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Priscillia Christiani is a peatland researcher whose
work focuses on using geospatial and remote
sensing data to monitor peatland ecosystems. In her
doctoral thesis, conducted at the University of Oulu
and Natural Resources Institute Finland (Luke), she
investigates how environmental and remote sensing
data can be combined with statistical modelling
to predict the distribution of red-listed peatland
plant species, greenhouse gas sink and source
patterns, and water table dynamics. Her research
spans multiple spatial scales, from national-level
species distribution modelling to local water table
monitoring using satellite and drone data. Through
her work, Christiani shows that integrating multi-
source geospatial data provides a practical and
scalable complement to field-based monitoring,
with direct applications for peatland conservation
and restoration planning.
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Abstract

Peatlands are important ecosystems that support biodiversity, regulate greenhouse gases
(GHGsS) and flooding, and help to purify water. In Finland, however, more than 50 %
of peatlands have been drained to support forestry, agriculture, and peat extraction.
These activities have reduced peatland biodiversity, increased GHG emissions, and
altered peatland hydrology, resulting in widespread peatland ecosystem degradation.
Consequently, large-scale restoration efforts have been initiated to mitigate these
impacts and restore peatland functioning. As restoration progresses, regular monitoring
of peatland biodiversity, GHG fluxes, and the water table (WT) is needed to track
peatland conditions over time.

One approach to monitoring peatlands is field-based observation. However, this
method is constrained by high costs, limited accessibility, and restricted spatial coverage.
To address these limitations, this research explores the use of geospatial environmen-
tal and remote sensing (RS) data, combined with statistical modelling, as an alternative
means to support peatland monitoring. First, environmental data were used to analyse
whether different restoration and climate change scenarios affect the national-scale
distribution of potential habitats for red-listed peatland plant species in Finland. Second,
environmental data and RS data (Sentinel-1 and Sentinel-2 imagery) were compared
and combined to detect national-scale patterns of potential peatland GHG sinks and
sources and to evaluate which data sources provided better predictive performance.
Third, environmental data were used to improve RS-based peatland WT models in
three study areas ranging from 18 to 175 ha.

Environmental data were able to predict the potential habitats of peatland red-listed
plant species at the national scale. Drainage and climate variables were the most
important predictors. Model projections indicated that climate warming will reduce
potential suitable habitats for many red-listed species, especially in the northern and
middle boreal zones. However, restoration increased the amount of potential suitable
habitat, reduced habitat loss, and moderated future northward shifts in species distri-
butions. The benefits of restoration were strongest under mild climate scenarios and
gradually weakened towards the end of the twenty-first century under severe warming.
Although the models performed well, future studies concerning the interaction between
restoration and climate change should include ecological constraints such as dispersal
and species interactions to improve the realism of long-term predictions.

In detecting potential GHG sinks and sources, models combining both environmen-
tal and RS data performed best, while RS-only models had the lowest accuracy. Maps
generated from environmental data alone and those from the combined dataset showed
similar patterns, whereas RS-only maps displayed some differences in spatial extent.
These results suggest that RS data alone are not sufficient for reliable national-scale
GHG predictions and that integrating environmental and RS data is necessary to obtain
accurate and realistic estimates of potential peatland GHG sink—source distributions.

At the local scale, combining RS and environmental data improved peatland WT
models, both spatially and across seasons. In patterned northern boreal aapa mires, the
topographic wetness index and topographic position index were important for explaining
spatial WT variation. In a southern boreal drained peatland forest site, canopy height
played a larger role in WT dynamics, especially across different management treatments.
Uncrewed aerial vehicle data offered very high-resolution information that captured
microtopography and vegetation patterns, while Sentinel-2 data allowed repeated



seasonal monitoring, These results demonstrate that multi-source RS, combined with
environmental variables, can support efficient peatland WT monitoring,

Opverall, this thesis shows that environmental and RS data can be used to monitor
peatland red-listed species, GHG, and WT dynamics. The usefulness of environmental
and RS data depends on the object being studied, the spatial scale, and site conditions,
but together they provide a reliable way to observe peatland condition beyond what
field measurements alone can capture. As more field data become available, and RS
techniques continue to develop, these approaches will become increasingly valuable
for supporting peatland conservation, restoration planning, and long-term monitoring;

Keywords: peatlands, restoration, species distribution models, water table, satellite,
UAY, remote sensing



Tiivistelma

Suot ovat tirkeitd ckosysteemeji biodiversiteetin, ilmaston ja tulvien sddtelyn sekd
valumavesien puhdistuksen kannalta. Suomessa kuitenkin yli 50 % soista on ojitettu
metsidtalouden, maatalouden ja turvetuotannon tarpeisiin, mikd on johtanut laaja-alai-
seen suockosysteemien tilan heikkenemiseen. Soiden kuivatus on heikentinyt biodi-
versiteettid, lisinnyt kasvihuonekaasupéistdjd ja muuttanut hydrologiaa. Taméin seurauksena
on kiynnistetty laajamittaisia ennallistamistoimia. Ennallistamisen edetessi tarvitaan
saannollistd soiden biodiversiteetin, kasvihuonekaasuvoiden ja pohjavedenpinnan
seurantaa.

Yksi lihestymistapa soiden tilan seurantaan on maastohavainnointi, joka on kuitenkin
kallista ja jonka avulla on ty6ldsti keritd tietoa laajoilta ja heikosti saavutettavilta alueilta.
Niiden rajoitusten ratkaisemiseksi tissa tutkimuksessa tarkastellaan paikkatietopohjais-
ten ympiristdaineistojen ja kaukokartoituksen kiyttéd yhdistettyna tilastolliseen mallin-
nukseen vaihtoehtoisena tapana soiden tilan seurannassa. Ensiksi ympiristbaineistojen
avulla analysoitiin, miten erilaiset ennallistamis- ja ilmastonmuutosskenaariot vaikutta-
vat uhanalaisten suokasvien potentiaalisiin elinympiristéihin valtakunnallisella tasolla
Suomessa. Toiseksi ympiristo- ja kaukokartoitusaineistoja (Sentinel-1- ja Sentinel-2-
satelliittikuvat) vertailtiin potentiaalisten kasvihuonekaasunielujen ja -lihteiden valta-
kunnallisessa mallintamisessa. Kolmanneksi ympiristdaineistoja kokeiltiin kaukokartoi-
tuspohjaisten pohjavedenpintamallien parantamisessa kolmella tutkimusalueella, joiden
pinta-ala vaihteli 18:sta 175 hehtaariin.

Ympiristoaineistojen avulla pystyttiin ennustamaan uhanalaisten suokasvien poten-
tiaalisten elinympdristdjen esiintymistd valtakunnallisella tasolla. Tarkeimmat selittdvit
tekijit olivat ojitus ja ilmastomuuttujat. Malliennusteet osoittivat, ettd ilmaston limpe-
neminen vihentdd monien uhanalaisten lajien potentiaalisia soveltuvia elinympiristéjd
erityisesti pohjois- ja keskiboreaalisilla vy6hykkeilld. Ennallistaminen kuitenkin lisdsi
potentiaalisten soveltuvien elinympdristéjen mairdd, vihensi elinympiristdjen hivii-
mistd ja lievensi lajien levinneisyyden siirtymid pohjoiseen. Ennallistamisen hyodyt
olivat suurimmat vihiisen limpenemisen ilmastoskenaarioissa mutta heikkenivit kohti
vuosisadan loppua ja voimakkaampien limpenemisen skenaarioissa. Vaikka mallinnus
toimi hyvin, tulevissa tutkimuksissa ennallistamisen ja ilmastonmuutoksen yhteisvaiku-
tusta tulisi tarkastella ekologisten reunachtojen kuten lajien levidmisen ja lajien vilisten
vuorovaikutusten avulla pitkdn aikavilin ennusteiden realistisuuden parantamiseksi.

Potentiaalisten kasvihuonekaasunielujen ja -lihteiden tunnistamisessa parhaiten suo-
riutuivat mallit, jotka yhdistivit ymparist6- ja kaukokartoitusaineistot, kun taas pelkkiin
kaukokartoitusaineistoihin perustuvat mallit olivat vihiten tarkkoja. Pelkdn ympiristoai-
neiston ja yhdistetyn aineiston mallit tuottivat samankaltaisia alueellisia ennusteita, mutta
pelkkiin kaukokartoitusaineistoihin perustuvien mallien ennustekartat erosivat muiden
mallien ennustekartoista. Nami tulokset viittaavat sithen, etta kaukokartoitusaineistot
yksindin eivit riitd luotettaviin valtakunnallisen tason kasvihuonekaasupiistéennustei-
siin ja ympérist6- ja kaukokartoitusaineistojen yhdistiminen on vilttimitonta tarkkojen
ja realististen arvioiden saamiseksi soiden potentiaalisista kasvihuonekaasunielujen ja
-lihteiden sijainneista.

Paikallisella tasolla kaukokartoitus- ja ympiristdaineistojen yhdistiminen tarkensi
soiden pohjavedenpinnan mallinnusta sekd alueellisesti ettd eri vuodenaikojen vililld.
Pohjoisboreaalisilla aapasoilla topografinen kosteusindeksi ja topografinen sijainti-in-
deksi olivat tirkeitd pohjavedenpinnan alueellisen vaihtelun selittdjid. Eteliboreaalisella



ojitetulla suometsidkohteella puuston latvuskorkeudella oli suurempi merkitys poh-
javedenpinnan dynamiikan mallintamisessa kuin topografialla. Michittdmattomalld
ilma-aluksella keritty aineisto tarjosi tarkkaa tietoa mikrotopografiasta ja kasvillisuu-
desta, kun taas Sentinel-2-satelliittikuva-aineisto mahdollisti ajallisesti toistuvan seuran-
nan. Ndmi tulokset osoittavat, ettd monildhteinen kaukokartoitus yhdistettynd ymparis-
tomuuttujiin mahdollistaa soiden pohjavedenpinnan tarkan seurannan.

Kaiken kaikkiaan timi viitoskirja osoittaa, ettd ympiristo- ja kaukokartoitusaineis-
toja voidaan hyddyntid soiden uhanalaisten lajien, kasvihuonekaasuvoiden ja pohjave-
denpinnan seurannassa. Ympirist6- ja kaukokartoitusaineistojen hyddyllisyys riippuu
tutkittavasta kohteesta, tarkastelumittakaavasta ja kohteen olosuhteista. Yhdessd nimi
aineistot tarjoavat luotettavan tavan havainnoida soiden tilaa. Maastomittausaineistojen
lisddntyessd ja kaukokartoitustekniikoiden kehittyessd ndmi lihestymistavat tulevat
olemaan yhi arvokkaampia soiden suojelun, ennallistamissuunnittelun ja pitkdaikaisen
seurannan tukemisessa.

Avainsanat: suot, ennallistaminen, levinneisyysmallinnus, pohjavedenpinta, satelliitti-
kuvat, miehittimattomat ilma-alukset, kaukokartoitus
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Glossary

Aapa mire: A type of northern bore-
al peatland characterized by patterned
string—flark microtopography and a
mixed water supply from precipitation
and groundwater.

Area under the curve (AUC): A statistical
measure of model performance derived
from the receiver operating characteris-
tic (ROC) curve, indicating the ability of
a model to discriminate between pres-
ence and absence, where 1 indicates
perfect classification.

Canopy height model (CHM): A raster
representing vegetation height, calculat-
ed as the difference between the digital
surface model (DSM) and digital terrain

model (DTM).

Continuous Boyce Index (CBI): An
evaluation metric for presence-only spe-
cies distribution models that measures
how well predicted suitability values cor-
respond to observed presences.

Drainage: The process of lowering the
peatland water table through ditching or
other hydrological modification, typical-
ly for forestry or agriculture.

Environmental data (ENV): Spatial
GIS-based datasets describing climatic,
topographic, hydrological, and soil con-
ditions. Some environmental data may
also be derived from remote sensing;

Fen: Minerotrophic peatland that re-
ceives nutrient inputs from surrounding
mineral soils or groundwater, typically
supporting rich vegetation.

Flark: The wetter, low-lying parts of
patterned aapa mires, often dominated
by sedges and mosses.

Geographic Information System (GIS):
A technology for collecting, managing,
analysing, and visualising spatial or geo-
graphic data.

Greenhouse gas (GHG): Atmospher-
ic gases such as carbon dioxide (CO,),
methane (CH,), and nitrous oxide (N,O)
that trap heat and contribute to climate
change.

Growing degree days (GDD): A
measure of accumulated heat used to
estimate plant and insect development.
GDD is calculated by summing the daily
temperatures above a base threshold
(commonly 5 °C). Higher GDD val-
ues indicate a warmer, longer growing
season.

Light Detection and Ranging (LiDAR):
A remote sensing method that measures
distances using laser pulses to generate
detailed  three-dimensional  informa-
tion on surface elevation and vegetation
structure.

Maximum entropy (MaxEnt): A
presence-only modelling algorithm that
estimates the spatial distribution of a
targeted object by finding the probability
distribution of maximum entropy con-
strained by environmental predictors.

Partial dependence plot (PDP): A
graphical method showing the marginal
effect of a predictor variable on a mod-
el’s predicted response while holding
other variables constant.

Random Forest (RF): A non-parametric
machine learning algorithm that builds
an ensemble of decision trees to model
nonlinear and complex relationships.



Remote sensing (RS) data: Satellite- and
uncrewed aerial vehicle-derived data.

Representative Concentration Path-
way (RCP): A standardised greenhouse
gas concentration scenario used in cli-
mate modelling to project future climate
conditions.

Restoration: Management actions in-
tended to recover the natural hydrology,
vegetation, and ecosystem functions of
degraded ecosystems.

Restoration level (REST): A simulated
proportion of drained peatlands as-
sumed to be restored in model scenarios

(e.¢. RESTO-REST100).

Rewetting: A restoration method to
raise the water table of drained peat-
lands towards natural levels, often by
blocking ditches.

SAGA Wetness Index (SWI): A topo-
graphic index estimating relative soil
moisture based on slope and flow accu-
mulation derived from a digital terrain
model.

Species distribution model (SDM):
A statistical framework linking species
occurrence data to environmental pre-
dictors to estimate or project suitable
habitat.

String: The drier, elevated ridges in pat-
terned aapa mires that alternate with
wetter flarks.

Topographic Position Index (TPI):
A terrain metric that describes whether
a location is situated in a depression or
on an elevation relative to its surround-
ings. TPI_5m and TPI_10m indicate the
index was calculated using 5 m and 10 m
neighbourhood radius, respectively.

Topographic Wetness Index (TWI):
A hydrological terrain index represent-
ing the spatial distribution of potential
soil moisture based on upslope conttib-
uting area and local slope.

True Skill Statistic (T'SS): A model
evaluation metric that balances sensitiv-
ity and specificity to measure predictive
accuracy.

Water balance (WAB): An index de-
scribing the balance between water
supply (precipitation) and water loss
(evapotranspiration). A positive WAB
means moisture surplus; a negative WAB
indicates drought or moisture deficit.

Water table (WT): The vertical dis-
tance between the ground surface and
the water level.
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January temperature

Topographic position index

True skill statistics

Topographic wetness index

Uncrewed aerial vehicle

Proportion of undrained peatlands in grid square
Vertical transmit and hotizontal receive
Vertical transmit and vertical receive

Water balance

Water table
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| Introduction
I.1 Peatland ecology and emerging challenges

To define peatland, it is first necessary to explain what peat is. Peat is an accumulation of
incompletely decomposed plant material in the soil. Decomposition remains incomplete
because it slows under long-term water-saturated, cool, acidic, and oxygen-poor
conditions (Rydin & Jeglum 2006; Strack 2023). Therefore, under these conditions,
organic matter accumulates over centuries and forms peat deposits. Peatland refers to
land that is covered by peat, and in Finland it is usually defined as having at least 30 cm
of peat (Joosten & Clarke 2002; Rydin & Jeglum 20006). The term “mire” is also used
in some contexts and refers to a peatland that is still actively forming peat (Joosten &
Clarke 2002).

Peatlands are often classified based on their water sources and nutrient status.
Ombrotrophic peatlands (bogs) receive water only from rainfall and are nutrient-poor
and acidic (usually pH < 4), while minerotrophic peatlands (fens, swamps) receive
mineral-rich water from surrounding soils and therefore range from nutrient-poot to
nutrient-rich (Vasander 1996). In addition to these general classifications, many countries
apply region-specific peatland classification systems. For example, in Canada, peatlands
are classified into bogs, fens, marshes, swamps, and shallow water according to the
Canadian Wetland Classification System (Zoltai & Vitt 1995). In Finland, peatlands are
divided into southern raised bogs, which are dome-shaped and ombrotrophic, and the
northern aapa mire zone, characterised by shallower peat layers and a patterned surface
of elevated strings and wet flatks (Figure 1; Granlund et al. 2022; Laitinen et al. 2007).

[.1.1 The ecological importance of pristine peatlands

In a pristine state, peatlands are home to plant species that are well adapted to wet,
acidic, and nutrient-poor environments (Harris et al. 2015; Small 1972). Peatland are
dominated by mosses, particulatly Sphagnum, and also support vascular plants (trees,
shrubs, forbs, and graminoids) and lichens. Sphagnum is especially important because it
contributes largely to peat formation and can tolerate prolonged water saturation and
low-oxygen conditions, allowing it to dominate peatland vegetation (Rydin & Jeglum
2013; Small 1972). In addition, Sphagnum actively modifies peatland environment by
retaining water, lowering pH, and restricting nutrient availability, thereby creating
conditions that are unfavourable for most vascular plants (Malmer et al. 2003; Rochefort
2000; Van Breemen 1995). Consequently, an increase in dense shrub or tree cover may
indicate environmental changes such as warming and drying (Holmgren et al. 2015).
Peatlands are important for climate regulation because they store a large amount
of carbon. Although they cover only 3 % of Earth’s surface (Xu et al. 2018), they
contain roughly 400—1000 Gt global soil carbon (Nichols & Peteet 2019; Yu et al. 2010).
Natural peatlands usually act as long-term sinks for carbon dioxide (CO,) because plant
production exceeds decomposition under wet and oxygen-poor conditions (Vasander
1996). At the same time, peatlands also release methane (CH,; Frolking et al. 2011).
CH, emissions depend primarily on WT level, temperature, and the availability of
organic substrates for microbial activity (Duan et al. 2025). CH, is produced in deeper,
anoxic peat layers and reaches the surface by diffusion or ebullition, or through plant
aerenchyma, especially in sedges and other sedge-like species (Vasander 1996). Some
of the CH, is oxidised in the oxygen-rich upper peat layers before it reaches the
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Figure I. Conceptual and site-based illustration of raised bogs and aapa mires in Finland, with

orthophotos and terrain height profiles derived from the National Land Survey of Finland (2025).

Distance is in metres, and elevation is in metres above sea level.

atmosphere. CO, and CH, fluxes fluctuate diurnally and seasonally. For example, CO,
uptake is higher during the daytime but lower during fall and winter when there is limited
photosynthesis (Golovatskaya & Dyukarev 2011; Vasander 1996), and CH, emissions
often increase during warmer periods (Long et al. 2010). In contrast to CO, and CH,,
nitrous oxide (N,O) emissions from pristine peatlands are usually smaller because
nitrate production is limited under acidic and waterlogged conditions (Minkkinen et al.
2020; Vasander 1996). In some cases, peatlands may even act as small sinks for N,O due
to microbial reduction processes.
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I.1.2 Human pressures and degradation of peatlands

Human activity has significantly altered peatland ecosystems worldwide. Globally,
peatlands cover only about 3 % of Earth’s land surface, and currently 11-15 % of global
peatlands are degraded (Leifeld & Menichetti 2018; UNEP 2022). Despite representing
a small fraction of global peatlands, drained sites contribute disproportionately to
climate change, accounting for roughly 5 % of global anthropogenic CO, emissions
(Joosten 2009, 2016). In northern regions, including Finland, drainage pressures are
particularly intense. Finland had more than 10 million hectares of peatlands in the
1950s, accounting for roughly one-third of its land area. Since then, over half of the
peatlands have been drained for forestry and also for agriculture and peat extraction
(Korhonen et al. 2021). Drainage has been a major driver of peatland degradation,
driven largely by the need to enhance timber production (Vasander 1996). Drainage
alters vegetation primarily by lowering the water table (WT). As peat becomes drier and
more oxidised, peatland plant communities shift towards forest-type vegetation (Laine
et al. 2000; Maanavilja et al. 2014). Species dependent on a high, stable WT' and nutri-
ent-poor conditions, such as many Sphagnum mosses and sedges, decline rapidly as their
niches contract. Therefore, biodiversity loss is inevitable; in Finland, there are currently
85 red-listed vascular plant and bryophyte species which depend on peatlands as their
primary habitats, and another 127 rely on them as secondary habitats (Hyvirinen et al.
2019).

Drainage-induced WT drawdown also disrupts peatland carbon cycling, often
converting natural long-term carbon sinks into net greenhouse gas (GHG) sources
(Leifeld & Menichetti 2018; Wilkinson et al. 2023). A lower WT accelerates aerobic
decomposition and raises CO, emissions. CH, emissions from the peat surface typically
decrease because methanogenesis is suppressed under drier conditions (Abdalla et al.
2010), but this reduction is partly offset by ditch networks, which act as significant
CH, hotspots and may contribute 3.5 Tg CH, yr" globally (Peacock et al. 2021). N,O
emissions can also rise following drainage, especially in nutrient-rich peatlands where
enhanced nitrification fosters elevated fluxes (Minkkinen et al. 2020).

[.1.3 Restoring and managing disturbed peatlands

Ecological restoration is an important means to return degraded ecosystems towards
pristine functioning and to mitigate climate and biodiversity impacts. Restoration is
implemented to protect and safeguard biodiversity (Maanavilja et al. 2014), reduce GHG
emissions (Evans et al. 2021; Richardson et al. 2022), and rebuild long-term carbon
sequestration and storage (Schwieger et al. 2021; Wilson et al. 2022). Global, regional,
and national policies increasingly undetrline the urgency of such actions. For example,
the Global Biodiversity Framework calls for effective restoration of 30 % of degraded
peatlands by 2030, while the European Union (EU) Restoration Regulation targets
restoration of 90 % of degraded ecosystems by 2050 (Regulation [EU] 2024/1991,
2024). These initiatives are expected to substantially accelerate peatland restoration
across Europe in the coming decades.

For peatlands, ecological restoration focuses on restoring natural hydrology
(Haapalehto et al. 2011; Menberu et al. 2017). The main method is rewetting, which
usually involves raising the WT by blocking, filling, or damming drainage ditches
(Andersen et al. 2017). In Finland and elsewhere, tree removal is also commonly applied
where forestry-drained peatlands have dense stands which are not originally present in
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the native ecosystem (Vasander et al. 2003). Rewetting restores the peatland hydrological
condition, which is necessary for peat-forming vegetation, especially Sphagnum mosses,
and triggers the return of pristine-state plant communities (Haapalehto et al. 2011;
Menberu et al. 2016). However, habitat specialists—especially plants that are sensitive
to changes in water levels or nutrients—tecover slowly or only partially. Long-term
studies indicate that although restored sites recover gradually, they rarely become fully
identical to pristine sites, even after many years (Elo et al. 2024; Haapalehto et al. 2017;
Maanavilja et al. 2014).

WT level is a key factor regulating the biogeochemical processes that drive peatland
GHG dynamics (Evans et al. 2021; Richardson et al. 2022). Studies show that restoring
boreal forestry-drained peatlands can potentially bring CO, and CH, exchange back to
levels similar to natural peatlands (Laine et al. 2019a; Purre et al. 2019; Urbanova et al.
2013), but the climate benefits of restoration vary greatly between peatland types and
restoration measures (Laine et al. 2024; Ojanen & Minkkinen 2020). Nutrient-poor
drained peatlands already have low soil CO,, CH,, and N,O emissions (Alm et al. 2023;
Minkkinen et al. 2020; Ojanen et al. 2013), aside from ditches (Alm et al. 2023; Ojanen
et al. 2010). Restoring these sites might raise CH, emissions and remove the tree-based
catbon sink, limiting their mitigation potential (Ojanen & Minkkinen 2020; Wilson et
al. 2016). In contrast, nutrient-rich drained peatlands emit much more CO, and N, O,
making them better candidates for climate mitigation through rewetting (Alm et al.
2023; Minkkinen et al. 2020; Ojanen & Minkkinen 2020).

I.1.4 Peatland under a changing climate

Arctic and boreal regions are warming faster than the global average, and this includes
most northern peatland areas (Post et al. 2019; Rantanen et al. 2022). Over the past
decades, annual precipitation in these regions has increased, and warming is altering not
only mean temperatures but also extremes, seasonality, and disturbance regimes such as
fire (Box et al. 2019; Byrne et al. 2024). Climate change is already altering biodiversity,
shifting species distributions and affecting population sizes, and these responses will
unfold over multiple time scales from years to centuries (Campbell et al. 2021; Minayeva
& Sirin 2012). As a result, northern peatlands are expected to play an increasingly
important role in future climate—carbon feedback.

Rising temperatures, shifting precipitation patterns, and increasing evapotranspira-
tion change peatland water balance (WAB; precipitation minus evapotranspiration).
Warming causes plants to lose water faster through transpiration and soils to dry out
more quickly. At the same time, climate projections suggest generally higher precip-
itation in northern regions but with strong seasonality and more frequent droughts
and heavy-rain events (IPCC 2013; Lehtonen et al. 2014). Consequently, even where
total precipitation increases, WAB during the growing season may decline in some
areas, especially in well-drained or sloping peatlands (Gorham 1991; Roulet et al. 1992;
Swindles et al. 2019). In permafrost regions, warming also deepens the active layer and
promotes permafrost thaw, which can either dry peat (on raised features) or increase
wetness through surface subsidence and ponding (Baltzer et al. 2014; Minayeva & Sirin
2012). Therefore, climate change is expected to increase spatial and temporal variability
in peatland moisture conditions.

Climate-driven changes in hydrology and temperature also affect peatland vegetation
and species composition. Many peatland plants are adapted to watetlogged and nutri-
ent-poor conditions, yet individual species can tolerate broad ranges of pH, WT, and
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nutrient gradients (Minayeva & Sirin 2012; Rydin & Jeglum 2000). As climates warms,
most species tend to shift towards higher latitudes and clevations (Parmesan 2000;
Sun et al. 2020; Wei et al. 2021), although these shifts are often constrained by limited
dispersal ability. Ma et al. (2022) showed that suitable habitat for several dominant
Sphagnum species will expand in high-latitude peatlands north of 50°N but contract
strongly at the southern edge of the boreal zone, which may become a hotspot for
sink—source transitions. At the local scale, warming, WT drawdown, and increased
nitrogen deposition are expected to promote invasion and dominance of vascular
plants, especially graminoids and shrubs, at the expense of Sphagnum (Dieleman et al.
2014).

Restoration through rewetting may increase peatland resilience to climatic drying
by partially re-establishing WT levels, although the net climate response remains site-
and timescale-dependent due to interacting CO, and CH, fluxes (Laine et al. 2024). In
contrast, both drainage and climate warming tend to lower the WT, and even a modest
WT decline can increase ecosystem respiration and alter the net CO, balance (Laine et
al. 2019b; Mikiranta et al. 2018). Previous projections estimated W'T declines of around
8-22 cm under warmer conditions, mainly due to higher evapotranspiration (Gorham
1991; Roulet et al. 1992), but more recent work points to regionally variable outcomes
because precipitation is also increasing and droughts and floods may both become more
frequent (Wu & Roulet 2014). In fens, which are adapted to continuous throughflow
of mineral-rich water, a WT drop tends to cause faster and stronger ecological and
biogeochemical responses than in ombrotrophic bogs (Komulainen et al. 1999; Wu &
Roulet 2014). Drying generally favours deeper aeration, higher CO, emissions and lower
CH, emissions, while rewetting or permafrost thaw can raise WTs, maintain anoxic
conditions and promote CH, release (Evans et al. 2021). Thus, future WT trajectories
will largely determine whether peatlands dry and emit more CO, or become wetter with
higher CH, emissions.

1.2 Statistical analysis using environmental and remote sensing data in
peatland studies

Monitoring peatland red-listed species, GHG fluxes, and the WT at the scales needed
for management is challenging. Traditional field-based monitoring becomes labout-in-
tensive, time-consuming, and costly (Besson et al. 2022; Kays et al. 2015) if we aim
to record all occurrences of red-listed plant species and measure GHG sinks and
sources and the WT at many points, especially in large peatland areas that are often
remote and far from road access. These challenges are expected to intensify with the
implementation of the EU Nature Restoration Law, which places strong emphasis
on large-scale peatland restoration and requires regular assessment of restoration
outcomes. Consequently, there is a growing need for simplified, scalable monitoring
approaches. Spatial modelling that integrates environmental and remote sensing (RS)
data can complement field measurements and support regular, large-scale monitoring
of peatland restoration (Lees et al. 2018).

[.2.1 Modelling approaches for peatland studies
Peatland red-listed plant species and GHG fluxes prediction can be built on the

framework of species distribution models (SDMs). Although often referred to as SDMs,
these modelling techniques can be applied to other spatial ecological variables, including
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the location of peatlands (Wu et al. 2025) and specific peatland types, such as fens
(Raney & Leopold 2018) and palsa mires (L.eppiniemi et al. 2025), and GHG balances
(Parkkari et al. 2017). SDMs explain how the occurrence or abundance of a species
or other variable is related to environmental conditions and then use these relation-
ships to predict where suitable conditions occur in space. They are usually rooted in a
niche-based view, where a species persists where environmental conditions allow births
to balance or exceed deaths, and they combine ecological knowledge with statistical and
geographic information system (GIS) tools (Aratjo & Guisan 2000; Elith & Leathwick
2009). In practice, SDMs work in environmental space: They relate species records to
climate, topography, soils, or habitat variables and then project these relationships back
into geographic space to obtain maps of potential habitat or distribution.

Building an SDM involves several linked steps: assembling species occurtrence (and,
if available, absence) data; selecting predictors that are ecologically meaningful for the
target species; dealing with spatial bias and correlations among predictors; choosing a
modelling algorithm; fitting the model; evaluating its performance with independent
or withheld data; and mapping predictions, sometimes after converting continuous
suitability to binary presence—absence (Aradjo et al. 2019; Elith & Leathwick 2009).
Conceptually, important issues include the choice of spatial scale, the distinction
between modelling the niche versus the realised geographic distribution, and the
different aims of explanation versus prediction (Aragjo & Guisan 2006). SDMs are
also subject to several sources of uncertainty: sampling biases, model parameterisa-
tion, model selection and evaluation, and differences among species, for example the
tendency for specialist species to appear better predicted than generalists (Jiménez |
Valverde et al. 2008). Despite these limitations, SDMs provide a robust framework for
integrating field, environmental, and RS data, making them a useful tool for modelling
species or other variable distributions in peatland studies.

SDMs increasingly draw on machine learning algorithms because these methods offer
flexible, data-driven ways to learn complex relationships between species occurrences
and environmental predictors. The conceptual foundation of SDMs fits naturally with
machine learning’s strength in pattern recognition and prediction (Elith & Leathwick
2009). Among the available machine learning algorithms, maximum entropy (MaxEnt)
and random forest (RF) are widely used in peatland studies for modelling species dis-
tributions and other spatial ecological variables (Hamedianfar et al. 2025; Kerinen et al.
2024; Leppiniemi et al. 2025; Oke & Hager 2017; Rdsinen et al. 2022).

MaxEnt treats the species distribution as a probability distribution over all sites in
the landscape and estimates this distribution under a set of constraints derived from the
observed presences (Phillips & Dudik 2008; Phillips et al. 2017). In practice, MaxEnt
represents the true, unknown distribution by another probability distribution that
matches the empirical averages of a set of environmental “features” at the presence
locations. Because these constraints usually do not uniquely determine the distribution,
MaxEnt selects, among all distributions that satisfy them, the one with maximum
entropy, i.e. the most spread-out or least constrained distribution consistent with the
data (Elith et al. 2011; Phillips et al. 2017). MaxEnt implements several feature classes
derived from continuous and categorical predictors, including linear, quadratic, product,
threshold, hinge, and categorical indicator features, allowing the model to capture
means, variances, covariances, and more complex responses to environmental gradients
(Phillips & Dudik 2008). Working with presence-only data and a set of background
points, MaxEnt produces continuous suitability values ranging from O (least suitable)
to 1 (most suitable), which are commonly interpreted as indices of relative habitat
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suitability (Merow et al. 2013; Phillips & Dudik 2008). However, the interpretation
of MaxEnt outputs depends on strong assumptions about how presence data have
been sampled, and this has been widely debated (Merow et al. 2013). If presences are
treated as a random sample of individuals, it is natural to interpret predictions as relative
occurrence rates, but this requires assuming that sampling intensity is proportional to
local population density, which is often unrealistic (Merow et al. 2013). Alternatively,
if grid cells are assumed to have been sampled at random, then logistic output can be
interpreted as probability of presence, but this rests on assumptions that have been
criticised and may not hold in practice, especially when sampling bias or multiple
individuals per cell are likely (Merow et al. 2013; Phillips & Dudik 2008). Despite its
limitations, MaxEnt has been widely used in ecological modelling due to its ability to
handle small sample sizes, nonlinear relationships, and complex interactions among
predictors (Elith et al. 2011; Phillips & Dudik 2008).

RF is a flexible ensemble learning algorithm that can be used for both classifica-
tion and regression, allowing it to model categorical and continuous response variables.
RF builds a large number of decision trees using bootstrap samples of the data and
combines their predictions following Breiman’s framework for regression and classifi-
cation (Breiman 2001). At each split, only a random subset of predictors is considered,
which decorrelates the trees and reduces overfitting. For regression tasks, predictions
are obtained by averaging the outputs of all trees in the ensemble, while for classification
tasks, predictions are based on majority voting or class probabilities (Breiman 2001). RF
can capture complex nonlinear relationships and interactions among predictors, handle
large datasets, and provide measures of variable importance, while being relatively
robust to multicollinearity (Belgiu & Driagut 20106).

[.2.2 Remote sensing data for peatland monitoring and prediction

To build prediction models for any variable of interest, a set of predictor variables
describing the environmental characteristics of the study area is required. RS data
are particularly well suited for this purpose, as they offer consistent, spatially explicit
measurements over large spatial extents. RS data refers to information acquired about
objects or areas without direct contact, using sensors operating at a distance. RS sensors
can be broadly classified into passive sensors, which measure naturally emitted or
reflected electromagnetic radiation (e.g. optical and thermal sensors), and active sensors,
which transmit their own signal and record the backscattered response (e.g. radar and
light detection and ranging [LiDAR]). RS data range from satellite observations to
low-altitude uncrewed aerial vehicle (UAV) data.

Passive optical satellite sensors with moderate to high spatial resolution, including
MODIS (250-1000 m), Landsat (30 m), and Sentinel-2 (10-20 m), provide repeated
imagery suitable for regional monitoring of vegetation and surface conditions (Bechtold
et al. 2018; Harris et al. 2015; Risdnen et al. 2020, 2022). Active radar satellites, for
example Sentinel-1, provide C-band synthetic aperture radar (SAR) data that are sensitive
to surface roughness, vegetation structure, and moisture and are largely independent of
cloud cover and illumination conditions (Asmuf3 et al. 2019; Bechtold et al. 2018; Lees
& Artz & et al. 2021). At finer spatial scales, UAVs equipped with optical (RGB and
multispectral), thermal, or active LIDAR sensors deliver ultra-high-resolution data that
capture peatland microtopography and vegetation patterns in detail (Dronova et al.
2021; Ikkala et al. 2022; Rdsinen & Virtanen 2019).
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RS data provide spectral indices that can be used as proxies for vegetation, moisture,
and other surface conditions. In the optical domain, spectral bands across the visible
(red, green, blue), near-infrared (NIR), and shortwave infrared (SWIR) respond
sensitively to changes in peatland hydrology, as increasing moisture generally reduces
reflectance (Harris & Bryant 2009; Isoaho et al. 2023; Résdnen et al. 2022; Sadeghi et
al. 2015). NIR and SWIR each consist of multiple individual bands capturing different
portions of the infrared spectrum, while visible bands capture the range detectable
by the human eye. From this set of optical bands, vegetation and moisture indices
such as normalised difference vegetation index (NDVI; Rouse et al. 1974), normalised
difference moisture index (NDMI; Gao 1996), and normalised difference water index
(NDWI; McFeeters 1996) are derived and have been used to characterise greenness,
vegetation cover, and wetness.

While RS cannot directly observe belowground wetness, surface soil moisture is often
closely linked to the WT via capillary connectivity, and vegetation patterns also respond
to long-term hydrological conditions (Breeuwer et al. 2009; Lafleur et al. 2005; Potvin
et al. 2015, 2015; Strack & Price 2009). Both moisture and vegetation can be tracked
with optical, thermal, and radar data (Meingast et al. 2014; Pang et al. 2023; Risinen
& Virtanen 2019). Trapezoid-based models such as the optical trapezoid model, which
relies solely on optical reflectance, and the temperature vegetation dryness index, which
combines optical and thermal information, have shown strong relationships with soil
moisture and water table level (Burdun et al. 2020a, 2020b; Holidi et al. 2019; Risdnen
et al. 2022). Furthermore, several studies have reported strong correlations between
optical reflectance or indices and the WT or soil moisture, often outperforming passive
and active microwave and thermal variables (Burdun & Bechtold & Sagris & Lohila &
et al. 2020; Burdun et al. 2023; Kolari et al. 2022; Risdnen et al. 2022). At the same time,
combining optical and SAR features in multi-sensor models can further improve WT
predictions (Lees et al. 2021a; Résdnen et al. 2022). These approaches have been applied
both with UAV data, which enable ultra-high-resolution modelling of WT patterns in
open peatlands (Isoaho et al. 2023), and with satellite data, which allow spatiotemporal
analyses of restoration impacts and long-term hydrological change at landscape scales
(Burdun et al. 2020b; Isoaho et al. 2024; Kalacska et al. 2018; Risinen et al. 2022).

RS is increasingly used to monitor GHG dynamics in peatlands. Risdnen et al. (2021)
showed that continuous RS-derived predictors—particularly VH-polarised (vertical
transmit, horizontal receive) Sentinel-1 backscatter, Sentinel-2 predictors (such as water
vapour, blue, and coastal aerosol bands), the topographic wetness index (T'WI), and
other digital terrain model (DTM) features—explained up to 76 % of the variance in
CH, fluxes, and that modelling sinks and sources separately improved the representation
of spatial patterns compared to land-cover maps. For CO,, optical and thermal satellite
data have been used to estimate gross primary productivity, ecosystem respiration, and
net ecosystem exchange through empirical relationships, for example using light-use-ef-
ficiency or temperature—greenness models that combine vegetation indices (e.g. NDVI,
EVI) with land surface temperature (Junttila et al. 2021; Lees et al. 2021b). Additionally,
RS-derived proxies related to vegetation structure and composition—used to estimate
canopy height, biomass, species richness, and species composition—have been linked
to belowground carbon stocks using structural equation models and UAV or hyperspec-
tral data, improving predictions compared with purely data-driven models (Lopatin et
al. 2019). Proximal visible and near-infrared spectroscopy combined with high-resolu-
tion LIDAR-derived digital elevation models (DEMs) has also enhanced mapping of
soil organic carbon and total nitrogen in peat soils (Mendes & Sommer 2023; Mendes
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et al. 2022), while land-use classifications from Sentinel-2 have been used together
with Intergovernmental Panel on Climate Change emission factors to estimate CO,
emissions from degraded raised bogs at the national scale (Habib et al. 2024).

[.2.3 GIS-based environmental data as ecological predictors

RS can be used to generate GIS-based environmental datasets that serve as ecological
predictors in statistical models. These data typically include topographic variables
(elevation, slope, TWI), climatic variables (temperature, growing degree days [GDD],
WAB), soil and geological variables (soil type, peat depth, fertility, bedrock type), and
land-cover and land-use variables (peatland type, forest type, drained vs. undrained
area, human influence; Figure 2). GIS-based environmental data can provide full spatial
coverage, often nationally or globally, enabling field measurements of species distri-
butions, GHG sinks and sources, and WT at plots to be upscaled to local or national
scales. However, many environmental datasets ate static or represent long-term averages
and thus cannot captute short-term dynamics associated with extreme events or rapid
management changes. Some variables (e.g. drainage intensity, the TWI, land-cover class)
serve only as indirect proxies for ecological processes and may oversimplify complex
local conditions. Moteover, adding numerous environmental layers does not automati-
cally improve model performance; instead, careful selection of ecologically meaningful
predictors is required (Bucklin et al. 2015).

In many SDMs, climate-only predictor sets are still commonly used, and they
often perform well in quite coatse spatial resolution (Stickley & Fraterrigo 2023).
However, climate-only SDMs have been criticised as incomplete representations of
species’ niches, because they ignore other important drivers, such as land cover, soils,
and human impacts (Aradjo & Peterson 2012; Heikkinen et al. 20006). L.and cover and
human influence, for example, are often included to better capture habitat constraints
(Junker et al. 2012; Pearson et al. 2004), and more dynamic predictors, such as extreme
weather events, may become increasingly relevant under climate change (Parmesan et
al. 2000; Seabrook et al. 2014).

A
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Figure 2. Examples of environmental data. (A) Mean annual air temperature (1991-2020) from
Aalto and Pirinen (2023). (B) Forest classification based on canopy height and cover from the
Finnish Environment Institute (2022). (C) Peatland and mineral soil drainage status from the
Finnish Environment Institute (2025).
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Several studies have shown the value of using environmental data in peatland
contexts. Wu et al. (2025) identified the TWI, elevation, and soil pH as key determinants
of peatland suitability, while Raney and Leopold (2018) highlighted elevation, canopy
height, and the topographic position index (IPI) as important predictors of fen
occurrence. In cold-region peatlands, Leppiniemi et al. (2025) found that palsa and
peat plateau distributions were strongly controlled by thawing and freezing degree days
in combination with the TWI. For predicting the occurrence of red-listed peatland
plant species in Finland, Saarimaa et al. (2019) found that the proportions of drained
peatland, open peatland, and undrained peatland, together with the TWI and WAB, had
the highest importance. Moreover, Parkkari et al. (2017) showed that drainage intensity
and nutrient-related variables were key predictors of GHG balance patterns and that
drainage-related vatiables could act as practical proxies for the WT at the landscape
scale where direct WT maps are lacking;

1.3 Objectives of the thesis

GIS-based environmental and RS data have been widely used in peatland studies and in
SDMs, particulatly to assess the effects of climate change on plant and animal species.
However, relatively few studies have explicitly incorporated restoration scenarios
alongside future climate projections when assessing the distributions of the modelled
species. Consequently, there is limited understanding of how restoration and climate
change together may affect the availability and spatial distribution of potential suitable
habitats for red-listed peatland species at the national scale.

Peatland GHG sinks and sources and WT dynamics exhibit strong spatial and
temporal variability and therefore require frequent monitoring. Although RS data have
shown potential for detecting peatland vegetation patterns and surface characteristics,
no studies have demonstrated how environmental data combined with RS data can be
used to model the spatial distribution of potential peatland GHG sinks and sources. In
addition, WT dynamics are often assessed using field measurements and RS data alone,
but the potential of integrating environmental data with RS-based models to improve
WT prediction at the local scale has not been sufficiently investigated.

I analysed potential peatland red-listed plant species distributions and potential GHG
sinks and soutces at the national scale and modelled WT' dynamics at the local scale.
The differences in spatial scale reflect both the availability and resolution of environ-
mental and RS datasets along with the need to evaluate whether they can be used across
scales for peatland monitoring and restoration planning. 1 introduce approaches to
support peatland biodiversity conservation, management, and restoration planning—
all of which rely on spatial information. I use environmental and RS data to predict the
distribution of red-listed peatland plant species, detect potential peatland GHG sinks
and sources, and model the peatland WT (Figure 3). Ultimately, this thesis encourages
reflection on what environmental and RS data can detect and monitor, beyond—or in
combination with—traditional field-based measurements and how this knowledge can
support future peatland monitoring and restoration planning. The overarching goal of
this thesis is to investigate how different environmental and RS datasets, combined
with statistical modelling, can be used to detect and map potential suitable habitat for
red-listed species, potential GHG sink and source patterns, and the WT in Finnish
peatlands.
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Remote sensing tools

Pt i
K3 =
Satellite imagery LiDAR
(Sentinel-1, Sentinel-2, Landsat) (UAV surveys)
Geospatial data
Remote sensing data: Environmental data:
» Spectral bands: Blue, Red, Green, RE, * Climate: Temperature, GDD, WAB

NIR, SWIR
» Topography and hydrology: DEM, TWI
» Spectral indices: EVI, NDVI, SAVI,
MNDWI, NDMI, NDWI » Site characteristics: drainage status,
site fertility, tree mean volume

Modelling and applications

Species distribution models — Machine learning
(MaxEnt, Random forest)

«

i c

Potential suitable Potential GHGs Water table dynamics
habitat distribution distribution

Figure 3. Framework of multi-source geospatial data and modelling applications. Abbreviations
used in this figure are defined in the list of abbreviations. lllustrations sourced from Freepik (www.
freepik.com), used under the Freepik Free License.

Given the broad scope of this aim, the thesis is divided into three specific objectives
(01-03), cach addressed by a total of 10 research questions (RQs):

O1: To evaluate whether environmental data can be used to predict how
restoration and climate change together affect the distribution of Finland’s
red-listed peatland plant species at the national scale (Paper I).

Based on previous modelling studies on peatland restoration (e.g. Tolvanen et al. 2020),
increasing restoration extent is expected to enhance potential habitat suitability for
red-listed peatland plant species, although responses may vary among species groups.
Environmental vatiables related to drainage and climate are expected to be key predictors
of species occurrence (Saarimaa et al. 2019). While restoration is generally expected to
increase habitat suitability, climate change may have mixed or negative effects depending
on the species. Species distributions are also expected to shift geographically under future
climate scenarios (Ma et al. 2022). Therefore, I addressed the following research questions:


http://www.freepik.com
http://www.freepik.com
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RQ1l: How well do models based on environmental data perform in predicting the
occurrence of red-listed peatland plant species?

RQ2: Which environmental data are the most important in explaining the occur-
rence of red-listed peatland plant species?

RQ3: How do restoration scenarios and projected climate change affect
the availability of potential suitable habitats for red-listed peatland species?

RQ4: How do species’ latitudinal distribution patterns and richness change under
different restoration and future climate scenarios?

02: To evaluate whether environmental and satellite data can be used to detect
potential peatland GHG sinks and sources at the national scale (Paper II).

Based on previous studies using environmental and RS data to model peatland GHG
dynamics (e.g. Parkkari et al. 2017; Risdnen et al. 2021), both environmental and RS
datasets are expected to provide meaningtul predictive power for detecting GHG sinks
and soutces at the landscape scale. Environmental vatiables related to site conditions,
such as drainage intensity and fertility, are expected to play a key role in explaining
GHG balances (Parkkari et al. 2017), while RS variables capturing surface moisture
and topography are also expected to be important predictors (Ridsdnen et al. 2021).
Therefore, I addressed the following research questions:

RQ5:  How does model performance differ among environmental, RS, and combined
datasets?

RQG6: Which environmental and RS variables are most important for predicting
potential GHG sinks and sources?

RQ7: How do prediction maps differ between models using environmental, RS, and
combined datasets?

In this study, the term “GHG sinks/sources” is used to describe gas-specific fluxes
rather than an aggregated GHG balance. CO,, CH,, and N,O fluxes were modelled
separately, and peatlands may simultaneously function as CO, sinks and CH, sources.

03: To investigate whether environmental data improve RS-based models of the
WT at the local scale (Paper III).

Based on previous studies applying RS to model peatland WT (e.g. Isoaho et al. 2023;
2024), RS data are expected to provide meaningful predictive power for estimating WT
at the local scale. Variables derived from RS, particularly those related to surface moisture
and vegetation characteristics, ate expected to contribute substantially to WT model
performance. Environmental variables describing site conditions, such as topography,
may further improve WT model performance when combined with RS data. Therefore, I
addressed the following research questions:

RQ8: Do environmental data improve the performance of RS-based WT models at the
local scale?

RQ9:  Which environmental and RS variables contribute most to model performance?

RQ10: How do prediction maps differ between RS-only models and models that
clude environmental data?
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2 Materials
2.1 Study sites

Papers I and 11 were conducted at the national scale across Finnish peatlands (Figure 4).
The country was divided into a spatial grid, excluding cells with less than 10 % peatland
cover based on the peatland drainage status map from the Finnish Environmental
Institute (2009). In Paper I, the grid resolution was 25 ha (500 m X 500 m), while in
Paper 11, the resolution was 1 ha (100 m X 100 m) due to the high resolution of RS
data used.

Paper I1I was catried out at the local scale in two regions of Finland (Figure 4). In
northern Finland, the Pallas region includes two aapa mire complexes, Matorovansuo
and Vilisuo, which were partially drained in the 1960s but still contain wet open areas
with typical northern mire vegetation, such as Carex magellanica, Eriophorum vaginatum,
and Sphagnum lindbergii. The sites have flark—string microtopography. In southern
Finland, Lettosuo is a nutrient-rich drained peatland forest that was first drained in
the 1930s—1960s and experimentally harvested in 2016 with three treatments: clearcut,
partial cut, and control (Korkiakoski et al. 2023). The site is dominated by Picea abies,
Pinus sylvestris, and Betula pubescens.

2.2 Field data

Datasets on red-listed peatland plant species occurrences, GHG sinks and sources,
and water table dynamics were used in this thesis (Table 1). In Paper I, presence-only
records of 27 red-listed peatland vascular plant and bryophyte species were obtained
from the national database (Hyvitinen et al. 2019), which compiles observations from
professionals, amateurs, herbatia, and scientific literature. Records were filtered to
include only records with (i) collection dates from 2000 onwards, (ii) spatial accuracy of
< 100 m, (iii) at least 10 records per species, and (iv) occurrences located in undrained
peatlands. The filtered data were classified into northern boreal, middle boreal, and
southern boreal zones according to the dominant occurrence of each species.

In Paper 11, field-based measurements of annual CH,, CO,, and N,O fluxes were
compiled from long-term monitoring sites across Finland, representing drained,
rewetted, and undrained peatlands (Korkiakoski et al. 2019; Minkkinen et al. 2018, 2020;
Ojanen et al. 2010, 2013, 2018, 2019). Measurements were conducted mainly during the
snow- and frost-free seasons. Each site was classified as a GHG sink (negative or zero
annual balance) or source (positive annual balance), separately for each gas (CO,, CH,,
and N,O). At sites equipped with eddy covariance systems, ecosystem CO, exchange
was derived directly from continuous flux measurements. At chamber-only sites, ecosys-
tem-scale CO, balance was reconstructed by combining modelled soil CO, net exchange
and tree stand carbon accumulation. Soil CO, net exchange was estimated based on
annual decomposition and litter input following Ojanen et al. (2012), while CO, uptake
by vegetation was quantified from tree stand biomass increment derived from forest
inventory measurements (Ojanen et al. 2010, 2013, 2019). The total ecosystem CO,
balance was then calculated as the difference between tree stand CO, uptake and soil
CO, emissions. Sites were classified as CO, sinks or sources based on the sign of this
combined annual balance. In total, the dataset included 47 sinks and 56 sources for CH,,
39 sinks and 37 sources for CO,, and 1 sink and 102 sources for N, O.
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Figure 4. Study sites across Finland used in Papers I-ll. Orthophotos were obtained from the National

Land Survey of Finland (2025).

In Paper III, WT data were collected from both Pallas and Lettosuo. In the Pallas
region, the WT was manually measured at 169 plots (72 in open and 97 in treed
areas) from 23-25 July, 2023. In Lettosuo, continuous WT data were collected with
25 automatic loggers (3 in clearcut, 15 in partial cut, and 7 in control areas) during
the 2017-2023 growing seasons. Data were recorded hourly and aggregated to daily
averages. The WT was expressed relative to the local peat surface, with negative values
indicating below-surface levels and positive values indicating above-surface levels.
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Table |.Summary of the field data. CH4 = methane; CO2 = carbon dioxide; NZO = nitrous oxide;
WT = water table.

Paper(s) | Variable Unit Number.of Measurement / Inventory method
observations
| Red-listed - 8734 National red-list database (Hyvarinen et al.,
peatland 2019); field and herbarium observations.

plant species

Il CH, gm? 103 Static (closed) chambers, with fluxes
yr! determined from gas samples collected
from chamber headspace at regular
intervals.
I Co, gm?2 |76 Eddy covariance (ecosystem-scale net CO,

o exchange) and closed chamber techniques

" (soil and forest floor respiration).
Il N,O gm?? 103 Static (closed) chamber method, with gas
yr! samples analysed from chamber headspace.
1] WT cm 194 Manual measurements in Pallas, where

WT depth was measured using perforated
plastic tubes installed in the peat.The water
level inside each tube was equalised by
gently blowing through an elastic hose, and
the distance from the water surface to the
peat surface was measured with a ruler.
Automatic loggers were used in Lettosuo.

2.3 Environmental data

Environmental data used as predictors in Papers I-111 represented climatic, hydrological,
topographic, and site characteristics (Table 2 and Table 3). In Paper I, baseline climatic
variables (GDD, WAB, and January temperature [T]an|) from 1981-2010 and future
projections for 2040-2069 and 2070-2099 under Representative Concentration Pathways
(RCPs) 2.0, 4.5, and 8.5 were obtained from the Finnish Meteorological Institute (Aalto
2023; Heikkinen et al. 2020) in 50 m resolution. Hydrological and topographic conditions
were represented by the TWI (Beven & Kirkby 1979). Site characteristics were described
by the proportions of undrained, drained, and open peatlands; site fertility types (ST);
and mean tree volumes of pine, spruce, birch, and other broad-leaved species. The
presence of calcareous rock was included, as many red-listed peatland plant species
require calcareous substrates. In addition, four restoration scenarios were simulated
for all grid cells containing drained peatlands. These scenarios represented 0 %, 30 %,
50 %, and 100 % restoration of drained peatlands (RESTO-REST100) by proportion-
ally adjusting the drained and undrained peatland cover to reflect potential restoration
outcomes (Tolvanen et al. 2020). The continuous variables wete resampled to a 500 m
resolution using the average method, while the categorical variables were resampled
using the majority rule to preserve dominant class.

In Paper II, climatic variables (GDD, WAB) were derived from the Finnish
Meteorological Institute for 1990-2013 (Pirinen et al. 2012) in 1 km resolution.
Topography was represented by the TWI, while site characteristics were represented
by the proportions of undrained and drained peatlands, four site fertility types, and



mean root biomass of spruce, pine, and other broad-leaved trees. The variables were
resampled from the original resolution to 100 m resolution by using nearest neighbour

interpolation.

Table 2. Environmental data used as predictors in Papers I-ll. Abbreviations used in this table are

defined in the list of abbreviations.

Christiani: Integrating multi-source geospatial data to monitor peatland...

Spatial resolution (m)

Variable Unit Data source

Paper | Paper Il
Climatic
Mean GDD °C days 50 1000 FMI
Mean annual WAB mm 50 1000 FMI
Mean TJan °C 50 - FMI
Projected mean GDD °C days 50 - FMI
Projected mean annual WAB | mm 50 - FMI
Projected mean T)an °C 50 - FMI
Hydrological and topographic
TWI - 10 10 NLS, DEM
Site characteristics
UNDRAINED % 25 25 Syke
DRAINED % 25 25 Syke
OPEN % 16 - Syke
STI-HERB % 16 16 Luke, MS-NFI
ST2-BILB % 16 16 Luke, MS-NFI
ST3-LING % 16 16 Luke, MS-NFI
ST4-SHRUB % 16 Luke, MS-NFI
ST6-LICHEN % 16 16 Luke, MS-NFI
ROCK - 1:200 000 - GTK
PINE m3/ha 16 - Luke, MS-NFI
SPRUCE m’/ha 16 - Luke, MS-NFI
BIRCH m3/ha 16 - Luke, MS-NFI
OTHER m?/ha 16 - Luke, MS-NFI
ROOT_BIOMASS 10kg/ha - 16 Luke, MS-NFI
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Table 3. Environmental data used as predictors in Paper lll. DTM = digital terrain model; UAV =
uncrewed aerial vehicle; LIDAR = Light Detection and Ranging; NLS = National Land Survey of
Finland.

Source, spatial resolution
Variable Abbreviation | Unit Resolution Resolution
Pallas Lettosuo
(m) (m)
Canopy CHM m | UAV | Airborne |
height LiDAR LiDAR, NLS
model and Finnish
Forest
Centre
SAGA SWiI - |DTM DTM(NLS |2
wetness (UAV- airborne
index LiDAR) LiDAR)
Slope - ° |DTM DTM(NLS |2
(UAV airborne
LiDAR) LiDAR)
Aspect - ° |DTM DTM(NLS |2
(UAV airborne
LiDAR) LiDAR)
Topographic | TPI - | DTM DTM (NLS 2
position (UAV airborne
index LiDAR) LiDAR)
Distance DTD m | Topographic | — Topographic | —
to closest database database
drainage (NLS) (NLS)
Depth to DTW cm | DTM DTM 2
water (UAV (NLS
LiDAR) airborne
LiDAR)

In Paper III, canopy height model (CHM) for Pallas was generated from UAV
LiDAR data, whereas CHM for Lettosuo was obtained from the Finnish Forest Centre
(Table 3). The Lettosuo CHM had an original resolution of 1 m and was detived
from the 0.5 points m? airborne LIDAR data collected by the National Land Survey
of Finland (NLS) in 2019. The Pallas CHM was resampled to one-metre resolution
using the averaging method, after which a three-cell radius mean filter was applied to
represent a more generalised canopy height around the WT plots. The SAGA Wetness
Index (SWI), a topographic wetness index, was calculated from DTM following the
methodology of Ikkala et al. (2022), and a 5 x 5 cell median filter was applied to the
SWI to remove noise. Slope and aspect were also calculated from DTM using a 3 x 3
cell neighbouthood. TPI was calculated from DTM using 5 and 10 m neighbourhood
radiuses (Guisan et al. 1999; Weiss 2011). Distance to the closest drainage (DTD) was
calculated from the topographic database provided by the NLS. Environmental data
were then extracted using buffers with a 15 cm radius for Pallas and a 15 m radius for
Lettosuo. For DTD, the exact distance values from each WT plot were used. For Pallas,
depth to water (DTW; Murphy et al. 2009) index was calculated from the UAV-derived
DTM using stream network initiation thresholds of 0.5, 1, 2, 4, and 10 ha. For Lettosuo,
DTW was obtained from the Natural Resources Institute Finland (Salmivaara 2023)
using the same thresholds as for Pallas.
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2.4 Pre-processing satellite imagery (11-111)

For Paper 11, Sentinel-1 and Sentinel-2 imagery was derived from the European Space
Agency for the years 2019-2023 and processed on Google Earth Engine platform
(Gorelick etal. 2017). To minimise noise in single-date images, representative composites
were generated for three periods of the snow- and frost-free season: eatly summer
(1 May-15 June), midsummer (1 July—15 August), and late summer (1 September—15
October). These periods correspond to different stages of the growing season: Early
summer reflects high water table conditions following snowmelt, midsummer represents
the peak vegetation biomass under reduced water availability, and late summer marks
vegetation senescence and a renewed rise in water levels. Multi-year averages were
calculated to represent typical seasonal conditions, alighing with the multi-year field
data. Because of frequent late-summer cloud cover, Sentinel-2 composites were limited
to early summer and midsummer periods.

Sentinel-1 Ground Range Detected products (ascending orbit) were used after
standard pre-processing (thermal noise removal, radiometric calibration, and terrain
correction using ASTER DEM). For each petiod, median composites were produced
for the VV (vertical transmit, vertical receive) and VH (vertical transmit, horizontal
receive) polatisation bands, and their ratio (VV/VH; heteafter Polatisation ratio) was
included as an additional variable.

Sentinel-2 Level-2A surface reflectance data were filtered to a maximum cloud cover
of 20 %. Remaining clouds, shadows, and snow were masked using the Scene Land
Cover classification. From the unmasked areas, mosaics were produced using the 40th
percentile reflectance value per band, which reduced haze and cloud remnants more
effectively than median compositing (Pitkdnen et al. 2024). The CloudScore+ algorithm
(Pasquarella et al. 2023; see Paper III) was not used because it was not available at
the time of the analysis. Nine spectral bands were retained, excluding bands 1, 9, 10
(60 m resolution) and 8A (narrow NIR). Four spectral indices were then calculated
(Table 4). To harmonise with the 100 m resolution of the environmental predictors,
all Sentinel-based layers (Sentinel-1: 20 m; Sentinel-2: 10 m) were resampled using the
nearest-neighbour method.

For Paper 111, Sentinel-2 Level-2A surface reflectance data were processed for the
growing seasons of 2017-2023 using Google Earth Engine. Images with cloud cover
exceeding 30 % were discarded, and the CloudScore+ algorithm (Pasquarella et al.
2023) was applied to mask remaining clouds and shadows using a threshold value of
0.7 on the CloudScore+ cs_cdf layer. Snow cover was removed using the Scene Land
Cover classification. All Sentinel-2 spectral bands at 10 m and 20 m resolutions were
included, from which a set of spectral indices was calculated (Table 4). Mean reflectance
and index values were then extracted within a 15 m radius buffer around each logger
location to represent local conditions. Outlier observations (e.g. SWIR transformed
reflectance [STR] < 10, NDVI < 0, EVI outside —1 to 1) were removed, and only dates
providing valid data for all loggers were retained to minimise residual cloud effects.
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g Table 4. Remote sensing variables that are used in Papers Il and Ill. Equations and references are

‘S in Papers II-1ll. UAV = uncrewed aerial vehicle.

S

% Source

] Variable Abbreviation

= Paper Il Paper Il

g

-%- SAR

s Vertical-Vertical polarisation \'A% Sentinel-1 | -

%0 Vertical-Horizontal polarisation VH Sentinel-1 | -

:’ VV/VH polarisation POL Sentinel-1 | —

T Optical

(=]

= Blue reflectance BLUE Sentinel-2 | UAV and Sentinel-2
Green reflectance GREEN Sentinel-2 | UAV and Sentinel-2
Red reflectance RED Sentinel-2 | UAV and Sentinel-2
Red edge reflectance RE - UAV
Red edge reflectance -3 REI-3 Sentinel-2 | Sentinel-2
Red edge reflectance 4 RE4 - Sentinel-2
Near infrared reflectance NIR Sentinel-2 | UAV and Sentinel-2
Shortwave infrared reflectance -2 SWIRI Sentinel-2 | Sentinel-2
SWIR Transformed reflectance STR - Sentinel-2

Vegetation indices

Enhanced Vegetation Index EVI - UAV and Sentinel-2
Green Difference Vegetation Index GDVI - UAV and Sentinel-2
Green Normalised Difference Vegetation Index | GNDVI - UAV and Sentinel-2
Normalised Difference Red Edge Index NDRE - UAV and Sentinel-2
Normalised Difference Vegetation Index NDVI Sentinel-2 | UAV and Sentinel-2
Soil Adjusted Vegetation Index SAVI - UAV and Sentinel-2

Water | moisture indices

Modified Normalised Difference Water Index | MNDWI Sentinel-2 | Sentinel-2
Moisture Stress Index MSI - Sentinel-2
Normalised Difference Moisture Index NDMI Sentinel-2 | Sentinel-2
Normalised Difference Moisture Index 2 NDMI2 - Sentinel-2
Normalised Difference Water Index NDWI Sentinel-2 | UAV and Sentinel-2

2.5 Collecting and processing UAV imagery (lll)

UAYV data were collected in the Pallas region (Vilisuo and Matorovansuo) between 22
and 24 July, 2023 using a DJI Matrice 300 RTK platform equipped with a MicaSense
Altum-PT multispectral camera and a YellowScan Mapper+ LiDAR sensor. The flights
were performed in terrain-following mode, with the UAV referencing the National
Land Survey of Finland 2 m DEM to maintain an altitude of approximately 120 m for
multispectral flights and 100 m for LiDAR flights.
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Multispectral flights were conducted with 70 % forward and 75 % side overlap,
resulting in a ground sampling distance of approximately 5 cm. Radiometric normal-
isation was performed using reflectance panels and the onboard irradiance sensor to
ensure spectral consistency, and trajectory corrections were obtained in real time via
the Trimble VRS network. The Altum-PT imagery was processed in Agisoft Metashape
(v. 2.0.4) using a Structure-from-Motion wotkflow to produce ultra-high-resolution
orthomosaics with ~5 cm spatial resolution. From the spectral bands, a set of moisture-
and vegetation-related indices was derived (Table 4). To link the spectral data with field
measurements, 15 cm-radius buffers were created around each WT monitoring point,
from which area-weighted mean values of spectral bands and indices were extracted.

LiDAR data were collected using the YellowScan Mapper+ system equipped with an
Applanix APX-15 IMU. Flights were carried out at low altitude with high line overlap,
resulting in point densites of approximately 385 pulses m ™2 in Vilisuo and 400 pulses
m? in Matorovansuo. Standard trajectory correction and pre-processing steps were
applied, including ground classification and generation of 20 cm DTMs and DSMs.

3 Methods
3.1 Maximum entropy (I-II)

To model potential suitable habitat based on presence-only data, MaxEnt (Phillips et
al. 2006) was run in R using the dismo package (version 1.3.5; Hijmans et al. 2010). In
Paper I, MaxEnt was used to predict current and future potential habitat suitability for
red-listed peatland plant species in Finland. Fach species was modelled individually
using an identical set of environmental data to enable direct comparison. To reflect
limited dispersal capacity, a 20 km dispersal constraint was applied (O’Connell et al.
2013). Models wete run for the baseline period (1981-2010) using historical climate
data, and for two future periods (2040-2069 and 2070-2099) under three GHG con-
centration trajectories (RCP2.6, RCP4.5, and RCP8.5) and four restoration scenarios—0
%, 30 %, 50 %, and 100 % (RESTO0, REST30, REST50, REST100)—to predict changes
in potential suitable habitat for each species.

In Paper II, the MaxEnt was used to predict the spatial distribution of CO,, CH,,
and N, O sinks and sources across Finnish peatlands. Following Parkkari et al. (2017),
each measured sink or source was treated as an occurrence point. To reduce pixel-level
noise, mean values of all predictors within a 50 m buffer around each observation and
background point were extracted prior to modelling. Separate models were developed
for CO,, CH,, and N,O sinks and sources (the N, O sink was excluded due to limited
data). Three predictor sets were tested: (1) environmental, (2) satellite, and (3) combined.

For both Papers I and 11, 10,000 randomly located background points were generated
to account for sampling bias (Barbet-Massin et al. 2012). Although MaxEntis considered
relatively robust to correlated predictors due to its regularisation framework, multicol-
linearity was still reduced by selecting variables with pairwise |Spearman correlation |
< 0.7 to improve interpretability. Model performance was assessed using cross-valida-
tion (fivefold in Paper I, tenfold in Paper II). In Paper I, performance was quantified
using the area under the receiver operating characteristic curve (AUC), the continuous
Boyce index (CBI), and the true skill statistic (T'SS), whereas in Paper 11, only the AUC
was calculated. The difference in the choice of evaluation metrics between Papers I and
1T was due to criticism of the AUC as a sole performance measure in SDM (Fernandes
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et al. 2019; Manzoor et al. 2018). Model stability in Paper 1I was further evaluated by
comparing training and testing AUC values (Parviainen et al. 2013).

The importance of predictors in Papers I and II was evaluated using permutation
importance, which measures the decrease in model performance when the values of
a predictor are randomly permuted. This approach was chosen because it reflects the
independent contribution of each variable to model accuracy and is less influenced by
correlations among predictors compared to MaxEnt’s default variable contribution. For
Paper 11, predictor importance was further refined using backward stepwise variable
selection due to the larger number of predictors compared to Paper I, to reduce model
complexity and remove variables with little contribution without compromising model
petformance. The final models were used to generate spatial prediction maps.

Continuous suitability maps from MaxEnt were converted to binary maps using the
maximum training sensitivity plus specificity threshold (Liu et al. 2013). In Paper 1, the
binary maps were used to quantify potential habitat loss and gain between current and
future conditions and to estimate potential latitudinal shifts, calculated as the north—south
displacement between potential habitat centroids. To assess species richness, binary maps
of all modelled species were stacked and summed, and potential suitable habitat change
was quantified as the difference between current and projected richness. In Paper 11, the
binary maps were used to visualise the distributions of potential GHG sinks and sources
across the study area.

3.2 Random forest (llI)

For Paper 111, RF regression (Breiman 2001) was done in R (R Core Team 2025). Prior
to model development, variable selection using random forests (VSURF; Genuer et al.
2015) was applied to identify the most relevant predictors. VSURF petrforms a three-step
procedure—thresholding, interpretation, and prediction—to iteratively remove irrelevant
and redundant variables based on variable-importance metrics. The selection process was
repeated 10 times, and all variables that were selected in any iteration were retained to
ensure stability (Putkiranta et al. 2024).

Final RF models were trained with 500 trees, and the optimal number of vatiables
randomly sampled at each split (mtry) was determined using the tuneRF function in the
caret package (Kuhn, 2008). Separate models were constructed for each study region and
data combination. In Pallas, a combined model including all area types was built, as well
as separate models for the treed and open areas using UAV-based data alone and UAV
plus environmental data (UAV-ENV). In Lettosuo, models were developed for each
harvesting treatment (clearcut, partial cut, control) using satellite (SAT) and combined
SAT-ENV data.

Model performance was evaluated using cross-validation methods that matched
the data structure at each site. At Pallas, each location had a single WT measurement.
Therefore, to account for spatial autocorrelation, spatial block cross-validation was used.
The area was divided into 100 m blocks, based on variogram analysis and a block-size
sensitivity test. Blocks were randomly assigned to five folds. Models were trained on four
folds and tested on the remaining fold. This procedure was repeated 100 times using
different random seeds.

At Lettosuo, WT was measured repeatedly at the same locations over several years,
while environmental variables are constant. To avoid information leakage due to this
spatiotemporal structure, spatiotemporal cross-validation was applied. Test folds were
defined by unique plot—year combinations, and training data included all other plots and
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years. The cross-validation was repeated ten times using different random seeds. Variable-
importance scores for both Pallas and Lettosuo were averaged and scaled to sum to 100.

The eftects of individual predictors on the WT were examined using partial dependence
plots. For each predictor, partial dependence plots were computed on a regular grid of
predictor values while averaging over all other variables. Ensemble-level partial dependence
plots wete obtained by alighing results across all model runs and summarising the mean
effects and 95 % intervals.

Finally, spatially continuous WT' maps wete produced by upscaling the RF predictions
to raster grids. Prior to upscaling, anthropogenic features such as roads and duckboards
were masked out. All optical and environmental layers were resampled to 1 m resolution
in Pallas and 10 m resolution in Lettosuo. For Lettosuo, cloud-free Sentinel-2 images from
early summer (18 May, 2019), midsummer (15 July, 2018), and autumn (10 September,
2019) were used to generate prediction maps, capturing seasonal vatiation in WT depth
during the growing season.

4 Results

4.1 Predicting climate and restoration effects on red-listed peatland
species with environmental data (1)

Models for 21 of 27 species performed well with average test AUC = 0.93, CBI = 0.84,
TSS = 0.77 (Figure 5A). Six species with low model performance (TSS < 0.5, CBI < 0.6)
were excluded from further analyses. On average, species occurrence was most strongly
explained by proportion of undrained peatlands (28.8 %), followed by mean January
temperature (15.6 %) and mean growing degree days (13.7 %; Figure 5B). Proportion of
undrained peatlands was the top predictor for 14 species, while mean January temperature
and growing degree days were most important for only two species each.

Restoration increased the predicted potential suitable habitat for all species groups, reflecting
the strong influence of drainage-related variables. Middle boreal species showed the largest gains
in predicted potential suitable habitat from RESTO to REST100, northern boreal species showed
moderate gains, and southern boreal species showed the smallest increases (Figure 6A).

Climate change scenarios further affected the availability of predicted potential
suitable habitat expansion and loss. Under RESTO0, middle boreal species had the highest
expansion across all climate change scenarios but also substantial predicted potential
habitat losses. Northern boreal species showed moderate predicted potential habitat gains
but experienced large losses under RCP4.5 and RCP8.5. Southern boreal species showed
smaller, more stable predicted potential suitable habitat changes with relatively limited
losses. Predicted potential habitat losses intensified under more severe climate scenatrios,
particulatly for northern and middle boreal species.

When restoration and climate change effects were combined, restoration clearly
mitigated potential habitat losses. Under RCP2.6, all species groups showed consistent
patterns, with greater restoration (REST100) leading to higher potential habitat expansion
and slightly reduced loss compared to REST0. Under RCP8.5, restoration still increased
potential suitable habitat and reduced loss, but its effectiveness diminished towards
2070-2099—especially for northern and middle boreal species, for which expansion
decreased and loss increased. Southern boreal species, unlike northern and middle boreal
species, showed greater potential habitat expansion under RCP8.5 in 2080—2099.
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Figure 5. (A) Model performance for the 21 red-listed peatland plant species included in Paper
I, shown as mean + min—max range for training and test AUC, CBI, and TSS. (B) Permutation
importance of environmental data used in the species distribution models. Boxes show the
median and interquartile range across species. Abbreviations used in this figure are defined in the
list of abbreviations.

A clear south-to-north gradient was observed in migration distances (Figure
6B). Southern boreal species showed the largest northward shifts (< 142 km), while
northern boreal species shifted < 80 km. Without restoration, extreme climate change
scenatios (RCP4.5 and RCP8.5) produced greater northward movements than RCP2.6.
Restoration generally reduced the magnitude of these shifts. For instance, under
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Figure 6. (A) Projected changes in potential suitable habitat area for northern, middle, and
southern boreal species under different Representative Concentration Pathway (RCP) scenarios
and restoration levels (RESTO—REST100) for 2070-2099 compared to the current distribution.
Bars represent minimum and maximum values across individual species, with positive values (above
zero) indicating potential habitat expansion and negative values (below zero) indicating potential
habitat loss. Dashed lines with markers show mean values for all species for both expansion
and loss. (B) Projected latitudinal shifts (km) for northern, middle, and southern boreal species
under different RCP and restoration scenarios for 2040-2069 to 2070-2099 compared to the
current distribution. Positive values indicate northward movement, while negative values indicate
southward movement.

REST100 and RCP2.6, middle boreal species shifted 77.5 km in 2040—2069 compared
to 84.9 km under REST0. Under RCP8.5, the reduction was notable, particularly for
northern boreal (from 79.5 km under RESTO to 70.7 km under REST100 in 2040-2069)
and southern boreal species (from 137.1 km under RESTO to 132.3 km under REST100
in 2070-2099).

Across both 2040-2069 and 2070-2099, moderate increases in species richness were
most pronounced in the northern and middle boreal regions under RCP2.6 (Figure 7A).
However, by 2070-2099, under RCP8.5, richness declines emerged in northern boreal
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zone, and this negative trend persisted even with restoration. In other cases, restoration
consistently increased red-listed species richness across all boreal zones (Figure 7B).
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Figure 7. (A) Predicted changes in species richness of red-listed peatland plant species under
different Representative Concentration Pathway (RCP) scenarios and restoration levels (RESTO-
REST100) for 2040-2069 to 2070-2099 compared to the current distribution. Different colours
(from red to blue) indicate the magnitude of richness change. (B) Frequency of grid cells showing
richness changes under different RCP and restoration scenarios for 2040-2069 to 2070-2099
compared to the current distribution. Positive values (above zero) indicate potential habitat
expansion, and negative values (below zero) indicate potential habitat loss.
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4.2 Detecting potential peatland GHG sinks and sources using environ-
mental and satellite data (Il)

The combined models (ENV-SAT) consistently performed the best, with average
AUCs of 0.91 for training and 0.85 for test data (Table 5). Models based solely on envi-
ronmental data performed almost similatly to the ENV-SAT models, with mean AUCs
of 0.88 and 0.81 for the training and test sets, respectively. By contrast, models using
only satellite variables had lower AUCs, with mean AUCs of 0.82 (training) and 0.76
(test). Model stability, assessed using AUC stability across folds, was similar across all
models with an average AUC stability of 0.93.

Table 5. Model performance based on area under the receiver operating characteristic curve
(AUC) values for detecting greenhouse gas (GHG) sinks and sources using environmental (ENV),
satellite (SAT), and combined (ENV-SAT) data. Best performance per row is shown in bold.

Metric GHG Type ENV SAT ENV-SAT
Train AUC CH, sink 0.88 0.82 0.91
CH, source 0.88 0.85 0.92
CO, sink 0.86 0.74 0.90
CO, source 0.87 0.85 0.91
N,O source 0.90 0.85 0.92
Test AUC CH, sink 0.84 0.75 0.84
CH, source 0.83 0.81 0.87
CO, sink 0.74 0.66 0.78
CO, source 0.78 0.80 0.85
N,O source 0.86 0.8l 0.88
AUC Stability CH, sink 0.95 091 0.93
CH, source 0.95 0.96 0.95
CO, sink 0.87 0.89 0.87
CO, source 0.90 0.93 0.93
N,O source 0.96 0.95 0.96

Variable importance analysis showed clear differences among environmental, satellite,
and combined models (Table 6). In models using only environmental predictors, GDD
was consistently the most influential variable, particularly for CH, sinks and N,O
sources, and also ranked highly in othert GHG models. Proportion of undrained and
drained peatlands and water balance were important across CH, and CO, sources, while
site fertility contributed moderately.

In SAT models, Sentinel-2 variables were generally dominant, except for the CO,
sink, where Sentinel-1 VH backscatter (late summer VH) was the most important
predictor. Among individual bands and indices, early summer Blue band and midsummer
RE1 band were most influential for CH, sinks and CO, sources, respectively, while

55:6

suopyediqnd jesiydea8oas eip.aou

4l



(9]
(%
o

nordia geographical publications

42

Christiani: Integrating multi-source geospatial data to monitor peatland...

midsummer NDMI and early summer MNDWT were key predictors for CH, and N,O
sources (Table 06).

When environmental and satellite variables were combined, the models selected both
data types among the top predictors. Proportion of undrained peatlands was the most
influential variable for CH, and CO, sinks, water balance for N,O sources, and early
summer MNDWI and midsummer RE1 for CH, and CO, sources, respectively. The
top three most important variables in most cases comprised a mixture of environmental
and satellite data, except for CO, sinks, which relied entirely on environmental variables.
These patterns highligcht the complementary roles of environmental and satellite data in
explaining spatial variability in potential peatland GHG sinks and sources.

Table 6. Top three environmental (ENV) and satellite (SAT) variables in the final models of each
greenhouse gas sink and source (CH,, CO,, N,O) based on permutation importance values.
Abbreviations used in this table are defined in the list of abbreviations.

Permuta-
Permuta- SAT tion Permuta-
Model | ENV tion impor- impor- ENV-SAT tion impor-
) 0,
tance (%) tance (%) tance (%)
Mean GDD | 35.4 ES_Blue 18.8 UNDRAINED | 23.2
S‘f:l': UNDRAINED | 27.6 MS_REI 18.8 Mean GDD | 17.7
ST4-SHRUB | 1538 Ms_NDWI | 165 MS_NDWI | 14.9
DRAINED | 306 Ms_NDMI | 17.9 ES_MNDWI | 13.4
CH, |MeanGDD | 1838 ES_RED 13.8 Mean GDD | 11.7
source —
MeanWAB | 17.2 Ms_NDVI | 135 MS_NDVI | 111
ST2-BILB 19.1 LS_VH 63.5 UNDRAINED | 15.4
scir% UNDRAINED | 17.4 MS_Blue I5.1 Mean GDD | 12.3
ST3-LING 17.1 ES_Blue 95 DRAINED | 10.9
UNDRAINED | 35.4 MS_REI 335 MS_REI I8.I
CO, IpRAINED [273 ES_NIR 189 UNDRAINED | 17.1
source —
Mean GDD | 14.7 ES_RE2 55 Mean GDD | 14.1
Mean GDD | 288 ES_MNDWI | 17.8 MeanWAB | 17.0
NO | MeanWAB |273 ES_RED 1.8 Mean GDD | 16.5
source
DRAINED | 19.8 Ms_MNDWI | 8.4 ES_NIR 15.8

Across all GHGs, prediction maps from ENV and ENV-SAT models showed
similar occurrence patterns. SAT-based models tended to extend predicted GHGs
occurrence northward relative to ENV and ENV-SAT models. For CH,, all models
predicted sink occurrence mainly in central to southern Finland (Figure 8A—C), with
SAT data predicted slightly larger sink extents and pushing predicted source areas farther
north than ENV and ENV-SAT models (Figure 8B and E). For CO,, ENV and ENV-
SAT models predicted strong sink and source occurrence primarily in western, middle,
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and southern Finland (Figure 9A, C, D, F), whereas SAT models additionally showed
high-probability sink and source occurrence in the northwest and northeast region
(Figure 9B and E). For N,O, ENV and ENV-SAT models showed source predictions
in western to southern Finland (Figure 10A, C), while SAT models predicted a more
dispersed pattern extending from northern to southern regions (Figure 10B).

CH, sink

CH, source

100 200300 km

ENV SAT ENV-SAT

Figure 8.Predicted probability of CH, sinks (A-C) and sources (D-F) from environmental (ENV),
satellite (SAT), and combined (ENV-SAT) variables. Black dots represent field measurement sites
of CH, fluxes.

55

iy

suonyesiqnd [earyde.aSoa8 eipiou

43



55:6 Christiani: Integrating multi-source geospatial data to monitor peatland...

nordia geographical publications
CO; sink

CO, source

100 200300 km

ENV SAT ENV-SAT

Figure 9.Predicted probability of CO, sinks (A—C) and sources (D-F) from environmental (ENV),
satellite (SAT), and combined (ENV—-SAT) variables. Black dots represent field measurement sites
of CO, fluxes.
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N,O source

SAT ENV-SAT

Figure 10. Predicted probability of N,O sources (A-C) from environmental (ENV), satellite
(SAT), and combined (ENV-SAT) variables. Black dots represent field measurement sites of N,O
sources.
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4.3 Improving RS-based WT models with environmental data (l1I)

The inclusion of environmental data generally improved the predictive performance
of RS-based WT models in both study sites (Table 7). In Pallas, incorporating environ-
mental predictors substantially increased the mean R? in the combined area from 0.34
to 0.50, while also reducing RMSE from 12.25 cm to 10.74 cm. Similar improvements
were observed in the open and treed areas, where mean R? increased from 0.29 to 0.41
and from 0.23 to 0.42, respectively, accompanied by consistent decreases in RMSE.

In Lettosuo, SAT-ENV models also generally showed the highest accuracy. Mean R?
increased from 0.39 to 0.49 in the combined area and from 0.42 to 0.51 in the partial
cut area, accompanied by decreases in RMSE (13.63 to 12.04 cm and 12.87 to 10.99
cm). SAT-ENV WT model in control area showed the highest R? (0.59) but also the
highest RMSE (12.19 c¢cm) among SAT-ENV WT models. In the clearcut area, the
improvement in R? was minimal, with an increase of 0.01 from 0.16 to 0.17.

In Pallas, the NDVI was the most influential predictor in the combined and SAVI
in open area and SWI in treed areas (Figure 11). From the ENV data, TPI_10m was
an important predictor in both combined and open area, whereas DTW_10 ha was
also among the important predictors in the treed areas. From the UAV data, vegetation
indices (GDVI, EVI, BLUE) and the water index (NDWI) were among the most
important predictors. The SWI showed a positive dependence with predicted WT, with
values increasing steadily across its range. NDWI also showed a positive dependence,

Table 7. Model performance (mean R* and RMSE) of water table models in Pallas and Lettosuo.
UAV refers to uncrewed aerial vehicle, ENV refers to environmental data, and SAT refers to
satellite data.

Location Area type Model Mean R? Mean RMSE (cm)
Pallas Combined UAV 0.34 12.25
UAV-ENV 0.50 10.74
Open UAV 0.29 12.00
UAV-ENV 0.41 10.96
Treed UAV 0.23 12.86
UAV-ENV 0.42 11.19
Lettosuo Combined SAT 0.39 13.63
SAT-ENV 0.49 12.04
Clearcut SAT 0.16 8.57
SAT-ENV 0.17 826
Control SAT 0.49 16.71
SAT-ENV 0.59 12.19
Partial cut SAT 0.42 12.87
SAT-ENV 0.51 10.99
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Figure | 1. Partial dependence plots for the most influential predictors in the Pallas site based
on UAV-ENV models. Each panel shows the marginal effect of a single UAV (pink line) or ENV
(purple line) variable on the predicted WT (cm). The blue line represents the average partial
dependence, illustrating how changes in each predictor are associated with a higher or lower WT.
Shaded green areas indicate the 95 % confidence intervals. Percentages in parentheses next to
each subplot title show the relative importance of the variable within the model. Only the four
most important predictors per model are shown for A) combined, B) open, and C) treed areas.
Full sets of partial dependence plots are provided in Paper lI.

but the curve became flat at higher NDWI values. In contrast, both TPI variables and
all vegetation indices showed non-linear negative dependences.

In Lettosuo, CHM was the most influential predictor in the combined and partial
cut areas, while SAVI and red-edge bands (RE2, RE3, RE4) contributed most in the
clearcut area and DTW_10 ha in the control area (Figure 12). NDMI2 and NDVI were
also important across the models. CHM showed relatively stable responses followed
by a sharp decline at higher values. In the clearcut area, SAVI and red-edge bands
showed consistent negative relationships with predicted water table. Notably, NDMI2
showed decreasing predicted WT with increasing values, while DTW showed increasing
predicted WT with increasing values.
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Figure 12. Partial dependence plots for the most influential predictors in the Pallas site based on
SAT-ENV models. Each panel shows the marginal effect of a single SAT (pink line) or ENV (purple
line) variable on the predicted WT (cm).The blue line represents the average partial dependence,
illustrating how changes in each predictor are associated with a higher or lower WT. Shaded green
areas indicate the 95 % confidence intervals. Percentages in parentheses next to each subplot title
show the relative importance of the variable within the model. Only the four most important
predictors per model are shown for A) combined, B) clearcut, C) control,and D) partial cut areas.
Full sets of partial dependence plots are provided in Paper Ill. Abbreviations used in this figure are
defined in the list of abbreviations.

The upscaled WT maps in Pallas showed distinct spatial heterogeneity (Figure 13).
Strings exhibited lower WT values than the wetter flarks, and treed areas appeared
consistently drier than open areas. The UAV-ENV models captured this fine-scale
variability more realistically than UAV-only models, showing a lower predicted WT and
higher spatial heterogeneity, particularly in treed areas.
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Mean field-measured water table: -11.44 + 14.89 cm (Matosuo); -11.95 + 15.73 cm (Valisuo)
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Figure 13. Spatially upscaled water table in Pallas region based on UAV models (columns [-2)
and UAV-ENV models (columns 3—4), with either combined models for all areas or separate
models for open and treed peatlands. UAV = uncrewed aerial vehicle data; ENV = environmental
data. Orthophotos were obtained from the National Land Survey of Finland (2025).

Upscaled WT maps in Lettosuo showed spatial and temporal variation (Figure
14). Across all seasons, the control area remained the driest, while the partial cut
and clearcut areas were consistently wetter. Temporal variation was evident as WT
generally declined from eatly summer to midsummer and autumn. Including environ-
mental variables increased spatial heterogeneity and enhanced differentiation among
treatments, particularly during midsummer and autumn..
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T
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Figure 14. Spatially upscaled water table in Lettosuo across three seasonal periods (early
summer, midsummer, and autumn) based on SAT and SAT-ENV models with combined models
for all areas or separate models for the different treatments (clearcut, control, partial cut). SAT
refers to satellite data, and ENV refers to environmental data. Orthophotos were obtained from
the National Land Survey of Finland (2025)
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5 Discussion

Multi-source geospatial data can be used to monitor various aspects of peatlands at
national and local scales. In Paper I, models using environmental data were able to
predict potential suitable habitats for red-listed species at the national scale and to show,
through climate and restoration scenarios, how their potential distributions may change
in the future (O1). In Paper 11, models using environmental and satellite data could detect
potential peatland GHG sinks and sources at the national scale (02). However, models
based solely on satellite data showed lower predictive performance than models using
environmental data. This likely reflects the fact that the satellite variables used in this
paper do not adequately represent key environmental characteristics, such as wetness
conditions and drainage status, which are important proxies for potential GHG sinks
and sources at this spatial scale. Contrary to initial expectation, combining satellite and
environmental data did not substantially improve model performance compared with
environmental-only models, suggesting that environmental data captured most of the
relevant information for predicting potential peatland GHG sink and source patterns.
Paper 1II showed that the inclusion of environmental variables improves RS-based
model performance for spatial and spatiotemporal WT' dynamics (03). Both UAV-
and satellite-based models achieved higher R? and lower RMSE with environmental
predictors included, indicating that multi-source datasets better capture WT variability
across scales. Model differences between the two sites (Pallas and Lettosuo) were driven
by data characteristics: Pallas WT data represented a single measurement during the
peak of a growing season, while Lettosuo logger data spanned multiple years.

5.1 The role of environmental data in peatland monitoring

Asexpected based on previous studies, the proportion of drained and undrained peatlands
was the most important environmental predictor in both Papers I and 11, indicating that
it serves as a strong proxy for explaining both potential habitat suitability for red-listed
peatland plant species (Saarimaa et al. 2019) and the distribution of potential GHG
sink and soutce areas (Parkkati et al. 2017). Although the drainage-related vatiables
used here represent peatland status rather than direct hydrological measurements (e.g.
WT depth or surface soil moisture), the modelling results suggest that drainage status is
directly linked to both potential habitat suitability and potential GHG sinks and sources.
Undrained peatlands, which have not been used for intensive forestry or agriculture,
maintain high water levels, diverse site fertility, and complex microtopography. These
saturated conditions provide suitable habitats for many specialist species (Saarimaa et al.
2019) and suppress aerobic decomposition and CO, release, which might promote CH,
production. In contrast, drained peatlands experience lowered water levels, increased
oxygen availability, enhanced aerobic decomposition, and increased shrub and tree
invasion. These changes lead to habitat degradation for red-listed plant species (Simild
et al. 2014) and result in greater CO, and N,O emissions (Hyvonen et al. 2013; A. M.
Laine et al. 2019a; Laine et al. 1996).

As hypothesised, higher restoration levels in Paper I led to greater potential habitat
availability for red-listed peatland plant species (Tolvanen et al. 2020). In other words,
increasing the undrained peatlands corresponded to more potential suitable habitat.
However, the assumption that restored sites immediately regain undrained characteris-
tics oversimplifies the gradual and heterogeneous nature of ecological recovery. Restored
peatlands often remain incomplete in their vegetation recovery even after 10-30 years,
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with full recovery seldom achieved (Atkinson et al. 2022; Elo et al. 2024; Kreyling et al.
2021). Thetefore, in this case, environmental data cannot yet represent time-dependent
hydrological or vegetation dynamics, and the modelled outcomes should be interpreted
as potential rather than realised restoration effects.

Consistent with the initial assumption that climatic variables would be important
predictors, climatic variables were also important in Papers I and II. In Paper I, mean
January temperature and growing degree days were among the important predictors,
indicating that temperature plays a significant role in defining potential suitable
habitats (Thuiller et al. 2005). GDD reflects the duration and intensity of the growing
season, while TJan represents the severity of winter conditions affecting plant survival
(Heikkinen et al. 2020; Kérner 2007). Together, these variables effectively delineate
the thermal limits of peatland plant distributions. Furthermore, as assumed, climate
change was found to have mixed effects on potential suitable habitats: while some
species benefited from projected warming, others experienced reductions in suitable
habitat. Additionally, geographical shifts in species distributions were detected under
future climate scenarios, consistent with the expectations outlined in the objectives.
At the same time, the climate projections showed the limits of environmental data:
Although the inclusion of temperature-related variables allowed the models to depict
broad-scale latitudinal shifts and species richness changes, the climate datasets cannot
capture transient or extreme phenomena such as drought, soil subsidence, or complex
feedback between warming and hydrology.

In Paper 1I, mean GDD and WAB were important in explaining spatial patterns of
CH, and N,O. Thus, the variables reflecting regional climate and moisture regimes can
increase model accuracy when combined with drainage-related variables. WAB captures
variation in effective precipitation, which might be linked to peatland wetness. This
aligns with the importance of the WT in regulating peatland GHG fluxes (Evans et
al. 2021; Heikkinen et al. 2024; Koch et al. 2023). Because nationwide WT' data are
not available, broad-scale climatic proxies such as WAB help to compensate for this
gap by approximating moisture conditions. In contrast, CO, fluxes are more strongly
determined by site-specific characteristics such as drainage status and site fertility. Of
the climate variables, GDD could explain photosynthetic activity and CO, uptake (Zhu
et al. 2022), but it may primarily influence the strength rather than whether a specific
area acts as a net sink or source CO, (Groendahl et al. 2007; Kroner & Way 2010).

Site fertility also contributed to model performance in both Papers I and 11. In Paper
I, moderately fertile sites (ST2-BILB) was among the top five most important variables
for predicting the occurrence of peatland red-listed plant species. In Paper II, nutri-
ent-poor sites (ST4-SHRUB) tended to support CH, sinks, whereas moderately fertile
(ST2-BILB) and moderately poor (ST3-LING) sites were associated with CO, sinks.
These relationships likely result from interactions between nutrient limitation, microbial
decomposition, and plant productivity (Bhullar et al. 2013; Hommeltenberg et al. 2014,
Ojanen et al. 2013). Fertile sites release more CO, due to higher respiration rates and
organic matter turnover (Jauhiainen et al. 2016; Maljanen et al. 2010; Ojanen et al. 2013;
Renou-Wilson et al. 2014).

The contribution of topographical variables vatied across Papers I-111. In Papers 1
and 11, the influence of the TWI was minimal. This may partly reflect redundancy with
other environmental predictors, as variables such as drainage status, site fertility, and
climate already capture major gradients in moisture availability relevant for potential
species distributions and potential GHG sinks and sources. When such variables are
included, the TWI may therefore provide limited additional explanatory power. In
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addition, the relatively coarse spatial resolution of the nationwide models likely reduced
the sensitivity of the TWI at the national scale, where fine-scale wetness patterns are
averaged out.

As assumed, environmental variables describing site conditions, such as topography,
improved RS-based WT model performance when combined with RS data. In Paper
111, topography-related predictors were more informative. In Pallas, the SWI showed
a positive relationship with the WT, consistent with theoretical expectations, as it is
derived from topographic modelling of water flow routes and terrain flatness (Béhner
& Selige 20006). The TPI was also important in Pallas. Negative TPI values (depressions)
corresponded to a higher WT, whereas elevated areas (positive TPI) were drier—
consistent with the string—flark topography typical of northern aapa mires (Heiskanen
et al. 2021; Maanavilja et al. 2011). DTW was an important predictor in most WT
models, except in the combined area of Lettosuo. However, the relationship between
DTW and WT was not always as expected. Theoretically, higcher DTW values indicate
greater elevation above the nearest surface water, and are thus generally associated
with drier conditions and deeper water tables (Murphy et al. 2008, 2009), though this
relationship is not necessarily linear and may vary depending on the flow initiation
threshold used. However, in this study, this expected pattern was observed only for
DTW_0.5 ha in Pallas combined and open areas.

CHM did not emerge as an important predictor in Pallas, likely due to sparse tree
cover and the greater influence of macro- and microtopographical variation typical of
northern aapa mires. In contrast, CHM was among the most important variables in
Lettosuo. CHM acts as a proxy for forest structure and stand volume, both of which
directly influence evapotranspiration rates. Previous studies have demonstrated that
WT is closely linked to stand volume, as evapotranspiration from mature and dense tree
stands regulates WT depth during the growing season (Hokkd et al. 2008; Satkkola et al.
2010, 2013). Thus, CHM captures not only canopy presence but also the hydrological
influence of vegetation on peatland water balance.

Distance to the neatest ditch contributed little to the models in Paper III. In the
Pallas combined area, WT increased with distance from the ditch but showed little
change beyond ~50 m. This pattern is consistent with Nimr et al. (2026), who found
that drainage effects on peatland WT extend over several tens of metres, reflecting
ditch spacing needed for effective drainage. The weak influence of this variable in the
models may reflect local heterogeneity in peat properties and hydrological connectivity.
In particular, the hydraulic conductivity of peat decreases sharply with increasing peat
humification (Pdivinen 1969), which likely weakens simple distance-based relation-
ships. In addition, ditch density may play an important role, as the cumulative effect of
multiple ditches located farther away can exceed the influence of a single nearby ditch.
As a result, distance to the nearest ditch alone may be an insufficient predictor of the
WT in landscapes where drainage networks are dense or unevenly distributed.

5.2 The contribution of remote sensing to peatland monitoring

Consistent with the assumption that RS variables capturing surface moisture and
vegetation characteristics would contribute to model performance, Sentinel-2 data
proved useful in explaining spatial patterns of both potential GHG sinks and sources
and peatland WT dynamics across the study sites (Papers 1I and I1I). Sentinel-2 variables
were generally more important than Sentinel-1 in explaining spatial patterns of potential
GHG sinks and sources (Paper 1I), and several vegetation- and moisture-related indices
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derived from Sentinel-2 (e.g. NDVI, NDMI, MNDWI, SAVI, NDRE, and RE indices)
also emerged as important predictors of the WT in Paper III. This aligns with previous
work demonstrating that multispectral optical data can delineate peatlands and wet
areas, capture vegetation and land-cover variation, and approximate soil moisture
conditions (Bourgeau-Chavez et al. 2017; Isoaho et al. 2024; Kolari et al. 2022; Minasny
et al. 2019; Risinen et al. 2022)—features that are closely linked to GHG flux patterns,
as vegetation composition, productivity, and surface wetness influence CH,, CO,, and
N,O emissions. Furthermore, SWIR, NIR, and red reflectance are often found to be
sensitive to changes in peatland hydrology (Harris and Bryant, 2009; Risinen et al.
2022; Isoaho et al. 2023), as they respond to variations in surface moisture. Increased
surface moisture and reduced oxygen availability constrain plant productivity and alter
vegetation composition, leading to lower values of greenness-based indices such as
NDVI and EVI, while moisture-sensitive indices such as NDMI and MNDWT increase
until saturation, after which their response plateaus. Conversely, when the WT drops
below a certain threshold, the capillary connection between the peat surface and deeper
water table weakens, reducing the sensitivity of shorter-wavelength RS signals—
including optical and C-band SAR— to further WT drawdown (Asmuf et al. 2019;
Bechtold et al. 2018; Burdun et al. 2023; Risdnen et al. 2022).

Sentinel-1 variables were generally less influential in most GHG models (Paper 1I),
which is consistent with findings from studies showing that Sentinel-1 C-band SAR
typically shows lower explanatory power than optical data for representing peatland
wetness and WT position, particularly in forested or structurally complex peatlands
(Isoaho et al. 2024; Risdnen et al. 2022). In these environments, C-band SAR backscatter
responds not only to moisture conditions but also to surface roughness and vegetation
structure, which can confound the hydrological signal (Rdsinen et al. 2022). Tree cover
and canopy density have further been shown to strongly affect the sensitivity of satel-
lite-derived signals to peatland WT dynamics, reducing the ability of RS predictors to
capture moisture-driven gradients in more densely vegetated peatlands (Burdun et al.
2023). These factors may explain the lower importance of Sentinel-1 variables for CH,
and N, O fluxes, which are closely linked to fine-scale hydrological variation.

Although Sentinel-2 was generally more important than Sentinel-1 in most GHG
models, the CO, sink model showed the opposite pattern: Late-summer VH backscatter
was the strongest remote-sensing predictor, while optical variables were less influential.
Previous peatland studies have shown that Sentinel-1 backscatter in boreal environments
can be particulatly sensitive to vegetation structure and biomass rather than soil moisture
alone (Risinen et al. 2020). The strong contribution of VH backscatter in the CO, sink
model therefore likely reflects sensitivity to canopy structure and surface conditions that
are closely linked to photosynthetic capacity and carbon uptake during peak growing
season. Therefore, Sentinel-1 provides complementary structural information that is
not fully captured by optical data, and combining optical and SAR observations might
improve the representation of peatland environmental gradients relevant for potential
GHG sinks and sources. Despite this complementarity, the overall contribution of
RS data in Paper II remained limited. Additionally, Sentinel-1 data were not included
in the WT analysis because previous multi-sensor studies have shown that, although
combining SAR and optical data can slightly improve WT estimates, optical variables
alone explain most of the WT-related variability in boreal peatlands, while SAR-only
models perform substantially worse (Isoaho et al. 2024).

At finer spatial scales, UAV-based RS can be used to model the WT at Pallas (Paper
III). UAV imagery provided ultra-high-resolution multispectral data, enabling us to
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capture microtopography and small-scale vegetation patterns that are related to the
WT. Vegetation and moisture indices detived from UAV data (such as the NDVI,
SAVI, GDVI, EVI, and NDWI) wete among the most important predictors in the
Pallas models, and partial dependence plots showed clear patterns: Vegetation indices
decreased as the WT became higher and conditions more waterlogged, while the NDWI
increased with higher WT until saturation, after which the relationship plateaued. These
results indicate that UAV-based optical indices can be used to model WT dynamics in
boreal aapa mires (Isoaho et al. 2023).

However, the performance of UAV-based optical models varied within Pallas
depending on vegetation structure. Model performance (R?) was lower in treed areas than
in open peatlands, consistent with previous findings that dense canopy cover reduces
the sensitivity of optical sensors to surface moisture and ground-layer vegetation signals
(Burdun et al. 2023). In these treed areas, the inclusion of topography data such as the
SWI, DTW and the TPI helped maintain moderate model performance, indicating that
ancillary environmental information can partially compensate for the limitations of
optical data under dense canopy covet.

5.3 Implications for practice and future research: Data and methodologi-
cal reflections

Environmental data are increasingly available as open-access products in many parts
of the wotld, including global datasets on climate, topography, and land cover, as well
as more detailed regional or national inventories in some countries. In Finland, such
environmental data are generally reliable and readily accessible online, although they
are not always freely available. While such datasets enable large-scale modelling, they
often vary in spatial resolution and temporal representativeness, which can be difficult
for local-scale applications. Freely available satellite products (such as Sentinel-1 and
Sentinel-2) are also easy to access, can be processed with open-soutce tools, and provide
consistent temporal coverage, allowing repeated monitoring across seasons and years. In
addition, UAV-based data, although limited to smaller areas, can offer very high-resolu-
tion information for local studies or detailed monitoring. However, UAV data collection
requires good weather and can be relatively costly. Thus, the selection of data sources
can be adjusted according to the size of the study area and the purpose of the activity.

This thesis also shows that geospatial approaches always depend on the quality and
representativeness of the available field data. Environmental and RS predictors can
only describe peatland conditions accurately when there is enough ground reference
information to calibrate them. In practice, species records, GHG sinks and soutces, and
WT measurement data are often geographically unevenly distributed, especially because
many intact or remote peatlands are difficult to access. This may cause predictions to
be biased towards areas that have been surveyed more often, which are usually drained
peatlands close to roads, particulatly in the national-scale analyses presented in Papers
I and II. Increasing field sampling in undrained, rewetted, and restored areas would
therefore improve future models and help reduce these biases. In addition, systematic
validation with ground reference data remains important for all RS applications,
especially when new sensors or processing methods are used.

The used of spatial resolution also affects how well environmental conditions are
captured. In Paper I, most environmental data resolution had to be aggregated to 500 m
grid cells resolution to match other predictors, which inevitably smooths out small-scale
variation. As a result, species observations from fully undrained microhabitats may be
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linked to mixed grid cells that also contain drained areas. This might lead to underesti-
mation of potential habitat suitability of the red-listed species in the most intact sites.
In addition, the chosen spatial scale influences the relevance of individual predictor
variables. For example, the contribution of the TWI was relatively weak in the nation-
al-scale models in Papers I and II, whereas in the local-scale study in Pallas (Paper
I1I), the TPI was as an important predictor. This indicates that fine-scale topographic
controls become more influential at local scales, while their effects may be obscured in
coarser-resolution, national-scale analyses.

The ecological assumptions in the models also can be improved. In Paper I, the SDMs
used a general 20 km dispersal limit, which may overestimate how far some specialist
peatland species can move, especially after restoration. Species-specific dispersal studies
or genetic analyses would help produce more realistic projections and identify species
that might need assisted colonisation (Kyrkjeeide et al. 2016; Zanatta et al. 2020).
Similarly, most SDMs do not yet explicitly include fine-scale microclimate, species
interactions, or physiological traits, even though these factors can influence species dis-
tributions (Kolstela et al. 2024; Urban et al. 2016; Virtanen et al. 2010). This is partly
a matter of data availability and modelling choices rather than conceptual constraint,
as methods such as joint species distribution models can account for species co-oc-
currence and potential biotic interactions. However, such approaches typically require
detailed occurrence data and substantially increase model complexity. Similarly, incor-
porating microclimate or trait-based variables is often limited by the lack of spatially
explicit datasets at appropriate scales. As these data and methods continue to develop,
their integration into SDMs could lead to more robust predictions of species responses
to restoration and climate change

For GHG modelling in Paper 11, a major limitation arises from the strong spatial
and temporal variability of CO,, CH,, and N,O fluxes, which are driven by interacting
hydrological, biological, and climatic processes that are difficult to capture using sparse
field measurements. As a result, model predictions are sensitive to the representativeness
of the available flux data, which in this study were geographically unevenly distributed
across peatland types and seasons. In particular, the limited coverage of undrained and
rewetted sites, as well as the lack of winter and shoulder-season measurements, likely
contributes to uncertainty in the predicted magnitude and spatial patterns of potential
GHG sinks and sources. In addition, upscaling approaches based on environmental and
RS proxies rely on indirect relationships rather than explicit process representation (Levy
et al. 2022). While such approaches are useful for identifying broad spatial patterns, the
use of annually aggregated GHG sink and source data means that short-term flux
dynamics and episodic responses to WT fluctuations, temperature extremes, or events
such as droughts or heatwaves cannot be resolved or assessed in this study. Future studies
could use expanded and more systematic flux measurements across peatland condition
gradients, improved temporal coverage, and closer integration of multi-sensor RS data
with process-based understanding. Combining correlative spatial models with targeted
field experiments or process-based modelling frameworks—such as CARDAMOM
(Bloom et al. 2016), ORCHIDEE (Qiu et al. 2018, 2019), LPJ-GUESS (Smith et al.
2014) —could be applied to further help constrain uncertainties and improve accuracy
in landscape-scale GHG assessments.

In WT modelling (Paper I1I), future studies could test the use of higher-spatial-res-
olution optical data, such as UAV imagery, in treed peatlands like Lettosuo to better
separate canopy and ground vegetation signals and clarify WT—vegetation relation-
ships, which were less clear with Sentinel-2 data in this study. In addition, larger sample
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sizes and more structured sampling designs—particularly in post-harvest and clearcut
areas—would improve model generalisability and help capture spatial WT variability
more reliably. Further work could also evaluate the transferability of WT models across
peatland types with contrasting topography and drainage intensity and develop more
refined representations of drainage effects by accounting for ditch density, cumulative
drainage influence, and peat properties such as humification, rather than relying solely
on distance-to-ditch metrics.

The results of this thesis offer practical implications for peatland management,
conservation, and restoration. In Paper I, the predicted hotspots for current and future
potential suitable habitats for red-listed peatland plant species help identify areas that
should be protected or restored as a priority. This is important because intact peatlands
are rare, especially in southern Finland, and vegetation recovery after restoration takes
time (Haapalehto et al. 2014; Maanavilja et al. 2014). Knowing where suitable conditions
are likely to persist or emerge gives a clear starting point for restoration and conservation
planning. Similarly, the GHG maps in Paper II indicate where CO,, CH,, and N,O
sinks and sources are located across the landscape, albeit with considerable uncertainty.
Rather than providing precise estimates, these maps highlight broad patterns and
relative differences in GHG patters among peatland areas. Areas predicted to function
as strong potential GHG sinks may therefore indicate peatlands that are more likely to
be well functioning and potentially important to safeguard, whereas predicted emission
hotspots can be interpreted as locations where restoration could have relatively high cli-
mate-mitigation potential. However, these interpretations should be viewed as indicative
rather than definitive, and site-level measurements remain necessary to confirm GHG
dynamics and guide concrete management actions. In Paper III, the WT modelling
showed that frequent WT monitoring can be done cost-effectively with environmen-
tal data, satellite, and UAV data, reducing the need for intense fieldworks while still
capturing WT spatial and spatiotemporal patterns.

6 Conclusion

This thesis examined how multi-source geospatial data can be used to monitor potential
suitable habitat for red-listed peatland plant species, potential GHG sink—source
patterns, and WT' dynamics. The results show that these data sources can effectively
represent peatland conditions at both the national and local scales. Environmental data
captured broad-scale drivers such as drainage status, climate, topography, and canopy
height, while RS data provided information on vegetation patterns, surface wetness, and
their spatial and temporal variability.

Models based on environmental data performed well for most red-listed peatland
plant species at the national scale. Drainage and climate variables strongly explained
how restoration and climate change influence potential suitable habitats for red-listed
species. Restoration can sustain or increase potential suitable habitats, reduce potential
habitat loss, moderate northward shifts, and maintain species richness. However, the
strength of restoration benefits varied across boreal zones and climate scenarios. Under
sevete climate conditions, especially towards 2070—2099, restoration was still helpful but
could not fully compensate for the negative effects of warming. Although the models
performed well, future work should apply ecological constraints such as dispersal and
species interactions to produce more realistic projections.
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Models using environmental and satellite data were able to predict the occurrence
of potential GHG sinks and sources at the national scale. Models using only satellite
data had the lowest performance, while models combining environmental and satellite
data performed best. Drainage and climate variables strongly explained the occurrence
of potential GHG sinks and soutces. Maps generated from environmental data alone
and from combined datasets were largely similar, whereas satellite-only maps showed
different patterns. These results indicate that reliable nationwide estimates of potential
peatland GHG sinks and sources cannot be produced with satellite data alone and that
combining multiple data sources is recommended for more accurate and realistic spatial
predictions.

Combining optical UAV or satellite data with environmental variables improved
model performance in both spatial and spatiotemporal WT models at the local scale. In
northern patterned aapa mites, topographic variables were especially important, while
in the southern drained peatland forest site, tree stand structure played a larger role.
These findings show that the most relevant predictors depend on the site conditions,
vegetation structure, and scale of the analysis.

Opverall, the objectives of this thesis wete achieved. The applied methods, combining
GIS-based environmental data with RS data across multiple spatial scales, proved
suitable for addressing the research questions related to potential peatland red-listed
species distribution, potential GHG sinks and sources, and the WT. The usefulness
of GIS-based environmental and RS data depends on the object of interest being
modelled and the characteristics of the study area. Although each dataset has limitations
when used alone, together they provide valuable support for peatland management,
restoration planning, and long-term monitoring, No single data source is inherently
better than others; instead, its value depends on how well it captures the environmen-
tal conditions that affect the variable of interest. By demonstrating how multi-source
geospatial data can be combined to model potential suitable habitat for peatland
red-listed species distributions, potential GHG sink—source patterns, and WT dynamics
across scales, this thesis addresses the practical challenge of monitoring peatlands
over large and often inaccessible ateas. In this way, the thesis contributes a scalable,
data-driven approach that complements field-based measurements and supports the
assessment of restoration outcomes under increasing management demands, such as
those following the EU Restoration Law.
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