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Abstract: Paper: Scientific and Web applications are major 

sources of Internet traffic that requires resources such as Memory 
,CPU and Network are on demand. Cloud computing and 
virtualization are the boons for such resource demand 
applications from various users. Service models of cloud 
computing provide a platform for many applications to use 
resources as pay per use model. In Cloud, Auto-scaling with 
manage Service Level Agreement (SLA) of resources is one of the 
main challenges to meet the current demand for resources. To 
maintain the performance of the cloud, which provision resources 
based on a heuristic for workload prediction is prime importance. 
In this paper, we address auto-scaling as a problem to forecast 
near-future demand of resource using a KNN machine learning 
methods suggest the optimized model for the dynamic variation of 
CPU utilization. 
 

Keywords : Virtualization, Service Level Agreement, 
Resource provisioning, Resource prediction.  

I. INTRODUCTION 

Cloud computing is now everywhere to offer most 

user-oriented computing services. Pay as you go model 
becomes the well-known model to assist users who want 
services from the known service providers. Service providers 
of Cloud take help of technology like virtualization to offer 
elastic compute service to a large number of users. Users and 
Cloud service providers follow a contract known as SLA that 
helps to monitor and manage the budgetary requirements. 

Cloud vendors impose generalized rules to offer to scale 
decision of user’s resource requirements. These rules are in 

the form of a threshold based on the current usage of the 
resources. The rules suffer from low response which may not 
maintain performance in-demand resources. In many cases, 
the exact scaling trigger is difficult to judge by the assigned 
rule. For example, a sudden demand for computing resources 
will trigger two compute resources while one of them is not 
utilized that would lead to over-provisioning of resources. 
Over provisioning of resources also increases the costs and 
wastage of data centre energy. While in the same case if a 
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trigger is not activated will result in under-provisioning in 
resources. Due to the rule triggered the desired Quality of 
Service(QoS) could not be achieved in a given time. It is 
difficult to manage resources in the cloud with some static 
rules and hence efficient resource management technique [1] 
is required. SLA (Service Level Agreement) is closely related 
to QoS of the service. An efficient resource management 
technique will reduce SLA violation, increase customer 
satisfaction and QoS. Different types of applications fall 
under the different classes of QoS requirements [2] for the 
computing environment. The demand for resources in the near 
future may be decided by the VM parameters link CPU , 
memory utilization, Response time and availability. The role 
of auto-scaling is also considered to maintain a fair balance 
between QoS and SLA. IBM model [3] of autonomous 
auto-scaling with MAPE (Monitor-Analyze-Plan-Execute) 
flow provides current resource monitoring and action 
associated with the cloud environments. In MAPE cycle 
process where Discovery of the knowledge is achieved in 
Analysis phase.  This process can be simple or complex in 
nature. Various approaches are designed based on cost[4] for 
application resources. A review on a web application based 
auto-scaling [5] also provides good direction. Service-based 
business model [6] gives the complex process of an 
auto-scaling in a cloud environment. 

In given context our proposed work described in this paper 
has following contributions: 1) Design of auto-scaling model 
for prediction, 2) A regression time series based approach 
using machine learning method to predict future resource 
demand of CPU utilization of VM instances, 3) Evaluate the 
model with the standard regression-based measure. 
The rest of the paper is organized as follows. In section 2, we 
discuss related literature review to highlight our work with 
existing work. In section 3, we propose a model of predictive 
time series of auto-scaling system and experiment using 
dataset [7]. Finally, section 4 include conclusions. 

II. RELATED WORK 

      This section presents a literature review of related work in 
the field of resource provisioning and auto-scaling in the 
Cloud environment. Resource provisioning in such a dynamic 
environment is also one of the challenging tasks where 
research work is grouped into two categories. 
The first category focuses on Resources provisioning 
techniques which can be further classified that proactive and 
reactive systems. Reactive systems [6]-[12] manage the 
resource provisioning with fine-tune the application 
performance parameters.  
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Various threshold levels generate alerts which tune the 
scaling parameter in the system [13]. Proactive systems using 
machine learning techniques [14]-[18] to react with future 
load variation and achieve the good system performance in 
the cloud. Service Level Agreement (SLA) based model [19] 
with workload clustering captures the future state of the 
system. Majority of the proactive systems use workload trace 
to predict future demand of cloud resource using a machine 
learning approach. A Datacenter workload represents the time 
series based behaviour [20]. Instance-based learning is 
evaluated on real workload which is used to extract features 
[21]. A comprehensive study in a different aspect of effective 
resource provisioning for applications was presented [22].  In 
the present approach, we used machine learning algorithms to 
model such behaviour of cloud for resource provisioning. 
     The second category focuses on the auto-scaling of the 
demand resources in vertical and horizontal directions. 
Auto-scaling based model is implemented with MAPE loop. 
The objective of auto-scaling is to advance the performance 
of a cloud system with a managed environment. Proactive 
systems used different phases to provide a solution for 
managed resources in the cloud. In MAPE, an analysis 
process with load prediction [14],[23],[24] using proactive 
and reactive approaches discussed where a CPU as a 
predicted resource was considered. In MAPE, a planning 
process with various architectures are studied and scaling 
rules are presented [25]. Another work was discussed on 
planning focuses on using learning automata with reactive and 
proactive methods [26]. 

 
Figure 1: Life cycle of MAPE process for Cloud resource 

provisioning 
      Proposed Figure 1, MAPE process for cloud resource 
provisioning has a life cycle which starts with the monitoring 
process. The monitoring process is simple to get the status of 
resource utilization from cloud system [7][27]. Various 
attributes of physical resources like CPU, memory, hard disk, 
network bandwidth are considered in their work [21][28]. 
SLA parameters like MIPS and Memory are also taken into 
account in the monitoring process. Next, the analysis process 
which is most important for resource provisioning which 
explores the simple or complex discovery of resource 
utilization knowledge using derived rule sets or machine 
learning respectively. Next, the planning process will 
schedule the decision of scaling of resources. Execution 
process updates such information taken by the planning 
process and execute it. The motivation for such a cycle 
process is to improve the analysis process [29] so that a better 
plan can be provided for scaled resources. Utilization of 
resources is model as a time series problem, where a window 

of length m points [t-m .. t-1] are used for training for the 
current time t. The future state at time t is predicted to forecast 
near future resource utilization.VM sizing [30] for the web 
server is considered for resource provisioning. Linear 
Regression (LR), Auto Regressive Moving Average (ARMA) 
and Moving Average (MA) are considered to predict a 
number of request for cloud user for resource provisioning. 
QoS parameter like response time and rejection rate [16] for 
VM provisioning using ARIMA model gives high accuracy 
with simulation results. Major algorithms in the family of 
machine learning algorithms which explores knowledge from 
the historical data to train model for new problem instances. 
Here we relate the problem of resource provisioning for host 
application using a KNN model and validate model with a 
metric. When designing resource provisioning techniques, 
CPU utilization is considered to measure the policy of a cloud.  
A. KNN ( K -Nearest Neighbour ) Regression 
     A regression function which will learn the relationship 
between the dependent variable and independent variable. In 
order to achieve the goal to establish such function here, we 
have used KNN regression model. For such model, the 
training dataset having sufficient sample are used. The 
training dataset has s samples which are described by xi where  
xi={xi1,xi2,…,xim,ym+1}. The function will be model like 
f:x→y.  By opting a local average of the training dataset 

function will learn the relationship.  By using the value of k 
which defines the performance of KNN algorithm and finding 
the best values of k is needed. In order to achieve good 
performance of the model to minimizes, prediction losses 
smaller value of k is preferred. Cross-validation is a process 
by which we can estimate the accuracy and validity of a  
model. There are two methods of cross-validation m-fold 
validation and leave one out cross-validation. Here we have 
used 10 fold cross-validation to train the model. 

III. EXPERIMENT 

Real workload data Materna [7] which is a full cloud service 
provider for ITC based projects is considered for current 
work. This time-series data represents one month of data of 
business-critical applications. The dataset contains 
performance parameters of 520 VMs in such a distributed 
environment. Each VM files contains 12 performance features 
such as CPU core, Memory capacity provisioned, Memory 
usage and write throughput, Disk size, Disk read and Network 
Throughput, CPU capacity provisioned, CPU usage,. VM 
execution data are collected for every five minutes interval 
from which CPU utilization data is considered for analysis 
Historical time series data of CPU utilization are sampled and 
provided to Analysis process. Next, the Analysis process will 
run at ∆t time. First, for every five minutes, it monitors the 
cloud resources like CPU, memory, and Disk and stores this 
information as part of the monitoring process. Next, it sees the 
difference of current time and analysis time to run the 
operations. The first operation in that is to get the stored 
dataset of VM utilization with CPU utilization. To perform 
learning with input and output variables to model relationship, 
a regression approach is used. Training dataset samples 
consist of CPU utilization of the past 30 minutes. Best value 
of tuning parameters will be selected as per the cross 
validation method for given test 
samples and training samples.  
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The output label for VM utilization which is based on CPU 
load will be considered for the next process to plan VM.As 
shown in Table 1 , CPU utilization of selected VMs are 
considered for  analysis. 
 

Table 1: CPU load variation in VMs 
CPU Utilization % VM1 VM2 VM3 VM4 

Minimum 0.37 1.88 0.17 2.01 

Maximum 46.49 100 80.16 100 

standard deviation 3.2 9.14 11.39 16.05 
Figure 2 provides information about samples of a VM CPU 
utilization for 1 Month. 

 
Figure 2  One month CPU Utilization of 

VM1,VM2,VM3,VM4 

A.  KNN-Auto-scale Algorithm 

Each example of training consist of  five input variables and 
an output variable. The total utilization values of each VM 
(VMUt,VMUt+1 ,VMUt+2,VMUt+3, .. VMUt+5) and output will 
be VM utilization after five minutes VMUt+6.   
To evaluate accuracy of models, Mean absolute error (MAE) 
metric is used. In MAE, et is the difference of actual output 
and predicted output and n is the number of observations in 
dataset for which prediction is done. A lower value of MAE 
indicates good model. Table 2 shows comparison of Mean 
Absolute Error(MAE) of KNN  machine learning algorithm 
with sliding window(SW).  

 
Figure 3 MAE of  VM Utilization using  KNN 

 
Figure 4 MAE of VM Utilization using multiple linear 

regression 

IV. CONCLUSION 

    In this paper, we proposed an exploratory path to build an 
efficient prediction model for resource provisioning in the 
cloud. In the recent scenario, optimization of resources for 
scientific or business applications are very important. To 
understand and predict the dynamic nature of the cloud 
environment, we explored machine learning algorithms 
having time as a factor to derive decision. We also evaluated 
our experiment with the standard metric for validating the 
proposed methods. The accuracy of KNN as the proposed 
learning method is encouraging and demonstrating optimized 
resource prediction. Auto-scaling with such method will 
provide effective support to the private cloud environment in 
future. 
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