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ABSTRACT

Systematic monitoring of recreational use in vulnerable ecosystems is crucial to balance human needs and site
capacities. Recently, publicly available digital data, including Global Navigation Satellite System-based Vol-
unteered Geographic Information, gained attention as a potential resource depicting visitor movement. However,
there is a need to critically assess its reliability for visitor monitoring across countries, regions and available
databases. Our research evaluates the usability of GNSS-based VGI-data obtained from three common platforms:
GPSies, Outdooractive, and Komoot for assessing the spatial distribution of hikers in the Bavarian Forest National
Park. A total sample of 1742 GNSS-tracks uploaded between 2013 and 2018 were compared across data plat-
forms. Additionally, available systematic field counts, carried out between 2013 and 2014 (11 Eco-Counter
sensors), were compared to GNSS-based VGI data uploaded within the corresponding period. The comparisons
at individual and collective levels (route lengths, kernel density, optimized hotspot analysis along with fishnet-
based counts of GNSS-tracks) showed similarities between VGI data platforms. Data obtained from GPSies and
Outdooractive displayed a higher correlation with each other than with those obtained from Komoot. Also, for
GPSies, there was a significant positive correlation between VGI-data and field count data. Data sample of
Outdooractive and Komoot within the specified spatio-temporal frame was too small to compare with available
field count data. We highlight the necessity of systematic validation of GNSS-based VGI data resources, being
complementary rather than the primary data source in visitor monitoring and recreation planning. Also, sys-
tematic long-term visitor monitoring using other methods is crucial to assess the validity of novel data resources,
such as GNSS-based VGI.

1. Introduction

the international context and covers various aspects of recreational use
(Cessford & Muhar, 2003; Hadwen et al., 2007; Pickering et al., 2018)

1.1. Visitor monitoring techniques and VGI

Managing recreational activities in protected areas (PA) belongs
amongst the major challenges in popular tourism destinations (Bell
et al., 2007; Buckley, 2003; Burns et al., 2010; [UCN, 2018). Therefore,
reliable data describing human recreational behavior, along with effi-
cient reliable data collection methods are needed to support successful
management of those environmentally sensitive leisure sites (Cessford &
Muhar, 2003; Gutzwiller et al., 2017; Taczanowska et al., 2008). Sys-
tematic visitor monitoring in protected areas has a long tradition within

including monitoring visitation numbers, activity types, movement
patterns and socio-demographic visitor characteristics (Bielanski et al.,
2018; Buckley, 2003; Cessford & Muhar, 2003; Hennig, 2007; Levin
et al., 2017). Numerous methods have already been used for this pur-
pose, comprising: direct and indirect observation, automatic counting
devices, visitor tracking, counting of access permits and tickets, in-
terviews, self-registration, internet-based user-generated content, traces
of use (Bielanski et al., 2018; Muhar et al., 2005). Each technique has
specific advantages and limitations; therefore a simultaneous combi-
nation of data collection methods is frequently being applied to capture
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comprehensive characteristics of recreational use (Bielanski et al., 2018;
Heikinheimo et al., 2017; Korpilo et al., 2017).

Technological advances and the growing use of location-based ser-
vices (LBS) are opening up new opportunities for collecting georefer-
enced information about visitor behavior in protected areas (Campelo &
Nogueira Mendes, 2016; Di Minin et al., 2015; Heikinheimo et al., 2017,
2020). Examples of LBS within outdoor recreation domain include
fitness and/or touring online platforms such as Outdooractive, Komoot,
Strava, Adidas Runtastic, or GPSies. Those services also allow
networking among LBS-user communities, and the sharing of tours, re-
views, and photos related to recreational activities, such as hiking,
jogging, cycling, cross-country skiing, and mountain biking. (GPSies,
2019; Komoot, 2019; Korpilo et al., 2017; Outdooractive, 2019a; Run-
tastic, 2020; Strava, 2020). Users of these services utilize their smart-
phones or other GNSS-equipped devices to record and upload their tours
(Campelo & Nogueira Mendes, 2016; Heikinheimo et al., 2017). The
data, referred to as Volunteered Geographic Information (VGI) (Good-
child, 2007), has been increasingly used as an additional data source for
visitor monitoring in protected areas over the past decade (Campelo &
Nogueira Mendes, 2016; Korpilo et al., 2017; Norman et al., 2019; See
et al., 2016).

Recent studies highlight the advantages of VGI compared to other
survey methods, especially in respect to its low data collection effort
(Campelo & Nogueira Mendes, 2016; Korpilo et al., 2017). The ability to
acquire large sets of digital data makes it attractive for visitor moni-
toring (Heikinheimo et al., 2017). Moreover, unlike costly on-site survey
and counting methods, these data are already widely available for many
parts of the world, and their distribution will continue to increase with
the ever-growing availability of smartphones (Campelo & Nogueira
Mendes, 2016; Di Minin et al., 2015). Notably GNSS-based VGI data may
deliver valuable information on the spatio-temporal distribution of
visitors within recreational destinations. GNSS-based VGI data is avail-
able online as a GNSS-track (GPX file) that contains movement trajec-
tories of visitors sharing their routes with an online community. This
allows people to identify high or low use trails in a protected area and
when the trails are used. In contrast to automatic counting devices, the
entire route and, if specified by the user, activity en route can be
recorded (Norman et al., 2019). Passive data collection also allows for
better monitoring of unauthorized visitor activity than an active
collection method, where the visitors may adjust their behavior due to
the presence of human observers (Arnberger et al., 2005; Cessford &
Mubhar, 2003; Heikinheimo et al., 2017; Norman et al., 2019). However,
GNSS-based VGI data do not deliver exact information on visitor
numbers at a certain point and time period in contrast to visitor
counters.

It should be kept in mind that users of any platform represent only a
sub-population of the visitor community that may be a sub-culture and
not merely a representative sample of the whole community, so possible
biases need to be acknowledged and investigated (Di Minin et al., 2015;
Ruths & Pfeffer, 2014). Since information on age, gender and socio-
economic status is either not publicly available on the platforms or is
anonymous, statements on demographics can only be made through
representative quantitative surveys. A study conducted in the USA in
2015 on the use of mobile health and fitness apps found that the users of
such platforms are primarily younger, earn a comparatively higher in-
come and usually have a higher level of education (Krebs & Duncan,
2015). It can be assumed that the expression of the demographic bias
depends not only on the particular platform used, but also on the type of
recreation area, the activity, and the origin of the visitors (urban, rural,
nationality, culture) (Fisher et al., 2018). It therefore makes sense to
compare the data with other survey methods, such as automated counts
or systematic route surveys. Furthermore, the use of the crowdsourced
data must always be considered from a legal and ethical perspective. A
user uploading content does not automatically imply an agreement to
the data being used for research purposes (Salganik, 2018; Toivonen
etal., 2019; Zook et al., 2017). In any case care over use of sensitive data
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must be taken by researchers.

Data representativeness problem of GNSS-tracking data might be
reduced in field tracking studies, where GNSS/GPS loggers are distrib-
uted among randomly selected visitors on the pre-defined sampling
days. This method is well-established in recreation research domain
(Bielanski et al., 2018; D’Antonio & Monz, 2016; Sykes et al., 2020;
Taczanowska et al., 2014) yet it requires more organisational and
technical effort in comparison to downloading GNSS-based VGI data.

A recent alternative to actively collected and shared GNSS-based VGI
data is the use of passively acquired mobile device location data, offered
by commercial providers (e.g. telecommunications service providers).
Anonymized mobile device location data were successfully used to
monitor visitor behavior in several North American recreational areas
(Creany et al., 2021; Monz et al., 2019, 2021).

1.2. Spatial use patterns of protected area visitors

One of the basic movement parameters, characterizing the spatial
distribution of visitors in protected areas is the length of individual
tours, since it provides information about potential activity range and
penetration of a recreational area. In general, the tour length increases
with the length of stay, but day hikers often take more breaks during
longer stays (Taczanowska et al., 2008). Hikers also tend to choose
half-day tours that are more than 5 km but less than 50 km long (Hennig
& Gropmann, 2008). An on-site visitor survey in the Bavarian Forest
National Park showed that the average tour length of hikers is about 7
km. Locals chose shorter routes, while tourists took longer ones (Arn-
berger et al., 2015). Arnberger and Hinterberger (2003) found in an
on-site survey in a peri-urban national park that tour length and spatial
behavior varied by activity. The tours of bicyclists were the longest ones
with about 10 km on average, followed by joggers (8.2 km), dog walkers
(6.1 km) and walkers (5.8 km) (Arnberger & Hinterberger, 2003). They
further found that dog walker use was concentrated on trails nearby
residential areas. Norman et al. (2019) used VGI on MapMyFitness
(Under Armour, 2021) to investigate, among other things, the length of
hiking tours for three protected areas in Australia which were an
average of 8.2 km (Norman et al., 2019). Campelo and Nogueira Mendes
(2016) and Jurado Rota et al. (2019) used VGI to capture the spatial
behavior of bicyclists in protected areas and found that it can be helpful
information for monitoring and managing recreational areas.

Next to parameters describing individual movement trajectories,
analysis at a collective level are of high importance from the spatial
planning and recreation management perspectives (Jiang et al., 2021;
Skov-Peterson & Gimblett, 2008). Analysis of a collective spatial
behavior informs where and when the visitors actually go and which
parts of a recreational area are being used (Cessford & Muhar, 2003;
Skov-Peterson & Gimblett, 2008). Collective spatial behavior patterns of
various recreational activity groups or specific visitor profiles are
important subjects of investigation (Byczek et al., 2018; Svajda et al.,
2018). Spaces suffering from overuse and potential locations of social or
ecological conflicts may be determined, based on collective visitors’
traces (Byczek et al., 2018; Rupf et al., 2011; Wolf et al., 2018). More-
over, spatio-temporal aspects, such as investigating changes in visitor
distribution at different temporal resolutions (e.g. different times of the
day, week and the year) belong to frequently studied issues in recreation
research (Kim et al., 2019). Fine-resolution GNSS-tracking data allow us
to investigate off-trail behavior in restricted areas (Bielanski et al., 2018;
Kidd et al., 2015).

1.3. Validation of VGI data

Although many authors highlight the utility of GNSS-based VGI for
visitor monitoring, only a small selection of studies recognize the
importance of the validation of these crowdsourced data. Recently, ex-
amples of data validation: comparing GNSS-based VGI data across
various platforms (Campelo & Nogueira Mendes, 2016; Heikinheimo
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et al., 2020; Norman, Pickering 2017); GNSS-based VGI data with field
counting (Norman et al., 2019; Norman & Pickering, 2017); and visitor
survey data (Heikinheimo et al., 2020) have been carried out. Campelo
and Nogueira Mendes (2016) suggested that the validity of GNSS-based
VGI data could be tested with counting devices. Norman and Pickering
(2017) matched counter data in the form of the average amount of
passage per month and VGI from MapMyFitness (Under Armour, 2021),
procured between December 2016 and February 2017, for seven trails in
one of their three study areas. They showed a strong relationship be-
tween them. Here, the online data are primarily seen as a supporting
instance type to the existing monitoring data and a comparison with
these is suggested in order to investigate their representativeness
(Norman & Pickering, 2017). Fisher et al. (2018) examined
user-generated social media content, i.e., georeferenced photos from
Flickr from 2005 to 2015 and tours from an online hiking guide posted
during 2016 and compared these with data from counting devices from
late August 2016 through December 2016. For the 15 trail areas
observed in a National Forest in Washington, they found a strong cor-
relation of the data sets in terms of their spatial distribution, and thus
highlighted the potential of user-based data, in combination with other
quantitative survey methods, to represent spatial visitor behavior
(Fisher et al., 2018). Norman et al. (2019) took a similar approach. For
their study, the relative monthly popularity of a trail, determined by
count data, was compared to the number of online trips. It was found
that the relative popularity of places, based on counter data and online

Main peaks
A (clevation: ma.s.l.)

@ Counting site
— Trail network
D National Park Boundary
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data, were similar, specifically, online jogging tours were mostly highly
correlated with count data (Norman et al., 2019). These validation
studies only partly considered the overall spatial distribution of recre-
ational uses in an area. Some authors use qualitative, visual comparisons
of density maps, based on GNSS-based VGI data (Norman et al., 2019;
Norman & Pickering, 2017), while the others perform quantitative
comparisons of individual raster cells within a study area, where the
number of visitors’ digital traces grouped by data source is being
calculated (Campelo & Nogueira Mendes, 2016; Heikinheimo et al.,
2020).

1.4. Study objectives

As previous studies reported differences in use across different GNSS-
based VGI platforms and world regions, we aim to complement the
ongoing discussion on the reliability of GNSS-based VGI data for visitor
monitoring. We focus our research on a popular European protected
area, the Bavarian Forest National Park, because of the availability of
different GNSS-based VGI and visitor count data.

We aim to investigate the spatial distribution of hikers, based on data
obtained from three different GNSS-based VGI platforms, eventually
comparing results grouped by data source and correlating them with
visitor numbers collected by automatic visitor counters.
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Fig. 1. Study area: Hillshade model of the Bavarian Forest National Park with trail network, the location of visitor counting sites and the three highest summits
(Geodata source: arcgis.com 2020, bkg.bund.de 2020, NLPVW BW 2014, NLPVW BW 2019, opendata.bayern.de 2019).
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2. Materials and methods
2.1. Study area

The Bavarian Forest National Park (German: Nationalpark Bayer-
ischer Wald) is located in Europe, southeastern Germany in the federal
state of Bavaria and borders the Czech Republic on its eastern side. The
24 250 ha large protected area is assigned to the IUCN category II
(Bundesamt fiir Naturschutz, 2020; Job et al., 2019; Nationale Natur-
landschaften, 2020; Nationalparkverwaltung Bayerischer Wald, 2014).
The tourist infrastructure of the Bavarian Forest National Park and the
region can be used both in summer and winter as a network of trails with
about 350 km of hiking trails, 200 km of cycling trails and 80 km of
cross-country ski trails runs through the National Park area. Hikers can
use all marked trails in compliance with the trail regulations (Natio-
nalparkverwaltung Bayerischer Wald, 2014). The National Park counts
almost 1.4 million visits annually (Porst et al., 2020, p. 71). Fig. 1 il-
lustrates the location of the Bavarian Forest National Park including a
network of recreational trails.

2.2. Data resources

The platforms GPSies, Outdooractive and Komoot were considered
as data sources GPSies, 2019; Komoot, 2019; Outdooractive, 2019a).
After an inspection from 2016 to 2018 of various platforms by the Na-
tional Park administration, those three platforms were selected for
closer analysis due to their high or growing number of tracks for the
Bavarian Forest National Park in comparison to other services. The
automated download of GNSS-based VGI data was carried out. The
automated recording is a browser-based application that records all
hiking tours that have been uploaded for the area of the Park for a
specified period of time. The possibility of multiple use of this applica-
tion allows regular updating of the database, so that recently uploaded
tours are also available. The decisive factor in the selection of tours was
the upload date in order to avoid duplications. Next to GNSS-tracks,
additional publicly available information associated with the tours,
such as the name of the tour, type of recreational activity, date of cre-
ation, length of tour, number of views and downloads, were acquired.
Komoot contains so-called ‘smart tours’ which are generated based on
user-defined highlights with the help of an algorithm (Komoot 2020a,
2020c). There are also community tours created as user-generated
content by the members of the platform. These tours only become
visible when Komoot “adventurers” or “explorers”, as members are
known, visit or follow the tour creator’s member profile (Komoot,
2020b; 2020c). Since only the last form is VGI, only these community
tours were used for the evaluation. GPSies has become part of AllTrails,
but is listed under its old name in this study, as we investigate time

Table 1

Comparison of the three platforms

(Summary based on: AllTrails, 2022, Outdooractive, 2022, Koomot, 2022,
Hallermann, 2019; Holzmiiller, 2011).

GPSies/ Outdooractive Komoot
AllTrails*
Established 2006 2008 2010
Registered users ~40 million ~13 million > 27 million
worldwide
Main user groups Hikers, Bikemap, Hikers, Bikers, Hikers, Bikers,
Runners Mountaineers Runners
Available tour- Type of activity Type of activity Type of activity
information Date of creation Date of creation Date of creation
Length of the tour Length of the tour Length of the

tour
Number of views
Number of
downloads

Number of views
Number of downloads

*) in 2019 GPSies was acquired by AllTrails.

Applied Geography 150 (2023) 102825

period before 2019 (AllTrails, 2019). Table 1 summarizes main char-
acteristics of the investigated tour platforms.

The downloaded GPX files were converted into point shapefiles and a
projection of the layers into the UTM (Universal Transverse Mercator)
reference system was performed. Due to the use of a broader bounding
box in the automated collection of data from GPSies and Komoot, there
were tours located outside of the National Park area in the initial
database. However, by intersecting the data with the National Park area,
only tours located within the Bavarian Forest National Park boundary
were considered in the study. Especially for the GPSies, this led to a
strong reduction of the data set, since most of the automatically down-
loaded tours did not pass through the National Park. The Outdooractive
tours, on the other hand, all crossed the protected area. Furthermore,
only data uploaded between January 1, 2013 and December 31, 2018
were included in further analyses for comparability between the plat-
forms. All tours with the activity ‘hiking” were selected, as this is the
most frequently practiced recreational activity in the Bavarian Forest
National Park (Porst et al., 2020, p. 71). In the selected database of the
platforms, there were still tours that were subject to sources of error in
the recording. The removal of these data was based on visual in-
spections. Table 2 gives an overview of the entire data selection process,
ranging from the initial download of GNSS-based VGI data within a
specified bounding box up to final data set used for further analysis. In
total, 402 relevant data records were available for GPSies, 250 tours
were available for Outdooractive, and 1090 tours were available for
Komoot.

For the evaluation of the GNSS-based VGI data, automatic counter
data (pyro sensors, Eco-Counter) which had collected visitor data at
eleven sites between 2013 and 2014, were used (Fig. 1). Only entries to
the Bavarian Forest National Park were considered, as entries were used
for the calculation of the total number of visitors to the National Park
within one year. The counter values were corrected by a calibration
factor (Arnberger et al., 2015). The total number of entries from April
28, 2013 to April 27, 2014 recorded by all eleven counters was 250 552
and ranged from about 5300 to 79 000 entries per site (Arnberger et al.,
2015). A subset of GNSS-based VGI data uploaded between April 28,
2013 and April 27, 2014 was used to compare field counts and VGI data.

2.3. Data analysis

First, tour lengths of the Park were compared between three VGI
platforms. For this purpose, the GNSS-track points were converted into
tracks (line features classes) within a geodatabase in ArcGIS. Each track
was assigned a unique ID and length attribute. Descriptive statistics was
used to characterize trip lengths grouped by VGI platform.

In order to analyze a collective spatial distribution of visitors in the
study area, three various spatial analysis methods were applied: 1)
kernel density analysis; 2) hotspot analysis and 3) tracks count per raster
cell (fishnet counts). The following figure (Fig. 2) illustrates a detailed

Table 2

Overview of data selection process: 1) Data available within specified bounding
box; 2) Intersection with the Bavarian Forest NP area; 3) Selection of tours
uploaded within the study period (2013-2018); 4) Selection of the target ac-
tivity type (hiking) and removal of invalid GNSS-tracks.

VGI platform Number of Number of Number of Number of
downloaded tours tours tours with
tours available crossing uploaded assigned
for the specified ~ Bavarian within the activity type
bounding box Forest NP study “hiking” &

area period valid GNSS-
track (final
dataset)

GPSies 10 867 1292 849 402

Outdooractive 560 511 366 250

Komoot 3694 2599 1549 1090

Total sum 15121 4402 2764 1742
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Fig. 2. Illustration of the applied methods for the same area in the Bavarian Forest National Park from left to right: a) input data (GNSS-trackpoints obtained from
VGI-platform Komoot); b) kernel density; c) hotspot analysis; d) fishnet counts of hiking tours (Geodata source - GNSS-trackpoints: komoot.com 2019; basemap:

OpenStreetMap 2021).

example of input data (GNSS-track points) and applied analysis (kernel
density, hotspot analysis, and fishnet counts).

The kernel density analysis describes the density of objects in the
neighborhood of these objects. The neighborhood corresponds to a
previously defined circular search radius (ESRI, 2016b). A pre-defined
search radius of 50 m was chosen in order to compromise GNSS-data
accuracy and density of the trails network in the study area.

The ArcGIS optimized hotspot analysis procedure was used to
determine the spatial distribution of visitors within the Park. In this
approach, statistically significant spatial clusters were formed from the
total number of trackpoints of a given data platform, which generated:
hotspots, at high values; and coldspots, at low values, in several gra-
dations. The gradation of the hotspots for each cell results from the
strength of the significance and is here 99%, 95% or 90%. All values
below this are classified as ‘not significant’. The coldspots are graded in
the same way, resulting in seven different cell types. This is done within
a grid in which the individual cells are 500 x 500 m in size (ESRI,
2018a). The grid 500 x 500 was chosen after consultation with the
National Park and was motivated by management implications.

In order to statistically compare the spatial distribution of tours
across various VGI platforms, the study area was divided into homoge-
nous spatial units, using a fishnet function. Initially, several grid sizes
were considered for this analysis (1000 x 1000 m; 500 x 500 m and 250
x 250 m). In case of 1000 x 1000-m fishnet, correlations were higher,
however the spatial resolution of the results was too general from the
management perspective. 250 x 250 m resolution resulted in a high
number of grid cells without tracks, or grid cells with very low values.
Thus, as a trade-off between grid resolution, amount of visitor tracks and
management perspective we decided for 500 x 500 m grid for final
analysis. Square units were assigned unique IDs. Subsequently, the
fishnet layer was intersected with GNSS-tracks. As a result, a fishnet
layer, where each square contained a unique ID and the number of tracks
passing through it, was calculated. The same fishnet reference layer was
intersected with GNSS-tracks of each VGI-platform, resulting in a dataset
containing the following attributes: 1) square ID; 2) number of GPSies-
tracks; 3) number of Outdooractive tracks and 4) number of Komoot
tracks. To assure better comparability between the three platforms, the
values of track number per square unit were standardized to a range
between 0 and 100% (where 100% indicated a maximum registered
value in a given dataset and 0% indicated a square unit without any
tracks). In this way, the dataset consisting of 1159 individual square
units containing tour numbers originating from GPSies, Outdooractive
and Komoot platforms were statistically comparable.

In order to establish a relationship between the number of GNSS-
based VGI tours and the count data, a buffer of 50 m around each Eco-
Counter sensor was applied to assign number of GNSS-tracks passing
through this location. Spearman correlation was used to test whether

there is a correlation between the number of counts at the eleven
counting locations and the number of GNSS-tracks passing through
those locations.

The analysis was carried out for three VGI platforms separately. The
available field count data (acquired in the period between April 28,
2013 and April 27, 2014) were correlated with VGI data uploaded in the
corresponding time period. Statistical analysis was done in SPSS. Spatial
analysis was done in ArcGIS.

3. Results
3.1. Tour length

The average tour length across all platforms was 11.16 km and
differed significantly between the platforms (Kruskal Wallis test: H =
27.401, p < .001). No differences between GPSies and Outdooractive
were found, whereas Komoot tours were shorter (Table 3). The high
standard deviations of GPSies and Outdooractive tours indicated a
greater variation in tour length compared to Komoot. GPSies and Out-
dooractive, had a higher maximum tour length.

3.2. Kernel density of the hiking tours

The kernel density analysis revealed those areas within the Park that
have a high density of trackpoints. The network of trails around the
three highest peaks of the Park was found to be highly frequented on all
three platforms. Only at the border crossing to the Czech Republic, at the
northeastern end of the National Park, did the platforms show differ-
ences. Outdooractive and Komoot in particular recorded a high density
of tours there, whereas GPSies did not provide any trends in this regard
(Fig. 3).

3.3. Hot- and coldspots of the hiking tours

The hotspot analyses of the three platforms illustrated similar find-
ings. Here, too, relevant hotspots were found for the areas around the
peaks, which can be attributed to a high tour density. Likewise, Out-
dooractive and Komoot showed hotspots at the border crossing to the
Czech Republic in the Northeast, which is only classified as an insig-
nificant area by GPSies. Komoot is frequently used in the Czech Re-
public, which is probably why the number of cross-border tours is
greater here (Fig. 4).

3.4. Spatial distribution of VGI tours within homogenous grid units
(fishnet)

Using a 500 x 500m fishnet grid, the spatial comparison of the
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Table 3
Descriptive statistics of the tour lengths of the three platforms.

Applied Geography 150 (2023) 102825

Number of tours Mean value (km)

Median (km)

Standard deviation (km) Minimum (km) Maximum (km)

GPSies 402 13.65 11.53
Outdooractive 250 12.90 11.30
Komoot 1090 9.84 9.78

10.98 0.002 66.00
10.67 0.03 66.15
5.35 0.02 39.54

hiking tours showed squares inside the Park for which the number of
hiking tours is high or low according to the respective platform. This
corresponds to the previously mentioned results of the kernel density
and hotspot analysis. What is striking about Komoot is the compara-
tively small number of squares with a recognizably higher number of
tours. Despite the overall high number of tours for this platform, they
seemed to be rather evenly spatially distributed (Fig. 5). The results of
the Spearman correlation showed that the number of hiking tours
passing through a certain square (500 x 500 m) of the Park area was
strongly positively correlated with each other for all three platforms
(Table 4). The strongest correlation of the spatial distribution of hiking
tours could be found between GPSies and Outdooractive (r = 0.928, p <
.001), as well as between Outdooractive and Komoot (r = 0.845, p <
.001). For GPSies and Komoot, the correlation parameter is similar (r =
0.817, p < .001).

3.5. The comparison of VGI tours and count data

Thanks to availability of 1-year field visitor monitoring data at 11
National Park locations we intended to compare field count data with
VGI data, downloaded within the corresponding time period (April 28,
2013-April 27, 2014). Table 5 presents correlation results. Significant
positive correlation between field counts and number of tours obtained
from GPSies for 11 specified locations was found (r = 0.633, p = .037).
Due to a limited amount of VGI-data during the specified 1-year period,
calculation of correlation between count data and Komoot data was not
possible. Correlation between count data and Outdooractive data was
not significant. However, at this point we would like highlight the
problem of limited sample of VGI data that would exactly correspond
with the period of visitor monitoring in the field. Due to missing long-
term field counts at studied 11 National Park locations, no correlation
between count data and VGI data for the 6-year-period (2013-2018) was
calculated. We extensively report on this issue further in the discussion
section (Section 4.3).

Within the period of 6-years (2013-2018) further comparisons
across VGI-platforms (without considering field counts) at 11 mentioned
National Park locations were possible. There were significant positive
correlations between the numbers of tours obtained from different VGI-
platforms. The correlation between GPSies and Outdooractive (r =
0.902, p < .001) as well as between GPSies and Komoot (r = 0.779, p <
.01) were stronger than the correlation between Komoot and Out-
dooractive (r = 0.637, p < .05).

4. Discussion
4.1. Significance of the findings

The results suggest that GNSS-based VGI offers some new perspec-
tives for visitor monitoring in protected areas. Notably, two of the
investigated online platforms: “GPSies” and “Outdooractive” corre-
sponded very well to each other, both in the spatial distribution of the
recorded tours and lengths of hiking tours. Moreover, data obtained
from these platforms showed a significant correlation with the count
data, collected in the field. Furthermore, the results of kernel density and
grid analysis correspond well with the spatial use data of a previous
survey in the National Park (Allex et al., 2016).

These findings apply to the Bavarian Forest National Park but may
differ due to different popularity of the platforms in other protected

areas. It should also be noted that GNSS-based VGI data cannot simply
replace a visitor census. On the one hand, the representation of aggre-
gated spatial visitor distribution, based on GNSS-based VGI data
collected over several years, seems possible, on the other one such data
is not sufficient to depict more detailed spatio-temporal resolutions (e.g.
comparisons in visitor distribution over seasons, course of the year or
weekly and daily dynamics of recreational use).

In order to exploit further resources of VGI, the evaluation should be
extended to the temporal aspect of visitor behavior, whereby the effect
of management measures, such as the closure of a path, the construction
of a new theme path or the establishment of an attraction point, could be
recorded. In addition, the speed of movement, along with the starting
and end points of the trips could be investigated in the future (Bielanski
et al., 2018). Off-trail behavior, of which visitors are usually unaware,
can also be investigated with little effort using tours from online plat-
forms (Bielanski et al., 2018; Norman et al., 2019). At the same time,
recording specific trail segments, where visitors violate park regulations
provides the opportunity to take targeted visitor management actions
online and in the field.

This work shows that GNSS-based VGI data can provide detailed and
comprehensive information on spatial visitor behavior in protected
areas. It demonstrates that there can be a high level of substitutability
between different services. However, it also becomes clear that the use
of the platforms without a prior check for correlation with visitor counts
or route surveys and the general suitability as a data basis is only of
limited use. GPSies and Outdooractive showed similarities with the
count data in terms of visitor frequency at eleven count sites and can
therefore be used for the Bavarian Forest National Park as a method to
support the survey of spatial visitor behavior. However, it is not suffi-
cient to carry out the validation against counting data only once. A
systematic validation in regular time steps would be desirable, as the
digital data resources may change dynamically.

4.2. Comparison with field observations

Visitor surveys and counts by human observers are very time-
consuming and require a lot of planning (Arnberger et al., 2005;
Fisher et al., 2018). On the other hand, counts by automatic counting
devices provide insights into absolute visitor numbers at specific trail
segments over longer periods of time, but often do not provide exact
information about the activity performed (Bu et al., 2007; Cessford &
Muhar, 2003). VGI can be a cost-effective and less time-consuming
alternative that provides detailed information on spatiotemporal
visitor behavior when highly correlated with existing count data. Thus,
it is possible to find out which trails in a protected area are highly or
lowly frequented, when, and for what visitor activity. In contrast to
automatic counting devices, the entire course of the tour and the activity
can be recorded (Norman et al., 2019). Passive data collection can also
capture unauthorized activity better than an active collection method
where the visitor may adjust their behavior due to the presence of park
rangers (Heikinheimo et al., 2017; Norman et al., 2019; Cessford &
Muhar, 2003). However, since the motives behind decisions as well as
absolute visitor volumes are important for protected area administra-
tions to develop appropriate management measures, a combination of
several survey methods is recommended. Thus, the use of GNSS-based
VGI data is conceivable as a complementary method besides route sur-
veys and automated counting devices.



L. Horst et al. Applied Geography 150 (2023) 102825

Outdooractive
A Peak

Kernel Density
- High :100
- Low: 0

GPSies

A Peak
Kernel Density
) High : 100
- Low: 0

N

Komoot
A Peak

Kernel Density
- High :100
- Low: 0

LT IKilometers
N

0 5 10 20

Fig. 3. Kernel density of hiking tours from GPSies, Outdooractive and Komoot on the territory of the Bavarian Forest National Park. (Source: gpsies.com 2019,
outdooractive.com 2019, komoot.com 2019, NLPVW BW 2019, opendata.bayern.de 2019).
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Fig. 4. Hotspot analysis of hiking tours from GPSies, Outdooractive and Komoot platforms on the territory of the Bavarian Forest National Park (Source: gpsies.com
2019, outdooractive.com 2019, komoot.com 2019, NLPVW BW 2019, opendata.bayern.de 2019).
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Table 4

Comparison of the spatial distribution of tours between 3 VGI platforms - cor-
relation of tour numbers within specified grid units (n = 1159), based on data
from GPSies, Outdooractive and Komoot. Analysis for six-year time period
(2013-2018).

Statistics GPSies Outdooractive ~ Komoot
GPSies Spearman correlation 1 0.928** 0.817**

coefficient

N 1159 1159 1159
Outdooractive ~ Spearman correlation 0.928** 1 0.845%**

coefficient

N 1159 1159 1159
Komoot Spearman correlation 0.817**  0.845** 1

coefficient

N 1159 1159 1159

** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).

Table 5

Correlation between number of GNSS-based VGI hiking tours and field counts at
11 counting locations, grouped by VGI data platform. Analysis of the data ob-
tained for one-year time period (28.4.2013-27.4.2014).

Statistics Field counts

GPSies Spearman correlation .633*
coefficient
Significance (2-tailed) .037
N 11
Outdooractive ~ Spearman correlation .261
coefficient
Significance (2-tailed) .438
N 11
Komoot Spearman correlation
coefficient
Significance (2-tailed) -
N No VGlI-tours at 11 investigated locations

between 28.04.13 — 27.04.14

4.3. Strengths and limitations of the proposed methodology

When selecting the platforms to be used as a data basis, assessing
their national and regional importance is crucial. A sufficient intensity of
use in the respective country and therefore also for the number of
available tours is decisive in appropriate platform selection (Norman &
Pickering, 2017). The platforms used for this evaluation (GPSies, Out-
dooractive and Komoot), were selected due to their popularity among
visitors in German protected areas. Nevertheless, remote protected areas
have to be checked in advance with regard to the size of the available
data (Norman et al., 2019). For the Bavarian Forest National Park, the
three selected applications are the most popular among VGI platforms
and may provide a potential data source for visitor monitoring. How-
ever, the results of our study indicate that GPSies and Outdooractive
were more suitable for determining the distribution of visitors in the
area concerned, since they reflected similar trends to the data collected
in the field by the counting devices.

When using crowdsourced data, the privacy of users should also not
be disregarded (Salganik, 2018). Data sources perceived as public
therefore do not imply the unconditional consent of the author to use
them for research (Salganik, 2018; Toivonen et al., 2019; Zook et al.,
2017). For this study, only tours that were publicly available to any user
of the platform were downloaded. The tours were analyzed only
collectively and no personalized data was employed. Any possibility of
drawing conclusions about individuals and their behavior, such as
user-names, was excluded. Moreover, in the future, the focus on macro
rather than micro data must be maintained when using similar data
sources. The costs and benefits of a study must always be able to guar-
antee an appropriate ethical balance (Salganik, 2018).

When recording a tour using a GNSS-enabled device, there are
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factors that influence the strength of the signal and consequently the
accuracy of the recorded track (Schamel, 2017). Since the Bavarian
Forest National Park consists mainly of forest areas, deviations from the
original route cannot be ruled out for some tours. However, it can be
assumed that the impairment of the results by individual, deviating
tours is low.

Further attention should be paid to the configuration of the GNSS-
devices and the recording method of visitor movement trajectories. In
the case of data recording, when using the constant time step, the speed
of visitor movement affects the accumulation of trackpoints. Thus, this
leads to a higher density of track-points at slow-motion locations and a
possible bias in the kernel density and hotspot analysis, based on point
datasets. According to this, the results would not be an indicator for the
visitor density, but the length of stay. This could be the reason for the
high trackpoint density in the summit area. However, it cannot be
excluded that some applications automatically correct this source of
error after recording a tour. More detailed investigations of this issue are
needed to avoid it in the future.

The issue of spatial autocorrelation requires further attention. Spatial
autocorrelation means that geographically closer areas are more similar
in their characteristics (Brunsdon & Comber, 2015). This can be seen in
the application of grid analysis in this study, where the study area is
divided into grid cells that are given a certain weighting by the number
of tours. Neighboring cells are more similar to each other than those that
are far apart, as the tours show the linear movement of visitors. Spatial
autocorrelation would also affect the observed strong positive correla-
tion of the platforms with each other that occurred when the tour counts
were compared. Therefore, when using this method in the future, a
possible autocorrelation of the data should be checked. A remedy could
be the measurement of the spatial autocorrelation based on object po-
sitions and object values. The result shows whether the pattern created
by the objects is distributed, grouped or random (ESRI, 2018b).

The choice of the investigation period from January 1, 2013 to
December 31, 2018 has to be critically reflected on. It was chosen to
cover the collection period of the count data (28.4.2013-27.4.2014) and
at the same time generate a sufficiently large dataset of GNSS-based VGI
data. In the case of shorter study periods, such as annual comparisons,
the sample size of tours would have been too small in order to obtain
statistically stable results, especially for Outdooractive and Komoot.
Supplementary material (S1; Figure A) presents dynamic changes in VGI
platforms popularity and the number of annually uploaded tours. Longer
study periods allow to mitigate temporal changes in the VGI dataset.
Therefore, in subsequent studies of this type, a trade-off must always be
made between the amount of data required and the desired target time
period. Due to the growing popularity of the VGI platforms, it will be
probably soon possible to investigate spatial behavior of visitors within
smaller areas and shorter time bins, such as individual years, seasons or
months.

Furthermore, in order to validate GNSS-based VGI data against field
observations, long-term systematic visitor monitoring in protected areas
is crucial. We admit, that having field count data for the entire study
period (6 years; 2013-2018) would be an ideal situation. As our study is
based upon existing historical data (VGI data and available field counts)
no additional field data acquisition could have been considered at the
stage of research design. Systematic field counts at 11 specified National
Park locations were available for the period of 1 year (April 28, 2013 to
April 27, 2014). After inspecting GNSS-based VGI-data uploaded during
the same time period we encountered a problem of a limited sample size
of tours available at specific VGI platforms. Supplementary material (S1,
Table A) summarizes the number of annual visits (entries) registered in
the field at 11 specified National Park locations and the number of VGI-
tours crossing those points during corresponding time period. Regret-
tably, sample size of VGI-data was too small to validate it against
available field count data and make final conclusions on VGI-data reli-
ability. A significant positive correlation was found for GPSies platform.
However, data sample size for Outdooractive and Komoot was not
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sufficient to make consistent comparison to the count data. On the other
hand, at this point we would like to highlight the necessity of long-term
visitor monitoring using other methods, such as automatic visitor
counting in the field. Long-term systematic monitoring would allow
better data basis to validate novel data acquisition approaches such as
GNSS-based VGI.

4.4. Management implications

Our results may substantially support planning and management
decisions related to outdoor recreational areas. Provisioning cost-
efficient, reliable data resources on visitor spatial behavior is a current
issue faced by scholars and practitioners. Both are operating in the
context of rapid digitalization progress within social and environmental
systems. Especially, ecologically sensitive recreational destinations may
profit from high-resolution GNSS-based VGI data delivering useful in-
formation on the spatio-temporal patterns in recreational use. Such data
might be useful for the prioritization of trail management, for example,
closure of trails or level of maintenance of trails, use of trail signage;
development of staff schedules, e.g. presence of rangers controlling on
and off-site use of trails. Integration of GNSS-based data with additional
information, such as environment structures, trail characteristics,
external factors such as weather and trail conditions may multiply
management and visitor benefits.

Yet, in order to make effective management decisions, reliable data is
a key prerequisite. For many protected areas worldwide, these or similar
GNSS-based VGI data are available. We present a way for other pro-
tected areas to assess the reliability of this digital data resources.

5. Conclusions

We conclude that GNSS-based VGI seems to offer new perspectives
for visitor monitoring in protected areas. However, this type of data
needs to undergo a strict validation procedure. In our case study, data
provided by two of the investigated online platforms: “GPSies” and
“Outdooractive” corresponded very well to each other in the spatial
distribution of the recorded tours and lengths of hiking tours. Moreover,
data obtained from GPSies showed a significant correlation with the
count data collected in the field. The used analytical methods allowed
quantitative comparisons of the spatial distribution patterns originating
from various data platforms. Additionally, validation against field ob-
servations partly allowed us to assess the overall reliability of VGI data
in visitor monitoring. Yet, due to limited VGI-data sample uploaded
within the time frame of available field monitoring data, further inves-
tigation including longer field counting period is recommended.

Recent leisure and outdoor recreation trends show an increased use
of technology among visitors. One such example of this is the recent
rapid development of mobile phone applications dedicated to outdoor
navigation and guidance, along with the progressing digitalization of
recreational resources. Another important trend is the constantly
growing interest in ICT and social media, used in a recreational context.
Therefore, we believe that analyzing the digital traces of visitors may
contribute to a better understanding of visitor flows in protected areas
and support effective management of recreational use in vulnerable
environments.
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