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Abstract 
 

  Cloud computing is Internet-based computing used to share resources.  Infrastructure, platform, and software are 
provided to computers and other devices as services. Cloud resources are provided by Amazon, Google, Microsoft, and IBM. 
Traditional component-based system model is used in the cloud application. Multiple cloud component communicating with each 
other over application programming interfaces to construct a cloud application. Web services are used as cloud components in 
cloud applications. The service invocation is initiated by the users through cloud application. The server side activities are carried 
out through the cloud services. 
  Cloud service performances and properties are represented in Quality of Service (QoS) values. Different cloud 
applications may receive different levels of quality for the same cloud service. QoS ranking of cloud services are different from 
user to user with reference to their location information. Personalized cloud service QoS ranking is required for different cloud 
applications. CloudRank is a personalized ranking prediction framework to select optimal cloud services. CloudRank predicts the 
QoS ranking of a set of cloud services without requiring additional real-world service invocations. Cloud Rank uses past usage 
experiences of other users for making personalized ranking prediction for the current user. CloudRank1 algorithm is used to 
estimate approximate optimal ranking and CloudRank2 algorithm is applied to calculate confidence values for preference sum. 
  Time aware QoS prediction approach is constructed with users, services and time information. Rank based approach 
and rating based approach are integrated to predict the cloud services. Multiple invocations with different time zones are used for 
the prediction process. Data smoothing, random walk, matrix factorization and utilizing content information techniques are 
included in the system. 
 
 
1. Introduction 
  Services made available to users on demand via the Internet from a cloud computing provider's servers as 
opposed to being provided from a company's own on-premises servers. Cloud services are designed to provide easy, 
scalable access to applications, resources and services, and are fully managed by a cloud services provider. A cloud 
service can dynamically scale to meet the needs of its users, and because the service provider supplies the hardware 
and software necessary for the service, there’s no need for a company to provision or deploy its own resources or 
allocate IT staff to manage the service.  Examples of cloud services include online data storage and backup 
solutions, Web-based e-mail services, hosted office suites and document collaboration services, database processing, 
managed technical support services and more. On-demand self-service allows users to obtain, configure and deploy 
cloud services themselves using cloud service catalogues, without requiring the assistance of IT. This feature is 
listed by the National Institute of Standards and Technology (NIST) as a characteristic of cloud computing. The self-
service requirement of cloud computing prompts infrastructure vendors to create cloud computing templates, which 
are obtained from cloud service catalogues. Manufacturers of such templates or blueprints include BMC 
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Software (BMC), with Service Blueprints as part of their cloud management platform Hewlett-Packard (HP), which 
names its templates as HP Cloud Maps, RightScale and Red Hat, which names its templates CloudForms.  
 
  The templates contain predefined configurations used by consumers to set up cloud services. The templates 
or blueprints provide the technical information necessary to build ready-to-use clouds. Each template includes 
specific configuration details for different cloud infrastructures, with information about servers for specific tasks 
such as hosting applications, databases, websites and so on. The templates also include predefined Web service, the 
operating system, the database, security configurations and load balancing. Cloud computing consumers use cloud 
templates to move applications between clouds through a self-service portal. The predefined blueprints define all 
that an application requires to run in different environments. For example, a template could define how the same 
application could be deployed in cloud platforms based on Amazon Web Service, VMware or Red Hat. The user 
organization benefits from cloud templates because the technical aspects of cloud configurations reside in the 
templates, letting users deploy cloud services with a push of a button. Developers can use cloud templates to create a 
catalog of cloud services.  
 
2. Related Work  
  

Cloud computing is becoming popular. A number of works have been carried out on cloud computing [8], 
[10], including performance analysis, market-oriented cloud computing, management tool, workload balance, 
dynamic selection, etc. Quality-of-service has been widely employed for presenting the nonfunctional characteristics 
of the software systems and services [9]. QoS of cloud services can be measured from either the client side or at the 
server side. Based on the service QoS measures, various approaches have been proposed for service selection [9], 
which enables optimal service to be identified from a set of functionally similar or equivalent candidates. The most 
analyzed examples of memory-based collaborative filtering include user-based approaches, item-based approaches 
and their fusion [6], [7], [2], [3]. User-based and item-based approaches often use the vector similarity method and 
the PCC method as the similarity computation methods. Compared with vector similarity, PCC considers the 
differences in the user rating style when calculating the similarity.  
  The rating-based collaborative filtering approaches try to predict the missing QoS values in the user-item 
matrix as accurately as possible. However, in the ranking-oriented scenarios, accurate missing value prediction may 
not lead to accuracy ranking prediction. Therefore, ranking-oriented collaborative filtering approaches are becoming 
more attractive. Liu and Yang [12] propose a ranking oriented collaborative filtering approach to rank movies. Yang 
et al. [11] propose another ranking-oriented approach for ranking books in digital libraries. Different from these 
previous approaches [12], [11], our work provides a comprehensive study of how to provide accurate QoS ranking 
for cloud services, which is a new and urgently-required research problem. Currently, our CloudRank framework is 
mainly designed for cloud applications, because: 1) client-side QoS values of different users can be easily obtained 
in the cloud environment; and 2) there are a lot of redundant services abundantly available in the cloud, QoS ranking 
of candidate services becomes important when building c 
 
3. Cloud Service Prediction Process 
 
  Cloud computing is Internet-based computing, whereby shared configurable resources are provided to 
computers and other devices as services [1]. Strongly promoted by the leading industrial companies, cloud 
computing is quickly becoming popular in recent years. Applications deployed in the cloud environment are 
typically large scale and complex. With the rising popularity of cloud computing, how to build high-quality cloud 
applications becomes an urgently required research problem. Similar to traditional component-based systems, cloud 
applications typically involve multiple cloud components communicating with each other over application 
programming interfaces, such as through web services. Fig. 3.1 shows an example of cloud applications. As shown 
in the figure, Cloud application 1 is a tourism Website deployed in the cloud, providing various types of tourism 
services to customers. The business process of this cloud application is composed by a number of software 
components, where each component fulfills a specified functionality. To outsource part of business to other 
companies, some of these components invoke other cloud services. These cloud services are provided and deployed 
in the cloud by other companies. These cloud services can also be employed by other cloud applications. Since there 
are a number of functionally equivalent services in the cloud, optimal service selection becomes important. In this 
paper, service users refer to cloud applications that use/invoke the cloud services. In the context of a service 
invocation, the user-side refers to the cloud applications and server side refers to the cloud services.  



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 2, February 2014, Pg: 107- 113 

 

Ms.R.Mallika, IJRIT  109 

 

  Nonfunctional performance of cloud services is usually described by quality-of-service (QoS). QoS is an 
important research topic in cloud computing. When making optimal cloud service selection from a set of 
functionally equivalent services, QoS values of cloud services provide valuable information to assist decision 
making. In traditional component-based systems, software components are invoked locally, while in cloud 
applications, cloud services are invoked remotely by Internet connections. Client-side performance of cloud services 
is thus greatly influenced by the unpredictable 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 a 
user cannot be transferred directly to another user, since the locations of the cloud applications are quite different. 
Personalized cloud service QoS ranking is thus required for different cloud applications. 
  The most straightforward approach of personalized cloud service QoS ranking is to evaluate all the 
candidate services at the user-side and rank the services based on the observed QoS values. However, this approach 
is impractical in reality, 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 service 
invocations may produce irreversible effects in the real world. Moreover, when the number of candidate services is 
large, it is difficult for the cloud application designers to evaluate all the cloud services efficiently. To attack this 
critical challenge, we propose a personalized ranking prediction framework, named CloudRank, to predict the QoS 
ranking of a set of cloud services without requiring additional real-world service invocations from the intended 
users. Our approach takes advantage of the past usage experiences of other users for making personalized ranking 
prediction for the current user. Extended from its preliminary conference version [4], the contribution of this paper is 
twofold: 
 
 
   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3.1. Architecture of Cloud Services 
 

 

Airplane Ticket Services 

 

Service a2 

Service a1 

Hotel Booking Services 

 

  

 Service c2 

Servicee 

Cloud 

Application 

2 

Cloud 

Application 

1 

Cloud 

Application 

3 

Car Rental Services 

 
  

Service 

b1 
Service 

b2 

 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 2, February 2014, Pg: 107- 113 

 

Ms.R.Mallika, IJRIT  110 

 

   This paper identifies the critical problem of personalized QoS ranking for cloud services and proposes a 
QoS ranking prediction framework to address the problem. To the best of our knowledge, CloudRank is the first 
personalized QoS ranking prediction framework for cloud services. 

• Extensive real-world experiments are conducted to study the ranking prediction accuracy of our ranking 
prediction algorithms compared with other competing ranking algorithms. The experimental results show the 
effectiveness of our approach.  

• We publicly release our service QoS data set for future research, which makes our experiments reproducible. 
 
 

4. Collaborative Filtering and QoS Ranking Prediction 
 
4.1. Collaborative Filtering Scheme 
  To generate recommendations for a particular user in a group of users and items, we use a system based on 
collaborative filtering, which has the following three steps. 
1) Similarities are computed between that particular user and all others. 
2) The most similar users are selected by comparing their similarity values with a threshold. 
3) The recommendations on all of the items are generated as the average rating of the most similar users. 
  In services that use collaborative filtering, the number of items offered to users is usually numbers in the 
hundreds of thousands. The similarity computation for each pair of users is performed for the whole item set. In 
practice, these vectors contain a vast amount of items that are not rated. Thus, the vectors are highly sparse and 
computing similarity using these highly sparse vectors leads to inaccurate results. One way to cope with the 
sparseness problem is to introduce a smaller set of items that are rated by most of the users. In this paper, we assume 
there is a set of items out of that are rated by most of the users. Note that the selection of these items, which is 
usually in the range of 10–50, is highly subjective and out of the scope of this paper. We assume that the user’s 
preference vector is split into two parts: that consists of densely rated items, which will be used to compute the 
similarity measures, and the second part contains partly rated items that the user would like to get recommendations. 
 
4.2. QoS Ranking Prediction 
  Rating-oriented collaborative filtering approaches first predict the missing QoS values before making QoS 
ranking. The target of rating-oriented approaches is to predict QoS values as accurate as possible. However, accurate 
QoS value prediction may not lead to accurate QoS ranking prediction. For example, assume the expected response 
times of three services are 2, 3, and 5 seconds, respectively. There are two predictions using rating-oriented 
approaches: (3, 2, 4) and (1, 2, 3). Since rating-oriented approaches try to predict the QoS value as accurate as 
possible, Prediction 1 is better than Prediction 2, since it has a smaller MAE value. However, from the ranking-
oriented perspective, Prediction 1 is worse than Prediction 2 since the former leads to incorrect ranking based on the 
predicted QoS values. To address this problem, we propose two ranking oriented approaches, named as CloudRank1 
and CloudRank2. Our ranking-oriented approaches predict the QoS ranking directly without predicting the 
corresponding QoS values.  
 
4.2.1. CloudRank1 
  A user’s preference on a pair of services can be modeled in the form of ψ : I × I → IR, where ψ (i, j) > 0 
means that quality of service i is better than service j and is thus more preferable for the active user and vice versa. 
The value of the preference function ψ (i, j) indicates the strength of preference and a value of zero means that there 
is no preference between two services. The preference function ψ (i, j) is antisymmetric, i.e., ψ (i, j) = -ψ (j, i). We 
set ψ (i, i) = 0 for all i ∈  I. 
  Given the user-observed QoS values on two cloud services, the preference between these two services can 
be easily derived by comparing the QoS values, where ψ (i, j) = qi – qj. To obtain the preference values regarding 
pairs of services that have not been invoked or observed by the current user, the preference values of similar users 
S(u) are employed. The basic idea is that the more often the similar users in S(u) observe service i as higher quality 
than service j, the stronger the evidence is of ψ (i, j) > 0 for the current user. This leads to the following formula for 
estimating the value of the preference function ψ (i, j), where service i and service j are not explicitly observed by 
the current user u 
ψ (i, j) = ∑�∈(�)�� wv (qv,i – qv,j); (1) 
  where v is a similar user of the current u, N(u)ij is a subset of similar users, who obtain QoS values of both 
services I and j, and wv is a weighting factor of the similar user v, which can be calculated by 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 2, February 2014, Pg: 107- 113 

 

Ms.R.Mallika, IJRIT  111 
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��(�,�)

∑ ��(�,�)
�∈�(�)��

: (2) 

wv makes sure that a similar user with higher similarity value has greater impact on the preference value prediction 
in (1). 
  With (1) and (2), the preference value between a pair of services can be obtained by taking advantage of the 
past usage experiences of similar users. Assuming there are n services to be ranked and QoS values of a services 
have already be observed by user u, the total number of service pairs that can be derived explicitly is (a – 1) / 2, and 
the total number of pairs that need to be predicted from similar users is n(n - 1)/2 - a(a – 1)=2. Given a preference 
function ψ which assigns a score to every pair of services i, j  I, we want to choose a quality ranking of services in 
I that agrees with the pairwise preferences as much as possible. Let ρ be a ranking of services in I such that ρ (i) > ρ 
(j) if and only if i is ranked higher than j in the ranking ρ. We can define a value function Vψ(ρ) as follows, which 
measures the consistency of the ranking ρ with the preference function 
��(�) = ∑ �(�. �)�,�,�(�)��(�) : (3) 
  Our goal is to produce a ranking ρ* that maximizes the above objective value function. One possible 
solution is to search through the possible rankings and select the optimal ranking ρ* that maximizes the value 
function defined in (3). However, there are n! possible rankings for n services, and the optimal ranking search 
problem is NP-Complete. To enhance the calculation efficiently, we propose a greedy based algorithm in 
CloudRank1 is used for finding an approximately optimal ranking. Compared with the greedy algorithm, our 
approach guarantees that the employed services are correctly ranked. Our approach provides better ranking accuracy 
more consistently than the traditional greedy algorithm. 
 
4.2.2. CloudRank2 
  The preference values ψ (i, j) in the CloudRank1 algorithm can be obtained explicitly or implicitly. When 
the active user has QoS values on both the services i and service j, the preference value is obtained explicitly. On the 
other hand, the preference value is obtained implicitly when employing QoS information of similar users. Assuming 
there are three cloud services a, b, and c. The active users have invoked service a and service b previously. The list 
below shows how the preference values of ψ (a, b), ψ (a, c), and ψ (b, c) can be obtained explicitly or implicitly 
• ψ (a, b): obtained explicitly. 
• ψ (a, c): obtained implicitly by similar users with similarities of 0.1, 0.2, and 0.3. 
• ψ (b, c): obtained implicitly by similar users with similarities of 0.7, 0.8, and 0.9. 

  In the above example, we can see that different preference values have different confidence levels. It is 
clear that C(a, b) > C(b, c) > C(a, c), where C represents the confidence values of different preference values. The 
confidence value of ψ (b, c) is higher than ψ (a, c), since the similar users of ψ (b, c) have higher similarities. In the 
CloudRank1 algorithm, differences in preference values are treated equally. 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: 
�(�, �) = ∑ 	����(�,  )�∈(�)�� ; (4) 
  where v is a similar user of the current active user u, N(u)ij is a subset of similar users, who obtain QoS 
values of both services i and j, and wv is a weighting factor of the similar user v, which can be calculated by 

	� =
��(�,�)

∑ ��(�,�)
�∈�(�)��

: (5) 

wv makes sure that a similar user with higher similarity value has greater impact on the confidence 
calculation. Equation (4) guarantees that similar users with higher similarities will generate higher confidence 
values. 

 
5. Issues On Cloud Service Prediction Process 
 
 Cloud service performances and properties are represented in Quality of Service (QoS) values. Different 
cloud applications may receive different levels of quality for the same cloud service. QoS ranking of cloud services 
are different from user to user with reference to their location information. Personalized cloud service QoS ranking 
is required for different cloud applications. CloudRank is a personalized ranking prediction framework to select 
optimal cloud services. CloudRank predicts the QoS ranking of a set of cloud services without requiring additional 
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real-world service invocations. Cloud Rank uses past usage experiences of other users for making personalized 
ranking prediction for the current user. CloudRank1 algorithm is used to estimate approximate optimal ranking and 
CloudRank2 algorithm is applied to calculate confidence values for preference sum. The following issues are 
identified in the current cloud service prediction process. 

• Time based properties are not focused 
• Limited prediction accuracy 
• Malicious QoS values are not filtered 
• Single invocation based prediction model 

 
6. Time Aware Personalized Service Forecasting System  
 Time aware QoS prediction approach is constructed with users, services and time information. Rank based 
approach and rating based approach are integrated to predict the cloud services. Multiple invocations with different 
time zones are used for the prediction process. Data smoothing, random walk, matrix factorization and utilizing 
content information techniques are included in the system.  
  The service prediction is performed with single and multiple service call details. Time and location factors 
are used in the service selection process. Ranking and rating models are integrated in the service prediction process. 
The system is divided into five major modules. They are service management, QoS property analysis, rank based 
prediction, rating based prediction and hybrid prediction scheme. 
  The service management module is designed to maintain the cloud service provider and service details. 
Service property values are analyzed under QoS property analysis. Rank based prediction process is designed to 
personalized service selection process. User rating based service selection is carried out under the rating based 
prediction process. The hybrid prediction scheme is designed to predict services with rating and rank details. 
 
6.1. Service Management 
  Cloud service property values are collected and updated into the service repository. Properties are collected 
from the service provider and service registry. Independent property values are identified from service information. 
Dependent property values are fetched from the client access logs. 
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6.2. QoS Property Analysis 
  Common and usage parameters are used in the QoS property analysis. Response time, throughput and 
failure rate are collected from service instances. Service requests are sampled in different time periods and locations. 
Response time aggregation is used in the multiple service instance model. 
6.3. Rank Based Prediction 
  Cloud Rank scheme is used for the personalized service prediction process. Single instance and multiple 
instance based prediction process is performed in the rank based model. Time and location factors are used in the 
rank based prediction scheme. Cloud Rank scheme is enhanced for time and location constraints. 
6.4. Rating Based Prediction 
  Service prediction is carried out with reference to the user rating values. User ratings are collected during 
the service call instances. User satisfaction is the main factor in the rating based model. Service access history is 
used in the rating based prediction process. 
6.5. Hybrid Prediction Scheme  
  The rank based prediction scheme and rating based prediction scheme are integrated in the system. Service 
access performance and user satisfactory levels are used in the hybrid prediction process. Cloud Rank scheme is 
enhanced for hybrid prediction process. Time and location factors are also integrated in the hybrid prediction 
process.  
 
7. Conclusion and Future Work 
  The system performs service prediction with historical data values. The system achieves efficient service 
prediction and ranking process. The data smoothing techniques are used to remove noise elements. The system 
produces the top level and threshold level based service prediction results. Sum future directions are produced to 
improve the cloud service discovery process. The service prediction scheme can be integrated with privacy 
preserved discovery model. The system can include the pricing factor for service discovery process. Dynamic 
parameter based prediction scheme can be used for the service prediction process. The system can be enhanced to 
support pattern based prediction process. 
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