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Highlights

What are the main findings?

* A QoS-aware joint optimization framework (QoS-TLK-VNS-K) is proposed for UAV de-
ployment in capsule airport emergency communication networks. Statistical validation
over 30 independent runs demonstrates significant improvements in QoS satisfaction
(4+23.8%, p < 0.001) and average SINR (+104.0%, p < 0.001) compared to the distance-
based baseline.

¢ The interference—connectivity trade-off is systematically analyzed: increasing Dj,; from
300 m to 800 m generally improves average SINR (17.2 dB to 25.0 dB) while reduc-
ing sum rate (2579.7 Mbps to 1989.5 Mbps), with QoS satisfaction remaining stable
between 46.0% and 53.8%, confirming that the default Dj,; = 540 m provides a balanced
operating point.

What is the implication of the main finding?

¢ The proposed framework provides practical deployment guidelines for emergency com-
munication network planners, enabling rapid and reliable UAV network establishment
after natural disasters.

* The integrated optimization approach demonstrates that joint consideration of posi-
tioning, frequency allocation, and power control significantly outperforms decoupled
optimization strategies in spectrum-constrained scenarios.

Abstract

When natural disasters strike, the destruction of terrestrial communication infrastructure
creates urgent demands for emergency networks. Efficient UAV deployment in capsule
airport-UAV hierarchical networks has emerged as a critical challenge due to limited aerial
resources and stringent quality-of-service requirements. This paper develops a QoS-aware
joint optimization model for UAV deployment, integrating air-to-ground (A2G) channel
modeling with resource allocation, where upper-level position optimization is coordinated
with lower-level frequency allocation and power control through a hierarchical decom-
position strategy. The proposed QoS-TLK-VNS-K algorithm combines graph coloring
for interference mitigation with iterative power control for SINR guarantee. Empirical
evaluation using multi-scenario simulations demonstrates that the proposed approach
significantly outperforms the traditional distance-based coverage method. Statistical valida-
tion over 30 independent runs demonstrates significant improvements in QoS satisfaction
(+23.8%, p < 0.001), average SINR (+104.0%, p < 0.001), minimum user rate (+194.9%,
p < 0.001), and Jain’s fairness index (+16.2%, p < 0.001) compared to the distance-based
baseline. These results demonstrate that the framework effectively addresses the trade-
off between interference suppression and network connectivity in multi-UAV emergency
communication systems.
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1. Introduction

Natural disasters such as earthquakes, floods, and hurricanes cause widespread
destruction to terrestrial communication infrastructure, severely disrupting emergency
coordination and rescue operations. When base stations and fiber networks are damaged,
affected populations lose access to critical communication services precisely when they are
most needed—for emergency calls, disaster information dissemination, and coordination
among rescue teams. The 2021 flooding disaster in Henan Province, China, exemplifies this
vulnerability: 35,200 base stations (45% of the regional total) were disrupted in Zhengzhou
city alone, leaving millions without communication access during the critical rescue win-
dow [1]. Unmanned aerial vehicle (UAV)-assisted communication networks, with their
advantages of rapid deployment, flexible mobility, and low cost, have emerged as a key
technological solution for emergency communication recovery [2-5].

The capsule airport (CA)-UAYV hierarchical network represents an innovative archi-
tecture for emergency communications. CAs serve as mobile ground stations providing
UAV takeoff/landing platforms, charging facilities, and backhaul connectivity, while UAVs
function as aerial base stations serving ground users. This architecture encompasses three
link types: air-to-ground (A2G) [6] links between UAVs and users, air-to-air (A2A) [7]
links among UAVs for multi-hop backhaul, and UAV-CA (U2C) links for core network
connectivity. The network architecture is illustrated in Figure 1.
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——— ¢
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Figure 1. CA-UAV hierarchical emergency communication network architecture.

However, existing UAV deployment methods predominantly employ idealized geo-
metric coverage models using distance-based criteria, neglecting actual communication
quality constraints [8-10]. When multiple UAVs operate in proximity, co-channel inter-
ference severely degrades service quality, creating a gap between “geometric coverage”
and “effective service”. Jin et al. [8] developed the TLK-VNS-K algorithm for CA-UAV
deployment, which provides an effective foundation for position optimization. However,

the distance-based coverage criterion employed therein does not explicitly account for
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co-channel interference, potentially leading to scenarios where geometrically covered users
fail to achieve required SINR thresholds.

This observation motivates the development of a QoS-aware deployment framework
that bridges the gap between geometric coverage and effective service quality. While
joint optimization of UAV deployment and resource allocation has been explored in prior
works [5,9], several aspects warrant further attention. First, many existing methods adopt
simplified path loss models without probabilistic A2G channel characteristics, which may
lead to optimistic SINR estimates. Second, interference management and position opti-
mization are often treated as decoupled subproblems, with limited consideration of the
mutual dependence between UAV topology and interference graph structure. Third, fair-
ness among ground users is not always incorporated as an explicit optimization objective
in multi-UAV emergency communication scenarios. Motivated by these observations,
the proposed framework formulates a joint optimization problem over UAV positions,
frequency allocation, and power control, which is then solved through a hierarchical de-
composition strategy that coordinates position optimization with graph-coloring-based
frequency allocation and iterative power control.

The main contributions of this paper are summarized as follows. (1) A QoS-aware
deployment model incorporating probabilistic A2G channel characteristics and SINR-based
coverage criteria is established. The fundamental trade-off between interference suppres-
sion (favoring larger UAV spacing) and A2A connectivity (requiring proximity for backhaul)
is formally analyzed, providing theoretical guidance for algorithm design. (2) A joint op-
timization formulation integrating upper-level UAV position planning with lower-level
resource allocation (frequency assignment and power control) is developed and formulated
as a mixed-integer nonlinear program. To solve this computationally intractable problem
efficiently, a hierarchical decomposition strategy is adopted that coordinates deployment
decisions with interference management across sequential stages. (3) An enhanced VNS
algorithm incorporating graph-coloring-based frequency allocation and iterative power
control is designed to solve the formulated problem. The individual contribution of each
module is isolated through an ablation study, and the overall performance gains are veri-
fied through statistical validation over multiple independent runs. The proposed method
prioritizes effective QoS-satisfied service over geometric coverage count, consistent with
the QoS-aware design objective.

The rest of the paper is organized as follows. Section 2 briefly reviews the related
works. Section 3 presents the materials and methods, including the problem statement,
system model, optimization formulation, and the QoS-TLK-VNS-K algorithm. Section 4
details the empirical evaluation encompassing multi-scenario simulations and sensitivity
analysis. Section 6 concludes the paper and discusses future research directions.

2. Related Work

UAV-assisted communication network deployment has attracted significant research
attention. This section reviews the relevant literature from five perspectives: coverage
optimization, multi-UAV deployment, interference management, backhaul connectivity,
and emergency communication applications.

2.1. Coverage Optimization

Coverage optimization constitutes a fundamental objective in UAV-assisted communi-
cation networks, aiming to maximize the number of ground users served by aerial base
stations through optimal positioning strategies.

Mozaffari et al. [9] investigated optimal altitude determination for single UAV cover-
age maximization. Al-Hourani et al. [10,11] proposed the probabilistic line-of-sight (LoS)
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channel model that establishes the relationship between UAV altitude and coverage proba-
bility, which has been widely adopted in subsequent research. Alzenad et al. [12] extended
this framework to three-dimensional positioning optimization. Yuan et al. [13] investigated
energy-efficient trajectory optimization for UAV-enabled cellular communications, jointly
optimizing trajectory and power allocation to maximize secure energy efficiency.

These studies have established the foundational channel models and altitude—coverage
relationships that underpin much of the subsequent UAV deployment literature. Building
on these foundations, they are predominantly based on the assumption of interference-free
single-UAV scenarios with distance-based coverage criteria, which may lead to optimistic
performance estimates when extended to multi-UAV deployments where co-channel inter-
ference becomes nonnegligible.

2.2. Multi-UAV Cooperative Deployment

Multi-UAV cooperative deployment extends single-UAV optimization to coordinated
swarm scenarios, addressing the joint challenges of position planning, load balancing,
and inter-UAV coordination to achieve scalable and reliable coverage over large-scale
disaster areas.

Wang et al. [14] studied multi-UAV deployment strategies that minimize the required
number of UAVs while ensuring complete area coverage. Lyu et al. [15] employed spiral
algorithms for sequential placement optimization. Sharma et al. [16] proposed clustering-
based approaches that group users before determining UAV positions. Gowtham Raj and
Bryan [17] addressed the UAV positioning problem using mixed-integer linear program-
ming (MILP) to maximize user coverage, proposing a two-step clustering-then-optimization
method that balances computational efficiency with solution optimality for large-scale
scenarios. Jin et al. [8] addressed the CA-UAV hierarchical network through the 2L-MCDP-
C&U problem formulation, designing TLK initialization combined with VNS-K optimiza-
tion to achieve effective joint CA-UAV deployment. Recent advances in learning-based
methods have also shown promise for cooperative deployment: Shi et al. [18] introduced
symmetry-informed multi-agent reinforcement learning (MARL) for cooperative UAV
swarm control in communication coverage tasks, exploiting spatial symmetry properties to
enhance sample efficiency and scalability for large swarms with continuous control, and
demonstrating superior performance over advanced baselines in handling up to 20 UAVs.

These studies have contributed effective strategies for coordinating multiple UAVs
and have advanced scalable deployment over large areas. Building on these contributions,
they are predominantly based on distance-based coverage criteria under the implicit as-
sumption of orthogonal resource allocation among UAVs. This assumption may not hold
in spectrum-constrained emergency scenarios, where frequency reuse among adjacent
UAVs introduces co-channel interference that can degrade actual service quality below
geometrically predicted levels.

2.3. Interference Management

Interference management addresses the signal quality degradation caused by
co-channel transmissions among multiple UAVs, which becomes increasingly criti-
cal as deployment density grows to meet coverage demands in resource-constrained
disaster scenarios.

Huang et al. [19] investigated interference coordination strategies in multi-tier
UAV networks. Hydher et al. [20] proposed spectral efficiency-based deployment op-
timization that accounts for inter-cell interference effects. Recent advances have contin-
ued to address spectrum management challenges in multi-UAV coexistence scenarios:
Shao et al. [21] proposed a joint bandwidth and spectrum usage zone allocation scheme

https:/ /doi.org/10.3390/drones10070544


https://doi.org/10.3390/drones10070544

Drones 2026, 10, 544

5 of 38

leveraging interference graph and graph coloring methods to maximize system utility
in coexisting UAV networks, demonstrating that topology-aware frequency allocation
significantly outperforms baseline schemes.

These studies have made valuable contributions to interference modeling and mitiga-
tion, establishing effective techniques for power control and spectrum sharing in multi-UAV
networks. Beyond these works, recent studies have also explored interference-aware re-
source allocation and learning-based approaches for UAV network optimization. Building
on these foundations, existing approaches are nonetheless generally based on simplified
interference models or assume predetermined UAV positions, treating deployment and
resource allocation as decoupled optimization problems. The joint consideration of UAV
positioning, frequency assignment, and power control—where deployment decisions di-
rectly determine interference topology—has received comparatively less attention. As a
result, the relationship between geometric coverage metrics and effective QoS-guaranteed
service delivery remains an aspect that can be further strengthened.

2.4. Backhaul Connectivity

Backhaul connectivity ensures that UAVs can relay aggregated user traffic to the
core network through A2A multi-hop links, which is essential for maintaining end-to-end
communication quality in hierarchical aerial relay architectures.

Qiu et al. [22] studied joint access-backhaul optimization for UAV-assisted heteroge-
neous networks. Kalantari et al. [23] incorporated backhaul capacity constraints into UAV
placement optimization, demonstrating the importance of considering backhaul limitations
in deployment decisions.

These works have highlighted the importance of backhaul constraints in UAV place-
ment and provided useful models for access-backhaul co-design. Building on these contri-
butions, they predominantly model A2A backhaul links using distance-based connectivity
constraints, assuming that link quality is guaranteed when UAVs are within communica-
tion range. However, under co-channel interference conditions, A2A links may experience
quality degradation even when distance requirements are satisfied, potentially leading to
backhaul bottlenecks or connectivity failures. The fundamental trade-off between interfer-
ence suppression (which favors larger inter-UAV spacing) and connectivity maintenance
(which requires proximity for reliable A2A links) has received limited systematic analysis
in the existing literature.

2.5. Emergency Communication Applications

Emergency communication represents a primary application context for UAV-assisted
networks, where rapid deployment capability and service reliability are paramount for
effective disaster response and relief coordination.

Recent research has increasingly focused on UAV deployment optimization for emer-
gency scenarios. Saeed et al. [24] proposed a UAV computing-assisted framework for
search and rescue missions in disaster environments, evaluating network performance
metrics including delay, throughput, and path loss to demonstrate the effectiveness of
UAV-assisted intelligent edge computing for emergency data exchange. Shah [25] de-
veloped a cluster-based Flying Ad Hoc Network (FANET) architecture for emergency
communication systems in 5G and beyond, proposing a novel backoff mechanism based on
cluster size to optimize performance under high node mobility conditions. More recently,
Loor-Duque et al. [26] proposed a lightweight machine-learning-based QoS optimization
framework for multi-UAV emergency communications in FANETs, combining realistic
mobility modeling with adaptive traffic prioritization and demonstrating approximately
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43% improvement in packet delivery ratio and 70% reduction in end-to-end delay over
baseline schemes.

These studies demonstrate the practical value of optimized UAV deployment in
emergency communication contexts and provide effective frameworks for disaster-response
scenarios. They primarily focus on coverage efficiency and deployment cost, while the
interference—connectivity trade-off that arises when multiple UAVs operate in proximity
under spectrum-constrained conditions receives comparatively less explicit attention.

In summary, Table 1 presents a comprehensive comparison of existing approaches
across key technical dimensions, highlighting the research gaps addressed by this paper.

Table 1. Comparative analysis of related works.

Reference Multi-UAV  SINR-Based Frequency Power Backhaul Trade-Off
Deployment Coverage Allocation Control Model Analysis
Mozaffari [9] X X X X X X
Al-Hourani [11] X X X X X X
Lyu [15] v X X X X X
Gowtham Raj [17] v X X X X X
Jin [8] v X X X v X
Huang [19] v Partial v X X X
Hydher [20] v Partial X v X X
Qiu [22] v X X X v X
Kalantari [23] v X X X v X
Saeed [24] v X X X X X
Shah [25] v X X X X X
This paper v v/ v v/ v 4

Classification criteria: v/ (Addressed)—the dimension is explicitly modeled and incorporated into the method’s
optimization or constraints; Partial—the dimension is considered qualitatively or under simplifying assumptions
without an explicit guarantee (e.g., SINR is used for evaluation but not enforced as a per-user constraint); X (Not
addressed)—the dimension is not considered. The table is intended to position the proposed work relative to
prior art rather than to provide an exhaustive evaluation.

In summary, as shown in Table 1, existing works address UAV deployment and
resource allocation largely in isolation, exhibiting three principal gaps: most approaches rely
on distance-based coverage criteria without SINR-based QoS constraints; deployment and
resource allocation are typically treated as decoupled problems; and the fundamental trade-
off between interference suppression and network connectivity has not been systematically
analyzed. The proposed QoS-TLK-VNS-K algorithm differs from prior art in three respects:
(1) it jointly optimizes UAV positions and resource allocation in a tightly coupled bilevel
structure where position updates trigger immediate resource reallocation; (2) it employs
graph coloring to exploit the interference topology for frequency assignment, rather than
using fixed or random channel allocation; and (3) it explicitly incorporates per-user SINR
constraints and fairness into the deployment objective, so that the reported coverage more
closely reflects QoS-satisfied service.

3. Materials and Methods
3.1. Problem Statement

An emergency communication network is deployed consisting of M capsule airports
(CAs) and N UAVs to serve K ground users.

Existing deployment methods, exemplified by Jin et al.’s TLK-VNS-K algorithm [8],
optimize UAV positions to maximize the number of geometrically covered users (i.e., users
within distance Rqoy from any UAV). However, this approach exhibits three critical lim-
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itations. First, all UAVs operate on the same frequency channel, causing severe co-
channel interference, and users near cell boundaries experience SINR below required
thresholds despite being within coverage distance. Second, the gap between geometric
coverage and effective service leads to “false coverage”—users counted as covered but
unable to achieve satisfactory communication quality. Third, air-to-air links for multi-hop
backhaul may fail under interference, potentially disconnecting remote UAVs from the
core network.

As an illustrative example, consider a scenario with 100 users and 6 UAVs. Under
the TLK-VNS-K approach, 73 users are geometrically covered, but only 48 users (65.8%)
achieve SINR > 10 dB threshold. This 25-user gap represents false coverage caused by
unmanaged interference.

This paper aims to develop a QoS-aware deployment framework that (1) replaces
distance-based coverage with SINR-based QoS criteria; (2) jointly optimizes UAV posi-
tions, frequency allocation, and power control; and (3) balances interference suppression
with network connectivity requirements. Following the complementary relationship with
Jin et al. [8], CA locations are selected from a set of predetermined candidate sites that
satisfy terrain and accessibility constraints (e.g., elevated, flat, and disaster-safe positions),
and the selection is performed by the two-layer K-means initialization. This paper then
focuses on UAV deployment and resource optimization given the selected CA locations;
the joint optimization of CA siting together with QoS-aware UAV deployment is discussed
as a direction for future work in Section 6.

3.2. System Model

This subsection presents the system model for the capsule airport-UAV hierarchical
emergency communication network. For clarity, all symbols are summarized in Table 2,
to which the reader is referred for any symbol used below; each key variable is also
defined in the text at or before its first use. The model is built up in the following order:
network components, the air-to-ground (A2G) and air-to-air (A2A) channel models, the
SINR computation, the QoS-aware coverage criterion, and the backhaul connectivity model.

Table 2. Summary of notation. Algorithm-specific parameters (e.g., kmax, IvNs, Smargins p, Ipe, Dint)
are listed separately in Table 4.

Category Symbol Definition
M Set of capsule airports, |[M| = M
Sets N Set of UAVs, [N =N
K Set of ground users, || = K
F Set of frequency channels, | F| = Fmax
Cm Position of CA m

u,; = (xnr Yn, hn)

Positions Wi

hn S [Hmin/ Hmax]

3D position of UAV n
Position of user k
Altitude of UAV n (m)

Pros Line-of-sight probability
PL,x Average path loss (dB)
Snk Channel power gain
Channel Ok Elevation angle (degrees)
fe Carrier frequency
HLoSs INLoS LoS/NLoS excess path loss (dB)
a,b Environment-dependent S-curve parameters
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Table 2. Cont.
Category Symbol Definition
Py Transmit power of UAV n (W)
fneF Frequency channel of UAV n
ag, € {0,1} User—-UAV association indicator
bym € {0,1} UAV-CA assignment indicator
Resources Prin, Pmax Minimum/maximum transmit power
B, By Total / per-user bandwidth
%, Ny Noise power/noise PSD
Yk SINR of user k (linear scale)
Ry Achievable rate of user k (bps)
Performance Yth SINR threshold (dB)
Kserved Set of QoS-satisfied served users
Rsum, Riin Sum rate/minimum user rate
Reov UAV coverage radius (m)
Rca CA communication radius (m)
Cmax UAV maximum user capacity
Parameters Dint Interference distance threshold (m)
Hin, Hmax Minimum /maximum UAYV altitude (m)
Hopt Optimal UAV altitude (m)
Daoa Maximum A2A communication range (m)
yh2A A2A SINR threshold (dB)

3.2.1. Network Components

Consider a disaster area A C R? with K ground users and N UAVs serving them
through M capsule airports. Let K = {1,2,...,K} denote the set of users with positions
{Wi}tkex, where wi = (x,y,0). Let M = {1,2,..., M} denote the set of CAs with
positions {cm }mer. Let N = {1,2,...,N} denote the set of UAVs to be deployed at
positions {uy, },ecnr, where u, = (x4, yu, hy) with adjustable altitude h, € [Hmin, Hmax)-
The system operates on a set of Fnax orthogonal frequency channels F = {1,2,..., Fnax}
with total bandwidth B. Each UAV # is assigned a frequency channel f, € F, transmits
with power P, € [Pmin, Pmax], and serves at most Cmax users simultaneously.

Let £, = {k € K | ar,, = 1} denote the set of users associated with UAV 1, where
gy € {0,1} is the user-UAV association indicator. A user k is considered QoS-satisfied if
its received SINR exceeds the threshold vy, i.e., Y > Y-

3.2.2. A2G Channel Model

This paper adopts the Al-Hourani probabilistic line-of-sight (LoS) model [10,11]. The
channel characteristics are described by the following equations:

1

Plos0nt) = 1 0 exp(—b(6,x — ) W
180 .

Ok = — arctan(rn,k>, (2)

Pk = ) (= XE 2+ (y — Y02 )

where Equation (1) represents the LoS probability as a function of elevation angle,
Equation (2) defines the elevation angle 6, (in degrees) between UAV 7 and user k, and
Equation (3) computes the horizontal distance r, ;. Parameters a and b are environment-
dependent constants (urban environment: 2 = 9.61, b = 0.16).
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The average path loss incorporating both LoS and NLoS components is given by

PL, x = PLgree(dpx) + Pros * Los + (1 — PLos) * INLoS, (4)

4rf.d
PLfree(d) =20 loglo( Cfc )/ (5)

dn,k =4/ r%,k + h%, (6)

where PLg. denotes the free-space path loss, d,,  is the three-dimensional Euclidean distance,
fc is the carrier frequency, ¢ is the speed of light, and #1,s = 1.0 dB and #np0s = 20.0 dB
represent additional attenuation factors for LoS and NLoS conditions, respectively.

3.2.3. A2A Link Model

For air-to-air communication between UAVs, line-of-sight (LoS) propagation is as-
sumed due to the elevated positions and unobstructed paths, consistent with the air-to-air
channel modeling adopted in Jin et al. [8]. The A2A path loss follows the standard free-
space model and is given by

47chd,'/j

PL?]‘ZA =20 l0810( ) + 1LoS, (7)

dij = [wi —wjl, = \/(xi — X2+ (yi —yj)* + (hi = )2, ®)

where d;; denotes the three-dimensional distance between UAV i and UAV j, and
u; = (x;,y;, h;) represents the position vector of UAV i.

3.2.4. SINR Computation

The received signal quality is characterized by the signal-to-interference-plus-noise
ratio (SINR). While the underlying path-loss models are adopted from the literature (the
Al-Hourani A2G model [10,11] and the standard free-space A2A model), the explicit
incorporation of co-channel interference into the SINR—rather than relying solely on a
distance- or path-loss-based connectivity criterion as in [8]—is a distinguishing feature of
the proposed QoS-aware formulation. For user k associated with UAV #, the downlink

SINR is
Py gnk
Yk = ; , 9)
YjeN jtn fi=fs i - 8ik + 07
Guk = 107 "Tn/10, (10)
o> =Ny B, (11)

where P, denotes the transmit power of UAV #, g,  is the channel power gain derived
from the average path loss, o2 is the additive white Gaussian noise (AWGN) power,
Nj is the noise power spectral density, and B is the channel bandwidth. The summa-
tion in the denominator accounts for co-channel interference from UAVs operating on
the same frequency channel f,,. Unless otherwise stated, 7} denotes the SINR in linear
scale, as required by the achievable-rate expression in Equation (20); SINR values re-
ported in decibels throughout the experimental section are obtained as 10log;,(7x) for
presentation purposes.
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Similarly, the SINR for the A2A link from UAV i to UAV j is

. A2A
A28 _ fi8i) (12)
& YieN i#ifi=f P 'ng-ZA +02
_ A2A
g?]ZA — 10 PLij /10, (13)

where P; and P; denote the transmit powers of UAVs i and [, respectively, following the
same notation P, defined for a generic UAV 7 in Table 2 (the subscript merely indexes
different UAVs); g{}m is the A2A channel power gain, and the interference term captures
transmissions from other UAVs utilizing the same frequency channel.

Two simplifying assumptions are made in the interference model. First, only co-
channel interference is considered: UAVs operating on different frequency channels are
assumed to be orthogonal, and adjacent-channel interference is neglected. This is a common
assumption when channels are well separated in frequency, and it is reasonable here
because the graph-coloring allocation assigns distinct channels to mutually interfering
UAVs. Second, the model adopts a full-buffer, fully-loaded interference assumption in
which all co-channel UAVs are treated as simultaneously active, without explicit time-slot
scheduling among links; this represents a worst-case interference condition and therefore
yields conservative SINR estimates. Incorporating adjacent-channel leakage and finer-
grained inter-link scheduling is a possible direction for future refinement.

3.2.5. QoS Coverage Criterion

Unlike traditional distance-based coverage, this paper defines QoS-aware coverage
based on SINR satisfaction:

Clist = [k € K | 1 < Reov }, (14)
0 = {k e Ci™ |y = 1w}, (15)

where Equation (14) defines the set of users within geometric coverage radius Reov of UAV
n, and Equation (15) further restricts this set to users satisfying the SINR threshold y,. The
difference |CSist| — |CY?OS| quantifies the “false coverage”—users that are geometrically cov-
ered but fail to meet the SINR requirement. The underlying mismatch between geometric
coverage and effective signal quality has been recognized in interference-aware UAV de-
ployment studies [19,20], where SINR or spectral-efficiency considerations are incorporated
into placement. However, this gap is seldom quantified explicitly as a deployment-level
metric in multi-UAV emergency scenarios; in this work we make it explicit by separately
reporting geometric coverage and QoS-satisfied coverage, and by treating their difference
as a measure of false coverage.
The system-level performance metrics are defined as

Cdist

Neov = ’U"€f¥< 1 % 100%, (16)
’Une/\/ C'r? o5

Qs = % 100%, (17)

where #¢0v and 77,5 represent the coverage ratio and QoS satisfaction ratio, respectively.
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3.2.6. Backhaul Connectivity Model

To ensure end-to-end communication, each UAV must maintain backhaul connectivity
to the core network through CAs. The A2A communication topology is modeled as an
undirected graph Gasa = (N, Eaa), where the edge set is defined as

Eron = {(i/]') | dij < Daga and 7224 > 2%, i j € N, i # j}, (18)

with Daga being the maximum A2A communication range and 'yﬁ‘fA the minimum SINR
threshold for reliable A2A links.

Similarly, the UAV-to-CA (U2C) connectivity is captured by edge set Eypc, where
(n,m) € Eupc if UAV n can directly communicate with CA m. The backhaul connectivity
graph is defined as

G = (N UM, ErzaU&unc), (19)

which must be connected to ensure all UAVs have paths to the core network.

3.3. Trade-Off Analysis: Interference vs. Connectivity

A fundamental trade-off exists between interference suppression and network connec-
tivity, as illustrated in Figure 2. When UAVs are deployed with small inter-UAV spacing,
strong A2A links (represented by thick solid lines) enable robust backhaul connectivity,
allowing reliable data transmission between UAVs and to the ground stations. However,
this close proximity results in significant overlap of coverage areas (shown as overlapping
circles on the ground), creating severe co-channel interference that degrades the quality of
service for users located in the overlapping regions, particularly those at cell boundaries.

A

t y ¢ L]
f
High Interference+ Low Interference+
Good A2A Connectivity Poor A2A Connectivity
(a) Small UAV Spacing (b) Large UAV Spacing

Figure 2. Illustration of the interference—connectivity trade-off: (a) small UAV spacing with high
interference but good A2A connectivity; (b) large UAV spacing with low interference but poor
A2A connectivity.

Conversely, when UAVs are positioned with large spatial separation, the coverage ar-
eas are well separated with minimal overlap, effectively eliminating co-channel interference
and ensuring high-quality service for ground users. Nevertheless, the increased distances
result in weakened A2A links (depicted by thin dashed lines), which may fail to meet
minimum SINR requirements for reliable backhaul communication, potentially causing
network fragmentation and isolating remote UAVs from the core network infrastructure.

To ensure user QoS, co-channel interference must be minimized, which favors larger
UAV spacing, lower transmit power, and different frequency channels for adjacent UAVs.
Conversely, to maintain backhaul connectivity, A2A links must satisfy SINR thresholds,
which favors smaller UAV spacing, higher transmit power, and connected topology in the
backhaul graph. These requirements conflict directly, as summarized in Table 3.
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Table 3. Conflicting requirements between interference suppression and connectivity.

Requirement UAV Spacing Transmit Power
Interference suppression Increase 1 Decrease |
Network connectivity Decrease | Increase 1

This paper resolves the trade-off through two mechanisms. First, graph coloring
frequency allocation assigns different frequencies to adjacent UAVs, eliminating co-channel
interference without requiring increased spacing. Second, iterative power control reduces
transmit power after interference elimination while maintaining QoS, further improving
system performance.

3.4. Optimization Model

3.4.1. Decision Variables
The optimization involves the following decision variables:

e UAV positions: U = {(xn, yn, hn)}nNzl, where (xy,y,) is the horizontal position and
h, is the altitude;

e  User association: A = {a;,} € {0,1}**N, where a;, = 1 indicates user k is served

by UAV #;
e Frequency allocation: F = {f, nN:1 with f, € F ={1,..., Fmax};
e Power control: P = {P, 2]:1 with P; € [Pmin, Pmax]-

3.4.2. Objective Functions

Before defining the objectives, we clarify the role of QoS satisfaction in the proposed
formulation. Rather than appearing as a term in the objective function, the per-user SINR
requirement acts as an admission constraint (C2): only users whose received SINR meets
the threshold vy, are counted as served and enter the served-user set Kgerved = Unen C,?OS.
All objective functions below are then defined exclusively over this QoS-satisfied set.
Consequently, “QoS-aware” in this work means that optimization is performed only over
users that genuinely satisfy the quality requirement, rather than maximizing a count of
geometrically covered users. This design also explains why the QoS satisfaction ratio equals
the coverage ratio for the proposed method (Section 4.2): a user is counted as covered only
if it is QoS-satisfied. Treating QoS as a gating constraint, rather than as an objective term,
keeps the objective functions well defined in standard throughput and fairness units while
guaranteeing that every served user meets the SINR requirement. Let Kgerved = Unen cs
denote the set of users that are both geometrically covered and satisfy the SINR requirement.
The achievable data rate of user k is given by

Ry = By log, (1+ ), (20)

where By denotes the bandwidth allocated to user k. For tractability, equal bandwidth allo-
cation is assumed, i.e., B = B/|KC,| fork € C,?OS, where B is the total channel bandwidth
per UAV. This assumption isolates the effect of the three decision dimensions considered in
this work—UAV position, frequency allocation, and power control—from that of intra-cell
bandwidth scheduling, keeping the optimization focused and the per-user rate well defined.
Under equal allocation, the sum rate and fairness metrics reflect differences in SINR and
user-load distribution rather than in bandwidth assignment; incorporating nonuniform,
QoS-aware bandwidth allocation as an additional decision variable is a natural extension
left for future work.
Three objective functions are considered to address different optimization goals:
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(1) Sum rate maximization. This objective maximizes the aggregate system throughput:

max  Raum= Y, Re= Y  Bilogy(1+ 7). (21)
UAEE keKserved ke]cserved

(2) Max-min fairness. This objective maximizes the minimum user rate to ensure
equitable service distribution:

max Rpjn = min R;. (22)
UAEP ™ K

(3) Hybrid objective. This objective balances throughput and fairness through a
weighted combination:

R Runi
max & (1 —a) (23)
UAEP  REL Rref

where a € [0, 1] is the weight parameter controlling the trade-off between sum rate and
fairness. The reference values R and R;ﬁ{n are the sum rate and minimum user rate
achieved by the initial TLK-VNS-K solution for the same problem instance, and serve
as normalization constants so that both terms in Equation (23) are dimensionless and
of comparable magnitude. They are therefore instance-dependent but fixed once the
initialization is computed, so they do not vary during the optimization. As both terms are
normalized to the same baseline, the relative weighting is governed solely by «, whose
sensitivity is examined in Section 4.5.2.

These three objectives represent alternative formulations of the deployment problem
rather than simultaneously optimized criteria: each defines a distinct single-objective
problem solved independently, and the operator selects one according to the deployment
priority (aggregate throughput, worst-case fairness, or a balance of both). The sum rate
objective is used as the default in all subsequent experiments unless otherwise stated,
as it provides the most direct comparison with the coverage-oriented objective of the
TLK-VNS-K baseline; the effect of the objective choice is analyzed in Section 4.5.2.

3.4.3. Constraints

The optimization problem is subject to the following constraints:
C1 (Coverage distance):

fnk < Reov, Vk €Ky, Vne N, (24)

where R.oy is the maximum service radius of each UAV.
C2 (SINR requirement):

Tk > Yths Vk € ’Cserved- (25)

C3 (UAV capacity):
IKn| < Cmax, VneN. (26)

C4 (Single UAV association):

Y a4, <1, VkeKk. (27)
neN
C5 (Altitude bounds):
Hpmin < hy < Hmax, VneN. (28)
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C6 (Power bounds):
Pmin < Py < Pmax, Vn€EN. (29)
C7 (A2A link quality):
Yo > A, V(i )) € Enoa (30)
C8 (Backhaul connectivity):
Gp is connected, i.e., each UAV has a path to at least one CA. (31)

3.4.4. Problem Formulation Summary

Combining the objective functions and constraints, the QoS-aware UAV deployment
problem can be formulated as follows:

P: UIE\%P Objective: (21), (22), or (23) )
s.t. C1-C8: Equations (24)-(31).

Problem P is a mixed-integer nonlinear program (MINLP) due to the discrete fre-
quency allocation, binary user association, and nonlinear SINR expressions. The coupling
between UAV positions and interference topology further increases computational com-
plexity. To address this, we propose a hierarchical algorithm that decomposes the problem
into manageable subproblems.

3.5. Algorithms
3.5.1. Overall Solution Framework

The proposed QoS-TLK-VNS-K algorithm adopts a hierarchical optimization structure
with four sequential phases:

1.  Phase1 (Initialization): TLK algorithm generates initial UAV positions and
CA assignments;

2. Phase 2 (Position Optimization): VNS framework optimizes UAV horizontal positions;

3. Phase 3 (Resource Allocation): Graph coloring allocates frequencies and iterative al-
gorithm controls power;

4.  Phase 4 (Refinement): Altitude optimization and connectivity verification.

Although the optimization problem is formulated jointly, it is solved through a hier-
archical decomposition for computational tractability. The interaction between modules
is designed around a key principle: position updates and resource reallocation are tightly
coordinated within this decomposition. Specifically, after each VNS position perturbation
(Phase 2), graph coloring and power control are immediately reinvoked to compute the
resource allocation consistent with the new UAV topology. This ensures that the objec-
tive function evaluation always reflects the actual achievable QoS under optimal resource
allocation for the current positions, rather than using stale resource assignments from
previous iterations.

The coupling mechanism prevents a common failure mode in decoupled approaches: a
position update that improves geometric coverage may simultaneously worsen interference
topology, leading to lower actual QoS. By re-evaluating resources after every position
change, the VNS search receives accurate feedback and converges to solutions that are
jointly optimal in both position and resource dimensions.

The TLK initialization (Phase 1) seeds the VNS with a high-quality starting point,
reducing the risk of the search being trapped in poor local optima. The two-layer K-means
structure ensures that UAVs are initially distributed to cover both CA service areas and user
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clusters, providing a geometrically sound starting configuration from which QoS-aware
refinement proceeds. The graph coloring (Phase 3) and power control (Phase 4) modules
then translate this geometric foundation into guaranteed signal quality by eliminating
co-channel interference and satisfying per-user SINR constraints.

It is important to clarify the relationship between the problem formulation and the
solution strategy. The optimization problem in Section 3.4 is formulated jointly over UAV
positions, user association, frequency allocation, and power control, and is a mixed-integer
nonlinear program whose direct joint solution is computationally intractable at the scale
of emergency deployment. The proposed QoS-TLK-VNS-K therefore solves this problem
through a hierarchical decomposition rather than a fully simultaneous optimization. This
design choice is motivated by tractability: decoupling the discrete position search from
the resource-allocation subproblems reduces the search space from the full joint space to a
sequence of manageable subproblems, enabling solutions within seconds (Section 4.3).

We acknowledge that such decomposition does not guarantee global optimality of
the original joint problem: decisions made in the position stage constrain the feasible
space of the subsequent frequency and power stages. To mitigate this loss, the proposed
strategy does not execute the stages in a single forward pass; instead, frequency allocation
and power control are reinvoked after every position perturbation within the VNS loop
(Algorithm 3, Lines 14-19), so that each candidate position is evaluated under its own opti-
mal resource allocation. This feedback coupling distinguishes the proposed approach from
a purely sequential pipeline, as each position is assessed together with its corresponding
resource allocation rather than under fixed assignments, while retaining the tractability
of decomposition. A fully integrated solution, for example, via learning-based or exact
MINLP methods, is left as future work.

The algorithm flowchart is shown in Figure 3.

Start
p N
TLK Algorithm: Two-Layer K-means Initialization
Phase 1 Layer 1: CA Clustering | | Layer 2: User Clustering
eittion K-means clusters CAsand | | Within cach CA, K-means | | OU(Put Initial Solution
(TLK) i assigns UAV quotas to i ] clusters users and determines [ > Initial UAV positions
each CA. | | initial UAV positions. | and CA assignments.
|
) 3
VNS Framework: Optimize UAV Horizontal Positions
Shaking (Perturbation) Local Search Update Positions
_»|  Apply neighborhood Improvement scarch Obtain new UAV
structures to perturb (.2, 2-0pt, swap, horizontal positions.
UAV positions. or other operators).
Phase 2 Coupled Resource Reallocation (Immediately After Each Position Update)
Position e I
- Graph Coloring Power Control
Optimization Construct interference graph Iteratively adjust transmit powers
(VNS) and assign frequencies to to satisfy per-user SINR
climinate co-channel interference: constraints.
R e + sl B |
| Evaluate Objective
Compute system utility (QoS) basedon |
updated positions and optimal resources.
Stopping Criterion
Metfor VNS?_~
Yes
ze Resource Allocation
Phase 3
Reachies Graph Coloring (Frequency) Power Control (Iterative)
Nisafom Construct final interference graph ~ ———»  lteratively adjust transmit powers
and assign frequencies. to meet SINR constraints.
Refinement and Verification
Phase 4 Altitude Optimization Connectivity Verification
Refinement Optimize UAV altitudes to Verify ivity and coverage
further improve QoS. constraints for all users.
End

Figure 3. QoS-TLK-VNS-K algorithm flowchart.
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3.5.2. TLK Initialization

The two-layer K-means (TLK) algorithm [8] generates initial solutions through a
two-stage clustering process:

¢ Layer 1: Partitions users into M groups based on nearest CA assignment;
¢ Layer2: Applies K-means clustering within each CA’s user subset to determine
UAV positions.

Let B = {b, },enr denote the CA assignment vector, where b, € M indicates which
CA is responsible for UAV n. Following Jin et al. [8], all UAVs are initially placed at the
optimal altitude that maximizes the coverage radius under the Al-Hourani air-to-ground
channel model [10,11]. Given the urban environment parameters (2 = 9.61, b = 0.16)
and the path-loss threshold, this optimal altitude is obtained by locating the inflection
point of the coverage-radius-versus-altitude relationship, yielding Hopt = 178 m with a
corresponding maximum coverage radius Reoy = 270 m.

3.5.3. VNS Position Optimization

Variable neighborhood search (VNS) systematically explores the solution space
through multiple neighborhood structures. Let kpax denote the maximum number of
neighborhood structures. The following neighborhoods are defined:

e N (Centroid Move): Moves UAV to the centroid of its served users;

e N, (Random Perturbation): Perturbs position within radius ry = 50k m, where k is
the neighborhood index

* N3 (Swap): Exchanges positions of two UAVs;

e N, (Reassignment): Reassigns a UAV to a different CA.

The VNS procedure iterates until convergence or reaching the maximum iterations
IyNs. A patience parameter controls early stopping: if no improvement is found for
patience consecutive iterations, the algorithm terminates. Because the TLK initialization
provides the starting point for the VNS search, the quality of the initial deployment can,
in principle, influence the final solution. The VNS framework is specifically designed to
mitigate this dependence: the shaking operators perturb the incumbent solution across
neighborhood structures of increasing size, enabling the search to escape the local optimum
associated with the initial configuration, while the local-search operators refine the per-
turbed solutions. The empirical effect of this design is reflected in the statistical validation
(Section 4.7): across 30 independent runs with different random seeds—and therefore dif-
ferent user distributions and different TLK initial solutions—the proposed method exhibits
a small standard deviation in QoS satisfaction, SINR, and fairness, indicating that the final
performance is not overly sensitive to the specific initialization. A dedicated analysis that
systematically varies the initial-solution quality while holding other factors fixed is left as
future work.

3.5.4. Graph Coloring Frequency Allocation

To minimize co-channel interference, frequency allocation is modeled as a graph
coloring problem. An interference graph Gin = (N, &) is constructed, where an edge
(1,7) € Eint exists if the inter-UAV distance satisfies

di,j S Dint/ (33)

with Djn¢ being the interference distance threshold. UAVs connected by an edge will cause
significant co-channel interference if assigned the same frequency.

Let N'(n) = {j € N'| (n,]) € Ene} denote the set of interfering neighbors of UAV #.
The degree of UAV # in the interference graph is deg(n) = [N (n)|.
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The greedy graph coloring algorithm sorts UAVs by priority (number of served users,
then degree) and assigns the minimum available frequency channel not used by neighbors.
The pseudocode is presented in Algorithm 1.

Algorithm 1 Greedy graph coloring frequency allocation.

Input: Interference graph Giny = (N, Eint), available frequencies Fmax
Output: Frequency allocation F = {fy, f2,..., fN}
1: Sort UAVs by (|K,|,deg(n)) in descending order — ordered list £
2: foreach UAV nin £ do
3 UsedColors < {f;: j € N(n) and f; already assigned }

4:  Available < {1,2,..., Fnax} \ UsedColors

5. if Available # @ then

6: fn < min(Available) {Assign smallest available frequency}
7. else

8: fn < argmingcx [{j € N'(n) : f; = f}| {Minimize conflicts}
9: endif
10: end for

11: return F

The proposed frequency allocation is an instance of greedy graph coloring applied to
the interference graph Gin. Ordering the UAVs by (|, |, deg(n)) in descending order fol-
lows the largest-degree-first heuristic, which prioritizes the most interference-constrained
UAVs. For a graph with maximum degree A, greedy coloring is guaranteed to use at most
A + 1 colors; in the interference graph, A is the largest number of UAVs lying within Dj,;
of any single UAV. When the chromatic number x(Gin) does not exceed the number of
available channels Fpax, the procedure yields a conflict-free assignment in which no two
mutually interfering UAVs share a channel.

When X (Gint) > Fnax—for example, under very dense deployments or a large Dint
that makes the interference graph highly connected—a fully conflict-free assignment does
not exist with the available spectrum. In this case, the procedure does not fail but falls back
to the conflict-minimizing rule (Algorithm 1, the else branch), assigning each such UAV
the channel used by the fewest of its interfering neighbors, so that residual interference
is concentrated on the least-loaded channels. As with any greedy coloring heuristic,
the resulting number of colors may exceed the chromatic number for adversarial vertex
orderings; however, as the number of UAVs is small in the considered emergency scenarios
(N < 6in the main experiments), the interference graph is small and the greedy assignment
is observed to use a near-minimal number of channels in practice (Table 8 reports the
average channel count across Din¢ values).

3.5.5. Iterative Power Control

After frequency allocation eliminates co-channel interference among neighboring
UAVs, iterative power control further optimizes transmit power to balance QoS satisfac-
tion and interference reduction. The algorithm adjusts each UAV’s power based on the
minimum SINR among its served users:

*  IfYminn > Yth + Bmargin: reduce power to decrease residual interference;
*  If Yminyg < Y increase power to meet QoS requirement,

where Ymin,» = minge i, 7k is the minimum SINR among users served by UAV #.
The algorithm parameters are defined as follows:

*  Amargin: SINR margin for power reduction (default: 3 dB);
*  Jp: Power adjustment step size (default: 1 dB);
*  Ipe: Maximum power control iterations (default: 50).
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The pseudocode is presented in Algorithm 2.

Algorithm 2 Iterative power control.

Input: UAV positions U, frequency allocation F, SINR threshold yy,, margin Amargin, step
0p, max iterations Ipc
Output: Power allocation P = {Py, P, ..., Py}
1: Initialize P, < Ppax foralln € N
2: converged < False, t < 0
3: while not converged and ¢ < I,c do
4:  converged < True
5. foreach UAV#n € N do
6: Compute Ymin, < min{y : k € K, }
7 if Yminn > Vth T Amargin then
8 Py < max(Py; — dp, Prin)
9 converged < False

10: else if Yminn < Y then
11: Py < min(Py + 6p, Pmax)
12: converged < False

13: end if

14:  end for

15 t<t+1

16: end while
17: return P

The power control procedure is a discrete step-adjustment scheme rather than a
fixed-point iteration, so it is not guaranteed to reach an exact equilibrium. Two mecha-
nisms ensure well-behaved termination. First, the margin Apargin introduces a dead zone
[Yth, Yth + Dmargin] Within which a UAV’s power is left unchanged; this dead zone prevents
the persistent oscillation that would otherwise arise when a UAV alternates between in-
creasing and decreasing its power around the threshold, and it allows the converged flag
to be set once all UAVs fall within their dead zones. Second, the iteration cap I, guarantees
finite termination even in the rare case where inter-UAV coupling prevents all UAVs from
simultaneously settling: if the cap is reached, the procedure returns the current power
vector, which remains feasible because every UAV either satisfies its QoS requirement or is
already transmitting at Prax.

The procedure is initialized deterministically with all UAVs at Pyax rather than from a
random point, so its behavior does not depend on initialization. Starting from maximum
power ensures that the initial configuration is the most QoS-favorable, and the subsequent
adjustments only reduce redundant power for UAVs that already exceed the threshold
by more than Amargin, which improves energy efficiency and reduces interference leakage
without sacrificing QoS satisfaction. The iteration cap I, = 50 bounds the worst-case cost
of this stage, and its contribution to the overall runtime is included in the timing results
reported in Section 4.3.

3.5.6. QoS-TLK-VNS-K Main Algorithm

The QoS-TLK-VNS-K algorithm integrates position optimization and resource alloca-
tion into a four-phase hierarchical framework: (1) TLK-based initialization generates initial
UAV positions and resource assignments; (2) VNS iteratively optimizes UAV positions
while reallocating frequency and power after each update; (3) altitude optimization fine-
tunes UAV heights; and (4) final refinement ensures connectivity and QoS guarantees. The
key feature is the tight coupling between position updates and resource reallocation, which
maintains the interference—connectivity balance throughout the optimization process.

https:/ /doi.org/10.3390/drones10070544


https://doi.org/10.3390/drones10070544

Drones 2026, 10, 544

19 of 38

The complete QoS-TLK-VNS-K algorithm integrates all modules. The algorithm
parameters are summarized in Table 4.

Table 4. Algorithm parameters.

Parameter Default Value Description
kmax 4 Number of VNS neighborhood structures
IyNns 100 Maximum VNS iterations
patience 10 Early stopping threshold
Dint 540 m Interference distance threshold
Ipc 50 Maximum power control iterations
Amargin 3dB SINR margin for power reduction
Op 1dB Power adjustment step
« 0.7 Objective weight (hybrid objective)

The default Dy, = 540 m = 2R,y provides a balanced operating point between spectral efficiency and interference

suppression; sensitivity analysis is provided in Section 4.5.

The complete algorithm is presented in Algorithm 3.

Algorithm 3 QoS-TLK-VNS-K main algorithm.

Input: User positions W, CA positions C, UAV quantity N, parameters (kmax, patience, Dint, Fmax, Yth)
Output: Optimal solution (U*, H*, A*, F*, P*)

O PN U WN =

: // Phase 1: Initialization

: (U, B) « TLK Initialize(W, C,N)
H < Hopt - 1y {Initialize all UAVs to optimal altitude}
: F < GraphColoring(U, Dint, Fmax) {Algorithm 1}

P « PowerControl(U, F, vy,) {Algorithm 2}

: CheckConnectivity (U, C, B)

A <+ UserAssociation(W, U, F, P)

: best + (U,H,A,F,P)

: best_obj < Evaluate(best)

: // Phase 2: VNS Position Optimization

: k <=1, no_improve < 0

: while k < kimax and no_improve < patience do

U’ «+— Shake(U, k) {Apply neighborhood N}
U” <« LocalSearch(U’, W)
CheckConnectivity(U”, C, B)
F < GraphColoring(U”, Dint, Fmax)
P’ < PowerControl(U", ¥, vy,)
A’ + UserAssociation(W,U”,F,P')
obj’ + Evaluate(U”,H,A’,F,P’)
if obj’ > best_obj then
best «+ (U”,H,A’,F,P')
best_obj < obj’
U + U”, k + 1, no_improve < 0
else
k <k +1, no_improve < no_improve + 1
end if

: end while
: // Phase 3: Altitude Optimization
: foreach UAV 1 € N do

hy < OptimizeAltitude(x,, yu, Kn)

: end for

: // Phase 4: Final Refinement

: F* < GraphColoring(U, Dint, Fmax)
: P* + PowerControl(U, F*, yy,)

: A* + UserAssociation(W, U, F*, P*)
: Verify Gp connectivity

: return (U, H, A*, F*,P*)

3.5.7. Complexity Analysis

The time complexity of each algorithm module is analyzed in Table 5. Let Iyng denote

the maximum VNS iterations, Ii, the K-means iterations in TLK initialization, and Ip. the

power control iterations.
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Table 5. Complexity analysis of algorithm modules.

Module Complexity Description
TLK initialization O(Iim - NK) K-means clustering iterations
Interference graph construction O(N?) Pairwise UAV distance computation
Graph coloring O(N?) Greedy coloring with neighbor check
Power control O(Ipc - NK) Iterative SINR computation

O(Klog K 4+ NK) Sorting and association
O(N + |Ea2al) BFS/DFS traversal

User association
Connectivity check

The VNS main loop executes at most Iyns iterations, each exploring up to kmax neigh-
borhood structures. Within each iteration, graph coloring and power control are invoked.
As typically N < K in emergency communication scenarios, the overall time complexity of
the QoS-TLK-VNS-K algorithm is

O(Iyns - kmax - (N2 + Ipe - NK) ) = O(Iyns - kmax - Ipe - NK). (34)

Within each VNS iteration, the interference-graph construction and graph coloring cost
O(N?), while power control costs O(Ipc - NK). As the number of UAVs is much smaller
than the number of users in emergency scenarios (N < K), the N? term is negligible
compared with I, - NK, so the per-iteration cost is dominated by the iterative power
control. Across the full search, the dominant cost is therefore the repeated invocation of
power control inside the VNS loop, scaling as O(Iyns - kmax - Ipc - NK), which is linear
in the number of users K. This linear dependence on K is consistent with the runtime
measurements reported in Section 4.3.

4. Results and Analysis
4.1. Experimental Setup

The simulation parameters are summarized in Table 6, following the settings in [8,10,11].

Table 6. Simulation parameter settings.

Category Parameter Symbol Value
Region size A 2000 m x 2000 m
Network Number of users K 50-300
Number of CAs/UAVs M/N 2/6
Carrier frequency fe 2 GHz
Communication System bandwidth B 20 MHz
Noise PSD Np —174 dBm/Hz
Power Max/Min power Piax/ Pin 30/10 dBm
SINR threshold (A2G) Yin 10dB
UAV coverage radius Reow 270 m
Coverage CA comm.umcatlon Rea 500 m
radius
UAV capacity Ciax 20 users
. Min/Max altitude Hin/ Himax 50/300 m
Altitude Optimal altitude Hopt 178 m
S-curve parameters (a,b) (9.61, 0.16)
Channel (Urban) LoS/NLoS loss NL0S/ INLoS 1.0/20.0 dB
. Available frequencies Eax 3
Algorithm Interference threshold Dt 540 m

All simulations are implemented in Python 3.12.7 (Anaconda distribution) using
NumPy 1.26.4, SciPy 1.13.1, scikit-learn 1.5.1, NetworkX 3.3, and Matplotlib 3.10.3. Experi-
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ments are conducted on a personal computer equipped with an Intel Core i5-11260H CPU,
16 GB RAM, and no GPU acceleration (all computations are CPU-based). The operating
system is Windows 11 (build 10.0.26100). Each simulation run is executed as a single-
threaded process.

The evaluation uses N = 6 UAVs and M = 2 CAs throughout the main experiments.
this configuration represents a practically constrained emergency deployment scenario
where aerial resources are limited. The 2000 m x 2000 m area is chosen to reflect a typical
urban district affected by disaster, consistent with the scale of the 2021 Henan flooding
scenario. Sensitivity to UAV count is beyond the scope of the present work and is iden-
tified as a direction for future research; the primary focus is on demonstrating that, for
a fixed number of UAVs, QoS-aware joint optimization of positions and resources yields
substantially better service quality than position optimization alone.

The proposed QoS-TLK-VNS-K algorithm is compared against the following
baseline methods:

(1) TLK-VNS-K [8]: The original two-layer K-means with variable neighborhood
search algorithm, employing distance-based coverage criteria without interference man-
agement. This represents the state-of-the-art method specifically designed for capsule
airport-UAV networks.

It is worth noting that the reimplemented TLK-VNS-K yields coverage ratios of
58-73% in our experiments, which are lower than the 80-90% reported in the original
paper [8]. This discrepancy arises from three deliberate parameter differences introduced to
ensure a fair evaluation under the proposed QoS-aware framework. First, the original paper
uses a fixed optimal altitude Hopt = 178 m, whereas our implementation optimizes altitude
within the range [Hmin, Hmax] = [50,300] m; the resulting altitude variability slightly re-
duces average coverage probability. Second, the original paper evaluates a 1000 m x 1000 m
area, whereas our experiments use a 2000 m x 2000 m area with the same number of UAVs,
resulting in lower spatial coverage density. Third, users are randomly distributed in each
independent run, whereas the original paper uses specific fixed user distributions that
favor higher coverage. These differences are intentional: they create a more challenging and
representative emergency scenario to stress-test both algorithms under identical conditions.
As both TLK-VNS-K and QoS-TLK-VNS-K are evaluated under exactly the same parameter
settings and random seeds, the comparative conclusions remain valid.

(2) K-means: A clustering-based deployment method that places UAVs at cluster
centroids of user distributions. K-means clustering has been widely adopted for UAV
positioning due to its computational efficiency and intuitive geometric interpretation [27].

(3) Greedy: A sequential placement algorithm that iteratively selects UAV positions to
maximize marginal coverage. Greedy heuristics are commonly used in facility location and
coverage optimization problems [28].

(4) PSO: Particle Swarm Optimization, a population-based metaheuristic that has
been extensively applied to UAV deployment optimization [29]. For reproducibility, the
PSO baseline uses a swarm of 30 particles over 100 iterations, with inertia weight w = 0.7
and acceleration coefficients c; = ¢ = 1.5. Each particle encodes the horizontal posi-
tions of all UAVs (with altitude fixed at Hopt); particle velocities are initialized uniformly
in [—10,10] m per dimension, and particle positions are clipped to the deployment re-
gion [0, A] after each update. PSO represents the class of evolutionary algorithms for
continuous optimization.

(5) Random: Random UAV deployment within the target area, serving as a lower-
bound baseline to demonstrate the necessity of optimization.
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The selection of baseline algorithms covers three categories: problem-specific methods
(TLK-VNS-K), classical heuristics (K-means, greedy), and metaheuristic optimization (PSO),
enabling comprehensive performance evaluation.

4.2. Single-Scenario Performance Comparison

Table 7 presents the detailed performance comparison under a 100-user random
distribution scenario with six UAVs.

Table 7. Single-scenario performance comparison (100 users, 6 UAVs, random distribution).

QoS-TLK-VNS-K QoS-TLK-VNS-K QoS-TLK-VNS-K

Metric TLK-VNS-K (Sum Rate) (Max-Min) (Hybrid)
Coverage ratio 73% 73% 35% 63%
QoS satisfaction 48% 73% 35% 63%
Sum rate (Gbps) 2.22 1.79 1.21 2.07
Avg. rate (Mbps) 30.38 24.56 34.58 32.87
Avg. SINR (dB) 8.15 22.15 20.78 19.72
Min. SINR (dB) —0.74 14.33 17.22 11.83
Jain’s fairness 0.814 0.988 0.993 0.958
Channels used 1 3 2 2
Computation time (s) 6.21 8.60 10.91 30.73

TLK-VNS-K achieves 73% coverage but only 48% QoS satisfaction, indicating that 25%
of “covered” users fail to meet SINR requirements. QoS-TLK-VNS-K (sum rate) achieves
73% for both metrics, representing a 52.1% improvement in QoS satisfaction. Average SINR
improves from 8.15 dB to 22.15 dB (+14 dB). Minimum SINR improves from —0.74 dB to
14.33 dB (+15.07 dB), ensuring all served users exceed the 10 dB threshold. Jain’s fairness
index increases from 0.814 to 0.988, indicating more equitable rate distribution among users.
TLK-VNS-K uses only 1 channel (all UAVs on same frequency), causing severe interference,
while QoS-TLK-VNS-K uses 2-3 channels through graph coloring, effectively isolating
adjacent UAVs.

To verify that the proposed method genuinely improves effective service rather than
merely redefining the coverage metric, we decompose the geometric coverage into QoS-
satisfied users and “served-but-below-threshold” users (i.e., geometrically covered users
whose SINR falls below y,). For TLK-VNS-K, of the 73% geometrically covered users
only 48% are QoS-satisfied, leaving 25 percentage points of served-but-below-threshold
users—the false coverage. For QoS-TLK-VNS-K under the sum rate objective, the same 73%
geometric coverage is achieved, but the served-but-below-threshold fraction is reduced
to zero, so that all covered users satisfy the SINR requirement. This confirms that the
equality between QoS satisfaction and coverage for the proposed method is not an artifact
of the metric definition: at the same geometric coverage, the proposed method converts the
25 percentage points of false coverage into genuine QoS-satisfied service through interfer-
ence management and power control.

Regarding the choice of objective function for practical deployment, the results in
Table 7 suggest the following guidelines. The sum rate objective is recommended when
maximizing system throughput is the primary concern, achieving 73% QoS satisfaction and
22.15 dB average SINR with the lowest computation time (8.60 s). The max—min objective
is recommended when equity among users is paramount, achieving the highest minimum
SINR (17.22 dB) and Jain’s fairness index (0.993), ensuring that even the worst-served user
meets quality requirements. The hybrid objective (¢« = 0.7) is recommended for general
emergency communication deployment, balancing 63% QoS satisfaction with 32.87 Mbps
average user rate and 0.958 fairness.
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In all subsequent experiments (Tables 10 and 12-14), QoS-TLK-VNS-K results are
reported using the sum rate objective unless otherwise noted, as it provides the most direct
comparison with the distance-based coverage maximization objective of TLK-VNS-K. The
effect of objective function selection is systematically analyzed in Section 4.5.2.

The 2D deployment comparison is illustrated in Figure 4. The 3D deployment visual-
ization is shown in Figure 5.

1750

1500

1250

10001 *

Y (m)

750

X Unserved Users (27)
20007 T Served Users (73] 2000
UAV-UAV Link (6) e UAV-UAV Link (6) 300
1750
250 20
1250 ®
i a
Y 20 “ 20
.PJW £ ¢] o T
M g Euml % H
(o] Z = [ J £
g g
" 150 o 150
o 750 o
1 Y oru
10 0 w00
0 %
o
: W R wm ww mw e 5 P )
X (m) X (m)

2000

1750

1500

1250

Y (m)

1000 *

750

2000 X ¢
= UG Lok @ =~ UG Lnk ©
UAV-UAV Link (3) 300 UAV-UAV Link (5) 300
1750
250 1500 250
* o x x x 1250 o} x o x
- 1 * 1 *
From 200 200
° L a, g . :
N 184 T & 164m €
b ° E o » £
15} b £ 1000 2
£ s w % £
2 o H
0 a0
of [ 150
#=0 ua,
x Him
o
235y @ wn
u e
i
° 100 500 100
250
s0 50
0
3 250 500 750 1000 1250 1500 1750 2000 3 250 500 750 1000 1250 1500 1750 2000
X (m) X (m)

Figure 4. 2D deployment comparison.

These deployment figures are intended as qualitative illustrations of the spatial con-
figurations; the quantitative performance differences are reported in Table 7, and the
decomposition of the performance gain into deployment and resource-allocation contribu-
tions is provided by the ablation study (Section 4.6). Notably, under the sum rate objective
the deployment closely resembles that of TLK-VNS-K, which is consistent with the ablation
finding that, in this scenario, the improvement over the baseline arises primarily from
interference-aware resource allocation rather than from repositioning.
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Figure 5. 3D deployment visualization showing UAV altitudes and network topology.

4.3. User Scalability Analysis

Tables 10 and 11 present performance under varying user densities (50-300 users).
As the number of users increases from 50 to 300, TLK-VNS-K’s QoS satisfaction drops
sharply from 54.0% to 5.3%, while its geometric coverage remains relatively stable
(58.8-73.3%). This widening gap between coverage and QoS satisfaction demonstrates the
“false coverage” problem: in high-density scenarios, co-channel interference becomes
so severe that virtually all geometrically covered users fail to meet the SINR thresh-
old. At 300 users, TLK-VNS-K’s average SINR drops to —0.4 dB, confirming complete
interference saturation.

The random baseline in Table 11 exhibits an unexpectedly high average SINR (13.4 dB)
and Jain’s fairness index (0.907) compared to K-means (3.2 dB, 0.678), greedy (4.1 dB,
0.800), and PSO (6.9 dB, 0.782). This counterintuitive result can be attributed to two
factors. First, random deployment achieves only 28% coverage, meaning that only 56 out of
200 users are served. This small, self-selected group tends to consist of users who happen
to be near a randomly placed UAV with no competing neighbors, naturally resulting in
high SINR for those users. In contrast, optimization-based methods attempt to cover
more users (58%-65%), which inevitably brings more UAVs into proximity and increases
co-channel interference.

Second, the high Jain’s fairness index for random reflects that the few served users all
experience similarly good channel conditions, as they are served by isolated UAVs. This
is a degenerate form of fairness: equitable among a small, fortunate subset rather than
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across the full user population. When coverage is taken into account—only 28% of users
receive any service—random is clearly the worst-performing method. This result actually
reinforces the paper’s core argument: optimized deployment that ignores interference
(K-means, greedy, PSO) degrades SINR more severely than random placement, because it
concentrates UAVs to maximize coverage without managing co-channel interference.

In contrast, QoS-TLK-VNS-K maintains QoS satisfaction equal to its coverage ratio
across all scenarios, ensuring that every counted user genuinely satisfies the SINR re-
quirement. QoS satisfaction remains stable between 49.6% and 68.9%, and average SINR
stays above 18 dB even at 300 users. The relative QoS improvement over TLK-VNS-K
grows dramatically with user density, from +8.9% at 50 users to +-190.4% at 200 users and
+1158.5% at 300 users, demonstrating that the proposed algorithm becomes increasingly
advantageous as co-channel interference intensifies in dense deployments. The user scaling
comparison is visualized in Figure 6.
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Figure 6. Performance comparison under varying user densities.

We further note that the number and placement of CAs vary across the evaluated
scenarios: as the user count increases from 50 to 300, the CA configuration scales accordingly
(from two to four CAs, selected by the TLK initialization for each instance). Despite this
variation in CA configuration, QoS-TLK-VNS-K maintains stable QoS satisfaction (between
49.6% and 68.9%) and average SINR (above 18 dB) across all cases, indicating that the
proposed resource allocation and power control mechanisms are not sensitive to the specific
CA configuration. A dedicated sensitivity analysis that isolates the effect of CA placement,
while holding other factors fixed, is left as future work, together with the joint optimization
of CA siting (Section 6).

4.4. Multi-Scenario Diversity Analysis

To evaluate the robustness of the proposed algorithm under different user distribution
patterns, four representative scenarios are considered: Random (uniformly distributed
users), Clustered (users grouped in 4-6 clusters simulating evacuation shelters), Hotspot
(1-2 high-density areas representing disaster relief points), and Uniform Grid (regularly
spaced users for baseline comparison). Table 12 presents the detailed performance metrics.
The results reveal that QoS-TLK-VNS-K demonstrates the most significant advantages in
Clustered (+137.5%) and Hotspot (+355.0%) scenarios, which are most representative of
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actual emergency situations such as evacuation shelters and disaster relief points. In these
scenarios, users are concentrated in specific areas, causing severe co-channel interference
when multiple UAVs serve adjacent clusters. The integrated frequency allocation and
power control mechanisms effectively mitigate this interference, enabling QoS-TLK-VNS-
K to maintain QoS satisfaction equal to coverage ratio. In contrast, TLK-VNS-K suffers
from substantial performance degradation, with QoS satisfaction dropping to 28.0% and
10.0% in Clustered and Hotspot scenarios, respectively, despite achieving comparable
coverage ratios.

The visual comparison across all scenarios is illustrated in Figure 7.
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Figure 7. Performance comparison across different scenarios: (a) coverage ratio; (b) QoS satisfaction;
(c) average SINR.

4.5. Sensitivity Analysis

To evaluate the robustness of the proposed QoS-TLK-VNS-K algorithm, we ana-
lyze its performance under varying SINR threshold. The SINR threshold directly affects
the QoS requirement stringency and consequently impacts coverage, throughput, and
fairness metrics.

Table 13 shows performance under varying SINR thresholds. QoS-TLK-VNS-K ex-
hibits graceful degradation as SINR threshold increases, maintaining superior performance
across all thresholds.

Table 14 shows the impact of available frequency channels. TLK-VNS-K is unaffected
by channel count (uses only one channel). QoS-TLK-VNS-K performance improves with
more channels but saturates beyond four channels (six UAVs require at most x(G;y;) colors).

The sensitivity analysis results are visualized in Figure 8.
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Figure 8. Sensitivity analysis: (a) SINR threshold; (b) coverage radius; (c) UAV capacity.
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4.5.1. Impact of Interference Distance Threshold Djy;

Table 8 reports the sensitivity of QoS-TLK-VNS-K to Djnt (100 users, 5 independent
runs). A smaller Dj,; produces a sparser conflict graph, requiring fewer frequency channels
and enabling more aggressive spatial frequency reuse. At Dy, = 300 m, only 1.2 channels
are used on average and the sum rate reaches 2579.7 Mbps. However, looser interference
isolation results in moderate average SINR (17.2 dB) and fairness (0.953).

As Dy increases, more UAV pairs are assigned orthogonal channels, progressively
improving interference isolation. As shown in Table 8, the average SINR shows an overall
increasing trend, rising from 17.2 dB at 300 m to 25.0 dB at 800 m, although the increase is
not strictly monotonic (a slight decrease occurs at the 450 — 500 m transition) owing to run-
to-run variation in the deployment and channel-assignment outcomes. At Djy; = 800 m, the
average SINR reaches 25.0 dB and fairness improves to 0.996, while the sum rate decreases
to 1989.5 Mbps due to finer channel partitioning. The default value Dj, = 540 m (= 2Rcov)
provides a balanced operating point. QoS satisfaction remains stable between 46.0% and
53.8% across all tested values, confirming that the algorithm is robust to this parameter
over a wide range.

Table 8. Sensitivity to interference distance threshold Djn¢ (100 users, mean =+ std over 5 runs).

Djpn¢ (m) QoS (%) Sum Rate (Mbps) SINR (dB) #Ch Fairness
300 522477 2579.7 +252.2 17.2+£26 1.2 0.9534
400 50.8 +9.4 2520.6 +295.5 173+1.8 1.2 0.9578
450 51.44+10.4 24855 +215.9 19.6 2.7 1.4 0.9747
500 46.0+7.3 2386.0 + 253.8 18.0+1.6 1.2 0.9721

5401 50.2+12.4 2328.1 +=99.0 19.0 2.5 14 0.9752
600 53.8+6.0 2080.0 + 196.4 233+1.6 2.0 0.9928
700 53.0+7.2 2108.8 +264.4 24.0+0.7 2.0 0.9950
800 52.0+6.1 1989.5 +£214.2 25.0+05 2.2 0.9960

t Default value used in all other experiments.

4.5.2. Impact of Objective Weight «

Table 9 examines the effect of the objective weight a in the hybrid objective
(Equation (23)) over five independent runs. When & = 0, the optimization is fairness-
oriented: the minimum user rate reaches 33.2 Mbps and the Jain fairness index is 0.994. As
« increases toward 1, the optimization shifts toward aggregate throughput: at « = 1.0, the
sum rate reaches 2328.1 Mbps, while fairness decreases to 0.975 and minimum user rate
drops to 30.8 Mbps.

Table 9. Sensitivity to objective weight « (100 users, mean =+ std over 5 runs).

% QoS (%) Sum Rate (Mbps) Min Rate (Mbps) Fairness
0.0 50.0£75 1949.1 +253.2 332+45 0.9943
0.1 48.8+6.1 1932.9 £237.1 33.8+45 0.9946
0.3 51.8+9.8 2206.6 £192.3 35.0£54 0.9927
0.5 52.4+69 2005.0 £245.6 319+£53 0.9924

077 524+6.0 2030.7 £183.3 32.0+5.2 0.9937
0.9 52.6 £11.0 2144.5+133.1 327+£72 0.9879
1.0 50.2+12.4 2328.1 £99.0 30.8+5.8 0.9752

* Default value used in all other experiments.
The default « = 0.7 achieves a practical balance, maintaining a Jain fairness index of

0.994 and minimum rate of 32.0 Mbps while achieving 2030.7 Mbps sum rate. Notably, QoS
satisfaction remains stable between 48.8% and 52.6% across all « values, confirming that
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the proposed method does not require fine-tuned configuration and operates robustly over
a wide parameter range.

Table 10. Performance comparison between TLK-VNS-K and QoS-TLK-VNS-K under varying user
densities (mean = std over 5 independent runs).

Users Algorithm Coverage (%) QoS Sat. (%) Avg. SINR (dB) Fairness QoS Improv.
50 TLK-VNS-K 67.2+10.6 54.0+6.1 112£22 0.863 -
QoS-TLK-VNS-K 588 +11.1 58.8 +11.1 21.5+24 0.987 +8.9%
100 TLK-VNS-K 58.8+9.0 41.0+6.0 10.8 £45 0.829 -
QoS-TLK-VNS-K  49.6+11.3 49.6+11.3 21.7+23 0.986 +21.0%
150 TLK-VNS-K 66.9+6.3 347+£113 64+£29 0.804 -
QoS-TLK-VNS-K 63.6 6.4 63.6 +6.4 20.7+1.2 0.979 +83.3%
200 TLK-VNS-K 73.3+£3.0 229+89 35420 0.735 -
QoS-TLK-VNS-K 66.5+£2.3 66.5+2.3 201415 0.978 +190.4%
250 TLK-VNS-K 704 +4.2 13.0£8.0 1.6+23 0.775 -
QoS-TLK-VNS-K 68.9+3.1 689 +3.1 195+1.1 0.979 +430.0%
300 TLK-VNS-K 732+ 14 53+41 —-04+£17 0.774 -
QoS-TLK-VNS-K 66.7£2.1 66.7 £2.1 18.1+1.0 0.975 +1158.5%

QoS Improv. denotes the relative improvement in QoS satisfaction of QoS-TLK-VNS-K over TLK-VNS-K, com-

puted as (ngg-TLK-VNS-K _ W(’S%lé-VNS-K)/WEIaIS(-VNS-K x 100%.

Table 11. Comparison with baseline algorithms (200 users scenario).

Algorithm Coverage QoS Sat. Sum Rate (Gbps) Avg. SINR (dB) Fairness

K-Means 65.0% 18.0% 2.85 3.2 0.678
PSO 58.0% 32.0% 3.13 6.9 0.782
Greedy 59.0% 21.7% 3.44 4.1 0.800
Random 28.0% 26.8% 3.20 13.4 0.907

Table 12. Performance comparison across different scenarios (200 users).

Scenario Algorithm Coverage QoS Sat.  Avg.SINR(dB) Fairness
Random TLK-VNS-K 41.0% 37.5% 13.83 0.879
QoS-TLK-VNS-K 35.0% 35.0% 17.87 0.960
Clustered TLK-VNS-K 63.0% 28.0% 2.93 0.669
QoS-TLK-VNS-K 66.5% 66.5% 7.80 0.784
Hotspot TLK-VNS-K 48.5% 10.0% 2.93 0.582
p QoS-TLK-VNS-K 45.5% 45.5% 15.32 0.952
Uniform Grid TLK-VNS-K 36.0% 30.5% 11.25 0.812
QoS-TLK-VNS-K 36.0% 36.0% 16.78 0.948

Table 13. SINR threshold sensitivity analysis.

SINR Threshold (dB) TLK-VNS-K QoS-TLK-VNS-K K-Means Greedy
3 55% 60% 50% 58%
5 45% 58% 45% 52%
7 35% 55% 40% 48%
9 25% 52% 35% 42%
11 15% 45% 30% 35%
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Table 14. Frequency resource sensitivity analysis.
Available Channels TLK-VNS-K QoS-TLK-VNS-K Improvement
2 35% 50% +42.9%
3 35% 55% +57.1%
4 35% 57% +62.9%
6 35% 58% +65.7%
Tables 15 and 16 report the data underlying Figure 8b,c, respectively.
Table 15. Sensitivity to UAV coverage radius Reov (100 users, QoS satisfaction reported).
Reoy (m) TLK-VNS-K (%) QoS-TLK-VNS-K (%) Improvement
150 18 25 +38.9%
200 25 38 +52.0%
250 32 48 +50.0%
300 36 52 +44.4%
350 42 55 +31.0%
400 52 60 +15.4%
Table 16. Sensitivity to UAV user capacity Cmax (100 users, QoS satisfaction reported).
Cmax (Users/UAV) TLK-VNS-K (%) QoS-TLK-VNS-K (%) Improvement
10 28 38 +35.7%
15 32 45 +40.6%
20 36 52 +44.4%
25 38 54 +42.1%
30 40 55 +37.5%

4.6. Ablation Study

To quantify the individual contribution of each component in QoS-TLK-VNS-K and,

in particular, to isolate the effect of multi-channel resource provisioning from that of the

proposed optimization, we evaluate 4 progressive variants over 10 independent runs with

100 users, 6 UAVs, and 3 frequency channels:

V1 (TLK-VNS-K baseline): The original algorithm with distance-based deployment,
a single shared frequency channel, and fixed maximum transmit power.

V2 (+ Round-Robin frequency allocation): V1 with the same UAV positions but with
the three channels assigned cyclically (f; = # mod Fnax), introducing real co-channel
reuse without any interference-topology awareness. This variant serves as the multi-
channel baseline requested to ensure a fair comparison.

V3 (+ Graph coloring): V2 with round-robin replaced by the proposed graph-coloring
frequency allocation, which assigns channels according to the interference graph.

V4 (QoS-TLK-VNS-K, complete): The full algorithm adding iterative power control
and QoS-aware VNS position optimization on top of V3.

All four variants are evaluated under identical scenarios, random seeds, and the same

number of frequency channels (V2-V4), so that any performance difference among V2, V3,

and V4 reflects the optimization strategy rather than the amount of spectrum available.

Results are reported in Table 17.
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Table 17. Ablation study of QoS-TLK-VNS-K components (100 users, 6 UAVs, 3 channels; mean =+ std
over 10 independent runs).

. o o Sum Rate Min Rate SINR Fairness
Variant Cov. (%) QoS (%) (Mbps) (Mbps) (dB) (Jain)
V1: TLK-VNS-K (baseline) 743+73 445+10.0 2106.3 £355.7 86+19 7.6+26 0.810
V2: + Round-Robin 743+73 69.1+53 1824.5+479.4 14.5+9.7 226+75 0.932
V3: + Graph Coloring 743+73 732458 22222 £335.2 169 £ 6.6 249+3.0 0.912
V4: QoS-TLK-VNS-K (complete) 714+55 714+£55 2286.3 £222.1 19.4+39 209+17 0.977

We analyze the results through the full set of stepwise transitions (V1—V2—V3—V4)
and also through the direct V2—V4 comparison.

(1) V1—V2: Co-channel interference is the dominant bottleneck. Adding round-robin
frequency allocation, without changing UAV positions, raises QoS satisfaction from 44.5%
to 69.1% and average SINR from 7.6 dB to 22.6 dB. As the geometric coverage is iden-
tical (74.3% for both), this gap is attributable solely to the elimination of co-channel
interference among the six UAVs rather than to any change in deployment. This con-
firms that the discrepancy between geometric coverage and QoS satisfaction in the base-
line originates from unmanaged interference. We note that the sum rate decreases from
2106.3 to 1824.5 Mbps in this transition: dividing the system bandwidth into three sub-
channels reduces the per-channel bandwidth, so although SINR improves substantially, the
aggregate rate is limited by the narrower bandwidth allocated to each user.

(2) V2—V3: Topology-aware allocation outperforms naive multi-channel use. Variants
V2 and V3 use the same number of channels and the same UAV positions; they differ
only in the channel assignment strategy. Replacing round-robin with graph coloring in-
creases the sum rate from 1824.5 to 2222.2 Mbps (421.8%), raises QoS satisfaction from
69.1% to 73.2%, and improves average SINR from 22.6 to 24.9 dB. Because the avail-
able spectrum is identical, this improvement is attributable entirely to the intelligent,
interference-aware channel assignment, which separates mutually interfering UAVs in
frequency while allowing well-separated UAVs to reuse the same channel. This directly
addresses the concern that the observed gains could be a mere consequence of having
access to more channels: at equal spectrum, the proposed allocation provides a clear
additional benefit.

(3) V3—V4: Power control and QoS-aware optimization improve fairness and
worst-case service. The complete algorithm increases the minimum user rate from
16.9 to 19.4 Mbps and the Jain fairness index from 0.912 to 0.977, while raising the sum
rate slightly from 2222.2 to 2286.3 Mbps. Two metrics decrease in this transition: the
average SINR drops from 24.9 to 20.9 dB, and the coverage ratio decreases from 74.3% to
71.4%. Both are deliberate consequences of the QoS-aware design rather than performance
degradation. The iterative power control reduces transmit power for UAVs whose served
users already exceed the SINR threshold by a comfortable margin (controlled by Amargin),
trading redundant SINR headroom for lower interference leakage and improved energy
efficiency; the resulting average SINR of 20.9 dB still far exceeds the 10 dB QoS threshold.
The small reduction in coverage arises because power reduction pushes a few cell-edge
users below the coverage threshold; the users that remain are all QoS-satisfied, which is
why V4 exhibits QoS satisfaction exactly equal to its coverage ratio (71.4%).

(4) Direct V2— V4 comparison. To address the question of whether the additional
complexity introduced beyond the simplest multi-channel scheme is justified, we compare
V4 directly with V2. The complete algorithm improves QoS satisfaction (71.4% vs. 69.1%),
sum rate (2286.3 vs. 1824.5 Mbps, +25.3%), minimum user rate (19.4 vs. 14.5 Mbps), and Jain
fairness (0.977 vs. 0.932). V4 exhibits a marginally lower average SINR (20.9 vs. 22.6 dB) and
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coverage ratio (71.4% vs. 74.3%). The SINR difference reflects the power control trade-off
discussed above and remains well above the QoS threshold, while the coverage difference
is small and is accompanied by a substantially higher fairness index and minimum rate.
Overall, the complete algorithm provides clearly superior throughput, fairness, and worst-
case user performance at equal spectrum, confirming that the proposed graph coloring,
power control, and QoS-aware optimization contribute genuine improvements beyond
simply providing additional frequency channels.

In summary, the ablation study establishes the distinct role of each module: frequency
allocation removes the co-channel interference that causes the false-coverage problem
(V1—V2); graph coloring improves spectral efficiency through interference-aware reuse at
equal spectrum (V2—V3); and power control with QoS-aware VNS enhances fairness and
minimum-rate guarantees while maintaining SINR well above the requirement (V3—V4).
The direct V2—V4 comparison confirms that the full framework outperforms the simplest
multi-channel baseline on the metrics most relevant to reliable emergency communication.

4.7. Statistical Validation

To verify the robustness of the observed performance gains, we conduct 30 indepen-
dent runs with different random seeds and apply Welch’s t-test to compare TLK-VNS-K
and QoS-TLK-VINS-K. Results are reported in Table 18.

Table 18. Statistical comparison between TLK-VNS-K and QoS-TLK-VNS-K (100 users, mean =+ std
over 30 independent runs, Welch's t-test).

Metric TLK-VNS-K QoS-TLK-VNS-K A p-Value
Coverage (%) 59.97 & 6.69 53.67 £ 8.65 —10.5% 0.0030 **
QoS Sat. (%) 43.33 +10.46 53.67 & 8.65 +23.8% 0.0001 ***
Sum Rate (Mbps)  2207.6 4 550.8 2392.2 £313.8 +8.4% 0.1236
Min Rate (Mbps) 10.73 £2.66 31.64 £5.94 +194.9% <0.001 ***
Avg. SINR (dB) 10.57 £3.89 21.57 £2.80 +104.0% <0.001 ***
Jain Fairness 0.85£0.04 0.99 +0.01 +16.2% <0.001 ***

**p <0.01, ** p < 0.001. Welch’s t-test is used throughout. Sum rate improvement is not statistically significant
(p = 0.1236).

QoS-TLK-VNS-K significantly improves QoS satisfaction from 43.33% to 53.67% (4+23.8%,
p = 0.0001), minimum user rate from 10.73 Mbps to 31.64 Mbps (+194.9%, p < 0.001), average
SINR from 10.57 dB to 21.57 dB (4+104.0%, p < 0.001), and Jain's fairness index from 0.85 to
0.99 (+16.2%, p < 0.001). These four metrics are all statistically significant.

Two results merit explicit discussion. First, QoS-TLK-VNS-K exhibits a lower raw
coverage ratio (53.67% vs. 59.97%, —10.5%, p = 0.003). This reduction is not a performance
deficiency but, rather, an expected consequence of the QoS-aware design: the proposed
algorithm declines to count geometrically covered users who cannot satisfy the SINR
threshold, and instead repositions UAVs to guarantee effective service for the users it
does serve. In other words, the algorithm trades a small reduction in raw coverage for
substantial gains in service quality, SINR, minimum rate, and fairness.

Second, the sum rate shows a positive trend (48.4%) but is not statistically significant
(p = 0.1236). This is consistent with the hybrid objective design (¢ = 0.7), which balances
throughput and fairness rather than pursuing pure sum rate maximization. The primary
benefit of the proposed method therefore lies in reliable QoS provisioning rather than
aggregate throughput improvement.

4.8. Convergence Analysis

Figure 9 illustrates the convergence behavior of the VNS-based algorithms for a
representative 100-user run. For TLK-VNS-K (Figure 9a), the coverage ratio improves over
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the iterations and stabilizes at approximately 88% within about 20 iterations, illustrating
how the VNS shaking and local-search operators progressively refine the initial deployment.
For QoS-TLK-VNS-K under the sum rate objective (Figure 9b), the normalized objective
value increases steadily and stabilizes near its maximum within approximately 70 iterations;
the somewhat longer trajectory reflects the larger effective search space introduced by the
joint frequency and power reallocation performed at each accepted position update. In both
cases, the search reaches a stable solution within the iteration budget, confirming that the
proposed method converges reliably for the emergency-deployment scenarios considered.

TLK-VNS-K Convergence QoS-TLK-VNS-K Convergence (Sum Rate)
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Figure 9. Convergence curves for a representative 100-user run: (a) TLK-VNS-K, showing coverage
ratio versus iteration; (b) QoS-TLK-VNS-K, showing the normalized sum rate objective versus iteration.

4.9. Results Summary

The experimental results demonstrate the effectiveness of the proposed QoS-TLK-
VNS-K algorithm across multiple evaluation dimensions. Four key findings emerge from
the comprehensive experiments.

(1) Substantial and statistically significant QoS improvement. Over 30 indepen-
dent runs, QoS-TLK-VNS-K improves QoS satisfaction from 43.33% to 53.67% (423.8%,
p < 0.001), average SINR from 10.57 dB to 21.57 dB (4+-104.0%, p < 0.001), and minimum
user rate from 10.73 Mbps to 31.64 Mbps (+194.9%, p < 0.001). These improvements
are driven by graph-coloring-based frequency allocation, which eliminates co-channel
interference, and iterative power control, which further improves SINR margins.

(2) Enhanced and statistically significant fairness. Jain’s fairness index improves from
0.85 t0 0.99 (+16.2%, p < 0.001), demonstrating more equitable service quality across all
users and effectively eliminating the “cell-edge user sacrifice” phenomenon. The ablation
study confirms that this fairness gain is primarily attributable to power control and QoS-
aware VNS optimization (V3—V4).

(3) Coverage—quality trade-off. QoS-TLK-VNS-K exhibits a lower raw coverage ratio
(53.67% vs. 59.97%, —10.5%, p = 0.003). This is an expected consequence of the QoS-aware
objective: the algorithm prioritizes effective QoS-satisfied service over geometric coverage
count. The sum rate shows a positive trend (+8.4%) but is not statistically significant
(p = 0.1236); the primary benefit lies in reliable QoS provisioning.

(4) Scalability and robustness. The improvement is most pronounced in high-density
and spatially clustered scenarios: at 300 users, TLK-VNS-K’s QoS satisfaction collapses
to 5.3% while QoS-TLK-VNS-K maintains 66.7%; in hotspot and clustered distributions,
improvements reach 355.0% and 137.5%, respectively. The computational overhead remains
acceptable, with only 3.4 s additional time on average.

Table 19 summarizes the overall experimental findings.
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Table 19. Experimental results summary.

Evaluation Dimension TLK-VNS-K QoS-TLK-VNS-K Improvement
QoS satisfaction (30-run mean) 43.33% 53.67% +23.8% ***
Average SINR (30-run mean) 10.57 dB 21.57 dB +104.0% ***
Min. user rate (30-run mean) 10.73 Mbps 31.64 Mbps +194.9% ***
Jain’s fairness (30-run mean) 0.85 0.99 +16.2% ***
Coverage ratio (30-run mean) 59.97% 53.67% —10.5% **
Sum rate (30-run mean) 2207.6 Mbps 2392.2 Mbps +8.4% (ns)
Hotspot scenario QoS 10.0% 45.5% +355.0%
Clustered scenario QoS 28.0% 66.5% +137.5%
Computation time 12.3s 15.7 s +3.4s

**p < 0.01,*** p < 0.001 (Welch’s t-test, 30 runs); ns: not significant (p = 0.1236).

5. Discussion

This section provides a deeper interpretation of the experimental results, discusses the
operational implications of the different objective functions, and states the main limitations
of the study.

5.1. Mechanisms Behind the Performance Gains

The improvements reported in Sections 4.2—4.7 arise from three coordinated mecha-
nisms rather than from a single factor. First, graph-coloring-based frequency allocation
removes co-channel interference among nearby UAVs, which is the dominant cause of the
false coverage observed in the distance-based baseline; the ablation study shows that this
mechanism alone raises QoS satisfaction from 44.5% to 69.1% (V1—V2). Second, topology-
aware channel assignment improves spectral efficiency relative to naive round-robin reuse
by allowing well-separated UAVs to share channels while isolating mutually interfering
ones (V2—V3). Third, iterative power control trims redundant transmit power and thereby
improves minimum user rate and fairness (V3—V4). The statistical validation confirms that
the largest and most significant gains are in SINR, minimum rate, and fairness—metrics
directly governed by interference and power—whereas the sum rate change is not statisti-
cally significant, which is consistent with these mechanisms acting primarily on service
reliability rather than on aggregate throughput.

5.2. Operational Implications of the Objective Functions

The three objective functions correspond to distinct operational priorities. The sum
rate objective maximizes aggregate throughput and is appropriate when the deployment
topology is already adequate and the goal is to serve high-demand users efficiently. The
max-min objective maximizes the worst-case user rate; as shown in Table 7, it attains the
highest minimum SINR and fairness but at a substantially lower coverage and QoS satisfac-
tion (35%). This behavior is inherent to max—min optimization, which sacrifices aggregate
service to protect the worst-served user, and implies that the max-min objective is suitable
only when guaranteeing uniform quality to a small set of critical users outweighs serving a
larger population—a relatively narrow operational regime in emergency communication,
where reaching as many users as possible is usually paramount. The hybrid objective is
intended to balance these extremes. We note that, in the single-scenario comparison, the
hybrid configuration does not dominate the sum rate configuration on coverage, QoS, or
computation time; its value is therefore not in outperforming sum rate on every metric,
but in offering a tunable trade-off (via a) between aggregate throughput and worst-case
fairness for operators who require an explicit compromise. For the emergency scenarios
emphasized in this paper, where maximizing the number of QoS-satisfied users is the
primary concern, the sum rate objective is the recommended default, and it is used in all
scaling and scenario experiments.
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5.3. Effect of the Decomposition Strategy

As discussed in Section 3.5, the joint optimization problem is solved through a hierar-
chical decomposition rather than a fully simultaneous optimization. This choice trades a
guarantee of global optimality for computational tractability, enabling deployment solu-
tions within seconds. The feedback coupling—reinvoking frequency allocation and power
control after every position perturbation—mitigates the loss by ensuring that each candi-
date deployment is evaluated under its own resource allocation. The stability of the results
across 30 independent runs suggests that this decomposition yields consistent solutions in
practice, although we do not claim that they are globally optimal.

5.4. Limitations

Several limitations should be noted. First, the main experiments use a fixed fleet of
N = 6 UAVs and M = 2 CAs, representing a resource-constrained emergency scenario; a
systematic sensitivity analysis with respect to the number of UAVs and CAs is left for future
work. Second, the channel model adopts the Al-Hourani probabilistic LoS model with a
co-channel, full-buffer interference assumption; adjacent-channel interference, small-scale
fading, and time-varying conditions are not modeled. Third, equal intra-cell bandwidth
allocation is assumed rather than jointly optimized. Fourth, CA locations are selected from
predetermined candidate sites rather than jointly optimized with UAV deployment. These
simplifications keep the study focused on the interplay between positioning, frequency
allocation, and power control, and each represents a natural direction for future extension,
as summarized in Section 6.

6. Conclusions

This study developed a QoS-aware optimization framework for UAV deployment
in capsule airport-UAV hierarchical emergency communication networks. The proposed
QoS-TLK-VNS-K algorithm addresses the joint deployment problem through a hierarchical
decomposition that coordinates graph coloring frequency allocation and iterative power
control with variable neighborhood search position optimization. The main conclusions
are summarized as follows:

(1) False coverage phenomenon identification. Traditional distance-based coverage
criteria lead to significant “false coverage” in interference-limited scenarios. Statistical
validation over 30 independent runs shows that TLK-VNS-K achieves 59.97% geometric
coverage but only 43.33% QoS satisfaction, meaning that, on average, 27.7% of “covered”
users fail to meet the SINR threshold. In the 300-user case, this gap widens dramatically:
TLK-VNS-K achieves 73.2% geometric coverage but only 5.3% QoS satisfaction, with av-
erage SINR collapsing to —0.4 dB. This motivates the transition from distance-based to
SINR-based coverage criteria.

(2) Effective interference—connectivity trade-off resolution. The proposed graph color-
ing frequency allocation and iterative power control effectively address the fundamental
trade-off between interference suppression and network connectivity. The ablation study
confirms that frequency allocation alone raises QoS satisfaction from 44.5% to 69.1% and
average SINR from 7.6 dB to 22.6 dB. Graph coloring further improves sum rate by 21.8%
over round-robin allocation through topology-aware channel assignment. Statistical val-
idation confirms that average SINR improves by 104.0% (p < 0.001) while full backhaul
connectivity is maintained throughout.

(3) Robustness across diverse scenarios. QoS-TLK-VNS-K maintains stable perfor-
mance across varying user densities (50-300) and spatial distribution patterns (random,
clustered, hotspot, uniform). Sensitivity analysis confirms that the algorithm is robust
to the interference distance threshold D;,; (QoS satisfaction remains between 46.0% and
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53.8% over Dy € [300,800] m) and the objective weight a (QoS satisfaction remains be-
tween 48.8% and 52.6% for all tested & values). The improvement over TLK-VNS-K is
most pronounced in high-density clustered scenarios representative of actual post-disaster
emergency communication requirements.

(4) Enhanced service fairness. Jain’s fairness index improves from 0.85 to 0.99 (+16.2%,
p < 0.001), statistically confirming more equitable service quality distribution among
users. The ablation study identifies power control and QoS-aware VNS optimization
as the primary drivers of this fairness gain: replacing round-robin with graph coloring
(V2—V3) slightly reduces fairness from 0.932 to 0.912 due to channel reuse among distant
UAVs, while the complete algorithm V4 raises it to 0.977 through power adjustment and
QoS-aware position optimization.

(5) Acceptable computational overhead. Despite the additional complexity of fre-
quency allocation and power control, the computational overhead remains acceptable
(+3.4's, +27.6% increase over TLK-VNS-K), enabling practical deployment in time-sensitive
emergency response scenarios. The overall time complexity is O(Iyns - kmax * Ipc - NK),
which scales linearly with the number of users K and remains tractable for the emergency
communication scenarios considered.

Limitations and Future Work

This study assumes predetermined CA locations and static ground users. Several
promising research directions emerge for future investigation:

(1) Joint CA-UAV optimization and CA-placement sensitivity. The present work se-
lects CA locations from predetermined candidate sites and then optimizes UAV deploy-
ment; a natural extension is to jointly optimize CA siting together with QoS-aware UAV
deployment, and to systematically analyze the sensitivity of network performance to CA
placement. Recent advances in facility location optimization [30] and bilevel program-
ming [31] provide potential methodological foundations.

(2) Dynamic deployment with user mobility. Extending to mobile user scenarios with
UAV trajectory planning. Deep reinforcement learning approaches [32] and model predic-
tive control methods [33] offer promising solutions for real-time adaptation.

(3) Energy-efficient deployment. Incorporating UAV energy consumption and battery
constraints into the optimization objective. Energy-aware path planning [34] and wireless
power transfer techniques [35] represent relevant research directions.

(4) Learning-based online optimization. Exploring deep reinforcement learning (DRL)
for online decision making without requiring complete channel state information. Recent
works on multi-agent DRL for UAV networks [36] and graph neural network-based resource
allocation [37] demonstrate the potential of data-driven approaches.

(5) Space—air—ground integrated networks. Extending to satellite-HAP-UAV coopera-
tive networks for ultra-wide-area emergency coverage. Nonterrestrial network integration [38]
and heterogeneous network coordination [39] provide relevant architectural frameworks.
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Abbreviations

The following abbreviations are used in this manuscript:

A2A Air-to-Air
A2G Air-to-Ground

CA Capsule Airport
FANET Flying Ad Hoc Network
LoS Line-of-Sight

MILP Mixed-Integer Linear Programming
MINLP  Mixed-Integer Nonlinear Programming
NLoS Non-Line-of-Sight

PSO Particle Swarm Optimization

QoS Quality of Service

SINR Signal-to-Interference-plus-Noise Ratio
TLK Two-Layer K-means

u2C UAV-to-Capsule Airport

UAV Unmanned Aerial Vehicle

VNS Variable Neighborhood Search
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