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Abstract

Resource-constrained Multi-Access Edge Computing (MEC) nodes cannot fully replace
cloud infrastructure, yet existing service placement models treat edge hosting as an all-
or-nothing decision. This paper proposes a queueing-theoretic framework for split-user
offloading in hybrid MEC—cloud environments. The system is modeled as a Continuous-
Time Markov Chain (CTMC) over a load-vector state space that admits a product-form
stationary distribution. A delay-aware greedy orchestration policy determines, at every
arrival and departure event, which service occupies the MEC node and how many of
its users are offloaded from the cloud. Closed-form expressions are derived for average
end-to-end (E2E) delay, MEC occupancy and saturation probabilities, per-service hosting
probabilities, and delay-saving indicators. Numerical analysis of a five-service industrial
scenario shows that the proposed split-user mechanism keeps the MEC node occupied for
most of the observation time (around 97% at the baseline load), naturally prioritizes services
with the largest aggregate latency benefit, and substantially reduces the average delay
compared with a cloud-only configuration. The analytical results are validated by discrete-
event simulation, which matches the CTMC values with relative discrepancy below 1%
under the Poisson/exponential assumptions; additional simulations quantify the sensitivity
to alternative arrival and service-time distributions. The framework provides analytically
tractable, interpretable decision logic with negligible runtime overhead, making it a suitable
analytical foundation for cloud service orchestration platforms that must meet strict QoS
targets in next-generation edge networks.

Keywords: cloud-edge orchestration; split-user offloading; service migration, MEC—
cloud systems; queueing theory; CTMC; delay optimization; resource allocation; next-
generation networks

1. Introduction

Networks will fundamentally transform digital ecosystems by delivering unprece-
dented data rates, ultra-low latency, and intelligent resource orchestration. To support
emerging applications such as extended reality, autonomous systems, and real-time indus-
trial automation, multi-access edge computing (MEC) has emerged as a critical architectural
paradigm that extends cloud-like capabilities to the network edge [1,2]. As communication
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infrastructures evolve beyond 5G, decentralization of computational resources becomes
increasingly essential to meet stringent quality of service (QoS) requirements [2,3]. By
deploying computing resources in close proximity to end-users, MEC significantly reduces
latency and enhances overall network efficiency [3].

The fundamental distinction between MEC and traditional cloud computing lies
in their topological organization. Cloud computing relies on centralized, often remote
data centers, where service provisioning management involves sophisticated semantic
and data-driven frameworks [4,5]. MEC, by contrast, employs a distributed network of
edge nodes geographically near users. This proximity is indispensable for latency-sensitive
applications, including immersive media, smart city services, and mission-critical industrial
operations [2,6]. Service migration—the process of relocating a running service or its state
between computational nodes—serves as a key mechanism to maintain QoS adherence and
optimize resource utilization under dynamic conditions [7,8]. Unlike in cloud environments,
where migration primarily targets load balancing and cost reduction, MEC migration must
prioritize latency reduction and real-time performance guarantees [7,9].

Recent studies have explored adaptive migration strategies using machine learning
and deep reinforcement learning (DRL) [10-12]. However, most existing models adopt
an all-or-nothing approach, assuming that a service resides entirely either in the cloud or
at the edge at any given time [7,8]. This assumption overlooks the benefits of split-user
offloading, wherein a service’s user base is dynamically partitioned between the edge and
the cloud. Furthermore, DRL-based approaches operate as black boxes and lack closed-form
performance guarantees, which hinders their deployment in systems requiring auditable,
low-overhead control logic. As data-driven decision support approaches gain traction in
cloud-based service provisioning [5], the need for rigorous analytical models of hybrid
edge—cloud systems becomes particularly acute. Queueing theory provides a powerful
mathematical foundation for modeling and optimizing such systems [13,14], offering
tractable tools to evaluate performance metrics and design efficient resource management
strategies under uncertainty. To the best of our knowledge, no existing work provides a
continuous-time Markov chain (CTMC)-based model that simultaneously captures split-
user offloading and an explicit delay-aware migration policy in a hybrid MEC—cloud
system—the precise gap this paper addresses.

A related but different line of research considers task-level offloading between mobile
devices and MEC servers. In such models, a computational task generated by a user may
be executed locally, offloaded to the MEC, or split between local and edge resources, often
under wireless-channel and energy constraints. Examples include energy-latency trade-off
optimization in MEC networks, IRS-aided binary offloading, and RIS-aided cooperative
MEC systems [15-17]. These studies operate mainly at the device-edge computation layer.
In contrast, the present paper considers the MEC—cloud orchestration layer: individual
user sessions are not divided into local and edge subtasks; instead, the population of users
of the same service is split between a local MEC node and the corresponding cloud path.
Therefore, the local/MEC split and the MEC/Cloud split address complementary levels of
the offloading problem.

In this paper, we propose a queueing-theoretic framework for adaptive service migra-
tion in hybrid MEC—cloud environments with split-user offloading capability. The system
comprises a resource-constrained MEC node and multiple remote cloud instances, each
permanently hosting a dedicated service. A distinctive feature of the model is the ability to
dynamically offload a subset of a service’s users from the cloud to the MEC node, while
the MEC node hosts users from only one service at a time. Building upon our earlier
work [18,19], this paper establishes a rigorous mathematical foundation for analyzing hy-
brid MEC—cloud systems with adaptive split-user migration. Practical deployments require
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consideration of additional factors such as migration overhead, heterogeneous network
conditions, and multi-node edge environments; however, a solid analytical framework is
essential for systematic exploration of fundamental system properties before addressing
these applied challenges.

The main contributions of our study are as follows:

1. We propose a hybrid MEC—cloud queueing model that formalizes split-user offloading
and a delay-aware greedy orchestration policy, which determines at every arrival and
departure event which service is active at the MEC node and how many of its users
are offloaded from the cloud.

2. We prove that the stationary distribution of the underlying CTMC admits a product-
form solution that decouples across services, and derive closed-form expressions
for the mean end-to-end (E2E) delay, per-service MEC hosting probability, MEC
occupancy/saturation, and delay-saving indicators.

3.  We validate the closed-form expressions using a discrete-event simulation (DES),
extend the numerical evaluation to a heterogeneous five-service industrial MEC—
cloud scenario, compare the proposed split-user offloading policy with a cloud-only
baseline, and examine the sensitivity of the results to alternative arrival and service-
time distributions.

In contrast to monolithic migration, where a service is moved to the edge as a whole,
the proposed split-user mechanism allows only a capacity-limited subset of users of the
selected service to be served at the MEC, while the remaining users continue to be served
by the cloud.

The remainder of this paper is organized as follows: Section 2 reviews related work on
MEC service migration, orchestration policies, and analytical queueing models. Section 3
details the system model and the proposed migration policy. Section 4 develops the
queueing model and derives closed-form performance metrics. Section 5 presents numerical
results and discusses practical implications and limitations. Section 6 concludes this paper
and outlines future research directions.

2. Related Work

In this section, we review the literature relevant to the proposed framework across
three thematic areas: service migration in MEC—cloud architectures, orchestration and
offloading policies based on artificial intelligence (Al) and game-theoretic methods, and
analytical queueing models for edge computing performance evaluation. Each area is ex-
amined in turn, culminating in the identification of the gap that the present work addresses.

2.1. MEC Service Migration

The foundational principle of MEC involves decentralizing computational resources
from centralized data centers to the network edge [1,2]. This shift is critical for meeting
the ultra-low latency and high-reliability demands of applications such as autonomous
vehicles, the industrial Internet of Things (IoT), and extended reality [2,6]. The European
Telecommunications Standards Institute (ETSI) has standardized the MEC framework and
reference architecture [1] and has defined an Application Mobility Service (AMS) applica-
tion programming interface (API) to support service continuity under user mobility [9].

While MEC primarily focuses on a flat architecture with computing resources de-
ployed at the network edge close to base stations [2], fog computing extends this concept
by introducing a hierarchical, multi-tier structure that places intermediate fog nodes be-
tween end devices and the cloud. This multi-layer approach enables more flexible resource
distribution, better scalability for massive IoT deployments, and enhanced support for
location-aware, delay-sensitive services [20,21]. Fog architectures are particularly advanta-
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geous for applications requiring distributed intelligence, such as telepresence, vehicular
networks, and industrial IoT [21,22]. Recent works have explored fog-enabled testbeds for
next-generation microservices [23] and cross-layer multipath routing for live microservice
migration [24].

Within this architecture, service migration emerges as a primary mechanism for
maintaining performance under dynamic conditions such as user mobility and fluctuating
load [7,8,25]. A comprehensive survey of service migration strategies in MEC, covering
trigger mechanisms, migration targets, and performance trade-offs, is provided in [7]. Early
migration strategies were often monolithic, treating a service as an indivisible unit that
must reside entirely either in the cloud or at a single edge node [8]. While this simplifies
management, it causes inefficient resource utilization when a resource-constrained edge
node cannot accommodate an entire service but could beneficially host a subset of its users.
More recent works have begun to challenge this paradigm: a hysteresis-based approach to
migration decisions is presented in [26], application-aware migration of video services in
MEC environments is examined in [27], and a proactive migration strategy for 5G-enabled
vehicular networks is introduced in [25]. These works collectively motivate the need for
analytical models that go beyond monolithic placement.

2.2. Orchestration Policies

Orchestration in hybrid edge—cloud environments involves complex decision-making:
when to migrate, which service to prioritize, and where to place computational load.
Research has increasingly turned to data-driven and Al-based methods to tackle this
complexity [28]. Dynamic resource allocation and network slicing strategies have been
studied for cloud-radio access network (RAN) environments [29], and federated learning
has been applied to joint radio/MEC resource management in open RAN architectures [30].

A significant body of work employs RL and DRL to create adaptive policies that react to
changing network states. A DRL-based approach for service migration in MEC is developed
in [10]; online service placement with joint computation resource allocation using DRL is
studied in [11]; and joint service migration and resource allocation for edge IoT systems
using a long short-term memory-based proximal deep Q-network is proposed in [12].
Other approaches formulate the problem as a Markov decision process [31] or apply game-
theoretic frameworks to model strategic interactions among edge nodes and users [32].
Multi-agent fog service placement approaches have extended these ideas to hierarchical
edge-fog topologies [33], and exact algorithms for task offloading with service caching and
dependency have been developed [34]. While these methods show promise in handling
complexity and uncertainty, they often operate as black boxes, lacking interpretability and
closed-form performance guarantees, while their training and inference overhead may
be prohibitive for resource-constrained edge nodes. In contrast, the policy proposed in
this paper is an interpretable, delay-aware greedy rule that provides analytically defined
decision logic with a minimal computational footprint—properties directly relevant to
cloud orchestration frameworks requiring auditable, low-overhead control logic.

2.3. Analytical Queueing Models for MEC

Queueing theory provides a rigorous mathematical foundation for analyzing MEC sys-
tems, where user arrivals and service times are inherently random. A Markovian queueing
model with reneging for delay-constrained data offloading in an integrated cloud—fog—
edge system is presented in [14], deriving closed-form expressions for blocking probability
and mean delay. Performance modeling of vehicular edge computing with bursty task
arrivals is addressed in [35] using a Markov Modulated Poisson Process (MMPP), while a
worst-case performance analysis using stochastic network calculus is developed in [36],
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providing delay bounds for mobile vehicular applications. An analytical queueing model
for computation offloading with multiple heterogeneous MEC servers is studied in [13],
the most closely related to the present work: it derives exact performance metrics for a
multi-server MEC setting but does not consider service migration or split-user offloading.
Non-product-form queueing network models for multi-class 5G chains are analyzed in [37];
by contrast, our model achieves a product-form stationary distribution, enabling more
efficient closed-form computation.

Existing queueing models for MEC either retain the monolithic service assumption
or model migration as a complete transfer of all users belonging to a service. This paper
integrates insights from all three strands reviewed above: it formalizes the split-user
offloading concept from the architectural perspective, achieves delay minimization through
a lightweight analytical policy rather than complex Al, and extends the CTMC framework
to a novel state space that admits a product-form stationary distribution. To the best of our
knowledge, no prior work provides a CTMC-based analytical model that simultaneously
captures split-user offloading and an explicit delay-aware migration policy in a hybrid
MEC-cloud system—a gap the present paper fills.

3. System Model

In this section, we formalize the hybrid MEC—cloud architecture and define the mi-
gration policy that governs user placement. We first describe the system architecture and
its key assumptions, then introduce the delay model and the QoS objective that motivates
the migration decisions, and finally specify the delay-aware greedy orchestration policy,
including its triggering conditions and migration logic.

3.1. System Architecture

This work considers a hybrid computing system consisting of a single resource-
constrained MEC node and K remote cloud instances, one per service class. Let
K ={1,...,K} denote the set of services. Each service k € K is permanently hosted
by a dedicated cloud instance with bandwidth capacity Ck.

This architecture is used as a focused abstraction of an industrial edge deployment in
which one local MEC node is attached to several existing back-end cloud services, such as
control, telemetry, rendering, or analytics services. The single-MEC assumption isolates the
main bottleneck considered in this paper: how a limited edge resource should be shared
between heterogeneous service classes. A multi-MEC topology with inter-edge migration is
an important extension, but it would introduce additional routing and association decisions
beyond the scope of the present CTMC model.

The dedicated-cloud-per-service representation should be interpreted as a per-class
cloud path with its own capacity and effective delay, rather than as a restriction that
a physical cloud platform can run only one service. In practice, these parameters can
represent logically separated service backends or isolated cloud slices. A shared elastic
cloud can be incorporated in future work by making C; and dj state-dependent.

The MEC node has a limited bandwidth capacity Cy and can simultaneously serve
users of only one active service s € {0} U K, where s = 0 denotes the idle state. For the
active service s, exactly m of its users are placed on the MEC node, while the remaining
ns — m users of that service continue to be served by the corresponding cloud instance;
users of all other services k # s reside entirely in their respective clouds. This splitting
of a service’s user base between the edge and the cloud is referred to as the split-user
offloading mechanism.

Users of each service k arrive according to a Poisson process with rate Ay 1/s and
have exponentially distributed service times with mean 1/ s, independently of their
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placement. When placed on the MEC, each user of service k occupies a fixed bandwidth

by bps; cloud users consume no MEC resources. The maximum number of users that can

be simultaneously hosted on the MEC for service s is M; = |Cy/bs], and the maximum

cloud capacity for service k is Ny = | Cx /by |. The cloud always retains sufficient capacity

to accept users already admitted to the system when they are reassigned from the MEC

back to the cloud. New arrivals, however, are admitted only while n; < Nj; otherwise,

they are rejected by the finite admission bound introduced in assumption (A3). The main

notation is summarized in Table 1.

Table 1. Main notation.

Parameter Description

K Number of services and cloud instances
K={1,...,K}  Setof services

Co Bandwidth capacity of the MEC node, bps

Cx Bandwidth capacity of the k-th cloud, bps

by Bandwidth requirement per user for service k, bps
M; = |Co/bs] Maximum MEC capacity for service s

Ny = | Cr/ by Maximum cloud capacity for service k

Ak Arrival rate for service k, 1/s

Uk Service rate for a user of service k, 1/s

do E2E delay for a user served at the MEC node, s

d E2E delay for a user of service k served in the cloud, s

Adp = di — dy Delay difference: benefit of MEC placement for service k, s

Total number of active users of service k in the system

n = (ny,...,ng) Total number of active users in the system

m Number of users of the active service placed at the MEC node

s Index of the service currently hosted on the MEC node (s = 0: idle)
(n,m,s) Extended system state

X Extended admissible state space

N Effective state space reachable under the migration policy

s(n) Policy function: index of the service selected for MEC placement
m(n) Policy function: number of users placed at the MEC under s(n)
d(n,m,s) Total system E2E delay in state (n,m,s), s

3.2. Modeling Assumptions

For clarity and to make the scope of the analytical model explicit, we summarize the

modeling assumptions used throughout this paper.

(A1)

(A2)

(A3)

(A4)

Poisson arrivals. Users of service class k arrive according to an independent Poisson
process with rate Ay. This assumption makes the vector of active users Markovian
and is used in the product-form derivation.

Exponential service times. The service time of each user of class k is exponentially
distributed with mean 1/ and is independent of the user’s placement. Placement
at the MEC or in the cloud changes the experienced end-to-end delay, but not the
service completion rate. This assumption is required for the CTMC representation
and is relaxed numerically through alternative service-time distributions.

Finite admission capacity. For each service class k, the total number of active users is
bounded by Nj. An arriving user of class k is admitted only when n; < Nj; otherwise,
the arrival is rejected by the finite admission bound. This bound may represent a
finite cloud-side admission limit or a numerical truncation of the state space. Users
already admitted to the system are never lost when they are reassigned between the
MEC and the cloud.

Single active service at the MEC. At any time, the MEC node hosts users of at most
one service class s € {O, 1,..., K}, where s = 0 denotes the idle state. This captures
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the case where a resource-constrained MEC node runs one active service container or
network function at a time.

(A5) Instantaneous and reversible reconfiguration. Changes in the active service s and in
the number of MEC-hosted users m occur instantaneously and do not consume addi-
tional bandwidth in the baseline CTMC model. The baseline CTMC therefore provides
an idealized lower-delay reference case; explicit migration and reconfiguration overhead
is discussed as a modeling limitation and left for future migration-aware extensions.

(A6) Class-dependent effective delays. A user served at the MEC experiences delay
do, while a user of service class k served in the cloud experiences delay d; > dp.
These values are interpreted as effective mean end-to-end delays that aggregate radio
transmission, transport, processing, buffering, and protocol overheads. They can be
obtained from measurements or from a lower-layer channel-aware model.

3.3. Delay Model and QoS Objectives

The E2E delay represents the total round-trip time experienced by a user, encom-
passing radio-channel transmission, processing at the serving node, buffering, encod-
ing/decoding, and the return path. A user placed on the MEC node experiences a fixed
delay dp due to physical proximity and the absence of a long-haul transmission segment.
A user of service k served in the cloud experiences a significantly higher delay di, which
includes inter-domain transmission, remote processing, and the return path. The quantity
Ady = dy — dg > 0 measures the per-user latency benefit of MEC placement for service k
and serves as the primary criterion for migration decisions: a larger Adj implies a greater
gain from moving users to the edge.

The QoS objective of the orchestration layer is to minimize the instantaneous total
system delay, defined as the sum of E2E delays over all users present in the system:

d(n,m,s) = mdy + Z ndy + (ns — m)ds, 1)
kel {s}

where n = (ny,...,ng) is the vector of total user counts per service, m is the number of
active-service users at the MEC, and s is the index of the active service. When s = 0 (MEC
idle), the formula reduces to d(n,0,0) = Y ¢ 1xdy, since all users reside in their respective
clouds. Minimizing (1) at each event is the basis of the orchestration policy described next.

3.4. Migration Orchestration Policy

User placement is governed by a delay-aware greedy orchestration policy that operates
in an event-driven manner: a placement decision is made upon every user arrival and
every service completion. At each event, the policy selects the service s and the number of
edge-hosted users m that minimize the total delay (1) subject to the capacity constraints
mbs < Cp and niby < Cy for all k € K. Priority is given to the service with the largest delay
difference Ady, since its users derive the greatest benefit from MEC placement.

The policy distinguishes three outcomes after each event. If the currently active
service s remains optimal, the MEC placement is updated in place: m increases by one
on an arrival to s (provided MEC capacity permits) or decreases by one on a departure
from s. If an alternative service | # s becomes preferable, full migration occurs when
n; < M, switching the active service to | and placing all n; of its users on the MEC;
split-user offloading occurs when #n; > M;, placing M; users of service | on the MEC and
returning the remaining n; — M to the cloud. The conditions triggering each outcome
are summarized in Table 2. Migration is instantaneous and costless in this model—an
idealization discussed in Section 5—and does not cause loss of users already admitted to
the system since cloud-side reassignment is assumed feasible under (A3).
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The reconfiguration is interpreted at the session-routing level. The model does not
assume that a partially executed task is checkpointed and moved between the cloud and
the MEC; instead, subsequent requests of the affected session are served according to the
updated placement. Any additional handover or warm-up delay is outside the baseline
CTMC model and is discussed as a limitation.

Table 2. Summary of migration conditions.

Transition Type Migration Condition

Remain at service s mAds > max;zs min(n;, M;)Ad,
Full migration to service [ # s, if n; < M, mAd; > m' 1Ads

Split-user offloading to service I # s, if n; > M M;Ad; > m’ 1Ad;

! Here, m' denotes the updated value of m after the current arrival or departure event.

4. Queueing Model

In this section, we develop the queueing-theoretic model for the system. We define the
CTMC state space and embed the migration policy into the stochastic formulation, specify
the transition rates governing system dynamics, establish the product-form stationary
distribution, and derive closed-form expressions for the key performance metrics: average
E2E delay, per-service hosting probability, and MEC utilization.

4.1. CTMC Formulation and State Space

To describe the system dynamics, we introduce a CTMC {X(¢), t > 0}, where X(t) =
(N(t), M(t),S(t)) captures the total number of active users, the number of users of the
active service placed at the MEC node, and the active service index at time f. The extended
state space X" consists of all triples (n, m, s) satisfying the resource capacity constraints:

X ={(0,0,0)}
U{(n,m,s): ng=m, 0<m<M,;, 0<m <N, ke KL\{s}, se K}
U{(n,M;,s): M;<ng<N;, 0<n <N, keK\{s}, seK}.

State transitions in X" occur at user arrival and service completion epochs. Migration
is not an independent event type: it occurs instantaneously at the same epoch, whenever
the policy requires a change in s or m. The transition structure is as follows: Let e} denote
the unit vector with a one in position k.

Arrivals. When a user of service k arrives in state (n,m,s) with n, < N, the load
vector updates to n + e and the policy is re-evaluated:

. If k = s and m < M;: no migration; new state (n+er,m+1,s).

e Ifk =sand m = M,: MEC saturated, user goes to cloud; new state (n + ey, Ms,s).

e If k # s and service k does not become preferable: no migration; new state
(n+ e, m,s).

e Ifk # s and full migration to k (i.e., ny +1 < My and (ny + 1)Ady > m'Ads): new state
(I‘l + ey, Ny + 1, k)

e Ifk # s and split-user offloading to k (i.e., ng +1 > My and MyAdy, > m'Ads): new
state (n + e, Mg, k).

Departures. When a user of service k completes in state (n,m,s) with n; > 0, the load
vector updates to n — e and the policy is re-evaluated:

e Ifk=sand m > 0: user was at MEC; new state (n — ey, m — 1,s), followed by possible
migration if another service [ becomes preferable.

https://doi.org/10.3390/£i18050258


https://doi.org/10.3390/fi18050258

Future Internet 2026, 18, 258

9 of 24

. If k # s: user was in the cloud of service k; new state (n — e, m,s), with possible
migration if service s is no longer optimal.

In all cases, the post-event migration step applies the conditions of Table 2 with m’
equal to the updated value of m after the arrival or departure, and selects the state (n’, m/, s")
that minimizes d(n’, ’,s) from (1).

The migration policy defined in Section 3 uniquely maps every vector n to a placement
decision (m(n),s(n)) via:

s(n) = argmax min(ny, My)Ady, )
ke
m(n) = min(ns(n),MS(n)). (3)

Consequently, the extended state (n,m,s) is fully determined by n alone, and the
effective state space reduces to:

N:{n: OgnkSNk,kGK}. (4)

The process {N(t), t > 0} is therefore a well-defined CTMC on N with generator
Q. The CTMC is irreducible: the zero state n = 0 is reachable from any state via a finite
sequence of departures, and any state is reachable from n = 0 via a finite sequence of ar-
rivals. Irreducibility guarantees the existence and uniqueness of the stationary distribution.
Because migration is an internal reconfiguration that does not alter the arrival or service-
completion rates of any service class, the stationary distribution over A is independent of
the specific migration policy.

4.2. Transition Rates

Projected onto the effective state space NV, the dynamics of the CTMC N(t) are gov-
erned by the following transition rates: arrivals increment the vector n by ey at rate Ay
(provided ny < Ny); departures decrement the vector n by ey, at rate ny iy (provided n; > 0):

Q[n,n + ek] =Ar, np <N, 5)
Q[n,n — ek] = Ny, ng > 0. (6)
The diagonal elements are set in the standard way Q[n,n] = — Y ;2 Q[n, n']. After

each transition n — n’, the placement (m, s) is updated instantaneously according to (2)
and (3). The transition rates (6) depend only on n and not on the current placement (1, s),
which is the key structural property exploited in the next subsection.

4.3. Product-Form Stationary Distribution

The stationary distribution over the effective state space N admits a product form.
The key observation is that the migration policy changes only the placement of already
admitted users between the MEC and the cloud, whereas the load vector n changes only
due to arrivals and service completions.

Proposition 1. Under assumptions (A1)—(A5), the finite-state CTMC {N(t),t > 0} on N is
irreducible and therefore positive recurrent. Its unique stationary distribution is:

1
n(n)_Gk];Icnk!, neN, (7)
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where py = Ay / Yy is the offered load of service class k, and:

G:Z;]’[ﬁ (®)

|
neN kek

is the normalization constant.

Proof. First the state space N' = {n : 0 < n; < N, k € K} is finite. From any state
n € N, the zero state can be reached through a finite sequence of service completions.
Conversely, any state in N can be reached from the zero state through a finite sequence of
admissible arrivals. Since the corresponding transition rates are positive on these edges,
the CTMC is irreducible. Finiteness then implies positive recurrence and uniqueness of the
stationary distribution.

Second, under the greedy policy (2) and (3), the placement variables (m, s) are deter-
ministic functions of the load vector n. A migration or reconfiguration event changes only
this placement; it does not create or remove users. Therefore, the marginal process {N(#) }
evolves only through the birth—death transitions:

n — n+ e, atrate Ag, ny < N,

n — n — e, atrate nypy, ng > 0.

These are exactly the transition rates defined in Section 4.2 and they do not depend
on the current MEC placement (m,s). This is the structural reason why the stationary
distribution of the load vector is independent of the placement policy, provided that the
policy only reassigns already admitted users and does not modify the class-wise arrival
and service completion dynamics.

Third, the distribution (7) satisfies the detailed-balance equations on every admissible
edge of the state space. Indeed, for any n € N such that n, < Nj:

AMrt(n) = (ne+ Dyer(n+e;), ke K. )

Substituting (7) into both sides gives:

1 Pnk pn] 1 pnk+1 pn]
k ] k ]
k=TT = e+ D= ——= TT (10)
Gyl p ! MG e+ 1)1

which holds because oy = Ay /. Hence, the detailed-balance relations hold for all neigh-
boring states, and therefore 7Q = 0. By uniqueness of the invariant distribution on the
finite irreducible CTMC, 7t(n) in (7) is the stationary distribution.

The migration policy affects performance metrics through the deterministic projec-
tion n — (m(n),s(n)), but it does not affect the stationary distribution of N(t) itself.
Consequently, delay, MEC hosting probabilities, and saturation metrics are computed by
weighting the policy-induced placement decisions with the product-form probabilities (7),
without enumerating the full extended state space X. O

4.4. Performance Metrics

Using the stationary distribution (7), we derive closed-form expressions for the key
QoS indicators evaluated at the user-session level.

The hosting probability of service k—the fraction of time the MEC node is assigned to
service k—is:
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me= Y n(n), kek, (11)
nENk
Ne={neN: s(n)=k}. (12)

The average number of users of service k at the MEC node is:

=Y m(n)r(n), kekK. (13)
nGNk

The mean total system delay is the expected sum of E2E delays over all users in
the system:

D=Y | ) mdi—m(n)Adyy |7(n). (14)
neN [kek
The average delay saving due to MEC placement for service k is:

o = mAdy, ke, (15)

and the overall delay saving is § = ) xc i J%. Finally, the MEC saturation probability is:

pmec = ), 7t(n), (16)
neN
N={neN: mn)= My} (17)

5. Numerical Results and Discussion

In this section, we present the numerical results for the proposed hybrid MEC—cloud
framework. We describe the industrial scenario and parameter baseline, analyze the impact
of traffic load on all key metrics, examine the sensitivity of mean delay to cloud path quality
and service duration, and discuss modeling limitations.

5.1. Scenario Description

The numerical study is carried out for a five-service industrial MEC—cloud scenario
whose architecture is illustrated in Figure 1. The five service classes represent qualitatively
distinct industrial applications with heterogeneous latency requirements, traffic intensities,
and service durations. The default system parameters are summarized in Table 3. The MEC
delay is fixed at dy = 5 ms for all services, whereas the cloud delays range from 60 ms to
150 ms. Therefore, the delay benefit of MEC placement, Adj, = dy — d, is service-dependent
and ranges from 55 ms for Service 3 to 145 ms for Service 4.

Table 3. Default system parameters for the five-service industrial MEC-cloud scenario.

Component Description Parameter Value Units
User arrival rate A 0.8 1/s

Service 1 (Crane control) Mean service rate U1 2.0 1/s
Max. cloud capacity Ny 5 users
User arrival rate As 1.5 1/s

Service 2 (AGV telemetry) Mean service rate Uy 1.5 1/s
Max. cloud capacity N, 4 users
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Table 3. Cont.

Component Description Parameter Value Units
User arrival rate A3z 1.2 1/s
Service 3 (Pred. maintenance) Mean service rate U3 2.5 1/s
Max. cloud capacity N3 4 users
User arrival rate Ay 0.6 1/s
Service 4 (Remote rendering)  Mean service rate [ 1.0 1/s
Max. cloud capacity Ny 4 users
User arrival rate As 2.0 1/s
Service 5 (Video analytics) Mean service rate Us 1.8 1/s
Max. cloud capacity Ns 4 users
MEC capacity, Service 1 M, 3 users
MEC capacity, Service 2 M 2 users
MEC capacity, Service 3 M3 4 users
MEC node MEC capacity, Service 4 My 2 users
MEC capacity, Service 5 Ms 3 users
E2E delay at MEC do 5 ms
Cloud delay, Service 1 dq 80 ms
Cloud delay, Service 2 dp 120 ms
Cloud servers Cloud delay, Service 3 d3 60 ms
Cloud delay, Service 4 dy 150 ms
Cloud delay, Service 5 ds 100 ms

Cloud 1 Cloud 2 Cloud 3 Cloud 5

Cloud (Service 1) (Service 2) (Service 3) (Service 4) (Service 5)
dy =120 ms dy = 60 ms dy =150 ms
" A

ITMigratfon

MEC Node

e

Service 1 active (m users)

Split-user offloading:
m users = MEC (1 ms), |
remaining n; — m — Cloud (d; ms)

Poisson
artival A5

Factory /
Users

Group 1: Group 2: Group 3: Group 4: Group 5:
Service 1: Crane Control Service 2: AGV Telemetry  Service 3: Predictive Maintenance Service 4: Remote Rendering Service 5: Video Analytics

Figure 1. Hybrid MEC—cloud architecture with split-user offloading for five classes of industrial
services: crane control (Service 1), AGV telemetry (Service 2), predictive maintenance (Service 3),
remote rendering (Service 4) , and video analytics (Service 5).

The MEC delay is dy = 5 ms for all service classes; therefore, the corresponding
delay benefits are Ad = (75,115, 55, 145,95) ms for Services 1-5, respectively. The offered
loads are computed as p, = A/ py, giving p; = 0.8/2.0 = 0.400, p, = 1.5/1.5 = 1.000,
p3 =12/2.5=0.480, p4 = 0.6/1.0 = 0.600, and p5 = 2.0/1.8 ~ 1.111.

The parameter set deliberately combines service classes with different roles. Service 4
is the most delay-critical class: it has the largest cloud delay (d4 = 150 ms) and the largest
MEC placement benefit (Ads = 145 ms), although its offered load is moderate (o4 = 0.600).
Service 5 is the most load-intensive class, with the highest offered load (o5 ~ 1.111) and a
substantial delay benefit (Ads = 95 ms). Service 2 combines unit offered load (o> = 1.000)
with a large delay benefit (Ad, = 115 ms), making it another strong candidate for MEC

https://doi.org/10.3390/£i18050258


https://doi.org/10.3390/fi18050258

Future Internet 2026, 18, 258

13 of 24

placement. By contrast, Service 1 has moderate load (p; = 0.400) and moderate latency gain
(Ady = 75 ms), whereas Service 3 has the smallest cloud delay (d3 = 60 ms), the smallest
MEC placement benefit (Ad3 = 55 ms), and offered load p3 = 0.480, making it the least
latency-critical class in the considered scenario.

Under the policy (2) and (3), the MEC placement priority is not determined by Adj
alone. Instead, the active service is selected according to the aggregate instantaneous
delay saving min(ny, My)Ady. Therefore, the actual MEC occupancy depends jointly on
the delay benefit, the offered load, and the service-specific MEC capacity M. In the
baseline configuration, Services 2, 4, and 5 are expected to be the main competitors for MEC
placement. The sensitivity analyses that follow vary the load scaling factor a (all Ay scaled
by a € [0.5,1.5]), the cloud delay ratio dy/dy, and the service time scale 1/ multiplier; for
each experiment, only the indicated parameter deviates from the baseline in Table 3.

5.2. Impact of Traffic Load

We first examine how the main performance metrics evolve as the traffic intensity
is uniformly scaled. The load scaling factor a multiplies all arrival rates simultaneously,
Ak — alyg, so that the offered loads py = aAy /. grow proportionally, while the service
rates, capacity constraints, and delay parameters remain fixed.

Figure 2 shows the probability 7 that service k is active at the MEC node. At the
baseline load, the MEC node is occupied for approximately 97.4% of the time, with idle
probability only about 2.6%. The hosting probabilities are highly uneven: 1y = 0.0421,
my = 0.3512, 13 = 0.0268, 114 = 0.2826, and 715 = 0.2714. Thus, MEC occupancy is mainly
shared by Services 2, 4, and 5. Service 2 is selected most frequently because it combines
unit offered load with a large delay benefit Ady = 115 ms. Service 4 is also frequently
selected owing to the largest per-user delay benefit Adys = 145 ms, while Service 5 receives
a substantial share of MEC hosting time because it has the highest offered load, p5 ~ 1.111.
Services 1 and 3 are selected only rarely since their aggregate instantaneous delay saving
min(ng, My)Ady is typically lower.

Probability of each service being active on MEC

0.35 1

o
W
o

Active service probability m_s
° ° ] o
= - N N
o w o w

o
o
[l

L

14
=3
o

0.6 0.8 1.0 12 14
Load scaling factor a

—-— Servicel —=—@= Service3 == Service5
Service2  =@= Service 4

Figure 2. Probability 7ts that service s is active at the MEC node vs. load scaling factor a for the
five-service scenario.

Figure 3 shows the conditional probability that the active service fully occupies the
MEC node, i.e., the probability that 1, > M under the condition s(n) = k. This metric char-
acterizes how often the selected service reaches its service-specific MEC capacity once it is
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active. The saturation behavior is service-dependent because the classes differ both in traffic
intensity and in MEC capacity. Services with smaller MEC capacities, such as Services 2
and 4 with My = My = 2, reach full MEC occupancy more easily once selected, whereas
services with larger MEC capacities require more simultaneously active users to saturate
the MEC. As the load scaling factor a increases, the conditional saturation probabilities
generally increase, reflecting stronger competition for the limited edge resource.

Figure 4 presents the unconditional contribution of each service class to MEC satu-
ration. In contrast to the conditional probabilities in Figure 3, this metric also accounts
for how often each service is selected by the orchestration policy. Therefore, a service
contributes strongly to unconditional MEC saturation only if it is both frequently active
and likely to fill its allocated MEC capacity. The dominant contributions are associated with
the service classes that combine high MEC selection probability, limited service-specific
MEC capacity, and substantial delay benefit.

Probability that MEC is saturated for active service

4
o

o
o

Probability of MEC saturation (n_k = M_k)
o o
N IS

1

0.6 0.8 1.0 1.2 1.4
Load scaling factor a

—-8— Servicel == Service3 == Service5
Service 2 —8— Service 4

Figure 3. Conditional MEC saturation probability vs. load scaling factor a.

Probability that MEC is saturated for active service

1.0 4

o
©

Probability of MEC being filled
o o o
N > o

0.0 - y T T T
0.6 0.8 1.0 1.2 1.4

Load scaling factor a

—-8- Servicel =@= Service3 =@= Service5
=@- Service2 =@— Service4

Figure 4. MEC saturation probability vs. load scaling factor a.
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Figure 5 shows the average user delay under three cloud-latency scenarios as the load
scaling factor a increases. The three curves correspond to low-, medium-, and high-latency
cloud configurations, while the MEC delay and the service-capacity parameters remain
fixed. In all cases, the average delay increases monotonically with load, because a larger
number of active users intensifies competition for the limited MEC capacity and leaves
more users served through the cloud path.

The cloud-latency level has a pronounced impact on the resulting delay. At the baseline
load, the average user delay is approximately 20 ms in the low-latency cloud scenario, about
50 ms in the medium-latency scenario, and about 87 ms in the high-latency scenario. This
confirms that the proposed split-user offloading policy is especially beneficial in regimes
where the cloud path delay is large: the larger the gap between MEC and cloud latency, the
more important the delay-aware service selection becomes.

Average delay under different cloud latency scenarios

100
80

60 1

Average user delay (ms)

0.'6 O:B 1j0 12 14
Load scaling factor a

—@— Low latency cloud —o— High latency cloud
—8— Medium latency cloud

Figure 5. Average user delay (ms) vs. load scaling factor 4.

Figure 6 shows the contribution of each service class to the aggregate delay saving
achieved by MEC placement. This contribution is determined by two factors: how often
the service is selected for MEC hosting and how large its per-user delay benefit Adj is.
Therefore, the dominant contributors are not necessarily the services with the largest offered
load or the largest cloud delay alone, but the services with the largest aggregate effect
under the policy criterion min(#y, My )Ady.

At the baseline load a4 = 1, the largest delay-saving contributions are provided by
Services 2 and 5, approximately 2.9 ms and 2.85 ms, respectively, followed by Service 4,
with approximately 2.1 ms. Services 1 and 3 contribute only about 0.36 ms and 0.25 ms,
respectively. This confirms that the aggregate effect of MEC placement is concentrated
in Services 2, 4, and 5: Service 2 is selected most frequently, Service 4 has the largest
per-user delay benefit, and Service 5 combines the highest offered load with a substantial
delay benefit.
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Contribution of each service to average MEC delay
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Figure 6. Contribution of each service class to the aggregate delay saving § vs. load scaling factor a.

5.3. Impact of Cloud Delay and Service Time

We next examine how the delay-related metrics respond to changes in cloud-path
latency and service duration. First, we vary the normalized cloud delay ratio dy/dy to
quantify how the benefit of MEC placement grows as the cloud path becomes slower
relative to the MEC path. Second, we vary the service-time scale multiplier to evaluate the
effect of longer sessions on MEC contention.

Figure 7 shows the average delay saving obtained through MEC placement as a
function of the normalized cloud delay ratio dj /dy. The ratio is varied while the remaining
parameters are fixed at the baseline values. The vertical dashed line marks the boundary
dy/dy = 1, where MEC and cloud delays are equal and edge placement provides no
latency benefit.

For all services, the delay saving increases as the cloud path becomes slower rela-
tive to the MEC path. Service 5 exhibits the steepest growth, followed by Service 2 and
Service 4, because these services combine substantial MEC hosting probability with large
latency benefits. Services 1 and 3 grow more slowly, which is consistent with their lower
MEC-selection probabilities. This confirms that the proposed policy becomes increasingly
beneficial as the cloud-to-MEC delay gap widens.

Figure 8 shows the effect of service-time scaling on the average MEC-related delay. In
this experiment, the mean service time of each class is multiplied by the same scale factor,
while the arrival rates, capacity limits, and delay parameters remain fixed. As the service
time scale increases, users remain active in the system for longer periods, which increases
contention for the limited MEC capacity and raises the delay for all service classes.

The sensitivity to service-time scaling is service-dependent. Services 3 and 5 exhibit
the steepest growth at large scale factors: Service 3 increases to more than 14 ms at scale
factor 2, while Service 5 grows to approximately 13.7 ms. Service 1 shows a moderate
increase, reaching about 11.6 ms. Services 2 and 4 remain below 10 ms over the considered
range, indicating that their MEC placement remains relatively stable even when service
durations are scaled upward. Overall, the experiment confirms that longer sessions amplify
competition for the MEC resource and can change the relative delay sensitivity of the
service classes.
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Average time savings using MEC by service
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Figure 7. Average delay saving obtained through MEC placement vs. normalized cloud delay ratio
di/dy. The grey dashed vertical line indicates the baseline case di/dg = 1, where dy = dy and no
delay saving is obtained.

Effect of service time scaling on MEC delay

14 1

12 A

D(s) (ms)
5

0.6 0.8 10 12 14 16 18 20
Service time scale (1/u multiplier)

—-8— Servicel =—#— Service3 =@= Service5
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Figure 8. Mean E2E delay vs. service time scale multiplier (1/u multiplier).

5.4. Discrete-Event Simulation Validation and Baseline Comparison

To validate the analytical CTMC-based model and to assess the sensitivity of the
results to the assumed input distributions, we developed a discrete-event simulation
(DES) model of the same hybrid MEC—cloud system. The simulator stores the load vector
n = (ny,...,ng), the currently active service at the MEC node s, and the number of users
of this service placed at the MEC node, m. After each event, either a user arrival or a service
completion, the same greedy decision rule as in the analytical model is applied to update
the MEC placement.

In contrast to the analytical CTMC model, the DES does not require all event times to
be generated under Markovian assumptions. Instead, inter-arrival times and service times
are generated explicitly from specified distributions. This allows us to verify the analytical
model in the Markovian case and to evaluate how the system behaves when the arrival
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or service-time distribution is changed, while the mean values remain consistent with the
baseline parameters in Table 3.

Four distributional configurations are considered. The baseline Markovian configura-
tion, denoted as “pois/exp”, uses Poisson arrivals, equivalently exponentially distributed
inter-arrival times, and exponential service times. This case provides a direct verification of
the analytical CTMC model. The “unif/unif” case uses uniform inter-arrival and service
times. The mixed “exp/unif” case combines exponential inter-arrival times with uniform
service times, while the reverse “unif/exp” case combines uniform inter-arrival times with
exponential service times. The load scaling factor a is shown on the horizontal axis, and the
vertical axis reports the mean system delay computed using the same delay metric as in
the analytical model. The DES-based sensitivity analysis of the mean system delay with
respect to the arrival- and service-time distributions is summarized in Table 4. Values are
given in milliseconds.

Table 4. DES-basedsensitivity of the mean system delay to arrival and service-time distributions.

a Analytical Pois./Exp. Unif./Unif. Exp./Unif. Unif./Exp.
0.5000 70.59 70.17 77.06 83.18 73.97
0.6667 108.45 108.43 119.20 130.15 113.58
0.8333 149.46 149.77 163.24 182.13 155.66
1.0000 192.57 191.63 208.06 237.00 200.25
1.1667 236.97 236.40 254.13 294.08 245.60
1.3333 282.00 281.30 301.44 350.13 292.07
1.5000 327.22 327.00 348.72 406.67 339.08

The fully Markovian DES configuration closely matches the analytical values over the
entire load range. For instance, at the baseline load a2 = 1, the analytical mean system delay
is 192.57 ms, while the corresponding DES estimate is 191.63 ms. Across all considered load
values, the relative discrepancy remains below 1%, which validates the analytical CTMC
formulation under the Poisson/exponential assumptions.

Changing the arrival or service-time distribution modifies the absolute delay level,
but the qualitative dependence on the load factor remains the same. The mean system
delay increases monotonically with a in all configurations. The largest delays are ob-
served in the “exp/unif” case, reaching 237.00 ms at @ = 1 and 406.67 ms at a = 1.5.
The “unif/exp” and “unif/unif” cases remain closer to the Markovian baseline, although
they still produce higher delays than the analytical Poisson/exponential model. These
results indicate that the Markovian model should be interpreted as an analytically tractable
baseline, while the proposed split-user offloading policy preserves its qualitative behavior
under distributional perturbations.

Figure 9 presents the line-plot comparison of the mean system delay under different
arrival/service-time distribution combinations. Figure 10 complements these results by
showing the same data in a pointwise bar-chart form for each load factor. This representa-
tion makes it easier to compare the absolute differences between the analytical values and
the DES results for each distributional configuration at fixed values of a. The bar-chart view
again confirms that the Poisson/exponential DES results are nearly identical to those of
the analytical model, while the non-Markovian cases produce a consistently higher mean
system delay, especially for the “exp/unif” configuration.

At the baseline load a = 1, the bar chart clearly shows the ordering of the consid-
ered configurations: the analytical model and the Poisson/exponential DES results are
approximately 193 ms and 192 ms, respectively, followed by “unif/exp” at about 200 ms,
“unif/unif” at about 208 ms, and “exp/unif” at about 237 ms. The same ordering is pre-
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served at higher load levels, with the largest deviation from the analytical baseline observed
again for the “exp/unif” case.

Comparison of Distribution Combinations: Arrival / Service
400

350 A

N w

vl (=]

o o
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Mean delay (ms)
>
o
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=0= Analytical model (pois/exp)  —@— Simulation (unif/unif) =@ Simulation (unif/exp)
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Figure 9. Comparison of mean system delay under different arrival/service-time distribution combi-
nations. The analytical CTMC curve under the Poisson/exponential assumptions closely matches the
corresponding DES simulation, while non-Markovian alternatives preserve the same increasing trend
with respect to the load scaling factor.

Comparison of Different Distribution Combinations
Arrival / Service

Mean delay (ms)

1.00
Load factor a

Analytic Simulation Simulation

B pois/exp) ™ unifjunii) ™ {unif/exp)
Simulation Simulation

L (pois/exp) = (expfunif)

Figure 10. Bar-chart comparison of the mean system delay under different arrival/service-time
distribution combinations for each load factor a.

Finally, we compare the proposed MEC-assisted split-user offloading scheme with
a cloud-only baseline. In the cloud-only configuration, all users are served through their
corresponding cloud paths and the MEC node is not used. In the proposed configuration,
the limited MEC capacity is dynamically assigned to the service class that provides the
largest aggregate instantaneous delay saving according to (2) and (3).

Figure 11 shows that MEC-assisted split-user offloading substantially reduces the
average system delay over the entire load range. The cloud-only delay remains close to
90 ms and increases only moderately with a, whereas the proposed MEC-assisted scheme
keeps the average delay below approximately 17 ms even at the highest considered load.
The relative delay reduction decreases from about 91.5% at a = 0.5 to about 82.4% at
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a = 1.5, remaining above 80% throughout the experiment. This confirms that even a
capacity-constrained MEC node can provide a large delay gain when its resources are
allocated selectively according to the proposed delay-aware policy.

System Delay: MEC vs Cloud Only

—8— With MEC - —
=& Cloud Only &

80 -

60

40 A

Average total delay (ms)

20 A

0.6 0.8 1.0 1.2 1.4
Load scaling factor a

Figure 11. Average system delay with MEC-assisted split-user offloading vs. the cloud-only baseline.

5.5. Discussion

The presented results lead to several structural observations about the behavior of
the proposed framework. First, the orchestration policy produces a naturally stratified
allocation of MEC resources in the five-service scenario. Service 2 captures the largest
share of MEC hosting time at the baseline load (77, = 0.3512), because it combines unit
offered load (p, = 1.000) with a large delay benefit (Ad, = 115 ms). Service 4 is also
selected frequently (7r4 = 0.2826), despite its moderate offered load (o4 = 0.600), because
it has the largest per-user MEC benefit (Ady = 145 ms). Service 5 receives a substantial
share of MEC hosting time (7t5 = 0.2714) due to the highest offered load (o5 ~ 1.111)
and a significant delay benefit (Ads = 95 ms). By contrast, Services 1 and 3 are rarely
selected (717 = 0.0421 and 73 = 0.0268), which is consistent with their lower aggregate
instantaneous delay-saving potential.

This stratification is not a design artifact but an emergent consequence of the greedy
delay-minimization criterion (2) and (3). The policy does not prioritize the service with
the largest offered load or the largest cloud delay in isolation. Instead, it maximizes the
aggregate instantaneous saving min(ny, My )Ady; so, the MEC assignment depends jointly
on the number of active users, the service-specific MEC capacity, and the cloud-to-MEC
delay difference. This explains why Services 2, 4, and 5 dominate MEC occupancy, whereas
Services 1 and 3 remain marginal under the considered traffic conditions.

Second, the split-user offloading mechanism differs conceptually from monolithic
migration [7,8]. In all-or-nothing migration, a service is either placed at the MEC as a
whole or remains entirely in the cloud. In contrast, the proposed mechanism allows only
a capacity-limited subset of users of the selected service to be served at the MEC. When
ns < M, all users of the active service can be placed at the MEC; when ns; > M;, the
policy places M; users at the MEC, while the remaining n; — M users of the same service
continue to be served by the cloud. This configuration is particularly relevant when the
MEC node is resource-constrained and cannot host the entire active service population.
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The quantitative comparison with the cloud-only baseline in Figure 11 shows that
MEC-assisted split-user offloading substantially reduces the average system delay over the
considered load range. The relative delay reduction remains above 80%, decreasing from
about 91.5% at a = 0.5 to about 82.4% at a = 1.5, with an improvement of approximately
86% near the baseline load. This confirms that even a capacity-constrained MEC node can
provide a large delay gain when its resources are allocated selectively according to the
proposed delay-aware policy.

Third, the DES validation confirms that the analytical CTMC model accurately re-
produces the event-driven system dynamics under the Markovian assumptions. The
Poisson/exponential DES results are nearly indistinguishable from the analytical values
across the full load range; at a = 1, for example, the analytical mean system delay is
192.57 ms, while the corresponding DES estimate is 191.63 ms. This agreement supports the
product-form stationary analysis and validates the closed-form computation of the main
performance metrics.

The distributional sensitivity analysis clarifies the role of the Poisson/exponential
assumptions. Replacing the arrival or service-time distribution changes the absolute delay
level but preserves the monotone growth of the mean system delay with the load factor.
The largest delays are observed for the “exp/unif” configuration, which reaches 237.00 ms
ata = 1 and 406.67 ms at a = 1.5. Therefore, the Markovian model should be interpreted
as an analytically tractable baseline rather than as a complete representation of all possible
industrial traffic patterns. At the same time, the qualitative behavior of the proposed policy
remains stable under the considered distributional perturbations.

The present study is subject to several modeling limitations. First, migration and MEC
reconfiguration are modeled as instantaneous and costless. This idealization simplifies
the CTMC analysis but excludes the latency, bandwidth cost, and control-plane overhead
associated with live session transfer, session rerouting, or container warm-up. Therefore,
the reported delay values should be interpreted as an idealized lower-delay reference case.
Incorporating explicit migration overhead, for example, through a switching cost or a
finite-duration migration phase, is a natural direction for follow-up work.

Second, the model uses class-dependent effective delays dy and dj rather than a
detailed channel-aware or computation-aware delay decomposition. This is appropriate for
the service-orchestration layer considered in this paper, where dy and dj can be interpreted
as measured or precomputed mean end-to-end delays. More detailed wireless-channel,
task-size, and processing-delay models can be coupled to the proposed framework by
periodically updating these effective delay parameters.

Third, the baseline assumptions of Poisson arrivals and exponential service times
enable the product-form result, but real industrial traffic may be bursty, correlated, or non-
stationary. The DES results with alternative distributions provide a first sensitivity check,
while more realistic extensions could use MMPP arrivals [35], phase-type service-time
distributions, or stochastic network calculus bounds [36]. Finally, the single-MEC-node
scope isolates the split-user offloading decision under one resource bottleneck. Multi-MEC
topologies, shared edge resources, and inter-edge migration remain important directions
for future investigation, building on multi-server frameworks [13].

6. Conclusions

This paper proposed a queueing-theoretic framework for adaptive service migration
in hybrid MEC—cloud environments with split-user offloading. The system was modeled
as a CTMC over the vector of active users, while the MEC placement was determined by
a delay-aware greedy policy. Under the stated assumptions, the stationary distribution
admits a product-form representation, which enables closed-form computation of the main
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performance metrics, including service hosting probabilities, MEC saturation, average
delay, and delay saving.

The numerical study considered a five-service industrial MEC—cloud scenario with
heterogeneous arrival rates, service durations, cloud delays, and MEC capacities. The
results showed that the proposed policy produces a naturally stratified allocation of MEC
resources. At the baseline load, the MEC node is occupied for approximately 97.4% of the
time, and its hosting time is mainly shared by Services 2, 4, and 5. This behavior follows
directly from the policy criterion min(n, My )Ady: the selected service is not determined by
load or latency alone, but by their aggregate instantaneous delay-saving effect.

The split-user mechanism differs from all-or-nothing migration and provides a sub-
stantial gain over cloud-only operation. If ns; < M, all users of the active service can be
placed at the MEC; if ns > M, the MEC hosts M users, while the remaining n; — M; users
of the same service continue to be served by the cloud. This configuration is unavailable
under monolithic migration, where a service must either be placed at the MEC entirely
or remain in the cloud. The comparison with the cloud-only baseline showed that MEC-
assisted split-user offloading reduces the average system delay by more than 80% over the
considered load range, with an improvement of approximately 86% near the baseline load.

The analytical results were further validated by discrete-event simulation. Under
the Poisson/exponential assumptions, the DES results closely matched the closed-form
CTMC values, with relative discrepancy below 1% across the considered load range.
Additional simulations with alternative inter-arrival and service-time distributions
showed that non-Markovian inputs change the absolute delay level but preserve the
qualitative load-dependent behavior of the proposed policy. Thus, the Markovian model
serves as a tractable analytical baseline while still capturing the main structural effects
of split-user offloading.

Future work will address three main extensions: relaxing the Poisson/exponential
assumptions to phase-type or Markovian Arrival Process models; incorporating explicit
migration overhead as a finite-duration service phase; and generalizing the architecture
to multi-node MEC topologies with shared coverage, building on multi-server analytical
frameworks [13] and energy-aware orchestration for next-generation networks [23].
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AGV Automated Guided Vehicle
Al Artificial Intelligence
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AMS Application Mobility Service

CTMC  Continuous-Time Markov Chain
DRL Deep Reinforcement Learning

E2E End-to-End

ETSI European Telecommunications Standards Institute
TIoT Internet of Things

MEC Multi-access Edge Computing
MMPP Markov-Modulated Poisson Process
QoS Quality of Service

RAN Radio Access Network

RL Reinforcement Learning
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