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2.1. Abstract 
Species distribution predictions and other ecological assessments often rely on full spatial 

coverage information of site factors such as soil acidity, moisture regime or nutrient 

availability as input data for their analysis. However, site factors are expensive and labour 

intensive to measure. To determine if remote sensing data sources provide a viable 

alternative to traditional data sources, we analysed the accuracy (using ground truth 

validation measurements) of traditional sources of pH and Mean Spring Level (MSL, in m. – 

soil surface) data (a soil map and hydrological model respectively) and of remote sensing 

derived pH and MSL estimates. Remote sensing derived estimates were obtained using 

vegetation indicator values as intermediate step, to better approach conditions as 

experienced by the vegetation and link abiotic conditions to the reflectance signal. For pH, 

we found that the soil map and the remote sensing estimate were nearly as accurate. For 

MSL, the remote sensing estimates were much closer to the observed groundwater levels 

than was the output of a national hydrological model, but the error margin of the estimates 

still exceeded the tolerance range of moisture sensitive vegetation. The relatively high 

accuracy of the remote sensing estimates was made possible by the availability of local 

calibration points and large environmental gradients in the study site. In addition, the error 

composition of the remote sensing estimates could be analysed step-by-step, whereas the 

traditional sources had to be accepted ‘as-is’. For these reasons, we think that the high 

spatial and temporal resolution of remote sensing data offers key advantages over 

traditional sources.  

2.2. Introduction 
Nature areas are often managed on the basis of information about the current and the 

foreseen distribution of plant species and plant communities. Predicted distributions are 

usually derived from abiotic site factors, on the premise that each species and plant 

community has specific demands on its environment, e.g. on the availability of water and 

nutrients. For distribution modelling, information on the spatial variability of site factors is 

thus essential. For example, the occurrences of both plant species and of plant communities 

are related to groundwater regime (RP Bartholomeus et al., 2012; Runhaar et al., 1997; 

Tüxen, 1954), soil acidity (Cirkel et al., 2012; Damgaard et al., 2014) and N availability 

(Douma et al. 2012). Monitoring of nature reserves also benefits from estimates of site 

factors, for example when assessing the influence of management measures, succession, and 

the impact of climate change and N-deposition on natural vegetation (Cousins & Lindborg, 

2004; Ellenberg, 1992; Hannerz & Hånell, 1997; Olde Venterink & Wassen, 1997). Likewise, 

the European Union (EU) habitat directive requires its member states to report every six 

years on the conservation status of habitats and species. A possible approach is to 

benchmark observed site factors against known requirements (e.g., (Runhaar et al., 2009) for 

The Netherlands) of the target habitat types to reveal hotspots of environmental deficits.  

All these applications – modelling, monitoring and benchmarking - require full coverage 

estimates of site factors, as well as an in depth knowledge of the intimate relation between 
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site factors and vegetation. More often than not, however, sampling to obtain the spatial and 

temporal variability of site factors is constrained by time and resources. Therefore, 

researchers mainly resort to legacy sources to provide the required data, even though such 

sources, like soil maps, can suffer from high heterogeneity within polygons and a low 

temporal resolution with corresponding systematic errors, especially in changing 

ecosystems. An alternative source of legacy data includes previous model outputs. The 

accuracy of such data is often known and should be considered prior to implementation. 

Advantages of using earlier model output are its potentially higher temporal resolution and 

custom spatial resolution. 

Whatever the sources of legacy data, it is a risk to use them for other than their original 

purpose. For example, a soil map may have been compiled with regional agricultural 

suitability assessment in mind, so that the sampling density and minimum mapping area 

precludes a reliable statement about relatively small parcels. Only occasionally, legacy data 

were derived with ecological assessments on species occurrences of nature conservation in 

mind; the information does thus not necessarily coincide with those site factors that express 

the intimate link between species and its environment.  

With the increasing spatial, spectral and temporal resolution of earth observation sensors, 

remote sensing is an alternative source of site information. For example, moisture content 

estimates of the upper 3 cm soil are globally delivered on a 1 km spatial resolution by the 

Soil Moisture and Ocean Salinity (SMOS) satellite with a 4.0% accuracy (Panciera et al., 2009; 

Wigneron et al., 2007). Alternatively, soil moisture is derived from surface energy balance 

models (Bastiaanssen et al., 2005). Soil iron content and soil salinity classes were also 

successfully related to optical (HM Bartholomeus et al., 2007) or radar data (Bell et al., 2001). 

A review of soil property mapping from spectral data is provided in Mulder et al. (2011). 

Recently, groundwater tables were indirectly estimated through plant indicator values (IVs) 

derived from ASTER surface temperature data (Kaiser et al., 2012).  

The number of RS-driven ecological assessments is however, still limited (e.g., (Feilhauer et 

al., 2011; Roelofsen et al., 2014; Schmidtlein et al., 2011)). Utilizing site factor estimates 

derived from remote sensing in modelling efforts may be hampered by unfamiliarity with 

the possibilities of remote sensing or reservations towards the remote sensing interpretation 

techniques. Certainly, the plethora of remote sensing archives and the obligatory pre-

processing can restrain attempts to implement remote sensing into ecological assessment 

studies. What is more, over densely vegetated areas the remote sensing signal (at least for 

optical RS) will be predominantly modulated by the vegetation properties, obscuring the 

underlying site factors (HM Bartholomeus et al., 2011), potentially decreasing the accuracy 

of or even preventing estimation of the desired site factor. In all, a comprehensive 

evaluation of the accuracy of remote sensing derived estimates, relative to the accuracy of 

the traditional sources, is urgently required in order to appreciate the potential of remote 

sensing as an alternative source for spatial information about site factors in nature reserves.  

The objective of this study then, is to investigate the accuracy of these two distinct data 

sources of site factors and to evaluate their suitability for ecological applications. As a case 

study, we focus on two site factors that are known drivers of species composition of the 
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vegetation: soil pH and Mean Spring groundwater Level (MSL), a characteristic 

groundwater level, relative to soil surface, that is frequently used in the Netherlands 

(Runhaar et al., 1997). We acknowledge that other site factors are as or even more important 

in determining plant species composition, such as nutrient availability, salinity levels or 

light exposure. This research is limited to pH and MSL because we are not primarily 

interested in actually modelling species occurrences or any other ecological application, but 

rather to understand the usefulness of different data sources to provide information on site 

factors in general. We applied an independent validation dataset to determine the accuracy 

of site factors as estimated from traditional data sources and remote sensing, respectively. 

While in principle the data source with lowest deviation from the validation set should be 

considered most accurate, other aspects of the data sources such as the spatial variability 

and temporal resolution will also be considered in our assessment of their suitability for 

ecological applications. 

2.3. Materials & Methods 

2.3.1. General methodology 
We evaluate soil pH and MSL. Soil pH is a well-known driver of species composition, 

mainly because it modulates abundance of toxic substances such as aluminium and 

manganese as well as essential nutrients such as phosphorus, calcium, magnesium and 

potassium. Plant may employ complex adaptations to mitigate the effects of low or high pH, 

although these are difficult to measure or quantify (Cirkel et al., 2012). 

Soil moisture determines the availability of both oxygen and water to plant roots (Knapp et 

al., 2008). Generally, species that grow on a specific site are adapted to the prevailing 

moisture conditions. For instance, some species are able to grow on very dry sites due to a 

succulent structure or by reducing the transpirational water loss by having hairy leaves. 

Other species are able to grow on very wet, anoxic sites; they are adapted e.g. by having 

aerenchyma, which provide their roots with oxygen, by rooting only superficially or by the 

absence of root-like organs (e.g. Sphagnum sp.). In areas with shallow groundwater tables, 

capillary flow from the groundwater table to the rooting zone is an important source of 

water supply to vegetation. In such areas MSL is a highly decisive driver of species 

occurrences, mainly because it determines the availability of oxygen in the rhizosphere 

during a very critical stage of plant survival, i.e. at the start of the growing season when the 

groundwater table is still high from past winter and plant evapotranspiration has not yet 

begun (Runhaar et al., 1997). MSL is expressed in m minus soil surface (m – s.s.). 

We approach both pH and MSL, (hereafter collectively called site factors) from three 

perspectives:  

1. traditional sources, indicated with pHtrad and MSLtrad;  

2. remote sensing estimates, indicated with pHRS and MSLRS; 

3. validation measurements, indicated with pHfield and MSLfield . 
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Traditional sources are the readily available and spatial explicit estimates of the site factors, 

such as maps or model outputs. Remote sensing estimates are spatial explicit estimates of 

the site factors, derived from remote sensing data using one or more processing techniques, 

models or relations. Validation data represent actual measurements of the site factor, which 

are, in contrast to traditional source estimates and remote sensing estimates, point data and 

are measured in situ at the study site. The values of 1. and 2. are compared with the values 

of 3. at the location of the validation measurements to assess their respective accuracy (step 

3 and 4, Fig. 2.1). This provides the ingredients for an unbiased evaluation of the data 

sources and allows us to evaluate the merits of traditional estimates and remote sensing 

based estimates. We first describe the study site and then the traditional sources, followed 

by the derivation of pH and MSL from remote sensing data. Finally, the validation data is 

discussed. 

2.3.2. Study Site 
Within the 'Kampina' nature area in the south of the Netherlands, a 15 km2 study site was 

delineated (5° 16'00"E 51° 34'00"N). The Kampina is a Natura2000 protected nature reserve, 

located on Pleistocene cover sand. Notable topographic features are a small river flowing 

north-east bound through the southern part of the study site and several elevated sand dune 

ridges in the north. Elevation differences up to 11.5 m are observed. Several adjacent 

agricultural parcels were recently converted to natural conditions by removing the topsoil. 

These topographic features are responsible for a large gradient in pH values and MSL, 

which in turn drive variation in natural vegetation. Mainly dry and moist heather species 

(Caluna vulgaris, Erica tetralix and Molinia caerulea) dominate the northern part of the study, 

while in the mesotrophic and eutrophic wet grasslands around the small rivulet species 

such as Cirsium dissectum and Succisa pratensis are found.  

The main motivation to select this study site was the large pH and MSL gradient. In 

addition, the site is well accessible and within driving range of laboratory facilities, it 

contained a diverse herbaceous vegetation for which our methods for deriving site factors 

from remote sensing would work well (see Section 2.4) and several traditional data sources 

covering this site were readily available. Finally, the site was conveniently close located to 

the operating base of the APEX hyperspectral scanner 2012 flight campaign, which increased 

the chances of successful data acquisition. See section 4.3.1 for a more detailed description 

and map of the study site. 

2.3.3. Traditional sources 

2.3.3.1. pH Data from a soil map 

Since 1964, soil maps of the Netherlands have been published, with the last regions being 

mapped in the 1990’s (Steur & Heijink, 1991). As such, a soil map of the study site was 

readily available (Damoiseaux & Teunissen van Manen, 1984). The study site was mapped 

in the period 1964-1977 at scale 1:50 000. Twelve different soil types were found as polygons, 

with a minimum mapping area of 0.25 km2, in the study site. Approximately 0.55 km2 was 
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mapped as ‘open water’ or as ‘disturbed soil’ and was not assigned a soil type. Due to 

interpretations during the field survey, mapping scale and soil development, but also 

variation over small distances, the fuzziness of soil type extent borders and the need to 

ignore too small variations, a hypothetical soil sample within a polygons on the soil map 

will also, to a certain extent, contain different soil types than suggested by the soil map 

(Buringh et al., 1962). Approximately 2 km2 within the study site was labelled as having a 

>30% probability of a mismatch between the reported soil type and a random sample (Steur 

& Heijink, 1991). The accuracy of the soil map has not been specified beyond this. Land use 

changes (e.g. large scale nature conversion projects in the south eastern part of the study 

site) taken place after the mapping period will have led to additional mismatches. Also 

water bodies on the soil map and in the remote sensing image deviate to some extent.  

An earlier study determined physical and chemical characteristics for all soil types in the 

Netherlands, specifically aiming to provide quantitative soil properties for use in modelling 

studies (de Vries, 1999). This was achieved by linking measurement data from point soil 

samples to the soil unit in which the soil sample was taken. This way, each soil type in the 

study site was attributed a pH KCl value and a spatially explicit pH map was created, save 

for the polygons containing open water or those classified as disturbed soil at the time of 

surveying. 

2.3.3.2. MSL from a hydrological model 

We employed the output from a nationwide ground and surface water model, called the 

'National Hydrological Instrument' (NHI), as an estimate of MSL in the study site. NHI 

couples four components that each model a specific part of the Dutch water system: the 

saturated and unsaturated groundwater zone (modelled with MODFLOW (Harbaugh et al., 

2000) and MetaSWAP (van Walsum & Veldhuizen, 2011) respectively), regional surface 

water (modelled with MOZART (Vermulst et al., 1998)) and national surface water 

(modelled with DM-SOBEK) (de Lange et al., n.d.). This yields daily ground water levels in 

250 m grid cells. The NHI is freely available and the only (independent of local validation 

data) spatially explicit source of groundwater level data. From its output, we computed 

MSL as the average of the simulated groundwater levels at 14 March, 28 March and 14 April 

over a 30 year period from 1996 - 1995. 

2.3.4. Remote sensing estimates of site factors through 

indicator values 

2.3.4.1. Motivation 

There are two principal approaches to quantitatively estimate site factors from remote 

sensing data: inversion of radiative transfer models and empirically relating the spectral 

signal to site factors. In a fully empirical approach in situ soil pH and MSL measurements 

are related directly to reflectance data. However, such a relation can never be causal, 

because neither of these site factors is spectrally manifest to the sensor. Therefore, we opted 

for a semi-empirical approach, where vegetation properties are modelled first, based on 
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local vegetation plots (step 1, Fig. 2.1) and then translated to site factors using earlier 

established, generic relations between the vegetation properties and site factors (step 1 and 

2, Fig. 2.1).  

To understand why we follow this approach, we emphasise that site factors in ecological 

models should relate as close as possible to site factors as experienced by the vegetation. We 

are thus interested in a vegetation characteristic that firstly quantifies the vegetation – 

abiotic site factor interaction as well as possible, and secondly is measureable. Single 

physical site factors do not by definition consistently explain species and vegetation 

occurrences at an operational level. For example, in areas with a deep groundwater level in 

summer (deeper than one to two meter below rooting zone, depending on the soil texture) 

water supply to the rooting zone by capillary flow from the groundwater table is negligible 

(Vervoort & Van der Zee, 2008) and plants solely depend on precipitation water. However, 

in shallow groundwater ecosystems, small uncertainties in groundwater levels may have 

major implications for the vegetation observed, especially since such uncertainties may 

relate to large differences in the availability of oxygen (RP Bartholomeus et al., 2008).  

Likewise, variation in time and space of actual abiotic measurements complicates 

acquisition of a representative sample value. In all, we propose that the best gauge of 

environmental conditions as experienced by the vegetation is the vegetation itself. 

Therefore, we analysed functional attributes of the vegetation itself, which are potentially 

well discernible with remote sensing, to reveal the underlying site factors MSL and pH.  

We employed a vegetation characteristic that summarises the vegetation’s preference 

towards site factors. Illustratively called 'indicator values' (IVs), they are indicative for the 

site conditions by virtue of the vegetation on that site. In short, IVs are continues values 

based on expert judgement that express a plant species’ preference towards environmental 

factors. Site factors are often also indirect measures of species preferences, e.g. MSL is 

actually an indirect measure for oxygen deficits (RP Bartholomeus et al., 2012). 

 
Figure 2.1 Flow chart for deriving site factor estimates from remote sensing data. Abbreviations are: IVs: 
Indicator Values, PLSR: Partial Least Squares Regression, Y: a site factor, either Mean Spring Level or soil pH, 

RS: remote sensing. 
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2.3.4.2. Estimating indicator values 

At 32 locations within the study site, the floristic composition within a 2 * 2 m vegetation 

plot was assessed during August 2012 by a single, experienced field biologist. The observed 

species were coupled to a previously compiled list of IVs for each plant species in the 

Netherlands (Witte et al., 2007) describing the preference of each species on a continuous 

scale towards moisture regime (mF, ranging from 1 = open water to 4 = completely dry) and 

acidity (mR, ranging from 1 = acid to 3 = alkaline). Subsequently, a plot-average value for 

mF and mR was calculated. These plot averaged IVs are considered to be a robust indicator 

of the prevailing site conditions relative to the vegetation (Scherrer & Körner, 2011). From 

here onwards, the terms mF and mR and their collective noun 'IVs', refer to plot averaged 

values, rather than the value for individual species. 

We subsequently estimated IVs for the complete study using hyperspectral optical remote 

sensing data as basis for interpolation from plot level to the complete study site. An APEX 

hyperspectral image of the study site was acquired on 30 June 2012 containing spectral 

information in 228 bands covering wavelengths 507 - 2410 nm, excluding spectral regions 

with severe atmospheric absorption 1347 – 1434 nm and 1804 - 1957 nm. Ground resolution 

was 2.1 m. Open water, forests and shrubs, as well as bare soils and cloud cover were 

masked from the image in order to retain only herbaceous vegetation that would respond 

well to IVs. The spectral data was extracted for each vegetation plot as a weighted average 

of all pixels intersecting the extent of the vegetation plot. The APEX acquisition did not 

completely cover the requested area, leading to one of the 32 vegetation plots not being 

covered by the remote sensing image. For this plot, we measured canopy spectra with an 

ASD (Analytical Spectral Devices, Inc., Boulder, CO, USA) FieldSpec Pro FR spectrometer 

(see Roelofsen et al. (2013) for a more detailed description of the FieldSpec sampling 

procedure). The spectral bands of the FieldSpec were resampled to the APEX resolution by 

selecting those FieldSpec bands that most closely resemble the APEX spectral resolution.  

A detailed DEM of the Netherlands was used to extract the following topographic variables: 

elevation, slope, aspect, exposition, profile and planofile curvature. Spatial resolution was 

0.5 m, re-sampled to match the APEX resolution. Reflectance and topographic data was 

recovered for each plot of the 32 plots as the weighted average of the pixels intersecting the 

extent of the plot. We then modelled IVs as function of reflectance and topography using 

Partial Least Squares Regression (PLSR). PLSR is a multi-linear regression technique that 

reduces the dimensionality of the explanatory variables by projecting them into a certain 

number of new, orthogonal latent variables. An optimal number of latent variables (NLVs) 

is that number which prevents over-fitting of the data but also ensures optimal accuracy. 

PLSR is especially useful for remote sensing data because the spectral bands that are 

predictor variables are often highly correlated (Wold et al., 2001). The accuracy of the PLSR 

model was determined with a Leave One Out (LOO) validation. Band selection was applied 

to retain only the most relevant bands, following the procedure described in Feilhauer et al. 

(Feilhauer et al., 2011). During the calibration (subscript ‘cal’) and LOO validation (subscript 

‘val’) phases, model accuracy was described by the coefficient of determination (r2) and Root 

Mean Square Error (RMSE), normalised to the observed range. PLSR modelling was done in 
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R (R Core Team, 2013) using the pls package (Mevik & Wehrens, 2007) and scripts adapted 

from Feilhauer et al. (2010). 

Following model calibration and LOO validation, the models for mF and mR were applied 

pixel-wise to the study site, resulting in full spatial coverage mF and mR estimates. Because 

PLSR is a linear model, IV estimates outside the theoretical boundaries are possible and 

occurred for maximum 1% of the pixels in the study site. These pixels were removed and set 

to no data. 

2.3.4.3. Translating IVs into pH and MSL 

Correlations between plot IVs and site factors have been intensively studied. Here, we use 

the relations derived in earlier investigations on the relation between mR and soil pH 

(Cirkel et al., 2012) and between mF and MSL (RP Bartholomeus et al., 2012). Both studies 

used vegetation plots originating throughout the Netherlands compromising a wide range 

of measured abiotic conditions and vegetation types. Therefore, the relations are considered 

generally applicable in the Netherlands, contributing to the generality of our approach. 

For pH, we attributed vegetation plot data to wet (mF < 2.25) and dry (mF > 2.25) plots, as 

plant species adapted to oxygen stress by means of aerenchyma are less sensitive to soil 

acidity (Cirkel et al., 2012a) and fitted a linear model for pH as function of mR for wet plots 

(Equation 2.1, n = 32, r2 = 0.45, RMSE = 19.3%) and for dry plots (Equation 2.2, n = 58 , r2 = 

0.79, RMSE = 13.1%). 

𝑝𝐻𝑚𝐹<2.25 = 1.1258𝑒0.6164 𝑚𝑅 2.1 

𝑝𝐻𝑚𝐹>2.25 = 1.1189𝑒0.6258 𝑚𝑅 2.2 

 

The data of Bartholomeus et al. (2012) consisted of simulated daily groundwater levels for 

the period 1971-2000 for 145 vegetation plots with known mF. We calculated MSL for each 

plot following the definition mentioned in Section 2.3.2 and fitted a non-linear model (n = 

145, r2 = 0.76, RMSE = 12.4%) to define MSL as function of mF (Equation 2.3). 

𝑀𝑆𝐿 =
𝑙𝑛 (

3.5 − 𝑚𝐹
𝑚𝐹 − 1.9

) − 1.6

4.6
 2.3 

 

Equation 2.3 is asymptotic for mF approaching 1.9 and 3.5, expressing convergence towards 

aquatic vegetation and vegetation independent of the groundwater table with deeper 

ground water levels, respectively. In theory, the relation holds for 1.9 < mF < 3.5, but 

uncertainties in MSL increase as the relation approaches it asymptote. We therefore 

constrained MSL estimates to 2.0 < mF < 3.5. The pH ~ mR and MSL ~ mF relations were 

applied pixel wise to the IVs estimates in order to generate full spatial coverage MSL and 

pH estimates. 
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2.3.5. Validation 

2.3.5.1. Validation data 

At the same 32 locations in the study site where the floristic composition had been 

determined, soil pH was also measured with a pH electrode (Hannah instruments, 

IJsselstein, the Netherlands). Five measurements were made within a 2 * 2 m plot, at 

approximately 5 cm below surface level and averaged per plot. Because the pHtrad (Section 

2.3.1) and pHRS (Section 2.3.4) were in terms of pH-KCL, we converted in situ pH-H2O to 

pH-KCl. For this, we used a database of vegetation plots with both pH-H2O and pH-KCl 

measurements (Wamelink et al., 2002) to acquire a linear function between both expressions 

of pH (n = 2219, r2 = 0.89, RMSE = 5.28 %) which we successively used to transfer our field 

measurements into pH-KCl. The final number of pH validation plots was reduced to 30: the 

one plot outside the APEX image extent was discarded and another plot had no pH estimate 

from the soil map because it was located in a soil map polygon charted as open water.  

Groundwater level measurements (MSLfield) were acquired for 33 observation wells (OW). 

Although the OW locations cover the entire study site, relatively few are located in the drier 

north and a few clusters in the south create an overrepresentation of expected shallow MSL 

readings. Note that OW locations do not correspond to vegetation plot locations. Biweekly 

observations were available over the period 1980-2013, with an average of 19 consecutive 

years per OW. Time series analysis was applied to the measurements using Menyanthes 

software (Von Asmuth et al., 2012) to model the impulse-response function of each OW. 

Using historical precipitation and evaporation data from nearest meteorological station to 

each OW, the MSL could be modelled for two periods: 1966-1995 for validation of the NHI 

model and 1971 - 2000 for validation of the remote sensing estimates. These two series were 

highly similar: Pearson product moment correlation coefficient r = 0.99, p < 0.001. 

2.3.5.2. Accuracy assessment 

The accuracy of the traditional data sources and the remote sensing estimates was assessed 

by point-wise comparison with the validation data (steps 3 and 4, Fig. 2.1). The values of 

pHtrad and MSLtrad and pHRS and MSLRS were extracted at the location of the validation 

points; 33 OWs for MSL and 30 vegetation plots for pH. The traditional source estimates and 

remote sensing based estimates were compared with the validation data. Equality of the 

observed and estimated site factors was assessed by a paired t-test and Nash-Sutclife 

coefficient (NSE) (Nash & Sutcliffe, 1970) between the observed and estimated values and 

the Root Mean Squared Error (RMSE). 

We did two additional validation exercises. Firstly, we took a closer look at the error 

accumulation in the remote sensing derived estimates. At the vegetation plots, we already 

saw the pHRS values (Section 2.3.4) and pHfield (Section 2.3.3.1). However, we can distinguish 

a third source of pH estimates: the pH estimate acquired after applying the mR-pH relation 

directly to the observed indicator values (pHIV obs), i.e. the observed IVs that were used for 

the calibration of the PLSR regression (Section 2.3.4.2), essentially skipping the PLSR step 

(step 1, Fig. 2.1). Comparison of pHIV Obs with pHfield reveals the extent to which the mR-pH 
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relation is applicable to our study site. It also indicates the maximum obtainable accuracy, 

assuming that the PLSR modelling makes the mR values that feed into the mR-pH relation 

less accurate. The result of the mR accuracy diminishment should become apparent when 

pHRS is compared to pHfield (as described above). Note that this exercise cannot be repeated 

for the MSL estimates, because at no point in the study site MSLcal (obtainable by applying 

the mF-MSL relation to observed mF) and MSLfield are known simultaneously.  

Secondly, we assessed the spatial variance in pH and MSL. An omnidirectional sample 

variogram was calculated for each two estimates of the each site factor as well as the 

validation measurements. The distance between two plots and OWs, respectively, was 

grouped in distance intervals of 100 m up to a maximum distance of 1000 m. Since the two 

series of validation MSL data were nearly identical, we used just one of these for the 

variogram generation. All analyses were performed in R (R Core Team, 2013) and ArcGIS 

(ESRI, Redlands CA. U.S.A.). 

2.4. Results 

2.4.1. IV estimates from remote sensing data 
A large variety in values for mF and mR was observed for the 32 vegetation plots in the 

study site, indicative for waterlogged (mF = 1.8) to nearly completely dry (mF = 3.9) sites 

and fully alkaline (mR = 1.1) to acidic (mR = 2.6). The coefficient of determination of the 

PLSR models (r2val = 0.62 - 0.81) suggests that the variation in environmental conditions (cq 

IVs) is reflected in the spectral and topographical data (Table 2.1).  

The indicator value for acidity related strongly to the spectral data, with r2val = 0.81. None of 

the topographic predictors was retained during the band selection and 28 spectral predictors 

in the Near Infrared (NIR, 700-1500 nm) and Short Wave Infrared (SWIR, 1500-2410 nm) 

regions related best to the mR values. The residuals of the estimated mR values at the 32 

plots show little to no relation to the observed mR values (supplementary data in section 

2.8.1), indicating that structural deviation is absent. The spatial pattern of mR values (Fig. 

2.2) reflected major vegetation types, with dry heather in the north being labelled as acidic. 

Likewise, oligotrophic moist grasslands were identified as having alkaline soils.  

mF was moderately accurately modelled with r2val = 0.62. Terrain elevation was the most 

important predictor for mF (as testified by the highest regression coefficient), suggesting 

moisture regime is greatly influenced by the sites’ elevation and thus (roughly) by 

groundwater tables. In addition to terrain elevation, spectral bands located in the SWIR 

region were influential in the mF model. For most of the dryer plots (high mF), mF was 

underestimated (supplementary data in section 2.8.1). Applying the mF PLSR model to the 

entire study site gives a spatial explicit indication of the moisture regime (Fig. 2.2). The 

northerly sand dune ridges are correctly assigned high mF values, reflecting the dry 

conditions there. Likewise, in the grasslands surrounding the brook valley in south part of 

the study site, lower mF values are encountered. 
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Table 2.1 Summary statistics of PLSR model calibration (cal) and validation (val). Sig. bands = significant 

bands, NLV = number of latent variables and RMSE = Root Mean Square Error.  

Indicator 

Value 

# plots # bands # sig. 

bands 

NLV r2cal r2val RMSEcal RMSEval 

mR 32 28 23 3 0.86 0.81 0.16 0.19 

mF 32 189 39 4 0.79 0.62 0.27 0.36 

mN 32 7 7 2 0.75 0.71 0.28 0.30 

 
Figure 2.2 IV estimations for the study site, resulting from Partial Least Squares Regression between APEX 
hyperspectral and topographical data as explanatory variables and observed Indicator Values as dependant 

variable. Background: high resolution aerial photograph. 
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2.4.2. pH Estimates from remote sensing and traditional 

sources 
The soil map, from which pHtrad was obtained, had polygons that did not reveal pH 

variation on a finer scale. It is also clear that the pH value can remain unchanged between 

soil types, resulting in equal pH values over several adjacent polygons (Fig. 2.3, left panel). 

pH values in the soil map range from 3.4 to 5.2, with lower values observed north and west 

and a large swath of alkaline values following the rivulet flow south to north east. 

 
Figure 2.3 pH Estimates from the soil map (left) and from remote sensing (right). Note that the same colour scale 

is used for both maps. Yellow dots are vegetation plots where pH was measured in order to validate both 

estimates. 

The range of pHRS estimates, as derived from the pH - mR relation is wider: pH = 2.1 to 7.9. 

A broad distinction between acid soil in the north and alkaline soils in the south is again 
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apparent. Small local acidic patches are detected in the south-east, as well as more alkaline 

conditions in the north east (Fig. 2.3, right panel). Note that the colour scale is identical for 

both maps in Fig. 2.3. This clearly reveals that remote sensing estimated more extreme pH 

values.  

2.4.3. MSL estimates from remote sensing and traditional 

sources 
MSLtrad values for the study site were extracted from the NHI model, ranging from 0.043 m – 

s.s. to 4.36 m – s.s. (Fig. 2.4, left panel). A single NHI pixel had no value assigned due to 

open water bodies on that location. Especially in the southern tip of the study site low MSL 

values are detected. This is in line with the recent wet nature development schemes in that 

area. The general extent of the small rivulet is evident from the lower MSL values. Higher 

MSL values are found below the sand dune ridges in the north. Numerous pools are present 

in the northern dry and moist heather area, even though the NHI suggests deep MSL values 

here. This indicates that the pools are presumably predominantly rainwater fed.  

MSLRS does not attain as deep MSL values as the NHI (maximum MSL = 3.21 m – s.s.) but do 

estimate up to slightly above s.s. (-0.24 m – s.s.) Of all pixels in the study site, 9.3% have 

negative MSL values estimated, compared to none in the NHI. Due to the constraints on the 

mF values that were legible to translate to MSL (2.0 < mF < 3.5), the spatial coverage of 

estimated MSL values was approximately 5% smaller compared to the coverage of mF 

estimates. MSLRS estimates attain the deepest values North West in the study site, amidst the 

pools (Fig. 2.4, right panel). In the grasslands following the rivulet the lighter blue colours 

indicate a shallow MSL. Note again that the colour scale is identical for both maps in Fig. 4, 

clearly visualising the wider range of MSL estimates from the NHI. 

2.4.4. Validation pH estimations 
A complete overview of all validation exercises is provided in Table 2.2. According to the 

validation, pHtrad estimates differ significantly from the observed values (paired t-test, p < 

0.05) and the coefficient of determination between the observed and estimated pH values is 

0.26 (Fig. 2.5, left panel). This is mainly due to the little variation observed for the soil map 

pH estimates at the 30 plots. In fact, only seven unique pH values are observed, clustered in 

a group of plots with mildly alkaline soil with pH ~ 4.8 and plots with acid soil with pH ~ 

3.5. Most plots are overestimated compared to the pH observations.  

pHRS shows more variation compared to pHtrad (see also Fig. 2.3). In general, pHRS follows 

the 1:1 line with field observations, although large deviations are observed for individual 

plots. The mean estimated values are not significantly different from the observations 

(paired t-test, p = 0.43), but the coefficient of determination is low at 0.26.  
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Figure 2.4 NHI estimates of MSL (left) and Remote Sensing based MSL estimates (right). Yellow dots are 
observation wells where MSL was measured to validate both estimates. 

The inset graph (Fig. 2.5, left panel) shows the additional validation of pHIV Obs values 

plotted against pHfield. It shows how the pH estimates would relate to the field 

measurements if the PLSR modelling introduced zero error. Surprisingly, the RMSE of this 

relation is highly similar to the RMSE of the main plot where pHfield and pHRS are compared. 

This suggests that the PLSR modelling did not introduce additional error.  

For both sources of pH estimates, it appears that the highest and lowest observed pH values 

are often under and overestimated, therefore the full range of observed pH is not matched 

by any estimation source. The semivariance values of the soil map estimated pH values are 

consistently lower than the semivariance of the observed and remote sensing based 

estimates (Fig. 2.6). This also points to much less variability in the soil map estimates. Also, 

the semivariance values do not rise steeply until about 600 m distance. This could point to a 
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polygons size of several km within which correlation is high. The semivariance of pHfield and 

pHRS is highly comparable throughout all distances, except for the smallest distance where a 

nugget effect (i.e. relatively high semivariance at the minimum distance) is observed for 

pHfield. Such short scale pH variations are apparently not recognised by the remote sensing 

estimates (for which semivariance is nearly 0 at the shortest distance), but over increasing 

distances the remote sensing estimates match the actual spatial variation in pH. 

Table 2.2 Overview of the validations that were performed on the various estimates of pH and Mean Spring 

groundwater Level (MSL). NSE = Nash-Sutclife coefficient, RMSE = Root Mean Square Error and p = 

paired t-test and NL = the Netherlands.  

Site 

factor 
Estimation source Validation source # points 

Type and origin 

validation point 
NSE RMSE p 

pH Soil Map Field 

measurement 

30 Vegetation plot in 

study site 

0.26 0.86 < 0.05 

 pHIV Obs Field 

measurement 

32 Vegetation plot in 

study site 

0.24 0.87 0.06 

 Remote Sensing Field 

measurement 

30 Vegetation plot in 

study site 

0.26 0.86 0.43 

MSL NHI model Modelled MSL 

1966-1995 

36 Observation well in 

the study site 

-1.82 0.64 < 0.05 

 Remote Sensing Modelled MSL 

1966-1995 

36 Observation well in 

the study site 

0.01 0.39 0.19 

 (RP Bartholomeus 

et al., 2012) 

Modelled MSL 

1966-1995 

145 Vegetation plot + 

observation well 

throughout NL 

0.76 0.24  

 NHI model Modelled MSL 

1966-1995 

36 Observation well in 

the study site 

-1.82 0.64 < 0.05 

 Remote Sensing Modelled MSL 

1966-1995 

36 Observation well in 

the study site 

0.01 0.39 0.19 

2.4.5. Validation of MSL estimates 
The two series of MSLfield were nearly identical, although small differences can be observed 

in the right panel of Fig. 5. MSLtrad tends to overestimate MSL values (i.e.: too deep ground 

water levels), with values up to 2.2 m – s.s., while the observations only just exceed 1 m – s.s. 

MSLtrad differed significantly from the observations (paired t-test, p < 0.05). The coefficient of 

determination is < 0 (table 2.2), which indicates that the mean observed MSL exceeds the 

accuracy of the NHI as estimator of MSL. MSLRS does not attain large MSL values 

(supplementary data in section 2.8.1) as these require high estimated mF values. Therefore, 

most relatively high observed MSL values are underestimated by MSLRS. Negative MSLRS 

estimates are obtained when mF < 2.17 and this is often the case, even for OWs where the 

observed MSL is nearly  1 m – s.s. Overall, the MSLRS tend to increase in value with 

increasing MSLfield and does not differ significantly from MSLfield (paired t-test, p = 0.19). 

However, the deviations of the estimates from the observed values are large, leading to a 

very low coefficient of determination (r2 = 0.01).  
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The semivariance of the MSL estimates and observations is overall much lower compared to 

pH. For distances > 200 m the spatial correlation is highest for MSLRS, which is indicative for 

the retarded range of MSL estimates. At the same time, MSLRS shows a nugget effect, 

meaning MSLRS estimates can differ over short distances. The MSLfield variogram also shows 

a small nugget effect. Spatial correlation is observed for all three MSL sources up to about 

180 m, beyond which the semivariance strongly increases. 

Figure 2.5 Scatterplot of observed and estimated pH (left panel) and MSL (right panel). Open dots are estimates 

from the traditional source; black dots are estimates from remote sensing. The inset graph on the left shows again 
field measured pH on the horizontal axis and on the vertical axis a pH estimate (pHIV Obs) acquired from applying 

the mR-pH relation directly to observed mR values, i.e. pH estimates without the remote sensing component. 

 
Figure 2.6Omnidirectional variogram of pH (left panel) and MSL (right panel) as derived from traditional source 

(open dot), remote sensing (black dot) and field observations (grey dot). 
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2.5. Discussion 

2.5.1. Accuracy of site factor estimation 
Spatial explicit estimates of two site factors (pH and MSL) from both traditional sources (a 

soil map and the NHI hydrological model) and from remote sensing data combined with 

field surveys were validated against field measurements of pH and MSL. We found that for 

pH that both sources were as accurate, while for MSL the remote sensing estimates were 

more in line with the observed MSL. 

We can reasonably identify the sources of errors of the traditional sources. The soil map 

suffered from a temporal mismatch between the map surveying and validation 

measurements, as well as the low spatial resolution due the large polygons and identical pH 

values assigned to different soil types. The NHI model was intended for national use and 

thus unable to include small local features that influence hydrology. While it models the 

hydrological situation on a national scale accurately, large inaccuracies are inevitable on a 

small scale as this study.  

Note that the remote sensing estimates also suffered from methodological flaws. Their 

spatial coverage declined when the study site was reduced to those patches of natural 

vegetation that fit the criteria of the data analysis (see Section 2.4). This weakens the 

presumption that remote sensing offers full coverage estimates. Also, weather conditions, 

flight schedules, as well as the associated costs can constrain acquisition of suitable remote 

sensing data and thus impede the implementation of remote sensing approach.  

The spatial resolution of the remote sensing nor that of the traditional sources appeared to 

match the spatial correlation pattern of the field observations. pHtrad is highly correlated for 

distances up to about 250 m (Fig. 2.6), while pHfield already varies considerably by then. 

Naturally, small scale pH variations such as in the alkaline rectangular area north in the 

study site are not detected in the soil map. pHRS estimates are correlated to such an extent 

that the small nugget effect in the pHfield is overlooked, but follows the spatial correlation of 

pHfield well for larger distances. Likewise, the variogram of MSLfield shows that up to about 

180 m distance, MSL can be highly correlated (Fig. 2.6). Estimating MSL then every 2.5 m, as 

with the remote sensing image, may be superfluous. On the other hand, the 250 m NHI 

pixels are prone to overlook smaller details, such as the particularly drier region in the south 

east of the study site that is detected by the remote sensing data.  

The remote sensing estimates are at least as accurate (pH) or far more accurate (MSL) than 

the traditional sources. This is largely thanks to the IV estimations underlying the final pH 

and MSL estimations being relatively accurate. The r2val of mF estimation was only slightly 

below the r2val reported in Roelofsen et al. (2014) and both mF and mR were more accurately 

estimated here than in Schmidtlein (2005). Surface elevation was a significant predictor of 

mF, which can be attributed to a clear vegetation transition along the pronounced elevation 

gradient in the study site, with up to 12 m elevation difference between the northern sand 

dune ridges and the southern rivulet bedding. The strong correlation between the mR 

observations and the spectral data may be attributed to co-variance of mR with vegetation 
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structure. Acidic soils consistently hosted moist and dry heather vegetation which have a 

discernible shrub like and woody structure. This contrasts highly with the gramminoid and 

forb vegetation found on more alkaline soils. Increased internal canopy scattering due to 

increased canopy height and presence of woody elements may have been the underlying 

mechanisms that created a distinct spectral signature for acidic and alkaline vegetation.  

Despite the accuracy of the IV estimates, the final accuracy was relatively low: the accuracy 

of the pH estimates did not exceed 0.86 pH units, which is approximately 22.5% of the range 

of pHfield. This bandwidth of the pH estimate is sufficient to distinguish acidic from alkaline 

sites, but prevents more accurate and quantitative acidity variations. Whether the obtained 

accuracy satisfies the demands on estimation accuracy depends on the vegetation. The 

mesotrophic moist grasslands around the rivulet are characterised by a narrow tolerance 

towards acidity fluctuations. Over or underestimating nearly a full pH unit may thus lead to 

an unrealistic assessment of the suitability of an area for such vegetation and. On the other 

hand, Molinia caerulea tolerates widely varying environmental conditions. When 

determining the occurrence potential for such vegetation, a mis-estimation of 0.86pH is thus 

of less consequence.  

The uncertainties arise from mR~pH relationship. For this step, we used data from a 

national study (Cirkel et al. 2012), to avoid locally calibrated solutions and to ensure that 

results obtained at our study site are nationally applicable. The mR~pH relationship of 

Cirkel et al. (2012) did, however, had a RMSE = 1.17 for moist to wet sites (mF < 2.25) and 

RMSE = 0.66 for dry sites (mF > 2.25), which is comparable to the pHIV Obs ~ pHfield calibration 

(RMSE = 0.87). A much better fit than a RMSE could thus not be obtained.  

The applicability of the mF-MSL relation derived from national database of Bartholomeus et 

al. (2012) could not be determined in a similar fashion. The accuracy of MSLRS (RSME = 0.39) 

was below the accuracy of the mF-MSL relation (RMSE = 0.24, Table 2.2), but it is reasonable 

to assume that the remote sensing modelling of mF is at least partly responsible for this. The 

mF-MSL relation is tailored to the range of MSL values were the groundwater level still 

directly influences the vegetation, so the relation does not hold for groundwater 

independent vegetation. Judging by the remote sensing estimated mF values, 8% of the 

study site was out of line for the mF-MSL relation. This strengthens the legitimacy of using 

this relation. By constraining application of Equation 2.3 to mF not exceeding 3.5, the 

deepest possible estimated MSL was approximately 2.95 m - s.s.. With MSLfield not exceeding 

1.1 m - s.s., we can at first glance attest that the mF-MSL relation was in theory properly 

equipped for estimations in this site. Instead, and unlike the situation for pH, the high 

uncertainties seem to be due to uncertainties in the PLSR (Table 2.1). Lower and higher end 

values of mF were hardly predicted, which is a well-known complication of linear 

interpolation methods (Roelofsen et al., 2014). Still, despite the uncertainties associated with 

our RS-approach, its RMSE was clearly better than the one associated with the national 

hydrology model. Interestingly, mF has been used earlier as proxy for MSL (Kaiser et al., 

2012). While this corroborates our approach of using vegetation properties (mF) as 

intermediate for site factors, we cannot benchmark the accuracy of the MSL estimates here 

because validation of the MSL estimates was unfeasible in Kaiser et al. (2012). 
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Whether the inaccuracy in MSL estimation poses a problem again depends on the demands 

of the vegetation. For areas where the groundwater table is so deep that it does not affect the 

vegetation any more, an error of 0.39 m – s.s. is irrelevant. In those cases, vegetation 

occurrence and ecological processes will be modulated by other site factors such as e.g. 

acidity, soil porosity and grazing. Like with pH, the more specific the demands made by a 

vegetation type to its growing conditions, the less likely the site factor estimate will be 

estimated with sufficient accuracy. Consider again the oligotrophic moist grassland along 

the rivulet, whose optimal growing conditions consist of water tables up to near soil surface. 

An error of 0.39 m – s.s. between estimated and true MSL can seal the fate of such valuable 

species. In such situations, calibration of a local hydrological model may be the best 

solution. 

2.5.2. Implications for ecological assessments 
This research demonstrated that acquiring full spatial coverage site factor estimates is 

inherently fraud with certain inaccuracies. We indicated that the severity of these errors 

depends on the ecological application at hand and the magnitude of the error depends on 

the source of the site factor estimate. If such site factor estimates are to be used in 

subsequent ecological assessments, we reckon it essential to take these errors into account.  

Although we did not quantify this by actually feeding the site factor estimates into an 

ecological model, it is not hard to imagine that a large uncertainty in the input data will 

result in an at best ambiguous model outcome. In another application (Roelofsen et al. 2014), 

the low accuracy of an ecological modelling exercise was indeed attributed to the errors in 

the remote sensing derived IVs that had been used as model input. Because these errors 

were spatially known, areas with particularly reduced accuracy could be identified. Often in 

ecological assessments and species distribution modelling alike, however, the input data is 

accepted as is and any inaccuracy in the outcome is attributed to the model or process itself. 

Indeed, only the importance of biological causes of prediction errors is recognised (Guisan & 

Thuiller, 2005) while the accuracy of input data such as land cover seems to be neglected 

(Thuiller et al., 2004). If anything, this research has shown that inaccuracies are as likely in 

the input data as in any model itself and should be thus be taken into consideration. 

Preferably, the spatial variation of the accuracy itself is also quantified, such as in Roelofsen 

et al. (2014), so that closer inspection can be targeted to specific locations. 

In our approach, the modelling of site factors from remote sensing was a two tier process 

that was validated at every stage. Therefore, the overall accuracy could be retraced to each 

step so that potential additional data collection or refinement can be targeted. The flexibility 

and accountability of our remote sensing approach is an advantage compared to the ‘as is‘ 

nature of the traditional sources. This accountability is essential for an integrated evaluation 

of the error and uncertainty accumulation in ecological assessment studies and to undertake 

remedial response such as applying an accuracy threshold. 

The success of deriving site factor estimates from remote sensing hinged on the relatively 

accurate estimation the IVs, which in turn can be attributed to the large gradient in elevation 

and vegetation structure. This information could only be employed for the PLSR model 



41 

 

fitting by calibrating the PLSR on local vegetation plots. Earlier it was found that PLSR 

models are poorly transferable in time and space (Feilhauer & Schmidtlein, 2011), so we 

deemed it necessary to do a local calibration. For any application of remote sensing-based 

site factor derivation, we thus recommend to match the origin of the calibration points with 

the time and location of the remote sensing data acquisition. If this is feasible, we think that 

remote sensing derived site factors will successfully overcome the drawbacks of traditional 

sources, namely the spatial resolution and improved temporal match.  

What is more, remote sensing derived IVs potentially give access to additional and more 

elusive site factors. Nutrient availability is of as much importance to vegetation response as 

are pH and MSL, but had not been included in the current analysis because it is difficult to 

quantify the true nutrient regime that dictates plant growth. Although many site factors are 

indirectly related to the nutrient regime, such as leaf N and P content (Cornelissen et al., 

2003) and mineralisation rates (Fujita et al., 2013), we were unable to locate a traditional 

source for any of these. A remote sensing based estimate could be achieved, however, by 

mapping the IV for Nutrient availability (mN) following the procedure described in Section 

2.4.2 (r2val = 0.75 and RMSE = 0.30, see Fig. 2.9 and 2.10 in supplementary data in section 

2.8.2). Even though there is no relation at hand that translates mN into a more quantitative 

site factor, the IV itself is interesting because it provides grip on the abstract and complex 

notion of nutrient availability. 

2.6. Conclusions 
We found that full spatial coverage information on site factors is in demand for ecological 

modelling, but that the accuracy of traditional sources of such information is hardly known. 

Remote sensing processing techniques may provide an alternative method to derive the 

desired information. In all, the remote sensing technique resulted in more accurate estimates 

of the site factors compared to a traditional data source and allowed us to quantify the 

uncertainties in the estimates. The uncertainties indicated that the absolute estimation 

accuracy of any of the data sources may fall short, especially for vegetation with a narrow 

tolerance to a particular site factor. Whether or not remote sensing provides a viable 

alternative can thus only be decided in the light of the application at hand. The investment 

in acquiring and processing remote sensing data, the spatial and temporal scale, the desired 

data type and the availability of traditional sources should all be considered to come to a 

balanced decision on how to obtain the desired site factor information. If a remote sensing 

methodology can be implemented based on local vegetation plots, we think that our 

approach can alleviate some of the downsides of traditional sources. Whatever the outcome, 

however, we do urge to explicitly quantify and integrate the accuracy of the source, 

preferably by use of validation measurements. 
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2.8. Supplementary data  

2.8.1. Scatterplot of Indicator Value estimates 

 
Figure 2.7 Scatterplot of observed (horizontal axis) and Leave-One-Out (LOO) validated indicator values for 

acidity (mR) at 32 vegetation plots in the study site. mR ranges from 1 = acidic to 3 = alkaline.

 

Figure 2.8 Scatterplot of observed (horizontal axis) and LOO validated indicator values for moisture (mF) at 32 
vegetation plots in the study site. mF ranges from 1 = open water to 4 = completely dry. 
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2.8.2. mN: indicator value for nutrient availability 

 
Figure 2.9 Scatterplot of observed (horizontal axis) and LOO validated indicator values for nutrient regime (mN) 

at 32 vegetation plots in the study site. mN ranges from 1 = nutrient poor to 3 = nutrient rich 
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Figure 2.10 Spatial estimate of mN overlayed on an aerial photograph of the study site. Yellow dots are vegetation 

plots were mN was observed and which were used to calibrate the Partial Least Squares Regression model that 
related the spectral data to mN. 
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