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Satellite exploration control strategy based on Advanced-TD3 algorithm
MA Zhixin, LUO Shuyun

( School of Computer Science and Technology ( Artificial Intelligence) , Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; Satellite control algorithms have a critical position in the field of satellite control, Deep reinforcement learning is one of
the current cutting — edge satellite control algorithms, In response to the current problem of an increasingly complex space
environment, Improved TD3 ( Advanced-TD3) algorithm a satellite control method based on the improved TD3 algorithm is
proposed, which is used to control the satellite to reach the target point automatically. The algorithm is simulated in an open—source
environment under Python, and the experimental results verify the space exploration capability of the algorithm, which possesses
high robustness and can help the satellite to complete the control problem more accurately in order to enhance the control capability
of the satellite in the complex space and improve the operation efficiency of the satellite.
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Fig. 1 Schematic diagram of the number of six tracks
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Fig. 2 Structure of geocentric inertial coordinate system

2.3 BUES

58 4b2% > ( Reinforcement Learning , RL) JE L7 2%
2R —FPEEE 3 3 AR L T HABAL 827 2] 07k iR Ak
) BONE P T IE S A R Ak AN E B X DL
B, sk s 2 i S b A ST an el
TR BEIR (agent ) S5 FREE (environment ) B3 .24 > fi
PERAT R SREm  ZE AN A9 U A2 > v 3R B AR Y
T, LU R AL BB B s, B Re i s > ik
AR =X FRAE 5 /R B R P 3R i #2 ( Markov Decision
Process, MDP ) , $&{t [ iR b2 2] 58 B B —
FOAELE , Ey/RBFRPUR RN IE 3 s,

o

E3 SREXREIERZE

Fig. 3 Markov decision process diagram

3 ETF Advanced-TD3 &= BrIRE R

TD3 J&— R T IR B 2% > 1Y 3R W J3 vk, 3
A SRR (1 FH i 22 X 488 Of 2 2] o R, e SE T
TD3 fY 1R F il i D vk v 3 3k 2 o 22 T 45 R i
TR ) BREE 8 4 ) SR WS 3 e o 286 i A T

TE WP SR ZS VBT 9 fe M ARG R s, 48
M BEAAEAR S 2 ) T J855 K, BV 280 i 4k
JEARTE R — 9%, P EIRRAE NS INGRBOR 255
IR, Shi %R T —FhaE & IR SR IL% 2] TD3
AE 58 TR 255 2 1912 3l H bR BRI UL 25 25 B
ERPERI Tk, JFRE LSTM £2)8E] TD3 H , A BRI
B 2] HFRBYIE SRS, I 52 I 3R AG I i 1) 2
2 ;Zhang % T PID-Guide TD3 SR T —
PP ICR Y A TR B i Ak 2 ] e il 4 , ] LARR 48 BRBE 1Y
SRS 2] | S AL A 1) Vel R 8 A 4 ) i g
i S IR AR S AL

AT TD3 8092% &0 B AR 8HE H Advanced—
TD3 3% ( Advanced Delayed Deep Deterministic Policy
Gradients) , B %, 51 A RuningMeanStd JH— 1k J7 32
N il TR BT A48 5 22 e 3t DR ) )it 5 HC, I AR
1122 (LSTM , Long Short—Term Memory ) & # 5
A RES , FIRDMCHSANIET 4 R

& 4 Advanced—-TD3 {4{%5
Fig. 4 Advanced—TD3 pseudo—code

£ Advanced=TD3 H, M7 L& — > H 20
o MR SETE R AG D IR A — A BEBL
MRS ffif5 Advanced—TD3 BENE B &3 P-4k 5 W A Joi
i, I 00 RO AR B e 25, B 3h B A il 45
Advanced—TD3 e 5N = A0 HE T+ S %0, I H.
P VAR BRI, TER BRAA SR I £ X H AR
SER AN A S ST DUSRTHR R R, LA
TEZ YGRS 5 AL T 1 A W 268 SR OB Ak T
AR R Sy, , TR A AN AZ(2) FioR
Y, =V, x 0.95 (2)



86 B o /5 M5 MM

14 3%

3.1 REZEEHE=E

REES s HPEEPIEAREGGA TS, T
BRI, RASZ BRI AR(3) Fis

s; = 1 (a;,e, 0,0, ,0.),(v,,0,,0.),1 (3)

Hrp ) (v, S0, ,0.) BT ERTE x,y,z =l LAY
.

VEZS ARG A H Ak 2 > B e M I 45 rhi o
T RTE x,y,z IR o AR, SiTESS S
BARAK AR (4) s .

A, =(a,,a,,a,), (4)
=N E R /N T 2, e R R S =
ISR R B, A (5) B
a, € (= Qs W)
a, € (= a5, a5,) (5)
a, € (=, Q)
3.2 REEBLLIT

S il RO R AL 5 > SRR Y T2 R A, N
srfb e ] B B REENE L, A—I7 % s
REARTE L A P SERIE B N IB 1T AN RE & A i, AN BE
AR EU DT 1 MR oy — 7, EiAs I
TEBRR P RETERMG 1 20 858 AR R 3 H bp X8k, O B AR
FIK Hbp Z B2 E ok AT . TEFTA 2,
AR SO — A ZR B AN [F] 24 35 1) 2 Jil ) ] RETE
B SRREGL N BT,

TR A DT D BEARE SRS r, A O AT 7, S
R, B A A R il 2 2 ik I 25, JF B3 2 i
FrA 2 i, FFR AR, o MREREARTT R, 7 iR
DFRE, MA(6) R,

R, = or, +7r, (r, € {=10,0},r, € {-10,0})
(6)

TEIE R W IGRAT 55 b A4l S PR o TR I 15
SRR AT T R BB AR, AF TR b, R BRI SR
TBEAG S HEA AR AN H FR X I 7S iR A A AR AR
XS IR AR R i, TEI TN, PEAR A AN A 50
(7) a3 (8) Fias

Ry, =ar, +Br, +yr, (7)
Tii = Xtarget — %
Tvi =Ygt — i (8)
T = Zlarget — 2

Horb, o g x SZEERRRIRGER -5 B o v 2
(ERIAEE R 15 v Ry 2 2R R E A 5
AR A (9) Bz .
R, = Raward,j + Rpuuish,- (9)

4 ZBHESHH

4.1 RuningMeanStd /93—

AR SC S0 A A R A AN — I B, 61 an
TR A rh A DL E O BT T KRR S (H
=T RNEE—BASBET 10 000, — 34 B B 28
Y FEATE AT, BE BT 20K 54 Ry D 45 1)
AAG ARARA: 2] I 2 rh AT RE B0 B AR AR B
FEW RIS, SO0 IE R 52k, PRI, AR SC
XA R AT IH — 4k, E I — e TR AT
ZEK n, IR I3 — B AR M 2% 2 50 4
PEAT B, DA T 2R 56 [l ke A A U — Ak, an
K (10) M (1) Fis

Xnnr iztion = < 10 )

o (n
o= (3] 5= 8+ 5 mma) % o)

Hrb w R ABAE W IE,; o AbrifEZE; SR
B EL,
4.2 LININE

A SC il Python3 iE 5 il /E I H 3 F
VPython &1 T &2 8 L iE = 05 B R 40, i A
THHPREEE 2 B i VPython #7145 A5k
222 T IR

BREBSPEERTE RS ME 5 i,
o3RRS AR L YRR BT, B
Soos iRz 2] 3 R B0E W 4a AR, F BT 46
B I BER PR B A TR IR AL 5 58 T IR 1), 5
b2 > R ot i — > — o B o TR R =
I RE B VR PR AR B, Hh PRI AR rh Y Bl AR
TR SO VEDEA T AL 38, P28 Hh bR A5 B A B 2 ) FH
Rl PRI Ab 3 Y 1 PR RS TE0T ; i 5, Bl
BRI A RS F e B & 4o fbai 2
FeREL, S8 SRR AR I AR

Bs5 IDEsmfEEfnERSEEN

Fig. 5 Structure of satellite motion orbit control simulation system
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