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Markov A KA, 2 H T — M £ 4 e R F HEHAT N (multi-agent soft actor critic, MASAC) E & T
KAZ ] R A . e, 5 AR IE T BT 4R Bk R M o AR

KR LA, BEAK, £ EEEREEBRMAF S, ¥ W Markov # KT, MASAC &%

1 5|5

i

Bl 5 2 Re bt sk 5 s rp 2 A BRI K, B AL (unmanned aerial vehicle, UAV) {FN—303%
R SER P&, 0T M 5 A5 ﬁﬁ’]ﬁn%‘fﬂﬁﬁjﬁ%*kﬁ%‘%ﬂéigﬁ’%ﬁﬁ MW
FHREARRN HEHRVE SR TR SR BRI R A A DI MPEH B Horh, BRI UAV 1R bl
A T R R $2, el pRos H 22 43 B3k 5 Arih 52 UAV #84 %JL%UE’JB&?@H*T

20 B B AR R S T B, AR K 2 R DL N BB 58 O BRAS LRI 75 5K, Dijkstra B & i1
Dijkstra SHy%&IE LT 1E 3 7 BT A 7 S8 B AL %, A* B4 0E Hart 25 U X} Dijkstra (e, Hoi@nk
PEAR R BOR T 0SB T X . D* Bk 2 Stentz P X A* ik, HAETHE B BIA K SRR G,
BN A HUH I TEAl BR O 19 s BEAT SR, IR T A ERIRA N — B BOR AR REAT ERT LR,
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TisESE: BT MASAC Siba: > 5k 0 2 T KL A BR A )

BT RRE —A NP i 6] & U e SIS FIH RSS20 BF, #2701
SRR, X AR N YEHCE T R J5 A AU T DATRE G0 4R T A 1) R, AR B AR AR w0 N P 8
SRR TVZ 1T SCHR (8] K S AR Sy BU S S F T AR UAV 3 C H AR, FFR ok 25 T 2215 BRI
WCRFRAL SRR B ] T g A2 k). STk [9] 3R M 1 — A e B AL B 80 T b AT SEBg A% B2k i o i o
IREEH R ER AR R e . SCHR [10] $2 T —FlOET R SR B L, 2 ARl A IR K
E MR RS R R BR AR ) J. o R 2 MURRIE 2 B R AN, DL R S BRE HE A fif Dsias
FEAEFNRI ) R SR, KT ZhA AR 1], 4> R ISR B R AR A, 75 LS R i Af

RIZ R4 2] (deep reinforcement learning, DRL) 12~14)1 [y H I A R W 2l 25 5 42 F0RI 1) AR AL T
— ¥, DRL SERER &5 o] U9 ok e ) R A IR EE 5 S MR A Re 1, AR THE R R
B BhAS MM N AT BRI, SCHR [16] A8 A C5cd (1 R B 1 14 SR R FE (deep deterministic policy
gradient, DDPG) BHEMf U 1 FANLLE B AR P LR 55 i B BR AR R ) . STk [17) SRS R Q
PR 266 vk 181 g 1 [ v B S o A T 1 B AR R ). SCHR [19] SRAIWAEIE DDPG (twin
delayed DDPG, TD3) SR T B E/K FHLES AW B & RLE R g f A, SCk [20] KA TD3
FEAE UAV B e BAT BEHLIE MBS ) 2 BERGIAEE th AT B A LRI 55, SR, bk SRk 33 F 52
AEFA DRL S4B 8 T0 AHLERZ o AHLER AR R 10 8, SX AR AT 78 77 92 LA R UAV [8] S 0 7] il

PRI, 0 22 0 AHL I R B AR AR 0] 8, AR SCRH 2 8 ek DRL S0k, $2 i 17 —Fh 2 Wi ia 21t
PATPEAN (multi-agent soft actor critic, MASAC) vk, it Zds )12 i g AR I T 33 HERR A 20 f 4K
W ZEIEST Lowe 25 PU IR Z B A8/ DDPC (multi-agent DDPG, MADDPG) 52848 ¥
MADDPG [¥] DDPG #i7r & e N R R F IR I R AT VAN (soft actor critic, SAC) 22, FHE Sl T
1B, ASCH EZE TG LS 3 A7 H:

(1) eG4 SRR Tovd e 4EBOH T, JR A A EEANTE BT AR R B A5 AR IR Tr) 3, 1 B e
DRL S92 UE R e ik s W R A RE 0. i, ASCEH 2 8 BEfA DRL SR ALER 2 T AHL B IR] %
AR e

(2) HFTITHIER 2 T AV AR RG>, A SOF R T — 1837 5 2 I LA 7]
WAL SEAL 2 IR, I UAV 8332 213 715 I IR ZR, IF BIEZ5 & 1 6 AL A4 A BRI 3R A
P2 4B R I 5 oK

(3) ARSCK 2 Te AHLEE R HLRN n] U2 A% 93053 P W Markov HR3EIEFE (partially observable Markov
decision process, POMDP), &t " MASAC SHi%3Kfi# POMDP 8 DI1G 3 2 N BEAR I & 801, &
ARSI 5 BRI T PR BRI A R S e .

2 (o)A

2.1 ZRANBEERRERAKIES R

2 T NNAE— AN 10 S 2 A Hp AT B R B A LRI T S n B B 1 Fos. N ARG
AL (BA N = 3 ) TR 5o 2 BREEE T MR gm b\, A BT s h MBS 4) (1L ey
PRIX), IR RR g\, & EAA EJ7 I Hirth gt Foh UAV G RS RIS AL, — R4
T CVETREE G UAV), 53— MONEREEE OB S UAV), ARISEEM UAV HEREAR. 41T
H UAV G BAUCH —42, HATSS 2@ BG4 2k H brth 21, M EREE#H UAV BE TN 248 4155
SRR ZIBREE TS ¥ UAV DUREE RATRBN. Bk, w] LATS 312 5 A HLP R B 42 A0 i BT 75 2 52 B i
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N y4 Successfully arrived
AN Failure to avoid obstacle/‘{ ) _
) —

—~

S Z LL/ - o
g AN -~ >< - = Destination
= Z Hills _~——
= -

N ‘ //T_ ______ _
AN ‘Uszx’))‘ [ossossss —_ gD
<~ A

2 L UAV3 B Interference area

) ) = Form a breakthrough
formation

))- UAV1 (Leader) ))- UAV2 / UAV3 (Followers)

******* Leader UAV trajectory ~ =~~~ Follower UAV trajectory

1 (MEMFE) ZRANBEBEEARINES ~EE

Figure 1 (Color online) Task illustration for multi-UAV collaborative path planning

UAV1

ZRTALRS: (1) BEITREIGY), R AR R N T B UAV #5158 (2) 28 B A A (3) PREEE
UAV K] HE R bl 401 5 35 17— 2 Ya Rl P DA SR F S 75 4 BA..
2.2 ESEAMEIENX
2.2.1 ESEKM

T 1 (RERIFRASYD, H SHE%): (R4S #H UAV bl 2L eSS, M SE0Z UAV #i5%, 1
BN ARAE S RIG 150 2 (B S 7S, (HBCE (R E I 8] P9 208 H ARHL A7) Wi SRAF 38 UAV Jeiki
HE PR B AR, ASBEAE R E I TR PN 218 H AnHh T, T3 AT 55 R
2.2.2 {E5RIN

HESNSH UAV e 1E e IS T8] AN BIA H Frib S, FF BA R A SRS 2 (B FREE, b TG
WERBE# UAV J& 75 2k B brtth 5, #80A NSRS, FEHR AR, M EE.
2.3 AN IFEE

WEREE N 2N, H N> 1, ZEANMMEZ] ¢ B2 ¢+ 1 BB 125N

L4, min < mz(t) < T4 max>

y‘,min g y(t) g y',m X9
xi(t+ 1) = z;(t) + v; (t) At cos ), (1), ' ' b
( ) ( ) ( )A ( ) V4, min < vz(t) < Vi max;
yi(t+ 1) = y; (1) + v (t) At sin,(t),
s.t. wi,min < wz(t) < 1pi,maxa (1)

Ui min < Ui(8) < Ui max,

wi,min g Wwj (t) g wi,maxv
\/(xz'(t) —20)” + (ui(t) — y0)* > Ro,

Horb i A UAV BRG], (v,y) N UAV BIALE, v & UAV HEE, o 72 UAV Bila i, u 8 UAV BN e
FEHIHIN, o AMAEEEGEN, At AMBTZ) ¢ BIRZ] ¢+ 1 RS K. ATRESLREZE: 24 min,

1873



TisESE: BT MASAC Siba: > 5k 0 2 T KL A BR A )

T max, Yi,miny Yimax N i 42 UAV AL B ERIER . HAME, vimin, Vimax N i 42 UAV EFEHIHCK
B/MEL, Vi mins Vimax NE @ 42 UAV MR EROR S f/ME. FHIE LR wimin, imax A 0 22
UAV fnid B3 A BB R« 5R/AMEL, wiimin, wimax 5 @ 28 UAV AR EEPEHIA R 5O fMA.
AT ERAR LIRS AT T AL B, A S i L S RS bR 0 B X, o (20, yo) ARERG
YRR DAL E, Ro NFRESPIR) A2,
2.4 MEEHRFRAYIZIT

XS AR ITIEBAT VAL, AR SO IR S #) 22 I AHL IR R4S R Dk 33647 1 224K Monte Carlo I
W, EHUT S 5E % (mission completion rate, MCR)« ZwBAfREE#H (formation keeping rate, FKR). &
ATIFTE] . YAT P Re BV AR e RE TR R

IRYE 2.2 NS IS E S AR FE BN Juer = No/Nr, et No - AE 55 B 56 U 1]
EH, Ny RIRFEAT Monte Carlo WAL B AEL JiBAREFRAN Jpkr = To/Tr, o To NH— N
G W Z AW D ERFF I TP, T AR —ANEIE BFLAR P. CATHI DN Jr = tp, Hoh
ty NIEANLBI L I %), CATHIEN Js = gfvdt REEVHFEAN Jo = gfﬂu|+»kﬂ)dt

3 ETZEEHRREBRUFINSTANNBERAK

3.1 ENESAWESTANBERREMEER

AR BB R e BRI A 4 RS E B, T UAV IPILERIRES — o B y 1
BOHEE o MR o EBENLA R, H bR BRI B e RN . ASOE UAV B R
[F— @ Niagh, Higshfa 48 R rigsh i fe. Rk, /3 UM .

BRi%1  LANLIIE s R 25 8 1H 12 3, 80 s i) =4k 12 3l DL 4k 7 A 6 4 AL 2.

Fi&2  H bk SO B SEE B T E, A  B b Ak A AR A 5 A TE AL

B2 T0 AL R AR BRI R B4 58 SO —> 700 183 x 600 153 1) 48P Y, 1% 700 14
7 = 7000 m, 600 8% = 6000 m, FAEEHIBNEIEAE FPS 4 60. L ANLE MAPASEHISEAY, —Fhad
T UAV, BTG BN RN 10 ~ 20 ME R, L3 3#558 100 ~ 200 m/s, HITTE 3 il i\ Vo
N -3 ~3m/s’, AEEEEAN —0.6 ~ 0.6 rad/s; 5 —FAIREEH UAV, EMA LSS HE UAV B
RIFLEHIE, FEE G A 100 ~ 300 my/s, MIEEESEEIN —6 ~ 6 m/s®, fEETEEN —1.2 ~ 1.2 rad/s.
FiFH UAV — HEIK HbrHh s Brre B X, BRI A ERINT 55 3h, BASG R S50 h—H
FIA B PIATE T XSk, BRI A R AR R, SRR RIAT 45 R, BAR I [l 45

3.2 ZEAHEEHX POMDP Eix

POMDP J& ¥ Btk A5 5 4 0 A1 R R B S (1 BAR M A (25~251 Lk 4 Markov MRS )
J& 2627 HURIF POMDP ik 2 76 A ML G MUK it SRR, 27 7T DA s Sy — -t
(S,A,R,P,Z,0,7), Hrh, § RAAREES, S = (51,50, 50..,5nv}, N AH BRI, REE
S WFEEEERATRE; A RAEES, A = {ar,a2,... 05, an}, a; &5 i A UAV HIZH1E,
i=1{1,2,..., N}, SHEM TR BRI, R(s,a) %o UAV TEIRA s F, REGE a A0,
P RAREHBMR, P(s']s,a) ®R UAV 1ERZS s RIGHE o BREPRA & HBER, RSB MR

1) https://github.com/henbudidiao/UAV-path-planning.
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TEGARRARTT RN, Z RZWIES, Z ={21,22, .., 2is ..., 28}, 2 7256 0 D UAV LIS B, & Xt
TRREARZ AN O ZRMMEKEL, O(z|s, a) BREPAT —NEME a € A J5, IRE& s € S 77—
z € Z [PIREE, WL R 500 T8 Be A 2 AT AN ZEIRE T € [0, 1] Famt 24/l 225 5 AR R 22l 1) i
5 .

(1) W4 Zz B)vecit. 5 0 A VAV BORIE BT LR E 2 RRHN 2 = (24,95, vi,¢i,my), F
W [z, g, 05, 00] R2E 0 A UAV BRATIREE, my 25 UAV R CFIMPIRES (S B, 6 T8 54
UAV, m; = [26,Ya, Oftag), Ofiag NFERFINRENL. Opag HI7E LANF:

1, do < 2Ro,
Oftag = (2)
07 dO = 2ROv

He, do = \/(x —20)* 4 (y — yo)® N UAV SRS (8 FEES. 24 UAV 52 18] (B N T
PIAE B RSPEAR T, MIACA UAV Bt A BEmG4, e i ybs S0 E 8 1, [UER o.

XFERBERE UAV, m; = [op,yr,vr], HH (zp,yr) NITH UAV B E, v NS H UAV 1
R HT UAV REmBARISTTE UAV A HACHE —22, iR UAV ZONERBEE UAV, BREEE
UAV #86 m; = [v1,yr,vL)

(2) IREEE S MTE. 56 0 A UAV MRS E BT U A& s; £on, B4 VAV IPIREE s, #A
#51% UAV [OWIPRA AL UAV BOIPRESE R, BIFTBARIRN s = [21, 22, ..., 2n].

(3) BIMESE A Wit ARSCHTE X UAV SIAE e i e 45 5 38 (1 0ok B2 AN A s FE AT A )
5], SRIAZE] UAV PR FIHEN T M. 28 0 > UAV REER— &S i m =, BIEA3IE
BT RRZA a; = [ug,wi]", Hf u; R TN @ BIIERE, w, RoRTAML @ AR, WL R (1)
W2 R 2 AT

(4) JhEE R BIWTE. N T SR e 2 e ANLY RIS AR RRIMTE 55, A SO AN FIZR AL UAV Bt
TAFEPAAENS]. BpkHh, X405 UAV (U8 —20), BRI rege, 93T UAV |
KD FMEME T —1 WFEST, 75 NRAAE ] 22 4E,

—1, & FLFR,
Tedge =
0, &

3)

FR, WAL RER LT rops, MWFH UAV SRSV IR /N T RS L2 0P, I UAV A
BAER TR RS, 45T —2 MRS S UAV SERY)0 8 5 /N T RG24z, ik UAV
RSP, UAV $15%, 457 —500 KRR, SRR ERTEHUA, G T UAV AR RAE,

0, do>2Ro,
Tobs = 4 —2, Ro < do < 2Ro, (4)
—500, do < Ro.

G0JR, B BRI ryu, WS H UAV 5 BARAURBEEN T B Dy 1, BVUCKENE HAT
4 1000 FUTERIRY, 75 URME UAV 15 FERAUREE B b8 T,

1000, de < Dy,
Fedge = { ' (5)

—0.001 x dg, dg > D;.
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PR BABE B 23 rronow, T H UAV HHABEREEE UAV HIEE BEORRRE — E VO B I,
B DAL T BT PN, BEIS AN TARMT A3 AE; B0, AR UAV 5 HABIRBE & UAV 1)

PR BRI,

0, dir,min < djr < djL max, (©)
Tfollow,j =
—0.001 x d;z,, 501,
—1
Tfollow = Z Tfollow,j 5 (7)
=0

Heb i (i=1,2,...,N —1) NIRKEE UAV FIR5], d;r N § RS UAV 5505% UAV Z K
FEES, dirmin, djnmax NS A ERBEE 5405 0 E 25 3 Rl PR ).

e, WU A2 ropeea, HTH UAV SHAMERREE UAV FEEE R 2N T BIME 1 1, B
INERINIE S T E VA, 457 1 1300, B0, AN T UAV AR 2208,

1, v —vi| < 1,
Tspeed,j = ! (8)
0, 70,
N—-1
Tspeed = Z Tspeed,j - (9)
=0

Zi b, AT RS #E UAV IR BN RL = wi1Tedge + WL,2Tobs + W37 goal + WL 4Tfollow +
Wi 5Tspeeds 3o WL 1, WL 2, W3, WL, w5 e RENTA 2N AL .

EFXTERBEE UAV O N — 1 Z42), HC 325l ek 250 b g BA PR 59 22 J5h 5 0 P P [R) 22 A . T, AR 4R =X
(6) 55 (8) AT LAFRITEAERBEE TEAMNL 5 BIEINBRECN Rej = wriTtollow,; +WE 2 speed j, 36 wr 1, wr o
S BFAN Sl B 73 A

B R H—3E UAV ) Ry A1 N — 1 DNERFESE UAV ) Re,; i, R =
[Rp,Rr1,Rp2,...,Rpn_1], 7 € R.

3.3 ET MASAC B9% T A E B E AKX TREE K %
3.3.1 MASAC &%

W 2 Fios, MASAC BVEARSR R T 49 Ik A AT IIREZE, B — AN BE R — A
MO SAC Bk, ASFTSCHR (28] HH T MASAC 100 4 RiR S BN 25 508 W 2% 1 ik, AT
PR ) MASAC BLIEX 2 A A SR I 25 (R N\ N R IR S B B R g frh, Baetk « )R
HEMIME B 2 VE NG IE% actor BN, i tH WAZNTE a;. FA5E (environment, Env) AT BT A & g
EHIBIERTH R SIER A 193] F — M ZIFPRSE B S FYATR ZI3 45 R, PR GaT I ZPRES
GRS, BEE AL E R AVE —I 2RSS BE S ARSI . AZIE L BE AL EX
— MBI (s,a,7,8), BREAK | LIRS SGNEPHEREIIEE (si,a:) 1EA critic PZEIIHNKIR S
ST

3.3.2 MASAC B E

W 3 Fs, AT RRAR 6, e eritic IS actor 2T N 25 1R SE NS AR 51448 SAC FERL.
FIRLEZHN 0 1 actor IIZERANG Mg 2%, FIALESHON w 1 critic 28L& HHME R
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T [ ! T ‘
| [ [ Lo i ! ! I i ! !
Bvio G (Ee IR NCOCYR R
i T [ T ! i !
! P i } i
\ b } \ Y }
| SAC Agent 1 ! | SAC Agent 2 ! | SAC Agent N !
| | |
| | |
L == | ‘I,,,,,‘,,,; .

Combinatorial state

A 4
Experience s s ar
reply buffer Sample T

batch

2 MASAC BAEINZG 2 EE
Figure 2 Training process of MASAC algorithm

D e -
Entropy network - )
Loss J(ar) ritic networ
¢ Loss J(w)

Current Q

Actor|network
A 4

Loss J(O)

50
/ \/'27& 0
Ao;.{o/

3 (MEEMFE) 8 « MERERMEERR

Figure 3 (Color online) Network update for the i-th agent

Critic M5 Qi(se, ar) R @ MREBMARIEIRE s, B, RIGENE o, JEEBIHIUHT Q H. N T HE
oAb T HE LA 4EAT B 2 R A E AR Qi(se, ar) 18, MRS E w FRMMEM B KIELE Qi(s, ar),
BT Qs (s¢,a0) ~ Qi (¢, ay), B TT R ZENE NS, ] adaptive moment estimation (adam) %K
AT B MASAC M2 250 Rk, 56« DMRBEARE critic MZEHI R R R R N

1 2
T (W) = E(ay oy a0 )b [2 (@i (st,00) = Qils1, 1)) } : (10)

Hrp D R, 75tWERNZGEDE, NINGIRMIFEAR. BT D MAFEE, MASAC w] LUF] A BART )
BARHEAT ISR, T T REASI R, FT8E T REAR IR SR IME. HAR Q M IS HH o Fox, H
3 (11) #7747 R,

w=7Tw+ (1 —7)W, (11)

b r R,
Actor MZGRARE BTSN AW, MASAC @it i /Mb KL BUZK FHRE — BRI Tew,
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L 1 BT MASAC W2 B AN R R ZREE

1: WIUEAE N A actor WIZ& . N /> critic IMZF N MR
2: WlEHAR D 5 OU M,

3: for episode = 1, Maxepisode do

4 HIRAGAIE B A RTIN ZIRIRE s
5: for step = 1, Maxstep do
6: i oU MEAEATENMEESE, W TRANTAN i, MIGRE s 17 actor MAEFAMME L 2z, [ENZE a; =

[us, wil;
7 FHERIER [—1,1];
: RIBEKEINE a = [a1, a2, ..., an], T step BREL, FAEGREIZE) », F—IZPRE s/, BIEEERARENL done;
: SIS (s,a,r,¢) TELM D;
10: if Z40% D 773 then

11: M D EENAME R, TR TN o, iRIEX (10) $AT critic PILERIBEE T,
12: IR (12) AT actor LS IIBHEE T I

13: MG (13) FRAT WA 28 HOBE E T B

14: Critic MZEHIBE S HURME X (11) FREEHT, actor I 45548 X 45 K FH [l 5 25 P 1 B3
15: end if

16: EHRE s+ /5

17: if EE bR EN done K then

18: Break;

19: end if

20: end for

21: end for

JEFRIE TR Q E KT T 25 N Q 1A, Kk, 25 i MR SRIE = R RETRRN
Jri(0) = Dk, (m (-] s¢) || exp (ClyQi (s¢,) — log Z; (st)>> , (12)
H) o NIRFEREL, 2,(s) AT H MR, SRR TR ¢ HPRES, X SR8 X 25 (1 24
1o BE VA R ).
T 45 B AT B 2R R R A o IRE 7 290 DT ERFE T ERZRIRIFH 2 A1, 9 B A i 1
T ZELERS Z1) ¢ (PR 2% BT SRR
Ji(a) =Eg, o [—alogm (ar | s¢) — aHo], (13)
Forb, Ho RTIUE X B/ INRIS I RIE (SCHR [22] HHHETE Ho = —dim(A); 40, PU4EESahiE 25 A PR
1) Ho N —4).

A EET MASAC Z o ANLH R A2 LRI SR mS ) SR By 0 R vk 1 o, SR AT R
AR AR ZE Y Ornstein-Uhlenbeck (OU) M5 1 g SR [0 266 1) PR 2% gk 75

4 {pEMLE

4.1 MASAC EZES¥EE

1A T MASAC S BIRTA S HAMESE. WE OU MEHER 3 MEBER/IA oou =
0.1,00u = 0.1,dtoy = 0.01, I HALLERT 20 AN OU MefE. — 28§ B2 A IR AAE B4 pygame
FRAS: 2.1.2; gym FRAS: 0.19.0; pytorch FRA: 1.10.04-cull3; numpy: 1.23.1.
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#* 1 MASAC WSHMEBSH
Table 1 Parameters and hyperparameters of MASAC

MASAC parameter MASAC hyperparameter Actor network Critic network
Actor learning rate: le—3 Maxstep: 1000 Input: 7 Input: 7 X N 42
Critic learning rate: 3e—3 Batch size: 128 Hidden: (256, 256) Hidden: (256, 256)

Entropy learning rate: 3e—4 Maxepisode: 500 Output: 2 Output: 1
Soft update rate: le—2 Replay buffer: 20000 Activation: relu, tanh Activation: relu
Discount factor: 0.9 Optimizer: adam Weights: (0, 0.1) Weights: (0, 0.1)

| A bl
Mot A PR EIE MY A B

Reward

Leader UAV sub-reward
Follower UAV sub-reward
Total reward

T T T T
100 200 300 400 500
Episodes

4 (MEhRFE) 500 BIENIZET MASAC BiERRRZE
Figure 4 (Color online) Reward curves of the MASAC algorithm under 500 training episodes

R 1 B, actor MR —NEE 7-256-256-2 G50 EEEE, G R H relu 1 tanh #I/K,
PR 28 FRIFTAE R EAEISME N 0, J7 22008 0.1 IEZR /A0 ERENLEUS, 52 2] %05 1le—3. Critic PIZEHRIR
AEIMERETE BN, MINETT R E R 7T x N + 2, WIER B relu M, 4R %% 18]
IR AESME N 0, T 29 0.1 BIES A EBENLIUE, 721308 3e—3. MM i m 4, H
XTEUBA A G R T B SR, PP R R AR, ) 30N 3e—4.

4.2 &I TE

FEVIZRM B, A T B GRS RE, I IRE K Ar BB 1 DU YNGR TR 1L 2, A0 B9
fERA 16 GB RAM (RTX-3050 &) (bR /R 15-11260H Liztr. 5 i W14 BA B Rl R
7%, B —RTTH UAV M—ZUREEHE UAV. WRAESRIG, A IXIE & I Zr i BB, HRakS:
TEIR T — B S IR, DIZRE A $i B 500. THEE RERAE 01 & FTIS S0 250 A RN,
tH MASAC SRAMIT % UAV TR HZE . BREE#H UAV T3 ih 2 BN 2R 2k B, s A
Z 500 [l & BN ZRTTH ST 3 5 05 %, 18I EIB I 4 pios.

Bl 4 R ZO R R 2, S ZRIAERT 20 I E2RIFIZI0 —2000, BEIR R REIRATIE OU B i1
H FBENUBIR R I 20 [FI5 )5, OU WA IGH, BARNEHTT ;150 F& )5, B2 TRUE, 205
TR EAAE 200 /oA, SRECNSGH UAV T2l 2k, e il 7 2l R 2enl . Fbn 2 4k
S 9 42 Il RS P2 W R S AL B % RIBNAE 150 [l & ATIZ T R, AR 150 [l & R SE] 500 AL LR
NERBEH UAV T 3255 £k, " o B\ P 5 2l R B2 1) 42l 2 1k, 2 L e 5 91 £F) — 1000 323
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Table 2 Evaluation metrics with different numbers of UAVs

Number of UAVs Jmcer (%) Jrkr (%) Jr Js Jo
2 92.0 64.62 269.53 148.46 301.62
3 92.0 53.24 251.67 145.07 281.25
4 91.0 43.39 264.12 146.51 299.76
5 90.0 35.66 249.73 141.17 281.39

%+ 3 MASAC EXS5HthRBAINTEE

Table 3 Comparison between MASAC and other strategies®

Strategy Jucer (%) Jrkr (%) Jr Js Jo
Random strategy 2.0 0.00 937.79 459.82 940.85

MADDPG 83.0 0.61 333.09 197.79 321.35

MASAC 90.0 35.66 249.73 141.17 281.39

a) The bold indicates that it is the optimal.

4.3 MR EESLER o
4.3.1 MASAC EERIMREIEIR D

FEMRBT B, N T B 52 2 T AL AT B4, I TP A BN 0.1 fEH 4.2 /M52
LI GRUT I 10 22 ) 268 A S BUPE IR B TR g AT N, EIX M BUE S8 Bl Bl UAV &Y
N 03,4, 5 B 2.4 P LIRS TEE Jucr FMRFFR Jekr CATIE Jp. ©ATHUE Jg
FEERINFE Jo 1E N R EIEIL S IVERETE AR, 70 73E4T 100 Ik Monte Carlo M, WA 1) s 45 1
Wk 2 P,

M 2 B[, TR UAV FIEE W A8 e, FCReDh Bk H A Hh s (0 8% A2 B0RIMT 55 56 B EAE 91%
Fed, WATIFRIERAE 255 Zeds, RATPUIBMER K FEARAE 145 /ot BREVHARARLE 300 iy, X Ui %
R RGN T AFESER VAV . Hoh, 2T AN AR FFRBEE UAV HE 08 Kb,
UAV #E %, HgREFR AR, X2 F g IR R R Z T UAV 5 HABRTA IR # UAV
L AORFFZE, 2 UAV 20 20, H g ORISR LD 2 Al A%, AT 5 S04 BA PR 35 2 A1
R SE I IGE T MASAC SENE 2 0 AL [F)BA2 R0 K] 1) 858 1) A R

4.3.2 MASAC EZX5HMEKRRAITEE 24

AR MASAC B35 BENLSEES . MADDPG Sk sb T 0t b, X X S5 mg (iR 0 R -

(1) BENLIER: ZBENLFEE FIBENLIE AT & IR0 A0, ST AN a8k « 28— A% ¢ T, Bl
TR (N u, SAEE w) PR, e i BEPATINE a; = [wi,wi)T WTE B3
H 1.

(2) MADDPG &k ansCik [21) Arid.

155 H ARG GO RE LI, BL UAV 08 N = 5 . RRDUTES 52 . MR, ©AT
IR AT HE AN R R FEVE v B SRR R B I PEREFRAR. 2 3 BAR T 100 /> Monte Carlo Ml [H] &
R SR B BITEUS P RE T AR T 4.

WK 3 FioR, 4155 56 R 5 i (02 A ST 3R HE 1) MASAC 8925, 3531 T 90% BT 52, Hk
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Figure 5 (Color online) Variation curves of heading angle, velocity, and distance between the leader and the i-th follower

UAV

s& MADDPG B[] 83%, 1M BENL A [14F55 58 AR I T MASAC 5 MADDPG 832, #ibAfriFES
a2 MASAC HiE, 183 1 35.66%, MEEHLEES 5 MADDPG SiERIMBARFFRAL 1%. KT
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T CATSA] 249.73 BN CATPE 141.17 DL/ N REETHAE 281.39. AR, MASAC HikRED
e /NFR AR A AT B w5 A 25 58 e 5 A DR 7 28, L G Ath SR s B EL AL Rk

4.3.3 MASAC EEMZ AN MEM S

Bl 5o 7 al A b, S5 UAV 558 0 DEREER UAV B f . s 5 RER 2 BE I TR
AL, FTELE H, I UAV IR A . 3R ANEE BRI Z2 80K, B I 8] 32 LA 1 £ A5
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B2 G BN ORFE N R, B RES 78 245 KR B A EA BN (R [RIIS, WU 6 F i A A RIME 55

5 518

AU 5N A 2 AN AT B AR GO SO 5, JF R T — A2 AN A2 AR )
AL BRI IR, S T — R 2 B BEfA DRL 5k —— MASAC RillZ: 2 Tt AWLEEAT ) [F) B 42
MR SRR, WIZR)E A2 TE AHLAT ARG BA DR 22 it AN 5 A RAT IS 2 T 2038 B An b
MASAC SFEAUAT AR S B A F BRI AL, I8 GEHUS LEREHL NS . MADDPG 589k =
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Abstract This paper proposes a novel multi-agent deep reinforcement learning algorithm for the collaborative
path planning problem of heterogeneous unmanned aerial vehicles (UAVSs) in a dynamic uncertain environment.
Firstly, a reinforcement learning environment for UAVs is developed to reach a target location in an airspace
scenario, where the environment introduces the UAV dynamics equations and considers the UAV heterogeneity as
well as the requirement for safe obstacle avoidance. Secondly, evaluation metrics including task completion rate,
formation maintenance rate, flight time, flight trajectory, and energy consumption are designed to evaluate the
algorithm performance. Then, the multi-UAV collaborative path planning problem is modeled as a partially
observable Markov decision process and a multi-agent soft actor critic algorithm is proposed to seek the
approximate optimal strategy for the problem. Finally, the effectiveness and superiority of the proposed algorithm

are demonstrated through simulations.

Keywords multi-UAV, path planning, multi-agent deep reinforcement learning, partially observable Markov

decision process, multi-agent soft actor critic algorithm
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