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Abstract

Aiming at the high-dimensional nonlinear optimization problem of linear sparse array synthesis for
6G, traditional intelligent optimization algorithms tend to suffer from premature convergence and
achieve limited sidelobe suppression performance. In this paper, a multi-strategy Musk Ox Optimizer
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(MSMO) is proposed for element position optimization. Elite opposition-based learning is adopted
to explore potential high-quality solutions around the optimal individuals, and a stagnation judg-
ment mechanism is utilized to reset inferior individuals so as to maintain population diversity. An
adaptive nonlinear Beta coefficient is employed to dynamically adjust the global migration step size.
Combined with fitness variance, dynamic weights are constructed to optimize the perturbation am-
plitude. Besides, iteratively decaying adaptive Lévy flight is introduced to strengthen local search
capability. Experimental results verify that the proposed algorithm achieves better convergence
performance and optimization accuracy, and can effectively realize the low-sidelobe layout design
of 6G sparse linear arrays.
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Figure 1. Comparison of the convergence curves of the five algorithms
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Figure 2. Comparison of the uniform full-array and the MSMO-optimized array
normalized radiation patterns
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B 3. FRIEZEFIRKREE SRR

B 3 2563 1 WILVE Y, 50 REAAE fe /N1 D 208 R e BE 5 d e 7 IRl PR R, (B T B 2 .
GRO.GA 57 BB SR A3 504 1 32 I8 R 5058 v ) 7 ) i R 2, A A i 0 1) 6 706 R - MO 5 MSMO
2 D2 R B8 B2 350 1.30°, EIRAHEL GRO. GA AT TE; X J5ias MO &%, MSMO fE{r+F HPBW
ARG N, A S I AE B SRR BRI, A 77 el PR R % 61.7 42722 68.2.

DOI: 10.12677/csa.2026.169304 243 THEAR 5 N


https://doi.org/10.12677/csa.2026.169304

£i4 PSLL. HPBW LU U511 REOT LAE tH, MSMO Jf A S4B SR EI I i P i K i A 3

PERE, 7ERIIEDEGE 115 F AR RS 2 [T BUS BT, BT T % Bk ey TR A b s
22
5. &

BEX BE AL SE RS, TR LA IR BRI, ASCHR 2 SRs B 2 F AL S (MSMO), FF B H]
THAT ELFE PRSI . SRRl & 2 P O pL P 4 R R 5 R A2 . 17 B0 L SR IR 45 R R,
HET GRO. GA. WOA. J&i4f MO 5%, MSMO WSu# Bt SRS RS e 7ERESFLARIE 2 H Tl
T, MSMO RALABIIREATEES, [ SEELELF (0 55 MBI ROR, IOy — 4R AT 2R PR S5 4R B S it
ARIIALTT S -

&5k
(11 i, B¥. 6G BIEBARIHE FEHT LA [T]. MEHBASR, 2023, 12(4): 1-8.
(2] e Rk 53 ARIM). FSC, B kst M ok, 2004

[31 Yuan, Y., Chong, G.,Ren, J., Zhao, W., Li, Y., Wang, Z., et al. (2025) Musk Ox Optimizer (MO): A Novel Optimization
Algorithm and Its Application. Cluster Computing, 28, 1041-1059. https://doi.org/10.1007/s10586-025-05735-w

[4] HkA, =3E. BEEERERT]. B3Rk, 2012, 38(4): 561-573.

[5]1 MBS, TS, Z5t8, BT AR08 & a2 2] BB gk o i e 507k (0], THEHLIG B, 2020, 37(5): 209-214.

[6] ZE4RiE, B4, O, & ¥R Lévy KT IESZ R 2 MMALBIRT]. EPEK2E2ER, 2019, 42(9): 84-94.
]

[7] XUZEFS, F/ME SR TR RS H MEE L AR AR RESI[T]. 554k, 2010, 26(5): 7-10.

[8] ZEH, ZEH. AT EEWSOR E Sutt b 0 5], THENLIIE, 2018, 35(1): 232 238.

[9] OR3ELE, TIENE, MREN, & A IRLEISUR T 5728 5 R 55 o1 1ng BT E LG BEAT]. BB RS FR,
2024, 19(3): 738 748.

[10] HAR, BRE. FET RN 7 Z 1 B IE MR RG] THENL LR S R, 2010, 46(18): 24-26, 39.

[11] R0, Zokid, 58, & B TR VT EGEN S8 R D] M7 5151, 2023, 40(3): 10-19.

[12] e, %ERER. BT RE TR FREEENIMAT RS RRLEA[T]. Kif2ER %5 B +E B3R, 2021, 19(1):

90-95.

[13] Zolfi, K. (2023) Gold Rush Optimizer: A New Population-Based Metaheuristic Algorithm. Operations Research and
Decisions, 33, 113-150. https://doi.org/10.37190/0rd230108

DOI: 10.12677/csa.2026.169304 244 TFEARY 5N H


https://doi.org/10.12677/csa.2026.169304
https://doi.org/10.1007/s10586-025-05735-w
https://doi.org/10.37190/ord230108

	基于多策略麝牛优化算法的稀布直线阵列综合
	摘  要
	关键词
	Sparse Linear Array Synthesis Based on Multi‑Strategy Musk Ox Optimizer
	Abstract
	Keywords
	1. 引言
	2. 理论概述
	2.1. 直线稀布阵列天线理论
	2.1.1. 阵列辐射叠加原理与方向图乘积定理
	2.1.2. 直线阵列阵列因子数学模型
	2.1.3. 峰值旁瓣电平
	2.1.4. 半功率波束宽度
	2.1.5. 方向性系数

	2.2. 麝牛优化算法
	2.2.1. 种群初始化
	2.2.2. 警报信号
	2.2.3. 迁徙机制
	2.2.4. 安全信号与分群局部开发机制


	3. 多策略麝牛优化算法(MSMO)设计
	3.1. 精英反向学习
	3.2. 停滞触发劣质个体重置
	3.3. 自适应非线性Beta系数
	3.4. 基于适应度方差的动态权重
	3.5. 自适应缩放莱维飞行

	4. 仿真实验与结果分析
	4.1. 仿真参数设置
	4.2. 收敛特性对比分析
	4.3. 阵列辐射方向图分析
	4.4. 优化结果量化对比

	5. 结论
	参考文献

