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Figure 1 Intelligent architecture of space unmanned system with learning and reasoning capabilities
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Figure 3 Organizational relationship between meta-actions and the sub-action
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=B7 | Update and expansion algorithm of the sub-action

Initialization: Meta-action set Ay, sub-action set Ag, task execution process T, task completion indicator p, similarity
€, threshold vya, ko =0, kp = 0;
Task execution:
1: Generate standard meta-action control vector block sequences T”, execute T to the end of the task, and calculate task
completion indicator p’;
2: if p’ > p then

3 Compare T and T7;

4 if there is a sequence a in T”, and the similarity between a and the action T in Ajs is greater than € then
5 if kg > v4 then

6: T < a;

7 else

8 ko <= ko + 1;

9: end if

10: end if

11: if there is a sequence b in 7”7, and the similarity between b and all actions in Aj is less than € then
12: if ky > v4 then

13: Add b to Ag;

14: else

15: ky < kp + 1

16: end if

17: end if

18: end if

3.3 HIREME. EHETR
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Table 1 Description of the surveying and sampling task

Description

Task environment 150 x 150 units of discrete environment, where the rock weight is 1-9, the count is 300-500

(random), and the unmanned vehicle or each rock occupies 1 square unit

Task indicator The surveying distance is 20-25 (absolute distance from the starting point, random); the
sampling weight is 5-11 (random); the initial energy of unmanned vehicle is 50; the task
ends when the task indicator is met or the energy is none

Unmanned vehicle  Four actions can be executed: forward, left 45°, right 45°, sampling; the vehicle can sample
the rock directly ahead; the forward and steering actions cost 1 energy while the sampling
action costs 8 energy; the vehicle’s detection radius is 10 units; the vehicle can obtain the

rocks’ location and weight
Action library Meta-action set {forward, left 45°, right 45°, sampling}; sub-action set {empty}
Knowledge library ~ Meta-knowledge set {rock, location, unmanned vehicle, distance, energy, sampling weight};

sub-knowledge set {empty}

E% 2 Update and expansion algorithm of the knowledge library

Initialization: Meta-knowledge set Np,, sub-knowledge set N, correlation «, threshold vy, ky = 0;
Task execution:
1: Perceive the environment, extract features of the environment f, and calculate the correlation ay : [afi,afs,...]
between f and meta-knowledge nodes in Ny, : [nm1,nm2, . . .J;

2: for ay; in ay do

3: if ay; < a then

4: if k¢; > v then

5: Generate new meta-knowledge n,, s corresponding to f and add it to Nim;
6: kr; <= 0;

7 else

8: k‘fi <= k’fi + 1

9: end if

10: end if

11: end for

12: Calculate the connection relationship between meta-knowledge in IN,, and update Ng;

4 BreREEERA

il FH M A B2 AR AT 55 b o N 2R SARARAE 55 U W B AT 2% 2] FIHE R RE T I E N RSB REZR A1)
SCHLLRE, AR SRR IR 1. XRIE 2 B8 REfR S S, BORTLIR I TN 4 IR DI 45 SRR BUE
A EANARR; FRIE BRI ST RIR, A OGER H bR AT 55 e s AR o B A e N 7 2
PAT I TCENE; PRAS BRI AR 55 58 BRAB L, 25 BORT R 2050, HY AR 55 S SRR g B, JRRIAL S iR
FRARPLERT PP A A P [ 5 Sems, S F 2 A Bt Y e j 5, R R L i 2% 21 ik (D3QN 5
12 1830) YR e A, Ak L& 2.

BRI ZRIIHIAEIS 2], H1 380 s i AL s St AT I 25, B et A RERE AL I e ah AT
1%, et — Bl gh e, BReVR B det 2t sl IE DLoE Bl A1 55, B B Re R & F A 1F
BN AE LTS CRFEAT 5. I ZRd R RISk ith 2k an B 7 Biow, Gt 29 1 J3IRINIIER G, 55 &84
SELE 90% oA, BRI B BEAR BE U5 BN i RCR 58 G2 8RR 55 I 25 B REAR AR 35 AT FE

2101



PR FA A S RERERE )0 02 () o N R G0 REARA

* 2 HEEEMSRRIEERER

Table 2 Description of function modules

Module Description

Perception Obtain the rocks’ location and weight within the detection range [(z1,y1,m1), (z2, y2,m2),...]

Knowledge search  Select the target rock (z,y, m) according to the current surveying distance S, sampling weight
M, energy E; if no target rock, select (0,0,0); activate the executable actions (a1,az2,as,as)
by setting the executable as 1 and non-executable as 0

Action generation  Use a three-layer full-connected network, where the number of nodes is (10, 128, 4), the input is
(S, M, E,z,y, m,a1,az2,as3,as), the output is the executed action, and the Softmax activation

function is used in the output layer

Evaluation Reward 14+E/10 if the task is complete, while —1 otherwise in the output layer

100

Task success rate (%)

0 2000 4000 6000 8000 10000

Training times

B 7 IR S rh

Figure 7 Convergence curve of the training process
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Table 3 Generated sub-action and sub-knowledge
Description
Added sub-action Search rock and sample
Added sub-knowledge {rock, location, distance, sampling weight }-{sampling}
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Abstract Spacecraft represented by satellites, manned spaceships, and deep space probes are typical unmanned
systems that are developing from automation to autonomy. To improve the adaptability and intelligent autonomy
level of spacecraft to unknown space environments and complex space tasks, an intelligent architecture of space
unmanned system with learning and reasoning capabilities is designed and the architectural components and
functions are proposed. Then, the operating mechanism of learning and reasoning capabilities in the architecture
are analyzed, and the solutions for key technologies, such as the construction, update, and expansion methods of
the action and knowledge libraries, are proposed. Finally, through an example of the extraterrestrial surveying
and sampling task, the process of new knowledge generation, knowledge-based reasoning, and autonomous task
execution under this intelligent architecture, as well as the interaction between the knowledge library, environment,

task, and action library, are explained.

Keywords learning and reasoning capabilities, space unmanned system, intelligent architecture, action library,

knowledge library
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