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1. INTRODUCTION

Semi-natural grasslands are an essential part of  the cultural landscape 
of  Europe (Dengler et al., 2014). Semi-natural grasslands are commonly 
characterised by a very high biodiversity, including rare species (Kull & 
Zobel, 1991; Eriksson et al., 2002; Pärtel et al., 2005; Ward et al., 2013; 
Dengler et al., 2014; Kose et al., 2019). Beyond the high biodiversity 
value, semi-natural grasslands worldwide provide many ecosystem 
services, including carbon sequestration and storage, nutrient cycling, 
regulation of  soil quality, habitats for migrating birds, erosion control, 
and flood regulation (Bullock et al., 2011; Rannap et al., 2017; Torma et 
al., 2019). 

Within the realm of  semi-natural grasslands, coastal meadows are 
particularly important. Their role as a transitional habitat between land 
and sea, and the high supply of  ecosystem services, renders coastal 
meadows a priority habitat for conservation. However, coastal meadows 
have suffered losses and degradation due to varying pressures such as 
coastal squeeze (Schleupner, 2008), transformation into monoculture 
ponds (Valiela et al., 2009), pollution (Dai et al., 2013), and climate 
change (Nicholls et al., 1999).

Previous studies have shown that global climate changes may lead to 
impacts at multiple levels of  ecological organization, from the structure 
and functioning of  ecosystems to population and life-history changes 
(Cross et al., 2014; Hillebrand et al., 2017; Saintilan et al., 2019). Losses 
and changes due to sea-level rise are predicted to be greater around the 
Mediterranean and Baltic seas compared to the Atlantic coast of  Central 
and North America (Nicholls et al., 1999). Coastal areas are threatened 
throughout several spatial scales in response to sea-level rise (Melet et 
al., 2018), driven by thermal expansion of  oceans and loss of  glaciers 
and ice-sheets (Church et al., 2013). Impacts related to sea-level rise 
include higher flooding frequency in coastal areas, increased rates of  
coastal erosion, salt water intrusion in aquifers and surface waters, and 
potential declines in the extent of  coastal wetlands such as mangroves 
and salt marshes (Fitzgerald et al., 2008; Nicholls & Cazenave, 2010; 
Ward et al., 2016c; Melet et al., 2018). As a consequence of  all these 
impacts, plant communities in coastal meadows are expected to undergo 
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changes in their composition and structure (Joyce & Casanova, 2016; 
Short et al., 2016).

The current thesis explores different methodologies to assess the 
characteristics of  coastal meadows in Estonia. An assessment of  plant 
community’s distribution, above-ground biomass, and the effects 
of  management type, duration, and intensity on sward structure, 
was undertaken using UAV-derived multispectral data and aerial 
photogrammetry. In addition, the keystone of  this thesis is a mesocosm 
experiment that was used to assess shifts in species richness and 
abundance in plant community types in Estonian coastal meadows 
related to future change scenarios of  water level and salinity for the 
Baltic Sea.
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2. LITERATURE REVIEW

2.1. Climate change

Climate change is defined as the shift of  climate patterns as a result of  
greenhouse gas (GHG) emissions caused primarily by anthropogenic 
activities (IPCC, 2021) and to a lesser extent by natural systems (Fawzy 
et al., 2020), affecting natural and human systems. GHG emissions 
have been increasing since 1750 due to human activities (IPCC, 2021) 
and the global average temperature has been 0.7 °C warmer in the past 
decade (2009-2018) compared to the earlier period (1951-1980) (Sippel 
et al., 2020). Changes in temperature, precipitation, sea-level rise, ocean 
acidification and extreme weather patterns are deep concerns highlighted 
by the United Nations Climate Change Secretariat (UNCCS, 2019) due 
to vulnerability across multiple sectors in many countries.

Previous studies have shown that global climate changes may not only 
be a conservation concern for the future but may constitute a current 
threat to species and ecosystems (Hughes, 2000). Climate change 
is likely to substantially alter a range of  ecological factors including 
species community structure, abundance and life history changes. These 
ecological effects may be linked to recent population declines, as well 
as local and global extinctions of  species (McCarty, 2001). For instance, 
it has been observed that a passerine species, European pied flycatcher 
(Ficedula hypoleuca), experienced a population decline in Netherlands as a 
consequence of  changes in its food availability (Both et al., 2006) due 
to a mismatch between the timing of  reproduction and the main food 
supply. Changes in plant, bird and fish phenology have been observed 
in Estonian nature as well, as a consequence of  shifts in the seasonal 
development of  nature (e.g. warming trends in spring) (Ahas & Aasa, 
2006). Alterations are also observed in coastal communities such as 
mangroves. It was observed worldwide that mangrove health declined 
with long periods of  drought associated with climate change (Mafi-
Gholami et al., 2019; de Lacerda et al., 2022)

Coastal areas are threatened at several spatial scales in response to 
sea-level rise (Melet et al., 2018). The results of  climate change over 
recent decades are already evident in northern Europe, where observed 
changes include modifications in sea water circulation, temperature 
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and salinity (Graham et al., 2007). The Baltic Sea region presents the 
largest body of  brackish water in the world, and is highly dynamic and 
strongly influenced by large-scale atmospheric circulation, hydrological 
processes and by restricted water exchange in its entrance (Graham et 
al., 2007; von Storch & Omstedt, 2008). Salinity within the Baltic Sea 
is maintained by a pattern of  stratification. The outflow of  low salinity 
water in the surface and the inflow of  higher salinity water at depth 
maintain upper layer brackish water salinity of  about 6-8 psu (practical 
salinity unit) and a more saline deep-water layer of  about 10-14 psu (von 
Storch & Omstedt, 2008), although this varies geographically.

A warmer climate as a result of  climate change implies a modification in 
precipitation patterns affecting runoff  into the Baltic Sea. In this area, 
both water levels and salinity have a strong impact on species distribution 
and therefore on the structure and composition of  aquatic and coastal 
floral and faunal communities (Dippner et al., 2008). It has been 
reported that decreases in salinity during the 1980s altered zooplankton 
species composition favouring freshwater species (Vuorinen et al., 
1998). Moreover, both salinity and water levels have a strong influence 
on Estonian coastal plant community composition (Berg et al., 2011; 
Ward et al., 2016a). The above-mentioned changes may facilitate the 
settlement of  local freshwater or invasive non-native species that can 
adapt to lower salinities, affecting ecosystem functioning in species rich 
Baltic coastal wetlands (Graham et al., 2007).

Coastal wetlands are a productive ecosystem providing a wide range of  
ecological benefits. Some of  the ecosystem services provided by the 
coastal wetlands are habitat for fish and birds, water quality improvement, 
climate regulation, nutrient processes, carbon sequestration, and 
recreation (Barbier, 2013). Due to climate change, a wide range of  
impacts and consequences have been observed and predicted, such 
as negative trends in survival and egg production on migratory birds 
(Layton-Matthews et al., 2019), specialist habitat loss in tidally restricted 
marshes due to sea-level rise (Correll et al., 2017) and reduced production, 
nitrogen sequestration and denitrification functions of  tidal marshes 
(Craft et al., 2009).

The Baltic Sea is considered to be one of  the most threatened marine 
ecosystems, and the Estonian coast as well as other Baltic States coastal 
zones that are the most sensitive to socio-economic and environmental 
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changes. As the Estonian coastal region supports some of  the most 
important wetland biodiversity in Europe, this region is considered 
a priority habitat for conservation (Paal, 1998; Sepp & Kaasik, 2002; 
Burnside et al., 2007; Kimmel et al., 2010; Peciña et al., 2019).

2.2. Semi natural grasslands- coastal meadows

Secondary grasslands or semi-natural grasslands are a result of  low-
intensity land use and are an essential part of  the cultural landscape of  
Europe (Dengler et al., 2014). Semi-natural communities are relatively 
stable and composed of  native species. They are maintained by moderate 
human activities, such as livestock grazing or haymaking, and with no or 
low applications of  agro-chemicals (fertilizers and herbicides). These 
grasslands support high species diversity, influenced by human activities, 
and biotic and abiotic interactions. Grazing and mowing reduce biomass 
and therefore the dominance of  competitive species (Berg et al., 2012; 
Moinardeau et al., 2019; Tardella et al., 2020). As a consequence of  
biomass removal, light competition in the sward is reduced, favouring 
the coexistence of  a high number of  species and leading to a higher 
landscape heterogeneity (Lindborg & Eriksson, 2004).

Coastal meadows in the Baltic Sea region are a valuable part of  the 
European cultural landscape (Eriksson & Cousins, 2014), and are 
recognized as Annex I priority habitat type (Natura 2000; European 
Commission, 2013). Boreal Baltic coastal meadows have been assessed 
as Endangered in the European Red List of  Habitats, due to their rapid 
decline in the second half  of  the twentieth century (Janssen et al., 
2016) and they are the most threatened habitats in Europe (Joyce, 2014; 
Rannap et al., 2017). These declines have been linked to losses in habitat 
connectivity and consequently, local extinction of  species (Kose et al., 
2019). 

According to European Union Coastal Conservation (2004), the coastal 
zone of  Estonia presents a great variety of  vegetation and habitat types, 
including many plant communities with rare plants and considerable 
biodiversity, supporting breeding and migratory fauna (Berg et al., 2011; 
Rivis et al., 2016). For instance, rare and threatened plant species such as 
Gladioulus imbricatus and Dactylorhiza incarnata occur in managed coastal 
meadows in Estonia (Kose et al., 2019). In addition, these wetland 
landscapes often comprise a complex mosaic of  vegetation patches 
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influenced by environmental factors such a topography and hydrology 
as well as agricultural management (Burnside et al., 2007; Ward et al., 
2013). 

Estonian wetlands comprise more than 30% of  the total land cover of  
Estonia and include widespread mires often dominated by Sphagnum 
species, floodplains characterised by grasses and Carex species (Paal, 
1998; Truus, 1998) and coastal meadows. Estonian coastal wetlands are 
characterized by low-growing graminoids such as Festuca rubra, Agrostis 
stolonifera and Juncus gerardii (Burnside et al., 2007).

Burnside et al. (2007) categorized seven Estonian coastal wetland 
plant communities following a phytosociological classification with an 
indicator species for each community (Table 1). According to Burnside’s 
classification, swamp vegetation (Club-rush Swamp and Reed Swamp) 
in coastal wetlands tends to be dominated by Schoenoplectus lacustris, 
Bulcoschoenus maritimus and Phragmites australis with frequent bare ground. 
The Open pioneer type (OP) is characterised by a very high proportion 
of  bare ground. It is located in depressions generally close to the 
shore, causing a salt evaporite accumulation. For that reason, halophyte 
species such as Salicornia europaea and Suaeda maritima are present in this 
community. These two species are considered rare in the Baltic Sea 
region due to their limited occurrence and the scarcity of  suitably saline 
conditions in the Baltic region. The Lower shore (LS) wet meadow is 
characterized mainly by Juncus gerardii and frequent Festuca rubra, Glaux 
maritima, Plantago maritima and Triglochin maritima, bare ground and litter. 
The LS type is found at a median elevation of  30 cm above mean sea 
level (m.s.l.) and it is important due to its high habitat value for bird 
species, both in terms of  feeding and breeding (Ward et al., 2016b). The 
Upper shore (US) coastal meadow community is located at a median 
elevation of  38 cm above m.s.l. and it is denser and richer in species than 
LS. It is characterized mainly by Festuca rubra, and frequent Leontodon 
autumnalis, Triglochin maritima, and supports rare species in Estonia such 
as Carex glareosa (Burnside et al., 2007; Ward et al., 2016b). Tall grass 
(TG) is characterized by Elytrigia repens and high richness. Scrub and 
developing woodland (SW) is also rich in species with several orchid and 
woody species.
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Table 1: Indicator species of  main plant communities. Adapted from Ward et al., 
2016b.

Community Plant community indicator species
Club-rush Swamp Bolboschoenus maritimus, Schoenoplectus lacustris
Reed Swamp Phragmites australis
Open Pioneer Salicornia europaea, Suaeda maritima
Lower Shore Juncus geradii, Plantago maritima
Upper Shore Festuca rubra, Leontodon autumnalis
Tall Grass Elytrigia repens, Festuca arundinacea
Scrub and developing Woodland Juniperus communis, Pinus sylvestris

2.3. Remote sensing for coastal meadows

In recent years, remote sensing systems and methods have gained 
attention as a set of  tools for monitoring natural and anthropogenic 
impacts and changes in coastal ecosystems (Dahdouh-Guebas, 2002; 
Oleksyn et al., 2020). For upscaling local observations to regional and 
global level assessment of  various terrestrial and marine ecosystems, 
field surveys alone may be too time consuming and expensive. Remote 
sensing data, such as datasets derived from satellite-borne sensors, can 
provide relevant spatially-explicit and continuous time series data for 
analysing ecosystem changes (Anderson & Gaston, 2013; Murray et al., 
2018).

Satellite-based multispectral and hyperspectral data have been used to 
assess vegetation at a range of  scales in grasslands. Multispectral data can 
be used to identify general vegetation classes to attempt to discriminate 
broad vegetation communities (Li et al., 2005), while hyperspectral 
data can be used to discriminate and map wetland vegetation at species 
level (Vaiphasa et al., 2005; Pengra et al., 2007). For instance, Rapinel 
et al. (2014) classified Worldview-2 multispectral images to map broad 
vegetation classes in an Atlantic coastal area in France.  Sahadevan et al. 
(2021) derived several vegetation indices form Landsat 7 and 8 to assess 
declines in mangrove area and increases in urbanized areas in India. 
Li et al. (2018) utilized multitemporal high spatial resolution satellite 
data to map landcover classes in a coastal area in China. In order to 
reach a species-level classification, Kumar & Sinha (2014) exploited the 
hyperspectral capabilities offered by Hyperion and accurately mapped 
plant communities in a saltmarsh. 
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Beyond simple landcover classifications, remote sensing techniques can 
be extended to measure biophysical and biochemical properties, like 
leaf  area index (LAI), biomass, and water content of  wetland vegetation 
(Atzberger et al., 2015; Villoslada et al., 2021). These techniques help 
unveil not only vegetation types and extent, but also ecosystem structure 
and functions in coastal areas. In this regard, Figueroa-Alfaro et al. 
(2022) used LAI derived from Sentinel 2-imagery as an input in a wave 
attenuation model in saltmarshes. Fuller & Wang (2014) used MODIS 
time series to correlate NDVI trends with decreases in vegetation 
biomass in saline wetlands in the Everglades, USA. Similarly, O’Donnell 
& Schalles (2016) assessed Spartina alterniflora biomass over a Twenty-
Eight Year Period Using Landsat 5 satellite images, also unveiling drivers 
of  biomass change. 

Although satellite data has been widely used in studies associated 
with coastal environments, there are certain shortcomings related to 
the relatively coarse spatial resolution. Satellite spatial resolution may 
not be sufficient in studies aimed at addressing ecological processes 
characterized by a fine spatial scale in coastal areas. Doughty et al. (2021) 
point out that satellite data may hide certain ecological processes, as 
has been shown in previous studies (Adam et al., 2010). In this regard, 
Unmanned Aerial Vehicles (UAVs) offer an alternative to satellite and 
airborne platforms for acquiring high spatial resolution data due to their 
increasingly lower cost and operational flexibility (Klemas, 2015). UAVs 
enable ecologists to monitor the environment at spatial and temporal 
resolutions that are ecologically relevant. UAVs have been used for 
various ecological purposes, such as the monitoring of  mammal and bird 
species distribution and abundance (Gill et al., 1997; Sardà-Palomera 
et al., 2012), mapping above-ground biomass in coastal meadows 
(Villoslada et al., 2021), and mapping the distribution of  coastal meadow 
plant communities (Villoslada et al., 2020). Regarding coastal ecosystems, 
Doughty et al. (2021) extracted NDVI from UAV-derived multispectral 
images to calculate aboveground biomass at intertidal wetlands whereas 
Haskins et al. (2021) used UAVs to monitor tidal marsh restoration. The 
structure of  geomorphological features such as tidal channels has also 
been mapped using UAVs (Chen et al., 2022). Some approaches have 
used repeated flights of  the same study area. For instance, Nardin et 
al. (2021) used a UAV equipped with a multispectral camera to assess 
phenology in a tidal wetland. Others have combined several different 
sensors (rgb, multispectral, LiDAR) and techniques to map Phragmites 
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australis (Abeysinghe et al., 2019), vegetation height and density (Pinton 
et al., 2021), and shoreline detection (Farris et al., 2019).

Field data is an essential component of  UAV-based studies (Alvarez-
Vanhard et al., 2020). Without field data, remotely sensed images are 
just a proxy of  ecosystem processes. All the above-mentioned studies 
use field work data in in the form of  training and validation data, in 
combination with remotely sensed images. 

Ecosystem services are important benefits that ecosystem can provide 
to people, and they can be impacted by climate change (Mooney et al., 
2009). Remote sensing can facilitate the assessment of  ecosystem services 
through scaling up functional trait variation in places affected by human 
activities and where the climate change is disrupting original patterns 
(Daily et al., 2009; Hobbs et al., 2009; Keitt, 2009). It is important to 
maintain ecosystem service provision and consequently biodiversity and 
ecosystem function. For this reason, remote sensing is a promising and 
complementary tool to support field and experimental surveys.

2.4. Mesocosm approach

Experimental studies are important to understand the influence of  
environmental variables on the object of  study. For example, the effects 
of  the presence of  nitrogen and phosphorus in eutrophication in lakes. 
The role of  these two nutrients would be difficult to distinguish without 
an experimental approach (Schindler, 1998). To understand and predict 
the ecological consequences of  different drivers and pressures, it is 
necessary to use different and complementary approaches, including 
mesocosm experiments.

Mesocosms are experimental tools that can bridge natural environment 
and controlled conditions. Mesocosms can include a higher degree 
of  biological complexity in scales larger than those of  laboratory 
experiments, and are usually used for testing community and ecosystem-
level responses to manipulated changes e.g. temperature, water, nutrients 
or light (Stewart et al., 2013; Brotherton & Joyce, 2014). For example, 
Chase & Knight (2003) showed the importance of  natural drought on 
the density of  mosquitos in wetlands. Similarly, another mesocosm-
based study showed how light availability can significantly influence seed 
germination of  Zostera marina in natural sea water (Wang et al., 2017).
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Conducting experiments in marine and coastal systems can be challenging 
and expensive due to the need of  equipment and personnel, particularly 
in the intertidal and subtidal zones. Mesocosm experiments offer a less 
costly alternative. Moreover, mesocosms allow for better accessibility 
and therefore a higher frequency of  data collection. Mesocosm 
experiments can vary greatly in their complexity and technical design, 
usually according to the research aims (O’Gorman & Emmerson, 2010; 
Twomey et al., 2012). For example, Van der Berg et al. (2005) assessed 
biomass changes in graminoid and herbaceous species in coastal dune 
mesocosms by manually adding different loads of  N as ammonium 
nitrate (NH4NO3). In a much more complex setting, The Kiel Outdoor 
Benthocosms experiment (Wahl et al., 2015) assesses the effects of  
climate change on benthic ecosystems. The experiment consists of  
several underwater insulated tanks that include remotely controlled wave 
generators, a heating/cooling unit and a gas injection device. 

Mesocosms are widely used to approach climate change research in 
different habitats, such as marine, fresh water, terrestrial and wetland 
systems (Rossberg, 2012; McLaughlin et al., 2013; Calderó-Pascual et al., 
2021; Salimi & Scholz, 2021) and often with a focus on drought, warming, 
and CO2 enrichment (Wernberg et al., 2012). In more recent years, many 
studies have focused on climate change as a result of  anthropogenic 
factors (Peck et al., 2012, Rossberg, 2012).  Warmer and drier conditions 
linked to climate change have been predicted to shift the balance between 
photosynthesis and respiration, which can in turn affect the function of  
carbon sinks in the northern peatlands (Flanagan & Syed, 2011; Lund 
et al., 2012). On the other hand, coastal ecosystems are at particular risk 
from sea level rise, heat events, increased storm surges, and flooding 
(Harley, 2011). Predicted shifts in precipitation and flooding could result 
in changes in the abundance and spatial arrangement of  dominant plants 
in wetlands as well as species composition (Erwin, 2009) leading to a 
dramatic habitat transformation. For this reason, the understanding of  
these shifts is important for conservation actions.

Mesocosm experiments have also been used in botanical experiments 
to assess responses to salinity fluctuations (Baldwin & Mendelssohn, 
1998; Marín-Guirao et al., 2011), and nutrient changes (Short, 1987). 
For instance, using a mesocosm experiment, salinity fluctuations were 
observed to affect species differently according to their autecological 
tolerances (Baldwin & Mendelssohn, 1998). The authors of  that study 
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showed that the aboveground biomass of  Sargittaria lancifolia was 
significantly reduced by salinity while the salt-tolerant Spartina patens 
was not affected by salinity in an oligohaline marsh in the USA. Marín-
Guirao et al. (2011) in a study of  the seagrass Posidonia oceanica in Spain 
demonstrated alterations in both net and gross photosynthetic rates 
in the species in hypersaline conditions. The species was shown to be 
sensitive to hypersaline stress and this could likely account for declines 
in leaf  growth and shoot survival. Bai et al. (2021) found that flooding 
depth and nitrogen (N) supply, which have strong effects on plant 
functional traits, are important factors that affect the growth of  marsh 
plant species. An experiment was conducted to examine the response 
of  growth, reproduction, and biomass accumulation of  Glyceria spiculosa 
to alterations in flooding and N supply. Bai et al. (2021) found altered 
flooding together with N supply affected growth, reproduction and 
biomass accumulation in the target species. The ratio of  belowground 
to aboveground biomass was affected negatively by flooding depth and 
N supply.

All these findings demonstrate the use of  controlled experimental settings 
to investigate alterations to wetlands as a result of  climate change as 
they affect plant traits and ecosystem services. Mesocosm experiments 
are a valuable tool to help comprehend shifts in plant communities 
and species. Results are relevant to plan adaptation, conservation and 
restoration initiatives for these valuable ecosystems.
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3. HYPOTHESES AND AIMS OF THE STUDY

This thesis combined remote sensing and a mesocosm experiment to 
assess the structure of  Estonian coastal meadows at different scales. 
Salinity and water levels are important components for plant distribution 
and composition in coastal meadows. The combination of  both methods 
constitutes a valuable approach to obtain additional information about 
coastal meadows at different scales, since communities’ responses to 
change depend on structure and species composition. Thus, this study 
aims to map the plant communities (I) and their biomass (II) in coastal 
meadows in Estonia and evaluate the shifts in three plant communities 
(Open Pioneer, Lower Shore and Upper Shore) under different 
treatments of  water level and salinity according to climate change 
predictions for the Baltic Sea (III). This study addressed the following 
detailed objectives (Figure 1):

• Hypothesis 1: UAVs and multispectral imagery can be used to map plant 
communities in coastal meadows and their extent in high spatial resolution 
and accuracy. Certain characteristics of  the grass sward as species richness and 
biomass influence the classification accuracy of  the resulting maps.

In order to address the extent and configuration of  plant communities 
in Boreal Baltic coastal meadows, the aim was to map the wetlands 
communities using UAVs and multispectral data. Unsupervised 
classification and machine learning approaches were evaluated to 
differentiate plant communities (I).

• Hypothesis 2: UAVs and multispectral imagery combined with digital aerial 
photogrammetry can be used to map the structure and productivity of  plant 
communities in coastal meadows and the impacts of  management beyond the very 
local scale of  a mesocosm experiment. 

The main objective was to achieve a wider understanding of  coastal 
meadow community types and the impacts of  grassland management 
in Estonia through very high spatial resolution maps of  above-
ground biomass and assessment of  grassland structure in Baltic 
coastal meadows based on UAV multispectral imagery and aerial 
photogrammetry considering the management type and history (II).
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• Hypothesis 3: A mesocosm approach can be used to evaluate the shifts in 
species richness and abundance in Estonian coastal meadows due to alterations 
in water level and salinity in the Baltic Sea as a result of  climate change.

It was identified changes in species richness and abundance in 
Estonian coastal meadow plant communities according to predictions 
for 2100 in the Baltic Sea related to the climate change (III).

Figure 1: Conceptual framework of  the approach presented in this thesis.
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4. METHODOLOGY

4.1. Study site

The study was carried out at two different scales: fi eld study sites in West 
Estonia and an experimental setting. At the fi eld study scale, nine coastal 
meadow sites in Matsalu National Park, Silma Nature Reserve and 
Vormsi Island in West Estonia were chosen for mapping the coastal plant 
communities and the above-ground biomass (I, II). The experimental 
scale encompasses the mesocosm experiment (III), which used samples 
from Silma Nature Reserve that were collected and transferred to Tartu 
for the experiment setting and control (Figure 2).

Figure 2: 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). 
Samples for the mesocosm experiment were collected in Tahu N (2).

Estonia is located in the Baltic region between Russia, Finland and 
Latvia. The narrow connection of  the Baltic Sea with the Atlantic Ocean 
through the Danish Straits and the resultant isolation means sea salinity 
here is classifi ed as brackish-water (Kont et al., 2003).

-
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Despite its relatively small size (45,228 km2), Estonia is characterized by 
diverse geology, morphology, and climate (Arold et al., 2005). Estonia 
has a long coastline with abundant bays, peninsulas, islands and islets 
(Ward, 2012). Coastal wetlands here also have unusual hydrological 
influences due to the very low tidal range (~0.02 m range), and flooding 
is predominantly driven by atmospheric pressure and fluctuating 
meteorological conditions across the North Atlantic and Fennoscandia 
(Suursaar & Sooäär, 2007). Consequently, the rate and magnitude of  
inundation is irregular and varies throughout the coastal landscape (Rivis 
et al., 2016). Baltic coastal meadows are formed and maintained by 
isostatic uplift, sediment accretion (Ward et al., 2014) and low intensity 
management in the form of  grazing or mowing. Recent estimates of  
relative sea level rise from three tide gauges along the Estonian coast 
are: 1.5-1.7 mm yr−1 at Tallinn, 1.7-2.1 mm yr−1 from Narva-Jõesuu and 
2.3-2.7 mm yr−1 at Pärnu (Ward et al., 2014). 

Vormsi Island covers an area of  93 km2 and supports ca. 1500 ha of  
coastal wet grassland. Silma reserve occupies 47.8 km2 and is estimated 
to support over 560 ha of  coastal wet grassland, and Matsalu Bay covers 
an area of  65 km2 and comprises 190 ha of  coastal wetland (Burnside 
et al., 2007). All the sites are low-lying narrow meadows along the Baltic 
Sea coast, except Kudani that forms a wide meadow that stretches up to 
1 km away from the enclosed Võõlameri bay (Ward et al., 2014).

4.2. Plant community classification and biomass prediction (I, II)

The analysis conducted for the plant community classification and 
biomass prediction were undertaken in nine coastal wetlands in Estonia: 
three sites in Silma Nature Reserve, two sites in Matsalu National Park, 
and four sites on Vormsi Island (Figure 2). These sites were chosen 
because they encompass all the representative plant communities under 
study.

The plant communities at the study sites were categorized according 
to 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) (Table 1). The communities reed 
swamp (RS), clubrush swamp (CS) and scrub and developing woodland 
(SW) were excluded due to their marginal occurrence. This hierarchical 



25

classification was chosen for this research due to its ability to classify 
different plant community levels, from a broader to a more detailed 
classification. The classification level chosen in this work was considered 
detailed enough to address the two spatial scales considered in the study 
(UAV remote sensing and mesocosm experiment).

For this study, two different analyses were conducted using UAV-based 
multispectral and rgb images. UAV-based multispectral images were used 
to map plant communities in the three coastal meadow sites selected 
in Silma Nature Reserve: Tahu North, Tahu south, and Kudani (I). 
RGB and multispectral images were collected to generate in high spatial 
resolution maps of  standing above-ground biomass (AGB) for all nine 
study sites (II).

4.2.1. Data collection

Fieldwork was undertaken in July 2018 and 2019, when vegetation in 
coastal meadows shows peak productivity. A senseFly ebee UAV was 
used to collect multispectral images over all study sites in a resolution 
of  10 cm per pixel. Two different sensors were used to assess the 
extent and structure of  the coastal meadows. Firstly, a parrot sequoia 
monochromatic multi-spectral sensor was used to gather images in four 
spectral bands: green (530-570 nm), red (640-680 nm), red edge (730-740 
nm), and near-infrared (770-810 nm) (I). Secondly, a senseFly S.O.D.A. 
sensor was used to collect rgb images in photogrammetric flights. These 
flights were carried out with a resolution of  3.5 cm per pixel (II).

After the flights for multispectral and photogrammetry data collection 
were accomplished, field samples were collected following a stratified 
random approach. To record the plant species, 1 m2 quadrats per 
community type in Tahu N, Tahu S, and Kudani were used, totalling 
10 quadrats per community. Due to the resolution of  UAV, all plant 
species with a cover lower than 5% were excluded in the identification. 
Very low percentage covers likely do not influence the spectral signature 
of  UAV images within the field plots. Moreover, biomass samples were 
collected in all sites utilizing 30x30 cm sampling quadrats randomly 
placed within each vegetation plot. Within each quadrat, the coordinates 
were recorded using a Sokkia GSR2700 ISX dGPS. Similarly, 10 biomass 
quadrats (30x30 cm) per community type per site were collected for 
the validation dataset. Plant community type was also recorded at each 
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additional biomass sample. In the laboratory, biomass samples were 
dried at 80°C for 48 hours and weighed. 

4.2.2. Image processing and analysis

All multispectral and rgb images were processed and combined in one 
orthomosaic produced per study site using the red, green, near-infrared, 
and red-edge images (I). Additionally, 3D points were generated from 
the rgb images combining the Structure from Motion algorithm and 
the Multi-View stereo photogrammetry (SfM-MVS) (Smith et al., 2015). 
Ground point clouds were used to compute continuous Digital Terrain 
Models (DTMs) at each study site (I) with a resolution of  10 cm per 
pixel.

To generate very-high-spatial-resolution maps of  above-ground biomass 
(II), a series of  vegetation indices were selected to differentiate plant 
community types (I) in Estonian coastal meadows. Table 2 contains the 
selection of  vegetation indices and their corresponding formulas. All 
indices were computed in ArcGIS® 10.3.

Table 2. Vegetation indices selected in the present study to predict standing above-
ground biomass

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- 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)

Difference Vegetation 
Index (DVI)

NIR-αR
α=0.96916

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

 

�(2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + 1)2 −
8(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑁𝑁𝑁𝑁)] 
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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 & Vescovo 
(2007)

Green Red Difference 
Index (GRDI)

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

Red edge normalized 
difference vegetation 
index (NDVIre)

(NIR-Rededge)/(NIR 
+Rededge)

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

Red edge simple ratio 
(SRre)

NIR/Rededge Gitelson & 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)

4.2.3. Supervised plant community classification and biomass 
prediction

Random Forest (RF) classification is recognised as one of  the most 
efficient classification methods (Akar & Güngör, 2012). Two steps 
of  Random forest classifier were used. First, the Random Forest for 
categorical data classification was used to map plant communities in 
three areas in Silma Nature Reserve: Tahu N, Tahu S, and Kudani (I), 
while Random forest for continuous data regression was used to predict 
and map above-ground biomass in the sites in Silma Nature Reserve, 
Matsalu and Vormsi Island, totalling nine study sites (II). To classify 
the plant communities, all pixels matching each of  the quadrats used 
for vegetation sampling were assigned to the related plant community 
identified in each quadrat and utilized as the training dataset. The 
vegetation indices (Table 2) were used as predictors (I). For above-
ground biomass prediction, a similar approach was used. All pixels 
falling within the biomass sampling quadrats were used as training data. 
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A combination of  vegetation indices (Table 2) and DTMs derived from 
SfM was used as predictors (II).

4.2.4. Model validation

The accuracy of  the Random Forest algorithm for plant communities 
was assessed using a Fleiss-Kappa statistic (I). In addition, the accuracies 
for community specific classification were estimated using an out-of-bag 
(OOB) estimate of  error (I). Due to the many dimensions present in 
this study, it was necessary to unpick the specific contributions of  each 
vegetation index to the overall classification execution. For that purpose, 
Mean Decrease in Accuracy (MDA) and Mean Decreased Gini (MDG) 
(Han et al., 2016) were analyzed across all Random Forest trees. The 
MDA expresses how much accuracy the model loses by excluding each 
variable, while MDG measures the contribution of  each variable to the 
ability to correctly split data in nodes across all trees (Rodriguez-Galiano 
et al., 2012).

Within each training quadrat, spectral heterogeneity was estimated as the 
standard deviation (SD) of  the first principal component of  all individual 
spectral bands to provide a better understanding of  the classification 
of  different plant communities. Thereafter, 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 above-ground 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 (I). The accuracy of  Random Forest 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 (II). In 
addition, 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., 2012). This estimate of  accuracy shows the degradation 
of  the model’s predictive performance when one variable is permuted.
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4.2.5. Coastal meadow management and structure

The effects of  management type and intensity on coastal meadow sward 
structure was then analyzed using the aboveground biomass maps as a 
basis (II). The information of  management duration and type at different 
study sites can be found in Table 3. This information was obtained by 
personal communication with landowners.

Table 3: Parameters describing management at each study site. AU/ha: animal unit per 
hectare. Mixed: cattle, sheep, and/or horses.

Site Duration of  
management 
(years)

AU/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

To assess grassland sward structure (as defined by Laca & Lemaire, 
2000), each above-ground biomass map was clustered into discrete 
units using a Mean-Shift segmentation algorithm (Comaniciu & Meer, 
2002) in QGIS (II). In this analysis step, adjacent pixels with similar 
values were grouped together by iteratively associating each pixel with a 
peak of  the image probability density (Zhou & 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 landscape metrics 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 (II).
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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 
values of  landscape indices between grasslands with different herbivore 
species.

4.3. Mesocosm experiment

Three plant community types were chosen for the mesocosm experiment: 
Open pioneer, Lower shore and Upper Shore. These communities were 
selected due to the narrow autecological preference (e.g. salinity and soil 
waterlogging) of  the key species. Clubrush Swamp, Reed Swamp, Tall 
Grass and Scrub Woodland were excluded. Clubrush Swamp and Reed 
Swamp are dominated by species with greater tolerances to inundation, 
Tall Grass is an intermediate community between terrestrial and wetland 
ecosystems, and Scrub Woodland is terrestrial, not a wet grassland 
habitat (Burnside et al., 2007).
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4.3.1. Mesocosm experiment design and data collection

Fifteen 50x70 cm and 30 cm deep turves (not to disturb the roots) 
were collected from three selected plant communities (Open pioneer, 
Lower shore and Upper shore) from the Tahu North site (Silma Nature 
Reserve) in June 2018 (Figure 3).

Figure 3:  Sample collected in Tahu N and transferred to the mesocosm experiment 
in Tartu.

The mesocosm design consisted of  the turves placed in 90L containers 
(dimensions 56x79x32 cm). Plastic tubes were attached to the containers 
where the water level and salinity could be controlled to mimic the future 
conditions under climate change. Holes were made in the plastic tubes to 
allow the saline water to flow between the soil and the tube, and covered 
with a filter not to clog the tap (Figure 4). Taps were placed in the level 
of  water of  each treatment (internal height) above the container base 
allowing the release of  extra water.

The containers were lined with an exclusion fabric to prevent the grass 
from the surrounding to grow around the mesocosm experiment and 
avoid the germination of  those grasses. The containers were filled with 
a 2:1:1 soil mixture consisting of  commercially washed sharp sand, loam 
and compost (Araya et al., 2010), very similar to the lower substrate of  
the wetland. A rotating mixer was used to homogenize the base soil. 
Water was then added to the soil mixture inside the containers and 
allowed to settle before replanting the samples collected in the coastal 
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meadow (Figure 4). Each container was given a number and marked 
with the treatment correspondent to the sample. This was written on 
the containers using a permanent marker to ensure correct treatment 
when monitoring. Numbers were marked randomly and the containers 
remained in the same location for the duration of  the experiment.

Figure 4: Mesocosm experiment construction. Water was added to the soil and the 
plastic tube was coved with a filter not to clog the tap.

Community responses were evaluated using a 2500 cm2 permanent 
graduated quadrat, subdivided in 25 quadrats (10x10 cm), establishing 
changes in the abundance of  plant species present by area of  ground 
cover (percentage cover) (Ellison, 1942) (Figure 5). During the study, 
grazing was simulated by cutting the grass to 10 cm height two weeks 
after turf  greening. The grazing simulation was undertaken each year of  
the experiment. 
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Figure 5: Samples with fixed graduated quadrats for percentage data collection.

The plant community mesocosm experiment was established at the 
Estonian University of  Life Sciences for a period of  3 years (2018 to 
2021). The experiments were carried out under field conditions of  
temperature and light. The experiment control and data collection were 
carried out during the growing season (April to September), determined 
by the average diurnal temperature being constantly higher than 5°C. 
All conditions were controlled weekly and the percentage cover was 
recorded at the beginning of  every month. All species were recorded 
including those with 1% coverage, as well as bare ground and litter, in 
order to fully capture composition and species richness shifts.

4.3.2. Water level and salinity treatments

A control treatment was maintained with current Eastern Baltic Sea 
salinity (6.5 psu) (HELCOM, 2013) and current average water table 
level for each community below the soil surface (Lower Shore: 0.15 m; 
Upper Shore: 0.2 m; Open Pioneer: 0.1 m) (Berg, 2009; Ward, 2012). 
Each treatment contained three replicates, totalling 15 samples per plant 
community. 
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The salinity treatments were set following the conditions: 2.9 psu 
predicted salinity by 2100 in the eastern Baltic (Graham et al., 2007), and 
13 psu to evaluate the effect of  increased salinity due to greater mixing 
of  deeper and surface water as a result of  increased storminess linked 
to climate change, and control (current conditions) (Table 5). The Open 
pioneer community has a higher soil salinity concentration (13 psu), for 
that reason, the salinity treatment was different for this community (25 
psu). Salinity was controlled by adding sea salt or fresh water (Koch et 
al., 2007) and it was measured using a conductivity meter (WTW Multi 
340i and pH/Cond 340i Handheld Multimeter).

Three different water level scenarios were simulated based on three 
parameters: Global sea level rise rates of  3.3 mm yr-1 (Church & White, 
2011), isostatic uplift (2.8 mm yr-1 on the north coast of  Estonia and 
0 mm yr-1 in the southwest) and sediment accretion rates (1.9 mm yr-1 
best-case scenario) (Ward et al., 2016). Resulting from the combination 
of  the above-mentioned factors, the future (2100) water level change 
scenarios were: 0.12 m below current plant community water levels (best 
case scenario with continued progradation) and 0.12 m above current 
water levels (worst case scenario with inundation), plus a control (current 
water levels). 

Table 5: Treatments in mesocosms experiment. Salinity is given as practical salinity 
unit (psu) and Water level as meters (m). Water level below control level is denoted with 
minus and water level above control level is denoted with plus sign. (*) refers to Open 
Shore (OP) salinity. C: control; IW: increased water level; DW: decreased water level; 
DS: decreased salinity; IS: increased salinity

Treatment C IW DW DS IS

Sa
lin

ity
 (p

su
)

6.5

12.5*

6.5

12.5*

6.5

12.5*

2.9

5.6*

13

25*

W
at

er
 le

ve
l (

m
)

Lower Shore: 0.15 
Upper Shore: 0.2 
Open Pioneer: 0.1

+ 0.12 - 0.12 Water level 
Control

Water level 
Control
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4.3.3. Mesocosm data analysis

Plant communities were characterized using species percentage cover 
within individual permanently fixed sub quadrats over three years. 
Species richness and abundance were calculated for 2018, 2019 and 2020 
separately for each community. In order to analyse plant community data 
in terms of  richness and abundance, the requirements for parametrical 
analysis were tested (normality and homoscedasticity). Shapiro-Wilk 
normality test was performed to check if  the residuals have a normal 
distribution and scatterplot of  residuals versus predicted values was 
plotted to check if  the residuals have equal variance. The data did not 
meet the assumptions of  the parametric analysis and transformations 
such as box-cox, square-root, and Yeo-Johnson transformations were 
performed. Even after the transformation, the data was not normal and 
non-parametric analysis were used in this work. 

The following steps were taken (Figure 6):

 - Kruskal Wallis test was performed to identify significant differences 
in richness between treatments by year. 

 - The post-hoc Dunn’s test with Bonferroni adjustments was 
performed when Kruskal Wallis test was significant (p>0.05). It was 
used to reveal the treatments which presented richness differences 
in each year.

 - Rank abundance curves (RAC) were used to plot species abundance. 
In a RAC, the x-axis represents the most abundant species and the 
y-axis the relative abundance. Species evenness is reflected in the 
slope of  the line that fits the graph. A steep gradient indicates low 
evenness as high-ranking species have much higher abundances than 
low-ranking species. A shallow gradient indicates high evenness as 
the abundances of  different species are similar (Murray et al., 1999). 
This analysis has previously been used as an indicator of  the structure 
of  a multispecies community by detailing species-level community 
changes (Izsák & Pavoine, 2012; Avolio et al., 2019).

 - Bray-Curtis dissimilarity matrices were calculated from species 
importance values obtained from the percentage cover of  each 
quadrat. Species importance values represent a measure of  how 
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dominant a species is in a given community (Curtis & Mcintosh, 
1950). 

 - Permutational Multivariate analysis of  variance (PERMANOVA) 
were used subsequent to the Bray-Curtis dissimilarity. PERMANOVA 
was used to examine differences among treatments in plant 
community composition. For the analysis crossed effects of  year 
were included, treatment as fixed effects, and samples as random 
effect. PERMANOVA is a non-parametric multivariate test used to 
compare groups (Anderson, 2014). It has been previously used to 
identify differences in plant community composition associated with 
environmental variables (Hough-Snee et al., 2011; Goodwillie et al., 
2020; Lu et al., 2020).

 - Non-metric Multi-dimensional Scaling (NMDS) and indicator 
species were used to visualize the trajectory responses of  the 
communities to treatments in each year (in August). Indicators 
species are useful to monitor environmental changes. They provide 
information to understand the environment and its health status 
while also highlighting environmental changes.

 

 Figure 6: Workflow of  the statistical analysis to assess changes in plant community 
types related to the mesocosm climate change treatments.



37

All analyses were performed using R software (R version 4.0.3), and the 
following packages were used for the analysis and visualization:

 -  BiodiversityR (Kindt, 2020). This package is based on Vegan package 
for statistical analysis of  biodiversity and ecological communities 
and was used to analyse species abundance considering the year and 
treatment.

 - vegan (Oksanen et al., 2020). This package was used for ordination 
methods and diversity analysis. The package was used for 
Permutational multivariate analysis of  variance (PERMANOVA) 
based on Bray-Curtis dissimilarity and was implemented using the 
Adonis function in the vegan package. 

 - ggplot2 (Wickham, 2016). This package was used for data 
visualization. The graphics in this work were plotted using ggplot2 
package.

 - Indicspecies (De Caceres & Legendre, 2009). This package was 
used for the indicator species analysis using multipatt function. This 
analysis assessed the degree of  association of  individual species for 
all treatments for each year.
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5. RESULTS

5.1. Plant community and above-ground biomass map

5.1.1. Plant communities map

The high-resolution plant community maps that resulted from the 
Random Forest algorithm are shown in Figure 7. The maps represent 
three coastal meadow sites: Tahu North, Tahu South and Kudani. All 
sites were simultaneously classifi ed, and Fleiss kappa reported an overall 
accuracy of  0.89. In addition, an OOB prediction error was used to 
assess Random Forest prediction error per community type (Table 
6). The best classifi cation accuracies were obtained for Open Pioneer 
and Lower Shore, with an OOB prediction error of  0.2% and 2%, 
respectively, whereas Reed Swamp and Tall Grass showed the highest 
errors (13% and 18% respectively).

Figure 7: Location and extent of  plant communities classifi ed using an RF algorithm 
with vegetation indices in Kudani (a), Tahu N (b), and Tahu S (c).

Table 6: OOB estimate of  classifi cation error per community type using an RF 
classifi er

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

Mean Decreased Accuracy (MDA) and Mean Decreased Gini (MDG) 
tests were implemented to assess the importance of  each co-predictor in 
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the overall predicting ability of  the Random Forest model (Figure 7). For 
the MDG test, the vegetation indices that presented highest scores were 
GDI, DATT4, and GRDI. The high scores indicate a high contribution 
to the model performance. According to the MDA, the GRDI, GDI, 
and NDVIre revealed the highest prediction accuracy, with values of  
95%, 65%, and 63%, respectively. The vegetation indices NDVI and SR 
make the lowest contributions to the overall prediction accuracy (52% 
and 50%, respectively).

Positive correlations between species diversity, biomass, and spectral 
diversity were signifi cant (p <0.01) in all training samples for the 
spectral diversity analysis. The correlation between biomass and spectral 
diversity (Spearman’s rho=0.67) was higher than between Shannon’s 
index and spectral diversity (Spearman’s rho = 0.21). The high sensitivity 
of  spectral diversity to biomass compared to species diversity (Figure 7) 
was also highlighted in loess fi tted curves. 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.

Figure 7: The fi tted loess smoothing non-linear regression curves show the 
relationships between above-ground biomass (a) and Shannon’s index (b) spectral 
diversity.

5.1.2. Above-ground biomass prediction maps

The high-resolution above-ground biomass maps modeled for nine 
coastal meadows are shown in Figure 8. The Random Forest algorithm 
presented high accuracies for both RMSE and R2 at all nine sites (Table 
7).  Furthermore, the prediction accuracy of  the model was improved 
after the addition of  microtopography DTMs as explanatory variable 
at all sites except Tahu N. The DTM could not be computed for Rälby 
due to a failed fl ight. The accuracy of  SfM-derived DTMs was tested 
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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 8: Above-ground biomass (gr/m2) 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.
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Table 7: 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
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

The percent increase in Mean Squared Error (MSE) test was used to 
assess the contribution of  each explanatory variable to the Random 
Forest regression algorithm. The predictor variables’ importance varies 
between sites (Figure 9), although some trends can be recognized. 
The coastal meadow sites Matsalu 2, Hosby, Rumpo E and Rumpo W 
presented the highest contribution of  DTMs in the Random Forest 
model. This result confirms the role of  DTMs in Random Forest 
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  above-ground biomass.
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Figure 9: Contribution of  each variable to the overall performance of  the Random 
Forest algorithm estimated by using 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 fi gure. The colours represent the magnitude 
of  each variable’s contribution, from lightest (small contribution) to darkest (large 
contribution).

5.1.3. Effects of  management type and history on grassland 
structure

The Mean-Shift image segmentation algorithm produced one sward 
cluster map per study site, nine maps in total (Figure 10). Each sward 
cluster within the maps represents a grassland patch where the amount 
and distribution of  aboveground biomass is homogeneous. Therefore, 
each cluster map constitutes a representation of  grassland structure 
heterogeneity in terms of  the size and distribution of  vegetation patches.
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Figure 10: Results of  Mean-Shift image segmentation at Tahu S 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.

Some of  the landscape indices derived from the sward cluster maps 
presented signifi cant relationships with management history and type, as 
shown in GLM analysis (Table 8). Uninterrupted management duration 
was signifi cantly (p<0.0001) related to largest patch index and patch 
average area and had a signifi cant negative effect (p=<0.0001) on edge 
density, the landscape shape index, and patch density. These results show 
that longer duration of  management is related to more homogeneous 
grassland structure and larger homogenous patches. Similar results were 
obtained in relation to management intensity. Management intensity had 
a signifi cant positive (p<0.0001) effect on largest patch index. 
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Table 8. GLM analysis results (t and Pr(>│t│) for the effects of  management on 
grassland structure (landscape indices). Significance codes: p < 0.0001 “***”, p < 0.001 
“**”, p < 0.01 “*”, p < 0.05 “+”. Only significant results are shown. 

Edge density Landscape shape 
index

Patch density Largest patch 
index

Patch average 
area

t value Pr(>│t│) t value Pr(>│t│) t value Pr(>│t│) t value Pr(>│t│) t value Pr(>│t│)

Management 
duration

-8.203 3.79-13 *** -8.204 3.76-13 *** -5.993 2.42-08 *** 8.410 1.27-13 *** 5.747 7.58-08 ***

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 
***

Domestic herbivore species (cattle, sheep, horse or mixed) present during 
the whole management history had a significant effect on edge density, 
and largest patch index. On the other hand, species present during the 
last two years had a significant effect on edge density, landscape shape 
index, and largest patch index. No significant interactions were found 
between the management descriptors.

5.2. Mesocosm experiment

5.2.1. Species richness and abundance

Considering the time of  the mesocosm experiment, 18 plant species 
were recorded in the Open Pioneer (average of  1.2 per 0.25 m2), 27 in 
the Lower Shore (average of  1.8 per 0.25 m2), and 49 in the Upper Shore 
community (average of  3.3 per 0.25 m2). Comparing the beginning and 
the end of  the experiment, species richness showed an increase in the 
Open pioneer community in all treatments, whereas the Lower and 
Upper Shore community types decreased, particularly in the decreased 
water level treatment (Figure 11).
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Figure 11: Species richness per treatment in 2018, 2019 and 2020 for Open Pioneer, 
Lower Shore and Upper Shore communities, respectively. The dots show the mean 
species richness. Pink: Increased water level (IW); Red: Decreased water level (DW); 
Yellow: Decreased salinity (DS); Green: Increased salinity (IS); Blue: Control (C). See 
Table 3 for treatment details.
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The pairwise comparisons using Dunn’s test with Bonferroni 
adjustments indicated significant species richness differences (p< 0.05) 
between increased water level conditions (IW) and decreased salinity 
and decreased water level (DW) and control treatments (C) in the Open 
Pioneer community in 2018. The following year, in addition to the 
previous differences, treatment IW was significantly different (p< 0.05) 
from the higher salinity condition (IS). In 2020, no other differences 
were observed. 

The Lower Shore community showed significant differences (p< 0.05) 
between treatments with altered water level in 2018 and 2019 and 
between lower water level and lower salinity in 2019. In 2020, significant 
differences (p< 0.05) were present between lower water level and control 
treatments. 

The post hoc test revealed significant differences (p< 0.05) between 
increased water level conditions (IW) and control treatments (DS) 
in the Upper Shore community in 2018 and no additional significant 
differences (Table 9).

Table 9: Differences in species richness between treatments were examined using 
Kruskal Wallis followed by Dunn’s post hoc test with Bonferroni adjustments in the 
years 2018, 2019 and 2020. IW: increased water level; DW: decreased water level; DS: 
decreased salinity; IS: increased salinity; C: Control.

2018 p-value 2019 p-value 2020 p-value
Open Pioneer IW-DW

IW-DS
DW-C
DS-C

<0.0001
<0.0001
<0.0001
<0.001

IW-DW
IW-DS
IW-IS
DW-C

<0.0001
<0.0001
<0.001
<0.001

IW-DW
IW-DS
IW-IS
DW-C
DS-C

<0.0001
<0.0001
<0.0001
<0.001
<0.001

Lower Shore IW-DW
DW-C

<0.001
<0.001

IW-DW
DW-DS
DW-C

<0.001
<0.001
<0.0001

DW-C <0.0001

Upper Shore IW-DS <0.001

Species-rank abundance curves were calculated for the month of  August 
by year and revealed a few dominating species in all three communities. 
All species-rank abundance curves show long tails containing the majority 
of  species contributing to species richness within each community. The 
Open Pioneer community was characterized by a large proportion of  
bare ground (Figure 12) and species adapted to relatively high salinity. 
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The rank abundance curves showed that bare ground was the dominant 
characteristic during the 3 years of  the experiment. Spergularia marina 
was the most abundant species in 2018 and 2019 (Figure 12) for all 
treatments, except in the Control treatment where Eleocharis palustris was 
the most abundant in 2018. In 2020, the most abundant species was 
Puccinellia maritima in DW (lowered water level) and Glaux maritima in DS 
(lowered salinity) (Figure 12). 

The most abundant species in the Lower Shore (Figure 13) were Agrostis 
stolonifera followed by Juncus gerardii in 2018 in all treatments, except in the 
DW treatment where Juncus gerardii was the most abundant followed by 
Agrostis stolonifera. In 2019, A. stolonifera was the most abundant species 
in all treatments, followed by E. palustris in IW (increased water level), 
and J. gerardii in the other treatments (DW- decreased water level, DS- 
decreased salinity, IS- increased salinity, and C- Control) (Figure 13). 
Litter was the most abundant attribute in 2020. Regarding the species, 
A. stolonifera was the most abundant species, followed by Festuca rubra 
in DW and DS, and Juncus gerardii in IS. Generally, the amount of  litter 
increased from the beginning of  the experiment to the end, reducing 
bare ground cover.

Regarding the Upper Shore community (Figure 14), litter was the most 
abundant attribute in 2018 and 2019. Carex nigra was also the most 
common species in 2018 except in DS where Juncus gerardii had a higher 
abundance. In 2019, Carex nigra was the most abundant species in IS, 
Agrostis stolonifera in DS, Juncus gerardii in DW and C, and Poa angustifolia 
in IW. In 2020, Festuca rubra had a higher abundance in DW and C 
(decreased water level and control), Poa angustifolia in the increased water 
level treatment (IW), and Carex nigra in DS and IS. 
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Figure 12: Rank abundance curve of  Open Pioneer community. Abundance as 
percentage cover for August is on the y-axis, while species are ranked consecutively 
on the x-axis. B: Bare Ground; Sp: Spergularia salina; Sa: Salicornia europea; Tm: Triglochin 
maritima; El: Eleocharis palustris; Ju: Juncus gerardii; Pl: Plantago maritima; Gl: Glaux 
maritima; Ag: Agrostis stolonifera; Su: Suaeda maritima; Pu: Puccinellia maritima; L: Litter. 
Pink: Increased water level (IW); Red: Decreased water level (DW); Yellow: Decreased 
salinity (DS); Green: Increased salinity (IS); Blue: Control (C).
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Figure 13: Rank abundance curve of  Lower Shore community. Abundance as 
percentage cover is on the y-axis, while species are ranked consecutively on the x-axis. 
B: Bare ground; Ag: Agrostis stolonifera; Ju: Juncus gerardii; El: Eleocharis palustris; Fe: Festuca 
rubra; Tm: Triglochin maritima; L: Litter; Ca: Carex nigra; Ta: Triglochin palustris; Cn: Cnidium 
dubium; Gl: Glaux maritima; M: Moss. Pink: Increased water level (IW); Red: Decreased 
water level (DW); Yellow: Decreased salinity (DS); Green: Increased salinity (IS); Blue: 
Control (C).
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Figure 14: Rank abundance curve of  Upper Shore community. Abundance as 
percentage cover is on the y-axis, while species are ranked consecutively on the x-axis. 
Ca: Carex nigra; Ju: Juncus gerardii; Po: Poa angustifolia; B: Bare ground; De: Deschampsia 
cespitosa; Mo: Molinea caerulea; Le: Leontodon autumnalis; Ai: Agrostis gigantea; L: Litter; Ag: 
Agrostis stononifera; Fe: Festuca rubra. Pink: Increased water level (IW); Red: Decreased 
water level (DW); Yellow: Decreased salinity (DS); Green: Increased salinity (IS); Blue: 
Control (C).
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5.2.2. Plant Community Composition

Different factors (year and treatment) significantly influenced plant 
community composition. Based on factor effects, year explained 
most of  the variation for Open Pioneer. Year explained the most 
variation followed by Treatment for the Lower Shore and Upper Shore 
communities (Table 10).

Table 10: PERMANOVA results based on Bray-Curtis dissimilarity from species 
importance values obtained from the mean percentage cover of  each quadrat. The 
results show the effects of  experimental factors on plant community composition 
(August of  2018, 2019 and 2020).

Source of  variation Df MeanSqs F. model R2 p 
(perm)

Open 
Pioneer Treatment 1 0.051 0.56 0.010

Year 1 1.055 11.627 0.214 <0.001
Treatment x Year 1 0.107 1.1809 0.021
Residuals 51 3.719 0.754
Total 41 1

Lower 
Shore Treatment 1 0.191 3.846 0.070 <0.001

Year 1 0.399 8.019 0.147 <0.001
Treatment vs Year 1 0.779 1.559 0.028
Residuals 41 2.0429 0.753
Total 44 1

Upper 
Shore Treatment 1 0.268 3.229 0.063 <0.001

Year 1 0.486 5.856 0.114 <0.001
Treatment vs Year 1 0.086 1.038 0.020
Residuals 41 3.406 0.802
Total 44 1

The results of  Non-Metric Multidimensional scaling (NMDS) indicates 
the species trajectory along the experiment duration (in August) (Figures 
15, 16 and 17). 

The number of  indicator species increased over time in the Open 
Pioneer community. The few indicator species in the community can be 
associated to salinity changes, such as moss and Juncus gerardii indicating 
decreased salinity conditions. The few species associated to altered 
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conditions in the Lower Shore community were related to increased 
water level (moss) and decreased water level (Festuca rubra).

Upper Shore showed species such as Linum catharticum and Poa annua
indicating increased water level and decreased salinity, Triglochin maritima 
related to the control conditions, and Festuca rubra to the control at the 
end of  the experiment. 

Figure 15: Non-metric Multi-dimensional Scaling (NMDS) plot of  Open Pioneer plant 
community composition (% cover from August) based on Bray-Curtis dissimilarity 
matrix. Ju: Juncus gerardii; Sa: Salicornia europaea; Pu: Puccinellia maritima; L: Litter; M: 
Moss. Pink: Increased water level (IW); Red: Decreased water level (DW); Yellow: 
Decreased salinity (DS); Green: Increased salinity (IS); Blue: Control (C). Circle: Year 
1 (2018); Triangle: Year 2 (2019); Cross: Year 3 (2020).
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Figure 16: Non-metric Multi-dimensional Scaling (NMDS) plot of  Lower Shore plant 
community composition (% cover from August) based on Bray-Curtis dissimilarity 
matrix. M: Moss; Fe: Festuca rubra; Bl; Blysmus rufus; Ca: Carex nigra Pink: Increased water 
level (IW); Red: Decreased water level (DW); Yellow: Decreased salinity (DS); Green: 
Increased salinity (IS); Blue: Control (C). Circle: Year 1 (2018); Triangle: Year 2 (2019); 
Cross: Year 3 (2020).

Figure 17: Non-metric Multi-dimensional Scaling (NMDS) plot of  Upper Shore plant 
community composition (% cover from August) based on Bray-Curtis dissimilarity 
matrix. Po: Poa annua; Pn: Poa angustifolia; Li: Linum catharticum; B: Bare ground; 
Fe; Festuca rubra; Tr: Triglochin maritima; Ju: Juncus gerardii; Pink: Increased water 
level (IW); Red: Decreased water level (DW); Yellow: Decreased salinity (DS); Green: 
Increased salinity (IS); Blue: Control (C). Circle: Year 1 (2018); Triangle: Year 2 (2019); 
Cross: Year 3 (2020).
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6. DISCUSSION

6.1. The role of  UAVs in ecological studies

In recent years, unmanned aerial vehicles (UAVs) have offered new 
opportunities to ecologists for scale-appropriate measurements of  
ecological phenomena (Anderson & Gaston, 2013), delivering fine 
resolution data at the level defined by the ecologist. UAVs give the 
possibility to address different scales of  ecological studies (Strong, 
et al., 2017; de Giglio et al., 2019; Strumia et al., 2020). Some studies 
demonstrated the importance of  the use of  remote sensing to map plant 
communities and even species in coastal areas (Klemas, 2013; Dang et 
al., 2021). However, only a few studies have been undertaken in the Baltic 
coastal areas (Ward et al., 2013; Kaasiku et al., 2021, Villoslada et al., 
2021). The methodology presented in this study explores the possibility 
of  using UAVs to map coastal wetlands communities and their biomass 
at a very-fine scale and assess the ecosystem service provision in coastal 
wet grasslands in Estonia.

6.1.1. Mapping coastal meadows plant community and biomass

The use of  UAVs for collecting high spatial resolution remotely sensed 
data, combined with modelling and data analysis provides an important 
step to the evaluation of  ecological results. This study had shown that 
plant communities in coastal meadows can be mapped with a very-high 
accuracy using a Random Forest algorithm (I).

Random Forest achieved low per-class OOB errors in both Open 
Pioneer and Lower Shore communities compared to Upper Shore, Reed 
Swamp and Tall Grass. These observations suggest that communities 
such as Open Pioneer and Lower Shore are more homogenous and 
better classified than structurally complex communities. The differences 
in the classification error between different communities are related to 
the spectral characteristics of  the vegetation once species diversity is only 
slightly correlated with spectral diversity (r = 0.23) whereas aboveground 
biomass (r = 0.43) is moderately correlated with spectral diversity. 
Consequently, this has an effect on training samples and Random Forest 
accuracy. More homogeneous communities and with lower biomass, 



55

such as Open Pioneer and Lower Shore, have a very homogeneous 
spectral signature. In consequence, Random Forest is able to distinguish 
communities once the model is built up with homogeneous training 
samples. On the other hand, Upper Shore (higher biomass and species 
diversity than Lower Shore and Open Pioneer), Reed Swamp (highest 
biomass) and Tall Grass (highest species diversity and high biomass) 
have higher above-ground biomass and species diversity compared to 
the Open Pioneer and Lower Shore communities, and the model gives a 
greater error due to the higher spectral diversity. The 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 Random Forest algorithm for the prediction of  above-ground 
biomass at the study sites showed that the combination of  multispectral 
information with SfM-derived DTMs as explanatory variables yields the 
best results (II). The high prediction accuracy is most noticeable at the 
Hosby site. Microtopography is an important feature in coastal meadows, 
as it is associated with soil moisture gradients, spatio-temporal variations 
of  flood levels, and nutrient availability (Ward et al., 2013, 2016). These 
results demonstrate that combining multiple sensors increases the ability 
to measure ecosystem characteristics that may be otherwise overlooked 
when relying solely on spectral information. Several authors have 
shown that sensor fusion improves prediction accuracies (Latifi et al., 
2012; Moeckel et al., 2017; De Alban et al., 2018). Regarding prediction 
accuracies at different study sites, 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 R2 0.975 in RumpoE to 0.85 in Kudani (II). These 
differences can be related to the characteristics of  each study site in 
terms of  plant communities and vegetation height. A similar trend in 
modeling accuracy was found where sites characterized by the presence 
of  more productive communities or higher biomass (e.g. Matsalu 1 
and 2) showed lower prediction accuracies than short-sward sites (e.g., 
RumpoE, TahuN, and TahuS). 
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Predictor importance for the biomass prediction algorithm shows highly 
variable results, most likely driven by the specific features of  each site in 
terms of  vegetation composition and height, moisture, and proportion 
of  bare soil. However, Digital Terrain Models (DTM) exhibited a high 
prediction importance in most cases, followed by Green-Red Difference 
Index (GRDI).

The high accuracy of  above-ground biomass predictions achieved in this 
study shows that UAV-based remote sensing is an effective tool for coastal 
meadow monitoring. The importance of  mapping these areas is related 
to the ecosystem serves they provide, such as blue carbon storage, as the 
coastal meadows work as a natural carbon sink, sequestering atmospheric 
carbon dioxide in biomass and as organic matter stored in substrates 
(Duarte et al., 2005). The carbon stocks in coastal meadows depend on 
vegetation classes (rushes and herbs, grasses and sedges) and density. 
Owers et al. (2018) found that rush saltmarshes had greater carbon 
storage compared to places with lower extent and density of  rush. For 
this reason, in coastal meadows, the accuracy of  estimations of  carbon 
stocks and storage rates directly depends on accurate quantifications of  
the spatial variation of  plant communities and aboveground biomass 
(Owers et al., 2018). 

In addition, previous studies have shown that variations in environmental 
conditions play a major role in explaining variations in plant species 
richness at community scale (Currie, 1991; Waide et al., 1999). Changes 
in the environmental conditions due to climate change have been 
linked to possible declines in populations and species of  plants and 
animals, resulting in a loss of  biological abundance, species richness and 
biodiversity (Johnson et al., 2005; Erwin, 2009). The multifunctional 
role of  coastal meadows as providers of  multiple ecosystem services for 
society (e.g. carbon storage, habitat for migratory, feeding, and breeding 
birds, reared animals, pollination, nutrient recycling, and sediment 
trapping) depends on management strategies (Ford et al., 2012; Peciña 
et al., 2019). Different plant communities also play an important role 
in the provision of  ecosystem services. The structure and composition 
of  plant communities determines the type of  ecosystem services. For 
instance, densely vegetated Upper Shore and Tall Grass play a key 
role in trapping allochthonous sediments and organic carbon. Barely 
vegetated Open Pioneer hosts unique species such as Salicornia europaea 
and Suaeda maritima. Coastal wetlands are one of  the ecosystems most 
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threatened by climate change and are also highly sensitive to different 
management strategies. Biomass monitoring with UAVs can support 
tailored management decisions to protect these areas by unveiling the 
effects of  grazing in vegetation structure.

6.2. The role of  mesocosm experiments in ecological studies

Mesocosm experiments have been used for different purposes in 
environmental sciences (Short, 1987; Marín-Guirao et al., 2011; Sharpe 
& Baldwin, 2012; Calderó-Pascual et al., 2021). They are useful tools 
for ecologists to help understand ecological processes at different scales 
when causal relationships are present and difficult to identify because 
of  the reliance on inferential data. Mesocosm approaches allow for 
variables to be isolated, thereby simplifying the study of  these systems. 
While these studies are common in botanical studies, few have been 
conducted in Baltic coastal meadows. The methodology presented in 
this study explores the impact on coastal meadow plant communities 
under altered water level and salinity according to predictions for the 
Baltic region.

6.2.1. Changes in coastal wetland composition and abundance

The results demonstrated that all three Baltic coastal wetland 
communities exhibited considerable temporal changes under altered 
water and salinity regimes, highlighting the response of  plant species 
to environmental variables. Plant communities and species are generally 
excellent indicators of  environmental conditions (Hooper et al., 2002; 
Berg et al., 2011). The status of  wetland management, disturbance or 
abandonment have been assessed by plant community composition 
(Burnside et al., 2007; Brotherton & Joyce, 2015) as they are influenced 
by biotic (e.g. competition, facilitation and grazing) and abiotic factors 
(e.g. flooding, salinity and soil nutrients) (Short & Neckles, 1999; Luo et 
al., 2010; Engels et al., 2011; Short et al., 2016). Here, plants have shown 
themselves to be sensitive indicators to relatively small changes in water 
levels and salinity.

In coastal wetlands, hydrology and salinity are key variables that generate 
stress gradients for plants and consequently determine their distribution 
(Nielsen & Brock, 2009; Berg et al., 2011). Shifts in plant communities 
were observed over a period of  five years in an intertidal saltmarsh in 
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Australia to simulated sea level rise acceleration beyond accretion rates 
(Rayner et al., 2021). On the contrary, the present work revealed a rapid 
change in plant community composition within two years of  altered 
water levels and salinity. These findings were consistent with previous 
studies following changes in hydrological conditions (Toogood & Joyce, 
2009) and salinity (Humphreys et al., 2021) in wet grasslands.

The Open Pioneer (OP) community showed an increase in species 
abundance and vegetation cover through the years, while Lower Shore 
(LS) and Upper Shore (US) underwent changes to a lesser degree (Figure 
11), related to both water level and salinity.

In coastal meadows, the Open Pioneer community is characterized as 
patches with distinctive edaphic characteristics compared to surrounding 
plant communities, with a high abundance of  bare ground, high levels 
of  soil conductivity and pH, and low soil moisture (Burnside et al., 
2007). This community presents elevated levels of  evaporation and 
consequently high salinity concentrations. It has a low abundance of  
vegetation cover, with few characteristic species able to germinate and 
grow in such conditions (halophytes). Alterations in this community 
could be observed in through the years.

Open Pioneer community showed to be a very variable and dynamic 
community once it changed significantly over the years and the treatments 
did not have an effect to the community. These shifts could have more 
pronounced alterations and loss of  rare species by altered water level 
and salinity because rising sea levels could increase inundation in 
previously rarely inundated areas (Burnside et al., 2008). Species related 
to conditions of  lower salinity were observed in the related treatment, 
such as moss and Juncus gerardii. The seed bank in Open Pioneer could 
explain the rapid colonization of  species related to altered conditions, 
since all the species that established during the experiment are species 
found in the Estonian coastal meadows and adjacent communities. In 
this regard, the seed bank often reflects adjacent community composition 
(Jarvis et al. 2021) and follows site-specific physical conditions (Elsey-
Quirk & Leck, 2015). Jutila (2003) found that the total vegetation cover 
in the Baltic coastal meadows was positively correlated with seedling 
density and negatively with open spaces of  bare soil. On the other hand, 
this study revealed emergence and an increase in the abundance of  
pioneer species within the Open Pioneer, including species that grow 
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in open communities such as Puccinellia maritima and Triglochin maritima. 
These two species appeared in treatments characterized by lower water 
table and lower salinity levels. In the third year of  experiment, Glaux 
maritima was the most abundant species in the lowered salinity treatment 
in Open Pioneer. Ellenberg (1979) classified this species as present in 
the upper saltmarsh and in brackish conditions. In the elevated salinity 
concentration in the Open Pioneer community, stress- tolerant species 
such as halophytes, are able to survive thanks to adaptations like 
osmotic adjustments, and antioxidant production (Joshi, et al., 2015). 
An association of  Puccinellia maritima to decreased salinity and water level 
was observed in this community. This pattern may be related to the 
fact that this species are pioneers and dominate disturbed environments 
(Tessier et al., 2000; Langlois et al., 2003).

Lower Shore and Upper Shore communities are characterised by 
perennial species and are subject to disturbance regimes like herbivory, 
common in secondary grasslands where grazing is the main management 
strategy. Besides that, the indicator species of  these communities are 
able to tolerate changes in water level and salinity (Hanslin & Eggen, 
2005).

In the third year, Agrostis stolonifera was the most abundant species under 
all treatments in the Lower Shore community, followed by Festuca rubra 
and Juncus gerardii in the increased salinity treatment. Although Festuca 
rubra and Juncus gerardii species can occur in saline and non-saline 
environments, Juncus gerardii is noted as having a higher tolerance for 
saline soils than Festuca rubra (Ellenberg, 1979). On the other hand, Juncus 
gerardii cover decreased under different conditions of  water level (DW 
and IW) and lowered salinity (DS). This species is an indicator of  the 
community (Burnside et al., 2007) and it has shown to be an important 
species for the livestock grazing on the coastal meadows due to its 
nutrition and digestibility (Köster et al., 2004).

Species abundance varied between treatments in the Upper Shore 
community, however Festuca rubra was the most abundant in conditions 
of  decreased water level and the Control. This species is one of  the 
indicator species of  the community (Burnside et al., 2007). Ellenberg 
indicator values (1979) showed that Poa angustifolia is a moist-site indicator 
and this species was observed under conditions of  increased water level. 
Carex nigra was the most abundant in conditions of  increased salinity (in 
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2018 and 2019) and decreased salinity (2019). Ellenberg (1979) reported 
this species as absent from saline sites, and if  in coastal situations, only 
accidental and non-persistent if  subjected to saline spray or water. In 
2020, the second most abundant species in conditions of  increased 
salinity was Festuca rubra, which has more tolerance for saline soils 
compared to Carex nigra (Ellenberg, 1979).

Coastal meadow species are adapted to saline/brackish water conditions 
and water level fluctuations (Ward et al., 2016b). Nevertheless, accelerated 
sea-level rise can be a risk to coastal wetlands at different scales (Spencer 
et al., 2016) resulting in total loss where sea-level rise (including land 
subsidence/uplift) is greater than net elevation gain (compaction, 
root growth and sediment deposition) (Morris et al., 2002; Marani et 
al., 2007; Rodríguez et al., 2017). Salinity alterations can also affect 
photosynthetic rate and leaf  growth, causing necrosis and mortality 
(Morris, 1995; Petersen et al., 2018) depending on species adaptation. 
This could explain the increase in litter and bare ground in the Lower 
Shore and Upper Shore communities observed within the water level 
and soil salinity treatments in this experiment.

The findings show that flooding and salinity had a significant role in 
the number of  species and their relative abundance in coastal plant 
communities (Humphreys et al., 2021). The predictions for sea level 
rise are different along the Estonian coast due to geographic variations 
in isostatic uplift and sediment accretion (Ward et al., 2014). Coastal 
wetlands have been shown to be able to adapt to sea level rise if  
sediment accumulation rates are high enough (Saintilan et al., 2013; 
Krauss et al., 2014; Ward et al., 2016; Borchert et al., 2018). However, 
the rate of  accretion varies according to sediment supply (Kirwan et 
al., 2010), which is related to a range of  factors including catchment 
soil moisture, catchment development and topography, ground surface 
heat budget, rainfall patterns, river regulation, dredging, vegetation type 
and growth rate, and long-term climate anomalies (Rayner et al., 2021). 
The experimental conditions in this study considered isostatic uplift 
and sediment accretion along the Estonian coast, based on Ward et al.’s 
(2016) calculations, and the results demonstrated significant species and 
community changes over three years. 
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6.2.2. Changes in Species Richness

Modifications in soil salinity concentrations due to climate change can 
alter soil redox potential and sulphide concentration leading to species 
composition shifts (Baldwin & Mendelssohn, 1998; Sharpe & Baldwin, 
2012). The Open Pioneer community is controlled mostly by salinity 
concentrations, even within soil composed of  greater proportions of  
coarse, medium and fine sand (as is found in this plant community 
compared to other adjacent communities), which retain less nutrients. 
The seed bank allowed the seeds to germinate under simulated salinity 
changes in the Open Pioneer community. Spergularia marina and Glaux 
maritima have contributed to increased species richness under conditions 
of  raised and decreased soil salinity concentration, respectively. Hulisz et 
al. (2016) demonstrated an inverse distribution through the Baltic coast, 
where Spegularia marina together with other halophytes was closer to the 
waterline in soils with a higher salinity, and Glaux maritima was associated 
with other species with lower soil salinity. 

Overall, the Lower Shore and Upper Shore community types did not 
show significant changes under altered salinity conditions compared to 
the control treatment. These communities present species occurring in 
both saline and non-saline situations (Ellenberg, 1979).

In order to assess changes in plant community composition linked to 
sea level rise, several studies have previously assessed and simulated 
the responses of  plant communities and species under this condition 
(Fitzgerald et al., 2008; Sharpe & Baldwin, 2012). For perennial species, 
Sharpe & Baldwin (2012) found no influence of  flooding conditions on 
species richness. On the other hand, Gough & Grace (1998) observed 
a reduction in the number of  species number with increased flooding 
stress, while alleviating flooding did not have an effect on the species 
richness. The Open Pioneer community underwent an increase in 
species richness with raised water levels compared to the control. Species 
adapted to higher water levels such as Spergularia marina were in greater 
abundance in year three in the increased water level treatment. 

Differences were shown in the Lower Shore in terms of  species richness 
in lowered water level compared to the control. Species variation over 
time was related to species with low coverage and wet-site indicators 
(e.g. Triglochin palustris) (Ellenberg, 1979). Lower Shore is located in a 
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gradient of  water level between Open Pioneer and Upper Shore and this 
could explain species tolerating a wide range of  soil moisture conditions. 

The Upper Shore community experienced a loss in the number of  species 
and consequently a decrease in species richness within the increased 
water level treatment; these were species with low coverage and with 
low water level requirement (e.g. Stellaria graminea and Viola canina). 

The mesocosm experiment in the present study revealed different 
responses of  wetland communities to altered salinity and water 
conditions. These changes were not significant according to changes 
in treatment in the Open Pioneer community, but they were through 
time. On the other hand, Lower Shore and Upper Shore had significant 
changes according to time and treatments. These could be explained by 
dynamic differences in the communities, since Open Pioneer was more 
variable.

6.3. The importance of  combined methodologies

This study has shown that the combination of  distinct methodologies 
can be a useful tool in ecological studies. Few studies discuss the use 
of  distinctive approaches, such as remote sensing and experimental 
platforms, to understand ecosystem processes (Sharma et al., 2020; 
Singer et al., 2021). Previous studies tested the effectiveness and 
reliability of  in situ readings and water sampling using UAVs combining 
with conventional methods (Song et al., 2017). Song et al. (2017) 
combined a mesocosm experiment and a hand-held device and fixed 
sensors were used to monitor thermal and chemical distributions in the 
water. UAVs were found to be an effective tool for reading spatial and 
temporal variations in water temperature. However, traditional sampling 
was more effective in water chemistry analysis than UAVs, implying 
that UAV-based water sampling requires additional development. Not 
much is known in practical studies about the combination of  field and 
experimental sampling and UAV tools, but there is an understanding 
of  the importance of  combining multiple methodologies even though 
there is a gap in plant ecology studies linking experimental and UAV 
approaches.

New technological advances allow researchers to fill gaps in knowledge 
that would be difficult or impractical to obtain using traditional ecological 
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methods. However, the knowledge gained through more traditional 
approaches such as mesocosm experiments is indispensable to unlocking 
that potential. For example, the experiment revealed changes in all studied 
communities in terms of  species richness, abundance and composition. 
These alterations could affect community distribution and location 
under future conditions of  climate change. Some plant communities, 
such as Open Pioneer, could have more pronounced alterations and loss 
of  rare species by altered water level and salinity because rising sea levels 
could increase inundation in previously rarely inundated areas (Burnside 
et al., 2008), and salinity variation. However, coastal wetland vegetation 
may also be threatened or constrained in the longer term as these plant 
communities may not be able to migrate further inland with rising sea 
levels if  geomorphic constraints, forests or human infrastructure act as 
barriers (Burnside et al., 2008; Ward, 2020).

Shifts in plant species composition in coastal meadows could also affect 
grazing quality in Estonian coastal wetlands, since species highlighted as 
important for livestock (Köster et al., 2004) could decrease in abundance 
under altered water level and salinity conditions (e.g. decreased water 
level and decreased salinity). In addition, the alteration of  the coastal 
meadow plant community composition could affect the habitat quality 
for migrating and breeding birds. Wader species use Estonian coastal 
meadows as breeding and feeding grounds, and it has been demonstrated 
that large (≥100 ha) and wide (mean width ≥200 m) grazed meadows, 
high water-table and no woody vegetation provide favourable breeding 
conditions for waders of  conservation concern (Rannap et al., 2017).

Both methodologies, remote sensing and the mesocosm experiment, are 
evidently important to evaluate the structure and function of  Estonian 
coastal meadows.  The mapping of  the extent and structure of  coastal 
plant communities allows an evaluation of  the current state of  the 
ecosystem. The mesocosm experiment helps to understand changes in 
plant community composition under altered conditions of  water level 
and salinity in Estonian coastal meadows and consequently, understand 
how species richness, abundance, and biomass will respond to those 
changes. This information is important when considering the protection 
and potential management of  these areas considering the species 
diversity of  fauna and flora as well as that of  livestock.
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7. CONCLUSIONS

This thesis tests a distinctive approach to mapping and assessing coastal 
meadows structure and distribution, and communities’ alterations 
due to impacts of  climate change. Based on the results, the following 
conclusions are formulated:

1. Multispectral Unmanned Aerial Vehicles (UAV) imagery can robustly 
identify plant community extent and distribution in high biodiversity 
value coastal meadows in West Estonia. The results demonstrate 
that an appropriate sampling strategy and different vegetation 
indices yield accurate plant community maps. Species diversity and 
biomass significantly influence the quality of  data and this should be 
accounted for when planning the sample collection to achieve better 
results. This study has shown that UAVs are useful tools of  mapping 
grasslands at a plant community level (Hypothesis 1).

2.  The combination of  UAV-derived multispectral data and aerial 
photogrammetry show that it is possible to obtain high accuracy 
predictions of  above-ground biomass in coastal meadows. This 
approach reveals that the structure of  the grassland is affected by the 
management history. The grassland turns more homogeneous under 
long-term monospecific grazing, whereas mixed grazing increased 
grassland structural diversity. These results demonstrate that UAVs 
can be used to map the structure and productivity in a scale different 
that of  a mesocosm experiment (Hypothesis 2).

3. Based on a mesocosm experiment, it can be concluded that significant 
shifts in wetland species richness and abundance will occur under 
climate change predictions for 2100 for the Baltic Sea. Altered water 
level and salinity contribute to changes in plant species composition 
in Open Pioneer, Lower Shore and Upper Shore community types. 
The degree of  community shift reflects community type, since each 
community has a distinct species composition. The results suggest 
that relatively small changes in water level and salinity in Baltic coastal 
wetlands can have important consequences for species composition. 
Consequently, the implications of  climate change could include 
impacts on habitat quality for many species (e.g. wading birds) and 
potential alterations in the quality of  semi-natural coastal grassland 
communities for large grazers (Hypothesis 3).
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SUMMARY IN ESTONIAN

Kliimamuutuse mõju hindamine rannaniidu taimekooslusele mesokosmi 
katse ja mehitamata õhusõidukiga kogutud andmete põhjal

Sissejuhatus

Suure osa Euroopa kultuurmaastikust moodustavad poollooduslikud 
rohumaad. Neid alasid iseloomustab rikkalik bioloogiline mitmekesisus 
ning leidub haruldasi liike. 

Kõikjal maailmas võimaldavad poollooduslikud rohumaad ökosüsteemi 
teenuseid: süsiniku sidumist ja säilitamist, toitainete ringlust, 
rändlindude elupaiku, mulla kvaliteedi muutmist, erosioonitõrjet ja 
üleujutuste pärssimist. Poollooduslike rohumaade hulgas on tähtsal 
kohal rannaniidud. Rannikurohumaid ohustavad aga mitmed tegurid 
nagu rannikuala pindala vähenemine, selle muutmine monokultuurseks 
väljaks, reostus ja kliimamuutus.  

Ookeanivee soojuspaisumine ning liustike ja jääväljade kadu toovad 
kaasa meretaseme tõusu, mis omakorda võib tähendada üleujutuste 
sagenemist rannikualal, sealsete märgalade pindala vähenemist ning 
soolase vee jõudmist põhjaveekihtidesse. Soojem kliima tähendab 
sademete hulga muutumist, ja see mõjutab merre voolava vee kogust. 
Veetase ja soolsus mõjutavad tugevasti liikide levikut, seega ka vee- ja 
rannikualade taime- ja loomakooslusi. Sellest tulenevalt tuleb  arvestada 
eesseisvate muutustega rannaniitude taimestikus.

Väitekirjas uuritakse erinevaid metoodikaid, mille abil hinnata taimestiku 
levikut, maapealset biomassi, samuti heinamaade kasutamise kestuse 
ja intensiivsuse ning majandamisviisi mõju taimkatte struktuurile. 
Uurimuses kasutatakse mehitamata õhusõidukiga (UAV, ingl unmanned 
aerial vehicle) kogutud multispektraalseid andmeid ja aerofotogrammeetriat. 
Kesksel kohal on mesokosmi katse, millega hinnati Eesti rannaniitude 
taimekoosluste liigirikkuse ja liigilise arvukuse muutust Läänemere 
veetaseme ja soolsuse tulevase võimaliku muutumise korral.
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Uurimuse eesmärk

Eesti rannaniitude struktuuri erinevates mõõtkavades hindamiseks 
ühendati väitekirjas mesokosmi katse ja kaugseire. Selline kombinatsioon 
võimaldab saada rannaniitude kohta põhjalikku teavet, kuna muutused 
taimekooslustes sõltuvad taimkatte struktuurist ja liigilisest koosseisust. 
Väitekirja ülesanded olid:

• kaardistada märgalade taimekooslusi UAV-ga kogutud ja 
multispektraalse andmestiku abil; taimekoosluste eristamiseks 
katsetati juhendamata klassifitseerimise meetodit ja masinõppe 
tehnoloogiat (I);

• kaardistada Eestis rannaniitudel maapealse biomassi taimekoosluse 
tüübid ja hinnata selle struktuuri Läänemere rannaniitudel UAV 
multispektraalsete kujutiste ja aerofotogrammeetria põhjal, 
arvestades niidu majandamisviisi ja ala kasutamise ajalugu (II); 

• määrata kindlaks muutused Eesti rannaniitude taimekoosluste 
liigirikkuses ja arvukuses vastavalt kliimamuutuse prognoosidele 
Läänemere kohta 2100. aastaks (III).

Materjal ja metoodika

Uuring viidi läbi kahel tasandil: uuringukohtades Lääne-Eestis ja 
katsekeskkonnas. Esimesel juhul valiti Silma looduskaitsealal, Matsalu 
rahvuspargis ja Vormsi saarel ranniku taimekoosluste ja maapealse 
biomassi kaardistamiseks kokku üheksa rannaniiduala (I, II). Teine osa 
hõlmab mesokosmi katset (III), mille käigus kasutati katse seadmiseks ja 
eksperimenteerimiseks Silma looduskaitsealalt kogutud proove.  

Vaatamata oma suhteliselt väikesele pindalale (45.228 km2) iseloomustab 
Eestit mitmekesine geoloogia, pinnamood ja kliima. Läänemere 
rannaniidud on tekkinud ja need säilivad maa isostaatilise tõusu, setete 
kogunemise ja alade vähese intensiivsusega majandamise – karjatamise või 
niitmise – tõttu. Eesti rannikumärgaladel on ebatavaline hüdroloogiline 
režiim. Kuna loodete ulatus on väga väike (~0.02 m), põhjustab  
rannaniitude üleujutusi valdavalt tsüklonaalne aktiivsus Põhja-Atlandil 
ja Fennoskandias. Üleujutuste sagedus ja ulatus on ebaregulaarne ning 
varieerub kogu rannikumaastikul, sõltudes tuule kiirusest ja suunast. 
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Hiljutised hinnangud suhtelise meretaseme tõusu kohta kolmelt 
mõõnamõõturilt piki Eesti rannikut on järgmised: Tallinnas 1.5–1.7 mm 
a-1, Narva-Jõesuus 1.7–2.1 mm a-1 ja Pärnus 2.3–2.7 mm a-1 (Ward et al., 
2014).

Taimekoosluse klassifitseerimiseks ja biomassi prognoosimiseks 
analüüsiti üheksat rannikumärgala kolmes kohas Silma looduskaitsealal, 
kahes kohas Matsalu rahvuspargis ja neljas kohas Vormsi saarel. Neis 
kohtades esinevad kõik väitekirjas käsitletud taimekooslused.

Uurimiskohtade taimekooslused liigitati vastavalt Burnside´i jt 
fütosotsioloogilisele klassifikatsioonile (2007): pilliroostik, võsasoo, 
madal rannik, kõrgrannik, pioneerliikidega paljakud, kõrgrohustu, võsa 
ja metsamaa. Võsasoo ning võsa ja metsamaa jäeti nende marginaalse 
esinemise tõttu uurimusest välja.

Uurimistöö käigus tehti kaks erinevat analüüsi, kasutades UAV-ga 
kogutud multispektraal- ja rgb-fotosid. UAV multispektraalseid pilte 
kasutati taimekoosluste kaardistamiseks Silma looduskaitsealal Põhja-
Tahu, Lõuna-Tahu ja Kudani rannaniidul (I). Järgnevalt kasutati 
multispektraalseid ja rgb-pilte kõrge ruumilise eraldusvõimega kaartide 
koostamiseks maapealse biomassi tuvastamiseks kõigis üheksas 
uuringukohas (II). Taimekoosluste kaardistamiseks (I) ja maapealse 
biomassi prognoosimiseks (II) kasutati otsustusmetsa klassifikatsiooni. 
Seejärel analüüsiti maapealse biomassi kaartide abil majandamisviisi ja 
intensiivsuse mõju rannaniitude heinamaade struktuurile (II). Teavet 
rannaniitude kasutusviisi kohta saadi maaomanikega isiklikult suheldes.

Uurimistöö teises osas valiti mesokosmi katse jaoks kolm taimekooslust: 
pioneerliikidega paljakud, madal rannik ja kõrgrannik. Need kooslused 
valiti sealsete võtmeliikide spetsiifilise autökoloogilise kasvukohaeelistuse 
tõttu (nt soolsus ja mulla veesisaldus). Katsest välja jäetud pilliroostikus 
ja võsasoos domineerivad üleujutust taluvad liigid; kõrgrohustu kujutab 
endast maismaa ja märgalade ökosüsteemi vahelist kooslust, ning võsa 
on täielikult maismaa.

Silma looduskaitsealal varuti Põhja-Tahu alalt 2018. aasta juunis kolmest 
valitud taimekooslusest 15 mätast (suurus 50 x 70 cm, paksus 30 cm). 
Mesokosmi katse varustus koosnes mahutitest (90L, mõõtmed 56 x 79 x 
32 cm), mis olid täidetud 2:1:1 mullaseguga, mis koosneb pestud sõmera 
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struktuuriga liivast, savist ja kompostist, mis on väga sarnane märgala 
põhjasubstraadiga. Mahutid numereeriti ja varustati vastava tähisega. 
Mahutid asusid kogu katse jooksul samal kohal. Katse käiku hinnati 
alalise gradueeritud 50 cm2 kvadraadi abil, mis jaotati 25 kvadraadiks 
(10 x 10 cm), ja määrati kindlaks muutused esinevate taimeliikide 
arvukuses pinnakatte pindala järgi (katteprotsent). Katse kestis kolme 
aastat veetaseme ja soolsuse tingimustes, mis tuletati kliimamuutuste 
prognoosidest 2100. aastaks. 

Liikide arvukus ja liigirikkus arvutati 2018., 2019. ja 2020. aastaks 
iga taimekoosluse kohta eraldi. Liigirikkuse erinevusi aastati ja 
kasvutingimuste suhtes hinnati Kruskal Wallise testiga, mis põhineb 
Bonferroni kohandustega Dunni testil, et tuvastada liigirikkuse erinevusi 
igal aastal. Liigilise arvukuse esitamiseks kasutati arvukuse kõveraid. 
Taimekoosluse koostise erinevuste uurimiseks kasutati permutatsioonilist 
mitmemõõtmelist analüüsi Bray-Curtise erinevusega. 

Tulemused ja järeldused 

Rannaniitudel hinnati taimekoosluste levikut, maismaa biomassi ja 
taimkatte vertikaalset struktuuri. Fleissi kapa kordaja 0,89 põhjal 
kaardistati põhjalikult taimekooslused (I). Otsustusmetsa klassijärgsed 
vead näitavad, et homogeensema struktuuriga piirkondi on kergem 
klassifitseerida kui keerulise struktuuriga koosluseid. Otsustusmetsa 
algoritmi jõudlusanalüüs näitas, et biomassi hindamisel saadi parim 
tulemus, kui multispektraalne info kombineeriti fotogramm-meetriliselt 
loodud digitaalse maastikumudeliga (DTM, ingl digital terrain model) (II). 
Tulemused viitavad sellele, et mitme anduri kombinatsiooni saab kasutada 
ökosüsteemi omaduste mõõtmiseks, mida ainult spektraalinformatsiooni 
analüüsides ei pruugi tuvastada. Siinse uuringu maapealse biomassi 
prognooside suur täpsus näitab, et rannaniitude jälgimisel on kaugseire 
UAV-ga sobiv meetod. Struktuurianalüüsi tulemused näitasid, mil 
määral mõjutab biomassi jaotust  karjatamise kestus ja heterogeensus. 
Pidevalt majandatavatele rohumaadele on iseloomulikud suuremad ja 
homogeensemad alad (II). Üldine lineaarne mudelianalüüs ja Mann-
Whitney u-testid näitasid, kuidas taimtoidulised liigid mõjutavad rohumaa 
struktuuri. Rohumaad, millel karjatatakse erinevaid taimtoidulisi, on 
mitmekesisema struktuuriga kui veiste karjamaa (II).
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Mesokosmi katse tulemused näitasid, et kõigis kolmes Läänemere 
ranniku märgalade koosluses ilmnesid aja jooksul vee- ja soolsusrežiimis 
märkimisväärsed muutused, mis tõi esile taimeliikide reaktsiooni 
keskkonnamuutuste suhtes (III). Pioneerliikidega paljakutel suurenes 
liigirikkus ja taimkate kõigi keskkonnamuutuste korral, sellega võrreldes 
esines madalal rannikul ja kõrgrannikul nii veetaseme kui ka soolsusega 
seotud muutusi vähemal määral.

Pioneerliikidega paljakuid mõjutab enamasti soolsus, seda isegi peamiselt 
sõmerast, keskmise fraktsiooniga ja peenest liivast koosnevas pinnases, 
mis säilitab vähem toitaineid kui peenema fraktsiooniga muld. Spergularia 
marina ja Glaux maritima aitasid kaasa liigirikkuse suurenemisele mulla 
suurenenud ja vähenenud soolsuse tingimustes. Üldiselt ei ilmnenud 
madala ranniku ja kõrgranniku taimekooslustes soolsuse muutumise 
korral olulisi muutusi võrreldes kontrollkatsega. Nendes kooslustes on 
liike, mis kasvavad nii soolases kui ka mittesoolases keskkonnas. 

Veetaseme muutus mõjutas pioneerliikidega paljakute taimekooslust 
sarnaselt soolsuse muutmisega. Selle koosluse liigirikkus suurenes 
kõrgema veetaseme korral, võrreldes kontrollkatsega. Kõrgema 
veetasemega kohanenud liike nagu Eleocharis palustris esines kõrgenenud 
veetaseme korral kolmandal aastal rohkem; alanenud vees leidus katse 
lõpus rohkem väiksema veevajadusega liike, nagu Glaux maritima ja 
Centaurium littorale. 

Madalal rannikul registreeriti madalama veetaseme korral liigirikkuse 
muutus, võrreldes kontrollkatsega. Aja jooksul toimuv liikide varieeruvus 
ilmnes vähese pinnakatvusega liikide puhul, nt ahenesid Carex 
flacca ja Triglochin palustris´e kasvukohad. Madal rannik asub veetasemelt 
pioneerliikidega paljaku ja kõrgranniku vahel ning see võib seletada, miks 
sealsed liigid taluvad mulla mitmesuguseid niiskustingimusi. Kõrgranniku 
koosluses vähenes kõrgenenud veetaseme korral liikide arv ja sellest 
tulenevalt ka liigirikkus; sealjuures laienesid vähese pinnakatvuse 
ja madala veetasemega kohastunud liikide Stellaria graminea ja Viola 
canina kasvukohad.

See uurimus näitas, et ökoloogilistes uuringutes võib erinevate 
metoodikate kombinatsioon osutuda tõhusaks. Vaid vähestes 
uuringutes kombineeritakse ökosüsteemiprotsesside mõistmiseks 
erinevaid lähenemisviise, nt kaugseiret ja katseplatvorme, antud töös 
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mesokosmi katset. Uued tehnoloogilised edusammud kaugseire vallas 
võivad lahendada küsimusi, millele vastuse leidmine traditsiooniliste 
ökoloogiliste meetodite abil oleks keeruline või ebapraktiline. Samas 
on traditsioonilise lähenemisviisiga, nt mesokosmi katsega saadud 
teadmised uue tehnoloogilise potentsiaali rakendamiseks väga vajalikud. 
Uurimus näitas, et UAV on sobiv vahend rannikurohumaade struktuuri 
ja taimekoosluste leviku täpse eraldusvõimega kaartide koostamiseks. 
Teisest küljest aitab mesokosmi katse mõista taimekoosluse koostise 
muutusi eri veetaseme ja soolsuse tingimustes.
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SUMMARY IN ENGLISH

Introduction

Semi-natural grasslands are an essential part of  the cultural landscape of  
Europe. Semi-natural grasslands are commonly characterised by a very 
high biodiversity, including rare species. Beyond the high biodiversity 
value, semi-natural grasslands worldwide provide many ecosystem 
services, including: carbon sequestration and storage, nutrient cycling, 
regulation of  soil quality, habitats for migrating birds, erosion control, 
and flood regulation. Within the realm of  semi-natural grasslands, coastal 
meadows are particularly important. However, coastal grasslands are 
threatened by a range of  factors such as coastal squeeze, transformation 
into monoculture ponds, pollution, and climate change.

Coastal areas are threatened at a range of  spatial scales as a result of  
sea-level rise, driven primarily by thermal expansion of  oceans and 
loss of  glaciers and ice-sheets. The impacts related to sea-level rise can 
include higher flooding frequency in coastal areas, salt water intrusion 
in aquifers, and potential declines in the extent of  coastal wetlands. A 
warmer climate also implies a modification in precipitation patterns 
affecting runoff  into the sea. In coastal areas, both water levels and 
salinity have a strong impact on species distribution and therefore on 
the structure and composition of  aquatic and coastal floral and faunal 
communities. Consequently, plant communities in coastal meadows are 
expected to undergo changes in their composition and structure.

The current thesis explores different methodologies to assess plant 
community distribution, above-ground biomass, and the effects of  
management type, duration, and intensity on sward structure using 
UAV-derived multispectral data and aerial photogrammetry. In addition, 
the keystone of  this thesis is a mesocosm experiment that was used to 
assess shifts in species richness and abundance in plant community types 
in Estonian coastal meadows related to future change scenarios of  water 
level and salinity for the Baltic Sea.
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Objectives

This thesis combines remote sensing and a mesocosm experiment to 
assess the structure of  Estonian coastal meadows at different scales. The 
combination of  both methods constitutes a valuable approach to obtain 
additional information about coastal meadows, since communities’ 
responses to change depend on structure and species composition. The 
objectives are:

• Map wetland plant communities using UAVs and multispectral data. 
Unsupervised classification and machine learning approaches are 
evaluated to differentiate plant communities (I).

• Map the above-ground biomass coastal meadow community types in 
Estonia and assess the structure in Baltic coastal meadows based on 
UAV multispectral imagery and aerial photogrammetry considering 
the management type and history (II).

• Identify changes in species richness and abundance in Estonian 
coastal meadow plant communities according to climate change 
predictions for 2100 in the Baltic Sea (III).

Material and Methods

The study was carried out at two different spatial scales: selected study 
sites in West Estonia and an experimental setting. In the first scale, nine 
coastal meadow sites in Silma Nature Reserve, Matsalu National Park, 
and Vormsi Island in West Estonia were chosen for mapping the coastal 
plant communities and the above-ground biomass (I, II). The second 
part encompasses the mesocosm experiment (III), which used samples 
from Silma Nature Reserve that were collected and transferred to Tartu 
for the experimental setting and control.

Despite its relatively small size (45.228 km2), Estonia is characterized 
by diverse geology, morphology, and climate. Baltic coastal meadows 
are formed and maintained by isostatic uplift, sediment accretion and 
low intensity management in the form of  grazing or mowing. Estonian 
coastal wetlands have unusual hydrological influences due to the very 
low tidal range (~0.02 m range), and flooding is predominantly driven 
by atmospheric pressure and fluctuating meteorological conditions 
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across the North Atlantic and Fennoscandia. Consequently, the rate and 
magnitude of  inundation is irregular and varies throughout the coastal 
landscape. Recent estimates of  relative sea level rise from three tide 
gauges along the Estonian coast are: 1.5–1.7 mm yr−1 at Tallinn, 1.7–2.1 
mm yr−1 from Narva-Jõesuu and 2.3–2.7 mm yr−1 at Pärnu (Ward et al., 
2014).

The analysis conducted for the plant community classification and 
biomass prediction were undertaken in nine coastal wetlands in Estonia: 
three sites in Silma Nature Reserve, two sites in Matsalu National Park, 
and four sites on Vormsi Island. These sites were chosen because they 
encompass all the representative plant communities under study. The 
plant communities at the study sites were categorized according to 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). The communities clubrush swamp (CS) 
and scrub and developing woodland (SW) were excluded due to their 
marginal occurrence.

For this study, two different analyses were conducted using UAV-based 
multispectral and rgb images. UAV-based multispectral images were used 
to map plant communities in the three coastal meadow sites selected 
in Silma Nature Reserve: Tahu North, Tahu south, and Kudani (I). 
Secondly, rgb and multispectral images were collected to generate high 
spatial resolution maps of  standing above-ground biomass (AGB) for all 
nine study sites (II). A Random Forest classifier was used to map plant 
communities (I) and to predict above-ground biomass (II). The effects 
of  management type and intensity on coastal meadows sward structure 
were then analyzed using the aboveground biomass maps as a basis (II). 
Management information was obtained by personal communication 
with landowners.

For the second part of  this study, three plant community types were 
chosen for the mesocosm experiment: Open pioneer, Lower shore 
and Upper shore. These communities were selected due to the narrow 
autecological preference (e.g. salinity and soil waterlogging) of  the key 
species. Clubrush Swamp, Reed Swamp, Tall Grass and Scrub Woodland 
were excluded. Clubrush Swamp, Reed Swamp are dominated by species 
with greater tolerances to inundation, Tall Grass is an intermediate 



97

community between terrestrial and wetland ecosystems, and Scrub 
Woodland is fully terrestrial, not a wetland habitat.

Fifteen 50x70 cm and 30 cm deep turves from three selected plant 
communities were collected from the Tahu North site (Silma Nature 
Reserve) in June 2018. The mesocosm design consisted of  90L containers 
(dimensions 56 x 79 x 32 cm) filled with a 2:1:1 soil mixture consisting 
of  commercially washed sharp sand, loam and compost, very similar to 
the lower substrate of  the wetland. Each container was given a number 
and marked with the treatment correspondent to the sample. This was 
written on the containers using a permanent marker to ensure correct 
treatment when monitoring. The numbers were marked randomly 
and the containers remained in the same position for the duration of  
the experiment. Community responses were evaluated using a 50 cm2 
permanent graduated quadrat, subdivided in 25 quadrats (10x10 cm), 
establishing changes in the abundance of  plant species present by area 
of  ground cover (percentage cover). The experiment was carried out 
over three years under a range of  water level and salinity treatments 
derived from climate change predictions for 2100.

Species richness and abundance were calculated for 2018, 2019 and 2020 
separately for each community. Differences in species richness between 
treatments and year were assessed by Kruskal Wallis test, following 
Dunn’s test with Bonferroni adjustments to reveal the treatments that 
presented richness differences in each year. Rank abundance curves 
were used to plot the species abundance. Permutational Multivariate 
analysis of  Variance with Bray-Curtis dissimilarity was used to examine 
differences among treatments in plant community composition. For 
the analysis crossed effects of  year were included, treatments as fixed 
effects, and samples as random effects.

Results and Conclusions

The distribution of  plant communities, terrestrial biomass and vertical 
vegetation structure were evaluated within the coastal meadows. A 
Fleiss kappa coefficient of  0.89 was obtained for mapping the plant 
communities (I). Class errors in the Random Forest algorithm show 
that areas with a more homogeneous structure are easier to classify 
than complex structures communities. The Random Forest algorithm 
for the prediction of  above-ground biomass at the study sites showed 
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that the combination of  multispectral information with SfM-derived 
DTMs as explanatory variables yields the best results (II). The results 
suggest that the combination of  several sensors can be used to measure 
ecosystem characteristics that can be overlooked when analysing 
spectral information alone. The high accuracy of  above-ground biomass 
predictions achieved in this study shows that UAV-based remote sensing 
is an effective tool for coastal meadow monitoring. The results of  the 
structural analysis of  the biomass distribution showed the extent to 
which this is affected by the duration and extent of  grazing heterogeneity. 
Grasslands, which are continuously managed, are characterized by larger 
and more homogeneous areas (II). General linear model analysis and 
Mann-Whitney u-tests revealed how herbivore species affect grassland 
structure. Grassland that had been grazed by different species of  
herbivores were structurally more diverse than the areas containing only 
bovine animals (II).

The mesocosm results demonstrated that all three Baltic coastal wetland 
communities exhibited considerable temporal changes under altered 
water and salinity regimes, highlighting the response of  plant species to 
environmental variables (III). The Open Pioneer community showed an 
increase in species richness and vegetation cover across all treatments, 
while Lower Shore (LS) and Upper Shore (US) also underwent changes 
to a lesser degree than Open Pioneer, related to both water level and 
salinity.

The Open Pioneer community is mostly controlled by salinity, even 
within soil composed of  greater proportions of  coarse, medium and fine 
sand (as is found in this plant community), which retain less nutrients 
than those with finer fractions. The seed bank probably allowed some 
seeds to germinate under simulated salinity changes in the Open Pioneer 
community. Spergularia marina and Glaux maritima contributed to increased 
species richness under conditions of  raised and decreased soil salinity, 
respectively. Overall, the Lower Shore and Upper Shore community 
types did not shown significant changes under altered salinity conditions 
compared to the control treatment. These communities present species 
occurring in both saline and non-saline situations. 

In the treatments with altered water levels, the Open Pioneer presented 
a similar response as seen in the altered salinity treatments. Differences 
were recorded in the Lower Shore in terms of  species richness in lowered 
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water level compared to the control. Species variation over time was 
related to species with low coverage (e.g. Triglochin palustris). The Lower 
Shore is located in a gradient of  water level between Open Pioneer 
and Upper Shore and this could explain the fact of  species tolerating 
a wide range of  soil moisture conditions. The Upper Shore community 
experienced a loss in the number of  species and consequently a decrease 
in species richness within the increased water level treatment; these were 
species with low coverage and with low water level requirement (e.g. 
Stellaria graminea and Viola canina).

This study has shown that both methodologies can be a useful tool 
in ecological studies. New technological advances, in remote sensing, 
can fill knowledge gaps that would be difficult or impractical using 
traditional ecological methods. However, the knowledge gained 
through more traditional approaches such as mesocosm experiments 
is indispensable to unlocking that potential. This study has shown that 
UAVs are excellent tools to produce very-fine resolution maps of  coastal 
grasslands structure and plant communities distribution. On the other 
hand, mesocosm experiments help to understand changes in plant 
community composition under modified conditions of  water level and 
salinity.
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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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A B S T R A C T   

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

1. Introduction 

Coastal meadows are wetlands with an abundance of grasses subject 
to high water levels or flooding (Joyce et al., 2016). These valuable 
ecosystems have been recognized for the provision of a wide range of 
ecosystem services (ES) worldwide (Barbier et al., 2011; Salomidi et al., 
2012). Primary production in coastal meadows is a key ecosystem 
function that drives the supply of ES such as carbon (C) sequestration as 
well as food provision for livestock. Vegetated coastal environments are 
well-noted for their capacity to retain carbon both from allochthonous 
sources and through absorbing atmospheric CO2 through primary pro-
ductivity, which exceeds respiration rates (Duarte et al., 2013; Ward, 
2020a). The authors of the previous study estimated that an average of 
4.8–87.3 Tg/yr of C are sequestered globally in saltmarshes, and 0.4–6.5 
Pg of C are stored in saltmarsh soils. Moreover, coastal meadows are 
characterized by long-term C burial due to low decomposition rates as a 
result of anoxic conditions in their soils (Enríquez et al., 1993; Mcleod 
et al., 2011). 

Beyond their role as carbon sinks, coastal meadows maintain nursery 
populations and habitats for waders (Rhymer et al., 2010), which con-
stitutes another essential regulation and maintenance ecosystem service 

(Haines-Young and Potschin, 2018) supplied by these ecosystems. The 
high species diversity and complex structure of coastal meadow land-
scapes comprise an important habitat for populations of wildfowl, 
waders, amphibians (Rannap et al., 2017), and arthropods (Torma et al., 
2019). The structural heterogeneity of swards in coastal meadows is 
mostly determined by low intensity grazing (Verhulst et al., 2011), 
which simultaneously maintains high levels of plant species richness 
(Burnside et al., 2007; Ward et al., 2016b). Extensive grazing maintains 
heterogeneous patches of vegetation, providing nesting and feeding 
areas for a variety of species (Leito et al., 2014; Aldabe et al., 2019) such 
as Common Redshank (Tringa totanus) (Sharps et al., 2016), Lapwing 
(Vanellus vanellus) and Eurasian curlew (Numenius arquata) (Tichit et al., 
2005; Żmihorski et al., 2018). In addition to the increased habitat 
availability, long term grazing in coastal wetlands also limits rates of 
denitrification and increases microbial immobilization of C in soils, 
therefore enhancing nutrient availability and the capacity of soils to 
store C (Olsen et al., 2011). 

Coastal meadows supply a wide array of other essential ecosystem 
services. Among these, wave attenuation, sediment bio-stabilization, 
water regulation and filtration and storage of nutrients and contami-
nants (Barbier, 2013) have been identified as fundamental elements of 

* Corresponding author at: Kreutzwaldi 5, room 2c18, Tartu 51006, Estonia. 
E-mail address: mpecina@emu.ee (M. Villoslada Peciña).  

Contents lists available at ScienceDirect 

Ecological Indicators 

journal homepage: www.elsevier.com/locate/ecolind 

https://doi.org/10.1016/j.ecolind.2020.107227 
Received 23 April 2020; Received in revised form 29 October 2020; Accepted 27 November 2020   



120

Ecological Indicators 122 (2021) 107227

2

coastal landscapes. Recreation, cultural heritage, aesthetic values and 
educational values have also been listed as cultural ecosystem services 
highly valued by societies (Martin et al., 2016). Despite their multi-
functional character, coastal wetlands, including meadows, have been 
identified as a particularly sensitive ecosystem to Global Change, mainly 
due to increased sea level (Ward et al., 2016b; Ward, 2020b), increased 
sea and ocean temperatures and altered atmospheric circulation pat-
terns (Ward et al., 2016c) resulting in increased frequency of storms 
(Thorne et al., 2012; Spalding et al., 2014; Ward et al., 2014; Lima et al., 
2020). In addition to the threats posed by altered climate patterns, 
coastal meadows have undergone degradation in the form of agricul-
tural intensification in many areas and abandonment in others (Henle 
et al., 2008). In the absence of management, coastal meadows become 
dominated by tall-sward communities (Clausen et al., 2013), which in 
turn leads to decreased availability of adequate habitat for waterbirds 
(Vulink et al., 2010). Moreover, abandoned coastal meadows are char-
acterized by a higher presence of less digestible plants (Summers et al., 
1993), which hinders the reintroduction of grazing activities. In this 
regard, Clausen et al. (2013) point out that adequate grassland man-
agement may counteract the effects of climate change by balancing the 
expected areal loss of coastal meadows due to sea level rise. 

The complex dynamics of coastal wetlands and their sensitivity to 
Global Change call for robust monitoring techniques, able to account for 
the spatial dimension of ecosystems structures, processes and functions. 
For instance, it is essential to understand how the patterns of biomass 
production change spatially in coastal wetlands, as this may provide a 
better understanding of responses to global change (Doughty and Cav-
anaugh, 2019). In addition, spatially explicit monitoring schemes could 
provide valuable insights on the combined effects of Climate Change and 
grassland abandonment and their impacts on the availability and quality 
of habitat for wader populations. Some initiatives such as GEOBON have 
highlighted the need to integrate Earth Observation (EO) with in-situ 
observations in order to adequately model the status and trends of 
essential biodiversity variables like net primary productivity, distur-
bance regimes, habitat structure or ecosystem extent and fragmentation 
(Vihervaara et al., 2017). In this regard, the rapid development of EO 
platforms and sensors has led to an unprecedented availability of high 
quality remotely sensed data. For instance, several studies have used 
passive remote sensing data derived from satellite sensors to map salt-
marsh plant communities (Akumu et al., 2010; Kumar and Sinha, 2014), 
mangroves extent (Giri et al., 2010) and biomass production in coastal 
wetlands (O’Donnell and Schalles, 2016; Mafi-Gholami et al., 2018). 
However, satellite-derived EO data may not provide the spatial resolu-
tion required to account for the fine scale patterns and heterogeneous 
structure of grassland swards (Ward et al., 2013; Villoslada et al., 2020). 
This could in turn hamper the operationalization of remote sensing 
techniques for grassland management and conservation purposes. On 
the other hand, the emergence of UAVs and lightweight sensors in the 
last decade has revolutionized ecological and environmental monitoring 
(Baena et al, 2018; Baxter and Hamilton, 2018). While providing very 
high spatial detail, UAVs are also able to survey large areas repeatedly. 
This has resulted in a wide variety of applications including nature 
conservation, forestry, ecology and precision agriculture (Adão et al., 
2017). Several authors have demonstrated the successful use of UAVs as 
a tool for nature management and conservation. For instance, UAV- 
based vegetation monitoring has been used to target restoration ef-
forts in Algarrobo forests in Peru (Baena et al., 2018). Similarly, UAVs 
have been used to detect and quantify invasive knotweed species 
(Martin et al., 2018). Efforts to monitor habitat degradation in protected 
areas have also befitted from the use of UAVs (López and Mulero- 
Pázmány, 2019). Specifically in the field of grassland and coastal 
wetland ecology, UAVs combined with multispectral sensors have been 
used to map plant communities (Villoslada et al., 2020), quantify 
biomass production (Doughty and Cavanaugh, 2019), monitor tidal 
morphodynamics (Taddia et al., 2019) and monitor long-term ecological 
integrity (Díaz-Delgado et al., 2018). 

These approaches commonly utilize the spectral properties of vege-
tation in order to predict plant communities’ spatial distribution pat-
terns and structure (Veettil et al., 2020). In addition to multispectral 
data, aerial photogrammetry has been used to map hydrological features 
and plant community structure in saltmarshes (Kalacska et al., 2017; 
Meng et al., 2017). These increasingly diverse sources of remotely 
sensed data call for processing and analysis frameworks able to handle 
highly dimensional datasets and unveil complex ecosystem patterns. In 
this regard, machine and deep learning techniques offer an efficient 
solution to process large spatial datasets (Lary et al., 2016). For instance, 
random forest (RF) is a supervised algorithm that has been increasingly 
to map and predict both discrete clusters such as plant communities 
(Villoslada et al., 2020) as well as continuous variables such as biomass 
(Mutanga et al., 2012) and tree attributes (Yu et al., 2011). 

Despite all the recent advances in earth observation tools and tech-
niques, there still is a lack of highly detailed, spatially explicit data on 
the structural patterns and primary productivity of coastal meadow in 
relation to management (Villoslada et al., 2020). While current moni-
toring schemes in grasslands rely on in situ data collection and frequent 
field surveys (Ali et al., 2016), the fusion of the former with UAV-based 
assessments could provide valuable new knowledge for grassland 
restoration, management and conservation. Some authors (Baena et al., 
2017) have highlighted the need to combine traditional plot-based 
vegetation survey methods with UAV surveys to acquire deeper 
knowledge on ecosystem structure and dynamics. 

In order to develop adequate monitoring strategies and improve 
targeted management actions, this study develops a methodology to 
operationalize UAVs as tools to monitor vegetation and ecosystem 
functioning in coastal meadows. By utilizing multiple UAV-derived 
remote sensing products, the study addresses fine-scale patterns and 
dynamics of ecosystem functioning in coastal meadows. More specif-
ically, the aims of the present study are:.  

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

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

3. To assess the effect of the duration and type of management regime 
on coastal meadows sward structure. 

2. Methods 

2.1. Study sites 

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

The study was undertaken in nine study sites located across the 
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Western coast of Estonia: In the Silma Nature Reserve (3 sites: Tahu 
North (TN), Tahu South (TS) and Kudani (Kd)), Matsalu National Park (2 
sites: Matsalu1 (M1) and Matsalu2 (M2)) and Vormsi Island (4 sites: 
Rumpo East (RE), Rumpo West (RW), Hosby (Hb), and Rälby (Rb)). 
Fig. 1 represents the location of all study sites within Silma Nature 
Reserve and Vormi Island (A) and Matsalu National Park (B). The choice 
of sites responds to the need of assessing the widest possible range of 
management options, considering livestock species, grazing load and 
management duration. Moreover, all sites constitute strategic locations 
along the East Atlantic bird migratory route (Palm et al., 2017) and are 
located within protected areas of national and regional relevance. 

2.2. Data processing and analysis 

Fig. 2 outlines the methodological steps undertaken to achieve the 
three objectives of the study. The workflow is divided into three general 
steps including data collection, pre-processing and processing. Data 
collection includes the acquisition of both UAV-based remotely sensed 
data and above-ground biomass samples in the field. Pre-processing 
comprises all the steps needed to transform raw remotely sensed prod-
ucts into georeferenced and interpretable datasets. Ultimately, the 
processing section encompasses all the algorithms required to model 
above-ground biomass, describe grassland sward structure and assess 
the effects of grassland management in sward complexity. 

2.3. Field data collection 

2.3.1. Plant communities and biomass sampling 
Field sampling was undertaken in July 2019 during a period of two 

weeks. The sampling methodology follows the phytosociological clas-
sification developed by Burnside et al. (2007). The authors identified 
seven main plant communities considering the indicator species for 

Estonian coastal wetlands: Reed swamp, Clubrush swamp, Lower shore 
meadow, Upper shore meadow, Open pioneer, Tall grass and Scrub and 
developing Woodland. Because of their peripheral occurrence in coastal 
meadows, the present study excludes Reed Swamp, Clubrush Swamp 
and Scrub and developing Woodland from the analysis. Table 1 de-
scribes the communities under study, their occurrence and key species. 

Following a stratified random approach, twenty above-ground 
biomass samples per community type per site were collected. The 
above-ground biomass samples were subsequently divided into two 
datasets: a training dataset (10 samples per site per community type) 
and a validation dataset (ten samples per site per community type). 
These two datasets constitute an essential component of the supervised 
modelling and mapping process (Fig. 2). Due to different site charac-
teristics and management regimes, not all communities are present in all 
sites. The aboveground sampling of plant communities at the study sites 
(TN: 3 communities, TS: 3 communities, Kd: 4 communities, M1: 4 
communities, M2: 4 communities, Rb: 4 communities, Hb: 2 commu-
nities, RW: 2 communities, RE: 3 communities). This resulted in a total 
of 520 aboveground biomass samples collected using a 30 × 30 cm 
quadrat. 

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). 
Biomass was cut at ground level and samples were subsequently dried at 
70 ◦C for 48 h and weighed. 

2.3.2. Image acquisition 
Multispectral images covering the extent of each study site were 

collected using a Sensefly Ebee UAV equipped with a Parrot Sequoia 1.2 
megapixel monochromatic multi-spectral sensor. Images were collected 
in four spectral bands: Green (530–570 nm), red (640–680 nm), red edge 
(730–740 nm) and near infrared (770–810 nm). Images were captured 

Fig. 1. Location of the study sites within the Silma Nature Reserve (A), Vormsi Island (A) and Matsalu National Park (B) in West Estonia. M1: Matsalu 1; M2: Matsalu 
2; TN: Tahu North; TS: Tahu South; Kd: Kudani; RE: Rumpo East; RW: Rupo West; Rb: Rälby; Hb: Hosby. 
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at a flight height of 120 m, with a 10 cm pixel resolution and prior to 
each flight an Airinov calibration panel was used to radiometrically 
correct images. 

Each multispectral flight was followed by a photogrammetric flight. 
RGB images were captured using a senseFly S.O.D.A camera at a flight 
height of 123 m with a resolution of 3.5 cm per pixel. The datasets 
derived from both multispectral and RGB images were subsequently 
used as prediction covariates within the modelling process (Fig. 2). 

2.4. Image processing and analysis 

All collected images underwent a post-processed kinematic (PPK) 
correction process in eMotion 3®. RINEX observation and navigation 
files from the ESTPOS Estonian GNSS-RTK permanent stations network 

were used to increase positional accuracy of the multispectral and rgb 
images (Tadrowski, 2014). The positional accuracy achieved after this 
process is under 7 cm, as tested by Villoslada et al. (2020). After posi-
tional corrections, multispectral and rgb orthomosaics were constructed 
in Pix4D v.4.3.31®. A total of five orthomosaics were obtained for each 
study site. 

2.5. Vegetation indices 

The multispectral orthomosaics were used to compute 13 vegetation 
indices (Table 2). Vegetation indices convey spectral information 
related to photosynthetic activity, vegetation vigour, status and 
coverage (Filho et al., 2020) and therefore constitute valuable predictors 
for modelling essential ecosystem functions. In the present study, the 

Fig. 2. Flowchart illustrating the methodological steps undertaken in this study.  
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selection of indices was based on their ability to detect changes in 
vegetation status, pigment content and plant productivity. Among the 
selected indices, Green Red Difference Index (GRDI) and Green Differ-
ence Index (GDI) have been previously used due to their ability to pre-
dict the percentage of green herbage (Gianelle and Vescovo, 2007, 
Villoslada et al., 2020). Indices incorporating the red-edge band 
(NDVIre, SRre, RTVIcore and Datt4 in this study) have been used to 
produce highly accurate predictions of biomass due to their ability to 
overcome saturation (Mutanga and Skidmore, 2004). Similarly, Differ-
ence Vegetation Index (DVI) has been used to discern the large amount 
of variance in biomass predictions (Maguigan et al., 2016). Soil Adjusted 
Vegetation Index (SAVI) and Modified Soil Adjusted Vegetation Index 
(MSAVI) were chosen due to their ability to compensate for the effect of 
soil in sparsely vegetated areas (Ren et al., 2011). Band ratios like Green 
Ratio Vegetation Index (GRVI) are known to correlate well with wetland 
vegetation biomass (Naidoo et al., 2019). Normalized Difference Vege-
tation Index (NDVI), Green Normalized Vegetation Index (GNDVI) and 
2-band Enhanced Vegetation Index (EVI2) have shown high correlations 
with grassland biomass in previous studies (Jing et al., 2014; Naidoo 
et al., 2019). 

2.6. Microtopography 3D models 

In coastal meadows, microtopography plays a key role in the distri-
bution of soil moisture gradients and availability of nutrients (Ward 
et al., 2016a). In order to test and improve above-ground biomass pre-
diction accuracies, microtopography was included in the ensemble of 
explanatory variables. In order to obtain microtopography models at 
each study site, a Structure-from Motion (SfM) algorithm was imple-
mented. SfM generates 3D point clouds from a set of photographs. As 
described by Westoby et al. (2012), the SfM process encompasses three 

essential steps. The first steps requires the detection of common key 
points across a set of images using the Scale Invariant Feature Transform 
(SIFT). Secondly, a low-density 3D point cloud is extracted based on 
camera locations and orientations. The point cloud is subsequently 
densified based on triangulation and incremental reconstruction. The 
third step involves the transformation from a relative to an absolute 3D 
coordinate system, post-processing of the dense point clouds and 
transformation into a raster DEM. 

The three-step process described by Westoby et al. (2012) was 
implemented in this study utilizing Pix4Dmapper in combination with 
CloudCompare. Pix4Dmapper was used to detect matching points be-
tween all RGB images at each study site and subsequently generate a 
dense 3D point cloud. Pix4Dmapper combines the SfM algorithm with 
the Multi-View stereo photogrammetry (SfM-MVS) (Smith et al., 2015) 
to detect common features in the images and construct a 3D scene based 
on bundle adjustment (Smith et al., 2015). The dense point clouds were 
then imported into CloudCompare in order to classify points into ground 
and non-ground classes. Within CloudCompare, the Cloth Simulation 
Filtering (CSF) algorithm allows for an efficient computation of the 
ground surface and separation of vegetation from soil (Zhang et al., 
2016). The CSF algorithm uses a cloth simulation technique (Zhang 
et al., 2016) and the inversion of the original point cloud. By modifying 
two parameters, namely an integer parameter “rigidness” and a Boolean 
parameter “ST”, the user defines the way the simulated cloth lies over 
the inverted point cloud and ultimately determines the way points are 
classified. Compared to other point classification techniques, the CSF 
algorithm offers reliable classification results with few parameters 

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

Community Key Species Sites Description 

Open 
Pioneer 

Salicornia 
europaea, Suaeda 
maritima 

M1, M2, Kd The open pioneer community is 
found in localised depressions 
and is characterized by a high 
frequency and abundance of 
bare ground and high salt 
concentration due the 
evaporite accumulation. 

Lower 
Shore 

Juncus gerardii, 
Plantago 
maritima 

M1, M2, 
TN, TS, Kd, 
RE, RW, Rb, 
Hb 

The lower shore community 
tends to establish on low-lying 
land where periodic flooding is 
influential (Ward et al., 2013) 
and it is indicated by dominant 
Juncus gerardii with frequent 
Festuca rubra, Glaux maritima, 
Plantago maritima, Triglochin 
maritimum, bare ground and 
litter. 

Upper 
Shore 

Festuca rubra, 
Leontodon 
autumnalis 

M1, M2, 
TN, TS, Kd, 
RE, RW, Rb 

The upper shore community is 
denser than Lower Shore 
vegetation and relatively more 
species-rich. Festuca rubra is 
dominant with frequent 
Leontodon autumnalis and 
Triglochin maritimum. 

Tall Grass Elytrigia repens, 
Festuca 
arundinacea 

M1, M2, TS, 
Kd, RE, RW, 
Rb, Hb 

Tall grass vegetation is located 
at a higher elevation than 
upper shore where flooding is 
less pronounced (Ward et al., 
2013) and it is one of the most 
species-rich Estonian wetland 
plant communities with an 
abundance of Elytrigia repens, 
Festuca spp. and plant litter ( 
Burnside et al., 2007).  

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

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- 
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(2NIR + 1)2

√
�8(NIR � R)]  

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) 

Difference Vegetation 
Index (DVI) 

NIR-αR 
α = 0.96916 

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. (2015);  
Clausen et al. (2013) 

Datt4 R/G*Rededge Datt (1998)  
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(Zhang et al., 2016). 
A raster digital terrain model (DTM) was computed at each study site 

by selecting and interpolating the points classified as ground by the CSF 
algorithm. Point interpolations and rasterization were undertaken in 
CloudCompare. 

2.7. Supervised above-ground biomass prediction 

In order to predict aboveground biomass in coastal meadows at the 
study sites, a RF machine learning classifier for the prediction of 
continuous variables was implemented in R (v3.5.1). 

The R packages used to perform RF were:  

• ModelMap package: used to generate prediction maps based on 
training datasets and validate the models with independent test sets 
and Out Of Bag (OOB) predictions (Freeman et al., 2009).  

• raster package: used to enable reading, manipulating, analysing and 
modelling gridded spatial datasets (Hijmans and van Etten, 2012).  

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

• ROCR package: used to transform the input data into a standardized 
format (Sing et al., 2005). 

For each study site, two separate random forest models were run: a 
model including only vegetation indices as explanatory variables and a 
model combining vegetation indices with microtopography DTMs. All 
pixels falling within each of the 260 sampling quadrats were assigned to 
the corresponding above-ground value recorded at each quadrat and 
utilized as the training dataset. Additionally, 260 duplicates were used 
as a validation dataset. 

2.8. Validation and accuracy assessment 

Explained variance (R2) and root mean square error (RMSE) were 
used to test the accuracy of RF biomass predictions over the nine study 
sites. All accuracy tests were run using the validation dataset and a 95% 
confidence interval of RMSE. In addition, 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 is calculated as the increase in the OOB 
when one variable is permuted (Mutanga et al., 2012). This estimate of 
accuracy represents the degradation of the model predictive perfor-
mance when one variable is permuted. The percent increase in MSE 
enables a ranking of the predictor variables to be conducted according to 
their contribution to the model performance. 

2.9. Sward structure assessment 

Grassland sward structure was evaluated using a combination of data 
clustering and landscape indices. In this study, sward structure is 
defined following the description by Laca and Lemaire (2000), as the 
distribution and arrangement of above ground plant material. In order 
to facilitate the characterization of grass swards, each above-ground 
biomass map was clustered into discrete grass units using a Mean-Shift 
segmentation algorithm (Comaniciu and Meer, 2002). The Mean-Shift 
segmentation algorithm groups together adjacent pixels with similar 
values by iteratively assigning each pixel with a peak of the image 
probability density (Zhou et al., 2011). Mean-Shift clustering routine is 
an unsupervised segmentation technique and does not require a priori 
knowledge of the number of output clusters (Comaniciu and Meer, 
2002). The Mean-Shift clustering routine was implemented in QGIS v 
3.12. 

The clustered above-ground biomass maps were further analysed 
using a set of five landscape indices that characterize different compo-
nents of landscape configuration, patch size and heterogeneity (table 3). 

The landscape indices were calculated using the landscape-metrics 
package in R (Hesselbarth et al., 2019). In order to allow for statistical 
comparisons of grassland structure between study sites, each above- 
ground biomass cluster map was subsampled using fifteen 50 m diam-
eter circular plots randomly located within each monitoring site map. 
Subsequently, landscape indices were calculated for each circular plot. A 
similar sampling procedure has been utilized by Plexida et al. (2014) at 
the landscape scale. 

The clustering and landscape complexity approach used in this study 
facilitates the interpretation of continuous biomass data and enables 
descriptive assessments at the grassland plot level. 

2.10. Effects of management history on sward complexity 

In order to unveil the effects of management type, duration and intensity 
on coastal meadow sward structure, information on the management his-
tory corresponding to each study site was collected (table 4). Although 
coastal meadows are sometimes mown as well as grazed, the selected sites in 
this study have only undergone grazing. During a series of interviews, land 
owners provided detailed information on the following parameters:  

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

- Grazing load (Livestock Units (LU)/ha) during the last two years  
- Livestock species present in the grassland during all management 

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

(cattle, sheep or horses) 

Kudani was excluded from the analysis due to lack of information on 
management. 

In order to assess the effects of management on sward structure, a 
Generalized Linear Model (GLM) with gaussian distribution was applied 
using the GLM base function in R. GLM was chosen due to its ability to fit 
linear models to datasets that represent counts (e.g. grazing loads) or 
percentages (e.g. largest patch index), as well as assess the simultaneous 
effect of continuous and categorical variables (Zuur et al., 2009). The 
model distribution was selected following the criteria of minimizing the 
Akaike’s information criterion (AIC) (Nolte et al., 2014). The five 
landscape indices described in section 2.8 were included as response 
variables, and years of management, present grazing load and livestock 
species (both past and present) included as explanatory variables. 
Two-way interaction functions were also included in the model. Addi-
tionally, Mann Whitney U-tests were implemented in R in order to 
compare the values of landscape indices between meadows with 
different herbivore species. 

3. Results 

3.1. Above-ground biomass prediction maps 

Above-ground biomass was modelled in nine high resolution maps 

Table 3 
Landscape indices used to describe 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  
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corresponding to the nine study sites (Fig. 3). Both RMSE and R2 

revealed high prediction accuracies for the random forest algorithm for 
all nine biomass prediction maps. RMSE ranged from 64.36 gr/m2 in 
Matsalu 2 to 6.2 gr/m2 in Rumpo E (Table 5), whereas R2 ranged from 
0.63 in Kudani to 0.98 in Hosby. The incorporation of digital terrain 
models in the explanatory variables dataset improved the prediction 
accuracy at all sites except Tahu N. Due to a failure during the survey 
flight, the digital terrain model could not be computed for Rälby. 

SfM-derived digital terrain models were tested for accuracy before 

being used as input variables in the random forest model. The elevations 
computed from the 3D point clouds were compared with elevation 
values recorded with dGPS at each sampling quadrat point. The analysis 
yielded RMSE values between 5 cm for Tahu N and 18 cm for Hosby. 

The contribution of each explanatory variable to the overall random 
forest model performance was assessed using percent increase in Mean 
Squared Error (MSE) test. The results of the predictor variables impor-
tance tests (Table 6) are very site-specific, although some trends can be 
observed. Digital terrain models show the highest contribution to the 
random forest model in Hosby, Matsalu 2, RumpoE and RumpoW. This 
result confirms the trend already highlighted by the RMSE and R2 tests. 
Green Red Difference Index (GRDI) and some red-edge based indices 
(Red edge simple ratio (SRre), Red edge normalized difference vegeta-
tion index (NDVIre), DATT4) also contributed noticeably to the esti-
mation of above-ground biomass. 

3.2. Grassland sward structure 

The Mean-Shift image segmentation procedure generated sward 
cluster maps corresponding to the nine study sites (Tahu S is shown in 
Fig. 4). Each individual cluster in the resulting maps represents a unit 
with homogeneous distribution and arrangement of above-ground 
biomass. Consequently, each cluster represents grassland structure 
heterogeneity in terms of distribution and size of vegetation patches and 
tussocks. 

The results of the landscape index analysis at each study site are 

Table 4 
Parameters describing grazing management history at each study site.  

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  

Fig. 3. Above-ground biomass predicted using a random forest algorithm with vegetation indices and SfM-derived microtopography. Four out of nine study sites are 
represented in this figure, 1: Tahu N; 2: Matsalu 2; 3: Rumpo E; 4: Hosby. All values are expressed as gr/m2. Maps corresponding to all study sites are shown in 
Supplementary figures S1. 
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presented in Table 7 and reflect the differences in sward complexity 
between sites. Large values of largest patch index and patch average area 
indicate structurally homogeneous and uniform swards, whereas large 
values of patch density, edge density and landscape shape index point out at 
complex and heterogeneous sward structures. Study sites in Silma Na-
ture Reserve and Vormsi Island show a higher degree of heterogeneity 
than those in Matsalu National Park, with very noticeable differences in 
largest patch index and patch density. 

3.3. Effects of management on grassland structure 

The GLM highlighted the effect of management type and history on 

some landscape indices (Table 8). The number of years of uninterrupted 
grazing management had a significant positive effect (p < 0.0001) on 
patch average area and largest patch index, and a significant negative 
effect (p < 0.0001) on edge density, landscape shape index and patch 
density. These results indicate larger patches and grassland structure 
homogenization as the duration of management increases. Similarly, 
grazing management intensity had a significant positive (p < 0.0001) 
effect on largest patch index. Regarding livestock, the type of species 
present during the last two years had a significant effect on edge density, 
landscape shape index and largest patch index, whereas species present 
throughout the management history had a significant effect on edge 
density, largest patch index and edge density. No significant interactions 
were found between the management descriptors. 

Mann-Whitney U tests further revealed the effects of livestock spe-
cies on coastal meadow structure. The values for edge density, landscape 
shape index and patch density were significantly lower in cattle-grazed 
meadows than in those with a mixture of livestock throughout the 
management history (p < 0.001). Largest patch index and patch average 
area showed significantly higher values in cattle-grazed meadows than 
in those with a mixture of livestock during all management history (p <
0.001) (Fig. 5). No significant differences were found between cattle and 
horse grazed meadows during the last two years. 

4. Discussion and conclusions 

This study proposes a methodology to utilize UAVs as a tool to 
monitor the production of above-ground biomass (AGB) in coastal 
meadows and assess their structural complexity in relation to manage-
ment history. In coastal meadows, management simultaneously drives 
the supply of multiple ecosystem services and affects the quality of 
habitat of wader species (Rhymer et al., 2010). As a result, conservation 
measures and agri-environmental schemes that target these valuable 
ecosystems must ensure the supply of ecosystem services whilst main-
taining adequate habitat status. However, unveiling the complex bal-
ance between management, ecosystem structure, processes, functions 

Table 5 
RMSE and R2 classification accuracies for predicted above-ground biomass at 
each study site. Prediction accuracies were calculated for two separate sets of 
explanatory variables: vegetation indices only and vegetation indices combined 
with SfM microtopography.  

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  

Table 6 
Contribution of each variable to the overall performance of the Random Forest algorithm estimated by using 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 table. Colour gradients represent the 
contribution of each variable to the overall performance.  
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and habitat quality requires timely and accurate spatially-explicit data 
(Bunce et al., 2008; Nagendra et al., 2013). In this regard, the emergence 
of UAVs as a tool for environmental monitoring (Ventura et al., 2017) 
has led to an unprecedented availability of data at ecologically relevant 
spatial and temporal scales (Pajares, 2015). These novel tools and 
datasets bring new opportunities for assessing and monitoring 

ecosystem structure and functions, but entail high data volumes (Chi 
et al., 2016). This study demonstrates that UAVs can be coupled with 
plot-based vegetation surveys in order to reveal spatial patterns of 
coastal meadow structure and functions. However, further de-
velopments are needed in order to fully operationalize UAVs as moni-
toring tools. 

4.1. High spatial resolution maps of standing above-ground biomass 

A key aspect of the present study was the combination of multiple 
sensors in order to achieve reliable results. The Random Forest algo-
rithm yielded better predictions of AGB when the combination of mul-
tispectral information with SfM-derived DTMs were used as explanatory 
variables. The increase in prediction accuracy is especially noticeable at 
the Hosby study site, where the RMSE shifted from 48.8 gr/m2 to 24.2 
gr/m2. In coastal meadows, microtopography is strongly associated with 
soil moisture gradients, spatio-temporal fluctuations of flood levels and 
availability of nutrients (Ward et al., 2016a). These gradients, in turn, 
drive the distribution of plant communities in coastal wetlands (Ward 
et al., 2013) and the ecosystem functions underlying the supply of 
ecosystem services such as C sequestration, weathering processes and 
soil fertility, fodder for cattle and habitat for waders nursery and 
reproduction. The results achieved in this study suggest that combining 
multiple sensors enhances the capability to measure ecosystem charac-
teristics that may be otherwise overlooked when relying solely on 

Fig. 4. Results of Mean-Shift image segmentation at Tahu S study site. “A” corresponds to the predicted above-ground biomass map whereas “B” shows the ho-
mogeneous biomass clusters. The red circles in “B” represent the sample units at which landscape indices were calculated. Values are expressed as gr/m2. The results 
of the segmentation procedure in all study sites are presented in the Annex. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.). Cluster maps corresponding to all study sites are shown in Supplementary figures S2. 

Table 7 
Values of five landscape indices calculated at each study site.  

Study 
site 

Patch 
average 
area 
(m2) 

Patch density 
(nr 
patches*ha�1) 

Edge 
density 
(m*ha�1) 

Landscape 
shape index 
(unitless) 

Largest 
patch 
index 
(%) 

Tahu 
North  

5.16  1937.86  9127.06  73.70  25.72 

Tahu 
South  

3.89  2569.58  12716.32  109.85  9.59 

Kudani  4.91  2037.12  9092.50  125.97  13.06 
Matsalu1  16.71  598.47  3114.61  39.30  80.97 
Matsalu2  10.85  921.90  3716.48  59.94  77.94 
Rumpo 

East  
6.15  1625.79  9322.24  63.79  12.10 

Rumpo 
West  

5.42  1846.68  9630.13  41.89  14.61 

Rälby  3.54  2825.67  10026.96  79.95  13.67 
Hosby  7.47  1338.32  7610.38  76.32  33.85  

Table 8 
GLM analysis results (t and Pr(>|t|) for the effects of management on grassland structure (landscape indices). Significance codes: p < 0.0001 “***”, p < 0.001 “**”, p <
0.01 “*”, p < 0,05 “+”. Only significant results are shown.   

Edge density Landscape shape index Patch density Largest patch index Patch average area  

t value Pr(>|t|) t value Pr(>|t|) t value Pr(>|t|) t value Pr(>|t|) t value 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 ***    
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spectral information. Previous studies have shown that sensor fusion 
improves prediction and classification accuracies. For instance, Moeckel 
et al. (2017) improved the prediction accuracies of pasture biomass 
using a combination of data measured with ground-based ultrasonic 
distance sensors and spectral sensors. De Alban et al. (2018) combined 
Landsat multispectral data with L-band Synthetic Aperture Radar to 
enhance landuse/landocover change detection in tropical landscapes. 
Latifi et al. (2012) achieved improved models of above ground biomass 
and stem density in temperate forests in Germany using LiDAR metrics 
in combination with hyperspectral data. In the field of UAV remote 
sensing, some studies have used aerial photogrammetry (Zhang et al., 
2018) or multispectral data (Grüner et al., 2020) to estimate grassland 
AGB, however only few have explored the possibilities of UAV-based 
sensor fusion to improve predictions. 

Regarding prediction accuracies at different study sites, RMSE and 
R2 values for predicted AGB 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 Kudani. These 
differences can be attributed to the characteristics of each study site in 
terms of plant communities and vegetation height. Very similar trends in 
modelling accuracies were found by Villoslada et al. (2020), where sites 
characterized by the presence of more productive communities or a 
higher herbage yield (such as Matsalu 1 and 2 in this study) show lower 
prediction accuracies than short-sward sites (such as Rumpo E, Tahu N 
and Tahu S in this study). It has been previously shown that the 
complexity of sward structures, vegetation height and plant species 
richness affect the spectral characteristics of training samples (Villoslada 
et al., 2020). This, in turn, has an effect on the overall prediction 
accuracy. 

Together with overall accuracy estimations, predictor importance 
metrics provide a deeper insight into the performance of the random 
forest algorithm. The percent increase in MSE shows highly variable 
results between all study sites. However, within most site prediction 
models, DTMs exhibited a high prediction importance. These results are 
in accordance with the consistent increase in overall classification ac-
curacy observed at most sites, with the exception of Tahu N, where DTM 
did not improve the model. The key role of remotely sensed micro-
topographic data in the classification reinforces the idea that often, 
vegetation spectral information needs to be enhanced with ancillary 
data in order to obtain robust estimates (Sluiter and Pebesma, 2010). 
The Green-Red Difference Index (GRDI) also proved to be a relevant 
predictor. GRDI is known for its sensitivity to leaf density and its ability 
to predict the percentage of green herbage (Gianelle and Vescovo, 
2007). The variability of results between sites reflects the wide range of 
characteristics at each site in terms of soil moisture, proportion of bare 
soil and vegetation height. These findings indicate that there is no 
optimal combination of vegetation indices or spectral bands when 
monitoring habitats at very detailed spatial resolutions. Using a wide 
spectrum of indices provides the flexibility needed to obtain robust re-
sults in variable environmental conditions. 

4.2. Sward characterization 

Based on the high spatial resolution biomass prediction maps, a 
grassland structure characterization was undertaken. A Mean-Shift 
segmentation routine was used to unveil sward structures from the 
continuous biomass data. Clustering techniques are commonly used to 
reveal vegetation structures and characteristics that remain otherwise 
hidden in continuous and multidimensional datasets (Kwak et al., 2010; 
Schirrmann et al., 2016). The Mean-Shift segmentation routine was 
chosen for its ability to process one-dimensional continuous data. The 
clustered data were analysed using five landscape indices, revealing 
distinct patterns of sward structure at each site. This clustering analysis 
and characterization constitutes a step forward in UAV-based vegetation 
assessments, as it expands the potential applications of UAVs towards 
ecosystem integrity and status assessments. Wetland and grassland 
habitats characterized by high spatial heterogeneity at micro scales can 
be surveyed following this approach, therefore expanding the scope of 
assessment beyond coastal meadows. 

4.3. Effect of the duration and type of management regime 

The potential linkages between sward structure data and manage-
ment regime were analysed using a GLM, which highlighted the pivotal 
role of grazing intensity and duration on grassland heterogeneity. Un-
interrupted grazing for longer periods resulted in meadows with 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). This reveals the homogenizing effect 
that continuous, monospecific grazing may have on sward structure. In 
Estonian coastal meadows, cattle breeds have a limited selective grazing 
behaviour (Kuresoo and Mägi, 2004), which could lead to homogeni-
zation in the long term. This also suggests that grazing type, intensity 
and duration are likely to have an impact on rates of carbon seques-
tration through biomass inputs during seasonal dieback, as well as on 
total carbon stored, which is a suggested object of further study. 

The effect of livestock species was also tested using GLM analysis and 
Mann-Whitney U tests. A mix of livestock species for management over 
time led to more structurally diverse coastal meadows than those grazed 
by cattle alone. This can be explained by the fact that different livestock 
species have different grazing behaviours that lead to distinct spatial and 
temporal grazing patterns (Loucougaray et al., 2004). Although bovines 
are regarded as suitable grazers for coastal meadow management 
(Kuresoo and Mägi, 2004), a mixture of livestock species may have 
additive effects on the structural characteristics of the meadow (Lou-
cougaray et al., 2004), leading to more complex swards as opposed to 
monospecific grazing. Fine-tunning management strategies in coastal 
meadows is of key importance, as grassland structural characteristics 
and complexity are strongly associated with the nesting, breeding and 
foraging habitat quality for wader species (Smart et al., 2006). As an 
example, Common Redshank (Tringa totanus) prefers short grass areas 

Fig. 5. Differences between the mean values of five landscape indices in cattle-grazed and mixed livestock-grazed grasslands. All differences were significant (p <
0.001). ↑indicates values out of the graph: 0.0654, 0.0981, 0.1962. 
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with patches of taller grass as breeding habitat (Rannap et al., 2017). 
Heterogeneous sward structures also widen the availability of micro-
habitats for invertebrates (Sanderson et al., 1995), which play an 
essential role in the supply of soil-related ecosystem services (Lavelle 
et al., 2006) such as nutrient cycling and carbon sequestration and 
storage. 

4.4. UAVs as a tool for grassland monitoring 

The approach presented in this study was successful in predicting 
AGB and characterizing sward complexity in relation to management, 
however, there are still certain methodological aspects that require 
improvement. Further research should directly couple UAV sward 
structure surveys with nest surveys in order to fully address the effects of 
sward structure in bird nesting and breeding success. Several UAV sur-
veys should be conducted throughout the growing season to unveil the 
temporal dynamics of grassland sward complexity. Furthermore, UAV 
surveys are still constrained by flight duration and area coverage, thus 
limiting the areas to be monitored. In this regard, recent advances in the 
fusion of UAV and satellite data (Alvarez-Vanhard et al., 2020) set a 
promising path towards remote sensing-based monitoring. 

The results achieved in this study demonstrate the use of UAVs in 
coastal meadow monitoring. The multifunctional role of coastal 
meadows as suppliers of a range of ecosystems services for society (e.g. 
sediment trapping, carbon sequestration, nutrient recycling, reared an-
imals, pollination, habitat for waders) depends upon balanced site- 
specific management strategies. Continuous biomass monitoring with 
UAVs can support tailored management options aimed at finding 
optimal balances between livestock production, carbon sequestration 
and accumulation, and habitat conservation. In this regard, sensor 
fusion and a broad range of remotely sensed predictor variables ensure 
higher prediction accuracies and adaptability to study site conditions. 

This study also sets the path to UAV-based assessments of ecosystem 
services supply and blue carbon sequestration estimations. Future 
research should explore the use of UAV-based data to quantify a broader 
range of habitat quality parameters in coastal meadows as well as 
explore the use of UAV-based data and machine learning algorithm 
techniques to evaluate carbon storage. Specifically in coastal meadows, 
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). 
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Abstract 14 
Coastal wetlands provide a range of important ecosystem services, yet they are under threat from a 15 
range of stressors including climate change. This is predominantly as a result of alterations to the 16 
hydroregime and associated edaphic factors. We used a three-year mesocosm experiment to assess 17 
changes in coastal plant community composition for three plant communities in response to altered 18 
water level and salinity scenarios. Species richness and abundance were calculated by year and 19 
abundance was plotted using rank abundance curves. The permutational multivariate analysis of 20 
variance with Bray-Curtis dissimilarity was used to examine differences among treatments in plant 21 
community composition. A Non-metric Multi-dimensional Scaling analysis (NMDS) was used to 22 
visualize the responses of communities to treatments by year. Results showed that all three plant 23 
communities responded differently to altered water levels and salinity. Species richness and 24 
abundance increased significantly in an Open Pioneer plant community while Lower and Upper 25 
Shore plant communities showed less change.  Species abundances changed in all plant communities 26 
with shifts in species composition significantly influenced by temporal effects and treatment. The 27 
observed responses to experimentally altered conditions highlight the need for conservation of 28 
these important ecosystems in the face of predicted climate change, since these habitats are 29 
important for wading birds and for livestock grazing. 30 
 31 
Introduction 32 
Coastal wetlands are considered valuable ecosystems for their biodiversity and the wide range of 33 
ecosystem services they provide, including sediment retention, storm buffering, water filtration, 34 
nutrient cycling, flood regulation, carbon sequestration, recreational activities and maintenance of 35 
productive coastal fisheries [1,2,3,4,5,6]. All these ecosystem services contribute positively and 36 
directly to human life. However, coastal wetlands worldwide are subject to various impacts resulting 37 
from natural and anthropogenic drivers, such as urbanization and residential developments, 38 
conversion to agricultural land, as well as sea level rise and related impacts of inundation and 39 
erosion [7, 8] due to climate change.  40 
Climate change has been highlighted as one of the main risks to coastal wetlands, especially in low-41 
lying areas [9, 10]. As global temperatures increase and warm the oceans, melting ice sheets and 42 
glaciers are expected to accelerate the rate of sea level rise [11, 12, 13] and can modify sea water 43 
salinity, alongside changes in the amount and distribution of precipitation and changes in wind 44 
speed [13, 14, 15]. The impacts of climate change vary both geographically and seasonally. For 45 
instance, projections for climate change highlight the largest increase in mean temperature in high 46 
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latitudes of the northern hemisphere and particularly strong increases in heavy precipitation in the 47 
tropics as well as in high latitudes [16].  48 
The consequences of climate change over recent decades are evident in the Baltic Sea region, with 49 
modifications in sea water circulation, temperature and salinity [17, 18]. A warmer climate results in 50 
modifications to precipitation patterns affecting runoff to the Baltic Sea. Seasonally, summer river 51 
flows are likely to either decrease or stay the same, while winter flows are predicted to increase 52 
[11]. As a result of this, the average salinity of the Baltic Sea is projected to decrease, with the 53 
greatest reductions predicted to be in the surface waters of the Danish straits and lowest in the Gulf 54 
of Bothnia, while the water levels are predicted to increase [11]. These changes are likely to have an 55 
impact on both plant and animal assemblages [19].  56 
In the Baltic Sea, both water levels and salinity have a strong impact on species distribution and 57 
therefore on the structure and composition of aquatic and coastal floral and faunal communities [19, 58 
20]. It has been reported that decreases in salinity during the 1980s altered zooplankton species 59 
composition favouring freshwater species [21] and both salinity and water levels have been shown 60 
to have a strong influence on coastal plant community composition [20, 22]. The alterations to 61 
higher water level and lower salinity may facilitate the settlement of local freshwater or invasive 62 
non-native species that can adapt to lower salinities, affecting ecosystem functioning in species-rich 63 
Baltic coastal wetlands [11]. 64 
As a result of water level and salinity changes, plant communities in coastal wetlands are expected 65 
to be sensitive to climate change [23, 24]. Coastal wetland communities often comprise a mosaic of 66 
vegetation patches and are classified by similarities in species composition and indicator species 67 
[25]. In temperate zones, coastal wetland plant communities are affected by microtopography [26], 68 
soil water condition [27], soil salinity [28] as well as management activities [25].   69 
In order to assess the response of coastal vegetation to altered environmental conditions, 70 
mesocosms have been previously used to investigate vegetation richness [29], seedling 71 
establishment [30] and capacity of nutrient transformation by wetlands [31]. Mesocosm 72 
experiments enable the manipulation of specific conditions and species [32] and allow community-73 
level responses to be evaluated by adding greater complexity at larger scales [33]. Therefore, 74 
mesocosm experiments constitute a useful tool to assess the potential impacts of climate change on 75 
coastal wetland plant communities. 76 
Due to the high importance of coastal wetlands and the impacts of climate change on this 77 
ecosystem, it is important to determine how future conditions will influence coastal plant 78 
community functioning. Previous studies in the Baltic region assessed changes to coastal wetland 79 
plant communities related to: microtopography [24, using ecological assessment]; management and 80 
grazing [22, ecological assessment]; climate driven changes to precipitation and sea level rise [24, 34, 81 
modelling]. However, there have yet to be any studies directly measuring the influence of climate 82 
change impacts on plant community composition in Baltic coastal wetlands. The aim of this study 83 
was to examine the effects of altered water level and salinity conditions on three different coastal 84 
wetland plant communities using medium-term (three-year) mesocosm experiments. The objectives 85 
were: 86 

(i) To evaluate changes in species richness and abundance over time. 87 
(ii) To evaluate changes in the plant communities’ composition under different treatments; 88 

 89 
Results 90 
Species richness and abundance  91 
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In total, 16 plant species were recorded in the Open Pioneer (average of 1.2 per 0.25 m2), 26 in the 92 
Lower Shore (average of 1.8 per 0.25 m2) and 48 in the Upper Shore community (average of 3.3 per 93 
0.25 m2). Compared to the beginning to the end of the experiment, species richness increased in the 94 
Open Pioneer community in all treatments, while in the Lower and Upper Shore communities, the 95 
species richness decreased particularly with decreased water level (Fig. 1).  96 

 97 
Figure 1: Mean species richness per treatment (n=3) in 2018, 2019 and 2020 for Open Pioneer, Lower Shore 98 
and Upper Shore communities. Vertical bars represent standard deviation (sd), while horizontal bars indicate 99 
significant differences among treatments. Level of significance is coded as **p = 0.01, and ***p = 0.001. 100 
Differences in species richness between treatments were examined using Kruskal Wallis followed by Dunn’s 101 
post hoc test with Bonferroni adjustments in the years 2018, 2019 and 2020. Kruskal Wallis results are shown 102 
as H-value and degrees of freedom (df). Pink: Increased water level (IW); Red: Decreased water level (DW); 103 
Yellow: Decreased salinity (DS); Green: Increased salinity (IS); Blue: Control (C). See Table 2 for treatment 104 
details. More information can be found in the Supplementary Table S1, Supplementary Figure S4, 105 
Supplementary Figure S5, and Supplementary Figure S6. 106 
 107 
The pairwise comparisons using Dunn's test with Bonferroni adjustments indicated that the 108 
increased water level treatment (IW) and decreased salinity (DS) presented significant richness 109 
differences (p< 0.05) compared to decreased water level (DW) and control treatments (C) in the 110 
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Open Pioneer community in 2018. The following year, in addition to the previous differences, 111 
treatment IW was significantly different (p< 0.05) from the higher salinity condition (IS). In 2020, no 112 
other differences were observed. The Lower Shore community showed significant differences (p< 113 
0.05) between treatments with altered water level in 2018 and 2019 and between lower water level 114 
and lower salinity in 2019. In 2020, significant differences (p< 0.05) were present between lower 115 
water level and control treatments. The post hoc test revealed significant differences (p< 0.05) 116 
between IW and DS in the Upper Shore community in 2018 and no additional significant values (Fig. 117 
1). 118 
Species-rank abundance curves were calculated for August by year and revealed a few dominating 119 
species in all three communities. All species-rank abundance curves show a long tail containing the 120 
majority of species contributing to species richness within each community. The Open Pioneer 121 
community was characterized by a large proportion of bare ground (Fig. 2) and a few species 122 
adapted to relatively high salinity. The rank abundance curves showed that bare ground was the 123 
predominant characteristic during the 3 years of the experiment. Spergularia marina was the most 124 
abundant species in 2018 and 2019 (Fig. 2) for all treatments, except in the Control where Eleocharis 125 
palustris was the most abundant in 2018. In 2020, the most abundant species was Puccinellia 126 
maritima in DW (decreased water level) and Glaux maritima in DS (decreased salinity) (Fig. 2).  127 
The most abundant species in Lower Shore (Fig. 3) were Agrostis stolonifera followed by Juncus 128 
gerardii in 2018 in all treatments, except in the DW treatment where Juncus gerardii was the most 129 
abundant followed by Agrostis stolonifera. In 2019, Agrostis stolonifera was the most abundant 130 
species in all treatments, followed by Eleocharis palustris in IW (increased water level), and Juncus 131 
gerardii in the other treatments (DW- decreased water level, DS- decreased salinity, IS- increased 132 
salinity, and C- Control) (Fig. 3). Litter was the most abundant attribute in 2020. Considering the 133 
species, Agrostis stolonifera was the most abundant species, followed by Festuca rubra in DW and 134 
DS, and Juncus gerardii in IS. Generally, the amount of litter increased from the beginning of the 135 
experiment to the end, reducing bare ground cover. 136 
For the Upper Shore community (Fig. 4), litter was most abundant, except in 2018 and 2019. Carex 137 
nigra was also the most common species in 2018 except in DS where Juncus gerardii had a higher 138 
abundance. In 2019, Carex nigra was the most abundant species in IS, A. stolonifera in DS, Juncus 139 
gerardii in DW and C, and Poa angustifolia in IW. In 2020, Festuca rubra had a higher abundance in 140 
DW and C (decreased water level and control), Poa angustifolia in the increased water level 141 
treatment (IW), and Carex nigra in DS and IS.   142 
 143 



139

5 
 

 144 



140

6 
 

Figure 2: Rank abundance curve of the Open Pioneer community. Mean abundance as percentage cover (n=3) 145 
for August is on the y-axis, while species are ranked consecutively on the x-axis. B: Bare Ground; Sp: 146 
Spergularia salina; Sa: Salicornia europea; Tm: Triglochin maritima; El.pa: Eleocharis palustris; Ju: Juncus 147 
gerardii; Pl: Plantago maritima; Gl: Glaux maritima, Ag: Agrostis stolonifera; Su: Suaeda maritima; L: Litter; Pu: 148 
Puccinellia maritima. Pink: Increased water level (IW); Red: Decreased water level (DW); Yellow: Decreased 149 
salinity (DS); Green: Increased salinity (IS); Blue: Control (C). 150 
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Figure 3: Rank abundance curve of the Lower Shore community. Mean abundance as percentage cover (n=3) 152 
for August is on the y-axis, while species are ranked consecutively on the x-axis. B: Bare gound; Ag: Agrostis 153 
stolonifera; Ju: Juncus gerardii; El: Eleocharis palustris; Pl: Plantago maritima; Fe: Festuca rubra; Tm: Triglochin 154 
maritima; L: Litter; Ca: Carex nigra; Gl: Glaux maritima; M: Moss; Cn: Cnidium dubium. Pink: Increased water 155 
level (IW); Red: Decreased water level (DW); Yellow: Decreased salinity (DS); Green: Increased salinity (IS); 156 
Blue: Control (C). 157 
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Figure 4: Rank abundance curve of the Upper Shore community. Mean abundance as percentage cover (n=3) 159 
for August is on the y-axis, while species are ranked consecutively on the x-axis. Ca: Carex nigra; Ju: Juncus 160 
gerardii; Po: Poa annua; B: Bare ground; Mo: Molinea caerulea; Le: Leontodon autumnalis; Ai: Agrostis 161 
gigantea; De: Deschampsia cespitosa; Ag: Agrostis stolonifera; Fe: Festuca rubra. Pink: Increased water level 162 
(IW); Red: Decreased water level (DW); Yellow: Decreased salinity (DS); Green: Increased salinity (IS); Blue: 163 
Control (C). 164 
 165 
Plant Community Composition  166 
Different factors (year and treatment) significantly influenced plant community composition. Based 167 
on factor effects, year explained most of the variation for Open Pioneer. Year explained the most 168 
variation followed by Treatment for the Lower Shore and Upper Shore communities (Table 1). 169 
 170 
Table 1. PERMANOVA results based on Bray-Curtis dissimilarity from species importance values obtained from 171 
the mean percentage cover (n=3). The results show the effects of experimental factors on plant community 172 
composition (August of 2018, 2019 and 2020). 173 

 Source of variation Df MeanSqs F. model R2 p 
(perm) 

Open 
Pioneer Treatment 1 0.051 0.56 0.010  

 Year 1 1.055 11.627 0.214 <0.001 
 Treatment x Year 1 0.107 1.1809 0.021  
 Residuals 51 3.719  0.754  
 Total 41   1  
Lower 
Shore Treatment 1 0.191 3.846 0.070 <0.001 

 Year 1 0.399 8.019 0.147 <0.001 
 Treatment vs Year 1 0.779 1.559 0.028  
 Residuals 41 2.0429  0.753  
 Total 44   1  
Upper 
Shore Treatment 1 0.268 3.229 0.063 <0.001 

 Year 1 0.486 5.856 0.114 <0.001 
 Treatment vs Year 1 0.086 1.038 0.020  
 Residuals 41 3.406  0.802  
 Total 44   1  

 174 
The results of Non-Metric Multidimensional scaling (NMDS) indicates the species trajectory during 175 
the experiment d (measured in August) (Fig. 5, 6 and 7).  176 
The number of species increased over time in the Open Pioneer community. The few indicator 177 
species in the community can be associated with salinity changes, such as moss and Juncus gerardii 178 
indicating decreased salinity conditions. The few species associated with altered conditions in the 179 
Lower Shore community were related to increased water level (moss) and decreased water level 180 
(Festuca rubra). 181 
The Upper Shore community showed species such as Linum catharticum and Poa annua indicating 182 
increased water level and decreased salinity, Triglochin maritima related to the control conditions, 183 
and Festuca rubra to the control at the end of the experiment.   184 
 185 
 186 
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 188 

Figure 5: Non-metric Multi-dimensional Scaling (NMDS) plot of Open Pioneer plant community composition 189 
(averaged % cover from August; n=3) based on Bray-Curtis dissimilarity matrix. Ju: Juncus gerardii; Sa: 190 
Salicornia europaea; Pu: Puccinellia maritima; L: Litter; M: Moss. Pink: Increased water level (IW); Red: 191 
Decreased water level (DW); Yellow: Decreased salinity (DS); Green: Increased salinity (IS); Blue: Control (C). 192 
Circle: Year 1 (2018); Triangle: Year 2 (2019); Cross: Year 3 (2020). 193 

 194 

Figure 6: Non-metric Multi-dimensional Scaling (NMDS) plot of Lower Shore plant community composition 195 
(averaged % cover from August; n=3) based on Bray-Curtis dissimilarity matrix. M: Moss; Fe: Festuca rubra; Bl; 196 
Blysmus rufus; Ca: Carex nigra Pink: Increased water level (IW); Red: Decreased water level (DW); Yellow: 197 
Decreased salinity (DS); Green: Increased salinity (IS); Blue: Control (C). Circle: Year 1 (2018); Triangle: Year 2 198 
(2019); Cross: Year 3 (2020). 199 
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 201 

Figure 7: Non-metric Multi-dimensional Scaling (NMDS) plot of Upper Shore plant community composition 202 
averaged % cover from August; n=3) based on Bray-Curtis dissimilarity matrix. Po: Poa annua; Pn: Poa 203 
angustifolia; Li: Linum catharticum; B: Bare ground; Fe; Festuca rubra; Tr: Triglochin maritima; Ju: Juncus 204 
gerardii; Pink: Increased water level (IW); Red: Decreased water level (DW); Yellow: Decreased salinity (DS); 205 
Green: Increased salinity (IS); Blue: Control (C). Circle: Year 1 (2018); Triangle: Year 2 (2019); Cross: Year 3 206 
(2020). 207 
 208 
Discussion 209 
 210 
Changes in coastal wetland composition and abundance 211 

The results demonstrated that all three Baltic coastal wetland communities exhibited considerable 212 
temporal changes under altered water and salinity regimes, highlighting the response of plant 213 
species to environmental variables. Plant communities and species are generally excellent indicators 214 
of environmental conditions [22]. The status of wetland management, disturbance or abandonment 215 
have been assessed by plant community composition [25, 32] as they are influenced by biotic (e.g. 216 
competition, facilitation and grazing) and abiotic factors (e.g. flooding, salinity and soil nutrients) 217 
[49, 50, 23]. Here, plants have shown themselves to be sensitive indicators to relatively small 218 
changes in water levels and salinity. 219 
In coastal wetlands, hydrology and salinity are key variables that generate stress gradients for plants 220 
and consequently determine their distribution [22]. Shifts in plant communities were observed over 221 
a period of five years in an intertidal saltmarsh in Australia to simulated sea level rise acceleration 222 
beyond accretion rates [51]. On the contrary, the present work revealed a rapid change in plant 223 
community composition within two years of altered water levels and salinity. These findings were 224 
consistent with previous studies following changes in hydrological conditions [52] and salinity [53] in 225 
wet grasslands. 226 
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The Open Pioneer (OP) community showed an increase in species abundance and vegetation cover 227 
through the years, while Lower Shore (LS) and Upper Shore (US) underwent changes to a lesser 228 
degree (Fig. 1), related to both water level and salinity. 229 
In coastal meadows, the Open Pioneer community is characterized as patches with distinctive 230 
edaphic characteristics compared to surrounding plant communities, with a high abundance of bare 231 
ground, high levels of soil conductivity and pH, and low soil moisture [25]. This community presents 232 
elevated levels of evaporation and consequently high salinity concentrations. It has a low abundance 233 
of vegetation cover, with few characteristic species able to germinate and grow in such conditions 234 
(halophytes). Alterations in this community could be observed through the years. 235 
The Open Pioneer community was a variable and dynamic community that changed significantly 236 
over the years and the treatments did not have an effect on the community. These shifts could have 237 
more pronounced alterations and loss of rare species by altered water level and salinity because 238 
rising sea levels could increase inundation in previously rarely inundated areas [25]. Species related 239 
to conditions of decreased water were observed in the related treatment, such as moss and Juncus 240 
gerardii (DW). The seed bank in Open Pioneer could explain the rapid colonization of species related 241 
to altered conditions, since all the species that established during the experiment are species found 242 
in the Estonian coastal meadows and adjacent communities. In this regard, the seed bank often 243 
reflects adjacent community composition [76] and follows site-specific physical conditions [36]. 244 
Jutila [37] found that the total vegetation cover in the Baltic coastal meadows was positively 245 
correlated with seedling density and negatively with open spaces of bare soil. On the other hand, 246 
this study revealed emergence and an increase in the abundance of pioneer species within the Open 247 
Pioneer, including species that grow in open communities such as Puccinellia maritima and 248 
Triglochin maritima. These two species appeared in treatments characterized by lower water table 249 
and lower salinity levels. In the third year of experiment, Glaux maritima was the most abundant 250 
species in the lowered salinity treatment in Open Pioneer. Ellenberg [38] classified this species as 251 
present in the upper saltmarsh and in brackish conditions. In the elevated salinity concentration in 252 
the Open Pioneer community, stress- tolerant species such as halophytes, are able to survive thanks 253 
to adaptations like osmotic adjustments, and antioxidant production [39]. An association of 254 
Puccinellia maritima to decreased salinity and water level was observed in this community. This 255 
pattern may be related to the fact that this species are pioneers and dominate disturbed 256 
environments [40]. 257 
Lower Shore and Upper Shore communities are characterised by perennial species and are subject to 258 
disturbance regimes like herbivory, common in secondary grasslands where grazing is the main 259 
management strategy. Besides that, the indicator species of these communities are able to tolerate 260 
changes in water level and salinity [41]. 261 
Species abundance varied between treatments in the Upper Shore community, however Festuca 262 
rubra was the most abundance in conditions of decreased water level and the Control. This species is 263 
one of the indicator species of the community [25]. Ellenberg indicator values [38] showed that P. 264 
angustifolia is a moist-site indicator and this species was observed under conditions of increased 265 
water level. Carex nigra was the most abundant in conditions of increased salinity (2018 and 2019) 266 
and decreased salinity (2019). Ellenberg [38] reported this species as absent from saline sites, and if 267 
in coastal situations, only accidental and non-persistent if subjected to saline spray or water. In 268 
2020, the second most abundant species in conditions of increased salinity was Festuca rubra, which 269 
has more tolerance for saline soils compared to C. nigra [38]. 270 
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In the third year, Agrostis stolonifera was the most abundant species under all treatments in the 271 
Lower Shore community, followed by Festuca rubra and Juncus gerardii in the increased salinity 272 
treatment. Although Festuca rubra and Juncus gerardii species can occur in saline and non-saline 273 
environments, J. gerardii is noted as having a higher tolerance for saline soils than Festuca rubra 274 
[38]. On the other hand, Juncus gerardii cover decreased under different conditions of water level 275 
(DW and IW) and decreased salinity (DS). This species is an indicator of the Lower Shore community 276 
[25] and it has shown to be an important species for livestock grazing on the coastal meadows due 277 
to its nutrition and digestibility [75]. 278 
Species abundance varied between treatments in the Upper Shore community, however Festuca 279 
rubra was the most abundant in conditions of decreased water level and the Control. This species is 280 
one of the indicator species of the community [25]. Ellenberg indicator values [38] showed that P. 281 
angustifolia is a moist-site indicator and this species was observed under conditions of increased 282 
water level. Carex nigra was the most abundant in conditions of increased salinity (in 2018 and 283 
2019) and decreased salinity (2019). Ellenberg [38] reported this species as absent from saline sites, 284 
and in coastal situations, only accidental and non-persistent if subjected to saline spray or water. In 285 
2020, the second most abundant species in conditions of increased salinity was Festuca rubra, which 286 
has more tolerance for saline soils compared to Carex nigra [38]. 287 
Coastal meadow species are adapted to saline/brackish water conditions and water level 288 
fluctuations [24]. Nevertheless, accelerated sea-level rise can be a risk to coastal wetlands at 289 
different scales [42] resulting in total loss where sea-level rise (including land subsidence/uplift) is 290 
greater than net elevation gain (compaction, root growth and sediment deposition) [43]. Salinity 291 
alterations can also affect photosynthetic rate and leaf growth, causing necrosis and mortality [44] 292 
depending on species adaptation. This could explain the increase in litter and bare ground in the 293 
Lower Shore and Upper Shore communities observed within the water level and soil salinity 294 
treatments in this experiment. 295 
The findings show that flooding and salinity had a significant role in the number of species and their 296 
relative abundance in coastal plant communities [53]. In addition, the alteration of the coastal 297 
meadow plant community composition could affect the habitat quality for migrating and breeding 298 
birds. Wader species use Estonian coastal meadows as breeding and feeding grounds, and it has 299 
been demonstrated that large (≥100 ha) and wide (mean width ≥200 m) grazed meadows, with a 300 
high water-table and no woody vegetation, provide favourable breeding conditions for waders of 301 
international conservation concern [78].  302 
The predictions for sea level rise are different along the Estonian coast due to geographic variations 303 
in isostatic uplift and sediment accretion [3]. Coastal wetlands have been shown to be able to adapt 304 
to sea level rise if sediment accumulation rates are high enough [54, 24]. However, the rate of 305 
accretion varies according to sediment supply [55], which is related to a range of factors including 306 
catchment soil moisture, catchment development and topography, ground surface heat budget, 307 
rainfall patterns, river regulation, dredging, vegetation type and growth rate, and long-term climate 308 
anomalies [51]. Besides that, coastal wetland vegetation may also be threatened or constrained in 309 
the longer term as these plant communities may not be able to migrate further inland with rising sea 310 
levels if geomorphic constraints, forests or human infrastructure act as barriers [77]. 311 
The experimental conditions in this study considered isostatic uplift and sediment accretion along 312 
the Estonian coast, based on Ward’s [a] calculations, and the results demonstrated significant 313 
species and community changes over three years.  314 
 315 
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Changes in Species Richness 316 
 317 
Modifications in soil salinity concentrations due to climate change can alter soil redox potential and 318 
sulphide concentration leading to species composition shifts [29]. The Open Pioneer community is 319 
controlled mostly by salinity concentrations, even within soil composed of greater proportions of 320 
coarse, medium and fine sand (as is found in this plant community compared to other adjacent 321 
communities), which retain less nutrients. The seed bank allowed the seeds to germinate under 322 
simulated salinity changes in the Open Pioneer community. Spergularia marina and Glaux maritima 323 
have contributed to increased species richness under conditions of raised and decreased soil salinity 324 
concentration, respectively. Hulisz [45] demonstrated an inverse distribution through the Baltic 325 
coast, where Spegularia marina together with other halophytes was closer to the waterline in soils 326 
with a higher salinity, and Glaux maritima was associated with other species with lower soil salinity.  327 
Overall, the Lower Shore and Upper Shore community types did not show significant changes under 328 
altered salinity conditions compared to the control treatment. These communities present species 329 
occurring in both saline and non-saline situations [38]. 330 
In order to assess changes in plant community composition linked to sea level rise, several studies 331 
have previously assessed and simulated the responses of plant communities and species under this 332 
condition [29]. For perennial species, Sharpe & Baldwin [29] found no influence of flooding 333 
conditions on species richness. On the other hand, Gough & Grace [47] observed a reduction in the 334 
number of species number with increased flooding stress, while alleviating flooding did not have an 335 
effect on the species richness. The Open Pioneer community underwent an increase in species 336 
richness with raised water levels compared to the control. Species adapted to higher water levels 337 
such as Spergularia marina were in greater abundance in year three in the increased water level 338 
treatment.  339 
Differences were shown in the Lower Shore in terms of species richness in lowered water level 340 
compared to the control. Species variation over time was related to species with low coverage and 341 
wet-site indicators (e.g. Triglochin palustris) [38]. Lower Shore is located in a gradient of water level 342 
between Open Pioneer and Upper Shore and this could explain species tolerating a wide range of 343 
soil moisture conditions.  344 
The Upper Shore community experienced a loss in the number of species and consequently a 345 
decrease in species richness within the increased water level treatment; these were species with low 346 
coverage and with low water level requirement (e.g. Stellaria graminea and Viola canina).  347 
  348 
 349 
Methods 350 
Study Site 351 
The Baltic Sea is one of the largest brackish water bodies in the world [56] due to its relative 352 
isolation as a consequence of the narrow connection with the Atlantic Ocean through the Danish 353 
Straits [57]. It is strongly influenced by large-scale atmospheric circulation, hydrological processes 354 
(e.g. currents and internal mixing) and restricted water exchange in its entrance [11, 58]. Salinity 355 
within the Baltic Sea is maintained by a pattern of stratification with low salinity surface waters 356 
during the spring and early summer, and high salinity bottom waters during the summer [59]. The 357 
outflow of low salinity water in the surface and the inflow of higher salinity water at depth maintains 358 
the upper layer salinity at about 6–8 psu (practical salinity units) around Estonia and a more saline 359 
deep-water layer with about 10–14 psu [58], although this varies geographically. 360 



150

16 
 

Coastal wetlands in Estonia have a very low tidal range (~0.02 m), and inundation is predominantly 361 
driven by atmospheric pressure and fluctuating meteorological conditions across the North Atlantic 362 
and Fennoscandia [57]. As a result, the rate and magnitude of inundation is irregular and varies 363 
throughout the coastal landscape [13]. Recent estimates of relative sea level rise from three tide 364 
gauges along the Estonian coast are: 1.5–1.7 mm yr−1 at Tallinn, 1.7–2.1 mm yr−1 from Narva-Jõesuu 365 
and 2.3–2.7 mm yr−1 at Pärnu [3]. 366 
Along the Baltic Sea coastline, both water levels and salinity have a strong influence on species 367 
distribution and therefore on the structure and composition of aquatic and coastal floral and faunal 368 
communities [19]. Estonian wetlands cover around 25% of the territory and less than 1% comprises 369 
coastal wetlands, including grasslands, reed swamps and salt marshes [34]. The average number of 370 
vascular plants in the most diverse Estonian coastal wetlands, such as meadows, varies between 371 
15.2 and 26.1 m-2 [60]. Estonian coastal wetlands are semi-natural grasslands maintained by 372 
moderate human activities, such as livestock grazing or haymaking. Grazing and mowing reduce 373 
biomass and therefore the dominance of competitive species [22, 72, 73]. As a consequence of 374 
biomass removal, light competition in the sward is reduced, favouring the coexistence of a high 375 
number of species and leading to a higher landscape heterogeneity [74]. They support considerable 376 
biodiversity, including rare plant species, breeding and migratory birds [13, 22], influenced by 377 
topography and hydrology, and favoured by low grazing intensity [22, 25]. 378 
Experimental design 379 
Six coastal wetland plant communities (Open Pioneer, Club-rush swamp, Reed Swamp, Lower Shore 380 
grassland, Upper Shore grassland and Tall Grass) were identified based on a phytosociological 381 
classification developed by Burnside et al. [25]. This classification was developed for the region 382 
where the mesocosm communities were collected and has proven useful to detect changes in plant 383 
community composition due to abandonment and management [61, 62]. Three coastal wetland 384 
communities were selected for the mesocosm experiment: Lower Shore, Upper Shore and Open 385 
Pioneer. These communities were selected for the narrow autecological preference of the key 386 
species such as water table level soil and salinity. The Open Pioneer community occupies small 387 
patches located in depressions and along water courses, where water evaporates in standing pools 388 
forming salt deposits at the surface. The Open Pioneer community is characterised by an abundance 389 
of bare ground and high salinity and presence of typical halophyte species such as Salicornia 390 
europaea and Suaeda maritima, considered rare for the region. The Lower Shore and Upper Shore 391 
communities are located in specific elevations and sometimes co-exist as a mosaic. The Lower Shore 392 
community is found in elevations around 30 cm and the Upper Shore community around 38 cm 393 
above mean sea level (msl) and further away from the sea [24, 25]. The Lower Shore community is 394 
mainly indicated by Juncus gerardii with frequent Festuca rubra, Glaux maritima, Plantago maritima 395 
and Triglochin maritima. The Upper Shore has denser vegetation than the Lower Shore and is 396 
characterized by the dominant presence of Festuca rubra, as well as Juncus gerardii, Leontodon 397 
autumnalis, Triglochin maritima and Plantago maritima [25]. See Supplementary Figure S3 for more 398 
information. 399 
Fifteen turves measuring 50x70cm and 30cm deep were collected from each of the three selected 400 
plant communities (45 in total) within the Tahu North coastal wetland, northwest Estonia 401 
(58o58ʼ57.8'' N, 23o34ʼ03.9'' E). These were transplanted into 90L containers (dimensions 56 x 79 x 402 
32 cm) and transported to Tartu, Estonia. The containers were placed at Eerika experimental station 403 
(Institute of Agricultural and Environmental Sciences - Estonian University of Life Sciences). The 404 
ground was covered with a fabric to prevent the colonization of grasses around the containers, and 405 
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all the identified grasses not present in the original site were pulled out during the experiment. The 406 
containers were filled with a 2:1:1 soil mixture consisting of commercially washed sharp sand, loam 407 
and compost [63], very similar to the deep substrate of the wetland. A rotating mixer was used to 408 
homogenize the base soil.  409 
Each experimental treatment contained three replicate containers for each plant community. A 410 
control treatment was maintained with current Eastern Baltic Sea salinity (6.5 psu) [11] and current 411 
average water table level during the growing season below the soil surface for each community 412 
(Open Pioneer: 0.1 m; Lower Shore: 0.15 m; Upper Shore: 0.2 m) [22, 26]. The treatments simulating 413 
climate change included two different salinities used in the Lower Shore and Upper Shore 414 
communities: 2.9 psu, the decreased predicted salinity by 2100 in the eastern Baltic [11], and 13 psu 415 
to evaluate the effect of an increase in salinity in the event that there is greater mixing of deeper 416 
water (salinity of deep sea water in the Eastern Baltic is about 10–14 psu) and surface water as a 417 
result of increased storminess linked to climate change (Table 2). Considering the higher salinity 418 
characterising the Open Pioneer community (12.5 psu), the simulation was different for this 419 
community (with treatments of 5.6 and 25 psu). Salinity was controlled weekly by adding sea salt or 420 
fresh water [64]. 421 
Three different water level scenarios were simulated on the basis of three parameters, namely: 422 
Global sea level rise rates of 3.3 mm yr-1 [65], isostatic uplift (2.8 mm yr-1 on the north coast of 423 
Estonia and 0 mm yr-1 in the south west) and sediment accretion rates (1.9 mm yr-1 best case 424 
scenario) [24]. Resulting from the combination of the abovementioned factors, the future (2100) 425 
water level change scenarios were: 0.12 m below current plant community water levels (best case 426 
scenario with continued progradation) and 0.12 m above current water level (worst case scenario 427 
with inundation), plus a control (current water levels). Taps were placed in the containers at the 428 
corresponding water level and the treatments were kept constant during the growing period to 429 
simulate the limited water level variation (More information can be found in the Supplementary 430 
Figure S1 and Supplementary Figure S2). 431 
Over three years of the experiment, plant community responses were evaluated once a month using 432 
a 50 cm2 permanent graduated quadrat (10 cm2 sub-quadrats) during the growing period (April to 433 
September). Changes in the abundance of plant species present by area of ground cover were 434 
assessed [66] by the presence and percentage cover within 25 sub-quadrats per sample considering 435 
bare ground, moss and litter.  All the data was averaged within samples. 436 
Each year of the experiment, grazing was simulated by cutting the vegetation to 10 cm height two 437 
weeks after turf greening [22].  438 
 439 
Table 2: Treatments in the mesocosm experiment. Salinity is given as practical salinity unit (psu) and water 440 
level in relation to the soil surface (m). Water level below control level is denoted with minus and water level 441 
above control level is denoted with plus sign. (*) refers to Open Pioneer salinity. C: control; IW: increased 442 
water level; DW: decreased water level; DS: decreased salinity; IS: increased salinity 443 

Treatment C IW DW DS IS 

Sa
lin

ity
 (p

su
) 

 Sa
lin

ity
 (p

su
) 6.5 

12.5* 
6.5 
12.5* 

6.5 
12.5* 

2.9 
5.6* 

13 
25* 
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 444 
Statistical Analysis 445 
Plant communities were characterized using species richness and percentage cover within individual 446 
sub quadrats over three years. For the analysis, all the 25 sub-quadrats per sample (50 cm2) were 447 
averaged. In order to analyse plant community data, Rank Abundance Curves (RAC), Permutational 448 
Multivariate Analysis of Variance (PERMANOVA) and Non-metric Multidimensional Scaling (NMDS) 449 
were performed using R software (R version 4.0.3). The packages BiodiversityR [67], vegan [68] and 450 
ggplot2 [69] were used to examine differences between treatment in plant community composition 451 
and visualize community responses to treatment and year. 452 
Species richness and abundance were calculated for 2018, 2019 and 2020 separately for each 453 
community. A Kruskal Wallis test was performed to identify significant differences in richness 454 
between treatments by year. The mean richness across the entire duration of the experiment were 455 
used for the analysis. When the results were significant, a post-hoc Dunn’s test was used with 456 
Bonferroni adjustments to reveal the treatments which presented richness differences in each year.  457 
The abundance was plotted using Rank Abundance Curves (RAC) on a logarithmic scale considering 458 
the percentage cover in August of 2018, 2019 and 2020. In a rank abundance curve, the x-axis 459 
represents the species abundance in order of decreasing abundance and the y-axis the relative 460 
abundance. Species evenness is reflected in the slope of the line that fits the graph. A steep gradient 461 
indicates low evenness as high-ranking species have much higher abundances than low-ranking 462 
species. A shallow gradient indicates high evenness as the abundances of different species are 463 
similar [67]. This analysis has previously been used as an indicator of the structure of a multispecies 464 
community by detailing species-level community changes [70].  465 
The Permutational Multivariate Analysis of Variance (PERMANOVA) was used to examine differences 466 
among treatments in plant community composition and was implemented using the Adonis function 467 
in the vegan package [68]. In order to assess community composition differences with PERMANOVA, 468 
Bray-Curtis dissimilarity matrices were calculated from species importance values obtained from the 469 
averaged percentage cover of each replicate quadrat. Species importance values represent a 470 
measure of how dominant a species is in a given community [71]. Subsequently, PERMANOVA was 471 
run, including crossed effects of year, treatment as fixed effects, and samples as random effect 472 
(Table 1). PERMANOVA is a non-parametric multivariate test used to compare groups. It has been 473 
previously used to identify differences in plant community composition associated with 474 
environmental variables [66]. Finally, a Non-metric Multi-dimensional Scaling analysis (NMDS) was 475 
used to visualize the responses of the communities to treatments in each year (Fig. 5, 6 and 7). 476 
 477 
Conclusions 478 
Baltic coastal wetlands support high biodiversity and many ecosystem services and so are important 479 
targets for conservation. Based on this mesocosm experiment, it can be concluded that the climate 480 
change predictions for 2100 for the Baltic Sea will cause significant shifts in coastal wetland plant 481 
species richness and abundance. 482 
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The present study revealed different responses of wetland communities to altered salinity and water 483 
conditions. The Open Pioneer community showed to be a very dynamic community over time. On 484 
the other hand, the Lower Shore and the Upper Shore communities showed significant changes 485 
according to time and treatments.  486 
This information is important when considering the protection and potential management of coastal 487 
wetlands regarding the species diversity of fauna and flora, as well as ecosystem services such as 488 
grazing by livestock. 489 

 490 
References 491 
1.Kimmel, K., Kull, A., Salm, J. & Mander, Ü. The status, conservation and sustainable use of Estonian 492 
wetlands. Wetl. Ecol. Manag. 18, 375-395. https://doi.org/10.1007/s11273-008-9129-z (2008). 493 
2.Engle, V. Estimating the Provision of Ecosystem Services by Gulf of Mexico Coastal Wetlands. 494 
Wetlands. 31, 179-193. https://doi.org/10.1007/s13157-010-0132-9 (2011). 495 
3.Ward, R., Teasdale, P., Burnside, N., Joyce, C. & Sepp, K. Recent rates of sedimentation on 496 
irregularly flooded Boreal Baltic coastal wetlands: Responses to recent changes in sea level. 497 
Geomorphology. 217, 61-72. https://doi.org/10.1016/j.geomorph.2014.03.045 (2014). 498 
4.Villoslada Peciña, M. et al. Country-scale mapping of ecosystem services provided by semi-natural 499 
grasslands. Sci. Total Environ. 661, 212-225. https://doi.org/10.1016/j.scitotenv.2019.01.174 (2019).  500 
5.Lima, M., Ward, R. & Joyce, C. Environmental drivers of sediment carbon storage in temperate 501 
seagrass meadows. Hydrobiologia. 847, 1773-1792. https://doi.org/10.1007/s10750-019-04153-5 502 
(2019). 503 
6.Ward, R. Sedimentary response of Arctic coastal wetlands to sea level rise. Geomorphology. 370, 504 
107400. https://doi.org/10.1016/j.geomorph.2020.107400 (2020a). 505 
7.Akumu, C., Pathirana, S., Baban, S. & Bucher, D. Examining the potential impacts of sea level rise 506 
on coastal wetlands in north-eastern NSW, Australia. J. Coast. Conserv. 15, 15-22. 507 
https://doi.org/10.1007/s11852-010-0114-3 (2010). 508 
8.Ward, R. Carbon sequestration and storage in Norwegian Arctic coastal wetlands: Impacts of 509 
climate change. Sci. Total Environ. 748, 141343. https://doi.org/10.1016/j.scitotenv.2020.141343 510 
(2020b).  511 
9.Hossain, M., Hein, L., Rip, F. & Dearing, J. Integrating ecosystem services and climate change 512 
responses in coastal wetlands development plans for Bangladesh. Mitig. Adapt. Strateg. Glob. 513 
Chang. 20, 241-261. https://doi.org/10.1007/s11027-013-9489-4 (2015). 514 
10.Ward, R., Friess, D., Day, R. & Mackenzie, R. Impacts of Climate Change on Global Mangrove 515 
Ecosystems: A Regional Comparison. Ecosyst. Health Sustain. 4, 1-25 (2016c). 516 
11.Graham, L. P. et al. Climate Change in The Baltic Sea Area Draft HELCOM Thematic Assessment 517 
(2007).  518 
12.BACC. Assessment of climate change for the Baltic Sea Basin. (2008). 519 
13.Rivis, R. et al. Trends in the development of Estonian coastal land cover and landscapes caused by 520 
natural changes and human impact. J. Coast. Conserv. 20, 199-209. https://doi.org/10.1007/s11852-521 
016-0430-3 (2016). 522 
14.Cubasch U. et al. Projections of future climate change. In: IPCC Climate Change 2001: The 523 
scientific basis contribution of working group I to the Third Assessment Report of the 524 
Intergovernmental Panel on Climate Change. Cambridge University Press (2001). 525 



154

20 
 

15.Mafi-Gholami, D., Zenner, E., Jaafari, A. & Ward, R. Modeling multi-decadal mangrove leaf area 526 
index in response to drought along the semi-arid southern coasts of Iran. Sci. Total Environ. 656, 527 
1326-1336. https://doi.org/10.1016/j.scitotenv.2018.11.462 (2019). 528 
16.IPCC. Global Warming of 1.5 ºC. Ipcc.ch. Preprint at https://www.ipcc.ch/sr15/ (2008). 529 
17.Omstedt, A., Pettersen, C., Rodhe, J. & Winsor, P. Baltic Sea climate: 200 yr of data on air 530 
temperature, sea level variation, ice cover, and atmospheric circulation. Clim. Res. 25, 205-216 531 
(2004). 532 
18.Räisänen, J. Future climate change in the Baltic Sea Region and environmental impacts. In Oxford 533 
Research Encyclopedia of Climate Science. 534 
https://doi.org/10.1093/acrefore/9780190228620.013.634 (2017). 535 
19.Dippner, J. W. et al. Climate-related Marine Ecosystem Change in Team, B. A. Assessment of 536 
climate change for the Baltic Sea basin. SSBM. (2008). 537 
20.Ward, R., Burnside, N., Joyce, C., Sepp, K. & Teasdale, P. Improved modelling of the impacts of sea 538 
level rise on coastal wetland plant communities. Hydrobiologia 774, 203-216. 539 
https://doi.org/10.1007/s10750-015-2374-2 (2016a). 540 
21.Vuorinen, I. Proportion of copepod biomass declines with decreasing salinity in the Baltic Sea. 541 
ICES Mar. Sci. 55, 767-774. https://doi.org/10.1006/jmsc.1998.0398 (1998). 542 
22.Berg, M., Joyce, C. & Burnside, N. Differential responses of abandoned wet grassland plant 543 
communities to reinstated cutting management. Hydrobiologia 692, 83-97. 544 
https://doi.org/10.1007/s10750-011-0826-x (2011). 545 
23.Short, F., Kosten, S., Morgan, P., Malone, S. & Moore, G. Impacts of climate change on submerged 546 
and emergent wetland plants. Aquat. Bot. 135, 3-17. https://doi.org/10.1016/j.aquabot.2016.06.006 547 
(2016). 548 
24.Ward, R., Burnside, N., Joyce, C. & Sepp, K. Importance of Microtopography in Determining Plant 549 
Community Distribution in Baltic Coastal Wetlands. J. Coast. Res. 321, 1062-1070. 550 
https://doi.org/10.2112/JCOASTRES-D-15-00065.1 (2016b).  551 
25.Burnside, N., Joyce, C., Puurmann, E. & Scott, D. Use of vegetation classification and plant 552 
indicators to assess grazing abandonment in Estonian coastal wetlands. J. Veg. Sci. 18, 645-654. 553 
https://doi.org/10.1111/j.1654-1103.2007.tb02578.x (2007). 554 
26.Ward, R., Burnside, N., Joyce, C. & Sepp, K. The use of medium point density LiDAR elevation data 555 
to determine plant community types in Baltic coastal wetlands. Ecol. Indic. 33, 96-104. 556 
https://doi.org/10.1016/j.ecolind.2012.08.016 (2013).  557 
27.Goud, E., Watt, C. & Moore, T. Plant community composition along a peatland margin follows 558 
alternate successional pathways after hydrologic disturbance. Acta Oecol. 91, 65-72. 559 
https://doi.org/10.1016/j.actao.2018.06.006 (2018). 560 
28.Moreno, J., Terrones, A., Juan, A. & Alonso, M. Halophytic plant community patterns in 561 
Mediterranean saltmarshes: shedding light on the connection between abiotic factors and the 562 
distribution of halophytes. Plant Soil 430, 185-204. https://doi.org/10.1007/s11104-018-3671-0 563 
(2018). 564 
29.Sharpe, P. & Baldwin, A. Tidal marsh plant community response to sea-level rise: A mesocosm 565 
study. Aquat. Bot. 101, 34-40. https://doi.org/10.1016/j.aquabot.2012.03.015 (2012). 566 
30.Lindig-Cisneros, R. & Zedler, J. Phalaris arundinacea seedling establishment: effects of canopy 567 
complexity in fen, mesocosm, and restoration experiments. J. Bot. 80, 617-624. 568 
https://doi.org/10.1139/b02-042 (2002). 569 



155

21 
 

31.Ahn, C. & Mitsch, W. Scaling considerations of mesocosm wetlands in simulating large created 570 
freshwater marshes. Ecol. Eng. 18, 327-342. https://doi.org/10.1016/S0925-8574(01)00092-1 (2002). 571 
32.Brotherton, S. & Joyce, C. Extreme climate events and wet grasslands: plant traits for ecological 572 
resilience. Hydrobiologia 750, 229-243. https://doi.org/10.1007/s10750-014-2129-5 (2015). 573 
33.Stewart, R. I. et al. Mesocosm experiments as a tool for ecological climate-change research. In 574 
Advances in ecological research. AP. 48, 71-181 (2013). 575 
34.Kont, A., Ratas, U., & Puurmann, E. Sea-level rise impact on coastal areas of Estonia. Clim. Change 576 
36, 175-184. https://doi.org/10.1023/A:1005352715752 (1997). 577 
35.Crawley, M. Plant Ecology. (1989).  578 
36.Elsey-Quirk, T. & Leck, M. Patterns of seed bank and vegetation diversity along a tidal freshwater 579 
river. Am. J. Bot. 102, 1996-2012. https://doi.org/10.3732/ajb.1500314 (2015). 580 
37.Jutila, H. Germination in Baltic coastal wetland meadows: similarities and differences between 581 
vegetation and seed bank. Plant Ecol. 166, 275-293 (2003).  582 
38.Ellenberg, H. Zeigerwerte der Gefässpflanzen Mitteleuropas. 42-111. Scr. Geobot. (1979). 583 
39.Joshi, R. et al. Salt adaptation mechanisms of halophytes: improvement of salt tolerance in crop 584 
plants. In Elucidation of abiotic stress signalling in plants. In Elucidation of Abiotic Stress Signaling in 585 
Plants. Springer (2015). 586 
40.Tessier, M., Gloaguen, J. & Lefeuvre, J. Factors affecting the population dynamics of Suaeda 587 
maritima at initial stages of development. Plant Ecol. 147, 193-203 (2000). 588 
41.Hanslin, H. & Eggen, T. Salinity tolerance during germination of seashore halophytes and salt-589 
tolerant grass cultivars. Seed Sci. Res. 15, 43-50. https://doi.org/10.1079/SSR2004196 (2005). 590 
42.Spencer, T. et al. Global coastal wetland change under sea-level rise and related stresses: The 591 
DIVA Wetland Change Model. Glob. Planet. Change 139, 15-30. 592 
https://doi.org/10.1016/j.gloplacha.2015.12.018 (2016). 593 
43.Marani, M., D'Alpaos, A., Lanzoni, S., Carniello, L. & Rinaldo, A. Biologically-controlled multiple 594 
equilibria of tidal landforms and the fate of the Venice lagoon. Geophys. Res. Lett. 34. 595 
https://doi.org/10.1029/2007GL030178 (2007). 596 
44.Petersen, K., Frank, H., Paytan, A. & Bar-Zeev, E. Impacts of Seawater Desalination on Coastal 597 
Environments. Sustainable Desalination Handbook 437-463. https://doi.org/10.1016/B978-0-12-598 
809240-8.00011-3 (2018).  599 
45.Hulisz, P., Piernik, A., Mantilla-Contreras, J. & Elvisto, T. Main Driving Factors for Seacoast 600 
Vegetation in the Southern and Eastern Baltic. Wetlands. 36, 909-919. 601 
https://doi.org/10.1007/s13157-016-0803-2 (2016). 602 
46.FitzGerald, D., Fenster, M., Argow, B. & Buynevich, I. Coastal Impacts Due to Sea-Level Rise. Ann.u 603 
Rev. Earth Planet. Sci. 36, 601-647 (2008). 604 
47.Gough, L. & Grace, J. Effects of flooding, salinity and herbivory on coastal plant communities, 605 
Louisiana, United States. Oecologia. 117, 527-535. https://doi.org/10.1007/s004420050689 (1998). 606 
48.Liu, Z., Fagherazzi, S. & Cui, B. Success of coastal wetlands restoration is driven by sediment 607 
availability. Commun. Earth Environ. 2. https://doi.org/10.1038/s43247-021-00117-7 (2021). 608 
49.Short, F. & Neckles, H. The effects of global climate change on seagrasses. Aquat. Bot. 63, 169-609 
196. https://doi.org/10.1016/S0304-3770(98)00117-X (1999). 610 
50.Engels, J., Rink, F. & Jensen, K. Stress tolerance and biotic interactions determine plant zonation 611 
patterns in estuarine marshes during seedling emergence and early establishment. J. Ecol. 99, 277-612 
287. https://doi.org/10.1111/j.1365-2745.2010.01745.x (2010). 613 



156

22 
 

51.Rayner, D. et al. Intertidal wetland vegetation dynamics under rising sea levels. Sci. Total Environ. 614 
766, 144237. https://doi.org/10.1016/j.scitotenv.2020.144237 (2021). 615 
52.Toogood, S. & Joyce, C. Effects of raised water levels on wet grassland plant communities. Appl. 616 
Veg. Sci. 12, 283-294. https://doi.org/10.1111/j.1654-109X.2009.01028.x (2009). 617 
53.Humphreys, A., Gorsky, A., Bilkovic, D. & Chambers, R. Changes in plant communities of low‐618 
salinity tidal marshes in response to sea‐level rise. Ecosphere 12. https://doi.org/10.1002/ecs2.3630 619 
(2021). 620 
54.Krauss, K. et al. How mangrove forests adjust to rising sea level. NEPHAV. 202, 19-34. 621 
https://doi.org/10.1111/nph.12605 (2014). 622 
55.Kirwan, M. et al. Limits on the adaptability of coastal marshes to rising sea level. Geophys. Res. 623 
Lett. 37. https://doi.org/10.1029/2010GL045489 (2010). 624 
56.Hannerz, F. & Destouni, G. Spatial Characterization of the Baltic Sea Drainage Basin and Its 625 
Unmonitored Catchments. Ambio. 35, 214-219. https://doi.org/10.1579/05-A-022R.1 (2006). 626 
57.Kont, A., Jaagus, J. & Aunap, R. Climate change scenarios and the effect of sea-level rise for 627 
Estonia. Glob. Planet. Change 36, 1-15. https://doi.org/10.1016/S0921-8181(02)00149-2 (2003). 628 
58.von Storch, H. & Omstedt, A. Introduction and Summary in Team, B. A. Assessment of climate 629 
change for the Baltic Sea basin. SSBM. (2008). 630 
59. Stigebrandt, A. Physical oceanography of the Baltic Sea. In A systems analysis of the Baltic Sea. 631 
Springer, 19-74 (2001). 632 
60.Ingerpuu, N. & Sarv, M. Effect of Grazing on Plant Diversity of Coastal Meadows in Estonia. Ann. 633 
Bot. Fenn. 52, 84-92. https://doi.org/10.5735/085.052.0210 (2015). 634 
61.Villoslada Peciña, M., Bergamo, T., Ward, R., Joyce, C. & Sepp, K. A novel UAV-based approach for 635 
biomass prediction and grassland structure assessment in coastal meadows. Ecol. Indic. 122, 107227. 636 
https://doi.org/10.1016/j.ecolind.2020.107227 (2021).  637 
62.Villoslada, M. et al. Fine scale plant community assessment in coastal meadows using UAV based 638 
multispectral data. Ecol. Indic. 111, 105979. https://doi.org/10.1016/j.ecolind.2019.105979 (2020). 639 
63.Araya, Y., Gowing, D. & Dise, N. A controlled water-table depth system to study the influence of 640 
fine-scale differences in water regime for plant growth. Aquat. Bot. 92, 70-74. 641 
https://doi.org/10.1016/j.aquabot.2009.10.004 (2010). 642 
64.Koch, E. et al. Non-linearity in ecosystem services: temporal and spatial variability in coastal 643 
protection. Front. Ecol. Environ. 7, 29-37. https://doi.org/10.1890/080126 (2009). 644 
65.Church, J. & White, N. Sea-Level Rise from the Late 19th to the Early 21st Century. Surv. Geophys. 645 
32, 585-602. https://doi.org/10.1007/s10712-011-9119-1 (2011). 646 
66.Goodwillie, C., McCoy, M. & Peralta, A. Long‐term nutrient enrichment, mowing, and ditch 647 
drainage interact in the dynamics of a wetland plant community. Ecosphere. 11. 648 
https://doi.org/10.1002/ecs2.3252 (2020). 649 
67.Kindt, R. & Coe, R. Tree diversity analysis. A manual and software for common statistical methods 650 
for ecological and biodiversity studies. World Agroforestry | Transforming Lives and Landscapes with 651 
Trees. Preprint at: http://www.worldagroforestry.org/output/tree-diversity-analysis (2005). 652 
68.Oksanen, J. et al. CRAN - Package vegan. Cran.r-project.org. https://CRAN.R-653 
project.org/package=vegan. (2022). 654 
69.Wickham, H. Create Elegant Data Visualisations Using the Grammar of Graphics. 655 
Ggplot2.tidyverse.org. https://ggplot2.tidyverse.org (2016). 656 
70.Avolio, M. et al. A comprehensive approach to analyzing community dynamics using rank 657 
abundance curves. Ecosphere 10. https://doi.org/10.1002/ecs2.2881 (2019). 658 



157

23 
 

71.Curtis, J. & McIntosh, R. The Interrelations of Certain Analytic and Synthetic Phytosociological 659 
Characters. Ecol. 31, 434-455. https://doi.org/10.2307/1931497 (1950). 660 
72. Moinardeau, C., Mesléard, F., Ramone, H. & Dutoit, T. Short-term effects on diversity and 661 
biomass on grasslands from artificial dykes under grazing and mowing treatments. Environ. 662 
Conserv. 46, 132-139. https://doi.org/10.1017/S0376892918000346 (2019). 663 
73. Tardella, F. M., Bricca, A., Goia, I. G., & Catorci, A. How mowing restores montane Mediterranean 664 
grasslands following cessation of traditional livestock grazing. Agric. Ecosyst. Environ. 295. 665 
https://doi.org/10.1016/j.agee.2020.106880 (2020). 666 
74. Lindborg, R. & Eriksson, O. Historical landscape connectivity affects present plant species 667 
diversity. Ecol. 85, 1840-1845. https://doi.org/10.1890/04-0367 (2004). 668 
75. Köster, T. et al. The management of the coastal grasslands of Estonia. WIT Trans. Ecol. Environ. 669 
68. https://doi.org/10.2495/CENV040051 (2004). 670 
76. Jarvis, J. C, , McKenna, S. A., & Rasheed, M. A. Seagrass seed bank spatial structure and function 671 
following a large-scale decline. Mar. Ecol. Prog. Ser. 665, 75-87. https://doi.org/10.3354/meps13668 672 
(2021). 673 
77. Burnside, N., Joyce, C., Berg, M., & Puurman, E. The relationship between microtopography and 674 
vegetation in Estonian coastal wetlands: implications for climate change. Publ. Inst. Geogr. Univ. 675 
Tartu. 106, 19-23 (2008). 676 
78. Rannap, R., Kaart, T., Pehlak, H., Kana, S., Soomets, E., & Lanno, K. Coastal meadow management 677 
for threatened waders has a strong supporting impact on meadow plants and amphibians. J. Nat. 678 
Conserv. 35, 77-91. https://doi.org/10.1016/j.jnc.2016.12.004 (2017). 679 
 680 
Acknowledgements 681 
This research was supported by European Social Fund’s Dora Plus Programme. The authors are 682 
grateful to Raul Sampaio de Lima and Kai-Yun Li for the help given during the data collection, and 683 
Henri Järv and Janar Raet for the mesocosm construction. 684 
 685 
Author contributions 686 
B., T.F. collected and analysed the data, and wrote the manuscript; W., R.D. supervised the research 687 
and revised the manuscript; J., C.B. supervised the research and revised the manuscrupt, V., M. 688 
revised the manuscript; S., K. supervised the research and revised the manuscrupt. 689 
 690 
Competing interests 691 
The author(s) declare no competing interests 692 
 693 
Data availability statement 694 
Raw data is available in: https://knb.ecoinformatics.org/view/urn%3Auuid%3Ab3b9eb0a-b14f-49d3-695 
aa8c-9262003b645b 696 



158

CURRICULUM VITAE IN ESTONIAN

Thaisa Fernandes Bergamo
Sünniaeg 10.04.1991
Telefon +372 3942281
E-post Thaisa.fernandesbergamo@emu.ee

Töökohad ja ametid

21.06.2019–31.12.2022 Eesti Maaülikool, Põllumajandus- ja 
keskkonnainstituut, Keskkonnakaitse ja maastikukorralduse õppetool, 
nooremteadur (0,50)

Teaduskraadid

Thaisa Fernandes Bergamo, magistrikraad, 2015, (juh) Margareth 
Copertino, Impotância de macroalgas marinhas na dieta de juvenis 
de Chelonia mydas LINNAEUS, 1758 no sul do Rio Grande do Sul, 
Federal University of  Rio Grande

Thaísa Fernandes Bergamo, doktorant, (juh) Kalev Sepp; Christopher 
Joyce; Raymond Ward, Impacts of  sea level and salinity changes on 
Baltic coastal wetland plant communities, Eesti Maaülikool.

Lisainfo

Liisi Anete Mark. 2021.  Rannaniitude biogaasi potentsiaali hindamione. 
Bakalaureusetöö kaasjuhendamine koos Kaja Orupõld, Lisandra Marina 
da Rocha Meneses, Eesti Maaülikool.

2022. Välitööde metoodikad. Osalemine õppejõuna ERASMUSe 
koolitusel Ida-Soome Ülikoolis. Kaks nädalat.

2022. Mehitamata õhusõidukite  (UAV) kasutamine keskkonnauuringutes. 
Osalemine õppejõuna ERASMUSe koolitusel Islandi Ülikoolis.



159

Konverentsi ettekanded

Bergamo, T.F., Ward, R.D, Joyce, C.B., Sepp K. (2022). Plant community 
shifts in Baltic coastal wetlands as a consequence of  climate change. In 
ESP.

Bergamo, T.F., Ward, R.D, Joyce, C.B., Sepp, K. (2022). Baltic Plant 
Community Shifts as a Consequence of  Climate Change. In YCSEC.

Bergamo, T., Ward, R., Joyce, C.B. & Sepp, K. (2022). Unveiling Plant 
Community Shifts as a Consequence of  Climate Change (No. EGU22-
6515). Copernicus Meetings.

Rodrigues-Morgado, M., Villoslada Peciña, M., Ward, R.D., Bergamo, 
T.F. & Sepp, K. (2022, May). Carbon and Nitrogen storage in Baltic 
coastal wetlands. In EGU General Assembly Conference Abstracts (pp. 
EGU22-2913).

Peciña, M.V., Bergamo, T.F., Ward, R., Joyce, C.B. & Sepp, K. (2022, 
April). A UAV-based approach for biomass prediction and sward structure 
characterization in coastal meadows. In EGU General Assembly 2022.

Bergamo, T.F., Ward, R., Joyce, C.B. & Sepp, K. (2021, April). Impact of  
Climate Change on Coastal Meadows: a Mesocosm Approach. In EGU 
General Assembly Conference Abstracts (pp. EGU21-15258).

Villoslada, M., Bergamo, T.F. & Ward, R. (2021, April). Novel UAV-
based tools for assessing coastal grassland structure and function. In 
EGU General Assembly Conference Abstracts (pp. EGU21-15068).

Bergamo, T.F., Ward, R.D, Joyce, C.B., Sepp K. (2021). Impacts of  
climate Change on Wetland Plant Communities: A Mesocosm Study. In 
SWS.

Bergamo, T.F., Ward, R.D., Joyce, C.B., Sepp K. (2018). Impacts of  
sea level and salinity changes on species richness in Estonian coastal 
wetlands. In SLaCC.



160

Osalemine suvekoolides

2021, Future Use and Protection of  Coasts. University of  Rostock. 
Online.

2021, Summer School Remote Sensing. University of  Tartu.

2018, LAS tools. University of  Tartu.

Jooksvad projektid

EAG204 “Uudsed droonide kaugseire rakendused põllumajanduses ja 
looduskaitses” (1.01.2022−31.12.2022); Vastutav täitja: Miguel Villoslada 
Peciña; Eesti Maaülikool; Finantseerija: Sihtasutus Eesti Teadusagentuur; 
Eraldatud summa: 99 625 EUR.

Publikatsioonid

2022

Celis-Hernandez, Omar; Villoslada- Peciña, Miguel; Ward, Raymond 
D.; Bergamo, T.F.; Perez-Ceballos, Rosela; Patricia Giron-Garcia, Maria 
(2022). Impacts of  environmental pollution on mangrove phenology: 
Combining remotely sensed data and generalized additive models. 
The Science of  The Total Environment, 810, ARTN 152309. DOI: 
10.1016/j.scitotenv.2021.152309. 

de Lima, Raul Sampaio; Li, Kai-Yun; Vain, Ants; Lang, Mait; Bergamo, 
Thaisa Fernandes; Kokamägi, Kaupo; Burnside, Niall G.; Ward, 
Raymond D.; Sepp, Kalev (2022). The Potential of  Optical UAS Data 
for Predicting Surface Soil Moisture in a Peatland across Time and Sites. 
Remote Sensing, 14 (10), 2334. DOI: 10.3390/rs14102334. 

Villoslada, Miguel; Sipelgas, Liis; Bergamo, Thaísa Fernandes; Ward, 
Raymond D.; Reintam, Endla; Astover, Alar; Kumpula, Timo; Sepp, 
Kalev (2022). Multi-source remote sensing data reveals complex topsoil 
organic carbon dynamics in coastal wetlands. Ecological Indicators, 143, 
109329. DOI: 10.1016/j.ecolind.2022.109329. 



161

2021

Villoslada Peciña, Miguel; Bergamo, Thaisa F.; Ward, Raymond D.; 
Joyce, Chris B.; Sepp, Kalev (2021). A novel UAV-based approach 
for biomass prediction and grassland structure assessment in coastal 
meadows. Ecological Indicators, 122, ARTN 107227. DOI: 10.1016/j.
ecolind.2020.107227. 

Martinez Prentice, Ricardo; Villoslada Peciña, Miguel; Ward, Raymond 
D.; Bergamo, Thaisa F.; Joyce, Chris B.; Sepp, Kalev (2021). Machine 
Learning Classification and Accuracy Assessment from High-Resolution 
Images of  Coastal Wetlands. Remote Sensing, 13 (18), ARTN 3669. 
DOI: 10.3390/rs13183669. 

2020

Villoslada, M.; Bergamo, T.F.; Ward, R.D.; Burnside, N.G.; Joyce, C.B.; 
Bunce, R.G.H.; Sepp, K. (2020). Fine scale plant community assessment 
in coastal meadows using UAV based multispectral data. Ecological 
Indicators, 111, ARTN 105979. DOI: 10.1016/j.ecolind.2019.105979. 

2019

Rocha-Meneses, Lisandra; Bergamo, Thaísa Fernandes; Kikas, Timo 
(2019). Potential of  cereal-based agricultural residues available for 
bioenergy production. Data in Brief, 23, 103829. DOI: 10.1016/j.
dib.2019.103829. 

2016

Bergamo, T.F.; Botta, S.; Copertino, M. (2016). Lipid extraction in stable 
isotope analyses of  juvenile sea turtle skin and muscle. Aquatic Biology, 
25, 1−6. DOI: 10.3354/ab00652. 



162

CURRICULUM VITAE IN ENGLISH

Thaisa Fernandes Bergamo
Date of  birth 10.04.1991
Phone +372 53942281
E-mail thaisa.fernandesbergamo@emu.ee

Institutions and positions

21.06.2019–31.12.2022   Estonian University of  Life Sciences, Institute 
of  Agricultural and Environmental Sciences, Chair of  Environmental 
Protection and Landscape Management, Junior Researcher (0.50)

Academic degrees

Thaisa Fernandes Bergamo, Master’s Degree, 2015, (sup) Margareth 
Copertino, Impotância de macroalgas marinhas na dieta de juvenis 
de Chelonia mydas LINNAEUS, 1758 no sul do Rio Grande do Sul, 
Federal University of  Rio Grande

Thaísa Fernandes Bergamo, Phd student, (sup) Kalev Sepp; Christopher 
Joyce; Raymond Ward, Impacts of  sea level and salinity changes on 
Baltic coastal wetland plant communities, Estonian University of  Life 
Sciences.

Additional information

Supervised bachelor dissertation Liisi Anete Mark, Bachelor’s Thesis in 
Environmental protection, 2021, (sup) Kaja Orupõld; Lisandra Marina 
da Rocha Meneses; Thaisa Fernandes Bergamo, Estimation Of  Biogas 
Potential Of  Coastal Meadows, Estonian University of  Life Sciences, 
Institute of  Agricultural and Environmental Sciences

2022, ERASMUS Staff  Mobility for Training. Two-way training between 
University of  Eastern Finland and Estonian University of  Life Sciences. 
Thaisa gained new knowledge on fieldwork techniques, more specifically 
ground penetration radar, palsa monitoring, peat depth monitoring, 
ecosystem services mapping, herbivory impacts, solifluxion, glacial 
retreat. In turn, Thaisa trained the University of  Easten Finland team 



163

members on vegetation sampling techniques to help to monitor the 
alterations on the vegetation as a consequence of  different grazing 
regimes.

2022, ERASMUS Staff  Mobility for Training. Two-way training between 
University of  Iceland and Estonian University of  Life Sciences. Thaisa 
trained the University of  Iceland team members on vegetation sampling 
techniques and Unmanned Aerial Vehicles surveys.

Projects in progress

EAG204 “Innovative drone-based remote sensing tools for agricultural 
management and nature conservation” (1.01.2022−31.12.2022); 
Principal Investigator: Miguel Villoslada Peciña; Estonian University of  
Life Sciences; Financier: Estonian Research Council; Financing: 99 625 
EUR.

Creative work

PRESENTATIONS AT CONFERENCES

Bergamo, T.F., Ward, R.D, Joyce, C.B., Sepp K. (2022). Plant community 
shifts in Baltic coastal wetlands as a consequence of  climate change. In 
ESP.

Bergamo, T.F., Ward R.D, Joyce C.B., Sepp K. (2022). Baltic Plant 
Community Shifts as a Consequence of  Climate Change. In YCSEC.

Bergamo, T.F., Ward, R., Joyce, C.B. & Sepp, K. (2022). Unveiling Plant 
Community Shifts as a Consequence of  Climate Change (No. EGU22-
6515). Copernicus Meetings.

Rodrigues-Morgado, M., Villoslada Peciña, M., Ward, R.D., Bergamo, 
T.F. & Sepp, K. (2022, May). Carbon and Nitrogen storage in Baltic 
coastal wetlands. In EGU General Assembly Conference Abstracts (pp. 
EGU22-2913).

Peciña, M.V., Bergamo, T.F., Ward, R., Joyce, C. & Sepp, K. (2022, April). 
A UAV-based approach for biomass prediction and sward structure 
characterization in coastal meadows. In EGU General Assembly 2022.



164

Bergamo, T.F., Ward, R., Joyce, C.B. & Sepp, K. (2021, April). Impact of  
Climate Change on Coastal Meadows: a Mesocosm Approach. In EGU 
General Assembly Conference Abstracts (pp. EGU21-15258).

Villoslada, M., Bergamo, T.F. & Ward, R. (2021, April). Novel UAV-
based tools for assessing coastal grassland structure and function. In 
EGU General Assembly Conference Abstracts (pp. EGU21-15068).

Bergamo, T.F., Ward, R.D, Joyce, C.B., Sepp, K. (2021). Impacts of  
climate Change on Wetland Plant Communities: A Mesocosm Study. In 
SWS.

Bergamo, T.F., Ward, R. D, Joyce, C.B., Sepp, K. (2018). Impacts of  
sea level and salinity changes on species richness in Estonian coastal 
wetlands. In SLaCC.

Participation in summer schools

2021, Future Use and Protection of  Coasts. University of  Rostock. 
Online.

2021, Summer School Remote Sensing. University of  Tartu.

2018, LAS tools. University of  Tartu.

Publications

2022

Celis-Hernandez, Omar; Villoslada Peciña, Miguel; Ward, Raymond 
D.; Bergamo, T.F.; Perez-Ceballos, Rosela; Patricia Giron-Garcia, Maria 
(2022). Impacts of  environmental pollution on mangrove phenology: 
Combining remotely sensed data and generalized additive models. 
The Science of  The Total Environment, 810, ARTN 152309. DOI: 
10.1016/j.scitotenv.2021.152309. 

de Lima, Raul Sampaio; Li, Kai-Yun; Vain, Ants; Lang, Mait; Bergamo, 
Thaisa Fernandes; Kokamägi, Kaupo; Burnside, Niall G.; Ward, 



165

Raymond D.; Sepp, Kalev (2022). The Potential of  Optical UAS Data 
for Predicting Surface Soil Moisture in a Peatland across Time and Sites. 
Remote Sensing, 14 (10), 2334. DOI: . 

Villoslada, Miguel; Sipelgas, Liis; Bergamo, Thaísa Fernandes; Ward, 
Raymond D.; Reintam, Endla; Astover, Alar; Kumpula, Timo; Sepp, 
Kalev (2022). Multi-source remote sensing data reveals complex topsoil 
organic carbon dynamics in coastal wetlands. Ecological Indicators, 143, 
109329. DOI: 10.1016/j.ecolind.2022.109329. 

2021

Villoslada Peciña, Miguel; Bergamo, Thaisa F.; Ward, Raymond D.; 
Joyce, Chris B.; Sepp, Kalev (2021). A novel UAV-based approach 
for biomass prediction and grassland structure assessment in coastal 
meadows. Ecological Indicators, 122, ARTN 107227. DOI: 10.1016/j.
ecolind.2020.107227. 

Martinez Prentice, Ricardo; Villoslada Peciña, Miguel; Ward, Raymond 
D.; Bergamo, Thaisa F.; Joyce, Chris B.; Sepp, Kalev (2021). Machine 
Learning Classification and Accuracy Assessment from High-Resolution 
Images of  Coastal Wetlands. Remote Sensing, 13 (18), ARTN 3669. 
DOI: 10.3390/rs13183669. 

2020

Villoslada, M.; Bergamo, T.F.; Ward, R.D.; Burnside, N.G.; Joyce, C.B.; 
Bunce, R.G.H.; Sepp, K. (2020). Fine scale plant community assessment 
in coastal meadows using UAV based multispectral data. Ecological 
Indicators, 111, ARTN 105979. DOI: 10.1016/j.ecolind.2019.105979. 

2019

Rocha-Meneses, Lisandra; Bergamo, Thaísa Fernandes; Kikas, Timo 
(2019). Potential of  cereal-based agricultural residues available for 
bioenergy production. Data in Brief, 23, 103829. DOI: 10.1016/j.
dib.2019.103829. 



166

2016

Bergamo, T.F.; Botta, S.; Copertino, M. (2016). Lipid extraction in stable 
isotope analyses of  juvenile sea turtle skin and muscle. Aquatic Biology, 
25, 1−6. DOI: 10.3354/ab00652. 



167

ACKNOWLEDGEMENTS

But why Estonia? That is the most common question I was asked during 
these years living in Tartu. I moved to Estonia for my PhD studies but 
I came crossed so many wonderful people that is not an easy task to 
acknowledge everyone.

First of  all, I would like to dedicate my gratitude to my supervisors. 
Kalev Sepp, Raymond Ward and Chris Joyce, thank you for the trust, 
support and guidance during my doctoral studies. I was lucky to have 
you as mentors.

I am thankful to Elle Puurmann, who guided me during my first plant 
identification; Henri and Janar for helping me build the mesocosm 
experiment, the core of  my work; Kaja for letting us invade your 
laboratory; Raul and Kai for the help in the experiment and fieldwork, 
under rain or sun. Volha and Mariana, thanks for all the support- even 
knowing you only one year, I can say that I am happy to have had your 
company all this time.

Amiguinhos! Muito obrigada pela companhia durante esses anos. Sou 
muito grata por tê-los na minha vida desde os meus primordios na 
Estonia. Obrigada por todo o apoio e ajuda no experiento.

Meninas! Obrigada por todas as “girls night”, por todas as risadas, 
hikings, por aguentarem tanta reclamação. Levo vocês pra vida.

Miguel, gracias por todo. Gracias por estar a mi lado y por ayudarme a 
ver más allá de lo que mis ojos podían ver. Sin o tu apoyo, este proceso 
no sería posible.

E esta tese eu dedico à minha familia, principalmente aos meus pais 
e ao meu irmão. Obrigada por sempre apoiarem qualquer decisão que 
eu venha a ter e por andarem juntos a mim independente da distância. 
Obrigada por serem a fundação e o teto durante toda a minha vida.



C
O

M
B

IN
IN

G
 U

N
M

A
N

N
ED

 A
ER

IA
L V

EH
IC

LES A
N

D
 A

 M
ESO

C
O

SM
 EX

PER
IM

EN
T

 T
O

 U
N

V
EIL P

LA
N

T
 C

O
M

M
U

N
IT

IES 
SH

IFT
S U

N
D

ER
 G

LO
B

A
L C

H
A

N
G

E C
O

N
D

IT
IO

N
S IN

 C
O

A
STA

L M
EA

D
O

W
S 

T
H

A
ÍSA

 FE
R

N
A

N
D

E
S B

E
R

G
A

M
O

VIIS VIIMAST KAITSMIST

GRETE TÕNISALU
SMALL MAMMALS, THE LESSER SPOTTED EAGLE, AND ECOTONES: A CASE 
STUDY ON PREDATOR-PREY-HABITAT RELATIONSHIPS IN AGRICULTURAL 

LANDSCAPE
PISIIMETAJAD, VÄIKE-KONNAKOTKAS JA SERVAALAD: SAAKLOOMA, KISKJA JA 

ELUPAIGA SEOSTE UURING PÕLLUMAJANDUSMAASTIKUS
Vanemteadur Ülo Väli

5. september 2022

FRANCESCA CARNOVALE
WELFARE OF LIVESTOCK SHEEP TRANSPORT IN HOT AND COLD CLIMATES
LAMMASTE HEAOLU NENDE TRANSPORDIL KUUMAS JA KÜLMAS KLIIMAS

Professor David Arney, vanemlektor Andres Aland, professor Fabio Napolitano
3. oktoober 2022

KAI-YUN LI
UNMANNED AIRCRAFT SYSTEMS AND IMAGE ANALYSIS IN YIELD 

ESTIMATION AND AGRICULTURAL MANAGEMENT
MEHITAMATA ÕHUSÕIDUKI RAKENDAMINE PÕLLUKULTUURIDE SAAGIKUSE 

JA MAA HARIMISVIISIDE TUVASTAMISEL
Professor Kalev Sepp, professor Niall Burnside, doktor Ants Vain

5. oktoober 2022

OLESJA ESCUER 
ORNAMENTAL PLANT GROWTH AND DEVELOPMENT DEPENDING ON SOIL 

CONDITIONS MODIFIED BY ORGANIC ADDITIVES
ILUTAIMEDE KASV JA ARENG SÕLTUVALT ORGAANILISTE LISANDITEGA 

MUUDETUD MULLATINGIMUSTEST
Professor Kadri Karp, kaasprofessor Merrit Shanskiy

18. oktoober 2022

INDREK KERES
COMBINED EFFECTS OF GROPPING SYSTEM AND N-FERTILIZATION ON 

WINTER WHEAT YIELD AND BAKING QUALITY
VILJELUSVIISI JA N-VÄETAMISE MÕJU TALINISU SAAGI JA TAINA 

KVALITEEDILE
Kaasprofessor Tiina Tosens, professor Ülo Niinemets, dotsent Evelin Loit

27.oktoober 2022

ISSN 2382-7076
ISBN 978-9916-669-76-1 (trükis)
ISBN 978-9916-669-77-8 (pdf )




