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ABSTRACT: The rapid growth of mobile and Internet of Things (IoT) applications in dense urban environments
places stringent demands on future Beyond 5G (B5G) or Beyond 6G (B6G) networks, which must ensure high Quality
of Service (QoS) while maintaining cost-efficiency and sustainable deployment. Traditional strategies struggle with
complex 3D propagation, building penetration loss, and the balance between coverage and infrastructure cost. To
address this challenge, this study presents the first application of a Global-best Guided Quantum-inspired Tabu Search
with Quantum-Not Gate (GQTS-QNG) framework for 3D base-station deployment optimization. The problem is
formulated as a multi-objective model that simultaneously maximizes coverage and minimizes deployment cost. A
binary-to-decimal encoding mechanism is designed to represent discrete placement coordinates and base station types,
leveraging a quantum-inspired method to efficiently search and refine solutions within challenging combinatorial
environments. Global-best guidance and tabu memory are integrated to strengthen convergence stability and avoid
revisiting previously explored solutions. Simulation results across user densities ranging from 1000 to 10,000 show
that GQTS-QNG consistently finds deployment configurations achieving full coverage while reducing deployment cost
compared with the state-of-the-art algorithms under equal iteration times. Additionally, our method generates well-
distributed and structured Pareto fronts, offering diverse planning options that allow operators to flexibly balance cost
and performance requirements. These findings demonstrate that GQTS-QNG is a scalable and efficient algorithm for
sustainable 3D cellular network deployment in B5G/6G urban scenarios.

KEYWORDS: 3D network deployment; quantum-inspired optimization; B5G/6G; multi-objective optimization;
coverage; deployment cost; urban wireless planning

1 Introduction
The accelerated evolution of wireless communications and the Internet of Things (IoT) has led to an

exponential surge in data traffic. Addressing this capacity demand typically requires a denser deployment of
base stations, which raises critical issues concerning network complexity and expensive construction costs.
To meet these demands sustainably, next-generation wireless networks, particularly B5G and 6G, must focus
on a critical balance between network performance (e.g., QoS, coverage rate [1], and RSSI) and sustainability
(e.g., deployment cost, energy efficiency [2], and carbon footprint reduction). This is particularly challenging
in dense urban and complex environments where the use of millimeter waves (mm Wave) in 5G/B5G, while
offering high data rates, suffers from limited coverage and high susceptibility to interference from buildings.
The complexity of these environments necessitates a 3D cellular deployment strategy [3], integrating macro-
cells and various types of small cells in an Ultra-Dense Heterogeneous Network (UDHN) architecture [4].
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The deployment problem is therefore inherently a Multi-Objective Optimization (MOO) problem, requiring
the simultaneous maximization of performance indicators like RSSI and coverage rate, and the minimization
of sustainability indicators such as deployment cost. Moreover, real-world constraints, such as the significant
penetration loss caused by different building materials and the requirement for wireless backhaul connec-
tivity between small cells and macro cells, must be explicitly considered in the deployment model. Previous
metaheuristic algorithms, such as Particle Swarm Optimization (PSO) [5], Genetic Algorithm (GA) [6], and
Non-dominated Sorting Genetic Algorithm II (NSGA-II) [7] have been widely applied to solve complex
network deployment problems and achieved notable results. However, these algorithms often face significant
limitations, like premature convergence in large-scale and high computational complexity.

Therefore, the multi-objective deployment problem necessitates an advanced optimization framework
capable of meeting the stringent requirements of UDHN. This framework must offer superior search
capability and robust diversity maintenance. Furthermore, it must be adept at balancing exploitation and
exploration among base station locations to effectively map the entire Pareto optimal set. This paper applies
the GQTS-QNG to the 3D base-station deployment problem for the first time, incorporating domain-specific
encoding and modeling to support realistic B5G/6G urban environments. GQTS-QNG is inspired by the
Quantum-inspired Tabu Search (QTS) algorithm, which has demonstrated strong performance in both
classical combinatorial optimization problems [8] and real-world applications [9]. By integrating quantum
mechanism, such as entanglement and superposition, GQTS-QNG enhances both global exploration and
local exploitation, avoids premature convergence, and maintains solution diversity across generations.
Consequently, the proposed method effectively addresses the limitations of existing metaheuristic
algorithms, offering a more robust and sustainable solution for multi-objective network deployment
optimization.

The main contributions of this paper are summarized as follows:

1. To the best of our knowledge, this study is the first to introduce GQTS-QNG to the 3D base-station
deployment problem in B5G/6G networks, demonstrating the algorithm’s applicability and potential in
complex large-scale telecommunication planning tasks.

2. A problem-specific binary-to-decimal encoding and solution representation scheme is designed to
model discrete 3D coordinates and multi-tier base-station types, ensuring GQTS-QNG can effectively
operate in the spatial and propagation-constrained environment in B5G/6G deployment.

3. Extensive simulations across multiple user-density scenarios validate that GQTS-QNG consistently
achieves full coverage with competitive deployment cost and generates smooth Pareto fronts, confirm-
ing its stability, scalability, and practicality for next-generation network planning.

The remainder of this paper is organized as follows. Section 2 reviews the related work, including
existing 3D cell deployment algorithms and the development of the GQTS-QNG. Section 3 presents the
formulation of the 3D multi-objective network deployment problem, including the network model, objective
variables, and mathematical definitions. Section 4 introduces the proposed method in detail, covering the
encoding scheme, measurement, construct Pareto front, the quantum-Not gate operation, and the quantum
matrix update. Section 5 describes the experimental setup, performance comparisons with benchmark
algorithms, and self-analysis of the results. Section 6 concludes the paper.

2 Related Work
The optimization of cell (base station) deployment in Heterogeneous Networks (HetNet) has been

extensively studied in recent years. For clarity, the related literature is divided into two categories: 3D cell
deployment problems solved by metaheuristic algorithms, and application studies of the GQTS-QNG. The
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first category focuses on the complex 3D cell deployment problem, reviewing prior studies that employ
metaheuristic algorithms to address key multi-objective metrics such as the number of base stations, energy
efficiency, coverage, and deployment cost [10]. The notable metaheuristic approaches discussed above will
be examined in detail in Section 2.1. The second category explores the application fields of the GQTS-QNG,
which has demonstrated high efficiency in solving complex optimization problems across various domains.
Building on these foundations, our proposed framework for 3D cell deployment strategy is fundamentally
based on these studies and will be presented in Section 2.2.

2.1 3D Cell Deployment Problems
Previous metaheuristic optimization algorithms, including PSO [11] and Ant Colony Optimization

(ACO) [12], have been widely applied to optimize sensor node placement and enhance network coverage in
wireless and heterogeneous systems. These algorithms are grounded in swarm intelligence behavior, enabling
collective learning and adaptive search across complex optimization landscapes. PSO models the social
interaction and information sharing among particles to efficiently explore continuous search spaces. ACO
simulates the pheromone-based communication of ants to construct optimal paths, demonstrating strong
capabilities in network routing, clustering, and connectivity optimization. Grey Wolf Optimizer (GWO),
inspired by the hierarchical hunting strategy of grey wolves, maintains a balance between exploration and
exploitation to achieve competitive results. Collectively, these swarm-intelligence-based algorithms have
provided a solid foundation for wireless network optimization.

In recent years, significant advancements in metaheuristic optimization have extended traditional
(swarm intelligence based) algorithms through the integration of quantum-inspired mechanisms. These
developments have led to the design of quantum-inspired optimization frameworks that enhance con-
vergence efficiency and adaptability in complex deployment environments, such as QTS algorithm and
Multi-Objective Quantum Tabu Search (MOQTS) [13]. Moreover, the classical GWO algorithm has been
further refined through the incorporation of chaotic maps and adaptive control strategies, which improve the
balance between exploration and exploitation, as illustrated by the Improved Chaotic Grey Wolf Optimiza-
tion (ICGWO) algorithm [10]. The continuous evolution of these metaheuristic techniques provides robust
and flexible models for addressing complex multi-objective challenges, particularly in three-dimensional
base station deployment and the development of efficient and sustainable 5G/6G network architectures.

2.2 Global-Best Guided Quantum-Inspired Tabu Search with Quantum-Not Gate Algorithm
GQTS-QNG introduced a hybrid optimization framework that integrates the quantum state superpo-

sition principle with the tabu search mechanism, effectively combining the global exploration capability
of quantum-inspired state encoding with the adaptive memory-based refinement process of tabu search.
Through probabilistic solution encoding and dynamic tabu restrictions, QTS enhances population diversity
and avoids premature convergence, achieving high-quality results in complex combinatorial problems such
as financial portfolio optimization and reversible circuit design. Building upon this foundation, the GQTS-
QNG algorithm extends the QTS framework to handle problems with multiple conflicting objectives.
By incorporating quantum-inspired state encoding and a multi-objective evaluation process, GQTS-QNG
effectively balances convergence precision and solution diversity. Its probabilistic search dynamics allow the
algorithm to explore a broader search space while retaining elite solution characteristics through tabu-based
memory control. This hybrid structure enables GQTS-QNG to produce well-distributed Pareto-optimal
solutions and demonstrates strong potential for complex optimization applications.
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3 Problem Formulation
In ultra-dense B5G/6G networks, the three-dimensional (3D) cell deployment problem is modeled as an

MOO problem, where the goal is to determine the optimal placement of macro and small cells that maximizes
network coverage rate, minimizes deployment cost, and maintains stable RSSI, thereby achieving sustainable
and efficient network performance. The formulations presented in Eqs. (1)–(27) are derived based on the
model proposed in [14,15].

3.1 The Network Model
The network topology is modeled in a 3D coordinate space, consisting of a set of base stations, users,

and buildings that may obstruct the signal path. The geometric relationship among these entities is illustrated
in Fig. 1. Let N be the number of base stations (S), K is the number of users (U), B is the number of buildings,
q ∈ N and k ∈ K, ∣N ∣ = S and ∣K∣ = U denote the indices of the qth base station Sq and the kth user Uk ,
respectively. In addition, b ∈ B represents a building that lies between the base station and the user.

Base Station ( )

Building ( )

User ( )

Figure 1: Illustration of the segmented 2D and 3D propagation paths between a base station, a building, and a user

To characterize the 3D propagation distance between a base station and a user, the total path is divided
into two segments: (i) the distance from the base station to the outer wall of the building, and (ii) the
distance from the inner wall of the building to the user. This decomposition allows the model to describe
both outdoor-to-indoor and indoor-to-outdoor transmission scenarios. The total 3D distance can thus
be expressed as Eq. (1), where D denotes the total distance, d3D

q ,b and d3D
b ,k denote the partial distance (d)

respective 3D link distances between the base station (q), the building (b), and the user (k).

D3D
q ,k = d3D

q ,b + d3D
b ,k (1)

Similarly, the 2D projection of the total propagation path is defined to represent the horizontal distance
between the base station and the user as Eq. (2), where d2D

q ,b and d2D
b ,k represent the corresponding 2D

projected distances.

D2D
q ,k = d2D

q ,b + d2D
b ,k (2)

The complete 3D distance is then derived as the Euclidean distance between the base station and the
user, which is expressed as a function of the 2D horizontal distance and the vertical height difference between
the base station and the user as Eq. (3), where HS

q and HU
k denote the heights of the base station and the user,
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respectively.

D3D
q ,k =

√
(D2D

q ,k)2 + (HS
q −HU

k )2 (3)

3.2 Objective Variables
The optimal base-station deployment problem seeks to achieve a balanced trade-off solution among

multiple conflicting objectives, among normal indicators of network deployment problem, including signal
coverage [16,17], energy efficiency, and received signal strength. In this study, two primary objectives
are considered: maximizing the average RSSI and maximizing coverage rate, while also minimizing the
deployment cost. Let x denote the deployment solution, representing the decision variables associated with
the placement and configuration of base stations. These objectives are inherently conflicting, achieving a
higher coverage rate typically requires deploying more base stations, which consequently increases the overall
cost, as shown in Eq. (4). Therefore, the problem is formulated as an MOO task that jointly optimizes these
trade-offs.

f (x)
⎧⎪⎪⎨⎪⎪⎩

MAX fcov erage(x)
MIN fcost(x)

(4)

subject to:

crq > 1, crq =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1, i f ∑B
a2=1 Ca0,a1 ≠ 0

1, i f ∑C
a2=1 Ca0,a2 ≠ 0

1, i f ∑D
a2=1 Ca0,a3 ≠ 0

1, i f Sq is a Macro cel l
0, otherwise

(5)

In Eq. (5), crq represents the number of users or small cells covered by the qth base station, indicating
its ability to establish communication links between macro and micro cells. When crq > 1, it implies that the
base station satisfies the basic connectivity requirement, which is an essential condition for evaluating other
objective functions. Ca0 denotes the macro cell, while other Ca0,ai terms (i = 1, 2, 3) correspond to small
cells, if Ca0,ai = 1, means it’s connected by Ca0. The sets B, C, and D represent collections of cells of different
types and hierarchical levels.

S1 + S2 + S3 + S4 = N (6)

In Eq. (6), Si is a different type of base station, N represents the sum of each type of base stations.

Rq ,k > −100 dB (7)
2m = HU

k (8)

To be closer to reality, we have some constraint such as Eqs. (7) and (8). In Eq. (7), Rq ,k represents the
RSSI from the q-th cell or base station to the k-th user, dBm is the usual unit of RSSI. In Eq. (8), HU

k represents
the k-th user’s height is fixed at 2 m.

These objectives collectively aim to improve service quality while maintaining network efficiency
and sustainability.
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3.2.1 Received Signal Strength Indicator, RSSI
The average RSSI across all users is defined in Eq. (9), where Rq ,k represents the received power between

base station Sq and user Uk , Ts represents the transmit power expressed in dBm. Besides, in Eq. (10), THD
is the coverage distance threshold, which varies for each base station, depending on its type-specific radius,
for example, the THD of the Macro cell is 200 m and THR is minimum acceptable RSSI to make sure that
the received signal is valid.

fRSSI =
∑K

k=1 Rq ,k

K
, Rq ,k =

⎧⎪⎪⎨⎪⎪⎩

TS − Pq ,k , if Cq ,k = 1
0, otherwise

(9)

Cq ,k =
⎧⎪⎪⎨⎪⎪⎩

1, D3D
q ,k < THD and Rq ,k > THR

0, otherwise
(10)

The total path loss Pq ,k between the base station Sq and user Uk is modeled as a composite formulation
that composed of three primary attenuation components, collectively representing both propagation and
environmental losses. After determining the basic propagation condition, either line-of-sight (LOS) or non-
line-of-sight (NLOS), these components are combined to represent the comprehensive signal degradation
in a three-dimensional urban environment. The formulation consists of the Base Propagation Loss pb p

q ,k ,
Penetration Loss ppl

q ,k , and Indoor Loss prk
q ,k ,which are defined in Eqs. (11) and (12).

Pq ,k = pb p
q ,k + ppl

q ,k + prk
q ,k (11)

pq ,k =
⎧⎪⎪⎨⎪⎪⎩

pmc
q ,k , if Sq is a macro cel l

psc
q ,k , if Sq is a smal l cel l

(12)

(a) Macro Cell Model

The macro cell model characterizes large-scale signal propagation between a macro base station and a
user under both LOS and NLOS conditions. In wireless communication systems, LOS conditions indicate
that a direct propagation path exists between the transmitter and receiver without any physical obstruction,
resulting in a more stable signal and lower attenuation. In contrast, NLOS conditions occur when the
direct signal path is blocked by obstacles such as buildings or other structures, leading to additional signal
degradation caused by reflection, diffraction, and scattering. These two propagation modes are fundamental
in determining the appropriate path loss formulation, as they represent distinct environmental propagation
behaviors. The path loss of macro cells, denoted as pmc

q ,k , is determined according to the propagation condition
and formulated as shown in Eq. (13), where D3D

q ,k represents the three-dimensional distance between base
station Sq and user Uk , and D2D

q ,k denotes the corresponding two-dimensional horizontal distance.
The breakpoint distance THdb p , defined in Eq. (17), separates the two LOS regions in the model. When

the transmission distance is shorter than the breakpoint (D2D
q ,k ≤ THdb p), the LOS path loss is computed

using Eq. (15) to calculate the Path Loss. Conversely, when the distance exceeds THdb p, Eq. (16) is applied
to determine the corresponding loss. Under the NLOS condition, we define the formulation to calculate the
Path Loss, as shown in Eq. (18). In these equations, F represents the frequency band of each base station.

pmc
q ,k =

⎧⎪⎪⎨⎪⎪⎩

pmc_LOS
q ,k , if D3D

q ,k is LOS
pmc_N LOS

q ,k , if D3D
q ,k is NLOS

(13)
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pmc_LOS
q ,k =

⎧⎪⎪⎨⎪⎪⎩

pmc_LOS1
q ,k , D2D

q ,k ≤ THd BP

pmc_LOS2
q ,k , D2D

q ,k ≥ THd BP
(14)

pmc_LOS1
q ,k = 28 + 22 log10 (D

3D
q ,k) + 20 log10 (F) (15)

pmc_LOS2
q ,k = 28 + 40 log10 (D

3D
q ,k) + 20 log10 (F) − 9 log10 ((THd BP)2 + (HS

q −HU
k )2) (16)

THd BP =
4(HS

q − 1.5)(HU
k − 1.5)F

c
(17)

pmc_N LOS
q ,k = max(pmc_N OS

q ,k , 13.54 + 39.08 log10 (D
3D
q ,k) + 20 log10 (F) − 0.6(HU

k − 1.5)) (18)

(b) Small Cell Model

The small cell model characterizes the short-range propagation between a small base station (q) and
user’s equipment (k) under both LOS and NLOS conditions. The path loss for small cells, denoted as Psc

q ,k ,
is predicated upon the specific propagation environment, as articulated in Eq. (19). This model adopts a
two-segment LOS structure that distinguishes between the near-field and far-field regions according to the
breakpoint distance THBP , which is defined in Eq. (20). Specifically, when the horizontal distance between
the transmitter and receiver (D2D

q ,k) is less than or equal to the breakpoint distance (D2D
q ,k ≤ THdb p), the LOS

path loss is calculated utilizing Eq. (21); otherwise, Eq. (22) is applied. The NLOS path loss, shown in Eq. (23),
is determined as the maximum of the LOS and NLOS components, thereby effectively capturing the stronger
signal attenuation resulting from obstruction.

In this model, D3D
q ,k and D2D

q ,k represent the three-dimensional and two-dimensional distances between
the small base station Sq and the user Uk , respectively. The term THdb p serves as the breakpoint distance,
which depends on the antenna heights of both Sq and Uk , as well as the carrier frequency. Compared with the
macro cell model, the small cell formulation reflects the characteristics of low-power and low-antenna-height
deployments, where short transmission distances and urban obstacles dominate signal attenuation. As such,
this model provides a more accurate estimation of the received signal power in dense and heterogeneous
network environments.

psc
q ,k =

⎧⎪⎪⎨⎪⎪⎩

psc_LOS
q ,k , if D3D

q ,k is LOS
psc_N LOS

q ,k , if D3D
q ,k is NLOS

(19)

psc_LOS
q ,k =

⎧⎪⎪⎨⎪⎪⎩

psc_LOS1
q ,k , D2D

q ,k ≤ THd BP

psc_LOS2
q ,k , D2D

q ,k ≥ THd BP
(20)

psc_LOS1
q ,k = 32.4 + 21 log10 (D

3D
q ,k) + 20 log10 (F) (21)

psc_LOS2
q ,k = 32.4 + 40 log10 (D

3D
q ,k) + 20 log10 (F) − 9.5 log10((THd BP)2 + (HS

q −HU
k )2) (22)

psc_N LOS
q ,k = max(psc_N LOS

q ,k , 35.3 log10 (D
3D
q ,k) + 22.4 + 21.3 log10 (F) − 0.3(HU

k − 1.5)) (23)

(c) Penetration and Indoor Path Loss

The total path loss pq ,k between base station Sq and user Uk is modeled as a composite formulation
comprising three primary attenuation components that collectively capture both propagation and environ-
mental losses. In addition to the base propagation loss described earlier, the model incorporates penetration
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and indoor loss components to account for additional signal degradation caused by building materials and
indoor obstacles. These components are essential to accurately represent the comprehensive attenuation
characteristics of a three-dimensional urban environment, particularly when user equipment is located
inside buildings or behind structural barriers.

The penetration loss ppl
q ,k represents the signal attenuation that occurs when radio waves penetrate

through one or more building walls, as shown in Eq. (24), where Pb denotes the penetration probability of
the i-th building along the transmission path, and Lm is the material loss factor in decibels. The logarithmic
term models the cumulative attenuation effect as the signal passes through multiple obstacles, accounting
for the stochastic distribution of building materials and thicknesses.

Furthermore, the indoor path loss component prk
q ,k represents the additional attenuation due to indoor

propagation when a user is located inside a building, as shown in Eq. (25). Where d2D
q ,k denotes the two-

dimensional horizontal distance between the base station and the indoor user. This formulation assumes that
indoor signal strength decays approximately linearly with distance due to multiple reflections and diffraction
effects within indoor environments. Together, the penetration and indoor path loss terms complement the
base propagation loss to capture a realistic three-dimensional urban signal attenuation model.

ppl
q ,k = 5 − 10 log10

N
∑
i=1
(Pb × 10

Lm
−10 ) (24)

prk
q ,k = 0.5 × d2D

q ,k (25)

3.2.2 Signal Coverage Indicator
In cellular network planning, ensuring that users maintain continuous and reliable connectivity is one

of the fundamental design goals. Among various performance indicators, the coverage rate plays a crucial
role, as shown in Eq. (26). It quantifies the proportion of users that are effectively served by at least one
base station.

For each user Uk , a coverage indicator crk is assigned a value of 1 if the user is within the coverage area of
any base station; otherwise, it is set to 0. The overall coverage performance fcov erage is obtained by averaging
these indicators across K, all users.

fcov erage =
∑K

k=1 crk

K
, crk =

⎧⎪⎪⎨⎪⎪⎩

1, if ∑N
q=1 Cq ,k ≠ 0

0, otherwise
(26)

3.2.3 Base Station Deployment Cost
The deployment cost is a critical factor from the operator’s perspective, as it directly affects both the

economic efficiency and the scalability of network expansion. Even under the same total cost, the coverage
and RSSI performance may vary significantly depending on the placement and type of deployed base stations.
Therefore, in addition to maximizing coverage and signal quality, cost optimization must also be considered
to achieve a balanced and sustainable network design. The total deployment cost of the network is primarily
determined by the number and types of base stations installed. Let E = eMC , eSC1 , eSC2, eSC3 be the set
of deployment cost coefficients for different cell types, where eMC denotes the cost of a macro cell, and
eSC1 , eSC2, and eSC3 represent the costs of small cells of types 1, 2, and 3, respectively.

fcost =
N 1

∑
a0=1

eMC +
N2

∑
a1=1

eSC1 +
N3

∑
a2=1

eSC2 +
N4

∑
a3=1

eSC3 (27)
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In Eq. (27), this formulation captures the cumulative deployment cost of heterogeneous base stations,
allowing the optimization model to balance financial expenditure against network performance objectives
such as coverage and received signal strength.

4 Proposed Method
The proposed method integrates GQTS-QNG into the 3D base-station deployment problem through

four steps. A binary-to-decimal encoding scheme maps network configurations into discrete search states.
A multi-objective fitness function evaluates coverage and deployment cost. A Quantum-Not gate operator
enhances search diversity and helps escape local optima, while the Q-matrix update mechanism reinforces
high-quality solutions using global-best guidance and tabu memory.

4.1 Encoding Scheme
In this study, the spatial deployment of base stations is represented through a binary encoding scheme

designed to facilitate efficient evolutionary optimization. Each base station (Sq) is encoded as a 22-bit binary
string, as shown in Fig. 2.

Figure 2: Encode method

The deployment region is defined as a 1000 × 1000 m2 area, discretized into 1024 grid points per axis,
corresponding to the range representable by 10 bits (210 = 1024). The first 10 bits represent the x-coordinate,
the subsequent 10 bits encode the y-coordinate. After binary-to-decimal conversion, any coordinate value
greater than 1000 is interpreted as an empty assignment, meaning no base station is placed at that position.
This design preserves the flexibility to leave certain grid points vacant, which is essential for cost-aware
deployment decisions. This mechanism naturally filters out redundant base station placements and therefore
supports cost-aware search behavior.

The final 2 bits encode the base-station type, where the binary patterns 00, 01, 10, and 11 correspond to
Macro Cell, Small Cell 1, Small Cell 2, and Small Cell 3, respectively. Base stations may be located on outdoor
utility poles, rooftops, or indoor ceilings throughout the environment.

4.2 Measurement
After the encoding stage, each candidate deployment configuration is generated through a measurement

procedure based on the Q-matrix, Q jt ∈ R22×N , where N denotes the maximum number of deployable base
stations. Each column, j, corresponds to one potential base station, and each row, t represents one bit in the
22-bit encoding scheme (10 bits for the X-coordinate, 10 bits for the Y-coordinate, and 2 bits for the station
type).
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At initialization, all probability values Q jt in the Q-matrix are set to 0.5, indicating equal probability
of selecting bit 0 or 1. During measurement, a random number r(0, 1) is generated for each bit, and the
measurement rule converts the probability representation into a binary solution matrix xi jt as:

xi jt =
⎧⎪⎪⎨⎪⎪⎩

1, if r < Q jt ,
0, otherwise.

(28)

Here, xi jt denotes the t-th bit of j-th base station for i-th candidate solution. Applying this rule to all
bits yields the binary deployment configuration for each particle.

This probabilistic sampling mechanism allows GQTS-QNG to explore diverse solution states in early
iterations and gradually concentrate probability mass on promising patterns as the Q-matrix evolves,
enabling an effective balance between exploration and exploitation in high-dimensional combinatorial
search spaces.

4.3 Construct Pareto Front
After the measurement stage, each candidate deployment solution xi is evaluated according to two

primary objectives: the coverage rate f1(xi) and the deployment cost f2(xi), as formulated in Eq. (29).
The optimization target is to maximize the coverage rate while minimizing the deployment cost, forming a
bi-objective optimization model.

To assess comparative performance among solutions, the dominance relation is employed as defined
in Eq. (30). Specifically, a solution x1 is said to dominate another solution x2 if it is no worse across all
objectives and strictly better in at least one objective.

By applying this dominance criterion, GQTS-QNG identifies a set of non-dominated solutions that
constitute the Pareto front. Solutions on the Pareto front represent effective trade-offs between maxi-
mizing network coverage and minimizing deployment expenditure, offering multiple feasible deployment
configurations for 3D base-station planning under varying network design priorities.

optimized f (xi) = { f1(xi), f2(xi)} (29)

x1 dominates x2

⎧⎪⎪⎨⎪⎪⎩

∀ j ε {1, 2} , f j(x1) ≥ f j(x2), and
∃ j ε {1, 2} , f j(x1) > f j(x2).

(30)

4.4 Quantum-Not Gate Operation
To enhance exploration capability and prevent premature convergence, a Quantum-Not gate mecha-

nism is incorporated into GQTS-QNG. The purpose of this operator is to enable the algorithm to escape
local optima by reversing selected probability amplitudes in the Q-matrix.

In each iteration, the global-best solution X gb and the worst solution of the current population
X lw are compared bit-wise. When the local search tendency becomes excessively biased toward inferior
configurations, i.e., when the probability of selecting the worst solution exceeds that of the best solution,
the Quantum-Not gate is triggered. Specifically, if the relationship between the two solutions satisfies the
conditions in Eq. (31), the transition probability Q jt of the t-th bit in the j-th base station is inverted to guide
the search direction away from suboptimal regions and toward high-quality solutions.

i f
⎧⎪⎪⎨⎪⎪⎩

X gb
jt = 1 & X lw

jt = 0 & Q jt < 0.5
X gb

jt = 0 & X lw
jt = 1 & Q jt > 0.5

, Q jt = 1 − Q jt (31)
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In each generation, the Quantum-Not gate evaluation is conducted, and when the condition in Eq. (31)
is met, the probability inversion is triggered to guide solutions closer to the gbest region and prevent
local stagnation. This conditional inversion mechanism increases the probability of selecting promising
solution states while suppressing inferior search directions, enabling rapid deviation from local optima and
accelerating convergence toward the global best solution.

4.5 Q-Matrix Update
The core concept of the GQTS-QNG update rule follows a principle, promote promising states while

discouraging inferior ones, where the algorithm favors promising solution patterns and suppresses inferior
ones. For each bit position, if the two solutions differ, the probability value in the Q-matrix is adjusted by a
rate θ according to Eq. (32): probabilities move closer to the global-best pattern when it is preferred, and away
when it is not. Through repeated updates, the probability distribution gradually shifts toward configurations
associated with high-quality solutions, allowing the algorithm to progressively converge toward the optimal
deployment while avoiding inferior regions of the search space.

Compared with previous QTS variants, the proposed GQTS-QNG introduces a global-best guided
update rule and a Quantum-Not gate operator. The global-best guidance accelerates convergence toward
the Pareto front by steering solutions toward promising regions, while the Quantum-Not gate mechanism
allows the algorithm to escape from local optima when a better solution is found. Collectively, these
mechanisms enable GQTS-QNG to efficiently find Pareto-optimal solutions while maintaining diversity in
the multi-objective setting.

Q jt =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

Q jt + θ , if X gb
jt = 1 & X lw

jt = 0
Q jt − θ , if X gb

jt = 0 & X lw
jt = 1

Q jt , if X gb
jt = X lw

jt

(32)

5 Experimental Results
This section evaluates the performance of the GQTS-QNG algorithm in realistic 3D urban deployment

scenarios. We first introduce the simulation settings and parameter configurations, followed by performance
comparisons with state-of-the-art algorithms under equal evaluation times. Finally, we analyze the obtained
Pareto-optimal solutions to illustrate the scalability and decision flexibility of GQTS-QNG across different
user densities, where the global-best guidance and Quantum-Not gate mechanisms jointly contribute to
maintaining convergence stability and solution diversity.

5.1 Environment Setting
The experiments are conducted in a 1000 × 1000 m2 three-dimensional urban environment consisting of

50 buildings with mixed construction materials. The building composition follows realistic city infrastructure
characteristics, where each building consists of approximately 30% multi-pane glass and 70% cement
materials. Both buildings and users are randomly distributed within the simulation area, and all spatial units
are represented in meters. Additional simulation parameters are summarized in Table 1 and the penetration
loss of different materials are shown in Table 2. The system evaluates both indoor and outdoor propagation
effects with material-based penetration loss. A total of 1000 to 10,000 mobile users are deployed, with
increments of 1000 users per simulation. User devices are positioned 2 m above either the ground level or
the corresponding indoor floor level to emulate realistic handheld user heights.
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Table 1: Parameter settings

Parameter Value
Size of the venue 1000 m × 1000 m

Number of users
1000, 2000, 3000, 4000,
5000, 6000, 7000, 8000,

9000, 10,000

Number of buildings 50

The upper bound of buildings 48 m

The lower bound of buildings 12 m

Floor-to-floor height 3 m

Building material 30% multi-pane glass,
70% cement materials

Table 2: Penetration loss of materials

Materials Penetration loss
Multi-pane glass Lglass = 2 + 0.2F

Cement Lconcrete = 5 + 4F

For base station deployment, the placement configuration in this study follows the settings proposed
in [14], and the detailed base station parameters are summarized in Table 3. Neighboring base stations of
the same type are assigned different carrier frequencies to prevent co-channel interference. Outdoor base
stations are installed either on utility poles at a height of 8 m or on rooftop locations proportional to building
heights, while indoor base stations are deployed at a height of approximately 3 m relative to each floor level,
consistent with indoor floor heights. The proposed deployment strategy adopts a bi-objective optimization
formulation, aiming to maximize network coverage while minimizing deployment cost. When two solutions
exhibit equivalent values in both objectives, the RSSI is employed as a secondary tie-breaking criterion to
distinguish solution quality.

Table 3: Parameter settings of the base stations

Type Transmission
power Radius Frequency

band Cost

Macro cell 50 W 200 m 3.6–4.1 GHz 58.9
Small cell 1 10 W 100 m 4.5–4.6 GHz 32.4
Small cell 2 1 W 50 m 27.0–28.2 GHz 11.8
Small cell 3 0.25 W 10 m 29.1–29.5 GHz 3.4

The GQTS-QNG algorithm is configured with 10 particles and executed for 10,000 generations with
θ = 0.0004. All simulations are implemented in C++ and executed on a workstation equipped with an Intel
Core i9-14900 CPU, 32 GB DDR4 RAM, and Windows 11 operating system.
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5.2 Comparison with State-of-the-Art Multi-Objective Algorithms
To evaluate the effectiveness of the proposed GQTS-QNG approach, we compare its performance with

well-known algorithms, including VA-GA [14], VA-NSGA-II [14], GA [6], and NSGA-II [7]. All algorithms
are executed with the same evaluation times of 100,000 to ensure a fair comparison. Because the baseline
results were originally presented in graphical form, the comparative performance values were approximated
from the published plots.

This work focuses on a single representative 3D low-loss environment to enable a controlled and ana-
lytically tractable comparison, whereas the baseline study reports averaged results over several deployment
scenarios. This setting isolates algorithmic effects from environmental variability, ensuring that performance
improvements stem from optimization capability rather than scenario differences.

Figs. 3 and 4 present the coverage rate and deployment cost comparison results, respectively. The results
indicate that GQTS-QNG consistently achieves the highest coverage across all user densities, demonstrating
superior network reachability and robustness in low-loss 3D propagation environments. In addition, GQTS-
QNG exhibits the slowest cost growth trend as the number of users increases, implying that the method is
more cost-efficient in selecting base station locations.
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GQTS-QNG VA-GA GA VA-NSGA-II NSGA-II

Figure 3: Coverage rates comparison of GQTS-QNG and multi-objective algorithms under different user densities.
GQTS-QNG consistently maintains higher coverage across all scenarios, demonstrating strong robustness as the
number of users increases
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Figure 4: Deployment cost comparison under increasing user densities. GQTS-QNG achieves significantly lower
deployment cost than the other methods, and the cost trend increases steadily as the number of users grows

5.3 Self Analysis
The proposed GQTS-QNG algorithm demonstrates strong capability in identifying deployment con-

figurations that simultaneously achieve a high coverage rate and a low deployment cost. To further assess
its robustness and scalability, Pareto fronts obtained under user-demand levels ranging from 2000 to 10,000
users are overlaid for comparison, as shown in Fig. 5. The results indicate that GQTS-QNG consistently
identifies solutions that achieve full coverage across all demand levels, highlighting its ability to maintain
service quality under increasing network load. In addition, the Pareto frontiers shift outward smoothly as the
number of users increases, reflecting the natural growth in deployment cost required to sustain high coverage
in denser environments. A slight cost inversion is observed between the 8000- and 10,000-user scenarios
because the 8000-user Pareto solutions deploy more macro cells, leading to a higher total cost despite having
fewer users.
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Figure 5: Pareto fronts of GQTS-QNG under different user densities. GQTS-QNG consistently achieves full coverage
while maintaining a smooth cost-coverage trade-off as user numbers increase
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Across all scenarios, GQTS-QNG generates a continuous spectrum of Pareto-optimal solutions rather
than converging to a single point, demonstrating stable convergence behavior and strong multi-objective
optimization capability. This solution diversity is particularly valuable for practical network planning, as it
enables operators to flexibly select deployment strategies that balance cost and performance according to
budget constraints and service requirements.

6 Conclusion
In this work, we demonstrate the first application of the GQTS-QNG framework to a 3D base-

station deployment problem. The proposed method demonstrates strong search dynamics by effectively
balancing global exploration and solution refinement through global-best guidance and the quantum-Not
gate operator. Experimental results show stable convergence behavior and consistent discovery of diverse
non-dominated deployment configurations, highlighting GQTS-QNG’s ability to maintain solution diversity
and avoid premature concentration in limited regions of the search space. Across a wide range of user
densities, our method successfully identifies full-coverage deployment solutions while maintaining favorable
cost characteristics and generating smooth and well-distributed Pareto fronts, demonstrating scalability and
robustness in high-dimensional discrete environments. These outcomes validate GQTS-QNG as a promising
and effective quantum-inspired optimization framework for complex 3D planning tasks. Future work will
extend GQTS-QNG to a wider range of 3D city models, including dense metropolitan regions, mixed urban–
suburban layouts, and indoor-dominant environments, to further assess its adaptability across heterogeneous
spatial and architectural conditions.
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