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Abstract: Recommender system has a vital role in everydaywife newer advancement. Location based
recommender system is the current trend involveshatile devices by providing the user with theingiy
needs in an effective and efficient manner. Theises provided by the location based recommend&esy
are Geo-tagged data based services containing ltt®l@ositioning System and sensors incorporated t
accumulate user information. Bayesian network melidely used in geo-tagged based services toigigov
solution to the cold start problem. Point Locatioased services considers user check-in and ayxiliar
information to provide recommendation. Regional Haszommendation can be considered for improving
accuracy in this Point location based service.€btayy based services uses the travel paths afgsbeand
finds place of interest along with the similar ubehaviours. Context based information can be ircatpd
with these services to provide better recommendalibus this article provides an overview of the@agged
media based services and Point Location basedcesraind discusses about the possible researcls msde
future work that can be implemented.

Keywords: Geotagged Media, Point location, Trajectory, ltmraBased Recommender Systems (LBRS).

1 Introduction

The "ranking" or "preference" a consumer will gieea product is foreseen by a recommender systbmbasic
classification of the recommendation system cossibtontent based filtering, collaborative filtegiand hybrid

filtering (see Fig.1).
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FILTERING FILTERING IR RO
MODEL BASED MEMORY BASED CONTEXT AWARE
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Fig.1.Classification of Recommendation System

Content based filtering method contains providitegnis, which are acquainted to users. It is alsovknas
cognitive filtering, which suggest items grounded @ contrast between the item content and a usditepr
Collaborative Filtering depends on similar useingg. It is capable of predicting the future prefere of the user
with top-k recommendations. It is categorised aslehdased filtering and memory based filteringMadel
based systems, models are created initially angsystudies algorithms for doing procedures basetth® data
trained. Then using this models prediction is beaimage for definite data. Memory based filtering maise of
rating information to compute the similarity amdtegns or users and provides recommendation based on



similarity measure. It is dfwo types calculating the similarity bason user ratings and item ratings. Hyb

filtering involves the combinatioof content and collaborative filtering. Context-Awasestem comes under this
category, which collects both ugatingsof items and their properties. Location based recondi@esystem is

an example ofontext aware system as it uses location, timefor providingrecommendation

The involvement of GlobdPositionin¢ System (GPS) in mobiles made the locabasei services trendy today.
By accessing the location @wdinates, th user activities can be analysed, and thesference can be given in a
better way. Thus the LBR&fers usetwith the appealing materials in an effectualy, such that the user can
label their location media stuffirlke text, photos, videos, etc. Recommender Systemsital applications that
can bestraight fitted into Location Based Servi(LBS) field. Providing suitable and adapted recommend:
built on the position of the user location is a salient explorati trick[1].

2.LOCATION BASED RECOMMENDATION SYSTEM (LBRS)

The Location based systems carsbparate into classes based on the goal ofrftmommendatic such as Stand-
alone location recommender systems, and Sequdntiation recommender systems. Stalone location
recommends a user witntity locations that matches their favourites &wtjuential location recommenc

system provides a chainloftations to a user basontheir favourites and constraints( time cost)[2]

STANDALONE RECOMMENDATION SYSTEM

It can be divided into Usegrofile based recommendation, Location historiesedarecommendation and U:
trajectories based recommendation.

User profile based recommendation

This will be giving a recommendation by matching thcation metadata with the user profile. As aanepe
[3] discusses about Bayesian Network based recomatien system, which reflects the preference osbers
by user profile and information obtained from thelite devices
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Fig.2Classification of Location BaseRecommendation System



Location histories based recommendation

Location histories based recommendation systemidenrssthe rating history and check-in historieseby it

improves the quality of recommendation. Collabefiltering technique is mostly used for findirtgetsimilar

user’s rating. By considering the rating historysar is capable of rating the location categodgd/hen a user
is interested in location recommendation, thatipaler user’s ratings are considered and highatipted location
matching with their ratings are recommended. Theesfdeployment of location data involving ratinigtory

improves the recommendation accuracy.

User trajectories based recommendation

It contains a richer set of geographical informatisuch as location co-ordinates (latitude, longituhd
time).Thus using these trajectory logs and datauger's movement and behaviour in the real world lsa
collected.

SEQUENTIAL LOCATION RECOMMENDATION
It can be divided into Geo-tagged social media thagrd User GPS trajectories based.
Geo-tagged social media

It relies upon the data revealed from geo-taggeatgsh which may offer a custom-made trip arrangeafo
holiday maker, i.e., the fashionable destinatiangd to, the order of visiting destinations, theangement of
time in every destination, and also the typicahpaavelled at intervals every destination[[5]].Usean state
personal preference like location visited, ttaperiod, time/season visited, Associate in rdihg
destination vogue in an interactive manner. Miniechniques can be applied for providing effectigsuits in
case of geo-tagged based recommendation.

User GPStrajectories

It includes the length used up at a Ilascatind therefore, the sequence of visitedations, which
will advance serial location recommendations. QBfec¢tories spawned by multiple users , fascindtiogtions
and classical travel sequences at a given geokpagian [6]Such info will facilitate the link amgnusers and
locations, and modify recommendation on travelaively.

3. SERVICES PROVIDED BY LOCATION BASED RECOMMENDER SYS TEMS
(LBRS)

Existing LBRS services will be classified as gegged media based, point location based, and teajebased
(see Fig.3).In this paper we are going to discugdlpabout Geo-tagged and Point based servicestaair future
work.
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Fig.3.Services Provided by LBRS

GEO TAGGED MEDIA BASED SERVICES

This services permit users to feature location wihr’'s broadcasting contents like text, photos\adeos that
were formed within the real world. Passive tagghappens once a user expressly makes and incrdeses t
contents of location[7].Geo-tagged media-basedEs\permit a user to look at alternative userdesdrduring

a geographical content by using digital maps inomafed in phones [8]Common applications that offeRS
services embrace Flickr, Twitter and Panoramio [9].

Table 1.Survey of Geo-tagged media based services

Related Work | Dataset Used Techniques Used Inference

TrioVecEvent methodology
Zhang et Twitter AP Novel Bayesian mixture| that leverages multimodal
al,2017[10] " | clustering model embeddings to attain correct on-
line native event detection.

Geo-Infa  novel motif-base
clustering framework using th

D

Yang et . . behaviour patterns of the tourists
al,2017[11] Flickr Network motifs is proposed.

Flickr and . . It provides a recommendation
Sun et other Candldatt_a generation system that matches with usef’s

and candidate matching
al,2018[12] contextual techniques preferences.
information.
User feedback based
Bujari et recommendation system was
al,2018[13] Social networks, crowd | proposed.
Flickr sourcing and

gamification method

. ) ) It proposed a recommendatipn
Cai et Flickr Semantic  trajectory system by considering tHe
al,2018[14] pattern mining algorithm| semantic trajectory pattern of




POINT LOCATION BASED SERVICES

other user’s sequences and
preferences.
Cell-based clustering andPopular tourist’s destinations are
Mor et . bi—direcf[ional _ recommended o using
al, 2018[15] Flickr constrained  pathfinder photographer’s activities and
' Nearest Neighbour route tourism context features.
calculation algorithm
Clustering by Fast This work proposes a Spatially-
X.Wu et Elickr Search and Find of installed hotspot system utilizing
al,2018[16] Density Peaks clustering web based life information
algorithm (geotagged).
This work proposes the
Barros et Elickr Analysis of geotagged | application of geotagged data in
al,2019[17] data finding behaviour of the visitors
in endangered area.
Candidate generation, | This work provides personalized
Sun et Elickr candidate ranking ,SVM| recommendation by resolving
al,2019[18] and gradient boosting | cold start and long tail problem|
algorithm

These services make users to share user’s locdifiensestaurants, cinemas or mall [19]The forentmshmon
applications of this services include Facebookidgi;sm and Foursquare that promote users to dheirectirrent

location.

Users of such application’s areat ahiounding with choices to

achieve

arriviatcaally

different locations that users visited area in rthreigular routine to share knowledges and inforomatby
providing a feedback [20].0ne among those servicasenable period location track of users is tivdlyfind

their friends round

their

locations

tleaise in

improving a

user's social

agasi. As

an

example, when discovering a friend’s location fraheir social network, we can give the opinifr lunch
or searching activity. The use of feedback permngisrs to share their suggestions. Such feedbackkalp in

accumulating recommendation. Unlike geo tagged aestime extent location (venue) is that the main

element related to the purpose location [9] [21]Tdiwing explains the various Point Location béservices

works and th@able 2.explains various Point Location based services.
Table 2 Survey of Point Location based services

clients and POls.

Related Work Dataset Used Techniques Used Inference
Proposed method on
Foursquare and Multinomial modell!ng users’ past
Wang et al,2018[22] R check-ins and supporting
gowalla. distribution . . ”
information to facilitate
POI recommendation
It is utilized to display
A Matrix connections among
Ding et al,2018[23] Foursquare. Factorization highlights and acquire
method include vector portrayals o

Guogiong et al,2018[24]

Real check —in datase

from WW

t

Latent Dirichlet
Allocation(LDA)
topic model and
Higher Order
Singular Value
Decomposition
(HOSVD)
Algorithm

A POl recommendatior
system for solving dat
sparsity by mining time
aware topic preference
the user is used.
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Baral et al,2018[25]

Yelp Dataset

Dense subgraph
extraction and
ranking-based

A ReEL (Review aware
Explanation of Location
Recommendation)  usin
deep neural network. It ca
be used for providing grou

- Q2

(=)

. recommendations.
techniques
Geo-Social Bayesian
Ranking model Personalized Ranking
Ri et al,2018[26] Foursquare and Yelp| (GSBPR) model (GSB- PR), which is
based on the pairwisg
ranking.
Foursquare and Context Graph 5 C;ltem recom;r;en%?ttilr?cm
Cheng et al,2018[27] q Attention (CGA) y pporting
Gowalla dataset heterogeneous context
Model . _
information.
POI based group
Distance-based pre recommendation i$
filtering and P proposed. Context factors
Zhu et al,2018[28] Review website. : 9 for group
distance-based Recommendation can He
ranking adjustment .
considered.

This model This system addresses two

concentrates on issues such as city

preference and guidelines for traveller
Xu et al,2019[29] Foursquare and geographic factors | categories and

Gowalla dataset .
recommendations for ga

single traveller inside city
POI.

of the user in
providing
recommendation

4. HIGHLIGHTS FOR IMPROVEMENT

The geotagged media based recommendation servideeogiven in a better way by incorporating withS;P
sensors to accumulate info and interaction amowmgrsi users in movable environment. The contextrewa
attributes like time, weather can be added to tflstesn for providing better recommendation. The csttaht
problem and data sparsity problem can be overcomerdiposing some new hybrid recommendation system,
which is the amalgamation of content and knowleligged system. Even Bayesian Network model alse gine
effective response to cold start and data spgysitylems.

Point Location media based recommendation systenmbeancorporated with chronological effect, geddag
influence, temporal cyclic effect and semantic eff@Graph based embedding model) for making easkataf
sparsity and cold start problem. Clustering arotire@luser by their fondness on categories and cbfdetors
such as (time aware scenarios, traffic, and consamfevel) is useful for providing group recommaetidns and
regional based recommendation. Geo-diversificatbtmmcept can also be integrated for providing better
recommendation.

5. CONCLUSION

Recently, the usage of Location has been a growergl in the recommendation system. This paperrsove
all Location based recommender systems and thécesrprovided by them, such as Geo-tagged mediedbas
services, Point location media based services. tégged media offers travel recommendations basedchoel
preferences combined with social geo-tagged iméigked to a user’s visit context. The key goal Ibehthe
Point location based recommendation is to helpsuseeurately in locating Point Of Interests witleall positive
reviews thereby providing Geographical, temporategorical and social recommendation. It is usefthtbthe
similarity of user behaviour through the travellmatGroup identification can be carried out adéniifies group



similarities apart from clustering .The datasetd tathniques used in these services are discugskearaved at

a conclusion that this Location based recommendagigstem which is a hybrid method involves in the
improvement of the prediction quality for various®l media services like Flickr, Foursquare andtfBwetc.
We can conclude that the location details alsoigesvadded advantage to a recommendation system.
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