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Abstract: Mobile device challenges such as storage limitation have however introduced the
problem of mobile multimedia overload to users. In order to tackle this problem, researchers
have developed various techniques that recommend multimedia for mobile users. A
cautious analysis of existing research reveals that the implementation of proactive, sensorbased and hybrid recommender systems can improve mobile multimedia recommendations.
Nevertheless, there are still challenges and open issues such as the incorporation of context
and social properties, which need to be tackled in order to generate accurate and
trustworthy mobile multimedia recommendations. There are many filtering algorithms has
been proposed, among them Collaborative filtering (CF) is most widely used and almost
popular. Recommendation systems mainly focus on three specific domain like that CB
filtering, CF-based filtering and Context-aware filtering.
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INTRODUCTION
To capture the interests of users in a ubiquitous environment, more and more contextual
information, such as user opinions, watching times, and video ages, is logged in the
recommendation system [1]. How to help mobile users obtain their favorite content lists from
millions of Webpages in a short time is very challenging [2]. Internet users post a many large
number of audio, video clips on audio, video-sharing websites and social network (Face book,
Twitter) applications everyday [3]. The number of audio, video may be duplicate, similar,
related, or quite different. The user facing billions of multimedia web-pages, online users are
usually very hard time finding their favorites videos. This situation is very hard for mobile users
because of screen limit and low bandwidth. Some video-sharing websites recommend video
lists for end users according to video classification, video description tags, or watching history.
The existing recommendation algorithms, the typical system consists of two essential
components: 1) a content recommender that takes charge of user interest identification, user
interest recommendation, and result reranking and 2) various collectors that collect user
context and activities, content attributes, and updates. In recommendation system
initialization, a few contextual information, e.g., time and location, is collected User interests
and content clustering are often used to narrow the searching range of related content.
The system is implemented on the Hadoop platform to satisfy the huge computation
requirements for real-time recommendation systems. Hadoop1 provides a distributed
filesystem and a framework for the analysis and transformation of very large data sets using the
Map Reduce [4] paradigm. While the interface to HDFS is patterned after the Unix file system,
faithfulness to standards was sacrificed in favor of improved performance for the applications
at hand. An important characteristic of Hadoop is the partitioning of data and computation
across many (thousands) of hosts, and the execution of application computations in parallel
close to their data. A Hadoop cluster scales computation capacity, storage capacity and I/O
bandwidth by simply adding commodity servers. Hadoop clusters at Yahoo! span 40,000
servers, and store 40 petabytes of application data, with the largest cluster being 4000 servers.
One hundred other organizations worldwide report using Hadoop. The Hadoop platform is used
in the proposed multimedia recommendation system. On the platform, user clusters and
multimedia content are collected, distributed, and stored into the Hadoop distributed file
system (HDFS).
Mobile devices are well on their way of becoming personal and sensing platforms. They were
primarily used solely as communication devices but can now be used to access and capture
multimedia contents for wide range of activities in smart communities[5][6].
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LITERATURE REVIEW:
We survey the importance and relevance of mobile multimedia recommendation systems for
three smart communities, namely, mobile social learning, mobile event guides and contextaware services. Furthermore, we present an overview of mobile multimedia recommendation
systems from the perspective of applications, architectures and algorithms. Through careful
examination of the state-of-the-art, we outline challenges and open issues that require
attention so that recommendations generated for mobile users will be more accurate, reliable,
efficient and trustworthy. The members of a smart community are objects that can be human
individuals, as well as physical things such as a desk, a watch, a pencil, a door and a key. It is
also possible that some other living things (i.e. besides human beings) might be included, for
example, a plant and a cat. In most cases, these objects have implicit links among them. As a
result of factors such as societal challenges of the elderly and extraordinary population ageing
with the unavoidable consequences related to disability and care issues as well as recent
technologies resulting in the combination of both CPS and social computing, building smart
communities is very important for a society.
The recommender systems are classified into the following types, which take account on
ratings, user preferences, history and other factors:
The recommender systems are classified into the following types, which take account on
ratings, user preferences, history and other factors:
Content-based recommender systems: In this recommendation system prediction is done
based on content information which is stored in the system about each item to be
recommended. It used to recommend with similarity of items of the user had previously
preferred, based on similarity with respect to user preferences and similarity of certain items
are to each other[7]. The system pays attention to two type of information on creation of user
profile, such as model of user’s preferences and history of their interactions. Issues in contentbased filtering [8] is learning as a pressurizing, focus on probability of the system, is able to
learn user preferences from user's actions and use them across other content types. The user
profile is learnt regarding contextual independence, so a constraint satisfaction problem is
considered.
Collaborative filtering systems: This filtering algorithm tries to identify groups of people or
users with identical tastes to those of the user and recommend contents that they have
liked[9]. This also considered collecting users’ behaviors or preference. The prediction is given
on what users will like base on their similarity to other users. Depending on the machine
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analyzable content is one of the demerits of filtering techniques but the collaborative filtering
approach does not rely on that information and so it is an important advantage of CF system
[10]. Therefore, the accuracy of prediction increases with capability to recommend complex
items [11].
Hybrid recommender systems: The hybrid is platform is a cross breed. This model is an
approach of combining collaborative filtering with content-based filtering. This method can be
more effective in some cases where recommendation will be precious. The implementation of
this approach can be made either by merging content-based or collaborative based
recommendation with hybrid separately or unifying both the approach together with hybrid
systems as one model [12]. The gain of performance is the effect of this approach. Netflix a
social network is a good example of hybrid systems.

Fig.1 General Recommendation system
From the above methods, as we know each systems have their own merits and demerits. Most
of approaches of recommender system problem have been deployed, using methods from
machine learning capabilities, approximation theory, and various heuristics algorithms. The
recommendation systems are used based on how the prediction results are obtained,
independently of the techniques used. The only focus is to provide a dynamic system, to help
the viewers in this competitive environment. These approaches are generally implemented for
cloud environment, these are cloud based recommenders. The general recommendation
diagram is show above in figure 1.
To improve this, some websites also provide users with search engine to search their desired
videos quickly. However, searching is based on the keywords. Online Trading is being hosted on
Stand Alone Server.
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 Very hard to reuse video-tag module.
 Payment for combination of Physical Hosting and Hardware is demanded by the Web
Hosting.
 Lack of scalability in identified Servers.
 Very hard to dedicated the Spammers in online.
 Noise and inconsistencies inherent to the data, and determine the hard of the task.
 Increasing total amount by provider on the monthly basis.
RELATED WORK
Cloud-based mobile multimedia recommendation systems which speed up the
recommendation process the users are classified into several groups according to their context
types and values. Also Cloud-based mobile multimedia recommendation system which can
reduce network overhead User clusters are collected instead of detailed user profiles. To avoid
the explosion of network overhead, user-behavior-based clustering is performed first, and the
collectors calculate User clusters according to the clustering rules and then report the user
cluster to the recommender only [13].
The context details are not necessary to compute, and the huge network overhead is reduced.
Moreover, user contexts, user relationships, and user profiles are collected from video-sharing
websites to generate multimedia recommendation.
The systems used on a specific domain in a recommendation System like that flipcart uses the
recommender system to help users find their own choice or favorite products. YouTube uses
user watching history to predict and recommend videos for users. Recommendation System
have been categorized by four algorithm exploited by the recommender system: CB
recommendation, CF-based recommendation, context-aware recommendation, and graphbased recommendation. In the multimedia information overload and to allow users to have
easily access to relevant multimedia contents in their mobile devices, today’s main focus and
challenges of researchers is on how to develop multimedia recommender systems for mobile
devices.
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Figure 2. Workflow of cloud-assisted mobile multimedia recommendation.
CB recommendation: The content-based systems make recommendation based on the content
names, tags, or explanations. Some systems determine user-interested items based on user’s
individual reading history in term of content. CB recommender systems are very easy to
implement. In the content based systems are provided by automatically matching a user’s
interests with item contents. In content based recommendation very similar items to previous
items consumed by the user are recommended which creates a problem of overspecialization
[14].
CF-based recommendation: The Collaborative Filtering-based systems make filtration based on
abundant user transaction histories and content popularity. In the collaborative systems,
individual user’s interests are predicted by a group of similar users. CF systems obtained
enough historical consumption record and feedback. On other side Prediction, implicit
feedback, or opinion classification methods should be adopted to solve new user issues. In
collaborative filtering, the ratings of users were used to clustering users to groups, to determine
a social community. Then the similarity of users find out within the group to be used for
prediction and recommendations.
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Context-aware recommendation: The Context-aware systems provide stable recommendation
without considering user context information. The user interests vary according to location,
time, and emotion. Context-aware recommendation systems complement user context sensed
on Smartphone and long-time user profile to assist the user in selecting better services,
photographs, or videos dynamically [15]. Context is Avery difficult concept to capture and
explain; fuzzy ontologism and semantic reasoning are used to augment and enrich the
explanation of context.
Graph-based recommendation: The Graph –based recommendation built in the systems to
determine the correlation between filtration objects. The filtration problem turns into a node
selection problem on a graph. Incorporating conversion content and contextual information,
links on video pages are converted to undirected weighted graph. With the huge increase of
user numbers, user contexts, user profiles, and video contents, filtration systems require more
and more computation capacity. To resolve the huge computation requirements, CF algorithms
and context-aware algorithms have been implemented on cloud-computing platforms to
improve performance and scalability of the recommender system.
CONCLUSIONS
As we come to the end of this survey paper, it is undoubtedly clear now, that although there
are some progresses in the research of mobile multimedia recommender systems in the smart
communities elaborated in this paper, the current trends are not very openly shaped or likely to
become much clearer in the very near future. We have elaborated on existing research and
state-of-the-art of three smart communities, namely: mobile social learning, mobile event guide
and context-aware services and also discussed some new paradigms of mobile multimedia
recommendation and verified that some issues are yet to be addressed. Mobile multimedia
recommender systems as elaborated in this paper are very important for smart communities.
Factors such as multimedia information overload and user preferences/interests as well as
mobile device challenges and limitations have necessitated the development of these systems
through relevant algorithms and classifications. It is therefore important to overcome the
challenges of mobile multimedia recommender systems in smart communities coupled with 15
researching extensively on the open research issues and new paradigms for mobile multimedia
recommendation in order to develop suitable multimedia recommender systems for mobile
device users.
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