Sustainable Service Allocation using Metaheuristic
Technique in Fog Server for Industrial Applications

Sambit Kumar Mishra, Student Member, IEEE, Deepak Puthal, Member, IEEE, Joel J. P. C. Rodrigues, Senior
Member, IEEE, Bibhudatta Sahoo, Member, IEEE, and Eryk Dutkiewicz Member, IEEE

Abstract—Reducing energy consumption in the fog computing
environment is both a research and an operational challenge
for the current research community and industry. There are
several industries such as finance industry or health care industry
required rich resource platform to process big data along with
edge computing in fog architecture. As a result, sustainable
computing in fog server plays a key role in fog computing
hierarchy. The energy consumption in fog servers depends on
the allocation techniques of services (user requests) to a set of
virtual machines (VMs). This service request allocation in a fog
computing environment is a non-deterministic polynomial-time
hard (NP-hard) problem. In this paper, the scheduling of service
requests to VMs is presented as a bi-objective minimization
problem, where a trade-off is maintained between the energy
consumption and makespan. Specifically, this paper propose a
metaheuristic-based service allocation framework using three
metaheuristic techniques, such as Particle Swarm Optimization
(PSO), Binary PSO (BPSO) and Bat algorithm (BAT). These
proposed techniques allow us to deal with the heterogeneity of
resources in the fog computing environment. This paper has
validated the performance of these metaheuristic based service
allocation algorithms by conducting a set of rigorous evaluations.

Index Terms—Fog Computing, Cloud computing, Metaheuris-
tic techniques, Service allocation problem, PSO, BAT, BPSO.

I. INTRODUCTION

OG computing presents some of the overlapping pe-

culiarities of cloud with additional attributes such as
location awareness and edge data center deployment. In re-
cent days, finance industries such as SCADA (Supervisory
Control and Data Acquisition) use edge datacenters in fog
architecture for low latency. At the same time, such applica-
tions use fog servers for batch processing of big data [1].
Fog computing supports distributed computing solutions to
achieve high scalability, elasticity, reduced computing cost,
efficient sharing of information, etc. Consequently, fog sever
resource management can be extremely challenging due to
the complexity of the system. In recent days, fog computing
has been proposed to utilize the cloud resources efficiently
across the networks. This brings sustainability to the industrial
data processing. Execution environment in a fog infrastructure
is presented as a virtual machine (VM). The virtualization
technique allows one to create virtual instances of a device
or resource, where the framework partitions the resource
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into multiple execution environments virtually in the form of
VMs. The technology underlying virtualization is a Virtual
Machine Monitor (VMM) or hypervisor, which separates the
computing environments from the actual physical infrastruc-
ture. It includes modifying the operating system to substitute
non-virtualizable instructions with hypercalls to communicate
immediately. Fog computing offers an intermediate fog layer
between the users and cloud resources [2]. This paper uses
the three-layer fog computing architecture [3] to propose
sustainable service allocations in fog server. The bottom layer
comprises several terminal devices such as wireless sensor
nodes and smart devices, where the user submit their tasks to
the upper layers. In the second layer, the fog includes highly
intelligent devices like routers, switches, and gateways (edge
data centers). The topmost layer points to be the cloud data
center comprising several high-end servers (fog server).

The energy consumed in the fog computing system is
mostly from the execution environment, cooling equipment,
and power conditioning [4]. Energy consumption is becoming
a pivotal issue for the service, performance, and maintenance
of fog servers. We rely mostly on fossil fuels for energy. For
example, according to [5], the energy used in fog servers is
generated from 39% petroleum products, 24% natural gas,
23% coal, 8% nuclear, and 6% other. As fossil fuels are
non-renewable energy sources, we need to use the energy
optimally. A typical data center deployment consumes a sig-
nificant amount of energy, and in turn, increases the carbon
dioxide (CO-) level indirectly. For example, it was estimated
that approximately 8% of the global emission is from CO;
emission [6], [7], which is one of the factors contributing to
global warming. The required Quality of service (QoS) can be
achieved through optimizing computing resource utilization.
Current days industrial data are mainly considered to be
evaluated at data centers. This paper mainly focusing on
energy consumption and makespan as QoS constraints. To
ensure the QoS, the system needs to map all tasks or services
to the available resources efficiently.

Energy consumption is directly proportional to the resource
utilization of data centers [4]. In the same way, cost is
directly proportional to the energy consumption (i.e. when
energy consumption increases, so does cost) [8]. To solve
the NP-hard nature of the service allocation problem, it
require suboptimal solutions as these are generally the most
efficient and effective techniques. Therefore, researchers have
presented a number of heuristic procedures to address the issue
[2], [9]-[11]. Heuristic techniques are problem-dependent and
because of their greedy nature, they are normally trapped in a



local optimum and hence, fail to reach the global optimum
solution. Metaheuristic techniques are efficient as they are
problem-independent, but not greedy. All metaheuristic tech-
niques utilize a trade-off between randomization and local
search. Randomization provides a decent approach to run
away from local search to the global one, and comprises
intensification and diversification of any metaheuristic algo-
rithms. The diversification mechanism allows one to explore
the search space globally by generating diverse solutions,
while intensification searches for a decent solution in the
local region. The combination of these two components will
mostly guarantee the achievability of the global optimality.
There are various mechanisms to reduce energy consump-
tion in the fog server. Popular techniques include VM al-
location, multicore architecture-based, service consolidation-
based, thermal-aware-based, power-aware management, and
bio-inspired computation-based techniques [12], [13]. In the
service allocation problem, the allocation of services or tasks
to different systems (or VMSs) requires the implementation of
scheduling policies [14]. Therefore, the scheduler is responsi-
ble for optimal allocation of services to different VMs with the
minimum energy consumption [4]. The user requests (services)
are allocated to a set of VMs for their execution.

This paper seeks to minimize energy consumption within
a fog server, without compromising its capability to deliver
services. The contributions of this paper are organized as
follows:

« Initially, this paper presents a general fog system model,
including host model, VM model, and service model.

o This paper formulates the Linear Programming Problem
(LPP) for optimization of makespan and energy, and
frame three metaheuristic based service allocation algo-
rithms for the heterogeneous fog server system delivering
heterogeneous service or task.

« Finally, this paper evaluates the proposed algorithms in
terms of makespan, energy consumption, and the perfor-
mance.

The remaining of this paper is organized as follows. Section
IT briefly discusses related work. In Section III, the fog
system model is presented. The service allocation problem is
explained in Section IV. Section V describes some perfor-
mance metrics along with an example. A brief description of
metaheuristic techniques and its utilization for the allocation
problem are presented in Section VI, followed by simulation
and experimental findings in Section VII. Finally, this paper
give the conclusion in Section VIIIL.

II. RELATED WORK

The increased adoption of fog and cloud computing in
industrial data processing has resulted in an urgent need to
examine ways of reducing CO2 emission due to the significant
amount of energy consumed at data centers, etc. The emission
of CO; from a data center depends on the power plants that
are directly used to deliver electricity to the data center. It was
estimated in 2013 that data centers in U.S. consumed 91 billion
kilowatt-hours of electricity and equates an annual output of 34
large (500-megawatt) coal-fired power plants, and this amount

of electricity can reportedly power all houses in New York
City twice over for a year [15]. The annual consumption of
electricity by data centers is predicted to increase to 140 billion
kilowatt-hours by 2020 [15]. This has resulted in one popular
research area i.e., resource allocation techniques designed for
fog server or virtualized server systems [2], [12], [16], [17].
Souza et al. [16] have proposed a strategy for the service allo-
cation problem as a multidimensional knapsack problem. They
have applied their model for the integration of fog and cloud
computing to optimize delay, load and energy consumption.
The workload allocations to the fog-cloud approaching the
optimal power consumption with a fixed delay is suggested by
Deng et al. [2]. They have investigated that the fog framework
significantly improves the cloud computing performance.

The metaheuristic technique presented by Tsai and Ro-
drigues depends on the search space and the decision capabil-
ity (intelligence) [18]. The technique searches for local opti-
mum prior to searching for the global optimum. The authors
focused on the use of metaheuristic algorithms to schedule
tasks. They have summarized that metaheuristic techniques
provide a better result as compared to deterministic methods.
However, it is known that metaheuristic algorithms are slower,
and the resulting solutions are not always optimal. Guo et al.
presented a task scheduling optimization method for the cloud,
which is based on PSO to minimize the cost [10]. The most
direct and efficient method is to make use of more power
efficient components during the hardware design phase. Other
alternative proposals include the design of algorithms to scale
down power or even shutting down of a system when it is not
in use.

Bergmann et al. [17] presented a Simplified Swarm Op-
timization (SSO) scheme designed to consume less energy
in distributed systems with dynamic voltage scaling. The
proposed algorithm reportedly achieves minimum execution
time and makespan within a reasonable time without de-
lay. Kaur and Chana presented a comprehensive review of
energy-efficient techniques designed for cloud computing [12].
The techniques were classified into several categories, in-
cluding bio-inspired optimization method (e.g. Ant Colony
Optimization (ACO), Genetic Algorithm (GA), swarm based
optimization methods). Zhan et al. described the resource
scheduling problem and their solutions using several nature-
inspired evolutionary methods (e.g. ACO, GA, PSO) [19].
For a cloud system, the proportion of energy utilization of
processing servers versus the energy utilization of storage
servers and network segments is 75:15:10 [20]. This means
that from the total energy consumption due to the data center,
75% is due to CPU-centric servers, 15% is due to storage
servers and 10% is due to network components. Researchers
provide different heuristic and metaheuristic techniques for
the allocation problem in the fog computing environment, and
among the metaheuristic techniques, PSO is most widely used.

III. FOG SYSTEM MODEL

The fog computing architecture is highly scalable, is an
abstract entity, and delivers different levels of services to
the cloud user, achieve economies of scale, and delivers on-



demand and dynamic contents and services through virtual-
ization. Fog computing offers cloud resources (e.g., servers,
networks, applications, storage, and services) over the Internet,
which can be rapidly provisioned and released with minimal
management effort or service provider interaction. The system
architecture of a single host in the fog server (cloud) with three
layers is depicted in Fig. 1. The hardware layer consists of raw
hardware resources (e.g. processor, main memory, secondary
storage, and network bandwidth), which are virtualized. VMM
or hypervisor like Xen, VMware, UML, and Denali act as an
interface between the host operating system and VMs. The
VMM also allows multiple operating systems to run appli-
cations on a single hardware platform concurrently. Different
number of heterogeneous applications can run on each guest
operating system or VM.

App - 1 App -1 App - 1
App - 2 App -2 App - 2
Application
Layer
App - X App - Y App-Z
Guest OS - 1 Guest OS -2 Guest OS - N
VM -1 VM -2 VM - N Virtualization
Hypervisor/VMM Layer
Host Operating System
== ‘ , @ Hardware
== > ™
LQ: | QA\ Layer

CPU Main Memory Storage Network Bandwidth

Fig. 1: Single Host Architecture in Fog Server (Cloud)

A data center has several physical servers and there is an
interconnection of high-speed LAN-network and high band-
width link to the Internet from each physical server [23]. For
a fog server, each host has a unique identification number,
number of processing elements or the number of CPU cores,
main memory, bandwidth, and secondary storage. The system
can scale the resource to fulfill the required QoS and SLAs.
A VM is an emulation of a particular host. There are m
number of VMs (V7, Va, ..., V;;,) running on various hosts. For
a host, each VM has a unique id, processing element, main
memory, bandwidth, secondary storage. A service request from
the user is assigned to one VM only, and no service migration
is allowed in this architecture. Let .S be the set of n services
{81,552, ..., Sy }. Each service S; can be modeled as service id,
workload (in terms of MIPS (million instructions per second)),
the requirement of CPU time, main memory, and bandwidth.
All services are mapped to the VMs on a one-to-many basis.

TABLE I: An ETC (Expected Time to Compute) matrix with
m VMSs and n service requests

An ETC matrix i Vo Y e Vi
with n services S1 ETCy; ETCio ETCy; ... ETCipm
and m VMs Sa | ETC21  ETCaa ETCy; ETCo2,
ETC = S; ETC;1 ETC;o ETC;; ETC;m
Sp | ETCp,1 ETCjpo ETCy; ETC,m

An ETC (Expected Time to Compute) matrix holds the
time which is expected to compute a specific service (task)
on different VMs as shown in TABLE I (where n number of

services have different ETC time for m number of VMs). The
element ETC;;, 1 <¢ <n, 1 < j < m denotes the expected
time to compute the i*" service on j*» VM. To generate the
ETC matrix, this paper followed an algorithm presented by
Maheswaran et al. [21]. According to the resource requirement
of the services, ETC matrix has some value. So, the ETC
matrix represents the service request heterogeneity.

IV. SERVICE ALLOCATION PROBLEM

Service requests originate from multiple users over the
Internet. The challenge of allocating service requests to a set
of VMs running on different hosts while achieving the terms
and conditions stated in the SLAs and without degrading the
QoS is referred to as the service allocation problem [16]. To
design an energy efficient solution for the service allocation
problem, the following assumptions are made for the system:

o Expected time to compute (ETC) value will be the total

time (computation time + communication time) taken
by any service on a VM. All the service requests are
independent and heterogeneous.

o All the VMs are heterogeneous in terms of their resource

capabilities.

« The system has adequate resources (VMs) for all accepted

service requests.

e A VMM (Xen) is running on the top of each host.

o A service is allowed to execute only on a single VM.

This paper consider a heterogeneous fog server system that
consists of a set of H = {Hy, Ho, ..., Hy}, k independent
heterogeneous, uniquely addressable computing entity (hosts).
It has a set of V' = {V1,V4,..., V;,}, m heterogeneous VMs,
and for simplicity, this consider each host has a single VM
(i.e., V; runs on Hj). Let there be S = {S1,52,...,5.}. n
number of heterogeneous services, where each service S; has
a service length L; in terms of a million instructions (MI).
S;; is the expected time to compute service S; on VM V.
Each VM is capable of executing all types of services. This
can be represented by an ETC matrix of size n x m, where n
is the number of services and m is the number of VMs. In the
ETC matrix, the elements along a row indicate the execution
time of a given service on different VMs in seconds. Each
VM V; has a processing speed P; in MIPS. Then, the ET'C;;
is L; = P;, where L; is the service length of S; and P; is the
processing speed of V;, 1 <37 <n,1 <5 <m. When a VM
processes a task, it is either active or idle. Energy consumption
of idle state is 60% of the active state of VMs [22], and energy
consumed (Joules (J)) by the VM V; is represented as

_J B; Joules/MI
| a; Joules/MI

if Vj is in active state, 0
if V; is in idle state.

where 8; = 1078 x (MIPS;)? [24] and o; = 0.6 x
BjJoules/MI. The assignment of a service to a VM is given
in equation (2). Here, X;; is a decision variable based on
whether a task is allocated to a specific VM or not. If the
service S; is allocated to VM Vj, then the value of X;; is 1,
otherwise 0.

{1 if S; is allocated to V;
ij =

2
0 if S; is not allocated to V; @)



Where : = 1,2,....,.nand j =1,2,....m
Total execution time (F7T7;) of all the services assigned to gth
VM is in equation (3) as follows.

ET; =Y Xi; x ETCy;

i=1

3)

Makespan (M) is the maximum execution time among all
the VMs i.e. Makespan, M = maximum(ET}), 1 < j < m.
The aggregate energy consumption (i.e., the sum of energy
consumption in the active and idle state) of a VM V; in terms
of Joules per MI is in equation (4) as follows.

E(V;)=[ET; x B; + (M — ETj) x o] x MIPS; (4)

The total energy consumption of the system is in equation (5).

e=> E(V)) ®)
j=1
Our objective is to minimize the total cost, &, i.e. to

minimize the cost of energy consumption, and the cost of
makespan of the fog server system. This problem is a bi-
objective problem, and it can be represented as LPP problem
formulated in equation (6). Here, O is the penalty value
multiplied with the makespan (M), i.e., the cost of using
cloud resources per unit time. Similarly, ¢ is the penalty
value multiplied with the total energy consumption (§) of the
system to determine the cost of the consumption of energy. The
penalty values  are higher than 0 when energy consumption
is more valuable than the makespan of the system, and vice-
versa.

Minimize E =M X 0+¢e X @ (6)

The problem of allocating services to the available comput-
ing resources is a well known NP-hard problem [25], where
the main objective is the minimum utilization of energy. The
minimization of energy consumption and makespan requires
a proper allocation between all services and VMs, which is
clearly a bin-packing problem. This bin-packing problem itself
is a known NP-hard problem. Several proposed methods have
used various heuristic techniques to achieve some near optimal
solutions, where time complexity is also reasonable [26]. A
survey of different metaheuristics techniques can be found in
[18] for service allocation problem in the cloud environment.

V. PERFORMANCE METRICS

To evaluate the performance of the above-discussed meta-
heuristic algorithms, this paper use makespan and energy
consumption as two performance metrics. Here, this paper
also introduces some other metrics, namely flow-time and cost
of using resources for the performance measurement of the
algorithms. All metrics for the service allocation in the fog
server are briefly discussed with an example as follows.

TABLE II: Services with their Size

[ Taskld [ TI | T2 | T3 | T4 | T5 | T6 | T7 | T8 | 19 | Ti0 |
[ Task Size(MD) | 2000 | 4800 | 4500 | 8000 | 19500 | 9600 | 4000 | 3600 | 6000 | 3600 |

TABLE III: VMs with their Processing Speed

VM Id
VM Speed(MIPS)

Vi
1000

Vo
1200

V3
1500

A scheduling example having ten independent services or
tasks (T1, T2, ..., T10) allocated to three different VMs (V1,
Vs, V3) is presented. All task have different task length in
terms of MI as in TABLE II, and all three VMSs have different
processing speed in terms of MIPS as in TABLE III. The ETC
matrix for ten tasks and three VMs of size 10 X 3 matrix is

shown in TABLE 1V.
TABLE TV: ETC matrix for ten tasks and three VMs

Vi Va Vs
Tl 2 1.66 1.33
T2 4.8 4 3.2
T3 4.5 3.75 3
T4 8 6.66 5.33
TS 19.5 16.25 13
T6 9.6 8 6.4
T7 4 3.33 2.66
T8 3.6 3 2.4
T9 6 5 4
T10 3.6 3 2.4

One of the allocation result is shown in Fig. 2 below.

A5 T2 T5 T6 T7 T8 T10

™ T4
[ fefef fofeffe] ]z]

Fig. 2: An allocation of ten tasks to three VMs

T9

After allocating tasks to three VMs, each VM takes some
unit of time to complete their execution as shown in Fig. 3.

vi [T ] T4 [ 7] T9 |

w12 ] T6 [ 18 [ 10 |

w3 ] T |

Fig. 3: The completion time of ten tasks in three VMs (vy,
va, V3) based on the allocation as shown in Fig. 2.

A. Makespan

Makespan is the total time required to process all tasks
assigned to the fog server system. To calculate the execution
time taken by individual VM (ET,, 1 < 5 < m), ETC
matrix is required. The expression for makespan calculation
is expressed in equation (3) with the help of equation (2),
where X is a Boolean variable as explained before. Now, the
makespan (M) is the maximum time needed by a VM over all
VMs to execute all tasks in the fog server. Mathematically, M
= Max(&£T}), 1 < j < m. By considering the above example,
it has an allocation result as shown in Fig. 2 and it obtain the

matrix X of 10x3 as shown in TABLE V.
TABLE V: The allocation matrix X

SO~ OoO OO~
—OoO—, O~ OO0 ~C
OO0 OoOrROROO



From the example in Fig. 3, ET} (execution time of V}) is
20, ET5 is 18, ET3 is 16 after completion of all ten tasks.
So, the makespan (M) of the schedule is 20 time units, which
is the finishing time of T9.

B. Energy Consumption

It has been estimated that physical servers utilize around
45% and networking devices utilize around 15% of the total
energy [27]. The energy consumption of a physical server
comes from resources, such as CPU, RAM, and storage. In
each physical server, several VMs are running to execute a
large number of services. Therefore, to calculate the total
energy consumption (¢) of a fog server system, this has to
include energy consumption of all VMs running on that system
by calculating at the VM level. The energy consumption of
the scheduling is the summation of energy consumption of
all VMs (V4, Va, V3) as shown in Fig. 3. For this, it has to
calculate 3; and «;, 1 < j < 3 by using equation (1) as
follows.

B1 = 1078 x (1000)? = 0.01 Joules/MI,

= a1 = 0.6 xB; = 0.006 Joules/MI

B2 = 1078 x (1200)? = 0.0144 Joules/MI,

= a9 = 0.6 X8y = 0.00864 Joules/MI

B3 = 1078 x (1500)2 = 0.0225 Joules/MI,

= a3 = 0.6 xB3 = 0.0135 Joules/MI

The energy consumption of the schedule is the summation of
E(W), E(V,), E(V3), and calculated using equation (4).
E(Vl) = [ETl X 61 + (M— ETl) X Oél] X MIPSl =2001J
E(‘/g) = [ETQ X ,82 + (M—ETQ) X 042] X MIPSQ =
331.776 J

E(V:g) = [ETg X ﬂ3 + (M— ETg) X Oég] X MIPSg =6211]
Therefore, the total energy consumption for the above schedule
is 1152.776 Joules i.e, 1.1528 Kilo Joules.

C. Flow-time

Flow-time is an important optimization metric, and it is the
sum of finishing time of all services. It can be calculated as:
Flow-time = Z?Zl F'T;, where F'T; is the finishing time of the
it" service. The execution of services should be in ascending
order of their execution time for the minimization of the flow-
time. The flow-time value for the example shown in Fig. 3 is
the finishing time of all services.

Flow-time = F'T1 + F'Ty + F'13 + FTy + FTs + Fls + F17
+ Flg+ Flyg+ FTlo=2+4+3+10+16+ 12+ 14 +
15 + 20 + 18 = 114 time units.

D. Cost of using resources

Another important metric is the cost of using resources,
which can be quantified using Z;”:l C; x ETj, where Cj is
the cost of usage of j'* VM and ET} is the j*" VM utilization
time. If the cost of using resource vy is 1000 per unit time,
vy is 1500 per unit time, and vs is 2000 per unit time, then
the cost = 20 x 1000 + 18 x 1500 + 16 x 2000 = 79000.

VI. SERVICE ALLOCATION USING METAHEURISTIC
TECHNIQUES

Metaheuristic techniques are based on the behavioral in-
stincts of different particles. One of the advantages of meta-
heuristic technique is that it provides a near optimal solution
within a short period. The studied literature mainly focuses
on a range of optimization criteria such as reduced makespan,
minimum cost and response time, maximum throughput, and
reduced energy consumption without violating SLA. Re-
searchers have used different metaheuristic techniques for the
optimization of the allocation problem. For example, Guo et
al. used PSO [10], Wang et al. proposed a Particle Swarm
Optimized Tabu search technique [28], and Bergmann et
al. used SSO [17] for the allocation problem. PSO is the
most popular metaheuristic technique utilized by different
researchers to solve numerous issues, for example, task con-
solidation problems in the fog environment.

This paper attempt to design new frameworks for service
allocation problem using PSO, BPSO, BAT. The following
subsections describe these techniques.

A. Service Allocation Algorithm using PSO

PSO is a bio-inspired computational technique based on
the social behavior of the organism/ particles. For example in
bird flocking and fish schooling, each bird or fish is referred
to as a particle and their behavioral instincts (e.g. sudden
direction change, scattering, and regrouping) are studied for
the purpose of computing. Each particle uses its local best
and global best to adjust its current position and velocity in
each iteration. The main advantage of PSO is that it is simple
to use and can be applied to a broad range of applications
with low computational cost. The velocity vector specifies
the movement in search space. The velocity vector value of
the object is updated in each iteration based on its previous
velocity and its distance from its own best position (Pbest)
and the best position (Gbest) between neighbours (existing
allocation results). The particle (or the allocation result) is
able to search around its Pbest and Gbest using regular update
velocity.

The PSO-based Service Allocation Algorithm (PSO_SAA)
customized to optimize scheduling problem in the fog server is
given in Algorithm 1. The algorithm PSO_SAA accepts a set
of service requests in the form of ETC matrix and processing
speed of m number of VMs, and results the allocation of
tasks to VMs. Each solution (allocation of services to VMs) is
mapped to a particle. It is represented by 1 x n vector, where
n is equal to the number of tasks. Each element (position) in
the particle can have an integer value between 0 and m, where
m is the number of VMs. The individual position of a particle
shows a mapping between a task and a VM. An example of a
position of a particle with ten tasks and three VMs is shown
in Fig. 4, based on the earlier example in Fig. 3, where each
position of the vector represents a VM number.

In the next step, it generates an initial population randomly.
The global velocity, the local velocity and position vector
of each particle are initialized. Since PSO is designed for a
continuous optimization problem, this need to revise it to apply



Algorithm 1 : PSO_SAA

Algorithm 2 : BPSO_SAA

Input: ETC matrix, processing Speed of VMs.
QOutput: Allocation result of services to VMs, Makespan,

Energy, &.

1: Initialize random population as a service allocation vector
as shown in Fig. 4, global velocity (C5), local velocity
vector (C4) and velocity vector (V') for each particle in a
population.

2: Convert all continuous vector to discrete vector including
the service allocation vector.

3: Calculate fitness value (&) for each particle using equation
(6).

4: Pyest = Best position value for each particle.

5: Gpest = Minimum fitness value from the set of service
allocation vectors.

6: for each particle update the position and velocity vector
do

7: Vit1 = Vi+Cy xrandy X [Pyest — X;i]+ Ca X rands X
[Gbest - XL] .

Xip1 =X +Vigr .
9: end for
10: Repeat steps 2 to 9 until the termination condition is
satisfied.

Fig. 4: An example of a position of a particle

in a discrete optimization problem. This paper then calculate
the fitness value (£) of each particle in the population and
update local best (Pbest) and global best (Gbest). The Pbest is
the minimum ¢ calculated for the particle over iterations and
Gbest is the smallest £ in the population. For each particle, we
update velocity (V;41) and position vector (X4 1) using steps
7 and 8, respectively. Two random values rand; and rand, are
used in step 7 for variations in movement towards the optimal
result locally and globally. This process is continued until the
termination condition is satisfied (e.g. maximum iteration or
getting the required result).

B. BPSO-based Service Allocation

Binary PSO is a variation of PSO, where the population
is converted to binary vector. A service allocation algorithm
(BPSO_SAAP) for n service requests to m VMs is ex-
plained in Algorithm 2. This algorithm accepts a set of tasks
in the form of ETC matrix and the speed of VMs and provides
the allocation results with the values of performance metrics.
If m number of VMs are present, then [ogs(m) bits are used to
represent each element of a particle in a binary vector. Each
particle update zeros and ones of velocity vector according
to steps 7 to 16. Then velocity vector is updated and is
converted to log sigmoid distribution to get the normalized
velocity vector (V). After the position vector (X) is updated
according to steps 27 to 35, it is converted to decimal vector.
Then, the boundary value is checked and updated, if required.

Input: ETC matrix, processing Speed of VMs.
QOutput: Allocation result of services to VMs, Makespan,
Energy, &.

1: Initialize random population as a service allocation vector,
global velocity (Cs), local velocity (C4), zero velocity
(zerovel), one velocity (onevel) and velocity vector (vel)
for each particle in a population.

2: Convert all continuous vector to discrete vector including
service allocation vector.

3: Calculate fitness value (&) for each particle using equation
(6).

4: X Pyest = Best position value for each particle.

5: X Gpest = Minimum fitness value in the population.

6: For each particle update the position and velocity vector
as follows.

7. zerovel = zerovel — Cy X rand[X Pyest. X (—1)] — Ca X
rand[X Gpest. X (—1)]

8: onevel = onevel — Cp X rand[X Pyest. X (—1)] + Co X
rand[X Gpest. X (—1)]

9: for i =1 to popsize do

10: for j=1toN do

11: if wvel(i,j) > Vi then

12: zerovel(i, j) = Vipag X signlzerovel(i, j)] .
13: onevel(i, ) = Vipae X sign[onevel(i, )] .
14: end if

15: end for

16: end for

17: for i =1 to popsize do
18: for j=1to N do

19: if X(i,7) ==1 then

20: vel(i, j) = zerovel(i, j).
21: else

22: vel(i, j) = onevel(i, 7).
23: end if

24: end for

25: end for

26: 'V = logsig(vel)
27: for i =1 to popsize do
28: for j=1to N do

29: if V(i,5) > rand() then

30: Xij =~ Xij .

31: else

32: X” = X” .

33: end if

34: end for

35: end for

36: Repeat steps 2 to 35 until the termination condition is
satisfied.

This process stops if the termination condition is achieved. The
algorithm terminates by allocating n services and successfully
executes allocated services to the various VMs.

C. BAT-based Service Allocation

BAT algorithm has its origins from the modeling of echolo-
cation behavior in bats. Echolocation is used to estimate



the distance of the prey or obstacle (e.g. wall), as they fly
towards the prey or obstacle with a random velocity, position,
frequency, loudness, and pulse rate [29]. During the flight,
bats can adjust their velocity, position, frequency, loudness,
and pulse rate accordingly. This behavior of bats is explained
in Algorithm 3. The encoding scheme is the same as PSO.
Initially, all parameters such as position vector, velocity vector,
frequency, loudness, and pulse rate of each bat, are initialized
randomly. Then, the fitness value is calculated for each bat, and
Xbest is set as the minimum fitness value. Next, this update
parameters using Formulas 5 to 7. How to generate local and
random solution is explained in the algorithm. The overall
process continues until the termination condition is satisfied.

Algorithm 3 : BAT_SAA

Input: ETC matrix, processing Speed of VMs.

QOutput: Allocation result of services to VMs, Makespan,
Energy, &.

1: Initialize random bat population : position vector or
service allocation vector (X) and velocity vector(v),
frequency(f), loudness(L), pulse rate(r) for each bat.
Calculate Fitness value (£) using equation (6).

Xpest = bat having minimum fitness value.
Update the parameters as follows:
f = fmin + (fmacr - fmzn)ﬂ
UE = Ufil + ($§71 - Xbest)f
t

Generate local solution
if rand(0,1) > r; then
X; = Xpest +w X rand
. end if
12: Generate random solution
13: if rand(0,1) < L; and f! > f{~' then
14: X; = 1’5
15: end if
16: Repeat steps 4 to 15 for each i'" bat.
17: Repeat steps 2 to 16 until termination condition is satis-
fied.
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In order to evaluate the complexity of the Algorithm-1, this
paper considered the time complexity of a random number
generation function as O(1). The input to the algorithms has
n service requests (tasks) and m VMs. The time complexity
of Algorithm-1 is O(m x n), because the step-2 and the loop
of the algorithm take O(m x n). Since, the step-2 uses ETC
matrix, it take O(m x n) time. The loop from step-9 to step-
16 of Algorithm-2 take O(nm?), because of the popsize <
m, j values vary up to n, and O(m) time required to find
out the maximum velocity value. So, the time complexity of
Algorithm-2 is O(nxm?). The time complexity of Algorithm-
3 is O(m x n), because of the step-2 of Algorithm-3 take
O(m x n) time due to the use of ETC matrix.

VII. EXPERIMENT AND EVALUATIONS

The experiment is carried out using an in-house simulator
and MATLAB R2014a on an Intel (R) Core (TM) i7-4770
CPU @ 3.40 GHz 3.40 GHz CPU and 4 GB RAM running on

o 20 o s s 70
Number of erations Number of virtual machines

(a) (b)

Fig. 5: (a) Fitness value £ vs number of iterations, (b) Random
Allocation Graph between number of VMs and makespan

Linux (Ubuntu 16.04.3 LTS). We remark that MATLAB simu-
lator has been widely adopted to evaluate schemes proposed in
the literature [2], [11], [30]. This paper consider two different
experiment scenarios to evaluate the behavior of the three
metaheuristic algorithms explained in the preceding section in
the fog environment. There are two sets of VMs to represent
a heterogeneous system environment. One set of VMs with
1000 MIPS for odd-numbered VM identification (VMID), and
another set with 1500 MIPS for even-numbered VMID. If
there are 10 VMs in total, then the VMID of the VMs is
1,2,3,...,10. Services or tasks are also heterogeneous with
respect to task length and resource requirement of the tasks.
Two different Expected Time to Compute (ETC) matrices were
used as input and one ETC matrix for scenario-1 and another
for scenario-2 in the simulation.

To set the number of iterations of all mentioned algorithms,
this paper computed the fitness value ¢ for different number of
iterations as shown in Fig. 5(a). It is observed from Fig. 5(a)
that in between 800 and 1000 iterations, the steady state begins
and after 1000 iterations, there is no change in the fitness value
for the three metaheuristic techniques. Therefore, we set the
number of iterations as 1000 for all algorithms. The population
size was set to 10 for all algorithms. To fix the number of VMs,
this checked the variations in makespan when the number of
VMs varies from 10 to 100 and keeping the number of services
(tasks) fixed to 500 as shown in Fig. 5(b). This paper uses the
random allocation technique which gives an average makespan
value for the corresponding number of VMs. From Fig. 5(b), it
is observed that after 50 VMs, the makespan value is somehow
steady and therefore, we kept 50 VMs fixed for the simulation.
The algorithms computed makespan, energy consumption, and
¢ using equations (3) to (6).

In scenario-1, the number of services or tasks is 500, and
the number of VMs varies from 10 to 100 in intervals of 10.
A comparative summary is shown in Fig. 6 (a), (b), (c), and
it can be inferred that the optimization parameters in Y-axis
for the three cases is less than in case of the BAT algorithm.

In scenario-2, the number of VMs is 50, and the number of
services or tasks varies from 100 to 1000 in intervals of 100.
A comparative summary is shown in Fig. 7 (a), (b), (c), and it
can be observed that the optimization parameters for the three
cases is less in case of the BAT algorithm.

From the above results, we conclude that among the three
algorithms, BAT gives a better makespan for different sce-
narios. Makespan minimization results in energy conservation
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or, the makespan of the system is directly proportional to the
energy consumption of the system. The reduction in system
makespan reduces the idle time of virtual machines. The
energy consumption is less when the idle time of virtual
machines is small. The results in Fig. 6 shows for a specific
number of VMs, the system makespan proportionate to the
energy consumption of the system. Similarly, the results in
Fig. 7 shows for a specific number of VMs, the system
makespan proportionate to the energy consumption of the
system. Therefore, with the small system makespan value,
the service providers can deliver services with less energy
consumption.

VIII. CONCLUSION

This paper highlighted the service allocation problem in
heterogeneous fog computing environments for the indus-
trial applications using different nature-inspired algorithms.
A system model, with distinct models for host, VM, and
service (task) was proposed that takes into account the ETC
model. This paper also emphasized the importance of resource
heterogeneity, which is indicated in the ETC matrix. The
metaheuristic techniques help to achieve service allocation
energy efficiency as well as achieving the desired QoS. Since
the allocation problem in fog server system does not have
polynomial time algorithms and nature-inspired algorithms
provide solutions in a reasonable time, this paper proposed
and implemented the PSO, BPSO, and BAT algorithms for
the service allocation problem. Findings from the experiment
results for industrial applications (with scenarios such as
variation in number of tasks and VMs) demonstrated that BAT-

based service allocation algorithm outperforms the other two
algorithms.
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