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An Autonomous Decision-making Method for Beyond Visual Range Air Combat

Driven by Deep Reinforcement Learning

LV Mao-Long"? WANG Jin-He’ HAN Hao-Ran® DING Chen-Bo®* WAN Lu-Jun'

Abstract With the rapid development of airborne sensor technologies and medium-to-long-range air-to-air missile
technologies, beyond visual range air combat has become the dominant form of modern air warfare. In such a com-
plex and dynamic operational environment, the development of intelligent technologies capable of real-time battle-
field situation awareness and rational maneuver decision-making has emerged as a research hotspot in the field of mi-
litary technology. First, a high-fidelity simulation environment is constructed, encompassing a six-degree-of-freedom
aircraft dynamics model, a missile guidance system model, and a radar sensor system. Subsequently, integrating im-
itation learning and self-play methods, an opponent-learning-based air combat decision-making framework is pro-
posed to address the poor adaptability and generalization of deep reinforcement learning in aerial combat, thereby en-
hancing the agent’s ability to rapidly adapt and optimize strategies in complex and variable battlefield environ-
ments. Finally, ten expert systems with significant tactical differences are developed to engage in game-based confron-
tations with the agent within the high-fidelity air combat simulation platform. The results demonstrate that the propo-
sed decision-making framework significantly outperform traditional deep reinforcement learning strategies in key met-
rics such as convergence speed and winning rate, exhibiting strong effectiveness and generalization. This work can pro-
vide technical support for the rapid generation of reliable strategies in complex beyond visual range air combat scenarios.
Keywords deep reinforcement learning; opponent learning; beyond visual range air combat; intelligent control
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Table 1  Parameters of radar sensors
AR T (kW) 30 22 —
FHRMTIE (kW) — — 1

W7 T IE AT AL (m?) 4 4 —
BT R (dBi) 42 38 20
AR 55 (dBi) 42 38 30

fF5 K (m) 0.037 0.032 0.024
TifF (%) [-120, 120]  [-60, 60]  [-180, 180]
fEAma (°) [-60, 60] [~15, 15] [-90, 90]
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Fig.2  The operating range of radar sensors
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Table 2 Tactical command layer action set Table 3 Reward event and value design
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FEF M BERL, 7222 AT R RIS T, A BRI
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Ry, HARRE T

1) 7ERALEE 2SR 2507 R R 2 R A
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fElr KATIETT Rae N
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Ve 7 RBHL BHARHLIERE, Hov He 732 %
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45 TR R v B IR ek AR, DA RS LA XS T H
FRHLIRE R A
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Renergy = O.lV—Ee 1500 (17)

EAEREZ, DA R KR, BEER
25 Runengy 39 0. BLSN, £ HEGR 35 75 8 [ HHLAS H
*ﬂ—‘*ﬂx E(J I&T——E‘ﬁ }g eatmck :
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0, HoAthy
(18)

Kre B MM B LSRR, /FRNBE
bjjj Rad:

Rad = Renorgy + Ranglc (19)

3) BPMETT Ry, AIRIKZE T #E CHL 2 A BE



516 H

S 52 &

B d, SR REARTE A3 A BT R 2 AR R
~15-275+1, 0km < d < 25 km
th = (20)
0, HoAt

4) I IRV A5 1 I AR B R REAR SR S8 AT 5T,
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3.1 WF¥ITEEE
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BEAT H— AR AR B, DA{EE 5 47 i 3 A R )1 .

3) RREALYISR. Ao F B 2 S Bk, B KR
B-BIERAE IR, IR BEAAR Y SRS R 2%,

4) FEMEAT . AR B, B RE AR 4 I SR
F1h) SR o 22 A LR B 1.

BB & K IIHKEEN 7R (als), BC 1) H FRE RN
R BEAR FNE (als) 55 FEME LA () 2 57, FFAE
P77 R Z A i ok ek 8, B
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K, D& MEROWEREELE, 0 2 5RuE W 2%
24
3.1.2 BEFERSHN

TEVRFEsR A 2 ) [ 1R m] DA — Fh g
BRIGUISRALH, @b REA S B G g, B REE
REBE AW IR RIS IR AL SN . R I B AL i
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1) BREXTPL. WREMAE T 5 H 5 P s 5ng s [q
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fi] 5 X6} T 10 e PR A

2) TRWGIER. KFE H X PU A ER D R &5
BRI R SRk 2 ) IR RSB R G S 4,
BIDHETHE R A P SE H 1 U SR R LR

(21)

3) WAV, A IGZRIE I 3 A& SR 0T, #hiR
PRECH A 5 ] B D0 SR 14, DR BLSE AL
SR SURCHNEES

BB AR L BEAR I RGN = (0), E ISR H
RS H SR, BP AR «, K
W PR RIEAL. A IR LA R wT LA
A

Thew = arg m;xx E(s, a)~p {R(S, a)} (23)

H, R(s, o) RERMBEIRE s FRIEIE o FIR
Jil R K. o AN W B R SR, R RE AR RE N 1B
R LAEXS PUA B BRI

AR IR B B3 F AR IR R T

FEI IR B ) 22 B R R G i = KD R
e i WLENAT AR AR R LS HEPRAIL. [ A5E
B, EBRTHHLENAT 2 7™ 18 T il LR 2 il
I ] 2R A AS R, e 4 B, Horh A BE I 1Y
SR FARBLE QA 4 Fros.

3.2

Fo4 AR S A 2R

Table 4 Timeline of BVR
g8 5 iR KEEPE R (km)
/NPIRTEEE MAR' 04T Short Skate HL3) 30
F/NEREFER MOR? AT Skate HL3h 45
Sy HCEE B TR? AT B iR 65
Rt PR CR! R R 80
166 TF PR’ RIS HE LR 120
(;) VRIS W0 @
»> Sk
Skate Short Skate Short Skate
»- .
* =i B <
1) 1
s Hh | s mpla
- T -
T, RN | RELE T, !
PR CR TR MOR MAR MAR MOR TR CR PR
>
Bl 4 ARG T 2 B
Fig.4 A timeline diagram of BVR

UGS 1 e SR 2R 8 IS SR 1 R S
R A R AR BE T, 2 P A SR A s R
RoRTTE, BN B UM% O ZRH R &%
S\ HE B R C RBhfE A b, %S fa RO
U5 BT Ak R S 2 ORI U A7 BLIRAS SR A, W PR R 5K
5 A A BRILAS, W% 5 Fon; FF EfEw

! MAR: Minimum abort range; > MOR: Minimum out range;

* TR: Target range; * CR: Commit range; * PR: Picture range.
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m%?ﬁm*&&ﬁ%éymﬁ8%Tﬁwﬁt%
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WP B S AENE ) DL IR RS RE RS 1A IE KL
TE AT S T RE SRk RE. 70 bRl b )
Em@mMﬂwﬁ¢m*#%&ﬁﬂwwné*ﬁ
WIRARE BT 2 4 P 55 AFILIC, B 44 oA
BRI, W 9 FoR. EA R, HUU KRS 1)
TERE R RGN T e g, Ik R B &F
PR P SR A T 22 e

Ntk — *@ﬁ%9¢ﬂ%%f?ﬂ&%u%
TSR RR ) A SO BB AR B DIR A e e 4

R TN AEALER 2 A S S SR 25 3
Table 5  Typical situations of rule-based BVR
decision-making framework

B S g A5
s1 7 PR Ahii FEAPIRAS
s2 1E TR ~ PR Z[Al77 H BB
s3 1 MAR ~ TR Z[AJRTH HEBUHE+ B AP
s4 R FEPIRAS
s5 (A PN SRR

F6 BETHR U] R 7 R SRR 2 Y 4
Table 6  Typical events of rule-based BVR
decision-making framework

HFE Eiipa ARy 2K
€1 HAR T IATTHL ELRIPRE
e2 FUbmidt N pas Bt IX BES Ak
€3 BiE HbR BB
€4 e B brste B A
es ik B AR BLRHPIR S
eo WeH briti BLRHIPIR S
er H pridkife HARES

RT O FET U AR A R SR SR R S A
Table 7 Typical conditions of rule-based
BVR decision-making framework

F 3t ik AR K
c1 £ MAR ~ TR 2| BEX
c2 FHFREELRT 0 BT
c3 7E MOR M But Y
ca 1E MAR A # S B

K5 P, B R AARR 5 PR S s,
R AL AR R B A A B MU 64 O il

F8 BTN (8 AR 7 R A R Bh B
Table 8 Basic maneuvers of rule-based BVR
decision-making framework
HE A HEAFR it AR
ay SJHHT ERT AR BRE
az JEF PRI E LR S BEARRES
as g Bl LSRR R IR 5 FERIPIRES
a4 BENZ) 180° #2HL5) B
as Skate #1.3J) 1£ MOR 45t JE i g BB
as Short Skate #L3)  7£ MAR SMRHF 5 ES BEBCPE
ar R RS L
RO BLTHUIU f L 7 R e SREAE SR N £
Table 9  Rule set of rule-based BVR
decision-making framework
TR = = —
%g §¥§A§%} %ﬁ% 5%1 %;S’ WS

1 s1 ai S1 FERPIRAS

2 51 — — a1 S2 FERIRAS

3 s1 er — — S4 FEMPIRAS

4 82 er — — S4 FEPRAS

5 S2 ey — ai 52 prias g

6 s2 e3 — ax 53 priBlg

7 53 €2 c1 a1 53 I

8 s3 e2 c1 az S3 pripugid

9 S3 es c1 Nez az s3 U

10 83 es -2 ar S4 igies

11 s3 €5 — as S4 FERPRES

12 s3 es c3 as s3 B A R

13 83 e4 4 as s3 B A e

14 S3 ey c3 as 83 Mﬁp[ﬁ

15 s3 eq c4 aq 3 By g

16 53 es — — S5 FERIRE

Fig.5

K5

AR R IR 25 4

Transition diagram of tactical rule state
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T
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N BENUES B LT AL, B SR E S5 0 AUE R
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BT 2 SR BRSO A B B 4, it Wl iRtk i &
g6t T R R BB IR 2R 56 vl ) B AT 1 RO
PrillZr, AR A0 10 R B8 SR 5 X Bl R e g it
AHERERENTEERRR, ER AR
B R R AL SR g, AR RR N RE 1 FR.
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4. M Despers TREVURFEAE LA B
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9. TEIGE R
10. AR (27) BBk L P
11, WESURREOCT 0 B VoL
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13. JEIRG:
14. BN A IR, WIEAIL TR 7(0), FA T HEE
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16. WIS E N Ey
17.  HE By RIEFZIDIRER, $UAT LRS-

18. 243 58 3l B 2518 episode mod 2 = 1 F:
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20. ], AT PR AR
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22. FAFAER

23. A BCHIRES . il 4 fibn & By, ry, done
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25. EHIMERA By « By, BEN TRk 4:
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26. T E A IR EAS AR

27. M H FERFEASFEA B

28. FEC (31) EH AR S5 0
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30.  FMFER
31. JEHEE R
32. AR E AR SHL 07, HAEXS U HHEAT VR4l
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RS-SRS, R0 5% 2] SR At T S i a4
KIE XL ERXRGHIEN
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Framework diagram of adversarial learning decision

Fig.6

FEAS (s, a) BIRFEEAT 2214 V3 — Ak, {4k {7 S5k
SFE] [0, 1] X[a]. 85, £ XA R E N HIRFAE, 124K
PR H Z-Score FrETT %, M HLFLAL A AR M N(O,
1) Zr AR . IR, BT 4R X 25 B AL AR Dl SR s
W2 g, 1% LUIRES s; E AN, LLBNE a; 1F
K. R EE G, fERRGEUZ Z (B N Dro-
pout |2, % B 2%~ Dropout(0.2), PAREHLZE 7 H6
ST IuiE . ARG, E SHITRZEREK, K
17 B W WX 28 A I B R 5 & R Bh VR 2 R 1 22 7

=Nzwm(

X, N 2EIEFEAEE, m(s;) 72 RIS 28 72 IR
s PR IIME, of £ EFERE s, THATH
k. ffa, W AR EE TR L(0) KT 4%
ZH0 WIBBIE Vo L(0), JEHEHMKS 4L 6:

0 0—1,VyL(0) (28)

K, 1, 222 E SO e R 1 B 25 1
N

H = {(si, ai, 14, 5 29

{(s, a;, T S+1)}1’=1 (29)

X, e RS s FHAT B s S5 IRAT 12 il

si) — af||*

(27)

Si+1 jﬂ—F—/l\'{j(j.}
3)@@%&%%%Aamcmm%ﬁ””7*

SR RTINS, 38 I H B SR 5 VR R AT R A,

R -8

ERRZGR 1 BFRRR

v

v

X2 ] R SRS

B RN Bk, N5 B XA RN ER T 7
HRENLIER: M DMEEAR {(si, ai, 74, siv1) 3, BEE
THEREA j B A

_ Tnew (ajls;)

Told(a;]s5)

A, Tew M a3 93 04 EHT i SRS AT IH S . 9K
Ja, A PPO Bk A 45 5k b 5 S B R 1A SR

LPPO — Ej [min(ij’T“ld (sj, aj),

(30)

clip(pj, 1=, 1+2)A™ (s, a7))]  (31)

X, e NEVIZHLG Ame A REL, H Critic M
AT T, (AR R AR, BEFE 50 %6, A
MG 7o 5] NI R, DK B A ORI SR
0 G SRS TE [ 0 F B A, AR T I 2Rk
1 5 SR T2 A RE 7. AN, B R AA S R EUH
IFi] SR W (1) T B AR R AT B TR SRR PR, K17k 25 %
FRIRep, LAIG SR SRR BT R e .

4) AFEET 32 THHEXRGHEL, H4:E
F 4 HOCBEEE RS, WER BRI, 5 ST ﬁ%imﬁj
AR, AR PUINAB R i 2 10 B B A R
ZRMENTIRER RS, T Gt a7 4

B He
Rl Bk, CAVPAG B Re Ak 77 v ) ke, Bk an
% 10 Ak,



520 H 3

(8

S 52 &

®10 10 MEEER ARG
Table 10  Ten designs of expert system for air combat
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Fig.7 Experiment framework of simulation environment
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