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Abstract—With the rapid advancement and deep integration
of the Internet of Things (IoT) and 5G technologies, mobile edge
computing (MEC) has undertaken an increasingly important role
in enhancing service quality. Leveraging their high mobility and
flexible deployment, unmannedaerial vehicles (UAVs) extend MEC
services to challenging environments such as mountainous areas.
Nevertheless, UAVs have inherent limitations, including restricted
onboard resources (e.g., energy and computing capacity) and the
need for obstacle avoidance flight. In this work, which investigates
a UAV-assisted MEC system with uneven terrain and dynamic
service scenarios, these limitations bring additional challenges to
system optimization. The incorporation of terrain information in
high-dimensional state space, the continuous action space required
for fine control, and the variable network demands under dynamic
service scenarios complicate the non-convex optimization problem.
By jointly designing UAV’s trajectory and user equipments’ (UEs)
task allocation, we address the task offloading problem under safe
flight conditions, aiming to maximize both service coverage ratio
and UAV’s propulsion energy efficiency. Then, we propose a phased
hierarchical deep reinforcement learning (PH-DRL) algorithm, in
which the network training is designed in phases and the net-
work structure is organized hierarchically. Specifically, the phased
method overcomes insufficient network experience in complex envi-
ronments, while the hierarchical method decomposes the optimiza-
tion variables, enabling independent solution. Experimental results
demonstrate that the PH-DRL algorithm substantially improves
service coverage ratio and propulsion energy efficiency, achieving
system utility that significantly outperforms other comparative
strategies.
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I. INTRODUCTION

HE Internet of Things (IoT) connects billions of sensors,
T industrial terminals, and smart devices, enabling realtime
perception and control of the physical environment. With the
rollout of 5G and emerging beyond 5G technologies, the IoT
is generating data traffic that grows exponentially. Many crit-
ical IoT services — such as smart manufacturing, intelligent
transportation, and remote healthcare — demand ultralow la-
tency, high reliability, and massive connectivity [1]. However,
traditional cloud data centers are often located far from user
equipment (UEs), resulting in long roundtrip delays that can-
not satisfy these stringent qualityofservice (QoS) requirements.
Mobile edge computing (MEC) addresses these challenges by
pushing computation, storage, and networking functions from
centralized clouds to edge nodes situated close to UEs (e.g.,
base stations (BS), routers, or dedicated edge servers) [2]. By
processing tasks at the network edge, MEC can dramatically
reduce endtoend latency and improve system scalability. Never-
theless, fixed edge infrastructures are constrained by deployment
cost, geographic coverage, and adaptability, which limit their
effectiveness in remote regions or sudden demand surges such
as disaster recovery.

Integrating unmanned aerial vehicles (UAVs) with MEC cre-
ates a UAVassisted MEC paradigm that leverages the high mobil-
ity, rapid deployment, and wide coverage of aerial platforms [3].
UAV equipped with edge servers can hover over hotspots or
cruise with predefined trajectories to provide ondemand compu-
tational resources, thereby filling coverage gaps and augmenting
capacity where groundbased edge nodes are insufficient. The
application of UAVs has shortens the groundtoair (G2A), airtoair
(A2A), and airtoground (A2G) links, further reducing commu-
nication latency [4]. Moreover, UAVassisted MEC is well suited
for scenarios lacking permanent infrastructure—such as disaster
zones, islands, or scarcely populated areas—offering temporary
yet reliable services that sustain critical IoT operations. Coor-
dinating UEs, BSs, and UAVs into a cohesive system can bet-
ter utilize computing and communication resources to provide
better services. Consequently, UAVassisted MEC emerges as a
key technology for enhancing the resilience, adaptability, and
lowlatency performance of nextgeneration IoT systems [5].
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In UAV-assisted MEC systems, key factors for performance
improvement include, but are not limited to, optimizing: flight
trajectories, task offloading, and energy control. Trajectory
optimization focuses on how to plan the UAV’s flight trajectory
in a 2D or 3D environment. Researchers need to consider how
to guide the UAV to avoid obstacles, ensure signal coverage,
minimize service latency, or maximize UE’s fairness [6]. Task
offloading determines the computation distribution and com-
munication resource scheduling of each UE’s task across local,
UAY, or BS. The offloading decision should account for task in-
formation, channel quality, and other factors to balance latency,
energy consumption, fairness, and other objectives [7]. Energy
control needs to address the limited onboard battery capacity
of UAVs, where enhanced endurance allows UAVs to serve
more UEs or for longer service durations. Therefore, effective
trajectory and task scheduling strategies are needed to optimize
UAV’s energy efficiency [8]. Solving optimization problems
with a single objective is often achievable in polynomial time,
such as using convex optimization or graph search algorithms
to find the flight trajectory that satisfies airspace constraints.
However, when trajectory optimization, task offloading, and
energy control are highly coupled, and the effects of terrain data
as well as terrain-induced communication and flight blockages
are taken into account, the solution space of the joint decision
problem grows exponentially. This requires the design of a
low-complexity, high-efficiency, and fast-implementing joint
optimization framework.

To address these issues, we propose a phased hierarchical deep
reinforcement learning (PH-DRL) algorithm that provides opti-
mal offloading decisions and improves UAV energy efficiency
while ensuring safe flight. The main contributions of this paper
are as follows:

® We construct a UAV-assisted MEC system model that takes
into account three practical aspects: UAV flight over uneven
terrain, task offloading under dynamic signal coverage,
and a refined UAV propulsion energy consumption model.
These factors are interrelated in realistic scenarios—the
terrain affects the UAV’s flight and signal coverage, while
both influence communication quality and energy con-
sumption. This enhances the realism of the model, while
also increasing the complexity of the optimization prob-
lem, thereby providing a more challenging and meaningful
testbed for algorithm evaluation.

e Weintegrate hierarchical and phased methods into the DRL
framework to solve the optimization problem. Specifi-
cally, the hierarchical method decomposes the optimization
variables into different decision levels and reformulates
the problem as a corresponding Markov decision process
(MDP), effectively reducing dimensional redundancy. The
phased training method divides the learning process into
multiple stages, enabling the agent to accumulate expe-
rience quickly and stabilize convergence in a complex
system.

® We design a dynamically invoked network architecture
to tackle the challenge of neural network input/output
dimensionality variation, which arises from the dynam-
ically changing number of equipment within the UAV’s
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signal coverage. Specifically, the task offloading network
is invoked according to the number of covered UEs at each
time instant, improving the adaptability of the proposed
algorithm.

® We incorporate real-world terrain data into our experi-

ments. Numerical experiments demonstrate that the pro-
posed algorithm outperforms other DRL baseline algo-
rithms in terms of service coverage ratio and propulsive en-
ergy efficiency. Moreover, through extended experiments
that validate the algorithm’s robustness and applicability
under varying UE numbers and changes in communication
and computational resources.

The remainder of this paper is organized as follows: Section II
reviews the related work in UAV-assisted MEC. Section III
presents the system model and the problem formulation. In
Section IV, the PH-DRL algorithm is introduced. Section V
analyzes the performance of the proposed algorithm through
experimental results. Lastly, Section VI concludes this paper.

II. RELATED WORK

In IoT sensor networks, utilizing UAVs to collect data from
sensor nodes (SN) and transmit it to remote cloud centers can
reduce system latency and energy consumption while ensuring
sufficient data collection [9],[10],[11],[12]. Han et al. addressed
the energy constraints of SNs during the data collection process.
By employing block coordinate descent (BCD) and slack vari-
able methods, they transformed the original non-convex problem
into two subproblems and applied successive convex approxi-
mation (SCA) for iterative solutions, aiming to minimize the
energy consumption of all SNs [9]. Li et al. proposed anovel data
collection framework leveraging orthogonal frequency division
multiple access (OFDMA) technology, enabling UAV's to simul-
taneously collect data from SNs. They modeled the problem as
one of maximizing data collection, proved it to be NP-hard,
and designed approximation and heuristic algorithms for its
solution [10]. Liu et al. considered delay constraints of data, UAV
energy consumption limitations, and interference mitigation for
ground users. They achieved task completion time optimization
through the joint optimization of BS and UAV association vari-
ables, UAV flight speed, and UAV trajectory [11]. Sun et al.
studied UAVs with fixed coverage areas capable of receiving
data from SNs within their range. By employing multiple sub-
carriers for data collection, they applied DRL to optimize flight
trajectory control and coordination among multiple UAVs [12].
Zhao et al. focused on ensuring the connection quality between
UAVs and BSs within cellular networks while minimizing flight
energy consumption. They reconstructed an outage probability
knowledge graph via the deep image prior (DIP) map recon-
struction to perceive the environment and performed online
optimization of UAV trajectories [13]. Xu et al. examined the
joint optimization of task offloading decisions with task depen-
dencies, UAV trajectory design, and resource allocation. They
modeled the problem as a mixed integer programming problem
and proposed an iterative solution method based on the BCD
method [14]. Xie et al. investigated the problem of throughput
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maximization in a UAV-assisted wireless powered communica-
tion network (WPCN). They proposed an efficient continuous
hovering—flight trajectory design, and obtained a locally optimal
solution through alternating optimization and successive convex
programming (SCP) techniques [15]. However, these studies
generally assume that UAVs operate within fixed altitudes or
predefined grid points, without addressing 3D flight control or
obstacle avoidance. In realistic mountainous environments with
uneven terrain, UAVs must perform fine-grained altitude adjust-
ments and path planning to ensure safe navigation and reliable
connectivity, which significantly increases the complexity of
trajectory design.

In the research of UAV-enabled computation offloading and
resource management, Gupta et al. proposed a UAV replace-
ment framework designed to ensure uninterrupted service in
UAV-assisted wireless communication (UWC) systems, thereby
addressing the limitation of UAV battery endurance. When a
serving UAV’s battery is depleted, a fully charged UAV departs
from the charging station to replace it, ensuring continuous
coverage for UEs [16]. Huang et al. employed UAVSs as network
relay nodes to assist data centers in information collection while
considering obstacle-avoidance trajectories. They propose an
improved shuffled frog-leaping algorithm (ISFLA) based on
Dubins paths for solution [17]. Li et al. assumed UEs take
heterogeneous task types, and incorporated uncertainties in com-
munication and computation (such as imperfect channel state
information (CSI) and inaccurate task complexity estimation)
to achieve robust system design [18]. Wang et al. assumed
UAVs are equipped with caching capability, enabling them to
temporarily store incoming data in their queues. They jointly de-
signed data scheduling and UAV trajectory planning strategies to
minimize the maximum queue length among UEs [19]. Yuan et
al. characterized the optimal SN assignment as a segment-based
scheme and proved that the UAV trajectory follows a successive-
hover-fly (SHF) structure, aiming to minimize data collection
completion time [20]. Qin et al. investigated RIS-assisted UAV-
enabled MEC systems, where reconfigurable intelligent surfaces
(RIS) are deployed on surrounding building walls to establish
virtual line-of-sight (LoS) links by adjusting reflection phases
when direct IoT-to-UAV channels are blocked [21]. Zhu et al.
focused on minimizing the overall age of information (Aol)
of collected data by jointly optimizing UAV hovering point
selection and visiting sequences. They designed a machine
learning (ML) solution based on Transformer models and a
weighted Ax path search algorithm [22]. Nevertheless, these
studies generally assume that UAVs can connect to all devices
in the environment or provide only one-to-one service during
a given period, without accounting for UAV coverage limita-
tions or the potential performance improvements arising from
parallelized services. Besides, uneven terrain can obstruct LoS
links and lead to irregular signal coverage, which significantly
affects communication quality and overall service performance
provided by UAVs.

In terms of optimization objectives, Gao et al. considered
a complex 3D urban environment, where both UE mobility
and UAV obstacle avoidance were taken into account, with
the goal of minimizing the total system time cost for the task
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Fig. 1. UAV-assisted MEC system with uneven terrain.

offloading [23]. Chen et al. account for the issue of coverage
holes in aerial cellular networks, reformulating the problem as
a more tractable mixed integer convex optimization task based
on graph theory, aiming to minimize the Aol for all points-of-
interest (Pols) [24]. Liu et al. modeled the system as an UAV-
assisted edge caching network, incorporating Zipf-distributed
file requests along with Rician distribution and Rayleigh fad-
ing channels, with the objective of maximizing overall system
throughput [25]. Fu et al. assumed solar-powered wireless nodes
(WNs) transmit data to multiple UAVs using harvested solar
energy, and proposed an online convex-assisted reinforcement
learning (CARL) approach to address energy efficiency and col-
lection fairness among WNs [26]. Chang et al. focused on multi-
UAV communication systems, aiming to maximize system util-
ity for all served UEs within a given time constraint [27]. Gong
et al. proposed a multi-UAV-assisted wireless network model,
wherein UAVs form multi-hop relay networks to accelerate data
transmission and optimize network topology, thereby minimiz-
ing both energy consumption and transmission delay [28]. While
some works considered SN energy harvesting or energy con-
sumption in computation and communication. However, UAVs
are constrained by limited onboard battery capacity and cannot
sustain prolonged operations, making it essential to account for
energy consumption across computation, communication, and
flight processes. When operating over uneven terrain, the UAV
consumes additional propulsion energy due to frequent altitude
variations and 3D maneuvers, which necessitate more precise
energy management strategies.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we present an overview of the UAV-assisted
MEC system with uneven terrain, including the task offloading
model and UAV propulsion model, and then formulate them as
an optimization problem.

As illustrated in Fig. 1, we consider a UAV-assisted MEC sys-
tem deployed in a remote mountainous area where communica-
tion infrastructure is limited. The system consists of three layers
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TABLE I

SUMMARY OF KEY NOTATIONS

Notation

Description

Cm, Cy, Cs
Om, Oy, Og
A%ls()rvud (t)
ATV (1)
Am (t)

o (1)

Moy (1)

&m ()

I (£), g2 (£)

BR, (1), F5 (1)

T4 (1), T2 (1)
TRA (). TRS ()
TR" (1)

Athover (t)
Vi (6, v (1), vu (1)

Z (o)

T (t)
PE (1)
Ey (1)

3D coordinate vector of UE m, UAV and BS
2D coordinate vector of UE m, UAV and BS
Unserved indicator of UE m

Cover indicator of UE m

Service indicator of UE m

Elevation angle between UE m and UAV
Number of UEs served by UAV

Proportion of tasks of UE m computed at BS

Channel power gain of G2A link for UE m and
A2G link for UAV

The UAV’s computing resources and BS’s band-
width allocated to UE m

G2A and A2G transmission latency of UE m
Computation latency of UE m on UAV and BS
Task offloading latency of UE m

Hover time of UAV

Velocity vector, velocity direction vector, and
velocity scalar of UAV

Terrain elevation at 2D coordinates o
Thrust of each UAV’s rotor
Propulsion power of UAV

Energy consumption of UAV

of MEC architecture in a 3D environment, including M UEs, a
UAV equipped with an onboard MEC server, and a base station
connected to the core network. UEs are dispersed at different
heights across different locations due to terrain-induced height
variations. Therefore, the location of UE m is denoted by c,,, =
[Ty Yy Zm) € R3.! The UAV performs 3D mobility in the
airspace to provide computation offloading services for ground
UEs within its best communication coverage [29], and its instan-
taneous position defined as ¢, (t) = [z, (t), yu (1), z.(t)] € R3.
Given the limited computational resources onboard the UAV,
the UE’s computational tasks need to be partitioned. A portion
is offloaded via the UAV to the BS for processing, while the
remaining tasks are computed at the UAV. Thus, we denote the
location of BS by ¢, = [z, ys, 25] € R3. Moreover, to ensure
the reliability of the offloading service, the UAV remains in a
hovering state during task offloading. The summary of the key
notations used in this paper is listed in Table I.

A. Task Offloading Model

Each UE m possesses a task WW,,, charracterized by its data
size W and required CPU cycles W,, denoted as W, =
[WS,WE]. The UAV cruises in the airspace while providing
task offloading services. Upon receiving the tasks from UEs, the
UAV performs partial offloading, where each task is partitioned
and executed collaboratively by the UAV’s onboard processor
and the BS’s server.

1) UAV-UE Interaction: This model categorizes UEs into
three statuses: “unserved,” “serving,” and “served.” To distin-
guish these three categories, two indicators were used, that is, the

'In this paper, scalars are denoted by italic letters, and vectors are denoted by
boldface letters.
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Fig. 2. Coverage region of the UAV-UE over uneven terrain.

unserved indicator AUs¢rved (+) and coverage indicator ASSVeT ().
If the UE has already been serviced, that is, the task it carries has
been offloaded, the unserved indicator will be set to 0; otherwise,
it will be 1, i.e.,

)\ﬁlserved(t) _ {

The necessary condition for UEs to receive services is that
they can establish a good transmission link with the UAV. At
the same time, the coverage region of the UAV-UE is a circular
disk. As shown in Fig. 2, in a 3D environment, the UAV signal
covers the corresponding area at a certain coverage angle ©cover
[30]. Therefore, by calculating the elevation angle between the
UE m and the UAYV, it is possible to determine whether the UE
m is within the service coverage area of the UAV, and the angle
is defined as

1, unserved,
0, otherwise.

D

u

o1 (¢) = arccos(12ul) — Omll

lcu(t) — cml|

where 0,,, = [T, Ym] € R?, 0, (t) = [14,(t), yu(t)] € R2.

In an uneven terrain environment, there may be UEs whose
altitude is higher than that of the UAV, even when meeting the
coverage angle, which is unreasonable. Therefore, the coverage
indicator also needs to consider the height status of UE m and
UAY, which can be expressed as

), @)

Loy (t) > Peover and 2y, (t) > Zm
cover 4\ _ ) m ,
P (1) = {0, otherwise, &)

where AS2V'(t) = 1 means the UE m meet the coverage con-
ditions at time ¢. As illustrated by the four examples in Fig. 2,
UE a violates the angle condition, and UE d violates the height
condition, so they are considered uncovered. In contrast, UEs
b and c, although located at different altitudes, satisfy both
the coverage angle and height conditions, and thus meet the
coverage conditions at time ¢.

By using the unserved indicator and coverage indicator, the
service indicator A, (¢) is defined to determine whether UE m
is be serving at time ¢, that is,

)\m (t) _ )\;Jr:;served (t)kir?ver (t) . (4)
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Then, it is possible to count the UEs being served by the UAV
at the current time ¢, which is denoted by M,,(t), i.e.,

M
My (t) = > Am(t). ©)

Considering the remote mountainous deployment scenario, it is
assumed that the number of simultaneously served UEs remains
within a normal and practical range, since the UAV’s flight
altitude and coverage area are naturally limited. Additionally,
we maintain a list L(t) to store the indices of served UEs in time
t, where M, (t) equals the length of L(t).

2) Task Transmission: After determining the UEs currently
served by the UAV, a communication link will be established to
upload tasks from the UEs to the UAV via the G2A channel.
Since the UAV maintains a hovering state while providing
offloading services, the channel state remains constant from the
start until the completion of service, i.e., from the beginning to
the end of the hover period. Considering the large-scale fading in
UAV-UE communication links caused by terrain features and ob-
stacles, this paper adopts a probabilistic LoS channel model. The
LoS probability of UE m at time ¢, denoted as P (LoS, ¢ (t)),
can be approximated to be an elevation angle-related logistic
function of the following form [31]

1

P (LoS, ¢, (1)) = 1+ aexp (—b (%@um(t) - a)) 7

(6)

where a and b are parameters related to the environment. Mean-
while, we can obtain the probability of the non-line-of-sight
(NLoS) channel, i.e.,

P (NLoS, ok () = 1= P (LoS. ¢l (8)). (D)

Based on the occurrence probabilities of LoS and NLoS
channel states, the expected channel power gain between the
UAYV and UE m becomes

_ (P (LoS, p3,, () + kP (NLoS, 451, (t))) g0
[d, ()]
=P (LoS, ¢34, (1)) golds, ()],

E |lgi ()]
®)

where P (LoS, % (t)) = k4 (1 — k)P(LoS, ¢ (t)) repre-
sents the regularized LoS probability, x < 1 is the additional
attenuation factor due to the NLoS condition, g, represents the
channel gain at a distance of Im, ¢ is the path loss exponent,
and d¥ (t) = ||cu(t) — ¢ represents the current Euclidean
distance between the UAV and UE m at time ¢.

In the task upload phase, we assume that the bandwidth
of the UAV is distributed to all UEs in the “serving” status
evenly. This bandwidth allocation strategy is designed based on
practical considerations for this stage. First, this strategy helps
reduce control complexity under the probabilistic LoS channel
model. Second, this strategy can be seen as a redundant design
that ensures fair uplink transmission between UEs in situations
where task information cannot be accurately obtained before
the UAV enters “hover mode”. Then, the G2A transmission rate
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between UE m and UAV is given by

By Put|gi (8)*
mlog2 (1 + 02) ) )

where By is UAV’s bandwidth, P, denotes the UE’s transmis-
sion power, and o represents the noise power. Considering the
UAV’s cover condition and the probabilistic LoS channel model,
the G2A transmission latency from UE m to UAV can be defined
as

Ry, (1)

W

TS2A (1) = A (1) R (D)

(10)

In this work, we consider a partial offloading model, where
each task may be either partially or fully processed at the
UAYV, while the remaining portion is offloaded to the BS for
computation. The proportion of tasks of UE m computed at BS
is defined as &,,(t). After receiving the task from the UE, the
UAV needs to determine the allocated portion and transmit it to
the BS via the A2G channel for calculation. This paper assumes
the absence of obstacles between the UAV and the BS during the
UAV’s flight operation, thus modeling the A2G transmission link
as a LoS channel. Then the A2G channel power gain between
UAV and BS at time ¢ is given by

ga(t) = gold5 ()] >, (11)

where df (t) = ||c,(t) — cs|| represents the Euclidean distance
between the UAV and the BS. During the process of transmitting
tasks from UAV to BS, the waste of bandwidth resources may
occur due to the different allocation proportions of tasks for
different UEs. In this stage, the A2G channel can be regarded as
more deterministic, and the remaining task sizes to be trans-
mitted to the BS are already known. Therefore, instead of
evenly distributing the BS bandwidth (referred to as User-equal
allocation), this paper allocates it according to the proportion of
task volume (referred to as Load-equal allocation), i.e.,

Em ()W Bs
S & WE

where Bg is BS’s bandwidth. Then, the A2G transmission rate
at time ¢ for UE m is defined as

By (t) = (12)

Re(1) = B (1)log, [1 n L a3y

Py g, ()
o2
where Py denotes the UAV’s transmission power. Therefore, for
the task of UE m, the A2G transmission latency from UAV to
BS at time ¢ can be expressed as
Em(t)WS

TA2C (1) = Ay (1) 2

Re, (1) (9

3) Task Computation: While the UAV transmits the of-
floaded tasks to the BS, it simultaneously processes the remain-
ing tasks using its onboard computing resources to reduce the
latency. To avoid UAV’s computational resource wastage, we
adopted the same method as BS’s bandwidth allocation, which
divides computing resources according to the proportion of task
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Fig. 3. The workflow for UAV.
volume, i.e.,
1- s I
FU(t) = b= EmlD) W (15)

Sty ha(t) (1= &(1) W,

where Fy; represents the UAV’s computational resources. Then,
for task of UE m, the computation latency on the UAV at time
t can be given by

(1= & (1) W W5,

m

(16)

Similarly, the computation latency caused by BS computing the
UE’s task is defined as

fﬁl( )WS Wﬁz

TGO (1) = (1) 2,

a7
where Fls represents the BS’s computational resources.

For a UE in the “serving” status, its task offloading process
is illustrated by UE b in Fig. 3. First, the entire task of UE b is
transmitted to the UAV via the G2A link (requiring 7.024 ().
Then, partial computation is performed on the UAV (requir-
ing TCA(t)), while the remaining portion is simultaneously
offloaded to the BS for computation via the A2G link (requiring
TAG(t) + T9). The downlink delay for result feedback is
neglected due to its relatively minor impact. Therefore, the task
offloading latency for UE m can be expressed as

TOU(t) = TS (t) + max { TS (1), T2 (1) + TSC (1)}

(18)

Similarly, for UEs in the “unserved” or “served” status (e.g., UEs
a and c¢), since their service indicators A, (t) = A.(t) = 0, their
corresponding task offloading latencies T°% (t) and TOV(t) are
also zero. This ensures the completeness and consistency of
equation at any time ¢.

B. Quad-Rotor UAV Propulsion Model

While providing task offloading services, the UAV must also
ensure safe flight (including both cruising and hovering) in
uneven terrain environments. In addition, since the UAV is
constrained by its limited onboard energy, improving propulsion
energy efficiency becomes another key consideration.
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1) Safe Mobility Model: The UAV’s movement model op-
erates in two modes: “hover mode” and “cruise mode”. As
shown in Fig. 3, the UAV switches between “hover mode” and
“cruise mode” at the start or completion of task offloading—for
example, entering “hover mode” at time ¢; and transitioning
back to “cruise mode” at time t». Otherwise, it maintains “cruise
mode” to reach a new location for UE detection and service, as
seen in the continued cruise mode at time ¢3.

The hover duration depends on the time of task offloading.
Since the UAV serves UEs in parallel within its coverage,
the hover time equals the longest task offloading time among
Serving UEs (such as UE b). The service indicator A, (¢) sets the
offloading time of unserved UEs (such as UE a) and served UEs
(such as UE c) to zero. Therefore, the hover time Atpoyer (t) can
be obtained by calculating the maximum offloading time among
all UEs, defined as

Athover( )

During the “hover mode”,
remain unchanged, that is,

Cy (t + Atpover (t)) = cu(t).

In “cruise mode”, the UAV’s positional variation can be
modeled through its velocity vector v, (t) € R3. The velocity
vector v, () is composed of a velocity scalar v, (t) and heading
direction vector v (t) € R?, expressed as:

vu(t) = vy (t)vﬁ (t).

Since at time t twhen the UAV enters the “cruise mode”,
the service indicators of all UEs are set to 0, the hover time
Athover (t) equals 0, implying that no hovering occurs. Then, this
model assumed the “cruise mode” persists for duration At ¢ uise,
comprising two symmetrical operational phases: acceleration
and deceleration. During the acceleration phase, the UAV ac-
celerates from zero velocity to v, (t), then decelerates back to
zero velocity in the subsequent phase. Both phases maintain
equal time duration (Atcyise/2) and identical cruise heading
direction v (). Then, we have

max{TOL t)}. (19)

the coordinates of the UAV will

(20)

2

t+Alcruise
Cy (t + Atcruise) = Cu(t) + VZ(t) / Uy, (T)dT
t

Vu( )Uu (t)Atcruise- (22)

cult) +

Moreover, the system model defines a cubic service area
to ensure UAV operations within the designated domain. The
movement of the UAV cannot exceed the boundaries of the
service area, that is, 0 < 2, (t) < Xpmaw» 0 < yu(t) < Yiaws
0 < 2y (t) < Zynazs where X a0, Yinaa, and Z,, . respectively
represent the length, width, and altitude of the rectangle-shaped
service area.

This paper accounts for real-world operational scenarios
where the service area contains uneven terrain. The varying
ground elevation necessitates dynamic adjustment of safe flight
altitudes during path planning. In this model, the terrain ele-
vation at 2D coordinates o = [z, y] is defined as Z(0). Conse-
quently, the UAV’s minimum safe flight altitude constraint is
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expressed as

Hmin S Zu(t) —Z (0u(t)) S H’ma;ﬂy (23)

where H,,in, Hpa, denote the minimum and maximum flight
altitude of the UAV, respectively. This constraint ensures a
minimum safe clearance height above the terrain, which enables
the UAV to effectively avoid terrain-induced obstacles during
flight. The trajectory generation and optimization of the UAV
in this work are grounded in this constraint, guaranteeing the
development of safe and efficient 3D flight trajectories.

2) Energy Consumption Model: In the UAV-assisted MEC
system, the energy carried by the UAV is primarily consumed
by three processes: task computation, data transmission, and
propulsion. We focus exclusively on propulsion energy because
the energy expended during propulsion is much greater than
the sum of the energy consumption for the UAV’s computation
and transmission. The Quad-Rotor UAV moves by the thrust
generated by its rotor, which needs to overcome gravity and
aerodynamic drag to propel the UAV to fly [32]. According
to Newton’s second law, the thrust of each rotor 77 (¢) can be
expressed as a function of UAV’s velocity v, () and acceleration
acc,(t), i.e.,

Ty (1) = T (vu(t), ace, (1))
1

2(t)S
(Wu lace., ()] + w

where n, is the number of rotors; W, represents the UAV’s
weight; p denotes air density; Srp means fuselage equivalent
flat plate area; g is gravity acceleration vector.

The propulsion power of the UAV can be derived from the
rotor thrust 77 (t) and UAV’s velocity scalar v, (t), defined as
(25), shown at the bottom of this page, where § is the profile
drag coefficient, cr represents the thrust coefficient based on
disc area; A means disc area for each rotor; cg and d are the
solidity and fuselage drag ratio for each rotor respectively; ¢ is
the incremental correction factor of induced power; g represents
the gravity acceleration scalar; 7. denotes the climb angle. Thus,
the energy consumption of the UAV from start to time ¢ can be
defined as

(1) - Wag \
24)

T

t

E,(t) = / PP (7)dr. (26)
0

Based on the movement model of the UAV, we can calculate

the total energy consumption by calculating the energy con-

sumption under different modes. When the UAV is in “hover
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mode”, its rotors only needs to overcome gravity while main-
taining its velocity v, (¢) and acceleration acc,(t) at zero.
Thus, the propulsion power remains constant, defined as P2oVer,
Therefore, the energy consumption of the UAV after “hover
mode” can be converted into

t+Athover ()
E, (t + Aﬁhover(t)) = Eu(t) + / Pfrop (T)dT
t

Eu (t) + R}LloverAthover (t) . (27)

Under “cruise mode” with dynamic velocity v, (t) and ac-
celeration acc,(t), the UAV’s propulsion power becomes a
continuously changing value. This paper employs discretization
with the midpoint method to convert the energy consumption of
the UAV after “cruise mode”. Then, we have

t+Atcruise
E, (t 4+ Ateruise) = By (t) + / PP (7)dr
t

N-1
= B,(t proon (14 BnE DO s :
@+ 3 P (o4 CE )
(28)
where NV is the number of points segments, and §; = %

Through these integral transformations under different move-
ment modes, it is possible to accurately model the energy con-
sumption during UAV mobility, which significantly improves
precision compared to constant-power assumptions.

C. Problem Formulation

The goal of this model is to serve the most UEs with the
least energy consumption. Thus, we introduce two objectives,
the service coverage ratio SC'R(t) and the UAV’s propulsion
energy efficiency Fem(t). The service coverage ratio is defined
as

Z M )Lunserved
m=1"m

(t)
M

SCR(t)=1-— (29)

In subsequent algorithmic performance comparisons, the
communication region of the UAV may fail to cover any UEs,
thereby resulting in a case where no UEs were served, and
the service coverage ratio is zero. Therefore, instead of us-
ing the energy consumption per served UE (which may cause
division-by-zero issues), we adopt the number of UEs served
per unit energy consumption, i.e., energy efficiency [33], [34],

T, (t)
crpA

rop _ Top r _ )
PP (t) = PY™P (v,(1), T} () =n, 8(

+ (L4 ep) Ty () \/

Tr(t)pct A 1
+ 31)5(15)) M + *dovi(t)pCSA
cr 2
%
(Ty(t)® | vi(t)  oi(t) Wugvu(t)
12 A2 7 5 + o sin 7, (25)
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defined as
J\l unserve:
M = 3o pseved(t)
E,(t)

To further evaluate the overall system performance, we define
the system utility as the product of the service coverage ratio and
propulsion energy efficiency, that is,

Utility(t) = SCR(t) Eogm(t).

Eem(t) = (30)

(3D

To ensure efficient system operation, we impose a maximum
system runtime 7. Simultaneously, to guarantee flight safety, any
violation of constraints during UAV operation is considered a
default step. Thus, the UAV must maximize system utility while
maintaining safe flight operations within the prescribed time
T. By optimizing the UAV’s location ¢, (t) and task allocation
ratios &, (t), the formulated optimization problem is denoted as
follows:

. (g}a}?m(t) Utility(t) (32)

st t<T, (32a)
0 < &n(t) < 1,Ym, (32b)

0y () < Vpnaa, VL, (32¢)

0 < zu(t) < Xinaws (32d)

0 < yu(t) < Yinaa, (32e)

0 < zu(t) < Zimaa (32f)
Hpin < 2u(t) = Z (0u(t)) < Hiaa, (32g)

where (32a) is the constraint about the system runtime, (32b)
denotes the constraint of task allocation ratio, (32c) represents
the maximum velocity constraint of the UAV, and (32d)—(32g)
include the safety mobility constraints of the UAV.

In this system model, the UAV needs to perform 3D flight op-
erations while simultaneously executing task offloading, where
complex terrain and dynamic UE coverage present significant
challenges. Furthermore, the combined effects of uncertain UE
communication conditions and the UAV’s high mobility induce
dynamic environments. These challenges render the non-convex
optimization problem (32) particularly difficult to solve using
conventional methods. Consequently, in the following section,
we design a DRL approach that decomposes the problem and
employs multi-phase exploration to enable the agent to get the
near-optimal policy.

IV. PH-DRL FOR TASK OFFLOADING AND TRAJECTORY
OPTIMIZATION PROBLEM

In this section, we formulate the optimization problem as an
MDP and subsequently present the PH-DRL algorithm for its
solution.

A. MDP Formulation

In this system, the UAV must fly safely through uneven terrain
while serving distributed ground UEs. Its movement not only
alters its position but also affects the service statuses of UEs.
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Since the joint task offloading and trajectory planning consti-
tute a decision-making process, we formulate the optimization
problem as an MDP that can be solved using the reinforcement
learning (RL) method.

1) State Space: The system state at time ¢ includes the UAV’s
positional coordinates ¢, (t) and energy consumption F,(t),
UESs’ location coordinates c,,,, task information W,,,, and un-
served indicators A"s°™ved (¢), Besides, considering the uneven
terrain conditions, terrain elevation information must also be
incorporated into the state space. However, including complete
terrain elevation data Z(o) would lead to a dimensionality
explosion. Therefore, we consider the grid block containing the
UAV’s 2D coordinates as the central block, and extend outward
to form a 5 x 5 square grid region as the terrain observation
window. The elevation information within this window (defined
as ¥,,(t)) is incorporated into the state space. Then, the state
space is defined as

s(t) = {cu(t), Bu(t), 0u(t), Com, Wi, ALSed(2) W}
(33)

2) Action Space: The UAV conducts 3D flight operations to
accommodate varying terrain elevations. The flight trajectory is
governed by v, (t), which we transform into spherical coordi-
nates for more convenient parametric representation [35]. In this
representation, o, (¢) denotes the vertical angle from the positive
z-axis with 0 < ¢, (¢) <, and ¢, (t) denotes the horizontal
angle in the xy-plane from the x-axis with —7 < ¢, (t) < 7.
Additionally, the UAV’s action needs include task allocation
ratios for different UEs &, (¢). Then, the action space is defined
as

a(t) = {vu(t), pu(t), on(t), Em(t), Vm} 34)

3) Reward Function: In this model, the UAV serves UEs
within its signal coverage region during flight, then continues
moving to reach and serve unserved UEs, repeating this process
cyclically. This can be considered a reach sub-destination task,
for which we assign positive rewards when UEs are served to
guide the UAV’s service behavior, i.e.,

ri(t) = {g)’h Mu(t) # 0,

otherwise,
where 1)1 is a positive reward factor to adjust the reward of
exploring UEs.

Moreover, a summative episodic reward is provided at the end
of each episode to evaluate the UAV’s overall service coverage
performance during that episode. Additionally, we relocate the
energy efficiency-related rewards from per-step assignments to
the episode’s end, thereby preventing the UAV from avoiding
long-distance flights solely for energy conservation purposes.
Then, the comprehensive reward is expressed as

o(t) = Vo SCR(t) + Y3Eem(t), t=Tor SCR(t) =1,
2 0, otherwise,

(35)

(36)

where 15 and 13 are positive reward factors like ;.
Furthermore, to ensure the UAV maintains safe flight oper-
ations in uneven terrain environments, we implement penalty
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Fig. 4. The framework of the proposed PH-DRL algorithm.

rewards to punish violations of constraints (23):

r3(t) = Yas(t),

where 14 is a negative reward factor, and ¢(¢) is the constraint
indicator with ¢(t) =1 indicates constraint violation, while
¢(t) = 0 denotes constraint satisfaction. In summary, the reward
function can be formulated as

(37

R(t) = ri(t) +r2(t) + r3(t). (38)

B. Phased Hierarchical DRL Algorithm

This model’s optimization problem poses two key challenges
for DRL algorithms: First, the UAV operates predominantly in
“cruise mode”, and only serves UEs within its signal coverage
during “hover mode”. Consequently, in the agent’s state space,
UE’s task information is only relevant at specific moments, caus-
ing redundancy and interference to the neural network at other
times. Similarly, in the agent’s action space, the task allocation
ratio of each UE is only effective at particular moments, ad-
versely affecting neural network training. Second, while the ter-
rain observation window effectively addresses high-dimensional
state space issues, the agent struggles to acquire global terrain in-
formation through limited exploration, which influences optimal
flight path determination. Besides, the infrequent occurrence of
“hover mode” results in insufficient task-offloading optimization
experience, leading to poor optimization performance.

To address these challenges, we propose a phased hierarchical
DRL algorithm, whose network architecture is illustrated in
Fig. 4. In conventional DRL workflows, only a single-level
network architecture is employed, where the environment and
the network interact through state, action, and reward, and ex-
periences are stored for optimization. In contrast, our algorithm
adopts a two-level architecture (corresponding to the First-level
and Second-level shown on the left and right in the figure), and
incorporates a phased training method into the workflow. The
following subsections first elaborate on the definitions of state,
action, and reward in each level, and then describe the design of

Store l
Update et el J | BUffelr Buffer &
nd phase Training start| Sample and update :_ Critic

7 (ssu (40 |
|
|

_ = ‘_)A ________ i
X 'I Optimizer | | Loss function

| Training
| start Update ﬂ Jl Gradient

lilore

Update

e
Ofsu (11), 4. (141)

the phased training method as well as the network composition
within each level.

1) Hierarchical Architecture: To address the temporal re-
dundancy issues in both state and action spaces, we propose a
hierarchical network architecture that separates the optimization
variables. Specifically, UAV’s trajectory {c,(t)} is optimized
by the first-level while UEs’ task allocation ratios &,,(t) are
handled by the second-level, achieving functional separation of
the optimization objectives.

Optimizing variable separation also requires modifications to
the MDP problem. For the first-level, which exclusively handles
{c, ()} without considering &, (t), the agent no longer requires
the task information W, for all UE. Consequently, the state
space can be substantially simplified from the original state
space (33) and defined as

191! (t)7 Cm, )\umnserved (t)7 vm} ’

achieving a dimensionality reduction of 2 % M parameters. The
action space retains only UAV flight control variables while
removing all task allocation ratios, that is,

arr(t) = {vu(t), ou(t), on(t)} .

The goal of this network is basically the same as the original
goal, so the reward function remains the original design, which
is RFL (t) = R(t)

The second-level’s state space cannot simply incorporate
all UE task information, as this would introduce redundancy.
Moreover, the number of UEs in “serving” status varies between
UAV’s propulsion modes: zero during “cruise mode” and one or
more during “hover mode”. This variability makes it difficult to
simply set the number of input/output neurons to a fixed value. To
address both redundancy and input/output dimensionality vari-
ation challenges, we designed a dynamically invoked network
structure that employs iterative calling mechanisms.

Specifically, we consider the number of UEs in “serving”
status as the second-level’s invocation count. Then, each invo-
cation processes only a single UE’s information and outputs
the corresponding task allocation ratio for that UE. Considering

spL(t) = {cu(t), EBu(t), (39)

(40)
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that the UAV provides parallel services and requires a reasonable
allocation of system resources, this process is related to the UE’s
task information. We introduce a new variable (,, (t) represent-
ing each UE’s task proportion relative to the total demand from
all currently served UEs, defined as: (,,(t) = S L S—
iz A (WS
Then, the state space of the second-level can be represented
as

SSL(ta m) = {Wrm C’rn (t)’ d'run (t)a di (t)} )

where d¥ (t) and dZ (t) take into account the relative position
of the UE-UAV-BS to obtain the optimal task allocation. The
corresponding action space is denoted as

ast(t,m) = {&n(t)} -

For the dynamically-invoked network structure, we designed a
novel reward function that incorporates the UAV’s hover time
as a negative penalty term, expressed as

RSL (t) = 1,[}5 Athover (t) )

where 15 is a negative reward factor. This design stems from the
direct correlation between task offloading times and hover mode
duration (as established in (19), thereby guiding the network to
minimize total service time through optimized decision-making.

2) Phased Training Strategy: To address the potential low
training efficiency caused by insufficient environmental infor-
mation, we introduce a phased training method. The first phase
(p = 1) aims to obtain general knowledge about the environment
and runs for e,. In the reset function ®,, we randomized the
agent’s initial position to enable comprehensive perception of
terrain elevation data Z (o) across different regions while estab-
lishing correlations between the UE’s information and rewards.
Besides, we applied a random exploration strategy to the action
functions A}, and AL, , allowing the agent to quickly gather
substantial effective experience without requiring training.

The second phase (p = 2) focuses on refining the agent’s
action details and continues for a corresponding episodes ¢,,.
We preserved experience buffers By, and Bgy, from the first
phase to accelerate network training, while modifying the reset
function ®,, to initialize the agent at predetermined positions. An
e — greedy strategy with Gaussian noise 7 ~ N(0,52) is im-
plemented in the action functions A%} and A, . This establishes
a learning approach where the agent prioritizes exploration in
the early stages of training and focuses on optimization in later
stages within the specified environment.

Algorithm 1 presents the pseudocode for PH-DRL. The first-
level addresses a more complex problem and therefore employs
the TD3 algorithm, which consists of six networks: an evaluation
actor network 7 (s| 1), two evaluation critic network Q1 (s, a6, ),
Q2(s,alhs), and their corresponding target networks 7' (s|u’),
Q' (s,al0), Q4 (s, a|b}). The second-level operates in a simpler
solution space, for which we adopt the AC algorithm comprising
two networks: an actor network 7(s|ft) and a critic network
Q(s,alf). Besides, we use the variable k to denote the step
count of UAV “cruise mode” execution. The target networks
in first-level updates every d steps, while the second-level
updates according to its invocation frequency. The proposed

(41)

(42)

(43)
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algorithm operates in two phases with a phase index p € {1, 2}
In each phase, the first-level network is responsible for UAV
flight control, while the second-level network is activated when
serviceable UEs are detected. UAV flight and UE service both
consume continuous time, and the total duration of an episode
is constrained by a time budget 7', rather than a fixed number of
time steps. Within each episode, the UAV may perform multiple
flight actions before detecting UEs. However, each UE can be
served at most once, and the second-level network is therefore
activated no more than M times per episode. Since the phase
index and network architectures are fixed, the overall computa-
tional complexity of the proposed algorithm can be expressed
as O(E x M).

V. EXPERIMENT RESULTS AND ANALYSIS

In this section, we first describe the system configuration
parameters, followed by numerical experiments that evaluate
the proposed PH-DRL algorithm in terms of convergence, per-
formance, and extended analyses.

A. Simulation Settings

In our simulations, real elevation data from a paid-platform
(http://www.tuxingis.com/store.html) digital elevation model
(DEM) were utilized. The specific coordinates are (Left =
107.3612972521917, Top = 34.08013815795105, Right =
107.36568909492071, Bottom = 34.07574631522204). The
area has dimensions of 500 m in both length and width, with the
highest terrain elevation within the region being 94 m. Therefore,
the system environment is considered as a cube service area
of 500 x 500 x 194 m3. The 15 UEs are randomly distributed
across the uneven terrain, with the BS fixed at [6, 6, 56]. The
UAV departs from [6, 6, 131] and attempts to serve as many UEs
as possible. The detailed simulation parameters are summarized
in Table II.

The network architecture of the first-level in the proposed
PH-DRL algorithm comprises a fully connected neural network
with three hidden layers containing 256, 128, and 64 neurons,
respectively. The second-level employs a dual hidden-layer neu-
ral network with 64 neurons in each layer. Both level employs
ReLU activation functions and maintain a consistent action noise
standard deviation of 0.1. Besides, the first-level operates with
a discount factor of 0.99, soft update rate of 0.005, update
interval of 5 steps, and policy noise standard deviation of 0.2.
Moreover, the actor and critic learning rates are set to 0.0003
and 0.001, respectively, for the first-level, compared to 0.003
and 0.01 for the second-level. The experience replay buffer sizes
are configured as 27 for the first level and 2'2 for the second
level, with corresponding batch sizes of 512 and 256 samples
during training.

Apart from the introduced PH-DRL approach, we employed
four other optimization algorithms to compare performance:
degraded versions of PH-DRL without phased or hierarchical
components, named hierarchical DRL (H-DRL) and phased
TD3 (P-TD3); the original algorithms were also considered,
with both TD3 and proximal policy optimization (PPO) serving
as baseline algorithms, where PPO is a policy gradient method
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Algorithm 1: PH-DRL Algorithm of Task Offloading Prob-
lem With Uneven Terrain.

Input: Terrain’s data Z (o) and UEs’ data c,,, W,,.
Output: The optimal trajectory and task allocation

ratios {cy, (t)}, &m (¢).

1 Initialize the first-level’s networks p, 61, 62, 1/, 04, 05;
2 Initialize the second-level’s networks /i, 5;

3 Initialize environment ENV, buffers Bgy, and Bgy,;

4 for each phase p do

5 while episode ¢ < E,, do
6 Set time t = 0, step k = 0;
7 Reset ENV and get spy, (¢);
8 Reset UAV’s position with function ®,;
9 while ¢t < T do
10 Select apr, (t) — AII’;‘L (SFL (t));
11 Set t/ =t + Atcruises
12 Get L (') from ENV;
13 if length of L (') # 0 then
14 for i in list L (') do
15 Select agy, (t',4) < A%} (sst, (t,1));
16 Get and store TP (t');
17 end
18 Get Rgy, (t') from ENV;
19 for i in list L (') do
20 Store experience
(ssL (t',1),asL (t',4), Rsy, (1)) to
buffer Bsy,;
21 end
2 Calculate Atpover (') by {T59% (')}
23 Set t’ =t + Athoyer (V');
24 if p == 1 then break;
25 Sample experience from buffer Bsr,;
26 Update second-level’s networks /i, é;
27 end
28 Get spr, (t'), Rpy (t) from ENV;
29 Store experience
<3FL (t) , GFT, (t) , Rer, (t) , SFL (t/)> to
buffer Bgr,;
30 Sett=t,k=k+1;
31 if p == 1 then continue;
32 Sample experience from buffer By, ;
33 Update first-level’s evaluation networks 61,
023
34 if k£ mod d then
35 Update first-level’s evaluation network
1
36 Soft update first-level’s target networks
’u/’ 0! , 9/2;
37 end
38 end
39 end
40 end
41 return
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Fig. 5. Convergence of different algorithms.

that uses clipped surrogate objectives to ensure stable policy
updates while maintaining sample efficiency.

To ensure fairness in comparison, both H-DRL and PH-DRL
maintain identical network architectures and hyperparameter
configurations. Similarly, P-TD3, TD3, and PPO algorithms
adopt the same network structure and hyperparameters as the
first-level of PH-DRL. For the subsequent experiments, trajec-
tory results were generated using an identical random seed, while
all other experimental outcomes represent averaged values ob-
tained under three consistent random seeds. The comparison of
various algorithms includes both training and testing results. To
ensure that each algorithm has sufficient exploration and learn-
ing iterations, the time limit 7" for agent training was set to 1800s.

B. Convergence Analysis

We first compared the convergence performance of the
different algorithms. Fig. 5(a) presents the training reward
curves for all algorithms, where the range from —150 to O
episodes corresponds to the first phase (p = 1) of the PH-DRL
and P-TD3 algorithms employing the staged method. The solid
lines represent the smoothed curves obtained by applying the
exponential moving average (EMA) method to the three results,
and the shaded areas indicate the standard error ranges for
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TABLE II
EXPERIMENTAL SIMULATION PARAMETERS

Parameters Value Parameters Value
System runtime, 7' 150 s UAV’s maximum velocity, vmaz 15 m/s

Size of area, Xmaz, Ymazs, Zmazx 500 m, 500 m, 194m | UAV’s flight altitude, Hypin, Hmaz 50 m, 100 m
Number of UEs, M 15 UAV’s rotors, n, 4

Size of task data, W3, [1,5] Mbits UAV’s weight, Wy, 2 kg
Number of CPU cycles, WS, [100,200] cycles/bit UAV’s cruise duration, Atcruise 3s
Environmental parameters, a, b 15, 0.5 Number of points segments, [NV 10

NLoS attenuation, K 0.2 Air density, p 1.225 kg/m?
Path loss exponent, ¢ 2.3 Fuselage equivalent flat plate area, S p 0.01

Noise power, o -80 dBm Gravity acceleration, g 9.81 m/s?
Channel gain, go -50 dB Profile drag coefficient, ¢ 0.012

UE’s transmit power, Pyr 0.1 W Thrust coefficient based on disc area, c  0.302

BS’s bandwith, Bg 5 MHz Disc area for each rotor, A 0.0314 m?
BS’s computation resource, F'g 1 GHz Solidity for each rotor, cg 0.0955
UAV’s transmit power, Prs 5W Fuselage drag ratio for each rotor, do 0.834

UAV’s bandwith, By 1 MHz Positive reward factor, 11, ¥2 , 13 100, 10, 10000
UAV’s computation resource, Fy; 1 GHz Negative reward factor, 14, 15 -10, -1

each algorithm. PH-DRL and H-DRL reached convergence
around the 300th episode, both achieving the highest reward
values. This demonstrates the effectiveness of the hierarchical
method, which reduces the redundancy in input dimensions
by separating optimization variables. As a result, the input
dimension is reduced from 119 to 94, thereby lowering the
training difficulty of the neural network. PH-DRL is more stable
than H-DRL, as it never exhibited a sudden drop in reward
values. P-TD3, utilizing the staged method, gathered substantial
effective information and was able to converge, but its reward
value was lower than those of PH-DRL and H-DRL, with greater
fluctuations. The TD3 and PPO algorithms did not achieve
satisfactory convergence, indicating that the combination
of uneven terrain and dynamic service coverage presents
a significant challenge, making it difficult for conventional
algorithms to solve. Fig. 5(b) illustrates the number of default
steps during the training process, representing the number of
violations of the constraint conditions. Itis evident that PH-DRL,
H-DRL, and P-TD3 all effectively perceive the terrain altitudes,
optimizing the UAV flight actions accordingly. However,
PH-DRL outperformed the others, reaching zero default steps
the earliest and maintaining stability. While PPO showed some
improvement compared to TD3, both have poor results.

C. Performance Comparison

The performance is evaluated in terms of trajectory planning,
service coverage, and energy efficiency to demonstrate the ef-
fectiveness of the proposed algorithm. Fig. 6 shows the optimal
trajectories produced by different algorithms in the testing phase.
Notably, the UE distribution is predominantly positioned along
the straight line from (0, 0) to (500, 500), and the trajectories
of most algorithms also align with this path, indicating that
the reward function effectively guides the network’s learning
direction. Among them, PH-DRL and H-DRL successfully serve

all UEs without violating any constraint conditions. P-TD3 and
TD3 manage to maintain safe flight for most of the duration but
breach constraints toward the end, likely due to the complexity
of network inputs or insufficient information. The trajectory of
PPO reveals issues in its network training, where outputting the
extreme values in the action range results in movement restricted
to only the X and Z dimensions, accompanied by unreasonable
altitude fluctuations, indicating that the algorithm fails to achieve
effective convergence.

Fig. 7 depicts the service coverage ratio, propulsive energy
efficiency, and overall system utility of the different algorithms.
PH-DRL achieves full UE coverage, serving each UE with an
average energy expenditure of 2 kJ. H-DRL, P-TD3, and TD3
each attain certain improvements in either service coverage ratio
or energy efficiency, yet their overall utility remains inferior to
that of PH-DRL. To further explore the relationship between
UAV’s energy efficiency and task allocation ratio, propulsive
energy efficiency is decomposed into cruise energy efficiency
and hover energy efficiency, as illustrated in Fig. 8. It is evi-
dent that PH-DRL and H-DRL effectively leverage the second
level to optimize task offloading, thereby enhancing energy
efficiency in “hover mode”. Moreover, under the given param-
eters, a UE’s task allocation ratio of approximately 0.45 proves
optimal. P-TD3 and TD3 exhibit relatively high average task
allocation ratios, which in turn lead to elevated hover energy
consumption. Combined with the observations in Fig. 6, the
PPO algorithm undertakes only a very brief flight, serving solely
UE 1, 4, 7, and 14, as its generated trajectory is restricted
mainly to the X and Z dimensions and exhibits unreasonable
altitude fluctuations. Nevertheless, it achieves a higher degree
of parallelism in serving UEs. In contrast, other algorithms
at times serve only a single UE, resulting in PPO’s hovering
efficiency surpassing that of P-TD3 and TD3. This confirms the
superior resource utilization of parallel service over one-to-one
service.
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D. Extended Evaluation

To further compare the performance improvements brought
by hierarchical and phased methods, we conducted extended
experiments involving three parameters: the number of UEs,
the bandwidth of the BS, and the computational resources of
the BS. Fig. 9 presents the optimal trajectories generated by
different algorithms under varying UE counts. To ensure the
validity of the experiment, as the number of UE increased, we
also relaxed the time constraint 7": 20 UE corresponds to a time
of 300s, 25 UE to 450s, and 30 UE to 600s. Except for the
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proposed PH-DRL, all other algorithms encountered the default
step. This occurred because, as the number of UEs increased, the
UAV was required to reach more new areas, thereby elevating
the probability of violating constraints. Moreover, the increase in
the number of UEs leads to a rapid growth in the input dimension
of the learning model. By adopting the hierarchical method, the
input dimension is effectively reduced, from 119 to 94 with 15
UEs, from 149 to 114 with 20 UEs, from 179 to 134 with 25 UEs,
and from 209 to 154 with 30 UEs. This dimensionality reduction
significantly alleviates the training difficulty and contributes to
the superior robustness of the proposed PH-DRL.

Fig. 10 illustrates the variation in algorithm performance
as the number of UEs changes. As the number of UEs in-
creases, the dimensionality of the network’s state space expands
dramatically, posing greater challenges for convergence and
sample efficiency. The PPO algorithm shows a rapid decline in
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performance, as its on-policy nature prevents it from reusing past
experiences and makes it difficult to handle experience sampling
and gradient estimation under the increasingly complex state
and action spaces. The other baseline methods, such as TD3 and
P-TD3, perform better than PPO but still exhibit fluctuations
as the environment dimension increases, largely due to the
increased exploration difficulty and higher control complexity.
In contrast, PH-DRL consistently maintains a 100% service
coverage ratio, keeps efficient training and stable convergence
even in high-dimensional settings. In terms of propulsive energy
efficiency, PH-DRL did not retain the highest efficiency, which
can be attributed to the presence of certain UEs—such as UE

18, 20, 23, 24, and 25—who are located in more remote areas.
Serving these UEs necessitates greater cruising energy expen-
diture, thus reducing the average propulsive energy efficiency.
To account for this, we incorporated a system utility metric
that combines service coverage ratio and propulsive energy
efficiency. From this, it is evident that PH-DRL consistently
maintains the highest overall system utility. This demonstrates
the effectiveness of the first level in the hierarchical method and
the staged approach in optimizing UAV path planning.

Fig. 11 illustrates the impact of different bandwidth alloca-
tion strategies on hover energy efficiency under varying UE
counts and algorithms. As shown in Fig. 11(a), under different
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numbers of UEs M, the load-equal bandwidth allocation scheme
consistently outperforms the user-equal allocation scheme. The
superiority of load-equal allocation can be attributed to the
fact that, during the A2G transmission stage, the UAV oper-
ates under relatively stable LoS channel conditions and the
remaining task loads are already known. This enables band-
width to be proportionally allocated according to task load,
thereby reducing transmission delay and improving overall en-
ergy efficiency. Fig. 11(b) further compares the two allocation
schemes under different algorithms. It can be observed that
load-equal allocation consistently achieves higher hover en-
ergy efficiency than user-equal allocation across all algorithms,
demonstrating its robustness and algorithm-independent advan-
tage. Moreover, when combined with the proposed PH-DRL
framework, the load-equal strategy yields the most significant
performance improvement. This is because PH-DRL can more
effectively exploit the known task load information and stable
channel conditions in the A2G stage, enabling more accurate
decisions.

Fig. 12 depicts the variation in the average task allocation ratio
under changing BS’s computing resources, where the shaded
areas indicate the standard error ranges for each algorithm.
The results given by PH-DRL and H-DRL using a hierarchical
approach show an increasing trend. This is because, as the
BS’s computational capacity increases, the latency of TS (t)
decreases prompting the UAV to allocate a greater proportion
of tasks to the BS for processing. In contrast, the results from
the remaining algorithms fluctuate irregularly without a stable
trend, and their wide error margins indicate that their allocation
ratios have not been effectively optimized. Regarding hover
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energy efficiency, PH-DRL and H-DRL consistently outperform
all other algorithms.

Fig. 13 shows the variation in the average task allocation
ratio under changing BS’s bandwidths. Similar to Fig. 12, as
the BS’s bandwidth increases, the communication latency of the
A2G channel decreases, leading to a rising trend in the average
allocation ratio. The figure shows that PH-DRL and H-DRL
display a growth tendency, albeit not pronounced. This is due
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to two reasons: first, A2G latency T/A2% (1) exerts a smaller
influence on total latency compared with 7.C% (); second, with
computational resources held constant, the task allocation ratio
has a theoretical upper limit, beyond which assigning more tasks
to the BS would instead increase total latency. Besides, the
results of the remaining algorithms remain unstable. In terms
of hover energy efficiency, PH-DRL and H-DRL continue to
deliver the best performance. The outcomes in Figs. 12 and
13 both attest to the effectiveness of the second level in the
hierarchical method for optimizing task allocation ratios.

VI. CONCLUSION

This paper establishes a UAV-assisted MEC system that ac-
counts for UAV flight trajectory design over uneven terrain,
dynamic UE servicing within the signal coverage region, and
UAV propulsion energy consumption modeling. The system
is then formulated as a multi-objective non-convex optimiza-
tion problem, seeking to maximize service coverage ratio and
propulsion energy efficiency within a given system runtime. A
PH-DRL optimization algorithm is proposed, which integrates
a hierarchical network architecture and phased training strategy
with DRL. Simulation experiments leveraging real elevation
data are conducted to evaluate the performance of the proposed
algorithm. The results demonstrate that PH-DRL surpasses other
comparative algorithms in terms of system utility, thereby vali-
dating its effectiveness in optimizing UAV trajectories and task
allocation ratio, as well as its applicability to complex non-
convex optimization problems. Future work will focus on extend
to multi-UAV collaboration in uneven terrain environments and
enhancing system performance under additional terrain-related
factors and environmental uncertainties like user mobility.
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