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Chapter 1. Introduction on 
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1.1. Introduction 
The natural assets of the Netherlands are threatened by increasing landscape fragmentation, 

desiccation and eutrophication. Survival of the endemic flora and fauna, conservation of the 

cultural heritage of the Dutch landscape and insurance of societal functions, such as 

recreation and drinking water production, all require careful asset management, spatial 

planning and conservation strategies (Witte et al., 2012).  

Prerequisite of this enterprise are tools that support the evaluation, conservation and 

creation of biodiversity (RP Bartholomeus, 2010; Grootjans & van Wirdum, 1996; Olde 

Venterink & Wassen, 1997; Witte et al., 2004, 2008). More specifically, it is desired to map the 

extent and characteristics of natural vegetation as well as to conceptualise the complexity of 

individual species occurrences into easy interpretable vegetation types or functional 

vegetation attributes. This allows discussion of vegetation in a consistent vocabulary, such 

as the hierarchical phytosociological classification (Schaminée, Stortelder, et al., 1995) or the 

European habitat directive habitat types (Runhaar et al., 2009). In this thesis, the constituents 

of any vegetation discretisation scheme will be referred to as vegetation types. 

Motivated to overcome the time and labour intensive nature of traditional vegetation 

mapping approaches (Schmidt & Skidmore, 2003), Habitat Distribution Models (HDMs) are 

developed that relate plant species or vegetation type occurrence to environmental variables 

(Guisan & Thuiller, 2005). As such, a HDM determines the suitability of a site to host a 

certain vegetation type, which is in turn translated into vegetation type maps.  

Fuelled by economic low tide and governmental budget cuts (Staatsbosbeheer, 2013), cost 

efficient and proven nature management measures are called for. Meanwhile, the response 

of Dutch nature assets to climatic change is poorly known at best (Witte et al., 2012). A HDM 

tailored to Dutch vegetation types, management practices and climatic setting is therefore 

urgently required.  

1.2. Theory and operation of PROBE 
In response to the challenge outlined in the previous section, KWR Watercycle Research 

Institute (KWR) has developed the PRObability Based Ecological target model (PROBE) 

(Witte et al., 2006, 2004). PROBE is calibrated on a large database of vegetation plots from 

throughout the Netherlands, making it a nationwide applicable model that is flexible to 

calculate the occurrence probability for any suite of vegetation types or custom designed 

clusters of types. This section describes the ecological theory behind PROBE as well as mode 

of operation.  

1.2.1. Theory 
Plant species occurrence is determined by two categories of processes: firstly biotic, such as 

interactions with other species and secondly, abiotic conditions that determine the 

suitability of a site for a species. Examples of such conditions include soil salinity, nutrient 
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availability, moisture regime and acidity. From here, this thesis focusses on abiotic, rather 

than biotic, conditions.  

It is non-trivial to capture the true abiotic conditions that a plant experiences, due to very 

small scale variation in soil properties and the complicated interface between soil and roots. 

Therefore, abiotic conditions are often approximated by quantities (collectively called site 

factors) that are more easily measured, such as the mean groundwater level in spring, 

oxygen stress (RP Bartholomeus et al., 2012), P-mineralisation (Fujita et al., 2013) and soil pH 

(Cirkel et al., 2012). Abiotic conditions constrain a site’s potential vegetation to those species 

that employ physiological or morphological features that allow it to optimally profit from or 

withstand that specific constellation of site factors. These features become manifest in plant 

traits (Kattge et al., 2011; Pérez-Harguindeguy et al., 2013), which are defined as “any 

morphological, physiological or phenological feature measureable at the individual [plant] 

level, from cell to whole-organism level, without reference to the environment or any other 

level of organisation” (Violle et al., 2007). Traits can be measured on individual specimens 

and subsequently aggregated to community level. In this thesis, ‘plant trait’ refers to the 

numerical value of the trait, rather than absence/presence of the trait itself and is often 

shortened to simply ‘trait’. The efficiency of plant traits to withstand environmental 

constraints and exploit resources is referred to as a plant strategy (Ustin et al., 2009). 

It was found that, within a community, trait variance was lower than would be expected 

from a random trait pool assembly (Cornwell et al., 2006; de Bello et al., 2009; Freschet & 

Dias, 2011; Kraft et al., 2008), meaning that between plant communities a convergence of 

traits occurs (Cornwell et al., 2006). This is caused firstly by site conditions filtering the 

range of viable plant strategies and thus traits. For example, in arid regions with high 

evapotranspiration demand, plants with thick and dense leaves that easily conserve water 

can thrive. This strategy is indicated by a low Specific Leaf Area (SLA, mm2 leaf area mg-1 

leaf dry matter) trait value. Secondly, evolutionary history and metabolic costs prevent 

plants to adapt traits to changing conditions or to create traits that withstand many different 

environmental constraints simultaneously (Ackerly & Cornwell, 2007). Therefore, only a 

subset of all species has the traits demanded by a site and can be expected to be present 

there. Within plant communities however, a reverse process is observed, as comparable 

plant strategies between neighbouring species become a handicap in competing for the 

same, limited resources. Small differences in traits then lead to strategy and trait divergence 

(Cornwell et al., 2006). Therefore, community averaged traits best express the impact of 

abiotic conditions on a community, more so than individual species traits. Aiming to use 

plant traits as indicators for abiotic conditions, this thesis refers to community averaged 

values, unless stated otherwise.  

Because of trait convergence between communities, different plant communities or 

vegetation types may be described by their mean traits (Douma, Aerts, et al., 2012). By 

matching the site’s anticipated traits (as dictated by the environmental filtering) with known 

mean traits of a catalogue of plant communities, the plant community that is most likely to 

occur is the community whose mean traits most closely resemble the expected traits. This is 

the rationale behind the PROBE model.  
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Figure 1.1 Conceptual visualisation of the PROBE model. Vegetation plots (dots, left figure), of a certain 

vegetation type (colours, left figure) form clusters in 3D vegetation characteristic space. PROBE mathematically 
describes these clusters as probability density functions (PDFs) for each vegetation type (coloured clouds, right 

figure).Figure after Witte et al. (2007). 

More formally, PROBE is a mathematical interpretation of this principle, describing 

vegetation type occurrence probability as a function of traits. Many vegetation plots (dots in 

Fig. 1.1) of a given vegetation type (colours in Fig. 1.1) form a cluster in an n-dimensional 

trait space, (where n is the number of explanatory traits, n = 3 in Fig. 1.1). The clusters are 

mathematically modelled as probability density functions (PDFs, coloured polygons, right 

panel, Fig. 1.2), that give the Bayesian occurrence probability of each vegetation type at any 

given combination of traits. The vegetation type with the highest occurrence probability can 

then be assigned to the location for which a prediction is made. Using this principle, any 

particular discretisation of the continuum of the earth’s vegetation into vegetation types 

may be distinguished along trait axes as long as the axes are based on ecological attributes 

(Witte et al., 2007). 

1.2.2. Operation 
PROBE has been employed in several regional ecological assessment studies in two distinct 

fashions (Witte et al., n.d.). Firstly, the model is used describe the current spatial distribution 

of vegetation types. This approach a replaces traditional methods for vegetation mapping 

(Küchler & Zonneveld, 1988). Secondly, PROBE is used to assess the impact of changing 

abiotic conditions on the vegetation type occurrence probabilities. These abiotic changes can 

be induced by either management measures, or climate change. Either way, PROBE’s 

forecast of the vegetation response to factors that may or may not be beyond our control, is a 

solid basis for decision making and management. 

PROBE has predicted several sets of vegetation types, ranging from global vegetation types 

on a global scale (van Bodegom et al., 2013), to floristically defined associations following 

the Dutch phytosociological system (Schaminée, Stortelder, et al., 1995) (Douma, Aerts, et 
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al., 2012; Witte et al., 2010, 2004). For use in the Netherlands, PROBE superimposes taller 

vegetation morphology types such as trees and shrub because their distinction is entirely 

management driven and not much affected by abiotic conditions. Therefore, using abiotic 

conditions will not aid to functionally differentiate forests from grasslands. To 

circumnavigate this problem, this thesis focusses on grassland and shrub lands only 

(together summarised as herbaceous vegetation). 

1.3. Current challenges of the PROBE approach 
Ongoing PROBE development has exposed the nature and acquisition of PROBE input data 

as the two main challenges for PROBE. The following subsection describes how two types of 

PROBE input data either Indicator Values (IVs) and traits, suffer from either practical or 

theoretical concerns. Both however, are difficult to acquire on a full spatial coverage format. 

This second challenge is described in more detail in the second subsection. 

1.3.1. Finding the most suitable vegetation characteristic 

as input 
In the previous section PROBE was explained by introducing traits to express abiotic 

conditions. Currently however, IVs instead of traits are mainly used as PROBE explanatory 

variables. IVs are numerical values that express the realised optimum of a plant species with 

respect to abiotic conditions (Diekmann, 2002). IVs are rooted in the ancient notion that 

plant species are informative of the abiotic conditions at their growing site, which gained 

scientific traction from early 20th century onwards (Ellenberg, 1950; Klapp, 1965; Meinzer, 

1927; Schimper, 1898) and resulted in the publications of the first systematic IV lists in the 

1970’s for vascular plants in central Europe (Ellenberg, 1974) and Swiss plants (Landolt, 

1977). This thesis uses the IV list of Witte et al. (2007), which is comparable to Ellenberg’s 

revised IV list (Ellenberg et al., 1991) except that it is tailored for Dutch flora and has a 

continuous scale. This list is based on a division of vascular plant species (Runhaar et al., 

2004) , mosses and liverworts (Dirkse & Kruijsen, 1993), and Characeae (van Raam & Maier, 

1993) into ecological groups and covers four abiotic factors indicated by a letter: moisture (F, 

ranging from 1 = open water, to 4 = completely dry), nutrients (N, ranging from 1 = nutrient 

poor to 3 = nutrient rich), acidity (R, ranging from 1 = acid to 3 = alkaline) and salinity (S, 

ranging from 1 = fresh to 3 = salt). IVs do not follow the definition of plant traits given 

earlier because they cannot be physically measured. I will refer to IVs and plant traits 

collectively as vegetation characteristics.  

Like plant traits, IVs are informative about abiotic conditions and vice versa: abiotic 

conditions are predictive for the IVs of the vegetation at a site (Witte et al., 2007). Abiotic 

conditions thus also enforce IV convergence at community level. This is expressed in 

community averaged IVs (from here on, IVs refer to community-averaged IVs, individually 

indicated by mF, mN, mR and mS), that are an integrative measure of spatial and temporal 

variation in abiotic conditions (Witte et al., 2007).  
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The main reason that IVs are used in conjunction with PROBE is that they are easily derived 

from legacy vegetation plot species inventory data, because the plant species identity is 

sufficient for IV determination. With this approach, all vegetation plots in the national 

vegetation plot database in the Netherlands (Schaminée et al., 2012) have been assigned 

mean IVs (Witte et al., 2007) and were subsequently used as basis to calculate PDFs for the 

vegetation types found among the vegetation plots, enabling a nationwide application of 

PROBE for any desired vegetation type.  

IVs may be used to predict how vegetation will respond to climate change. To illustrate, mF 

correlates to vegetation oxygen stress, which in turn depends on climatic and soil data only 

(RP Bartholomeus et al., 2012). A hypothetical mF value can be derived from forecasted 

oxygen stress and fed into PROBE to give vegetation type occurrences in a future climate. 

This approach is based on two assumptions, which are both challenged. Firstly, that the IVs 

of a species shall remain unchanged in a changing climate. However this ignores that 

climate change may invoke shifts in inter-species competition, leading to expansion or 

contraction of a species realised niche within its fundamental niche. This attenuates the 

meaning of IVs, because these are calibrated on the current realised niche. IVs cannot reflect 

the species’ future niche because recalibration is impossible until changes in species 

occurrence have been observed. Also, species response to currently non-existing 

combinations of abiotic conditions is unknown. For example: dry soils are nearly always 

also poor in nutrients, but are plants found there then limited by the moisture deficit or 

rather the low nutrient supply? These two abiotic conditions cannot be disentangled because 

there is no situation where one of these abiotic conditions violates the correlation and where 

we can observe the species response.  

Secondly, the approach assumes an unchanged relation between IVs and the vegetation 

types, i.e. that the same species as now will co-occur in a future climate. This may be 

falsified when diverging strategies lead to the disappearance of familiar vegetation types, 

such as those within the Dutch national phytosociological system.  

In addition to the limited warranty of IVs under a changing climate, IVs are currently also 

fore mostly used in North-West and Central Europe and less so outside it (Diekmann, 2002). 

This is an obstacle to expanding the geographical application extent of PROBE. 

Traits are expected to alleviate the concerns of IVs, firstly because traits have a stable and 

predictive response to ecosystem functioning and climate (Homolová et al., 2013). For 

example, higher temperatures enforce thicker leaves, decrease in SLA and higher carbon 

content in roots (Soudzilovskaia, 2013). If and when climate change results in increased 

temperatures, these trait combinations are expected to occur more often. This leads to either 

species phenotypically or genetically adapting their traits to some extent, or to an increase in 

abundance of those species with traits matching the demands of the new conditions. Both 

processes are expressed by changing mean community traits. Secondly, traits are globally 

applicable because they can be measured on any plant regardless of growing location.  

Both IVs (Witte et al., 2007) and traits (Douma, Aerts, et al., 2012) were used in PROBE 

applications. Whether IVs or plant traits are the most appropriate input data also depends 
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on another aspect, namely the possibilities to acquire full spatial coverage data. The next 

section addresses this challenge.  

1.3.2. Acquiring full spatial coverage input data 
Gathering full spatial coverage PROBE input data is challenging because IV and trait 

measurements are labour intensive and limited in geographical, temporal and taxonomic 

scope. Hydrological (Vermulst et al., 1998) and soil nutrient models (Fujita & van Bodegom, 

2013) or soil maps are then used to indirectly deliver IV or trait estimates. However, 

correlations between these model and map outputs and vegetation characteristics are 

usually weak (e.g. for nutrients and moisture (Douma, Bardin, et al., 2012)) or even absent 

(acidity)), which hampers their applicability in PROBE. Another downside of this approach 

is that pixel dimensions or polygon outlines may remain visible as artefacts in the PROBE 

output and that the PROBE output spatial resolution will never exceed the resolution of the 

coarsest input data.  

All these limitation may be overcome by employing remote sensing data as source for 

vegetation characteristic estimations. Remote sensing refers to earth observation sensors 

sampling the intensity of electromagnetic (EM) radiation reflected from, or omitted by, the 

earth surface from an elevated position, such as satellites, airplanes and unmanned aerial 

vehicles. Each sample is performed by one of the sensor’s spectral bands, the number of 

which, in conjuncture with their distribution throughout the EM spectrum as well as the 

width of their spectral sensitivity is styled as a sensor’s ´spectral resolution´. This ranges 

from low (multispectral sensors, < 10 bands covering non-adjacent, wide spectral regions) to 

high (hyperspectral sensors, > 100 adjacent bands each covering a narrow spectral range). 

Spatial resolution refers to the dimensions of the sensor sampling footprint on the ground, 

where high spatial resolution refers to highly detailed images. Temporal resolution refers to 

the frequency with which the sensor returns to a location.  

The highest spectral and spatial resolution is currently achieved by hyperspectral airborne 

sensors. Their very high spectral resolution yields a full spectral signature (Fig. 1.2) (Goetz, 

2009) for each pixel of a few meter size (Homolová et al., 2013). This comes at the expense of 

a low temporal resolution as image acquisition is constrained by favourable weather 

conditions, campaign schedules and costs. Because most IV (Ecker et al., 2010; Klaus et al., 

2012; Schmidtlein & Sassin, 2004; Schmidtlein, 2005) and trait (Homolová et al., 2013) 

estimates are currently derived from hyperspectral data, this thesis is limited to this type of 

data.  

At leaf level, estimation of biochemical constituents relies on the differences in how much 

and in which wavelengths the constituents absorb EM radiation (i.e., light). Incident light is 

either reflected on the leaf surface, transmitted through the leaf without any interaction, or 

absorbed by the leaf tissue. The proportions of these processes constitute the leaf optical 

properties, or spectral signature (Asner, 1998) (Fig. 1.2). Mainly leaf absorbance conveys 

information on the leaf biochemical characteristics (Knyazikhin et al., 2013) because the 

intensity of absorbance is determined by the constituent concentration (Curran, 1989). 

Typical leaf optical properties are chlorophyll and other pigments absorbing strongly in the 
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blue and red parts of the visible spectrum (VIS, 400 - 700 nm), while in the Near Infra-Red 

(NIR, 700 - 1500 nm) chlorophyll does not absorb and air-cell interfaces cause strong 

reflectance and transmittance (Fig. 1.2). Minor water absorption features are discernible 

around 1000 and 1200 nm. In the Short Wave Infra-Red (1500 – 2500 nm, SWIR) water 

absorption is dominant and obscures absorption peaks from leaf constituents such as lignin 

(Asner, 1998).  

Estimating leaf constituents at canopy level is more complex because canopy structure, leaf 

orientation and non-photosynthetic elements attenuate leaf optical properties to a degree 

where canopy structure is the dominant determinant of canopy reflectance (Knyazikhin et 

al., 2013). Common phenomena in canopy reflectance are saturation of NIR reflectance and 

enhanced VIS absorbance with increasing Leaf Area Index (LAI, m2 one sided leaf area m-2 

ground area) and the increase in reflectance with leaf inclination angle decreasing from 90° 

to horizontal leaves (Asner, 1998), as well as increasing spectral contribution of non-leaf 

properties such as soils, stems and litter with decreasing LAI and vertical canopy cover.  

Leaf traits are best derived from canopy reflectance when much light is intercepted by 

leaves. Because incident light must either be absorbed by leaves or non-leaf material or 

escape the canopy by being reflected towards a canopy gap, canopy absorbance and 

reflectance are fully complementary. However, only the latter fraction is intercepted by the 

remote sensing sensor. The fraction of light absorbed by leaves, and the spectral modulation 

caused by the leaf traits, can therefore only be accurately derived from canopy reflection if 

absorbance by non-leaf material is low.  

 
Figure 1.2 Spectral properties of a typical healthy green leaf. Absorbance, transmittance and reflectance of 
incident electromagnetic radiation are always complementary. VIS, NIR and SWIR are abbreviations for 

designated parts of the electromagnetic spectrum: visible, near-infrared and short-wave infrared respectively. 
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Quantitative estimation of traits from spectral data is based on modelling traits as a 

dependent variable of spectral data. Multilinear regression models such as Partial Least 

Squares Regression (PLSR) (Wold et al., 2001) and Gaussian Process Regression (GPR) 

(Pasolli et al., 2010) are common and easily applicable methods for this, also because they 

are insensitive to the high correlation between the spectral bands that is typically observed 

for hyperspectral data. The potential of remote sensing to estimate plant traits was reviewed 

by Homolová et al. (2013), who concluded that traits related to biochemical leaf constitution 

have higher potential to be retrieved from remote sensing data, than do traits that are not 

physically exposed to the remote sensing sensor (such as flammability and root properties).  

Despite these advances, trait predictions are mainly made for tropical and temperate forests 

only, with consistent dense canopy coverage and little seasonal variation (Ustin & Gamon, 

2010). In addition, relations between spectra and traits are consistently based on and applied 

to fully sunlit leaves on the top of the forest canopy (Asner & Vitousek, 2005; Doughty et al., 

2011). Trait correlation to canopy spectra in an herbaceous setting, which is of relevance for 

PROBE application, is not only much less explored (Svoray et al., 2013) but will also face 

interference from variable plant height, shadow, standing litter and soil background (Asner, 

1998; Feilhauer & Schmidtlein, 2011). As opposed to traits, IVs have been repeatedly related 

to herbaceous canopy reflectance (Ecker et al., 2010; Feldmeyer-Christe et al., 2007; Kaiser et 

al., 2012; Schmidtlein & Sassin, 2004; Schmidtlein, 2005). This is possibly because IV 

determination is relatively easy and avoids the complex task of sampling a representative 

trait value from a heterogeneous herbaceous canopy. Indeed, leaf sampling for trait 

determination may be more obvious in dense, closed forest canopies where top of canopy 

leaves are equally exposed to the sensor and therefore of interest for trait.  

1.4. Aim, approach and outline 
The previous sections demonstrated how spectral trait estimation in herbaceous settings is 

largely unexplored, but highly relevant for PROBE. It was also highlighted how it is 

unknown if spectral IV estimates are sufficiently accurate for use in PROBE. These questions 

encouraged KWR Watercycle Research Institute in 2010 to explore the use of remote sensing 

for support of ecological modelling in general and PROBE in particular, which resulted in 

this thesis. This research was performed in collaboration with the laboratory of Geo. 

Information and Remote Sensing of Wageningen University and the department of 

ecological science, sub-department systems ecology, of the VU University Amsterdam.  

The aim of this thesis is to support ecological modelling efforts by deriving quantitative and 

full spatial coverage estimates of vegetation characteristics (traits and IVs) from remote 

sensing data. This objective breaks down into two topics:  

 assess the accuracy of remote sensing derived IVs and site factors in relation to 

alternative information sources and relative to the demands of PROBE; 

 investigate if trait estimates from spectral data can be applied to the herbaceous 

setting that is of interest for the PROBE model. 
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Figure 1.3 Workflow of estimation vegetation characteristics from spectral data. Vegetation characteristics (Veg. 
Char.) are measured in-situ (left panel) and paired with spectral data (Refl. Data). A linear model between these 

two is fitted (centre panel) and applied to the full coverage spectral data. The resulting vegetation characteristic 

estimates are employed as explanatory variables for an ecological model, such as PROBE (lower panel, after 
Witte et al. (2007)). 

To this end, the merits of remote sensing compared to traditional information sources in 

terms of accuracy, availability and resolution of estimated site factors and vegetation 

characteristics are explored in Chapter 2.  

Chapters 3 and 4 investigate the fundamental relation between spectra and traits by 

confronting traits and spectra from different perspectives. The highly diverse suite of traits 

is measured at leaf level or canopy level and expressed proportionally to different 

quantities, such as trait content per leaf dry matter mass or per leaf area surface, while the 

spectral data originates from leaf level, breast height measurements or from an airborne 

platform. To our knowledge, this will be the first confrontation of such diverse traits with 

diverse spectral data in a herbaceous setting.  

Chapter 5 finally investigates if remote sensing derived IVs are sufficiently accurate for use 

in an ecological modelling application. For this, the entire chain of feeding remote sensing 

based vegetation characteristic estimates into PROBE is processed (Fig. 1.3), consisting of 

statically relating spectra and vegetation characteristics (step 1, Fig. 1.3) and spatial 

application of this model (step 2, Fig. 1.3) to create localised estimates of the PROBE input 

data (step 3, Fig. 1.3).  
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In chapter 6 this thesis concludes with a discussion of the feasibility of deriving IVs and 

plant traits from remote sensing in herbaceous settings and the implications for ecological 

modelling.  
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