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Research progress on non-cooperative space object recognition and pose estima-

tion based on vision and deep Learning

Jiang Jianxiang, Wu Yiquan®

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 non-
cooperalive objects has become a critical issue for on-orbit servicing (00S) and space situational awareness (SSA). Non-
cooperative objects are objects in space that lack any cooperative markers, communication channels, or navigation aids,
such as defunct satellites, orbital debris, small debris, or unknown spacecraft. Identifying such objects and estimating
their six-degree-of-freedom (6-DoF) 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 estimation, while accurate pose estimation supports autonomous navigation, capture, and manipula-

tion. Therefore, progress in this field is not only of scientific significance but also of practical importance for ensuring the
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safety and sustainability of space operations. This paper comprehensively reviews the latest research progress in non-
cooperative space object recognition and pose estimation based on vision and deep learning. Unlike traditional computer
vision methods that rely heavily on handcrafted features and geometric modeling, deep learning methods demonstrate sig-
nificant robustness, adaptability, and generalization advantages in complex space environments, such as those with weak
textures, drastic illumination variations, rapid pose changes, and partial occlusion. We categorize existing research into
two major areas: object recognition and pose estimation, and systematically analyze representative methods along with their
strengths, limitations, and applicability. Within object recognition, there are three main research directions. 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 area is object detection and segmentation methods.
Powered by deep models such as you only look once (YOLO) , single shot multibox detector (SSD) , faster region-based
convolutional neural network (Faster R-CNN) , and mask region-based convolutional neural network (Mask R-CNN) ,
these methods have significantly 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 area is transfer learning and few-shot learning methods, which mitigate data scarcity by adapting pretrained models or
using meta-learning frameworks. These methods have shown 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
paper reviews four major categories of methods: First, direct regression methods treat pose estimation as an end-to-end
mapping problem and are highly effective when dealing with symmetric or highly variable objects. Second, keypoint detec-
tion methods combine landmark localization with geometric constraints to achieve robust performance. Third, unsupervised
and domain adaptation methods reduce the reliance on expensive labeled data and address the gap between synthetic and
real domains through reconstruction losses, contrastive learning, or adversarial adaptation. Finally, multimodal fusion
methods combine visual data with lidar, radar, or infrared sensing to improve robustness in extreme environments,
although the complexity of the integration limits their widespread application. In addition to the methodological analysis,
this paper summarizes public datasets such as SPEED, SPEED+, URSO, and BUAA-SID, as well as self-constructed data-
sets. Evaluation metrics such as position error, pose error, mean average precision: (mAP) , intersection over union
(IoU), and inference speed are summarized to provide strong data support for researchers. For spatial object recognition ,
the traditional principal component analysis (PCA ) feature extraction method combined with random forest classification
achieved an accuracy of approximately 89. 13%. However, the deep convolutional neural network (DCNN) approach sig-
nificantly improved recognition performance, with accuracy increases ranging from 4. 31% to 15. 03%. Further employing
data augmentation strategies, the DCNN's recognition accuracy reached as high as 99.90%, demonstrating exceptional
generalization and robustness. In the pose estimation task, using the SPEED dataset as a benchmark, the traditional
perspective-n-point (PnP) algorithm achieved a pose angle error of 8. 74° , with performance degrading by over 40% in low-
resolution imagery. In contrast, the deep learning-based DSOAE-Net model reduced the pose angle error to 7. 53° and
maintained stable accuracy in low-resolution scenarios, demonstrating greater environmental adaptability and robustness.
Comparative analysis shows that deep learning-based methods outperform traditional methods in terms of robustness to illu-
mination variations, occlusions, and structural ambiguity. Multimodal fusion and domain adaptation strategies are particu-
larly effective in improving cross-domain generalization capabilities. Finally, this paper summarizes the main challenges
facing object recognition and pose estimation methods and proposes future development directions, aiming 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 .
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2022)

AR5 A5 25 8] H AR A7 2 Al H 2 46 A Bk = AT ] 3
{5 ST EE A7 DRI AL B 26 0F R, AR B H A H
FABL HOCTE & A A T Bo i 2[R H
PREEAT = 4EA7 B S EAE RIS A AL AT
2 A 3 4353 Oy = 4 A7 B RN 2 A5 AN T Y Al AR R

=
AEEVE2S 18] H bR AT 55 T [n] B 0 5258
HRAE TR 23 el s AR AR S VR A%, H
SO 2 F SRR R D2 ok
PR T T2 R0 (global navigation satellite system ,
GNSS) 45 H.iz gl ik 5 A8 22 (Federici 55, 2021) .
PR RATIERUIR 55 T 3hiE B BR 382X
SEAR S5 BRI LA R T A AR 5 2
FER G X SE T RS S St e
TR . EWITE RS T I UM RAE B SE A 1 R
JE 27 27 [ R 28 ol 2 FE T ROR CBAR it 45, 2025)
DL Z RS R G5 TR A S KR S R a1
i 380 i Ay 1S 7R s, T8 0 S R A 5 AR

(a) ZEESAHITAIHLAL

(b) - BRI

((a) Pose estimation visualization; (b) Pose euler angle estima-
tion visualization )
B3 4Rk

Fig3  Visualization of 3D pose estimation
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VERCAE vk, LAGE W 2 (8] BARFP S 2 0E AR A 211
557K

gi b ARA s ) H ARG E AT R IE £ 58
JUART 7 12 1) TR JEE 25 ) BREh B4 AR R et . Y
RPAIF 5 B MVRRAIE SRS BRI DU IS, 5 o) 22
Rl TG B T S A R RO AE D7 1], B BT SR Y
BRI IZALRE S o AR IR SR KT |
SRERE RS SRR ZE S H AR BE , Sy s Al 52
oA TS5 AR AT A5 SR R 0 S HE

2 ETFURE5REZEINIESEZE
B#riR A 5%

BT HLRE 5 R 25 > s 18] H AR 7 vk 4
Aoy R 2SI E RS L BRI 5 o3 %) T4
HOREARSE] =28, R EFEKINETHRER
IRIE o 2 Y AR AS OS2 T T A )
Z RS A T B I 25 RGB IR (21405
ZWLIEEHE R, 5 HARFIER L JETHEE 230
b r R R S E N B AR 5 4 5l
TS E AR ARG 0 7 5 58 S R, 2 M A
JEPUN R G R BER ; iR 27 > 5 DR AR 7 ) 5 1 )
TET [ A A PRI X 1 552 B ) T, 308 e R U B B
BRAE A 27 > SN B 20 i U, B R4z Ak
RE1 59 M E.

2.1 BESNERME

BT ZBESE R A B9 A 1) 5 AR U ki i
flE ok F AT WG (LA R IRIR L RR IR SR 2 T L IR
A R | 7870 A A R BEES Z [) (9 A M, A k8
THEARFUN R E 5 B . 2O BRI G2
— RS E 2T 5t OCIREOE S5 00 /9 EBE
Wk I el 3 o PR ) 5 | B AR R RS S TR
ARSI 2, SR A5 18] H AR R E BUI], R 2 h 2
BSLE Rl G A& MR 2 A AR U 55 .

Zhang 25 A\ (2024) 4/ Hi 1 181 [7] 22 13 Bip ] L0
RGNAES VRS (8] H AR R0 07wk, 42 9 R Bl
#& A LCNN-DMT (lighter convolutional neural net-
work model with distance merge threshold) , [y B —
MBRT-D (minimum bounding rectangle with threshold
for distance merging) fill & f5c /NMERIE 5 H 85 B (A
GBI, B T 2R SqueezeNet, 5| AT 43 B4
A4 20E E T & SIPLE (efficient channel attention ,
ECA) /R PR SR, 2 v 2 T A D R N
ST T8 AL ER B ) 8T, (8 ZE A i I P B 58 T
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Table 2 Multimodal vision fusion methods

Sk R 245 AR Pl EIES S JRIBR
Y BE4E mAPS0 i
Zhang % B A B 0 FI s ] HAREL 97.5%,  HEZESTK
A LCNN-DMT EE AR B AL ToU P2/ SPARKEL  XTLL YOLOv8n#2T1 2552 iR ik
(2024) ) P tE ¥ 17.6%, B
A3 HUERH % 98.83%
Wane 45 SRR 48T,
ang Sy NS - Y e o e
BT ARTE EE RMSE=1.53°, Accuracy  SZ VLA,
A CNN=Transformer gy, SPEED =94.7%, mAP@0.5=  {¥ 12.3FPS
(2022)
82.1%
Chen % X . T 1 78 B A Bl A5 5k % W) e
ResNet+2 7 %) Point- " . RS
A N BRI g ST AR NETE A
(2021) BAARAL T AP BB AR [

PUIRE L2 N R TR T 22 B B0 R a0 5 X
AL H 2 /N H AR P BI0RS R R 0], Wang 55 A
(2022) 4 H BT Z RS RHIE Rl G 09 i X 0 M
2%, K F SR CNN-Transformer 18 & 2244 , 5] A B5
A58 LR S, AlDahoul %5 A (2022b) #2117
— P RIS 345G T RGB BIUR AR
EE {5 &L, i T I 25 ) Vision Transformer 152
R 3 v CNN RO 2%, 3 axf 42 3% 42 22 J % 3 8] H AR
HAE . HEAE Chen 558 (2021) $ 11 T —FfiEE T 32
SOGIRATIN 5 22 IE I il i AR 2 ] H AR TR
A28 PN J7 ¥ 7 = s BE IR EE T SR ) ResNet b B
RGB-D Z I K4 , 76 I 52 B8 20 55 T 1 1] etk iy
PointNet++R 2% 4b B i = B4, 1 FH fpe g 1 KA (far-
thest point sampling, FPS) 5.1k 17 55 = FRAE$2 HL 5
SR G YRR =2 S IR IR 2R AR ]
Y s b R R GUE A
AR/NIERIR T I T Z RS R 1 25 ] H bR
WUy, G T RG] WG A R
IR 2 A B LR U R M S S R 1Y
M o %715 T IS EAME Sl SRR AEXS 55
PSR B RA SaE L, LM E e E ST H
PRATEE R . SRS RS Sl R A 2
1R R AR EE S T2 6] H AR P PERE . IR RS &2
% , LCNN-DMT #5 5 £% 5 5 B s 4 E mAPS0 15
97. 5%, 43 IS UEH 2K 98. 83%, CNN-Transformer 15 7
BUNME R 2R 94. 7%, ResNet F1 ik ) PointNet++
TEA WEHELE #1144 ToU 35 93. 2%, SERHE
[l , CNN-Transformer B %I{ 12. 3FPS, SZHF 8 24,

LCNN-DMT #EAI%FH YOLOv8n $& 7+ B 17. 6%, 552
P PESE O o FE3E P F, LONN-DMT A5 7 A o e
7 A EE T R BIRG BE R B, ResNet A1 2 i 19 Point-
Net++ A< MR B SZEHE , CNN-Transformer 55 8 7] fi#
Pt B RS/ H AR IR BN R ], BRI, £
RS Rl 3d i R R X 5 5 TR R P L TR R A
Hh R SR SR A, (B A A i A 0 5 S
RIS,
2.2 BHirteil5s5E

FETAGE 5 R 5 T i 25 ) H AR, s
I 55 53 0 7 kAN W B LA I 5 A 45 R BRASE o A
RIFR W E R Z R R 25 5T E
JIRLH, ANk A28 SO T RHIE flG (iterative cross-
attention feature fusion, IC-AFF) X [u] FR1E 45 715 %
%% (bidirectional feature pyramid network , BiIFPN) 2§
PR B RS JE 5 30% . YOLO  FL Ry B Z2 A 4G 2%
(single shot multibox detector, SSD) M H:ekt #k A ™
Z WA TP B K I, 45 A Transformer, ResNet,
DenseNet 55 25 14 3% 5 FF AE $2 JURE 07 o 4» B0 1,
Mask R-CNN . FGBNN 45 13 i 2 ROZ Rl & 5 |k
T SCHE SR A AR TR A ] B AR o RS RE . A
FEEE H a5 ERE R, ST/ H R K s 808 H
i BHRG 2H R

Wang % A (2025) $ ) 1T —Fh i 9 5 P4
ISR A A 28 A Lightweight Feature Extractor, f#iF
il 5 ML 1C-AFF F1ER 53 - 8 AR 56 1IE A B (part-whole
verification module, PWV) , Z 4 AL 1. 99M , il i+ 1
RIS 22 RUBEFRAE S 0N X 2 8] 52 2% 1) JU A5 2%
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o JE— LN 2RISR B RE E, Pensad 55 A
(2023) 42 4 3 F £ )2 Transformer (1 353 % RGB-D
2 EAR G I RO 45, >R FHIFAT 9 i 45 b B RGB 1A
JERLZ T8 i B A2 B AMEEHR (cross-modal comple-
mentary module, CMCM) . == [8] 73 & J7 #L il (spatial
attention module, SAM) | i1 %t 4 b £ B (boundary
refinement module, BRM) SZ 1 2 2 R FRE AL & . 4
XoF = 4 i 2 B Ak S Y B A S R R )
A, Zhao % N (2022) it T PointNet++, Hi Al 1 JLfaf
SN Y RRIE AR BRUZ FE JZ AU 28 BRI T Li 55 K
(2022) 42 1y 7 —Fppr AU A AR G AR R & B AR )y
7% SCNN-lite (lite model of spacecraft convolutional
neural network ) , & T TR & 45 B 28 [ 2% (deep con-
volutional neural network , DCNN) HE42 | =R H T
TRIE ] 73 B A TR G 5k 22 I 2 A ROk At I 245 114
TLEH B T T K-means BTk, S8R 1L
YOLOV3 I/ 3 50% , 81 Hi i A% i 6z Il 8 RE 5 42
AL TE/NH PRI IR 85 B AR il 7y i, tk =
KAFEA(2020) 7 SSD ALY LAt EFYEE T NCDN (non-
cooperative detection network ) [ 4% , filt & Mobile-
NetV2 PLidi W RUEE 2846 5 AR IR Ak 37 5 (B 7E B
KT 40 R AT T e 01 VA R T o g e, g 4
548 25 (8] H Bk 1 AL EE U RE 77, Yang %5 A (2020b)
BExs s8] HARRBIME S5 Jd il T —FiR & & B &
] 2% HCNN-PSI (hybrid convolutional neural network
with partial semantic information ) , 45 & 4 JR k5 )5
PR SR SRR RIS B . 3205 il = BeESE
S H AR A I B Be R FH SO 4 e/ N A L T 18 48
7% (minimum bounding rectangle with threshold,
MBRT) , i it & I AHAS B (R I 0. 5 RYFEIEAHE , fif Tk
W UG TR A R R AN B 2 By i o3 &) 0]
W, 454 ResNet-50 FAIE SIS , 7607 FOEE A PS¢
B99. 94% Fy A MR T 25 5 31 1453 K i BEA FH Mask
R-CNN X TR FAREGEHATIR R R 5 Z VRS
PUN B BORE 4 JR) P15 15 G Bl A A 5 A1 e 3 A o
AL TR E PERRE Y 2 28 SRR, (7 400 B U0 v

TR AR TE 28 99. 70%. 1] 1] 25 [A]B% R A6 0 k%
Xiang 55 A (2020) $ 1 —Ffi 5 T P A% 5k A
25 W 2% (fast grid-based neural network , FGBNN) f#) %5
() A 5 i, B AR O T AL G S A AR E W L
I X AR A I Gl 2 ] AR e B T, R B A
TR A G I 2 4 Sy T A 5 [ 0 [ e e St
EME AR AR SE M 2%, BE R T T s B
Chen 55 A (2020) U £ % 52 4 2238 5O AT T T2
A A R N R E Y ) R, £ RS DenseNet 5
ResNet-FPN ) RSD £ # , §i& 71 22 KB R AIE il 5 3L
ST RPHREMR S RS R R P, vk
REDL T It 4 Mask R-CNN. Cao 55 A (2024) 42 17—
Foft T 5 - E R R AR 1 2 ) BRATT L R G A M R
i B PR A I 5 3 KA 4, T8 X L S e
T 5 HE R W 2% (high-resolution network , HRNet) /f
B T S AL T KA A Cascade R-CNN
143 E#E AL FCN (fully convolutional networks ) , fix 2%
AT T REIIAT 55 B S EAL 7Y Cascade R-CNN+HRNet
F43F4T 45 (9 FEAMER TR FCN+HRNet , - 2545 1 #2 7+
2.42% F mloU 35 0. 877, #4545 2 By BE U i 2
AlDahoul 4§ A (2022a) 5| A EfficientDet 5
EfficientNet-B4 HX £ 204 , SE B2 ] H AR BRI 2
B 5 Z W20 53 T 0 E] A 8 TR AR IR
De Vittori % A (2022) Mg T — M2 T U-Net 5 B
22 W 2% (deep neural network, DNN) (Szczuko,
2019) BB i, FH T DA B B UL (&1 4% b S i 4
WS AL B B (LA A X 52 % L 5 37 S5 i P
AN T AL G BB T AR S 2T S T R
SE AN R AL, Lin 558 N (2023) 4 H R4 ey A6 i
155 Ak R JR R — 4 25 IR, 25575 5o R bR X el
WA S 51 S5 AR 1) SF-CNN, SE 3 5
PEPER /N BARRSI o 2 1 el il sefiih S 2
BRE AL BEETR , S8 J5 R Ja B AR (B s A i 2
RO DI, e Jm it 1 — AN Bk 1Y SF-CNN
W28 456 5 | F05 S B HR A B 151 % ke 34 5 I 28 %o H
B o3 AR ik R B HCRE ) o

®3 BHRUESENAR A%

Table 3 Object detection and segmentation recognition methods

BN ) 245 A IR etk EES S AR R Jey PR
LiaE A Epz Y=gz 204 T M I 7R Oy 22
(2002) SCNN-lite DSCAEH B FHRFILSEEE . MR SE R 28M ,mAP=93.28% 1 2 B, K IS BE
EUBRAE HR%

(CEIEISEASIES e ks
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SCHik D) 245 A et s Bl S Ak L JaiB
W on 2 ERY 5] A Bottleneck # B, i i¥  CGRO/ Ay B 45 B X6 B 2
A Yojf() B WREE ] 4y 8 B BRI GPS quad- BHUEH 105M ,mAP=91.1% =% [i] i F #9392 1k
(2022) Y e sat fie A1
o 5| A MHSA & & e 35k, ; . )
Liu % A YOPOVS— DL BiFPN 315 19 1 A E WAP=81% ?Eﬁ»ﬁﬂmﬂiﬁ (63
(2022) GMB s S REZFR
AEf@ A
TOOD 3k # 18 YOLOX ¥ fif
Ai N Boltry #E Sk AT S XSRS HEK PR 5 PO B e R SN
(2022)  YOLOX_L TAL 4R F+4h 2 55 % (7 0 Hchiefe SRR 210 mAP=96.28% 1ot i ppr
Eikds
Cosmas CNN+ B IR AEL R s 2o Al it rp
E SN VOLOW S2PE CNN (9 FPGA 76 %L #E SPEED RMSE=1.98 R S A
(2020) Y N 132 W
W= K Al 30 18 40 R T ST - R R ST
4 AN NCDN  75% il 5 & , K B #1 2k  SPEED 40 K mAP= 90% ‘;2;; gﬁiﬁw‘”ﬁ
(2020) 125% o T
L A Yofim 72 YOLOVS Neck AU Ay gy R 1 5
v HY, PR & - % Y i3}
(2023)  yscrmpg NERIIPURL RIS 5 mAP@SO=IL3% e b ot v
i Nl
Vane % MBRT+ fii I MBRT 5& i , Bk dE 1L 58 & B0 THARCRAL, IR AW
BT kR MGIEY MBR @ S Top-1 3 2KERIH=99.94%; HEHZ I
(50208) ‘;SNN FEHIOU M 4 FEABEME,  BUAA- Sy 4 4 R R AE 7 3
T+ B AR R GE SID 1.0 1 50%
fhao % o FUSHEG U ﬁji’i
A P tlﬁ e 03705%: RUEIERETRABIE 1'4: oy SEIAI208M 3DSaNetik 84.7%,  BUEAHLELZ R
(2022) T s pE ik 89.0% AR TR
Bl
Wang %% ILBlock 15 TFBlock A4 4H 4 Vi PN
LFE+IC- 00 S , ZHCEH 1.99M |, Max-F=0.9564, .. B
A AFpspwy D PRIURBTHRE SR SwissCube =y b 0 0 b casure=0.046 - AR
(2025) &
Cao 2 Cascade R— £ X /N H 5 ] 8, 38 33 Spacecrafi- LA RN

CNN + HRNet backbone £ 5 & 73 AP=82.42%, mloU=0.877
2024 L DS , R R
( ) HRNet+FCN 32451 7] PUIRG BEAS 2

NJUD

Pensado —— " .. (1985).
g f TR Lﬁigm“gg ;;;‘iwgﬂ o B o SRR 1850920923 APUREE TR
(2023) Y S (1000).

SIP(929)
Xiang % T OB E A S RO Al Acc=84%,Recall=80%, F1-score = ﬂiﬁ: Xd-z: I Rﬂ‘ﬁéﬁ
A FGBNN Y- Y 820, R arE AN R Al
(2020) IR ‘ emgs
Chen %% fil& ResNet—FPN 5 -

Hg e
A RSD DenseNet , 35 22 ] EERFIE DLt AR F1=score } 93% ﬂiﬁ\/\ FHRER
- S HRIE

(2020) GiESy
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Fa3gk

SCHR IR eI

FAEITE S

SLEGAER JRfR

AlDahoul EfficientDet+ 18 £ 285G 46 I 45 751 4328
& N EfficientNet 5 25 41 Tl 3o FEOR0/M 75 4%
(2022a) -B4 Iy A UERR

SPARK

Acc=94%,F1-score=86%,F2-score= FF & 28 W 4> 2 %4
98.77% R

7E YOLO RS J7 1, Liu 55 A (2022) 82111 T
—MHIET YOLOVS Bl ik 4t A0 R 4 28 1R A6 I 5
75 YOLOv5-GMB 3 i 5 | A Ghost A5 HIE 18 He 4 1
AREGARIN 8 SRR, RN THTFRCR SRR 4%
FIRSZ G IR sk 7 TR A5 R, ok 23k 1
2= I (multi-head self-attention, MHSA ) 34 5 4~ Js)
FEAE S BURE 7, I 25 & AR ] ¢ AE 4 5 85 1 4%
(bidirectional feature pyramid network , BiFPN) S #i £
ROEFRAERG , B & 42T 1 /N H AR RS B, fd
mAPi5F] 0. 81, 7F CPU/GPU - G 8 & 43531 34 5]
16/53 FPS, Tiifsm 55 A (2022) $2 1 T —F iz 1t 4k
(9 YOLOV3 2 Bt jit A , i i 45 & MobileNetv2 Fl
Res2Net 151 e 1. 25 [ AR50 280 52 % J&5 | 2 000 i 4
55. 5%, & Tt B AR 2 RN H AR U 18 T
A f ERYIES S BEREA 5. A
A N (2022) 3 3 P A6 R AE 42 5 3 (feature pyramid
network , FPN) £S5 A4 M R T 4 2%, 4545 YOLOF Al
T 45 Xt 5% 3k (task-aligned one-stage object detection,
TOOD) #& H T 2tk 19 YOLOX_L M 4% , 76 [ 2 (4 i
REHEE I mAP 15 5] 96.28%, 4l Cosmas 55 A
(2020) 1| FH % T CNN 1) 2 A% 45 - i % 8 S A 2R 4 700
KBS AT B e G A E A, I
YOLOv3 S BT a4 (A I 55 GG 5 L4 T & o7
REEE o Li %8 A (2023) W2 F YOLOvS HEZE, i i 5
AFFAERlE 2 TN PR A% 0 45 38 5 RS R 4%
BEJT, A Transformer Z % i A5 A7 4 5 1 = AL
ol T P 3, I SR 3 g )1 2 v S AR Y
Bl AR TR T R AR Y
B e AL YSCRM (YOLOvS-based satellite compo-
nents recognition model) , (i J5 ) YSCRM 7£ T &3
PERIAE 55 o mAP 35 2] 84. 3%, 5 FE i A5 U 4 T
2. 3%, HARR R W 2080

A/NIIERIR T 2 A B EAR U T E S
GRIE 5 2] 0 H ARSI 5 7020 h e e e . %07
P A A ST HERR E AL AR B H AR
YOLO % %% 35 U1 YOLOvS-GMB 5| A Ghost £ 5t
I MHSA, $2 T4/ H ARG JIRT B2 2 mAP 0. 81 HAR

IHEZ 3K 16/53 FPS; A PointNet++ HE LAl jg&
FIRFAE S IUZ |, 20 FRS 2 F- 1 ToU 15 93. 2% Effi-
cientDet+EfficientNet-B4 7E SPARK % 45 4 i # %
K 94% . X LT AN A B A L EXS
e g B B 35 oy PR FR B A B ARz AL RE T A T4 T
2.3 EBFIHILEARES]

BT IR ] 5D S i A3 18] H AR R 7
12 B TR (8] H bR BARRE AR Bl bR AR w1
[, R 4, 3E B2 > T b O A KBS I
SRR PUT B 225 8] 5 BRI 55 b, S T
BITE/NVREAS 20 N PR BE 1 5 D REAS 7 o] DI e ik
JEt A o] U TR N AR AR th PRz
EPNRE ST o P45 AT AA AR B R H AR
SR IE P )z T s Tl U] AR T
AN R AR S S BR Y e

Deng % A (2025) & ) 1 — B B T 60 4T 5% 1Y
22 WU 53 W48 T d AR, 456 1 /N 8 4k (dis-
crete wavelet transform, DWT) 1 CNN $2 B =5 [8] 5 4
AR AE , PRI A 25 8] 4 35 (spatial pyramid net-
work , SpyNet) = i = I 4 38 41 2 REFRIE
XF 3, I N R I AREE A A B R
FEREARR B 4 T, Zhang % A (2024) i85 2 )
FEZR 38 1 P 25 Y ResNet-50 25 $2 B fif 22 38 i
Ik, 254 5k i K I E 22 55 (local maximum mean
discrepancy , LMMD ) #4738l 1, X 5505385 H AR
(53 A 25 55, TE SR BER D B LT AR BEE B 1R
H AR 2 B AR 58 B S 2 . i —0 M,
Yang 55 A (2020a) $2 1 T —FhFRy D2N4 (97595 ,
TAREAZS B BARRG 2B G T IR EE I AR
HeFil Image-to-Class FE S BIHL, I 5] A TN Btk
A LAE A 26 N 22 55 [ skl A 4 e it Ak 15 Bk %
IR SRR B TP, BEAh, B XS /INFEAR (7] 8, Zeng
SEN(2017) 42 H T — e T 4 o A TR B 2 2T HE
Bk fig s ] B ARSI A /INEEAS [R) 8 1207 IR
T ILZ RGN Z W 45 DCNN, 3l o il G e |
Y BRI AL 2 R R SR EBOR L 7R

KB B2l 24 A5 S8 I FEIA B Be g A 12
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Table 4 Identification methods of transfer learning and few—shot learning

SCHik DX 245 A 15 BUETFS Bl P Ja B
255 W Sk (RERUECHE ) -
Zhan 5§ . " FEARAT A UER R W4
A ResNet=50+LMMD 5?%5%@@ (MMDEE 1 e 95.26% , A iR 7&%‘%}2@@1}6
(2024) T 40 AL B X5 55 ), i TR ER 70.02% B
Pz 5.
c 2 Ve 7> A RE B2 Y]
Yang = HKED ﬁf‘giiﬂ BUAA-SID-  Top—1 #Efi%: 1-shot  AMHABIATF
A D2N4 AL, B sharel.0 93.08% , 5-shot 97.85% 15
(2020a) THERAE R 54 ' R '
Zeng 4§ o B 1 5 [R) s Ny FH 2] RIIFH LS
A DCNN YIERFNIR B | LA Sk BB S ARAEN2=99.90% [EIEE iz 1k
(2017) P 4B A8 fit
N MWCNN % 4 DWT 42 Ft .
?\e“g & MWCNN+SpyNet+FG- AT IRBIAETS SpyNet k| en SSIM:0.912, PSNR : ﬁ?gﬂf ﬁzi
(2005) DCN maEFBhiE R EE 32.6,LPIPS:0.152 T;

EIEINES

RO B | 45 4 Softmax 235K 4 5 WG 1% 7 L TE
400 5K-A 2 18] B AR BRI T 99, 9% 144 251
.

AN EIET TR ) 5 REAR2E 2] (1) 75 6]
HAR UM 71, LA DA A e 5 F5 3 BLAR 5 7 ]
A, R OGS R AR R ARG IO - i RS 2% ) Ty ikl
T I 2 X 4% i BRI 5 45 B 33 W B AR, X 55
[ A, B T80 B AR AR, s AR 2 ) Ty
20 D2N4, R R B R VR B i e 5 2K R
BOs AN 22 5 s U BE ) s B R ik 4
B8 R S50 , 45 & Softmax 23 BB A, 43 25 HE T
IR 99. 9%, 3K L6k i 1T A KRR I A Ay
AR TFHRARCR 512 LB T, 25 G otk ] B
S 2203 S 4 A R T/ DAEAR S5 S As [E) H
FRUERA U], RS N R AR U S5 g
ITECRTE € RN
2.4 ING

AT FE PP T =R 23 6] B R
2 SSRGS BARKI S E B RBE TS
REARSES] o RS M PR AESEA M H
B iR 5 2 7E B () A FF B 42 Fn B e g 4 I
S HE R ER AP S T TR
BPERE A, B AN, 2 A 6 il A 25 A9 LCNN-
DMT, i & {2 0. 928M, I i % F1 mAP 4> 3] ik
98. 83%.97. 5% H Anfaill 5 3% 25 i) HCNN-PSI
BRI A 99. 7%, B H 55 S RIS B 5 2 A5 2 2

5 /REAR S ST NOPRN , 7678 H B H I 4 b vEw
ALK F 95.26%, T B NFEAR I BT IR S
Mg

FTOoHE— L RS T IX =k O R S
Y5 B A6 77 7538 i 42 i RGB B4
CTE IR LLAMSUG S 2 IR  TES 1 5 e sl S PR
KI5 A RO SRR IE R A B T, 3R H AR
EERAERO 0 HERA M 5 R T 5 BRI 5 430
100 L CNN ., YOLO , Mask R-CNN %5 35 Ji {4 2% Sy it
Bilt, SCBR T A0 H AR e O S 5 ERER L iE T2 2
Sl F A PR R 0 5 S5 A8 A AT 555 1T R 2 2] 5 A
AR 2] 5 D WG fige 1 I SR AAS 2 1 0] R, 3 o A
TYFN 5 REAE I A% T 27 > HE 4 S 0 X 38 256 S 5
Ak H AR IR B RE 4R T, 76 SR A AT 55 vh B
AP S A S R, 25 b 2 BAR RS %k
IERAE Z R G 5 i S /NREARTE B ) R
LBl T ARG B AR SRR ) i 2 1 S
B AR R e SeAT S5 e il 17 OGS

3 ETHREREFINESHEZH
Birf &bt miE

HRTHE TS W T ARG VRZS ] A bRf
GGk n RS 70 g DU - ELE I A Tk Ok
SREIN 59 TC B B A 1 I D5 ¥ RS L Rl
BT KT vk BB AT 55 AR M SR
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Table S Comparison of target recognition algorithm performance

. , - S8 ED "
255 DRI W i T % mAP B
LCNN-DMT Intel Core i7-13700KF CPU and NVIDIA  0.928 163.9
. 7. PARK
(Zhangfff ,2024) RTX 4090 GPU M FPS 98.83% 97.5% SPAR
2 B2 A
ity CNN- VIDIA RTX2080Ti GPU, Intel i7-7700 k ~ 48.7 6.67F
Transformer N R 080 (;}SU U, Intel i 00 ;[ 6'135 94.7% 82.1% SPEED
(Wang %5,2022)
NCDN(#x= & Interl(R) Xeon(R) Silver 4 114 CPU@
2.2M - - 909 SPEED
45 .2020) 220GHz, NVIDIA Quadro P4000 GPU %
YOLOv5S-GMB CPU AMD R7 5800 H, GPU NVIDIA RTX
’ IM  53FPS 95 81 SPEED
(Liu%$,2022) 3070 % %
HCNN-PSI(Yang ~ GTX1080Ti GPU and an Intel Xeon E5— 25.5 _ 99.79; B BUAA-
B . £ 2020b) 2609 CPU M S SID-1.0
H g5k 5 ,
AT SCNN-lite(Li Intel Core 17 9700 Processor with 3.0 GHz ~ 0.028 5.99 B 93,280 H #5E
45 2022) and NVIDIA 2070s GPU M FPS 07 S
BHEAY YOLOV3  Ubuntul6.04.6,Nvidia GeForce RTX 2080Ti EREIEI
. - 65FPS - 91.1%
OIS 45, 2022) GPU %
BCHE ) . o8
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Table 6 Comparison of spatial object recognition methods based on vision and deep learning
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Table 7 Direct regression pose estimation method
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DRI . Cao 25 N (2023) B ¥ EfficientNet-BO
5 FPN 255 il i 22 RO R Al 5 5 2 1 8 F A i)
S XA B Ak TR T 7.6%. LA, Huang =N
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T XS PREE AL B i BRVEEC R, 7E B H A
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28 L RETIUN TR H AR 2D Sk S A B, IR 454 PP
AEARIE 6DoF (1 5, R TG B A MR TE R
P g AR AR 266 X B ) A 3 i SR BRME . Alsab-
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Table 8 Pose estimation method for key point detection
ik 58] 245 A5 Bk A HAmLE SLGAE R JRIBR
. 7£ HRNet FRAERE 5B BES AP 99.89% , mloU AR T3 4 3D LR AE
X F - —H . N ). =1 ~ VRN =1 e = &) 57,
" jzoj)‘ ter FECIN TNy s B o K RUSE  SPEED  90.03%: (uMsfiiititoe:  BURLZ fef 1%
n 449, 0.0219 PR F A B 1
U . YA RE AP=73.2% -1
> =] IN IJ_‘T
Huo % A tiny—YOLOv3+PnP+ f?;%ﬁ; ; ”ﬁe‘f%% % SPEED A2 AR=77.6%; e 1% A 3 UE 1 92 ) 5
(2020) RANSAC o AT Z0.6812°FIFRIRE  Ziutk
sk
0.00320m
Y =N - 4 ). N N s N
Wang % A Lite—HRNet+ 42 fit i %&%Ewgﬁ%ﬁf% S LIM ie1s.ax TR TR
(2004)  eEPopsRANSAC  E) PHERT OGRERGERD - SPEED o 0300 R E AL A DT
B 52 () 7 ' 2%
Piazza % A\ SLN+LRN+EPnP+ %54 HRNet32 14155 43 9% SPEED PR ZEBE T ;EGZ/ZZ%: E ;ﬁj;; ii
(2022) Levenberg—Marquardt PR 5 LAk +10.36 cm, Jighs +2.24° e &‘ RN
B SRR
i 22 RST R S 19 AS T SRR 35.2M, A B . -
. A ’ E_ =7 R o
L (fg ) 2})\ SDN+KDN+EPnP B F 09 HAR, 87 /NH  SPEED 4l : FH4i% 22 0.0178; B AL 5; E iz fuse
FrAG I 1 e BAE 1522 0.1323
pr— R AR ARG A SRR ] T3M, TRIR S
Ajh\r?;(é%l;ﬁr Transform6§+EtPnP+Gauss PR S 8006 0 73%.  SPEED 2% Et=6.48 cm, Efbin 2% zj}i‘iﬁtﬂfjﬁm it
chyon FLOPs T 57% Eq=1.52° HRRE
_ s ) 1E sunlamp 3 11 ]
75 zk E SRR .6M,
Wang % A %3; m%ﬂ;fj ;f\’ﬁ%g‘g SPEED+/ hﬁ&@jf 30 6N_[ Lightbox e 1 3 7 1093
(2024) PVSAR A w;ﬁ\’j njﬁm)'ﬁm, 5 SHIRT j; SPose=0.076; Sunlamp e Bl R I
LRz fbfE i, SPose=0.112 Komh
Pasqualetto SIAAE T Py 2258 e T S RN \
Cassinis %% Hourglass CNN+CEPPnP [%4 51| CEPPnP, 2L JE % 75 SPEED %LE:;:% :0.118m;; 2225 bx ?;ﬁiﬁ% AT
A (2021) it o AT
Chen %% N YOLO-w6—pose+2D K4 Rl K I 55 56 H i [l )T URSO Z R4 80.5M, $=0.068, X A L 10 i K &
(2024) JeqCijJ=| % ,GFLOPs{¥102.3 ADD ik 94.4% AN H
Zhong % N CSPDarknet53+Z /3% SR A MM RGN A URSO/  ADD:99.6%, ADD:86.4%; Xt Fx H #r Pk 6t 52
(2024) AT dedn A H bR RE FE 2 SwissCube J&MRIZ 5 S=0.056 PR
N v . 4 o E. S A
— S BRHE I 30 NI AT A IR B fo g 0 ";g’;ﬁj ;f;
! CNN+EPnP A PEPER AR /e B 1.6 - 2.3°; BL90Kd . /1l s
(2023) . _ N CNN 2 1] X% il
UIEREE) -G FT71.7%
Il
i i B AR A B A oy
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Table 9 Unsupervised and domain—adaptive pose estimation methods
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Table 10 Pose estimation method of multimodal visual fusion
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Table 11 Comparison of pose estimation algorithm performance
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Table 12
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Comparison of pose estimation methods based on vision and deep learning

eSSl Ji s

JR PR PE i I

8 3 AR A 228 0 4% 4 [
FUBR 0735 Al 2 50, 52 L
i 3] S (37 28 N0

Kol PR SR 4

A [
Tk

S BV ELL, Y5
i

ZALRE ST Z B, XX FREE R A7
TEZ2fif I L, FLSEERBE I8 R 1
it Bk

VESiSEEPRiCAIIPS

B Z JUAAT Sl | BRI )
B

X A N O S O g g O L LA A K 5
S st mat O g g, g OSBRI

’ FIHLLAT R s T gk »

Wl R ERERESUR WIS SRR R, R L R e -
Joli Bt S RTINS 8 SRS R g0 e bR MR, B BSERR A S A G
WFLE R R USRI R R S B SR
7 FTINGR, WX SR MM 12 L e SRR

g PATTIOE SO RIER .

S oanspmmmtin g I s s s s s
ST e S AR T e VIR S R REPERACR B R RO BRI T
ik TN K& BE s
YA
/A R B e o AE 2 BOHE B E Hl T SE 0 = 4
FLSL RS AN 20 5K FH T 3o, JE ik 56 4 5 W R 25 1 iy
e i
SPEED+ %% #f 4 /2 rh B 30 48 K 2% 5 NASA T
2021 S A KA L A5 £ 60,000 5k & i R 5 10,
000 5K EL3Z FEM% , H A5k Tango TLAL , 73 PEF 1,920%
e 1,200, #1145 B 55 3~40. 5 m, i OpenGLIE Y, H
El5 #5453 URSO B4 7R 5] ( Proenga 1 Gao,2020 )

Fig. 5 Examples of some URSO datasets ( Proenga and Gao,
2020)
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Table 14 Self-managed datasets
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