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ABSTRACT— Fast IT development combined with diverse range of requests for IT services have led to the establishment of 

huge energy hungry data centers all around the world. Consolidation is proposed as one of the most effective methods for energy 

saving in modern cloud data centers. This paper addresses multi target resource allocation for cloud data centers that applies a 

holistic view to the resource allocation problem. More importantly, this paper proposes an enhanced energy efficient resource 
allocation algorithm based on genetic algorithm which takes the energy consumption of both cooling systems and IT equipment 

into consideration. Results of simulations using Cloudsim simulator validates the applicability of the proposed algorithms which 

shows up to 23.77%, 31.59%, 61.17%, and 26.52% reductions in energy consumption, SLA violation, number of virtual machine 
migrations, and execution time, respectively, in comparison with state of the art. 

Keywords: Cloud computing, Data center, Energy consumption, Genetic algorithm, Resource allocation. 

 

1. INTRODUCTION 

Cloud computing has recently been brought into focus in both academic and industrial communities 

due to the increasing pervasive applications and the economy of scale that cloud computing provides 

[1]. The potential of Cloud Computing is tremendous in view of demand from today’s IT infrastructure 

[2]. Virtualization, coupled with Virtual Machine (VM) migration capability, enables the cloud data 

centers to flexibly provision resource which makes the "computing-as-a-service" vision of on-demand 

clouds possible [3]. A cloud typically consists of multiple resources possibly distributed and 

heterogeneous [4]. However, utilizing required hardware and software resources to fulfill the extensive 

requirements of diverse users of cloud services needs modern smart resource management techniques. 

More precisely, capacity management and demand prediction in cloud environments, where 

applications have variable and dynamic needs, are especially complicated and consequently resource 

allocation in cloud computing is one of the most important challenges [5]. However, virtualization 

technology which is the platform of cloud computing facilitates the process of resource management in 

cloud data centers [6]. 

According to [7], solving the resource allocation problem using a vector packing algorithm is the 

best approach for static workloads. However, the key fact that workloads in cloud environments are 

dynamic makes this conclusion weak for cloud environments. For instance, [8] models the problem of 

resource allocation as a bin packing problem with variable bin sizes and prices and solves it by 

applying a Modified Best Fit Decreasing (MBFD) algorithm. However, we show that MBFD solves the 

bin packing problem locally and does not have a holistic view. So, we propose a holistic thermal aware 

approach of solving resource allocation problem using genetic algorithms (GA), which leads to less 

energy consumption while delivering the specified quality of service. On the other hand, one major 

criticism of much of the literature on current cloud resource allocation techniques is that they only 

consider energy consumption of IT equipment and ignore Computer Room Air Conditioning (CRAC) 

units. However, while a resource allocation solution decreases the energy consumption of IT 

equipment, it is probable that it increases the energy consumption of CRAC units. So, to decrease the 

total energy consumption in cloud data centers, it is vital to consider the energy consumption of both IT 

equipment and CRAC units at the same time. Therefore, the fitness function defined for GA is designed 

to simultaneously consider the power consumption in both IT equipment and CRAC units.  

The main contributions of this paper are: 

http://en.wikipedia.org/wiki/Evolutionary_algorithm
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 Developing a resource allocation mechanism that considers the energy consumption 

of both IT equipment and CRAC units at the same time. 

 Proposing Enhanced Optimization (EO) policy for the whole process of resource 

management in cloud data centers that aggregates the resource allocation phases for 

the VMs selected to be migrated from either overloaded or underloaded Physical 

Machines (PMs) in one single phase. 

 Proposing Power, SLA violation, and Number of VM Migrations Genetic Algorithm 

(PSNGA) policy as a novel holistic resource allocation algorithm and comparing it 

with the state of the art. 

This paper continues by reviewing related works in section 2. It will then go on to present system 

models including datacenter model, proposed resource management model, and models of the metrics 

used to evaluate the efficiency of the proposed methods. Section 4 begins by laying out the theoretical 

dimensions of our research, and presents our proposed resource allocation policies. Section 5 assesses 

the applicability of our proposed solutions using Cloudsim simulator. Finally, our concluding remarks 

are presented in section 6 as well as future directions.  

2. MOTIVATION AND RELATED WORK 

As stated in [9], there is a wide area of research in resource management field in cloud computing. 

In this section, we mention the ones that have the closest relations with current study. 

The authors in [10] have investigated power management techniques in the context of large-scale 

virtualized systems for the first time. In addition to the hardware scaling and VMs consolidation, they 

have proposed a new power management method for virtualized systems called “soft resource scaling.” 

Also, they have suggested dividing the resource management problem into local and global levels. In 

the local level, the algorithms monitor power management of guest VMs. On the other hand, global 

policies coordinate multiple physical machines. In this paper, the target system is heterogeneous, the 

workload used to validate the system is arbitrary, and the goal of the proposed model is minimizing 

energy consumption as well as satisfying performance requirements. However, they have not proposed 

a specific policy for automatic resource management at the global level. Moreover, they have 

considered only CPU as an input parameter of the decision algorithm and the other important system 

resources are not taken into account. Besides, the proposed model is not scalable; hence it cannot be 

useful in all cloud deployment models other than private model.  

The authors in [1] have taken into account the cooling and network structure of the datacenter 

hosting the physical machines when consolidating the VMs so that fewer racks and routers are 

employed, without compromising the service-level agreements. Moreover, they have considered 

dynamic requested-MIPS of each VM instead of the static maximum CPU load of the VM as a criterion 

in ranking VMs for placement on the hosts.  Also, they have proposed a VM placement algorithm that 

improves the MBFD algorithm presented in [8]. Besides, they have proposed three structure-aware VM 

placement methods to consolidate VMs in the servers to minimize number of active racks. However, 

the main deficiencies of the proposed algorithms are lack of holistic view and not considering all 

system parameters in decision process. 

The authors in [5] have proposed performance analysis based resource allocation scheme for the 

efficient allocation of virtual machines on the cloud infrastructure. They have proposed an efficient 

algorithm that follows a best fit strategy for allocation of virtual machine requests to the physical host 

nodes. To achieve this, they have designed a performance analysis scheme of each host node 

considering the number of cores and specification of CPU and memory size. However, the proposed 

model is not scalable to be used in all deployment models of cloud computing. Furthermore, they have 

only considered CPU and RAM in their decision process, while the other system parameters may be 

more important. 
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The authors in [11] have explored the problem of dynamic placement of applications in virtualized 

systems. Their goal is to minimize the power consumption while meeting the requested SLA. The 

proposed solution contains three managers and an arbitrator. The arbiter coordinates managers' actions 

and makes allocation decisions. Performance manager gathers applications information and resize VMs 

according to current resource requirements and the SLA. Power manager handles hardware power 

states and applies DVFS when it is necessary. Migration manager coordinates live migration of VMs. 

The considered target system is heterogeneous and the proposed model is for arbitrary workloads. 

However, the proposed model is not scalable to be used in all deployment models of cloud computing. 

Furthermore, not all of the system resources except CPU are considered in proposed management 

process. 

The authors in [8] have proposed an architectural framework and principles for energy-efficient 

cloud computing aimed at the development of energy-efficient provisioning of cloud resources, while 

meeting QoS requirements defined  by the SLA. They divided the VM allocation problem in two parts: 

the first part is the admission of new requests for VM provisioning and placing the VMs on hosts, 

whereas the second part is the optimization of the current VM allocation. They have modeled the first 

part as a bin packing problem and solved it by modified best fit MBFD algorithm in which they first 

sort all VMs in decreasing order of their current CPU utilizations, and allocate each VM to a host that 

provides the least increase of power consumption due to this allocation. Moreover, they have stated that 

the optimization of the current VM allocation is carried out in two steps: at the first step they select 

VMs that need to be migrated, at the second step the chosen VMs are placed on the hosts using the 

MBFD algorithm. However, the main weakness of the proposed VM allocation algorithm is lack of a 

holistic global view for all possible allocations of VMs on available hosts. Instead, for each VM it 

searches for a host that has least energy increase after VM allocation. Furthermore, the only system 

parameter that is considered in decision process is CPU, while the other system parameters may be 

more important. 

The authors in [12] have conducted competitive analysis and proved competitive ratios of optimal 

online deterministic algorithms for the single VM migration and dynamic VM consolidation problems. 

They have divided the problem of dynamic VM consolidation into four parts: (1) determining when a 

host is considered as being overloaded; (2) determining when a host is considered as being 

underloaded; (3) selection of VMs that should be migrated from an overloaded host; and (4) finding a 

new placement of the VMs selected for migration from the overloaded and underloaded hosts. They 

have proposed novel adaptive heuristics for all parts. They have used Power Aware Best Fit Decreasing 

(PABFD) algorithm to solve resource allocation problem in the fourth part which is similar to MBFD 

policy that they adopted in their previous work [8]. However, the main deficiencies of the proposed 

algorithms are lack of holistic view and not considering all system parameters in decision process. 

The authors in [13] have investigated the problem of load balancing in cloud computing 

environments across multiple nodes to ensure that no single resource is either overwhelmed or 

underutilized. They have proposed a load balancing strategy using genetic algorithm which tries to 

minimize the make span of a given tasks set. However, they have failed to consider different system 

resources which may result in wrong allocations. Furthermore, they have only considered the problem 

of load balancing and ignored other probable system targets such as energy consumption. 

The authors in [14] have proposed efficient consolidation algorithms which can reduce energy 

consumption and at the same time the SLA violations in some cases. They have introduced an efficient 

SLA-aware resource allocation algorithm that considers the trade-off between energy consumption and 

performance. Their proposed resource allocation algorithm takes into account both host utilization and 

correlation between the resources of a VM with the VMs present on the host. Moreover, they have 

proposed a novel algorithm for determination of underloaded PMs in the process of resource 

management in cloud data centers considering host CPU utilization and number of VMs on the host. 

3. SYSTEM MODEL  

We use the system model defined in [15] which is shown in Fig. 1. The central manager is the 

resource manager for the whole data center that manages resource distribution among virtual machines 
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in the data center. Also, it resizes VMs according to their resource needs, and decides when and which 

VMs should be migrated from PMs. The agents which are implemented in hypervisors are connected to 

central manager through network interfaces and have responsibility for monitoring PMs as well as 

sending gathered information to the central manager. Hypervisor performs actual resizing and 

migration of VMs as well as changes in power modes of the PMs.  

The target system consists of datacenters with heterogeneous resources which are hosts of various 

users with different applications who want to run multiple heterogeneous VMs on datacenter nodes, 

resulting in dynamic mixed workloads on PMs. VMs and PMs are characterized with parameters 

including CPU computation power defined in Millions Instructions Per Second (MIPS), RAM, and 

Network bandwidth. 

Physical Machine 1 Physical Machine m

Agent Hypervisor Agent Hypervisor

VM 1 VM 2 VM n VM 1 VM 2 VM n

Central Manager

End User

 

Fig. 1. System Model [15]. 

 

3.1 Temperature, Power and Energy Models 

 

The main contributors of total power consumption in a datacenter can be categorized into two 

groups of IT (such as servers, storage devices, and network equipment) and non-IT equipment (such as 

lighting, CRAC units, etc.). Lighting power consumption is negligible and is neglected in our model. 

CRAC units are consisted of cooling equipment and air conditioner systems, the efficiency of which 

depends on several factors, including the conductive substance and the air flow velocity, but is 

quantified by a Coefficient of Performance (COP) [16]. COP is defined as the ratio of the amount of 

heat removed by the cooling device to the energy consumed by the cooling device [17]. The COP is not 

constant and normally increases with the supplied air temperature [16]. Thus, the power consumed by 

the CRAC unit in a data center is assumed to be related to the power consumption of IT equipment 

using Eq. (1) similar to [18]. 

)(TCOP

P
P

IT
CRAC   (1) 

Where COP is proportional to the temperature of CRAC units. In this study we use the COP model 

used in [16], which is obtained from a water chilled CRAC unit in HP Utility data center as Eq. (2). 

csupTbsupTa)supT(COP 
2     (2) 

Where Tsup is the supply CRAC air temperature. Also, a, b, and c are three constants defined in [16] 

to model the relationship between COP and the temperature of CRAC units. Moreover, we model the 

temperature in cloud data centers from the observations reported in [19] that infers a logarithmic 

behavior of CPU temperature with respect to CPU utilization in multicore multi-threaded systems 

(which are the most common computing equipment configuration in cloud datacenters). So, we 

consider a logarithmic relation model for physical machines temperature based on their CPU utilization 

which is interpolated from the data reported in [19] as defined in Eq. (3): 

   )iuln(
i
outT   (3) 

Where i
outT  is the outlet temperature of PMi; ui is the CPU utilization percent of  PMi; and   and 
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  are two constants which are derived from the physical characteristics of hardware as well as the 

configurations of cooling and fan systems. 

Conceptually, the fan of i'th node draws cold air over the PMi at flow rate fi and inlet 

temperature i

in
T , and dissipates heated air with average outlet temperature i

outT . According to the law of 

energy conservation and the fact that almost all power drawn by a computing device is dissipated as 

heat, the relationship between power consumption of a node and the inlet/outlet temperature can be 

approximated as Eq. (4) [17]. 

)(
i

in
i

outpii TTCfP     (4) 

where   is the air density; fi is the flow rate of i'th node's fan; Cp is the specific heat of air. This 

equation can be interpreted as the power consumption of node i will cause air temperature to rise from 

i

in
T  to i

outT . 

In order to find the optimum supply temperature of CRAC unit that leads to the least total power 

consumption, we calculate the summation of both sides of Eq. (4) on all PMs and get the Eq. (5) which 

gives the relationship of Tsup with outlet temperature of PMs, the power consumption in IT equipment, 

and thermodynamic configuration parameters. 
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#

1
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#

1
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#

1

sup

#

1 ps

IT
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i
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Host

i

i
outpi

Host

i

i
Cf

P
T

Host
TTTCfP


 

 
  (5)  

Where Host#  is equal to the number of PMs in a data center. It is important to note that it is 

assumed to have ideal fan systems; so all inlet temperatures of PMs are assumed to be equal to Tsup and 

all fi to be equal fs.  

We utilize the power consumption model defined in [8] which considers a linear model for power 

consumption depicted in Eq. (6).  

)()1())(( tuPkPktuP
MaxMax

   (6) 

Where P
Max

 is the maximum power consumed in a PM when its utilization is 100%; u(t) is the PM 

utilization at time t; and k is the fraction of power consumed by an idle server. In this model, the power 

consumption is linearly computed based on the utilization of servers.  

Also, the total power consumption in the data center is computed using Eq. (7)  

)()()( tPtPtP CRACIT    (7) 

Where )( tP
CRAC

is the power consumption of CRAC units in a data center.  

Finally, energy consumption is modeled as the summation of power consumed during a period of 

time according to Eq. (8) which is widely used in the literature such as [8]. 


t

dttPtE )()(  (8) 

3.2 SLA Violation Metrics 

 

QoS requirements are commonly formalized in the form of SLAs, which can be determined in 

terms of such characteristics as minimum throughput or maximum response time delivered by the 

deployed system [12]. As these characteristics can vary for different applications, it is necessary to 

define a workload independent metric that can be used to evaluate the SLA delivered to any VM 

deployed in an Infrastructure as a Service (IaaS) such as OTF (Overload Time Fraction) metric defined 
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in [20]. In this study, we use a modified version of SLA Violation (SLAV) metric introduced in [12] as 

defined in Eq. (9) which is composed of multiplication of two metrics: the SLA violation time per 

active host (SLATAH) and performance degradation due to migration (PDM) as defined in Eq. (10). 

PDMSLATAHSLAV   (9) 






M

j r

dN

i a

S

j
C

j
C

M
i

T

i
T

N
SLATAH

11

1
PDM   ,

1

 (10) 

In the default SLATAH metric defined in [12], Tsi is the total time during which the host i has 

experienced the utilization of 100%; However, we define Tsi as the total time during which allocated 

resource to the VMs is lower than their requested resource along with either CPU, RAM, or network 

bandwidth; Tai is the total time during which the host i has been in the active state; N is the number of 

PMs; Cdj is the estimate of the performance degradation of the VMj caused by migrations which is 

estimated as 10% of the average CPU utilization in MIPS during all migrations of the VM j; Crj is the 

total CPU capacity requested by the VMj during its lifetime; and M is the number of VMs. 

 

4. PROPOSED RESOURCE MANAGEMENT ALGORITHM  

4.1 Enhanced Optimization (EO) Policy 

The process of on-line resource allocation in cloud data centers include four main phases: (1) 

determining when a host is considered as being overloaded; (2) determining when a host is 

considered as being underloaded; (3) selection of VMs that should be migrated from an 

overloaded host; and (4) finding the new placement of the VMs selected for migration [12]. In this 

study, a reference scenario consisting the best policies reported in [12] for the aforementioned 

phases is extended by applying our new heuristics. More precisely, this study takes advantage of a 

resource management solution including Local Regression (LR) for the first phase, a simple 

method (SM) for the second phase, Minimum Migration Time for the third phase (MMT), as well 

as Power & SLA violation & Number of VM Migrations Allocation Genetic Algorithm (PSNGA) 

policy for the fourth phase along with the Enhanced Optimization (EO) policy proposed in our 

previous study [15] in which the following procedure is adopted for the whole resource 

management process.  

 First, the new incoming VMs that have just requested resources are placed on appropriate PMs 

using PSNGA policy. After that, a resource optimization cycle is repeated in which PMs' resource 

utilizations information is gathered at every management scheduling interval. In the first step, PMs are 

searched one by one to find overloaded PMs until there is no more hotspot. Resource utilization values 

of each PM are predicted based on the resource utilization history of PMs, using Local Regression (LR) 

prediction algorithm [12]. If the prediction algorithm forecasts for a PM that utilization of either one of 

its resource types will be more than 100%, then this PM is determined to be an overloaded PM. After 

that, VMs residing on overloaded PMs are selected for migration based on Minimum Migration Time 

(MMT) policy until the elimination of hot spots [12]. In the following step, selected VMs are 

categorized based on their utilization. Then, a resource allocation procedure is executed for the sorted 

VMs to find their migration destination using MBFD allocation policy [8]. MBFD policy finds the PM 

that both have enough resource to host the VM as well as the least power increase after allocation of a 

VM. If the control system finds a proper destination for a VM, then it is added to the migration list. 

Following that, underloaded PMs are determined. In each searching step to find underloaded PMs, the 

PM with the least resource utilization is selected as a candidate of being underloaded. VMs from 

underloaded PMs are added to the migration list until the controlling system cannot find any 

underloaded PM. In the following step, selected VMs from underloaded PMs are sorted based on their 

utilization. If the control system can find proper PMs as migration destinations for all the VMs residing 

on an underloaded PM using MBFD policy, then all its VMs are added to the VM's migration list. 

Otherwise, none of the VMs are added to the VM's migration list. At the final step, a new placement is 

found for all the VMs in the migration list based on our proposed PSNGA policy and then migrations 
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are initiated. One major advantage of this flowchart in comparison with state of the art is that the VM 

placement step is executed after finding the complete list of VMs to be migrated either from overloaded 

or underloaded PMs, rather than in separate steps for them. Consequently, our placement has a holistic 

view of the whole probable allocations rather than executing VM allocations one by one. 

4.2 Solution Representation Model  

 

Similar to our previous study [21], the size of our solution representation model is equal to the 

number of VMs and its value is presented by an integer ranging from 1 to the number of PMs. In other 

words, to map M VMs to N PMs, each solution encodes a scheduler which holds M location to 

represent the placement of VMs on PMs. In another word, the value of the i'th location shows the PM's 

number that i'th VM resides on. For instance, Fig. 2 shows that VM1 resides on PM1, VM2 reside on 

PM2, and VMM resides on PMx that x index is smaller or equal N.  

PM1

VM1

PM2

VM2

PMi

VMi

PMx

VMM

 

Fig. 2. Chromosome Representation 

4.3 Power, SLA violation, and Number of VM Migrations Genetic Algorithm (PSNGA) policy 

In this section, we present PSNGA policy which is implemented in fitness function computation of 

GA. The pseudo-code for fitness function computation using PSNGA policy is presented in Algorithm 

1. The fitness function value is utilized to evaluate allocations of VMs on PMs specified by resource 

allocation representations in each epoch of GA. 

Algorithm 1: GA fitness function computation using PSNGA policies 

1 Input: PM's available resource, VM's requested resource, Allocation map; 

Output: Fitness function Value 

2 For each allocation defined in allocation map do 

3    If (VM's requested resource < PM's available resource) 

4         Fitness = Fitness + computed fitness function using Eq. (13) 

5    else 

6        Fitness = Fitness – big value 

7    end 

8 end 

9 Fitness function value = -sum(Fitness) 

 

Fitness function computation in PSNGA policy is designed to apply the following conditions in the 

answer: (1) the selected PM has the least power increase, (2) the selected PM has the most available 

resource, (3) the selected PM has the least number of VMs. This is achieved through considering the 

aforementioned criteria in the fitness function defined in this section as follows. (1) The less the power 

increase of a PM in Eq. (14), the more the value of fitness function becomes. (2) Moreover, if the 

requested resource of a VM is more than the available resource of a PM, the fitness function value 

notably decreases in Eq. (14). (3) Besides, Eq. (13) applies the condition in which the lower the number 

of VMs on a PM, the more the value of fitness function becomes. It is important to note placing a VM 

on a PM that already hosts the least number of VMs leads to a condition that the VM confronts with 

fewer competent for shared resources and consequently the SLA violations are decreased. On the other 

hand, VM placements on a PM that has not enough resource to host the VM is penalized in Eq. (14) 

that results in omission of such placements and consequently the MPSV metric is reduced. As a result 

of both placing VMs on PMs that have enough resource as well as considering the number of VMs on 
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PMs, the placements are more accurate which leads to lower number of hotspots and fewer number of 

VM migrations.   

More formally, the main goal of PSNGA is to minimize the energy consumption, SLA violations, 

and the number of VM migrations through maximizing the fitness function defined in Eq. (11): 

 
 

M

i

N

j

ijij
XF

1 1

max  (11) 

Where  






PMth j'  toassignednot  is VMth i' if      0
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1000
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1
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iVM
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iVM

jPMoniVMplacingIncreasePowerTotal

ijN

 (14) 

Where M and N are the number of VMs and the number of PMs, respectively. Eq. (11) defines the 

fitness function which is computed based on the placements of VMs on PMs (Xij). As Eq. (12) shows, 

Xij equals one if VMi allocates to PMj and zero otherwise. In Eq. (13) the objective function is 

computed based on two criteria. The first criterion is the number of VM (#VM) and the second 

criterion is the amount of total power increase due to placement of VMi on PMj. In Eq. (14), if the 

requested resource of a VM is higher than the available resource of a PM, the value of Nk is set to a 

negative large value. In Eq. (14), PM and VM are representative of the resource values available on PM 

and the resource values demanded by the VM, respectively.  

4.4 Constraints 

The constraint of Eq. (15) determines that every VM should inhibit on only one PM.  Moreover, Eq. 

(16) depicts that the number of VM allocations should not exceed the number of VMs. 






N

j

Mi
ij

X

1

,...,2,1      1  (15) 

 
 



M

i

N

j

ij
MX

1 1

    
 (16) 

4.5 Population Types 

A population type specifies the data type of the input to the fitness function. Since our computations 

are on double types, population type is set to be double vector. 

4.6 Population Size 

It specifies how many individuals there are in each generation. With a large population size, the 

genetic algorithm searches the solution space more thoroughly, thereby reducing the chance that the 

algorithm will return a local minimum that is not a global minimum. However, a large population size 

also causes the algorithm to run more slowly. So, we set populations size to be 20. 
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4.7 Creation Function 

Creation function specifies the function that creates the initial population for genetic algorithm. 

Since there are constraints in our problem, we set this function so that it creates a random initial 

population that satisfies all bounds and linear constraints.  

4.8 Scaling Function 

Fitness scaling converts the raw fitness scores that are returned by the fitness function to values in a 

range that is suitable for the selection function. We use a fitness scaling that scales the raw scores based 

on the rank of each individual instead of its score. The rank of an individual is its position in the sorted 

scores. 

4.9 Selection Function 

Selection function specifies how the genetic algorithm chooses parents for the next generation. Our 

selection function lays out a line in which each parent corresponds to a section of the line of length 

proportional to its scaled value. The algorithm moves along the line in steps of equal size. At each step, 

the algorithm allocates a parent from the section it lands on. The first step is a uniform random number 

less than the step size. 

4.10 Reproduction Function 

Reproduction function specifies how the genetic algorithm creates children for the next generation. 

One important part of this function is elite count which specifies the number of individuals that are 

guaranteed to survive to the next generation that is considered here to be 2. The other important part of 

this function specifies the fraction of the next generation, other than elite children, that are produced by 

crossover which is set to .8. 

 4.11 Mutation Function 

Mutation options specify how the genetic algorithm makes small random changes in the individuals 

in the population to create mutation children. Mutation provides genetic diversity and enables the 

genetic algorithm to search a broader space. Here mutation function comes from a Gaussian 

distribution in which a random number taken from a Gaussian distribution with mean 0 is added to 

each entry of the parent vector. 

4.12 Crossover Function 

Crossover options specify how the genetic algorithm combines two individuals, or parents, to form 

a crossover child for the next generation. We use a scattered crossover function that creates a random 

binary vector and selects the genes where the vector is a 1 from the first parent, and the genes where 

the vector is a 0 from the second parent, and combines the genes to form the child. 

4.13 Stopping Criteria 

Stopping criteria determines what causes the algorithm to terminate. This criterion can be set by 

using parameters such as, maximum number of generations, maximum time limit, minimum fitness 

limit, stall time limit, and function tolerance. In this study, maximum number of generations equal to 

100 is set for the algorithm. Moreover, the algorithm runs until the cumulative change in the fitness 

function value over stall generations is less than or equal to function tolerance. 

5. PERFORMANCE EVALUATION 

In this section, we discuss performance evaluation of the resource allocation heuristics presented in 

this paper. Since any kind of applications can be run on a VM in a cloud datacenter, extracting the 

exact utilization model of different system parameters generated by mixed workloads is not possible. 

Hence, for the simulations, the utilizations of CPU, RAM, and network bandwidth of a VM are 
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considered to be changed based on a uniformly distributed random variable. Such modeling has been 

validated and used by [8, 11].   

5.1 Experiment Setup 

Implementing and evaluating the proposed algorithms on real infrastructure is very expensive and 

time-consuming. Moreover, executing repeatable large-scale experiments to analyze and compare the 

results of proposed algorithms is really hard. So, we have used simulation for performance evaluation. 

We have chosen the Cloudsim toolkit [22] as our simulation platform among available cloud 

computing simulators which enables us to perform repeatable experiments on large-scale virtualized 

datacenters. 

In our infrastructure setup which has real configurations, we have simulated a datacenter 

comprising 800 installed heterogeneous physical machines that half of which is supposed to be HP 

ProLiant ML110 G4 and the other half HP ProLiant ML110 G5, the configuration of which are 

depicted in table 1. Power consumption by the physical machines is computed based on the models 

introduced in section 3.1 in which Max

s
P

Re
 is set to be 117W and 93.7 W; and k is set to be .74 and .7 for 

our two mentioned physical machines types, based on the data provided by the results of the 

SPECpower benchmark [4]. Moreover, the value of thermodynamic parameters including  , which 

specifies the density of air,  Cp, which specifies the specific heat of air, fi , which specifies the flow rate 

of PMi, are considered to be 1.19 Kg/m
3
, 1005 J/Kg/K, and 520 CFM/s, respectively. Furthermore,   

and  , which are the coefficients defined in Eq. (3), are derived from the data reported in [19]  and are 

considered to be 4.9609 and 20.928, respectively. Also, a, b, and c, which are the coefficients defined 

in Eq. (4), are considered to be 0.0068, 0.0008, and 0.458, respectively, based on the COP model 

defined in [16]. Besides, it is supposed that batch requests of VMs are delivered to the broker during 

the simulation time which their initiation follows Batch Markovian Arrival Process (BMAP) 

distribution. In order to make a uniform environment setup for comparison of different algorithms, 

batch sizes are set so that totally 1010 VMs are produced in 5 batches. VMs are supposed to correspond 

to four Amazon EC2 VM types, the characteristics of which are depicted in table 2.  

Table 1. Configuration of servers 

Server CPU model Cores Frequency(MHz) RAM (GB) 

HP ProLiant G4 Intel Xeon 3040 2 1860 4 

HP ProLiant G5 Intel Xeon 3075 2 2660 4 

 

Table 2. VM types (four Amazon EC2 VM types) [23]. 

VM type CPU (MIPS) RAM (GB) 

High-CPU medium instance 2500 0.87 

Extra-large instance 2000 3.75 

Small instance 1000 1.7 

Micro instance 500 0.613 

  

5.2 Performance Metrics 

In order to evaluate and compare the performance of our proposed algorithms, we use two metrics. 

In order to assess the simultaneous minimization of energy, SLA violation, and number of VMs' 

migrations, we use the Energy-SLA-Migration (ESM) metric defined in [15] and [6] as shown in Eq. 

(17). Besides, in order to make our results comparable with the algorithms presented in [12], we also 

consider Energy-SLA-Violation (ESV) metric which is shown in Eq. (18). 

CountMigrationsSLAVEnergyESM   (17) 

SLAVEnergyESV   (18) 

5.3 Simulation Results 
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The on-line resource allocation process include four main phases: (1) determining when a host is 

considered as being overloaded; (2) determining when a host is considered as being underloaded; (3) 

selection of VMs that should be migrated from an overloaded host; and (4) finding a new placement of 

the VMs selected for migration from the overloaded and underloaded hosts. In this section, a reference 

scenario consisting combination of the best policies reported in [12] for the aforementioned phases 

including Local Regression (LR) for the first phase, Minimum Migration Time for the second phase 

(MMT), a simple policy for the third phase, and PABFD policy for the fourth phase, is considered as a 

reference scenario (abbreviated as LR). Our proposed PSNGA algorithm is compared with the 

reference scenario as well as with five other policies proposed in [1, 12, 14], as follows: 

OBFD: A structure-aware online virtual machine consolidation algorithm proposed in [1]. Our Best 

Fit Decreasing (OBFD) algorithm first sorts the VMs in decreasing order of their dynamic requested 

MIPS and then tries to find the best server for each VM that leads to the minimum increase of power 

consumption of datacenter. 

UMC: A VM placement algorithm proposed in [14] that takes into account both host utilization and 

minimum correlation in its decision making process. In Utilization and Minimum Correlation (UMC) 

algorithm, a VM will be migrated to a PM that its CPU utilization has the lowest correlation with all 

VMs CPU utilization on that PM.  

IQR, MAD and THR: The three heuristic algorithms for dynamic reallocation of VMs proposed in 

[12]. The main idea behind these algorithms is to keep the total CPU utilization of PMs between upper 

and lower utilization thresholds. The upper and lower thresholds are adapted dynamically in IQR and 

MAD algorithms based on the Interquartile Range (IQR) and Median Absolute Deviation (MAD) 

approaches, respectively. Also, the threshold (THR) method defines a static threshold and initiates 

migration of VMs when the current utilization exceeds 80 percent of the total amount of available CPU 

capacity on the PM.  

The difference between our scenario and the one proposed in [12] is that our scenario takes 

advantage of the procedure described in section 4.1 as well as the novel PSNGA resource allocation 

proposed for the fourth phase which considers power consumption of both IT equipment and cooling 

systems. There are three factors that can affect the absolute value of output results including the 

infrastructure setup considered for simulations, the change in the utilizations of CPU, RAM, and 

network bandwidth of VMs which are changed based on a uniformly distributed random variable, and 

the change in the delivery of batch requests of VMs which their initiation follows BMAP distribution. 

Therefore, each experiment is repeated 10 times and the average results for energy consumption, SLA 

violation, number of VM migrations, execution time as well as ESV and ESM metrics are reported in 

table 3. Besides, Fig. 3 shows the energy consumption in the data center for all aforementioned 

policies; Fig. 4 shows the value of SLA violation incurred to the system; Fig. 5 depicts the value of 

ESV metric; Fig. 6 shows the overall number of VM migrations executed in the system during 

simulation time; Fig. 7 depicts the ESM metric; and Fig. 8 shows the average execution time for 

different policies. 

As depicted in Fig. 3, Fig. 4, Fig. 6, and Fig. 8, the results for PSNGA policy regarding energy 

consumption, SLA violation, number of VM migrations, and execution time are prominently less than 

other policies. As a result, ESV and also ESM metrics for PSNGA policy are much less in comparison 

with other policies as shown in Fig. 5 and Fig. 7, respectively. More precisely, it can be deduced from 

table 3 that adoption of PSNGA policy leads to about 23.77%, 31.59%, 61.17%, 47.85%, 79.77%, and 

26.52% reductions in energy consumption, SLA violation, number of VM migrations, ESV metric, 

ESM metric, and execution time, respectively, in comparison with the reference scenario (LR). This 

observation can be described by the fact that PSNGA policy applies a holistic view to the resource 

allocation problem thanks to adoption of both EO policy and GA based allocation policy. EO policy 

aggregates the VMs to be migrated from either overloaded or underloaded PMs in the VM migration 

list and executes VM placement problem in one step after completing the VM migration list while the 

other policies executes VM placement for overloaded and underloaded PMs separately. Also, PSNGA 

solves the VM placement problem using GA for the all VMs present in the migration list while the 

other policies allocate VMs to PMs one by one.  Moreover, PSNGA policy considers multiple criteria 

including power increase of PMs due to VM placements, number of VMs on PMs, and also the 
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available capacity on PMs that notably improves the output results. More importantly, PSNGA 

considers the power consumption of both IT equipment and cooling systems that reduces the total 

energy consumption. Also, it can be inferred from Fig. 8 that adopting PSNGA policy leads to the least 

execution time in comparison with other policies. This outcome is mainly due to adoption of EO policy 

for the whole process of resource management in cloud data centers. More precisely, this observation 

can be described by the fact that PSNGA policy solves the problem of resource allocation for all the 

VMs gathered in the migrations list in one step taking advantage of both EO policy and heuristics 

described in section 4 while the other policies solve the resource allocation problem separately for each 

VM and one by one. More precisely, the other policies run the VM placement algorithm many times 

after finding any VM to be migrated from either overloaded or underloaded PMs and repeat the 

computations of VM placement for each migrating VM one by one. However, our PSNGA policy 

gathers all the VMs to be migrated from either overloaded or underloaded PMs in a migration list and 

run the VM placement algorithm only one time after completion of the migration list. So, adopting the 

EO policy along with GA based heuristics not only results in notable improved performance regarding 

both ESV and ESM metrics, but also results in less execution time.  

Table 3．Output results for different VM allocations policies. 

Policy 

Energy 

consumption 

(Kwh) 

SLAV 

(×10
-5

) 

ESV 

(×10
-3

) 

Number of 

VM 

migrations 

ESM 
Execution 

time (mSec) 

LR 271.00 6.4671 17.526 9395.9 164.88 44.11 

THR 374.86 21.584 80.922 64561.7 5226.1 282.11 

IQR 360.82 14.124 50.969 56349.2 2872.6 257.02 

MAD 346.50 20.167 69.878 56230.8 3929.5 310.59 

PSNGA 206.57 4.424 9.1390 3648.6 33.344 32.41 

OBFD 271.4514 6.588 17.879 9353.1 167.36 43.24 

UMC 257.3923 5.631901 14.496 8808 127.94 88.70 

 

  
Fig.3. Energy consumption of different 

policies for on-line resource allocation. 

Fig.4. SLA violation of different policies for 

on-line resource allocation. 



MULTI TARGET DYNAMIC VM CONSOLIDATION IN CLOUD DATA CENTERS USING GENETIC ALGORITHM 

 
13 

  
Fig.5. ESV of different policies for on-line 

resource allocation. 

Fig.6. Number of VM Migrations of 

different policies for on-line resource allocation. 

  
Fig.7. ESM of different policies for on-line 

resource allocation. 

Fig.8. Average execution time of different 

policies for on-line resource allocation. 

 

6. CONCLUSION 

There are various important concerns for cloud providers each of which needs developing smart 

solutions to tackle with. This paper has concentrated on resource allocation problem and has evaluated 

various important issues in cloud ecosystems, which are power and energy consumption, SLA 

violation, and number of VM migrations. Besides, this paper has explained the central importance of 

considering different system parameters such as CPU, RAM, and network bandwidth in decision 

making process. More importantly, this paper introduced PSNGA policy as a novel holistic multi-

criteria solution for resource allocation based on genetic algorithm which considers the power 

consumption of both IT equipment and CRAC units at the same time. The results of experiments 

obtained from an extensive evaluation of proposed policies using Cloudsim simulator have shown that 

PSNGA policy outperforms existing cloud resource allocation algorithms regarding energy 

consumption, SLA violation, and number of VM migrations, due to simultaneous consideration of the 

power consumed in both IT equipment and CRAC units in decision process as well as having a holistic 

view of total cloud resource configuration. The research work is planned to be followed by 

implementing the proposed policies using real cloud infrastructure management products such as 

OpenStack.  
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