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Abstract: Volunteered Geographic Information (VGI) provides valuable information to analyze human activities in space and time.
In this paper, we develop an integral framework for the study of tourist activity. Flickr photo is chosen as an example to explore the
potential of using VGI to analyze spatiotemporal patterns of fourist activity. Munich, Germany is used as study site to conduct the
experiments. Affer a sfafe-ofthe-art of fourism activity research, this arficle employs the Kernel density estimations and spafial scan
statistics to explore the distribution of photos. Seasonality of tourism is considered as well to make a temporal analysis. Besides, the
influences of both important locations and events are considered in spatial cluster generation. Experimental results show that spatial
pattern of tourist activities varies in different months. In addition to famous tourism places, some kinds of events can result in spatial
clusters of tourist activities in some months.
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ANALYSE TOURISTISCHER AKTIVITATEN BASIEREND
AUF VON FLICKR GESAMMELTEN TRACKINGDATEN

Zusammenfassung: Freiwillig bereitgestellte geographische Informationen (Volunteered Geographic Information — VG sind eine
wertvolle Datenquelle, um menschliche Aktivitaten in Raum und Zeit zu analysieren. Dieser Beitrag stellt einen integralen Rahmen zur
Untersuchung touristischer Akfivitaten vor, der mithilfe von Flickr-Fotos beispielhaft die Méglichkeiten der VGI zur Analyse von raum-
zeitlichen Mustern in Minchen als Studienort untersucht. Nach einem Uberblick zum Stand der Forschung touristischer Aktivitcten
werden die Kerndichteschétzung und réumliche Scan-Statistiken behandelt, die verwendet wurden, um die Verteilung der Fotos zu
sondieren, wobei zusatzlich saisonale Aspekte befrachtet wurden. Dieser Beitrag fuhrt zu einem Ansatz, der Standort- und ereignis-
basierte Analysen einschlieft.
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1 INTRODUCTION

Volunteered Geographic Information (VGI)
describes geographic information that has
been voluntarily gathered, provided, and
shared by community members in social
media (Goodchild 2007a). Popular ex-
amples of VGI include Wikimapia, Flickr,
OpenStreetMap. Because it is regularly
updated and easily available via appli-
cation programming interfaces, VGI has
gained popularity for spatial scientists,
such as geographers, to understand the
surface of the Earth and human behavior
(Goodchild, 2007b). VGI also contains
tfemporal information of objects (e. g., pho-
fos, messages, videos), which can be used
to analyze user behaviors in a spacetime
context. For instance, Flickr and YouTube
provide fools for users fo edit photos and
videos by means of geotags'. Geotagged
photos and videos are georeferenced by
means of the coordinates generated by
the camera, smartphone, etc. These geo-
referenced photos and videos can serve
as data source fo explore human (user)
behavior.

Aiming to analyze fourist activifies, sfa-
fistics data and survey data were the most
prevailing. However, for tfourist activities
sometimes the availability of tourism data is
still @ major research obstacle. It is always
fime-consuming and expensive to gather
and preprocess sfafistics data and survey
data. In contrast, VGI such as Flickr pho-
fos can be a new data source to analyze
fourist activities. The reasons are manifold:
low price, high convenience, and easy
preprocessing, among others. Thus, fo in-
vestigate the possibilities of VGI on human
behavior analysis, the main objective of
this paper is to explore whether and how
we can use geofagged photos of Flickr, to
examine spatiotemporal patterns of tour-
ist activities. Additionally, we analyze the
possible effect of seasonality by means of
temporal analysis. Furthermore, influences
of both place and event are considered in
spatial cluster detection.

The remainder of this paper is organ-
ized as follows. The next secfion reviews
previous work dealing with fourism analysis
using georeferenced images. Subsequent-
ly, the methodology, study area, and data
processing are infroduced and important
results are presented as well. Finally, this
paper makes conclusions and presents the
future works.
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2 RELATED WORK

Recent studies illusirate the high potential
of VGl to examine tourist acfivities. Regard-
less of spatfial and temporal characteris-
tics of users, Julio et al. (2007) as well as
Lindgren & Lundstrom (201 1) focus on the
statistical analysis of social relationships
and inferactions, while others only fake the
femporal changes into account. Examples
are the monitoring of users lifestyle made
by lee ef al. (201 1) who extract user’ be-
havioral patterns in urban areas from Twit-
ter. Using Flickr data, Popescu & Grefen-
stette (2009) examine temporal affributes
of fourist sites, such as the tfemporal length
of visits as well as the minimum, maximum,
and average visiting times. In terms of sta-
fistical analysis Zwol (2007) invesfigates
the temporal, social and spatial behaviors
of Flickr's users. Results show that a) users
discover new photos within hours after be-
ing uploaded and b the spatial distribution
of views on infrequently viewed photo is
more concentrated around a geographic
location.

Subsequently, more researchers paid
affenfion on the spatiotemporal pattern of
fourist activities. Using Flickr Girardin ef al.
(2007) visualized the point density of tour-
ists, subsequently defecting fourist concen-
trations. After that, Girardin et al. (2008)
uncovered the spatial and temporal pres-
ence of fourists during their visit to Rome.
Subsequently, Girardin et al. (2009) mea-
sured the atfractiveness of POls based on
the presence of photographers. To explore
the representative frajectory patterns, Yin
ef al. (2011) generated many trajectories
and ranked the frajectory patterns quantita-
fively by means of an exemplarbased al-
gorithm. Using Panoramio geotagged pho-
tos, Andrienko et al. (2009) built a flow
map aiming fo show aggregated moves
(collective movement patterns) of photog-
raphers between different places. Besides,
Hollenstein & Purves (2010) leveraged
geotagged photos of tourists fo describe
city core.

Considering the spatial and temporal
aspects of VGI, event defection becomes
a popular research field. Rattenbury et al.
(2007) present an approach fo extract
event semantics from Flickr image tag.
Model comparisons [scale-structure identi-
fication (SCI) vs. standard burst detection
methods| underpin that SCl outperforms the
naive scan method as well as the spatial

scan method. Chen & Roy [2009) employ
a wavelet transform to suppress noise by
identifying the tags related with evenfs.
Afterwards, eventrelated tags of Flickr are
clustered such that each cluster, represent-
ing an event, consists of tags with similar
spatial and temporal patterns. Andrienko
ef al. (2009) investigate visual analytics
fo combine computational techniques with
interactive visual displays. Kisilevich et al.
(2010) extend this work by applying sys-
fematic visual analytics to accomplish dif-
ferent tasks in the eventbased analyses of
image data. Additionally, geomessages of
Twitter and geotags of YouTube videos are
leveraged as well. lee ef al. (2011) pre-
sent a geosocial event detection approach
fo detect crowded places based on the
conception of social networking sites. Ta-
hayna ef al. (2011) propose a technique
(denoted as GAoptSVM) aiming af an op-
fimal SYM-based video event classification
via an evolutionary optimization technique.
Thom et al. (2012) present an approach
that allows for a realtime inferactive analy-
sis of geotagged microblog messages. A
clusfer analysis approach is used fo detect
spatiotemporal anomalies automatically.

3 METHODOLOGY

The Kernel Density Estimation (KDE) can
present the spatial pattern of tourist ac-
fivities visually by means of generating lo-
cal clustering regions. After that, we ap-
ply spatial scan statistic method to detect
significant spatial clusters. KDE is able to
produce local estimates of densities, result
ing in a smooth density surface of fourist
activities. KDE helps fo idenfify locations
of possible “cluster” or at least sub-regions
worth for further examination (Gatrell et al.
1996). Normally the Gaussian kernel func-
fion is employed.

Based on the empirical results pre-
senfed by Helbich & leitner (2012), the
Spatial Scan Stafistic (SSS) (Kulldorf 1997)
is chosen as cluster detection method.
Compared to other clustering methods, the
SSS method detects local clusters and fests
if such clusters occur by chance (Kulldorf
1999). Following Helbich (2012), this pa-
per chooses the Bernoulli model (Kulldorff
1997) to defect significant local spatial
cluster compared to a heterogeneously dis-
fributed control population.

Besides, in this paper we take event
effect info consideration, with the aim to
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Figure 1: KDE results of tourist activities in January and July (bandwidth = 0.3 km) (Note: “0.5 Std Dev -

1.5 Std Dev’)

examine the influences of social events on

fourist activities in ferms of density esfima-

tion and cluster detection.
4 EXPERIMENTAL RESULTS

4.1 DATA

In this paper, the study case is Munich,
Germany. Using a bounding box, we ac-
quired the georeferenced images taken
within Munich from 2010 and 2011 via
Flickr API. There are 21,404 and 24,547
georreferenced images taken in 2010
and 2011 respectively. Considering the
user bias and errors, we preprocessed
the image set using the method of Grothe
& Schaab (2009). After that, we distin-
guished the images faken by tourists with
the one faken by residents using a method
proposed by Girardin ef al. (2007). At
last, the image set of tourist activities was
fransformed into point sef. Here, we focus
on the data in 201 1. In addition, we use
the point set of 2010 as the control popu-
lation in the cluster defection.

4.2 RESULTS OF KDE

The KDEs of tourist activities were calculat-
ed with different bandwidths ranging from
1 to 500 m. The generated clustering is
distributed discretely when the bandwidth
is too small (e. g. 10 m). On the confrary,
local clustering is easily missed when the
bandwidth is too large [e. g. 500 m).
Here we showed the results af a band-
width of 300 m which is a medium level.
Figure 1 displays the KDE results of tour
ist activities in January and July. We can
see that there is clustering of tourist activity
in both months, and in addition the distri-
bution of tourist activity is slightly different
between these two months despite that the
cores of both are in the city center.

Figure 2 shows the change of the mean
as well as the standard deviation value of
KDE in 2011. If the mean value of KDE
is higher, the point infensity of tourist ac-
fivity will be stronger. And if the standard
deviation value of KDE is higher, the point
clustering of tourist activity will be stronger.
The shifty curve indicates the seasonality

1.5 Std Dev” represents “Mean + Std Dev — Mean +

of fourist activities. Additionally, we also
present the change of the image amount
(see Figure 3. Globally, the curve of point
number has a similar tendency with that of
the mean of the KDE as well as the stand-
ard of the KDE. Specifically, both of the
curves are low in January and subsequently
become high in April. At last, they come to
the maximum in September and October.
However, in July, the number of images is
relatively high, while the mean and stand-
ard deviation of KDE are relatively low. It
indicafes that the intensity of clustering in
July is relatively low. In other words, in July
the clustering of tourist activities is disfrib-
uted more homogenously.

To explore the possible influence of
events on the spatial pattern of fourist ac-
fivities, we focus some important events in
each month. To be simple, such important
events here are the ones owning the most
geofags. Figure 4 shows the tag numbers
of the two most important events in January,
April, July and October. We can see that
the tag numbers of the events in July and
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Figure 3: Change of the image amount
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Figure 4: Number of the eventrelated tags within
Munich in 2011

October are higher than that in January
and April. Considering the curve of KDE,
the changes in tag number confirm that
some evenfs can frigger the increase of the
images and influence the spatiotemporal
pattern of tourist activities. These events are
shown in Table 1

TRACKING DATA COLLECTED BY FLICKR

4.3 RESULTS OF SSS

Via the KDE analysis, we find out some
interesting local regions. Subsequently, us-
ing the SSS method, we conduct the cluster
detection in these four months. Some sig-
nificant clusters (pvalue < 0.05) are de-
tected and the primary clusters [Most likely
clusters) in the four months are shown in
Table 2. Significance values (p-values) are
based on 999 Monte Carlo simulations.
Not surprisingly, these primary clusters are
located in the downtown. However, their
sizes are clearly different. The primary
cluster in October is the largest one with
the most observed points (830 cases) and
second largest radius (2.712 km) of scan
window. And the one in July is the small-
est one bearing the fewest number of ob-
served points (60 cases) and smallest radii
of scan window (0.398 km). On the other
hand, there are only 2 significant clusters

detected in October and 11 clusters de-
tected in July globally. By means of com-
paring the spatial coverage of the cluster,
we can see that tourist activities clustered
within two large regions in Ocfober while
they clustered within many small regions in
July.

To investigate the possible reasons re-
sulting in the clustering of tourist activities,
we analyze the images of the defected sig-
nificant clusters. In terms of the text (tag and
ftitle) as well as sometimes imagery content,
we can find out two main reasons. The first
one is that some places (e. g. fourism af
tractions) aftract a vast amount of tourists.
The second one is that some events [e. g.
parades) result in the gathering of tour-
ists within a cerfain fime period. Table 3
shows the number of significant clusters as
well as the main reasons of these clusters.
We can see that some events [e. g. Improv

January Ski World Cup 64 Red Bull Crashed Ice

April Workshop TUI Cruises 58 City Bike Marathon 16

Joly Election of the 2018 .Hosf City Winter 530 Christopher Street Day 167

Olympics
October Oktoberfest 231 one academic lecture 12
Table 1: The tag amount of the important events in the four months
Observed Expected Observed Log likelihood Circle radius
Month . : p-value
cases cases expected ratio ratio (km)

January 32.557 3.778 89.564 <0.001 2.071

April 106 39.933 2.654 46.039 <0.001 2.712

July 60 9.547 6.285 83.448 <0.001 0.398
October 830 626.345 1.325 75.148 <0.001 2.483

Table 2: Statistics of the detected primary cluster [most likely cluster)

Significant
Month 'gnincan Place Event
clusters

January
April 7
July 11
October 2

Highlight Towers

New Botfanical Garden:;

BMW World

Bavarian National Museum:
Prince Regent's Theatre;
Bavarian State Chancellery

Nymphenburg Palace

Table 3: Statistics of the defected significant clusters [pvalve < 0.05)
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Improv Festival

Christopher Street Day;
Tollwood Summer Festival



Festival] have significant influences on four-
ist activities and trigger clustering in April
and July.

4.4 DISCUSSION

In terms of analysis based on the tracking
data of Flickr, we can explore the spatial
and temporal patterns of tourist activities.
KDE is dedicated to describe the spatial
pattern and SSS is utilized to detect the
cluster. The temporal analysis indicates that
the KDE changes seasonally. It is demon-
strated that the spatial distribution of tourist
activities is heferogeneous and some hot-
spof regions exist. The local spatial cluster
ing in September and Octfober is obviously
higher than that in November and Febru-
ary. On the other hand, in July the cluster
ing of fourist activities is distributed more
homogenously. Subsequently, by means of
SSS, some significant clusters are detected.
There exists clearly seasonal difference on
the size as well as the number of cluster.
These detected clusters are prevailingly lo-
cated in some important fourism attractions
[e. g. museum and palace).

Additionally, the event is considered in
analyzing the possible reasons of cluster-
ing of fourist activities. Several great social
events have influences on the spatiotem-
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poral pattern of tourist activities. However,
compared fo the hotspot places, events
have relatively low effects. Besides, the
events, which can result in clustering of
fourist, are the ones owing lots of parficipa-
tors and a relatively long time period [e. g.
Tollwood  Summer Festfival is more than
3 weeks). At the same time, these events
always confain parades, demonstrations,
etc. which took place at important streets.
Obviously, some of events owning most
tags (e. g. Ski World Cup, Workshop TUI
Cruises, efc. in Table 1) could not result in
significant spatial clusters. These events al-
ways have relatively large or small spatial

coverage. For instance, City Bike Mara-

thon has a large spatial coverage while
Workshop TUI Cruises only takes place
within one building.

Nevertheless, the difference between
users’ preferences as well as their photo-
graphing behaviors might have impacts on
the result of KDE. For instance, some tour
ists like fo take pictures everywhere or take
series of pictures in one place, and other
might take only one picture on each place
or even never take any picture in some
places. Also, some users uploaded lofs of
images while other users only shared few
images. Thus, it will be better to consider
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the photographing behavioral pattern of
Flickr users when analyzing the spatiofem-
poral pattern of tourist acfivities.

5 CONCLUSION AND FUTURE WORK
In this paper, we proposed an infegral
framework to analyze fourist activities in
space and time. Flickr georeferenced im-
ages were ufilized as the fracking data of
fourist activities. The results demonstrate
good potential of the proposed approach
fo analyse tourist acfivities. In addition, sea-
sonality of tourism as well as the event in-
fluence are taken into consideration. And,
the experimental results demonsirate that
spatial pattern of tourist activities varies in
different months. In addition to famous four-
ism places, some kinds of events [e. g. car
nival, demonstration, exhibition, etc.] might
result in spatial clusters of tourist activities in
some months. After the discussion above,
the characteristics of the events as well
as the photographing behavior pattern of
the users should be considered in the fu-
ture work. Furthermore, to support result of
the analysis, other VGI data (e. g. Twitter,
Facebook and OpenSireetMap) might be
infegrated info the analysis as well.

' hitp://geotag.sourceforge.net
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