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Abstract: With the rapid growth of the Industrial Internet of
Things (IIoT), the Mobile Edge Computing (MEC) has coming
widely used in many emerging scenarios. In MEC, each workflow
task can be executed locally or offloaded to edge to help improve
Quality of Service (QoS) and reduce energy consumption. How‐
ever, most of the existing offloading strategies focus on indepen‐
dent applications, which cannot be applied efficiently to workflow
applications with a series of dependent tasks. To address the issue,
this paper proposes an energy-efficient task offloading strategy for
large-scale workflow applications in MEC. First, we formulate the
task offloading problem into an optimization problem with the
goal of minimizing the utility cost, which is the trade-off between
energy consumption and the total execution time. Then, a novel
heuristic algorithm named Green DVFS-GA is proposed, which
includes a task offloading step based on the genetic algorithm and
a further step to reduce the energy consumption using Dynamic
Voltage and Frequency Scaling (DVFS) technique. Experimental
results show that our proposed strategy can significantly reduce
the energy consumption and achieve the best trade-off compared
with other strategies.
Key words: workflow application; task offloading; energy sav‐
ing; heuristic algorithm; mobile edge computing
CLC number：TP 193

0 Introduction

Industry 4.0, with the help of the Internet and other
network services, greatly improves the quality of indus‐
trial products and services[1]. As the Internet of Things
(IoT) application in Industry 4.0, the Industrial Internet
of Things (IIoT) improves the efficiency of the industrial
manufacturing process and accelerates the process of in‐
dustrial intelligence by connecting various terminal de‐
vices, mobile devices, sensors, and other devices in in‐
dustrial systems. With the development of the IIoT tech‐
nology, more and more IIoT terminal devices are de‐
ployed for sensing data, collecting information, or sub‐
mitting requests in many emerging scenarios, such as
smart grid, smart logistics, and intelligent factories[2,3].
With the sharp increase in the number of terminal de‐
vices and data volume, the IIoT will generate a large
number of applications with specific needs, such as low
latency and low energy consumption. However, the IIoT
terminal devices are still constrained in its resources (e.
g., computation capability, storage, bandwidth, and bat‐
tery life) [4,5]. If the resource demand cannot be met, it
will degrade the Quality of Service (QoS) of workflow
applications, especially the battery bottleneck prevents
the running of long-duration complex workflow applica‐
tions[6].

The emergence of Mobile Edge Computing
(MEC) [7], as an integration of edge computing and mo‐
bile computing, has provided a promising solution to the
problem of resource constraint in the IIoT by offloading
computation-intensive, network-intensive, or power-
intensive tasks (e.g., workflow applications such as face
recognition, image processing, audio editor, and scien‐
tific computation) from IIoT terminal devices onto the
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edge servers for execution. In the MEC-based IIoT sys‐
tems, task offloading can help to significantly improve
the capabilities of the network so as to enhance the QoS
of workflow applications. Moreover, offloading strate‐
gies can reduce energy consumption and increase the
battery life of IIoT terminal devices to improve the utili‐
zation of IIoT terminal devices. However, task offload‐
ing will inevitably need the communication between the
IIoT terminal device and the edge, thereby increasing
the cost of communication time, energy consumption,
and network bandwidth[8,9]. Therefore, the task offload‐
ing decision needs to consider the QoS constrains of
workflow applications, and then make a tradeoff be‐
tween the computation cost and the communication cost
to achieve specific requirements in various IIoT applica‐
tion.

In recent years, many researchers focus on finding
the optimal task offloading solutions for workflow appli‐
cations in IIoT based on MEC[10,11]. Various task offload‐
ing methods based on task division are proposed to dis‐
tribute the mobile resources and the edge resources to
mobile applications[12,13]. The ultimate goal of these ap‐
proaches is to improve the quality of service, e. g.,
shorten the response time, increase the throughput, or ex‐
tend the battery life by reducing the energy cost of the
IIoT device. However, most existing task offloading ap‐
proaches focus on the independent single application,
which are not applied to the complicated workflow appli‐
cations in IIoT. In practice, the complicated IIoT work‐
flows may contain a large number of dependent sub-
applications with different features, so these existing ap‐
proaches cannot handle this scenario efficiently.

Accordingly, in this paper, we investigate the task
offloading strategy for workflow applications running in
the IIoT system based on MEC. In order to maximize
the benefits of MEC in energy saving and service quality
improving such as execution time, we consider a type of
utility cost of the terminal device synthesizing the execu‐
tion time and energy consumption, and then formulate
the task offloading problem in MEC as an optimization
problem with the goal of minimizing the utility cost
(namely finding the best trade-off between execution
time and energy consumption) while satisfying the task
execution time constraints. Furthermore, to address this
problem, we propose a three-phase task offloading algo‐
rithm, named Green DVFS-GA, to obtain the approxi‐
mate optimal solution for the optimization problem. In
phase-one, we partition the large-scale task execution

workflow graph into several partial critical paths; in

phase-two, we use genetic algorithm (GA) to make the

task offloading decision based on the utility cost of the

mobile device; and in phase-three, we further reduce the

energy consumption by adjusting the operation fre‐

quency of the mobile device based on the Dynamic Volt‐

age and Frequency Scaling (DVFS) technique[14]. To

verify the effectiveness of our proposed task offloading

strategy, we first demonstrate a real-world case study on

a simple composite workflow application. Afterwards,

simulation experiments are conducted and Green DVFS-

GA is compared with three other baseline task offload‐

ing algorithms. The results show the better performance

of Green DVFS-GA in minimizing the energy consump‐

tion and the best trade-off between the execution time

and energy consumption.

In conclusion, the major contributions of our work

are as follows: 1) Workflow application inferred in our

work consists of a series of ordered subtasks to accom‐

plish a specific goal, rather than a standalone application

task studied by most scholars. During its execution pro‐

cess, the subtasks can be executed in the IIoT terminal

device or offloaded into the edge servers to execute. 2)

To balance the total execution time and the energy con‐

sumption, we define a new vital objective function "util‐

ity cost" to represent the tradeoff between them. And fur‐

ther, the energy-efficient task offloading problem in

MEC has been transformed into an optimization prob‐

lem with the goal of minimizing the utility cost while

meeting the QoS constraints. To the best of our knowl‐

edge, using the utility cost to combine the execution

time and energy consumption organically is rarely in‐

volved by other work. 3) In addition, we design a three-

stage approach, named Green DVFS-GA, to find the ap‐

proximated optimal task offloading decision for the

above optimization problem. And comprehensive experi‐

ments have illustrated our proposed approach performs

better than other baseline algorithms in most cases with

the key measurements.

The remainder of this paper is organized as fol‐

lows: Section 1 presents the related work. Section 2 de‐

fines all the models used in this paper. Section 3 pro‐

vides our Green DVFS-GA algorithm. Section 4 demon‐

strates the evaluation results on a real-world case study

and some simulation experiments. Finally, Section 5

makes a conclusion of this paper and introduces the fu‐

ture work.
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1 Related Work

MEC is an emerging distributed computing para‐
digm, which can support the mobile workflows offload
some specific tasks into the edge servers to execute and
further reduce the time latency or energy consumption.
The Cloudlet is the first edge computing framework pro‐
posed in 2009[15], which takes advantage of the nearby
high capability computers, and allows resource-limited
mobile devices connecting with them using Wi-Fi Apps
to reduce the network delay of the mobile application
and the power consumption[16]. Since then, many schol‐
ars have carried out relevant researches in MEC based
on users requirements from two aspects: task offloading
strategy and real-time offloading system construction.

The optimal task offloading decision is a basic key
technology to determine the efficiency of the strategy[17].
According to whether all the tasks need to be offloaded,
there are two different offloading strategies: one based
on the full offloading mode[18] and the other based on the
partial offloading mode[19]. Generally, there are two types
of optimization goals of task offloading problem in
MEC, i.e., the whole execution time of the task and the
energy consumption of the mobile device. For example,
Ref. [20] proposed a task offloading method with an op‐
timization objective of minimizing the task time latency
based on the game theory for multi-user participating
MEC system. Combining the correlation relationship of
the terminal users, Ref. [21] proposed a two-layer task
offloading strategy with a goal of minimizing the energy
consumption to provide low energy consumption ser‐
vices for users. Besides, many scholars have comprehen‐
sively considered the response time of tasks and the en‐
ergy consumption of the system, and proposed a compre‐
hensive system optimization goal[22, 23]. Based on the de‐
sign of optimization task offloading decision-making
strategy, many real-time task offloading frameworks
have been constructed[24-26]. For example, Ranji et al[25]

proposed a delay-aware and energy-efficient offloading
scheme named EEDOS in MEC with the goal of address‐
ing the delay and energy costs in a joint approach.

However, these task offloading approaches still fo‐
cus on independent single application instead of the com‐
posite workflow applications, which can be only accom‐
plished by executing a series of sub-applications (or re‐
ferred as tasks) with different specifications such as
hardware and software services. Therefore, in this paper,

we propose the task offloading algorithm for compli‐
cated workflow applications containing a large number
of dependent sub-applications.

2 System Model for Task
Offloading

In this section, we will describe the construction of
the optimization model for task offloading in detail.
Firstly, we introduce the workflow application model
and the MEC system model used in the paper. Then, we
present the workflow application execution time model
and the power consumption model used for the task
offloading. Finally, the optimization model with con‐
straints is constructed.

2.1 Workflow Application Model

A mobile composite workflow application in MEC
is a process which contains a series of sub-applications
(exchangeable with "sub-tasks" in this paper) performed
in series or in parallel to be automated and executed col‐
laboratively.

We use a directed acyclic graph (DAG) with n tasks
(nodes) G = (VEw), to represent the mobile workflow

application with a general topology. The n tasks are gen‐
erated by terminal devices. The set of vertices V =
{v1v2viνn} denotes the set of the ordered execut‐

able tasks, and the directed edge eijÎE (ij = 12n

and i ¹ j) demonstrates the constraint between the task vi

and the task vj, i.e., the finish time of vi should be earlier
than the start time of vj. Given a task graph, there are an
entrance node without any predecessors (denoted as the
entrance task ventry) and an exit node without any succes‐
sors (denoted as the exit task vend). The set of node

weights w = {w1w2wiwn} describes the compu‐

tation workload for each task. If task vi executes on the
terminal device but its successor node executes on the
edge sever, some data will be transmitted to the edge, de‐
noted as Tdata ij. Similarly, some data will be received by
the terminal device, denoted as Rdata ij, when task vi ex‐
ecutes on the edge but its predecessor executes on the
terminal device. Figure 1 illustrates a graph representa‐
tion of a workflow application with 12 tasks, which con‐
tains an entrance task v0 and an exit task v13.

2.2 MEC System Model

Assuming that the core of terminal device has M

different frequency levels (l1 < l2 < < lM < 1) and the
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maximum frequency is fmax, the actual operating fre‐

quency of terminal device can be denoted as fM = lm*fmax.

It is known to all that the power consumption of the mo‐
bile PM is relative with its frequency and the square of
operating voltage, and the operating voltage of the core
is relative with frequency[16, 17]. Therefore, the power con‐
sumption could be denoted as PM = αf γ

M, where α and γ

are constants related to the terminal device that could be
obtained by testing. In addition, a 0-1 variable is intro‐
duced to represent the offloading decision of task vi. Spe‐
cifically, xi = 0 denotes that vi is executed on the terminal
device, and xi = 1 denotes that vi is offloaded to the edge
server to execute. The task scheduling decision could be
represented as the set X = {x1x2xixn}. Actually,

since the start and the end task of the workflow applica‐
tion must be executed on the device locally, we always
have x0 = 0 and xn + 1 = 0.

The power is denoted as P0, when the terminal de‐
vice is idle, and the operating frequency of edge server
is fe, where both P0 and fe are constants that can be mea‐

sured. When a task is offloaded into the edge, the data
transmission rate is denoted as R. The power for sending
and receiving data of the terminal device are denoted as
Ps and Pr respectively, where Ps is considerably larger
than Pr.

2.3 Execution Time Model

The execution time of workflow is made up of the
computation time and the communication time. Since
the computation time of the task vi is affected by its
offloading decision, the computation time of the task vi

is denoted as T comp
i ( xi). And the communication time of

each edge eij is affected by the offloading decisions of
the task vi and the task vj. Therefore, the communication
time between the task vi and the task vj is denoted as

T comp
ij ( xixj ), where xi and xj denote the task offloading

decision of the task vi and the task vj, respectively. The
concrete definition of task execution time are as follows.
2.3.1 Computation time

a) Executed locally: When task vi is executed on

the terminal device, i.e., xi = 0, the execution time of the

task xi is denoted as T comp
i ( xi = 0) =wi ∕ fM.

b) Executed remotely: If we offload the task vi onto
the edge, the computation time of task xi is denoted as

T comp
i ( xi = 1) =wi ∕ fe.

2.3.2 Communication time
When the offloading decision of the task vi and the

task vj is the same, the value of communication time be‐
tween tasks is 0. There are two situations when the
offloading decision of tasks vi and vj is not the same. The
one is that we execute the task vi on the terminal device,
and offload its immediate successor task vj onto the edge
server, the value of communication time can be denoted
as Tdata ij ∕R. The other is that we offload the task vi onto
the edge and execute its immediate successor on the ter‐
minal device, the value of communication time can be
denoted as Rdata ij ∕R. To summarise, the formula of
communication time between the task vi and the task vj

is represented as follows Eq. (1).

T comm
ij ( xixj ) =

ì

í

î

ï
ïï
ï

ï
ïï
ï

0 xi = 0xj = 0

Tdata ij ∕R xi = 0xj = 1

Rdata ij ∕R xi = 1xj = 0

0 xi = 1xj = 1

(1)

Based on the results of the above analysis, the ex‐
ecution time of application can be represented by equa‐
tion (2), where T finish

n + 1 denotes the finish time of the last
task in the workflow application.

T ( X ) = T finish
n + 1 = T comp

n + 1 ( xn + 1 ) + T comm
i n + 1( xixn + 1 ) (2)

2.4 Power Consumption Model

Power consumption of the terminal device consists
of computation power consumption and communication
power consumption, which is influenced by the offload‐
ing decision. The computation power consumption of
task vi with the offloading decision xi is represented as

E comp
i ( xi). The communication power consumption of eij

with the offloading decision xi and xj is denoted as

E comp
ij ( xixj ). Thus, the power consumption of task vi can

be formulated as follows.
2.4.1 Computation power consumption

a) Executed locally: When task vi is executed on
the terminal device, xi = 0, the power consumption of
task vi only includes the consumed computation power

on the terminal device, calculated as E comp
i ( xi = 0) =PM*

T comp
i ( xi = 0) = αf γ

M* wi fM = αf γ - 1
M .

b) Executed remotely: If offload the task vi onto the
edge, the basic power consumption of terminal device is

Fig.1 An example of figure

479



Wuhan University Journal of Natural Sciences 2022, Vol.27 No.6

E comp
i ( xi = 1) =P0*T comp

i ( xi = 1) =P0* wi fe.

2.4.2 Communication power consumption
The communication power consumption is affected

by the offloading decisions of two tasks in the edge eij. If
the offloading decision of the task vi and its immediate
successor vj are the same, both executed on the terminal
device/on the edge, the value of communication power
consumption is 0; if the task vi is executed on the edge
but its immediate successor vj is executed on the termi‐
nal device, the value of communication power consump‐

tion is denoted as E comm
ij ( xi = 1xj = 0) =Pr*Rdata i ∕R; and

if the task vi is executed on the terminal device but its
immediate successor vj is executed on the edge, the
value of communication power consumption is denoted

as E comm
ij ( xi = 0xj = 1) =Ps*Rdata i ∕R; To summarise, ac‐

cording to different offloading decision, the formula of
communication power consumption of the task vi and
the task vj is denoted as equation (3).

E comm
ij ( xixj ) =

ì

í

î

ï
ïï
ï

ï
ïï
ï

0 xi = 0xj = 0

PsTdata i ∕R xi = 0xj = 1

PrRdata i ∕R xi = 1xj = 0

0 xi = 1xj = 1

(3)

In conclusion, the energy consumption of the termi‐
nal device in MEC can be calculated as equation (4).

E ( X ) =∑( )E comp
i ( )xi +E comm

i j ( )xixj (4)

2.5 Optimization Model with Constraints

The energy-efficient task offloading problem in
MEC can be transformed into an optimization problem
to minimize the total execution time and the total energy
consumption while meeting the execution deadline.
However, since there is a contradiction between mini‐
mizing the total execution time and energy consumption
to some extent, the objective of this paper is to find the
best trade-off between them. Therefore, the trade-off as
the utility cost of the decision is defined as in equation
(5), where T ( X ) and E ( X ) denote the total execution

time of the workflow application in the MEC and the to‐
tal energy consumption of the terminal device respec‐
tively with the offloading decision X. The denominator
in equation (5) denotes the execution time of the work‐
flow application executed on the terminal device locally
and the total energy consumption of the terminal device,
respectively.

U ( X ) = T ( )X

T finish
n + 1 ( )X0

*
E ( )X∑k = 1

n + 1 E comp
k ( )X0

(5)

Thus, the optimization problem of task offloading

can be further denoted as an optimal problem to mini‐
mize the utility cost with constraints as illustrated below
with equations (6), (7), (8), and (9), where Tmax denotes
the execution deadline. The optimization goal is finding
the optimal task offloading decision X to minimize the
utility cost in equation (6) while meeting the execution
deadline in equation (7). There is a constraint that the
task offloading decision is a 0-1 variable in equation (8).
The constraint guarantees that the start task and end task
of the workflow application must be executed on the ter‐
minal device locally in equation (9).

Min U ( X ) = T ( )X

T finish
n + 1 ( )X0

*
E ( )X∑k = 1

n + 1 E comp
k ( )X0

(6)

s.t.
T ( X ) < Tmax (7)

xiÎ [ ]01 ( )xiÎX iÎ [ ]1n (8)

x0 = xn + 1 = 0 (9)

3 Green DVFS-GA Algorithm for
Task Offloading

In fact, the optimization task offloading problem of
minimizing the utility cost with some constraints is an
NP hard problem. In order to obtain an approximate opti‐
mal solution, we design a three-stage approach, named
as Green DVFS-GA, for the ordered task execution of
mobile workflow application. In the first stage, we find
the Partial Critical Path (PCP) of the task execution
graph. In the second stage, we make the offloading deci‐
sions of all tasks on the partial critical path using genetic
algorithm with the goal of minimizing the utility cost. In
the last stage, we use DVFS to further reduce the energy
consumption of the system.

3.1 Task Offloading Algorithm Based on PCP

In a workflow, the longest execution path from the
entry task to exit tasks is denoted as the critical path,
which is widely used in task scheduling (in this paper
task offloading in the task graph also can be seen as the
task scheduling). The task scheduling on the critical path
is the key of designing an optimal task execution solu‐
tion. In this paper, the entire deadline of the workflow is
divided into some sub processes by using PCP, and we
recursively allocate each critical task on the PCP till all
tasks in the workflow are allocated.
3.1.1 Basic definition

We define several basic notions to find all the PCPs
in the MEC. The earliest start time of task vi is repre‐
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sented as EST (vi) when it starts to be executed, and the

latest finish time of task vi is represented as LFT (vi)
when its execution is completed. The computation time

and communication time of the task are affected by dif‐

ferent task offloading decision and diverse operating fre‐

quency, which makes it hard to accurately calculate the

earliest start time EST (vi) and the latest finish time

LFT (vi) of task vi. Therefore, an approximate value is

used to calculate the EST (vi) and LFT (vi) of each task.

We assume that all tasks are offloaded onto the edge in

order to execute with the maximum operating frequency

(fmax), and the earliest start time EST (vi) can be calcu‐

lated by equation (10):

ì
í
î

ïï

ïïïï

EST ( )v0 = 0

EST ( )vi =max
vjÎP ( )vi

EST ( )vj + T comp
j + T comm

ji

(10)

where P (vi) denotes the parent tasks set of the task vi.

Similarly, the calculation of the latest finish time

LFT (vi) is represented by equation (11):

ì
í
î

ïï

ïïïï

LFT ( )v0 = 0

LFT ( )vi =min
vjÎC ( )vi

LFT ( )vj - T comp
j - T comm

ji

(11)

where C (vi) denotes the children tasks set of the task vi.

3.1.2 Task offloading algorithm based on PCP

The proposed task offloading algorithm based on

PCP is given in Algorithm 1. Two dummy nodes v0 and

vn + 1 are created and added in the task execution graph G

(Line 1 and 2). Then, the earliest start time and latest fin‐

ish time of each task can be obtained by equations (10)

and (11) in G (Line 3 and 4). Since the entrance task and

exit task can only be executed on the terminal device

and cannot be offloaded, we set them as the scheduled

nodes (Line 5). A task that has made its offloading deci‐

sion is defined as scheduled node and when all tasks in

G are scheduled, the task offloading procedure termi‐

nates. Finally, we call the OffloadingParents() procedure

to schedule the rest of tasks.

3.1.3 Finding the partial critical path procedure
The all partial critical paths of the task v can be

found by using the Algorithm 2 recursively in the MEC
system. The outer while loop (from Line 2 to Line 17) in
Algorithm 2 aims to schedule all the tasks. And in the in‐
ner while loop (from Line 4 to Line 8), the algorithm
aims to find its critical parents task which is unsched‐
uled to obtain the PCP of a particular task (Line 5). Ac‐

cording to the basic graph theory, the critical parent of
the task v is the parent node that leads to the maximum
earliest start time. Then, the scheduled critical parent
will be added as the beginning of PCP after the inner
while loop (Lines 9 and 10). Next, we call the procedure
Offloading (PCP) (demonstrated in Algorithm 3) to
make the offloading decision of tasks and schedule the
tasks on the PCP before their latest finish time (Line 11).
The earliest start time and latest finish time of each task
on the PCP should be recalculated, then we call the pro‐
cedure OffloadingParents() recursively to schedule all

tasks in the workflow graph G after the scheduling pro‐

cedure on PCP (Lines 12-16).

Algorithm 1 Task offloading algorithm (G = (VEw), Tmax)

Input: the task execution graph G = (VEw) and time deadline

Tmax

Output: the offloading decision X

1: Procedure TaskOffloading(G = (VEw), Tmax)

2: Add the entrance task v0, the exit task vn + 1;

3: Compute EST (vi ) of each task according to equation (10);

4: Compute LFT (vi ) of each task according to equation (11);

5: Set the task v0 and the task vn + 1 to be scheduled;

6: Call OffloadingParents(vn + 1).

7: End Procedure

Algorithm 2 OffloadingParents algorithm (v)

Input: the task v

Output: the offloading decision X

1: Procedure OffloadingParents(v)

2: While (v has an unscheduled parent) do

3: PCP←[v], u←v;

4: While (u has an unscheduled parent) do

5: Find the critical parent p (u) unscheduled;

6: Add p (u) into the beginning of PCP;

7: u←p (u);
8: End While

9: Denote w as the scheduled critical parent of task u;

10: Add w into the beginning of PCP;

11: Call Offloading(PCP);

12: For (each task ν' on PCP) do

13: Calculate EST (vi ) of each task according to (10);

14: Calculate LFT (vi ) of each task according to (11);

15: Call OffloadingParents ( ν');

16: End For

17: End While

18: End Procedure
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3.2 Energy-Efficient Task Offloading on PCP
Using GA

Genetic algorithm (GA) is a widely used search al‐

gorithm to find true or approximate solutions for optimi‐

zation problems. In this paper, we use GA to find the

best task offloading decision on the partial critical path.

As illustrated in Algorithm 3, an initial population that

contains some candidate solutions (called individual) is

generated randomly (Line 2). The quality of each indi‐

vidual can be evaluated by the fitness function (defined

as the optimization objective, Line 3). The outer loop

(Lines 4-27) is the generation iteration process. If the it‐
eration terminates, then we can find the best individual
with the best fitness (i.e., the best solution of the optimi‐
zation problem). Otherwise, the algorithm does the next
iteration and produces the next generation (Lines 6-8).
The elite genes will be selected as the parent to produce
the offspring of the next generation by their fitness value
(Line 10). By the gene operation, crossover (Lines 11-
17) and mutation (Lines 19-25), the generation is stron‐
ger and better, and the best individual is more close to
the optimal one. The detail explanation is as follows.
3.2.1 Individual representation

Due to the fact that entrance task and exit task have
been scheduled on the PCP, we only have to determine
other tasks between them. We choose a PCP from the
workflow graph shown in Fig.1 as an example to demon‐
strate the individual representation in the population (as
shown in Fig.2). In the PCP, v0 and v13 are two dummy
nodes scheduled on the mobile locally. The other tasks
in between all have two execution methods: executed lo‐
cally or remotely, and their offloading decision is "0" or "1".
Thus, an individual in the population can be visualized
as a dimension decision sequence contains both the tasks
and the corresponding task offloading decision.

3.2.2 Initial population
We use random heuristic to generate the initial

population with M individuals, where M is the number
of populations. Each individual contains several pairs of
tasks and its corresponding offloading decision. The
length of each individual equals to the PCP length with‐
out two scheduled tasks.
3.2.3 Construction of fitness function

A fitness function can be helpful to identify the
quality of an individual in the population. The objective
of our Green DVFS-GA is to find the best task offload‐
ing decision to minimize the energy consumption in
MEC while meeting the execution deadline. Thus, we
use a fitness function (shown in equation (12)) that com‐
bined the energy consumption and execution time of

Algorithm 3 Offloading (PCP, Nmax, pc, pm, M)

Input: the partial critical path: PCP, Maximum Iterations: Nmax,

the crossover probability: pc, the mutation probability: pm,

population size: M

Output: Task offloading decision on PCP: X*

1: Procedure Offloading(PCP)

2: Generate the initial population randomly: P(0);

3: Compute the fitness of each individual on P(0) by (12)

4: While (i<= Nmax) do

5: Initial new empty population P(i);

6: For j=1:M do

7: Select the individual from P(i - 1) using roulette

wheel selection strategy and insert them into P(i);

8: End For

9: For (j=1: M/2)do

10: Select two parents from P(i): pp(j) and pp(j/2+1);

11: While (pp(j)≠pp(j/2+1)) do

12: r=random();

13: If (r< pc) then

14: Generate two offspring by crossover operator;

15: Insert the offspring into P(i) and remove their

parents;

16: End If

17: End While

18: End For

19: For j=1 to M do

20: r=random();

21: If (r< pm) then

22: rr=random(|PCP|);

23: mutation operator on the gene rr of parent pp(j);

24: End If

25: End For

26: i=i+1;

27: End while

28: End Procedure

Fig.2 Individual representation
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tasks on the path, where X0 = {000} represents that

all the tasks on the PCP execute on the mobile locally,

vkÎ PCP denotes the task on the PCP, and T finish
vend ( X0 ) rep‐

resents the latest finish time of the end task on PCP. The
larger the fitness value, the smaller the utility cost is.

F (PCPX ) = åvkÎ PCP E comp
k ( )X0

E ( )X
*

T finish
vend ( )X0

T ( )X
(12)

3.2.4 Gene selection
We consider the probability of new individuals con‐

tribution to the quality of the entire population, and se‐
lect them as the parent individuals based on their fitness
value. In this paper, the new individuals are selected by
using roulette wheel selection strategy[19].
3.2.5 Gene crossover

The first genetic operator to generate a second gen‐
eration population is crossover at an individual level,
which generates new offspring from two selected indi‐
viduals in the current population. Single-point crossover,
two-point crossover, and multiple-point crossover are
the most common methods of gene crossover. The differ‐
ence is the number of random points selected as the di‐
viding points. We use two-point crossover to generate
new individual in this paper illustrated as Fig. 3 (a).
There are two steps during the crossover: In the first
step, we randomly select two points from the selected
parents, which divide the parents into three parts; In the
second step, we swap the middle part and combine them
into two new offspring.
3.2.6 Gene mutation

The next operator to generate a second generation
population is gene mutation, which generates the off‐
spring from a single parent. We use a simple gene muta‐
tion rule as shown in Fig.3 (b). We select one task ran‐
domly from the parent and change its execution way,
such as change "0" into "1" or change "1" into "0".

3.3 GA Re-Reducing Energy Consumption
Using DVFS

In the first stage of Green DVFS-GA algorithm, we
have obtained the task offloading decision with mini‐
mum utility cost combining the energy consumption and
execution deadline. In this stage we assume the opera‐
tion frequency of terminal device is the maximum fre‐
quency fmax. In fact, the terminal device in MEC system

has M different frequency level (l1 < l2 < < lM = 1) and

its actual operation frequency is fM = lm*fmax. Therefore,

we can use the DVFS technique to reduce the energy
consumption of terminal device further.

Algorithm 4 describes the procedure of re-reducing
the system energy by DVFS. The inputs of the algo‐

rithms include the workflow graph G (VEw), the opera‐

tion frequency level ( fmaxlm ), and the task set scheduled

on the terminal device (vM), which has removed the en‐

trance task and the exit task. And the new operation fre‐

quency set FM for the tasks executed on the terminal de‐

vice locally is the output of the algorithm. The main idea

of the algorithm is as follows: for each locally executed

task, if there is a time slack between the finish time of

the task (u) and the start time of its successor (u'), we can

try the lower operation frequency to execute the task un‐

til we find an appropriate frequency that does not

postpone the start time of its successor (u') (Line 3-8).

Fig.3 Individual representation

Algorithm 4 Re-reducing the energy algorithm( G(V,E,w); vM;

fmax; lm)

Input: Task graph: G(V,E,w); Task set executed on the mobile:

vM; Maximum CPU frequency: fmax; CPU frequency level: lm

Output: the operation frequency FM

1: Procedure Re-reducing()

2: Compute EST(vi), LFT(vi) for each task in the workflow;

3: For each task uÎvM do

4: flag=0, m=1;

5: While flag==0 and m<M do

6: Compute LFT(u) by (11) with the operation

frequency lm;

7: If EST(u)+T comp(u,lm)<LFT(u)

8: fM(u)= lm*fmax, flag=m;

9: else m=m+1;

10: End If

11: End While

12: End For

13: End Procedure
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Actually, the latest finish time of task (u) equals to

the earliest start time of its successor (u'). T comp(ulm) de‐

notes the computation time of task (u) with the operation

frequency (lm), thus EST (u) + T comp(ulm) is the actual

finish time of the task (u). If there is the time slack be‐
tween the actual finish time and the latest finish time of
task (u), we can use the lower operation frequency to ex‐
ecute the task (Line 7).

4 Experiment Evaluation

In this section, the effectiveness of our proposed
task offloading strategy is evaluated on both a real-
world application and simulated testing cases. The real-
world mobile workflow application is implemented by
mobile device simulating industrial robot inspection,
which is a two-stage process consisting of object recog‐
nition and object counting. This typical mobile work‐
flow application involves a large number of transactions
and each of them could be offloaded either onto the mo‐
bile device or onto the edge server to be executed. The
appropriate task offloading approach for the real applica‐
tion workflow is demonstrated below. Furthermore, com‐
prehensive experiments are designed to evaluate the per‐
formance of Green DVFS-GA by simulating mobile ap‐
plication workflows with different specifications using
MATLAB and comparing its performance with three
baseline algorithms.

4.1 A Real-World Case Study

Clearly, task offloading decisions depend on not
only the characteristics of the IIoT devices and MEC en‐
vironments, but also a global understanding of the work‐
flow applications. In this section, we will introduce a
real-world case study to explain the main factors affect‐
ing the task offloading decision.
4.1.1 Application description

The workflow application consists of a two-stage
process including object recognition and object count‐
ing. For the robot in the inspection process, the target ob‐
ject must be verified first. Specifically, when the robot
verifies the inspection object, a target photo must be up‐
loaded first. The application receives the photo and then
sends it to the image acquisition unit. Afterwards, an ob‐
ject detection process will segment the photo and deter‐
mine the potential location of the target object. After
that, the image processing unit extracts the special fea‐
tures and tries to match with the all images of applica‐

tion object database. If it matches with one or some ex‐
isting objects, the program will be able to switch to the
next step, start to object counting (select N images). In
this workflow application, the input variables include
the target photo, photos of all objects in the database,
and number of images for object counting (N). In our ex‐
periments, we can change these variables and observe
the influence of different task offloading decisions on
the energy consumption and the execution time.
4.1.2 Environment setup

We use an Honor mobile phone as the testing termi‐
nal device, whose operating system version is Android
6.0. And we employ a Huawei laptop with eight-core
CPU as the testing edge server. PowerTutor is used to
obtain the energy usage of the two machines. Table 1
shows the tested parameters of the environment.

4.1.3 Offloading decisions
We consider the workflow application as a task

graph consisting of two nodes (v1, v2), where v1 is the ob‐
ject recognition task and v2 is object counting task and
then add two dummy nodes (v0, v3), thus the workflow
application can be denoted as a directed acyclic graph v0

→v1→v2→v3. Due to both the object recognition and ob‐
ject counting are computation-intensive and memory- in‐
tensive[27], the evaluation task offloading decision of
Green DVFS-GA are all X = [0110] (namely v0 is ex‐

ecuted on the terminal device, v1 is executed on the
edge, v2 is executed on the edge and v3 is executed on
the terminal device) with different inputs: N and photos
of all objects in the database. In addition, we consider its
possible offloading decisions for comparison. Figure 4 il‐
lustrates some representative experiment results when
the number of images is N=8 and N=10. It is clear that our
proposed algorithm, Green DVFS-GA (X = [0110]),

Table 1 Detailed parameters

Parameter

The maximum CPU frequency of the device (fM)/GHz

CPU frequency of the edge (fe)/GHz

Idle power of the mobile device (P0)/W

Computation power of the device (PM)/W

Computation power of the edge (Pe)/W

Data sending power of the device (Ps)/W

Data receiving power of the device (Pr)/W

Data transmission rate (R)/kb·s-1

Value

1.7

3.2

0.4

1.2

30

0.7

0.5

5 000

484



QIN Zhiwei et al: Mobility-Aware and Energy-Efficient Task Offloading Strategy for Mobile …

performs better than other methods in both the execution

time of the application and the energy consumption of

the terminal device. With the increasing of N, the execu‐

tion time is longer and the terminal device consume

more energy when X = [0000]. In addition, when the

number of pictures in the database increases, the execu‐

tion time also becomes longer and the energy consump‐

tion becomes larger due to longer matching process.

a) N=8: Figure 4 (a) and Figure 4 (b) show that the

execution time and the energy consumption results when

N=8. In this case, it is clear that the performance is al‐

most the same when X = [0000] and X = [0010].
That is because the object recognition process is more

time-consuming and more computation-intensive than

the object counting, same reason as in the case of X =
[0100] and X = [0110]. When the tasks related to

object recognition offloaded into the edge and regardless

of the offloading decision of the tasks related to object

counting, the execution time and the energy usage have

been significantly reduced. As shown in the Fig. 4 (a)

and (b), the execution time of our proposed Green

DVFS-GA (X = [0110]) decreases 21.96% on average

than executed locally. And the offloading strategy can

save 87.5% energy than executed locally.

b) N=10: Figure 4 (c) and Fig.4 (d) show the execu‐

tion time and the energy consumption results when N=

10. Unlike N=8, in this case, the offloading decision of

tasks related to object counting is also an important fac‐

tor to the whole execution time of the application and

the whole energy usage of the terminal device. The com‐

parison between X = [0000] and X = [0010] (or the

comparison between X = [0100] and X = [0110] in

Fig.4 (c) show that when offloading the tasks related to

the object counting into the edge, the execution time has

decreased. That is because, with the increasing number

of images, more time is needed for object counting and

its computation time on the terminal device is much lon‐

ger than the communication time for offloading the task

into the edge. The same reason is for the results shown

in Fig. 4 (d). In conclusion, the offloading decision of

our proposed algorithm X = [0110] outperforms other

methods in both the execution time and the energy con‐

sumption, same as in the case of N=8.

4.2 Simulation Experiments

Here, we demonstrate the simulation experiments

for the generic performance of our proposed task

offloading strategy with a large number of simulated mo‐

bile application workflows.

We compare the task offloading results of the pro‐

posed Green DVFS-GA with three different baselines.

Specifically, Baseline 1 is our proposed algorithm but

Fig.4 Experiment results
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without the last phase for DVFS, which is used to test

the effectiveness of the DVFS technique in reducing the

energy consumption; Baseline 2 is that all of the tasks

executed on the terminal device locally; Baseline 3 is the

one-climb policy without execution time constraints, in

which there can be at most one migration from the termi‐

nal device to the edge towards the objective of minimum

energy consumption.

4.2.1 Simulation setup

We test our proposed task offloading strategy with

different scale and randomly generated task graphs. We

use MATLAB to generate the task graph randomly and

implement the Green DVFS-GA algorithm and the base‐

line algorithm in Java. We use the same real-world envi‐

ronmental parameters as shown in Table 1 for the simula‐

tion experiments. Furthermore, for the purpose of fair

comparison, we compare Green DVFS-GA with Base‐

line 3 algorithm using the same three task graphs and en‐

vironmental parameters as used in Ref. [28]. Other set‐

tings such as the data transmission power and receiving

power of the terminal device are Ps=0.1W and Pr=

0.05W, the idle power and computation power of the ter‐

minal device are P0=0.001W and PM=0.5W, the maxi‐

mum CPU operation frequency of the terminal device is

FM=500MHz and the supportable frequency level is M=

10 (lm= 0.1, 0.2, … , 1). The CPU frequency of edge

server is Fe=3 000 MHz. The data transmission rate is

50kb/s.

4.2.2 Evaluation results

Tables 2 and 3 illustrate the simulation results with

two different simulation environments as mentioned
above.

a) Results on different scales of task graphs: Table
2 shows the results of energy consumption and execu‐
tion time with different task offloading methods on ten
different task graphs in which the number of nodes is
from 12 to 102 (contains two dummy nodes as explained
in our algorithm). As shown in the table, Green DVFS-
GA outperforms Baseline 1, Baseline 2, and Baseline 3
in the energy consumption. But for the execution time,
the performance of Green DVFS-GA is not the best. And
on the contrary, Baseline 1 with non-DVFS outperforms
than the other algorithms and Baseline 3 also has the
minimum execution time in the case of N≤42 and N=62,
92. That is because Green DVFS-GA, of which the goal
is minimizing the utility cost, tends to obtain lower en‐
ergy consumption with the sacrifice of longer execution
time within the deadline.

b) Results on different types of task graphs: we use
three different types of task graphs: mesh, tree and gen‐
eral topology as introduced in Ref.[28], all of them con‐
tains 13 nodes with two dummy nodes. Table 3 shows
the comparison results with different algorithms under
different execution deadlines. According to the results,
under all the three topologies, Green DVFS-GA also
achieves lower energy consumption of the terminal device
with the sacrifice of execution time when it is within the
deadline. Specifically, for the tree topology, when the
deadline is 1.3 s, Green DVFS-GA outperforms Baseline 3
in both the energy consumption and execution time. In con‐
clusion, Green DVFS-GA can achieve significant reduc‐

Table 2 Energy consumption and execution time results with different task graph scale

N

12

22

32

42

52

62

72

82

92

102

Energy consumption/J

Green DVFS-

GA

1.567

1.721

1.467

5.312

5.641

5.011

4.537

6.599

6.195

6.922

Baseline 1

1.905

1.786

1.512

5.829

6.330

5.660

5.144

6.704

6.382

7.243

Baseline 2

7.694

7.080

6.331

22.633

23.625

21.129

18.702

29.343

27.253

30.394

Baseline 3

1.905

1.786

1.512

5.829

6.238

5.66

4.831

6.698

6.382

7.243

Execution time/s

Green DVFS-

GA

3.653

3.638

4.564

13.286

13.398

12.767

10.929

13.972

12.973

15.007

Baseline 1

3.575

3.557

4.437

12.279

11.467

11.605

9.974

13.771

12.652

14.659

Baseline 2

6.412

5.900

5.276

18.861

19.688

17.608

15.585

24.452

22.711

25.328

Baseline 3

3.575

3.557

4.437

12.279

12.407

11.605

10.883

13.866

12.652

14.659
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tion in energy consumption of terminal devices. In addi‐
tion, it has the advantage of finding the optimal offload‐
ing solutions within the given execution deadline com‐
pared with other baseline algorithms.

c) Results on the utility cost: Figure 5 illustrates the
utility cost of Green DVFS-GA, Baseline 1, and Base‐
line 3 on ten different task graphs. Since Baseline 2 is
running all tasks on the terminal devices, its utility cost
is always one and hence not shown in Fig. 5. As it can
been seen, in most cases Green DVFS-GA outperforms
Baseline 1 and 3 except for the case N=52 in which
Baseline 1 is better. Since utility cost is defined to indi‐
cate the trade-off between the energy consumption and
the workflow execution time, the results actually demon‐
strate that Green DVFS-GA can achieve the best trade-

off task offloading solutions than others in most cases.

5 Conclusion

MEC is becoming a promising platform for mobile
workflow applications which are pervasive in business
process management and people  s everyday life. How‐
ever, service quality and energy consumption are two
prominent challenges hindering the success of mobile
workflow applications running in the MEC. In this pa‐
per, in order to achieve an optimal trade-off between the
service quality and the energy consumption of the termi‐
nal device, we formulated the task offloading problem
into an optimization model to minimize the utility cost
(denotes the trade-off between execution time and en‐
ergy consumption) while meeting the execution deadline
for the mobile workflow applications. A three-phase task
offloading strategy, named as Green DVFS-GA, has
been proposed to find the approximate optimal task
offloading decision. The results of a real-world case
study and some simulation experiments verify that the
proposed task offloading strategy can significantly re‐
duce energy consumption within the execution deadline
compared with other baseline algorithms.

In the future, besides GA, we will explore other op‐
timization algorithms such as ACO (Ant Colony Optimi‐
zation) and PSO (Particle Swarm Optimization).Fig.5 Utility cost comparison results on different task graph

Table 3 Energy consumption and execution time with three fixed topology(Mesh, Tree, General)

Execution

deadline/s

0.4

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

Mesh

Energy/J

Green

DVFS-

GA

0.201

0.159

0.197

0.163

0.135

0.120

0.112

0.112

0.112

0.112

Baseline

3

0.288

0.288

0.212

0.193

0.193

0.162

0.162

0.162

0.162

0.162

Execution time/s

Green

DVFS-

GA

0.398

0.356

0.597

0.696

0.800

0.860

0.916

0.916

0.916

0.916

Baseline

3

0.298

0.298

0.298

0.298

0.298

0.298

0.298

0.298

0.298

0.298

Tree

Energy/J

Green

DVFS-

GA

0.166

0.116

0.093

0.086

0.086

0.086

0.086

0.086

0.086

0.086

Baseline

3

0.288

0.288

0.288

0.288

0.288

0.288

0.288

0.288

0.288

0.140

Execution time/s

Green

DVFS-

GA

0.398

0.493

0.563

0.646

0.646

0.646

0.646

0.646

0.646

0.646

Baseline

3

0.194

0.194

0.194

0.194

0.194

0.194

0.194

0.194

0.194

1.232

General

Energy/J

Green

DVFS-

GA

0.182

0.150

0.127

0.050

0.050

0.050

0.050

0.050

0.050

0.050

Baseline

3

0.288

0.288

0.288

0.050

0.050

0.050

0.050

0.050

0.050

0.050

Execution time/s

Green

DVFS-

GA

0.398

0.499

0.597

0.650

0.650

0.650

0.650

0.650

0.650

0.650

Baseline

3

0.298

0.298

0.298

0.650

0.650

0.650

0.650

0.650

0.650

0.650
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