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Autonomous decision-making for spatial capture based
on deep reinforcement learning

Huang Cheng, Yin Zhenkai, Xing Aijia, Yu Zhilong

(School of Automation, Harbin University of Science and Technology, Harbin 150080, China)

Abstract: To address the autonomous decision-making challenges of a spacecraft manipulator performing a rotating target capture task in
a complex space environment, this article proposes an improved distributed deep deterministic policy gradient decision-making method to
further enhance the autonomous decision-making capabilities of the capture task. The capture spacecraft is equipped with a three-degree-
of-freedom manipulator for capture, while the target spacecraft is fixed and rotates at a constant angular velocity. To improve the
exploration capability of the space capture system in complex environments, this article designs an internal reward exploration mechanism
based on state entropy maximization. This mechanism calculates the Euclidean distance between the current state and each state in a
minibatch, selects the minimum distance, and converts it into an internal reward through entropy calculation. This reward is then linearly
superimposed with the external reward to form the final total reward, thereby improving the algorithm’s convergence speed. Furthermore,
this article constructs a dual-network architecture. Two value networks evaluate candidate actions in parallel, and two policy networks
select and execute the action with the best value. A reward reshaping function is introduced to reshape the reward signal to reduce
estimation bias and improve sample efficiency. Finally, simulations and comparisons with several mainstream reinforcement learning
algorithms , evaluate the effectiveness and superiority of the proposed method. Specific experimental results show that the improved D4PG
algorithm has increased the reward value by 32.25% and the convergence speed by 3.08% , significantly improving the autonomous
decision-making ability of the spacecraft robotic arm in performing space capture missions.
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Fig. 1 Diagram of spatial capture
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Fig.2  Overall framework diagram
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Fig. 6 DAS process structure diagram
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3 (FESHIESH
3.1 HESH

FEZS R ARAT 55, AR SCR H DAPG Bk #1711 25,
HAP e BE B2 N 10, TR AS BRI E S IE 5 ik
JEAR, KR 0.3 m, FL i DL S sl 15t S5 G s S 40
1 PR, TERAR AR 25 R B AR A R 28 FIAIL B
FIAT SRR B REALYE | DR e T X HAz s i e o
DI B 2R A7 B o, A DR e R AT 45 T AR 58 B, an
F2FiR,

x1 XBESHR
Table 1 DSC algorithm pseudo code

ik a;/m b;/m m;/kg 1,/ (kg-m*)
YA AR 0.2515 11.2110  2.022x10”
HUBE 1 0.1968  0.107 7 0.3450  3.704x107
BB 2 0.1982  0.1063 0.3350  3.506x10°
PR3 00621  0.0252 0.1110  1.060x107*
H AR K % 0.2406  12.0390  2.257x107"
x2 RESHREE
Table 2 Model parameter restriction table

S8 g R i
He [0m,3.5m] +0.1 m/s +0.02 m/s”
A, [0m,2.4 m] +0.1 m/s +0.02 m/s”
q. Je Rl +m/12 rad/s +0. 05 rad/s>
q, +7/2 rad +m/6 rad/s +0. 1 rad/s’
0 +m/2 rad +m/6 rad/s +0.1 rad/s’
s +7/2 rad +7/6 rad/s +0.1 rad/s’
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BEXF LR S HUBATE I Xl AR AR A HLBRURE DL &
H R RAS 100 8 LA S AR B AT 00 4R A OF SR ir A
ARl Bl A kAT — s Y N R . B IR Al ik
W3R 3 Fis o e, X TP 5 IR R M AR 7
FRT) iy 3 BE AE A (0] 5 G I 34 R 5 5 Dy 0, 1T H AR 5 19
£ W AE R RS TR + 10 x np. pi/180(rad/s) i
FEl N BERLRI IR 1L

x3 WARMKEFMREIL

Table 3 Initial position and randomization

ZH HIHR L B BEBLIE
./ m 1.2 +0. 05
A/m 1.2 +0. 05
q./rad 0 +1
1/rad 0 +7/2
q,/rad 0 +m/2
q3/rad 0 +7/2
M,/ m 2.3 +0.05
A/m 1.2 +0. 05
q,/rad 0 +m

UEJ 4 DAPG 5k AL 3% 8 N4, B> W 2% 43 15
B2 JZ AR M A, B2 2R 535 D 400 Al
300 4~ Actor P2 5 AR g th W o B4 265 30
I PR BN ReLU,, Critic W45 A% ACAIRZS - 1EXT
i R DU DA e D AR ST AR, ST pRBR IR AR 12 N
ReLU, MZMZRIPLLAS KM Adam, BARYIZRiT TR
S HA L R S K S RO B 30 3k 4 TS TR

F4 NEITRESH

Table 4 Training process hyperparameters

e fH
SRR [ 22 2] 2 0. 000 1
VIR e e 0.000 1
H e 16 46 57 0. 001
yrdnH ¥ 0.95
T/ Mt KN 256
R X N 109
=iy 0.3333
INEPRIS 0.2
Bl & e R A 300
FR &% 500 000
FRBEL 900 000

R5 MESRENESH

Table 5 Hyperparameters of each layer of the network

s o W&ot HE Hom CEZSTH
[ 2% )2 B MR Bt
1 AR 16 -1 REHA 16
2 EEEE 400 2 EEWFE O A0GEEE1-1)
30 ERR 300 30 AEEE S 3000EHER?2)
4 R 6 1-2 ZfEiA 6
- - - 5 AHIM)Z B A 3 M4
- - - 6 )R W4T bin BB

BT FREE S AR SGHETT T B ERR AL
BT S50 , R B UE T Bt 7 25 8 AT A1 DA R AT ek
3.2 hEZERSHH

1) ZMLEREE T F R REXS L

ACAE LunarLanderContinuous-v2 55 N %f L3 EAL T
4 P A% 2] 535 . PPO D3 .DDPG L K& DAPG #k, H
1 DAPG FLER A AR, AR 3 Rt e i — 28
Mgk, PR A C sk 1A S R A T E
ST S E KA 100 0 S I Y B KRR R B
N EFAF YR E . RS RANEE 6 17 s,

Fo HiRMaEXTLE

Table 6 Algorithm performance comparison table

PERESE AR PPO TD3 DDPG D4PG
W iE 251.178 240. 748 241. 359 265. 547
WS R A 218 245 230 163

R7T 100 xR REXT L F

Table 7 Comparison of reward values for 100 tests

S PPO TD3 DDPG D4PG

SN 258.418 251. 536 257.247 268. 625
/MY 243.236 235.376 231.223 259. 759
F-HE 250. 836 243. 813 245. 459 265.291

M 2 6 T A1, D4PG 57k 1 2 il {5 28 7T 35 )
265. 547, B = TSR | 3R 0 LA 0 1Y) R s
e, [RIE, 2 163 1014 N RI AT S 8, B o
P 50% ik —2 R 7 4Tl A1, DAPG Bk 7E
100 YRt Hh 2 Jih (B A 40 A T [ 259. 759, 268. 625 3
Fil, B Bhig BE /I, P22 i {3k 3] 265. 291, #HLEL T
HA B Z BRI sk e e vt S bE, %1
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Fig. 11  Experimental results of different pose capture
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Table 8 Experimental data results of different

posture capture

W wE wk2 k2 B3 EAD
WS RGBS RME MRS R
0 0 0 0 0 0
5 0 6 0 5 0
10 0 12 0 10 0
15 0 18 0 15 0
20 0 24 0 20 0
22 96.2 27 98.3 23 94.8
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