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ABSTRACT

Service-oriented computing (SOC) activates communication through web services to provide
computing as a service for business applications in the service-oriented architecture (SOA). To make
SOC successful, finding a needed service to build a system directly depending on the collection of
services is a critical confront. In this paper, the authors planned the clustering-based approach called
dynamic clustering (DCLUS). The novelty in DCLUS compared to static-based clustering technique
is the use of dynamic clustering technique. In existing CLUS, the static various widths clustering
method is exploited for the users and services clustering. However, due to the limitations of static
clustering, they proposed dynamic clustering to optimize the performance of clustering using data
mining to find the associations and patterns, for services, and also the prediction accuracy. The
performance of the proposed DCLUS system will be implemented and evaluated facing the existing
system in phases of precision, recall, and f-score performance metrics using the research dataset.
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INTRODUCTION

Web services are independent and self-depicting computational web segments intended to help
machine-to-machine connection by far off summons as stated by Zhang and Cai (2007), which are
turning into a significant procedure for building service-arranged appropriated frameworks and
applications, for example, web-based business, car frameworks, mixed media services. Web service
affiliation is to pick and add up to at any rate one Web service to build up service-coordinated method
along with astounding QoS execution & to meet various necessities regards various service customers
and applications. In any case, the presentation of service-coordinated structures is inconceivably
affected through incautious Web climate & the districts of service customer backing’s customers
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may experience novel QoS on a comparable Web service. While compromising on service decisions
by a large load of claimant web services, QoS-careful web service recommendation approaches bind
information to help service customers improve the presentation of businesses by Zheng and Lyu (2013).
Changed QoS-driven web service recommendation turning into a hot and trial research issue starting late.

Diverse services are created utilizing unmistakable advances that are conveyed over distinctive
stages and are conveyed through different correspondence joins. Be that as it may, the Nature of
Service (QoS) they offer may change although their functionalities are relative. A crucial perspective
towards the estimation of a web service is how they meet the execution pre-basic.

Rather than utilitarian necessities, non-useful prerequisites, for instance, QoS properties reaction
time, throughput, reliability, frustration rate, and so on assume a crucial job in a client’s necessity.
QoS properties are dynamic that changes often continuously. Thus, in in-service figuring, numerous
kinds of research are presently days completed on QoS forecast as stated by Papazoglou (2003).

Amongst the recently referenced QoS qualities, for instance, accessibility, reliability, and
throughput, etc reliability are generally picked as the estimated article due to their importance. It is
because they have a comfortable relationship with gear and programming plan, network direct, load,
customer/service zone which all by suggestion lead to the change in the watched reliability regard.

Ardagna et al. (2014) said that QoS denotes the levels of performance, reliability, and availability
offered by an application and by the platform or infrastructure that hosts it. QoS is fundamental for
cloud users, who expect providers to deliver the advertised quality characteristics, and for cloud
providers, who need to find the right trade-offs between QoS levels and operational costs.

The conduct of the programming framework winds up strange when reliability neglects to meet
the necessity as stated by Wang et al. (2013), it prompts produce immense a misfortune in a few
spaces, for example, bank, military, aviation and so on that put an extreme interest on reliability. The
client saw reliability and service determined reliability shift in like manner as stated by Wang and
Trivedi (2009). It might be set out to use past conjuring information tests as the extent of different
productive summons to the aggregate of requests performed as explained by Luo et al. (2012).
A productive method to use these examples is to gather incomplete yet applicable example data
from past summons and after that applying the expectation algorithm for absent or unidentified
records as stated by Cortellessa and Grassi (2007). These models are gathered utilizing synergistic
criticism or service noticing as said by Zheng and Lyu (2010). Here a model named CLUS given
the communitarian procedure is introduced; the proposed clustering calculation in CLUS show is
displaced by a pushed Static clustering calculation which is particularly helpful for high dimensional
information as elaborated by Silic et al. (2014).

LITERATURE SURVEY

The Service-Arranged Engineering (SOA) empowers web applications intended to form the nuclear
services into more intricate ones to convey further developed functionalities. While building composite
services, the designer needs to choose excellent nuclear service up-and-comers. The application
excellence depends on together the useful and non-utilitarian characteristics of the chosen applicants.
Henceforth, to make a productive composite application, the designer ought to be furnished with solid
data on both nuclear services functionalities and their non-utilitarian steadfastness credits, for example,
reaction time, reliability, and accessibility. The nuclear web services reliability is quite possibly the
most testing assignment while developing QoS-mindful composite work processes dependent on SOAs.

Though Web Service technologies and Service-Oriented Computing (SOC) promises about loose
coupling among parts, dexterity to react to changes in necessities conveyed registering and lesser
progressing ventures, according to Wang et al. (2004). WS isn’t shared and reused true to form. One
reason that obstructs the use of such advancements and SOC is that productive WS revelation presents
numerous difficulties as stated by Garofalakis et al. (2006). Recommender frameworks (RS) are one
apparatus to help overcome this issue Garanayak et al. Different instruments are being utilized to



International Journal of Information System Modeling and Design
Volume 13  Issue 6

make RS and the normal frameworks incorporate two primary classes, for example, content premise
moreover cooperative sifting plans. Content premise RS does the coordinating between literary data
of a specific item with the printed data speaking to the interests of a client as in our previous work
by Pandharbale et al(2020,2021). Cooperative separating techniques play out the utilization of plans
in client evaluations to suggest. The two sorts of RS expect outstanding information assets under the
request for client positions and item includes; subsequently they can’t create great recommendations.

This work proposes methods to service discovery that are lighter than those based on semantics
that can be a practicable way towards the realization of service-oriented applications. It as well attempts
to settle the difficulties of forecasting QoS values by combining Pearson similarity and the Slope
One method and a simple enhanced algorithm for ranking services considering users’ requirements
are better than the existing complicated algorithm.

The work will follow the future work QoS for cloud management. As the use of cloud services is
going on the increase on the internet the important issue related to clouds is quality. The challenges
for quality assurance are in demand and are needed to be addressed the trust and availability can be
said to at most important issues.

Related Work

Wang et al. (2004) have stated that WS is not shared and reused to form one explanation explaining
the use of such advances and SOCs is that useful WS openness presents various troubles. The raised
web service reliability credits are expressed for various prediction models or approaches. Here, several
topics falling within the scope of various web service reliability predictions will be considered. Web
services are dynamic that make their functionality on different interfaces on the web. Various analysts
like Garofalakis et al, Sarwar et al and Baresi et al, are skeptical when it comes to taking a gander at
service reliability during the creation of a new model for service reliability. Klein et al. (2012) showed
in studies that testing data for this effort is increasing. As the measurement of the limits used to create
test data expands, it develops prediction accuracy in swings. Many existing methods help to oversee
reliability prediction, helping neighborhoods is one of the useful methods. Mabrouk et al. and Wang
et al in their existing works suggest that different approaches in the vicinity yielded a promising result.
Regardless, their principal shortcoming is its versatility and precision issue, in addition, they need
other managing space for every watched service-customer regard pair. Such a framework doesn’t scale
when innumerable clients and services happen. As communicated above prediction precision depends
upon a variety of components, for instance, they may have an impact when they are thought of or not.
Jin et al. (2019), carried out a QoS prediction called NDL (Neighborhood-Very Basic Learning).
The NDL first derives the Pearson relationship coefficient from the customer’s top-K neighbors and
from the service to the end as shown by the service QoS information. At that point, it eliminates
potential highlights of the customer neighbor and service neighbor; Starting now and for a significant
length of time, it has a lot of neighbors as a neighbor neural association in the form of QoS examinations
of the corresponding service as QoS estimation input of customer and customer neighbor.
Anithadevi and Sundarambal (2019), the author proposed a model that influences the trend of the
zone and the modifying effect of the requirements along with an estimation of safety, sales, supply, and
sub-levels. Neuro-padded Thinking (NFL) sensibly improved accuracy knowing that it could sensibly
experience a conspiracy of web services. QoS intends to improve QoS in the Rapid Neuro-Cozy Synergistic
Separation (INFCF) Web Service Recommendation for the recommendation of a vigilant Web service.
Xia (2011), work uses QSSAC algorithm that can reduce the number of atomic services of each task
by choosing the best services from each class at first. Moreover, the characteristic of each candidate can be
obtained through the service clustering information. Then the result of each step of combination is improved
by choosing a certain number of suitable services which are measured by utility values and characteristics.
Wei et al. (2019), here author presented the verifiable service conjuring records frequently update
with time, which requires a proficient and adaptable service recommendation technique. They present
the multi-test Simhash system in the in-sequence recuperation space into the recommendation cycle
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and further put forth an assurance shielding recommendation strategy reliant on true service conjuring
records. Finally, they plan a few investigations on this present reality service quality information in
set WS-DREAM to secure delicate client information dispersed across various cloud stages is turning
into a need for fruitful service recommendations.

As future work, we are planning to consider the management of QoS for cloud services. Cloud
computing is the emerging area for the recent enterprise applications, predicted to be the future of all
the upcoming businesses. However, the diversity of technologies used in cloud systems is using the
diverse technologies because of which it becomes the most interesting area to analyze and guarantee
service satisfaction to the customers.

Odun et al. (2018). In their review article have surveyed existing literature for Clous QoS trends
identification. This work provides a guide for future research. The authors discussed that QoS is based
on transmission rates, error rates, and other characteristics which can be measured, improved on, and
to some extent, QoS provides the guarantee of availability and performance and provide a level of
assurance that the resource requirements of an application are strictly supported.

Prerita (2015). The author states various issues with cloud service QoS management. As listed below

Managing and ensuring application in QoS

Cost

Increasing services for users

Slow applications when hosted on Sever with more Errors
Guaranteed own SLA’s

No Data limits

Performance of the applications

System backlog

Affecting Elements

As the web will dependably vary contingent upon different ecological variables or equipment assets,
results of service summons likewise rely upon such factors. Pondering this dynamic nature of web
service, the majority of the current standard techniques aren’t reasonable for picking the reliability
of web service conjuring. While building up a model for reliability prediction different viewpoints
pick different cutoff focuses or factors, they produce a certain effect on the various models.

Hwang et al. (2014) according to the authors the nonfunctional considered service is fundamentally
affected by the zone of service and the clients. Another factor that impacts the framework execution
is the inside service’s multifaceted nature; conceivably it impacts the service unusualness additionally
according to Tang et al. The hour of conjuring of service has immensity as the stack in multi-day
shifts as necessities said by Li et al. (2010).

Diverse Techniques for Web Service QoS Prediction

The overall service is operated out of a giant store of nuclear services. As we know for sure, ambiguous
functionalities, regardless of whether explicit Web services are in and out, that matter, can vaccinate
their non-qualitative properties (QoS). According to Luo et al. for a reliable choice of central atomic
web services for overall service, its QoS respect must be imagined, if the evaluation of QoS is more
explicit, the longer the service will be solid.

Xu et al. (2013) has proposed another well-known strategy subject to neighborhood filtering is
cross-segment factorization (MF) used for late-onset web service reliability prediction. It uses the
district and connection map of the customer for forecasting. A connection map is used to survey packs
between customers in an alliance. Missing QoS characteristics can be overcome by constructing the
social relation of non-negative latent factor (NLF) models, it produces unconscious QS data with
respect for much higher accuracy than the late-brought history of web services.
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Asarule, QoS estimation of sluggish services is estimated using the perceived QoS central objectives
of existing customers. If QoS respect is taken from hardened customers as said by Zeng et al. and Xu
et al., then on occasion, they may provoke excruciating results. To solve this problem, additional QoS
are first raised to contribute to customers and then used in Permanent Network Regulation (RMF).

The structure begins with an illustration of the data referring to the amassed past, looking at the
geographic regions of customers and services, the stores of the corresponding service supplier, and the
computational basics of the service brought. When there is a demand for another propelling service, the
intensity is dependent on starting late delineated social ceremonies. The late seen summons has the proximity
range of that call with others, thus choosing the most tantamount game plan of substances. Considering
the results obtained, the analysis of a service combination is constrained by taking into account the effects
of the four LCS limitations. A reliability prediction by Delac et al. called CLUS has been used to measure
reliability for a driving service subject to information derived from previous references.

Reliability prediction measurement is performed in two stages: an information clustering phase
and a prediction phase. Clustering of the experience fetching system is done before prediction, Static
clustering checks are used to structure. Taking into account brand name conditions, the time window
in multi-day is bundled subordinate to reliability execution from previous montage tests. Likewise,
customers and services gather inside a window assembly every time considering the performance of their
credibility. Finally, a three-dimensional space D containing amassed information. Given the completion
of the clustering phase, predictability of the reliability of nuclear services can be directly used in terrible
conduction checks. To reduce the adaptability issues, present in the cutting edge, the previous conjugated
data are assembled using a static clustering approximation. This model progressively deviates from
existing strategies and makes progressively adaptable and accurate predictions.

CLUS demonstrates addresses different impediments in community sifting-based methodologies,
for example, exactness and adaptability issues. LUCAS demonstrates is progressively relevant just
when the info parameters are exceedingly accessible. Though, Silic et al. (2014) suggested expanding
the exactness of CLUS prediction demonstrate, the static or fix clustering algorithm utilized in CLUS
is supplanted by our proposed work.

METHODOLOGY

In the CLUS model, user, service, and surroundings clustering are picked which makes a difference to
correctly decide service summon setting more compelling than other prediction models. In our work
Pandharbale et. al.(2021), the static-based various widths clustering system has limitations resolved
by our proposed dynamic clustering algorithm (DCLUS). To alter the adaptability issue in a current
model the accumulated bring tests are amassed into three novel estimations identified with three
remarkable boundaries (Client, Service, Climate) using the dynamic clustering approach. A dynamic
clustering approach is created from a static count’s idea. A chart of the prediction model appears in
Figure 1 the flowchart for the proposed web service recommendation structure utilizing the dynamic
clustering approach. This expects to create higher precision and effectiveness of the prediction model.

The information should be transformed into a more planned and restricted structure to make
reliability predictions more versatile and accurate for future calls. The step-in CLUS information
design refers to how a prediction is made from accumulated information.

The service hoard can be represented as R (u, s, t). u is the customer performing the service, s is
the service brought, and t is the time of conjugation. The previous fetch test includes cutoff centers
cut from above. For that data is managed in a three-dimensional space D (U, S, E)where U, S, and
E each social aggregation of the cutoff focus. Given this factored data, a further prediction is made.

The proposed reliable data prediction performs in two phases first phase data collection and
clustering phase is shown in algorithm 1 below and the second phase is the prediction phase and data
clustering phase modified shown in algorithm 2.
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Figure 1. Web service recommendation framework using the dynamic clustering approach

Web Service Data
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Phase 1 Algorithm 1: Dynamic Clustering.

(Data Collection and Data Clustering Phase)

An algorithm for the Dynamic clustering of the web services data like users, services, and the
environment-specific parameters.

Input: Take web services data (WS).

Result: Clustered Data

A. Collect web services from different cloud platforms with their all properties, cluster the
inputs depending upon the similarity aspects like similar users, or similar services, or similar
environment-specific parameters using cosine similarity measure in vector V(WS).
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Apply the user-specific parameters clustering.

Apply the service-specific parameters clustering.

Apply the environment-specific parameters clustering.

Determine the additional elements similar to the cluster characteristics repeat for steps 2,3 and 4.
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F. Rescale the values of vector V(WS) for all new data points.
G. Perform new clusters depending upon the new vector values.
H. Display the outcomes of all clustering steps.

Phase 2

Proposed Algorithm 2: Predication Phase

Input: Clustered Data
Result: Create a 3-D space matrix, Predict the data, and measure
accuracy, prediction, recall, fl-score, and prediction time.

Create 3-D space matrix D using E, U, and S data

Design prediction model

Test data preparation and prediction

Measure the accuracy, prediction, fl1-score, and prediction time

oaw»

User Clustering

In User clustering, a few user bunches need to be characterized. User-explicit properties incorporate
different factors, for example, the user’s area; organize use, gadget abilities, and user profiles that may
affect the unwavering quality of administration. In a request to consolidate user-explicit parameters
into the prediction show, users are grouped dependent on the dependability execution dependent on
the dynamic clustering algorithm.

User data clustering, every user assembles contains users having reliability execution. Every
individual user contains an n-dimensional response time and throughput should be determined. In
the wake of ascertaining accuracy, precision, recall esteem, and appointing them to singular users,
dynamic clustering is performed. Users into various users bunch as indicated by the similitude in
accuracy, precision, recall esteem. This serves to effortlessly correspond existing conjuring tests to
a suitable user assemble for a forecast.

Service Clustering

Service-express boundaries address the impact of service characteristics on reliability execution.
Elements, for instance, service’s area, service’s computational multifaceted nature, and structure
resources, computer chip, Slam, circle, and I/O tasks may combine. Here, the service’s locale is
considered as service-express cutoff points for the supposition cycle. At long last, services are bunched
dependent upon the reliability execution of dynamic Static clustering Computation.

The service clustering measure resembles that of client clustering. Here, two or three service packs
SJ needs to portray which contain associations having the same or same reliability execution. Every
individual service s contains an n-dimensional response time and throughput should be settled. It contains
the normal reliability of administration s conjured amid an environmental condition ei. In the wake of
deciding the n-dimensional grid, administrations are bunched into a few administration bunches utilizing
dynamic clustering dependent on their accuracy, precision, recall esteems. Presently each accessible
past summons record can be effectively associated with the suitable administration gathering.

Environment Clustering

It indicates certain environment-explicit parameters identified with the current environmental
conditions, for example, arrange execution, specialist organization load at the season of a conjuring.
Because of down-to-earth restrictions, administration load is as it was considered as a climate boundary.
Organization weight can be portrayed as the number of sales in a second. The client noticed qualities
for QoS properties move comprehensively for different customers influenced by assorted customer
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conditions or whimsical Web affiliations. Changes in administration load fundamentally impact QoS
factors, according to Andreolini et al, Baryshnikov et al., and Lee et al., for example, accessibility
or then again unwavering quality.

The dataset contains a couple of typical certainties regards due to all the three extraordinary
boundaries referred to already. For the prediction strategy, we need to assemble the accessible dataset
for each particular limit. In the atmosphere, express information gathering n number of explicit
normal conditions (E) is settled dependent upon various loads, E = {el, e2...., en}, where e shows
the ecological condition reliant on the expert association load. After deciding the time window as
expressed above, normal dependability 1 esteem for each time wi should be determined.

1
pw = |—Z pr @

Wz'|

Where Wi is the arrangement of records for the time, r is the request test. Pr is client seen reliability
for that request. At the point when k is the quantity of ecological conditions that exist, applying the
Static clustering calculation, we needed to segment the information focuses on K-various clusters
cluster speaking to each natural condition.

Creation of 3D Space Clustered Data D

In 3D space, After fulfillment of the clustering stage, each record r(u,s,t) be related with Ul, si,ei
with the comparing information groups. Then space D can be generated by:

D[ui, 51, ei] = éZpr (3

reR

Here pr represents the user-perceived reliability for an incantation r and R is set,

R:{r<u,s,t)|r€uiﬂr€siﬂr€ei C)]

Assume, on the off chance that we need to anticipate the normal unwavering quality pl of a
progressing web administration conjuring rl(ul, sl, t1). Among all the environmental conditions
groups produced in the environment explicit bunching process, the normal unwavering quality of all
nearest environment conditions groups is determined. It maps them to the looking at load conditions
in the climate. At the point when they are identified with the genuine weight climate conditions pack
w1, we need to check whether there is a set S in the past conjuring test which contains records with
a similar call portraying cutoff purposes of moving association r1.

S={rs|us=usNss=ssNts e wl} Q)

If S is nonempty the reliability value p_is measured utilizing the accessible reliability values
in the set S

1

ps = |§ ;ﬂ’ 6)
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So, whenever set S is unfilled, figure the unwavering quality pc utilizing the information put
away in the space D as, pl = D (ul, s1, el). Space D ought to be refreshed when each time. In this
manner exactness, accuracy, review esteem is assessed for better prediction.

RESULTS AND DISCUSSION

The implementation of the suggested Static clustering algorithm is assessed and separated at negating
available un require data.

This investigation was completed to look at the CLUS model utilizing Static clustering and the CLUS
model utilizing the dynamic clustering approach. This research is based on real data using different services.

We take several users’ geographical locations placing 50 web services. Figure 3 shows the latitude,
longitude & country information for each service.

The exhibition of this model is assessed utilizing Exactness, Review, Aftermath, and F1 Measure.
Accuracy is a proportion of precision determined utilizing Eq. (6); Review is a proportion of fulfillment
assessed utilizing Eq. (7). Exactness and Review are conversely related. Expansion in the size of the
recommendation set, increment Review yet decline exactness so notwithstanding this DCLUS and
F1 are added as two additional measurements to gauge the precision of Recommender framework.

Figure 2. Measurement of precision
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Drop out is the degree between the things used, those not used, and a minute survey of informal
services without using an Eq. (7).
The grandeur of the recommender increases with a lower outcome rate. Eq. (8) gives fl score.

Precision = ﬁ )
W
Recall = ﬁ (8)
f1 score = . 2 . ©)]
—— |t
preczszon] [recall]

Figure 4. Measurement of f1-score

Top k Web services

| = —ndt —nd  das)

Table 1. Proposed Precision measurement with different methods

Top K (WS)/ Algorithms WS-DREM INFCF NDL DCLUS
10 0.17 0.27 0.2 0.29
15 0.15 0.24 0.22 0.26
25 0.18 0.22 0.19 0.22
50 0.16 0.19 0.18 0.22

10
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The overall presentation of the recommendation structure is surveyed considering the precision
and audit simultaneously.

The presentation of the planned QoS mindful web service recommendation framework with
DCLUS is contrasted and the current recommendation calculations by Wei et al. (2019), like Arbitrary
WS_DREAM, NDL (neighborhood-mindful profound learning), DCLUS Insightful Neuro-Fluffy
Collective Sifting (INFCF) as evaluated by Anithadevi and Sundarambal (2019), dependent on
accuracy, review, and F1 which is appeared in Table 1, 2 and 3.

Figure 5. Measurement of recall

Measurement of Recall

Recall

Top k Web services

Table 2. Proposed Recall measurement with different methods

Top K (WS)/ Algorithms WS-DREM INFCF NDL DCLUS
10 0.99 0.94 0.85 0.95
15 0.96 0.96 0.93 0.98
25 0.97 0.94 0.99 0.99
50 0.98 0.93 0.98 0.99

Table 3. Proposed f1-score measurement with different methods

Top K (WS)/ Algorithms WS-DREM INFCF NDL DCLUS
10 0.29 0.42 0.32 0.35
15 0.26 0.39 0.36 0.37
25 0.3 0.36 0.32 0.36
50 0.24 0.32 0.30 0.38

1"
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Here 10, 15, 25, 50 are four diverse web services handling test informational index taken at
three unique occasions with 30 days time span for testing the calculations. The graphical portrayal
of recommender calculations execution correlation is represented in fig 2, 4, and 5.

The separate normal estimations of Accuracy, Review, and 1 are determined for each arrangement
of handling and it appears in tables 1,2, and 3.

The prediction time calculated for the user with userID 1 and service ID 4 comes as 0.251 ms
and Throughput as 7.968ms. The outcomes show that the exactness of DCLUS is 0.29, higher than
different calculations with a Review estimation of 0.95. The consonant means of exactness and Review
are relied upon to be more for better execution spoke to with the Flscore work those outcomes in
0.38 for DCLUS which is higher contrasted with different calculations. The exploratory assessment
on the showcase of DCLUS based recommendation structure shows better prediction accuracy for
web service confirmation than the current different calculations.

Figure 6. Example of prediction time calculation

Clustered 3D Matrix...
Enter User ID
array[0](0][0] = 2.0array{0)(0)[1] = 35.685amay{0]i0)i2] = 139.7514array[0)[1)[0] = 29.0array[0)[1]1] = 52.2am{
Enter Service ID
3
Submit
Qutput
Response Time :
RT=0.251
Throughput values :
TP =7.968

As web services are facilitate self-controlling and utilized in different unimaginably superb degree
purposes, the extent of web service clients is developing quickly. So that, to make a great service-
designed structure, envisioning its reliability is essential. It is an inescapable QoS factor. In the
current method, we understood a static different widths clustering figuring. These work assessments
unquestionable QoS respect the need structure of web services for contemplating its quality
and to guarantee its reliability. We finished the dynamic clustering assessment for web service
recommendations. Our model checks the reliability for a relentless service conjuring considering
the information amassed from a past solicitation by the in-arranging client, service, and climate
express boundaries of the conjuring setting. A combination of the past conjuring information is
finished utilizing a dynamic clustering approach which is solid for social occasion high dimensional
information. The evaluation results attest that CLUS using dynamic clustering model makes
increasingly exact desires when appeared differently concerning using Static clustering estimation.
The performance of the proposed DCLUS system will be implemented and evaluated facing the
existing system in phases of precision, recall, and f1-score performance metrics using the research
dataset. The popularity of the cloud for provision of the services is going on increasing rapidly the
work will be guiding for the QoS for the cloud. The diversity of technologies used in cloud services
is a rising interesting area for satisfying the service requirements of the customers.

12
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FUTURE SCOPE

The future work aims at addressing the issue related to cloud QoS management. To optimize
computing and make effective use of resources cloud computing is gaining paramount interest and
implementation. The issues related to cloud QoS management like scalability and dependability is
the challenge to maintaining the cloud platform and satisfying the client’s requirements. Cloud QoS
maintenance failure is resulting in poor performance of the online usage like delay, jitter, or even
loss of the data packets. The work will help to manage the QoS-related issues and improve the user’s
satisfaction with accessing the web in terms of reliability, throughput, availability, and performance.
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