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Abstract 

Efficient resource management through the virtual machine 

placement (VMP) is a great concern in data centers. The Bi-

objective VPM is a representation of multi-objective 

combinatorial optimization problem. Energy or cost 

minimization of cloud data center is highly dependent upon 

the VMP policy. Allocating the set of virtual machines (VMs) 

to the set of suitable physical machines (PMs), while 

considering the cost, CPU utilization, number of active 

servers and energy consumption of cloud computing, defines 

the VMP process. In this paper, a cloud model simulated with 

evolutionary algorithms (genetic algorithm (GA), Particle 

Swarm Optimization (PSO), and hybrid GA-PSO (HGAPSO)) 

for the suitable VMP with the objectives of minimizing 

Energy consumption, and number of active servers, while 

considering the CPU utilization, RAM, network bandwidth 

etc. The HGAPSO produced the optimum result and 

outperformed the other two algorithms. 

Keywords: Cloud Computing, Virtualization, Virtual 

Machine, Multi-Objective, Genetic Algorithm, Particle 

Swarm Optimization, Meta-heuristics, Energy Aware 

Computing. 

 

INTRODUCTION 

Cloud computing is based on the concept of dynamic 

provisioning, which is applied to services, computing 

capability, storage, networking, and information technology 

infrastructure to meet user requirements. The resources are 

made available for the users through the Internet and offered 

on a pay-as-use basis from different Cloud computing vendors 

[1]. Technology, that makes cloud computing feasible are 

virtualization, cyber-infrastructure, and service orient 

infrastructure [2]. It offers scalable and elastic computing and 

storage services. Cloud users can access computing resources 

without having to own, manage, and maintain them. There are 

three common cloud computing models known as 

Infrastructure-as-a-Service (IaaS), Platform-as-a-Service 

(PaaS), and Software-as-a-Service (SaaS) [1], [3]. The core 

technology in cloud computing is virtualization [4], which 

separates resources and services from the underlying physical 

delivery environment. The resources of a single physical 

machine (PM) are sliced into multiple isolated execution 

environments for multiple virtual machines (VMs). Virtual 

Machine Placement (VMP) is an important topic in cloud 

environment virtualization, in particular in IaaS model. VMP 

maps a set of virtual machines to a set of physical machines. 

For the cloud providers, a good VMP solution should 

maximize resource utilization and minimize power 

consumption [5]. Through virtualization, a cloud provider can 

ensure the quality of service (QoS) delivered to the users 

while achieving a high server utilization and energy 

efficiency. This research aims to schedule VM placement in a 

data center by developing a multi-objective mathematical 

model that minimizes the energy consumptions and number of 

active physical hosts. The model is simulated and validated 

with various set of VM request for all three algorithms (GA, 

PSO and HGAPSO). 

 

RELATED WORK 

Several researchers are addressed the importance of placing 

VMs appropriately [6-12]. Vogels[13] quoted the benefit of 

packing VMs efficiently in server consolidation. Heuristic 

techniques and evolutionary algorithms (EA) are the common 

optimization methods used to solve a multi-task scheduling 

problem [14-17]. However, some researchers [18-21], have 

identified several limitations of traditional mathematical 

programming approaches to solve MOPs. Some of them are 

the following: 

 We need to run many times those algorithms to find 

several elements of the Pareto optimal set. 

 Many of them require domain knowledge about the 

problem to be solved. 

 Some of those algorithms are sensitive to the shape or 

continuity of the Pareto front. 

These complexities call for alternative approaches to deal with 

certain types of MOPs. Among these alternative approaches, 

we can find Evolutionary Algorithms (EAs), which are 

stochastic search and optimization methods that simulate the 

natural evolution process. At the end of 1960s, Rosenberg 

[22] proposed the use of genetic algorithms to solve MOPs. 

However, it was until 1984, when David Schaffer [23] 

introduced the first actual implementation of what it is now 
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called a Multi-Objective Evolutionary Algorithm (MOEA). 

From that moment on, many researchers [4], [24-28] have 

proposed a wide variety of MOEAs.  

PSO is a population based stochastic technique inspired by 

social behavior of bird flocking or fish schooling. Extensive 

reviews on PSO algorithm development can be found in [29-

31]. Gao proposed a method called Selectively informed PSO 

(SIPSO) to allow the particles to learn at difference strategies 

based on their connections [32]. 

 

SYSTEM MODEL 

In a cloud environment, we have a set of PMs with 

applications running on them. The Data Center is fully 

virtualized and all the applications are running on VMs. The 

problem of a set of VM to be place on a suitable pool of PMs 

is related to the multidimensional vector packing problems. 

Dimensions in the packing problem are various types of 

resource utilizations. 

 

 

Fig. 1: Cloud Computing Architecture 

 

In our work, we used two dimensions to characterize a VM 

and a server node CPU and memory. If two VMs are running 

on the same server, the CPU utilization of the PM is estimated 

as the sum of the CPU utilizations of the two VMs. To prevent 

CPU and memory usage of a PM from reaching 100%, we 

have to impose an upper bound on resource utilization of a 

single PM with some threshold value. The main idea behind 

this is that 100% utilization can cause severe performance 

degradation and VM live migration technology consumes 

some amount of CPU processing capability on the migrating 

node. Fig. 1 shows the Cloud Infrastructure of the system. 

Virtualization allow the creation of multiple virtual machines 

on any of the available PM. PM consumes energy in an idle 

state to perform maintenance functions and denoted as Pmin. 

PM consumes more energy as per utilization of the CPU by 

the VMs. PM consumes maximum energy at the pick level 

and denoted as Pmax. 

Energy Consumption Modeling 

The power consumption of servers can be accurately 

described by a linear relationship between the power 

consumption and CPU utilization [33, 34]. PMs are turned off 

when they are idle to save the energy consumptions. Hence, 

their idle power is not part of the total energy consumption. 

Finally, we defined the power consumption of the ith server as 

a function of the CPU utilization as shown in Eq.(1).  









otherwise

iUminP
iU

minPmaxP
iE

,0

0>)(,
100

)(
*)(

=)(





      (1) 

Where the Ui(τ) represent the CPU utilization of ith host server 

Ri at time τ. Pmax and Pmin are the power consumption at 

maximum utilization and at idle respectively.  

 

Resource Wastage Modeling 

The remaining resources available on each server may vary 

greatly with different VM placement solutions. To fully utilize 

multidimensional resources, the following equation is used to 

calculate the potential cost of wasted resources:  
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Where Wi denotes the resource wastage of the ith server, Ui(p) 

and Ui(m) represent the normalized CPU and memory 

resource usage (i.e., the ratio of used resource to total 

resource). Li(p) and Li(m) represent the normalized remaining 

CPU and memory resource. ε is a very small positive real 

number (known as wastage error = 0.0001). 

 

Optimization Formulation 

Suppose m number of  VMs that are to be placed on n servers. 

Let Rpj be CPU demand of each VM, Tpi be the threshold of 

CPU utilization associated with each server, Rmj be the 

memory demand of each VM, and Tmi be the threshold of 

memory utilization associated with each server. We use two 

binary variables xij and yi . The binary variable xij indicates if 

VMj is assigned to server i and the binary variable yi indicates 

whether server i is in use or not. The placement problem can 

be formulated [35] as Eq. (3)-(8)  :   
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Subjected to: 
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Constraint Eq. (5) assigns a VMj to only one of the servers. 

Constraints Eq. (6) and Eq. (7) model the capacity constraint 

of the server. Constraint Eq. (8) defines the domain of the 

variables of the problem. Given a set of m virtual machines 

and a set of n physical machines, there are a total of m*n 

possible VM placement solutions. 

 

BI-OBJECTIVE EVALUATION 

Decision makers refer to choosing a solution out of all the 

efficient solutions as a posteriori approach. Pareto is one well 

known pioneer in multi-objective optimization problems. In 

this method, Pareto-optimal set is a group of best trade-off 

schedules, and Pareto-front refers to a set of Pareto solutions 

[21]. Overall fitness function formulation for two objectives is 

described by 

 

(x)f)δψ((x)fδf(x) 2*1111   (9) 

 

Where δ1 is the weight of first objective function and ψ is 
a ratio to make balance among objectives with different 
ranges of value [16, 18, 19, 37], which is defined by 
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GENETIC ALGORITHM (GA)  

GA is a probabilistic optimization algorithm that imitates the 

progression of natural evolution. The biological evolution 

process in chromosomes became the idea of GA. It is based 

on the idea of the fittest survival where new better solutions 

are obtained by recombination of with each other. Algorithm 

1 shows the pseudo-code for GA algorithm for the optimal 

solution in cloud computing. 

Algorithm 1: Pseudocode of a Genetic Algorithm 

1 t ← 0 

2 Generate an initial population P(t) 

3 while the stoping criterion is not fulfilled do 

4  Evaluate the objective vector f for each 

individual in P(t). 

5  Assign a fitness for each individual in P(t). 

6  Select from P(t) a group of parents P'(t) 

preferring the fitter ones. 

7  Recombine individuals in P'(t) to create a child 

population P"(t) 

8  Mutate individuals in P"(t) 

9  Combine P(t) and P"(t) and select the best 

individuals to get P(t+1). 

10  t ← t + 1. 

11    end. 

 

The fitness assignment scheme requires a ranking of the 

individuals according to a preference relation and then, 

assigning a scalar fitness value to each individual using such 

rank. The selection for reproduction (line 6) is carried out as 

in the single objective case, for instance, using tournament 

selection. In contrast, the selection for survival (line 9), 

intended to maintain the best solutions so far (i.e., elitism). It 

helps the VM allocator to choose the right machine for the 

allocation of resources. Usually, the initial population is 

generated in a random manner. The number of genes in each 

chromosome equals the total numbers of VMs to be placed, 

 

A. Encoding 

A chromosome in this GA consists of |Cr| genes, each 

represents the VM id (VMj) to be placed at PM id (PMk). The 

value of a gene is a positive integer between 1 and PMmax, 

representing the physical machine where the VM to be placed. 

Fig. 2 shows an example of individual VM placement and its 

corresponding chromosome. In this example, task VM1, VM2, 

VM3, VM4, VM5, VM6, VM7, VM8, VM9 and VM10 are placed on 

PM1, PM3, PM1, PM1, PM3, PM3, PM2, PM2, PM3, and PM4 

respectively. We are also updating the active servers list, if it 

is used marked as 1 otherwise 0 if not in use. 

 

 

Fig. 2. Individual encoding (chromosome) 
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B. Chromosome generating 

A chromosome (Cr) is a random construct of operations, with 

subjected to the given in Eq. (5-8) to ensure that the generated 

encoding is valid individuals. Then, the total fitness values of 

the efficient frontiers will be calculated based on Eq. (3) and 

Eq. (4) and overall fitness functions calculated as Eq. (9). 

 

C. New population 

New population will be produced based on the below sub-

steps: selection, crossover, elitism, and mutation operation. 

1) Selection: To constantly enhance the population overall 

fitness, selection helps to discard the bad and weak designs 

and only keep the best ones in the population. It increases the 

likelihood of selection of fitter individuals for the next 

generation. There are a few different selection methods but 

their basis is the same. The tournament candidate selection, 

which is a proportionate random selection method, is used in 

this study. [38]. 

2) Crossover: Crossover operator generates two new 

chromosomes for the next generation out of two selected 

chromosomes by exchanging some of their genes. This study 

employs two crossover operators based on partial strings 

exchange; a one-point crossover and a two-point crossover 

[39]. The offspring of crossover between the strings may not 

produce a legal encoding. Therefore, they should be repaired 

and legalized. For repairing mechanism, validating the 

overloaded placement from the left, the redundant genes will 

be deleted and compensate with the valid or empty PMk ones, 

in order for each offspring to comprise all the VMs will be 

placed with valid physical machines and satisfy the Eq. (5-8).  

3) Mutation: Mutation is another important operator of a GA 

that initiates extra variability in a population to create and 

maintain the diversity. Mutation is not applied on 

chromosomes that are immune. Shift mutation is used in this 

paper and chromosomes produced out of shift mutation need 

to be repaired and legalized like crossover. The number of 

mutations, nM in each generation is calculated using Eq. (11) 

based on the mutation rate (rM), population size (sP), and 

maximum gene code (gmax). 

)*( max rPgsPnM   (11) 

4)  Elitism: The first three best chromosomes from each 

generation are transferred directly to the next generation in the 

elitism step to avoid annihilation. It is possible to maintain a 

fixed fitness value in some generations, but elitism makes sure 

they will never deteriorate. 

5) Termination: The loop of chromosome generation is 

terminated when the number of generation reaches its 

maximum, then the elite chromosome returns as the best 

solution. 

 

PARTICLE SWARM OPTIMIZATION (PSO) 

PSO is a population based stochastic technique inspired by 

social behavior of bird flocking [29-32]. The PSO 

configuration for the mathematical model is described in 

details in the following steps: 

 

A. PSO Encoding 

Initialization involves setting the parameters of the PSO and 

creating a group of particles to make the initial swarm sa 

shown in Fig 3. We devise a two-dimensional encoding 

scheme, which maps one-to-many relationship between the 

server and the virtual machine as proposed by [40] for the VM 

placement problems. In Fig. 3, the first dimension of a particle 

is an n bit binary vector which represent the active PM in a 

heterogeneous virtualized data center. 

 

Fig. 3. Particle Encoding 

Here, ’1’ indicates that the corresponding PM is active (in 

use) and ’0’ indicates that the PM is idle. The 2nd dimension 

of a particle is a set of subsets that comprises the VMs to be 

placed in a set of PMs as shown in Fig. 3.  

 

B. Initializing population (swarm) 

A group of particles are needed to create a swarm. Each 

particle has position (P) and velocity (V) in the search space at 

iteration (t), where they are described briefly in the following 

sub-steps: 

a) Particle position: First position of ith particle on dth 

dimension of the particle using Eq. (12). 

)1 ,0(*)(=
0
,

randminppmaxpminp
di

p   (12) 

Where pmin = 1, pmax = VMmax.  

b) Particle velocity: Initial velocities of ith particle on dth 

dimension  are generated by the Eq. (13): 

)1 ,0(*)(=0

, randvvvv minmaxmindi   (13) 

Where vmin = 0, vmax = VMmax . 
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c) Multi-objective evaluation: Once the swarm is generated, 

each particle is evaluated by both objective function given in 

eq. (1) and (2). Then, the multi-objective evaluation (total 

fitness values of the efficient frontiers) will be calculated 

based on Eq. (9). 

d) Personal best: PBi(t) represents the best position associated 

with the best permutation and fitness value of the ith particle 

obtained in tth iteration and is called the personal best. For 

each particle, PBi(t) can be determined and updated at each 

iteration.  

e) Global best: GB(t) denotes the globally best solution 

achieved in the whole swarms.  

C. New swarm 

To produce a new swarm, the position and velocity of the 

particles should be updated. Updated particles will be 

evaluated as given below steps and again the best local and 

global particle will be determined. This procedure will be 

repeated up to a point where the termination criterion is 

satisfied.  

Updating the velocity of each particle: The velocity of each 

particle is updated using the Eq. (14). 

))(
,

)((22))(
,

)(
,

(11=)1(
,

t
di

pt
d

GBCt
di

pt
di

PBCminvt
di

v  
 (14) 

Where C1 is self-confidence while C2 is swarm confidence 

(values of C1 and C2 varies between 0.1 and 0.5). Inertia 

weight (ω) is a parameter to control the impact of the previous 

velocity on the current velocity [16]. Let ω be varying with 

time by the following linear decreasing function Eq. (15). 

max

minmax
max

t
t





 *=  (15) 

Updating the position of each particle: The position of 

particle is updated using updated velocity as Eq. (16). 

(t)
i,d

v(t)
i,d

p=)(t
i,d

p       1
 (16) 

D. Termination 

The loop of swarm groups is terminated when it reaches the 

maximum number of iteration, then the particle with global 

best returns as the best solution. 

 

HYBRID GA-PSO 

GA has the capability of simultaneous evaluation of many 

points in the search area, which increases the probability of 

finding the global solution of the problem. Generally, PSO 

functions based on the social interaction knowledge and all 

the individual particles will be considered in each generation. 

Unlike PSO, fitter chromosomes will be chosen in GA and the 

weaker ones will fade away from generation to generation 

[41], [16]. Hence, by integrating the advantages of the 

compensatory properties of PSO and GA, their hybrid is used 

to obtain better result [42-44]. In the proposed GAPSO 

algorithm for this study, after generating and evaluating the 

initial swarm and after position and velocity updating, the 

crossover operation has been used in the GA segment to avoid 

premature convergence; and a mutation operation was applied 

to maintain the diversity of the swarms. Elitism step was 

performed to improve immune particle filter as proposed 

algorithm [16]. The pseudo-code for the proposed Hybrid of 

GA and PSO is mentioned in algorithm 2. 

Algorithm 2 : Pseudo-code for Hybrid of GA-PSO 

1 for{each particle i = 1, ..., S }{ 

2     Initialize the particle's position random vector:  

      xi = random(blo, bup) 

3     Initialize the particle's best known position to its initial    

    position: pi ← xi 

4     if (f(pi) < f(g)) then 

5         update the swarm's best known  position:  g ← pi 

6      endif   

7      Initialize the particle's velocity: 

     vi = random(-|bup -blo|, |bup - blo| ) 

8      endfor 

9 While {a termination criterion is not met} do  

10      for {each particle i = 1, ..., S} do 

11          for{ each dimension d = 1, ..., n}do 

12              Pick random numbers:  

             rp = random(0,1) 

             rg = random(0,1) 

13              Update the particle's velocity as per Eq. (14). 

14           endfor 

15       Update the particle's position as per Eq. (16). 

16       \\Hybrid of Genetic Algorithm Block\\ 

17       if { agent xi,d  positions are not satisfying the Eq (5-8) 

     then 

18           Generate random solution for the agent xi,d 

19      endif 

20      Use selection Tournament for selecting agents. 

21      Perform one-point crossover and two-point crossover. 

22      Repairing off springs. 

23      Perform Shift Mutation. 

24      \\End of Hybrid of GA Block\\ 

25      if (f(xi) < f(pi) then 

26         Update the particle's best known position: pi ← xi 

27         if f(pi) < f(g) then  

28             Update the swarm's best known position: g ← pi 

29         endif 

30       endif 

31    endfor 

32 endwhile 
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SIMULATION RESULTS 

In this paper, the performance of Hybrid GA-PSO is evaluated 

in the term of active servers, energy consumption, server’s 

utilization and resource wastages. To validate the model, we 

are investigated on the Cloud Sim simulator, with number of 

virtual machine requests is 200 for the performance of the 

three algorithms. The Fig. 4 show the fitness vs Iterations of 

the three algorithms. The results shown in Fig. 4 proved 

successfully, in decreasing the fitness value as number of 

active servers. The optimized model using hybrid GA-PSO 

obtained the best results in minimum iterations. 

 

 

Fig. 4. Performance of evaluation 

 

In Active servers experiment, the number of VM requests are 

200, 400, 600, ..., 2000. The result shown in Fig. 5 gives the 

comparison results of active servers with other approaches. As 

shown in Fig. 5 with the different size of VM requests, the 

Hybrid GA-PSO approach always gives the minimum number 

of active servers. 

 

 

 

 

Fig. 5. Active Servers 

 

In Fig. 6 shows the comparison results of Server Utilization of 

the CPU utilizations of all active servers. As shown in Fig. 6 

with the different size of VM requests, the Hybrid GA-PSO 

approach always gives the better utilization compare to the 

other approaches. 

 

Fig. 6. Server Utilization 

In Fig. 7 and Fig. 8 shows the total energy consumptions and 

resource wastages of all active servers. As shown in fig. 7 and 

Fig. 8 with the different size of VM requests, the Hybrid GA-

PSO approach always gives the lowest energy consumption 

and resource wastages with compare to the other approaches. 

 

Fig. 7. Energy Consumptions 

 

Fig. 8. Resource Wastages 
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CONCLUSION 

In this paper, we presented the optimized VMP for a cloud 

data center to reduce the total energy consumptions with 

better VM placement algorithm using HGAPSO. Our 

approach accounts for the multi-objective resource 

management. The simulation based result validate the 

effectiveness of our approach compared to the other 

approaches. Future work focused on providing the VM 

placement with the migrations. 
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