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ABSTRACT: Accurate estimation of the Direction-of-Arrival (DoA) of incident plane waves is essential for modern
wireless communication, radar, sonar, and localization systems. Precise DoA information enables adaptive beam-
forming, spatial filtering, and interference mitigation by steering antenna array beams toward desired sources while
suppressing unwanted signals. Traditional one-dimensional Uniform Linear Arrays (ULAs) are limited to elevation
angle estimation due to geometric constraints, typically within the range [0, 7z]. To capture full spatial characteristics
in environments with multipath and angular spread, joint estimation of both elevation and azimuth angles becomes
necessary. However, existing 2D and 3D array geometries often entail increased hardware complexity and computational
cost. This work proposes a novel and efficient framework for joint elevation and azimuth angle estimation using three
spatially separated, parallel ULAs. The array configuration exploits spatial diversity and orthogonal projections to
capture complete directional information with minimal structural overhead. A customized objective function based on
the mean square error between measured and reconstructed array outputs is formulated to guide the estimation process.
To solve the resulting non-convex optimization problem, three strategies are investigated: a global Genetic Algorithm
(GA), alocal Pattern Search (PS), and a hybrid GA-PS method that combines global exploration with local refinement.
The proposed framework supports automatic pairing of elevation and azimuth angles, eliminating the need for manual
post-processing. Extensive simulations validate the robustness, convergence, and accuracy of all three methods under
varying signal-to-noise ratio conditions. Results confirm that the hybrid GA-PS approach achieves superior estimation
performance and reduced computational complexity, making it well-suited for real-time and resource-constrained
applications in next-generation sensing and communication systems.

KEYWORDS: Antenna arrays; direction of arrival; genetic algorithm; pattern search

1 Introduction

The sixth generation (6G) of wireless communication systems is expected to support transformative
applications such as autonomous transportation, real-time holographic interaction, ubiquitous extended
reality (XR), and intelligent sensing in smart factories. These use cases demand highly accurate beam steering,
user localization, and spatial awareness, all of which are critically dependent on precise DoA estimation.

DoA refers to the angular position (azimuth and elevation) from which a signal is received at an antenna
array. In conventional beamforming or spatial multiplexing systems, knowledge of DoA enables the base
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station or radar to focus energy in desired directions while suppressing interference. As communication
systems evolve toward joint sensing and communication paradigms (6G-ISAC), accurate and fast DoA
estimation becomes fundamental to achieving low-latency, high-reliability, and energy-efficient operation.

To highlight the ubiquitous deployment of DoA estimation in new technologies, Fig. I offers some
notable application areas where precise angular estimation plays a key role. In autonomous vehicles, DoA
enables Vehicle-to-Everything (V2X) communication by enabling dynamic beam following, thereby enhanc-
ing vehicular safety and low-latency connectivity. In unmanned aerial vehicle (UAV) communications,
such as aerial relays and swarm coordination, DoA estimation facilitates optimal path planning, collision
avoidance, and mutual interference reduction. Similarly, in cell-free multiple-input multiple-output (MIMO)
systems, where multiple distributed antennas cooperate to serve users in dense urban environments, accurate
DoA information is necessary for user-centric beamforming and coordinated access.
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Figure 1: Emerging 6G use cases where DoA estimation is a key enabling technology, including V2X, UAV tracking,
ISAC, XR localization, and smart factory control

In Metaverse and extended reality (XR) applications, DoA enables seamless user interaction through
accurate indoor positioning and beam steering, enabling lag-free and immersive experiences. In 6G networks
with Integrated Sensing and Communication (ISAC) capabilities, real-time DoA tracking offers integrated
radar-communication features such as object detection and channel-aware communication. Finally, in
factory automation environments, DoA estimation enhances robot hardware localization and autonomous
control, especially in multipath-prone and adverse radio frequency conditions. These multiple applications
collectively point to the pivotal position of adaptive and resilient DoA estimation in characterizing the future
generation of smart and interconnected systems.

Despite the long-standing research on DoA estimation, several challenges remain unresolved, particu-
larly for joint azimuth and elevation estimation using simple array structures. Most classical methods require
complex array geometries or exhibit poor performance in low-SNR or coherent-source environments.
Moreover, these methods often require manual pairing of azimuth and elevation angles, a task not feasible
for real-time or large-scale deployments. The key contributions of this paper are as follows:
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«  We propose a novel 2D DoA estimation framework employing three parallel ULAs to simultaneously
estimate elevation and azimuth angles with enhanced spatial resolution.

o A hybrid optimization strategy is developed by integrating GA for global search and PS for local
refinement, enabling robust and efficient convergence even in complex search spaces.

o The algorithm supports automatic angle pairing without requiring manual post-processing, thereby
reducing algorithmic overhead and enhancing deployment practicality.

« The proposed method demonstrates high estimation accuracy and robustness under low SNR and
varying snapshot conditions, validated through extensive Monte Carlo simulations.

« Comparative analysis with state-of-the-art DoA estimation techniques confirms the superiority of the
proposed GA-PS hybrid approach in terms of angular resolution, convergence speed, and computa-
tional efficiency.

The remaining parts of this paper are organized in the following manner. Section 2 provides an
extensive overview of state-of-the-art DoA estimation techniques, highlighting their limitations and
advancements. Section 3 provides the system model, introducing the configuration and signal expression for
the proposed three-parallel ULA structure. Section 4 provides the suggested hybrid optimization strategy.
Simulation results and performance evaluation under various scenarios are reported in Section 5. Section 6
concludes the paper, and finally, potential directions for future work are outlined.

2 Literature Review

Accurate estimation of the DoA of signals remains a cornerstone for advanced communication systems,
particularly as the world transitions toward 6G networks characterized by high mobility, spatial multiplexing,
and integrated sensing and communication (ISAC) capabilities. The growing diversity of wireless applica-
tions, from V2X and UAV communications to massive MIMO and industrial Internet of Things (IoT), has
intensified the demand for robust and scalable DoA estimation frameworks. As a result, a significant body of
research has emerged, spanning from classical signal processing techniques to modern hybrid metaheuristic
methods and unconventional antenna configurations. This section surveys key developments across these
areas to contextualize the contributions of the current study.

2.1 Classical Methods and Their Limitations

Early research into DoA estimation has primarily focused on subspace-based techniques, such as
MUSIC [1,2], and Maximum Likelihood (ML) estimators. These methods have formed the backbone of
numerous applications due to their high angular resolution and ability to resolve multiple sources under ideal
conditions. However, their performance degrades in low SNR, coherent source scenarios, and environments
with limited snapshots [3,4]. While some extensions attempt to adapt these methods to non-uniform or
planar arrays [5,6], the need for eigen-decomposition and manual angle pairing persists. For instance, Dong
et al. proposed an automatic pairing scheme for L-shaped arrays using signal separation principles [7],
whereas Wei et al. introduced pair-matching via covariance matrices [8] at the cost of higher complexity.

2.2 Array Geometries for 2D-DoA Estimation

Beyond classical ULAs, researchers have explored complex array topologies to enable 2D angle estima-
tion. Circular, spherical, and conformal arrays offer full azimuth-elevation coverage but require sophisticated
calibration [5,9]. Notably, Wu et al. investigated sparse L-shaped arrays with convex optimization to improve
resolution under structural constraints [10]. Zhang et al. developed a rank-reduction-based algorithm for
three-parallel ULAs that inspired subsequent studies in hybrid estimation [11]. Stacked metasurfaces are
another innovative direction. An et al. proposed a reconfigurable metasurface array for 2D estimation in
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intelligent communication environments [12], while Cho et al. validated automotive radar configurations
that exploit conformal array properties [13]. Although these architectures improve angular resolution and
multi-target handling, they increase hardware and deployment complexity.

2.3 Metaheuristic and Hybrid Optimization Algorithms

Metaheuristic algorithms are well-suited for DoA estimation due to their ability to handle non-convex,
high-dimensional search spaces. GA is widely used, offering flexible encoding and global exploration
capabilities [14,15]. Their use in signal processing is growing rapidly, especially in radar and sensor array
applications [16]. Other algorithms include Particle Swarm Optimization (PSO) [17], Artificial Bee Colony
(ABC) [18], and Cultural Algorithms [19], each with varying convergence characteristics. Pattern Search
(PS), while less popular in signal processing, offers fast local convergence and is effective in derivative-free
contexts [20,21]. Hybrid frameworks combining GA with local search have demonstrated excellent trade-
offs between accuracy and convergence speed [22-24]. Zaman et al. employed a 2-L-shaped array optimized
by a hybrid GA for joint amplitude and 2D DoA estimation [25], which reduces manual pairing efforts.
Komeylian also examined hybrid antenna designs for DoA estimation using evolutionary search [26].

2.4 Emerging 6G Use Cases and Requirements

DoA estimation now underpins multiple 6G-oriented applications. In V2X, beam-switching based on
DoA improves safety and reduces latency during handovers [27]. UAV swarms benefit from distributed
DoA systems for target tracking and avoidance [28]. Liu et al. surveyed ISAC systems where DoA plays
a role in simultaneous localization and communication [29], and Batalla et al. demonstrated its use in
industrial localization under harsh environments [30]. These use cases highlight the demand for scalable and
deployable DoA algorithms with minimal hardware overhead and real-time operability. Table I provides a
structured comparison of representative 2D DoA estimation approaches, highlighting the diversity in array
geometries, estimation methodologies, optimization strategies, and application domains.

Table 1: Comparison of existing 2D DoA estimation techniques

Array structure Estimation method Optimization strategy Angle Use case domain
pairing
L-shaped array MUSIC + Pair matching [8] Analytical Manual Radar, IoT
Stacked Metasurface =~ Compressed sensing [12] Learning-based Auto ISAC, XR
Coprime array Target optimization [31] GA, heuristic Auto  Monostatic radar
Circular array Single snapshot MUSIC [5] Subspace N/A  Wireless tracking
Rank-reduction 3-ULA Matrix decomposition [11] Eigen-based Manual  Beamforming
L-shaped sparse Convex optimization [10] Convex relax Auto 2D localization
Hybrid Antenna Array Weighted search [26] Hybrid Auto  Antenna design
2-L arrays + GA Hybrid MSE estimation [25] GA Auto Military radar
Triple-ULA (proposed) = MSE function + GA-PS Hybrid GA-PS Auto  6G,ISAC, V2X

Although considerable progress has been made in 2D DoA estimation through advanced geometries
and optimization algorithms, a persistent challenge lies in balancing structural simplicity, computational
efficiency, and angle pairing robustness. Most subspace-based and grid search methods require either
large array apertures or post-estimation correction steps. Meanwhile, many metaheuristic solutions, while
powerful, are constrained by slow convergence or application-specific tuning. Moreover, few works combine
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the benefits of both global and local search in a way that generalizes across platforms. In this context, the
present work introduces a triple-parallel ULA architecture that leverages the geometric simplicity of linear
arrays while enabling joint azimuth-elevation estimation. By fusing Genetic Algorithm and Pattern Search,
we aim to create an adaptive, low-complexity solution capable of auto-pairing and robust estimation under
practical 6G conditions such as low SNR and fast-changing environments.

3 System Model for Three Parallel Uniform Linear Arrays

This section outlines the signal model for the proposed three-parallel ULA configuration. We consider
a passive monostatic phased-array radar system in which the receiver employs three Uniform Linear Arrays
(ULAs) that are spatially separated but mutually parallel. Each ULA lies along a different spatial orientation—
aligned with the Y-axis, the xy plane, and the yz plane, respectively—to capture the directional diversity of
incoming plane waves. The geometric structure is illustrated in Fig. 2.
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Figure 2: Generic diagram for 3-parallel ULA configuration

Let us assume that I narrowband, far-field sources impinge upon the array with elevation angles
0; € [0, /2] and azimuth angles ¢; € [0,27] for i =1,2,..., [. The signals are mutually uncorrelated and
mixed with additive white Gaussian noise (AWGN), which is spatially and temporally uncorrelated with
the sources and modeled as a zero-mean, unit-variance complex Gaussian process. The wavelength of the
signal is denoted by A, and the spacing between adjacent sensors in each ULA is fixed at d = /2 to prevent
spatial aliasing.

Each ULA contains a different number of elements for symmetry and angular resolution: the array
along the Y-axis has (M + 1) sensors, while the arrays in the xy and yz planes have M sensors each. This
asymmetry aids in simplifying the mathematical formulation while maintaining spatial diversity.

3.1 ULA along the Y-Axis
The response at the m" element (m =1,2,..., M +1) of the ULA aligned along the Y-axis is given by

1
yy,m(t) _ Zsi(t)e—]kd(m—l) sin 6; cos ¢; i ny,m(t)a (1)
i=1

where s;(t) represents the complex baseband signal waveform of the i-th far-field source impinging on the
array, and n,,,(t) denotes the additive white Gaussian noise (AWGN) at the m-th sensor element of the
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Y-axis ULA, modeled as a zero-mean complex Gaussian process with variance ¢2. Substituting k = 27” and
d= %, the equation simplifies to

I . .
)’y,m(t) _ Zsi(t)e—Jﬂ(m—l) sin 0; cos ¢; n ny,m(t)- (2)
i=1

Define the intermediate phase parameter y; = sin 0, cos ¢;. Then the received signal vector for the
Y-axis array becomes

1 1 1
yya(t) P 2 S si1(2) nya (1)

B i s W o §
Yymi(t) oMy omiMy, - iMyi si(t) ny,m+1(1)

Eq. (3) can be compactly represented as
(1) = Bys(t) +n,(1), (4)

where B, € CM+DxT s the array manifold matrix, s(t) € C™! is the source signal vector, and n y(t) is the
AWGN vector.

3.2 ULA along the xy Plane

The ULA in the x y plane is designed to capture an angular combination that projects both the X and Y
components of azimuth. The m-th sensor response is given by

1
yxy,m(t) _ Zsi(t)e—]ﬂm sin 0;(cos ¢p;+sin ¢;) + nxy,m(t)- (5)
i=1

Define #; = msin 0; sin ¢;, so that we can rewrite the response in matrix form as

Yy (1) e~imm+m) oo emin(yitn)
y;cy 2(1) e~ i2n(yiem) L. pmi2n(yrm) si(t) iy (t)
Yo, () =7 = : . : 2 B3 (6)
Vym () e iMr(yi+m) .. miMa(yr+yr) si(t) My, (1)
Eq. (6) can be concisely expressed as
yxy(t) :Bxyfxys(t)""nxy(t)’ (7)
where f = diag (e7imm, ..., e~/Mm1) encodes the azimuthal influence specific to the x y plane.

3.3 ULA along the yz Plane

The array in the yz plane further enables spatial separation by leveraging the elevation dependency via
the Z-axis. The received signal at the m-th sensor is:

1
)’yz,m(t) — ZSi(t)e_]”m(Sm 0; cos ¢;+cos B;) n nyz,m(t) (8)
i=1
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Defining &; = 7 cos 6;, we express the vectorized model as:

)’yz,l(t)

¥,.(t) = : =B,.f . s(t) +n,:(1) 9)
)’yz,M(t)

Here, B, is defined similarly to the previous arrays, and f e = diag(e‘jmgl, e e‘jmf’) represents

elevation-phase terms modulated along Z.

3.4 Composite Signal Model
The full observation model for the three-parallel ULA system is

y,(t) B, n,(t)
y(t) = |, ()| = [Beyf sy [s(2) + [ mey(2) | = Bs(t) + n(t) (10)
yyz(t) B}’nyz ny(t)

The matrix B € CCM*D*I acts as the global array manifold for the entire system. The aim is to recover
the set of unknown parameters {(6;, ¢;)}_, from the observation vector y(t), enabling joint estimation of
both elevation and azimuth angles. This geometry facilitates full-angle coverage without resorting to more
complex 2D or 3D arrays, thereby reducing hardware cost while maintaining spatial resolution.

4 Proposed Methodology

This section presents the proposed optimization framework for joint elevation and azimuth angle
estimation using the three-parallel ULA configuration. The estimation process is formulated as a nonlinear
optimization problem, where the objective is to minimize the error between the measured and estimated
array outputs. We explore three optimization strategies: Genetic Algorithm (GA), Pattern Search (PS), and
a hybrid GA-PS approach. The individual components, algorithmic flowcharts, and pseudo-code for each
method are discussed in detail.

4.1 Overview

Fig. 3 illustrates the general workflow of the Genetic Algorithm, which performs global exploration
across the solution space. Its output is then refined through PS, as depicted in Fig. 4, enabling localized
convergence to precise angle estimates. The hybrid GA-PS algorithm leverages both the exploratory strength
of GA and the exploitation ability of PS to effectively avoid local minima and accelerate convergence.

4.2 Genetic Algorithm (GA)

The Genetic Algorithm is a metaheuristic optimization technique inspired by Darwinian evolution and
natural selection. Originally introduced by J. H. Holland, GA simulates the biological processes of reproduc-
tion, mutation, and survival of the fittest to evolve solutions toward optimality over multiple generations.

In the context of DoA estimation, each candidate solution (chromosome) encodes a possible set of
elevation and azimuth angles. The GA iteratively refines this population by evaluating their fitness against
a defined cost function. The standard procedure for GA is summarized in the pseudo-code below, with the
corresponding flowchart shown in Fig. 3.
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Step I: Chromosome Initialization

The algorithm begins by randomly generating a population of S chromosomes. Each chromosome is a
vector of length 21, where I is the number of sources. The first I genes represent elevation angle estimates,
and the next I genes represent azimuth angle estimates

S5 = [és,l, és,Z) cees és,b(z)s,1+1a . )(/;s,Zl]a s=12,...,S, (11)

where 6, ; € [0,7/2] and ¢, ; € [0,27] for all 5. These represent the search bounds for the two-dimensional
DoA estimation problem.

Step II: Objective (Cost) Function Formulation

The fitness of each chromosome is evaluated using a cost function (CF), which quantifies the system-
wide mean squared error (MSE) between the observed outputs and the reconstructed array outputs based
on the candidate angles. Mathematically, the cost function is

CF = \/E [|ymeasured - yeStimat€d|2]’ (12)

We define the normalized form of the objective function for all three arrays

~(s) 2
)’xy,m(t) Yxy, m ()

M+1 S 2 M S
[ZZIMM P+ 2

3M + m=1 s=1 m=1 s=1

M S )

ZZ|)’yzm(t) Ayzm(t)‘ (13)
m=1 s=1

where f is a scaling constant, and j/,(s) (t) denotes the reconstructed output for the s** chromosome. Each
reconstructed output is computed as

A(s (t) Z a; (t)e—]n(m 1) sin b5 ; cos ¢s, i (14)
i=1
I o ) .
)A/;(csy)m(t) _ Z; ai(t)e—]ﬂm sin 6;,;(cos ¢ r4i+sin ¢ r4i) (15)
i=
and
)A/)(/sz m(t) Z a; (t)e—]ﬂm(sm 0,.; cos ¢s.r4i+cos b, ;) (16)

i=1

Step III: Termination Criteria

The GA process continues until the cost function value falls below a pre-defined threshold or the
maximum number of generations is reached.
Step IV: Parent Selection

From the current generation, chromosomes with higher fitness values are selected to become parents
for reproduction. Techniques such as stochastic universal sampling, tournament selection, or roulette wheel
selection can be employed based on fitness proportion.
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Step V: Reproduction via Crossover and Mutation

New offspring are generated by applying genetic operators, where crossover combines genes from two
parents to produce new chromosomes, and mutation randomly alters gene values to introduce diversity.
These operators enable the algorithm to explore a wide search space and prevent premature convergence.

Step VI: Offspring Selection and Generation Update

From the new generation, the fittest chromosomes are retained, and the rest are replaced. Meth-
ods such as elitism (retaining best chromosomes) and survival-of-the-fittest strategies ensure continuous
improvement across generations.

4.3 Pattern Search (PS)

Pattern Search is a deterministic, derivative-free local optimizer well-suited for refining candidate
solutions. It systematically explores the search space by evaluating a set of candidate points around the
current best solution using a mesh-based strategy.

At each iteration, PS generates a mesh around the current solution. If a better point is found, the mesh
is expanded. If not, the mesh is contracted. The process repeats until convergence criteria are satisfied. Key
features of PS include the fact that it does not require gradient information, uses polling directions and mesh
refinements, and is effective for fine-tuning in non-smooth landscapes.

4.4 Hybrid GA-PS Approach

To overcome the limitations of standalone methods, we adopt a hybrid GA-PS approach. The GA first
performs global exploration to identify promising candidate solutions. The best solution from GA is then
refined using PS, leading to improved accuracy and faster convergence.

This hybrid strategy is especially beneficial for high-dimensional, non-convex optimization problems
like 2D DoA estimation, where multiple local minima may exist. The combination ensures both exploration
and exploitation, which is critical in noisy, underdetermined, or snapshot-limited environments.

4.5 Implementation and Parameter Settings

All algorithms were implemented using MATLAB’s optimization toolbox. Table 2 summarizes the
parameter configurations for GA and PS. In this section, we proposed a robust hybrid optimization strategy
that combines the strengths of global and local search methods for accurate and efficient estimation of
elevation and azimuth angles in 3-ULA systems. The GA ensures global exploration, while PS improves
convergence in the neighborhood of optimal solutions. Together, they form a scalable, reliable framework
suitable for real-time and resource-constrained 6G applications.

Table 2: Parameter settings for GA and PS

Genetic algorithm (GA) Pattern search (PS)

Population size 600 Initial point Best result from GA
Generations 2000 Polling Consecutive
Scaling function Rank Iterations 3000
Selection function Stochastic Mesh size 0.3
Mutation function Adaptive feasible Penalty factor 200
Migration direction Both X tolerance 1071
Crossover function Heuristic Mesh tolerance 10710

(Continued)
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Table 2 (continued)

Genetic algorithm (GA) Pattern search (PS)
Crossover fraction 0.2 Expansion factor 3
Hybrid function PS Contraction factor 0.7
Function tolerance 0 Polling method Positive basis
Constraints None Bound tolerance 1078

5 Results and Discussion

This section presents the simulation results for the proposed optimization schemes: GA, PS, and hybrid
GA-PS, for estimating the elevation and azimuth angles of multiple incident plane waves. The performance of
each algorithm is evaluated under various conditions, including changes in the number of sources and SNR.

The spacing between adjacent elements in each ULA is set to d = /2 to avoid spatial aliasing. The
number of array elements is based on the variable M, which is chosen as twice the number of sources. For
all experiments, the population size in GA is set to 600 chromosomes, and angular values are expressed
in degrees.

Case 1: Two Signal Sources at SNR = 15 dB

In this scenario, two narrowband sources impinge on the 3-parallel ULA system. The true direction-of-
arrival angles are set to

6, =40°, 6,=70° ¢ =90° ¢, =120°.

Table 3 presents the estimated angles using each algorithm. The hybrid GA-PS approach achieves the
closest estimates to the ground truth, followed by GA. PS shows larger deviations, especially in estimating
elevation angles. The results confirm the effectiveness of GA in global exploration, and demonstrate that the
local refinement by PS improves precision further.

Table 3: DOA estimation accuracy for 2 sources (SNR = 15 dB)

Scheme 07 05 ¢7 é3

Desired 40.0000 70.0000 90.0000 120.0000
GA 40.2521 70.4321 89.1343  120.3367

GA-PS 40.0072 70.0014 89.8977 120.0271
PS 40.9012 70.0102  89.9861 120.9966

Case 2: Three Sources with Increased Angular Diversity

This experiment evaluates algorithm robustness with three signal sources. The desired elevation and
azimuth angles are as follows:

6 = [60°,80°,40°], ¢ = [150°,110°,50°]

The results in Table 4 show that although estimation errors increase slightly due to the growing search
space, the GA-PS method remains consistently accurate. GA performs well, but PS suffers noticeably in both
azimuth and elevation estimation due to local trapping.
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Table 4: DOA estimation accuracy for 3 sources

Scheme 05 03 63 ¢ ¢ 93

Desired 60 80 40 150 110 50
GA 61.5721 81.8718  41.7359  151.4533 111.5219 51.5001
GA-PS 60.4891 80.5914 40.4982 150.4915 110.3899 50.5282
PS 62.0298 82.0589  42.1267 152.1258  112.1547  52.1207

Case 3: Four Sources: High Complexity Scenario

As the number of sources increases to four, the search space becomes more complex and high-
dimensional. The desired directions are

0 = [75°,35°,55°,80°], ¢ = [210°,105°,95°,160°].

Table 5 illustrates a drop in accuracy across all algorithms due to the larger number of parameters. The
hybrid GA-PS method still produces the most accurate estimates, demonstrating the benefit of combining
global and local search. GA retains moderate accuracy, while PS is visibly affected by convergence limitations.

Table 5: DOA estimation accuracy for 4 sources

Scheme 6, 0 03 0, ¢ ¢ ¢3 ¢

Desired 75 35 55 80 210 105 95 160
GA 773145 376698 573334  82.2560  212.2387 1071256 972326  162.2201

GA-PS 75.5565 35.5337 55.5223 80.5366 210.5498 105.5136 95.5336 160.6012
PS 78.6491 38.7471 58.3241 83.2214  213.1253  108.7114  98.8241 163.8718

Case 4: Six Sources: High-Dimensional Scenario

To assess scalability, we consider six simultaneous narrowband sources impinging on the 3-parallel ULA
system. The desired angles are

0 = [88°, 72°, 60°, 48°, 40°, 85°], ¢ = [45°, 85°, 125°, 165°, 205°, 230°].

With six sources as shown in Table 6, the search space grows substantially and the cost surface becomes
more multi-modal. Consistent with the earlier cases, the hybrid GA-PS approach preserves sub-degree
accuracy through global exploration followed by local refinement, the plain GA retains moderate accuracy
but exhibits larger bias, and PS alone shows the largest deviations due to local trapping.

Table 6: DOA estimation accuracy for 6 sources

Scheme 07 07 63 0, 05 65 ¢ ¢ ¢35 ¢y ¢ ¢
Desired 88.00 72.00 60.00 48.00 40.00 85.00 45.00 85.00 125.00 165.00 205.00 230.00
GA 9010 7401 6224 50.42 4231 8709 4693 8673 12739 16762 20724 232.08
GA-PS 88.55 72.48 60.57 48.52 40.50 85.47 45.55 85.49 125.57 165.44 205.52 230.58

PS 91.87 75.64 63.87 52.24 4413 8931 4820 88.07 128.68 168.64 209.14 233.42
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Case 5: Robustness across SNR Levels (RMSE Analysis)

To evaluate the robustness of the algorithms, we simulate three sources under the SNR of 15 dB. The
root mean square error (RMSE) is computed for each scheme and tabulated in Table 7. Several classical
propagator-based algorithms have also been considered for comparison. Wu et al. [32] proposed a fast
2-D DOA estimation method using three-parallel ULAs, but their approach requires additional azimuth-
elevation pair matching and often suffers performance degradation in practical mobile elevation angles
between 70° and 90°. Li et al. [33] improved upon Wus method by reducing computational burden
and eliminating the pair matching step, though their scheme still requires a residual 2-D peak search.
Chen et al. [34] further advanced the propagator framework by fully exploiting array information and
automatically pairing azimuth and elevation angles, thereby achieving better estimation accuracy with
reduced complexity. The experiment with two closely spaced sources atan SNR of 15 dB (Table 7) corresponds
to a V2X communication scenario, where roadside units must track two vehicles in adjacent lanes. Here, the
GA-PS method achieves the best estimate performance, ensuring reliable beam alignment for high-speed
vehicular links.

Table 7: RMSE results for 2 sources (SNR =15 dB)

Scheme RMSE(6°) RMSE(6) RMSE(¢°) RMSE(¢3)
GA 0.251 0.4321 0.8657 0.3367
GA-PS 0.0072 0.0014 01023 0.0271
PS 0.9012 0.0102 0.0139 0.9966
Chenetal. [34]  0.1150 0.1550 0.0950 0.1150
Li et al. [33] 0.1050 0.1200 0.1500 0.2700
Wu et al. [32] 0.1000 0.1100 0.5200 0.6200

The RMSE values reported in Table 7 highlight the superior performance of the proposed hybrid GA-PS
approach. Atan SNR of 15 dB, GA-PS achieves remarkably low errors across all four parameters, with azimuth
errors as small as 0.0072° and 0.0014°, and elevation errors of only 0.1023° and 0.0271°. In contrast, GA alone
exhibits noticeably higher errors, particularly for elevation (0.8657°), reflecting its slower convergence and
less effective local refinement. The PS scheme shows inconsistent behavior, achieving excellent accuracy for
one azimuth (0.0102°) but extremely poor performance for other parameters (up to 0.9966°), which confirms
its susceptibility to local minima.

Early stopping routinely terminates the search well before the nominal budgets. The GA scheme
converges after approximately 35-60% of the 2000-generation cap, and the PS scheme after 30-40% of the
3000-iteration cap, with the exact fraction depending on the number of sources I. The runtime of the hybrid
GA-PS scales nearly linearly with I, with median per-trial runtimes on a single thread of about 0.9 s for I = 2,
l.4sfor I =3,2.1sfor I =4,and 3.6s for I = 6. The median iteration counts performed in practice are GA ~
700-1200 generations followed by PS » 500-1100 iterations initialized from the best GA. The hybrid scheme
converges faster and reaches lower objective values than the GA or PS schemes.

GA-PS significantly outperforms the Chen, Li and Wu schemes. Chen’s algorithm [34], which utilizes
complete array information and automatic azimuth-elevation pairing, produces balanced results with errors
in the range of 0.095°-0.155°, but remains at least an order of magnitude less accurate than GA-PS. Li’s
method [33] offers improved azimuth accuracy (0.105°-0.120°) but suffers from larger elevation errors (up to
0.270°). Wu's scheme [32], although computationally efficient, shows the highest elevation estimation errors
(0.520°-0.620°), consistent with its known structural limitations in the propagator formulation. The hybrid
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GA-PS method successfully combines global exploration and local refinement, leading to robust and highly
accurate estimates.

The GA-PS hybrid outperforms standalone GA and PS in both accuracy and robustness. GA performs
better than PS due to its global search capability, particularly when the number of sources is small or the
noise level is low. PS alone offers faster execution but is more susceptible to suboptimal convergence in high-
dimensional or noisy scenarios. Furthermore, the performance gap between GA-PS and the other methods
widens as the number of sources or the noise level increases, reinforcing the effectiveness of the hybrid
optimization approach. The results clearly demonstrate the superiority of the proposed hybrid framework,
making it a strong candidate for real-time DoA estimation in complex and noise-prone environments such
as 6G, UAYV, and radar applications.

6 Conclusion and Future Work

This work presented evolutionary optimization methods, namely GA, PS and a hybrid GA-PS, for joint
elevation/azimuth DOA estimation of multiple plane waves using a three-parallel ULA. We formulated
a unified optimization framework for DOA estimation and instantiated three solvers. The hybrid GA-PS
couples global exploration with local refinement, providing a practical balance between search breadth
and precision.

The three methods deliver accurate DOA estimates, with the hybrid GA-PS consistently producing the
smallest angle errors and the most stable convergence. Empirically, the hybrid converges faster than GA-only
or PS-only and maintains computational feasibility as the number of sources increases, supported by early
stopping and vectorized evaluations.

The approach is well-suited to real-time sensing and communication tasks, e.g., 6G/ISAC, UAV links,
and radar tracking, where robust multi-source angle estimation is required.

Despite the promising results demonstrated by the proposed methodology, there are some limitations
of our proposed method. First, the algorithm assumes that the number of antenna elements is greater than or
equal to the number of signal sources. When the number of sources exceeds the number of array elements,
the system becomes underdetermined, resulting in more unknown parameters than available equations. In
such scenarios, accurate estimation of angles becomes infeasible due to rank deficiency in the array manifold
matrix, thereby limiting the applicability of the proposed scheme. Second, the proposed model is developed
under the far-field assumption. This approach does not account for near-field conditions, where the spherical
nature of wavefronts introduces additional phase curvature across the sensors.

In future work, we will relax the canonical assumptions and evaluate the estimator under coher-
ent/correlated sources, array-manifold perturbations, and colored noise, as well as extend the framework to
joint arrival/departure estimation in MIMO settings and explore learning-assisted acceleration.
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