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Abstract—Unmanned Aerial Vehicles (UAVs) increasingly sup-
port mission-critical applications such as disaster recovery and
remote sensing. In these airborne networks, overall system per-
formance is often limited by the weakest link, making maximizing
the bottleneck link capacity essential for reliable data delivery.
This study addresses the challenge of topology optimization by fo-
cusing on maximizing the bottleneck link Signal-to-Interference-
plus-Noise Ratio (SINR). Beyond simple connectivity, we enforce
path redundancy to ensure resilience. We formulate the problem
as a Mixed-Integer Non-Linear Programming (MINLP). To
ensure computational tractability, the problem is reformulated
as a Mixed-Integer Linear Program (MILP). Furthermore, we
evaluate metaheuristic algorithms to investigate the trade-offs
between solution quality and computational cost. Our findings
indicate that while MILP-based topologies achieve higher End-
to-End (E2E) capacities with acceptable computational overhead
in small-scale networks, metaheuristic frameworks provide near-
optimal solutions with significantly lower computational time as
network scale increases.

Index Terms—UAVs, Directional Antennas, Mixed-Integer Lin-
ear Programming, Grey Wolf Optimizer, Genetic Algorithm,
Topology Optimization

I. INTRODUCTION

Unmanned Aerial Vehicle (UAV) utilization has expanded
into civilian and military sectors, notably being considered as
mobile, low-cost aerial base stations. To improve the spatial ef-
ficiency, UAVs have been equipped with high-gain directional
antennas operating in Millimeter wave (mmWave) frequencies.
Narrow-beam transmissions enabled by directional antennas
allow concurrent communication links with reduced inter-link
interference.

While UAV network research [1] is expanding, several crit-
ical gaps still exist. Most current studies focus on centralized,
sub-6 GHz aerial base station deployments, leaving multi-
hop airborne networks for mission-critical tasks (e.g., data
collection or rescue operations) largely unaddressed. Where
such networks are studied, the focus is often restricted to beam
tracking for high-mobility nodes [2]. This paper addresses this
gap by optimizing the topology of a mmWave-enabled, multi-
hop UAV network. We aim to maximize the bottleneck Signal-
to-Interference-plus-Noise Ratio (SINR) by determining the
optimal set of directional connections. Unlike existing studies
that focus on trajectory optimization, we consider scenarios
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where UAV trajectories are predetermined by the mission pro-
file, such as firefighting, environmental monitoring, or search
and rescue. Our study makes the following contributions:

o To ensure fairness among all UAVs, we formulate the
objective to maximize the minimum SINR across the net-
work, subject to strict node degree and strongly connected
constraints.

o« We optimize over a time horizon rather than a single
snapshot. This multi-period approach would avoid the
frequent reconfigurations.

e We linearize the resulting Mixed Integer Non Linear
Programming (MINLP) into a Mixed Integer Linear Pro-
gramming (MILP) that an exact solver handles in an
acceptable time.

e We benchmark Genetic Algorithm (GA) [3] and Grey
Wolf Optimizer (GWO) [4] against the exact solution
to quantify the trade-off between bottleneck SINR and
planning time.

To the best of our knowledge, this study is the first to ad-
dress topology optimization in UAV ad-hoc networks equipped
with directional antennas while considering a time horizon.
Our findings provide a framework for constructing networks
that optimize multi-hop flows throughout a mission, in which
UAV trajectories are predetermined.

The rest of the paper is organized as follows: Section II
reviews related work on Topology Control (TC) in different
use cases. Section III details the network architecture and the
underlying communication parameters. Section IV explains
the mathematical problem formulation and the implemented
algorithms. Section V explains the simulation scenario, as-
sumptions, and evaluation metrics. Section VI presents a
detailed performance analysis and discusses the key findings.
Finally, Section VII concludes the paper with a summary of
the findings and potential directions for future research.

II. RELATED WORK

TC was first studied in omnidirectional wireless net-
works, where multi-hop connectivity was established primarily
through transmit power adjustment [5]. Subsequent advance-
ments in antenna technology led to the integration of direc-
tional antennas into TC frameworks. For instance, Hofmann
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et al. [6] investigated multi-hop aerial links to extend ground-
to-air connectivity in aeronautical ad hoc networks, aiming
to maximize the number of aircraft maintaining link quality
above a predefined threshold. Although they derived exact
solutions using a MILP formulation, computational complexity
restricted their evaluation to networks of at most 60 nodes. To
address these scalability constraints, Megas et al. [7] proposed
a heuristic framework that yields suboptimal solutions within
a practical runtime for larger topologies. Newton et al. [8]
constructed a Free-Space Optical Communications (FSOC)
backbone connecting aircraft and ground gateways, aiming
to minimize path hop count while maximizing node degree
for enhanced structural robustness. Nevertheless, a fundamen-
tal limitation of these static approaches is their reliance on
instantaneous snapshot optimizations, which induce frequent
topology reconfigurations and incur prohibitive signaling over-
head in highly dynamic operational regimes.

The work by [9] closely aligns with our investigation of
TC in UAV networks. That study aims to maximize fairness-
weighted capacity by jointly optimizing beam directionality,
time-slot allocation, and power control. However, their frame-
work does not account for UAV mobility, as the centralized
controller assigns resources on a per-second basis. Further-
more, their evaluation is limited to small-scale topologies
with up to 16 UAVs and does not assess end-to-end (E2E)
throughput metrics for multi-hop communication.

While existing literature has explored TC, the aforemen-
tioned gaps remain. To address these gaps for multi-hop
UAV Ad-Hoc networks equipped with directional antennas,
we implement TC by using different optimization algorithms.
Unlike previous studies, which often rely on static snapshots,
we formulate and solve the optimization problem over a
defined time horizon.

III. SYSTEM MODEL

Each UAV is equipped with a set of four mmWave di-
rectional antennas, positioned on each face of the platform,
with a steering range of 45°. The role of these antennas is to
enable data transmission and multi-hop communication across
the UAV network. For each node, the total number of active
bidirectional connections, referred to as the nodal degree d;,
is kept within constraint as d;n < d; < dpmaz-

A. Network Model

We model UAV Ad-Hoc Network with a directed graph
G = (V,€), where V denotes the set of UAVs and &
represents the set of active links. For any UAV pair (i,7)
with (i,7) € V xV : i # j, i — j vector characterized
as (0;;,¢i ;,d; ;) representing the azimuth angle, elevation
angle, and distance with respect to UAV body frame. We
denote the antenna boresight direction of the transmitter (es)
directed to receiver (e,,) as azimuth and elevation angles
with [0., ¢.]. By defining the boresight, we can calculate the
horizontal deviation angle (A6, ;) and vertical deviation angle
(A, ;) between an antenna boresight and any other UAV in
the network (j € V' : i # ey,) as illustrated in Figure 1.

Fig. 1: Illustration of azimuth, elevation, and deviation angles

B. Communication Model

Due to the absence of physical obstructions, the inter-
UAV links are modeled as line of sight (LOS) conditions.
Accordingly, the communication channel is modeled using
Rician fading with LOS dominance [10]. For a link ¢ — j,
the path loss (PL; ;) and the instantaneous received power
(Prz, ;) are determined as follows:

2
PLi’j _ (47’(’ . di_,j : fc> (1)

Cc

2

P - Ptmi : gtr,i : gr:c,j : |hi,j|
TZi,5 — PL.
1,7

2

where |h; ;|? represents the power gain of the Rician fading
channel. The fading characteristic is defined by the K-factor,
which represents the ratio between the power of the LOS
component and the scattered multi-path components. In this
study, we assume a highly dominant LOS path with K = 15
dB [11].

In these expressions, d; ; represents the distance between the
two UAVs, f. is the operating frequency, and c is the speed
of light. P, denotes the transmission power, while g, and
gro represent the linear transmit and receive antenna gains,
respectively. To determine the directional antenna gain in dB
(G and G,.;), we employ the 3GPP radiation pattern for di-
rectional antennas operating above 6 GHz, which incorporates
both horizontal (Ay) and vertical (Ay ) components [12]. Gy,
is formulated as:

2
A (01,2) = min {12 (A:“”) ,Am} , 3)

3dB

Av (¢tg,ry) = min {12 (A
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Gt:z: = Gmax - (AH(etx,rx) + AV(¢tm,rm))a (5)

where A,, is the sidelobe attenuation, #3345 and ¢34p is
the horizontal and vertical 3dB beamwidths and G .« is the
peak gain in dB. G, is also calculated from the receiver
antenna’s perspective via Equation (5). In our simulations,
we assume that a node transmitting to a given receiver does
not simultaneously interfere with other receptions at that same
receiver UAV.

Using the criteria defined in Equations (3) to (5), the SINR
for a link ¢ — j is now dependent on the spatial filtering of
both the transmitter and the receiver. It is expressed as:

Prz 1,7
,(3,9) (6)

SINR;; =
7 N+ Zek,ges ki g#j Tkg—i

We define I, ,_,; ; as the interference power that the trans-
mission from node k toward node g produces at receiver j
while j receives from node i:

xy Ytz kv ) j) - TT,] i, .7]{
Ikyg*)ivj _ Dt k gt 7k}( PgLi) g 7]( J ) (7)
5]

gta,k(+) is the antenna gain of the interfering transmitter & in
the direction of the victim j, relative to its boresight pointing
toward g. gr¢ ;(-) is the antenna gain of the victim receiver
7 in the direction of the interferer k, relative to its boresight
pointing toward its intended transmitter ¢. Both gy, x(-) and
grg,;(+) are calculated with Equations (3) to (5).

IV. PROBLEM FORMULATION AND IMPLEMENTED
ALGORITHMS

In multi-hop wireless routing, the maximum achievable end-
to-end data rate of a continuous path P is fundamentally
restricted by its weakest link [13]. Our primary objective is
to maximize the bottleneck link SINR, which, along with
bandwidth, is the main determinant of link capacity. Increasing
the capacity of the bottleneck link ensures communication
fairness between UAV transmission pairs. In addition to the
primary objective, this optimization problem is defined with
the following constraints:

o Strongly Connected Network: There must be an E2E
path exists between any arbitrary pair of nodes.

o Node Degree: Each UAV is subject to a degree constraint
(dmin < d; < dmaz), to ensure both path redundancy and
hardware feasibility.

o Bi-directionality: All established communication links
must be bi-directional.

A. Problem Formulation

We formulate a mathematical model to determine the opti-
mal assignment of bidirectional links using directional anten-
nas. The model components—sets, indices, decision variables,
and parameters—are defined as follows:
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Sets and Indices

o V ={1,...,n} represents the UAV set

e D={(i,j) € VxV :i# j} represents the transmission
node pairs

e ' = {0,...,H — 1} represents the considered time
window with the steps of 1 second.

e Towad = {(k.9,,§) € V4 (kg) € D, (i) € D, k ¢
{i,j}, g # j} represents the interference quadruples,
denoting the interference from link k¥ — g onto the
receiver j, which is oriented towards 1.

o Tori ={(k,g,j) €V3:3ieV st (kg,4,5) € Tquad}
represents the unique interference triples used to define
the topological state of the interfering transmitter.

e 7 € V represents the root node, which will be used
to realize the strongly connected constraint via network
flows. It is only an arbitrary node used for the strongly
connected constraint.

Decision Variables

e yi; € {0,1},V(¢,7) € D: Decision variable for the link
1 — j to be active or inactive.

e fij > 0,Y(i,7) € D: Flow variable used for the strongly
connected graph constraint.

e W4 € {0,1}: binary indicator equal to 1 if transmis-
sion k£ — ¢ can interfere with receiver j.

e 7 > 0: SINR threshold in linear scale.

Parameters

e S; ;. Received signal power of link ¢ — j at time ¢.

e I} 4.4, Interference power received at link 7 — j from
transmission k — ¢ at time t.

e N: Noise power.

o dmins Amaz: Minimum and maximum node degrees.

e M: A sufficiently large constant (Big-M) used to relax
the SINR constraint for inactive links.

maximize 7T
y, fow,T

subject to
(C-D) yij =y, V(,j)eD
(C2) dpin < Y Yij <dmaz, Vi€V
JeV\{i}
fig < (n=1)yij, V(i j) €D
S fi— >, fir=n—1

JEV\{r} JEV\{r}

S - Y fi=-1 Viev\{r)
JeV\{i} JEV\{i}

Wigj < Yr.gs (K, 9,5) € Tiri
Wkgi <1 —yrj, V(k,9,7) € Tiri
V(k,9,7) € Teri

(C-3)
(C-4)

(C-5)

(C-6a)
(C-6b)
(C-6¢)

Wh,g.j = Yh,g = Yk.js

(C-7)

1 Sij t
— ’ > ..
7| ; (N + Z(k,g,i,j)eTquad (Tkg,ijit * Whig,5)
T = M(l - yij),V(i,j) €D



The primary objective is the maximization of 7. The formula

is subject to constraints as:

¢ (C-1) Bi-directionality.

¢ (C-2) Node Degree Constraint.

e (C-3), (C-4) and (C-5) are for the strongly connected
constraint. It ensures that there is a flow from a root node
to any other node in the network.

e (C6a), (C6b), and (C6c) realize the interference rule.

¢ (C7) Enforces that for every active link, the Arithmetic
Mean of the SINR calculated over the time horizon T
must be at least 7.

Due to the presence of decision variables in the denominator
of C7, the problem is a MINLP. Since MINLP problems are
generally NP-hard, we convert it into a MILP as minimizing
the maximum Inverse Signal-to-Interference-plus-Noise Ratio
(ISINR). The transformations and new parameters are detailed
below:

In the original formulation, we defined 7 as a variable to
serve as a lower bound for all link SINRs. To transform the
problem into a minimization of maximum ISINR format, we
introduce a new variable, u, representing the upper bound
ISINR across the network. Our reformulated objective is to
minimize p.

For the ISINR definition over a time horizon, we define two
new time-averaged parameters, calculated as follows:

. C:?]‘?SC: The noise-to-signal ratio for link 7 — j.

1 N

Cbase _ Z (i
() ‘T| = zg t’ ( 9

j)eD ®)

. C’“‘t : The ratio of interference power originating from
hnk k — g to the signal power of link ¢ — 7.

Cint Ik,g .9,
Cigi = T Sije
71 ter DUt

V(k,g,4,1)
9

With the new parameters, C7 has been transformed in a
way to ISINR of every link should be lower than . Our new
optimization algorithm is as follows:

minimize p
Y, frw,p
subject to

Constraints C1 to C6 remain the same

(C-7) C});S‘)’Jr Z (Clicn,tg,i,j’wk»gvj)

(k,9,1,5)
€T quad

< p+ Mi(1—y5), V(i,j) €D
The Big-M constant in Equation (10) is not chosen heuris-
tically. For each link, we set M;;, which is the largest

possible value of the left-hand side of C7, obtained when every
candidate interferer is active as below:

>

(k,9):(k,9,%,) € Tquad

(10)

Cmt o mlncbase

_ base
U - C k,9,i,j uv

(1)

S Euada (Zvj) €

While the MILP formulation provides an optimal solution,
its computational complexity grows exponentially with the
number of UAVs. To address this, we have implemented
metaheuristic algorithms: GA and GWO.

B. Genetic Algorithm

GA is a stochastic, population-based metaheuristic algo-
rithm. It is widely applied to discrete and combinatorial
optimization problems. In GA context, a population of chro-
mosomes evolves over multiple generations in order to find an
optimal chromosome, which consists of a gene set, with the
best fitness score. Evolution operators in each generation are
selection, crossover, and mutation.

C. Grey Wolf Optimizer

GWO is inspired by the leadership hierarchy and hunting
mechanism of grey wolves in nature. In the GWO context,
the population of candidate solutions has three best solutions,
which are the leaders of the population: alpha (&), beta (),
and delta (6). The top three wolves lead the population toward
the optimal solution. Each wolf in the population updates its
position based on the mean distance to the leaders, thereby
balancing exploration and exploitation towards the sub-optimal
solution.

The correspondence between the network components in
the metaphor of metaheuristic algorithms is shown in Sec-
tion IV-C.

TABLE I: Metaphor Mapping

UAV Network Component GWO GA

Network Topology Wolf Position Chromosome

Link Status Position Gene

Min-SINR Performance Fitness Score Fitness Score

Best Global Config. Alpha () Elite Individual
Ponfiguration Change Hunting Mutation/Crossover
Search Direction a, 8,0 guidance  Recombination

Metaheuristic algorithms evaluate the quality of a solution
based on its fitness. In our use case, fitness is the mean SINR
of the bottleneck link over the time horizon, and the penalties
result from the strongly connected and node-degree constraints
as in below:

_(dmin — dn) -10, if dn < dmin
Pdeg (n) = _(dn - d'maac) 10, if dp, > dimas (12)
0, otherwise
Fix) = ;}Pdu] + Inln <|T ;—SINR ) , if Connected (13)

—100, otherwise

In addition to metaheuristic approaches, we implemented
the Degree-Constrained Minimum Spanning Tree (DCMST).
The DCMST serves two primary functions: providing a per-
formance baseline and initial solution for the metaheuristic
algorithms. Unlike purely random initialization, a subset of
the initial population—specifically the ’alpha’ agent in GWO
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or the first chromosome in GA—is seeded with the DCMST
result. To explore the neighborhood of this heuristic solution,
additional ’seed mutations’ are generated by perturbing the
seed solution at a predefined rate.

To prevent early convergence to local optima, we implement
a reinitialization strategy that reseeds the population if the
bottleneck SINR does not improve for a set number of
generations. Furthermore, the optimization process terminates
if no improvement is recorded over a consecutive number of it-
erations, defined by the early stop rule. These hyperparameters,
summarized in Table II, were calibrated to balance solution
quality with computational efficiency.

The population size IV, is dynamically scaled according to
the problem dimension D (the number of possible edges) using
a population size factor k4 :

Ny = ’—kpsf : \/B] (14)

TABLE II: Metaheuristic Algorithms Parameters

Parameter GWO GA
Population Size Factor 4 4
Crossover Rate - 0.80
Mutation Rate - 0.02
Elitism Count 2 2
Seed Mutations 5 5
Seed Rate 0.05 0.05
Reinitialization Limit 15 15
Reseed Mutation Rate 0.20 0.20
Early Stop Rule (Generations) 45 45

V. METHODOLOGY AND DATASET CREATION

To address the absence of publicly available multi-hop
UAV network datasets, we developed a custom Python-based
simulation framework. Node mobility is governed by a three-
dimensional Gauss-Markov mobility model to precisely cap-
ture temporally correlated flight trajectories. Simulation sce-
narios explicitly target high-mobility regimes, with mean node
velocities ranging from 100 m/s to 200 m/s.

The candidate algorithms are evaluated across 170 distinct
network instances containing 10-50 nodes. To systematically
assess physical-layer robustness, each network instance is
tested under multiple configurations by varying the transmit
power (Py), antenna beamwidth (634p), and the minimum node
degree constraint (dp,). Executing each candidate algorithm
across the full combination of 170 instances and 9 parameter
sets yields a comprehensive evaluation pool of 1,530 unique
topology realizations.

To enhance the practical relevance of our evaluation, we
include antenna pointing errors. The angular jitter in both
azimuth and elevation is modeled as an independent Gaussian
process, N'(0, %), with a standard deviation of o = 1° [14].
Once the network topologies are established by the respective
algorithms, their performance is evaluated over 1,000 Monte
Carlo iterations to account for stochastic fading and misalign-
ment effects. Results are assessed and compared using mean
values and Cumulative Distribution Functions (CDFs).

TABLE III: Communication Parameters for 5G URLLC Sim-
ulation

Parameter Value

Minimum number of the connections (dmin) (1,2,3)
Maximum number of the connections (diq.) 4

Maximum Antenna Gain (Gmaz) 20 dB

Side Lobe Attenuation (A,,) 30 dB

Antenna Beamwidth (0345, ¢345) {15°,30°,45°}
Rician K-factor 15 dB

Transmit Power (P;) {14,17,20} dBm
Channel Bandwidth (BW) 100 MHz

Carrier Frequency (f.) 31 GHz
Subcarrier Spacing (A f) 120 kHz

Number of Resource Blocks (Nprp) 66

Symbol Duration (7%) 8.93 us
Scaling Factor (f) 0.8
Overhead Percentage (OH) 0.2
MIMO Layers (vrayers) 1
Target BLER 1078

We evaluate the impact of maximizing the minimum SINR
by focusing on the link data rate, as the bottleneck link fun-
damentally constrains the maximum achievable E2E capacity
[13]. Accordingly, we measure network effectiveness through
the mean E2E capacities across all transmission pairs. To
assess the equitable distribution of these data rates across the
swarm, we apply Jain’s Fairness Index [15]. For n active links
with data rates R = {Ry, Ra, ..., Ry}, Jain’s Fairness Index
is defined as:

7w = B

The link data rate is derived using a two-stage link adapta-
tion procedure. First, the instantaneous SINR is mapped to a
Modulation and Coding Scheme (MCS) based on the study in
[16]. The MCS is selected with the alignment of Ultra-Reliable
Low-Latency Communications (URLLC), such that the Block
Error Rate (BLER) is maintained at 10~8. Second, the physical
layer data rate, R, is calculated according to the 3GPP TS
38.306 standard [17] using the following formulation:

15)

Nprp - 12

7. (1= OH) (16)

R= ULayers * Qm : f * Reode

where vrqyers 1S the number of MIMO layers, @y, is the
modulation order, f is the scaling factor, R.,q. is the code
rate of the selected MCS, Npgrp is the number of allocated
resource blocks, OH is the signaling overhead, and T is the
average OFDM symbol duration. The communication param-
eters utilized in this simulation are summarized in Table III.

All simulations and optimizations were conducted on a Dell
Latitude 5440, equipped with an Intel Core i7 processor. The
simulation environment, MILP, and metaheuristic algorithms
were implemented in Python. The MILP model was solved
using the SCIP Optimization Suite [18].
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TABLE IV: Mean Performance Metrics Across All Evaluated
Network Instances

Algorithm Min SINR Min Rate Avg E2E Capacity  Fairness
(dB) (Mbps) (Mbps) (Jain’s)
DCMST -6.132 5.828 35.738 0.211
GA -1.577 19.719 37.967 0.215
GWO -1.468 20.272 29.772 0.167
MILP 0.395 30.058 47.264 0.274

VI. RESULTS AND DISCUSSION

This section evaluates the performance of the proposed
algorithms. While the evaluation considers a 60-second time
horizon, this parameter remains adjustable to suit various
operational scenarios. Performance is assessed based on three
primary metrics: the bottleneck link data rate, the average E2E
capacity across all feasible flows, and the total computation
time. We present bottleneck link SINR results exclusively
in Table IV and Figure 3a; for the remaining analyses, this
metric is omitted. The main reason behind that SINR and
link data rate are directly proportional, as the latter is derived
through the SINR-to-MCS mapping detailed in Section V. Our
primary objective is to maximize the minimum SINR, thereby
enhancing the bottleneck data rate and promoting network
fairness. Finally, we characterize overall network performance
by examining the average E2E capacity across all possible
transmission pairs.

Table IV summarizes the results by averaging the considered
metrics across all optimized network instances. As expected,
MILP achieves the highest performance metrics and serves
as the benchmark. Conversely, DCMST exhibits the lowest
performance because it optimizes solely for distance, without
accounting for interference. As shown by the average E2E
capacity and minimum link data rate metrics, these metrics
exhibit a trend similar to the minimum SINR. It confirms
that maximizing the quality of the bottleneck link enhances
the broader E2E network performance. On the other hand,
Jain’s index shows that we can improve network fairness by
maximizing the minimum link data rate.

Figure 2 illustrates the CDF for the minimum SINR, bot-
tleneck data rate, and average E2E capacity. These results
characterize the robustness of the algorithms under stochastic
channel impairments, specifically Gaussian-distributed mis-
alignment and Rician fading. As shown in Figure 2a, the MILP
formulation exhibits clear dominance, shifting significantly to
the right with a gain of approximately 2 dB and 7 dB over the
metaheuristic and heuristic approaches, respectively. While the
metaheuristic variants perform similarly, the heuristic baseline
consistently yields the lowest SINR distribution.

As illustrated in Figure 2b, the bottleneck link data rate
follows a similar trajectory but exhibits pronounced stepwise
behavior. This pattern arises from the discrete MCS map-
ping, in which data rate improvements occur only when the
SINR crosses specific quantization thresholds. Furthermore,
Figure 2c evaluates the average E2E capacity across all net-
work flows. Although the performance gap between algorithms
narrows when considering aggregate metrics, the performance

order remains consistent. This convergence is unsurprising, as
the optimization focus is on maximizing bottlenecks rather
than enhancing the global average. Finally, Figure 2d depicts
the CDF of Jain’s fairness index. While the trends mirror those
of the average capacity, the performance disparities between
the algorithms are more pronounced, indicating significant
differences in how equitably each method distributes network
resources.

Figure 3a illustrates the bottleneck link data rate as a
function of network size. The MILP formulation consistently
achieves the highest performance, representing the global
optimum for each scenario. In contrast, the metaheuristic
algorithms provide sub-optimal solutions that do not strictly
dominate one another across varying network scales. Notably,
as node density increases, the performance of metaheuristics
tends to plateau because these algorithms become trapped
in local optima as the search space expands. Conversely,
the MILP effectively leverages the additional topological op-
portunities provided by additional nodes to identify superior
topologies, leading to a marked increase in the minimum data
rate.

The evaluation of average E2E capacity relative to network
size is illustrated in Figure 3b. A key observation is that the
performance disparity between the MILP, metaheuristic, and
DCMST approaches increases as the network expands. While
the differences remain marginal for smaller configurations
(15-25 nodes), the advantage of sophisticated optimization
becomes significantly more pronounced in larger networks.
This suggests that maximizing the bottleneck link data rate
is a more effective strategy for enhancing global network
performance as network size increases. Finally, we analyze
network fairness as a function of network size in Figure 3c.
Fairness follows a trend similar to the average E2E capacity,
performance beginning to diverge notably beyond the 25-
node threshold. This divergence indicates that in larger net-
works, optimized algorithms are better equipped to distribute
interference-induced degradation equally across the network.
By preventing interference from clustering on specific links,
these algorithms maintain a more uniform distribution of data
rates across all transmission pairs.

The impacts of key parameters on the bottleneck link data
rate, average E2E capacity, and network fairness are summa-
rized in Figure 4. Specifically, Figure 4a and Figure 4b high-
light a strong negative correlation between antenna beamwidth
and overall performance: wider beams degrade spatial filtering,
increasing inter-link interference and reducing network-wide
SINR. This degradation directly limits the bottleneck link data
rate. Notably, this impact is more pronounced for average
E2E capacity than for the bottleneck metric, as E2E capacity
accumulates interference across all links along a multi-hop
path rather than on a single constraining link. Mirroring
these throughput metrics, Jain’s fairness index also declines as
beamwidth increases. Although relative algorithm rankings re-
main stable across beamwidths, the performance gap between
approaches narrows in high-interference regimes; specifically,
the competitive advantage of MILP over metaheuristics—and
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Fig. 3: The impact of network size on

of metaheuristics over the baseline DCMST—diminishes as
wider beams become the dominant performance bottleneck.

Compared to antenna beamwidth, transmit power has a
significantly weaker influence on both the bottleneck link
data rate and average E2E capacity. Throughput exhibits only
marginal gains as transmit power increases, confirming that
the network operates in an interference-limited regime where
aggregate interference scales proportionally with signal power.
Consequently, as illustrated in Figure 4d, elevated signal power
is insufficient to overcome interference at the bottleneck link.
Although Figure 4e shows a slightly larger improvement in av-
erage E2E capacity, overall gains remain negligible. The most
pronounced impact of transmit power is on the fairness index,
which degrades as transmit power increases. This widening
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the bottleneck link data rate, average E2E capacity, and network fairness.

throughput disparity occurs because low-interference links
capture most of the power gain, whereas high-interference
links experience an elevated interference floor that neutralizes
or reduces their SINR. Unlike varying beamwidth, adjustments
to transmit power preserve both relative algorithm rankings
and performance gaps.

The final parameter evaluated is the minimum connectiv-
ity constraint (d,,;,). As illustrated in Figure 4g and Fig-
ure 4h, both bottleneck data rate and average E2E capacity
are inversely proportional to d,,;,. Stricter connectivity con-
straints force higher network density, increasing interference
and degrading link data rates. Notably, as d,,;, scales, the
performance gap between algorithms narrows, diminishing the
advantages of the MILP and metaheuristics over DCMST. This

255



== DCMST = = DCMST == DCMST
I - GA 2 120 - GA x - GA
2 60 - GWO g - GWO 004 - GWO
§ = MILP <100 - MILP 2 - MILP
b = 0.3
9 ] E
<40 g 80 g
o T 60 €
% 3 © 0.2
Q20 & 40 o
£ . ‘s 0.1
s S 20 =
- - =
0 0.0
45 15 15 45

BeamW|dth Degree

(a) Beamwidth Degree Impact on Bottleneck Link (b) Beamwidth Degree Impact on Average E2E

20

Transmit Power (dBm)

capacity

20

17
Transmit Power (dBm)

N
o

= DCMST
- GA
- GWO
— MILP

14

(d) Transmit Power Impact on Bottleneck Link

== DCMST
- GA
-
-

®
S)

GWO
MILP

w
=]

o

o

N
o

Data Rate (Mbps)
ey
o

Data Rate (Mbps)

=
o

N

o

14

(e) Transmit Power Impact on Average E2E capac-

ity

== DCMST
- GA 100
- GWO
— MILP

o
=]

Data Rate (Mbps)
8
IS
o

Data Rate (Mbps)
(=)}
o

N
o

N

=]

0 .lli .III | III'
1 3

2
Minimum Number Of Connection

(g) Min Connection Constraint Impact on Bottle-

neck Link E2E capacity

Beammdth ©)

2
Minimum Number Of Connection

(h) Min Connection Constraint Impact on Average

30
Beamwidth (°)

(c) Beamwidth Degree Impact on Fairness

14

17
Transmit Power (dBm)

== DCMST
- GA
- GWO
— MILP

I o I
N w IS

Jain's Fairness

o
-

0.0

20

(f) Transmit Power Impact on Fairness

DCMST
GA
GWO
MILP

= DCMST
- GA
= GWO
— MILP

2
Minimum Number Of Connection

Jain's Fairness
o o
N w

e
.

0.0

(1) Min Connection Constraint Impact on Fairness

Fig. 4: The impact of network parameters on the bottleneck link data rate, average E2E capacity, and network fairness. The
bars represent the mean values of the simulations, and the error lines denote the 95% confidence intervals.

introduces a critical trade-off: higher connectivity improves
robustness but directly penalizes bottleneck throughput. As
shown in Figure 4i, the lowest fairness levels are recorded at
dmin = 3. This is attributed to the high variance in individual
link capacities at this degree; while some links maintain high
data rates, the bottleneck links are significantly constrained,
leading to a wider performance disparity. Lastly, MILP results
at lower connectivity exhibit wider confidence intervals due to
a broader distribution of possible topological outcomes than
in denser configurations.

Figure 5 illustrates algorithm execution times across net-
work sizes on a logarithmic scale. The heuristic-based DCMST
achieves the lowest execution time. While MILP is efficient
for small networks—outperforming some alternatives at up to
14 nodes—its computational requirements grow exponentially,
rendering it infeasible for larger scales. Among metaheuristics,
GWO proves computationally more efficient than GA. Oper-
ationally, neither MILP nor metaheuristic frameworks support
real-time execution. However, minimized computation time is
vital for emergency response planning where rapid deployment
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Fig. 5: Computation Time vs Number of Nodes

is critical. For larger topologies, metaheuristic algorithms offer
a highly practical alternative due to their significantly reduced
planning time.
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VII. CONCLUSION AND FUTURE WORK

This study investigated topology optimization in UAV Ad-
Hoc networks by maximizing the bottleneck SINR using
MILP, GWO, and GA. We first formulated the optimization as
a MINLP problem under specific network constraints, which
was subsequently linearized into a MILP formulation for
solution via an exact solver. To achieve high-quality solutions
within practical time limits, we implemented metaheuristic al-
gorithms—specifically GA and GWO—alongside a DCMST-
based heuristic.

The performance of these algorithms was evaluated under
stochastic conditions, including Rician fading channels and
antenna misalignment, across various parameter sets, including
transmit power, beamwidth, and connectivity requirements. By
analyzing metrics including the bottleneck link data rate, aver-
age E2E capacity, and network fairness, we characterized the
performance trade-offs inherent in UAV swarms. Our results
demonstrate that while MILP provides the theoretical upper
bound for network performance, metaheuristic approaches
yield viable suboptimal solutions with significantly reduced
computational overhead. This analysis clarifies which algo-
rithm and parameter set is more suitable for which network
size and parameter set.

Our approach is applicable to various UAV swarm missions
that rely on offline planning with dynamically evolving trajec-
tories. Because these pre-planned paths shift during execution,
the network topology must be recomputed at each time horizon
H and remain fixed during that horizon to prevent resynchro-
nization and overhead. Example use cases include agricultural
surveying, environmental mapping, and general monitoring.

While this work establishes a robust optimization frame-
work, it also leaves room for future research. Future extensions
could consider scenarios for space- air- ground integrated net-
works. Additionally, the implementation of machine learning-
based algorithms, such as reinforcement learning, could offer
significant potential to further reduce computation time while
delivering high-quality solutions, making them ideal for de-
ployment.
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