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Abstract: To address the modeling and coordination challenges in intelligent cooperative control
of aircraft caused by large-scale systems, complex environments, and resource constraints, this
study proposes an intelligent cooperative control method by establishing a hierarchical multi-agent
decision-making architecture with the goal of improving decision-making algorithm efficiency.
First, aircraft is modeled as an intelligent agent to establish a cooperative control framework.
Second, a partially observable Markov decision process (POMDP) model is employed to handle
incomplete observation information. Then, to tackle the issues of dynamic game environments
and high learning costs, a hierarchical twin-delayed policy gradient reinforcement learning method
based on centralized training with decentralized execution is proposed, which effectively combines
model-based and model-free mechanisms to leverage existing game environment evolution models.

Finally, under the hierarchical decision-making framework, simulations of typical multi-aircraft
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game scenarios and thousands of multi-scenario tests are conducted. The results demonstrate that

the proposed method successfully resolves multi-aircraft cooperative control problem. Compared

to the multi-agent reinforcement learning algorithms MAPPO and QMIX, the training time is
reduced by 51.03% and 79.03% ., algorithm efficiency (cumulative reward) is improved by 37.51% and

58.73% . and evasion maneuver success rate is increased by 17.63% and 39. 79% ., respectively.

Keywords: intelligent decision-making; multi-aircraft intelligent cooperative control; hierarchical

decision; reinforcement learning

T 22 CAT a B [ 45 R ZR T s A 5
7 AR ) SR R TR L LR R R TR
BYRRGRIRE A 68 R A A DL 4R
FEVR R AL QR . A 2 45 T S 7 R B 5
HhIRCTS HE R L 1 0 e A B T A B e BT R Tk = 0
XL ) R Ao o SR i S BN A AR 1 S s
L E N 30 B Az B AR A AR 5 A A SR I R
FEPEAS & RBE A 1P 55 4 1A SR BE o DL X 2K
PR EE R S e AR R 2R . X UK 3l T W 5% 1) B4R
BRE MR, AR ML SRl ) 2 AT AR )
15 B 52 5T 55 BRI AL 2 3L F 2 AT 2% B ) 4 il
OSBRI Pt LN

LA S, R 3 Ak 2 2 (DRL) 38 3 @l 4 T8 3 i
25 ) 2% (DNND [ J8 1 34 5 5 Ak 2% 2] (RL) 19 7 9]
PRBE ) 2 ATa R ER S R T A £
PR A0 S B G R T L R R AR RAT AR
PR Soh RO R TR AR A 5 LT
W Q M4 (DQNDVY Fil 5 B AT s H-F e R
(ASO TR BE 5l fh 24 > B SE B K AT 4% 78 B X o
IR AR AL S PR . Bl AT 55 AR E R TE,
W5 3% A0 ) 22 %80 e A By [ ke 5 A8 ift, SCRR 12 48
TR T 2 Re R b2 2T 1 £ 6 AT AR ) 4
Fems WIS HE— 2B K Ak 5 1) R R, SCERC13 4%
A3 vty R WAL AL (PPOD B3, $2 R A AL ) A8 1k
PR A B T L 43 A7 42 A A 2 (8] 43 A5 5 0 )R
W 1 5 M), B UE IR AR AT AR Sh A MBS b iz Mk
I AR LR B AL B 2 A s s AR B AR, B X PR
[Fi) e 3G v 114 A 8 ¢ X 1) A, SCRik [ 14 ) 48 4R 19 40 )2 o
T 2% 55 28 36 43 AL T A OB AIR T Bl 1 28 Tl ) e o
52 7R B E R W AR TS AR R L B = 4 )R I I R
AR FEXTBL AR ] 5 W BIF 5% S0 I, IR AT AR AR
TR 50 R R UE 3 T DQN™ | UUHE R IR
T 5 T SR WG A BE (TD3) M LU K PPOMT B 42 il 3 m&
FTE 4R s E] B AR B B AR Sk R HE LGS R
SHEs 2P EAR E Ae g g e A k(18]
) = AT PR R I J T 5 i L AR 5T 4 Y 2 il

zkxb. xjtu. edu. cn

PRI B0 s V11 R AT SIOME ) 24 T AR A S

BE AR o % e R P R IR TRAT A L BB B OR
WA 5 0 DA% 8 8 5 b 4 o) 1) 285 6 081 44 o o sk
ik B DRL R85 30 47 A9 H R %
2k, SCHR[20 K 15 G0 o 7 e Ak L 30 S s 5 7 o0 7 g
HLBh WS, B T RAT AR [ 3 RE By e L H R T
TD3 Bk R R e 2 22 2 A AR Y 5 iz ik
e AL . SCHk[21 ]38 53 45 & TD3 5% il DNN,
TE PR SIOHE FE 1) [ Bt 484 5 SR s 5 e e, AR i A5 7Y
02 % P VB AP 38 n L S8 1 45 4 1k Xt e 3
S. SCRR L2277 B9 B4 R #5% B [ 45 i 455 0 0 9 2
DRL [i] 544 % 41 5 5¢ 48 A, {8 15 10 2 A 2 . 8 &
TR AL 2N 3 e 0 R iR M A TR R g AR T &
SCHR[23 R D3Q 45 il 5 119 w55 80 A 4 1 3E 1 1% , g
g e Z R ALY = R e b RBE RS R AN . Sk 24 ]
Pyl ae 2 I L G R TR VAN VA 5 W R e = R R RO VA
J1. IEHh, Q-learning B 3L il TD3 B3k W 7E
BIL 2042 i) 5 w0 Ak S Sek M A5 8 3 3 e L 5 5 sh A BR
B TE Y ML B R B R Sz RE. SR
i BUA B 5% 3 58 32 BT 4k 25 ) g, 3k = 4k iz
By 2 FR A RO B L R 2 TR e R M ) =2k
SRS RETT .

BT 22 B0 Re A B[] 4 7 s A 5 4 M A 4y
JZ A2 2 HE 00T A 50OR) R TR 2 AR R 2 2 3R
B EReEE I R R E THEZ IR f A
Ay BCAT 55 AR 3 () B B . S48 F 225 RE 1A 40T iy O %
AL B (MAPPO)Y ™ il Q IR A 5 % (QMIX)
FEZ ARG Z4 R 55 b O B R AR,
MADDPG BIEAEE S s VR il 5 2 51 % Py [ 7 1
T SLHCAT A [ B R 2P AR
GRRRE MEAS R AL il bR B 1 i A TR R, SR
TD3 535 1 WU 24 > F1 R W 4E 3R 57557 AL il 0] A5 %%
REEARR T O (ELAG T A9 2 A T SR % Y O 25 L 3 B AR
SEMEY ST S0 I AR SCAE P A b
JER GG T TD3 5k, 3 T 45 2 BURT ZE 5
W Aofs E SR Ak 2% T L FE TR INAE A4 1 2 R AT AR AR TR




90 W% o i

PN

HEE AT SE BT T AR PR S A AT A2 A
(15 P2 > ML 35 56 1 503 119 3 7 Ak AR A R
R Z2 8 R R) D0 3B ) I, S0 % 8 50 16 7 2 2 1
FGE TR, 580 EZR T T .

(D BETTAE B 2R P A 15 45 B Rl 5 i 5 il
G o3 A AT SRS AL T 3 Ao Je o8 WL 3 B A L A 4R
I G e e ) LA B Tt SRR T L 455 15 B
IR 2 A B SR LARE AR 2 > A

(2) & &5 & A B 5 oA L Y 2 > HL] e it
Je I MR B AT ) 5, 3 2 TR AT A P IR HL 3
4 20 25748 A B L M) P B S 8 A I R s 5 B
BRI 0 15 2R S D SRS AL

(3) Z KAT 7 B [l 42 4l v o 36 T 40 J2 U SiE 5
WA 88 55 A~ ~ A T L A A s A Y B 2
PR AR R ) FAR 5 51 [ B 2 T 8l 25 6 55 1Y
IE N RETT

1 Z RArde b [al 32 ] 2R e 2

BEXt 22 AT 2 B [ P ) R AT AR A S
5i A2 >0 B RE AR T F A BB ) 42 1 R GEREAL IR L T
Frde c SEER S i BE N gR XU R AT AR
1 o AL Bl WL A o TR U7 G — Y B0 12 B
SR Oy

x; = V,cos 0,cos o @D
3'}[ - V/Sin 01 (2)
él :_V[COS 61511’1 S[}[ (3)

e LN R s (asyaz) N RATERAEFR V.0, ¢
SR TRAT AR R AR AR AR s g IR TR,
Bl Sy SN

V, =— gsin 0, 4
6, = P,/(m,V,) — gcos 0,/V, (5
g?}, =—P./(m,V,cos0,) (6)
Krps Py P kim0 ) 4E g o B R RL
m =— C|P, |+ |P.|)/I, (D

Kr:om, HERE L, M,
2 43 )2 WU S 5 WA B iR Ak 2 ) BBk

BE 22 AT S D R PR 8 vhon] DAL AR B
TR A SCIETH AR I 25 43 A SRAT I 3R LA R AIG
22 WU WG AEBE— 10 3 J2 YL SR RE SR vh 52 1k, 7] B il
FAAT B 55 JO R YA 25 G 1 2% > BILH o 80F) B
A7 B2 20 T2 0 5% 0 AL A R, T R e AR 1 Tk
o T RATHRRMABLF AT R R R 1R
s AT G =1, 2, . n) AN Z .0 h

zkxb. xjtu. edu. cn

UL AL Fof I3 ] 552 0 . 368 0 4 2 22 8 RE AR 5 2K
Pl P b i I feft FH i Ak 27 T L X 1 2 3 5
) Z2 A AT R AT U 25 LD B Bl L sk 22 > 42 30 A
Joi=1,2, =, m,
2.1 ZHMBXMIEZHIMEERE T

AT A AR B = 4R X B S
Y A 1 2 PR 45 BLORU S AE b i AR AR R (oeyz) |
11z 30 & F& T F LAk OE R 2 AR X6 RS i 2R Gk
S Uy

(XY, . Z, 1" =[ai— a0y — vz — 2 )"

(8)
(Vi Vi, Vi ]t =[Vi—=Vi, V=V, Vi—V:]"
9)
FIXEE B R, FAIX PR B A8 bR R, N
R, = JX, +Y: +Z; (10)

R; = (X,;V; +Y,; Vi +Z,V;)/R; (1D
ML AR ¢ L if g N
q = arctan(y,/ /X + 275 ) (12)
q; = arctan(— Z; /X)) (13)
Xof o7 P A v AT A 72 AR AR RV 7 R A8 AR
o= (J/XE+Z,)Vy =Y (X, Vi +Z; Vi)

R: /XL 122
(1)
o = Vil =Xy Vi (15)

X:+Y?
2.2 EMAAMMAPSRAKXRRSRERGE

B XT Z2 AT i U ] 1 2 v 3 4 mT U0 1) A
A SCR TR 43 ) W H 7R AT Ok ok 5k i 7 (POMDP)
AL P A S S o8 A B S AR
WEHLBI R I # . POMDP #55 R v, AT #5843 7 o
FHE DT 1) RS ABE 238 43 A i 5 S R 38 3 00 I B T R AT
MRS B PO DAL A A 25 L B R AN o R85 T 2
B A IE B S RG , POMDP A5 81 (1 8 57 40 R B s .

(DR 23 ] . 3 BTG AT 19 Jm 350 R 25 00 )
206 o, LU & SRR A5 6] s

(2) JRy FIR AL 25 8] . f TR G 50 h i 24
T TR RE () PR AN . HLR BT A 2 2 Rl AR R A
BRL, B TR AT 2 4 Jm F0 RS W 7 06 1 X A B
R e v 1) — S 2R L Crritic M 4% 19 & R R S
AR UE T RO S-S ETF N 2 R, TR
Actor P45 )i A 2 BE A 2 [ 22 1 DI 42 5 RAT
2 2 RO

W 2 U SRE I S A Sk T A L AR AR A 45




509

Tho A5 LTI QAT 4% RE IR R 47 ) A9 20 J2 0L S S8 Wi 6 38 ik A 2 > O ik 91

AT AR B A ST UG I e 6 RS . AR

VTR 2 5+ KR A 5 2 4 R I R T {37 8 5 R 3 )

BRI 25 8], B AN TRAT BRI A B R R

AL 25 ) o, HACH 5 AT RS9 MR A4 R
o =Xy, 0 Y0 Zio Vi x

Vi s Qe @ ) (16)

max max

Wm N RATHE | BOTRIAIRRL
(3) & JARASZS 6] . & JrpIRAS 25 R AL & T AT 4
IR A PR R . SRR s kit
s = a3z, VI, VI, Vi, e,
Tisy; 52 VI VIV oee iy yoee ) an
(DO BEAS ] BAEZS )2 AT 88 0T A v DL T
M SELE A, WRAT AR @ 0 3 i & o 3% 1] R i 4
7. efEs Rl A € [P, P,
(5) % Jily bR - 4 il bR 300 455 A i 2 Tl o 50 A ik
i 22 Jh R B . A it 5 il o A5 A kS B i L 3 A
AE , 2 RAE 5 IR 25 10 G RO 3Rt 1) AT AR K
it E ARG, KRB

R = n.R. (18)

A, SR HLRE R B AT SR B R AR T 0

AR, RS AL Y AT R R B, AT SR A

F14 22 Jal o il g, 51 S 3 4% AT i A Pl 1Y i e
s PR L GEATBIT A BT AT BE % ALk G2

T AR A AT S Z B A R R A TR AT AR

F 1B IR 2 Jily o B 2 PR A 4 1 A R AT A A A

o P 2 M A OC 9 2 Tl £, Rk 5
Ri = D) D we iolgChod’ +ky) (19

P o BB RATA R ALE , A E LK
A7 o 18 22 Tl B AN [) 76 2 il & B 2555 b 7% T 5
A e, T dY A R OR AR X T R AT
i PO 4 AT B R RTORR Sk BB sk ks ok WG E R
B, O3 Ah S R 2l pR K L S B 0 BROREIE FE
750, Rkl

Ry = m,/my — 1 (20)
A m, Ry, 530000 RATRE @ AR 4% i A4
A, CAT Y @ I ZEE BRI 52 il R ECh

R = ¢,Ri + ¢, R} 2D
e o Fl e, R 2203 BRERLE
2.3 EHlESHHITHSERKREIEIT

22 WAT Bl R 45 A b, 00 JRy BR 5 s 0 B 5

B IR B AR E P BUR FRAE SOME LG A6 3w Bl
SN2, oo Ak 2 > 75 A TR UL I J= 38 1 5 1 2R A

zkxb. xjtu. edu. cn

ATREVEMERT . BT X 2 RAT AR A s =ML B Y5
ASCHIA Y JZE SRR | i 5 AT 55 53 2 23 TC K IR 3R
BEYERE  AE LS 228 BER IR [ O0 55 1 [R] Ik S 15 52
TD3 7EAR T2 S R 3R 05 b iz AU BT, LA, 3T
T TR PRI A7 AT RN ZRHESL, AT &%
TESAAT S A 5 1 1 B LN 14 J= 8 45 8 T 7 X
SR HEAT VRN T T 4 RIR A AR B B % 8 T
TR e, AR E B B AS-shAE Y A
PN RAT v ) R RS AN AR E Y TR AL T SR R Y
SV 24 v I 2% 27 o) AR BT LR X A TR AT
i BT AN [F] 22 il o B LA B P R ) H A, A SCBE
F4 73 2 LIS SE S8 Wk B 2 5 A = I HE R AN 18] 1 e
Horprsos” RATAS BT AN R — AR o AT 3
P or 20

(DAL A # B it . Pl Lk ) e 4 H AR
AT AR B AR AL EE H AR sE ol A IRE A
B o1 20kt o R o B 2 0 2 3 AR O — 2 M
TR AR A A LR LI 3 el W A v ) H
P s o AL v UL 3 B R S e A i BE AT BIL BN 5
= WL R b O I AT e T T H AR
W 7R 22 TKAT A iR ] R R 422 4 s Y AR o L g2 U
T SR W B JBE SR A 27 T B P BT 2 RO L B X )
B MBS B1E

LR PSP, PR T /AT H 4 92
HIR A L0 08 e B2, 1) P 3 A 27 >0 B3 50 45 IR
BN IE SUREAS | G I 2 9 24 R AT 2R o
21 R A R st 1 BB R A B AR A L 2% e
A RARAS LI 1 8 A 552 {51 6 2 AR 40 AL ik
5 A ARAT — A FR 2 06 AR R 22 R 45 9 AL TR
Oy » P25 B 1 — BRI 5 A, - RoR 2R UIHRAL
SR R T RE A A 2% E AT I 18] A% 4 R T
Aoy o P10 285 1) T30 Ay 113 RS2 B ) B 28 0f T 5 52
SUIR A AR g 8 5% eR B 5 SO

L0y, =

N
D [vilog(m) + (1 — y)log(1 — 3]
k=1

z[—

22)
Hof e N W R OO 5y, RREA G LSRR 3
S 2 IR 24 O 1 MR L 2 U D 2 (92K
BOREAT I 1 F6 48 150 R SRR B,
97 90 24 LT LB/ P A 2K R B (B I R 3
FHE R
Oy = Oy — @,V 5, L(0,) (23)
Rt : 0, B EIZETH Y, L0, B4 % O
XA B BB




92 [N .

%559 %

v EE——HE R e VAR AR S5 £ B !
. % KAT A E SR i g0 !
: W R .
! | KATANL H | KATaN2 " | KAT 8N ” : v HRL €T (t"‘iu{;{\ﬁ)—— :
i 01,51} 035, ] 0,5, ) " T 1
H " a s ,
E FLBEL B I T A 5 EREA EE Loy i
: ! ¥ 5
rN X SHIEE :
Vst B2 s || L [PRES] e o ||
| B B MigE )| o R "GEEEY s.a.r5) | !
b ! . J s 5
RS MBI PRI AT R b 1 ) 1 """"""

AHL

—15 | I
i
¢ Actor ¥ %%

L }
G —] _um

! ’

[ S A AP

__________________________________

Critic XX 4%
ﬂl —————————————— MALn #’»"““““““1
(L1, ! MAL2 f— H
s ] . ]
/i ! A / '
¥ H 1 ¥ H
| Wbl : | Ml :
i ' ! ]
! Actor 445 | a0 < ! Critic X 2% '
4 i : i
' e R IZ5 ! i AT ST !

P10 )z U S SR A 52 B A 27 > HE 28

Fig. 1 Schematic of hierarchical twin delayed policy gradient reinforcement learning
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Table 1 Initial situation setting of the game scenario
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Table 2 Neural network and algorithm parameters
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