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Abstract— Cloud service provider‟s main aim is to provide 

better services to cloud customer and proper utilization of 

the cloud resources in data centers, such that energy 

consumption cost and SLA violation rate are to be 

minimized. In this paper our approach is to obtaining future 

CPU load information in advance. As CPU is the key factor 

for the performance of application. So CPU load prediction 

is one of the most important aspect in the cloud resource 

provisioning. We propose two different CPU load prediction 

approaches based on Linear Regression and Support Vector 

Regression technique, which are suitable for dynamic 

characteristics of cloud applications and complex cloud 

computing environment. The proposed approach 

approximate the short time future CPU utilization based on 

the history of usage in each host. Planetab real workload has 

been considered for testing the performance of our proposed 

approaches. Experimental results show that the proposed 

techniques can significantly minimize the energy 

consumption cost and SLA violation rate. 

Key words: Cloud Computing; Energy Efficiency, SLA 
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I. INTRODUCTION 

Cloud computing is a model for enabling convenient, on-

demand network access to a shared pool of configurable 

computing resources (e.g., networks, servers, storage, 

applications, and services) that can be rapidly provisioned 

and released with minimal management effort or service 

provider interaction. Cloud computing is typically divided 

into three levels of service offerings [1] as shown in Figure 

1. Software-as-a-service (Saas) provides standard 

application software functionality as service on demand. 

Platform-as-a-service (Paas) offers computational resources 

via a platform upon which applications and services can be 

developed. Infrastructure-as-a-service (Iaas) delivers basic 

infrastructure support services. This layer can use 

virtualization capabilities for enhancing accessibility of 

cloud data center infrastructure.  

 
Figure 1: Services of cloud computing 

The term virtualization in the cloud computing 

allows executing two or more operating system parallel on 

just single server or host. By virtualization technology 

resource have been shared among the Virtual Machines 

(VMs).  This technique allows data centres to lease virtual 

machines to end users, rather than traditional method of 

deploying separate server for an individual client. Each VM 

can execute multiple application on a host simultaneously. 

On the other side, virtualization has some limitations. 

Nowadays, applications have highly variable workloads 

causing dynamic CPU usage patterns. The consolidation of 

VMs can lead to performance degradation when an 

application encounters increasing demands, resulting in an 

unexpected grow of the CPU usage. The optimal strategy is 

to timely adjust CPU provisioning according to the actual 

demand. The precondition of this approach is to find out the 

future CPU load. Earlier efforts [2] indicated that CPU load 

is strongly correlated over time, which implies that history-

based load prediction schemes are possible.  

The aim of this work is to improving the CPU 

utilization by CPU load prediction. We proposed two CPU 

load prediction algorithms, LR_Predict and SVR_Predict, 

mainly based on statistical learning technology, Linear 

Regression and Support Vector regression respectively. 

These approaches are suitable for the complex and dynamic 

characteristics of the Cloud Computing environment. 

Experiments with PlanetLab real workload data have shown 

that, in comparison with benchmark methods and proposed 

method LR_Predict and SVR_Predict, SVR_Predict method 

shows better results by minimize the energy consumption 

with contrast to other benchmark methods and proposed 

LR_Predict method. 

II. RELATED WORKS AND MOTIVAATION 

A. Related Works 

Gmach et al.[3] explored the problem of energy efficient 

consolidation of VMs dynamically in enterprise 

environment. They proposed the technique, which is a 

combination of a trace-based workload placement controller 

and a reactive migration controller. Vahora and Patel [4] 

have surveyed on VM management techniques in CloudSim. 

In their work the authors have discussed about the CloudSim 

working, its architectural design, highlighting important 

features and brief overview of its functionalities. Singh and 

Chana [5] have proposed energy based efficient resource 

scheduling: A Step towards Green Computing. They have 

discussed the architectural principles for energy efficient 

management of Clouds, energy efficient resource allocation 

strategies and scheduling algorithm considering Quality of 

Service (QoS) outlooks. Vikas Kumar [6] a temperature 

aware technique to maintain the temperature of virtualized 

cloud system below critical temperature has been proposed. 

The author has emphasized some issues related to high 

temperature gradients degrade reliability and performance in 

this work. Farahnakian et. al [7] have proposed linear 

regression based CPU usage prediction algorithm for live 

migration of virtual machines in datacenters. According to 

their proposed approach, short-time future CPU utilization 
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based on history of usage, over-loaded, under-loaded hosts 

are predicted and to avoid SLA violation some VMs migrate 

to other hosts and to avoid energy consumption hosts 

switches to sleep mode. Rongdong Hu et. al. [8] proposed 

CPU Load Prediction Using Support Vector Regression and 

Kalman Smoother for Cloud. In their work one optimal 

strategy is to timely allocate resources in a fine-grained 

mode according to the actual resources demand of 

applications. A multi-step-ahead CPU load prediction 

method based on Support Vector Regression has been 

proposed in their work. Yacine Kessaci et. al. [9] proposed 

an energy-aware multi-start local search heuristic for 

scheduling VMs on openNebula clod distribution. They 

have discussed that when working on cloud distribution 

dispatched on huge number of machines, reduction in 

energy consumption is an important issue, which leads to 

reduction in energy bills and green house gas emission and 

they have proposed a technique that optimizes the energy 

consumption of an openNebula managed geographically 

distributed cloud computing infrastructure. Beloglazov et. 

al. [10] proposed Energy-aware resource allocation 

heuristics for efficient management of data centers for 

Cloud computing. A survey of research in energy efficient 

computing has been conducted and proposed principles for 

energy-efficient management of Clouds, energy-efficient 

resource allocation policies, scheduling algorithms 

considering QoS expectations and power usage 

characteristics of the devices. Kayacan and Ulutas [11] 

proposed time series prediction based grey system theory. 

However, the lack of ability of conventional analysis 

methods to forecast time series that are not smooth leads the 

scientists and researchers to resort to various forecasting 

models that have different mathematical backgrounds, such 

as artificial neural networks, fuzzy predictors, evolutionary 

and genetic algorithms. The authors have discussed the 

accuracies of different grey models such as GM(1,1), Grey 

Verhulst model, modified grey models using Fourier Series 

is investigated. 

B. Motivation 

CPU load forecasting is a challenging task in Cloud 

computing environment for the following reasons. First, 

nowadays, applications have fluctuant loads which lead to 

complex behaviors in resources usages as their intensity and 

composition change over time. Second, for security and 

privacy, Cloud service providers are usually forbidden to 

access to the internal details of the applications. So, Cloud 

management system cannot take advantage of the 

application‟s internal characteristics to forecast load. Third, 

unlike traditional computing environment, in Cloud, the 

external environment which the applications have to face is 

dynamic. Interference among applications hosted on the 

same physical machine leads to complex resources usage 

behaviors. For instance, an application with constant load 

should have constant CPU demand in exclusive non-

virtualized environment. But in Cloud where co-hosted 

applications compete for the shared cache or I/O, the usage 

of CPU will likely fluctuate. 

Advanced Cloud computing data centers consist of 

heterogeneous and distributed components, making them 

difficult to manage piece-wise, let alone as a whole. 

Furthermore, the scale, complexity and growth rate of these 

systems render any heuristic and rule-based system 

management approaches inadequate. It is also infeasible to 

forecast CPU load by modeling the behaviors of the various 

applications and their relationships to each other. In 

response to these challenges there are some statistics-based 

techniques for forecasting the CPU load and guide CPU 

provisioning decision better in Cloud. Our approach is to 

make the use of statistical learning method – Support Vector 

Machine (SVM). 

III. APPROACH 

We treat the CPU load forecasting as a time series 

prediction problem.  

A. Linear Regression based CPU Utilization Prediction: 

In statistics, regression is a popular statistical approach to 

estimate the relationship between one or more input 

variables and the output variable. Linear regression is an 

approach for modeling the relationship between a scalar 

dependent variable y and one or more explanatory variables 

(or independent variable) denoted X. The case of one 

explanatory variable is called simple linear regression. More 

than one input variable is multiple regression. In all cases, 

regression approximates a function (regression function) 

that it can be considered as linear or non-linear. The linear 

regression models the relationship between an input variable 

x and output variable y by a straight line 

y = β0+ β1 x           (i) 

The parameters β0 and β1 are regression 

coefficients. A measure of goodness of fit, that is, how well 

it predicts the output variable y is the magnitude of the 

residual εi each of the n data points  

εi = yi - ŷ I      (ii) 

εi is the difference between the prediction output (

ŷ ) and the real output (yi)in data point i. Ideally, if all the 

residuals are zero, one may have found an equation in which 

all the points lie on the model. Thus, minimization of the 

residual is an objective for obtaining regression coefficients. 

The most popular method to minimize the residual is the 

least squares method, where the coefficient parameters of 

the models are chosen such that the sum of the squared 

residuals over all data points is minimized, that is minimize 
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Suppose the least-squares estimators of 0̂  and 1̂  

are and  . 

 
Where X  and Y   are the means of the Xi and Yi 

observations, respectively.  

The VMs live migration means the migration of a 

VM from source computer (Host) to destination when the 

virtual machine is powered up. Virtual machine migration 

should occurs in such a way that it should minimize both 

total migration time and down time. Downtime is the time 

for which service is not available. Downtime is transparent 

to the users. Total migration time is the time from when the 

migration is started to when the source virtual machine is 

discarded. The VMs live migration optimizes the VMs 
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placement in order to reduce the number of hosts with 

maximum expected benefit. This benefit is the combination 

of two factors: the rate of SLA violations and power 

consumption in the resulting reallocation. SLA shows the 

level by which the QoS requirements negotiated between the 

data center and costumers. The service provider pays a 

penalty charges to the cloud client in case of an SLA 

violation. An SLA violation occurs when a given VM 

cannot get the requested MIPS. This can happen in cases 

when VMs sharing the same host require a CPU 

performance that cannot be provided due to the 

consolidation. The VMs live migration process can be 

divided four steps [7].  

 Over-loading detection: when a host is overloaded. 

 Under-loading detection: when a host is under-

loaded. 

 VM selection: choosing which VMs should be 

migrated from the under-loaded or over-loaded 

host. 

 VM allocation: selecting a host for migration the 

selected VMs from the under-loaded or over-

loaded host. 

The proposed approach employs linear regression 

based prediction of overloaded host on the basis of past one 

hour CPU utilization history of a host. In this section, we 

first explain how proposed algorithm estimates the expected 

CPU requirements in a host. Then, we describe how linear 

regression algorithm is applied in over-loading detection. 

Linear regression algorithm approximates a prediction 

function based on the linear regression method. The function 

shows the linear relationship between the future and current 

CPU utilization in each host as follows: 

y = β0+ β1 x   (1) 

Where β0 and β1 are regression coefficient 

parameters that estimate according to the k last CPU 

utilization in a host. The y and x are the expected and 

current utilization values, respectively. The parameter k is 

set to 12 in our simulation, as the interval of utilization 

measurements is five minutes. The pseudo code of 

LR_Predict algorithm is: 

 

The coefficient parameter 
1̂
 and 

0̂
are being 

calculate and updated for every k past utilization in (line 9-

10). The prediction function is calculated by updated  
0̂
 and 

1̂
parameters. The linear regression calculates the difference 

between the real and predicted utilization values, calculated 

from k past host utilization values. Finally, the function is 

used for forecasting the utilization based on the current 

utilization of all VMs on the host (line 13). 

B. Support Vector Regression based CPU utilization 

prediction: 

In machine learning, support vector machines, SVM are 

supervised learning models with associated learning 

algorithms that analyse data and recognize patterns, used for 

classification and regression analysis [8]. SVR is the 

methodology by which a function is estimated using 

observed data which in turn train the SVM. Its goal is to 

construct a hyper-plane that lays close to as many of the data 

points as possible. This goal is achieved by arriving at the 

most flat function which ensure that the error does not 

exceed a threshold ε. Flatness is define in terms of minimum 

norm whereas the error threshold is introduced as a 

constraint. There are three methods for controlling the 

regression model, the loss function, the kernel, and 

additional capacity control, C. The experiment results have 

been obtained by using an ε-insensitive loss function 

(e=0.05), with RBF kernel. 

When performing the time series prediction by 

SVM, each input vector xi is defined as a finite set of 

consecutive measurements of the series. The output vector yi 

contains the xn+1 observation data where n determines the 

amount of history data or feature set. Each combination (xi, 

yi) constitutes a training point. There are N such training 

points used for fitting the SVR. SVM is a linear learning 

machine. The linear function is formulation in the high 

dimensional feature space, which the form of (1) 

f(x)=wϕ(x)+b     (1) 

Where x is non-linearly mapped from the “input” 

space to a higher dimension “feature” space, via mapping 

function ϕ, we choose the Radial Basis Function (RBF) 

kernel as it is efficiently compute and has fewer parameters 

to adjust.  

In order to highlight the prediction performance of 

SVR, we have considered the following parameters, tuned 

by changing the sample size and increased the feature set 

sized. 

 SVM-Type: ε-regression 

 Cost (C): 1, penalty parameter  

 Gamma (γ): 0.0625, parameter of the RBF 

 Epsilon (ε): 0.1, ε-insensitive loss function 

 Feature set:  3 

 Sample size: 9 

It is worth emphasizing that by considering the 

above parameters (tuned parameters of SVR), the CPU load 

prediction is quite good. Therefore, the experimental results 

of this work using the SVR based prediction are more 

efficient than the linear regression based prediction results.  

The PlanetLab real workload data, in which every day CPU 

utilization values have been given with 5 minute interval or 

we can say that total 288 CPU utilization values for 24 

hours. In Support vector regression experiment we have 
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considered past one hour host utilization history or we can 

say total 12 value of host utilization. These 12 values are 

used for training the model. As SVR prediction is based on 

the training model, so out of these 12 values. We have 

considered the feature set of 3 values and total 9 samples for 

individual class-label. In connection to reduction of energy 

consumption and minimize SLA violation, SVR_Prediction 

algorithm gives better results, comparative to benchmark 

algorithms of CloudSim. The pseudo code of SVR_Predict 

algorithm is: 

SVR_Predict() 

Input: hostUtilization 

Output: predictedUtilization 

    Initialize  k=featureSetLength;  

a. svm_parameter param = new svm_parameter(); 

b. param.svm_type= svm_parameter.EPSILON_SVR; 

c. param.kernel_type = svm_parameter.RBF; 

d. param.degree = 2; 

e. param.gamma = 0.0625; 

f. param.nu = 0.5; 

g. param.cache_size = 20000; 

h. param.C = 1; 

i. param.eps = 0.1; 

j. param.p = 0.1; 

1. //Approximate the prediction function based on N past 

utilization. 

1. For i=0 to N-k do      

2.         yi ← UtilHistory(i+k) 

3.        For j=0 to k do 

4.               xi,j  ← UtilHistory(i+j) 

5.       End for 

6. End for 

7. //training the past sample data 

8. For i=0 to N-k do 

9.       Label[i]←y[i]  // class-label 

10.               For j=0 to k do 

11.                       Features.add(x[i][j]) // features 

12.                End for 

13. End for 

14. svm_problem prob1 = new svm_problem(); 

15. for i=0 to Samples 

16.      for j=0 to featureSetSize 

17.           svm_node node = new svm_node();    

18.                  node.index=j; 

19.                 node.value=feature; 

20.                prob1.x[i][j]=node; 

21.      end for 

22. prob1.y[i]=label[i]; 

23. end for 

24. svm_model model1 = svm.svm_train(prob1, 

param); // training data 

25. //testing with trained modelfile using SVR 

26. ind=0; 

27. For i=N-featureSetSize to N 

28.               xtest[i] = new svm_node();    

29.               xtest[i].index=ind; 

30.               xtest[i].value=N[i]; 

31.               ind++; 

32. End for 

33. predictedUtilization= svm.svm_predict(model1, 

xtest); 

34. return predictedUtilization; 

Total N=12 past CPU utilization values have been 

considered for training the model. Training model has been 

generated with 3 feature set length and 9 sample set size 

(line 2-25). 

IV. SIMULATION RESULTS AND ANALYSIS 

To evaluation the efficiency of our approach, 

implementations have been performed on the CloudSim 

toolkit. CloudSim is becoming increasingly popular in the 

cloud computing community due to their support for 

flexible, scalable, efficient, and repeatable evaluation of 

provisioning policies for different applications. Our 

proposed method is compared with four benchmark 

algorithms that are presented in CloudSim. The first 

algorithm monitors the CPU utilization and migrates a VM 

when the current utilization exceeds a static threshold 

(THR). The threshold sets to 80% for detecting an over-

loaded host. The next two algorithms adapt the utilization 

threshold dynamically based on the median absolute 

deviation (MAD) and the interquartile range (IQR). The 

fourth method utilizes Loess method, a local regression (LR) 

approach, to estimate the CPU utilization. We used two 

metrics to evaluate their performance: 

1) Average SLA violation percentage: represents the 

percentage of average CPU performance that has not 

been allocated to an application when requested, 

resulting in performance degradation. 

2) Energy consumption: In order to compare the 

efficiency of the algorithms, we obtained the results 

for random and real workloads. In these workloads, a 

data center comprising 800 heterogeneous hosts is 

simulated. Half of hosts are HP ProLiant ML110 G4 

servers, and the other half consists of HP ProLiant 

ML110 G5 servers. Each server has 1 GB/s network 

bandwidth. The frequency of the servers‟ CPUs is 

mapped onto MIPS ratings: 1860 MIPS each core of 

the HP ProLiant ML110 G5 server and 2660 MIPS 

each core of the HP ProLiant ML110 G5 server. In 

utilizes the real data on power consumption instead of 

using an analytical model. Table 1 illustrates the 

power consumption characteristics of the selected 

servers in the simulator 

Load 
Server 

HP ProLiant G4 HP ProLiant G5 

0% 86 93.7 

10% 89.4 97 

20% 92.6 101 

30% 96 105 

40% 99.5 110 

50% 102 116 

60% 106 121 

70% 108 125 

80% 112 129 

90% 114 133 

100% 117 135 

Table 1: The power consumption at different load levels in 

Watts 

A. Random Workload Experiment: 

The users submit requests for provisioning of 100 

heterogeneous VMs that fill the full capacity of the 
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simulated data center. Each VM runs an application with the 

variable workload, which is modeled to generate the 

utilization of CPU according to a uniformly distributed 

random variable. Each application has a length that 

determines the number of instructions with MI. Table 2 

illustrates the SLA violation levels caused by LR_Predict, 

THR, MAD, IQR and LR methods in the random workload. 

LR_Predict minimizes the percentage of SLA violation less 

than other methods. The obtained results can be explained 

by the fact that LR_Predict can predict the load in a host 

before it will overloaded and a SLA violation happens. 

IQR LR THR MAD LR_Predict 

11.61% 13.78% 14.72% 13.20% 11.51% 

Table 2: Average SLA violation percentage in random 

workload 
Figure 2 shows LR_Predict SLA Violation graph of 

above table, in which the proposed algorithm LR_Predict 

showing less SLA violation percentage from the benchmark 

methods in random workload.  

 
Fig. 2: SLA Violation by LR_Predict and benchmark 

method in random workload 

The energy is to be saved by switching the 

underloaded host to sleep mode. Figure 3 shows LR_Predict 

consumes less power than the other benchmarks algorithms. 

 
Fig. 3: Energy consumption by LR_Predict and benchmark 

methods in random workload 

B. Real Workload Experiment: 

Real workload data that is provided as a part of the CoMon 

project, a monitoring infrastructure for PlanetLab. In this 

project, the CPU utilization data is obtained from more than 

a thousand VMs from servers located at more than 500 

places around the world. Data is collected every five 

minutes and is stored in a variety of files. We selected four 

days from the workload traces collected during April 2011 

of the project. During the simulations, each VM is randomly 

assigned a workload trace from one of the VMs from the 

corresponding day. Table 3 shows the number of VMs that 

are considered for each day.  

Date Number of VMs 

3 April 1052 

6 April 898 

9 April 1061 

22 April 1516 

Table 3: The number of VMs in the real workload 

Table 4 shows LR_Predict approach reduced the 

average SLA violations than other four benchmark 

algorithms due to forecasting the SLA violation. 

Date LR_Predict IQR LR THR MAD 

3 April 8.41 9.98 9.60 10.14 10.18 

6 April 9.08 10.17 9.63 10.13 10.05 

9 April 10.25 10.14 10.11 10.25 10.53 

22 April 9.69 10.19 9.58 10.25 10.16 

Table 4: Average SLA violation percentage in the real 

workload 

Following figure 4 represent the average SLA 

violation using line graph.  

 
Fig. 4: SLA Violation by LR_Predict and benchmark 

method in real workload 

Table 5 shows LR_Predict approach reduced the 

energy consumption than other four benchmark algorithms 

due forecasting the put the underload host in sleep mode. 

Date LR_Predict IQR LR THR MAD 

3 April 117.19 188.86 163.15 191.73 184.88 

6 April 88.90 144.05 122.88 144.75 141.28 

9 April 106.28 165.71 141.81 166.59 162.72 

22 

April 
128.87 201.86 176.57 201.80 197.33 

Table 5 Energy consumption in the real workload. 

Table 6 shows the number of host shutdown in 

LR_Predict algorithm case and other benchmark algorithms 

of CloudSim. 

Date LR_Predict IQR LR THR MAD 

3 April 2003 5827 5023 5863 5759 

6 April 1685 4715 3944 4650 4663 

9 April 2536 5154 4556 5241 5123 

22 April 2934 6032 5399 6000 5927 

Table 6 Hosts Shutdown in the real workload 

Table 7 represents the number of VMs migration. 

Aproximately half VMs migration have been placed, if we 

employed the LR_Predict experiment with contrast to other 

benchmark algorithm of CloudSim. 

Date LR_Predict IQR LR THR MAD 

3 April 13330 26476 27632 26634 26292 

6 April 10318 20879 20297 20640 21111 
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9 April 17781 23579 24219 23644 23314 

22 April 25369 28948 31349 29165 28628 

Table 7 VMs Migration in the real workload 

C. SVR Prediction Experiments with Real workload: 

To maintain the uniformity standard we have considered the 

same data set of PlanetLab workload to test the 

SVR_Predict algorithm performance. Data is collected every 

five minutes and is stored in a variety of files. We selected 

four days from the workload traces collected during April 

2011 of the project. During the simulations, each VM is 

randomly assigned a workload trace from one of the VMs 

from the corresponding day. Table 8 shows the performance 

of SVR_Predict with for benchmark algorithms of 

CloudSim and LR_Predict algorithm. 

Date 

SVR 

_Predi

ct 

LR 

_Predi

ct 

IQR LR THR MAD 

3 

Apri

l 

112.44 117.19 
188.8

6 

163.1

5 

191.7

3 

184.8

8 

6 

Apri

l 

84.91 88.90 
144.0

5 

122.8

8 

144.7

5 

141.2

8 

9 

Apri

l 

100.07 106.28 
165.7

1 

141.8

1 

166.5

9 

162.7

2 

22 

Apri

l 

121.18 128.87 
201.8

6 

176.5

7 

201.8

0 

197.3

3 

Table 8 Performance of SVR_Predict with Benchmark 

Algorithm of CloudSim and LR_Predict with context to 

energy consumption 

Figure 5 shows the performance analysis between 

LR_Predict and SVR_Predict algorithms. In this figure the 

SVR_Predict performs better than the Linear Regression 

based prediction of host utilization on real workload of four 

days experiment. 

 
Fig. 5: Shows the performance analysis between LR_Predict 

and SVR_Predict algorithms 

D. SVR Prediction Experiments with Random workload: 

Following table 9 shows the energy consumption 

comparison of SVR_Predict algorithm with linear regression 

based LR_Predict algorithm and other benchmark 

algorithms. In this experiment we have considered 100 VMs 

and 50 hosts. 

SVR_Predic

t 

LR_Predic

t 
IQR LR THR MAD 

53.27 62.22 86.28 64.63 74.04 77.8 

 

Table 9 Energy Consumption by SVR_Predict & 

Comparision with LR_Predict and other benchmark 

algorithms. 

V. CONCLUSION 

It can be concluded from the results that energy 

consumption of the data center increases with the increasing 

heterogeneity of the workloads. The SLA violations too 

increase with the decrease in the energy consumption. The 

proposed method predicted the CPU utilization in each host 

based on the linear regression technique. This technique 

used the last utilization over one hour ago and approximated 

a function. The function can forecast the short-term future 

utilization based on the current requested utilization in each 

host. If the prediction utilization is greater than the current 

utilization capacity, then the host will be over-loaded. 

Therefore, some VMs should migrate from the almost over-

loaded host to maintain the high SLA level. Due to the host 

switching to a sleep mode, the power consumption is 

minimized. The experiments show that LR_Predict and 

SVR_Predict algorithms are able to minimize energy cost 

and SLA violation rate more efficiently than THR, MAD, 

IQR and LR. 
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