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Abstract

Background/Objectives: In this paper, the performance of cloud computing system is greatly influenced by the problem
of load balancing. The complexity class of the load balancing problem with respect to the complexity class belongs to
the NP-system complete which involves intensely huge search space with huge number of potential solutions and also
to find the optimal solution, it takes longer time. Based on these circumstances, there is no methodology to solve the
problem. Methods/Statistical Analysis: In the cloud, we can find a near optimal solution, within a brief span of time.
In this situation IT practitioners are focusing on heuristic methods. This paper proposes a multi objective load balancing
in a cloud computing environment. Findings: This model can be applied to schedule the tasks on to the distinct data
center resources. Ant Colony Optimization (ACO) algorithm is considered to know the optimal solution. Application/
Improvements: Experimental results show that proposed model exceeds existing models in terms of reduction in energy
consumption, improving pool utilization, minimizing the number of active nodes.
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1. Introduction

Cloud computing has recently received much of its
attention, for Communication Technologies (ICT) ser-
vices and for information delivery. Improving the use
of data center resources which can operate in dynamic
workload environments is the best solution for provision-
ing these services. Datacenters are integral components of
cloud computing. In the data center normallyhundreds of
virtual servers' run at any instance of time, hosting several
tasks and the batches of task requests are received by the
cloud system at an identical time. In this situation, we need
to find few target servers out more powered on servers,
which canaccomplish a batch of tasks that are incoming.
The performance of cloud service provider is highly influ-
enced by Load balancing which is a very important issue.

The mechanisms used in the optimization are tra-
ditional which are deterministic and rapid. They give
definite answers, but they tend to stuck in local optima.
The complexity class of the load balancing problem with
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respect to the complexity class belongs to the NP-system
complete which involves intensely huge search space with
huge number of potential solutions and also to find the
optimal solution, it takes longer time. Based on these
circumstances, thereis no methodology to solve the prob-
lem. In the cloud, we can find an immediate optimal
solution?, within a brief period of time. In this situation
IT practitioners are focusing on heuristic methods.

This paper is organized as follows: Section 2 provides
Design of FCFS Algorithm Section 3 provides Genetic
Algorithm? design. Design of a Multi-Objective Model for
scheduling details is provided in Section 4. Ant Colony
Optimization (ACO) Algorithm design details in Section 5.
Section 6 summarizes Implementation and Result Analysis
and Section 7 provides Conclusions and Future Scope.

2. Design of FCFS Algorithm

FCES is a straight forward task requesting a dynamic
load balancing algorithm. The handling happens by
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picking the correct jobs based on the request. With this
plan, the client ask for which starts things out to the
server farm checker, and it would be executed by assign-
ing a Virtual Machine. The implementation* of FCFS
approach is effortlessly deal with queue implementation.
At that point the 1% request from the line is uprooted
and is gone to one of the Virtual Machine through the
Virtual Machine Load Balancer®. The distribution of
demand happens by two types: First, the demands can
be organized in a FIFO format and besides by assigning
substantial capacity hub less work and low capacity hub
extra work way. Numerous capacity parameters can be
thought about keeping in mind the end goal to compute
the perplexing load measuring value and the present
genuine load measuring value. The full algorithm as
shown in the Figure 1.
The current load calculation as follows:
A(Bi) = D1 * CCPU(BIi) + D2 * BIOS usage + D3 * RBW
+ D4
Tusage 1.
C(Bi) = A * W(Bi) + B*(W(Bi) - A(Bi))1/3 (2)
where
A(Bi) - real current capability on resources
Bi - Total number of resources
CCPU - Rate of Tenancy w.r.t CPU
Cusage - Usage of Cache®.
Usage of BIOS - System usage regarding Basic Input and
Output.
RBW - Tenancy Rate of Network Band Width.
Di - coefficients set of dynamic parameters.
W(Bi) - Static parameters default weighed value.
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Figure 1. Flow chart of FCES.
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3. Design of a Genetic Algorithm
(GA)

The batches of tasks are generated at fixed intervals, then
GA based scheduler schedule them onto different resources
of distributed data centers in the cloud. Each solution is
scored and either accepted or rejected before considering
it for the next generation. In order to solve a hard optimi-
zation problem using the paradigm of GA, Davis’ pointed
out that, the following GA components are necessary.

o A way to create some random initial population of
solutions.

o An evaluation function to rate the solution in terms of
their “Fitness”

o Alter the genetic structure of solutions by using opera-
tors like crossover and mutation.

o Values for GA® include population size, number of
generations.

Step 1: Design of a Chromosome

Each resource is assigned a distinct number starting from
1 to R. Each task is assigned a unique number from 1 to
V. By using the simple array data structure, we represent
chromosome, the index of the array is represented using
tasks and an array element is represented using resources.
Allocation of tasks onto Resources is represented using
each chromosome as shown in Figure 2.

The number of tasks is always equal to length of chro-
mosomes’. In the chromosome each and every gene shows
a resource. By showing the chromosome in this fashion,
we are implicitly satisfying our first constraint, i.e. we are
ensuring that on only one physical machine each task as
shown ‘In the Figure-2, tasks V| V,and V, are hosted on
aresource R,.

Step 2: Initial Population

It is propagated based on the initial chromosome in which
it is passed to initial population generator function. So
that it can propagate new chromosomes from which it
can design population of an initial generation.

Step 3: Generator Function
The primary elements to design a new chromosome are
the gene values of chromosomes. The digits are arbitrarily

R/ R | R R Ry R | R | R

Vi Vi Vi Vi Vg o Wy

Figure 2. Design of a chromosome.
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organized in the positions of the new chromosome.
100 unique and fit individuals are generated. After this
initialization step, we do an iterative process. Each cycle
of it is called a generation, where we:

o Choose the two parents based on roulette wheel selection.

o Create the new individuals by a crossover operator.

o Mutate some variables of the new individual with a
mutation operator.

« Calculate the fitness of the individual, by taking care of
fixing the constraints.

o Insert this individual in the population, and remove
the individual with the lowest fitness.

Step 4: Termination Condition

For the first few runs, it is observed that the cost value
of the best solution in the population is large improved.
Smaller improvement was observed for the next few hun-
dreds of generations. After a thousand generations, very
small improvement was observed. Depending on the rate
of improvement, GA was terminated which was observed
for every successive hundred generations.

4. Design of a Multi-Objective
Model for Scheduling

4.1 Multi-objective Optimization

In a multi-objective optimization every solution is
measured according to more than one objective function,
each of which must be minimized or maximized!. Let Q
be the number of objectives in a multi-objective problem,
let S be the set of feasible solutions and let Z denote the set
of all feasible solutions which contain objective value vec-
tors. Each element of Z is a vector, referred to as objective
vector formed by the values of the objective functions.
Formally,

Z={zi=&V1SiSQ,Vses,HzeZ}

The feasible set S is a subset of a space. That feasible set
is called the search space. Objective space is defined as the
space from which objective values are taken.

Let us assume that all Q objectives should be mini-
mized, without loss of generality. Thus, the goal of
multi-objective optimization is to solve

min{%lSiSQ,seS}
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Where the meaning of “min’ i.e., the concept of optimality
in multi-objective optimization.

This section proposes a mathematical model based on
Cost of Migration, Cost of down time Cost of Execution
and Cost of Communication cost. The objective of the
problem is minimizing the total cost.

The performance of cloud computing'! is greatly influ-
enced by load balancing. This problem is NP-Complete.
This paper proposes a mathematical model based on
migration cost, execution cost, operational cost, com-
munication cost and down time cost. The objective of the
problem is minimizing the total cost. To find out opti-
mal solution for this problem Ant Colony Optimization
algorithm is proposed.

Notation Description:

Notation Description

R Total Number of Resources

T Total Number of Tasks

P, Maximum processing capacity of the i
resource.

M, Maximum physical memory capacity
i resource.

N, Maximum network bandwidth
capacity of the i" resource.

P, j™ task Processing capacity
requirements
- . .

m, j** task Memory capacity requirements

n, j™ task Network band width
requirements

Cy Migration cost per bytes memory
footprint of a task

Gy, Cost caused by downtime during
migration of task

(O Operational cost of the i" resource.

X, If j* task is assigned on i* resource
then x =1 other wise 0

X, If i resource is powered on then X.=1
otherwise 0

4.2 Objective Function

To find out the optimal placement of virtual machines?,
we consider three costs.

+ Cost of Migration, T, : During migration'?, Overhead
cost is obtained to migrate the memory footprint of
virtual machines.
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R T
Ty = ZZC M X

i=1 J=1

+ Cost of Downtime, T : During the migration of the
virtual machine j, cost caused by downtime. During
the execution of live migration, services are inter-
rupted for an extremely short time. To assure the
SLA with a huge priority service running on a virtual
machine, the interruption of service should be mini-
mized. To decide candidate virtual machines for live
migration®, this QoS loss can also be thought of the
migration priority.

R T
D= Cp*x;
i=1 j=1

 Operational Overhead Cost, T: It is added to omit
non-essential operation of computational resources.
It comprises an electricity power, rental or purchas-
ing cost and cooling, server administrative costs and
others.

R
To = Z Coi *%;
i=1

+ Cost of Execution (T ): Execution cost based on Work
load and processing capacity.

T,= (Wil P) *x,

+ Cost of communication, T : In a heterogeneous cloud
environment tasks may need to communicate with
other tasks which are hosted on other resources. In a
cloud computing environment, resources are distrib-
uted and the cost of communication between resources
is computed using predefined RxR cost matrix. This
matrix values can be obtained based on the edge costs
between resources. If two tasks are assigned to the
same resource then cost of communication is zero.
Otherwise the cost of communication is calculated by
using Floyd—Warsh all algorithms.

4.3 Constraints

o A task is executing on only one resource at any
instance.

o The task should host on the resource in which it is
operating.

o Total preparing necessities of all tasks facilitated on
asset should not go past the aggregate handling limit
of that asset.
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o Total memory prerequisites of all undertakings
facilitated on asset should not go past the aggregate
memory accessible on that asset.

o Total organize data transmission limit prerequisites
of all errands facilitated on asset should not go past
the aggregate system transfer speed limit of the asset
Mathematical Model.

Minimize Total Cost (T) =T, + T + T + T, +T (1)

Subjected to Constraints

Zxﬁzl (2)

ieR
x, <X (3)
D <k (4)
jeP
szxﬂ <M (5)
JjER
nj#x; <N, (6)
JjER
1<i<R (7)
1<j<T (8)
XJi e {0, 1} and X, € {0, 1} 9)

5. Design of a Ant Colony
Optimization (ACO) Algorithm

This Section deals with the design of an Ant Colony
Optimization (ACO) algorithm', where on the cloud
computing environment this algorithm targets to allo-
cate tasks onto available resources. The best is chosen
from assignments accessible which are contrasted and the
accessible asset. In a cloud domain for assessing the algo-
rithm which is ant based algorithm, execution times from
the recreation are utilized. For each assignment on each
asset to speak to the handling time expected, the prepar-
ing time network is utilized; before cloud scheduling is
started this is done. The objective is to find an appropriate
task assignment with minimum cost.

Construction graph: The TRAP can simply be trans-
mitted into the outline of the ACO meta-heuristic. For
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instance, the setback might correspond to the construc-
tion graph TRG = (V, E) in which the set of components
consists of the set of tasks and agents, thatis, V=T UR.
Every task, consists of costs dij is linked with all probable
coupling (i, j) of tasks and agents and n couplings (i, j) of
tasks and agents, correspond to at least one ants walk on
this graph

5.1 Pheromone Trails and Heuristic
Information

Throughout the building of a resolution ants frequently
have to capture the subsequent two points: 1. Select the
task to allocate subsequently and 2. Decide the resource
the task be supposed to be assigned to. Heuristic informa-
tion and pheromone trail can be connected with any of
the two points: it can be used to study a suitable sort for
task coursework or it can be connected with the interest
of handing over a task to a particular resource. In the first
case, represent the interest of handing over task j straight
after task i, while in the next case it represent the interest
of handing over resource j to task i. In the same way, heu-
ristic information can be connected with any of the two
points. For instance, heuristic information can take task
assignment'® to tasks that can use more resources, and
take the option of agents in a way that modest assignment
costs are incurred and the agent desires a comparatively
little quantity of its accessible resources for carrying the
task out.

Solution construction: By selecting the components
it can be usually performed for adding that to the par-
tial solution from among those as explained above, which
satisfy the constraints with a probability combined by the
heuristic information and pheromone trails.

5.2 Importance of Proposed System

The pheromone trial is assumed only by the ant
algorithm[y]. (tg) level and heuristic information (hij)
value for conniving the probability matrix value. The
drawback of the method is that column values in the
probability matrix have the same probability value. In
the computational grid situation, the algorithm was
mostly proposed for generating high throughput. In this
algorithm, the parameter values used are T, = 0.01 and
p = 0.3and they have used only one ant. The single ant
ACO'¢algorithmconverges in a very rapid way, but it will
generate bad result. Therefore a proposed MOACO algo-
rithm may well be proposed to rise above the challenge of
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the presented ACO algorithm and to obtain high through-
put computing and high performance computing.

First a set of jobs and a set of different Data Centers
(Resources), the ant will allocate the jobs one by one with
data centers until all the jobs are allocated or none of
remaining jobs are allocated without exceeding its capac-
ity. Infeasible solution can be defined here as if there is at
least one task that is unallocated and then the ant stops
and on the other way feasible solution refers to stopping
on ant after all tasks assigned. If the both cases does not
occur then the solution is known as partial solution to
select the cell that is next we should visit i.e. (Data Centre,
Jobs), the ant uses a distribution that is heuristic over
the set of pairs that are eligible and pheromone that is
weighted average.

5.3 Multi Objective Optimization using Ant
Colonies

The ant colony objectives can be necessarily of three types:
1. Based on the each objective performance the solution
to bring the pheromone up to date. 2. How does ant select
the path locally based on the desirability and visibility? 3.
The pare to front development.

5.4 Multi Objective Ant Colony Algorithms
(MOACA)

Step 1: The details about data centers and tasks should be
gathered.
Step 2: The value of all parameters should get initialized.
Step 3: Step 4 and step 5 for each ant should be repeated
Step 4: Select the jobs (T,) and data centers (Rj).
« Assign (T, R, availability [j], availability
[j]+PTij) to the output list.
Step 5: Repeat the below steps until execution of all the
tasks.
o Heuristic information calculation (r]ij)
o Current pheromone trail value calculation CIij
o Pheromone trail matrix updating.
o Probability matrix calculation.
« As the next task T, to be executed on the
resource R select the task with highest prob-
abilities of i and j
+ Remove the task T, from the unscheduled list
o Modify the resource free time availability [j] =
availability [j] + PT,
Step 6: Finding the suitable and best optimal solution by
analyzing scheduling list of all the ants.
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5.4.1 Calculate the Heuristic Information ( 11ij)

A heuristic'” value, if connected with the components is
said to be n, other wise if correlated with connections
among resource i and resource j, it is said to be n. In most
of the cases n is the cost of connection of the solution
under construction or adding the component.

The heuristic information nis inversely proportional
to the distance among cities I and j

n,= llce,

5.5 Calculate Pheromone Trail Value (Lij):

Pheromone trail value can be useful for knowing a suit-
able order for assignment of tasks.

For framing a solution of the scheduling, ants visit
edges and their pheromone level changes to locally update
the rule. Based on high pheromone level'’, ants choose new
resource, the rule decreases the convergence. Thus, for the
following ants this resource becomes less desirable, if the
pheromone trail is decreased. This is achieved by Equation

T=pT +At where0<p<land1<ij<N
1 ) b

Where At = (1 - p)/f, where 0 <p <1
At each iteration the ants measure the minimized
function f” for k™ ant.

5.6 Calculate the Probability Matrix

Using the random proportional rule, with probability P,
current ant in resource i choose to go to resource j.

1

1
2T (CT]

1

ij

6. Experimental Results and
Analysis

The test program was developed in C language running
on Windows XP with 4GB of RAM and using an Intel
Pentium 4 3.0-GHz process or run 50 times on each
problem. To test the algorithm, we have used ten ant sizes
N (10,20,30,40,50,60,70,80,90,100)during a pilot experi-
ment. The parameters of algorithm are fixed as follows:
Evaporation value of pheromone (000 Value of Initial
pheromone deposit (L])) = 0.01, Pheromone Importance
(a) = 1, Resource innate attribute importance ((J) = 2,
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Available resources are represented in one dimensional
matrix is Availability [1 ...N]

The comparison was done with the proposed PSO*
algorithm and with Genetic algorithm. But PSO achieves
its effectiveness in a wide range of task with low computa-
tional cost over the genetic algorithm.

This section tells about the comparison, the experimental
data, the results and result analysis. As performance mea-
sure shown in Table 1. Results of FCFS, GA and ACO based
on Simulation. Total costs using three heuristics algorithms
are computed: FCFS, ACO based on cost optimization, and
GA selecting a resource based on minimum cost.

The total numbers of tasks that are placed 10 to 100,
the processing time of each task and the memory require-
ment are in uniform distribution [5, 10] and [50, 100]
respectively. The Data Centers are numbered from 5 to
20, the uniform distribution of total available memory is
in [250, 500]. The communications among Data Centers
are varied by the uniform distribution from 1 to 10 and
the interactive data among of tasks are varying from 1 to
10. Simulation results demonstrate that more iteration
have obtained the better solution since more solutions
were generated as displayed in Table 1 and Figure 3.

Table 1. Simulation results of FCES, GA and ACO

Task resource FCFS GA ACO
(10,5) 1605 1512 1445
(20,5) 2256 2065 1843

(30,10) 3671 2248 1856
(40,10) 5028 3765 1945
(50,15) 4526 4966 3800
(60,15) 6855 6140 5095
(70,20) 7523 6678 5392
(80,20) 8642 7395 6432
(90,20) 9315 8432 7254
(100,20) 10800 9744 8965

12000

10000

8000

6000

4000

2000

o
(10,5) (20,5) (30,10) (40,10) (50,15) (B0,13) (70,20) (B0,20) (90,20} (100,20)

== F(F5 —gmGA —g—ACOD

Figure 3. Experimental observations of FCFS, GA and ACO.
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7. Conclusions and Future Scope

We have presented a MOACO method for solving a load
balancing difficulty with multiple cost objectives. Originally,
for continuous optimization problems ACO was proposed.
We altered the representation of heuristic information,
pheromone trail value, and the probability matrix to make
an ACO applicable for load balancing, which is a leading
problem. The outcomes demonstrated that the proposed
ACO could yield high cost efficient solutions than a genetic
algorithm. The performance measurement also revealed
that the proposed MOACO algorithm outperformed the
GA heuristics in terms of cost minimization.

In future research, we make an endeavor to com-
pare our ACO to more heuristics such as Particle Swarm
Optimization (PSO) with multiple objectives. Concerns
relevant to Pareto optimality, such as performance mea-
surement and solution maintenance strategy are also of
interest for further study.
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