

Minerva-112 %% & 42 (Hematulin 2% , 2025) & H
Andrew Price Fll Kazuya Yoshida A JIl 5 T K #5245
it bz 2 il & B 2 & 1T T Haya-
busa2 1T 55 H & 2 Minerva-112 388 08 %% B 1 55 1) B 52
EML R o i 5238 1 Solidworks Photoview 360
AR EE T Minerva-112 59 3D A AY | Jf % H 12 4~ %2
A I A w2 R L G L T AR R CCD
e AR | e B A3 L AN AR 1 5 Ol B i i &2 2
W 7S KRR o RS AR A T 2 A SetA 1
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SetB £ % 10 000 i K F4 % FRASE B T e 151, T 4R
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17 RGUERL, e iR H bR B AT X — 0
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edge of space environment) §i(4fi 45 & — & Ry %5 6] H
PRI 55 BT 95 AR B , i AR 48 K2 (Uni-
versity of Luxembourg) I LMO H1BAF % , 15 150 000
i RGB {5 A1 150 000 7 A2 B {5, B 10 T2
TR WA o B S Unity3D 51 S 7E 25
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WGP o IR AL L TR AR AL
Y9 15 000 iiE PRISMA {T- 45 1 Tango fii K % )& h 1]
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URSO (University of Rome Spacecraft Orienta-
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Table 13 Public datasets
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AKM (Rathinam % ,2025) 10 k/-/- AKM 1024x1024 1~10  JREH Blender
BUAA-SID-POSE 1.0 (Qiao %5 ,2024) 60 k/—/- . N 1280x720 2~50  JKJEKl  BUAA-SID 1.0

ICECube %
SHIRT (Park 1D’ Amico,2023) 5 k/5 ki- Tango 19201200 <40 JREEE OpenGL
SwissCube (Wang 45 2025) 50 k/-/—- SwissCube 1024x1024 0.1~1 RGB Mitsuba 2
SPEED+ (Park 4§ ,2022) 60 k/10 k/- Tango 1920x 1200 3~40.5 JKER OpenGL
Cygnus (Black % ,2021) 20 k/-/540 Cygnus 1024 x1 024 35~75 RGB Blender
Minerva-112 (Hematulin %, 2025) 3 k/-/- Minerva-112 1024 x 1024 <40 RGB Photoview 360
SPEED (Park FI D’ Amico,2024) 15 k/305/- Tango 1920 x 1200 3~40.5 JREK OpenGL

AcrimSat .
SPARK (AlDahoul % ,2022a) 150 k/~/- Aquarius 1280x720 1.5~10  RGB Unity3D

73 ) 45
URSO(Proenga #l Gao,2020) 15 k/=/- Soyuz.Dragon ~ 1080x%960  10~40 RGB Unreal Engine 4

"R N =S
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PERUAHBLS B 32 S S I R i g x v Az fhse
F1, R AR . [FREM 7 AR AT 55 19 H 34X
P4k ZAMRAT 0 LT Beaby | DATE L 52 4% 25 (0] 3 5 75
Ko U Cassinis 25 A (2021) ¥ 8 15U 4 , 5 B Cin-
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ZAS A ORI B L E S B RO IR AR R AR
A 55 RGB EI% | 245 745 1 47 45 B4 2 =X 10 B0
B W NE LS B E 22 0E12 8 N — 5 3
LA Rl A BT AR TR T S, N R S
BRI AR 2R S . (HR R BdE 4
RS S LA S PRMES s R A E L AR
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5 EMNIERR

A TN R TR EE 27 > Y AR5 VR 23 0] B ARiR
WSO RGN RE , T BRI R PERE TR R
(Ahmed 55,2024) .

5.1 RBNERTEMIERR

23 18] HARPUNAT: 55 6045 H bR 7328 A6 5E o7 F1
SrHEIEFALSS . A T ARk v R
LT F8 5 K5 52 (precision) . 3 [ % (recall) |
F1 {8 (Fl-score) . 3¢ 3f It (intersection of union, IoU)
F1-F 285 B £ {H (mean average precision, mAP) 55
(B 4 ,2025)

RSB A AN (A2 A OCHEFE bR . KA A8 S ke
POARSTRUAG I o B AR RIREA P AT Z2 /002 H A2 H s s
4 ] A A LS bR R ARG H Y A

TR 5 304 [ A7 ARG & ZR I, 5
PEFP I, B FEBEF 25, RN

X ision X
Fl = 2 X Precision X Recall

Precision + Recall D

F1ARB R, Wl WA YT P 45 i 4 2 1Y) [] U
BERZEER.

S8 31 1 (LoU) 87k 0 < 15 2092 < 0 2 i
HEPE ST T EE55 B
A,NA,

A,UA,
Ao, A, B0 X, A, R B DX 38 1BE ToU
BAEA 0. 550. 75, AT H Aot 5 8 s ki o

F-EE R (mAP) HI T 2 280010037 5, Bt 5
2k H b5 1Y Precision-Recall il & T 1] #{ (average
precision, AP) , PRI A 2800 Y S4ME , BAK K

IoU = (2)

1 C
mAP:EZAPi (3)
R, C R HRE R BB, AP, W i 2Ky

KiEE .
5.2 {(rEMHIHEMIERR

PEE IR (AW 45,2021 ) A 72 i) H bRz
PN S B S ) 22 1) A bR 8 R
W EG I 8 3108 H A B0 7E = 4 A bR 1 AR R
AN

E,= al> (4)

K, e, FR T 0 F-F8 ) i, 0, ROR FLCH P
) o | - ||, FAR R PRI ER, Sy BE B 1)

PR ZE TN TN LA B A Z (A Y e e
2 (Wl 45,2023b) , % M AT 315

ST HERE B 0 e m i

tpr(-d =1

E, = cos"(tr(R;Rgmd) —! ) (5)
LR, TR, 73 5301 2705 FHUIN R L 52 1) g e 4
e S NI PN Rs|
E, = 2cos'1( Gy qpm,‘) (6)

St g, Fl g, A B PO AU 20 P T8

ADD (average distance and direction )i F F4E X}
PRE R T3 3D BB b BT A s 78 TR0 2 25 11
SRS DA/ N9 2 A el [T S o LY QN R i
RO AT R 22, B

1
ADD ) M 2||(Rprcdx + tP"Cd) - (Rglx + tg‘) (7)
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ADD-S(average distance and direction with scale)
JE ADD FEARIY R 15 TR PR A AR o Gl % 44>
I 5V E S A AR R B T BROS AR A, B
A
ADD-S =

(8)

1 .
z min " (Rprcdxl + tpr(‘d) - (Rg‘xz + tg[)
|M | aem e

X, MR 3D AR A« R AR R A B 3D A
R TR 28R YRR p o, W ESI SR S e, T
(R

ADD-S YR Za i i1 67 24115 25 (LA ADD-S B
) FE TR BIE « N A AREAS L A3, sz B A5 75 e A 3
B 2R

N,
Accuracy vy, = %ﬁd x 100% (9)

A, N, 9 ADD-S 3R 22/N T 7 (Y 1E 5 TN AE A KL
N A5 VA B SRR AR, o 8 B BARR AR Y
10%.
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