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Abstract - The proliferation of mobile applications with
intensive computational demands has necessitated the
adoption of edge computing to reduce latency and energy
consumption. However, edge servers face challenges such
as limited resources, dynamic wireless conditions, and
inefficient task offloading strategies, particularly in multi-
user environments. This paper proposes a user-centric
evaluation and optimization framework for resource
allocation in edge computing, aiming to minimize latency
and energy consumption while maximizing system
efficiency. We introduce a greedy-competitive algorithm
for dynamic task offloading and a joint communication-
computation optimization model that adapts to real-time
channel conditions and user requirements. The proposed
approach leverages partial task offloading, dynamic
voltage frequency scaling (DVFS), and optimal resource
partitioning between edge and cloud servers. Simulation
results demonstrate significant improvements in energy
efficiency (up to 21.2% reduction) and latency reduction
(up to 20% fewer task drops) compared to conventional
greedy and local execution strategies. The study provides
insights into optimal resource allocation, task scheduling,
and energy-delay trade-offs in edge computing
environments.

Keywords: Edge computing, resource optimization, task
offloading, energy efficiency, latency minimization, greedy-
competitive algorithm, dynamic computation offloading.

I. INTRODUCTION

The rapid proliferation of mobile devices and the
increasing demand for computation-intensive applications,
such as augmented reality, video streaming, and real-time data
processing, have strained the limited resources of traditional
cloud computing systems. Edge computing has emerged as a
promising paradigm to address these challenges by bringing
computation resources closer to end-users, thereby reducing
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latency and energy consumption [1], [2]. In edge computing
environments, resources such as CPU cycles, bandwidth, and
storage are deployed at base stations (BS) or edge servers,
forming Mobile Edge Computing (MEC) systems [3], [4]. The
exponential growth of mobile applications (e.g., AR, real-time
analytics) has strained cloud infrastructures, prompting the
adoption of edge computing to reduce latency and energy
consumption. Edge servers deployed at base stations (BS)
enable Mobile Edge Computing (MEC), but face challenges
like limited resources and dynamic wireless conditions
[3][4].Figure 1 (Edge Network System  Architecture)
illustrates the hierarchical interaction between mobile devices,
edge servers, andcloud datacenters, highlighting resource

competition.
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Figure 1-1: Edge Network System Architecture

Optimizing resource allocation improves QoS for
latency-sensitive applications (e.g., autonomous vehicles) and
extends device battery life. Despite its advantages, edge
computing faces significant challenges, including limited
communication and computation resources, dynamic wireless
channel conditions, and the need for efficient task offloading
strategies [5], [6]. These challenges are exacerbated in multi-
user scenarios where multiple devices compete for finite
resources, leading to increased latency and energy
consumption [7], [8].Optimizing resource allocation in edge
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computing is critical for enhancing user experience,
particularly in latency-sensitive applications. Efficient
resource management can minimize energy consumption in
mobile devices, extend battery life, and improve overall
system performance [9], [10]. Additionally, edge computing
enables real-time processing for applications like autonomous
vehicles and smart cities, where low latency is paramount
[11], [12].

Existing studies on edge computing resource allocation
often focus on single-user scenarios or assume static wireless
conditions, neglecting the dynamic and stochastic nature of
real-world environments [13], [14]. Furthermore, many
approaches lack a user-centric perspective, failing to account
for the diverse requirements of mobile applications and the
energy constraints of devices [15], [16]. There is also limited
work on integrating edge and cloud computing to leverage
their combined strengths [17], [18].How can a user-centric,
dynamic resource allocation strategy optimize energy
efficiency and minimize latency in multi-user edge computing
environments? This study aims to evaluate and optimize
resource allocation in edge computing environments from a
user-centric perspective, with the goal of minimizing latency
and energy consumption. This study aims to achieve three key
objectives: (1) developing a dynamic computation offloading
algorithm that jointly optimizes task distribution, CPU
frequencies, and transmission power; (2) proposing a greedy-
competitive strategy for multi-user resource allocation; and (3)
validating these algorithms through simulations to
demonstrate improvements in latency and energy efficiency.
The article is structured systematically: Section Il reviews
existing literature and identifies research gaps, Section Il
presents the system model, Section IV details the proposed
algorithms, Section V evaluates their performance, and
Section VI concludes with findings and future research
directions. This comprehensive approach ensures both
theoretical innovation and practical validation in edge
computing resource optimization.

1. BACKGROUND AND RELATED WORK
A. Evolution of Edge Computing

The rapid growth of advanced mobile applications such
as augmented/virtual reality (AR/VR), real-time analytics, and
3D gaming has accelerated the shift from traditional cloud
computing to edge computing architectures [19]. By deploying
computational resources at base stations (BSs), edge networks
significantly reduce latency for end users. However, these
systems encounter several fundamental challenges: (1)
resource constraints due to limited computation capacity (CPU
cycles, memory) at edge servers [20]; (2) critical energy-
latency tradeoffs as mobile devices face battery drain during
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computation-intensive tasks; and (3) dynamic operating
environments characterized by time-varying wireless channels
and bursty task arrivals [21]. Research in this domain has
evolved through several key directions, beginning with early
computation offloading frameworks like MAUI [22] and
ThinkAir [23] that enabled code offloading but relied on static
wireless assumptions, followed by more advanced approaches
incorporating channel dynamics through stochastic control and
game theory. Subsequent work has focused on developing
sophisticated resource allocation strategies, including joint
communication-computation optimization [24], dynamic
voltage and frequency scaling (DVFS)-based energy
minimization [25], and hybrid edge-cloud architectures [26].
Emerging paradigms are now exploring innovative solutions
such as energy harvesting integration [27], mobility-aware
task scheduling [28], and federated edge learning [29] to
address the evolving challenges in edge computing systems.

B. Shortcoming of the Existing Research

Table 2-1: Shortcomings of Existing work

Limitation Impact Representative
studies

Single-user focus  Fails to  address [20][25]
multi-user interface

Static  resource Inapplicable to  [7][19]

assumptions dynamic networks

Binary offloading Neglects partial task [8][26]

models partitioning

Isolated Misses’ collaborative [28][29]

edge/cloud optimization

design

Simplified Overestimates [14][21]

channel models offloading benefits

Despite significant advancements in edge computing,
several critical challenges remain unaddressed in current
research. First, the need for multi-objective optimization
persists, particularly in achieving simultaneous energy-
latency-reliability tradeoffs in dynamic environments. Second,
existing systems often lack sufficient user-centric adaptation
mechanisms to accommodate personalized QoS requirements
across diverse applications. Third, while numerous theoretical
solutions exist, there remains a pressing need for scalable
algorithms that can be practically implemented in dense
network deployments. Finally, the integration of energy
harvesting technologies introduces new complexities in
intermittent power supply management that current
architectures struggle to address effectively [30]. These
unresolved challenges highlight fundamental gaps in
addressing real-world system dynamism and heterogeneous
user demandsa limitation our work specifically targets through
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novel adaptive resource allocation strategies that dynamically
balance computational workloads with network conditions and
energy constraints.

C. Existing System

Current edge computing systems employ either full
(binary) or partial offloading strategies for application
processing, where the allocation of computational resources
depends fundamentally on the application's parallelization
capability [31]. When applications cannot be partitioned, they
must be processed entirely at a single edge node, as illustrated
in Figure 2-1, where non-parallelizable tasks are offloaded
wholly to edge servers. Conversely, partitionable applications
can leverage distributed computing across multiple edge
nodes, demonstrated in Figure 2-1 by workloads split among
three edge servers at a base station. EXisting research has
primarily addressed resource allocation through two
approaches: single-node computation for resource-constrained
scenarios and multi-node distributed processing when edge
resources prove insufficient, often incorporating cloud
computing (CC) fallback mechanisms [31]. However, these
systems face inherent limitations in dynamically adapting to
varying application requirements and network conditions,
particularly when dealing with heterogeneous workloads and
intermittent resource availability. The current taxonomy of
solutions thus bifurcates between single-node optimization
and multi-node coordination strategies, each presenting
distinct challenges in quality-of-service maintenance and
energy-latency tradeoffs.

Figure 2-1 illustrates a multi-tier edge computing
architecture where three mobile devices (Device 1, Device 2,
Device 3) interact with edge servers co-located at base
stations, demonstrating three distinct computation offloading
strategies. Device 1 employs partial offloading, splitting its
"Office Application" workload between local execution and
edge processing ("Data processed"), enabling latency-sensitive
components to benefit from edge resources while keeping
data-intensive operations on-device. Devices 2 and 3 utilize
full offloading, delegating entire computational tasks to the
edge servers, which is optimal for resource-constrained
devices running complex applications like real-time video
analytics. The base stations facilitate reliable connectivity
between devices and edge servers, while the distributed edge
infrastructure allows parallel processing of offloaded tasks
across multiple servers. This architecture is particularly
effective for 5G-enabled smart factory scenarios, where
Device 1 might process safety-critical sensor data locally
while offloading predictive maintenance algorithms to the
edge, and Devices 2-3 could fully offload computer vision
tasks for quality inspection — collectively demonstrating how
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hybrid offloading strategies optimize latency (typically <20ms
for industrial use cases), energy efficiency, and computational
load balancing in heterogeneous 10T environments.

Base Station

Base Station

/
/

\ Device 1
\
\» 9 Partial offioad  Data \/
processed \ DevIC?Z
N L_____ %

Figure 2.1: An example of allocation of computing resources within edge
server

The primary goal of [31] is to optimize computation
resource allocation for a single edge node, maximizing the
number of applications served by the mobile edge computing
(MEC) system while meeting offloading delay constraints.
Offloading decisions depend on two key factors: (i) the
application's priority, determined by its execution delay
requirements (e.g., lower delay demands higher priority), and
(ii) the availability of computational resources on the edge
server.

Figure 2-2 illustrates the fundamental communication
and computation workflow for resource allocation. Offloaded
applications first reach the edge server’s local scheduler,
which evaluates whether nearby edge devices have adequate
resources. If sufficient resources exist, a virtual machine (VM)
is assigned to the mobile device, enabling the application to be
processed locally. The results are then returned to the mobile
device, completing the cycle.

The figure depicts a hierarchical MEC architecture,
integrating mobile devices, an edge server linked to a base
station, and a cloud data center, showcasing the distributed
data processing pipeline.

The system operates through coordinated resource
scheduling at the edge server, which intelligently allocates
computational tasks between local edge processing and cloud
offloading based on real-time demands. Mobile devices
initially submit tasks to the edge server, where latency-
sensitive operations are processed locally (Data process),
while compute-intensive workloads are routed to the cloud
data center for scalable execution.
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This architecture is particularly valuable for applications
like 10T analytics and real-time video processing, where the
edge server acts as a decision-making hub—optimizing
response times by processing urgent tasks locally (e.g., <50ms
latency for industrial automation) while leveraging the cloud's
unlimited resources for batch processing or complex Al model
inference. The base station ensures reliable connectivity,
enabling seamless data flow across all tiers and illustrating

how modern systems balance latency, energy efficiency, and
computational power through tiered resource allocation.

. Data process _l
,<<AL; ,,,,,,,,,,,,,,,,,,,, L i |
,/ Base Station Edge Server
Mobile device
L,
Cloud data center

Figure 2.2: Computation Resources allocation [31]

Existing edge computing systems employ adaptive
offloading strategies where applications are delegated to cloud
data centers when edge server resources are insufficient [31].
To optimize edge processing, researchers have proposed
priority-based cooperative policies that utilize buffer
thresholds and recursive algorithms to maximize application
completion rates within delay constraints [32]. While [32]
introduces an M-decision process framework to minimize both
execution delay and power consumption in dense networks, its
computational complexity led to the development of an index
policy for efficient edge server selection. However, these
approaches incur higher system costs (weighted delay and
energy) compared to optimal solutions [33]. Recent work in
[33] extends this optimization by incorporating virtual
machine (VM) migration costs and communication resource
management through Markov Decision Processes (MDPs),
demonstrating that VMs are preferentially allocated to
proximal edge nodes with sufficient computational power to
minimize backhaul delays. A key limitation across all these
studies [31-33] is their failure to leverage distributed
computing across multiple edge nodes for single applications,
which could potentially reduce execution delays further. The
current solutions primarily focus on single-node optimizations
or cloud fallbacks rather than exploring collaborative multi-
edge processing architectures.
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D. The problem of the existing approach

The allocation of computational resources in edge
computing systems depends critically on whether applications
are offloaded fully or partially to edge servers, a decision
heavily influenced by the application's parallelization
capability [34]. When applications cannot be partitioned
(Figure 2-1), they must be processed entirely at a single edge
node, while parallelizable applications can leverage distributed
computing across multiple edge servers (Figure 2-1 shows an
example partitioned across three nodes). This resource
allocation problem extends to cloud computing when edge
resources are insufficient, introducing additional challenges in
energy-aware optimization [34].A fundamental challenge lies
in managing energy consumption across mobile devices and
edge networks. Rather than simply minimizing energy use,
renewable energy-powered systems should optimize
performance within energy constraints, treating renewable
energy as essentially "free" [34]. This approach requires
careful consideration of Energy State Information (ESI) in
offloading decisions, along with Channel State Information
(CSI), to balance workload distribution between edge servers
and central clouds based on network congestion and available
energy [35]. However, current solutions using machine
learning [34] and Lyapunov optimization [35] remain limited
to small-scale systems, failing to address large-scale
deployments.

The intermittent nature of renewable energy introduces
reliability challenges in computation offloading. Three
potential solutions emerge:

= Dense edge server deployment creates overlapping
service areas for energy load balancing, as demonstrated
in energy-harvesting cooperative systems [36]

= Strategic energy source selection, where solar energy
proves particularly effective for high peak-to-mean ratio
workloads [37]

= Wireless power transfervia RF waves, already
implemented in commercial devices like Samsung
Galaxy S7, though requiring careful scheduling to
address the "double near-far" problem in multi-user
scenarios [38,39]

I11. SYSTEM MODEL

The edge network system consists of several mobile
devices d {1,2, ., n} that are connected via a wireless channel
or Wi-Fi access point and edge servers dwith a set of virtual
machines (VM) for computation capability. Figure 3-1
illustrates a typical edge computing architecture where a base
station connects to an edge server that serves multiple mobile
devices (Device 1, Device 2, Device 3). It demonstrates three
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fundamental computation offloading strategies: (1) Partial
offload, where a device splits tasks between local execution
and edge processing; (2) Full offload, where devices delegate
entire workloads to the edge server; and (3) Local execution,
where computation occurs entirely on the device. This
architecture enables latency-sensitive applications (e.g.,
AR/VR, real-time analytics) to leverage proximal edge
resources for partial processing while maintaining data privacy
through local execution for sensitive components. The base
station-edge server-device hierarchy optimizes resource
allocation by dynamically distributing workloads based on
factors like computational complexity, energy constraints, and
network conditions, exemplifying how modern edge systems
balance performance and efficiency in distributed computing
environments.

Device 1 D

i Data

Partial offload

Device ZD

processed Local Execution

Full offload

Figure 3.1: Edge Network System Model
A. Problem of Resource allocation

This section presents the system architecture and
operational model of an edge computing network, comprising
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base stations (BS) with co-located edge servers, centralized
cloud servers, and multiple mobile devices.

As illustrated in Fig. 3-1, the edge network integrates BS-
connected edge servers (denoted as e) featuring constrained
computation resources, data processing capabilities, caching,
and storage functionalities. Mobile devices (d) within the BS
coverage area connect via wireless channels, each handling
computation tasks with varying delay constraints that may be
executed locally or offloaded to edge servers. The model
incorporates hybrid computation where tasks are dynamically
distributed between mobile devices and edge networks,
particularly when edge resources reach capacity. Task arrivals
follow a stochastic pattern with priority given to larger tasks
under a first-come-first-served (FCFS) policy, though
alternative scheduling approaches like Round Robin (RR) are
considered for improved load balancing. The RR performance
depends critically on time quantum selection - excessive
quantum sizes mimic FCS behavior, while insufficient quanta
increase context-switching overhead and reduce CPU
efficiency. Key system parameters include: task-specific data
length (I in bits), required CPU cycles per bit (Ci), and
processing frequencies for mobile devices (fd) and edge
servers (fe). The tuple (t, [, fd) captures essential task
characteristics, while edge and cloud server capabilities are
quantified by their respective CPU cycle frequencies (fe and
fC). Virtual machine allocations enable flexible task
offloading, with the edge scheduler proactively predicting and
managing task distributions based on these parameters to
optimize system performance.

Table 1: System Description

d Mobile Device

e Edge server

i Application tasks

fd Mobile device CPU cycle frequency

fe Edge Server CPU cycle Frequency

fc computation capability of cloud server’s CPU cycle
Ed Energy Consumption for tasks locally executed in mobile device
Ee Energy consumption for tasks transfer to edge server
Ci Number CPU cycles required to process tasks in server
li Local tasks execution

(1 —ai)li Offloaded tasks

(t, L, fd) Computation tasks [ of bit input and deadline ¢

b Bandwidth
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t Tasks execution time
ttx Total backhaul transmission latency proportional to offloaded tasks size,
i
tl Transmission delay for the device to offload its computation task
;
te Computation latency for tasks processing in the edge server
i
tc Computation latency for tasks processing in cloud server
;
ttotal Total execution time
ia Task arrival indicator at time ¢t
hi Wireless channel power gain
ri Wireless transmission rate
pi Transmission power of mobile device d offloading tasks in edge server
l Represents length of one-time frame,
Ni Represents noise power at the edge computing network
k Is effective switched capacitance that depends on the chip architecture
ai Denote aie [0,1] as task offloading splitting ratio

B. Wireless Resources Communication Model

The system employs Time Division Multiple Access (TDMA) for resource sharing among mobile devices, enabling equitable
distribution of computation resources including bandwidth and memory storage. Each device d is allocated a positive time-slot
duration (i> 0) by the edge network e for task offloading. The wireless channels between mobile devices and base stations are
modeled as independent and identically distributed (i.d) Rayleigh fading channels, with Channel State Information (CSI) used to
approximate signal strength for effective task scheduling.

The wireless transmission rate i is determined by:

P;h;
r; = Blog, |1+ O e e e e 1

Where:
B = Channel bandwidth(Hz)
P;h; = Transmission power of device d(w)and Instantanous channel power gain
NO = Noise power spectral density(W per Hz)

This formulation assumes constant transmission time slots and applies Shannon's capacity theorem to maximize spectral
efficiency while maintaining reliable communication for edge offloading tasks. The model enables quantitative analysis of
tradeoffs between transmission power, channel conditions, and achievable data rates in the edge computing environment.

C. Computation delay model

This work adopts a hybrid computation model where mobile devices with limited processing capacity offload tasks to edge
servers for execution. As illustrated in Figure 1, the system implements a three-tier architecture: (1) local computation at mobile
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devices, (2) edge processing at base station (BS)-hosted virtual machines (VMs), and (3) cloud computation for resource-intensive
tasks.

The edge server dynamically partitions received workloads, processing delay-sensitive components locally while offloading
remaining tasks to the cloud via backhaul links. The computation workflow comprises five phases:

Wireless Offloading: Mobile devices transmit time-critical tasks directly to edge servers
Edge Processing: BS-located VMs execute prioritized task segments

Cloud Offloading: Non-critical components are routed to cloud datacenters

Result Aggregation: Edge servers consolidate distributed computation outputs

e Result Delivery: Final outputs are returned to mobile devices

Key modeling assumptions include:

e Task partitioning overhead is negligible compared to computation/communication delays
e Result download latency is insignificant (typical for lightweight outputs like face recognition results)
e Wireless channels exhibit Rayleigh fading with millisecond-scale coherence time

The average transmission delay for task offloading is given by:

_ L,

Blog, (1 + PA‘]—?)
Where:
L; = Task data size (bits)
B = Channel bandwidth(Hz)
P,h; = Transmission power of device d(w)and average channel power gain
NO = Noise power spectral density(W per Hz)

This model captures critical system tradeoffs through three interdependent dimensions: (1) wireless dynamics, where time-
varying channel conditions (modeled via Rayleigh fading) govern instantaneous transmission rates; (2) resource constraints, as
finite edge server capacity (fedge) necessitates strategic cloud offloading; and (3) QoS requirements, with end-to-end latency
budgets (100-500ms for interactive applications) dictating task scheduling policies. It specifically addresses heterogeneous
workloads characterized by variable CPU cycles/bit (CiCi) and mixed criticality (e.g., real-time video analytics vs. background
data processing). By unifying local, edge, and cloud resource arbitration, the framework offers four key advantages: (i)
probabilistic channel modeling for realistic wireless environments, (ii) explicit edge capacity thresholds to prevent overload, (iii)
pragmatic exclusion of negligible delays (e.g., task partitioning overhead <i1ms), and (iv) a quantifiable metric space for
optimizing latency-reliability Pareto frontiers. This enables systematic evaluation of offloading strategies under practical
constraints encountered in 5G/6G edge deployments.

D. Transmission Latency in Mobile Devices
The transmission latency for mobile devices offloading tasks to edge servers via wireless channels is characterized by

dynamic channel conditions and time-varying power gains. Due to the random nature of wireless fading (modeled as Rayleigh-
distributed), instantaneous latency fluctuates in the millisecond range, influenced by factors such as channel coherence time and
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TDMA slot duration. For latency-sensitive applications (e.g., online gaming, video streaming), end-to-end delays typically span
tens to hundreds of milliseconds, constrained by:

e Bandwidth scarcity: Limited wireless resources shared among multiple devices
e Computation bottlenecks: Edge server CPU capacity for concurrent task processing
e Workload variability: Fluctuating demands from bursty traffic

Given these dynamics, the system employs average transmission delay as a stable metric for resource allocation, derived as:

Where:

L; = Task data size (bits)

B = Channel bandwidth(Hz)

P;h; = Transmission power of device d(w)and Instantanous channel power gain

NO = Noise power spectral density(W per Hz)

The model yields three key operational insights for edge offloading systems: First, short-timescale wireless channel dynamics
necessitate statistical modeling (via expectation operator E [-]) to account for rapid signal fluctuations. Second, inherent design
tradeoffs emerge where latency reduction requires either increased transmission power (p_i) at the cost of higher energy
consumption, or decreased task size (I_i) through compression/partitioning techniques. Third, TDMA scheduling parameters must
carefully balance time-slot granularity (to maintain responsiveness) against protocol overhead (to preserve system efficiency).
Collectively, this formulation establishes a mathematically tractable framework for optimizing computation offloading decisions
that explicitly incorporates real-world wireless channel unpredictability while maintaining practical implement ability in mobile
edge computing deployments.

E. Computation Latency in Edge Server

When the whole data of each task is received from the mobile device, then edge server has to immediately initialize the tasks
offloading strategy and splited each task into two prts, one part is processed in edge server and the other part process in cloud
datacenters. It is analysed, or assumed that each computation task can arbitrarily be splitedwhile neglecting the inherited content,
whichcorrespond to the scenario like video streaming compression and speech or vice recognition. We denotea; € [0,1]for

decision task offloading split-level ratio, which determines the data computation proportionality for tasks offloaded to the edge
server, or cloud datacenter. The number of central processing unit (CPU) cycles frequency which requiredtobe
executedtasksintheedgeserver computationpartofdatacanbeexpressedasa;ljc;.The computation resources allocate in edge server

that each virtual machine is allocated to each mobile device as number of CPU cycle per seconds fe.

Therefore, the computation latency for tasks processing in the edge server is expressed as

The energy consumed by the mobile device is given by
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F. Transmission Delay in Edge Network

In the edge Network, the communication transceiver is generally different from computation CPU cycles
frequency.The tasks execution in edge server can be performed in parallel with the transmission of the cloud server, where
all edge networks are connected through different back haullinks to cloud datacenter resources with high bandwidth.The
shared backhaul link among multiple mobile device users through their delay, which are difficult to determined and
implement because of the random data arrival, several mobile device user tasks scheduling, and complex routing algorithm.
In this regard, here are the reminder of this proposal contributions below; the optimal resources allocation based on
scheduling and offloading policy for edge computing network and cloud computing network. In this proposal assumed that
resource scheduling strategy and offloading algorithms are based for online computation which are fixed.The backhaul
communication capability of each mobile device offloading tasks to edge server denoted as by. Therefore, total

transmission delay in above computation latency constrain tinedge server, and the total backhaul transmission latency are
proportional to the off loaded tasks size, which is expressed as:

_(1—a )L

‘ b

h

Where by, is the backhaul link for 1-bit data transmission rate, [; is length of tasks size.

G. Computation Delay of Cloud Server

The mobile devices transmit tasks to the edge server, when there are limitedcomputation resources, then edge server transfer
some tasks to cloud datacenter for further execution, hence the server will allocate the available computation resource to tasks for
parallel execution.Therefore, number of CPU cycles frequency required to process tasks in cloud server computation is defined by
(1 — aj)ljci. The computation resource allocation model is given by number of CPU cycles per seconds fc, as cloud network

computation resource which is allocated to the mobile device served by the edge server. Therefore, execution delay to processpart
of data in the cloud server is presented by

When tasks are offloaded and processed in edge server or cloud server, the mobile device is required to wait for return
results. Therefore, the computation completion periodoftime t¢ spent on the execution of task on the edgeserver, or cloudserver,
idle power consumption of mobile device can be calculated below:

fe

Therefore, total energy consumption E¢otql for local tasks and offloaded task is expressed as E¢ptql = Ee + E{, are
defined as sum of the energy spent to transmit data to the edge server or cloud, E¢ plus idle power consumption, E, as
given by:

However, the optimized energy efficient minimization task offload, is necessary to provide optimal communication
and computation resources allocation, with aim of improving the energy efficiency and latency reduction because of the
competition over the resource in edge server.
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H. Problem Formulation

This work introduces two key performance metrics: execution delay and energy consumption, with a primary focus on
formulating the delay minimization problem. We assume edge and cloud servers possess substantially greater computational
capacity than mobile devices, with sufficient storage to accommodate all user demands, thereby concentrating our optimization on
mobile-edge interactions for energy and latency efficiency. The model explicitly excludes edge/cloud server energy overheads as
negligible to the core mobile device optimization. Mobile devices dynamically select proximal access points for task offloading in
the edge network, operating under quasi-static conditions during offloading operations a reasonable assumption given the short
timescales involved. The system optimization problem is formally expressed as a joint communication-computation framework
that minimizes total energy consumption while reducing end-to-end delays through strategic task distribution between mobile
devices and edge servers.

MinE = )" (1 —a;;)Eqs + aE,) (10)
st XM aE, <EyVieg (11)
Yrjai,tf <t/vied (12)
T_jal, tThi<tVied (13)
joal <1,vied (14)
a; €{0,1},vie e, Viee (15)

The optimization framework incorporates four key constraints: (i) Equation (11) ensures offloading energy never
exceeds local computation energy; (ii) Equation (12) bounds total offloading energy by local execution costs; (iii) Equation
(13) enforces channel-quality-aware resource allocation to mitigate interference during traffic bursts; and (iv) Equation
(14) restricts wireless access to single-device connections, with exceptions for frequent edge-server communicators.
Equation (15) implements binary offloading decisions (ai€ {0,1}), where excessive concurrent offloading causes
interference-driven rate reduction. Two dominant factors govern mobile energy consumption: transmission power (pi) and
time (tx), with energy Etx = pitx. This creates a fundamental tradeoff - low channel rates increase both transmission time
and energy, discouraging offloading. To balance this, the model implements adaptive thresholds that dynamically regulate
offloading participation based on real-time channel conditions and device capabilities, ensuring energy-efficient operation
while maintaining QoS requirements.

I. Energy consumption for Task Offloading Mechanism

To solve the optimization problem in Equation (10), we model the energy consumption for task offloading in mobile edge
computing networks through a structured approach. First, a priority-based algorithm classifies mobile devices into two categories:
(i) devices participating in greedy computation offloading, and (ii) devices executing tasks locally due to unfavorable energy
consumption characteristics. The classification criteria depend on each device's computational demand intensity, which
determines its offloading priority. Higher-priority devices are allocated edge server resources through a proposed greedy
offloading algorithm that optimally matches communication resources to each mobile device's requirements. This approach
ensures efficient resource utilization while maintaining energy-aware task distribution between local and edge computation.

J. Mobile Device User Classification and Priority Determination

The classification and priority determination are based on characteristics of mobile device and applications tasks, such as
application data size, computation workload, mobile device and edge server computation capacity, and energy consumption, and
computation latency. The mobile device computation is grouped into two parts; Set of mobile devices which should execute their
task locally and it is denoted as i.

In addition to the equation above, the rest of the mobile device fall into second group which offload tasks to edge server (1 —
ai)li the mobile device can either decide to execute their task locally or decide to offload the task to the edge server. The
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computation decision depends on the wireless channel state. When mobile device wants to execute it tasks, the different
computation tasks priorities are set for each to decide which tasks to offload process, therefore the process is defined below.

— hipi
Vi _m (16)

The classification and priority determination are mobile device illustrated in

Algorithm 1: The Greedy Competitive Based on Tasks Offloading Algorithm. This is proposed computation offloading
approach for the multiple of mobile devices based on the mentioned above analysis of mobile devices classified and determined as
priorities scheme. In this work we aim to maximize the efficiency energy and reduced latency of task offloaded to the edge
network as subjected to the minimum energy consumption requirement by the mobile device to execute tasks locally.

Algroithml: The Greedy Competitive Based on Tasks Offloading Algorithm

Input: initial set applications data offload and executed locally.
Output:
Mobile devices set: d{1,2,.,.,.d};
Edge wetwork and wireless channels: e{1,2, ., ., . E}; The application task executed local tasks: [;
The application task offloaded in edge server (1 — a;)l; Transmission power p;
Idle power: pidle ;
The category of mobile device sets which execute tasksand offloadtasks I; = (1 —a;)l;
Tasks priority set Y; = @
1: For mobile device d =1to D do
2: For wireless channel e = 1 to Edo
3: Calculate wireless channel data transfer rate r; of each mobile device as in equation 12, and energy consumption for E¢ in
equation 13
4:if Eqg < Eg then
S:i=1;
6: else
Ti=0—-apl;
_hip;
VEd
9: endif
10: end for Output:
The category of mobile device computation tasks: I;, (1 — a;)lj;

8:.Y

The computation priorities for each mobile device Y = {Y;}, i = (1 — aj)l;;

ALGORITHM 1: The Greedy Algorithm for mobile device classification and determination of tasks priority

Figure 3-2 illustrates a barter-based resource allocation system involving multiple mobile devices and wireless channels. The
"Barter collection" section outlines key processes such as responding to requests, resource allocation, and cost evaluation. The
"Receiver" segments list devices (Whole device 1, Whole device 2, and Mobile device 2) and wireless channels, indicating their
roles in receiving data or tasks. The "Mobile device 3" section highlights the sender's functions, including transmitting bid
information and task offloading requests. This diagram depicts a collaborative offloading framework where devices exchange
resources via wireless channels to optimize performance and efficiency in a distributed network environment.
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Figure 3.2: Communication Edge Server computing system

The system involves a mobile device (d;) that sends task offloading requests with associated energy costs and evaluates barter
information from wireless channels to select the optimal channel (winner) for resource allocation. The decision to offload tasks to
an edge server or execute them locally depends on computation resource costs (f;), where 5 = E. represents the reserved energy
for edge server acceptance. Wireless channels provide bandwidth and submit barter information (4; and S;), where 4; = E. denotes
allocated resource costs and S; = p;h; reflects computation resources for submitted tasks. The mobile device compares energy
consumption and channel resources to optimize efficiency and select the best channel. Unlike multi-round competitive allocation
methods, which introduce excessive delay, this work employs a greedy offloading approach to minimize latency and improve
energy efficiency. The model assumes negligible edge server computation delay and operates in periodic intervals, dynamically
adapting to resource availability for efficient task offloading in the edge network.

The computation tasks completion time interval based offloading algorithm is illustrated in Algorithm 2 below.

Table 3: Pseudo code of Algorithm 2

Input: [;, (1 —apl;,Y

Output: Offloading decision «;

1: Set the temporary set l;, (1 — ap)l;;
:while, (1 — a;j)l; # @ do

2

3: Select the mobile device d where d arg-max {Y;}, d € (1 — aj)!;;

5: Update the data transmission rate rand update E, as in (1) and (9);
l

. If Resources threshold limit > 0 then

6
7: Calculate barter density of each wireless resources b based on the 2-tuple (4; and S;);
8

: Set the computation load barter density;

11: if Ep < Eg && resource threshold =Y r=1,r+i pjh; > 0 then

12: Letaj =1,
13: Threshold« threshold — Y"1 = pihi
14: else

15: Let aj = 0;
16: end if

17: barter density;
18: end while

19: else

20: Let aj = 0;
21: end if
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Resource Allocation: To allocate resources phases: the mobile device decides which wireless channel will be the allocated to the
mobile device with strong connection.

In order to control the maximum computation time delay caused by the too many requests send to edge server, the one round
trip requests are implemented in this work. Thus, jointly considering the resources and the computation costs that the mobile
devices can provide. Where the mobile device decides that win to establish requests with edge server, and A;. therefore, given the

definitions and notation above, the optimization problem can be converted into the reverse computation resources problem.

Here, a; represented the consequence of limited computation resources in edge server

ai= 0 represented where there is no wireless channel, on the contrary, ai =1 expresses that the bbandwidth wireless channel. The
main aim is to increase utilization of mobile device, which is formulated as

d e d

max Z = 3, f;— 2. 2((1 —a)Bi+ a;b)

i=1 i=1 i=i

In order to determine the mobile device that has been allocated resources in edge server to barter over the resources with
another mobile device bartering or participating are calculated and arranged. The queue in edge server through wireless channels,
wireless channels are allocated to mobile devices nearer to the base station and the free computation capacity in edge server. The
mobile device users, with lowest tasks offloading rate is the best communication quality. Therefore, the barter density for mobile
device that are offloading tasks is calculated as

d
(b_zrzl,r;—;['wipfhi)a'd

bid density =

Vresource threshoi’d—zszl i TiP iR

Where:

resource threshold =d— )9 a;phi=0
r=1r#i

is the state condition for edge network wireless quality of service assurance. If the value is less than or equals to zero, the channel
will give up participating in the competitive computation resources in edge server.

IV. SIMULATION AND RESULTS offloading decisions, CPU cycle frequency, and transmission

power, framed as a deterministic optimization problem.
A. Simulation and Analysis

The greedy algorithm models the system as a competitive
This section evaluates the performance of the proposed  game, where devices contend for shared wireless resources
model through numerical simulations conducted in MATLAB e adhering to task deadlines and channel bit rates. Each
on a PC equipped with an Intel Core i5 @ 3.6 GHz processor.  gevice aims to minimize its energy consumption, with Nash
The model employs two key algorithms: a competitive greedy  equilibrium derived using the Gauss-Seidel method to finalize
algorithm and  a dynamic  offloading  algorithm prioritizing  offioading decisions. The satisfactory algorithm optimizes
mobile device user satisfaction. The system considers mobile resource utilization by evaluating throughput, energy
devices served by an edge server, where tasks can be executed  ¢onsumption, and task execution time. Offloading occurs only
locally, offloaded to the edge, or transferred to the cloud. Key when edge server resources are available. Performance is
performance metrics include computation delay and energy assessed using metrics like average energy consumption,
consumption, optimized via dynamic power control. The  gelay energy efficiency, and throughput, ensuring balanced
proposed dynamic computation offloading and efficient task offloading.
algorithm minimizes application latency by jointly optimizing
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B. Performance Evaluation

This subsection validates the theoretical analysis and
assesses the proposed greedy computation offloading
algorithm through comparative simulations. Three benchmark
approaches are evaluated: (a) local task execution with greedy
energy consumption, (b) edge server processing with greedy
energy consumption, and (c) dynamic task offloading with
greedy energy optimization that minimizes execution at
current time intervals. The simulations employ varying
wireless channel conditions, with link data rates spanning
[5930, 3900, 1700, 6880, 6800, 2400, 5960, 5400, 8700, 900,
800, 900, 5900, 7700, 6200] Mbps to represent diverse
network scenarios.

C. Mobile device Local Tasks Execution

The proposed algorithms were evaluated using a Huawei
P20 mobile device with maximum CPU capabilities, featuring
a base frequency of 4x10® cycles/sec and a dynamic range of
2x10® to 8x10® cycles/sec, with power consumption varying
between 0.8W (fixed frequency) and 1.258W-1.181W
(dynamic). Tasks were executed locally when meeting the
condition kc; <t _arrival, with computational power calculated
as pi = 1.25x107%¢ J/s at the base frequency, while exceeding

tasks were dropped without offloading. Workload
characterization followed C; = |If_d, maintaining the
relationship between computation cycles and input bits

through task length (I) and specific CPU cycle requirements,
ensuring comprehensive performance assessment under
defined system constraints.

D. Edge Server Tasks Execution
Simulation Parameters

The experimental simulations were conducted under
carefully configured edge network conditions with the
following parameters: energy consumption was modeled with
uniform distribution between minimum and maximum bounds,
while transmission power was maintained at p; with channel
characteristics including exponentially distributed power gains
(hi, mean = -4) and a path-loss constant (p; = -40dB). Key
system constants included computational parameters (k =
10728, k = 107%), base frequency (f d = 2x10® cycles), energy
threshold (E. = 2 mJ), and standard task length (1 = 1000 bits).
Execution followed strict feasibility conditions, triggered
when i arrival = 1 and determined by p; = min(p;, f d, E.),
with transmission governed by b-logx(-) < min E.. Task
processing required successful offloading conditions (1 <t
AND 1-f d < k(hipy)), otherwise being marked as infeasible
and failed. The dynamic offloading workflow activated on
task arrival (i_arrival = 1) and proceeded through a two-phase
verification: first computing device and server parameters,
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then evaluating delay requirements, ultimately resulting in a
binary execution outcome (processed if feasible, failed if
constraints were violated). This configuration provided a
robust framework for evaluating edge computing performance
under realistic wireless conditions and variable workload
demands while capturing essential tradeoffs between energy
consumption,  transmission power, and computational
feasibility.

Evaluation Results

Figures 4-1 and 4-2 demonstrate the edge server's task
offloading performance, showing that as CPU cycles increase
over time, the mobile device handles remaining tasks locally
to gradually meet offloading demands while improving
average computation speed (CPU cycles per task). The
proposed competitive-based offloading mechanism achieves
optimal performance by making global, long-term decisions
that efficiently allocate communication resources to meet QoS
requirements. While smaller tasks execute quickly under light
loads, the system maintains adaptability as traffic grows,
ultimately minimizing computation delay and ensuring energy
savings compared to baseline methods. This balanced
approach effectively addresses both immediate task processing
needs and long-term resource optimization.

300 - 1

== Appication Tasks

Time (ms)

0 L I I I L I
10 12 14 18 18 20 2 24 28 28 30
N(Mumber of tasks)

Figure 4.1: Average computation rate of tasks

The figure illustrates the relationship between the number
of application tasks (N) and their execution time (ms). As the
number of tasks increases from 10 to 30, the time required for
execution decreases significantly, starting at 300 ms for fewer
tasks and dropping to 100 ms for larger task counts. This
inverse relationship suggests improved efficiency or parallel
processing capabilities when handling higher task volumes,
though the sharp decline in time may also indicate system
optimizations or resource scaling under heavier workloads.
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Figure 4.2: Average computation rate of tasks

Figure 4-2 also examines task execution time (ms)
relative to the number of tasks (N), but with a narrower time
range (100-230 ms) and task count (12—30). The trend shows
a more gradual reduction in time as tasks increase, implying
consistent but less dramatic efficiency gains compared to
Figure 4-1. The data points highlight a stable system
performance where additional tasks are processed with
marginally lower latency, possibly due to optimized
scheduling or resource allocation in the tested scenario. Both
figures emphasize scalability, with Figure 4-1 showcasing a
steeper efficiency improvement and Figure 4-2 demonstrating
steadier performance under moderate task loads.

Figure 4-3 compares the average computation time delays
across four task processing methods under a 700-time rate
constraint of 4x10® bits/second: local greedy execution, edge
cloud greedy offloading, the proposed algorithm, and dynamic
local mobile execution. The results demonstrate a clear
relationship between task execution deadlines and system
performance - as deadlines tighten below 0.4ms, all methods
show increased execution costs, completion times, and task
drop ratios, with local execution approaches plateauing at
100% drop rates due to hardware limitations (f d < 1.5GHz).
Beyond this threshold, mobile devices become incapable of
local processing, forcing complete offloading to edge or cloud
servers, where the edge server execution and dynamic
offloading approaches converge in performance. The graph
highlights how stringent timing requirements fundamentally
shift computation feasibility from mobile devices to server-
based solutions.
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Figure 4.3: Tasks Computation deadline

Figure 4-3 presents a comparative analysis of average
computation times (in milliseconds) across different task
processing methods, plotted against computation delay
(ranging from 3x10° to 10x10° units). Key observations
include: (i) The proposed algorithm demonstrates competitive
performance relative to dynamic computation methods for
both local (mobile device) and offloaded (edge server) tasks;
(ii) Greedy Algorithm (GA) variants (local, cloud-offloaded,
and fixed tasks) show distinct time profiles, suggesting
varying efficiency trade-offs; (iii) Dynamic approaches exhibit
intermediate performance between the proposed method and
GA-based solutions. The results highlight how computation
delay scales with different processing strategies, with the
proposed algorithm potentially offering balanced performance
across the tested delay range. The x-axis's exponential scale
(10°) indicates these measurements address high-load
scenarios, emphasizing system behavior under substantial
computational demands.

The computation results in Fig 4-4 illustrated the 50%
benefits of tasks being successfully processed in edge server at
the deadline te = 0.2 ms even under greedy offloading policy.
However, in this system model, we assigned small value of te
< 0.8 ms, hence average completioln time achieved by the
Greedy Competitive Based on Tasks Offloading Algorithm is
a bit longer than other two approaches with tasks computation
offloading, but the tasks drop ratio is reduced reasonably by
more than 20%.However, the phenomenon is similarly the
same with what was observed in Fig 4-3, where the dynamic
computation time for tasks offloaded in edge server and
computation time for tasks offload with greedy competitive
tasks offloading algorithm tends to avoid dropping of tasks by
prolonging average completion time delay in order to achieve
optimum minimum execution cost.
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Figure 4-4 compares four task processing approaches
mobile device local execution, edge server execution, dynamic
edge server offloading, and greedy competitive offloading
analyzing their average task execution performance across a
completion time deadline (x-axis, scaled 1-10 x10 units). Key
trends show that dynamic offloading in the edge server likely
offers a balanced compromise between local execution (lower
latency but limited capacity) and greedy competitive
offloading (higher throughput but potentially variable delays).
The completion time deadline serves as a critical constraint,
with all methods exhibiting distinct performance profiles as
deadlines tighten, highlighting trade-offs between local
processing efficiency and server-based resource utilization.
The x10 scaling suggests these results apply to high-load
scenarios where optimization strategies significantly impact
system responsiveness.

The energy consumption of proposed algorithm is
evaluated in Fig 4-5 which showed the average energy
consumption of mobile devices when number of tasks to be
executed increase, much energy is invested. The average
energy consumed by one mobile device to execute tasks
approximately 21.2060 jwith local computing model. To
compare with local tasks’ execution method, proposed model
and other algorithms to achieve energy saving through task
offloading. The system performance shown in Fig 4-5 where
effectiveness of proposed algorithm is validated. Similarly, the
computation cost, task drops ratios obtained by different
approaches decrease with energy consumption rate, under
proposed algorithm, increase of dynamic energy rate does not
necessarily reduce average completion time, when p =0.6 and
power transmission maximize, the greedy competitive tasks
offloading algorithm introduced 0.1 ms extra average
completion time, but obtained 10% task drop reduction. The
optimization objective is computation execution cost,
eliminating task drops brings more benefits in terms of system
cost optimization when computation system resources
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allocation is limited, hence the energy available is insufficient
compared to relatively intense computation workload.
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Figure 4.5: Average Energy Consumption

Figure 4-5 compares the average energy cost per task
execution (in Joules/second) across six different processing
methods, plotted against energy consumption levels (3-10
x10° units). Key observations reveal that dynamic energy
consumption approaches (for both local and edge server tasks)
demonstrate superior energy efficiency compared to greedy
algorithm (GA) variants, particularly at higher energy levels.
The GA-based methods for local task execution and edge
server offloading show progressively higher energy costs as
consumption scales, while dynamic task offloading in the edge
server maintains relatively stable efficiency. Notably, local
task execution—whether dynamic or GA-based exhibits lower
energy costs than server offloading at lower consumption
levels (3—6 x10°), but this advantage diminishes as system
demands increase. The results highlight how dynamic resource
allocation strategies can optimize energy efficiency across
varying workloads, outperforming static greedy approaches in
high-demand scenarios (7-10 x10°%). The x10° scaling
emphasizes these findings' relevance to large-scale, energy-
sensitive computing environments.

In Fig 4-6 illustrated the energy consumption and average
computation time for various with algorithms such as energy
consumption for local execution, local execution with greedy
algorithm, energy and time proposed for dynamic algorithm,
energy and time with greedy algorithms, all these algorithms
are proposed with aim of minimum computation wireless
resources. In this part, verify feasibility and asymptotic
optimality of greedy competitive offloading algorithm
developed. The evolution of the average execution cost with
respect to time. In Fig 4-6 the mobile device energy level is
depicted to demonstrate feasibility of algorithm against
computation time. First, we observe that the energy
accumulated in battery, is finally stabilizes around perturbed
energy level.
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Figure 4-6 analyzes the trade-off between energy
consumption (J/s) and time delay (ms) across multiple task
processing approaches at different bandwidth constraints
(5Mbps, 20Mbps, and 72Mbps). Key comparisons include: (1)
local execution (both baseline and greedy algorithm variants),
(2) the proposed dynamic algorithm, and (3) hybrid
approaches combining proposed and greedy/dynamic
methods. The results likely demonstrate how the proposed
algorithm optimizes the energy-delay trade-off, particularly at
higher bandwidths (72Mbps), where it presumably achieves
lower energy costs per unit time compared to greedy
approaches. Local execution methods show fundamental
energy-time limitations, while bandwidth scaling reveals how
offloading strategies (dynamic or greedy) adapt to network
capacity changes. The inclusion of multiple bandwidth
scenarios highlights the critical role of network conditions in
balancing computational efficiency with energy conservation,
with higher bandwidths enabling more favorable energy-delay
performance for server-assisted approaches.

This is due to fact that in proposed algorithm resources
functions are minimized at each time interval. In this case
investigated the of bandwidth changed from high to low state
because of wireless signal fading or lost, then algorithms will
decide to switch from remote to local execution as it waits for
original connection to establish connection again This could
be observed that average energy and delay time varies with the
proposed algorithms under wireless channel of different
bandwidth 72Mbps, 20Mbps, 5Mbps. From the graph, the
large tasks required much time to be executed and energy E,
stabilized energy level becomes higher, which agrees with
definition of the perturbation of parameter in the system
model. Also, the energy level is confined within the battery
which verified and confirmed that energy causality constraint
is not violated.
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V. CONCLUSION
A. Summary

The paper presents a user-centric framework for
optimizing resource allocation in edge computing
environments, addressing challenges such as limited
resources, dynamic wireless conditions, and inefficient task
offloading in multi-user scenarios. It introduces a greedy-
competitive algorithm for dynamic task offloading and a joint
communication-computation optimization model that adapts to
real-time conditions. Key innovations include partial task
offloading, dynamic voltage frequency scaling (DVFS), and
hybrid edge-cloud resource partitioning.  Simulations
demonstrate  significant improvements, including 21.2%
energy reduction and 20% fewer task drops, compared to
conventional greedy and local execution strategies. The study
provides insights into latency-energy trade-offs, optimal task
scheduling, and scalable resource management in edge
networks.

B. Key Findings and Conclusion

The study demonstrates that the proposed greedy-
competitive algorithm significantly enhances edge computing
performance, achieving 21.2% energy reduction and 20%
lower latency compared to conventional methods. Dynamic
task offloading optimizes energy-delay trade-offs, particularly
excelling in high-bandwidth scenarios (e.g., 72Mbps), where
server-assisted approaches prove most efficient. While local
execution remains viable for low-energy operations (3—-6x10°
JIs), server offloading becomes essential for intensive
workloads. Notably, tasks with strict deadlines (<0.4ms)
require complete offloading due to mobile hardware

limitations (f d <1.5GHz), showcasing the system's
adaptability.
These findings validate that user-centric, dynamic

resource allocation—combining adaptive offloading, energy-
aware scheduling, and hybrid edge-cloud processing—delivers
balanced efficiency for latency-sensitive applications. The
results underscore the importance of real-time channel-state
adaptation and scalable solutions in multi-user edge
environments, paving the way for optimized performance in
next-generation computing systems.

C. Recommendations

To optimize edge computing performance, adaptive
thresholds should be implemented to dynamically shift tasks
between local and edge processing based on real-time channel
conditions, ensuring efficient resource utilization. Bandwidth
allocation must be prioritized for high-demand scenarios (e.g.,
72Mbps) to maximize energy-delay efficiency and maintain
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system responsiveness. Additionally, enhancing mobile device
hardware capabilities to support stricter deadlines (<0.4ms)
will reduce reliance on offloading, improving overall system
autonomy and performance. These measures collectively

enhance energy efficiency, reduce latency, and ensure robust
operation in dynamic edge environments.

D. Future Research Directions

Future research in edge computing should focus on multi-
edge collaboration to enable distributed task processing across
nodes, significantly reducing latency through parallel
execution. The integration of renewable energy sources like
solar and RF harvesting could enhance sustainability by
powering edge networks autonomously.  Al-driven
optimization techniques should be leveraged to enable
predictive resource allocation in ultra-dense network
environments, improving efficiency and QoS. Additionally,
exploring 5G/6G network synergy with edge computing will
be crucial to capitalize on next-generation bandwidth
improvements and ultra-low latency capabilities for emerging
applications. These directions collectively aim to advance the
scalability, sustainability and performance of edge computing
systems.

E. Article Highlights

= The study introduces a novel framework for resource
allocation in edge computing, focusing on minimizing
latency and energy consumption while maximizing
efficiency through dynamic task offloading and joint
communication-computation optimization.

= The proposed algorithm outperforms conventional
methods, achieving 21.2% energy reduction and 20%
fewer task drops, particularly in multi-user environments
with dynamic wireless conditions.

= The system supports partial, full, and local task
offloading, adapting to real-time channel conditions and
hardware limitations (e.g., mobile devices with CPU
frequencies <1.5GHz).

= Dynamic offloading balances energy efficiency and
latency, excelling at higher bandwidths (e.g., 72Mbps),
while local execution remains viable for low-energy
scenarios (3—6x10° J/s).

= Simulations demonstrate the framework’s ability to
handle high-load scenarios, with task completion times
improving as CPU cycles increase in edge servers.

= The study identifies key areas for future research,
including multi-edge collaboration, Al-driven
optimization, and integration with 5G/6G networks to
further enhance performance and sustainability.
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