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H I G H L I G H T S  

• Accurate models of recreation achieved with machine learning and viewshed analysis. 
• Blue space, infrastructure and deciduous forests are preferred. 
• Noise, built-up areas and younger forests are avoided. 
• Management to address these aspects could improve quality of recreation.  
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A B S T R A C T   

Planning for outdoor recreation requires knowledge about the needs and preferences of recreationists. While 
previous research has mainly relied on stated preferences, recent advances in spatial data collection and analysis 
have enabled the assessments of actual usage patterns. In this study, we explored how landscape characteristics 
interact with the attributes of recreationists to determine their area choice for recreation. Using a public 
participation GIS (PPGIS) approach we asked residents of a Swedish city in the boreal region to draw typical 
recreational routes and identify favourite places for recreation on a digital online map (1389 routes, 385 in-
dividuals). We employed a novel methodology, where LiDAR data was used to calculate what was visible along 
all routes and at favourite places (viewsheds) in order to more realistically capture the landscape that each 
recreationist had experienced. Using machine learning modelling, we compared landscape characteristics of 
experienced areas with areas available to each recreationist. Our novel approach yielded accurate models that 
revealed that water environments, recreational infrastructure and deciduous forests increased the probability of 
choosing an area for recreation, while urban environments, noise, forest clearcuts and young forests had the 
opposite effect. Characteristics of the recreationists such as age, gender, level of education, or of the activity, such 
as type of activity performed, did not meaningfully influence area choice. Our findings suggest that it is possible 
to improve the conditions for recreation by developing recreational infrastructure, maintaining recreation op-
portunities close to waters, and adapting forest management in areas important for recreation.   

1. Introduction 

Urban and near-urban green spaces are in decline globally (Richards 
& Belcher, 2020). A reason for this is the undervaluation of green space 
in decision-making processes due to the challenges of incorporating 
cultural ecosystem services, such as the provision of opportunities for 
outdoor recreation (Fish, Church, & Winter, 2016). To address this issue, 
there have been suggestions to incorporate green space indicators into 

physical planning, such as residents having at least a certain amount of 
green space within an accessible distance (Ekkel & de Vries, 2017). 
While such efforts emphasize the importance of quantity, it’s also crucial 
to consider the quality of green space. Higher quality has been linked to 
both increased visitation (Kajosaari et al., 2024) and improved health 
outcomes for recreationists (Nguyen, Astell-Burt, Rahimi-Ardabili, & 
Feng, 2021). To be able to assess the quality of greenspace however, 
which characteristics that are attractive for recreationists need to be 
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understood. 
Research on landscape preferences of recreationists has shown that, 

for instance, forest characteristics (Gundersen, Köhler, & Myrvold, 
2019), landscape heterogeneity (Filyushkina, Agimass, Lundhede, 
Strange, & Jacobsen, 2017), and presence of water (White et al., 2010) 
can affect willingness to access a specific area. Most research has relied 
on stated preferences, mainly studied by showing recreationists pictures 
of landscapes and asking them to rate them. The results from such 
studies have been synthesized to map the supply of recreational land-
scapes (e.g. Paracchini et al., 2014; Walz & Stein, 2018). With recent 
technological advancements, particularly the widespread adoption of 
smartphones, an increasing number of studies have been performed on 
revealed preferences, i.e. how recreationists actually utilize landscapes. 
Various methods have been employed, such as GPS tracking (Korpilo, 
Virtanen, & Lehvävirta, 2017), data scraping from social media (Kar-
asov, Vieira, Külvik, & Chervanyov, 2020), and implementations of 
public participation geographic information systems (PPGIS), wherein 
online surveys are deployed to collect spatial data from respondents 
(Brown & Fagerholm, 2015). 

Most PPGIS studies correlate landscape utilization with remote 
sensing data, such as land cover maps. Often the studies do not control 
for effects stemming from spatial heterogeneity (e.g. Kienast, Degen-
hardt, Weilenmann, Wäger, & Buchecker, 2012; Baumeister, Gersten-
berg, Plieninger, & Schraml, 2020; De Valck et al., 2016), such as what 
has been termed distance-decay, which means that areas further away are 
less likely to be visited (De Valck & Rolfe, 2018). How easily accessible 
an area is has shown to have a strong influence on to what degree it is 
used for recreation, with recreationists tending to utilize landscapes that 
are in close proximity (Grahn & Stigsdotter, 2003; Hörnsten, 2000; 
Lehto, Hedblom, Öckinger, & Ranius, 2022; Neuvonen, Sievänen, 
Tönnes, & Koskela, 2007). To be able to tease apart the effect of pref-
erence with that of accessibility it is important to control for this. A 
further methodological obstacle is defining what landscape the recrea-
tionist perceived, with a common approach being sampling a buffer 
around respondent’s locations (e.g. Baumeister et al., 2020). An alter-
native (or complement) is to calculate viewsheds, using topography to 
estimate what landscape was visible to the recreationist (e.g. Schirpke, 
Tasser, & Tappeiner, 2013; Yoshimura & Hiura, 2017). This approach 
increases the realism of the analysis, but has rarely been utilized in 
PPGIS studies, probably due to its higher computational cost. 

Landscape preferences of recreationists have been found to be het-
erogeneous, with variation in preference due to the type of preferred 
activity (De Valck et al., 2017), socio-demographic factors (van Zanten, 
Verburg, Koetse, & van Beukering, 2014), held beliefs (Kearney & 
Bradley, 2011) and attitudes (such as nature relatedness: Nisbet, 
Zelenski, & Murphy, 2009; Elbakidze et al., 2022; Flowers, Freeman, & 
Gladwell, 2016), cultural differences (Gosal et al., 2021), user typology 
(Komossa, van der Zanden, & Verburg, 2019), age, gender (Gunnarsson, 
Knez, Hedblom, & Sang, 2017), or group identity (Scott, Carter, Brown, 
& White, 2009). However, heterogeneity of preference has mainly been 
shown in studies of stated preferences (e.g. De Valck et al., 2017), while 
only a few studies have revealed differences in actual patterns of rec-
reational usage of landscapes (e.g. De Valck et al., 2016; Kienast et al., 
2012). 

The goals with this study were: 

I. Exploring which landscape characteristics (e.g. land cover, het-
erogeneity, topography, recreational infrastructure, forest char-
acteristics) are important determinants of the choice of area for 
recreation.  

II. Investigating to what degree the preference for these landscape 
characteristics depends on attributes of the recreationist (age, 
gender, level of education, nature relatedness), or attributes 
related to the recreational visit (type of activity, frequency of 
visit, time spent, time of week/year).  

III. Furthering the field of PPGIS analysis of recreation by developing 
and implementing a more advanced approach, based on the in-
clusion of viewsheds, network analysis, and machine learning. 

To achieve these goals, we employ a PPGIS survey to collect spatial 
data on typical routes and favourite places of recreationists in and around 
the city of Umeå, Sweden. The reason for including both modes of rec-
reation was that we expected the routes to give a more complete picture 
of where daily recreation is performed, while the favourite places to a 
higher degree would exhibit which landscape characteristics are pref-
erable (Frick, Degenhardt, & Buchecker, 2007). 

We employ a novel methodology, in which we firstly control for the 
effect of accessibility using network analysis, to properly compare the 
areas used by the recreationists to areas that were available to them. 
Secondly, we capture the perceived recreational experience in a more 
realistic manner through estimating what landscape was visible to the 
recreationist using LiDAR data. Finally, we use flexible machine learning 
modeling in the form of Boosted Regression Trees, capable of handling a 
large number of map covariates. 

2. Materials and methods 

2.1. Survey 

2.1.1. Study area 
The study was performed in Umeå municipality, Sweden (Fig. 1). It 

covers an area of approximately 2300 km2 with a population of 131 000, 
yielding a population density of 56/km2 (Umeå municipal government, 
2022). Its seat, the city of Umeå, is the 13th most populous city in 
Sweden and harbors the largest university in northern Sweden. The 
climate is cold continental, with freezing winters and mild summers. The 
surrounding landscape is dominated by managed forest land (mainly 
coniferous), but with some remnants of unmanaged forest as well as 
arable land, wetlands, and lakes. Sweden has a right of public access that 
encompasses almost all land, both public and private, which means that 
there are very few restrictions on where people can engage in outdoor 
recreation. 

2.1.2. Survey design 
An invitation to participate in our survey was sent to 3,000 residents 

over 18 years of age of the Umeå postal area via mail in September 2021, 
with a reminder sent three weeks later. The list of recipients was ac-
quired from the Swedish state person address registry, which provided a 
stratified sample designed to be proportional to the population of Umeå 
with regards to gender and age. The invitation contained a link to the 
digital survey, which was implemented using the online survey tool 
Maptionnaire. 

In the survey, the respondents were asked to provide background 
personal data (age, gender, and level of education). Furthermore, they 
were asked to assess to what degree they were a nature-oriented and an 
urban-oriented person, using two respective sliders with a range between 
0 and 100, where 0 represented “Not at all” and 100 “Fully”. The terms 
were not defined further to the survey respondents, and was included as 
it had affected perception of green space in a previous study (Gun-
narsson et al., 2017). 

The main part of the survey was divided into two sections. In the first 
section, the respondents were asked to summarize their outdoor recre-
ation by drawing typical routes on a map of Umeå municipality. The 
respondents were asked to only draw what they experienced as the 
recreational route, and not including the travel route. For each route 
drawn, follow-up questions were asked, such as what type of activity 
was performed, the mode of transportation used to reach the area, and 
the frequency and duration of visits. This procedure was done separately 
for summer and winter recreation. The second section of the survey 
tasked the respondents with marking the locations of their favourite 
places when engaging in recreation. A favourite place was defined as a 
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Fig. 1. Land cover types of the study area (Umeå municipality, Sweden). Blue is water, light blue is wetland, green is forest, yellow is arable land, and grey is built-up 
areas. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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place “holding any specific importance, such as a place of beauty or 
somewhere you often stop and spend time in”. The participants were 
also asked to mark a location as close to their home location as they felt 
comfortable with. Prior to deployment, the survey was tested on a 
convenience sample of 45 friends and colleagues to assess its clarity and 
adjusted accordingly. Supplementary materials S1 contains an English 
translation of the survey. 

Since the survey did not handle sensitive information, we assessed it 
as not falling under any of the criteria listed in the Swedish Ethical re-
view act (2003:460), and thus did not need authorization from the 
Swedish Ethical Review Authority. Collected data was handled in 
accordance with the General Data Protection Regulation (Regulation 
(EU) 2016/679). At the start and the end of the survey, the respondents 
were provided information on how the collected data would be handled 
and consent was asked. 

2.1.3. Summary of responses 
Of the 3,000 invited participants, 658 (22 %) opened the link to the 

digital survey, and 285 (10 %) finished the entire survey. Data from 
respondents who drew at least one route or placed one favourite place 
was kept and used in the analysis. The routes were manually screened to 
assess data quality, with 15 erroneous routes removed. The basis for 
removal was that the route had crossed itself, had many acute angles, or 
had unrealistically long distances between vertices. The final sample 
was 1389 routes within Umeå municipality (947 summer, 442 winter) 
from 358 individuals (mean 3.88 routes/individual, std. dev 4.1). For 
the favourite places within Umeå municipality, the final sample con-
sisted of 275 from 181 individuals. The routes and favourite places are 
visualized in supplementary materials S2. 

Of the respondents, 47 % were male and 53 % female. Median age 
was 48 (std. dev. 17), which is similar to the Umeå average (49 ± 18, 
Umeå kommuns demografidatabas 2023). The respondents were more 
educated than the Swedish average; 70 % had attended higher education 
for at least one year, compared to the Swedish average of 45 % (SCB, 
2021). 

2.2. Modelling recreational choice 

With the collected spatial data, we analyzed which factors were most 
important in the choice of location for outdoor recreation. We did this in 
three steps: first we defined which areas the respondents had available 
to them; then we sampled various map data in both the used area and the 
available area; and finally we trained a machine learning model to 
compare the characteristics of the areas visited by the recreationists with 
those that were available to them. 

2.2.1. Use-available framework 
The routes and favourite places were analyzed in a use-available 

framework, where characteristics of the use sample are compared to 
those of the availability sample (Northrup, Hooten, Anderson, & Wit-
temyer, 2013). Here, our use sample consisted of the routes and 
favourite places marked by the survey respondents. To construct the 
availability sample for the routes, first a spatial network analysis was 
performed. This analysis used path and road map data to determine 
which areas could have been reached in the same time it took to reach 
the beginning of the route from the home of the respondent, utilizing the 
same mode of transportation as the respondent (on foot, by bike, or by 
car/public transportation). A random point was then placed along the 
edge of this area, and at that point a copy of the route was placed rotated 
180 degrees (Fig. 2). The route was rotated to minimize the risk of 
overlap between the performed and random route. For the respondents 
that drew a route but did not mark their home location (101 people, 204 
routes), the geographic median of all other home locations was used. 
The placement of the random routes were constrained so that the 
starting point of a route was not placed in water, and the entire route 
was always inside the municipal borders. 

To construct the availability sample for the favourite places, random 
points were placed around each home location within a distance equal to 
the distance to the favourite place. Network analysis was not applied 
here, since information on the mode of transportation was not requested 
for the favourite places. We evaluated the sensitivity of the model pre-
dictions to the size of the availability sample by creating models with 
either one, three or all nine random points included, as suggested by 
Northrup et al. (2013). The random points were constrained to not be 
placed in water or outside the municipal borders. This sensitivity anal-
ysis was not performed for the routes, due to the assumption that a 1:1 
matched sample was enough due to the larger sample size. 

2.2.2. Defining the area experienced by the respondents 
To define the spatial extent of what recreationists experienced, a 

combination of two approaches was employed. First, a buffer with a 
radius of 50 m was created around each favourite place and along each 
route, representing the immediate surroundings (cf. Baumeister et al., 
2020). This distance was chosen as a conservative estimate of a 
’perceptual horizon’, ensuring our analysis captures the core of the 
recreational experience without extending into possibly unexperienced 
areas. Secondly, a viewshed was calculated at each favourite place and 
along each route, representing the area that was visible. The viewsheds 
were constructed using LiDAR data (Lantmäteriet, 2023), which provide 
high resolution heightmaps of both the ground terrain and any obstacles 
that block vision (trees, buildings etc.). On the one hand, treating trees 
as complete visual barriers yields unrealistically small viewsheds, since 
vision is often only partially obscured by foliage. On the other hand, not 
accounting for trees would instead lead to unrealistically large 

Fig. 2. An example of how the availability sample was created for one 
respondent. The respondent had placed the home location (red dot), drawn two 
routes (grey dashed lines), and placed one favourite place (purple star). For the 
routes, the availability sample was created by copying the shape of each route, 
flipping it (red dashed lines), and placing it in a random position that could be 
reached in the same amount of time as the performed route, taking into account 
the mode of transportation. All equidistant locations from the home location are 
represented by the orange circle. The availability sample was randomly placed 
at a terrestrial point along this circle. For the favourite place, nine random 
locations (teal stars) were placed at an equal distance from the home location 
(blue circle) as the favourite place (purple star). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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viewsheds. As a compromise, we treated trees outside the 50 m buffer as 
a visual barrier and assumed full visibility within this distance (Fig. 3). 
For the favourite places, the viewshed was calculated from the point of 
the place, while for the routes it was calculated every 100 m along the 
routes, and then summed into a total viewshed. The viewsheds were 
calculated from a height of 1.5 m, with a maximum sight distance of 1 
km. The distance between calculations was chosen partly for computa-
tional cost reasons, but also so that the 50 m buffer where we assume full 
visibility would exactly lie tangent with the next calculated viewshed. 

2.2.3. Model predictors 
Landscape characteristics were sampled using several map sources. 

In addition to landscape predictors, characteristics of the respondents 
and of the activity were included as predictors (Table 1). Most landscape 
predictors were sampled in both the viewshed and the buffer, while 
those assumed to be more related to the immediate experience (e.g. 
noise) were exclusively sampled in the buffer. 

Land cover was extracted from the CadasterENV Sweden map 
(Swedish Environmental Protection Agency, 2023) and reclassified from 
25 original classes into 13 classes (Supplementary materials S3). The 
fractions of each land cover of the buffer and the viewshed, respectively, 
were used as predictors. They were also used to estimate landscape 
heterogeneity of viewsheds and buffers by calculating the Shannon- 
Wiener diversity index, which reflect how many land cover types 
there are and how evenly the area is divided into these types (Shannon, 
1948). 

The Swedish Agricultural University forest map added nuance to the 
land cover maps in forested areas by supplying estimates of the mean 
tree height and volumes of different tree species, as well as total tree 
biomass volume (SLU, 2015). Conservation value of land was included 

as a predictor by combining several sources of map data: formally pro-
tected areas (nature reserves and protected forest biotopes) sourced 
from the Swedish Environmental Protection Agency, woodland key 
habitats from the Swedish Forestry Agency (i.e. forests with high con-
servation values; Timonen et al. (2010)), and areas with high conser-
vation values identified by the Umeå municipal government. The 
predictor used in the model was the percentage overlap between the 
buffer and any of these maps. 

We included noise level as a predictor using three maps of estimated 
average daily noise levels (Lden) due to road traffic, railroad traffic, and 
industry, respectively (Umeå Municipal government, 2016). These were 
combined by taking the highest estimated noise level at each point of the 
three maps, and then calculating the average across the buffer. To 
include recreational infrastructure, data on amenities (shelters, toilets, 
and fireplaces) from the municipal government was used as a predictor 
by calculating the average distance to the nearest recreational amenity, 
while paths and roads were extracted from OpenStreetMap, and den-
sities of each were calculated within the buffer. As topographical mea-
sures, we used the median, standard deviation, and range (largest 
difference) of elevation above sea level within buffer and viewshed. 

2.2.4. Modeling: boosted regression trees 
Statistical modeling was performed using boosted regression trees 

(BRT), also known as gradient boosting machines, or generalized 
boosting models. BRT is a machine learning approach that can be used 
both for regression or classification, where the predictive model is 
created by iteratively building an ensemble of many decision trees 
(Friedman, 2001). The method has several advantages: it does not as-
sume linear relationships between predictor variables and response 
variables; it can handle a large number of predictors regardless of 

Fig. 3. Example of the sampled landscape around two favourite places. The red point is the favourite place provided by the survey respondent, the blue circle is the 
50 m buffer, and red areas are the calculated visible landscape when standing at the point (viewshed). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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multicollinearity; and it eschews the need for model selection or pre- 
specifying interaction effects. The main disadvantage of BRT is a 
lower interpretability of the final models, being more of a “black box” 
than traditional regression models such as GAMs or GLMs. However, 
with recent methodological advances (e.g. the Interpretable Machine 
Learning package for R applied here; Molnar, Casalicchio, & Bischl, 
2018), these shortcomings are mitigated. For a more detailed explora-
tion of BRT, see Elith, Leathwick, and Hastie (2008). 

All analyses and visualizations were carried out in R version 4.0.3 (R 
Core Team, 2020). Boosted regression trees were constructed using a 
Bernoulli distribution with Use/Available as the response variable, and 
hyperparameters were set using a grid-search to find the optimal values, 
with models being evaluated on their cross-validated accuracy. Feature 
(predictor) importance, interaction effects and accumulated local effect 
(ALE) plots were evaluated using the iml package (Molnar et al., 2018). 

A more detailed account of the modeling is presented in Supplementary 
materials S4. 

3. Results 

3.1. Model validity 

The route model yielded a cross-validated accuracy of 0.78, meaning 
that 78 % of the time the model correctly differentiated between an 
actual route by a recreationist and a randomly placed route. The model 
for favourite places was similarly accurate regardless of the size of the 
availability sample: the accuracy was 0.83, 0.82, and 0.84 respectively 
for 1, 3, or 9 random points per used point. As the three models also were 
consistent in predictor effects, we concluded that an availability sample 
with one random point was sufficient, and present results only from that 
model. 

To evaluate BRT model effects, the first step is to calculate a feature 
importance table, which ranks each predictor (i.e. “feature”) according 
to its influence on model accuracy. The effect size is normalized across 
all predictors to produce a relative influence in percent for each pre-
dictor. This relative influence provides information on how important 
each predictor is for model accuracy, but does not inform on the specific 
relationship between the predictor and the response variable. To un-
derstand how the likelihood that a route or favourite place was used by a 
recreationist related to the value of the predictor, we produced accu-
mulated local effects (ALE) plots, which are 2D representations of this 
relationship. As BRT models can have multidimensional interactions 
between predictors, ALE plots are valid only when the predictor is not 
strongly affected by such effects. This can be investigated using the H 
statistic, which estimates how much of a predictors relative influence is 
due to interactions with other predictors. In the route model, the frac-
tions of built-up area within the viewshed and within the buffer were the 
only predictors showing an H statistic >10 %. The H statistic can be 
decomposed in a second stage to see which other predictors that the 
predictor is interacting with; decomposing the H statistic for these pre-
dictors showed that they mainly interacted with each other. For the 
favourite place model, only the distance to recreational amenities 
showed H > 10 %, which when decomposed revealed only weak in-
teractions with many other predictors in the model. The presented ALE 
plots (Section 3.2) for individual predictors are thus mostly unaffected 
by interactions, and accurately depict how each predictor affects model 
output. 

3.2. Predictors’ effect on the choice of recreational location 

When evaluating predictors of BRT models, a common rule of thumb 
is to only investigate predictors that have a relative influence larger than 
expected by chance, which is the inverse of the number of predictors. 
Due to the large number of predictors in our models (53 and 51) this cut- 
off was low (~1.9 %), with 23 predictors having a higher influence than 
the cut-off for the route model and 12 for the favourite places model. We 
created ALE plots for all predictors above the cut-off, but present only 
the interpretable ALE plots (i.e. mainly plots with a clear direction of the 
relationship between the variables, and for which the relationship could 
not easily be explained as an artifact due to confounding variables) for 
the two models in Figs. 4 and 5, while the plots for the remaining pre-
dictors are included in Supplementary materials S5. 

3.2.1. Predictors affecting selection of routes 
For the route model, proximity to recreational amenities (shelters, 

fireplaces, and toilets) had the strongest positive effect, where shorter 
distances increased the probability that a route was used (Fig. 4). The 
amount of built-up area in the viewshed had a strongly negative effect, 
while for the amount of built-up area in the buffer, the relationship was 
inversely u-shaped. Path density, deciduous forest in the buffer, open 
area without vegetation (both buffer and viewshed), tree height, and 

Table 1 
Predictors Used in the Machine Learning Models.  

Predictor Description Unit 

Land cover(13 
predictors)a,b 

Composition of reclassified 
land cover types 

% 

Shannon-Wiener 
diversitya,b 

Landscape heterogeneity, 
calculated using the 
reclassified land cover 
classes 

Unitless 

Tree heighta,b Average height of trees m 
Spruce volumea,b Average standing volume of 

Norway spruce 
m3/ha 

Pine volumea,b Average standing volume of 
Scots pine 

m3/ha 

Birch volumea,b Average standing volume of 
birch 

m3/ha 

Biomass 
volumea,b 

Average volume of all 
vegetation 

m3/ha 

Elevation (3 
predictors)a,b 

Median, standard deviation 
and range of elevation 

m 

Noisea A-weighted day noise level Lden dB(A) 
Area of 

conservation 
concerna 

Overlap of buffer with areas 
of high nature conservation 
values 

% 

Path/road 
densitya 

Density of paths and roads 
within buffer 

m/m2 

Distance to 
amenities 

Average distance to the 
closest recreational amenity 

m 

Age The age of the respondent years 
Gender The gender of the respondent Male; Female; Other 
Education Highest level of finished 

education 
Elementary School; 
Secondary School; University 
2 yrs or less; University > 2 
yrs; Folk high school 

Urban person To what extent the person 
self-identified as an “Urban 
person” 

Unitless [0–100] 

Nature person To what extent the person 
self-identified as a “Nature 
person” 

Unitless [0–100] 

Activity* Type of activity engaged in Walking; Walking with dog; 
Jogging/running; Cycling; Ice 
skating; Cross-country skiing 

Season* Time of year Summer; Winter 
Transportation* The mode of transportation 

used to get to the route from 
home 

On foot; Bicycle; Car; Public 
transportation 

Weekday/ 
Weekend* 

Whether the route primarily 
is performed during 
weekdays, the weekend, or 
both 

Weekday; Weekend; Both 

Time usually 
spent* 

The average visit duration Minutes 

Visit frequency* How often the route is 
performed 

Times per year  

* Predictor only used for route model. 
a Predictor was sampled within the 50 m buffer. 
b Predictor was sampled within the viewshed. 
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freshwater in the viewshed were all positively related with route use. 
Noise and clearcuts in the viewshed showed negative correlations. 

3.2.2. Predictors affecting selection of favourite places 
In the model predicting favourite places, two predictors were 

considerably more influential than the others and strongly positively 
correlated with being a favourite place: the amount of freshwater in the 
viewshed, and proximity to the nearest amenity (Fig. 5). Freshwater 
within the 50 m buffer was also positive, along with the standard de-
viation of elevation. In the viewshed, the fraction of sea and median 
elevation were positive, while the fraction built-up area and pine forest 
was negative. Moreover, viewshed size was positively correlated with 
being a favourite place. 

4. Discussion 

Here we employed a novel approach to analysis of PPGIS survey 
data. By including viewsheds and controlling for accessibility when 
analyzing landscapes around favourite places and along recreational 
routes, we created high-accuracy models that revealed which landscape 
characteristics are important to recreationists. Environments with rec-
reational infrastructure, water elements and deciduous forests were 
preferred, while noisy, built-up areas, young forests, and clearcuts were 
avoided. The analysis revealed that the routes and the favourite places 
had some commonalities in what features were important, showing 
preference for recreational infrastructure and avoidance of urban areas. 
There were also some differences, with the route model emphasizing 
forest attributes, whereas the favourite place model was more influ-
enced by water elements and topography. Contrary to expectation, we 
did not find more pronounced landscape preferences in the favourite 
places model, with both models instead being similarly accurate. 

4.1. What landscape characteristics matter for recreationists? 

4.1.1. Preference for recreational infrastructure 
Proximity to a shelter, fireplace, or toilet had a strong positive effect 

on the likelihood of an area being used by recreationists in both models. 
Correlations between recreational infrastructure and visits have been 
revealed also in previous studies (De Valck et al., 2017; Giergiczny, 
Czajkowski, Żylicz, & Angelstam, 2015; Kienast et al., 2012). Such a 
pattern can be either because the recreational infrastructure attracts 
visitors, or because it is built in already popular places. A study of 
American national parks suggested the former (Donovan, Cerveny, & 
Gatziolis, 2016). We argue that our results also support this view, as the 
large number of predictors leaves little room for the effect of recrea-
tional infrastructure to be only a proxy for other qualities in these areas. 
The magnitude of the effect in our study underscores the importance of 
incorporating recreational infrastructure in physical planning. 

The density of paths and trails showed a positive effect in the route 
model. The role of paths and trails have rarely been studied, but Gun-
dersen and Vistad (2016) have highlighted the importance of path 
quality for recreationists, finding that less developed paths (in terms of 
size, paving, signage etc.) were preferred in an experimental setting 
(rating photographs), but that more developed paths was utilized more 
frequently when studying actual behavior. We did not study the effect of 
path quality, but conclude that the occurrence of paths attract 
recreationists. 

4.1.2. Importance of water elements 
We found a strong preference for recreation close to water elements 

in the favourite place model. Moreover, in the route model the land 
cover class “Open area without vegetation” had a strong positive effect, 
which in the study area mostly represents rocky and sandy coastal areas. 

Fig. 4. Accumulated local effects for 12 of the most influential predictors in a model comparing landscape characteristics of routes used by recreationists to random 
routes. A higher value on the y-axis represents a higher likelihood that it is a used route. The relative influence of each predictor on model outcomes is shown in the 
boxes in the upper right corner of each graph. Above the x-axis is a rug plot, which shows the distribution of values within the dataset, with each notch representing 
one percentile. The x-axis has been cut off at 95 % of the range of each variable within the dataset to remove outliers. 
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These results are consistent with previous studies of both stated (De 
Valck et al., 2017; Kaplan & Kaplan, 1989; White et al., 2010) and 
revealed preferences (Baumeister et al., 2020; Kienast et al., 2012; 
Laatikainen, Piiroinen, Lehtinen, & Kyttä, 2017). Our results highlight 
the importance of preserving water environments for recreational use. 
Recreational opportunities around water elements can be further 
improved by establishing recreational infrastructure in the vicinity or 
adapting management to increase viewsheds towards them. 

4.1.3. Preferences for specific forest characteristics 
Forest-related predictors were important in both models, but espe-

cially in the route model. Deciduous forest and taller trees had a positive 
effect, while clearcuts had a negative effect. The fraction of deciduous 
forest within the buffer around routes ranged between 0 and 30 % in the 
dataset, and within this range we observed a linear positive effect. A 
preference for deciduous forest stands has been shown in previous 
preference research (Gundersen et al., 2019). The observed effect may 
arise from an inherent preference for deciduous trees, or it could be 
attributed to the predominance of conifers in the boreal landscape, 
where the introduction of deciduous trees contributes to greater heter-
ogeneity—which has been shown to be preferable (Filyushkina et al., 
2017). Regardless of mechanism, our results show that increasing the 
fraction of deciduous trees increases recreational values. 

The observed preference for taller trees and avoidance of clearcuts is 
consistent with previous studies on stated preferences (Gundersen et al., 
2019). The positive effect of tree height leveled off at around 10 m, 
suggesting that recreationists avoid young forests formed after clearf-
elling, which thus typically are even-aged. This result supports the 
claims of higher recreational values when applying methods such as 
continuous cover forestry rather than even-aged forestry with clearcuts, 
which currently is the prevalent method in Fennoscandia (Pukkala, 
Lähde, & Laiho, 2012). 

4.1.4. Avoidance of noise and urban areas 
Both models indicated that recreationists avoid urban areas, and the 

route model further revealed a negative impact of noise. Noise, espe-
cially from anthropogenic sources such as traffic, have been shown to 
negatively affect perceptions of natural environments in experimental 
settings (Benfield, Rainbolt, Troup, & Bell, 2020; Li et al., 2018) and in 
situ (Krog, Engdahl, & Tambs, 2010). A national survey conducted in 
Sweden found that approximately 50 % of recreationists perceived 
negative effects of noise during outdoor activities (Naturvårdsverket, 
2019). Results such as these have spurred research on the role of what 
has been termed ‘soundscapes’, and has been incorporated in PPGIS 
methodology to map where people experience positive and negative 
sounds (Korpilo et al., 2023). A related concept that has been shown to 
be important to recreationists is ‘tranquility’, which denotes not only an 
absence of noise, but also how restorative a landscape is perceived 
(Purves & Wartmann, 2023). In a large Danish study where recrea-
tionists were asked to map ‘good locations’ they experienced along their 
walking routes, 40 % of these were described as having a tranquil quality 
(Christiansen, Klein-Wengel, Koch, Høyer-Kruse, & Schipperijn, 2023). 
Our result shows that noise also affects actual landscape usage, i.e. that 
recreationists choose areas that have less noise. Our findings also 
demonstrate the utility of spatial noise modelling, and underscores the 
recent efforts made to map and protect “quiet areas” (Cerwén & Moss-
berg, 2019). 

4.1.5. Preference for a varied topography and viewshed size 
The influence of predictors related to elevation and viewshed size 

revealed that topography was important: people preferred a landscape 
of varying height that also yielded a large view, but avoided views of 
urban areas or clearcuts. We found that both a high elevation and a low 
elevation were positive, which we interpret as representing both a 
preference for height and for close-to-sea areas, both of which yield 

Fig. 5. Accumulated local effects for the 9 most influential predictors of the model comparing landscape characteristics of favourite places stated by recreationists to 
random places. A higher value on the y-axis represents a higher likelihood that it is a favourite place. The relative influence of each predictor on model outcomes is 
shown in the boxes in the corner of each graph. Above the x-axis is a rug plot, which shows the distribution of values within the dataset, with each notch representing 
one percentile. The x-axis has been cut off at 95 % of the range of each variable within the dataset to remove outliers. 
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large views with long sight lines. Earlier studies have also found a 
preference for views (Gundersen et al., 2019; Kaplan & Kaplan, 1989; 
Kienast et al., 2012). Thus, views is an important aspect to consider in 
landscape planning for recreation, and viewshed analysis is a possible 
route to identify them. Existing views can be improved by management, 
for instance by opening up views towards water elements, obscuring 
views towards buildings, or through the construction of lookouts. 

4.2. Are recreationists’ preferences homogeneous? 

Our models had very weak interaction effects, implying that char-
acteristics of the recreationists did not influence which landscape 
characteristics they sought out (Fig. 4). This was also the case for pre-
dictors related to the activity (e.g. type of activity, time spent on loca-
tion, frequency of visit) or the season (winter/summer). In contrast, 
other studies have provided evidence for the influence of socio- 
demographic factors on landscape preference and utilization. Kienast 
et al. (2012) found that older people tended to visit places with more 
distinct characteristics compared to younger people. However, socio- 
demographic characteristics appear to have a weaker explanatory 
power in determining landscape preferences compared to environ-
mental attitudes, nature relatedness or ideology (Eriksson, Nordlund, 
Olsson, & Westin, 2012; Juutinen, Kosenius, Ovaskainen, Tolvanen, & 
Tyrväinen, 2017; Ode Sang, Knez, Gunnarsson, & Hedblom, 2016; Scott 
et al., 2009). This could explain the weak effects seen here, as we only 
included one questions on attitudes and ideology, namely on to what 
degree the respondent identified as an “urban person” and “nature 
person”. The type of activity has also been found to affect preferences 
and behaviors (De Valck et al., 2016, 2017; Korpilo et al., 2017). 
However, only some variation related to preferences related to charac-
teristics of the landscape have been observed (De Valck et al., 2016), and 
the main effects appear to be driven by preferences for different types of 
recreational infrastructure (Abildtrup, Garcia, Olsen, & Stenger, 2013; 
De Valck et al., 2017). User typology, i.e. defining archetypes of recre-
ationists related to their typical patterns of recreational use (e.g. 
preferred activity, willingness to travel, visit frequencies etc.), has been 
suggested as an approach to analyze the heterogeneous preferences of 
recreationists (Komossa et al., 2019). As the BRT models employed here 
can handle multiple predictors interacting concurrently, our method-
ology should be able to identify such user groups. Yet, the results did not 
identify such groups, implying that preferences for the landscape char-
acteristics we used as predictors do not vary, or only vary a little, be-
tween user types. 

Interestingly, we did not see any difference in preference for land-
scape characteristics between winter and summer recreation. Seasonal 
effects on outdoor recreation have rarely been studied, but a small study 
in Utah revealed that the winter landscape was perceived as drastically 
different, and that recreational patterns and experiences changed (Gatti, 
Brownlee, & Bricker, 2022). Moreover, a study on tourists’ perceptions 
in Finland showed that forest characteristics were less important when 
snow was present, whereas the presence of long sight lines was more 
important (Tyrväinen, Silvennoinen, & Hallikainen, 2017). Our lack of 
pattern was surprising, given that our study area is dramatically 
changed in winter, with most water elements freezing, deciduous trees 
losing their leaves, and large quantities of snow blanketing the land-
scape, making some types of activities possible (e.g. cross-country skiing 
and ice skating) while others become more difficult (e.g. cycling). A 
possible issue with our methodology was the timing of survey deploy-
ment: since data was collected in September, summer recreation would 
have been easier to recall for the respondents. 

4.3. Improved methodology for PPGIS landscape preference analysis 

Here, we further PPGIS research through a novel combination of 
three approaches: firstly, through the calculation of viewsheds at the 
locations of recreation; secondly by performing a network analysis to 

define what landscape was available to each recreationist; and thirdly 
via the inclusion of flexible machine learning methods. 

Viewshed analysis has been employed previously in outdoor recre-
ation research, such as when modeling the aesthetic value of landscapes 
using crowdsourced photographs (Karasov et al., 2020; Tenerelli, Püffel, 
& Luque, 2017; Yoshimura & Hiura, 2017). Here we included viewsheds 
to estimate what each recreationist experienced. Viewshed analysis has 
some prerequisites, such as a digital surface model (DSM) with high 
spatial accuracy (Lagner, Klouček, & ̌Símová, 2018), and it has relatively 
high demands on computing power. We believe that continued devel-
opment of viewshed analysis in recreation research will yield results 
closer to the ground truth, and recommend researchers to experiment 
with possible implementations. 

Most PPGIS studies we could find have not properly controlled for 
accessibility (e.g. Kienast et al., 2012; Baumeister et al., 2020; De Valck 
et al., 2016), or have done so only to a certain extent (Agimass, Lund-
hede, Panduro, & Jacobsen, 2018). We believe our approach of using 
network analysis (see 2.2.1, Fig. 2) is a good solution to this issue. 

Machine learning has been suggested to be particularly useful in 
ecosystem service research (Scowen, Athanasiadis, Bullock, Eigenbrod, 
& Willcock, 2021). The modelling performed here, using boosted 
regression trees, is not novel in itself, (Friedman, 2001), but as with most 
innovations in statistical methods, adoption by researchers is slow 
(Sharpe, 2013). Our results here are a showcase for how this type of 
modelling can be advantageous compared to traditional alternatives 
such as GLMs. Here, we had few prior hypotheses on which landscape 
characteristics to be most predictive, and for many predictors non-linear 
relationships were expected. Since collinearity of predictors is not an 
issue for model fitting, and there is no need for model selection or pre- 
specifying interactions, we were able to add all available map data 
that could be relevant to the analysis. This type of modelling is thus very 
useful for exploratory studies. The main drawback is that the models can 
be harder to interpret than e.g. GLMs, but with newer tools (e.g. the iml R 
package used here; Molnar, 2018) these issues can be overcome. 

We can compare the outcome from this study with our previous study 
on Swedish recreationists (Lehto et al., 2022). That study analyzed a 
spatial dataset on recreation in a similar manner to here, but without 
letting the respondents draw full routes, without viewsheds, and with 
less adequate control for what landscape was accessible to the recrea-
tionist, which resulted in much weaker models despite a much larger 
sample size. 

The response rate of our survey was rather low, with 20 % starting 
the survey and 9 % filling it out in full. Decreasing response rates to 
surveys is a trend (Stedman, Connelly, Heberlein, Decker, & Allred, 
2019), especially for web-based surveys (Daikeler, Bošnjak, & Lozar 
Manfreda, 2020). On the other hand, surveys with a strong local 
connection, as here, usually have higher response rates (Stedman et al., 
2019). There might be a degree of self-selection bias in that people who 
were more interested in outdoor recreation chose to finish the survey to 
a higher degree. However, our sample relatively closely matched the 
population under study regarding age and gender, so for those charac-
teristics we were able to compare, our sample was representative for the 
population as a whole. 

5. Conclusions 

Our study has successfully developed new methods for studying 
revealed preferences among recreationists. We have improved on 
existing PPGIS methods of outdoor recreation in three ways. Firstly, we 
included viewsheds, which brings the analysis closer to the recreation-
ists’ experience by attempting to see the landscape through their eyes. 
Secondly, we controlled for accessibility by using network analysis, to 
properly compare the area used by the recreationist with an area that 
was equally accessible. Thirdly we employed flexible machine learning 
methods, capable of handling a large number of map covariates. 

Our results yield actionable results on recreation. Water 

C. Lehto et al.                                                                                                                                                                                                                                    



Landscape and Urban Planning 248 (2024) 105097

10

environments, recreational infrastructure, and deciduous forests were 
selected for, while urban environments, noise, forest clearcuts, and 
young forest were avoided. These outcomes suggest that increased rec-
reational infrastructure could improve the conditions for recreation, 
especially in proximity to water. This also ties into policy, showing the 
importance of providing access to and hindering the exploitation of 
water environments and minimizing noise pollution. To manage forests 
for recreation, deciduous trees should be favored and clearcuts avoided, 
whereas felling trees to create viewsheds toward water could be positive 
for recreation. 
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