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ABSTRACT The rise of the Internet of Things (IoT), marked by unprecedented growth in connected
devices, has created an insatiable demand for supplementary computational and communication resources.
The integration of Unmanned aerial vehicles (UAVs) within IoT ecosystems presents a promising avenue to
surmount these obstacles, offering enhanced network coverage, agile deployment capabilities, and efficient
data gathering from geographically challenging locales. UAVs have been recognized as a compelling
solution, offering extended coverage, flexibility, and reachability for [oT networks. Despite these benefits,

UAV technology faces significant challenges, including limited energy resources, the necessity for adaptive
responses to dynamic environments, and the imperative for autonomous operation to fulfill the evolving

demands of IoT networks. In light of this, we introduce an innovative UAV-assisted data dissemination
framework that aims to minimize the total energy expenditure, considering both the UAV and all
spatially-distributed IoT devices. Our framework addresses three interconnected subproblems: device
classification, d evice a ssociation, a nd p ath p lanning. F or d evice c lassification, we em ploy tw o distinct

types of deep reinforcement learning (DRL) agents—Double Deep Q-Network (DDQN) and Proximal
Policy Optimization (PPO)—to classify devices into two tiers. To tackle device association, we propose
an approach based on the nearest-neighbor heuristic to associate Tier 2 devices with a Tier 1 device. For
path planning, we propose an approach that utilizes the Lin-Kernighan heuristic to plan the UAV’s path
among the Tier 1 devices. We compare our method with three baseline approaches and demonstrate through
simulation results that our approach significantly r educes e nergy c onsumption and o ffers a near-optimal

solution in a fraction of the time required by brute force methods and ant colony heuristics. Consequently,
our framework presents an efficient a nd p ractical a Iternative f or e nergy-efficient da ta di ssemination in

UAV-assisted IoT networks.

INDEX TERMS Data dissemination, Deep learning, Internet-of-things (IoT), Reinforcement Learning (RL),
Unmanned Aerial Vehicle (UAV).

I. Introduction

He exponential growth of connected devices, due to
Tthe emergence of Internet-of-Things (IoT), and the
growing number of deployed sensors in smart cities call for
enabling new traffic services to enhance user’s experience
[1]. This exponential growth of connected smart devices

poses new challenges in terms of network capacity and
massive connectivity [2]. Therefore, the task of data dis-
semination/aggregation has become much more challeng-
ing, motivating the need for revolutionary solutions that
can reduce the dependency on the network infrastructure
[3]. Recently, research efforts on unmanned aerial vehicles



(UAVs), also known as drone-based communication systems,
have been growing in industry and academia alike, target-
ing strict requirements, particularly ultra-low latency and
unprecedented communication reliability. UAVs constitute
the basic building block of aerial networks, whose inherent
features, such as flexibility and mobility, enable several
new disruptive applications [4]. The recent advancements in
UAVs have made considerable reduction in their production
cost, making them affordable for numerous public and civil
applications, such as border surveillance, traffic monitoring,
and data dissemination/aggregation, to name a few [5].

On the other hand, reinforcement learning (RL) is a
machine learning paradigm, where an intelligent agent learns
from the interaction with an environment [6]. In particular,
the agent learns to map states to actions to maximize
numerical reward. The field of RL has become one of
the most active research areas in machine learning, neural
networks, and artificial intelligence. In particular, researchers
have adopted RL algorithms to solve complex optimization
problems that are difficult to tackle.

A. Motivation

An IoT network comprises a massive number of connected
devices, which create a huge amount of data traffic that
results in network congestion. On the other hand, energy
consumption is a major concern in the context of UAV-
assisted data dissemination, in which UAVs are used to
disseminate data to multiple IoT devices. As a result, an
energy-efficient solution that reduces the UAV’s overall
travel distance and communication energy, as well as the
devices’ energy consumption, should be proposed. This work
tries to answer the question of whether a method exists
that can perform joint classification, association, and path
planning. Conventional methods, such as genetic algorithms,
ant colony, simulated annealing, as well as other optimization
methods, were investigated in [7]-[11]. In these methods, the
“lifetime” behavior of many non-learning agents is evaluated,
each employing a different policy when interacting with their
environments, and eventually, those with the most rewards
are selected. These methods can be effective if the space of
policies is sufficiently small, there is ample time for search-
ing, and the environment can be structured so that good
policies are easy to find. Additionally, conventional methods
are more attractive when the state of the environment cannot
be accurately sensed by the learning agent [12].

In this paper, we consider the application of deep rein-
forcement learning (DRL) to minimize the energy expen-
diture of the underlying system model. To the best of the
authors’ knowledge, no report of such a framework has
recently appeared in open literature. The motivation behind
employing DRL for device classification in our UAV-assisted
data dissemination framework hinges on several key advan-
tages over traditional clustering or deep learning methods.
Firstly, DRL is inherently suited for dynamic environments
where interaction with the environment is crucial for learning

optimal strategies. Unlike static clustering algorithms or
supervised deep learning approaches, DRL agents learn by
continuously interacting with the environment, making them
ideal for scenarios where the state of the system can change
over time. Secondly, DRL can handle complex, sequen-
tial decision-making processes more effectively. The device
classification problem in UAV networks involves making
a series of decisions that are dependent on each other, a
scenario where DRL’s ability to consider long-term out-
comes can be particularly beneficial. Lastly, DRL’s model-
free nature allows it to learn optimal policies directly from
high-dimensional sensory input, eliminating the need for
manual feature selection or engineering that traditional meth-
ods might require. Therefore, DRL’s adaptability, decision-
making capabilities, and direct learning from data make it
a compelling choice for the device classification problem in
dynamic UAV-assisted IoT networks.

The main contributions of this work are summarized as
follows:

e Formulate a UAV-assisted data dissemination problem
as a Markov decision problem (MDP) with the objective
of minimizing the UAV’s energy consumption and the
energy consumed by the IoT devices.

e We proposed a DRL-based solution, where an agent
interacts with an environment to solve the classification
sub-problem of the joint optimization problem.

e Two variants of association algorithm based on the
nearest neighbor heuristic, in order to obtain a near
optimum devices association, are proposed.

e Developing an efficient algorithm for solving the UAV
path planning sub-problem, based on the Lin-Kernighan
heuristic (LKH) algorithm, to obtain an optimum or
near optimum UAV tour.

e Analyzing the computational complexity of the base-
line, the brute force, and the proposed DRL approaches.

B. Organization of the Paper

The structure of this paper is as follows: Section II presents
the background and related works. The system model is
described in Section III. Section IV introduces the baseline
approaches. Our proposed DRL-based UAV-assisted data dis-
semination methodology is detailed in Section B. Section VI
outlines the performance evaluation metrics utilized. Results
and their ensuing discussions are showcased in Section VII,
and finally, conclusions are drawn in Section VIIIL.

Il. Background and Related Works

This study is anchored in a specialized application of UAV
networks, situated amidst a rapidly advancing landscape
where DRL significantly enhances UAV network function-
alities. The advent of DRL has sparked notable advance-
ments in areas such as autonomous UAV navigation, dy-
namic resource allocation, and real-time decision-making
processes, each contributing to the development of UAV
systems that are not only more efficient but also highly



adaptable and intelligent [13]. The application of DRL
within UAV-assisted IoT networks, in particular, plays a
crucial role in overcoming intricate challenges related to
energy management, optimizing flight p aths, a nd devising
effective device-to-device communication strategies [10].
Our contribution to this evolving domain leverages DRL
to refine d ata d issemination p rocesses in U AV-assisted IoT
networks, specifically t argeting t he e nhancement o f device
classification, a ssociation, a nd p ath p lanning mechanisms.
This focus on applying advanced Al techniques to improve
UAV network operations in support of IoT ecosystems marks
a significant s tep f orward i n m aking t hese n etworks more
functional and efficient. T he s ubject o f d ata dissemination,
which stands as a core component of contemporary com-
munication networks, has received considerable attention in
recent studies, including [7]-[11], [13]. Among these, [7]
and [8] specifically e xplore t he o ptimization o f U AV flight
states in three dimensions. These research efforts employ
methods such as alternating descent techniques and concave-
convex procedures, aiming to maximize the efficiency of
data dissemination by optimizing energy consumption and
ensuring equitable data distribution across devices.

Further advancements in UAV-assisted strategies are high-
lighted in [9], where a cognitive UAV approach is proposed
to enhance data dissemination in IoT devices. The primary
goal here is to maximize the minimum received bits by the
devices, tackled through a mixed-integer non-linear program.
Meanwhile, [10] investigates UAV trajectory optimization to
maximize the sum rate of edge users. This complex problem
is approached through an iterative algorithm that addresses
the mixed-integer non-convex challenges. In contrast, [11]
proposes a two-tiered framework focusing on minimizing
total energy consumption in UAV-assisted tasks, employing
ant colony optimization for solving the joint optimization
challenges.

The authors in [13] present another perspective by employ-
ing UAVs for data dissemination with the aim of maximizing
throughput while minimizing transmission delay. The study
introduces the recursive least squares algorithm for efficient
and accurate vehicle mobility prediction. This theme of
efficiency and o ptimization i s f urther e xplored t hrough the
lens of RL in subsequent research.

In the context of RL, [14] marks a significant contribution
with its focus on UAV-mounted mobile edge computing.
The study formulates a Markov Decision Process (MDP) to
enable dynamic UAV trajectory planning, considering mobile
terminal user locations. A similar approach is seen in [15],
where an MDP in a UAV-assisted communication scenario is
explored. The use of Deep Reinforcement Learning (DRL)
in these studies aims to optimize UAV strategies for efficient
data collection, delivery, and energy management.

The integration of DRL continues to reshape the UAV-
assisted communication landscape, as evidenced in [16]. This
study introduces a Deep Q-Network (DQN) based flight
resource allocation scheme to optimize flight cruise and

data collection schedules. Such advancements are pivotal in
addressing the complex demands of modern communication
networks.

Finally, the studies in [17] and [18] demonstrate the
versatility of DRL in solving intricate problems like joint
beamforming, power control, and interference coordination.
Similarly, [12] applies DRL to manage resources in mar-
itime networks within UAV-assisted edge computing envi-
ronments. [19] innovates further by combining Lyapunov
stochastic optimization with DRL, focusing on energy-
efficient a nd I ow-latency s olutions a tt he w ireless edge.
The culmination of these efforts is seen in [20] and [21],
where DRL schemes are used to optimize various aspects of
networking, underlining the critical role of UAVs and DRL
in the evolution of wireless communication systems.

Our work introduces a pioneering approach to UAV-
assisted data dissemination in IoT environments by employ-
ing a DRL framework. This marks a significant departure
from traditional optimization methods such as genetic al-
gorithms, ant colony optimization, and simulated annealing,
which have been predominantly explored in existing studies.
The novelty of our approach lies in its dynamic adaptabil-
ity and ability to learn optimal strategies through direct
interaction with the environment, a feature not inherently
available in the deterministic or heuristic-based methods
previously applied. By formulating the data dissemination
problem as an MDP, our DRL framework is capable of
continuously learning and improving, ensuring optimal de-
cisions under varying network conditions. This not only
enhances the efficiency o ft he U AV’s p ath p lanning and
data dissemination but also significantly reduces the system’s
overall energy consumption. Unlike conventional methods,
our DRL approach offers a scalable and flexible solution
capable of adapting to the ever-evolving landscape of IoT
networks, thereby setting a new benchmark in UAV-assisted
communication strategies.

lll. System Model and Problem Formulation

In this section, we describe the system, communication,
and power models of the considered UAV-assisted data
dissemination problem.

A. System Model Description

In this work, we consider N IoT devices, a single UAV,
and a library of F files. Further, we assume that the UAV
hovers over a group of IoT devices to disseminate data. The
IoT devices are classified into m Tier 1 devices, 71, which
receive data directly from the UAV and L Tier 2 devices,
7o, that receive data from devices in 7. The UAV moves
from a docking location and hovers over 77, device at a
fixed altitude h and disseminates the required files f; by
the 7, device, and then moves to 71, device. After the last
Tier 1 device, 71, the UAV returns to its docking location.
Fig. 1 presents the system model. In our proposed system
model, the hierarchical communication framework allows



for a scalable and energy-efficient approach to data dissem-
ination in UAV-assisted IoT networks, ensuring that data
reaches a wide array of devices in diverse and challenging
environments.
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FIGURE 1. UAV-assisted data dissemination system model.

Furthermore, in our framework, we assume that each
device is interested in downloading certain files from the file
library. This is represented by a matrix W of size N x F,
whose elements w;;, are given by

1
wij = 0

The IoT devices are further assumed to be spatially dis-
tributed and have a fixed communication range, ;. A matrix
C of size N x N is introduced to represent the commu-
nication link between these devices. The device ¢ has a
communication link with device k if the distance [;;, between
them is less than or equal to the communication range r;.
Therefore, the elements of C matrix are given by

1 if L <
cmz{ ik =T ®)

if n; requires file f; 0

otherwise.

0  otherwise.

The distance to be traveled by a UAV should be reduced
to minimize the overall energy expenditure. This can be
achieved if there are fewer Tier 1 devices that the UAV
has to visit and hover over. However, due to constraints
in devices’ communication links, and energy consumption
when downloading files, there is a need to strategically
classify the IoT devices. The classification is represented by
a matrix T of size N x 2 whose elements 7T;, are described
as

0
(3

After the optimal classification, there is also a need to
optimize the trajectory which the UAV takes starting from
the initial docking location, to all the Tier 1 devices and

ifz=1landn; € orz=2and n; € ™

otherwise.

back to its docking location. This can be formulated as a
travelling salesman problem (TSP), in which the matrix v
of size (m + 2) x 3 depicts the tour taken by the UAV.
Furthermore, there is a need to associate devices, where
each Tier 2 device is associated with a Tier 1 device. This
association is represented by a matrix g of size N x N and
entries

)1
Hik = 0

The strategic classification of IoT devices into Tier 1
and Tier 2 categories serves as a foundational element of
our UAV-assisted data dissemination framework, aiming to
optimize both the efficiency of data delivery and the system’s
overall energy expenditure. This classification is pivotal for
the following reasons:

if ny € o and gets data from n; € 7 @)

otherwise.

1) Efficiency in Data Dissemination: By classifying de-
vices into tiers, our approach ensures that UAVs priori-
tize data dissemination to Tier 1 devices, which are then
responsible for further distributing the data to Tier 2
devices. This hierarchical distribution model leverages
the UAV’s mobility and the IoT network’s density to
enhance data dissemination reach while minimizing
UAV energy consumption.

2) Optimization of Energy Consumption: The classifica-
tion facilitates a reduction in the UAV’s travel distance,
as it needs to hover only over Tier 1 devices. This
directly correlates to a decrease in energy consumption,
which is a critical factor in the operational efficiency
of UAV-assisted networks. Additionally, by leveraging
Tier 2 devices for further data dissemination, the system
efficiently utilizes the existing communication links
within the IoT network, further conserving energy.

3) Adaptability to Network Dynamics: Our classification
strategy introduces a level of adaptability that allows
the system to respond efficiently to dynamic network
conditions, including changes in device density, en-
ergy availability, and data dissemination requirements.
By continuously analyzing and potentially reclassifying
devices based on current conditions, the UAV can
adjust its path and dissemination strategy in real-time,
ensuring optimal performance.

B. Problem Formulation

To obtain an energy-efficient system, the overall energy
expenditure has to be minimized. Therefore, in this work,
we formulate an optimization problem such that the total
energy consumption is quantified by the sum of the total
energy consumed by the UAV during the tour time, the UAV
due to data dissemination, and the IoT devices to download
their required data. Accordingly, the total expended energy



by the UAV is given by [11]
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where 1) denotes the UAV tour matrix outlining the path
the UAV follows to disseminate data, d; = 1 if n; or any
other device with u;;, = 1 requires to download the file
fj, and d; = 0 otherwise. Lj is the size of file f; in bits,

R; = Blog, (1 + ; Jffo) is the average data rate of the
communication channel between the UAV and device n;,
with B denoting the channel bandwidth, Pr representing
the UAV transmit power, ¢; as the average channel path-
loss, and Ny denoting the additive white Gaussian noise
power. The norm of the distance between the current and
next stopping point is represented by ||t — tbi41]|. The
power consumed by the UAV when it hovers at a fixed
position is expressed as Phoy = 2(%51); with M denoting
the UAV’s mass, p representing the number of propellers,
r the radius of the propeller, ¥ is the air density, and g
denoting the earth gravity. Furthermore, the power consumed
when the UAV moves from one position to another equals
to Ppov = J—’ (Prax — Petop) — Petop, Where v and vy, are
the travehngm "and maximum speed of the UAYV, respectively,
and P,y and Py, are the power consumption of the UAV’s
hardware at full speed and idle states, respectively. Following
[11], the energy expenditure of device n; when downloading
data from the UAV is given by

F PL N F
E; (Typ) =Ty <Z ds" R +ZZumwk7>
j=1 k=1j=1 ©)
+E2 (ZZN!MWW R ) )
k=1j=1

where P, is the power consumed by the receiver, and Ry; =
Blog, (1 + (pI;T;z) is the average data rate for the terrestrial
communication link between device n; and device n; with
(K representing the average channel path-loss.

Based on the above, the total energy expenditure can be
written as

N
E (T, p,%) = Evav (Typ,$) + > Ei (Typ). (D)
=1

Consequently, we formulate the following energy expen-
diture minimization problem:

min_. F (T, L, 15)

YR

S.t. Thi+Tio=1 V1<i<N,
N

Zuz’kTil =Ty, V1<k<N,

i=1

WikCik = Mik, V1<i k<N,

T, Tigy pir, € {0,1}, V1<ik<N.

®)

The constraints in (8) are set to ensure that all devices are
classifiedin Tier 1 or Tier 2. A dditionally, t hey guarantee
that each Tier 2 device has been associated with a Tier 1
device, and that a communication link exists between each
device in Tier 2 and a device in Tier 1, respectively.

While our current problem formulation presented in (8)
primarily focuses on minimizing energy consumption within
UAV-assisted IoT networks, we acknowledge the existence of
additional complexities, including network dynamics, diverse
device capabilities, and environmental factors. These ele-
ments indeed play a critical role in the practical deployment
and efficiency o fs uchn etworks. W e i ntend t o address
these additional challenges in subsequent works, aiming to
incrementally refine our understanding and solutions for the
multifaceted nature of UAV-assisted IoT networks.

IV. Baseline Approaches For UAV-Assisted Data
Dissemination

In this section, we will present the baseline approaches based
on which we compare our proposed DRL-based solutions to.
These are summarized in Table 1.

A. Naive Approach

The naive baseline approach is used as a benchmark to
analyze the performance of the proposed approach. In this
approach, all devices are assumed to be in Tier 1. This
indicates that no strategic classification is required, no as-
sociation is needed, and the UAV has to follow a tour that
stops and disseminates data at every [oT device in the order
of their deployment.

B. Brute Force Algorithm (BFA) Approach

The optimum solution of the objective function in (8) can
be solved iteratively using the brute force algorithm (BFA).
To obtain the solution using BFA, we need to iterate over all
possible combinations of potential classifications of devices.
For each classification combination, we will iterate over all
possible permutations of device association, and finally solve
the path planning problem in the form of TSP iteratively.
This is a very expensive method that will guarantee an
optimal solution.



TABLE 1. Summary of Baseline Approaches

Approach Description Strengths Weaknesses Algorithmic Basis
Naive Approach Assumes all devices are Tier  Simplistic and  Lacks efficiency N/A

1, requiring no device classi-  straightforward, in energy use and

fication or association, and the  providing a clear does not leverage

UAV disseminates data to each ~ benchmark for  device-to-device

device directly. comparison. communication

capabilities.

Brute Force Al-  Iteratively explores all possible ~ Guarantees  finding  Computational com-  Detailed in the
gorithm (BFA) combinations of device clas-  the optimal solution, plexity increases fac-  manuscript.

solid

benchmark for

associations, and
UAV path planning to find the

sifications, providing a

torially with the num-

ber of devices, mak-

optimal solution. optimality. ing it impractical for
larger networks.
Ant-Colony Op- Inspired by the foraging be- Finds near-optimal May not always find The comprehensive algo-
timization (ACO)  havior of ants, this heuristic  solutions efficiently  the absolute best solu-  rithm is succinctly encap-

Approach algorithm finds near-optimal  for larger networks.
Good

between performance

paths for data dissemination. balance

tion. Performance de-
pends on specific pa-

rameters and heuristic

sulated in Algorithm 1.

and  computational

demand.

rules.

Algorithm 1: ACO Algorithm for Data Dissemina-
tion Using a UAV
Input: N, ¢, ¥, h, W,C, A, I,a, 3
Initialize: 7;, 70;, T, 7/, V1 < i,k < N; O < o0;
for Iteration = 1 to I do
Ol < 0OQ; 02 <— 0OQ;
for a =1to A do
Obtain T(®) | ;@) and (®) using (9), (10),
and (12);
Evaluate O(T(®), u(®), 4)(®)) using (8);
if O > O(T@, (@) /(@) then
| T T@; p* = pl; g @),
end
if O; > O(T(®), ;y(91) 4)(@1)) then
T(01)  7la); pylan)  yla);
Plar) ¢ qpla);

end
else if Oy > O(T(@2) 14(22) 4(@2)) then
T(aQ) < T(a)’ N(U'?) < /J’(a)’

q/,(aa) — w(a);

end
Deposit pheromone for a; and as using (14);

end
end
return 77 u* )*;

C. Ant Colony Optimization Approach

The Ant Colony Optimization (ACO) paradigm, a bio-
inspired, stochastic search algorithm, employs a collection
of agent-based models, referred to as ‘ants’, which cooper-
atively navigate the solution space of an optimization prob-

lem through the exchange of pheromone-like information.
Emulating the path-finding mechanisms of their biological
counterparts, these agents incrementally construct solutions,
informed by pheromone trails that are both strengthened by
usage and diminished via evaporation. Over time, this leads
to a convergence on shorter, more optimal paths. Analogous
to reinforcement learning, the ACO algorithm assigns a
higher weight to more favorable solutions, thus enabling a
progressive improvement over iterations.

In the context of optimizing UAV network data dissemina-
tion, the authors in [11], propose an approach where a colony
of ants A engages in a sequential, three-part procedure to
address the optimization problem defined in (8). Each ant
a € A executes a tour comprising device classification,
device association, and UAV trip determination to derive a
solution iteratively.
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V. DRL-Based UAV-assisted Data Dissemination
In this section, we introduce a comprehensive DRL-based
solution designed to address the energy-efficient d ata dis-
semination problem in UAV networks as defined in (8). Our
approach harnesses the capabilities of a DRL framework to
autonomously guide a UAV in making data dissemination
decisions that optimize energy usage across the network.
Central to this solution is the use of a Double Deep Q-
Network (DDQN) algorithm, or a proximal policy optimisa-
tion (PPO) algorithm, where the UAV acts as a single-agent,
dynamically interacting with the network environment.
Through iterative training, the UAV effectively learns to
classify IoT devices into tiers, associate Tier 2 devices with
Tier 1 devices, and intricately plan its flight path to minimize
energy consumption while ensuring timely data delivery. By
encapsulating the state space, action space, and the reward
mechanism within a structured learning paradigm, our frame-
work demonstrates a novel application of DRL in the context
of UAV-assisted IoT networks. The following subsections
detail the components of our proposed solution, including the
MDP formulation, the DDQN/PPO agent approach, device
association and path planning algorithms, and performance
metrics critical to evaluating the efficiency of our strategy.

A. MDP Formulation

In this section, we define the RL elements, i.e., state space,
action space and long-term cumulative reward within the
context of the proposed framework, respectively. The ele-
ments of RL are summarized in Fig. 2. The MDP in our
UAV-assisted data dissemination framework is defined by
the state space S, action space A, and the reward function
R. Specifically:

e State Space (S): The system state at time-step ¢, defined
as s, consists of the following four parts: 1) The
classification matrix (T"); 2) The association matrix
(n); 3) The UAV tour matrix (1,5); and 4) The to-
tal energy expenditure (E(T, ut,1))). Hence, the state
space of the system can be characterized by S =
{Ts s V; E(T, p, 15)} of size 2N+ N2 +3(N+2)+1.
At the initial system state, s;, is a tuple consisting of
[Tos o3 Po; Eo(T, py1b)], where Ty is obtained when
all devices are set as Tier 1, p is a matrix with elements
pir = 0 indicating no association, 1 is the obtained
tour when the UAV visits all devices, and Eo (T, p, %)
is the energy obtained for this initial state setup. The
final or terminal state s;, is the state when convergence
is met.

e Action Space (A): The UAV is assumed to perform a
tour and hover over Tier 1 devices to disseminate data.
These Tier 1 devices depicted by the T matrix can be
represented by a decimal number. The agent will select
an action a; € A = {1,---,2V —1} at each time-
step, where A is the action space of size 2%, that will
cause the transition of the system from s; to sy41. For

example, for N =4, A = {1,---,15}. If a; = 10 =
10012, then T11,T14 = ]., while TQQ,TQg =0.

e Reward Function (R): When action a; is taken under
state s;, the reward r; which is a function of the
obtained E(T, p,)) can be given by

~10 if E (T, p,P) = 00
_ -1 if £ (Ta /J,,’l/_)) <FE (T’ “71!_1)best
r, = : C _ )]
0 if & (Ta /J,,’l/_)) =E (T’ l‘l”d_])best
10 if & (Ta /J,,’l/)) >E (T’ “7¢)best’

where F (T, I, ft,[))best = arg min (E (T, Ly 1/1)) ob-
tained in previous timesteps. The objective of the pro-
posed system is to find an optimal policy 7* (-), typi-
cally a function approximator with tunable parameters,
that maps a; given s; to maximize the cumulative
reward.

The necessity of employing DRL over conventional op-
timization methods arises from the dynamic and complex
nature of the problem. The UAV-assisted data dissemination
framework involves a continuously changing environment,
with varying network conditions and device distributions.
Moreover, the application of DRL enables the system to
leverage trial-and-error learning to discover innovative strate-
gies for device classification, association, and path planning
that minimize energy consumption while maintaining effec-
tive data dissemination.
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FIGURE 3. Proposed DRL-based UAV-assisted data
dissemination solution framework.

B. Proposed Approach

Although dynamic programming techniques can be em-
ployed to solve MDP and find the optimal policy 7 (-), a
high computational complexity arises for large-scale MDPs.
In recent years, RL algorithms have been increasingly em-
ployed by researchers to tackle the issue of dimensionality
for large-scale MDPs. RL is a goal-oriented computational
approach where an agent interacts with an unknown dynamic
environment to learn how to perform a task. The objective of



the agent is to maximize the cumulative reward for the task
without being explicitly programmed and without human
intervention [6].

In the proposed approach, the environment is modeled
as described in Section III. The environment is considered
dynamic and unknown at the start of every training episode.
The setup, however, remains unchanged throughout the time
steps of each episode.In the context of our UAV-assisted data
dissemination system, depicted in Fig. 1, the UAV serves
as the central entity responsible for collecting and process-
ing network data essential for the DRL-based approach. It
compiles comprehensive information regarding IoT device
locations, energy states, and data demands. This rich dataset
is critical for the UAV to comprehend the prevailing network
conditions and to facilitate informed decision-making for
optimizing data dissemination pathways.

TABLE 2. DDQN Q-Network Dimension.

Layer Type Dimension

Input layer Feature input |S| features
Hidden layer 1 ~ Fully connected  |S| x 256
Hidden layer 2 Fully connected 256 X 256

Fully connected 256 x |.A|

Output layer

1) Devices Classification
e DDQN Agent Approach

In the proposed framework depicted in Fig. 3, we
adopt a double DQN (DDQN) as the agent learning
algorithm, to solve the UAV-assisted data dissemination
problem. The DQN algorithm is a model-free, online,
off-policy RL method in which a value-based RL agent
is employed to train a critic that estimates and returns
future rewards [22], [23]. However, one limitation of
DQN is its tendency to overestimate action values for
large-scale function approximation. This limitation is
addressed by the utilization of DDQN, which provides
generalized problems with large-scale function approxi-
mation, while offering improved performance [24]. The
selection of this type of agent type is motivated by
the fact that our observation space is continuous and
our action space is discrete. Our DDQN algorithm
implementation is presented in Algorithm 2.

The implemented DDQN agent has two function ap-
proximators in the form of neural networks, whose
weights 6g1 and fg2 are updated with every iteration
to obtain 7(-). However, 7(-) can only be achieved
as t — oo, which implies that the neural networks
can only approximate, and hence, the name function
approximators. In DDQN, a target critic network is used
to generate an action, i.e., the device classification in
decimal representation, and a critic network is used
to determine the Q-value of the action. The critic
network is made up of four layers described in Table

2, and a ReLU activation function f(z) = max(0, z) is
chosen [25]. The experience reply buffer D stores the
experience of the agent, which is the transition pair at
time-step ¢ and is defined as (s, a;, 7¢, St4+1)-

This shows that at a state s, applying an action a; on
the environment yields a reward 7, and takes the envi-
ronment to state s;y;. The mini-batch is an experience
pair of size K, that is sampled from D and used as
input to the critic network. The approximation of the
Q-value should be able to approach the state-action
value function estimated by the DDQN. This state-
action value function is given by the Bellman equation
as

Q;T (st at) =

Es, |75, 501,00 +7 IglaXQ;r(StJrhatJrl) | st ae ],
t+1

(10)

where 0 < v < 1 is the discount factor that determines
how important the prediction of future rewards is.
Therefore, at the end of every time step during training,
the DDQN updates the weights to minimize the mean-
squared error loss,

n{}in L (6), (11)

where Lt(Gt) = Est,at[(yt — Qw(st,at;ﬁt))Q], Wlth Yt
denoting the estimated function value at time-step ¢
when s; is the current state, and a; is the taken action,
which is given by

Yyt =

Est Tsy 041,00 T maXQTr(St-‘rla Q415 at—l) ‘ Sty Q¢ | -
At4+1

(12)

The stochastic gradient descent (SGD) algorithm [26]
is used during training to update the weights 6, at
every time-step t. In SGD, the weights are initialized
randomly and iteratively updated based on a learning
rate 7. The weight update formula is given as

975 = 9,5 — nVLt(Qt) (13)

Building upon this framework, the process flow of
our DRL-based solution for UAV-assisted data dissem-
ination is further elaborated in Fig. 3. This figure
demonstrates the intricate interactions between the UAV,
functioning as the DDQN agent, and the dynamic
environment it operates within. During the training
phase, the UAV amasses real-time network data, en-
compassing the locations of IoT devices, their data
needs, and prevailing energy levels. Such information
drives the refinement of the DDQN’s policy gradient
and loss function, ultimately enhancing the action-value
function iteratively. The association and path planning
algorithms, integral components of the environment,



Algorithm 2: DQN-Based Framework for UAV-
assisted Data Dissemination Problem.

Algorithm 3: PPO-Based Framework for UAV-
assisted Data Dissemination Problem.

Initialize 0g1,002,¢; = 1,0, =j =0, and K;
while j < |€| do
set sy = 54, = [To, pto, Yo, Eol:
while 1 < |T| do
X, ~U(0,1);
if Xt < € then
| a; = random(1,
else
‘ a; = arg maxQ (s, at | 0g1);

at

2N 1),

end

a; — T

Obtain g matrix from Algorithm 2 or 3;

Obtain 1) from Algorithm 4;

Evaluate E(T, 1, );

Obtain Tt and St+15

Store the experience [s¢, at, 7'+, St41] in D;

Sample a random mini-batch of K
experiences from D;

if St == Stf then
Yt = T,
else
Aty = AT MAXQ(5¢41, a1 | 0Q1);
at41
Yt = Est-ﬁbt [lrstyst,+17at =+ 'YQW(SH-I, (07 |
9Q2) | Stvat];
end
Update Q-network parameters
9@1 =0; — TIVLt(Qt);

where L;(0;) = Es, o, [(ye — Qn (¢, a4;0:))%];
Update the target Q-network parameters 6go;
Update the exploration rate €;11 = €; — J;
Set St = St+1 t=t+1,

end
J=J3+1L
end

Output optimal policy T

deliver feedback in the form of reward signals, thereby
enabling a robust learning loop that underpins the
UAV’s operational decisions.

e PPO Agent Approach Within our UAV-assisted data
dissemination framework, as illustrated in Fig. 3,
we integrate the Proximal Policy Optimization (PPO)
algorithm as an alternative agent learning strategy. PPO,
a policy gradient method for reinforcement learning,
offers several advantages, particularly for problems with
continuous action spaces or when seeking to balance
exploration with exploitation in complex environments
[27]. Unlike value-based methods, PPO operates di-
rectly on the policy space, enabling it to manage the
stochasticity of actions in a more nuanced manner.

Initialize policy parameters 6, value function
parameters ¢, and environment &;

for each iteration do
Collect set of trajectories Dy by running policy

T in the environment;

Compute rewards-to-go R, and advantage
estimates flt based on the current value function
V¢;

Update the policy by maximizing the PPO-Clip

objective via SGD:
mo(aslse)
714 ,
‘D | Z Z ( Bola a‘t|st) '
clip <7T9(at|st),1—e,1+e) A, ,
Toud (at]St)

TE€Dy t=0
Update the value function by minimizing the loss
via SGD:

gﬁeargmln(“D ‘TZZ(qust )

TEDy t=0

0 < arg maxy,——

end
Output optimized policy parameters 6*;

The core of the PPO algorithm lies in its objective func-
tion, which modifies the policy gradient for improved
training stability and efficiency. It uses a clipped surro-
gate objective to prevent overly large updates, thereby
ensuring a smooth policy evolution. This characteristic
is crucial in our setting, where sudden changes in UAV
flight patterns or data dissemination strategies could
lead to suboptimal outcomes or instability. Our PPO
algorithm implementation is presented in Algorithm 3.
Our implementation of PPO employs separate neural
networks for the policy (actor) and value (critic) func-
tions, denoted as g and Vj, respectively, where ¢ and
¢ are the network parameters. The actor-network is
responsible for selecting actions based on the current
state, while the critic estimates the value of being
in a given state, helping to gauge the advantage of
performed actions.

Training involves iteratively updating the policy based
on the clipped objective and refining the value func-
tion estimate to reduce the variance of policy updates.
The dual nature of this approach—optimizing both the
policy and value estimates—enables our framework to
adaptively improve UAV control and data dissemination
strategies over time. Algorithm adjustments, such as
the entropy bonus to encourage exploration or the



specific form of the advantage function, are fine-tuned
based on empirical performance within our simulated
environment.

Algorithm 4: Association Algorithm.

Initialize i = z = 0;
Given ay, devices location (z, yx);
while i < L do
Extract 7, device location da, < (zk,yk);
while z < m do
Extract 71 device location di_ < (zy,yx);
dz = De(in;dlz);
z=z+1;
end
71, = arg min(7y(d;));
To, € T1;5
=14+ 1;

end
Obtain p matrix based on the association;

The adaptability of PPO, combined with its effective-
ness in continuous action domains, makes it an ideal
choice for our UAV-assisted framework, enabling effi-
cient, scalable, and robust data dissemination strategies
in complex and dynamic environments.

2) Devices Association

In our framework, we develop an algorithm that enables
devices association. The input of the association algorithm is
the current action a; applied to the environment by the agent.
The action a; is translated into the classification matrix T
and then this is used to associate the devices. We employ the
nearest neighbor heuristic [28] to develop an the association
algorithm. In our proposed association algorithm, each 7o
device is associated with a 7; device that is nearest to it in
physical distance. Here we use devices’ locations as input
and employ the Euclidean distance D.(-,-) to realize the
association, as described in Algorithm 4.

3) Path Planning

To obtain the optimum tour 1), we propose a path planning
algorithm. Similar to the association algorithm, the action a,
applied to the environment by the agent is translated into the
classification matrix 7", and then used to obtain the physical
locations of the 7 devices. In our framework, we employ the
LKH algorithm, which is an effective method for obtaining
an optimum and near-optimum solution for the symmetric
TSP [29]. For the route mapping, we employ the greedy
nearest neighbor heuristic, while for route-improvement, we
employ the 2-opt heuristic of the LKH algorithm [30]. The
implementation of the DRL-based framework is shown in
Algorithm 5. In the algorithm, the UAV starts from an initial

docking location 1), takes a tour 1) and returns to the
docking location .

Algorithm 5: UAV Path Planning Algorithm.

Initialize 1 = z = 0;
Given ay, devices location (zg, yx), ¥o;
uavToury = [t];
while z < m do
Extract 71, device location dy_ < (zk,yx);
d, = D.(uavToury, dy);
. = arg min(n. ()

z

uavToury = [1o; 1. ];
z=z4+1;
end
Set gmin = 0;
while i <m — 2 do
d; = De(diy1,dir2);
while z < m do
dz2 = De(dit1,dit3);
dz3 = De(diys, dita);
dza = De(diy2,dit2);
q= (sz - dz3) + (dz4 - dzl);
if ¢ < gmin then
swap(d,1,d.2);
swap(d.s,d.4);

end
uavTour, = [uavTour,_1;1);];
z=z+1;

end

=14+ 1;

end
Obtain uvavTourye;

To address the complexity and dynamic nature of UAV-
assisted IoT networks, our methodology integrates the
DDQN algorithm alongside targeted heuristics. The DDQN
algorithm was chosen for its proven efficacy in reducing
the overestimation bias present in traditional Q-learning
methods, thereby providing more stable and reliable learning
outcomes in environments with highly variable and uncertain
dynamics, such as those encountered in UAV-assisted data
dissemination tasks [23]. This choice is underpinned by
DDQN’s ability to decouple the selection of actions from the
evaluation of their potential rewards, an advancement that
significantly enhances decision-making quality in complex
scenarios. Furthermore, the incorporation of specific heuris-
tics, such as the nearest-neighbor and Link Kernighan heuris-
tics for device association and path planning, respectively,
is motivated by their computational efficiency and robust
performance in solving optimization problems that are NP-
hard [29]. The combination of DDQN with these heuristics
represents a deliberate strategy to harness complementary
strengths: DDQN’s advanced learning capabilities and the



heuristics’ efficiency and proven applicability in related
optimization challenges.

VL. Performance Metrics

In this section, we discuss the performance metrics employed
to quantify the efficiency of our proposed DRL-based frame-
work for the UAV-assisted data dissemination problem.

A. Computational Complexity

Here, we present the mathematical expression of the compu-
tational complexity of the baseline solution, the brute force
solution, and the proposed DRL-based solution.

1) Baseline Approach

The baseline approach is used as a benchmark to analyze the
performance of the proposed approach. In this approach, all
devices are assumed to be in Tier 1. This indicates that no
strategic classification is required, no association is needed,
and the UAV has to follow a tour that stops and disseminates
data at every IoT device in the order of their deployment. The
overall computational complexity of this approach based on
the device classification, d evice a ssociation, and U AV path
planning is presented in Table 3.

TABLE 3. Baseline Approach Complexity.

Problem Complexity
Classification oO(1)
Association O(1)
Path Planning O(N?)

Overall O(1+1+ N2)~ O(N?)

2) Brute Force Algorithm (BFA) Approach

The optimum solution of the objective function in (8) can
be solved iteratively using the brute force algorithm (BFA).
To obtain the solution using BFA, we need to iterate over all
possible combinations of potential classifications of devices.
For each classification combination, we will iterate over all
possible permutations of device association, and finally solve
the path planning problem in the form of TSP iteratively.
This is a very expensive method that will guarantee an op-
timal solution. The overall computational complexity of this
approach based on device classification, device association,
and UAV path planning for N devices is presented in Table
4. This approach is impractical for a number of IoT devices
N > 10 due to the factorial expression.

3) Ant-Colony Based Approach
In the ant-colony optimization framework, an individual
ant a executes O(N), O(N?F), and O(N?) computa-

tions to derive TV, (@, and (®) respectively. The pro-
cess of assessing the objective function is accomplished

TABLE 4. BFA Approach Complexity.

Problem Complexity
Classification o@e2N)
Association O(N?)
Path Planning O(N!)
Overall O(2NN2N)

through O(N2F? + NF?) operations, which simplifies
to O(N2F?). Thus, the total computational burden of
the ACO method is O(N*F3AI 4+ NZ2I), simplifying to
O(N*F3AI). This is substantially more efficient than the
computationally intensive exhaustive search, which has a
complexity of O(2V[N (N —1)/2 + N!|N2F?), equivalent
to O(2NNIN2F?).

4) Proposed DRL-Based Approach

The overall-complexity of the proposed solution is evaluated
as the sum of the three sub-problems’ complexity, i.e.,
classification, a ssociation, a nd p ath-planning sub-problems.
For a given N, the overall computational complexity of this
approach during training of the agent and during run-time
for NV devices is presented in Table 5.

TABLE 5. DRL-based Approach Complexity.

Process Complexity
Association algorithm [21] O(N?)

Path planning algorithm [25] O(N3logN)
Size of action space |A| 02N)
Size of state space |S]| O(N?)
Number of episodes || O(E)
Number of time-steps |7 o(T)
Number of hidden layers |H| O(H)
Hidden layer dimension |L]| O(L)

Convergence-Overall O(ETL?H . 2N N?)
Run-time-Overall O(2NN?)

B. Convergence

Convergence is defined in terms of the number of episodes
at which the target average total reward is achieved. It is
expected that as the number of IoT devices /N increases, the
convergence time also increases. This is due to an increase in
the state space input size, as well as the action space output
size. From Table 4, it can be seen that the action space input
increases exponentially with an increase in N which results
in a longer convergence time. The obtained expression has
no factorial function which makes it more practical than the
BFA.

C. Average Reward

Average reward reflects the cumulative efficiency of the
agent’s decisions over time, with higher (less negative)
average rewards corresponding to more optimal policies.
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FIGURE 5. Average reward of the DRL agents during training as a function
of the number of episodes | E|.

The average reward thus serves as an indication of the
algorithm’s ability to balance immediate costs with long-
term gains, which in the case of UAV networks, translates to
the judicious management of resources like battery life and
bandwidth while fulfilling the network’s d ata requirements.

D. Run-time

The exhaustive search was set as the upper bound and the
calculation of the run-time complexity is possible and given
as O(2V N2N!), where N is the number of IoT devices in
the system. In the proposed approach however, |H| and | L]
remain fixed after the agent is being trained, leading to a
significantly reduced run-time computational complexity, as
indicated in Table 4. This is a consequence of the action
space and state space dominating the overall complexity for
high values of N.
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FIGURE 6. Run-time as a function of the number of loT devices N.

E. Energy Expenditure

Using the energy expression given in (7), we obtained the
energy expenditure with variable system model parameters
to demonstrate the generalization of the policy 7 (-) obtained
by the DDQN agent.

VIl. Results and Discussions

In this section, the efficiency of the proposed DRL-based
solution is evaluated in terms of the performance metrics
described in Section V. We follow the simulation setup in
[11] to design the system model in Section III. The default
system parameters, unless otherwise stated, are presented in
Table 6. The RL hyper-parameters of the proposed scheme
are presented in Table 7. These hyper-parameters are tuned
during training to achieve good policy for the agent. The
effect of some of the main parameters on the total energy
expenditure of the proposed framework is studied and the
results are compared with the benchmark solutions. The
results are obtained as average of 100 runs.

1) Convergence

The relationship between the training convergence time and
the number of IoT devices, IV, is captured in Fig. 4. Contrary
to typical expectations in DRL implementations, we observe
that DDQN uniformly outperforms PPO across the range
of N. Specifically, as N escalates from 2 to 12, the DDQN
algorithm maintains a consistently lower convergence time in
comparison to PPO. This inverse relationship between con-
vergence time and network size highlights the effectiveness
of DDQN in our UAV-assisted data dissemination context,
underscoring its computational efficiency and scalability.
This performance is consistent with the computational com-
plexity analysis presented in Table 4, and reinforces DDQN’s
suitability for larger scale networks where expedient policy
learning is crucial.
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FIGURE 8. Energy expenditure as a function of the devices’
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2) Average Reward

Fig. 5 presents the progression of average rewards per
episode for the DDQN and PPO algorithms across different
network sizes (N = 4, 8, 12). Initially, both algorithms
exhibit similar reward trajectories, indicating a comparable
exploration phase. As episodes progress, the DDQN algo-
rithm converges more consistently to higher reward values,
suggesting a stable learning and optimization process. In
contrast, the PPO algorithm experiences more pronounced
fluctuations, especially as the network size increases. This is
indicative of the greater challenge PPO faces in scaling with
the complexity of the task. For N = 12, DDQN demonstrates
a robust performance with less variance in rewards, while
PPO’s performance is characterized by significant oscilla-
tions, reflecting a less stable policy learning trajectory. The
observed trends underscore DDQN’s potential for achieving
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14 -
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FIGURE 9. Energy expenditure as a function of the number of required
files f;,with N = 12,7 ;= 500m, L ;= 5 kb, and F' = 70 files.
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FIGURE 10. Energy expenditure as a function of the file size L, with
N =12, r; = 500 m, f; = 20 files,and F' = 70 files.

more efficient p olicy learning in U AV-assisted d ata dissem-
ination environments, particularly in larger networks.

3) Run-time
The execution time performance of various benchmark ap-
proaches, alongside the proposed DRL-based algorithms
(DDQN and PPO), as a function of the number of IoT
devices, N, is depicted in Fig. 5. For the sake of an equi-
table comparison, GPU acceleration has been excluded. We
observe that the run-time of the baseline approach remains
consistently negligible across different values of N. Con-
versely, the run-time of the Brute-Force Algorithm (BFA)
escalates significantly with the increase in N, becoming
computationally impractical for N > 10.

Interestingly, both the ant-colony algorithm and the pro-
posed DRL-based approaches, including DDQN and PPO,



TABLE 6. System Model Parameters.

Parameter Value Parameter Value
Pr 20 dBm M 0.5 kg
L; 5 kb «a 1
Yo -60 dB E 103
Prax SW A 100
h 100 m B 20 kHz
p 4 € 3
l 103 P 0.0126 W
o 10 Umax 12 m/s
Pr, 20 dBm r 20 cm
a? -110 dBm B 1
r; 500 m ‘Czk|2 ~ Exp (1)
Piop oW I 103
TABLE 7. RL Hyper-parameters.
Parameter Value
Number of episodes |£| 10000
Number of time-steps |7 | 100
Discount factor ~y 0.99
Initial exploration rate € 1
Exploration decay 0.005

Minimum exploration rate €mpin 0.01
Target critic smooth factor 7 le-3
Target critic update frequency 1

Experience buffer size D 10000
Minimum batch size K 64
Averaging window size 100
Target average reward 0

maintain relatively stable run-times across the spectrum
of N, with only a marginal upward trend. It is notable
that for N < 7, the BFA outpaces both the ant-colony
and DRL-based methods. However, as N surpasses 7, the
DRL-based methods demonstrate superior time efficiency
compared to the BFA. Additionally, the proposed DRL-based
algorithms consistently outperform the ant-colony algorithm
in computational time, offering a more expedient approach
to finding near-optimal solutions for all considered network
sizes.

The relatively flat run-time curve of the proposed DRL-
based approaches, particularly PPO, suggests an advantage
in scalability and computational efficiency, positioning them
as favorable strategies for larger IoT networks where quick
adaptation to dynamic environments is paramount.

4) Energy Expenditure

The energy expenditure obtained by the proposed DRL-
based framework as a function of the number of IoT devices
N, devices communication range 7;, number of required
files by the IoT devices f; and file size L; is presented in
Figs. 6-9, respectively. Fig. 7 presents the energy expenditure
as a function of the number of IoT devices IV for various

optimization approaches. As observed in the figure, there is
a clear trend of increasing energy expenditure with an in-
creasing number of IoT devices across all methods. Notably,
the brute-force algorithm (BFA) achieves the lowest energy
expenditure, demonstrating its ability to exhaustively search
for the global minimum. However, it is crucial to consider
the practicality of the BFA, especially as NV grows beyond 9,
where the computational complexity becomes prohibitive for
real-world applications due to the factorial growth in the so-
lution space. In contrast, the proposed DRL-based approach
achieves energy expenditure levels close to those of the BFA,
indicating its effectiveness in optimization tasks. Moreover,
the DRL-based approach significantly outperforms the base-
line approach while remaining computationally feasible for
larger problem scales. Remarkably, for scenarios with more
than 4 IoT devices, both variants of the proposed DRL-based
approach achieve lower energy expenditure compared to the
ant-colony optimization method, highlighting the superior
efficiency and effectiveness of DRL-based optimization in
UAV-assisted IoT networks. These findings emphasize the
potential of the proposed DRL-based framework to provide
efficient and scalable solutions for energy expenditure op-
timization in real-world UAV-assisted IoT scenarios, where
computational efficiency and effectiveness are critical con-
siderations.

Fig. 8 illustrates the impact of device communication
range, r;, on the energy expenditure for various optimization
strategies. The baseline approach remains invariant with
changes in r;, affirming its non-adaptive trajectory planning
which is not influenced by communication range. Con-
versely, the energy expenditure for the proposed DRL-based
methods, encapsulated by the DDQN and PPO algorithms,
exhibits a marginal decrement with the increase in r;. This
demonstrates the DRL approaches’ proficiency in harness-
ing the broader communication capabilities to optimize the
UAV’s flight plan, consequently reducing energy usage. The
Ant Colony approach, however, shows a gradual uptick
in energy expenditure, suggesting a less effective use of
increasing r; in path optimization. These trends underscore
the nuanced behaviors of different optimization strategies
in response to variable device communication ranges within
UAV-assisted networks.

As depicted in Fig. 9, the energy expenditure trends
upward with the increase in the number of required files for
all optimization strategies. The baseline approach evidences
a proportional increase, reflecting its lack of adaptive effi-
ciency in managing larger file distributions. In contrast, the
proposed DRL-based methods, DDQN and PPO, along with
the Ant Colony optimization, manifest markedly improved
energy efficiency. Notably, the DRL-based algorithms exhibit
a marginal increase in energy usage, maintaining a near-
parallel trajectory irrespective of the growing number of
files. This is indicative of their sophisticated optimization
capabilities, which mitigate the impact of larger file counts
on energy consumption. The Ant Colony approach, albeit



superior to the baseline, does not match the efficiency
of the DRL strategies, underscoring their effectiveness in
energy-limited UAV network environments. The similarity
in the performance of DDQN and PPO approaches suggests
comparable optimization proficiencies in the domain of data
dissemination.

The variation of energy expenditure with respect to file
size is captured in Fig. 10. The Baseline approach exhibits
a linearly increasing energy cost, indicative of its non-
optimizing nature with respect to file size. In stark contrast,
the Ant Colony and the proposed DRL-based algorithms,
DDQN and PPO, present a significantly I ess pronounced
rise in energy use as file s ize i ncreases. T his s uggests an
enhanced ability of these algorithms to handle larger data
payloads without a corresponding linear increase in energy
expenditure. It is particularly noteworthy that the DDQN
and PPO algorithms are almost indistinguishable in their
energy efficiency, r evealing t heir c omparable a deptness at
optimizing energy consumption across different file sizes.
This underscores the value of DRL approaches in energy-
constrained environments, such as UAV networks, where ef-
ficient data management is paramount for operational success
and longevity.

In recognizing the inherent challenges associated with
the computational complexity of optimization algorithms,
including our proposed DRL-based framework, it’s important
to note that as N increases, so too does the complexity of
our algorithm. This is a common characteristic among many
sophisticated optimization techniques, and while it presents
challenges for scalability, it is crucial for ensuring the depth
and thoroughness of the optimization process, particularly in
complex, dynamic environments such as UAV-assisted IoT
networks.

Our study’s findings o n e nhancing e nergy e fficiency in
UAV-assisted IoT networks have profound practical impli-
cations across various sectors. In urban planning, energy-
efficient U AV n etworks c an s upport a dvanced monitoring
and data collection for traffic m anagement a nd infrastruc-
ture maintenance, facilitating smoother city operations and
improved public safety. Within industrial operations, such
deployments can enable real-time monitoring of vast indus-
trial sites and logistics operations, ensuring timely mainte-
nance and operational efficiency. M oreover, i n t he context
of smart city development, energy-efficient UAV-assisted
IoT networks are pivotal in deploying sensors and devices
for environmental monitoring, public services optimization,
and enhancing the quality of life for residents through
intelligent data-driven decision-making. These applications
underscore the significance o f o ur r esearch i n contributing
to the sustainable and efficient d evelopment o f u rban and
industrial ecosystems.

VIIl. Conclusions
In this paper, we have proposed a DRL scheme with the aim
to solve a joint classification, association, and path planning

optimization problem in a UAV-assisted data dissemination.
The objective is to minimize the total energy expenditure
while guaranteeing the delivery of required filest o the
IoT devices. The proposed system can effectively deal with
dynamic environments as its execution only relies on the
considered system model. The obtained results show that the
DRL-based approach can reduce total energy expenditure
as compared to the baseline approach for all performance
metric parameters. Additionally, for all values of NV, the
DRL-based approach can achieve a near optimal solution
within a shorter period of time compared to the ant-colony
approach. However, it was observed that although the run-
time of the proposed solution is very low and realistic
for different values of NV, the training convergence time
increases with increasing V. As we look towards the future,
enhancing the scalability of our DRL-based algorithm for
larger IoT networks represents a pivotal area of our ongoing
research. We aim to explore more computationally efficient
DRL architectures, consider the potential of distributed DRL
approaches, and investigate the integration of approximation
algorithms. These strategies are intended to mitigate the
impact of increased problem scale on computational com-
plexity, ensuring that our framework remains both practical
and effective for a wider range of network sizes.

Looking to the future, we are committed to further en-
hancing the scalability of our DRL-based framework to ac-
commodate larger IoT networks. This includes investigating
more computationally efficient D RL a rchitectures t hat can
manage the expanding action space without compromising
on performance. In addition, we will consider the potential of
distributed DRL approaches, which may offer a path toward
parallelized learning and decision-making across multiple
UAVs or network clusters. Another promising direction is the
integration of approximation techniques aimed at reducing
the complexity of action selection, thereby accelerating the
convergence process.

Beyond these technical enhancements, we envisage our
solution being deployed in real-world IoT networks, where
its impact on energy efficiency c ould e xtend operational
longevity and reduce costs. The adaptability of our DRL-
based system positions it well for dynamic and unpredictable
environments, which are characteristic of many IoT appli-
cations, from smart cities to precision agriculture. As IoT
devices proliferate and UAV technologies advance, we an-
ticipate that our framework will contribute to the evolution of
smart, autonomous, and energy-efficient d ata dissemination
methods that are both scalable and robust.
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