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Abstract: Nowadays, large amount of user-generated data can be obtained from social media (e.g., Instagram
and Flicker). People sharing their travel experiences with Geotagged photo through such this kind of media. In
addition, the taken photo can provide significant information such as title, location and tags from which a new
perspective to comprehend the contexts of users can be reflected. In this study, the ranking of touristic
attractions based on semantic similarity among retrieved Geotagged photos from social networking media has

been investigated. We focused on tourism service by collecting and analyzing Geotagged photo from the social
media to 1dentify the most popular tourist places and rank them based on user location We used HITS algorithm
that rank locations based on the relation between the locations and tags that revealedvia weighting scheme.
Thus, intelligent location-based tourist services can be provided to people.
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INTRODUCTION

In recent decades, many of smart applications have
been diversely utilized in mobile devices in which the
mobile and web based services have increased abilities
human exploration (Nguyen et al., 2017; Memon et al.,
2015). The use ofsocial media 1s a growing phenomenon
i contemporary society and its platform used as a
means of communications for sharing information
(Townsend and Wallace, 2016). The huge amounts of
shared data on social network (e.g., Flicker, Twitter,
Instagram) that being Geotagged has reflected activities
and interests of people’s. It has known thatassociating
geographic information with the social media helps
significantly to understand what geographic areas people
are mterest m it (Sadilek ef af., 2012). As the data of social
media associated with geographic coordinates, it will
be called Geotagged resources (Xia et «al, 2014,
Flatow et al., 2015).

People equipped with smart tourism services can
share their travel experience such as Geotagged photos
on social network and interact with tourist objects
(Nguyen et al, 2017). Photo sharing web service and
social networking have been regarded as one of
significant source of tourist resources as it contains
billion images that taken in different places of the world
and various kinds of information can be obtained from
(Memon et al., 2015). Consequently, the behaviors of
tourists can be observed through social Geotagged data
can effect positively on enhancing many applications
such as travel recommendations and tourism resource
(Peng and Huang, 2017).

In this study, the ranking of touristic attractions
based on semantic similarity among retrieved Geotagged
photos from social networking media has been proposed
through collecting and analyzing Geotagged photo to
identify the most popular tourist places and rank them
based on user location.

Literature review: Recently, there are many studies that
benefit from the social network service resources such as
Geotagged photos which aimn to provide a specific tourist
service to users and help in the development of tourism.
Peng and Huang (2017) was analysing set of Geotagged
photos for retrieving the most popular tourist attractions
i Beijing through applying text mimng approaches on
spatial clustering. The social network services such as
Flickr have been exploited and have the attention of
researchers for information retrieval purposes (Yin ef af.,
2011; Mousselly-Sergieh et al, 2014). Memon et al.
(2015) the researchers had utilizedthe time and preference
of tourists for locations travel. They recommended a new
city to user i terms of lis past preferences time by
examining a Geotagged photos collectiondataset from
Flickr that comes with spatial and temporal context
(Memon et al., 2015). Other researcher showed that, it’s
possible to use metadata that attached with resources to
provide another type of service (Tri and Tung, 2015)
presented a method for finding the famous places related
to food through exploiting attached tags annotated with
geographical photos. Therefore, a list of ordered
restaurants/places are retrieved with respect to food key
words. They proposed a novel method (called Geo-HITS)
as extending to HITS algorithm forannotated graphs
analysis.
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The unlabeled resources on social media also taken
into consideration by some researcherslike Jason Jung
whose proposed a resources classification method for
predicting the location of unlabeled resources on social
network using support vector machine and Naive
Bayes and tags frequency (Adhianto et ad., 2010). Other
researchers by Lee and Lee (2014) focused on practical
and structural aspects of Flickr mimng. Through
concentrating on Point of Interest (Pol) identification and
mining the relationships among them (Tran et al., 2015).

MATERIALS AND METHODS

In this research, identifying ranked locations for
user n a given area with respect to the public tags
retrieved {rom social network. The research has focused
on the touristic locations in which the tags that have been
annotated with the user location are compared with set of
general keywords (popular touristic terms). The sumilarity
among the given tags are computed in term of the syntax
similarity (cosine similarity), semantic similarity (synonym
and polysemy) and co-occurrence based similarity
(pomtwise mutual). The output touristic places in user
location are passed to the ranked process with respect to
the tourism resources obtained from Geotagged social
network media. Ranking based undirected graph HIT
algorithm are implemented to rank locations in which the
ranked locations have been depended on relationships
between tags and locations (Fig. 1).

Data representation: In this research, a data of
Geotagged photos on a world-wide scale was provided by
Mousselly-Sergieh et al. (2014). Tt contains a sample of
5000 thousand Geotagged photos posted by the
users around the world and crawled rom Flickr with the

AN
N

corresponding metadata such as title, tags, latitude,
longitude, date taken, date uploaded and other attached
properties belong to that photos.

In this research, the dataset has been divided mto
two partitions (training and test set) based on 70% for
training process and 30% for testing. The collected tags
have been pre-processed via removing noise data such as
(stop words) and applying the stemming process on the
chosen tags.

Tags relatedness

Syntax based tags similarity: The tags annotated with the
user location are compared with set of general keywords
(popular touristic terms). The similarity among the given
tags are computed in term of the syntax similarity (cosine
similarity) as in BEq. 1 (Gareia and Co, 2015):

n
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where, A and B are the tags to be compared. After
calculating the similarity among the touristic keywords
and the tags of social network photos, we calculated the
number of locations that contain the tourism tags to get
a set of common tags that occurred in many locations.

Semantic based tags relatedness: Leveraging the tags
with their semantics can enhance the process of ranking
asthe tags are mainly used to determine a list of ranked
locations using HITS algorithm. Therefore, to overcome
the weakness in the result of ranking, the tags with
theirr to form new subsets of tag’s vocabularies has
been proposed. The extracted features have adopted the
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shortest path measure to calculate the closeness of the
tags words in the WordNet taxonomy as shown in Eq. 2:
sim = 2*deepMax*len(t1,t]) (2)

path (ti,tj)

where, deepMax is the maximum path length between two
concepts n the WordNet taxonomy and len is the
minimum mimber of links between tags t, and t;.

Co-occurrence based tags similarities: Typically, the
associated tags that occur mostly in same context reflect
their relatedness and appearance in similar locations.
Hence, the co-occurred words can be extracted via.
dealing with them as one token in the text. The Point wise
Mutual Information (PMI) has been applied to compute
the association strength among the co-occurred words in
the context. It calculates the frequency of any two tags
appeared together proportional to their frequencies
separately as shown in Eq. 3 (Bilal and Shalan, 2016):

PMI(ti,t]) =log [P(i()t:;:()t)} (3)

Ranked based HITS algorithm: Basically, the framework
of HITS algorithm (Aggarwal, 2016; Ricci et al.,, 2011)
depends on the relationship among a set of nodes that are
treated as authoritative and hub pages. The joined nodes
are linked using directed graph link structure of webpages
i which directed edge (p, q)€E mdicates the presence of
a link from (p-q) with a score for hub webpage and score
for authority webpage as shown in Eq. 4 and 5:

X=Xy “)
q:(p,q)eE

y= 2 5)
(p,q)eE

Based on the research by Nguyen et al (2017), the
relationship between tags and location are represented as
an undirected graph G = (V, E) where the given tag t, or a
location 1, (is used such as hubs and authorities) can be
described as vertexes and the edge (t, 1)eE indicates the
given location 1, may contain tag t,. The tag’s weights (w,)
i terms of each location are calculated through Eq. 6
which reflect the occurrence of tag t, in location L

Wy = (H(tl,lj )/(max {n (tk’ 1])‘ by € TIJ) ©

where n(t, 1) is the number of occurrence of tag t; in
location 1 and t, is a tag in the set of tags of location 1.
Typically, the mnitial rank value for each m node in the hub
and authority 1s equal to one. In our research, depending
on the normal distribution of initial rank used in PageRank
algorithm (Aggarwal, 2016), the initial rank value has
reflected the ratio of given tag’s location -(1/T") and
the ratio of a particular locations that contamn tags
t-(1/1."). At each iteration, they are calculated based
onEq. 7 and 8:

1

Ry =2 ke (7)
S|

R, = > —R, ()
]

The problem of ranking location focus on data that
can obtained from SNS by using tags that attached with.
The tags (t) determine the features of locations as an
attached label to location or photo m order to identify or
describe the photo’s contexts. A location (L) refer to any
region or place that is intended to be ranked and it may be
identified through a set of tags obtained from social
network media.

RESULTS AND DISCUSSION

Experimental results: In our research, a Geotagged
photos dataset (Mousselly-Sergieh et al., 2014) has been
utilized for examining the results of the research. Tt was
collected from the user’s postsin Flicker website on over
the world. Tt has been divided into two parts, the
firstonewas for the photos of a location of a given user or
area in terms of their latitude and longitude. We assumed
that a user 15 m New Orleans City which is on of Louisiana
State in United States of America. Retrieving the positions
of the around area of the selected location was collected
using Google map API via. The latitude and longitude
metadata. The second part was used the tags of the
photos related with tourism words. The tags have been
extracted from Geotagged photos that posted by users
when they want to. We experienced the proposed
work to test the results with 1300000 Geotagged
photos  which has different number of touristic
locations and non-touristic locations. The first dataset
contains a set of locations that near user locations, we
assume that a given user 1s located in New Orleans City as
shown i Table 1 while the second dataset contains
tourist tags that used by public users whose published
Geotagged photos social network as described in
Table 2.
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Table 1: The user location’s places in New Orleans City with their tags

Location name Location tags

2900-2998 Loyola Ave Cemetery-grave-louisiana-neworleans-vault-crypt-fuchs
Door-cemetery-rust-Louisiana-neworleans-chain doorknob-padlock-crypt-forlom-grave-warning-tomb-gravesite
Flowers-cemetery -grave-gold-golden-louisiana-paint-neworleans-vault-bouguet-crypt-cemetery-grave headstone-tomb-brotherhood-

102 City Park Ave

5100 Canal Blvd
boilermak ers-shipbuil ders

425 Basin St

Flowers-blue-roses-strange-grave-Louisiana-purple neworleans-eerie-vault-crypt-cemetery-cult vault-priestess-voodoo-marieleveau-ochre-

soldier-memorial-revolution-revolutionary war-black -dark-rmagic-occult-sinister grave death crypt new orleans louisian aceriernacabre-

death-macabre
1725 8t Roch Ave
1914 Tea Room Dr

Strange-grave-death-louisiana-god-neworleans-cemetary -religion-jesus-eerie-graves-macabre-hdr-gravesite-bigeasy -stroch-camposanto
Bird-nature-animals-zoo-louisiana-wildlife-neworl eans-parakeet-audubonzoo-orangutan-monkey -primate-feline-jaguar-growl-cat-aligat or -
bay ou-albino-gator- swamp-tropical-red-colorfil-toucan

Table 2: Touristic tags with number of occurrences

Table 5: The rank of tourist tags

No. of locations No. of locations

Touristic tags that contain it  Tourist tags that contain it
Louisiana 12 Slfashion 12
Germany 16 Porta 21
Deutsch land 14 Secondlife 11
Square 52 Tifordxpii 13
Square format 52 Kodakportrancl60 39
Tnstagram App 52 Tkon 10
Vierna 91 Uploaded: 52
by = instagram

Europe 10 Nature 11
Container 14 MNonplace 1
Stpauli 14 Milano 11
December 13 Nonluoghi 1
Kran 14 Speicherstadt 14
Segelboot 14 Rotlicht 14
Miniatur Wunderland 14 Feuerschiff 14
Reihenhaus 14 Davidstrasse 14
Panoptikum 14 Raddampfer 14
Herbertstrasse 14 Modeleisenbahn 14
Canon 17 Weimar 13
Tauchmaske 14

Table 3: The locations with its tourist tags

Location names Tourist tags
2900-2998 Loyola Ave Louisiana
102 City Park Ave Louisiana
5100 Canal Blvd Louisiana
425 Basin St Louisiana
1725 St Roch Ave Louisiana

1914 Tea Room Dr Louisiana-nature

Table 4: The rank of tourist places
Rank of locations

1914 Tea Room Dr

2900-2998 Loyola Ave

102 City Park Ave

5100 Canal Blvd

425 Basin St

1725 8t Roch Ave

Rark value for the locations
0.18452332055959883
0.1630953358880802
0.1630953358880802
0.1630953358880802
0.1630953358880802
0.1630953358880802

We have taken the data that resulted from dataset 1
and 2 in order to rank the locations that belong to the
tourism. The tags which are closed to tourism termsare
exploited to filter the mformation ona given location, so,
from the two dataset we noticed that each location have
a set of touristic tags as shown in Table 3.

By applying HITS algorithm depending on the
relations between tags and locations, the most attractive
touristic places and tourist tags in New Orleans City are
retrieved. HITS algorithm has removed all the locations

Rank of tags Rank value for the tags
Louisiana 0.5535699616787%6
Nature 0.44643003832120337

that not contain any tourist tag and remove the tags that
don’t found in any location, hence, more accurate
outcomes resulted as shown in Table 4 and 5.

CONCLUSION

In this research, ranked locations for user in a given
area with respect to the public tags retrieved from social
network has been proposed. The tags have been analysed
and compared against set of most popular tourism terms
in order to support the ranking process. The similarity
among the given tags are computed in term of the syntax
similarity (cosine similarity), semantic similarity (synonym
and polysemy) and co-occurrence based similarity
(pointwise mutual). Tn addition, we proposed HITS
algorithmand modified the values of nodes with tags and
relevant locations of which finding useful information for
tourists, travel agents and enhancing the tourism will be
developed.
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