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ABSTRACT

Cloud computing plays an essential role in the development of the Internet of Things, which provides-data
processing and storage services. Fog computing, the evolution of cloud computing helps provide solutions to
cloud-computing challenges, such as latency, location awareness and real-time mobility support. Fog computing
fills the gap between the cloud and loT devices within the close vicinity of loT devices. So, computation,
networking, storage, data management and decision-making occur along the path between the cloud and the 10T
devices. The automatic and intelligent management of fog node resources and achieving an effective scheduling
policy in the computing model are necessary requirements and will lead to the improvement of the overall
performance of fog computing. Some optimization problems are modeled by mixed-integer nonlinear
programming (MINLP). In this paper, a model; i.e., an MINLP optimization problem on fog computing, is
designed. Our model has two goals: to increase cost performance as well as to reduce energy consumption. Cost
performance is the price that users are charged as benefit/revenue. In other words, cost performance is defined as
the ratio of the average data rate of each user to its cost. Then, the exact mathematical method with the GAMS
program was used to prove its logical process. In the next step, we solved the model with genetic algorithm (GA),
particle swarm optimization (PSO), simulated annealing+GA (SA+GA), teaching—learning-based optimization
(TLBO), grey wolf optimizer (GWO), grasshopper optimization algorithm (GOA) and random method. According
to the TOPSIS comparison, the SA+GA method with a value of 0.23 is the best one compared to other methods.
Then come GWO, GA, TLBO, PSO and GOA methods, respectively.
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1. INTRODUCTION

According to the analysis carried out by Cisco by 2023, Internet of Things devices will make up about
50% of the devices in networks around the world. The Internet of Things (I0T) is one of the most
influential technologies in the world. IoT deals with large amounts of data that are not easy to process
and store. Cloud computing plays a significant role in the development of the Internet of Things, which
provides data-processing and storage services. However, many of its applications encounter with cloud
computing challenges, including latency, location awareness and real-time mobility support. Fog
computing, that almost looks like the evolution of cloud computing, contributes to providing solutions
to these challenges [1]. The growth of devices and subsequently the data of the Internet of Things is
such that it is possible to exceed the capacity of information and this shows the necessity of using the
models in the fog-computing technology infrastructure to process the data and as a complement to the
cloud-computing model. On the other hand, fog nodes are the main entities of the fog-computing model
and for this reason, the effective management of the resources of these nodes is of particular importance.
Automation of operations in computer networks through the use of innovations can lead to increased
productivity, reduced operational cost and better quality of service delivery. Therefore, the automatic
and intelligent management of fog-node resources and achieving an effective scheduling policy in the
computing model are necessary requirements and will lead to the improvement of the overall
performance of fog computing. Fog computing fills the gap between the cloud and the IoT devices
within the close vicinity of the 10T devices. So, computation, networking, storage, data management
and decision-making occur along the path between the cloud and the loT devices [2].

There is a topic called "optimization", which is related to maximization and minimization. The goal of
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optimization is finding the assignment of variables, maximizing or minimizing the value of a given
function [3]. When the quantity to be optimized is expressed by just one objective function, it is deemed
a uni-objective or single-objective problem. Otherwise, it is a multi-objective problem that must be
optimized simultaneously [4].

It is a common misconception that most design or problem-solving activities should optimize a single
goal; for example, maximizing profit or creating the lowest cost, even if there are several conflicting
goals for optimization. However, the relationship between goals is usually complex and depends on
available options. In addition, different goals are usually incomparable; therefore, combining them into
one combined goal is challenging. Many decision-making and planning problems involve several
conflicting goals that have to be studied simultaneously. Such problems are generally known as multi-
criteria decision-making (MCDM) problems. Depending on the characteristics of the problem [5],
MCDM can classify problems in many ways. Two main classes of MCDM are generally introduced:
multiple-objective decision making (MODM) and multiple-attribute decision making (MADM) [6].

Many engineering and scientific optimization problems involve combinatorial and nonlinear relations.
Some optimization problems are modeled by mixed-integer nonlinear programming (MINLP) that
combines the capabilities of linear programming (LP) and nonlinear programming (NLP) [7].

Initially, the driving agent behind the development of the general algebraic modeling system (GAMS)
was that mathematical-programming users are believing in optimization as a strong and subtle
framework to solve real-life problems in science and engineering [8]. GAMS is a high-level modeling
language for formulating models. Being composed of short algebraic statements, it is easily read by
modelers and it formally looks like the generally-used programming languages [9].

Particle swarm optimization (PSO) is a population-based algorithm in which the movement of a flock
of birds are simulated to find the optimum solution [10]. Genetic algorithm (GA) is one of the
population-based optimization methods [11]. Simulated annealing (SA) is an algorithm to solve large
combinatorial optimization problems [12]. Teaching-learning-based optimization (TLBO) is an
algorithm for optimizing mechanical design problems. This method deals with the teacher's effect on
learners. TLBO is a population-based method too [13]. A model, in order to perform optimization, is
grey wolf optimizer (GWQ) which models the hunting technique and the social hierarchy of grey wolves
mathematically [14]. Another optimization algorithm is called the grasshopper optimization algorithm
(GOA) [15].

In this paper, the single-objective model is proposed for minimizing the total energy of all mobile
devices and maximizing the cost performance due to their service-latency limitations. Our problem is a
mixed-integer nonlinear programming (MINLP) problem. Then, the proposed model with the exact
mathematical method of GAMS is solved. Also, the problem with PSO, GA, SA+GA, TLBO, GWO,
GOA and random, is solved in order to find the best solution. The research hypotheses in this paper
include the solvability of the problem model using the exact mathematical method (GAMS) and meta-
heuristic methods, examining our problem model that has an answer at an acceptable time with a high
number of iterations, examining the existence of an optimal solution that optimizes the objective
function (sum of energy-consumption values being minimum and cost performance values being
maximum) and finally examining the environment in which resources should be allocated. In this paper,
it is assumed that the number of fog nodes and users was limited. All users in the model, request for
resource and resource allocation are applied as first-in, first-out (FIFO).

User satisfaction or user experience is one of the important criteria for SPs. Service latency is a measure
of user satisfaction. Also, we must first ensure that the transmission quality between users and FNs is
satisfied. To measure system performance, we consider mandatory revenue and price offers from users
as the benefit/revenue of the SPs. The price offered by each user is related not only to the latency
requirement, but also to data size. Each SP serves more than one user and therefore receives more than
one offer. Two performance measures, user satisfaction and SP revenue, are essential for good resource
allocation in fog computing. CP is defined as the ratio between each user’s average data rate and its
price cost, in unit of Mbps/sec/dollar. Because the actual amount of delay is strongly related to the
amount of user data to transmit and process, the data rate is considered, rather than the pure delay. It
also makes sense to use the users’ monetary payment/offer for the respective fog computing service that
they obtain for the cost factor. The cost-performance function for each user represents the quality of
service for which the user pays [16]. Due to the increasing importance of energy consumption, fog-
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computing architecture is an effective solution to enable energy-efficient and low-latency mobile
applications due to its low-latency and high-bandwidth connections with mobile devices as well as cloud
servers, agile mobility and location-awareness support [17].

The contributions of our article are as follows:

e A computational framework (single-objective model) which considers both vertical and
horizontal cooperation between fog nodes and mobile devices is proposed. Due to service-
latency limitations, the total energy of all mobile devices is minimized and the cost
performance is maximized at the same time. Then, the proposed model is solved with the
exact mathematical method of GAMS and Baron Solver.

e A task can be offloaded by a mobile device to one of the fog nodes, the cloud, through a fog
node or to the cloud server directly. The main problem among thirty problems (according to
the central limit theorem (CLT)) is considered with three sizes (small, medium and large).
By changing the number of mobile devices and fog nodes, problems are obtained with some
different variables, which can be used to check the scalability of the problem. The purpose
of this scenario is to measure the behavior of algorithms by considering the values of two
objective functions and their execution times.

e Then, the problem is solved with eight methods (PSO, GA, SA+GA, TLBO, GWO, GOA,
random and exact mathematical method) to find the best solution. Also, twelve other issues
are considered with different numbers of mobile devices and fog nodes, in two main stages:
the number of fixed fog nodes and the number of variable mobile devices and conversely
(the number of fixed mobile devices and the number of variable fog nodes). Therefore, a
more accurate analysis of the values of objective function is obtained with two indices of
execution time and the value of the objective function.

o Extensive simulations are performed to evaluate cost performance and energy consumption
and finally, the best algorithm is selected by using the technique for order of preference by
similarity to ideal solution (TOPSIS) method.

The rest of this paper is arranged as follows. Related work is presented in Section 2. In Section 3, the
network model is discussed. Problem solving is presented in Section 4. Evolution is presented in Section
5. Finally, in Section 6, the conclusion is presented.

2. RELATED WORKS

The related papers are presented as follows. Authors in [18] proposed a joint offloading decision and a
framework for resource allocation optimization for MEC with algorithms of relaxing-optimization
policy (ROP) and index branch-and-bound algorithm (IBBA). Their paper has disregarded the optimal
transmission power assignment. The model only included communications. In [19], an loT-based remote
health-monitoring system implementation was presented, that included a demonstration of a smart e-
health gateway called UT-GATE. Applications were user-centric, whereas services were developer-
centric. Authors in [20] have studied an MCC system with multiple users, one CAP and one remote
cloud server. The weighted total cost of energy, computation and maximum delay were minimized
among all users. Also, a new approach to the joint task offloading and computation and communication
resource allocation with share CAP, an efficient heuristic algorithm using semi-definite relaxation
(SDR) and a new approach to randomization mapping were proposed by them. They assumed that there
were several mobile-phone users, each with only one task. In [21], the authors have proposed min-max
fairness in a mixed fog/cloud computing system by joint optimization of offloading decision-making
and resource allocation using computation offloading and resource allocation (CORA) algorithms, as
well as the bisection method for computation-resource allocation (BCRA) algorithm. They only
considered orthogonal multiple access (OMA). Researchers in [22] have investigated a framework for
optimization of computation offloading, computation resource allocation, resource block (RB) pattern
assignment, transmit power allocation and a low-complexity general algorithm framework known as
fireworks algorithm based on joint computation offloading and resource allocation algorithm (FAJORA)
to decompose the problem into several sub-problems. If the original LTE standard were to be considered,
support for these processes would be costly. The joint task assignment, communication rate and
computation frequency allocation for a device-to-device (D2D)-enabled multi-helper MEC system was
proposed by the authors in [23]. Also, to create a sub-optimal task assignment solution for the MINLP
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formulation and a benchmark scheme with fixed computation frequency and a greedy task assignment-
based heuristic algorithm, they proposed a special convex-relaxation-based algorithm. This work only
considered the users’ cooperative computation under fixed energy supplies (e.g., batteries). In [24], a
novel low-latency and trustworthy communication-computing system design was proposed to enable
mission-critical applications by which the ultra-reliable low latency communications (URLLC)
requirement has been formulated. In particular, relying solely on the average queue length did not meet
the strict delay requirement for vehicle applications. In [25], a holistic strategy for a joint task offloading
and resource allocation in a multi-cell MEC network was investigated by the researchers. To optimize
the MINLP problem, the original problem was formulated into a resource-allocation problem with a
fixed task offloading decision and a task offloading problem. This work did not consider the ultra-dense
network and it was difficult to gain insight into the design of critical parameters. Authors in [26]
decomposed the drone placement problem into two sub-problems and improved the latency ratio of the
network. They placed drone base stations to the locations with higher user densities. In a dynamic
network, each server had to process dynamically changing the amount of data load gathered in different
clusters, which made the load on cluster servers unbalanced. In [27], by leveraging the vertical
cooperation among devices, edge nodes and cloud servers with alternating-direction method of
multipliers (ADMM) method and difference of convex functions (D.C.) programming, a three-tier
cooperative computing network was inspected. The ADMM and D.C. programming-based methods
were only sub-optimal. Authors in [28], using fog computing with low latency, performed the electric
energy control in a microgrid. Their scheme proposed some services, including the proportional integral
derivative (PID) controller and algorithm scheduling, to decrease consumers’ bills and algorithms (FIFO
and GA) using the PID calculations. In this work, just downlink was used. In [29], general joint
computation offloading and resource allocation for the multiple-input multiple-output (MIMO)-based
mobile cloud computing system considering perfect- channel state information (P-CSI) and imperfect-
CSI (IP-CSI) were tackled by the researchers. In order to solve the underlying MINLP, the optimal and
low-complexity algorithms were proposed. This work has discussed the network and communication
resources individually, typically focusing independently on each of them. Authors in [30] inspected the
optimization of offloading decision, local computation capability and computing resource allocation of
fog node. The problem was decomposed into two independent sub-problems by them and an HGSA-
based latency-minimum offloading decision algorithm was designed to tackle this MINLP problem with
low complexity. Using traditional greedy search methods was challenging. In [31], the offline placement
problem of 10T services supporting horizontal and vertical scaling in an edge computing environment
was investigated. The authors formulated an MINLP problem and proposed linearization and genetic-
based method to solve it. This article only minimized deadline violations due to limited resources at the
edge. In [32], radio resource allocation between two network slices with heterogeneous performance
metrics in fog radio access networks was investigated by the researchers and the problem as a
Stackelberg game was modelled, where the global radio resource manager (GRRM) with a strong
position acted as the leader and the local radio resource managers (LRRMs) of slices acted as followers.
This work was inefficient in long-term resource allocation performance. Researchers in [33] proposed
an advanced caching technique through which the energy efficiency and delays can be improved and an
algorithm for load balancing in the advanced cached fog layer. It has become more challenging to
connect and monitor many devices, the most critical feature of which is content security. In [34], the
joint optimization of computation offloading decisions, service caching placement and system resource
allocation was studied by the authors. The complicated MINLP problem was transformed to a pure 0-1
integer linear programming (ILP) problem and reduced-complexity algorithms were proposed. It may
not work properly for multi-user systems. In [35], a declarative methodology, SecFog, was proposed,
which may be used for quantitative assessment of the security level of multi-service application
deployment to cloud-edge infrastructures. Also, an MINLP problem of placing application services for
the purpose of assuring end-to-end delay constraints was formulated. The underlying model was limited
to the security controls provided by the infrastructure. In [36], the authors studied the service-placement
problem in fog computing using meta-heuristic approaches and proposed an improved parallel genetic
algorithm. But, it seems to be costly to implement. In [37], researchers have proposed a multi-objective
strategy including execution time, energy consumption and cost, based on a biogeography-based
optimization algorithm, for MEC offloading to satisfied users’ multiple requirements. Objective(s),
network and environment of related works are shown in Table 1.
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3. NETWORK MODEL

Figure 1 shows a three-layer fog computing system with N mobile devices and M cooperative fog nodes.
A cloud server V accesses directly by mobile devices. A task can be offloaded by a mobile device to one
of the fog nodes, the cloud, through a fog node or directly to the cloud server. The model used in our
study is similar to that used in paper [17]. The explanation of the parameters is given in Table 2. At each
time slot, mobile device i can request to offload a computing task. The mobile devices,
fog. I; (DL‘ DY, c;, t{) nodes, as well as the cloud server meet the delay requirements and are eligible for
work processing. So, there are three modes for processing tasks, including mobile devices or local mode,
fog nodes mode and cloud server mode.

{0

Cloud Server

Cloud
Layer

Tasks include:

Task distribution
Fog Storage
Layer Analysis

Security

Device
Layer

Downlink Uplink Backhual
—_

Figure 1. The architecture of fog-computing network.

Table 2. Explanation of parameters.

Parameters | Explanation

Dii Input (including execution code and input data)

D? The lengths of output (result) data

C, The number of CPU cycles (required to execute the task)

' The maximum delay requirement of the task

fi| The processing rate of mobile devices i (cycles per second)

T/ The time to perform the task

Ei' The energy consumed in the mobile devices (adequate to the CPU cycles required for task 1;) in local processing
v, The consumed energy per CPU cycle

R The total uplink rate

Rf The total downlink rate

ij CPU cycle rate

T Spectrum and computation resources for mobile device i

rijf rijd rijy The CPU cycle, downlink, uplink rates for task execution, input and output transmissions
eil; The energy consumption for transmitting a unit of data

end The energy consumption for receiving a unit of data

Tijf The delay of mobile devices

Eijf The energy consumed in the mobile devices in fog-node processing
R(UM +1) The uplink rate by the cloud

R(dM +1) The downlink rate by the cloud

R(fM +1) The allocated CPU cycle rate by the cloud

s The data rate between a fog node and the cloud server

The processing rate on the cloud server assigned to each task
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3.1 Local Processing
The time to perform the task I, when it is processed locally is:

TiI =G / fiI (1)

where, C, is the number of CPU cycles (required to execute the task) and f' is the processing rate of
mobile device i (cycles per second).

The energy consumed in the mobile device ( E'), adequate to the CPU cycles required for task 1., is:
E =vC, )

and v, denotes the consumed energy per CPU cycle.

3.2 Fog-node Processing

Fog node j has capabilities defined by a tuple (R{,R!,R/). R{,R{,R/ are the total uplink rate, the total
downlink rate and CPU cycle rate, respectively. If task I, is processed at fog node j, this node will
allocate spectrum and computation resources for mobile devicei (r, =(r,",r%,r;')), where r" is the
uplink rate for output transmissions, r, is the downlink rate for input transmissions for task execution
and r," is the CPU cycle. Hereon, the energy consumption of the mobile device is to transfer input to
and receive output from the fog node j. The delay includes the time of task processing, transmitting
input and receiving output at the fog node, so that they areC, /r;", D /" and D7 /r,*, respectively. D

ij
is input data and D/ is output data.

The delay T;" and the consumed energy E; of the mobile device are:
Tijf :Dii/r-iju+Dio/r-ijd+Ci/rijf 3
and
Eijf =B+ Eijd (4)

where E'=¢,'D] and E," =¢,°D’. The energy consumption for transmitting a unit of data and the
energy consumption for receiving a unit of data are denoted by e, and e,°.

3.3 Cloud-server Processing

Assume that all fog nodes are connected to a public cloud server. If fog node j forwards task I, to the

cloud server, it will allocate resources for mobile device i, (r; = (r",r,°,r;")) and r/ =0. Fog node j
sends the input data to the cloud server for processing after receiving the task. It then receives the result

and sends it to the mobile device. Hereon, the consumed energy E; at the mobile device and the delay
T, are:
T, =D/t +D?/r,  +(D/ +D’)/w* +C; / f° (5)
and
Ef=E,' =E"+E (6)

where w° is the data rate between a fog node and the cloud server and f° is the processing rate on the
cloud server assigned to each task.

Because the cloud is in the top tier, it cannot move its task to the top tier. This is accomplished by setting
the corresponding latency to infinite: T, ., =o. The total energy consumption Ej, ., is set as a
constant. The binary offloading decision variable for task 1, is x = (X, %" Xy X5~ Xinan®)
inwhich x =1, x/ =1 and x{ =1 indicate that task I, is processed at the mobile device, fog node j or
the cloud server, respectively. Suppose that h = (' T,", .. . Ty Tu's - Tiwsn’) - From (1), (3) and

(5), the delay T, when task I. is processed is equal to:
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T =h"x @)

Suppose that ¢ =(E/,E;", ... ,Eqy.y  Ei’s - Eiuay’) - From (2), (4) and (6), the consumed energy E,
of the mobile device when task I, is processed is:
_ AT
Ei =€ X (8)
Assuming that e=(e,....e,) and x=(x,...,X), the consumed energy E; of the mobile device is as

follows:
E =e"x 9)

The purpose of our paper is to minimize the total energy consumption of all mobile devices in the delay
requirement, which is a joint offloading decision ( x ) and resource allocation (r:{ﬁj} ) problem:

Min, .e"x (10)
the restrictions of which are equal to:

r4 20,9 (i, j)eNxM" (11)
and

(C5) x +Z:’:lxijf +X° =1VieN,

X% e{0,1},V(i, j)eNxM

(C6)  T'<tf
(C7) TS <t
(c8) T, <t (12)

where (C1) is the delay requirement of tasks. Resource constraints at fog nodes are (C2), (C3) and (C4).
Offloading decision constraints are (C5) and (C6) to (C8), indicating that the task delay for each mobile
device should not exceed the maximum value (t).

According to the equations presented in [16], the revenue of the service provider (cloud) leads to better
services for member users. Another factor in measuring cost performance is the price that users are
charged as benefit/revenue. The price offered by each user depends on the delay requirement T, and

data size D! and D’, where we assume a linear relationship between the price and the data size and an

inversely linear relationship between the price and the delay requirement. Therefore, the offer from each
user is equal to:

0, = f(Dii’DiO’Tij) (13)
where the function f() must be a monotonic increasing function for D! and D? must be a monotonic
increasing function for T, . For simplicity, the following function is used to define f (Di‘ DT, ) :

Oij _a D, + D,
T (14)

where a is a parameter with the unit of dollar/Mbps and O; is the price that the user of the mobile

device i pays if it is compatible with V . Because V serves more than one user, it receives more than
one offer. Revenue V is the sum of offers defined by all users. For simplicity, it is assumed that the cost
of V is related to the power consumption of the transmission and its maintenance; in this work, it is
fixed. In revenue V , the impact of fixed-service costs is ignored. The system objective in our article is
named cost performance. Cost performance is defined as the ratio of the average data rate of each user
to its cost in Mbps/sec/dollar.



84

Jordanian Journal of Computers and Information Technology (JJCIT), Vol. 09, No. 02, June 2023.

The actual delay value is related to the size of the data D! and D? that must be transmitted and
processed. Then, for the cost factor, use the user's payment/offer for the relevant fog calculation service
that it acquires. As a result, the cost performance function is defined for combining two factors in one
criterion for each user, which indicates the quality of services for which the user pays. The cost
performance system (CP,, ) is equal to:

CP _ zuieUCPij
sys N (15)
where CP, is the cost performance value for each mobile device i and is shown as follows:
D! +D?)/T,
_yf ( ! | ) ]
T, (16)
ij

The optimization problem of our article is shown below:
i, oy /mf
_ F (Di+D))/T;; 17
Max CP = };; xifo—ijj (17)
the restrictions of which are equal to:
(C9) D xj xtf<tf
ij
(C10) > x; x| <Rj
ij

(C11) D x/ =K' <R{
ij

(C12) ) ' x! xr! <R?
;J Y (18)

where (17) is the system objective and shows the overall system cost performance for users. (C9)
indicates that each user who has been served has a task delay less than the maximum delay requirement
of the task (t"). In (C10), (C11) and (C12), for each user who has been served, the CPU cycle, downlink
and uplink rates for task execution and output and input transmissions of all users must be less than the
CPU cycle rate (R, ), the total uplink rate and the total downlink rate.

4. PROBLEM SOLVING

The Experimental parameters are shown in Table 3 and are similar to the experimental parameters in
[17]. GAMZ solves the problem as a single-objective. The weighted-sum method is used to turn our
two-objective problem into a single-objective problem. Eq. (19) has two goals: to increase cost
performance and reduce energy consumption. Since one of the goals of the problem is maximization, to
achieve the ultimate goal of the problem, which is a minimization of the objective function, must be
multiplied by -1. First, through the weighted sum method, two weights with a value of 0.5 are assigned
to the objective function and are added up to become a minimized objective function. The choice of
weight for the objective function depends on the priority and importance of the selected objective
function. Because both cost performance and energy consumption are equally important in this paper, a
factor of 0.5 is considered for both.

pi+po) /TS

Min (=0.5) x ¥;; xifj% +05x%xelx (19)
ij

In the next step, inside the GAMS, for a small model with five mobile devices, four fog nodes and a

cloud, the model is entered into the program. Indices are displayed in GAMS with sets, which in this

article include i for mobile devices at 5, j for fog nodes at 3, k for cloud server at 1 and m is an

auxiliary index at 4. After entering the parameters, decision variables and sets, it is time to choose the
appropriate solver. Both Eqg. (10) and Eq. (17) are nonlinear and MINLP. Because the sum of Eq. (10)
and (17) is nonlinear and MINLP, Eq. (19) is also nonlinear and MINLP. In this case, because our
problem is MINLP, which is generally NP-hard to solve [38], the best solver is Baron, which solves
these kinds of problems with a good track record. After execution, the results are as follows: the decision
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variables are quantified, the optimal answer is obtained and resources are allocated to the devices. The
decision variable x" determines which mobile is served by which device. The lower bound is set r
r’ and r," from 0.01, because in equations where r', r and r, are at the denominator of the fraction,

ij
they cannot have a value of zero. As described, the weighting method is used to balance the objects.
Considering wl, w2 with values of 0.5 and 0.5, the lowest amount obtained for the objective function

was -1624.439.

Table 3. Experimental parameters.

Parameters Value

Number of mobile devices N 10

Number of fog nodes M 4

Number of cloud servers V 1

CPU rate (in mobile devices) f' 0.5 Giga cycles/s
Processing energy consumption rate V, 1000/730 J/Giga cycles
Input data size D} U(a, b) MB
Output data size D} U(c, d) MB
Required CPU cycles C, a, x D!

Unit transmission energy consumption to fog nodes ! (vj <M ) | 0.142J/Mb
Unit receiving energy consumption from fog nodes € (vj <M ) | 0.142J/Mb
Unit transmission energy consumption to cloud server V/ (&%, ;) | 0-658 /Mb
Unit receiving energy consumption from cloud server V (ef,,,,,) | 0-278 /Mb
Delay requirement t; [1,10]s
Processing rate (each fog node) R J.f 10 Giga cycles/s
Uplink data rate (each fog node) R 72 Mbps
Downlink data rate (each fog node) R} 72 Mbps

CPU rate (the cloud server) f° 10 Giga cycles/s
Data rate between FNs and the cloud w* 5 Mbps

A parameter with the unit dollar/Mbps a 1

Delay requirement T; [6, 7]s

5. EVALUATION

In this section, the implementation of meta-heuristic algorithms including evaluation setup,
experimental results and results’ analysis, is presented.

5.1 Evaluation Setup

The proposed model was implemented by use of PSO [10], GA [11], SA+GA [12], TLBO [13], GWO
[14], GOA [15] and random search method for thirty problems of different sizes to solve our single-
objective problem (19). The proposed models are solved using meta-heuristic algorithms to solve
problems in small, medium and large sizes. Because the problem is of the MINLP type, meta-heuristic
algorithms have a good track record of solving this type of problem. Also, the model is based on
population and the algorithms used in this paper are the same. Meta-heuristic algorithms have acceptable
speed and accuracy in finding the optimal solution in resource-allocation models. These algorithms are
scalable for resource-allocation optimization problems (for more iterations and larger populations) [39]-
[40]. Programming and execution of algorithms are also carried out using MATLAB version (R2016a).
The algorithms run on a 64-bit system with a 2.5 GHz processor and a 2 GB memory.

To investigate the performance of the proposed model, PSO [10], GA [11], SA+GA [12], TLBO [13],
GWO [14], GOA [15] and random method have been used. Then, a comparison of the results obtained
from each of these methods is performed. To do this, different instances of different sizes must first be
designed. The parameters of each algorithm are given in Table 4.
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Table 4. The parameters of the algorithms.

Algorithm Parameters Values
maximum number of iterations 100
population size (swarm size) 50
PSO inertia weight
inertia weight damping ratio 0.99
personal rating coefficient
global rating coefficient
maximum number of iterations 100
population size 50
Cross-over percentage 0.8
number of off-springs 2xrount_zl (crqss-over percentage x
population size/2)
GA mutation percentage 0.3
number of mutants round (mutation percentage x population
size)
gamma 0.05
mutation rate 0.02
beta 0.5
maximum number of iterations 100
maximum number of sub-iterations 10
initial temp. 10
temp reduction rate 0.99
population size 50
Cross-over percentage 2
SA+GA number of parents (off-springs) s;‘r)zlll;‘t?o(ﬁ;?;:;g;/er percentage x
mutation percentage 0.3
number of mutants round (mutation percentage x population
size)
Cross-over inflation rate 0.05
mutation rate 0.02
mutation mode “rand”
eta 0.1
TLBO maximum number of iterations 100
population size 50
GWO maximum number of iterations 100
population size 50
GAO maximum number of iterations 100
population size 50

The computational complexities of PSO [10], GA [11], SA+GA [12], TLBO [13], GWO [14], GOA
[15] are O(nlogn),0(nm),0(nm),0(Idg),0(nm) and O(m?®), respectively, where n is the number of
population, m is the size of individuals, d is the number of subjects, g is the number of iterations and |

is the number of learners.

In this research, instances in small, medium and large sizes are designed and the size of each parameter
for each type of example is classified as follows (i for the number of mobile devices and j for the number

of fog nodes):

- For small instances, the set i =5and j =3 with 60 variables,
- For medium instances, the set i =15and j =5 with 300 variables,
- For large instances, the set i =100 and j = 15 with 6000 variables.
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5.2 Experimental Results and Results’ Analysis

The results related to the values of the objective function and the solution times for these algorithms are
given in Table 5 and Table 6.

Table 5. The values of the objective function.

Problem type | No. GA PSO SA+GA

1 -3,624 -3,239 -7537250.18
2 -5,137 -4,633 -26513.6
3 -5,582 -4,840 -1128
4 -3,045 -2,912 -15617.6

5 5 -5,239 -4,782 -11922.9

8 6 -3,488 -2,846 -608.9

= 7 -4,823 -3,925 -579.9

E 8 3,256 2,885 769918.4
9 -7,144 -6,547 -21484.3
10 -6,739 -5,168 -11940.5
11 -4,958 -4,151 -17363.5
12 -5,786 -5,004 -5701.3
13 -493,059 -435,452 -412371.2
14 -626,800 -591,089 -446073.1

c 15 -829,385 -781,866 -511573.6

£ 16 743,971 -694,826 -648282.3

= 17 -720,405 -685,978 -2437.3

E 18 -534,126 -493,097 -397386.3

S 19 -694,271 -562,966 -439611.8

E 20 -495,543 -402,779 -211423.9
21 -413,253 -354,656 -2813.9
22 -748,903 -687,841 -315033.7
23 -3,433,470 -3,028,605 -49497370.4
24 -3,737,970 -3,478,755 -19938346.9

£ 25 -3,891,427 -3,606,192 -31052647

8 26 -3,759,422 -3,313,783 -14822865

= 27 -3,027,824 -2,831,833 -32319789.1

g 28 -3,487,582 -3,117,100 -29267467.9
29 -2,517,827 -2,390,396 -27467320.4
30 -4,728,847 -4,310,443 -32405902.4

Problem type | TLBO GOA GOW Random

-26848.6 | -9506.1 -1436 -110.35
-33697.5 | -21977.9 -65731.6 -74.49
-943.8 -1062.6 -1216.7 -221.76
-2744.9 -5338.4 -13687.9 -11.25

5 -4662.5 -8130.7 -984 -119.24

IS -22366.2 | -13209.1 -775.6 -67.47

iy -1084.6 -7559.5 -3531.5 -32.69

§ -78935 -4933.3 -33810.1 -84.93
-1659.9 -17399.8 -12122.8 -210.67
-7981.7 -14711.6 -24042.3 -203.19
-8174.7 -759.4 -83975.9 -118.37
-3080.8 -12755.8 -1591.3 -19.67

E -14450.6 | -25405.9 -2501.9 309.11

ks -501673.5 | -35910 -71205.4 397.31

g -133464.3 | -20985 -134118.1 100.33

£ -136988.4 | -165627.6 -93339.8 115.60

5 -63350.8 | -86799 -270145 220.36

E -199839.4 | -82712.8 -75138.9 79.14
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-192184.3 -216008.7 -82738.5 19.35
-148564.8 -206550.1 -138484.9 10.46
-147154.4 -148449.6 -190762.6 24.89
-166501.5 -70551.7 -65520.3 114.49
-3620749.4 | -881734 -4128805 9.17
-4048094.4 | -858796.8 -504324.6 14.11
g -5092522.9 | -830234.3 -776526 -25.21
g -4557760.8 | -656639 -4638037 -7.82
= -2747554 -794339.2 -3261333.7 10.35
E -3628517.4 | -361017.3 -3628227.1 -2.56
-4323419 -946594.2 -4020436.5 -18.59
-4323411 -1013361.6 -4952766.4 -4.90

In Table 5, the values of the objective function are shown. As can be seen in Table 5, the problem is
investigated in small, medium and large dimensions. Cost is obtained at each stage and the larger the
problem, the lower and more convergent the cost function becomes. Because the presence of all meta-
heuristic algorithms at every stage, these algorithms try to get a more optimal answer. The solution times
are indicated in Table 6 and Figure 2.

Table 6. The values of the solution time.

Problem | No. | CPU-GA(s) | CPU- CPU- CPU- CPU- CPU-
type PSO(s) SA+GA(s) TLBO(s) GOA(s) GOW(s)
1 5111 2477 1855 73 53 2.9
2 50.64 2453 219.4 71 56 25
3 50.37 25.25 942 74 35 26
4 50.96 2527 973 7 37 25
£ 5 50.44 24.48 923 7 39 25
3 6 49.82 25.46 965 6.9 34 26
= 7 49.88 23.69 98.1 75 36 25
E 8 51.03 2455 973 73 34 25
9 50.81 25.29 93.9 74 34 28
10 | 5107 24.01 1032 7 34 25
11 | 5124 2334 998 71 48 25
12 5015 2335 97.9 127 34 25
13 | 18412 99.56 2515 187 71 6.4
14 | 18544 103.23 2512 182 71 6.3
15 | 18334 103.83 2552 176 6.9 7
5 16 | 18302 103.03 2484 294 71 63
E 17 | 18632 100.16 2486 298 71 6.4
£ 18 | 18428 102.43 2416 177 6.9 6.4
2 19 | 184.06 102.99 244 178 71 63
E 20 | 18229 99.46 243 178 6.9 6.3
21 | 180.19 100.85 2447 25 6.9 6.3
22 | 17927 99.04 237.4 178 7 6.3
23 | 106848 693.68 1566.1 1185 678 466
24 | 104526 68L.12 16511 1931 675 58
£ 25 | 1049.38 687.39 16215 1207 61.2 524
5 26 | 105351 689.14 1617.7 2942 60.1 442
s 27 | 1054.37 694.76 17051 1412 1025 471
5 28 | 1038.45 681.16 15774 2372 83.7 503
20 | 1062.94 686.94 16065 2558 65.1 457
30 | 107855 694.17 1616.1 2382 996 464
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In Table 6, due to the fact that small problems have fewer variables and parameters and the number of
fogs and users is less, the execution time of the algorithm is shorter and they are executed faster than
the next steps when the number of fogs and users increases. Finally, in larger problems, the number of
variables reaches 6,000, which will certainly be solved in more time. It should be noted that to eliminate
the uncertainty in the obtained outputs, each problem was performed three times and the average of
these three problems was reported as the final answer variable.

CPU-GA(s) CPU-PSO(s) CPU-SA+GA(s) CPU-GA(s) CPU-PSO(s) CPU-SA+GA(s) CPU-GA(s) CPU-PSO(s) CPU-SA+GA(s)
CPU-TLBO(s) mCPU-GOA(s) = CPU-GOW(s) CPU-TLBO(s) mCPU-GOA(s) mCPU-GOW(s) CPU-TLBO(s) mCPU-GOA(s) =CPU-GOW(s)
250 300 1800
E E 50 g 1600
= 200 B £ 1400
% 0 % 200 % 1200
a2 = = = 1000
E 5‘ 150 E 800
o 100 ) =)
o] Q 100 C 600
£ 50 @ ~ s 400
&' \ E o % 200
= 3] =
0 0 0
1 3 4 6 7 8 9 w 1 12 1 2 3 4 H (] 7 8 9 10 1 2 3 4 5 6 7 8
NUMBER NUMBER NUMBER
a b c
Figure 2. The values of the solution time for a) small problems, b) medium problems and c) large
problems.

The plot of a problem with fifty mobile users, ten fog nodes and a cloud sever is shown in Figure 3,
while the plot of a problem with one hundred mobile users, ten fog nodes and a cloud sever is shown in
Figure 4. As you can see in Figure 3, in a number of iterations below 10, the SA+GA [12] graph
fluctuates upwards, which can be due to the lower stability of this algorithm in such number of iterations.
In Figure 3 and Figure 4 in each step, the meta-heuristic algorithms perform the optimization process
and try to reduce the total cost in each step and obtain a more optimal value. In fact, this leads to the
most accurate answer, allocating resources of a certain size with the minimum delay to users through
fog nodes or directly to the cloud server.

10* 10°

GA
PSO
GOA
owo | {
|=——mB0 |]

[ SA+GA| |
10° 1

10°

Best Cost
Best Cost

0 10 20 30 40 50 60 70 80 2 100 0 10 20 30 40 50 60 70 80 90 100
Iteration Iteration

Figure 3. The value of the objective function in Figure 4. The value of the objective function in
the number of iterations for fifty mobile users, the number of iterations for one hundred mobile
ten fog nodes and a cloud sever. users, ten fog nodes and a cloud sever.

To study and compare the proposed algorithms accurately, decision-making with multiple criteria has
been used. Multiple-attribute decision making (MADM) method is a multi-criteria decision-making
method; by which TOPSIS method is used for comparing algorithms with various indicators. Since this
method has been used in a variety of articles and ended in excellent and accurate results, it is also used
here for comparison. In this model, two indicators of execution time (CPU time) and the value of the
objective function are considered for comparison. Since not all the amounts can be taken into account
due to their large number, the average of each column is obtained and then the values are entered into
TOPSIS. On the other hand, because an algorithm is better in terms of each indicator, there is no such
decision-making ability to choose a better algorithm. The result of TOPSIS method is shown in Table
7. According to Table 7 of the TOPSIS comparison, compared to other methods, the SA+GA method
with a value of 0.23 is deemed the best. Then come GWO [14], GA [11], TLBO [13], PSO [10] and
GOA [15] methods, respectively.
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Table 7. The result of TOPSIS method.

Algorithms | Ranking
SA+GA 0.23
GWO 0.197
GA 0.167
TLBO 0.146
PSO 0.117
GOA 0.104

In Figure 5 (with ten fog nodes), as the number of mobile devices increases, the cost performance
increases too. The highest cost performance is for the GWO [14], GOA [15], TLBO [13], SA+GA [12],
PSO [10] and GA [11], respectively. GA has the lowest gradient, because it has a slower convergence.
GWO has the highest cost performance increase because of its high convergence and iterability. With
the increase in the number of users, the cost performance has increased as well, because more users try
to get services and the size of input-output data ( D/ and D?) increases too and as the goal is to increase

cost performance, the latency decreases at each stage.

In Figure 6 (with ten fog nodes), as the number of mobile devices increases, the energy consumption
increases too. The highest energy consumption is for the GWO [14], GOA [15], TLBO [13], SA+GA
[12], PSO [10] and GA [11], respectively. In Figure 6, because of the power of convergence and
iterability, GWO has the highest and GA the lowest power consumption. Given the increase in the
number of users, the increase in the need for services and the allocation of more resources, the number
of users connecting to fog nodes has increased, while the delay may increase with regard to the constant
number of fog nodes. So, energy consumption increases.

In Figure 7 (with forty mobile devices), as the number of fog nodes increases, the cost performance
increases too. The highest cost performance is for the GWO [14], GOA [15], TLBO [13], SA+GA [12],
PSO [10] and GA [11], respectively. With the number of fog 5, GOA has the highest cost performance,
because the algorithm has lower convergence and TLBO performs better due to greater stability.
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Figure 5. The cost performance with ten Figure 6. The energy consumption with ten fog
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With the number of fog nodes of 9, the GOA again has the highest performance decline, which indicates
the instability of this pattern compared to the rest. Figure 7 shows a slight upward slope of cost
performance with increasing number of fog nodes. When the number of users is considered constant,
with an increase of one fog node, the cost performance is slightly increased due to the fact that the size

of input-output data ( Dii and D) is slightly increased. As the number of available fog nodes increases,

work is done faster and better load balancing occurs on the network, so better cost performance occurs
at each step.

In Figure 8 (with forty mobile devices), as the number of fog nodes increases, the energy consumption
increases too. The highest energy consumption is for the GWO [14], GOA [15], TLBO [13], SA+GA
[12], PSO [10] and GA [11], respectively. All algorithms with the number of fog nodes of 6 have a
reduction in consumed energy, which can be related to the number of users that have been set in the
parameters and the initial amount of resources (R!,R{,R/). With increasing the number of fog nodes,
the changes in energy consumption remain constant, because the number of users has not changed, so
the number of requests remains almost constant. When sending a request to fog nodes, the fog node that
is closer to the user has a higher priority to communicate with the intended user, so changes in energy
consumption remain almost constant.

6. CONCLUSIONS

Cloud computing plays an essential role in developing the Internet of Things, which provides data-
processing and storage services. However, many of its applications suffer from cloud-computing
challenges, such as latency, location awareness and real-time mobility support. Fog computing, which
almost looks like the evolution of cloud computing, helps provide solutions to these challenges. In this
paper, due to their service latency limitations, the total energy of all mobile devices is minimized and
the cost performance is maximized at the same time. This generally leads to the increase in the quality
of service (QoS) and in the quality of experience (QoE). A model is designed and the exact mathematical
method with the GAMS program is used to prove its logical process. In the next step, the model is solved
with GA, PSO, SA+GA, TLBO, GOA, GWO and random methods. To do this, sproblems are considered
with three sizes: small, medium and large. The six main algorithms (GA, PSO, SA+GA, TLBO, GOA
and GWO) are compared with two indicators; the value of the objective function and the execution time.
According to the TOPSIS comparison, the SA+GA method with a value of 0.23 is the best one compared
to other methods. Then come GWO, GA, TLBO, PSO and GOA methods, respectively. In this paper,
the customer affairs is one of the practical applications of this modeling, in terms of meeting the needs
of customers, improving the level of loyalty and establishing mutual, transparent, respectful
relationships and satisfying them, which are among the priorities of the customer relationship center.
Communication with customers and the method of responding to their needs and requests should be well
managed. Also, the cost performance and energy consumption should be optimized. In project
management, resource allocation means the distribution of available resources in the company
(equipment, labor, budget, facilities, ...etc.). In order to perform the tasks related to project management,
two objectives of the problem and its solutions are implemented. Organizational resource management,
in fact, seeks effective planning and control by modeling and providing solutions. All affairs related to
receiving, producing and delivering to customers should be done for production, distribution and service
companies with the highest cost performance and the lowest energy consumption. In fact, one of the
concerns of this modeling is to provide the customer’s desired service with the least delay and in a
reasonable time. For future work, more goals can be added to the model to bring the system closer to
reality. More attributes for comparison should be added. Also, the architecture of the fog computing
network can be changed and newer technologies can be used in it. Customer service can be prioritized,
too. New methods including machine learning and deep learning can be used to assign tasks intelligently
and analyze data by fog computing. Also, neural networks can be used for the problems of load
balancing and task scheduling.
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