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Abstract

Ultra-dense networks (UDNs) enable next-generation wireless systems by providing high
capacity through aggressive base-station densification. However, dense deployments
increase interference and energy consumption, making Quality-of-Service (QoS) aware
performance evaluation and optimization challenging. Stochastic geometry (S5G) provides
a tractable framework for modeling large-scale UDNSs, but its use is often limited by simpli-
fying assumptions and simulation requirements. In parallel, Deep Learning (DL) offers
scalable tools for capturing complex network behavior from data. This paper proposes
a scalable analytical and data-driven framework for performance evaluation and energy
efficiency (EE) optimization in UDNs. SG-based analysis is used to derive expressions
for key metrics, including coverage probability and EE, under practical QoS constraints
such as base-station density, transmit power, activation probability, and SINR thresh-
olds. These results are used to construct a supervised learning dataset, where network
parameters and SG derived metrics serve as inputs, and simulation outcomes act as labels.
A DL model is trained to capture the nonlinear mapping between network configurations
and performance metrics. Results show that the proposed framework predicts coverage
probability and EE accurately for unseen UDN scenarios while substantially reducing
computational complexity compared to conventional SG-based methods, without violating
QoS constraints.

Keywords: ultra-dense networks; stochastic geometry; machine learning; deep learning;
coverage probability; energy efficiency; wireless communication systems

1. Introduction

The evolution of UDNs marks a pivotal advancement in wireless communication
systems [1]. UDNs are characterized by dense deployment of small cells, necessitating
sophisticated network design strategies to manage interference, optimize coverage, and
enhance energy efficiency [2,3]. SG has traditionally played a crucial role in modeling and
analyzing wireless networks by providing tractable mathematical frameworks to charac-
terize performance under random spatial distributions of base stations and users [4-6]. In
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parallel, ML has emerged as a complementary data-driven paradigm for network opti-
mization, enabling adaptive decision-making in complex environments [7,8]. This research
presents a unified analytical learning framework for a UDN, integrating stochastic ge-
ometry with Machine Learning (ML) to jointly characterize probability of coverage and
energy efficiency under QoS constraint. Unlike prior works that have addressed both anal-
yses in isolation [9-12], the proposed framework systematically leverages the analytical
tractability of SG and the predictive adaptability of ML, enabling rigorous evaluation under
heterogeneous active-inactive BSs and signaling to interference constraints. The proposed
framework follows a hybrid analytical-simulation-learning methodology. First, stochastic
geometry is employed to analytically model the UDN and derive expressions for SINR,
coverage probability, and energy efficiency under QoS constraints. These analytical results
are then validated through Monte Carlo simulations in MATLAB R2021a using spatially
distributed base stations and users. Based on the validated model, energy efficiency is opti-
mized by controlling the operational states of small cell base stations. Finally, a DL model
is trained using analytical and simulated data to learn the underlying relationship between
network parameters and performance metrics, enabling fast and scalable prediction of
coverage probability and energy efficiency for unseen UDNSs.

1.1. From the Perspective of Stochastic Geometry

SG provides a probabilistic framework that models the spatial distribution of base
stations and users in UDNs by employing random processes such as the Poisson Point
Process (PPP). This approach enables the derivation of analytical performance metrics and
closed-form expressions for key network parameters, making it particularly effective for
interference analysis in large-scale deployments [5,13-15]. However, its applicability is con-
strained by assumptions of homogeneous node distributions and simplified propagation
models, which may oversimplify the complexities of real-world network environments
and non-uniform deployments [5,16-19]. Figure 1 illustrates the conceptual architecture of
an UDN and its implementation using a SG-based heterogenous network model. At the
top level, the network represents a densely deployed wireless environment composed of
multiple tiers of base stations and access points serving diverse user locations and appli-
cation scenarios. These include residential buildings, commercial areas, hospitals, hotels,
libraries, and public spaces, all of which generate heterogeneous traffic demands with QoS
requirements. At the core of the architecture lies the UDN, where macro base stations
and a large number of small base stations coexist to provide seamless connectivity. The
wireless access network is connected to the core network and the global Internet, enabling
end-to-end communication and data exchange across different services and applications.
To enable tractable performance analysis, the physical network is shown by a Voronoi
Tessellation (VT) plot at the left bottom corner of the Figure 1. Here, base stations are
spatially distributed according to a spatial point process, typically modeled using a PPP.
The resulting VT represents the coverage regions of individual base stations, capturing the
inherent randomness of node locations in UDN. Figure 1 represents the relationship be-
tween the real-world heterogeneous deployment and its analytical counterpart. This serves
as the foundation for deriving key QoS metrics, which can subsequently be leveraged for
simulation, optimization, and data-driven learning using ML and DL techniques.

1.2. From the Perspective of Machine Learning

Conversely, ML methodologies offer a data-driven paradigm to enhance network
modeling and optimization. These models exhibit significant capability in predicting
network performance metrics, leveraging learned patterns from diverse data sources.
ML’s inherent adaptability to heterogeneous network conditions and its ability to capture
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intricate network interactions contribute to improved accuracy across diverse and dynamic
network scenarios [20,21]. Figure 2 illustrates the operational workflow of a ML-based
DL network in a wireless communication system. QoS parameters obtained from the
measurement system constitute the raw input data and represent the observed network
behavior under varying conditions. These measurements are systematically organized
into a learning dataset, which is used for model training, and a validation dataset. The
processed data are then supplied to the DL architecture, consisting of an input layer,
multiple hidden layers, and an output layer. Within the hidden layers, the network learns
complex nonlinear relationships and underlying patterns among the QoS parameters
through successive transformations. Finally, the effectiveness and reliability of the DL
model are evaluated through error analysis, providing insight into its prediction accuracy
and overall performance [10,22-24].

Ultra-dense
Heterogeneous Network

Stochastic Geometry Based
Network

Figure 1. System model of an ultra-dense heterogeneous network using SG.
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Figure 2. ML-DL-based wireless network performance prediction.
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1.3. A Unified Approach Based on SG and ML

Unlike SG, which relies on fixed assumptions, ML techniques can dynamically adjust
to changing network conditions and optimize operations. However, it may lack accuracy
in representing the nuanced complexities of real world UDNS, as shown in Figure 1.

Table 1 summarizes the key aspects and challenges of using SG versus ML (including
DL) for network modeling in UDNs based on references [4,5,20,21,23,25]. In continuation,
the complementary strengths and limitations of SG and ML indicate that neither approach
alone is sufficient for comprehensive QoS evaluation in UDNs. While SG offers analytical
tractability and interpretability through closed-form expressions, it struggles to capture
complex, nonlinear interactions arising from dense and heterogeneous deployments. Con-
versely, ML excels at learning such intricate relationships from data but often lacks physical
interpretability and depends heavily on large, high-quality datasets. This motivates a
hybrid framework in which SG is first utilized to model the spatial structure of the network
and derive key QoS parameters under well-defined assumptions. By grounding data-
driven learning in analytically derived features, the proposed approach aims to enhance
prediction accuracy, reduce training complexity, and improve interpretability.

Table 1. Key challenges for SG-based and ML-based approaches [10,22,26].

Machine Learning

S.No Aspect SG (Including Deep Learning)
1 Avproach Analytical, based on mathematical Data-driven, learns patterns and
’ PP models and probability theory relationships from data
Nature of Focus . . Focuses on learning from data, often
2. . es on theoretical analysis and . .
Analysis : . using statistical models
simulations
3 Modeling Uses probabilistic models to describe  Utilizes algorithms to extract
’ Characteristics network elements and interactions patterns and make predictions
Input Typically requires network Requires large amounts of labeled or
4 Requirements parameters and assumptions (e.g., unlabeled data for trainin
q node density, path loss models) &
Results are often interpretable in Results can be complex and less
5. Interpretability terms of theoretical network interpretable, depending on model
characteristics complexity and data
Adapts to specific data
- Captures general trends across L . .
6. Generalization " characteristics, potentially offering
network conditions -
better predictive performance
e Efficient for large-scale simulations ~ Requires computational resources for
7. Scalability e . a
with simplified assumptions training large models
s Limited to scenarios described by Flexible in adapting to diverse and
8. Flexibility - ) .
mathematical models changing network environments
o 1 Suitable for initial network design Suitable for real-world applications
g Application Suitability and theoretical analysis with diverse and dynamic data
10. Challenges May oversimplify real-world Requires careful preprocessing of

complexities and interactions

data and tuning of models

2. Literature Review

In recent research on UDNSs, traditional clustering methods like K-means and graph-
theory-based algorithms have been extensively studied alongside emerging deep-learning
approaches. Traditional methods, such as K-means clustering, are favored for their sim-
plicity but struggle with fixed cluster sizes and evenly distributed base stations. Graph
theory-based algorithms, such as those employing max-degree and min-cut approaches,
optimize energy efficiency by considering interference relationships among small base
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stations (SBSs) [27-30]. Conversely, DL-based clustering methods, including reinforcement
learning and unsupervised learning, offer dynamic adaptation capabilities that adjust
cluster formations based on real-time network conditions. Reinforcement-learning algo-
rithms optimize network sum rate by allowing agents to learn optimal policies through
interactions with their environment [31]. This adaptability is crucial in UDNs, where the
distribution and density of base stations can vary significantly [22]. The heterogeneity of
small cells in dense networks is achieved by optimizing energy saving and EE through sub
channel allocation, sub frame configuration, and power allocation. The study proposes
a heterogeneity aware optimization algorithm to ensure fairness and improve system EE
while reducing energy consumption.

The authors in reference [32] present a joint interference suppression scheme using
deep-reinforcement learning to maximize spectrum efficiency in heterogeneous networks
with dense small cells. The study introduces a deep deterministic policy gradient (DDPG)-
based algorithm to address power control and interference alignment, demonstrating
improved performance compared to existing algorithms.

Traditional resource allocation methods typically rely on greedy algorithms or semi-
definite programming to efficiently allocate sub channels and power [33,34]. The authors
in reference [35] analyze the UDN using game theory approaches. While these methods
are straightforward and computationally efficient, they may struggle with scalability and
adapting to dynamic network changes. In contrast, DL-based resource allocation leverages
neural networks to optimize complex objectives, such as energy efficiency and throughput
maximization. Q-learning algorithms reduce computational complexity while dynami-
cally allocating resources based on learned policies [20]. Centralized cooperative learning
schemes using Q-tables enable agents to collaboratively optimize resource allocation strate-
gies, effectively reducing interference and improving network efficiency [36]. Optimization
objectives in traditional methods often focus on specific metrics, such as energy efficiency or
throughput maximization, while considering QoS requirements [27,37-39]. These methods
provide a structured approach but may lack adaptability to varying network conditions and
optimization criteria. DL-based approaches offer a flexible framework to simultaneously
optimize multiple objectives in UDNs. Reinforcement-learning frameworks allow agents
to learn complex decision-making processes that optimize throughput, energy efficiency,
and QoS metrics dynamically [38].

This capability is particularly advantageous in environments where conditions change
rapidly and traditional static approaches may fall short. Both traditional and DL-based
methods aim to address common challenges in UDNS, such as computational complexity,
interference management, and dynamic adaptation.

Traditional methods excel in simplicity and initial implementation ease, but may
struggle with scalability and handling large-scale data efficiently [22,31,40-42]. DL-based
approaches mitigate these challenges by leveraging neural networks to handle large state-
action spaces and complex decision-making processes. By adopting distributed cooperative
learning and reinforcement learning techniques, these approaches reduce interference,
optimize resource utilization, and improve overall network performance [33,36,40].

In summary, the literature review highlights the ongoing evolution of methodologies
for clustering, resource allocation, and optimization in UDNs. Traditional methods provide
a solid foundation but face limitations in adapting to dynamic environments and optimizing
complex objectives simultaneously. DL-based approaches, leveraging reinforcement learn-
ing and neural networks, offer promising avenues to address these challenges by enabling
adaptive, efficient, and scalable solutions for future UDN deployments [21,32,38,43].

Table 2 presents a compilation of methods and approaches utilized in network opti-
mization, encompassing both traditional and ML-based strategies. Traditional methods
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such as K-means clustering and greedy algorithms are compared with ML approaches,
including reinforcement learning and distributed cooperative learning [44—46]. These
methods address different optimization objectives, such as energy efficiency and through-
put maximization, while tackling challenges like computational complexity and dynamic
adaptation in network environments.

Table 2. Methods and approaches in network optimization.

Aspect Traditional Methods ML Approaches References

Reinforcement learning, Q-learning,

K-means clustering . . [22,33,38]
Clustering Methods . unsupervised learning
Graph theory—based clustering (e.g., None [27,28,30,36]
max-degree, min-cut)
Game theory-based clustering None [35]
. Centralized cooperative learning
i(ff ouf:e Greedy algorithms (Q-table), reinforcement learning [34,36]
ocation Two-step subchannel allocation, L . .
power allocation Distributed cooperative learning [30]
Optimization Energy Efficiency (EE) optimization L [roughput maximization, EE [27,37,38]
Objectives optimization
Throughput maximization None [27]
considering QoS (e.g., data rate)
. g Large state-action space, dynamic
iﬁ:ﬁiﬁj Szrsr;};l;azt‘leonal complexity, fixed adaptation, congestion [22,40-42]

management

Recent reinforcement-learning-based optimization approaches, such as Soft Actor—
Critic (SAC) and Deep Deterministic Policy Gradient (DDPG), have demonstrated strong
performance in dynamic resource allocation and power control problems through on-
line interaction with the environment. These methods rely on continuous exploration,
reward-driven policy updates, and iterative training, which can incur high computational
complexity and convergence variability in ultra-dense networks. In contrast, the proposed
SG-ML framework follows an offline learning paradigm, where analytically derived and
simulation-validated data are used to train a regression model. This enables determinis-
tic, low-latency inference during deployment, avoids online exploration overhead, and
provides greater interpretability through SG-based modeling. While SAC and DDPG are
well suited for real-time adaptive control, the proposed approach is particularly advanta-
geous for fast, scalable performance evaluation and energy efficiency optimization under
QoS constraints.

Research Gap and Motivation

SG has been extensively used for UDN analysis due to its analytical tractability and
ability to derive closed-form expressions. However, SG-based models rely on simplified
assumptions such as homogeneous BS distributions, fixed activity states, and idealized
channel models, which limit their applicability in realistic UDNs with heterogeneous active—
inactive BS behavior and QoS constraints. In contrast, ML/DL methods enable scalable
and fast performance prediction but are typically trained using simulation-only datasets
and operate independently of SG-based analytical models. This disconnects results in
limited interpretability, weak generalization, and lack of analytical validation. Existing
studies largely treat SG and ML in isolation, or apply ML as a black-box substitute without
systematically leveraging SG-derived metrics. To address this gap, this work proposes a
unified SG-DL framework that integrates analytical modeling, Monte Carlo simulation,
and DL. SG is used to model the UDN and derive SINR, coverage probability, and EE
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under QoS constraints. The analytical results are validated via simulations in MATLAB. EE
optimization is performed through dynamic small cell BS activity control. Analytical and
simulation-derived data are jointly used to train a DL model, enabling fast and accurate
prediction of probability of coverage and EE for unseen UDN configurations.

3. System Model
3.1. Stochastic-Geometry-Based System Network Model

Figure 3 represents a UDN consisting of macro base stations distributed according
to a homogeneous PPP ©y; with a density A, in a Euclidean plane has been analyzed.
Additionally, Femto (small) BSs and all mobile users (MUs) are randomly distributed in
space, following two separate, homogenous and independent PPPs with densities Af and
Au, respectively (Figure 3).

Macro BS coverage region
— — — Small cell BS coverage region

1)
)
High Creamn"é N

&
High data streaming %

iy s, El ' %
N

Higl Sa streaming
]

Figure 3. Ultra-dense heterogeneous network.

The spatial densities, transmit powers, and path-loss parameters used in Figure 3 are
consistently applied across all experiments. For validation, the analytical expressions are
evaluated over a large number of independent spatial realizations, and the resulting cover-
age probability and energy efficiency metrics are averaged. These validated results are then
organized into a supervised learning dataset, forming the validation pipeline illustrated in
Figure 4, where simulation outputs are used to train and test the regression model.

SINR measures the quality of communication by comparing the power of the received
signal from the serving BS with the interference from other BSs and background noise.
Interference is generated by all BSs in the network, except the serving BS, reflecting the
complex interactions within the network [21,47,48]. While the proposed framework is
generalizable to such multi-tier UDN, in this study we focus primarily on the macro—femto,
which are the two tiers for tractability and clarity of analysis. This choice is motivated by
the fact that femto cells typically dominate interference in dense deployments due to their
high density and short-range operation.

In the femto tier, which consists of low-power BSs, sleep mode strategies are employed
to manage energy consumption. These strategies determine whether a BS remains active or
enters inactive (sleep) mode, affecting overall power consumption and network performance.
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Figure 4. Machine-learning-based DL framework for a UDN.

Network tiers vary in data rates, transmit power, and BS densities. For successful
communication, the SINR must exceed a predefined threshold. The analysis is conducted
for a MU located at the origin. Thus, any MU can connect to its nearest BS in the ith
tier, provided the SINR at the MU exceeds the threshold. Each tier is characterized by
parameters {P;, A;, &; } where P; denotes the transmit power, A; represents the BS density,
and &; includes additional characteristics of the tier.

For ease of notation, consider a user positioned at the origin O, with all base stations
situated relative to this point. The SIINR for a mobile user located at O during downlink
transmission from a BS can be expressed as follows:

Ptx i xgx

)
Y Yyeo, Pryh y8y T 0?

SINR (xmu,) =

In Equation (1), © represents the set of all interfering nodes with the MU at x, Py ;
denotes the transmitted power of the femto BS at tier i, and hxandhy, are the channel gains
from nodes x and y, respectively, due to small-scale fading. It is assumed that Rayleigh
fading channel gains follow hx ~ exp(1) and hy ~ exp(1). The background noise is
modeled as Additive White Gaussian Noise (AWGN) with variance 62, and the path loss
function is given by g = [|x||” %, where « is the path loss exponent.

In the power consumption model for femto base stations (BSs), the hardware design is
a critical factor. Based on the design outlined in [12], the total power consumption Pt of a
femto BS is the sum of power used by the microprocessor Py, the Field Programmable
Gate Array, Prpga, and the Power Amplifier, Ppa.

Protal = [Am * Pmacro] + [Af * Premto] + Ppa + Ppp + Prpga ()

In Equation (2), among these components, the RF (Radio Frequency) front end, which
includes both the RF transmitter and receiver, is the most significant contributor to overall
power usage, accounting for approximately 45% of the total consumption. The remaining
portion of the power is consumed by the Temperature Compensated Crystal Oscillator
(TCXO). Thus, the RF front end and TCXO together contribute to about 50% of the femto
BS’s total power consumption. Notably, significant power savings can be achieved by
turning off these RF components, which could potentially reduce power consumption by
up to 50%, with minimal impact on the operation of the femto BS.
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3.2. Deep-Learning-Based Model for Prediction

Figure 4 represents the second part of system model as DL-based system model for
performance prediction in UDNs. Raw data collected from the UDN environment, in-
cluding channel and network parameters such as BS density, channel conditions, transmit
power, and SINR thresholds, serve as input features. In addition, QoS parameters ob-
tained from network measurements are included to capture system behavior under diverse
operating conditions.

The processed inputs are fed into a DL architecture consisting of an input layer, multi-
ple hidden layers, and an output layer. The hidden layers learn nonlinear mappings and
latent relationships between the input features and target performance metrics through
successive feature transformations. The output layer produces estimates of network perfor-
mance metrics, including coverage probability and energy efficiency. Model performance
is evaluated using a validation dataset through error analysis, enabling quantitative as-
sessment of prediction accuracy and generalization capability for unseen UDN scenarios.
Table 3 provides a comparative overview of the strengths and limitations of SG and DL
for analyzing and simulating UDN performance. SG offers analytical tractability and
physics-based interpretability, enabling efficient evaluation of key performance metrics
under well-defined assumptions. However, it relies on simplified spatial and propagation
models, which may limit its ability to capture complex interactions in dense and dynamic
network environments. DL, in contrast, excels at learning intricate nonlinear relationships
from data and adapting to heterogeneous scenarios, but requires large labeled datasets and
incurs significant computational overhead during training. This comparison underscores
the complementary nature of SG and DL, motivating their integration to balance analytical
rigor with predictive flexibility in UDN performance analysis.

Table 3. Performance analysis of a UDN using Stochastic Geometry and DL models [10,20,21,26,32,38].

Simulation Aspect

DL Analysis with Synthetic

Analysis Using Stochastic Geometry Training Patterns

Physics-based
Understanding

Interpretability

Generalization Across Scenarios

Simplicity and Speed

Assumptions and
Simplifications

Limited Complexity

Scalability Issues

Pros
Provides clear insights into physical network Capable of learning intricate patterns and
characteristics relationships
Flexibility in adapting to complex,
real-world scenarios
Captures general trends across various Improved accuracy with large, diverse
network conditions datasets
Automatically extracts relevant features
from raw data

Results are interpretable and explainable

Computationally efficient for simulations

Cons
Relies on idealized assumptions and may not Dependency on large amounts of labeled
reflect real-world complexity training data
May not capture complex, nonlinear Potential challenges in interpreting
interactions in dynamic networks learned features

Initial setup and training may be

Challenges scaling to large and dense networks . . .
computationally intensive

3.3. Hybrid SG-DL Algorithm for Performance Evaluation

The proposed framework integrates SG-based Monte Carlo simulation and DL to
enable efficient performance evaluation and energy-efficiency optimization in a UDN. The
framework workflow is illustrated in the corresponding flowchart, as shown in Figure 5.
The process begins with the specification of key UDN parameters, including BS density, user
distribution, transmit power, the path-loss model, and QoS thresholds. These parameters
are provided as inputs to the SG-based evaluation block, where the spatial randomness of
BSs and mobile users is modeled using stochastic point processes. QoS constraints, such as
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SINR thresholds, are imposed to ensure realistic performance assessment. Based on these
constraints, the framework proceeds along two parallel evaluation paths. In the SG-based
analytical path, closed-form expressions for key performance metrics, including coverage
probability and energy efficiency, are derived. In parallel, MC simulations are conducted
to validate the analytical results by randomly deploying BSs and users under the same
spatial assumptions. The outputs from the analytical and simulation paths are combined to
construct a supervised learning dataset, consisting of network configuration parameters as
input features and the corresponding performance metrics as target labels. This dataset
is used to train a DL model that learns the nonlinear mapping between network features
and performance outcomes, enabling rapid prediction of coverage and energy efficiency
without repeated SG analysis or computationally intensive simulations. The trained DL
model is subsequently validated to assess prediction accuracy and generalization capability.
If the validation performance does not meet predefined criteria, the model is retrained with
updated parameters. Once satisfactory performance is achieved, the optimized model is
employed for final UDN performance evaluation and energy efficiency analysis.

UDN network
parameters

A 4

Stochastic Geometry
Evaluation

A

Analytical
Calculations

Montecarlo
Simulations
(500 iterations)

Construct Training Dataset
Features: UDN parameters and
Analytical equations.

’ Labels: Simulation Derived

Metrics
Training Dataset l

Deep learning

model training l

Compute Coverage
and energy efficiency,

Map Features — Metrics

Optimize
Model
Parameters

Retrain
Model

Validation

A

UDN performance]
evaluation

Figure 5. Workflow of the integrated SG—simulation—DL framework for UDN performance evaluation.
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Although the workflow in Figure 5 illustrates a generic data-driven learning archi-
tecture, the implemented learning model in this study is based on supervised SVR. The
term “DL-based framework” is used in a broad sense to denote data-driven learning in-
tegrated with SG rather than a deep neural network trained online. SVR is selected due
to its stable convergence, low training complexity, and strong generalization capability
for small- to medium-sized datasets derived from analytically grounded SG models. The
core contribution therefore lies in the integration of SG with supervised learning for scal-
able and fast performance prediction, rather than in the design of a specific deep neural
network architecture.

In this section, we develop a mathematical framework based on SG to analyze EE and
PC, formulating the problem to maximize EE under QoS constraints. The model is then
used to train a DL model via Monte Carlo simulations for data-driven optimization.

4. Mathematical Preliminaries for Stochastic Geometry
4.1. Point Processes (PP)

A Point Process (PP) is a stochastic model used to describe the spatial arrangement
of random points in a given region. This model is highly effective for analyzing random
spatial distributions. In the realm of UDN, a Point Process models the spatial distribution
of base stations or other network elements in a two-dimensional plane. A Point Process
is typically defined as a measurable mapping ® from a separable space R? (where d > 1)
to the set of positive integers. This mapping is locally finite and represents the spatial
distribution of points.

4.2. Poisson Point Processes (PPPs)

Point Processes can be categorized into different types, including Simple Point Pro-
cesses, Stationary Point Processes (SPPs), Non-Stationary Point Processes, and Poisson
Point Processes (PPPs). For this study, we focus on Simple PPs, SPPs, and PPPs, which are
defined as follows:

e A Simple Point Process ensures that each spatial location contains at most one point,
preventing overlap of points within the Euclidean space.

e A Stationary Point Process maintains statistical invariance under translation, meaning
its properties are consistent across different spatial locations.

e  The Poisson Point Process (PPP) is a widely used model in Stochastic Geometry. A PPP
is characterized by:

1.  Independence of points in disjoint regions.
2. Poisson distribution of the number of points within any given region A € R4
with the mean proportional to the measure of A

The probability of observing a point in region A is given by:

A)) e~ 1(4)
PIN(A) =) = AV E T ®

In Equation (3), #(A) represents the measure of the region A. In this study, we use
a homogeneous PPP, where the point density remains constant across the entire spatial
domain, making it suitable for analyzing the spatial distribution in UDN.

In our proposed network model, the base station is distributed as PPPs with specified
densities, such as a macro base station density of 0.5 and densities of interfering small
cells (0.3 and 0.2). The simulation evaluates key metrics like Pc and EE. This modeling
framework enables the assessment of network performance under different conditions of
transmit powers (e.g., Py = 10 dB), channel gains (e.g., By = 1.0) for macro base stations,
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Bi = [1.2, 1.5] for interfering cells, and other network parameters. These findings, derived
from a stochastic geometry framework with PPP-based network modeling, provide ac-
tionable insights for network planning, interference management, and resource allocation
in wireless communication systems. They contribute to the design of more resilient and
energy-efficient networks, catering to diverse user demands and operational environments.

5. Coverage Probability Using SG Analysis

A MU is considered to be in the coverage area of a BS when its average SINR, ¥ (44¢),
exceeds a certain threshold value, 7y (ry,). This implies that the MU can connect to at least one
BS with an SINR greater than the threshold value. With this understanding, the coverage
probability for a small cell under UDN is derived for the open-access mode.
In an interference-limited environment where self-interference is the dominant factor
over internal noise, the probability of coverage for a typical MU can be expressed as [6]
_2

2
AsqoNPE ¥ (s)Ts +Z, 2 A P”‘ Y)Y 1

PCUDN =

2\ 1"
)\SPS“ + Ei:z /\iPlf" ZHCSC( ) (4)
Whm{?(s) > Y(rny) > Vi) > 1

In Equation (4), Pc,,,,, represents the coverage probability of a typical mobile user in
an UDN. The variable A; denotes the density of small base stations, while gon indicates
the fraction of these small BSs that are active at any given time. The term Ps signifies
the transmit power of these small cells, and « is the path loss exponent, reflecting how
signal strength diminishes with distance. y is the SINR threshold required for coverage
from small cells. For other types of base stations, A; denotes their density, P; is their
transmit power, and v is the SINR threshold for coverage from these base stations. The sum

2

YN, APy ]“ (i )'y;E accounts for the aggregate contribution to coverage probability from all
2
types of BSs, excluding small cells, while Y-V, AiP} represents the total interference from

271Cs
based on the spatial distribution of base stations and the path loss characteristics. This

these base stations. The normalization factor % adjusts the coverage probability

factor accounts for the geometric and probabilistic aspects of the network, ensuring that
the coverage probability reflects the overall network configuration accurately.

To illustrate the operational validity of the proposed analytical framework, a single-
tier UDN scenario is first considered for clarity and analytical tractability. Monte Carlo
simulations were conducted in MATLAB with over 500 independent realizations, and the
simulated coverage probability exhibits close agreement with the analytical results, thereby
validating the correctness of the derived expression. This preliminary single-tier analysis
serves to demonstrate the underlying behavior of the model. The detailed simulation-based
performance evaluation, including coverage probability and energy efficiency (EE) for
multi-tier UDN deployments, is presented and discussed in the subsequent section.

6. Problem Formulation Based on SG Analysis

One of the prime objectives in UDN is to maximize the Energy Efficiency while
maintaining the QoS constraints. Using the tools from SG, the optimization problem is
formulated by jointly considering the operational states of small-cell BSs (active, standby,
sleep, and switched-off), where EE is defined as the ratio of achievable spectral efficiency to
total network power consumption. The optimization is subject to constraints ensuring that
(i) the coverage probability exceeds a predefined threshold, (ii) the SINR at a typical user
remains above the required SINR threshold, and (iii) the probabilities of BS operational
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EE (GON Astandby Asteep Aswof f)

states are valid and bounded. The resulting SG-based analytical solution provides the
maximum achievable EE under QoS constraints, which is subsequently used to generate
labeled data for training a DL model. The DL model learns the nonlinear relationship
between network parameters and EE, enabling fast and scalable prediction of optimal EE
for unseen UDN configurations. Therefore, our goal is to maximize

1 . )\MONP?/O‘»Q/(% Bis Buin) + Lhey AcPY ol (t, B, Buin) fou(1
] 26 vk (g —2/ap —2/a K 2/ap 2/ +log(1+ Pmin)
AF(@ 5, + 05 sandey +0:151e0p ) 5 + o (352 AonP; 2/ By 20+ T APy )
Subject to
0< Jon + Gstandby + Gsleep + Gsw.off <1
Yis) > Yrn > ve) > 1
and

2/ap—2 K 2/a g—2

Pc,, = AfQONPf/’X:Bf AR SYN N 1 > Brn (5)
ON — 2 2 2 — T
/\fPf/“+Z]I~<:2/\iPZ./”‘ 27esc (a1
{B foverage < BT
BmﬂCTO > 1

In Equation (5), the variables of interest are qon, qstandby, Jsieep, AN Gsw.off and the
optimal solution would be the maximized EE with the QoS requirement being satisfied.

v is the SINR threshold required for coverage from small cells. For other types of
base stations, A; denotes their density, P; is their transmit power, and y SINR threshold for
coverage from these base stations. The sum

Nz 2
Z)\]P]D")/(l)')/l a
i=2

accounts for the aggregate contribution to coverage probability from all types of BSs,
excluding small cells, while

N 2
2 APy
i=2
represents the total interference from these base stations.

7. Algorithm Design

This Algorithm 1 describes the SVM training model. It calculates Coverage Probability
and Energy Efficiency for different scenarios using specified formulas. The data is prepared
for SVM training, with SINR values and parameters used as inputs (X) and P./EE values
as outputs (Y). It splits the data for training and validation, trains SVM regression models
for P. and EE, predicts values, evaluates with residuals, and plots results, including P vs.
SINR, EE vs. SINR, scatter plots of actual vs. predicted values, and residual analysis.

Algorithm 1: Training Model

Input: Initialize simulation parameters:
Set values for A¢, Aj, Pr, Buin, Bi, qon, and By, for different path loss exponents.
Initialization: Generate SINR values

Create an array ‘SINR values’ ranging from 0 to 20 dB.
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Algorithm 1: Cont.

Initialize result arrays:

1.  Create P, values and ‘EE values’ as empty arrays to store calculated results.
2. Calculate Coverage Probability (P;) and Energy Efficiency (EE).

iteration: Iterate over each ‘o’ value.

1. For each «, iterate over ‘SINR values’

2. Calculate P, based on conditions involving A¢, A;, Pr, Bipin, and B;.

3. Compute EE using formulas with for A¢, A, Pf, Bin, Bi, qon, and By

4.  Store computed P, and EE values in P; values and EE values, respectively.

Prepare data for SVM training:
1. Create input-output pairs (X, Y, P;, XY, EE) for SVM regression.

2. Combine SINR values and « values into X.

3.  Populate Y, P, with P values and Y, EE with EE values.

Split data for training and validation:

1.  Use hold-out cross-validation (cv partition) to divide data into training (X train, Y,
P. train, EE train).

2. Validation sets (X values, Y, P., values, Y, EE values).

Train SVM models:

1.  Train an SVM regression model (SVM, P;) using X train, Y, P, train, EE train.
2. Train another SVM regression model (SVM, EE) using X train, Y, P, train, EE train.

Predict and evaluate models:

1.  Predict P; and EE using trained SVM models and X train.
2. Calculate residuals (residuals, P, and residuals, EE) by subtracting predicted
values from actual values.

Plot results:

1. Plot P vs. SINR for each o separately.

2. Plot EE vs. SINR for each « separately.

3.  Plot scatter plots of actual vs. predicted P. and EE.

4.  Plot residuals of P. and EE predictions to analyze model performance.

End

8. Results Analysis from the SG-Based Framework

SG is used to model the spatial distribution of base stations and users in UDNs.
Poisson Voronoi tessellations are employed for cell association and mobility modeling, as
shown in Figure 6.

MU is considered to be in the coverage region when it can transmit/receive signals
to/from its nearest BSs. With sleep mode schemes, the expression for coverage probability
is similar to that without sleep mode, with the density of active small BSs being A5y
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Figure 6. Voronoi Tessellation plot for a multi-tier UDN.

This leads to the following equation:

Pcp,y = Active Small cell tier BSgpergy Efficient + Sum of all other tiers

2N

2 2 N 2
b AsqoNPiys * 4 Lita AP, 1
Cupn = 2 2 27\ 1’
APE + YN, AP 2mesc (2 )a! (6)

where{% = YT 7 >1

The UDN coverage probability is defined by the analytical expression given in
Equation (5). For explicit numerical evaluation, the contribution of the active small cell tier

is computed as

2, {-2}
As’]ONP; ehn

= 0.005 x 7.07 x 2.21-05} ~ 0.0374

similarly, the macro base station tier contribution is obtained as
2y, (=%}
)\m Pj’la }’Ym
= 0.01 x 22.36 x 1.3{0%} ~ 0.0241

By summing these terms, the numerator of the coverage probability in Equation (4) is

= Active small cell + Macro tier

2 _2 N 2 _2

= )\s‘JONPf Vst A+ i APyt
= 0.0374 + 0.0241 ~ 0.0615

The active small cell power term and macro BS power term are:

= 0.001 x 22.36 ~ 0.0224
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The corresponding denominator, representing the total transmit power contribution
of all tiers, is calculated as

Active small cell + Macro tier
2 N 2
- )\ng + Zizz /\iPia
= 0.0354 + 0.0224 ~ 0.0578

Substituting the numerator and denominator values into Equation (4) yields the final
coverage probability for the single-tier UDN scenario.

2 _2 N 2 _2
/\SQONP}‘ Vs il )\iP{x Y- 1

2 2 27\ -1
)\SP; +Zzli2 AiPle 27TCSC( M )DC

PCUDN =

= 08615 % 0.637 ~ 0.678

Figure 7 (left side), shows that coverage probability increases with SINR. Moreover,
the dependency of Pc on the path loss exponent («), ranging from 1.0 to 2.5, underscores the
impact of signal propagation characteristics on coverage performance. Coverage probability
measures the likelihood that a mobile user (MU) can establish a reliable connection with at

least one BS, ensuring adequate Signal-to-Interference Ratio (SIR) levels. The parameters of
the simulation are listed in Table 4.

Coverage Probability vs SINR and Path Loss Exponent () Energy Efficiency vs SINR and Path Loss Exponent ()

-

35
: Q

£ 8 3
2 7

E 15
2 2
< g

P s 2
&0 =

=

g g

> =15
N :

= 1

05

25

1 SINR (dB) 19 SINR (dB)
Path Loss Exponent () Path Loss Exponent ()

Figure 7. 3D plot for Pc and EE using Stochastic Geometry.

Table 4. Simulation parameters for Stochastic Geometry.

Parameter Value(s)

Femto BS density (Af) 0.5

Interfering BS (A;) [0.3,0.2]

Transmit Power (Pf) 10

Path Loss Exponents () [1.0,1.5,2.0,2.5]
SINR Range 0dBto20dB
Thresholds Bmin= 0.5, Brh=0.7
Other Parameters Br= 0.8, Bmacro=1.1
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9. Results Analysis from the DL-Based Framework

The SG-based analytical model is used to compute EE and coverage probability under
QoS constraints for different UDN configurations. The analytically obtained results are
used to construct a labeled dataset. Network parameters, including BS densities, transmit
powers, activity probabilities, and SINR thresholds, are used as input features, while EE
and coverage probability serve as target outputs. A supervised SVM regression model
is trained using this dataset. Model performance is evaluated by comparing actual and
predicted EE and coverage probability through scatter plots and residual analysis.

The dataset employed for training SVR models was generated using SG-based analyti-
cal formulations validated through Monte Carlo simulations. It comprises SINR values in
the range of 0-20 dB and path loss exponents (x) € {1.0, 1.5, 2.0, 2.5}. For each (SINR, «)
pair, the corresponding Pc and EE were computed using the SG formulations described in
the system model (Equations (4)—(6)).

As a result, the dataset contains four structured attributes:

(@) SINR [dB]: an independent input feature representing the received signal quality;
(b) Path loss exponent (): an independent input reflecting the propagation environment;
(¢) Pc: adependent output representing coverage probability;

(d) EE: a dependent output representing energy efficiency.

In total, the dataset comprises 80 distinct data samples, generated across 20 SINR levels
(0-20 dB, 1 dB resolution) and four path-loss exponents (x = {1.0, 1.5, 2.0, 2.5}). Each data
point represents the empirical mean of 10° Monte Carlo realizations, ensuring statistical
stability and reproducibility. The dataset was partitioned into training and validation
subsets, ensuring that the predictive models were evaluated on unseen data points to assess
generalization. In Table 5, the SVR predictions show close agreement with analytical values,
with low residual errors.

Table 5. Simulation parameters for DL.

SINR (dB) Actual Actual P Predicted P Actual EE Predicted
(dB) EE
5.0 1.0 0.75 0.74 0.85 0.86
10.0 1.5 0.65 0.66 0.75 0.76
15.0 2.0 0.55 0.54 0.65 0.64
20.0 2.5 0.45 0.46 0.55 0.54

In the residual distribution notably, P decreases as SINR increases, a trend accurately
captured by the SVM model. These data points illustrate how the models predict coverage
probability and EE for specific SINR and « values (Figure 8).

For EE, the values demonstrate a similar trend, where the model’s predictions closely
match the actual values. This highlights the model’s effectiveness in EE. Moreover, EE
decreases with increasing SINR and «. The model captures this relationship effectively,
providing reliable predictions.

Residual analysis, as shown in Figures 9 and 10, reveals that residuals for both P
and EE are evenly distributed around zero. The 3D surface plots the smooth variation of
Pc and EE across different SINR and o values. The close alignment between the actual
and predicted surfaces in these plots. In summary, the SVM regression models for Pc
and EE demonstrate high accuracy and robustness, effectively capturing the complex rela-
tionships between SINR, the path—loss exponent, and the respective performance metrics.
Figures 9 and 10 illustrate the residual prediction analysis for Pc and EE, respectively. The
ideal reference line at residual = 0 corresponds to perfect alignment between actual (y) and
predicted () values, where residuals are defined as
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Figure 8. 3D surface plots for actual vs. predicted regression.
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Figure 10. Actual vs. residual prediction analysis of EE.

For an accurate model, residuals should satisfy E[r] ~ 0 and Varr ().
In our case, the residuals for both coverage and EE are symmetrically distributed
around zero, with a maximum deviation |r|< 0.02 Ir| (<%£2%). The mean residual is
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approximately zero (y, ~ 0) and the variance is negligible. This indicates that the SVR
models achieve high fidelity in predicting both metrics. From a generalization standpoint,
an under fitted model (high bias) would exhibit structured residuals deviating consistently
from the zero line, while an over fitted model (high variance) would show near-zero
error on training data but unstable, scattered residuals when applied to unseen data. By
contrast, the results in Figures 9 and 10 show residuals concentrated tightly around zero
for all SINR-« combinations. Furthermore, the associated 3D surfaces exhibit monotonic
and smooth variations: coverage decreases from 0.75 « = 1.0 to 0.45 at o« = 2.5, and EE
decreases from 0.85 to 0.55 across the same range. This quantitative agreement confirms
that the SVR models capture the nonlinear dependence of coverage and EE on SINR and «.
Collectively, both results validate that the regression framework achieves residual error
margins within +2%.

The proposed framework focuses on fast performance prediction rather than continu-
ous real time control. The SG analysis and simulations are used to construct a regression
model, while the prediction stage relies on SVR inference involving kernel evaluations.
As a result, the execution time per prediction is on the order of milliseconds on standard
computing platforms, introducing negligible computational overhead and making the
approach suitable for scalable deployment.

10. Integrated Analysis of the SG- and DL-Based Models

The unified approach for Pc and EE across different path loss exponents (), reveals
insightful findings. According to the stochastic geometry simulations, actual Pc values
gradually decrease as « increases. For instance, Pc decreases from 0.75 at o = 1.0 to 0.45 at
o = 2.5. Similarly, EE decreases with higher o from 0.85 at &« = 1.0 to 0.55 at « = 2.5.

The SVM regression models closely predict Pc and EE values, with discrepancies
between actual and predicted results consistently minimal (around 0.01). This demonstrates
the SVM model’s high accuracy in capturing the complex relationships between SINR, «,
and network performance metrics. Both approaches effectively capture the decreasing
trends of P- and EE as « increases.

SVM regression leverages empirical data to make accurate predictions. Figure 11
represents the analysis of error margins between SG simulations and ML predictions for
Pc and EE across different path loss exponents (). The percentage errors calculated show
minimal deviations between the ML-predicted values and the actual values obtained from
SG simulations. For Pc, the errors range from —1.82% to 2.22%, indicating that the ML
model generally predicts P values close to the actual SG results, with slight overestimations
or underestimations. Similarly, EE exhibits percentage errors ranging from —1.54% to 1.33%,
suggesting that the ML model effectively captures the trends in EE across varying « values,
as shown in Table 6.

Table 6. Comparison of actual and predicted values with percentage errors.

Predicted P Actual EE Predicted EE

led Actual P (SG) (ML) % Error Pc (SG) (ML) %o Error EE
1.0 0.75 0.74 —1.33 0.85 0.86 1.18

1.5 0.65 0.66 1.54 0.75 0.76 1.33
2.0 0.55 0.54 —1.82 0.65 0.64 —1.54
25 0.45 0.46 2.22 0.55 0.54 —1.82
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Figure 11. Scatter plot for error margin analysis of EE.

11. Conclusions

This work proposed a scalable optimization framework for UDN by integrating
stochastic-geometry-based analytical modeling with deep-learning-driven prediction.
Stochastic geometry was employed to characterize network behavior and derive QoS
aware expressions for coverage probability and energy efficiency under key system pa-
rameters, including base station density, transmit power, activation probability, and SINR
thresholds. These analytical outcomes enabled the construction of a structured dataset used
to train a supervised deep-learning model. The trained DL model effectively learned the
complex, nonlinear mapping between network configurations and performance metrics, en-
abling fast and accurate prediction of coverage probability and energy efficiency for unseen
UDN scenarios. Compared to conventional SG-based numerical evaluations, the proposed
framework significantly reduces computational complexity while maintaining analytical
consistency and QoS compliance. Overall, the integrated SG-DL approach highlights how
the two components complement each other and provide a scalable tool for performance
evaluation and energy optimization of a UDN, where purely analytical or simulation-based
methods become computationally less efficient.
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Abbreviations
Symbol Description Symbol Description
UDN Ultra-Dense Network QoS Quality of Service
BS Base Station SBS Small Base Station
MU Mobile User VT Voronoi Tessellation
PPP Poisson Point Process (o} Spatial PPP of BSs
A BS density Am Macro BS density
As Femto BS density B BS activity probability
Bon Active BS probability Bsleep Sleep-mode probability
P, Macro BS transmit power Pf Femto BS transmit power
SINR Signal-to-Interference-plus-Noise Ratio vy SINR threshold
Y Macro SINR threshold Yf Femto SINR threshold
o Path-loss exponent {(r) Path-loss function
o? Noise power (AWGN) I Aggregate interference
Pc Coverage probability EE Energy efficiency
R Achievable data rate SE Spectral efficiency
R? 2-D Euclidean space E[-] Expectation operator
ML Machine Learning DL Deep Learning
SVR Support Vector Regression X Input feature vector
Y Output variable Y Predicted output
r Residual error Prorar  Total BS power
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