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Abstract—Unmanned aerial vehicles (UAVs) have gained con-
siderable attention in data collection due to their mobility and
flexibility. These capabilities are crucial in time-sensitive missions
(e.g., disaster response, military reconnaissance). In such cases,
tasks are often subject to tight deadlines and require timely
access to information. To address these challenges, this paper
investigates collaborative data collection and task offloading in
multi-UAV systems, aiming to maximize mission area coverage
while minimizing total energy consumption. To overcome the
limited computing power of data collection UAVs, we propose a
heterogeneous multi-tier UAV system. In this design, an assisted
UAV with strong computing capabilities is introduced to handle
data offloading and processing. This enhances energy efficiency
and enables timely task execution. Consequently, we develop
an integrated optimization model to jointly design trajectory
planning and task offloading under communication, energy,
and deadline constraints. We propose a deep reinforcement
learning algorithm called data collection optimized proximal
policy optimization (DCOPPO). This approach optimizes both
UAV trajectories and offloading decisions. Simulation results
demonstrate that DCOPPO significantly outperforms baseline
DRL approaches in terms of energy efficiency and task com-
pletion performance.

Index Terms—UAY, data collection, deep reinforcement learn-
ing, task offloading, path planning, energy efficient.

I. INTRODUCTION

NMANNED aerial vehicles (UAVs) have been increas-
ingly employed in data collection tasks due to their
mobility, flexibility, and ease of deployment. They have
shown great potential in a wide range of applications, such
as environmental monitoring [1], precision agriculture [2],
disaster assessment [3], and military reconnaissance [4]. In
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these missions, UAVs must gather raw data and perform
computationally intensive tasks, such as image processing,
object detection, and trajectory adjustment. However, these
operations require significant processing power and energy,
which are often limited by the hardware constraints of onboard
systems. To address this limitation, offloading certain tasks
to more capable devices is necessary to reduce latency, save
energy, and ensure timely task execution. Therefore, this mo-
tivates the need for efficient task offloading and coordination
strategies in UAV networks.

In data collection missions, path planning is critical to
completing tasks efficiently. Common approaches include
rule-based strategies and optimization-based methods [5]-[7].
These methods can generate feasible trajectories when the
environment is known and the task is stable. However, they
often lack the ability to respond quickly to unexpected events
or dynamic conditions. Even with optimized trajectories,
UAVs are constrained by limited battery capacity and onboard
computing resources. They cannot perform computationally
intensive tasks such as image recognition or object detection
for long periods or at high frequency.

Task offloading helps relieve the computation bottleneck of
UAVs in computationally intensive tasks. It transfers part of
the workload to more powerful nodes, reducing local energy
use and delay. Common modes include ground-based and
airborne edge computing. Both modes can be jointly optimized
with trajectory planning to improve task efficiency under
limited resources [8]. However, task offloading and trajectory
optimization are interdependent. Traditional methods often
face high computational complexity in joint decision-making
[9]. They also lack the ability to adapt quickly to changes
in task requirements and environmental conditions. As a
result, finding a globally optimal strategy in dynamic scenarios
remains challenging.

In recent years, deep reinforcement learning (DRL) has
been widely applied to UAV path planning and task coordi-
nation [10]. It offers online learning, dynamic policy updates,
and the ability to search for near-optimal solutions in high-
dimensional state spaces. DRL can adjust flight paths and
task allocation strategies as the environment changes. This
improves task completion efficiency and system adaptability.
However, most existing studies assume homogeneous UAV
systems, where all UAVs have the same communication and
computation capabilities [11], [12]. In heterogeneous multi-tier
UAV systems, different UAV types vary in computing power,

© 2025 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media,
including reprinting/republishing this material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers
or lists, or reuse of any copyrighted component of this work in other works.



JOURNAL OF KTEX CLASS FILES, VOL. 1, NO. 1, AUGUST 2025

energy capacity, and task roles. Ignoring these differences can
limit the effectiveness of joint optimization strategies.

To improve the coordination efficiency of multi-UAV sys-
tems in complex missions, this paper proposes a heteroge-
neous multi-tier system. In this design, an assisted UAV with
stronger computing power supports computationally heavy
tasks. Moreover, a joint optimization framework is developed
to design both trajectories and offloading strategies. To solve
the problem under dynamic and constrained conditions, we
propose a DRL-based solution. The contributions of this article
are summarized as follows.

1) We design a multi-tier UAV system consisting of mul-
tiple data collection UAVs and one assisted UAV with
enhanced computing capabilities. Data collection UAVs
are responsible for collecting data within the target area,
while the assisted UAV helps process computationally
intensive tasks offloaded by the data collection UAVs.
This collaborative system reduces the burden on onboard
resources and effectively addresses the computation bot-
tlenecks in data collection missions.

2) We formulate a joint optimization model for trajec-
tory planning and task offloading. The objective is to
maximize task completion and minimize overall energy
consumption. The model considers deadline constraints,
energy limits, and obstacle avoidance. To solve it, we
develop a DRL algorithm called data collection proximal
policy optimized (DCOPPO). It learns both optimal
flight paths and offloading strategies through policy up-
dates, improving task efficiency and resource utilization.

3) We evaluate the proposed method through extensive sim-
ulations. In a typical time-sensitive area data collection
task, DCOPPO outperforms baseline algorithms across
multiple metrics. Specifically, it achieves 100% final
coverage while DQN and A2C reach only 97.96%, and
reduces total energy consumption by 19.07% compared
to DQN. These results confirm the method’s strong per-
formance in task execution, path planning, and resource
utilization, making it suitable for multi-tier UAV system
coordination in dynamic environments.

The structure of this paper is organized as follows: Section II
reviews the related work in the field. Section III provides a
detailed description of the system model, including the mobil-
ity model, communication model, and computation model of
UAVs, and formulates a joint optimization problem. Section IV
presents the optimization algorithm framework based on PPO.
Section V evaluates the performance of the proposed method
through simulation experiments and provides a comparative
analysis with existing approaches. Finally, Section VI con-
cludes the paper and discusses potential directions for future
research.

II. RELATED WORK

In early studies, UAVs commonly performed data collection
tasks by following predefined paths. Jiao et al. [5] used exact
cellular decomposition and fixed-direction sweeps to guide
UAVs for image collection. Similarly, another study [6] ap-
plied a line-sweep path to complete 3D terrain reconstruction.

To enhance mission efficiency, Cabreira et al. [7] proposed
an energy-aware spiral path planning method. However, these
approaches mainly relied on rule-based trajectories, which
often resulted in low collection efficiency. To overcome this
limitation, recent studies have introduced optimization algo-
rithms to design more efficient data collection strategies [13]—
[20]. Wang et al. modeled the data collection task as a traveling
salesman problem and optimized the visiting order to reduce
overall mission time [14]. Hu et al. [15] and Xu et al. [16] used
iterative optimization to generate UAV trajectories with higher
coverage efficiency and shorter flight distances. Liu et al. [17]
jointly optimized UAV deployment, flight paths, and device
access sequences using a heuristic algorithm. However, most
of these methods rely on static or pre-known task information,
such as device locations [18] and channel conditions [20].
These works lack the ability to adjust flight paths in real time
when facing dynamic environmental changes. This often leads
to reduced task efficiency and higher energy consumption
in unpredictable scenarios. Moreover, in time-sensitive data
collection scenarios, efficient task execution also relies on
timely data processing. These studies primarily focus on flight
path design without jointly considering computation offloading
during the mission. In contrast, we formulate a joint trajectory
planning and computation offloading optimization framework,
enabling UAVs to adapt dynamically while balancing task
efficiency and processing latency.

In UAV networks, computation offloading is introduced to
enhance task execution by supporting data processing beyond
onboard capabilities. Recent studies have jointly considered
trajectory planning and task offloading to improve overall
mission performance. Currently, task offloading and path
planning in UAV networks are commonly implemented under
two architectures. The first involves cooperation with ground
infrastructure. Guo et al. [21] offloaded tasks from UAVs
to ground-based mobile edge computing servers and jointly
optimized UAV trajectories to improve overall responsiveness
and task efficiency. Suganya et al. [22] proposed a dynamic
offloading strategy based on edge resource awareness. UAVs
choose edge platforms based on link quality and server
workload, and optimize their trajectories accordingly. These
approaches help reduce the computational burden on UAVs,
but their effectiveness is limited by the availability of fixed
infrastructure. Ground stations often fail to cover remote or
disaster-affected areas, which restricts the flexibility of UAV
deployment. Another architecture involves the use of airborne
relays or assistive UAVs [23]-[26]. Qi et al. [23] offloaded
tasks to computing-capable UAVs and adopted a connected
dominating set to enhance task assignment and path planning.
Luo et al. [24] developed a multi-UAV scheduling framework
based on a heuristic algorithm. They assigned tasks and
planned routes based on real-time computing availability and
service load. Ma et al. [25] proposed a 3D swarm deployment
method where assistive UAVs act as both communication
relays and edge computing nodes. Airborne offloading ar-
chitectures provide greater mobility. However, they involve
complex decision-making as multiple factors must be bal-
anced. The joint optimization of trajectory planning and task
offloading in such systems is often computationally intensive.
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Traditional methods struggle to adapt efficiently to rapidly
changing environments, highlighting the need for an online
approach capable of learning near-optimal policies in real time.

In recent years, deep reinforcement learning (DRL) has
gained increasing attention in UAV applications. DRL enables
online learning, dynamic policy adaptation, and efficient pro-
cessing of high-dimensional states. These capabilities make it
well suited for trajectory planning and task coordination in
complex, changing environments. For example, Liu et al. [27]
proposed a path planning method for a single UAV with edge
computing. The UAV uses Deep Q-Network to generate flight
paths for serving multiple ground devices. Building on this,
Zhao et al. [28] introduced multiple UAVs into the offloading
process. A multi-agent DRL framework enables cooperative
offloading and resource allocation, improving overall task
performance. Furthermore, Li et al. [29] jointly optimized
task assignment and trajectory planning. This coordination
enhanced scheduling efficiency in complex environments. In
[30], safety constraints were added to path planning. The
method combines graph search and DRL to support both obsta-
cle avoidance and target coverage in dynamic scenarios. How-
ever, most existing studies still assume that all UAVs have the
same computing and communication abilities [31]. This setting
simplifies system modeling and computation but overlooks the
differences in UAV capabilities. In multi-UAV missions, it is
difficult to achieve high system efficiency without division of
roles and cooperation. To overcome this limitation, this paper
introduces a heterogeneous multi-tier UAV system, where
high-computation assisted UAVs collaborate with resource-
constrained data collection UAVs. This design leverages role
differentiation to improve coordination efficiency and overall
system performance in dynamic environments.

III. SYSTEM MODEL

In this paper, the goal is to complete the data collection
task by achieving full area coverage. To support time-sensitive
tasks, the system deploys two types of UAVs: data collection
UAVs and an assisted UAV. Data collection UAVs focus on
image capture and sensing, but they lack the computing power
and battery capacity required for extensive processing. To
address this issue, the assisted UAV with expanded computing
capability handles offloaded activities and does real-time data
processing. The assisted UAV can carry edge computing mod-
ules, such as NVIDIA Jetson or embedded GPU platforms. It
has moderate endurance and stable communication ability. In
the absence of ground base stations, it can act as a temporary
airborne MEC node. This multi-tier UAV system improves task
responsiveness while increasing overall system efficiency. It
is particularly well suited for tasks such as disaster recovery,
search and rescue, and emergency monitoring.

To simplify planning and analysis, we represent the mission
area as a rectangular zone, as shown in Fig. 1. Without
loss of generality, the region is partitioned into a grid map
made of square cells of side length [, resulting in an L x W
grid. Each grid cell represents a subregion that a UAV can
cover from a fixed altitude. The task period is divided into
T time slots (7 = {1,2,3,...,T}). In each slot ¢ (t € T),
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Fig. 1: System model of proposed heterogeneous multi-tier
UAV system.

UAV’s position and task state is updated. The system consists
of I data collection UAVs (Z = {1,2,3,...,I}), denoted
as U; (1 € 7I), and one assisted UAV Upg with enhanced
computing capabilities. In a three-dimensional Cartesian co-
ordinate system, the position of UAV U, at time ¢ is given
by q;[t] = (z;[t], y:i[t], hi) and the position of the assisted
UAV Ups is qas[t] = (zaslt], yas[t], has). For simplicity, we
assume that all UAVs operate at fixed altitudes during the
mission: h; for each U; and has for Uas. This reduces the
complexity of the model and makes learning more efficient.
Similar settings can be found in prior work [32], [33]. Our
framework can be extended to variable altitudes by adding
altitude levels to the action space.

All UAVs take off from fixed launch points at the beginning
of the mission. The data collection UAVs start from a corner
of the area, and the assisted UAV starts from the center. This
avoids overlap at launch and makes coordination easier. The
mission environment may include inaccessible or restricted
zones, such as towering buildings or no-fly zones. Fig. 1 shows
these regions as obstacles (red blocks in the grid). We denote
the set of such inaccessible or restricted zones as F. The key
symbols and their respective definitions are summarized in
Table L.

During the flight mission, UAV positions evolve over time
and are updated using the formulas as follows

il anil, il
alt 1= {qim, il

where q;[t] denotes the position of U; at time ¢, and a, ;[t] is
its corresponding motion vector. t);[t] = 1 indicates that U;

)

L
0,
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TABLE I: SYMBOLS AND DEFINITIONS

Symbol Definition
qi[t] Position vector of UAV ¢ at time ¢
qast] Position of the assisted UAV at time ¢
prlt] Takeoff power consumption at time ¢
pit] Landing power consumption at time ¢

Ph Hovering power consumption
pr(t] Horizontal flight power at time ¢
V¢ Vertical speed of UAV at time ¢
vlt] Horizontal speed of UAV at time ¢

Er;t] Flight energy consumption of UAV ¢
a;[t] Task offloading decision of UAV ¢
b, Data workload of cell z
ci Computation load per bit for UAV ¢
fi CPU frequency of UAV 4
tioc,i Local computing time of UAV 14
Ejoc,ilt] Local computing energy of UAV 4

ki Capacitance coefficient of UAV ¢

hi ast] Channel gain between UAV 7 and assisted UAV
di aslt] Distance between UAV 7 and assisted UAV
R[] Maximum offloading data rate

P; as Transmission power of UAV ¢
Eofy.ilt] Offloading energy of UAV ¢

E;t] Total energy of UAV 3

Easlt] Total energy of assisted UAV

is in flight, otherwise it has completed the task and landed.
The motion state transition of UAVs can be described as

2

0, asit:0,0,—hT\/ ilt] =0,

Gt +1] = il =1 "V ahilt]
1, otherwise,

where h denotes the flight altitude of the UAV, v;[t + 1] is the

motion state of the U; at time ¢ + 1.

A. Motion Model

The energy consumption of UAVs typically consists of four
stages: takeoff, landing, hovering and horizontal flight. The
motion characteristics of UAVs during these four stages are
represented as follows.

1) Takeoff Stage: The power consumption during the take-
off stage is given by [34]

wow
2 prR2’

4E

where W is the total weight of the UAV, V[t] is the vertical
speed at time ¢, p is the air density, and R is the rotor radius.

2) Landing Stage: The power consumption during the
landing stage is given by

2w

2 _ -
VI -

w W
-5 (4)

3) Hovering Stage: The power consumption during the
hovering stage is given by [27]

VIvE

= 5
Ph o I (5)

4) Horizontal Flight Stage: The power consumption during
horizontal flight is expressed as [35]

3v[t]2> ( v[t]4)
peft] =p <1+ +pi {41+
0 M)

v[t]?
202
where v[t] is the flight speed at time ¢ , pg is the basic power
consumption, Uy, is the rotor tip speed, p; is the induced
power, vy is the induced velocity, dy is the parasite drag
coefficient, s is the rotor solidity and A is the reference area
of the UAV.
Thus, the total flight energy consumption of U; at time ¢
can be expressed as

Ep,i[t] = (pelt] + pi[t] + pult] + pelt]) ts, (7)

where ts represents the duration of each stage.

1
+ idopsAv ]

B. Local Computation Model

Some computing tasks can be partitioned locally and then
partially processed on remote servers. Offloadable tasks, such
as image recognition and video stream analysis, have been
extensively studied in edge computing settings [36]-[38].
This study focuses on time-sensitive data collection missions.
For example, in disaster response and emergency monitoring,
UAVs must collect and interpret picture data in a timely
manner and return results as soon as possible.

To enable efficient processing, the assisted UAV is modeled
as an aerial edge node. We assume that each grid cell z €
Z={1,2,...,7} generates a data workload of size b,. The
data collection UAV offloads part of the task to the assisted
UAV, with the offloaded portion denoted as a;b,, while the
remaining part (1 — a;)b, is processed locally. The variable
a; € [0,1] denotes the offloading decision of data collection
UAV U;.

Considering that the z-th grid is covered by UAV U;, the
delay of local computation is determined by the proportion
of the tasks computed locally, task data size, computational
requirements of the tasks, and computational capacity, which
can be expressed as

1— a; bzci
tloc,i = %7 (8)

where c¢; is the number of CPU cycles required per bit of task
data, and f; is the local computational capacity (in cycles per
second) of Uj;.

The energy consumption for local computation is based on
the dynamic voltage and frequency scaling (DVFS) model,
where the energy consumption is proportional to the compu-
tational capacity and the computation time. The formula is
given as [39]

Eluc,i[t] = kifftloc,b (9)

Substituting the delay formula ¢, ; into the energy con-
sumption formula, it can be expanded as

(1 — ai)bzci

Eloc,i[t] = klf'? fz

=kifi(1 —a;)b.c;,  (10)
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where Fj.; represents the energy consumption of U; for
local computation (in joules), k; is the effective capacitance
coefficient of the processor, reflecting the energy efficiency of
the chip.

C. Channel Model

We use a channel model that considers both line-of-sight
(LoS) and non-line-of-sight (NLoS) situations. It accounts for
signal blockage caused by obstacles. As a result, it better
reflects random variations in real-world communication. The
model also captures link uncertainty but stays simple to use.
The channel gain h; as[t] between U; and Uag is divided into
LoS and NLoS states, and can be calculated as [40]

Tl LoS
hi,AS[t] — {di,AS/[é] LoS ? (11)

0 s 1077/10 NLoS

d;, as[t]*NLos

where [y denotes the channel power gain measured at the
reference distance, d; as[t] is the distance between U; and Upg
at time slot ¢, aros and anpos are the path loss exponents
for LoS and NLoS states, respectively, and 7. represents
shadowing effects, following a normal distribution A/(0, 02).

Based on the channel gain, the SNR can be expressed as
P; ashi aslt]

SNRi,AS [t] =,

5 (12)

where P; as is the transmission power of UAV, and o2 is the
noise power. Thus, the data rate is given by

?:ZXS [t] = BlOg2 (1 + SNRi,AS [t]) y (13)
where B denotes the channel bandwidth allocated for com-
munication between data collection UAV U; and the assisted
UAV Ups.

In the communication scenario, the probabilities of LoS and
NLoS states have a significant impact on channel modeling.
The probability of the LoS state is determined by the geometric
characteristics between the UAV and ground equipment and
can be expressed as [41]

1
T+ mow (0~ )’
Paios = 1 — s,

P =
LoS (14)

where 6 is the elevation angle between U; and Ujas, and &,
are environment-related constants.

Combining the probabilities of LoS and NLoS states, the
channel gain at time ¢ is expressed as

7 Bo

hi,AS [t] = PLOS 107776/10.

[t] ONLos

————— + PNLos

d; as[t]ores *d; s

15)

Based on the above formulas, the energy consumption
during data transmission is calculated as

%) bz

Blog, (14 falpall)

Eofti[t] = P; as (16)

o2

D. Overall Energy Consumption Model

In this study, we model the energy consumption of UAVs
from three aspects: flight, local computation, and task off-
loading. The data collection UAV U; has an overall energy
consumption at time step ¢ expressed as

FE; [t} = EF,i[t] + Eloc,i[t] + Em‘ﬂi[t]. (17

Similarly, the energy consumption of the assisted UAV Uxg
is modeled as

Ens[t] = Eras[t] + Eioc,aslt],

where E'p as[t] denotes the flight energy of the assisted UAV,
and Ejoc as[t] represents the energy consumed for processing
the offloaded tasks. These components follow the same formu-
lation as those for data collection UAVs, but with parameters
tailored to the assisted UAV’s enhanced capabilities.

(18)

E. Problem Formulation

In this paper, we present a joint optimization strategy for
coordinating the flight paths and task offloading decisions of
a proposed multi-tier UAV system. The goal of this study
is to increase collaboration efficiency in complex mission
situations. The optimization focuses on two important goals:
(1) ensuring timely task completion by maximizing effective
area coverage during the mission duration, and (2) reducing
total system energy consumption to improve resource usage.

To achieve these goals, we formulate the problem as a
joint optimization of trajectory planning, task assignment,
and offloading strategies. The task completion reward and
coverage reward are used to quantify performance. These
two reward components will be formally defined later in
the markov decision process (MDP) formulation, specifically
in (27) and (28). The energy term accounts for all energy
consumed by data collection UAVs and the assisted UAV,
including flight, computation, and communication. Based on
this formulation, the optimization problem is formulated as
follows

T
S (Rulivt) + 7Re(i1))

]~

max
ai[thailt] aaslt] = $—5 (19)

=\ (Ei[t] + Easlt])
st. 0<qt] <1, VieZ, teT (19a)
qQilt]l #q;lt], Vi, jeZ,i#jteT (19b)
qilt|¢ F, VieI teT (19¢)

0<a[t] <L, O<wylt] <W, VieZ teT (19d)

hmin < hilt] < hmax, Yi€Z, teT (19¢)
Vi[t] < Vmax, Vi€, teT (19f)
Vilt] < Vinax, Vi€I, teT (19g)
E.;[t] > Epin, Vi€, teT (19h)
te < tmax, (191)

where the coefficient v adjusts the weight of the coverage re-
ward. The coefficient A is the penalty for energy consumption.
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Constraint (19a) ensures that the task offloading ratio for each
UAV remains within the valid range. Constraint (19b) ensures
that no two UAVs occupy the same position at the same
time, thus avoiding collisions. Constraint (19c) prevents UAVs
from entering the no-fly zones JF, ensuring safe operations.
Constraint (19d) keeps all UAVs within the defined rectangular
area during flight. Constraint (19e) restricts UAV altitudes
between A, and hpgax for safety and task accuracy. Con-
straint (19f) limits UAV speeds to a maximum value vy ax to
prevent unstable motion. Constraint (19g) restricts the vertical
takeoff and landing speed of UAVs to ensure safe altitude
transitions. Constraint (19h) restricts the UAV’s energy level
to stay above the safe threshold F.,;,, ensuring continuous
operation. Constraint (19i) ensures the mission is completed
within the allowed time budget y,ax-

It is important to note that the formulated problem is a
mixed-integer nonlinear program. The decision variables are
the continuous offloading ratio a;[t], and the discrete UAV
positions ¢;[t] and gas[t]. The objective function includes
nonlinear components from energy models as well as commu-
nication terms based on UAV trajectory. These characteristics
make the problem non-convex and challenging to solve using
typical optimization approaches. To solve this challenge, we
use a DRL-based approach that learns effective decision-
making mechanisms by interacting with the environment.

IV. PPO-BASED ALGORITHM

In this section, the DCOPPO algorithm is proposed to solve
the joint trajectory planning and task offloading problem in
multi-tier UAV system under energy, communication, and time
restrictions.

A. MDP Formulation

In this system, multiple UAVs jointly optimize their tra-
jectories and task offloading strategies. The problem involves
multiple UAVs and dynamic mission objectives. These char-
acteristics make it suitable to model the system as a markov
decision process (MDP). An MDP typically consists of three
key components: the state space S, the action space A,
and the reward function R. The state space describes the
environment status and task progress at each time step. The
action space defines the available decisions for each UAYV, such
as movement directions and offloading choices. The reward
function quantifies the immediate feedback based on task
completion and resource consumption.

At each time slot, the system first observes the current
state. Then, each UAV selects an action based on its current
policy, such as moving, offloading a task, or executing local
computation. After action execution, the system updates the
state and assigns a reward to each UAV. This process repeats
over time, allowing each UAV to improve its policy through in-
teraction with the environment and gradually approach optimal
performance. Based on this framework, each UAV can learn
effective strategies by interacting with the environment and
updating its policy over time. The state space, action space,
and reward function of the system are defined as follows.

1) State Space S: The state space captures key system
information to support strategy learning and optimization. To
this end, we define separate state representations for the data
collection UAVs and the assisted UAV. These include position,
remaining energy, task processing status, and motion state.
The state space of U; is represented as s;, which includes the
following sets

St = {{qi[t]}ﬂ {Er,i[t]}v {Tz[t]}v {wz[t]} | 1=1,2,.., I} ,
(20)

where {q;[t]} is the set of positions of U;, { E, ;[t]} is the set
of remaining energy of U;, {T;[t]} is the set of task amounts
executed by U, at time ¢, {t;[t]} is the set of motion states
of Ul

The state space of the assisted UAV is represented as s4g¢,
which includes the following sets

SASt = {{qAS[t]}a {ET‘,AS[t]}7 {TAS [t]}v {’l/)AS [ﬂ}} , (2D

where {qag[t]} is the set of positions of the Uas, {E; as(t]}
is the set of remaining energy of the Uns, {Tas[t]} is the set
of task amounts handled by the Uxs at time ¢, {¢)ag[t]} is the
set of motion states of the Ujs.

2) Action Space A: The modeling of the action space
should reflect not only the UAVs’ movement decisions in
space, but also their strategies for processing computation
tasks. Therefore, the action space of a data collection UAV
is defined as follows

0 l 0 -l 0 0
A=< ol fof, [t], 1o, [=t].] 0], [of ¢,
0 0 0 0 0 —h; )
N AN AN R offload ratio
west south land

hover east north

(22)
where [ denotes the side length of each grid cell, which
determines the UAV’s movement step size in the horizontal
plane.

And then, the action space of the assisted UAV is defined
as follows

0 l 0 — 0 0
AAS = 0 ) 0 ’ l ) 0 ’ —l P 0 (23)
0 0 0 0 0 —hag
N . e N~
hover east north west south land

3) Safety Controller: In data collection missions, UAV col-
lisions with obstacles or other UAVs during flight can lead to
mission failure, equipment damage, and resource waste. There-
fore, it is essential to introduce a safety control mechanism. It
helps filter out high-risk actions and ensures system stability
and reliability. Compared to existing rule-based methods [42],
the safety controller proposed in this work is more intelligent
and flexible. It evaluates the safety of candidate actions by
considering multiple risk probabilities, including collision risk,
energy depletion, and environmental hazards. In addition, its
risk weights and safety thresholds are adjustable, making it
adaptable to diverse mission requirements and operational
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strategies. Therefore, the adjusted UAV action as ;[t] is defined
as follows

[0,0,007,  Ly[t] > T
[0,0,017,  qi[t] +a[t] € F
ag;[t] €[0,0,017,  q;[t] +a;[t] = q;[t], Vj#£i (24)
0,0,—R)T, E.t+1] <E
a;[t], otherwise

where I'y, is the risk threshold used to filter unsafe actions, E;
is the minimum energy level required to ensure safe return or
emergency landing. A dynamic risk score T';[¢] is introduced
to perform real-time risk evaluation

I [ﬁ] = w. P [t} + wePe[t] + WenLen [t]7 (25)

where F.[t] is the probability of U; colliding with other
UAVs, Pe[t] is the probability of U; running out of energy,
Pen[t] is the probability of UAV entering a hazardous area,
We, We, Weprepresent adjustable weights for risk factors.

4) Reward Function R: In this system, UAVs complete
area coverage and task offloading within limited time and
energy budgets. Therefore, the reward function should reflect a
balance between task performance and resource consumption.
In addition, to adapt to complex and dynamic environments,
the reward design must ensure both real-time responsiveness
and scalability. Based on these considerations, we design the
following reward function to quantify the utility of UAV
system’s behavior at every time step. The reward function
consists of three components: task completion reward R,, grid
coverage reward R., and energy consumption penalty R.. The
overall expression is given by

R=R,+ R + R.. (26)

The task completion reward R, encourages UAVs to com-
plete all tasks in mission area as quickly as possible

Ry,
Ra = {0,p

where R, represents the fixed reward granted upon completing
all tasks.

The grid coverage reward R. encourages data collection
UAVs to maximize the coverage of grid cells throughout the
mission duration. This design ensures reward uniqueness. A
grid cell is rewarded only once when it is visited for the
first time and data collection is successful. The grid coverage
reward R, can be expressed as

T I
Re=7> Y 1,(i,1),
t=1 i=1
where -y is the reward coefficient for each newly covered grid
cell. The indicator function 1,(7,t) returns 1 only if the cell
is uncovered before and is now successfully covered by U, at
time ¢; otherwise, it returns 0.

Energy consumption is an important factor affecting mission
efficiency. An energy consumption penalty is included to
dynamically account for energy usage

) (29)

<ZZE + Busl

t=1 i=1

if all tasks in the grid are completed, 27
otherwise.

(28)

B. PPO-Based Algorithm

To efficiently solve the joint optimization problem of tra-
jectory planning and task offloading in multi-UAV systems,
we propose a DRL algorithm named DCOPPO. In this frame-
work, we adopt proximal policy optimization (PPO) as the
policy update method. Compared to traditional policy gradient
algorithms, PPO achieves faster convergence and better gen-
eralization, making it well suited for dynamic and constrained
UAV collaboration environments. By combining the actor-
critic architecture with PPO’s surrogate objective, DCOPPO
enables effective and stable policy improvement. The overall
framework of the DCOPPO algorithm is depicted in Fig. 2.

The actor and critic networks are the key components of this
algorithm. The actor network generates the current policy 7y, ,
which outputs an action based on the observed state s;. The
critic network estimates the state value Vy(s;), which serves
as a baseline to evaluate the expected long-term reward. This
value helps compute the advantage function used for policy
updates. The critic’s feedback guides the actor in adjusting 7y
toward better-performing actions.

Based on the interaction between the actor and critic net-
work, the PPO algorithm updates the policy by optimizing a
surrogate objective. Its goal is to improve task rewards while
keeping policy changes stable and controlled. The surrogate
objective function is defined as [43]

AMWW):EJmmOﬂwA“dm@A) 51+®AQ}
(30)
where 7‘,(0) is the ratio between the current policy and the old
policy, At is the generalized advantage estimate at time ¢, and
0 is the clipping threshold that limits the size of each policy
update. This clipping mechanism helps PPO avoid overly large
updates and improves training stability. The clip function is

defined as

1—6, ifr<1-6,
clip(r,1—9,1+0) =< r, ifl—-0<r<1+44, (31
1496, ifr>144,

which constrains the policy ratio r;(#) within a trust region. It
prevents the policy from changing too aggressively in a single
update step.

The advantage function is used to evaluate the superiority
of an action in a given state. PPO uses generalized advantage
estimation (GAE) to reduce variance and improve learning
efficiency. GAE calculates the advantage function by accumu-
lating weighted temporal difference (TD) errors over multiple
time steps, thus reducing variance while maintaining low bias.
The advantage function is defined as

N-1

AZ\ = Z (7)\)l5t+l7

=0

(32)

where N is the number of time steps in a minibatch, §; =
r++yV (8t41) —V(s¢) is the TD error, - is the discount factor,
and A is the smoothing parameter of GAE. By using GAE,
PPO effectively reduces variance in the advantage estimate,
thus improving the learning efficiency of the policy.
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Fig. 2: Framework of the DCOPPO algorithm.

In our framework, policy updates are central to improving
UAV coordination. By optimizing the surrogate objective
function Lppo, the policy adapts to better handle trajectory
planning and task offloading decisions. The policy update is
performed by the following formula [44]

Or+1 = 0 + aVoLppo (0 ), (33)

where 6 represents the current policy parameter, « is the
learning rate that controls the step size for each update. By
performing gradient ascent on the surrogate objective function,
PPO gradually improves the policy, allowing the multi-UAV
system to perform more efficiently and stably in complex task
environments.

The value function loss Ly is used to optimize the state
value function, further improving the quality of the policy. This
loss function quantifies the mismatch between the estimated
return Vp(s;) of a UAV system state s; and the actual accu-
mulated mission reward. The value function loss is defined
as

Lye(0) = B, [(Va(se) — Ry)?] (34)

where Vp(s;) is the state value function under the current
policy, and R; is the return starting from time step ¢, typically
the accumulated reward. By optimizing the value function loss,
PPO improves the fitting of the state value function, which
further enhances the policy’s performance.

To ensure the stability of the training process, PPO intro-
duces kullback-leibler (KL) divergence to limit the magnitude
of each policy update. KL divergence measures the difference

between the current and old policies, helping to control the
scope of policy updates. The formula for KL divergence is

By introducing KL divergence, PPO ensures that the policy
change is not too large at each update, thereby enhancing the
stability of the training process. Alg. 1 summarizes the training
process of the PPO algorithm.

KL(rs, | 76,.,) = Er [log ( (35)

V. NUMERICAL RESULTS
A. Simulation Parameter Settings

This section describes the simulation setup and results
adopted to evaluate the proposed DCOPPO algorithm. A UAV
flight simulation environment is built on Python and employs a
DRL framework. A three-layer fully connected neural network
is built, with nodes in each layer [256, 256, 256]. The policy
network and value network have identical architectures, and
the ReLU function is utilized for activation. The discount
factor is set to 7y, = 0.98, the learning rate is set to [r = 0.001,
and the PPO clipping parameter is set to 0.2.

A 140m x 140 m rectangular target area is simulated and
discretized into uniform square grid cells, each with a side
length of 20m. The safety controller monitors each UAV’s
behavior to ensure that they are flying normally in the region.
If an action does not match safety requirements (for example,
putting the UAV into a no-fly zone or colliding with another
UAV), it is denied and a hover action is used to ensure safety.
The data collection UAVs take off from a fixed point at (0,
0). The assisted UAV starts from the center of the map at
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Algorithm 1 PPO-Based DCOPPO Algorithm

Require: Initialize actor network 6 and critic network w;
Initialize: Construct the policy network and value net-
work.
1: For each episode episode = 1 to Nepisodes:
Reset task matrix and UAV positions.
for each data collection UAV =1 to I do
Observe state s; = [g;, B4, T;, ¥i].
Generate action A;.
end for
for each assisted UAV do
Observe state sas: = [gas, Eras, Tas, Yas].
Generate action A 4g.
10: end for
11: Compute composite reward R;.
12: Optimization step:
13: Optimize Lppo(6) for actor network using R; and flg\
14: Compute critic loss Lyg(6).
15: Update critic network by minimizing Lvg(6).
16: if all tasks are completed then
17:  Exit current episode.
18: end if
19: if reward converges then
20:  Terminate training early.
21: end if

R e A A R o

TABLE II: LIST OF SIMULATION PARAMETERS

Variable Description Value
1 Number of Uj; 3
Ias Number of Upg 1
hi Flight height of U; 60 meters
has Flight height of Uasg 100 meters
1 Length of each grid cell in the map 20 meters
d Time slot duration 2 seconds
c CPU cycles required to process data per bit 103 cycles/bit
f CPU frequency of data collection UAVs 3 x 107 cycles/s
ki Chip effective capacitance factor 10—27
B Communication bandwidth of UAVs 107 Hz
Usip Tip speed of UAV rotor 60 m/s
dy Aircraft body drag ratio 0.5017
s Solidity of rotor 0.0832
r Rotor radius of UAV 0.3 meters

point (70,70). The experimental setting contains a no-fly area
cube placed below 100m height, with its center at coordinates
(90, 90). Data collection UAVs adhere to safety controller
principles to avoid entering this area. The DCOPPO method
divides each simulation period into time slots of predetermined
lengths. Other parameters in the simulation are summarized in
Table II, according to previous works [45]-[47].

To verify the effectiveness of the proposed method, we
compare DCOPPO with three baseline algorithms:

1) Advantage Actor-Critic (A2C): This approach is a
reinforcement learning algorithm that uses the actor-
critic architecture. A2C computes updates directly using
the policy gradient and value function, reducing variance
by calculating the advantage function [48], [49]. A2C is
a stable policy gradient approach capable of directly op-
timizing policies and effectively handling both discrete
and continuous action spaces.

2000

1500 -

Reward

1000

DCOPPO
A2C
D3QN
DQN

500

1000 1500 2000 2500 3000

Training Episodes

0 500

Fig. 3: Convergence performances.

2) Deep Q-Network (DQN): A traditional DRL approach
that blends Q-learning and deep neural networks. DQN
uses deep neural networks to approximate the Q-value
function, making it useful for challenges with discrete
action spaces [50].

3) Double Deep Q-Network (D3QN): This approach im-
proves on the classic DQN. D3QN uses a second Q-
network to calculate target Q-values, leading to more
accurate estimations and improved learning stability and
convergence [51].

The task objective is to cover the target area while mini-
mizing energy consumption, under the condition of satisfying
constraints. The goal is to achieve cooperative operation of
UAVs in dynamic environments while maintaining maximum
task efficiency. Performance is measured using parameters
such convergence speed, area coverage, revisit frequency, and
energy efficiency.

B. Convergence Performance

Fig. 3 shows the average reward values over multiple
periods for the DCOPPO algorithm and the baseline methods.
We compare the convergence speeds of four algorithms. In the
training of 3000 episodes, significant differences in conver-
gence speed and final reward values were observed. DCOPPO
and A2C demonstrated faster convergence during training.
In contrast, the reward values of D3QN and DQN exhibited
significant fluctuations, especially in the early stages of train-
ing. In terms of final rewards, DCOPPO achieved the highest
reward value at the end of training. These results indicate that
DCOPPO and A2C provide superior task performance under
extended training conditions through faster convergence and
higher final rewards.

C. Performance Evaluation

Fig. 4 shows the flight trajectories of data collection UAVs
under different algorithms. The trajectory based on DCOPPO
demonstrates a more optimized path, enabling the UAV to
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Fig. 4: Trajectories of data collection UAVs under different
algorithms.
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Fig. 5: Trajectories of assisted UAV under different algorithms.

cover the task area more effectively while avoiding unnec-
essary detours. Although D3QN completes the coverage task,
its trajectory shows greater irregularity and redundant move-
ments. Similarly, A2C and DQN also exhibit less efficient path
planning.

Fig. 5 presents the trajectory of the assisted UAV. Clearly,
the path of the assisted UAV is more flexible, able to adjust
its position based on real-time task changes. More importantly,
the trajectory of the assisted UAV highlights its crucial role in
a multi-UAV system: effectively assisting with data processing
and task coordination, and adjusting its position according to
task objectives. This design makes the assisted UAV more
flexible and adaptable. It plays a key role in improving overall
task efficiency in complex environments.

Fig. 6 demonstrates the coverage performance in the simu-
lation area under different algorithms. DCOPPO achieves high
coverage with fewer redundant passes. This is made possible
by precise path optimization, which improves the overall
efficiency of UAV resource usage in complex environments.
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Fig. 6: Heatmaps of UAV coverage performance under differ-
ent algorithms.

D3QN also achieves full coverage and performs well in certain
subregions, but its overall efficiency lags behind DCOPPO.
The non-optimality of its path planning leads to wasted energy
and time, especially in areas at the edges of the region or
areas with excessive coverage. In contrast, A2C and DQN
exhibit noticeably lower coverage rates and frequent redundant
coverage behaviors. Over extended task durations, redundant
movements directly affect the efficient utilization of resources.

Fig. 7 plots the change in coverage rate over time for
different algorithms. In the early stages of training, DQN and
A2C show faster initial coverage than DCOPPO and D3QN.
This may be due to their stronger exploratory behavior in
the early episodes, allowing them to cover certain areas more
quickly. However, excessive exploration may cause instability
in path planning during later stages. This often prevents the
policy from converging and completing tasks effectively under
complex conditions. These algorithms fail to reach the same
global coverage level as DCOPPO in the later stages. As a
result, DQN and A2C reach a final coverage rate of 97.96%,
while DCOPPO and D3QN achieve full coverage at 100%.

Fig. 8 shows the average offloading ratio of data collection
UAVs over time. DCOPPO adjusts the offloading behavior
dynamically throughout the mission. In the early phase, some
data collection UAVs carry heavier workloads and tend to
offload more. This helps improve response time and reduce
local computation burden. In the later stage, the ratio drops
to save energy for the assisted UAV. In contrast, DQN shows
unstable patterns with large fluctuations. A2C keeps the ratio
low throughout, which may increase the local load. These
results demonstrate that DCOPPO achieves more adaptive and
intelligent offloading control over time. It also leads to better
energy balance and task responsiveness.

Fig. 9 shows the cumulative energy consumption of the
data collection UAVs over time under the four algorithms.
DCOPPO demonstrates superior energy control, with signif-
icantly lower consumption than the baselines. By the end of
the mission, DCOPPO consumes approximately 382 J, while
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A2C and D3QN consume about 398 J and 443 J, respectively.
DQN records the highest usage at 472 J. Compared to DQN,
DCOPPO reduces energy consumption by around 19.07%,
and achieves savings of 4.02% and 13.77% compared to
A2C and D3QN, respectively. A2C performs moderately, lying
between DCOPPO and D3QN in terms of energy efficiency
but shows less consistent performance. These results indicate
that DCOPPO helps data collection UAVs avoid redundant
movements and improves their operational efficiency. It bal-
ances task execution and energy usage more effectively, which
is critical for long-duration and resource-constrained UAV
missions.

Fig. 10 shows the total energy consumption of the assisted
UAV under four different algorithms. DCOPPO achieves the
lowest energy usage, around 2040 J. In contrast, DQN leads
to the highest consumption, exceeding 3400 J. D3QN and
A2C fall in between, with approximately 2830 J and 2390
J, respectively. Compared to DQN, DCOPPO reduces the
assisted UAV’s energy consumption by about 40%. This result
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Fig. 9: Cumulative energy consumption of data collection
UAVs over time.
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Fig. 10: Total energy consumption of the assisted UAV under
different algorithms.

highlights that DCOPPO manages task offloading efficiently
and avoids unstable delegation to the assisted UAV. As a result,
it reduces the UAV’s energy burden and improves energy
balance across the system, enabling longer operation under
limited resources.

Fig. 11 shows how the average energy consumption changes
with different numbers of data collection UAVs. From 2 to 5
UAVs, all algorithms show a downward trend in energy usage.
This suggests that more UAVs help share the workload and
reduce individual consumption. However, when the number
increases to 6 or 7, the energy cost rises again for most
methods. This may result from higher coordination complexity
or overlapping trajectories. Among all methods, DCOPPO
maintains the lowest energy consumption across all UAV
counts. It reaches its minimum at 5 UAVs, around 340 J,
clearly outperforming A2C, D3QN, and DQN. In contrast,
DQN shows the highest energy use, especially at 7 UAVs.
These results confirm that DCOPPO adapts better to larger-
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scale coordination. It balances resources more effectively and
remains energy-efficient as task size grows.

VI. CONCLUSION

This paper presented a heterogeneous multi-tier UAV sys-
tem to enhance data collection and task offloading in time-
sensitive missions. The proposed system improved coordina-
tion efficiency by using an assisted UAV with higher comput-
ing power, which reduced onboard load and supported real-
time processing. We formulated a joint optimization prob-
lem to maximize task performance while minimizing energy
consumption. The model considered UAV trajectories, task
offloading ratios, energy limits, communication constraints,
and mission deadlines. To address this problem in dynamic
environments, we proposed a DRL-based algorithm called
DCOPPO. Simulation results showed that our method achieved
full coverage and consumed less energy than baseline ap-
proaches.

While the current framework focuses on area coverage and
data collection, it is not limited to these tasks. By redesigning
the reward function, the method can be extended to other
scenarios such as search and rescue, target tracking, or in-
formation relay. Energy efficiency may vary under different
task types, especially those involving prolonged hovering or
frequent data transmission. In addition, altitude control may
also influence system performance in some cases. Exploring
these extensions is a valuable direction for future work.
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