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Abstract—In the competitive world of modern web applica-
tions, performance plays a crucial role. An e-commerce company
estimated that every 100ms delay reduces sales by 1 percent,
and a popular search engine reported that every 500ms delay in
search reduces earnings by 20 percent. The demands from users
for these services can vary widely based on factors such as the
time-of-day and unexpected events that can trigger flash crowds.
To meet these demands web applications can be organized using
a multi-tier architecture to make them modular and scalable
in a cloud environment. However, a highly dynamic workload
and different types of resource requirements in each tier can
make it difficult to model the behavior of these applications. This
presents two significant challenges to infrastructure providers:
1) to model the behavior of an application workload and pro-
vide responsive resources using dynamic resource provisioning;
and 2) to maintain performance-based (response time) Service
Level Agreements (SLAs). In this paper, we formulate a convex
optimization problem for resource allocation, and offer a strict
SLA for performance. We adopt an SLA violation cost model to
formulate our optimization problem and derive the solution for
dynamic resource provisioning. To achieve a strict SLA for the
response time of an application, we propose a predictive model
that seeks to dynamically provision resources using a Feedback-
based Control System (FCS). Our model is applicable for a broad
range of multi-tier applications. We demonstrate the effective use
of our model through experiments that analyze the behavior of an
online auction application using a common workload benchmark.

Keywords—Feedback Control System; Bandpass Filter;
ARIMA; Dynamic Resource Provisioning; Multi-tier Applications

I. INTRODUCTION
Application software vendors are increasingly migrating to

cloud platforms motivated by its pay-as-you-go model, where
they do not have to worry about the purchase, installation, and
maintenance of a physical server infrastructure. They can scale
up and down the resources (CPU, memory, storage, network,
etc.) in response to increasing workload, and functional com-
plexity to maintain the performance of an application. Hence,
application owners only pay for the amount of resources and
services they use. On the other hand, cloud hosting companies
seek to maximize profits by serving customer requirements
using a minimal amount of resources and maximizing resource
utilization to avoid idle resources. Cloud computing offers
on-demand scaling or dynamic resource provisioning. This
phenomenon of dynamic resource provisioning helps cloud
providers offer SLAs related to performance-based metrics
such as response time. Kohavi et. al [1] described the exper-

Fig. 1. Three-tier Application Deployment

imental results of two popular web applications that demon-
strates the direct impact of increasing response time on their
revenues. Moreover, Kohavi et. al [1] also reported that a
leading e-commerce estimated that every 100ms delay reduces
sales by 1 percent, and a popular search engine reported that
every 500ms delay in search reduces earning by 20 percent.
However, it is difficult for cloud providers to guarantee a
response time SLA as described by Islam et al. [2].
Modern web applications usually have three major com-

ponents: a web server, an application server, and a database
server. Their performance demands do not scale proportionally,
and they are usually connected in a three-tier architecture so
that resources can be allocated to each tier independently.
Figure 1 shows a three-tier architecture (described by Huang et
al. [3]) commonly used for web applications running on Virtual
Machines (VMs). Tier-1 represents a web server between
the end users and an application server at Tier-2. Tier-3
is a database server. For our study, we assigned one VM
for each tier because we are considering only the vertical
scaling of VMs, and not the horizontal scaling of VMs in
which multiple VMs can be assigned to each tier. Since every
tier has different functionality, their corresponding resource
requirements (CPU, memory, storage, etc.) may also differ.
This presents a major problem for cloud providers seeking to
find the optimal resource allocation at each tier and to offer
a strict response time SLA to customers. A response time
SLA is primarily defined as a threshold value of the response
time that is part of an agreement between the customers and
the cloud providers regarding the application performance.
The challenge is to model the behavior of an application
workload so that the resource allocation can be completed
in advance based upon a predictive function. The motivation
for this paper is to guide application owners in their efforts
minimizing resource allocation and its related costs, and to
help cloud providers to maximize resource utilization while
still maintaining the response time SLAs.
This paper acknowledges the prior work done in dynamic
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response time SLA guarantees by Iqbal et al. [5], Padala
et al. [6]; and multi-tier web applications using a cloud
environment by Calheiros et al. [7], Han et al. [8], and some
other relevant works that are discussed in Section 2. The
prior work used different approaches to model the behavior of
application workloads and to predict the resources needed to
guarantee performance. Most of the aforementioned work used
CPU and memory resource utilization data as prime inputs
to their predictive models because the performance of a web
application is mainly affected by these two resources. However,
one of the major challenges is to remove noise from the CPU
and memory resource utilization data of VMs that is caused
by several processes running on the system.
Noise present in the data collected from CPU and memory

utilization of each VM is defined as the unwanted fluctuations
in data that are caused by a large number of background
processes running on the system, and the frequent context
switching between processes. If such a noisy input is given
to a time series predictive model, it affects the prediction
accuracy specifically in a dynamic environment. The presence
of higly fluctuating positive and negative signal components
(noise) requires the use of a filtering technique that will only
allow signal components within a particular frequency band.
We acknowledge the significance of Moving Average (MA)
smoothing filters that have an impulse response of finite length,
and involves averaging the adjacent values while moving
through the data. MA filters are generally used with time
series data to handle small fluctuations. Since MA is a kind
of convolution, it can be seen as a type of low-pass filter used
in signal processing that has a limitation of only filtering out
high frequency noise for a small number of data points.
In this paper, we propose a solution for dynamic resource

provisioning in a multi-tier web application hosted in the cloud
with the target of minimizing the allocated resources while
maintaining a response time SLA. We formulate a convex
optimization problem to allocate resources (CPU and memory
only). We then assess the necessary optimality conditions of
the dynamic resource provisioning problem and propose a
Feedback-based Control System (FCS) to solve a constrained
discrete-time optimal control problem. We also address the
issue of removing noise from the CPU and memory resource
utilization data by using a Bandpass Filter [9]. CPU and
memory resource usage data (obtained from different tiers of
the application) is time series data. Hence, to apply a bandpass
filter we transform this time series data to the frequency
domain using a Fourier Transform This approach has not
been well explored for use in cloud systems. We apply a
bandpass filter to the transformed data to remove the unwanted
frequencies. The filtered data is then passed through an Inverse
Fourier Transform to bring it back to the time domain. Finally,
the time series data is used as input to an Autoregressive
Integrated Moving Average (ARIMA) model [10] to predict
the resource requirements of different tiers of the application.
Based on this prediction, our control system adjusts the CPU
resources and memory at each tier so that the application’s
response time does not violate the SLA.
An evaluation of the implementation of our model shows

that we are able to maintain a 95% confidence interval for
average response time and a response time SLA of 30ms
for our test application. We performed a rigorous test of our
model using a standard workload called RUBiS [11], which is a
prototype of an e-commerce and online auction website (based

on eBay.com) that is used to assess application performance
under varying workloads. We deployed our customized version
of RUBiS in a 3-tiered architecture as shown in Figure 1.
By varying the type (static/dynamic) and level (clients per
session) of the workload on each tier, we can simulate the
activity of real time users on this application. We continuously
monitor the resource usage on every tier because each tier may
experience resource congestion. The main contributions of this
paper include:
• To the best of our knowledge, a bandpass filter has
not been used for multi-tier applications in a cloud
environment. We are able to reduce the noise in the
resource utilization data of the VMs used for deploying
the different tiers of the web application.

• We propose, design, and develop a predictive model
for our control system using an ARIMA model. Based
on the feedback received from our predictive function,
our control system performs optimal dynamic resource
provisioning in different tiers of the web application.

• We evaluate our approach to assess its ability to main-
tain the response time of the application within a 95%
confidence interval and avoid SLA violations.

The remaining sections of this paper are arranged as follows.
We review related work in Section 2, and then we formulate
and solve our convex optimization problem in Section 3. Sec-
tion 4 describes our control system architecture that includes
our bandpass filter and predictive function. Section 5 describes
the design of our adaptive controller with algorithms. Our
experimental results are analyzed in Section 6, and concluding
remarks are given in Section 7.

II. RELATED WORK

Various algorithms have been developed that seek to ad-
dress the problem of allocating resources for web applications
that are multi-tier. Huang et al. [3] surveyed tiered scaling
of computing resources to meet QoS requirements. They
categorized the approaches as: rule-based and model-based,
and concluded that the model-based approach was the most
promising resource management mechanism to provide QoS
guarantees. Iqbal et al. [5] proposed a reactive model for
detecting and fixing the resource bottlenecks automatically to
offer a fixed response time SLA. Han et al. [8] developed
an adaptive scaling technique using a G/G/n queuing model to
minimize the pricing of cloud infrastructure for the users. Bi et
al. [12] used a mixture of M/M/c and M/M/1 queuing models
for dynamically managing resource allocations to VMs running
on cloud platforms. Control theory can be used to manage
the uncertainty and disturbance of a system, as described by
Maggio et al. [13]. However, it is not well explored in the
context of multi-tier applications. Padala et al. [6] rely on
control theory and discuss CPU utilization in terms of average
response time. As mentioned by Zhu et al. [14], a control
theory approach for systems provides a rigorous technique
for modeling, designing, analyzing, and evaluating system
performance. Karma et al. [15] and Liu et al. [16] demonstrated
the effectiveness of resource management, but not in context
of a cloud computing. Kalyvianaki et al. [17] proposed a self-
adaptive controller that used a Kalman filter for the dynamic
allocation of CPU resources to virtualized applications in a
cloud environment. Kalyvianaki et al. [17] mention fluctuations
in CPU utilization data, however, removing noise from the
data is not a part of their core objective, and they do not
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describe the improvements achieved from their filter. None of
the aforementioned papers address the effect of noise in the
CPU and memory resource utilization data used as an input to
the control system.
When applying control theory to manage dynamic resource

provisioning, we can use both queuing theory and regression
models. We already discussed some of the prior work based on
queuing theory techniques. Now we present a brief description
of prior work based on regression models.

TABLE I. COMPARISON OF PRIOR WORK WITH OUR APPROACH

BASED ON RESPONSE TIME (RT) SLA, NOISE IN DATA, APPROACH
(CONTROL THEORETIC), AND TYPE OF APPLICATION (MULTI-TIER)

(Gaps are designated by 'blank boxes')
Authors RT SLA Noise

in Data
Control

Theoretic
Multi-tier

Apps
Iqbal et al. [5]

√
(1sec)

√ √
Bi et al. [12]

√
(0.8sec)

√ √
Padala et al. [6]

√
(≤ 1sec)

√ √
Wang et al. [18]

√
(0.31sec)

√
Zhu et al. [19]

√
Zhang et al. [4]

√ √
Calheiros et al. [7]

√
(NA)

√
Kalyvianaki et al. [17]

√
(≤ 1sec)

√ √
Our Paper

√
(30ms)

√ √ √

Using an Autoregressive Moving Average (ARMA) model,
Diao et al. [20] proposed a method to maintain system per-
formance by controlling the maximum number of connections
permitted by the server and monitoring CPU utilization. Wang
et al. [18] analyzed the relationship between the allocation of
CPU resources and the Mean Response Time using vertical
scaling. Zhu et al. [19] proposed a theory based on the
Autoregressive Moving Average model with exogenous inputs
(ARMAX) to predict CPU and memory resource needs and
to scale vertically resource configurations for virtual machines
that include cores, memory, types, and speed. Roy et al. [21]
also proposed an ARMA model for workload prediction to
minimize cost. Although the above papers [19] [21] are close
to the goal of our paper, we address the problem of removing
noise from the resource utilization data and then apply an
ARIMA model to predict the required resources in each tier of
the application. Explicit domain knowledge is not required in
the ARMA model so there are high chances of modeling errors
that can cause performance degradation. Thus, to increase
the utility of our control system, we use an ARIMA model
for predictions to dynamically manage resources in multi-tier
applications.
The ARIMA model is an advanced form of the ARMA

model. Tran et al. [22] proposed an ARIMA model based
prediction approach for server workloads. The downside of
this approach is that it targets a long-time prediction window.
We targeted a much smaller prediction window so that our
prediction model is faster in terms of processing time and more
suitable for multi-tier applications on a cloud platform. Cal-
heiros et al. [7] used an ARIMA based approach for prediction
to evaluate the effect of accuracy on resource efficiency and
QoS. Zhang et al. [4] proposed a Model Predictive Controller
(MPC) to perform an energy-aware resource allocation in cloud
platforms. The above papers [4] [7] use an ARIMA model,
however our work is focused on the problem of dynamically
provisioning resources for use by multi-tier web applications,
with the aim of maintaining a response time within SLA limits.
We also address the issue of removing noise from resource
utilization data, using a bandpass filter, before using it as

input to any kind of prediction model. Table I summarizes
the comparison of our approach with other related works in
terms of: the core objective of maintaining Response Time
(RT) SLA, the issue of noise in resource utilization data, the
approach taken (Control Theoretic or something else), and the
type of hosted applications (Multi-tier Applications or others).

TABLE II. VARIABLE DEFINITIONS

Symbol Definitions

Rc
τ , R

m
τ CPU and memory capacity of a VM at τth tier.

Xt
τ , Y

t
τ Number of active CPUs and memory at τth tier.

Cτ
t , M

τ
t

CPU and memory utilization at τth tier and at time t, for ease
we remove the superscript τ and simply write Ct and Mt.

μX
t , μ

Y
t Amount of change in the CPUs and memory resources at time t.

BTCPU
t ,

BTMem
t

Bottleneck resource (highest possible of resource utilization)
at τth tier and time t.

Wt Weight of severity factor of SLA violation at time t.

gSLA Unit cost for SLA violation.

FCPU
t ,

FMem
t

Unit cost for provisioning resources dynamically at time t.

j1, j2
Number of times the dynamic resource provisioning is performed
for the CPU and memory resources respectively.

III. PROBLEM FORMULATION
This section describes the parameters and assumptions

related to our dynamic resource provisioning approach. The
derivation steps we present below for our multi-step ARIMA
resource usage prediction and optimization follows the deriva-
tion developed and described by Zhang et al. [4] used for
predicting CPU and memory usage from the Google clus-
ter dataset with the aim of optimizing power consumption.
Although we follow Zhang’s derivation procedure, our work
differs in that we seek to optimize CPU and memory usage
with the objective of controlling the average response time of
the application rather than optimizing power consumption. We
assume that a web application has P-tiers and that every tier
consists of one VM at time t. Resources can be dynamically
provisioned to any of the VMs in any tier on-demand, as the
number of users increases. Every VM has different types of
resources, and we focus on the dynamic provisioning of CPU
and memory only, as previously discussed. Let Rτ

c and Rτ
m

denote the CPU and memory capacity of a VM at the τ th

tier. Xτ
t denotes the number of active CPUs, Y

τ
t denotes the

amount of memory currently allocated (such that Xτ
t ≤ Rτ

c
and Y τ

t ≤ Rτ
m), and let (μ

X
t , μ

Y
t ) represent the corresponding

change in these resources. If μX
t is positive, it means that a

greater number of CPUs will be added to the VM, and if it
is negative then it means that some CPUs will be removed
from that VM. Similarly, if μY

t is positive, it means that some
amount of memory will be added to the VM and if it is negative
then it means that some amount of memory will be removed
from that VM. Using above statements we form the following
equations:

Xτ
t+1 = Xτ

t + μX
t and Y τ

t+1 = Y τ
t + μY

t (1)

Now, we present our cost model for SLA violation and
dynamic resource provisioning using the resource utilization
parameters and the response time of the application hosted to
formulate our optimization problem.
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A. Optimization Problem
The aim is to dynamically provision CPU and memory to

maintain a response time SLA. The optimal way of maintain-
ing the response time of the application without violating the
SLAs is:
• Resource (CPU and memory) allocation should be as little
as possible but it should be sufficient to maintain the
response time below its threshold value.

• Resource (CPU and memory) utilization should be always
maximized but at the same time it should never go beyond
the total resource capacity of the VM.

To maintain the SLA requirements, the average response time
RTt at time t should not exceed RT thresh. The CPU and
memory utilization, at τ th tier at time t, are represented with
following equations:

UCPU
t =

Cτ
t

Xτ
t

and UMem
t =

Mτ
t

Y τ
t

(2)

where Cτ
t andM

τ
t represents the CPU and memory utilization,

and Xτ
t and Y τ

t represents the number of active CPUs and
memory at τ th tier and at time t as defined in Table II.

1) Response Time SLA Violation Cost: In this work, the
SLA is represented as a threshold value for the response time
RT thresh of the application, that is, the average response time
cannot exceed the threshold value RT thresh to avoid the SLA
violation. The response time is inversely proportional to the
bottleneck resource usage value (BTt) [4] that is the highest
possible value of resource utilization. If the bottleneck value
BTt ∈ φt of resource (CPU and memory) utilization at the
tth time step increases, then the response time of the web
application will also decrease. Similarly, if these bottleneck
values are lower, then the response time will be higher. We
can calculate the bottleneck resource utilization value using
the following equations:

BTCPU
t = argmax

Cτ
t

{
UCPU
t

}
BTMem

t = argmax
Mτ

t

{
UMem
t

} (3)

So, the average response time at the tth time step as a function
pb () of the bottleneck resource usage can be shown as:

RTt = pb
(
BT b

t

)
, ∀b ∈ BT

pb
(
BT b

t

)
= pb

(
λBTCPU

t + (1− λ)BTMem
t

)
≤ λpb

(
BTCPU

t

)
+ (1− λ)pb

(
BTMem

t

) (4)

where, λ ∈ {0, 1} and pb
(
BT b

t

)
represents the average

response time given the current resource utilization BT b
t for

the bottleneck resources b, which includes both CPU and
memory resources. We have obtained this function pb (), which
is assumed to be a convex function, by fitting a linear equation
to the observed data using the technique described by Zhang et
al. [4]. To formulate the optimization problem, we adopt a SLA
violation cost model. Our SLA aims to maintain the average
response time to stay below the threshold value. The SLA
violation cost GSLA

t at time t is proportional to the severity of
the SLA violation if the average response time increases above
the threshold value. We formulate the SLA violation cost as:

GSLA
t (BTt) = Wtg

SLA
(
pb

(
BT b

t

)−RT thresh
t

)+
(5)

where Wt is the weight of severity factor of SLA violation at
time t, gSLA is the unit cost for SLA violation and ”+” sign in
the superscript signifies that we consider non-negative values.

2) Dynamic Resource Provisioning Cost: The resource
provisioning module of our control system allocates CPU and
memory on demand to maintain the response time SLA. Up-
scaling or down-scaling these resources brings a small but con-
siderable lag which we consider as an overhead to the system.
We denote Ft to be the unit cost for provisioning resources
dynamically at time t. The total resource provisioning cost
(FTotal

t ) can be shown as:

FTotal
t = j1XtF

CPU
t + j2YtF

Mem
t (6)

where j1 and j2 represents the number of times the dynamic
resource provisioning is performed for the CPU and memory
resources respectively.

3) Formulating the Optimization Problem: We formulate
our optimization problem by minimizing the sum of the SLA
penalty cost and dynamic resource provisioning cost shown by
the following equation:

min
Xt∈Rτ

c , Yt∈Rτ
m

[
Wtg

SLA

(
pb

(
(λ) argmax

Cτ
t

{
Cτ

t

Xτ
t

}
+

(1− λ) argmax
Mτ

t

{
Mτ

t

Y τ
t

})
−RT thresh

t

)+

+

j1XtF
CPU
t + j2YtF

Mem
t

]
(7)

where, 0 ≤ Xt ≤ Rτ
c and 0 ≤ Yt ≤ Rτ

m. Furthermore, we
define ct = (λ) argmax{Cτ

t } andmt = (1−λ) argmax{Mτ
t }.

We can re-formulate our optimization problem as:

min
Xt∈Rτ

c , Yt∈Rτ
m

[
Wtg

SLA

(
pb

(
ct
Xτ

t

+
mt

Y τ
t

)
−RT thresh

t

)+

+ j1XtF
CPU
t + j2YtF

Mem
t

] (8)

As assumed by Zhang et al. [4], pb() is a decreasing function of
Xt and Yt. Consequently, the average response time decreases
as the number of active CPUs and the amount of memory
increases. Hence, the optimal solutions, X∗

t and Y ∗t , of this
optimization problem is bounded by the inequalities:

X∗
t ≤

ct
p−1(RT thresh)

and Y ∗t ≤
mt

p−1(RT thresh)
(9)

where, p−1 () represents inverse of function pb (). We can re-
write our optimization problem as:

min

{
Wtg

SLA

(
pb

(
ct
Xτ

t

)
−RT thresh

t

)
+ j1XtF

CPU
t

}
subject to : 0 ≤ Xt ≤ ct

p−1(RT thresh)

(10)

min

{
Wtg

SLA

(
pb

(
mt

Y τ
t

)
−RT thresh

t

)
+ j2YtF

Mem
t

}
subject to : 0 ≤ Yt ≤ mt

p−1(RT thresh)

(11)
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B. Optimal Solution
To solve the optimization problem, we use Lagrange mul-

tipliers with the Karush Kuhn Tucker (KKT) conditions using
the procedure as described by Boyd et al. [23]. We transform
the optimization problem of Equations (10) and (11) into a set
of equations and inequalities. We formulate our Lagrangian
function as:

L1 (Xt, λ1) = Wtg
SLA

(
p

(
ct
Xt

)
−RT thresh

t

)
+

λ1

(
Xt − ct

p−1(RT thresh)

)
+ μ1 (0−Xt) + j1XtF

CPU
t

(12)

L2 (Yt, λ2) = Wtg
SLA

(
p

(
mt

Yt

)
−RT thresh

t

)
+

λ2

(
Yt − mt

p−1(RT thresh)

)
+ μ2 (0− Yt) + j2YtF

Mem
t

(13)

Based on the above Lagrangian equations, the KKT conditions
are:

dL1

dX
= −

(
Wtg

SLAct
X2

t

) dpb

(
ct
Xt

)
dX

+ λ1 − μ1 + j1F
CPU
t = 0,

μ1Xt = 0,

λ1

(
ct

p−1(RT thresh)
−Xt

)
= 0,

0 ≤ Xt ≤ ct
p−1(RT thresh)

, λ1, μ1 ≥ 0.

dL2

dY
= −

(
Wtg

SLAmt

Y 2
t

) dpb

(
mt

Yt

)
dY

+ λ2 − μ2 + j2F
Mem
t = 0,

μ2Yt = 0,

λ2

(
mt

p−1(RT thresh)
− Yt

)
= 0,

0 ≤ Yt ≤ mt

p−1(RT thresh)
, λ2, μ2 ≥ 0.

There are three cases to be considered: 1) λ1 ≥ 0, λ2 ≥ 0, 2)
μ1 ≥ 0, μ2 ≥ 0, and 3) λ1 = λ2 = 0, μ1 = μ2 = 0. Analyzing
the first two cases we calculated the boundary conditions:

X∗
t =

ct
p−1(RT thresh)

or X∗
t = 0

Y ∗t =
mt

p−1(RT thresh)
or Y ∗t = 0

(14)

By analyzing the third case and using the first KKT condition,
assuming the pb() function is convex, we can calculate the
optimal solutions X∗

t and Y ∗t . From the empirical evaluation,
as mentioned above, we can evaluate the function pb(). For
example, if pb() is a linear function: pb(A) = l1

A
1−A + l2, then

we can evaluate the above equations and derive the optimal
solutions as:

X∗
t = ct +

√
gSLAWtl1ct
j1FCPU

t

Y ∗t = mt +

√
gSLAWtl1mt

j2FMem
t

(15)

From the above optimal solutions we conclude that the optimal
amount of active resources (CPU and memory) depends upon
the rate at which CPU and memory resource utilization is
changing, shown by ct. We can also conclude that these
optimal solutions X∗

t and Y ∗t also depend upon the lag
(Ft) created during the resource provisioning. Based on the
analysis of the optimality conditions, and the solution for the
optimal number of CPU and memory resources, we propose a
Feedback-based Control System (FCS) architecture in the next
section.

IV. CONTROL SYSTEM ARCHITECTURE
We propose a control system that consists of self-adaptive

methods such as a Monitor, Analyze, Plan and Execute
(MAPE) [12] closed-loop control system architecture for dy-
namic resource provisioning in virtualized multi-tier appli-
cations. Our control-theoretic approach aims to fulfill the
response time SLA requirements of these virtualized web
applications by tuning CPU and memory resources (our focus
is on these two parameters) continuously. Figure 2 shows the

Fig. 2. Control System Architecture

overall depiction of the control system with these components:
• The Entry Monitor module collects all the performance
metrics such as the average response time and the request
arrival rate.

• The Workload Monitor captures all the workload related
data, i.e. CPU and memory utilization, at different tiers.

• The Bandpass Filter helps to improve prediction accuracy
as it tends to make noise look periodic or at least
quasi-periodic. In the data collected by the Monitoring
module we first apply a Fourier transform. Using this
transformation, we convert the time series data into the
frequency domain and then apply a bandpass filter to
remove both high frequencies and low frequencies leaving
only frequencies in a band in the middle.

• The Predictive Function uses an ARIMA model to fore-
cast the CPU load and memory utilization at different
tiers of the web application. Based upon the resource
prediction we maintain response time below a threshold
value and offer a strict response time SLA.

• Based on the feedback from our prediction function, the
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Controller Module performs the vertical scaling of the
VMs, by dynamically adjusting the allocation of CPU and
memory resources to the VM.

A. Bandpass Filter
This section describes the filtering process that is an oft-

used method for accentuating some particular frequencies
while removing the remaining frequencies. Low-pass and high-
pass filters are commonly used to remove high frequency noise
or low frequency signals and leave unaltered the frequencies
of interest. A bandpass filter will remove both high and low
frequencies and leave only frequencies within a particular
band. When we collect CPU and memory resource usage
data from the VMs corresponding to each tier of the multi-
tier web application, the data contains a lot of noise. There
are multiple reasons for noise in the data such as: a large
number of processes running in the system, frequent context
switch between processes, etc. If this time series data of
CPU and memory usage is directly used for resource usage
prediction, it cannot be as accurate as needed in such a
dynamic environment. We add a bandpass filter in the control
system to remove the noise from the raw data measurement
before sending it to the predictive function. This approach is
widely used in digital signal processing or image processing
but it is not explored much in cloud computing. As shown

Fig. 3. Steps for Bandpass Filtering

in Figure 3, we first apply a Fourier transform to the time
series data of CPU and memory usage to convert it into the
frequency domain. We then apply a bandpass filter to remove
high frequency noise or low frequency noise trends, and then
perform an inverse Fourier transform to convert the data back
to the time domain. In this work, we used a Fast Fourier
transform (FFT) function which calculates the Discrete Fourier
transform (DFT) of time series data, or its inverse as described
in Shenoi [9]. The Fourier transform converts a signal from
its original time domain to the frequency domain and vice
versa. Our solution uses Fourier spectral analysis with the
FFT algorithm as it has been the most prominent technique
to handle spectral estimation on discrete data set due to its
lower time complexity. We acknowledge some modern spectral
estimation techniques that can provide better resolution (1/n)
with respect to FFT only for small to moderate values of N, and
with added amount of computational complexity. Chen [24]
described some of these high resolution spectral estimation
algorithms: 1) Burg’s Algorithm [25] (that is one of the
most efficient AR modeling techniques and we compare it
with our proposed technique); 2) Least-squares Algorithm;
and 3) Marple Least-squares Algorithm. The disadvantage
of aforementioned techniques is that they are biased in the
location of spectral peaks, line splitting for sine waves at high
Signal-to-Noise Ratio (SNR), and frequency shifting for the
waves at low SNR.

Fig. 4. Adaptive resource controller

B. Predictive Function
This section describes our model for forecasting CPU and

memory utilization in a multi-tier virtualized application. Our
prediction algorithm uses an ARIMA model to predict Cτ

t and
Mτ

t , which represents the CPU and memory use at the τ
th tier

and at time t. We used the multi-step ARIMA(n,d,q) prediction
techniques, as described by Zhang et al. [4], in our model
to maintain the accuracy of our prediction. The prediction
method has two different variations: the first is known as
the Iterating Multi-Step technique (IMS) and the other one is
called the Direct Multi-Step technique (DMS) as described by
George et al. [10]. We used the IMS approach where the one-
step ahead prediction is called recursively. Our objective is to
forecast resource (CPU and memory) usage over a prediction
time window Z ∈ N+. In other words, we need to predict
resource (φt) usage z ∈ [1, Z] steps ahead based on the data
collected up to time t. In our experiments, by varying different
workloads we found that 400 seconds is a suitable prediction
time window. Also, we assume that all the re-configurations
of VMs will be performed at the end of these prediction time
windows.

V. ADAPTIVE CONTROLLER DESIGN
Our adaptive resource controller manages dynamic re-

source provisioning (CPU & memory) in the three different
tiers of a multi-tier web application. Figure 4 shows the
working of our feedback-based closed loop control system.
The model calibration and dynamic resource controller are
the two main modules of our control system. To use this
control system we first train our model with a portion of
the input data and calibrate the prediction parameters. Later
on the model calibration module calibrates the prediction
parameters regularly in every prediction cycle. Based upon
the feedback (calibrated parameter values) from the model
calibration module, the dynamic resource controller module
computes the optimization function and can scale (up or down)
the resources on each tier of the application accordingly.
Algorithm 1 shows the design of our controller which aims

to deal with our constrained (KKT conditions) optimization
problem. We start the controller by loading the initial value of
the resource allocations for τth tier at time t. In the previous
sub-section, we defined Z as the prediction time window. So,
at the end of each time window Z our controller re-calibrates
itself. After the calibration is done, the controller predicts the
values for the CPU and memory resource changes. Finally, it
solves the optimization problem by minimizing the violation
of KKT conditions and calculate X∗

t and Y ∗t and then adjusts
the number of the resources (CPU and memory) as per the
prediction. Algorithm 2 shows the calibration module. It first
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Algorithm 1 Adaptive Controller Algorithm
1: for each tier τ of the hosted application do
2: Load initial resource allocation Xt and Yt at time t
3: loop
4: At the end of controller every time window Z
5: Call Calibration()
6: Predict the CPU and memory resource change
7: Minimize the violation of KKT conditions
8: Calculate X∗

t and Y ∗t
9: Do the resource provisioning as per prediction
10: Z ← Z + 1
11: end loop
12: end for

Algorithm 2 Model Calibration Algorithm
1: procedure CALIBRATION
2: for each tier τ of the hosted application do
3: Call Bandpass()
4: Train the predictive model for Zc time window
5: Set the predictive model parameters
6: end for
7: end procedure

Algorithm 3 Bandpass Filter Algorithm
1: procedure BANDPASS
2: Load Xt and Yt at end of a time window Z
3: for each tier τ of the hosted application do
4: Fourier Transform of Xt and Yt.
5: Pass the output to Bandpass filter
6: Inverse Fourier Transform of filtered output.
7: end for
8: end procedure

removes the noise from the data using the Bandpass filter, then
trains the model for a calibration time window Zc, and finally
sets the parameters used in the ARIMA prediction model.
Algorithm 3 is the definition of the bandpass filter, where we
first take the Fourier Transform of the current time series data
(resource utilization) to take it into the frequency domain. The
data returned from Fourier transform function is then passed as
input to the bandpass filter function to remove the unwanted
frequencies (both low and high). Our bandpass filter uses a
cutoff frequency of 3dB, a commonly used threshold value as
described by Shenoi [9]. To briefly describe the significance
of this value, consider a graph of Frequency (Hz) (abscissa) vs
Power (dB) (ordinate). We calculate the boundary frequency
points (flow and fhigh) for our passband where the power
drops by 3dB from the maximum power value. Additional
details about the choice of a 3dB cutoff frequency is given
in Shenoi [9]. Finally, we use an Inverse Fourier Transform
function to derive the filtered time series data.

VI. EXPERIMENTAL RESULTS
In this section, we describe our experiments that demon-

strates the results of our adaptive control system which we
deployed with a customized version of RUBiS [11], an open-
source online auction application service, in a three-tier ar-
chitecture. We also describe the performance and accuracy
of our self-adaptive controller, performing dynamic resource
provisioning, based on upon our prediction algorithm. Our goal

TABLE III. SERVER (XEON� X5650 2.67GHZ ×19) HARDWARE
INFORMATION AND CONFIGURATION OF VMS AT EACH TIER

CPUs: 24 memory: 18GB
Storage:
2.9TB

Network: 1G
Ethernet

Hypervisor:
KVM

OS: Fedora20
64-bit

CPU memory(GB)
Tier Initial Max Initial Max
Web 2 5 2 3

App 2 6 3 4

DB 1 5 2 4

is to maximize the average response time, without violating the
SLA, with an optimal number of resources. We are focusing
on the vertical scaling of CPU and memory resources.

A. Implementation Details
We used a computer with Kernel-based Virtual Machine

(KVM) as the hypervisor and virt-manager (version 1.0.1),
which uses libvirt, to manage the VMs. The RUBiS application
was deployed in a 3-tier architecture in which the first tier
consists of the Apache web server that mainly handles all
incoming requests, then forwards all of them to the application
server, receives an acknowledgement back from the application
server and lastly responds back to the clients. The application
(App) server (PHP ) on the second tier uses server-side scripts
to process the requests received, fetch the required information
from the database tier, and finally send output to the Apache
web server. The third tier consists of a MySQL database (DB)
server carrying all the test records (1.1GB), and handles all
the data processing queries.

1) Testbed Setup: We developed a small testbed on the
same physical machine of a prototype cloud environment, in
which all the three tiers of the RUBiS application were hosted
in 3 different VMs and the resources on each of them can
be easily managed via libvirt. The hardware information of
server machine and the initial configuration of each of three
VMs is shown in Table III. We used our customized RUBiS
emulator which generates workloads for a particular time
window using a fixed rate of users entering the website every
second. Each session initiated by a simulated user emulates
a customer browsing different items from various categories.
Our customized script keeps increasing the level of workload
randomly while switching between different pages of the web
application to emulate a real time web traffic. Different levels
of workload consists of a different amount of user sessions per
second and every user session consists of some static resource
request, some dynamic resource request and some small pause
moments, time spent by a user while browsing a page. RUBiS
uses PHP pages with read-only MySQL database queries that
shows the dynamic resource content of the application. Every
new user session is started irrespective of system’s capacity
to handle them because our workload generator always waits
for an acknowledgment before generating the next request.
Hence, the response time keeps fluctuating mainly because of
the change in the number of user sessions. To conduct our
simulations, we made a flat file for storing page transitions
called transitions.txt.

2) Controller Setup: We developed a feedback-based con-
trol system, whose controller was placed on the first tier (web
server), which continuously collects resource utilization from
all three tiers of the application using sysstat, a standard
Linux utility, installed on each VM. The resource usage data
collected at the end of every prediction time window Z (400
seconds) is passed through the Bandpass filter and the filtered
data is sent into the predictive model which performs the

332



Time (Seconds)
0 500 1000 1500 2000

C
P

U
 U

til
iz

at
io

n 
(%

)

0

50

100
CPU Utilization in Application Tier

CPU Utilization

Time (Seconds)
0 500 1000 1500 2000

C
P

U
 U

til
iz

at
io

n 
(%

)

0

20

40

60

80

100
CPU Utilization in Database Tier

CPU Utilization

Fig. 5. CPU utilization at the application and database tier that includes
measurement noise over a period of randomly selected 2300 seconds
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Fig. 6. memory utilization at the application and database tier that includes
measurement noise over a period of randomly selected 2300 seconds

dynamic resource provisioning. Our control system keeps re-
calibrating the control parameters to address the dynamic traf-
fic changes on the web application with different workloads.
Another part of the controller keeps collecting the response
time as well and avoids SLA violation.

B. Results and Discussion
We evaluated our system by conducting a set of simulations

using a standard workload generator which creates a random
load that consists of both static and dynamic contents so
that we can stress both CPU and memory resources. We first
analyzed the behavior of the RUBiS application in terms of
CPU and memory usage at the application and database tier.
Figures 5 and 6 show the significant amount of noise present in
CPU and memory utilization data collected from two different
tiers of the application, which complicates analysis of the
underlying trends of these measurements. Hence, it supports
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Fig. 7. Bandpass filter applied to CPU utilization data with 3dB as the cut-off
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Fig. 8. ARIMA with bandpass filter based prediction of CPU and memory
utilization at application tier using 400 seconds of training and validation data
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Fig. 9. ARIMA without bandpass filter based prediction of CPU and memory
utilization at application tier using 400 seconds of training and validation data

our motivation to use a bandpass filter to remove the high and
low frequency noise and leave only frequencies within a band.
Figure 7 shows the results of applying a bandpass filter to raw
CPU utilization data which has significant noise.
To evaluate the prediction accuracy of our control system

we divided the data into two parts: the training dataset and
the validation dataset. We set the prediction time window Z
to 400 seconds, as explained in Section 4.2.2. We train our
prediction model with the data collected in 400 seconds, and
then we predict the data for next 400 seconds. Our prediction
model requires a minimum of 35 seconds, which was fast
enough to re-calibrate itself before prediction. Figure 8 shows
the prediction of CPU and memory resources resulting from
our analysis, and highlights that the first 400 seconds is used
as training dataset, and the second half shows the next 400
seconds for which our system validates the predicted values
with original resource usage values. We applied the multi-step
ARIMA(2,1,1) model on the filtered data and validated the
prediction results by calculating the Mean Absolute Percentage
Error (MAPE) [7] as shown in the below Equation 16.

MAPE =
1

n

n∑
t=1

∣∣∣∣φt − φt+z|t
φt

∣∣∣∣ (16)

where φt is the real value of the resource utilization over
a prediction time window Z ∈ N+ (400 seconds in our
experiments), φt+z|t represents the z-step (z ∈ [1, Z]) pre-
diction of φt and n represents the total count of input data.
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TABLE IV. TRADEOFF ANALYSIS FOR CHOOSING HIGH PREDICTION
ACCURACY (100−MAPE) WITH VARYING PREDICTION TIME WINDOW

FOR ARIMA MODEL (WITH AND WITHOUT BANDPASS FILTER) AND AR
MODEL USING BURG’S ALGORITHM BASED ON DIFFERENT TIME WINDOWS

% Accuracy of
ARIMA with
BP Filter

% Accuracy of
ARIMA without
BP Filter

Time (sec)
Window CPU memory CPU memory

10 76.02 91.99 60.24 81.83

50 80.84 96.51 60.72 85.34

100 84.08 97.71 62.56 87.38

200 85.26 98.27 63.57 87.63

300 85.93 98.63 64.95 87.87

400 86.76 98.63 69.81 88.28

% Accuracy
of AR with
Burg’s Algo

Time (sec)
Window CPU memory

1 86.6 99.87

5 75.74 99.38

10 60.54 98.75

20 37.84 97.37

30 23.27 96.32

40 14.29 95.50

Hence, (100−MAPE) measures the percentage of accuracy
of our prediction model. The Mean Absolute Percentage Error
(MAPE) values for the CPU and memory usage prediction
(using Bandpass Filter) was recorded as 13.23% and 1.37%.
Thus, the prediction accuracy (100 −MAPE) of our model
for the CPU and memory usage are 86.77% and 98.63%. To
check the significance of bandpass filter, we conducted two
more experiments: 1) ARIMA(2,1,1) based prediction without
using a bandpass filter as shown in Figure 9, and 2) AR(4)
with Burg’s algorithm as shown in Figure 10, using the built-
in functions of MATLAB [26].
Table IV shows a tradeoff analysis for choosing a method

with higher predicton accurracy and optimal prediction time
window. The choice of an optimal prediction time window is
equally important as the higer prediction accuracy because if
that window is too small then it is not practical to perform all
the dynamic resource adjustments in that short span of time,
and if that window is too large then the prediction becomes
meaningless because of rapid changes in the data. Table IV
clearly shows the significance of using a bandpass filter, as
the ARIMA model with a bandpass filter has higher prediction
accuracy for both CPU and memory utilization for the different
time windows that we tried. We also found that the ARIMA
model with a bandpass filter has a higher prediction accuracy
for both CPU and memory utilization for average to larger
(200-400 seconds) time window. However, the AR model using
Burg’s algorithm acheives a high prediction accuracy of 86.6%
for CPU utilization when time window was 1 second, and has
a higher prediction accuracy for memory utilization when time
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Fig. 11. Average response time with with 4 heaviest workloads for a period
of 380 minutes

window is ≤ 100 seconds. Our experimental results show that
400 seconds is an optimal time window that allows sufficient
time to adjust the CPU and memory resources, and helps our
model (based on ARIMA with bandpass filter) to acheive high
prediction accuracy. Finally, we conclude that accuracy of our
model for memory usage prediction is much better than for
CPU usage prediction, mainly because of much more noise in
the CPU usage data compared to the memory usage data.
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Fig. 12. Comparison of response
time SLA violations with baseline
criteria for 4 heaviest workloads
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The performance of the application is inversely propor-
tional to the response time, i.e., lower response time shows
better performance. Based on our prediction accuracy, and
simulations with different workloads we sought to achieve a
response time SLA of 30ms. Table I (see Section II) shows
that response time SLA achieved by our control system is
very low compared to the SLA chosen by some prior work
such as: Padala et al. [6] and Kalyvianaki et al. [17] who
maintained a mean response time SLA of ≤ 1 second; Wang
et al. [18] who presented a response time SLA of 0.31 second;
Iqbal et al. [5] who imposed a 1 second response time SLA;
and Bi [12] who achieved a 0.8 second response time SLA.
We conducted 30 experiments by increasing the workload,
however, we are highlighting the results from four heaviest
workloads for the average response time. We varied the number
of clients per node as: 1500, 2000, 2500 and 3000, and
captured the average response time for each iteration, along
with the baseline condition we used for comparison, i.e. when
our control system is not applied, for 3000 clients as shown in
Figure 11. From the graph of the percentage of SLA violations,
shown in Figure 12, we can see that there were no SLA
violations for workloads with 1500 and 2000 clients per node,
but after we increased that value to 3000 clients we see a
minor violation of 2.63% and then it increases to 7.89% in
case of a fourth workload conducted with 3000 clients per
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node. The tendency of increasing the percentage of violations
is expected because of the hardware configuration limits and
the length of prediction time window. Figure 12 also shows that
the percentage of SLA violations is still very low compared to
the baseline condition, where the violation is 50% with 1500
clients, and goes up to 84.21% for 3000 clients. The baseline
condition describes the scenario in which our control system
is not applied to the test application i.e. the default behavior of
the application. The box-plot shown in the Figure 13 displays
the nature of average response time with variation of these four
heavy workloads that we achieved using our control system.
Taking the average response time from all the experiments we
conducted we are able maintain a 95% confidence interval of
14.9676ms to 17.2803ms which is well within the SLA range.

VII. CONCLUSION
With an increasing number of migrations of web applica-

tions from dedicated hosting to cloud hosting, it is becoming
important for cloud providers to choose an efficient way to
manage dynamic resource provisioning. In this paper, we
described a feedback-based control system that we developed
to maintain a response time SLA and to perform on-demand
scaling of VMs, whenever needed. One of the major issues
we addressed in this paper is to deal with the noise in
resource utilization data by using a Bandpass filter. Generally,
people have ignored this factor of real time noise while doing
experiments with trace-driven simulations. For example, if you
use traces from Google Cluster dataset [4], then you may not
be dealing with the real time noise in the resource usage data
that is caused either due to large number of processes running
in the system, or due to the frequent context switch between
processes. We modified and deployed the RUBiS application
in a multi-tier architecture to perform all of the experiments.
The workload we used in our experiments effectively created
static and dynamic requests to vary the resource demands in
both the application and database tiers of the application. We
validated our adaptive controller on a testbed, and maintained
a response time SLA of 30ms with a maximum of 7.89% of
SLA violation. Hence, using this control system we are able
achieve the main goal of this paper, i.e., performing dynamic
resource provisioning more accurately to avoid SLA violations.
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