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Abstract 9 

Unmanned aerial vehicle (UAV) swarms equipped with distributed antenna arrays provide a 10 

flexible approach to direction-of-arrival (DOA) estimation over large three-dimensional (3D) 11 

apertures. However, large inter-UAV separations, required by practical flight and collision-12 

avoidance constraints, can introduce phase ambiguities and complicate coherent array processing. 13 

This study presents a simulation-based framework for the design and evaluation of a 3D UAV 14 

antenna array for two-dimensional DOA estimation. A constraint-aware genetic algorithm (GA) is 15 

used to optimize the spatial configuration and trajectories of the UAV-mounted antenna elements 16 

by minimizing a Cramér–Rao lower bound (CRLB)-based objective while satisfying inter-element 17 

separation and operational constraints. The optimized configuration is subsequently evaluated 18 

using interferometric phase-ambiguity resolution and MUSIC-based DOA estimation. Full-wave 19 

electromagnetic simulations in CST Studio Suite are used to assess the effects of UAV structural 20 

scattering, shadowing, mutual coupling, and radiation-pattern distortion. Monte Carlo simulations 21 

further quantify DOA estimation performance under different signal-to-noise ratios and phase and 22 

gain uncertainties. The results show that the optimized configuration provides lower estimation 23 

errors than the investigated reference configurations within the simulated conditions. The study 24 

demonstrates the importance of jointly considering array geometry, phase ambiguity, signal-25 

processing performance, and electromagnetic effects when evaluating distributed UAV antenna 26 

arrays. 27 
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Introduction 31 

DOA estimation is a fundamental task in array signal processing, with applications in radar, 32 

emergency search and rescue, target tracking, and wireless communications [1]. Conventional 33 

rigid antenna arrays, such as uniform linear arrays (ULAs) and uniform rectangular arrays (URAs), 34 

are constrained by platform dimensions, fixed physical apertures, and weight limitations, 35 

restricting their spatial resolution and degrees of freedom (DOFs). UAV swarms can overcome 36 

these limitations by distributing antenna elements across multiple autonomous platforms, enabling 37 

flexible and reconfigurable 3D large-aperture distributed antenna arrays (DAAs) without requiring 38 

a physically large monolithic structure [1],[2],[3],[4],[5],[6],[7],[8],[9],[10]. 39 

However, the use of distributed UAV platforms introduces significant challenges in array 40 

configuration and direction finding. Collision avoidance and flight-safety requirements generally 41 

impose inter-element spacings substantially larger than half a wavelength [3],[9],[11]. Such large 42 

spacings can produce spatial aliasing and grating lobes, resulting in phase ambiguities in two-43 

dimensional (2D) DOA estimation [5],[12]. In addition, UAV motion, synchronization errors, phase 44 

and gain uncertainties, and mechanical perturbations can further affect coherent array processing 45 

[1],[13],[14],[15]. 46 

Several approaches have been investigated to improve the performance of UAV-based distributed 47 

arrays, including adaptive beamforming and smart-antenna techniques for interference mitigation 48 

[1],[12],[16], high-precision synchronization and wireless phase-locking methods [17], non-49 

uniform element deployment [15], sparse-array motion [2], and collision-aware trajectory planning 50 

[5],[22],[23]. These studies demonstrate the potential of UAV swarms for reconfigurable sensing 51 

and communication. Nevertheless, the existing literature contains relatively fewer studies that 52 

jointly consider dynamic three-dimensional UAV array geometry, DOA-oriented trajectory 53 

optimization, large-baseline phase ambiguity, and full-wave electromagnetic effects within a single 54 

evaluation framework. 55 

To address these challenges, this paper proposes a multi-stage framework for designing and 56 

evaluating 3D UAV swarm antenna arrays for 2D DOA estimation. In the first stage, a GA 57 

optimizes the UAV spatial configuration and trajectory by minimizing the CRLB subject to 58 

physical separation and synchronization-related constraints. Because the resulting inter-element 59 

spacings can exceed the signal wavelength, phase ambiguity resolution is performed before 60 

MUSIC-based DOA estimation. In the second stage, the optimized configuration is reconstructed 61 

in CST Studio Suite for full-wave electromagnetic validation, incorporating realistic UAV 62 

airframes, material properties, structural scattering, mutual coupling, and radiation-pattern 63 

distortion. The resulting framework enables the optimized array geometry to be evaluated under 64 

both idealized signal-processing assumptions and realistic electromagnetic conditions, providing 65 

a more comprehensive assessment of its practical DOA estimation performance. 66 

The main contributions of this study are threefold. First, a constraint-aware GA framework is 67 

developed to optimize the three-dimensional positions and trajectories of distributed UAV-68 



mounted antenna elements using a CRLB-based objective. Second, an interferometric phase-69 

ambiguity resolution stage is incorporated before two-dimensional MUSIC estimation to account 70 

explicitly for the large inter-element spacings of the distributed array. Third, the optimized 71 

geometry is evaluated using full-wave electromagnetic simulations that include UAV structural 72 

effects, mutual coupling, scattering, shadowing, and radiation-pattern distortion. These 73 

components are evaluated through numerical experiments under different signal-to-noise ratios 74 

and hardware-impairment conditions. 75 

SYSTEM MODEL AND PROBLEM FORMULATION 76 

A. Operational Scenario and Swarm Configuration 77 

We consider an airborne DOA estimation system operating in a 3D space, deployed for emergency 78 

search-and-rescue (SAR) or target tracking missions. The system comprises a swarm of 𝑀 79 

autonomous micro-UAVs configured as a dynamic, reconfigurable Large-Aperture DAA. Each ݉ -80 

th UAV (݉ = 1,2,… ,𝑀) serves as an individual spatial array node carrying a single antenna 81 

element . 82 

The spatial observations collected by individual UAV nodes are forwarded via phase- and time-83 

synchronized wireless links to a master aerial node or Ground Control Station (GCS) for 84 

centralized processing. Uncorrelated narrow-band far-field signals ݏ௜(ݐ) impinge on the array from 85 

unknown elevation angles ߠ ∈ ߮ and azimuth angles [2,0/ߨ−] ∈ ,ߨ−]  86 .[ߨ

B. 3D Kinematic Model and Received Signal Representation 87 

Let the 3D spatial position of the phase center of the ݉ -th UAV element at discrete sampling instant 88 ݅ be denoted in Cartesian coordinates by ܘ௠(௜) = ,௠(௜)ݔ] ,௠(௜)ݕ ்[௠(௜)ݖ ∈ ℝ3 [1],[13]. Accounting for 89 

independent 3D platform motions and spatial velocities ܞ௠ = ,௫,௠ݒ] ,௬,௠ݒ  ௭,௠]், the trajectory 90ݒ

equation is expressed as Eq.(1): 91 ܘ௠(௜) = ௠,0ܘ + (݅ − 1) ௦ܶܞ௠ (1) 

where ܘ௠,0 = ,௠,0ݔ] ,௠,0ݕ ܶ ௠,0]் represents the initial spatial coordinate of node ݉, andݖ ௦ denotes 92 

the sampling interval. For target signals impinging from directional unit vector ߠ)ܓ, ߮) =93 [cos ߮ cos ߠ ,  sin߮ cos ߠ ,  sin ,ߠ)௜܉ the dynamic array steering vector ,்[ߠ ߮) ∈ ℂெ×1 at snapshot 94 

sample index ݅ is formulated as Eq.(2): 95 

,ߠ)௜܉ ߮) = [  
  ݁−௝2గఒ ௝2గఒ−݁(ఏ,ఝ)ܓ೅(೔)1ܘ ௝2గఒ−݁⋮(ఏ,ఝ)ܓ೅(೔)2ܘ   [(ఏ,ఝ)ܓಾ(೔)೅ܘ

  
 

(2) 

where ߣ = ܿ/ 0݂ is the operational wavelength corresponding to carrier frequency 0݂. 96 



Assuming the sampling interval ௦ܶ is sufficiently small relative to platform movement, spatial 97 

Doppler shifts within snapshot observation intervals are negligible. The noise-free discrete 98 

snapshot vector ࣆ௜(ݐ) ∈ ℂெ×1 and total observation vector ܡ௜(ݐ) across the 𝑀-element swarm are 99 

modeled as Eq.(4): 100 ࣆ௜(ݐ) = (ݐ)௜ݏ ⋅ ,ߠ)௜܉ (ݐ)௜ܡ (3) (߮ = (ݐ)௜ࣆ +  (4) (ݐ)௜ܖ

where ܖ௜(ݐ) ∼ ࣝࣨ(૙,  2۷ெ) represents zero-mean spatial and temporal additive white Gaussian 101ߪ

noise (AWGN) with noise variance 102 .2ߪ 

Proposed 3D Topology Optimization Framework 103 

To maximize 2D-DOA estimation precision across the spatial angular search space, we propose a 104 

dynamic 3D topology optimization framework based on direct minimization of the CRLB.  105 

A. Theoretical Principle, Formulation, and Interpretation of CRLB 106 

The Cramér-Rao Lower Bound represents the fundamental statistical limit on the variance of any 107 

unbiased estimator for the target directional parameters. Mathematically derived from the inverse 108 

of the Fisher Information Matrix (1−ܨ), the CRLB quantifies the amount of spatial information 109 

that the received electromagnetic field carries regarding the incident angles (ߠ, ߮). Minimizing 110 

CRLB(ߠ) directly optimizes the geometrical configuration of the dynamic UAV array nodes, 111 

maximizing the spatial sensitivity (߲܉௜/߲ߠ) and ensuring that any unbiased estimation algorithm 112 

achieves the highest attainable theoretical angular resolution under ambient noise conditions. 113 

Let ࢻ = ,ߠ] ߮]் denote the unknown 2D directional target parameter vector to be estimated. In 114 

general Gaussian observation models, the Fisher Information Matrix (FIM) ܨ is defined as 115 

Eq.(5):[18] 116 

ܨ = tr (ડ−1 × ߲ડ߲ࢻ௜ × ડ−1 × ߲ડ߲ࢻ௝) + 2 × Re ௜ࢻு߲ࣆ߲) × ડ−1 ×  (௝ࢻ߲ࣆ߲
(5) 

Assuming signal noise covariance ડ is independent of parameter vector ࢻ (߲ડ/߲ࢻ = ૙) with 117 ડ−1 = 1ఙ2 ۷ெ, matrix ܨ simplifies to Eq.(6); 118 

ܨ = 2 × Re ௜ࢻு߲ࣆ߲) × ડ−1 ×  (௝ࢻ߲ࣆ߲
(6) 

Substituting the dynamic model ࣆ௜(ݐ) = (ݐ)௜ݏ × ,ߠ)௜܉ ߮) into (6) yields the closed-form 2 × 2 119 

Fisher Information Matrix for 2D elevation (ߠ) and azimuth (߮) estimation is evaluated as Eq.(7): 120 

ܨ = 2ߪ2|ݏ|2 × Re [   
,ߠ)௜܉߲|  ߠ߲(߮ | 2 ,ߠ)௜܉߲| ߠ߲(߮ | ∗ × ,ߠ)௜܉߲| ߮)߲߮ |
,ߠ)௜܉߲| ߠ߲(߮ | × ,ߠ)௜܉߲| ߮)߲߮ | ∗ ,ߠ)௜܉߲| ߮)߲߮ | 2 ]   

 
 

 

(7) 



The determinant of the Fisher Information Matrix det(ܨ) is evaluated as Eq.(8) 121 

det(ܨ) = ,ߠ)௜܉߲| ߠ߲(߮ | 2 × ,ߠ)௜܉߲| ߮)߲߮ | 2
− Re ,ߠ)௜܉߲|] ߠ߲(߮ | ∗ × ,ߠ)௜܉߲| ߮)߲߮ |] × Re ,ߠ)௜܉߲|] ߮)߲߮ | × ,ߠ)௜܉߲| ߠ߲(߮ | ∗] 

 

(8) 

Consequently, the Cramér-Rao Lower Bound (CRLB) defining the theoretical minimum variance 122 

for an unbiased estimator of target angle ߠ is derived as Eq.(9):  123 

Var(ߠ௜) = 2|ݏ|22ߪ × ,ߠ)௜܉߲| ߠ߲(߮ | 2det(ܨ)  

 

(9) 

The criterion for improving estimation accuracy is the A-Optimality criterion, which can be seen in 124 

Eq.(10): 125 1ߠ)ܤܮܴܥ, ߮1) = (1−ܨ)݁ܿܽݎݐ   =  √0.5 × (1ߠ)ݎܽݒ) + ((1߮)ݎܽݒ ߨ180 ×  
(10) 

 126 

B. Problem Formulation with Physical Spatial Constraints 127 

To achieve high-precision DOA estimation while guaranteeing physical flight safety and 128 

maintaining inter-node wireless connectivity, the initial positions {ܘ௠,0}௠=1ெ  and 3D velocity 129 

vectors {ܞ௠}௠=1ெ  are optimized to minimize CRLB(ߠ).  The final problem formulation can be seen 130 

in Eq.(11): 131 min{ܘ೘,0, ܞ೘}೘=1ಾ  CRLB(ߠ) 
s.t. ݀min ≤ ௠(௜)ܘ‖ − ௟(௜)‖2ܘ ≤ ݀max,  ∀݉ ≠ ݈, ∀݅ ∈ {1,… , ௦ܰ} 

 

 

(11) 

The optimization is governed by two fundamental physical constraints across all time indices: a 132 

minimum separation constraint (݀min) to ensure collision avoidance and mitigate aerodynamic 133 

turbulence, and a maximum separation constraint (݀max) to limit inter-UAV distances, thereby 134 

preserving reliable wireless synchronization and phase coherence. 135 

Due to the highly non-convex search space and non-linear spatio-temporal distance constraints, a 136 

metaheuristic constraint-aware GA is designed to optimize the dynamic 3D array topology and 137 

trajectory design with the objective of minimizing the CRLB. The GA workflow begins with 138 

chromosome encoding and constraint-guided initialization, where UAV decision variables are 139 

embedded into a continuous vector, and spatial bounds are strictly verified. During evolutionary 140 

operations—including rank-based selection, elitism, Simulated Binary Crossover (SBX), and 141 

bound-clamped Gaussian mutation—dynamic penalty strategies and re-validation mechanisms 142 

are employed to ensure that all candidate configurations adhere to the minimum (݀min) and 143 

maximum (݀max) inter-node separation constraints[20],[21].  144 



Interferometric Ambiguity Resolution and 2D-DOA Estimation Framework 145 

The proposed framework uses a three-stage approach for accurate DOA estimation with a 146 

distributed UAV array.  147 

A. Trajectory Optimization and Array Configuration 148 

A genetic algorithm is used to optimize the UAV positions and trajectories to improve array 149 

performance while satisfying the required physical and operational constraints. The optimized 150 

geometry is then used as the input to the subsequent signal-processing stages.  151 

B. Interferometric Phase Ambiguity Resolution 152 

To resolve multi-baseline phase ambiguities, the measured phase differences are mapped against 153 

geometrical steering expectations. The phase difference Δ߮௡ across the ݊-th baseline vector ܌௥௡ 154 

and the 3D unit direction vector ܝEl,Az is expressed as Eq.(12): 155 Δ߮௡ = ௥௡܌ ⋅  El,Azܝ

 

(12) 

To eliminate ambiguous peaks, a least-squares cost function CF(El, Az) is constructed by 156 

matching the observed ambiguous phase vector ߙ௡ with geometric phase models as Eq.(13): 157 

CF(El, Az) = 1ܰ ௥௡܌‖∑ ⋅ El,Azܝ − ‖௡ߙ 2 
(13) 

The true elevation (El) and azimuth (Az) angles are consequently extracted by solving the 158 

unconstrained minimization problem as Eq.(14): 159 min
El, Az

CF(El, Az) (14) 

C. High-Resolution 2D-Subspace Estimation 160 

Following phase de-ambiguation, high-resolution subspace frameworks such as 2D-MUSIC and 161 

2D-ESPRIT are applied to estimate joint elevation (ߠ) and azimuth (߶) parameters. Exploiting 162 

the orthogonality between the noise subspace ܃௡ and the steering vector ߠ)܉, ߶), the 2D-MUSIC 163 

spatial pseudo-spectrum is formulated as Eq.(15): 164 

2ܲD-MUSIC(ߠ, ߶) = ,ߠ)ு܉1 ,ߠ)܉௡ு܃௡܃(߶ ߶) 
(15) 

The final directional estimates are identified via multi-dimensional spectral peak searching as 165 

Eq.(16): 166 ߠ௞, ߶௞ = argmaxఏ,థ 2ܲD-MUSIC(ߠ, ߶) (16) 

Array Design and Full-Wave Electromagnetic Validation 167 

The CRLB is used as the primary objective for optimizing the three-dimensional positions and 168 

trajectories of the UAV array elements. The Fisher information matrix, which determines the 169 

attainable accuracy of DOA estimation, depends on the spatial derivatives of the array steering 170 



vector and, consequently, on the UAV geometry. Minimizing the CRLB promotes configurations 171 

with greater spatial diversity and a larger effective aperture, thereby improving angular estimation 172 

accuracy. The optimized spatial configuration was also observed to produce a sharper radiation 173 

pattern toward the target direction in the electromagnetic simulations. Because the inter-UAV 174 

distances may exceed half the operating wavelength, spatial aliasing and grating lobes can still 175 

occur. These effects are not explicitly suppressed through sidelobe-level constraints; instead, the 176 

optimization focuses on improving the spatial configuration while satisfying the physical and 177 

operational constraints of the UAV swarm. The resulting geometry is then used in the phase 178 

ambiguity-resolution and two-dimensional DOA estimation stages. 179 

Following the array optimization, a high-fidelity three-dimensional full-wave electromagnetic 180 

model is developed in CST Studio Suite to evaluate the practical radiation characteristics of the 181 

UAV-mounted antenna system. The model captures electromagnetic effects that are not represented 182 

in the ideal analytical array model, including structural scattering, mutual coupling, near-field 183 

interactions, and radiation-pattern distortion caused by the UAV airframe. The antenna is modeled 184 

as a quarter-wavelength resonant monopole operating at the specified center frequency. Full-wave 185 

simulations are performed using the Integral Equation solver over the operating frequency range. 186 

The model incorporates the specified carbon-fiber-reinforced polymer (CFRP) properties for the 187 

UAV chassis and arms, together with conductive aluminum motor housings and the dielectric and 188 

structural materials of the propeller assemblies. The coaxial feeding structure consists of the 189 

specified dielectric sleeve and copper conductor and is excited through a discrete port. Three-190 

dimensional far-field monitors are used to characterize antenna gain, main-beam behavior, spatial 191 

nulls, and radiation-pattern distortion over the full angular range. 192 

The electromagnetic results obtained for an individual UAV are then used to assess the effect of 193 

the optimized distributed geometry on the collective array radiation characteristics. In particular, 194 

the resulting radiation patterns are examined to verify the sharper main beam in the target direction 195 

and the associated improvement in directional selectivity. This post-optimization validation 196 

provides a practical assessment of the optimized UAV arrangement under realistic electromagnetic 197 

effects. 198 

Simulation Results and Discussion 199 

A. 3D Swarm Topology Optimization and CRLB Performance Analysis for 2D-DOA Estimation 200 

To achieve maximum two-dimensional Direction-of-Arrival (2D-DOA) estimation accuracy in 201 

SAR missions, the 3D dynamic trajectory of the 𝑀 = 10 UAV swarm over a 15-second flight 202 

duration was synthesized using a constraint-aware GA. The 15-second trajectory window was 203 

specifically selected to maximize spatial phase accumulation and aperture expansion over time, 204 

while strictly preserving target spatial stationarity and meeting real-time processing constraints 205 

required for emergency localization. The optimization framework directly minimizes the CRLB, 206 

maximizing the spatial phase derivatives along the target angle (ߠ = −30∘, ߶ = 60∘) while 207 



adhering to inter-drone collision avoidance (݀min =  and wireless synchronization 208 (ߣ2.5

constraints (݀max =  209  .(ߣ10

To assess whether the GA-synthesized topology provides a substantially improved objective value 210 

relative to randomly generated configurations, a Monte Carlo comparison was performed using 211 

100,000 random array realizations within the same spatial bounds. None of the random realizations 212 

achieved an objective value equal to or better than the GA solution in this numerical experiment. 213 

This result provides empirical evidence that the optimized configuration performs favorably within 214 

the investigated search space, but does not constitute a proof of global optimality. In each iteration, 215 

10 antenna elements were randomly deployed across the identical flight volume bounds defined 216 

by the GA array. 217 

As illustrated in Figure 1, the random spatial topologies generate a right-skewed theoretical error 218 

distribution spanning from 0.038∘to 0.22∘, with a modal peak near 0.058∘. The GA-optimized 219 

array (highlighted by the red dashed line) achieves a minimum bound of CRLB = 0.0208∘. Out 220 

of 100,000 unconstrained random trials, zero realizations matched or surpassed the GA baseline, 221 

providing empirical evidence that the GA solution lies in a low-objective region of the investigated 222 

search space. 223 

 224 

Figure 1- StaƟsƟcal validaƟon histogram of CRLB bounds for 100,000 Monte Carlo random array realizaƟons compared against 225 

the GA-opƟmized UAV topology at SNR = 10 dB. 226 

The random spatial array configurations yield a shifted right-skewed distribution of theoretical 227 

error bounds, spanning from baseline values up to higher thresholds with a modal peak near a 228 

central value. As highlighted by the performance indicators, the GA-optimized topology achieves 229 

a theoretical minimum bound without applying square root operations. Furthermore, across 230 

100,000 unconstrained random trials, zero realizations surpassed or matched the GA-synthesized 231 

baseline, validating that explicit objective minimization effectively drives the 10-UAV swarm 232 

toward the physical limits of 3D dynamic aperture expansion. 233 

As illustrated in  Figure 2, the performance of the GA-optimized 10-element UAV array is 234 

benchmarked against seven standard geometric topologies—including the 3D Uniform 235 

Rectangular Array (URA), Uniform Circular Array (UCA), ULA, Spherical Array, Cylindrical 236 



Array, Concentric Ring Array, and an arbitrary Random Array—normalized to an equivalent 237 

spatial span across varying SNR levels. 238 

 239 

Figure 2- CRLB comparison versus SNR (ߠ = −30∘, ߶ = 60∘) demonstraƟng the superior performance of the GA-opƟmized UAV 240 

swarm topology over convenƟonal array conĮguraƟons. 241 

As shown in  Figure 2, all candidate topologies demonstrate the characteristic inverse linear scaling 242 

of CRLB with respect to linear SNR, plotting as straight parallel log-linear trajectories across the 243 

evaluated −10 dB to 20 dB range. Within this performance hierarchy, the GA-optimized array 244 

delivers the lowest estimation bound across all SNR regimes—yielding approximately 0.2deg2 at 245 0 dB and dropping below 0.01deg2 at 20 dB—whereas planar and linear topologies exhibit 246 

intermediate performance bounds constrained by structural symmetry and planar aperture 247 

projection losses along the incoming wavevector. Conversely, symmetric circular and concentric 248 

structures suffer from higher theoretical variance limits, approaching 0.6deg2 at 0 dB due to 249 

element clustering and suboptimal spatial phase gradients along the target elevation angle. 250 

B. Full Wave Analysis 251 

In traditional UAV-based emergency direction-finding, path planning often assumes simplified 252 

isotropic antennas, ignoring airframe effects like carbon fiber, motors, and propellers. These 253 

physical components cause radiation distortion, blind spots, and mutual coupling, severely 254 

degrading DOA accuracy. 255 

This research presents an optimal UAV path-planning algorithm aimed at minimizing DOA 256 

estimation errors. To account for complex electromagnetic interactions beyond analytical models, 257 

the proposed trajectories are validated using full-wave analysis. The system incorporates a 10-258 

element monopole array mounted under the center of the drone. A GA co-optimizes both the 259 

antenna element placement and the flight path by minimizing the CRLB for a target at specific 260 

azimuth and elevation angles, ensuring maximum estimation precision under realistic non-ideal 261 

conditions. 262 

A simplified 3D quadcopter drone with a centered bottom-mounted monopole array was simulated 263 

in CST Studio Suite to capture full-wave electromagnetic effects. This model extracts accurate 3D 264 



radiation patterns, accounting for physical interactions such as wave scattering, edge diffraction, 265 

body shadowing, and mutual coupling that distort the received amplitude and phase responses. As 266 

shown in Figure 3, the monopole antenna is integrated at the drone's central base. 267 

To balance numerical precision and computational efficiency, a geometrically simplified UAV 268 

structure was used instead of an overly detailed model. Omitting millimeter-scale details—such as 269 

screws, internal wiring, and complex motor curves—drastically reduces mesh cell density and 270 

simulation runtime. Electromagnetic theory dictates that far-field distortion is primarily driven by 271 

the overall airframe and arm dimensions relative to the operational wavelength, making structural 272 

details secondary to radiation behavior. 273 

 274 

Figure 3- A simpliĮed 3D quadcopter drone. 275 

Figure 4  shows the radiation pattern of the bottom-mounted UAV monopole antenna in the azimuth 276 

plane for a given elevation angle. Similarly, Figure 5 depicts the corresponding elevation plane 277 

radiation pattern at a specific azimuth angle. 278 

 279 

Figure 4- radiaƟon paƩern of the boƩom-mounted UAV monopole antenna in the azimuth plane 280 



 281 

Figure 5- radiaƟon paƩern of the boƩom-mounted UAV monopole antenna in the elevaƟon plane. 282 

As shown in Figure 4, the standalone monopole exhibits an ideal, omnidirectional 360° azimuth 283 

radiation pattern. However, the airframe structure disrupts this symmetry. The sharp nulls and 284 

ripples at 45°, 135°, 225°, and 315° stem directly from the four support arms and motors positioned 285 

along these directions. Wave interactions—specifically reflections and edge diffractions off the 286 

arms—cause constructive and destructive interference with the direct radiation, degrading pattern 287 

uniformity. 288 

In Figure 5 the elevation plane, the central body acts as a finite ground plane, tilting the main beam 289 

downward toward −19°. Mounted beneath the airframe, the central structure shadows the upper 290 

hemisphere (positive elevation angles) and reflects energy downward. Furthermore, edge 291 

diffraction around the finite body broadens the main lobe, yielding a wide 108° beamwidth in the 292 

lower hemisphere. 293 

Figure 6, illustrates the UAV swarm in an optimized spatial formation designed to maximize DOA 294 

estimation accuracy. The corresponding array radiation pattern in the azimuth plane for a given 295 

elevation angle is shown in Figure 7, while Figure 8 depicts the array radiation pattern in the 296 

elevation plane at a specific azimuth angle. 297 

 298 

Figure 6- UAV swarm in an optimized spatial formation. 299 



 300 

Figure 7- Azimuth-plane radiaƟon paƩern of the opƟmized UAV swarm array. 301 

 302 

Figure 8- ElevaƟon-plane radiaƟon paƩern of the opƟmized UAV swarm array. 303 

As shown in Figure 7 and Figure 8, the array radiation pattern exhibits significant main lobe 304 

narrowing toward the target direction. A narrower, sharper beam creates steep amplitude and phase 305 

gradients relative to spatial angles, heightening system sensitivity so that tiny shifts in Signal 306 

Arrival Angle produce distinct output changes, directly reducing estimation error. Additionally, 307 

peak gain is maximized toward the target, boosting the SNR against ambient and thermal noise. 308 

Under estimation theory—specifically the CRLB—higher SNR directly scales up angle accuracy 309 

toward the theoretical performance limit. 310 

The GA arranges the UAV formation into an optimized, irregular 3D dynamic array. This non-311 

uniform spatial distribution increases the effective aperture and can improve angular resolution. 312 

However, because several inter-element spacings exceed the operating wavelength, spatial aliasing 313 

and phase ambiguities may still occur and therefore require explicit ambiguity-resolution 314 

processing. However, electromagnetic interactions—such as inter-UAV scattering, structural 315 

reflections, and mutual coupling across the swarm—introduce subtle side-lobe ripples and pattern 316 

perturbation that must be accounted for in the full-wave DOA optimization model. 317 

 318 



C. Performance Comparison of CRLB Estimation for Ideal and CST-Simulated Antenna Topologies 319 

Across Varying SNR Levels 320 

To evaluate the performance of the proposed 3D UAV swarm antenna array under realistic 321 

operating conditions, Monte Carlo simulations are conducted comparing three distinct antenna 322 

pattern models: ideal isotropic elements, MATLAB antenna toolbox monopoles, and full-wave 323 

CST data patterns incorporating carbon-fiber airframe scattering and mutual coupling. The 324 

synthesized optimal 3D topology from the genetic algorithm is deployed across cooperative micro-325 

UAVs, where a far-field narrowband source is configured at a true elevation and azimuth angle 326 

operating at a carrier frequency of 1 GHz. The transmitted signals are modulated using QPSK 327 

symbols across multiple snapshots, and white Gaussian noise is added to the received array data 328 

across a signal-to-noise ratio range from 0 dBto 20 dBin steps of 2 dB. Due to the extended inter-329 

element spacing of the swarm configuration, spatial aliasing and grating lobes are first resolved to 330 

remove angular ambiguities. Following this ambiguity resolution, the Multiple Signal 331 

Classification algorithm is applied to estimate the 2D direction of arrival. Finally, the root-mean-332 

square error of the 2D direction-finding estimates is averaged over independent Monte Carlo runs, 333 

and the theoretical performance bound is benchmarked against the Cramér-Rao Lower Bound. 334 

As illustrated in Figure 9 the elevation cut at an azimuth angle of 60∘, the full-wave CST 335 

simulation—incorporating realistic carbon-fiber airframe scattering and mutual coupling—336 

exhibits close agreement with the ideal MATLAB monopole model at higher elevation angles near 337 0∘, with both configurations achieving a peak gain of approximately 1 dBi. However, as the 338 

elevation angle decreases toward −90∘, a sharp degradation in gain is observed across both 339 

models. Within the intermediate elevation range of −30∘ to −60∘, the CST model reveals 340 

pronounced attenuation and localized fluctuations relative to the ideal counterpart, primarily 341 

driven by body shadowing, structural scattering from the composite drone frame, and mutual 342 

coupling effects. At extreme low elevations approaching −90∘, severe signal suppression down to 343 −50 dBi to −60 dBi manifests as a direct consequence of the ground plane and physical airframe 344 

obstructions. Similarly, in Figure 10 the azimuthal radiation cut evaluated at an elevation angle of 345 −30∘ highlights the substantial impact of the multi-rotor structural arms and motor housings on 346 

azimuthal symmetry. While the analytical MATLAB model maintains a smooth variation, the CST 347 

simulation displays distinct periodic ripples and deep nulls reaching down to −3 dBi, which stem 348 

directly from physical blockage and scattering induced by the symmetric carbon-fiber arms and 349 

high-conductivity aluminum motor housings. Despite these structural ripples, the overall 350 

azimuthal envelope preserves the baseline trend while successfully capturing critical hardware-351 

induced pattern distortions and multi-path scattering phenomena. 352 

 353 



 354 

Figure 9- ElevaƟon cut of the antenna gain (Azimuth = 60∘) comparing the ideal MATLAB model with the full-wave CST 355 

simulaƟon incorporaƟng realisƟc UAV airframe eīects. 356 

 357 

Figure 10- Azimuth cut of the antenna gain (Elevation = −30∘) comparing the ideal MATLAB model with the full-wave CST 358 

simulaƟon incorporaƟng realisƟc UAV airframe eīects. 359 

As illustrated in Figure 11, the root-mean-square error (RMSE) of the 2D direction-of-arrival 360 

estimation using the MUSIC algorithm decreases steadily for all evaluated antenna configurations 361 

as the SNR increases from 0 dB to 20 dB. The CRLB provides a theoretical lower bound on the 362 

variance of an unbiased estimator and is therefore used as a reference for the simulated MUSIC 363 

estimation error. Among the practical estimation models, the MATLAB Monopole configuration 364 

(green curve with triangles) yields the lowest RMSE, followed closely by the full-wave CST data 365 

pattern model (red curve with squares), while the ideal isotropic pattern model (black curve with 366 

circles) exhibits the highest error overall. The close alignment between the CST model and the 367 

ideal models confirms the viability of the proposed framework, while the slight variations reflect 368 

the realistic impacts of carbon-fiber airframe scattering, structural perturbations, and mutual 369 

coupling on high-precision spatial processing. 370 



 371 

Figure 11-Root Mean Square Error of the MUSIC DirecƟon of Arrival (DOA) esƟmaƟon versus Signal-to-Noise RaƟo (SNR) 372 

comparing diīerent antenna radiaƟon models (CST Data PaƩern, Isotropic PaƩern, and MATLAB Monopole) against the Cramér-373 

Rao Lower Bound (CRLB). 374 

The simulation results demonstrate the efficacy and robustness of the proposed 3D UAV swarm 375 

antenna array for 2D direction-of-arrival estimation using the MUSIC algorithm across varying 376 

signal-to-noise ratios. While ideal isotropic and MATLAB monopole models provide optimistic 377 

performance baselines, the incorporation of the full-wave CST model is fundamentally 378 

indispensable for practical system design. Specifically, the necessity of full-wave modeling 379 

becomes most pronounced at intermediate and extreme low elevation angles—ranging from −40∘ 380 

to −70∘ and approaching −90∘—where the discrepancies between ideal assumptions and 381 

electromagnetic realities peak due to carbon-fiber airframe scattering, structural shadowing, and 382 

mutual coupling. In these critical angular regions, element pattern distortion and severe signal 383 

attenuation significantly impact spatial processing. Consequently, evaluating performance 384 

exclusively through simplified analytical models may overestimate the achievable estimation 385 

accuracy. Full-wave electromagnetic analysis therefore provides an important additional validation 386 

step for assessing the impact of UAV structural scattering, shadowing, mutual coupling, and 387 

radiation-pattern distortion on direction-finding performance. 388 

D. Analysis of Phase and Gain Impairments on Estimation Performance 389 

Under a single snapshot (ܭ = 1) and a signal-to-noise ratio (SNR = 10 dB), the CRLB) analysis 390 

evaluates the robustness of DOA estimation under individual and joint hardware imperfections, 391 

contrasting the effects of array gain and phase uncertainties. As illustrated in Figure 12, introducing 392 

a standalone gain error standard deviation up to 40% leads to a very marginal degradation in the 393 

RMSE, demonstrating that the array manifold remains inherently resilient to pure amplitude 394 

fluctuations even under these challenging snapshot and noise constraints. 395 

In sharp contrast, Figure 13 highlights that phase uncertainty severely impacts estimation accuracy; 396 

as the phase error standard deviation increases, the CRLB RMSE escalates steeply. Because spatial 397 

information in array signal processing relies fundamentally on relative phase differences across 398 

elements, phase perturbations directly distort the steering vector spatial gradients. Consolidating 399 

these dynamics, Figure 14 illustrates the joint effect of both imperfections across varying phase 400 



error curves, where increasing the gain error yields only a shallow upward slope, whereas shifting 401 

to higher phase error tiers abruptly shifts the baseline error upward. 402 

Within the simulated uncertainty ranges, phase errors produced a stronger degradation in DOA 403 

estimation accuracy than the investigated gain errors, where phase perturbations heavily 404 

compromise the FIM through the exponential argument and dictate the ultimate accuracy limits of 405 

high-resolution spatial spectrum estimation at SNR = 10 dB with ܭ = 1. 406 

 407 

Figure 12- Square root of the CRLB for DOA esƟmaƟon versus gain error standard deviaƟon under joint gain and phase 408 

uncertainty for diīerent phase error at SNR = 10 dB and ܭ = 1. 409 

 410 

Figure 13-Square root of the CRLB for DOA esƟmaƟon versus phase-error standard deviaƟon under phase uncertainty alone at 411 

SNR = 10 dB and ܭ = 1. 412 

 413 

Figure 14- Square root of the CRLB for DOA esƟmaƟon versus gain error standard deviaƟon under gain uncertainty alone at 414 

SNR = 10 dBand ܭ = 1. 415 

 416 



A Monte Carlo simulation framework (𝑀 = 200 trials) was established to evaluate a decentralized 417 

UAV-mounted swarm array (ܰ = 10 elements) estimating the 2D direction of arrival (DoA)—418 

elevation ߠtrue = −30∘ and azimuth ߶true = 60∘—of a 1 GHz (ߣ = 0.3 m) RF source using QPSK-419 

modulated snapshots (ܮ = 100). Comparing optimized  and random configurations, and a 420 

conventional Uniform Rectangular Array (URA) utilizing realistic CST-simulated antenna 421 

patterns, the nominal SNR was fixed at 10 dB. Platform dynamics were analyzed via two 422 

independent uncertainty sources utilizing realistic CST-simulated antenna patterns, the nominal 423 

SNR was fixed at 10 dB. Platform dynamics were analyzed via two independent uncertainty 424 

sources: zero-mean Gaussian phase errors (0∘ to 30∘ in 5∘ steps) representing mechanical jitter, 425 

and truncated Gaussian relative gain uncertainties (ߪ௚ ∈ [0,0.4]) modeling aerodynamic 426 

fluctuations. Estimation accuracy of the coarse-to-fine 2D-MUSIC algorithm was quantified using 427 

RMSE and benchmarked against the Bayesian CRLB incorporating phase and gain nuisance 428 

parameters. 429 

The evaluation of the MUSIC algorithm's RMSE against varying gain error standard deviations, 430 

ranging from 0% to 40% as illustrated in Figure 15, demonstrates that the optimized array achieves 431 

remarkable stability by keeping the error virtually near zero. In contrast, the random array exhibits 432 

a sharp, non-linear degradation once the gain error exceeds 15%, eventually reaching an RMSE of 433 

over 1.7 degrees. Similarly, analyzing the effect of phase error standard deviations from 0 to 30 434 

degrees in Figure 16 reveals that phase uncertainties induce a much more severe vulnerability on 435 

directional estimation accuracy. While the random array suffers a steep climb in error scaling up 436 

to 4 degrees, the optimized array successfully constrains the RMSE below 1 degree, highlighting 437 

its structural resilience. Furthermore, the comparative trend analysis proves that estimation 438 

accuracy is significantly more sensitive to phase deviations than amplitude variations. 439 

Consequently, prioritizing precise phase coherence and spatial geometry optimization is essential 440 

for guaranteeing robust performance under realistic, imperfect hardware conditions. 441 

 442 

Figure 15-Root Mean Square Error of the MUSIC algorithm versus gain error standard deviaƟon for the opƟmized array and 443 

random array conĮguraƟons, evaluated with 100 snapshots at SNR = 10 dB. 444 



 445 

Figure 16-Root Mean Square Error  of the MUSIC algorithm versus phase error standard deviaƟon for the opƟmized array and 446 

random array conĮguraƟons, evaluated with 100 snapshots at SNR = 10 dB. 447 

The comprehensive simulation results validate that the optimized array configuration exhibits 448 

exceptional robustness against both gain and phase uncertainties compared to the random array 449 

layout. Specifically, the error degradation trends indicate that phase synchronization errors exert a 450 

more dominant and critical impact on directional estimation accuracy than amplitude variations. 451 

By prioritizing spatial phase coherence during the array optimization stage, the proposed 452 

architecture successfully minimizes error propagation, ensuring high-resolution localization even 453 

under severe practical hardware impairments. 454 

Limitation 455 

Several limitations should be considered when interpreting the results. First, the proposed 456 

optimization and DOA evaluation are based on numerical simulations and full-wave 457 

electromagnetic modelling rather than measurements from a physical multi-UAV experimental 458 

platform. Second, the present framework considers a narrowband far-field signal model and 459 

therefore does not directly address wideband propagation or near-field source localization. Third, 460 

the optimization objective is based on a CRLB-derived metric and does not explicitly include a 461 

sidelobe-level or grating-lobe suppression constraint. Consequently, improved CRLB performance 462 

should not be interpreted as complete elimination of spatial aliasing or grating lobes. Finally, the 463 

investigated phase and gain uncertainty ranges represent selected simulation conditions and may 464 

not capture all hardware and environmental impairments encountered in practical UAV 465 

deployments. 466 

Conclusion and Future Work 467 

This study presented a multi-stage framework for the design and evaluation of a three-dimensional 468 

distributed UAV antenna array for two-dimensional direction-of-arrival estimation. A constraint-469 

aware genetic algorithm was used to optimize UAV positions and trajectories according to a 470 

Cramér-Rao lower bound-based objective while satisfying the considered spatial and operational 471 

constraints. Because the optimized array contains large inter-element spacings, phase ambiguity 472 



resolution was incorporated before MUSIC-based direction estimation. Full-wave CST 473 

simulations were subsequently used to investigate the effects of UAV structural scattering, 474 

shadowing, mutual coupling, and radiation-pattern distortion. 475 

Under the simulated conditions, the optimized configuration achieved lower DOA estimation 476 

errors than the investigated reference configurations. The numerical results also showed that phase 477 

uncertainty produced a stronger degradation in estimation accuracy than the considered gain 478 

uncertainty range. The electromagnetic simulations demonstrated that UAV structural effects can 479 

modify the idealized radiation characteristics and should therefore be considered when evaluating 480 

distributed airborne arrays. 481 

These findings are limited to the simulated operating conditions and do not constitute experimental 482 

validation or a general guarantee of grating-lobe suppression. Future work should therefore 483 

investigate physical UAV-array measurements, adaptive trajectory control, wideband and near-484 

field signal models, and optimization objectives that explicitly incorporate sidelobe and ambiguity-485 

related constraints. 486 
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