¥268 54 2 % TR OR ¥ % W Vol. 26 No. 4
2025 4E 8 H JOURNAL OF AIR FORCE ENGINEERING UNIVERSITY Aug. 2025

ETU#HES BiR VI NEZNTIHBRMAULTTE

LA, s, 288, s, £ o8

(1.96716 #FBN, TLPGEEM , 341005;2. 25 ZEFE FE= B 58 AR KB, JE3T, 10008053. 93787 #EBA, BT, 102600)

WE THRABRKAMCEZEL WA TRESANNEETR Y . HHLERRAMELETHNRHBRRREE=ZE
PRk AL B B S I R L AR W — A T £ B AR A K H R (TLWP-NSMFO) 8 £ L F 48 % IR 48 1k 7 % .
BREZEAF CRAKEZWE EFIA Tent BA R T RABHWA L BN S EEMB B, £
BEWERED MEINHACTE T Lévy “AT. HERAEFZHE GBS UN —E O MEE T LA, bt RIE S
EWHRHE LA ATEFRER B THENE R REANA Z0H 545 SR % H AR LRI
KEFAEZ BAr B By st 7 L, {7 E 23 & W2 B % b MOEA/D & 3% .NSMFO & % B A F 4 th ik
G LBEE Bz kS ERRTE,

KR THREBFMAMA:ZHTRANA: L B CERIPKEE BB Levy ¥4T: 7 2o 5% &

DOI  10.3969/j. issn. 2097-1915. 2025. 04. 012

RESES V247.175;TN974 XEARERS A XEHE  2097-1915(2025)04-0100-10

A Jamming Resource Optimization Method Based on Improved Multi-Objective
Moth-to-Flame Algorithm

MA Mingxi' s CHEN Xuyi’s WANG Shaoqi*, LIU Chengkui’s WANG Chao®
(1. Unit 96716, Ganzhou 341005, Jiangxi China;2. Graduate Student Brigade, Air Force Command College,
Beijing 100080, China; 3. Unit 93787, Beijing 102600, China)

Abstract Jamming resource optimization is an important link in current EW mission planning. Aimed at
the problems that multi-objective optimization algorithm is easy to fall into local optimization and there is
too much trouble in converges in three-objective optimization, a multi-aircraft jamming resource optimiza-
tion method is proposed based on improved multi-objective moth-to-flame algorithm. Firstly, based on the
multi-objective moth-to-flame algorithm, Tent chaotic map is utilized for initializing the population, in-
creasing the diversity and uniformity of the solution and improving the search ability of the algorithm. And
then, the induction of decision factor and Lévy flight is to make the algorithm accept not only the current
solution with a certain probability, but also jump out of the current solution according to the disturbance
and search again, enhancing the search ability of the algorithm. Finally, the widely distributed reference
points are used to solve the convergence problem of the multi-objective moth-to-flame algorithm in the
three-objective function. The simulation results show that this algorithm is better in convergence and pop-

ulation diversity than the MOEA/D algorithm and the NSMFO algorithm, and the convergence result of
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this method is stable, achieving the purpose of assisting combat decision.

Key words jamming resource optimization; multi-objective optimization; multi-objective moth-to-flame al-

gorithm ;chaotic mapping; Lévy flight; widely distributed reference points
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8 18 Pt 4 AR FH G B O TR A T HAT 55 . B
LScH R R — X —" TR S, B E TL-
WP-NSMFO 583 i o] 47 P, 47 LA R 0 925,
D5 BB HLE CPU J Intel Core i7-9750H CPU
2.60 GHz, ¥:/E &2 48 4 Windows 10, {ij EL %k 14 K
MATLAB R2021a, fHikPEGESHWE 3, T AL
PERES B 4,

*3 TUMESH

Tab.3 Radar performance parameter

TLWP-NSMFO

Hikgms P, L A B,
1 1.58X10°° 5.0 0.50 1.80Xx10°°
2 1.80X10 ° 4.5 0.65 3.00X10°
3 1.50X10°° 3.8 0.65 2.90X10"
4 2.30X10 ° 3.5 0. 60 3.50X10 °

x4 THAERSE

Tab.4 Jammer performance parameter

TS P, G, r; L,
1 1.00X10"° 2.0 1.0 20
2 1.80X10 ° 3.0 1.5 30
3 2.00Xx10° 2.4 2.0 25
4 1.00X10 ° 4.0 3.0 35

WAk, FIA R 35 G=40, THIESH % B, =
2X10°, IR WHLE S 58 B, =2 X 10", B/ R
BF, =4, 0% T=291 K, &M T HLAYIE 2
d =35 km,

U1 DEBER TR ER X

D5 ESHORE PR N, =100, B R K £
max_iteration=100, FF iE 8 N ... =4, TIHLEL
M. =4 FANEIRL S 0=1,

HE 9. B 10,3 5. % 6.8 7 &FSATHL B
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NSMFO 5k g8 oK figt 2 B bx T 40 98 IR A0 Ak 1m)
{HJE NSEER 45 R F 7 BB K45 -9 T TL-
WP-NSMFO # ;) W TLWP-NSMFO 53 fig %
BArnysK it 2 B s TR BT IR AL R R, AR 10
Al UL AR 25 i 109 53 A1 B8 73 5, U BB R B R
U7 ) Z2 P s AR AT DL 45 A AN SCRC L & X
AT R TR TG TSR E A A
[] 75 52 B iy o it 2 3 3 AR IR AR AR oK . AR 8
T PR 7 45 SR Y A BT R

520

410 h6o 480

40 440
F(2) sttt F() TR AW
9 TLWP-NSMFO EXIELBHHE

Fig. 9 TLWP-NSMFO algorithm non-inferior solution distri-

bution

410 meo 480

440
. 420 420 —
FQ2) T F(L) THIHRAW
10 NSMFO %L MBS i B
Fig. 10 NSMFO algorithm non-inferior solution distribution

% 5 TLWP-NSMFO £33t B i B # o 8 E
Tab.5 Objective function values corresponding to pareto so-

lutions of TLWP-NSMFO algorithm

ES T & T RAE TR
1 425.059 4 406. 955 152.957 3
2 427.867 0 414. 258 152.980 8
3 432.100 0 416. 865 153.423 3
4 432.110 4 410. 700 151.723 0
5 435.393 1 394.622 151.625 4
6 466.528 8 398.711 150. 872 3
7 466.982 3 402. 480 150. 906 6
8 476.582 9 416. 872 151.985 9
9 487.546 4 418. 866 152.778 2
10 511.454 9 408.528 151.169 5

#& 6 TLWP-NSMFO ExFH OB AR

Tab. 6 Jamming resources optimization allocation of TLWP-

NSMFO algorithm

PiES Jammer 1 Jammer 2 Jammer 3 Jammer 4
1 Radar 4 Radar 2 Radar 1 Radar 3
2 Radar 2 Radar 3 Radar 1 Radar 2
3 Radar 3 Radar 4 Radar 1 Radar 2
4 Radar 4 Radar 1 Radar 2 Radar 3
5 Radar 4 Radar 3 Radar 2 Radar 1
6 Radar 1 Radar 3 Radar 2 Radar 4
7 Radar 1 Radar 4 Radar 2 Radar 3
8 Radar 4 Radar 1 Radar 3 Radar 2
9 Radar 3 Radar 1 Radar 4 Radar 2
10 Radar 1 Radar 4 Radar 3 Radar 2

%7 NSMFO Hi%IE S Rt 5 B9 B 4r &R H1E
Tab.7 Objective function values corresponding to pareto so-

lutions of NSMFO algorithm

WES TR THane T AR
1 448.258 3 410. 833 0 152.468 9
2 500. 067 5 395.689 0 152.178 2
3 510.689 5 105.562 5 151. 895 6
4 459.921 1 401. 600 0 151.963 0
5 463.462 1 409.221 0 153.278 5

X8 NSMFOEEXTHOBAE

Tab. 8 Jamming resources optimization allocation of NSMFO al-

gorithm
IES Jammer 1 Jammer 2 Jammer 3 Jammer 4
1 Radar 4 Radar 2 Radar 3 Radar 3
2 Radar 2 Radar 4 Radar 3 Radar 1
3 Radar 1 Radar 3 Radar 4 Radar 2
4 Radar 3 Radar 4 Radar 1 Radar 2
5 Radar 4 Radar 1 Radar 2 Radar 3

KU 2 ZHIBH T T

PG ES BB E R N . =100, 2R KA
max_iteration=100, x5 E N ... =10, TIHLEL
M e = 10, AT BB SR 0 =1, B ATESL
5 1 AU 4 BRI 4 BT AL RS X T
FEmE N AUFFAE 24 Bl T8 J7 58 5 10 76 4% UK 52 9 v i
B 10 # AL, 10 B A — X —7 R
T AEFE 3 628 800 iy 58 T REAR 47 ) UE W Bk Y
PEBE. IR BF O T 50 UE o OF RS A . 5
NSMFO FEIE Boet e S5 25 R an il 11 foR .
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(b) NSMFO 55 % i fi# 1) 43 15 J&]

& 11 7] %0 TLWP-NSMFO 5 ¥k 7E n) 31 4k 7
B JE AT TH BE A% 55 4 oK A 22 B AR T 48 % IRk
[P = 3 F R Nl W K S W K g I S B 7 R
T HRRAE TR B8 SR A TR 7E S5 B N
T SR R E SRR SR R T 2. TR
L AR —— 2%, AL 3 B0 TR T R T
RURE . THLAOCR 2 A 3k 255 5K I 19 J7 28 K H A pR 4L
EHIEATHN % 9,58 10 FiR .,

Fig. 11 Distribution of pareto solutions of the two algorithms
®9 REEKE I MR THEREHE
Tab.9 Objective function values of different algorithms under three conditions
o REEURIES T g THBOCR
A<
TLWP-NSMFO NSMFO TLWP-NSMFO NSMFO TLWP-NSMFO NSMFO
1 2 145.138 2 148.959 138.209 138.063 346.769 5 346.342 9
2 2 568.793 2 579.808 139. 479 139. 436 347.158 8 343.578 3
3 2 345. 409 2 440.005 138.821 138. 217 341.228 341. 468
K10 FTRAEEEIMBERTHIEAER
Tab. 10  Allocation schemes of different algorithms in three cases
ES Jammerl JammerZ2 Jammer3 Jammerd Jammer5 Jammer6 Jammer7 Jammer8 Jammer9 JammerlO
1 R4 R3 R10 R6 R9 R7 R8 R2 R1 R5
TLWP-
R2 R4 R5 R10 R1 R7 R3 R6 R8 R9
NSMFO %
3 R6 R1 R3 R5 R4 R7 R9 R10 RS R2
1 R4 R9 R7 R6 R3 R10 R2 R5 R1 R8
NSMFO #: 2 R6 R5 R9 R10 R1 R9 RS R7 R2 R5
3 R1 R4 R2 R6 R5 R3 R7 R9 R8 R10

I 11,38 9.3 10 ] & ) B4R NSMFO # ik
B A% XoF T e 9% 0L Ak [ K gk, A2 i T LS HF 0
BT B BL  7E FIRE B AT A IH AR AR L
TC 4 ik (AR 00 o TRD BN B8 9 SR ik ) 235 2R 5 T AR S
) TLWP-NSMFO 5.3k, UE B 1 A< S8 3 e it 19
ARk

T

AR SCEE X Z2 BT P B RO Ak ) R O BIF 5 4
T TLWP-NSMFO 8.3k 19+ 3 5 U A 46 7 ik
TSR PR AR AT A L TS B 2 LT R
AR 3 A~ B bR R, — 2 T o &, — & THal
A, IR, AL T £ H AR T R R AR
R, [RlEE X NSMFO 8 7 48 R o 2 b fie S50k
FERNE TEAL B = B b ) L TR S AT T
@i

1) Tent YR 3l B 55 40 4f A £ 75 550 30 w0 48 R 1Y)
JTZ Ve R R T R A R RSt TR
2 SR B

25 ANHE K T Levy WATTE Qi A7 8 5 57
B 7 A= B 3, {45 550 1 BE AR 08 L) — a8 M R 2 32 X i
(1445 ik, ) s A0 A Bk HE SRy 0 A AL, 34 i B T 1Y oK AR
CERA

RMZ A 2 2% i AR B s HE Y L
P VEAE LD 38 = H A 0] R e 65 A 808K

e J 3 o K PR BGIE B, TLWP-NSMFO .
HMEREY T MOEA/D . NSMFO &k, I HEZL
H s TSRO h RE S Ay i i e ), R — 2P
T, 4 2 s B 4 A BT 55 R R 3 4 v 2, DT
SCET AR .

S % Uk

[1] DEBK,AGRAWAL S,PRATAP A,et al. A Fast E-
litist Non-Dominated Sorting Genetic Algorithm for
Multi-Objective Optimization: NSGA-II[C]// Parallel
Problem Solving from Nature PPSN VI. Berlin, Hei-
delberg: Springer Berlin Heidelberg,2000:849-858.

[2] COELLO C A,LECHUGA M S. MOPSO: A Proposal
for Multiple Objective Particle Swarm Optimization

[C]//Proceedings of the 2002 Congress on Evolution-



5 430

SR A A T R 2 AR TR KR B T B IR L U ik

109

[3]

[4]

(5]

(6]

[7]

(8]

[10]

[11]

ary Computation. Honolulu, HI: IEEE, 2002.
1051-1056.

ZHANG Q F,LI H. MOEA/D: A Multiobjective Evo-
lutionary Algorithm Based on Decomposition [ ] J.
IEEE Transactions on Evolutionary Computation,
2007,11(6):712-731.

SAVSANI V, TAWHID M A. Non-Dominated Sor-
ting Moth Flame Optimization (NS-MFQO) for Multi-
Objective Problems [ ]]. Engineering Applications of
Artificial Intelligence,2017,63:20-32.
TRIRAS, AR BRile, 55, 26 T 2 B s KRB 2 19 T4
FEUR Z AR Ak T vk [T . A6 5 A &8 M R K 2 2= 4l
2020,46(10):1990-1998.

XING H X, WU H,CHEN Y, et al. Multi-Efficiency
Optimization Method of Jamming Resource Based on
Multi-Objective Grey Wolf Optimizer[]]. Journal of
Beijing University of Aeronautics and Astronautics,
2020,46(10):1990-1998. (in Chinese)
BRE .G HEEE. ETEOEEHA A SR%NT
WHBE AT I ]. BT 515 B4R, 2016.38(4)
899-905.

LIDS,.GAO Y,YONG A X. Jamming Resource Allo-
cation via Improved Discrete Cuckoo Search Algo-
rithm[ ] . Journal of Electronics &. Information Tech-
nology,2016,38(4):899-905. (in Chinese)

TR IR A2 AN A L W IR TR R R O Ak 4 I A
FEWII)L ARG TR S8 T8 K, 2014, 36 (9):
1744-1749.

ZHANG Y R, LI Y J,GAO M G. Optimal Assign-
ment Model and Solution of Cooperative Jamming Re-
sources [ ] ]. Systems Engineering and Electronics,
2014,36(9) :1744-1749. (in Chinese)

ZHANG L,SHI G Q,GENG X T. Blanket Jamming
Targets Assignment Based on Adaptive Genetic Algo-
rithm [ C]//2019 IEEE International Conference on
Cybernetics and Intelligent Systems (CIS) and IEEE
Conference on Robotics, Automation and Mechatron-
ics (RAM). Bangkok:IEEE,2019:171-175.

QIN Q W,DONG W F,LIN M Q,et al. Cooperative
Jamming Resource Allocation of Uav Swarm Based on
Multi-Objective DPSO[C]//2018 Chinese Control and
Decision Conference (CCDC). Shenyang,IEEE:2018:
5319-5325.

JIANG H Q,ZHANG Y R,XU H Y. Optimal Alloca-
tion of Cooperative Jamming Resource Based on Hy-
brid Quantum-Behaved Particle Swarm Optimisation
and Genetic Algorithm[J]. IET Radar,Sonar &. Navi-
gation,2017,11(1) :185-192.

TR, A BRUE. AT N R A R IR T P BT IR AL 1k

(12]

[13]

[14]

[15]

(16]

[17]

[18]

[19]

[20]

[21]

FE[C1/2018 A E L F IR 20 3CE LA hE
F254%,2018:57-61.

ZHANG X, WU H, CHEN Y. Cooperative Jamming
Resource Optimization Method Based On Artificial
Bee Colony[ C]//Proceedings of the 2018 National E-
lectronic Warfare Conference. Beijing: Chinese Institu-
te of Electronics,2018:57-61. (in Chinese)
MIRJALILI S. Moth-Flame Optimization Algorithm:
A Novel Nature-Inspired Heuristic Paradigm [ ] ].
Knowledge-Based Systems,2015,89:228-249.

WY SEHL, £ R S B T O RN AR
ABUIR S 58 By e A2 ML 30 DT 10 vb B8 4 4 R 2 4l
2021,29(2) :256-263.

HUANG H.WU K,WANG H F,et al. Path Planning
of UAV Low Altitude Penetration Based on Improved
Moth-Flame Optimization[]]. Journal of Chinese Iner-
tial Technology.2021,29(2) :256-263. (in Chinese)
VAROL ALTAY E,ALATAS B. Bird Swarm Algo-
rithms with Chaotic Mapping [ J]. Artificial Intelli-
gence Review,2020,53(2) :1373-1414.

BINGOL H, ALATAS B. Chaotic League Champion-
ship Algorithms[]]. Arabian Journal for Science and
Engineering,2016,41(12):5123-5147.

ALATAS B. Chaotic Bee Colony Algorithms for Global
Numerical Optimization[]]. Expert Systems with Ap-
plications.2010,37(8) :5682-5687.

ALATAS B. Chaotic Harmony Search Algorithms
[J]. Applied Mathematics & Computation, 2010,216
(9):2687-2699.

T g, 5k — 28, 4. Tent TR M RIBI LR gk
PR RIS KA B [T ], W 2R Tl R 2 2 4l
2019,51(5) :49-55.

YUE L F.YANG R N.ZHANG Y J.et al. Tent Cha-
os and Simulated Annealing Improved Moth Fire Sup-
pression Optimization Algorithm[ J]. Journal of Har-
bin Institute of Technology,2019,51(5) :49-55.
LEVY P. Théorie de 1”addition des variables aléatoires
[M]. Paris: Gauthier-Villars,1937.

YANG X S, TERRAZAS. A New Metaheuristic Bat-
Inspired Algorithm [ J]. Nature Inspired Cooperative
Strategies for Optimization (nicso 2010),2010, 284
65-74.

R B — R T 2% S AR A NSGA-II
SR P 53,2019, 34(2) :369-376.

Bl X J, WANG C. A Reference Point Constrained
Dominance-Based NSGA-[ll Algorithm [ J ]. Control
and Decision,2019,34(2) :369-376. (in Chinese)

(3.3 5)





