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Abstract: How to collaboratively offload tasks between user devices, edge networks (ENs), and cloud data centers
is an interesting and challenging research topic. In this paper, we investigate the offloading decision, analytical
modeling, and system parameter optimization problem in a collaborative cloud–edge–device environment, aiming to
trade off different performance measures. According to the differentiated delay requirements of tasks, we classify
the tasks into delay-sensitive and delay-tolerant tasks. To meet the delay requirements of delay-sensitive tasks
and process as many delay-tolerant tasks as possible, we propose a cloud–edge–device collaborative task offloading
scheme, in which delay-sensitive and delay-tolerant tasks follow the access threshold policy and the loss policy,
respectively. We establish a four-dimensional continuous-time Markov chain as the system model. By using the
Gauss–Seidel method, we derive the stationary probability distribution of the system model. Accordingly, we present
the blocking rate of delay-sensitive tasks and the average delay of these two types of tasks. Numerical experiments
are conducted and analyzed to evaluate the system performance, and numerical simulations are presented to evaluate
and validate the effectiveness of the proposed task offloading scheme. Finally, we optimize the access threshold in
the EN buffer to obtain the minimum system cost with different proportions of delay-sensitive tasks.
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1 Introduction

Recent advances in the Internet of Things (IoT)
have facilitated the explosive growth of smart con-
nected devices and the rapid development of emerg-
ing IoT applications, such as smart city, smart vehi-
cles, and smart healthcare, which require ever greater
computational power and higher quality of service
(QoS) (Mao et al., 2017; Stoyanova et al., 2020).

Traditional cloud computing is a centralized
computing paradigm. Although the cloud comput-
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ing paradigm offers many benefits, the classical cloud
computing framework falls short in meeting some
QoS requirements of numerous emerging IoT appli-
cations to a large extent. These requirements include
ultra-low delay, location awareness, and privacy con-
cerns using public cloud platforms (Muniswamaiah
et al., 2021; Wang YZ et al., 2023). In addition,
based on the inherently centralized architecture of
the cloud computing paradigm, transmitting a huge
amount of data from the IoT devices to the cloud
data centers (CDCs) would easily cause congestion
in wide area networks (WANs), thus resulting in
additional delay. Furthermore, due to a variety of
factors, including the need to process and store a
large amount of generated data and the complexity

www.jzus.zju.edu.cn
engineering.cae.cn
www.springerlink.com


Bai et al. / Front Inform Technol Electron Eng 2024 25(5):664-684 665

associated with transmitting a large amount of data
through WANs with limited bandwidth, the unprece-
dented growth of connected IoT devices continues to
put great pressure on the cloud.

Edge computing proposed as a new computing
paradigm extends computational resources to the
edge of the networks and enables data to be pro-
cessed and analyzed locally in proximity to end-users
(Akhlaqi and Hanapi, 2023). With the ubiquitous
and intelligent development of the Internet of Ev-
erything (IoE), the cloud–edge–device collaboration
architecture, which integrates the computing power
of the cloud layer, the edge layer, and the terminal
layer, will play an important role. The integrated
cloud–edge–device collaboration architecture is ex-
pected largely to meet the QoS demands of delay-
sensitive IoT applications and to reduce network
bandwidth usage, while making full use of the bene-
fits of public cloud platforms for the computationally
intensive processing and storage requirements.

To deliver high-performance and ultra-low-
delay solutions, the edge computing paradigm itself
brings a new set of challenges (Vhora and Gandhi,
2020). One of the fundamental challenges in the
cloud–edge–device collaboration architecture is the
question of when and where to offload tasks from
user devices (UDs). UDs can choose a nearby edge
server or the remote cloud to offload tasks, which
could be based on considerations such as delay and
the amounts of computation and resources required.
As a result, the dynamic scheduling of tasks between
power-constrained UDs, resource-constrained edge
nodes, and remote cloud nodes is a combination op-
timization problem and should be solved efficiently
to fully exploit the power of this novel computing
paradigm.

Furthermore, different IoT applications in the
UDs tend to generate diverse computation tasks, and
the arrivals of computation tasks are often random
and unpredictable (Xia et al., 2020). Therefore, the
problem of treating multiple types of tasks with dif-
ferent QoS requirements in edge computing is com-
plex when making offloading decisions, which is also
a great challenge that should be efficiently addressed.
To distinguish task types, the requests generated by
UDs are usually classified into delay-sensitive tasks
and delay-tolerant tasks based on time constraints
(Ma et al., 2021; Djigal et al., 2022; Ai et al., 2023).
Delay-sensitive tasks have strict timing constraints

and are required to be completed within specific time
frames or by particular deadlines. For example, in
delay-sensitive and real-time applications, such as
autonomous vehicles, online gaming, virtual reality,
and mobile augmented reality, tasks related to moni-
toring, decision-making, and control need to be com-
pleted within strict time limits to ensure effective-
ness and user experience. Delay-tolerant tasks can
tolerate some degree of delay in their execution or
data delivery without significant negative impacts.
For example, in delay-tolerant and non-real-time ap-
plications, such as email clients, file synchronization,
ride-sharing services, and environmental monitoring,
tasks can be postponed or completed during off-peak
times without causing significant disruptions or neg-
ative consequences.

The division of tasks in cloud and edge comput-
ing helps prioritize and allocate resources effectively.
It ensures that delay-sensitive tasks receive appro-
priate attention and resources to meet strict time
constraints, while allowing flexibility in completing
delay-tolerant tasks that can tolerate delay without
significant consequences. This is similar to the sim-
ple triage process of sorting patients in sequence of
who needs the most help in the emergency room.
Generally speaking, delay-sensitive tasks tend to ob-
tain timely services on the local UDs or on the edge
networks (ENs) to avoid high queuing delay. The
delay-tolerant tasks tend to obtain services on the
CDC to improve the system throughput.

However, the offloading decision of each task is
related to not only the task type but also the traffic
load. It is reasonable to formulate personalized and
dynamic task offloading schemes in the edge com-
puting environments. In addition, since the same
system configurations may have inconsistent effects
on different system performance measures, this re-
quires identification of the optimal system configura-
tions (by constructing a multi-objective optimization
problem) when investigating trade-off among differ-
ent system performance measures.

To address the above challenges, this research
is devoted to the characterization of the scheduling
process of diverse tasks and the trade-off of differ-
ent performance measures. In this paper, we pro-
pose a task offloading scheme with task classifica-
tion in the cloud–edge–device collaboration archi-
tecture. To meet the differentiated requirements
of delay-sensitive and delay-tolerant tasks and to
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balance the task loads on the UDs, ENs, and CDCs,
we establish a comprehensive system model with
two types of computation tasks and homogeneous
edge servers. Different from a vast majority of task
offloading strategies (Li YZ et al., 2020; Guo XB
et al., 2022; He XQ et al., 2022) that handle homoge-
neous tasks with different data sizes, we design the
computational offloading scheme from the perspec-
tive of task classification. We evaluate the long-term
performance of the system with our proposed scheme
and optimize the system performance.

The main contributions of this work are sum-
marized as follows:

1. Learning from the triage mechanism most
often used in medicine, we propose a task offloading
scheme with heterogeneous tasks in a stable cloud–
edge–device collaborative environment. Considering
admission control, the delay-sensitive tasks are allo-
cated to the UDs or ENs following an access thresh-
old policy; the delay-tolerant tasks are allocated to
the UDs or ENs following the loss policy.

2. Based on the proposed task offloading scheme,
we consider the cloud–edge–device collaboration ar-
chitecture composed of three queuing sub-models on
the local UDs, ENs, and CDCs, separately. The
virtual machines (VMs) on the ENs and CDCs are
abstracted as the servers, the tasks are abstracted as
the customers, and the admission control mechanism
with threshold is abstracted as the N -policy.

3. By combining the number of delay-tolerant
tasks on the ENs, the number of tasks (including
delay-sensitive and delay-tolerant tasks) on the ENs,
the number of delay-tolerant tasks on the UDs, and
the number of tasks (including delay-sensitive and
delay-tolerant tasks) on the UDs, we establish a four-
dimensional continuous-time Markov chain (CTMC)
as the system model. From a steady-state perspec-
tive, by constructing the one-step state transition
matrix and using the Gauss–Seidel method, we de-
rive the stationary probability distribution of the
system model, and evaluate the system’s long-term
performance on the proposed task offloading scheme.

4. To trade off different performance measures,
we build a system cost function by assigning weights
to different objectives. We investigate the optimal
access threshold in the EN buffer to obtain the mini-
mum system cost with different proportions of delay-
sensitive tasks.

2 Related works

At present, most of existing works on edge com-
puting focus on resource deployment (Tong et al.,
2020; Chahoud et al., 2023) and task offloading (Is-
lam et al., 2021; Saeik et al., 2021; Jayanetti et al.,
2022; Liao et al., 2022). Task offloading strategies
and modeling methods play a critical role in evalu-
ating the performance of the edge computing system
(Zheng et al., 2020). In this section, related works
on task offloading scheme in an edge computing en-
vironment are reviewed and summarized from two
aspects: collaborative task offloading and full and
partial task offloading. In addition, the literature
on the Markov chain model applied to describe the
stochastic behaviors of systems is summarized.

2.1 Collaborative task offloading

With the explosive growth of mobile users and
emerging applications, resource-limited UDs and
ENs are facing the overload problem (Hossain et al.,
2020). To efficiently process multiple types of task
data, improve resource utilization, and achieve bet-
ter user experience, collaboration between cloud
computing and edge computing has become an im-
portant development trend in the IoT era (Feng
et al., 2022).

Zhang JY et al. (2022) proposed an end-to-end
(E2E) fine-grained service offloading mechanism in
collaborative edge computing based on a network-
adaptive service graph reconstruction algorithm,
which can effectively balance network resource uti-
lization and reduce the average service delay. Su
et al. (2023) proposed a cloud–edge collaboration
framework of intelligent health-care system (IHS)
combining federated learning and blockchain. Under
the cloud–edge collaboration framework, a task allo-
cation scheme was proposed to mine the value of data
from IHS tasks in terms of execution delay, comput-
ing complexity, and power consumption. Hao et al.
(2019) investigated an intelligent task offloading
scheme (called iTaskOffloading) for a cloud–edge
collaborative system, which can provide personal-
ized task offloading. The method of iTaskOffloading
contains both coarse-grained and fine-grained com-
puting to shorten task duration. Wu et al. (2019)
proposed a cloud–edge collaborative multi-task com-
puting offloading scheme by considering both delay
and energy cost. They used an adaptive particle
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swarm optimization algorithm based on nonlinear
exponential inertia weight to obtain the optimal
offloading decision scheme. Yang et al. (2021) pro-
posed a trusted edge computing framework (called
EdgeKeeper) based on cloud–edge fusion for adapt-
ing to the ubiquitous power IoT. Zhang MJ et al.
(2022) built an edge-native task scheduling system
to manage the geographically distributed edge re-
sources and facilitate efficient task scheduling in col-
laborative edge computing. Two online schedul-
ing algorithms were designed to optimally decide
the task-allocation, bandwidth-allocation, and flow-
routing policies by jointly considering the data and
the computing and networking resources. He JY
et al. (2020) proposed an online auction-based incen-
tive mechanism for a device-to-device (D2D) collab-
oration system with multiple types of resources. The
online incentive mechanism optimizes the long-term
system welfare without knowledge of future informa-
tion. Thai et al. (2020) transformed the problem
of joint task offloading and resource allocation in
a cloud–edge computing architecture into a mixed-
integer nonlinear programming problem. They de-
veloped an approximation algorithm to obtain the
optimal solutions iteratively. Gholami and Baras
(2021) formulated a multi-objective mixed-integer
linear program to solve the problem of energy- and
delay-efficient application offloading in a collabora-
tive cloud–edge–device environment. They proposed
an approximation algorithm based on linear program
relaxation and rounding to address time complexity.

These studies focused mainly on the investiga-
tion of task offloading in vertical collaboration sce-
narios based on cloud–edge and cloud–edge–device
architectures or in horizontal collaboration scenar-
ios based on E2E and D2D architectures. However,
in these studies, different collaborative offloading
strategies are not considered for different types of
tasks. The cloud–edge–device collaboration archi-
tecture is still in the early phase of development
under the collaborative edge computing strategy.
In this paper, we investigate differentiated task
offloading strategies for different types of tasks in
a cloud–edge–device collaboration environment.

2.2 Full and partial task offloading

In general, decisions about computation
offloading in the mobile edge computing (MEC) en-
vironment can be categorized into two main types:

full offloading and partial offloading. Full offloading
enables UDs to fully release resources, and the
offloading task is handled independently by ENs or
CDCs. Partial offloading in edge computing envi-
ronments can significantly reduce the average ser-
vice delay by processing computation tasks on UDs,
ENs, and CDCs in parallel. If the application is in-
divisible or the parts after separation are closely re-
lated, the policy of partial offloading decision cannot
be adopted. Extensive research has been conducted
to study full and partial task offloading, with more
attention being paid to the heterogeneity of edge re-
sources, the mobility of UDs, and the multi-objective
optimization of task scheduling.

Guo M et al. (2022) investigated the partial
computation offloading schemes for multiple mobile
devices enabled by the harvested energy in MEC
environments. They formulated a nonconvex op-
timization problem by minimizing the energy con-
sumption of all the mobile devices while satisfying
the constraint of time delay. He XQ et al. (2022)
proposed an online auction-based incentive mecha-
nism to solve the social welfare maximization prob-
lem for full computation offloading in edge comput-
ing networks with heterogeneous edge servers. By
applying the primal-dual optimization framework,
they proved that the mechanism produces a good
competitive ratio in social welfare. Tong et al.
(2020) proposed an adaptive task offloading and re-
source allocation algorithm in MEC by considering
the mobility of user equipments between base sta-
tions. The algorithm uses the deep reinforcement
learning method to determine whether the task needs
to be offloaded and which edge node is selected. Zhan
et al. (2020) investigated the offloading decision and
resource allocation problem among multiple users.
By considering the users’ mobility in the process
of urgent task offloading, they proposed a heuristic
mobility-aware partial offloading algorithm to ob-
tain the approximately optimal offloading scheme.
Tan et al. (2022) investigated the joint optimization
problem of full offloading decision, collaboration de-
cision, and resource allocation. The problem was
formulated as a mixed-integer nonlinear program-
ming problem, which minimizes the total energy con-
sumption of all mobile users under the constraint
on computation delay. Mao et al. (2016) investi-
gated a green MEC system with energy harvesting
devices and developed an effective partial offloading



668 Bai et al. / Front Inform Technol Electron Eng 2024 25(5):664-684

scheme in the mobile execution process. They pro-
posed a Lyapunov optimization-based dynamic com-
putation offloading algorithm, which jointly opti-
mizes the offloading decision, the central processing
unit (CPU) cycle frequencies, and the transmission
power. Li YZ et al. (2020) proposed a deep reinforce-
ment learning algorithm to solve the complex compu-
tation offloading problem in heterogeneous EN sce-
narios. Based on the real-time state of the EN and
the attributes of the task, the proposed algorithm
can offload different types of tasks to different sites
of the EN, and more effectively use broadband and
computing resources.

In the above studies on full and partial task
offloading, most of the studies assume that tasks are
homogeneous, while some consider the heterogene-
ity of tasks. With the rapid development of edge
computing, tasks generated by UDs tend to be more
diversified and personalized. The difference in de-
lay sensitivity of tasks is an important factor to be
considered when designing task offloading strategies
in the edge computing environment. Motivated by
this, in this paper, by classifying tasks into delay-
sensitive and delay-tolerant tasks, we propose a full
task offloading scheme with heterogeneous tasks to
implement differentiated offloading decisions.

2.3 Markov chain model

Markov chains are frequently used as inherently
stochastic models for modeling real-world processes.
By explicitly considering the transition probabilities
from one state to another, Markov chains can ef-
fectively capture the random nature of real-world
systems. Markov chains provide analysis of system
state transitions and steady-state distribution. Once
the transition probabilities are defined, it becomes
possible to study the system’s behavior over an ex-
tended period. A number of studies have used the
Markov chain model to capture the random behav-
iors of systems.

Zhao et al. (2023) proposed a task offloading
scheme in an MEC system with a two-tier edge
structure considering the differentiated QoS require-
ments from diverse tasks. They established a two-
dimensional CTMC as an edge model at the edge
layer and developed an improved algorithm based on
the Lagrangian multiplier method to jointly optimize
the offloading probabilities of different types of tasks.
Bai and Jin (2022) established a five-dimensional

CTMC as the system model to capture the workflow
of real-time tasks and non-real-time tasks in CDCs.
They applied the matrix-geometric solution and the
Gauss–Seidel iterative method to analyze the steady-
state distribution of the system model. Finally, they
obtained the Pareto optimal solutions for trading off
the overall power consumption and average waiting
time of real-time tasks. Zhou et al. (2019) formu-
lated the offloading problem in multi-server MEC
systems as a nonlinear combinatorial optimization
problem of computation task assignment and CPU
frequency scaling. By constructing a Markov chain
for the optimization problem, they proposed an ap-
proximation algorithm based on the Markov approx-
imation framework. This algorithm found the near-
optimal solution by implementing the Markov chain
over all feasible configurations and performing state
transitions. Kim et al. (2021) modeled the opera-
tion of cells in a mobile communication network with
moving users as a multi-server queuing system. The
behavior of this system was described by a multi-
dimensional Markov chain. By solving the station-
ary distribution of this Markov chain, they obtained
the key characteristics of user QoS.

The above studies demonstrate that Markov
chains facilitate the analysis of long-term behaviors
and steady-state properties of systems and can cap-
ture the random behaviors of different types of tasks.
Nevertheless, it is important to note that in the lit-
erature, Markov chains for capturing random behav-
iors of different types of tasks in the edge computing
environment are predominantly established based on
random offloading schemes. These schemes assume
that the state of each layer is unobservable; i.e., the
offloading probability of each layer is independent of
the current local load, and this enables each layer
to maintain the Markov property in a cloud–edge–
device collaborative environment. Additionally, note
that state-observable offloading schemes can more ef-
fectively balance system load and ensure the QoS of
different types of tasks, but they compromise inde-
pendent Markov properties of each layer and make
the theoretical analysis more difficult.

To the best of our knowledge, the investigation
of offloading schemes involving state-observable
threshold control and the construction of multi-
dimensional Markov chains based on such schemes
have not been studied before. To fill in the gap,
in this paper, based on an offloading scheme that
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incorporates the access threshold policy and the loss
policy, we establish a four-dimensional CTMC by si-
multaneously characterizing the scheduling processes
of UDs, ENs, and CDCs. By applying the four-
dimensional CTMC, we aim to effectively capture
and model the entire process of cloud–edge–device
collaborative scheduling of diverse tasks, while pre-
serving the Markov property.

The primary characteristics and limitations of
the cited literature are summarized in Table 1.

3 Task offloading scheme and system
model

In this section, we propose a cloud–edge–device
collaborative task offloading scheme, in which the
delay-sensitive and delay-tolerant tasks obtain ser-
vices on UDs and ENs following the access thresh-
old policy and the loss policy, respectively. Then,
we establish a four-dimensional Markov chain as the
system model to capture the stochastic behaviors of
these two types of tasks in the edge computing sys-
tem with the proposed scheme.

3.1 Task offloading scheme

In general, UDs are far away from CDCs, so
the transmission of tasks from the UDs to the CDCs
will bring high propagation delay. To improve the
experience quality of remote users, edge computing
technologies are applied by the service provider.

By considering the cloud–edge–device collabo-
ration architecture, we investigate the task offloading
scheme in the edge computing system consisting of a
UD, an EN, and a CDC. EN is deployed at the edge
of the wireless network, between the UD and CDC.
A processor and a buffer are deployed in the UD.
One task can be processed on the UD at a time. The
physical machine (PM) in the EN can be virtualized
into several homogeneous VMs, and these VMs share
a single buffer. Multiple tasks can be processed on
the EN simultaneously. Enough VMs are deployed
in the CDC to provide timely services for the of-
floaded tasks, and these VMs are homogeneous as
well. By setting task schedulers in the UD and EN
separately, we propose a task offloading scheme in
the cloud–edge–device collaboration architecture.

Table 1 Summary of literature review

Reference Offloading Collaboration Heterogeneity Objective(s) Shortcoming

Zhang JY et al. (2022) Partial Device–device ORUBD, Addressing the problem of scheduling
delay tasks only among edge nodes

Su et al. (2023) Full Cloud–edge � Delay, Slow convergence
power

Hao et al. (2019) Partial Cloud–edge Delay No consideration of heterogeneous
resources

Wu et al. (2019) Full Cloud–edge Delay, No consideration of dependencies
energy between tasks

Yang et al. (2021) Partial Cloud–edge � Delay High computational power
required for training

Zhang MJ et al. (2022) Full Edge–device Throughput, No consideration of task partition
latency and allocation

He JY et al. (2020) Partial Device–device � Social welfare No investigation of cloud–edge
collaborative offloading

Guo M et al. (2022) Partial Edge–device Energy, Considering only one edge node
discarding ratio

He XQ et al. (2022) Full Edge–device Social welfare No consideration of cloud
collaboration

Tong et al. (2020) Full Edge–device Delay, No consideration of cloud
energy collaboration

Zhan et al. (2020) Partial Edge–device Delay, No consideration of collaboration
energy among multiple edge nodes

Tan et al. (2022) Full Device–device Energy No consideration of cloud–edge
collaboration

Mao et al. (2016) Partial Edge–device Latency, No consideration of edge server
failure virtualization

Gholami and Baras (2021) Partial Cloud–edge–device Latency, No consideration of dependencies
energy between tasks

Zhao et al. (2023) Partial Edge–device � Latency, No consideration of cloud
power collaboration

This study Full Cloud–edge–device � Latency,
blocking rate

ORUBD: overall resource utilization balance degree
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The working principle of the task offloading
scheme is shown in Fig. 1.

     

···

Fig. 1 Working principle of the task offloading scheme
(CDC: cloud data center; EN: edge network; UD: user
device)

According to the admission control policy, we
set two access thresholds, HU in the UD buffer and
HE in the EN buffer, to control the number of delay-
sensitive tasks. The delay-sensitive tasks are pro-
cessed on the UD or EN, and the delay-tolerant tasks
can be offloaded to the CDC if necessary.

When a delay-sensitive task is generated in the
UD, if the number of tasks in the UD buffer does not
reach the access threshold HU, the task is processed
on the UD; otherwise, the task scheduler offloads
the delay-sensitive task to the EN. To reduce the
time occupied by delay-tolerant tasks, when a delay-
tolerant task is generated, if the processor of the UD
is idle, the task is processed locally; otherwise, the
task is offloaded to the EN for processing.

When a delay-sensitive task arrives at the EN,
if the number of tasks in the EN buffer does not
reach the access threshold HE, the task is processed
on the EN; otherwise, the delay-sensitive task leaves
the edge computing environment due to blocking.
In practical applications, some of the blocked tasks
may be lost, and others may be sent to other ENs to
obtain services. When a delay-tolerant task arrives
at the EN, if there is at least one idle VM in the
EN, the task is offloaded to the EN to obtain ser-
vices; otherwise, the task is further offloaded to the

CDC. Due to the increased number of VMs in the
CDC, the delay-tolerant tasks offloaded to the CDC
are usually processed immediately without waiting.
Considering the resource limitation in the UD and
EN, the greater the number of tasks in the UD or
EN, the longer the delay in the service of a delay-
sensitive task. So, the offloading of delay-sensitive
tasks follows an access threshold policy. The access
threshold policy is defined by the set of integer num-
bers known as thresholds for granting or denying
access to the system resources. When the number
of customers in the queue exceeds a predetermined
threshold, the newly arriving customers are not per-
mitted to join the queue, while new customers are
again allowed to gain access to the system resources
and join the queue once the number of customers
in the queue drops below the corresponding thresh-
old. When a delay-sensitive task is generated, if the
number of delay-sensitive tasks in the UD buffer does
not reach the access threshold HU, the newly gener-
ated delay-sensitive task will be processed on the UD;
otherwise, it will be offloaded to the EN by the UD
scheduler. When a delay-sensitive task is offloaded
to the EN, if the number of delay-sensitive tasks in
the EN buffer does not reach the access threshold
HE, the newly offloaded delay-sensitive task will be
processed on the EN; otherwise, it will be blocked.
In this way, the delay-sensitive tasks can avoid high
latency.

The workflow of delay-sensitive tasks under the
proposed scheme is demonstrated in Fig. 2.

The offloading of delay-tolerant tasks follows a
special loss policy. There is no queue in a system
with the loss policy. When a new customer arrives,
the system immediately assesses its resources. If the
system has sufficient resources to serve the new cus-
tomer, the customer will be admitted immediately
and provided the required services. However, if the
system has reached its processing limit, the newly ar-
riving customer is lost to find other systems. Based
on the characteristics of the loss policy, we assume
that delay-tolerant tasks do not enter the UD buffer
or the EN buffer. When a delay-tolerant task is
generated, if the UD processor is idle, the newly
generated delay-tolerant task will be processed on
the UD; otherwise, the UD scheduler will offload
the newly generated delay-tolerant task to the EN.
Similarly, when a delay-tolerant task is offloaded to
the EN, if there is at least one idle VM in the EN, the



Bai et al. / Front Inform Technol Electron Eng 2024 25(5):664-684 671

newly offloaded delay-tolerant task will be processed
on the EN; otherwise, the EN scheduler will offload
the newly arriving delay-tolerant task to the CDC.
When a delay-tolerant task is offloaded to the CDC
after long-distance transmission, the delay-tolerant
task can be processed on one of the cloud VMs.

The workflow of delay-tolerant tasks under the
proposed scheme is demonstrated in Fig. 3.

Under the proposed task offloading scheme, the
requirements of these two types of tasks are taken
into account. When the traffic load of the edge com-
puting system is low, both delay-sensitive tasks and
delay-tolerant tasks have an opportunity to be pro-
cessed on the UD or EN. When the traffic load is
high, the UD and EN are occupied mainly by delay-

sensitive tasks, and delay-tolerant tasks are usually
offloaded to the CDC to obtain services. When the
load of delay-sensitive tasks in the system is high,
the response performance of delay-sensitive tasks is
guaranteed at the cost of a certain blocking rate.

3.2 System model

In this subsection, we present the system model
studied in this paper, i.e., a four-dimensional CTMC
based on the proposed task offloading scheme in
Section 3.1. For ease of reference, we list the key
notations used in our system model in Table 2.

Task arrivals are supposed to be independent of
each other. Considering the continuous-time struc-
ture, we assume that the arrivals of delay-sensitive

HU
HE

Fig. 2 Workflow of delay-sensitive tasks under the proposed scheme (EN: edge network; UD: user device; VM:
virtual machine)

No

Offloaded to 
the CDC

No

Offloaded to 
the EN

A delay-tolerant task 
is generated

A delay-tolerant task 
is offloaded to the 

CDC

A delay-tolerant task 
is offloaded to the 

EN

Receive services 
on the UD

Receive services 
on the EN

Receive services on 
the CDC

Is the UD 
processor idle? Any idle VM

 in the EN?

Yes Yes

Fig. 3 Workflow of delay-tolerant tasks under the proposed scheme (CDC: cloud data center; EN: edge
network; UD: user device; VM: virtual machine)
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Table 2 Notations used in the system model

Notation Description

λ1 Arrival rate of delay-sensitive tasks
λ2 Arrival rate of delay-tolerant tasks
μ11 Local service rate of delay-sensitive tasks
μ21 Local service rate of delay-tolerant tasks
μ12 Edge service rate of delay-sensitive tasks
μ22 Edge service rate of delay-tolerant tasks
μ23 Cloud service rate of delay-tolerant tasks
nE Number of edge VMs in the EN
HU Access threshold in the UD buffer
HE Access threshold in the EN buffer

VM: virtual machine; EN: edge network; UD: user device

and delay-tolerant tasks follow the Poisson process
with parameters λ1 (λ1 ≥ 0) and λ2 (λ2 ≥ 0), re-
spectively. We call λ1 and λ2 the arrival rates of
delay-sensitive and delay-tolerant tasks, respectively.

We note that each task has a different ser-
vice time, which can be assumed as a random vari-
able. We assume that the service time of the delay-
sensitive tasks processed on the UD and that of the
delay-sensitive tasks processed on the EN follow the
exponential distribution with parameters μ11 and
μ12 (μ12 ≥ μ11 > 0), respectively. We call μ11 and
μ12 the local service rate and the edge service rate of
delay-sensitive tasks, respectively. We assume that
the service time of the delay-tolerant tasks processed
on the UD and that of the delay-tolerant tasks pro-
cessed on the EN follow the exponential distribution
with parameters μ21 (μ21 ≥ 0) and μ22 (μ22 ≥ μ21),
respectively. We also assume that the service time
of the delay-tolerant tasks processed on the CDC
follows the exponential distribution with parameter
μ23 (μ23 ≥ μ22). We call μ21, μ22, and μ23 the lo-
cal service rate, edge service rate, and cloud service
rate of delay-tolerant tasks, respectively. Without
loss of generality, we assume that the service rates
for these two types of tasks are different, namely,
μ11 �= μ21, μ12 �= μ22. The service time of tasks is
supposed to be independent of each other. Tasks
in the UD and EN are processed following the first-
come-first-served (FCFS) discipline.

From the workflows of delay-sensitive and delay-
tolerant tasks in Figs. 2 and 3, respectively, we find
that only the delay-sensitive tasks generated when
the number of tasks in the UD buffer reaches the ac-
cess threshold HE and the delay-tolerant tasks gen-
erated when the UD is busy can be offloaded to the
EN. That is to say, the arrivals of these two types of
tasks at the EN are no longer subject to the Poisson

process. For this, we record the number of delay-
tolerant tasks in the EN, the number of these two
types of tasks in the EN, the number of delay-tolerant
tasks in the UD, and the number of these two types
of tasks in the UD to construct a four-dimensional
Markov chain.

To keep track of the behavior of the system, we
introduce the following notations:

X(t): the number of delay-tolerant tasks in the
EN at instant t, commonly referred to as the system
level. X(t) = i, i ∈ {0, 1, . . . , nE}.

Y (t): the number of tasks (including delay-
sensitive and delay-tolerant tasks) in the EN at in-
stant t, commonly referred to as the system state.
Y (t) = j, j ∈ {i, i+ 1, . . . , nE +HE}.

Z(t): the number of delay-tolerant tasks in the
UD at instant t. Z(t) = k, k ∈ {0, 1}.

G(t): the number of tasks (including delay-
sensitive and delay-tolerant tasks) in the UD at in-
stant t. G(t) = r, r ∈ {k, k + 1, . . . , 1 +HU}.

We establish a four-dimensional CTMC
{(X(t), Y (t), Z(t), G(t)), t ≥ 0} as the system model
to describe the proposed task offloading scheme and
further optimize the system performance. The state
space of this Markov chain is given as follows:

Ω=
{
(i, j, k, r) | i ∈ {0, 1,. . ., nE},

j ∈ {i, i+1,. . ., nE+HE},
k ∈ {0, 1}, r ∈ {k, k + 1, . . . , 1 +HU}

}
.

(1)

We define πi,j,k,r as the stationary probability
of the four-dimensional CTMC when the number of
delay-tolerant tasks in the EN is i, the number of
tasks in the EN is j, the number of delay-tolerant
tasks in the UD is k, and the number of tasks in the
UD is r. The term πi,j,k,r is then given as follows:

πi,j,k,r= lim
t→∞P{X(t)= i, Y (t)=j, Z(t)=k,G(t)=r},
(i, j, k, r) ∈ Ω.

(2)

We define vectorπi as the stationary probability
vector when the number of delay-tolerant tasks in the
EN is i. Then, the stationary probability distribu-
tion Π of the four-dimensional CTMC is composed
of πi, i ∈ {0, 1, . . . , nE}. Π is partitioned as follows:

Π = (π0,π1, . . . ,πnE). (3)
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4 Model analysis and performance
measures

In this section, we present the generator of the
four-dimensional CTMC and derive the stationary
probability distribution of the system model. Then,
we derive the system performance measures.

4.1 Model analysis

Let Q be the generator of the four-dimensional
CTMC {(X(t), Y (t), Z(t), G(t)), t ≥ 0}. Let Qu,v

be the one-step state transition rate matrix for the
system level changing from u (u ∈ {0, 1, . . . , nE})
to v (v ∈ {0, 1, . . . , nE}). The generator Q can be
given in an (nE +1)× (nE +1)-block-structure form
as follows:

Q =

⎡
⎢⎢⎢⎢⎣

Q0,0 Q0,1

Q1,0 Q1,1 Q1,2

. . .
. . .

. . .
QnE−1,nE−2 QnE−1,nE−1 QnE−1,nE

QnE,nE−1 QnE,nE

⎤
⎥⎥⎥⎥⎦
.

To analyze the non-zero sub-blocks of Q ,
we introduce notations I 2HU+3 and 0 to denote
the identity matrix with 2HU + 3 dimensions
and the zero matrix with an appropriate dimen-
sion, respectively. The non-zero one-step state
transition rate matrix Qu,v of the Markov chain
{(X(t), Y (t), Z(t), G(t)), t ≥ 0} can be discussed ac-
cording to the changes of system levels as follows:

1. The one-step state transition rate matrix
Q i,i−1 indicates that the system level i changes to
i − 1 via a one-step state transition, where i ∈
{1, 2, . . . , nE}. Let NE = nE + HE. Q i,i−1 can be
given in an (NE+1−i)×(NE+2−i)-block-structure
form as follows:

Qi,i−1 =

⎡
⎢⎢⎣

Si,i−1 0

Si+1,i 0

. . .
. . .

SNE−1,NE−2 0

SNE,NE−1 0

⎤
⎥⎥⎦ ,

where S j,j−1 (j ∈ {i, i + 1, . . . , NE}) represents the
transition rate sub-matrix when the system state
changes from j to j − 1. For this case, a delay-
tolerant task departs from the EN; then, the number
of delay-tolerant tasks in the EN changes from i to
i−1, and the total number of tasks in the EN changes
from j to j− 1. Here, S j,j−1 is of order 2HU+3 and
is given as follows:

S j,j−1 = iμ22I 2HU+3. (4)

2. The one-step state transition rate matrix
Qi,i+1 indicates that the system level i changes to
i + 1 via a one-step state transition, where i ∈
{0, 1, . . . , nE − 1}. Here, Qi,i+1 can be given in an
(NE+1−i)×(NE−i)-block-structure form as follows:

Qi,i+1 =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

T i,i+1

TnE−1,nE

0
. . .

0

0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
,

where T j,j+1 (j ∈ {i, i+ 1, . . . , NE − 1}) represents
the transition rate sub-matrix when the system state
changes from j to j+1. For this case, a delay-tolerant
task arrives at the EN; then, the number of delay-
tolerant tasks in the EN changes from i to i+1, and
the total number of tasks in the EN changes from j

to j + 1. Here, T j,j+1 is of order 2HU + 3 and is
given as follows:

T j,j+1 = diag(0, λ2, λ2, . . . , λ2︸ ︷︷ ︸
2HU+2

). (5)

3. The one-step state transition rate matrix Qi,i

indicates that system level i is fixed via a one-step
state transition, where i ∈ {0, 1, . . . , nE}. Here, Qi,i

can be given in an (NE+1− i)× (NE+1− i)-block-
structure form as follows:

Qi,i =

⎡
⎢⎢⎢⎢⎣

Li,i Li,i+1

Li+1,i Li+1,i+1 Li+1,i+2

. . .
. . .

. . .
Ld−1,d−2 Ld−1,d−1 Ld−1,d

Ld,d−1 Ld,d

⎤
⎥⎥⎥⎥⎦
,

where d = NE.
In the one-step state transition rate matrix Qi,i,

sub-matrix Lj,j′ (j ∈ {i, i + 1, . . . , NE}, j′ ∈ {j −
1, j, j +1}) represents that the system state changes
from j to j′ for a fixed system level i. Sub-matrix
Lj,j′ is square and is of order 2HU +3. According to
the changes of system states, Lj,j′ can be discussed
in three cases.

Case 1: System state j changes to j−1 via a one-
step state transition, where j ∈ {i+1, i+2, . . . , NE}.
For this case, a delay-sensitive task departs from the
EN, the number of delay-tolerant tasks in the EN
remains fixed, and the total number of tasks in the
EN changes from j to j − 1. The transition rate
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sub-matrix Lj,j−1 can be given as follows:

Lj,j−1 =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(j − i)μ12I 2HU+3,

j ∈ {i+ 1, i+ 2, . . . , nE − 1− i},
nEμ12I 2HU+3,

j ∈ {nE − i, nE − i+ 1, . . . , NE}.

Case 2: System state j changes to j+1 via a one-
step state transition, where j ∈ {i, i+1, . . . , NE−1}.
For this case, a delay-sensitive task arrives at the
EN, the number of delay-tolerant tasks in the EN
remains fixed, and the total number of tasks in the
EN changes from j to j + 1. The transition rate
sub-matrix Lj,j+1 can be given as follows:

Lj,j+1 = diag(0, 0, . . . , 0︸ ︷︷ ︸
HU+1

, λ1, 0, 0, . . . , 0︸ ︷︷ ︸
HU

, λ1).

Case 3: System state j is fixed via a one-step
state transition, where j ∈ {i, i + 1, . . . , NE}. For
this case, there are neither arrivals nor departures
of delay-sensitive task in the EN, and the number of
delay-tolerant tasks in the EN and the total number
of tasks in the EN remain fixed. The transition rate
sub-matrix Lj,j can be given as follows:

Lj,j =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

a0,0 λ1 λ2

μ11 a1,1 λ1

. . .
. . .

. . .
μ11ac,c λ1

μ11 ac+1,c+1

μ21 b1,1 λ1

. . .
. . .

. . .
μ21 bc,c λ1

μ21 bc+1,c+1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

where c = HU, am,m (m ∈ {0, 1, . . . , HU + 1}) and
bn,n (n ∈ {1, 2, . . . , HU + 1}) can be discussed ac-
cording to different system states j.

When system state j satisfies i ≤ j ≤ nE − 1,
am,m and bn,n can be given as follows:

am,m =

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

− (λ1 + λ2 + (j − i)μ12 + iμ22),

m = 0,

− (λ1 + λ2 + μ11 + (j − i)μ12 + iμ22),

m ∈ {1, 2, . . . , HU + 1},
(6)

bn,n =− (λ1 + λ2 + μ21 + (j − i)μ12 + iμ22),

n ∈ {1, 2, . . . , HU + 1}. (7)

When system state j satisfies nE ≤ j ≤ NE − 1,
am,m and bn,n can be given as follows:

am,m =

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

− (λ1 + λ2 + (nE − i)μ12 + iμ22),

m = 0,

− (λ1 + μ11 + (nE − i)μ12 + iμ22),

m ∈ {1, 2, . . . , HU + 1},
(8)

bn,n =− (λ1 + μ21 + (nE − i)μ12 + iμ22),

n ∈ {1, 2, . . . , HU + 1}. (9)

When system state j satisfies j = NE, am,m and
bn,n can be given as follows:

am,m =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

− (λ1 + λ2 + (nE − i)μ12 + iμ22),

m = 0,

− (λ1 + μ11 + (nE − i)μ12 + iμ22),

m ∈ {1, 2, . . . , HU},
− (μ11 + (nE − i)μ12 + iμ22),

m = HU + 1.
(10)

bn,n =

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

− (λ1 + μ21 + (nE − i)μ12 + iμ22),

n ∈ {1, 2, . . . , HU},
− (μ21 + (nE − i)μ12 + iμ22),

n = HU + 1.
(11)

Up to now, all the sub-blocks in generator Q
have been presented. The block tridiagonal struc-
ture of Q indicates that the four-dimensional CTMC
{(X(t), Y (t), Z(t), G(t)), t ≥ 0} is non-periodic, irre-
ducible, and positive recurrent.

It is well known that the stationary probabil-
ity distribution Π of the four-dimensional CTMC
{(X(t), Y (t), Z(t), G(t)), t ≥ 0} can be obtained by
solving the following linear equation:

{
ΠQ = 0,

Πe = 1,
(12)

where e is a column vector with 1
2 (2HE+nE+2)(nE+

1)(2HU + 3) elements and all elements of the vector
are equal to 1.

By using the Gauss–Seidel method, one of
the iterative methods, we calculate the stationary
probability distribution Π of the Markov chain
{(X(t), Y (t), Z(t), G(t)), t ≥ 0}.
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4.2 Performance measures

To evaluate the long-term performance of the
edge computing system with the proposed task
offloading scheme, we derive the blocking rate of
delay-sensitive tasks, the average delay of delay-
sensitive tasks, and the average delay of delay-
tolerant tasks. For the blocked delay-sensitive tasks
in the edge computing system, they may be lost or
sent to other ENs. When calculating the average de-
lay of delay-sensitive tasks, the blocked tasks are not
included.

1. Blocking rate of delay-sensitive tasks. The
blocking rate Rb of delay-sensitive tasks is defined as
the probability that a delay-sensitive task is blocked.
When the numbers of tasks in the UD buffer and EN
buffer both reach their access thresholds, a newly
generated delay-sensitive task will be blocked. The
blocking rate Rb can be given as follows:

Rb =

nE∑
i=0

1∑
k=0

πi,nE+HE,k,HU+1. (13)

2. Average delay of delay-sensitive tasks. The
delay Tr of a delay-sensitive task is defined as the
time duration from the generation instant of a delay-
sensitive task in the UD to the instant at which the
delay-sensitive task finishes its service on the UD
processor or on the edge VMs. From Section 3, we
know that there are two possible cases for each delay-
sensitive task that is successfully processed.

Case 1: processed on the UD processor. We
define the local allocation rate R11 of delay-sensitive
tasks as the probability that a delay-sensitive task is
processed on the UD processor locally. R11 can be
given as follows:

R11 =

nE∑
i=0

nE+HE∑
j=i

1∑
k=0

HU∑
r=k

πi,j,k,r . (14)

For a delay-sensitive task processed on the UD
processor, the delay includes the waiting time in the
UD buffer and the service time on the UD proces-
sor. We call the delay of a delay-sensitive task pro-
cessed on the UD processor the local delay of a delay-
sensitive task. Following Little’s law, we obtain the
average local delay E[T11] of delay-sensitive tasks as

follows:

E[T11] =
1

λ1R11

nE∑
i=0

nE+HE∑
j=i

1∑
k=0

HU+1∑
r=2

(r − 1)πi,j,k,r

+
1

μ11
,

(15)
where λ1R11 is the effective arrival rate of delay-
sensitive tasks at the UD.

Case 2: processed on the edge VMs. We define
the edge offloading rate R12 of delay-sensitive tasks
as the probability that a delay-sensitive task is pro-
cessed on the edge VMs. R12 can be given as follows:

R12 =

nE∑
i=0

nE+HE−1∑
j=i

1∑
k=0

πi,j,k,HU+1. (16)

Although the distance between the UD and the
EN is small in the edge computing environment,
the propagation delay tt from the epoch of a delay-
sensitive task departing from the UD to the epoch
at which the delay-sensitive task arrives at the EN
cannot be ignored. For a delay-sensitive task pro-
cessed on the edge VMs, the delay includes the wait-
ing time in the EN buffer and the service time on
the edge VMs. We call the delay of a delay-sensitive
task processed on the edge VMs the edge delay of a
delay-sensitive task. The average edge delay E[T12]

of delay-sensitive tasks can be given as follows:

E[T12] =
1

λ1R12

nE∑
i=0

nE+HE∑
j=nE+1

1∑
k=0

HU+1∑
r=k

(j − nE)πi,j,k,r

+ tt +
1

μ12
,

(17)
where λ1R12 is the effective arrival rate of delay-
sensitive tasks at the EN.

In the edge computing system with the proposed
task offloading scheme, all delay-sensitive tasks are
either successfully processed or blocked. Then, R11,
R12, and Rb are subject to the following condition:

R11 +R12 +Rb = 1. (18)

Combining Eqs. (15), (17), and (18), we obtain
the average delay E[Tds] of delay-sensitive tasks as
follows:

E[Tds] =
R11

R11 +R12
E[T11] +

R12

R11 +R12
E[T12]

=
R11

1−Rb
E[T11] +

R12

1−Rb
E[T12].

(19)
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3. Average delay of delay-tolerant tasks. The
delay Tn of a delay-tolerant task is defined as the
time duration from the generation instant of a delay-
tolerant task to the instant at which the delay-
tolerant task finishes its service on the UD proces-
sor, on the edge VMs, or on the cloud VMs. From
Section 3, we know that there are three possible
cases for each delay-tolerant task that is successfully
processed.

Case 1: processed on the UD processor. We
define the local allocation rate R21 of delay-tolerant
tasks as the probability that a delay-tolerant task is
processed on the UD processor locally. Here, R21

can be given as follows:

R21 =

nE∑
i=0

nE+HE∑
j=i

πi,j,0,0. (20)

For a delay-tolerant task processed on the UD
processor, the delay is just the service time. We call
the delay of a delay-tolerant task processed on the
UD processor the local delay of a delay-tolerant task.
The average local delayE[T21] of delay-tolerant tasks
can be given as follows:

E[T21] =
1

μ21
. (21)

Case 2: processed on the edge VMs. We define
the edge offloading rate R22 of delay-tolerant tasks as
the probability that a delay-tolerant task is processed
on the edge VMs. Here, R22 can be given as follows:

R22 =

nE−1∑
i=0

nE−1∑
j=i

1∑
k=0

HU+1∑
r=1

πi,j,k,r. (22)

For a delay-tolerant task processed on the edge
VMs, the propagation delay is ignored, and the delay
is just the service time. We call the delay of a delay-
tolerant task processed on the edge VMs the edge
delay of a delay-tolerant task. The average edge
delay E[T22] of delay-tolerant tasks can be given as
follows:

E[T22] =
1

μ22
. (23)

Case 3: processed on the cloud VMs. We define
the cloud offloading rate R23 of delay-tolerant tasks
as the probability that a delay-tolerant task is pro-
cessed on the cloud VMs. Here, R23 can be given as
follows:

R23 =

nE∑
i=0

nE+HE∑
j=nE

1∑
k=0

HU+1∑
r=1

πi,j,k,r . (24)

For a delay-tolerant task processed on the cloud
VMs, the delay includes the propagation delay from
the epoch at which a delay-tolerant task departing
from the EN to the epoch at which the delay-tolerant
task arriving at the CDC, and the service time on
the cloud VMs. We call the delay of a delay-tolerant
task processed on the cloud VMs the cloud delay of a
delay-tolerant task. The average cloud delay E[T23]

of delay-tolerant tasks can be given as follows:

E[T23] = tp +
1

μ23
, (25)

where tp is the average propagation delay from the
EN to the CDC.

In the edge computing system with the proposed
task offloading scheme, all the delay-tolerant tasks
can be successfully processed. Then, R21, R22, and
R23 are subject to the following condition:

R21 +R22 +R23 = 1. (26)

Combining Eqs. (21), (23), (25), and (26), we
obtain the average delay E[Tdt] of delay-tolerant
tasks as follows:

E[Tdt] =R21
1

μ21
+R22

(
tt +

1

μ22

)

+R23

(
tp +

1

μ23

)
.

(27)

In edge computing systems, the QoS require-
ments of both delay-sensitive and delay-tolerant
tasks are important. Delay-sensitive tasks require
high response performance. However, in practi-
cal scenarios, when the service resource is limited,
higher response performance is usually achieved at
the cost of lower throughput performance, and lower
delay for one type of task is usually achieved at
the cost of higher delay for another type of task.
This brings a constrained multi-objective optimiza-
tion problem. The optimization objective is to com-
promise different performance measures according to
users’ requirements.

5 Numerical studies

To numerically evaluate the long-term perfor-
mance of the edge computing system with our pro-
posed task offloading scheme, we carry out numer-
ical experiments with analysis and simulate task
offloading procedure with the generation of tasks in
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the form of a Poisson process. The analysis results
are presented in Matlab 2019b on Intel R© CoreTM

i7-4790 CPU @ 3.60 GHz, 8.00 GB random access
memory (RAM). The simulation results are obtained
under the platform of Eclipse 4.17.0.

In state-of-the-art studies on offloading schemes,
researchers focused mainly on the partial task
offloading scheme (Wang ZY and Zhu, 2020), prob-
abilistic offloading scheme (Li W and Jin, 2021),
game offloading scheme (Luo and Huang, 2021), and
deep reinforcement learning based offloading scheme
(Song et al., 2022). In most of these strategies,
tasks are usually supposed to be homogeneous and
the differentiated requirements for different types
of tasks are not taken into account. In our pro-
posed offloading scheme, tasks are classified into
delay-sensitive and delay-tolerant tasks according
to the differentiated delay requirements. Based on
the proposed three-layer edge architecture shown
in Section 3, we compare the performances of the
offloading scheme for heterogeneous tasks with those
for homogeneous tasks.

Under the offloading scheme with homogeneous
tasks, tasks are offloaded to the UD and EN by us-
ing the access threshold policy, and when both the
number of tasks in the UD buffer and the number
of tasks in the EN buffer reach the access threshold,
the newly arriving tasks are offloaded to the CDC
for processing.

In the numerical experiments and simulations,
parameters are set by referring to previous works
(Ranganath, 2022; Zhao et al., 2023). The parameter
settings are listed in Table 3.

Table 3 Parameter settings

Parameter Value

Total arrival rate of tasks, λ 0.1–8.0 tasks/ms
Proportion of type 1 tasks, p1 0.5, 0.75, 1.0
Local service rate of type 1 tasks, μ11 0.6 tasks/ms
Local service rate of type 2 tasks, μ21 0.4 tasks/ms
Edge service rate of type 1 tasks, μ12 1.0 tasks/ms
Edge service rate of type 2 tasks, μ22 0.8 tasks/ms
Cloud service rate of type 2 tasks, μ23 2.0 tasks/ms
Number of edge VMs in the EN, nE 5
Access threshold in the UD buffer, HU 5 tasks
Access threshold in the EN buffer, HE 15, 20 tasks
Transmission delay from UD to EN, tt 10 ms
Propagation delay from EN to CDC, tp 40 ms

Type 1 and type 2 tasks denote delay-sensitive and delay-
tolerant tasks, respectively. CDC: cloud data center; EN:
edge network; UD: user device; VM: virtual machine

Let λ be the total arrival rate of tasks, namely,
λ = λ1+λ2. Let p1 be the proportion of rate of delay-

sensitive tasks to that of the total tasks generated in
the UD, namely, p1 = λ1/λ. Let p2 be the proportion
of rate of delay-tolerant tasks to that of the total
tasks generated in the UD, namely, p2 = λ2/λ =

1− p1.
Fig. 4 examines the change trend for the block-

ing rate Rb of delay-sensitive tasks in relation to
the total arrival rate λ of tasks with different access
thresholds HE in the EN buffer and different propor-
tions p1 of delay-sensitive tasks.

In Fig. 4, we find that for all the access thresh-
olds HE in the EN buffer, if proportion p1 of delay-
sensitive tasks is given, the blocking rate Rb of delay-
sensitive tasks increases as the arrival rate λ of the
tasks increases. When the access thresholds HU in
the UD buffer and HE in the EN buffer are given,
the capacity of the edge computing environments is
limited for delay-sensitive tasks. As the arrival rate
of tasks increases, the arrival rate of delay-sensitive
tasks increases accordingly. Since the service capac-
ities of the UD and EN are limited, an increased
number of delay-sensitive tasks have to wait in the
EN buffer for service. The number of tasks in the
EN buffer easily reaches the access threshold HE;
then a newly arriving delay-sensitive task is likely to
be blocked. Therefore, the blocking rate of delay-
sensitive tasks increases.

In Fig. 4, we also see that for the same ac-
cess threshold HE in the EN buffer and the same
arrival rate λ of tasks, as proportion p1 of delay-
sensitive tasks increases, the blocking rate Rb of
delay-sensitive tasks increases. When the arrival
rate of tasks is given, as the proportion of delay-
sensitive tasks increases, the number of tasks in the
EN buffer reaches the access threshold HE more eas-
ily. Therefore, the blocking rate of delay-sensitive
tasks increases.

By comparing Fig. 4a with Fig. 4b, we find that
for the same arrival rate λ of tasks and the same
proportion p1 of delay-sensitive tasks, the blocking
rate Rb of delay-sensitive tasks with a smaller access
threshold HE is higher than that with a larger access
threshold HE in the EN buffer. The reason is that
a smaller access threshold in the EN buffer makes it
easier for the number of tasks in the EN buffer to
reach the access threshold, and a newly arriving task
is more likely to be blocked.

Fig. 5 examines how the average delay E[Tds] of
delay-sensitive tasks changes in relation to the arrival
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rate λ of tasks with different access thresholds HE in
the EN buffer and different proportions p1 of delay-
sensitive tasks. The lines with p1 = 0.50, 0.75, 1 in-
dicate the results from the offloading scheme with
diverse tasks. The line with p1 = −1 indicates the
results from the offloading scheme with homogeneous
tasks.

In Fig. 5, we find that for all the access thresh-
olds HE in the EN buffer, if proportion p1 of delay-
sensitive tasks is given, such as p1 = 0.50, 0.75, 1, as
the arrival rate λ of tasks increases, the change trend
for the average delay E[Tds] of delay-sensitive tasks
experiences three stages.

When the arrival rate λ of tasks is small, the
average delay E[Tds] of delay-sensitive tasks shows a
rising trend as the arrival rate λ of tasks increases.
During this period, the number of tasks in the UD
buffer is usually smaller than the access threshold
HU. As the arrival rate of tasks increases, a larger
number of delay-sensitive tasks accumulate in the
UD buffer for service. Therefore, the average delay

of delay-sensitive tasks increases.
When the arrival rate λ of tasks is medium, the

average delay E[Tds] of delay-sensitive tasks shows
a smooth uptrend as the arrival rate λ of tasks in-
creases. During this period, the number of tasks in
the UD buffer reaches the access threshold HU easily.
As the arrival rate of tasks increases, a greater num-
ber of delay-sensitive tasks are offloaded to the EN.
Considering that the service capacity of the EN is
higher than that of the UD, the average delay of the
delay-sensitive tasks processed on the edge VMs is
lower than that processed on the UD. The relatively
fixed transmission delay of delay-sensitive tasks from
the UDs to the EN becomes the dominant element
influencing the average delay of delay-tolerant tasks.
Therefore, the average delay of delay-sensitive tasks
increases smoothly.

When the arrival rate λ of tasks is high, the
average delay E[Tds] of delay-sensitive tasks shows
a rising trend again as the arrival rate λ of tasks
increases. During this period, as the arrival rate
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of tasks continues to increase, a greater number of
delay-sensitive tasks are offloaded to the EN, and
these tasks wait longer in the EN buffer for service.
So, the average delay of delay-sensitive tasks pro-
cessed on the edge VMs increases accordingly. For
this case, the average delay of delay-sensitive tasks
processed on the UD tends to be fixed. As a whole,
the average delay of delay-sensitive tasks increases.

In Fig. 5, we also see that for the same access
threshold HE in the EN buffer and the same arrival
rate λ of tasks, the change trend for the average delay
E[Tds] of delay-sensitive tasks with a higher propor-
tion p1 of delay-sensitive tasks is more obvious than
that with a smaller proportion p1 of delay-sensitive
tasks. When the access threshold HE in the EN
buffer is given, as the arrival rate of tasks increases,
the higher the proportion of delay-sensitive tasks,
the more intense the increase in the arrival rate of
delay-sensitive tasks.

By comparing Fig. 5a with Fig. 5b, we find that
for the same proportion p1 of delay-sensitive tasks,
only when the arrival rate λ of tasks is high, does
the access threshold HE in the EN buffer have an
obvious impact on the average delay E[Tds] of delay-
sensitive tasks. When the arrival rate of tasks is
small, the delay-sensitive tasks offloaded to the EN
tend to obtain service without waiting in the EN
buffer, so the access threshold in the EN buffer has
little impact on the average delay of delay-sensitive
tasks. When the arrival rate of delay-sensitive tasks
is high, most of the delay-sensitive tasks offloaded to
the EN have to wait in the EN buffer before obtaining
service. The higher the access threshold in the EN
buffer, the longer the average waiting time of delay-
sensitive tasks. This results in a higher average delay
of delay-sensitive tasks.

Besides, in Fig. 5, comparing the change trends
for the average delay E[Tds] of delay-sensitive tasks
with p1 = 0.50, 0.75, 1 with those with p1 = −1,
we find that when the arrival rate of tasks is small,
the curve of p1 = −1 coincides with the curve of
p1 = 1. However, when the arrival rate of tasks
is high, the average delay of tasks with p1 = −1

increases sharply. Under the offloading scheme with
homogeneous tasks, when the numbers of tasks in
the UD buffer and the EN buffer reach their access
thresholds, the newly arriving tasks will be offloaded
to the CDC, which brings a longer propagation delay.
Therefore, the average delay increases. Compared to

the offloading scheme with homogeneous tasks, when
the traffic load of the system is higher, our proposed
task offloading scheme performs better in terms of
the response performance of delay-sensitive tasks.

Fig. 6 examines how the average delay E[Tdt] of
delay-tolerant tasks changes in relation to the total
arrival rate λ of tasks with different access thresholds
HE in the EN buffer and different proportions p2 of
delay-tolerant tasks. The lines with p2 = 0.25, 0.50, 1

indicate the results from the offloading scheme with
diverse tasks. The line with p2 = −1 indicates the
results from the offloading scheme with homogeneous
tasks.

In Fig. 6, we find that for all the access thresh-
olds HE in the EN buffer, if proportion p2 of delay-
tolerant tasks is given, such as p2 = 0.25, 0.50, and 1,
as the arrival rate λ of tasks increases, the average de-
lay E[Tdt] of delay-tolerant tasks shows three stages.

During the first stage, when the arrival rate λ of
tasks is small, the average delay of the delay-tolerant
tasks processed on the UD becomes the dominant el-
ement influencing the average delay of delay-tolerant
tasks. Therefore, the average delay E[Tds] of delay-
sensitive tasks shows a rising trend as the arrival rate
λ of tasks increases.

During the second stage, as the arrival rate
of tasks increases, more delay-tolerant tasks are
offloaded to the EN to obtain service. Consider-
ing that the service capacity of the EN is higher
than that of the UD, the average delay of the delay-
tolerant tasks processed on the edge VMs is lower
than that processed on the UD. The relatively fixed
and low transmission delay of delay-sensitive tasks
from the UD to the EN becomes the dominant ele-
ment influencing the average delay of delay-tolerant
tasks. Therefore, the average delay of delay-tolerant
tasks decreases.

During the third stage, as the arrival rate
of tasks increases, more delay-tolerant tasks are
offloaded to the CDC, and these tasks experience a
longer propagation delay. For this case, the average
propagation delay of delay-tolerant tasks becomes
the dominant element influencing the average delay
of delay-tolerant tasks. Therefore, the average delay
of delay-tolerant tasks rapidly increases.

In Fig. 6, we also see that for the same ac-
cess threshold HE in the EN buffer and the same
arrival rate λ of tasks, as proportion p2 of delay-
tolerant tasks increases, the average delay E[Tdt] of



680 Bai et al. / Front Inform Technol Electron Eng 2024 25(5):664-684

0

5

10

15

20

25

30

35

40

45
Analysis
Simulation

λ (task/ms)
0 2 4 6 8

p2=−1

E
[T

dt
] (

m
s)

0

5

10

15

20

25

30

35

40

45
Analysis
Simulation

0 2 4 6 8

E
[T

dt
] (

m
s)

λ (task/ms)
(a) (b)

p2=1

p2=0.50

p2=0.25

p2=1

p2=0.50

p2=0.25

p2=−1

Fig. 6 Change trend for the average delay E[Tdt] of delay-tolerant tasks: (a) HE = 15; (b) HE = 20

delay-tolerant tasks decreases. As the arrival rate
of tasks increases, the delay-tolerant tasks are pro-
cessed mainly on the CDC. The average delay of
the delay-tolerant tasks processed on the CDC is the
main factor influencing the average delay of delay-
tolerant tasks. As the proportion of delay-tolerant
tasks increases, more delay-tolerant tasks can be pro-
cessed on the UD or on the edge VMs, leading to a
lower cloud offloading rate of delay-tolerant tasks.
Therefore, the average delay of delay-tolerant tasks
decreases.

By comparing Fig. 6a with Fig. 6b, we find that
for the same proportion p2 of delay-tolerant tasks,
only when the arrival rate λ of tasks is higher, does
the access threshold HE in the EN buffer have some
impact on the average delay E[Tdt] of delay-tolerant
tasks. Besides, the higher the proportion p2 of
delay-tolerant tasks, the less the impact of the ac-
cess threshold in the EN buffer on the average delay
of delay-tolerant tasks. When p2 = 1, the access
threshold in the EN buffer has no impact on the av-
erage delay of delay-tolerant tasks. When the arrival
rate of tasks is smaller, most of the tasks offloaded
to the EN tend to obtain service without waiting
in the EN buffer, so the access threshold in the EN
buffer has little impact on the processing of tasks.
When the arrival rate of tasks is higher, most of
the delay-sensitive tasks offloaded to the EN have
to wait in the EN buffer before obtaining service.
The higher the access threshold in the EN buffer is,
the longer the delay-sensitive tasks occupy the EN,
and the more the delay-tolerant tasks offloaded to
the CDC are. This results in a higher average de-
lay of delay-tolerant tasks. When the proportion of

delay-tolerant tasks is higher, there are fewer delay-
sensitive tasks in the system, tasks in the EN buffer
reach the access threshold harder, and the impact of
the access threshold in the EN buffer is smaller.

Besides, in Fig. 6, comparing the change trends
for the average delay E[Tdt] of delay-tolerant tasks
when p2 = 0.25, 0.50, 1 with that when p2 = −1, we
find that when the arrival rate of tasks is higher, the
average delay of delay-tolerant tasks under our pro-
posed task offloading scheme is higher than that un-
der the offloading scheme with homogeneous tasks.
When the traffic load of the system is higher, to
dedicate the local and edge service resources to delay-
sensitive tasks, delay-tolerant tasks are offloaded
mainly to the CDC to obtain service, resulting in a
higher propagation delay and a higher average delay.

Combining Figs. 5 and 6, we can see that when
the traffic load of the edge computing environments
is higher, our proposed task offloading scheme can
improve the response performance for delay-sensitive
tasks at the cost of higher delay for delay-tolerant
tasks.

6 Performance optimization

From the numerical results given in Section 5,
we see that the access threshold HE in the EN
buffer affects the average delay, the blocking rate
of delay-sensitive tasks, and the average delay of
delay-tolerant tasks. A lower average delay of delay-
sensitive tasks can be obtained with a smaller access
threshold in the EN buffer, whereas a lower blocking
rate of delay-sensitive tasks can be obtained with
a higher access threshold in the EN buffer. The
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average delay of delay-tolerant tasks can be affected
by the access threshold in the EN buffer indirectly.
We conclude that there is a clear trade-off between
a smaller access threshold to minimize the average
delay and a higher access threshold to minimize the
blocking rate.

In this study, to obtain the optimal access
threshold HE in the EN buffer, we construct a system
cost function F (HE) based on the analytical results
of the system model in Section 4.2. The system cost
function F (HE) is as follows:

F (HE) = f1E[Tr] + f2Rb + f3E[Tn], (28)

where f1 and f3 are the factors for the average delays
of delay-sensitive tasks and delay-tolerant tasks to
the system cost respectively, and f2 is the factor
for the blocking rate of delay-sensitive tasks to the
system cost. Moreover, f1, f2, and f3 are all system
parameters that can be set according to practical
requirements.

By minimizing the system cost function F (HE),
the optimal parameter H∗

E is given as follows:

H∗
E = argmin

HE≥1
{F (HE)}, (29)

where “argmin” means that the system cost will be
minimized with the optimal access threshold H∗

E in
the EN buffer.

We carry out numerical experiments to illustrate
how the system cost function F (HE) changes versus
the access threshold HE in the EN buffer. We set
f1 = 0.8, f2 = 0.3, f3 = 0.2, λ = 12, and p1 =

0.45, 0.50, 0.55; we set the other parameters to be
the same as those in Table 2.

The change trend for the system cost function
F (HE) versus the access threshold HE in the EN
buffer with different proportions p1 of delay-sensitive
tasks is shown in Fig. 7.

From Fig. 7, we find that as the access thresh-
old HE in the EN buffer increases, the system cost
function experiences two stages.

During the first stage, when the access threshold
HE in the EN buffer is small, as the access threshold
HE increases, the system cost function F (HE) shows
a downward trend. Then the blocking rate of delay-
sensitive tasks is higher and becomes the main factor
affecting the system cost function. As the access
threshold in the EN buffer increases, more delay-
sensitive tasks can obtain service, so the blocking
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Fig. 7 System cost function F (HE) versus access
threshold HE in the edge network buffer

rate of delay-sensitive tasks decreases. This results
in a decrease in the system cost function.

During the second stage, when the access
threshold HE in the EN buffer is high, as the ac-
cess threshold HE increases, the system cost func-
tion F (HE) shows a rising trend. Then the av-
erage delay of delay-sensitive tasks is higher and
becomes the main factor affecting the system cost
function. As the access threshold in the EN buffer
continues to increase, the average waiting time of
delay-sensitive tasks increases, so the average delay
of delay-sensitive tasks increases. This results in an
increase in the system cost function.

Therefore, when the access threshold is set to a
proper value, there is a minimum system cost for all
the proportions of delay-sensitive tasks. The mini-
mum system cost is the value of the lowest point for
each curve, and the corresponding access threshold
in the EN buffer (marked with “ ”) is the optimal
access threshold H∗

E in the EN buffer.
The optimal access threshold in the EN buffer

and the minimum system cost with different pro-
portions of delay-sensitive tasks are summarized in
Table 4.

Table 4 Optimal access threshold in the EN buffer

Proportion p1 of Optimal access Minimum system
delay-sensitive tasks threshold H∗

E cost F (H∗
E)

0.45 21 15.9309
0.50 15 17.9927
0.55 11 20.0208

From Table 4, we observe that the minimum sys-
tem cost F (H∗

E) increases as proportion p1 of delay-
sensitive tasks increases. The higher the proportion
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of delay-sensitive tasks, the higher the arrival rate,
and the higher the blocking rate of delay-sensitive
tasks. Therefore, the minimum system cost in-
creases. The optimal access threshold H∗

E in the EN
buffer decreases as proportion p1 of delay-sensitive
tasks increases. With the factor settings given in the
numerical experiments of the system cost function,
the access threshold in the EN buffer has less impact
on the blocking rate of delay-sensitive tasks than
on the average delay of delay-sensitive tasks, and a
smaller access threshold in the EN buffer can lead to
a lower average delay, resulting in lower system cost.

In the above experiments, we fix the parameters
of the edge computing environment as a case study.
In practical applications, the system parameters,
such as the service rates of tasks and the factors
of the performance measures, depend highly on the
actual working environments. If users focus more on
the average delay of delay-sensitive tasks (namely,
factor f1 increases), the impact of the average de-
lay of delay-sensitive tasks on the system cost be-
comes stronger, so the access threshold HE in the
EN buffer should be set lower. If users focus more
on the blocking rate of delay-sensitive tasks (namely,
factor f2 increases), the access threshold in the EN
buffer should be set higher. For a given parameter
setting, there exists an optimal access threshold in
the EN buffer.

7 Conclusions

In this work, we proposed a novel task offloading
scheme in the cloud–edge–device collaborative edge
computing environment to meet differentiated re-
quirements of heterogeneous tasks. With our pro-
posed scheme, the delay-sensitive tasks can be pro-
cessed on the UD or EN, and the delay-tolerant
tasks can be processed on the UD, EN, or CDC.
By establishing a four-dimensional CTMC as the
system model and using the Gauss–Seidel method,
we evaluated the long-term performance of the sys-
tem. Numerical results based on the analysis and
simulations show that there is a trade-off among the
blocking rate of delay-sensitive tasks, the average de-
lay of delay-sensitive tasks, and the average delay of
delay-tolerant tasks when setting the access thresh-
old in the EN buffer. For this, we constructed the
system cost function and obtained the optimal access
threshold in the EN buffer with different proportions

of delay-sensitive tasks.
As evidenced by the results, the proposed task

offloading scheme can be used for heterogeneous
task scheduling in the cloud–edge–device collabora-
tion architecture while minimizing the average de-
lay. However, we focus only on task offloading based
on stable networks from a steady-state perspective,
and the task offloading scheme presented in this pa-
per primarily emphasizes the response performance
of the edge computing system. In future work, we
would take energy consumption into consideration
during the optimization process, thus exploring the
energy–delay trade-off. Furthermore, the priority-
aware dynamic offloading scheme is an intriguing
yet inherently complex topic. Therefore, our re-
search endeavors will concentrate on developing a
reinforcement learning algorithm aimed at achieving
the optimal solution for the energy–delay trade-off in
a priority-aware dynamic offloading scheme. In addi-
tion, conducting comparison experiments with exist-
ing offloading strategies and performing comparative
experiments with real cloud–edge–device collabora-
tive systems are the focus of our next research work.
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