#5005 F8HI/2024 £8 A/iTENITRE MERIEX

ETREBTIFENMSBES LB S R in 2 i At X 25 28 4140

F'ZF\H):] %’TBE;IT:-I %2){9%45&%39;&7}@]—11319%/%‘1
(1. BN ER Tl K 2P a2, T Eg AR 45000052, b HTASE K AL 5 45 BE AR B, AL 5T 1000005
3. W & 2 BE B RS B S 453000)

O AR ENTRE AR IE L R 25 R R E8 A Ak & S SR AT R 8 AR 12 4T B 32 2 4R ST R AR AL SRR
AT PR 2 A 52 33X 2 5 550 T 35 I TR 0 0 e R0 67 T DR 4 P 07 i 5 A A o AT XT3 A AR Rt =2 1] g ok 422
P S 25 (R AR BRSSP AR5 i SRy T ke b S (nl AT, iy S XA 5 G I - 510 45 3 42 100 %) M K #5238 4 SDDSP
HRRER AT N TARIE B I 3 117 sk KRR A bR S5 A5 2] 11 001 A4 H bR s 2R )5 $2 ) —Fh =3
BIAEFUIR S 3Tk 22 VR R 1 (RS) M40 B 42 45 D Bc (SSMD 1Y 1 2 diig 21 3 AT K # 2H 124 4G 00 A 7R, 2 A R0 A
Sparse DETR 7Y iy Sy 5| A% 2% F VE B LR D 77 B bR ic Ctoken) 5 250 W SIGHE B FEAIC - 52 i A5 75 3
DUVHRS 2 1 (R AL, 5 1A 4 15 4 A5 D i L ol i ke 1T — 0 DE Bc ok R vh o] RE HH B AN R e PE I 5 oS gl SR R I L 7
SDDSP £ a4 I L 1245 50 S YRS i >R CAP) FUSCSGH 3 AR e T34k DETR AR T T 1700 A~H 20 45 A1 10 £%,
HHHTF Sparse DETR BERMETF T 3.1 A~ E 43w A1 20% .

KR AURARALIFREIN ; Sparse DETR MY ; 5% 2% [ 138 7 5 43 B 46 & VT 5 AU X A A00H 4

B RO $E4E : https: /github. com/304999183/RSSSM-DETR-master. git

FE S ZES: TP301. 6 XHERPRARED: A DOL:,10. 19678 /). issn. 1000-3428. 0068524

Efficient End-to-End Spacecraft Component, Detection Based on
Residual Self-attention and Separated Set Matching

CHEN Ming', NIU Yanfei', DUAN Li** , GAO/Tieliang’ .,,CHU Yangyang', CAO Jie'
(1. College of Software Engineering, Zhengzhou University .of Light Iidustry, Zhengzhou 450000, Henan, China;
2. School of Computer and Information Technology. Beijing Jiaofong University, Beijing 100000, China;
3. Bussiness School. Xinxiang University, Xinxiang 453000, Henan, China)

[Abstract] The rapid development of space technology in China has led to a multitude of spacecraft launches.
However, these spacecraft are expected to experience,the influence of uncontrollable factors such as radiation and
temperature changes during operation. These changés may impede the accurate measurement of spacecraft positions
and behaviors by ground stations, thereby impacting on-orbit services such as communications and docking, as well
as grappling between spacecraft. To solve these problems, the present study first annotates the SDDSP spacecraft
dataset which encompasses detectionyssegmentation, and component recognition with 3 117 spacecraft images and
11 001 detection targets. An efficient, end-to-end spacecraft component detection model is then proposed based on
Residual Self-attention (RS)wand\Separated Set Matching (SSM) in space on-orbit services. The RS mechanism is
introduced on the basis@of the Sparse DEtection TRansformer (DETR) model to solve the problem of sparse
tokens, which slows convergence and degrades the prediction accuracy of the model. Furthermore, SSM is
deployed to address the phenomenon of instability that may occur in the process of dichotomous matching. The
experimental results show that the Average Precision (AP) and convergence speed of the model are improved by
17. 9 percentage points and 10 times, respectively, compared with those of the baseline DETR model, as well as
3.1 percentage points and 20% , respectively, compared with those of the Sparse DETR model.

[Key words) spacecraft component detection; Sparse DERT model; Residual Self-attention(RS); Separated Set
Matching(SSM) ; aircraft dataset
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Table 1 Comparison of ablation experiments

Model Epoch Backbone AP/% AP, =/ % AP, ;:/% AP, /% AR/ %
Sparse DETR 50 ResNet-50 68.8 89.9 74.7 70. 7 49.5
Sparse DETR+RS 50 ResNet-50 69..5 90. 9 77.1 72.0 49.9
Sparse DETR+RS+SSM 50 ResNet-50 7.4 90.7 78.0 74.0 50. 4
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LIANES AL AP, 8K 40 ARG AR MK T
L2 AR

2 I, RSSSM-DETR #& %4 78 45 5 11 Y05 T %)
FeAR Y, PR EGTIE T RSSSM-DETR #58 f a] 474k

x2 BERBEIEILL

Table 2 Comparison of overall model experiments

Model Epoch Backbone AP/ % AP, /% AP, .5/ % AP /% AR/ %
DETR 500 ResNet-50 53.5 83.9 58.9 57.3 43.0
UP-DETR 50 ResNet-50 58.7 88.3 65. 3 63. 2 46.0
UP-DETR 300 ResNet-50 66. 1 89. 6 74.0 70.0 49.2
C-DETR 50 ResNet-50 50. 7 83.6 55.95 54. 8 40.2
SMCA-DETR 50 ResNet-50 52.2 83.1 57.8 56. 2 41.5
Deformable DETR 50 ResNet-50 67.8 88. 6 74.4 70. 8 49. 4
Sparse DETR 50 ResNet-50 68.3 89.9 4.7 70.7 49.5
RSSSM-DETR 50 ResNet-50 71. 4 90. 7 78.0 7440 50. 4

2.2.5  HPFREPD S
MR B AL TR E A BE RS, 2l R BH AR B 1Y
AR 3 B 6 3 P G R BH R 2E AT A I Ok 58 TE
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TEAE P BEDLIE SR 5 SR R AR AT LR AT, 2R
J& W H AR AN E I ZREF ) Sparse DETR #:UFl
RSSSM-DETR #E %1 , 3 52 i 1 25 5 09 28 70 48 5 Al
SENE BT LAE ) RSSSM-DETR I 7E H bR iE 7

()RR IE

E 6

(b)Sparse DETRA I 45

AR 25 B X B 45 R

R EAET Sparse DETR A2 , M HE AR #7558 v 5
Pk i LS I ME RS B 3R . BARR SE s

XTECUNE 6 Bron . H &L 6 PR, 2 K BHAR B 5 6
Sparse DET RS 1 I 2SS 51) 4] Wiy 56 A% 1 iy H 2
SR X008 » (Htoken 7 4 % 25 Ui 28 358 i b 1k
PR & A AROENXAF B token BRI, T3
T TRCIHE AL A E 5K FE AR, X T B AR R AR
RSSSMEDETRAE A rb i i hin A 5% 22 A 7 1 pL il

.

(c)RSSSM-DETRAS |5 5

Fig.6 Comparative results of spacecraft component occlusion
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