
1

SkyCharge: Deploying Unmanned Aerial Vehicles for Dynamic Load
Optimization in Solar Small Cell 5G Networks

Daksh Dave, Vinay Chamola, Senior Member, IEEE, Sandeep Joshi, Senior Member, IEEE, and
Sherali Zeadally, Senior Member, IEEE

Abstract—The power requirements posed by the fifth-
generation and beyond cellular networks are an important
constraint in network deployment and require energy-efficient
solutions. In this work, we propose a novel user load transfer
approach using airborne base stations (BS) mounted on drones
for reliable and secure power redistribution across the micro-
grid network comprising green small cell BSs. Depending on
the user density and the availability of an aerial BS, the energy
requirement of a cell with an energy deficit is accommodated
by migrating the aerial BS from a high-energy to a low-energy
cell. The proposed hybrid drone-based framework integrates
long short-term memory with unique cost functions using an
evolutionary neural network for drones and BSs and efficiently
manages energy and load redistribution. The proposed algorithm
reduces power outages at BSs and maintains consistent through-
put stability, thereby demonstrating its capability to boost the
reliability and robustness of wireless communication systems.

Index Terms—5G and beyond communications, drones, green
communications, genetic algorithm, machine learning, optimiza-
tion

I. INTRODUCTION

Over the past decade, there has been an exponential in-
crease in the number of mobile users, with several billions of
subscribers at present [1]. To meet the needs of this growing
user base, the networking and communications industry is
rapidly expanding, emphasizing the importance of continued
investment in this sector. Recent advances in the fifth genera-
tion (5G) and beyond communication networks have led to a
rise in user-defined networking and several telecommunication
systems, together with a high load on small cell BSs. All these
developments have led to increased interest in the industry
and academia in the field of intelligent green communication
systems. As a result, solar-powered base stations (BSs) are
gaining popularity because (i) they are a green solution for
reducing the carbon footprint of the network operators, (ii)
they can reduce operating expenditure, and (iii) they provide
a means for extending cellular coverage in regions without a
reliable power grid infrastructure [2].

As of 2022, there were approximately 6.5 million BSs
across the world [3], and more than 70,000 renewable-energy-
powered BSs were in operation globally [4]. Most of these BSs
operate on fossil fuel generators, which have high operating
costs and, hence, are suitable for going green. Considering
the drive and need to reduce the overall carbon footprint and
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control global warming, we have witnessed the emergence of
many green solutions that have been proposed in recent years.

Maintaining superior quality of service is vital in green cel-
lular networks, particularly where solar power is predominant.
Variations in solar energy harvest cause network instability,
impacting reliability and operational longevity. This instabil-
ity is exacerbated by unanticipated demand surges, causing
network disruptions and substantial quality of service deterio-
ration— a critical concern in remote or disaster-stricken areas
in dire need of dependable connectivity. In economically and
logistically constrained regions, the deployment and upkeep of
conventional power infrastructures are challenging and costly.
Current frameworks fail to effectively manage and adapt
energy resources in varying operational contexts, resulting in
compromised quality of service and high operational losses.
These shortcomings are emphasized by traditional power grids,
which experience significant energy losses and are resource-
intensive [5]. The need for adaptable solutions such as drone-
based connectivity is required to address these multifaceted
challenges.

The salient contributions of this work are encapsulated as
follows.

• Hybrid Framework: Innovating a framework that syn-
ergizes drone technology with time-series and neural
networks for better resource allocation in eco-friendly
small-cell stations.

• Unmanned aerial vehicle (UAV) Load Management:
Employing UAVs as mobile stations for optimized net-
work coverage in energy-deficient regions, guided by
cost-effective modeling.

• Smart Resource Redistribution: Fusing genetic algo-
rithms with long short-term memory (LSTM) networks
for adaptive energy and load management in high-demand
zones.

• Network Reliability: Demonstrating the model’s efficacy
in reducing outages and enhancing throughput; pivotal for
the robustness of future 5G networks.

The paper’s structure unfolds as follows. Section II reviews the
literature. Section III. A introduces our model, with Section
III.B detailing the cost function. Section III.C discusses load
balancing and optimization strategies. Section IV evaluates
performance, supported by simulations. The paper concludes
with Section V, highlighting the findings and implications.

II. RELATED WORKS

Given the intrinsic challenge of optimizing the energy
utilized from the grid and maintaining the required quality
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Figure 1: Representative system model depicting the small cell BS energy transfer mechanism between two nodes along with
the drone exchange.

of service for efficient energy savings in solar cell small
cell BSs, it is crucial to explore innovative solutions that
can harmonize energy conservation with service quality. The
evolving paradigm in green communication systems is paving
the way for the emergence of intelligent architectures in 5G
and beyond networks. In this context, the role of drones
in providing a green solution is promising. The subsequent
section describes existing research endeavors in small cell
BSs, emphasizing intelligent drone deployments aimed at
optimal positioning and power transfer efficiency determined
by user mobility and various network constraints [6]. In [7],
the authors developed a model leveraging UAV-aided Mobile
Edge Computing for load balancing and task offloading in
high-demand areas, utilizing deep reinforcement learning for
energy optimization. However, that work did not consider
bandwidth constraints, data protection during offloading, and
mobility issues between edge servers in multi-user scenarios.
Extending this work, the authors of [8] integrate differen-
tial evolution and deep reinforcement learning to maintain a
balanced load and assured quality of service in IoT nodes.
However, the inherent limitations of reinforcement learning,
such as slower convergence rates, challenges in learning
efficiency from temporal data, and scalability concerns, can
impede the model’s stability and applicability. Meanwhile,
in [9], the authors propose a model for drone load balanc-
ing and user equipment’s data rate fairness in multi-drone
networks, demonstrating enhanced stability and performance,
but its reliance on static user equipment assumptions raises
practicality concerns. While many studies are available, there
is a noticeable absence of provisions for intelligent resource
optimization and redistribution among macro BSs with small
cell BSs [10]. The recent study by the authors of [11] shows

that drone-mounted aerial BSs increase terrestrial wireless
network capacity and connectivity through dynamic altitude
adjustments and direct line-of-sight links to the small cell
BSs. These drone BSs improve the existing cellular system
in terms of unprecedented mobility, flexibility, and on-demand
network coverage in diverse regions, but challenges in optimal
drone BS positioning and deployment in dense areas must be
addressed in 5G and beyond.

III. METHODOLOGY

A. Proposed Model

In this paper, we focus on the incorporation of UAV to
set up a network that is reliable and exhibits optimal user
load re-balancing through capacity enhancement. We employ
a methodology that integrates a cost-based framework with
LSTM networks, aiming to accommodate higher user densities
by efficiently managing the associated surge in user load and
energy consumption.

We establish a model within the small cell BS, acting as a
hub for the positioning of UAVs. This model plays a crucial
role in identifying the optimal locations for UAV transfers
on demand. It ensures network stability by diminishing a cost
function tied to areas of high user demand and the deployment
of UAVs. This model evaluates the network performance,
aiming for comprehensive coverage in high-traffic areas. This
approach seeks to lessen allocation mishaps and improve the
consistency of data rate delivery.

In this construct, n UAVs are posited, each proficient in
managing Rn service requests within a zone managed by a
small cell BS. When service requests, Rs, exceed the capacity
of the small cell BS, the quality of service declines, leading
to network outages. In this paper, we do not investigate the
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optimal spatial arrangement of drones within the small cell BS.
The drones are replenished via strategically located charging
stations, vital components in our model, reflecting operational
and energy constraints. Our study’s mathematical construct
does not consider the spatial arrangement of small cell BSs,
focusing instead on energy usage, drone mobility, and service
delivery. In the practical application and evolution of our
model, it is critical to understand the energy dynamics and
operational feasibility of utilizing drones as interim energy
sources when the BSs have insufficient energy. The drones,
serve as auxiliary energy conduits, designed to alleviate ser-
vice interruptions and not as direct energy suppliers to the
BSs, thereby focusing on optimizing the balance between en-
ergy conservation, operational mobility, and user consumption
needs. The energy retention and relay capacity of the drones
are mathematically modeled in our study to align with the
realistic energy demands of cellular users and the inherent
energy constraints of the operational environment, ensuring
enhanced service reliability and a sustainable auxiliary support
mechanism in energy-constrained situations.

B. Mathematical Modelling and Cost Function Formulation

To adequately support a high number of user requests at a
BS, we determine the required number of UAVs, denoted as
Nreq, using the formula Nreq =

⌈
Rs

Rn

⌉
. This equation ensures

that sufficient UAVs are deployed to meet the high demand at
each BS. Our methodology focuses on defining an appropriate
cost function for individual demand zones and UAVs. This
involves allocating UAVs to small-cell BSs and developing a
refined cost function. The optimization of this function is then
carried out through an evolutionary neural network approach,
enabling the establishment of a well-balanced allocation of
UAVs, which is crucial for addressing varying user demands
efficiently and effectively. In the advanced model, UAVs
operate at an altitude H , supervising an area, denoted as A,
containing u users. R(θ) represents the maximum distance that
a drone can cover at a height H while maintaining good quality
of service. Here, θ is the angle between the User Equipment
(UE) and the drone and is within the range [θmin, θmax] to
maintain line of sight (LOS) conditions and QoS. Furthermore,
L represents the length of the area covered by the SCBS(Small
Cell BS). In the study of user service requests, denoted as Rs,
with an arrival rate of λ and an average packet size of 1/δ,
we calculate the delay or load (L) experienced by a user at
position Y as

L(Y) =
λ

Ω log(1 + SINR(Y))× δ
, (1)

where Ω signifies the system bandwidth. The signal-to-
interference-plus-noise Ratio (SINR) for the ith UAV at lo-
cation Y , crucial for understanding interference among UAVs
within the same frequency spectrum, is given by

SINR(Y) =

Etκ

Dβ
iY∑n

j=1,j ̸=i
Etκ

Dβ
jY

+ Enoise

, (2)

where Et represents the UAVs’ transmission power, and κ is
a constant that integrates geometric factors influenced by the

heights of the transmitter and receiver antennas. DiY marks
the distance from the ith UAV to the user equipment (UE) at
Y , β is the path loss exponent, and Enoise denotes the noise
power spectral density. The spectral efficiency for a user at Y ,
under a Round Robin scheduling policy, is quantified by the
effective throughput (Eeff), is given as

Eeff = Ω× log2(1 + SINR(Y))

ua
. (3)

We assess the area load (Λa) by integrating the load across
area A, formulated as

Λa =

∫
Y∈A

Λ(Y)dY . (4)

To enhance our model’s accuracy and efficiency, we refine the
cost function by incorporating factors like capacity, latency,
line of sight availability, and coverage. This refinement leads
us to define Φd, a sophisticated density function that qualifies
the concentration of users based on their request patterns. This
function is influenced by the number of active users (ua),
packet loss (Πd), service requests (Rs), and the cell’s user
capacity (Θr). We differentiate between two versions of Φd:
one for an area (ΦA

d ) and another for UAVs (ΦU
d ), as

ΦA
d = min


(

ua

Θr

)Rs

e−(
ua
Θr

)

Rs!

 , (5)

ΦU
d = min

((
Λa

n

)Rn
e−(

Λa
n )

Rn!

)
, (6)

where ΦA
d signifies the distribution of users over A, where

higher values indicate a need for additional UAVs, and lower
values suggest efficient connectivity. Conversely, ΦU

d reflects
the unmet user requests in A relative to the number of
deployed UAVs, with higher values signaling the necessity
for more UAVs. The active-to-total user ratio (ua/Θr) plays a
pivotal role in these functions. To optimize the cost functions
ΦA

d and ΦU
d , they must satisfy the constraint√√√√ 1

Rs

Rs∑
i=1

(
Θi

r −Πi
d

)
≤ ua

Θr
. (7)

In the contextual model, EBS represents the energy conserved
at the BS due to offloading, expressed as

EBS = eBS × (La + Egen − Tcharge) , (8)

where eBS denotes the energy consumption per unit load at
the BS, Tcharge signifies the charging time of the drones in
the energy consumption model, and La is the offloaded load.
Conversely, EUAV indicates the energy expenditure of each
UAV, given as

EUAV = eUAV × (d× t+ La − Tcharge) , (9)

where eUAV encompasses energy consumption per unit dis-
tance, per unit time, and per unit load, with d, t, and La

representing the distance flown, time spent servicing, and the
load being served, respectively. The constants δ, β, γ, and
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ϵ are introduced to balance the significance of various energy
aspects in the overall costs. The energy consumed during drone
movement considering UAV trajectory optimization is given as

Etravel = etravel × (d · Tmobility) (10)

where Tmobility denotes the time drones spend moving from one
area to another. The energy consumption due to node commu-
nications, taking into account various channel conditions, is
integrated as

Ecomm = η

K∑
k=1

Et log2

(
1 +

GkEt

Enoise

)
, (11)

where η is the energy consumption coefficient, Et is the
transmit power, Gk is the channel gain, and Enoise is the
noise power for the kth communication link, summing over
all K communication links. For optimal performance, it is
necessary to minimize cost-function constraints representing
users with unresolved service requests. Thus, we refined our
energy-aware and mobility-conscious cost functions for each
area and UAV. Intermediate variables representing combined
energy terms are given as

EA
total = −δEBS + γEtravel + ϵEcomm, (12)

EU
total = βEUAV + γEtravel + ϵEcomm . (13)

Consequently, the refined cost function is given as

CA
ϕ = min

(
aiΦ

A
d Λa

(
ζ1Rs + ζ2Θr + EA

total

))
, (14)

for scenarios where line of sight is not taken into account, and
is given as

CU
ϕ = min

(
aiΦ

U
dD

β
iY
(
ζ1Rs + ζ2ua + EU

total

))
, (15)

when line-of-sight considerations are taken into account. The
availability parameter, ai, represents the real-world scenarios
of drone availability, where ai = 1 signifies that drone i is
available and ai = 0 indicates its unavailability. This param-
eter, integrated with Etravel and Ecomm, enriches the model by
accounting for mobility and communication energy consump-
tion under various channel conditions, thereby enhancing the
adaptability and performance analysis of the network with
respect to drone availability. The consideration of line of
sight is crucial for ensuring uninterrupted connectivity. Our
methodology employs a Long Short-Term Memory (LSTM)
model to forecast the power expenditure (PLSTM) for each
BS independently, based on user density sequences and the
corresponding energy expenditure matrix (Ei) for every BS.
This enables the model to discern the underlying patterns and
dependencies within the data for each station. Consequently,
for each BS j, a unique PLSTM,j is computed, facilitating
the integration of these values into our comprehensive opti-
mization framework. The overall cost optimization equation
is thereby modified to incorporate PLSTM,j alongside the cost
associated with UAV communication with the backend or
server (Cbackend) as

C
O
ϕ = min

 1

n

n∑
i=1

(
C

U
ϕ + Cbackend

)
i
+

AT∑
j=1

(
CA

ϕ + PLSTM,j

UT

)
j

 , (16)

where j indexes the BSs, and PLSTM,j denotes the predicted
power expenditure by the LSTM model for the jth BS. This
approach provides a detailed representation of the energy
dynamics across various BSs, leading to a more robust and
comprehensive optimization solution.

In the refined model, UT signifies the number of UAVs
allocated to a specific area, and AT denotes the total number
of demand areas. The weighting factor λ is meticulously
determined based on factors such as historical user demand,
variability in service requests, and expected network load,
which in turn influences the predictive term PLSTM’s impact
on the overall cost. The deployment of additional UAVs
offers supplementary resources, enhancing transmission power
optimization, which leads to increased throughput and reduced
latency. This holistic approach ensures that energy considera-
tions are seamlessly integrated into the operational framework,
providing a comprehensive outlook on network connectivity,
user service, and energy efficiency.

Algorithm 1 Evolutionary UAV neural network training

1: Input Data: train, test, valid, epoch, learning_rate, U ,
population_size, generations

2: Inputs: ua, Θr, Λa, n, Rs, ζ1, ζ2, EA
total, E

U
total, D

β
iY

3: Initialize population of neural networks
4: for g = 1 to generations do
5: for each individual in population do
6: for i = 1 to epoch do
7: for each batch in train do
8: Compute PLSTM,j

9: Compute ϕA
d , ϕU

d , CA
ϕ , CU

ϕ , CO
ϕ

10: Update U to minimize CO
ϕ

11: loss = CO
ϕ,pred - CO

ϕ,true

12: if constraint violated then
13: loss = loss + λ · penalty
14: Evaluate model on valid set
15: if optimality criterion met then
16: break
17: Adjust hyperparameters
18: Perform selection, crossover, mutation and replace-

ment on population
19: if stopping criterion met then
20: break
21: Evaluate the best individual on test
22: if criterion met and U available then
23: Fine-tune best model
24: Return trained_model

C. Efficient Load Balancing and Cost Optimization

Fig. 2 shows a hybrid model SkyCharge: An evolutionary Neu-
ral Network-based LSTM model designed to handle complex
time-series data, leveraging global optimization techniques
of Evolutionary Strategies to avoid local optima prevalent
in Reinforcement Learning approaches. Evolutionary Strat-
egy’s methodical global search complements LSTM’s swift
convergence, ensuring robust solutions in non-convex opti-
mization landscapes, crucial for real-time, scalable network
optimizations. We use genetic algorithms in our model to
explore and optimize the solution space for UAV allocation,
allowing for the identification of optimal or near-optimal
solutions for minimizing costs, even in the presence of com-
plex, nonlinear relationships and constraints. Additionally, the
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Figure 2: Model architecture.

genetic algorithm’s inherent parallelism and adaptability make
it an excellent choice for dynamically adjusting the model
to varying demand intensities and distributions in real-world
scenarios. This hybrid model enables adaptive refinement of
network parameters and architectures, iterating and evolving
solutions based on their fitness, which is quantified by their
ability to minimize the associated cost functions and balance
loads across various BSs. This integration ensures real-time
resource allocation and energy balancing.

Our model optimizes the quantity and deployment of UAVs
to energy-depleted BSs, aiming to reduce both UAV-related
and overall network costs. The cost functions are utilized to
minimize total energy use, operational costs, and resource
inefficiencies. Our model optimizes demand by redistributing
drones to small cell BSs projected to experience high energy
demand, thereby improving the overall network efficiency. In
our model, the output layer is represented by the demand areas
of small cell BSs, while the hidden layers are determined,
and dependencies within user demand trends and BS energy
consumption patterns incorporating both LSTMs and UAVs to
capture complex patterns and dependencies within the user de-
mand trends and BS energy consumption patterns. The LSTM
layers are instrumental in capturing temporal dependencies
and facilitating the prediction of energy deficits in real-time,
thereby enabling the model to preemptively allocate resources
to meet the projected demand. UAVs play a crucial role in
ensuring the targeted delivery of energy to the areas most
in need, effectively optimizing the energy distribution within
the network. The ultimate goal of our model is to minimize
the cost functions associated with each BS, facilitating a
balanced load across the network. This is achieved through
strategic rearrangements of neural patterns to form a stable and

optimized network with minimized cost functions, allowing for
seamless adaptation to varying energy demand intensities.

Algorithm-1 presents the refined methodology and describes
the steps of the evolutionary UAV neural network Training
procedure combined with PLSTM . The process starts by
including multiple types of input such as the number of active
users-ua, the maximum number of users the small cell BSs can
handle-Θr, load density-Λa, and so on. The algorithm begins
with the initialization of a population of neural networks that
undergo numerous generations, each consisting of multiple
individuals. The evolutionary neural network is configured
to run for a maximum of 100 epochs, with early stopping
implemented if the validation loss does not improve for 10
consecutive epochs. The computational cost for training the
neural network is moderate due to the complexity of the model
and the size of real-world datasets. Training is estimated to
require approximately 4 hours on a system with a 16-core
CPU and a GPU with 24 GB of VRAM. Given the dynamic
nature of network traffic, the model is designed for retraining
on a quarterly basis scheduled using a CRON job to adapt to
new patterns, or as needed when a certain threshold of change
in network data is detected which can again be configured
through a CRON job.

The initial population of neural networks is created by
sampling a diverse set of hyperparameters within predefined
ranges. These ranges are determined based on the network’s
architectural constraints and prior empirical benchmarks. For
instance, the learning rate is varied between 0.001 and 0.1,
the number of hidden layers can range from 1 to 5, and the
number of neurons per layer might be set between 50 and
500. Additional hyperparameters include the type of activation
functions (e.g., ReLU, sigmoid, tanh) and the dropout rate,
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which is typically varied from 0 to 0.5 to prevent overfitting.
The initialization also considers LSTM-specific parameters
such as the number of LSTM units, ranging from 20 to
200, and the forget gate bias, selected between 1 and 5.
This approach ensures a comprehensive search across the
architectural space, providing a robust starting point for the
evolutionary optimization process. Our population size is
set to 50 individuals per generation, a figure optimized for
computational efficiency and sufficient genetic diversity. We
use a batch size of 128 for training, which balances the
gradient estimation accuracy and memory constraints. In each
generation, every individual undergoes a series of training
phases. Here, the pLSTM computes PLSTM,j which integrates
with the computation of pivotal elements such as area, UAV,
and overall cost functions— CA

ϕ , CU
ϕ , and CO

ϕ , respectively.
Concurrently, U is optimized to balance CA

ϕ and CU
ϕ , distribut-

ing the overall network load. Any violation of predetermined
constraints incurs a penalty during the loss computation phase.

After every epoch, the algorithm evaluates the different
potential solutions in the genetic algorithm population using
the validation data, subsequently fine-tuning the hyperparam-
eters to enhance the model’s efficacy. It includes checks for
constraints such as UAV energy limits, payload capacities, and
communication bandwidth post-batch, applying penalties to
the loss function for any violations to ensure that solutions
stay within practical operational limits. This iterative process
continues until an optimality criterion, which could be a prede-
fined performance threshold or a maximum number of epochs,
is met. Genetic operators like selection, crossover, mutation,
and replacement are then applied to the population after each
generation, iterating until a stopping criterion is reached. Upon
completing the generational cycles, the algorithm evaluates
the elite individual using the test data, and further refinement
is conducted if necessary and if drones (U ) are available,
based on predefined criteria. Finally, the algorithm outputs
the optimally trained model, which orchestrates the strategic
redistribution of UAVs to high-demand areas, iteratively min-
imizing the associated cost functions.

IV. PERFORMANCE EVALUATION AND SIMULATION
RESULTS

The dataset [12] used comprises hour-wise solar data from
five base stations (BSs) in Jaipur, Rajasthan, India. The dataset
is structured in a 24-hour and 365-day notation. We conducted
simulations utilizing Google Colab Pro and Matlab R2021a,
with the application of data preprocessing techniques for op-
timal analysis. The refined dataset yielded matrices indicating
user density and energy metrics at each BS every hour. Table
-I presents the simulation parameters used in our model’s
simulation. The selection of simulation parameters within our
SkyCharge framework was carefully curated, reflecting a bal-
ance between real-world operational constraints and the need
for robust network performance in simulated environments.
The UAV transmission power is set at 10 W, a parameter
consistent with the transmission capabilities of commercial
UAVs designed for communications support, as indicated by
recent field trials and industry standards [13]. The packet loss

Variable Value Short Description
n 10 Total number of UAVs posited
AT 5 Total energy demand areas
Rn 50 Number of UAV service requests
Rs 100-150 Number of user service requests
H 150m-450m UAV altitude
A 25km2 Total area by SCBS
u 1000 Number of users
λ 2 req/s Arrival rate of requests
1
δ

200 Bytes Mean packet size
λ
δ

0.01 req/s Offered traffic
Ω 20 MHz System bandwidth
Et 10 W UAV transmission power
κ 1.5 Geometrical aspects
β 3 Path loss exponent
Enoise −174 dBm/Hz Noise power density
ua 200 Number of active users
Πd 5% Packet loss or call drops
Θr 300 Cell user capacity
L 500m BS length
R(Θ) 100m Maximum UAV radius
η 0.5 Energy consumption coefficient
Gk 10 dB Channel gain
eUAV , v 0.02 J/m, 20m/s UAV energy/unit distance, drone speed

Table I: Summary of simulation parameters
Metric RMSE MAE R2

Value 12.34 9.45 0.76

Table II: Updated evaluation metrics of the LSTM model

rate, assumed at 5%, is based on typical urban communication
conditions and corroborated by benchmark studies in UAV-
assisted cellular networks [14]. Altitude ranges, service request
rates, and UAV speeds are derived from a composite of reg-
ulatory limitations, aeronautical performance data, and opera-
tional UAV network studies [15], [16]. These parameters are
not only representative of current UAV network deployments
but are also grounded in a body of literature that validates
their applicability and efficacy. For instance, altitude ranges are
chosen in line with DGCA regulations and existing literature
on optimal UAV operational ceilings for maximum coverage
with minimal interference [17]. The service request rate is
benchmarked against typical data traffic patterns observed in
metropolitan 5G networks [18], while the UAV speeds reflect
operational safety and efficiency metrics [19]. It is important to
note that these parameters, while representative at the time of
writing, will be subject to continuous review and adjustment in
line with technological advancements and evolving regulatory
frameworks.

We employed several key metrics in our study:
• Root Mean Square Error (RMSE): Measures the av-

erage squared differences between predicted and actual
values, emphasizing larger errors.

• Mean Absolute Error (MAE): Calculates the average
absolute discrepancies between predicted and actual fig-
ures, displaying error magnitude.

• Coefficient of Determination (R2): Quantifies the pro-
portion of the variance in the dependent variable that is
predictable from the independent variables, serving as
an indicator of the model’s goodness of fit relative to
a baseline model.

• Power Outages: Denotes the instances of complete
power loss at BSs, critical for evaluating network reli-
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Figure 3: Analysis of BS power outages and throughput coverage under different scenarios.
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Figure 4: Analysis of service area coverage and time between BS outages under different scenarios.

ability and service continuity.
• Throughput Coverage: Represents the network’s capac-

ity to sustain specified data transfer speeds across an area.
It is defined as the ratio of users maintaining a Signal-to-
Interference-plus-Noise Ratio (SINR) above the threshold
of 0.045 bps/Hz.

Next, we present the results from the simulation of the
modeled system. We evaluated the LSTM model’s predictive
performance on energy expenditure through Table-II which
shows that our LSTM model achieved an RMSE of 12.34,
MAE of 9.45, and R2 of 0.76, indicating substantial pre-
dictive capability but room for reducing larger errors.UAVs
are deployed to alleviate the energy deficits of BSs, with a
focus on assessing outages, network capacity, reliability, and
the value of the cost function, both with and without the use
of UAVs. The UAV can only establish a link with the end-
user when it achieves line of sight. A significant challenge is
determining the appropriate flying altitudes to avoid collisions
and interferences when UAVs share altitudes, and maintaining

quality of service at higher altitudes where interference is
minimal. The altitudes are varied between 150ft and 450ft,
with improved MIMO multi-antenna relay.

Subfigure-3a depicts the BS power outage percentages over
different weeks, showing significantly reduced outages when
UAVs are deployed. The UAV deployment reduces power
outages by 89.2% across all BSs compared to a small-cell
network. Throughput coverage, represented in Fig.-3b captures
the relationship between throughput coverage percentages and
additional users. We observe a decrease in throughput coverage
when the number of extra users increases, particularly without
UAV support, dropping to 32% with 700 additional users.
The integration of UAVs at 150m and 450m, however,
significantly mitigates this decrease, maintaining coverage
above 68% and 52%, respectively. This variance in through-
put robustness under different UAV altitudes emphasizes the
essential role of optimal UAV deployment in enhancing net-
work resilience and maintaining throughput efficiency under
increased user demands.
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Our findings, illustrated in Figure-4a, show a positive corre-
lation between the density of energy-demand areas and service
coverage enhanced by UAV deployment. This efficacy peaks in
medium-density regions and plateaus in high-density regions,
suggesting a limit to the benefits of increased density. Figure-
4b further reveals that deploying UAVs reduces the time
between BS outages, with diminishing returns as more UAVs
are added.

The deployment of UAVs bolsters service coverage and
network resilience, validating our hypothesis that UAVs are
a potent solution for on-demand energy supply and outage
reduction, thereby enhancing network quality. Our model
outperforms traditional methods by improving coverage and
reducing outages.

V. CONCLUSION

We proposed a hybrid drone-based framework leveraging
UAVs, LSTM models, and genetic algorithms for energy
and load management in 5G networks. This model enhances
energy efficiency and network stability, showing promise
for integrating renewable energy into UAVs and supporting
internet of things ecosystems and ultra-reliable low-latency
communication protocols. This will include exploring adap-
tive network topologies and utilizing quantum computing for
optimization, advancing the development of efficient, self-
organizing networks for 5G and beyond.
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