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Table 1 Multi-agent deep space probe systems and actions
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Table 2 States and descriptions of multi-agent space probe

camera_on_agent AHHLAE R Re A L
camera_off_agent FAMANE R e ik b
camer_available ARALAE T AT
data_memory_capacity HOAR A7 i B & TR AT
fuel_quantity okl
battery_quantity CEMELENEI 65

time_posture BRASTRFFIN 8]
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Table 3 Basic actions and descriptions of

multi-agent space probe

E P
power_up_flexible_system FM RGN
power_heat_flexible_system FHE RGN
switch_on FHNLFTIT
switch_off LIPS
take_pic FHNLIA
align_camera FABL 55
priority new_than pret_task £ new LLAE S5 pret e 2 i
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Fig. 1 Flow chart of constructing knowledge graph of multi-agent deep space detector
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Table4 GRU sequence model hyperparameters

B FoN
num_seqs 100
hidden_size 3
Ir 0.01
batch_size 16
num_epoch 100

#*5 Att-BiLSTMIEEESH
Table S Att-BiLSTM hyperparameters

BsYy Fo
dropout 0.2
hidden_size 30

Ir 0.1
batch_size 16
num_epoch 100
Istm_out_dropout 0.2
att_out dropout 0.2

F6 NTINREESH
Table 6 NTN model hyperparameters

wsY Ko
Tensor dim 64
hidden_size 30
Atten_size 32
Ir 0.001
batch_size 16
num_epoch 100
dropout p 0.05

AR SC DARRIN 28 REAA PR35 23 1 4% EAT /s 9] o i
Pl6 T DA HH e ek 6 e AT DA B R 400 2% 1759 R B
JT R B AR B R A AR S

T8 I AR S EURT RN R Rk S 3RS I SE AR 25 R WK 7

INo IR TR LA H I8 I SR R R A BRI R
HEAT SR AR R Z A ——XF B, i, a) LA 2IER
DEREE B bk a8 1 km, SR B 036 B3 013.5 mys
Lo MEMMIREERBREEHMETIR, XA
neodj™ X AR B REHEAT ORAT,  ARAFA% 2 jsont 2.

oril has
detector

memo:
on Y
no

agent 1 camera 1

take_pic switch_on
ture

Ko Fnilteig K

Fig. 6 The result of knowledge extraction
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Table 7 Multi-agent detector knowledge fusion

S fk JE ik S
detector position 1 km
detector velocity 13.5m/s
detector agentl has

agentl cameral has
cameral alignl is
cameral target] no
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Fig. 7 Schematic diagram of the knowledge graph of multi-agent deep space detector mission planning
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Fig. 8 Schematic diagram of attitude rotation time constraint

(define (domain multi-agent_deep_probe )

(:requirements: fluents:durative-actions
X . (define (problem multi-agent_deep_probe)
:negative-preconditions)
. . . (:domain probe_planning)
(:predicates (switch_on ?c -camera)(point ? c-camera ?t-target)

(take_pic ?c-camera ?t-target)

(:functions (data_memory_capacity ?s-agent)
(imaging_time ?t-target))
(:action receive new_task
:parameters (?tm-time_window ?te-time_execute ?s-agent ?p-
power ?pret-imae_task ?new-image_task)
:precondition (and (available ?tm-time window)
(available ?te-time_execute)

B9 U R BNFE
Fig. 9 BNF definition of domain description

(:object s-agent pret-image_task
c-camera tm-time_window te-time_execute)

(:init and(not (pre_exist ?s-agent ?pret-image_task))
(not (switch_on ?c-camera))
(=(data_memory_current_cap ?s-agent)0)
(=(data_memory_max_cap ?s-agent)100)
(=(inf_velo ?c-camera)2))

(:goal and(get_inf?c-camera?t-target)

(store_inf?s-agent?t-target))

B 10 R B FBNF & X
Fig. 10 BNF definition of problem description
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Modeling of Mission Planning for Deep Space Probe Based on Knowledge Graph

WANG Xin', ZHAO Qingjie', XU Rui”’

(1. School of Computer Science, Beijing Institute of Technology, Beijing 100081, China; 2. School of Aerospace Engineering, Beijing Institute of
Technology, Beijing 100081, China; 3. Key Laboratory of Autonomous Navigation and Control for Deep Space Exploration, Ministry of Industry and
Information Technology, Beijing 100081, China)

Abstract: Designing a deep-space flexible multi-agent probe capable of autonomous task planning is an important direction for
future research and development of deep space exploration technology. Multi-agent deep-space probes involve multiple objects,
complex constraints and the uncertain deep space environment in mission planning, but traditional mission planning languages may
not describe mission planning accurately, intuitively and concisely. In this paper, a knowledge graph is proposed to represent the
planning knowledge for a multi-agent deep space probe. The method first carries out knowledge extraction from the deep space
probe, then associates the probe with its state and actions by knowledge fusion, and finally mines the potential relationships
between agents by knowledge processing. Compared with MA-PDDL, the method proposed in this paper is simpler and more
intuitive, which enables the probe to describe its mission planning autonomously, flexibly, and accurately.

Keywords: deep space exploration; mission planning; knowledge graph

Highlights:

e Traditional deep probe is rigidly connected. It is prone to overtuning, flipping and losing connection during landing. However,

this paper considers the flexible connected multi-agent deep probe.

e Traditional deep space exploration is based on PDDL. This method is not only complicated, but also incomplete at present. It has

many shortcomings when solving multi-agent deep space probe, such as dividing the actions of different agents into disjoint subsets

to complete the description of multi-agent planning. However, there are both cooperative and mutually exclusive relationships
between different agents. The knowledge graph can solve the relationship between agents well.

e PDDL is an integrated software, which is not convenient to apply to deep learning and other cutting-edge technology methods.

However, the knowledge map method saves the results in json format, which can be easily integrated with these methods.
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