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Abstract: Cloud computing is defined as a pay-per-use model
which would offer the user required services. Cloud computing
services can be identified as three models based on the type of
resources and the services they are provisioning. Cloud Service
models that are more popular in cloud computing environment
are, “SaasS, laaS, and PaaS”. Among these cloud service models,
SaaS model provides flexible and reliable services to the cloud
users based on their requirement. SaaS rents the required
resources from the laaS cloud Service providers to offer the
services to the cloud users in a reliable manner. However, this
rental scheme would increase the administration and
maintenance costs. And also, resources that are rented from the
external cloud resource providers might degrade the service
quality in hosting services due to lack of SLA agreement. Several
research works have been conducted previously for performing a
better admission control. Some of the research works are
discussed here for better understanding of the merits and demerits
of existing research efforts. In this paper we are focusing on SLA
violation prediction by both user as well as CSP. For to predict
SLA violation we use machine learning based back propagation
network model. The experimental results shows that BPNN
performed well when compared to the statically models.

Index Terms: Cloud, SLA, BPNN, cloud service provider,
resource allocation.

I. INTRODUCTION

Cloud computing is defined as a pay-per-use model
which would offer the user required services. Cloud
computing services can be identified as three models based
on the type of resources and the services they are
provisioning. Cloud Service models that are more popular in
cloud computing environment are, “SaaS, laaS, and PaaS”.
Among these cloud service models, SaaS model provides
flexible and reliable services to the cloud users based on their
requirement. SaaS. SLA satisfaction is a very important
factor in cloud computing environment and must be
considered for better satisfaction of user requirements
through successful task execution. There might be
occurrence of more problems while attempting to perform
admission control considering the SLA factors.

Software-as-a-Service provider is a popular service
providers who maintain the software distribution model and
provide the required software services to the cloud users
based on their requirements. SaaS providers focus mainly on
distribution of software services and they do require
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sufficient resources like storage for the better provisioning of
them. laaS service providers also offer storage related
services to the cloud users in pay per use terms. The storage
service provided by the laaS service providers can be utilized
by SaaS service providers to improve the performance of task
execution. There are many cloud based real world
applications that rent the resources from the laaS service
providers for completion of their tasks. SLA violation is the
critical issue which might occur while renting the resources
from the external service providers for internal deployment.
This problem might create more impact on the software
services that are allocated to cloud users in terms of increased
administration and maintenance cost. This problem needs to
be resolved in an effective manner for the better resource
allocation to the cloud users. Hence the better admission
control mechanism needs to be implemented between the
SaaS providers and the laaS providers which can control the
renting resources in an effective manner by checking the QoS
constraints.

The proposed research methodology of this work makes
use of two machine learning algorithms for efficient
admission control with the satisfaction of various QoS
requirements by learning the machine status information. The
proposed research attempts to improve the satisfaction level
of both cloud users and cloud service providers by
considering SLA parameters of both. The admission control
algorithm proposed in this work will analyze the various user
QoS requirement and learned knowledge of machine status
and then will find the suitable resources for better allocation.
The scheduling would be performed based on the admission
control Algorithms decision.

A. Roles Involved

The various roles and entities that are involved in the
proposed research methodology of cloud computing
environment are

e Users
e SaaS providers
e laaS providers

Each entity mentioned above performs its role in an
effective manner to reach the optimal and better admission
control process over the heterogeneous cloud computing
environment.
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B. Users

Cloud users are the ones who will request the application
for execution in the cloud computing environment along with
the QoS parameters. Cloud users will submit their task
requests to the SaaS service providers to get access to the
contents they require. On the user side of process, the
requests are sent through the SaaS supplier claim along with
the QoS constraints namely the economical, target and
punishment rate. After that, the admittance control and
algorithms for scheduling are initialized to allow or reject the
request where acceptance indicates that both the parties have
accepted the QoS requirements.

C. SAAS service providers

Saas providers are the ones who allocate software services
to the cloud users based on their requirement. The SaaS
provider uses resources from laaS providers and rents SaasS to
the users with the aim of minimizing the functional cost using
laasS resource providers and improving Customer Satisfaction
Level (CSL) by providing SLA with guaranteed QoS
requirements. Between SaaS providers, users and the
resource provider’s two layers of SLA are utilized. Thus SLA
with resource providers can enforce resource providers to
deliver satisfactory service. When the contract is violated by
any user, the defaulter has to pay penalty as defined in the
service agreement.

D. 1AAS service providers

An laa$S supplier offers Virtual Machines to SaaS suppliers
and it is in control for dispatching pictures of VM to process
on their physical assets. The SaaS supplier stage layer utilizes
pictures of VM to create occasions. It is important to set up
SLA with an asset supplier called SLA(R), in light of the fact
that it encourages the asset supplier to fulfill the QoS
constraints.

Quality of Service plays vital role in the cloud computing
environment where every user needs to complete their tasks
as they want. In cloud computing environment, both cloud
users and cloud service providers have their own
requirements to fulfil objectives such as profit, reputation and
so on. In the proposed research methodology, QoS
constraints of both service providers and cloud users are
considered in admission control. SLA agreement is defined
as the agreement made between cloud service providers and
cloud users in terms of sets of constraints. SLA agreement
would be made, once both the cloud users and the cloud
service providers agree with each other based on their QoS
constraints. This SLA agreement should be maintained until
completion of all the tasks that are submitted by the users.
QoS constraints considered for SLA agreement which is
made in terms of both cloud service provider and the cloud
user for achieving better admission control is given in the
following sub sections.

E. Service Level Agreement Constraints of Cloud Users

The algorithms employed to allow or scrap a request. A
formal agreement-SLA (U) is signed between the user and
provider only when the request is accepted and the QoS
requirements can be guaranteed with the subsequent things:

Target: Greatest time user waits for the result.

Budget: sum willing to pay for the wished services.

Penalty Rate Ratio: Sum given for consumers pay when
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the Saa$S supplier misses the due date.

Input File Size: The size of users input file.

Request Length: Measure of Millions of Instructions (MI)
obligatory to be implemented to serve the specific users
demand

F. Service Level Agreement Constraints of Cloud
Service Providers

An laaS provider offers Virtual Machines to SaaS
providers and the images of VM are dispatched to execute on
the physical machines. SaaS provider utilizes the VM images
to generate the instances. The establishment of SLA with
SLA (R) is necessary as it enforces the resource provider to
assure QoS and also provides jeopardy of transfer for SaaS
providers if SLA is violated by the resource provider. The
SLA(R) includes the following properties:

Service Initiation Time: Time taken to deploy a VM.

Price: Amount the SaaS provider has to pay per hour for
using a VM from a resource provider

Input Data Transfer Price: Amount the SaaS provider has
to pay for data transfer from local machine (their own
machine) to resource provider’s VM.

Output Data Transfer Price: Sum the SaaS supplier needs
to pay for information exchange from asset provider™s VM to
local machine.

Processing Speed: Speed at which VM is processing.
Million Instructions per Second (MIPS) is used as a unit of a
VM*s handling speed.

Data Transfer Speed: The speed at which the information

is exchanged. It depends on the area remove and furthermore
the system execution.
The rest of the paper is organized as follows second section
describes existing literature, setion-3 explains proposed
mechanism, preceding section describes experimental
execution and last section concludes the paper.

Il. RELATED WORK

Resource allocation is the most complex process in the
cloud computing environment in which various factors need
to be considered for achieving the required user satisfaction
levels. Catak & Balaban (2012) introduced the methodology
for allocation resources in an optimized and accurate manner
for the cloud consumers by learning the resources status. This
learning process is accomplished by using the SVM approach
which will allocate resources in the optimal method by
adjusting the fitness curve values. This approach can provide
accurate results with an improved user satisfaction

level. Lee et al. (2010) developed a methodology called the
SLA aware resource allocation which would allocate
resources that can satisfy the service level agreement
requirements mentioned by the users. Reig et al. (2010)
attempted to allocate resources with consideration of the
Quality of Service (QoS) parameter called the deadline. This
approach can select resources in the SaaS service provider
environment which can complete the user submitted tasks
based on the SLA constraints specified by the user. Linlin Wu
et al. (2012) introduced an SLA based admission control
mechanism.
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This work attempts to allocate resources optimally in the
SaaS service provider’s Environment considering the user
satisfaction level and profit of the SaaS service provider.

Mardente et al. (2004) considered to make decisions for
accepting or rejecting Service Level Agreements (SLAS)
requested by a user which is known as admission control. The
admission control process is used to ensure the availability of
provisions below the SLA. Also the work addresses the
problem of the SLA optimal set of paths along which traffic
might be low.

Dimokritos Stamatakis & Olga Papaemmanouil (2014)
proposed a methodology to dole out approaching inquiry
preparing outstanding burdens to the held assets with the goal
that SLA infringement are decreased. This work likewise
talked about the plan of a structure that empowers the
particular of custom application level execution SLAs and
offers remaining task at hand administration systems that can
consequently tweak their usefulness towards gathering the
application-explicit SLASs.

Rahul Garg et al. (2009) introduced a SLA based structure
for QoS provisioning and dynamic limit portion. The
proposed SLA enables clients to purchase a long haul limit at
a pre-determined cost. Be that as it may, the client may
progressively change the limit assignment dependent on the
immediate interest. This work additionally manages a three
level estimating model with punishments SLA that offers
motivating forces to the clients to surrender unused limits and
procure greater limit as required. This work is considered as a
down to business initial move towards an increasingly unique
estimating situation.

Jian Pu et al. (2005) designed a framework to perform
reliable concerned SLA guaranteed admission control over
the resource allocation environment. This framework will
gather the SLA requirements from the user based on which
initial resource allocation would be done.

I1l. PROPOSED WORK

Here we presented a model for classification of SLA
violation in cloud resource allocation form the perspective of
user and CSP way. For that here we use data set WS-DREAM
and we take 5 sub data sets and made analysis of that data.
After words we use sampling method for training and testing
of the model. For that we use 80% data as training and given
it as input for training of proposed BPNN model. Remaining
20% would be used as testing data for validating the model
performance.

A. BPNN Algorithm

The BPNN calculation contains 3 layers, for example,
information, vyield and concealed layer. The BPNN
calculation is accustomed to ascertaining the mistakes of the
yield layer to discover the blunders in the shrouded layers.
The angle plunge technique used to figure the loads and
changes made to the system to limit the yield blunder. The
BPNN calculation has turned into the standard calculation
utilized for preparing multilayer recognition. In the first
place, discover the blunders between the real and the ideal
yields.

E, =Y (e)? )
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Where,
e; is error signal.
P signifies in the p" pattern;
j is the integer of the output units.

- Experimental data preparation as
Raw subsets D1, D2, D3, D4 and D5
data

2
Analysis of experimental data
Sampling of data
BPN
Training

Testing

data (80%) data (20%)

Training
7'y

A 4

Testing

Figure. 1 proposed model architecture

The gradient descent method given by

Of @

Wy = —
Ki 'uaWKi

The BP computes miscalculations in the output phase 9;,
and the hidden phase d;, are using the formulas

0; = u(d; —y)f* (x) 3)
0; =2 0;wi; f1(v) (4)

The fault obtained during back propagation phase is used
to update the weights and biases in both the hidden and

output layers. The weights, w; and biases, b;, then adjusted
using the following formulas:

wii(k + 1) = w;; (k) + u1o;y; (5)
wii(k + 1) = wy; (k) + uo;x; (6)
b;(k + 1) = b;(k) + 1o, (7
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k is the number of the epoch and p is the learning rate.

B. BPNN Algorithm Steps

e Arbitrarily pick the underlying loads.
o  While mistake is excessively huge;
For each preparation design (introduced in arbitrary
request)
Apply the contributions to the system.
Compute the yield for each neuron from the information
layer, through the concealed layer(s), to the yield layer.
Ascertain the blunder at the yields.
Utilize the yield mistake to register blunder signals for
pre-yield layers.
Utilize the mistake sign to figure weight modifications.
Apply the weight alterations.
o Periodically evaluate the framework execution.
Apply Inputs from a Pattern
e Apply the estimation of each info parameter to each
information hub
e Input hubs figure just the character work
Figure Outputs for Each Neuron Based On the Pattern
e The yield from neuron j for example p is o,; where

1
0p; (net;) = —mer; 8)

k varieties over the inputs and Wjk is the weight on the
connection from input k to neuron j
Compute the Error for Each Output node
e The output neuron error signal d,,; is given by
dpj = (Tpj = 0pj)0p; (1 = 0y)
Compute the Error Signal for Each Hidden Node
e The hidden neuron error signal 6,,; is given by.

8pj = 0pj (1= 0y)) Z kgpk Wi ©)

IV. EXPERIMENTAL ANALYSIS

Cloud QoS infringement distinguishing pieces of proof
utilizing Al based BPNN. Here we utilize WS-DREAM [4]
informational collection in our analyses to decide an ideal
multiclass order model for recognition and expectation of
cloud QoS infringement. WS-DREAM [4] informational
collection as created by research in [21] contains hints of
genuine world QoS assessment results from 142 clients on
4,532 Web Services more than 64 distinctive availabilities.
WS-DREAM informational collection reflects Web Service
in administration processing and distributed computing. Each
occasion of WS-DREAM comprises of three highlights, for
example, the SLO measurements of reaction time in a flash,
throughput in kilobytes every second (kbps), and Time Slot
ID speaking to the 64 distinctive schedule openings in which
each vacancy serves a period zone with 15-min time interim.
Reaction time estimates the time interim between when a
solicitation is made by client and when the reaction is gotten
by the customer, while throughput computes the measure of
remaining burden per unit of time over the estimation time
frame [22]. For our tests, we chose from WS-DREAM [4]
informational index, 50 clients on 5 distinct servers on 64
diverse vacancies and structure into five sub datasets, in
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particular informational collection D1, D2, D3, D4 and D5.
Every one of these sub datasets contains an aggregate of 3200
quantifiable estimations of reaction time with comparing
throughput esteems. Since we are actualizing directed
learning method, all information will be named with joint
choice guidelines which will be talked about at resulting
passages of the paper. These five sub informational
collections are again isolated into two bits, one with 80% of
the information as preparing dataset and another with 20% of
the information as testing informational index, testing for
model characterization and expectation precision.

Table. 1 various violation levels identified by proposed
BPNN

2112 & sciences Publication

Class Data set
D1 2 D3 D4 D5
Certainly no 585 375 446 546 544
violation 18.28% | 11.72% | 13.96% | 17.06% | 17.00%
Normal 1936 2213 2267 2046 1963
61.13% | 69.16% | 70.84% | 63.94% | 61.34%
Probably violation 540 322 279 475 571
16 88% | 10.06% | B.72% | 14 85% | 17.84%
Certainly violation | 119 290 208 133 122
3.72% 9.06% 6.50% | 4.16% 3.81%
1.0200
> 1.0000
& 0.9800
3 0.9600
< 0.9400
0.9200
D1 D2 D3 D4 D5
Data set
=@=Accuracy ==@==Accuracy

Figure. 2 Accuracy

Accuracy - Accuracy is the most inherent exhibition extent
and it is essentially a fraction of accurately a waited view to
the absolute perceptions.

Accuracy = TP+TN/TP+FP+FN+TN

Here figure 2 shows the accuracy comparison of proposed
BPNN and existing model with respect to various data sets
we considered for experimental purpose. Figure shows that
the four different data values proposed mechanism shows
good accuracy.

Recall is the proportion of accurately awaited positive
perceptions to the all perceptions in real class - yes.

Recall = TP/TP+FN

Here figure 3 shows the recall comparison of proposed
BPNN and existing model with respect to various data sets
we considered for experimental purpose. Figure shows that
the four different data values proposed mechanism shows
good recall.
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Figure. 3 Recall
1
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Figure. 4 Precession

Precision is the fraction of exactly predicted affirmative
perceptions to the absolute estimated positive perceptions.

Precision = TP/TP+FP

Here figure 4 shows the Precision comparison of proposed
BPNN and existing model with respect to various data sets
we considered for experimental purpose. Figure shows that
the four different data values proposed mechanism shows
good Precision.

1
o
5 0.98
(&}
¢
= 0.96
L

0.94

DI D2 D3 D4 D5

Data set

M F1-Score M F1-Score

Figure. 5 F1-Score

F1 Score is the weighted normal of Precision and Recall.
In this manner, this score considers both false +ve and false
—Ve.

F1 Score = 2*(Recall * Precision) / (Recall + Precision)

Here figure 5 shows the F1 Score comparison of proposed
BPNN and existing model with respect to various data sets
we considered for experimental purpose. Figure shows that
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the four different data values proposed mechanism shows
good F1 Score.

1.0000
0.8000
0.6000
0.4000
0.2000
0.0000 -
D4 D5

D1 D2 D3

values

Data set

B Accuracy M Accuracy recall M recall

M precession M precession B F1-Score M F1-Score

Figure. 6 model performance

Here figure 6 shows the overall outcome comparison of
proposed BPNN and existing model with respect to various
data sets we considered for experimental purpose.

V. CONCLUSION

Cloud Service Provider to foresee the event of the
infringement of administrations dependent on response time
and throughput. At the point when there is a propensity for
the exchanges to go past as far as possible, framework
executive will take vital preventive measures to take the
framework back to typical conditions. This will decrease the
opportunity for infringement to happen, henceforth
moderating lose or exorbitant punishment. All things
considered, if infringement does happen, therapeutic activity
must be set up to anticipate future event. The proposed
method identifies the SLA violation in more accurate
manner. The performance results show the accuracy of
identifying the SLA violation.
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