i TR
ADVANCES IN AERONAUTICAL SCIENCE AND ENGINEERING

ETERAMAEIBHE ITHRZ BInES TR

FRELRRETRRS M A
(1. P56 Tl K2 iR 2B, P54 710072)
(2. v (328 2% K 7 £ AR WF 5T e WF 5% & sy, Jb T 100006)

W E: Z AT Z AT 5 00 BOAF A6 308 58 AW 8 P AT 55 w5 sh A AR A 1 | 5 3500% 49 3 10 0 Bl 445 SR 1 A 3 vk
RS PEME DL B . AR SCH R RAT A AL S HUEAE B L BB B W EZ UATHR 2 HARE 5 BU i 7y
WFIE A T 2B AR B AT 55 43 B v, o) AR i 0 2% 2F il 43 BE 7 8 L 3 3 Gumbel-Softmax 52 3 AT i £k
A 3 S 2R B HI A3 TEC 7 58 M LA B I 1) A 0 1 I L S AR S 43 T AR I A O R S R L 5 A% S R Ak
TEFRAS A SIS W37 St AT 0 LA BLIRIE o S5 R R W . 4 WU SR i 3R A T AR 55 20 WC A v A S T S 2R AT
w2 AR5 Wikt =%

KR Z T8 2 HIRIE55 /010 ; A U HITRAE RS 5 A O Bt 199 4%

HESES: V249 XERARIRAS: A

Multi-vehicle multi-target task assignment based on generative

knowledge transfer

LI Meng', GUO Haohan®, HUANG Hu’, HAN Zhiguo'
(1. School of Astronautics, Northwestern Polytechnical University, Xi’an 710072, China)

(2. Research and Development Center, China Academy of Launch Vehicle Technology, Beijing 100006, China)

Abstract: Aiming at the problems of environmental uncertainty and high dynamic task variation in multi-vehicle
multi—target assignment, traditional algorithms struggle to guarantee the effectiveness and real-time performance of
allocation results. This paper constructs a multi-vehicle multi—target assignment model by considering the position
and velocity information of vehicles as well as target value information. A task allocation algorithm based on genera-
tive knowledge transfer is studied: a generative network is introduced to generate allocation schemes, and the Gum-
bel-Softmax technique is adopted to achieve differentiable processing for discrete task selection, thereby solving the
problem that discrete assignment schemes are not amenable to gradient backpropagation. To verify the effectiveness
of the proposed algorithm, comparative simulations with traditional intelligent algorithms are conducted in both stat-
ic and dynamic scenarios. The results show that the proposed algorithm can effectively improve the real-time perfor-
mance and effectiveness of assignment, which can provide a valuable reference for the research and development of
multi-vehicle multi—target assignment in high-dynamic scenarios.
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Fig.1 Task allocation model diagram
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Table 1 Parameters of the training dataset
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Table 2 Network training parameters
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Table 3 Vehicle scenario data

AT ID  RATARALE/ (L7, m) RATAAE/(mes )

1 (102.4, 24.9, 244) (—542, —886, —413)
2 (106.2, 25.2, 910) (54, —340, 313)

3 (118.8, 28.9, 977) (300, 850, —680)

4 (100.9, 23.2, 705) (—294, 370, 268)

5 (105.6, 25.4, 383) (799, —66, —633)
6 (115.4, 21.9, 207) (—128, —971, 330)
7 (115.4, 20.7, 666) (—243, —238, 218)
8 (106.6, 20.6, 604) (—359, —421, 209)
9 (117.7, 24.7, 355) (—800, —324, 375)
10 (115.4, 24.9, 879) (391, 315, —464)
11 (100.6, 26.4, 608) (311, 607, 452)

12 (108.2, 27.5, 497) (184, 296, —119)
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Fig. 8 Allocation results of allocation algorithms in changing scenarios
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Table 5 Advantage degree scores before and after the change

Ak GAN WALk GRS
VIR 135y 4.43 4.39 4.09
AL JE AR 4.03 4.01 3.82
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Table 6 Test results of 8-to—4 matching in dynamic scenarios
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Table 7 Test results of 10-to—6 matching in dynamic scenarios
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