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Introduction
The interplay between humans and their natural environment has changed the entire
continental surface of Europe. Even the most ‘natural’ places, such as the desolate rocks of
the Mont Ventoux are steeped in cultural significance. Looking at the lonely alp in the South
of France I see a steep mountaintop, but foremost I imagine the worn-out faces of my
childhood heroes of the Tour de France. Similarly, when nineteenth century French painters
and travelers ‘discovered’ the low-lying landscapes of Holland, it was not just the windmills
and cows that attracted them. It was peculiarity of the quaint population of rural Holland that
caused a surge in the appreciation for the Dutch landscape (Roodenburg, 2002). In both cases
the appreciation of the landscape can only be understood through its cultural connotation.
Hence, even when discussing the biotic environment, in a European context we often speak of
cultural landscapes (Jones, 1991). The word cultural should not simply be interpreted as the
opposite of the natural landscape. Adding the word “cultural” does not only indicate that we
speak of humanly modified landscapes, it also emphasizes that in addition to its physical
manifestation, the landscape has cultural and historical value and meaning (Jones, 1991).
Through the term “cultural landscapes” a more holistic view of landscapes is expressed, where
humans are seen as an integral part of the landscape (Plieninger and Bieling, 2012). The value
of a cultural landscape transcends the mere revenue of its production: the extraction of
resources is an expression of culture in itself and gives cultural meaning to a landscape.
Moreover, landscapes inhibit all sorts of remnants of past uses, invaluable for the identity of
places and peoples (Antrop, 2005). Visible current and past uses in the landscape give people
a sense of place or belonging (Tilley, 2006). As opposed to the production of food, or rainwater
retention capacity, these cultural landscape values are often intangible and can only be
understood when the connection is made between the landscape and the people living,
working, and playing on the landscape (Plieninger et al., 2015). In this thesis I will focus on
these intangible cultural values of landscapes. What are they? Where can we find these values
and how can we preserve them?

Landscapes as containers of cultural value and meaning
European cultural landscapes are as diverse as European cultures. For instance, the narrow,
low-lying fields of the Dutch and German Marschhufen differ significantly from the wideopen Iberian dehesas, but both are considered highly valued cultural landscapes. However,
what they have in common is that they are the result of centuries of agriculture and provide
cultural identity and a ‘sense of place’ to local inhabitants (Antrop, 2005), they are
7

aesthetically pleasing (Abrahamse et al., 2009; Pineda, 1990), and often attract recreation and
tourism (Van Berkel and Verburg, 2011). In other words, they are containers of cultural value
and meaning.
Cultural landscapes in Europe are threatened. Globalization, technological advances, and mass
urbanization have decreased the agricultural area in Europe (Verburg et al., 2006). This has
triggered intensification of agriculture in highly productive areas, while land less suitable for
intensive agriculture is facing land abandonment (Estel et al., 2015; Plieninger et al., 2016;
Van der Zanden et al., 2018). Although cultural landscapes are inherently subject to change,
the post-war landscape changes in Europe can be considered far more disruptive than ever,
and have led to permanent loss of cultural value (Antrop, 2005). Intensification increases
agricultural commodity production, but often at the expense of a broad range of cultural value
and meaning, including cultural heritage and identity (Antrop, 2005; Van Berkel and Verburg,
2014; Van Eetvelde and Antrop, 2004). Likewise, land abandonment can lead to a loss of the
cultural value embedded in the structure and composition of these landscapes (Sluis et al.,
2014; Van der Zanden et al., 2018).
By signing the European Landscape Convention (ELC) in 2000, all members of the European
Union acknowledged the important cultural values of European landscapes, and the need to
protect these with formal policies (Déjeant-Pons, 2006). Targeted policy to maintain and
protect these valued landscapes from modern pressures such as globalization, urbanization and
intensification requires a clear understanding of what these values are, and not in the least,
where we can find those values.

Studying cultural values
Cultural landscapes are the result of the long-term, complex interactions between humans and
nature and thus contain cultural heritage (Plieninger and Bieling, 2012). In this respect, the
term cultural becomes a value-laden concept with the attention focused on those landscapes
that are denoted as ‘traditional landscapes’ (Agnoletti, 2014; Antrop, 1997; Bignal and
McCracken, 1996; Fischer et al., 2012). Antrop (1997) defines traditional landscapes as “those
landscapes having a distinct and recognizable structure which reflects clear relations between
the composing elements and having significance for natural, cultural, or aesthetical values.”
From a cultural geography perspective, scholars point at the origin of the landscape,
somewhere between the Renaissance and the Industrial Revolution, and emphasize the lowintensity farming or livestock raising taking place in traditional landscapes (Plieninger et al.,
2006). Consequently, the terms ‘traditional landscape’ and ‘low-intensity farmland’ are
sometimes used interchangeably with the value-laden concept of cultural landscapes.
8

Zimmermann (2006) has produced an extensive inventory of these landscapes throughout
Europe with their cultural significance and location.
Many of these traditional, or iconic landscapes as identified by Zimmermann (2006) indeed
contain important cultural values, are studied extensively, and are recognized by conservation
agreements such as UNESCO World Heritage convention. However, Bürgi et al. (2017) open
a special issue of Landscape Ecology on the cultural landscape by asking the question whether
the term ‘cultural landscapes’ only refers to these iconic hotspots of tradition and heritage? Or
“does the term also include our everyday landscapes—not necessarily aesthetically appealing
or historically valuable—that have also been strongly shaped by human activities?” (Bürgi et
al., 2017). Vanderheyden et al. (2014) argue that although the need for conservation of iconic
landscapes is self-evident, the vast majority of Europeans live in other more urban parts of the
continent where the availability of green space is limited but used and appreciated even more
so. Despite the lack of visible remnants of past uses or aesthetic eyecatchers, these ‘ordinary
landscapes’ hold cultural values shared by many.
A widely adopted way to study the cultural values of ecosystems without being preoccupied
with normative ideas of cultural value is seeing these cultural values as cultural ecosystem
services (CES). The ecosystem services framework allows the explicit quantification of nature
and its value to humans. By using the metaphor of economic supply of services provided by
ecosystems, and a human demand for these services the framework changed nature
conservation from a moral obligation to an economic necessity (Costanza et al., 1997;
Raymond et al., 2013). In this sense cultural value is seen as an additional service to society
provided by nature. The cultural services provided by an ecosystem can as such be deduced
from its physical components and composition. CES consist of aesthetic beauty, cultural
inspiration, spiritual inspiration, educational information, and recreation and tourism (HainesYoung and Potschin, 2012). Often, through surveys and choice experiments, researchers have
established formal linear relations between the abundance of landscape elements or
compositions and people’s cultural appreciation (Van Zanten et al., 2014b). This enabled them
to link certain landscapes, or elements thereof to specific CES. In many examples, researchers
have found empirical evidence for instance for the aesthetic value of hedgerows (Tempesta,
2010), elevation, grazing cows (Van Zanten et al., 2016b), small scale agriculture (Tveit,
2009), and mosaic landscapes (Howley et al., 2012).
Despite its widespread global application, the framework is also criticized for its all too
economic perspective on nature, disregarding its intrinsic value (Raymond et al., 2013). Apart
from the normative discussion whether nature can or should be seen as an economic asset, the
9

ES framework creates additional problems when applied on cultural landscapes. Humans not
only extract resources, or enjoy services from a landscape. Plieninger et al. (2015) argue that
cultural landscapes foremost form an integral part of the social ecological system humans live,
work and play in. The formal separation between supply and demand of services and the notion
of humans as an external agent and beneficiary disregards these social ecological linkages.
The CES approach, which is based in the natural sciences, is only partly able to acknowledge
the role of humans as part of the landscape instead of mere beneficiary of services. Part of
cultural value of a landscape is provided by the history of that landscape, how it is used, and
how it was used. Cultural value should not be seen as a service provided by ecosystems to
human, but rather emerges from the interplay between them. Cultural value only exists through
perception of people of the landscape. A supply of cultural ecosystem services is theoretically
nonsensical, as everything could potentially have cultural value, making the supply of cultural
ecosystem services unlimited for any ecosystem.

Social media as an indicator
A very recent method to study landscape values is based on studying spatial patterns of social
media usage (Oteros-Rozas et al., 2017; Richards and Friess, 2015; Sonter et al., 2016; Van
Zanten et al., 2016a; Wood et al., 2013). People use social media for various reasons, including
keeping a public diary, building a carefully composed image of one’s self, or simply sharing
beautiful experiences with friends and family. The great potential for many research purposes
lies in the fact that most social media platforms keep detailed archives which are sometimes
openly available for download. Platforms such as Flickr, Instagram, Panoramio, and Twitter
allow any user to download these archives, consisting of millions of geo-tagged photos and
corresponding meta data such as user information and commentary of the photos as well as
the exact time and date of the photo. Even though most of these archives have only existed for
a maximum of ten years, they have proven to be extremely useful for many research purposes.
For instance, Twitter activity can serve as a global flood detection system (de Bruijn et al.,
2017) or monitor threats to public health (Denecke et al., 2013), while urban Instagram
patterns can reveal social networks and its relation to place (Boy and Uitermark, 2017).
Social media archives also made their way into landscape research and have greatly improved
knowledge on where and why people value and interact with the landscape. The density of
social media photos at locations proved to be an excellent indicator for visitation rates of for
instance national parks (Wood et al., 2013) or even where people specifically go during their
visits (Tenkanen et al., 2017). Densities of social media have also become a very popular
indicator for cultural ecosystem services: the assumption is that the more photos at a location,
10

the more CES a landscape is offering, often specified as aesthetic enjoyment and outdoor
recreation (e.g. Casalegno et al., 2013; Gliozzo et al., 2016; Oteros-Rozas et al., 2017;
Richards and Friess, 2015; Tenerelli et al., 2016). Van Zanten et al. (2016a) showed that even
on a continental scale the density of Flickr, Instagram and Panoramio photos could be
explained by spatial characteristics of the landscape, combined with socio economic control
variables.
Social media have the potential to play an even bigger role in disentangling cultural values of
landscapes as they provide insights on the interaction and perception of people of the
landscape. A photo of a landscape on social media is proof of a human being who was present
in the landscape, interacted with it by taking a photo, and finally showed appreciation for the
landscape by sharing the photo with the public. A landscape that is represented with a photo
on social media has cultural value and meaning to at least the person who put the photo there.
A dataset consisting of millions of these kinds of photos allows the landscape researcher to
study not the landscape, nor the people, but their interaction. Moreover, the lack of
experimental design and voluntary nature of social media limits a researcher’s bias and allows
for inductive identification of landscape values, based on the people’s values (Elwood et al.,
2012; Goodchild, 2007; Li et al., 2013).
Although social media can provide this unique insight into people’s perception of their
environment without the intervention of a researcher asking questions, its usage also received
its fair share of criticism. The major problem with social media data is, that it is slightly
impossible to draw a sample that represents all people. Elderly and less affluent people are
often missing in populations of social media users (Crampton et al., 2013) while people often
only report those activities on social media they consider to be fitting their carefully
constructed social media image (Elwood et al., 2012). Additionally, some landscape values
might not be appropriate for social media and could be overlooked by such methods.

Knowledge Gaps
Current quantitative characterizations of cultural landscapes, and identifications of cultural
value are either based on the physical attributes of the landscapes, or expert based
identification of traditional landscapes (Meeus, 1995). The expert-based approach identifies
cultural value based on the traditionality of landscapes, disregarding the value of everyday
landscapes. The ELC specifically states that when discussing cultural value, it is often in these
landscapes where people interact with their environment, and it is especially here where threats
such as urbanization and intensification could lead to a loss of value. While theoretically the
CES approach could identify these values, it disregards the interlinked nature of landscapes.
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The value of a landscape cannot be derived from its physical attributes of the landscape alone,
but rather exists as an idea within people (Plieninger et al., 2015).
What is lacking is a quantitative approach to landscape values that specifically focusses on the
human-nature linkages based on the holistic notion of the cultural landscape. Such is
indispensable for adequate monitoring of how global drivers of change, such as globalization,
agricultural intensification and not in the least climate change will affect the cultural value of
the landscapes of Europe. In this dissertation, an identification and spatial characterization of
cultural landscapes in Europe is provided. The methods in this dissertation deviate from
previous methods as there is a specific focus on the interaction between humans and the
landscape. Cultural value is not seen as a service provided by an ecosystem to humans, but
rather as emerging from the interplay between these two. The cultural value of a landscape
can therefore not be assessed through only in the physical landscape but requires the appraisal
of its cultural meaning.
We studied the interaction between humans and the landscape to answer the following
research questions:
•

What is landscape value? And where can we find it?

•

How can cultural value be preserved in the future?

Outline
This dissertation consists, including this introduction, of five chapters followed by a final
chapter in which the outcomes of each chapter are synthesized into a discussion on the value
of cultural landscapes of Europe. Chapter 2 and Chapter 5 show a continental analysis of
valued cultural landscapes while Chapter 3 and Chapter 4 provide more in-depth information
through two regional case studies.
Chapter 2 uses an approach dominated by expert knowledge to prepare a European
characterization of different cultural landscapes. The characterization is based on a method to
quantify the existing ideas of cultural value in the literature and provide a spatial representation
of these ideas. The expert-based idea of traditional landscapes as cultural value is quantified
with continental spatial data and is combined with more grassroots data such as social media
to characterize the cultural value of different landscapes throughout Europe.
Chapter 3 zooms in into a specific peri-urban cultural landscape that is characterized by small
scale agriculture, especially valued for its opportunities for outdoor recreation. A method is
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developed to combine the analysis of social media photo densities with photo content analysis
to pinpoint what it is in a landscape that attracts people, and why such a landscape is valued.
Chapter 4 focuses on the question of how cultural value can be preserved. In a case study
landscape that is characterized by a typical Southern English pattern of connected hedgerows
on rolling pastures, future scenarios of landscape change are explored, exploring how the
imperative of scale enlargement and urbanization can influence the cultural value contained
in these landscapes. Using agent-based modeling to simulate different scenarios, the
importance of farmers and land managers on landscape change is emphasized. Together with
local stakeholders we tested how grassroots initiatives could preserve cultural value without
relying too much on government subsidies.
Chapter 5 shows a European-wide analysis of cultural value of landscapes. However, in this
chapter we solely relied on social media. Using automated image classification, we compared
landscape photos with other types of photos to show a clear difference between the
appreciation of iconic landscapes and valued ordinary landscapes. Here we tried to use the full
potential of social media to reveal cultural value of landscapes by combining the perception
of people with the spatial characteristics of the landscape. In the last chapter the outcomes of
the empirical Chapters 2 to 5 are discussed and by synthesizing these outcomes an answer is
provided to both research questions.
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Chapter 2
Characterizing European cultural landscapes: accounting
for structure, management intensity and value of
agricultural and forest landscapes
Abstract
Almost all rural areas in Europe have been shaped or altered by humans and can be considered
cultural landscapes, many of which now are considered to entail valuable cultural heritage.
Current dynamics in land management have put cultural landscapes under a huge pressure of
agricultural intensification and land abandonment. To prevent the loss of cultural landscapes,
knowledge on the location of different types of cultural landscapes is needed. In this paper,
we present a characterization of European cultural landscapes based on the prevalence of three
key dimensions of cultural landscapes: landscape structure, management intensity, and value
and meaning. We mapped these dimensions across Europe at a 1-km resolution by combining
proxies on management intensity and landscape structure with new indicators such as social
media usage and registered traditional food products. We integrated the three dimensions into
a continuous “cultural landscape index” that allows for a characterization of Europe’s rural
landscapes. The characterization identifies hotspots of cultural landscapes, where all three
dimensions are present, such as in the Mediterranean. On the other hand, Eastern and Northern
European cultural landscapes are mostly characterized by only one of the dimensions. Our
paper can help to identify pressures to cultural landscapes and thus to target measures for the
conservation of these landscapes, to link similar landscapes in different regions, and to inform
policy design on the most important characteristics of cultural landscapes at a regional scale.
Based on: Tieskens, K. F., Schulp, C. J. E., Levers, C., Lieskovský, J., Kuemmerle, T.,
Plieninger, T., Verburg, P. H., 2017, Characterizing European cultural landscapes:
Accounting for structure, management intensity and value of agricultural and forest
landscapes, Land Use Policy 62:29-39.
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Introduction
Almost all rural areas in Europe have been shaped or altered by humans and can be regarded
a cultural landscape, many of which now are considered to entail valuable cultural heritage.
Across Europe cultural landscapes have diverging characteristics. For instance, the narrow,
low-lying fields of the Dutch and German Marschhufen differ significantly from the wideopen Iberian dehesas, but both are considered typical cultural landscapes (for a good overview
see Zimmermann, 2006). What they do have in common is that they often provide valuable
cultural ecosystem services (Schaich et al., 2010; Tengberg et al., 2012). These include
aesthetic appreciation (Van Zanten et al., 2014b), cultural identity and a ‘sense of place’ to
local inhabitants (Waterton, 2005), and a combination of services that attracts tourism and
recreation (Van Berkel and Verburg, 2011). Moreover, cultural landscapes can be important
havens of farmland biodiversity (Agnoletti, 2014; Bignal and McCracken, 1996; Plieninger
and Bieling, 2013).
The term cultural landscapes was introduced as an academic concept in the late nineteenth
century by Friedrich Ratzel and later adopted in the English literature by Carl Sauer, to denote
all landscapes modified by human activity (Jones, 2003). As one can argue that nowadays all
European landscapes are modified in some way by human activity (e.g. global warming, nature
conservation) the term ‘cultural’ has lost its classical meaning (Phillips, 1998; Wu, 2010).
However, in the 1990s the term was revived with the introduction of cultural landscapes into
the UNESCO World Heritage Convention on the basis of their cultural heritage (Rössler,
2006). In addition to the classical definition, Jones (1991) identified two alternative
interpretations of cultural landscapes: one that defines cultural landscapes as valued features
threatened by change or disappearance and one where a cultural landscape is seen as
subjective, focussing on the intangible values and meanings people attach to them.
Cultural landscapes are the result of the long-term, complex interactions between humans and
nature and thus contain cultural heritage (Plieninger and Bieling, 2012). In this respect, the
term cultural becomes a value-laden concept with the attention focused on those landscapes
that are denoted as ‘traditional landscapes’ (Agnoletti, 2014; Antrop, 1997; Bignal and
McCracken, 1996; Fischer et al., 2012; Plieninger et al., 2006). Antrop (1997) defines
traditional landscapes as “those landscapes having a distinct and recognizable structure which
reflects clear relations between the composing elements and having significance for natural,
cultural, or aesthetical values.” From a cultural geography perspective, scholars point at the
origin of the landscape, somewhere between the Renaissance and the Industrial Revolution,
and emphasize the low-intensity farming or livestock raising taking place in traditional
16

landscapes (Plieninger et al., 2006). Consequently, the terms ‘traditional landscape’ (Antrop,
1997) and ‘low-intensity farmland’ (Bignal and McCracken, 1996) are sometimes used
interchangeably with the value-laden concept of cultural landscapes.
Cultural landscapes in Europe are threatened. Growing demand for food and progress in
technology triggered a large-scale intensification of agriculture in highly productive areas. In
contrast, less fertile land, or land less suitable for intensive agriculture, faces land
abandonment (Estel et al., 2015; Kizos et al., 2009; Kuemmerle et al., 2008). This polarization
of intensification on the one hand, and land abandonment on the other also induces a shift in
the goods and services provided by cultural landscapes. Intensification increases agricultural
commodity production, but often at the expense of a broad range of cultural services, including
cultural heritage and identity (Plieninger and Bieling, 2012). Likewise, land abandonment can
lead to a loss of the heritage embedded in the structure and composition of these landscapes
(Van der Zanden et al., 2018). These changes can be seen as decoupling of the links between
humans and nature, or so-called social-ecological linkages (Fischer et al., 2012; Plieninger et
al., 2015). To understand which cultural landscapes are at risk from these dynamics, to develop
countermeasures to protect these landscapes and ensure a balance in the provisioning of
different ecosystem services, and more generally, to retain social-ecological linkages in
landscapes, knowledge on the location of different types of cultural landscapes is essential.
Existing spatially explicit typologies and characterizations of cultural landscapes rely mostly
on biophysical factors such as topography, climate, soil, or land cover (Hazeu et al., 2010;
Meeus, 1995). These biophysical factors, however, fail to characterize the social side of the
coupled social-ecological systems, the ‘cultural’. In this paper, we propose a new landscape
characterization that explicitly incorporates this cultural aspect of the landscape by focussing
on how people have altered the landscape, but also on how the landscape is perceived by
people. We adopted a comprehensive understanding of the term cultural landscape by
including all agricultural and forest landscapes, but at the same time also interpreting the
adjective “cultural” as value laden, adopting the different approaches as outlined by Jones
(1991). In this paper we chose to focus on rural landscapes, excluding urban landscapes, as
they would require a different approach. With this definition we acknowledge that all
landscapes have value to people, but these values tend to differ across Europe.

Characterizing cultural landscapes
Despite the diversity of cultural landscapes, three dimensions of cultural landscapes are
frequently applied to describe them: (1) management intensity shows how people use the
landscape (Bignal and McCracken, 1996; Plieninger et al., 2006), (2) landscape structure
17

reveals how people use the landscape, but often also contains traces of how the landscape was
cultivated in history (Van der Zanden et al., 2016; Van der Zanden et al., 2013), and (3) ‘value
and meaning’ is often used as an umbrella term for how landscape is perceived by people
(Plieninger et al., 2015; Rössler, 2006).
In the literature, cultural landscapes are generally described as landscapes where agriculture
is carried out with a low level of external inputs and by relatively small-sized (family) farms.
One of the major threats to the cultural value of these landscapes is, therefore, directly related
to intensification of land management. In terms of landscape structure, cultural landscapes are
often characterized by smaller fields and the presence of landscape elements that reflect former
management such as hedgerows or stonewalls (Van der Zanden et al., 2013). Finally,
regarding the value and meaning of the landscape for people within a certain context
(Plieninger et al., 2015), the cognitive aspect of the landscape “involves ways in which
landscapes are perceived, understood and mentally structured by different groups in society”
(Plieninger and Bieling, 2012).
These three dimensions form the backbone of the characterization developed in this paper. We
mapped each dimension with two or more spatial variables across Europe. The
characterization presented in this paper as well as the underlying data can be further explored
through

the

HERCULES

Knowledge

Hub

(http://labs.kh.hercules-

landscapes.eu/landscape_typologies.html), a tool where users can alter the rules applied to
map cultural landscapes to create their own characterization using our indicators.

Data and methods
Approach
For each of the three dimensions of cultural landscapes (management intensity, structure, and
value and meaning), we derived a score between 0 and 1 for each landscape pixel of 1 km2 in
Europe (EU27 + Switzerland). High scores indicate a higher correspondence with landscapes
that are commonly denoted as cultural landscapes. With the score for each dimension we
carried out two analyses. The first was the calculation of the average of the scores, yielding a
continuous cultural landscape index score. This index shows which landscapes most likely
resemble the traditional landscape as defined in the literature. A higher index score does not
imply more cultural value as landscapes can have different value to different people (Jones,
1991). The emphasis in this paper in on the second analysis where a characterization based on
the relative score of each dimension for each individual landscape was produced. Scores for
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each dimension are split into high and low classes. Three dichotomous scores for each
landscape pixel resulted into eight different landscape types.
To assess the effect of the thresholds between high and low values chosen, we performed a
sensitivity analysis. We divided the distribution of each dimension score with eight quantiles
to be used as alternative thresholds. We generated a characterization for each possible
combination of the different quantiles, resulting in 93 = 729 possible different
characterizations. For the final landscape characterization, we assigned the landscape type that
occurred most frequently among the 729 characterizations. To quantify the sensitivity of the
characterization to the threshold, we mapped how often the most frequently assigned
landscape type occurred as a percentage of the total number of characterizations. The
frequency of occurrence of the landscape type during the sensitivity analysis is referred to as
the agreement score.

Data
To operationalize the three dimensions of cultural landscapes, we used a broad set of spatiallyexplicit proxies (Table 2.1), available for the entire study area. In case a EU27-wide dataset
did not cover Switzerland, we used comparable Swiss national datasets. We used different
data to map the cultural landscape dimensions in arable land, grassland, permanent crops and
forest areas given the very different character of these two landscape types. To assign the data
to different land cover classes, we used the most recent version of CORINE land cover at the
time of analysis (i.e., CORINE 2006 for all countries except Greece, where CORINE 2000
was used) (EEA, 2012). We re-classified the CORINE map to seven classes (arable land,
grassland, permanent crops, forest, urban, nature, and water) and aggregated the 100-meter
data to the 1-km grid using a constrained aggregation procedure in which the prevalence of
the different land cover types in the original map was kept constant (Verburg et al., 2006).
Urban, nature, and water were not addressed in this study, as we were interested in a
characterization of agricultural and forest landscapes only. Due to the different characteristics
of forests and agricultural landscapes in terms of land management and structure, the
characterization was done separately for these two broad land cover classes.
Management intensity
Management intensity can be measured based on inputs (fertilizer, labor, mechanization),
outputs (produced goods), or metrics based on system properties (Erb et al., 2013), and
appropriate intensity measures differ for broad land uses. Since our characterization focusses
on four broad land use/cover classes (arable land, pastures, permanent crops, and forests), we
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used multiple proxies for management intensity. Following Van der Zanden et al. (2016), we
used nitrogen input as an indicator for agricultural intensity, as it a common way of
approximating management intensity in a spatially explicit way (Overmars et al., 2014;
Temme and Verburg, 2011).
Table 2.1 Details of indicators used for characterization

Management
intensity

Landscape
structure

Value and
meaning

Indicator

Land cover

Data source

Raw data

Temporal
coverage
2007-2009

Economic
farm size

Ar/Pa/PC

N-input

Ar/Pa

St gross
margins in
ESU (1,200 €)
N-input in
kg/ha

Energy
Content
Output (ECO)
Harvest
Intensity

PC

European
Commission
(2012)
Temme and
Verburg (2011);
(Hürdler et al.,
2015)
Paracchini et al.
(2014a)

MJ / UAA
(ha) / year

2006

Fo

Levers et al.
(2014)

m3/ha/yr of
wood

2000-2010

Field Size

Ar/Pa/PC

EUROSTAT
(2012)

3 categories,
in ha

2012

Green linear
elements
density (GLE)

Ar/Pa/PC

EUROSTAT
(2012)

2012

Forest age

Fo

Fuchs et al.
(2014)

Product of
Designated
Origin (PDO)
density
Panoramio
photo density

All

European
Commission
(2014)

# of GLE
intersections
at 250m
transect
Forest extent
1900-2010 in
10-year time
steps
# of PDOs

All

Panoramio
(2015)

# of geotagged
photos
per
km2

2015

2000-2006
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Nitrogen input, measured as kg N/ha/yr, was derived from the Common Agricultural Policy
Regionalized Impact Modeling System (CAPRI) database, where nitrogen input is available
per crop type per NUTS2 administrative region (Britz, 2005). These data were spatially
allocated to the 1-km grid per crop type and classified into three categories: 0-50 N kg/ha, 50
– 150 N kg/ha, and >150 N kg/ha per year. Extrapolation was done through country-specific
20

regression models based on environmental and socio-economic covariates (Temme and
Verburg, 2011). Grassland nitrogen input was based on livestock density (Neumann et al.,
2009), assuming an annual nitrogen input of 100kg per cow per year (Van der Hoek, 1998).
We categorized these data into two classes: low (< 100 N kg/ha/yr) and high (> 100 N
kg/ha/yr) N-input and normalized to a score between zero (high input) and one (low input). N
input data for Switzerland were obtained from a Swiss national monitor (Hürdler et al., 2015),
and classes were matched with the classes from CAPRI.
Nitrogen input data are not available for permanent crops. To measure the management
intensity of permanent crop fields, we used the energy content output (i.e., the sum of food,
feed, pruning of trees, residues of permanent crops, and straw) derived from the CAPRI model
database (Paracchini et al., 2014a). The energy content output (ECO) was normalized to a
score between zero and one, where one refers to a low intensity and zero to a high intensity.
We capped values above and below two standard deviations to eliminate the influence of
extreme outliers. ECO for permanent crops in Switzerland was approximated using the
average ECO from permanent crops in neighboring country Austria.
To distinguish between capital-intensive, large-scale farms and small-scale farms, we included
the economic farm size as a second indicator of management intensity. This indicator
represents the economic size of an agricultural holding in European Size Units (ESU= 1,200
€) and was derived at NUTS-3 level as the mean over the years 2007 to 2009 (European
Commission, 2012). Economic farm size was normalized to a score between zero and one,
where one refers to small farms and zero to large farms. For Switzerland we used the averaged
equivalent of ESU per Kanton for the years of 2007 to 2009 (Bundesamt für Statistik, 2009).
For arable land, pasture, and permanent crops, a final management intensity score was
calculated as the average of the indicators for nitrogen input (arable, pasture) or energy content
output (permanent crops), and economic farm size.
In forested areas, we used forest harvesting intensity as the management intensity indicator.
Forest harvesting intensity was measured by dividing wood felling by the net annual increment
in m3/ha/yr (Levers et al., 2014). This indicator was calculated for NUTS-0 to NUTS-3 regions
(depending on the country, see Levers et al. (2014) for details). This indicator was also
normalized to score between zero and one.
Landscape structure
We defined landscape structure as the spatial composition and heterogeneity of a landscape,
referring to the spatial relations such as size, shape and configurations of the individual
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components (Turner, 1989; Van der Zanden et al., 2016). Since the composing elements of a
landscape dominated by forest are essentially different from those in agricultural landscapes,
we used two different approaches for the two land cover classes.
For agricultural land (arable land, pasture, and permanent crops), we used field size and the
abundance of green linear landscape elements. Green linear elements are tree lines, hedges,
and dry-stone walls indicating the degree of ‘enclosedness’ of an agricultural landscape (Van
der Zanden et al., 2013). Abundance of green linear elements and enclosedness are often
valued for its contribution to biodiversity and the cultural value of elements such as stone
walls and hedgerows (Marshall and Moonen, 2002; Van der Zanden et al., 2013). For the
EU27, the indicators were derived from the Land Use/Cover Area Frame Survey (LUCAS)
2012 micro-database (EUROSTAT, 2012). This database provides over 200,000-point
observations evenly sampled throughout Europe (Gallego and Delincé, 2010). Linear elements
were recorded in this field survey using a 250-meter transect at each observation point. We
interpolated the number of green linear elements from the LUCAS points to a 1km grid using
Ordinary Kriging with ArcGIS (Van der Zanden et al., 2013). To decrease the effects of
outliers, we capped the indicator at a maximum of four linear elements per observation point
and subsequently normalized the green linear elements density from zero (low density) to one
(high density).
Next to enclosedness, cultural landscapes are often associated with small scale agriculture
(Van Eetvelde and Antrop, 2004). To distinguish small-scale agriculture from industrial
agriculture we used field size as an indicator. Field size is also recorded in the LUCAS survey.
The LUCAS survey records the size of the field in which each observation was located,
classified into four categories: <0.5 ha, 0.5 – 1 ha, 1 – 10 ha and > 10 ha (EUROSTAT, 2012).
We reclassified field sizes into the median of each class using 15 ha for the largest class. We
interpolated the results to the 1-km grid using Ordinary Kriging and normalized the field size
indicator from zero (large fields) to one (small fields). For Switzerland, we created a similar
pattern of observation points as the LUCAS survey and mapped the indicators using aerial
images, taken in 2010-2012, as base layer.
A joint indicator for landscape structure was calculated as the average score of the normalized
green linear elements and field size indicators. High values on this indicator for agricultural
land depict those landscapes with small fields and/or many green linear elements. Areas with
small fields often have higher abundance of green linear elements (the two layers are, weakly,
collinear: Pearson’s r = 0.29). Since small fields and the abundance of green linear elements
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both measure structural elements of cultural landscapes, we combined the two into one
dimension.
Characterizing the landscape structure of forest requires a different approach. Field size and
linear elements are inappropriate measures for the characterization of forest land cover.
European wide data that are comparable with the data we used for agricultural lands cover is
scarce. As landscape structure should reveal something about the history of the landscape, we
chose to map forest persistence as a proxy for the structure of forests. While acknowledging
the limitations of this proxy, forest structure and its cultural value is to some extent related to
its persistence or length of the period that the forest has been covering the area. The forested
area in Europe declined due to anthropogenic influences until the 19th century. In the twentieth
century, however, the total area of forest increased steadily due to afforestation, nature
conservation and farmland abandonment (Jepsen et al., 2015; Pereira et al., 2010). This
indicator can identify relatively new forests and those forests that have been present for at least
a century, a proxy for the more traditional forest. Here we assumed that more persistent forests
have a structure that can be considered more traditional than that of a modern forest.
Fuchs et al. (2014) composed a land cover map for each decade in the twentieth century on a
1km grid using a wide set of old Prussian maps and modelling techniques (Fuchs et al., 2014).
Using these maps, we estimated the persistence of the forests ranging from zero years (no
forest in 2000) to over 110 years (forest land cover during the entire period 1900-2010). The
more persistent the forest, the higher the score on the structure dimension.
Value and meaning
In this dimension we aimed to quantify and map the intangible and subjective side of the
landscape from the landscape. Landscape value and meaning are well studied and often
expressed as visual preferences (Van Zanten et al., 2014b), opportunities for recreation (Van
Berkel and Verburg, 2011), or ‘sense of place’ (Hausmann et al., 2015). A recurring insight
from prior work is that often landscape values and meanings are related to landscape structure
and management intensity. Nevertheless, they cannot be assessed in mere material site
characteristics (Plieninger et al., 2015). The identification of value and meaning should
therefore rely on less direct proxies than the operationalization of landscape intensity and
structure to capture the intangible aspects of value and meaning (Paracchini and Capitani,
2011). We used two indicators to operationalize this dimension of our cultural landscape
typology.
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As a first indicator, we utilized the production of traditional food products, a typical form of
cultural heritage which can be linked directly to the landscape it is produced in (Bessière,
1998; De Roest and Menghi, 2000). We used data on food products that are geographically
protected by EU regulations. A Protected Designation of Origin (PDO) is an official EU
certificate that requires food to be produced according to certain traditional guidelines within
a bounded geographical area. Examples of PDO protected foodstuffs are Buffalo Mozzarella
from Campania, blue cheese from Stilton, or Prosciutto from Parma. Such geographical food
labels can provide a sense of place to tourists (Haven-Tang and Jones, 2005), but are also used
to conserve or construct a local identity linked to the landscape (Ilbery et al., 2005). Following
Van Berkel and Verburg (2011), we mapped all PDOs with explicit geographical
denomination. Special wines are also protected with the PDO sign but the geographical
boundaries of grape production are not documented and PDOs of wines were therefore
excluded. Legal documents protecting the PDO specify either an administrative region or a
number of places where the relevant product can be made. When the geographical
denomination was a list of villages or cities, instead of an explicit region, we used a 5-km
buffer around the places to define the production area (Van Berkel and Verburg, 2011). The
number of PDOs per region varied between 0 and 12. Very few regions had more than four
PDOs; therefore, we capped this indicator to a maximum of four and normalized it between 0
(no PDOs) to 1 (many PDOs).
We based the second indicator on the density of pictures uploaded on Panoramio, a Google
application through which users add geotagged landscape pictures to Google Earth. Social
media data and other crowdsourced information are receiving a growing interest among
researchers for eliciting landscape values (Keeler et al., 2015; Martínez Pastur et al., 2015;
Richards and Friess, 2015). Twitter and Instagram have already been harnessed to reveal large
scale behavior patterns of people (Dunkel, 2015; Frias-Martinez et al., 2012; Wood et al.,
2013). A recent study showed that Panoramio photo density can very well be used as a metric
for aesthetic enjoyment and outdoor recreation (Van Zanten et al., 2016a). Over 30 million
pictures have been added to Panoramio in the last six years in Europe only, and the database
is growing. Although a good overview of the users of Panoramio is missing, the density of
photos is assumed to be produced by both locals as well as outsiders. Moreover, Panoramio
does not have a clear bias towards certain regions in Europe, in contrast to other platforms
such as Flickr and Instagram (Van Zanten et al., 2016a). We downloaded the metadata of all
photos (including X and Y coordinates) with a geotag in Europe through the Panoramio REST
API (Panoramio, 2015). For this purpose, we developed a Python script that sends a download
request for each area of 0.01 decimal degrees by 0.01 decimal degrees in Europe. To control
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for the bias of very active users we calculated the number of unique user uploads per square
kilometer as an indicator for the societal appreciation of European landscapes. Photos taken
in urban areas were excluded based on the land cover base map (section 3.2). After filtering
urban photos and accounting for unique user uploads, the data comprised 4.6 million entries.
We normalized the data to score the 1-km grid cells using the natural logarithm of the number
of photos per pixel to a score between 0 (no photos) to 1 (many photos). Data were downloaded
in January 2015. Due to the scarce data availability we limited the score for value and meaning
on the average of these two indicators. This dimension shows one aspect of the supply of value
and meaning (PDOs) as well as the demand in the form of appreciation by people. However,
we are aware that vital concepts such as sense of place, history, or inspiration are not included
in the indicators.

Results
We present the respective CLIs in separate maps. Figure 2.1a shows the spatial distribution of
overall CLI scores in agricultural land. This map gives a rough indication of cold spots (for
example, Northern France, or Eastern Germany) and hotspots (Tuscany or Lower Normandy)
of cultural landscapes. More generally, agricultural land with high CLIs is concentrated around
the Mediterranean, while northern countries have low to medium CLIs. In some places, high
values are found in narrow mountain valleys, hardly visible in the maps. The total CLI of
forests in Figure 2.1b shows a clear pattern: high CLIs in mountainous areas and lower scores
in lowland forests. An exception to this rule can be found in Lapland, which has a high CLI
despite the dominance of lowland forests.

Figure 2.1. Cultural Landscape Index (CLI) of European (A) agricultural land and (B) forest
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Figure 2.2. Characterization of European agricultural landscapes. The map indicates which
dimensions characterize cultural landscapes with a high score.
The actual characterization, based on the dominant dimension, is shown in Figure 2.2 for
agricultural land. Agricultural land in Eastern Europe and western Spain are mostly
characterized by low land-use intensity, while in Ireland and Brittany, landscape structure is
the dominant dimension. Some landscapes, frequently occurring in the Mediterranean are
characterized by a high score on all dimensions (dark red) while other landscapes, such as in
eastern Germany and northern France are characterized by a low score on each dimension
(light yellow). The distribution of landscape types within countries show striking regional
patterns (Figure 2.3). Especially in Eastern Europe countries have a similar distribution of the
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different landscape types. In Switzerland and Luxemburg, significant proportions of the
agricultural area score low on the dimensions intensity and structure, but still provide a high
value / meaning to the population. Opposite patterns (high scores for structure and intensity,
but low value / meaning) are seen in parts of Eastern Europe and Portugal.

Figure 2.3 Distribution (area percentage) of agricultural landscape types, by country and
region.
Most forest in mountainous areas is characterized by high values on all three dimensions
(Figure 2.4, dark red). We found persistent, but intensively harvested forest in Scandinavia
and in small patches throughout Europe such as the Landes forest (France), southern Germany,
Austria and Czech Republic. However, the latter three examples also have a high score on
value/meaning.
Our sensitivity analyses (Figure 2.5a and Figure 2.5b) indicate to what extent the threshold
that distinguishes high and low scores for each dimension influence the landscape
characterization outcome. We found some hotspots of ‘agreement’ (indicating low sensitivity
to thresholds) in Ireland, northern France and Romania while landscapes such as the Po Valley,
Western Poland or the valleys in Austria have only 20% to 40% agreement. Areas with high
agreement scores can be regarded as areas that are classified with high certainty as belonging
to the category it is given in Figure 2.2. Areas with a low agreement scores are landscapes
that, with small adjustments of the characterization thresholds, are categorized into a different
landscape type. For forests, agreement is relatively high in Scandinavia and mountainous
regions, while it is lower in lowland regions, especially in Germany, France, and Poland. Large
forest areas such as in Scandinavia, the Landes forest, and mountainous regions, tend to have
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a higher agreement score, while smaller forest patches tend to be classified with a lower
certainty.

Figure 2.4. Characterization of European forests. The map indicates which dimensions that
characterize cultural landscapes display a high score.
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Figure 2.5 Agreement score of (A) agricultural landscape characterization and (B) forest
(occurrence of most frequent characterization as a fraction of total characterization)

Discussion
Cultural landscapes provide important ecosystem services, harbor farmland biodiversity, and
are cherished for their heritage throughout the world. Yet, cultural landscapes are also
increasingly threatened by intensification on the one hand and abandonment on the other.
While cultural landscapes have been the subject of many studies, our study is the first to map
their spatial distribution across Europe. This includes an overall index showing the
correspondence of a location with properties commonly associated with cultural landscapes.
Although we use three key dimensions of cultural landscapes, we acknowledge that these are
not universal. We provide an interactive tool where individuals can view, use and/or customize
the data or depict landscapes across the EU in different ways. In addition, we characterize the
dominant dimensions determining this index and the sensitivity of this characterization
towards the assumptions made. Together, the different maps allow an interpretation of the
diversity of conditions that characterize cultural landscapes across Europe.

Spatial patterns of cultural landscapes types
The way in which our map characterizes well-known cultural landscapes highlights the value
of our maps. A good example of a well-known cultural landscape is found in Tuscany, Italy
(Agnoletti, 2007), which is clearly distinguishable in our three maps, having a high CLI, a
high score on all dimensions, and a relatively high agreement score. Tuscany is home to many
PDOs (e.g. pecorino, prosciutto), and is a known tourist attraction. Moreover, a hilly terrain
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and soils of low productivity have constrained agricultural intensification, which has led to
the persistence of the traditional farming landscape (Agnoletti, 2007). Similarly, the bocage
landscapes of lower Normandy, named after the abundance of hedgerows, clearly stand out on
all our three maps. Due to a change from collective to private farming, many hedgerows were
planted here during the 18th and 19th century. Unlike many other areas in Europe, they have
been conserved well there (Bonnieux and Le Goff, 1997; Schulp et al., 2014a).
In contrast, large parts of Eastern Europe are characterized by a low score on the structural
and value and meaning dimension, but high on management intensity score. We classified 8095% of the landscapes in Eastern Europe as large-scale and/or open landscapes. Higher scores
on the other dimensions here are found in mountainous areas that are often managed with
relatively low intensity. Rapid institutional and political transformations during the 20 th
century caused disruptive changes in the landscape, deteriorating connections once held
between inhabitants and their landscape (Lieskovský et al., 2014; Palang et al., 2006). In many
areas in Eastern Europe collectivization during the Soviet period generated large fields while
traditional structures such as linear landscape elements were largely removed during that
period (Palang, 2010). Moreover, the protection of specialized local foodstuffs is not very
common in Eastern European countries, leading to a low score on the value/meaning
dimension. A relatively low intensity of agricultural management is a common feature of this
region. Partly this is a result of slower intensification. Furthermore, after 1989, liberalization
caused decreasing agricultural yields that triggered widespread dis-intensification throughout
areas east of the former Iron Curtain (Kuemmerle et al., 2008; Lieskovský et al., 2013), with
fertilizer input dropped by more than 50% in a number of eastern and central European
countries between 1989 and 1999 (Macours and Swinnen, 2000). This explains the large area
of agricultural land, primarily characterized by low management intensity. In spite of this
overall pattern, many hotspots of cultural landscapes are still found in eastern and central
Europe. Some of them are clearly visible in our characterization, for example, in the south of
Poland or the south of Hungary (Palang et al., 2006). Other known landscapes, such as those
in Romania, are of great ecological and cultural value (Sutcliffe et al., 2013) but appear less
clearly in our characterization.
A similar landscape type with low scores on the structure dimension and high scores on the
intensity dimension can also be found in southern Spain and Portugal. These dehesa (Spain)
or montando (Portugal) landscapes are generally regarded as a traditional landscape of high
cultural significance. Spain has faced less disruptive political changes with expansive impact
on land management than took place in Eastern Europe though these landscapes were subject
to severe (but more gradual) changes as well. The dehesas today are largely found in those
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landscape less suitable for intensive agriculture (Vicente and Alés, 2006). Today this silvopastoral landscape system of the dehesa/montando, where animals graze within cleared oak
forests (Plieninger et al., 2003), is characteristic for Southwestern Spain and Southeastern
Portugal and is mainly used for non-timber forest products and meat production (Campos et
al., 2013). Moreover, the typical Iberian ham, which is protected with multiple PDOs is “the
main economic raison d’être for the maintenance of this landscape type” (Zimmermann,
2006).
The agreement in the forests classified with high scores on all dimensions, in mountains such
as the Alps, the Pyrenees or the Carpathians is remarkably high. These forests have persisted
over the last century, they show a relatively low harvesting intensity, and they are displayed
prominently on Panoramio photos. Therefore, these forests also have a high CLI and have high
scores on all dimensions. Other forest landscapes, known for its cultural significance, such as
the Black Forest in southern Germany (Plieninger and Bieling, 2012), appear as persistent and
with value or meaning. These forests which are more accessible than mountainous forests, are
more intensely harvested than the less accessible mountain forests. Other forest landscapes,
which also show persistence, but not characterized with value and meaning are mainly found
in Finland and Sweden and for instance in the Landes forest. These locations show
resemblance with the even aged production forests in the typology of Hengeveld et al. (2012).
Other forests, not characterized by persistence, are more scattered throughout Europe and are
largely found in lowland regions. Here afforestation occurred after the Second World War.
Forests were both needed to meet increased wood demand and a desire for timber selfsufficiency (Vilén et al., 2012), and also followed contraction of agricultural land upon
intensification (Nabuurs et al., 2003). Consequently, countries with a low score on the three
dimensions in agricultural areas, due to intensification, also tend to have low scores in forests.
Although not very stark, these relatively new forests do show some spatial overlap with
regions of land abandonment (Estel et al., 2015), such as in eastern Poland.

Mapping methods for cultural landscapes
Providing a characterization of cultural landscapes in Europe is a challenging task as there is
no consensus on defining and characterizing cultural landscapes. Simply mapping the
diversity of landscapes in terms of composition or farming practices is insufficient to map the
variety of cultural value of these landscapes. We incorporated human activities (through the
intensity dimension) and appreciation though the value and meaning dimension. By adding
the value and meaning dimension, we tried to incorporate the subjective and intangible aspect
of the landscape as described by Jones (1991). However, we are aware of the fact that
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especially these indicators are all but comprehensive, but nevertheless give a reasonable
indication of the dimension given the available data. Concepts that are still missing from this
typology are amongst others local history or the different value to different peoples. Our
overall cultural landscapes index is an expression of how close these landscapes come to the
–simplified – ideal of a cultural landscape as found back in much of the literature on cultural
landscapes defined by a rich landscape structure, low land-use intensity, and high values and
meanings. At the same time, we acknowledge that ‘ordinary’ or ‘everyday’ landscapes that
score low in all three dimensions (e.g., many peri-urban landscapes of Central Europe) are of
importance for people’s quality of life as well, as recognized in the European Landscape
Convention (Conrad et al., 2011). The CLI map should therefore be treated with caution and
should not be interpreted as a valuation of landscapes. The classification proposed should be
interpreted as a characterization of landscape rather than a valuation. A higher score on the
cultural landscape index therefore does not imply more value; it implies greater
correspondence to what is commonly denoted as a traditional cultural landscape.
Irrespective of the methodology chosen, the data selection is a source of uncertainty as
different indicators may lead to different cultural landscape characterizations. Cultural
heritage may not be directly visible in a physical landscape. Quintessential aspects of cultural
value and meaning, or heritage, are not fully captured in this analysis, mainly due to the fact
that there are no data that can be used for a wall-to-wall European assessment. We confined
ourselves to including the three dimensions of cultural landscapes commonly agreed upon in
the literature, but we provided the option to customize the characterization on the Hercules
Knowledge Hub (http://labs.kh.hercules-landscapes.eu/landscape_typologies.html) to allow
other users to adjust the characterization to their needs.
In contrast to the general notion of landscapes being composed of multiple land cover types
we chose to separate forests from agricultural landscapes in this study since the data were
significantly different for these two broad lands cover classes. Therefore, some of the integrity
of landscapes as mosaics of agriculture and forest, often expressed at resolutions below the
one used in this study, are not captured.
The data layers for the intensity and structure are all derived from well-established datasets
that were previously used in several European scale studies (Overmars et al., 2014; Van der
Zanden et al., 2016; Van der Zanden et al., 2013). The only dataset that was created
particularly for this study is the Panoramio photo density. The usage of social media and big
data for the purpose of approximating landscape preferences is not entirely new (Casalegno et
al., 2013), but a European wide photo density map never has been produced for this purpose.
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The map reveals some interesting patterns and strongly suggests preferences for certain type
of landscapes, such as a clear preference for mountainous areas and landscapes close to water
bodies. As the high density of photos along the Camino de Santiago shows, care should be
taken in interpretation as result of the potential biases related to these data. Panoramio only
shows where users have taken photos and subsequently uploaded them on the web. Social
media users are by no means representative for the entire population (Boyd and Crawford,
2012). However, the combination of Panoramio with the PDO data reduced potential biases.
With current trends in big data research and the use of crowd-sourced information for
landscape preference and valuation (Dunkel; Goossen, 2010; Wood et al., 2013), the data used
in the characterization could be improved to include different aspects of cultural landscapes.

Conclusions and applications
In this study, we used three dimensions of cultural landscapes commonly identified as
important (Plieninger et al. (2015) in order to map cultural landscapes on the European scale.
By using these dimensions, we were able to identify known hotpots of cultural landscapes
(such as Tuscany, the Dehesas or the bocage in Normandy), less known hotspots such as
mountainous forests, or cold spots of cultural landscapes such as the landscapes of industrial
agriculture northern France. High scores on all three dimensions were mainly found in
southern European countries and in local hotspots elsewhere such as southeastern Poland.
Landscapes with lower scores on at least two of the three dimensions were found in Northern
France, Eastern Germany, Bulgaria and Romania. Furthermore, the characterization proposed
in this paper can be used as a framework for local or regional case studies. By doing so this
paper addresses the aims of the European Landscape Convention “to promote landscape
protection, management and planning, and to organize European co-operation on landscape
issues” (Council of Europe, 2000). Our map of cultural landscapes includes the first
characterization including proxies to measure people’s perception. This may enhance the
protection of valuable cultural landscape while it simultaneously caters for European cooperation as similarities between landscapes across borders become apparent.
Our characterization can also be used to monitor change in cultural landscapes. Most cultural
landscapes face severe threats due to both intensification and extreme de-intensification or
abandonment. By updating this characterization with regular time intervals, it becomes a
monitor for the current status of the different cultural landscapes of Europe, since it especially
focusses on the management of the landscapes. This creates a framework to identify and
classify threats and opportunities to and for cultural landscapes throughout Europ

33

Chapter 3
Landscapes through social media: An analysis of revealed
preference in the Dutch river landscape
Abstract
Aesthetic enjoyment and perception are increasingly recognized as important values of
cultural landscapes. The study of these values transcends mere physical attributes of the
landscape and requires assessment of its social meaning. In recent years the usage of social
media has gained momentum to study the aesthetic preferences and perception of the
environment. However, until now the different approaches have not yet been sufficiently
combined to provide more in depth understanding of what attracts people in the landscape.
We propose a robust methodology using social media photos from Flickr and Panoramio to
estimate the correlation between landscape attributes and landscape preferences. We combine
formal modeling of spatial photo distribution based on the occurrence of landscape elements
with content analysis of the photos to pinpoint what it is in a landscape that attracts people.
We use the Kromme Rijn Area –a peri-urban area in the center of the Netherlands and a
popular recreation area- as case study area. The analysis shows that this area is appreciated by
its visitors and residents for the presence of monumental buildings, small water bodies and
opportunities for hikes along grasslands. The method successfully linked the structural
elements of the landscape with the revealed preferences, providing a way of quantifying the
appreciation of the landscape. qualitative surveys remain essential to study motivations for
outdoor recreation, but social media data can be incorporated as evidence of what elements of
the landscape are valued, where people are interacting with the landscape, and how these
interactions characterize a landscape.

Based on: Tieskens, K. F., Van Zanten, B. T., Schulp, C. J. E., Verburg, P. H., 2018, Aesthetic
appreciation of the cultural landscape through social media: An analysis of revealed
preference in the Dutch river landscape, Landscape and Urban Planning 177:128-137.
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Introduction
Cultural landscapes are, besides their role in food production, increasingly recognized and
valued as objects of aesthetic beauty (Buijs et al., 2006). Their importance for economic
welfare and well-being, through for instance recreation, or sense of place, inspired ample
scholarly work on the link between these non-material benefits and the physical landscape
attributes (Van Zanten et al., 2014a). However, the study of these values transcends mere
physical attributes of the landscape and requires assessment of its social meaning within a
given context (Lothian, 1999; Plieninger et al., 2015). Traditional stated preference
approaches often rely on choice experiments representing different landscape attributes with
context specific (manipulated) photographs to gain insight into landscape preferences (e.g.
Barroso et al., 2012; van Berkel and Verburg, 2014; van Zanten et al., 2016b). The on-site
employment of photographs in choice modeling is generally regarded as an adequate method
to unravel landscape preferences as it allows for keeping external factors such as light and
weather conditions equal while manipulating landscape elements present in photos (Steen
Jacobsen, 2007). However, photographs are unable to capture the experience people have in a
landscape as the photo is imposed by the researcher (Scott and Canter, 1997). Consequently,
choice experiments cannot avert suffering from a hypothetical bias (Hanley et al., 2001).
The rise of social media has opened up new paths in landscape preference studies. Platforms
such as Flickr, Panoramio and Instagram allow their users to upload photos of the environment
and place them on a digital map (Casalegno et al., 2013; Wood et al., 2013). Together, they
provide a publicly available database of volunteered geographic information (VGI) with
millions of geo-tagged photos spread all over the world (Goodchild, 2007). One of the main
advantages of VGI is that it gives an insight into spatial choices and preferences of people
without bias of experiments or surveys (Schlieder and Matyas, 2009). Within the last decade
applications of VGI have been numerous and include semantic spatial analysis to study
collective understandings of spatial concepts (Hollenstein and Purves, 2010) or using
sentiment analysis of Twitter data to analyze presidential election (Gordon, 2013). Recent
studies show how VGI allows employing photos generated by users, as proxies for their
landscape preferences, rather than hypothetically stated preferences for different landscapes
(Gliozzo et al., 2016; Hausmann et al., 2017; Oteros-Rozas et al., 2017; van Zanten et al.,
2016a).
Wood et al. (2013) were among the first to utilize social media content for landscape value
research. They found evidence that actual visitation rates can successfully be predicted using
the density of geo-tagged Flickr photos. Where Wood et al. (2013) used the trail of geo-tagged
36

photos to explain spatial behavior of people, Casalegno et al. (2013) applied a similar method
but instead mapped preferences. They used Panoramio densities as a proxy for the aesthetic
value of landscapes in Cornwall, UK. When analyzed in combination with spatial data, the
spatial patterns of photo density can reveal the preference for different landscape attributes
(van Zanten et al., 2016a) or the consequences of land-use change (Sonter et al., 2016).
Currently social media data are also incorporated in the frequently used InVest ecosystem
service models to represent recreation services (Sharp et al., 2016). Yet another step further,
Richards and Friess (2015), Tenerelli et al. (2016), and Oteros-Rozas et al. (2017) not only
use the spatial locations of photos but also incorporated the actual content of the photos to
make sure only relevant photos are considered and to analyze what is actually on the photos
to gain more information on landscape preferences. All these studies make stepwise advances
in the interpretation of social media for landscape preferences. However, until now the
different approaches have not yet been sufficiently combined to provide more in depth
understanding of what attracts people in the landscape.
The objective of this paper is to synthesize different approaches to interpret social media
photos to pinpoint what it is in a landscape that attracts people. We hypothesize that more
insight can be obtained by incorporating both qualitative content of photos as well as the
spatial relation to the environment where the photo is taken, to be achieved by combining
spatial regression of photo density with systematic content analysis. We used the Kromme
Rijn area, a peri-urban agricultural area in the center of the Netherlands as an example case
study area.

Methodology
The fundamental assumption in this paper is a direct correlation between the density of photos
and the aesthetic appreciation of cultural landscapes. A cultural landscape can be described by
the combination of its physical components, its management intensity and its cultural value
and meaning (Tieskens et al., 2017). These three dimensions determine how a cultural
landscape is perceived and valued (Plieninger et al., 2015). We are interested in the causal
relation between the physical components of the landscape and its appreciation by people. In
prior studies plenty of evidence was found to support the claim that higher densities of Flickr
and Panoramio photos suggest higher visitation rates and appreciation of the landscape
(Hausmann et al., 2017; Kisilevich et al., 2010; Sun et al., 2013; Wood et al., 2013). Moreover,
multiple studies showed that differences in photo density can partly be attributed to the
presence or absence of landscape elements (Gliozzo et al., 2016; van Zanten et al., 2016a).
Following van Zanten et al. (2016a) we hypothesize a positive relation between the presence
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of landscape elements such as water bodies, tree lines and forest, and the aesthetic appreciation
of people, measured by photo density.
To test our hypotheses, we downloaded all geo-tagged photos on Flickr and Panoramio in the
case study area and performed a generalized linear modeling regression to explain photo
density with a set of spatial variables consisting of physical landscape attributes,
demographics, infrastructure and place specific highlights. Subsequently, photos in areas with
large residuals were analyzed using systematic content analysis to derive meaningful
inferences about the relation between the landscape and aesthetic appreciation by people.

Case study area
The Kromme Rijn area (Figure 3.1) is a typical peri-urban agricultural area in the center of the
Netherlands in the Utrecht province. The area is located on the eastern boundary of Utrecht
(city), the fourth biggest city in the Netherlands, making it an ideal location for daily recreation
of urbanites. The area contains several towns of which Houten is the largest with just under
50 thousand inhabitants. In total the area was populated by 135.000 people in 2014 (CBS,
2014). Different landscape elements form a variety of typical Dutch landscapes, varying from
mosaics with patched forests to wide open pastures on the river bank. Meandering through the
case study area is the Kromme Rijn; a stream whose banks were a desirable location for 19 th
century castles and estates, making the area popular amongst tourists and day-trippers.
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Figure 3.1 Location of case study Kromme Rijn area

Data
As a proxy for the spatial allocation of aesthetic enjoyment we used the density of unique user
uploads of publicly available geo-referenced Panoramio and Flickr content (Tieskens et al.,
2017). We chose Panoramio and Flickr because other platforms that have similar potential to
contain valuable information have major pitfalls. Twitter users foremost report temporal rather
than spatial conditions, while Facebook does not provide the opportunity to download specific
geographical content. Instagram does provide an opportunity to download geo-tagged images
and is widely used (van Zanten et al., 2016a). However, the Instagram database of geo-tagged
photos in Kromme Rijn area only contained 150 geo-tagged photos of the landscape and was,
therefore, discarded.
The data were downloaded from the Panoramio and Flickr servers using automated API
requests with Python. With these requests we downloaded both the meta-data (geo-tag, upload
date and user name) and the actual photo. We downloaded all publicly available data from
data sources dated between 2004 and 2017 (Flickr) and 2006 and 2014 (Panoramio). We
merged the two data sources as the spatial patterns of Panoramio and Flickr photos are
comparable (Van Zanten et al., 2016) and the difference in time period was regarded small in
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the context of a relatively stable landscape. Next, we used Corine 100-meter land cover data
for the year 2006 (EEA, 2012) to filter only photos geo-tagged on non-urban land cover (van
Zanten et al., 2016a). We chose Corine 2006 as it was closest to the date of the oldest photo
in our dataset. Land cover changes between Corine 2006 and Corine 2012 were negligible,
making Corine 2006 sufficient for all data. We found no evidence of any significant landscape
changes within our case study area that make it necessary to assess the impact of temporal
changes in user content across the period. As landscape photos can also be taken from within
urban land cover, and to account for inaccuracies in the Corine land cover representation, we
included photos from within a 200-meter distance of non-urban land cover too. Data were
downloaded for the case study area and a buffer of 500 meters around the area to account for
edge-effects when calculating densities.
The Panoramio dataset contained 7,751 photos while the Flickr dataset consisted of 34,401
photos. To avoid bias of very active users we only included one randomly selected photo per
user per square kilometer. Both datasets contained a substantial number of photos unrelated to
landscape aesthetics. Following Tenerelli et al. (2016) we performed a content analysis of all
photos to filter out those photos unrelated to landscape aesthetics. We included only those
photos in which the landscape was the main topic. Photos of castles, other buildings, vehicles,
or people were excluded. For Panoramio this yielded 3,852 photos made by 742 unique users
and for Flickr 5,579 photos by 898 unique users. On average we manually categorized 1000
photos per hour, totaling to about nine hours work load. We cannot rule out any overlap
between the users of the two platforms. Based on the timestamp attached to each photo we
determined whether a photo was taken during the winter (December 21 to March 20), spring
(March 21 – June 20), summer (June 21 – September 20) or fall (September 21 – December
20). In addition to an analysis with all data, we performed a regression analysis for each season
separately to capture seasonal differences.
We divided the area in a grid of 100-meter cells and calculated the total number of unique user
uploads in a 250-meter radius neighborhood for each grid cell to account for errors in the
location accuracy and the unknown direction of photos. The geotag accuracy error of Flickr
rarely exceeds 250 meters, while Panoramio geotags are even more accurate (Zielstra and
Hochmair, 2013). The final distribution had a mean value of 7.7 unique user uploads per
neighborhood of 250 meter and standard deviation of 9.6. Accessibility is often mentioned as
one of the most important predictors for social media activity. Locations close to roads have
often much higher chances of containing social media content than locations not connected by
roads (Tenerelli et al., 2016; van Zanten et al., 2016a; Wood et al., 2013). An explorative
examination of the dependent variable revealed that 95% of all photos in our database were
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geo-tagged within 100 meters from a road and more than 99% within a distance of 250 meter
from a road. As our main question is focused on the relation between the aesthetic enjoyment
and the landscape rather than the accessibility, we snapped all photos (within a distance of 250
meter) to the most recent Open Street Map roads map (OpenStreetMap Contributors, 2017),
assuming that photos were taken from a road and included only those grid cells covered by
this road network. Photos further than 250m from a road were discarded. All spatial predictors
used in the analysis were also masked to exclude non-road cells.

Spatial predictors
For each grid cell, we gathered a set of landscape characteristics representing the most
important predictors of aesthetic enjoyment mentioned in the literature: hiking and cycling
infrastructure, distance to water bodies, recreation sites and landscape elements, and
population density (Kienast et al., 2012; Ode and Fry, 2006; van Zanten et al., 2016a; Van
Zanten et al., 2014b). For population density we used the total population within a certain
radius (Kienast et al., 2012). We explored the explanatory power of using a radius of
respectively 1km, 2km, 5km 7km and 10km. In this test the seven-kilometer radius had the
highest explanatory power, and we therefore adopted a seven-kilometer radius. To account for
recreation infrastructure, we included the presence of official hiking and cycling routes. We
used the location of castles, estates, windmills and churches to account for touristic attraction,
based on the listed attractions on the website of the official tourist agency for the Kromme
Rijn area (VVV Krommerijnstreek, 2017; VVV Utrechtse Heuvelrug, 2017). To measure the
effect of landscape elements on aesthetic enjoyment we used a map of areas designated with
specific nature or landscape conservation management restrictions. We simplified and
aggregated the landscape types into six categories: fresh water, grassland, forest, heath and
marshland, green linear landscape elements (GLLE) (tree lines, lanes and hedgerows), and
orchards (Provincie Utrecht, 2016). For these six categories, as well as for the touristic
attraction layer we calculated the inverse of the distance to these features with a maximum of
500 meters (i.e. those cells containing the feature have a value of 500, decreasing by 1 every
meter away from it to a value of zero in all cells more than 500 meters away). The threshold
of 500 meters delivered the most predictive power in our models, after comparing a threshold
of 500, 1000 and 2000 meters. To measure the diversity in land cover we used the Shannon
Diversity Index. Table 3.1 shows a list of all predictors used.
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Table 3.1 Spatial predictors used for model estimation
Parameter
Hiking

Description
Presence of long-distance hiking trail

Data source
Wandelnet (2017)

Cycling

Presence of national cycling network
route
Inverse
distance
to
touristic
attractions

Waypoint Planner (2017)

Monuments

Population
Water

Population within radius of
kilometer
Inverse distance to fresh water

Grass

Inverse distance to all grass lands

Provincie Utrecht (2016)

Forest

Inverse distance to all forests

Provincie Utrecht (2016)

Heath

Provincie Utrecht (2016)

Orchards

Inverse distance to heath and marsh
land
Inverse distance to green linear
landscape elements
Inverse distance to orchards

Shannon

Shannon Diversity Index

Slope

Maximum slope in cell (in meters)

GLLE

7

Rijksdienst
voor
het
Cultureel Erfgoed (2017);
VVV
Krommerijnstreek
(2017); VVV Utrechtse
Heuvelrug (2017)
CBS (2014)
Provincie Utrecht (2016)

Provincie Utrecht (2016)
Provincie Utrecht (2016)
PDOK (2017)

Model estimation
The goal of the model estimation was to predict the density of photos in the best possible way,
explaining a maximum fraction of the variance with the least possible number of predictors to
estimate the influence of landscape attributes on perceived landscape aesthetics controlling for
other spatial determinants. We applied generalized linear modeling (GLM) to predict the
aesthetic enjoyment in the Kromme Rijn area, as approximated by the unique user uploads of
landscape photos (Figure 3.2), using the set of predictors as listed in Table 3.1. To perform
the GLM we used the MASS package in R (Ripley et al., 2013). The selection of predictors in
the final model was done by both ways stepwise selection of predictors maximizing the
residual deviance reduction adjusted for the number of degrees of freedom (adjusted D 2)
(Guisan and Zimmermann, 2000). We checked for multi-collinearity by calculating the
variance inflation factor (VIF) of each predictor (Guisan and Zimmermann, 2000).
A distribution of non-negative discrete values, such as the photo count in this study, is often
fitted with a Poisson distribution (Tenerelli et al., 2016; van Zanten et al., 2016a). However, a
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Poisson distribution only has one parameter, assuming the mean equals the variance. The
variance of the dependent variable (σ2 = 92.4) was much larger than the mean (μ = 7.7),
indicating severe over-dispersion. Therefore, we used a negative binomial distribution instead,
which is very similar to a Poisson distribution, but has one extra parameter, allowing the
variance to be independent from the mean. To calibrate the relative importance of each
predictor we use hierarchal partitioning, using the hier.part package in R (Walsh and
MacNally, 2008). With hierarchal partitioning a goodness of fit measure (GOF) is calculated
for each possible combination of predictors. The relative importance for each predictor is the
average of the difference in GOF of each combination with and without the respective
predictor (Chevan and Sutherland, 1991). As our regression is modeled with a negative
binomial distribution with a log link, we use the log likelihood as GOF (Chevan and
Sutherland, 1991).

Content analysis
To validate the results of the GLM we performed a content analysis of all landscape photos
and identified all landscape elements present in each photo. To determine which landscapes
elements were on the photos we randomly drew a set of 2000 photos and recoded all visible
landscape elements: pasture, arable land, green linear landscape elements (GLLE), forest,
monuments (castles, castle gardens, wind mills and towers), water, animals (cattle and
wildlife) individual plants, and weather phenomena (significant sky, snow or sunbeams). We
compared the relative number of occurrences of each element with the relative regression
coefficients.
In some areas the fitted model predicted less unique user uploads than were observed while in
other areas the model overestimated the number of unique user uploads. Using the same
categories as in the previous content analysis we identified correlations between the presence
of landscape elements and the performance of the model by comparing photos in areas with
different residuals. We randomly sampled the photos according to the residuals in the grid cell
of the photos: 250 photos in areas with residuals over two standard deviations (16 or more
unique user uploads more observed than predicted), 250 photos in areas with residuals between
one and two standard deviations of residuals, 250 photos with residuals between -1 and 1
standard deviation, and 250 in those areas with more than one standard deviation unique user
uploads predicted than observed. In areas with observed values at least one standard deviation
under the predicted level we only sampled 136 photos as there were no more photos meeting
this criterion.
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Results
Model estimation
The observed data show a pattern of several concentrations of photo densities (Figure 3.2).
The main concentrations, shaded in blue (Figure 3.2) were located around known attractions
such as Amelisweerd Estate (just east of Utrecht and west of Bunnik), the Amerongen Estate
and several other estates and monuments. The areas shaded in yellow and light green (Figure
3.2) indicate low densities of landscape social media photos. Stepwise predictor selection
resulted in the inclusion of all predictors except for the maximum slope (Slope) and the
distance to orchards (Orchard), which both had an insignificant effect on the dependent
variable. There was little to no collinearity among the predictors as the VIF of each predictor
was lower than 2 and mutual Pearson’s correlations were all under 0.5.

Figure 3.2 Observed unique user uploads of landscape photos per hectare in 250-meter radius
The visual analysis is confirmed by the regression output (Table 3.2, under “All”) as the
estimate for the influence of the inverse distance to monuments on the density of photos is
relatively high. The value of 0.41 for Monuments implies that for each 100 meters closer to
the Monuments features, the natural log of predicted photo density increased by 0.41. The
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estimates of the first six mentioned variables after the intercept all use inverse distance to
features at the same scale and can therefore be compared with each other. After monuments,
the distance to water had the largest impact of these six variables, followed by forest, grass,
heath and green linear landscape elements.
The factor predictors cycling and hiking should be interpreted as such that the presence of
these elements in a cell increased the log-count of the predicted photo density with the
respective value. The presence of hiking trails had a higher explanatory power than cycling
paths. All landscape features included in the model have a significant effect on the predicted
unique user uploads. The total explained deviance, as compared to the null-model, adjusted
for the number of predictors (D2) was 31% for all seasons.
Table 3.2 also shows the regression coefficient for the season specific analyses. The most
prominent differences between the seasons can be found in the Forest, Hiking and Cycling
variables. The distance to forest correlates much stronger with photo density during the spring
and fall; hiking trails have a higher photo density during the winter and spring, while cycling
paths show the exact opposite pattern.
Table 3.2 Negative Binomial Generalized Linear Model output for all photos and seasons
Regression estimates
Term

Winter

(Intercept)

-1.75

**

-1.77

**

-1.35

**

-2.07

**

-0.26

**

Monuments

0.37

**

0.42

**

0.36

**

0.41

**

0.41

**

Grass

0.11

**

0.1

**

0.07

**

0.06

**

0.07

**

Water

0.15

**

0.09

**

0.14

**

0.12

**

0.14

**

Forest

0.08

**

0.11

**

0.05

**

0.13

**

0.08

**

GLLE

-0.01

0.03

*

0.07

**

0.03

**

Heath

0.04

**

0.08

**

-0.02

0.04

*

0.06

**

Population

0.14

**

0.16

**

0.15

**

0.16

**

0.14

**

Hiking

0.32

**

0.35

**

0.25

**

0.21

**

0.31

**

Cycling

0.02

0.06

**

0.15

**

0.15

**

0.12

**

Shannon

0.33

0.38

**

0.09

**

0.41

**

0.24

**

2

D
0.23
** p < 0.001; * p < 0.01

Spring

Summer

-0.04

**

0.24

0.20

Fall

0.22

All

0.31
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The hierarchical partitioning outcomes are shown in Figure 3.3. The percentage of total
explained deviances is projected on the y-axis of Figure 3.3 and may reach up to 100. The
dark shaded bars (individual) represents the variance explained by the respective variable
individually and the light shaded bars (joint) represent the part of the variance explained by
each variable but in combination with the other variables. It shows that most explained
deviance can be attributed to the inverse distance to monuments. The other main contributors
were grasslands, water, forests, hiking trails and the Shannon diversity index. In addition to
the deviance explained individually by the predictors a large proportion of the explained
deviance can be attributed to the effect of combinations of predictors. Heathland, linear
elements, and cycling paths had a smaller contribution to the prediction model.

Figure 3.3 Relative importance of predictors showing joint effect of explanatory variables
with other variables and individual contribution of explanatory variables
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Figure 3.4 Predicted values of unique user uploads from model estimation

Residuals
Visually the predicted values show a very similar pattern as the observed values with hotspots
of predicted unique user uploads at monument locations and along the rivers (Figure 3.4). The
residuals however, show a very auto-correlated pattern as is shown in Figure 3.5. High
concentrations of both high residuals (more observed than predicted) and low residuals (more
predicted than observed) are especially located around monuments. This observation is
confirmed by the results of the content analysis of residuals.
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Figure 3.5 Residuals of observed values minus predicted values. In the red areas the model
predicted too low values while in the blue areas the model predicted too high values.
Figure 3.6 shows what percentage of the photos of high negative residuals (--) to high positive
residuals (++) contained monuments, water, forests, skies or biodiversity (plants and animals).
Monuments and water show a strikingly similar pattern: in areas where the predicted model
had low agreement with the observed values (i.e. in areas with either high positive or high
negative residuals) these elements were often present while they were less present when
residuals were low. Forests are often present in areas with negative residuals, meaning that the
model underestimated the density of photos. The patterns for photos of significant skies or
biodiversity are less clear. The other landscape elements (grassland and GLLE) showed no
correlation with residuals and are left out of Figure 3.6.
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Figure 3.6 percentages of photos containing monuments, water, plants or forests and value
within areas with very high positive, positive, close to zero, negative and very high negative
residuals

Content analysis
The content analysis of the general sample shows that more than 40% of the landscape photos
included water and in 17% of the photos there was forest. Despite the high explanatory power
of monuments only 11% of the photos showed actual monuments. Grasslands were present in
15% of the photos. We also included weather phenomena, animals, green linear elements
(GLLE) and individual plants in our content analysis. Weather phenomena, plants, and
animals were present in respectively 12, 8 and 9%. However, we have no spatial data on the
presence of these elements.
Table 3.3 Percentage of photos with presence of each landscape element in random sample
(1000) of photos

Present in
photos

Monument

GLLE

Water

Forest

11%

12%

41%

17%

Sky
12%

Plant

Animal

Grass

8%

9%

15%
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Discussion
Model estimation
The results of this paper indicate that it is indeed possible to go beyond simple counts of social
media observations in analyzing landscape preferences. The first promising observation from
the model analysis is that our set of predictors increased the predictive power of the model up
to almost one third of all deviances as compared to a model with an equal distribution of
unique user uploads per grid cell. Also, the visual comparison of the observed values and the
predicted values confirm the impression that the set of predictors strongly correlates with the
landscape preferences of people in the Kromme Rijn area and overall patterns are wellexplained.
Considering the high significance of the landscape elements such as water, grasslands and
forest as predictors of landscape preferences we can confidently confirm our hypothesis that
landscape preferences are correlated with the presence of specific landscape attributes. One of
the interesting results of the analysis is that especially the combination of these elements
contributed to the predictive power of the model. This is also confirmed by the positive relation
between the Shannon Diversity Index and the density of photos. One of the main determinants
of landscape preference is landscape variation; a finding that is confirmed in many stated
preference studies (Ode et al., 2009; Pinto-Correia et al., 2011; Sayadi et al., 2009), but now
also clearly derived from an analysis of social media data.
The results of the GLM and the results of the content analysis show a somewhat different
picture. Where monuments have by far the largest influence on the model (Figure 3.3), they
are only present in 11% of the photos in the content analysis. The presence of water and forest,
on the other hand can be interpreted as higher than expected from the GLM outcomes. It shows
that the presence of monuments attracts visitors to the landscape but these monuments do not
necessarily contribute to the aesthetic value of the landscape themselves. Moreover, the high
explanatory power of the monuments variable is striking as photos of monuments were filtered
out. Photographs including monuments were only used in this study if they were part of the
landscape as opposed to photos of monuments alone.
The interpretation of the distance to monuments coefficient is therefore complex. If the
monument features are interpreted as a landscape element increasing the aesthetic appreciation
of the landscape, they can be treated the same way as the more ‘natural’ features and partly
explain landscape appreciation as such. However, some monuments include several hectares
of agricultural fields as part of the estate which are subject to specific landscape management
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regulations (Boon and Schuurman, 2008). It is difficult to determine if the appreciation is
related to this typical form of landscape or to the monument itself. In addition, the castles and
monuments often serve as museums and therefore attract many visitors that also venture on a
walk through the surrounding estate after visiting the museum. Higher photo densities might
be explained by higher volumes of people who not necessarily were attracted to the landscape
per se but revealed appreciation for the landscape surrounding the main attraction for their
visit.
Figure 3.6 reveals that monuments are seldom found on photos in areas with low residuals.
This indicates that the average coefficient does not accurately reveal the influence of distance
to monuments. The density of unique user uploads at some monuments is overestimated while
it is the opposite around other monuments. Similar to monuments, some water bodies and
forest increase the landscape preference more than others. Just as there is a great variety of
different monuments (windmills, castles, churches) there are different water bodies such as
the river Lek, the Kromme Rijn and several small canals.
The high number of forests on photos in areas where the model overestimated photo density
is surprising. An explanation could be that forests are appreciated as elements from a distance
as part of a mosaic of land uses or vista, rather than from close by. Similar interpretations have
been made by Clay and Daniel (2000) and Hammitt et al. (1994). Viewshed analysis may be
helpful to include in order to include the effect forests have on other landscape elements
(Casado-Arzuaga et al., 2014; Ervin and Steinitz, 2003; Yoshimura and Hiura, 2017).
The seasonality of landscape preferences was surprisingly limited. Apart from the popularity
of hiking trails in the winter and spring, as compared to the summer and fall, and the exact
opposite for cycling paths, we found no evident difference among seasonal regression
estimates. It appears as though the drivers of landscape preference in the Kromme Rijn do no
not differ per season.

Methodological advances
The usage of social media as a proxy for landscape appreciation has three main advantages
over traditional stated preference studies. First, they show a trace of actual behavior instead of
stated preferences that may suffer from a hypothetical bias. Related to this advantage, second,
the photos provided by the users contain information of in situ experiences capturing both the
local context and experience, as opposed to visualization created by researchers which may
give good representations of the biophysical environment but can produce perceptions
inconsistent with those in the actual landscape (Daniel and Meitner, 2001). A third advantage
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of using social media data is that it is relatively cheap and less time consuming than extensive
surveys.
Social media have been used as a proxy for landscape appreciation before. However, only very
few studies have included content analysis of the actual photos (e.g. Richards and Tunçer,
2017; Richards and Fries, 2016; Oteros-Rozas et al. 2017). The main advantage of content
analysis is visual evidence of what it is people appreciate at each location, as compared to a
mere location. Additionally, the content analysis provided an extra validation of the
correlations found and offered a qualitative insight in concentrations of residuals. A small case
study allowed manual content analysis. Advances in machine learning techniques will most
likely make it possible to automate the content analysis, making it possible to perform this
type of analyses on a larger scale (e.g. Richards and Tunçer, 2017).
However, social media are not the panacea for all landscape preference related research
questions as the method has some pitfalls too (Crampton et al., 2013). There is hardly any
information available on the users of the social media platforms, which makes inferences more
difficult (Tenerelli et al., 2016). Some studies suggest the population of social media users is
skewed towards higher educated people (Li et al., 2013). However, methods to identify
background information of users and connect them to individual photos are limited.
Additionally, social media data often represent a relatively longer timeframe, complicating
comparison with static spatial data. Patterns found in “big data” can offer new insights into
human behavior but should be treated with caution (Crampton et al., 2013).
The relative simplicity of the method enables research in many case studies and comparisons
across landscapes with much less effort; it provides the opportunity for large scale assessment
of regional landscape perception. An example of such comparison is Oteros-Rozas et al.
(2017). However, while that comparison was only based on simple counts of photo elements
and landscape elements, we have shown that formal modeling using spatial predictors can
shed additional insights.
The overall method of VGI analysis applied in this paper provides two advances over the
cruder photo user day method used in the InVest model depicting recreation (Sharp et al.,
2016). First of all, the filtering of photos before analysis ensures the focus on landscape
aesthetic appreciation, while the analysis through generalized linear modeling with content
analysis provides insights in the spatial determinants of the observed patterns. An interesting
outcome was that the spatial determinants of the photos (i.e. the results of the GLM) do not
necessarily correspond to the content of the photos. In other words, where photos are taken
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does not necessarily equal to what photos are taken. Examples of such differences are provided
by the monuments, which were absent from most photos, but were still the most important
spatial predictor of photo density; or forests which were often present on photos but its location
had only limited influence on the density of photos.

Application of findings
From an academic perspective this method can be applied to give a detailed summary of the
appreciated characteristics of a particular landscape. It provides a quantitative and replicable
method to incorporate some aspects of the value and meaning of landscape; a dimension often
neglected due to its intangible and hidden nature (Plieninger et al., 2015). Tieskens et al.
(2017) provided a very rough characterization method of landscapes on a continental scale
using the structure, intensity and value or meaning of the landscape. However, they treated
these dimensions as separate pillars in the landscape, while it is the link between those
dimensions that characterizes the landscape (Antrop, 2005). In this paper we explicitly made
the link between the structure of the landscape (the landscape elements) and the value and
meaning (the aesthetic appreciation). The results of the hierarchal partitioning (Figure 3.3)
reveal which landscape elements contribute to the character of the landscape while the
regression coefficients show how strongly each element contributes. One can imagine that two
landscapes similar in terms of landscape element configuration but located elsewhere might
produce different results. What links the physical structure to the value and meaning is what
characterizes the landscape. The link between management intensity and landscape
appreciation which is currently still missing from this method, can also be assessed through
social media and potentially highlight difference in appreciation of the everyday landscape by
visitors and residents (Vouligny et al., 2009).
Additionally, this method also has more direct and applied merits. For instance, the model can
be used by local governments assessing how proposed interventions can produce different
patterns of landscape appreciation. Also, the construction of recreation infrastructure can be
planned more exactly at those locations where landscape appreciation is estimated to be
highest. Of course, the same can be done for landscape elements that have an assumed negative
effect on the landscape such as wind turbines. Applying the proposed method can for instance
reveal where placing wind turbines does the least harm to the predicted aesthetic appeal of the
landscape.
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Conclusion
We proposed a method that can successfully explain spatial patterns of aesthetic appreciation
of landscape elements on a local scale. We linked the structural elements of the landscape with
its value and meaning, providing an in-depth way of quantifying the appreciation and a
characterization of the landscape. However, some elements had a more complex spatial
relation to the environment. With the combination of content analysis and GLM we showed
how the location and the physical presence of landscape elements both can have their own
influence on landscape preferences.
Our results show that social media content provides an adequate indicator of appreciation of
the environment and/or visitation rates of places. Additionally, content analysis of the photos
can show on a very detailed level what it is that is appreciated in a landscape and can make a
more accurate characterization of the appreciated landscape. However, our analysis also
suggests that there are more mechanisms that draw people to a place than just its visual
attractiveness. The high concentrations of landscape photos around monuments suggest that
people often take a photo of a landscape while being there for different reasons, not revealed
by social media. Therefore, a broader set of methods remains essential for studying
motivations for nature tourism and recreation. Social media data should be incorporated in
these methods as it is able to provide evidence of what parts or elements of the landscape are
valued, where people are interacting with the landscape, and how these interactions
characterize a landscape.
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Chapter 4
Cultural landscapes of the future: using agent-based
modeling to discuss and develop the use and
management of the cultural landscape of South West
Devon
Abstract
Hedgerows are typical landscape features of high environmental and cultural value that often
have been sacrificed for agricultural intensification and scale enlargement. We studied the
dynamics of hedgerow quality over time in a case study area renowned for its hedgerow
landscapes: South West Devon (UK) answering the following research questions: (1) how
does the imperative of scale enlargement affect hedgerow quality? and (2) to what extent can
cultural landscape degradation be countered by targeted policies? We applied an agent-based
modeling approach, parameterized with a site-specific survey, to explore and discuss
outcomes of future landscape change with stakeholders and co-designed preferred scenarios
of landscape change during a workshop. Outcomes suggested that in the case-study area, scale
enlargement has a negative effect on hedgerow quality when agri-environment scheme
subsidies (AES) are low. In contrast, if the level of AES enrollment is high, scale enlargement
can have a positive effect on hedgerow quality, as large holders are more likely to enroll for
AES. Stakeholders acknowledged the need for agricultural intensification, but at the same time
valued biodiversity and environmental value of the landscape in South West Devon. Current
AES are able to retain a decent hedgerow quality. A lower level of AES subsidies might have
a very negative effect as below a certain threshold scale enlargement can have an invigorative
effect on hedgerow quality. As an addition to AES, harvesting wood fuel from coppiced
hedgerows appears a promising way to incentivize rejuvenating hedgerow management
without governmental subsidies.
Based on: Tieskens, K. F., Shaw, B. J., Haer, T., Schulp, C. J. E., Verburg, P. H., 2017,
Cultural landscapes of the future: using agent-based modeling to discuss and develop the use
and management of the cultural landscape of South West Devon, Landscape Ecology
32(11):2113-2132.
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Introduction
Over the past few decades, trends in land management, such as scale enlargement, agricultural
intensification and land abandonment, have dramatically altered landscapes throughout
Europe. Yet despite these changes, Europe still contains landscapes that have managed to
retain a traditional small-scale character. Landscapes such as the French Bocage and the
Tuscan valleys are attributed special cultural values (Tieskens et al., 2017) and host large
amounts of biodiversity. However, current drivers of landscape change, such as an increasing
demand for agricultural produce, urbanization, and climate change, can have a devastating
effect on these traditional landscapes (Plieninger and Bieling, 2013). Scale enlargement of
farm holdings is another threat to cultural landscapes. Traditional land managers often have
difficulties remaining commercially viable all-around Europe. The United Kingdom (UK) is
no exception to this trend. In the UK, between 2005 and 2014 the total number of commercial
agricultural holdings dropped by more than 20%, but the total area of agricultural area
remained stable. A clear trend of scale enlargement is visible where small farms are abolished
while large farms are getting larger in both size as well as numbers (DEFRA, 2015). Although
intensification and scale enlargement can increase commodity production, it often comes at
the expense of biodiversity and cultural values of the landscape (Plieninger and Bieling, 2012).
A typical case of a landscape that has retained its traditional small-scale character, but is now
facing scale enlargement, is South West Devon, UK, an area characterized by mixed
agricultural systems of pastures, arable fields and woodlands. Devon is often hailed as the
quintessential example of a traditional British cultural landscape, featuring small pastoral
fields bounded by the iconic British hedgerows. The hedgerows form a deeply rooted cultural
value of the English Rural character (Fukamachi et al., 2003). Among both farmers and
conservationists there is the common understanding that hedgerows are part of the national
identity, creating a sense of place (Oreszczyn and Lane, 2000). Hedgerows are also valued as
a key habitat for a wide range of wildlife species that could otherwise not exist on intensively
managed agricultural land (Staley et al., 2013). Examples are the dormouse (Davies and Pullin,
2007) and grey partridges (Rands, 1986), but also a variety of lesser known invertebrates
(Hannon and Sisk, 2009) and plant species (Hinsley and Bellamy, 2000).
Traditional landscape features such as hedgerows are threatened by the imperative of
intensification and scale enlargement (Van der Zanden et al., 2013). Although regulations
explicitly forbid removal, the total length of hedgerows in the UK declined with 6% from 1998
to 2007, mainly due to under-management (Carey et al., 2008). Furthermore, annual
mechanized flail cutting as the main form of hedgerow management on modern intensive
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agricultural farms decreases the hedgerow quality, making them less suitable as a wildlife
habitat (Facey et al., 2014; Hinsley and Bellamy, 2000). Alternatively, wildlife friendly forms
of management are labor intensive and require traditional skills that are no longer common
amongst land managers (Staley et al., 2015). In many European countries, agri-environmental
schemes (AES) were introduced providing financial incentives to land managers to apply
environmentally sensitive management, in an attempt to restore or preserve landscape features
such as hedgerows (Fuentes-Montemayor et al., 2011).
In this study, we explore how the changing rural population and shifts of interests due to scale
enlargement can have an effect on the hedgerow quality in South West Devon. Moreover, we
explore different policy options to counter landscape degradation. We used an agent-based
model (ABM) to translate the findings of a survey among land managers into a spatial
representation of future hedgerow quality scenarios. We applied a participatory approach
engaging local stakeholders to actively participate in the construction of the model and in
discussing its outcomes. The outcomes of this study are therefore the result of negotiation and
co-design with stakeholders, rather than a top-down scientific prediction and prescription of
the societal issue of landscape degradation. We aimed to answer the following research
questions: (1) how do the changing rural population and shifts of interests due to scale
enlargement affect hedgerow quality? and (2) to what extent can landscape degradation be
countered by targeted policies?

South West Devon
South West Devon, also known as the South Hams, is a region where, due to its pastoral
character, many hedgerows have persisted during the 20th century (Barr and Gillespie, 2000).
South West Devon stretches from the fringes of Plymouth on the west to Torquay on the east.
It includes parts of the Dartmoor National Park and is bounded by the coastline on the South
(Figure 4.1). For this study we excluded Dartmoor National Park as it forms an exceptional
landscape requiring a different approach. South West Devon is inhabited by 84,500 people
(Devon County Council, 2016). Of all the land in South West Devon 90% is used for
agriculture, mostly dairy farms and grazing livestock, with some patches of arable land. Devon
is mostly characterized by medium sized (between 5 and 100 ha) farms compared to the rest
of England (DEFRA, 2015).
Very small (<5 ha) and large farms (>100 ha) are growing in numbers, while medium sized
farms are declining (DEFRA, 2015). The number of medium sized farms dropped from 8,764
in 1995 to 5,665 in 2013 while the number of large farms increased from 951 to 1,617
(DEFRA, 2015). The area occupied by large farms increased to almost 60% of the total
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agricultural land in 2013. At the same time, Devon is becoming a popular destination for
second home buyers. The attraction of the Devon rural lifestyle caused an increase in the
number of so called lifestyle farmers. Lifestyle farmers are mostly retired urbanites with a
small patch of land where they keep some livestock and grow vegetables for non-commercial
use.
Although Devon has one of the most dense and biodiverse networks of hedgerows in the
world, hedgerow density and quality are also declining in Devon (Devon Biodiversity
Partnership, 2009). The main reasons for this decline are either the total lack of management
or improper management, such as too frequent cutting, both leading to deterioration of the
quality as a wildlife habitat and the cultural historical value (Sally Hope Johnson, pers. comm.
May 14, 2015).

Figure 4.1 Study Area and location in the United Kingdom
AES in England are issued by Natural England under the name of Countryside Stewardship
and provide financial incentives for land managers to look after the environment. Countryside
Stewardship consists of three levels: higher tier, mid-tier and capital grants. Higher tier covers
only the most environmentally significant sites and generally only applies to larger farms.
Mid-tier and capital grants are open for all land managers (Natural England, 2015).
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Methods
Hedgerow quality (measured in cultural value and biodiversity) is dependent on the type of
management applied by individual land managers (Staley et al., 2015). Different types of land
managers apply different management techniques. However, a land manager who receives
AES will adopt the prescribed management instead. The decision to apply for AES is again
dependent on the characteristics of the land manager (Morris et al., 2000). Therefore, we
sought to explain hedgerow quality by the heterogeneous characteristics of land managers and
their attitude towards hedgerows, mediated trough AES.
The methods for this study consist of four distinctive steps (see Figure 4.2). First, we identified
local dynamics and issues regarding landscape quality and change by desk research,
interviewing local stakeholders, and conducting an explorative survey amongst 20 land
managers in May 2015. Secondly, we translated our findings into an ABM, using NetLogo
5.3, and designed two future scenarios. Thirdly, we conducted a survey to parameterize action
rules for the agents in the ABM with actual field data. The two initial scenarios were simulated
using the data from the survey. The outcomes were presented in a stakeholder workshop,
where stakeholders commented on the model structure and co-designed a third, preferred
scenario that we later parameterized into the ABM. In this way the workshop outcomes feed
back into redesigning the ABM to make the final outcomes.

Figure 4.2 Four research steps and feedback of workshop outcomes in model structure
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Participatory agent-based modeling
We used ABM to analyze the dynamics of landscape change and explore different future
scenarios of the hedgerow density in South West Devon. ABM enables studying the
consequences of structural drivers on a spatial environment by creating different action rules
for different type of agents in various situations (Valbuena et al., 2010). In an ABM, agents
perform actions based on predefined rules in a bounded world. To resemble the real world in
ABM, parameterization of action rules is preferably made with empirical data, although many
applications still rely on stylistic or assumed parameter values (Smajgl et al., 2011).
ABM is pre-eminently a tool that moves away from positivist prediction and prescription,
towards a means to facilitate discussion and negotiations. It enables the role of scientific
knowledge as clarifying communication, sparking creativity and provoking discussion (Page
et al., 2013). We used ABM in a constructivist way: negotiating goals, trade-offs, and how to
reach those goals through collective decision-making by exploring possible outcomes with a
model of reality (Voinov and Bousquet, 2010). Such a constructivist approach requires the
active participation of stakeholders outside the academic domain (Mathur et al., 2008).
Nature conservation inherently implies trade-offs to be made between different objectives,
such as the conservation of different ecosystem services, local livelihood or biodiversity
(McShane et al., 2011). Consequently, it involves multiple societal stakeholders with different
interests, each negotiating their claim on natural resources (Giller et al., 2008). We consulted
different stakeholders in the earliest phase of the research to co-construct the research question
addressing a locally relevant issue (Leach et al., 2002). This both ensures local relevancy, and
creates a sense of ownership to the research for local stakeholders, which provides more
legitimacy to the project (Rounsevell and Metzger, 2010). In a later phase we engaged a wide
range of different stakeholders through a dedicated workshop. We used ABM to illustrate our
findings, and together with the stakeholders we discussed ways to digest the outcomes and
explored policy options to negotiate solutions to possible future issues regarding hedgerow
quality.

Input data
Our ABM is designed to include different land manager types relevant to the study area and
represents those decision-making processes that are expected to influence landscape
management, based on expert interviews and a land manager survey. We parameterized our
ABM with spatial data to construct the modeled world, and outcomes of a land manager survey
to design probability-based action rules for the land managers. Additionally, we used statistical
data regarding land acquisitions to simulate a land market.
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To allocate patches of land to land managers we used a cadastral map showing the land registry
parcel boundaries of every parcel (Land Registry, 2015). Each agent occupied a bundle of
connected patches corresponding to one polygon in the cadastral map. As there is no spatial
data on hedgerow quality in the study area, we used hedgerow density as a proxy for hedgerow
quality instead: the higher the density, the higher the hedgerow quality. To assess hedgerow
density data, we used aerial images from Google Earth and manually digitalized each
hedgerow on the modeled area. All spatial data was resampled to a raster with patches of one
hectare.
A survey was conducted with 75 face-to-face administered questionnaires in South West
Devon in April-May 2016. Respondents were found by systematically driving through South
West Devon and knocking on every farm house door without prior notice to conduct an
interview of 15 minutes. This strategy aimed to reduce the potential of selection bias which
can occur when using address lists from the internet or the Yellow Pages (Morris et al., 2000).
To increase the sample size, we also conducted 30% of the interviews at livestock markets and
farm supply stores. We only interviewed individuals that owned or rented a farm of at least
one hectare and thus can be considered a land manager; the response-rate was 30%.
With the survey we categorized land managers, identified their attitudes towards hedgerows
and subsidies and the impact of their management style on the hedgerow quality. We adopted
four types of land managers that were identified to represent the variation in understanding of
landscape stewardship (Raymond et al., 2016): (1) character-oriented, (2) aesthetics-oriented,
(3) production-oriented, and (4) environment-oriented. We asked the land managers to rank
eight landscape functions with regard to their importance and categorized land managers based
on this ranking. The landscape functions considered are aesthetics, rural tranquility, Devon
character, healthy ecosystems, biodiversity, family tradition, generating personal income and
food production. Character oriented land managers are identified by a high score on the
landscape functions family tradition and Devon character; aesthetic oriented land managers
were those with a high score on the aesthetic and rural tranquility landscape functions;
environment-oriented land managers ranked biodiversity and healthy ecosystems as the most
important while production-oriented farmers gave priority to food production and generating
personal income. The attitude towards hedgerows was identified by a 5-item Likert scale. We
also asked land managers if they were enrolled in AES for hedgerow management and what
their attitude was regarding AES. The impact of management on the hedgerow quality was
identified by scoring the answers to the open question: How do you manage your hedgerows?
Answers ranged from annual mechanized cutting to detailed description of traditional
techniques applied. We scored the answers with help from experts and validated this during
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the stakeholder workshop. Three or five-year rotational cutting answers were scored with a 2,
traditional management techniques such as hedge laying received three points. Scores ranged
from a 1 for mechanized annual cutting, decreasing the quality of the hedgerow to 3 for
environmentally sensitive management including rejuvenation.

Model setup
At the model setup each agent is assigned a plot from the land registry map (1,117 in total)
consisting of a bundle of patches. Each patch, corresponding to a pixel of one hectare, has an
initial hedgerow quality that is based on the hedgerow density (see “Input data”).
Agents are assigned a set of attributes that determine their actions throughout the model. Based
on farm size and agent type, agents are assigned five attributes that determine their ‘strategy’:
(1) likeliness to expand or reduce their farm area, (2) probability to be in an AES at the
beginning of the modeling, (3) probability to join an AES during the course of the model run,
(4) probability to stay in AES, and (5) an index for a land manager’s hedgerow management
(Full explanation Annex 1) (Table 4.1). Actions of agents throughout the model are based on
these strategy attributes of each agent. Some strategy attributes can change when either one of
the defining attributes change during the model run.
Moreover, each agent has an initial age (Table 4.1). This age will logically increase by one
year every time step until the agent reaches his deceasing or retirement age (Table 4.1). Agents
who deceased or retired have a probability of having a successor (probability per land manager
type from survey). A successor will replace its predecessor and will be assigned a new age
and land manager type. Agents without a successor will be removed from the modeled world
(See Table 4.1 for attributes of agents). Below we will describe each action in detail.

Model procedures
The ABM simulates 30 one-year time steps where agents perform three consecutive actions
each time step: (1) buy or sell land from other agents or consolidate their farm size; (2) join,
leave, stay in or stay out of AES programs and (3) manage the hedgerows in the land they own
(see Figure 4.3). The final outcome of the model after 30 years is expressed in an index of
hedgerow quality. This mean hedgerow quality index (HQI) is calculated by the mean
hedgerow quality of all parcels in the modeled area.
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Figure 4.3 Action sequence for one time step of the ABM starting from land manager
characteristics

Land market
Each time step, all agents first determine their land market strategy: to buy, to sell or to
consolidate. Each of the three decisions has a predefined probability, which is compared with
a random number to define if the land manager buys, sells, or consolidates (see Annex 1 for
details) (Valbuena et al., 2010). Agents who deceased, or retired without successor, will put
all their land for sale before they are removed from the model.
After all agents have established a land market strategy, agents will buy patches from
neighboring agents that adopted a selling strategy, starting with the buyer with the highest
farm size to the one with the smallest farm. Agents who adopted a buying strategy will buy
land until they have reached a predefined maximum increase of their farmed area (see section
3.5. ‘Simulation of policy options’). Likewise, an agent that adopted a selling strategy will
stop selling when they reached a maximum number of sold patches. If a buyer has no (more)
neighboring selling agents or if they have reached maximum increase, the agent will stop
buying this time-step and the next buying agent can start buying. Buying land at t n will
decrease the probability of selling at tn+1 and vice versa (Valbuena et al., 2010). Buying or
selling at tn will increase the probability of consolidating the farm size at t n+1.
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Agri-environment schemes
In the next phase, agents decide whether to join, leave or stay in AES. In the model there are
two types of AES: higher tier (which prescribed increase of hedgerow quality) and mid-tier
(which prescribed keeping the hedgerow quality stable). Enrolment in AES is always for five
years. After five years of AES, agents decide whether to stay or leave the AES according to
the probability to stay in AES. Agents who are not in AES can enroll any time step if they
have a neighboring agent who is already in AES, as information on AES is often passed
through by neighbors and/or friends (Falconer, 2000). It is based on the probability to join
AES.
Table 4.1 Attributes of agents in the ABM

ATTRIBUTE
Defining
attributes

Land manager
type
Farm size

Strategy

Land market
strategy

Environment/
Aesthetic/
Character/
Production
>= 1 ha

Probability to
stay in AES
Hedgerow
management
probability
Age

Sell/
buy/
consolidate
Mid-tier/
higher tier/
Not in AES
Join Mid-tier/
join higher
tier / stay out
Stay in /
leave
Decrease/
consolidate/
increase
X

Age of dying

X

Successor

Yes/no

Probability to
be in AES
Probability to
join AES

Other

OPTIONS

attributes
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HOW IT IS

PROBABILITY

VALUE

DETERMINED

FUNCTION

CHANGES

Each option has a
fixed probability

Farm size (from
survey)

Each timestep (year)

Number of
patches
associated to land
manager
Each option has a
fixed probability

Land registry

Each timestep (year)

Farm size (from
survey)

Each timestep (year)

Each option has a
fixed probability

Farm size (from
survey)

Fixed

Each option has a
fixed probability

Farm size (from
survey)

Fixed

Each option has a
fixed probability
Each option has a
fixed probability

Farm size (from
survey)
Land manager
type (from
survey)
Survey

Fixed

Census

Fixed

Farm size (from
survey)

Fixed

Normal distr. M
= 55, std = 10
Normal distr. M
= 80, std = 4
Dichotomous
probability

Each timestep (year)
+1 each year

Hedgerow management
In the last phase agents manage the hedgerows on their patches. If the agent is not in AES they
will manage their hedgerows according to the management strategy index (increase, decrease
or maintain). Agents in mid-tier AES will consolidate the hedgerow quality or increase when
their attitude is positive. Agents in higher-tier AES are expected to increase the hedgerow
quality of all their patches by 1%. Land managers not in AES with a negative attitude towards
hedgerows will decrease the hedgerow quality with 10%. These percentages were discussed
and approved in the stakeholder workshop as being realistic. The higher change upon
degradation as compared to improvement of the hedgerow quality represent the relative high
speed of degradation and the long term involved in improving hedgerow quality through regrowth.

Simulation of policy options
To explore how different policy options, influence the landscape, we included adjustable
parameters representing land market and conservation policies.
We used a single parameter to simulate land market policy: a maximum annual increase of
farm size. This parameter reflects all policies targeted at either promoting or countering the
effects of scale enlargement. A high value on this parameter (0.5) means that land managers
are allowed to increase their farm size by 50% each time step. It represents policies that favor,
or indirectly promote, scale enlargement and/or intensification. An example of such policy is
the shift of the Common Agricultural Policy from production support to income support which
led to intensification and scale enlargement in Western Europe (Van Zanten et al., 2014a). In
contrast, a lower value that limits the expansion of farms to 10% per time step, represents
policies that are targeted towards the conservation of smaller scale farms (Van Zanten et al.,
2014a). An example is the bolstering of diversification to attract tourism and recreation (Prager
and Freese, 2009).
Table 4.2 adjustable parameter properties and settings

PARAMETER

DESCRIPTION

LEV_AES

Multiplier of
probability to
join AES
Maximum
increase of farm
per time-step

MAX_FARM_INCREASE

VALUE
RANGE
0-9

LS
SETTING
0.5

CS
SETTING
7

0.1 – 0.5

0.5

0.1
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Policy aimed at the conservation of wildlife and cultural value of the landscape mostly runs
through European AES (Cooke and Moon, 2015). To manipulate the magnitude of AES we
introduced an adjustable parameter that multiplies the probability of land managers to join
AES during the model run.

Scenarios
To test the consequences of different policies we created two scenarios which show two ends
of the adjustable parameters (see Table 4.2): the conservation scenario, and the liberalization
scenario. We used the scenarios to highlight the full range of possible outcomes various
policies can have on landscape quality.
In the conservation scenario (CS), the government puts emphasis on the conservation of
traditional agriculture and a wildlife friendly environment through policies to support
landscape conservation, cultural and ecological landscape services and small agri-businesses.
In this scenario, farms can only expand with maximally 10% of their original size each time
step (Table 4.2). While this sounds like a high number, in practice the expansion is limited as
farmers can only make small use of expansion opportunities when land is offered in the
neighborhood. This scenario simulated the commercial viability of smaller farms through for
instance diversification which limits the need to sell land to larger holdings (Walford, 2001).
The popularity of mid-tier and higher tier AES was set to the maximum value for each farm
size group.
The liberalization scenario (LS) simulated a more laissez-faire attitude of the government,
meaning that there were fewer restrictions on the land market for buying and selling land,
while agricultural commodity services are promoted. The maximum annual farm expansion
of 50% should be interpreted as a policy that favors intensive and large-scale agriculture over
small-scale diversified farms. Potential consequences such as farm amalgamation,
intensification and scale enlargement have led to the reduction of diversity and hedgerows in
for instance East Anglia (Stoate et al., 2009; Stoate et al., 2001). With the likely forthcoming
BREXIT, the future of AES in the UK is now insecure (Grant, 2016). In this scenario AES
parameters were set to 0.5 for each land manager category, implying that AES subsidies still
existed, but at a much lower level which decreased the popularity of the AES across the board.
Both scenarios were run 100 times and results presented are mean results of these 100 runs.
In addition to the two policy scenarios, we performed a sensitivity analysis to test and reveal
the association between the two parameters and the hedgerow quality index (HQI) and
possible interaction between the two adjustable parameters. To do so, we performed a multiple
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linear regression with the outcomes of the model for ten different settings of both parameters.
We ran the model twice for each combination yielding 1,000 model runs (10 * 10 * 5 * 2).
Rather than showing the outcomes of separate input variables, this analysis showed how
associations from the survey, translated into the model worked together to give a final outcome
of the HQI.

Workshop
Formal stakeholder engagement happened during a stakeholder workshop on May 5, 2016.
During this workshop we used preliminary outcomes of the two scenarios to facilitate a
discussion on the future of hedgerow quality. The 15 participants were all local to South West
Devon. The group consisted of conservation practitioners, local councilors, environmental
advisors, environmental scientists and local farmers. The workshop consisted of three parts.
During the first part we presented the same eight different landscape functions as used in the
land manager survey and asked the participants to rank these in accordance to their
importance. We summarized the outcomes of this exercise, and through discussion and
negotiations we identified the three most important landscape functions, which would be used
as policy goals in a follow-up exercise.
During the second part we presented both the model structure as well as preliminary outcomes.
During this presentation we validated assumptions made in the model and tested whether
model outcomes were perceived as plausible to the stakeholders. The center of gravity of the
workshop was placed on the third session. In this session, three breakout groups of
stakeholders each formulated an own scenario to realize the landscape goals that were set
during the first session. Each scenario was presented by the stakeholders to the entire group.
The scenarios proposed by the stakeholders were then discussed in order to formulate relevant
policy suggestions that accounted for the previously identified landscape goals and were
shared by all stakeholders. A selected scenario, co-designed with the workshop participants,
was then parameterized and analyzed in the ABM.

Results
Survey
The ranking of landscape functions in the questionnaire enabled the categorization of land
managers in four types: environment, production, aesthetic and character-oriented land
managers. Most land managers in the survey were categorized in the production-oriented type:
often these land managers are characterized as conventional farmers (Valbuena et al., 2008).
Production oriented land managers were represented almost three times more than aesthetic
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and environment-oriented land managers, while the smallest group consisted of those oriented
towards character.
Land managers of different types showed significantly different attitudes towards hedgerows,
were differently subscribed to AES, and applied different hedgerow management strategies
(Table 4.3). Generally, land managers had a positive attitude towards the presence of
hedgerows on their land. On a five-item Likert scale from 1 (very negative) to 5 (very
positive), only 7% of the respondents had an average Likert score below three. Environmental,
character, and aesthetically oriented land managers showed a score above four, while
production land managers were slightly less positive about hedgerows on their farms. The
difference between production land managers and other land managers was significant at 95%
confidence level (p = 0.043). Differences in enrolments to AES were more apparent. More
than 50% of “production” land managers were enrolled in an AES, contrary to only 26% of
“character” land managers. However, the association between land manager type and
enrolment in AES disappears when controlled for farm size. Farm size explained 30% of the
variance in AES while land manager type had no significant explanatory power after
controlling for farm size.
Table 4.3 Attitude, AES enrollment and hedgerow management score of different land
manager types
LAND MANAGER

MANAGEMENT

ATTITUDE

IN MID-

IN

TYPE

INDEX

HEDGEROWS

TIER AES

HIGHERTIER AES

Environment (n=13)

2.25

4.10

31%

8%

Character (n=8)

1.50

4.13

13%

13%

Production (n=36)

1.69

3.85

39%

17%

Aesthetic (n=12)

2.10

4.18

42%

0%

Total (n=69)

1.82

3.99

35%

12%
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Table 4.4 Attitude, AES enrollment and hedgerow management index of land managers per
farm size
FARM SIZE

MANAGEMENT

ATTITUDE

IN MID-

IN HIGHER-

INDEX

HEDGEROWS

TIER AES

TIER AES

< 6 ha (n=12)

1.94

4.19

0%

0%

6 - 50 ha (n=26)

1.79

3.97

35%

4%

51 - 100 ha (n=14)

1.44

3.88

57%

0%

> 100 ha (n=17)

2.00

3.97

41%

41%

Total (n=69)

1.82

3.99

35%

12%

All attributes were used to explain the differences in hedgerow management strategies of land
managers, which were operationalized by the hedgerow management index. The data
illustrated that the management of hedgerows could be explained by farm size and land
manager type, but this is mediated through the attitude towards hedgerows and the enrolment
in AES.
The environment-oriented land managers showed the highest hedgerow management score
while the character land managers showed the lowest (Table 4.3). Based on solely the attitude
of land managers towards hedgerows, one would have expected production land managers to
have the lowest score. However, through their high level of AES enrolment they score a higher
hedgerow management index.

Model and scenarios results
The translation of the empirical outcomes of the survey into the ABM allowed the exploration
of the influence of subsidy programs and scale enlargement on the hedgerow quality,
providing an outlook on potential future developments. The scenario simulations were not
meant to provide a prediction, but rather serve as a starting point of discussions with
stakeholders to consider the impact of structural changes in the agricultural landscape that
deviate from past trends. While initial interviews showed that stakeholders in general did not
anticipate important changes to the cultural landscape, the simulations were aimed at
confronting the stakeholders how deviations from the current situation, and composition of
the farming population could impact the landscape. After 30 modeled years, the two scenarios
show a great difference in both land manager population composition and in hedgerow quality.
Figure 4.4 shows the development of land manager population composition under both
scenarios (means of 100 runs for each scenario). In the CS, showed in shades of green, the
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percentage of land belonging to large farms increased from 8% to over 20%, while land
belonging to medium-sized farms and small farms shrunk. In the LS, depicted in shades of
blue in Figure 4.4, we saw similar patterns, but more extreme. This scenario showed a steady
but massive scale enlargement throughout the 30 years. Due to the liberalized land market
land managers with large farms were able to increase their farm size drastically at the expense
of medium and small sized farms.
The two scenarios show a clear difference in outcome regarding to the hedgerow quality: the
LS showed a sharp decrease in hedgerow quality while the CS only showed a minimal
decrease (Figure 4.5). Spatial patterns of hedgerow quality and changes over time are
visualized in Figure 4.6. The hedgerow quality in the CS remained largely stable, and spatial
patterns of hedgerow quality remained intact over 30 years (Figure 4.6 C). Some areas show
a slight decrease and, in some areas, the HQI increased. The LS showed an overall decrease
(Figure 4.6D). Especially areas where the initial HQI was higher showed a decrease (e.g.
south-west of Modbury). This resulted in a lower but more evenly spread of hedgerow quality
in the area. In both scenarios there are a number of enclaves of about 1 ha where HQI increases.
These enclaves represent small farms where environmental oriented land managers managed
applied hedgerow friendly management regardless of AES.
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Figure 4.4 Temporal change of population composition in terms of farm size in the
Conservation and Liberalization scenarios. Mean of 100 model runs per scenario

Figure 4.5 Temporal change of the mean hedgerow quality index (HQI) in the Conservation
and Liberalization scenarios, with or without the wood fuel option. Mean of 100 model runs
per scenario.
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Figure 4.6 spatial patterns of hedgerow quality in Conservation and Liberalization scenarios
(A and B), and changes relative to base year (C and D).

Sensitivity analysis
We tested a multiple linear regression model to investigate the associations between the
adjustable parameters scale enlargement (MAX_FARM_INCREASE) and AES (multiplier of
the probability to join AES, LEV_AES), and the resulting HQI. We computed the interaction
term between the two predictors and entered the three variables into the regression model
predicting the mean hedgerow quality of the model after 30 years. The outcomes of the model
indicate that higher LEV_AES was associated with higher mean HQI while higher
MAX_FARM_INCREASE was associated with lower HQI (Table 4.5). The interaction
between the two predictors was also significant (Table 4.5), suggesting that the association
between MAX_FARM_INCREASE and HQI depended on LEV_AES. We estimated a
regression model for nine different values of LEV_AES with four different values between
zero and one (decrease of AES from current situation) and five above one (increase in AES
from current situation). The outcomes of this series of analyses (Table 4.6) suggested that a
low value of LEV_AES revealed a negative association between MAX_FARM_INCREASE
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and HQI while a higher value yielded a positive association. For a value of LEV_AES between
0.8 and 1 there was no significant association between HQI and MAX_FARM_INCREASE.
Table 4.5 Multiple linear regression of mean hedgerow quality after 30 modeled years with
interaction model and LEV_AES and MAX_FARM_INCREASE as predictors

Constant
MAX_FARM_INCREASE
LEV_AES
MAX_FARM_INCREASE * LEV_AES

B
0.403
-0.061
0.022
0.026

SEb
0.003
0.01
0.001
0.003

BETA
-0.087
0.691
0.282

SIG.
0.000
0.000
0.000
0.000

Table 4.6 Linear regression of HQI with MAX_FARM_INCREASE as predictor for different
values of LEV_AES
LEV_AES
0

PREDICTOR
Constant
MAX_FARM_INCREASE

0.2

Constant
MAX_FARM_INCREASE

0.4

Constant
MAX_FARM_INCREASE

0.6

Constant
MAX_FARM_INCREASE

0.8

Constant
MAX_FARM_INCREASE

1

Constant
MAX_FARM_INCREASE

3
5
7
9

B

SEB

0.368

0.005

-0.115

0.014

0.392

0.004

-0.093

0.012

0.411

0.005

-0.079

0.014

0.422

0.004

-0.047

0.012

0.425

0.004

-0.004

0.011

0.44

0.004

-0.002

0.011

Constant

0.503

0.002

MAX_FARM_INCREASE

0.081

0.007

Constant

0.536

0.002

MAX_FARM_INCREASE

0.106

0.006

Constant

0.561

0.002

MAX_FARM_INCREASE

0.118

0.005

Constant

0.579

0.001

MAX_FARM_INCREASE

0.125

0.003

BETA

SIG.
0.000

-0.628

0.000
0.000

-0.606

0.000
0.000

-0.503

0.000
0.000

-0.362

0.000
0.000

-0.035

0.731
0.000

-0.021

0.834
0.000

0.776

0.000
0.000

0.886

0.000
0.000

0.926

0.000
0.000

0.965

0.000
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Workshop
The results of the exercise where stakeholders ranked different landscape functions revealed
a consensus amongst most stakeholders that healthy ecosystems with high biodiversity should
go hand in hand with food production. Conservation of healthy ecosystems and biodiversity
were seen as among the most valuable landscape functions of South West Devon by the
stakeholders. However, as one stakeholder noted during the workshop, “the South Hams Area
of Outstanding Natural Beauty is rather an Area of Outstanding Agricultural Beauty.” All
stakeholders agreed that conservation programs such as AES are indispensable for a
sustainable future of the area, but should always favor an environment for economically viable
agriculture. Land managers who were asked to rank landscape functions during the survey,
showed more balanced preferences for the eight different landscape functions, with a slightly
higher ranking for food production, personal income and family tradition. The largest
difference between land managers and workshop participants was found for family tradition;
it is ranked as the second most important landscape function for land managers while it was
ranked as the least important by stakeholders at the workshop.

Figure 4.7 Ranking of landscape functions by participants of workshop and land managers in
survey

Validity of model results
Changes in farm size composition and HQI for both scenarios were presented to the workshop
audience. Strikingly both scenarios, which showed opposing results, were received as
plausible futures for the hedgerow quality of South West Devon. The LS was received as a
“doom scenario” as it would eventually lead to a strong decrease of hedgerows in South West
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Devon in the long run. The stakeholders agreed that with limited AES, land managers would
be more likely to apply management strategies that do not favor wildlife. The stakeholders
agreed that slowly deteriorating hedgerows would lead to the eventual disappearance of
hedgerows all together. Although with current AES this scenario would be highly unlikely,
some stakeholders considered the LS possible if the UK were to leave the European Union.
The CS was received as being closer to the current situation and was more favored by the
stakeholders. It was widely acknowledged that despite policies that favored environmentally
sensitive management of hedgerows, the overall hedgerow quality would still decline. The
stakeholders suggested two reasons for this: rules that prevent the removal of hedgerows were
not hard enough, making it too easy for developers to buy agricultural land for greenfield
development and hedgerow removal; and standards made to measure hedgerow quality and
adequate management often did not fit the requirements needed for instance for wildlife to
survive. The decline in hedgerow quality even in the CS was therefore seen to resemble reality.

Preferred scenarios by workshop participants
As a last task the stakeholders were asked to formulate policies or other measures for the next
30 years that would account for the sustainability of the three most important landscape
functions named in the earlier exercise. This revealed three main themes where, according to
the stakeholders, policy could be improved to retain healthy, biodiverse ecosystems while
catering for commercially viable agriculture: revise subsidy schemes, enhance regulation and
promote diversification. Some workshop participants suggested that subsidy schemes should
be revised for targeted improvement of ecosystems and biodiversity. Primarily, the
participants were worried that standards and guidelines in current AES do not provide
adequate solutions to environmental issues. Moreover, the application process of AES is
complicated while the provision of information to land managers is often limited. The second
theme emerging from the discussions (Table 4.7) was that regulations should be better
enforced to prevent hedgerow removal or deterioration. A somewhat different theme, but
shared amongst all participants was that the economy of South West Devon needs to diversify
in order to stay competitive. Solutions provided by stakeholders mostly concerned
disseminating the assets of the region in urban areas to attract more tourists and revise tax
regulations to tax second home owners more (Table 4.7).
One policy intervention that all three stakeholder groups mentioned and was directly related
to hedgerow quality was wood-fuel harvesting. Currently citizen groups such as the Devon
Hedge Group or the Devon Rural Skills Trust are promoting rotational coppicing of hedges to
maximize harvesting of wood chips or logs while simultaneously applying a wildlife-friendly
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management technique. Coppicing is a technique where the hedge is almost entirely harvested.
Small stems are left alive, giving the hedge opportunity to rejuvenate in the years after the
coppicing takes place. Coppicing will increase the quality of the hedge significantly on the
long term in terms of wildlife habitat and is much cheaper and less labor intensive than
traditional hedge-laying. However, on the short-term coppicing removes the entire hedge
which decreases the aesthetic and cultural value of the landscape (Wolton, 2014) while leaving
very little basal woody material, leading to the loss of shelter for mammals and invertebrates
(Staley et al., 2015).
Table 4.7 Policy option suggested by stakeholders at workshop
THEME
Revise subsidy

SUGGESTED POLICY
•

schemes

Provide more assistance and information to land managers for the
application process for AES

•

Revise payment schemes to adapt to local needs rather than apply
national standards

•

Define better standards of landscape goals as current guidelines in AES
sometimes do not resemble healthy ecosystems

Enhance

•

regulations

Current planning regulations should be enforced stricter to preserve
hedgerows

•

More controls on pesticide use should prevent further degradation of
hedgerows

Diversification

•

Attract more tourists to boost the local economy

•

Tax second homes more, so that affluent second home owners pay fair
share for aesthetic enjoyment of the environment

•

Attract interest of youth (esp. ethnic minorities) as future generations
will be more ethnically mixed

•

Convince consumer of value of healthy ecosystems to enforce
environmentally sensitive management though consumption

•

Provide training and education

•

Promote wood-fuel as incentive for hedgerow management

The advantage of coppicing is that it can increase the harvesting of wood chips or logs by over
500% (Chambers et al., 2015). The wood-fuel option provides a market-driven incentive for
land managers to apply more environmentally sensitive management to their hedges without
government subsidies (Chambers et al., 2015). Despite the shared enthusiasm among
stakeholders at the workshop, actual evidence suggesting that it unequivocally leads to an
increase in hedgerow quality is still lacking. Coppicing proved to be advantageous for some
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(mostly woody) species but also less likely to favor shade-tolerant herbaceous flora (Staley et
al., 2013).

ABM simulation of wood-fuel scenario
Although the effects of wood-fuel coppicing are contested and its possible benefits for the
environment depend on good practice, we modeled a wood-fuel scenario with the ABM to
visualize how grass-root initiatives such as the promotion of wood-fuel harvesting could have
an effect on a regional scale. This ‘workshop-scenario’ was based on the assumption shared
by the stakeholders that wood-fuel management indeed increased the hedgerow quality. For
the scenario we assumed that each year there was a 50% probability that one land manager in
the entire modeled ‘world’ adopts wood-fuel management. Additionally, each farmer has a
probability of 25% of copying a neighbor that has adopted wood-fuel management (Mena et
al., 2011).

Figure 4.8 spatial patterns of hedgerow quality in Conservation and Liberalization scenarios
with wood-fuel management (A and B), and changes relative to base year (C and D)
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The outcomes show an increase of hedgerow quality compared to the non-wood fuel scenarios
in both LS and CS (Figure 4.5). In LS-WF the decrease of HQI was slightly cushioned
compared to the ‘normal’ LS while the CS-WF shows a slight increase of HQI (Figure 4.5).
The spatial patterns of the wood-fuel scenarios do not show striking differences compared to
the normal scenarios. In CS-WF the increase in some areas, such as south of Modbury (Figure
4.8 C) is somewhat stronger than in CS. The effect of the wood-fuel scenario becomes stronger
as the model progresses and more land-managers adopt the wood-fuel management. The
decrease in the HQI in LS-WF becomes less in the last years of the model while the HQI in
CS-WF begins to increase in the last few years of the model.

Discussion
In this paper we explored the possibilities of combining ABM with stakeholder engagement
to study the effects of scale enlargement and intensification on landscape quality at the local
scale. We used a model where driving forces of landscape change influenced the quality of
the landscape through the behavior of land managers.

Stakeholder engagement
The use of ABM in a participatory approach can serve different goals, ranging from the mere
communication of study outcomes to relevant stakeholders to an iterative process where model
structures and scenarios are co-designed with stakeholders using models as a joint learning
tool (Étienne, 2011; Voinov and Bousquet, 2010; Voinov et al., 2016). On the more academic
side of the spectrum, stakeholder engagement is mainly used as a means to improve the
production of scientific knowledge. For example, Van Berkel and Verburg (2012) constructed
an ABM of landscape change and used a stakeholder workshop to validate the model with
local knowledge and communicate results to the relevant stakeholders. On the other side,
ABM can be used to facilitate the design of actual policy or other interventions (Giller et al.,
2008). The scientist takes a more passive role and utilizes ABM to illustrate local dynamics
while stakeholders can use that “to gain insights through exploration of simulation scenarios
that mimic the challenges they face” (Page et al., 2013).
Our attempt to get a better academic understanding of structural driving forces on the quality
of the landscape at a regional scale builds closely on the methods of Van Berkel and Verburg
(2012). However, we adopted a more constructivist epistemology, by engaging stakeholders
in the design of our ABM and trying to model landscape change through discussion and
negotiation with local stakeholders at our workshop. The workshop led on the one side to
validation of assumptions and outcomes of the ABM and thus an increased academic
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understanding of the local dynamics of hedgerow quality change. On the other side, it led to
the discussion and co-design of preferred future scenarios by stakeholders, which was then
modeled in the ABM to check the validity of stakeholder expectations of this scenario.
Early engagement of stakeholders ensured a better discussion and stakeholder involvement in
later phases of the research (Voinov and Bousquet, 2010), while ABM outcomes provide
simple and understandable explorations of possible future scenarios. The landscape function
ranking exercise encouraged stakeholders to make trade-offs and interests explicit, stimulating
an integrative negotiation process where stakeholders discuss towards a shared solution (Giller
et al., 2008). Choices made in a setting such as our workshop are often deliberated and
therefore more homogenous (Kenter et al., 2011). The deliberative process of selecting the
most important landscape functions led to policy goals shared by all stakeholders. This ensured
that during further discussions all stakeholders worked towards the same shared landscape
goals. However, other objectives such as the cultural value of landscapes and the associated
hedgerows (Oreszczyn and Lane, 2000) might be valued by stakeholders not present at the
workshop and further outcomes could have been biased by the composition of workshop
participants.

Modeling Results
The differences in landscape function perception between the workshop participants and land
managers during the survey are visible in the outcomes of the two pre-workshop scenarios.
Hedgerows form an important part of the cultural heritage of Devon shared by both
conservationists as well as farmers (Oreszczyn and Lane, 2000). The outcomes of our survey,
however, show that generating personal income is more important to land managers than
cultural or environmental hedgerow quality. This finding is concurrent with many other
European studies (Ahnström et al., 2008). To trigger land managers to adopt environmentally
sensitive management, financial compensation is needed, especially for production-oriented
farmers. When there are fewer financial incentives for environmental hedgerow management,
as is the case in the Liberalization scenario, land managers will focus on generating personal
income rather than focusing on the environment (see also Primdahl et al., 2003). Land
enclosures will be sacrificed. On the other hand, intensification and scale enlargement will
give British farmers a better chance on the global food market to gain personal income. A
conservation scenario, which is likely to go hand in hand with higher taxes for the British and
more regulations, will provide the financial incentives to land managers to perform hedgerow
management according to AES standards. Both the outcomes of the model as well as the
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participants of the workshop agreed that AES actually lead to increased environmental value
of hedgerows.
The sensitivity analysis revealed a strong interaction between the two adjustable parameters
in the model. Translated to real world outcomes, the results of the ABM suggest that more
scale enlargement would lead to declining hedgerow quality if AES subsidies would be
reduced. In contrast, upon increase of AES subsidies, more scale enlargement would lead to
an overall increase of hedgerow quality. These opposing results may seem counterintuitive.
The mechanism behind this interaction is that land managers with large farms were more likely
to apply for AES subsidies than smallholders (Pavlis et al., 2016). If more large holders are
enrolled in AES, their expansion will have a positive effect on the hedgerow quality. If they
are not enrolled in AES and apply management according to their own attitudes, scale
enlargement will have a negative effect. The effect of scale enlargement on hedgerow quality
is therefore moderated by the level of AES subsidies. Such counterintuitive results are an
important indication of the role of AES in preserving the cultural landscape. While in the
literature the role of AES has been contested (de Snoo et al., 2013; Kleijn et al., 2001), the
importance for this specific area is clearly indicated. Small hobby farmers with one-hectare
farms increased the hedgerow quality regardless of AES, but only accounted for a small
proportion of the land (Kristensen et al., 2016).

Workshop Model
The discussion resulting from the model presentation and landscape function ranking led to
the co-construction of a scenario where natural capital (the wood-fuel potential of hedgerows)
and social capital (the willingness of land managers to adopt environmentally sensitive
management) is more exploited without demanding for more subsidies. The wood-fuel
scenarios show that another incentive aside AES can enhance the conservation of hedgerow
quality, even in the liberalization scenario. The scenario was constructed with the assumptions,
shared by the stakeholders at the workshop, that rotational coppicing yields actual
improvement of hedgerow quality and serious financial gains. More research into the
environmental consequences of coppicing is still needed while financial gains from bio energy
from coppicing of hedgerows are limited (Gruber and Clauplein, 2008). The results of our
research show both the willingness of stakeholders to engage in such measures and the
potential benefits for the landscape as a whole, warranting the further investigation if the
assumed benefits are valid.
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Conclusions
ABM proved to be a very useful tool to communicate outcomes and provide a platform for
discussion among a diverse group of stakeholders, leading to an integrative negotiation
process where shared problem definitions and solutions were formulated. Explicitly stating
landscape goals helped integrating the perspectives of different stakeholders and facilitated a
structured discussion for future landscape policy.
Conservation professionals, local policy makers and land managers all agree that the
hedgerows of Devon are indispensable to the agricultural landscape. They form key habitat
corridors for a sustainable population of various unique species while simultaneously form the
quintessential character of the Devon landscape. The willingness to conserve these typical
features of the Devon landscape was present among the full range of stakeholders. However,
without financial incentives land managers will not make the choice to sustain the current
hedgerow quality, leading to further deterioration and even disappearance of hedgerows. Scale
enlargement can have a positive effect on hedgerow quality if the level of subsidies is high
enough. Without that, there is a strong likelihood of landscape degradation due to envisioned
scale enlargement. A lower level of AES subsidies might have a very negative effect on the
hedgerow quality as below a certain threshold scale enlargement can have an invigorative
effect. Harvesting wood fuel from coppiced hedgerows was identified as an alternative
measure to add value to hedgerow maintenance and appears, under the assumptions taken, a
promising way to incentivize rejuvenating hedgerow management without governmental
subsidies. The results warrant further study into the environmental consequences of this
method (Staley et al., 2015).
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Chapter 5
Analysis of landscape preferences based on automated
image classification of social media data at European
scale
Abstract
While Europe’s economy is becoming less dependent on agriculture, landscapes are
increasingly recognized as containers of cultural value and opportunities for recreation.
Knowledge on what landscapes are valued for what reasons is indispensable for the
development of adequate policy to preserve these values. We present a novel method to locate
and characterize the different valued landscapes of Europe. We classified 375,000 geotagged
photos from Instagram, Panoramio and Flickr across Europe in terms of the type of human
nature-interaction they represent. This enabled us to identify and locate appreciated iconic
landscapes and everyday landscapes. These landscapes not only differ in location but are also
valued for very different reasons. We show that iconic landscapes are appreciated for their
naturalness, while cultural heritage is more valued in everyday landscapes.
Based on: Tieskens, K. F., Schulp, C. J. E., Verburg, P. H., Analysis of landscape preferences
based on automated image classification of social media data at European scale, Submitted
to Applied Geography
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Introduction
Almost every piece of European land is affected by human activity (Meeus, 1995). Hence,
even when discussing the biotic environment, in a European context we often speak of cultural
landscapes (Jones, 1991). A cultural landscape consists of a wide range of elements, each
having its own potential to contribute to human wellbeing. Agricultural fields can provide
food, a dyke keeps the sea or river from flooding and a forest provides timber. Moreover, the
assemblage of all these natural and built-up elements form the stage for people to live, work
and play in. The landscape, however, is not the mere sum of its parts, but often inhibits a
deeper value or meaning. This value or meaning is intangible and it is valued by people for its
beauty, its history, its cultural significance or other emotions it evokes (Tieskens et al., 2017).
Despite a vast body of literature on what people appreciate in the landscape (Van Zanten et
al., 2014b), very few scholars would confidently deem one landscape more valuable than the
other. The hills of Tuscany are more picturesque than the outskirts of most large European
cities but are not necessarily more valued by people. In a special issue on the dynamics of the
cultural landscape, Bürgi et al. (2017) question the ambiguous definition of a cultural
landscape: are they limited to a few iconic landscapes or do they encompass all landscapes
altered by humans? This ambiguity resonates in studies into valued landscapes. Scholte et al.
(2018) show on a national scale that people in the Netherlands share a common idea on what
is an attractive landscape for outdoor recreation and landscape appreciation. However, on
more local scales, the relation between landscape characteristics and people’s preferences is
highly dependent on what is available and other local conditions.
Iconic landscapes have high shared values and have been attracting visitors for a long time.
To retain these values, conservation is often needed. Attempts to map landscape preferences
on larger scales often result in highlighting these iconic landscapes (Paracchini et al., 2014b;
Scholte et al., 2018). However, ordinary or everyday landscapes often serve more people on a
day-to-day basis in their need for aesthetic enjoyment or interaction with nature
(Vanderheyden et al., 2014). The growth in both size and wealth of the urban population forces
agriculture in the urban fringe to compete with more profitable land uses such as housing and
commerce (Zasada, 2011). However, the same growth has increased the demand for green
space close to urban centers. On top of the intensive and competing uses, these ordinary
landscapes are often highly valued by people based on experiences, emotions, and intimate
knowledge (Vouligny et al., 2009). Not explicitly incorporating the inherent difference
between the appreciation of iconic and ordinary landscapes would render the risk of planning
that disregards the very nature of valued landscapes.
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The most common way to study the relation between landscape characteristics and
appreciation is through extensive surveys and choice experiments (Van Zanten et al., 2014b).
Such stated preference approaches, however, often fail to incorporate the differences between
the appreciation of iconic and ordinary landscapes (Scholte et al., 2018). Crowdsourced data,
or voluntary geographical information (VGI), could have the potential to deal with this issue.
VGI has the advantage that it does not suffer from hypothetical bias as it provided revealed
preferences rather than stated preferences (Goodchild, 2007). Geotagged data from social
media such as Instagram and Flickr provide information on where the respective users of the
platforms were and what they appreciated (Van Zanten et al., 2016a). The possibility to
download bulks of geotagged images from social media platforms inspired many landscape
scholars to use these images as a proxy for various values or ecosystem services.
Previous studies have used the density of social media photos as a proxy for landscape
appreciation (Gliozzo et al., 2016; Oteros-Rozas et al., 2017; Tenerelli et al., 2016; Van Zanten
et al., 2016a), while other studies used a very similar approach to measure the presence of
people (Sonter et al., 2016; Wood et al., 2013). Both types of studies make a compelling case
for using social media as a proxy for these purposes. However, it is impossible to derive from
these studies whether densities of social media were produced by the actual appreciation of
the location or whether it was caused by the mere presence of many people who were not
necessarily drawn to this location by the landscape itself. To make any causal inferences from
social media densities we need more information on the motivation of social media users to
upload a photo.
In this paper we aim to study people’s preferences for landscapes on a European scale, using
social media data from Flickr, Panoramio, and Instagram. Through automated image
classification, we were able to perform our analyses on a continental scale. We expand on
previous studies that used social media by classifying the content of social media photos
disentangling the causal mechanisms that produce its spatial pattern, and explicitly identifying
valued iconic and ordinary landscapes.

Methods
First, we analyzed the difference between landscape related photos and other photos. We
mapped the spatial distribution of the photos from both classes and determined which spatial
factors can explain the difference in location between these two categories of photos using a
logistic regression. Next, we analyzed the characteristics of hotspots of both iconic landscapes
and everyday landscapes. Finally, we detail our analysis by distinguishing different types of
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landscape-related photos to see if preferences can be further nuanced beyond the overall group
of landscape-related photos. The methodological steps are visualized in Figure 5.1.

Figure 5.1 Overview of methodology. On the left side we show how the social media data are
classified. On the right side we show the methods we applied to analyze the corresponding
data on the left side.

Downloading social media data
We downloaded all publicly available geotagged photos from Instagram, Flickr and
Panoramio in Europe for the year 2014. We used data from three different platforms, to ensure
that we have a diverse set of photos. Instagram had predominantly photos of people and their
activities, while Panoramio focused more on photos of the environment. Flickr can be seen as
a mixture between the two (Van Zanten et al., 2016a). For each platform we downloaded all
available photos with a geotag within the EU27 minus Cyprus and Malta. For temporal
consistency with spatial predictors we downloaded all data from the year 2014 (January 1 –
December 31). Data were downloaded using automated geographically bounded requests from
the respective APIs. To limit the influence of very active users we only included one photo
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per user per square kilometer (Casalegno et al., 2013). Of each platform we took a random
sample of 125,000 photos to classify and use in our analysis.
We downloaded all Panoramio photos in January 2015. To do so we created a grid of the EU27 with cells of 0.01 decimal degree. For each cell we sent a request to Panoramio to retrieve
the metadata (lat/lon coordinates, the URL leading to the actual photo and the user id of the
person who uploaded the photo) of each publicly available geo-tagged photo within that cell.
The European Panoramio data were previously used in Tieskens et al. (2017) and Van Zanten
et al. (2016a). Panoramio terminated it services in 2017. Therefore, data are no longer
available to download.
For Flickr we downloaded all photos with a similar moving window technique as we used for
Panoramio. We downloaded metadata of all publicly available photos with a geotag within the
EU-27. We based our downloading script on Python library Flickrapi. Flickr will only respond
with a maximum of 16 pages of 250 photos per query. If there were more photos present within
the download bounding box we split the bounding box into four new bounding boxes of 0.005
degree and send a new request for the four smaller bounding boxes. If the smaller bounding
box contained more than 16 pages of photos we split the bounding box again until each
bounding box contained less than 16 pages of photos, or if we split the box 4 times. Thus, the
minimum size of a bounding box was 0.00125 by 0.00125 decimal degree.
Instagram data were downloaded in Fall 2015. The European Instagram data were previously
used in Van Zanten et al. (2016a). We downloaded metadata of publicly available geotagged
data by requesting to download all available data within a 5km radius of a set of points on the
map. We created a set of 500,000 points in such a way that all area of EU-27 was covered by
these radii. For more elaborate description of this method see Van Zanten et al. (2016a).

Automated image classification
We used a two-step classification method (Richards and Tunçer, 2017) to classify each photo
into Landscape-related and Other Photos, while Landscape-related Photos were further
classified into one of the following sub-categories: 1. Landscape, 2. Recreation, 3.
Plant/animal. First, we produced a trainings dataset of 1,000 randomly selected photos of each
platform that we manually classified into the four mentioned categories. We based our manual
classification on the assumed intention of the photo. Photos were classified as Outdoor
Recreation Photos if the photo shows people engaging in outdoor recreation activities such as
hiking, cycling, swimming, sun bathing, skiing, swimming, water sporting, etc. We also
classified photos as Outdoor Recreation Photos if recreation equipment, such as mountain
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bikes and surf boards were prominently visible in the photo. We classified photos as
Plant/animal if the main object in the photo was either an individual or a group of animal(s)
or plant(s). Landscape Photos were classified as such if the photo showed a view of at least
100 meters, more than 50% of the surface could be considered not built-up area while the
photo could not be classified under the previous two categories. All other photos were
classified as Other. This last category contains very diverse photos ranging from selfies to
photos taken inside or photos of monuments. In Figure 5.4 we show a typical example of each
category.

Figure 5.2 Example of four categories used to classify social media photos.
We used Google Cloud Vision to attach up to ten keywords to each of the 375,000 photos in
our database (Google Inc., 2018). Google Cloud Vision uses a machine learning algorithm to
match each photo to tagged photos within their dataset to produce up to ten keywords per
photo. Next, we used a naïve Bayes text classifier to classify the 375,000 photos into the four
categories, based on their keywords and using the manually coded trainings dataset. A naïve
Bayes classifier is a type of probabilistic classification used for classifying texts. It uses neural
networks to classify a text based on a pre-classified training set, assuming no dependence
between features to be classified. Since we translated our photos into sets of keywords, we
were able to treat each individual photo as a piece of text to be classified. For this classification
we used the Python library TextBlob, based on the machine learning libraries Pattern and
NLTK. We tested the classification using a test set consisting of 1000 randomly selected
photos, manually classified in the same way as the training dataset.
The confusion matrix in Table 5.1 shows that overall, with a Cohen’s Kappa value of 0.74 the
classification scores sufficient. However, there are two combinations of photo classes that are
relatively often confused by the classifier: Other Photos are erroneously classified as
Landscape Photos in 20% of the cases (69 / 350), and Outdoor Recreation Photos are classified

88

by mistake as Landscape Photos in 33% of all observed Outdoor Recreation Photos (14 / 42).
A manual check of the test photos revealed that in both cases a very specific issue caused the
difference in classification. Other Photos were classified as Landscape Photos in more than
80% of the cases due to the ambiguity between Landscape Photos and photos of monuments
such as castles and churches placed inside a landscape. The majority of Outdoor Recreation
Photos classified as Landscape Photos (> 90%) were misclassified due to the fact that photos
of Outdoor Recreation are often taken within a landscape. These photos can feature a person
hiking in a specific landscape. In these cases, Google Cloud Vision did not provide any
keyword linking to the hiker, and therefore the photo was classified as a landscape. The
classification of photos based on a manually coded trainings dataset and Google Cloud Vision
keywords yielded 148,157 Landscape Photos, 29,293 Outdoor Recreation Photos, 16,738
Plant/animal Photos. and 178,287 Other Photos. A little over 2,500 photos (< 1%) were
removed from the database as they were located too far at sea to be included in the analyses.
Table 5.1. Confusion matrix of 1000-photo test set of automated photo classification
(Observed category (ob) vs classified category (cl))
Cl

-

Cl

-

Cl

-

Cl-

Landscape

Recreation

Plant/animal

Other

Ob - Landscape

536

2

6

33

Ob - Outdoor Recreation

14

22

0

6

Ob - Plant/animal

3

0

28

0

Ob - Other

69

4

9

268

Hotspot Analysis
To identify different types of valued landscapes we divided compared the density of
Landscape-related Photos and Other Photos. We divided the distribution of both classes with
five quantiles. We defined hotspots of each distribution if the density of photos had a value
higher than the fourth quantile. We assumed that the presence of people who post social media
photos can be mapped with the distribution of Other Photos (selfies, buildings, festivals etc.)
while the appreciation of landscapes can be based on the density of Landscape-related Photos.
Using the distribution of Other Photos, we could control for other accessibility other reasons
of people to visit certain places and post social media photos. High densities of landscapes at
locations where we also found high densities of Other Photos indicate appreciation of the
landscape, but with the landscape not being the main reason for people’s visit. These
landscapes were classified as ‘everyday landscapes’. At locations where the density of
89

Landscape-related Photos was high but low density of Other Photos, the landscape was both
valued and the main reason for people’s visit. We classified these landscapes as ‘iconic
landscapes’. Therefore, we identified valued everyday landscapes where both distributions
meet the hotspot criterion while iconic landscapes were identified where only Landscaperelated Photos show a hotspot. In addition to mapping the locations of iconic and everyday
landscapes, we compared the visual characteristics of these landscapes by comparing the
keywords generated by Google Cloud Vision, listing the twenty most used keywords for both
types of landscapes.

Logistic Regression
We used a set of spatial environmental predictors and control variables to explain the
difference based on the of Landscape-related Photos and Other Photos using a binomial
logistic regression. For each photo in our database this model provided the probability it was
part of the Landscape-related class (using Other photos as reference).
Table 5.2. Predictors used for logistic regressions
Variable name
Environmental variables
Plant

Description

Source

Plant species richness

Field_size
Hedges
Shannon
Nat2k

Field size
Green linear Elements
Shannon Diversity
Protected area Natura
2000

GBIF (2007); Lahti and
Lampinen (1999); Schulp et
al. (2014b)
Van der Zanden et al. (2016)
Van der Zanden et al. (2016)
EEA (2012)
EEA (2014b)

Land cover
water
Agriculture
Arable
Perm
Hetero
Pasture
Forest
Nature
Shrub
Open
Wetlands
Beach
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Percentage water
Percentage agriculture
Percentage arable land
Percentage
permanent
crops
Percentage
heterogeneous ag.
Percentage pasture
Percentage forest
Percentage nature
Percentage shrub
Percentage open land
Percentage Wetlands
Percentage beach

EEA (2012)
------------

Continuation Table 5.2. Predictors used for logistic regressions
Park
Urban
Geomorphological
View
Alpine
Mountainous
Hills
Rolling
Coast
Social-economic
GDP
Popdens
Access
Country

Percentage park
Percentage urban

---

View extent
Alpine
Mountainous
Hills
Rolling
Coast

EEA (2014a)
----EEA (2012)

GDP
Population density
Accessibility
Country

Eurostat (2014a)
-Eurostat (2014b)

From the list of variables (Table 5.2) we manually selected a set of variables minimizing
covariance (variation inflation factor < 3) and maximizing the prediction power based on AUC
value. We performed the logistic regression using a balanced sample of 10,000 Landscaperelated Photos and 10,000 Other Photos. See Annex 2 for detailed description of variables and
data manipulation.

Multinomial logistic regression
To analyze the different types of landscape appreciation we used the three subclasses of
Landscape-Related Photos: Landscape, Outdoor Recreation, and Plant/animal appreciation
(Figure 5.4). We used a multinomial regression to determine which spatial factors influence
the type of photo people make. We used the same set of variables and manually selected a set
of predictors to obtain the highest prediction power (AUC) while keeping the VIFs under the
value of 3. We performed the logistic regression using a balanced training sample of 10,000
Landscape Photos and 10,000 Outdoor Recreation Photos and 10,000 Plant/animal Photos.
AUCs were calculated with a random sample of 10,000 photos that were not included in the
training sample.

Results
The spatial density of Landscape-related and Other Photos is mapped in Figure 5.3A and
Figure 5.3B respectively. The relatively high values in the UK for both distributions suggest
that the social media platforms used in this study are popular here, rather than a landscape
related cause. The clearest visual difference between the two maps is the high density of
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Landscape-related Photos in mountain ranges such as the Alps and the Pyrenees, which is
missing in Figure 5.3B. Apart from that the two maps show a somewhat similar pattern.

Figure 5.3 A: Density of Landscape-related Photos, B: Density of Other photos. C: Landscape
related Photos and Other Photos combined showing hotspots of everyday landscapes (green),
and hotspots of iconic landscapes (dark blue).
In Figure 5.3C we show the combination of the two distributions, revealing the difference in
location of iconic landscapes and everyday landscapes. If both types of photos are found at
high density at the same location (green in Figure 5.3C), the high number of Landscape-related
Photos proves appreciation of the landscape while the high number of Other Photos suggests
it was not necessarily the landscape itself that drew the people to the landscape. These
locations meet the criteria of the everyday landscapes: places that are not recognized for their
remarkable features or spectacular views, yet enjoyed and used by many (Vanderheyden et al.,
2014). Concentrations of everyday landscapes can be found around major urban centers, such
as Paris, London, and Amsterdam. At locations where we found high concentrations of
Landscape-related Photos but a lack of Other Photos, we assume that it was a spectacular
landscape that attracted the taker of the photo to this location. These locations are assumed to
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represent the iconic landscapes, specifically appreciated for its aesthetic value (Bürgi et al.,
2017). Iconic landscapes are concentrated around mountain ranges such as the Alps and the
Pyrenees, and along the coast.
Table 5.3 Top 10 most used keywords by Google Cloud Vision for photos in iconic landscapes
and everyday landscapes
Iconic landscape
Keyword
sky
mountain
mountainous
landforms
highland
wilderness
water
mountain range
tree
cloud
sea

Everyday landscape
Percentage of
photos
64%
39%

Keyword
sky
water

Percentage of
photos
67%
39%

31%
27%
26%
24%
23%
22%
20%
20%

tree
sea
cloud
horizon
plant
coast
grass
body of water

37%
31%
23%
19%
19%
18%
16%
16%

We compared the visual characteristics of iconic and everyday landscapes by comparing the
10 most used keywords for both type of landscapes generated by Google Cloud Vision. This
revealed fundamental differences between the two types of landscapes (Table 5.3). Photos
taken in iconic landscapes often contain keywords related to mountains or nature, such as
“wilderness” and “mountainous landforms.” The focus in photos of everyday landscapes is
much more on water and landscape elements such as trees and grass. Less than 10% of the
photos in everyday landscapes were tagged with the words “mountain,” “wilderness,” or
“nature reserve.” A full list of keywords per landscape type is provided in the Annex 1.
A logistic regression analyzing the probability for a Landscape Photo over an Other Photo for
each photo in the dataset as a function of a set of spatial predictors, with an AUC of 0.67 and
a low R2 = 0.11 (Table 5.4) confirms the observation made from Figure 5.3 that the two
distributions show a relatively similar pattern. The logistic regression could only explain a
small part of differences in location of Landscape-related Photos and Other Photos. However,
it also reveals that there are significant differences which can be explained by spatial predictor
variables. Table 5.4 provides statistical evidence that mountainous and alpine terrain increases
the probability for Landscape-related Photos over Other photos. The odds ratio for alpine area
is higher than for mountainous area which in its turn is higher than the odds ratio for hilly area.
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Additionally, we can see that the presence of forest, natural land cover (shrub, open land or
wetlands), water, arable land, pasture, and parks significantly increase the probability for a
Landscape-related Photo. Population density has odds below 1, meaning that the higher the
population density, the higher the probability that a photo uploaded is not related to the
landscape. Variables regarding cultural landscape elements, such as field size and the
abundance of green linear landscape elements did not have a significant influence explaining
the distinction of the two different types of photos, while the Shannon diversity index even
has a small negative effect on the probability for a Landscape-related Photo.
Table 5.4 Binomial logistic regression results showing estimated for landscape-related photos
as opposed to other photos. A description of spatial predictors can be found in SI.
Predictor

Log odds

Std. Error

Odds ratio

95% confidence interval

Pr(>|z|)

(Intercept)

-0.158

0.240

0.854

0.533 - 1.366

0.510

Plants

0.256

0.121

1.292

1.02 - 1.637

0.034

Field_size

-0.005

0.007

0.995

0.981 - 1.01

0.536

Hedges

-0.006

0.054

0.994

0.895 - 1.104

0.909

Shannon

-0.239

0.087

0.788

0.664 - 0.934

0.006

Nat2k

0.316

0.045

1.371

1.257 - 1.496

0.000

Water

1.440

0.109

4.219

3.413 - 5.228

0.000

Arable

0.257

0.065

1.293

1.137 - 1.47

0.000

Pasture

0.736

0.081

2.087

1.779 - 2.449

0.000

Forest

0.639

0.073

1.894

1.642 - 2.185

0.000

Nature

1.025

0.089

2.786

2.342 - 3.318

0.000

Park

0.764

0.135

2.147

1.647 - 2.799

0.000

Alpine

0.367

0.076

1.444

1.243 - 1.677

0.000

Mountain

0.287

0.052

1.332

1.203 - 1.476

0.000

Hill

0.148

0.038

1.160

1.076 - 1.25

0.000

Coast

0.437

0.041

1.548

1.43 - 1.677

0.000

View

0.377

0.086

1.458

1.232 - 1.726

0.000

Popdens

-1.148

0.126

0.317

0.248 - 0.406

0.000

Access

-0.344

0.267

0.709

0.421 - 1.197

0.197

GDP

0.072

0.085

1.075

0.91 - 1.27

0.395

AUC = 0.67
Nagelkerke’s R2 = 0.11
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Subclassification of landscape photos
The density of Outdoor Recreation Photos (Figure 5.4B) shows a very similar pattern as the
density of landscape vista photos (Figure 5.4A). However, the photos of Outdoor Recreation
are more spatially concentrated while Landscape Photos appear to be more spread out.
Outdoor Recreation photos are more concentrated in mountainous areas and along the coast,
while they are less present in urban regions than Landscape photos. Plant/animal Photos, on
the contrary, show a very different spatial distribution, much more similar to the Other (Figure
5.4B). This type of photos is more concentrated in and around urban centers and does not show
strong concentrations in mountain landscapes or around the coast.

Figure 5.4 Density of sub-classes of landscape photos. Maps show the total number of photos
within a radius of 5 kilometers from 1-km pixel. A: Density of landscape photos, B: Density of
recreation photos, C: Density of plant/animal photos
We explored the location differences of the three subclasses with a multinomial logistic
regression predicting the probability for either an Outdoor Recreation or Plant/animal photo
as opposed to a landscape photo as a function of spatial predictors (Table 5.5). The very low
R2 (0.09) and AUC values (0.61 and 0.62) indicate that the type of photo is not solely
determined by the spatial environment as captured by the used predictors. However, again we
found correlations between the predictors and the probability for the type of photo. The
presence of water, arable land, pasture, and the abundance of vascular plant species all have a
significant negative influence on the probability for Outdoor Recreation Photos as opposed to
landscape vista photos. On the coast and in parks the probability for recreation photos is higher
than for landscape photos. The presence of nature, water, forest, and any elevation all had a
negative impact on the probability for Plant/animal Photos. This in combination with the
relatively high odds ratio for population density confirms the visual observation from Figure
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5.4, that these photos, more so than Landscape Photos are concentrated around urban areas.
The abundance of vascular plant species increased the probability for Plant/animal Photos.
Table 5.5 Output of multinomial logistic regression showing log odds for plant/animal photos
and outdoor recreation photos as opposed to landscape photos.
Recreation

Plant/animal

Odds

95% confidence

P-

Odds

95% confidence

P-

ratio

interval

Value

ratio

interval

Value

(Intercept)

0.687

0.429 - 1.1

0.118

1.126

0.7 - 1.811

0.626

plants

0.554

0.445 - 0.69

0.000

1.610

1.295 - 2.003

0.000

field_size

1.006

0.991 - 1.02

0.447

1.008

0.994 - 1.023

0.275

hedges

1.015

0.918 - 1.122

0.771

1.200

1.084 - 1.328

0.000

shannon

1.305

1.112 - 1.53

0.001

1.033

0.877 - 1.216

0.699

nat2k

0.838

0.777 - 0.904

0.000

1.171

1.082 - 1.269

0.000

water

0.597

0.5 - 0.712

0.000

0.414

0.341 - 0.502

0.000

arable

0.627

0.548 - 0.717

0.000

0.944

0.83 - 1.075

0.387

pasture

0.481

0.409 - 0.565

0.000

0.776

0.666 - 0.903

0.001

forest

0.839

0.733 - 0.959

0.010

0.730

0.635 - 0.84

0.000

nature

0.793

0.682 - 0.922

0.003

0.541

0.457 - 0.64

0.000

park

1.508

1.146 - 1.984

0.003

1.587

1.229 - 2.049

0.000

alpine1

0.979

0.864 - 1.109

0.737

0.506

0.438 - 0.585

0.000

mountain1

0.853

0.776 - 0.938

0.001

0.514

0.463 - 0.571

0.000

hill1

0.828

0.769 - 0.891

0.000

0.655

0.607 - 0.706

0.000

coast1

1.217

1.131 - 1.31

0.000

0.694

0.642 - 0.751

0.000

view

1.105

1.001 - 1.248

0.052

0.877

0.743 - 1.037

0.124

popdens

0.832

0.658 - 1.053

0.126

1.829

1.435 - 2.332

0.000

gdp

1.127

0.954 - 1.331

0.161

1.702

1.442 - 2.009

0.000

AUC

0.61

0.62

Nagelkerke's R2 = 0.09

Discussion
Humans hold a complex relation to the environment, moderated by a capricious set of values
outside the empirical realm. Therefore, appreciation of landscapes cannot and should not be
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reduced to the sum of its physical components (Scholte et al., 2018). Nevertheless, by lack of
other options it is often the only quantitative way to make any inference on a larger scale. We
leveraged social media data to bring more nuance to the relation between the land and its
appreciation by discerning different kinds of landscape appreciation within our social media
data. With automated image classification we were able to distinguish iconic landscapes from
everyday landscapes and the appreciation for individual flora and fauna from the more holistic
appreciation of the landscape.
On a very general level the outcomes of the logistic regressions show that forested and natural
landcover, and the presence of water and elevation increase the chance that people post a
Landscape-related photo rather than other photos on social media. In accordance with previous
research this shows how landscape appreciation is related to vegetation, water, and elevation
(Kienast et al., 2012; Tenerelli et al., 2016; Van Zanten et al., 2016a; Van Zanten et al., 2014b).
However, the logistic regressions also revealed how physical attributes alone only partly
explain the spatial patterns of social media photos. Based on only the locational context we
could not very well predict the type of photo.
The content analysis, however, allowed us to go beyond these conclusions and find more indepth patterns. Figure 5.3C shows a very clear pattern of two different types of valued
landscape which we conceptualized as iconic and ordinary landscapes. Finding ordinary
landscapes around cities might not come as a surprise, but the empirical contrast with iconic
landscapes in mountainous and coastal areas, and its spatially explicit identification allowed
us to analyze these landscapes separately, with revealed preferences of a very large population.
Analysis of the different types of landscape-related photos revealed that despite slight
differences in spatial patterns, it proved difficult to explain these with spatial variables. The
similar pattern of Plant/animal Photos and Other Photos, however, indicates that the
appreciation of individual plants and animals is typical for the everyday landscapes.
Surprisingly we did not find compelling evidence for landscape characteristics that can explain
the appreciation of the traditional cultural landscape. Variables that are often used to identify
traditional cultural landscapes, such as small field size (Van Eetvelde and Antrop, 2004) or
the abundance of hedgerows and other field boundaries (Van der Zanden et al., 2013) were
tested, but no evidence was found for their influence on the location of landscape photos as
opposed to more general social media uploads. Consequently, cultural landscapes praised for
their traditional agriculture and iconic of regions of Europe, such as the vineyards of Piedmont,
the hills of Tuscany or the Iberian Dehesas do not show up as hotspots of iconic landscapes in
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Figure 5.3C. Landscape appreciation as measured in this paper does not highlight the same
landscapes as expert-based identifications of cultural value on European landscapes
(Zimmermann, 2006). Instead, iconic landscapes, where people visit primarily to experience
the landscape, are appreciated for their ‘mountains’ and ‘naturalness’. This indicates that it is
rather the natural than the cultural aspects of landscape that cause aesthetic appreciation for
landscapes.
Valued everyday landscapes show a clear contrast with their iconic counterparts, not only in
location but also in character. The everyday landscapes concentrate around densely populated
urban areas throughout Europe. Within these everyday landscapes we find photos containing
elements that can be associated with cultural landscapes. Not the naturalness or mountains,
but waterbodies, trees, and grass are dominating the everyday landscape photos. The
occurrence of “horizon,” “sky,” and “clouds” in ordinary landscape photos suggest that these
landscapes are appreciated for the experience of the outdoors, rather than specific landscape
elements.
Both iconic and everyday landscapes provide essential services to society and deserve and
need formal conservation. However, as they are valued for different reasons, and are dealing
with different issues regarding future preservation, its identification on a European scale is an
important step towards adequate conservation policy. Our analyses show that if we want to
protect landscapes that are used by many people, conservation policy should focus on natural
areas in mountainous areas, while spatial planning around cities should provide enough green
semi-rural areas around cities to cater for everyday nature encounters and recreation.
The terms iconic and everyday are dependent on the context and scale, while the difference
between them is gradual rather than categorical. For instance, we identified a large
concentration of everyday landscapes in the Netherlands as there were relatively many photos
of landscapes as well as Other photos uploaded there. However, Scholte et al. (2018) show a
clear difference of perception of iconic landscapes and everyday landscapes within the
Netherlands. Around cities they identified landscapes appreciated for everyday purposes while
a national park of semi-natural forests was identified as an iconic landscape. Our results should
therefore be interpreted as showing a general pattern on a European scale. Differentiation of
iconic and everyday landscapes on a more local scale requires local scale analyses and could
give more insights into the nature of the differences between the two types of landscapes on a
local scale.
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Social media as a proxy for landscape appreciation can be considered a well-accepted method,
considering the high number of papers that have been published in the last five years (Gliozzo
et al., 2016; Oteros-Rozas et al., 2017; Richards and Friess, 2015; Richards and Tunçer, 2017;
Schirpke et al., 2017; Tenerelli et al., 2016; Van Zanten et al., 2016a; Wood et al., 2013). The
incredible amounts of voluntary data of revealed preferences provide such a wealth of
information that it would be a clear mistake to disregard it. We showed that despite the many
research groups that are using social media for landscape appreciation there is still plenty of
room for refinement. We showed how automated image classification (Richards and Tunçer,
2017) could be used on a continental scale to distinguish very different types of landscape
appreciation. By comparing landscape photos with non-landscape photos, we could
distinguish different categories of landscape use, interpreted as iconic landscapes and
everyday landscapes. However, we have been using a classification method based on Google
Cloud Vision, which was not developed especially for this purpose. During our analyses we
also found out that current machine learning algorithms were not able to detect specific
landscape elements, such as hedgerows, traces of small scale agriculture, or even the
difference between a sown field and meadow. An image recognition algorithm specifically
trained to detect these type of landscape elements could greatly enhance the insights into the
appreciation of natural and cultural landscapes. Nonetheless, with the currently available tools
we were able to provide a single map (Figure 5.3C) that gives insights into landscape
appreciation and outdoor recreation at a continental scale.
Although social media can provide great insights into the behavior and preferences of people,
it has, like many other research tools, its caveats. One of the most heard arguments against its
use is that the group of users of social media can be considered as outliers rather than
representative (Crampton et al., 2013). Social media users are often wealthier and have access
to the latest technologies, excluding for instance a great portion of the elderly (Schirpke et al.,
2017). However, 84% of the EU-28 households had access to the internet in 2017, while the
usage of social media networks has risen from 34% in 2011 to 54% in 2017 (Eurostat, 2017).
Social media are becoming more mainstream every day. To limit the bias from specific user
groups we used three different platforms (Van Zanten et al., 2016a). A related issue lies in the
fact that social media platforms could differ in popularity from country to country. The results
found in this study are biased towards the situation in countries such as the UK, the
Netherlands and Italy, simply because people in these countries are more often on social media
than people in other European countries (Eurostat, 2017).
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Conclusion
Using automated image classification of large-scale social media data from three different
platforms we were able to locate and characterize two inherently different types of valued
landscapes in Europe. We found iconic landscapes, appreciated for their naturalness in
mountainous areas and along the coast. Valued for their more cultural heritage we found
landscapes of everyday use in more populated peri-urban areas. We tried to use more detailed
image classifications and logistic regressions to find patterns of different usage of the
landscape in Europe. The regression outputs presented in this paper showed that despite some
significant relations between spatial landscape attributes and photo type, we could not
adequately explain where people take what type of photos.
In addition to technical shortcomings of social media data, the outcomes of this study also
reveal a more fundamental issue related to social media data. The usage of social media as an
indicator for the value of nature, or cultural ecosystem services is relatively new, but is gaining
popularity in both academia as well as in policy environments (Sharp et al., 2016). We showed
how landscape elements related to the traditional landscape do not correlate with appreciation
on social media while famous cultural landscapes cannot be listed as hotspots of landscape
appreciation. Social media data shows where most people go and appreciate their environment,
but mass appreciation should not be mistaken for an exhaustive indicator of cultural value to
inform conservation policy. Further research is needed to evaluate the relation between
densities of social media content and landscape value to explain why famous cultural
landscapes report relatively low landscape photo densities. The outcomes of this study should
therefore not be used as a map of landscape value, but should be used as an indicator for mass
appreciation of iconic and everyday landscapes and can as such inform conservation policy.
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Synthesis
In this dissertation four distinctive analyses were presented that each deal with one or two of
the following research questions:
•

What is landscape value? And where can we find it?

•

How can cultural value be preserved in the future?

A characterization of landscapes based on the resemblance of the landscape with the
traditional cultural landscape was provided in Chapter 2. In Chapter 3 a closer look at one
specific landscape using the content of geo-tagged social media photos helped to find out what
people appreciate in a landscape. In Chapter 4, focusing mostly on the second research
question, future scenarios of landscape change were modeled to reveal how cultural value on
landscapes can deal with threats such as urbanization and the imperative of scale enlargement.
In the last research chapter, a continental approach was used to map and identify landscapes
appreciated by people through social media. Although each chapter can stand on its own in
providing answers to the research questions, a synthesis of all outcomes provided new insight
in the meaning of cultural value of landscapes in Europe.
In the following section, a brief analysis is provided where the outcomes of Chapter 2, that
employed an expert-based conceptualization of cultural value, are compared with crowdsourced outcomes of Chapter 5. Using the outcomes of this analysis, combined with the
outcomes of the individual chapters, the two research questions are discussed, followed by
concluding remarks of this dissertation.

Comparing traditionality with appreciation
A comparison of the European-scale results presented in Chapter 2 and Chapter 5 suggests
that what we classified as a traditional agricultural landscape, with its small-scale structure,
low intensity farming and value expressed by specialty products and even social media
(Chapter 2) was surprisingly not the landscape that was most appreciated by the users of Flickr,
Panoramio and Instagram (Chapter 5). Instead, the most appreciated landscapes in Chapter 5
were those close to cities, referred to as everyday landscapes, and those close to either the
coast or mountain ranges, referred to as iconic landscapes. To evaluate the relation between
the expert-based traditional landscapes and cultural value as defined in Chapter 2, and cultural
value assessed through social media in Chapter 5 an additional analysis was performed,
modeling the density of crowdsourced landscape photos using the dimensions of cultural value
from Chapter 2 as predictors.
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To control for possible other factors influencing the density of landscape photos and to focus
on landscape appreciation, we use the density of non-landscape photos as a control variable.
It is assumed that this variable explains the part of the variance caused by access and
motivations to visit a certain place. Additionally, we added variables explaining variance in
density due to elevation, coast and presence of water bodies. The dependent variable was the
total number of landscape related photos (see Chapter 5) in pixels of 5 km 2 and their four
immediate neighboring cells (rook neighboring).
We used the expert-based dimensions of the Cultural Landscape Index (CLI) (Chapter 2) as
predictors to model the distribution of landscape photos. However, as the value and meaning
dimension already included social media data from Panoramio, we only used the structure and
land use intensity dimensions (see Chapter 2). The structure and intensity dimensions only
captured agricultural and forest land cover, therefore we aggregated them to a 5km grid; for
pixels with no value we used the mean value of the surrounding cells within a 15km radius.
Explanation of both agricultural and forest structure and intensity is explained in Chapter 2.
Detailed description of other variables can be found in Chapter 5 and corresponding Annex 2.
The density of landscape photos was modeled with a linear regression model assuming a
negative binomial distribution of the count data to account for over-dispersion. Additionally,
the relative importance of each predictor was calculated using hierarchical partitioning
(Chevan and Sutherland, 1991). As goodness of fit measure Nagelkerke’s R2 was used. The
analyses were done for both the entire EU and the landscape regions defined in Chapter 2. We
used these regions to account for the variability in cultural value across Europe.
The outcomes of the linear modeling analyses confirm the finding of Chapter 5: traditional
agricultural landscape characteristics (quantified as low land use intensity and small-scale
structure with ample linear landscape elements) only have a very small influence on the
appreciation of landscapes as measured with social media. Only the agricultural structure
dimension showed a positive correlation with density of landscape photos in the analysis of
the entire EU but was only responsible for 3% of the explained variance. Low agricultural
intensity (high value on the variable) even showed a significant negative correlation with
density of landscape photos. Similar to agricultural dimensions, forest dimensions could not
explain a substantial part of the variance in landscape photo density. However, a negative
correlation of forest structure in Scandinavia explained 5%, while a positive correlation of
forest intensity in North Atlantic Europe explained 9% of the variance
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Table 6.1 Linear regression coefficients of landscape appreciations explained by spatial predictors.
* indicates significance at p < 0.001, italic coefficients are not significant.
EU
(Intercept)
Other photos
Alpine elevation
Mountain elevation
Hilly elevation
Rolling elevation
Coastal land
Presence of water

CLI agri – intensity
CLI forest – intensity
CLI agri – structure
CLI forest – intensity

0.41*
0.11*
1.89*
1.08*
0.66*
0.09*
0.90*
0.65*

Scandinavia
0.13*
0.19*
NA
0.97*
0.21*
0.13*
1.18*
0.32*

Eastern
Europe
-0.75*
0.21*
2.15*
1.33*
0.64*
0.16*
1.45*
2.48*

Central
Europe
0.10*
0.10*
1.97*
1.45*
0.99*
0.46*
1.27*
4.93*

Western
Europe
0.41*
0.09*
1.99*
1.31*
0.79*
0.13*
1.26*
4.89*

Southern
Europe
0.12*
0.09*
1.51*
0.72*
0.18*
-0.08*
1.35*
2.77*

NorthAtlantic
0.87*
0.04*
NA
1.60*
0.43*
-0.19*
0.96*
0.48*

0.20
-2.41*
0.13

0.12*
-0.17*
0.13

0.21*
-0.17*
-0.42*

-0.37*
0.10*
0.05

-0.16*
0.18*
0.66*

-0.49*
1.38*
0.57*

-0.53*

0.20*

0.14*

0.21*

0.34*

0.34*

0.40

0.37

0.56

0.50

0.53

0.49

0.54*
-0.01
0.44*
0.07*

Nagelkerke’s R2

0.48

Table 6.2 linear regression hierarchical partitioning (HP). HP computes the individual
contribution of each variable to the goodness of fit of the linear model. The percentages show the
contribution to the R2 of each model of each individual variable.
Eastern

Central

Western

Southern

North-

EU

Scandinavia

Europe

Europe

Europe

Europe

Atlantic

Other photos

75%

83%

73%

61%

68%

61%

80%

Alpine elevation

7%

NA

9%

14%

10%

13%

NA

Mountain elevation

3%

0%

8%

10%

7%

2%

2%

Hilly elevation

1%

0%

0%

4%

1%

1%

1%

Rolling elevation

1%

0%

2%

1%

3%

4%

0%

Coastal land

6%

9%

5%

1%

4%

10%

4%

Presence of waterbodies

1%

1%

1%

2%

3%

3%

1%

CLI agriculture – intensity

1%

0%

0%

3%

1%

0%

2%

CLI forest – intensity

3%

2%

1%

1%

2%

1%

9%

CLI agriculture – structure

3%

0%

0%

1%

0%

1%

0%

CLI forest – intensity

1%

5%

2%

3%

1%

3%

0%

Total

100%

100%

100%

100%

100%

100%

100%
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The R2 of around 0.5 indicates that there is still a large part of unexplained variance in the
density of landscape photos, even when considering the pattern of other social media photos
and physical landscape attributes such as elevation and presence of water. However, the
explanatory power of the traditional landscape variables of forest and agriculture was low.
This indicates that a higher abundance of linear landscape elements and lower land use
intensity do not lead to a higher number of landscapes photos when controlling for other
factors that influence social media photo density. Features such as visible remnants of past
land use (Antrop, 2005; Van Eetvelde and Antrop, 2004) or small-scale low intensity farming
landscapes (Bignal and McCracken, 1996) are not the most important predictors for visual
landscape preferences. Even though they might still be bearers of cultural value, this value is
not shared by people as expressed through appreciation with social media.
Of course, this analysis has its limitations. The coarse scale precluded detection of differences
at finer scales, while the limitations of social media data are known and discussed in Chapter
3 and Chapter 5. Nevertheless, this analysis confirms the visual differences between the
distribution of landscape photos and CLI indices of Chapter 2. The results of this simple
analysis further feed into a discussion in the following section on the concept of landscape
values and how to identify and map these values.

What is landscape value? And where can we find it?
In this dissertation the cultural value of landscapes was assessed by looking at the interaction
between humans and the landscape. The main premise was that humans ought to be seen as
integral part of the landscape rather than the mere beneficiary of services offered to them by
the landscape (Plieninger et al., 2015). As such, a more holistic picture could be drawn as to
what is the cultural value of landscapes and where we can find it. However, even when
respecting a holistic idea of landscape value, the identification and spatial mapping remained
problematic. The outcomes of the comparison made in the previous section could be
interpreted in the way that traditional landscape values (as mapped in Chapter 2) cannot be
backed up by the preferences of the mass (as mapped by social media in Chapter 5). The
traditional landscape is not consumed as a cultural ecosystem service through aesthetic
appreciation as much as natural mountainous landscapes and coastal areas.
Yet these traditional landscapes are often ascribed exactly these cultural ecosystem services.
A meta study of 345 case studies into visual landscape preferences finds that “landscape
attributes that describe mosaic land cover, historic buildings or the presence of livestock
generally receive the highest stated preferences” (Van Zanten et al., 2014b). Additionally,
even studies using the same type of social media data conclude that there is a positive
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correlation between cultural ecosystem services and traditional agricultural practices (OterosRozas et al., 2017) and their landscape elements (Oteros-Rozas et al., 2017; Tenerelli et al.,
2016; Van Zanten et al., 2016a). Even the widely applied ecosystem service software InVest
(Sharp et al., 2016) uses social media data to map cultural ecosystem services. However, only
very little attention is paid to the fact that correlations between the observed use of cultural
ecosystem services and the assumed provisioning of these services by traditional landscapes
are almost negligible when compared to the correlation between mountains or water and
appreciation.
Landscape perceptions are diverse and correlate to differences in demographics and
backgrounds of people (Jones, 1991). City dwellers often seek the rural tranquility to relax
from stressful urban life, while rural people might be interested in other attributes of the
landscape (Lyons, 1983). Moreover, one’s cultural background will partly determine how a
landscape is ‘read’. Ample evidence shows how people with a background in farming perceive
an agricultural landscape different from others (Burton, 2012; Herzog et al., 2000). These
differences become problematic as most studies involving preferences of people encounter the
problem of representation and sampling bias. Clever sampling strategies can limit the severity
of sampling bias but can never completely erase it. For instance, if landscape appreciation is
measured in landscape A, people are interviewed in landscape A, but the same survey cannot
be performed among those who were not in landscape A, as they did not experience that
landscape. We can assume that the population interviewed was biased towards people
interested in the characteristics of landscape A, simply because they were there (cf. Daniel and
Meitner, 2001).
Crowdsourced data can provide solace with the opportunity for extremely large-N-studies
(Goodchild, 2007). As there are very few spatial restrictions to social media data, it caters for
the comparison of any landscape without the need for local contacts, or long travel of the
researcher. However, crowdsourced data are vulnerable to bias too. For instance, the users of
social media are often young and resourceful (Li et al., 2013). Although social media have
long passed the phase of hip and Avant Garde, their users are not representative of all people
(Crampton et al., 2013). Differences between cultural value as identified in Chapter 2 and
through social media are certainly partly caused by such sampling biases. The lack of
appreciation for traditional landscapes through social media might, partly, be attributed to
sampling bias or other technical imperfections, but the outcomes of the studies presented in
this dissertation also highlight a more fundamental problem associated with a quantitative
approach to cultural value. This problem becomes more apparent when we briefly look at other
types of cultural value.
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In music, a good indicator for appreciation similar to social media landscape photos is the
number of times music is streamed on Spotify. A conclusion from Spotify’s data, regularly
updated on Wikipedia, shows us that apparently music from Canada has the most value. The
combined total of 28 billion streams of songs by Canadian artists Justin Bieber (24), Drake
(32), and The Weeknd (28) stands in sharp contrast with the ‘meager’ 150 million streams of
Johann Sebastian Bach. However, the assertion that, therefore, the latest album of Drake has
more cultural value than Bach’s Goldberg Variations would raise at least some eyebrows.
Many scholars and policy makers have struggled to agree on a measurable definition of
cultural value of music, and thus on justification of the appropriation of public money for its
conservation. As Behr et al. (2016) point out that “[t]he central question regarding arts
funding concerns why they are of value, and the related matter of why they should be
supported. Numerous cases can and have been made for the various positive effects of cultural
activity (e.g. economic growth, mental health, urban regeneration and civic pride) […] The
other side of the coin is that there is something within such activities that bring these benefits
about, and the case that this ‘intrinsic’ value merits support not just as the source of secondary
benefits but in and of itself.” Music clearly delivers services to society of instrumental value,
for instance consumed by the many listeners of Canadian pop music, but also holds intrinsic
values that do not directly lead to economic returns. The problem is that these intrinsic and
instrumental values are not mutually exclusive and cannot simply be separated from one
another (Behr et al., 2016).
In a famous attempt to quantify the value of music, Leonard Meyer identified elements and
patterns in the syntax of music that make great music stand out from mediocre compositions
(Reimer, 1962). Apart from the critique his ideas received on the theoretical notion of value,
we can imagine the theoretical possibility of analyzing a great sample of musical scores,
identify the elements listed by Meyer as signs of value, and successively try to model
streaming numbers on Spotify with empirical data. Careful sampling (case study selection)
and loose interpretation of Meyer’s ideas (operationalization of cultural ecosystem services)
would undoubtedly lead to a positive correlation between Meyer’s signs of greatness and
Spotify streams proving the validity of Meyer’s theoretical approach to value, with evidence
of actual appreciation. However, a similar method could easily prove that The Weeknd’s new
album is much more appreciated than all versions of the Goldberg Variations together. But
whose music has more value to society? This dissertation is not the right place to answer this
question. However, the example shows a clear parallel with research on cultural value of
landscapes.
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The major difference is that it is generally accepted that theories about the value of music are
fundamentally based on value judgements, whereas the most used framework to assess
landscape value, the ES-framework, is deeply rooted in the natural and economic sciences
with a strong belief in measurability. This is instrumentalized in ecosystem service accounting
methods adopted by many countries (Cowling et al., 2008; Maes et al., 2016; Raymond et al.,
2013; Turner and Daily, 2008). Incorporating cultural values in this framework has proven to
be complex to say the least. Many scholars have proposed new ways to incorporate cultural
services (Chan et al., 2012; Daniel et al., 2012; Hernández-Morcillo et al., 2013; Raymond et
al., 2013; Scholte et al., 2015). In all these attempts to propose a new framework, or adjust the
existing framework, the main goal appeared to be quantifying the intangible. HernándezMorcillo et al. (2013) accurately formulate that “[d]espite growing research over the last
decade, cultural services assessment still remains arbitrary”, they then add that the goal is to
“counterbalance this misrepresentation by establishing a scientific basis for consistently
assessing cultural services.”
Do the outcomes presented in this dissertation suggest that landscape experts are simply wrong
and traditional agricultural landscapes or their elements do not have the cultural value often
ascribed to them? An affirmative answer to this question would be a mistake rooted in the
positivist idea of a consistent scientific basis for assessing cultural value. A conclusive and
quantitative operationalization of cultural value or cultural services equals value to the total
sum of mass appreciation and consumption.
We showed in Chapter 5 that famous landscapes, such as the vineyards of Piedmont or the
hills of Tuscany would not be recognized as hotspots of landscape appreciation by such
methodology. Similar to how Bach’s numbers on Spotify are nowhere near the numbers of
contemporary artists. The only escape from such economism would be to acknowledge that
cultural value entails more than the appreciation or consumption of the mass. Indeed, Bourdieu
(1983) would even go as far stating that mass appreciation would actually devaluate a cultural
good, and value is per definition defined by a (cultural) elite with the right cultural and/or
social capital. As a consequence, it leads to “the inability of all forms of economism, which
seek to grasp this anti-economy in economic terms, to understand this upside-down economic
world” (Bourdieu, 1983).
Conclusively, the analyses of this dissertation show various methods to identify, map, and
quantify cultural values of landscapes that are important for human well-being and it is not so
surprising that the results are not consistent. Nevertheless, all chapters advance our ability to
map these different dimensions of landscape value. Chapter 2 characterizes regions and areas
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in Europe according to their traditionality and their meaning to people. It provides the first
quantitative effort to combine different dimensions of cultural value at a European scale. The
separate dimensions translate different conceptualizations of value into maps, while
combining them resulted in a characterization that provides quantitative tools for conservation,
while avoiding the fallacies of quantifying cultural value.
Chapter 3 provides a closer look on the ground as to how these valued landscapes are perceived
in a typical peri-urban recreation area. Here we went beyond previous studies by combining
densities of social media activity with extensive content analysis to reveal patterns of
landscape perception and consumption. Although we did find evidence for the appreciation of
individual landscape elements, we showed that the appreciation of landscapes can be best
explained by the location of monumental buildings. In Chapter 5 we explored the possibilities
of content analysis of social media on a continental scale by automating the methods of chapter
2. The method showed a clear distinction of what areas are appreciated for their landscape per
se and what areas are used for everyday interaction with nature. In combination with the
analysis in this chapter the outcomes reveal the risks of using quantitative indicators of cultural
value. Thoroughly analyzed big data of revealed preferences are appealing tools to make
policy to cater for the consumption of nature, but cannot substitute other, more qualitative
assessments of cultural value.
All Chapters add to our knowledge of cultural appreciation of landscapes, but we could not
provide a single indicator or definitive method to distinguish more cultural value from less
cultural value. Value remains something intangible that will always be defined by the
judgement of the assessor. The framework of ecosystem services is important to include nature
in economic equations and the inclusion of cultural ecosystem services highlights the
additional non-material benefits nature provides to human well-being. However, assessing
these cultural ecosystem services, or cultural value of nature, would benefit from an approach
that treats cultural value more like the cultural value of music, art or literature and less like an
economic service such as carbon sequestration or the provision of food. The landscape is an
inherently transdisciplinary cultural production and should also be studied as such (Iverson
Nassauer, 1995; Tress and Tress, 2001).

How can cultural value of landscapes be preserved?
The first category of valued landscapes identified in Chapter 5 are iconic landscapes, mostly
defined by elevation, water bodies, natural vegetation or the coast. The good news here is that
the abundance of elevation, coasts, and water bodies is very rarely affected by current drivers
of land use change. Indeed, land abandonment is believed to even increase the abundance of
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natural vegetation. Aside from issues concerning biodiversity and non-cultural ecosystem
services, an institutionalized structure of national parks, and increasing visitation rates show
no signs of a threat to the persistence of mass outdoor tourism. The massive landscape
appreciation within these areas, defined in Chapter 5 as iconic landscapes, provides these areas
with economic potential.
This does not mean that nature conservation in these iconic landscapes is unproblematic. For
instance, the construction of a ski resort with additional ski slopes can severely harm the
integrity of vulnerable ecosystems, leading to a loss of services and biodiversity (Rolando et
al., 2007; Roux-Fouillet et al., 2011). Our analyses suggest that it is not necessarily the
abundance of species, or even the vegetation that causes mass landscape appreciation. An
additional ski resort would, therefore, likely increase accessibility and opportunity for outdoor
recreation and therefore increase cultural value measured as landscape appreciation. The area
of tension between competing ecosystem services and landscape values lies beyond the scope
of this dissertation.
An even more complex tension might exist in valued everyday landscapes. We found high
levels of landscape appreciation in areas that were easily accessible and in close proximity to
large urban areas. What differentiates these areas from the iconic landscapes is that people,
next to appreciation for the landscape, showed interest in other matters at these locations. In
these areas the rural and idyllic often has to compete with land uses with higher revenues such
as housing, recreation and commerce (Vanderheyden et al., 2014). We not only showed that
despite this tension, the cultural landscape is highly appreciated, the results of Chapter 3 and
5 also help to point out how peri-urban agriculture is important and has vital economic power.
Despite decades of urbanization and green field development, the demand for peri-urban green
has not disappeared.
The valued iconic and everyday landscapes, as identified in Chapter 5 obviously provide many
cultural benefits to many people. The very fact that these landscapes are providing these
cultural services provides these landscapes economic power and market forces will likely help
these values to be resilient. When urbanization threatens valued peri-urban everyday
landscapes, new valued landscapes will likely be found in the new peri-urban area. The
demand would follow the supply accordingly.
In chapter 4 we modeled different scenarios of landscape change in a semi-rural area in the
vicinity of Plymouth, UK. Under the ‘liberalization’ scenario massive scale enlargement and
absence of conservation schemes would severely decrease the quality and abundance of
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hedgerows. We could, however, provide no evidence that the provision of cultural ecosystem
services measured by social media photos would decrease accordingly. The ecosystem
services are therefore not provided by the culturally significant hedgerows, but by the presence
of green in close proximity to the city.
The bad news is that cultural value that lacks the recognition of the masses cannot rely on this
economic power of mass consumption. An investment to conserve cultural heritage that is not
appreciated by the mass will likely have negative returns. The missing correlation between the
traditional landscape indices and landscape appreciation is therefore not only surprising; it is
worrying, if not alarming. Those landscapes that contain cultural heritage in the form of for
instance hedgerows, small scale agricultural fields with low intensity farming are not
recognized as iconic landscapes of mass appreciation, yet in a liberalization scenario they are
rapidly disappearing due to industrialization of agriculture, land abandonment, and
urbanization (Plieninger and Bieling, 2012).
Centuries of continuous landscape change, gradually transforming the landscape with
changing human needs and abilities have left its still legible marks on the physical landscape,
providing its inhabitants with identity and sense of place. Current trends break with this
tradition and could and are erasing these remnants of the past in an unprecedented fashion
(Antrop, 2005). As these traditional landscapes and containers of cultural value do not have
the economic potential of mass appreciation they are in need of conservation policy.
In Chapter 4 an exploration of future landscape change in a traditional landscape not only
illustrated how cultural value could disappear, but also revealed starting points that could lead
to sustainable conservation. Drivers of landscape change are often global in scale and involve
macro-economic structural forces (Plieninger et al., 2016; Van Vliet et al., 2015). Changes,
however, do not magically occur but emerge from individual actions of land managers (Bürgi
et al., 2005). Elements that contain valuable cultural heritage, such as the Devon hedgerows,
are threatened by the economic pressures of scale enlargement and intensification. The use of
heavy machinery on larger agri-businesses inevitably reduces the quality and/or abundance of
hedgerows (Burel et al., 2004; Sklenicka et al., 2009). The effect of such pressures can,
however, be modified by the individual agency of land managers and farmers (Brady, 2006;
Burel et al., 2004). Agent Based Modeling (ABM) provided the opportunity to explicitly
include the agency of individual farmers while producing outcomes that can easily be
communicated, fostering active engagement and input from land managers and other
stakeholders.
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Simulating different ABM future scenarios of a cultural landscape in Devon, UK, facing the
threats of scale enlargement and urbanization revealed that while pressures are severe, farmers
and land managers can play a key role in preserving culturally valuable landscapes. First of
all, scale enlargement of agriculture does not only lead to larger fields and removal of field
boundaries, it also changes the agricultural population composition. One of the main problems
of subsidized landscape policy is to get all farmers on board (Burton et al., 2008; Villanueva
et al., 2017; Wilson and Hart, 2000). A positive correlation between the size of a farm and the
likelihood of subscribing to subsidy programs translated into more successful subsidy policy
with scale enlargement.
However, our local analysis of cultural value also showed that landscapes are no museums of
agricultural history. If there is any heritage at all, it will be because actual people are trying to
make a living by agriculture. The cultural value is not only contained within the physical
objects of the landscape, the act of farming is an integral part of it (Plieninger et al., 2015). In
addition to subsidy programs, grassroots initiatives could foster landscape stewardship to
protect cultural value more coherent to local land uses (García-Martín et al., 2016). We
showed how such initiatives could work, backed up by government subsidy programs.

Conclusion
In the introduction to this dissertation an argument was set forth for an integrative approach
to cultural value of landscapes that should focus on the interaction between humans and the
natural environment. A landscape not only consists of physical attributes, but people are an
essential part of the concept of landscapes (Plieninger et al., 2015). The study of the cultural
value and meaning of a landscape is inherently transdisciplinary (Iverson Nassauer, 1995). In
this dissertation each chapter showed a different aspect of cultural value on landscapes in
Europe, to some extent rooted in different conceptualizations of cultural value, but all relying
on quantitative methods.
The evidence presented in this dissertation adds further proof that social media can be used to
provide a unique look into mass appreciation, perception and behavior in and of landscapes.
Further research should focus on improving automated image classifiers to improve our
understanding of the reasons behind the interaction between humans and their environment.
The demand for cultural ecosystem services such as outdoor recreation and tourism will grow,
but the competition of other land uses in for instance peri-urban landscapes is strong
(Vanderheyden et al., 2014). In iconic mountain landscapes cultural uses of the landscape
might outgrow the carrying capacity of the ecosystem, at the cost of for instance biodiversity
(Rolando et al., 2007; Roux-Fouillet et al., 2011). Detailed modeling of landscape preferences
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and spatial behavior of people can greatly improve the planning of infrastructure and the
conservation of valuable biodiversity while still providing the cultural services of recreation
and landscape appreciation.
However, social media data should not be used as a proxy for the cultural value of landscapes.
The analyses in this dissertation show how complex the concept of cultural value is and that
it cannot be captured with such quantitative measures. Operationalizing value as a service of
ecosystems to humans expressed in tangible economic terms will yield the risk of leaving out
exactly those areas where cultural value is at its weakest and in need of conservation. Although
the idea that preference based valuation of ecosystems mistakes consumption for value is
certainly not new and is recognized in for instance economic theory (Lo and Spash, 2013),
philosophy (Bourdieu, 1983), and even in the field of landscape ecology (Bekessy et al., 2018),
the somewhat uncritical adoption of social media as an indicator of cultural value (also in this
dissertation) shows that the need for transdisciplinary approaches to landscape value is still
relevant (Iverson Nassauer, 1995; Musacchio et al., 2005; Tress and Tress, 2001).
Regardless of a sound transdisciplinary idea of cultural value, successful policy requires the
identification of the value it needs to protect, and it needs it now. The reality is that global
drivers of land use change are real and will continue to bring about irreversible change to
landscapes. Without conservation policy value will be lost. As a large part of conservation
resources are allocated by the EU (for instance this dissertation was funded by European
Commission grants) there is an urgent need for this on a European scale.
Whereas the methods of Chapter 3 and Chapter 5 focused on appreciation and perception of
landscapes, we argued that value of landscapes transcends its mere consumption. The value
of cultural landscapes is closely connected to its primary use of for instance agriculture and
forestry. Moreover, the loss of value is often a direct consequence of land use change related
to the actions of individual farmers and land managers. Culturally valuable landscapes
deteriorate when farmers are forced either to intensify (Valbuena et al., 2010) or abandon their
land (Van der Zanden et al., 2018). The emerging field of ABM in landscape conservation,
focusing on farmers as the agents of landscape change, has highlighted the key role for farmers
and land managers in preserving valuable cultural heritage. Landscape conservation can go
hand in hand with active farming, but depends on the willingness and ability of farmers to
engage (Zagaria et al., 2018).
Chapter 4 similarly demonstrated how ABM can be used to highlight the importance of
individual agency to landscape conservation. We showed that land managers are aware of the
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cultural value their landscape. Fair financial compensation, through both government
subsidies and grassroots landscape initiatives can utilize this awareness and bolster landscape
conservation concurrently with large s96cale drivers of landscape change.
Although we could not provide a conclusive and quantitative definition of cultural value, the
outcomes of this dissertation provide important tools to understand, manage, and protect the
values of European landscapes. With a nominal characterization of European cultural value of
landscapes combining expert opinion (traditional landscapes) with mass popularity (social
media) and place attachment (protected food), we identified different types of cultural value
spatially. Careful decomposition of social media data on a continental scale revealed that areas
characterized by low intensity farming and small-scale structure are not necessarily recognized
by the appreciation of the mass. Exactly here environmental subsidies and grassroots
landscape initiatives are indispensable to ensure the conservation of cultural heritage and
value.
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Annex 1
Supplementary material to Chapter 4 Cultural landscapes of the future: using agent-based
modeling to discuss and develop the use and management of the cultural landscape of South
West Devon
This document explains the model procedures in more detail. There are four different
components in this model: 1) patches. Patches make up the spatial environment of the model.
In the model there are 12,957 patches which are at the start of the model allocated over 1,117
bundles of patches, varying in size between 1 and 150 patches. These patches have attributes
which are indicate with {curly brackets} in this document. 2) agents. Agents perform actions
in this model. They represent land managers and are parameterized with different attributes
derived from a survey amongst land managers. Attributes are indicated with [brackets]. 3)
adjustable parameters. Adjustable parameters are variables that can be adjusted for a model
run to simulate different policy contexts. Adjustable parameters are indicated with [[double
brackets]]. 4) phases. Phases are model steps to be taken in this ABM. The model is explained
in 8 different sub steps. Step 1 only happens at the start of the model, step 2 till 7 activate each
time step. The model is designed to simulate 30 time steps per run. One time-step correspond
to 1 year. In this document we will describe each of the 8 phases in detail. At the end of this
document is a list of all variables of agents, patches and adjustable parameters.

Model phases
Setup model
This happens only at the start of a model run. In this phase all patches get a value of {fertility}
and {GLLE}. All 1,117 bundles of patches are assigned an agent. These agent get a value
[farmer-size] , [farmer-type] (based on [farmer-size]), [farmer-age], [farmer-max-age], [buysell-probs] (based on [farmer-size]), [farmer-has-successor] (based on [farmer-size]),
[manage] (based on [farmer-type]), [farmer-subsidy] (based on [farmer-size]), and [farmersubsidy-probs] (based on [farmer-size]).

Succession, death and quit farming
Agents will stop going through the phases below if they die or stop farming. Each time-step
[farmer-age] increases with 1. If [farmer-age] = [farmer-max-age] the agent will die. If [hassuccessor] = 1 of an agent who died, the agent resets all their attributes and continues in all
other phases. If [has-successor] = 0, [farmer-intent] = -3. This means that all patches will have
{for-sale} = 1 for the entire duration of the model. However, if [farmer-size] of a died agent
will remain the same for three years (i.e. the agent put all his land for sale but they had no
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buying neighbors, meaning that nobody bought any patch from them) the entire farm will be
taken over by a new agent with new attributes.

AES
At the start of the model agents determine if they are in AES or not [farmer-subsidy] by
generating a random number between 0 and 1 per agent. If the random value is lower than
[farmer-subsidy-probs] for [farmer-subsidy] =0, [farmer-subsidy] =0. If the random value is
lower than [farmer-subsidy-probs] for [farmer-subsidy] =0 + [farmer-subsidy] = 1, [farmersubsidy] =1. In all other cases [farmer-subsidy] = 2. If [farmer-subsidy] = 1 or 2, they will
remain as such for five time-steps and the agent will skip this phase. If [farmer-subsidy] = 0
agents will make the same calculation every time step, while [farmer-subsidy-probs] for 1 and
2 are divided by five to account for the five year duration the probability for [farmer-subsidy]
= 0 is therefore higher. However the [farmer-subsidy-probs] for [farmer-subsidy] = 1 or 2 are
multiplied with [[standard-farmer-subsidy]] to model different policy options. As there is no
interaction in this phase between agents there is no specific order and all agents do this phase
simultaneously

Determine farmer strategy on land market
Agents define their strategy on the land [farmer-intent] using the same random method as to
determine [farmer-subsidy] with [buy-sell-probs] as probabilities for each option of [farmerintent]. If the agent has bought patches in the previous time step the probability for buying =
+ 0.1 the probability for consolidating is +0.1 and the probability for selling = -0.2. If the agent
has sold patches in the previous time step the probability for buying = -0.2 the probability for
consolidating is +0.1 and the probability for selling = + 0.1 If the agent has consolidated in
the previous time step the probability for buying = -0.05 the probability for consolidating is
+0.1 and the probability for selling = -0.05. These additions are not cumulative meaning that
always the original probabilities are used plus or minus these additions.

Sellers market
Agents with [farmer-intent] = -1 set {for-sale} = 1 for all their patches

Buyers market
In this phase patches are traded between agents. All agents with [farmer-intent] = 1 can buy
patches with {for-sale} = 1. The agent with the highest [farmer-size] begins if this agents is
done buying, the agent with the second highest [farmer-size] of agents with [farmer-intent] =
1 will buy patches etc.
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The buying agent will assess all patches that directly neighbor one of their patches for its {forsale} attribute. An agent with [agent-type] = 1 or 3 will buy the patch with the highest
{fertility} of the patches with {for-sale} = 1. An agent with [agent-type] = 2 or 4 will buy the
patch with the highest {GLLE} of the patches with {for-sale} = 1. If the agents buys one patch
their [farmer-size] will increase by 1 while the [farmer-size] of the selling agent will decrease
by 1. If [farmer-size] > [my-initial-size] + [my-initial-size] * [[max-bought]] the agent will
stop buying and the next agent can start buying. If [farmer-size] < [my-initial-size] - [myinitial-size] * [[max-bought]] of the selling agent the agent will set {for-sale} of all his patches
to 0 immediately.

Re-evaluate agent attributes
After the land-market agents have different [farmer-size]. Therefore they have to re-evaluate
their other attributes: [manage], [farmer-type] and [buy-sell-probs].

Manage hedgerows
If [farmer-subsidy] = 1, the agent is in higher-tier subsidy scheme. They will multiply the
{GLLE} of all owned patches with 1.01. If [farmer-subsidy] = 2, the agent is in mid-tier
subsidy scheme. They will multiply the {GLLE} of all owned patches with 1 and will maintain
the {GLLE}. If [farmer-subsidy] = 0, the agent is not in a subsidy scheme. They will multiply
the {GLLE} of all owned patches with [manage]. [manage] can either be 0.9, 1 or 1.01 and is
dependent on [farmer-type] (see set-attributes). If [farmer-intent] = -3 (agent died) [manage]
= 0.9. Even if died agent is in subsidy scheme {GLLE} will be multiplied with 0.9.

Agent attributes
[farmer-size]
the number of patches owned by the agent. This value is determined at the start of the model
by the cadastral map. [farmer-size] changes throughout the model in the land-market phase.
The value is a scale value, but sometimes categories of this value are used: 1 – 20 patches, 21
- 50 patches, 51 – 100 patches, 101 – 150 patches and > 150 patches.
[farmer-type]
Can have the values 1,2,3, and 4. 1 = character oriented, 2 = aesthetics oriented, 3 = production
oriented, 4 = environment oriented. This value is determined at the start of the model and is
based on probabilities for each option per category of [farmer-size].
[farmer-age]
This value is determined at the start of the model or if an agent is new to the model and is
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determined randomly picking a value from a normal distribution with median at 55 and
standard deviations of 10.
[farmer-max-age]
This value is determined at the start of the model or if an agent is new to the model and is
determined randomly picking a value from a normal distribution with median at 80 and
standard deviations of 4.
[farmer-intent]
This value determines the strategy of agents on the land market. 1 = selling, 0 = consolidating,
1 = buying, -2 = stopping, -3 = dead. The value is determined using [buy-sell-probs] during
the Determine farmer strategy on land market phase (values -1, 0 and 1) or during the
Succession, death and quit farming phase where agents can stop farming or die (values -2 and
-3).
[buy-sell-probs]
Each agent determines a value for [farmer-intent] at the start of every time-step. This is
determined by the probabilities set in this variable for the values -1, 0 and 1 of [farmer-intent].
This variable is a list of three values which sum up to 1. The first value in the list represents
the probability for [farmer-intent] = -1, the second value in the list represents the probability
for [farmer-intent] = 0 and the third value in the list represents the probability for [farmerintent] = 1
[my-initial-size]
variable that at the start of each time-step is equal to [farmer-size]. This value is used to
determine the difference between [farmer-size] before and after purchasing or selling a patch.
[farmer-has-successor]
This variable can either have a 1 (agent has a successor in case of death or stop farming) or 0
(agent has no successor in case of death or stop farming). This variable is determined at the
start of the model for each agent or when new agents enter the model. Per agent type there are
different probabilities for value 1 or 0.
[manage]
This variable determines the strategy of an agent for hedgerow management if the agent is not
in AES ([farmer-subsidy] = 0. If [farmer-type] = 1 [manage] = 1 or 1.01 (probability for each
option is 50%). If [farmer-type] = 2 [manage] = 1. If [farmer-type] = 3 [manage] = 0.9 or 1
(probability for 0.9 = 67%, probability for 1 = 33%). If [farmer-type] = 4 [manage] = 1 or 1.01
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(probability for 1 option is20%, probability for 1.01 is 80%). These probabilities are derived
from survey results.
[farmer-subsidy]
This value determines whether agent is in subsidy scheme or not. 1 = higher-tier, 2 = mid-tier,
0 = no subsidy.
[farmer-subsidy-probs]
Probability list for each option of [farmer-subsidy]. This is determined by the probabilities set
in this variable for the values 1, 0 and 2 of [farmer-subsidy]. This variable is a list of three
values which sum up to 1. The first value in the list represents the probability for [farmerintent] = 0, the second value in the list represents the probability for [farmer-intent] = 1 and
the third value in the list represents the probability for [farmer-intent] = 2. Farmers with
different [farmer-size] categories have different [farmer-subsidy-probs] based on survey
results.

Patch attributes
{GLLE}
Hedgerow quality on this patch. This value is determined with a hedgerow density map with
a value for each pixel corresponding to a patch. {GLLE} can have a value between 0 and 1.
The value is adjusted in the hedgerow management phase.
{fertility}
This value represents the fertility of each patch. Can have a value between 0 and 1 and does
not change during any model phase.

Adjustable parameters
[[max-bought]]
This determines the maximum increase percent wise for each agent during phase 6, buyers
market. This variable can have a value between 0 and 1. The variable also determines the
maximum percentage of patches that can be sold by a selling agent per time-step.
[[standard-farmer-subsidy]]
this variable determines the popularity of AES schemes. This variable can have a value from
0 to 10. If the value is lower than 1 this means that subsidies are less popular than in the initial
setting (calculated with survey results) if the value is higher than 1, subsidies are more popular
than in the initial settings.
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Annex 2
Supplementary material to Chapter 5 Analysis of landscape preferences based on automated
image classification of social media data at European scale. In this annex, we provide a
detailed description of spatial predictors used for regression analyses in the main paper and
a table with all keywords belonging to photos taken in iconic and everyday landscapes.

Spatial predictors
For the logistic regressions we used a diverse set of Europe covering spatial predictors, coming
from various sources. The selection of predictor variables was based on previous research into
the relation between landscape characteristics and appreciation of the landscape. We selected
a set of environmental variables that represent the cultural elements in a landscape such as the
abundance of linear landscape elements(3, 4), the size of agricultural fields (1, 4), and the
number of vascular plant species(5). Land cover, especially the percentage of agriculture,
forest and water is often also seen as an important predictor of landscape appreciation and
outdoor recreation(3). The geomorphological variables are selected to mainly represent the
difference in terrain. The presence of mountains and hills is often mentioned as an important
predictor for landscape appreciation(6). The final category of predictors was added to predict
the presence of people rather than the appreciation, as more people, and thus more photos of
the non-landscape type0 can be expected at sites close to cities, with higher incomes and with
higher population densities. In this supplementary material we explain how we derived each
predictor. For all spatial predictors we had data on a 1-km raster scale, covering all pixels
representing land or fresh water.

Environmental variables
Plant species richness represents the number of different vascular plant species present at a 1km pixel. Data was derived from Schulp, Thuiller and Verburg (7) based on the Atlas Flora
Europaea(8) and the Global Biodiversity Index Facility (9). Field size was extrapolated from
the European LUCAS survey(10). LUCAS provides a set of over 300,000 point-observations
spread across Europe containing information on land use, field size, linear elements etc. We
applied the methods from van der Zanden, Levers, Verburg and Kuemmerle (4). Data on field
size are categorized in small (< 0.5ha), medium (0.5 – 1 ha), large (1 - 10 ha) and very large
(> 10 ha). We translated these values into respectively 0.25 ha, 0.75 ha, 5.5 ha and 15 ha, and
extrapolated these over a grid of 1-km using Ordinary Kriging. Green linear landscape
elements (“hedges”) were also derived from LUCAS(10) and spatially interpolated with
ordinary kriging following van der Zanden, Levers, Verburg and Kuemmerle (4). LUCAS data
on linear landscape elements were recorded using a 150 meter transect. Each linear element
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was recorded. We only used hedgerows, stonewalls and tree lines. For more information see
Van der Zanden, Verburg and Mücher (11). We calculated the Shannon Diversity Index
(“Shannon”) within each 1-km pixel, using all land cover classes listed in Table 2. Land cover
classes were derived from CLC 2012(12). “Shannon” was calculated as follows where R is the
total number of land cover classes in a 1-km pixel and p is the proportion of 100-meter pixels
of land cover class i:
𝑅

𝑆ℎ𝑎𝑛𝑛𝑜𝑛 = − ∑ 𝑝𝑖 ln 𝑝𝑖
𝑖=1

All land cover variables were derived from Corine Land Cover Classification 2012 (12). We
used 100 m resolution data and recorded the proportion of each class within each 1-km pixel.
For our purposes we used CLC Level-1, Level-2 and Level-3 classifications(12). Water is
class level-1 5 “Water bodies”. And Agriculture is level-1 class 2. agricultural areas. Arable,
permanent crops, pasture and heterogeneous agriculture are corresponding level-2 classes 21,
22, 23, and 24. Forest is level-2 class 31, forest. Nature is a combination of level-2 classes 32
and 33, 41, and 42. Shrub and open are based on respectively level-2 class 32 and 33. Wetlands
are level-1 class 4. Park is level 2 class 14. And Urban is a combination of level-2 classes 11,
12, and 13. Beach is all of level-3 class 331, which are within a distance of 2-km from the
open sea or ocean.

Geomorphological variables
View represents the extent of the view from each location. Based on a digital elevation model
of Europe(13) we calculated the number of 5-km pixels that are visible from each individual
5-km pixel, using ArcMap’s (10.4) viewshed tool. The terrain variables are based on Van
Zanten, et al. (2) who used a 90 meter digital elevation model and to represent the hilliness of
the terrain based on the average height differences per 1-km cell. 0-20 meters: flat (used as
reference category), 20 – 80 meters: rolling, 80 – 200 meters: hilly, 200-300 meters:
mountainous, and >300 meters alpine.

Social economic predictors
GDP represents the gross domestic product per capita in NUTS III regions(14). Access
represents the accessibility from cities with more than 100,000 inhabitants in hours, using the
2014 road map provided by Eurostat(15). We based our accessibility map on van Zanten,
Verburg, Scholte and Tieskens (16). Population density was measured as number of people
per km2
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Table 1. Predictors used for logisitic regressions

Variable name

Description

Source

Resolution

Plant

Plant species richness

(7-9)

1-km

Field_size

Field size

(4, 10)

1-km

Hedges

Green linear Elements

(4, 10)

1-km

Shannon

Shannon Diversity

(12)

1-km

Nat2k

Protected

(17)

Vector file

Environmental variables

area

Natura

2000
Land cover
water

Percentage water

(12)

100-meter

Agriculture

Percentage agriculture

(12)

100-meter

Arable

Percentage arable land

(12)

100-meter

Perm

Percentage

permanent

(12)

100-meter

Percentage heterogeneous

(12)

100-meter

crops
Hetero

ag.
Pasture

Percentage pasture

(12)

100-meter

Forest

Percentage forest

(12)

100-meter

Nature

Percentage nature

(12)

100-meter

Shrub

Percentage shrub

(12)

100-meter

Open

Percentage open land

(12)

100-meter

Wetlands

Percentage Wetlands

(12)

100-meter

Beach

Percentage beach

(12)

100-meter

Park

Percentage park

(12)

100-meter

Urban

Percentage urban

(12)

100-meter

View

View extent

(13)

5-km

Alpine

Alpine

(2, 13)

1-km

Mountainous

Mountainous

(2, 13)

1-km

Hills

Hills

(2, 13)

1-km

Rolling

Rolling

(2, 13)

1-km

Coast

Coast

(12)

1-km

Geomorphological

Social-economic
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GDP

GDP

(14)

NUTS-III

Popdens

Population density

(14)

1-km

Access

Accessibility

(2, 15)

1-km

Country

Country

1-km

Table 2. Google cloud Vision keyword top 50 for Ordinary landscapes
Keyword

#

Keyword

#

Keyword

#t

Keyword

#

Keyword

#

sky

20345

shore

4712

highland

2817

ecosystem

2037

flora

1757

nature
water

11808

nature

4542

vegetation

2639

reserve

2029

loch

1724

tree

11171

reflection

4256

atmosphere

2600

calm

2024

sunrise

1698

sea

9444

ocean

4068

beach

2470

grassland

1963

fauna

1680

water
cloud

6930

horizon

5845

plant

waterway

4051

promontory

2321

rock

1892

resources

1610

landforms

3682

vacation

2286

hill

1885

rural area

1577

5648

river

3586

woody plant

2271

lake

1880

dawn

1537

coast

5424

mountain

3242

field

2152

fun

1838

recreation

1519

grass

4997

morning

2945

sunset

2077

evening

1812

flower

1504

4979

leaf

2845

2063

wilderness

1761

landscape

1498

coastal

body of
water

mountainous
landforms
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Summary
We depend on landscapes for most of our basic needs. We extract our food from it, we build
our houses on it, and we are protected from natural hazards by it. Moreover, the landscape
forms the stage in which we perform our daily lives. As such, cultural landscapes are the result
of long-term, complex interactions between humans and nature and thus are bearers of
indispensable cultural heritage. Over the past 70 years, globalization, economic growth, and
increasing populations have induced changes in cultural landscapes that were far more
disruptive than ever, often leading to irreversible depletion of cultural value. To help
preventing the loss of valuable heritage it is important to identify what landscapes are
culturally valuable, and why we value them.
Cultural landscape values are often intangible and can only be understood when the connection
is made between the landscape and the people living, working, and playing on the landscape.
This thesis focuses on these intangible cultural values of landscapes. What are they? Where
can we find these values and how can we preserve them? Asking these questions already
implies that some landscape contain more cultural value than others. However, since values
are per definition subjective, this thesis does not seek to provide a conclusive method to
identify cultural value. Instead, different approaches to quantifying cultural values of
landscapes are provided to help understand the cultural component of landscapes and provide
insights that can help steering the conservation of valued landscapes.
First, in chapter 2 an approach rooted in expert knowledge is presented to create a European
characterization of different cultural landscapes. The characterization is based on a method to
quantify the existing ideas of cultural value in the literature and provide a spatial representation
of these ideas. A characterization of European cultural landscapes is presented based on the
prevalence of three key dimensions of cultural landscapes: landscape structure, management
intensity, and value and meaning. We mapped these dimensions across Europe at a 1-km
resolution by combining proxies on management intensity and landscape structure with new
indicators such as social media usage and registered traditional food products. We integrated
the three dimensions into a continuous “cultural landscape index” that allows for a
characterization of Europe’s rural landscapes. The characterization identifies hotspots of
cultural landscapes, where all three dimensions are present, such as in the Mediterranean. On
the other hand, Eastern and Northern European cultural landscapes are mostly characterized
by only one of the dimensions.
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Subsequently, in Chapter 3 a more bottom-up approach is used where cultural value is
identified with crowdsourced data from various social media platforms. Social media are often
used my people to express their appreciation for things in life. Spatially explicit data from
social media therefore provide a unique insight into what people prefer at which location and
for what reason. For this study we used both the content and location of all photos posted on
Flickr, Panoramio, and Instagram in the last five years within a small peri-urban case study
area in the Netherlands to get a better idea of people actually value in the landscape, as opposed
to the expert-based approach in Chapter 2. The analysis shows that this area is appreciated by
its visitors and residents for the presence of monumental buildings, small water bodies and
opportunities for hikes along grasslands. The method successfully linked the structural
elements of the landscape with the revealed preferences, providing a way of quantifying the
appreciation of the landscape. qualitative surveys remain essential to study motivations for
outdoor recreation, but social media data can be incorporated as evidence of what elements of
the landscape are valued, where people are interacting with the landscape, and how these
interactions characterize a landscape.
In the next chapter, I focus less on what cultural value is present and more on how cultural
value can be preserved in the future. Using Agent Based Modeling a future scenario analysis
of a local case study is carried out to explore how cultural value of landscapes can be preserved
under the imperative of intensification and scale enlargement. The agent-based modeling
approach, parameterized with a site-specific survey, was applied to explore and discuss
outcomes of future landscape change with stakeholders and co-designed preferred scenarios
of landscape change during a workshop. Outcomes suggested that in the case-study area, scale
enlargement has a negative effect on hedgerow quality when agri-environment scheme
subsidies are low. In contrast, if the level of subsidy enrollment is high, scale enlargement can
have a positive effect on hedgerow quality, as large holders are more likely to enroll for
subsidies. Stakeholders acknowledged the need for agricultural intensification, but at the same
time valued biodiversity and environmental value of the landscape. Current subsidies are able
to retain a decent hedgerow quality. A lower level of subsidies might have a very negative
effect as below a certain threshold scale enlargement can have an invigorative effect on
hedgerow quality. As an addition to subsidies, harvesting wood fuel from coppiced hedgerows
appears a promising way to incentivize rejuvenating hedgerow management without
governmental subsidies.
Chapter 5 shows, again, a European-wide analysis of cultural value of landscapes. However,
in this chapter we solely relied on social media. Using automated image classification, we
compared landscape photos with other types of photos to show a clear difference between the
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appreciation of iconic landscapes and valued ordinary landscapes. Here we tried to use the full
potential of social media to reveal cultural value of landscapes by combining the perception
of people with the spatial characteristics of the landscape. We classified 375,000 geotagged
photos from Instagram, Panoramio and Flickr across Europe in terms of the type of human
nature-interaction they represent. This enabled us to identify and locate appreciated iconic
landscapes and everyday landscapes. These landscapes not only differ in location but are also
valued for very different reasons. We show that iconic landscapes are appreciated for their
naturalness, while cultural heritage is more valued in everyday landscapes.
Whereas the methods of Chapter 3 and Chapter 5 focused on appreciation and perception of
landscapes, we argued that value of landscapes transcends its mere consumption. The value
of cultural landscapes is closely connected to its primary use of for instance agriculture and
forestry. Moreover, the loss of value is often a direct consequence of land use change related
to the actions of individual farmers and land managers. Culturally valuable landscapes
deteriorate when farmers are forced either to intensify or abandon their land. Chapter 4
demonstrated how ABM can be used to highlight the importance of individual agency to
landscape conservation. Landscape conservation can go hand in hand with active farming, but
depends on the willingness and ability of farmers to engage. Land managers are aware of the
cultural value their landscape. Fair financial compensation, through both government
subsidies and grassroots landscape initiatives can utilize this awareness and bolster landscape
conservation concurrently with large scale drivers of landscape change.
Although we could not provide a conclusive and quantitative definition of cultural value, the
outcomes of this dissertation provide important tools to understand, manage, and protect the
values of European landscapes. With the characterization of European cultural value of
landscapes combining expert opinion (traditional landscapes) with mass popularity (social
media) and place attachment (protected food), we identified different types of cultural value
spatially. Places often mentioned as containing high cultural values, such as the hills of
Tuscany, or the traditional agriculture in Southern France are indeed identified by this method.
Careful decomposition of social media data on a continental scale, however, revealed that
those areas identified with high cultural value by expert opinion are not necessarily recognized
by the appreciation of the mass.
The mismatch of the expert-based approach and the grass-roots method reveals a fundamental
caveat of scientific quantitative methods to identify cultural value. In the last synthesizing
chapter, I explain how quantitative and economic accounting of cultural value can
inadvertently lead to misrepresentation. Cultural value does not necessarily come with mass
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appreciation, and any indicator that tries to capture value in an economic term will
underrepresent those areas that are valuable but lack economic potential, and therefore are in
need of conservation policy. Expert-based approaches are important to include qualitative and
normative insights into the idea of value while more bottom-up approaches such as the social
media method presented in this paper are necessary to include the perception of normal people.
However, no study of cultural value should rely on just one method as the study of cultural
landscapes and its cultural values and connotations is inherently transdisciplinary, while value
is a concept that should not be expressed in purely economic terms.
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