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ABSTRACT
What cultural ecosystem services (CES) do people perceive in their immediate surroundings, and 
what sensory experiences are linked to these ecosystem services? And how are these CES and 
experiences expressed in natural language? In this study, we used data generated through 
a gamified application called Window Expeditions, where people uploaded short descriptions of 
landscapes they were able to experience through their windows during the COVID-19 pandemic. 
We used a combination of annotation, close reading and distant reading using natural language 
processing and graph analysis to extract CES and sensory experiences and link these to biophysical 
landscape elements. In total, 272 users contributed 373 descriptions in English across more than 40 
countries. Of the cultural ecosystem services, recreation was the most prominently described, 
followed by heritage, identity and tranquility. Descriptions of sensory experiences focused on the 
visual but also included auditory experiences and touch and feel. Sensory experiences and cultural 
ecosystem services varied according to biophysical landscape elements, with, for example, animals 
being more associated with sound and touch/feel and heritage being more associated with moving 
objects and the built environment. Sentiments also varied across the senses, with the visual being 
more strongly associated with positive experiences than other senses. This study showed how 
a hybrid approach combining manual analysis and natural language processing can be productively 
applied to landscape descriptions generated by members of the public, and how CES on everyday 
lived landscapes can be extracted from such data sources.
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1. Introduction

Various frameworks exist dividing landscapes into indi
vidual natural, social and perceptual dimensions, includ
ing the ecosystem service framework (MA 2005; 
Costanza et al. 2017) and landscape character assessment 
(Tudor 2014). However, not all of these dimensions are 
equally easy to measure, since not all aspects of land
scapes and our interactions with them lend themselves to 
assessment and quantification through, for example, sen
sors measuring biophysical properties of the Earth’s sur
face (Grêt-Regamey et al. 2021). Particularly challenging 
are intangible dimensions such as inspiration, identity, 
heritage, tranquility, recreation and religious values 
which are conceptualised as cultural ecosystem services, 
or CES (Bieling 2014; Wartmann and Purves 2018; 
Fagerholm et al. 2020). Although CES are deemed highly 
important for people, their assessment still lags behind 
those of other ecosystem services (Chan et al. 2012; Milcu 
et al. 2013). This, in turn, brings the risk that services that 
are important to people, but methodologically challen
ging to investigate, are not properly incorporated in 
decision-making. In this paper, we present a study aiming 
to help address this gap by using novel forms of crowd
sourced descriptions which include CES.

1.1. Cultural ecosystem services and landscape 
perception

Cultural ecosystem services form an important part 
of the ecosystems services framework, which 
describes and quantifies the various benefits that 
humans derive from the landscapes they interact 
with (Shapiro and Báldi 2014; Costanza et al.  
2017). Among the CES most commonly assessed 
are recreation, aesthetics and religious values 
(Milcu et al. 2013). Studies asking people which 
CES they most commonly perceive find identity, 
recreation and tranquility to be among the most 
reported (Bieling 2014; Fagerholm et al. 2020). 
These services are closely linked to the concept of 
landscapes and their properties. Fish et al. (2016), 
for example, introduce a framework that concep
tualises CES as combinations of biophysical ele
ments, environmental spaces, cultural practices 
and cultural goods as well as cultural ecosystem 
benefits and the relations and interactions between 
these. The framework has been widely adopted in 
landscape and cultural ecosystem services-related 
literature and explicitly links perceived biophysical 
elements of landscapes with perceived cultural 

CONTACT Manuel F. Baer manuel.baer@uzh.ch

ECOSYSTEMS AND PEOPLE
2024, VOL. 20, NO. 1, 2331761
https://doi.org/10.1080/26395916.2024.2331761

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the 
posting of the Accepted Manuscript in a repository by the author(s) or with their consent.

http://orcid.org/0000-0002-9474-3299
http://orcid.org/0000-0003-4788-2963
http://orcid.org/0000-0001-5020-0746
http://orcid.org/0000-0002-9878-9243
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/26395916.2024.2331761&domain=pdf&date_stamp=2024-04-03


ecosystem services (Bryce et al. 2016). It also pro
vides further opportunities to link the rich tradition 
of landscape perception research (Zube and Pitt  
1981; Zube 1986; Kaplan and Kaplan 1989; 
Herzog et al. 2000) more closely with cultural eco
system services (Schaich et al. 2010). The impor
tance of understanding CES through the lens of 
landscape perception research is reflected in mod
ern, policy-driven, definitions of landscape. Most 
prominently, the European Landscape Convention 
(ELC) defines landscape as an ‘area, as perceived by 
people, whose character is the result of the action 
and interaction of natural and/or human factors’ 
(European Landscape Convention 2000, p. 2), 
emphasising both perceptual and interactional 
dimensions of landscapes.

Within the field of landscape perception research, 
the investigation of visual landscape aesthetics dom
inates (Daniel 2001; Tveit et al. 2006; Ode et al. 2008; 
Brabyn 2009). Previous studies on visual landscape 
perception have shown that specific landscape config
urations can invoke certain emotions. For example, 
water bodies are seen as being aesthetically pleasing 
and thus beneficial for mental restoration (White et al.  
2010), whereas built structures are often perceived as 
disturbing (Zube and Pitt 1981). Scenicness, most 
often in a purely visual sense, has been studied exten
sively (Seresinhe et al. 2018, 2019), whereas work 
emphasising the importance of other sensory experi
ences such as ‘[. . .] odors, sounds, and tactilities that 
we know we must have if life is to have any satisfaction 
at all’ (Tuan 1989, p. 235) remains more limited. 
Exploration of the auditory dimension of landscapes 
has primarily focused on the soundscapes of urban 
areas (Aiello et al. 2016), as well as investigating tran
quility, often through the absence of disturbing sounds 
(Watts et al. 2011; Watts and Pheasant 2013). 
Landscape research on auditory dimensions of land
scapes has also explored the negative influence of noise 
on well-being and health (Goines and Hagler 2007; 
Vienneau et al. 2022) and the annoyance of sound 
(Marquis-Favre et al. 2005). Emitters of disturbing 
sounds often include anthropogenic sources such as 
traffic, crowds and sounds from wind turbines 
(Chesnokova and Purves 2018; Mora-Araus et al.  
2021). Other senses are underrepresented in landscape 
perception research – little work has investigated 
smell, taste or touch and feel. Nonetheless, evidence 
suggests smellscapes are important in how we perceive 
landscapes (Lefebvre 1992) and efforts have been made 
to capture the various smells of our surroundings 
(Lefebvre 1992; Henshaw 2013; Quercia et al. 2015). 
Similarly, the haptic dimension – such as sand under 
your feet or the feel of rain on your skin – influences 
our perception of landscapes, but has largely been 
overlooked, with a few exceptions (e.g. Brown 2017).

1.2. Landscape and geographic elements

Instead of partitioning landscape perception into the 
perceptual dimensions of seeing, hearing, touching 
and feeling, we can also parcel up landscapes in 
terms of the elements that people perceive, or in 
other words, geographic categories, with examples 
including river, meadow, potato field, soccer court 
or road. In this sense, we can think of landscapes as 
populated by biophysical elements or natural fea
tures (Fish et al. 2016; La Notte et al. 2017) as well 
as human constructions and signs of use and occu
pation. The availability, configuration and layout of 
these landscape elements influence the possible 
functions of a landscape resulting in potential ser
vices and benefits (La Notte et al. 2017) as well as 
potential disservices and negative impacts (Shapiro 
and Báldi 2014). How people parcel up the land
scape into different categories when they talk and 
write about landscape has been shown to be highly 
variable, and far from universal (Burenhult and 
Levinson 2008; van Putten et al. 2020). Previous 
qualitative studies of geographic categories have sug
gested that biophysical elements such as mountains, 
forests and water bodies are particularly salient, 
while trees and animals are less salient (Bieling  
2014; Wartmann et al. 2015).

Our work takes as a starting point the observation 
from Smith and Mark’s seminal work on geographic 
objects, that many ‘naive or folk disciplines appear to 
work exclusively [. . .] with object-based representa
tions of reality’ (Smith and Mark 2003, p. 419). One 
form of such objects is the perceived biophysical 
elements of a landscape, and their representation in 
language. Biophysical elements provide the material 
properties of a given landscape and allow for socio- 
cultural interactions (Fish et al. 2016). They are 
defined by Fish et al. simply as the ‘physical and non- 
human components’ of landscapes (Fish et al. 2016, 
p. 212); however, here we also include ‘environmental 
features, such as landforms, water bodies and life 
forms; ecological dimensions (e.g. habitat); ephemeral 
qualities and dynamic environmental conditions, 
such as seasonal changes, time of day or cloud; and 
human-activity elements’ (Dakin 2003, p. 192). These 
biophysical elements are perceived through sensory 
experiences which guide our actions and interactions 
within a given landscape (Gibson 1986; Heft 2010). 
Their importance may vary both individually and 
culturally, as reflected in language and values 
(Burenhult and Levinson 2008; van Putten et al.  
2020), and in turn influence our behaviour and socio- 
cultural practices.

Recent work also noted the importance of mon
itoring ecosystem disservices, or potentially negative 
impacts of environments on human well-being 
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(Shapiro and Báldi 2014; Torkko et al. 2023). One 
approach to capturing information about these less 
easily quantifiable aspects of landscapes is through 
the lens of perception studies of revealed and stated 
preferences (Adamowicz et al. 1994; Haab and 
McConnell 2002). Multiple approaches to collecting 
data capturing these notions exist, through the use of, 
for example, surveys, questionnaires and interviews 
(Swanwick 2009; Bieling 2014; Fagerholm et al. 2020). 
All have the advantage of allowing carefully chosen 
samples of participants and questions investigating, 
typically, a specific region or theme. However, an 
important disadvantage is that they are essentially 
top-down, with the results being strongly dependent 
on both who is asked and the ways in which ques
tions are formulated.

1.3. Crowdsourcing as a data source for studying 
landscape perception

A new data source, which has recently been the subject 
of much attention, is the use of passive and active 
crowdsourcing (See et al. 2016). Crowdsourcing refers 
to the outsourcing of a task to a large number of 
participants, commonly through the internet (Rouse  
2010). Crowdsourced data have the potential to com
plement traditional methods by offering a (potentially) 
large and cost-efficient dataset (See et al. 2016). Many 
crowdsourcing approaches used in landscape percep
tion to date have focused on passive data collection, for 
example through the analysis of social media data 
(Aiello et al. 2016; Chesnokova and Purves 2018; 
Bubalo et al. 2019; Hausmann et al. 2020; Cui et al.  
2021; Grêt-Regamey et al. 2021). However, these data 
are typically noisy, and contain large volumes of irrele
vant data (Ghermandi and Sinclair 2019). Active 
crowdsourcing can, firstly, minimise irrelevant data, 
secondly, explicitly involve contributors in science and 
thirdly, be designed to explicitly collect data in novel 
forms complementing existing approaches (cf. Salk 
et al. 2016; Baer et al. 2019; Laso Bayas et al. 2020).

One particularly promising approach is the analy
sis of natural language describing the ways in which 
people perceive landscapes and the environment in 
their own words, data which also captures mentioned 
stated and revealed preferences. Since natural lan
guage is rich and complex, it lends itself to detailed 
analysis of the relationships between the ways in 
which landscape is perceived, valued and interacted 
with, as shown by Bieling (2014) in her exploration of 
short stories about landscapesor, more generally, with 
respect to full-text descriptions of landscapes found 
in newspaper articles, blogs and other sources 
(Derungs and Purves 2016; Wartmann and Purves  
2018; Koblet and Purves 2020). Larger text data sets 
require associated computational methods for analy
sis, and the field of computational linguistics has 

advanced considerably, making the accuracy of 
some algorithms such as part-of-speech (PoS) tag
ging, where words in a sentence are tagged according 
to their part-of-speech (e.g. noun, verb, adjective) on 
par with human interpretations for individual words, 
or so-called tokens (Manning 2011). However, the 
complexity of language makes it hard for computers 
to understand underlying meanings beyond part-of- 
speech tagging, particularly in rich natural language 
contributions. Large language models and machine- 
learning approaches are rapidly evolving with 
increasingly impressive results (Kocoń et al. 2023) 
and slowly permeating into everyday life. More com
mon large language models such as ChatGPT1 and 
Google Gemini2 are increasingly capable of interpret
ing inputs and generating relevant outputs, at times 
surpassing the quality of human responses (cf. 
Herbold et al. 2023). However, for more subjective 
tasks (such as interpreting natural language landscape 
descriptions containing cultural ecosystem services 
and sensory experiences) specific domain knowledge 
is required, which these models have yet to acquire 
(Kocoń et al. 2023). Humans, on the other hand, 
excel at identifying semantics and meaning within 
written language for specific domains. This calls for 
the involvement of people to add meaning as meta- 
data to textual datasets to make them machine- 
readable. This process of adding additional informa
tion in a computer-friendly format is known as anno
tation or qualitative coding (Hsieh and Shannon  
2005; Pustejovsky and Stubbs 2013) and, despite the 
emergence of large language models, remains essen
tial to many machine learning or computational lin
guistics efforts, especially in domains not likely to be 
common in large-scale training data, which are domi
nated by easily available online collections such as 
Wikipedia, news stories and bulletin boards such as 
Reddit (Bender et al. 2021).

1.4. The importance of everyday lived 
landscapes

We aim to further our understanding of the relations 
between people and landscapes by exploring CES 
through language and how these are linked with 
positive and negative sensory experiences. To do so, 
we developed a gamified, active crowdsourcing plat
form, Window Expeditions, to collect data in three 
languages (English, French and German) about 
everyday landscapes at any location on the Earth’s 
surface (Baer and Purves 2022). This work started 
during the global COVID-19 pandemic, which was 
later termed as an ‘anthropause’ (Rutz 2022), a period 
during which human mobility significantly decreased. 
This anthropause also emphasised the importance of 
local landscapes as providers of cultural ecosystem 
services for citizens restricted to highly local activities 
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or confined to their place of residence (Grima et al.  
2020; Beckmann-Wübbelt et al. 2021). In terms of 
research, this shift reinforced the need to consider 
how people perceive and appreciate what we term in 
this paper as everyday lived landscapes.

We understand everyday lived landscapes as the 
areas in which people spend most of their time, 
mostly residential areas or places of work. These 
show many similarities with vernacular landscapes 
described as the ‘meaningful spaces [. . .] in globalized 
urban environments’ which are inhabited by ‘ordin
ary people living ordinary lives’ (Krase and Shortell  
2011, p. 371). In this paper, we analyse natural lan
guage data about everyday lived landscapes collected 
through the platform Window Expeditions to investi
gate the two research questions: 

(1) What perceived biophysical elements and cul
tural ecosystem services can be identified in 
a corpus of in-situ natural language descrip
tions of everyday lived landscapes?

(2) How are biophysical elements and cultural 
ecosystem services linked to sensory experi
ences expressed in natural language landscape 
descriptions?

2. Data and methods

To explore how biophysical elements of a landscape are 
perceived through the different senses and how they are 
linked to perceived cultural ecosystem (dis)services, we 
combined approaches from geographic information 
science, landscape perception research, humanities and 
linguistics (Figure 1). We developed a gamified online 
application to collect in-situ, natural language descrip
tions of everyday landscapes (Baer and Purves 2022) and 
analysed the resulting data using a combination of qua
litative methods such as close reading and iterative anno
tation as well as quantitative measures such as descriptive 
statistics and network analyses.

Figure 1. Overview of the methods.
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2.1. Data generation

The first wave of the global COVID-19 pandemic 
led to significant changes in people’s everyday mobi
lity (Lee et al. 2020; Lucchini et al. 2021) through 
interventions such as lockdowns and social distan
cing (Flaxman et al. 2020). As a result, people started 
spending significantly more time in and around 
their homes and, in some countries, were discour
aged from frequenting outdoor areas. During the 
first few months of the global pandemic and the 
associated first wave of lockdowns, we implemented 
the active crowdsourcing platform Window 
Expeditions (Baer and Purves 2022) where partici
pants could contribute descriptions of their sur
roundings safely from home. The application was 
made available globally and promoted on various 
citizen science platforms, through Twitter and 
other social media platforms, and extensive use of 
e-mails and word of mouth in the networks of 
colleagues, families and friends. Using their mobile 
phone or an internet browser, participants could 
contribute anonymously or as registered users and 
the application was implemented in three languages: 
English, French and German. Users interested in 
contributing were asked to upload a natural lan
guage description, through the following question 
(here in English): ‘Type in a description of your 
surroundings using whole sentences. How would 
you describe them to a friend?’. In addition, we 
asked users to report on gender, age and the lan
guages they believed they were fluent in. Window 
Expeditions successfully generated a heterogeneous 
multilingual corpus of in-situ natural language 
descriptions of everyday lived landscapes (cf. 
Example 2.1) including limited demographic infor
mation about the contributors.

Example 2.1
Slow and quiet but peaceful.
Full dark with bright moon. Moonlit shadow of 

fence in the back garden.
When I look out of the window, I see an empty 

campus. The sidewalks are empty, autumn leaves scat
tered around. The last rays of autumn sunlight are 
trickling through the trees onto a well kept (and still 
green) but empty lawn in front of the Aula.

Beautiful beach! I like to run along this beach with 
my eyes shut at half tide and listen to the waves and 
birds. Feels so surreal. Other times we play here with 
a ball or frisbie on the big open golden sandy space. It’s 
quite flat, not too steep but does have some rocks at the 
east and west sides which are good to explore with the 
kids.

Looking out over a fairly typical Dutch neighbor
hood backyard. 2-storey terraced houses, small gardens 
and sheds. Houses are quite varied, of mixed sizes and 

from different time periods. Many of the small gardens 
don’t have lawn but hard surface, but still lots of green 
(shrubs, trees). Now it’s autumn and the sun is shining 
(for a change), so lots of beautiful colors. Several 
smaller birds and some pigeons and ravens are around.

There is a big old pine tree next to the window, 
I can only see part of the trunk and a few branches. 
A maple tree next to it has fresh leaves and the sun
light of the morning is dotting them. I see the neigbor
ing house and its parking lot with cars and bikes, and 
a lady walking slowly across the yard. A portion of the 
blue sky is visible, and so is a tiny glimpse of the quiet 
road, with cars parked on the side. Pollen and maybe 
petals from the flowers in a bird cherry tree that I can 
see in the right corner of my window are floating in 
the air.

2.2. Descriptive statistics of contributors

Firstly, we calculated descriptive statistics of contri
buting users. We calculated median and mean age of 
contributing users as well as number of contributions 
per user. Using regular expressions (REGEX) we 
identified which languages each user reported on 
being fluent in and calculated each language’s 
frequency.

2.3. Annotation

We iteratively annotated the dataset from Window 
Expeditions to identify biophysical elements, sensory 
experiences and cultural ecosystem services. To do so, 
we first created annotation guidelines based on defi
nitions identified in the literature. Whilst annotating 
the descriptions, we refined the guidelines to include 
new emergent categories and then repeated the anno
tation. We repeated these iterations of refinement 
and annotation until no further updates to the guide
lines were necessary. We first annotated biophysical 
elements and completed this annotation step, then 
followed with annotating sensory experiences and 
finally cultural ecosystem services. We followed this 
sequence since we judged that the complexity of the 
annotation increased in this order, and familiarity 
with the nature of the texts made annotation easier.

2.3.1. Biophysical elements
To identify biophysical elements (such as tree, bird, 
or hill) in our dataset, we extracted all nouns, iden
tified through the natural language processing pipe
line, and counted their respective frequencies. All 
nouns present four or more times were annotated 
as being a biophysical element or not by two 
authors. The resulting biophysical noun terms were 
further categorised as belonging to one higher-order 
biophysical category by one author. The resulting 
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categories of biophysical elements are summarised in 
Table 1. To tie together the annotated cultural eco
system services and sensory experiences with the 
biophysical element categories of everyday lived 
landscapes, we extracted co-occurrences and checked 
for significant outliers. Each unique combination of 
cultural ecosystem service or sensory experience and 
biophysical category was counted as a co-occurrence. 
This potentially resulted in multiple co-occurrences 
per contribution. For example, a contribution refer
encing to the CES of recreation and tranquility, the 
sensory experiences of sight and sound and the bio
physical categories of vegetation and water would 
result in four cultural ecosystem services co- 
occurrences: recreation – vegetation, recreation – 
water, tranquility – vegetation, tranquility – water 
and four sensory experiences co-occurrences: sight – 
vegetation, sight – water, sound – vegetation, 
sound – water.

2.3.2. Sensory experience
To annotate sensory experiences, all four authors colla
boratively created a set of annotation guidelines in an 
iterative process. We annotated a random sample of 
contributions using the sensory dimensions found in 
similar literature: sight, sound, smell/taste and touch/ 
feel (Tudor 2014). To complement the annotations, we 
added information on attitudes towards sensory experi
ences (positive, negative or neutral). Using the resulting 
guidelines, one author annotated all contributions indi
cating if a sensory experience is present within 
a contribution and if so what attitude is expressed 
towards the identified experience. To explore the poten
tial salient features of sensory experiences of landscapes, 
we calculated which nouns, adjectives and verbs 
appeared significantly more frequently within each sen
sory dimension compared to the corpus as a whole 
using Chi-Square (χ2) statistics.

2.3.3. Cultural ecosystem services
To annotate cultural ecosystem services, we also itera
tively created a set of annotation guidelines. We 
annotated a random sample of contributions using 
the cultural ecosystem services of inspiration, 

identity, heritage, religious values and recreation, 
common in landscape research (MA 2005; Bieling  
2014). The iterative process revealed tranquility as 
an important category, in line with existing literature 
(Chesnokova and Purves 2018; Wartmann et al. 2019,  
2021), and we therefore added tranquility as 
a separate cultural ecosystem service. After three 
cycles of annotation, we found minimal discrepancies 
in annotations and one author annotated all contri
butions using the created guidelines. Attitudes 
towards specific cultural ecosystem services were not 
annotated since they are not always easy to disentan
gle (for example, in the following example ‘I can see 
kids playing in the driveway and judging by the 
racket, they seem to be having fun’ - it is not easy 
to decide whether the author considers this a positive, 
negative or neutral experience). Following the same 
approach as for sensory experiences, we identified 
nouns, adjectives and verbs found significantly more 
frequently within a specific cultural ecosystem service 
compared with the whole corpus.

2.4. Natural language processing (NLP)

To analyse our data computationally, we processed 
each contribution in our collection of descriptions 
using SpaCy,3 a natural language processing library, 
to add linguistic information to contributions. For 
every contribution, we identified each term’s ’part-of- 
speech’, which is the category to which a word is 
assigned based on its function. In English important 
parts of speech include nouns, pronouns, adjectives, 
verbs and adverbs. Furthermore, we also identified 
syntactic relations between individual terms. For 
example, in the following sentence ‘an old, rusty car 
spoils the view of the beautiful tree’, we associated 
beautiful with tree but not car. In addition, we lem
matised words, grouping together inflected forms 
under a single lemma (e.g. ‘run’ is the lemma of 
‘runs’, ‘ran’, ‘running’). This allowed us to explore 
the various configurations of parts-of-speech within 
and between contributions, as well as the frequencies 
of individual noun, verb and adjective lemmas.

To identify particularly prominent terms within 
annotated sensory experiences or cultural ecosystem 
services, we calculated χ2 statistics. χ2 is used to 
identify significant over- or under-representations 
in one sample compared to another (Kilgarriff  
2001; Chen and Chen 2011). We first created a list 
of terms with frequencies equal to or higher than 
five within a given sensory experience or cultural 
ecosystem service, the minimum frequency needed 
for reliable χ2 calculations (Kilgarriff 2001). We then 
compared the frequency of each term within 
a specific dimension to the frequency of the term 
within the whole corpus. The results indicate if 
a term is found significantly more frequently within 

Table 1. Categories of biophysical landscape elements and 
examples thereof.

Category Examples

Animal dog, bird, squirrel
Anthropogenic object football, chair, turbine
Built environment house, building, highway
Building part floor, window, balcony
Land cover forest, driveway, farm
Material ground, wood, rock
Moving object car, boat, train
Natural feature mountain, sea, hillside
People people, child, neighbour
Vegetation tree, flowers, shrub
Water water, lake, pond
Weather/atmosphere sky, horizon, breeze
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a specific dimension, and thus, what terms are par
ticularly important for each dimension. In addition, 
we calculated χ2 to identify significantly overrepre
sented biophysical categories within specific 
dimensions.

To further explore the context in which terms are 
used, we created graphs where nodes represent term 
lemmas and edges are syntactic relations connecting 
terms. We were especially interested in the context 
of the terms identified through the χ2 analysis. To 
explore the context of individual terms in more 
detail, we consult the generated corpus graph and, 
for each of the terms we are interested in, identify all 
other terms connected to the term of interest 
through at least one or more edges.

2.5. Linking biophysical elements, sensory 
experiences and cultural ecosystem services

We were also interested in linking biophysical ele
ments, sensory experiences and cultural ecosystem ser
vices. Of particular interest were co-occurring elements 
and dimensions within contributions and what these 
tell us about how and what people perceive in their 
everyday lived landscapes. We thus explored co- 
occurring biophysical elements and sensory experi
ences as well as cultural ecosystem services and identify 
outliers. To delve deeper into questions of how sensory 
experiences are related with cultural ecosystem ser
vices, we linked annotated cultural ecosystem services 
with mentions of sensory experiences segregated by 
attitude. Further, we counted the number of co- 
occurring sensory experiences as well as cultural eco
system services within each contribution and visualised 
these using Upset plots (Lex et al. 2014; Conway et al.  
2017). To explore the ties between sensory experiences 
and cultural ecosystem services further, we created 
a graph where the nodes represented a dimension of 
sensory experience or a cultural ecosystem service and 
the edges represent the links between these.

3. Results

In the following, we present key findings from analysing 
our corpus of in-situ natural language everyday lived 
landscape descriptions. We first give an overview of the 
general characteristics of the contributions and users 
before going into more detailed analyses of perceived 
and reported biophysical elements, sensory experiences 
and cultural ecosystem services. In the final section, we 
tie together the mentioned biophysical elements, sen
sory experiences and cultural ecosystem services.

3.1. User characteristics

During a period of 10 months (16 August 2020 to 
18 June 2021) a total of 272 users contributed 373 in- 

situ English descriptions of everyday lived landscapes 
to the project. A total of 143 and 26 users contributed 
descriptions in German and French, respectively. Due 
to the relatively small number of contributions in 
these languages, the remainder of our analysis focuses 
on descriptions contributed by users in English.

Of the users writing English descriptions, 84.6% were 
aged between the working ages of 18–65 years old 
(median year of birth was 1987). Users reported the 
languages they believed to be fluent in as meta-data for 
each contribution, and English was attributed most 
prominently (n = 329), followed by German (n = 51), 
Spanish (n = 32) and French (n = 19). Contributions 
were submitted from 43 unique countries or regions 
with most in the United Kingdom (n = 108) followed by 
the United States (n = 76) and Switzerland (n = 47). Of 
note is the number of descriptions written in English, 
although their authors also reported being fluent in 
a language in which the platform was implemented.

3.2. Biophysical elements in landscapes

We first identify biophysical elements and their respec
tive categories in our corpus. The results show the 
biophysical categories of vegetation, weather/atmo
sphere and built environment to be most prominent 
(Table 2). Further categories include building parts and 
moving objects, reflecting urban infrastructure and 
motorised transport. In addition, categories associated 
with more natural features such as animals and land 
cover are found occasionally. Least common are people, 
water and anthropogenic objects. Overall, these results 
reflect people contributing in everyday lived landscapes 
and reporting on perceived biophysical elements visible 
from home such as trees, roads and clouds.

3.3. Sensory experiences in landscapes

The data set contained 210 (56%) contributions 
annotated as containing at least one reference to 
a sensory experience. Table 3 gives an overview of 
the distribution of senses across these descriptions. 
Sight is most common sense, followed by hearing, 
touch/feel and finally smell. Sight is much more 

Table 2. Annotated biophysical element distribution.
Category Contributions Lemmas Unique

Vegetation 222 503 18
Weather/atmosphere 213 410 16
Built environment 185 401 17
Land cover 156 286 17
Building part 129 228 12
Animals 94 149 12
Natural features 81 113 6
Moving objects 79 103 5
Material 76 92 10
People 60 80 5
Water 45 64 6
Anthropogenic object 35 47 8
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commonly associated with positive descriptions 
(80%) than sound (45.6%) or touch/feel (11.8%), 
where neutral and negative experiences are more 
common than positive. Descriptions associated with 
smell are generally rare. Importantly, senses often do 
not occur in isolation in the descriptions. Thirty-two 
per cent of descriptions described more than one 
sense, with Figure 2 describing all combinations of 
experience. Here, we note that combined experiences 
of sight and sound are more common than any indi
vidual sensory experiences except sight, and that 
experiences related to touch/feel are twice as com
mon in combination (30) than in isolation (15).

These summaries of the senses annotated in 
descriptions do not tell us about the context of 
these sensory experiences. To understand this in 
more detail, we turn to χ2 statistics, and identify 
nouns occurring more frequently in conjunction 
with specific senses than in the corpus as a whole. 
Since sight dominates the overall distributions, we 
concentrate on sound and touch/feel. Smells were 
too rare to carry out statistical analysis. Table 4 
reveals six significant terms, four of which are asso
ciated with sounds and two with touch/feel. Of those 
associated with sound, two relate directly to auditory 
experiences (hear/sound), one is related to the 
absence of sound (quiet) and one refers to wildlife, 

or more specifically bird. In the case of touch/feel one 
term relates to cold and another to wind. The terms 
related to touch/feel already suggest why these experi
ences might be less likely to have been annotated as 
positive (c.f. Table 3). To illustrate the analysis of the 
context of terms in more detail, we chose the most 
common terms (bird) and created a subgraph of co- 
occurrences with other parts of speech (Figure 3).

Bird shows a large number of connections with 
a variety of other nouns, adjectives and verbs, under
lining the frequent mentioning of birds in our corpora as 
well as the potential importance of birds in how partici
pants perceive their everyday lived landscapes. Upon 
further inspection we find 54 contributions to contain 
the lemma bird, in line with the prominence of the term 
in the auditory sensory dimension. The network shows 
many generic bird-related adjectives relating not only to 
sounds emitted by birds (e.g. chirp, sing, tweet), but also 
other activities fly, gather, peck and roost) and mentions 
of quantity (e.g. single, few and many).

Interestingly, the context graph shows participants 
only mention three types of birds (Pigeon, Robin and 
Sparrow) that are syntactically connected with the 
term bird. However, whilst annotating all contribu
tions as to sensory experiences and CES (as described 
in Sections 2.3.2 and 2.3.3), we noted a large variety 
of reported bird species. To further investigate this 

Table 3. Counts of descriptions associated with different senses and their 
associated sentiment.

Count Positive Negative Neutral

Sight 165 132 29 4
Sound 90 42 19 29
Touch/feel 51 6 13 32
Smell 11 6 1 4

Figure 2. Upset plot (Lex et al. 2014; Conway et al. 2017) of the senses and their respective overlaps. The histograms show the 
number of contributions annotated as containing sensory experiences. The intersections of sensory experiences are indicated by 
dots in the respective bars. Reading example: 97 descriptions described only sight and 29 captions included both sight and 
sound. In total, 153 captions were annotated with some combination of sight (97+29+12+11+2+2).
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discrepancy between the network (Figure 3) and the 
large number of specific bird species mentioned 
within the individual contributions, we created an 
additional pipeline to computationally identify bird 
species that contributors mentioned.

To do so, we first downloaded an extensive list of 
English names for known bird species4 and iterated 
through all contributions using the list to extract user- 
mentioned bird species. We then found 47 contributions 
containing the lemmas of 50 unique bird species includ
ing Acorn Woodpecker, Blue Jay, Goldfinch, House 
Martin, Green Parakeet and White Tailed Eagle. The 
most frequent with seven mentions was Magpie followed 
by Robin (n = 6) and Blackbird (n = 5), chicken (n = 5) 
and Pigeon (n = 5). We discuss the discrepancy between 
our automated approach and the presence of specific bird 
species further in the discussion.

3.4. Cultural ecosystem services in landscapes

As well as containing contributions annotated as 
referring to sensory experiences, the dataset also 

contained 116 contributions containing at least one 
cultural ecosystem service (Table 5). However, in 
contrast to sensory experiences, single CES were 
much more common (75%) in total, with co- 
occurrences between CES being uncommon and 
rather evenly distributed across CES combinations 
(Figure 4). As suggested by the importance of quiet, 
tranquillity was a relatively common CES, and we 
included it as an individual category. As is common 
in studies of CES, recreation was the most common 
category identified, and religious values were rarely 
mentioned. Using the same approach as taken with 
sensory experiences, we found that old was overre
presented in the CES dimension heritage compared 
to the corpus as a whole (χ2ðdf ¼ 1;N ¼ 20Þ ¼ 25:1, 
p<:001) and created a network graph for this term.

The extracted subgraph shows that the term old is 
frequently mentioned in the context of built struc
tures of potential cultural relevance including 
church, castle, mill, harbour, dyke and quarry, as 
well as more generic terms related to everyday 
lived landscapes such as house, building, garden 
and town (Figure 5).

Table 4. Terms that are significantly more frequent in the 
auditory and haptic dimensions.

Sense Term N χ2 (p-value)

Sound bird 40 7.4 (p ¼ :006)
Sound hear 39 21.4 (p< :001)
Sound quiet 26 15.4 (p< :001)
Sound sound 13 7.6 (p ¼ :006)
Touch/feel cold 19 31.6 (p< :001)
Touch/feel wind 18 17.1 (p< :001)

Figure 3. Graph of the context of the term lemma bird.

Table 5. Summary of cultural ecosystem services.
CES Count

Recreation 60
Heritage 34
Identity 24
Tranquillity 19
Inspiration 11
Religious 3
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Figure 4. Upset plot (Lex et al. 2014; Conway et al. 2017) of the cultural ecosystem services and their respective overlaps. The 
histograms show the number of contributions annotated as containing cultural ecosystem services. The intersections of cultural 
ecosystem services are indicated by dots in the respective bars. Reading example: 42 descriptions described only recreation and 
5 captions included both recreation and heritage. In total, 60 captions were annotated with some combination of recreation (42 
+5+4+3+2+1+1+1+1).

Figure 5. Graph of the context of the term lemma old.
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3.5. Linking biophysical elements, sensory 
experiences and cultural ecosystem services

In our final analysis, we investigated relationships 
between the three preceding components of our anno
tations: biophysical elements, sensory experiences and 
cultural ecosystem services. We use mosaic plots 
(Jeppson and Hofmann 2023) to quantify the distribu
tions of sensory experiences and CES, respectively, 
with biophysical elements (Figure 6). Mosaic plots 
allow us to visualize both proportions (length of 
bars) and counts (area of bars) in a single representa
tion and to explore qualitative relationships. For exam
ple, we observe that animals are more often associated 
with sound and feeling than most other biophysical 
categories, while anthropogenic objects are dominated 
by sight. Similarly, when we explore the relationship 

between CES and biophysical elements, we observe 
some notable differences – moving objects, for exam
ple, are much more commonly related to heritage than 
other categories, while natural features and weather 
appear more likely than other categories to be asso
ciated with tranquility. Despite these individual differ
ences, the distribution of categories across biophysical 
elements is broadly similar for both sensory experi
ences (χ2 (df = 33) = 54.6, p ¼ :010) and CES (χ2 (df =  
55) = 47.1, p ¼ :767), with no significant differences in 
the distributions overall.

4. Discussion

Understanding how people interact with their every
day lived landscapes is of increasing interest, 

Figure 6. Mosaic plots (Jeppson and Hofmann 2023) showing the distribution of annotated biophysical categories within the 
annotated dimensions of (a) sensory experiences and (b) cultural ecosystem services. The width of each column indicates the 
overall relative proportion of the biophysical category compared to the whole dataset. The height of the individual bars within 
a column indicates the relative proportion of the respective sensory experience or cultural ecosystem service within 
a biophysical category. The numbers show the absolute number of lemmas annotated within each biophysical category and 
sensory dimension or cultural ecosystem service.
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particularly within the context of the COVID-19 pan
demic and the related anthropause (Rutz 2022), when 
people reported visiting (where possible) local areas 
more, and also valuing those areas more (Grima et al.  
2020). Whereas previous studies focused on the over
all importance of access to and valuation of nearby 
green spaces (Grima et al. 2020; Fagerholm et al.  
2022; Hansen et al. 2022; Cui et al. 2023). The results 
of this paper shed light on the elements of everyday 
lived landscapes considered important by the partici
pating users and the sensory experiences related to 
cultural ecosystem services.

4.1. Diversity in natural language descriptions of 
everyday lived landscapes

Biophysical elements constitute an important dimen
sion of landscapes and are argued to aid in integrating 
cultural aspects in ecosystem services (Daniel et al.  
2012). As such, biophysical elements are an important 
dimension of contemporary cultural ecosystem ser
vices frameworks (Fish et al. 2016). Our results suggest 
that biophysical elements are indeed important per
ceptual dimensions of landscapes given their frequent 
mentions. The results show biophysical categories 
important in everyday lived landscapes such as the 
surrounding vegetation, the current weather and ele
ments of the built environment to be particularly 
salient. This contrasts with previous studies in more 
rural and idealised landscapes where elements such as 
mountains, forests and water bodies were among the 
most salient landscape features (Bieling 2014). The 
difference in the landscape elements found in 
Window Expeditions demonstrates the difference in 
study locations and the focus on everyday lived land
scapes. The rarity of water bodies and natural features 
likely reflects participants’ home locations, but as we 
did not record exact home locations for privacy rea
sons, we cannot test this assumption by comparing, 
e.g. home locations against land use and land cover 
data. The notable absence of mentions of people in the 
contributions is likely due to the COVID-19 pan
demic, or could also be related to previous observa
tions that people less often describe other people as 
part of their landscape experience than biophysical 
elements, even if they are present (Wartmann et al.  
2015).

In terms of sensory experiences, we found the 
visual to be the most commonly mentioned sensory 
experience, in line with previous work showing the 
visual dimension to be dominant in landscape per
ception studies (Daniel 2001). Nonetheless, we also 
found a number of references to the auditory dimen
sion. Particularly salient is the overrepresentation of 
the term bird within the auditory dimension, suggest
ing birds are especially important in the immediate 
surroundings of our participants. Birds are important 

inhabitants of lived landscapes, contribute to the 
soundscape, and have even been found to contribute 
positively to mental wellbeing (Hammoud et al.  
2022). We suggest that this overrepresentation of 
birds in our data set may be linked to the overall 
surge in bird observations during the pandemic, par
ticularly of commonly observed garden bird species 
such as Blackbirds, Blue Tits or Robins in the UK 
(Barrett and Bott 2020), which fit well with the most 
mentioned bird species described in this study (Tit, 
Magpie, Robin and Blackbird).

Our particular focus on the term bird stemmed 
from the discrepancy between bird being signifi
cantly overrepresented in the auditory dimension 
and the small number of species present in the 
context graph. By taking a multi-scalar approach 
(Taylor and Adams 2022), where we combined 
close and distant reading, we knew that our descrip
tions did contain many mentions of bird species. We 
then carried out further computational analysis to 
quantify which species were present. This approach 
demonstrates some of the advantages of our multi- 
scalar approach over purely computational analysis. 
Here, we noted that specific instances of proper 
nouns were being used, but did not co-occur with 
the generic noun bird, and then investigated these 
categories in more depth.

We also note a general potential positivity bias 
within the contributed natural language landscape 
descriptions. This inclination towards more positively 
connotated reports may stem from an underlying 
positivity bias within language (Dodds et al. 2015), 
in combination with the tendency of individuals to 
generally communicate positive rather than negative 
experiences in landscapes (Taylor et al. 1995). 
However, not all sensory experiences are as positively 
connotated as scenic views or melodic bird song. The 
results also show the auditory dimension commonly 
co-occurring with the biophysical category of moving 
objects, primarily transport-related vehicles, which 
have been identified as disturbing sounds (Stansfeld 
and Matheson 2003; Watts and Pheasant 2013; Koblet 
and Purves 2020).

The haptic dimension was frequently found in 
regard to weather-related phenomena, primarily 
through ‘feeling’ the cold air or wind. Although 
many of the annotated references of the haptic 
dimension carry a negative connotation, experiencing 
the weather was still important enough to mention. 
The literature shows that weather and atmospheric 
events influence how we experience and perceive 
landscapes, yet weather is difficult to take into 
account in models or predictions of CES (Ingold  
2005; Półrolniczak and Kolendowicz 2021). This 
research further highlights the potential link between 
CES and weather-related phenomena, which should 
be accounted for in future studies, for example by 
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treating CES as dynamic, especially with respect to 
weather-related CES such as tranquility.

Cultural ecosystem services encompassing the 
intangible dimensions of landscapes have gained 
increasing importance in policy and decision- 
making contexts. Even though cultural ecosystem 
services are important dimensions of our environ
ments, their intangible nature makes data collection 
difficult and participatory approaches become valu
able (Brown and Fagerholm 2015; Garcia-Martin 
et al. 2017; Wartmann and Purves 2018; Bubalo 
et al. 2019; Depietri et al. 2021). The results of our 
study once again find recreation, even during the 
restrictions of the COVID-19 pandemic, to be one 
of the most salient dimensions described by contri
buting users (Bieling 2014; Fagerholm et al. 2020). 
Further important dimensions included heritage, 
identity and tranquility, suggesting participating 
users appreciate the historic value of landscapes as 
well as environments affording solace and respite 
from the more hectic urban lifestyle (Wartmann 
et al. 2019; Ugolini et al. 2020; Purves and 
Wartmann 2023).

4.2. Limitations

Our study has a number of limitations. Firstly, 
despite the more gamified data collection approach, 
the underlying corpus that was annotated and ana
lysed was rather small, and thus generalisations are 
difficult. Even though clear trends were visible as 
discussed in this paper, a larger corpus could provide 
more detailed insights into how individuals perceive 
everyday lived landscapes. This calls for further 
examination of user motivation and retention in 
gamified approaches (Kasurinen and Knutas 2018), 
as well as considering novel methods of landscape- 
relevant corpus generation from existing text sources 
(e.g. web corpora such as digitised newspaper 
archives).

Secondly, we perform our analyses on a collection 
of English texts and the results may not be transfer
able to other cultural and linguistic contexts. There is 
agreement in the literature that landscape perception 
and language are highly intertwined (Burenhult and 
Levinson 2008; van Putten et al. 2020). Future data 
generation efforts should thus strive to generate mul
tilingual collections of landscape-relevant natural lan
guage to enable more cross-linguistic analyses (e.g. 
Feng and Mark 2017). Even where the platform was 
available in a language in which users were fluent 
(German or French), many participants still preferred 
to write English descriptions. Furthermore, though 
contributions were geographically diverse, they were 
dominated by a few countries, and we are cautious in 
claiming that our results are generally applicable. 
Most obviously, interest in birds is common in the 

UK, and other landscape elements may emerge if we 
collect more contributions in different cultural 
settings.

Lastly, the original descriptions were annotated by 
human annotators. Even though the annotation 
guidelines were created in an iterative process to 
allow for consensus on annotations and reproduci
bility, all annotators were Western European aca
demics, albeit from different cultural and linguistic 
backgrounds, who conceptualise human- 
environment interactions in certain ways, with the 
annotations reflecting these particular 
conceptualisations.

5. Implications

As everyday lived landscapes are dynamic areas of 
interaction, these are prone to change over time. City 
planners and environmental managers are keen to 
know about people’s preferences and behaviour in 
these places in order to make informed decisions 
about sustainable and inclusive planning. With the 
idea of smart cities based on real-time sensory infra
structure (supported by global passive sensing net
works) gaining momentum, there is an increasing 
need for data gathered with and by people to provide 
a complementary bottom-up view of what matters to 
people in their local environment and to help address 
any biases and gaps in top-down or passively col
lected information (Miller 2020). Including such pub
lic perceptions of everyday lived landscapes can guide 
policy and decision-making processes and lead to 
more societally sustainable cities (Bouzguenda et al.  
2019).

6. Conclusion

The results of this study show various nuances in how 
everyday lived landscapes are perceived, and which 
features people perceive as salient. These findings 
complement the existing literature on landscape per
ception twofold. Firstly, the results show salient 
dimensions and elements of landscapes in everyday 
lived landscapes revolve around what people see and 
hear as well as the recreational potential of land
scapes, in line with previous findings. However, sec
ondly, important perceived elements of landscapes 
were found to be natural features such as trees and 
birds, as well as anthropogenic infrastructures such as 
houses and buildings. This contrasts with landscape 
perception studies in more rural landscapes, which 
frequently mention mountains and water bodies to be 
the most salient. We argue for a continued shift in the 
focus of landscape studies to include more urban and 
particularly the immediate surroundings of lived 
areas, especially in policy and decision-making con
texts that require considering people’s everyday 
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environments and experiences that directly link to 
well-being.

In future work, we plan to a) further gamify 
the collection of descriptions to increase the cultural 
diversity of contributions and b) further investigate 
the use of emerging methods in natural landscape 
processing to extend our multi-scalar approach to 
the analysis of larger corpora.

Notes

1. https://chat.openai.com/ (accessed: 26 December 2023).
2. https://deepmind.google/technologies/gemini (accessed: 

26 December 2023).
3. https://spacy.io/ (accessed: 18 April 2023).
4. www.worldbirdnames.org/new/ioc-lists/master-list-2/.
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