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Abstract 

Anthropogenic climate change has increased the frequency of extreme drought events and leads 

to “hotter” droughts. Boreal forests will experience the largest temperature increase among 

global forests and may be particularly at risk. Topography controls plant available water and 

site-specific climatic conditions. Drought sensitivity may therefore vary over short distances 

between wet and dry locations of the landscape. However, topography is rarely included as a 

factor in research investigating vegetation dynamics. Due to being located in often complex 

terrain and growing in unmanaged conditions, primary forests offer the opportunity to study the 

influence of topography on the impact of droughts on vegetation in natural ecosystems. This 

study investigated the role of the local environment and topography in controlling drought 

impact of the 2018 summer drought in primary forests in Sweden, by applying a random forest 

modelling approach. Drought effects were modelled using summer 2018 Landsat EVI2 

anomalies (z-scores) as a function of predictor variables including terrain indices, bioclimatic 

variables, and forest properties. Topographic predictors included primary terrain indices such 

as aspect, slope, and the Topographic Position Index (TPI) as well as the more complex 

compound terrain indices the Topographical Wetness Index (TWI) and Hight Above Nearest 

Drainage (HAND). The most influential variables were selected with a recursive feature 

elimination approach, creating a model with 13 predictors.  

The final model explained 48% (R2 = 0.48) of the variance in an independent subset of EVI2 

anomalies. Primary terrain indices described the spatial variability of z-scores better than 

compound terrain indices. Forest located on steep slopes, high topographic positions, and south 

facing aspects were associated with negative z-scores, indicative of reduced primary 

productivity. Valley bottoms and north-facing aspects mostly showed no or positive drought 

impact. Drought effects, meaning EVI2 anomalies were more negative with increasing distance 

to wetlands. These topographic and wetland effects on drought impact were seen across all 

forest types and latitudes, however the severity of negative drought impact differed between 

forest classes and was more pronounced in the south. The results clearly show that the impact 

of the 2018 summer drought was strongly controlled by the local terrain in Swedish primary 

forests, highlighting the importance of incorporating topography in studies aimed at quantifying 

and predicting drought impact on vegetation. Previous research suggests that primary forests 

were less affected by the 2018 drought than managed forests were. This analysis suggests that 

the widespread drainage of wetlands and establishment of monocultures in managed forests 

may explain this difference. Forest management may therefore exacerbate the future impact of 

potentially more severe and more frequent droughts.  

Keywords: Physical geography, ecosystem analysis, primary forest, boreal forest, drought 

impact, topography, drainage, climate change, random forest, terrain index
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1. Introduction 
Anthropogenic climate change has led to increases in frequency and intensity of extreme 

weather events such as droughts in the last decades (IPCC 2014). These changes, especially 

moisture stress due to recent drought events, have had negative effects on the health and 

productivity of forest ecosystems worldwide (Allen et al. 2010; Senf et al. 2018). Due to being 

located in the high latitudes, boreal forest ecosystems are projected to be particularly strongly 

affected by future changes in climate conditions, experiencing the largest temperature increase 

among global forest systems (Gauthier et al. 2015; Seidl et al. 2017). The most recent extreme 

drought event was the drought affecting central Europe and Scandinavia in summer 2018, which 

resulted in substantial decreases of carbon uptake in many ecosystems (Bastos et al. 2020; 

Lindroth et al. 2021). However, the impact of drought events can vary quite significantly 

between and within forest ecosystems in the same climate zone (Cartwright et al. 2020; 

Schwartz et al. 2020; Lindroth et al. 2021). This spatial heterogeneity is caused by many factors 

including topography, species distribution, and soil composition (Fekedulegn et al. 2003; 

Kharuk et al. 2020; Schwartz et al. 2020). Therefore, to predict forest ecosystem responses to 

future drought events accurately, it is crucial to study the site specific drought impact in detail 

(Hawthorne and Miniat 2018; Schwartz et al. 2019).  

One challenge in remote sensing studies of ecosystems is the unknown influence of human 

management. In forests, this includes the harvesting of trees, which may be difficult to separate 

from natural disturbances. One way to avoid such complications is to study unmanaged, 

primary ecosystems where no management or harvest occurs. Swedish primary forests are 

usually situated in topographically heterogenous regions with higher altitude and steeper slopes 

than secondary forests, making them ideal study sites for increasing our understanding of how 

topography and water access modify drought effects (Ahlström et al. 2020). Topography as an 

important local modulator of drought response has been studied mainly in tropical and 

temperate forest ecosystems (Fekedulegn et al. 2003; Pasho et al. 2012; Schwartz et al. 2019; 

Schwartz et al. 2020). It can either aggravate moisture stress or mitigate negative drought effects 

(Pasho et al. 2012; Cartwright et al. 2020). These effects are usually studied using simple terrain 

indices such as slope, aspect, and elevation. Trees on steep and south facing slopes are generally 

associated with increased negative drought impact, whereas trees growing on north facing 

slopes and in valley bottoms are less negatively affected (Huang and Anderegg 2012; Schwartz 

et al. 2019; Cartwright et al. 2020; Kharuk et al. 2020). Aspect and slope influence water 

availability and the amount of received solar radiation and, therefore, the local drought severity 

(Huang and Anderegg 2012; Schwartz et al. 2019). More complex, compound terrain indices, 

such as the topographic wetness index (TWI) and hight above nearest drainage (HAND) offer 

more precise predictions of soil moisture and landform by combining primary indices and could 

therefore be better suited to investigate drought effects (Nobre et al. 2011; Ågren et al. 2014; 

Buchanan et al. 2014; Muukkonen et al. 2015). Additionally, since primary forest in Sweden 
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were not subject to draining, distance to the nearest wetlands could have an influence on the 

moisture status of forests and therefore modulate drought effects. 

However, the influence of topography on drought impact is not well characterised. To our 

knowledge no study has investigated the relationship between different topographical indices 

and drought impact on boreal primary forests in detail. The aim of this thesis is, therefore, to 

analyse if topography was an important modifier of the 2018 drought in primary forests in 

Sweden, as well as identifying the most suitable terrain indices for describing these drought 

effects through answering the following research questions. 

1. Was topography a significant regulator of drought impact on primary forests in Sweden 

in 2018? 

2. Which terrain index or combination of indices is most suited for describing spatial 

patterns of drought impact on primary forests in Sweden? 

 

2. Background  

2.1 “Hotter droughts” and their effect on the land carbon sink  
Droughts and their effects are studied from many different disciplinary perspectives; therefore, 

no universal definition of the term exists (Wilhite and Glantz 1985). For the purpose of this 

study, the focus will be on the meteorological and agricultural definitions of droughts. 

Meteorological droughts are predominantly described as periods of time with a precipitation 

deficit greater than a certain threshold in relation to a long-term average (“normal”) (Wilhite 

and Glantz 1985; Mishra and Singh 2010). Agricultural droughts link the meteorological 

drought to the impact on agriculture, usually in combination with an increasing soil moisture 

deficit (Wilhite and Glantz 1985; Mishra and Singh 2010). Anthropogenic climate change has 

been shown to aggravate drought events, leading to “hotter droughts” also called “global-

change-type droughts” (Breshears et al. 2005; Allen et al. 2015). These droughts are 

characterized by heatwaves coinciding with precipitation deficits (Allen et al. 2015; Buras et 

al. 2020). Rising temperatures also exacerbate soil moisture depletion by increasing 

atmospheric demand for water, leading to an increase in occurrence of soil moisture droughts 

(Hanel et al. 2018).  

With Europe experiencing a decreasing trend of soil moisture levels over the last 40 years and 

temperatures projected to rise with climate change, co-occurrence of precipitation deficits and 

heat waves can be expected to increase significantly in the future (Copernicus Climate Change 

Service 2018; Samaniego et al. 2018; Hari et al. 2020). Europe has already experienced a 

number of these extreme drought events in the last 30 years, some of the most recent and 

extreme being the droughts affecting large parts of the continent during the summer heat waves 

in 2003 and 2018 (Mishra and Singh 2010; Buras et al. 2020). The 2018 drought was 
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particularly severe in its duration and extent and differed from 2003 with its location over 

central and northern Europe as opposed to southern Europe (Bastos et al. 2020; Buras et al. 

2020). According to the European state of the climate report for 2018, summer 2018 was the 

hottest summer on record with soil moisture levels reaching a record low. In some areas of 

central and northern Europe precipitation was less than 80 % of the seasonal average for spring, 

summer and autumn (Copernicus Climate Change Service 2018). These droughts had a 

significant effect on the land carbon sink, resulting in decreased vegetation productivity and 

significant yield losses (Bastos et al. 2020). 

In 2003 and 2018, the summer droughts were preceded by unusually warm springs (Bastos et 

al. 2020). Even though spring warming could partially balance out the decreased vegetation 

productivity in summer through an earlier onset and accelerated growth in spring, it also 

aggravated the summer soil moisture deficits. Soil moisture resources were depleted faster by 

the additional biomass increasing water-stress on the vegetation in summer (Bastos et al. 2020). 

Gross primary productivity (GPP) decreased an estimated 30 % in 2003, reversing the previous 

four years of net carbon sequestration (Ciais et al. 2005). Thompson et al. (2020) found positive 

annual net ecosystem exchange anomalies (compared to the 10-year mean) in northern Europe 

in 2018. This carbon loss was caused by a reduced carbon uptake in summer 2018. Summer 

GPP decreased by 38% in grasslands and 10 % in forests during the 2018 drought (Fu et al. 

2020).  

Due to its location over central and northern Europe the 2018 drought presents an ideal 

opportunity for studying the effects of hotter droughts on forests in Sweden. Summer 2018 was 

the hottest summer on record in some parts of Sweden such as Götaland and Svealand. July was 

one of the warmest on record and accompanied by a prolonged drought for most of Sweden. 

On average it was a drier than normal summer with areas receiving less than half of the normal 

precipitation. However, drought effects across Sweden were heterogeneous, some areas of 

northern Sweden such as northern Norrland received a precipitation surplus (SMHI 2018).  

 

2.2 Drought and forest health 
Drought conditions influence the relative rates of water uptake and loss in plants, changing the 

internal water balance and inducing water stress. High temperatures and atmospheric vapor 

pressure deficits increase the vapor pressure from leaf to air, inducing water loss through 

evapotranspiration (Kramer 1963). Plants respond to water deficits by closing their stomata. 

However, this reduces the diffusion of air and, therefore, carbon dioxide into the plant, which 

slows down photosynthesis. Additionally, water-stress directly affects photosynthesis since 

dehydrated cells have a decreased capacity for photosynthesis (Kramer 1963). If photosynthesis 

rates decrease until the plants metabolism cannot be maintained, the plant is at risk of carbon 

starvation (Allen et al. 2010). Low soil moisture conditions impair the plants’ capacity for 

compensating the increased transpiration though water uptake from the soil. If drought 
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conditions persist this can result in hydraulic failure through cavitation in the xylem (water-

transporting tissue) (McDowell et al. 2008). Cavitation refers to the process of local 

vaporisation of the transported liquid filling the xylem with water vapor. The plant can therefore 

no longer move water, leading to tissue damage and eventually death (McDowell et al. 2008; 

Allen et al. 2010). Additionally, water stress weakens tree defences against pathogens and insect 

attacks (Allen et al. 2010). 

Rising temperature and increased frequency of drought events due to anthropogenic climate 

change have already had a noticeable impact on forest health worldwide (Allen et al. 2015; 

Gauthier et al. 2015; Seidl et al. 2017; Senf et al. 2018). Goulden and Bales (2019) reported a 

significant increase in tree mortality, as a consequence of the 2012-2015 extended drought 

period in California. In Europe, the area of canopy mortality in temperate forests has doubled 

over the period of 1984 to 2016, a trend observed across different forest types and countries 

(Senf et al. 2018). In boreal forests of North America background forest mortality rates have 

increased substantially in recent decades (Allen et al. 2010).  

Boreal forests play an essential role in global temperature regulation and carbon budgets (Bonan 

2008; Gauthier et al. 2015). They comprise around 30 % of the global forest cover and are 

estimated to contribute around 20 % of the global carbon sink (Pan et al. 2011; Gauthier et al. 

2015). Because of their locations in high latitudes, boreal forests have been experiencing 

particularly high increases in climate change related disturbances, triggered by warming 

temperatures and drought induced water stress (IPCC 2014; Seidl et al. 2017). As a 

consequence, a reduction of the carbon sink has been observed in forests in northwest Canada, 

where biomass accumulation rates decreased since 2003. With prolonged climate change these 

forests could turn from a net carbon sink to a carbon source (Ma et al. 2012). Boreal forests in 

Siberia have experienced an increased mortality of Siberian pine and fir, caused by moisture 

stress, elevated temperatures, and increased insect attacks (Kharuk et al. 2020). Despite 

increased pressure on boreal forests the number of studies investigating drought effects in detail 

is still low, especially for the European boreal regions.  

 

2.3 Primary forests  
Primary forests are commonly defined as “naturally regenerated forest of native species, where 

there are no clearly visible indications of human activities and the ecological processes are not 

significantly disturbed” (FAO 2010). Additionally, primary forests can be defined by stand age, 

forest area, and the time since past human disturbance (Buchwald 2005). The terminology for 

primary forest in literature is inconsistent, primary forests are often interchangeably referred to 

as “old-growth” or “pristine” forests. Here, the term primary forests will be used referring to 

the definition by the FAO (2010) and the terminology presented by Buchwald (2005).  
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It has been hypothesised that primary forests are carbon neutral due to reduced growth rates 

and increased respiration of mature trees. Recently, this assumption has been challenged by 

research showing that primary forests are significant carbon sinks (Luyssaert et al. 2008). In 

Europe, most of the primary forests are found in the boreal zone, with the largest area estimated 

to be located in Sweden (Sabatini et al. 2018; Ahlström et al. 2020). However, Swedish primary 

forests have only recently been catalogued and described by Ahlström et al. (2020) and very 

little research about them exists. Primary forests occur predominantly in remote areas of 

complex terrain in high altitudes and latitudes (Sabatini et al. 2018; Ahlström et al. 2020). With 

climate change disproportionately affecting boreal and mountainous forest ecosystems, primary 

forests and their carbon storage potential are highly threatened by increased temperatures and 

droughts (Allen et al. 2010; Gauthier et al. 2015; Seidl et al. 2017). In contrast to the majority 

of Swedish boreal forests, primary forests have been spared from intensive management. Most 

forests in Sweden are monocultures of Norway spruce or Scots pine and were subjected to 

extensive draining in the past (Hånell 1988; Jönsson et al. 2015; Jacks 2019). In primary forests 

however, natural composition of native species and forested wetlands are still intact. Wetlands, 

for example, could influence the spatial heterogeneity of drought effects, by mitigating drought 

effects on nearby forests. Research investigating the influence of wetlands on drought impact 

on forests is sparce. Primary forests, therefore, provide the opportunity to study forest responses 

to climate change under unmanaged conditions, which could additionally provide insights on 

the impact of forest management, such as draining, on drought resistance.  

 

2.4 Local variations in forest drought response  
Drought impact can vary spatially on a global or continental scale but also on a local scale. 

Topography determines the hydrological patterns of the environment and plays an important 

part in creating local “microclimates” or “topoclimates”, which are characterized by regional 

climatic influences and local terrain (Dobrowski 2011; Adams et al. 2014). The climate that 

organisms experience at a certain location, therefore, varies spatially with topographic position 

(Thornthwaite 1953; Dobrowski 2011). Consequently, drought sensitivity of the vegetation is 

variable across space since drought effects are mitigated or aggravated by complex local 

interactions (Dobrowski 2011; Pasho et al. 2012; Adams et al. 2014; Cartwright et al. 2020; 

Schwartz et al. 2020). Generally, vegetation is topographically organised, biomass tends to 

decrease with increasing elevation and vegetation productivity is elevated at convergent 

topographic positions (e.g. valleys) compared to divergent positions (e.g. ridges) (Swetnam et 

al. 2017; Hoylman et al. 2019). This organisation has been observed to be particularly 

pronounced in areas experiencing climatic water limitations (Hoylman et al. 2019). Drought 

can, therefore, be expected to amplify differences between topographic positions, leading to 

spatial variations of carbon uptake and forest growth with implications for the local carbon 

budget (Adams et al. 2014). With climate warming and more frequent drought stress, especially 

in mountainous and high latitude forests, it becomes increasingly important to understand the 



6 
 

interactions of climate, local terrain, and vegetation (Dobrowski 2011; Swetnam et al. 2017; 

Hoylman et al. 2019). At drier topographic positions (divergent), such as high elevations, steep 

slopes, and southern facing aspects, drought and increased temperatures could significantly 

increase water-stress (Schwartz et al. 2019; Schwartz et al. 2020).  

Sites of high elevation relative to their surroundings are usually more exposed and have low 

water retention potentials. They are therefore more closely linked to the atmospheric 

environment, meaning they are more directly influenced by climate variations than more 

protected areas e.g. in valley bottoms (Dobrowski 2011; Hawthorne and Miniat 2018; 

Cartwright et al. 2020). Several studies have observed a more severe drought impact on 

vegetation growing on higher elevations (Muukkonen et al. 2015; Hawthorne and Miniat 2018; 

Cartwright et al. 2020). However, depending on the structure and climatic location of the 

environment, the direction and intensity of topographic influences can vary significantly 

(Dobrowski 2011). Local temperature at points with the same elevation can vary greatly 

depending on their topographic position in the landscape (Dobrowski 2011). In complex 

topographical regions elevation is, therefore, likely to be only a weak predictor of local drought 

effects (Dobrowski 2011; Huang and Anderegg 2012). Additionally, in some regions, due to 

increased precipitation and lower temperatures in high mountainous regions, negative drought 

impact could decrease at high altitudes (Kharuk et al. 2020). In these regions slope and slope 

aspect may have greater influences on the local microclimate (Letts et al. 2009; Kimball et al. 

2017; Park et al. 2019).  

Slope mainly influences local water retention and runoff, but also the amount of received solar 

radiation and soil composition (Pasho et al. 2012). Drought effects have been shown to increase 

in severity with increasing slope (Pasho et al. 2012; Schwartz et al. 2019; Kharuk et al. 2020). 

However, the effect is suspected to be greater in arid regions or xeric sites and less pronounced 

in temperature limited regions (Fridley 2009; Dobrowski 2011). Received solar radiation differs 

drastically between slope aspects. Soil moisture is, therefore, generally greater at north-facing 

locations than on south-facing slopes (Miller and Poole 1983). When soil moisture limits plant 

growth, high solar radiation and increased evaporation on south-facing aspects can increase the 

severity of negative drought effects (Letts et al. 2009). This was seen in many forest ecosystems 

across different climate zones. In tropical forests and North American temperate forests 

negative drought impact and tree mortality were increased on south and west facing slopes 

(Huang and Anderegg 2012; Anderegg et al. 2015; Goulden and Bales 2019; Schwartz et al. 

2019). This could also be observed in some boreal forest ecosystems, however, studies 

investigating the interaction between topography and drought in boreal forest ecosystems are 

rare. Kharuk et al. (2020) found a link between drought induced mortality of Siberian pine and 

fir and topography. Mortality increased with increasing steepness and on south facing slopes 

(Kharuk et al. 2020). During drought events in Canada, southern aspects showed increased leaf 

temperature and leaf-to-air vapour pressure and decreased stomatal conductance (Letts et al. 
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2009). Muukkunen et al. (2015) found drought impact to be more severe on hill summits than 

lower lands in boreal forests in Finland.  

Influences of slope and slope aspect on plant stress are complex and highly species dependent 

(Fekedulegn et al. 2003; Letts et al. 2009). Species compositions changes along the slope and 

species growing in different topographical positions have different water use strategies 

(Kimball et al. 2017). Consequently, species-specific stomatal regulation in interaction with 

topography plays an important role in the vegetation response to drought (Kimball et al. 2017; 

Hawthorne and Miniat 2018). Because of their adaptation to low soil moisture environments 

species growing on mesic sites may be better adapted to cope with drought (Kimball et al. 

2017).  

Their characteristics (section 2.3) suggest that primary forests in Sweden could be strongly 

controlled by their topographic environment. This is why, this study aims at investigating if 

topographic organisation of vegetation drought response described in literature can be found in 

these forests.  

 

2.5 Terrain indices derived from digital elevation models 
Hydrological, atmospheric, and ecological processes are strongly influenced by characteristics 

of the land surface. Modelling landforms and their influence on hydrology, vegetation, and 

climate is therefore crucial for studying these processes (Wilson 2012). Digital elevation 

models (DEM) usually provide the base for analysis of the land surface. Many parameters can 

be derived from DEMs and used to describe the terrain. In contrast to complex hydrological 

modelling approaches, deriving these land surface parameters or “terrain indices” needs less 

computational power and is less time consuming. They can easily be applied over large areas 

at relatively high resolutions (Wilson 2012; Buchanan et al. 2014). However, the performance 

of terrain indices is heavily dependent on the quality and resolution of the underlying DEM 

(Wilson 2012).  

2.5.1 Primary terrain indices  
Primary terrain indices or land surface parameters can be derived directly from the DEM 

without additional information (Wilson 2012). Local primary terrain indices such as slope and 

aspect focus on relationships between neighbouring raster cells or data points. Regional primary 

terrain indices take larger areas into account, for example flow path length and upslope 

contributing area (in the following also referred to as “flow accumulation”) (Wilson 2012). 

Both examples are based on flow direction estimations derived from the DEM (Wilson 2012). 

A variety of algorithms exist for the calculation of flow direction. Single flow routing 

algorithms such as the algorithm D8, consider only one cell when estimating the down slope 

flow direction. Multiple flow routing algorithms such as the algorithm D∞, consider two or 

more cells in the flow direction estimation (Wilson 2012; Ågren et al. 2014; Buchanan et al. 
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2014). The best performing algorithm depends on the application (e.g. soil moisture estimation, 

vegetation mapping) and the resolution of the DEM (Kopecký and Čížková 2010; Ågren et al. 

2014; Buchanan et al. 2014). 

2.5.2 Compound terrain indices  
Up-slope contributing area in combination with slope is used in many secondary terrain indices 

(Ågren et al. 2014). Secondary or “compound” terrain indices usually combine primary terrain 

indices or require additional input data. They can be divided into hydrological surface 

parameters and solar radiation models (Wilson 2012). Secondary terrain indices usually provide 

a better estimate of hydrological patterns in the landscape (Buchanan et al. 2014). The 

topographical wetness index (TWI) is one of the most widely used compound terrain indices 

(Wilson 2012; Buchanan et al. 2014). It was developed by Beven and Kirby (1979) and 

describes the relative moisture status of a location as a function of local slope and up-slope 

contributing area. The index has been applied in many studies and has been shown to model 

soil moisture moderately well (Schmidt and Persson 2003; Kopecký and Čížková 2010; Ågren 

et al. 2014; Buchanan et al. 2014; Raduła et al. 2018). For example, in a random forest approach 

to predict areas experiencing severe drought. Park et al. (2019) found the TWI to be an 

important parameter, but less important than slope and aspect. TWI has also been applied in 

landscape ecology studies. It has been shown to be an important factor in forest succession and 

was spatially correlated with basal area increment growth rates and forest biomass (Swetnam 

et al. 2017; Vidal-Macua et al. 2017; Hoylman et al. 2018). In a study investigating drought 

impact on boreal forests in Finland, Muukkunen et al. (2015) identified TWI as an important 

indicator in predicting the positions of risk areas in the landscape.  

A relatively new compound terrain index, height above nearest drainage (HAND), was 

developed by Rennó et al. (2008). HAND is a proxy for a locations drainage potential by 

calculating the vertical distance between the location and the nearest point of drainage (Rennó 

et al. 2008; Nobre et al. 2011). It was developed to model local environments in relation to soil 

water conditions in Amazonian forests. Since then, it has been used in several studies to model 

vegetation distribution and composition in relation to water table depth in tropical forests 

(Schietti et al. 2014; Esteban et al. 2021). Additionally, HAND has been applied in hydrological 

studies including flood prediction and river channel geometry modelling where it produced 

results comparable to complex hydrological models (Afshari et al. 2018; Zheng et al. 2018; 

Johnson et al. 2019).  

A widely applied index for describing the relative position of a point in the landscape is the 

topographic position index (TPI). TPI is a measure of the elevation of the cell relative to the 

mean elevation of the surrounding cells in a specific neighbourhood (Weiss 2001; Ågren et al. 

2014). It provides a measure of moisture status on a hillslope scale and has been applied in 

vegetation ecology studies investigating local vegetation productivity, biomass, and climate 

sensitivity (Swetnam et al. 2017; Hoylman et al. 2018; Hoylman et al. 2019). Swetnam et al. 
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(2017), for example, found topographic position an important factor in the distribution of 

carbon storage in forest catchments in Colorado (United States). It can additionally be used in 

combination with slope for landform classifications to identify ridges, hillslopes, and valleys 

(Weiss 2001). Kramm et al. (2017) compared the TPI classification approach to other 

approaches, and found it performed with high accuracies, comparable to more complex 

approaches such as object-based image analysis. However, according to De Reu et al. (2013), 

TPI failed to model real terrain structures for strongly heterogenous landscapes. In these 

landscapes, deviation from mean elevation, which describes topographic position based on TPI 

and the standard deviation of the elevation, may constitute a better suited index (De Reu et al. 

2013).  

 

2.6 Vegetation indices  
Remote sensing provides an opportunity to study large scale vegetation changes over time and 

space. Vegetation indices are commonly used to enhance the vegetation signal in the remotely 

sensed data. They take advantage of the spectral properties of vegetation in the red (R) and the 

near-infrared (NIR) spectral region by combining satellites bands of these wavelengths 

(Chuvieco 2016). Photosynthetically active vegetation absorbs light in the R spectrum and 

strongly reflects NIR wavelengths. The most commonly applied vegetation index is the 

normalized difference vegetation index (NDVI) (Chuvieco 2016). However, NDVI saturates in 

high biomass regions and is thus not well suited for densely forested areas (Huete et al. 2002). 

The enhanced vegetation index (EVI) and its 2 - band EVI derivative (EVI2) show improved 

sensitivity to high biomass canopies (equation 1) (Huete et al. 2002; Jiang et al. 2008). EVI and 

EVI2 are strongly correlated to GPP and can be used as a direct estimation of GPP in different 

forests ecosystems (Rahman et al. 2005; Sims et al. 2006; Schubert et al. 2012). Therefore, they 

have been applied in studies investigating changes in forest primary productivity under drought 

conditions (Reinermann et al. 2019; Schwartz et al. 2019; Buras et al. 2020).  

 

2.7 Random forest algorithm 
Random forest (RF) is a powerful machine learning algorithm developed by Breiman (2001), 

based on the aggregation of many decision trees (“classification and regression trees” - CART), 

used in classification and regression problems. Each tree is built with a random subset of the 

training data, this process is also called bootstrap aggregating or “bagging”. For each tree 

therefore a part of the training data is excluded from the building process the so called “out-of-

bag” (OOB) data. This reduces variance, increases the stability of the algorithm and can be used 

to assess model performance, by computing the mean square error (MSE) of each tree with the 

OOB data (Breiman 2001; Grömping 2009). The tree is built from the root node with the first 

splitting of “branches”. Each split is based on a specified number of predictor variables 

randomly selected from all variables (mtry). Because of the randomness introduced by these 

properties each tree will be built slightly differently. The overall prediction of the RF is the 
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average prediction of all trees (Breiman 2001). In natural sciences, random forests have been 

increasingly applied in recent years for example for selection and classification of genes and 

for landcover classifications (Díaz-Uriarte and Alvarez de Andrés 2006; Zhang and Yang 

2020). It allows for the analysis of large complex data sets with high numbers of variables and 

non-linear relationships between variables. Additionally, its structure provides relatively high 

interpretability compared to other machine learning approaches and it can provide a measure 

of variable importance (Grömping 2009; Zhang and Yang 2020). Recently, random forest 

regressions have also been applied in studies investigating predictors of drought impact. 

Schwartz et al. (2019) investigated the influence of forest properties and topography on drought 

effects in tropical forests with a RF regression approach. Park et al.  (2019) used topographic 

and remote sensing data for the prediction of areas affected by severe drought in Korea based 

on random forest. For this study, RF provides the opportunity to perform a unified regression 

analysis of potential drought impact predictors and identify the most influential predictors, 

covering both research questions. 

 

3. Materials and methods 

3.1 Primary forest map 
Primary forests used in this project were extracted from a digital map containing polygons of 

primary forests in Sweden (unpublished). This map was created and updated based on a primary 

forest inventory 1978 - 1981 by the Swedish environmental protection agency and the Swedish 

forest agency and is described in more detail in Ahlström et al. (2020). The map also contained 

information on past human disturbance, protection type, status, duration, as well as a ranking 

of pristineness based on the framework established by Buchwald (2005). For this analysis, areas 

disturbed by forest fires in 2018 and forests ranked with a pristineness level below 5 were 

excluded. As shown in figure 1, the remaining 348 polygons are distributed over the whole of 

Sweden with the largest stretches of primary forests situated in the north western part of the 

country along the border to Norway. The approach was first tested with one primary forest 

(Skuleskogen forest) and then extended to include all primary forests.  
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3.2 EVI2 z-scores  
For quantifying drought effects on the vegetation, EVI2 was calculated for July and September 

2018 and compared to the 2008- 2017 baseline period. Data retrieval and EVI2 calculation were 

done in Google Earth Engine by adapting a script provided by Julika Wolf and following 

methods described by Wolf (2020). Landsat 5, 7 and 8 surface reflectance satellite data 

(TM/ETM+/OLI sensors) were extracted, and clouds and cloud shadows were masked out using 

the quality assessment bands (“pixel_qa” bands). EVI2 values were calculated according to 

equation 1 with band 3 (R) and 4 (NIR) of Landsat 5 and 7 data and band 4 (R) and 5 (NIR) of 

Landsat 8 data.  

 

𝐸𝑉𝐼2 = 2.5 ∗  
𝜌𝑁𝐼𝑅 −  𝜌𝑅

𝜌𝑁𝐼𝑅 + 2.4 ∗  𝜌𝑅 + 1 
  

 

Equation 1, where ρR refers to satellite bands in the red and ρNIR refers to satellite bands of the near-

infrared region of the wave spectrum. 

For additional cloud filtering, EVI2 values smaller than 0.15 were excluded. July – September 

median EVI2 composites were created for the summer of 2018 and the baseline years. EVI2 

scores were normalized against the baseline by calculating z-scores. Z-scores were derived by 

subtracting the mean of the baseline EVI2 composites from the 2018 July – September 

composite and dividing it by the standard deviation of the baseline (equation 2) (Wolf 2020). 

 

Figure 1. Spatial distribution of primary forests in Sweden. For increased 

visibility primary forest with areas < 5000 ha are represented as points. 

Primary forests > 5000 ha are presented as polygons (green). Author: 

Johanna Asch, spatial reference system: SWEREF99 TM. 
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𝑧 − 𝑠𝑐𝑜𝑟𝑒 =  
𝐸𝑉𝐼22018 − 𝐸𝑉𝐼2𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝐸𝑉𝐼2𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑆𝐷
 

 

Equation 2, where EVI22018 and EVI2baseline stand for the July – September mean EVI2 for 2018 and the 

baseline years (2008 – 2017). EVI2baseline SD refers to the standard deviation of the baseline EVI2. 

The EVI2 rasters were further processed with ArcGIS pro 2.6.0 (© 2020 Esri Inc.), where they 

were projected to SWEREF99 TM, and resampled to 50m cell size with bilinear interpolation 

(resolution of the DEM used). The z-scores were analysed against terrain indices and other 

environmental variables.  

 

3.3 DEM derived terrain indices 
All terrain indices were calculated in ArcGIS pro based on a DEM of Sweden with 50 m spatial 

resolution, retrieved from Lantmäteriet (Lantmäteriet 2021). An overview of all indices is 

shown in table 1. 

3.3.1 Primary terrain indices  
Slope was calculated in degrees with the planar method, using the average maximum technique. 

Aspect was computed using the default planar method in ArcGIS pro, which determines the 

compass direction in degrees from 0 - 360 (north - north) of the downhill slope using a 3x3 cell 

moving window. The aspect was transformed with cos(aspect[in radian]), so aspect values range 

from -1.0 (south) to 1.0 (north), and 0 representing east and west. 

3.3.2 TPI 
TPI was calculated according to Weiss (2001), using the ArcGIS tool “Topographic Position 

Index (Jenness)” from the toolbox “Topography Tools 10_2_1” developed by Dilts (2015) 

based on ArcView 3.3 tools by Jenness (2006) (equation 3 and 4). 

 

𝑇𝑃𝐼 =  𝑧0 −  𝑧̅ 

 

𝑧̅ =  
1

𝑛𝑟
 ∑ 𝑧𝑖

𝑖𝜖𝑟
 

 

Equation 3 and 4, where z0 is the elevation of the central cell and 𝑧̅ is the mean elevation of the 

neighbourhood with the radius r.  

Negative TPI values indicate lower landscape positions such as valleys and lower slopes. High 

topographic positions such as upper slopes and ridges have positive TPI values. The range of 
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the unitless values depends on the study site and the neighbourhood used in the calculation. The 

index is sensitive to the scale of the neighbourhood and optimal neighbourhood size differs 

according to the study area and the purpose of the analysis. Therefore, it was calculated with 

different circular neighbourhood radii of 1000 m, 500 m, and 250 m, respectively (De Reu et 

al. 2013). Large neighbourhoods provide topographic positions in relation to larger scale areas, 

while small neighbourhoods allow to differentiate small depressions and local hills. Analysis 

of Skuleskogen TPI data against EVI2 data showed the best fit for a neighbourhood with 1000 

m radius. This is why, neighbourhood sizes of 1000 m and 4000 m were chosen for the Sweden 

wide analysis.  

3.3.3 TWI 
TWI was derived by creating flow direction and flow accumulation rasters using the D8 

algorithm (Buchanan et al. 2014). The D8 algorithm was chosen based on findings by Buchanan 

et al. (2014) showing that single flow direction algorithms perform better for coarse DEMs than 

more complex algorithms incorporating multiple flow directions. TWI was calculated using the 

slope and flow accumulation rasters according to equation 5 and smoothed with a 3x3 low-pass 

filter (Beven and Kirkby 1979; Buchanan et al. 2014). Due to a lack of sufficiently high-

resolution data, the TWI calculation was not modified to include soil transmissivity. 

 

𝑇𝑊𝐼 = ln ( 
𝛼 

tan 𝛽
) 

Equation 5, where α refers to flow accumulation and β to slope in radian. 

3.3.4 HAND 
HAND of each cell was derived following HAND model procedure first described by Rennó et 

al. (2008). For this a stream raster was created from the flow accumulation raster using a 

threshold of 400 cells. The stream raster was converted into points and used together with the 

flow direction to create watersheds. The watersheds were processed with zonal statistics to 

determine the minimum elevation of each watershed. The HAND model was calculated by 

subtracting the minimum elevation of the watersheds from the DEM. 

 

3.4 Other environmental variables  

3.4.1 Soil moisture map 
To compare the solely topography derived terrain indices to a more complex soil moisture 

estimation, a national soil moisture index (SM) map made available by the Swedish 

Environmental Protection Agency was used (Naturvårdsverket 2019a). The SM combines depth 

to water (DTW) with a modified version of the TWI, the Soil Topographic Wetness Index (STI) 

with a weighting of 70 % DTW and 30 % STI. The STI includes the soil transmissivity (speed 

of horizontal movement of water through the soil), which is based on soil type information from 
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the geological survey of Sweden (SGU) (Naturvårdsverket 2021). STI has been shown to 

produce more accurate soil moisture estimates on a regional scale (Buchanan et al. 2014). 

However, due to a lack of soil data for mountain ranges only the TWI was calculated for these 

regions. 

3.4.2 Distance to nearest wetland (DNW) 
A national land cover map “Nationella Marktäckedata 2018”, was retrieved from the Swedish 

Environmental Protection Agency (Naturvårdsverket 2019b). The map was reclassified to only 

include wetlands. Distance to the nearest wetland (DNW) was derived by calculating the 

Euclidian distance of each cell to the nearest cell classified as wetland in the land cover map. 

The rasters were resampled from their original 10 m resolution to the 50 m resolution of the 

DEM.  

3.4.3 Forest classes 
The national land cover map “Nationella Marktäckedata 2018”, was additionally used for 

information on forest types and to exclude non forested areas (Naturvårdsverket 2019b). The 

map was reclassified to only include the 14 forest types (classes 111-117 and 121-127, 

excluding temporarily non-forested areas in classes 118 and 128), which were then further 

reclassified to the broad forest categories: 1 = pine forest, 2 = spruce forest, 3 = coniferous 

mixed forest, 4 = deciduous coniferous forest, 5 = deciduous forest. The rasters were resampled 

with bilinear interpolation from their original 10 m resolution to the 50 m resolution of the 

DEM.  

3.4.4 scPDSI 
The self-calibrating Palmer Drought Severity Index (scPDSI) was retrieved (0.5° by 0.5° 

resolution), projected to SWEREF99 TM and mean values were calculated per pixel for July – 

September (Barichivich et al. 2018). The scPDSI is a drought index based on precipitation and 

temperature observational data from the CRU TS v4.03 climate dataset and includes a simple 

water balance model, as well as parameters adapted to the characteristics of the local climate 

(Wells et al. 2004; van der Schrier et al. 2013).  

3.4.5 Bioclimatic variables  
Bioclimatic variables at 30 arc s resolution (~ 1km) were retrieved from the “WorldClim” 

Database (Fick and Hijmans 2017). The rasters were projected to SWEREF99 TM. Bioclimatic 

variables describe annual and seasonal climate conditions influencing organisms’ physiology 

(Noce et al. 2020). In this analysis bioclimatic variables were included to account for the 

influence of different climatic conditions over Sweden on forest drought response. The 

WorldClim dataset is widely used and provides 19 bioclimatic variables for the period 1970 – 

2000 (Fick and Hijmans 2017; Noce et al. 2020). A list of bioclimatic variables used in the 

analysis is presented in table 1.  
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3.4.6 Stand age and canopy height  

Stand age and canopy height rasters of 25 m resolution provided by SLU (Swedish University 

of Agricultural Science) (SLU 2010). The rasters were resampled to 50 m resolution.  

 

3.5 Statistical analysis  
For the statistical analysis random samples were taken from the data by extracting cell values 

at 165 000 randomly selected points from all data layers described in section 3.3 and 3.4 in 

ArcGIS pro. All subsequent analysis was done in R Studio (RStudio Team 2020). After 

excluding No Data points, 164 473 points were used for all primary forests for further analysis. 

The number of sample points possible to include for subsequent analysis with a random forest 

regression was restricted by available computational power.  

3.5.1 Random forest regression 
A first random forest model (RF 1) of EVI2 z-scores was trained with all 33 explanatory 

variables described in section 3.3 and 3.4 (in the following also referred to as predictors) to 

determine the most important factors driving the spatial variability of drought impact. An 

overview of all included variables is shown in table 1. The model was built using the R package 

randomForest (Liaw and Wiener 2002). The randomForest package is based on the random 

forest algorithm RF-CART first developed by Breiman (2001). The sample data was split 

randomly into a training (75%) and validation (25%) dataset. Random forests provide an 

assessment of the model performance in capturing the training data by calculating the out-of-

bag mean square error (OOB-MSE). As described in section 2.7, for each tree in the model, due 

to random sampling roughly one third of observations are “out of the bag” (OOB), and not used 

in the tree. Tree predictive performance can, therefore, be assessed by calculating the MSE of 

tree prediction and OOB data. The model error is then calculated with the OOB-MSE from each 

tree. Additionally, the algorithm estimates the “pseudo” R2 (1 – OOB-MSE / Variance(z-

scores)), a measure for how much of the variance of the training data is captured by the forest. 

Both metrics were used to assess model performance during the model tuning and variable 

selection process. For the purpose of higher interpretability, the model OOB-MSE was 

transformed to OOB-RMSE (root mean square error), since the units of the RMSE are 

equivalent to z-scores. A random forest with 500 trees, splitting 4 variables (mtry = 4) at each 

node was used for all runs. The number of trees was kept at the default setting (500 trees) after 

assessing the OOB-MSE for trees from 1-500. Breiman (2001) suggested an mtry of n 

predictors/3 for regression approaches. However, according to Grömping (2009) RF-CART 

models are relatively insensitive to variations in mtry. To save computational time the influence 

of reducing the number of variables per split (mtry) was analysed using the tuneRF function, 

estimating the OOB-MSE for each mtry. Decreasing mtry to 4 did not change the OOB-MSE 

significantly and was therefore set for all following runs.  
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Selection of important predictors was done using the permutation variable importance measure 

included in the R package, where importance is determined by the percentage increase of the 

model MSE, if the variable was permuted (%Inc MSE). To assess the impact of a given variable 

on the model the OOB-MSE of the tree is calculated. Then the predictor is permuted, meaning 

in this case it is randomly shuffled to introduce noise, and the OOB prediction error is recorded 

again. The difference between both errors, averaged over all trees and normalized by the 

standard deviation is defined as the permutation variable importance (Grömping 2009). For 

predictors with no influence on the model, the difference between both errors should be close 

to zero.  

Variable selection was performed with a modified recursive feature elimination (RFE) 

approach. In RFE predictors are reduced one by one,  repeating that process several times and 

assessing model R2 and MSE for each iteration (Pullanagari et al. 2018). Here, a modified 

version of the approach was applied, due to limitation in computational power. Features were 

eliminated by assessing variable importance of the first model (RF 1) and excluding predictors 

with variable importance below 10 %Inc MSE. This process was repeated with a %Inc MSE 

threshold of 20% until the model R2 started to decrease notably with further variable 

elimination. It resulted in a final model (RF4) with 13 explanatory variables with %Inc MSE > 

20%. 

Partial dependence plots were produced from the final model. Partial dependence plots describe 

the partial relationship between EVI2 z-scores and each variable when the other variables are 

set to their average values. They allow visualization of the model’s response to individual 

explanatory variables and assessment of model performance in capturing known trends. The 

distribution of data points was indicated in each partial dependence plot using deciles. 

Additionally, two variable partial dependencies were produced using the R package pdp 

(Greenwell 2017). For two variable partial dependencies, all but two variables of interest were 

set to their average value and partial relationships were calculated with RF4.  

A model validation was performed with the test data set by using the model to predict z-scores 

with the predictor data set in the test data and comparing them to the observed EVI2 z-scores 

of the test data. To assess model performance R2 and RMSE were calculated.  
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Table 1. List of indices included in the analysis. 

Index Description  

Elevation  Elevation above sea level (m) 

Slope In degree (planar, average maximum) 

Aspect Northness, ranges from -1 (S) to 1 (N) 

Topographic position index (TPI) 

(1000m and 4000 m neighbourhood) 

Position of each cell relative to the elevation of its 

specified neighbourhood (equation 3 and 4). 

Topographic wetness index (TWI) Relative moisture status of a cell (equation 5). 

Hight above nearest drainage 

(HAND) 
Vertical distance between a cell and the nearest stream (m). 

Soil moisture index (SM) 

Combination of depth to water (DTW) and Soil 

Topographic Wetness Index (STI) (Naturvårdsverket 

2019a). 

Self-calibrating Palmer Drought 

Severity Index (scPDSI) 

Drought index based on observational data, a simple water 

balance model and regional parameters (Barichivich et al. 

2018) 

Forest class 
Broad forest classes determined by dominant tree type, 

based on land cover data from Naturvårdsverket (2019b) 

Canopy height Canopy height in m (SLU 2010) 

Stand age Stand age in years (SLU 2010) 

Distance to nearest wetland (DNW) 
Euclidian distance to nearest cell in wetland based on land 

cover data from Naturvårdsverket (2019b) 

 
All following Bio variables: WorldClim data base (Fick 

and Hijmans 2017) 

Bio1 Annual mean temperature (°C)  

Bio2 Mean diurnal range (mean of monthly max - min T) (°C) 

Bio3 Isothermality (Bio2/Bio7 x 100) (%) 

Bio4  Temperature seasonality (sd x 100) (°C) 

Bio5 Max temperature of warmest month (°C) 

Bio6 Min temperature of warmest month (°C) 

Bio7 Temperature annual range (Bio5-6) (°C) 

Bio8 Mean temperature of wettest quarter (°C) 

Bio9 Mean temperature of driest quarter (°C) 

Bio10 Mean temperature of warmest quarter (°C) 

Bio11 Mean temperature of coldest quarter (°C) 

Bio12 Annual precipitation (mm) 

Bio13 Precipitation of wettest month (mm) 

Bio14 Precipitation of driest month (mm) 

Bio15 Precipitation seasonality (coefficient of variation) (%) 

Bio16 Precipitation of wettest quarter (mm) 

Bio17 Precipitation of driest quarter (mm) 

Bio18 Precipitation of warmest quarter (mm) 

Bio19 Precipitation of coldest quarter (mm) 
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4. Results  

4.1 Feature selection 

The models created in the process of RFE with variables ranked by their permutation variable 

importance are presented in table 2 and 3. Excluding variables lead to a significant change in 

the ranking of variables in the following model. However, certain variables such as DNW, 

bio18, bio16, Aspect, Slope, Forest class and scPDSI were ranked as top predictors in most 

models (table 2 and 3). Other variables such as TPI (1000m) increased in variable importance 

when excluding explanatory variables using RFE or showed considerable changes between 

models such as latitude (table 2). The bioclimatic variable bio18 (precipitation of warmest 

quarter), followed by bio16 (precipitation of wettest quarter) and scPDSI showed the strongest 

impact on the OOB-MSE in the final model (table 3). Of the terrain indices, slope, aspect and 

TPI (1000m) (ranked in that order) were included in RF4 as important predictors of drought 

impact on primary forests (table 3). All topographic variables in RF4 were primary terrain 

indices (slope, aspect, TPI), no compound terrain index (HAND, TWI) was placed in the final 

model. Of the variables describing forest properties the predominant tree species, represented 

by the variable “forest class” ranked highest (table 3). 
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Table 2. Variables and their respective permutation variable importance of intermediate random forest 

models RF1, RF2 and RF3, created in the recursive feature elimination process. Variable importance is 

expressed in percent increase of the model OOB-MSE (%IncMSE) when the variable is permuted. A 

detailed description of the variables can be found in table 1. Dotted lines represent the %IncMSE 

thresholds set for feature elimination. 

RF 1   RF 2   RF 3   

Variable  %IncMSE   Variable  %IncMSE   Variable  %IncMSE   

Aspect 96.85  bio18 62.49  scPDSI 49.35  
bio2 61.78  DNW 61.04  Forest class 48.72  
DNW 55.82  Latitude 59.83  Stand age 44.15  
bio3 52.90  Slope 43.02  bio16 40.84  
scPDSI 49.85  scPDSI 41.25  bio9 37.54  
bio16 47.55  Stand age 38.87  Canopy height 37.14  
Forest class 42.18  bio16 38.13  DNW 33.67  
bio7 40.95  Forest class 37.27  Slope 31.47  
Elevation 38.54  bio4 37.01  Aspect 30.96  
bio18 37.24  Aspect 31.30  TPI (1000 m) 30.83  
bio9 32.90  bio3 31.10  bio4 30.29  
bio4 32.77  bio2 31.04  Latitude 26.45  
Canopy height 31.26  Canopy height 30.78  bio18 21.98  

bio10 31.15  bio7 28.75  Elevation 19.26   

bio11 23.80  bio6 28.60  bio7 16.81  
bio8 21.72  TPI (1000 m) 26.94  TPI (4000 m) 13.39  
bio6 19.28  Elevation 23.50  bio3 10.85  
TPI (1000 m) 19.03  TPI (4000 m) 23.43  bio2 10.44  

bio1 19.01  bio9 20.45  bio6 6.76  

HAND 18.32  bio10 12.33       

Latitude 17.02  SM 11.27     

TPI (4000 m) 17.00  HAND 8.93     

Stand age 15.98  bio11 8.62     

Slope 15.80  bio8 7.20     

SM 15.52   bio1 5.36     

TWI 9.58          

bio15 7.68        

bio19 7.44        

bio5 6.11        

bio17 4.43        

bio14 2.33        

bio13 2.21        

bio12 1.56        
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Table 3. Variables and their respective permutation variable importance of the final random forest 

model RF4, created in the recursive feature elimination process. Variable importance is expressed in 

percent increase of the model OOB-MSE (%IncMSE) when the variable is permuted. A detailed 

description of the variables can be found in table 1.  

 

 

 

 

 

 

 

 

 

 

 

As shown in table 4, 20 predictors could be excluded from RF1 to RF4 without increasing the 

OOB-RMSE substantially. The prediction error of RF4 for the OOB-data (OOB-RMSE) was 

increased by 0.016 z-scores compared to RF 1, built with all variables (table 4). The final model 

was comprised of 13 variables with an OOB-RMSE of 0.548 z-scores and an OOB-R² of 0.448. 

The OOB-R2- value is a measure of the fraction of the variance in the OOB-data captured by 

the decision trees. Both, the OOB-R² and the OOB-RMSE were relatively stable over the first 

3 models and decreased more strongly for the final model RF4 (table 4). This stronger reduction 

of the model error was seen as an indicator that model performance would decrease significantly 

with further variable reduction. Therefore, the remaining variables were included in the final 

model.  

 

Table 4. Number of predictors, out-of-bag prediction error in z-scores (OOB-RMSE) and out-of-bag R² 

(OOB-R²) of the random forest models RF1, RF2, RF3 and RF4, created during the recursive feature 

elimination process.  

 

 

 

 

  

RF 4 

Variable  %IncMSE 

bio18 75.49 

bio16 59.35 

scPDSI 59.05 

bio9 57.29 

Forest class 54.90 

bio4 52.28 

Slope 42.69 

Canopy height 42.45 

Aspect 35.46 

Latitude 31.23 

Stand age 30.86 

DNW 28.67 

TPI (1000 m) 28.25 

  RF 1 RF 2 RF 3 RF 4 

Nr. variables 33 25 19 13 

OOB-R²  0.485 0.479 0.473 0.448 

OOB-RMSE 0.532 0.535 0.538 0.548 
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4.2 Model validation 
Model validation of RF2 and RF4 z-score prediction performance with a new, independent set 

of randomly selected locations (41100 grid cells) is presented in figure 2. RF4 predicted z-

scores with an RMSE of 0.52 z-scores and an R² of 0.48 compared to observed EVI2 z-scores 

(figure 2).  In comparison to the model’s capacity to predict the training data z-scores (OOB-

RMSE = 0.548), the model performed, therefore, equally well with a new predictor dataset 

(figure 2B and table 4).  

Compared to model RF2, which predicted z-scores with an R² of 0.51 and an RMSE of 0.50, 

RF4 performed similarly well, justifying the reduction of the predictor variables to the final 13. 

However, the model failed to capture the whole distribution of the test data. Model z-score 

predictions ranged from approximately -2 to 2, failing to capture the tails of the distribution, 

i.e. strong negative and positive Z-score anomalies (-5 to 3) (figure 2B).  

 

 

 

 

Figure 2. Validation of random forest model RF2 (A) and RF4 (B). Z-scores predicted by the models 

are plotted against observed July-September 2018 Landsat EVI2 z-scores. RMSE in z-scores, R²-values 

and regression lines (blue) were calculated for each model. Validation was performed with independent 

test data (41100 data points), representing 50 x 50 m grid cells. RF2 prediction was based on 22 

predictors and RF4 prediction was based on 13 predictors. A detailed overview of model predictors can 

be found in table 2 and 3.  

  

A B  
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4.3 Partial dependencies  
For comparison, the spatial distributions of z-scores, scPDSI and bioclimatic variables are 

presented as maps (figure 3). Partial relationships between each predictor of RF4 and z-scores 

are shown in figure 4. Comparing the spatial distribution of z-scores with these variables, allows 

for an assessment of model performance in capturing spatial patterns. In general, model partial 

dependencies of scPDSI and bioclimatic variables agreed with the spatial patterns presented in 

the maps. Regions with less precipitation in the wettest (bio16) and warmest (bio18) quarter as 

well as high temperature seasonality (bio4) showed lower z-scores, i.e. negative drought impact 

(figure 4). Bio9, the mean temperature of the driest quarter did not show a clear relationship to 

z-scores. Regions with bio 9 < -10 °C showed higher z-scores than regions with bio9 > -10 and 

< -5. Additionally, regions with bio 9 > -5 °C, for example in the north west and south west 

showed increased z-scores as well, explaining the sinusoidal nature of the partial dependence 

plot (figure 3 and 4). As shown in figure 3, negative z-score anomalies were stronger in the 

south of Sweden and decreased with increasing latitude. This pattern was captured by the RF4 

model as indicated by the positive relationship of latitude and z-scores in the partial dependence 

plot (figure 4).  

The drought index scPDSI shows strong relation to vegetation drought response. Regions with 

negative scPDSI scores representing regions estimated to have experienced a negative drought 

impact in summer 2018, were linked to negative z-scores in RF4. Regions with positive scPDSI 

scores were associated with positive z-scores. However, this was not true for scPDSI > 1.5. 

ScPDSI scores come at a significantly coarser resolution than EVI2 z-scores and therefore 

capture only average drought effects (figure 3). Regions in northern central Sweden, 

experiencing negative z-scores during summer 2018, were thus not captured by the drought 

index, leading to a mismatch between both variables for scPDSI > 1.5.  

Sites receiving more solar radiation such as south facing aspects and high topographic positions 

were associated with negative z-scores and, thus, were more negatively impacted by the 2018 

summer drought. In contrast, forest areas receiving less radiation and potentially storing more 

water such as north facing aspects and valleys showed positive EVI2 anomalies, indicating 

increased productivity. Additionally, and also likely linked to water availability, forests located 

on wetlands (DNW = 0) showed no deviation of EVI2 scores from the baseline (z-scores = 0) 

and negative z-score anomalies increased with increasing distance to wetland. Partial 

dependencies to slope showed z-scores increasing with increasing slope until approximately 

10° and decreasing for slopes above 10° (figure 4).  
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Drought effects differed notably between forests classes. Pine dominated locations (forest class 

1) were the most impacted forests, showing strong negative z-score anomalies (z-scores < -0.1).  

Spruce forests showed no negative impact overall (z-scores = 0) (forest class 2), and mixed 

coniferous forests were situated in between (z-scores > 0.1) (forest class 3). Broadleaved and 

mixed with coniferous species forests were generally associated with positive z-scores (figure 

4). Canopy height and stand age showed no clear trend in their partial relationship, affecting 

only a small range of z-scores between 0 and -0.05 (figure 4). 

 

 

  

Figure 3. Spatial distribution of z-scores, scPDSI, bio9 (°C), bio4 (°C), bio16 (mm) and bio18 (mm) 

in Sweden. Z-scores represent Landsat EVI2 z-scores of July-September 2018. ScPDSI is a unitless 

drought index, negative scPDSI representing negative drought effects. Bio4-18 are bioclimatic 

variables, representing precipitation in the warmest (bio18) and wettest (bio16) quarter, mean 

temperature of the driest quarter (bio9) and temperature seasonality (bio 4). Variables are described 

in more detail in table 1. Spatial reference system: SWEREF99 TM.  
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4.3.2 Two variable partial dependencies  
Because of potential complex interaction between variables, not captured by single partial 

dependencies, two variable partial dependence plots were produced. The influence of latitude 

on topographic drought effects, is shown in figure 5. In general, z-scores were significantly 

lower in southern regions than in northern regions, across all aspects, slopes and TPIs (figure 

5). The single partial relationship between aspect and z-scores shown in figure 4, can be 

observed across all latitudes (figure 5A). However, the north-south facing gradient was most 

pronounced in lower latitudes. Additionally, the range of z-scores shifted from ~ - 0.25 (north-

facing aspects) to below -0.4 (south-facing aspects) for the southern latitudes to ~ 0.05 (north-

facing aspects) to -0.05 (south-facing aspects) in high latitudes (figure 5A).   

Figure 4. Partial dependence of July-September 2018 Landsat EVI2 z-

scores in Swedish primary forests on all predictors in random forest 

model (RF4), ranked according to their variable importance. Distribution 

of the predictor data is indicated with small vertical lines above the x-

axis, representing deciles. Detailed description of the variables can be 

found in table 1. Forest classes indicated species composition: 1 = Pine 

dominated, 2 = Spruce dominated, 3 = mixed coniferous, 4 = mixed 

deciduous – coniferous, 5 = deciduous. Bio4-18 are bioclimatic variables, 

representing precipitation in the warmest (bio18) and wettest (bio16) 

quarter, mean temperature of the driest quarter (bio9) and temperature 

seasonality (bio 4). 
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Slope effects seem to be inverted in high latitude compared to low latitudes. In low latitudes z-

scores increased with increasing steepness and in high latitudes z-scores decreased with 

increasing steepness (figure 5B). TPI shows the most pronounced effect on z-scores compared 

to the other terrain indices across all latitudes. Forests located at low TPIs across the entire 

study area, were notably less affected by the summer 2018 drought than forests at high TPI. As 

it was the case for aspect. the range of z-scores shifted upwards towards z-scores > 0 with 

increasing latitude (figure 5C). 

 

 

Figure 5. Two variable partial dependence of July-September 2018 Landsat EVI2 z-scores in Swedish 

primary forests on the topographical predictors aspect (A), slope (B) and TPI (C) in combination with 

latitude in random forest model RF4. TPI describes the relative elevation in a 1000 m neighbourhood.  

Aspect represents the north-south direction, 1.0 being north, 0.0 east and west and -1.0 south. Slope is 

expressed in degrees. Partial dependence was calculated with the model training data. 

 

Partial dependencies of z-scores on TPI and aspect in combination with slope (figure 6, A and 

B), explain the slope effects shown in the single partial dependence plots and its relationship 

with latitude (figure 4 and 6B). Points on high topographic positions, and south facing aspects, 

likely located at flat ridges experiencing strong negative drought effects, represented by the 

small number of pixels with extremely low z-scores (< -0.1) in figure 6 (A and B) led to a 

positive relationship between z-scores and slope in the range of 0 to 10 degrees of steepness 

(figure 4). However, in general, for the rest of the data slope was negatively related to z-scores. 

North facing aspects on gentle slopes were associated with the highest z-scores > 0.5 and south 

facing aspects on steep slopes (> 40 degrees) showed negative z-scores < -0.1 (figure 6B). 

Influences of the compass direction of the terrain were stronger on high topographic positions 

(TPI > 0) (figure 6C). Z-scores of forests on high topographic positions ranged from 0 (northern 

aspect) to - 0.15 (southern aspect) in contrast to low topographic positions (TPI < 0), where z-

scores ranged from 0.1 (northern aspects) to 0.05 (southern aspects) (figure 6C). Additionally, 

topographic organisation of drought effects in relation to TPI was generally more pronounced 

on south-facing aspects than north-facing aspects (figure 6C).  

A B  C  
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The partial relationship of TPI to EVI2 z-scores was seen across all forest classes (figure 7). 

However, the range of z-scores was shifted significantly between classes. Deciduous forests 

showed z-scores between 0.15 (TPI < -50) and -0.05 (TPI > 50). In comparison pine forests had 

z-scores in the range of -0.1 (TPI < -50) to -0.2 (TPI > 50) (figure 7).  

 

 

Figure 6. Two variable partial dependence of July-September 2018 Landsat EVI2 z-scores in Swedish 

primary forests on the predictors TPI, aspect and slope in random forest model RF4. TPI represents the 

relative elevation in a 1000m neighbourhood. Aspect represents the north-south direction, 1.0 being 

north, 0.0 east and west and -1.0 south. Slope is expressed in degrees. Partial dependence was calculated 

with the model training data.  

 

The partial relationship of TPI to EVI2 z-scores was seen across all forest classes (figure 7). 

However, the range of z-scores was shifted significantly between classes. Deciduous forests 

showed z-scores between 0.15 (TPI < -50) and -0.05 (TPI > 50). In comparison pine forests had 

z-scores in the range of -0.1 (TPI < -50) to -0.2 (TPI > 50) (figure 7).  

 

 

Figure 7. Two variable partial dependence of July-September 2018 Landsat EVI2 z-scores in Swedish 

primary forests on the predictors TPI and forest class in random forest model RF4. TPI represents the 

relative elevation in a 1000m neighbourhood. Partial dependence was calculated with the model training 

data.   

A B  C  



27 
 

5. Discussion  

5.1 Predictors of drought impact 
In light of projected increases in drought frequency, increasing our understanding of drought 

impact on forests is important for accurate predictions and assessments of future drought related 

risks. Local climate is modified by many interacting environmental factors including 

topography which influences the drought resistance of vegetation on a small spatial scale. 

However, especially for boreal forests knowledge regarding the influence of local topography 

on drought events is scarce. This knowledge gap is particularly wide for primary forests, which 

offer the opportunity to investigate the response of natural forest ecosystems to extreme drought 

events. This study aimed at contributing to filling that knowledge gap by applying a random 

forest modelling approach, investigating the influence of the local environment including 

topography and forest properties on impact of the 2018 summer drought in primary forests in 

Sweden.  

The RFE analysis selected 13 of the predictor variables included in this analysis as the most 

influential on EVI2 z-scores. These predictors can be categorized as climatic predictors (bio4, 

bio9, bio16, bio18 and scPDSI), forest properties (forest class, stand age, canopy height, DNW), 

and topographical predictors (slope, aspect, TPI). The model performance exceeded 

expectations, capturing around 48% (R² = 0.48) of the of the variance in observed EVI2 z-

scores (figure 2).  

The model captured spatial patterns of drought effects well, considering the unquantified and 

potentially large uncertainties in explanatory variables and the satellite derived metric of 

drought impact as well as potentially missing variables such as soil type (figure 3 and 4). The 

fact that the partial dependencies show expected relationships between drought impact and the 

explanatory variables offer additional confidence in the model’s accuracy, i.e. drier landscapes 

positions farther from wetlands and in areas with stronger drought (scPDSI < 0) showed more 

negative EVI2 z-scores than topographically wetter locations closer to wetlands experiencing 

less severe drought (scPDSI ≥ 0). However, the model failed to capture the extremes of the 

observed EVI2 z-score range, underestimating both the reduction as well as the increase in 

EVI2 due to drought conditions in some regions (figure 2), implying that the causes for severe 

negative drought impact was not captured by the explanatory variables at the resolution they 

were applied. Therefore, the model is likely able to capture relationships between predictors 

and drought effects, but underestimates drought magnitude and should only be interpreted in a 

qualitative way when investigating spatial z-score patterns and interaction between predictors. 

By using July-September EVI this study only focused on immediate drought impact of the 2018 

summer drought on forests, but forest drought responses are complex and dynamic over time 

and mortality reaches its maximum with a time lag after the drought event (Anderegg et al. 
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2019; Reinermann et al. 2019). Therefore, this study probably covers only a part of the actual 

drought impact from the 2018 drought experienced by forests. 

In general, the results are consistent with findings of other studies in temperate and topical 

forest ecosystems (Goulden and Bales 2019; Schwartz et al. 2019; Kharuk et al. 2020). Partial 

dependence plots clearly showed the role the local topography played in creating microclimates 

that influenced the response of vegetation to the 2018 summer drought (figure 4 and 6). The 

reduction of July – September EVI2 was notably increased on divergent topographic positions 

such as steep slopes and ridges. Valleys bottoms and north-facing aspects strongly mitigated 

drought conditions, leading in some cases to a greening in less drought effected regions in the 

north of Sweden, due to elimination of growth limitations by temperature. As described by 

Dobrowski (2011), locations with these characteristics could serve as microrefugia for native 

species, preserving local biodiversity during the upcoming period of accelerated climate 

change. Contrarily to expectations the compound terrain indices TWI and HAND and the soil 

moisture index (SM) did not capture z-scores as effectively, or more effectively than primary 

terrain indices. This suggests that the exposure of a location to solar radiation and the 

atmospheric environment had a greater influence on direct drought effects than the relative soil 

moisture status. 

Topographic organisation of drought impact was present in all forest classes, indicating that 

topographical differences in drought impact cannot solely be attributed to differences in species 

composition along topographic gradients. However, forest class was ranked a more important 

predictor of drought impact in the random forest analysis than the terrain indices were (table 

3). Even though all forests experienced differences in drought effects between topographic 

positions, the general severity of the drought impact (the lower end of the z-score range 

experienced by a forest class) was determined by the forest composition (figure 7). Deciduous 

and spruce dominated forests were less negatively affected and even showed positive z-scores 

in some topographically convergent locations. In contrast pine dominated forests were 

generally negatively affected, regardless of the topographic position. This difference could be 

explained by the soils favoured by the different tree species. Pine trees are usually associated 

with sandy soils, which have a lower soil water retention capacity. Soil characteristics can have 

a significant influence on tree drought response (Rehschuh et al. 2017). Due a lack of data at 

sufficient resolution, however, they could not be included in this analysis. Future modelling 

efforts need to include data on soil types at a high resolution to clarify how the apparent effect 

of species composition on drought resilience, as seen in this study, is related to soil composition. 

Additionally, the observed EVI2 could be influenced by the understory, especially in forests 

with potentially less dense canopies such as pine forests. The forest classes used in this analysis 

only captures the dominant forest type at a certain grid cell and were reclassified to a 50 m 

resolution to match the resolution of the EVI2 raster. This analysis, therefore, captures general 

trends associated with the dominant tree type in a certain area. Differences between forests that 
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could influence drought impact, such as the composition of the understory, were not captured. 

Stand age and canopy height, were selected as important predictors during RFE, but based on 

the partial dependence plots no robust conclusions can be drawn about their influence on 

drought effects (table 3 and figure 4). Shorter and younger forests stands are believed to 

experience stronger negative drought effects than old forests with high canopies (Schwartz et 

al. 2019; Wolf 2020). However, these studies investigated differences between primary and 

secondary forests, where other differences in forest composition and management might have 

contributed to this effect.  

The analysis presented here suggests that capturing the effect of local terrain on drought effects 

requires a sufficiently high resolution to avoid smoothing out the signal. Given the availability 

of satellite products, the resolution of z-scores was restricted to 50 m x 50 m in this study. This 

scale is likely to capture most of the local landforms, however in topographically very complex 

terrain some landscape variability will be lost. With other, coarser satellite products such as 

MODIS data topographic effects could probably not be captured at all, highlighting the 

importance of high-resolution data for modelling forest vegetation dynamics in the face of 

climate change type droughts. For future research and a detailed assessment of vulnerabilities 

and resilience of Swedish primary forests, maybe for the purpose of conservation, an approach 

with a higher spatial resolution for individual forests could allow identifying microrefugia and 

locations particularly vulnerable to climate change type droughts.  

5.1.2 Implications for forest management  
For the purpose of a clear forest ecosystem signal, without interference from human 

management, this study focused on primary forest ecosystems. However, since previous 

research found primary forests less affected by the 2018 drought than managed secondary 

forests the results presented here could none the less give some insight into the potential effect 

of management on forest drought resistance (Wolf 2020). Partial dependency of EVI2 z-scores 

to distance to nearest wetland, show that drought effects in primary forests were mitigated by 

wetlands during the 2018 drought and drought impact severity increased with increasing 

distance from wetlands (figure 4). This indicates that wetlands play an important role for local 

water resources. Extensive draining, decreasing the area of forested wetlands dramatically, 

could have had a significant negative impact on the drought resistance of managed forests 

(Hånell 1988; Jacks 2019). Additionally, our findings show that mixed stands showed 

combined drought effects of the individual species and therefore mitigating the negative impact 

on the forest as a whole. Especially mixed coniferous deciduous stands showed substantially 

reduced drought effect compared to coniferous forests, indicating the benefits of mixed species 

composition for forest drought resistance (figure 7). Most managed forests in Sweden are 

Norway spruce (Picea abies) or Scots pine (Pinus sylvestris) monocultures and could thus be 

more vulnerable to negative drought impact than primary forests. Extending this study to 
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include managed forests, could provide insight into differences in drought response of both 

forest ecosystems and aid in the effort to adapt Swedish forestry to the changing climate.  

5.2 Model limitations and uncertainties  
Random forests allow for a relatively high level of interpretation of the model structure, 

compared to other machine learning algorithms. However, there are limitations to interpreting 

model structure based on partial dependencies. Setting all other predictors to their average 

values, to reveal the influence of a single predictor on the variable in question might create 

combinations of conditions that are impossible in reality. Additionally, patterns in the response 

variable might be attributed too strongly to a certain predictor by setting other influential 

predictors to their average value. An example in this analysis is the partial dependency of z-

scores to the topographic predictor slope. Flat or gentle slopes can experience both positive and 

negative z-scores depending on their TPI, since flat ridges and flat valleys experience very 

different exposure to drought effects. For the single partial relationship plot for slope, the 

occurrence of an increased number of flat ridges in southern Sweden led to a general trend of 

drought effects decreasing with increasing slope until 20° steepness, a pattern that is not 

applicable for the entire dataset (figure 4). This problem can be mitigated by combining 

predictors for partial dependencies, in this case slope, TPI and latitude (figure 5 and 6), but 

partial dependencies are limited to three dimensions or often, for the purpose of interpretability, 

to two dimensions.  

Likely important sources of uncertainties associated with the data include the spatial and 

temporal resolution of the satellite data as well as the spatial resolution and quality of the DEM. 

The choice of Landsat EVI2 July - September composites for detecting vegetation drought 

impact was based on the work of Wolf (2020), who discussed the uncertainties associated with 

this approach in detail. In short, due to the long return time of Landsat satellites (16 days) in 

addition to data loss due to clouds and diminished scene quality, capturing the temporal 

variability of drought impact on EVI2 is difficult. The July - September composites thus offer 

a relatively coarse estimate of drought impact. Yet, no other satellite product offered a 

sufficiently high spatial resolution with an appropriately long baseline period.   

All terrain indices were derived from the DEM. Uncertainties associated with the DEM such as 

spatial resolution and data quality are therefore propagated to the individual terrain index. The 

DEM used here was provided by the Swedish governmental agency Lantmäteriet and is created 

by aggregation of the national elevation model of 1 m resolution. Accuracy of the elevation 

data declines in “very hilly terrain” and with decreasing resolution of the elevation rasters 

created from the national elevation model (Lantmäteriet 2019). Additionally, the derivation of 

each individual index introduced additional uncertainty. For example, the neighbourhood on 

which the TPI calculation is based determines the level of detail captured by the index. Small 

neighbourhoods capture small hills and depressions, however loose information about more 

large-scale topographic patterns and vice versa (Weiss 2001). Since the best scale of the TPI 
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strongly depends on the size and topography of the study site, several neighbourhoods were 

calculated and analysed. Primary forests in Sweden differ substantially in size and complexity 

of the topography, therefore calculating TPI with the same neighbourhood of 1 km for all forests 

could lead to a loss of some of the relevant topographic signal in particularly large forests or 

forests with highly complex topography. Similarly, in the calculation of HAND a stream layer 

is created using a watershed size dependent threshold of water flow accumulation (Rennó et al. 

2008). The threshold used for HAND in this study was based on the average watershed size and 

might not describe all forests equally well. Both indices could, thus, be underestimated in their 

capability to describe topographic drought effects in this study and would reveal a stronger 

influence in an analysis of individual forests.  

5.2.1 Modelling drought impact with random forest regression 
The random forest algorithm is a powerful regression tool, allowing for the analysis of large 

datasets with many predictors and non-linear relationships. It is relatively easy to implement, 

requiring the tuning of only two parameters (number of trees and number of splits) and provides 

the opportunity of assessing predictor importance (Breiman 2001; Grömping 2009). For data 

sets with many data points, such as in this study, building of the random forest can be time 

consuming and requires a lot of computational power. This restricted the size of the training 

dataset and the number of iterations of the model building process. Because of their modelling 

approach random forest models are subject to a certain amount of randomness in the output. In 

bagging, a random subset of the training data is selected for building the decision tree and at 

each split a set number of predictors is randomly selected from all predictors. This means, that 

if a predictor has a high variable importance based on the effect a permutation of the predictor 

would have on the model error, it is likely that this predictor is in fact important. However, due 

to the randomness of the algorithm it is also possible that this predictor was randomly chosen 

many times in the node splitting process and is therefore overestimated in its importance 

(Janitza et al. 2018). The recursive feature elimination approach applied here somewhat 

mitigates that problem, since feature importance was reassessed at each step and “unimportant” 

predictors will likely be ranked low in one of the steps and eliminated. Other studies have 

observed a tendency to overfit the training data for models built with RFE and reassessing 

variable importance at each run (Svetnik et al. 2004). Model accuracy in the model validation, 

however, did not decrease significantly from the second model (RF2) to the last (RF4), 

suggesting that this might not be an issue in this approach (table 3). The four steps of feature 

elimination as applied here might not be enough to avoid the overestimation of a predictor 

completely. Variable selection with random forests is still a subject of ongoing research. Several 

approaches exist for a more robust variable selection; but their success depends on the nature 

of the data and the research aim. Most approaches were not applicable in this study, either 

because of limited computational power or because of the data types they were designed for 

(Szymczak et al. 2016; Greenwell et al. 2018; Janitza et al. 2018). In general, more robust 

results could potentially be achieved by increasing the number of iterations, such as in the 
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variable selection method r2VIM proposed by Szymczak et al. (2016). Since important features 

will have relatively high variable importance scores in most runs, variables can be ranked 

according to their relative importance in all runs. 

Another factor potentially influencing variable importance is between predictor correlation 

(Strobl et al. 2007). Many predictors used in this study are naturally highly correlated, such as 

bioclimatic variables and latitude or TWI and HAND. RF-CART in combination with 

permutation variable importance is the most widely applied RF model. It has been shown to be 

biased in the presence of within predictor correlation (Strobl et al. 2007; Zhang and Yang 2020). 

Many approaches have been suggested to circumvent this problem, showing that the best choice 

of RF and variable importance measure is very aim and data dependent (Zhang and Yang 2020). 

Conditional Permutation Variable Importance Measure (CPVIM) based on a different type of 

decision tree, the Conditional Inference Tree (CIT) have been suggested to avoid problems with 

correlated predictors, showing more consistent results (Hothorn et al. 2006; Strobl et al. 2008). 

CIT random forests require more computational power and have not always shown more 

accurate results than RF-CART (Zhang and Yang 2020). For this study, because of the required 

memory space and time to build a RF-CIT model, it was not possible to compare RF approaches 

and the variable importance measure CPVIM with the applied permutation variable importance. 

For further research on this topic, comparing variable importance rankings of both approaches 

could contribute to a more accurate model of drought impact predictors.  

 

6. Conclusion 
This study found that topography was a relevant modulator of direct drought effects in primary 

forests during the summer drought in 2018. Topographic landforms both exposed vegetation to 

severe drought conditions (ridges, south-facing aspects) and created microrefugia (valleys, 

north facing aspects), protecting vegetation from drought. Surprisingly, topographic 

organisation of drought effects was best described by the primary terrain indices aspect, slope, 

and TPI and not as may be expected by the more complex compound terrain indices such as 

TWI. Drought impact and the local environment showed clear interactions, despite the 

considerable uncertainties associated with remotely sensed vegetation indices and DEM 

derived terrain indices. This highlights the need for studying vegetation dynamics at resolutions 

that differentiate between topographically wet and dry locations. Especially for accurate 

assessments of future climate-change related risks for forest ecosystems, the incorporation of 

topography would improve model predictions.  

Given the previous findings that primary forests were generally affected less than managed 

forests this project suggests that the establishment of monocultures on drained soils may 

contribute to the increased drought vulnerability of managed secondary forests.   
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