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Abstract 
 
Cloud computing is a distributed computing framework that provides computational facilities, where information and assets are recov-
ered from cloud service provider via the web, by means of a well-framed online application. But, resource sharing often leads to unavail-
ability of resources, resulting in a deadlock situation. One approach to avoid this is by disseminating the workload uniformly between the 

encumbered and idle machines. This is called load balancing. The aim of doing this is to reduce the average response time and maximize 
resource utilization. Forest Optimization Algorithm (FOA) is based on governance of trees in the forest and survival of distinct trees. 
These trees have proper geological and developing conditions. The proposed Algorithm is an attempt to find these distinguished solu-
tions from the pool to avoid starvation of tasks, at the same time improving the average response time by utilizing the process of seed 
dispersal in forests. 
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1. Introduction 

Cloud computing focuses on managing and providing computing 
services and resources online. It uses both parallel and distributed 
computing where hardware, software, and information are shared 
on demand [1]. Using these services, the customers can use these 
remote utilities and pay according to their usages. The virtualiza-

tion technology is the key to such issues. In this model, the virtual 
machines (VMs) act as the execution unit fills in as the establish-
ment for cloud computing solutions. The computational task 
should be assigned to the least utilized virtual machines from the 
dynamic array of the VMs, considering the demands of each task. 
The client’s requests are forwarded to the most suitable data cen-
ter. These requests are processed by a VM of the data center’s 
choice. Load balancing is a pre-requisite for improved perfor-

mance and efficient utilization of resources. The total processing 
power serves as the bottleneck for computing resources available 
for a VM. Thus, load balancing becomes an important factor in 
determining the system’s overall performance. The arrival of 
heavy and resource intensive tasks can cause some server to be 
overexploited while other servers are underutilized. Symmetric 
distribution of the load ensures a balanced performance. Efficient 
scheduling of jobs and proper resource allocation are used to index 
the system’s performance. This ensures slower cost and better 

average response time. Thus, it becomes important to develop an 
algorithm which symmetrically distributes the workload between 
the available virtual machines. 
To adjust the solicitations of the assets it is essential to perceive a 
couple of significant objectives of load balancing algorithms: Pri-
oritization of tasks: Prioritization of the tasks must be done 
through the calculations itself for better support of the essential 
and highly organized jobs despite equivalent prioritization for 

each of the tasks, paying little attention to their origin [2]. 

Flexibility and expandability of resource: The circulated frame-
work, where the algorithm is being implemented is susceptible to 
change over several physical attributes. In this way, the calcula-
tions must be acceptable and sufficiently adaptable to deal with 
such physical changes effectively. 

Cost reduction: The essential point is to accomplish a significant 
improvement in the execution of the framework to lower the cost 
incurred. In addition to these goals, the following metrics are 
needed to be improved for seamless customer service [3, 4]. 

1) Performance metrics: Performance refers to the amount of 
work that the system can commit over a period. If all the re-
lated constraints are optimized, then the performance of the 
framework may be improved.  

2) Response time: In distributed frameworks, it is described as 
the time taken by a load balancing strategy to start pro-
cessing the assigned tasks. This time ought to be small for 
better execution.  

3) Throughput of the system: It is the aggregate of several as-
signments that have finished execution in each time frame. 
It is essential to have high throughput for better execution of 
the framework. 

4) Make span: the processor (virtual machines) for executing 
the tasks the maximum time takes Make span. Suppose 
there are five different tasks with different burst time 1, 8, 7, 
9, 10 time unit respectively. The tasks are assigned to exe-
cute in three virtual machines (VMs). Assuming that, Task 
t1 executes in VM1, Tasks t2, t3, t5 execute in VM2, and 
task t4 executes in VM3. This leads to the following com-
pletion times for different VMs i.e. VM1 = 1, VM2 = 25, 
and VM3 =9. Hence, the make span in above solution is 25-

time unit. 
5) Fault tolerance at the execution time: We can characterize it 

as the capacity to perform load balancing by the proper cal-
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culations without loss of connection. Each load balancing 
algorithm must have a decent fault tolerance. 

6) Scalability of resources: Scalability is the capacity of the 
framework to perform load balancing with a very limited 
number of resources. 

7) Utilization of resources: It is the parameter which gives the 
data about the degree towhich the asset is being utilized. For 
effective load balancing in the framework, thereshould be 

an ideal utilization of resources.  
8) Task Overheads: It portrays the measure of operating cost 

amid the execution of load distribution scheming. It’s an ar-
rangement of developing tasks, between processes, and pro-
cessors. For load balancing procedure to work efficiently, 
least overhead ought to be incurred. 

Figure 1 provides us a brief overview of the operation of Load 
Balancing procedure. The clients make several requests from sev-

eral machines through the machine interface. These are then put 
into a queue of tasks. Task manager then splits them into depend-
ent and independent task queues and passes them on to the task 
scheduler. It forwards the requests to the resource manager for 
allocating the required system resources. Resource manager utiliz-
es the load balancer to determine the entities that can optimally 
handle the requests. As a security measure, a firewall is put into 
use. The load balancer utilizes several computational procedures 

to determine the data center for processing the client’s requests. 
The geographical conditions, total load on the data center and 
individual VMs are important factors for determining the suitable 
system resources for execution of the tasks. 
 

 
Fig. 1: Framework for Load Balancing. 

 
FOA is enlivened by the forest in a couple of ways and reproduces 
the foremost evident technique of survival being seed dispersal. 
Those with enough daylight and nurturing environment will live 
longer as compared to others [5]. However most significantly, 
several seed dispersal techniques help them survive for an extend-
ed span of time and expand their territories [6]. Here, a Forest 

Optimization Algorithm for ideal load distribution is proposed, a 
simpler algorithm with a few control parameters. For a long time, 
the trees have accustomed their selves in a several ways for their 
survival. The plants tend to spread their seeds looking for such 
living spaces [7].The Forest Optimization Algorithm (FOA) is an 
effort to repeat such seed dispersal attributes shown in the plants. 
The seed dispersal is at the core of this optimization algorithm [8]. 
A few seeds fall close to the parent tree and grow. This is named 

as local seed dispersal or ''Local seeding'' [9, 10]. But the majority 
of the seeds are diverted more distant from the parent tree by a 
few characteristic operators. In this way, the trees develop in vari-
ous areas of the forest. This technique named as the ''Global seed-
ing''. So, we use these techniques followed by the plants and trees 
to search for global and local optimums of the fitness function and 
utilized for load balancing. Our work is based on a comparative 
analysis of evolutionary algorithms GA, JAYA, and PSO with the 

Forest optimization algorithm in the cloud environment.  

2. Related work 

Load distribution of non-pre-emptive tasks amongst the virtual 
machines is at the core of task scheduling in cloud computing 
framework [11], [12]. It aims at maximizing throughput and min-

imizing response time.It avoids the situation in which a few of the 
resources are daintily stacked and others are over-burden, ensuring 
no starvation of tasks occurs in the process [13]. In distributed 
computing condition, the jobs arrive arbitrarily with random CPU 
utilization times. Because of this random arrival of jobs, specific 
resources are heavily loaded, while other resources remain idle. 
To tackle such situations, we employ space shared and time-
shared modes of task execution. In the space shared mode of oper-

ation, the tasks are executed in a FIFO approach. So, each proces-
sor executes a single task and the rest of the tasks are put in a 
waiting queue. Therefore, the task distribution between encum-
bered and idle machines becomes straightforward. But, in the 
time-shared mode of operation, all of the tasks are executed simul-
taneously in parallel mode of execution. This creates intricacy in 
task allocation because the portion of task which has been already 
executed on the previous machine needs to be kept in account at 

real time and we need to determine the loads on each machine 
before making a switch. These overheads for transferring the extra 
load from the weighed down machines to the idle ones are signifi-
cantly high. Making things more sophisticated, the cloud frame-
work has various data centers, spread over several topographical 
channels. Each of them comprises of several servers known as 
virtual machines (VMs). At any point when a client presents an 
assignment, it is gathered by the cloudlets. These endeavors are 

dealt by data center regulator. It utilizes a VM load balancer to 
figure out which VM should be responsible for processing the 
forthcoming requests. A VM load balancer utilizes different plans 
to adjust the load in complex cloud computing frameworks [14]. 
Several load balancing algorithms have been proposed by different 
researchers to tackle such situations, taking such factors into their 
account. 
Task scheduling principally comprises of a two-stage undertaking 
to meet the dynamic necessities of the clients [15]. This calcula-

tion accomplishes load distribution by assigning tasks to virtual 
machines, subsequently from the virtual machines to the host as-
sets, respectively. It enhances the average response time of the 
framework. It likewise gives a better use of available resources. 
Opportunistic Load Balancing is a speculation to keep every node 
occupied. It doesn't think about the present workload on every 
node [16]. The calculation is very straightforward and aides in 
load balancing. However, its greatest weakness is avoiding the 

normal execution time for some of the tasks while considering it 
for others. In this way, the make span becomes poor.  
In Round Robin algorithm, every one of the tasks is allocated 
amongst the processors, just like the round-robin tournament [17]. 
The workload circulation is equivalent amongst the processing 
units. Distinctive tasks don't have a similar processing time. 
Sometimes a few nodes might be vigorously loaded, and others 
stay sit still. The time quantum decides the task designation. So, 

choosing a proper value for the time quantum yields a better per-
formance[18]. 
Randomized algorithm is a means of static load circulation. Here, 
a node ‘n’ deals with a procedure, having a probability 'p'. At the 
point when every one of the jobs is of equivalent load, this algo-
rithm functions remarkably well [19]. The issue emerges when 
loads are over various computational sophistications. But it isn't 
directed for deterministic approaches. 

Min-Min Algorithm begins with an arrangement of every unas-
signed job and the minimum finish time for all assignments is 
found. From that point onward, the minimum value is chosen [20]. 
Formerly, the execution time for every single other job is re-
freshed on that piece of equipment and a similar method is re-
hashed until the point that every one of the undertakings is rele-
gated to the assets. With this algorithm, the primary issue is star-
vation. 

Max-Min algorithm, practically the equivalent of the min-min 
algorithm. Primary contrast is that, to start with, we should dis-
cover minimum execution time and afterward the maximum value 
is chosen.In the wake of finding the thoroughgoing time, the task 
runs on the chosen machine. At that point, the execution time for 
all the tasks are refreshed. This is finished by sampling the execu-
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tion time of the tasks assigned, with the execution times of other 
tasks. At that point, all the assigned tasks are expelled from the 
itemize that has been executed by the framework.  
Honeybee algorithm is a nature-enlivened self-association algo-
rithm. It uses local server operations to accomplish global load 
distribution [21]. The execution of the framework cab be im-
proved by an expansion in assorted variety. The significant down-
side of this algorithm is that throughput isn't expanded with an 

expansion in size of the framework.  
In Active Clustering, a similar set of nodes in the framework is 
assembled and they cooperate. It is a self-aggregation load distri-
bution procedure where the grid is redone to adjust the burden on 
the framework [22]. Framework enhancement utilizes comparative 
employment assignments by associating comparative administra-
tions. Framework Performance enhances with enhanced assets. 
The throughput is enhanced by viable utilization of these re-

sources.  
Compare and Balance algorithm is utilized for achieving asym-
metry condition and oversee uneven framework load [23]. This 
algorithm depends on the probability of various virtual machines 
running on the present host and the entire cloud framework. The 
present host is contrasted with the chosen one. On the off chance 
that a load on the current host is greater than the chose to have, it 
exchanges the additional load on that node. Each of the hosts plays 

out a similar methodology. 
Lock-free multiprocessing for load distribution, proposes a lock-
free multiprocessing model that maintains a strategic distance 
from the utilization of shared memory rather than other multipro-
cessing load reduction arrangements where the joint memory is 
utilized, and a lock is utilized to track a client session [23]. It is 
accomplished by adjusting the kernel. Such arrangements help in 
enhancing the general execution of load equalizer in a multi-core 
condition by sampling numerous load distribution processes on a 

single load distributor. 
Ant colony optimization is a multi-specialist approach for trouble-
some combinatorial issues. Some cases utilizing this approach are 
TSP and QAP [24]. They were enlivened by the perception of the 
ant colonies. Ant's conduct is guided towards the survival of their 
colonies.  
Load distribution issues are multifaceted and computationally 
immovable. It is very hard to discover the all-inclusive ideal ar-

rangement by utilizing deterministic polynomial time algorithms. 
In this paper, we have put forward a Forest optimization algorithm 
to solve these problems in the cloud framework. The plans are 
assessed, and studies are made with other focused methodologies. 

3. Proposed model 

The Forest Optimization Algorithm (FOA) is organized into the 
following steps: 

1) Local seeding 
2) Population limitation 
3) Global seeding 

FOA is an evolutionary algorithm. So, it starts with a preliminary 
set of trees. Every tree can become a possible solution [25], [26]. 
A tree has some age and set of other variables associated with it. 

At the beginning of the procedure, the age of the tree is set to ‘0’. 
Thereafter, new trees are generated via local seeding and therefore 
the forest is updated with these trees. Their age is set as ‘0’ and 
their parent’s age is incremented by ‘1’. Then we enter the popula-
tion control section. Some trees are skipped to create the candidate 
population for the subsequent stage of global seeding. In global 
seeding, new candidate population is taken into consideration and 
redundant local optimums are eliminated. Later, the trees are sort-

ed subjected to their calculated fitness. The one with the most 
effective value is chosen and its age is set to ‘0’. It ensures that the 
tree doesn’t age and perpetually stays within the forest. The pro-
cess repeats itself until the termination criteria is met. We explain 
the procedure of finding the optimal solution using this algorithm 

following the steps described in the flowchart given below. The 
flowchart of the proposed model is depicted in Figure2. 
 

 
Fig. 2: Flow Chart of FOA. 

 

Forest Optimization Algorithm for Load Balancing 
Parameter preset: LSC, GSC, life time, area limit and transfer rate 

1) Initialize the initial population with random solutions in the 
given range 

2) While the termination condition is not reached, 
Perform Local Seeding on the solutions of age = 0 
For I = 1 to LSC 
A parameter of the potential solution is randomly selected and 

assumed up with a small amount dx, where dx   [Ox, Δx]. The 
age of the potential solution is increased by a factor of 1 except 
for the new solutions that have been generated Perform popula-
tion limiting. Remove the solutions with age greater than the 
specified lifetime and add them to the pool of candidate solu-
tions. Sort the solutions based on their fitness values. Remove 

the solutions, which go beyond the area limit and add them to the 
pool of candidate solutions. Perform Global Seeding Solutions 
from the pool of candidate solutions are selected based on the 
transfer rate. For each selected solution GSC numbers of varia-
bles of the solution are selected randomly. Modify the values of 
the selected variables with some unevenly produced value within 
the given range, and add the new solution, having age = 0 to the 
pool of solutions. Mark the best solution thus far Sort the solu-

tions based on their fitness value Modify the age of best tree to 0. 
 Return the best solution. 

4. Illustration of FOA for load balancing 

To understand the steps of FOA for load balancing in a more lucid 
manner, it has been explained through an example. Let t1, t2, t3, 

t4, t5, t6, t7, t8, t9, t10 be ten different tasks with random burst 
time. Let these tasks be allocated to five different virtual machines 
such as and randomly in five different possible solution sizes of 5. 
To make things clearer ten tasks with 80 ms, 140 ms, 80 ms, 140 
ms, 80 ms, 140 ms, 80 ms, 140 ms, 80 ms and 140 ms respectively 



International Journal of Engineering & Technology 3633 

 
are assumed for computation. We aim to reach closer to the de-
sired result where each VM is being utilized for 220 ms. 

4.1. Initialization of trees 

In this algorithm, the potential solutions are called trees. Each tree 
denotes the variable's value. Each of them has an age parameter 
relating to the ''Age'' of the corresponding tree. ''Age'' of recently 
produced trees is made equal to '0'. After local seeding phase, the 

ages of more seasoned trees are incremented by '1'. This incremen-
tal change in the age is later utilized for controlling the elimination 
of trees, beyond a certain age limit in the pool of solutions. The 
figure below, demonstrates a tree for a N variable, having dimen-

sions N+1, where  are the estimations of the factors and the 

''Age'' section demonstrates the changes in the age of the trees 
which is shown in Figure 3 [23]. 
 

 
Fig. 3: Vector of Dimension N+1. 

This is represented as an array of n+ 1 variable, comprising of 
“Age” of the tree and several other attributes. 

],...,,,[ 21 naaaAgeT  .The maximum permitted age is predetermined 
constraint and is denoted by ''life time''. This is predetermined at 
the beginning of the calculation. At the point where the age be-
comes equal to the life time, it is included in the candidate popula-

tion and barred from the pool of the solution. Its value is very 
crucial. It shouldn't be too big or too little. If we pick a huge in-
centive for this parameter, in subsequent iterations of the calcula-
tion, the age is incremented, and the pool of solution is loaded 
with aged trees, that don't contribute to the local seeding. Then 
again, if we pick a little incentive for this parameter, the trees age 
sooner and from this time onwards they will be disregarded.For 
finding the solution of the problem taken as the example we set 

life time and initial population as 6 and 5 respectively. So, the 
initial population will have the tasks being assigned to 5 different 
VMs such that the load is distributed evenly amongst them. The 5 
randomly generated possible solutions are given below in Table 1. 
 
 
 
 

 
Table 1: Initial Population 

AGE TASK 1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 

0 4 2 4 1 0 1 1 4 4 1 

0 3 0 4 3 2 0 3 2 0 3 

0 3 2 4 0 2 0 3 0 0 2 

0 2 0 0 1 1 2 2 2 2 4 

0 3 1 1 1 0 1 3 3 2 4 

 

4.2. Local seeding of the trees 

Initially, a couple of seeds fall substantially nearer to the parent 
and change into infant trees. These trees face a steep competition. 
The fortunate ones with better nurturing conditions like adequate 
sunlight and better soil, transform into the victors in this front for 
survival. Local seeding procedure tries to emulate this technique 
found in the nature. It amputates those trees which have age = 0 
and incorporates a few neighbours of each tree into the pool of 
potential solutions [27]. This is explained with an example as 

shown in the Figure 4. After this, ages of all the trees, besides 
those which are produced afterward, is incremented by 1. 
 

 
Fig. 4: Local Seeding On a Tree for a Couple of Iterations. 

 
Incrementing the age of the trees impose a check over the number 
of the solutions that can be in the pool. So, if we find a promising 
solution, the age of that tree is reset to '0'. Then we can incorporate 
its neighbours into the pool of solution. Non-promising trees are 
routinely rejected later based on their increasing age. 

Seeds dropping closer to turn into the acquaintances of the parent 
are treated as a constraint for this estimation. They are the so-
called ''Local Seeding Changes'' (LSC). We have taken its value as 
2 in the aforementioned example. Local seeding on a solution with 
age = 0 will result in 2 distinct solutions. This constraint is influ-
enced by the extent of the problem statement and as we have a 
very limited search space, we have taken a minimal value as the 
LSC [28]. 

In the first cycle of the calculation, this process is applied to all the 
trees with age = 0. Therefore, for 'LCS' times, the number of solu-

tions with age = 0 are added to the pool of solutions. In the subse-
quent iterations, the number of new trees being added will de-
crease because the age of the trees grows by unity and the new-
born trees do not affect local seeding. Local seeding reenacts local 
exploration. A five-dimensional vector with LSC = 2 is explored 
in the example. c' and c'' are two random values in the range [-Δx, 
Δx]. Δx is not more than the related variable's most extreme 
bounds. By this way, the search is confined to a particular section. 

With a specific end goal to play out this operation, a variable ‘r’ is 
chosen arbitrarily within the range [ -Δx, Δx]. This method recurs 
LSC times a piece to the solutions having age = 0. We present an 
algebraic calculation in the figure below. We choose the values of 
both LSC and Δx as 1. Accordingly, a disproportionately pro-
duced value, within the array [-1, 1], is summed up with one of 
them which is shown in Figure 5. The new solution has age = 0 
and pushed on to the pool of solutions. 

 

 
Fig. 5: Numerical Based on Local Seeding with ].1,1['.,32.0'  cc  

 

Sometimes the value of the variable will be more or less similar to 
its upper bounds. To keep these situations at the bay, values not as 
much as factor's lower points of confinement and not greater than 
maximum cut off points are nicked from their range. So, at this 
stage we get 10 possible solutions from our initial population, 
each having age = 0. The local seeding phase is outlined in Table 
2. 
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Since, we are adding more solutions to the set of potential solu-
tions; we need to remove the irrelevant solutions from it. This 
leads us to the next phase of operation. 

4.3. Population limiting 

The set of potential solutions must be contained to prevent expo-
nential growth of the set. So, we specify two parameters that re-
strict the size of the set. They are termed as ''Life time'' and ''Area 

limit''. We have set their values as 6 and 5 respectively. If the lives 
of the solutions, surpass the life time are expelled from the set to 
build the candidate population. The solutions are arranged based 
on their fitness values. We estimate of ''area limit'' parameter is 
same as the quantity of the initial solution so that the aggregate 
number stays unaltered. After population limiting the forest has 
the following solutions as shown in Table 3. 
 

 
Table 2: Local Seeding Phase 

AGE TASK1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 

1 4 2 4 1 0 1 1 4 4 1 

1 3 0 4 3 2 0 3 2 0 3 

1 3 2 4 0 2 0 3 0 0 2 

1 2 0 0 1 1 2 2 2 2 4 

1 3 1 1 1 0 1 3 3 2 4 

0 4 2 4 1 0 1 1 4 4 1 

0 4 2 4 1 0 1 1 4 4 1 

0 3 0 4 3 2 0 3 2 0 3 

0 3 0 4 3 2 0 3 2 0 3 

0 3 2 4 0 2 0 3 1 0 2 

0 3 2 4 0 2 0 3 0 0 2 

0 2 0 0 1 1 2 2 2 2 4 

0 2 0 0 1 1 2 2 2 2 4 

0 3 1 1 1 0 1 3 3 2 4 

0 3 1 1 1 0 1 3 3 2 4 

 
Table 3: Population Limiting of Initial Population 

AGE TASK 1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 Fitness 

0 3 2 4 0 2 0 3 1 0 2 0.001698 

0 3 0 4 3 2 0 3 2 0 3 0.00142 

0 3 0 4 3 2 0 3 2 0 3 0.00142 

1 3 0 4 3 2 0 3 2 0 3 0.00142 

0 3 2 4 0 2 0 3 0 0 2 0.0011 

 
In addition, the candidate population is depicted in Table 4. 
 

Table4:Candidate Population 

AGE TASK 1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 Fitness 

0 4 2 4 1 0 1 1 4 4 1 0.0011 

0 4 2 4 1 0 1 1 4 4 1 0.0011 

1 3 2 4 0 2 0 3 0 0 2 0.0011 

1 4 2 4 1 0 1 1 4 4 1 0.0011 

0 2 0 0 1 1 2 2 2 2 4 0.00102 

0 2 0 0 1 1 2 2 2 2 4 0.00102 

1 2 0 0 1 1 2 2 2 2 4 0.00102 

0 3 1 1 1 0 1 3 3 2 4 8.8E-4 

0 3 1 1 1 0 1 3 3 2 4 8.8E-4 

1 3 1 1 1 0 1 3 3 2 4 8.8E-4 

 
Thereafter, we are clear to proceed to the next phase of operation 
using both of these possible solution sets. 

4.4. Global seeding of trees 

Several trees have tailored quite well to their surroundings. They 

use different forms of agents like animals, birds, wind, and water 
to reach varied geographical terrains. This is often termed as seed 
dispersal. So, they widen their habitats. Because of this, trees 
reach appropriate surroundings and grow in abundance. Global 
seeding simulates this sort of seed distribution scheme of the trees. 
Global seeding is performed on a few solutions chosen from the 
candidate population. This is defined beforehand as the ‘‘transfer 
rate’’. First, a couple of the mare hand-picked from the candidate 

population. The values of the variables for each one is haphazard-
ly assigned. This is aimed at considering the entire search space 

rather than a selected region. This leads to the addition of some 
new solutions to the initial population. The number of variables 
which can be changed is given by ‘‘Global Seeding Changes’’ or 
‘‘GSC’’. Figure 6 shows the global seeding in a continuous area. 
We set its value as two. Hence, we choose two random variables 

and their values are modified to qʹ and rʹ inside the range of the 
variable. 
 

 
Fig. 6: Global Seeding on One Tree. 

 
The corresponding numerical representation is shown in Table 5.  
 

 
Table 5:Global Seeding Phase 

AGE TASK 1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 Fitness 

0 3 1 1 1 0 1 3 1 4 4 6.71387 E-4 

 
Let’s assume the range to be within [-5, 5]. So, the values of the 
selected, two variables can be assigned values 1.7 and 0.4 which 

can be round off to 2 and 0 respectively. 
4.5. Updating the best tree 



International Journal of Engineering & Technology 3635 

 
The solutions are sorted depending upon the fitness values. The 
one having the maximum fitness is considered the best. Its age is 
set to 0. This prevents its aging during the local seeding. Hence, 
the best tree reaches its local optimum by local seeding. The up-

dating of the population after global seeding phase is shown in 
Table 6.  
 

 
Table 6:Updating the Population after Global Seeding Phase 

AGE TASK1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 Fitness 

0 3 2 4 0 2 0 3 1 0 2 0.001698 

1 3 0 4 3 2 0 3 2 0 3 0.001420 

0 3 0 4 3 2 0 3 2 0 3 0.001420 

0 3 0 4 3 2 0 3 2 0 3 0.001420 

0 3 2 4 0 2 0 3 0 0 2 0.0011 

0 3 1 1 1 0 1 3 1 4 4 6.713867E-4 

 

4.6. Termination conditions 

Three different termination conditions are possible:  

1) Coming to a predefined number of iterations. 
2) Insignificant changes in the fitness estimation of the best 

tree over a few iterations.  

3) Achieving a specific level of accuracy. 
Out of three above conditions we have chosen the first approach 
i.e. to run the process 5 times and obtained the allocation which is 

shown in Table 7. 
 

 
Table 7:Final Allocation of Tasks 

TASK 1 TASK 2 TASK 3 TASK 4 TASK 5 TASK 6 TASK 7 TASK 8 TASK 9 TASK 10 

3 2 4 0 2 0 4 1 1 3 

 
This gives us a distribution of {0=280, 1=220, 2=220, 3=220, and 

4=160}. This is a fair result considering that we only had 5 itera-
tions to run and every VM gets exactly two tasks to run. The forest 
optimization algorithm which is used for finding out the solution 
is described below. 

5. Simulation and result discussion 

Cloudsim is open source software that simulates different aspects 
of a cloud framework [29]. The numerical simulation results were 
obtained with cloudsim-3.0.3 running on a PC having a core i7 
processor 4770K clocked at 3.7 GHz, 1866 MHz 8GB LP-DDR3 
RAM, running a 64-bit windows 10 operating system on512 GB 
of NVMe SSD. We have set life time as 6, LSC as 2, GSC as 3, 
area limit 30, transfer rate 10 and initial population as 30. The VM 
parameters are set as 512 MB memory, 10000 MB storage, 1000 

Hz bandwidth and a single core CPU with 1000 MIPS. A compar-
ative study has been done on a proposed algorithm with three 
other evolutionary algorithms i.e. GA, PSO, and Jaya. The com-
parisons are made with varying different parameters like average 
response time and total execution time are taken into consideration 
at the time of analysis. FOA for load balancing ensure significant 
improvements in the performance. Table 8 represents the average 
response time of Forest optimization, GA, PSO, and Jaya algo-
rithms using 1000 tasks respectively. 

 
Table 8:Comparative Analysis of Average Response Time for 1000 Tasks 

VM FOREST GA PSO JAYA 

50 11.1574 11.7159 11.3386 11.3782 

100 6.0803 6.3469 6.2206 6.2460 

200 3.6605 3.7878 3.6788 3.7693 

500 2.1872 2.3952 2.1518 2.2085 

 
Table 9 represents the total execution time of Forest optimization, 
GA, PSO, and JAYA algorithms using 1000 tasks respectively. 
 

Table 9:Comparative Analysis of Total Execution Time for 1000 Tasks 

VM FOREST GA PSO JAYA 

50 1045.402 1050.105 1045.412 1052.23 

100 1049.1615 1051.305 1049.55 1051.6399 

200 1063.408 1060.49 1064.305 1060.105 

500 1073.001 1072.60 1073.18 1077.13 

 
Table 10 represents the average response time of Forest optimiza-
tion, GA, PSO, and JAYA algorithms using 500 tasks respective-
ly. 

 

 
Table 10:Comparative Analysis of Average Response Time for 500 Tasks 

VM FOREST GA PSO JAYA 

50 5.9175 6.343 6.312 6.2 

100 3.63 3.745 3.6343 3.633 

200 2.592 2.56 2.386 2.364 

500 2.019 1.75 1.65 1.626 

 
Table 11 represents the total execution time of Forest optimiza-
tion, GA, PSO, and JAYA algorithms using 500 tasks respective-
ly. 
 

Table11:Comparative Analysis of Total Execution Time for 500 Tasks 

VM FOREST GA PSO JAYA 

50 524.71 527.70 525.30 526.98 

100 529.08 531.225 530.6725 530.392 

200 533.788 536.166 536.78 536.89 

500 538.9 540.58 538.37 540.28 

 
Table 12 represents the average response time of Forest optimiza-
tion, GA, PSO, and JAYA algorithms using 100 tasks respective-
ly. 
 
Table12:Comparative Analysis of Average Response Time for 100 Tasks 

Vm Forest Ga Pso Jaya 

50 2.4825 2.2189 2.0803 2.015 

100 2.02 1.6815 1.60088 1.6315 

200 1.5622 1.379 1.2427 1.2887 

500 1.4958 1.33 1.2182 1.257 

 
Table 13 represents the total execution time of Forest optimiza-
tion, GA, PSO, and JAYA algorithms using 100 tasks respective-
ly. 
 

Table13:Comparative Analysis of Total Execution Time for 100 Tasks 

VM FOREST GA PSO JAYA 

50 107.527 107.388 107.466 107.637 

100 107.486 107.698 107.823 107.712 

200 107.893 108.073 108.943 108.6 

500 107.421 107.664 107.358 107.328 

 

From the above result analysis it is observed that the proposed 
Forest Optimization Algorithm performs better than GA, PSO, 
and JAYA when the tasks to VM ratio are significantly high. The 
graphs are drawn considering average response time for 1000, 
500, and 100 tasks in Figure 7, Figure 8, and Figure 9 respective-
ly. 
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Fig. 7:Average Response Time (Ms) for 1000 Tasks. 

 

 
Fig. 8:Average Response Time (MS) for 500 Tasks. 

 

 
Fig. 9: Average Response Time (MS) for 100 Tasks. 

 
The graphs are drawn considering total execution times for 1000, 
500, and 100 tasks and shown in Figure 10, Figure 11, and Figure 
12 respectively. 

 

 

Fig. 10:Total Execution Time (MS) for 1000 Tasks. 

 

 
Fig. 11:Total Execution Time (MS) For 500 Tasks. 

 

 
Fig. 12: Total Execution Time (MS) for 100 Tasks. 

6. Conclusion 

A comparison has been made with GA, PSO, and JAYA by con-
ducting experiments to grasp the performance of the algorithms. 

The simulation result shows that the proposed FOA algorithmic 
outperforms GA, PSO, and JAYA by minimizing the average 
response and total execution time under significant load. If the 
ratio of total number of tasks to that of total number of VMs is 
considerably high, we see drastic performance improvement using 
the FOA. However, as the ratio decreases in worth, the perfor-
mance degrades. But the parameters can be tweaked to perform 
even better under lower loads. So, as the future work, we aim at 

finding appropriate values of these system parameters for a bal-
anced performance under heavy, light and moderate loads. 
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