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1. INTRODUCTION

The exceptional biodiversity value of  semi-natural grasslands has long 
been recognized (Kull and Zobel, 1991, Eriksson et al., 2002, Pärtel et 
al., 2005, Ward et al., 2013, Dengler et al., 2014). Additionally, semi-
natural grasslands worldwide provide a wide range of  ecosystem services 
(Bullock et al., 2011), including: fodder for cattle, carbon sequestration 
and storage, nutrient cycling and regulation of  soil quality, habitat for 
pollinators, erosion control, and flood regulation. Moreover, certain 
semi-natural grasslands, such as coastal meadows, comprise an important 
habitat for populations of  wildfowl, waders, amphibians (Rannap et al., 
2017), and arthropods (Torma et al., 2019). 

In spite of  their ecological relevance and key contribution to a 
multifunctional rural landscape, semi-natural grasslands have undergone 
a substantial decrease in area and connectivity in Europe (Critchley et 
al., 2004). Habitat degradation associated with land marginalization in 
many areas (Henle et al., 2008) and intensification in others (Bullock et 
al., 2011) have persisted throughout the second half  of  the Twentieth 
Century in Europe. In the Baltic States, semi-natural grasslands have 
followed similar trends, with processes of  social and economic decline 
resulting in depopulation, departure of  the labour force, and subsequent 
abandonment of  grasslands (Ruskule et al., 2013, Kliimask et al., 2015, 
Vinogradovs et al., 2018). For example, in Estonia, between 1957 and 
1960, 90% of  coastal meadows were grazed or mown, whereas between 
1992 and 1995 only 35% of  coastal meadows remained in use (Kaisel 
et al., 2004). In addition, the structure and function of  semi-natural 
grasslands are expected to be impacted by global change (Ward et al., 
2016). 

Semi-natural grasslands depend on low-intensity management regimes. 
The cessation of  grazing or mowing leads to encroachment processes 
and the loss of  grassland species diversity (Burnside et al., 2007, Metsoja 
et al., 2011) and triggers a cascade effect through the ecosystem services 
supply chain. The most direct consequence of  grassland abandonment 
and fragmentation is a decrease in the supply of  certain services, such 
as pollination, habitat for bird species and a loss of  cultural services and 
aesthetic values associated with traditional farming practices (Öckinger 
et al., 2006, Sjödin, 2007, Joyce et al., 2014). Similarly, intensification 
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alters ecosystem functioning and, consequently, affects the supply 
of  ecosystem services (Allan et al., 2015). For instance, in grasslands 
subject to high stocking densities, less organic carbon is returned to 
the soil and greater amounts of  CO2 and CH4 are released, while N is 
leached (Soussana and Lemaire, 2014). This type of  management regime 
alters nutrient cycling processes and reduces soil carbon sequestration. 
Additionally, intensification practices lead to decreased carbon 
sequestration and storage associated with tillage and reduced litter input 
(Jones and Donelly, 2004).     

In the EU, the Common Agricultural Policy (CAP) is the main legislation 
influencing agricultural land use in terms of  management practices, 
landscape change and rural development (Strijker, 2005, Lüker-Jans 
et al., 2016). Within the CAP, the Rural Development Programmes 
(RDPs) target, among other objectives, the maintenance of  grasslands 
and associated biodiversity (Ruskule et al., 2015). Additionally, the latest 
CAP reform (2014-2020) introduced ¨greening¨ components in both 
pillars I and II. Although these measures were originally aimed at halting 
the loss of  farmland biodiversity, they have been criticized due to their 
low ambition in achieving tangible results (Pe’er et al., 2014). Pe’er et al. 
(2014) also pointed out that the lack of  habitat quality and management 
criteria in greening measures encourages grassland degradation. In the 
Baltic States, the lack of  coordination between agriculture and nature 
conservation authorities has been identified as one of  the main causes 
of  poor agro-environmental measures within the RDPs (Ruskule et al., 
2015). Ultimately, the fear of  penalties and the low profit from financial 
incentives discourage landowners and managers from continuing 
management (Waldén and Lindborg, 2018).  

Several authors have proposed the ecosystem services framework as a 
tool to assess the ecological consequences of  grassland abandonment, 
set priorities for conservation, and promote the concept of  agro-
ecosystem multi-functionality (Egoh et al., 2009, Lamarque et al., 2011). 
Moreover, it has been suggested that ecosystem services could serve 
as a mechanism to redesign the current CAP in order to develop more 
targeted and context-specific agri-environmental schemes (Plieninger et 
al., 2012). Similarly, Lamarque et al. (2011) pointed out that some CAP 
2013 reports suggest that economic incentives for grasslands should be 
shifted towards the delivery of  ecosystem services. Ecosystem-based 
planning and balanced resource management could benefit from an 
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ecosystem services approach by facilitating a holistic and transversal 
planning structure (Fürst et al., 2017).   

Although recent literature shows an increasing degree of  integration of  
the ecosystem services framework into environmental decision-making 
systems (Grêt-Regamey et al., 2017a), many barriers are still found. The 
vast number of  available approaches to ecosystem services mapping 
and assessment complicates the selection of  methods. Policymakers, 
land managers, and scientists require ecosystem services assessment 
tools that meet the needs of  multi-stakeholder processes and complex 
land management scenarios. However, as pointed out by Dunford et 
al. (2017), this is rarely the case. In addition, different planning and 
assessment scales require different methods while, simultaneously, 
contrasting methods demand datasets with varying degrees of  precision. 
As a result, data availability constitutes a major obstacle in the application 
of  ecosystem services mapping and assessment methods (Palomo et al., 
2018). Grêt-Regamey et al. (2015) proposed a tiered methodology aimed 
at standardizing the choice of  methods. Each tier entails an increase 
in methodological complexity and data requirements. A multi-tiered 
framework ensures methodological adaptability while organizing and 
defining selection criteria for multiple methodologies.   

This thesis follows and adapts the tiered approach framework to assess 
and map the supply of  ecosystem services by semi-natural grasslands 
in Estonia. The study is structured around three tiers, each of  them 
encompassing a method and dataset of  increasing complexity. Moreover, 
each tier addresses a different geographical scope, from international 
(Baltic States) to local. Furthermore, each tier targets different Service 
Providing Units (SPUs), from the grassland block defined by the national 
Integrated Administration and Control Systems (IACS) in tiers 1 and 2 
to plant communities mapped within each grassland block in tier 3. The 
spatially explicit nature of  ecosystem processes and ecosystem services 
supply is the cornerstone of  the tiered approach presented in this thesis. 
Therefore, each tier includes a distinct mapping method. Beyond the 
methodological exploration, this study aims to assess the consequences 
of  grassland abandonment and various types of  grassland management 
in the supply of  ecosystem services. The tiered framework of  the thesis 
is structured as follows:
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Tier I: A spatially explicit analysis of  the effects of  management intensity 
on the supply of  grassland ecosystem services. Tier I includes maps 
of  13 ecosystem services provided by cultivated, permanent, and semi-
natural grasslands in the Baltic States, using look-up tables based on 
expert knowledge. (II)

Tier II: A spatially explicit analysis of  the supply of  five ecosystem 
services using SOC and plant species richness as surrogate indicators. 
Tier II targets semi-natural grasslands in Estonia and addresses the 
effects of  grassland abandonment on plant species richness. (III)

Tier III: A UAV-based assessment of  above-ground biomass (a 
component of  ‘blue carbon’ stocks) by plant communities in coastal 
meadows in Estonia and a remote-sensing-based analysis of  the effects 
of  management type, duration, and intensity in sward structure. Tier 
III also includes the cartographic foundation for an ecosystem services 
monitoring network based on a stratified random sampling strategy (I, 
IV, V).
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2. LITERATURE REVIEW

2.1. A short introduction to the concept of  ecosystem services

The first explicit mention of  the concept of  “ecosystem services” can 
be found in the works by Ehrlich and Ehrlich (1981) and Ehrlich and 
Mooney (1983), although as early as the 1970s the term “environmental 
services” was used by Wilson and Matthews (1970) and the term “nature’s 
services” was used by Westman (1977). However, it was not until 1997 
that the idea of  ecosystem services became prominent when Constanza 
et al. (1997) defined them as “the ecological characteristics, functions, or 
processes that directly or indirectly contribute to human well-being: that 
is, the benefits that people derive from functioning ecosystems”. Initially 
subjected to debate, the concept was later adopted and adapted by certain 
initiatives such as the Millennium Ecosystem Assessment (MA, 2005), 
which re-defined ecosystem services from a simpler perspective as “the 
benefits that people obtain from ecosystems”. Later, The Economics 
of  Ecosystems and Biodiversity (TEEB) initiative put the economic 
value at the center of  ecosystem services and aimed at “recognizing the 
economic benefits of  biodiversity and the increasing cost of  ecosystem 
degradation” (TEEB, 2010). 

Regardless of  the multiple definitions and conceptual approaches, 
the concept of  ecosystem services has provoked disagreement in the 
scientific community. Much of  the criticism of  the concept of  ecosystem 
services arises from two sources. On the one hand is a misconception 
about the term “valuation”, which in many cases has been equated 
with economic valuation (Goméz-Baggethun and Ruiz-Pérez, 2011, 
Schröter et al., 2014). It is necessary to note here that the concept of  
ecosystem services is not necessarily of  an economic nature and that 
monetary valuation is not the only method used to assess the supply 
and demand of  ecosystem services (Schröter et al., 2014). In fact, over 
the last decade, a range of  methods have emerged to (1) provide a solid 
ecological understanding of  the ecosystem services supply and demand 
processes (Burkhard et al., 2018), (2) assess ecosystem services supply 
in biophysical terms in order to provide a robust ecological foundation 
for economic valuations (TEEB, 2010), and (3) capture the complex 
sphere of  perception of  value and benefit from different stakeholder 
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and societal groups (Lamarque et al., 2011, Burkhard et al., 2018). More 
information about valuation methodologies can be found in section 5. 

On the other hand, as Constanza et al. (2017) pointed out, ecosystem 
services have been described as “anthropocentric, instrumental, or 
utilitarian” (Thompson and Barton, 1994, McCauley, 2006, Redford and 
Adams, 2009). Many authors have refuted these statements, indicating 
that the concept of  ecosystem services acknowledges that societies’ well-
being hinges on nature through complex interdependencies (Costanza, 
2017) and that anthropocentric perspectives provide additional 
arguments to tackle the current environmental crisis (Reid et al., 2006, 
Schröter et al., 2014). 

2.2. Conceptual frameworks

Since the term “ecosystem services” was first coined, multiple conceptual 
and empirical frameworks have been developed to unveil the path from 
ecological structures to human well-being and to structure ecosystem 
services assessments (Notte et al., 2017). The Millennium Ecosystem 
Assessment (Millennium Ecosystem Assessment, 2005) first attempted 
to formalize a framework by establishing linkages between ecosystems 
and different constituents of  human well-being and simultaneously 
recognizing direct and indirect drivers of  change. Following the 
MA (2005), several authors outlined conceptual frameworks for the 
assessment and application of  ecosystem services (Boyd and Banzhaf, 
2007, Wallace, 2007, Carpenter et al., 2009, Fisher et al., 2009, Landers 
and Nahlik, 2013, Staub et al., 2011). 

In the European context, two frameworks have prevailed due to their 
relevance in the policy-making sphere. One of  these, the cascade model 
developed by Potschin and Haines-Young (2017), outlines a pathway 
from ecological structures to well-being through several interrelated 
components, namely: biophysical structures, functions, services, 
benefits, and values. Ecosystem services lie at the center of  the cascade, 
connecting the biophysical elements of  the socio-economic system to 
the socio-economic ones. A key component of  the cascade is the concept 
of  “functions” as the characteristics of  ecosystems that underpin their 
capacity to deliver ecosystem services. 
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The other conceptual framework for EU-wide ecosystem assessments 
(also referred to as the MAES conceptual framework) (Maes et al., 2016), 
is partially based on the cascade model (Potschin and Haines-Young, 
2017), the TEEB (2010) framework, and the UK National Ecosystem 
Assessment (UK NEA, 2011), and provides EU Member States with the 
foundation needed to achieve the objectives set by the EU Biodiversity 
Strategy to 2020 in its action 5 (European Commission, 2011). The 
MAES conceptual framework highlights the role of  biodiversity as the 
essential structure for maintaining ecosystem processes and supporting 
ecosystem functions. Furthermore, the MAES conceptual framework 
couples socio-economic systems with ecosystems through the flow 
of  ecosystem services, considering both direct and indirect drivers of  
change derived from societal and policy responses (Maes et al., 2016).   

More recently, the Intergovernmental Platform on Biodiversity and 
Ecosystem Services (IPBES) developed its own conceptual framework 
(Díaz et al., 2015), with a strong focus on local and indigenous knowledge, 
as well as the inclusion of  multiple scientific disciplines. 

2.3. Classification systems

Categorizing and classifying ecosystem services is a crucial first step 
before undertaking mapping and assessment exercises (Haines-Young 
and Potschin, 2017). A common categorization system allows for 
comparability among studies, sets the ground for in-depth ecosystem 
services assessments such as trade-offs and bundles, and constitutes a 
system for communicating the concept of  ecosystem services (Potschin 
and Haines-Young, 2016).

Over the last decade, the scientific community has consistently used 
three main categorization systems, namely: The Millennium Ecosystem 
Assessment (Millennium Ecosystem Assessment, 2005), the TEEB 
(TEEB, 2010), and the Common International Classification of  
Ecosystem Services (CICES) (Haines-Young and Potschin, 2018). As 
Haines-Young and Potschin (2017) pointed out, the CICES classification 
system was originally proposed in 2009 to overcome the problem of  
the translation of  definition between MA, TEEB, and some national 
classification systems (Mace et al., 2011, Montes et al., 2011). The 
Working Group on Mapping and Assessment of  Ecosystems and their 
Services (MAES) adopted CICES as the reference classification system 
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(Maes et al., 2018) to achieve the objectives set by the Biodiversity 
Strategy to 2020 (European Commission, 2011).

Essentially, CICES is a hierarchical system that allows for mapping, 
assessment, and accounting at different spatial and thematic scales. In 
its current version (CICES v. 5.1.), ecosystem services are grouped into 
three categories (Haines-Young and Potschin, 2018):

a) Provisioning services: all nutritional and non-nutritional material 
and energetic outputs from living systems as well as abiotic 
outputs (including water).

b) Regulation and maintenance: all the ways in which living 
organisms can mediate or moderate the ambient environment 
that affects human health, safety, or comfort, together with 
abiotic equivalents.

c) Cultural: all the non-material, and normally non-rival and non-
consumptive, outputs of  ecosystems (biotic and abiotic) that 
affect people’s physical and mental states.

Each service is defined from a biophysical perspective and from the 
perspective of  contribution to well-being (Haines-Young and Potschin, 
2018). Additionally, in its current version, CICES accounts for abiotic 
ecosystem services, defined as the benefits derived from abiotic structures 
and processes (Van der Meulen et al., 2016).  

2.4. Semi-natural grasslands ecosystem services

The multifunctional character of  semi-natural grasslands has long been 
recognized (Pinto-Correia and Vos, 2004, Hopkins et al., 2006, Öckinger 
et al., 2007, Lindborg et al., 2008, Sammul et al., 2008, Heinsoo et al., 
2010). Although the concept of  multifunctionality is well reflected in 
a still-active body of  literature, in recent years it has overlapped with 
the emerging ecosystem services discipline. However, Bengtsson et al. 
(2019) pointed out that although extensively managed grasslands play 
a key role in the provision of  multiple ecosystem services, they have 
received little attention in the ecosystem services literature. Lamarque 
et al. (2011) suggested that the ecosystem services framework brings 
a more biodiversity-oriented angle to multifunctionality and proposed 
the use of  ecosystem services as a tool to fully understand the flow of  
benefits from grasslands to society, from both the supply and demand 
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sides. Moreover, Bennett et al. (2009) pointed out that ecosystem 
services constitute a robust tool for addressing the complex impacts of  
land use and land cover change (LULC), abandonment, and changes in 
management regime through the assessment of  synergies and trade-offs 
among ecosystem services. 

2.5. Different approaches in semi-natural grassland ecosystem 
services assessments

This section summarizes the different methodologies that have been used 
to date to assess the supply and demand of  ecosystem services in semi-
natural grasslands, as well as trade-offs and synergies among multiple 
ecosystem services. To systematize the analysis, the classification of  
methods outlined in the ESMERALDA project is used (Brander et al., 
2018, Santos-Martín et al., 2018a, Santos-Martín et al., 2018b, Vihervaara 
et al., 2018). 

2.5.1 Biophysical mapping and assessment methods

Vihervaara et al. (2018) described biophysical methods for mapping 
and assessing ecosystem services as “biophysical quantifications built 
on spatial and temporal measures of  ecosystem processes”. In essence, 
biophysical methods address ecosystem structure and function, as well 
as the derived ecosystem services. The ESMERALDA project outlined 
several biophysical mapping and assessment methods varying in their 
data needs, level of  detail, scale, and purpose of  analysis (Vihervaara et 
al., 2018). These were divided into indirect methods, direct methods, and 
modelling methods. 

Indirect biophysical methods rely on biophysical values that require 
assumptions and further interpretations (e.g., land cover data, proxy 
indicators, spatial proxies, etc.). For instance, Egoh et al. (2009) used 
spatial proxies derived from the combination of  land cover data and 
surrogate indicators to map five ecosystem services provided by semi-arid 
grasslands in South Africa: surface water supply, water flow regulation, 
carbon storage, soil accumulation, and soil retention. Furthermore, 
Egoh et al. (2009) carried out an overlap analysis to assess the spatial 
congruence between ecosystem services and biodiversity hotspots, 
concluding that the surrogate indicator analysis should be complemented 
with more detailed data at the regional and local scales. At the European 
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scale, García-Feced et al. (2014) combined CORINE Land Cover 2006 
maps with the EU high nature value farmland map (Paracchini et al., 
2008) and further enriched it with remote-sensing-derived spectral 
information to map semi-natural vegetation classes. The supply of  13 
provisioning and regulating services by semi-natural vegetation was 
estimated by assessing the correlations between the abundance of  semi-
natural vegetation and the supply of  ecosystem services at a coarse 
spatial resolution (1km) in agricultural land (Maes et al., 2011, 2012a, 
2012b, Zulian et al., 2013). The results showed that the abundance was 
not correlated with provisioning services but was strongly correlated 
with regulating services. Vigl et al. (2016) used spatial proxies to assess 
temporal changes in ecosystem services supplied by montane grasslands 
in the Alps over 150 years. By coupling LULC data with statistical data 
and various sources generalized from scientific literature, the authors 
concluded that the LULC change towards a more forested landscape 
also led to a more diversified supply of  ecosystem services.  

Perhaps the most widely used indirect methods for the evaluation of  
ecosystem services supply has been look-up tables based on expert 
knowledge (Burkhard et al., 2009, Burkhard et al., 2012, Jacobs et al., 
2015). These methods are used to elicit ecosystem services supply 
and demand values from a group of  experts through deliberation and 
consensus processes (Burkhard et al., 2012, Campagne et al., 2018). 
Supply and demand values are subsequently linked to Service Providing 
Areas (SPAs) using a matrix with SPAs as rows and ecosystem services 
as columns. The method has been widely used due to its relatively fast 
and simple implementation as compared to other assessment methods. 

Although these methods are characterized by rapid implementation and 
a relatively low demand of  input data, Eigenbrod et al. (2010) warn that 
the use of  spatial value transfer, proxies, and broad categorical input 
data may lead to considerable errors depending on the resolution of  the 
analysis. 

Studies using direct methods in the scientific literature are more 
abundant. Vihervaara et al. (2018) defined direct methods as direct 
observations of  ecosystem processes and services, usually in the form 
of  monitoring or surveys. Girgulis et al. (2012) used data collected at 
long-term monitoring stations across three sites in Europe. Data on 
plant traits and soil parameters and microbiota were collected through 
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standardized surveys and then assessed for the contribution of  each 
sampled parameter to grassland ecosystem processes. The authors 
highlighted the tight linkages between plant traits and above-ground 
processes and microbial traits for below-ground processes. Direct 
methods are also suitable for providing detailed insights into the effects 
of  grassland management on ecosystem services tradeoffs and bundles. 
Austrheim et al. (2016) utilized this method and sampled primary 
productivity, soil-related ecosystem services, and a broad spectrum of  
biodiversity-related measures across different sheep stocking densities 
in southern Norway. As other studies pointed out (Steinfeld et al., 2006, 
Wrage et al., 2011), Austrheim et al. (2016) stated that low grazing 
densities enhance synergies between provisioning and regulating 
services. A similar method was used by Ford et al. (2012) to assess the 
effects of  the cessation of  grazing in coastal grasslands in the UK. The 
authors used replicate experimental blocks to sample several ecosystem 
services proxies, mostly soil physicochemical properties and plant traits. 
Abandonment resulted in increased water storage flood control and N 
cycling but decreased food supply, invertebrate diversity, and flowering 
plant species richness.

Although direct methods provide very detailed insights into the drivers 
of  ecosystem services supply, they are costly and impractical beyond the 
site level (Vihervaara et al., 2018). However, they can provide valuable 
input to a more complex modelling approach, or serve as validation 
datasets. 

Modelling methods lie on the most methodologically complex side of  
the biophysical methods domain (Vihervaara et al., 2018). A wide range 
of  modelling approaches has been developed to address the relationship 
between biophysical characteristics and the supply of  ecosystem services, 
including phenomenological models (Lavorel et al., 2017), trait-based 
models (Balzan et al., 2016), and process-based models (Nedkov et al., 
2012), among others.   

Due to the extremely wide range of  ecosystem service modelling 
methods, only the most prominent are described in this section. In recent 
years, trait-based modelling and functional diversity (Díaz et al., 2007) 
have gained interest among the grassland ecosystem services scientific 
community. In essence, these models try to unveil linkages between 
functional traits of  local plant communities, ecosystem properties, and, 
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ultimately, ecosystem services (Díaz et al., 2007). Lavorel et al. (2010) 
highlighted that while LULC proxies may provide useful information for 
addressing broad-scale patterns of  ecosystem services supply, they fail 
to capture the mechanisms that drive ecosystem service delivery. In this 
regard, Lavorel et al. (2010) combined land use, direct abiotic, and trait-
mediated effects on ecosystem properties and services in a grassland-
dominated landscape in the Alps. Grassland types from LULC maps 
were used to stratify sampling for functional traits. Vegetative traits, leaf  
dry matter, and leaf  N and P concentrations were measured. Community 
weighted mean and functional divergence for each trait were used 
together with abiotic parameters to model and map ecosystem properties 
and derive ecosystem services, namely, agricultural production, cultural 
ecosystem services, pollination, and soil organic carbon.

Since Díaz et al. (2007) and Lavorel et al. (2010) published their works, 
many more authors have used similar trait-based approaches. Lamarque 
et al. (2014) used the data collected by Lavorel et al. (2010) and combined 
it with climate change and land-use change scenarios to model the effects 
of  climate change on ecosystem services and their bundles in subalpine 
grasslands. Drought scenarios triggered a cascade effect from decreased 
soil microbial activity towards resource-conservative plant traits and, 
ultimately, the agronomic value of  grasslands. Similarly, Kohler et al. 
(2017) assessed ecosystem services resilience to change as a consequence 
of  community functional composition across management gradients in 
subalpine grasslands. The authors concluded that trait-based approaches 
are more suitable than species richness-based approaches for capturing 
mechanisms of  ecosystem service resilience.  

Within the ecosystem services modelling techniques, remote sensing in 
combination with machine learning algorithms has emerged as a suitable 
approach to mapping ecosystem properties, functions, and services 
(Barbosa et al., 2015). Remote sensing can map large extents of  land 
repeatedly, allowing for the assessment of  ecosystem services supply 
dynamics with a better mechanistic understanding than oversimplified 
approaches based on spatial proxies (Andrew et al., 2014). Despite 
the wide range of  remote sensing platforms and statistical modelling 
techniques available, the use of  remote sensing for mapping grassland 
ecosystem services has received little attention in the scientific literature. 
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Most of  the remote sensing approaches rely on the use of  vegetation 
indices and training data to elicit ecosystem functions and properties. 
For example, Ullah et al. (2012) derived several vegetation indices 
from MERIS images to predict biomass and foliar N in semi-natural 
grasslands in the Netherlands. The combination of  vegetation indices 
and training data with a stepwise multiple linear regression model 
yielded a high accuracy of  R2=0.73 for biomass estimations. In the 
domain of  regulating ecosystem services, Cazals et al. (2016) mapped 
flood dynamics in a marsh complex on the French Atlantic coastline. 
In this case, the authors used radar data from the Sentinel-1A mission 
combined with a LiDAR-derived digital terrain model and piezometric 
data in a supervised thresholding algorithm, highlighting the relevance 
of  remotely sensed data for mapping habitat-related flood dynamics in 
grasslands.      

Although satellite data has proven useful in the field of  ecosystem 
services, the coarse spatial resolution of  these products may render 
them impractical for assessing grassland ecosystems; UAVs offer a 
feasible alternative. Gao et al. (2019) used very high-resolution UAV-
based multispectral images to estimate and map fodder quality in 100 
grassland sites in China. Based on a set of  vegetation indexes and a 
training dataset, the authors were able to estimate the content of  crude 
protein and the amount of  dry biomass across all grassland sites. Several 
authors have implemented similar approaches to map grassland primary 
productivity using UAVs (Possoch et al., 2016, Wang et al., 2017, Zhang 
et al., 2018, Grüner et al., 2019, Lussem et al., 2019). 

In recent years, the combination of  multi- and hyperspectral remote 
sensing with trait-based models has emerged as a promising approach 
for the mapping and assessment of  grassland ecosystem services (Van 
Cleemput et al., 2018, Obermeier et al., 2019). Both physical and chemical 
grassland traits have been mapped using satellite and UAV-born imagery. 
The most commonly mapped grassland traits are Leaf  Area Index (LAI) 
(Atzberger et al., 2015), leaf  N (Adjorlolo et al., 2014), and chlorophyll 
concentration (Ghosh et al., 2016, Li et al., 2018). Although the field 
of  remotely sensed trait diversity is developing fast, some challenges 
remain, related mainly to the fact that the spectral characteristics of  
grasslands are dominated by leaf  and canopy optical traits (Feilhauer et 
al., 2016).  
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2.5.2 Economic mapping and assessment methods

Economic mapping and assessment methods are defined as those aimed 
at eliciting the economic value of  ecosystem services, accounting for its 
spatial variation (Brander et al., 2018). According to Brander et al. (2018), 
the economic value of  ecosystem services is understood as a “measure 
of  human welfare derived from the use or consumption of  services”. 
These concepts are highly controversial (Dempsey and Robertson, 2012, 
Scharks and Masuda, 2016) and have been both acclaimed (Scharks 
and Masuda, 2016) and heavily criticized (Spash, 2015) in the scientific 
literature.   

Regardless of  the discrepancies surrounding the concept, economic 
valuation methods have also been used in the realm of  grassland 
ecosystem services. One of  the most complete economic valuations of  
grassland ecosystem services in the EU was the survey carried out by 
Hönigová et al. (2012) in the Czech Republic. The authors of  the study 
addressed the economic valuation of  seven grassland ecosystem services 
using a wide selection of  methods, including: direct market value, 
marginal abatement cost, replacement cost, and contingent valuation. 
Of  all services under assessment, water regulation had the highest 
economic values, ranging from 1298 EUR/ha in managed grasslands to 
3042 EUR/ha in alluvial meadows and seasonally wet grasslands. The 
overall highest economic value was achieved in seasonally wet grasslands 
(4498 EUR/ha).         

2.5.3 Socio-cultural mapping and assessment methods and 
ecosystem services demand

Socio-cultural methods for ecosystem services mapping and assessment 
have emerged in recent years to account for a wider understanding of  
the term “value” (Santos-Martín et al., 2017). Socio-cultural valuation 
methods are broadly defined as methods that aim to analyze human 
preferences and cognitive responses towards ecosystem services in non-
monetary terms (Santos-Martín et al., 2017, Santos-Martín at el., 2018a).  

Although socio-cultural methods are designed to assess both the supply 
and demand of  ecosystem services, a large body of  literature is devoted to 
demand assessments based on these methods. In this regard, assessment 
of  the demand for ecosystem services and perceptions of  demand have 
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generally received little attention in the ecosystem services sphere (Wolff  
et al., 2015). Similarly, studies focusing on the demand for grassland 
ecosystem services are scarce and use mostly socio-cultural methods. 
Lamarque et al. (2011) used a ranking method to assess the perceptions 
of  grassland ecosystem services demand by different stakeholder groups 
in three mountain regions in Europe. Lamarque et al. (2011) concluded 
that several commonalities can be found across regional experts in all 
three regions. However, at the local scale, context has a strong influence 
on perception amongst farmers. Soil-related ecosystem services were 
not identified as being important, by either farmers or local experts. 
Similarly, Torralba et al. (2018) used surveys and multivariate statistics 
to identify supply-demand and perception patterns across farmers in 
four study areas dominated by wooded pastures in Europe. The authors 
found diverse needs and values driven by the different roles that wooded 
pasture landscapes play across Europe, from a strong demand for meat-
based products in Spanish Dehesas to the predominantly recreational 
use of  Swedish wooded pastures. Following a similar perception-based 
approach, Garrido et al. (2017) reached comparable conclusions in 
regards to Swedish wooded pastures. Both spatial scale and stakeholder 
groups seem to affect ecosystem services perception. While local 
stakeholders focus on cultural and provisioning ecosystem services, 
regional stakeholders value cultural and regulating services the most.

Beyond questionnaires and survey methods, a combination of  a literature 
overview and expert-based knowledge has been utilized to elicit the 
demand for grassland ecosystem services. For instance, Bengtsson et 
al. (2019) studied discrepancies between ecosystem service supply and 
demand across 23 services in Northern Europe and South Africa. The 
findings suggest that in Northern Europe, the demand for ecosystem 
services from grasslands is greater than the supply, whereas supply and 
demand remain similar in South Africa. Following a similar literature 
review-based approach, Yahdijan et al. (2015) addressed the temporal 
trends of  demand for rangeland ecosystem services. The authors 
concluded that societal demand has shifted from provisioning towards 
regulating and cultural services among the general public worldwide.      

2.6. The tiered approach

The study of  ecosystem services is a trans-disciplinary field of  science 
that requires integrative and flexible approaches (Burkhard, 2017). Often, 
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multiple spatial and temporal scales, domains, ecosystem services types, 
and sources of  data are addressed within the same assessment. This, 
in turn, calls for multiple methods with varying degrees of  complexity 
and complicates the selection of  an appropriate approach for specific 
analysis contexts (Grêt-Regamey et al., 2015, Vihervaara et al., 2018). 

In this complex context of  numerous methodologies, scientists and 
practitioners demand a standardized approach for mapping and 
assessing ecosystem services, to ensure the best choice of  methods 
for a particular set of  ecosystem services, scales, scope, and data 
available (Grêt-Regamey et al., 2017). In an attempt to formalize a 
general methodological framework for ecosystem services mapping and 
assessment and to standardize the choice of  methods, Grêt-Regamey 
et al. (2015) presented the “tiered approach”, partially based on the 
Ostrom (2007) framework. The tiered approach was adopted in the 
ESMERALDA project (Vihervaara et al., 2018) as a way to organize and 
define selection criteria for multiple methodologies. 

The tiered approach is a nested, multitier framework to identify 
which methodologies and variables are most appropriate for mapping 
ecosystem services within a given socio-ecological system, at a given 
spatial and temporal scale, and for a given assessment goal (Grêt-
Regamey et al., 2015, Grêt-Regamey et al., 2017). The ecosystem services 
tiered framework is organized around three tiers, with the complexity 
of  the methods and the level of  detail of  data inputs increasing with 
higher tier levels (Vihervaara et al., 2018). An essential first step within 
the tiered approach is the identification of  the assessment goal and 
the socio-ecological system component: ecosystems, Service Providing 
Areas (Walz et al., 2017), ecosystem services, and beneficiaries. 

As described by Grêt-Regamey et al. (2017) and Vihervaara et al. (2018), 
in very general terms, methods included within tier 1 are appropriate 
for a basic overview at national or regional scales. If  more detailed 
information is available at the regional level and if  there is a need to 
prioritize areas in terms of  their ecosystem service supply, tier 2 may be 
more adequate. Finally, tier 3 is required when there is a need to address 
the impact of  management decisions on ecosystem services flows at 
sub-national and local scales.
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3. HYPOTHESIS AND AIMS OF THE STUDY

The research presented in this thesis aims to develop a multi-tier 
methodology targeted at assessing the supply of  ecosystem services by 
semi-natural grasslands in Estonia, addressing different spatial scales 
and methodological complexities. To study ecosystem services supplied 
by semi-natural grasslands in Estonia, this study addressed the following 
detailed objectives:

• Map and assess the supply of  13 ecosystem services by cultivated, 
permanent, and semi-natural grasslands in Estonia using a qualitative 
matrix approach and to detect synergies and tradeoffs between 
ecosystem services. 

Hypothesis 1: Management intensity drives the spatial distribution 
of ecosystem services supply, bundles, synergies, and tradeoffs in 
grasslands. 

• (a) Test the validity of  soil organic carbon and plant species richness 
as surrogate indicators for five ecosystem services: pollination, herbs 
for traditional medicinal use, nutrient cycling, nutrient retention, 
and biomass production; and (b) assess the spatial distribution of  
ecosystem services supplied by semi-natural grasslands in Estonia 
using an ecosystem services hotspots map (III).

Hypothesis 2: Plant species diversity and SOC underpin the 
supply of other ecosystem services and partially determine the 
spatial distribution of ecosystem services hotspots. Simultaneously, 
grassland abandonment leads to a decrease in plant species diversity.   

• Map Service Providing Areas (SPAs) in Boreal Baltic coastal meadows 
through the spatial assessment of  the extent and configuration of  
plant communities using UAVs and multispectral data and comparing 
unsupervised classification and machine learning approaches to 
undertake this (IV-V).

Hypothesis 3: UAVs and multispectral imagery can be used to 
derive very-high-spatial-resolution and high-accuracy maps of plant 
communities in coastal meadows. Grass sward characteristics, 
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such as biomass and species richness, affect the spectral diversity of 
training samples and, therefore, influence the classification accuracy 
of the resulting maps. 

• (a) Map the supply of  above-ground biomass in Boreal Baltic coastal 
meadows using UAVs. (b) Assess the effects of  the management 
regime on coastal meadows’ sward structure (V). 

Hypothesis 4: UAVs and multispectral imagery combined with 
digital aerial photogrammetry can be used to map the supply of 
above-ground biomass sward structure in coastal meadows at a very 
high spatial resolution and high accuracy. Sward structure is driven 
by management history and the current management regime.

• Develop the statistical foundation for an ecosystem services 
monitoring network. 

Hypothesis 5:  The environmental variability of Estonia can 
be stratified into relatively homogeneous units by clustering a 
set of climatic and geomorphological variables. The resulting 
environmental stratification provides the statistical framework for 
a robust ecosystem services monitoring network. 
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4. METHODOLOGY

4.1. The tiered approach

To ensure methodological flexibility in a multi-scale context, the 
methods are structured following a tiered approach. Moreover, a nested 
combination of  tools and methods helps describe socio-ecological 
systems and provides the adaptability required to meet a wide range of  
knowledge needs. In the multi-tier framework presented in this study, 
each tier entails an increase in methodological complexity and data 
needs. In addition, each tier considers a different spatial scale and Service 
Providing Unit. Tiers also address different knowledge demands, from 
policy questions to grassland management and empirical questions. A 
thorough description of  the tiered framework is provided in Figure 1.  

Figure 1. Conceptual framework of  the tiered approach presented in this thesis. Each 
tier is described in terms of  methods used, data inputs needed, geographical scope 
considered, Service Providing Unit, and knowledge demand. 

4.2. Study areas

The study was carried out at three consecutive spatial scales, each 
corresponding to a different tier. Tier I addresses the Baltic States 
(Estonia, Latvia, and Lithuania) (II). Tier II focuses on Estonia (III), 
while Tier III is aimed at nine coastal meadow sites in Silma Natura 
Reserve and Vormsi Island in West Estonia (IV, V). Estonia is situated 
on the border between the Boreal and Nemoral zones (Metzger et al., 
2005), covering a territory of  45,228 km2, and is characterized by highly 
diverse geology, morphology, and climate (Arold et al., 2005). Despite 
the occurrence of  land marginalization and depopulation in the Baltic 
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States, and subsequent decreases in semi-natural grasslands area, Estonia 
still exhibits a great variety of  semi-natural habitats. Ten semi-natural 
grassland habitats can be found in Estonia, according to the Annex I 
Habitats Directive Classification. Among these, Boreal Baltic coastal 
meadows occur in sheltered sections of  the Baltic coastline, such as bays 
and estuaries. Coastal meadows have been identified as sensitive to the 
impacts of  global change in the form of  increased rates of  abandonment 
combined with increased sea level, sea temperatures, and storm surges 
(Ward et al., 2016).

4.3. Tier I

4.3.1 A unified Baltic grasslands map

To map and assess the supply of  ecosystem services in cultivated, 
permanent, and semi-natural grasslands across the three Baltic States, a 
unified cartographical base was required. The transnational scale of  Tier 
I poses a challenge in terms of  data availability. While national land use/
land cover (LULC) datasets differ considerably in terms of  thematic 
scales, European datasets such as CORINE land cover (Soukup et al., 
2016) provide too coarse thematic and spatial scales.

To address these challenges and define a common classification of  
grassland types, a transnational basemap was created. The interaction 
between natural capital attributes and human input in the form of  
management defines the potential supply of  ecosystem services 
by grasslands (Smith et al., 2017). These notions constitute the 
methodological foundation of  the Tier I basemap, which was constructed 
based on the combination of  two abiotic variables and the management 
regime of  the grasslands (II):

	Land quality: Land quality is used in the Baltic States as an 
integrative evaluation of  soil fertility that encompasses several 
components, including stoniness, topography, and soil texture, 
among others. Soil quality is a parameter included in Estonian, 
Latvian, and Lithuanian soil maps (Figure 2) and is expressed on a 
scale between 0 and 100 points per hectare. For the construction 
of  the transnational grasslands map, soil quality was divided into 
four classes, as follows:

o 0 – 25 points (low-quality soils)
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o 26 – 50 points (medium-quality soils)
o > 50 points (high-quality soils)
o Hydromorphic soils

	Slope: Slope is related to the potential soil’s erodibility and water 
retention capacity. This, in turn, impacts grasslands’ potential to 
supply ecosystem services. The slope layers were modeled from 
raster Digital Terrain Models (DTMs) and divided into three 
categories based on expert consensus:

o Flat surface (0° - 4°)
o Gentle slope (5° - 10°)
o Steep slope (> 10°) 

	Grassland management regime: Management intensity has been 
highlighted as one of  the main driving factors in the supply of  
ecosystem services in grasslands. The analysis considered three 
levels of  management: 

o Cultivated grassland: Seeded and ploughed, and less than 
five years of  age. Usually fertilized and cut several times 
per season.

o Permanent grassland: Plots used to grow grasses for 
longer than five consecutive years. Rarely seeded. 

o Semi-natural grassland: Very high biodiversity grasslands 
resulting from decades of  low-intensity management. 

The information about the grassland management regime in Estonia, 
Latvia, and Lithuania was extracted from the Land Parcel Identification 
System (LPIS) of  the National Integrated Administration and Control 
Systems (IACS). Simultaneously, the LPIS provided the basic unit for 
analysis, referred to as the Service Providing Unit (SPU). In the case of  
Estonia, additional information about location and type of  semi-natural 
grasslands was extracted from the Estonian Semi-Natural Community 
Conservation Association (ESCCA) database.

The layers listed above were combined in a GIS environment through 
map algebra operations, resulting in 30 grassland classes (Figure 2).   
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Figure 2. Workflow for the creation of  the grasslands basemap in Tier I. 

4.3.2 Ecosystem services capacity matrix

An ecosystem services capacity matrix is a look-up table that links LULC 
to the potential supply of  ecosystem services (Burkhard et al., 2009, 
Campagne et al., 2018). Within Tier I, an ecosystem capacity matrix 
was used to assess the potential supply of  five provisioning ecosystem 
services and eight regulation and maintenance ecosystem services (II). 
The capacity matrix consisted of  30 grassland classes extracted from 
the Baltic grasslands basemap and arranged as rows, with the selected 
ecosystem services arranged as columns (see Figure 5 in the results 
section).  

The valuation exercise was set up as a three-step process. In the first 
step, five experts per country (Estonia, Latvia, and Lithuania) selected a 
set of  five provisioning and eight regulating and maintenance ecosystem 
services provided by grasslands based on recent literature on the topic (see 
the section review of the literature) and an expert deliberation process. 
Additionally, one biophysical indicator per service was selected in order 
to develop a common understanding among the experts involved in the 
valuation process (see Table 1). In the second step, experts individually 
quantified the capacities of  different grasslands to potentially supply 
ecosystem services using a Likert scale ranging from 0 (no relevant supply 
of  the selected ES) to 5 (very high supply of  the selected ES). During 
the third step, several rounds of  Focus Group Discussions (FDGs) were 
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held to contrast answers, incorporate knowledge, and build consensus 
around the final set of  scores. Jacobs et al. (2015) previously suggested 
this iterative approach as an adequate technique for stabilizing scores. 
Although this approach is based on a consensus-building process, the 
size of  the expert panel is an important issue to consider. In individual 
scoring exercises, where the final scores are calculated as averages, 
Campagne et al. (2017) indicated that the standard deviation of  matrix 
scores stabilizes with panels of  15 members or larger.   

Table 1. The list of  ecosystem services under assessment in Tier I along with indicators 
used to provide a common understanding. Ecosystem services and their descriptions 
were selected following the CICES 4.3 classification. 

Ecosystem 
service

Indicator Short description/examples

Provisioning services
Cultivated crops Yield (t/ha per 

year)
Cereals, legumes, etc. (only in 
arable land).

Reared animals and 
their outputs

Number of  
livestock units 
(LU/ha)

Total animal production and 
derived meat and dairy products.

Fodder Dry weight of  
grass biomass

Grassland-derived food for cattle 
and other livestock.

Biomass-based 
energy sources

Dry weight of  
grass biomass

Grass used as solid fuel for 
heating generation.

Herbs for medicine Number of  species 
and abundance

Plant species traditionally used 
for the treatment of  disease or 
disease prevention.

Regulating services
Bio-remediation - Bio-chemical detoxification/

decomposition of  waste or 
pollutants by microorganisms 
and plants.

Filtration/storage/
accumulation 

Soil capacity to 
store/accumulate 
nutrients (Kg ha-1) 
*

Bio-physicochemical filtration/
sequestration/storage/
accumulation of  pollutants in 
soil.
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Ecosystem 
service

Indicator Short description/examples

Control of  (water) 
erosion rates

Amount of  soil 
retained (kg/ha per 
year)

Vegetation and soil protection 
against erosion and landslide. 
Protection against coastal and 
fluvial erosion.

Pollination and 
seed dispersal 

Diversity and 
occurrence 
of  insects – 
pollinators 
(number of  species 
and number of  
individuals/ha)

Pollinator populations supported 
by grasslands. 

Maintaining 
habitats

Number of  species 
per 1 m² (except 
invasive species)

Habitats for plant and animal 
nursery and reproduction.

Weathering 
processes/soil 
fertility

Nutrients available 
for plant uptake 
by most important 
soil texture classes

Maintenance of  bio-geochemical 
conditions of  soils including 
fertility, nutrient storage, or soil 
structure; includes biological, 
chemical, physical weathering, 
and pedogenesis

Chemical 
condition of  
freshwaters

Absorption of  
nutrients

Maintenance / buffering of  
the chemical composition 
of  the freshwater column 
and sediment to ensure 
favourable living conditions for 
biota, e.g., by denitrification, 
re-mobilisation/re-mineralisation 
of  phosphorous, etc.

Global climate 
regulation

Carbon 
sequestration 
and storage in 
vegetation and 
soils

Global climate regulation carbon 
sequestration by terrestrial 
ecosystems, water columns and 
sediments, and their biota
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4.3.3 Statistical analysis

To explore bundles between ecosystem services, the scores collected 
in the capacity matrix were subjected to a Principal Components 
Analysis (PCA) (II). According to Spake et al. (2017), bundles can be 
defined as spatial associations between ecosystem services, occurring 
when multiple services respond to the same driver or process. Bundle 
analysis allows for the understanding of  associations between ecosystem 
services across landscapes (Spake et al., 2017) and the unveiling of  
the effects of  management drivers on the supply patterns. Therefore, 
bundle analysis constitutes a suitable tool for evaluating the implications 
of  management decisions and policies. Within the PCA, each grassland 
plot represented an observation and each ecosystem service represented 
one variable. In the frame of  ecosystem services science, PCA has been 
used to process questionnaire-based data in a similar manner (Plieninger 
et al., 2013, Bidegain et al., 2019). In a very similar context, PCA has 
been used on qualitative matrix-based evaluations by Depellegrin et al. 
(2016), Nikolaidou et al. (2017), and Zhang et al. (2017), amongst others. 

4.4. Tier II

At Tier II, the geographical focus shifts from the Baltic States to Estonia 
(III). Similarly, the thematic scale moves towards four semi-natural 
grassland habitats: Northern boreal alluvial meadows (Annex I habitat 
code 6450), Boreal Baltic coastal meadows (Annex I habitat code 1630, 
Nordic alvars and Precambrian calcareous flatrocks (Annex I habitat 
code 6280), and Fennoscandian wooded meadows and pastures (6530 
and 9070, respectively, hereinafter referred to as wooded meadows). 
The supply of  ecosystem services is assessed using a proxy indicator 
approach.  

4.4.1 A semi-natural grasslands map

A unified geodatabase was built to provide a precise estimate of  the 
extent and location of  semi-natural grasslands in Estonia (III). Three 
spatial datasets were integrated into the geodatabase using map algebra 
operations in ArcGIS® 10.3:
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	Semi-Natural Habitats (SNH) on agricultural land (Estonian 
Environmental Board). The SNH incorporates all semi-natural 
grasslands eligible for agri-environmental subsidies within Pillar 
II of  the CAP.

	Estonian Semi-Natural Community Conservation Association 
(ESCCA). The ESCCA contains plant species composition data 
of  the sites included in the database. The dataset is updated 
yearly based on new field campaigns.  

	Estonian Fund for Nature (EFN). The EFN includes some of  
the Annex I semi-natural grasslands that occur in Estonia.

All three databases use the Annex I Habitat classification (Council 
Directive, 1992) as the basis for semi-natural grassland categorization. 
The unified grasslands database constituted the basis for mapping and 
assessing the ecosystem services supply carried in the subsequent steps. 
All grassland types with an extent greater than 10% of  the total area of  
semi-natural grasslands in Estonia were selected for analysis in Tier II. 

4.4.2 Plant species diversity and soil organic carbon as surrogate 
indicators for other ecosystem services

Plant species diversity was used as a proxy indicator for two ecosystem 
services: plants for medicinal use and pollination (III). The relationship 
between plant species diversity and pollinators was tested using data 
compiled from Díaz Forero (2011) and the State Monitoring Program 
of  Wildlife Diversity and Landscapes, subprogram on Pollinators 
Monitoring (Estonian Environment Agency). Plant species used for 
medicinal purposes were identified and selected from the ethnobotanical 
compilation by Kalle (2017). The relationship between medicinal plant 
species richness and overall plant species richness was tested using the 
ESCCA grassland plot data. All relationships were tested using Pearson 
product-moment correlations at the 0.05 level.

Soil organic carbon (SOC) is an essential component of  carbon storage 
and simultaneously impacts the supply of  some other ecosystem services. 
SOC was tested as a surrogate indicator for three additional ecosystem 
services: nutrient cycling, nutrient retention, and biomass production 
(III). Data on SOC obtained by Kõlli et al. (2007) was coupled with the 
soil classes contained in the Soil Map of  Estonia, therefore allowing for 
spatial analysis. Kõlli et al. (2007) sampled 82 grassland experimental 
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areas to obtain generalized SOC pools per soil type using the Tjurin 
method (Vorobyova, 1998). Microbial activity and total nitrogen (TN) 
were used as indicators for nutrient cycling and nutrient retention, 
respectively, and data was obtained from the State Monitoring Program 
of  Wildlife Diversity and Landscapes (Estonian Environment Agency). 
Data on biomass production was extracted from previous studies (Kull 
and Zobel, 1991, Saar, 1996, Sammul et al., 2006, Kupper, 2007, Truus 
and Puusild, 2009, Heinsoo et al., 2010, Sammul et al., 2011, Neuenkamp 
et al., 2013, Rehme, 2013, Melts, 2014). The relationships between SOC 
and all three ecosystem services were tested using Pearson product-
moment correlations at the 0.05 level (III).

4.4.3 Ecosystem services hotspots map

Following the definitions by Egoh et al. (2009), SOC and plant species 
diversity were classified into coldspots, range, and hotspots using a 
Jenks Natural Breaks algorithm implemented in ArcGIS® 10.3 (III). 
Minimum and maximum values for SOC and plant species diversity 
were regionalized using the strata from the ESE (I) to account for 
environmental heterogeneity. Spatial overlaps between SOC and plant 
species diversity hotspots were mapped as multiple ecosystem services 
hotspots and assessed in terms of  their eligibility for agri-environmental 
payments. 

4.4.4 Environmental factors and species distribution

A Canonical Correspondence Analysis (CCA) was used to unveil the 
effects of  SOC and a set of  environmental variables in the distribution 
of  semi-natural habitats and plant species (III). The presence/absence 
of  876 vascular plant species was extracted from the ESCCA database. 
Each grassland plot in the ESCCA database was subsequently used to 
extract the value from nine environmental raster grids: mean precipitation 
in July, mean precipitation in January, mean precipitation in October, 
mean sunshine in July, minimum temperature in January, minimum 
temperature in April, maximum temperature in October, and elevation. 
These variables were derived from the Environmental Stratification 
of  Estonia (ESE) (I). Additionally, the SOC values attributed in the 
previous step were extracted at each ESCCA grassland plot. CCA was 
performed in Canoco 5 (Ter Braak and Smilauer, 2012).   
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4.4.5 Effects of  grassland abandonment on species diversity

The effects of  the cessation of  management on semi-natural grassland 
plant species diversity were assessed by combining information about 
the management regime and plant species composition. For this 
purpose, the ESCCA and SNH databases were merged. Plant species 
diversity within each habitat type under study was compared between 
managed (mown or grazed) and abandoned grasslands in 830 grassland 
plots across Estonia using Student’s t-tests at the 0.05 level (III). Spatio-
temporal queries were built between both databases to extract the relevant 
information. The sampling year in the ESCCA database was linked to 
the last year of  claimed agri-environmental payments in overlapping 
SNH plots. Grasslands for which agri-environmental payments were 
never registered in the SNH, and grasslands where management was 
recorded 10 or more years ago, were considered abandoned. 

In addition, a Chi-Square test at the 0.05 level was used to explore the 
effects of  management cessation in protected and rare grassland plant 
species (III). The EU Habitats Directive (Annex II) (Council Directive, 
1992), protected species under the Estonian Nature Conservation Act, 
and the Red Data Book of  Estonia (Eesti Punane Raamat, 2008) were 
used to identify protected and rare species. Subsequently, the proportion 
of  plots in which these species occur was compared between managed 
and abandoned sites within each habitat type.  

4.5. Tier III

The analyses conducted for the Tier III level of  study were undertaken 
within nine coastal meadow sites in West Estonia: three sites in Silma 
Nature Reserve, two sites in Matsalu National Park, and four sites on 
Vormsi Island (see Figure 3) (IV, V). The sites were chosen because 
they represent a broad range of  management regimes and management 
history within Estonian coastal meadows. The vegetation communities 
under study in Tier III were categorized following the phytosociological 
classification developed by Burnside et al. (2007): reed swamp (RS), 
clubrush swamp (CS), lower shore meadow (LS), upper shore meadow 
(US), open pioneer (OP), tall grass (TG), and scrub and developing 
woodland (SW). For this study, CS and SW were excluded due to their 
marginal occurrence. 
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Figure 3. Location of  Tier III study sites. Plant community mapping was undertaken 
in Kudani (1), Tahu N (2), and Tahu S (3), whereas above-ground biomass analysis was 
undertaken in all nine sites, Matsalu 1 (4), Matsalu 2 (5), Rumpo W (6), Rumpo E (7), 
Hosby (8), and Rälby (9).

Tier III encompasses two distinct analyses utilizing UAV-based 
multispectral and rgb images. Firstly, plant communities were mapped in 
the three coastal meadow sites selected in Silma Nature Reserve: Tahu 
North, Tahu South, and Kudani (IV). In Tier III, plant communities 
are regarded as Service Providing Units (SPUs), understood as spatially 
explicit units within which ES are provided (Burkhard and Maes, 2017). 
Secondly, high spatial resolution maps of  standing above-ground 
biomass (AGB) were generated for all nine study sites (V). 

The mapping process was structured around six steps, from data 
collection to validation of  results.

4.5.1 Data collection

During July 2018 and 2019, a senseFly ebee UAV was used to collect 
multispectral images over all study sites at a flight height of  120 m 
and a resolution of  10 m per pixel. A parrot sequoia 1.2-megapixel 
monochromatic multi-spectral sensor was used to gather images in four 
spectral bands: green (530–570 nm), red (640–680 nm), red edge (730–
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740 nm), and near-infrared (770–810 nm) (IV). In addition, a senseFly 
S.O.D.A. sensor was used to collect photogrammetry rgb images. 
Photogrammetry flights were carried out at a height of  123 m with a 
resolution of  3.5 cm per pixel (V). 

After multispectral and photogrammetry flights were accomplished, 
field samples were collected following a stratified random approach. In 
total, 10 x 1 m2 quadrats per community type in Tahu N, Tahu S, and 
Kudani were used to record all plant species with a cover of  over 5%. 
In addition, biomass was collected in all sites using 30 x 30 cm sampling 
plots randomly placed within each vegetation plot. Biomass samples 
were dried at 80°C for 48 hours and weighed. Within each quadrat, 
X, Y, and Z coordinates were recorded using a Sokkia GSR2700 ISX 
dGPS. Following a similar approach, a validation dataset was compiled, 
consisting of  10 biomass quadrats per plant community type per site. Plant 
community type was also recorded at each additional biomass quadrat.  

4.5.2 Image processing and analysis

All multispectral and rgb images were processed in eMotion 3® using 
post-processed kinematic (PPK) corrections. Subsequently, all images 
were combined in Pix4D v.4.3.31®. One multispectral orthomosaic was 
produced per study site using the red, green, near-infrared, and red-edge 
images (IV). In addition, dense point clouds were generated from the 
rgb images combining the Structure from Motion algorithm and the 
Multi-View stereo photogrammetry (SfM-MVS) (Smith et al., 2015). 
CloudCompare was used to classify 3D points into ground and non-
ground classes using a Cloth Simulation Filtering (CSF) algorithm (Zhang 
et al., 2016). Ground point clouds were used to compute continuous 
Digital Terrain Models (DTMs) at each study site (V) with a resolution 
of  10 cm per pixel.   

4.5.3 Vegetation indices

Two sets of  vegetation indices were selected in this study to differentiate 
plant community type (IV) and generate very-high-spatial-resolution 
maps of  standing above-ground biomass (V) in coastal meadows. Table 
2 contains both sets of  indices and their corresponding formulas. All 
indices were computed in ArcGIS® 10.3.
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Table 2. List of  vegetation indices selected in the present study to map plant 
communities and standing above-ground biomass.

Target Vegetation index Equation Reference
Plant 
community 
+ AGB

Normalized 
Difference Vegetation 
Index (NDVI)

(NIR-R)/
(NIR+R)

Rouse et al. 
(1974)

Plant 
community 
+ AGB

Green Normalized 
Vegetation Index 
(GNDVI)

(NIR-G)/
(NIR+G)

Gitelson et al. 
(1996)

Plant 
community 
+ AGB

Green Ratio 
Vegetation Index 
(GRVI)

NIR/G Sripada et al. 
(2006)

Plant 
community 
+ AGB

Green Difference 
Index (GDI)

NIR-R+G Gianelle and 
Vescovo (2007)

Plant 
community 
+ AGB

Green Red Difference 
Index (GRDI)

(G-R)/(G+R) Gianelle and 
Vescovo (2007)

Plant 
community 
+ AGB

Red Edge Normalized 
Difference Vegetation 
Index (NDVIre)

(NIR-Rededge)/
(NIR+Rededge)

Gitelson and 
Merzlyak (1994)

Red Edge Simple Ratio 
(SRre)

NIR/Rededge Gitelson and 
Merzlyak (1994)

Plant 
community 
+ AGB

Red Edge Triangular 
Vegetation Index (core 
only) (RTVIcore)

100(NIR-
Rededge)-
10(NIR-G)

Kross et al. 
(2014)

MSRred edge (NIR/Rededge)-
1/√(NIR/
Rededge)+1

Wu et al. (2008)

Plant 
community 
+ AGB

Datt4 R/G*Rededge Datt (1998)

AGB Red Edge Simple Ratio 
(SRre)

NIR/Rededge Gitelson and 
Merzlyak (1994); 
Kross et al. 
(2015); Naidoo 
et al. (2019)
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Target Vegetation index Equation Reference
AGB Soil Adjusted 

Vegetation Index 
(SAVI)

[(NIR-R)/
(NIR+R+L)]
(1+L)
L (soil 
adjustment 
factor)=0.5

Huete (1988); 
Ullah et al. 
(2012)

AGB Modified Soil Adjusted 
Vegetation Index 
(MSAVI)

0.5[2NIR+2-] Qui et al. (1994); 
Jing et al. (2014)

AGB 2-band Enhanced 
Vegetation Index 
(EVI2)

2.5[(NIR-R)/
(NIR+2.4R+1)]

Jiang et al. 
(2008); Jing et al. 
(2014)

AGB Difference Vegetation 
Index (DVI)

NIR-αR
α=0.96916

Richardson and 
Everitt (1992); 
Maguigan et al. 
(2016)

Plant 
community

Green Difference 
Vegetation Index 
(GDVI)

NIR-G Sripada et al. 
(2006)

Plant 
community

Green Infrared 
Percentage Vegetation 
Index (GIPVI)

NIR/(NIR+G) Crippen (1990)

Plant 
community

Simple Ratio (SR) NIR/R Jordan (1969)

4.5.4 Supervised plant community classification and biomass 
prediction

Two variants of  the Random Forest (RF) machine learning classifier 
were used in Tier III. A random forest for categorical data classification 
was used to map plant communities in Tahu N, Tahu S, and Kudani 
(IV), whereas a Random Forest for continuous data regression was used 
to predict and map above-ground biomass in all nine study sites (V). 
For plant community classification, all pixels falling within each of  the 
vegetation sampling quadrats were assigned to the corresponding plant 
community identified in the field and utilized as the training dataset. 

�(2𝑁𝑁𝑁𝑁𝑁𝑁 + 1)� − 
8(𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑁𝑁)] 
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Vegetation indices listed in Table 2 were used as predictors (IV). For 
above-ground biomass prediction, all pixels falling within the biomass 
sampling quadrats were used as training data. A combination of  
vegetation indices (Table 2) and DTMs derived from SfM was used as 
predictors (V).  

4.5.5 Validation and accuracy assessment

A Fleiss-Kappa statistic was used to assess the classification accuracy of  
Random Forest for plant communities (IV). In addition, community-
specific classification accuracies were assessed using an out-of-bag 
(OOB) estimate of  error (IV). The high dimensionality of  this study 
required means to unravel the specific contributions of  each vegetation 
index to the overall classification performance. Mean Decrease in 
Accuracy (MDA) and Mean Decreased Gini (MDG) (Han et al., 2016) 
were analyzed across all RF trees computed in the analysis. While MDG 
estimates a variable’s ability to correctly split data in nodes across all trees, 
MDA estimates changes in overall mode accuracy when one variable is 
permuted (Rodriguez-Galiano et al., 2012).

To provide a deeper understanding of  the classification accuracies of  
different plant communities, a within-sample spectral heterogeneity 
analysis was undertaken. Within each training quadrat, spectral 
heterogeneity was estimated as the standard deviation (SD) of  the first 
principal component of  all individual spectral bands. Subsequently, 
Spearman’s rank-order correlations were used to identify significant 
relationships between spectral and species diversity (assessed using the 
Shannon index [H’] for species abundance) and aboveground biomass. A 
loess procedure was applied to visually assess trends in the relationships 
between variables. Both Spearman’s rank-order correlations and loess 
were implemented in R (IV). 

The accuracy of  RF biomass predictions was tested over nine study 
sites using the explained variance (R2) and the root mean square error 
(RMSE). Accuracy tests were reported using the validation dataset and 
a 95% confidence interval of  RMSE (V). Additionally, the prediction 
performance of  each explanatory variable was assessed using percent 
increase in Mean Squared Error (MSE) (Breiman, 2001, Mutanga et al., 
2012). The percent increase in MSE represents the increase in the Out-
of-Bag error (OOB) when one variable is permuted (Mutanga et al., 
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2012). This estimate of  accuracy shows the degradation of  the model 
predictive performance when one variable is permuted.

4.5.6 Management history, type, and grassland structure

To unveil the effects of  management type and intensity on grassland 
structure, the biomass prediction analysis was complemented with 
information about management history within each study site (V). 
Management history information (Table 3) was gathered through 
interviews with landowners (Kudani was excluded due to a lack of  
management information), who provided a detailed description of  the 
following management parameters:

- Duration of  continuous management after management was 
re-instated or grassland was restored

- Grazing load (Animal Units (AU)/ha) during the previous two 
years

- Herbivore species present in the grassland throughout the entire 
management history (cattle, sheep, horses, or mixed)

- Herbivore species present during the last two years of  
management (cattle, sheep, or horses)

Table 3. Parameters describing management at each study site. 

Site Duration of  
management

AU/ha 
(during the 
last two 
years)

Herbivore 
species 
(management 
history)

Herbivore 
species (last 
two years)

Tahu N 9 1 Cattle Cattle
Tahu S 9 1 Cattle Cattle
Matsalu 1 39 0.8 Cattle Cattle
Matsalu 2 39 0.72 Cattle Cattle
Rumpo W 19 0.55 Mixed Cattle
Rumpo E 15 1 Mixed Cattle
Hosby 15 0.38 Mixed Horses
Rälby 15 1.13 Mixed Cattle

To assess grassland sward structure (as defined by Laca and Lemaire, 
2000), each above-ground biomass map was clustered into discrete units 
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using a Mean-Shift segmentation algorithm (Comaniciu and Meer, 2002) 
in QGIS (V). Following a Mean-Shift image segmentation process, 
adjacent pixels with similar values are grouped together by iteratively 
associating each pixel with a peak of  the image probability density 
(Zhou and Schaefer, 2011). Mean-Shift segmentation is an unsupervised 
technique and does not require a pre-established number of  output 
clusters. In the resulting clustered AGB maps, each discrete cluster 
represents a sward unit, which is homogeneous in terms of  distribution 
and arrangement of  biomass. 

The grassland sward clusters were further assessed using five landscape 
indices calculated in the landscapemetrics package in R (Hesselbarth et 
al., 2019) (Table 4). Each cluster map was subsampled using 15 randomly 
located circular plots, each with a 50m diameter; landscape metrics were 
calculated within each subsample (V). 

Table 4. Landscape indices used to describe the grassland structure at each study site.

Landscape index Description
Patch average area 
(area_mn)

Mean area of  all patches in the landscape under 
assessment.

Patch density (pd) Number of  patches per area unit. Describes landscape 
fragmentation and heterogeneity.

Edge density (ed) Length of  all edges in the landscape per area unit. 
Describes landscape fragmentation and heterogeneity.

Landscape shape 
index (lsi)

Ratio between total edge length and the hypothetical 
minimum edge length. LSI is a landscape aggregation 
metric.

Largest patch index 
(lpi)

Percentage of  the landscape covered by the largest 
patch within the landscape under assessment.

Subsequently, a Generalized Linear Model (GLM) with gaussian 
distribution was applied to assess the effects of  management on 
grassland sward structure. The choice of  the model followed the criteria 
of  minimizing the Akaike’s information criterion (AIC). Years of  
management, grazing load, and herbivore species (both past and present) 
were included as explanatory variables, while all five landscape indices 
were included as response variables. Two-way interaction functions were 
also included. Mann-Whitney U tests were used to compare the mean 
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values of  landscape indices between grasslands with different herbivore 
species.

4.6. An ecosystem services monitoring strategy: The 
Environmental Stratification of  Estonia (I)

The methods used at Tier III provide a highly detailed assessment of  
ecosystem structure and ecosystem services supply at the local scale (IV, 
V). UAV-based surveys combined with field surveys generate detailed 
and accurate data; however, upscaling to the national level remains a 
challenge. Norton et al. (2018) proposed an approach that utilizes the 
UK Countryside Survey landscape monitoring network in combination 
with remotely sensed data to produce national estimates of  natural 
capital assets. This type of  approach requires a robust basis for effective 
sampling, usually some form of  stratification of  the landscape into 
homogeneous units (Bunce et al., 1996, Metzger et al., 2005, Bakkestuen 
et al., 2008).    

This section presents the methods followed to construct the 
Environmental Stratification of  Estonia (ESE) (I). The ESE constitutes 
the basis of  a useable landscape and ecosystem services monitoring 
network that would allow for upscaling Tier III assessments to national 
estimates. The ESE is a set of  homogeneous environmental strata that 
provides the statistical framework for the selection of  monitoring sites. 

4.6.1 Variables selection

A set of  climatic and geomorphological variables was selected based 
on the conceptual model described by Klijn and de Haes (1994), Bunce 
et al. (1996), and Metzger et al. (2005). Sixteen climate variables were 
interpolated from 26 Estonian meteorological stations covering the 
period between 1971 and 2000 (I). The E-OBS data set (Haylock et al., 
2008) was used to provide additional data from weather stations located 
near the border in Finland, Russia, and Latvia. The climate averages from 
meteorological stations were interpolated into continuous 1 x 1 km raster 
grids using the spline function in ArcGIS 10.1. Subsequently, a PCA was 
used to subset the climate variables with the highest explanatory power 
and avoid data redundancy and autocorrelations (I) (Figure 4). The first 
four components were selected (90% of  variance explained) and the two 
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variables with the highest positive and negative loadings were selected 
from each component. 

Geomorphological information was included in the analysis as a DTM 
derived from the Estonian LiDAR database. Mean elevation was 
calculated within each 1 x 1 km climate raster cell (Figure 4). 

Figure 4. Selected climate variables and elevation used as input data in the ISODATA 
clustering algorithm.

4.6.2. Clustering data into environmental strata

The eight selected variables were standardized to zero mean and unit 
standard deviation and subjected to an ISODATA clustering algorithm in 
ArcGIS 10.1 (I). This clustering routine has been used in similar studies 
(Metzger et al., 2005). ISODATA iteratively assigns each raster cell to the 
closest cluster in the multidimensional space using minimum Euclidean 
distances. Through the clustering process, the overall environmental 
variation is reduced into groups with a similar variation around a mean. 
In ISODATA, the number of  clusters must be pre-defined. Eight 
clusters were selected as representative of  the environmental variation 

 



47

of  Estonia, reflecting both the well-known East-West division (Lippmaa, 
1935) and the most characteristic geomorphological units.

4.6.3 Validation

The reliability of  the ESE was assessed by comparing the resulting 
clusters with the Landscape Regions of  Estonia developed by Arold 
(2005). The fuzzy kappa statistic (Hagen, 2003) in Map Comparison 
Kit v 3.0 was used to assess the agreement between the ESE and the 
Landscape Regions of  Estonia (I). 

Following the hierarchical framework described by Klijn and de Haes 
(1994), correlations exist between lower hierarchy components such as 
plant species distribution and parameters at a higher level (e.g., climate 
and geomorphology). To validate this, Pearson’s correlations were 
calculated between the ESE and five environmental datasets representing 
soil characteristics, plant species distributions, and land cover (I) (Table 
5). The average of  the first component scores of  the ESE variables 
within each stratum was used in the correlation. Likewise, other variables 
required a transformation before being used in the regression (Table 5).   

Table 5 Datasets selected for the validation of  the ESE using correlations (a) and 
comparisons (b). Nominal and binary variables were transformed before being used 
in the correlation analysis. Topsoil organic carbon and cover management factor 
were supplied as continuous raster datasets. The 26 species were selected as being 
representative of  the Estonian flora and were recorded from the 6’ x 9’ grid used in the 
Atlas of  the Estonian Flora. 

(a)
Dataset Data 

scale
Reference Transformation

Cover 
Management 
factor

ratio Panagos et al. 
(2015)

No transformation needed

Distribution of  
26 species

binary Kukk and 
Kull (2005)

CCA first-axis scores for each 
Estonian Flora Atlas grid 
square. The mean CCA scores 
within each stratum were 
calculated.
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European Soil 
Database soil 
types

nominal European 
Commission 
(2004)

Percentage of  each soil class 
within each stratum. The first 
principal component of  the 
soil class percentages was then 
extracted.

CORINE 
Land Cover

nominal EEA (2000) Percentage of  each CORINE 
class within each stratum. The 
first principal component of  
the land cover percentages was 
then extracted. 

ESBN organic 
carbon in 
topsoil

ratio Jones et al. 
(2004)

No transformation needed

(b)
Dataset Data 

scale
Reference Fuzzy Kappa

Landscape 
Regions of  
Estonia

nominal Arold (2005) 0.415

4.6.4 A sampling strategy for ecosystem services monitoring

Once the stratification has been created, it can be used to sample any 
target population. Following a stratified random sampling design, each 
specific habitat or population is sampled in relation to its extent. This 
section illustrates how to expand the local scale assessments in Tier III 
into national-level estimates of  ecosystem condition and ecosystem 
services supply. 

The first step in the design of  the sampling strategy was the definition 
of  the target population, in this case, Boreal Baltic coastal meadows. 
Subsequently, a coastal meadows mask was extracted from the Tier II 
semi-natural grasslands map and intersected with a 1 x 1 km grid. Grid 
squares that intersected coastal meadows were selected for analysis and 
the area of  coastal meadows within each selected square was calculated. 
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For any required coefficient of  variation (Vmax), the following equation 
is used to establish the minimum number of  sampling units (de Gruijter 
et al., 2006):

Where:

nreq = Required minimum sample size

Vmax = Maximum sampling variance of  the total area under assessment. 
This parameter is calculated by multiplying the required coefficient 
of  variation by the total area of  the population being sampled and 
subsequently squaring the result. The coefficient of  variation is defined 
as a quality constraint. In this example, it was set as 0.1.

Nh = The total number of  sampling squares in stratum h.

Sh = Spatial standard deviation of  y among sampling squares belonging 
to stratum h.

𝑛𝑛��� =
1

𝑉𝑉���
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5. RESULTS

5.1. Tier I

5.1.1 Ecosystem services capacity matrix and grasslands map

The three-step expert-based valuation process resulted in a grassland 
ecosystem services capacity matrix in which the 30 grassland classes 
under assessment are represented in rows and the 13 ecosystem 
services are represented in columns (Figure 5). Each score given at the 
intersection of  a grassland class with an ecosystem service is the result 
of  a consensus among all experts involved in the assessment (II).

Figure 5. Sample of  the expert-based capacity matrix. The table includes grassland 
classes 21 to 30, corresponding to semi-natural grasslands. The original table contains 
30 grassland classes, including cultivated, permanent and semi-natural.  
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Figure 6. Potential supply of  pollination and seed dispersal by grasslands in the Baltic 
States. Thirteen maps of  the potential supply of  ecosystem services by cultivated, 
permanent, and semi-natural grasslands were produced in Tier I. Potential supply is 
expressed in a qualitative scale from 0 (no relevant supply) to 5 (maximum supply).
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The scores for the potential supply of  ecosystem services collected in 
the capacity matrix were linked to the Tier I grassland basemap, resulting 
in 13 maps representing the potential supply of  grassland ecosystem 
services in the Baltic States (Figure 6 shows the potential supply of  
pollination and seed dispersal by grasslands in the Baltic States obtained 
in Tier I). 

5.1.2 Ecosystem services bundles

The results of  the PCA undertaken using the matrix scores over the 
three Baltic States unveiled the management-driven spatial associations 
between ecosystem services. The first three components explained 
90.53% of  the total variance and represented three distinct bundles, as 
described below and detailed further in Table 6 (II):

> First component (48.18% of  variance explained): The first component 
encompasses two bundles, namely, the Habitats Bundle (including 
herbs for medicine, maintaining habitats, global climate regulation, 
and pollination and seed dispersal) and the Production Bundle (reared 
animals and their outputs, fodder, and biomass for energy sources) 
(see Table 1 in the methods section for definitions). While the Habitats 
Bundle is positively correlated with the first component, the Production 
Bundle is negatively correlated; therefore, it represents a trade-off  
between ecosystem services characteristic of  intensified grasslands and 
ecosystem services related to semi-natural grasslands. 

> Second component (28.1% of  variance explained): The second 
component was positively correlated with three ecosystem services, 
namely, filtration/storage/accumulation by ecosystems, bio-remediation 
by micro-organisms, and chemical condition of fresh waters (see Table 1 
in the methods section for definitions).

> Third component (14.25% of  variance explained): The third 
component was positively correlated with control of erosion rates and 
weathering processes/soil fertility (see Table 1 in the methods section 
for definitions).

Both the second and third components form the Soils Bundle. 
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The positive and negative factor loadings within each component (Table 
6) reveal how bundles of  ecosystem services correspond with synergies 
and trade-offs (according to the definitions by Mouchet et al., 2014, and 
Spake et al., 2017). 

Table 6. Correlation between individual ecosystem services and the three first 
components shown by the factor loadings. Ecosystem services with a factor loading 
higher than 0.5 were retained in bundles. 

Bundle Ecosystem Services 1st  
Compo-
nent

2nd  
Compo-
nent

3rd  
Compo-
nent

Provisioning 
Bundle

Reared animals and 
their outputs

-0.958  

Fodder -0.807   
Biomass-based energy 
sources

-0.808   

Habitats 
Bundle

Herbs for medicine 0.921   
Pollination and seed 
dispersal

0.846  

Maintaining habitats 
for plant and 
animal nursery and 
reproduction

0.953   

Global climate 
regulation

0.726   

Soils Bundle Bio-remediation by 
micro-organisms, 
plants, and animals

 0.839  

Filtration/storage/
accumulation by 
ecosystems

 0.845  

Chemical condition 
of  freshwaters

 0.766  

Control of  (water) 
erosion rates

  0.608

Weathering 
processes/soil fertility

  0.902
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Figure 7. Bundles of  ecosystem services provided by grasslands in Lääne County. 

To further communicate and incorporate the concept of  ecosystem 
service bundles into decision-making processes, it is necessary to 
delineate the spatial nature of  these ecosystem service associations. A 
grassland plot was mapped as belonging to a certain bundle when all 
bundled ecosystem services within that grassland scored above average 
(2.5) (Figure 7). The Production Bundle encompasses all cultivated 
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grasslands types and permanent grasslands in plain or gentle slopes and 
fertile soils. The Habitats Bundle largely corresponds with less productive 
systems, including permanent grasslands with low soil fertility and all 
semi-natural grasslands. All grasslands in medium- and high-fertility 
soils, as well as organic soils, form the Soils Bundle. Ecosystem service 
bundles unveiled in this study are not mutually exclusive and, therefore, 
overlaps occur. According to Gos and Lavorel (2012), these overlaps 
indicate the presence of  ecosystem services hotspots. 

5.1.3 Practical applications

The results obtained in Tier I were streamlined into a variety of  planning 
processes via the project “Integrated planning tool to ensure viability 
of  grasslands – LIFE Viva Grass” (LIFE13 ENV/LT/000189) (II). 
LIFE Viva Grass was conceived of  as an instrument to “support the 
maintenance of  biodiversity and ES provided by grasslands, through 
encouraging ecosystem-based planning and economically viable 
grassland management”. Within the project, an Integrated Planning Tool 
was developed with the aim of  visualizing grassland ecosystem services 
potential supply in an interactive online GIS environment. 

The GIS datasets generated in Tier I were tested as a guiding instrument 
for local and regional planners in the implementation of  the Green 
Network in the Saaremaa municipality (Estonia). Similarly, the datasets 
were used to prioritize sites for landscape maintenance or restoration 
as part of  landscape management planning processes in the LIFE Viva 
Grass Latvian case study areas. 

5.2. Tier II

5.2.1 Plant species diversity and soil organic carbon as surrogate 
indicators for other ecosystem services

All correlations between plant species richness and pollinator species 
richness and abundance were significant and positive (Table 7). Among 
different pollinator groups, wasps, bees, and hoverflies species richness 
was most strongly correlated with flowering plant species richness. 
Moderate to strong correlations were also found between SOC and 
aboveground biomass, TN, and microbial activity (Table 7) (III).
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Table 7. Pearson’s correlation coefficients between proxy indicators (plant species 
richness and SOC) and different ecosystem services indicators. 

Variables r p-value

Plant species richness & wasps, bees, & 
hoverflies richness

0.712 <0.0001

Plant species richness & wasps, bees, & 
hoverflies abundance

0.559 <0.01

Plant species richness & bumblebees richness 0.620 <0.01

Plant species richness & bumblebees 
abundance 

0.644 <0.001

Plant species richness & herbs for medicine 0.87 <0.0001

Soil organic carbon & biomass production 0.45 <0.01

Soil organic carbon & nitrogen (%) 0.99 <0.0001

Soil organic carbon & microbial activity 0.96 <0.0001

5.2.2 Ecosystem services hotspots map

Figure 8 shows the distribution of  SOC and plant species diversity 
hotspots in semi-natural grasslands across Estonia. Area calculations 
revealed that a high proportion of  alvars fall within range and hotspot 
values for plant species diversity (47% and 40%, respectively). The 
highest proportion of  plant species diversity coldspots was found in 
alluvial meadows. With respect to SOC, alluvial meadows and wooded 
meadows were found to account for most of  the SOC hotspots (43.1% 
and 43.6%) (III). 

Figure 9 shows the spatial distribution of  SOC and plant species diversity 
coldspots, ranges, and hotspots used to generate the multiple ecosystem 
services hotspots map (Figure 10). The cross-tabulation between hotspots 
and grasslands eligible for agri-environmental payments revealed that 
only 50% of  mapped alvar hotspots are eligible for agri-environmental 
support; the amount is less than 50% in the case of  northern boreal 
alluvial meadows (Table 8). It is interesting to note that wooded meadows 
and pastures encompass the largest share of  ecosystem services hotspots 
although they account for only approximately 10% of  the semi-natural 
grassland area in Estonia.
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Figure 8. Percentage of  SOC and plant species diversity (SD) coldspots, ranges, and hotspots within each 
grassland type. 6530/9070: Fennoscandian wooded meadows/pastures, 6280: Nordic Alvars and precambrian 
calcareous flatrocks, 1630: Boreal Baltic coastal meadows, 6450: Northern boreal alluvial meadows.

Figure 9. Coldspot, range, and hotspot values for SOC (a) and plant species diversity (b) in semi-natural 
meadows in Matsalu Bay (West Estonia). The spatial coincidence of  SOC and species diversity hotspots 
constitutes multiple ecosystem services hotspots. 
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Table 8. Total area of  hotspots not eligible for agri-environmental support and total 
area of  hotspots per grassland type.

Habitat
Total 
hotspot 
area (ha)

Area without agri-
environmental 
support (ha)

Area without 
support (% of  
total hotspot area)

Boreal Baltic 
coastal meadows

101 26 25%

Nordic alvars 398 198 50%
Northern boreal 
alluvial meadow

594 316 53%

Wooded 
meadows and 
pastures

816 317 39%

Total 1909 857 45%

5.2.3 Distribution of  species along environmental gradients

Species occurrence, grassland type, and the nine selected environmental 
variables show associations, as highlighted by the CCA (Figure 11 and 
Table 9). Axis 1 (47.37% of  the variation in the data) was significantly 
correlated with average precipitation in July, average sunshine in July, 
minimum temperature in January, minimum temperature in April, 
maximum temperature in October, elevation, and SOC, whereas axis 
2 (17.41% of  the variation in the data) was significantly correlated with 
average precipitation in January and average precipitation in October. 

Figure 10. Spatial distribution of  ecosystem services hotspots in semi-natural grasslands in Estonia. 
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The clusters of  species along environmental gradients correspond with 
the grasslands under study. For instance, species occurring in shallow 
soils (corresponding to alvar grasslands and coastal meadows) are 
grouped in two distinct clusters, whereas species associated with deeper 
soils and higher elevations are likewise divided into two clusters (alluvial 
meadows and wooded meadows/pastures). 

Figure 11. CCA ordination plot of  the 90 most common plant species in the habitats 
under study and environmental vectors. The dashed lines indicate the habitats under 
study and group the most common species within each grassland type. 

Table 9. Pearson correlation coefficients for all environmental variables, axis 
eigenvalues, the cumulative percentage of  axis explanation, and the pseudo canonical 
correlation of  the axes for the canonical correspondence analysis in Figure 10. 

Variables Axis 1 Axis 2
SOC 0.6062*** -0.2771***
Average precipitation July 0.5472*** 0.055***
Elevation 0.481*** -0.1678***
Maximum temperature October -0.7343*** 0.0073
Minimum temperature April -0.3184*** 0.2277***
Minimum temperature January -0.7293*** 0.0951
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Variables Axis 1 Axis 2
Average precipitation January 0.061 -0.2033***
Average precipitation October -0.3021*** -0.3103***
Sunshine July -0.7008*** 0.0461
Pseudo canonical correlation 0.8561 0.6166
Eigenvalues 0.3196 0.1174
Cumulative percentage 47.37 64.78

5.2.4 Effects of  grassland abandonment on species diversity

Abandonment resulted in a significant decrease in species diversity in 
three of  the four grassland types under assessment (Table 10). However, 
alvar grasslands did not show a significant change in species diversity 
after management cessation (p=0.083). Regarding rare and protected 
species (Figure 12), only northern boreal alluvial meadows exhibited 
lower species occurrence after abandonment (p<0.05). 

Table 10. Student’s t-test results for the differences between the average number of  
plant species in managed grasslands and abandoned grasslands for all habitats, where 
N is the number of  abandoned and managed sample grasslands. The significance level 
was set at p<0.05.

Grassland type N p-value
Mean number of  species
Abandoned Managed

Boreal Baltic coastal 
meadows

28/33 <0.05 29.64 46.24

Nordic alvar and 
precambrian calcareous 
flatrock

92/92 0.083 43.67 48.66

Northern boreal 
alluvial meadows

136/136 <0.0001 27.5 38.7

Fennoscandian wooded 
meadows/pastures

150/163 <0.0001 31 45
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Figure 12.  Percentage of  grasslands with and without rare and protected plant species 
in managed and abandoned sites. 6530/9070: Fennoscandian wooded meadows/
pastures, 6280: Nordic alvars and Precambrian calcareous flatrocks, 1630: Boreal Baltic 
coastal meadows, 6450: Northern boreal alluvial meadows. *=p < 0.05.

5.3. Tier III

5.3.1 Plant communities map

Figure 13 shows the high-resolution plant community maps obtained 
using the RF algorithm for three coastal meadow sites. All sites were 
simultaneously classified and Fleiss kappa reported an overall accuracy 
of  0.89. In addition to the overall accuracy estimate, an OOB was used 
to assess RF prediction error per community type (Table 11). The best 
classification accuracies were obtained for OP and LS, with an OOB 
of  0.2% and 2%, respectively, whereas RS and TG showed the highest 
errors (13% and 18%).    
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Figure 13. Location and extent of  plant communities classified using an RF algorithm 
with vegetation indices in Kudani (a), Tahu N (b), and Tahu S (c). 

Table 11. OOB estimate of  classification error per community type using an RF 
classifier.

Community Class error
Reed Swamp (RS) 13%
Lower Shore (LS) 2%
Upper Shore (US) 10%
Open Pioneer (OP) 0.2%
Tall Grass (TG) 18%

The contribution of  each predictor variable to the RF classification 
performance was assessed using the Mean Decreased Accuracy 
(MDA) and Mean Decreased Gini (MDG) tests (Figure 14). Among all 
vegetation indices, GDI, DATT4, and GRDI scored highest for MDG, 
indicating a high contribution to the algorithm performance. According 
to the MDA, the GRDI, GDI, and NDVIre entail the highest prediction 
accuracy, with values of  95%, 65%, and 63%, respectively. NDVI and 
SR make the lowest contributions to the overall prediction accuracy 
(52% and 50%, respectively). 

The spectral diversity analysis yielded significant (p <0.01) positive 
correlations between species diversity, biomass, and spectral diversity 
within all training samples. Correlations were higher for biomass 
(Spearman’s rho=0.67) than for Shannon’s index (Spearman’s rho 
= 0.21). The loess fitted curves highlighted the higher sensitivity of  
spectral diversity to biomass compared to species diversity (Figure 15). 
The spectral-species diversity relationship is non-linear, with an initial 
positive trend that turns slightly negative after the highest values of  
species diversity are reached.   
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Figure 15. The fitted loess smoothing non-linear regression curves show the 
relationships between above-ground biomass (a) and Shannon’s index (b) spectral 
diversity.  

5.3.2 Above-ground biomass prediction maps

Figure 16 displays high-resolution above-ground biomass maps modeled 
for nine coastal meadow study sites. Both RMSE and R2 revealed high 
prediction accuracies for the RF algorithm at all nine study sites (Table 
12). Moreover, the inclusion of  microtopography DTMs as an additional 
explanatory variable improved the prediction accuracies at all sites except 
Tahu N. DTM could not be computed for Rälby due to a failed flight. 
The accuracy of  SfM-derived DTMs was tested through a comparison 
of  DTM height values with elevation values recorded with dGPS within 
each quadrat. The resulting accuracies range from an RMSE value of  5 
cm for Tahu N to an RMSE value of  18 cm for Hosby.   

 

Figure 14. Input variables ranked according to their importance in the classification process. Variable 
importance was assessed using Mean Decreased Accuracy (MDA) and Mean Decreased Gini (MDG).  
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Figure 16. Above-ground biomass predicted using an RF algorithm with vegetation 
indices and SfM-derived microtopography. 1: Kudani, 2: Tahu N, 3: Tahu S, 4: Matsalu1, 
5: Matsalu2, 6: Rumpo W, 7: Rumpo E, 8: Hosby, 9: Rälby. All values are expressed as 
gr/m2.

Table 12. Classification accuracies for predicted AGB for all study sites. Prediction 
accuracies were calculated for two separate sets of  explanatory variables at each site: 
vegetation indices only and vegetation indices combined with SfM-derived DTMs.

Test site RMSE (gr/m²) R2
Tahu N (Veg. indices) 24.48 0.9
Tahu N (Veg. indices + DTM) 26.24 0.9
Tahu S (Veg. indices) 35.12 0.89
Tahu S (Veg. indices + DTM) 31.76 0.91
Kudani (Veg. indices) 36.8 0.63
Kudani (Veg. indices + DTM) 34.57 0.849
Matsalu 1 (Veg. indices) 65.6 0.937
Matsalu 1 (Veg. indices + DTM) 57.44 0.95
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Test site RMSE (gr/m²) R2
Matsalu 2 (Veg. indices) 64.36 0.84
Matsalu 2 (Veg. indices + DTM) 47.29 0.91
Rälby (Veg. indices) 21.29 0.92
Rälby (Veg. indices + DTM) - -
Hosby (Veg. indices) 48.8 0.92
Hosby (Veg. indices + DTM) 24.2 0.981
Rumpo W (Veg. indices) 57.46 0.75
Rumpo W (Veg. indices + DTM) 43.57 0.861
Rumpo E (Veg. indices) 7.59 0.96
Rumpo E (Veg. indices + DTM) 6.2 0.975

Figure 17. Contribution of  each variable to the overall performance of  the RF 
algorithm. Variable performance was tested using the percent increase in Mean Squared 
Error. Numbers represent the percent increase in mean squared error once a variable is 
permuted. Values below 5% are not represented in the figure. DTMs were not included 
in Rälby and TahuN. 

The contribution of  each explanatory variable to the overall random 
forest model performance was assessed using the percent increase in 
Mean Squared Error (MSE) test. The predictor variables’ importance 
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varies between sites (Figure 17), although some trends can be recognized. 
DTMs show the highest contribution to the RF model in Matsalu 2, 
Hosby, RumpoE, and RumpoW. This result confirms the role of  DTMs 
in RF performance already highlighted by the RMSE and R2 tests. 
GRDI and certain red-edge based indices (SRre, NDVIre, DATT4) also 
contributed noticeably to the estimation of  AGB.

5.3.3 Effects of  management type and history on grassland 
structure

The Mean-Shift image segmentation process yielded nine sward cluster 
maps corresponding to the nine study sites (Figure 18). Each individual 
cluster within the maps corresponds to a sward with homogeneous 
distribution and arrangement of  above-ground biomass. Therefore, 
each cluster map constitutes a representation of  grassland structure 
heterogeneity in terms of  the size and distribution of  vegetation patches. 

Figure 18. Results of  Mean-Shift image segmentation at TahuS study site. “A” shows 
the predicted ABG map, whereas “B” shows the homogeneous AGB clusters. The 
red circles in “B” correspond to the sample units at which landscape indices were 
calculated.

The GLM showed a significant relationship between management 
history and type on some landscape indices (Table 13). The duration 
of  uninterrupted management had a significant positive effect (p < 
0.0001) on largest patch index and patch average area and a significant 
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negative effect (p=< 0.0001) on edge density, the landscape shape 
index, and patch density. These results indicate larger patches and 
a more homogenous grassland structure linked to longer durations 
of  management. Following a similar trend, management intensity 
had a significant positive (p < 0.0001) effect on largest patch index. 
Regarding herbivore species, species present during the last two years 
had a significant effect on edge density, landscape shape index, and 
largest patch index, whereas herbivore species present during the whole 
management history had a significant effect on edge density, largest 
patch index, and edge density. No significant interactions were found 
between the management descriptors.

The Mann-Whitney U test further revealed the effects of  herbivore species 
on coastal meadows structure. The values of  edge density, landscape 
shape index, and patch density were significantly lower in cattle-grazed 
grasslands than in grasslands with mixed herbivores throughout the 
entire management history (p < 0.001). Largest patch index and patch 
average area were significantly higher in cattle-grazed grasslands than 
in grasslands with mixed herbivores throughout the entire management 
history (p < 0.001) (Figure 19). No significant differences were found 
between cattle and horse-grazed grasslands during the last two years.

Figure 19. Differences between the mean values of  five landscape indices in cattle and 
mixed-grazed grasslands. All differences were significant (p < 0.001). For visualization 
purposes, ↑indicates outlying values out of  the figure: 0.0654, 0.0981, 0.1962.

5.4. Environmental Stratification of  Estonia: Strata and validation

The ISODATA clustering routine resulted in eight environmental strata, 
as shown in Figure 20. Each stratum is named and described in Table 14.
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Figure 20. Distribution of  the eight environmental strata of  Estonia.  

Table 14. Names and descriptions of  the Environmental Strata.

Environmental 
Strata

 Description

(1) Outer Western 
Coast and Islands

The topography is dominated by limestone and 
sandy marine plains. The landscape structure and 
appearance is diversified by beach ridges and the 
mires between them. Nordic alvars are also common. 
This region is mostly covered by forest, with a small 
amount of  cultivated land. The largest islands of  
Estonia – Saaremaa, Hiiumaa, Muhu, and Vormsi – 
belong to this stratum.

(2) Western 
Lowlands

This stratum is flat and low, mostly below 20 m 
in altitude. The region is dominated by limestone, 
varved claya, and abraded till plains landscapes with 
calcareous soils and calciphilous plant communities. 
Large mires are located in the southern part. 
Cultivated areas are mostly drained.

(3) Central Estonian 
Plain

The landscape is a plain characterized and dominated 
by limestone and till. The higher land is largely 
cultivated. The lower areas contain Gleysols and are 
mainly covered with paludified forests.
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Environmental 
Strata

 Description

(4) Northern 
Lowlands

The coastal plain rose above sea level only about 
5000 years ago. Most of  its sediments and relief  
forms are of  marine origin. There are several beach 
ridges, bars, and dunes. A large section of  the Baltic 
limestone klint extends along the shore of  this 
region. The strips of  coastal formations, alternating 
with strips of  mire, create distinctive streaky 
landscape patterns. Large areas, especially near the 
mouths of  the rivers, are covered by marine sand. 

(5) Pandivere 
Uplands and 
Northern  Plain

The uplands have been flattened by the erosion 
activity of  glaciers. This stratum is characterized by 
cultural landscapes with intensive agriculture and 
numerous large rural settlements. The limestone 
plains reach 60-80 m in altitude and Regosols are 
widespread. The Baltic klint reaches its highest point, 
55.6 m, in Ontika, located on the coast. Fertile till 
plains occupy larger areas in the west and form the 
main agricultural area in Estonia.

(6) Sakala Uplands 
and Inter Upland 
Depressions

The Sakala uplands are characterized by sandstone 
bedrock and a deeply dissected present-day 
topography. Inter-upland depressionsb are located 
between the uplands and hills. The higher areas that 
contain the washed till-plains are mostly cultivated, 
while paludified forestsc are found in the lower parts.

(7) Eastern Lowlands 
and Drumlins

The lowlands surround Lake Peipsi up to an altitude 
of  40 m. Abraded till and sandy and loamy plains 
are widespread. The lowland region is the most 
paludified area in Estonia. Large mires are found 
in the southern part. The Saadjärve drumlin field 
is 90-100 m higher than the surrounding areas. 
The topography consists of  about 100 drumlins 
(maximum altitude 144 m) formed by glacial 
erosional processes, located parallel to each other and 
separated by paludified and lake-filled depressions, as 
well as glacial till plains. Cultivated drumlins and the 
forested depressions between them have created a 
unique striped landscape pattern.  
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Environmental 
Strata

 Description

(8) Southern Uplands The Southern Uplands include the Otepää, Haanja, 
and Karula uplands. The average altitudes of  the 
region extend from 150 to 230 m above sea level. 
The highest hill of  Estonia (318m) is located in this 
region. The dominant geomorphological features are 
till-covered kamesd. The landscape is fragmented 
with small patches dominated by semi-natural 
grasslands and forests.

The fuzzy kappa comparison between the ESE and the Landscape 
Regions of  Estonia yielded a kappa value of  0.415, which is considered 
a “moderate strength of  agreement” (Landis and Koch, 1977) and 
indicates a certain degree of  similarity between both maps. Regarding 
the Pearson´s correlation analysis, all correlations were significant at the 
0.05 level (Table 15). These results confirm the role of  environmental 
gradients as determinants of  certain processes such as weathering and 
soil formation or distribution patterns of  plant species.

Table 15. Results from the Pearson´s correlation between the ESE and selected datasets 
(a) and comparison between the ESE and the Landscape Regions of  Estonia (b).

(a)
Dataset Data scale Pearson’s 

correlation 
coefficient

Cover Management factor ratio 0.768
Distribution of  26 species binary -0.759
European Soil Database soil types nominal -0.720
CORINE Land Cover nominal 0.670
ESBN organic carbon in topsoil ratio 0.630

(b)
Dataset Data scale Fuzzy Kappa
Landscape Regions of  Estonia nominal 0.415
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5.4.1 A proposal for an ecosystem services monitoring network

To provide nationwide estimates of  ecosystem services supplied by 
coastal meadows, a monitoring network was developed utilizing the 
ESE as a basis. The main aim of  this network is to sample coastal 
meadows by combining accurate UAV-based survey techniques with the 
robust statistical sampling procedure provided by the ESE. This section 
presents the envisaged structure of  the monitoring network.

Based on a coefficient of  variation set at 0.2, a minimum number of  36 
1 x 1 km squares were obtained as a basis for monitoring Boreal Baltic 
coastal meadows. Coastal meadows were found in four strata (Outer 
Western Coast and Islands, Western Lowlands, Central Estonian 
Plain, and Northern Lowlands) and monitoring squares were randomly 
allocated according to each stratum size (Haines Young et al., 2000) 
(Figure 21).

Figure 21. 1 km squares containing Boreal Baltic coastal meadows in each stratum 
and 36 selected monitoring squares. The allocation of  monitoring squares was done 
according to strata size. 

Following the monitoring framework presented in this section, a 
statistically robust number of  sample sizes is provided to upscale 
estimates of  ecosystem services supply to the national level. Ideally, 
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the methods presented in Tier III would be complemented with other 
assessments (e.g., SOC measurements) and repeated systematically over 
coastal meadows located at the sampling squares. It is suggested that 
when human or technical resources are not sufficient, the monitoring 
campaign should be split over a period of  four years until all squares 
have been sampled. The strategy presented in this section can be adapted 
to any other habitat type, given that the area is known a priori.   
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6. DISCUSSION

6.1. Development of  a tiered framework for mapping and 
assessing grassland ecosystem services

Over the past few years, the multifunctional character of  grasslands 
has been assessed from the ecosystem services perspective (Bullock et 
al., 2011), addressing multiple scales, from local (Grigulis et al., 2012, 
Öckinger and Smith, 2006) to sub-national (Lamarque et al., 2011) 
and regional scales (Maes et al., 2011). However, very few studies have 
undertaken ecosystem services supply assessments at multiple spatial 
scales while focusing on specific ecosystem types (Roces Díaz, 2015). 
Multi-scale assessments of  ecosystem service supply encompass a 
number of  challenges that must be adequately tackled in order to obtain 
reliable results. In this regard, it is essential to couple methods and 
datasets with the required level of  detail of  results. The methodology 
presented in this study explores a range of  methods for assessing 
ecosystem service supply by grasslands at different spatial scales and 
examines the entry points where consecutive tiers connect.      

6.2. Ecosystem services supply at different spatial levels

Transnational assessments of  ecosystem services supply face constraints 
imposed by data scarcity: Data on the location and extent of  ecosystems 
under study varies between countries in terms of  quality, scope, and spatial 
and temporal scales. Some authors (Koschke et al., 2012, Larondelle and 
Haase, 2013) have used European scale maps such as CORINE Land 
Cover (EEA, 2000) to avoid these mismatches. However, utilizing these 
broad datasets to address specific ecosystem types entails high levels of  
uncertainty, both spatially and thematically. The methodology employed 
in Tier I overcomes these problems by combining multiple datasets 
related to environmental and management factors that underpin the 
provision of  ecosystem services by grasslands (II). 

The lack of  appropriate biophysical data also affects the assessment 
of  ecosystem service supply (Eigenbrod et al., 2010, Palomo et al., 
2018). Tier I substitutes biophysical modelling methods with expert 
knowledge in order to estimate the supply of  13 ecosystem services 
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by grasslands across the Baltic States (II). This expert scoring system 
provides an understanding of  the spatial nature of  ecosystem service 
supply in Estonia, Latvia, and Lithuania and the outputs of  grassland 
management options (see section 3).       

Tier II narrows the focus of  analysis towards semi-natural grasslands 
in Estonia (III), facing similar data scarcity problems as in Tier I. 
At national scales, the use of  proxies or surrogate datasets has been 
suggested as a feasible alternative to the costly and challenging collection 
of  primary data (Maes et al., 2012a). Nationwide datasets on grassland 
habitat type, grassland condition, and grassland ecosystem functions and 
services are also scarce in Estonia. To overcome this, within Tier II, soil 
organic carbon and plant species diversity were tested as surrogates for 
several ecosystem services provided by semi-natural grasslands (III). 

The results obtained in Tier II indicate that increases in SOC lead to 
increased biomass production, nutrient cycling, and nutrient retention 
(III). This is shown by the strong correlations between SOC and 
microbial activity and total nitrogen, reflecting the role of  soil organic 
carbon as a resource for the soil microbial community and its influence 
on decomposition and nutrient cycling processes. The correlation 
between soil organic carbon and biomass production was moderate, 
likely due to the large inter-annual climate variability and sward structure 
differences among the datasets merged in this study. 

These results support the relevance of  soil´s complex dynamics as a key 
component of  ecosystem functioning in grasslands (Pereira et al., 2018). 
For instance, carbon sequestration and storage simultaneously supports 
climate change mitigation (Chmura et al., 2003) and constitutes an agent 
for soil formation and functioning (Kõlli et al., 2007).

Correlations between plant species diversity and the abundance and 
species richness of  pollinators and plants for medicine were strong and 
positive (III). Although the notion of  biodiversity underpinning the 
provision of  ecosystem services is still a controversial one (Jax and Heink, 
2015), many publications have directly related plant species diversity with 
primary productivity (Hooper et al., 2012), herbage nutritional quality 
and pest control (Soliveres et al., 2016), nutrient cycling (Maestre et al., 
2012), SOC accumulation (Fornara and Tilman, 2008), and pollinator 
abundance and richness (Díaz Forero, 2011). 
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The CCA provided deeper insight into the distribution of  plant species 
along soil organic carbon gradients (III), highlighting the complexity of  
interactions between ecosystem structure, functions, and services. While 
soil organic carbon is related to the distribution of  plant species, it plays 
a crucial role in climate change mitigation and encompasses ecosystem 
properties related to regulating ecosystem services (Schmidt et al., 2011, 
Vågen and Winowiecki, 2013). Ultimately, plant species distribution and 
composition impact the accumulation of  soil organic carbon (Fornara 
and Tilman, 2008). 

After an assessment of  the suitability of  soil organic carbon and plant 
species diversity as proxy indicators, an overlap analysis was carried out 
to find ecosystem services hotspots. The methodology implemented 
in Tier II overcomes the rough estimates derived from directly linking 
ecosystem services values with landcover classes (Eigenbrod et al., 
2010). Integrating soil organic carbon and plant species diversity allows 
biophysical heterogeneity and biodiversity to be partially accounted for 
in the grasslands under study. The overlap analysis carried out in Tier 
II revealed that wooded meadows and pastures and alluvial meadows 
have the highest number of  ecosystem service hotspots (816 and 594 
ha, respectively) (III). Wooded meadows and pastures are characterized 
by thicker organic soil horizons, higher litterfall deposition from trees 
(Ivask et al., 2012), and a large species pool due to high niche diversity. 
On the other hand, alluvial meadows show high soil organic content due 
to high sediment input and high rates of  microbial activity in shallow 
flooding water (Truus, 1998). The spatial distribution of  hotpots shows 
two distinct clusters in the West and the North of  Estonia, largely 
coinciding with three environmental strata: (1) Outer Western Coast 
and Islands, (2) Western Lowlands, and (4) Northern Lowlands (I). This 
distribution reflects the distribution of  the remaining patches of  certain 
grassland types (i.e., alvars) and the least productive soils in Estonia. 

The methods utilized in Tier II provide an integral overview of  the location 
of  semi-natural grasslands hotspots and can facilitate the targeted design 
of  agri-environmental and conservation measures. However, the results 
in Tier II call for more accurate methods at the local scale, specifically 
concerning the moderate correlations found for biomass production. To 
address these shortcomings, Tier III incorporates a set of  UAV-based 
methods aimed at accurately predicting aboveground biomass in coastal 
meadows (V) and identifying the plant communities responsible for 
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the supply of  ecosystem services (IV). Additionally, Tier III explores 
grassland sward structure and its potential relation to other ecosystem 
services (V). 

Plant communities in coastal meadows were mapped with very high 
accuracy using a random forest algorithm (IV). Per-class OOB errors 
suggest that more structurally homogenous communities (Open 
Pioneer and Lower Shore) are better classified than structurally complex 
communities such as Upper Shore, Reed Swamp, and Tall Grass. Both 
biomass and species diversity influence the spectral characteristics of  
the plant communities addressed in Tier III. This, in turn, affects the 
performance of  the random forest algorithm. Regarding the vegetation 
indices used as explanatory variables in the classification algorithm, 
Green Red Difference Index (GRDI), Green Difference Index (GDI), 
and DATT4 provide the highest classification importance (IV). This is 
likely due to the sensitivity of  GRDI and GDI to subtle changes in 
leaf  colour and pigment composition (Motohka et al., 2010) and the 
incorporation of  the narrow red-edge band in DATT4 (Adamczyk 
and Osberger, 2015). NDVI, on the other hand, showed a marginal 
contribution to the overall classification performance, likely due to its 
sensitivity to spectral noise derived from soil brightness, soil colour, 
atmosphere, and leaf  canopy shadow (Xue and Su, 2017).    

The performance analysis of  the random forest algorithm for the 
prediction of  biomass at study sites showed that the combination of  
multispectral information with SfM-derived DTMs as explanatory 
variables yields the best results (V). In coastal meadows, microtopography 
is closely related to soil moisture gradients, spatio-temporal variations of  
flood levels, and nutrient availability (Ward et al., 2013, 2016). These 
results suggest that multiple sensors in combination bear the ability to 
measure ecosystem characteristics that may otherwise be overlooked 
when relying solely on spectral information. Several authors have 
suggested sensor fusion in order to improve prediction accuracies (Lafiti 
et al., 2012,  Moecket et al., 2017, De Alban et al., 2018).     

RMSE and R² values for above-ground biomass prediction ranged from 
6.2 gr/m² in RumpoE to 57.44 gr/m² in Matsalu1 and from 0.975 in 
RumpoE to 0.85 in Kudani, respectively (V). A similar trend in modeling 
accuracy is observed when comparing above-ground biomass prediction 
and plant communities results. Study sites characterized by higher 
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biomass or the presence of  more productive communities (e.g., Matsalu 
1 and 2) show lower prediction accuracies than short-sward sites (e.g., 
RumpoE, TahuN, and TahuS). These differences can be attributed to 
the complexity of  sward structures and its effect on the characteristics 
of  the training samples. Predictor importance for the biomass prediction 
algorithm shows highly variable results, most likely driven by the 
specific characteristics of  each site in terms of  vegetation height and 
composition, proportion of  bare soil, and moisture. However, DTMs 
show high prediction importance in most cases, followed by GRDI.

The high accuracy of  above-ground biomass predictions achieved 
in Tier III renders UAV-based remote sensing an effective tool for 
grassland monitoring. In the framework of  ecosystem service mapping 
and assessment, estimations of  biomass production in coastal meadows 
can be directly related to blue carbon storage. Coastal ecosystems act 
as a natural carbon sink (Duarte et al., 2005). It is therefore essential 
to assess carbon storage in these systems in order to design carbon 
offset initiatives (Alongi et al., 2015). Specifically, in coastal grasslands, 
the accuracy of  estimations of  carbon stocks and storage rates directly 
depends on accurate quantifications of  the spatial variation of  above-
ground biomass (Owers et al., 2018). 

In addition, the multifunctional role of  coastal meadows as providers 
of  multiple ecosystem services for society (carbon storage, habitat 
for migratory, feeding, and breeding birds, reared animals, pollination, 
nutrient recycling, and sediment trapping) depends on balanced site-
specific management strategies. Continuous biomass monitoring with 
UAVs can support tailored management decisions related to grazing 
loads, grazing rotations, and the planning of  grazing time.     

6.3. Drivers of  ecosystem services supply in grasslands: 
Management type, history, and abandonment

The results obtained in Tier I illustrate the effects of  management history 
on ecosystem service supply. Grasslands that have undergone fertilization, 
seeding, and ploughing (all cultivated grassland classes) coincide with 
the Production Bundle (reared animals and their outputs, fodder, and 
biomass for energy sources). In addition, permanent grasslands in plain 
or gentle slopes and fertile soils are included in the Production Bundle 
due to their underlying favorable conditions for increased agricultural 
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production. On the other hand, grasslands characterized by very low 
grazing densities or mowing frequencies, and lack of  fertilization and 
ploughing (all semi-natural grasslands) are included in the Habitats 
Bundle (herbs for medicine, maintaining habitats, global climate 
regulation, and pollination and seed dispersal). The Habitats Bundle 
also incorporates permanent grasslands in low soil fertility (II). 

The spatially explicit nature of  the capacity matrix assessment in Tier I 
allows for the visualization of  the patterns of  ecosystem service supply 
and the location of  ecosystem service bundles. The spatial patterns of  
Production Bundle reflect the location of  intensively farmed regions in 
the Baltic States and the effect in terms of  ecosystem service supply. 
For instance, in Estonia, the Production Bundle overlaps with the 
Pandivere uplands and Northern plain in Estonia (I) (stratum nr 5 in 
the Environmental Stratification of  Estonia). This region is characterized 
by very fertile till plains which constitute the main agricultural area 
in Estonia. Such agricultural production hotspots have developed at 
the expense of  farmland landscape diversity and, consequently, key 
regulating ecosystem services. The loss of  farmland bird habitat (Herzon 
et al., 2008), decrease in the abundance of  pollinators (Diaz Forero, 
2011) and decrease in soil organic carbon storage (Gardi et al., 2016) 
are well-documented phenomena associated with the intensification of  
agriculture and the progressive loss of  semi-natural grasslands. 

The results in Tier I also highlight the key areas for regulating ecosystem 
services supply in grasslands. Regions that exhibit a large share of  
grasslands belonging to the Habitats and Soils Bundles largely coincide 
with the Estonian High Nature Value farmland clusters mapped by 
Kikas et al. (2018). These areas correspond with coastal meadows and 
alvars in the islands, Western and Northern Estonia, mosaic landscapes 
with a high density of  permanent grasslands, and riverine landscapes 
with alluvial meadows (II).  

The approach used in Tier I constitutes a relatively easy and rapid tool 
(Jacobs et al., 2015), which can be used in deliberation and planning 
processes. This is illustrated by its application in different mechanisms in 
the Baltic States, from Green Network planning in Estonia to Landscape 
Management planning in Latvia and protected area management in 
Lithuania (LIFE13 ENV/LT/000189). However, the ecosystem capacity 
matrix relies heavily on land-use/land-cover proxies and, therefore, 
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fails to adequately capture the ecological consequences of  grassland 
abandonment. Tier II partially overcomes this drawback by enriching 
grassland habitat types with plant species diversity data derived from the 
Estonian Semi-Natural Community Conservation Association dataset 
(III). 

The results of  the Student’s t-test show a significantly lower plant species 
diversity following abandonment in three habitat types: Boreal Baltic 
coastal meadows, Northern boreal alluvial meadows, and Fennoscandian 
wooded meadows/pastures. The presence of  rare and protected species 
also decreased after abandonment in Northern Boreal alluvial meadows 
(III). These results agree with previous studies in wooded meadows 
in Sweden (Mitlacher et al., 2002) and coastal and alluvial meadows 
throughout Europe (Joyce, 2014). Alvar grasslands, however, showed no 
significant decrease in species diversity after abandonment. Helm et al. 
(2006) pointed at extinction debt in alvar grasslands: a slow response of  
plant communities to habitat and connectivity loss. Even small remnant 
patches of  grassland within abandoned alvar plots may remain relatively 
stable after management cessation (Helm et al., 2006). In addition, Kasari 
et al. (2013) showed that alvars experience a decrease in species diversity 
with a shrub cover over 70%. However, encroachment processes in 
these grasslands are heterogeneous due to diverse soil conditions (Pärtel 
and Helm, 2007), leading to remnant grassland patches even after 
abandonment. Regarding rare and protected species, Pykälä et al. (2005) 
found rare species to be less sensitive to abandonment than common 
ones, suggesting that other ecological/environmental factors could have 
an overriding effect over abandonment. 

Abandonment and the associated loss of  biodiversity in grasslands 
may trigger a domino effect through the ecosystem services cascade. 
Specifically, ecosystem services that depend directly on the composition 
of  plant functional traits, such as pollination (Fontana et al., 2014), habitat 
provision for bird species (Brambilla et al., 2010), or fodder quality and 
reared animals (When et al., 2018) could experience a drastic decrease.    

The hotspots approach used in Tier II also reveals the drivers of  
change in semi-natural grasslands in Estonia imposed by the Common 
Agricultural Policy (CAP). A substantial proportion of  semi-natural 
grasslands in Estonia are not eligible for the agri-environmental measures 
under Pillar 2 of  the CAP, as they are located outside the borders of  
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Natura 2000 (Lepmets, 2015). In addition, outside Natura 2000, many 
grasslands with wooded features (including wooded meadows, pastures, 
and alvars) are not eligible for Pillar 1 CAP support due to the restrictive 
eligibility rules based on the density of  trees per hectare. For instance, in 
Estonia, a pasture parcel is eligible for Pillar 1 support if  there are less 
than 50 trees per hectare (Lepmets, 2015). As shown in Tier II results, 
this leaves many valuable hotspots without financial support, ultimately 
leading to the abandonment of  these grasslands and the subsequent loss 
of  ecosystem services (III).       

Tier II provides a deeper understanding of  the drivers of  change and 
the consequences of  abandonment in semi-natural grasslands. However, 
Tier II also makes it clear that accurate within-plot assessments are 
needed in order to fully understand the consequences of  management 
at the sward scale. Tier III fulfils these deficiencies by delivering plot-
scale information about grassland structure based on UAV multisensor 
assessments combined with field sampling techniques (V).

 Grassland structural complexity is closely related to breeding, nesting, 
and foraging habitat quality for wader species (Smart et al., 2006). For 
instance, redshank (Tringa totanus) chooses short grass areas with 
patches of  taller grass as a breeding habitat (Rannap et al., 2017). Varied 
sward structures also increase the availability of  microhabitats for 
invertebrates (Sanderson et al., 1995), which play a key role in the supply 
of  soil-related ecosystem services (Lavelle et al., 2006). Among other 
factors, vegetation structure and the associated habitat characteristics 
in coastal meadows are influenced by grazing regime, densities, and 
duration (Vickery et al., 2001). Tier III addressed these interconnections 
by utilizing predicted above-ground biomass and landscape indices as a 
proxy for sward structure (V). 

The results of  the GLM analysis highlighted the key role that grazing 
duration and grazing intensity play in grassland heterogeneity. Grasslands 
that have undergone uninterrupted grazing for longer periods are 
characterized by larger and more homogeneous patches (higher values 
of  largest patch index and patch average area and lower values of  edge 
density, landscape shape index, and patch density) (V). This shows the 
homogenizing effects that continuous, monospecific grazing may have 
on sward structure. Cattle breeds common in coastal meadows in Estonia 
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graze in a less selective manner (Kuresoo and Mägi, 2004), which may 
lead to a certain degree of  homogenization in the long term. 

GLM analysis and Mann-Whitney U tests also revealed the effects 
of  herbivore species on grassland structure. Grasslands with a mix 
of  livestock species during management history appeared to be more 
structurally diverse than grasslands grazed by cattle only (V). Different 
livestock species have different grazing preferences and show distinct 
spatial and temporal grazing patterns (Loucougaray et al., 2004). 
Though bovines are considered to be very suitable for coastal meadow 
management (Kuresoo and Mägi, 2004), a mixture of  livestock species 
may have additive effects on the structural characteristics of  the grassland 
(Loucougaray et al., 2004), creating complex swards as opposed to 
monospecific grazing. In addition, some studies suggest a diversification 
of  management regimes in order to target different conservation 
objectives. For instance, Kose et al. (2019) propose a combination of  
grazing and mowing, and the avoidance of  sheep grazing in coastal 
meadows in order to maintain populations of  Gladiolus imbricarus.  

These results demonstrate the wide range of  applications of  UAVs in 
the field of  ecosystem services mapping and assessment. In the specific 
case of  coastal meadows, UAVs can help integrate management options 
aimed at the supply of  multiple ecosystem services with conservation 
objectives. Accurate estimates of  biomass and grassland structure 
derived from remotely sensed data products may facilitate the finding of  
optimal balances between management (provision ecosystem services 
such as reared animals and their outputs), carbon sequestration and 
accumulation (partially derived from above-ground biomass estimates), 
and habitat conservation.     

6.4. A proposal for an ecosystem services monitoring network

Landscape monitoring programs have been proposed as an effective 
tool for producing country-wide estimates of  ecosystem service supply 
(Norton et al., 2018). This study presents a methodology aimed at 
upscaling a highly accurate UAV-derived ecosystem services assessment 
to the national scale, using a robust environmental stratification 
technique. As indicated by Jongman et al. (2006), sampling efficiency 
increases when the habitats under assessment are stratified according to 
underlying environmental gradients. 
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The proposed methodology would improve the estimates in Tiers I, II, 
and III by combining field surveys, UAV-derived estimates (IV, V), and 
the Environmental Stratification of  Estonia (I). Field surveys are an 
essential component of  remote sensing models, as they provide both 
training and validation data (Gillespie et al., 2008). UAV surveys provide 
highly accurate estimates but are limited to the local scale by flight 
endurance and monitoring logistics. However, recent studies combining 
UAV-derived data with satellite remote sensing products (Puliti et al., 
2018, Katterborn et al., 2019) create multiple possibilities for precise 
national-scale assessments of  ecosystem services.

Further research is recommended to refine methodologies aimed at 
enhancing the usability of  ecosystem services estimates in decision-
making processes at national scales. Among the specific challenges to 
be tackled, integrating multiple remote sensing platforms, linking field 
estimates of  grassland biodiversity with remotely sensed data, and 
providing timely measurements of  the stock and change of  ecosystem 
services should be prioritized.  



84

7. CONCLUSIONS

The present thesis develops and tests a tiered approach to mapping and 
assessing grassland ecosystem services. Based on the results obtained at 
each tier, the following conclusions are formulated:

1. The use of  expert knowledge is a feasible alternative to ecosystem 
services supply models when there is a lack of  appropriate or 
comparable datasets at the trans-national scale (II). The spatial 
distribution of  ecosystem services provided by grasslands in the Baltic 
States, as well as the distribution and nature of  ecosystem services 
trade-offs and synergies, is driven mainly by management history 
and intensity (II). This conclusion corroborates Hypothesis 1. 

2. Soil organic carbon and plant species diversity were significantly 
correlated with five ecosystem services (pollination, herbs for 
traditional medicinal use, nutrient cycling, nutrient retention, and 
biomass production) and can therefore be used as proxy indicators 
(III). The hotspots analysis shows that wooded meadows and 
pastures encompass the highest proportion of  multiple ecosystem 
services hotspots, although this grassland type accounts for only 
10% of  the semi-natural grassland cover in Estonia. The results also 
show that the cessation of  management may affect biodiversity-
related ecosystem services in certain grassland types, relating to the 
loss of  plant species diversity (III). This conclusion corroborates 
Hypothesis 2. 

3. At local scales, Unmanned Aerial Vehicles (UAVs) and multispectral 
sensors constitute efficient tools for mapping the distribution of  
plant communities in coastal meadows (IV). The results demonstrate 
that an appropriate sampling strategy and the selection of  vegetation 
indices produce highly accurate plant community maps (IV). These 
maps constitute a valuable tool in ecosystem services assessments, as 
they provide information about the extent and location of  Service 
Providing Areas. This conclusion corroborates Hypothesis 3.

4. The fusion of  UAV-derived multispectral data and aerial 
photogrammetry yields highly accurate predictions of  aboveground 
biomass in coastal meadows. These mapping techniques also 
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reveal the effects of  management history on grassland structural 
complexity at the sward level. Long-term, monospecific grazing 
led to homogeneous grass sward structures, whereas mixed grazing 
increased grassland structural diversity. These results demonstrate 
the potential of  Unmanned Aerial Vehicles in ecosystem services 
assessments and semi-natural grasslands management. These 
conclusions confirm Hypothesis 4. 

The Environmental Stratification of  Estonia is based on the 
principal underlying environmental gradients. The Environmental 
Stratification provides a robust framework for constructing an 
ecosystem services monitoring network and upscaling the methods 
and results obtained in Tier III to the national scale. This conclusion 
confirms Hypothesis 5.
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Poollooduslike koosluste ökosüsteemiteenuste kaardistamine ja 
hindamine

EESTIKEELNE KOKKUVÕTE

Sissejuhatus

Poollooduslikud rohumaad on erakordselt elurikkad. Poollooduslike 
rohumaade ökosüsteemiteenuste rohkusele ja nende ökoloogilisele 
tähtsusele vaatamata on Euroopas nende pindala ja ja nende omavaheline 
sidusus oluliselt vähenenud. Ka Balti riikides pidurdub maapiirkondade 
sotsiaalse ja majandusliku allakäigu tõttu  poollooduslike rohumaade 
kasutamine.

Rohumaade puuduliku majandamise tõttu on ökosüsteemiteenuste 
ahelas käivitanud pidurdamatu protsess. Rohumaade kasutamisest 
väljajätmine mõjutab otseselt tolmlemist, linnuliikide levilaid ning need 
alad kaotavad nii oma esteetilise kui ka kultuurilise väärtuse. Teisalt 
mõjutab ka rohumaade intensiivsem kasutus ökosüsteemide toimimist ja 
ökosüsteemiteenuste ahelat.

Euroopa Liidus reguleerib põllumajandusmaa kasutust ja majandamist, 
maastiku muutmist ja maaelu arendamist ühine põllumajanduspoliitika 
(ÜPP). Hoolimata ÜPP maaelu arengu programmidest ja 
rohestamismeetmetest väheneb Euroopas põllumajandusmaastiku 
elurikkus. Keskkonnaga seotud majandamismeetmete ebapiisavus, 
põllumajanduse ja keskkonnakaitsega tegelevate ametkondade 
omavahelise koostöö puudumine ning nende puudulik huvi rohumaade 
säilitamise vastu on peamised põhjused, miks ÜPP-s sätestatud meetmed 
pole suutnud elurikkuse vähenemist ära hoida.

Mitmed autorid on leidnud, et ühtse ökosüsteemiteenuste hindamise ja 
kaardistamise raamistiku loomine võib aidata hinnata rohumaade kasutusest 
väljajätmise ökoloogilisi tagajärgi, määratleda tõhusamad rohumaade 
majandamise esmatähtsad meetmed ning edendada agroökosüsteemide 
multifunktsionaalsuse põhimõtteid. ÜPP 2013. aasta aruannetes 
sedastatakse, et rohumaade kasutamise majanduslikud stiimulid peaksid 
toetama ökosüsteemiteenuseid. Uuemates keskkonnaanalüüsides ja 
otsustes arvestatakse ökosüsteemiteenuste raamistikuga järjest rohkem. 
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Samas teeb ökosüsteemiteenuste kaardistamis- ja hindamismeetodite 
rohkus teenuste hindamise keeruliseks ning sageli ebatõhusaks.

Selle uurimistöö raames katsetatakse Eesti poollooduslike rohumaade 
ökosüsteemiteenuste hindamiseks ja kaardistamiseks astmelist 
lähenemist. Uurimus on üles ehitatud kolmes astmes, kusjuures igas 
järgmises astmes kasutatakse eelmisest  detailsemat ja täpsemat meetodit 
ning andmestikku. Igas astmes keskendutakse erinevale geograafilisele 
piirkonnale, alates rahvusvahelisest fookusest (Balti riigid) kuni 
kohalikuni. Igas astmes kaardistatakse erinev teenusepakkujate üksus – 
esimeses ja teises astmes keskendutakse riiklikus integreeritud haldus- ja 
kontrollsüsteemis defineeritud rohumaade areaalidele, kolmandas astmes 
aga taimekooslusele. Ökosüsteemi protsesside ja teenuste loomupärane 
ruumiline levik on uurimuse astmelise lähenemise nurgakivi. Seetõttu 
kasutatakse igas astmes erinevat kaardistamismeetodit. Lisaks 
eksperimentaalsele metodoloogiale on töö eesmärk hinnata rohumaade 
kasutamisest väljajätmisemõju ökosüsteemiteenustele ja  erinevaid 
rohumaade majandamise võimalusi.

Eesmärgid

Eesti poollooduslike rohumaade ökosüsteemiteenuste uurimise 
eesmärgid on järgmised:

• kvalitatiivse meetodiga kaardistada ja hinnata 13 ökosüsteemiteenust 
Eesti poollooduslikel rohumaadel ning leida ökosüsteemiteenuste 
omavaheline mõju ja koostoime;

• (a) teha kindlaks, kas mulla orgaanilist süsinikku ja taimestiku 
elurikkust võib pidada viie ökosüsteemiteenuse – tolmeldamine, 
ravimtaimede, taimetoitainete ringe, taimetoitainete omastamise 
ja biomassi tootmise – indikaatortunnusteks, ning (b) hinnata 
ökosüsteemiteenuste ruumilist jaotumist Eesti poollooduslikel 
rohumaadel, kaardistades ökosüsteemiteenuste koondumiskohti 
(III);

• kaardistada rannaniitudel ökosüsteemi teenusepakkujate areaalid 
taimekoosluste ulatuse ja paiknemise ruumilise hindamise meetodi 
abil, kasutades selleks mehitamata õhusõidukiga multispektraalselt 
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kogutud andmeid ja võrrelda tulemusi tarkvara abil loodud 
klassifikatsiooni ja masinõppega (IV–V); 

• (a) kaardistada rannaniitude maapealne biomass mehitamata 
õhusõiduki abil ja (b) hinnata majandamismeetmete mõju 
rannaniitude struktuurile (V);

• luua maastiku ja ökosüsteemiteenuste seirevõrgustiku koostamise 
raamistik.

Materjal ja metoodika

Meetodid valiti astmelise lähenemise põhjal. Uurimuse mitmeastmelisus 
eeldas igas järgmises astmes eelmisest detailsemat metodoloogiat ja 
lähteandmeid.

Uurimuse esimeses astmes kombineeritakse Baltimaade rohumaade 
kaardistamiseks nelja tunnust (areaalide kuju, mulla boniteet, nõlva 
kallakus ja rohumaatüüp) (II). Saadud riikideülene maatriks hõlmab 
30 rohumaatüüpi ja moodustab ökosüsteemiteenuste hindamiseks 
aluse. Ökosüsteemiteenuste maatriksit kasutati kolmeteistkümne 
ökosüsteemiteenuse hindamiseks Eesti, Läti ja Leedu rohumaadel. 
Viisteist spetsialisti määrasid erinevate rohumaade võimekust 
erinevate ökosüsteemide teenusepakkujatena Likerti skaalal nullist 
(ökosüsteemis teenus praktiliselt puudub) kuni viieni (ökosüsteemis 
esineb teenust väga palju). Seejärel tehti maatriksisse sisestatud numbrite 
abil peakomponentide analüüs (II), ja uuriti ökosüsteemiteenuste 
koondumist, mõju ja koostoimet.

Teises astmes oli geograafiline fookus Eestil (III), kus analüüsiti 
nelja poollooduslikku rohumaatüüpi (alvar, lammianiit, puisniit/
karjamaa, rannaniit). Kolme rohumaade andmebaasi alusel (Eestimaa 
Looduse Fond, põllumajanduse registrite ja informatsiooni ameti, 
Pärandkoosluste Kaitse Ühing) koostati kaart. Viie ökosüsteemiteenuse 
kaudu testiti mulla orgaanilise süsiniku ja taimestiku elurikkuse 
sobivust indikaatoritena. Seejärel kaardistati indikaatorite abil Eesti 
poollooduslike rohumaade ökosüsteemiteenuste koondumiskohad. 
Lisaks hinnati rohumaade majandamise lõppemise mõju taimede 
liigirikkusele, kombineerides rohumaade majandamise ja taimeliikide 
kohta kogutud infot. Selleks kasutati Studenti t-teste tasemel 0,05 (III). 
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Tehti kanooniline korrelatsioonianalüüs, et uurida, kuidas mõjutavad 
mulla orgaaniline süsinik ja valitud keskkonnamuutujad poollooduslike 
rohumaade paiknemist ja taimeliikide levikut (III). 

Kolmandas astmes keskenduti üheksale Lääne-Eesti rannaniidule 
(IV, V). Mehitamata õhusõidukiga koguti multispektraalseid 
pilte ja 3D-punktpilvi. Multispektraalsetest piltide alusel arvutati 
taimkatteindeksid. Seejärel kombineeriti sama andmestik otsustusmetsa 
masinõppe klassifikaatoritega, et kaardistada uuritavatel rannaniitudel viis 
taimekooslust. Igast piirkonnast koguti biomassi näidiseid, mille põhjal 
viis otsustusmets läbi lineaarse regressiooni, et hinnata ja kaardistada 
maapealset biomassi kõigis üheksas uuritavas piirkonnas (V). Biomassi 
prognoosimise kaartide abil hinnati rohumaade struktuuri ja võrreldi 
seda rohumaade majandamise ajaloolise praktikaga. Selleks rakendati 
keskmise nihkega segmentide algoritme, maastiku meetrikat ja üldistatud 
lineaarset mudelit.

Kaheksa keskkonnamuutujat jaotati ISODATA algoritmiga rühmadeks. 
Nende alusel jaotati Eesti sarnaste omadustega keskkonnaregioonideks. 
Seda kolmanda astme hindamise tulemusena saadud jaotust saab 
kasutada üleriigilise maastiku ja ökosüsteemiteenuste seirevõrgustiku 
koostamiseks.

Tulemused ja järeldused

Uurimuse esimeses astmes anti spetsialistide hinnangule toetudes ülevaade 
Eesti, Läti ja Leedu rohumaade ökosüsteemiteenuste olemusest, korvates 
sel moel ka sobilike biofüüsikaliste andmete puudujäägi. Esimeses astmes 
kasutatud peakomponentide analüüsi põhjal jaotati poollooduslikud 
rohumaad võimalike ökosüsteemiteenuste alusel kolme klastrisse: 
varustamise , elupaikade ja mulla klaster. Tulemused aitavad illustreerida 
rohumaade majandamise mõju ökosüsteemiteenustele. Näiteks näitavad 
varustamise klastri ruumilised mustrid, millistes Baltimaade piirkondades 
on tegeletud põlluharimisega intensiivsemalt ja kuidas see on mõjutanud 
ökosüsteemiteenuseid. Teisalt aga kattuvad sellised Eesti piirkonnad, kus 
esineb arvukalt rohumaid, millel on palju liigirikkaid elupaikasid suuresti 
kõrge loodusliku väärtusega põllumajandusmaastikuga (II). 

Teises astmes uuriti mulla orgaanilise süsiniku ja taimeliikide 
mitmekesisuse ning viie ökosüsteemiteenuse (tolmeldamine, ravimtaimed, 
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taimetoitainete ringe, taimetoitainete omastamine, biomassi tootmine) 
seoseid. Teises astmes tehtud ökosüsteemiteenuste koondumiskohtade 
analüüs näitas, et puisniitudel/karjamaadel ja lamminiitudel on kõige 
suurem hulk ökosüsteemiteenuste koondumiskohti (vastavalt 816 ja 594 
hektarit). Puisniite ja -karjamaid iseloomustab tüsedam mulla huumus- 
ja varisekiht. Lamminiitudel on madalas voolavas vees sette kuhjumise 
ja mikroobide aktiivsuse tõttu mulla orgaaniline sisaldus kõrge. 
Ökosüsteemiteenuste koondumiskohapõhine lähenemine teises astmes 
avaldus Eesti poollooduslike rohumaade muutumise põhjused, mis on 
ka ÜPP temaatika. ÜPP teise samba tähenduses ei sobi põllumajanduse 
keskkonnameetmete rakendamiseks 45% Eesti poollooduslike 
rohumaade ökosüsteemiteenuste koondumiskohtadest, sest need asuvad 
väljaspool Natura 2000 alasid (III).

Uurimuse teises astmes läbi viidud Studenti t-testide tulemused näitavad 
taimeliikide vähest mitmekesisust, mis on –ranna- ja lamminiitude ning 
puisniitude ja –karjamaade majandamisest väljajätmise tulemus. Alvaritel 
ei täheldatud majandamisest väljajätmise järel liigirikkuse vähenemist, 
tõenäoliselt reageerivad sealsed taimeliigid elupaikade ja nende vahelise 
sidususe kadumisele aeglasemalt (III).

Uurimistöö kolmandas astmes hinnati detailsemalt rannaniitude 
taimekoosluste jaotust, maapealset biomassi ja taimestiku vertikaalset 
struktuuri. Fleissi kapa kordaja 0,89 põhjal kaardistati põhjalikult 
taimekooslused (IV). Otsustusmetsa klassijärgsed vead näitavad, et 
homogeensema struktuuriga piirkondi (nt pioneerliikidega paljakud 
ja madal rannik) on kergem klassifitseerida kui keerulise struktuuriga 
koosluseid (nt kõrgrannik, pilliroostik või kõrgrohustu). Otsustusmetsa 
algoritmi jõudlusanalüüs näitas, et biomassi hindamisel saadi parim 
tulemus, kui multispektraalne info kombineeriti sõltumatute muutujatega, 
milleks olid mehitamata õhusõidukiga kogutud andmete alusel loodud 
digitaalsed kõrgusmudelid (V). Tulemustest võib järeldada, et mitme 
sensori kombinatsiooni abil saab mõõta ökosüsteemile iseloomulikke 
tunnuseid, mis võivad ainult spektraalse info analüüsimisel tähelepanuta 
jääda. Kolmandas astmes maapealse biomassi põhjal loodud väga täpsed 
prognoosid näitavad, et mehitamata õhusõidukiga pildistamine on tõhus 
rohumaa seiremeetod. 

Uurimuse kolmandas astmes tehtud poollooduslike rohumaade 
struktuurianalüüsi tulemused näitasid, kui suurel määral mõjutab 
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karjatamise kestus ja ulatus rohumaade heterogeensust. Rohumaid, 
millel on pidevalt karja kasvatatud, iseloomustavad suuremad ja 
homogeensemad areaalid (kõrgema väärtusega suurima areaali indeks, 
suurem areaalide keskmine pindala ja areaalide serva tiheduse indeks 
ning madalamad areaali kuju ja tiheduse väärtused) (V). Üldise lineaarse 
mudeli analüüs ja Mann-Whitney u-testid näitasid, kuidas mõjutavad 
rohusööjate liigid rohumaade struktuuri. Rohumaad, millel oli karjatatud 
erinevat liiki kariloomi, olid struktuurselt mitmekesisemad kui alad, 
millel peeti ainult veiseid (V).

Uurimuses loodi metodoloogia, mida on võimalik kasutada 
riiklikul tasandil maastiku ja ökosüsteemiteenuste seires tuginedes 
mehitamata õhusõidukiga kogutud andmestikule ja Eesti jagamisel 
keskkonnaregioonideks (I). Muutuja koefitsiendi 0,2 järgi on Eesti 
rannaniitude seireks soovituslik hõlmata vähemalt 36 ühe ruutkilomeetri 
suurust ala. 
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Abstract Environmental stratifications provide the

framework for efficient surveillance and monitoring of

biodiversity and ecological resources, as well as modelling

exercises. An obstacle for agricultural landscape monitor-

ing in Estonia has been the lack of a framework for the

objective selection of monitoring sites. This paper

describes the construction and testing of the Environmental

Stratification of Estonia (ESE). Principal components

analysis was used to select the variables that capture the

most amount of variation. Seven climate variables and

topography were selected and subsequently subjected to

the ISODATA clustering routine in order to produce rela-

tively homogeneous environmental strata. The ESE con-

tains eight strata, which have been described in terms of

soil, land cover and climatic parameters. In order to assess

the reliability of the stratification procedure for the selec-

tion of monitoring sites, the ESE was compared with the

previous map of Landscape Regions of Estonia and

correlated with five environmental data sets. All correla-

tions were significant. The stratification has therefore

already been used to extend the current series of samples in

agricultural landscapes into a more statistically robust

series of monitoring sites. The potential for applying cli-

mate change scenarios to assess the shifts in the strata and

associated ecological impacts is also examined.

Keywords Climate � Geomorphology � Clustering
algorithm � Monitoring � Stratified random sampling

Introduction

Environmental stratification is the process that applies

multivariate statistical analysis to divide the environmental

gradients of a given region into relatively homogeneous

units, which can then be used as a framework for sampling

both socio-economic and ecological features. Tried-and-
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tested statistical procedures are used to ensure that the

environmental strata are independent of personal bias

(Metzger et al. 2005). Commonly, climatic and topographic

parameters are used as input variables in the clustering

procedure. The resulting environmental strata are relatively

homogeneous in terms of the climatic and environmental

variables (Klijn and de Haes 1994). These units help in the

interpretation of climatic and environmental patterns and

thus lead to a better understanding of underlying ecological

processes (Jongman et al. 2006).

At present, environmental stratifications have been

developed at several levels: global (Metzger et al.

2012, 2013), continental, e.g. Europe (Metzger et al. 2005;

Jongman et al. 2006), national, e.g. Great Britain (Bunce

et al. 1996), Northern Ireland (Cooper 2000), Spain (Elena-

Rosselló 1997; Regato et al. 1999), Norway (Bakkestuen

et al. 2008), Sweden (Ståhl et al. 2011) and the Czech

Republic (Fňukalová and Romportl 2014) and regional,

e.g. Bunce and Smith (1978). The original methodology

was published in 1975 (Bunce et al. 1975) and has

undergone progressive development since then, as descri-

bed by Sheail and Bunce (2003). Environmental stratifi-

cation has primarily been applied in strategic ecological

survey projects by using the strata to select statistically

representative random samples for surveillance and sub-

sequent monitoring of biodiversity. Environmental strati-

fication has also been used for climate change modelling

(Metzger et al. 2008).

National-level stratifications have usually been carried

out regularly in regions characterized by considerable

environmental variability. The main aim of this paper is to

demonstrate that it is also feasible to implement environ-

mental stratifications in regions or countries without pro-

nounced topographic and climatic variability. The data

required to construct regional level environmental stratifi-

cations are usually in more detail than those used at the

continental level. This paper describes the construction of

the Environmental Stratification of Estonia (ESE) and

therefore provides an example of regional level classifica-

tion. An important step in this process was to explore the

data required to cluster the environmental variability of the

country into interpretable strata. The suitability of the ESE

for modelling possible future ecological changes according

to climate change scenarios is also discussed.

Estonia covers 45,227 km2 in the Baltic region of

north-eastern Europe between Finland, Russia and Latvia,

as shown in Fig. 1. According to the European Environ-

mental Stratification (EnS) (Metzger et al. 2005), western

Estonia belongs to two classes of the nemoral zone,

whereas eastern Estonia is situated in the least cold of the

eight classes of the boreal zone. Therefore, although a

small country, Estonia is located on the boundary between

two of the largest EnS classes. According to the

Intergovernmental Panel on Climate Change (IPCC) cli-

mate change scenarios (Nakicenovic et al. 2000), the

border between these zones is likely to shift by 2050. In

addition, the Atlantic North zone may extend into western

Estonia by 2080, as modelled by Metzger et al. (2008).

The EnS partitions climate variation in Europe, but is not

suitable for modelling changes in smaller regions due to

the insufficient regional detail of the climate data sets

used and because the number of strata produced is not

adequate for capturing local environmental gradients. The

availability of detailed physiographic and climatic data

sets in Estonia facilitates the construction of finer divi-

sions at the national level, as compared to the coarser

resolution of the European zones previously described by

Metzger et al. (2005). It has already been recognized that

subdivisions of the EnS are needed for local studies. For

example, Jongman et al. (2006) subdivided one of the

European environmental strata in Portugal on the basis of

soil types. The existing classification of Estonian land-

scapes (Arold 2005) was based on the interpretation of

geomorphological and soil patterns. The boundaries

between the landscape units were descriptive and defined

according to expert knowledge, whereas an objective

regional classification is required as a framework for

landscape and biodiversity monitoring strategies based on

a stratified random sampling design. Statistical clustering

of the environmental variability into homogeneous units

allows deriving reliable estimates on biodiversity, habitats

and land cover (Jongman et al. 2006). In this regard,

Estonia lacks a robust statistical framework for the

selection of biodiversity and vegetation sampling and

monitoring plots. The Environmental Stratification of

Estonia (ESE) provides the structure needed for such

assessment and monitoring strategy, and thus, the statis-

tical validity of these strata is also examined in this paper.

The present study was initiated in the frame of a mul-

tidisciplinary project within the Estonian University of Life

Sciences concerning national ecotones and boundaries. A

key module in the project is the assessment of the impact of

climate change on vegetation and habitats. The aim of the

present study is therefore to describe the construction and

validation of the Environmental Stratification of Estonia

(ESE), which will be used as a basis for the selection of

representative sampling sites for recording data on habitats

and vegetation. Moreover, the ESE will provide the sta-

tistical framework required to upgrade the current agri-

cultural landscape monitoring programme in Estonia. The

collected data will then be used in modelling the potential

impacts of climate change on the stock and change of

biodiversity (Berry et al. 2003; Thuiller et al. 2008).

Modelling exercises will also include determining the

shifts in the distribution of the strata under different climate

change scenarios. The ESE will also be used as a
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framework to determine the provision of ecosystem ser-

vices throughout Estonia.

Materials and methods

Based on previous experience, it was initially decided to

examine the potential use of climatic, geomorphological

and soil data as input variables to generate the ESE. The

data flow was organized in successive steps, as shown in

Fig. 2. The input variables used in the stratification

(Table 1) were selected based on the conceptual model

described by Klijn and de Haes (1994), Bunce et al. (1996)

and Metzger et al. (2005). The concept is based on a

regression model between the environmental strata and the

observed ecological parameters. In the functional hierarchy

described by Klijn and de Haes (1994), lower components

(e.g. vegetation) are dependent on parameters at a higher

level (e.g. climate and geomorphology). This hierarchical

framework has been recognized by other authors (Godron

1994; Breckle and Walter 2002; Ferrier 2002). At the

landscape scale, the variability of environmental conditions

is relatively high and the interrelationships between factors

that determine this heterogeneity are complex. However,

ecosystem patterns and habitat distributions can be anal-

ysed using this model even at the national scale.

Climate data

The climate data were interpolated from 26 Estonian

meteorological stations, covering a period of 30 years. The

data were obtained over the period 1971–2000, which is

used nationally as the official period for climate reporting

and analysis. In addition, the recording methodology at

weather stations in Estonia has been standardized only

from 1971 onward. The daily observations at meteorolog-

ical stations were provided by the Estonian Weather Ser-

vice. Latvian, Russian and Finnish weather stations were

also included in the climate data set to expand the coverage

of the environmental model and provide a more accurate

interpretation of the climate in border regions. The climate

variables corresponding to the Latvian, Russian and Fin-

nish weather stations were obtained from the E-OBS data

set (Haylock et al. 2008). In order to avoid high correla-

tions and give equal weight to the climate variables, prin-

cipal components analysis (PCA) was used to generate a

subset from a climate data set composed of 16 parameters

(King and Jackson 1999). PCA is a variable reduction

procedure that extracts independent components from a

large set of variables. PCA identifies the variables that

capture the most amount of variation, as well as those that

are redundant (Jolliffe 1972; Krzanowski 1987; McCabe

1984). A threshold of 90 % of variance explained was used

Fig. 1 Map of Estonia in

relation to surrounding

countries with the primary cities

and lakes
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to select the first four components. Subsequently, the two

variables with the highest positive and negative loadings

were selected from each component. A total of seven cli-

mate variables were selected from the initial data set, as

shown in Table 1. This variable selection method has been

previously used by Saxon et al. (2005) to generate

homogenous climate domains of the continental sector of

the USA.

The environmental stratification clustering process

requires gridded raster layers as input variables. Therefore,

the climate data obtained from the weather stations were

interpolated into 1 9 1 km raster climate surfaces using

the spline function in ArcGIS 10.1. As a result, seven cli-

mate raster grids were produced (Fig. 3). An analogous

interpolation procedure has been used by Hijmans et al.

(2005) and New et al. (2002).

Geomorphology data

The influence of geographical factors in the distribution

and coverage of plant species, even in lowland regions such

as Estonia, has already been described (Kull et al. 2002;

Palo et al. 2008). In order to provide sufficiently detailed

information at the local scale in the stratification, geo-

morphological data were also included by incorporating a

digital elevation model, derived from the Estonian LIDAR

database. Mean elevation data were calculated within each

1 9 1 km climate grid cell.

Soil data

At the initial stage of the modelling process, two soil

databases were considered for analysis: the Soil Map of

Estonia (1:10.000) and the European Soil Database

(1:1.000.000) (European Commission 2004). The Soil Map

of Estonia proved impractical because of inconsistencies in

the definitions of the classes. Before any data could be

used, extensive pre-processing would have been required in

order to ensure that the classes were consistent throughout

the country. In contrast, the coarse resolution of the

European Soil Database (ESDB) does not capture the

necessary detail required at the regional scale. Moreover,

soil information is expressed as categorical classes, which

are not compatible with the climate and geomorphology

variables expressed as continuous gridded raster layers.

Although a transformation of categorical soil data into a

continuous grid is possible, the large amount of soil classes

in combination with the coarse resolution of the ESDB

unbalanced the clustering process and leads to certain strata

being defined exclusively by a unique soil class. The soil

data were therefore not included.

The input variables are measured in different units, and

some also have large variances which can in turn have an

Fig. 2 Flow chart describing the main stages in the construction of

the environmental stratification of a region. PCA = principal com-

ponents analysis. ISODATA = multivariate method for classification

of component values for sites

Table 1 List of 16 climate variables used for the application of

principal components analysis to select the seven most explanatory

variables for the classification according to Metzger et al. (2005)

Selected variables Selected variables

after PCA analysis

Maximum temperature January Maximum temperature October

Maximum temperature April Minimum temperature January

Maximum temperature July Minimum temperature April

Maximum temperature October Precipitation January

Minimum temperature January Precipitation July

Minimum temperature April Precipitation October

Minimum temperature July Sunshine July

Minimum temperature October

Precipitation January Altitude

Precipitation April

Precipitation July

Precipitation October

Percentage sunshine January

Percentage sunshine April

Percentage sunshine July

Percentage sunshine October

Altitude
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undesired effect on the resulting clusters. The variables

were therefore standardized to zero mean and unit standard

deviation.

The variables were subsequently subjected to the ISO-

DATA clustering algorithm to generate the environmental

strata. This procedure has been used in comparable studies

by Metzger et al. (2005) and Tou and Gonzalez (1974).

ISODATA is an iterative algorithm that uses minimum

Euclidean distances between each pixel and the closest

cluster in the multidimensional feature space of the selec-

ted variables. The process starts with arbitrary means being

assigned to a pre-defined number of clusters. Each raster

cell is then assigned to the cluster of which the mean is the

closest. The process repeats itself, each raster cell being

progressively assigned to the closest cluster in the multi-

dimensional space until no more grid cells are reassigned.

The runtime software program ArcGIS 10.1 was used to

perform the analysis. As stated by Memarsadeghi et al.

(2007), the main advantage of ISODATA over other

clustering procedures is the ability of the algorithm to split

large diffuse clusters and to merge small clusters whose

centres are closer than a certain threshold. The clustering

operation reduces the overall environmental variation into

groups with comparable variation around a mean. The

number of strata is arbitrary, but each stratum is distinctive

and interpretable in terms of its environmental character-

istics. The number of strata at which the clustering pro-

cedure was stopped was eight. This was considered an

interpretable division of Estonia: while reflecting the well-

known division between East and West (Lippmaa 1935),

the main geomorphological features and contrast between

upland and lowland regions are appropriately captured by

Fig. 3 Selected climate

variables and elevation used in

the ISODATA procedure to

generate the environmental

strata. The gridded climate

raster layers were interpolated

from weather stations using the

spline function in ArcGIS 10.1.

The climate maps represent

monthly averages for the period

1971–2000
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eight strata. In addition, it was observed that the ISODATA

algorithm failed to produce clusters when the number was

set at ten and above. This could be explained by the fact

that the algorithm was not able to create distinguishable

clusters above a certain limit. Given the size of Estonia and

the main aim of the present study, eight strata are thus

considered a practical number for scientific and policy

objectives, as well as an adequate reflection of the variation

in the environment of the country.

At the last stage of the process, isolated pixels and

scattered regions smaller than 15 km2 were assigned to the

closest stratum. In relatively flat regions such as Estonia,

these scattered pixels are statistical artefacts of the clus-

tering algorithm, rather than real local features, and the

spatial integrity of classes was therefore considered to be

the overriding factor (Metzger et al. 2005).

In order to determine the reliability of the stratification,

it was necessary to compare this method with independent

classifications and to assess the correlations between the

clustered input variables and the underlying environmental

gradients using the data sets shown in Table 2. The Esto-

nian landscape regions classification (Arold 2005) is

derived from soil and geomorphological characteristics

using expert judgement. Although the classes are not based

on statistical reproducible criteria, it is useful to compare

their distribution patterns with the ESE to examine the

extent of agreement. The fuzzy kappa statistic (Hagen

2003) was therefore calculated using Map Comparison Kit

v 3.0 (Visser 2004). The objective of the fuzzy kappa

statistic is to assess the degree of agreement between maps

of different classes, and the comparisons should thus be

treated as similarity coefficients rather than as measures of

correlation (Bunce et al. 2002; Klotz et al. 2016).

In order to test the relationships between the ESE and

the underlying environmental gradients, regressions were

calculated between a number of data sets and the ESE.

According to the hierarchical framework previously

described, correlations should be present between higher,

independent components and the dependent variables. As

shown in Table 2, the components derived from the vari-

ables used for clustering were correlated with five envi-

ronmental data sets. Bunce et al. (1996) described classical

regression as the most appropriate model to assess the

above-mentioned correlation. The complex of underlying

environmental factors used to create the classes and the

selected environmental data sets (Table 2) is the indepen-

dent and dependent variables, respectively. This procedure,

referred to as orthogonal regression, has previously been

used (Metzger et al. 2005) to assess the validity of the

European classification.

Regressions cannot be directly calculated between

nominal variables such as CORINE land cover and the ESE

clustering variables. In order to calculate a multivariate

proxy of the land cover classes, the percentages of each

class within each stratum were calculated. The first prin-

cipal component of the land cover percentages was then

extracted and correlated with the mean first principal

component of the clustering variables within each stratum.

Although being directly influenced by human activity, the

broad land cover distribution was expected to show a

strong relationship with the environmental gradients cap-

tured by the ESE. The same procedure was applied to the

European Soil Database soil types.

The distribution of plant species was also expected to

show significant correlations with the ESE. Species that

show well-defined distribution patterns in Estonia were

Table 2 Summary of the correlations (a) and comparison (b) of the ESE with selected data sets

Data set Data scale References Pearson’s correlation coefficient

(a)

Cover management factor Ratio Panagos et al. (2015) 0.768

European Soil Database soil types Nominal European Commission (2004) -0.720

Distribution of 26 species Binary Kukk and Kull (2005) 0.708

CORINE land cover Nominal EEA (2000) 0.670

ESBN organic carbon in topsoil Ratio Jones et al. (2004) 0.630

Data set Data scale Reference Fuzzy kappa

(b)

Landscape regions of Estonia Nominal Arold (2005) 0.415

Pearson’s correlation coefficient r values (a) of five independent data sets and the mean principal component scores within each ESE stratum are

presented. In order to correlate binary and nominal data with the mean first principal component of the stratification, canonical correspondence

analysis (CCA) and principal components analysis (PCA) were calculated, respectively

The kappa statistic (b) was used to assess the strength of agreement between the ESE and the landscape regions of Estonia (Arold 2005). All the

correlations were significant at the 0.05 level
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chosen for the analysis. The whole flora could not be

used because the majority of species that are present

throughout the country would provide much background

noise in the analysis. Consequently, 26 species were

selected as representatives of the Estonian flora, recorded

from the 60 9 100 grid used for the Atlas of the Estonian

flora (Kukk and Kull 2005). Binary distribution data were

then analysed by canonical correspondence analysis

(CCA) (Ter Braak 1986). The distribution data were fed

into the statistical analysis software Canoco 5 to obtain

CCA first-axis scores for each grid square (Ter Braak and

Šmilauer 2012). The mean CCA scores within each

stratum were subsequently calculated and then correlated

with the mean PCA first-axis scores of the stratification

for each stratum.

For continuous variables such as topsoil organic carbon,

the regression was calculated between the mean score of

the first principal component of the classification variables

and the mean value of the response variable within each

stratum. Cover management factor is also a continuous

variable; therefore, the same procedure was applied. Cover

management factor is one of the five factors included in the

Revised Universal Soil Loss Equation (RUSLE), and it

accounts for the effects of land cover, crops and crop

management practices in soil loss (Panagos et al. 2015).

The next stage in the approach is to select a set of

randomly located survey sites for sampling biodiversity

and landscape monitoring from within each stratum. The

procedure used has been described by Metzger et al. (2013)

and Carvalho et al. (2015). The design of the sampling

framework as well as the number of sampling sites required

depends upon the population or the area of habitat or land

cover type being sampled. In the present study, the use of

the ESE as a framework for monitoring is exemplified by

its application in the agricultural landscape monitoring

(ALM) programme in Estonia. The number of agricultural

landscape monitoring sites in Estonia currently being sur-

veyed as a basis for modelling is only 22, which is statis-

tically unreliable. However, the aim is to increase the

number of sites for a long-term ALM programme in order

to obtain estimates on agricultural land use change and

landscape metrics. Stratified random sampling was chosen

as the most suitable strategy for the objects of the ALM

(Peterseil et al. 2004; Ståhl et al. 2011). The first step of the

sampling design was the definition of the target population,

which was restricted to all 1 km squares containing agri-

cultural land. Subsequently, an agricultural raster mask

layer was extracted from the Estonian Basic Map and

intersected with a grid of 1-km square resolution specifi-

cally created for this process. In order to set the minimum

required sampling size, the coefficient of variation of

agricultural area within the 1 km squares was defined as

the quality constraint (Brus et al. 2011). For any required

coefficient of variation, the minimum amount of total

sampling units in a stratified random sampling design is

defined by Eq. 1 below (de Gruijter et al. 2006):

nreq ¼
1

Vmax

XL
h¼1

NhSh yð Þ
 !2

ð1Þ

where nreq is the required total sample size, Vmax is the

maximum sampling variance of the total area, Nh is the

number of 1 km squares in stratum h, Sh is the spatial

standard deviation of y within stratum h, y is the land cover

class or habitat being sampled and Vmax is obtained by

multiplying the required coefficient of variation by the total

area of the population being sampled.

Results

The distribution map of the strata of the ESE is shown in

Fig. 4. The boundary between the nemoral and boreal

zones (Metzger et al. 2005) is almost precisely reproduced

at the border between classes 1–3 and 4–8. This result

confirms the significance and stability of this boundary,

since the ESE and the European Environmental Stratifica-

tion were generated from different climate and topography

data sets.

Names have been ascribed to the classes, which together

with summary information are shown in Table 3. In order

to better understand the characteristics of the environ-

mental strata, a brief description of each stratum based on

geomorphology, soils and land cover is presented in

Table 4.

The ESE was compared with the landscape classification

of Arold (2005) and the fuzzy kappa comparison yielded a

kappa statistic of 0.415, interpreted as ‘‘moderate strength

of agreement’’ (Landis and Koch 1977), which is indicative

of similarities between the classifications.

The correlations between the selected environmental

data sets and the ESE were significant at the 0.05 level. The

scatter diagram for the relationship of the cover manage-

ment factor mean value within each stratum with the first

PCA axis of the environmental variables is shown in

Fig. 5a and Table 2, with an r value of .77. A summary of

the percentage of each soil type within each stratum is

provided in Fig. 6

The results of the analysis of the 26 species are shown in

Fig. 5b and Table 2, with an r value of .76. This analysis

confirms the role of the principal environmental gradients

as determinant factors in the distribution patterns of the

flora of Estonia, therefore validating statistically the relia-

bility of the environmental stratification procedure.

Figure 5c and Table 2 show a correlation of the overall

land cover pattern and the underlying environmental
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gradients with an r value of .67. A summary of the per-

centage of each CORINE land cover class within each

stratum is provided in Fig. 7.

Based on the proposed sampling design and an initial

coefficient of variation set at 0.1, a total minimum number

of 40 1 km monitoring squares were obtained as a basis for

monitoring. The minimum required amount of monitoring

sites per stratum was therefore set at five, which were

assigned to the smallest stratum (Northern Lowlands). The

allocation of monitoring sites was subsequently weighted

according to stratum size, as described by Haines-Young

et al. (2000). This represents the most effective method for

reducing the final standard errors of any parameters for

which estimates are required. The result was a total sample

size of 100 monitoring sites and a final coefficient of

variation of 0.06. Further samples can be added later

Fig. 4 Distribution and short descriptive names for the eight environmental strata in Estonia

Table 3 Names of the strata of the ESE and the mean values of three climate variables and average altitudes

Environmental strata Area

(km2)

Average precipitation wettest

month (August) (mm)

Average max. temp.

warmest month (July) (�C)
Average min. temp. coldest

month (February) (�C)
Avg.

elevation

(m)

(1) Outer western coast and

Islands

4609 64 (3.4) 20 (0.4) -6 (0.6) 12 (8.7)

(2) Western Lowlands 6703 74 (5.1) 21 (0.4) -7 (0.4) 21 (15.3)

(3) Central Estonian plain 7577 84 (4.3) 22 (0.2) -8 (0.3) 46 (17.3)

(4) Northern Lowlands 2173 86 (2.1) 21 (0.1) -8 (0.4) 53 (23.5)

(5) Pandivere Uplands and

northern plain

8258 87 (4.6) 22 (0.2) -9 (0.3) 71 (25.8)

(6) Sakala Uplands and

inter-upland depressions

6251 82 (2..8) 22 (0.2) -8 (0.3) 64 (19.5)

(7) Eastern lowlands and

drumlins

5000 80 (2.7) 22 (0.2) -9 (0.4) 56 (18.8)

(8) Southern Uplands 2896 77 (1.8) 22 (0.2) -9 (0.2) 128 (43.1)

The highest and lowest values of each variable are highlighted. The two biggest lakes in Estonia (lake Peipsi and lake Võrtsjärv) were excluded

from the area calculations. Standard deviations are shown between brackets
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according to the objectives of a given project (Haines-

Young et al. 2000). Increasing the number of samples does

not usually change the total figures but reduces the standard

errors (Mateus 2004; Jongman et al. 2006).

Table 5 shows the current number of agricultural land-

scape monitoring sites in Estonia and the number of

additional monitoring sites needed per stratum. Further

steps in the construction of the stratified random sampling

design involve subdividing the strata into equal-area

polygons according to the number of sampling sites

required per stratum as described by Metzger et al. (2013).

Subsequently, a sampling 1 km square will be placed at

random within each equal-area polygon. A similar sam-

pling methodology has been successfully implemented in

Portugal (Carvalho et al. 2015).

Discussion

The methodology presented in this paper produced eight

unbiased environmental classes for Estonia that are based

on explicit criteria and explain its environmental variabil-

ity. The division between eastern and western environ-

mental regions in Estonia (Lippmaa 1935; Laasimer 1965)

has been confirmed in the ESE and many of the observed

distribution limits of plant species occur along this border

between nemoral and boreal strata, which is likely to shift

under climate change scenarios (Metzger et al. 2008).

Consequently, Estonia is an optimal location for modelling

the impacts of climate change.

The ESE differs from the previous environmental clas-

sification (Arold 2005) in having explicit statistical criteria

Table 4 Descriptions of the Estonian environmental strata based on geomorphology, soil and land cover

Environmental strata Description

(1) Outer western coast and islands The topography is dominated by limestone and sandy marine plains. The Landscape structure and

appearance is diversified by beach ridges and the mires between them. Nordic alvars are also common.

This region is mostly covered by forest, with a small amount of cultivated land. The largest islands of

Estonia–Saaremaa, Hiiumaa, Muhu and Vormsi—belong to this stratum

(2) Western Lowlands This stratum is flat and low, mostly below 20 m altitude. The region is dominated by limestone, varved

claya and abraded till plains landscapes with calcareous soils and calciphilous plant communities. Large

mires are located in the southern part. Cultivated areas are mostly drained

(3) Central Estonian plain The landscape is a plain characterized and dominated by limestone and till. The higher land is largely

cultivated. The lower areas contain Gleysols and are mainly covered with paludified forests

(4) Northern Lowlands The coastal plain rose above sea level only about 5000 years ago. Most of its sediments and relief forms

are of marine origin. There are several beach ridges, bars and dunes. A large section of the Baltic

limestone klint extends along the shore of this region. The strips of coastal formations, alternating with

strips of mire, create distinctive streaky landscape patterns. Large areas, especially near the mouths of

the rivers, are covered by marine sand

(5) Pandivere Uplands and northern

plain

The uplands have been flattened by the erosion activity of glaciers. This stratum is characterized by

cultural landscapes with intensive agriculture and numerous large rural settlements. The limestone plains

reach 60–80 m altitude and Regosols are widespread. The Baltic klint reaches its highest point 55.6 m in

Ontika, located on the coast. Fertile till plains occupy larger areas in the west, and form the main

agricultural area in Estonia

(6) Sakala Uplands and inter-upland

depressions

The Sakala Uplands are characterized by sandstone bedrock and a deeply dissected present-day

topography. Inter-upland depressionsb are located between the uplands and hills. The higher areas that

contain the washed till plains are mostly cultivated and in the lower parts paludified forestsc are found

(7) Eastern lowlands and drumlins The lowlands surround Lake Peipsi up to an altitude of 40 m. Abraded till, sandy and loamy plains are

widespread. The lowland region is the most paludified area in Estonia. Large mires are found in the

southern part. The Saadjärve drumlin field is 90–100 m higher than the surrounding areas. The

topography consists of about 100 drumlins (maximum altitude 144 m) formed by glacial erosional

processes, located parallel to each other and separated by paludified and lake-filled depressions, as well

as glacial till plains. Cultivated drumlins and the forested depressions between them have created a

unique striped landscape pattern

(8) Southern Uplands The Southern Uplands include the Otepää, Haanja and Karula Uplands. The average altitudes of the region

extend from 150 to 230 m above the sea level. The highest hill of Estonia (318 m) is located in this

region. The dominant geomorphological features are till-covered kamesd. The landscape is fragmented

with small patches that are dominated by semi-natural grasslands and forests

a Alternating layers of glacial sedimentary clay
b Marginal formations between glacial ice flows
c Forests where a thick peat layer has developed and peat accumulation is still continuing
d Mound-shaped depositions of glacial origin
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for defining the classes and is therefore independent of

personal judgement. The comparison with the classification

of Estonian landscapes confirms the fact that, although

based on contrasting conceptual frameworks and data sets,

the ESE and the Estonian landscape regions reflect the

same general environmental patterns. Jones and Bunce

(1985) and Metzger et al. (2005) reached the same con-

clusion with respect to the validity of statistical classifi-

cation versus intuitive and expert knowledge-based

procedures, proving the benefits of statistically robust

stratification methods. More recently, Carvalho et al.

(2015) confirmed the value of the approach described in the

present paper.

Several regressions were calculated between the ESE

and environmental data sets. The distribution patterns of

the environmental strata are related to the known distri-

bution of individual plant species, two of which are

shown in Fig. 8. Myrica gale is a north-western Atlantic

species and a major contributor to vegetation cover in the

bogs of western Britain and Norway. In contrast, Cha-

maedaphne calyculata is a species with affinities with

continental conditions, which replaces Myrica gale, to

some extent, occupying a similar role within bog habitats.

Regarding land cover, many factors, such as socio-eco-

nomic changes, major political decisions and cultural

background, have affected its distribution patterns (Man-

der and Palang 1994; Fuchs et al. 2013). However, the

results shown in Fig. 5c demonstrate that the overall

pattern is still correlated with the underlying environ-

mental gradients.

The number of strata that is required should be deter-

mined according to the objectives of individual projects.

Bunce et al. (1996) discussed the use of complex stopping

rules, such as testing the variance between the classes and

concluded that, in order to obtain statistically reliable

results, the most appropriate procedure is to define a

minimum size of group that is appropriate for the objec-

tives of the particular project. The divisions made for large

regions such as Europe will inevitably be much coarser

than for a small country such as Estonia but this does not

detract from their value in selection of representative sites,

which will be based on the variation within the given

domain. The statistical procedure inside the clustering

algorithm ensures that the environmental gradients within a

bFig. 5 Orthogonal regression plots between the mean values for each

stratum of the first principal component of principal components

analysis (PCA) of the variables used for constructing the Environ-

mental Stratification of Estonia (ESE) and comparable values from

three independent data sets. a Mean values of the cover management

factor within each stratum compared with the ESE. b Mean values for

the canonical correspondence analysis (CCA) scores for 26 vascular

plants for each stratum compared with the ESE. c Mean values of the

PCA values for CORINE land cover classes for each stratum

compared with the ESE
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given region and the corresponding variation in the data are

appropriately clustered in the resulting strata. Additional

divisions within a large region can be made for specific

objectives. An example of subdividing classes is given by

Jongman et al. (2006), who partitioned three EnS strata in

the Alpine South zone into six substrata according to alti-

tude in order to capture the full complexity of the Alpine

zone from valley floors to summits. Because climate data

are continuously variable, there is rarely any natural cut-off

point, as is often the case in the analysis of plant taxonomic

data.

The climate data used in the construction of the ESE

were the best available at the time of analysis. However,

when more detailed data become available, it could be used

to update the stratification in order to improve the defini-

tion of boundaries between classes. When the boundaries

are shifted, a reassessment of the existing sample and an

assessment of the need of additional 1 km monitoring

squares are needed. Barr (2011) provides a complete

overview on how to proceed when monitoring sites are

reallocated. However, Bunce et al. (1996) showed that, in

practice, only minor variations are observed through re-

Fig. 6 Distribution of the

European Soil Database soil

types (European Commission

2004) within each stratum of the

ESE. Strata names are given in

Fig. 4 and Table 3

Fig. 7 Distribution of CORINE land cover 2006 classes (aggregated at the second level) within each stratum of the ESE. Strata names are given

in Fig. 4 and Table 3
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classification. In addition, any inefficacies in the strata will

be incorporated in the standard errors of the field estimates

(Metzger et al. 2005).

In order to make informed decisions, reliable moni-

toring data derived from statistically robust sampling

designs are required (Ortega et al. 2011). In this regard, a

main shortcoming of the agricultural landscape monitor-

ing methodology in Estonia has been the lack of a

framework for the objective selection of monitoring sites

for stock and change of vegetation and habitats. The

sampling efficiency is maximized when the population is

stratified according to the environmental gradients that

define the site characteristics (Jongman et al. 2006). As

described in this study, the ESE has been used as a

framework to optimize the ALM programme in Estonia in

order to obtain more reliable estimates of spatiotemporal

trends of land use. The number of monitoring sites was

determined based on the coefficient of variation of agri-

cultural land within the 1 km squares in Estonia. As

stated by Jongman et al. (2006), improvements in the

sampling effort can be made in later stages, once

exploratory data have been collected. The results obtained

from the representative set of sampling sites can subse-

quently be extrapolated into national or regional estimates

(Bunce et al. 1996; Haines-Young et al. 2000).

Another key objective of the ESE is providing the

framework for modelling exercises. Several modelling

exercises have been previously performed using environ-

mental stratifications as a framework. For example, Petit

et al. (2001) assessed the consequences of environmental

change for biodiversity in each of the EnS. On the other

hand, Bugter et al. (2011) examined the likelihood of

exotic species to survive according to temperature zones

defined by the Global Environmental Stratification (Met-

zger et al. 2012) and climate change models. Leito et al.

(2015) used the European stratification as a framework to

assess the effects of climate change in wintering and

stopover sites of the Eurasian crane (Grus grus).

A current ongoing project in ecotones and boundaries in

Estonia has recently implemented the ESE to examine the

potential effects of climate change on habitats and groups of

Table 5 Number of existing habitat monitoring sites in each of the strata of the ESE and the number of additional sites needed to obtain

statistically robust national estimates of vegetation and habitats

Stratum No. of existing

monitoring sites

Area (km2) No. of monitoring

sites needed

No. of extra monitoring

sites needed

(1) Outer western coast and islands 2 4609 11 9

(2) Western Lowlands 4 6703 15 11

(3) Central Estonian plain 4 7577 17 13

(4) Northern Lowlands 0 2173 5 5

(5) Pandivere Uplands and northern plain 4 8258 19 15

(6) Sakala Uplands and inter-upland depressions 5 6251 14 9

(7) Eastern lowlands and drumlins 4 5000 12 8

(8) Southern Uplands 1 2896 7 6

Fig. 8 Distribution of two species of vascular plants in Estonia as

representatives of other species in the country. Chamaedaphne

calyculata (a) and Myrica gale (b) overlaid on the strata shown in

Fig. 3. The distribution of these species has been previously published

(Kukk and Kull 2005)
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species. In this regard, Liivamägi et al. (2013) showed the

changes in the distribution of the Clouded Apollo butterfly

(Parnassius mnemosyne). The distribution of this species is

strongly limited to classes four, five, seven and eight of the

ESE, and further work is needed to model the changes in the

distribution limits based on climate change models. More-

over, the ESE is currently being used for vegetation and

habitat recording from dispersed random squares based on

the procedure described in this paper and previously defined

by Metzger et al. (2013) and Carvalho et al. (2015). Further

applications include the assessment of the provision of

certain ecosystem services, utilizing the environmental

strata as units for stratified random sampling.

The European Environmental Stratification has previ-

ously been used to evaluate the potential impact of climate

change in the provision of ecosystem services (Metzger

et al. 2006). The climate change scenarios created for

Estonia show a range of results, depending on the general

circulation models and IPCC storylines adopted. However,

mean increases of 10–20 % in annual precipitation and a

mean warming by 2.3–4.5 �C are projected by the end of

the twenty-first century (Jaagus and Kaupo 2015). The

implications for biodiversity and ecosystem services pro-

vision in Estonia have yet to be determined, but the ESE

will make such analyses possible. Consequently, further

research will involve coupling climate change models

(climate change simulations have already been calculated

in Estonia by Luhamaa et al. (2014) with the Environ-

mental Stratification of Estonia. This approach has already

been tested by Metzger et al. (2008). By incorporating

climate change predictions in the stratification as input

data, the future distribution of the strata can be quantified

in terms of the direction and extent of change. The results

of such analyses will in due course enable the estimation of

the potential changes in ecological resources and the pro-

vision of ecosystem services in Estonia.

Conclusions

The Environmental Stratification of Estonia (ESE) was

constructed using climate and geomorphological data and

applying standard statistical procedures. The classification

has been tested and correlated with environmental data sets,

demonstrating that the strata are representative of the

principal underlying environmental gradients. Because the

strata are determined statistically and independently of

personal judgement, the ESE provides the framework for

optimizing the existing agricultural landscape monitoring

programme in Estonia, in order to obtain statistically robust

figures. Furthermore, the ESE will provide the background

for modelling the effects of climate change on habitats,

species distribution and the provision of ecosystem

services.
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Liivamägi A, Kuusemets V, Luig J, Kask K (2013) Changes in the

distribution of Clouded Apollo Parnassius mnemosyne (Lepi-

doptera: Papilionidae) in Estonia. Entomol Fennica

24(3):186–192

Lippmaa T (1935) Main features of Estonian geobotany. University of

Tartu, Tartu (in Estonian)
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JP, Jongman RHG, Trabucco A, Zomer R (2013) Environmental

stratifications as the basis for national, European and global

ecological monitoring. Ecol Indic 33:26–35. doi:10.1016/j.

ecolind.2012.11.009
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Ståhl G, Allard A, Esseen PA, Glimskär A, Ringvall A, Svensson J,

Sture Sundquist S, Christensen P, Gallegos Torell Å, Högström

M, Lagerqvist K, Marklund L, Nilsson B, Inghe O (2011)

National inventory of landscapes in Sweden (NILS)—scope,

design, and experiences from establishing a multi-scale biodi-

versity monitoring system. Environ Monit Assess 173:579–595.

doi:10.1007/s10661-010-1406-7

Ter Braak CJF (1986) Canonical correspondence analysis: a new

eigenvector technique for multivariate direct gradients analysis.

Ecology 67(5):1167–1179. doi:10.2307/1938672
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Abstract

Throughout the second half of the 20th Century, the area of semi-natural grasslands in the
Baltic States decreased substantially, due to agricultural abandonment in some areas and
intensification in more productive soil types. In order to halt the loss of biodiversity and
ecosystem services provided by grasslands, the LIFE+ programme funded project, LIFE
Viva Grass, aims at developing an integrated planning tool that will  support ecosystem-
based  planning  and  sustainable  grassland  management.  LIFE  Viva  Grass  integrated
planning tool is spatially explicit and allows the user to assess the provision and trade-o s
of grassland ecosystem services within eight project case study areas in Estonia, Latvia
and Lithuania.

In  order  to  ensure  methodological  adaptability,  the  structure  of  the  LIFE  Viva  Grass
integrated planning tool follows the framework of the tiered approach. In a multi-tier system,
each consecutive tier entails an increase in data requirements, methodological complexity
or both. The present paper outlines the adaptation of the tiered approach for mapping and
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assessing ecosystem services provided by grasslands in the Baltic States. The first tier
corresponds to a deliberative decision process: The matrix approach is used to assess the
potential  supply  of  grassland ecosystem services  based on  expert  estimations.  Expert
values  are  subsequently  transferred  to  grassland  units  and  therefore  made  spatially
explicit.  The  data  collected  in  the  first  tier  was  further  enhanced  through  a  Principal
Components Analysis (PCA) in order to explore ES bundles in tier 2. In the third tier, Multi-
Criteria Decision Analysis is used to target specific policy questions.

Keywords

Ecosystem services, grasslands, tiered approach, integrated planning

Introduction

Semi-natural grasslands represent complex ecosystems that provide a variety of di erent
ecosystem functions and services, essential for maintenance of biodiversity as well as for
survival and well-being of human society (Bullock et al. 2011). According to the ecosystem
services (ES) categories defined by the Millennium Ecosystem Assessment (Sarukhan et
al.  2005)  and  TEEB  -  The  Economics  of  Ecosystems  and  Biodiversity  (TEEB  2010),
grasslands contribute to provisioning services – e.g. hay for animal feeding, biomass for
energy production, herbs for medical treatment, genetic resources; regulating services –
e.g. water regulation, soil retention, nutrient regulation, pollination; cultural services – rural
and urban landscape and its aesthetic qualities and cultural heritage, providing the basis
for recreation and tourism, as well as quality of life for living in that area; and supporting
services – biomass production, nutrient cycling and soil formation amongst others. Loss of
grassland biodiversity leads to degradation or even destruction of the ecosystem functions
and services, which would require substantial financial investments to maintain or provide
these services artificially.

In the Baltic States, as in many parts of Europe, rural areas are undergoing the process of
marginalisation and related social and economic decline, that is resulting in depopulation,
departure from the labour force and consequent abandonment of grasslands (Järv et al.
2016; Kliimask et al. 2015; Nikodemus et al. 2005; Ruskule et al. 2013; Strijker 2005). In
addition,  the former  rural  lifestyle  and traditional  farming practices for  maintaining high
ecological value grasslands are vanishing (Antrop 2005; Ruskule et al. 2013). Due to the
depopulation of rural areas as well as lack of economic motivation for the maintenance of
grasslands,  they  are  often  transformed  into  forests  or  intensive  agricultural  lands
(Vanwambeke et al. 2012). With the accession to the EU and the availability of agricultural
subsidies, the share of managed agricultural land has increased (Nikodemus et al. 2010).
However, this has not prevented the decline of the semi-natural grasslands area, since the
subsidies, in general,  provide more favourable conditions for the promotion of intensive
farming  practices  and  agriculture  production  (Vinogradovs  et  al.  2016)  rather  than
maintaining semi-natural grassland habitats (Halada et al. 2017, Zariņa et al. 2017). The
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unfavourable conservation status of the semi-natural habitats in the Baltic States has also
been proven by the recent reporting of the Member States to European Commission under
Article 17 requirements of the Habitats Directive (European Commission 2015).

The EU Common Agricultural Policy (CAP) is recognised as a major driver of agricultural
land use,  in uencing rural  development,  landscape change as well  as  determining the
grassland management practices (Lüker-Jans et al. 2016; Strijker 2005). This is also the
case in the Baltic States, where the EU and national agriculture policies, along with nature
conservation and,  to  some extent,  the climate change mitigation and energy e ciency
policy, promoting the use of biomass as a renewable energy source, were identified as the
most  important  in uencing  factors  on  grassland  management  and  thus  impacting  the
status  of  grassland  ecosystems and  services  they  provide  (Ruskule  et  al.  2015).  The
protection  of  semi-natural  grasslands  is  indirectly  set  as  one  of  the  environmental
objectives  of  the  CAP  and  is  supported  through  the  Rural  Development  Programmes
(RDP) by the agro-environmental measures, targeted to maintain grasslands and related
biodiversity  by "restoring,  preserving and enhancing ecosystems related to agriculture".
However,  due  to  insu cient  coordination  between  agriculture  and  nature  conservation
authorities, the environmental ambitions of the RDPs measures in the Baltic States are
rather  low  (Ruskule  et  al.  2015).  Additionally,  the  inconsistencies  amongst  the  policy
targets of di erent sectors lead to con icts in land use and a decrease of semi-natural
grassland area and quality (Rūsiņa 2017). This calls for a more integrated approach to
policy-making  and  land  use  governance,  which  would  address  the  trade-o s  between
di erent policy objective and management practices. The concept of ES can contribute to
balanced  and  integrative  resource  management  by  facilitating  cross-scale  and  cross-
sectoral planning (Fürst et al. 2017).

The project “Integrated planning tool to ensure viability of grasslands – LIFE Viva Grass”
aims to support the maintenance of biodiversity and ES provided by grasslands, through
encouraging ecosystem-based planning and economically viable grassland management.
The  major  task  of  the  project  is  implementing  the  aims  and  objectives  through  an
Integrated Planning Tool (hereinafter the Viva Grass tool) that will help to make decisions
for  sustainable  grassland  management  by  strengthening  linkages  between  social,
economic, environmental, agricultural fields and policies, emphasising the ES approach.
The  Viva  Grass  tool,  developed  within  the  project,  provides  spatially  explicit  decision
support for landscape and spatial planning that sustains biodiversity, fortifies the provision
of  ES in  agroecosystems,  aims to  prevent  loss  of  High  Nature  Value  Grasslands  and
increases the e ciency of semi-natural grassland management. The tool is integrated into
an online GIS working environment which allows users to assess the provision and trade-
o s of grassland ES in user-defined areas. The tool is divided into two sections: a general
information  platform  freely  available  for  the  general  public  and  a  planning-orientated
platform available only for registered users. LIFE Viva Grass encompasses nine case study
areas (two farms, four municipalities, two protected areas and one county) across the three
Baltic States (Estonia, Latvia and Lithuania).

Recent literature shows a wide array of integrated modelling systems aimed at supporting
environmental decision-making, with an increased integration of the ES framework (Grêt-
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Regamey et al. 2017; Jakeman et al. 2011). Malinga et al. (2015) show that the ES concept
is  best  implemented  into  decision-making  when  the  scale  of  assessment  is  local  or
regional, although the implementation of the concept has generally focused on a narrow
selection of ES at those scales. Moreover, most of the approaches are mono-disciplinary,
using  either  biophysical,  social  or  economic  valuations  (Schägner  et  al.  2013).  These
shortcomings  may  be  due  to  the  di culties  of  integrating  multiple  ES  and  multiple
disciplines into easily manageable modelling systems. The Viva Grass tool is structured as
a  tiered  system  that  provides  methodological  adaptability  and  helps  overcome  the
aforementioned problems. As defined by Grêt-Regamey et al. 2015, each consecutive tier
entails an increase in data requirements, methodological complexity or both.

The  aim  of  this  paper  is  to  describe  a  methodology  for  the  adaptation  of  the  tiered
approach  to  map  and  assess  the  supply  of  ES  by  grassland  in  the  Baltic  States.
Furthermore,  the  paper  outlines  the  implementation  of  the  tiered  approach  into  an
integrated planning tool aimed at informing and supporting decisions related to sustainable
grassland  management.  Beyond  the  methodological  description,  the  advantages  and
shortcomings of such an approach are discussed.

Methods

Data availability: Towards a typology for grassland ES assessment

The spatial scale of the project posed a challenge in terms of data availability and data
homogenisation. European-scale maps such as CORINE land cover (Soukup et al. 2016)
do not o er the level of spatial and thematic detail required to link, in a spatially explicit
way, grassland classes with the ES they provide. On the other hand, the basic national
LULC maps di er substantially from one country to the other in terms of their thematic
scales. A key requirement of the study was to develop an ES mapping and assessment
based on a common classification of grassland types. A transnational basemap allows for
comparisons between countries and the development of a shared methodology.

The potential delivery of ES is determined by the interaction of natural capital attributes,
comprising  both  biotic  and  abiotic  component  and  human  inputs  and  management
strategies  (Smith  et  al.  2017).  Based  on  these  notions,  the  grassland  classes  that
constitute the Viva Grass basemap were defined according to two main factors:

1.  The  underlying  natural  conditions:  Two  factors  were  selected  as  descriptors  of  the
environmental conditions that underpin the provision of ES in the grasslands of the Baltic
States: Land quality and slope. The concept of land quality is an integrated evaluation of
fertility  of  soils  used in  the Baltic  States'  land evaluation systems and is  composed of
several factors, e.g. soil  texture, soil  type, topography, stoniness and level of cultivation
(pH, A horizon dip,  amount of  organic matter).  Land quality is expressed in points per
hectare with 100 points being maximum (Boruks 2001; Vinogradovs et al. 2018). The land
quality layer was divided into three classes: (1) less than 25 points, (2) 26-50 points, (3)
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above 50 points; additionally, hydromorphic soils (organogenic deposits) were extracted to
create class 4. Soils have previously been identified as a crucial component of ES delivery
(Greiner et al. 2017). Moreover, soil structure has been repeatedly used as an indicator of
soil functions (Rabot et al. 2018). Low quality soils (1) are associated with poor soils with
sandy soil texture, high risk of erosion, low capacity of nutrients supply and exchangeable
elements and biological activity and very low estimated yields. Medium land quality soils
(2) are associated with loamy sand soil texture, relatively low organic matter, low fertility,
moderate capacity to accumulate nutrients and exchangeable elements. High land quality
soils  (3)  are  associated  with  loam and  clay  soil  texture,  moderate  soil  fertility,  a  high
percentage  of  organic  matter  and  capacity  to  accumulate  nutrients  and  exchangeable
elements. Hydromorphic soils are soils developed on organogenic deposits, characterised
by various soil  fertility and a relatively high rate of biological activity (Dube et al. 2001;
Keesstra et al. 2012; Shaheen et al. 2013).

The slope has little or no direct in uence on the yield of crops, but steeper slopes are
associated with shallower soils with less water retention capacity due to gravity and with a
higher risk for soil erosion (Van Orshoven et al. 2012), thus impacting ES supply potential.
The  slope  layer  was  subdivided  into  three  categories  according  to  the  gradient  of
steepness:

1. plain surface (0  – 4 ),
2. gentle steepness (5  – 10 ) and
3. steep slope (>10 ).

The  categories  were  created  during  expert  assessment  and  designated  as  erosion
potentiality  where:  the  first  category  represented  no  soil  erosion,  second  category  –
minimal  soil  erosion  and  third  category  -  noteworthy  soil  erosion  potential.  The  slope
dataset was generated from DEMs (10 m cell) (Fig. 1).

o o

o o

o

 
Figure . 

LIFE Viva Grass basemap work ow.
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2.  The management  regime of  the  grasslands:  Three types of  grassland management
regimes and one type of cropland were considered in the analysis as the foundation for
creating the ES supply  potential  basemap,  namely:  cultivated,  permanent,  semi-natural
grasslands  and  arable/cropland.  One  of  the  main  driving  factors  for  di erent  supply
potential  of  ES in grasslands is the intensity of management or level of  interference in
topsoil. Cultivated grasslands are seeded (often a monoculture – Festuca sp., Phleum sp.,
Dactylis sp.) and ploughed, usually included in crop rotation and less than five years of
age. Cutting of grass is undertaken several (up to four) times a season. Fertilisation is also
a common practice to maintain high yields. Cultivated grasslands are associated with
intensive farming systems. Permanent grasslands are generally defined as land used to
grow grasses naturally or through cultivation which is older than five years. This type of
grasslands  is  rarely  seeded,  contain  both  natural  vegetation  and  cultivated  species.
Permanent grasslands are excluded from crop rotation, mostly used as hay fields and cut
not  more  than  two times  a  season  or  used  as  pastures.  Permanent  grasslands  are
associated  with  low  input  farming  systems.  Semi-natural  grasslands  are  the  result  of
decades  or  centuries  of  low-intensity  management  and  are  currently  not  seeded  or
ploughed. Semi-natural grasslands contain high levels of biodiversity (Bullock et al. 2011;
Dengler and Rūsiņa 2012) and are used as low-intensity pastures or hay fields (one late
cut per season) or solely managed to receive agri-environmental payments (Vinogradovs et
al.  2018).  Arable/cropland  is  defined  as  intensively  managed  farmland  used  for  crop
production, ploughed at least one time in the season and usually fertilised.

The grassland classes alone do not account for the spatial dimension of ES. As pointed out
by Walz et al. (2017), Service Providing Areas (SPAs) constitute the best way to spatially
capture the complex ecological systems that underlie the delivery of ES. Service Providing
Areas can be defined as spatially delineated units that encompass entire ecosystems, their
integral populations and the underlying natural capital attributes. The unit used to define
SPAs and map the potential delivery of grassland ES was the "basic agro-ecological unit"
or field, which comprises the grasslands spatial configuration and boundaries. The basic
agro-ecological unit is the smallest relevant unit to apply a management decision, defined
as a continuous area with identical land-use.

The national Integrated Administration and Control Systems (IACS) were selected as the
source of information for grassland management regime and map’s basic spatial unit or
SPAs. IACS databases are the most important system for the management and control of
payments to farmers in the EU and contain a system for the identification of all agricultural
parcels  and  their  management  regime.  IACS have  the  same structure  throughout  EU,
consequently simplifying the process of data integration within a transnational basemap.

Each  of  the  above-mentioned  factors  is  represented  by  one  spatial  layer  and  were
combined in a GIS environment through map algebra and GIS processing operations. Fig.
1  shows the classification of  input  variables  and the data  sources.  As a  result  of  this
process, 30 grassland classes were obtained (Fig. 2). Additionally, 10 arable land classes
and 10 abandoned land classes were included in order to allow for the assessment of
di erent LULC change scenarios. The SPAs generated in this process were used in the
assessment of provisioning and regulating and maintenance ES. In the case of cultural ES,
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the evaluation does not follow the grasslands classification and the SPAs are solely defined
based on the spatial configuration and boundaries of the grassland parcels.

The tiered approach

One of the main aims of the Viva Grass project is o ering integrated, ecosystem-based
planning  solutions  based  on  economically  viable  grassland  management  scenarios.
Additionally,  the  implementation  of  economically  viable  grassland  management  models
targets areas of di erent natural and socio-economic contexts. Given the spatially explicit
nature of the processes being addressed in the project, there is a need to establish links
between spatial data on ES, agricultural, natural and socio-economic contexts in order to
achieve the above-mentioned goals. The multi-scale nature of Viva Grass case studies, as

 
Figure . 

Extract of the expert-based scores matrix including grassland classes 21 to 30, corresponding
to semi-natural grasslands. A total of 30 grassland classes plus 10 arable land classes were
evaluated. The full version of the expert-based scores matrix is included as a supplementary
file (Suppl. material 1).
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well as the di erences in data availability and spatial and thematic scales across the three
Baltic States, require a consistent but exible approach. As it has been pointed by Dunford
et al. (2017), individual ecosystem service tools rarely meet the needs of multi-stakeholder
processes and the complexity of land management scenarios. A structured combination of
tools and methods o ers the exibility required to meet a wide range of needs. In order to
ensure  methodological  adaptability  and  overcome  the  aforementioned  problems,  the
structure of the Viva Grass tool follows the framework of the tiered approach. In a multi-tier
system, each consecutive tier  entails an increase in data requirements,  methodological
complexity or both (Grêt-Regamey et al. 2015). In the framework developed within Viva
Grass, the tiers are not only defined by the methods used within each tier, but also by the
policy questions to be answered by each tier (Fig. 3).

Policy- and decision-makers face di erent challenges, thus their demand for knowledge on
ES varies depending on their specific management needs (Dick et al. 2017). In Viva Grass,
regular contacts and engagement with stakeholders in designing the tool  brought up a
range of issues that can be grouped as proposed by several authors studying the use of
ES information and knowledge in decision-making (Klein et al. 2015; McKenzie et al. 2014;
Wright et al. 2017). For many local, regional and sectoral stakeholders, the concept of ES
is  still  new,  therefore  the  tool  provides  conceptual information  on  ES  that  helps  to
understand the ES approach, the spatial distribution of ES and the links between land use
and ES supply. The tool also aims at supporting strategic planning by evaluating trade-o s
between  di erent  development  alternatives  or  scenarios,  therefore  helping  users  in
identifying new types of policies and policy options based on the ES approach. Finally, the
tool aims at answering an instrumental group of questions, e.g. setting priorities or spatially
identifying the most suitable management measures for sustainability of grasslands.

 
Figure . 

The tiered approach for grassland ES mapping and assessment in the Baltic States.
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Tier 1

At tier 1, the potential supply of grassland ES is assessed through the matrix approach
based on multiple datasets.This type of tools often uses landuse or landcover data to map
ES supply and demand (Burkhard et al. 2010). The information contained in LULC maps is
generally combined or “enriched” with vegetation and habitat maps in order to obtain a
more precise definition of SPAs. As outlined in the previous section, the grassland classes
used in the Viva Grass ES matrix are the result of the combination of several datasets. The
SPAs obtained in the process constitute the basis for the ES matrix evaluation, but also
allow  for  a  spatial  representation  of  the  ES  matrix  scores.  The  level  of  detail  of  the
grassland classes re ects a deeper biophysical complexity than the national LULC maps.
Complex grassland classes provide experts with a proxy-phenomenological model to score
the supply of ES. Phenomenological models include an additional understanding of the
underlying biophysical variables that underpin ecosystem functions (Dunford et al. 2017).
Ultimately,  proxy-phenomenological  models  lead  to  a  better  understanding  and
quantification  of  more  intangible  ES,  specifically  those  under  the  regulation  and
maintenance category.  Previous  studies  have used the  matrix  approach to  assess  ES
supply  and  vulnerability  in  combination  with  scenario-based  assessments  in  alpine
grasslands and agro-sylvo-pastoral systems (Dechazal et al. 2008). Lavorel et al. (2010)
also used a matrix-based approach to  link  ecosystem properties  to  ES in  a  subalpine
grassland landscape based on stakeholders perceptions and expert opinions. The impacts
of nature conservation on the delivery of ES in river, coastal and chalk grasslands were
assessed by Eastwood et al. (2016) using expert ranks.

Within Viva Grass, the tiered approach with expert-based scores was used exclusively to
assess the supply of ES belonging to the provisioning and regulating and maintenance
categories (CICES 2015). This is due to the fact that cultural ES were not directly linked to
grassland classes. Instead, cultural ES were assessed based on SPAs and on the context
of each grassland’s surrounding landscape and its features.

Five experts per country (Estonia, Latvia and Lithuania) were selected for the grassland ES
supply valuation. The selection was based on the experts’ knowledge of grassland ecology,
agricultural management, agri-environmental policy and the study areas. The valuation of
ES  potential  supply  was  structured  as  a  three-step  process:  in  the  first  step,  the
international experts panel selected a relevant set of ES provided by grasslands and one
indicator per ES. The selection of ES was based on the experts' knowledge on grasslands'
ecosystem and recent literature (Bullock et al. 2011; Frélichová et al. 2014; Lamarque et al.
2011). In the second step, experts individually scored the provision of ES by the grassland
classes whereas in the third step, experts came to an agreement on the ES supply values
in a series of focus group discussions (FGDs). In the second step, respondents were asked
to score the potential  provision of  ES based on a qualitative scale ranging from 0 (no
relevant supply of the selected ES) to 5 (very high supply of the selected ES). In order to
ease the process, individual matrices were provided instead of the aggregated final ES
matrix. In each individual matrix, only one ecosystem service is represented, reducing this
way the amount of information experts handle in their first ES assessment. The third step
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consisted of several rounds of FGDs in which each expert contrasted his answers with the
rest of the group and had the opportunity to re-score the ES. This iterative process helps
achieve a certain degree of stabilisation of the final scores (Jacobs et al. 2015). The FGDs
ultimately aim at obtaining one single score per ecosystem service through a consensus-
building process.  Additionally,  FGDs help incorporate di erent  forms of  knowledge and
expertise into the ES assessment process. It is important to note that the experts were
asked to value only the potential  provision of  ES instead of  the realised ow. In semi-
natural systems, in uenced by human management actions, it is necessary to distinguish
between ES potential  and actual  ES ow. Provisioning ES may show large di erences
between potential supply and actual ow, depending on management strategies and policy
frameworks. The matrix, provided to the experts for the valuation, included not only the
grassland types and ES, but also one biophysical indicator per ecosystem service (Table
1). Biophysical indicators were included in order to help build a common understanding of
the ES under assessment.

Ecosystem service Indicator Factors determining ES

potential 

Provisioning services 

Cultivated crops yield (t/ha per year) Only arable land + soil
fertility

Reared animals and
their outputs

Number of Livestock Unit (LU/ha) Land use + soil fertility

Fodder dry weight of grass biomass Land use + soil fertility

Biomass-based energy
sources

dry weight of grass biomass Land use + soil fertility

Herbs for medicine Number of species and abundance Land use + soil fertility

Regulating services 

Bio-remediation - Land use + soil fertility

Filtration/storage/
accumulation

Soil capacity to store/accumulate nutrients (Kg ha-1) * Land use + soil fertility

Control of (water)
erosion rates

Amount of soil retained (kg/ha per year) Land use + soil fertility +
relief

Pollination and seed
dispersal

Diversity and occurrence of insects- pollinators (number of
species and number of individuals/ha)

Land use

Maintaining habitats Number of species per 1 m2 (except invasive species) Land use + soil fertility

Weathering processes/
soil fertility

Nutrients available for plant uptake by most important soil
texture classes

Land use + soil fertility +
relief

e . 

ES indicators and factors determining ES potential. The list of indicators was provided in order to
build a common understanding of the ES under assessment.

*in case of drained soils the value shall be lowered by 1 unit.
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Ecosystem service Indicator Factors determining ES

potential 

Chemical condition of
freshwaters

Absorption of nutrients Land use + soil fertility

Global climate regulation Carbon sequestration in vegetation and soils Land use + soil fertility

Tier 2

The  qualitative  nature  of  expert-based  assessments  is  not  an  obstacle  for  deeper,
statistics-based analysis. The data collected in the first tier was further enhanced through a
Principal Components Analysis (PCA) in order to explore ES bundles in tier 2. Focusing on
single  ES in  mapping  and  assessment  processes may lead  to  an  unbalanced  use  or
overexploitation  of  ecosystems  (Ingram  et  al.  2012;  Raudsepp-Hearne  et  al.  2010).
Bundles  analysis  o er  a  deeper  understanding  of  how  ES  are  associated  across
heterogeneous  landscapes  (Spake  et  al.  2017)  and  the  underlying  drivers  of  such
associations. The characterisation of ES bundles is especially relevant when it is used as a
tool to evaluate the impacts of management decisions and policies. An analysis of bundles
of grassland ES was carried  out  on  the  basis  of  the  expert-based assessment  matrix
produced in the previous step. However, cultural ES were excluded from this analysis due
to di erences in the evaluation methodology.

A  Principal  Components  Analysis was  carried  out  using  the  qualitative  scores  for
grassland plots (observations) and ES (variables) based on the matrix as input data.

Cultural ecosystem services

Tier  2  also  includes  the  assessment  of  cultural  ES.  The  nature  of  cultural  ecosystem
services  provided  by  grasslands  is  context-specific  and  the  factors  that  determine  the
provision of this set of services often show local-scale di erences. In this regard, experts
knowledge  may  not  fully  account  for  the  local  landscape  attributes  related  to  cultural
ecosystem services. Consequently, the Viva Grass methodology evaluates cultural ES in
the context of each grassland’s surrounding landscape and its features. This approach has
been identified by van Zanten et al. (2016) as attribute-based, using regionally relevant
landscape features that are commonly identified in public preference studies. Therefore,
cultural ES are not included in the ES matrix valuation method and they are evaluated
separately.

The selection of evaluation criteria for aesthetic value and cultural heritage was undertaken
based on the assessment of preferences for agricultural landscapes by van Zanten et al.
(2014), van Zanten et al. (2016) and van Berkel and Verburg (2014) and the review on
environmental heterogeneity by Dronova 2017. The landscape features used to measure
each cultural ES, along with their bu ering distances, are shown in Table 2. For each ES, a
composite indicator is calculated by aggregating landscape features based on presence/
absence  criteria.  A  landscape  feature  is  included  in  the  aggregation  if  a  particular
grassland plot falls within the bu ering distance of that specific feature. The results of the
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aggregation are then re-scaled to a zero-to-five qualitative scale. Similarly, physical and
experiential interactions and educational value were analysed based on the presence of
recreation  and  education-related  elements,  which  are  aggregated  and  re-scaled  into  a
composite indicator. Fig. 4 shows the supply potential of four cultural ES in Vaive parish,
within the pilot area of C sis Municipality (Latvia).

Ecosystem services Landscape features Buffering distance 

1. Physical and experiential interactions
(recreational) 

Rural recreational enterprises 3 km

Watching towers 300 m

Tourist trails 100 m

Area of hunting clubs 0 m

Camping sites 300 m

Social gathering sites 300 m

2. Educational Educational trails 100 m

Educational sites 100 m

3. Cultural heritage Monuments 100 m

Farmsteads before and in
19th century

100 m

Traditional land use (Wooded
meadow)

300 m

4. Aesthetics Water bodies, streams 300 m

Naturalness of surroundings 100 m

Naturalness of grassland itself from attributes of base map

Linear elements 300 m / from 1:10000 map hedgerows,
stone walls.

Relief STD of topography=10 as threshold in
5x5 km cells

Openness country specific density of forest in 5x5
km

Tier 3

The nature of  the analyses carried on the third tier  are driven by the policy questions
addressed.  Similarly,  the  variables  used  are  directly  related  to  the  questions  and
stakeholders targeted at this level of the multitier framework (see Fig. 3). At the third tier,
the SPAs are further enriched with additional information (e.g. annex I habitat type and
conservation status). Depending on the policy question being targeted, other sources of
data are used, such as the risk of abandonment, grass bioenergy potential or risk of giant

e . 

List of cultural ES and their evaluation criteria.
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hogweed invasion. The results obtained in Tiers 1 and 2 are combined with additional data
through Multi-Criteria Decision Analysis.

Multi-Criteria Decision Analysis (MCDA) has been described as a framework that assists
decision-making  processes  with  multiple  objectives  and  stakeholders,  taking  into

 
Figure . 

Supply potential of four cultural ES in Vaive parish, C sis municipality (Latvia).
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consideration multiple criteria (Belton and Stewart 2002). Koschke et al. (2012) highlight
the application-orientated facet of  MCDA and its ability to integrate di erent sources of
data. Other ES assessment tools and methodologies may be too scientifically focused and
fail in providing easily applicable solutions for planning and management. Moreover, the
planning or management goals are of a complex nature and cannot be undertaken with a
single indicator  or  dataset.  MCDA o ers a structured scheme that  combines data in  a
meaningful way. Ideally, a MCDA design should o er a certain degree of exibility, so that
the  same target  could  be  tackled  with  the  same tool  in  di erent  biophysical  or  socio-
economic contexts.

As stated by Esmail and Geneletti (2018), there is no unique approach to MCDA. Instead,
several  variations  exist,  which  di er  from each  other  in  terms  of  data  needs,  level  of
stakeholder  involvement  or  computational  complexity.  The MCDA development  process
within Viva Grass is based on the three stages identified by Geneletti and Ferretti (2015). In
the first stage, the objectives of the analysis are defined in FGDs between stakeholders
and the experts in charge of developing the MCDA. In the second stage, experts identify
the relevant analysis criteria and available data. Based on these, weighting scores and
aggregation  rules  are  defined  and  the  MCDA  constructed.  In  this  second  stage,
stakeholders are further consulted on the MCDA structure logic and the weights of criteria.
In the third stage, the model is run and the outputs are evaluated. Outputs are translated
into recommendations, e.g. grassland restoration guidelines. Through this process, the tool
users are able to explore di erent planning alternatives and their outputs in terms of ES
supply. These alternatives are constructed based on the choice of evaluation criteria and
the definition of weighting scores.

Within the framework of the Viva Grass project, MCDA has been used, not only to evaluate
the potential supply of certain ES, but also to spatially locate the demand forsuch services.
MCDA models were used to develop three Decision Management Systems (DMSs). Each
DMS is constructed based on a distinct MCDA structure and targets one or more specific
policy questions. The expert scores obtained in the first tier are used as input data in the
MCDA models and further enhanced with the results from the bundles analysis in tier 2 and
additional  information  relevant  to  the  policy  question  or  management  problem  being
addressed. Some of the data used in the MCDA are included as causal relationships, used
to link the grassland categories to data collected from literature or national statistics. In
other  cases,  MCDA uses  data  specific  to  the  particular  grassland  polygon.  All  MCDA
models are constructed on a GIS-based environment in order to obtain spatially explicit
outcomes and to facilitate the integration of results in di erent local and regional planning
processes.

In addition to the methods described above, the online tool  allows users to update ES
values on specific areas by uploading direct data acquired by field measurements. Primary
data can be used to estimate ES stock or ow values but are restricted at the site level.
However,  if  the  sampling  technique  has  been  designed  on  the  basis  of  statistical
representativeness,  primary  data  can  be  used  as  an  input  to  di erent  ES  modelling
approaches.
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Results

The outputs of each tier answer di erent policy- and decision-making questions (Fig. 3).
Moreover, the results of each tier feed into the next tier level as source data.

At  tier  1,  the  outputs  of  the  three-step  expert-based  assessment  were  gathered  in  a
grassland ES matrix. Fig. 2 displays the qualitative expert-based scores for 30 grassland
classes, 10 arable land classes, 10 abandoned land classes and 13 ES. These scores
correspond to the final stage of assessment, at which experts have reached a definitive
consensus.  The  ES  scores  were  subsequently  linked  to  the  grasslands  classes  and
represented in the basic map contained in the Viva Grass tool (Fig. 5), where users can
consult the spatial distribution of ES supplied by grasslands.

At  tier  2,  the  PCA  revealed  3  main  components  which  correspond  to  three  bundles
accounting for 90.53% of the total variance (Table 3). The first component accounts for
48.18%  of  the  total  variance  and  is  positively  correlated  with  herbs  for  medicine,
maintaining  habitats,  global  climate  regulation,  pollination  and  seed  dispersal and
negatively correlated with reared animals and their  outputs,  fodder and biomass based
energy sources . This component represents a trade-o  between provisioning ES related
with  intensified  grasslands  and  ES characteristic  of  semi-natural  habitats.  The  second
component  accounts  for  28.1%  of  the  total  variance  in  the  dataset  and  is  positively
correlated  with  filtration/storage/accumulation  by  ecosystems,  bio-remediation  by  micro-
organisms and chemical condition of fresh waters. The third component explains 14.25% of
the total variance and is positively correlated with control of erosion rates and weathering
processes/soil fertility. The factor loadings in show how the ES bundles, revealed by the
PCA,  correspond with  synergies  (following  the  definitions  by  Mouchet  et  al.  2014 and

 
Figure . 

Interface of the Viva Grass tool viewer. The viewer displays the ES maps corresponding to
Tiers 1 and 2.
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Spake et al. 2017) due to the high correlation between the ES in the bundle. The bundles
are named after the ES they contain.

Ecosystem Services 1

Component

2

Component

3

Component

Provisioning Reared animals and their outputs -0.958

Fodder -0.807

Biomass-based energy sources -0.808

Herbs for medicine 0.921

Regulation
& 
Maintenance

Pollination and seed dispersal 0.846

Maintaining habitats for plant and animal nursery

and reproduction

0.953

Global climate regulation 0.726

Bio-remediation by micro-organisms, plants and

animals

0.839

Filtration/storage/accumulation by ecosystems 0.845

Chemical condition of freshwaters 0.766

Control of (water) erosion rates 0.608

Weathering processes/soil fertility 0.902

Habitats  bundle:  Herbs  for  medicine,  maintaining  habitats,  global  climate  regulation,
pollination and seed dispersal.

Production  bundle:  Reared  animals  and  their  outputs,  fodder,  biomass  based  energy
sources, cultivated crops.

Soils bundle: Control of erosion rates, chemical condition of fresh waters, bio-remediation,
filtration/storage/accumulation by ecosystems and weathering processes-soil fertility. The
soils bundle includes both the second and the third component.

Naming the bundles helps communicate relevant information about the e ects of di erent
management strategies. In the context of ES, PCA has been used on qualitative matrix-
based evaluations by Depellegrin et al. (2016), Nikolaidou et al. (2017) and Zhang et al.
(2017) amongst others.

Visualising  the  spatial  configuration  of  ES  bundles  is  an  essential  step  in  order  to
incorporate the concept into planning processes. A grassland was mapped as belonging to

st nd rd

e . 

Factor loadings showing the correlation between the original variables (ES) and the components
extracted by the PCA. An ES was retained in a bundle if the factor loading was higher than 0.5.
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a certain bundle if all ES in the bundle in that particular grassland scored above average
(2.5)  (Fig.  6).  The  production  bundle includes  cultivated  and  permanent  grasslands  in
plains or gentle slopes and fertile soils. Permanent grasslands in low soil fertility and all
semi-natural grasslands, regardless of the soils type, are included in the habitats bundle.
The soils bundle includes all grasslands in medium and high fertility soils and organic soils.
The ES bundles revealed with this method are not mutually exclusive and overlaps may
occur.

Two examples are provided for the results of tier 3. As part of the Viva Grass tool, the
MCDA approach has been used in Estonia to guide local  and regional planners in the

 
Figure 6. 

Grassland ES bundles in a Viva Grass pilot area: Lääne County (West Estonia).
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implementation of the Green Network. The Green Network of Estonia complements the
network of  protected areas, combining them with natural  and semi-natural  areas into a
coherent  network  at  various  geographical  levels  (Raet  et  al.  2010).  Semi-natural
grasslands,  amongst  other  ecosystems,  are  one  of  the  key  components  of  the  green
network.  The  Green  Network  acts  as  guidance  for  the  development  of  general  and
comprehensive plans, in order to ensure ecological coherence and connectivity throughout
the country. One of the MCDA modules developed helps planners define Green Network
corridors  and  core  areas,  as  well  as  detect  con ict  between  conservation  and  urban
development priorities by combining grassland ES expert scores and ES synergies maps
together with data on habitats conservation status, biodiversity, current spatial plans and
transportation network data.

In one of the Latvian case study areas, the Viva Grass Integrated Planning tool was tested
to  support  the  landscape  management  planning  at  the  municipality  level.  The  MCDA
approach  was  applied  to  prioritise  sites  for  landscape  maintenance  or  restoration
measures.  The criteria  for  prioritisation included the value of  the four  cultural  services
(recreational,  educational,  cultural  heritage  and  aesthetic)  as  well  as  ecological  value
(based on the habitats bundle – herbs for medicine, maintaining habitats, global climate
regulation, pollination and seed dispersal). A local stakeholder group was involved in the
weighting  of  the  selected  five  criteria. The  results  of  the  prioritisation  were  used  to
determine  site  specific  management  measures  for  maintenance  or  improvement  of
landscape quality, which can serve as input to the municipality land-use policy documents.

Discussion

In recent years, several authors have undertaken the analysis of grasslands' value and
multi-functionality from the ES perspective (Bullock et al. 2011), addressing a wide variety
of scales, from regional (Maes et al. 2011) to landscape (Lamarque et al. 2011; Tscharntke
et al. 2005) and local (Grigulis et al. 2012; Öckinger and Smith 2006). The choice of ES
mapping and assessment  methodologies used is  frequently  directly  correlated with  the
scale  of  study.  Biophysical  methods  based  on  direct  field  measurements  have  been
commonly used at the local scale (Kohler et al. 2017) whereas expert-based assessments
or spatial proxies based on statistical data have been applied at the landscape or regional
scales  (Maes  et  al.  2011).  Although  there  are  studies  addressing  multiple  scales
assessments of ES (Rabe et al. 2016), very few focus on particular ecosystems or habitat
types. The analysis of ES at di erent spatial scales is, in theory, viable, but there are a
number of challenges that must be adequately identified and tackled in order to obtain
relevant results. In this regard, matching datasets and methods with the expected level of
detail  of  results  is  an  essential  step  to  achieve  e ciency.  However,  disentangling  the
complex association of spatial scales, data and methods is a challenging process that may
hinder the quality of results.

Data and maps availability  has been identified as a main constraint  in  ES supply  and
demand assessments (Palomo et al. 2018). This problem becomes more complex when
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the geographical scope of the analysis encompasses several countries: data varies greatly
in  terms  of  content  quality  and  spatial  and  temporal  scales  between  agencies  and
institutions. As a consequence, two main processes of the ES analysis are a ected: the
definition of a basemap containing the SPAs and the evaluation of ES supply and demand.
Some studies (Koschke et al. 2012, Larondelle and Haase 2013) have used regional scale
maps such as CORINE to overcome the lack of detailed basemaps at the national or local
level. However, downscaling regional maps entails high levels of uncertainty that should be
accounted for. Considering the loss of quality associated with broad-scale maps, the Viva
Grass  methodology  uses  map  algebraic  tools  to  combine  a  number  of  datasets  that
correspond to the environmental and management factors that underpin the provision of
ES.

The lack of accurate biophysical data also a ects the evaluation of ES supply and demand,
reducing the choice of available ES mapping and assessment methods. In this regard,
expert knowledge has been widely used as a substitute for biophysical methods in data-
scarce environments (Jacobs et al. 2015). Although expert-scoring tools provide a fast and
e cient way to evaluate the provision and demand of ES, they may show limitations when
used as input to more complex ES modelling tools. Within Viva Grass, the expert scoring
system used in tier one allows for an assessment of the spatial distribution of ES in the
pilot areas. Subsequently, tier 2 encompasses a bundles analysis that helps understand
the likely outputs of  grassland management options.  However,  the output of  the matrix
approach  lacks  the  detail  needed  when  addressing  some  of  the  specific  grassland
management issues. In this regard, the tiered approach used in the Viva Grass project
o ers  the  exibility  required  to  match  the  complexity  of  methods  with  the  accuracy  of
outputs driven by management and policy questions. Ascribing variables and datasets to
di erent  tier  levels,  depending  on  the  level  of  detail  required,  increases  the  overall
e ciency of the ES mapping and assessment process. Regarding the level of acceptance
of  the  expert-based  evaluation  by  stakeholders,  a  transparent  communication  of  the
evaluation process ensures that methodologies are credible and trusted. Within the Viva
Grass  project,  clear  communication  through  regular  national  discussion  round-tables
contributed to the acceptance of the proposed methodologies by stakeholders.

In the cases when data was available, MCDA models were developed and integrated into
tier 3 in order to answer specific grassland-related policy questions. The MCDA models,
developed in Viva Grass, use the results of the matrix model as input data, which is later
enhanced with supplementary data. However, there are some risks associated with the use
of MCDA. Stirling 2006 claims that in MCDA processes, the decisions about data, criteria
and  weightings  used  are  taken  by  a  small  group  of  experts,  therefore  limiting  public
discussion. This may, in turn, overlook the collective character of ES. Amongst the methods
proposed to  overcome this  risk,  deliberative  multi-criteria  evaluation  (DMCE) has been
used to incorporate a broader community understanding (Mavrommati et al. 2017). DMCE
uses processes of dialogue and deliberation in order to achieve a common understanding
on  ecosystem  services  and  related  scenarios.  DMCE  methods  have  previously  been
integrated  into  MCDA  frameworks  in  order  to  enhance  community  involvement and
knowledge building (Mavrommati et al. 2017; Proctor and Drechsler 2006). However, the
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resources required to  set  the appropriate  framework for  DMCE may hinder  the overall
performance of MCDA, especially in time-constrained projects.

Regarding cultural ES, the aesthetic and recreational values are often regionally specific,
depending  upon  the  preferences  stated  by  population  (van  Zanten  et  al.  2016).  It  is
therefore recommended to assess aesthetic and recreational preferences based on local or
regional perception whenever feasible. Cultural ES still present methodological challenges,
despite  the  wide  array  of  methods  available  (Gosal  et  al.  2018;  Hermes et  al.  2018).
Linking cultural ES with ecological functions would not account for the perceptual and non-
material  nature  of  these  services  (Stålhammar  and  Pedersen  2017)  and  therefore  a
separate set of methodologies is needed. This, in turn, presents an obstacle when a wide
set of cultural, provisioning and regulating ES is considered for analysis. In this regard,
consolidating methodologies and results into meaningful and applicable outputs requires
frameworks providing a high degree of integration of knowledge systems. On this subject,
the H2020 project ESMERALDA has compiled a exible methodology, including a "method
finder" online tool (Santos-Martin et al. 2018) and a conceptual framework for integrated
ecosystem assessment (Brown et al., in this volume).

Conclusions

The methodology developed within Viva Grass represents a cost-e cient and exible way
of evaluating the supply of grasslands ES at di erent spatial scales, in di erent regional
contexts, addressing a wide range of grassland-related management, planning and policy
issues. The multi-tier structure of the Viva Grass tool allows users to select the method that
best adapts to their knowledge demands. In this regard, the conservation of grasslands in
the Baltic States is in uenced by di erent sectoral policies and strategies. It is therefore
essential to develop tools that are able to target a wide range of stakeholders. The Viva
Grass methodology puts the ES framework into practice through a set of interrelated tools.
Using expert-based scores and the Viva Grass basemap, users are able to assess the
spatial distribution of grassland ES and the relations between landuse and ES supply. At a
strategic and planning level, ES bundles analysis allows evaluating grassland development
scenarios.  Finally,  users  can employ a  set  of  MCDA tools  to  spatially  locate  the most
suitable  grasslands for  action or  management  and prioritise  measures to  safeguard or
increase the supply of ES.

The  transition  of  the  ES  framework  from the  academic  sphere  into  practical  planning
applications  is  expected to  grow in  the  upcoming years,  therefore  similar  tools  will  be
needed to bridge the gap between science, policy and practice. However, methodologies,
tools, data and maps alone are not su cient for a successful implementation of the ES
framework (Rosenthal et al. 2014). Regular stakeholder engagement and capacity building
throughout the process of methodology design, evaluation and implementation is essential
for successful assimilation of the ES concept into policy and management.
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• Abandonment leads to degradation of
ecosystem services in semi-natural
grasslands.

• Surrogate indicatorswere used to detect
ecosystem services hotspots.

• Abandonment resulted in a decrease in
species diversity in three out of four
grassland types.

• Wooded meadows and pastures have
the highest proportion of ES hotspots.

G R A P H I C A L A B S T R A C T

a b s t r a c ta r t i c l e i n f o

Article history:
Received 8 June 2018
Received in revised form 13 January 2019
Accepted 14 January 2019
Available online 16 January 2019

Semi-natural grasslands harbour high biodiversity and play a key role in the supply of ecosystem services (ES).
However, abandonment, changes in traditional management practices and agricultural intensification constitute
a major threat to these grasslands worldwide and these practices have led to declines in species diversity. In this
paper the multi-functionality of semi natural-grasslands is assessed from the ES perspective, within a range of
common semi-natural grassland types throughout Estonia. The analysis follows a stepwise approach based on
the ES cascade model. Firstly, analyses of the relationships between plant species distribution patterns and envi-
ronmental factors are described. Secondly, the effect of grassland abandonment on plant species diversity, as well
as on the presence of rare and protected plant species is tested. In order to overcome the lack of data on ES at the
national scale, plant species diversity and soil organic carbon are tested as surrogate indicators for five ESS: pol-
lination, herbs for traditional medicinal use, nutrient cycling, nutrient retention and biomass production. In the
final step, the spatial distribution of ES is assessed, based on an ES hotspots map obtained by detecting areas
where high levels of plant species diversity and soil organic carbon overlap. The results show that the majority
of ES hotspots are present in wooded meadows and pastures. However, there is an important threat to these
hotspots because 45% are not eligible for agri-environmental support.
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1. Introduction

The unique biodiversity value of species rich semi-natural grasslands
in Europe has long been recognized (Kull and Zobel, 1991; Eriksson
et al., 2002; Pärtel et al., 2005; Ward et al., 2013; Dengler et al., 2014).
In recent years, the ecosystem services (ES) framework has provided a
new approach to assess the value and multi-functionality of these hab-
itats (Bullock et al., 2011). Semi-natural grasslands provide awide range
of goods and services, including plant species diversity, carbon storage
and sequestration, biomass production for grazing animals, flood reduc-
tion, habitat for migratory and breeding birds, water infiltration, purifi-
cation and storage, erosion prevention and recreation among others.
The cessation ofmoderate disturbancemanagement re-establishes veg-
etation succession leading to scrub encroachment and a loss of grass-
land species diversity (Burnside et al., 2007; Pärtel and Helm, 2007;
Sammul et al., 2008; Metsoja et al., 2011). As a result, land owners
and managers are faced with a decision between maintaining the eco-
logical benefits from grasslandmanagement as opposed to its economic
costs. High plant species diversity provides a range of habitats for both
breeding and migratory birds (Báldi et al., 2013). European grasslands
are also estimated to store 5.5 Gt of carbon in the top 30 cm of soils
(Lugato et al., 2013), which provides an important pedologic carbon
store, particularly coastal grasslands (McLeod et al., 2011), and can ex-
ceed that of tropical rainforests (Pendleton et al., 2012).

Throughout the second half of the twentieth century, semi-natural
grasslands underwent a substantial decrease in area and connectivity
in Europe (Critchley et al., 2004), mainly as a result of landmarginaliza-
tion and abandonment of the less productive or less accessible agricul-
tural land in mountain regions (Hinojosa et al., 2016) and Eastern
Europe (Henle et al., 2008). Soviet collectivization in Eastern Europe
also accelerated the disappearance of semi-natural grasslands (Talvi
and Talvi, 2012). Agricultural intensification in Western Europe had
the same effect (Bullock et al., 2011). As well as abandonment, under-
grazing has also been recognized as a threat to biodiversity in these hab-
itats (Bagella et al., 2014). A decrease in the provision of certain ES such
as pollination, cultural services associated to traditional farming prac-
tices and the aesthetic value of these grasslands andhabitat for bird spe-
cies occurs as a consequence of these processes. The effects of grassland
abandonment in soil ES have been tested in different Bioclimatic re-
gions. In some Mediterranean environments abandonment leads to a
reduction in soil organic matter (SOM), total nitrogen and aggregate
stability (Peco et al., 2006), whereas in parts of Central and Eastern
Europe certain ES such as carbon sequestration, regulation of hydrolog-
ical cycles inmountain areas, erosion control and habitat for largemam-
mals may show an increase after abandonment (Navarro and Pereira,
2015). On the other hand, carbon storage in grasslands is sensitive to
processes of intensification and conversion to arable land. Increased
stocking density in semi-natural grasslands reduces soil carbon seques-
tration through less organic carbon being returned, and greater
amounts of carbon being released as CO2 and CH4 and N being leached
(Soussana and Lemaire, 2014). Furthermore, the conversion of grass-
land into arable land leads to a decrease in soil carbon due to reduced
carbon input from litter and carbon losses caused by tillage (Jones and
Donnelly, 2004).

The most recent Common Agricultural Policy (CAP) reform
(2014–2020) aims at improving the status of farmland biodiversity by
introducing “greening” components in both Pillars I and II. However, it
has been criticized for not being efficient in halting the decline of per-
manent grassland and lacking management criteria that includes habi-
tat quality (Pe'er et al., 2014). Plieninger et al. (2012) argue that the
ES framework could help design more flexible, targeted and context
specific agri-environmental schemes, while at the same time assessing
the environmental impact of the current CAP in a more holistic way.

In recent years there has been a major increase in scientific publica-
tions utilising a wide range of methodologies to estimate the provision
of ES (Maes et al., 2012; Potschin and Haines-Young, 2016; Rabe et al.,

2016), including the identification and mapping of hotspots (Schröter
and Remme, 2015). Mapping ES hotspots involves a level of choice in
the definition of thresholds, and this in turn influences thefinal patterns
to a certain degree. Some studies set random cut-off points as top per-
centages of the overall dataset (Anderson et al., 2009). Others use data
clustering algorithms that automatically generate thresholds based on
the dataset structure (Liquete et al., 2015). Ideally, primary data on ES
collected through field samples provides the highest level of precision.
However, this approach entails significant costs when dealing with na-
tional projects. Thus, data availability has been identified as one of the
major challenges to the development of ES mapping and assessment
frameworks (Eigenbrod et al., 2010; Palomo et al., 2018). Surrogate
models based on causal relationships have been suggested as a feasible
alternative (Martínez-Harms and Balvanera, 2012; Zhang et al., 2017)
when the lack of primary data is an obstacle.

Plant diversity and soil organic carbon (SOC) pools have been iden-
tified as two key factors that underpin, or are directly linked, to the pro-
vision of several ES (Marks et al., 2008; Isbell et al., 2011; Lal, 2014).
Previous studies address the link between biodiversity and ES in order
to strengthen the arguments for ecological restoration and contribute
to the management of protected areas (Haines-Young and Potschin,
2010; Harrison et al., 2014; Isbell et al., 2011; Nelson et al., 2009).
Using plant species diversity and SOC as surrogate indicators for other
ES helps overcome the challenge of primary data scarcity at nation-
wide scales. Moreover, the spatial overlap of biodiversity and ES has
been addressed by authors from different science, policy-making and
management strategies perspectives (Anderson et al., 2009; Morelli
et al., 2017; Quijas and Balvanera, 2013; Ren et al., 2016).

Within this study, themulti-functionality of semi-natural grasslands
representing a range of common grassland habitats in Estonia is
highlighted, and an ES assessment is undertaken considering particu-
larly soil and biodiversity-related ES. In this regard, the study contrib-
utes to the implementation of nationwide scale ES assessments in
Estonia. Although some isolated projects have been carried out evaluat-
ing ES in different habitats (Kimmel, 2009), only fewhave addressed the
full extent of Estonia (Villoslada et al., 2018). At first, underlying envi-
ronmental gradients (i.e. climatic factors, altitude and SOC) that under-
pin ecosystem functions and services are identified, and then related to
plant species distribution patterns. Furthermore, the effects of manage-
ment cessation in four semi-natural grassland types are assessed. Previ-
ous studies have focused on the relationship between biodiversity and
management exclusively at regional (Burnside et al., 2007), and local
(Liira et al., 2009) scales. Conversion to arable land was not considered
since 72% of the semi-natural grasslands under study are within Natura
2000 areas and this trajectory of change is highly unlikely. Ultimately,
hotspots for ES surrogate indicators SOC and plant species diversity in
semi-natural grasslands are identified andmapped using plant diversity
and SOC as surrogate indicators. The national scale of the present study
posed a challenge in terms of data collection and as a result, existing da-
tabases were used for ES mapping and assessment.

Although this paper focuses on Estonia, very similar grassland aban-
donment trends have been observed throughout Europe (Cousins et al.,
2007; Krauss et al., 2010; Pykälä et al., 2005; Strijker, 2005) and world-
wide (Sala et al., 2000; Hoekstra et al., 2005). Halting biodiversity loss,
land degradation and the resulting impacts on ES is increasingly becom-
ing a challenge at local and global scales (Kremen and Merenlender,
2018). The methodology outlined in this paper contributes to a better
understanding of these issues in Estonia and potentially other regions
facing similar challenges.

2. Materials and methods

2.1. Study area

Estonia is located in the Baltic region between Latvia, Russia and
Finland, in the border between the Boreal and Nemoral zones
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(Metzger et al., 2005). Despite its relatively small size (45,228 km2)
Estonia exhibits a high geological, morphological, and climatic diversity
(Arold, 2005).

Within Estonia, there are ten semi-natural grassland habitats, based
on the Annex I Habitats Directive classification (Council Directive,
1992). Semi-natural grasslands in Estonia have exceptionally high levels
of biodiversity, in particular wooded meadows (76 species/m2; Kukk,
2004; Kukk and Kull, 1997), alvars (63 species/m2; Pärtel et al., 1999),
floodplain meadows (50 species/m2; Truus and Puusild, 2009), and
coastal meadows (34 species/m2; Burnside et al., 2007), among the
most species rich habitats in Northern Europe (Benstead et al., 1999).

Semi-natural grasslands are the result of long term, low-intensity
management practices, in the form of grazing and mowing (Paal,
1998). In Estonia, some of these semi-natural habitats have been man-
aged for centuries (Helm et al., 2005), leading to iconic landscapes
such as the Laelatu wooded meadow (Sammul et al., 2003). The area
of semi-natural grasslands in Estonia has decreased since the late
1950s (Kana et al., 2008). Between 1957 and 1960, 90% of coastal
meadows were grazed or mown, whereas between 1992 and 1995
only 35% of coastal meadows remained in use (Kaisel et al., 2004).
Wooded meadows have also experienced a drastic decrease in area,
from ca. 700,000 ha in the 1940s to ca. 8000 nowadays (Sammul et al.,
2008). A large proportion of the semi-natural grassland area has
reverted to reed beds, scrubland and forest, through natural succession
processes. Semi-natural grasslands in other parts of Europe have under-
gone similar changes. For instance, Cousins et al. (2007) describe a dras-
tic decrease in the area of semi-natural grassland in south-eastern
Sweden during the past 100 years due to the creation of larger fields,
drainage of wetlands and the planting of commercial forestry among
other drivers. Similarly, the area of mesic semi-natural grasslands de-
creased strongly in south-west Finland after abandonment of grazing
in the 1960s (Pykälä et al., 2005). Beyond northern Europe and Scandi-
navia, comparable trajectories of change can be observed throughout
Europe due to intensification on one hand and abandonment on the
other (Strijker, 2005).

2.2. Conceptual framework

The ES cascade model (Potschin and Haines-Young, 2016) was par-
tially adapted and utilized as the theoretical framework for the analysis.
Addressing the different components of the environment section in the
cascade model (Fig. 1) offers a comprehensive understanding of the
complex linkages between environmental factors, ecosystem functions,
anthropogenic pressures and final ES (see Fig. 1). In the present study,
the analysis of the socio-economic domain of the cascade framework
has not been specifically addressed in order to set the focus exclusively
on the interconnections among structures, functions and services. Fol-
lowing a stepwise approach, the initial stage of the analysis involved
identifying underlying environmental gradients (i.e. climatic factors, al-
titude and SOC) that underpin ecosystem functions and services, and
then relating them to the species distribution patterns. Subsequently,
the relationship between management status and species diversity, as
well as presence of rare and protected species were also assessed. In
the third and last step, five ES weremapped and assessed. Plant species
diversity and SOC were tested as surrogate indicators for three regula-
tion andmaintenance, one provisioning and one cultural ES (ES catego-
ries according to the CICES V5.1 classification by Haines-Young and
Potschin, 2018): Pollination, nutrient cycling, nutrient retention, bio-
mass production and herbs for traditional medicinal use. The choice
of ES related to plant species diversity and SOC was driven by the
availability of databases and publications at the national scale. The
categorization and naming of ES is compatible with CICES V5.1
(Table 1). In order to assess semi-natural grasslands
multifunctionality and the coincidence and spatial patterns multiple
ES supply, the spatial distribution of ES hotspots was mapped. Al-
though the limited number of ES selected does not allow for a com-
plete assessment of semi-natural grasslands, this approach
constitutes the starting point for further analyses. The absence of
grassland and management-related ES such as reared animals, for-
age quality or regulation of the chemical condition of fresh waters
in the analysis calls for the collection of more detailed data.

Fig. 1. The ES cascade model adapted from Potschin and Haines-Young (2016). Three cascade components were assessed within this study: (1) underlying environmental gradients
determining species distribution in semi-natural grasslands, (2) effects of grassland abandonment and (3) the spatial distribution of ES hotspots in semi-natural grasslands. Although
the cascade framework encompasses both the environmental and the socio-economic systems, only the environmental system was addressed in this study.
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2.3. A semi-natural grasslands database

Data concerning the location and area of semi-natural grasslands in
Estonia was collected from three databases: the Semi-Natural Habitats
(SNH) on agricultural land (Estonian Environmental Board), the
Estonian Semi-Natural Community Conservation Association (ESCCA)
and the Estonian Fund for Nature (EFN). The SNH comprises the location
and extent of semi-natural grassland sites eligible for agri-
environmental payments within the Pillar II subsidies system of the
CAP, and represents all grassland types whereas the ESCAA contains re-
cords of the plant species composition of the sites included in the data-
base (EFN and RDSFNC, 2001). Additionally, the EFN includes some of
the Annex I semi-natural grassland habitat types (Paal and Leibak,
2011). In order to obtain the most precise estimate of the extent of
semi-natural grassland habitats, it was necessary to merge the semi-
natural grassland information contained in these databases into a single,
unified geodatabase. The three databases use the Habitats Directive
Annex I classification system to categorise the semi-natural grassland
types used within this study.

In order to assess the predominant habitat types in Estonia the ex-
tent of each semi-natural grassland habitat was calculated (Table 2).
The extents utilized in this study are broadly similar to previous esti-
mates from other database sources (Kukk and Sammul, 2006). The uni-
fied database created within this project provides the most appropriate
basis for ES mapping and assessment, as georeferenced data are needed
to account for the complex spatial dimension of ES.

Habitat types included in this study as the basis for themapping and
assessment of ES supplied by semi-natural grasslands were selected by
extent and comprised all habitat types with an extent of at least 10% of
the total semi-natural grassland area in Estonia (Table 2): Northern bo-
real alluvial meadows (6450, hereafter referred to as floodplain
meadows), Boreal Baltic coastal meadows (1630, hereafter referred to
as coastal meadows), Nordic alvars and Precambrian calcareous
flatrocks (6280, referred to as alvars) and Fennoscandian wooded
meadows and pastures (6530 and 9070 respectively, referred below
as wooded meadows) represent the dominant semi-natural grassland
types by area in Estonia (EFN and RDSFNC, 2001). Habitat types 6530
and 9070 are differentiated by management type and the species

Table 1
Overview of the selected ES and their correspondence to CICES V5.1 classification system.

ES Section
(CICES
V5.1)

Equivalent class (CICES V5.1) Indicator Surrogate
indicator

Data sources

Pollination Regulation &
maintenance

Pollination Pollinators
richness and
abundance

Plant
species
diversity

Díaz Forero (2011). State Monitoring Program of Wildlife
Diversity and Landscapes (Estonian Environment Agency)

Nutrient
cycling

Regulation &
maintenance

Weathering processes and their effect on soil
quality

Microbial
activity

SOC State Monitoring Program of Wildlife Diversity and
Landscapes (Estonian Environment Agency)

Nutrient
retention

Regulation &
maintenance

Regulation of the chemical condition of
freshwaters by living processes

Total nitrogen SOC State Monitoring Program of Wildlife Diversity and
Landscapes (Estonian Environment Agency)

Biomass
production

Provisioning Wild plants used for nutrition Total biomass
production (dry
weight)

SOC Heinsoo et al. (2010), Kull and Zobel (1991), Kupper (2007),
Melts (2014), Neuenkamp et al. (2013), Rehme (2013), Saar
(1996), Sammul et al. (2006), Sammul et al. (2011), Truus
and Puusild (2009)

Herbs for
traditional
medicinal
use

Cultural Characteristics of living systems that that enable
activities promoting health, recuperation or
enjoyment through active or immersive
interactions

Wild medicinal
and food plants
species diversity

Plant
species
diversity

Kalle (2017)

Table 2
Annex I habitats in Estonia and their extent based on the unified database. Shaded grassland habitats were selected
for inclusion in this study.

Annex I habitat 
code Grassland type

Unified database (% of 
total extent)

6450 Northern boreal alluvial meadows 27866 ha (25%)

1630 Boreal Bal�c coastal meadows 22996 ha (21%)

6280 Nordic Alvars and precambrian calcareous flatrocks 16696 ha (15%)

6530/9070 Fennoscandian wooded meadows/pastures 11454 ha (10%)

6210
Semi-natural dry grasslands and scrubland facies on 
calcareous soils 9913 ha (9%)

6270
Fennoscandian lowland species-rich dry to mesic 
grasslands 7682 ha (7%)

6510 Lowland hay meadows 7584 ha (7%)

6430
Hydrophilous tall herb fringe communi�es of plains and 
of the montane to alpine levels 3790 ha (4%)

6410
Molinia meadows on calcareous, peaty or clayey-silt-
laden soils 1611 ha (2%)

Total 109592 ha
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content and layer structure in wooded meadows and pastures are very
similar (Paal, 2002). These grassland typeswere therefore combined for
the purposes of this study. Fig. 2 shows the distribution of the selected
semi-natural grassland habitats in Estonia regionalized by the Environ-
mental Stratification of Estonia as described by Villoslada et al. (2016).

In order to assess the contribution of environmental factors to spe-
cies distribution patterns, eight variables were selected as being repre-
sentative of the overall environmental variability in Estonia. The
extraction of environmental variables was carried outwithin the frame-
work of the Environmental Stratification of Estonia (ESE) (Villoslada
et al., 2016). The ESE is a statistical division of the environmental gradi-
ents in Estonia into homogeneous units, based on climatic and geomor-
phologic variables. The resulting strata help in the interpretation of
climatic and environmental patterns and therefore, a better under-
standing of underlying ecological processes (Jongman et al., 2006).
The ESE is constructed based on a Principal Components Analysis
(PCA) that was used to generate a subset from a climate data set com-
posed of 16 climate parameters interpolated from 31 Estonian (data ob-
tained from the Estonian Meteorological and Hydrological Institute),
Latvian, Russian and Finnish weather stations covering a period of
30 years (Haylock et al., 2008).

2.4. Environmental factors and species distribution

A canonical correspondence analysis (CCA) was used to analyse the
relationship between species, grassland habitats and the associated en-
vironmental variables identified in the ESE. CCA has beenwidely used in
similar studies (Krause and Culmsee, 2013; Mota et al., 2018; Ward
et al., 2016). The CCA incorporated thepresence/absence of 876 vascular
plant species combined with the eight environmental variables (mean
precipitation in July, mean precipitation in January, mean precipitation
in October, mean sunshine in July, minimum temperature in January,
minimum temperature in April, maximum temperature in October,
and elevation) derived from Villoslada et al. (2016), plus SOC, grouped
by grassland type, for all 2312 sites selected for the analysis. The climate
parameters selected in the ESE capture the majority of environmental
variation in Estonia. SOC was included in the CCA because of its pivotal
role on soil-related ES (Lal, 2011; Lal, 2014) and its high variability be-
tween different semi-natural grassland types. SOC data were derived
from Kõlli et al. (2007). CCA axis scores were analysed for correlations
using Pearson's test for correlation at the 0.05 level and the statistical
analysis was performed in CANOCO 5 (Ter Braak and Smilauer, 2012).

2.5. Assessment of the effect of grassland abandonment on species diversity

In order to provide a full overview on the effects of grassland aban-
donment on plant species diversity, it was necessary to combine two
spatial datasets since none of the datasets used in this study provides
all the necessary information individually. The SNH database, contain-
ing information on grassland management and management years
was combined with the ESCCA database, containing information on
plants species composition and sampling year. Both databaseswere cre-
ated based on the Estonian Base Map (1:10000) and orthophotos and
both cover the whole extent of Estonia. In order to evaluate the effect
of management cessation, plant species diversity within each habitat
type was compared between abandoned grasslands and those being
grazed or mowed in 830 grassland plots across Estonia (the number of
plots per grassland type is described in Table 4) using Student's t-tests
at the 0.05 level. To achieve this, join queries between both databases
were built based on spatial overlaps, sampling year in the ESCCA and
last year of claimed agri-environmental payment in the SNH. The
criteria for abandonment were grasslands for which payments have
never been claimed in the SNH and grasslands indicated as managed
10 or more years ago in the ESCCA. Additionally, the effect of abandon-
ment on rare and protected meadow plants within each habitat type
was also analysed using a Chi-Square test at the 0.05 level, i.e. the pro-
portion of grassland plots in which rare and protected species occur
was compared between managed and abandoned grasslands within
each habitat type. Rare and protected species were identified using
the EUHabitats Directive (Annex II) (Council Directive, 1992), protected
species under Estonian Nature Conservation Act and the Red Data Book
of Estonia (Eesti Punane Raamat, 2008). Information on the year of
management initiation and duration was extracted from the SNH data-
base and combined at the site level with the number of species, derived
from the ESCCAdatabase in order to perform the statistical analyses. For
the purposes of these analyses, semi-natural grasslands for which agri-
environmental payments have not been claimed since 2007 were con-
sidered abandoned.

2.6. Plant species diversity and soil organic carbon as surrogate indicators
for other ecosystem services

The relationship between plants species diversity and two ES (polli-
nation and herbs for traditional medicinal use) were tested using Pear-
son product-moment correlations at the 0.05 level. Plant resources for

Fig. 2. Distribution of the principal semi-natural grassland types in Estonia by the regions of the Environmental Stratification of Estonia as developed by Villoslada et al. (2016).
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food and medical uses are still an important cultural asset in Estonia
(Kalle, 2017). Although it is often regarded as a provisioning service, it
is addressed in this study as a cultural ES. Data on pollinators was com-
piled from Díaz Forero (2011) and the State Monitoring Program of
Wildlife Diversity and Landscapes, subprogram on Pollinators Monitor-
ing (Estonian Environment Agency).

In Estonia, SOC and SOM pools in semi-natural grassland soils have
been determined by sampling soil profile horizons in 82 grassland ex-
perimental areas (Kõlli et al., 2007). The data were compiled between
1967 and 1985 and subsequently updated in 1985–1995 and
1999–2002. The Tjurin method (Vorobyova, 1998) was used to deter-
mine the carbon concentration in each soil horizon. The carbon content
used in the present study was estimated for the whole soil (the depth
reaches the parent material) and has been found to be comparable
with data from other sources (Ward et al., 2014; Ivask et al., 2012).
The depth of the analysis varied considerably depending on the soil
type, from 16 cm in skeletic leptosols to 77 cm in haplic, endogleyic
and glossic albeluvisols (Kõlli et al., 2007). The soil classes contained
in the Soil Map of Estonia (1:10.000) were updated with the SOC data
obtained fromKõlli et al. (2007). Subsequently, SOCwas tested as a sur-
rogate for three additional ES (nutrient cycling, nutrient retention and
biomass production) using Pearson product-moment correlations (p b

0.05) between SOC and three ES indicators (microbial activity, total N
and aboveground biomass production respectively). The choice of ES
and functions that can be related to SOC in the present study is
constrained by the availability of data. Data on biomass production in
semi-natural grasslands were collected from several previous studies
(Heinsoo et al., 2010; Kull and Zobel, 1991; Kupper, 2007; Melts,
2014; Neuenkamp et al., 2013; Rehme, 2013; Saar, 1996; Sammul
et al., 2006; Sammul et al., 2011; Truus and Puusild, 2009) and com-
bined with the SOC geodatabase. In order to avoid interferences of the
management regime in the results, only actively managed meadows
were selected for this analysis. Data on total nitrogen (TN) and soil mi-
crobial activity was obtained from the State Monitoring Program of
Wildlife Diversity and Landscapes (Estonian Environment Agency).

2.7. Mapping ES hotspots

SOC and plant species diversity were classified into coldspots, range
and hotspots and mapped. Following the definitions by Egoh et al.
(2009), “range” is understood as areaswhere a particular service is pro-
duced in meaningful quantities and ‘hotspots’ as areas which provide
large components of a particular service. Subsequently, multiple ES
hotspots weremapped in order to assess their spatial distribution in re-
lation to semi-natural grassland habitats and these were assessed in
terms of eligibility for agri-environmental schemes by overlaying the
resulting hotspots with the SNH database. In the framework of this
study, multiple ES hotspots are understood as areaswhere surrogate in-
dicators hotspots (species diversity and SOC) overlap (Gos and Lavorel,
2012).

Plant species diversity and SOC were reclassified into three ranks
from minimum to maximum using a Jenks Natural Breaks algorithm.
This algorithm was specifically developed for segmenting geographic
datasets into discrete categories by minimizing variation within classes
and maximizing variation between classes (Slocum, 1999). In order to
account for environmental heterogeneity, the ranking of values of spe-
cies diversity and SOCwere regionalized, using theminimum andmax-
imum values within each of the strata in the Environmental
Stratification of Estonia (Villoslada et al., 2016). This procedure avoids
regional minimum-maximum ranges beingmasked by the overall envi-
ronmental variability of Estonia. The reclassified plant species diversity
and SOC maps were combined in order to find grasslands where the
hotspots overlap for the extent of the ESCCA database. All the spatial
analysis were performed in Esri's ArcGIS ® 10.3 (http://www.esri.
com/software/arcgis).

3. Results

3.1. Distribution of species along environmental gradients

The CCA highlighted associations between species, grassland type
and the nine environmental variables (mean precipitation in July,
mean precipitation in January, mean precipitation in October, mean
sunshine in July, minimum temperature in January, minimum tempera-
ture in April, maximum temperature in October, elevation and SOC)
(Fig. 3). Axis 1 accounted for 47.37%, and axis 2 17.41% of the variation
in the data. Table 3 provides the correlations between the canonical
axes and the environmental variables in order to better interpret the or-
dination plot (Fig. 3). Axis 1 was significantly correlated with average
precipitation in July, average sunshine in July, minimum temperature in
January, minimum temperature in April, maximum temperature in Octo-
ber, elevation and SOC whereas axis 2 was significantly correlated with
average precipitation January and average precipitation October. Each
grassland type is separated from the others in the CCA, although over-
laps occur (Fig. 3). Four clusters of species are present, each correspond-
ing to the habitats under study. Species associated with shallow soils
(e.g. alvars and coastal meadows) are clustered in two groups, whereas
species from deeper soils and/or higher elevations (i.e. alluvial
meadows and wooded meadows/pastures) are similarly clustered in
two groups. The CCA also highlights associations between the climate
variables and the species distribution.

3.2. Effect of abandonment on species diversity, and rare and protected
species

The Student's t-tests reveal significantly lower species diversity fol-
lowing abandonment in three of the four grassland types under study
(Table 4). Only Nordic alvars did not show a significant change in the
number of species (p = 0.083).

The occurrence of rare and protected species was significantly lower
(p = 0.02) after abandonment in northern boreal alluvial meadows
(Fig. 4), whereas in alvars, coastal meadows and wooded meadows
and pastures there is no significant difference in the occurrence of rare
and protected species between abandoned and managed sites (p =
0.28, p = 0.39 and p = 0.24 respectively).

3.3. Correlation between plant species diversity, SOC and ecosystem
services

Significant positive correlations were found between plant species
richness and pollinator species richness and abundance and herbs for
medicinal use (Table 5). Different pollinator groups show different cor-
relations, wasps, bees and hoverflies richness are most strongly corre-
lated with flowering plant species richness. SOC shows moderate to
strong correlations with aboveground biomass, TN and microbial activ-
ity (Table 6).

3.4. ES hotspots map

The results from the SOC and plants species diversity hotspots are
presented in Fig. 5. A high share of alvars area falls within range and
hotspot values for plant species diversity (47% and 40% respectively),
whereas alluvial meadows show the highest share of plant species di-
versity coldspots. Conversely, alluvial meadows and wooded meadows
and pastures account for most of the SOC hotspots (43.1% and 43.6%)
and show very similar values for range and coldspots. Most of the
coastal meadows area belongs to SOC coldspots and range (78.2 and
21.1% respectively).

Fig. 6 shows the coldspot, range and hotspots maps of SOC and vas-
cular plant species diversity maps used to obtain multiple ES hotspots
maps.
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Soil organic carbon and species diversity were tested for correlations
in order to detect possible synergies or trade-offs between these ES;
however, no significant correlations were found (r = −0.062, p =
0.033).

Fig. 7 shows the spatial distribution and habitat type of multiple ES
hotspots in semi-natural grasslands in Estonia. Although wooded
meadows and pastures have the highest proportion of ES hotspots
(816 ha), this habitat only accounts for 10% of the semi-natural grass-
land cover (Table 1). ES hotspots belonging to alluvial meadows are
spread throughout mainland Estonia, and have the second highest pro-
portion of ES hotspots after wooded meadows/pastures.

The area of ES hotspots in semi-natural grasslands eligible for agri-
environmental support is only 50% in the case of alvars and b50% in
the case of northern boreal alluvial meadows (Table 7). Some of the
hotspots that are not eligible for agri-environmental support may

have already been converted to arable land or overgrown by shrubs,
due to the time frame in which plant species diversity data was re-
corded. There are several reasons why a fraction of the hotspots identi-
fied in the present study are not eligible for agri-environmental support.
In the case of wooded meadows and pastures, the eligibility criteria for
CAP support for permanent pastures in Estonia excludes many wooded
meadows due to limitations in the number of trees per hectare. More-
over, any semi-natural grassland that is located out of a Natura 2000
site is not eligible for agri-environmental support, even if it is actively
managed.

4. Discussion

Despite the wide selection of ES mapping methods currently avail-
able, several authors (Eigenbrod et al., 2010; Palomo et al., 2018) have
identified the lack of data as one of the main obstacles in the process.
Thus, the use of proxy data or surrogates becomes relevant in national
scale ES assessments, especially for regulating and maintenance services
(Maes et al., 2012). The collection of primary data on ES provision at

Fig. 3. Canonical correspondence analysis ordination plot showing grassland type, 90 most common species, and environmental vectors. The dashed lines represent the grassland types
under study and group the most common species in each grassland type.

Table 3
Pearson correlation coefficients for all environmental variables, axis eigenvalues, cumula-
tive percentage of axis explanation, and pseudo canonical correlation of the axes for the
canonical correspondence analysis in Fig. 3.

Variables Axis 1 Axis 2

SOC 0.6062⁎⁎⁎ −0.2771⁎⁎⁎

Average precipitation July 0.5472⁎⁎⁎ 0.055⁎⁎⁎

Elevation 0.481⁎⁎⁎ −0.1678⁎⁎⁎

Maximum temperature October −0.7343⁎⁎⁎ 0.0073
Minimum temperature April −0.3184⁎⁎⁎ 0.2277⁎⁎⁎

Minimum temperature January −0.7293⁎⁎⁎ 0.0951
Average precipitation January 0.061 −0.2033⁎⁎⁎

Average precipitation October −0.3021⁎⁎⁎ −0.3103⁎⁎⁎

Sunshine July −0.7008⁎⁎⁎ 0.0461
Pseudo canonical correlation 0.8561 0.6166
Eigenvalues 0.3196 0.1174
Cumulative percentage 47.37 64.78

⁎⁎⁎ p b 0.001.

Table 4
Student's t-test results for the differences between the average number of plant species in
managed grasslands and abandoned grasslands for all habitats, where N is the number of
abandoned and managed sample grasslands. Significance level was set at p b 0.05.

Grassland type N p-Value Mean number of
species

Abandoned Managed

Boreal Baltic coastal meadows 28/33 0.023 29.64 46.24
Nordic alvar and precambrian
calcareous flatrock

92/92 0.083 43.67 48.66

Northern boreal alluvial meadows 136/136 0.000 27.5 38.7
Fennoscandian wooded
meadows/pastures

150/163 0.000 31 45
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national and regional scales may become a challenging and costly pro-
cess that could hinder the success of the ES mapping and assessment
process. In order to overcome the lack of primary data on ES, two vari-
ables were tested in this study as surrogate indicators for a wider selec-
tion of ES provided by semi-natural grasslands, following a three-step
process.

Concerning the adopted methodological framework, the cascade
model (Potschin and Haines-Young, 2016) connects ecosystems to
human wellbeing in a structured way and illustrates the flow of ES. Al-
though the analysis in this study is restricted to the environment compo-
nent of the cascade, it is necessary to further incorporate benefits and
socio-cultural values and perceptions in order to fully understand the
ways society benefits from nature. In this regard some studies have ad-
dressed landowners' values and perceptions in order to elicit ES trade-
offs (Torralba et al., 2018), motivations for semi-natural habitat

management (Birge and Herzon, 2014) or perceived provision of grass-
land ES by stakeholders (Lamarque et al., 2011).

4.1. Environmental variables and species distribution

The CCA highlighted the soil fertility requirements of different spe-
cies along the SOCgradient. Relatively young and shallowsoils in coastal
areas are generally more mineral rich and have less organic matter
(Ward et al., 2016). Within the coastal meadows cluster, a gradient oc-
curs between very shallow soils, inundation-tolerant species
(Bolboschoenus maritimus, Schoenoplectus tabernaemontani) and those
characteristic of higher elevation abovemean sea level andhigher nutri-
ent content soils (Elytrigia repens, Potentilla anserina). Very thin soils
typical of alvar grasslands also show very low content of SOC
(32 Mg/ha) (Kõlli et al., 2007). An overlap can be observed between
alvars and wooded meadows due to the fact that many wooded
meadows in Western Estonia are located on calcareous and relatively

Fig. 4.Percentage of grasslandswith andwithout rare and protected vascular plant species
in abandoned and managed grasslands in all habitats, including 6530/9070:
Fennoscandian wooded meadows/pastures, 6280: Nordic Alvars and precambrian
calcareous flatrocks, 1630: Boreal Baltic coastal meadows, 6450: Northern boreal alluvial
meadows. * = p b 0.05.

Table 5
Pearson's correlation coefficients between flowering plant species richness and different
groups of pollinators richness and abundance and herbs for traditional medicine. Signifi-
cance level was set at p b 0.05.

Variables r p-Value

Plant species richness & wasps, bees & hoverflies richness 0.712 0.000
Plant species richness & wasps, bees & hoverflies abundance 0.559 0.007
Plant species richness & bumblebees richness 0.620 0.002
Plant species richness & bumblebees abundance 0.644 0.001
Plant species richness & herbs for medicine 0.87 0.000

Table 6
Pearson's correlations between SOC and different ES indicators. Significance level was set
at p b 0.05.

Variables r p-Value

Soil organic carbon & biomass production 0.45 0.01
Soil organic carbon & nitrogen (%) 0.99 0.000
Soil organic carbon & microbial activity 0.96 0.000

Fig. 5. Percentage of SOC and plant species diversity coldspots, ranges and hotspotswithin
each grassland type analysed in the study. 6530/9070: Fennoscandian woodedmeadows/
pastures, 6280: Nordic Alvars and precambrian calcareous flatrocks, 1630: Boreal Baltic
coastal meadows, 6450: Northern boreal alluvial meadows.
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thin soils similar to alvar habitats. Conversely, riverside soils with a peat
epipedon are characterized by very high SOC content. Within the allu-
vial meadows cluster, SOC defines a gradient between sedge meadow
species in old riverbeds (i.e. Carex acuta) and tall forb meadows at
higher elevations of the floodplain (i.e. Filipendula ulmaria)
(Neuenkamp et al., 2013).

Differences regarding the climatic requirements of plants species can
also be observed in the CCAordination plot. For instance, alvars and alluvial
meadows can be significantly impacted byhigh intensity rainfall during the
growing season. Therefore, two clusters of species (corresponding to alvars
and alluvialmeadows) are found along the vector defined bymean precip-
itation in July. Theminimum temperature in April is related to the onset of
the growing season and the sensitivity of plant species to late frost events,
which influences the coastal meadow species.

The results of this analysis provide a better understanding of the bio-
physical factors that define the ecological functions of Ecosystem Ser-
vice Providers (ESP) (i.e. habitats) (Kremen, 2005) and also highlight
the complex interrelations between ecosystems structure, functions
and services. For instance, the maintenance or increase of SOC pools
plays a crucial role in the context of climate change mitigation. Addi-
tionally, the persistence of SOC is an ecosystem property that integrates
several inherent soil properties strongly correlated with key regulation
and maintenance ES (Schmidt et al., 2011; Vågen and Winowiecki,
2013). On the other hand, plant species number and composition influ-
ence SOC accumulation (Fornara and Tilman, 2008).

4.2. Effect of grassland abandonment on species diversity

Abandonment resulted in a significantly lower plant species diver-
sity in three of the four grassland types under study, as well as a

significant decrease in rare and protected species in Northern boreal al-
luvialmeadows. Similar results have been found inwoodedmeadows in
Sweden (Mitlacher et al., 2002) and alluvial and coastal meadows
throughout Europe (Joyce, 2014). Alvar grasslands showed no signifi-
cant change in plant species diversity after abandonment, which could
be explained by the fact that these grasslands show a rapid decrease
of plant species diversity with a shrub cover over 70% (Kasari et al.,
2013) and the encroachment process is spatially heterogeneous due to
the diverse soil conditions in alvars (Pärtel et al., 1999; Pärtel and
Helm, 2007). Helm et al. (2005) found a slow response of remnant
alvar plant communities to reduced area and connectivity.

The major loss of biodiversity associated with grassland abandon-
ment processes may in turn lead to shifts in functional traits composi-
tion and modify derived ES (Díaz et al., 2005). Abandonment can also
result in changes in primary productivity, root depth, soil biota and
the dynamics of nutrient cycling and carbon storage. Specifically, grass-
land abandonment and fragmentation have been previously identified
as having a considerable impact on the provision of ES like pollination
and herbs for traditional medicine (Fontana et al., 2014).

4.3. Surrogate indicators and ES hotspots

The roles of both biodiversity and soils in the context of ES have been
discussed in the scientific literature (Harrison et al., 2014; Isbell et al.,
2011; Pereira et al., 2018). The results of this study indicate that in
semi-natural grasslands, an increase in SOC results in increased biomass
production, nutrient cycling and nutrient retention, indicating soil func-
tion may be higher and the delivery of soil-related ES improved. Strong
correlationswere found between SOC andmicrobial activity and TN (in-
dicators of nutrient cycling and nutrient retention respectively). Soil

Fig. 6. A close-up view of Matsalu bay in Western Estonia. The reclassified SOC (a) and vascular plant species diversity (b) maps are overlapped in order to map ES hotspots. The spatial
coincidence of SOC and species diversity maximum reclassified values constitutes multiple ES hotspots.
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organic carbon is the main resource for the soil microbial community,
which decomposes organic matter and releases nutrients (Williams
and Hedlund, 2013). The correlation between SOC and biomass produc-
tionwas only moderate (r= 0.45, p= 0.01) because other factors such
as inter-annual climate variability, plant community canopy and root
structure differences and halted succession influence this relationship.
These were not addressed within this study due to lack of data.
Heinsoo et al. (2010) detected very large variability in biomass yield
within the same grassland in several locations in Estonia, most likely
as a result of differing environmental conditions.

Soils are a key component of ecosystem functioning and provide and
regulate several ES (Pereira et al., 2018). Within the complex dynamics
of soils, carbon sequestration and storage is an important ES as an agent
for soil formation and functioning (Kõlli et al., 2007) aswell as due to its
importance in climate change mitigation, particularly for coastal soils
(Chmura et al., 2003). In addition, increased SOC is strongly linked to

soil-related processes and ultimately, ES such as soil structure, water re-
tention capacity, nutrient retention capacity, diversity of soil flora/fauna
(Lal, 2011; Lal, 2014), pollutant attenuation (Abdalla et al., 2018) and
erosion prevention (Gardi et al., 2016). In this regard, moderate grazing
regimeshave been shown to increase SOC concentrations (Hewins et al.,
2018; Wang et al., 2014).

Plant species diversity was used as a surrogate indicator for two ES:
Pollination and plants for traditional medicine. Correlations between
plant species diversity and these two ES were strong and positive. In
previous studies, plant species diversity has been directly related with
a number of ecosystem functions and services including: primary pro-
ductivity (Hooper et al., 2012), forage quality and pest control
(Soliveres et al., 2016), nutrient cycling (Maestre et al., 2012), SOC accu-
mulation (Fornara and Tilman, 2008), and pollinator abundance and
richness (Díaz Forero, 2011; Batáry et al., 2010; Ebeling et al., 2008). Al-
though there is still much deliberation regarding the role of biodiversity

Fig. 7.Distribution of ES services hotspots in semi-natural grassland habitats in Estonia. The zoomed area shows the northern cluster of multiple ES hotspots, including Lahemaa National
Park.

Table 7
Total area of multiple ES hotspots per grassland type and area of hotspots not eligible for agri-environmental support.

Habitat Total hotspot area (ha) Area without agri-environmental support (ha) Area without support (% of total hotspot area)

Boreal Baltic coastal meadows 101 26 25%
Nordic Alvars 398 198 50%
Northern boreal alluvial meadows 594 316 53%
Wooded meadows and pastures 816 317 39%
Total 1909 857 45%
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within the ES framework (Jax and Heink, 2015), the relationship be-
tween biodiversity and ESmust be addressed in order to develop appro-
priate conservation policies and strategies.

Landcover-based proxy methods have been criticized for being
crude estimates of actual ES and for being poorly representative of
wider ranges of ES (Eigenbrod et al., 2010). Themethodology presented
in this paper partially overcomes the errors derived from uniquely
linking ES values to landcover classes by accounting for biophysical het-
erogeneity (SOC) and biodiversity within the grassland types under
study. The proposed methodology provides an integral overview on
the location and extent of semi-natural grasslands hotspots where po-
tentially several ES are provided. The results show that alvars contribute
greatly to plant species diversity ranges and hotspots. Although alvars
are not the largest grassland type, they are very species rich (Pärtel
et al., 1999). Regarding SOC, alluvial meadows and wooded meadows
and pastures encompass the greatest proportion of hotspots. Alluvial
meadows are generally located on gleysols and fluvisols with rather
thick organic horizons (Paal et al., 2007), characterized by high input
of sediments and high microbial activity in shallow flooding water
(Truus, 1998), and therefore a higher SOC content. On the other hand,
wooded meadows and pastures are generally characterized by thicker
organic horizon soils with a higher input of plant litter from the tree
layer (Ivask et al., 2012). The multiple ES hotspots (overlaps between
SOC and plant species diversity hotspots) are mostly grouped in two
clusters in the North and theWest of Estonia. A third group of hotspots
comprises alluvial meadows, which are also distributed in the South
West of Estonia. The greatest proportion ofmultiple ES hotspots belongs
to wooded meadows and pastures (Table 7), characterized by high
levels of SOC and a large species pool due to the high niche diversity. Allu-
vialmeadows show the second highest proportion of ES hotspots (594 ha).
The distribution of ES hotspots also reflects the present distribution of the
remaining patches of some semi-natural grassland types (i.e. alvars and
wooded meadows and pastures), with the highest grassland area in the
West and North. No significant correlations were found between SOC and
species diversity, indicating that themultiple ES hotspots are not the result
of a synergetic interaction between the surrogate indicators but rather, a
spatial co-occurrence of high levels of multiple ES.

The hotspots approach can assist in identifying and prioritizing rele-
vant areas for the provision of ES and targeting conservation and agri-
environmental measures. Kremen and Merenlender (2018) highlight
the degradation and loss of rangelands worldwide and propose Medi-
terranean dehesas and montados as an example of land management
that both protect biodiversity and enhance the supply of ES. Similarly,
Torralba et al. (2018) address the coproduction of ES in wooded pas-
tures across Europe, revealing complex ES interactions and concluding
that there is a need for policies oriented towards enhancing provision-
ing, regulating and cultural ES through the regulation of both intensity
of management and multifunctionality of agroecosystems. In the con-
text of a global loss of biodiversity, holistic approaches aimed at secur-
ing ES supply and landscape multifunctionality can benefit from
analyses of ES hotspots like the one presented in this paper, as they
set the path towards identifying priority areas for policy action and de-
cision support.

In Estonia, a substantial area of semi-natural grasslands is located
outside of the limits of Natura 2000 sites and is therefore excluded
from Pillar II CAP support (Lepmets, 2015). In addition, many semi-
natural habitats outside Natura 2000 (mainly wooded pastures/
meadows and alvars) are not eligible for Pillar I CAP payments due to el-
igibility rules that are based exclusively on the density of trees per hect-
are (in Estonia, a parcel is eligible if there are b50 trees/ha). The ES
framework has been proposed as a holistic solution for setting agri-
environmental payments schemes, by targeting the provision of multi-
ple ES (Ekroos et al., 2014; Prager et al., 2012). In this regard, any future
efforts directed at protecting valuable semi-natural grasslands located
outside Natura 2000 areas could benefit from an ES hotspots-based
prioritization.

In the context of ES research, hotspot-based approaches may prove
useful in setting priority areas for direct data collection. Tiered ap-
proaches have been proposed as a flexible and nested multi-method
tool for mapping and assessment of ES (Grêt-Regamey et al., 2015).
Within tiered toolsets, hotspotmaps can highlight focus areas for apply-
ing data-intensive methods of higher tiers and therefore improve the
overall efficiency of the ESmapping and assessment process. Themeth-
odology and results outlined in this paper can be therefore used as a
starting point for further research on ES.

5. Conclusions

Climatic variables and SOC were significantly correlated with the
species composition of grassland types under study. These results are
essential to understand how species fill environmental niches and sets
the basis for future assessments of impacts of global change on the dis-
tribution of species and related ES. Additionally, coastal meadows, allu-
vial meadows and wooded meadows/pastures showed significantly
lower species diversity after abandonment. The occurrence of rare and
protected species was also significantly lower after abandonment in al-
luvialmeadows. This results show that the cessation ofmanagement ac-
tivities can have an effect in biodiversity-related ES in certain grassland
types.

Plant species diversity and SOC were significantly correlated with
five ES: Pollination, herbs for traditional medicinal use, nutrient cycling,
nutrient retention and biomass production. The overlap between surro-
gate indicators hotspots show that wooded meadows and pastures
comprise the highest proportion of multiple ES hotspots, although this
grassland type only accounts for 10% of the semi-natural grassland
cover.

The present paper demonstrates the potential use of surrogate indi-
cators for spatially identifying and quantifying semi-natural grasslands
ES hotspots when there is a lack of primary data. However, applying
the same methodology for different policy, planning or management
objectives would require careful consideration of what thresholds con-
stitute a hotspot and the underlying assumptions should be carefully
tested.
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A B S T R A C T

Coastal meadows worldwide are subjected to habitat degradation due to abandonment, intensification and the
impacts of global change. In order to protect and restore these habitats and ensure the supply of valuable
ecosystem services, it is necessary to know the extent and location of plant communities in coastal meadows. In
this study, five plant communities were mapped at very high resolution in three different study sites in West
Estonia. A fixed wing UAV was used to obtain multispectral images and derive a set of vegetation indices. Two
different image classification techniques were used to cluster the vegetation indices maps and produce plant
community distribution maps. The highest classification accuracy was obtained using a Random Forest classifier
and 13 vegetation indices. Additionally, the spectral characteristics of the training samples were correlated with
aboveground biomass and species diversity. Both biomass and species diversity were positively correlated with
the spectral diversity of training samples and are thus likely to have an effect on the classification accuracy. The
results of this study highlight the need to utilize a wide array of vegetation indices and assess the spectral
characteristics of training samples in order to obtain high classification accuracies and understand the nature of
misclassification errors. The resulting maps provide a solid foundation for global change impact assessment and
habitat management and restoration in coastal meadows.

1. Introduction

Biodiversity loss is a worldwide concern due to impacts from a
variety of anthropogenic factors (Cardinale et al., 2012), and climate
and land-use change are principal threats to vegetated coastal ecosys-
tems and their supporting biodiversity (IPCC, 2013; Newbold et al.
2016). These threats include sea level rise, increasing storminess,
changes in salinity (Ward et al. 2016b) and changes to management
regimes, particularly for coastal plant communities (Clausen et al.,
2013). In the Baltic Sea Region, Boreal Baltic coastal meadows are
European priority habitats (European Commission, 1992) resulting
from continuous, low-intensity management, in the form of grazing and
mowing (Paal, 1998). These grasslands support characteristic plant
species and provide a habitat for a diversity of migratory and breeding
bird species (Söderström et al. 2001) as well as a variety of plant species
on the edge of their ranges (Paal, 1998). They also provide a wide range
of ecosystem services including: fodder for cattle, carbon storage, ha-
bitat for pollinators, habitat for breeding and migratory birds, erosion

control, and flood regulation (Leito et al., 2014; Villoslada et al., 2019).
In spite of their ecological importance, coastal meadows have been

subjected to habitat degradation in the form of agricultural in-
tensification in many areas and abandonment in others (Henle et al.,
2008) and will likely be impacted by global change (Ward et al.,
2016b). Whilst efforts have been made in some regions to halt this trend
there is limited data available as to the current location and extent of
the plant communities in many areas, and as a result there is little
underlying information to support nature protection, restoration and
management strategies.

In these coastal ecosystems, the provision of ecosystem services and
resilience to environmental stressors including climate change are lar-
gely dependent on plant community type. In this regard, communities
can be used as an indicator that can highlight environmental gradients
(Ellenberg, 1979; Diekmann, 2003; Berg et al., 2011; Ward et al., 2013;
2016a) and can also be used to elucidate management status, dis-
turbance or abandonment (Burnside et al., 2007; Brotherton and Joyce,
2014) and the impacts of management regimes and intensity (Joyce,
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2014; Joyce et al., 2016). Plant community classification is a well-es-
tablished tool in ecology (Tansley, 1920; Mueller-Dombois & Ellenberg,
1974; Crawley, 1997; Burnside et al., 2007) and plants are often used as
indicators due to the fact that they are relatively simple to survey and
can give a powerful overview of the ecosystem. Moreover, in the frame
of ecosystem services (ES) science and practice, plant communities can
be regarded as Service Providing Units (SPUs), understood as spatially
explicit units within which ES are provided (Burkhard & Maes, 2017).
SPUs constitute an essential first step to obtain robust ecosystem service
supply models because they reflect the underlying ecosystem functions
and their spatially explicit nature (Crossman et al., 2013). In this re-
spect, recent methodological developments for mapping and assessment
of ecosystem functions and services require very detailed spatial and
thematic scales to model the complex dynamics of ecosystem service
supply (Zulian et al., 2018). However, data concerning the location and
extent of plant communities over large scales is often costly and time
consuming to acquire. This problem has been in part addressed through
the increased use of GIS and remotely sensed data (Jensen, 2007).

With the advent and rapid development of GIS software and the
large amount of remotely sensed data available, these tools have been
increasingly used for predictive plant community mapping (Burnside &
Waite, 2011). Among the wide range of remote sensing techniques and
platforms, there are many studies that use passive multispectral re-
motely sensed data to identify plant communities (Townsend & Walsh,
2001; Brown et al., 2006; Balzarolo et al., 2009; Berni et al., 2009;
Hamada et al., 2011; Strong et al., 2017). These studies used a meth-
odology based on identifying specific reflectance values in different
wavelengths of distinct vegetation by performing some form of classi-
fication, either unsupervised or supervised (Jones and Vaughan,
2010a,b).

Satellite imagery has proven useful for automated or semi-auto-
mated vegetation mapping at a variety of scales, from regional level and
low spatial resolution (Armitage et al., 2015) to community-level and
high spatial resolution (Davidson et al., 2016). However, the sometimes
coarse spatial resolution of these products render them impracticable
for detailed plant community mapping, particularly within grasslands
due to the fine scale pattern of communities (Rocchini et al., 2015). On
the contrary, the availability and use of Unmanned Aerial Vehicles
(UAVs) has undergone an exponential increase during the last decade
(Baena et al., 2018). UAVs equipped with consumer grade digital
cameras (Rasmussen et al., 2016), multispectral sensors (Candiago
et al., 2015), hyperspectral sensors (Aasen et al., 2015) and thermal
sensors (Turner et al., 2018) have been used in fields such as ecology,
forestry, nature conservation and precision agriculture (Adão et al.,
2017; Veettil et al., 2019), providing a much more detailed spatial re-
solution, in most cases down to the centimetre-scale. At the same time,
the increasing amount of remotely sensed data produced with different
satellite platforms and UAVs poses a challenge in terms of data pro-
cessing and classification (Adão et al., 2017). Unsupervised and su-
pervised classification algorithms are therefore a crucial tool to achieve
interpretable results.

Unsupervised classification techniques group pixels according to
their similarity in feature distance using a variety of different algo-
rithms. Unsupervised classification does not require information on the
spectral signatures of the objects under study. Instead, unsupervised
classification methods cluster multidimensional datasets into relatively
homogeneous classes of similar spectral signatures (Duda & Canty,
2002). A wide array of unsupervised algorithms have been used in di-
verse applications, including automated mapping of tree species di-
versity (Schäfer et al, 2016), individual plant species mapping (Everitt
et al., 2005) and environmental stratifications (Villoslada et al, 2016).
However, a major drawback to this methodology is that the classes do
not necessarily relate to different plant community classes on the
ground, although the method does provide a good overview of spectral
differences over the whole dataset (Jones and Vaughan, 2010a,b).

Supervised classification on the other hand, uses training sample

areas to direct the classification process. Training sample areas can
relate to plant communities or habitat data and are used to classify
across the image (Hamada et al., 2011). These training pixels can be
used to provide an accurate prediction of the location of different plant
communities. A lot of attention has been directed towards the number
of training samples and the size of training polygons (Chen & Stow,
2002). However, the spectral characteristics of training samples may
also have an effect on the classification performance. According to the
Spectral Variation Hypothesis, the spectral variability of remotely
sensed images is defined as the spatial variability of the remotely sensed
signal within a given area and directly related to plant community type
and species diversity (Rocchini et al., 2010b). Previous studies
(Oldeland et al, 2010; Rochinni et al., 2010b; Medina et al., 2013;
Cavender-Bares et al., 2017), have assessed the relationship between
ecological diversity at different scales and the spectral properties of the
ecosystems under study. At the field/local scale, remote sensing has
been proposed as a tool to estimate environmental heterogeneity and
species diversity (Rocchini et al., 2010a). Grassland morphological
characteristics, including biomass production, are also likely to affect
spectral reflectance (Schweiger et al., 2018). Although spectral het-
erogeneity shows promising results in the fields of biodiversity mon-
itoring and habitat management, it should also be accounted for in
relation to the characteristics and quality of spectral training samples
used in supervised algorithms. In order to adequately reveal the effects
of species diversity on the spectral variability of the studied plant
communities and its impact on classification, a pixel-based classifica-
tion algorithm was preferred over an object-based image analysis
classifier (OBIA). OBIA uses a set of features beyond pixel spectral in-
formation, namely shape, texture and context (Liu & Xia, 2010). Al-
though OBIA is considered to be a superior classification technique
(Blaschke, 2010), the effects of shape, texture and context on the
classification performance may interfere with the spectral variability
analysis and was therefore discarded.

Among the wide spectrum of classifiers, the Random Forest machine
learning classifier (Breiman, 2001) has been broadly used in recent
years to extract information from multispectral, hyperspectral, radar,
LiDAR and thermal imagery (Belgiu & Drăguţ, 2016) as a powerful and
efficient classification technique. Random Forest (RF) is an ensemble
learning technique that has higher accuracy and is less impacted by the
effects of noise compared to other machine learning algorithms that use
single classifiers (Dietterich, 2000). This machine learning technique
presents many advantages for remote sensing as: it runs efficiently on
large databases; it estimates what variables are important in the clas-
sification; and it can deal with the nonlinearity of variables (Breiman,
2001; Gislason et al., 2006). Random Forest is based on decision trees,
which enable the simultaneous classification of features based on a set
of training samples and determination of the best performing ex-
planatory variables (a bagging approach) (Lu & He, 2017).

Despite its great potential and recent progress, the use of UAVs and
classification algorithms for mapping grassland plant communities has
received little attention in the scientific literature. Some studies have
utilized different sensors and statistical algorithms to automatically
map grassland communities, from consumer grade cameras (Gonçalves
et al., 2015; Lu & He, 2017) to multispectral sensors (Strong et al.,
2017). In addition, UAVs have been used to estimate aboveground
biomass production in grasslands (Wang et al., 2017).

In order to address the lack of knowledge and data on the location,
spatial configuration and extent of plant communities in coastal mea-
dows, the aim of this study was to assess the potential of UAVs and
multispectral cameras for classifying and fine scale mapping of plant
communities in coastal meadows. The objectives were to: (1) derive a
wide range of vegetation indices from multispectral images and assess
their capacity to differentiate between five plant community types in
coastal meadows; (2) assess the capacity of supervised and un-
supervised classification methods to differentiate between five plant
community types and compare the results in a spatially explicit manner;
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(3) assess the spectral characteristics of training samples in relation to
plant community composition and aboveground biomass.

2. Materials and methods

2.1. Study sites

Estonia is located in the Baltic region between Latvia, Russia and
Finland, in the border between the Boreal and Nemoral zones (Metzger
et al., 2005). Despite its relatively small size (45228 km2) Estonia ex-
hibits a high geological, morphological, and climatic diversity (Arold,
2005) and a long coastline of 3794 km due to the abundant bays, pe-
ninsulas, islands and islets (Ward, 2012).

Among the various coastal habitats in Estonia, coastal meadows
(classified as Boreal Baltic coastal meadows according to Annex I of the
Habitats Directive) occur in sheltered bays and coastlines and are
characterised by low relief, often not exceeding a maximum elevation
of 2 m above mean sea level (Ward et al., 2016b). Baltic coastal
meadow landscapes typically consist of coastal wet grasslands, with
swamp vegetation on the seaward edge, and scrub vegetation on the
landward side. Baltic coastal meadows are formed and maintained by
isostatic uplift/sediment accretion (Ward et al., 2014) and regular
management, usually in the form of low intensity grazing or mowing
(Berg et al., 2011). This low intensity human intervention halts suc-
cession to coarser vegetation types such as scrub, woodland and reed
swamp and promotes high species richness (Burnside et al., 2007). As a
result of habitat degradation coastal meadows have undergone a con-
siderable loss of area, from 28 750 ha of managed meadows in the
1950 s (EFN and RDSFNC, 2001) to around 8 000 ha in the 2000 s
(Ingerpuu & Sarv, 2015).

This study was undertaken in the Silma Nature Reserve in West
Estonia. The reserve covers an area of 4780 ha and encompasses around
560 ha of coastal meadow (Burnside et al., 2007). Landowners include
both the state and private persons. Silma Nature Reserve was first de-
signated as a protected area in 1998 due to its strategic location along
European bird migratory routes (Ward, 2012). Within the Reserve,
three coastal meadows were selected for the analysis: Tahu North, Tahu
South and Kudani (Fig. 1). The sites were chosen due to the re-
presentability of the plant communities they contain and the con-
tinuous management undertaken since the 1990s. The three sites are
regularly grazed with densities of 0.4–1.3 Au/ha according to the data
registered by the Estonian Agricultural Registers and Information Board
and the Silma Nature Protection Area Management Plan
(Keskkonnaamet, 2017).

The vegetation at the study sites has been previously categorized
into seven plant communities according the phytosociological classifi-
cation developed by Burnside et al. (2007): Reed swamp (RS), Clubrush
swamp (CS), lower shore meadow (LS), upper shore meadow (US), open
pioneer (OP), tall grass (TG) and Scrub and developing Woodland (SW).
Because of their peripheral occurrence in coastal meadows, the present
study excludes CS and SW from the analysis. Table 1 contains a sum-
mary of the indicator species of the selected plant communities.

2.2. Data collection

2.2.1. Plant community field sampling
Field sampling was undertaken in July 2018 over a 1 week period.

Plant communities were identified based on the phytosociological key
developed for Baltic coastal wetlands (Table 1; Burnside et al., 2007).

In total, 140 1 m2 quadrats were located using a stratified random
approach (ten quadrats per community type in three sites) (Ward et al.,
2016b). Within the quadrats, plants with an area coverage of 5% or
more were recorded (Rodwell, 1992), as well as the cover of bare
ground and litter. In the Open Pioneer community all plants were re-
corded as a result of the low cover of all species and predominance of
bare ground.

X, Y and Z coordinates were recorded within all quadrats using a
Sokkia GSR2700 ISX dGPS. Points were recorded in the corners and
centre of all quadrats, five points per quadrat (Ward et al., 2013).

At Kudani, Lower Shore, Upper Shore, Open Pioneer and Tall Grass,
plant communities were recorded. At Tahu North, Reed Swamp, Lower
Shore, Upper Shore and Open Pioneer were recorded. And at Tahu
South, Reed Swamp, Lower Shore, Upper Shore and Open Pioneer were
recorded (Fig. 2). These were selected based on the plant communities
that occurred in each site.

Additionally, aboveground biomass samples were collected at each
study site in order correlate communities’ structure with the spectral
characteristics of the sampling quadrats. A 30 × 30 cm biomass sam-
pling plot was randomly placed within each vegetation quadrat after
the species cover had been recorded. Grass was cut at ground level and
samples were subsequently dried at 80 °C for 48 h and weighed. Reed
Swamp was excluded from the biomass analysis due to logistical con-
straints.

2.2.2. Image acquisition
Multispectral images were collected using a senseFly Ebee fixed

wing UAV, with real-time kinematic (RTK) correction. The images were
captured at a flight height of 120 m, with a 10 cm pixel resolution. A
Parrot Sequoia 1.2 megapixel monochromatic multi-spectral sensor was
used to collect four distinct spectral bands: Green (530–570 nm), red
(640–680 nm), red edge (730–740 nm) and near infrared
(770–810 nm). Prior to each flight, an Airinov radiometric calibration
target was used to capture calibration images for subsequent radio-
metric correction of the multispectral images. The images were cap-
tured during a total of five separate flights over the three coastal
meadow sites covering an overall flight area of 61.4 ha.

Eleven ground control points (GCPs) were recorded using a Sokkia
GSR2700 ISX dGPS for each flight in order to assess the geopositioning
accuracy of the multispectral images (Strong et al. 2017).

2.3. Image processing and analysis

A total of 7615 images were pre-processed in eMotion 3®. RINEX
observation and navigation files were obtained from the ESTPOS
Estonian GNSS-RTK permanent stations network (Eesti Maa-amet) for
the post-processed kinematic (PPK) corrections of the images in
eMotion 3®. This process ensures a significant increase in the positional
accuracy of the multispectral images (Tadrowski, 2014), from ca. 5 m to
under 7 cm in the present study.

In order to obtain one multispectral orthomosaic per study site, the
images were processed in Pix4D v.4.3.31®. The orthomosaics were
subsequently clipped to the extent of the study sites in order to avoid
the interference of the surrounding forest and scrub in the classification
of the meadow vegetation.

The accuracy of the PPK corrections was assessed through Root
Mean Square Error (RMSE) and Mean Absolute Error (MAE) calcula-
tions. RMSE and MAE were used to estimate the differences between
the GCPs location in the images and the independent GCPs locations
measured with the dGPS (Strong et al., 2017).

2.4. Vegetation indices

A number of vegetation indices have been selected in the present
study in order to determine their ability to differentiate plant commu-
nity types. Satellite-derived vegetation indices have been used since the
1970s to gather information on vegetation health status, forest biomass
production, agricultural production and crop monitoring and biodi-
versity conservation among other applications. The most commonly
used vegetation index is the Normalized Difference Vegetation Index
(NDVI) (Rouse et al., 1974). Originally conceived as an index to identify
vegetated areas and assess their photosynthetic activity, the use of
NDVI has been extended to a wide range of fields such as precision
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agriculture (Houborg and Mccabe, 2016), forestry (Robinson et al.,
2017), fire damage assessment (Navarro et al., 2017) and habitat
monitoring (Mafi-Gholami et al., 2019). Later, a wide variety of

vegetation indices have been developed that partly overcome NDVI’s
limitations (Gu et al., 2013; Xue & Su 2017). Among the indices se-
lected for this study, some incorporate the red-edge region
(680–750 nm) in their formulation, which is highly sensitive to leaf
area index (LAI) and chlorophyll content and shows high potential for
discerning vegetation characteristics and stress factors, as well as dis-
tinguishing plant community types (Delegido et al., 2013).

Table 2 contains the 13 indices selected for the study and the cor-
responding references. The selection of indices was undertaken based
on their specific application in vegetation studies, as each individual
index targets different aspects of vegetation condition, phenology,
primary production and vegetation structure among others.

Fig. 1. Location of the study sites within the Silma Nature Reserve in West Estonia: (1) Kudani, (2) Tahu North, (3) Tahu South.

Table 1
Indicator species of selected plant communities. Adapted from Ward et al.
(2016b).

Community Key species

Reed Swamp (RS) Phragmites australis
Lower Shore (LS) Juncus gerardii, Plantago maritima
Upper Shore (US) Festuca rubra, Leontodon autumnalis
Open Pioneer (OP) Salicornia europaea, Suaeda maritima
Tall Grass (TG) Elytrigia repens, Festuca arundinacea

Fig. 2. Location of the sampling quadrats within the three study sites: (a) Kudani, (b) Tahu North, (c) Tahu South.
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2.5. Supervised plant community classification

In order to automatically classify and map plant communities in
coastal meadows, a supervised classifier algorithm was used to generate
plant community maps for the study sites. The classification of plant
communities was performed in R v3.5.1 (R Development Core Team,
2010) using a Random Forest machine learning classifier.

R packages used to perform RF were:

• rgdal package (Bivand et al., 2015): provides bindings to the
Geospatial Data Abstraction Library (GDAL) to be imported into R.

• raster package (Hijmans & van Etten, 2012): enabling to read, ma-
nipulate, analyze and model the gridded spatial data.

• caret package (Kuhn, 2012): contains functions to streamline the
model training process for complex regression and classification
problems, and estimate model performance from a training dataset.

• randomForest package (Liaw & Wiener, 2002): for classification and
regression based on a forest of decision trees using random inputs.

• e1071 package (Dimitriadou et al., 2006): contains functions for
latent class analysis and shortest path computation.

The Random Forest classifier was run with all the vegetation indices
calculated in the previous step. All pixels falling within each of the 140
sampling quadrats were assigned to the corresponding plant community
identified in the field and utilized as the training dataset. Additionally,
plant community type was recorded in a supplementary batch of 140
quadrats as a validation dataset.

2.6. Unsupervised plant community classification

In order to explore the capabilities of different image classification
techniques, the original dataset composed of 13 vegetation indices in 3
study sites was also subjected to an unsupervised classification algo-
rithm.

The ISODATA clustering algorithm was chosen due to its ability to
split large diffuse clusters and to merge small clusters whose centres are
closer than a certain threshold (Memarsadeghi et al, 2007). The ISO-
DATA clustering routine processes data in an iterative manner, based
on minimum Euclidean distances between each pixel and the closest
cluster in the multidimensional feature space of the selected spectral
bands. Throughout the clustering process, each iteration recalculates
clusters’ means and reassigns pixels to the cluster with the closest mean
value.

All study sites were clustered simultaneously to account for varia-
tions in light and atmospheric conditions and the number of clusters
was set to five, in agreement with the five plant communities under
study: Reed Swamp (RS), Lower Shore (LS), Upper Shore (US), Tall
Grass (TG) and Open Pioneer (OP). Prior to the clustering process, a
Principal Component Analysis (PCA) was run on the input variables.

PCA has been widely use to extract uncorrelated variables from high
dimensional multispectral data (Zabalza et al, 2014). The variables or
components extracted in a PCA convey most of the spectral variability
of the features under study and discard redundant information. Three
combinations of input data were tested in ISODATA: (1) PCA on in-
dividual spectral bands, (2) PCA on the vegetation indices and (3) PCA
on the vegetation indices and the spectral bands together. The first
three components were used in all cases as input variables. Analyses
were performed in ArcGIS 10.3.

2.7. Validation, classification accuracy assessment and comparisons
between maps

A Fleiss Kappa statistic was used to assess the overall mapping ac-
curacy of the different classification techniques (Ward et al., 2013).
Based on the kappa statistic, the best performing algorithm was selected
for in-depth analysis. Although kappa statistics reveal clustering and
classification performances, additional tests are needed to explore in-
depth classification accuracies for specific plant communities. Com-
munity-specific classification accuracies may reveal differences in
spectral variability related to plant community composition and het-
erogeneity. An out-of-bag (OOB) estimate of error was thus used to
assess the prediction error of the RF algorithm for individual plant
communities (Gislason et al., 2006). In studies characterized by very
high dimensionality, it is crucial to estimate the importance of each
predictive variable in classifying the data in order to determine the
variables performance. In order to detect the predictive power of the
input variables within the RF algorithm, the Mean Decrease in Accuracy
(MDA) and Mean Decreased Gini (MDG) for individual vegetation in-
dices across all RF trees was analysed (Han et al., 2016). The Gini index
is a measure of the homogeneity and purity of nodes and leaves. Each
time a variable is used to split a node in the RF algorithm, the Gini
index estimates the probability of a randomly chosen variable being
wrongly classified. By excluding one variable from the classification
process, RF estimates the MDG. A higher MDG indicates a higher
variable importance in correctly splitting data in nodes across all trees
(Rodriguez-Galiano et al., 2012). RF also calculates the MDA by ran-
domly permuting the values of a certain variable in the OOB samples
and subsequently recalculating the overall classification accuracy of the
model (Rodriguez-Galiano et al., 2012).

Beyond simple kappa-based comparisons, spatial comparisons be-
tween land cover maps have been suggested as a tool to locate and
quantify areas of land cover allocation disagreement (Gomez and
Montero, 2011). Detecting the spatial patterns of areas of disagreement
may help identify classification uncertainties associated with spectrally
complex areas or transitional plant communities. A spatial overlay was
performed between the RF map and the map resulting from the best
performing ISODATA cluster. In addition, the statistics Klocation

(Pontius, 2001; Pontius, 2002) and Khisto (Hagen, 2002) were computed

Table 2
List of vegetation indices selected in the present study. Vegetation indices were used to classify and map plant communities in the three coastal meadow sites.

Vegetation index Equation Reference

Normalized Difference Vegetation Index (NDVI) (NIR-R)/(NIR + R) Rouse et al. (1974)
Green Difference Vegetation Index (GDVI) NIR-G Sripada et al. (2006)
Green Normalized Vegetation Index (GNDVI) (NIR-G)/(NIR + G) Gitelson et al. (1996)
Green Ratio Vegetation Index (GRVI) NIR/G Sripada et al. (2006)
Green Infrared Percentage Vegetation Index (GIPVI) NIR/(NIR + G) Crippen (1990)
Simple Ratio (SR) NIR/R Jordan (1969)
Green Difference Index(GDI) NIR-R + G Gianelle and Vescovo (2007)
Green Red Difference Index (GRDI) (G-R)/(G + R) Gianelle and Vescovo (2007)
Red edge normalized difference vegetation index (NDVIre) (NIR-Rededge)/(NIR + Rededge) Gitelson and Merzlyak (1994)
Red edge simple ratio (SRre) NIR/Rededge Gitelson and Merzlyak (1994)
Red edge triangular vegetation index (core only) (RTVIcore) 100(NIR-Rededge)-10(NIR-G) Chen et al. (2010)
MSRred edge (NIR/Rededge)-1/√(NIR/Rededge) + 1 Wu et al. (2008)
Datt4 R/G*Rededge Datt (1998)
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in order to provide an in-depth assessment of differences in the location
and the histogram shape of plant communities in all three locations.
Khisto accounts for the similarity/dissimilarity in the quantity of pixels
belonging to the same category in two maps by comparing the fre-
quency of categories in both maps. When the frequency of categories in
two maps is equal, Khisto = 1. Klocation compares the location of cate-
gories at the pixel level between two maps. When two categories lie at
identical locations, Klocation = 1. The overall Kappa is computed as the
product of Klocation and Khisto.

The kappa comparisons between the selected maps were performed
in Map Comparison Kit (Visser and De Nijs, 2006).

2.8. Relationship between species composition, aboveground biomass and
spectral signature.

The methodology developed for this study characterizes within-
sample spectral heterogeneity in relation to species diversity and bio-
mass in order to assess the impact on the classification accuracy of the
RF algorithm. In order to reduce the dimensionality of the spectral
dataset, the spectral heterogeneity was calculated as the standard de-
viation (SD) of the first principal component of the individual bands.
Species diversity was assessed using the Shannon index (H’) for species
abundance:
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where
S = total number of species in the sampling plot
I = the ith species
P = proportion of individuals of one particular species divided by

the total number of individuals in the sampling plot.
The Shannon index highlights the functional characteristics of the

most abundant species (Rocchini et al., 2010a) and is likely to be less
affected by the presence of rare species than species richness. This re-
presents an adequate proxy for plant species composition in relation to
spectral diversity.

Spearman’s rank-order correlations were used to detect significant
relationships between spectral and species diversity and aboveground
biomass. Furthermore, a loess procedure (Cleveland and Devlin, 1988)
was applied to assess trends in the relationships between the studied
variables. Loess is a locally weighted regression model that fits a
function of the independent variable locally and in a moving fashion
through a smoothing process. The purpose of this analysis was to ex-
plore the spectral nature of training samples rather than building a
predictive model for species diversity and biomass. In this regard, loess
offers a suitable visualization procedure. Spearman’s rank-order corre-
lations and loess analyses were executed in R.

3. Results

3.1. Comparison of classification models

The Fleiss’ kappa classification accuracy for each method is shown
in table 3 and the maps obtained from different classification methods
are shown in Fig. 3. The overall classification accuracy was highest for
the Random Forest algorithm with 13 vegetation indices as input
variables, with a Fleiss kappa coefficient of 0.89. The PCA on the 13
vegetation indices plus the four individual bands improved the classi-
fication accuracy of the unsupervised ISODATA algorithm from 0.31
(PCA on spectral bands) and 0.43 (PCA on vegetation indices) to 0.58.

The comparison between the RF algorithm map and ISODATA
clustering (PCA on vegetation indices and spectral bands) map yielded
low levels of agreement (table 4). Tahu N shows the lowest values for
overall Kappa (0.21) and Klocation (0.31), whereas Kudani shows the
lowest levels of Khisto (0.57).

Fig. 4 provides a visual interpretation of areas of agreement and
disagreement between both classifications and an overview of classifi-
cation disagreements per community type. The highest levels of
agreement reflected by overall kappa and Klocation and Khisto are reached
in OP and LS respectively. RS and US show very low values of Klocation

and moderate values of Khisto in Tahu N, indicating a certain degree of
swapped classification between both communities, which can also be
observed in Fig. 3.

3.2. Random forests accuracy assessment

The performance of the RF classifier was further assessed with two
statistical tests for classification accuracy. The out-of-bag (OOB) esti-
mate of error highlighted the prediction error of RF for each plant
community (table 5). The best classification accuracy corresponds to
OP, with an OOB of 0.2%. RS and TG show the highest classification
errors, with an OOB of and 13% and 18% respectively.

The importance of the contribution of each predictor variable on the
classification performance of RF was assessed by means of the Mean
Decreased Accuracy (MDA) and Mean Decreased Gini (MDG) tests.
According to the Gini index (Fig. 5), the indices with the highest con-
tribution to the RF model are GDI and DATT4, followed by GRDI and
SR. The smallest contribution to the model’s classification performance
are SRRE, NDVIre and MSRRE. Regarding the Mean Decrease in Ac-
curacy, the contribution of GRDI is the highest with a value of 95%. The
contributions of GDI and NDVIre are also important with values of 65%
and 63%. According to the MDA, NDVI and SR have the lowest im-
portance, with values of 52% and 50% respectively.

3.3. PCA for spectral dimension reduction

The best performing combination of input variables in the ISODATA
algorithm was the three components of the PCA performed on the ve-
getation indices and spectral bands. The first three components explain
97% of the total variance in the multidimensional space (table 6). The
first component is highly correlated with ratio-based vegetation indices
incorporating the NIR band (NDVI, GNDVI and GIPVI) and a Red-Edge
based index (DATT4). The second component is mainly correlated with
the individual reflectance bands and two difference-based indices
(GDVI and GDI). The third component relates to GRDI and SR.

3.4. Relation between species composition, aboveground biomass and
spectral signature

The analysis of spectral diversity within training samples yielded
significant (p < 0.01) positive correlations between plant species di-
versity, aboveground biomass and spectral diversity, with higher
Spearman’s rho (0.67) for biomass than for Shannon’s index (0.21).

A graphical comparison of the relationships between spectral di-
versity and species diversity and biomass is provided in Fig. 6. As
highlighted by the Spearman’s rank-order correlation test, spectral di-
versity is more sensitive to biomass than to species diversity. Although
the relationship between spectral diversity and species diversity is in-
itially positive, it smoothly turns to negative after reaching the highest

Table 3
Classification accuracy results for four different classification methods. A Fleiss’
kappa coefficient was used to determine the level of agreement between ex-
pected and observed plant community types.

Classification method Fleiss’ kappa

Random Forest with vegetation indices 0.89
ISODATA clustering with PCA on spectral bands 0.31
ISODATA clustering with PCA on vegetation indices 0.43
ISODATA clustering with PCA on vegetation indices and spectral

bands
0.58
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values of species diversity. It is worth noting that all the observations
around the negative section of the loess fitted curve (b) correspond to
Reed Swamp sampling plots.

4. Discussion

The rapid development of UAVs and lightweight sensors in recent
years has widened the range of remote sensing applications and solu-
tions (Pajares, 2015a,b). Simultaneously, an unprecedented volume of
very high spatial resolution remotely sensed data is being generated,
posing a challenge in terms of modelling and interpretation of results
(Chi et al., 2016). While the availability of different modelling techni-
ques facilitates the processing of large amounts of remotely sensed data,
it is still necessary to understand the modelling capabilities and lim-
itations in order to provide robust results. In this study, a UAV was used
to retrieve high-resolution multispectral images of three coastal mea-
dows in West Estonia. Subsequently, a RF model and an ISODATA al-
gorithm were used to map plant communities at the study sites.

The results show that the RF outperforms the ISODATA un-
supervised classification algorithm (Table 3). Specifically, the RF al-
gorithm achieved very low per-class OOB errors for Open Pioneer and
Lower Shore (0.2% and 2% respectively) and increasingly higher for
Upper Shore, Reed Swamp and Tall Grass (10%, 13% and 18%). These
differences in the classification error between communities can be

explained by the spectral characteristics of the vegetation and the
training samples. The results of the spectral signature analysis show
that in the communities under study, species diversity is slightly cor-
related with spectral diversity (r = 0.23) whereas aboveground bio-
mass is moderately correlated with spectral diversity (r = 0.43). This,
in turn, has an effect on the characteristics of the training samples and
ultimately on the accuracy of the RF algorithm. For instance, low bio-
mass communities such as Lower Shore and communities with a very
high proportion of bare ground such as Open Pioneer present a very
homogeneous spectral signature. Building upon homogeneous training
samples, RF is able to discriminate communities with a high level of
precision. On the other hand, a higher aboveground biomass and spe-
cies diversity results in higher spectral diversity within the training
samples. This can be observed in the higher classification errors in
Upper Shore (higher biomass and diversity than Lower Shore and Open
Pioneer), Reed Swamp (highest biomass) and Tall Grass (highest di-
versity and high biomass).

Plant functional traits and morphological characteristics such as leaf
size, branching structure, leaf angle, etc. affect spectral reflectance
(Schweiger et al., 2018). In this regard, the spectral diversity hypothesis
indicates that species within a community occupy spectral spaces de-
fined by their morphological characteristics (Rocchini et al., 2010a).
Consequently, spectral diversity can be used as a proxy for estimating
the variability of plant traits within a certain area unit. Similarly,
grassland aboveground biomass may have an effect on the spectral
variability of remotely sensed images, especially at very high spatial
resolutions. Recently grazed grassland patches may show a homo-
geneous sward structure, especially in terms of sward height and bio-
mass distribution. On the other hand, swards undergoing a period of
regrowth are commonly characterized by a complex structure and a
higher heterogeneity in both vertical and horizontal dimensions due to
individual plants differing in size, growth rates and biomass allocation
(Marriott and Carrère, 1998, Wang et al., 2018). Higher biomass swards
are therefore expected to show a higher spectral variability. The

Fig. 3. Classification results for Random Forest with vegetation indices in Kudani (a), Tahu N (b), Tahu S (c) and for ISODATA clustering with PCA on vegetation
indices and spectral bands in Kudani (d), Tahu N (e) and Tahu S (f). US: Upper Shore, LS: Lower Shore, OP: Open Pioneer, RS: Reed Swamp, TG: Tall Grass.

Table 4
Overall kappa, Klocation and Khisto results for the comparison between Random
Forest and ISODATA maps. Kappa comparisons were performed individually for
each study site.

Community Kudani Tahu N Tahu S

Kappa 0.29 0.21 0.29
KLocation 0.51 0.31 0.39
KHisto 0.57 0.67 0.75
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relationship between species diversity and spectral diversity has been
previously studied in the context of biodiversity monitoring, estimation
and prediction (Rocchini et al., 2010a) and has been tested across a

wide variety of habitats and spatial scales, including Mediterranean
forests (Rocchini & Cade, 2008), Amazonian tropical forests (Tuomisto
et al., 2003) and African savannas (Rocchini et al., 2010a, 2010b). In
contrast, while many studies focus on the use of multispectral imagery
for biomass estimations (Magiera et al., 2017; Punalekar et al., 2018;
Naidoo et al., 2019), very few address the relationship between biomass
and spectral diversity. The results obtained in this study show that
biomass and species diversity have an influence on the characteristics
and quality of the training samples. The loess curve shown in Fig. 6a
confirms the positive relationship between biomass and spectral di-
versity described above. However, the relationship between species
diversity and spectral diversity shown in Fig. 6b suggests a more
complex interaction. Increasing levels of species diversity correspond to
increased spectral diversity, as has been shown in previous studies.

Fig 4. Areas of classification disagreement between RF and ISODATA and overall Kappa, Klocation and Khisto values disaggregated per study site and community type.

Table 5
OOB estimate of error of the RF classifier for each com-
munity type.

Community Class error

Reed Swamp (RS) 13%
Lower Shore (LS) 2%
Upper Shore (US) 10%
Open Pioneer (OP) 0.2%
Tall Grass (TG) 18%

Fig. 5. Mean Decreased Accuracy (MDA) and Mean Decreased Gini (MDG) values for all vegetation indices used as input variables in the RF classifier. Higher MDA
and MDG values indicate a higher importance of the input variable in the classification process.
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However, after reaching the maximum level of species diversity, the
curve turns negative indicating an increase in spectral diversity as
Shannon’s diversity index decreases. This variation in the relationship
can be attributed to two phenomena. On one hand, the sensitivity of
spectral diversity to biomass (Fig. 6a) could mask the effect of species
diversity. This is indicated by the fact that all the observations around
the negative section of the loess fitted curve in Fig. 6b correspond to
Reed Swamp, which is characterized by a high biomass and a relatively
low level of species diversity. On the other hand, the very high spatial
resolution imagery provided by sensors mounted on UAVs may lead to
artefacts. For instance, in communities characterized by tall vegetation
such as Reed Swamp, some pixels may fall in areas with direct sunlight
while others may fall in shaded areas or gaps between individual plants
(Nagendra et al., 2010), therefore increasing the spectral variability of
the sample. These results highlight the need to account for the nature
and characteristics of spectral diversity when designing and adapting
sampling strategies for training plant community classification algo-
rithms.

Regarding the variables importance in the classification accuracy of
the RF algorithm, Green Red Difference Index (GRDI) was shown to be
the considerably more important than all other indices in classifying
plant communities according to the Mean Decreased Accuracy (MDA).
The critical role of GRDI in classifying grassland communities is likely
to be related to its ability in predicting the percentage of green herbage
(Gianelle and Vescovo, 2007). GRDI has also been shown to be sensitive
to small changes in leaf colour and leaf density in grasslands (Motohka
et al., 2010). Changes in green reflectance captured by GRDI are likely

to represent changes in pigment composition between plant species in
different communities.

Based on the classification purity metrics (Mean Decreased Gini),
Green Difference Index (GDI) and DATT4 were the most important
predictor variables regarding increased data purity after each decision
tree node split. These results indicate that GDI and DATT4 show a su-
perior performance to other vegetation indices in terms of obtaining
pure classes at the end of the classification process. Similarly to GRDI,
GDI may capture changes in green reflectance better than some other
indices (e.g. NDVI). DATT4 is a red-edge-based index proposed by Datt
(1998) as an alternative to NDVI and GNDVI to maximize the sensitivity
to changes in pigment concentration in leaves. A sharp change of re-
flectance occurs in the red-edge region, related to the transition from
chlorophyll absorption to leaf scattering (Delegido et al., 2013). Con-
sequently, the red-edge band has been proven to be very sensitive to
variations in chlorophyll a, b and carotenoids (Adamczyk and Osberger,
2015) and therefore its use in vegetation indices reduces the saturation
effect known to affect e.g. NDVI (Clevers and Gitelson, 2013). This
explains the key role of DATT4 in the correct classification of plant
communities in coastal meadows.

On the other hand, NDVI shows a very low contribution to MDA,
which highlights its marginal role in the overall performance of the
model. Previous studies suggest NDVI is a poor indicator of forest
phenology due to its low sensitivity to leaf colour change (Motohka
et al., 2010). In addition, using NDVI can present some limitations due
to its sensitivity to the effects of soil brightness, soil colour, atmosphere
and leaf canopy shadow (Xue & Su, 2017) and shows saturation in high
density vegetation (Gu et al., 2013). NDVI is therefore likely to also
exhibit a low sensitivity to different rates of leaf senescence and pro-
portions of chlorophyll and other pigments in grasslands.

Within this study, an unsupervised classification method was tested
in order to compare its performance with the RF algorithm. The
ISODATA clustering algorithm reduces costs associated with the
training sample collection process. However, the classification accuracy
obtained with the different combinations of input variables in ISODATA
was considerably lower than RF. The best results were obtained by
combining all vegetation indices and individual spectral bands in a PCA
(Table 3) and subsequently using the first three components as input
variables in the ISODATA clustering algorithm. Mixing individual
spectral bands with vegetation indices in the PCA generated a compo-
nent entirely correlated with the spectral bands (PC2). On the other
hand, PC1 incorporated three NIR ratio-based vegetation indices
(NDVI, GNDVI and GIPVI) and a Red-Edge based index (DATT4). The
highest contribution to PC2 is the red-edge band, which highlights the
key role of this band in discerning vegetation types. The clear

Table 6
Eigenvectors of the vegetation indices and spectral bands and variance ex-
plained by each principal component.

Vegetation
indices/
reflectance bands

1st component
(82.4% variance
explained)

2nd component
(8.6% variance
explained)

3rd component
(5.9% variance
explained)

NDVI 0.55
GIPVI 0.46
GNDVI 0.46
DATT4 −0.22
RED-EDGE −0.48
NIR −0.43
GDI −0.42
GDVI −0.34
GREEN −0.26
RED −0.25
GRDI 0.79
SR 0.24

Fig. 6. Relationships between aboveground biomass (a) and Shannon’s index (b) vs. spectral diversity. The fitted curves were obtained with a loess smoothing non-
linear regression.
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separation between indices and bands in different components is likely
due to the fact that non-normalized spectral bands tend to be correlated
among themselves. In fact, the only vegetation indices included in PC2
are non-normalized and also likely correlated with the spectral bands.
In previous studies, PCA has been used to compute synthetic bands that
are subsequently utilized as input variables in supervised classification
algorithms (Yesilnacar & Süzen, 2006; Novelli et al., 2016) with high
classification accuracies. The results in this study highlight that the
classes obtained in unsupervised classification do not necessarily cor-
respond to different plant communities on the ground. Nevertheless,
these methods provide a good overview of spectral differences over the
whole dataset.

Fleiss kappa comparisons between plant community classification
techniques offer a quick and simple way to assess classification accu-
racy (Landis & Koch, 1977; Chmura Kraemer, 1980). However, Fleiss
kappa fails to provide information on the spatial nature of the agree-
ment and disagreement between classification techniques (Gomez and
Montero, 2011). This information is essential, as it helps identify
communities characterized by very high spectral heterogeneity due to
factors such as disturbance or communities located within or adjacent
to ecotones. An assessment of classification disagreement was per-
formed by overlying the RF map with the ISODATA (PCA on bands plus
indices) map. The results show that at the study sites, some areas of
disagreement correspond to disturbed communities such as a recently
restored patch of grassland in the western section of Tahu N or certain
sections in Kudani over-trampled by cattle. Similarly, transition areas
between Reed Swamp, Tall Grass and Upper Shore show disagreement
in the three study sites, perhaps due to structural differences in these
ecotones. In addition to the visual interpretation, a kappa map com-
parison analysis was performed in order to gain a deeper understanding
of the characteristics of disagreement between classifications. Gen-
erally, the most productive communities (Reed Swamp, Tall Grass and
Upper Shore) show the lowest degree of agreement in all three sites,
with very low values of Klocation, especially at Tahu N. Although values
of Khisto are moderate for these communities, low Klocation indicates
incorrectly predicted community locations from the ISODATA algo-
rithm. This is most likely due to the presence of large sections of dis-
turbed and transitional communities and the spectral heterogeneity of
communities characterized by higher biomass production such as Tall
Grass and Reed Swamp.

This study demonstrates the feasibility of using vegetation indices
derived from UAV imagery for the classification of plant communities
in coastal meadows. The RF model accurately predicted the occurrence
of plant communities with a very high kappa value. Previous studies
have used similar approaches to discern and map spectrally distant land
cover classes such as forest and meadows (Feng et al., 2015; Ahmed
et al., 2017) or distinguish crop types (Lottes et al., 2017; Böhler et al.,
2018). However, few studies have attempted to map spectrally similar
landscape patches at the plant community scale (Strong et al., 2017,
Rapinel et al., 2019). The results obtained in this study highlight the
need to consider a wide range of vegetation indices in order to achieve
the best differentiation between plant communities. Moreover, few
studies have attempted to assess the spectral nature of training samples
in relation to community structure and composition (Goodwin et al.,
2005). Beyond the number of training samples, training polygon size
and image resolution, the spectral heterogeneity within the training
samples has an impact on the accuracy of the classifications obtained
from supervised algorithms. Training datasets with a higher spectral
diversity may reduce the ability of machine learning algorithms to
discriminate between different plant communities. This study demon-
strates the need to assess the spectral characteristics of training samples
in order to gain a full understanding of the performance of classification
algorithms.

5. Conclusions

Multispectral UAV imagery was successfully used to classify five
plant community types in high biodiversity value coastal meadows in
West Estonia. The results demonstrate that an appropriate sampling
strategy and choice of vegetation indices yield accurate plant commu-
nity maps. While UAV multispectral imagery in combination with
classification algorithms constitute a valuable tool in habitat manage-
ment and nature conservation contexts, there are several important
areas that require attention. Species diversity and biomass heavily in-
fluence the spectral characteristics and quality of training samples at
different plant communities. This should be accounted for in the design
phase of the sample collection process in order to achieve the best
classification accuracies. Moreover, it is crucial to utilize a wide array
of vegetation indices in order to avoid poor results associated with less
sensitive indices such as NDVI. In this regard, the use of the red-edge
band delivers good results due to its sensitivity to chlorophylls, car-
otenoids and other pigments. This study has provided a novel method
for mapping grasslands at a plant community level using plant species
and biomass data together with random forest modelling utilising a
range of different vegetation indices. Future research should further
address the optimization of training sample acquisition, modelling al-
gorithms and sample spectral characteristics.
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HIGHLIGHTS 11 

- Accurate spatially-explicit models are needed to estimate the supply of ecosystem services in 12 
coastal meadows 13 

- Above-ground biomass and grassland structure maps were produced using UAV-derived 14 
datasets 15 

- Sensor fusion improves biomass prediction accuracies 16 
- Monospecific and continuous grazing led to simplified grassland structure 17 
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ABSTRACT 21 

Coastal meadows provide a wide range of ecosystem services worldwide. In order to assess the 22 
supply of ecosystem services in these habitats, it is necessary to develop highly accurate models that 23 
account for the spatial nature of ecosystem functions and processes. In this study, above-ground 24 
biomass was predicted at very high spatial resolution in nine study sites in Estonia. A combination of 25 
UAV-derived datasets was used to produce vegetation indices and micro topographic models. A 26 
random forest algorithm was used to generate above-ground biomass maps and assess the 27 
contribution of each predictor variable. The model successfully predicted above-ground biomass at 28 
very high accuracies. Additionally, grassland structural heterogeneity was assessed using UAV-29 
derived datasets and vegetation indices. The results were subsequently related to management 30 
history at each study site.  The results show that continuous, monospecific grazing management 31 
tends to simplify grassland structure, which could in turn reduce the supply of key regulation and 32 
maintenance ecosystem services such as habitat for waders nursery and reproduction. These results 33 
also indicate that UAV-based surveys can serve as reliable grassland monitoring tools and could aid in 34 
the development of site-specific management strategies.  35 

 36 

INTRODUCTION 37 

Coastal meadows  are wetlands with an abundance of grasses subject to high water levels or flooding 38 
(Joyce et al., 2016). These valuable ecosystems have been recognized for the provision of a wide 39 
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range of ecosystem services (ES) worldwide (Barbier et al., 2011). Primary production in coastal 40 
meadows is a key ecosystem function that drives the supply of ES such as carbon (C) sequestration 41 
and storage as well as nutritional input for livestock. Vegetated coastal environments are well-noted 42 
for their capacity to retain carbon both from allochthonous sources and through absorbing 43 
atmospheric CO2 through primary productivity, which exceeds respiration rates (Duarte et al., 2013).  44 
The authors of the previous study estimated that an average of 4.8–87.3 Tg/yr of C are sequestered 45 
globally in salt marshes, and 0.4 – 6.5 Pg of C are stored in salt marsh soils. Moreover, coastal 46 
meadows are characterized by long-term C burial due to low decomposition rates as a result of 47 
anoxic conditions in their soils (Enriquez et al., 1993; Mcleod et al., 2011).  48 

Maintaining nursery populations and habitats is an essential regulation and maintenance ecosystem 49 
service (Haines-Young and Potschin, 2018) provided by coastal meadows (Rhymer et al., 2010). The 50 
high species diversity and complex structure of coastal meadow landscapes comprise an important 51 
habitat for populations of wildfowl, waders, amphibians (Rannap et al., 2017), and arthropods 52 
(Torma et al., 2019). The structural heterogeneity of swards in coastal meadows is mostly 53 
determined by low intensity grazing (Verhulst et al., 2011), which simultaneously maintains high 54 
levels of plant species richness (Burnside et al., 2007; Ward et al., 2016b). It is known that grassland 55 
shorebird species select short grass paddocks as feeding areas (Leito et al. 2014; Aldabe et al., 2019). 56 
Higher grazing pressure reduces the availability of tall vegetation patches, which are an essential 57 
nesting requirement of certain wader species such as the Common Redshank (Tringa totanus) 58 
(Sharps et al., 2016). Other wader species such as the Lapwing ( an us an us  and the Eurasian 59 
curlew ( u nius ar uata) are also very sensitive to sward heterogeneity when choosing nesting 60 
sites (Ti hit et a ., 200 , Żmihorski et a ., 2018). harps et a ., (201 ) point out that ight grazing not 61 
only modifies the structure of grass patches but also changes the sward’s species composition, 62 
increasing for instance the presence of stu a ru ra  which is preferred by the Common Redshank 63 
for nesting habitat. Torma et al. (2019) describe how extensive grazing is the best management 64 
option for enhancing arthropod biodiversity through the maintenance of heterogeneous patches of 65 
habitat and feeding areas. In addition to the increased habitat availability, long term grazing in 66 
coastal wetlands also limits rates of denitrification and increases microbial immobilization of C in 67 
soils, therefore enhancing nutrient availability and the capacity of soils to store C (Olsen et al., 2011).  68 

Coastal wetlands, including meadows, have been identified as a particularly sensitive ecosystem to 69 
Global Change, mainly due to increased sea level (Ward et al., 2016b), increased sea and ocean 70 
temperatures and altered atmospheric circulation patterns (Ward et al., 2016c) resulting in increased 71 
frequency of storms (Thorne et al. 2012; Spalding et al., 2014; Ward et al., 2014; Lima et al., 2020). In 72 
addition to the threats posed by altered climate patterns, coastal meadows have undergone 73 
degradation in the form of agricultural intensification in many areas and abandonment in others 74 
(Henle et al., 2008). In the absence of management, coastal meadows become dominated by tall-75 
sward communities (Clausen et al., 2013), which in turn leads to decreased availability of adequate 76 
habitat for waterbirds (Vulink et al., 2013). Moreover, abandoned coastal meadows are characterized 77 
by a higher presence of less digestible plants (Summers et al., 1993), which hinders the 78 
reintroduction of grazing activities. In this regard, Clausen et al. (2013) point out that adequate 79 
grassland management may counteract the effects of climate change by balancing the expected areal 80 
loss of coastal meadows due to sea level rise.  81 

The complex dynamics of coastal wetlands and their sensitivity to Global Change call for robust 82 
monitoring techniques. For instance, it is essential to understand how the patterns of biomass 83 
production change spatially in coastal wetlands, as this may provide a better understanding of 84 
responses to global change (Doughty & Cavanaugh, 2019). In addition, monitoring could provide 85 
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valuable insights on the combined effects of Climate Change and grassland abandonment and their 86 
impacts on the availability and quality of habitat for wader populations. In this regard, the rapid 87 
development of earth observation (EO) platforms and sensors, including both satellite and 88 
Unmanned Aerial Vehicles (UAVs) has led to an unprecedented availability of high quality EO data. 89 
For instance, several studies have used passive remote sensing data derived from satellite sensors to 90 
map salt marsh plant communities (Akumu et al., 2010, Kumar & Sinha, 2014), mangroves extent 91 
(Giri et al., 2010) and biomass production in coastal wetlands (O’Donnell & Schalles, 2016; Mafi-92 
Gholami et al 2018). However, satellite-derived EO data may not provide the spatial resolution 93 
required to account for the fine scale patterns and heterogeneous structure of grassland swards 94 
(Ward et al., 2013; Villoslada et al., 2020). On the other hand, the emergence of UAVs and 95 
lightweight sensors in the last decade has revolutionized ecological and environmental monitoring 96 
(Baena et al, 2018; Baxter & Hamilton, 2018). While providing very high spatial detail, UAVs are also 97 
able to survey large areas repeatedly. This has in turn led to a wide variety of applications including 98 
nature conservation, forestry, ecology and precision agriculture (Adão et al., 2017). Specifically in the 99 
field of grassland and coastal wetland ecology, UAVs combined with multispectral sensors have been 100 
used to map plant communities (Villoslada et al., 2020), quantify biomass production (Doughty & 101 
Cavanaugh, 2019), monitor tidal morphodynamics (Taddia et al., 2019) and monitor long-term 102 
ecological integrity (Díaz-Delgado et al., 2018). These approaches utilize the spectral properties of 103 
vegetation in order to predict plant communities’ spatial distribution patterns and structure (Veetil 104 
et al. in press). In addition to multispectral data, Structure-from Motion (SfM) has been used to map 105 
hydrological features and plant community structure in salt marshes (Kalacska et al., 2017; Meng at 106 
al., 2017). SfM is a photogrammetry technique that allows the generation of 3D point clouds from 107 
overlapping photographs. SfM algorithms locate common points within several photographs and 108 
utilize the position and orientation of the camera for each photograph to generate 3D topographic 109 
reconstructions (Kalacska et al., 2017). This process allows to reconstruct 3D landscapes from UAV-110 
derived photographs.   111 

UAV-derived data is characterized by a high dimensionality and large volumes due to multiple bands, 112 
very high spatial resolution and dense point clouds. Machine Learning (ML) algorithms offer an 113 
efficient solution to process large spatial datasets ( Lary et al., 2016). Random Forests (RF) (Breiman, 114 
2001) is a widely used ML algorithm technique for both classification of discrete clusters such as 115 
plant communities (Villoslada et al., 2019) and the prediction of continuous variables such as biomass 116 
(Mutanga et al., 2012) and tree attributes (Yu et al., 2011). RF is a supervised machine learning 117 
technique based on decision trees that uses a set of training samples for classifying features and 118 
simultaneously determining the best performing explanatory variables (Lu & He, 2017). Although ML 119 
algorithms are integrated in various statistics software packages and UAVs have become relatively 120 
affordable, the combined application of UAV-derived data and ML algorithms for the assessment of 121 
ecosystem services in coastal wetlands has received very little attention compared to other 122 
ecosystem types such as forests (Torresan et al., 2017) and agricultural land (Adão et al., 2017). 123 

This study focuses on the role of coastal meadows as providers of key ES by assessing above-ground 124 
biomass and the structural complexity of grass swards. By utilizing multiple UAV-derived remote 125 
sensing products, the study addresses fine-scale patterns and dynamics of ES provision in coastal 126 
wetlands. More specifically, the aims of the present study are: 127 

 128 

.  129 
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1. To generate very high spatial resolution maps of standing above-ground biomass in Boreal 130 
Baltic coastal meadows in Estonia based on UAV multispectral imagery and SfM. 131 

2. To assess the grassland sward structure in Boreal Baltic coastal meadows in Estonia based on 132 
UAV multispectral imagery and SfM.  133 

3. To assess the effect of the duration and type of management regime on coastal meadows 134 
sward structure.  135 
  136 
 137 
 138 

2. METHODS 139 

2.1 Study sites 140 

Coastal landscapes in the Baltic Sea region are variable and exhibit considerable geographical 141 
differences. The northern Baltic Sea consists of erosion-resistant crystalline rock outcrops, while the 142 
southern section consists of sedimentary rocks superimposed on crystalline rocks (Rivis et al , 2016). 143 
Estonia is located between these two distinct zones. The narrow connection with the Atlantic Ocean 144 
through the Danish Straits and the resultant isolation of the Baltic Sea means sea water salinity is 145 
classified as brackish (Kont et al , 2003). Coastal wetlands in Estonia are characterized by a very low 146 
tidal range (~0.02 m range), and flooding is predominantly driven by atmospheric pressure and 147 
fluctuating meteorological conditions across the North Atlantic and Fennoscandia (Suursaar & Sooäär, 148 
2007). As a result, the rate and magnitude of inundation is irregular and varies throughout the coastal 149 
landscape (Rivis et al , 2016). Coastal wetlands in Estonia include many plant communities with rare 150 
and protected species and considerable biodiversity, supporting breeding and migratory fauna (Berg 151 
et al , 2012, Rivis et al  2016). These wetlands are maintained by regular management, usually in the 152 
form of low intensity grazing or mowing (Berg et al., 2012). 153 

The study was undertaken in nine study sites located across the Western coast of Estonia in the Silma 154 
Nature Reserve, Matsalu National Park and Vormsi Island (Fig. 1.). All sites constitute strategic 155 
locations along the East Atlantic bird migratory route (Ward, 2012).  156 
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 157 

Fig. 1. Location of the study sites within the Silma Nature Reserve, Matsalu National Park and Vormsi 158 
Island in West Estonia: (1) Kudani, (2) Tahu North, (3) Tahu South, (4) Matsalu 1, (5) Matsalu 2, (6) 159 
Rumpo West, (7) Rumpo East, (8) Hosby and (9) Rälby. 160 

 161 

2.2 Data collection 162 

2.2.1 Plant communities and biomass sampling 163 

Field sampling was undertaken in July 2019 during a period of two weeks. The sampling methodology 164 
follows the phytosociological classification developed by Burnside et al. (2007). The authors identified 165 
seven main plant communities considering the indicator species for Estonian coastal wetlands: Reed 166 
swamp (RS), Clubrush swamp (CS), Lower shore meadow (LS), Upper shore meadow (US), Open 167 
pioneer (OP), Tall grass (TG) and Scrub and developing Woodland (SW). Because of their peripheral 168 
occurrence in coastal meadows, the present study excludes RS, CS and SW from the analysis (table 1). 169 

 170 

Table 1:  Plant communities under study and their indicator species. M1: Matsalu 1; M2: Matsalu 2; 171 
TN: Tahu North; TS: Tahu South; Kd: Kudani; RE: Rumpo East; RW: Rupo West; Rb: Rälby; Hb: Hosby. 172 

Community Key Species Sites 
Open Pioneer (OP) a i ornia uro a a  ua a ariti a M1, M2, Kd 
Lower Shore (LS) un us g rar ii  antago ariti a M1, M2, TN, TS, Kd, RE, RW, Rb, Hb 
Upper Shore (US) stu a ru ra  onto on autu na is M1, M2, TN, TS, Kd, RE, RW, Rb 
Tall Grass (TG) trigia r ns  stu a arun ina a M1, M2, TS, Kd, RE, RW, Rb, Hb 

 173 

The open pioneer community is found in depressions and is characterized by a high frequency and 174 
abundance of bare ground and high salt concentration due the evaporite accumulation. The lower 175 
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shore community tends to establish on low-lying land where periodic flooding is influential (Ward et 176 
al. 2013) and it is indicated by dominant un us g rar ii with frequent stu a ru ra, au  ariti a, 177 

antago ariti a, Trig o in ariti u , bare ground and litter. The upper shore community is 178 
denser than Lower Shore vegetation and relatively more species-rich. stu a ru ra is dominant with 179 
frequent onto on autu na is and Trig o in ariti u . Tall grass vegetation is located at a higher 180 
elevation where flooding is less pronounced (Ward et al. 2013) and it is one of the most species-rich 181 
Estonian wetland plant communities with an abundance of trigia r ns, stu a spp. and plant 182 
litter (Burnside et al., 2007). 183 

Following a stratified random approach, 10 above-ground biomass samples per community type per 184 
site were collected as a training dataset and 10 additional samples as a validation dataset. This resulted 185 
in a total of 520 aboveground biomass samples collected using a 30 x 30 cm quadrat.  186 

X, Y and Z coordinates were recorded within all quadrats using a Sokkia GSR2700 ISX dGPS. Points were 187 
recorded in the corners and centre of all quadrats, five points per quadrat (Ward et al., 2013). Biomass 188 
was cut at ground level and samples were subsequently dried at 70°C for 48h and weighed. 189 

 190 

2.2.2 Image acquisition 191 

Multispectral images covering the extent of each study site were collected using a Sensefly Ebee 192 
equipped with a Parrot Sequoia 1.2 megapixel monochromatic multi-spectral sensor. Images were 193 
collected in four spectral bands: Green (530–570 nm), red (640–680 nm), red edge (730–740 nm) and 194 
near infrared (770–810 nm). Images were captured at a flight height of 120 m, with a 10 cm pixel 195 
resolution and prior to each flight an Airinov calibration panel was used to radiometrically correct 196 
images.   197 

Each multispectral flight was followed by a photogrammetric flight. RGB images were captured using 198 
a senseFly S.O.D.A camera at a flight height of 123 m with a resolution of 3.5 cm per pixel.  199 

 200 

2.3 Image processing and analysis 201 

All collected images underwent a post-processed kinematic (PPK) correction process in eMotion 3®. 202 
RINEX observation and navigation files from the ESTPOS Estonian GNSS-RTK permanent stations 203 
network were used to increase positional accuracy of the multispectral and rgb images (Tadrowski, 204 
2014). The positional accuracy achieved after this process is under 7 cm, as tested by Villoslada et al. 205 
(2019). After positional corrections, multispectral and rgb orthomosaics were constructed in Pix4D 206 
v.4.3.31®. A total of five orthomosaics were obtained for each study site.  207 

 208 

2.4 Vegetation indices 209 

The multispectral orthomosaics were used to compute 13 vegetation indices (Table 2). The selection 210 
of indices was based on their ability to detect changes in vegetation status, pigment content and 211 
plant productivity. Among the selected indices, Green Red Difference Index (GRDI) and Green 212 
Difference Index (GDI) have been previously used due to their ability to predict the percentage of 213 
green herbage (Gianelle and Vescovo, 2007, Villoslada et al., 2019). Indices incorporating the red-214 
edge band have been used to produce highly accurate predictions of biomass due to their ability to 215 
overcome saturation (Mutanga and Skidmore, 2004). Similarly, Difference Vegetation Index (DVI) has 216 
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been used to discern the large amount of variance in biomass predictions (Maguigan et al., 2016). 217 
Soil Adjusted Vegetation Index (SAVI) and Modified Soil Adjusted Vegetation Index (MSAVI) were 218 
chosen due to their ability to compensate for the effect of soil in sparsely vegetated areas (Ren et al., 219 
2011). Finally, band rations like Green Ratio Vegetation Index (GRVI) are known to correlate well with 220 
wetland vegetation biomass (Naidoo et al., 2019).       221 

 222 

Table 2. List of vegetation indices selected in the present study to predict standing above-ground biomass 223 

Vegetation index  Equation Reference 
Normalized Difference Vegetation Index (NDVI) (NIR-R)/(NIR+R) Rouse et al. (1974) 

Soil Adjusted Vegetation Index (SAVI) [(NIR-R)/(NIR+R+L)](1+L) 
L (soil adjustment factor) 
= 0.5 

Huete (1988); Ullah et al. 
(2012) 

Modified Soil Adjusted Vegetation Index 
(MSAVI) 

0.5[2NIR+2-
�(2𝑁𝑁𝑁𝑁𝑁𝑁 + 1)� −
8(𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑁𝑁)] 

Qui et al. (1994); Jing et al. 
(2014) 

2-band Enhanced Vegetation Index (EVI2) 2.5[(NIR-
R)/(NIR+2.4R+1)] 

Jiang et al. (2008); Jing et al. 
(2014) 

Di eren e egetation n e  (D )  
0. 1  

Richardson & Everitt (1992); 
Maguigan et al. (2016) 

Green Normalized Vegetation Index (GNDVI) (NIR-G)/(NIR+G) Gitelson et al. (1996); Naidoo 
et al. (2019) 

Green Ratio Vegetation Index (GRVI) NIR/G Sripada et al. (2006); Naidoo et 
al. (2019) 

Green Difference Index (GDI) NIR-R+G Gianelle and Vescovo (2007) 

Green Red Difference Index (GRDI) (G-R)/(G+R) Gianelle and Vescovo (2007) 

Red edge normalized difference vegetation 
index (NDVIre) 

(NIR-
Rededge)/(NIR+Rededge) 

Gitelson and Merzlyak (1994); 
Kross et al. (2015) 

Red edge simple ratio (SRre) NIR/Rededge Gitelson and Merzlyak (1994); 
Kross et al. (2015); Naidoo et 
al. (2019) 

Red edge triangular vegetation index (core 
only) (RTVIcore) 

100(NIR-Rededge)-
10(NIR-G) 

Kross et al. (2014) 
 

Datt4 R/G*Rededge Datt (1998) 

  224 

2.5 Digital Terrain Models 225 

In order to obtain microtopography models at each study site, an SfM algorithm was implemented. 226 
As described by Westoby et al. (2012), the SfM process encompasses three essential steps. The first 227 
steps requires the detection of common key points across a set of images using the Scale Invariant 228 
Feature Transform (SIFT). Secondly, a low-density 3D point cloud is extracted based on camera 229 
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locations and orientations. The point cloud is subsequently densified based on triangulation and 230 
incremental reconstruction. The third step involves the transformation from a relative to an absolute 231 
3D coordinate system, and post-processing of the dense point clouds and transformation into a 232 
raster DEM.  233 

Pix4Dmapper was used to detect matching points between all RGB images at each study site and 234 
subsequently generate a dense point cloud. Pix4Dmapper combines the SfM algorithm with the 235 
Multi-View stereo photogrammetry (SfM-MVS) (Smith et al., 2015) to detect common features in the 236 
images and construct a 3D scene based on bundle adjustment (Smith et al., 2015). The dense point 237 
clouds were then imported into CloudCompare in order to classify points into ground and non-238 
ground classes. Within CloudCompare, the Cloth Simulation Filtering (CSF) algorithm allows for an 239 
efficient computation of the ground surface and separation of vegetation from soil (Zhang et al., 240 
2016). The CSF algorithm uses a cloth simulation technique (Zhang et al., 2016) and the inversion of 241 
the original point cloud. By modifying two parameters, namely an integer parameter “rigidness” and 242 
a Boolean parameter “ST”, the user defines the way the simulated cloth lies over the inverted point 243 
cloud and ultimately determines the way points are classified. Compared to other point classification 244 
techniques, the CSF algorithm offers reliable classification results with few parameters (Zhang et al., 245 
2016).   246 

A raster digital terrain model (DTM) was computed at each study site by selecting and interpolating 247 
the points classified as ground by the CSF algorithm. All operations were undertaken in 248 
CloudCompare.  249 

 250 

2.6 Supervised above-ground biomass prediction 251 

In order to predict aboveground biomass in coastal meadows at the study sites, a RF machine learning 252 
classifier was used to generate plant community maps for the study sites. The classification was 253 
performed in R (v3.5.1) using a RF machine learning classifier for the prediction of continuous variables.  254 

R packages used to perform RF were: 255 

• ModelMap package: used to generate prediction maps based on training datasets and validate 256 
the models with independent test sets and Out Of Bag (OOB) predictions (Freeman & Frescino, 2009). 257 

• raster package: used to enable reading, manipulating, analysing and modelling gridded spatial 258 
datasets (Hijmans & van Etten, 2012). 259 

• randomForest package: used to build random forest models for regression based on a forest 260 
of decision trees using random inputs (Liaw & Wiener, 2002). 261 

• ROCR package: used to transform the input data into a standardized format (Sing et al. 2005).  262 

The RF classifier was run with the vegetation indices calculated in a previous step as explanatory 263 
variables. For each study site, two separate random forest models were run: a model including only 264 
vegetation indices and a model combining vegetation indices with DTMs. All pixels falling within each 265 
of the 260 sampling quadrats were assigned to the corresponding above-ground value recorded at 266 
each quadrat and utilized as the training dataset. Additionally, 260 duplicates were used as a validation 267 
dataset. 268 

 269 

2.7 Validation and accuracy assessment 270 
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Explained variance (R2) and root mean square error (RMSE) were used to test the accuracy of RF 271 
biomass predictions over the nine study sites. All accuracy tests were run using the validation dataset 272 
and a 95% confidence interval of RMSE. In addition, the prediction performance of each explanatory 273 
variable was assessed using percent increase in Mean Squared Error (MSE) (Breiman, 2001, Mutanga 274 
et al., 2012).  275 

The percent increase in MSE is calculated as the increase in the OOB when one variable is permuted 276 
(Mutanga et al., 2012). This estimate of accuracy represents the degradation of the model predictive 277 
performance when one variable is permuted. The percent increase in MSE enables a ranking of the 278 
predictor variables to be conducted according to their contribution to the model performance.    279 

 280 

2.8 Sward structure and management history 281 

In order to unveil the effects of management type, duration and intensity on coastal meadow sward 282 
structure, information on the management history corresponding to each study site was collected 283 
(table 3). Although coastal meadows are sometimes mown as well as grazed, the selected sites in this 284 
study have only undergone grazing.  During a series of interviews, land owners provided detailed 285 
information on the following parameters: 286 

- Duration of continuous management after management was re-instated or grassland was 287 
restored 288 

- Grazing load (Livestock Units (LU)/ha) during the last two years 289 
- Livestock species present in the grassland during all management history (cattle, sheep, 290 

horses or mixed) 291 
- Livestock species present during the last two years of management (cattle, sheep or horses) 292 
 293 

Kudani was excluded from the analysis due to lack of information on management.  294 
 295 
Table 3. Parameters describing grazing management history at each study site 296 

Site Duration of 
management (years) 

LU/ha (during the last 
two years) 

Livestock species 
(management history) 

Herbivore species (last 
two years) 

Tahu N 9 1 Cattle  Cattle 
Tahu S 9 1 Cattle  Cattle 
Matsalu 1 39 0.8 Cattle Cattle 
Matsalu 2 39 0.72 Cattle Cattle 
Rumpo W 19 0.55 Mixed Cattle 
Rumpo E 15 1 Mixed Cattle 
Hosby 15 0.38 Mixed Horses 
Rälby 15 1.13 Mixed  Cattle 

 297 
Grassland sward structure was evaluated using a combination of data clustering and landscape 298 
indices. In this study, sward structure is defined following the description by Laca and Lemaire 299 
(2000), as the distribution and arrangement of above ground plant material. In order to facilitate the 300 
characterization of grass swards, each above-ground biomass map was clustered into discrete grass 301 
units using a Mean-Shift segmentation algorithm (Comaniciu and Meer, 2002). The Mean-Shift 302 
segmentation algorithm groups together adjacent pixels with similar values by iteratively assigning 303 
each pixel with a peak of the image probability density (Zhou and Schaefer, 2011). Mean-Shift 304 
clustering routine is an unsupervised segmentation technique and does not require a priori 305 
knowledge of the number of output clusters (Comaniciu and Meer, 2002). The Mean-Shift clustering 306 
routine was implemented in QGIS v 3.12. 307 

The clustered above-ground biomass maps were further analysed using a set of five landscape 308 
indices that characterize different components of landscape configuration, patch size and 309 
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heterogeneity (table 4). The landscape indices were calculated using the landscape-metrics package 310 
in R (Hesselbarth et al., 2019). In order to allow for statistical comparisons of grassland structure 311 
between study sites, each above-ground biomass cluster map was subsampled using fifteen 50m 312 
diameter circular plots randomly located within each monitoring site map. Subsequently, landscape 313 
indices were calculated for each circular plot. A similar sampling procedure has been utilized by 314 
Plexida et al. (2014) at the landscape scale.  315 

 316 

Table 4. Landscape indices used to describe grassland structure at each study site. 317 

Landscape index Description 
Patch average area (area_mn) Mean area of all patches in the landscape under assessment 
Patch density (pd) Number of patches per area unit. Describes landscape fragmentation and heterogeneity 
  
Edge density (ed) Length of all edges in the landscape per area unit. Describes landscape fragmentation and 

heterogeneity 
Landscape shape index (lsi) Ratio between total edge length and the hypothetical minimum edge length. LSI is a landscape 

aggregation metric 
Largest patch index (lpi) Percentage of the landscape covered by the largest patch within the landscape under 

assessment 

 318 

In order to assess the effects of management on sward structure, a Generalized Linear Model (GLM) 319 
with gaussian distribution was applied using the GLM base function in R. The model distribution was 320 
chosen following the criteria of minimizing the Akaike’s information criterion (AIC) (Nolte et al., 321 
2014). The five landscape indices were included as response variables, and years of management, 322 
present grazing load and livestock species (both past and present) included as explanatory variables. 323 
Two-way interaction functions were also included in the model. Additionally, Mann Whitney U-tests 324 
were implemented in R in order to compare the values of landscape indices between meadows with 325 
different herbivore species.  326 

 327 

 328 

3. RESULTS 329 

3.1 Above-ground biomass prediction maps 330 

Above-ground biomass was modelled in nine high resolution maps corresponding to the nine study 331 
sites (figure 2). Both RMSE and R2 revealed high prediction accuracies for the RF algorithm for all nine 332 
biomass prediction maps. RMSE ranged from 64.36 gr/m2 in Matsalu 2 to 6.2 gr/m2 in Rumpo E 333 
(Table 5), whereas R2 ranged from 0.63 in Kudani to 0.98 in Hosby. The incorporation of DTMs in the 334 
explanatory variables dataset improved the prediction accuracy at all sites except Tahu N. Due to a 335 
failure during the survey flight, the DTM could not be computed for Rälby. 336 

SfM-derived DTMs were tested for accuracy before being used as input variables in the RF model. 337 
DTM elevations computed from the 3D point clouds were compared with elevation values recorded 338 
with dGPS at each sampling quadrat point. The analysis yielded RMSE values between 5 cm for Tahu 339 
N and 18 cm for Hosby.  340 
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 341 
Fig. 2. Above-ground biomass predicted using a random forest algorithm with vegetation indices and SfM-derived microtopography. 1: 342 
Kudani; 2: Tahu N; 3: Tahu S; 4: Matsalu1; 5: Matsalu2; 6: Rumpo W; 7: Rumpo E; 8: Hosby; 9: Rälby. All values are expressed as gr/m2 343 

 344 

Table 5. RMSE and R2 classification accuracies for predicted above-ground biomass at each study site. Prediction accuracies were calculated 345 
for two separate sets of explanatory variables: vegetation indices only and vegetation indices combined with SfM microtopography.   346 

Test site 
RMSE (gr/m2) 

R2 

Tahu N (Veg. indices) 24.48 0.9 
Tahu N (Veg. indices + DTM) 26.24 0.9 
Tahu S (Veg. indices) 35.12 0.89 
Tahu S (Veg. indices + DTM) 31.76 0.91 
Kudani (Veg. indices) 36.8 0.63 
Kudani (Veg. indices + DTM) 34.57 0.849 
Matsalu 1 (Veg. indices) 65.6 0.937 
Matsalu 1 (Veg. indices + DTM) 57.44 0.95 
Matsalu 2 (Veg. indices) 64.36 0.84 
Matsalu 2 (Veg. indices + DTM) 47.29 0.91 
Rälby (Veg. indices) 21.29 0.92 
Rälby (Veg. indices + DTM) - - 
Hosby (Veg. indices) 48.8 0.92 
Hosby (Veg. indices + DTM) 24.2 0.981 
Rumpo W (Veg. indices) 57.46 0.75 
Rumpo W (Veg. indices + DTM) 43.57 0.861 
Rumpo E (Veg. indices) 7.59 0.96 
Rumpo E (Veg. indices + DTM) 6.2 0.975 

 347 

The contribution of each explanatory variable to the overall RF model performance was assessed 348 
using percent increase in Mean Squared Error (MSE) test. The results of the predictor variables 349 
importance tests (Table 6) are very site-specific, although some trends can be observed. DTMs show 350 
the highest contribution to the RF model in Hosby, Matsalu 2, RumpoE and RumpoW. This result 351 
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confirms the trend already highlighted by the RMSE and R2 tests. GRDI and some red-edge based 352 
indices (SRre, NDVIre, DATT4) also contributed noticeably to the estimation of above-ground 353 
biomass.   354 

 355 

 356 
Table 6. Contribution of each variable to the overall performance of the Random Forest algorithm estimated by using percent increase in 357 
Mean Squared Error. Numbers represent the percent increase in mean squared error once a variable is permuted. Values below 5% are not 358 
represented in the figure. 359 

3.2 Effects of management on grassland structure 360 

The Mean-Shift image segmentation procedure generated nine sward cluster maps corresponding to 361 
the nine study sites (Tahu S is shown in Figure 3). Each individual cluster in the resulting maps 362 
represents a unit with homogeneous distribution and arrangement of above-ground biomass. 363 
Consequently, each cluster represents grassland structure heterogeneity in terms of distribution and 364 
size of vegetation patches and tussocks. 365 

 366 

 367 
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 368 
Fig. 3. Results of Mean-Shift image segmentation at Tahu S study site. “A” corresponds to the predicted above-ground biomass map 369 
whereas “B” shows the homogeneous biomass clusters. The red circles in “B” represent the sample units at which landscape indices were 370 
calculated.   371 

 372 

The GLM highlighted the effect of management type and history on some landscape indices (Table 7). 373 
The number of years of uninterrupted grazing management had a significant positive effect (p < 374 
0.0001 ) on patch average area and largest patch index, and a significant negative effect (p < 0.0001) 375 
on edge density, landscape shape index and patch density. These results indicate larger patches and 376 
grassland structure homogenization as the duration of management increases. Similarly, grazing 377 
management intensity had a significant positive (p < 0.0001) effect on largest patch index. Regarding 378 
livestock, the type of species present during the last two years had a significant effect on edge 379 
density, landscape shape index and largest patch index, whereas species present throughout the 380 
management history had a significant effect on edge density, largest patch index and edge density. 381 
No significant interactions were found between the management descriptors. 382 

 383 

Table 7. M ana sis resu ts (t an  Pr( t ) or the e e ts o  management on grass an  stru ture ( an s ape in i es). igni an e o es  384 
p < 0.0001 “***”, p < 0.001 “**”, p < 0.01 “*”, p < 0,05 “+”. Only significant results are shown.  385 

 Edge density Landscape shape 
index 

Patch density Largest patch index Patch average area 

 t a ue Pr( t ) t a ue Pr( t ) t a ue Pr( t ) t a ue Pr( t ) t a ue Pr( t ) 

Management 
duration 

-8.203 3.79e-
13 *** 

-8.204 3.76e-13 
*** 

-5.993 2.42e-
08 *** 

8.410 1.27e-13 
*** 

5.747 7.58e-
08 *** 

Management 
intensity 

-1.786 0.767 +     3.931 0.000145 
*** 

  

Herbivore 
species 
(management 
history) 

2.277 0.0246 * 1.705 0.0909 + 2.874 0.00483 
** 

-3.602 0.000468 
*** 

-1.868 0.0644 + 

Herbivore 
species (last 
two years) 

-2.450 0.0158 * -2.019 0.0459 *   3.866 0.000184 
*** 

  



212

 386 

Mann-Whitney U tests further revealed the effects of livestock species on coastal meadow structure. 387 
The values for edge density, landscape shape index and patch density were significantly lower in 388 
cattle-grazed meadows than in those with a mixture of livestock throughout the management history 389 
(p < 0.001). Largest patch index and patch average area showed significantly higher values in cattle-390 
grazed meadows than in those with a mixture of livestock during all management history (p < 0.001) 391 
(Figure 4). No significant differences were found between cattle and horse grazed meadows during 392 
the last two years. 393 

 394 

 395 
Fig. 4. Differences between the mean values of five landscape indices in cattle-grazed and mixed livestock-grazed grasslands. All differences 396 
were signi i ant (p  0.001). in i ates a ues out o  the graph  0.0 , 0.0 81, 0.1 2. 397 

 398 

 399 

 400 

 401 

 402 

 403 

4. DISCUSSION 404 

Coastal meadow management simultaneously drives the supply of multiple ecosystem services and 405 
affects the quality of habitat of wader species (Rhymer et al., 2010). As a result, conservation 406 
measures and agri-environmental schemes that target these valuable ecosystems must ensure the 407 
supply of ecosystem services whilst maintaining adequate habitat status. Unveiling the complex 408 
balance between management, ecosystem service supply and habitat quality requires timely and 409 
accurate spatially-explicit data (Bunce et al., 2008, Nagendra et al., 2013). The emergence of UAVs as 410 
a tool for environmental monitoring (Ventura et al., 2017) has led to an unprecedented availability of 411 
data at ecologically relevant spatial and temporal scales (Pajares, 2015). These novel tools and 412 
datasets bring new opportunities for assessing ecosystem structure and ecosystem services supply, 413 
but entail high data volumes (Chi et al., 2016). In this study, UAV derived data was used to estimate 414 
the production of above-ground biomass (AGB) in coastal meadows. In addition, the structural 415 
complexity of coastal meadows was assessed in relation to management history. 416 

A key aspect of the present study was the combination of multiple sensors in order to achieve 417 
reliable results. The Random Forest algorithm yielded better predictions of AGB when the 418 
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combination of multispectral information with SfM-derived DTMs were used as explanatory 419 
variables. The increase in prediction accuracy is especially noticeable at the Hosby study site, where 420 
the RMSE shifted from 48.8 gr/m2 to 24.2 gr/m2. In coastal meadows, microtopography is strongly 421 
associated with soil moisture gradients, spatio-temporal fluctuations of flood levels and availability of 422 
nutrients (Ward et al., 2016a). These gradients, in turn, drive the distribution of plant communities in 423 
coastal wetlands (Ward et al., 2013) and the ecosystem functions underlying the supply of ecosystem 424 
services. The results achieved in this study suggest that combining multiple sensors enhances the 425 
capability to measure ecosystem characteristics that may be otherwise overlooked when relying 426 
solely on spectral information. Previous studies have shown that sensor fusion improves prediction 427 
accuracies (De Alban et al., 2018, Lafiti et al., 2012, Moeckel et al., 2017). 428 

Regarding prediction accuracies at different study sites, RMSE and R2 values for predicted AGB 429 
ranged from 6.2 gr/m2 in Rumpo E to 57.44 gr/m2 in Matsalu1 and from 0.975 in Rumpo E to 0.85 in 430 
Kudani. These differences can be attributed to the characteristics of each study site in terms of plant 431 
communities and vegetation height. Very similar trends in modelling accuracies were found by 432 
Villoslada et al. (2020), where sites characterized by the presence of more productive communities 433 
or a higher herbage yield (such as Matsalu 1 and 2 in this study) show lower prediction accuracies 434 
than short-sward sites (such as Rumpo E, Tahu N and Tahu S in this study). It has been previously 435 
shown that the complexity of sward structures, vegetation height and plant species richness affect 436 
the spectral characteristics of training samples (Villoslada et al., 2020). This, in turn, has an effect on 437 
the overall prediction accuracy.  438 

Together with overall accuracy estimations, predictor importance metrics provide a deeper insight 439 
into the performance of the random forest algorithm. The percent increase in MSE shows highly 440 
variable results between all study sites. However, within most site prediction models, DTMs 441 
exhibited a high prediction importance. These results are in accordance with the consistent increase 442 
in overall classification accuracy observed at most sites, with the exception of Tahu N, where DTM 443 
did not improve the model. The key role of remotely sensed microtopographic data in the 444 
classification reinforces the idea that often, vegetation spectral information needs to be enhanced 445 
with ancillary data in order to obtain robust estimates (Sluiter and Pebesma, 2010). The Green-Red 446 
Difference Index (GRDI) also proved to be a relevant predictor. GRDI is known for its sensitivity to leaf 447 
density and its ability to predict the percentage of green herbage (Gianelle and Vescovo, 2007). The 448 
variability of results between sites reflects the wide range of characteristics at each site in terms of 449 
soil moisture, proportion of bare soil and vegetation height. These findings indicate that there is no 450 
optimal combination of vegetation indices or spectral bands when monitoring habitats at very 451 
detailed spatial resolutions. Using a wide spectrum of indices provides the flexibility needed to 452 
obtain robust results in variable environmental conditions.   453 

Based on the high spatial resolution biomass prediction maps, a grassland structure characterization 454 
was undertaken. A Mean-Shift segmentation routine was used to unveil sward structures from the 455 
continuous biomass data. Clustering techniques are commonly used to reveal vegetation structures 456 
and characteristics that remain otherwise hidden in continuous and multidimensional datasets (Kwak 457 
et al., 2010, Schirrmann et al., 2016). The Mean-Shift segmentation routine was chosen for its ability 458 
to process one-dimensional continuous data. After subsampling, the clustered data were analysed 459 
using five landscape indices in a GLM. The GLM analysis highlighted the pivotal role of grazing 460 
intensity and duration on grassland heterogeneity. Uninterrupted grazing for longer periods resulted 461 
in meadows with larger and more homogeneous patches (higher values of largest patch index and 462 
patch average area and lower values of edge density, landscape shape index and patch density). This 463 
reveals the homogenizing effect that continuous, monospecific grazing may have on sward structure. 464 
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In Estonian coastal meadows, cattle breeds have a limited selective grazing behaviour (Kuresoo and 465 
Mägi, 2004), which could lead to homogenization in the long term. This also suggests that grazing 466 
type, intensity and duration are likely to have an impact on rates of carbon sequestration through 467 
biomass inputs during seasonal dieback, as well as on total carbon stored, which is a suggested 468 
object of further study.  469 

The effect of livestock species was also tested using GLM analysis and Mann-Whitney U tests. A mix 470 
of livestock species for management over time led to more structurally diverse coastal meadows 471 
than those grazed by cattle alone. This can be explained by the fact that different livestock species 472 
have different grazing behaviours that lead to distinct spatial and temporal grazing patterns 473 
(Loucougaray et al., 2004). Although bovines are regarded as suitable grazers for coastal meadow 474 
management (Kuresoo and Mägi, 2004), a mixture of livestock species may have additive effects on 475 
the structural characteristics of the meadow (Loucougaray et al., 2004), leading to more complex 476 
swards as opposed to monospecific grazing. 477 

Grassland structural characteristics and complexity are strongly associated with the nesting, breeding 478 
and foraging habitat quality for wader species (Smart et al., 2006). As an example, Common 479 
Redshank (Tringa totanus) prefers short grass areas with patches of taller grass as breeding habitat 480 
(Rannap et al., 2017). Heterogeneous sward structures also widen the availability of microhabitats 481 
for invertebrates (Sanderson et al., 1995), which play an essential role in the supply of soil-related 482 
ecosystem services (Lavelle et al., 2006).   483 
 484 
These results demonstrate the use of UAVs in coastal meadows monitoring. The multifunctional role 485 
of coastal meadows as suppliers of multiple ecosystems services for society (e.g. sediment trapping, 486 
carbon storage, nutrient recycling, reared animals, pollination, habitat for waders) depends upon 487 
balanced site-specific management strategies. Continuous biomass monitoring with UAVs can 488 
support tailored management options aimed at finding optimal balances between livestock 489 
production, carbon sequestration and accumulation, and habitat conservation. In addition, accurate 490 
estimations of above-ground biomass production in coastal wetlands can be related to blue carbon 491 
storage (Duarte et al., 2005). Specifically in coastal meadows, the accuracy of estimations of carbon 492 
stocks and storage rates directly depends on accurate quantifications of the spatial variation of 493 
above-ground biomass (Owers et al., 2018). It is therefore essential to estimate carbon storage in 494 
these systems in order to implement carbon offset initiatives (Alongi et al., 2015).  495 
 496 
5. CONCLUSIONS 497 
 498 
The fusion of two sources of remotely sensed data was successfully used to accurately predict above-499 
ground biomass in coastal meadows in Estonia. The results highlight the need to utilize a broad range 500 
of predictor variables in order to ensure adaptability to study site conditions. In addition, the 501 
predictive accuracy of reflectance data can be improved using aerial photogrammetry. The study also 502 
revealed the effects of management on grassland structural complexity, showing that long-term, 503 
monospecific grazing leads to homogeneous grass sward structures. Conversely, mixed-species 504 
grazing increased grassland structural diversity. These results suggest that mixed species low 505 
intensity grazing is likely to result in a more complex sward structure that will result in the delivery of 506 
a wider range of ecosystem services than most currently employed management techniques. These 507 
results also demonstrate the potential use of UAVs and remotely sensed data in ecosystem services 508 
supply assessments, blue carbon storage estimations and semi-natural grasslands management. 509 
Future research should explore the use of UAV-based data to quantify a broader range of habitat 510 
quality parameters in coastal meadows including direct assessment of the influence management on 511 
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habitat quality for waders as well as the use of UAV-based data and machine learning algorithm 512 
techniques to evaluate carbon storage.   513 
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