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ABSTRACT The rapid development of the Internet of Things and wireless communication has resulted in
the emergence of many latency-constrained and computation-intensive applications such as surveillance,
virtual reality, and disaster monitoring. To satisfy the computational demand and reduce the prolonged
transmission delay to the cloud, mobile edge computing (MEC) has evolved as a potential candidate that
can improve task completion efficiency in a reliable fashion. Owing to its high mobile nature and ease of
use, as promising candidates, unmanned aerial vehicles (UAVs) can be incorporated with MEC to support
such computation-intensive and latency-critical applications. However, determining the ideal offloading
decision for the UAV on basis of the task characteristics still remains a crucial challenge. In this paper, we
investigate a surveillance application scenario of a hierarchical UAV swarm that includes an UAV-enabled
MEC with a team of UAVs surveilling the area to be monitored. To determine the optimal offloading
policy, we propose a deep reinforcement learning based computation offloading (DRLCO) scheme using
double deep Q-learning, which minimizes the weighted sum cost by jointly considering task execution
delay and energy consumption. A performance study shows that the proposed DRLCO technique
significantly outperforms conventional schemes in terms of offloading cost, energy consumption, and task
execution delay. The better convergence and effectiveness of the proposed method over conventional
schemes are also demonstrated.

INDEX TERMS Aerial computing, computation offloading, deep reinforcement learning, double deep Q-
learning, mobile edge computing, multi-agent reinforcement learning, unmanned aerial vehicle.

I. INTRODUCTION performing multiple missions at different locations, and
Unmanned aerial vehicles (UAVs) are considered a fault tolerance. This is possible because of the ability to
potential solution for performing critical tasks, such as complete the mission cooperatively towards a specific
traffic monitoring and surveillance, owing to their dynamic objective [3].

mobility and maneuverability [1]. Nevertheless, in practical Although it is promising, a cooperative reconnaissance
scenarios, single-UAV  systems often underperform or surveillance task introduces new challenges. Assigning
because of their limited energy and payload. Hence, tasks inappropriately may degrade the network
coordination between multiple UAVs (e.g., coalitions) to  performance and increase the information transmission
perform collaborative missions has emerged as a potential inside the coalition. In addition, tasks related to
solution to this problem. Coalition-based networks can surveillance demand high computational capacity, such as
significantly enhance computational capability and ensure video capturing, pre-processing, noise removal, and
successful task completion, outperforming the performance recognition. Owing to the limited payload, communication
of a single UAV by a large margin [2]. The use of a UAV  capacity, and storage, processing computationally intensive
swarm over a single UAV has several advantages, such as tasks such as this becomes challenging for a member UAV
reducing the mission completion time, simultaneously in a coalition, resulting in exceeding the local computation
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capacity and prolonging the task completion time [4].

To tackle these challenges, mobile edge computing
(MEC) is considered an essential solution for enabling
computation offloading from UAVs to the edge node with
high computational capacity [5]. Offloading the computing-
intensive task to a nearby edge server happens via a
wireless communication link, which significantly alleviates
the problem of prolonged transmission delay to the cloud.
However, as the conventional MEC servers located on the
ground are constrained by a fixed geographical location, the
UAV-assisted MEC architecture that combines MEC with
medium and large UAVs with stronger computational
capability for performing computationally intensive tasks
can be a viable solution to address such a scenario.

Despite being a promising approach, it has been less
explored in the existing literature. For UAV-enabled MEC
networks, the existing literature emphasizes routing protocol
[6], path planning [7], [8], area coverage [9], topology control
[10], etc. These studies mostly focused on optimizing the
rescue efficiency by minimizing the response delay and
enhancing resource utilization. In a UAV-assisted surveillance
system, UAVs perform the duty of covering a certain region
and execute computationally intensive tasks in which both
delay and energy consumption are crucial metrics [5]. In large-
scale 3D areas, single-UAV systems often fail to successfully
accomplish complex missions because of their limited energy
capacity, although they provide sufficient coverage for a
specific area. In such cases, a swarm of UAVs comprising
many small and low-cost UAVs was observed to be effective
in performing missions in large areas [9]. With the availability
of a mobile edge server, the offloading computation task
minimizes the task execution delay and energy consumption
involved in offloading the task from the UAV.

In the UAV-MEC system, one of the most crucial decisions
is where the task execution occurs (e.g., local execution, edge
server). This may depend on various metrics such as the
number of tasks, channel quality, UAV position, and edge
nodes [11]. The UAV-enabled MEC system may fail to
execute a task when the computational load increases
significantly with a limited number of UAVs and insufficient
computing resources. A promising solution is to utilize a
UAV-enabled MEC system along with a base station (BS)-
assisted MEC to enable the UAVs utilize the MEC services
provided by the BS [12]. The offloading decision becomes
more challenging under dynamic environmental conditions,
where the characteristics of the network are highly dynamic.
Thus, capturing accurate information to determine an
offloading decision becomes difficult. Offloading decision-
making has been extensively studied in the existing literature
using conventional optimization techniques, such as convex
optimization and heuristic techniques [13]-[15].

Although convex optimization methods can find the
optimal solution when the problem formulation is simple and
the number of nodes are limited, it is difficult to find the global
optimal solution without knowing the complete information
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regarding the environment [16]. For example, global
optimization methods require the problem formulation to be
as simple as possible to enable it to be decomposed into
subproblems. For example, to apply heuristic techniques, the
problem formulation requires to be as simple as possible. An
extensively used method is convex relaxation which refers to
either the relaxation of the integer variables between binary
values or the approximation of the binary constraints with
quadratic constraints [17], [18]. Nonetheless, the solution
obtained from relaxing the constraints is not guaranteed. Most
importantly, because the conventional optimization methods
statically try to find the optimal solution, the whole procedure
needs to be re-run whenever the environment changes. As a
result, traditional methods are not able to effectively address
the high-dimensional state space as considered in this study,
without complete information about the surrounding
environment [19]. Thus, the increased number of network
parameters and unknown environment characteristics makes
the problem formulation even more complicated.

In such context, reinforcement learning (RL) has emerged
as the excellent approach in order to address both the
uncertainty and the underlying dynamic network
characteristics of the environment. Most importantly, RL
enables the agents to adaptively change their actions according
to the change in the unknown environment, which is
impossible in the traditional optimization techniques [20]. The
mapping between the large state space and the action space is
done, leveraging the impressive learning capability of deep
neural networks (DNNs). Incorporating DNNs with RL yields
deep reinforcement learning (DRL) algorithms such as a deep
Q-learning network (DQN), which can find the optimal action
from the large state space without any prior knowledge of the
environment [21]-[23].

As discussed above, our work is motivated by the recent
developments of RL as RL can handle large state space and
action space comfortably. Specifically, in this paper, we focus
on the implementation of a UAV swarm-enabled MEC system
consisting of a multi-UAV network and a ground BS-enabled
MEC that provides computational support to the UAVs in a
surveillance mission. The end goal of the mission is to collect
the computation task (either the video to be processed or the
processed result) captured by UAVs and extract useful
information by a specific team or individual who are assigned
with the task of analyzing the video data at the ground base
station with sufficient computational capacity. After
successful processing of the task, certain feedback or outcome
is sent back to the UAV for continuing the mission further. In
particular, we consider a two-layer UAV-enabled MEC
architecture comprising a head UAV (H-UAV), a team of
member UAVs (M-UAVs), and a BS-assisted MEC to
enhance the task execution efficiency for performing a video
surveillance task to avoid unexpected occurrences during any
sports event. When the number of tasks increases significantly
and the processing capacity of the local edge server is at a
maximum, the M-UAVs can offload the task to either the H-
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UAV or ground edge server to avoid prolonged task
completion delay. The offloading decision of the task depends
on various factors, such as task size, task type, and
computation capacity at the H-UAV. We aim to minimize the
overall energy consumption of the UAV and the task
completion delay under stringent delay requirements
depending on the location of task execution.

To achieve this goal, we first formulate a weighted cost
optimization problem by considering both energy
consumption and task transmission delay for offloading the
task in either of the three computational nodes in accordance
with the offloading decision. The task type (either
computation-intensive or delay-sensitive) is taken into the
decision consideration along with other task metrics because
it may cause task failure and require additional energy.
Because the problem involves multiple integer constraints
along with dynamic task and network dynamics, minimizing
the overall cost using traditional optimization techniques is
difficult. Thus, to handle the time varying task and network
dynamics, we leverage DRL technique to minimize the overall
total cost. Each M-UAV acts as an agent, which runs the
DRLCO scheme to make the offloading decision based on the
task characteristics and obtains an immediate reward to
adaptively update its actions according to the network
changes. Our proposed method can decide to offload the task
more effectively based on the task requirements to solve the
primary problems for UAV-MEC systems such as higher
offloading cost, increased delay, and mission failure due to
limited battery of the UAV.

A. CONTRIBUTION

In this paper, we propose a solution to address the limitations
of existing surveillance and monitoring systems by leveraging
coalitional UAV systems integrated with ground base stations
(BS) in an aerial-ground cooperative paradigm. The main
contributions of this study are summarized as follows:

» First, we introduce the integration of coalitional UAVs with
ground base stations (BS) to offer the enhanced computing
services. By integrating the coalitional UAVs with the ground
BS, we can harness the potential of the aerial-ground
cooperative paradigm to enhance computing service and
support the increasing computational demand of smart
applications. This integration allows for the provision of
enhanced computing services, taking advantage of the
combined resources and capabilities of both UAVs and the
ground infrastructure.

» Second, we consider the heterogeneity of tasks that causes
the difference in our objective function. Task-specific delays
and energy requirements play a crucial role in determining the
success of mission performance. Thus, we consider that M-
UAV is generating task that can be classified as either resource
(computation)-intensive or delay-sensitive.

* Third, considering the limited energy of the UAYV,
communication energy, task execution delay, and the task
heterogeneity, we design the decision-making problem of
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computation offloading for the M-UAV as a weighted cost
minimization problem considering both the energy
consumption of the UAV and the task execution time. To
minimize the weighted offloading cost, we formulate the
problem as a DRL scheme. The state, action, and reward of the
proposed offloading scheme are designed. To maximize the
expected cumulative reward (by minimizing the weighted sum
cost), we propose a DDQN-based fully decentralized DRLCO
scheme, in which each M-UAYV is an agent and can make the
offloading decision using local observation in absence of any
central controller.

* Finally, we conduct a comprehensive numerical simulation
to verify the performance of the proposed method and
compare our results with those of other conventional schemes
(local computing, edge execution, and DQN) with varying
parameter configurations. Simulation results show that our
approach can outperform the conventional offloading schemes
in terms of algorithm convergence, total offloading cost, task
execution delay, and energy consumption.

B. OUTLINE OF THE PAPER
The remainder of this paper is organized as follows. In Section
II, we review the literature. In Section III, we introduce the
preliminaries of the system model, communication model,
task computation model, and the RL framework. We present
our proposed algorithm in Section IV. Section V presents
numerical experiments and discussion. The conclusions of our
study are presented in Section VI.

Il. RELATED STUDIES

In this section, the background and research environment are
discussed by providing an in-depth analysis of the existing
literature pertaining to computational offloading in UAV
swarm-enabled edge computing. In addition, we present the
motivation for this study by describing the potential
application scenario of our proposed solution and the
significance of this study.

A. COMPUTATION OFFLOADING IN COALITIONAL UAV-
MEC

In this subsection, we discuss existing related research on task
offloading in coalitional UAV-MEC systems. You and Dong
[9] studied a hierarchical UAV swarm comprising a leader
UAV and follower UAVs to maximize the area-coverage
efficiency in a surveillance scenario. The authors jointly
considered the clustering of the UAVs to select the cluster
head, transmit power, and relative positions of the UAVs to
optimize the area coverage efficiency under delay constraints.
n [24], the authors designed a response delay optimization
framework in which they used two types of UAVs, denoted as
T-UAV and B-UAV, to collect information more flexibly and
efficiently. To model the interference between UAVs, the
authors used stochastic geometry to derive a successful
transmission probability among UAVs. In [22], the authors
proposed a similar two-layer UAV architecture in which they
attempted to minimize latency by considering both
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communication and computational characteristics leveraging
a DQN and deep deterministic policy gradient (DDPG)
approach for both small and large action spaces. However, the
proposed algorithm requires a longer convergence time than
the DQN algorithm for a larger state space. Chen et al. [4]
proposed a two-layer hierarchical UAV architecture to
minimize the energy consumption of a UAV MEC network by
jointly considering task offloading, channel allocation, and
deployment. The authors used the Stackelberg equilibrium to
design the interaction between the leader UAV and follower
UAVs in a coalition based MEC network. The authors in [25]
proposed a new technique that uses Stackelberg game theory
to model the interaction between the edge service provider and
mobile users during a disaster. The goal of the technique is to
maximize the total utility and provide seamless connectivity
and computing services to mobile users when terrestrial
infrastructure is affected. Considering resource allocation, a
multi-agent DDPG-based cooperative computation offloading
approach was presented in [26] where the authors focused on
maximizing the expected cumulative reward to reduce the
computational cost and optimal resource allocation. They
considered both aerial and ground MEC to manage tasks
offloaded from the edge device. Because the study used a
centralized controller, for a large number of devices,
scalability can be a critical problem.

Unlike the aforementioned studies, the authors in [27]
combined UAV with high altitude platform station (HAPs)
with UAVs to address the limited computational power. This
study jointly considered computational resource allocation,
task splitting, and reuse of subchannels to formulate the
resource allocation problem of the ground power Internet of
things devices in a power grid to ensure seamless
communication and computing services.

B. RL-BASED SOLUTIONS IN TASK OFFLOADING

RL-enabled solutions have appeared to be promising
candidates for capturing the dynamic network characteristics
ofthe UAV-MEC environment, such as data transmission rate,
neighboring UAV decision, topology of the network, and the
computational load, which are correlated with each other and
are dynamic [28]. In particular, the inclusion of deep learning
(DL) combined with RL enables the achievement of an
optimal policy by utilizing the strong function approximation
capability of DL models. Zhang et al. [29] demonstrated a
single-UAV-based DRL technique for task offloading in
hotspot areas to minimize the latency and energy consumption
of the system by considering the offloaded task ratio and UAV
trajectory. In [30], the authors presented a Q-learning
algorithm in which each UAV interacts with the environment
as an agent without communicating with other UAVs to
reduce information exchange for providing cost-effective
wireless communication via a flying BS. To address the
overestimation problem in the DQN algorithm, Tang et al. [23]
used a DDQN approach in a space-air-ground integrated
network environment to address the highly dynamic state
space where the offloading decision is determined based on
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local and neighboring information. In [31], the authors
introduced a novel three-tier cloud-edge computing
framework where mobile users need to pay for availing the
computation services from the cloud service center. To jointly
optimize service caching and resource allocation along with
offloading strategy while meeting the delay constraint of the
mobile wusers, the authors proposed a DRL-based
asynchronous advantage actor-critic algorithm (DRLCOSCM)
to solve the formulated mixed-integer nonlinear programming
(MINLP) problem.

C. CHALLENGES OF DYNAMIC ENVIRONMENTS

Task offloading in dynamic environments poses several
challenges because the computational tasks are data intensive
and the environment characteristics are time varying. With
increasing mission requirements (such as surveilling large
areas or crowd surveillance), single or even multiple UAVs
may not be sufficient to meet the on-demand communication
and massive computation requirements. Mathematically
formulating this problem using a traditional optimization
technique is challenging in the presence of real-life constraints.
To capture the maximum network dynamics and reduce the
error regarding the offloading decision, devices must be aware
of the dynamic properties of the neighboring devices. The
system overhead increases even further with an increase in the
number of UAVs. These challenges remain dominant in
literature and require further study.

D. LIMITATIONS OF EXISITING TASK OFFLOADING
SCHEMES

Existing studies on surveillance and monitoring mostly
consider single-UAYV systems that can provide only a shorter
area coverage and service time owing to the limited flying time.
When covering a large area, the number of computation tasks
would increase significantly, which demands more
computational resources. In multi-UAV systems, routing
overhead and scalability become a crucial issue and
communication becomes crucial with the increased number of
UAVs in a large mission area. Additionally, existing studies
consider a central controller in the network design that collects
all the information and makes the offloading decision centrally
for the agents. This increases the amount of information
transmission significantly because the controller needs to
communicate with each agent, which creates a single point of
failure as well. Moreover, with the increased number of UAVs,
the central controller cannot effectively handle the increased
data and computational load as it deteriorates the system
performance significantly. Thus, the scalability of the system
is severely degraded. Furthermore, the assumption of a flying
MEC server with sufficient computational capacity to execute
tasks such as monitoring and surveillance is invalid in larger
coverage areas [32]. Coordination between multiple large and
small UAVs enables the collaborative surveying of a larger
area and provides services for a longer period. Two major
advantages of such network models are better line-of-sight
links between the UAVs and the reduced communication
distance due to the mobile nature of UAVs [12].
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An alternative and promising paradigm that shows great
potential is the integration of coalitional UAV systems with
ground base stations (BS) in an aerial-ground cooperative
framework. With increasing mission requirements, leveraging
the computation and communication resources of both UAVs
and the ground infrastructure (i.e., the BS) becomes an
emerging research trend. By integrating coalitional UAVs
with the ground BS, we can harness the potential of the aerial-
ground cooperative paradigm to enhance computation service
and support the increasing data rate demand of data intensive
applications. While a few works have investigated the
advantages of offloading in such systems, there still remain
significant research opportunities in this area.

Motivated by the above shortcomings, in this study, we
consider a team of decentralized UAVs and a ground BS-
enabled MEC which is considered as an additional
computation resource. With the inclusion of a ground MEC
server, as the computational load of the M-UAYV increases, the
tasks can be offloaded to either the H-UAV with better
computational resource or the BS-assisted MEC to reduce the
computation overhead and ensure better mission performance.
Based on the local observations of the agent (M-UAV), the
agent can adaptively learn the network dynamics and take
offloading decisions in a distributed manner using the
proposed DRLCO scheme to minimize the overall offloading
cost.

lll. PRELIMINARIES

In this section, we present background knowledge consisting
of the system model, channel model, and RL framework to
provide a better understanding of the proposed model.

A. NETWORK MODEL AND ASSUMPTIONS

We consider a hierarchical UAV swarm-enabled MEC
network with N coalitions (i.e., {Q1,Q2,...,Qn}). Each
coalition is responsible for its own set of UAVs with one
designated coalition head (H-UAV) and multiple coalition
members (M-UAVs) as shown in Fig. 1. The H-UAV is
supposed to coordinate the activities of the coalition members
to ensure successful task execution during the mission. This
allows effective collaboration among the UAVs within the
coalition with the improvement of task allocation, resource
utilization, and overall mission performance. Each UAV in the
coalition is equipped with a computing unit to perform
computationally intensive tasks. We consider that H-UAV has
a high computing performance compared with the coalition
members owing to its high performance and sufficient energy.
We represent the coalition members and coalition head as
M ={1,2,---,M}and H = {1,2,-+, H}, respectively, where
M and H represent the number of M-UAVs and H-UAVsin a
coalition Q, respectively The horizontal coordinates of M-
UAV j is denoted as W = (x;,y;, h), where j € M. The H-
UAV flies through a predeﬁned trajectory to minimize the
transmission delay. The horizontal coordinate of the H-UAV
in time slot t is denoted by wf' = (X, Y,, H). Suppose, during
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a flight period of J, it is divided into T time slots equally. We
denote the set of time slot as F = {1,2, -+, ¢, -+, T}.

We envision a widely used application scenario dedicated
to public venue use (e.g., stadium) based on the ETSI
framework [33]. Typically, ETSI considers stadiums as a
potential use case requiring MEC services owing to the
additional arrangements conducted during large sports events
[34]. The M-UAVs are assumed to surveil a particular area and
capture videos by using the onboard cameras, in order to
process the videos using face recognition algorithms for
detecting suspicious activities to avoid any unexpected threats
during major sports events.

H-UAY
ﬁi]
Z

-

EMuAv -

Surveillance area

Stadium

€-mmmmne- Offloading link (gl _ Ground edge server

Wireless link

FIGURE 1. UAV-swarm-enabled mobile edge computing system.

When the computing resources are exhausted and
computing tasks are prolonged in the M-UAVs, the task can
be either offloaded to the H-UAV or to the ground edge server
to assist the M-UAVs depending on the task characteristics.
The tasks are classified into two types: computationally
intensive or delay tolerant task and delay sensitive task.

If the task is delay sensitive and must be computed before a
certain time period, the task is offloaded to the H-UAV to
avoid transmission delay. Otherwise, if the task is delay
tolerant and requires high computational power with more
energy, the task is offloaded from the M-UAVs to the ground
edge server via a wireless link that has a sufficient computing
capacity. Our objective is to minimize the overall
computational energy and transmission latency involved in
this computation offloading scenario. We assume that the
topology of the UAV has been optimized according to the task
requirements; therefore, the M-UAVs remain in a quasi-static
scenario during offloading the task as in [4]. The M-UAVs and
H-UAVs are considered to fly at different altitudes to avoid
collisions.
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Since computation performance is the focus of this research,

for a practical evaluation of our approach, we consider that the
propulsion energy of the UAVs are sufficient to perform the
mission and wireless communication as stated in recent other
studies [4], [22], [35]. Thus, in this work, we focus only on
optimizing the computation performance of our proposed
method.

B. COMMUNICATION MODEL

We consider that the communication channels between the M-
UAVs and H-UAV are characterized by line-of-sight
communication, wherein the channel quality heavily relies on
the communication distance [36], [37]. The distance between
the H-UAV and M-UAYV j in time slot t is denoted as

i = [Iwl —wh|’ vt e F.j e M. (1)

We assume that the channel gain between the H-UAV and M-
UAVs in coalition Q follows the free-space path loss model
as follows:

hj,tznd]a?:” HUMZJVtETJjEM, (2)

Wi _Wj,t”
where 1) denotes the channel gain, which is located at 1 m and
relies on the antenna gain and carrier frequency.

We consider that between the time intervals, all the M-
UAVs are served by the H-UAV by following frequency
division multiple access (FDMA) [38]. The total bandwidth of
system B is partitioned into G subbands without overlapping.
In each time slot, each M-UAYV is allocated g subbands.
Following this, as shown in [39], the signal-to-noise ratio is
derived as follows:

SNR;, = it
uB/G

NPj¢

=Tt vteFjeM, (3)

N H M2
Glwe-witl

where P;; denotes the transmit power of the j th M-UAV, and
u indicates the spectrum density of the white Gaussian noise
(WGN) in W/Hz at the H-UAV. Following Shannon’s
formula, the uplink data rate of M-UAYV j in time slot t is given
by

}t_ l092<

Similarly, when the j** M-UAV offloads the task to the
ground edge server, we assume that the location of the edge
server is fixed, and the horizontal coordinate of the edge server
is denoted as wE€ = (xg¢, Yic, 0). Subsequently, the distance
between the j* M-UAV and edge server in time slot t is
defined as

PoPjt ,
——L | VtEF,jEM. (4
uB/Glwf- mz>
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dgce = ”Wj - WtC” (5)

Because the UAV offloads computationally intensive tasks
to the ground edge server, the channel gain between the j*
M-UAV and edge server in time slot t is denoted by

_ 4
hece = Tagea® ©)

where g denotes the power gain and the reference distance is
considered to be 1 m. Therefore, the transmission data rate
between the j®* M-UAV and edge server in time slot t is
defined as

Rpc: = B, 10g2(1+ ECt “) VtETF,]E, )

where B, is the bandwidth pre-assigned to the edge server
and p is the noise power.

C. TASK COMPUTATION MODEL

In this paper, we assume that each M-UAV j in a coalition Qy
has a computation task that can be computed locally in the j*
M-UAYV or either in the H-UAV or the ground edge server that
is co-located with the BS at time slot t, where t € F. Let a]-1
define the computation offloading decision of the M-UAV,
where ajl = 1 indicates that the M-UAV offloads the task,
whereas ajl = 0 indicates that the task is computed locally.
We define each task as K;; = (L;, Sj ), where L; ; indicates
the CPU cycles required to perform task of the j* M-UAV,
and s; ; indicates the data size that must be computed at time
slot t. Next, we derive the computation cost in terms of the
task execution time and energy consumption for local and

edge computing.

1) LOCAL COMPUTING
We denote the computation capability, i.e., the clock
frequency of the CPU chip, of M-UAV j for task K; ; as ij .

The local execution time of task K on M-UAYV j is given by

H-UAVexe _ Ljt 8
Kt s ®

while the energy consumption of M-UAYV j for executing task
K; . is given by

loc, —
QO™ = kly fE, ©

where k indicates the switched capacitance of a specific chip
architecture of the device. In accordance with previous studies,
we consider that k = 10728 [40]. Consequently, the total cost
for executing task Kjt locally is defined by the sum of the local
execution time and energy consumption during execution.
That is,

loc,
local ! Tlocexe . EKojctexe
U =a +pB : (10)
K;j 1 locexe 2 Tocexe’
max T max EKj .
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where o and B are the weights that control the importance
of the latency and energy consumption in the local computing
phase.

2) TASK OFFLOADING

With an increasing number of tasks, the computation capacity
of the M-UAV is exhausted owing to the shortage of
computing resources. Thus, the tasks generated after a certain
time are continuously dropped. In our paper, we consider that
the M-UAYV can offload the task to either the H-UAV or the
ground edge server, depending on the task characteristics. As
discussed earlier, we consider that tasks can be classified into
two different categories: delay-sensitive and energy-sensitive
tasks. The intuition for such a consideration is that deep-
learning-based image recognition techniques involve many
phases, which are of various types, with varying sizes and
computational requirements. Therefore, for any task K;,,
ajz € {0, 1} represents the action that the j* M-UAV can
perform. When the task is delay-sensitive, it is offloaded to the
H-UAV, ie., ajz = 1; hence, the total delay consists of the
transmission and computation delays at the H-UAV.

Thus, the transmission delay for offloading the task to the
H-UAV is given by

H-UAV,tx _ Sjt
Ko =2 (11)

Because the H-UAV has a higher computational capacity
than the M-UAYV, each H-UAYV can execute the offloaded task
locally using the computing unit onboard. Here, we assume
that the H-UAV can run several virtual machines to compute
tasks from different M-UAVs [41], [42]. Thus, we consider
tasks from different M-UAVs are executed simultaneously.
Hence, we ignore the computation capacity allocation in this
paper [4], [43]. Therefore, when the H-UAV functions as a
server, the computation delay and the energy consumption
during transmission are given by

H-UAV,exe _ Ljt
K =t (12)
; hK
and
H-UAV,tx __ H—-UAV ,exe
E Kt = P, TKj,t , (13)

respectively, where f}, , denotes the clock frequency of the H-
UAYV on task K. Meanwhile, the energy consumption of the
H-UAYV during task execution can be calculated by

EH-UAV.exe = kL. f2y (9

where ky represents the effective switched capacitance of the
H-UAV related to the chip architecture; we set ky = 10728
[40]. The total completion time of the task K; , is defined by
the sum of transmission delay from M-UAYV j to the H-UAV
and the execution delay at the H-UAV.
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H-UAV _ mexeH-UAV tx,H-UAV
T Y =T + Ty, ) (15)

The total energy consumption for processing the task Kj . in
the H-UAV is defined by the sum of energy consumption
during transmission and the energy consumption during
execution.

EH-UAV _— pH-UAVexe , pH-UAVix (16)
Kjt .
As a result, the total cost for executing the task on H-UAV is
given by

TH—UAV

. H-UAV
UH-UAV _ oh Kjt + Bh E (17)
Kj¢ — M1 pp-vav 2 jnax EH-UAV"
jt

However, because deep learning techniques often require
extensive computation (e.g., matching face images from
existing datasets), tasks can be computationally intensive and
require more time, executing such tasks at the H-UAV may
degrade the overall network performance. Thus, we consider
that the M-UAV can also offload the task to the edge server
for edge execution with a strong computation capacity, i.e.,
ajz = 0. In this case, execution occurs in three phases: (i) Task
transmission stage, (ii) edge computing stage, and (iii) result
transmission stage.

In the first phase, we derive the total cost by considering the
energy consumption during the transmission and execution of
the task. The transmission time and energy consumption of the
task K; . at the edge server are given by

edge,tx Sjt
T, =2 (18)
Jr ECt
and
edgetx __ edge,tx
E Kje = P TK],I . (19)

For edge execution, the computing task execution time is
denoted by

edge,tx Sjt
Tae =70 (20)
where f, denotes the CPU frequency of the ground edge
server.

We assume that the frequency remains constant during task
execution. Owing to the high computational capacity and
sufficient power of the ground edge server, the edge server can
easily complete the offloaded task. Corresponding with other
studies, e.g., [44] and [45], we omit the result receiving delay
because the size of the returned data is exceedingly small. We
also ignore the edge energy consumption in the total
oftloading cost calculation because the energy consumption of
the ground edge server is negligible. Thus, the total duration
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for completing the execution of the task Kj; in the edge server
is given by
Tedge — T;ztge,tx + Tedge,tx' (21)

Kj,t Kj,t

The total cost of edge execution is given by

edge edge,tx
edge e Kje e Kje
UI(-t =0 edge + ﬁl edge,tx® (22)
J max Ty, . max Ey, .
Kjt Kjt

Because of the computation capacity among the three
computation nodes, based on where the task is being executed,
we introduce different weights to enable diversity in the delay
and the energy consumption calculation of the three cases.
This means o! is different from of and o¢. The same applies
for B, B%, and BS.

D. PROBLEM FORMULATION

In this paper, our aim is to minimize the total weighted cost by
considering both task execution delay and energy
consumption. When all tasks are locally computed, an M-
UAV cannot complete all tasks owing to its limited energy and
computational capacity. In addition, latency is another crucial
metric in an edge-computing environment that can
significantly deteriorate performance. Thus, an optimal task
allocation strategy (H-UAV, edge server) is required by
considering execution time and energy consumption.
Therefore, we jointly consider the energy consumption and
execution delay during transmission and computing. Because
we have a multi-objective optimization problem, we consider
a popular multi-objective optimization method: the linear
weighted sum method [38], [46]. This method combines
multiple objectives into a single objective function. Because
we consider that the computing happens either (i) within the
strong head UAV (H-UAV) or (ii) within one of the member
UAVs (M-UAVs) or (iii) in the ground edge server, we have
three different utility functions for the three computing nodes.
The choice of utility function depends on the offloading
decision. Thus, our utility function enables modeling the
interaction in such architecture.

The execution time and energy consumption are normalized
such that they are within the same range. To normalize, we
divide the task execution delay and energy consumption by the
corresponding maximum delay and maximum energy
calculated in each case. Thus, we convert the two different
metrics into the same number range. Subsequently, we apply
different weights for both energy consumption and delay to
configure the video analysis based on task requirements.
Based on the above discussion, the objective function for a
sequence of tasks R can be formulated as follows:

_ \'B _ v 1,277H-UAV 1(1 _
Uj = Xk=1Uk;, = Zizo faf UL, "4 + al(1

QU + (1 - ahujget), (23)
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where B indicates the total size of set R . Thus, the
optimization problem can be formally derived as

1,27H-UAV 1 2\medge
st ajaf T + af(1-af)T0 7 + (1-

aj) T'oeexec < TRax ,vK = 1,,B (25)

where A = {a},aﬂ j € M,K € R}. This constraint states
that all tasks must be completed by the total completion time,
T .

To solve the problem in (25), we need to find the optimal
offloading action a]-1 and a]-2 under the delay constraint in each
time slot. It should be noted that a; and a} are integer
decision variables that represent the decisions in the
formulated problem to reduce the overall cost. The system
requires extensive network information (e.g., the task
information and remaining computational capacity of the
UAVs) to make the optimal offloading decision based on the
current state. Here, the UAVs need to determine the offloading
decision based on the arriving task information collected
within a time slot, which is unknown beforehand because of
the time-varying environment. Furthermore, with the
increased number of UAVs, the complexity increases
exponentially as well. Therefore, the formulated objective
function is an MINLP problem which is generally NP-hard
[31], [47]. The optimal set of the offloading decision is non-
convex, and traditional optimization techniques cannot make
intelligent offloading decision considering the changing
network characteristics. Thus, we designed a multi-agent
reinforcement learning algorithm that can provide a simpler
and more efficient solution in less time.

E. RL FRAMEWORK

As formulated above, it is difficult to solve the optimization
problem using the traditional optimization techniques due to
the following issues:

1. The task characteristics and future computational
capability of the UAVs depending on the offloading decision
in such a dynamic environment is a subtle problem. As the
tasks arrive dynamically and the offloading decision is
determined based on the task-specific requirements, the
traditional optimization techniques cannot handle such
optimization problem.

2. Traditional convex optimization techniques as well as
heuristic algorithms can find the optimal solution well when
the problem formulation is simple, and the number of UAVs
is limited. However, with the increased number of UAVs, the
offloading decision becomes challenging as the non-convex
problem would become very difficult to solve, resulting in
long convergence time. This raises the scalability issue as well.

3. The offloading decision depends on the mission-specific
task requirements. Thus, the agents need to adapt to any
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change in the environment according to the environment’s
characteristics. However, using the traditional optimization
techniques, it would require redesigning and rerunning the
solution again to find the optimal offloading policy whereas,
using RL, the agents can simply learn the new task-specific
characteristics through trial-and-error method without any
prior knowledge of the environment.

4. Furthermore, in a multi-agent setting with the increased
number of agents in the system, the state and action space
grows exponentially. Utilizing function approximator (e.g.,
deep neural networks) in DRL can find the underlying pattern
and estimate the optimal action from the large state space by
finding the mapping between them in a reliable fashion. Thus,
using DRL over the traditional techniques can address the
scalability issue, improve communication efficiency, and
overcome the limitations of complex problem formulation
incurred in the traditional optimization techniques.

To address the above shortcomings in the traditional
optimization techniques, we propose the use of DRL, a model-
free method, where each agent (e.g., M-UAV) aims to make
the offloading decision quickly based on the local observation
to reduce the amount of information exchange between agents.
In traditional RL, the problem is modeled as an MDP.
According to the RL framework, we provide the definitions of
state space, action space, and the reward function of our stated
problem in the next subsection.

1) STATE SPACE m,,

To make the offloading decision, each agent in the network is
provided with a set of input metrics that they consider while
making the offloading decision. Let m;, = {D,¢, f,and dt}
denote the state space. The meanings of these symbols are
provided by

e D: size of the task

e (C:cycles needed to complete the task

e f: computational capability of the H-UAV

e dt: task type € {0,1} (energy-sensitive or delay-

sensitive)

As for the task type, it can be easily determined by the
maximum tolerable latency to compute the task. Tasks with
less tolerable latency can be denoted as latency-critical tasks
whereas tasks with considerable latency, larger size and
required CPU cycles can be indicated as computation-
intensive tasks. As in the existing literature, we also used the
take type in line with in the below references [22], [48], [49]
for the same purpose of simplicity. In reality, however, the
task type can be determined either based on the task features
or from previous similar mission data.

2) ACTION SPACE a;,

Each M-UAYV selects a particular action after the tasks are
generated in time slot t € F in the coalition. The M-UAYV can
select an action from local information. In this paper, we
consider binary offloading, which can either be executed at the
H-UAYV or offloaded to the ground edge server.
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3) REWARD FUNCTION 7,

The aim of each agent is to maximize the total reward. We
assume that each agent has the same reward function. Based
on the discussion above, the reward function is defined as
follows:

ul-vav Uf{dge
= —atd —2 a1 - a?) —2 (1 -
Z],I( a] a] max UH-UAV a] 1 a] maxuedge (1
Kjt Kijt
local
Uk,
1 Jt
aj ) max Ull(o_cal' (26)
jit

where a higher cost results in a smaller reward, and vice versa.
Thus, for each agent, the utility is

Z;= YR 17k (27)

Each agent aims to maximize this objective that emphasizes
the action that produces a better reward value. Because action
selection depends on the unique characteristics of the network
dynamics in which the agent is interacting, defining the reward
function directly from the obtained utility would affect the
learning process. The intuition for such a consideration is that
an increase in the reward denotes an improvement, such that a
particular action should be emphasized [50]. Therefore, the
difference between reward values in immediate timesteps are
considered as the reward in this paper. Based on the discussion
above, the reward value is defined as follows:

] v if Zjy —Zj1 <0
u{ =14, lf Zj,t - Zj,t—l > 0, (28)
0, otherwise

where Z f is the cumulative reward gained at timeslot . When
the reward difference between two immediate timesteps is
negative, it is considered an improvement because the reward
is formulated as a negative value; thus, p is a positive value,
whereas a positive difference between the rewards obtained
from immediate timesteps yields g which is a negative reward.
For simplicity, we consider that each agent shares the same
reward.

IV. DEEP REINFORCEMENT LEARNING BASED
COMPUTATION OFFLOADING

Based on the previous discussion, in this section, we propose
a decentralized multi-agent computation offloading (DRLCO)
algorithm that incorporates a neural network and Q-learning
to obtain an optimal offloading decision as shown in Fig. 2.
In each time slot, when new tasks are generated to be
computed locally or on the MEC server, each agent (M-UAV)
runs the DRLCO algorithm locally and learns the offloading
policy in a distributed manner to select an action according to
its local knowledge and receives an immediate reward for a
particular action. By combining the perceptive characteristics
of the neural network and decision-making capability of RL,
we can determine the optimal offloading decision in a
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dynamic environment. Because the tasks to be computed are
not known beforehand, the DRLCO algorithm was designed
to fall under the category of model-free RL. Algorithm 1
presents the proposed DRLCO algorithm.

Two identical neural networks, whose Q functions are
denoted as Qf(m;, a;¢|@f) and QF (m;, a;¢|@f), are used
to construct the overall structure of the DRLCO, which we
call the target network gof and evaluation network ¢7. To
enhance the training efficiency and early convergence, we
use the experience replay Oy (t) to store past samples. The
sample of experiences is defined as {m;,, a;,, u;,, m'; .}
The intuition for using experience replay memory is that
consecutive samples are highly correlated, which may affect
the learning process and result in sample inefficiency. To
break this correlation, we use a mini-batch of random
samples to train the model, which is stored in the replay
memory. As memory fills up, old experiences are removed
to create space for newer ones. Each agent (M-UAV)
leverages replay memory to determine the optimal mapping
between the state and action. We consider that the agent
selects a certain action af using the following e-greedy:

random, € }

t _
4 = {arg max Qf(sf,alpf), 1—¢€ (29)

Environment

In DRLCO, two neural networks aim to determine the
optimal action, as stated previously. In a typical DQN, the
max operator is used to select and evaluate an action that
results in the overestimation of values, causing
overoptimistic value estimates [51]. Therefore, to address
this challenge, we use two identical networks to separate the
task of selecting and evaluating an action, which enables the
evaluation of the greedy action taken. Based on this concept
in DRLCO, the action that produces the highest Q-value is
first selected by the target network. Subsequently, the
evaluation network evaluates the selected action by
calculating the Q-value of taking that action in that state.
Thus, the value of the policy is evaluated evenly using the
two neural networks. The expected cumulative reward of the
target network can be derived as

Rew; = uj, + Q5 (m'; ., argmaxQ¢ (m'; o, a; | 0f ) 19}).
(30)

where p;, denotes the discount factor for controlling further

rewards. Therefore, the loss between Q} (sf, af|¢f) and

Q¢ (sf,af|@f) is calculated as follows:

Evaluation net being
trained to evaluate that
action by calculating the

Q value of taking that

action at that state

Sample [(state, action,
reward, new state)|

Replay memory

Target net
being trained

=l_lld_ to select the
optimize acl‘ion. Q(s,a)
£ ¢ using

argmax()

Train

Minimize Loss

Simultancounshy

Action a (offload route)

alternate between

funetion (squared

error between the two networks
predicted Q(s,a) o keep pace with
and target Q(s,a)) each other

FIGURE 2. Block diagram of the proposed DRLCO scheme.

LOSS/'(Q}?' Q;) = E(m; 0, ey emr)~0, [REW) =
QF (m'er @ 0f NI2. 31

The two networks are alternated simultaneously to ensure
stability in the training performance. The target network
parameters are updated using the evaluation network until
convergence. Thus, each agent can learn the optimal
offloading policy in a distributed manner according to its
own information. Since each agent can only observe the local
information, we incorporate global knowledge by designing
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identical rewards (average reward) for all the M-UAVs
(agents) for better convergence. Thus, all agents (M-UAV5s)
share the same goal of maximizing the overall reward. The
DRLCO algorithm, as provided in Algorithm 1, has two
major parts: collecting data samples from the network
environment and training based on the collected data. The
parameters of the target network and the parameters with
initial weights are defined initially along with the replay
memory size (lines 1—2). The number of episodes is then
defined, and agent begins interacting with the network
environment to collect data (lines 3 —11). In this data-

10
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collection phase, each agent (M-UAV) observes the state,
selects an action, receives the reward, and receives a new
state (lines 8—10). The replay memory stores the experience
gained. Subsequently, in the training phase, a random mini
batch from the replay memory is sampled to train the agent
and calculate the loss (lines 12—14). Thereafter, based on the
calculated loss value, the evaluation network is updated, and
parameters are alternated between the two networks to keep
the training balanced (lines 15—16). The flowchart of the
proposed algorithm is shown in Fig. 3.

Algorithm 1: DRLCO Algorithm

Input: Task feature {D, C, f, dt}
Output: Optimal offloading location for a given input
1 Initialize parameters of target and evaluation networks for all M-
UAV € M;
Initialize replay memory y; for each agent M-UAV € M;
for episode = 1 to episode™** do
Reset entire environment for each M-UAV € M;
forj=1to M do
M-UAV acts on the dynamic environment;
fort=1toT do
M-UAV observes the state m; , parameters consisting of
task size D, required cycles to execute the task C,
computational capability of the H-UAV f, task type dt;

[~ RN e NV, RN RS )

9 M-UAV selects action a;, regarding offloading the task
to the H-UAV or the ground edge server following e-
greedy policy;

10 M-UAV obtains the reward ui , next state m’; ,;

11 Add sample {m;,a;,u;,, m’;;} into replay memory
Xj when replay memory is not full;

if samples are sufficient in 0, (t), do

12 Select a mini batch from replay memory 0, (t);

13 Calculate cumulative reward using (30);

14 Calculate loss using (31);

15 Update the evaluation network ¢7;

16 Alternate the parameters from evaluation network
to target network (@} < @f);

17 end if;

18 end for

19 end for

20 end for

21 return offloading location for given input

Because there is only one output layer, and O(i,,) is the
complexity of the total number of activation functions, the
complexity of these two metrics has been ignored with
regard to the overall complexity.

Loss function

/;‘

U\pdate network
parameters

Evaluation

Target network F
M

Duplicate \I
network 4

ini batch

network

State m

Replay memory

Action u
[m, a, u,m’]

M-UAYV (agent)

State m ‘ Action aT

Reward u

Next state m’

Network environment

FIGURE 3. Flowchart of the proposed methodology

V. PERFORMANCE EVALUATION
In this section, we evaluate the performance of the proposed
DRLCO scheme and compare it with that of conventional
schemes through a simulation study.

A. EXPERIMENTAL SETUP

We verified the correctness of our proposed DRLCO using
Python and TensorFlow 1.15 on a computer with an AMD
Ryzen 5 processor with a processor speed of 3.60 GHz and

1"

RAM of 8 GB. We considered five H-UAVs and 15 M-UAVs
in our UAV swarm-enabled edge-computing scenario in an
area of 1000 m x 1000 m. The task arrival rate at the agent M-
UAV follows a uniform distribution. To simulate the DRLCO
algorithm, we set that for each M-UAV, the neural network of
the DRLCO algorithm consists of an input layer, an output
layer, and two FC layers. The sizes of the two hidden layers
are 400 and 350. We used ReLU in the hidden layers, as the
activation function and AdamOptimizer to optimize the loss
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function. For training, we set the maximum number of
iterations to 2000. The size of the replay memory is 50000.

To emphasize future rewards, we set the discount factor
value to 0.9. Because @ = 0.001 yielded a higher reward and
stable training, in the simulation environment, we set the value
of the learning rate as @ = 0.001. We define equal values for
the weights considered in the objective function of our study
to have an equivalent emphasis on the total cost evaluation.
Depending on the task characteristics (energy-centric or delay-
centric), these weights can be adjusted according to the
mission specific requirements. As such, the weights of energy
consumption and task execution delay are set as 9} = 9 =
V¢ =09, =98 =9¢=05 in the experiment. The
computational task size varies randomly between 2 Mb and 20
Mb. The computational capacities of M-UAV, H-UAV, and
ground edge server are 1.5, 15, and 20 GHz, respectively. The
major simulation parameters are listed in Table I.

B. CONVERGENCE ANALYSIS

To verify the convergence of the proposed algorithm, we
evaluate the average cumulative reward using different
parameters. Because we added a delay constraint in our
problem formulation, we introduce a penalty factor of 3 in the
reward value when the tasks exceed the deadline to control the
learning progress.

TABLE [

SIMULATION PARAMETERS

Parameter Value
Number of H-UAVs 5
Number of M-UAVs 15
Bandwidth (B) 20 MHz
Bandwidth preassigned to edge (B,) 1 MHz
Height of H-UAV (H) 1500m
Transmission power (P; ;) 20 dBm
Channel power gain (1)) 1.42 x

107

Power spectrum density (1) -174 dBm
Path loss exponent (g) -50 dB
CPU cycles required to complete task (L; ;) 0~1.5 GHz
Computation task size of each M-UAV 2—-20 Mb
(st
Computation capacity of M-UAV (f; ) 1.5 GHz
Computation capacity of H-UAV (f}, x) 15 GHz
Computation capacity of ground edge 20 GHz

server (f)
Effective switched capacitance of M-UAV 10728

and H-UAV (k, ky)
Weights(o = of = ¢ =B, =B =B5) 05

1** hidden layer size 400

2™ hidden layer size 350
Learning rate (c) 1x1073
Mini batch size 100
Experience replay size (0y) 50000
Discount factor (py,) 0.9
Total episode (episode™*) 2000

1"

Total timesteps of per episode (T') 100

vl 8 time slots

Deadline for completing the task (TK].’
Length of each slot (t) Is

With varying network dynamics (e.g., task size,
computation capacity, and task type), the reward varies and so
does the cumulative reward. Thus, the curves are oscillating at
the beginning. We set the values of y, as 0.9, o} = aff =
of = B, = B = BS = 0.5 and total timesteps of per episode
as 100. We observe that when a = 0.1 or 0.01, the proposed
scheme cannot find the optimal policy and takes much time to
converge to an optimal value. Thus, with proper
hyperparameter tuning, we noticed DRLCO achieves better
reward and stable learning when learning rate « = 0.001 as
shown in Fig. 4. Therefore, we performed all the experiments
in this study at this setting to get better reward during the
learning period.

When comparing the DRLCO scheme with the DQN
algorithm as shown in Fig. 5, we observed that both the
DRLCO and DQN techniques converge after a certain time,
and DRLCO reaches a steady state earlier than DQN. Initially,
because the M-UAV has no knowledge of the system
environment, it takes random offloading actions resulting in
lower reward value. Thus, both techniques of DRLCO and
DQN fluctuate at a very low value because of the agent’s
random action selection. Gradually, the M-UAV starts to
receive feedback based on the selected offloading actions,
begins to collect samples, and trains the network when the
replay memory has sufficient samples. Subsequently, the
agent can make better decisions based on both the local
observation and the neighboring agents’ actions through the
global reward.

As shown in Fig. 3, we can observe that the curve is
flattened after around 1000 episodes that further proves the
effectiveness of the proposed technique in choosing the
oftloading decision. Because the DRLCO scheme solves the
overestimation problem of Q-values by separating the
estimation into two networks, it can learn valuable states
without observing the impact of each action at every state.
Thus, we can observe that the reward of the DRLCO scheme
is significantly higher than that of the DQN scheme. In
contrast, the DQN algorithm consists of a single neural
network, namely, a value function network that utilizes a
random policy for training. Our DRLCO scheme requires
approximately only 250 episodes to reach a stable state and it
provides a higher reward compared with the DQN scheme
because of the introduction of the target network in DRLCO,
which aids in converging faster.
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FIGURE 4. Average cumulative reward under varying learning rate.
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FIGURE 5. Convergence of DRLCO and DQN

C. PERFORMANCE METRICS

After completing the training process of the proposed DRLCO,
we verified our proposed scheme to validate our model by
performing experiments on various performance metrics.
Intuitively, the main objective of the proposed multi-agent
computation offloading algorithm is to successfully execute
the task with the lowest total cost. Because the M-UAV can
execute the task locally or through offloading into the H-UAV
or the ground edge server, the energy consumption as well as
delay involved in the transmission and computation of the task
were considered in our performance analysis along with the
total offloading cost. This is because both energy consumption
and delay are crucial offloading metrics, and determining the
optimal offloading policy, which has less delay and consumes
less energy, indicates the optimal offloading policy. Before
quantitatively verifying the performance of the proposed
DRLCO with other benchmarks, we briefly discuss the
performance metrics below.

e Average offloading cost: We discuss the average
offloading cost in terms of offloading task data size,
computation capacity of the H-UAV, and number of M-
UAVs. This is the average cost of all the agents (M-UAV5s)
for performing the task.

e Task execution delay: Delay is another crucial metric for
determining the network performance and improving the
quality of service of the system. Reducing the delay
involved in the offloading and execution of a task can
significantly reduce the total system overhead. Thus, to

1"

demonstrate the effectiveness of this study, we formulated
task execution delay as the sum of both transmission and
processing delays and compared it with conventional
schemes.

e Energy consumption: In a UAV-enabled edge computing
system, the total energy consumption for offloading a task
is the most important metric. Inefficient task allocation
may result in high overhead and tasks being dropped. The
total energy includes both the energy required for the
transmission and the execution of the task.

To validate the effectiveness of the proposed DRLCO
scheme, we considered the following three conventional
methods and compared the performance of our study with
these methods.

e Local: In this setup, tasks were executed locally by each
M-UAYV in each time slot to the maximum computation
capacity.

e Edge: All tasks were executed on a ground edge server,
which had sufficient computing capacity.

e DQN: We applied the DQN algorithm in our proposed
scenario as a benchmark technique because the action
space is also discrete in the DQN.

D. SIMULATION RESULTS

In this section, we present the simulation results of the
proposed DRLCO algorithm and compare the with benchmark
techniques. First, we analyze the average cost with respect to
the number of M-UA Vs, computation capacity of the H-UAV,
and offloading task size.

To evaluate the scalability of the proposed DRLCO in a
large mission area, in Fig. 6(a), we evaluate the impact of
increasing the number of agents (M-UAVs) on the average
cost for executing the large number of computational tasks.
We observed that with the increased number of agents (M-
UAVs), more surveillance tasks need to be computed, which
eventually increases the overall offloading cost due to the
increase in the transmission and execution delay. Aside the
number of agents, there can be different possibilities such as
the large number of tasks. Although the total average cost
increases with the increased number of agents, DRLCO is able
to reduce the average cost compared with the local, edge, and
DQN, respectively. Thus, we can conclude that, with an
increased number of agents, DRLCO can handle the
scalability issue outperforming the three benchmarks in terms
of the number of agents. However, when the number of tasks
is small, it is not appropriate to deploy more UAVs for
computation.

Fig. 6(b) shows the impact of the computation capacity on
the average cost. The figure shows that increasing the
computational capacity of the H-UAV reduces the average
cost by a significant margin. This is because, with an increase
in the computation capacity, the H-UAV obtains adequate
computing resources. To minimize the total cost, therefore, the
agents considers offloading the computation-intensive tasks to
the H-UAYV as the capacity increases, instead of offloading to
the ground edge node. This reduces the transmission and
processing delays of the task.
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Fig. 6(c) shows the impact of the offloading task size on the
average cost. As the task size offloaded from the M-UAV
increases, the total cost also increases. This is because the CPU
cycles required to execute tasks with large sizes also increase
for the H-UAV. Hence, the computational time increases
significantly. However, DRLCO can effectively allocate
larger tasks to computational node with proper computational
capacity according to the other task characteristics. Therefore,
the proposed DRLCO scheme can obtain a higher reward to
minimize the overall total cost.

Next, we evaluate the two most crucial performance metrics
in the network: energy consumption and task execution delay.
Using the proposed DRLCO scheme, agents can dynamically
select a suitable computational node to minimize the overall
cost. To demonstrate the performance of our proposed
DRLCO algorithm, Fig. 7 shows the impact of the number of
agents, computation capacity, and offloading task size on the
energy consumption of the agent.
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FIGURE 7. Energy consumption.

As shown in Fig. 7(a), the overall energy consumption
increases when the number of agents (M-UAVs) increases.
This is because an increased number of M-UAVs generate
more computational tasks to be executed. Thus, the
computation node consumes additional power because the
agents show interest in offloading tasks on a suitable
computation node to minimize the total cost. However, the
local, edge, and DQN algorithms exhibit higher energy
consumption than our proposed scheme. Because the
proposed scheme dynamically allocates the computation task
in terms of task characteristics, the task execution delay is
reduced compared to the other conventional approaches.

In Figs. 7(b) and 7(c), we analyze the impact of the
computation capacity and task size on the energy consumption.
With an increase in the computing capacity of the H-UAV, the
task execution time decreases, and the energy consumption
also increases as shown in Fig. 7(b). As can be seen in Fig.
7(b), the energy consumption rises notably when the
computing node’s computation capacity increases. With the
increased computational capacity, many agents (M-UAVs)

1"

(b) Varying computation capacity.

Offloading task size (MB)

(c) Varying offloading task size.

tend to offload more computation intensive tasks to the H-
UAV because those tasks can be executed with less
transmission delay unlike the case of offloading to the ground
MEC server. Subsequently, the agents obtain lower costs,
which leads to higher rewards. This leads to significant high-
power consumption of the H-UAV which, in turn, affects
energy consumption as well because of using the onboard
computation unit extensively for executing more tasks.
Increasing the task size also increases energy consumption
(Fig. 7(c)). This indicates that a larger task requires more CPU
cycles to complete, thereby increasing the power consumption
of the computation node. Hence, energy consumption also
increases. However, the proposed algorithm significantly
minimizes the energy consumption compared with the
existing techniques, owing to the dynamic allocation of the
task in accordance with the task characteristics.

Next, we focus on the delay performance of our proposed
DRLCO scheme in terms of the number of agents (M-UAVs),
task size, and varying computational capacity with the three
other benchmark techniques. Fig. 8(a) shows that increasing
the number of agents increases the task execution delay.
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Because more M-UAVs generate tasks together, the
computation node (H-UAV or edge) requires more CPU
cycles and computation time to complete the task. In addition,
transmitting a task to the ground edge server incurs a
transmission delay. However, the proposed DRLCO obtains a
comparatively smaller delay than the other benchmarks. This

80 T 80

is because, with effective offloading decision generated by the
DRLCO scheme, tasks are executed at the computational node
with proper computational capacity, which results in fast
execution compared to the other benchmarks.
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FIGURE 8. Task execution delay.

Figs. 8(b) and 8(c) depict the delay performance of the
proposed DRLCO in terms of the computation capacity of the
H-UAYV and varying task size. As shown in Fig. 8(b), we
observed that increasing the computational capacity of the H-
UAYV reduced the task execution delay. Initially, when the
computation capacity of the H-UAV was 2.5 GHz, the task
execution delay was higher because the computation time was
longer owing to the limited capacity. However, with an
increase in the computation power, the computation time
decreases further and, thus, agents tend to offload more
energy-sensitive tasks to the H-UAYV, reducing both the
transmission and execution delays.

Fig. 8(c) depicts the impact of task size on task execution
delay. We can observe that increasing the task size also
increases task execution delay. Because a large task requires
more CPU cycles to execute, the computation time is longer;

10

(b) Varying computation capacity.
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thus, the delay also increases. In addition, when the
computationally intensive task is offloaded from the M-UAV
to the ground edge server, transmission and processing delays
are incurred. Therefore, the proposed DRLCO is applicable to
a multi-UAV-aided network system to reduce the total
offloading cost by reducing energy consumption and task
execution delay.

Based on the values, the average total cost, energy
consumption, and task execution delay are calculated and
shown in Tables II, III, and IV, respectively. As can be seen,
DRLCO achieves the best overall performance with overall
reduced total cost, energy consumption, and task execution
delay in comparison to all the conventional algorithms. This
indicates that DRLCO enables the M-UAV to make an
optimal offloading decision based on the task size, available
computational capacity, and specific task type.

TABLE II
RESULTS OF TOTAL COST
Aleorithm Average cost Average cost Average cost
g (Varying the number of UAVs) (Varying computational capacity) (Varying offloading task size
Local 40.5 70.5 26.25
Edge 35 69.5 21.12
DQN 25.83 63.25 17.37
DRLCO 18.16 55 12
TABLE IIT
RESULTS OF ENERGY CONSUMPTION
Algorithm Average energy consumption (in Joules) | Average energy consumption (in Joules) | Average energy consumption (in Joules)
g (Varying the number of UAVs) (Varying computational capacity) (Varying offloading task size
Local 28.5 48.12 49.5
Edge 22.5 43 45.87
DQN 19.16 39.37 41.87
DRLCO 18.16 37.62 38.25
TABLE IV
RESULTS OF TASK EXECUTION DELAY
| Algorithm | Average task execution delay (in ms) | Average task execution delay (in ms) | Average task execution delay (in ms) |
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(Varying the number of UAVs) (Varying computational capacity) (Varying offloading task size
Local 62 60.5 83.625
Edge 58.5 57.37 79.25
DON 54.33 53 69
DRLCO 47.33 46.75 55.75
performed to validate the performance of the proposed
VI. ANALYSIS DRLCO scheme. Compared with the local execution, edge

In accordance with the simulation results discussed earlier, in
this section, we discuss and analyze the performance
enhancement of the proposed algorithm over the conventional
methods.

To examine the scalability of the proposed scheme, we
observed that the total average cost increases with the
increased number of agents (M-UAVs). However, the
proposed DRLCO scheme can reduce the total offloading cost
by 55.13%, 48.08%, and 29.21% in terms of the number of M-
UAVs compared with the local, edge, and DQN schemes,
respectively. Additionally, in terms of computational capacity
and task size, the proposed scheme exhibits at least 15% and
31% less total cost, respectively, compared to the DQN
scheme.

We then analyzed the impact of computational capacity and
task size on the energy consumption and task execution delay
of our DRLCO scheme. In the energy consumption test,
DRLCO depicts less energy consumption with at least 5% and
11% reduction in terms of computational capacity and task
size compared to the conventional schemes, respectively.
Lastly, in the case of task execution delay, it can be noted that
DRLCO can achieve less task execution delay with at least 11%
and 31% improvement (reduced delay) in terms of
computational capacity and task size, respectively, compared
to the conventional techniques. Due to the significant
improvement in total cost and task execution delay, the
reasonable energy consumption is acceptable.

The overall performance enhancement of the proposed
method can be attributed to several factors which include (i)
the consideration of task execution based on task
characteristics using the hierarchical MEC architecture, (ii) the
DRLCO reward function aligned with offloading decisions,
and (iii) the implementation of the DDQN based scheme to
tackle the overestimation problem.

VIl. CONCLUSION

In this paper, we investigate the decision-making problem of
computation offloading in a UAV swarm-enabled edge-
computing system. To support the M-UAV in successfully
executing all tasks, the ground edge server provides assistance
by enabling the M-UAV to offload computation-intensive
tasks. Specifically, we formulate the offloading problem as a
weighted sum cost minimization problem by jointly
considering energy consumption and task execution delay. We
then propose a multi-agent reinforcement learning framework
called the DRLCO scheme to reduce the total system cost.
Each M-UAV acts as an agent to determine the optimal
offloading policy and performs offloading decisions based on
the DRLCO scheme. Finally, simulation experiments were

1"

execution, and DQN techniques, the proposed method can
reduce the total cost by 54.28%, 43%, and 31%, respectively,
in terms of offloading task size.

There are some open issues to be addressed in the future
works.  First, fine-granularity —based tasks  with
interdependency, priority considering the complexity of the
practical applications, and mobility of the UAV during
offloading the task will be considered in the aerial computing
networks. Second, some shadowing and scattering effects
need to be considered to model the air-to-ground
communication between the UAV and the ground base station.
Finally, we aim to explore the more advanced RL techniques
(dueling DQN and DDPG with continuous action space) for
our offloading scenario to further optimize the performance of
our study in a wider range of advanced applications.
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