(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 17, No. 6, 2026

A Modified Lyapunov-Based MEC Offloading
Algorithm for Severity-Aware QoS in 5G/B5G IoT

Systems
Modified Lyapunov-Based Severity-Aware QoS in 5G/B5G IoT Systems

Sahana S Reddy’, R. Sukumar
Department of Electronics and Communication Engineering, JAIN (Deemed to be University), Bengaluru, 560 034, India

Abstract—The rapid growth of latency-sensitive and
computation-intensive IoT applications in 5G and Beyond-5G
(B5G) networks has increased the demand for efficient Multi-
access Edge Computing (MEC) offloading strategies. Current
MEC frameworks have several limitations: 1) binary QoS
modeling without considering deadline violation severity, 2) a lack
of severity-aware optimization in IoT applications, 3) insufficient
consideration of different task criticality, and 4) poor handling of
dynamic latency and energy trade-off in large-scale IoT
environments. This study proposes a modified Lyapunov-based
severity-aware MEC offloading framework for heterogeneous
5G/B5G 10T systems. The proposed framework utilizes task
deadlines, task criticality, queue states, wireless channel
conditions, and MEC resource availability as input for adaptive
offloading optimization. A QoS Violation Severity Index is
introduced to jointly capture deadline violation magnitude and
task criticality. Furthermore, severity-aware virtual queues are
integrated with a modified Lyapunov Drift-Plus-Penalty
optimization framework to dynamically minimize QoS violation
severity while balancing latency and energy consumption.
Experimental evaluation demonstrates that the proposed
framework significantly reduces average task delay to 82 ms,
energy consumption to 6.0 mJ, and QoS violation rate to 4.8%,
while improving long-term system stability compared with
existing MEC offloading approaches in dynamic 5G/BSG IoT
environments.

Keywords—5G and Beyond-5G; multi-access edge computing;
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I. INTRODUCTION

The evolution of 5G and Beyond-5G (B5G) networks have
greatly improved the capabilities of the Internet of Things (IoT)
by facilitating ultra-reliable communication, massive device
connectivity and low-latency services [1]. These networks
enable real-time applications like smart healthcare, autonomous
transportation, industrial automation, intelligent surveillance,
and smart city infrastructures, which produce and process huge
amounts of heterogeneous data [2, 3]. To facilitate such latency-
sensitive applications, Multi-access Edge Computing (MEC)
has been embedded into 5G/B5G architectures to introduce
computation and storage to the end-users and thereby shorten
the communication latency and improve service responsiveness
[4, 5]. Although the 5G/B5G IoT technologies have made great
strides, modern network has still many challenges in operation
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and resource management [6]. The massive growth of connected
devices introduces network congestion, complexity of resource
allocation, and changes in traffic patterns, making the efficient
management of tasks highly challenging [7, 8]. Moreover, loT
devices also have limited battery power, computation capability,
and storage capacity, which increases the reliance on edge
servers [9, 10]. Furthermore, heterogeneous IoT applications
show a wide variety of Quality of Service (QoS) demands
related to latency, reliability, bandwidth, and energy efficiency,
making uniform resource management ineffective [11, 12].
Therefore, achieving reliable QoS under various latency, energy
consumption, and resource utilization constraints remains a
significant challenge in the modern 5G and B5G IoT
environments [13].

Several existing studies analyze MEC-based task offloading
and resource optimization techniques to improve QoS
performance in 5G and B5G IoT networks [14, 15]. For instance,
a joint optimization framework for energy consumption and
time delay in dependency-aware task offloading for 5G
applications was developed [16]. It used a Directed Acyclic
Graph (DAG) to analyze the dependencies between tasks and an
improved Particle Swarm Optimization (PSO) algorithm to
optimize task offloading decision and MEC server selection
optimization. To efficiently manage the task, a 5G-MEC task
offloading framework was developed, which minimizes
dropped task ratio, computational latency, and communication
latency through Mixed Integer Linear Programming (MILP),
PSO, and Genetic Algorithm (GA) [17]. Despite the progress,
several key research gaps remain. 1) Existing works usually
model QoS violations in a binary way without considering the
severity of deadline misses, making it ineffective in handling
latency-sensitive IoT applications [18,19]; 2) Most existing
schemes focus on optimizing average latency or energy
consumption rather than explicitly minimizing severe QoS
violations, which expose critical tasks to risks [20]; 3) Current
MEC offloading frameworks consider limited heterogeneous
task criticality, leading to unfair QoS degradation for high-
priority applications [21, 22]; 4) Many existing solutions assume
relatively homogeneous IoT environments and fail to effectively
address the diverse latency, reliability, and energy requirements
of large-scale heterogencous IoT applications in dynamic 5G
and B5G networks [23, 24]. To overcome these, the proposed
work develops a severity-aware MEC task offloading
framework for 5G and Beyond-5G IoT networks that minimizes
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severe QoS violations while balancing latency and energy
consumption for heterogeneous IoT applications. To achieve
this, a modified Lyapunov Drift-Plus-Penalty (LDPP)
optimization framework is developed to enable dynamic and
real-time offloading decisions by jointly stabilizing severity-
aware virtual queues and optimizing system performance under
varying network conditions. The key novelty of the proposed
framework is as follows:

Severity-Aware QoS Violation Modeling: A novel QoS
Violation Severity Index (QVSI) is proposed to quantify the
severity of the delay violation by combining the task criticality
and the magnitude of delay violation, overcoming the limitations
of traditional binary QoS models in 5G/B5G IoT networks.

Modified Lyapunov-Based Optimization Framework: A
severity-aware virtual queue model is incorporated into a
modified LDPP optimization framework to jointly minimize the
severity of QoS violation, LATENCY, and energy consumption
while ensuring long-term stability.

Adaptive MEC Offloading Decision Strategy: An intelligent
offloading mechanism is developed to dynamically select local
execution, MEC offloading, and cooperative MEC execution
based on the real-time queue states, channel conditions, and the
available MEC resources in the large-scale heterogeneous IoT
environment.

Efficient Support for Heterogeneous 5G/B5G IoT
Applications: The proposed framework effectively handles
heterogeneous IoT applications with different latency
requirements and criticality levels, while minimizing the
occurrence of severe QoS violations, deadline miss ratio,
latency, and energy consumption compared with existing MEC
offloading approaches.

The article is structured as follows. A review of the relevant
works is presented in Section II. Section III includes a detailed
process of the proposed approach for task offloading in MEC-
enabled IoT systems. Section IV exhibits the findings and
discussion, and Section V concludes with the findings of the
study.

II.  RELATED WORK

This section reviews the related work on existing MEC-
based task offloading and resource allocation methods in
5G/B5G IoT environments. Zhai et al. [25] modeled a task-
offloading scheme for hybrid edge computing networks, where
the tasks can be executed locally, offloaded to edge servers, or
forwarded to neighboring outgoing devices. It used Deep
Reinforcement Learning (DRL) with a Double Deep Q Network
(DDQN) algorithm to optimize the task offloading decisions,
reducing the overall task delay and prioritizing the high-priority
tasks. However, the framework mainly focused on delay-aware
offloading and priority scheduling, whereas the severity of QoS
violations, heterogeneous task criticality, and long-term queue
stability were not explicitly modeled in the optimization process.
Benbraika et al. [26] introduced the Hungarian Algorithm for
Task Offloading (HATO) for effective task scheduling in 5G-
enabled Vehicular Edge Computing (VEC) systems. The model
effectively distributed computational workloads, reduced delay,
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and improved task processing performance in autonomous
vehicles. However, the approach mainly depended on stable 5G
connectivity and central edge server support, which may affect
performance in highly dynamic real-time environments.

To balance the trade-off between energy consumption and
computation time, Alam et al. [27] introduced task offloading
and resource allocation for the Internet of Vehicles (IoV) using
PSO. The method improved QoS, reduced latency, and
minimized energy consumption during computational task
execution. However, the model was estimated under limited
network settings, and it could not capture task criticality during
offloading optimization, which limits its applicability to delay-
sensitive applications. Younis et al. [28] introduced an Energy-
Latency-aware Task Offloading and Approximate Computing
(ETORS) framework to optimize the trade-off between energy
consumption and latency using the Dual-Decomposition
Method (DDM). This framework intelligently balances the
energy consumption and shortened completion time by
processing the workloads without overloading. However, the
framework primarily focused on energy-latency trade-off
optimization ~without considering severity-aware QoS
degradation and long-term queue stability. Luo et al. [29]
introduced a joint task offloading and resource allocation
framework for MEC using the Lyapunov optimization with the
Potential Minimum Point (PMP) algorithm. The model achieved
increased QoS, lowered latency, balanced energy consumption,
and better system stability. However, the framework focused
mainly on resource optimization and system stability, while the
effect of deadline violation and differentiated QoS handling for
critical IoT tasks remains unexplored. Yang et al. [30]
introduced a Deep Reinforcement Learning-based Task
Offloading (DRTO) framework in MEC systems using Deep
Neural Networks (DNNs) and Reinforcement Learning (RL)
techniques. The method helped reduce task delay, improved
computation efficiency, and increased the speed of offloading
decisions under changing wireless network conditions.
However, the framework mainly focused on delay optimization
and could not jointly optimize QoS violation severity, latency,
and energy consumption under long-term queue stability
constraints in heterogeneous loT environments.

Mathi et al. [31] introduced a Distributed Collaborative
Learning Framework to detect Black Hole Attacks in the
Routing Protocol for Low-power and Lossy networks (RPL)
based Internet of Things (IoT) networks. The framework
reduces communication overhead, energy consumption, and
computational complexity. However, the framework is mainly
focused on detecting black hole attacks; performance in IoT
deployments cannot be discussed. Xiao and Dong [32]
introduced a lightweight CNN-based deep learning model for
graphic recognition in the Internet of Things (IoT) ecosystem.
The model was suitable for resource-limited IoT devices and
supports simultaneous graphic recognition applications.
However, the impact of varying network conditions and device
heterogeneity was not analyzed. Vidyaningtyas et al. [33]
introduced a Sequential Power Allocation (SePA) algorithm to
optimize power distribution within each sector. The method
minimizes intra-sector interference and improves power
efficiency, and the framework supports reliable communication
in high-density environments such as Internet of Things (IoT)
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networks. However, the machine learning-based optimization
techniques are not integrated.

Thus, by analyzing extensive research on MEC-based task
offloading and resource optimization in 5G and B5G IoT
networks. Existing approaches mainly focus on minimizing the
average latency, energy consumption, or overall task failure rate
without explicitly considering the severity of QoS violations.
Most existing approaches consider QoS satisfaction in a binary
manner and ignore the extent to which deadlines are missed,
which is critical for latency-sensitive and mission-critical IoT
applications. Moreover, there is a limited consideration of
heterogeneous task criticality and diverse QoS requirements,
leading to suboptimal and sometimes unfair resource allocation
for high-priority tasks. As a result, current MEC offloading
frameworks remain insufficient in effectively handling severe
QoS degradation under dynamic and large-scale IoT network
conditions. Therefore, the proposed framework develops a
severity-aware LDPP-based offloading algorithm that
minimizes severe QoS violations while balancing latency and
energy consumption.

Vol. 17, No. 6, 2026

III.  SYSTEM OVERVIEW

The proposed system considers a 5G/B5G-enabled MEC
architecture consisting of multiple heterogeneous IoT devices, a
5G/6G base station, and an edge server connected through
wireless communication links, as shown in Fig. 1. Each IoT
device creates computation-heavy and latency-sensitive tasks
that are stored in local task queues. The IoT devices have
different battery life, computing power, and QoS needs, making
the network highly dynamic and resource-constrained.
Depending on various wireless channel conditions, queue status,
task deadline, and device energy level, each task may be
processed locally on the IoT device or offloaded to the
MEC/edge cloud server for faster processing. The wireless
communications between the IoT devices and the MEC server
are represented through time-varying channel states, which
represent real-world network dynamics. To effectively provide
delay-sensitive and critical IoT applications in 5G/B5G
environments, the proposed framework introduces a severity-
aware task management scheme that measures the QoS
violation, optimizes offloading decisions adaptively to minimize
the latency, energy consumption, and service reliability.

MEC Server
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5G/B5G
Base Station

Wireless Link

<—> Offloading Link

—>  Task Arrival

D Battery Status

IoT Device 1 Iot Device 2 TIot Device k Iot Device N
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Edge Execution Edge Execution Local Execution Edge Execution
Fig. 1. System model for multi-access edge computing-assisted task offloading in heterogeneous 5G/B5G IoT environments.

A. Problem Formulation

The considered 5G/B5G MEC-enabled IoT system supports
multiple heterogeneous IoT devices that generate computation-
intensive and latency-sensitive tasks to be executed locally or
offloaded to the MEC server. The primary goal is to reduce the
QoS violation severity, latency, and energy consumption, while
maintaining long-term system stability under stochastic task
arrival. In contrast to traditional binary QoS models, a severity-
aware optimization framework is incorporated to account for the

magnitude of deadline misses and for task importance. The
optimal long-term problem is formulated as shown in Eq. (1).

min limy_,e, %Z?ﬂ E[ZN,(aS;(®) + BT (D) + vE:(D)] (1)

where, E[-] representing long-term average system behavior,
S;(t), T;(t), and E;(t) represent the severity of QoS violation,
latency and energy consumption, respectively, N is the total
number of IoT devices, T is the total simulation, and t is the
discrete time slot. The weighting factors a, 5, and y are such
that « + B + ¥ = 1, controlling the balance between severity,
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delay, and energy efficiency. System stability is guaranteed by
resource constraints as the sum of computation capacity of
MECs is bounded by Yy fi(t) < F™* and the sum of
communication bandwidths of MECs is bounded by
Yien bi(t) < B™¥* | The components f;(t) and b;(t) are the
allocated computing and bandwidth resources, and F™%* and
B™%* are the maximum capacities of computing and bandwidth,
respectively. To achieve long-term stability, the virtual queue
should be bounded as in Eq. (2).

limyosup 7 X1_1 E[Z,(£)] < 00 @)

where, Z;(t) is the severity-aware queue length. Lastly,
exactly one execution mode is chosen for each task, in which the
decision variables are binary. The problem is formulated as a
stochastic optimization problem that minimizes the severity of
the long-term QoS violations, the system latency, and the system
energy consumption under the system constraints.

B. Proposed Severity-Aware Offloading Framework

The proposed severity-aware MEC offloading framework
sequentially and iteratively operates to efficiently manage
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computation tasks in 5G/B5G IoT environments, as depicted in
Fig. 2. Initially, the IoT devices generate heterogeneous tasks,
characterized by data size, deadline constraints, and levels of
criticality. The system estimates the local execution and MEC
offloading delay, including transmission and computation for
each task. Based on these delays, the QVSI is calculated to
reflect the degree of possible violation of the deadlines while
incorporating task importance. The obtained severity values are
then used to update severity-aware virtual queues, which capture
the accumulated QoS degradation over time. These queue states
are then embedded in an LDPP optimization framework to
optimize latency, energy use, and severity-aware QoS
performance. This optimization dynamically switches between
local processing mode, MEC offloading mode, and cooperative
MEC execution mode based on the system conditions of each
task. The selected decisions are then implemented, and the
resulting delay and energy consumption are recorded for
performance assessment. Finally, the severity-aware queues are
updated based on the observed outcomes, and the process
repeats over the successive time slots, which makes real-time
adaptive and stable offloading decisions under the dynamic
network conditions.

Update Severity-Based

Compute QoS
pute Q Virtual Queues

Violation Severity

Offload to
\——{{) Nearest MEC
\‘\ server
\‘\ Offload to
\'E:- Cooperative
- l\zEC Lyapunov Drift-Plus-
Offloading Decision Penalty Optimization

Fig. 2. Architecture of the proposed severity-aware Lyapunov-based MEC offloading system for 5G/B5G IoT networks.

1) System initialization and task modelling: In the
considered 5G/B5G MEC enabled IoT environment, a
collection of heterogeneous IoT devices N = {1,2,...,N}
dynamically generates computation tasks over time. Every task
generated by the i-th device J;(t) is expressed as follows in Eq.

3).
T;(6) = {sf*e(t), D", C;} 3)
where, S7%(t) is the task size, D/™** is the deadline
constraint, and C; is the task criticality. The task criticality factor

C; represents the priority level of each IoT task and is assigned
based on the application type and service requirements. In the

proposed framework, C; is predefined at the time of task
generation and remains static throughout the task execution
process. Specifically, high-criticality tasks (e.g., URLLC-based
applications) are assigned higher weights, medium-criticality
tasks are assigned moderate weights, and low-criticality tasks
are assigned lower weights. This static assignment reflects the
inherent priority differences among heterogeneous IoT services
and ensures consistent severity-aware scheduling and offloading
decisions within the Lyapunov optimization framework. Each
task is initially stored in the local queue of each IoT device upon
arrival, and then a decision is taken to either execute or offload
the task. The local task dynamics at each device are modeled as
indicated in Eq. (4).
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Qi(t + 1) = max[Q;(t) — p;(t),0] + A; (1) “4)

where, Q;(t) is the queue backlog of the device i, 4;(t) is
the number of newly arrived tasks at the time slot t, u; (t) is the
number of tasks processed or offloaded at the time slot t, and
Q;(t + 1) is the updated queue backlog of ToT devices i at the
next time slot £ + 1. This queue formulation represents the
stochastic network conditions with dynamic arrival and service
processes of IoT tasks. The defined queueing model serves as
the foundation for subsequent severity-aware optimization and
Lyapunov-based offloading decisions in the proposed
framework.

2) Task characterization and delay estimation: For each
incoming task i , the system evaluates its execution
characteristics under two different modes: local execution and
MEC offloading [34]. The local execution delay D}°°(t) is
dependent on the computational power of the [oT device and is
represented as given in Eq. (5).

Sldata(t).k

L —
Di oc (t) = f»loc(t)
i

®)

where, S7*%(t) is the size of the task, k is the number of
CPU cycles needed per bit of data, and £;"°°(t) is the local CPU
frequency. In the case of MEC offloading, the overall delay
consists of the transmission delay and the edge computation
delay as indicated in Eq. (6).

DimeC(t) — Dl_tranS(t) + Diedge(t) (6)

where, D™*“(t) denotes total MEC offloading delay,
D}Ta"S(t) denotes uplink data transmission delay, and Dl.e dge ®
denotes the delay in data processing. The system chooses the
minimum possible delay based on the network condition,
channel state, and available resources. The resulting estimated
delay D;(t) is referred as shown in Eq. (7).

D,(t) = min (DI°(6), DI"*“(2) ) )

This process is subsequently applied in QoS violation
severity computation and offloading optimization decisions.

3) QoS violation severity modeling: In conventional MEC
offloading systems, QoS is generally considered in a binary
way, either a task meets or fails its deadline constraint.
However, such modeling fails to capture the extent of violation,
an important aspect in 5G/B5G IoT systems supporting
heterogeneous and latency-sensitive applications. To overcome
this limitation, the delay violation function V;(t) [35] of task i
at the time slot ¢t is defined as shown in Eq. (8).

Vi(8) = max(0, D;(t) — D"*) ®)

where, D; (t) is the actual or estimated time to complete the
task and D™** is the maximum permissible task completion
time. The function guarantees that only positive deadline
deviations are considered, and the penalty for non-violated tasks
is zero.

To further model heterogeneity in the IoT applications, each
task is given a criticality factor C; denoting the priority level and
importance of the task. By combining delay violation magnitude
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and the importance of the task, the QVSI [36] is defined as
follows in Eq. (9).

Si(t) = C; - Vi(0) ©)

where, S;(t) is the severity of the QoS violation of the task
i. The final severity model is given as follows in Eq. (10).

$i(6) = €;-max(0,D;(t) — D) (10)

A QoS violation is considered to occur when the task
completion delay exceeds its deadline, i.e., D;(t) > D/"**.
However, unlike conventional binary models, the proposed
framework does not treat QoS violation as a binary event.
Instead, the severity of the violation is quantified using the QVSI
S;(t), which jointly captures both the magnitude of deadline
violation and the task criticality. Therefore, although violation
detection is based on deadline exceeding, the decision-making
process is entirely driven by the severity value S;(t), rather than
a binary QoS indicator. This formulation makes it possible to
jointly consider the degree of violation of the deadline and the
criticality of the task in the system design. The proposed QVSI
serves as a key input for the Lyapunov-based optimization
framework by updating virtual queues according to the severity
and influencing real-time offloading decisions.

4) Severity-aware virtual queue construction: To guarantee
long-term QoS violation control, a severity-aware virtual queue
is introduced for each IoT device. The idea behind this virtual
queue is to redefine the problem of managing QoS violations as
a stochastic queue stability problem, allowing the use of
Lyapunov optimization for offloading decisions at real-time
[37].

In particular, let S;(t) be the QVSI for the task i in the time
slot t. The severity-based virtual queue evolution Z;(t + 1) is
defined as shown in Eq. (11).

Z;(t + 1) = max[Z;(t) + S;(t),0] (11)

where, Z;(t) represents the accumulated severity backlog of
the device i at time t with initial condition zero. The virtual
queue accumulates the QoS violation severity over time, such
that the higher the value indicates severe or persistent the
deadline violations. This allows prioritization of high-severity
tasks during scheduling and offloading decisions.

By including Z;(t) into the Lyapunov framework, the QoS
violation minimization problem is converted into a queue
stability problem. This enables real-time optimization of
latency, energy consumption, and severity-aware QoS
performance. This formulation dynamically penalizes
continually violated tasks and provides long-term stability of the
system with respect to its QoS.

5) Lyapunov drifi-plus-penalty formulation: The proposed
severity-aware MEC offloading framework minimizes the
long-term QoS violation severity by stabilizing the severity-
aware virtual queues, while simultaneously optimizing latency
and energy consumption through the penalty component of the
Lyapunov Drift-Plus-Penalty framework [38]. The system
stability is characterized using a Lyapunov function L(t)
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defined over the severity-aware virtual queues as shown in the
Eq. (12).

L(t) = >3, 22 () (12)

where, N is the number of the total IoT devices and Z;(t) is
the backlog of virtual queues for IoT device i at time ¢
determined by its severity. The term ZZ(t) helps to ensure
system stability by providing a higher penalty if the queue
backlog is larger.

To jointly optimize system performance and queue stability,
the one-slot conditional Lyapunov drift AL(t), is defined as
shown in Eq. (13).

AL(t) = E[L(t + 1) — L(t)|Z ()] (13)

where, L(t + 1) is the Lyapunov function value at the next
time slot t + 1 and E[-] denotes the expectation taken over the
system randomness, including the arrival of tasks, channel
variations, and offloading decisions.

The Lyapunov drift inherently captures the accumulated
QoS violation severity through the severity-aware virtual queue
Z;(t), whose evolution is governed by the QoS Violation
Severity Index S;(t) in Eq. (11). Therefore, minimizing the
Lyapunov drift implicitly minimizes the long-term QoS
violation severity. Consequently, the penalty term is introduced
only for latency and energy consumption, avoiding redundant

Vol. 17, No. 6, 2026

optimization of the severity objective. The resulting Drift-Plus-
Penalty (DPP) function is expressed in Eq. (14).

0, = AL(t) + V - E[AP(t) + uT (t)|Z(t)] (14)

where, O, represents the combined Lyapunov drift and
penalty function, P(t) = X, P;(t) represents total energy
consumption at time t, and T(t) = Y., T;(t) represents the
total task latency in the system. The parameter V >0
determines the trade-off between maintaining queue stability
and optimizing system performance, while A and 4 (1 + p = 1)
control the relative importance of latency and energy
consumption in the penalty term. Specifically, smaller values of
Vplace greater emphasis on stabilizing the severity-aware virtual
queues, thereby reducing long-term QoS violation severity,
whereas larger values prioritize the optimization of latency and
energy consumption. In this work, the value of V was selected
based on preliminary simulation experiments to achieve a
balanced trade-off between QoS violation severity, latency, and
energy consumption. Unlike the overall optimization objective
in Eq. (1), which considers QoS violation severity, latency, and
energy consumption, the Drift-Plus-Penalty formulation
optimizes the QoS violation severity implicitly through the
Lyapunov drift via the severity-aware virtual queues, while
latency and energy consumption are optimized explicitly
through the penalty term. Thus, the proposed optimization
remains fully consistent with the long-term objective while
enabling adaptive real-time MEC offloading in 5G/B5G loT
networks. This detailed process is shown in Fig. 3.
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Theoretical Stability Analysis: To theoretically justify the
long-term stability of the proposed severity-aware MEC
offloading framework, we analyze the system using Lyapunov
optimization under stochastic network conditions.

The following standard assumptions are considered: 1) task
arrivals follow a stochastic process with bounded first and
second moments, 2) wireless channel states are time-varying and
stochastic but remain bounded within a finite support, 3) task
sizes, computational workloads, and delay deadlines are finite
and bounded, and 4) system resources including computation
and communication capacities are finite and constrained as
defined in the system model.

Theorem 1 (Queue Stability Guarantee): Under the above
assumptions, the proposed severity-aware Lyapunov Drift-Plus-

\ QoS violations. J

Severity-aware Lyapunov Drift-Plus-Penalty (LDPP) optimization process in MEC-enabled 5G/B5G IoT networks.

Penalty (DPP) based offloading policy ensures that the severity-
aware virtual queues Z;(t) are mean-rate stable. Furthermore,
the time-average expected queue backlog remains bounded,
guaranteeing long-term stability of the MEC system under
stochastic task arrivals and time-varying wireless channel
conditions.

Proof:
The Lyapunov function is defined in Eq. (15).
1 @N
L)y =52, , 22 (15)
The conditional Lyapunov drift is given by Eq. (16).
AL(t) =E[L(t+1)—=L(@) | Z(t)] (16)
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Using the queue evolution, it is expressed as shown in Eq.

(17).

Z;(t + 1) = max[Z;(t) + S;(t),0] (17)
The drift can be upper-bounded as shown in Eq. (18).
AL(t) < B+ XL Z (OE[S; () 1 Z(1)] (18)

where, B is a finite constant due to bounded severity values.
The proposed DPP policy minimizes as expressed in Eq. (19).

AL(t) +V - E[AP(t) + uT(t) | Z(t)] (19)

This ensures that the Lyapunov drift is driven toward
stability while simultaneously optimizing latency and energy
consumption. Since the severity-aware virtual queue is updated
using bounded QVSI values, repeated minimization of the drift
guarantees that the time-average queue backlog remains finite,
as expressed in Eq. (20).

Jim 2 37 E[Zi(D)] < o (20)

which implies mean-rate stability of all virtual queues. Thus,

the proposed framework ensures long-term queue stability under

stochastic task arrivals and time-varying wireless channels while

jointly optimizing QoS violation severity, latency, and energy
consumption in real time.

6) Severity-aware offloading decision policy: Based on the
instantaneous system state, each IoT task chooses one of the
execution modes among local processing, MEC offloading, or
cooperative MEC execution. The decision is formulated as an
LDPP minimization problem that combines queue stability,
latency and energy consumption.

Let the three binary decision variables x/°¢(t), x["¢¢(t), and
x;°°P(t) for the three modes of execution. The constraint is
enforced by the system, which is represented by Eq. (21).

x6() + ")) + PP () = LV,EN Q1)

At each time slot t, the system solves the following
instantaneous optimization problem under the LDPP framework
as shown in Eq. (22).

min AL(t) +V -E[aE(t) + fT(t) | Z(t)]

2@ (0,7 (©)

(22)

subject to execution mode constraint (15), computation
resource constraint: Y. f;(t) < F™** communication bandwidth
constraint: Y.b;(t) < B™** | binary decision constraints:
xLOC(t), x™eC(t), x;°P (t) € {0,1}. Where Z(t) represents the
severity-aware virtual queue vector. Tasks with higher queue
backlog values Z;(t) are implicitly prioritized due to their
stronger contribution to the Lyapunov drift term. The optimal
decision is obtained by evaluating the drift-plus-penalty cost
corresponding to each execution mode and selecting the mode
that minimizes the objective function. This converts the long-
term stochastic optimization problem into a real-time per-slot
control policy suitable for dynamic 5G/BSG MEC
environments.
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In local execution, tasks are processed directly at the IoT
device using its available computational resources. In MEC
offloading, tasks are transmitted to the nearest edge server via
the base station for remote execution. In cooperative MEC
execution, tasks are partitioned into smaller subtasks and
distributed across multiple MEC servers according to their
current computational load and queue states. Coordination
among MEC servers is achieved through lightweight exchange
of control information, such as queue length and resource
availability, via an edge orchestration layer. This coordination
introduces negligible overhead compared to task execution time
and is not explicitly modeled in delay analysis. Inter-edge
communication is assumed to occur over a high-speed wired
backhaul, and its delay is incorporated into the overall MEC
execution delay while remaining significantly lower than
wireless transmission delay. The proposed approach
dynamically responds to channel conditions, queue states, and
task urgency, allowing real-time severity-aware offloading,
while reducing the severity of QoS wviolation, energy
consumption, and latency.

7) Task execution and system operation: After the
offloading decision x[°°(t) , x™°(t) , and x;°°P(t) is
determined, each task on the [oT is implemented based on the
selected mode. In the local execution mode, the tasks are
executed locally at the IoT device using its available
computational resources. In the MEC offloading mode, tasks
are transmitted to the nearest edge server via the base station,
while in the cooperative MEC mode, tasks are distributed
among multiple edge servers for load balancing. The overall
delay of the executions is controlled by a transmission delay
and a computation delay, depending on the mode used. Each
task requires a certain amount of energy given by Eq. (23).

E[*¢(¢),
Ef*(t) + E["°(t)

if executed locally

23
if of floaded to MEC 23)

Ei(t) = {

where, EF*(t) is the transmission energy, E/°°(t) is the
local computation energy, and E["*®°(t) is the energy
consumption at MEC. For cooperative MEC execution, the total
energy consumption is modeled as the sum of distributed
computation energy across participating MEC servers, along
with the corresponding (aggregated) communication cost among
them. Lastly, the proposed severity model is used to evaluate the
severity of QoS violation S;(t) to represent performance
degradation. All metrics are stored over time and evaluated the
system performance under the dynamic 5G/B5G IoT
environments.

8) Queue update and continuous operation: After task
execution, the severity-aware virtual queues are updated to
reflect the new observed level of QoS violations, which
increases the contribution of tasks with higher delays or
recurring violations to the future scheduling decisions. The
system operates in a continuous time-slot-based manner where
the arrival of IoT tasks, channel conditions, and resources
change dynamically over time. At every time slot, updates
value of the queues and system parameters are returned to the
Lyapunov-based optimization framework, allowing adaptive
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and real-time offloading decisions. This continuous feedback
mechanism ensures the proposed framework remains
responsive to the changing network conditions in 5G/B5G IoT
environments while maintaining the long-term stability of the
system. As a result, the system effectively balances the tradeoff
between latency, energy consumption, and severity-aware QoS
requirements, ensuring high performance in highly dynamic
and heterogeneous IoT workloads.

IV. EXPERIMENTAL ANALYSIS AND DISCUSSION

The simulation is implemented in a Python-based discrete-
time environment that models a 5G/B5G IoT network consisting
of 100 heterogeneous loT devices and 5 MEC servers over 1000
time slots. Each IoT device generates stochastic computation
tasks with varying task sizes, CPU cycle requirements, latency
deadlines, and criticality levels. The task arrivals are modeled
using a Poisson arrival process with an arrival rate ranging from
0.05 to 0.15 tasks/ms, which captures the stochastic nature of
heterogeneous IoT traffic. Task sizes are uniformly distributed
between 0.1 MB and 10 MB, while CPU cycle requirements and
latency deadlines are randomly assigned within the ranges listed
in Table I to represent diverse URLLC and mMTC applications.
The simulation primarily considers independent stochastic task
arrivals rather than bursty or temporally correlated traffic,
enabling a controlled evaluation of the proposed severity-aware
MEC offloading framework under heterogeneous workload
conditions. To ensure statistical reliability, all results are
obtained by performing multiple independent simulation runs
under identical settings, and the final reported values are
computed as the average over repeated trials with different
random seeds.

TABLE L. SYSTEM HYPERPARAMETERS USED IN THE PROPOSED
SEVERITY-AWARE MEC OFFLOADING IN 5G/B5G I0T ENVIRONMENT
Category Parameter Value

\% (drift ~ penalty
. 10
Lyapunov weight)
C}; n]t)r ol o (energy weight) 0.5
Parameters B (latency weight) 0.5
Queue update factor severity-based (QVSI)
QVSI
(Severity Criticality weights High=3, Medium=2, Low=1
Model)
Bandwidth 20 MHz
Network /| Transmission rate 100 Mbps
Commgmcatl Tx power 05W
on Settings ) WGN voical
Channel model stable . (typica
assumption)
IoT Device CPU 1 GHz
Compute MEC Server CPU 20 GHz
Resources MEC servers 5 nodes
Task arrival rate 0.05 — 0.15 tasks/ms
Task size 0.1 -10 MB
CPU cycles 0.5 — 2 GHz cycles equivalent
Task Model -
Deadline range 50 — 500 ms
Task types URLLC + mMTC mixed
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This approach captures system variability arising from
stochastic task arrivals, channel conditions, and queue
dynamics, and improves the robustness of the performance
evaluation. For each task, both local execution delay and MEC
execution delay, including transmission, computation, and
queueing delays, are estimated to emulate realistic MEC
operations. Table I details the parameters employed in the
experimental analysis.

A. Performance Evaluation of the Proposed Framework

The performance evaluation reveals that the proposed MEC
offloading mechanism with severity awareness results in
substantial improvements in terms of the various QoS metrics
and the efficiency of the system usage scenarios for the 5G/B5G
IoT environment. The system has an average task delay of 82ms
and a maximum worst-case delay of 280ms. This indicates that
the latency can be controlled even during high network traffic.

The 4.8% QOS violation rate confirms the effectiveness of
the QoS Violation Severity Index (QVSI) to reduce deadline
misses. The 98.5% SLA satisfaction rate shows reliable service
delivery for different IoT applications. The obtained system
throughput of 103 tasks per second shows strong scalability
when tasks are densely injected into the system. Energy
efficiency is also significantly improved, with an average
consumption of 6.0mJ per slot due to optimized Lyapunov drift-
plus-penalty control. The workload distribution of the CPU
between MEC (70%) and IoT devices (38%) shows effective
workload offloading and a lower burden on the IoT devices.

The Jain fairness index value of 0.955 indicates that the
resources are distributed fairly for the tasks. An offloading ratio
of 72% shows that most of the tasks get completed through the
utilization of MEC. The queue lengths are observed as stable,
being between 2.8 and 5.0, which suggests stability and
convergence in the network. This proves that the proposed
framework maintains controlled congestion and efficient long-
term operation.

1) Overall system performance evaluation:

Fig. 4 evaluates the proposed severity-aware Lyapunov-
based MEC offloading algorithm in 5G/B5G IoT networks.

Fig. 4(a) shows that the system throughput steadily
increases. This proves the efficiency of the framework to
manage tasks and improve resource efficiency.

Fig. 4(b) exhibits a steady decline in average energy
consumption per slot. This indicates the energy-efficient
offloading decisions.

Fig. 4(c) illustrates a decrease in QoS violation rate. It
validates the effectiveness of the proposed QVSI and severity-
aware optimization.

Fig. 4(d) represents a rapid rise in the task completion rate.
It proves improved reliability and latency control.

Fig. 4(e) shows a very high Jain’s Fairness Index, which
confirms fairness in resource sharing. The results prove that the
proposed framework successfully minimizes severe QoS
violations while improving throughput, energy efficiency,
reliability, and fairness in MEC-enabled 5SG/B5G IoT systems.
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Fig. 4. Performance evaluation of the proposed severity-aware Lyapunov MEC offloading framework: (a) system throughput, (b) average energy per slot, (c)QoS
violation rate, (d) task completion rate, and (e) Jain’s fairness index over time slots.
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Fig. 5. Convergence behavior of the proposed severity-aware Lyapunov
MEC offloading algorithm.

2) Convergence and queue stability analysis: Fig. 5 shows
how effectively the proposed severity-aware LDPP MEC
offloading approach converges in a SG/B5G IoT environment.
Initially, the system operates under overload conditions with a
high average task delay. As the optimization process
progresses, the severity-aware virtual queues stabilize. Hence,
the delay is significantly reduced as we move towards the
stability period. Finally, the system converges to a steady state
with minimal delay. This proves that the proposed approach
provides minimal task delays, stability, and effective MEC
offloading performance for heterogeneous IoT applications.

Fig. 6 depicts the normalized virtual queue length change
under the severity-aware Lyapunov MEC offloading framework
ina 5G/B5G IoT environment. When overload occurs, the queue
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rapidly increases because of the congestion and high task arrival
rate in the overload phase. As the Lyapunov Drift-Plus-Penalty
optimization becomes active, the queue length gradually
decreases and converges toward a stable low-backlog state.

80 1 === Queue Length (Normalized)
Phase 1: Congestion Build-up (0-70)
= gl) 60 4 Phase 2: Lyapunov Drift Active (70-200)
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Fig. 6. Convergence of severity-aware virtual queue length in the proposed
Lyapunov MEC framework.
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Fig. 7. Temporal reduction of deadline miss probability in the proposed
severity-aware MEC offloading framework.

The stabilization and final convergence points indicate good
queue stabilization and system stability. This validates the
proposed algorithm's ability to overcome congestion, to achieve
congestion-aware queue stabilization, and ensure reliable MEC
task scheduling under dynamic IoT workloads.

Fig. 7 depicts the assessment of the proposed severity-aware
Lyapunov-based MEC offloading method using the evaluation
of deadline miss probability over 1000 time slots in a 5G/B5G
IoT environment.

The system starts with relatively large deadline miss
probabilities due to large task arrivals and queue instabilities.
However, as the optimization framework adapts, the deadline
misses probability falls sharply in the strong reduction period. It
provides efficient decisions for task scheduling and offloading.
The system reaches the optimal high-reliability state after
around 400 time slots, with the probability of missing deadlines
kept below 5%. This shows that the proposed QVSI-based
approach reduces severe QoS violations. The results assure a
high reliability and stability level for heterogeneous and latency-
sensitive [oT systems. The performance of the proposed
severity-aware Lyapunov-based MEC offloading approach in
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mitigating the severity of QoS violation has been illustrated in
Fig. 8. The average value of QVSI is large in the beginning
because of heavy deadline violations.

N <
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Fig. 8. Convergence of average QoS violation severity (QVSI) and
reduction percentage over 1000 time slots.

3) QoS violation severity and reliability analysis: But it
rapidly decreases as the algorithm learns optimal offloading
decisions and prioritizes critical IoT tasks. Simultaneously, the
reduction percentage steadily increases from approaching near-
optimal performance. This proves the proposed framework
reduces severe QoS violations, stabilizes the system, and
improves service reliability for heterogeneous latency-sensitive
IoT applications in 5G/B5G MEC networks while maintaining
resource management. The distribution of [oT tasks is shown in
Fig. 9, according to different QVSI ranges in the proposed
severity-aware MEC framework.
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Fig. 9. Frequency distribution of QoS violation severity index (QVSI) across
IoT tasks in the proposed severity-aware Lyapunov-based MEC offloading
framework.

The majority of tasks are in the low-severity range (0-5),
which indicates that most tasks do not suffer from high or even
any deadline violations. The number of tasks decreases as the
QVSI level increases, with only a few tasks suffering from
severe QoS violations above 70. This shows the capability of the
proposed Lyapunov-based MEC offloading algorithm in
mitigating critical cases of deadline misses and prioritizing
critical IoT tasks in congested 5G/B5G network environments.

4) Delay performance analysis under dynamic network
conditions: Fig. 10 shows the average task delay for executing
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the task locally and offloading it to the MEC in 5SG/B5G loT
networks for different network loads. As the level of network
load increases from low load to maximum congestion, the delay
of local execution rises from 380ms to 620ms due to limited
resource capabilities. In comparison, MEC offloading has
lower delays, which grow incrementally from 120ms to 210ms.
This shows that MEC-enabled offloading effectively reduces
latency and improves the QoS performance under heavy traffic
conditions, thus supporting latency-sensitive and critical IoT
applications.
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Fig. 10. Performance comparison of local computing, MEC offloading, and
proposed severity-aware Lyapunov MEC offloading algorithm in terms of
average delay under increasing network load.

g 600 - Local Execution
- MEC Offloading
>
S
8 400 -
5]
50
g
:% 200 1
R q (i} )Y
w1020 (01030 L 108G 1020 estio
LOW Nredint® o yig) Very \\\%Yea\‘ cond
Scenario

Fig. 11. Average delay comparison between local execution and MEC
offloading under different network load conditions.

Fig. 11 shows the average task delay versus the increasing
network load for Local Only, MEC Only, and the proposed
Lyapunov scheme. The delay of all schemes increases with the
network load due to congestion and limited resources. The Local
Only scheme has the largest delay due to the low processing
capability of IoT devices. The MEC-only scheme reduces the
delay using the edge servers but still suffers from the heavy load.
The proposed severity-aware Lyapunov algorithm achieves the
lowest delay by intelligently balancing local execution and MEC
offloading while prioritizing critical tasks. This proves that the
proposed framework provides better QoS and latency
performance in 5G/B5G IoT networks.

Fig. 12 depicts the delay variation of critical and non-critical
IoT tasks over different time slots with the proposed framework.
At first, the critical tasks suffer from higher delay due to their
strict QoS requirement and higher processing priority, but as
time progresses, the delays for both types of tasks are
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significantly reduced due to the severity-aware Lyapunov
optimization that efficiently handles the queue congestion and
resource allocation. The delay gap between critical and non-
critical tasks also reduces over time, which depicts fair and
stable scheduling.

600

=@=(ritical Tasks Delay
=== Non-Critical Tasks Delay

Delay (ms)

40 150 400 600 800 1000

Time Slot
Fig. 12. Delay performance comparison between critical and non-critical IoT

tasks over time slots using the proposed severity-aware Lyapunov MEC
offloading framework in 5G/B5G networks.

This validates the effectiveness of the proposed algorithm to
prioritize critical tasks while simultaneously maintaining the
overall QoS stability and low latency in 5G/B5G IoT networks.
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Fig. 13. Impact of network congestion levels on average end-to-end delay in
the proposed severity-aware MEC offloading framework for 5G/B5G IoT
networks.

Fig. 13 shows how the average end-to-end delay increases
with network load under low, moderate, and high congestion
conditions. In low congestion, the delays will be kept to a
minimum due to abundant network and MEC resources. With an
increase in congestion in terms of low, medium, and high, the
delay will increase because of the increased queue formation,
transmission delays, and scarcity of resources. The sudden jump
towards the point where the network is full denotes the impact
of heavy congestion on the QoS. This proves network
congestion affects delay and demonstrates the importance of the
proposed severity-aware Lyapunov MEC oftfloading framework
in managing congestion and maintaining QoS in 5G/B5G IoT
systems.

5) Energy efficiency analysis: Fig. 14 compares the
comparison between the energy consumption for computation
and transmission of the Local offloading, the conventional
MEC, and the newly proposed severity aware MEC offloading

485|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

strategy. The results show that local execution consumes the
highest computation energy (18.5mJ), while the proposed
method reduces both computation and transmission energy
compared to conventional MEC. This proves that the modified
Lyapunov-based  severity-aware  offloading  algorithm
efficiently balances local processing and MEC offloading
decisions, minimizing overall energy consumption while
maintaining QoS requirements for heterogeneous 5G/B5G loT
applications.
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Fig. 14. Energy consumption comparison of local execution, conventional
MEC, and proposed severity-aware MEC offloading method.

6) Sensitivity analysis: Table Il presents a sensitivity
analysis of the Lyapunov control parameter ¥V on key
performance metrics, including average task delay, energy
consumption, QoS violation rate, and Jain’s fairness index. As
V increases from 1 to 50, the system achieves improved energy
efficiency and reduced QoS violation rates due to stronger
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emphasis on penalty optimization in the Drift-Plus-Penalty
framework.

TABLEII. SENSITIVITY ANALYSI?/ OF LYAPUNOV CONTROL PARAMETER
Average Energy QoS Jain’s
V Value | Task Delay Consumption Violation Fairness
(ms) (mJ) Rate (%) Index
1 96 6.8 7.1 0.931
5 88 6.3 5.6 0.944
10 82 6.0 4.8 0.955
20 80 5.9 4.6 0.952
50 79 5.8 4.5 0.947
However, higher values of V slightly affect delay

performance and fairness after a threshold, indicating a trade-off
between latency minimization and system stability. The results
demonstrate that V = 10-20 provides a balanced performance
across all metrics.

B. Ablation Analysis

Table III evaluates the contribution of each major
component of the proposed severity-aware MEC offloading
framework. Different models are compared with the complete
MEC offloading framework. The removal of the QVSI variant
shows higher delay, energy consumption, and QoS violation
rate, which proves the significance of the QVSI for quantifying
and minimizing severe deadline violations. Likewise, removing
virtual queues based on severity causes an improvement in
throughput and fairness, highlighting that severity queue
modeling improves the stability of a virtual queue and prioritizes
critical tasks.

TABLE III.  ABLATION ANALYSIS OF THE PROPOSED SEVERITY-AWARE MEC OFFLOADING FRAMEWORK IN 5G/B5G IOT NETWORKS
. Average Task System Throughput Average Energy Jain’s Fairness QoS Violation Rate
Method Variant Delay (ms) (tasks/sec) Consumption (mJ) Index (%)
w/o QVSI 105.0+5.8 88.0+£3.2 7.8+£0.4 0.910+0.010 9.5+0.7
w/o Severity Queues 112.0+6.1 85.0+3.0 82+0.5 0.895+0.012 11.2+0.8
w/o LDPP 128.0+7.0 79.0+3.5 9.6+0.6 0.860 +0.015 148+1.0
w/o Task Criticality 118.0+6.5 83.0+3.1 8.7+0.5 0.882+0.011 12.6 £0.9
Local Execution Only 155.0+8.2 65.0+£2.8 125+0.8 0.790 +£0.018 220+£1.3
Full Proposed Model 82.0 + 4.6 103.0 +3.4 6.0 +0.3 0.955 £ 0.008 4.8+0.5
By removing the LDPP configuration, the worst the highest throughput, the lowest delay, improved fairness, and

performance is obtained among the algorithmic variants in terms
of delay and QoS violation rate, showing that the optimal
configuration of LDPP is a crucial and effective component for
efficient online offloading and resource management. Without
the Task Criticality model, performance begins to drop
significantly, especially in fairness and QoS violation rate,
indicating the significance of addressing heterogeneous task
priority in latency-sensitive IoT applications. The Local
Execution Only baseline also suffers from the highest delay,
energy consumption, and QoS violations as tasks are executed
only on IoT devices without the support of MEC, causing
resource congestion and inefficient task execution. In contrast,
the full proposed model achieves the highest energy efficiency,

a minimal QoS violation rate. These results show that the
combination of using QVSI, severity-aware queues, Lyapunov
optimization, and task criticality improves the reliability and
QoS performance in 5G/B5G MEC-supported loT networks.

C. Comparative Analysis

To ensure a fair comparison, all existing methods are
implemented under identical simulation settings as the proposed
framework. Table IV shows a comparison between the proposed
severity-aware MEC offloading framework and existing state-
of-the-art methods in terms of task delay, throughput, energy
consumption, fairness, and QoS violation rate in SG/B5G IoT
networks. The results indicate that the traditional methods, such
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as DRL-DDQN, HATO, PSO, Lyapunov optimization with
PMP, and DNNs-RL, result in moderate performance gains, but
still incur high latency and QoS violations due to limited
accounting for the severity of the violation and the criticality of
the task. Conversely, the proposed method achieves the lowest
average task delay (82ms), minimum energy consumption
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(6.0mJ), the highest throughput (103 tasks/sec), and the best
fairness index (0.955), and also reduces the rate of violation of
QoS to 4.8%. The improvements demonstrate that the proposed
framework enables more efficient and reliable MEC task
offloading in 5G/B5G environments for heterogeneous and
latency-sensitive [oT applications.

TABLEIV. COMPARATIVE PERFORMANCE ANALYSIS OF THE PROPOSED SEVERITY-AWARE MEC OFFLOADING METHOD AGAINST EXISTING APPROACHES
Average System Average Ener: Jain’s Fairness QoS Violation
Reference Method Task Delay Throughput ge ! sy o
Consumption (mJ) Index Rate (%)
(ms) (tasks/sec)
Zhai et al. [25] (2024) DRL-DDQN 95.0+5.2 92.0+3.0 72+04 0.920 + 0.009 8.5+0.6
Benbraika et al. [26] (2024) HATO 110.0 + 6.0 85.0+2.9 8.5+0.5 0.900 +0.011 11.0+0.8
Alam et al. [27] (2024) PSO 108.0+5.8 87.0+3.1 8.1+04 0.905+0.010 10.2+0.7
Lyapunov optimization
Luo et al. [29] (2025) with PMP algorithm 100.0 +5.5 90.0+3.0 7.6+£04 0.915 + 0.009 9.0+ 0.6
Yang et al. [30] (2024) DNNs-RL 92.0+5.0 94.0+3.2 7.0+£0.3 0.925 +0.008 7.8+0.5
Proposed LDPP 82.0 +4.6 103.0 +3.4 6.0+0.3 0.955 £ 0.008 4.8+0.5

D. Discussion

The complex environment of 5G and B5G IoT introduces
significant challenges in designing an efficient and reliable
MEC task offloading strategy. Current frameworks mainly use
binary models of QoS evaluation, which do not consider task
performance as being either satisfied or violated. This approach
fails to capture the level of deadline violations, especially for
latency-sensitive and mission-critical IoT applications.
Furthermore, most of the conventional approaches consider
optimizing mean QoS metrics without the explicit consideration
of extreme QoS degradation scenarios. Moreover, lack of
information about task heterogeneity, in particular the criticality
of the tasks, often leads to unfair scheduling decisions and poor
performance of high-priority tasks. The dynamic nature of
networks, such as varying wireless channels, computation loads,
and resource-limited IoT devices, further complicates efficient
task offloading and requires relying on static decision-making
strategies in real-world MEC systems. To tackle these
challenges, this study introduces a severity-aware MEC task
offloading framework for heterogeneous 5G/B5G IoT
environments. The main idea is to introduce a QVSI that not
only estimates whether a task misses its deadline but also the
magnitude of the violation, while including task criticality in the
evaluation process. This achieves a more realistic representation
of QoS degradation in the real IoT scenario. Moreover, a
severity-aware virtual queue model is designed to capture
system backlog as violation intensity instead of just tasks,
enabling fine-grained control of system stability. These
components are combined in a modified LDPP optimization
framework to allow real-time and adaptive offloading decisions.
The framework jointly minimizes latency, energy, and QoS
violation severity while ensuring long-term stability of queues
under dynamic network conditions.

The proposed objectives are verified by extensive simulation
experiments conducted in a Python-based discrete-time MEC
environment. The results show that the framework has
significant improvements in system performance across various
metrics. The average task delay is decreased to 82ms, and the
mean energy consumption is minimized to 6.0ml/slot. The

deadline miss rate is significantly reduced to 4.8%, indicating an
effective deadline miss mitigation. Moreover, the system
achieves an efficient and fair performance with a Jain’s fairness
index of 0.955 and a throughput of 103 tasks/second among the
heterogeneous IoT devices. The QoS violation severity is
reduced by about 97%, confirming good convergence
performance and the effectiveness of the severity-aware
Lyapunov optimization mechanism in reducing the severity of
the QoS violation under various workloads.

Overall, these results validate that the proposed model
achieves its objectives of minimizing severe QoS violations
while optimizing latency, energy efficiency, and fairness.
However, the proposed framework relies on accurate knowledge
of system state information, such as channel conditions, task
characteristics, and computational requirements, which may not
always be fully reliable in highly dynamic or partially
observable environments. In addition, the current study assumes
an AWGN-based communication model for performance
evaluation, which provides a simplified and controlled baseline
but does not capture realistic wireless fading dynamics in
practical 5G/B5G systems. Future work could include the
application of learning techniques such as deep reinforcement
learning (DRL) or federated learning to improve adaptability
under uncertainty and incomplete system information.
Moreover, the framework can be extended to more realistic
wireless channel models such as Rayleigh and Rician fading, as
well as real-world edge computing testbeds. Mobility-aware and
energy harvesting [oT models can also be incorporated to further
enhance the applicability, robustness, and practical utility of the
proposed framework for future 5G/B5G networks.

V. CONCLUSION

This work proposes a severity-aware MEC task offloading
framework for 5G/B5G IoT that effectively resolves the
limitations of the conventional binary QoS and non-criticality-
aware task offloading methods. The framework introduces a
QVSI and severity-aware virtual queuing integrated with a
modified LDPP optimization model for real-time adaptive
offloading decisions. This allows joint optimization of latency,

487 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

energy, and violation of QoS, and ensures stability of the system
under dynamic network conditions. The excellent performance
of the proposed approach is confirmed through simulation,
where the average task delay is 82 ms, the energy consumption
per slot is 6.0 mJ, the violation of the QoS of 4.8%, the system
throughput is 103 tasks/sec, and the fairness index is 0.955. The
significant decrease in QoS severity of violation illustrates
strong convergence and reliability. Overall, the proposed
framework ensures efficient, stable, and severity-aware resource
allocation in MEC-enabled 5G/B5G IoT, offering a promising
solution for future intelligent edge computing applications.
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