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Cloud computing allows dynamic resource scaling for enterprise online transaction systems, one of the
key characteristics that differentiates the cloud from the traditional computing paradigm. However,
initializing a new virtual instance in a cloud is not instantaneous; cloud hosting platforms introduce
several minutes delay in the hardware resource allocation. In this paper, we develop prediction-based
resource measurement and provisioning strategies using Neural Network and Linear Regression to satisfy
upcoming resource demands.

Experimental results demonstrate that the proposed technique offers more adaptive resource
management for applications hosted in the cloud environment, an important mechanism to achieve on-
demand resource allocation in the cloud.
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1. Introduction

Cloud computing is one of the most popular buzzwords in to-
day’s enterprise. An intrinsic feature of the cloud that differentiates
it from traditional hosting services is its seemingly infinite amount
of resource capacity (e.g. CPU, memory, Network I/O, disk etc.) of-
fered at a competitive rate. It provides opportunities for start-up
companies to host their applications in the cloud; thus, eliminat-
ing the overhead of procuring traditional infrastructure resources
which typically takes several months.

However, a near-infinite resource pool for scale and flexibility
is not the only potential of the cloud. Cloud hosting providers
offer this near-infinite resource on demand using different pricing
models, e.g. pay-per-use model for workloads with unforeseeable
characteristics, reserved instance pricing model with long-term
commitment of availability and spot instance model for workloads
with flexible completion time. Therefore, application providers
are able to choose an appropriate pricing model based on the
anticipated workload characteristics and provision the resources
accordingly in the cloud. The pay-as-you-go model and dynamic
resource provisioning features of the cloud reduce the overhead
associated with static provisioning, which is not considered as
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a cost effective option because of over-provisioning or under-
provisioning of infrastructural resources at any particular moment.
The time it takes to instantiate a new virtual machine (VM)
instance on demand is relatively small, for instance, 5-15
minutes [1] as compared to a traditional month-long procurement
process. A contemporary research challenge is to devise an
intelligent way towards dynamic provision of resources in the
cloud which is effective in terms of both cost and performance.

It is intuitive that if the dynamic resource scaling system is a
reactive one, it might not be able to scale proportionally with the
Slashdot effect [2] or sudden Traffic surge resulting from special
offers or market campaigns; thus turning out to be catastrophic
for application performance, leading to an unacceptable delay in
response time and in the worst case, application unavailability.
Therefore, proactive prediction-based resource scaling is required
in order to cope up with the ever fluctuating resource usage pattern
of e-commerce applications.

Predictive analysis of resource usage is the key to several
crucial system design and deployment decisions such as, workload
management, system sizing, capacity planning and dynamic
rule generation in the cloud. Hence, our proposed prediction
framework uses statistical models which are able to speculate
the future surge in resource requirement; thus enabling proactive
scaling to handle temporal bursty workload in a controllable
way. For the prediction approach, we resort to machine learning
algorithms (e.g. Neural Network and Linear Regression) and
the sliding window technique, which have proved successful in
the financial and health informatics area [3]. For training and
testing the prediction model, we use data generated from running
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the TPC-W benchmark [4] in the Amazon EC2 cloud. Finally,
the effectiveness of the prediction framework is validated by
introducing evaluation metrics e.g. Mean Absolute Percentage
Error (MAPE), PRED(25) etc. We show that our framework is not
only able to make accurate projections but also skilled enough to
forecast resource demand ahead of the VM instance setup time.

2. Related work

The unique business model of cloud computing provides
subscription-based pay-per-use virtual services that allows IT to
increase capacity or add capability in real time over the Internet, a
way to extend IT’s existing resources on demand without investing
in new infrastructure and personnel associated costs.

The challenge here is that applications hosted in the cloud need
to be elastic in order to achieve economy of scale while preserving
the application-specific Service Level Agreements (SLAs) such
as, response time, throughput etc. The usage prediction and
dynamic provisioning of resources is one of the fundamental
research challenges, because a balanced trade-off between the
business-level SLAs and other constraints (e.g. VM setup overhead,
cost effectiveness etc.) needs to be achieved. Recent research
on dynamic provisioning in the cloud explores some interesting
prediction techniques and heuristics as well as some measurement
metrics to evaluate the approaches from different perspective; we
strive to focus on the research problem of developing resource
prediction models for facilitating proactive scaling in the cloud
so that hosted applications are able to withstand the variation
in workload with least drop in performance and availability. This
section provides an overview of some of the related techniques.

2.1. Resource provisioning

The problem of resource provisioning in the cloud has been
investigated from the platform hosting provider’s perspective. Van
et al. [5] presented solutions to automate the management of
virtual machines for service hosting platforms while optimizing
a global utility function that integrates the application-level SLAs
and the operating cost of the platform provider. They resorted to
the Constraint Programming approach to solve the optimization
problem by defining business level SLAs of the application and the
resource exploitation cost of the hosting provider as constraints.
The proposed management system attempts to maximize the
performance of the hosted applications with an optimal operating
cost for the hosting provider. Throughout the study in [5], the
important assumption on the performance model of the hosted
application is omitted, whether it is a web application with
stringent QoS requirements or a pure analytical one.

Quiroz et al. [6] introduced a Decentralized Online Clustering
(DOC) mechanism for autonomic VM provisioning that introduces
the unique challenges of enterprise grids and clouds. They
also recognized the problem of inaccurate cloud client resource
requests that lead to over-provisioning and therefore integrated a
workload modeling technique, called Quadrature Response Surface
Model (QRSM) with VM provisioning. This technique is used to
model the application dynamics in the cloud environment so that a
feedback on the appropriateness and the number of the requested
resources with respect to the application-specific SLA and QoS
requirements can be provided.

On the other hand, Silva et al. [7] proposed a heuristic for
optimizing the number of machines for processing an analytical job
with predefined number of independent tasks so that maximum
speedup can be achieved within a limited budget. However, the
traffic of a web application is dynamic and random in nature;
hence predicting the optimal number of machines (instances) for
the fulfillment of the application level SLAs in real time and within
budget is not a trivial task.

Alternatively, Lim et al. [8] addressed the problem of building
an effective external controller for automated adaptive scaling
of applications deployed in the cloud. They recommended the
Proportional Thresholding approach which dynamically adjusts
the target range (i.e. high and low thresholds) based on the number
of accumulated virtual machine instances. Thus the relative effect
of allocating resources becomes finer as the number of accrued
resources increases; eventually resulting in being adaptive and
more resource efficient.

2.2. Resource prediction techniques

Although the works of Silva et al. [7] and Lim et al. [8] presented
different new algorithms for adaptive scaling, their approach is not
proactive and hence more susceptible to degradation of perfor-
mance due to VM instance provisioning and booting delay in the
cloud. In this regard, Caron et al. [9] initiated the groundwork for a
new approach to workload prediction algorithms based on past
usage patterns. Since dynamic allocation and de-allocation of vir-
tual machine instances include some overheads such as, instance
setup time, performance improvement and responsiveness could
be achieved if the system can predict and scale in advance to adapt
with the changing workload. Based on similar characteristics of
web-traffic, they proposed a pattern matching algorithm that is
used to identify closest resembling patterns similar to the present
resource utilization pattern in a set of past usage traces of the cloud
client. The resulting closest patterns are then interpolated by us-
ing a weighted interpolation to forecast approximate future values
that are going to follow the present pattern. This prediction finally
aids in making dynamic scaling decisions in real-time. However,
their approach has several problems; firstly, searching for similar
patterns each time over the entire set of historical data is ineffi-
cient. And secondly, it may lead to over-specialization, thus turning
out to be ineffective.

Finally, Kupferman et al. [10] recommended a set of scoring
metrics to measure the effectiveness and efficiency of dynamic
scaling algorithms in terms of availability and cost. Their analysis
revealed the fact that dynamic provisioning provides significant
improvement over static allocation algorithms in terms of cost
with least drop in availability. Again, prediction of resource
provisioning based on past usage and intelligent de-allocation
using “smart kills” further enhance the efficiency of the algorithm
in the face of sharp and random spikes in traffic.

2.3. Resource prediction in the cloud

Our work aims at analyzing the problem of resource provision-
ing from the application provider’s viewpoint so that the hosted
application is capable of making autonomic scaling decisions by
evaluating the future resource utilization (such as, CPU, memory,
Network I/O etc.) in real time and thus request for additional vir-
tual instances beforehand through intelligent prediction to maxi-
mize performance and availability. A majority of the existing works
have been in the investigation of resource provisioning from the
cloud service provider perspective.

The current scope of our work is bound to the development of a
performance prediction model and its statistical validation only;
in future work, we plan to implement and evaluate the model
on top of the public cloud. Our proposed prediction technique is
more prospective and robust in terms of resource prediction in
the cloud for several reasons. First, we generated the historical
data by running a standard client-server benchmark, such as TPC-
W [4] on Amazon EC2 and used that data for training and testing
of the forecasting models. Second, our prediction framework is
developed using statistical learning algorithms and the sliding
window mechanism which are simple yet effective. And finally,
the accuracy of the prediction framework is assessed using our
proposed evaluation metrics and cross-validation [11,12].
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Fig. 1. A three layer Neural Network.
3. Methodology

We explored a number of existing machine learning techniques
to make an acceptable prediction on future resource requirement
in the cloud with respect to time. Hence our research problem
actually relates to time-series analysis. The machine learning
techniques, adopted here, are some of the most common and
popular ones in time-series analysis. All of these methodologies
are able to predict the most likely future outcome based on
recent resource usage and historical data. The proposed learning
algorithms are:

e Error Correction Neural Network (ECNN) [13].
e Linear Regression [14].

We selected these learning algorithms because these are
naturally efficient and effective in the forecasting paradigm.
However, it is worth noting that it is also possible to accommodate
other learning methods, e.g. Support Vector Machines (SVM) for
prediction of future resource usage.

In addition, we incorporate sliding window [15] and cross-
validation [11,12] techniques in the training and prediction stages
and consequently evaluate the validity of the learning algorithms
for prediction accuracy using statistical metrics, as discussed in the
following sections.

3.1. Learning algorithms

3.1.1. Error Correction Neural Network (ECNN)

In this approach, a Neural Network model [13] is trained, given
the previous historical data. A typical three-layer Neural Network
is shown in Fig. 1. The Neural Network consists of a number
of layers: the input layer has a number of input neurons, x =
[x1, X2, ..., Xn]; the output layer has one or more output neurons,
0 = [o01, 02, ...,0,] and several hidden layers with hidden neu-
rons, h = [hy, hy, ..., hj] in between. In a fully-connected Neural
Network, the neurons at each layer are connected to the neurons
of the next layer; these connections are known as synapses. Each
synapse is associated with a weight, which is to be determined dur-
ing training.

During the training phase, the Neural Network is fed with
input vectors and random weights are assigned to the synapses.
After presentation of each input vector, the network generates a
predicted output y. The generated output is then compared with
the actual output, y; the difference between the two is known
as the error term which is then used as a feedback to correct
the synaptic weights of the network. Since the error value guides
the network towards convergence to the target output for a set
of real-world inputs, therefore it is called a feed forward or error
correction network. The rate at which the weight is updated is
called the learning rate p, which is generally a value within the
range [0, 1]. The training of the Neural Network continues until a

specific criterion is met, e.g. the sum of squared errors falls below
a certain threshold. The overall algorithm for training a three layer
feed-forward Neural Network for forecasting can be expressed as
the following [13]:

e Initialize the weight vectors wy,
wherep=1,2,...,k
and k = Y _(hidden neurons + output neurons).
e Repeat
- Fori = 1to N, where N is the number of input vectors in the
training dataset.
- Present input vector x(i) to the network.
- For each neuron compute y,(i), e, (i) and §, (i), given by the
following formulae:

1
V(i) =f (Z ijxja))
j=1

ep(i) = Yp(i) — yp (i),
where y, (i) = predicted output and y, (i) = actual output for

x(i)

!
8(i) = e, (Df’ (Z wp;x;(i)> :
j=1

- End {For}.
- Update the weight vectors wy, using the formula: w,(t41) =

wy(t) — p Zf’zl 8, (1)x(i), where p is the learning rate.

e Until a specific termination criterion has been met, i.e. the total

prediction error is lower than a specific limit.

The above algorithm is also known as the back-propagation al-
gorithm [13], which follows a gradient-descend technique [13] to
reach the local optima. Thus the resultant Neural Network guaran-
tees to produce an optimal prediction output after observing the
input vector in real time.

3.1.2. Linear regression

An alternative approach to address the prediction problem is
Linear Regression [ 14] which models the relationship between one
or more input variables x and a dependent output variable y by
using a linear equation to observed data. However, in the real
world, the number of input variables is often more than one; in that
case, it is called Multiple Linear Regression [ 14]. If the independent
variable is ¥ = [x1, X2, . .., Xz, and the corresponding dependent
variable is y, then the Linear Regression model takes this form:

m
y=p8+ Z Bixi.
i=1
The Linear Regression approach determines unknown parame-
ter values, i.e., B; during training phase that yields the best-fitted
model with the given data points.

3.2. Sliding window technique

The sliding window technique [15] maps an input sequence
x of size k to an individual output y by using a prediction
model; this approach is very effective in the data mining field
e.g. Protein Secondary Structure Prediction [16], Pronouncing
of English Words [17], etc. Similarly, we map the challenge of
resource usage prediction in the cloud as a time-series analysis
problem where the input x is a vector of resource usage samples
over k consecutive time intervals and the predicted output, y is r
intervals ahead of this input window.

Fig. 2 demonstrates the idea of a sliding window where the
input vector is of size k,i.e,x = [y(t),y(t + 1),...,y(t + k — 1)]
over the time interval [t, t + k — 1] and the predicted output is
y(t + k+r — 1) attime (t + k + r — 1) which is r time intervals
ahead of the input window.
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Fig. 2. Sliding window approach used in prediction of resource usage in the cloud.

3.3. Evaluation criteria

We evaluate the accuracy of the fitted models, generated from
different learning algorithms based on a number of metrics: Mean
Absolute Percentage Error (MAPE) [18], PRED(25) [18], Root Mean
Squared Error (RMSE) [19] and R? Prediction Accuracy [20]. We
describe the metrics in the following subsections.

3.3.1. Mean Absolute Percentage Error (MAPE)
The Mean Absolute Percentage Error [ 18] for a prediction model
is given by the following formula:
1 19— vil
MAPE = — _— (1)
n ; Yi
where y; is the actual output, y; is the predicted output and n is the
number of observations in the dataset for which the prediction is
made. A lower value of MAPE implies a better fit of the prediction
model; thus indicating superior prediction accuracy.

3.3.2. PRED(25)

The measure PRED(25) [18] is defined as the percentage
of observations whose prediction accuracy falls within 25% of
the actual value. A more formal definition of PRED(25) is as
follows:

No. of observations with relative error < 25%

PRED(25) = 2)

No. of observations

From (2), it is intuitive that a PRED(25) value closer to 1.0
indicates a better fit of the prediction model.

3.3.3. Root Mean Squared Error (RMSE)
The metric Root Mean Square Error (RMSE) [19] is defined by
the following formula:

where y; is the actual output, y; is the predicted output and n is
the number of observations in the dataset. A smaller RMSE value
indicates a more effective prediction scheme.

3.3.4. R? Prediction Accuracy

The R? Prediction Accuracy [20] is a measure of the goodness-of-
fit of the prediction model. The formula of R? Prediction Accuracy
is:

n
Y0 —y)?
R=1-5 (4)
20—
i=1
wherey = % >, yiand y; is the actual output, y; is the predicted

output and n is the number of observations in the dataset. Note
that, the R? value falls within the range [0, 1]. This metric is com-
monly applied to Linear Regression models; in fact, R? Prediction
Accuracy determines how the fitted model approximates the real
data points. An R? prediction accuracy of 1.0 indicates that the fore-
casting model is a perfect fit.

3.4. Cross validation

We applied a cross-validation [11,12] technique for estimating
the accuracy of the prediction models generated by the learning
algorithms in Section 3.1. Cross-validation is one of the most
common error estimation techniques where each observation y; €
Y1, Y2, ..., Yo in the sample dataset of size n is successively taken
out and the remaining n— 1 observations of the set are used to train
the prediction model to estimate the projected resource usage.
Later, the actual output y; is used to validate the predicted output y;
inferred by the fitted model. This strategy is also known as Leave-
One-Out Cross Validation (LOOCV) [11,12].

4. Experimental setup

We conducted our experiment of performance prediction in
the cloud by implementing all of the approaches mentioned in
Sections 3.1 and 3.2. Our experimental setup is divided into two
steps:

e Historical Data Collection in the Cloud and
e Training of the Prediction System with the Historical Data.

4.1. Data collection in the cloud using TPC-W benchmark

TPC-W [4,21] is a specification for benchmarking e-commerce
applications. It is commonly used for resource provisioning,
scalability and capacity planning for traditional e-commerce
websites. The TPC-W workload generator mimics a number of
simultaneous user sessions for an e-commerce website, where the
users can browse, order and perform transactions for products in
an online retail store via emulated browsers. In our experiment,
we employed a Java implementation of TPC-W that emulates an
online bookshop and deployed the application into the Amazon
EC2 cloud with the objective of making reasonable predictions
for an e-commerce website where any user request needs to be
served instantaneously. For this experiment, our focus is to build
up prediction models which are able to forecast a sudden increase
inresource requirement in advance; for this reason, we customized
the TPC-W client implementation to generate web requests in a
linear fashion as it closely resembles the ramp-up phase of flash
crowd web traffic [22]. However, future work will cover other
workload patterns, such as exponential surge etc.

We used Amazon’s auto-scaling API to define static scaling
rules for resource provisioning of the online bookshop in EC2.
During the experiment, we collected the aggregated Percentage of
CPU usage of all the EC2 instances every minute; for this reason,
CPU utilization sometimes goes beyond 100% for the actual and
predicted utilization graphs.

The sampled CPU usage dataset was then used to train
prediction models in order to make future resource usage forecasts
in the cloud. In our experiment, we also estimated the accuracy of
the prediction models in terms of the sliding window perspective;
i.e. whether the sliding window has any impact on the prediction
accuracy of the fitted models. Therefore, we conducted two
experiments: one forecasts the future resource usage using the
current value only; whereas the other one implements the sliding
window strategy to make predictions for a different size of the
input window.

The architecture and characteristics of the dataset collection
stage using the TPC-W benchmark in the cloud is depicted in
Fig. 3 and Table 1 respectively. It should be noted that the data
collection phase includes only a few number of EC2 instances;
however, it does not imply that we trade-off operational cost to
the completeness of our study. Since the efficacy of the prediction
model depends on the workload pattern only, the result will be the
same even if the scale of the EC2 instances varies.
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Table 1

Data collection scenario.
Number of samples 135
Benchmark duration 135 min
Sampling interval 1 min

Sampled resource Aggregated percentage of CPU
usage across all VM instances
Maximum number of EC2 instances 3

Minimum number of EC2 instances 1

Generales user requests

TPC-W Load Client

1cea

TPC-W Web Server

0

Database
(MySQL)

Makes scaling decision
for web server based on
CPU Utilization

<

Scaling API

Fig. 3. Data collection architecture.

4.2. Training

We selected the prediction interval as 12 min because the setup
time of virtual machine instances in the cloud is typically around
5-15 min; so the scaling system needs to request for new virtual
instances 12-15 min ahead of time in order to meet up the surge
in resource requirement in the cloud.

The following subsections provide a training description
using machine learning algorithms, mentioned in Section 3.1 for
constructing prediction models for future resource forecasting in
the cloud.

4.2.1. Experiment 1 — training without sliding window

In this training approach, the prediction model observes
the recent resource usage and then forecasts the future CPU
usage on a 12 min interval depending on the currently seen
value.

e Error Correction Neural Network (ECNN). For training the
Neural Network using back-propagation, we use a third party
package nnet [23] in the R-Project [24]. The parameters of our
experiment are: learning rate p = 0.7, no of hidden layers = 1,
number of hidden neurons = 7. The learning rate p should not
be too small or too large; because if the rate is too small, then the
prediction model will need more time to converge; again if it is
too large, then it might oscillate around the local optima [13].
For this reason, we selected the learning rate p as 0.7 which is
neither too small nor too large. The reason behind the selection
of only one hidden layer is that most of the Neural Network
based forecasting models [3] achieved effectiveness using one
hidden layer. Again, the number of neurons in the hidden layer
has been selected empirically.

e Linear Regression. In order to develop a Linear Regression
based prediction model, we used another third party package
dynlm [25] in the R-Project [24].

4.2.2. Experiment 2 — training with sliding window

In this training approach, the prediction model observes the
recent resource usage over a sliding window of varying interval
and then forecasts the future CPU usage requirement on a 12 min
interval based on the currently monitored input window values.
We changed the sliding window size and estimated the prediction

Neural Network based Prediction (No Sliding Window)

180

Actual Trend
Predicted Trend -+«

CPU Utilization (%)

0 L L L
0 20 40 60 80 100

Time (minutes)

Fig. 4. CPU utilization vs. time in Neural Network approach with no sliding
window.

Linear Regression based Prediction (No Sliding Window)
180

Actual Trend
Predicted Trend -+

CPU Utilization (%)

0 20 40 60 80 100

Time (minutes)

Fig. 5. CPU utilization vs. time in Linear Regression approach with no sliding
window.

accuracy of the forecasting models produced by the learning
algorithms specified in Section 3.1.

o Error Correction Neural Network (ECNN). The experimental
setup for this sliding window based training of Neural Networks
is almost similar to Section 4.2.1. The only difference here is
the size of the input. Since we are using the sliding window
technique in this training phase, therefore the input is not a
single value but a vector of multiple values varying within a
range [2, 9].

e Multiple Linear Regression. In the sliding window based
Linear Regression approach, the training input is not a single
value; however, an input vector of multiple values over an
interval equal to the size of the sliding window. With the same
experimental setup as in Section 4.2.1, we generated different
linear forecasting models for different sliding window sizes for
projecting future resource requirement in the cloud.

5. Results and discussion

We evaluated the prediction accuracy of Error Correction
Neural Network and Linear Regression in terms of the metrics
specified in Section 3.3, i.e. Mean Absolute Percentage Error
(MAPE), Root Mean Squared Error (RMSE), R? prediction accuracy
and PRED(25).

As specified in the previous section, we trained the pre-
diction models without using the sliding window technique in
Section 4.2.1; whereas we applied different sliding window size in
Section 4.2.2. A comparison on the accuracy of the forecasting mod-
els with different learning algorithms and sliding window strategy
is presented in Table 2.
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Table 2

Comparison of predictive accuracy between Neural Network (NN) and Linear Regression (LR) models with and without the sliding window technique.

Metric Without sliding window With sliding window

NN LR NN

LR

Size=3

Size =6

Size=9 Size =3 Size =6 Size=9

MAPE 0.195
PRED(25) 0.819
RMSE 9.60
R? N/A

0.364 0.197
0.810 0.800

1041 9.81
0.954 N/A N/A

0.186
0.857
10.15

0.193 0.365
0.857 0.838
9.67 10.24

N/A 0.955

0.377 0.381

0.848 0.848
10.05 9.94

0.955 0.954

Neural Network based Prediction (Sliding Window Size=9)
180

Actual Trend ' ' '

Predicted Trend -------

160

140

120

80 -

CPU Utilization (%)

60 -

40

20

L
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Fig. 6. CPU utilization vs. time in Neural Network approach for sliding window
size =9.

Linear Regression based Prediction (Sliding Window Size=9)

180 T T T T
Actual Trend

Predicted Trend ------

CPU Utilization (%)

0 20 40 60 80 100

Time (minutes)

Fig. 7. CPU utilization vs. time in Linear Regression for sliding window size = 9.

MAPE vs. Window Size (Neural Network based Prediction)
198 T T T T T T T

Mean Absolute Percentage Error (MAPE)

Sliding Window Size

Fig. 8. Mean absolute percentage error vs. window size in Neural Network.
5.1. Comparison of prediction models

Figs. 4 and 5 correspond to the resource prediction models
found from the experimental setup of Section 4.2.1 where
prediction is made with respect to the most recent resource usage
value in the cloud. It is apparent from the diagrams that the Neural
Network prototype can closely exhibit the trend of the actual

resource consumption in the cloud. From Table 2, it can be seen
that the MAPE of Neural Network is 0.195 whereas it is 0.364
for Linear Regression; this implies that Neural Network performs
better by yielding less percentage error than Linear Regression.
Again, the RMSE of Neural Network and Linear Regression is 9.60
and 10.41 respectively; thus demonstrating the superiority of
Neural Network over Linear Regression. According to PRED(25),
Neural Network has more correct prediction rate (0.819) than
that (0.810) of Linear Regression. Thus, all of these statistical
metrics based comparisons go in favor of the Neural Network
based prediction model for Experiment 1 with no sliding window
method.

Alternatively, in Section 4.2.2, we applied the sliding window
method which resulted in the projection models depicted in
Figs. 6 and 7. In this case, the Neural Network based prototype
is more accurate in predicting the actual pattern than that of
Linear Regression. The assessment of the two models in terms of
the evaluation metrics, listed in Table 2, also reveals the same
notion. Similar to the no sliding window method, the MAPE of
Neural Network is 50% smaller than that of Linear Regression for
each of the different input window sizes, thus indicating better
fit for Neural Network based prediction models. The RMSE of the
Neural Network is slightly lower than Linear Regression which
means that the Neural Network can predict the actual pattern
more accurately by yielding less residuals. Finally, a higher value
of PRED(25) (>85%) for the Neural Network compared to Linear
Regression demonstrates the enhanced efficacy of Neural Network
models in terms of the rate of accurate predictions.

It should be noted, however, that the R?> metric, typically used
to explain the proportion of variation in a linear model, is not
evaluated for the Neural Network model since there is no obvious
way to compute it for a Neural Network prototype with one
or more hidden layers. Hence, the Linear Regression model has
not been compared to the Neural Network one based on the R?
measure.

Next, we compare between different forecasting prototypes
from the perspective of sliding window technique to determine
whether the input window size has any influence on the prediction
accuracy. From the prediction results of Table 2, it is noteworthy
that the use of an input window has a positive effect on the
accuracy of the prediction models. That is, the MAPE and RMSE
becomes lower and the correct prediction rate goes higher with
the use of the sliding window strategy. This is expected since
the sliding window provides more specific knowledge about the
underlying pattern within the neighborhood of the predicted data
point; hence the projected value is more likely to comply with the
sequence of the recently observed pattern.

5.2. Sensitivity analysis with varying sliding window size

Figs. 8-11 compare the responsiveness of the predictive
accuracy to different size of the input window based on the
performance metrics, MAPE and PRED(25). According to PRED(25),
as the window size grows, the number of correct predictions
goes up for both the Neural Network and Linear Regression
models. Similarly, the MAPE measure declines with the expansion
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MAPE vs. Window Size (Linear Regression based Prediction)

39 T T T T T T T

Mean Absolute Percentage Error (MAPE)

36 L L L L L L L

Sliding Window Size
Fig. 9. Mean absolute percentage error vs. window size in Linear Regression.

PRED(25) vs. Window Size (Neural Network based Prediction)
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Fig. 10. PRED(25) vs. window size in Neural Network.

PRED(25) vs. Window Size (Linear Regression based Prediction)
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Fig. 11. PRED(25) vs. window size in Linear Regression.

of window size, reaching an optimal value of 17.72 at window
size = 8 for the Neural Network model, implying better prediction
accuracy with window size. In contrast, the MAPE performance
of the Linear Regression model remains steady for a smaller
window size (sliding window size of 1-3) and then gets worse
as the window size increases; the underlying reason for this
contradiction is the distribution of the actual resource utilization
pattern which is linear in time.

To summarize, Neural Network based models with an optimal
window size yield superior prediction accuracy than Linear
Regression ones. To achieve more precision in projection, the
fitted models can be trained with the production data in a regular
interval; thus getting self-adaptive and more accurate, even in the
presence random spikes. However, since the training of Neural
Network models take significant time, the frequency of the training
should be determined based on the underlying resource usage
behavior of the application in the cloud.

6. Future work

In future, we plan to implement and evaluate our prediction
models for a wide variety of workload generators (such as,
Rain [26]). We also intend to integrate business-level SLAs (such
as, performance, cost etc.) by converting these to utility functions
which can be fed as additional input parameters into the prediction
models. This strategy will facilitate the prediction framework to
make business constraint based resource prediction which will
eventually follow a dynamic rule generation part for adaptive and
optimal resource provisioning in the cloud.

7. Conclusion

This paper provides an evolutionary approach to construct-
ing an effective prediction model for adaptive resource provi-
sioning in the cloud in order to facilitate dynamic and proactive
resource management, scheduling and capacity planning for in-
teractive e-commerce applications where immediacy and respon-
siveness are vitally important. Throughout the study, we have
evaluated several major machine learning algorithms, in partic-
ular varying sliding window size with a view to providing ac-
curate forecasting ahead of time. We exemplified our proposed
prediction techniques in the context of the dataset obtained by us-
ing TPC-W, a benchmark which is well-established for e-commerce
applications.

We also provided evaluation metrics for validating the accu-
racy of the proposed prediction techniques and compared the per-
formance of the fitted models using these metrics. The prediction
accuracy of our proposed learning models are encouraging and
demonstrate superior effectiveness of Neural Network model with
sliding window for forecasting resource utilization in the cloud.
The integration of prediction strategies mentioned in this paper
with auto-scaling process will certainly enhance the effectiveness
of adaptive resource allocation procedure in the cloud in terms of
both performance and cost.
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