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Abstract—Large intelligent surfaces (LIS) are a key 6G
technology, but extremely large antenna arrays (ELAA) neces-
sitate near-field (NF) operation, challenging conventional far-
field (FF) beamforming. This paper addresses NF multi-user
(MU) beamforming in a LIS-aided Unmanned Aerial Vehicle
(UAV) relay system. We develop and compare two distinct phase
configuration algorithms for multi-beam NF focusing: a low-
complexity Grouped Beamforming heuristic and a Grey Wolf
Optimizer (GWO) Beamforming metaheuristic. Performance,
including Average Array Gain, Average Minimum Array Gain,
their Cumulative Distribution Functions, and computational
complexity, is evaluated via Monte Carlo simulations against
baseline methods. Both proposed algorithms significantly outper-
form baselines. GWO Beamforming especially ensuring fairness
under high user loads, but incurs a considerable computational
cost. Conversely, Grouped Beamforming offers a practical real-
time solution. Our findings illuminate the critical performance-
complexity trade-offs guiding algorithm selection for NF MU
LIS-UAV deployments.

Keywords—Large Intelligent Surface (LIS); Near-Field Beam-
forming; Multi-User; UAV Relay; 6G; Grouped Beamforming;
Grey Wolf Optimizer (GWO)

I. INTRODUCTION

IXTH -generation (6G) wireless communication systems

are expected to provide ultra-high data rates, massive
connectivity, and ultra-low latency to support future appli-
cations such as virtual/augmented reality (VR/AR) and the
Internet of Everything (IoE) = [1], [2]. To achieve these
ambitious goals, new technologies like Extremely Large-Scale
Antenna Arrays (ELAA) or Large Intelligent Surfaces (LIS)
are being extensively researched = [3], [4]. LIS, with its ability
to intelligently control radio waves, promises to reshape the
communication environment to enhance system performance
= [5]. Concurrently, the use of Unmanned Aerial Vehicles
(UAVs) as aerial relay stations offers superior advantages
in flexibility, rapid deployment, and on-demand coverage,
especially in temporary or disrupted network scenarios = [6],
[7]. The integration of LIS into UAV relay systems (LIS-Aided
UAV Relay Systems) has emerged as a powerful solution,
combining the environment-reconfiguring capabilities of LIS
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with the mobility of UAVs to efficiently support multiple users
= [ ]

A fundamental change when using LIS or ELAA is the sys-
tem’s operational region = [4]. With extremely large antenna
apertures, users are highly likely to be in the radiative near-
field (NF) region, also known as the Fresnel region, rather than
the traditional far-field (FF) region = [9], [10]. In the far-field,
waves are assumed to be planar, and beamforming is only
angle-dependent. However, in the near-field, this assumption
is no longer valid; waves must be accurately modeled as
spherical wavefronts = [11]. Consequently, conventional far-
field beamforming techniques suffer from severe performance
degradation due to phase mismatch = [10]. Conversely, near-
field communication (NFC) enables a new capability called
“beamfocusing,” where energy can be concentrated onto a
specific point in space, defined by both angle and distance
= [11], [12].

The primary challenge in multi-user LIS-aided UAV sys-
tems is the design of effective multi-beamforming in the near-
field scenario = [13]. This requires generating multiple focused
beams simultaneously to multiple users, which introduces
significant inter-user interference (IUI) due to the complex
characteristics of near-field beams = [14]. Furthermore, the
mobility of the UAV and potential positioning errors further
complicate channel modeling and beamforming design = [7].
Therefore, the optimization problem becomes extremely com-
plex, requiring the joint optimization of active beamforming at
the UAV and passive beamforming (reflection coefficients) at
the LIS to maximize system performance, such as the sum-rate
= [8], [15].

To address this complex and non-convex optimization prob-
lem, researchers generally follow two main approaches. The
first approach utilizes domain-knowledge-based heuristics =
[16]. These methods often decompose the complex problem
into simpler sub-problems, such as a “two-stage heuristic
approach” to separately optimize analog and digital beam-
formers = [12], or distributed algorithms to handle phase
errors = [7]. A typical example is the 2D+1D beamforming
design in = [9], where 2D far-field (angle) beamforming
is combined with 1D near-field (distance) beamforming to
compensate for losses. Although these heuristic methods often
have low computational complexity, they may not achieve
globally optimal performance = [17].
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TABLE I: Comparison with Related Work

TRUONG ANH DUNG et al.

AATE
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Work Near- Multi- UAV-LIS Method

‘ Field ‘ User ‘
=1[9] v X X (LIS Only) Heuristic (2D+1D)
=[7] v X X (UAV Only) Phase Error Comp.
=[12] v v X Heuristic (Two-Stage)
=[13] v v X (UAV Only) 3D Velocity Sensing
=[14] v v X (LIS Only) Beam-Training
=[16] X v X (LIS Only) DRL
=[17] X v X (LIS Only) GWO (For FF Phase Shift)
=[1¢] v X X (LIS Only) GWO (For LIS Placement)
=[21] v X X AT (Sidelobe Reduction)
=[22] X v X (UAV Only) Trajectory Optimization
= [23] v v X (MIMO) Performance Analysis (SE)
= [28] X v X (UAV Only) Trajectory Opt. (ISAC)
This v v v" (UAV + LIS) Heuristic vs. Metaheuristic
Work ‘

Note: Our work is the first to provide comprehensive performance-complexity
comparison of grouped heuristics and metaheuristic optimization for NF MU LIS-
UAV systems.

The second approach applies nature-inspired meta-heuristic
algorithms, which are highly effective in solving complex,
non-linear optimization problems = [18]. Among them, the
Grey Wolf Optimization (GWO) algorithm has garnered sig-
nificant attention = [19]. GWO simulates the social hierarchy
and hunting behavior of grey wolves, demonstrating faster
convergence and more effective avoidance of local optima
compared to other meta-heuristics like Genetic Algorithms
(GA) = [20], [21]. GWO has been proven effective in opti-
mizing antenna array beam patterns, reducing Sidelobe Level
(SLL) = [20], and solving joint trajectory and beamforming
optimization problems in UAV systems = [8], [22].

Based on the literature analysis above = [3], [23], [24],
several critical research gaps remain. First, most research on
near-field beamforming for LIS/UAVs focuses on single-user
scenarios. The design of multi-beamforming for multi-user
scenarios in the near-field, especially the joint optimization
of LIS and UAYV, remains underexplored = [I14]. Second,
spatial non-stationarity across extremely large LIS is a major
challenge in the near-field [11], yet many current algorithms
overlook this characteristic. Third, while grouped heuristics =
[12] offer low complexity, they are often sub-optimal solutions
= [17]. Conversely, powerful methods like Deep Reinforce-
ment Learning (DRL) = [16] or meta-heuristics = [8] come
with a significant computational burden, making them difficult
to apply in real-time. Finally, to the best of our knowledge,
the specific application of GWO to the multi-user near-field
beamforming optimization problem in a LIS-aided UAV relay
system is still an unaddressed research area = [25]-[29].

To address these gaps, this paper focuses on the design of
multi-beam near-field beamforming for a multi-user, LIS-aided
UAV relay system. Our main contributions are summarized as
follows:

Recent research has made significant progress in NF com-
munications and LIS-aided systems. Table I summarizes key
related works and highlights the gaps addressed by our study.

This paper fills these gaps. The main contributions of this
work are:

o We propose and design two distinct algorithms for this
NF-MU problem: a low-complexity Grouped Beamform-
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Fig. 1: System model.

ing heuristic and a high-performance GWO Beamforming
metaheuristic.

o To the best of our knowledge, this is the first work to
provide a direct and comprehensive comparative analysis
of these two approaches, evaluating their effectiveness in
an LIS-aided UAV relay system.

o We conduct a thorough scalability analysis (up to K =
20 users) and quantify the performance-complexity trade-
off, supported by extensive Monte Carlo simulations and
statistical tests (Kolmogorov-Smirnov).

o We demonstrate that GWO significantly outperforms in
performance (especially fairness, AMAG), but at a sub-
stantially higher computational cost (= 300x), thereby
establishing a clear guideline for algorithm selection in
practical deployment scenarios.

II. SYSTEM MODEL

We consider a downlink communication scenario as de-
picted in Fig. 1. A base station (BS) transmits signals to a
group of K ground users. Due to potential blockages or long
distances, the direct link is unavailable. Instead, the signal is
relayed by a high-altitude UAV, which then forwards it to a
LIS mounted on a building facade. The LIS, in turn, performs
beamforming to serve the K users simultaneously. We focus
on the final link from the LIS to the users, which is the most
critical part for near-field beamforming.

Within the scope of this research, we focus on designing
the near-field beamforming from the LIS to K users under
the assumption of a fixed UAV position. Therefore, we assume
the UAV operates at a fixed altitude H and a fixed horizontal
position (zyay, yuav) during the beamforming phase. The
UAV’s role here is primarily an Aerial Relay Station (ARS),
leveraging its mobility, rapid deployment capabilities, and the
ability to establish strong Line-of-Sight (LoS) links to enhance
communication efficiency.

In subsequent studies, we will investigate the impact of the
UAV’s position on the LIS beamforming process to assess
the feasibility of joint trajectory and near-field beamforming
optimization.

The LIS is a uniform planar array (UPA) of size M x N
located on the z — y plane and centered at the origin (0, 0, 0).



A COMPARATIVE PERFORMANCE ANALYSIS OF PHASE CONFIGURATION ALGORITHMS IN NEAR-FIELD FOR (...) 3

p 2D°
Near-field & 7 Far-filed 5
@] = &
v Spherical wave ' .., Planar wave
I S— ‘T ———
T @ Y -0
LA B
Y o i — o
e —

Near-field beam Far-field heam

15 25 35 45 2 40 60
(b) Far-field Beamforming

(a) Near-field Beamforming

Fig. 2: Tllustration of (a) NF beamforming, where beams are
focused to specific points, and (b) FF beamforming, where
beams are steered to angles.

The total number of reflecting elements is Nyjs = M N. The
position of the (m,n)-th element, for m € {1,..., M} and

n € {1,...,N}, is given by:
M+1 N+1
— ((m a )d, (n AR >d,0> L
2 2

where d = \/2 is the inter-element spacing and X is the signal
wavelength.

We consider K single-antenna users, with the k-th user
located at position py = (xg, Yk, 2k). The distance from the
(m, n)-th LIS element to the k-th user is:

dk,mn = ||pk - rmn”' ()

The key distinction between FF and NF beamforming lies
in the modeling of the wavefronts, as illustrated in Fig. 2.

o FF (Planar Wave Model): When dj ,,, is large, the
spherical waves originating from each element can be
approximated as planar waves arriving at the user from a
specific angle (0, ¢x). All rays from the LIS to a single
user are parallel.

o« NF (Spherical Wave Model): When the distance is
small, the planar wave approximation is no longer valid.
The curvature of the wavefront must be considered, and
the rays from different LIS elements arrive at the user
from different angles. Beamforming must focus energy
onto the specific point pg.

In practical LIS implementations, phase shifts are typically

quantized to B bits, resulting in 27 discrete levels:

2m 4w
(2% =135, 3)

an 6052?’2737"
For analysis in this paper, we first derive algorithms as-
suming continuous phase shifts (5,,, € [0,27]) to establish

theoretical performance bounds. The optimal continuous phase
. 15 then quantized to the nearest discrete level:

hn = arg ﬁrgciprllg 1B = Brnl, “4)

where ®p is the set of 28 discrete phases. This paper
analyzes the performance degradation due to quantization for
B ={1,2,3} bits.

The phase shifts to maximize the received signal strength
at all K user locations. The coherent array gain for the k-th
user, given a set of phase shifts, is calculated as:

M N
Y e B Fdn)

m=1n=1

Gr(B) = ®)

The objective is to find 3 that performs well for all users,
which we evaluate using the AAG and AMAG:

K
1
AAG = kz:l GL(B), (6)
AMAG = E {ke{T.i.?K} Gk(ﬂ)] : (7)

AMAG is a crucial metric for ensuring fairness among users,
averaged over different user position realizations.

Where the expectation is taken over random user positions.
In our simulations, users are uniformly distributed within the
service area as follows:

2k, Yk ~ ([—10,10] m), 2z ~ ([0.01,200] m),

We estimate the AMAG using Monte Carlo sampling with
Ngamples = 3300 realizations:

Nsamp]es

1

AMAG ~ Gr(B,pY), (8

min
ke{l,...,K}

samples i—1

where p(¥) = {p:(f)7 . 7pf,?} denotes the i-th realization of
user positions. The 95% confidence interval is computed as

€))

OAMAG
)
AV Nsamples

where ganmac is the sample standard deviation.

To comprehensively evaluate the system’s performance,
rather than only considering instantaneous values, we utilize
CDEF. The CDF is a statistical tool that provides deep insight
into the probability distribution of a random variable. In the
context of this paper, the primary random variable is the array
gain received by each user.

Mathematically, the CDF of the AAG (or AMAG), denoted
as Fug(z), is defined as the probability that the AAG (or
AMAG) value for any given user will be less than or equal
to a specific threshold value z. The formula is expressed as
follows:

Clgs = AMAG + 1.96 -

FAg(.’E) = P(AG S l‘), (10)

Analyzing the CDF curve allows us to visually assess and
compare the performance of different algorithms. A CDF
curve that is shifted further to the right implies that the system
has a higher probability of achieving larger AAG (or AMAG)



values, and therefore, exhibits better overall performance.
This provides a quantitative method for understanding the
array gain distribution structure, aiding in the prediction and
optimization of system performance under various conditions.

ITII. NEAR-FIELD CHANNEL AND PROPAGATION
REGIONS

The distinction between NF and FF is not binary but is
characterized by different propagation regions defined by the
LIS aperture size and wavelength [9].

A. Field Regions of a LIS

Let D be the largest dimension (diameter) of the LIS, given
by:

D= g\/(Mf 12+ (N —1)2,

L)

The boundary between the radiative NF and the FF is defined
by the Fraunhofer distance. in practical scenarios, users are
often off-boresight, the Fraunhofer distance is defined as:

2D?
N
Howeyver, for the ideal case where a user is located on the
LIS boresight, the Fraunhofer distance is significantly larger,
providing a more conservative boundary:

8D?

dF72 == T

For our 32 x 32 LIS setup, dr,1 ~ 48.1 m, while dps ~
192.2 m. This large range underscores the high probability of
users falling into the NF. The region of primary interest is the
Fresnel region, defined for distances z; > dy where dy = 8D
. Our proposed algorithms operate under the assumption that
users are in this Fresnel region.

dpy = 12)

(13)

B. NF Phase Calculation

In the Fresnel region, the distance dy, ,,,, can be accurately
approximated. The optimal phase shift for a single user k at
element (m, n) would be 3,,,, = %ﬂdk,mn (mod 27) to align
all signals constructively. The challenge in a MU system is
that the optimal phase shift for one user is sub-optimal for all
others.

IV. PROPOSED MULTI-USER BEAMFORMING
ALGORITHMS

We propose a development path from simple baselines to a
low-complexity Grouped beamforming method, and finally to
an advanced GWO-based optimization.

A. Baseline 1: FF Beamforming

This is the simplest approach, which completely ignores the
NF effects. The phase shifts are set to zero for all elements:

ﬁmn =0,

This method serves as a lower bound on performance.

VYm, n. (14)
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B. Baseline 2: Average Phase Method (AP)

This method is a straightforward extension of single-user
FF beamforming. It calculates the FF steering vector for each
user k and then sets the LIS phase shifts to the phase of the
sum of these vectors. It is still based on the flawed planar
wave assumption.

C. Proposed Method 1: Grouped NF Beamforming (Grouped)

The core idea is to partition the M x N LIS into a grid of
smaller, non-overlapping sub-arrays (groups) [9]. All elements
within a single group share a common phase shift. Let G;; be
the set of index pairs (m,n) belonging to the group at row i and
column j. The optimal phase f3g,; for this group is determined
as follows:

K
Bg” — arg e VY dk,mn

k=1 (m,n)€gi;

15)

This calculation is performed independently for each group,
finding a compromise phase for all users. The complete
procedure is outlined in Algorithm 1.

Algorithm 1 Grouped NF Beamforming

1: Input: User positions {pk},[f:l, LIS parameters M, N, ),
Group size Sy x Sy

2: Output: LIS phase shift matrix 3.

3: Partition the LIS into groups G;;.

4: for each group G;; do

5:  Initialize complex sum Cl,,, = 0.

6: foreachuser k=1,...,K do

7: Calculate group-user 001211p1ex vector:
8: Vk,ij = Z(m,’ﬂ)egij e_]THpk_rmnH.
9: Csum = Osum + Vk,ij-

10:  end for

11:  Calculate the common phase for the group:
12 Bg,; = arg(Csum).

13: Set Byn = Bg,,; for all (m,n) € G;j.
14: end for
15: return (3.

D. Proposed Method 2: GWO NF Beamforming

To improve performance, we propose using the GWO,
a powerful metaheuristic algorithm, to find a better set of
common phases for the groups.

We select the GWO among various metaheuristic algorithms
for the following reasons:

o Superior convergence: GWO demonstrates faster conver-
gence compared and requires fewer tuning parameters
than to PSO and GA for multi-modal optimization prob-
lems [19],

« Balanced exploration-exploitation: The social hierarchy
mechanism (Alpha, Beta, Delta wolves) provides effec-
tive balance between global search and local refinement

(201,
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o Proven success in RIS optimization: Recent work [17]
shows GWO'’s effectiveness for RIS beamforming prob-
lems.

Alternative approaches like Semidefinite Relaxation (SDR)
or manifold optimization could achieve better performance
but with significantly higher computational cost, making them
impractical for real-time reconfiguration in UAV-LIS systems.

Algorithm 2 GWO NF Beamforming

1: Input: User positions {pk}le, LIS parameters, Group
size, GWO parameters (population size, max iterations).

: Output: LIS phase shift matrix 3.

. Partition LIS into groups G;.

. Define the optimization problem for GWO:

Search space: Group phase vector Pgouped-

Fitness Function: f(®goupea) from Eq. (16).

: Initialize GWO: Create a random population of solutions

q)grouped-

: Run GWO optimization loop:

Calculate fitness for each wolf.

10:  Identify and save Alpha, Beta, Delta wolves.

11:  Update positions of other wolves.

12: Obtain the best solution @, -

13: Construct final phase matrix 3 by assigning the optimal
phase ¢, from @4 to all elements in the correspond-
ing group G;.

14: return 3.

o 0

1) Problem Formulation: Similar to the Grouped method,
the LIS is divided into groups. However, instead of direct
calculation, we define the vector of common phases ®grouped =
(DG s PGy - - s ‘bGNgmupJ as the variable to be optimized. The
objective is to find the Pgrouped that maximizes the AAG. This
becomes the fitness function for GWO:

AA q)vrou e - e roupe 16
‘Ir)ngris:d G(®Pgrouped) H;iifd K Z Gr(Pgroupea)  (16)
where Gp(®Pgrouped) is defined in  (5), with phase

shifts determined by the group configuration ®gouped
[¢G1 ’ ¢G27 ] (bGNgmupJ'

2) Algorithm Procedure: The GWO Beamforming proce-
dure is outlined in Algorithm 2. It initializes a population of
solutions (wolf pack) and iteratively updates their positions
based on the three best solutions found so far (Alpha, Beta,
and Delta wolves), converging towards a near-optimal solution.

V. SIMULATION RESULTS

This section evaluates the performance of the proposed NF
beamforming algorithms through extensive Monte Carlo simu-
lations. We compare our Grouped NF Beamforming (Grouped)
and GWO-based Beamforming (GWO) algorithms against two
established baselines (FF and AP).

Unless otherwise specified, the simulation parameters are
set according to Table II.

Based on the preceding analysis and previous independent
simulations, this subsection focuses on comparing the highest-
performing configurations. For GWO, we select GWO (2x2)

TABLE II: Simulation Parameters

Parameter [ Value

LIS size (M x N) 32 x 32
Wavelength (\) 0.05 m (6 GHz)
Inter-element spacing (d) /2
Number of users (K) 5, 10, 20
Number of sampled positions 3300

GWO pack size (population) 30

GWO maximum iterations 256
User z,y range [—10, 10] m
User z range (distance) [0.01, 200] m
Fraunhofer distance 1 (df,1) 48.1 m
Fraunhofer distance 2 (dr 2) 192.2 m
Fresnel boundary (do) 8.8 m
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Fig. 3: Average Array Gain (AAG) vs. Normalized Distance
for 5 users with all methods.

and GWO (8x8), with the latter identified as the best GWO-
based approach. For the heuristic method, we select Grouped
(2x2), which demonstrated the best fairness, and Grouped
(8x8) for a direct comparison. These optimized methods are
benchmarked against the FF and AP baselines.

A. Performance vs. Distance

Fig. 3 and Fig. 4 illustrate the AAG and AMAG perfor-
mance, respectively, as a function of the normalized distance
z/A. As observed, the GWO-based algorithms, particularly
GWO (8x8), consistent outperform all other methods across
the entire distance range. In Fig. 3, GWO (8x8) achieves the
highest AAG, indicating its superior ability to maximize the
total focused energy towards all users. The Grouped (2x2)
method also performs well, surpasmsing the baselines, but its
gain is noticeably lower than that of GWO.

The fairness performance shown in Fig. 4 is even more
telling. GWO (8x8) maintains a significantly higher AMAG
compared to all other schemes, confirming its effectiveness
in allocating gain equitably among users, even for the worst-
case user. This highlights the advantage of the metaheuristic
approach in navigating the complex optimization landscape
to find a solution that balances the needs of all users. The
advantage of GWO becomes much clearer, especially beyond
the first Fraunhofer distance. In the extended NF region
(z/A > 2000), the GWO methods maintain a very high and
stable AMAG, ensuring that even the worst-served user re-
ceives a high-quality signal. This strongly affirms the superior
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ability of GWO to provide uniform and high-performance
service in MU scenarios.

B. Statistical Performance Analysis

The statistical superiority of the GWO algorithm is further
validated by the CDF plots for AAG in Fig. 5, respectively.

For K = 5 Users (Fig. 5a): In the low user load scenario,
the performance differences between algorithms are moderate
but statistically significant. The GWO (8 x 8) configuration
demonstrates superior performance in the higher AAG regime
(AAG > 450), with approximately 40% of users achieving this
level (at CDF = 0.6). The performance of grouping methods,
particularly the Grouped (2 x 2) approach, is prominent in
the low AAG region (AAG < 320). The baseline methods,
Fixed Frequency (FF) and Access Point (AP), show markedly
inferior performance, saturating at AAG ~ 200 for 60% of
realizations.

For K = 10 Users (Fig. 5b): As user density increases, the
performance gap between GWO and heuristic methods widens
significantly. The GWO (8 x 8) CDF curve shifts rightward
relative to all other methods, outperforming the Grouped
(2 x 2) strategy in the AAG region of 320 and above (where
CDF > 0.5). Conversely, other methods exhibit a leftward
shift (performance degradation) as the user count doubles. This
suggests that the 8 x 8 grouping strategy provides an optimal
balance between optimization complexity and beamforming
flexibility for moderate user loads.

For K = 20 Users (Fig. 5c¢): Under high user density, the
superiority of GWO (8 x 8) becomes most pronounced. The
CDF curves show clear separation across the majority of the
distribution (CDF > 0.4), with GWO (8 x 8) consistently
achieving 100-150 higher AAG values compared to Grouped
(2 x 2) at equivalent probability levels. Remarkably, even at
the 80th percentile, GWO (8 x 8) maintains AAG > 400,
while Grouped (2 x 2) degrades to AAG = 280. The baseline
methods collapse further, with AP and FF barely exceeding
AAG = 200 for most realizations. This dramatic performance
divergence under high user loads validates our hypothesis that
metaheuristic optimization becomes increasingly critical as
the multi-user interference management problem complexity
scales.

TRUONG ANH DUNG et al.

C. Fairness Performance Analysis

AMAG Performance show in Fig. 6: The fairness advan-
tage of GWO is starkly evident. In all scenarios, the CDF
curves for GWO (8x8) are significantly steeper and located at
higher AMAG values. This demonstrates that GWO provides
a robust and fair service, ensuring that the worst-case user’s
performance is substantially elevated. As the user load K
increases from 5 to 20, the performance gap between GWO
(8x8) and other methods widens, underscoring its scalability
and robustness in dense user environments.

For K=5 Users (Fig. 6a): For a low user load, the GWO
methods consistently show better performance than their
Grouped heuristic counterparts. However, the performance gap
is not yet substantial. The benefit from GWO’s advanced
optimization search is not significant enough to create a
breakthrough difference compared to the fast heuristic solu-
tion, especially when considering the higher computational
complexity of GWO.

For K=10 Users (Fig. 6b): As the number of users increases
to 10, the superior performance of the GWO algorithms
becomes evident. The CDF curves for GWO methods show a
significant shift to the right compared to the Grouped methods.
The GWO (8x8) configuration emerges as the most effective
solution, clearly outperforming all Grouped configurations.
This demonstrates that as the problem becomes more com-
plex, GWO’s intelligent search capability proves much more
effective than the simple heuristic calculation.

For K=20 Users (Fig. 6¢): When the system operates at high
load with 20 users, the superiority of the GWO algorithm is
most pronounced. The GWO methods, especially GWO (8 x8),
significantly outperform all Grouped heuristic methods. The
CDF curves show a large separation between the two families
of algorithms. For instance, at a probability of 80% (CDF=
0.2), the GWO (8 x 8) method achieves an AAG above 280,
while the best Grouped method struggles to surpass 180. More
critically, for AMAG, GWO (8 x 8) can provide a gain of
around 120, effectively doubling the gain of the best Grouped
method (approximately 60). This confirms GWO’s superior
performance in both efficiency and fairness.

The comprehensive statistical analysis—spanning CDF vi-
sualizations at standardized comparison points (CDF = 0.5 for
AAG, CDF = 0.3 for AMAG), quantitative performance met-
rics, and rigorous KS hypothesis testing—establishes several
key findings in Table III

The performance difference can be explained by the increas-
ing complexity of the optimization space. As K grows, finding
a compromise phase configuration becomes significantly more
challenging due to the larger search space and increased inter-
user interference. The simple averaging of the Grouped heuris-
tic is no longer sufficient. In contrast, GWO’s global search
capability allows it to effectively explore this complex solution
space and find a balanced phase configuration that benefits the
entire user group. The GWO (8x8) configuration consistently
performs best because it strikes an optimal balance: its 16
optimization variables create a search space small enough for
GWO to explore effectively, while the 8x8 group size remains
flexible enough to shape high-quality focused beams.
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Fig. 5: CDF of AAG for different numbers of users with all methods.
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Fig. 6: CDF of AMAG for different numbers of users with all methods.

TABLE III: Performance Comparison at Standardized CDF Grouped (2x2) ) Grouped (8x8)
Reference Points s L
Metric | Method | K=5 | K=10 | K=20 | Winner S - g
FF 180 | 170 | 160 | - ° g
AAG AP 150 160 170 - ’ ’ o
(CDF=0.5) | Grouped (2x2) | 420 320 280 K<S * S
GWO (8x8) 400 350 300 K>5 T ol BUETEEe B - S
FF 10 5 3 — nindex n index
AMAG AP 14 12 10 - GWO (2x2) , GWO (8x8)
(CDF=0.3) | Grouped (2x2) | 230 120 50 K<S .
GWO (8x8) 200 155 100 K>5
Performance Improvement (GWO vs Grouped): %
Crossover -
AAG Improvement -5% +9% +7% at Kao5-7 2
Crossover u '
AMAG Improvement -13% | +24% | +50% at Ka5-7 ] - _— 1.

Note: CDF=0.5 represents median (50% achieve this or better); CDF=0.3
represents 70th percentile (70% achieve this or better). Bold values indicate
best performance for each user load. Negative improvement indicates
heuristic superiority at low load.

D. LIS Phase Configuration Analysis (Heatmaps Phase)

Fig. 7 illustrates the average phase values of the LIS
elements, averaged over multiple simulation samples with
varying UE positions. This plot not only shows instantaneous
phase values but also reflects the long-term stability trend and
statistical convergence of the phase configuration. From this,
we can assess the stability and average phase dispersion over

Fig. 7: Average phase heatmaps for 20 users comparing
GWO and Grouped methods, averaged over multiple
simulations.

many simulation runs, thereby gaining a better understanding
of the sustainability of the optimal solution.

Heatmap for the Grouped algorithm: Previous results have
shown that the Grouped (2x2) offers superior performance
among the Grouped methods and when compared to the FF
and AP methods. The heatmap for this configuration will
reveal how the resolution of sub-array division significantly
impacts system performance, suggesting that a finer subdivi-
sion tends to increase system efficiency.



Heatmap for the GWO methods: In contrast, while the
GWO (8x8) configuration, which ultimately leads in perfor-
mance, has a much simpler heatmap than GWO (2x2), it
has demonstrated superiority over all Grouped, FF, and AP
methods, particularly in scenarios with a large number of
users (e.g., K=20). The heatmap for GWO (8x8) illustrates its
ability to find an optimal phase configuration for a complex
MU environment, ensuring efficient energy distribution to all
UEs. This highlights the balance between system performance
and the computational complexity inherent in Metaheuristic
algorithms. Selecting an appropriate group size is crucial
for reducing the computational load, thereby avoiding the
“curse of dimensionality” or “overfitting”. The fact that the
GWO 8x8 configuration yielded the best results in our initial
simulations carries significant practical importance: it has
identified the optimal “sweet spot” between solution quality
and computational cost.

E. Computational Complexity Analysis

The superior performance demonstrated by the GWO algo-
rithm comes at a quantifiable computational cost, as detailed
in Table IV. The GWO (8x8) configuration requires approxi-
mately 2400 ms per optimization cycle on the test platform (In-
tel i7-10700K, 64 GB RAM, Python 3.10.11). This runtime is
significantly higher—roughly 300 times longer—than the 8 ms
required by the Grouped (2x2) heuristic. This difference stems
directly from their algorithmic complexities: GWO operates
iteratively with a complexity of O(T"- P- K - M N), involving
7,680 fitness evaluations (256 iterations x 30 population size)
in our setup. In contrast, the Grouped heuristic performs a
single-pass calculation with linear complexity O(K - M N).
The baseline methods (FF and AP) exhibit negligible or
linear complexity, resulting in near-instantaneous runtimes (<5
ms). This stark contrast highlights the fundamental trade-off
between computational overhead and achievable performance
gains when selecting beamforming strategies.

TABLE IV: Computational complexity and runtime compar-
ison (measured on Intel i7-10700K, 64 GB Ram, Python
3.10.11)

Method ‘ Complexity ‘ Runtime (ms) ‘ Scalability
FF o(1) <1 Excellent
AP O(K-MN) 5 Good
Grouped (2x2) O(K-MN) 8 Good
Grouped (8x8) O(K-MN) 12 Good
GWO (8x8) O(T-P-K-MN) 2400 Limited

VI. CONCLUSIONS

In this paper, we conducted a comprehensive investigation
and comparative analysis of the performance of two primary
phase configuration algorithms—a low-complexity Grouped
Beamforming heuristic and a GWO Beamforming metaheuris-
tic for a MU LIS-UAV communication system operating in the
NF region.

TRUONG ANH DUNG et al.

The simulation results, validated by Kolmogorov-Smirnov
statistical tests, reveal distinct performance characteristics.
The Grouped Beamforming algorithm, particularly the (2x2)
configuration, offers a substantial improvement over baseline
FF and AP methods and presents a computationally effi-
cient solution suitable for low-latency requirements. How-
ever, its effectiveness, especially in ensuring user fairness
(AMAG), diminishes notably under higher user loads (K=10
and K=20). Conversely, the GWO algorithm, optimized with
an (8x8) grouping, consistently demonstrates superior perfor-
mance across all evaluated metrics. It achieves significantly
higher AAG and, critically, doubles the AMAG compared to
the best Grouped method in the challenging K=20 scenario,
showcasing its robustness and ability to maintain fairness by
effectively exploring the complex solution space, as visually
suggested by the resulting phase heatmaps.

This work’s unique contribution lies in quantifying the
fundamental performance complexity trade-off inherent in
these NF beamforming strategies for the LIS-UAV context
(Table IV). While GWO delivers superior gains, its compu-
tational runtime is approximately 300 times higher than the
Grouped heuristic (2400 ms vs. 8 ms). This establishes a clear
design guideline: the low-complexity Grouped Beamforming
is well-suited for dynamic environments demanding real-time
phase adaptations (e.g., latency < 10 ms), whereas the high-
performance GWO algorithm is the preferred choice for semi-
static scenarios (e.g., hovering UAV relay) where maximizing
system throughput and user fairness is paramount, and periodic
optimization is feasible.

Future research directions will extend this work in several
key ways:

1) Joint Optimization: Integrate UAV trajectory design
with the GWO beamforming algorithm for the LIS to
jointly optimize the relay’s position and the NF phase
configuration, potentially using reinforcement learning
techniques.

2) Realistic Channel and Hardware Models: Evaluate the
algorithms’ performance under more practical condi-
tions, incorporating factors like hardware impairments
(e.g., phase noise, mutual coupling), imperfect channel
state information (CSI) acquisition, and the impact of
additive noise across different SNR regimes.

3) Quantization and Scalability: Analyze the performance
degradation resulting from discrete phase shifters (e.g.,
1-3 bits quantization) commonly used in practical LIS
implementations and further investigate the scalability
of both heuristic and metaheuristic approaches for even
larger LIS dimensions (e.g., 64x64 arrays) and varying
user distributions.
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