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Chapter 6. Discussion 
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Evaluation of site suitability for hosting particular vegetation types is essential to manage 

and conserve natural assets. PROBE (Witte et al., n.d.) is a model that supports site 

evaluation by relating abiotic conditions, through vegetation characteristics, to the 

occurrence probability of vegetation types (central panel in Fig. 1.1). This approach allows 

for anticipation of vegetation type occurrences, given both observed and simulated abiotic 

conditions. Application of PROBE relies on acquisition of input data that is up-to-date, has a 

spatial resolution matching the expected spatial extent of the vegetation types and has a 

known degree of accuracy. Remote sensing data is an obvious potential data source, but the 

overlap between remote sensing derived products and PROBE input data remains elusive. 

In this thesis, I investigated vegetation characteristics that are potentially useful for PROBE 

on their potential to be derived from remote sensing. This was done for short vegetation 

only, such as grasslands, heathlands and hay meadows. These represent a higher botanical 

conservation value than woodlands do and are of interest to nature conservation efforts, 

particularly since most trees in the Netherlands have been planted. For brevities sake, these 

vegetation types are referred to as ‘herbaceous’ vegetation, even though some of the 

encountered species are dwarf shrubs (particularly Ericaceae and Salix repens) and not 

herbaceous. Within these premises, the aim of this thesis was to support ecological modelling 

efforts by deriving quantitative and full spatial coverage estimates of vegetation characteristics from 

remote sensing data. 

The first finding of this thesis was that the relations between plant traits and leaf and canopy 

spectra of herbaceous vegetation often were not as strong, as nor comparable to, the 

accuracy of similar relations investigated earlier for other (woody) vegetation types. Section 

6.1 discusses this and sketches conditions for accurate trait estimation. Secondly, the 

estimation accuracy of some Indicator Values (IVs) and traits were nearly equal. Section 6.2 

discusses these accuracies in relation to their vegetation functionality. The implications of 

these findings for ecological modelling in general and PROBE in particular are discussed in 

section 6.3. This leads to suggestions for future applications and refinements of PROBE in 

section 6.4. ˑ 

6.1. Trait estimation from spectral data 
Quantitative estimation of plant and vegetation properties is a long term goal of remote 

sensing science, but only recently this is converging towards the ecological interpretation of 

plant traits (Homolová et al., 2013). This thesis contributed to further uniting the remote 

sensing and ecological perspective on plant traits, specifically by testing trait – spectrum 

relations from multiple perspectives and scales and by incorporating a grand total of 12 

different traits. Two measurement levels were pursued, either single plant or complete 

vegetation canopy, as well as three trait expressions (mass based: mg g-1 dry matter, leaf 

surface based: mg m-2 leaf surface, and canopy surface based: mg m-2 ground surface, each 

indicated with subscript ‘mass’, ‘leaf’ and ‘canopy’ respectively). Finally, the domain of 

optical remote sensing was fully employed by looking at reflectance, transmittance and 

absorbance in the visible (VIS, 400 - 700 nm), near-infrared (NIR, 700 – 1500 nm) and short 

wave infrared (SWIR, 1500 – 2500 nm) spectral regions. A comprehensive evaluation of trait 
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estimation capacity for the temperate herbaceous ecosystems was to our knowledge for the 

first time obtained.  

6.1.1. Trait estimation from different perspectives 
Experimenting with different trait expressions for optimal spectral estimation did not lead 

to an unequivocally best expression, but did advance the issue of trait expression (Lloyd et 

al., 2013; Osnas et al., 2013) into the remote sensing domain. It was confidently established 

that canopy surface traits expressions were inappropriate because these wrongfully assume 

that understory leaves contribute as much as upper story leaves to the canopy spectral 

signal. Expressing leaf nitrogen and phosphorous content (LNC and LPC) per leaf area 

instead of mass basis led to an increase in estimation accuracy in Chapter 3 (0 < r2val < 0.66 for 

leaf surface and -0.22 < r2val < 0.15 for mass based), but this was not replicated in Chapter 4 

where mass and leaf surface based traits performance was within the same order of 

magnitude.  

It is difficult to appreciate the effect of using canopy instead of leaf reflectance as trait 

predictor, because firstly, only few traits were estimated and secondly, these showed no 

consistent change in estimation accuracy between the two spectral sources. For example, 

LNCmass, LNCleaf, LPCmass, LPCleaf, and LCCmass all related poorer to leaf reflectance (r2val < 

0.46) than to canopy reflectance (0.30 < r2val < 0.67). The poor leaf level correlation was 

attributed to different herbaceous plant strategies leading to species allocating nutrients in 

different proportions to light harvesting or carboxylation compounds. This likely influenced 

the spectral signal, whilst the overall trait content (and thus response variable) did not vary 

accordingly. The increased correlation to canopy reflectance, may be due to enhancement of 

leaf properties by multiple scattering of photons on the upper canopy layer (Baret & 

Vanderbilt, 1994; Doughty et al., 2011). Alternatively, the canopy level dataset suffered less 

from interference from plant strategies and estimated LNC and LPC with an accuracy more 

in line of expectation from earlier work (Asner et al., 2011). 

Nearly similar estimation accuracy between leaf and canopy level was observed for mass 

based traits relating to plant water content (on leaf level: leaf dry matter content, LDMC, r2val 

= 0.57 and on canopy level: specific water content, SWC, r2val = 0.56). Between the two levels 

there was also overlap in the spectral regions that responded most strongly to the trait: the 

VIS region around 550 nm and 700 nm. Interestingly, the correlation of VIS reflectance was 

negative for LDMC and positive for SWC, indicating that SWC and LDMC are indeed 

complementary. Known water absorption features (Jacquemoud et al., 2009) in the SWIR 

region were confirmed on leaf and canopy levels, by moderately strong correlation of 

LDMC, SWCleaf and SWCcanopy to reflectance and absorbance at 1450 nm (Fig. 3.3 and 4.3). 

This suggests that water influence on SWIR absorption is persistent and dominant, even 

after possible signal modulation from the canopy. It also shows water content can be 

robustly and easily measured, so that SWC and LDMC correspond well to the actual plant 

constituent that is responsible for the absorption.  
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6.1.2. Remote Sensing compared to alternative trait 

estimators 
Benchmarking the accuracy of spectral trait estimates against the accuracy of other estimates 

helps to appreciate the relative merit of remote sensing. A well-known approach is to 

leverage the correlation of traits with abiotic conditions (Ordoñez et al., 2009). This relation 

is based on the hypothesis that local (a)biotic conditions filter for species with traits that 

accommodate survival in the particular situation (Douma, Aerts, et al., 2012; Keddy, 1992). 

This leads to species within a plant community being more similar in terms of traits than 

would be expected if no trait convergence takes place (Cornwell et al., 2006; de Bello et al., 

2009; Kraft et al., 2008). Examples of such relations include LNC, LPC and SLA 

approximation by temperature, precipitation and radiation (r2 = 0.19, 0.12, 0.20 respectively, 

(Reich et al., 2007)), soil fertility measures explaining up to 33% and 66% of variation 

between plant communities in canopy P and leaf N (Fujita et al., 2013) and LNC correlating 

with continental scale temperature and precipitation with r2 up to 0.16 (Swenson & Weiser, 

2010). Note that none of these relations is particularly strong, suggesting that additional 

abiotic influences or stochastic effects also shape traits. Comparison with this thesis shows 

that LNC is slightly more accurately predicted by spectral data, and that LPC and SLA are 

predicted with nearly identical accuracies, making remote sensing a viable trait estimator for 

these traits. A downside of the remote sensing approach however is its inability to estimate 

traits with a temporal dimension, such as leaf lifespan, or traits measured on specific parts 

of a plant, such as seed mass and stem specific density. All the more since these traits do 

relate to abiotic conditions (Douma, Aerts, et al., 2012; van Bodegom et al., 2013).  

The method using environmental variables to predict traits performs worse within a 

community than between communities, because a set of abiotic conditions does not 

unequivocally lead to a unique trait scheme. This is because trait convergence operates most 

strongly on whole plant community level, because within a plant community plants benefit 

confronting the environmental constraints by a slightly different strategy (and therefore 

traits) than their direct neighbour (Cornwell et al., 2006). Conceptually speaking, remote 

sensing estimates should do better at this single plant scale (as explored in Chapter 3), 

because it measures the unique spectral signal of each plant. However, because only few 

traits relate directly to a spectral signal, this expectation did not always come true.  

6.2. Estimation of traits and IVs compared 
Beyond traits, canopy reflectance was also related to IVs, representing moisture regime (mF, 

ranging from 1 = open water to 4 = dry), nutrient availability (mN, ranging from 1 = nutrient 

poor to 3 = nutrient rich), soil salinity (mS, ranging from 1 = fresh to 3 = saline) and acidity 

(mR, ranging from 1 = acidic to 3 = alkaline). Traits and IVs are collectively referred to as 

vegetation characteristics.  
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6.2.1. Estimation accuracy of IVs and traits 
At a first glance, IV estimation accuracy is mostly above trait estimation accuracy (0.62 < r2val 

< 0.81 for IVs and -018 < r2val 0.82 for traits), but the simultaneous trait (Chapter 4) and IVs 

(Chapter 2) estimation in the inland cover-sand landscape of nature area Kampina allows 

closer scrutiny of this result. Comparing IV and trait estimation accuracy reveals that they 

were equally accurately predicted when paired to the same vegetation functionality. For 

example, mF and SWC both relate to plant water content and were estimated with 

comparable accuracy. Likewise, the nutrient status of the vegetation is expressed in both 

mN and LNC, LPC and LCC and these vegetation characteristics were also estimated with 

comparable accuracy. Plant sturdiness, growth form and defensive compounds are 

appreciated by mR as well as traits lignin, tannin and phenol, which were all moderately to 

highly accurately predicted (Chapters 2 and 4). This suggests that a clear gradient in 

vegetation functionality is reflected in distinctly different spectral signals. Any numerical 

vegetation characteristic that summarises this functionality gradient will correlate with the 

spectral signal and is well predictable from remote sensing, meaning that neither IVs nor 

traits are intrinsically better discriminated by remote sensing.  

6.2.2. Considerations on accurate estimation 
The highly accurate estimation of lignin, phenol and tannin (LPT) in the Kampina is 

remarkable because the spectral signal of these leaf constituents is usually obscured by 

dominant water absorption in the SWIR (Asner, 1998) and because the leaf size and 

orientation of the LPT rich Calluna vulgaris plots led to very few leaf surface being presented 

to the optical sensor. This suggests that not so much direct leaf absorption of these chemicals 

was responsible for this high correlation, but instead the overall canopy structure and 

architecture. This impression is corroborated by the strong trait – canopy structure 

correlation: the short, herbaceous vegetation was low in LPT content, while the woody, 

taller and dryer dwarf shrub vegetation was high in LPT content. High and low LPT were 

thus related to distinctly different spectral signatures, leading to a high correlation despite 

the lack (or not strong) connection between the traits and spectra. Such a pseudo-correlation 

was recently also demonstrated between canopy N in broadleaf and coniferous forest 

canopy reflection, where canopy architecture dominated the shaping of reflection to such an 

extent that it surpassed biochemical absorption features (Knyazikhin et al., 2013). Where 

canopy structure enhanced the correlation of LPT to reflectance, it can also eliminate 

correlation if the trait does not co-vary unidirectional with the structure. This could have 

been the case for the poor Chlorophyll estimation in Chapter 4. Likely, both high and low 

Chlorophyll content were present in comparable canopy structures. Despite differences in 

Chlorophyll content, the common structure may have enforced a similar canopy reflectance 

that distorted the correlation between absorption features and Chlorophyll.  

A unidirectional relation between traits and structure is required if the latter is to be 

leveraged for trait estimation. An example of this was mF prediction in Ameland (Chapter 

5) where the extreme ends of the mF scale were readily apparent in the mudflats (low mF) 
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and at the top of the dunes (high mF). Because water absorption is very dominant in 

shaping reflectance, certainly when vegetation cover is sparse due to frequent flooding, the 

extreme mF values were associated with two distinctly different spectral signals from nearly 

waterlogged to completely dry sites. In contrast, mS estimation would suffer from the 

dominant effect of open water on canopy reflection. Both high (saline water at the mudflats) 

and low (fresh water around cattle drinking pools) mS values are present at spectrally 

similar waterlogged sites, which confounds the mS correlation with reflectance. mS was still 

moderately accurately predicted in Chapter 5 (r2val = 0.73) because fresh water sites were not 

part of the spectral calibration and validation data. The GPR model always related high 

water content to high mS and low water content to low mS and this correspondence was 

always confirmed in the validation. Still, fresh water sites would have been identified as 

saline if this model had been applied to such a location.  

6.2.3. Extrapolation of statistical models 
An empirical, statistical model, such as used in this thesis, is therefore best applied only to 

situations that were included in its calibration phase, even though this inevitably constrains 

the model’s application scope. Indeed, temporal and spatial extrapolation of statistical 

relations between spectra and vegetation characteristics is a well-known challenge in remote 

sensing science (Kumar et al., 2001). A reason for this is that reflectance can change easily 

whilst vegetation characteristics do not. For example, spatiotemporal variation in plant 

development stage, plant stress, wind, rain, grazing, presence of dead organic matter and 

exposure of soil and shadows all affect the canopy architecture and ultimately canopy 

reflectance (Feilhauer & Schmidtlein, 2011). These effects may be additionally pronounced 

in a herbaceous canopy than in a forest setting, due to close proximity of the ground, easy 

access of herbivores and the high variety of plant species and strategies. Meanwhile the 

response variables remain unaffected because these are composed from healthy leaves 

(traits, (Cornelissen et al., 2003)) or species composition (IVs) only. It follows that identical 

traits or IVs can be associated with different spectral signals, so that trait - spectrum 

relations perform less well at spectral data from outside the spatiotemporal extent of the 

calibration. 

Chapter 1 raised the question if and how a herbaceous canopy influences trait and IV 

estimation. It is now clear that in some cases this is facilitated, such as the estimation of LPT 

based on the distinct canopy structure. However, such advantageous situations only occur if 

the full gradient is present during model calibration and application. What is more, model 

calibration and extrapolation is obstructed by the high structural variability of herbaceous 

plant assemblages compared to forests canopies. This is also illustrated by the notion that 

trait estimation via a mechanistic modelling approach that simulates canopy reflectance as 

function of leaf and canopy properties (Radiative Transfer Models, RTMs, (Jacquemoud et 

al., 2009)) is mainly successful in tropical forests (Asner & Vitousek, 2005) but is less so in 

herbaceous settings. In the latter situation, RTMs are simplified to model canopy reflectance 

based on a single species instead of the actual floristic diversity (Verrelst, Romijn, et al., 

2012). All in all, these notions suggest that herbaceous plant assemblages are impeding 
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elements for a single, generic and widely applicable model per trait or IV. Per characteristic 

repeated calibration for local conditions is therefore unlikely to be obsolete soon. 

6.3. Implications for PROBE 
The implications of this thesis for PROBE relate to using either IVs or plant traits as PROBE 

explanatory variables, as well as rethinking PROBE output.  

6.3.1. Remote sensing derived abiotic conditions 
Chapter 2 looked into possibilities for remote sensing to estimate soil pH and ground water 

levels (MSL), which can potentially also be used as explanatory variables in PROBE. It was 

found that remote sensing offers competitive estimates both in terms of accuracy as well as 

for spatial and temporal resolution compared the traditional data sources that we evaluated: 

a soil map and a hydrological model. The remote sensing approach was admittedly 

hindered by the limited spatial extent and relatively labour intensive method (compare 

sections 2.2 and 2.3), but if circumstances allow for this, it is a powerful method.  

6.3.2. Remote sensing compared to alternative IV 

estimators 
Currently, IVs derived from physical soil properties are provided to PROBE. Examples of IV 

– soil property relations include, mean groundwater level in spring (MSL) – mF (equation 

2.1), soil pH – mR (equations 2.2 and 2.3), oxygen stress – mF (RP Bartholomeus et al., 2012), 

P-mineralisation - mN (Fujita et al., 2013) and chloride concentration – mS (Ertsen et al., 

1998). It remains unknown if remote sensing derived IVs are competitive with these 

estimates in terms of estimation accuracy because there was no opportunity within this 

thesis to evaluate this. What is certain however, is that the alternative route through soil 

properties to IV estimates would suffer the burden of accumulating errors: first the 

uncertainty in deriving the soil property itself and subsequently from applying equations 

that lead to IVs. Remote sensing derived IVs on the other hand were consistently 

moderately to highly accurately estimated in this thesis (0.62 < r2val < 0.81), suggesting that 

remote sensing is very competitive in this respect.  

6.3.3. Plant traits as PROBE input 
Using traits as PROBE explanatory variables faces the challenge of finding traits that are 

both accurately predictable from remote sensing, as well as suitable for differentiating 

between vegetation types. This overlap is very small, as specifically canopy height (CH), 

seed mass (SM) and stem specific density (SSD) appear capable to differentiate occurrence of 

vegetation types following the Dutch phytosociological system (Douma, Aerts, et al., 2012). 

Of these, only CH is legible for derivation from remote sensing data (Homolová et al., 2013), 

whilst full spatial coverage estimations of CH and SM is only feasible through their 

correlation to soil and climatic factors (van Bodegom et al., 2013). Traits that were 

confidently predicted from spectral data in this thesis were either found not relevant for 
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differentiation of association level vegetation types (LNCleaf, LPCmass, (Douma, Aerts, et al., 

2012)) or were not investigated by Douma et al (2012) (LDMC, lignin, phenol, tannin) so that 

their PROBE usefulness remains unknown. Speculation on their usefulness suggests these 

that these traits could be a useful trait to differentiate among vegetation types, due to their 

link to protection against herbivory and litter decomposition rates. In all, the small overlap 

between traits compatible with remote sensing and traits useful for PROBE hampers 

implementation of remote sensing derived traits, but also calls for continued 

experimentation with new trait combinations to predict varying suites of vegetation types.  

6.3.4. Considerations on PROBE output 
Indeed, as much as this thesis was concerned with finding PROBE input data, the desired 

model output is of as much relevance. In Chapter 5 the inaccurate PROBE predictions of 

phytosociological association occurrence, was attributed to inaccuracies in the remote 

sensing derived IVs. Indeed, it was shown earlier that using predicted instead of observed 

traits (or IVs) as PROBE input leads to a drop in vegetation type prediction accuracy 

(Douma, Witte, et al., 2012). A more nuanced view however, is that the associations were 

poorly distinguishable along the three IVs from the start. The relatively low PROBE 

validation efficiency (60%, compare to 85% in Witte et al (2007)) attests to this. Other 

vegetation characteristics or site factors could possibly increase distinction between the 

selected associations, for example grazing intensity is decisive for some of the modelled 

associations. Still, a fundamental tension emerges between the nature of the explanatory 

variables in PROBE and the formulation of the vegetation types. The phytosociological 

associations were entirely based on the presence and absence of species, making it above 

else a floristic entity. Vegetation characteristics on the other hand, reflect the functionality of 

the vegetation, from which abiotic conditions as well as plant strategy can be derived to 

some extent. It appears that a floristic classification only partly aligns with the functional 

differences in the vegetation; these vegetation types differ always in floristic composition 

but not necessarily in the environment in which they occur. Discrete vegetation types that 

align with the steps in the functionality axes that are expressed by traits or IVs might be 

better discriminable with these vegetation characteristics and, ultimately, also with remote 

sensing.  

A future PROBE opportunity may be to map tree taxonomic identity. It has been suggested 

that tropical tree species have unique chemical fingerprints (i.e. traits) (Asner & Martin, 

2011), which is a similar concept to associations having an unique IV ‘fingerprint’ (Witte et 

al., 2007). Provided that traits are reliably estimated for individual tree crowns, PROBE can 

be used to synthetisize the estimated trait data into the most likely matching taxonomic 

identity.  
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6.4. Concluding remarks and suggestions  

6.4.1. A practical way forward 
From a practical perspective, the results of this thesis encourage use of remote sensing 

derived IVs in conjunction with PROBE. IVs are demonstrably able to distinguish many 

vegetation types in the Netherlands (Witte et al., 2007) and are compatible with legacy 

vegetation plot data so that relation IV - vegetation type can be calibrated for any desired 

combination of vegetation types. In addition, IVs are not burdened by considerations on the 

most appropriate expression (Chapter 4) and are robust vegetation properties that are 

unaffected by seasonal variations and grazing. Most importantly, IVs were consistently 

accurate predicted from spectral data. While the IV estimation inaccuracies may hinder 

PROBE in making accurate predictions (as observed in Chapter 5), it is now plausible that 

remote sensing estimates are the best available option relative to alternative trait estimators 

(Chapter 2).  

Using remote sensing derived traits in conjuncture with PROBE is currently hampered by 

the small selection of traits that qualify for remote sensing based estimation and discerning 

vegetation types. Additional research will have to confront this issue once PROBE use 

advances beyond the geographic and climatic application extent of IVs.  

All best practices for IV estimation are applied between Chapters 2 and 5 and should be 

jointly applied to future estimations of both IVs and traits. These include: high spectral and 

spatial resolution, temporal overlap in image acquisition and vegetation plot survey, 

inclusion of topographical data, exclusive use of up-to-date vegetation plot data, use of an 

independent set of validation vegetation plots and sufficient variation in vegetation types 

and abiotic conditions.  

Continued application of Gaussian Process Regression (GPR) is promoted by GPR 

exceeding PLSR IV estimates in terms of accuracy. Although GPR was not immune to the 

under and over estimation of the outer high and low IVs that also burdened PLSR and other 

models (van Bodegom et al., 2013), it did provide per pixel confidence intervals which is 

highly desirable. This enriched model output enhances interpretation of model output, for 

example by targeting areas for additional data collection or excluding areas with high 

uncertainty from feeding into PROBE. The complete error propagation through GPR  

PROBE could also be reconstructed, so that PROBE output can iteratively be evaluated and 

adjusted. 

6.4.2. Data demands 
Remote sensing support of ecological modelling hinges on data with suitable temporal, 

spatial and spectral resolution. Temporal demands are relatively low, as changes in natural 

vegetation are considered over several years, but the spatial resolution should be sufficiently 

high to discriminate the small scale features typical within Dutch nature areas (e.g., 

oligotropic moist grassland surrounded by forests, Figure 3.1). Moreover, smaller pixel size 

aids to spatially relate the sampling of vegetation characteristics to the spectral data. Most 
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crucial is a spectral resolution that registers the small width spectral features that were 

employed in most PLSR models (Fig. 3.3). Hyperspectral sensors on (un)manned airborne 

platforms are likely to remain the only systems that deliver such spectral resolution for the 

near future. Future application and development of PROBE therefore fore mostly depends 

on ongoing societal and scientific demand and not on technical constraints. Especially since 

this thesis hopes to have shown that remote sensing can substantially contribute to these 

activities and thereby, hopefully, to management and conservation of the Dutch natural 

assets. 
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