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Air-ground heterogeneous coordination for multi-agent coverage based on
reinforced learning

ZHANG Wenxu, MA Lei, HE Huilin, WANG Xiaodong
(School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: With the heterogeneous coordinate task of unmanned aerial vehicles (UAVs) and unmanned ground vehicle
(UGVs) as the background to this study, a novel air-ground heterogeneous coverage model for a coordinated multi-agent
is proposed by the complementation between UAV and UGV heterogeneity, in order to extend and improve the dynam-
ic coverage of a heterogeneous multi-agent system. During the coverage process, the advantages of mobility and the ob-
servation scope of the UAV were used in order to guide the actions of the UGV. Moreover, in view of the partial agent
observability and uncertainty, decentralized and partially observable Markov decision processes (DEC-POMDPs) were
applied as the model in order to establish the coverage environment. Additionally, the reinforced learning algorithm of
multi-agents was utilized in order to complete the coverage of the environment. The simulation results revealed that the
coverage process was accelerated by the cooperation of the UAV and UGV. Additionally, the reinforced learning al-

gorithm also improved the effectiveness of the coverage model.
Keywords: heterogeneous multi-agent system; coverage; air-ground; UAV/UGV; DEC-POMDPs; reinforced learning
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Fig.1 The heterogeneous observation of UAV and UGV

UAV A5 B WIHE BASUH T UK UAV 1
T 2B IME, B FTHEm UGV $AE5Sh 1) 1 1#]
WEE R . HIR, %83 UAV (W SR, &
SCHFE S N 2 s, BIrh TSk R R e
s . UGV LUREE R, AlFT UAV A
BT B ZS UET, UGV LI VI BBl 4/, 8
WU A S5 70 A 4 A, R A BTS2
BOER S E R 1S, UGV BIEHAE T
XSRS A B 2w T UAV,

22 BEH=IG

EX 1 3T DEC-POMDPs {7 35 5575 2
PRI Z B BRI Y SR P | 20 A ORI 2 1, HC
HBEM T (1), TR E R —14 8 L
(I.S.{A;},P{Q;},0,R,b°) 45tl, Hirh:

IR RIS 1=(1,2,3}, RIEZH
ARG 3 AEREIR, Hob g5y 1/ 2 iR
H UGV, 45k 3 IR REIR R UAV.

S R ARZSHE B - R R B ok b 1] | 5 M A
VIR O, B2 R RER B B IR, REEEH
S:JIxLo Horhg KR EWOs g o, 1Kl g
B AR ZSAE B AT R R R D5 RS s, B
ViR s, . BERFYPIRAS 53 3 8000, LA SR
BT L r B P,

QR LI AE A+ FR 5 iR BEAR I L4 5
XF UGV M5, Q:(t) = {env; (1), pos; (),pos; (1)}, i €[1,2],
WK R B 202804 UGV 19 B B J5 3 WLl 5 8

ad> oo

IR
A

env, (1) . H B B0 B 15 Bopos, (1) LA K AR 45 18 15 3R A )
HoAth UGV 17 & 1% Bpos; (1), & UGV Joik Wil 5]
UAV WAL E; 3T UAV I &, Wil S Q¢ =
{envs (1), pos, (1), pos, (1), pos, (0} , K WK i e Bif 1
UAV A B XTI L 454~ UGV B AR XS 7 B
(4 UGV &bF UAV fZIEGE IR . UAV H S 117
B o TEMBEULINAR FEenv, (0, £33 B AE MU 3
FEL N A 15 A0 B 358 00000 £ BB %](f) ={&1,&2,83,84},
Horbre, Fom i AU (] MR , &, 2878 8 42U ] 9
¥, ex R BERF YIS, e, 68 UGV, FREIRAY 1L
PRI 0 P A UGV I, BERMEZ UGV %)
BT B RS BAR BOLAR X &, X T —% UGV
M5, HOUIAL BN oA UGV, 1R i i T

O J WL ARE >R pRER . AR BT 5 e A LN 8y AS T
TEPE, O(ols,a) TR BB Ta)5 5 B BPRAS s 3K
X o ML o 5 BRI DA BIT A PRI rh AR BOWL I A
SAT DU FHABE SR MR A T 22, RS0 ] L
SRR pRESAH ), 2 SR PRS0 A pREL
W=k 1 R,

R1 MRS EE S R
Table 1 The probability distribution function of observa-

tion-state
*%%ﬁ%ﬁ S S 83
& 0.9 0.1 0
& 0.1 0.8 0.1
& 0 0.1 0.9

O(siler,a) = 0.9 FRTEHITa)T, Bk HIRE
s, s Me BOULIAE 4 0.9,

ARHIERE  FREANE IR SIE, X T
UGV Fl UAV, B ZI 7] G 7= A= () 31 A, (1) = {up,
down, left, right} .

R 142 pRER . 7R PR3 X R e AR 097 3l 25
P . X T UGV, $UAT—IRAT3IG A 7E G Ik
i B3 AR, IR E 30, -5
FI-10 (A [EIHRAE, WS 0030 FAE B 5 1. 78

SR, UAV XF UGV LI $8 S/E T, B
LL UAV 0114 i PS4, 56 1 355938 UAV H
SRR, f UGV Ml #E SCAETR, 25 2 358
UGV st ik, Hoe SCh

Ryav =ﬂ'RUAv+(1_,U)'ZRUGv 3)
o AR 24K, 24 UAV AL L %A UGV
Bﬂ‘/x =1

PURFIIRAE SRS B R R IR LR 15 2
W UG O 8 PRECHREECY RN e85 1Y A 1) &t .
HOH A

o A
AN
H



2 1]

IO, &5 - BAL 7 T B8 S 2 REIR DM B SR AT - 205 -

b (s(t+1))= O(Slls,a)zb’(S(t))P(S(H Dis(®),a) (4)

s€S

3 ETHRMAFINEZH®

3.1 RMEZEEEFEIIREK
R S, AT UGV BE WAL ST
&, ST U A B R AR R M, T UAV
BOE A AE AT BA T B 53, il AR W UGV 4t
BT ALEE B, BCA UGV 2 SO 15 &
AR, S R o
B R A LN AEE S Al e VS RIS UIRIUN i K
B UAV Al LATSDULINFE LN B9 UGV 547 B a]d {5,
Itk ik UAV LIS R, T UGV Z [AARE#ES 718
Fo UAV HysRAL: > — 20 SEms BT A i A2 4 ] 2
B
THiR
UAVRBOU
R SRS
N ZFsucvilE~>

SRR

w o -
i 3 S T IAT BHESRE

[ PERE & SR I RAT |
Y
TR PRI B B S pr QT R TR B I B S pr OTE ¢
| |
4R
2 UAV BUEI—SRBEFRIE
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learning of UAV
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