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Abstract 
Since there are number of functionally commensurate services in the cloud, an optimal service selection is more 
important. When number of services is huge, it is tricky for users to assess different cloud services efficiently. To attack 
this critical challenge, this paper proposes a heuristic approach to measure the quality of services (QoS) in cloud. This 
approach helps to predict QoS ranking of a set of cloud services. The proposed system will find out the degree of 
preference by a rating score. A past user data base is given as  a set of items, traditional collaborative filtering 
algorithms will base  on predicting the potential ratings that a user would assign to the unrated items so that they can be 
ranked by the predicted ratings to produce a list of recommended items. In this paper, Since there are number of 
functionally commensurate services in the cloud, an optimal service selection is more important. When number of 
services is huge, it is tricky for users to assess different cloud services efficiently. To attack this critical challenge, this 
paper proposes a heuristic approach to measure the quality of services (QoS) in cloud. This approach helps to predict 
QoS ranking of a set of cloud services. 
Keywords: Cloud, Optimization, Quality of services, Ranking prediction, Similarity measure. 

1. Introduction 

With the information accessible to us growing far more rapidly than our ability to process it, technologies 
to help people separate through huge amount of information efficiently is becoming increasingly important 
in order to overcome the resulted information overload problem. In recent times, there exist many Web 
Services with equivalent functional characteristics. From the customer’s point of view, Choosing “a-right” 
Service from cluster of similar Web Service is a complicated duty. It is always complicated to decide 
whose services they should use, based on users’ requirements that means finest service selection is 
important. Performance of cloud services is generally described by quality-of-service (QoS). When making 
finest cloud service selection from a set of functionally equivalent services, QoS values of cloud services 
provide valuable information to assist decision making. Client-side performance of cloud services is thus to 
a great extent influenced by the unreliable internet connections. Therefore, different cloud applications may 
receive different levels of quality for the same cloud service. In other words, the QoS ranking of cloud 
services for the first user cannot be transferred directly to another user, since the locations of the cloud 
applications are fairly different. Personalized cloud service QoS ranking is thus required for diverse cloud 
applications. The most straightforward approach of personalized cloud service QoS ranking is to appraise 
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all the candidate services at the user-side and rank the services based on the observed QoS values. 
However, this approach is impractical in authenticity, since invocations of cloud services may be charged. 
Even if the invocations are free, executing a large number of service invocations is time consuming and 
resource consuming and some examine invocations may produce unalterable belongings in the real world. 
Moreover, when the number of candidate services is huge, it is difficult for the cloud application designers 
to estimate all the cloud services proficiently. To attack this critical dispute, we proposition a personalized 
ranking prediction framework, named Cloud Rank. Existing system must be able to recommend items that 
are likely to be favored by the user. In most systems, the degree of preference is represented by a rating 
score. Given a database of users’ past ratings on a set of items, conventional collaborative filtering 
algorithms are based on predicting the potential ratings that a user would disperse to the unrated items so 
that they can be ranked by the predicted ratings to generate a list of recommended items. Existing 
technologies used for recommender systems fall in either of the following content-based filtering versus 
collaborative filtering.  

2. Literature Review  

 
Cloud computing is a term used to refer to the use of widespread, shared computing resources. It is 

an alternative to having local servers handle computing applications. Cloud computing groups together a 
large number of computing servers and other resources, often offering their combined capacity on an on-
demand, pay-per-cycle basis. The end users of a cloud computing network usually have no idea where the 
servers are physically located—they just open their applications and start working. 

In general, the service resources in cloud computing will include hardware resources (e.g., 
processors, storage, and networking) and software resources (e.g., web servers, databases, message queuing 
systems, and monitoring systems). Cloud service types can be abstracted into three layers, namely software 
as a service (SaaS), platform as a service (PaaS), and infrastructure as a service (IaaS). Hardware and 
software resources form the basis for delivering IaaS and PaaS. The SaaS layer at the top focuses on 
application services by making use of services provided by the lower layers. PaaS/SaaS services are often 
developed and provided by third-party service providers who are different from the IaaS provider.  

Therefore, matching the cloud-service components to the users’ quality of service (QoS) is a very 
important because user experience is a principal reason for promoting the development of cloud computing. 
For each user request, the provider should select an appropriate composition of cloud-service components 
to serve the user if there is no single cloud service component that satisfies the user’s QoS perfectly. This 
will require predictions to be made about the QoS satisfaction for compositions of cloud-service 
components.  

 Hyukho Kim et. al [1]  has developed a model which collects and analyzes reliability based on 
historical information of servers in a Cloud data center.   Then it prepares the best available resources for 
each service request in advance, providing the best resources to users. The authors also carried out 
experiments for reliability analysis with 4 data types, including an all data set, random data set, recent data 
set, and the data set within a standard deviation. As a result, using the developed trust model, cloud 
providers can utilize their resources efficiently and also provide highly trusted resources and services to 
many users.  

The Cloud system consists of many commodity servers and provides virtualized resources to 
users. However, it needs to reconfigure virtualized resources dynamically when the user requests increase 
unexpectedly. So authors proposed the trust model which analyzes the history information of each node and 
allocates reliable resources according to user requests. It can efficiently utilize the limited resources in the 
Cloud environment and provide reliable Cloud services to users. It also has the advantage of providing the 
requested resource immediately because it prepares and selects highly efficient nodes by analyzing the 
history information of each node. Authors experimented on reliability analysis with a diversity of data sets, 
including the all data set, random data set, recent data set, and data set within the standard deviation. By 
doing so, they can increase the reliability of overall Cloud system by providing highly trustable computing 
resources. 

The above paper will help to develop a model which collects and analyzes reliability based on 
historical information of servers in a Cloud data center.  
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 Shou-xin wang  et. al [2]  has proposed a trust model based on Cloud Model theory to describe 
the subjective uncertainty of trust factors. A time-related backward cloud generation 
algorithm has  given to express the dynamism of trust. Furthermore, according to the trust model and 
algorithm, a formalized calculation approach was provided to evaluate the trust degree of services 
requestors in providers. Our experiment shows that the evaluation of trust degree can effectively support 
trust-decisions and provide a helpful exploitation for selecting services based on the viewpoint of trust. 

In their  trust model, the reputation, trustworthiness, and risk compose the key computable factors 
supporting for trust-decision. To deal with the subjective uncertainty of trust, authors  takes  advantage of 
Cloud Model to define the computable factors. At the same time, they  present a new time related backward 
cloud generation algorithm to generate the numerical characteristics of Cloud Model to express the 
dynamism of subjective belief of requestors. These numerical characteristics can rationally express the 
randomness and fuzziness of trust. According to the numerical characteristics, they  propose some 
quantitative equations to compute the scores of computable factors and trust degrees. The final trust-
decision can be achieved through scores of the trust degree of services. However, our work is still 
preliminary and can be improved in the following aspects. 
1) The weighting method of temporal windows can be further improved to borrow some theory such as 
Recency Effect theory from the discipline of psychology. 
2) There may be malicious behavior during the rating of reputation by some requestors. Some methods may 
be applied in our future work to identify and avoid these behaviors. 
3) A trust-decision-making system will be developed to integrate the trust model and evaluation approach 
in the future. 

The above paper will help to use some quantitative equations to compute the scores of computable 
factors and trust degrees for the model. 

Gediminas adomavicius, and youngok kwon [3] has introduced and explore a number of item 
ranking techniques that can generate recommendations that have substantially higher aggregate diversity 
across all users while maintaining comparable levels of recommendation accuracy. Comprehensive 
empirical evaluation consistently shows the diversity gains of the proposed techniques using several real-
world rating datasets and different rating prediction algorithms. 

Recommender systems have made significant progress in recent years and many techniques have 
been proposed to improve the recommendation quality. However, in most cases, new techniques are 
designed to improve the accuracy of recommendations, whereas the recommendation diversity has often 
been overlooked. In particular, we showed that, while ranking recommendations according to the predicted 
rating values (which is a de facto ranking standard in recommender systems) provides good predictive 
accuracy, it tends to perform poorly with respect to recommendation diversity. Therefore,  they proposed a 
number of recommendation ranking techniques that can provide significant improvements in 
recommendation diversity with only a small amount of accuracy loss. In addition, these ranking techniques 
offer flexibility to system designers, since they are parameterizable and can be used in conjunction with 
different rating prediction algorithms (i.e., they do not require the designer to use only some specific 
algorithm). They are also based on scalable sorting based heuristics and, thus, are extremely efficient. They 
provide  a comprehensive empirical evaluation of the proposed techniques and obtain consistent and robust 
diversity improvements across multiple real-world datasets and using different rating prediction techniques.  

This work will gives rise to several interesting directions for future research. In particular, 
additional important item ranking criteria should be explored for potential diversity improvements. 

Django Armstrong, Karim Djemame [4] was addressed QoS specically in the context of the 
nascent paradigm Cloud Computing and propose relevant research questions. The objectives of their work 
were  to discuss the confusion surrounding the term “Cloud”, the current consensus of what Cloud 
Computing is and the legacy bequest by Grid Computing to this emergent paradigm. Emphasis has placed 
on the state of QoS provisioning in Grids and the technology to enable it in Cloud Computing. Finally open 
research questions within QoS relevant to Cloud Computing were proposed and the direction of various 
future research was envisioned. 
  The current work has focused on the Cloud Computing is and the relevance of QoS in Clouds. The 
importance of Grid Computing heritage in Clouds has been explained and the relevance of past QoS 
research in Grids discussed. The motivation behind, concepts, technology, projects and the state of QoS in 
Cloud Computing have been reviewed. A vision of some of the problems surrounding QoS in Cloud 
Computing has constructed through the proposition of open research questions. 

 This work will help us to study the Cloud Computing and the relevance of QoS in Clouds. 
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QingtaoWu et al [5]has satisfied predictions about the composition of cloud-service components 
and present a QoS-satisfied prediction model based on a hidden Markov model. In providing a cloud-based 
service for a user, if the user’s QoS cannot be satisfied by a single cloud-service component, component 
composition should be considered, where its QoS-satisfied capability needs to be proactively predicted to 
be able to guarantee the user’s QoS. The authors also discussed a proposed model in detail and prove some 
aspects of the model. Simulation results show that the developed model has achieved high prediction 
accuracies.  

A match between cloud-service components and users’ QoS is therefore very important if user 
experience is the basis for promoting the development of cloud computing. If no single cloud service 
satisfies the user’s QoS perfectly, a composition of multiple cloud-service components should be 
considered, which should also include predicting the QoS satisfaction of the composite service. This paper 
presents a QoS-satisfied prediction model based on an HMM to assess the QoS-satisfied capability for 
compositions of components. In future work, authors will suggest introducing heterogeneous cloud services 
into the system and developing the prediction model to make it a better fit with real applications. 

This work will help us how to use the user experience for promoting the development of cloud 
computing. If no single cloud service satisfies the user’s QoS perfectly, a composition of multiple cloud-
service components should be considered, 

Paulrani.A, M.Gomathy Nayagam,” Multiobjective Qos optimization Based on multiple workflow 
Scheduling in cloud environment” has  schedule the services for Multiobjective QoS Multiple work flow in 
Cloud Environment (MQMCE) based on more than three QOS requirement such as time cost, reliability 
and availability. It evaluates performance for various test cases with different number of workflows and 
different set of QoS parameters for each workflow. The MQMCE results was the improved performance 
from the existing method such as reducing time effect, reducing cost effect as well as increase reliability 
and availability in a single objective manner. The Multiple QoS Constrained Scheduling Strategy of Multi-
Workflows (MQMC) attains the customer’s multiple QOS constraints such as execution time, executions 
cost as well as schedule the workflows dynamically. In existing algorithms, they concentrate only on cost 
or time or both but not concentrated on reliability and availability. In this proposed algorithm satisfy the 
multiple QOS like time, cost as well as reliability and availability. This lead the scheduling is done by 
customer’s multiple QOS requirements in a single objective manner.  

The above paper will help to use Multiobjective QoS Multiple work flow in Cloud Environment 
(MQMCE) based on more than three QOS requirement such as time cost, reliability and availability. 
1.1 Forward Literature Review : 

 Alexandru Iosup et al [7] have analyzed the performance of cloud computing services for 
scientific computing workloads. They quantify the presence in real scientific computing workloads of 
Many-Task Computing (MTC) users that, of users who employ loosely coupled applications comprised 
many tasks to achieve their scientific goals. Then, they perform an empirical evaluation of the performance 
of four commercial cloud computing services including Amazon EC2, which was currently the largest 
commercial cloud. Last, they compare through trace-based simulation the performance characteristics and 
cost models of clouds and other scientific computing platforms, for general and MTC-based scientific 
computing workloads. The results indicate that the current clouds need an order of magnitude in 
performance improvement to be useful to the scientific community, and show which improvements should 
be considered first to address this discrepancy between offer and demand. 

Their main finding was the compute performance of the tested clouds was low. Last, they compare 
the performance and cost of clouds with those of scientific computing alternative such as grids and parallel 
production infrastructures. They found that, while current cloud computing services were insufficient for 
scientific computing at large, they may still be a good solution for the scientists who need resources 
instantly and temporarily. 

This paper helps us to compute the performance of the developed cloud for the multiple services. 
 
Bin Xu et al [8] has found that two users with similar tastes on one item subset may have totally 

different tastes on another set. In other words, there exist many user-item subgroups each consisting of a 
subset of items and a group of like-minded users on these items. It was more natural to make preference 
predictions for a user via the correlated subgroups than the entire user-item matrix. In their work, to find 
meaningful subgroups, they formulate the Multiclass Co-Clustering (MCoC) problem and propose an 
effective solution to it. Then they propose a unified framework to extend the traditional CF algorithms by 
utilizing the subgroups information for improving their top-N recommendation performance. Their 
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approach can be seen as an extension of traditional clustering CF models. Systematic experiments on three 
real world data sets have demonstrated the effectiveness of  the work. 

User-item subgroups can help to capture similar user tastes on a subset of items. In their work they 
explore a new improving space for collaborative recommender systems – utilizing user-item subgroups. 
This was a natural extension of traditional clustering CF models. Experimental results show that using 
subgroups was a promising way to further improve the top-N recommendation performance for many 
popular CF methods. They expect that the exploration can attract further research or practice on the topic of 
clustering CF model. Future works are needed in two main aspects: one is to find better user-item 
subgroups and the other was to design new methods to fully utilize subgroups. 

The present work helps us to  we explore a new improving space for collaborative recommender 
systems – utilizing user-item subgroups. 

Gediminas Adomavicius et al [9] have introduced and explored a number of item ranking 
techniques that can generate recommendations that have substantially higher aggregate diversity across all 
users while maintaining comparable levels of recommendation accuracy. Comprehensive empirical 
evaluation consistently shows the diversity gains of the proposed techniques using several real-world rating 
datasets and different rating prediction algorithms. Recommender systems have made significant progress 
in recent years and many techniques have been proposed to improve the recommendation quality. 
However, in most cases, new techniques are designed to improve the accuracy of recommendations, 
whereas the recommendation diversity has often been overlooked. In particular, they showed that, while 
ranking recommendations according to the predicted rating values (which is a de facto ranking standard in 
recommender systems) provides good predictive accuracy, it tends to perform poorly with respect to 
recommendation diversity. Therefore, in this work they proposed a number of recommendation ranking 
techniques that can provide significant improvements in recommendation diversity with only a small 
amount of accuracy loss. In addition, these ranking techniques offer flexibility to system designers, since 
they were parameterizable and can be used in conjunction with different rating prediction algorithms (i.e., 
they do not require the designer to use only some specific algorithm). These are also based on scalable 
sorting based heuristics and, this were extremely efficient. They provide a comprehensive empirical 
evaluation of the proposed techniques and obtain consistent and robust diversity improvements across 
multiple real-world datasets and using different rating prediction techniques. 

The present work help us to  explore a number of item ranking  techniques that can generate 
recommendations that have substantially higher aggregate diversity across all users while maintaining 
comparable levels of recommendation accuracy. 

Saurabh Kumar Garg et al [10] has  propose a framework and a mechanism that measure the 
quality and prioritize Cloud services. Such a framework can make a significant impact and will create 
healthy competition among Cloud providers to satisfy their Service Level Agreement (SLA) and improve 
their QoS.  

 This work presents the first framework, SMI Cloud to systematically measure all the QoS 
attributes proposed by CSMIC and rank the Cloud services based on these attributes. The author’s address 
some key challenges by designing metrics for each quantifiable QoS attribute for measuring precisely the 
service level of each Cloud provider. Author’s proposed an analytical Hierarchical Process (AHP) based 
ranking mechanism which can evaluate the Cloud services based on different applications depending on 
QoS requirements. The proposed mechanism also addresses the challenge of different dimensional units of 
various QoS attributes by providing a uniform way to evaluate the relative ranking of Cloud services for 
each type of QoS attribute. 

The present work help us to propose an analytical Hierarchical Process (AHP) based ranking 
mechanism which can evaluate the Cloud services based on different applications depending on QoS 
requirements. 

Debajyoti Mukhopadhyay et al [11] has  Proposed layered architecture and Web Service-Cloud, 
i.e. WS-Cloud computing Framework synthesizes the non functional attributes that includes reliability, 
availability, response time, latency etc. The Service Consumer is projected to provide the QoS requirements 
as part of Service discovery query. This framework will discover and filter the Web Services form the 
cloud and rank them according to Service Consumer preferences to facilitate Service on time.    

This work presents a QoS framework for effective WS-Cloud Computing. The goal of the QoS in 
agent is to support advanced Web Service Discovery with QoS applied in registration, verification, 
certification, and confirmation. The uniqueness and consequence of WS-Cloud computing work are 
mentioned in two ways. Firstly, by introducing the idea of applying service matching, ser-vice ranks and 
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service filtering, using QoS non functional attribute that forms an effective cloud manageability property 
that gives rise to meet Consumer needs and while also organizing Cloud resources. Secondly, on 
perspective of Cloud Computing, contribution was the effective approach for facilitating QoS based Cloud 
Service Discovery, Service Negotiation, and Service Composition.The present work helps us to support 
advanced Web Service Discovery with QoS applied in registration, verification, certification, and 
confirmation. 

3. Proposed Framework Discussion 

Suggest personalized ranking prediction framework, named Cloud Rank, mostly focus on ranking 
prediction of client-side QoS properties, which expected have diverse values for different users (or user 
applications) of the similar cloud service and predict the QoS ranking of a set of cloud services without 
requiring additional real-world service invocations from the planned users. This approach takes benefit of 
the past usage experiences of other users for making personalized ranking prediction for the existing user 
and address the serious problem of personalized QoS ranking for cloud services. Proposed framework has 
numerous modules.  

First, based on the user-provided QoS values, similarities between the vigorous user and training users 
can be calculated. Second, based on the similarity values, a set of similar users can be recognized. After 
that, two algorithms are proposed (i.e., CloudRank1 and CloudRank2) to make personalized service 
ranking by taking advantages of the past service usage experiences of similar users. Finally, the optimized 
ranking prediction results are provided to the active user. 
 
2.1  System Framework Architecture   
 

 Figure1 shows the system architecture of proposed Cloud Rank framework, which provides 
personalized QoS ranking prediction for cloud services by making most sympathetic service selection.      
Fig. 1 shows that the clients can obtain service ranking prediction of all presented cloud services from the 
Cloud Rank framework by providing realistic QoS values of some cloud services. More precise ranking 
prediction results can be achieved by providing QoS values on more cloud services, the proposed Cloud 
Rank framework will divide into three main modules namely correlation module, twin clustering module 
and QoS prediction module. The brief discussions of proposed modules are discussed below:   

A user is called active user will call for ranking prediction from the proposed Cloud Rank framework. To 
understand the basic of proposed framework, let us consider an example of a set of three cloud services 
(e.g. Mobile Phones, Books, Dress purchasing), on which users will have observed different response-
times. 

A. Correlation Module:  
                     Correlation module will compare the users QoS rankings on the commonly invoked 
services. In this module the user will enter current application response times for three services used, the 
response-time values on these services observed by the users are clearly different. The Kendall Rank 
Correlation Coefficient (KRCC) evaluates the degree of similarity by considering the number of service 
pairs which would be needed to transform one rank order into the other. The similarity between two service 
rankings can be calculated by KRCC “(1),” The KRCC will produce the dual similarity (two service 
similarities) on the basis of best value of correlation.  
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  here BI∩AI    is the subset of cloud services commonly invoked by users A and B, q A,i is the QoS 

value of service i observed by user A, and I (x) is an indicator function defined by “(2),”. 
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                 1                                 if     x < 0                                  (2) 
               I (x)      =      0                                  otherwise                                                                 

 
 

 

Fig. 1 Proposed system architecture for cloud Rank framework  

From above discussion, the ranking similarity between two rankings is in the interval of  [ -1 , 1 ], 
where -1 is obtained when the order of user A is the exact reverse of user B, and 1 is obtained when order 
of user A is equal to the order of user B. Since KRCC compares service pairs, the intersection between two 
users has to be at least 2 for making similarity computation. 

 2≥∩ BA II  
B. Twin Clustering: 

Twin clustering module will identify the cluster of similar user. In this module, the dual similarity will be 
given to the training data set to confirm the similar users. The cluster of similar user will form on the basis 
of similarity value. The users with negative similarity value will be debarred and only the top-K similar 
users will be considered for the QoS ranking prediction. A set of similar user S(A) is identified for the 
active user A by the following equation 3.  
 

                                                    { },0),(,/)( ABBASimTBBAS A ≠〉= ε                (3)                              

Where TA is a set of the Top-K similar users to the user A and Sim (A,B) > 0 excludes the dissimilar 
users with negative similarity values. The value of Sim (A,B) in “(3),”   is calculated by “(1),”. 
 

C. QoS Prediction Module: 
To predict the quality of service (QoS) value, we will recommend two ranking- oriented approaches        

i) Cloud Rank 1  
ii) Cloud Rank 2.The target of Ranking prediction is to predict QoS values as accurate as possible. The 
brief discussion is given below:   
 
C1. Cloud Rank 1: 

 
Following fig. 3 illustrate functioning of Cloud Rank 1 algorithm. 
Algorithm 1 includes the following steps: 

This algorithm uses the preference function to providing ranking  
• Step 0 : start the algorithm by assigning the two inputs first is the set of cloud services and second 

is the set of similar users. 
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• Step1: Takes the set of cloud services and set of similar users to calculate preference function. 
• Step 2 – 5:  Identify for each user in data set we calculate the preferences by comparing if user Ui 

belongs to similar user S then we calculate summation of Ui here whatever preference will come 
that should be high. Here we will decide high order preference values, i.e. it will decide the top 
value and this is we called as preference function P(x). After calculating the preference we will 
take web service corresponding order. The preference function will be calculated by using (4). 
 

                                                             
∑= iUP(x)

                                        
(4)                             

                                                 
• Step 6 : Arrange the web services in corresponding order i.e. indexing the  web services and then 

tag the each web services based on its preference function. Next step is optimizing preference. 
• Step 7 : Take the current service value Sc to optimize the preferences  
• Step 8-9 :Check whether the current service value Sc  is less than preference function p(x), then 

p(x) will be ranked otherwise Sc  will be ranked 
• Step 10 : Provide index to web services according to values generated. 
• Step 11 : Stop the algorithm by providing the optimum solution i.e. Ranking of web services.   

 
C2. Cloud Rank 2: 

 
Following fig.4 illustrate functioning of Cloud Rank 1 algorithm.In the CloudRank1 algorithm, 

differences in preference values are treated equally, which may hurt the QoS ranking prediction accuracy. 
By considering the confidence values of different preference values, we propose a QoS ranking prediction 
algorithm, named CloudRank2, which uses the following rules to calculate the confidence values: 

• If the user has QoS values of these two services i and j. The confidence of the preference value is 
1. 

•  When employing similar users for the preference value prediction, the confidence is determined 
by similarities of similar users as follows: 

                                                         
∑=

ijASB
B BASimW

)(

),( j)C(i,
ε                                        

(5) 

                       

                                                 
                                   

 
Input:     Set C = { C1, C2, C3}, where C is set of cloud    
                             services 
               Set S = {S1, S2, S3, ……, Sn}, where S is the set   
                             of similar users  
Output:    Set R = {R1, R2, R3}, where R is ranking  
                              services set 
Step 0:    Start 
Step 1:    Get set C and S. 
Step 2:    For each user Ui in dataset compare 
Step 3:    if Ui € S 
Step 4:    P(x) = ∑ Ui , where P(x) is preference value 
Step 5:    Decide high order P(x)  
Step 6:    Tag WAP based on P(x) 
Step 7:    Getting current service value Sc 

Step 8:    if Sc  < P(x) then 
                       P(x) need to rank  
Step 9:    else  
                      Sc  need to rank 
Step 10:  Index WAP value and rank 

Step 11:  Stop 
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                                       Fig. 2 Proposed cloud Rank 1 Algorithm 

Where B is a similar user of the current active user A, S (A)ij is a subset of similar users, who obtain QoS 
values of both services i and j, and WB is a weighting factor of the similar user v, which can be calculated 
by 

                                            
∑

=
ijASB

B BASim

BASim
W

)(

),(

),(

ε

                                           
(6) 

 
Fig. 3.  Execution of proposed cloud Rank1algorithm. 

 
WB makes sure that a similar user with higher similarity value has greater impact on the 

confidence calculation. Equation (5) Guarantees those similar users with higher similarities will generate 
higher confidence values. 

 

 
Fig. 4.  Execution of proposed cloud Rank2 algorithm. 
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Algorithm 2: Cloud Rank 2 

Input:    Set C = { C1, C2, C3}, where C is set of cloud   
                             services 
               Set S = {S1, S2, S3, ……, Sn} 
Output: Set R = {R1, R2, R3}, where R is ranking  
                               services set 
Step 0:    Start 
Step 1:    For each user Ui  
Step 2:    Match Ui with Si and count. where Si is similar   
               user  
Step 3:    Calculate highest count i.e. Wc where, Wc is  
               weight factor  
Step 4:    Request for Sc,  where Sc is current service value 
Step 5:    if Sc  > Wc then 
                      Rank Sc   
Step 6:    else  
                      Rank Wc 
Step 7:  Index WAP value and rank 

Step 8:  Stop 
 Fig. 5.  Proposed cloud Rank2 algorithm. 

 
Algorithm 2 includes the following steps: 
This algorithm uses the confidence of similar user to providing ranking  

• Step 0: Start the algorithm by assigning the two inputs first is the set of cloud services and second 
is the set of similar users. 

• Step 1-2 : Match Ui with Si where Si is similar user and then count. Here we will get three counts 
as our web services is three.   

• Step 3 : Calculate highest count. This is nothing but the weight factor Wc          
• Step 4 : Request for current service value Sc          
• Step 5-6:Calculate if Sc is greater than weight factor Wc  then we will rank the current service 

value Sc otherwise we will rank Wc 
• Step 7 :Give the index to web services  
• Step 8: Stop the algorithm by providing the optimum solution that means Ranking of web services  

 
Fig. 6.  Component Diagram for the Proposed Framework.  
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4. ADVANTAGES AND LIMITATION  
Advantages:  

• The Services in cloud can be ranked according to their performance. 
• The complete cloud infrastructure can be enhanced by knowing the QoS of   different services in 

cloud. 
• The low performance point of service can be detect using this approach. 
• The resource compatibility of cloud can be identified by this approach 

 
Limitation: 

• Proposed System is applying on only client-side. 
• Implementing on private cloud only. 
• Cloud parameters are limited. 
• Dynamic parameters like sudden death scenario of transactions cannot be  measured.  

 

5. EXPECTED RESULTS 
Cloud computing has become a significant idea for outsourcing various IT requirements of organizations. 
Currently, there are numerous Cloud providers who offer diverse Cloud services with different charge and 
performance attributes.In our proposed approach we are going to develop three web services which are 
having similar mode of performance and they are providing the delay time also for the performance when 
user use the web services. And these delay time is being continuously updating as the data set in the 
database. When the user requests for the ranking cloud services then system uses this data as data set and 
computes the similarity measurement and preference type to yield the ranking of web services.  
 

6. CONCLUSION AND FUTURE SCOPE 
 

In this paper, we propose a QoS ranking framework for web service application that addresses the 
service ranking directly without trying to predict a user’s ratings on the service  as an intermediate step. 
Our approach extends the Qos framework by identifying and collecting  the preferences rather than ratings 
of similar users in order to produce a ranking of items. We described two methods for computing the 
item rankings based on preferences including a rank1 algorithm and a rank 2 algorithm. The proposed 
system will be used to personalize QoS ranking prediction framework for cloud services. The QoS 
prediction will be based on the past uses experience of the user. The proposed ranking prediction approach 
identifies and aggregates the preferences between pairs of services to produce a ranking of services. Two 
ranking prediction algorithms will be used for computing the service ranking based on the cloud application 
designer’s preferences. 
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