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Abstract: Biogas production from energy crops by anaerobic digestion is becoming 
increasingly important. The amount of biogas that can be produced per unit of biomass is 
referred to as the biomethane potential (BMP). For energy crops, the BMP varies among 
varieties and with crop state during the vegetation period. Traditional ways of analytical 
BMP determination are based on fermentation trials and require a minimum of 30 days. 
Here, we present a faster method for BMP retrievals using near infrared spectroscopy and 
partial least square regression (PLSR). PLSR prediction models were developed based on 
two different sets of spectral reflectance data: (i) laboratory spectra of silage samples and 
(ii) airborne imaging spectra (HyMap) of maize canopies under field (in situ) conditions. 
Biomass was sampled from 35 plots covering different maize varieties and the BMP was 
determined as BMP per mass (BMPFM, Nm3 biogas/t fresh matter (Nm3/t FM)) and BMP 
per area (BMParea, Nm3 biogas/ha (Nm3/ha)). We found that BMPFM significantly differs 
among maize varieties; it could be well retrieved from silage samples in the laboratory 
approach (Rcv

2 = 0.82, n = 35), especially at levels >190 Nm3/t. In the in situ approach 
PLSR prediction quality declined (Rcv

2 = 0.50, n = 20). BMParea, on the other hand, was 
found to be strongly correlated with total biomass, but could not be satisfactorily predicted 
using airborne HyMap imaging data and PLSR.  
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1. Introduction 

Renewable energies attract more and more attention, since they address two major global problems: 
the acute increase in petrol price and the emission of carbon dioxide from fossil sources, one of the 
greenhouse gases (GHG) involved in climate change. The European Union (EU) directive on 
renewable energy [1] aims to enlarge the contribution of renewable energy sources to the total energy 
mix to up to 20%. Eurostat documented a gain of renewable energy in gross final energy consumption 
from 8.9% in 2006 to 10.3% in 2008 [2]. Among available renewable resources, the conversion of 
biomass into energy through the anaerobic digestion process has drastically increased in Europe [3]. In 
March 2007, EU leaders endorsed the Commission's roadmap on renewable energy and signed up to 
the energy plan of a 20% target for renewables in the EU's overall energy mix by 2020.  

Bioenergy production is controversially discussed. During the global food crisis in 2008, prices for 
agricultural commodities increased dramatically, and the world public increasingly focused on energy 
crop production and related negative side effects. Especially in developing and newly industrializing 
countries often a mismatch in the usage of areas for food or bioenergy production can be observed, 
which gives rises to increasing costs for agricultural commodities, a loss in (semi-)natural areas, and a 
decrease in biodiversity [4,5]. Nevertheless, bioenergy production as renewable energy source is a 
valuable option to preserve fossil energy resources, as long as food production has priority and issues 
of nature conservation are adequately addressed. In the EU, biogas production from energy crops is 
increasingly important. Anaerobic digestion is a complex biological process through which organic 
polymers (polysaccharides, proteins, lipids) are degraded into biogas, the end product (reviewed 
by: [6–10]). Biogas is mostly composed of methane (CH4) and carbon dioxide (CO2) and trace 
compounds such as H2S, NH3, H2O, and H2 and can be converted into renewable energy (in Combined 
Heat and Power (CHP) units or by injection into the gas grid) and climate-neutral CO2. In addition, the 
process by-product, namely the digestate (the undigested matter), is a mineral fertilizer substitute of 
excellent agronomic value, since it contains all the nutrients required for crop production [11,12]. 

The total biomass alone does not provide information about the total amount of energy that can be 
derived from the plants through anaerobic digestion, since this rather requires knowledge about 
substrate quality, its digestibility and the expected kinetics of its degradation during the anaerobic 
digestion process [8,9]. 

Biomethanation reactors have to be managed in a way that prevents acidosis (a microbial 
dysfunction caused by a drop of the pH well known to affect ruminal flora in dairy cattle, [12]), 
reduces feeding ration costs, maximizes methane production and profit, and prevents dysfunction. 
Therefore, for operators of biogas plants the true objective is to predict the substrate related BMP (and 
indirectly the digester performance). The conventional definition of the biomethane potential of an 
organic substrate is expressed as the normalized volume of methane produced per unit of organic total 
solid [14]. However, for the in situ approach presented in this study the biomethane potential (BMP) 
had to be related (a) to the field area (BMParea) and (b) to the fresh biomass (BMPFM). The BMParea (in 
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units normal m3 biogas per hectare, Nm3/ha) strongly depends on total available biomass, whereas the 
substrate related potential, BMPFM (in units normal m3 biogas per ton fresh matter, Nm3/t FM) rather 
relies on dry matter content and substrate composition. A normal cubic meter (Nm3) is the metric 
expression of gas volume at standard conditions, and it is defined as being measured at 0 °C and 1 
atmosphere (1,013 mbars) of pressure. 

Anaerobic digestion is described in several phases involving four major groups of facultative or 
strict anaerobic microorganisms (hydrolyzing microorganisms, acidogenic bacteria, acetogenic 
bacteria, and methanogens) [8,9]: The production of CH4 depends on the composition of the organic 
matter; lipids, for instance, produce more CH4 than proteins and carbohydrates [8,9,15,16], and the 
chemical composition of crops significantly changes over time [17]. Thus, the BMPFM varies among 
substrates between and within different plant species [14]. 

Determination of BMPFM is usually carried out through substrate analysis that typically requires a 
digestion test elapsing over a minimum of 30 days using traditional laboratory methods [18] that rely on 
anaerobic digestion. This strongly restricts the number of substrate samples that can be analyzed and 
hinders to map the BMPFM in spatially distributed regionalized assessments. Recently, Mayer et al. [14] 
suggested near infrared spectroscopy (NIRS) as an alternative technique to determine the BMPFM. 
NIRS is widely used in feed and food quality monitoring [19–26] and is accepted since many years as 
routine method for determining forage quality parameters of various crops. In the bioenergy sector 
NIRS has been applied to estimate sulphur content in biodiesel [27], for predicting digestibility of 
maize silage [28–30] and fermentation parameters of silages [31], and for the assessment of in situ 
degradability parameters of crude protein and dry matter characteristics [32,33].  

Hyperspectral remote sensing allows transferring NIRS method from the laboratory to in situ 
conditions. This provides the possibility to derive spatially explicit information of energy crops on 
local and regional scales using airborne hyperspectral imaging systems such as HyMap [34] 
or APEX [35]. 

The present study addresses the following research questions: 

(1) Is a spectroscopic method in combination with a multivariate statistical model a reliable 
alternative to classical analytical approaches using micro-digestion for BMPFM estimation of 
different maize varieties in the laboratory? 

(2) Can the laboratory spectroscopic approach be adopted towards in situ conditions to allow a 
regionalized BMPFM assessment of maize crops based on airborne hyperspectral imaging 
data (HyMap)? 

(3) Can also the BMParea be retrieved from HyMap data that strongly relies on above ground biomass?  

The study area is located in Luxembourg and covers an area of ~80 km2, which is characterized by 
different soil types and maize varieties. Potentials and limitations of the suggested approach are discussed. 

2. Study Site and Methods 

2.1. Study Site 

The study site of the 2010 field campaign is located northwestern of the city of Luxembourg 
(Figure 1). The sampling sites are orientated along the HyMap flight line from the small villages 
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Kehlen (49.67°N, 6.04°E) in the southeast to Useldange (49.768°N, 5.99°E) and Everlange 49.772°N, 
5.96°E) in the north of the strip. Agriculture and forests dominate the land-use in the area. The terrain 
elevation varies from 367 m above sea level at Kehlen in the South, to 250 m at Useldange in the 
North (Figure 1). 

Figure 1. Sampling sites and HyMap image stripe 2010. 

 

2.2. Methods 

2.2.1. Acquisition of Airborne Hyperspectral HyMap Imaging Data 

An overflight of the hyperspectral HyMap imaging sensor took place on 20 August 2010, 
approximately six weeks before the harvest date. The flight planning of the data provider did not allow 
capturing image data closer to the time of harvest. This caused a certain limitation for this study, as the 
maximum BMP levels of maize crops were not achieved at that time. HyMap provides 128 spectral 
bands across the reflective solar wavelength region (0.45–2.5 um) with bandwidths between 15 and 
20 nm. According to the manufacturer the signal to noise ratio is >500:1 [34]. Geometrical and 
radiometrical corrections of the hyperspectral imagedata were carried out by the data provider, the 
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German Aerospace Center (DLR). Geometric correction of the data was performed by means of direct 
georeferencing (i.e., direct measurements of the position and orientation of the sensor using differential 
GPS and Inertial Navigation System data) over a digital elevation model. The output grid contains 
position and viewing geometry parameters needed for the atmospheric correction. Atmospheric 
influences on radiances were then removed with the MODTRAN4 radiative transfer code [36]. 
Visibility and water vapor parameters of MODTRAN4 were estimated from the image itself using 
methods of Richter et al. [37] and Rodger and Lynch [38].  

2.2.2. Field Campaign 

The HyMap overflight was accompanied by an extended field campaign to collect reference data for 
the laboratory and in situ approach. The Administration des Services Techniques de l’Agriculture 
(ASTA, Luxembourg) has established two field trials within the HyMap flight line with different maize 
varieties. Additional maize fields within the flight line were provided by another agricultural 
organization in Luxembourg, the “CONVIS Herdbuch Service Elevage et Génétique”. Twenty sub-plots 
within these fields were chosen as reference for statistical analysis in the in situ approach, resulting in a 
broad range of biomethane potentials. Within each field sampling plots of 4 × 4 m2 were selected, 
according to the spatial resolution of HyMap. All sampling sites were geo-located through differential 
GPS (Trimble GeoXT GPS receiver with GeoBeacon) to enable their identification in the HyMap 
images. Analytical variables that were measured include leaf chlorophyll content, total biomass, BMPFM 
and BMParea. Total above ground biomass of each sub-plot was determined by shredding and weighting 
the whole maize plants using a self-propelled maize harvester (HALDRUP M-65, Inotec Engineering 
GmbH). BMPFM, and BMParea were determined after anaerobic digestion. 

Table 1. Maize varieties considered in the study and number of available samples in the 
laboratory and in situ (HyMap) approaches. 

Variety Laboratory (Bruker MPA, FieldSpec 3MAX) In situ (HyMap) 
Unknown 15 14 

P9578 2 2 
INTENTION 1 1 

HR 3400 1 1 
FERNANDEZ 1 1 

Piazza 2  
Seiddi CS 2  
Atletico 4 1 
Graphic 1  

0808HYB 1  
Franki CS 1  

Aapple 2  
0945HYB 1  
Lucatoni 1  

 35 20 
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For the laboratory approach the number of BMPFM reference samples could be increased by adding 15 
additional (ensiled and vacuum packed)) silage maize samples to the calibration set that were already 
collected in October 2009 from other ASTA fields. This resulted in total in 35 calibration samples. 
Table 1 shows the maize varieties that were considered in the calibration set. Fifteen samples belong to 
unknown maize varieties. 

2.2.3. Anaerobic Digestion 

For BMPFM determination the collected biomass samples were homogenized by shredding (1–2 cm 
particle size) and processed as silage until the substrate was stabilized through lactic fermentation (in 
about six weeks). Anaerobic digestion trials to determine the BMPFM were carried out in three 
replicates in accordance with VDI (“Verein deutscher Ingenieure”) 4630 [39] and DIN (“Deutsche 
Industrie-Norm”) 38414 [40], that constitute German industrial analytical standards. The silage was 
filled into reactors of 2 liters total capacity filled with an inoculum (originating from a wastewater 
treatment plant) for anaerobic digestion. The total digestion process elapsed over 40 days. BMParea was 
calculated by multiplying the BMPFM with the fresh weight of the above ground biomass per hectare: 

]/[]/[]/[ 33 hat biomasstNmBMPhaNmBMP FMarea ⋅=  (1)

2.2.4. Spectrometry and Partial least Square Regression 

Two spectrometers were used for spectral BMPFM estimation in the laboratory: The Bruker MPA 
and the ASD FieldSpec 3MAX. The Bruker MPA records reflectance in the NIR and SWIR spectral 
range (1,000–2,700 nm) at a mean spectral resolution of 2.15 nm. It uses an Integrating Sphere and an 
InGaAs detector. With this spectrometer, the silage samples were scanned in the spinning mode, 
covering a sample area of about 38 cm2. The ASD FieldSpec 3MAX records reflectance with a 
spectral range from 400 to 2,500 nm and a sampling interval of 1.4 nm between 350 and 1,000 nm 
(using a 512 element Si-photodiode) and 2 nm between 1,000 nm and 2,500 nm (using a TE-cooled 
InGaAs-photodiode). Its spectral resolution is coarser compared to the Bruker MPA (3 nm FWHM 
(Full-Width Half-Maximum) @ 700 nm; 10 nm FWHM @ 1,400 nm; 10 nm FWHM @ 2,100 nm). 
The portable ASD instrument was included in the laboratory study for comparative purposes only, as it 
is widely used in the remote sensing community for in situ ground truth reflectance measurements. 
Unfortunately, the FieldSpec 3MAX was not available in the field campaign to capture above canopy 
reflectance data for a direct comparison with respective HyMap spectra. Figure 2 shows the difference 
in the spectral response of a maize silage sample (measured in the laboratory using the FieldSpec 
3MAX and Bruker MPA) and the airborne above canopy signal (using the HyMap sensor). The 
reflectance curves of silage and fresh vegetation mostly differ in the VIS and NIR spectral regions. 
This is due to the decomposition of pigments during the silage process, especially the transformation 
of chlorophyll into phaeophytines, chlorophyllides, and phaeophorbides [41]. Furthermore, the 
destruction of cell structure alters the absorption along the NIR-plateau and modifies the shape of the 
red edge spectral region compared to healthy plant material. The main pigment in silage is 
phaeophytin, a derivative of chlorophyll that lacks a central Mg2+ ion. It is produced from chlorophyll 
through treatment with weak acids during fermentation in the silo [42].  
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Figure 2. Comparison of the spectra of the three spectrometers. ASD FieldSpec 3MAX 
(green dotted) and Bruker MPA (red dotted) spectra of one selected maize silage sample 
and an above canopy (airborne) HyMap reflectance curve for maize of August 2010 (blue). 

 

The recorded silage reflectance in the NIR and SWIR spectral region was found to be 
systematically higher for the Bruker MPA compared to the ASD FieldSpec instrument. To eliminate 
such baseline effects and to pronounce subtle absorption features, a Savitzky-Goley filter was used to 
convert all reflectance data collected in the laboratory into first derivative spectra. PLSR performed 
better using normalized derivative spectra. To this end vector normalization was applied to ensure that 
the length of all vectors (first derivative spectra) equals one (the unit length): 

|||| v
vvnorm =  (2)

with:  v = vector (spectrum), 
 vnorm = normalized vector, 

|||| v  = Length of the vector. 

The spectral signature of the silage was captured before digestion using both spectrometers. The 
PLSR module of the project-R statistical software package was used to regress the spectral data against 
the analytical BMP reference data. PLSR can be understood as an extension of multiple linear 
regression and principal component regression, as it aims to maximize the covariance between the 
spectral matrix (X) and response variables (Y) by accomplishing Eigen-decomposition of both 
matrices [43]. Leave-one-out cross-validation (CV) was used to test the predictive performance of the 
model and to identify a reasonable number of latent variables that provides good model generalization 
properties. Due to the unfavorable relation between the quantity of spectral points in the reflectance 
data and number of reference samples (35), it was observed that PLSR models tended to overfit. To 
remove unnecessary spectral information wavelengths with rank correlation coefficients <0.3 between 
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the spectral response variable and BMP reference data were excluded from the  analysis. This 
threshold was also identified by leave-one-out cross-validation by systematically testing PLSR with 
different thresholds within the [0, 1] range. 

 BMP estimations in the in situ approach are based on above canopy reflectance and not from silage 
reflectance. Related spectral data in the HyMap image were selected from the closest possible distance 
to the differential GPS sampling points (biomass samples).  

Since in the in situ approach the available calibration data set (n = 20) was rather small in 
comparison to the laboratory setup (n = 35), in addition Monte-Carlo simulations were carried out to 
assess the impact of different subsets on the model quality. To this end 200 times random training 
sample sets (n = 15) were selected from the available (in situ) reference data, following PLSR model 
calibrations for BMPFM and BMParea prediction and leave-one-out cross-validation. The multiple 
Pearson correlation coefficients were used to evaluate the predictions from each model. 

3. Results 

Table 2 depicts the correlation matrix among the considered variables. Obviously BMPFM and 
BMParea are not correlated with each other (r = 0.03), as both measures represent different information. 
As expected BMParea, which is the methane yield per hectare, is mainly determined by variations in 
total available biomass (fresh matter, r = 0.97). Thus, total above ground biomass of maize is an 
adequate proxy for BMParea. In contrast the BMPFM is not correlated with total biomass (r = 0.06). This 
energy potential is expressed per unit weight biomass and is rather determined by substrate specific 
biochemical properties, such as lipids, proteins, and carbohydrates, and the dry matter content [8,9]. 

Table 2. Correlation matrix of maize sample characteristics in the in situ approach 
(samples of locations that were covered by HyMap data, n = 20). 

 Biomass (t/ha) BMPFM (Nm3/t FM) BMParea (Nm3/ha) 
Biomass (t/ha)  1.00**   
BMPFM (Nm3/t FM) 0.06 1.00**  
BMParea (Nm3/ha] 0.97** 0.03 1.00** 

** Significant at 95% confidence level. 

3.1. Spectral BMPFM Estimation at Laboratory Scale 

An ASD FieldSpec example first derivative spectrum is shown for one selected maize silage sample 
in Figure 3. 

Most distinct features in the first derivative spectra are the red edge spectral region between 0.7 and 0.8 
µm and the water absorption bands around 1.2 µm, 1.4 µm and 1.9 µm. The water bands are also clearly 
visible in the loading and regression vectors from the BMPFM -PLSR prediction models (Figure 4). 
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Figure 3. Vector-normalized example first derivates spectrum of the ASD FieldSpec 
3MAX of a maize silage sample. 

 

Figure 4. (Right) First two latent PLS loading vectors and explained variance using 
Bruker MPA spectra for BMPFM prediction. The loadings represent the correlation between 
a latent PLS variable and spectral information. (Left) corresponding PLSR regression 
vector, which represents the weights that PLSR assigns to each wavelength for 
BMPFM prediction. 

 

In the laboratory approach two PLSR models for BMPFM estimations were calibrated using the 
Bruker MPA and the FieldSpec 3MAX normalized first derivative spectra. The loading plot of the 
respective Bruker MPA based PLSR prediction model is shown in Figure 4 and demonstrates that the 
first PLSR factor already explains the majority of the total variability of both, the independent 
variables X (the normalized derivative spectra, 95.9% explained variability) and the dependent 
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variable Y (the BMPFM, 70% explained variability). The final cross-validated PLSR prediction model 
comprised 10 latent variables.  

Cross-validated BMPFM estimates are reliable using Bruker MPA spectra (r2
cv = 0.82, n = 35, 

Figure 5) and confirm the potential of the spectroscopic method as a promising alternative to costly 
micro-digestion. Figure 5 suggests a linear relationship in estimated and analyzed BMPFM values both 
between and within the considered maize varieties, but there appears a distinct variability at lower 
BMPFM levels between 120 and 190 (Nm3/t FM). The total BMPFM range of the considered maize 
samples comprised 120 to 280 (Nm3/t FM). The former sub-group solely represents the reference 
samples that were collected during the HyMap campaign in August 2010. The comparably low BMPFM 
levels in this group can be explained by the early field campaign approximately six weeks before 
harvest date. In the mature crop state the BMPFM is higher (>190 Nm3/t FM) and driven by an 
increasing dry matter fraction of the total above ground biomass. 

Figure 5. Crossvalidated (CV) results for BMP (Nm3/t FM) estimation using ASD 
FieldSpec 3MAX spectral data (full spectral range). (Left) shows the results for the full 
calibration set (n = 35); (Right) depicts BMPFM predictions after presenting group 
averaged spectra (n = 14) to this model. 

 

When group (variety) averaged derivative spectra are presented to the calibrated PLSR model 
(Figure 6), the explained variance increases (R2

cv = 0.92). This suggests that the between-variety 
variance is better captured by the model than within group variability, although there is evidence from 
Figure 6(left) that also within several varieties a statistical relationship between BMPFM and spectral 
response exists. 

Figure 5(left) shows crossvalidated BMPFM predictions using the PLSR model that was calibrated 
with ASD FieldSpec 3MAX data, that cover the full VIS/NIR/SWIR range. The related model 
comprised nine latent PLS factors in total. 

Obviously, FieldSpec 3MAX based BMPFM estimates are not as reliable as those obtained with the 
Bruker MPA instrument, despite the broader wavelength range of the ASD spectrometer. The 
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explained variability in the analyzed BMPFM-values (R2

cv = 0.62) is less compared to the Bruker MPA 
based model and the root mean squared error of prediction (RMSEP) is larger (11.81 (Nm3/t FM) for 
the Bruker MPA and 24.24 (Nm3/t FM) for the ASD FieldSpec, respectively). The BMPFM prediction 
accuracy significantly improves when group mean averaged FieldSpec 3spectra are presented to the 
related model (R2

cv = 0.78, Figure 6(right)). This suggests that also in this case the model is mainly 
driven by spectral differences between maize varieties. A distinct scattering in the BMPFM estimates 
within the different maize varieties is obvious in Figure 5, too. 

Figure 6. Crossvalidated (CV) results for BMPFM (Nm3/t FM) estimation using Bruker 
MPA spectral data and PLSR. The left figure shows the results for the full calibration set 
(n = 35); the right figure depicts BMPFM predictions after presenting group averaged 
spectra (n = 14) to this model. 

 

3.2. Remote Sensing Based BMPFM Assessment 

The aim of the in situ approach was the retrieval of the biomethane potential directly from above 
canopy reflectance (compare Figure 2) using of airborne HyMap data, instead of using maize silage 
spectra. A drawback in this approach was that here only a sub-sample from the calibration set of the 
laboratory approach was available for model calibration (n = 20) with rather small corresponding 
BMPFM values (<190 (Nm3/t FM)). 

Figure 7 depicts crossvalidated PLSR estimations for BMPFM (left) and BMParea (right). Obviously, 
there exists a linear statistical relationship between HyMap spectra and the biomethane potential 
(R2

cv = 0.52 for BMPFM and R2
cv = 0.23 for BMParea); however, calibration errors are larger compared to 

the lab results and results for BMParea are poor. The low BMPFM levels in the calibration data set could 
be identified as major reason for the lower prediction accuracies: a PLSR-model calibrated with the 
same subset of 20 samples but using Bruker MPA spectra results in even worse BMPFM estimates 
(R2

cv = 0.34). Also the smaller calibration set (n = 20) in comparison with the lab approach (n = 35) 
contributes to the standard error of the regression coefficients. 
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Figure 7. Crossvalidated (CV) BMPFM (left) and BMParea (Nm3/ha) (right) estimations 
using airborne hyperspectral HyMap imaging data. 

  

To assess in more detail, Monte-Carlo simulations were carried out. Figure 8 depicts the 
corresponding Rcv-histograms derived from each prediction model, which both are broadly and 
unimodally shaped. The respective Rcv-values range from 0.1 to 0.9 and thus clearly demonstrate a 
strong influence of the training data set composition on PLSR model quality. On the other hand, the 
Rcv-majority classes for BMPFM (Rcv = 0.6–0.7) and BMParea (Rcv = 0.4–0.5) correspond as expected 
well with the PLSR-model results shown in Figure 7 that are based on all available reference data in 
the in situ approach (n = 20). 

Figure 8. Monte-Carlo simulation to estimate BMPFM (left) and BMParea (right) from 
HyMap reflectance data using a limited training data set: 200 times subsamples (n = 15) 
were randomly selected from the total available reference data set in the in situ approach 
(n = 20) to assess the variability in the prediction accuracy (represented by cross-validated 
Pearson correlation coefficients). 
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Figure 9 shows a map with spatially distributed BMPFM estimates for maize fields in the study area 
after presenting the calibrated PLSR model to the HyMap image data. Coordinates of maize fields 
were taken from the annual agricultural cadastral map (2010) published by the Luxembourg 
administration. Estimated BMPFM values vary between 40 and 170 (Nm3/t FM) and the respective 
histogram is unimodal but left skewed, with a modal class for BMPFM values around 150 (Nm3/t FM). 
The majority of maize fields within the HyMap flight line are characterized by BMPFM levels between 
130 and 160 (Nm3/t FM), which is in line with the range in the available calibration set. The small 
subset in Figure 9 shows the experimental ASTA test side near the village Kehlen from which the 
reference samples were taken in 2010 and that was characterized by a high variability of maize trials 
and varieties. 

Figure 9. Regionalized BMPFM estimation for maize fields in the study area using HyMap 
data (August 2010). 

 

No BMParea biomass map was created due to the poor prediction qualities of the respective 
PLSR-model. Also an attempt to retrieve total biomass of maize crops from the HyMap data resulted 
in poor PLSR-calibration statistics (R2

cv = 0.25). 

4. Discussion 

The results from the laboratory approach demonstrate that NIRS is a reliable alternative to classical 
BMPFM analysis [14,30], which does not rely on time consuming and expensive fermentation in 
micro-digesters, and that probably also works for other energy crops, such as rapeseed, miscanthus or 
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grassland. However, estimates in the in situ approach were of minor quality compared to the lab results 
(R2 = 0.51). 

The spectroscopic method uses indirect correlation between optically active biochemical properties 
(such as lignin, protein, cellulose etc.), which determines both BMPFM, and the spectral response of the 
substrate. Apart from the dry matter content is the composition of fibers among the key elements that 
determine the BMPFM of organic substrates from agricultural origin: Lignin is the indigestible fraction 
of the cell wall component of plants. On the contrary, cellulose and hemicellulose are completely 
digestible if not inserted with lignin bounds [18].  

BMPFM retrievals at laboratory scale were most successful using the Bruker MPA instrument 
(R2

cv = 0.82). The respective model was based on a rather small calibration set (n = 35), due to the time 
and costly fermentation trials using micro-digestion that hindered to collect more BMP reference data. 
For a profound NIRS calibration a larger calibration set will be necessary that takes into account more 
maize varieties and the full range of expected BMPFM data. 

The FieldSpec 3MAX instrument has been included in this study for comparative reasons only, 
since it represents a widely used reference for remote sensing applications. The prediction accuracy of 
the respective PLSR-model was lower compared to Bruker MPA based BMPFM estimates, despite of 
its broader available spectral wavelength range. This demonstrates that for BMP retrieval a high SNR 
and spectral resolution is more important than including the VIS spectral region in the analysis. A 
missing link in the present study was the non-availability of FieldSpec 3MAX spectra in the in situ 
approach to compare HyMap data with above canopy measurements in the field. This aspect will be 
addressed in a further study.  

There is evidence from both laboratory and in situ approaches (Figures 5 and 6) that the 
spectroscopic BMPFM determination works best at higher BMPFM levels > 180 (Nm3/t FM) and related 
high dry matter fractions of the total biomass at the time of harvest. Reference data in the in situ 
approach derived from a point in time approximately six weeks before harvest, and consequently the 
full BMPFM levels of the maize crops were not achieved, due to a lower dry matter content. There is 
evidence that the distinct variability in the dry matter contents at that time strongly affects the 
spectroscopic BMPFM predictions. Also in the laboratory approach the quality of the related PLSR 
model declined when only related silage spectra of the field campaign samples were used for model 
calibration. (R2 drops from 0.82 using the full calibration set to 0.34 using solely samples from the 
field campaign). The impact of variable dry matter contents on spectroscopic BMPFM predictions 
needs to be further evaluated, but it is known from the literature that lower methane yield at an earlier 
stage in the vegetation growth cycle goes along with lower dry matter contents [17]. This variability 
and not the fact that above canopy spectra were used instead of silage spectra explains the weaker 
performance of in situ PLSR models compared to the lab approach. 

Thus, it can be expected that in situ estimations will improve if hyperspectral remote sensing data 
closer to the date of harvest of maize crops are acquired, when both dry matter content and BMPFM are 
at the maximum [17]. The in situ model in this study represents rather BMPFM differences between 
maize varieties than within varieties. In 2010, 135 different maize varieties were grown up in 
Luxembourg (personal communication by ASTA, Luxembourg). In view of this variability it seems to 
be justified to suggest the presented method for the analysis of a spatial distributed BMPFM. 



Remote Sens. 2013, 5 268 
 

The assessment of the area-based, regionalized potential (BMParea) is only feasible at field conditions. 
In general, the strong positive correlation between BMParea and biomass (Figure 2(left)) allows 
estimating the former directly from the latter using a linear regression model. However, in the present 
study neither the retrieval of total biomass from HyMap data, nor a direct estimation of the BMParea from 
HyMap data (Rcv

2 = 0.23, RMSE = 801.76 Nm3/ha) was successful. The BMParea-model lacks from the 
tendency to overestimate measured BMParea at lower ranges (5,000–6,000 Nm3/ha), whereas BMParea at 
higher levels (8,000–9,000 Nm3/ha, compare Figure 9) are underestimated. Nevertheless, the strong 
correlation between BMParea and total biomass provides the opportunity to estimate this potential directly 
from total biomass, and in fact there exist many case studies, where biomass has been successfully 
retrieved from crops using remote sensing techniques (e.g., [44–46]). Alternative biomass (and thus 
BMParea) assessment approaches are based on crop modeling techniques and on the concept of the 
biomass potential. The biomass potential is either derived from production data combined with 
assumptions of percentage of residues from agricultural and forestry products, or from statistical data 
combined with assumptions of crop specific quantities of residue per area unit [47–50]. The biomass 
potential can be further divided into the theoretical total biomass potential, which is an estimate of the 
standing biomass based on calculation or measurement of the net primary productivity of a biome [51], 
and the technical biomass potential that is subject to the available technology (harvest, collection, 
amount of residues, etc.) [52,53]. On the other hand, deterministic crop growth models aim at estimating 
the total biomass amount as function of several abiotic factors (weather, soil type), farm management 
(soil tillage, planting density, sowing date, weeding intensity, fertilizer rates, crop protection against 
pests and diseases, harvest techniques, post-harvest losses, degree of mechanization), land development 
(field size, terracing, drainage, irrigation) and socio-economic drivers [54–57]. 

5. Conclusions 

The aim of this study was the retrieval of the biomethane potential using NIRS and hyperspectral 
remote sensing. The results underline the potential of the spectroscopic BMPFM method as a cheap and 
fast alternative to fermentation analysis in micro-digesters in the laboratory (R2

cv = 0.82), and 
demonstrate the potential of hyperspectral remote sensing for spatially distributed BMP retrievals (R2

cv 
= 0.47). There is evidence that the remote sensing method only works reliably close to the time of 
harvest, when the dry matter content is at its maximum and becomes less variable. Considering 
recent and forthcoming airborne and satellite based hyperspectral sensors, for instance the German 
EnMAP-mission, the method has the potential to provide stakeholders with a spatial estimation of the 
crop yield and the related BMPFM before harvesting energy crops. On the other hand near sensing 
techniques could profit from this method as well; spectrometers can be mounted on reaping machines 
to assess substrate quality and BMPFM of shredded plant material “on the fly”. The second goal of this 
study, the regional estimation of the BMParea of maize crops, could not be achieved (Rcv

2 = 0.23). The 
BMParea is closely related to the total biomass of energy crops, but only a weak correlation between 
HyMap- and above ground biomass data could be found (R2

cv = 0.25). This opens the opportunity for 
alternative techniques for regional biomass and thus also BMParea assessments, such as assimilation of 
remote sensing data in deterministic crop models to better represent spatial heterogeneity in such 
modeling approaches.  
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