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Abstract: The purpose of this research is to present and
discuss the methods of identifying visitors and local
population in tourism studies using geotagged photos
from the Flickr social network, and differentiating
them according to their country of residence. This study
focuses on 1,434,268 photos taken in Portugal between
2010 and 2022 and uploaded by 31,286 Flickr users. Dif-
ferent approaches to cleaning the database, to distingu-
ishing tourists from locals, and to identify their country
of residence were employed and discussed. After data
cleaning, the photos database corresponds to 1,144,981
photos shared by 29,890 users. Using the information
provided in each user‘s profile and the time zone, 12,144
users (41%) were classified as visitors and 2,659 users
(9%) as locals. The monthly distribution of the percen-
tage of photos uploaded by users classified as visitors
coincides with the high season of tourist activity in Por-
tugal. The distribution of users by country of residence
coincides with the main inbound markets in Portugal:
Spain, United Kingdom, France and Germany. Building
on a country-wide case study, the contribution of this
paper is a refined understanding of the use of Flickr user-
generated content in tourism studies, proposing a frame-
work to facilitate all researchers to use this data source
more frequently.
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1 Introduction

The use of big data has increased in tourism studies
(Mariani & Baggio, 2022). The production of massive
quantities of data — i.e., big data — can be collected by
different sources such as internet searches, records
of mobile phone activity, images recorded with video
cameras or social networks, among others, and with
these large volumes of data, in particular geolocated
photos, scholars in tourism can analyse visitors® activity
in destinations from a spatial and temporal perspective
(Mariani & Baggio, 2022; Salas-Olmedo et al., 2018). One
of the reasons for the increasing interest of researchers in
using User-Generated Contents (UGCs) is the easy access
to databases, such as Flickr, and also their low cost.
Besides that, UGCs from social networks have a huge
amount of data and metadata covering a long time period
worldwide (Derdouri & Osaragi, 2021). However, some
scholars have mentioned that for the generation of rele-
vant knowledge large volumes of data are not enough;
analytics is required “to access, store, analyse and inter-
pret data for the identification of meaningful patterns in
the data” (Mariani & Baggio, 2022, p.232).

In studies on the spatiotemporal behaviour of tou-
rists, various tracking techniques can be used (Martins
& Costa, 2022; Padrén-Avila & Hernandez-Martin, 2020).
One of the most popular is the use of GPS technology:
the researcher requests the tourists participating in the
study to carry a GPS device with them during their visit
(Caldeira & Kastenholz, 2018; Shoval et al., 2018). More
recently, GPS applications uploaded in tourists’ smart-
phones have been used (Martins et al., 2022; Miyasaka
et al., 2018; Yun & Park, 2014). In either case, the use
of GPS technology has some disadvantages, such as the
resultant small sample, the time-consuming process —
and in the case of GPS devices, it can be expensive.
GPS technology is also intrusive. It can be difficult to
motivate tourists to participate in the research. Some
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problems may arise, also, when collecting data, such
as the possible blockage of GPS signal due to buildings
and denser vegetation, or the limited equipment battery
(Martins & Costa, 2022).

When GPS technology is used, it is easy to collect
information on participants with the use of a question-
naire. The same cannot be said for the use of the UGC
metadata, in which user sociodemographic profiles are
often not available. And as visitors and residents have
different spatiotemporal behaviours, how can differences
between them be established through the photographic
metadata? Derdouri and Osaragi (2021) summarise the
different approaches existent in literature: the heuristic
methods (e.g., based on stay periods), supervised machine
learning (ML) algorithms, and Shannon entropy (SHEN).

The authors mention that heuristic approaches cannot
be evaluated, and their outcomes cannot be validated. In
other words, what is the best way to find the thresholds
related to the minimum length of stay to identify visi-
tors? For Derdouri and Osaragi (2021), ML-based methods
neglect factors related to the distinction between visitors
and locals, including weather, population density, and
the content of users’ posts. With the SHEN method, the
dispersion of values of a given variable is calculated. Tou-
rists and locals can be identified by temporal entropy —
tourists remain for a brief time in destinations taking
photos — and by spatial entropy — tourists and locals have
different travel trajectories with different spatial distribu-
tions of images — but it can only differentiate two groups.

Straumann et al. (2014) also mention that time-based
approaches have significant weaknesses: the thresholds
chosen by scholars are subjective and all residents that
don’t take or share photos with frequency can be identi-
fied as foreigners. They highlight that time-based approa-
ches rely on large amounts of data which need a long pro-
cessing time.

The purpose of this research is to present and discuss
the methods of identifying visitors and local population
in tourism studies using geotagged photos from the Flickr
social network and distinguishing them according to their
country of residence. As also observed, and to our know-
ledge, there is no conceptual framework that could help
scholars to choose the best method for distinguishing
locals from visitors using photos from Flickr. This paper
intends to address this gap and is structured as follows:
after introduction, Section 2 reviews the existing litera-
ture on the use of Flickr social network photos on tourism
research and presents the different methods of identifying
visitors and residents through geotagged photos. Section 3
is dedicated to methodology, and Section 4 analyses
and discusses the different methods of data cleaning to
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distinguish visitors from residents, to identify the visitors’
country of residence, and to identify the number of visits
made by each visitor during the study period. Section 5
presents the main conclusions.

2 Literature Review

2.1 Flickr social network

Flickr is a popular photo-sharing platform recognised as
a source of data for research (Thomee et al., 2016) where
users can share and organise their photos. It was develo-
ped by Ludicorp, a Vancouver, Canada-based company
founded in 2004 by Stewart Butterfield and Caterina Fake
and is one of the most popular sites worldwide, ranking
top 400 globally, top 290 in USA, and top 2 in its category —
photography (Broz, 2022). This social network allows users
to add geographical references (longitude and latitude) to
each uploaded photo. Users can also associate other data
such as photo description, hashtags, location, the capture
and publication date, among others. Developers, using the
Flickr API interface, access this data for further analysis.

In February 2017, Flickr hosted approximately
13 billion photos from 122 million users that come from
72 countries (USA, 31.03%, UK, 9.83% and Germany,
5.26%), getting up to 60 million visits per month. By 2022,
around 25 million photos were uploaded to Flickr every
day (Broz 2022). Even if not all social groups or travellers
use Flickr, Kddar and Gede (2021) highlight that it is a
valid research database for measuring tourism demand,
delivering comparable data on visitor flows from diffe-
rent parts of the world. For operational purposes, in this
article, a user corresponds to a person who is registered
on the Flickr social network to host and share photos.

2.2 Flickr geotagged photos in tourism
research

The Flickr social network has stored a huge quantity of
georeferenced photographs that have been used by many
tourism scholars to study the spatiotemporal behavi-
our of tourists (Giglio et al., 2020; Hopken et al., 2020;
Jing et al., 2020), particularly tourists’ decision-making
choices (Bettaieb & Wakabayashi, 2021), destination con-
sumption (Solazzo et al., 2022; Spyrou et al., 2017) or the
development of predictive factors (Doménech et al., 2020).
The classification and quantification of visitors are also
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interesting topics explored by several scholars (Kadar,
2014; Wood et al., 2013). Using 16 European historic tourist
cities, Kadar (2014) concludes that the correlation coeffici-
ent between registered tourist bed nights and both user
numbers and number of photographs are very high. Wood
et al. (2013) used the locations of photographs in Flickr
from 836 recreational sites around the world and found
that crowd-sourced information is a reliable proxy for
empirical visitation rates.

Some researches on itineraries and attraction recom-
mendations (Lim et al., 2018; Sarkar & Majumder, 2021;
Sun et al., 2019) and tourism attractions/destinations ran-
kings (Al-Sultany, 2018; Zhou et al., 2015) have used geo-
tagged photos from Flickr. In addition, it is important to
highlight that currently one of the most researched topics
is sustainability: not only in studies focused on national
parks, coastal areas, and other protected areas, but also
on climate change (Alieva et al., 2022; Arkema et al., 2021;
Barros et al., 2019, 2020; Sottini et al., 2021).
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According to Derdouri and Osaragi (2021), resear-
chers are using more photo-based and geotagged social
data in tourism research. These user-generated contents
(UGC) can be very useful to better understand tourist
behaviour at destinations, especially the popular hot-
spots and coldspots, tourist mobility patterns, and more.
But as these authors note, “distinguishing between tou-
rists and locals from this data is problematic since resi-
dence information is often not provided” (Derdouri &
Osaragi, 2021, p.575).

As mentioned before, scholars of tourism have used
different approaches for distinguishing tourists from
locals (Derdouri & Osaragi, 2021): the heuristic methods,
supervised machine learning (ML) algorithms, and
Shannon entropy (SHEN).

Several authors have used the heuristic approaches,
choosing a threshold related to the minimum length of stay
to identify visitors (Table 1). A time span of 21 days between
the first and last photo taken and at least two POIs visited

Table 1: Methods used to distinguish visitors and residents through Flickr photos.

Geographicscale  Authors Study areas

Method

Barcelona, Spain; Paris,

(De Choudhury et al.,
2010)

France;

London, UK; San Fran-

Atime span of 21 days between the first and last photo
taken and at least two POls visited in the same city to be
identified as a tourist

cisco, New York City, USA.

Urb
roan (Straumann et al., 2014)  Zurich
(Kadar & Gede, 2013) Budapest
Central Philippi
(Yan et al., 2017) X entra |.|pp|nes
islands region
. (Kadar & Gede, 2022) Danube Bend
Regional
(Girardin et al., 2007, .
Province of Florence
2008)
(Chen et al., 2019b) China
National (Onder, 2017) Austria
(Stepchenkova & Zhan,
P
2013) er
6 sitesin 31 tri
Global (Wood et al., 2013) 836 sitesin 31 countries

around the world

A semi-automated methodology to classify the user loca-
tion attribute of Flickr user profiles was employed (extract
the countries of residence)

Used a threshold of 5 days. If this difference is smaller than
5 days, the user can be considered a visitor; otherwise, he/
sheis a local.

Classification of tourist vs. non-tourist based on user
profiles.

Locals if they have an interval at least 30 days long or have
at least 4 intervals visit; space—time patterns, user data
and profile analysis

Visitor if all photos are taken within a period of 30 days,
and inhabitant if photos have an interval greater than 30
days.

Data screening, text data similarity calculation, geographi-
cal location clustering, and time series data modelling.

A time span of 30 days between the first and last photo
taken to identify tourists.

Photos with the tags “Peru” and “travel” considered indi-
cators of images taken by travelers rather than residents

User’s current location was the origin of each trip and used
this information to calculate the proportion of photogra-
phers originating from each country.

Source: Adapted from Derdouri & Osaragi (2021).
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in the same city identifies the photographer as a tourist,
was the range selected by De Choudhury et al. (2010), and
a time span of 30 days between the first and last photo
taken, was the range chosen to identify tourists by Kadar &
Gede (2022), Onder (2017), and Girardin et al. (2007, 2008).
Kadar and Gede (2013) considered a threshold of 5 days —
i.e., if photos were taken in a period shorter than 5 days,
the user is classified as a visitor. These authors state that
in an urban context, tourists stay in a destination for a
shorter period of time. In the case of Budapest, Kadar and
Gede (2013) mention that typical visitors stay on average
3 days, in line with Balifiska (2020), who mentions that
trips to cities are usually short-term (max 3 nights).

Straumann et al. (2014) employed a semi-automated
methodology to classify the user location attribute of
Flickr user profiles, extracting the countries of residence.
At a global scale, Wood et al. (2013) did the same, con-
sidering that the user’s current location was the origin
of each trip. For Derdouri and Osaragi (2021), ML-based
methods neglect factors related to the distinction of visi-
tors and locals, including weather, population density,
and the content of users’ posts. With the SHEN method,
the same authors mention that the dispersal of values of
a given variable is calculated. Tourists and locals can be
identified by temporal entropy: that is, tourists remain for
a brief time in destinations, taking photos for a limited
time, and by spatial entropy: that is, tourists and locals
have different travel trajectories with different spatial dis-
tributions of images. Using these parameters, they can
only differentiate two groups.
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After presenting the main methods of distinguishing
tourists from residents, we can conclude that there is no
consensus and optimal method. Time-based approaches
present weaknesses such as the different thresholds
chosen by researchers or the inclusion of residents that
do not share photos with frequency in the group of visi-
tors (Straumann et al., 2014). These authors also highlight
that time-based approaches rely on large amounts of data
which need a long processing time.

This research aims to present and discuss the methods
of identifying visitors and residents in studies using geo-
tagged photos available in Flickr social network.

3 Methodology

This research uses geotagged Flickr photos and their asso-
ciated user data, from the period between 1 January 2010
and 31 December 2022 in the area of mainland Portugal.
For this 12-year period, a total of 1,434,268 photos were
identified on Flickr, uploaded by 31,286 users. The “flickr.
photos.search” and “flickr.photos.getInfo” methods of the
Flickr API were requested by Python script to store data
in the MySql database management system: namely, data
of geolocalized photographs (P) in mainland Portugal and
data regarding the users (U) who submitted those same
photographs (Figure 1).

This database will be used in this paper as a basis to
describe and discuss the sequence of steps that could be
followed by scholars using georeferenced Flickr photos

Arguments
N

N\

Ve
min longitude: -9.52657060387 min_taken_date: 2010-01-01 has_geo:1
min latitude: 36.838268541 max_taken_date: 2022-12-31
max longitude: -6.3890876937

max latitude:  42.280468655

flickr.photos.search

=)
Ic kr flickr.people.getinfo

Figure 1: The flowchart of data collection
Source: Author‘s construction.
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in their tourism investigations. In the following section,
the process of cleaning the collected data and the method
of identifying visitors and their nationalities will be ana-
lysed and described .

4 Results and Discussion

4.1 Data clean

When uploading photos to Flickr, the metadata from the
digital camera is also uploaded (Pereira et al., 2011). But
users can also place their photos on a map, and Flickr
automatically assigns longitude and latitude values.
This whole process introduces noise and redundancy
that require pre-processing to clean and remove faulty
data (Figure 2). For Chen et al. (2019a), Flickr datasets

A

r

(l dentify country

of all photos )

L

r

foreach photo:
-if country not equ

al Portugal

L

r
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contain erroneous records resulting from malfunctio-
ning or inaccurate hardware, or photos with missing
true data. Pre-processing is therefore necessary to clean
and remove faulty or irrelevant data. If the purpose of
an investigation is to analyse the trajectory of each user,
date-related metadata will be a very important factor to
consider in order to ensure that the data has a correct
timestamp associated with it. For example, if a photo
does not contain the EXIF property, Flickr automatically
defines when the photo was captured as being equal to
the upload date, and this may generate bias in the data-
base. However, as Girardin et al. (2008) highlight, this
seems to have little impact in their study.

The different techniques used to perform the data
clean are described below, and are summarised in
Figure 2. The database of photos taken in mainland Portu-
gal between 2010 and 2022 and available on Flickr, corre-
sponds to 1,144,981 photos shared by 29,890 users (20.2%
of photos were deleted).

removed
___________________ 200133 photos

/RE maove photos

\ -If taken_date equal to or greater than upload date

removed
72738 photos

L

r

Remove photos
-If accuracy less to 15

L

r

removed
__________________ 5 photos

(RE maove snapshot effect

-If multiples photos same location (max 13 meters) and same minute record only one

removed
9924 photos

A

r

(RE maove photos

- if the distance between 2 consecutive photos is greater than the speed of sound

_________ removed
6483 photos

3

r

®

Figure 2: The flowchart of data cleaning
Source: Author‘s construction.
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The following steps were considered:

The API flickr.photos.search returns the photos associa-
ted with a rectangular space that includes the entire ter-
ritory of mainland Portugal and some Spanish territory.
Considering this fact, we chose to detect the country
associated with each geographic point, and then remove
the photos associated with Spain. This technique
implied the elimination of 200,133 photographs (14.1%).
In the database corresponding to photos uploaded to
Flickr between 2010 and 2022 in mainland Portugal,
the number of photos with the record of the date of
capture equal to or greater than the date of upload is
72,738 (5.1%).

The Flickr social network also provides information
on accuracy attributes, that is, the zoom level of the
map used to disclose the location of the photo (Girar-
din et al. 2007). The accuracy level of the geographic
coordinates of each photograph ranges from 1 to 16:
world level (1), national level (2-3), regional level (4-6),
city level (711), and street level (12-16). In order to
ensure a higher accuracy of the georeferenced photos,
only the accuracy value of 15 and 16 was considered in
this work. Therefore, only 5 photos were eliminated.
There is also the ‘snapshot effect’, defined as the
bias that can be introduced by ‘active users’, that
is, people who upload a large number of photos
(Hollenstein & Purves, 2010). This bias can lead to the
emergence of a study area dominated by the beha-
viours of active users (Hu et al., 2015). To minimise
this effect, only one record is retained if multiple
images are taken in the same minute. And if the user
captures photos at the same time (i.e., in the same
minute) in different geographic locations separated
by at least 13 metres (Merry & Bettinger, 2019), only
the first record is considered. These decisions also
result from the fact that this study does not focus on
the photographs themselves, but on the photographs
as objects that record the user’s check-in. Therefore,
9,924 (0.7%) records were deleted.

Table 2: Algorithm for Flick users’ classification
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An additional noise factor, mentioned by Cai
et al. (2014), corresponds to spatial outliers, that
is, extreme longitude and latitude values. In this
research, the value of 1,235 km/h was considered as
the maximum speed that tourists can humanly reach
and which corresponds to the speed of sound. This
decision implied the elimination of 6,487 records
from our database (0.5%).

4.2 Separating visitors from residents

Separating visitors from residents of the study area is
another important step of pre-processing the database.
There is no method by which all users can be rigorously
identified as visitors or locals, therefore there will always
be users who may be misclassified as visitors or locals.
However, the existence of a large amount of data always
results in a generous sample.

In this research, the authors have decided to use
the information provided in each user’s profile, as
done by Yan et al. (2017), considering that the Flickr
user describes the country of residence and the time
zone information (see Table 2). Regarding the time
zone, it was considered that if the values are different
from Portugal (Madeira and Azores), the Flickr user
is classified as a visitor. Portugal has two different
time zones. In mainland Portugal and the Madeira
archipelago, Western European Time (GMT +0) applies.
In the Azores archipelago, located west in the Atlantic
Ocean, the time zone is GMT-1.

It was also pertinent to analyse the activity of users
who uploaded photos of Portugal to their profiles. As
we can see in Table 3, a significant percentage of users
(26%) uploaded only one photo taken in Portugal, with
a reduction in the percentage of users as the number of
photos increases. Only 1% of visitors uploaded 12 photos
in their profiles. These figures deserve further reflec-
tion in future work to understand whether the extreme

User type Nr. % Rules
Local/resident 2659 9 if(location(user) equal Portugal) then type = Local
if(location(user) not equal Portugal) then type = Visitor
Visitor 12144 41 OR
if(timezone(user) not equal Portugal) then type = Visitor
Unknown 15087 50
Total 29890 100

Source: Author’s construction
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Table 3: Flickr users’ activity (2010-2022)

§ sciendo

Number Photos per User total of Users (%) total of Visitors (%) total of Locals (%)
1 26 26 20
2 11 12 10
3 7 7 6
4 5 6 4
5 4 4 3
6 3 3 3
7 3 3 2
8 2 2 2
9 2 2 2

10 2 2 2
11 2 2 1
12 1 1 1

Source: Author’s construction

values, that is, users with many photos and users with
only 1 or 2 photos, have an influence on the quality of the
collected data.

Although the number of users with nationality is
already quite large, there are still 50% of users without
identification of the area of residence. This can be impro-
ved by applying other complementary methods, such as
the option followed by Girardin et al. (2008) or Onder
(2017): that is, the presence in the area over time as the
discriminating factor. These authors explain that this
strict threshold was selected in order to capture the real
one-time tourists. Both options are correct and if used
together could contribute to reducing errors in visitor
selection, improving samples quantitatively.

It is important to note that in this second method,
the choice of an appropriate threshold will depend on
the research objectives and the size of the geographi-
cal area under study. However, there is still no consen-
sus in the existing literature (Onder et al., 2016). It is
usual, at a city scale, to use a 5-day threshold to consi-
der the user to be a visitor. As explained by Kadar and
Gede (2013), this short period correlates better with the
stays of typical visitors in urban destinations. In studies
on a national scale, it is advisable to choose a longer
time span to include international visitors who made
a multi-destination visit to the national territory. And
in the case of Portugal, there are also large numbers of
Portuguese emigrants who usually return to Portugal
during the summer months for their holidays, usually
staying for up to 30 days. As this is an experimen-
tal work, the authors chose not to apply this second
method to distinguish resident and visiting users in this
research.

For operationalisation purposes, a visitor is defined
as “any person travelling to a place other than that of his/
her usual environment for less than 12 months and whose
main purpose of visit is other than the exercise of an acti-
vity remunerated from within the place visited” (UNWTO,
2007, p.444).

Through users’ profiles, from a population of 29,890
users (photographers), 12,144 visitors were identified
(Table 2).

The graph in Figure 3 shows the monthly distribution
of the percentage of photos uploaded by users classified
as visitors between 2010 and 2022. It can be observed
that the concentration of photos in the summer months
(June to September) coincides with the high season of
tourist activity in Portugal. The average seasonality rate
in Portugal for the period 20162022 is 39.49% (TravelBI,
2023). This value measures tourism demand in the three
months of highest demand (July, August and September)
and as can be seen from Figure 3, the highest percentage of
photographs (33%) is also taken during these three months.

4.3 Users’ country of residence

Previous studies have used various methods to detect
users’ place of residence, such as spatial, spatio-tem-
poral and content-based methods (Heikinheimo et al.,
2022). The spatial approach uses the maximum number
of posts per user (max posts) as the place of residence,
as done by Hawelka et al. (2014) with data from Twitter.
According to Heikinheimo et al. (2022), centrality mea-
sures based on the spatial distribution of geotagged
posts are also used in several researches to estimate the



§ sciendo

14%
12%
10%

8%
6%
4%
2%
0%

Figure 3: Users’ activity by month (2010-2022).
Source: Author’s construction

country of residence. In this case, the mean centre or
centre of mass correspond to the average (or a weigh-
ted average) of the latitude and longitude. If the median
centre is selected it minimises the distance to all points
and smooths the effect of outlying points compared
to the mean (Heikinheimo et al., 2022). Other studies
used clustering methods such as the density-based
spatial clustering of applications with noise algorithm
(DBSCAN) to detect the activity centres of users, as done
by Luo et al. (2016) in Chicago.

Through a spatio-temporal approach, scholars can
use the Max timedelta method: the place with the longest
difference between the date of first and last post; the Max
period (a selected period of social media activity diffe-
rentiates between locals and visitors in the region) as
done by Girardin et al. (2008), among others. The content
approach uses the self-reported home locations in user
profile; or in images or text content.

In this article, the content approach was selected,
allowing identification of 7,574 users who specifically
indicate the country or city of residence. The time zone
displayed by users was also used to detect users’ place
of residence. This new method, which can be classified
as a spatial approach, allows the identification of more
than 4,253 user countries. The following table shows the
number and percentage of users, by country, who shared
photos in Portugal in the timeframe of the study.
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According to Table 4, the most representative nationa-
lities of the users who visited Portugal, on average, in the
period between 2010 and 2022, are: Spain (21%), United
Kingdom (15%), France, United States and Italy with 8%
respectively, and Germany (7%). In order to verify the
existence of a relationship between the average propor-
tion of users by nationality (2010-2022) and the propor-
tion of average guests for the period 2018-2022, a linear
regression was calculated (Figure 4) obtaining a coeffici-
ent of determination of 0.9128 [P(F<=f)=0,0135]. If the
average proportion of users by nationality for the period
2018-2022 is selected, the linear regression has a coeffici-
ent of determination of 0.9024 [P(F<=f)=0,006836].

Although there is no information available on the
website of the National Institute of Statistics of Portugal
on the number of guests by nationality between 2010 and
2017, it is interesting to note that the main foreign markets
according to the number of guests correspond to the most
important nationalities in terms of number of foreign
Flickr users who visited Portugal. This means that despite
the number of Flickr users decreasing worldwide, it is still
an excellent and valid research database for measuring
tourism demand (Kadar & Gede, 2021).

In addition, to detect the country of residence, it was
decided to test two more methods included in the Spatial
approach: the Mean centre — the place where the geo-
graphic mean of user posts is located; and the Median
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Table 4: Flick users by nationality and Guests in Portugal
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Country of residence Number (#) of Flickr Users Number (#) of Flickr Users Guests
users (2010-22) (2010-22) % users (2018-22) (2018-22) % (2018-2022) %
Spain 2001 21 349 20 10,5
United Kingdom 1477 15 306 18 7,9
France 772 8 161 9 6,9
United States 808 8 167 10 5
Italy 771 8 89 5 3
Germany 654 7 147 9 5,4
Brazil 541 6 70 4 4,8
Netherlands 455 5 103 6 2,6
Canada 252 3 41 2 1,4
Belgium 201 2 32 2 1,4
Switzerland 174 2 36 2 1,3
Russia 125 1 18 1 0,6
Ireland 115 1 21 1 1,8
Sweden 103 1 18 1 0,6
Australia 108 1 19 1 0,5
Austria 93 1 16 1 0,5
Poland 77 1 16 1 1
Norway 74 1 15 1 0,3
Denmark 70 1 9 1 0,5
Finland 73 1 15 1 0,3
China 51 1 9 1 1,1
Argentina 46 0 9 1 0,3

Source: Author’s construction

centre — the place where the geographic median of user
posts is located (Heikinheimo et al., 2022). All photo-
graphs with public access were extracted from each user
(more than 33 million photos) and through the geogra-
phical coordinates provided in the photographs, centro-
graphic measures mean centre and median centre were
calculated. Subsequently, the validation of the informa-
tion obtained was carried out, assuming that the users
entered their location correctly. Through the mean and
median centre, the degree of correctness of the country
of residence was also evaluated for 10 countries, inclu-
ding Portugal (Table 5).

It is concluded that the median method obtains better
results, in line with the results obtained by Heikinheimo
et al. (2022), where the hierarchical median centres
method corresponded the most to the official visitor sta-
tistics. It can also be observed that in general, the greater
the distance between Portugal and the user’s country of
origin, the greater the error. Spain, UK, France or Italy
register the smallest errors and distant countries, such as

the USA, Brazil or Canada register lowest accuracy. This is
a topic that will deserve further analysis in future studies.

For users classified as visitors who do not have their
country of residence registered on Flickr, it is possible to
use the median method together with the time zone data
available in the user’s profile. After the algorithm calcu-
lates the median of the geographic coordinates (latitude
and longitude), the data obtained is validated: that is, for
each user, it is confirmed whether the country resulting
from the median coincides with the time zone information
entered by the user. If so, the country of residence is con-
sidered valid. Subsequently, the name of the country that
resulted from the median calculation is compared with
the user self-reported home location (Content approach).
In this way, the degree of accuracy of the algorithm is vali-
dated. These results are presented in Table 6.

In fact, the combination of methods considerably
improves the accurate identification of the users’ country
of origin, with very significant levels of accuracy for coun-
tries such as Portugal, Brazil, United States or Spain.
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Figure 4: Guests (2018-2021) versus Users (2010-2022) in Portugal
Source: Author‘s construction

Table 5: Users’ country of residence using centrographic measures (mean and median centre)

Countries Total Median - Accuracy (%) Media - Accuracy (%)
Portugal 2659 88% 63%
Spain 2001 83% 56%
United Kingdom 1477 65% 32%
Italy 771 64% 29%
France 772 66% 36%
United States 808 53% 62%
Germany 654 56% 21%
Brazil 541 55% 53%
Netherlands 455 48% 24%
Canada 252 45% 58%

Source: Author’s construction

4.4 Group of visitors

It is also possible to analyse the number of visits made
by each user/visitor, identifying the first-time and
repeat visitors. For this purpose, a spatio-temporal
approach was selected using the Max period, that is, a
selected period of social media activity differentiates
between locals and visitors in the region. Taking into
account that Max days corresponds to the maximum

time each user stays in Portugal, a threshold of 30 days
was selected. Then the number of visits of each user
was counted.

Figure 5 shows the number of visits made by each
visitor between 2010 and 2022, and it can be seen that 79%
of users have visited Portugal only once, which means
that for the period under analysis, they are considered
first-time visitors.
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Table 6: Users’ country of residence accuracy combining crossing
median centre, time zone, and self-reported home location methods.

Country Accuracy (%)
Portugal 95%
Spain 94%
United Kingdom 85%
United States 91%
France 84%
Italy 83%
Germany 70%
Brazil 96%
Netherlands 62%
Canada 79%

Source: Author’s construction

As can be observed in Table 7, the number of repea-
ters is relatively low (21%). A more detailed analysis of
the number of visits according to the country of residence
shows that the Spanish, the main inbound market, are the
ones who most repeat their visits to Portugal (31%), which
may be justified by geographic proximity.
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5 Conclusions

This article presented and discussed the methods of iden-
tifying visitors and local population in tourism studies
using geotagged photos from the Flickr social network,
and distinguishing them according to their country of
residence. As far as the authors are aware, this is the
first analysis of its kind to use photos taken in Portugal
and uploaded by Flickr users to their profiles. One of the
main challenges in using social media data in research
and decision-making is the question of representative-
ness (Heikinheimo et al., 2022). However, the analysis
carried out on the data collected allows us to conclude
that the geotagged photos taken in Portugal and posted
on the Flickr social network constitute an interesting,
valuable and representative source of information for
tourism studies.

After data cleaning, the photos database corresponds
to 1,144,981 photos shared by 29,890 users. Using the
information provided in each user’s profile and the time
zone, 12,144 users (41%) were classified as visitors and
2,659 users (9%) as locals. The monthly distribution of
the percentage of photos uploaded by users classified as

0%
1 3 5 7

Figure 5: Number of visits by user in Portugal (2010-2022)
Source: Author’s construction.
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Table 7: Number of visits by Flickr users’ country of residence (2010-2022)

Nr. Visits Total Spain United Kingdom France United States Italy
1 79% 69% 77% 81% 83% 87%
2 12% 17% 13% 13% 9% 9%
3 4% 6% 3% 2% 4% 3%
4 2% 3% 2% 2% 2% 1%
5 1% 1% 1% 1% 1% 1%

Source: Author’s construction

visitors coincides with the high season of tourist activity
in Portugal. Through a content approach, the countries of
residence of 7,574 users were also identified. Once again,
the data obtained are in line with official statistics on
tourism, since the distribution of users by country of resi-
dence coincides with the main inbound markets in Portu-
gal: Spain, United Kingdom, France, Germany, Brazil or
the United States.

The flowcharts of data collection and data cleaning
that were produced throughout this work are a relevant
contribution for all scholars who want to use geotagged
photos provided by Flickr or any other social network.
After data cleaning, the identification of visiting users
and resident/local users was carried out. First, the infor-
mation entered by the users (location and time zone)
was used. If this information does not exist, the identi-
fication of the country of residence can be obtained by
calculating the median of the locations of all the photos
published by each user. As shown above, we also consi-
dered the time zone information associated with Portu-
gal (Portugal, Azores and Madeira). We can also choose
to consider a timeline lower than 30 days/year to identify
the number of visits made by each user during the selec-
ted period (2010-2022).

Once noise-causing information has been removed
and visitors have been identified, scholars can use
metainformation from georeferenced photographs
to analyse visitors’ space-time behaviour at different
geographic scales in the Portuguese territory in order
to understand who they are, where they go, and how
long they stay, among others. The knowledge genera-
ted through the use of this important data source also
has practical implications for destination manage-
ment organisations (DMOs), namely for Turismo de
Portugal, providing information, for example, on
tourist flows in the national territory, both of interna-
tional and national visitors.

In future, it will be important to explore the possible
removal of extreme values, such as the data referring
to the number of photos published by each user. The

relationship between the number of photos published in
Portugal and the total number of photos of the users also
deserves to be better explored.
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