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ABSTRACT Despite the remarkable work conducted to improve fog computing applications’ efficiency,
the task scheduling problem in such an environment is still a big challenge. Optimizing the task scheduling
in these applications, i.e. critical healthcare applications, smart cities, and transportation is urgent to save
energy, improve the quality of service, reduce the carbon emission rate, and improve the flow time.
As proposed in much recent work, dealing with this problem as a single objective problem did not get
the desired results. As a result, this paper presents a new multi-objective approach based on integrating
the marine predator’s algorithm with the polynomial mutation mechanism (MHMPA) for task scheduling
in fog computing environments. In the proposed algorithm, a trade-off between the makespan and the
carbon emission ratio based on the Pareto optimality is produced. An external archive is utilized to store the
non-dominated solutions generated from the optimization process. Also, another improved version based
on the marine predator’s algorithm (MIMPA) by using the Cauchy distribution instead of the Gaussian
distribution with the levy Flight to increase the algorithm’s convergence with avoiding stuck into local
minima as possible is investigated in this manuscript. The experimental outcomes proved the superiority
of the MIMPA over the standard one under various performance metrics. However, the MIMPA couldn’t
overcome the MHMPA even after integrating the polynomial mutation strategy with the improved version.
Furthermore, several well-known robust multi-objective optimization algorithms are used to test the efficacy
of the proposed method. The experiment outcomes show that MHMPA could achieve better outcomes for
the various employed performance metrics: Flow time, carbon emission rate, energy, and makespan with an
improvement percentage of 414, 27257.46, 64151, and 2 for those metrics, respectively, compared to the
second-best compared algorithm.

INDEX TERMS Multiobjective, polynomial mutation, Cauchy distribution, fog computing, make-span.

I. INTRODUCTION
Internet of things (IoT) plays a crucial role in our daily
real-life to enable the following changes that occur in the
external world by distributing a collection of the sensors
in the cities, and each one has a limited range where it
could monitor the events within. After scanning the cities’
changes and gathering them, they are accurately analyzed
to help make the right decision. IoT could convert those
cities into smart cities to improve the residents’ quality of
services to have better services. Due to its ability to follow
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the external world and help in making the right decision
quickly and accurately, it is applied in several applications
like healthcare [1], smart city [2], and video surveillance and
emergency response [3], etc. But unfortunately, IoT devices
suffer from their limited computing and storage capabilities.
Thus, collecting and analyzing the data (the workload) within
those devices is hard, especially the extensive data. With
advancements in technology, cloud computing, with its vast
storage and addressing capabilities, was used to take the
IoT devices’ data for its storage and analysis [4]–[6]. This
process is known as offloading. But the cloud layer may take
a long time until replying with the required data analysis
due to the bandwidth overhead that occurs in the network.
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Subsequently, it is time for Fog computing (FC) to appear
to solve the delay problem caused by using the cloud layer.
FC is an intermediate layer between the cloud layer and the
IoT devices near those devices until reducing the congestion
in the network and improving the response time, especially
for critical healthcare applications [6].

A near time ago, the FC was called edge computing, and
there was no difference between them. The FC was currently
used to indicate systems that provide their computing capa-
bilities and storage services to the IoT devices via network
devices such as routers and gateways. In FC, the task of
data processing is performed on a fog node or IoT gateway
that is located on a Local Area Network (LAN). In contrast,
edge computing is a concept used to indicate the system that
provides their computing capabilities and storage using the
WIFI access point [3]. In edge computing, the processing is
accomplished on the gateway devices that either exist closer
to the data sources or on the devices with which the sensors
are attached. Accordingly, the major difference between fog
computing and edge computing is in terms of where data
processing is accomplished.

Caching at the wireless edge is a promising manner for
reducing the content request latency and the energy consump-
tion of wireless systems by bringing the data closer to the end
devices [7]. A plethora of research on caching in the wireless
network has been recently done; some of which are found
in [7]–[21]. We will tackle this point in detail in the future.
but, in the rest of this section, more details for fog computing
are discussed.

The FC consists of a number of fog nodes that are dis-
tributed in a manner to make them near the IoT devices.
Afterward, the IoT devices offload the workloads to them
to be analyzed. But, distributing the workloads among the
fog nodes is considered a challenging task that takes the
researchers’ massive attention over the last period. Distribut-
ing the workloads among the fog nodes must be done to
reduce the response time as much as possible until improv-
ing the quality of services for several applications, mostly
autonomous driving, healthcare application, and traffic con-
trol.Moreover, the fog nodes are considered a device that con-
sumes energy as long as it is running. Subsequently, wasting
energy is regarded as the second factor that could be improved
by the optimal distribution of the fog nodes’ workloads. The
consumed energy emits carbon dioxide that pollutes the air
and harms the people in the environment. Hence, finding the
optimal distribution of the workloads pays attention to the
researcher nowadays to overcome the previous drawbacks
resulting from the inaccurate distribution of the workloads.

Unfortunately, increasing the number of the fog nodes and
the IoT devices will increase the amount of the workloads
and the difficulty in finding the best assignments of those
workloads to the number of the fog nodes in a manner that
will reduce the carbon dioxide emission rate, response time,
and energy. Generally, this problem is considered an NP-hard
problem because it couldn’t be solved in polynomial time by
increasing the number of fog nodes and sensors, which makes

the traditional methods unable to solve this problem [22].
To overcome this problem, a new attempt appeared to pay
attention to using the swarm and evolutionary algorithms due
to dramatic capability in solvingmany real-world problems in
fewer time [23]–[27]. Some of the previous algorithms done
to solve the task scheduling problem in FC will be reviewed
within the next subsections.

In [28] the bees life algorithm (BLA) has been proposed
for solving the task scheduling problem in FC (TSFC) based
on attempting to achieve the optimality between the CPU
time and memory storage. This algorithm dealt with those
conflict objectives: the CPU time and memory storage by a
weight factor which might give a preference for an objec-
tive over the other and subsequently the solution which
improves the two objectives together could not be obtained
in this way. Moreover, Guerrero [29] investigates the per-
formance of three multiobjective evolutionary algorithms:
weighted sum genetic algorithm (WSGA), multiobjective
evolutionary algorithm based on decomposition (MOEA/D),
and non-dominated sorting genetic algorithm II (NSGA-II)
for finding the optimal solution for the TSFC to minimize
the network delay, uses the resources optimally as possi-
ble, and allocates services. The experimental outcomes show
the proficiency of both NSGA-II to optimize effectively the
objectives and obtain the highest diversity of the search space
and MOEA/D to minimize the execution time compared to
WSGA. As elaborated in the experiments section later, that
the performance of NSGA-II was so weak compared to our
proposed work and this is due to the local optima problem
which falls in during the optimization process.

Besides, [30] adapted the symbiotic algorithm search algo-
rithm for optimizing the task scheduling problem for the
TSFC based on the knapsack. Rahbari said that his algorithm
shows improvements in the energy consumed with 18%,
the execution cost with a percent of 15%, and the sensor
lifetime by 5% compared with the first-come, first-served
(FCFS) and knapsack algorithm. To overcome the delay and
latency issues and improve the efficacy of the FC with the
significant number of the requests sent to the fog and cloud,
the cuckoo search algorithm (CSA) with the levy walk dis-
tribution and flower pollination (FP) ware adopted in [31]
to solve those issues. This algorithm was compared with
the exiting CS and the Bat algorithm [32]. The outcomes
of the comparison show the superiority of CSA and FP in
optimizing the response time and processing time.

Moreover, Hussein developed the ant colony optimiza-
tion (ACO) and the particle swarm optimization (PSO) [33] to
equilibrium the workloads among the fog nodes to minimize
both response time and communication cost. Based on the
comparison of ACO, PSO, and the round-robin (RR) with
each other, ACO is considered the best one due to coming
accurate better response times and adequate load balances
among the fog nodes. However, the main limitation to this
work is the energy consumption metric which didn’t take
into consideration during the optimization process, and hence
this algorithm is not preferred for the TSFC because the
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TABLE 1. Nomenclature summary.

current research are currently directed to achieving better task
scheduling in less energy consumption.

Besides, to optimize resource utilization and decrease the
average response time, Rafique, H., et al. [34] proposed
a hybrid approach based on the modified PSO (MPSO)
and modified cat swarm optimization (MCSO) algorithm
to tackle this problem. MPSO was employed to schedule
the fog nodes’ tasks, while MCSO was used to manage the
resources. The experimental results show that this hybrid
approach could achieve promising outcomes for execution
time, energy consumption, and average response time. Unfor-
tunately, this hybrid algorithm didn’t solve this problem as a
multi-objective problem using the Pareto optimality strategy
to tradeoff among those conflict objectives for finding the
solutions which optimize all together. Moreover, a new task
schedulingmethod [35] based on the improved firework algo-
rithm (I-FA) has been proposed to tackle TSFC for improving
both the load balancing of the fog nodes and processing time
of the task as the main two objectives required to be mini-
mized by this algorithm. I-FA was validated by two sets of
experiments that show the superiority of I-FA in reducing the
processing time and producing better load balancing among
the fog nodes. But, it didn’t deal with this problem using the
Pareto optimality to find the optimal solutionswhich optimize
those two conflict objectives together, but uses a weight factor
to represent the significance of each objective during the
optimization process.

Moreover, the Moth-flame algorithm [36] was developed
for overcoming TSFC to meet the quality of service require-
ments of cyber-physical system (CPS) applications in a way
that the total execution is significantly reduced. Comparison
of MFO with some state-of-the-art algorithms affirmed its
superiority with regard to the scheduling and distribution of
tasks to fog nodes and the total execution time. After revising
this paper, it was obvious that the authors seek for optimizing
together two objectives: execution time and transfer time,
which are conflict, based on a weight variable to relate the
two objectives using the summation function for producing a

scalar value which could be used as a fitness value. However,
using this weight variable might pay attention to an objec-
tive without the other and hence the solution desired by the
decision-makers might be not achieved.

Recently, a new energy-aware approach [37] based on the
modified marine predators algorithm (MMPA)) has been pro-
posed for solving the TSFC to minimize the maximum exe-
cution time until improving the response time and balancing
the workloads among the fog nodes. MMPAwas modified by
avoiding the memory saving strategy to make the last updated
solution used in the next generation even if it is not better
than the local-best one. in addition, this modified variant was
further improved based on two folds: the first one reinitializes
randomly the first half of the population to avoid stuck into
local minima, and the second is based on moving the last
half gradually toward the best-so-far solution to accelerate
the convergence speed. This improved variant of MMPA was
abbreviated as IMMPA.Ultimately, bothMMPA and IMMPA
were compared with four swarm-based optimization algo-
rithms: salp swarm algorithm, whale optimization algorithm,
equilibrium optimizer, and sine cosine algorithm; and the
genetic algorithm, which have bad performance compared to
the IMMPA under various performance metrics: makespan,
energy consumption, flow time, and carbon dioxide emission
rate.

In [38], the multiobjective CS (MOSCO) has been pro-
posed for tackling the task scheduling problem for the cloud
with two main objectives: the first one is minimizing the
makespan, and the second one is minimizing the cloud user
cost. This algorithm is compared with a number of state-
of-the-art multiobjective resource scheduling algorithms, and
the results of the comparison show that MOSCO is better
than the others. This algorithm was compared with some
relatively old and overwhelmed algorithms and its perfor-
mance for some well-known and strong multiobjective opti-
mization algorithms such as NSGA-II, and NSGA-III is not
known. Another multi-objective population-based algorithm
known as the crow search algorithm (CSA) has been recently
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developed to tackle the TSFC by improving two conflict
objectives: success ratio and the security hit ratio which is
maximized. In addition, this algorithm was integrated with
a local search method to maximize its performance. The
produced outcomes compared to some of the existing algo-
rithms show the superiority of the hybrid CSA for tackling
the TSFC. Several other works have been early done for
tackling the TSFC such as hybrid heuristic and metaheuristic
scheduling algorithm [39], tabu search algorithm [40], and
several others [41]–[43].

After reviewing most of the papers published recently
for tackling the TSFC, we found that they dealt with this
problem as a single objective, although this problem needs
to be solved by optimizing more than one objective simul-
taneously. For example, the best assignment of the tasks to
the fog nodemust improve several metrics: makespan, carbon
dioxide emission rate, flow time, and energy at the same time.
Recently, a nature-inspired metaheuristic algorithm called
marine predators algorithm has been proposed for solving the
global optimization problem and could reach better solutions
compared to the other nature-inspired ones for several other
optimization problems such as image segmentation prob-
lem [25], parameters identification problem [44], optimal
reactive power dispatch [45], and many others [46]–[50].
As a result, in this research, we propose a new multiobjective
hybrid approach abbreviated MHMPA based on the marine
predators’ algorithm integrated with the polynomial mutation
to improve the exploration capability of the algorithm within
the different stages of the optimization process. Additionally,
an improvement to the marine predators algorithm based
on using Cauchy distribution instead of Gaussian one with
the Levy Flight to give the algorithm better exploitation
capability with a small ratio of the exploration at the end
of the iterations until avoiding stuck into local minima is
investigated. The MHMPA used the Pareto optimality to find
the non-dominated solutions that will optimize the carbon
dioxide emission rate and makespan at the same time. The
non-dominated solutions where the improvement in any of
its objectives will deteriorate at least one of the others. More-
over, we used an external archive to save the non-dominated
solutions obtained within the optimization process until get-
ting a significant number of non-dominated solutions at the
end of the optimization process. The experimental results
conducted to check the superiority of the proposed algorithm
proved the superiority of MIMPA over the standard one and
the others except for MHMPA. Therefore, the polynomial
mutation is integrated with the MIMPA (MHIMPA) to check
its effect on its performance. The empirical findings proved
that MHMPA still is the best one, MHIMPA is the second-
best one, while MIMPA is the third-best one.

The main contributions of this paper are summarized as
follows:

1) Proposing a new multiobjective approach based on the
MPA for solving the TSFC with two main objectives:
reducing the make-span and the carbon dioxide emis-
sion rate.

2) Integrating the Polynomial mutation mechanism in an
effective manner with the standard one to increase its
exploration.

3) Investigating the use of Cauchy distribution with the
levy flight instead of the Gaussian one on the perfor-
mance of the standard algorithm until giving its better
exploitation capability mixed with a small exploration
capability until reducing the stuck into local minima.

4) Validating the performance of MHMPA under different
task sizes with heterogeneous workloads and different
VMs lengths.

5) Comparing the performance ofMHMPAwith a number
of the well-known robust multiobjective algorithms to
check its superiority. Based on this comparison, our
proposed was the best under four used metrics: Make-
span, carbon emission rate, Flow Time, and energy.

Finally, the rest of this paper is arranged as follows:

1) Section II overviews the standard marine predators’
algorithm.

2) Section III introduces the computational model for the
algorithm.

3) Section IV explains our proposed algorithm (MIMPA).
4) Section V exposes the outcomes and compares them

with a number of the algorithms.
5) Section VI summarizing the experiments.
6) SectionVII shows our conclusions about this workwith

our future work.

II. OVERVIEW OF MARINE PREDATORS ALGORITHM
Recently, a new meta-heuristic algorithm [51] based on the
predators’ nature that follows specific behaviors for catching
their prey has been proposed for tackling the optimization
problems. This algorithm is known as the marine preda-
tors’ algorithm (MPA). For finding and attacking the prey,
the predators use two strategies: Brownian and Levy. In the
Brownian approach, the step size between the predators and
their prey will be enormous. This step is performed at the
start of the optimization process to cover the optimization
problem’s search space asmuch as possible. At the same time,
Levy’s strategy is applied when the optimization process is so
near the end to focus on the best-so-far solution to increase the
convergence toward it as an attempt to find a better solution.
At the start of the optimization process, a set consisting of N
solutions will be randomly distributed within the search space
of the problem according to the following formula:

EX = EXL + Er .(EXU − EXL) (1)

Er is a vector involving values generated randomly between a
value greater than or equal to 0 and less than 1. EXL is a vector
proposed to contain the lower bound of each dimension of
the optimization problem, while EXU indicates each dimen-
sion’s upper bound. After distributing the solution within the
problem’s search space, the fitness value of each one will
be calculated, and the one with the best fitness value, if the
problem is minimized, then the best will be the one with the
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lowest fitness values. Otherwise, the one with the highest
fitness value will be the best. According to the survival of the
fitness theory, the solution with the best fitness is considered
the better one for the foraging process, so it will be used to
construct a matrix known as Elite, abbreviated as E .

E =


X I1,1 X I1,2 . . . X I1,d
X I2,1 X I2,2 . . . X I2,d
. . . . . . . . . . . .

X IN ,1 X IN ,2 . . . X IN ,d


X I is the best-so-far solution and duplicated N times to

construct the E matrix, and d is the dimensions length of the
optimization problem. The elite matrix is of a size N × d ,
where each row in this matrix will be used for searching for
the prey based on the information on the prey’s positions py.
After that, the predators will be moved toward the prey’s
positions that are formulated in the following matrix of size
N × d :

py =


X1,1 X1,2 . . . X1,d
X2,1 X2,2 . . . X2,d
. . . . . . . . . . . .

XN ,1 XN ,2 . . . XN ,d


After building the E and py matrices, the optimization

process will start to simulate the behaviors of the predators
during searching for their prey. At the start of the optimization
process, when the prey is moving faster to the predators,
the best strategy for the predators doesn’t move at all since
the prey will come themselves. This is called an exploration
phase, where the prey will explore the search space for find-
ing their foods. It is worth mentioning that predators will
search for their prey while those prey will search for their
food within the search space and subsequently the predators
and prey are considered as search agents. The mathematical
model of this phase is formulated as follows:

while t < 1
3 ∗ tmax

ESi = ERB ⊗ (EEi − ERB ⊗ Epyi) (2)

Epyi = Epyi + (P ∗ ER⊗ ESi) (3)

ESi is a vector used to store the step sizes added to the
current position to generate a new one. ERB indicated the
Brownianmotion and generated randomly using the Gaussian
distribution,⊗ is the element by element multiplication,P is a
fixed-value and recommended by the author 0.5, ER is a vector
having a random number generated uniformly between a
value greater than or equal to 0 and less than 1. t is the current
generation, and tmax is the maximum function evaluations.
After a specific number of iterations, specifically 1

3 tmax ,
the exploration phase is about to be terminated, while
the exploitation operator using the levy strategy is about
to be started. Based on that, this phase will be mixed
between exploration and exploitation capabilities. In this
phase, the authors divide the population into two halves:
the first one will explore using the Brownian strategy, and
the second one will exploit using the levy strategy. Generally,

this phase is mathematically modeled using the following
formula:

While 1
3 ∗ tmax < t < 2

3 ∗ tmax
- For the first half:

ESi = ERL ⊗ (EEi − ERL ⊗ Epyi) (4)

Epyi = Epyi + (P ∗ ER⊗ ESi) (5)

- For the second half:

ESi = ERB ⊗ (ERB ⊗ EEi − Epyi) (6)

Epyi = EEi + P ∗ CF ⊗ ESi (7)

ERL indicates a vector involving numerical values generated
randomly using the levy flight. CF is a variable related to
the iteration to minimize the step size by increasing the cur-
rent iteration. CF is mathematically built using the following
equation:

CF = (1−
t

tmax
)2

t
tmax (8)

After terminating the previous phase that relates the explo-
ration and exploitation capabilities with each simultaneously,
the exploitation capability will completely dominate the opti-
mization process within the rest of the iteration. this phase
is mathematically formulated according to the following
formula:

while it > 2
3 ∗ maxiter

ESi = ERL ⊗ (ERL ⊗ EEi − Epyi) (9)

Epyi = EEi + P ∗ CF ⊗ ESi (10)

In addition, due to the eddy information or the fish aggre-
gating devices (FADs), the predators spend 80% of their
search time in the surrounding environment, while the rest
time goes away into another position in the search space to
find another environment full of the prey and mathematically
modeled as:

Epyi

=

{
Epyi + CF[EXL + R⊗ (EXU − EXL)]⊗ EU if r < FADs
Epyi + [FADS(1− r)+ r]( Epyr1 − Epyr2) if r > FADs

(11)

r a random number randomly assigned a value greater than
or equal to 0 and less than 1. FADs = 0.2 is used to show
how far the FADs will impact the optimization process. EU is
binary vector generated based on Eq. 12. Epyr1,and Epyr2 are
two random predators from the population.

EU =

{
1 if Er1 < FADs
0 if Er1 > FADs

(12)

Finally, the predators will save the best solution for each
Epyi in the previous generation, then compare this best with
the updated one, and the best one out of them will be used
in the next generation; this process is known as the memory
saving.
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III. COMPUTATION MODEL
Assuming that there is a job had by a user and this job consist
of several tasks ti = 1, 2, 3, . . . , d |d indicates the number of
tasks; each task has an associated workload named wi with a
unit of million instructions (MI). Also, there is no fog virtual
machines (VMs), where each one could process only a task ti
at time. The TSFC seeks to find the best assignments of tasks
to those VMs, which minimizes the execution time required
for those tasks to improve the quality of services presented to
the users, especially in critical applications. To measure the
quality of services which results of the obtained assignment,
four performance metrics: makespan, flow time, energy, and
carbon dioxide emission rate will be used. Each of which will
be elaborated. The makespan and carbon dioxide emission
rate consider contradictory objectives, where improvement of
one may produce with deteriorating the others. For example,
the makespan shows the maximum execution time required,
while energy indicates the total energy consumed by all VMs
to complete the execution of the tasks, and the carbon dioxide
emission rate will subsequently increase due to increasing
the energy. The VMs could be in two states either idle or
active state and in the idle state, the energy consumed is about
60% of the active state as mentioned in [25]. Therefore, when
the makespan is high and the execution time of a VM in
the active state is low, this will result in idle this VM for a
long time, and subsequently, the energy consumed will be
significantly increased. Also, some jobs within the fog sys-
tems may wait for a long time, so the flow time will increase
although minimizing the makespan related to the throughput.
Hence, the relation between makespan and the three others
is contradictory. Therefore, the tasks must be distributed in a
better order between VMs to involve the equilibrium among
various objectives. All of those will be discussed in the rest
of this section.

A. MAKESPAN
At the start time, each VMj will be assigned a time of 0. After-
ward, each one will be assigned a set of tasks to execute them.
The execution time Etj for each task on the virtual machine
VMj will be calculated and added with each other until the
VM finishes performing all the tasks assigned to it. The total
Etj needed by the VMj until completing the execution of all
the tasks assigned into themwill be calculated and the highest
total execution time needed by a VM to complete its mission
will be considered as the makespan.

B. ENERGY
Each virtual machine may be in one of two states: active and
idle. At the idle state, the energy consumed by each VM is
considered 60% of the energy consumed in the active state.
The total energy consumed by each VM is a summation of the
energy consumed in the active and idle states. The total con-
sumed energy by each virtual machine can be mathematically
calculated according to the following formula:

E(VMj) = (Etj × bj + (MK − Etj) ∗ aj)× sj (13)

bj = 10−8 × s2j (14)

aj = 0.6 ∗ bj (15)

where bj is the energy consumed in the active state of each
VM. sj indicates the processing speed of the jth VM (million
instructions per second) [52]. The energy consumed by all the
virtual machines is a summation of the total energy consumed
by each one, as shown in the following equation.

total_energy =
n∑
j=1

E(VMj) (16)

C. CARBON DIOXIDE EMISSION RATE
To compute the carbon dioxide emitted by each VM, we used
the following formula:

carbon_emission_rate =
4∑

k=1

total_energy× shk

× emission_factork × ratio (17)

The power is a mix of coal, oil, natural gas, and non-fossil
products numbered as k = 1, 2, 3, 4, respectively. shk refers
to the share of k th energy source in the total energy consump-
tion. Moreover, emissionf actork expresses the k th energy
source’s emission factor and is 0.5825, 0.7476, 0.4435, 0
for oil, coal, natural gas, and non-fossil products, respec-
tively [53]. The ratio is 44/12 and indicates the converting
ratio from carbon to carbon dioxide [54].

D. FLOW TIME (ft )
This metric is used to compute the time consumed by a task
within the fog system. The total time consumed by all tasks
within their VMs are called flow time and computed using
the flowing formula:

ft =
n−1∑
i=0

fi (18)

fi indicates the flow time of all tasks assigned to the ith VM.

E. NORMALIZATION AND SCALING PHASE
Because the MPA’s obtained solution is continuous, and the
MTSFC is discrete, the normalization and scaling strategy
is used to convert them into discrete values. The obtained
constant values will be normalized between 0 and 1 and
scaled in [1, n] using the following formula:

NSi(t + 1) =
pyi(t + 1)− L

U − L
∗ ((n− 1)+ 1) (19)

L is the smallest value among the obtained continuous
values for the solution pyi(t+1),U the maximum value in the
same solution pyi(t + 1), respectively. pyi(t + 1) is the value
in each dimension in the updated solution. NSi(t + 1) is the
scaled normalized value of ith dimension.
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IV. THE PROPOSED MULTIOBJECTIVE TASK OFFLOADING
APPROACH: MIMPA
This part will illustrate our methodology used to solve the
multi-objective task scheduling problem for fog computing
(MTSFC). The makespan indicates the highest total execu-
tion time needed by a VM to complete all tasks assigned,
while consumed energy and carbon dioxide emission rate are
directly proportional contradicted to the makespan. There-
fore, The tradeoff between minimizing the makespan and
carbon dioxide emission rate is tackled in this paper by
using the Pareto optimality to find a solution that couldn’t
be improved by any of its objectives without degrading the
other; this solution is known as a Non-dominated solution.
In addition to that, we used an archive to store all the dominant
solutions obtained so-far. Furthermore, we improve the levy
flight strategy to increase its capability to find better solu-
tions. Generally, this section is organized as follows:

1) Section IV-A Explains the initialization phase.
2) Section IV-B describes the Pareto optimality.
3) Section IV-C shows our improvement on the levy

Flight.
4) Section IV-D shows theModified Polynomial mutation

mechanism.

A. INITIALIZATION
In the start, suppose we have a system consist of n virtual
machines (VM) and a number of d tasks will be assigned to
those VM in the order that will minimize the makespan and
the carbon dioxide emission rate. To solve that using an opti-
mization algorithm, we will create N solutions, where each
one consists of d tasks (dimensions or decision variables)
and initialized randomly at the range of 0 and (n-1) using the
following formula:

EX = Er .n (20)

Er is a vector involving numerical values generated randomly
in a range greater than or equal to 0 and less than 1. After
initializing each solution, we will measure the dominance of
this solution compared to the other, as shown in the following
section.

B. PARETO OPTIMALITY
In the problemwith a single-objective, the best solution could
be found easily based on comparing the fitness values of the
solutionswith each other and the onewith the smallest fitness,
if the problem is minimized, will be used as the best, but
if the problem is maximized, then the highest one will be
considered as the best one. Unfortunately, if we deal with our
problem as a multiobjective one, we don’t know how to deter-
mine the best solution because more than one objective needs
to be optimized. Therefore, in the multiobjective problem,
we need to find a solution that will optimize all the objectives
together. If the solution obtained improves one objective and
deteriorates the other, it couldn’t be considered a solution to
our problem. As a result, the Pareto optimality appears to

search for the solution that will optimize all the objectives
together based on their dominance.

The Pareto optimality said that solution A dominates solu-
tion B if and only if solution A could reach a better value for
at least an objective while the others are equal; A is a non-
dominated solution. So, Pareto optimality could find the best
solutions for the multiobjective optimization problem, since
it could cover all the possible solutions that achieve the best
trade-offs among the objectives [55], [56].

C. LEVY FLIGHT STRATEGY
The Frenchmathematician Paul Levy proposed the levy flight
that was based on occasionally jumping over long distances to
increase the diversity in the population and the short distances
to accelerate the convergence toward the best-solution. Each
levy flight step consists of two control factors: one to deter-
mine the direction of the flight and is based on the uniform
distribution function. The other is the step size to obey the
levy distribution. Mathematically, the step size under the levy
flight could be generated as follows:

RL = α
u

|v|
1
β

(21)

α is a fixed-value used to determine the weight of the levy
step. Both u and v is based on Gaussian distribution and
formulated as:

u ∼ N (0, σ 2
u ), v ∼ N (0, σ 2

v ) (22)

where

σv = 1 (23)

σu = (
γ (1+ β) sin(πβ2 )

γ ((1+ β)/2)β2(β−1)/2)
)
1
β (24)

where β as used in the MPA algorithm, γ is a Gamma
function that is expressed as:

γ (z) =

√
2π
z
∗ (

1
e
∗ (z+ 1/(12 ∗ z− 1/(10 ∗ z))))z (25)

Our idea was based on using the Cauchy distribution
instead of the Gaussian distributions to give the algorithm
high ability on exploiting around the best so-far solution with
giving some exploration capability to help the optimization
algorithms, generally, in getting out of the local minima if
the best-so-far is so. Mathematically, the Cauchy distribution
will be formulated:

C(y) = y tan(π (r1 − 0.5)) (26)

u = C(y)σu (27)

v = C(y) (28)

where y and r1 are two numbers generated randomly based
on the uniform distribution. Generally, the main steps of
the multiobjective MPA improved based on generating the
levy flight under Cauchy distribution instead of Gaussian
is shown in Algorithm 2 and abbreviated as MIMPA for
tackling MTSFC under the Pareto optimality to find the
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non-dominated solutions and an external archive to save the
non-dominated solutions obtained within the optimization
process.

In Fig. 1, we show the step sizes generated by the levy
flight under Gaussian and Cauchy to determine the flight’s
direction. After inspecting this figure, we found that the levy
flight under Cauchy distributions could generate step sizes
with different levels to cover the regions around the best so-far
solution as much as possible. As shown in the figures based
on Cauchy distribution, some states’ step sizes are so small
to accelerate the convergence as fast as possible. At another
time, the step size is medium, which not large to promote the
exploration and not short of increasing the exploitation. This
value will help the algorithm search inside regions not far
away from the best solution, and subsequently, the possibility
of finding better is so possible. In some short times, the step
sizes generated under Cauchy are relatively large to help the
algorithm in voiding stuck into local minima that may fall into
if the best-so solution is so.

On the contrary, the step sizes generated under Gaussian
are un-regular and limited to only promoting the exploitation
capability. Subsequently, if the best-so-far solution is local
minima, then the possibility of getting out of it is impossible.
Suppose we observe the following figures based on running
the algorithm under the Cauchy and Gaussian three indepen-
dent times. In that case, we will find that the values generated
under the Cauchy three times are near to each other with some
small difference to increase one of the operators: exploration
and exploitation each time against the other. On the contrary,
each run’s step size values are significantly different from
each other andmove in one direction, as shown in Fig. 1f. This
may take the solution in some states into the local minima
problem.

It is worth saying that some researchers have compared
the difference between the levy, normal, and Cauchy distri-
butions, but no one tries to generate randomly the value of
u and v using the Cauchy distribution instead of the normal
distribution to increase the search area explored by the levy
flight [57].

D. MODIFIED POLYNOMIAL MUTATION MECHANISM
Deb [58] proposed a slight modification to the standard poly-
nomial mutation for overcoming the premature convergence,
which is caused as a result of arriving the variable to its
boundary, and subsequently the diversity of the population
required to avoid falling into local minima is significantly
reduced. Generally, the mathematical model of the modified
polynomial mutation strategy according to [58] is as that:

δ1 =
pyij − EXLj
XUj − EXLj

(29)

δ2 =
XUj − pyij
XUj − XLj

(30)

Algorithm 1 Polynomial Mutation (PM)
1: Input: the current prey, py
2: Update pm using eq. 33
3: for i=0 to d do
4: r2: generate a random number between 0 and 1
5: if r2 < pm then
6: Mutate the variable pyi using eq. 32.
7: end if
8: end for
9: Output: return py

δ =


[2r + (1− 2r)(1− Eδ1)ηm+1]

1
ηm+1 ,

Er 6 0.5

1− [2(1− r)+ 2(r − 0.5)(1− δ2)ηm+1]
1

ηm+1 ,

otherwise

(31)

Afterward, the mutated solution will be generated accord-
ing to the following formula based on a certain mutation
probability pm:

pyij = pyij + δ ∗ (XUj − XLj) (32)

where pyij indicates the jth dimension of the ith prey, and
XUj and XLj are the upper and lower bound values of the
same dimension. r and ηm express a random number gen-
erated between 0 and 1, and the index for the polynomial
mutation, respectively. At the start of the optimization pro-
cess, to increase the exploration capability of the algorithms,
the mutation probability pm will start with a relatively large
value, which gradually decreases with the iteration to increase
the exploitation operator in the hope of finding a better
solution. Mathematically, pm is updated using the following
formula:

pm = τ ∗
tmax − t
tmax

(33)

where τ is a predefined probability value at the range of 0
and 1. In our experiments, the value of τ is set to 0.2. In algo-
rithm 1, the main steps of polynomial mutation are presented.

After that, algorithm 1 is integrated with algorithm 2 after
Line 21 and Line 26 to mutate each prey in the population
as an attempt to avoid stuck into local minima and pro-
mote the exploration capability for reaching better outcomes;
this version is abbreviated as MHIMPA. Also, the effect of
integrating the polynomial mutation with the standard multi-
objective MPA (MMPA) is investigated in a version abbrevi-
ated as MHMPA.

V. RESULTS AND DISCUSSION
During displaying in this section, we will show the efficacy of
the proposed algorithm when tackling the MTSFC under four
metrics: Make-span, Flow Time, dioxide emission rate, and
energy consumed, in addition to comparing with a number
of well-known robust multiobjective optimization algorithms
described as follows:
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FIGURE 1. Comparison between Levy flight under Gaussian and Cauchy distributions.
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Algorithm 2MIMPA
1: Initialization Step, (P, pyi)
2: archive: an empty pool to contains the non-dominated

solution within the optimization process
3: while t < tmax do
4: Apply Normalization and scaling phase to Epyi
5: Add Epyi to the archive if it is non-dominated.
6: Construct E based on a solution selected randomly

from archive.
7: Achieve the memory saving.
8: Construct E.
9: Update CF based on Eq. 8

10: for ∀pyi do
11: if t < 1

3 tmax then
12: Reposition Epyi based on Eq. 3
13: if 1/3 ∗ tmax < t < 2/3 ∗ tmax then
14: if i < 1/2 ∗ N then
15: update Epyi based on Eq. 5
16: else
17: reposition Epyi according to Eq. 7
18: end if
19: end if
20: else
21: reposition Epyi according to Eq. 10
22: end if
23: end for
24: t=t+N.
25: Apply Normalization and scaling phase to Epyi
26: Add Epyi to the archive if it is non-dominated.
27: Achieve the memory saving
28: update E if there is a predator better
29: Achieve the FADS for ∀ Epyi using Eq. 11
30: t=t+N.
31: end while

• Multiobjective Marine predators algorithm
(MMPA) [51].

• A non-dominated sorting genetic algorithm II
(NSGAII) [59].

• NSGAIII [60].
• Speed-constrained Multiobjective particle swarm opti-
mization (SMPSO) [61].

• Particle swarm optimization-based multiobjective opti-
mization using crowding, mutation, and ε-dominance
(OMOPSO) [62].

• Multiobjective PSO based on decomposition [63].
• Unary diversity indicator based on reference vec-
tors (DIR) based NSGAII (DNSGAII) [64].

• Modified Indicator based Evolutionary Algorithm
(MIBEA) [65].

Regarding those algorithms parameter settings, we used
the same parameter values cited in the published paper and
shown in Table 2. It is worth mentioning that all the algo-
rithms are running 25 independent times with tmax = 50000

and N = 100 to make a fair comparison using the JMetal
framework [66] on a device with the following capabilities:
IntelCorei7 − 4700MQCPU@2.40 GHz, 16GB of memory,
and equipped with Windows 10 platform.

In Fig. 2, different P and α values are observed to see the
best values for them. Specifically, the best values for P and
α based on the average makespan shown in this figure are
0.7 and 0.005, respectively.

FIGURE 2. Observation of different values for P and α.

Finally, the rest of this section is organized as follows:
1) Section V-A: Dataset Descriptions.
2) Section V-B: Comparison under the first dataset.
3) Section V-C: Comparison under the second dataset.

A. DATASET DESCRIPTIONS
Through our simulation-based experiments, the datasets are
divided into two groups: the first one contains different tasks
lengths of 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000,
1200, and 1400 with a fixed VM length equal to 50, and
the second one consists of a constant task length equal to
500 and different VM lengths of 10, 20, 30, 40, 50, 60, 70, 80,
90, 100, 120, 150. All the first group tasks are heterogeneous
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TABLE 2. Parameter settings for the algorithms.

TABLE 3. Average Make-span obtained by MHMP, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA.

TABLE 4. Average carbon dioxide emission rate obtained from MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII,
and MIBEA.

and have workloads generated randomly between 1000 and
10000. Each VM out of 50 ones has a processing speed
of 2000 for the first half and 4000 MIPS for the second
half. Regarding the cost related to each VM out of 50 ones,
the first half of 50 VMs has a cost of 200$ while the second
half has a cost of 400$; the difference in costs between

two halves is related proportionally with the processing
speed.

For the second group, Each VM length is divided
into halves: the first one will have a processing speed
of 2000 MIPS with a cost of 200$, and the second half has
a processing speed of 4000 with a cost of 400$.
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TABLE 5. Average flow time obtained from MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA.

TABLE 6. Average energy obtained by MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA.

TABLE 7. Wilcoxon Rank sum test between MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA under
the makespan.

B. COMPARISON OF DIFFERENT TASK SIZES
After running each algorithm 25 independent runs and
calculating the average of the obtained make-span values
in the archive within those runs on each task size (TS),

we show those averages in Table 3. Inspecting this table
show that our proposed algorithm (MIMPA) could reach
the lowest make-span for all the task sizes in comparison
to MMPA, in addition to overcoming the other algorithms

VOLUME 9, 2021 126999



M. Abdel-Basset et al.: Multi-Objective Task Scheduling Approach for Fog Computing

FIGURE 3. Comparison among the algorithms based on the boxplot for the makespan values of the various task sizes (100–600).

except MHMPA and MHIMPA for most of the task sizes.
Furthermore, the average of the makespan values obtained by
each algorithm within those runs is shown in the last row of

this table. From those averages, it is clear that MHMPA could
reach the lowest average makespan with a value of 29.120,
MHIMPA comes after MHIMPA with a value of 30.90,
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FIGURE 4. Comparison among the algorithms based on the boxplot for the makespan values of the various task sizes (700–1500).
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TABLE 8. Average makespan obtained by MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA.

and MIMPA occupies the third rank after HMIMPA with
an amount of 33.04 while NSGAIII comes as the last one
with a value of 43.46. Based on this analysis, our improve-
ment based on using the Cauchy distribution with the Levy
flight mechanism instead of the Gaussian distribution could
significantly affect the performance of the MIMPA for the
various task sizes. This is due to the ability of the Cauchy
distribution is giving MIMPA a high ability on exploiting
with a small ratio of the exploration around the best-so-far
solution that enables the algorithm of avoiding stuck into
local minima. But unfortunately, integrating the PM with the
MIMPA affect negatively its performance contradicted the
MMPA that could come true with the lowest makespan with
the PM. As a result, MHMPA could reach a better assignment
of the tasks to the VMs that alleviates themaximum execution
time.

We calculated the average of the carbon emission rate
generated by each VM on each task size and introduced it
in Table. 4. This table shows that our proposed algorithm,
MHMPA, could reach less carbon emission rate compared
with the other algorithms for the task sizes greater than and
equal to 300, while NSGAII could be the best for the tasks
sizes smaller than that. Afterward, the average of each column
in this table is calculated and shown in its last row fromwhich
it can be concluded that the proposed algorithm is a friend to
the environment due to the reduction of the amount of the
carbon emission rate transmitted by each VM.

Regarding the flowtime, Table 5 shows the average flow-
time obtained by each algorithm on each task size. According
to this table, our proposed algorithm: MHMPA could get
less flowtime except for the task size 200, where NSGAII
could be the best. The average of each column in Table 5
is calculated and displayed in its last row, which shows the
superiority of MHMPA with a value of 12550 compared to
the others.

Table 6 shows the energy consumed by each VM according
to the assignment achieved by each algorithm on them. This
table shows that our proposed algorithm is considered the one
with less energy consumed. To confirm our analysis graphi-
cally, we calculate the average of the make-span obtained by
each algorithm on all the TSs. According to this analysis, our

proposed algorithm could reach the best assignment to the
tasks on the VMs that will reduce the energy consumed and
this shows that our proposed is considered an energy saver.

Fig. 3, 4 draws the boxplot of the makespan values
obtained by the different algorithms on the various task sizes.
Of this figure, it is obvious that the proposed algorithms:
MHMPA and MHIMPA are competitive with the DNSGAII
and NSGAII for the task sizes smaller than 500 and sig-
nificantly superior for the other sizes. In comparison to the
other algorithms under the different task sizes, MHMPA is
better in terms of the minimum, maximum, median, first
quartile, and third quartile. Also, of this figure, the MIMPA
could be superior to the standard one: MMPA in terms of the
minimum, median, first quartile, and third quartile in most
cases.

In Table 7, the proposed algorithm (MHMPA) is com-
pared with the others using the Wilcoxon rank-sum test [67]
with a confidence level of 5%. This test is based on two
hypotheses: Null hypothesis and alternative hypothesis. Null
hypothesis indicates that there is no difference between two
compared algorithms; in this case, p presented in Table 12
includes a value higher than the confidence level. Meanwhile,
the alternative assumes that there is a difference between
the outcomes obtained by a pair of algorithms; this hypoth-
esis is achieved when p includes a value smaller than the
confidence level. Table 7 shows the outcomes of compar-
ing MHMPA with the other compared algorithms under this
test. According to this table, the alternative hypothesis is
come true for most cases and this elaborates the differ-
ence between the findings of the proposed and the other
algorithms.

C. COMPARISON UNDER DIFFERENT VM LENGTHS
In this section, we will investigate our proposed algorithm’s
performance when the VMs length is ranging between 10 and
150. Each algorithm is executed 25 independent times, then
the average of the make-span obtained by each one is intro-
duced in Table 8. Based on this table, MMMPA could come
true less make-span value in comparison with the other
algorithms. The average of the make-span in each column
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TABLE 9. Average carbon dioxide emission rate obtained from MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII,
and MIBEA.

TABLE 10. Average flow time obtained from MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA.

TABLE 11. Average energy obtained from MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA.

within Table 8 is calculated and shown in its last row that
said that our proposed algorithm, MHMPA, is better with a
value of 26.05, MHIMPA comes in the second rank with a
value of 26.71, while SMPSO occupies the last rank with
an amount of 35.73. MHMPA is considered the best one
under all the different VM lengths based on this analysis. It is
worth mentioning that the make-span is a phrase about the
maximum execution time needed until the last VM finishes
execution tasks assigned to it.

Afterward, the average of the carbon dioxide emission rate
obtained by each algorithm as the second objective needed to
be minimized by our algorithm is calculated and introduced

in Table 9. Inspecting this table shows that our proposal is
considered the most friendly one to the environment com-
pared to the others. Moreover, the last row in table 9 was
introduced to show the average carbon emission rate shown
in the other rows for all the different VM lengths (VL).
After witnessing the standard obtained by each algorithm
shown in this figure, we found that our proposed (MHMPA)
is considered the lowest one generated to the carbon emission
rate and is the one more friend to the environment.

Furthermore, the flowtime needed by each VM for execut-
ing their assigned tasks based on the assignments achieved
by each algorithm is shown in Table 10. This table shows
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TABLE 12. Wilcoxon Rank sum test between MHMPA, MHIMPA, MIMPA, MMPA, NSGAII, SMPSO, OMOPSO, DMOPSO, NSGAIII, DNSGAII, and MIBEA
based on the makespan under the various VM lengths.

FIGURE 5. Comparison among the algorithms based on CPU time.

that our proposed algorithm (MHMPA) is considered the best
one that could assign the tasks to the VM in the form that
will reduce the flowtime under all the different VM lengths.
In addition, we calculated the average of the flowtime needed

based on allocating the tasks using each algorithm to the
different VM lengths and introduce in the last row of this table
that elaborates the superiority of our proposed algorithm in
comparison with the others.
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FIGURE 6. Comparison among the algorithms based on CDER and energy under various task lengths and fixed-VM length.

FIGURE 7. Comparison among the algorithms based on FT and MK under various task lengths and fixed-VM length.

In the end, the average of energy consumed by different
VMs lengths under allocation of the tasks using each algo-
rithm is shown in Table 11. According to this table, our
proposed could reach less consumed energy in comparison
with the others for a number of virtual machines up to 100.
However, the proposed couldn’t outperform DNSGAII for
the VMs lengths of 120 and 150. The average of the energy

consumed under each algorithm is shown in Table 11. This
results shows that our proposal is the one with less energy
consumed under any VM length.

Table 12 presents the outcomes of comparing the proposed:
MHMPA with the others using the Wilcoxon rank-sum test,
it is concluded that the alternative hypothesis is true for
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FIGURE 8. Comparison among the algorithms based on CDER and energy under various VM lengths and fixed-task length.

FIGURE 9. Comparison among the algorithms based on FT and MK under various VM lengths and fixed-task length.

most cases and this shows that the outcomes obtained by the
proposed algorithm and the others are significantly different.

In Fig. 5, the algorithms are compared in terms of CPU
time to show the speedup of each one. This figure shows
that our proposed algorithm: MHMPA couldn’t overcome
OMOPSO, SMPSO, MMPA, MIMPA, and NSGAII as our
main limitation tackled in future work.

VI. SUMMARIZATION OF EXPERIMENTS
Finally, in this section, the experiments presented in the previ-
ous section will be summarized to show briefly to the readers
the performance of each proposed algorithm compared to the
competing ones. Generally, Fig. 6 and 7 present the average
of CDER, FT, MK, and consumed energy fulfilled by each
algorithm under various task lengths and a fixed-VM length
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of 50. Inspecting those two figures affirms occupying the first
rank byMHMPA for all performance metrics: CDER, energy,
MK, and FT under various ask lengths, while DNSGAII occu-
pied the last rank for CDER, energy, and FT, and NSGAIII
for MK. Generally, MHMPA proved its efficiency for finding
the task’s assignment which optimizes the various employed
performance metrics. In addition, to see the ability of the
proposed algorithms and the competing ones in assigning the
tasks in a way that will minimize the different performance
metrics when the VM lengths are increased, under various
VM lengths ranging between 10 and 150, the average of
those metrics based on the outcomes of each algorithm has
been calculated and displayed in Fig. 8 and 9 which also
affirms the efficiency of our proposed algorithm: MHMPA
for all metrics. Notwithstanding the superiority of the pro-
posed MHMPA, it suffers from consuming a computational
cost a little higher than some of the competing algorithms as
our main limitation addressed in the future.

VII. CONCLUSION AND FUTURE WORK
Fog computing (FC) plays a crucial role in improving the
quality of services (QoS) to several applications, especially
healthcare. QoS include improving the response time until
the real-time applications could quickly take their decision
and at the same time as the events. The tasks offloaded using
the IoT must be distributed among the fog nodes accurately
until utilizing them optimally to reduce the response time,
energy consumption, carbon dioxide emission rate, and flow
time. According to the need for optimizing more than one
objective at the same time rather than one objective at a time
like most of the recently published paper did, in this paper,
marine predators algorithm-based multi-objective approach
and integrated with the polynomial mutation operator to
increase its diversification capability is proposed for tackling
the MTSFC under minimizing both the make-span and the
carbon dioxide emission ratio. This proposed algorithm was
abbreviated as MHMPA. Additionally, the effect of using
the Cauchy distribution with the levy flight instead of the
Gaussian distribution on the performance of the standard
marine predators algorithm was investigated; this improved
version is abbreviated as MIMPA. The main advantage of the
Cauchy distribution is that it could increase the exploitation
capability by giving a small ratio to the exploration capability
to avoid stuck into local minima. MIMPA and MHMPA use
the Pareto optimality to find all the solutions that trade-off
between the make-span and the carbon dioxide emission
rate, in addition to using an external archive to save those
solutions. Experimentally, MIMPA and MHMPA are vali-
dated and compared with many well-known robust multiob-
jective algorithms: NSGAII, NSGAIII, SMPSO, OMOPSO,
DMOPSO, DNSGAII, MIBEA, and MMPA under four met-
rics: make-span, flow time, carbon emission rate, and energy.
The experiment outcomes show that MIMPA could be better
under those metrics in comparison to the standard one and
most other compared algorithms. But, MHMPA could out-
perform all compared algorithms, involving MIMPA, under

various metrics but CPU time, which is our main limita-
tion tackled in future work. Our future work also includes
applying the IMPA for overcoming several other problems:
DNA fragment assembly problem, 0-1 knapsack problem,
solar photovoltaic parameter estimation problem, and Image
segmentation problem.
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