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Smart delivery systems increasingly employ unmanned aerial vehicles (UAVS) to support
time-critical operations. During flight, UAVs operate under highly dynamic conditions,
including fluctuating network quality, heterogeneous task requirements, and limited
onboard battery capacity. These factors significantly complicate task execution and
resource management. To address these challenges, this study proposes a task-offloading
framework that integrates mobile edge computing (MEC), network slicing (NS), and a
latency-aware reinforcement learning model based on the long-term deep deterministic
policy gradient (LLDDPG) algorithm. NS is explicitly incorporated into the baseline
framework through slice-based task classification (S1, S2, and S3) and predefined
allocation policies. The proposed LLDDPG model operates within the same slicing-
enabled MEC environment and focuses on learning latency-aware task-offloading
decisions, without performing slice-level optimization such as slice selection or inter-slice
resource allocation. Offloading decisions are dynamically determined according to task
size, deadline constraints, and instantaneous wireless channel conditions. Each task is
assigned to the MEC node expected to provide the most efficient processing performance.
Task-offloading is formulated as a sequential decision-making process, where actions are
continuously updated as new tasks arrive. Experimental results demonstrate the
effectiveness of the LLDDPG-based approach in learning latency-aware task-offloading
decisions within a slicing-enabled MEC environment.

1. INTRODUCTION

Unmanned aerial vehicles (UAVs) are used in wireless
communication systems due to mobility and flexible
deployment. UAVs can provide coverage in areas without
fixed infrastructure. These properties support applications
such as emergency response, infrastructure inspection,
transportation, and delivery services [1]. Reliable low-latency
communication remains difficult to achieve. UAV movement
is continuous. Wireless channel conditions change frequently.
This results in unstable links and variable transmission quality
[2]. In many UAV architectures, task processing is performed
by remote cloud servers. This design introduces additional
transmission delay. It also increases backhaul bandwidth
usage. These factors limit performance in latency-sensitive
applications that require timely responses [3]. Recent studies
investigate the integration of network slicing (NS) and mobile
edge computing (MEC) in UAV networks. As shown in Figure
1, the high-level architecture of NS in a 5G system, including
RAN, transport, core network, and service-specific slice
instances (eMBB, mMTC, URLLC) [4]. MEC enables task
execution at edge nodes located closer to the UAV. This
reduces end-to-end latency [5]. NS allows multiple logical
services to operate on shared infrastructure. Each service is
assigned specific quality-of-service constraints [6].

In delivery operations, UAV-generated tasks differ in
urgency, size, and timing requirements. The communication
layer must therefore support variable task demands. Resource
management mechanisms must adapt to changing conditions
during operation [7]. The joint use of MEC and NS enables
distributed allocation of communication and computation
resources. This approach supports latency reduction, energy
efficiency, scalability, and service reliability under dynamic
mission conditions [8]. Despite these developments, many
existing systems still employ static or heuristic offloading
strategies. Such approaches are not suitable for dynamic
delivery scenarios where communication variability, workload
pressure, and energy constraints coexist [4].

The purpose of this study is to propose a framework for
offloading tasks that is based on learning and that utilizes
latency-aware long-term deep deterministic policy gradient
(LLDDPG) in order to make intelligent, real-time judgments
regarding the offloading of UAV delivery systems and
therefore address these challenges. In this study, NS is used to
model differentiated service classes within the baseline layer
via slice-based task grouping and predefined allocation rules.
The main contribution is introducing an LLDDPG-based
decision layer that learns latency-aware task offloading actions
under the same slicing-enabled MEC setting, rather than
optimizing slice management itself. The model increases the
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responsiveness and efficiency of time-sensitive scenarios by
optimizing task distribution on the basis of context-aware
characteristics, which include deadline compliance, MEC
load, and link quality.

This paper is focused on the integration of MEC, NS, and
intelligent resource orchestration within UAV networks to
support next-generation UAV systems. The rest of this paper
is organized as follows. Section two gives a Background of
UAVs, MEC, NS, and LLDDPG algorithm. While section
three related work, section four presents the utilized
methodology. Section five presents the result and discussion.
Additionally, it highlights the comparison among the
outcomes of this study and previous ones. Finally, section six
explores the conclusions and brought attention to future work.

Management and Orchestration
Network Slice Manager (NSM)

eMBB NSI

mMTC NSI

Figure 1. High-level network slicing (NS) architecture and
overview [4]

2. BACKGROUND
2.1 Unmanned aerial vehicles communication challenges

UAVs have become more important in recent years across
a wide range of wireless uses. This is because they are flexible,
don't cost much to run, and are easy to set up. These traits make
UAVs appealing, but adding them to communication networks
causes a number of technical issues that have a direct effect on
the stability and performance of the system [1]. Because a
UAYV is so mobile, especially because it can move easily in
three dimensions, the network topology around it is almost
never fixed. When the drone changes height or direction, the
wireless channel changes too. This makes the signal power and
link reliability go up and down. Such variations may lead to
intermittent delays or temporary link failures, which pose
serious limitations for latency-sensitive applications such as
real-time monitoring, emergency response, and delivery
missions [9]. As a result, UAV-based services require
communication links that can sustain low-latency performance
under rapidly changing conditions. In practical deployments,
UAVs often operate in environments with sparse or
heterogeneous infrastructure, where network conditions vary
frequently and unpredictably. Traditional ground-based
communication systems are generally optimized for static or
slowly varying traffic patterns and are therefore ill-suited to
support highly dynamic, on-demand UAV workloads [1].
Addressing these challenges requires scalable communication
mechanisms and adaptive resource-management strategies
capable of responding to continuous changes in UAV network
topology and traffic demand [10, 11].
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2.2 Mobile edge computing

Modern wireless networks are putting pressure on
traditional cloud systems, and many of today’s applications
simply expect more than what distant cloud servers can
deliver. Tasks such as smart surveillance, AR/VR, and various
autonomous services produce large data streams and depend
on very tight latency requirements. Because of that, the
classical cloud model often becomes too slow to keep up.
MEC, introduced by ETSI, was meant to close this gap by
shifting computation and storage closer to the radio access
network, which naturally results in faster and more responsive
service [6].

Compared to mobile cloud computing (MCC), MEC keeps
the processing near the point where the data is generated. This
not only reduces end-to-end delay but also removes part of the
load from the backhaul network. UAVs operate with limited
onboard computational and energy resources. For this reason,
offloading support is required [6]. MEC servers can be
deployed at multiple locations. MEC servers can be deployed
at different locations within the network. These locations
include cellular base stations, roadside units, and mobile
platforms such as UAVs and ground vehicles [2].

A typical MEC architecture consists of several functional
components, including virtualization layers, orchestration
mechanisms, traffic steering, and local breakout functions.
These components enable computational tasks to be executed
at the network edge, closer to data sources and end users.
Within the 5G service-based architecture (SBA), MEC
operates in conjunction with NS. Multiple services share the
same physical infrastructure while maintaining performance
isolation between slices [8]. In addition, hybrid MEC (H-
MEC) configurations combine fixed edge nodes with mobile
computing resources. Such configurations are applied in
environments where coverage conditions change frequently,
including disaster-response scenarios, dense urban areas, and
UAV-based delivery networks [2]. Recent MEC deployments
also integrate complementary technologies such as non-
orthogonal multiple access (NOMA), machine-learning-based
resource optimization, and wireless power transfer. These
technologies aim to improve resource utilization and energy
efficiency at the edge [2]. Despite these capabilities, MEC
introduces several challenges. The distributed nature of edge
resources increases coordination complexity. Mobility may
interrupt both computation and communication processes.
Furthermore, decentralized architectures raise additional
security and reliability concerns that must be carefully
managed [6].

Still, MEC is not without challenges. Wide distribution of
resources complicates coordination, mobility can interrupt
both computation and communication, and the decentralized
nature of the architecture raises additional security concerns
that must be addressed.

2.3 Network slicing

NS is defined as a function of 5G networks that enables a
physical infrastructure to be partitioned into multiple logical
slices. Each slice is configured to meet specific service
requirements [12]. This approach is applied in several
domains, including IoT systems, automotive communication,
and UAV networks.

The 3GPP standard specifies three main slice categories:
massive Machine-Type Communication (mMTC), Ultra-



Reliable Low-Latency Communication (URLLC), and
enhanced Mobile Broadband (eMBB) [4]. In UAV-related
applications, URLLC is commonly associated with control
and command signaling, mMTC with sensor data
transmission, and eMBB with high-data-rate services such as
image or video delivery [13].

NS enables differentiated allocation of network resources
according to quality-of-service (QoS) requirements. Resource
allocation is performed based on task characteristics and
service constraints. Architectures such as AirSlice apply QoS-
based allocation mechanisms for UAV traffic, assigning low-
latency resources to control-related tasks and higher
bandwidth to data-intensive transmissions [12]. Slice
configuration and management are supported through
software-defined networking (SDN) and network function
virtualization (NFV). These technologies allow slice
parameters to be adjusted during system operation without
relying on fixed configurations.

The slicing workflow consists of several functional stages.
These stages include slice admission control, resource
allocation, traffic scheduling, and orchestration [14]. Each
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stage operates as part of the overall resource management
process, as shown in Figure 2.

UAV missions exhibit heterogeneous requirements. Some
missions require strict latency constraints. Others require
sustained bandwidth or basic connectivity. When UAVs
operate as temporary network nodes, slicing supports coverage
extension and link stability in areas with limited signal quality
[4].

Despite these advantages, NS introduces several unresolved
challenges. In this work, NS is discussed to provide
background context on its role in modern MEC-enabled
networks. The proposed framework does not aim to resolve
these open challenges; instead, slicing is assumed as an
infrastructure-level capability that enables differentiated task
handling in the baseline configuration.

Ensuring isolation and security among slices remains
difficult, especially under high mobility conditions where
UAVs frequently change positions, channels, and network
associations [4]. As a result, efficient mobility management
and slice continuity remain active research problems in UAV-
enabled networks [13].
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Figure 2. Phases of resource management in 5G/6G network slicing (NS) admission control, resource allocation, scheduling, and
orchestration [14]

3. RELATED WORK

Recent studies in wireless networking have increasingly
examined how UAVs can be integrated into next-generation
systems, particularly when MEC and NS are part of the
architecture [7]. UAVs are no longer viewed only as platforms
for sensing or imaging; in many works, they also function as
temporary base stations, relays, or lightweight edge-
computing nodes capable of supporting 5G-class services such
as eMBB, URLLC, and mMTC [15]. Introducing MEC
changes the way tasks are processed, since computation can
occur closer to the UAV rather than being forwarded to distant
cloud servers. This naturally shortens the delay and reduces
the load on the backhaul [16]. NS contributes in a similar way
by dividing resources into virtual segments, allowing each
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service category to receive the level of performance it requires
[17]. Previous studies have investigated UAV network
performance under dynamic conditions [5]. Several works
analyze the relationship between communication constraints
and computational workload in UAV-based systems [17].
Other studies focus on communication aspects. These include
line-of-sight (LoS) maintenance, Doppler effect handling, and
spectrum management during three-dimensional UAV
movement [18]. Existing solutions address individual
components of the system. Joint consideration of task
offloading, NS, and MEC orchestration is limited. Integrated
frameworks operating under dynamic and realistic UAV
conditions are not widely reported in current literature [19].
Many proposed methods rely on static or heuristic decision
rules. These methods exhibit limited adaptability in UAV



delivery and surveillance scenarios where network conditions,
workload, and energy constraints change during operation
[20]. Learning-based approaches are therefore investigated to
support adaptive offloading decisions in heterogencous UAV—
MEC systems [17].

As shown in Table 1, which summarizes selected prior
studies that apply DDPG-based or latency-aware
reinforcement-learning models in UAV-assisted MEC and NS
contexts. The comparison focuses on system objectives,
deployment assumptions, and reported performance metrics.

Table 1. Comparison of prior studies that applied DDPG-based or latency-aware reinforcement learning methods in UAV-MEC
and NS environments, showing their scenarios, optimization goals, and performance improvements

Ref. Reference (Authors, Year) Els“c]froalf::e/n ¢ RL Method Objective Main Reported Results
“Computation offloading UAV-assisted Achieved significant delay
optimization for UAV-assisted . . L . reduction and fast
. . MEC with UAV DDPG (single Minimize maximum
[21]  mobile edge computing: A deep serving mobile agent) rocessing dela convergence compared
deterministic policy gradient ufers & P & y with DQN and heuristic
approach,” Wireless Networks. baselines.
DDPG achieved 100%
“Latency-aware task offloading in Maximize task success rate, exceeding
. . + - .
[22]  UAV-assisted edge computing,” devgi?svwi tlllol\T/IE C LateSchPe(l_}ware completion under DOQN (95.93%) and the
HCMCOU Journal of Science. latency constraints full-offloading baseline
(82.73%).
w Reduced total energy
L.y z}pl}nov-lj)ased de.ep UAV-assisted LyDDPG (DDPG R.e duce cnerey consumption by > 16%
deterministic policy gradient for S while maintaining . :
[23] . .. MEC with time- + Lyapunov long- - while preserving low
energy-efficient task offloading in slotted operation term optimization) stability and low latency and system
UAV-assisted MEC,” Drones. P P delay Y anc 5y
stability.
DDPG outperformed AC
“DDPG-based computation Maritime UAV-— Minimize total task and DQN with lower
[24]  offloading strategy for maritime MEC network DDPG execution time execution time, faster
UAV,” Electronics. (MIoT) convergence, and more
stable performance.
“Deep reinforcement learning- b r sl
based optimization for end-to- DDPG (long-t Ac 1:¥ed superior stice
end network slicing with 5G Network (long-term . imize long-term uttlity, coverage,
23] control-and user-plane slicing (E2E) .utl.hty. slice performance thrOUghput’.and d.elgy
; p ] optimization) compared with existing
separation,” IEEE Transactions slicing strategies.
on Vehicular Technology.
Improve task DDPG + DTLCM
“Task offloading for multi-UAV Multi-UAV dis trl?bution and outperformed DQN and Q-
[26] edge computing with DRL,” . DDPG + DTLCM Learning in stability,
. cooperative MEC reduce .
Cluster Computing. adaptiveness, and delay
latency/energy .
reduction.
Note: DDPG = deep deterministic policy gradient; UAV-MEC = unmanned aerial vehicle—-mobile edge computing; NS = network slicing
4. METHODOLOGY configuration was selected for subsequent experiments. A

4.1 Task modeling and dataset preparations

An initial configuration was evaluated using size-based task
assignment. In this configuration, tasks were assigned
according to file size only. Slice S3 recorded the highest
processing delay under this setting. A load-balancing
mechanism was then applied. Task distribution across MEC
nodes changed after this step. Overall processing delay
decreased compared to the initial configuration.

However, the role of NS is applied in the baseline
configuration by grouping tasks into slices (S1, S2, S3) with
predefined processing characteristics. These slice-based rules
define the baseline behavior used for evaluation. The proposed
LLDDPG does not perform slice selection or inter-slice
resource optimization; instead, it learns task offloading
decisions under the same slicing-enabled MEC environment.

The LLDDPG-based offloading policy was evaluated next.
Under this configuration, total processing time decreased from
10,479 s to 3,795 s. Slice-level processing times were recorded
as follows: 425 s for S1, 320 s for S2, and 3,050 s for S3. This
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second experimental phase was conducted using a dataset of
more than 28,000 UAV images. The dataset was obtained from
previous studies [27, 28]. Each image was treated as an
independent task. Additional task parameters were assigned.
These parameters included deadline constraints, priority
labels, and estimated transmission energy values.

Task metadata was extracted during preprocessing. The
extracted information included file path, image resolution, and
file size. This metadata was used for dataset organization and
simulation input preparation. The retrieved information was
organized and stored for later stages of processing.

The information that was extracted was put together using
pandas into an organized CSV file. There are now more factors
for tasks, like randomly chosen deadlines (100-1000 ms),
priority levels based on directory labels, and energy estimates
based on data size and communication cost. The Latency-
aware LLDDPG model was trained and tested in a simulated
MEC setting using this task-level dataset.

By switching from static size-based categorization to
dynamic task modeling, the better framework made offloading
choices that were more flexible and aware of the situation.



This made LLDDPG even better at working in real UAV—
MEC situations. Table 2 presents sample entries from the
synthesized task dataset used in the offloading experiments.
The task dataset described in Section 4.1 serves as the input
to the system architecture presented in the following section.
Each task extracted from the dataset is treated as an

independent offloading unit characterized by its size, deadline,
and priority. These task attributes are directly mapped to the
architectural components of the proposed UAV-MEC system,
where the LLDDPG agent observes task-level and system-
level states to make offloading decisions.

Table 2. Synthesized an unmanned aerial vehicle (UAV) task dataset used for offloading simulation

Image Name Size (MB) Resolution Deadline (ms) Priority
230322 144646_476.jpg 24.49 9504 x 6336 1200 High
230322 144649 296.jpg 23.92 9504 x 6336 1500 Medium
230322 144650 _606.jpg 23.17 9504 x 6336 800 High

10U-0.23 p77 .jpg 0.03 32 x40 600 Low
10U-0.25 p25 .jpg 0.03 38 x31 900 Medium

4.2 The proposed system architecture

The proposed architecture enables intelligent task
offloading in UAV-based delivery systems by integrating
MEC, NS, and a Latency-aware LLDDPG agent. It consists of
four layers:

(1) UAVs that generate and offload tasks,

(2) A communication layer using 5G with variable latency,

(3) A distributed MEC Layer with heterogeneous edge
nodes,

(4) A decision layer powered by RL for latency-aware.

Figure 3 shows the interaction among components for
dynamic, real-time offloading.

The proposed model integrates several modular components
to enable intelligent task offloading in UAV-based smart
delivery networks. These components include:

* UAYV Agent: Captures tasks from delivery missions

and initiates the offloading process based on task
characteristics and UAYV status.

»  Task Generator: Transforms real-world UAV image
data into structured tasks containing file size,
deadline, and energy estimates.

*  MEC Node Simulator: Emulates heterogeneous edge
servers with dynamic load levels and response times.

« LLDDPG Controller: This is the reinforcement-
learning agent that watches what’s going on in the
system task details, the UAV’s status, and which
MEC nodes are available. Based on this information,
it chooses where to send each task to reduce delay and
save energy.

*  All parts of the system keep exchanging information
in a continuous loop, which helps the UAV make fast,
context-aware decisions as conditions change.

Comnunication Layer (5G
Network)

5G Link, Variable Latency,
Network Slicing

L

MEC Layer

MEC Node 1 MEC Node 2

% L f—) ¢

MEC Node Simulator

Decision Laygr (RL Agent)

LLDDPG Controlier

l

UAV Layer

MEC Node 3 UAV Agent

Task Generator

——

Figure 3. The proposed system architecture



4.2.1 The proposed model components

The LLDDPG is an extension of the standard deep
deterministic policy gradient (DDPG) algorithm, designed for
task offloading in latency-sensitive UAV-MEC environments.
Unlike conventional DDPG, which optimizes a generic long-
term reward, LLDDPG is tailored to account for task-level
latency characteristics and sequential decision-making under
dynamic network and workload conditions. The model applies
a reinforcement-learning approach to task offloading in UAV
delivery scenarios. The operating environment changes during
execution. Offloading decisions are generated using a
LLDDPG algorithm. Static decision rules are not used. Task
assignment is updated at each decision step. The update
depends on the current network state and available
computation resources. Communication conditions and MEC
server availability vary over time. Offloading decisions are
recalculated accordingly. The choice changes depending on
whatever is happening at that moment: how close a task is to
missing its deadline, how busy the MEC servers look, how
much battery the UAV still has, and even how good or weak
the wireless link is at that instant.

The operating environment changes during execution.
Offloading decisions are generated using a LLDDPG
algorithm. Static decision rules are not used. Task assignment
is updated at each decision step. The update depends on the
current network state and available computation resources.
Communication conditions and MEC server availability vary
over time. Offloading decisions are recalculated accordingly.
The choice changes depending on whatever is happening at
that moment: how close a task is to missing its deadline, how
busy the MEC servers look, how much battery the UAV still
has, and even how good or weak the wireless link is at that
instant.

* Model overview

Each UAV creates its own set of tasks while it moves
through its delivery route. These tasks don’t all look the same
some are larger, some have tighter deadlines, and some need
to be handled more urgently than others.

When a new task appears, the UAV has to make a quick
decision:

»  Either try to process it on its own with its limited
onboard resources;

*  Orsend it to one of the MEC servers available, where
each server has a different amount of computing
power.

This decision is not made heuristically, but instead through
an RL-based controller trained to optimize task distribution
across the network.

* LLDDPG-based offloading

The decision-making process is modeled as a continuous-
state, continuous-action reinforcement learning problem. The
LLDDPG agent observes a state vector that includes:

*  UAV battery level

»  Task file size

*  Deadline in milliseconds

»  Link quality between UAV and MEC nodes

*  Current processing load on each MEC server

Based on this input, the agent selects an action from a
continuous action space representing offloading probabilities
to each MEC node (or staying local). The policy is optimized
using an actor—critic architecture.

*  The actor proposes an action (offloading decision);

*  The critic evaluates its expected cumulative reward.

The reward function is designed to minimize end-to-end

376

latency, avoid missed deadlines, and reduce energy
consumption, encouraging the agent to learn efficient, real-
time decisions under uncertainty. Figure 4 shows the
LLDDPG-based offloading workflow. The agent observes
UAYV and task-related parameters and learns to make optimal
offloading decisions using a reinforcement learning loop.

\

Task Generator

i

State Vector

i

Actor-Critic RL (LLDDPG)

l

Execution Engine

UAV Layer

v

Communication Layer

'

MEC Layer

LLDDPG Decision Layer

Figure 4. LLDDPG-based offloading workflow
Note: LLDDPG: latency-aware long-term deep deterministic policy gradient.

To explicitly incorporate latency awareness into the
learning process, the reward function is designed to penalize
end-to-end task delay and deadline violations. The immediate
reward at decision step t is defined as:

L=—(a-L+p-V) (1
where, L; denotes the end-to-end latency experienced by task
t, V; represents the deadline violation indicator (equal to 1 if
the task misses its deadline and 0 otherwise), and o and S are
weighting coefficients controlling the relative importance of
latency minimization and deadline satisfaction.

The long-term optimization aspect of LLDDPG is achieved
by maximizing the expected cumulative discounted reward
over sequential task arrivals. Instead of optimizing each
offloading decision independently, the agent learns policies
that account for the long-term impact of current actions on
future system states, such as MEC load evolution, resource
availability, and task congestion. This enables more stable and
efficient offloading behavior under continuously changing
UAV-MEC conditions.

Compared to the standard DDPG algorithm, which
optimizes a generic long-term reward without domain-specific
awareness, LLDDPG integrates latency-sensitive objectives
and task-level constraints into the learning process. This
allows the agent to prioritize time-critical tasks and adapt its



offloading decisions based on dynamic MEC load and wireless
link conditions. As a result, LLDDPG is better suited for
latency-sensitive UAV-MEC scenarios than conventional
DDPG. The overall workflow of the proposed LLDDPG-
based task offloading process is summarized in Algorithm 1.

Algorithm 1. LLDDPG-Based Task Offloading Procedure
Initialize the LLDDPG agent and system parameters
Initialize replay memory
for each training episode do
Observe the current system state (task features, UAV
status, MEC load)
for each arriving task do
Select an offloading action using the current
LLDDPG policy
Execute the selected action (local processing or MEC
offloading)
Observe the resulting latency and task completion
outcome
Compute the reward based on latency and deadline
satisfaction
Store the experience (state, action, reward, next state)
in memory
Update the LLDDPG model parameters using stored
experiences
end for
end for
Return the trained LLDDPG offloading policy

* Training procedure

The LLDDPG model was trained over multiple episodes
using the task dataset described in Section 4.1.

We split the synthesized UAV task dataset into 20% for
training and 80% for testing (seed = 42). To preserve
distributional balance, we apply an approximate stratified split
by file size, deadline, and priority. During training, the
LLDDPG agent interacts with the environment over multiple
episodes using mini-batches drawn exclusively from the 20%
training subset. At each step, the agent selects offloading
actions (local vs. MEC nodes) conditioned on the state vector
(UAV energy, task size, deadline, MEC load, and link quality),
receives rewards shaped to minimize end-to-end latency and
deadline violations, and updates actor—critic parameters with
target networks and prioritized experience replay. All model
selection and hyperparameter tuning are performed on the
training subset only; the 80% test subset remains strictly
unseen until final evaluation and figure generation.

* Integration with MEC and NS

The MEC infrastructure in the system includes
heterogeneous servers with support for NS. Each server hosts
multiple virtual slices configured with different latency and
resource guarantees. The LLDDPG agent implicitly learns to
assign tasks to the most appropriate slice by associating
observed performance feedback with the action taken, without
explicit slice labeling.

This model is illustrated in Figure 5, which shows the
interaction between UAVs, MEC nodes, and the LLDDPG
controller operating in a closed-loop feedback system.

System Overview

UAV Agent
(Task Generator)

]

LLDDPG Controller
(State — Action)

RS

T

=
MEC Node 1

J

h .

~
[ MEC Node 2 }
.

\/

[

Feedback
(Latency, Energy. Deadlines)

J

Learning Updates

Figure 5. The interaction between UAVs, MEC nodes, and the LLDDPG
Note: UAVs: unmanned aerial vehicles; MEC: mobile edge computing; LLDDPG: latency-aware long-term deep deterministic policy gradient.

4.3 Simulation strategy

4.3.1 Simulation environment and parameter settings

The simulation environment is implemented in Python
using task-level UAV image data. Each image is treated as an
independent task with attributes including file size (MB),
deadline, priority, and an estimated energy cost. Tasks are
categorized into three slices based on size: S1 (< 1 MB), S2
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(1-3 MB), and S3 (> 3 MB). MEC nodes are modeled as
heterogeneous servers with predefined processing rates
assigned per slice. Specifically, MEC processing rates are set
to 5 MB/s (S1), 3 MB/s (S2), and 1 MB/s (S3). Local
processing is modeled as slower execution with a rate of 0.5
MB/s. For each task, the processing delay is computed as size
divided by the selected processing rate (local or MEC).
Deadline constraints are generated within the range 100-



1000 ms using a fixed random seed (42). Priority labels are
generated as {High, Medium, Low} with probabilities {0.2,
0.5, 0.3}. The task energy estimate is modeled as proportional
to task size using an energy factor of 0.5 (energy est = 0.5 X
size MB). The learning agent observes a state vector that
includes task size, normalized deadline, normalized energy
estimate, UAV battery level, a normalized link-quality
coefficient, and MEC load indicators. For reproducibility, the
battery level is set to 0.7 and link quality is represented by a
fixed normalized coefficient (link q = 0.8) during simulation
runs. MEC load indicators are initialized as (0.3, 0.5, 0.2).

The dataset split follows a fixed 20/80 train—test ratio with
seed = 42. During training, a subset of up to 8000 tasks is
sampled with random_state = 7, and the model is trained for
100 epochs. Performance is evaluated using end-to-end
latency and deadline satisfaction rate under the same
parameter settings. Table 3 presents the main simulation
parameters used in the evaluation, including task slicing
settings, MEC processing capabilities, wireless link
assumptions, and training configuration. These parameters
define the experimental environment and ensure the
reproducibility of the simulation results.

Table 3. Simulation parameters and experimental settings used in the UAV-MEC offloading evaluation

Parameter Description Value
Task type UAYV image-based computation tasks Image files
Number of tasks Total tasks used in evaluation 22,925
Task slicing Size-based task classification S1<1MB, S2: 1-3 MB, S3 >3 MB
Number of slices Defined service slices 3
MEC nodes Number of available MEC servers 3
MEC processing rate (S1) Processing speed for Slice 1 5 MB/s
MEC processing rate (S2) Processing speed for Slice 2 3 MB/s
MEC processing rate (S3) Processing speed for Slice 3 1 MB/s
Local processing rate UAYV onboard computation speed 0.5 MB/s
Deadline range Task deadline interval 100-1000 ms
Deadline generation seed Random seed for deadline assignment 42
Task priority levels Priority classes High, Medium, Low
Priority distribution Probability of priority levels {0.2,0.5, 0.3}
Energy model Energy cost per task 0.5 x task size (MB)
UAV battery level Initial normalized battery level 0.7
Link quality coefficient Normalized wireless link quality 0.8 (fixed)
MEC load indicators Initial normalized MEC loads {0.3,0.5,0.2}
Train/test split Dataset partitioning ratio 20% / 80%
Training sample size Tasks used for training 8,000
Training random seed Random state for training subset 7
Number of training epochs RL training iterations 100

Simulation type

Evaluation method

Simulation-based

Note: MEC: mobile edge computing; UAV: unmanned aerial vehicle.
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Figure 6. Simulation strategy overview
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4.3.2 Simulation procedure
The performance evaluation was conducted using a Python-

based simulation environment. The environment represents
UAV-assisted MEC systems. UAV-generated tasks are
modeled as independent computational units. Each task is
described by file size, deadline, priority level, and estimated
energy cost. MEC servers are configured with heterogeneous
processing capacities. Wireless link conditions vary during
simulation runtime. MEC nodes operate with non-uniform
processing speeds. This configuration produces different
processing delays and server load levels. Explicit NS is not
implemented at the protocol level. At each decision step, the
UAV observes the current system state. An offloading
decision is selected using the trained LLDDPG policy.
Available actions include local task execution and offloading
to one MEC node. The system state is defined using a set of
parameters. These parameters include remaining UAV energy,
task size, task deadline, MEC server load, and wireless
channel quality. During the evaluation phase, the learned
policy is kept fixed. Task arrivals, execution outcomes, and
system feedback are recorded throughout the simulation.
Performance evaluation is based on quantitative metrics.
These metrics include end-to-end latency, deadline
satisfaction rate, energy consumption, and cumulative reward
values.

*  End-to-end latency

*  Deadline violation rate

+  Cumulative energy consumption

*  Reward progression across episodes

The simulation is divided into two stages. These stages are

training and testing. During training, the LLDDPG agent

interacts with the environment. Policy parameters are updated
during this stage. An e-greedy strategy is applied. This strategy
controls action selection during learning. After training, the
learned policy is fixed. No further updates are applied. The
fixed policy is evaluated using a separate set of unseen tasks.
Evaluation is performed without modifying policy parameters.
Performance is measured under changing operating
conditions.

Figure 6 outlines the overall process. The aim of this setup
is to observe how the LLDDPG agent responds when tasks
appear at irregular times, when MEC nodes vary in load, and
when QoS requirements shift. In essence, the simulation tests
whether the system can continue functioning effectively even
when the environment becomes inconsistent a common
situation in practical UAV-MEC scenarios.

5. RESULTS AND DISCUSSION
5.1 Latency performance analysis

A total 0 22,925 new UAYV tasks were used to test how well
the suggested LLDDPG-based offloading framework worked
with the new 20/80 train—test split. The latency distribution for
each job is shown in Figure 7. The 500 ms deadline is shown
as a dashed line for reference. Our tests showed that most jobs
were completed well below this time limit, with an average
latency of 155.46 ms. This shows how quick the framework is
and how it can keep up low-latency performance even when
the training fraction is lowered.

Latency Over Test Tasks (20/80 split)
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300 +
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Figure 7. Latency over test tasks

Table 4. Latency-aware long-term deep deterministic policy
gradient (LLDDPG) evaluation metrics over tasks

Metric Value
Average reward -169.03
Average latency 155.46 ms

Success rate 93.3%
Total tasks 22,925
Successful tasks 21,400
Failed tasks 1,525
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The overall success rate for meeting deadlines was 93.3%,
which showed that the agent was able to change to tasks it had
not seen before while still being able to do so in real time. The
success rate is slightly lower than it was in the beginning
(100% success with smaller test sets), which is to be expected
since the review is more complicated and the tests cover more
ground. That being said, keeping delay well below the 500 ms
limit shows how strong the model is. Table 4 shows a
summary of the performance measures.



5.2 Reward and success analysis

The LLDDPG model was evaluated using 22,925
previously unseen offloading tasks. The recorded average
reward value was -169.03. The mean end-to-end latency
across all evaluated tasks was 155.46 ms. This value remained
below the defined latency threshold of 500 ms.

Task completion statistics were recorded during the testing
phase. A total of 21,400 tasks were completed within their
deadline constraints. A total of 1,525 tasks exceeded the
deadline. The deadline success rate was measured as 93.3%.
Most recorded latency values remained below the threshold
during evaluation.

Figure 8 shows the distribution of reward values and latency
measurements for the test tasks. The reward plot reflects task-
level outcomes under the learned LLDDPG policy, whereas

Reward per Task

the latency plot presents individual task delays relative to the
500 ms reference line. The concentration of latency values
below this threshold indicates that most tasks satisfied the real-
time processing requirement during evaluation.

The observed reward distribution reflects the trade-off
learned by the LLDDPG agent between minimizing latency
and avoiding deadline violations. Lower reward values are
mainly associated with tasks belonging to larger slices (S2 and
S3), which naturally incur higher processing delays. The
variance observed in the reward curve indicates adaptive
policy exploration during testing, rather than unstable
learning, as the corresponding latency values remain
consistently below the defined threshold for most tasks. This
behavior suggests that the agent prioritizes urgent tasks while
dynamically adjusting offloading decisions based on MEC
load conditions.
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Figure 8. Per-task reward (left) and latency (right) for 100 unmanned aerial vehicle (UAV) delivery tasks
Note: The red dashed line denotes the 500 ms latency threshold

5.3 Comparative evaluation

A comparison was conducted using a static rule-based
offloading strategy. The baseline uses predefined decision
rules, and adaptation to network or server state changes is not
applied. Under the same evaluation settings, the LLDDPG-
based framework produced an average latency of 155.46 ms,
with a recorded deadline success rate of 93.3%. The static
baseline produced higher latency values, with a larger number
of tasks exceeding the 500 ms latency threshold.

The performance improvement achieved by the LLDDPG-
based framework is attributed to its ability to adapt offloading
decisions to instantaneous system states. Unlike static rule-
based strategies, the learned policy responds to variations in
task urgency and MEC load, which leads to reduced
congestion in heavily loaded slices, particularly Slice S3. By
redistributing tasks dynamically, the agent avoids persistent
overload conditions and achieves more balanced processing
across available resources.

The objective of this comparison is to validate the
effectiveness of adaptive learning-based offloading against
commonly adopted static and heuristic baseline strategies in
UAV-MEC systems. These baselines are used as reference
configurations to highlight the limitations of fixed-rule
decision policies under dynamic task arrivals and varying
resource conditions. A direct experimental comparison with
advanced reinforcement learning approaches, such as standard
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DDPG, PPO, or Lyapunov-based optimization, is beyond the
scope of the current study and is identified as an important
direction for future work.

Figures 9 and 10 show how the workload looked before and
after using multi-MEC load balancing. The proposed
framework spread the load more evenly across the slices. Slice
S3, which was heavily loaded at first, saw a clear drop-in
processing time after the tasks were redistributed.

Figure 11 compares average latency and success rates
between the static offloading method and the proposed
LLDDPG model. The proposed framework reduced average
latency by more than 60% while increasing task success rates
by over 20%.

Figure 12 shows a bar chart of the processing times for
slices S1, S2, and S3 before and after load balancing. S1 and
S2 increased a little because the tasks were redistributed, but
Slice S3 which had the heaviest load dropped a lot. This
confirms that even simple balancing helps.

Figure 13 shows the effect of LLDDPG more clearly. The
processing times went down across all slices, and Slice 3 fell
from more than 3000 seconds to under 1000 seconds. This
shows that the model can significantly reduce task delays and
keep the service running more smoothly.

The experimental evaluation in this study is conducted
under a simplified simulation setting involving a single UAV
and a limited number of MEC nodes. UAV mobility and
wireless channel variations are abstracted to focus on task-



level offloading behavior. While this setup allows controlled
analysis of latency-aware decision-making, it does not capture
the full complexity of large-scale multi-UAV scenarios or
highly dynamic network environments. Nevertheless, the
observed performance gains indicate the potential
effectiveness of the proposed LLDDPG framework under
dynamic task arrivals, motivating further investigation in more
complex deployments.

2 (0.9%)
$3(2.6%) @

0.9%

S1 (96.5%)

Figure 9. Workload distribution before applying multi-multi-
mobile edge computing (MEC)load balancing
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Figure 10. Workload distribution after applying multi-mobile
edge computing (MEC) load balancing
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5.4 Limitations and future enhancements

The evaluation was conducted in a simulation environment
with discrete time steps. UAV mobility and wireless channel
conditions are modeled using simplified assumptions, without
explicit continuous trajectory variation or fast channel
fluctuations. The experimental setup considers a single UAV
and a limited number of MEC nodes with predefined
processing capacities. Large-scale deployments, dense edge
infrastructures, and multi-UAV coordination overhead are not
addressed in this study. Evaluation beyond simulation,
including hardware-based testing and real UAV deployment,
is also not considered.

Future work will extend the current framework to multi-
UAYV scenarios with dense MEC deployments, higher mobility
patterns, and explicitly modeled wireless channel dynamics to
evaluate scalability and robustness under more complex
operating conditions. In addition, comprehensive comparisons
with state-of-the-art reinforcement learning and optimization-
based offloading methods will be conducted to further assess
the relative performance of the proposed LLDDPG
framework.

6. CONCLUSION

A task-offloading framework for UAV-assisted networks
was evaluated under a slicing-enabled MEC environment. NS
is used to model heterogeneous task requirements at the
baseline level, while a latency-aware LLDDPG-based
decision policy is employed for adaptive task offloading. The
evaluation used a test set of 22,925 tasks. The measured
average end-to-end latency was approximately 155 ms. The
deadline success rate was recorded as 93%. Performance was



compared against a static rule-based offloading strategy.
Lower latency values were observed under the LLDDPG
configuration. Slice-level processing times were recorded.
Slice 1 processing time decreased from 425 s to 136 s. Slice 2
decreased from 320 s to 102 s. Slice 3 decreased from above
3000 s to below 1000 s. The study is limited to simulation-
based evaluation. Results are reported under controlled
conditions. Further validation in larger and more complex
deployment scenarios is not included.
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