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Abstract:- Recommendation systems have seen major evolution
in the field of information engineering. Many of existing
recommendation systems built their copies on collaborative
filtering approaches which create them easy to appliance.
performance of most of the existing collaborative filtering-based
recommendation system suffers because of many challenges,
occurrence of some incompatible objectives or decision
variables, such as users’ preferences and venue closeness. In
this paper, we estimated MobiContext, a hybrid cloud-based BiObjective Recommendation Framework (BORF) for mobile social
networks. The MobiContext uses multi- objective optimization
techniques for generating personalized recommendations. To tackle
the problems affecting to cold start and data sparseness, the BORF
accomplishes d a t a p r e p r o c e s s i n g u s i n g
the
HubAverage (HA) inference model. the Weighted Sum Approach
(WSA) is employed for scalar optimization and an evolutionary
algorithm (NSGA-II) is applied for vector optimization for
providing greatest suggestions to the users about a venue. The
outcomes of complete experiments on a large-scale real dataset
verify the correctness of the planned recommendation framework.
Keyword— Multi-objective optimization, Collaborative Filtering
(CF), Non-dominated Sorting Genetic Algorithm (NSGA-II).

1. INTRODUCTION
There are number of social sites which
increase numerous
e-commerce
and
social networks
services as Amazon, Foursquare, and Gowalla, have
been resulted in the total amount of data composed by
the service providers on on a daily basis . The constant
gathering of large volumes of data has been moved the
spotlight of explore community from the basic data retrieval
problem to the filtering of related information [1], thereby
making it more related and personalized to user’s query.
Therefore, most research is now p o i n t e d towards the
designing of more bright and autonomous data retrieval
systems, recognized as Recommendation Systems.
1.1 Research Motivation
Recommendation systems are gradually more rising as an
central component of e-business applications [1]. For
example, the built-in recommendation system of Amazon that

provides consumers with modified recommendations for
various things of interest. Recommendation systems uses a
Variety of information detection techniques on a user’s past
data and current circumstance to mention products and services
that best match the user’s preferences. In recent years, some
mobile social networking sites, such as, Facebook and Google
Latitude has widely gain the attraction of a huge number of
subscribers [1], [6]. A mobile social networking sites
permits a user to perform a “check-in” i.e a minute feedback
from place visited by the user [1], [2]. If there is large number
of check-ins on daily bases t h e n result will be
accumulation of huge volumes of data. on the basis of data
stored by such sites, more than a few Venue-based
Recommendation Systems (VRS) were developed [1]– [3].
Those systems have considered to perform suggestion of
venues to users that most closely tie with users
choices. I n spite of having very proficient characteristics,
the VRS gets some limitations and challenges. A major
research issue for such systems is to process information at
the real-time and extract preferred venues from a massively
huge and different dataset of users’ past check-ins [1]–
[3], [12], [13]. more difficulty to the problem is added by
taking into the account the real- time related information,
such as: (a) venue selection on the basis of user’s personal
choice and (b) venue closeness based on geographic
information.
1.2 Research Problem
By taking survey in account we get, quite a lot of
works, such as [1]–[6], and [13] have applied Collaborative
Filtering (CF) which totally based on old data to the
recommendation difficult in VRS. The CF-based approaches in
VRS be inclined to produce recommendations based on the
similarity in procedures and routines of users [1], [2], [5].
although being less complicated,
most
CF-based
recommendation methods suffer from several limits that
make them less ideal preference in many real-life sensible
applications [13]. The following are the most common
problems that disturb the performance of many existing CFbased recommendation systems as Cold start. The cold start
factor occurs when a recommendation system has to
propose venues to the user i.e newer to the system [2].
unsatisfactory check- ins for the new user results in zero
similarity value that degrade the
presentation
of
the
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recommendation system [13]. The single result for the
system i s to provide recommendation in such situation is to
wait till sufficient check-ins to get by the user at different
venues. Data sparseness. Some of previous recommendation
systems go through data sparseness problem
that occurs
when users
visited only a inadequate number of venues
[3]. This outcome wills results into a sparsely occupied user-tovenue check-in matrix. The sparseness of such of matrix,
difficulty in finding unreliable similar users to generate highquality recommendation. Scalability.
Maximum
of
outdated recommendation systems suffer from scalability
issues. The rapid and dynamic growth of number of users
cause recommender system to parse millions of check-in
records to find the group of similar users. Some of the
recommendation systems [2], [3] utilize data mining and
machine learning techniques to condense the dataset size. on
the other hand, there is an essential transaction between
reduced dataset size and recommendation quality [1]. The
instant effect of the above complications is the degradation
in performance of most of the CF-based recommendation
systems. Hence, it is not satisfactory to rely solely on basic
but
memory-intensive
CF
approach
to
generate
recommendations.
2. LITERATURE SURVEY
A Context-aware Modified Travel Recommendation
System based on Geo-tagged Social Media Data Mining : From
last few years reputation of digital cameras and camera phones
has been added for evolving support of sharing on Internet
groups such as Flickr (flicker.com) and YouTube(youtube.com),
these online unrestricted sites, users can share their
experiences on the Web through rich media data such as photos
and videos. The social media such as Facebook (facebook.com)
and Gowalla (gowalla.com) based on place is not only
transforming the landscape of computing but also motivating
social changes of various kinds, and therefore this occurrence
has been moved social media from Internet to real place (Sui
and Goodchild 2011). In fact photos and videos which has huge
percentage of data available on the Web, and it will be added or
exchanged at every second, have provided new research
chances and issues for multimedia, data mining, and
geographic-related research and applications ,therefore
multimedia data such as pictures not only contain recorded
information such as tags, title, notes and description but also
tagged with temporal context (i.e., at what time photo was
taken) and spatial context (i.e., the location in the form of
latitude and longitude) where the photo was taken. In this
practice things of LBSNs that people frequently visit new
places that are geographically near to their past visited
locations, and such new visits are usually in link by their social
associations. Earlier, furthermost work focused on trajectorybased approaches for venue recommendation systems [1]–
[3]. The path based approaches is used to record evidence about

a user’s visit design f o r m a t (in the form of GPS
coordinates) to various locations, the routes taken, and
settle times. Later some authors applied data mining and
machine learning on trajectory data to recommend most
popular places. Although, trajectory-based
approaches
recommend locations to users which is based on their past
trajectories, apart from that major drawback of such
approaches is that they are not able to concurrently
consider other significant factors apart from simple GPS
trace that makes them produce less optimal recommendations.
Also trajectory based approaches suffer from scalability
issues
as
huge volumes of trajectory data needs to be
processed causing considerable overhead. Some approaches,
such as [3], [5] are based on the online ratings provided by
the users to the visited places.Apart from rating based
approaches, some of the techniques have their models built
on check-in based approaches where the users provide small
feedbacks as check-ins about the places they visited [2]–[4],
[7], [14].Above mentioned approaches having their designs built
on memory-based CF that enables such approaches to
provide recommendations to users on the basis of their past
entries. Such approaches suffer from common issues of
memory-based CF (e.g. cold start and data sparsity) which
decrease their performance. To repo rt the issues mentioned
above, we projected a hybrid approach over a cloud
architecture.
3. PROPOSED SYSTEM
Training Module
A self learning system is proposed that will also take
into account, past user searches and consider scalar as well as
vector queries to recommend appropriate results.
Quality of Predictions
There will be a definite prediction is that we want our
recommender to make noble recommendations. So that we want
it to perform better than any "dumb" guess algorithm which just
uses universal data which is as an average rating for items.
Speed/Scalability
Maximum recommender systems work in a marketable
and/or accessible setting and it is important that they can start
building recommendations for a user nearly instantly. It means
that the algorithm will not take too long to make any predictions
- it has to work, and work fast. speed is directly related to the
scalability of the algorithm. Again, systems in a profitable
and/or online setting can have a massive dataset. The algorithm
must keep its speed even if there are many billions of ratings.
Easily Updated
The datasets which is used is behind recommender
systems are constantly being updated with updated ratings from
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users. The algorithm which is used must handle this updated
information rapidly. If the algorithm required a model that
needed several hours to build, it might miss its chance to make
recommendations built on new information speedily.

Recommendation Module
Architectural diagram represents
the
online
recommendation module that runs a service which accept
recommendation requests from users. A user’s request has (a)
current situation (such as, GPS location of user, time, and
region), and (b) a bounded region surrounding the user from
where the top N venues will be selected for the current
is number of venues).
Mobicontext Recommendation Framework
In this section, we discuss in detail the functionality of
the proposed MobiContext framework. The frequently used
acronyms in this paper are listed in Table 1. In terms of
functionality, MobiContext framework has two main phases: (a)
a pre-processing phase and (b) a recommendation phase. The
detailed description of the above mentioned phases is
presented in the following two subsequent sections.

User Profiles
As shown in Fig. 1, the MobiContext framework
keeps records of users’ profiles for each geographical area. The
arrows from users to venues at lower right of Fig. 1 direct the
number of registrations performed by each user at numerous
venues. A user’s profile holds user’s identification, venues
which are visited by the user, and check-in time at a venue.
Ranking Module
This module is present on the top od user profile. The
ranking module accomplishes functionality during the preprocessing phase of data improvement. The pre-processing can
be done in the form of periodic batch jobs running at monthly
or weekly basis i.e. handled by system administrator. The
ranking module put on model-based HA inference method on
users’ profiles to give ranking to the set of users.
Mapping Module
The mapping module work out similarity graphs
among expert users for a given region during pre-processing
phase. The resolution of similarity graph calculation is to make
a network of compatible people who share the similar likings
for various venues they visit in a geographical area. The
mapping module also figures venue closeness based on
geographical distance between the current user and popular
venues.

Pre-processing Phase
Pre-processing is further divided into two phases: (a)
ranking phase and (b) mapping phase, as described in the
following subsections.
Ranking Module
The framework keeps region-wise user-to-venue check-in
matrix.
Mapping Module
The mapping phase computes the similarity among
the expert users (that were generated by the ranking phase)
using Pearson Correlation Coefficient. The PCC is widely
used in recommendation systems to produce parallel graphs
among users [13]. The graph constructed in the mapping phase
will be made available for online recommendations. The value
of the PCC ranges between -1 and +1, where the value near to 1
shows the upper degree of similarity exists between two users.
If the value of PCC is zero or less than zero, that means the
preferences of two users (c and c′) do not match.
Recommendation Phase
The online recommendation module uses bi-objective
optimization to obtain an optimized list of venues. Assume an
current user A is interested in venue type T that must be
situated near to the current location of the current user within a
specific area R. In such case, the current user requires the best
preferred venues and the nearest venues from the user’s current
location. To meet both the above-mentioned objectives, we
utilize bi- objective optimization in the proposed MobiContext
recommendation framework. The optimization module
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simultaneously maximizes the following two objectives:
popular venues and (b) venues’ closeness.
4. CONCLUSION
We offered a cloud-based MobiContext framework which
produces optimized recommendations by considering the tradeoffs between real-world physical factors, such as person’s
geographical location and location closeness. The importance
and originality of the mobicontext framework which is the
reworking of collaborative filtering and bi-objective
optimization approaches, such as scalar and vector. In
mobicontext framework data sparseness problem is addressed
by integrating the user-to-user likeness computation with
confidence measure that computes the size of similar interest
indicated by the two users in the venues commonly visited by
both of them. Also, a solution to cold start issue is deliberated
by introducing the inference model which is combination of
different modules that assigns ranking to the users and has a
precompiled set of popular unvisited venues that can be
recommended to the new user.
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