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Figure 1.1: Canopy reflectance of vital green winter wheat (triticum aestivum) as observed by a 
field spectrometer @2150 bands (ASD FieldSpec 3 Jr; black line), broadband Sentinel-2 
Multispectral Instrument @10 bands (black squares + dotted line) and EnMAP Hyperspectral 
Imager @242 bands (red crosses). Dominant absorption features of biophysical and biochemical 
variables are indicated as colored lines according to Thenkabail et al. (2013) and a PROSAIL 
canopy radiative transfer model (RTM) global sensitivity analysis (GSA). Figure modified after 
Hank et al. (2019). 

The additional exploitable information provided by hyperspectral compared to 
multispectral remote sensing in the respective absorption regimes is illustrated in Figure 
1.1. The importance of complete coverage of the NIR-SWIR absorption regions of liquid 
water, as well as carbon and nitrogen related absorption regions, should be emphasized. 
Hyperspectral, high SNR sensors that previously existed in orbit, such as the German DLR 
Earth Sensing Imaging Spectrometer (DESIS) (Krutz et al. 2018) only cover the VNIR 
region from 400 to 1000 nm. Figure 1.1 also indicates the apparent difficulty of deriving 
explicit variable quantities due to the superimposition of whole spectrum, canopy 
architecture related effects on reflectance, and multiple leaf constituent related absorption 
features. 

Taking the sum of these issues into consideration, it always boils down to a model-
based approach to exploit the abundant contained information in the spectrum and to 
accurately pinpoint the aimed variables. In the past, various approaches of different 
complexity were developed. 
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1.2 Hyperspectral Methods for Crop Traits Retrieval 

In the following an overview of retrieval approaches for crop traits is given. Exemplary 
studies are referenced in view of their applicability in agricultural crop monitoring. 
Approaches to retrieve biochemical and biophysical vegetation traits from remotely sensed 
data were categorized by Verrelst et al. (2015b); (2019) into (1) parametric regression 
methods, (2) nonparametric regression methods, (3) physically-based methods, and 
(4) hybrid methods. 

1.2.1 Parametric Regression Methods  
Parametric regression methods define an explicit parameterized expression, relating a 

number of spectral bands or derivates thereof with a crop trait of interest (Verrelst et al. 
2015b) in the form of a ratio, a normalized index or other linear equations. Due to its 
simplicity, the corresponding VI approach has been most widely applied, also to 
hyperspectral signatures which resulted in a multitude of indices published over the years 
(see e.g., Zeng et al. (2022) for an overview). Although optimized narrowband VIs may have 
an improved sensitivity to certain variables, the mentioned issues about generality and 
transferability remain. These drawbacks are based on the fact that interconnected nonlinear 
radiative processes between complex canopy architectures and diverse leaf physiologies 
cannot be uniformly addressed using simple linear mathematical formulations (Verrelst et 
al. 2019). As one consequence, VIs tend to saturate when leaf and canopy related absorption 
features superimpose. This, for instance, is the case in the red and NIR spectral regions 
between chlorophyll content and LAI, as well as leaf inclination with the widely applied 
Normalized Difference Vegetation Index (NDVI). Additionally, with respect to 
hyperspectral sampling, selecting only a few bands for the establishment of a VI 
underexploits the information density of contiguous spectral measurements (Atzberger et 
al. 2011). Addressing the latter, integration-based methods were proposed (Kokaly and 
Clark 1999). Integrating over certain areas in the reflectance spectrum allows to more 
extensively exploit distinct absorption feature spaces, as has been demonstrated for, e.g., 
leaf chlorophyll content estimations (Oppelt and Mauser 2004; Delegido et al. 2010). Further 
parametric regression methods include spectral transformation approaches such as 
continuum removal (Clark and Roush 1984), where reflectance is divided by, e.g., its convex 
hull, allowing for the analysis of absorption features from a common baseline (e.g., Mutanga 
et al. 2005), log-inversion of reflectance to mitigate saturation effects (Yoder and Pettigrew-
Crosby 1995) and VIs from spectral derivates (e.g., Sims and Gamon 2002). Also direct 
informative wavebands have been introduced, such as the chlorophyll content related red 
edge inflection point (REIP) (e.g., Oppelt and Mauser 2004; Hank et al. 2021), inferred from 
the spectrum's second derivative (the reader is advised that an interactive tool, developed 
by the author to derive the REIP from hyperspectral data, is available within the open-
source software EnMAP-Box 3 (van der Linden et al. 2015) 'Agricultural Applications' 
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(Appendix A.1)). 
Although the continuous refinement of parametric methods often led to a higher 

information density in the resulting indices, due to limitations regarding transferability and 
general applicability (Atzberger et al. 2011), their informative value about crop status is of 
a qualitative nature. Nevertheless, results can be provided almost instantly without high 
computational requirements and the predictive capabilities of parametric methods can 
further be largely increased when physically-based approaches are used for calibration (see 
chapter 1.2.3). 

1.2.2 Nonparametric Regression Methods 
In recent years, a multitude of nonparametric regression methods have emerged that 

do not depend on an explicit parameterization. These models use weight factors (coefficients) 
which are calibrated in a learning process to minimize the prediction errors of the inferred 
variables (Verrelst et al. 2015b). They are able to digest full-spectrum information, rendering 
the need for an explicit band selection unnecessary. However, this brings with it the 
drawback of collinearity (Kumar 1975) or the "curse of dimensionality" (Hughes 1968), 
meaning that close adjacent narrow bands are highly intercorrelated, which may decrease 
model performance due to redundant data and possible noise (Verrelst et al. 2019). The 
issue of collinearity is often tackled using band selection techniques (e.g., Abdel-Rahman et 
al. 2013; Feilhauer et al. 2015; Verrelst et al. 2016b) or dimensionality reduction algorithms 
such as principal component analysis (PCA) (Jolliffe and Cadima 2016) or partial least 
squares (PLS) (Haaland and Thomas 1988). With PCA, reflectance spectra are compressed 
into principal components (PCs), each of which represents the direction and amount of 
maximum variance in an uncorrelated lower-dimensional feature space. Similarly, PLS 
applies dimensionality reduction with the difference that the reduction is supervised, 
meaning that it makes explicit use of target information (i.e., crop traits) during 
transformation. It should be noted that PCs are less interpretable since they are constructed 
as linear combinations of the input bands. Within related retrieval methods, these 
dimensionality reduction techniques are intrinsically embedded, such as in principal 
component regression (PCR) (Wold et al. 1987) where a linear regression is fitted over 
coefficients of the respective PCs, or in partial least squares regression (PLSR) (Geladi and 
Kowalski 1986), where it is fitted over the weight factors of the PLS components. Among 
others, PCR and PLSR are associated with the linear subcategory of nonparametric 
methods. PLSR outperformed PCR when used directly for crop traits retrieval (e.g., 
Atzberger et al. 2010; Wang et al. 2017a) since it inherently considers the aimed variable. 
This, however, does not render PCA irrelevant since it can be efficiently applied for 
dimensionality reduction of imaging spectroscopy data as a preprocessing step for the second 
subcategory of nonparametric retrieval methods: nonlinear methods.  

Nonlinear nonparametric methods, commonly referred to as machine learning (ML) 
regression algorithms apply nonlinear transformations to imaging spectroscopy data and are 
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therefore capable of capturing nonlinear relationships within the contained spectral features 
(Verrelst et al. 2019). The most commonly used algorithms for biophysical and biochemical 
variables retrieval include decision tree algorithms, such as random forest regression (RFR) 
(Breiman 2001), artificial neural networks (ANNs) (Haykin 1998), and kernel-based 
methods, e.g., support vector regression (SVR) (Vapnik et al. 1996), and Gaussian process 
regression (GPR) (Rasmussen and Williams 2006). These advanced data-driven techniques 
make no assumptions about the data distribution and are therefore able to integrate data 
from different sources. To be able to discriminate subtle absorption features in spectrometric 
data, ML approaches depend on a model training process, which is computationally 
demanding and requires a vast amount of input data. Although many of these techniques 
date back to the 1990s, computation demand has been the main reason that application of 
these methods in hyperspectral Earth observation has only gained popularity in recent years. 
Moreover, the provision of sufficient training data that typically originates from in situ 
measurements is cost and labor intensive. Using simulated data for training hereby 
represents a promising alternative (see chapter 1.2.3). Another much discussed downside is 
that most ML approaches act as black boxes, since recognized patterns in the established 
models are grounded on a stochastic rather than a physical basis. Therefore, results lack 
interpretability in physical terms (Liang 2007). In order to bring light into the black box, 
one strategy is to incorporate ML algorithms themselves to select sensitive bands and later 
use this pre-selection to build a predictive model. While this approach cannot be followed 
with the pure black box of ANNs, RFR is inherently able to identify sensitive spectral bands 
(Abdel-Rahman et al. 2013; Feilhauer et al. 2015). This is also the case for GPR through 
extracting this knowledge from automatic relevance determination (ARD) kernels (Camps-
Valls et al. 2016; Verrelst et al. 2016b; Berger et al. 2020a). However, selected sensitive 
bands across different methods and datasets are often ambiguous and miss to reflect the 
actual absorption coefficients of vegetation constituents (see e.g., Feilhauer et al. 2015). 
Another strategy is using algorithms that handle regression tasks in a Bayesian framework, 
such as GPR, providing analytical estimates of uncertainty intervals together with the final 
estimates due to its probabilistic handling of regression tasks. Analyzing these prediction 
intervals enables useful insights into uncertainties of model parameterization and input data. 
Moreover, information about uncertainties can be used to assess the transferability of the 
models to other locations and times (Verrelst et al., 2013a). Apart from the benefit of 
uncertainty intervals, GPR proved outstanding performances in hyperspectral regression 
problems (e.g., Verrelst et al. 2011; Camps-Valls et al. 2019; Berger et al. 2021b) and often 
outperformed other ML algorithms (Verrelst et al. 2012; Caicedo et al. 2014; Angel and 
McCabe 2022). 

1.2.3 Physically-Based Methods 
Physically-based (or mechanistic) methods represent an umbrella term for radiative 

transfer models (RTMs) and related retrieval, i.e., inversion schemes. RTMs 
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deterministically simulate the radiative transfer within a canopy from a description of its 
structure and the properties of its constituents using physical laws (Weiss et al. 2020). RTM 
inversion means simulating a spectrum that ideally matches a measured spectrum to draw 
conclusions about biophysical and biochemical variables from the underlying parameters of 
the simulation. Within the field of reflectance spectroscopy, many RTMs of different 
complexity have been developed, from one-dimensional turbid medium to 3-D ray-tracing 
representations of a plant canopy. With regard to applicability in crop traits retrieval, here, 
a trade-off decision has to be made: while 3-D models may be able to describe radiative 
transfer processes very close to reality, these models are considered noninvertible due to 
numerous parameters that are not measurable in the real world, leaving many parameters 
open for calibration. This in turn leads to an unacceptable number of degrees of freedom 
during the inversion of these models. 

 
Figure 1.2: Flowchart and parameters of the PROSAIL RTM, coupling the latest version of the 
leaf RTM PROSPECT-PRO with the 1-D turbid medium canopy RTM 4SAIL. Figure modified 
after Berger et al. (2018a). 

The most widely used invertible model is the 1-D turbid medium RTM PROSAIL 
(Jacquemoud et al. 2009) (Figure 1.2) which is coupling the constantly evolving Leaf Optical 
Properties Spectra model PROSPECT (Jacquemoud and Baret 1990; Féret et al. 2008; 
Féret et al. 2017; Féret et al. 2021) and the canopy reflectance model 4SAIL: Scattering by 
Arbitrarily Inclined Leaves (Verhoef and Bach 2007). The latest recalibrated version of the 
leaf RTM PROSPECT-PRO (Féret et al. 2021) simulates reflectance and transmittance of 
leaves in the optical domain as a function of leaf pigments, i.e. chlorophyll a and b (Cab), 
carotenoids (Ccx), and anthocyanins (Canth), a leaf mesophyll structure parameter (N), brown 
pigments (Cbrown) and equivalent water thickness (EWT/Cw), as well as dry matter content 
(Cm) as the sum of nitrogen-containing proteins (Cp) and carbon-based constituents (CBC). 
For upscaling to the canopy level, 4SAIL simulates the bi-directional reflectance factor of a 
plant turbid medium (Jacquemoud et al. 2009) as a function of LAI, reflectance and 
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brightness factor (due to moisture) of the underlying soil (soil spec and psoil), average leaf 
inclination angle (ALA) or optionally, ellipsoidal leaf inclination distribution (LIDF), and 
hot spot size (hspot) for a given illumination and viewing geometry (observation zenith angle 
(OZA), relative azimuth angle (rAA) between sun and sensor, and the solar zenith angle 
(SZA)). Due to its comparatively limited number of parameters, PROSAIL has been 
successfully inverted by various studies (see review by Berger et al. 2018a) and also 
constitutes an essential foundation of the inversion schemes presented throughout this 
thesis. 

To directly invert an RTM, the oldest strategy is the iterative approach of numerical 
optimization (Kimes et al. 2000), where the RTM is run multiple times, optimizing the 
input parameters until a simulated result best matches the measured spectrum according to 
a cost function. This approach, however, tends to get trapped in local minima and proved 
to be unsuitable for image processing, since optimizing a set of parameters to minimize a 
cost function for thousands of pixels is computationally infeasible even with the 
comparatively simple RTM PROSAIL. A second inversion strategy is the look-up-table 
(LUT) inversion (Kimes et al. 2000), where computational load is drastically reduced by 
selecting a best-fit-ensemble of spectra from a previously established and stored catalog of 
model runs.  

Although these inversion techniques are considered physically sound, a major constraint 
lies in the ill-posed nature. This equifinality of model inversion means that many different 
parameter combinations may be equally valid in terms of their ability to reproduce a 
measured reflectance spectrum (Atzberger and Richter 2012). In addition, an inherent 
problem of LUTs consists of implausible spectra produced by unrealistic combinations of 
input parameters (Yebra and Chuvieco 2009; Jurdao et al. 2013; Wang et al. 2018). To 
establish a LUT, parameters are drawn within specified ranges and distributions based on 
measured ranges (Houborg et al. 2009) or a priori knowledge (Combal et al. 2003). However, 
this procedure always results in individual parameters being uncorrelated, thus 
contradicting observations of vegetation parameters in nature (e.g., LAI and EWT or Cab 
and Ccx). Strategies to improve the sampling include the implementation of physiological 
constraints (e.g., Yebra and Chuvieco 2009; Jurdao et al. 2013) between biophysical and 
biochemical variables by implementing local boundary conditions during sample drawing 
based on in situ measured relationships. Another approach is using semi-supervised active 
learning (AL) heuristics (Settles 2009; Berger et al. 2021c), where a LUT is filtered to only 
include such spectra that add to an improved prediction capability of an inversion scheme. 

To circumvent the equifinality problem, also simpler physically-based approaches, such 
as the Beer-Lambert law have been used to directly infer the path length through optically 
active water to derive leaf and canopy water content (e.g., Carter 1991; Bach 1995). With 
given wavelength-specific absorption coefficients of pure liquid water, the attenuation of the 
incident radiation thereby only depends on the path length through an optically active water 
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layer, which is described by EWT. However, due to its simplicity, robust and transferable 
retrieval models based on the Beer-Lambert law need to be calibrated. This in turn can be 
done within a hybrid retrieval scheme based on RTM-simulated LUTs. 

1.2.4 Hybrid Methods 
Hybrid methods, as defined by Verrelst et al. (2015b), describe the strategy of using an 

RTM-simulated database for the training of ML algorithms, combining the generic capacity 
of physically-based methods with the flexibility and computational efficiency of 
nonparametric nonlinear ML approaches. While early experimental hybrid approaches were 
already applied in the 1990s with the advent of ANNs (e.g., Baret et al. 1995), hybrid 
retrieval methods to derive crop traits from imaging spectroscopy data have only emerged 
several years later with combinations of PROSAIL and ML regression algorithms, such as 
with SVR (Durbha et al. 2007), RFR (Doktor et al. 2014), ANN (Fei et al. 2012), or GPR 
(Verrelst et al. 2016b; Verrelst et al. 2019). However, Rivera-Caicedo et al. (2017) indicated 
that the direct input of all 2100 available PROSAIL bands at continuous 1 nm sampling 
severely impairs the training of ML algorithms due to collinearity. Dimensionality reduction 
methods, such as PCA, can alleviate this issue while at the same time significantly boosting 
training time (Danner et al. 2021). The conversion of hyperspectral data into PCs, 
maximizing algorithmic interpretability while minimizing information loss, is particularly 
attractive for ML algorithms with a high computational load such as GPR with its time 
complexity of 𝒪𝒪(𝑛𝑛3) (Rasmussen and Williams 2006). Nonetheless, reduction in the spectral 
domain alone may not suffice in view of the huge number of potentially redundant samples 
generated by RTMs. Therefore, optimization in the sampling domain is required as well 
using e.g., AL approaches. Hybrid methods in which GPRs are trained over PCA-
compressed and AL-optimized RTM-simulated databases recently achieved outstanding 
performances (e.g., Berger et al. 2021b; Candiani et al. 2022; Pascual-Venteo et al. 2022; 
Tagliabue et al. 2022) and may soon be considered state-of-the-art for agricultural mapping 
activities and beyond (Baker et al. 2018; Verrelst et al. 2019; Svendsen et al. 2020; Machwitz 
et al. 2021). However, implementing these algorithms in a processing chain requires vast 
expert and domain knowledge and many determining factors are still subject to some trial 
and error. These comprise e.g., the right number of selected PCs (Morata et al. 2021; 
Pascual-Venteo et al. 2022) and the choice of the GPR kernel function (Danner et al. 2021; 
Angel and McCabe 2022). 

Therefore, similarly well-performing but simpler methods are still needed, particularly 
because transparent parametric approaches can provide easily accessible insights into 
possible fundamental physical limitations of any spectrum-related retrieval method. This 
can be effectively enabled when RTMs form the physical basis of a parametric approach. In 
this way, after calibration over an RTM-simulated LUT, these methods can be tested in the 
“real world”, saving valuable in situ measurements for its true purpose, which is the 
validation of estimation results. Accordingly, Abdelbaki and Udelhoven (2022) recently 
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expanded the definition of hybrid methods to include RTM-calibrated parametric methods. 
This definition extension also provides a generally valid framework for the methods applied 
in the three papers of this thesis. 

1.3 Thesis Outline 

1.3.1 Research Questions 
This thesis presents three different hybrid approaches that are categorized into 

(1) Beer-Lambert law physically-based, (2) parametric, and (3) nonparametric. Each makes 
use of the PROSPECT or PROSAIL RTMs for calibration or training. In this way, a general 
physical basis for all methods is established which is, however, only meaningful to the extent 
of how accurately the RTM is able to reproduce reality despite its simplicity. This ability 
thereby is not only related to the assumptions made within the model, but also largely to 
the sampling strategies applied to build the respective calibration or training databases. 
Although each of the presented retrieval approaches focuses on different crop traits, their 
individual estimation performance appears to be predetermined in view of their ability to 
differentiate superimposed nonlinear radiative processes in a canopy (nonparametric 
nonlinear > parametric linear). Furthermore, all methods were validated and checked for 
plausibility on various in situ datasets. These datasets show varying levels of differentiation 
in the temporal and spatial domains, as well as in the number of samples, sampled level 
(leaf or canopy), number of plant types, and growth stages. Thus, the characteristics of 
these data sets co-determine the quality of the estimations and directly influence the 
conclusions to be drawn. 

With the theoretical background at hand and the above stated, the following 
overarching research questions are formulated:  
 

• Q1: Are PROSAIL-simulated databases suitable for both training and calibration 
of retrieval algorithms and what are the main sources of uncertainty? 
 

• Q2: Can RTM-calibrated parametric methods compete with nonparametric 
nonlinear ML approaches in terms of retrieval performance, and in view of general 
applicability and transferability? 
 

• Q3: How meaningful is the validation of retrieval methods based on limited in situ 
measurements with varying levels of differentiation? 
 

• Q4: What are the opportunities that arise for agricultural monitoring from the soon-
to-be-available EnMAP data streams and which developments are to be expected 
regarding future imaging spectroscopy missions? 

 



Introduction 
 

 
12 

Within this thesis questions Q1—Q4 are discussed based on the versatility and results 
of the applied methods and their respective implications. They are based on the author's 
gained expertise regarding hyperspectral data processing and analysis as well as many years 
of field campaign work. 

1.3.2 Publications 
 This cumulative thesis comprises three scientific publications which have all been 

published in peer-reviewed journals. In the following, these papers are listed chronologically 
with information about the publishing journal and its impact factor according to the 
Elsevier's abstract and citation database (Scopus). Furthermore, the respective authors' 
contributions are indicated in agreement with the Contributor Roles Taxonomy (CRediT). 
Each study is briefly introduced in an overview page, naming the respective research project 
frameworks and describing essential methods and results. Each paper deals with approaches 
to retrieve biophysical or biochemical variables from imaging spectroscopy data. All 
developed approaches are hybrid approaches, calibrated or trained over PROSPECT and/or 
PROSAIL simulated databases, validated over in situ measurements, and tested for 
generality and transferability in preparation of the EnMAP mission. An overview about 
hybrid retrieval methods is given in Figure 1.3., locating the methodological path of each 
study within the concept of hybrid retrieval schemes. 

 
Figure 1.3: Localization of publications in the field of hybrid approaches based on RTM-simulated 
databases for the retrieval of crop traits from imaging spectroscopy data. 

In Paper I, a recursive algorithm was developed to quantify canopy equivalent water 
thickness (EWTcanopy) by extracting the optically active water layer from the Beer-Lambert 
law using water absorption coefficients of pure liquid water. The model was calibrated over 
50,000 PROSPECT simulations, no LUT-optimization technique was applied. Paper II 
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explored a parametric approach to simultaneously derive Cab, Ccx, and Cw from continuous 
reflectance data using spectral integral ratios, calculated automatically by separating the 
respective absorption features using peak detection and convex hulls and calibrated using a 
physiological constrained LUT. Paper III turned to the world of ML. Here, three GPR 
models were trained over a PCA-reduced, AL-optimized RTM-simulated training database 
and tuned over the 4-year Munich-North-Isar (MNI) field campaign dataset to derive canopy 
carbon content (Carea) as well as dry and fresh aboveground biomass (AGBdry, AGBfresh). The 
algorithms developed within Paper I and II are openly accessible for the broad public as 
easy-to-use tools within the EnMAP-Box 3 Agricultural Applications, available as a plugin 
for QGIS.  

Hence, this thesis presents robust and transferable retrieval methods to derive 
agricultural relevant crop traits from imaging spectroscopy data and can be applied to 
atmospherically corrected EnMAP data (and spectrometric imagery of other sensors) as 
soon as available. 
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2 PAPER I: PHYSICALLY-BASED RETRIEVAL OF CANOPY 

EQUIVALENT WATER THICKNESS USING HYPERSPECTRAL 

DATA 

 

This study has been published in the journal Remote Sensing: 

Wocher, M., Berger, K., Danner, M., Mauser, W., & Hank, T. (2018). Physically-Based Retrieval of 
Canopy Equivalent Water Thickness Using Hyperspectral Data. Remote Sensing, 10, 1924. 
https://doi.org/10.3390/rs10121924.  
 
Journal Impact Factor: 5.45 (2022) 
 
Author Contributions: Conceptualization, M.W., K.B. and T.H.; Data curation, M.W.; 
Formal analysis, M.W. and K.B.; Funding acquisition, W.M. and T.H.; Investigation, M.W.; 
Methodology, M.W.; Project administration, W.M. and T.H.; Resources, M.W.; Software, 
M.W. and M.D.; Supervision, W.M. and T.H.; Validation, M.W. and K.B.; Visualization, 
M.W.; Writing—original draft, M.W.; Writing—review & editing, M.W., K.B., M.D. and 
T.H. 
 
Transition to Paper I: Paper I focuses on the development of an algorithm to retrieve 
canopy water content from imaging spectroscopy data as was set out in the EnMAP 
Scientific Advisory Group (EnSAG) collaboration project 1.5: "retrieval of canopy liquid 
water content" between the EnMAP Team Agriculture at LMU and the 
GeoForschungsZentrum (GFZ) Potsdam during EnSAG Phase III: "Developing the EnMAP 
Managed Vegetation Scientific Processor". The algorithm presented in this paper served as 
a benchmark for the coupled retrieval of the three phases of water from simulated EnMAP 
top-of-atmosphere radiance spectra (Bohn et al. 2020). The novelty of the study lies in the 
direct inversion of the Beer-Lambert law to derive the thickness of the optically active water 
layer from measured reflectance at 970 nm using absorption coefficients of pure liquid water 
in a PROSPECT supported hybrid retrieval scheme. The study furthermore provided 
auxiliary information about radiation penetration depth into different canopy architectures 
based on in situ winter wheat (triticum aestivum) and corn (zea mays) water content 
measurements separated by leaves, stalks, and fruits which were collected during the MNI 
field campaigns. The developed 'Plant Water Retrieval' model is included as a slim tool 
within the EnMAP-Box Agricultural Applications (Appendix A.3) and can be applied to 
any atmospherically corrected spectrometric imagery. 

https://doi.org/10.3390/rs10121924
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Abstract 

Quantitative equivalent water thickness on canopy level (EWTcanopy) is an important land 
surface variable and retrieving EWTcanopy from remote sensing has been targeted by many 
studies. However, the effect of radiative penetration into the canopy has not been fully 
understood. Therefore, in this study the Beer-Lambert law is applied to inversely determine 
water content information in the 930 to 1060 nm range of canopy reflectance from measured 
winter wheat and corn spectra collected in 2015, 2017, and 2018. The spectral model was 
calibrated using a look-up-table (LUT) of 50,000 PROSPECT spectra. Internal model 
validation was performed using two leaf optical properties datasets (LOPEX93 and 
ANGERS). Destructive in-situ measurements of water content were collected separately for 
leaves, stalks, and fruits. Correlation between measured and modelled water content was 
most promising for leaves and ears in case of wheat, reaching coefficients of determination 
(R2) up to 0.72 and relative RMSE (rRMSE) of 26% and in case of corn for the leaf fraction 
only (R2 = 0.86, rRMSE = 23%). These findings indicate that, depending on the crop type 
and its structure, different parts of the canopy are observed by optical sensors. The results 
from the Munich-North-Isar test sites indicated that plant compartment specific EWTcanopy 
allows us to deduce more information about the physical meaning of model results than 
from EWT on leaf level which is upscaled to canopy water content (CWC) by multiplication 
of the leaf area index (LAI). Therefore, it is suggested to collect EWTcanopy data and 
corresponding reflectance for different crop types over the entire growing cycle. Nevertheless, 
the calibrated model proved to be transferable in time and space and thus can be applied 
for fast and effective retrieval of EWTcanopy in the scope of future hyperspectral satellite 
missions. 

2.1 Introduction 

The quantification of water stored in agricultural plants plays an essential role in 
understanding the impact of cultivated areas on the earth’s water cycle. Due to its close 
association to biochemical factors, such as vegetation transpiration (Running and Gower 
1991) and net primary production (Running and Nemani 1991), the knowledge of quantities 
of water contained within agricultural crops is crucial, particularly for the development of 
environmental process models (Vohland 2008; Hank et al. 2015). Moreover, quantifying 
canopy water content is important in regards to the water use efficiency of plants (Clevers 
et al. 2010), evaluation of plant physiological status and health (Peñuelas et al. 1993; 
Peñuelas et al. 1997), and crop ripening monitoring (Hank et al. 2019). 

Within the optical spectral domain (400 nm–2500 nm), absorption by vegetation liquid 
water occurs in the near-infrared (NIR) at 970 nm and 1200 nm and in the shortwave 
infrared (SWIR) at 1450 nm and 1950 nm (Tucker 1980; Danson et al. 1992). Due to a 
higher absorption coefficient in the SWIR (Kou et al. 1993) most of the early studies 
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combined those wavelengths with water insensitive wavelengths in the NIR to define 
empirical narrow-band indices for water content retrieval (Hardisky et al. 1983; Hunt et al. 
1987; Hunt and Rock 1989; Gao 1996). However, the strong absorption by water may 
saturate those bands at high water contents in optically thick canopies (Datt 1999). 
Moreover, absorption by atmospheric water vapor at 1450 nm and 1900 nm results in noisy 
measurements which renders these spectral regions unsuitable for further analysis (Tucker 
1980), both for top-of-atmosphere (TOA) and top-of-canopy (TOC) spectroscopy. Some 
vegetation biophysical variables may disturb the signal of water: for instance Jacquemoud 
et al. (2009) noted that the leaf area index (LAI) masks the water signal between 1000 nm 
and 1400 nm and advised caution when using such indices for water retrieval. The 
comparatively low 970 nm water absorption depth is embedded in an area of generally high 
vegetation reflectance in the NIR. Due to low absorption it is expected that radiation at 
970 nm penetrates deeper into the canopy reflecting a larger portion of its total water 
content without a tendency to saturation (Newton and Blackman 1970; Lillesaeter 1982; 
Bull 1991; Sims and Gamon 2003; Ghulam et al. 2008). Therefore, Peñuelas et al. (1993; 
1997) developed the 970 nm water index (WI) to retrieve relative plant water concentration 
(PWC). In the following, other studies also focused on the 970 nm absorption to estimate 
canopy water content (Clevers et al. 2008; Vohland 2008; Clevers et al. 2010; Cernicharo et 
al. 2013). 

Methodologically, the definition of a narrow-band spectral index to retrieve vegetation 
water content information constitutes the parametric regression type of methods. Their 
simplicity and thus computational feasibility make them highly desirable for large-scale 
remote sensing applications. However, a fundamental problem of parametric regression 
methods is their lack of generality and transferability (Verrelst et al. 2015a). Since indices 
are not solely influenced by liquid water, but also affected by leaf internal structure and leaf 
dry matter (Ceccato et al. 2001) or canopy structure, LAI and soil background (Gao 1996; 
Zarco-Tejada et al. 2003; Yilmaz et al. 2008), the established regression-based relationships 
and estimated quantities of water stored in a canopy are limited to local conditions (Baret 
and Guyot 1991). Accordingly, the obtained results are site-, time- and crop-specific 
(Houborg et al. 2007). Moreover, as more hyperspectral image data with a continuous 
spectral coverage become accessible, the limited use of a small number of bands does not 
correspond to the up to date possibilities in view of the available data information density. 

For the implications given, physically-based model inversion methods have been 
introduced as a promising alternative to retrieve biochemical and biophysical vegetation 
variables. Radiative transfer models (RTM) describe interactions between solar radiation 
and vegetation constituents using physical laws. Their ability to generate an infinite number 
of simulated spectra with known input parameters conversely allows their inversion in order 
to estimate the underlying parameters. For the inversion of RTMs, a variety of strategies 
have been applied. These include numerical optimization algorithms, look-up table (LUT) 
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approaches, artificial neural networks (ANN) and other machine learning algorithms (for an 
overview please refer to Verrelst et al. (2015a); (2019)). Although RTM-based inversion 
methods are considered to be physically sound, the techniques require profound knowledge, 
are often computationally demanding and are mathematically highly nonlinear (Jacquemoud 
et al. 2000; Verrelst et al. 2019). Another limitation of RTM-inversion is the ill-posed nature 
or equifinality of model inversion. Many different parameter sets may be equally valid in 
terms of their ability to reproduce a measured reflectance spectrum (for a discussion of this 
topic see Atzberger and Richter (2012)). 

In view of future hyperspectral satellite missions like Italian PRISMA (Labate et al. 
2009), US HyspIRI (Lee et al. 2015), Israeli-Italian SHALOM (Feingersh and Ben-Dor 2015), 
European CHIME (Nieke and Rast 2018b), and German EnMAP (Guanter et al. 2015) fast 
and efficient retrieval methods for large datasets are required. Mathematically simpler 
physically-based approaches have been applied before to circumvent the equifinality problem 
and to reduce the computational effort of RTM-based model inversion. Green, et al. (1991; 
1993) originally incorporated the Beer-Lambert law to separate liquid water from 
atmospheric water vapor and determine both to allow the retrieval of surface reflectance 
from measured AVIRIS radiance. Thereby, the Beer-Lambert law was applied to directly 
infer the path length through optically active liquid water, i.e., the equivalent water 
thickness (EWT), from a measured reflectance spectrum using water absorption coefficients 
for pure liquid water (Ustin et al. 2012; Hunt et al. 2013). Since multiple NIR scattering, 
and the attendant increase in optical path length at both the leaf and the canopy scale are 
not accounted for in the simple Beer-Lambert law (Knipling 1970; Carter 1991), absolute 
quantification of EWT can only be achieved by calibration. Subsequently, validation has to 
be performed on accurate in-situ measurements. Studies that aimed at separating all three 
phases of water were not designed to quantify canopy water content in absolute terms and 
therefore accurate measurements were not carried out (Gao and Goetz 1990, 1995; Green et 
al. 2006; Thompson et al. 2015). On the other hand, studies which derived water content 
explicitly by applying the Beer-Lambert law often relied on the assumption that upscaling 
leaf EWT to canopy water content (CWC) could be done by a simple multiplication with 
the leaf area index (LAI) (see Clevers et al. 2008, 2010; Yi et al. 2014; Verrelst et al. 2015a; 
Pasqualotto et al. 2018). In other publications, biomass sampling strategies have not been 
designed to deduce the single water components of a canopy that an optical sensor can 
actually detect (e.g. Bach 1995; Ustin et al. 1998; Champagne et al. 2003; Sims and Gamon 
2003). Consequently, validation of these approaches could not approve translation into 
transferable and generally applicable retrieval tools (Hunt et al. 2013). 

Therefore, the objective of the present study was to test the performance of the Beer-
Lambert law to retrieve crop water content from spectra with a contiguous spectral coverage 
around 970 nm and perform validation separately for leaves, stalks, and fruits by means of 
the two very different crop types: corn and winter wheat. 
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2.2 Materials 

2.2.1 Munich-North-Isar Test Site 

2.2.1.1 Biomass Sampling and Water Content Determination 
Biomass collection was performed in 2015, 2017, and 2018 at three winter wheat fields 

(triticum aestivum) and two corn fields (zea mays) of communal farmland 30 km north of 
Munich (southern Germany) east of the river Isar (Table 2.1, Figure 2.1). 

Within the fields, three different sampling points were selected based on long-term 
biomass distribution pattern observations (TalkingFields Base Map: www.talkingfields.de) 
representing low, medium, and high persistent relative fertility. 

 

 
Figure 2.1. Munich-North-Isar test sites overview (left) and exemplary 2017 simulated 30 × 30 m 
corn EnMap-pixel with 9 ESUs (right). 
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Table 2.1. Munich-North-Isar winter wheat and corn test sites, locations, periods of sample collection, 
number of biomass samples, and number of spectral measurements at cloud-free days. 

Crop Type Coordinates Sampling Period 
No. of 
Samplings 

No. of Spectral 
Measurements 

Winter wheat 
48°14’51.46’’N 
11°42’24.10’’E 

10 April–29 July 2015 17 7 

Winter wheat 
48°14’56.70’’N 
11°43’03.60’’E 

29 March–17 July 2017 16 12 

Winter wheat 
48°14’52.27’’N 
11°42’57.06’’E 

04 April–13 July 2018 12 7 

Corn 
48°17’06.56’’N 
11°42’49.98’’E 

8 June–15 September 2017 11 8 

Corn 
48°14’56.70’’N 
11°43’03.60’’E 

25 May–29 August 2018 13 6 

 
Plant leaf water content is commonly expressed as equivalent water thickness (EWT, 

Eq. (2.1)) corresponding to a hypothetical thickness of a single layer of water averaged over 
the whole leaf area (Danson et al. 1992): 

EWT = 𝐹𝐹𝐹𝐹 −  𝐷𝐷𝐷𝐷
𝐴𝐴

 [g cm−2] or [cm],  [kg m−2] or [mm] (2.1) 

where FW is the fresh sample weight, DW is the oven dry weight and A is the leaf area. 
While EWT refers to the water content on leaf level, canopy water content (CWC, Eq. 
(2.2)) is commonly derived through extrapolation by means of the LAI: 

CWC = EWT ∗ LAI (2.2) 

Due to the linkage of LAI to the whole canopy, CWC may be biased towards the leaf 
fraction. Furthermore, CWC does not allow inferring the actual water detectability of plant 
components in a canopy from total detected water. Consequently, in this study total 
EWTcanopy (EWTleaf + EWTstalk + EWTfruit) will be defined as the above-ground total 
equivalent water layer averaged over one square meter of ground surface (Eq. (2.3)). 

total EWTcanopy = �(𝐹𝐹𝐹𝐹leaves+stalks+fruits  − 𝐷𝐷𝐷𝐷leaves+stalks+fruits) ∗ 𝐴𝐴𝑔𝑔
−1 (2.3) 

where Ag denotes the ground area. To monitor the development of total amounts of water 
stored in the canopy throughout the growing season, biomass samples were collected on a 
weekly basis. In case of wheat, a minimum transect of 50 cm along a sowing track or an 
area of 0.25 m2 was cut at soil level. For corn, 2–3 plants were cut. In-field plant density 
was obtained by counting plants and rows per meter. The samples were separated into leaf, 
stalk and fruit compartments, weighed in fresh state and oven-dried until constant weight 
for 24 h at 105 °C before dry weight was determined. EWTleaf, EWTstalk, EWTfruit (EWTear 

and EWTcob, respectively) and total EWTcanopy per cm2 (Table 2.2) were calculated from 
laboratory results (specific water contents per ground area) and from farm management 
metadata (plants per meter and row spacing). The phenology was determined according to 
secondary growth stages of the BBCH-scale (Meier 2018). 



Paper I: Physically-Based Retrieval of Canopy Equivalent Water Thickness Using Hyperspectral Data 
 

 
21 

Table 2.2. Statistics (range, mean, standard deviation) for in-situ measured EWTleaf, EWTstalk, 
EWTfruit, total EWTcanopy and BBCH-range. Values correspond to measurements with available 
spectral reflectance data. 

Year 2015 2017 2018 

Crop Type 
Winter 
Wheat 

Winter 
Wheat 

Corn 
Winter 
Wheat 

Corn 

BBCH range [-] 22–87 25–87 30–85 28–87 32–83 
EWTleaf: range [cm] 0.007–0.179 0.005–0.182 0.009–0.104 0.045–0.121 0.095–0.161 
mean (std) [cm] 0.066 (0.058) 0.082 (0.050) 0.059 (0.035) 0.082 (0.027) 0.132 (0.023) 
EWTstalk: range [cm] 0.012–0.256 0.003–0.275 0.008–0.295 0.019–0.268 0.252–0.619 
mean (std) [cm] 0.123 (0.084) 0.144 (0.089) 0.161 (0.115) 0.126 (0.099) 0.472 (0.126) 
EWTfruit: range [cm] 0.000–0.100 0.000–0.112 0.000–0.248 0.000–0.148 0.000–0.306 
mean (std) [cm] 0.044 (0.045) 0.045 (0.045) 0.068 (0.100) 0.048 (0.068) 0.171 (0.123) 
Total EWTcanopy: range [cm] 0.041–0.417 0.019–0.490 0.017–0.606 0.064–0.503 0.347–1.019 
mean (std) [cm] 0.233 (0.141) 0.271 (0.145) 0.289 (0.221) 0.256 (0.170) 0.775 (0.227) 

2.2.1.2 Spectroscopic Measurements 
At each study site, a 30 × 30 m grid of nine 10 × 10 m squares was marked out 

delineating the elementary sampling units (ESU). This grid layout was designed to trace 
the geometric properties of one EnMAP pixel; hence, regarding the viewing geometry and 
grid location, the sensors descending orbit and inclination angle of 97.96° was accounted for 
(Figure 2.1).At each sampling date with clear sky conditions (Table 2.1) all nine ESUs were 
revisited and spectral measurements were taken using an Analytical Spectral Devices Inc. 
(ASD, Boulder, CO, USA) FieldSpec3 Jr. spectroradiometer with an effective spectral 
resolution of 3 nm in the VIS (≤700 nm) and 10 nm in the NIR and SWIR (≤2500 nm). 
Five nadir measurements were conducted per ESU at a height of 25 cm above the canopy, 
the same height at which the white reference panel (OptoPolymer, Munich, Germany) could 
be fully observed with the instruments field of view of 25°. Throughout the measurements, 
the sensor was slightly moved back and forth manually while maintaining the observation 
angle to obtain a representative spectral sample of the canopy. The five recorded spectra 
were averaged per ESU and a spatial mean of the nine ESUs was calculated to provide 
reflectance of the complete 30 × 30 m grid. Further, post-processing included splice-
correction, white reference baseline calibration, and slight smoothing using a Savitzky-
Golay-Filter with a frame size of 13 nm. 

Note that it was not possible to conduct destructive sampling at exactly the same 
locations where the continuous spectral measurements were taken. However, due to 
averaging of spectral sampling points over the 30 × 30 m sampling area, it was possible to 
capture the in-field variability and therefore to represent average field water conditions. 

Altogether, the collected dataset comprised destructively measured, plant compartment 
specific water content samples with corresponding spectral measurements at 26 dates for 
wheat and 14 dates for corn over three and two years, respectively (see Table 2.1 and Table 
2.2). 
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2.2.2 Leaf Optical Data 
Preliminary tests of the EWTcanopy retrieval model presented in this study were 

performed on two different leaf optical datasets. The LOPEX93 database was established 
in 1993 by the Joint Research Centre (JRC, Ispra, Italy). It associates transmittance and 
reflectance in the range of 400–2500 nm with biophysical and biochemical measurements of 
66 leaf samples from 45 species (Hosgood et al. 1995). In total, the database comprises 330 
spectra with corresponding measurements of EWT. Secondly, tests were performed on the 
ANGERS database containing 276 reflectance spectra and EWT measurements of 43 species 
(Jacquemoud et al. 2003). While woody species make up the majority of the ANGERS 
database, both datasets represent a large variety of leaf internal structure and spectra. 

2.2.3 Radiative Transfer Models and Look-Up Tables 
To check consistency between leaf optical data and modelled spectra, large look-up 

tables (LUT) using the RTMs PROSPECT and PROSAIL were created. PROSAIL 
(Jacquemoud et al. 2009) is coupling the Leaf Optical Properties Spectra model PROSPECT 
(Jacquemoud and Baret 1990) and the turbid medium canopy reflectance model 4SAIL 
(Scattering by Arbitrary Inclined Leaves) (Verhoef 1984; Verhoef and Bach 2007). The latest 
recalibrated version PROSPECT-D (Féret et al. 2008; Féret et al. 2017) simulates 
bidirectional-hemispherical reflectance and transmittance in the optical domain as a function 
of leaf pigments (chlorophyll a+b content Cab, carotenoids Car, and anthocyanins Canth), dry 
matter Cm, and brown pigments Cbrown as well as a leaf mesophyll structure parameter N, 
and EWT (Cw). The canopy model SAIL calculates a bidirectional reflectance factor of 1-D 
turbid medium plant canopies. With regard to leaf optical properties and reflectance of the 
underlying soil (psoil), it implements canopy structure (LAI), average leaf inclination angle 
(ALA) or optionally, ellipsoidal leaf inclination distribution (LIDF), and hot spot size 
parameter (hspot) for a given illumination and viewing geometry (observation zenith angle 
(OZA), relative azimuth angle (rAA) between sun and sensor, and the solar zenith angle 
(SZA)). 

Considering the impact of plant foliar water on the 970 nm absorption band, during 
LUT generation, all parameters with sensitivity in the NIR region were uniformly 
distributed over a wide value range (Table 2.3). Leaf pigments, having no effect on 
reflectance in the NIR (Carter 1991; Ceccato et al. 2001), remained constant. 
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Table 2.3. Parameter ranges for PROSPECT-D and PROSPECT-D + 4SAIL (PROSAIL) LUT. 
Specified ranges are uniformly distributed, single values are fixed. 

PROSPECT-D- 
Parameters 

Range Notation [Unit] 
4SAIL- 
Parameters 

Range Notation [Unit] 

N 1.0–3.0 [-] LAI 0.5–8.0 [m2 m−2] 
Cab 55 [µg cm−2] ALA 0–90 [deg] 
Cw 0.0002–0.07 [g cm−2] hspot 0.01–0.5 [-] 
Cm 0.001–0.02 [g cm−2] OZA 0 [deg] 
Cbrown 0.0–1.0 [-] SZA 35–50 [deg] 
Car 15 [µg cm−2] rAA 0 [deg] 
Canth 5 [µg cm−2] psoil 0.0–1.0 [-] 

2.3 Methods 

2.3.1 The Beer-Lambert Law and Retrieval Method Development 
The Beer-Lambert law is mathematically formulated as Eq. (2.4): 

Φ = Φ0𝑒𝑒−𝛼𝛼(𝜆𝜆)𝑑𝑑 (2.4) 

Passing through a medium of thickness 𝑑𝑑 the incident radiation intensity Φ0 is 
exponentially attenuated with increasing penetration depth. The absorption characteristics 
of a medium are defined by its wavelength-dependent absorption coefficients 𝛼𝛼(𝜆𝜆). In this 
study, due to the accurate spectral resolution in the 970 nm domain (Féret et al. 2008), 
water absorption coefficients for pure liquid water as determined by Kou et al. (1993) are 
used. Furthermore, it is assumed that within the absorption band at 970 nm, water is the 
only quantity-depending, varying active absorber and that variance within absorption of 
further components is neglectable. Thus, concluding from Eq. (2.4), the absorption depth of 
measured fresh leaves or canopies at 970 nm is uniquely dependent on the thickness of the 
optically active water layer (see also discussion in Section 2.3.2). For dry leaves or senescent 
canopies, absorption by liquid water is neglectable, resulting in a strictly linear reflectance 
signature at 970 nm. For the retrieval of EWTcanopy, Eq. (2.4) is rearranged in accordance 
with Bach (1995) to Eq. (2.5), where 𝑅𝑅0 is the measured reflectance, 𝑑𝑑 is the thickness of 
the optically active water layer, and 𝑅𝑅′ is the 𝑑𝑑-dependent reflectance: 

𝑅𝑅′ = 𝑅𝑅0
𝑒𝑒−𝛼𝛼(𝜆𝜆)𝑑𝑑 (2.5) 

Using Eq. (2.5), 𝑑𝑑 is iteratively optimized so that an objective function - the sum of absolute 
residuals between the modelled reflectance and the linear connection between the descending 
and ascending vertices of the 970 nm absorption - is minimal (Figure 2.2). The wavelength 
range considered by the plant water retrieval (PWR) model has been limited to 930–1060 
nm based on preliminary minimization of the standard deviation of yielded EWT results 
from the PROSPECT LUT. Describing the thickness of the optically active water layer, the 
results can directly be compared to measured EWT on leaf level (Eq. (2.1)), CWC (Eq. 
(2.2)) and EWTcanopy (Eq. (2.3)). The algorithm was implemented in Python, where retrieval 
of EWT for 50,000 spectra was completed in 69 s on an Intel Core i5-3570K @3.40 GHz. 
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Figure 2.2. Determination of optically active water thickness 𝑑𝑑 from a measured spectrum R0 through 
minimization of residuals to assumed dry reflectance line (dotted line). 

2.3.2 Global Sensitivity Analysis 
The PWR model expects the thickness of optically active water to reflect the vegetation 

water content detected by a hyperspectral sensor. Both the PROSPECT and PROSAIL 
LUT were subjected to a global sensitivity analysis (GSA) to identify and evaluate the 
impact of contributing parameters in the 970 nm domain and to validate the performance 
of the model. The Fourier amplitude sensitivity test (FAST) identifies the main effects 
(first-order sensitivity effects), i.e., the contribution (STi) to the variance of the model output 
by each input variable and interactions with other variables (Cannavó 2012). The 
contribution of parameters to the 970 nm absorption depth and shape is assessed by its 
distribution width using the variance-to-mean ratio (VMR). 

Within PROSPECT (Figure 2.3a) N contributes to 98% of leaf reflectance at the 
vertices left and right of the 970 nm water absorption band. At 970 nm Cw is the highest 
contributing parameter in terms of VMR (10−2). Minor influence on the shape of the 
absorption band is caused by Cbrown at the descending vertex (VMR = 10−3). Cm and 
parameter interactions also affect overall reflectance at 970 nm but interference with its 
shape is smaller by more than two orders of magnitude (10−4). Regarding PROSAIL (Figure 
2.3b), Cw likewise is the strongest shape-determining factor at 970 nm in terms of VMR 
(10−2). However, the 970 nm absorption shape is affected by canopy structural parameters 
(ALA, LAI, hspot, psoil) and parameter interactions. The sum of influential parameter VMR 
may exceed Cw VMR, which may result in masking of the water signal when unfavorable 
parameter combinations occur. 

The retrieval method was first tested on all the spectra within both the PROSPECT 
and the PROSAIL LUT (Figure 2.4). With a coefficient of determination (R2) of 0.96 the 
approach indicates a strong correlation between PROSPECT modelled water content Cw 
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and retrieved optically active water content EWT (Figure 2.4a). However, the high relative 
root mean square error (𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ∗ 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

−1) of 286% with an intercept 
close to zero revealed a strong systematical offset. The growing spread of results towards 
higher values of Cw suggests a simultaneously increasing influence of other parameters due 
to the exponential radiative transfer from specific absorption coefficients to transmission 
and reflectance (Jacquemoud and Baret 1990). 

 

  
Figure 2.3. FAST first-order sensitivity coefficients and interactions (STi) to reflectance (900–
1080 nm) for PROSPECT (a) and PROSAIL (b) parameters. Due to high contribution of the leaf 
structure coefficient N within PROSPECT, only the upper contribution range ≤ is shown. Below, 
influences of parameters that affect the shape of the water absorption band considered within the 
PWR model (930–1060 nm) are quantified by the variance-to-mean ratio (VMR). 
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Figure 2.4. Modelled EWT results from synthetic LUT containing PROSPECT (a) and PROSAIL 
(b) spectra. 

Applied to PROSAIL spectra (Figure 2.4b) the R2-results (0.68) are significantly lower 
and although model results correspond to LUT Cw-values, both regression residuals and 
intercept do not show a systematic bias. However, within the created LUT, several 
parameter combinations can be considered unrealistic (Wang et al. 2018), masking or 
flattening the water signal due to model parameter related interference with the shape of 
the 970 nm absorption band. The resulting outliers and overall spread of modelled Cw-values 
render the PROSAIL LUT unsuitable for further calibration of the model. 

2.3.3 Using PROSPECT for Calibration of the PWR Model 
The model was further tested on the LOPEX93 (Hosgood et al. 1995) and ANGERS 

(Jacquemoud et al. 2003) datasets, which showed a similar systematical bias as model results 
from PROSPECT spectra (Figure 2.5a,c,e). Since the overestimation seemed to be solely 
defined by the slope of the regression line, the water absorption coefficients in Eq. (2.5) were 
adjusted by multiplying the slope of the PROSPECT LUT linear regression model as a 
constant (Eq. (2.6)): 

𝑅𝑅′ = 𝑅𝑅0
𝑒𝑒−𝛼𝛼(𝜆𝜆)𝑑𝑑∗3.52343 (2.6) 

The calibration procedure accounts for unknown effects of the leaf surface and of leaf 
internal structure on reflectance in the 970 nm domain (Féret et al. 2008) and for potential 
multiple leaf internal scattering (Carter 1991; Zhang et al. 2011). Using the calibrated water 
absorption coefficients (Eq. (2.6)), minimization of the objective function is achieved more 
quickly, resulting in lower modelled values of EWT that are consistent with the measured 
order of magnitude. Subsequently, the altered absorption coefficients in the 930 to 1060 nm 
range were used for an improved water content retrieval. Applied to the PROSPECT LUT 
(Figure 2.5b), EWT was estimated with a much smaller error (rRMSE = 12%). Applying 
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the algorithm with updated coefficients to LOPEX93 data, measured EWT was estimated 
with R2 = 0.93 and rRMSE = 22% and for ANGERS data with 0.93 and 39% respectively 
(Figure 2.5d,f). 
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Figure 2.5. Uncalibrated PWR-results for the PROSPECT LUT (a); LOPEX93 data (c); and 
ANGERS data (e); compared to results after calibration: PROSPECT LUT (b) LOPEX93 (d); 
and ANGERS (f). 
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EnMAP). The resulting maps show that all three variables were derived with appropriate 
plausibility (Figure 4.6a, b, c (left)). Due to the small GSD of 5.3 m, which was maintained 
from the airborne campaign and was not converted to EnMAP 30 m spatial resolution, the 
results adequately reflect within-field heterogeneities attributable to expositional and/or soil 
related site factors as well as to row sowing structure of the fields. Furthermore, fine cross-
field variations of the mapped contents can be identified. As it can also be recognized in the 
probability density histograms, high contents indicate lush green cereal crops (mostly winter 
wheat and winter barley), as typically present in this region at the end of May. Also, many 
fields are still barely vegetated (corn and sugar beet). Yet, the retrieval models succeeded 
in discerning bare soil from recently sprouted crops, notable as fine lines of low particular 
contents in these fields. 

 

 
Figure 4.6: Mapping results and relative uncertainties (CV) for Carea (a), AGBdry (b), and AGBfesh (c) 
with spatial probability density distributions applying established GPR-Carea and GPR-Biomass 
models on EnMAP resampled AVIRIS-NG imagery of Irlbach site from 30th May 2021. 

Relative uncertainties are presented in Figure 4.6a, b, c (right). Uncertainties for green 
fields were consistently low (< 40%, yellow colored), and low uncertainties of unambiguously 
identified bare soil pixels illustrate the importance of adding bare soil spectra to the training 
database. High degrees of relative uncertainty (> 50%, red to > 100%, blue colored) mostly 
occurred in scarcely vegetated areas where, nonetheless, absolute contents were correctly 
recognized as low. However, high uncertainties prevailed in areas which spectrally were not 
considered by the training database, such as anthropogenic structures and forests. 

Comparison of pixel-based estimates and in situ measured quantities (Figure 4.7) shows 
that regarding the mean estimates, all three variables tended to be overestimated with 
nRMSEs for Carea = 29%, AGBdry = 25%, and AGBfresh = 36%. However, considering that 
biomass measurements of winter wheat at similar growth stages feature such large variations 
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agricultural area using airborne hyperspectral imagery. 
Provided relative uncertainties add information about GPR model internal stability 

and confidence, as demonstrated in Figure 4.6a, b, c (right). The consistent low uncertainties 
for green fields indicate a high degree of model reliability for cultivated areas during phases 
of active growth at canopy closure. Also, the obtained plausible low contents and low 
uncertainties for bare soil pixels that were returned by the models illustrate the importance 
of adding bare soil spectra to the training database. Note that adding bare soil spectra 
directly from the considered imagery may reduce transferability to other observations. 
However, preliminary mapping tests without consideration of bare soil spectra led to 
overestimated quantities with high uncertainties at bare soil locations. Anthropogenically 
influenced and forested areas provided lower confidence, i.e. higher uncertainty estimates, 
since these areas were not included by the training database, which was generated using 
PROSAIL-PRO assuming uniform turbid medium plant canopies (Berger et al. 2018d). 

Given the high confidence of these maps, in principle they can be further used within 
prognostic models for the simulation of terrestrial carbon fluxes. These models may strongly 
be supported by assimilating observational information, such as plant carbon content, 
resulting in reduced uncertainty of carbon balance simulations. Ingesting the spatial and 
temporal dynamics, which are contained in Earth Observation data into prognostic models, 
can provide a better understanding of the terrestrial carbon sinks. Results of these models 
then may contribute to efficient management strategies, such as in agriculture, to mitigate 
climate change and related severe effects to the environment (Kaminski et al. 2012). Future 
operational retrieval schemes can build upon the proposed workflow to monitor plant carbon 
content relevant for multiple topics in cropping systems. These include for instance 
improved knowledge about the potential of carbon farming, i.e. soil carbon sequestration 
methods as a negative emission strategy (Paustian et al. 2019; Jansson et al. 2021). 
Dry biomass, also known as lignocellulosic biomass, further provides opportunities for 
production of renewable liquid fuels (Welker et al. 2015). Hereby, thermochemical 
conversion can be used as an efficient method to convert biomass into biofuels (Zhang and 
Zhang 2019). Since lignocellulosic material for biofuel and biochemical production may 
reduce CO2 emissions (Stigka et al. 2014), the spatio-temporal mapping over vast 
agricultural regions supports activities towards climate change mitigation. 

4.4.3 Opportunities and Challenges for the EnMAP mission 
This work was carried out within the activities of the hyperspectral EnMAP mission 

preparation for agricultural applications (Hank et al. 2019; Danner et al. 2021). The German 
hyperspectral mission has been prepared for many years until final launch on 1st April 2022. 
From experience with prior hyperspectral sensors, such as Hyperion installed on NASA’s 
EarthObserver-1 satellite, the signal-to-noise ratio (SNR) is of overriding importance for the 
usability of hyperspectral data. The development time of the EnMAP instrument therefore 
was repeatedly extended to ensure that EnMAP will be able to provide high-quality 
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measurements from space, for instance due to excellent SNR. In addition, for many 
environmental scientific and commercial applications, repeated observations of the same 
point on the Earth’s surface are crucial, requiring a mobile platform and stable geometry, 
which is also provided by the mission. Since the AVIRIS-NG imagery was spectrally 
resampled to EnMAP, we essentially present the first canopy carbon content and 
aboveground biomass maps as they can also be realized with the hyperspectral precursor. 
EnMAP also provides great opportunities due to its similarity with the PRISMA sensor. 
The joint observation capabilities of both instruments can increase the density of time series, 
which are dearly needed for agriculturally relevant products (Salinero-Delgado et al. 2021). 
The combined use of PRISMA and EnMAP data will be particularly advantageous for 
agricultural studies preparing future operational missions, such as CHIME (Verrelst et al. 
2021a; Verrelst et al. 2021b; Candiani et al. 2022), which may provide further validation of 
the proposed workflow. 

4.5 Conclusions 

Hybrid modeling approaches have become a cornerstone for solving inference problems 
from Earth observation data due to their synergistic use of physical, expert and domain 
knowledge of mechanistic models, combined with the high flexibility, accuracy and 
consistency from machine learning algorithms. In our study, we explored such a hybrid 
design for deriving carbon and biomass content of croplands, succeeding in high 
transferability of the established models. For this, we trained GPR algorithms over 
simulated datasets generated by the PROSAIL-PRO model, employing PCA and active 
learning heuristics tuned on in situ data of the German MNI test site. The established 
models were transferred to an EnMAP resampled AVIRIS-NG scene of a similar agricultural 
area, achieving high mapping accuracy but moderate validation performance over a limited 
field data set with nRMSE ranging from 25% to 36%. These results point towards the need 
of further model adaptations and optimizations exploring field data sets of a larger variety 
of crop types and growth stages. Monitoring carbon temporarily stored in vegetation by 
means of hyperspectral Earth Observation data will support carbon farming, aiming to 
enhance the removal of CO2 from the atmosphere through conversion of plant material and 
soil organic matter to soil organic carbon. 

We conclude that the suggested workflow presents an appealing path towards reliable 
mapping of plant carbon and cropland biomass by spaceborne imaging spectroscopy 
missions. We also anticipate that EnMAP data, along with complementary hyperspectral 
missions, will constitute a valuable and crucial source for the preparation of future 
operational missions providing high priority crop products for multiple research fields and 
applications. 
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5 CONCLUSIONS AND OUTLOOK 

This thesis demonstrates three different novel methods to derive agricultural relevant 
biophysical and biochemical variables from imaging spectroscopy data. These encompass 
canopy water content, chlorophyll and carotenoid content, as well as dry and fresh biomass 
and carbon content. All approaches follow a hybrid retrieval scheme as defined in chapter 
1.2.4. All are based on the PROSPECT or PROSAIL RTMs for calibration or training and 
in situ data and/or airborne spectrometric imagery for validation. In the following, the in 
chapter 1.3.1 formulated research questions will be answered based on the theoretical 
background, the obtained results and discussions in the three presented papers, and the 
experience of the author. 
 
Q1: Are PROSAIL-simulated databases suitable for both training and calibration of retrieval 
methods and what are the main sources of uncertainty?  

PROSAIL has become by far the most widely applied RTM for the estimation of 
biophysical and biochemical crop traits. Although this seems to be justified in view of 
satisfactory estimation results obtained, assumptions and simplifications made for the 
purpose of invertibility should always be considered as a source of uncertainty. Due to a 
continuous development and steady recalibration efforts, the number of considered leaf 
biochemical parameters in the leaf RTM PROSPECT increased from n = 3 in 1990 to n = 9 
in 2021 which largely promoted the model's ability to reproduce radiative transfer in leaves 
and enabled, e.g., the first-time quantitative retrieval of crop carbon content (paper III). 
Using PROSAIL for the development of methods, a high degree of uncertainty is introduced 
in the transition from leaf to canopy level using 4SAIL, assuming a horizontally 
homogeneous canopy, which may not be valid for complex canopy architectures. 
Nonetheless, this simple 1-D turbid medium assumption may be difficult to improve prior 
to the claim of model invertibility. One possible improvement may be a more elaborated 
handling of soil background by either including a specific soil model or by including soil 
spectra observed in the study area into the calibration or training database. 

Another fundamental issue are unrealistic parameter combinations that may occur in 
databases created with PROSAIL. Proposed strategies comprise physiological constraints, 
as realized in this thesis, for instance by applying plausibility checks by means of the Ccx-
Cab-relationship and green peak verification (paper II), or the CBC > Cp condition 
(paper III). A generally valid approach to allow only realistic combinations to be simulated 
would be highly desirable but seems to be almost impossible to realize in view of highly 
nonlinear parameter interrelationships and edge cases (e.g., senescence). Another promising 
strategy is the application of AL heuristics, as demonstrated in paper III with an effective 
reduction of redundancy in the training samples. While these techniques, so far have only 
been applied in combination with ML approaches, implementing AL methods to reduce the 
number of potentially unrealistic spectra may also be beneficial as a preprocessing step 
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before calibration of parametric approaches. 
Q2: Can RTM-calibrated parametric methods compete with nonparametric nonlinear ML 
approaches in terms of retrieval performance, and in view of general applicability and 
transferability? 
State-of-the-art hybrid ML approaches, such as the one presented in paper III of this thesis, 
are anticipated as a highly promising approach for solving inference problems from 
hyperspectral Earth observation data due to their synergistic use of physically-based models 
and the high flexibility, accuracy and consistency of nonlinear nonparametric methods. For 
this reason, optimized ML approaches will be indispensable toward reliable mapping of crop 
traits from spectrometric imagery of the EnMAP mission and other upcoming spaceborne 
hyperspectral sensors. However, although uncertainty intervals, as provided by GPR, 
support the interpretation of results, complete insight into detailed mechanisms of the 
methodology cannot be obtained. In contrast, this is very much the case for the methods 
presented in paper I and II whose mechanisms are well describable and interpretable. This 
transparency led to important findings, such as, the limited detectability of water due to 
the limited radiation penetration depth in conjunction with the canopy architecture 
(paper I) or possible inadmissible green peaks as simulated by PROSAIL that were only 
detected due to unrealistic results that occurred during the development of the SIR 
algorithm (paper II). Also, transferability and general applicability have been demonstrated 
for the parametric methods, but final validation is needed based on consistent spaceborne 
observations as will be available with EnMAP data. Incidentally, advanced indices that 
make full use of the available hyperspectral information such as 3-segment SIR may also be 
used in future studies as physics-aware dimensionality reduced input for ML algorithms to 
either improve estimations or to serve as endmember for crop type discrimination when 
additional time series information is available. Available detailed crop type information may 
then also add to improved crop type specific water content estimations by specifically setting 
the calibration factor in the Beer-Lambert law inversion scheme. 

 
Q3: How meaningful is the validation of retrieval methods based on limited in situ 
measurements with varying levels of differentiation? 
All presented methods in this thesis were validated and checked for plausibility on various 
in situ datasets. These comprise the MNI dataset, spanning four full seasons of spectrometer 
and variable measurements of diverse crops and various airborne spectrometric imagery of 
the HyMAP, AVIRIS, and AVIRIS-NG sensors. For some flight campaigns also crop traits 
ground measurements were available, such as from the 2003 ESA SPARC campaign and 
from the 2021 ESA Hypersense Campaign. The validation of quantitative model-based 
estimations is crucial to evaluate and improve their performance in terms of the underlying 
assumptions, model parameterizations, and input data. When validation of retrieval 
methods is performed, the level of measured variable differentiation is of outmost 
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importance. For instance, destructive separate leaf, stalk, and fruit aboveground biomass-
based water content and carbon measurements as obtained in the MNI and Hypersense 
campaigns provided accurate information about water and carbon detectability in grain 
and/or corn canopies. This kind of measurements are very labor intensive and thus measured 
crop variability is limited. On the other hand, as was rarely so successfully achieved like in 
the SPARC 2003 campaign, a field team can manage measuring biochemical variables on 
leaf level for many crop types during one day of fieldwork. These leaf measurements can 
then be upscaled to canopy level using LAI data. Hence, captured variability is high but 
crop type specific information content is low due to erroneous LAI upscaling as discussed in 
paper I. Nevertheless, a high captured crop variability supports the evaluation of model 
performance which is commonly performed using regression analysis. When collecting more 
accurate destructive measurements, this necessary data variability can only be obtained by 
laborious repeated temporal samplings over the whole growth cycle at study sites with short 
access routes such as the LMU MNI site. Although many field spectrometer measurements 
were performed, scaling issues (e.g., BRDF-effects) between proximal sensing and remote 
sensing by airborne or spaceborne measurements could not be addressed. Provided that 
campaigns such as the MNI campaign are continued when EnMAP data is available, 
datasets comprising both temporal and species variability may form an essential basis for a 
final validation of the methods presented in this thesis. It should be noted that PRISMA 
data could not be used for an effective validation of the methods due to severe artefacts in 
the VNIR region of the atmospherically corrected reflectance product.  

 
Q4: What are the opportunities that arise for agricultural monitoring from the soon-to-be-
available EnMAP data streams and which developments are to be expected regarding future 
imaging spectroscopy missions? 
Once the EnMAP mission will leave commissioning phase, acquisitions can be scheduled 
and in situ data collection can be aligned with EnMAP overflights. Provided that the 
reflectance product is of high quality regarding atmospheric correction and geolocalization, 
the presented models are ready to be applied and can be subjected to validation under 
consistent spaceborne acquisition conditions. With these models, fast mapping of canopy 
chlorophyll, carotenoid, and water content, as well as biomass and carbon content will be 
possible for cultivated areas from 30 × 30 km EnMAP scenes at 30 m spatial resolution. 
Nonetheless, EnMAP as a scientific precursor mission will only be the beginning of 
spaceborne imaging spectroscopy. Further missions are planned and eventually the field of 
hyperspectral Earth observation will evolve toward Global Spectroscopy as proposed by 
Schaepman (2019; personal communication with Rast, M., August 8, 2022). To be useful 
for future practical farming, the derived high-level products may be incorporated into 
decision support systems for fertilization or irrigation planning, yield estimation, or 
estimation of the soil carbon sequestration potential.  
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Furthermore, synergies between hyperspectral and other systems may be explored. 
Insights gained from EnMAP data may contribute to the incorporation of important spectral 
regions for agricultural monitoring into next generation multispectral sensors with higher 
spatial resolutions or provide information about a best trade-off setup between contiguous 
spectral coverage and high spatial resolution of future sensors. 

In this spirit I will conclude with the words,  
"The methods are prepared and now we wait for data to be available." 
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APPENDIX 

APPENDIX A: Author's Tools in the EnMAP-Box Agricultural Applications 

  
Appendix A.1: The Interactive Red Edge 
Inflection Point (iREIP) tool. The user can 
optimize the REIP detection by an example 
vegetation spectrum from the image before 
image processing. It also allows the saving of 
1st and 2nd spectral derivatives. 

Appendix A.2: The Analyze Spectral 
Integral (ASI) tool. The user can select 
wavelength boundaries manually for integral 
calculation or use "Save 3-band"-mode for 
automatic separation of Cab, Ccx, and Cw 
absorption ranges. 

 

 

Appendix A.3: The Plant Water Retrieval 
(PWR) tool. It applies the retrieval method 
presented in paper I to extract the optically 
active water layer from the 970 nm water 
absorption feature. 

 

 


