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Oral Presentations 

Near infrared spectroscopy on agricultural forage harvesters 

Christian Paul 

c/o Federal Research Centre for Cultivated Plants (JKI), Institute for Crop and Soil Science, 
Bundesallee 50, D-38116 Braunschweig, Germany 

Introduction  
 
About ten to fifteen years ago a handful of researchers in the private and public sector, among 
them agricultural engineers, plant breeders, agronomists as well as spectroscopists, came to 
the conclusion that agricultural product analysis by means of NIR-spectrometers was a 
technical feasibility already during the harvesting process. The commercial relevance of this 
concept prompted them to tackle various approaches in keeping with their sphere of work, 
professional experience and interests.  
 
A formidable player in this group has been Jens Haldrup, owner and chief manager of J. 
Haldrup a/s from Logstor/Denmark. His company has an international reputation for 
producing specialised machinery for field trials with agricultural crop plants. Earlier than 
others Jens Haldrup had the foresight to dedicate a considerable part of his company’s 
research and development efforts into the “NIRS Harvest Line” innovations for forage and 
grain harvesters. He stood behind the world’s first commercially available system of this kind 
to be publicly demonstrated as early as in 1999. It represented a plot harvester with an 
integrated diode array NIR spectrometer for assessing the dry matter content of forage grass 
during actual harvesting. This capability has drawn an enormous attention from the plant 
breeding community which till today collaborates in private public partnership, such as the 
NIRS online user group NOFUG, to optimize the application of this technology in plant 
breeding and variety testing experiments.  
 
The following article is dedicated to Jens Haldrup and provides a short account of the 
development and testing of harvester based NIR measurements of forages such as grass and 
maize with special emphasis on sample presentation systems. 
 
A new field of NIR applications 
 
It should be borne in mind that laboratory NIR technology for the analysis of moisture, 
protein and other constituents in forage and grain began to spread after 1975. In these early 
NIR applications on agricultural goods, the sample material had to be dried and ground to 
provide granular particles for the measurement of diffuse reflection. Dramatic effects of 
sample dying and grinding on the resulting spectra lead to the impression that sample 
preparation for NIR analysis appeared to be much more intricate than for conventional “wet 
chemical” analysis. As NIR measurements on harvesters are incompatible with any such 
intense sample processing there seemed to be no way to advance NIR analysis from the 
laboratory to the harvester. Furthermore, the lack of shock-, dust- and water-proof NIR 
instruments, the reliance on capricious data bases and diverging opinions on optimal data 
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processing restricted NIR applications to the laboratory environment. Important steps to 
extend NIR use eventually to the field consisted in the development of NIR instrumentation 
with silicon based detectors for the analysis of whole grains and high moisture material such 
as forage and mathematical-statistical procedures for developing NIR equations for samples 
covering a range of moisture contents and particle sizes. A further breakthrough came with 
the successful development of suitable instrumentation for rough field conditions. In 
particular, compact permanently aligned, low cost InGaAs diode array spectrometers for the 
region between 950nm and 1650nm housed in dust and water proof bodies helped decisively. 
They tolerate mechanical shocks and cover a spectral range which seems almost ideal for 
natural product analysis by NIR.  

In the USA, the homeland of NIR technology, the introduction of yield testing on combine 
harvesters in 1995 acted as a trigger for an intensive search of potential harvester sensors for 
precision farmers. Grain moisture testing by capacitance probes had long been practiced. But 
the prospect of assessing a plurality of crop attributes with just one single NIR-sensor seemed 
much more attractive. So patents on the use of compact spectrophotometer systems 
incorporating either a charge coupled device (CCD) array or an InGaAs diode array were 
applied for in 1996/97. During that time the idea to supply an “on-the-go” protein sensor for 
combine harvesters to the farming industry even received assistance from the U.S. National 
Aeronautics and Space Administration (NASA). In this atmosphere of overheated scientific 
excitement, company managers sensed the commercial potential ahead and charged patent 
attorneys with the task to claim and ensure intellectual property rights in this matter. Instead 
of promoting technological developments, several of these activities in this field seem to have 
been impeded by debates on patents. A case in point for such an altogether sad project failure 
is provided by the US development of an NIR grain protein sensor for precision farming 
provide. Originally planned for large scale applications under the umbrella of the agricultural 
engineering giant CASE the plan collapsed despite previous pretentious public 
announcements. According to the motto “small is beautiful” the potential of NIR diode array 
spectrometers was also perceived by small research groups in Europe. They modestly aimed 
at extending the capabilities of experimental plot harvesters as plant breeding tools. Beginning 
with Pioneer HiBred International, Limagrain (in association with the Belgian Centre de 
Recherche Agronomique at Gembloux) and last not least Haldrup a/s (in commercial 
collaboration with DSV-Eurograss and NPZ Lembke and scientific association with the 
former Federal German Agricultural Research Center) the technology was moved ahead.  
 
Throughout this period of intense research and development on the integration of NIR-sensors 
into agricultural each individual team - like that around J. Haldrup a/s -had to answer 
numerous questions. Most of them concerned the design of the interface between sample and 
spectrometer. Is it best to arrest the sample for measurement, slow it down by forcing it over a 
conveyor belt or measure its individual particles at very high speed in full flight? What energy 
levels should be put into the optical system? Is diffuse reflection or diffuse transmission the 
best alternative? Will the construction engineer go for establishing a bypass in the harvester or 
should the total harvested throughput be measured in its usual channel? Furthermore, should 
the construction engineer consider to facilitate the task of calibrating and validating NIR 
sensors on harvesters by putting reliable mechanical sampling systems in place to physically 
take out subsamples at any time? This all boiled down to the fact that once the type of 
spectrometer and spectrometric data acquisition and processing routine had been decided on, 
the major challenge consisted in developing an optimised new sample presentation system for 
a particular harvester.  
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Sample presentation in forage grass and maize harvesters 
 
Within J.Haldrup a/s there were and still are two different harvester designs offered for 
harvesting grass/clover and maize. The plot harvester for forage grasses and legumes is 
designed for yield testing in forage plots of 1.4m width and allows part of the harvested 
forage to be bypassed through a chopper. The plot harvester for forage maize allows 
individual rows of maize to be processed without an incorporated bypass.  

 
Generally there are much smaller amounts of forage biomass available for spectrometric 
measurement in the grass harvester than in the maize harvester. This is due to a) the lower 
annual productivity of grass than of maize, b) the distribution of annual grass yield across 
several consecutive cuts throughout the year in contrast to one single cut of maize per annum 
and c) the totality of the maize harvest being chopped in contrast to only the portion of grass 
from the chopper bypass to be available for NIR measurements. As a consequence, the design 
of the sample presentation system of the grass harvester had to compensate for its smaller and 
less consistent flow of biomass. This turned out to be a bigger challenge to the company and 
its collaborators than the design of the sample presentation system of the maize harvester 
module.  
 
The first sample presentation system of the Haldrup forage grass harvester to be made 
available for extensive testing was designed for reflectance measurements of an open face of 
forage on a conveyor belt. Thus there was no need for an optical window or protective glass 
between the measuring head and the diode array spectrometer (CORONA by Carl Zeiss 
company). The optically required distance of 13mm between measuring head and sample 
could be kept via flattening of the forage by rollers. Forage spectra were continuously 
collected between appearance and disappearance of the forage from the conveyor belt. 
Additionally, white referencing and dark current measurement were carried out automatically 
by tilting of the spectrometer in the direction of a dark chamber and a ceramic reflectance 
standard.  
 
Yet, reliability of sample presentation became the major obstacle which needed to be 
overcome in the operation of the conveyor belt module. Regularly, only a thin layer of forage 
material was deposited on the conveyor belt. Especially low plot yields – as in late season 
cuts of grass and clover – were responsible for this occurrence. So, depending on the evenness 
of the material flow, continuous data collection resulted in a weakening of the spectral 
signals. Additionally, multifiles containing the raw spectra collected within a plot often 
contained atypical “false” spectra accumulated in moments when there was no forage on the 
belt. Feed back of this problem from J. Haldrup a/s to Carl Zeiss company initiated CORA 
MASK FACTORY, a new add-on programme for the CORONA operating software (CORA). 
It allowed the elimination (filtering) of atypical spectra from the NIR multifiles. This routine 
helped a great deal in improving the performance of the conveyor belt module by alleviating 
its obvious operational problems. But it did not overcome the tendency of reflection signals to 
be lowered by thin forage layers on the conveyor belt. 
 
So after 2006 J.Haldrup a/s all individual grass harvesters that left production were equipped 
with an alternative form of sample presentation system. In it the conveyor belt is replaced by 
an optical chamber in which the chopped forage is concentrated. Throughout the duration of 
harvesting of a given field plot the chamber is filled continuously by means of a piston till a 
certain degree of compression of the forage inside is reached. From then on consecutive 
spectra are collected through a standardized optical window. In order to maximise 
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spectrophotometric sampling there is an enlarged optical window. Spectra are collected while 
the measuring head moves up and down across this window. Thus the actual measuring area 
is considerably enlarged compared to a measurement with fixed head. When the material has 
left the chamber, the sample measurements can be stopped and average spectra per plot 
calculated. An improved signal strength constitutes the obvious advantage resulting from the 
new design. So, by simply having changed the type of sample presentation the total measuring 
set up has gained in terms of its dynamic range. Its risks - which lie in water extrusion from 
the chamber (freshly harvested grass and especially clover sometimes contain more than 85% 
water !) and of sample derived solids or liquids settling and becoming stuck to the optical 
window are minimized by mechanical means.  
 
In the Haldrup forage maize harvester chopped material is measured in the chopper’s spout 
while it passes by the NIR sensor in full flight. The curvature of the spout causes the material 
to be pressed and moved past the optical window at much higher speed than in the previously 
mentioned sample presentation systems. Under these conditions of mass flow effective self 
cleaning of the window takes place and prohibits its contamination. White referencing and 
dark current measurement are carried out by also tilting of the spectrometer (as in the 
previously mentioned designs) in the direction of a dark chamber and a ceramic reflectance 
standard. The NIR spectrometer module is housed in a drumlike attachment to the spout 
which gives it the appearance of a delicate protuberance. However, during extensive testing 
and routine operation the strong vibrations exerted on the module appear not to have 
interfered with its function. Its performance for dry matter assessment has been more than 
satisfactory in a number of forage maize breeding companies. It should not be concealed that 
in forage maize plot harvesters experiments on alternative means of sample presentation have 
also been carried out. They indicate that even in the small single row choppers for breeding 
and testing signal strength during measurement of forage maize mass flow in a choppers’ 
spout is not fully expressed. In this case the thick sample layer and even surface which can be 
easily established by sample compaction may indeed provide for excellent measurements of 
forage maize on a conveyor belt. Under these conditions signal strength and dynamic range 
was improved over that achieved by measurement of flying maize material in the spout. This 
was associated with an improved accuracy for NIR based assessment of dry matter, protein 
and starch in an extensive series of experiments. Nevertheless, in plant breeding institutes and 
companies both alternative designs for the presentation of forage maize samples to NIR 
spectrometers are of high usefulness on the small, experimental plot harvesters. Meanwhile 
their application is estimated to have allowed the replacement of several hundred thousand 
conventional dry matter determinations and thus saved large sums of money that would 
otherwise have to be spent for electrical energy to heat drying ovens. While previously only a 
small fraction of the total harvest ended up in the sample taken to the analytical lab, the 
sample mass measured by NIR on the harvester is now increased and leads to a significant 
reduction in sampling error and an improvement in the precision of dry matter assessment in 
maize trials.  
 
Remarkably, within a few years of joint R & D work the small company J.Haldrup a/s had 
become a respected industrial partner of the large optical group Carl Zeiss. According to the 
same pattern Carl Zeiss soon moved ahead by starting its cooperation with the agricultural 
engineering giant John Deere. Their jointly developed NIR sensor later to be called “Harvest 
Lab” was implemented in farm scale choppers for dry matter assessment of maize, grass and 
alfalfa forage. Similar to its precursor for the small scale choppers by J.Haldrup a/s it also 
relied on diffuse reflection measurements in the chopper’s spout (pipe), however, at a strongly 
increased mass flow of more than 50 kg chopped forage per second. It represents an advance 
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on J.Haldrup’s early “NIRS harvest line” concept and now already helps in more than 
thousand forage choppers worldwide to improve the efficiency of harvesting and conserving 
forages in dairy and beef operations. For those familiar with this technology there is no doubt 
that it was indirectly helped along by the daring spirit and innovative vision of Jens Haldrup.  
 
Concluding remarks 
 
Plant breeders and precision farmers are presently advancing the quality assessment of their 
crops from the laboratory to the field. The technology behind this development represents a 
combination of optical, electronic and agricultural engineering. Its two main challenges 
consist in the choice of an appropriate NIR sensor and in its effective embedding into the 
harvesting process. Effective progress with respect to both elements of this technology has 
been achieved and is still ongoing among large and small suppliers of hardware/software 
systems for which J.Haldrup a/s and John Deere may be taken to stand as prominent 
examples. Also the build up of know how and experience with this technology in the hands of 
users is increasing. This will contribute to an increasing demand which is the key to warrant 
further commercial investments. 
 
References 
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‘VIS/NIR mapping of TOC and extent of organic soils in the Nørre Å valley’ 

Maria Knadel1, Mogens H.Greve2, Anton Thomsen3 

1 Department of Agroecology and Environment, Faculty of Agricultural Sciences,  
 University of Aarhus, Blichers Allé 20, P.O. BOX 50, DK-8830 Tjele,  
 E-mail: Maria.Knadel@agrsci.dk 
2 E-mail: MogensH.Greve@agrsci.dk 
3 E-mail: Anton.Thomsen@agrsci.dk

Abstract 
 
Organic soils represent a substantial pool of carbon in Denmark. The need for carbon stock 
assessment calls for more rapid and effective mapping methods to be developed.  
 
The aim of this study was to compare traditional soil mapping with maps produced by a 
mobile VIS/NIR system and evaluate the ability to estimate TOC and map the area of organic 
soils. 
 
The Veris mobile VIS/NIR spectroscopy system was compared to traditional manual 
sampling. The system is developed for in-situ near surface measurement of soil carbon 
content. It measures diffuse reflectance in the 350 nm-2200 nm region. 
 
Two maps of organic soils in the Nørre Å valley (Central Jutland) were generated: (i) based 
on a conventional 25 m grid with 162 sampling points and laboratory analysis of TOC, (ii) 
based on in-situ VIS/NIR measurements supported by chemometrics. VIS/NIR spectra from 
the in-situ measurements were compressed by PCA. Clustering was used to determine 
sampling locations from which a set of 15 representative samples for calibration was 
collected. The best calibration equation with r2=0.87 and RMSEP= 5.17 was computed using 
PLS regression and applied to the field spectra for TOC prediction and mapping. The two 
TOC maps were compared after interpolation using kriging. They showed a similar pattern in 
the TOC distribution. The mobile system located the optimal sampling points well. Despite 
the unfavourable field conditions the VIS/NIR system performed well in both low and high 
TOC areas. Water content in places exceeding field capacity did not seriously degrade 
measurements.  
 
Key words: VIS/NIR spectroscopy, organic soils, TOC 
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Introduction 
 
Recent concerns about global warming resulted in international agreements on the reduction 
of GHG emissions. The Kyoto Protocol (UNFCCC, 1998) e.g., includes biospheric carbon 
sinks and sources to meet the reduction targets. Soils are among the mandatory carbon pools 
to be reported and they have a high potential, both as sources and sinks. Denmark has chosen 
to introduce article 3.4 of the Kyoto Treaty. Soils are expected to contribute with 1.6 to 2.3 
mio t CO2/year from agricultural soils and 0.18 mio t CO2/year from forest soils. Although 
organic soils cover a relatively small area in Denmark (7-8%; Greve et al. 2008) they can 
contribute significantly to the carbon balance. More detailed information on the field scale 
variability of total organic carbon (TOC) is essential for improved C management. 
Conventional sampling methods are costly due to large spatial variability in TOC and the high 
sampling density needed. To reduce costs automated in situ methods are called for (Sudduth 
et al. 1993). Numerous laboratory studies have proven the effectiveness of NIRS for 
providing quantitative measurements of TOC. However, fewer studies have included the use 
of real-time in-situ measurements (Christy et al. 2003; Shibusawa et al. 2001; Shonk et al. 
1991). With no studies reporting the application of the mobile Veris system to organic soils. 
The present study reports on the first application of a shank-based VIS/NIR system to a peat 
soil in Central Jutland.  
 
It is a part of a PhD project and represents initial phases of a larger project (Sensor based 
mapping of organic soils in Denmark). The current work has focused on: 
 
1. investigating the potential of VIS/NIRS as a rapid analytical method for estimating the 

spatial distribution of TOC of organic soils  
2. testing the accuracy of the system to locate the optimal sampling locations   
3. comparison of conventional mapping methods to the new mobile VIS/NIR system. 
 
Materials and Methods 
 
Study Area 
A part (7 ha) of a highly variable, 12 ha agricultural field in the Nørre Å Valley in Central 
Jutland, Denmark was selected as the study site. The study area represents the East Jutland 
valley landscape. The western part of the field borders on a young moraine landscape. The 
field (averaging 28 % TOC) includes areas with peat and areas with mineral soils. The 
originally uneven valley bottom was covered by sea sediments deposited after glaciation. 
During 2008, when the measurements were made the field was cropped with grass as a part of 
barley/grass rotation. The field has been artificially drained. 
 
Digital and Field Data 
 
Traditional sampling 
As a first step 162 soil samples were collected on June 19’th 2008, on a 25 m regular grid. 
Samples were dried at 800C over night; sieved (< 2mm) and subsamples were ground using a 
ball mill. Samples were analysed for TOC in the laboratory using a Leco induction furnace 
(CN-2000 instrument, LECO).  
 
Sampling with VIS/NIR system 
Data were acquired using an on-the-go shank based VIS/NIR spectrophotometer system 
developed by Veris Technologies, USA. The Veris system includes two spectrometers 
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measuring soil reflectance in the VIS/NIR regions (350-1000 and 1100-2200 nm). The 
spectrophotometers are mounted on a toolbar and pulled by a tractor (Figure 1). Optical 
measurements are made through a sapphire window at the bottom of the shank. The halogen 
light source is placed inside the shank. The shank was pulled at a depth of 5-7 cm at a speed 
of 4-5 km/hr. 20-25 spectra per second were acquired with 8 nm resolution by the 
spectrometers. Measurements were made on transects spaced 10-12 m. Samples were taken 
from a depth of 0-15 cm within the field. Each sample included 6 subsamples taken within 2.5 
m of the sampling point.  
 
The system also acquires soil electrical conductivity (EC) for two soil depths: shallow 
conductivity EC-SH (0-31cm), deep conductivity EC-DP (0-91cm). The conductivity is 
recorded together with GPS coordinates and spectral data. 
 
In order to create a calibration for TOC prediction, a number of representative soil samples 
were obtained. Before regression analysis, the spectral information was compressed by 
calculating principal components and outliers were removed in order to determine sample 
locations. The outliers were determined by a mahalanobis distance equation.  
 

 

 
Figure 1. The Veris VIS/NIR shank based system. 
 
 
Then clustering using of a fuzzy c- means algorithm was conducted. Within each cluster a 
location with the minimal spatial variability was selected.  
 
A map of 15 representative sample locations was proposed. The position of each soil sample 
together with sensor measurements and GPS coordinates were recorded.  
 
Inference Models 
The collected spectra were correlated to TOC using multivariate regression techniques 
(Unscrambler 9.7; Camo ASA, Oslo, Norway). The calibration process involved the 
correlation of TOC of the 15 samples with the spectral data. The soil spectra were pre-
processed. In order to improve the model spectra were first reduced to eliminate the noise 
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near the edges of each spectrum. Two types of calibrations were performed: using only 
spectra and using spectra together with the auxiliary data (EC-SH and EC-DP). Six different 
spectra pre-treatments (Table 1) were conducted: (1) only spectra, (2) Savitsky-Golay 
smoothing over 11 wavelength points and transformation to a (3) 1’st and (4) 2’nd Savitzky 
and Golay derivative algorithm with a derivative interval of 21 wavelength points, (5) with or 
(6) without smoothing. Before auxiliary data were included they were modified by 
autoscaling (mean centered and scaled by 1/Sdev). The prediction equation from the best 
calibration model was applied to the field spectra in order to predict TOC and create a field 
map. These calibration equations were computed using the raw spectral data (log 1/R). 
Calibrations of TOC from spectral data were developed using the segmented cross-validation 
method on centred data. The best treatment was considered to be the one with the lowest Root 
Mean Square Error of Prediction (RMSEP), the highest r2 between the VIS/NIR-predicted and 
measured values in the calibration model and the lowest mean deviation of predicted TOC 
values.   
 
Results and Discussion 
 
Traditional mapping  
The carbon content from the laboratory analysis of 162 samples ranged from 1.44 to 42.9 
g/100g. The map of TOC content was generated from the results of laboratory analysis using 
kriging interpolation with a 25 m search radius (Figure 3). The TOC pattern over the field is 
closely related to the topography and the apparent distribution of soil types. The light 
coloured areas in Figure 3 represent mineral soils with low TOC content, while the dark areas 
correspond to areas with high TOC content.  
 
Spectra 
Spectra recorded during the mapping process (Figure 2) show the expected pattern with 
relatively high absorbance in the visible spectrum. Water absorption bands at 1450 nm and 
1900 nm are the most pronounced spectral features. The discontinuity near 1000 nm is located 
at the interface between the two spectrometers. 
 

 
Figure 2. 3656 spectra acquired from the peat field with the Veris VIS/NIR system. Y-axis is 
absorbance (log 1/R, where R=reflectance). X-axis is wavelength (nm). 
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Results from Model and Accuracy Assessment of Model 
 
VIS/NIR measurements on the highly variable peat soil correlated well with manually 
sampled TOC content. The first three PCs account for 87,5 %, 96 % and 98,6 % of the 
variability in the spectral data, respectively. Six different mathematical treatments were 
applied in order to select the best calibration.  
 
TOC calibrations and prediction 
When using only spectra to predict TOC the best correlation was obtained after smoothing 
and using the 1’st derivative. The RMSEP=8.20 with the highest r2=0.67 for predicted TOC 
values.  
 
Including the auxiliary data in the calibration improved the model. Using auxiliary data (EC-
SH, EC-DP) gave the best results after smoothing data and using the 1’st or 2’nd derivative. 
The RMSEP=6.17 with r2=0.81 for predicted TOC values. Additionally removing one outlier 
from the calibration model improved the result significantly, resulting in RMSEP=5.17 and 
r2=0.87. Even though the best calibration model included smoothing and 1’st derivative the 
predicted TOC mean deviation value (9.53) was not the lowest. By only smoothing the 
spectra, the RMSEP is still low (8.55) with one of the highest r2 (0.64) and the lowest 
deviation (7.44). The best prediction of TOC including auxiliary data had a deviation of 
6.0813 after smoothing and including the 2’nd derivative. Prediction was improved by 
removing outliers from the calibration set resulting in the lowest deviation for predicted TOC 
values (5.0206). 
 
The best result of validation with the selected calibration model resulted in RMSEC=4.52, 
RMSEP=5.17, r2P=0.87 and r2C=0.88. Similar r2 results were obtained: with the Veris system 
on agricultural soils (r2P=0.87; Christy et al.2003) on field moist samples (r2P=0.78; Reeves 
et al.2002) and on wetland soils (r2=0.89 Malley et al. 2007). The values for the RMSEP 
however are quite different, with the RMSEP in the 0.16 to 2.70 range. The large difference in 
the RMSEP values is partly due to the very large variation (1.44 - 42,9%) in the TOC values 
found in this study. While the other studies were conducted on mineral soils (Christy et al. 
2004, Reeves et al. 2002) with a low carbon content or wetland soils (Malley et al. 2007) with 
high carbon content but including a smaller range than in the present study.  
 
Map generation 
TOC maps were created by applying the best calibration equation to the field spectra and 
auxiliary data. The mathematical pre-treatment’s included smoothing, calculating the 2’nd 
derivative and outlier removal. Figure 3 shows the predicted TOC and a similar map based on 
manual sampling on a 25 m grid. The two maps show the same general pattern in TOC with 
the map based on VIS/NIR measurements being the most detailed because of more closely 
spaced measurements. 
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Figure 3. Maps showing the TOC distribution across the field, based on manual grid 
sampling and mobile VIS/NIR measurements. 
 
 
The overlaid calibration points correlated well with the VIS/NIR predicted TOC (Figure 4). 
The bottom part of the figure 4 shows the difference between the two maps. The TOC values 
measured by the Veris show that the system performed well in both low (TOC content <7%) 
and high (TOC content >40%) TOC areas. Even though the field conditions during the 
mapping process were not favourable because of wet conditions this apparently did not 
seriously degrade the results. 
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Figure 4. Prediction map including calibration points (top) and a TOC prediction difference 
map (bottom). 
 
 
Conclusion 
 
The present study represents the first attempt to apply the mobile Veris VIS/NIR system to 
the mapping of TOC of peat soils in Denmark. 
 
In spite of the wet conditions in the lower parts of the investigated field, the system performed 
well compared to traditional soil sampling. 
 
The result from this study show that a mobile VIS/NIR system can be applied to cost effective 
TOC mapping of mineral and organic soils with highly varying water content. The Veris 
system also placed the locations to be sampled for local calibration purposes well. 
 
The system will be further tested on the same field in drier conditions as well as on other 
fields representing different soil types and moisture content. Future studies will include also 
the use of complementing sensors (EMI, TDR).  
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Introduction 

Soil organic matter decrease has been identified as one of the major threats towards soils by 
the European commission (2006). Exogenous Organic Matters (EOMs) of residual origin, 
deriving from agricultural, urban or industrial activities, are important and potentially 
increasing sources of EOMs. The use of EOM in croplands can contribute to increase soil 
organic matter content and improve soil fertility through the recycling of their organic 
fraction.  

 
The fate of EOM in soil is routinely assessed by EOM characterisations according to 
laboratory methods that are standardized in France: (i) biochemical fractionation by 
successive solubilization in different reagents (Van Soest method, AFNOR, 2005a), and (ii) 
measure of potential carbon (C) mineralization during 91-day laboratory incubations 
(AFNOR, 2005b). These methods lead to the calculation of an Indicator of Residual Organic 
Carbon (IROC, Lashermes et al., 2009), which corresponds to the proportion of residual C from 
EOM incorporated into soil organic matter.  
 
Predictions using Near Infra-red Reflectance Spectroscopy (NIRS) are of great interest for 
EOM management. The previous standardized methods are rather time consuming, costly and 
generate pollutant wastes, and NIRS has been shown to be suitable to predict C and N 
content, biochemical composition or C and N mineralization patterns of plant materials 
(Bruun et al., 2005, Thuriès et al., 2005, Henriksen et al., 2007) and composted materials 
(Vergnoux et al., 2009). 
 
To evaluate the long-term potential C sequestration in croplands after EOM application, 
multi-compartments C dynamic models such as RothC are useful tools. These models are 
poorly parameterized for the use of EOM. The distribution of EOM C among initial DPM 
(decomposable) and RPM (resistant) pools in RothC has been previously determined by 
fitting either field or laboratory C mineralization data. 
 
The aim of this study was to assess the potential of NIRS to predict chemical, biochemical 
characteristics, IROC indicator and RothC pools for a range of 458 EOMs, including complex 
materials like composts. 
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Materials and methods 
 
EOM dataset 
The studied set included 458 EOMs from different research programs, covering a wide range 
of organic materials applied on cultivated soils. It included 50 % urban composts (18 % 
municipal solid wastes composts, 18 % green wastes and sludge composts, 10 % biowaste 
composts, 4 % green waste composts), 10 % composted animal manures, 10 % sludges, 9 % 
farmyard manures, 7 % plant materials, 4 % anaerobically digested wastes, 2 % liquid 
manures, 2 % organic and organo-mineral fertilizers, and 2 % other products. 
 
Chemical and biochemical characterisation of EOMs 
EOMs were air dried and finely ground before analysis. Organic C and total nitrogen (N) 
contents were determined using elementary analysis. Total organic matter was determined by 
loss on ignition at 480°C. Biochemical composition was determined using the Van Soest’s 
method (Van Soest & Wine., 1967) according to the French standard XPU 44-162 (AFNOR, 
2005a), the biochemical fractions separated were the soluble OM in neutral detergent (SOL), 
hemicellulose-like (HEM), cellulose-like (CEL), lignin- and cutin-like (LIC) fractions. The C 
mineralization of EOM was measured during incubations of soil-EOM mixtures in controlled 
conditions at 28°C with soil moisture corresponding to 75% to 100% of the soil water holding 
capacity. EOMs were incubated into hermetically closed jars, C-CO2 was trapped in 10 ml of 
0.5-M NaOH periodically replaced, and colorimetrically determined (AFNOR, 2005b).  
 
Indicator of Residual Organic C (IROC) and RothC model pools calculation 
The Indicator of Residual Organic Carbon (IROC) was calculated based on the SOL, CEL and 
LIC fractions, and on the proportion of organic C mineralized after 3 days of incubation (C3d), 
according to the formula IROC = 44.5 + 0.5 SOL – 0.2 CEL + 0.7 LIC – 2.3 C3d (Lashermes et 
al., 2009). The distribution of organic matter from EOMs among the initial pools of the RothC 
model, namely the decomposable pool (DPM), the resistant pool (RPM) and the humified 
pool (HUM), was estimated by fitting with C mineralization data using least squares criterion 
on a Scilab (Digiteo) version of the model. 
 
NIR analysis 
NIR spectra were measured in reflectance with a Foss NIRSystem 6500 spectrometer from 
400 to 2500 nm with one datapoint every 2 nm, but the 1100-2500 nm domain only was used 
for analysis. EOM dried at 40°C and finely ground (< 1 mm) were packed in a 5 cm ring cup. 
Two replicates were performed for all samples with independent cup fillings, and spectra of 
the two replicates were averaged. Spectra were transformed using WinISI software version 
1.63 (Foss, Infrasoft international). Mathematical pre-treatments applied were standard 
normal variate and detrend, second derivative calculated on five datapoints and smoothing 
(Savitzky and Golay smoothing) on five data points. A principal component analysis (PCA) 
was carried out to calculate the Mahalanobis distance (H) on the set. Samples whith distance 
H > 3, mostly sludges, were considered as spectral outliers and eliminated from further 
investigations. Seventy five percent of the samples the most representative of the dataset were 
selected to build the calibration and the rest of the samples were assigned for the validation 
set. Calibrations were carried out using the WinISI modified Partial Least Squares (mPLS). 
Cross validation was computed separating the whole dataset into 100 subsets, 99 being used 
for developing the model and one for prediction. The procedure was performed 100 times to 
use all subsets for prediction. Statistics to evaluate goodness of fit included coefficient of 
determination R², standard error of calibration (SEC), Standard Error of Cross Validation 
(SECV), ratio of SD (Standard Deviation) to SECV (i.e. RPD ratio), and coefficient of 
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variation CV = 100 * SECV / mean of measured data, which indicates the % of error of the 
models. The statistics for validation included Standard error of prediction (SEP), R² and 
coefficient of variation CV = 100 * SEP / mean of measured data. A total of 19 outliers, 
mostly sludges, were removed. The final dataset contained 439 EOMs with 332 EOMs for 
calibration and 107 EOMs for validation. 
 
Results and discussion 
 
The calibrations of organic C, OM and total N were satisfactory considering the heterogeneity 
of the dataset, with R² ≥ 0.88 and RPD ≥ 2.6. For these characteristics, predicted results on the 
validation subset were also fairly satisfactory. 
 
Biochemical fractions were quite well calibrated except the HEM fraction, which have high 
experimental variance (AFNOR, 2005a). For SOL, CEL and LIC, calibration R² was > 0.85 
and CV reached 15, 17 and 17 % respectively. For biochemical fractions, validation R² was 
lower than calibration R², with only the CEL fraction having R² > 0.8. However, validation 
CVs were similar to calibration CVs. The accuracy of prediction of the biochemical fractions 
was lower than that reported in other studies (e.g. Thuries at al., 2005, Vergnoux et al., 2009) 
but our dataset included a highly heterogeneous range of EOMs that had been analyzed in 
different laboratories. Furthermore, the accuracy of the calibrations was comparable to the 
repeatability of the reference experimental method (i.e. intra + inter-laboratory variance; 
AFNOR, 2005a). 
 
Table 1. Statistical results for calibration, cross validation and prediction of chemical and 
biochemical characteristics, proportions of EOM organic C mineralized after 3 and 91 days of 
incubation (C3d and C91d), Indicator of Residual Organic C (IROC) and RothC model initial 
pool (DPM), Values expressed as % of Dry Matter (DM), as % of Organic Matter (OM), as % 
of added C and as % of Organic Carbon (OC). n1: number of samples after elimination of 
calibration outliers, n2: number of samples in the validation set. 

  Calibration           Validation     

 n1 Mean SD SEC R² SECV
CV  
(%) RPD n2 Mean SEP R² 

CV 
(%) 

organic C (%DM) 302 29.4 9.4 3.2 0.88 3.6 12 2.6 107 31.0 4.7 0.72 15 
OM (% DM) 298 56.4 18.9 5.6 0.91 6.6 12 2.9 107 60.8 6.3 0.87 10 
total N (%DM) 267 1.82 1.11 0.29 0.93 0.36 20 3.1 84 2.05 0.32 0.84 16 
SOL (% OM) 300 38.3 14.6 5.2 0.87 5.9 15 2.5 105 34.1 7.7 0.61 23 
HEM (% OM) 275 9.9 5.7 3.2 0.69 3.4 35 1.7 105 12.3 4.0 0.60 33 
CEL (% OM) 288 26.1 12.1 4.1 0.88 4.3 17 2.8 105 26.8 4.5 0.81 17 
LIC (% OM) 292 23.5 10.4 3.5 0.89 4.1 17 2.5 105 26.1 4.8 0.69 18 
C3d (% added C) 293 5.1 4.3 1.6 0.86 2.0 38 2.2 104 2.9 1.6 0.73 56 
C91d (% added C) 291 24.5 13.9 6.6 0.77 7.1 29 2.0 103 19.1 7.8 0.59 41 
IROC (% OC) 282 62.2 15.2 5.4 0.87 5.8 9 2.6 103 67.9 5.7 0.79 8 
DPM (% OC) 282 19.9 16.2 6.3 0.85 6.8 34 2.4 103 10.8 6.5 0.67 60 

 
 
Direct NIRS predictions of the C mineralized after 3 and 91 days of incubation gave fairly 
good results, in the same order than those obtained by Bruun et al (2005). Predictions were 
better for C3d than for C91d (R² = 0.86 and 0.77, and RPD = 2.2 and 2.0, respectively). 
However, CV was higher for C3d (38 %) than for C91d (29 %). 
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Figure. 1. Measured values of the IROC indicator (i.e. calculated from measured SOL, CEL 
and LIC biochemical fractions and C3d) and fitted values of the DPM pool of the RothC 
model (i.e. fitted to C mineralization kinetics of EOM during laboratory incubations) vs. 
corresponding values predicted using NIR spectra. Black circles: calibration set; white circles: 
validation set. 
 
 
Direct NIRS prediction of the IROC indicator was satisfactory too (table 1, Fig. 1). This 
indicator being calculated from a linear combination of the fractions SOL, CEL, LIC and C3d, 
which determinations involve experimental errors, calibration of IROC was thus rather accurate 
(R² =0.87, errors = 9 % and RPD = 2.6). The calibration of IROC was stable according to the 
fairly good statistics of validation (R² = 0.79 and CV = 8 %). Indirect prediction of IROC using 
NIRS predicted values of SOL, CEL, LIC fractions and C3d was slightly better than direct 
NIRS prediction of IROC (R² = 0.86 and CV = 8 % for calibration and R² = 0.81 and CV = 7 % 
for validation, detailed results not shown). 
 
The splitting of EOM carbon into DPM, RPM and HUM pools was achieved by fitting the 
RothC model to the kinetics of C mineralization during 91 days. The NIRS prediction of 
DPM pools was promising (table 1, Fig. 1) with quite good calibration R² (0.85) and RPD 
(2.4). However calibration CV was 34 % and validation CV 60 %, imprecision being possibly 
due to some outlying samples as visible graphically (Fig. 1). The calibrations of RPM and 
HUM pools were not satisfactory. The splitting of EOM into the RPM and HUM pools might 
have been influenced by a possible under-estimation of EOM carbon degradation during 
laboratory incubations. However, good correlation was found between DPMs fitted to 
laboratory- and field-based data. The HUM compartment seemed useless to fit the model to 
field data. Thus the prediction of the DPM pool with NIRS could make it possible to predict 
the initial separation of EOM in the entry pools DPM and RPM of the RothC model. 
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Conclusion 
 
NIRS calibrations make it possible to predict several chemical and biochemical characteristics 
of a wide panel of EOMs with acceptable accuracy and with errors of calibration close from 
the errors of the reference experimental methods. The direct prediction of the IROC indicator 
showed the great predictive potential of NIRS for actual EOM management. The predictions 
of the pools of the RothC model are promising. Future works will focus on acquiring 
additional field data to validate the relations between RothC pools fitted to laboratory data 
and RothC pools fitted to field data in order to accurately simulate long-term EOM carbon 
dynamics in field condition. 
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Introduction 
 
The conventional soil sampling density in Sweden, and many other countries, of one sample 
per hectare, is often not sufficient for reliable decision support for variable rate applications. 
However, soil sampling and conventional laboratory analyses are time-consuming and costly 
and increasing the sampling density would thus fast become too expensive for farmers to 
implement. Therefore, finding more cost effective methods is important. Near infrared 
reflectance (NIR) spectroscopy has the potential to significantly reduce the costs compared 
with conventional laboratory analyses, requiring only limited sample preparation and having 
the capability to determine several properties from a single scan. A number of studies have 
shown the potential of NIR to predict several soil properties for example texture and soil 
organic matter (SOM) (e.g. Viscarra Rossel et al., 2006; Chang et al., 2001; McCarty and 
Reeves, 2006;). 
 
If the vast majority of the samples are measured for their NIR spectra only and the number of 
reference samples with laboratory analyses is kept to a minimum for NIR calibrations, the 
sampling density can be increased without significantly increasing costs. This was studied at 
two farms in the south of Sweden, using 25 calibration samples. 
 
Materials and methods 
 
The sites studied were 97 ha at the farm Hacksta about 70 km north-west of Stockholm, and 
78 ha at the farm Sjöstorp about 20 km north-east of Malmö (Fig. 1). At Sjöstorp, a clear 
borderline between two different types of glacial till soils divides this farm into an 18 ha part 
consisting of sandy till and a 60 ha part consisting of more clay soils. The soil samples (0-20 
cm) were taken from three different datasets sampled according to: a) a regular grid (REG), b) 
soil electrical conductivity values (EC) or c) reflectance values from a satellite image (SAT). 
The sampling was done in autumn 2005 at Hacksta and autumn 2006 at Sjöstorp.  
 
NIR spectra were collected on all samples using a FieldSpec Pro FR scanning instrument 
(Analytical Spectral Devices Inc., Boulder, CO, USA). Both the NIR region (980-2500 nm) 
and the VisNIR region (430-980 nm) were used. Soil samples to be used in the NIR 
calibrations were selected for conventional laboratory analyses for soil texture and SOM 
content (Table 1). All analyses as well as NIR measurements were done on air-dried soil, 
crushed to pass a 2 mm sieve. Six different calibration sets were compared. Twenty five 
samples from each of the three sample sets REG, EC and SAT were selected according to 
their NIR spectra (REGNIR, ECNIR and SATNIR). The samples were selected to cover as much 
of the spectral variation between samples as possible using the first five principal components 
in a principal component analyses. 
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Table 1. Short description of analyses methods 
Soil property Analyses method 
Clay (<0.002 mm) (%) Sedimentation 
Sand (0.063-2 mm) (%) Sieving 
Silt (0.002-0.063 mm) (%) Determined by difference 
SOM (%) Loss of ignition 
 
 
 
 
 
Figure 1. Farm location 
 

 
In addition, 25 samples from the REG strategy were selected using a regular grid (REGREG) 
and the first 25 samples selected according to their electrical conductivity or reflectance 
values were selected from the EC (ECEC) and SAT (SATSAT) strategy respectively. 
 
The recorded NIR spectra were transformed to absorbance by log(reflectance-1) and 
transformed and smoothed by first-order derivative (Savitzky and Golay, 1964). At each farm, 
spectra (NIR and VisNIR) from the six different calibration datasets were calibrated to the 
soil properties by partial least squares (PLS) regression (Martens and Naes, 1989). The 
validation was made in two steps to obtain as large and diverse validation sets as possible in 
the absence of as separate validation set. In step one, the calibration sample selection methods 
were compared within each spatial sample distribution strategy (REGREG with REGNIR, ECEC 
with ECNIR and SATSAT with SATNIR), leaving samples from the remaining two strategies to 
be used in the validation. In step two, the sample selection methods considered best in the 
majority of the calibrations in step one were used for comparing the three sampling strategies 
(REG, EC and SAT) using the remaining sample sets for validation.  
 
For comparison, calibration models with all reference samples were also made for all soil 
parameters at each farm by randomly selecting 75% of the reference samples for calibration 
and the remaining 25% for validation.  
 
Results and discussion 
 
In step one at Sjöstorp, the selection according to NIR resulted in the best predictions in the 
majority of the calibrations, whereas the opposite was true at Hacksta (results not shown). 
Calibration results from step two and for the calibrations using 75% of all reference samples 
are shown in Table 2. 
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Table 2. Prediction results from NIR or VisNIR calibration models at Hacksta and Sjöstorp, 
comparing the three different sample distribution strategies as well as using including 75% of 
all reference samples in the calibration 

  Hacksta Sjöstorp 
  Clay Silt Sand SOM Clay Silt Sand SOM 
  (%) (%) (%) (%) (%) (%) (%) (%) 
REGREG PC* 4n 5v 10v 8v 4v 1n 5n 7n
 R2 0.81 0.58 0.81 0.88 0.8 0.04 0.72 0.59 
 RMSEP 3.6 4.2 3.6 0.48 4.1 3.6 6 0.54 
 RPD 2.3 1.6 2.3 3 2.3 1 1.9 1.6 
ECEC PC 6n 6n 7n 7n 5n 2n 4v 7n
 R2 0.77 0.34 0.85 0.87 0.89 0 0.74 0.6 
 RMSEP 4 5.3 3.3 0.51 3 3.9 5.8 0.53 
 RPD 2.1 1.2 2.6 2.8 3.1 1 2 1.6 
SATSAT PC 6n 5v 10v 11v 2n 1v 6n 3n
 R2 0.79 0.61 0.87 0.89 0.82 0 0.75 0.55 
 RMSEP 3.8 4.1 3 0.47 3.9 3.7 5.6 0.57 
 RPD 2.2 1.6 2.8 3 2.4 1 2 1.5 
All ref** PC 4n 3n 5v 7v 5n 11v 10v 9n
 R2 0.85 0.64 0.93 0.94 0.96 0.63 0.91 0.92 
 RMSEP 3 3 2.5 0.42 2 2.8 3.8 0.28 
 RPD 2.8 2 3.4 3.7 5 1.5 3.3 3.5 

* Number of PLS components used in the model. n is models using NIR measurements, v is models using 
VisNIR measurements 
** Including 75% of all reference samples (91 samples) in the calibration and using the remaining 25% as 
validation samples. 
 
 
Clay was well predicted at both farms using only 25 calibration samples (Table 2), and the 
results were comparable whit a number of earlier studies (e.g. Chang et al., 2001; Sørensen 
and Dalsgaard, 2005). Using 25 calibration samples resulted in good predictions also for sand 
and SOM at Hacksta. However at Sjöstorp, 25 samples did not manage to capture the 
variation in the divided felid, indicating that 25 calibration samples might be too few for 
general recommendations. For SOM, an additional explanation might be the less clayey soils 
at Sjöstorp, since better predictions of SOM for soils with high clay content compared with 
low have been reported earlier (Stenberg et al., 2002; Sørensen and Dalsgaard, 2005). 
 
At Sjöstorp, there was a strong negative correlation between sand and clay, and using only 
clay as predictor for sand gave comparable results with the NIR calibrations using 75% of all 
reference samples in the calibrations. However, at Hacksta, some extra information other than 
that corresponding to clay content was used in the NIR spectra when predicting sand. 
 
Predictions for silt were less reliable regardless of the number of calibration samples. This 
could to some extent be explained by differences in the variation but also to the fact that silt 
was not measured directly but rather as a difference, as errors in the reference methods are 
added.  
 
Most of the strategies for selecting calibrations samples managed to cover the important 
variation in the soil parameters compared with all reference samples, and there were only 
small differences in prediction results.  
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The results for clay, sand and SOM are encouraging for the development of cost-effective 
farm soil mapping based on NIR. 
 
Acknowledgements 
 
We wish to thank Jarl Ryberg and Göran Olsson for allowing us to use their fields and the 
Swedish Farmers’ Foundation for Agricultural Research (SLF) and the Savings Bank 
Foundation in Skaraborg and Lidköping for funding the work. We also want to thank Ingemar 
Henningsson, Anita Dellsén, Lisbet Norberg, Jan-Olov Gustavsson and Kristina Gustavsson 
for important help with the extensive soil sampling and Anna Nyberg for help with the NIR 
measurements. 
 
References 
 
Chang, C.W., Laird, D.A., Mausbach, M.J. and Hurburgh, C.R., 2001. Near-infrared 

reflectance spectroscopy-principal components regression analyses of soil properties. Soil 
Science Society of America Journal, 65(2): 480-490 

Martens, H. and Naes, T., 1989. Multivariate calibration. John Wiley & Sons, Chichester, 
UK, 419 pp 

McCarty, G.W. and Reeves, J.B., 2006. Comparison of near infrared and mid infrared diffuse 
reflectance spectroscopy for field-scale measurement of soil fertility parameters. Soil 
Science, 171(2): 94-102 

Savitzky, A. and Golay, M., 1964. Smoothing and differentiation of data by simplified least 
squares procedures. Analytical chemistry, 36: 1627-1639 

Stenberg, B., Jonsson, A. and Börjesson, T., 2002. Near infrared technology for soil analysis 
with implications for precision agriculture. In: A. Davies and R. Cho (Editors), Near 
Infrared Spectroscopy: Proceedings of the 10th International Conference. NIR 
Publications, Chichester, UK, Kyongju S. Korea, pp. 279-284 

Sørensen, L.K. and Dalsgaard, S., 2005. Determination of clay and other soil properties by 
near infrared spectroscopy. Soil Science Society of America Journal, 69(1): 159-167 

Viscarra Rossel, R.A., Walvoort, D.J.J., McBratney, A.B., Janik, L.J. and Skjemstad, J.O., 
2006. Visible, near infrared, mid infrared or combined diffuse reflectance spectroscopy 
for simultaneous assessment of various soil properties. Geoderma, 131(1-2): 59-75 

 

 26



 

Roughage quality analysis using NIRS 

Gustav Fystro and Tor Lunnan 

The Norwegian Institute of Agricultural and Environmental Research 
Bioforsk Arable Crops Division, Løken, N-2940 Heggenes, Norway 
gustav.fystro@bioforsk.no; tor.lunnan@bioforsk.no

Introduction 
 
The NIRS (Near Infrared Reflection Spectroscopy) method is the dominant approach for a 
number of the most important roughage characteristics. The physical based NIRS analysis 
allows a rapid determination at low costs. The NIRS calibrations rely on known sample 
characteristics established with proper reference methods. In this presentation the statistics 
and potentials of NIRS analysis at Bioforsk Løken will be introduced. 
 
NIRS predictions at Bioforsk Løken 
 
The NIRS lab at Bioforsk Løken is specialized in the analysis of dried roughage materials, 
covering various grass and clover mixtures (Fystro & Lunnan 2006). For an optimal accuracy 
of NIRS analysis a standardised method of sample preparations needs to be implemented, and 
similar in both the calibration and the prediction procedures. The harvested or collected 
samples should be rapidly brought into drying at 60°C for 48 hours. For the NIRS analysis the 
sample materials are chopped and milled (Cyclotec™ 1093 Sample Mill, 1 mm grid). Further, 
the NIRS analysis accuracy is depending on calibration data that is satisfactory representing 
the unknown sample materials for analyses. The botanical composition, plant development 
stages, and the influence from soil and weather conditions, should be covered in the 
calibration data sets.  
 
The standard error (SECV) and the coefficient of determination (RCV

2) of cross validation, 
calculated in the calibration step, is commonly used to verify accuracy in NIRS predictions as 
related to reference method values (Table 1). Crude protein and NDF (Neutral Detergent 
Fibre) are representing those variables most successfully predicted by the NIRS technique. 
Digestibility analysis is proven to be more challenging. However, a part of the problem is the 
somewhat high measurement errors often verified in the alternative wet chemical reference 
methods. Such problems will partly transmit from the reference method to the NIRS 
predictions. Indigestible NDF (iNDF) is an important parameter in the new Nordic feed 
evaluation system (NorFor) (www.norfor.info) and this parameter should be evaluated along 
with NDF decay constant. Our experience is that the NIRS technique is suitable for accurate 
predictions of iNDF. As expected, high measurement errors in available reference methods 
data of the NDF decay constant will lead to a failure in NIRS calibration of this parameter. 
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Table 1. NIRS calibration statistics, Bioforsk Løken  

Variable Unit Mean SECV RCV
2

Crude protein % of dry matter 17.4 0.61 0.99 

Digestibility % of dry matter 75.6 2.67 0.83 

NDF (Neutral Detergent Fibre) % of dry matter 47.8 1.43 0.98 

Indigestible NDF (iNDF) g kg-1 dry matter 96.2 13.1 0.94 

NDF decay constant h-1 0.045 0.0079 0.63 

ADF (Acid Detergent Fibre) % of dry matter 25.2 0.79 0.98 

ADL (Acid Detergent Lignin) % of dry matter 2.0 0.32 0.85 

Water soluble carbohydrate  % of dry matter 15.1 1.04 0.98 

Ash % of dry matter 7.9 0.50 0.92 

Sulphur % of dry matter 0.19 0.022 0.88 

Phosphorous % of dry matter 0.30 0.037 0.81 

Magnesium % of dry matter 0.18 0.029 0.77 

Calcium % of dry matter 0.54 0.111 0.89 

Potassium % of dry matter 2.0 0.20 0.93 

Clover content % of dry matter 36.1 3.81 0.99 
SECV = Standard error of cross validation, calculated in the calibration step 

RCV
2  = Coefficient of determination of cross validation, calculated in the calibration step 

 
 
The NIRS method has been tested for the potential of mineral content predictions. Our 
recommendation is to be careful when using mineral NIRS predictions. Independent tests 
have revealed highest prediction errors for the parameters of phosphorus and sulphur. NIRS 
prediction of potassium seems to have the highest potential among the tested elements (Table 
1). 
 
From a batch of samples within the same sample population (i.e. a cut of a number of plots 
within a research field) a combined use of selected samples for reference method analysis and 
recalibration of NIRS might be successful. A recalibration of NIRS using selected samples 
from the batch might correct for some problems, such as interference challenges. An example 
is shown in Figure 1, where a number of 10 samples from a batch of 94 samples were used in 
a true test of the potentials in NIRS recalibration of phosphorus content for this particular 
batch. 
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NIRS predicted phosphorous 
 - after recalibration
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Figure 1. NIRS predicted phosphorous content in grass before and after recalibration using 10 
selected samples from the batch of 94 characterized samples, in a true test. 
 
 
NIRS is a promising technique for predictions of the clover content in mixtures with grass 
(Figure 2). NIRS prediction might be used supplementary to visual assessments of such 
botanical compositions. We have not evaluated the potential of separating clover from other 
dicotyledonous plants. For accurate estimates of clover content on a field level the sampling 
procedure is though important. It is difficult to achieve accurate clover to grass representative 
samples. 
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Figure 2. NIRS versus reference values of clover content (%) in grass mixtures (+/- SECV as 
lines). Samples artificially mixed by dry matter weight. 
 
 
Traditionally, the NIRS calibrations of roughage materials are established isolated at each 
laboratory. For some other feed categories, like small grains, broader network calibrations 
have been widely used. Universal NIR equations do also have a potential for roughage 
materials, as proven for crude protein and NDF in a test where the largest known global 
forage NIR data base was set up and applied to statistically independent samples from 
Scandinaivia (Paul et al. 2004). 
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Preprocessing of NIR 

Åsmund Rinnan 

University of Copenhagen, Faculty of Life Sciences 

NIR spectroscopy is prone to scatter effects and other undesired spectral artifacts, especially 
when measuring solids. This is a challenge for utilization of the NIR in the field of 
agriculture. It is important to pre-process the acquired spectra prior to further analysis on the 
data, as the scatter effect has a major impact on the spectra recorded and thus the 
statistical/chemometric interpretation of the results. The aim of the preprocessing is to reduce 
or eliminate the scatter effect, focusing on the chemical attributes (e.g. protein and moisture 
content) of the samples rather than the physical attributes (especially particle size). 
 
In this presentation I will give you an insight into the methods most commonly used in the 
NIR society today, their similarities, strengths and weaknesses. I will also discuss some rules 
of thumb as to how to perform correct preprocessing on NIR data. 
 
 
Åsmund Rinnan, Frans van den Berg, Søren Balling Engelsen (2009), Review of the most 

common pre-processing techniques for near-infrared spectra, Trends in Analytical 
Chemistry, In Press 
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Introduction 
 
In the Netherlands Blgg is the leading agricultural laboratory for forage analysis. About 20 
years ago Blgg made the switch from traditional Proximate analysis to the NIRS-technology 
for routine forage testing. The testing results are used by feed companies, advisors and 
research stations to derive or optimize feed recommendations for farmers.  
 
Dutch feed companies become increasingly involved in dairy farming outside The 
Netherlands. There they are confronted with wide differences in forage analysis, ranging from 
differences in analytical methods and laboratories that handle samples differently to variations 
in recommendations. This has lead to problems of feed companies to guarantee their 
customers optimal and constant quality in their feed recommendations. To avert these 
problems, Blgg offers NIRS in combination with internet technology, under the trade name 
“Samplinq”. This paper describes Samplinq®, the results obtained so far and the future plans. 
 
The Samplinq® concept 
 
Samplinq® is characterised by: 

• a web based LIMS; 
• use Fourier transformed (FT-)NIRS technology;  
• use of machine learning techniques for calibration purposes; 
• offering an extended range of constituents; 
• an excellent quality control system; and 
• the option to include feed companies’ own specific feed recommendations. 

 
1) The Samplinq® network 
Sample preparation and recording the NIR-spectra is performed at a local client laboratory 
(Fig. 1). The resulting NIR-spectra are sent to Blgg using a web base LIMS (WinLIMS, QSI). 
At Blgg the right calibration data base is selected based on the included product information 
and the spectra are processed using machine learning software (iCalibra, Khipu Systems NZ). 
The results are submitted to the feed recommendations data base and the derived 
recommendations are subsequently returned to the Samplinq® client by the internet. Based on 
this information, the client will prepare a report according to the farmer’s wishes. 
 
Currently six instruments are active in the Samplinq® network at four sites; Blgg Oosterbeek 
has three instruments and the other sites have one each, Poland (De Heus), Switzerland 
(UFAG) and Norway (Felleskjopet). Three new sites are set for 2009; Russia (Provimi), 
Hungary (Trouw Nutrition) and Belgium (Hendrix Haak).  
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Figure 1. Schematic presentation of the Samplinq® network 
 
 
The costs for Samplinq® are derived from three components; (1) depreciation of equipment, 
(2) processing costs for a single sample and (3) costs for reference analysis. The costs for 
reference analysis (calibration, validation and outliers) is depending on the number of samples 
to be analyzed and how well the client population is already represented by the calibration 
data base. 
 
2) Instrumentation  
Sample preparation is carried out by overnight drying (at 60-70ºC) and grinding (cross beater 
mill, 1 mm screen). Weight loss due to drying is recorded. From the grinded sample the NIR-
spectrum is recorded using a borosilicate sample container and a QFAflex600F equipped with 
a large rotating bottle accessory (Q-Interline, DK). The spectral range is 10000 – 3750 cm-1 
having a resolution 16 cm-1 using an integration time of 20 seconds (one spin of the bottle 
takes about 50 scans). 
 
3) Processing of the NIR-spectra 
All NIRS-instruments produce identical spectra so they can be processed unmodified. 
Predictions are derived using the iCalibra machine learning software. Outliers are detected 
using the Mahalanobis distance. In case of an outlier an email message is generated 
automatically asking to ship the sample for the particular wet chemical analysis. After 
completion the set of determinations the results is passed to the Blgg feed recommendation 
system. In this system feed companies or advisors can have their own recommendation 
schemes. 
 
If no wet-chemical analysis is needed, more than 95% of the customer will obtain the results 
within 4 h after submitting the collected sample information to Blgg. 
 
4) Constituents measured 
At the moment for six different forages can be analyzed within Samplinq®. Table 1 give an 
overview of the constituents (left column)  available for each forage type (top row). The 
available combinations of constituent and forage type are marked presenting the (fixed) root 
mean squared error of prediction (RMSEPfixed).  
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5) Quality control system 
Within the Samplinq® network three quality control stages are implemented; (1) daily 
reference sample, (2) running validation and (3) proficiency test. The RMSEPfixed is used to 
define the quality criteria for these tests.  
 
Table 1. Available forage constituent combinations within Samplinq®, marked by the 
RMSEPfixed values. 
 
Constituent, unit 

Corn 
fresh & 
ensiled 

Grass 
ensiled 

Grass 
Fresh 
& Hay 

Whole 
Grain 
ensiled 

CCM  
fresh & 
ensiled 

Luzern 
ensiled 

Moisture, g.kg-1 3.6 3.6 3.6 3.6 3.6 3.6 

Crude ash, g.kg-1 DM* 4.0 8.5* 8.0 8.5* 3.5 8.5* 

Crude Protein, g.kg-1 DM 4.0 8.5 8.0 8.0 4.0 8.5 

Ammonia dry, g.kg-1 DM - 0.2 - 0.2 - 0.2 

Crude Fibre. G.kg-1 DM 9.0 10.0 9.0 10.0 9.0 10.0 

Crude fat. g.kg-1 DM 3.0 3.0 3.0 3.0 3.0 3.0 

Sugar. g.kg-1 DM 9.0 10.0 10.0 10.0 - 10.0 

Starch. g.kg-1 DM 15.0 - - 15.0 15.0 - 
Organic Matter 
Digestibility. % 0.9 1.6 1.4 1.6 - 1.6 

NDF. g.kg-1 DM 15.0 15.0 15.0 - - 15.0 

ADF. g.kg-1 DM 10.0 10.0 10.0 - - 10.5 

ADL. g.kg-1 DM 4.5 4.5 4.5 - - 4.5 
Indigestible NDF. g.kg-1 

DM 12.0 14.0 - - - 14.0 

Buffer Insoluble Protein. 
g.kg-1 DM 4.0 8.5 - - - 8.5 

Halftime 2nd fase GPT. 
Hour 0.25 - - - - - 

pH, -log [H+] - 0.1 - 0.1 - 0.1 

Chlorine, g.kg-1 fresh - 0.6 - 0.6 - 0.6 
Ammonia fresh, g.kg-1 

fresh - 0.02 - 0.02 - 0.02 

-  = forage constituent combination not available. 
Crude ash* = determined traditional, quality of the NIR-results does not meet the quality standards. 
 
 
Daily reference sample 
Samplinq® delivers a grass silage sample to the clients for their daily instrument testing. This 
sample is scanned every time a the background measurement. The background measurement 
is also used to validate the instrument characteristics. The results of the daily reference sample 
are used to validate the instrument together with the calibration system. In case the results do 
not pass the action limits the instrument needs to be checked before further use. The warning 
and action limits are set using the constituent averages and 50% of the RMSEPfixed values 
(Table 1). 50% of the RMSEPfixed values is assumed to represent the repeatability. Table 2 
summarizes the results for the daily reference sample produced in March 2009. For one site at 
one day the action limits are exceeded by two constituents (CF and iNDF). The problem was 
solved by cleaning the window. 
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Table 2. Summary of the results produced for the Daily Reference sample in March at the 
different sites. 

Constituents Statistics 
CP 

(g kg-1) 
CF 

(g kg-1) 
sugar 

(g kg-1) 
iNDF 

(g kg-1) 
OMD 

(%-units) 
AVG fixed 140 291 157 180 75.9 
0.5 × RMSEP fixed 4.25 5 5 7 0.8 
Lower control limit 127 276 142 159 73.5 
Upper control limit 153 306 172 201 78.3 
Clients  

Min 134 178 148 170 74.3 Netherlands 
max 149 304 162 191 76.9 
Min 133 287 145 160 75.1 Poland 
max 144 304 167 188 77.2 
Min 132 291 147 174 74.4 Switzerland 
max 141 299 169 189 76.6 
Min 130 292 156 176 74 Norway 
max 140 308 172 209 75.9 

 
 
Running validation 
For each site every fiftieth sample is selected for validation. These samples are send to the 
laboratory at Oosterbeek for reference (wet chemical) analysis. The differences between the 
NIR- and the Lab-results are divided by the corresponding RMSEPfixed values (table 1). The 
resulting so-called z-scores are plotted in Shewhart charts for validation on the fly and 
summarized once a year.  
 
Table 3. Results produced for the running validation on grass silage in 2008 for the different 
sites. 

Constituents Statistics 
CP 

(g kg-1) 
CF 

(g kg-1) 
sugar 

(g kg-1) 
iNDF 

(g kg-1) 
OMD 

(%-units) 
Mean 158 253 105 145 77 
RMSEPfixed 8.5 10 10 14 1.6 
Clients  

RMSEP 3,9 7.0 8.4 14.3 1,4 
bias 1.4 3.3 -1.2 3.2 0.2 

Netherlands 
(N≈133) 

R2 0.97 0.87 0.97 0.88 0.86 
RMSEP 9.5 11.1 11.3 16.5 0.9 
bias -1.9 7.4 7.2 5.5 -0.5 

Poland 
(N≈10) 

R2 0.94 0.95 0.98 0.91 0.94 
RMSEP 5.3 10 10.4 16.2 1.6 
bias 2.4 2.8 4.3 -5.0 -1.0 

Switzerland 
(N≈29) 

R2 0.97 0.93 0.98 0.93 0.93 
RMSEP 5.1 7.8 11.4 16.0 1.7 
bias -2.8 -2.7 -0.5 7.9 -0.7 

Norway 
(N≈22) 

R2 0.98 0.96 0.96 0.94 0.91 
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In table 3 the results for the different sites some constituents predicted in the grass silage 
validation of 2008 are reported. For the Dutch site the RMSEP values  are in control. The 
RMSEP values for the other sites are showing more then 50% of the cases RMSEP’s above 
the target. The higher RMSEP values can be caused by a larger (unexpected in advance) 
variation in the in the samples composition (notice higher R²-values for the sites) and or 
deviations from the sample preparation. Further investigation is needed. 
 
Proficiency test 
Once a year a set of proficiency samples is send to all participants. By sending fresh samples 
around the sample preparation is evaluated as well. 
 
In 2008 2 grass silages and 2 corn silages are split in ten subsamples vacuum packed. Because 
only two Samplinq® sites were active at that moment, eight samples were analysed at The 
Netherlands (Blgg Oosterbeek). A split level design of the proficiency test is used to 
determine repeatability as well as reproducibility. The repeatability is evaluated using 0.5 * 
RMSEPfixed and repeatability is evaluated using 1 * RMSSEPfixed. 
 
Table 4. Results produced for the proficiency test in the Samplinq® network at 2008 for both 
the grass silage samples. 

Constituents Statistics sample 
CP 

(g kg-1) 
CF 

(g kg-1) 
sugar 

(g kg-1) 
vcNDF 

(%-units) 
OMD 

(%-units) 
Mean  1 199 231 104 74.7 79.3 
Mean 2 155 247 113 71.3 77.7 
St.Dev.  1 9.5 5.2 5.4 1.1 0.65 
St.Dev.  2 11.1 4.5 10.6 1.7 0.89 
z-score clients  

1 -1.1 -0.2 1.0 0.3 1.3 Netherlands I 
2 -1.0 1.1 -2.7 0.7 -0.1 
1 -0.3 0.3 0.5 2.3 0.5 Netherlands VII 
2 2.7 -0.7 -1.2 2.6 1.4 
1 -2.5 1.3 -0.9 -3.0 -1.0 Poland 
2 -0.4 0.4 -0.8 -3.9 -2.1 
1 0.4 -1.5 -1.3 -0.2 0.2 Switzerland 
2 -2.5 -0.2 -0.4 1.6 -0.3 

 
 
Only for the Polish site z-scores above 3 were found. These high values can be caused by 
sample shipment. The shipment of the samples took more than a week due a strike of the 
Polish mail service. In result some damage may be presumed especially the grass silage 
samples. The overall results for the proficiency test are found sufficient, although some 
improvements can be made. Next time also a couple of prepared samples will be included in 
the proficiency test to evaluate the results without sample preparation and the risk of 
deterioration of samples. 
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Conclusion 
 

• The Samplinq® concept is a valuable network for feed companies and advisors to 
overcome analytical problems related to forage compostition, 

• Quality control is an important part of the success of the Samplinq® concept, 
• The Samplinq® concept offers the users to include their own feed recommendations 

based on the NIRS results, and 
• Users should realize that crop and region specific factors can affect negatively 

prediction accuracy. Up dating the data base will be needed continuously. 
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variation  
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Summary 
 
The visible and near infrared (vis-NIR) region of the electromagnetic spectrum contains 
useful information on organic and inorganic materials in the soil. Absorptions in the visable 
(400-780 nm) and the NIR (780-2500 nm) results from excitations and the overtones and 
combinations of fundamental features in the mid-infrared. The dominating absorption bands 
of water at 1400 and 1900 nm are characteristic for soil spectra, but there are also weaker 
absorption bands all over the vis-NIR range. Clay minerals absorb in the NIR-region due to 
overtones and combinations of metal-OH and O-H vibrations. Absorption bands due to SOM 
in the vis-NIR result from the darkness of organic molecules and N-H, C-H and C-O 
vibrations. Raw soil reflectance spectra are strongly influenced by structure and water content 
in a way that may overrule the sought information. This paper will give a brief overview to 
the theory of the mechanisms of absorbance in soil, followed by aspects of data and sample 
pretreatments and some environmental and matrix influences on spectra and calibration 
performance. Finally both laboratory and in situ application strategies to make maximum use 
of the rapidity and low cost of NIR-analyses are discussed. 
 
Introduction 
 
Soil is a fundamental natural resource for biomass production. It is a complex matrix that 
mainly consists of a mineral and an organic fraction. However, both of these fractions are 
highly variable in their composition with important implications on the physical, chemical 
and biological features of the soil. The mineral composition and particle size distribution 
(texture) differ and is defined by the geology, soil age, climate and position in the landscape 
(Jenny, 1980). The compositions of the organic pool contain fresh particulate residues of 
variable origin to highly decomposed and stable humus. Together with soil management 
practice over time these features have a strong influence on other soil quality and fertility 
components such as nutritional status, pH and water retention (Skjemstad et al., 1997). 
 
Thus, no two soils are exactly the same and variations occur over short distances. Therefore 
small scale soil mapping is fundamental for example for precision agriculture systems aiming 
at precise input to crops (Robert et al., 1991), for monitoring of changes in organic pools 
(Bricklemyer et al., 2005) and for deciding on mitigation procedures of environmental 
impacts such as nutrient and pesticide leaching (Jarvis, 2007). Intensive and reliable soil 
mapping require the development of inexpensive, rapid and accurate soil analysis methods, 
preferably that enable measurements directly in the field. Over the last decades the use of 
visible-near infrared (vis-NIR) diffuse reflectance spectroscopy has been explored (Ben-Dor 
and Banin, 1995; Bowers and Hanks, 1965; Shephered and Walsh, 2002; Stenberg et al., 
1995; Viscarra Rossel and McBratney, 1998). The main focus has been on individual soil 
components, mainly clay content and SOC.  
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This paper will review some of the mechanisms behind NIR-calibrations of soil parameters 
and some recent suggestions on strategies including soil vis-NIR in soil mapping strategies.      
 
Absorption features of soil 
 
A soil spectrum in the vis-NIR region is generated by directing light containing all relevant 
wavelengths to the soil. In the visible (~400-780 nm) the relatively high energy in the 
radiation will mainly cause electronic excitations and in the NIR (780-2500 nm) the lower 
energy level will cause molecular bonds in the soil to vibrate, which involves absorption. A 
specific bond will absorb a specific energy quantum and this quantum corresponds to a 
specific wavelength (inversely to frequency). Absorptions will cause reduced reflection and 
the reflection relative a white reference is what is measured. Normally reflectance (R) is then 
transformed to apparent absorbance (A): A=log(1/R). The exact wavelength’s at which 
absorption takes place depends also on the chemical matrix of the bond and environmental 
factors such as neighboring functional groups and temperature. As a soil surface is pretty far 
from specular not all unabsorbed energy will be reflected to the detector, but scattered. The 
reflection is said to be diffuse. The degree of scattering is very structure dependent. Thus, an 
absorption spectrum is formed defined by the sample’s absorbing constituents and physical 
status (Miller, 2001).  
 
NIR absorbance is characterized by overtones and combinations of fundamental vibrations in 
the mid-infrared (2500-25000 nm). This typically results in broad, superimposed and often 
weak vibrational modes in the NIR. In the visible region the radiation energy is higher and the 
main processes are electronic excitations. 
 
Albeit absorption bands are broad and overlapping in the vis-NIR the region contains useful 
information about soil. In the visible mainly ferric minerals like hematite and goethite absorb 
(Mortimore et al., 2004). Soil organic matter (SOM) may have broad absorptions in the 
visible due to the darkness of humid acids (Fig. 1a). In the NIR overtones and combinations 
of NH, CH and CO groups characterize organic matter absorptions (Ben-Dor et al., 1999; 
Goddu and Delker, 1960). Bands around 1100, 1600, 1700-1800, 2000 and 2200-2400 have 
been identified as particularly important (Ben-Dor and Banin, 1995; Clark, 1999; Dalal and 
Henry, 1986; Krishnan et al., 1980; Stenberg, 2010; Viscarra Rossel and Behrens, 2010) (Fig. 
1b).   

 
 
Figure 1. Two example spectra of high and low organic content. b) is an enlargement of a). 
Typical organic features indicated by drop-lines.  
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Clay mineral absorptions are mostly due to OH, H2O and CO3 overtones and combinations. 
Kaolinite absorb characteristically at doublets near 2200 and 1400 nm (Fig. 2). Illite and 
montmorillonite has single bands near 1400 and 2200 nm, and also near 1900 nm. Illite has 
weaker bands also near 2300 and 2400 nm. In illite and montmorillonite the 1400 and 1900 
bands are due to combination vibrations of water bound in the interlayer lattices. Such water 
is present at larger abundance in montmorillonite and not present at all in kaolinite. Therefore 
absorption bands are weaker in illite and the 1900 band not at all in kaoline (Fig. 2). The 1400 
absorption in kaolinite is due to overtones of OH vibrations of structural water. The 2200 
absorptions are due to Al–OH plus OH combinations. For these and other minerals see e.g. 
Clark (1999) and Hunt and Salisbury (1970). 
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Figure 2. Example spectra of kaolinite, montmorillonite and illite minerals.  
 
 
Calibrations of soil parameters 
 
As indicated by the previous section soil organic matter, clay minerals and water are what 
influences NIR spectra the most. It is therefore not surprising that SOM or soil organic carbon 
(SOC) and clay content typically are the soil parameters predicted most accurately with the 
most robust general calibrations (Stenberg and Viscarra Rossel, 2010; Viscarra Rossel et al., 
2006). Nevertheless, several other soil attributes, such as pH, nutrient status, elements, 
organic matter quality, etc. are sometimes reported to be accurately predicted. However, there 
is a large variation between studies with many failures reported as well.  The reason is 
probably that these parameters don’t have the strong direct relation to vibrational modes in the 
vis-NIR. It must therefore be assumed that these parameters are predicted through co-
variations to water, organics and minerals. As an example correlation spectra to pH have been 
shown to be very similar to those of clay and CEC (Islam et al., 2003; Pirie et al., 2005) and 

 40



 

while moving a successful pH calibration from one site to another the loss in performance was 
much greater and severe compared to a SOC calibration (Reeves et al., 1999). To assume co-
variations to SOM and clay minerals is reasonable as both influence the buffer capacity of 
soil. These relationships are, however, not very robust due to for example different 
agricultural practice, not least liming, which will interrupt such relationships. Similarly the 
large variability of plant available phosphorous predictions can be attributed to relationship to 
soil type dependent fertility regulating how much available P that is removed from soil with 
the harvest, a relationship easily interrupted by fertilization. P has also been suggested to have 
more or less direct spectral features through P-soil complexes (Bogrekci and Lee, 2005; 
Maleki et al., 2006). Secondary calibrations like these should not be rejected, but the 
mechanisms behind them need to be better understood for reliable calibration strategies to be 
developed.   
 
Although SOC and clay calibrations usually can be regarded as robust, the variation between 
prediction results is not insignificant, especially regarding the root mean squared error 
(RMSE). It is frequently suggested that a smaller soil variation would support better 
calibrations indicating a scale effect (e.g., Udelhoven et al., 2003).  However, reviewing a 
large number of published prediction results it was found that the variation in the predicted 
soil property itself could explain a very large part of the variation in prediction performance 
(Fig. 3) (Stenberg and Viscarra Rossel, 2010). For SOC, field scale calibrations could be 
separated, but there was only a tendency that they performed better than large scale 
calibrations (Fig. 3).  
 
 

 
Figure 3. The RMSE of SOC calibrations as dependent of SOC variation. Filled symbols are 
from large scale calibrations and open symbols are from field or farm scale calibrations. 
Modified from Stenberg and Viscarra Rossel (2010). 
 
 
Regarding SOC it has also been observed that very sandy soil may be worse predicted than 
more clayey ones (Fystro, 2002; Stenberg et al., 2002). Recently it was shown that the 
sandiest soils in a wide data set were over predicted (Fig. 4) (Stenberg, 2010). This could be 
explained by the dark humus dominating the spectra of relatively featureless quartz (Clark, 
1999). Interestingly and largely unexplained, this effect was eliminated by volumetrically 
standardized remoistening (Fig. 4). 
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Figure 4. Prediction errors in dry and remoistened samples within different sand classes. 
From Stenberg (2010). 
 
 
Strategies for soil mapping 
 
The two basic strategies to consider first is laboratory analysis of collected samples or field 
measurements. The second make full potential of the rapidity and simplicity of vis-NIR 
spectroscopy, but may result in slightly worse predictions due to environmental and technical 
issues regarding sample presentation, surface conditions, reproducibility, moisture, etc. This 
is, however, not necessarily the case. Recently working systems for on-the-go measurements 
with soil penetrating shanks equipped with a sapphire glass protected vis-NIR probe have 
been developed (e.g. Christy, 2008). Although variable soil moisture content and the potential 
weakening of soil features close to water bands broadening as water levels increase are 
problems often experienced (e.g. Lobell and Asner, 2002) the opposite has also been reported 
with the statistical differences between dry and field moist soils mainly found in restricted 
regions (1300-1600 and 1850-2100) (Viscarra Rossel et al., 2009). Potentially larger 
prediction errors need also to be put in relation to what may be gained by a denser sampling 
made feasible by in-field measurements.  
 
Regardless if laboratory or field analysis is the intention of a calibration, sampling and 
calibration strategies are needed. Christy (2008) suggested a full system from on-the-go field 
measurements over field wise selection of calibration samples to predictions. For laboratory 
measurements Wetterlind et al. and Wetterlind (2009) suggested strategies recognizing the 
need to keep the number of local calibration samples at a minimum. Local calibrations at the 
farm scale with 25 samples performed well for SOM and clay while nation scale (Sweden) 
calibrations did not. By spiking (adding local samples to a general data set and recalibrating) 
nation scale data set, and especially in combination to only using the nation scale spectra most 
similar to the local spectra, as few as 5 or 10 local calibration samples were often needed. 
Similarly Sankey et al. (2008) found that a global library spiked with a relatively small 
amount of regional samples improved calibrations at the landscape scale. Shepherd and Walsh 
(2002) suggested that a large spectral library should be spiked with outliers of the local target 
area.      
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Abstract 
 
Fourier transform near infrared spectroscopy (NIRS) using an optical fibre diffuse reflectance 
probe was used to build at-line calibration models to measure individual and total VFA in 
anaerobic digesters treating pig slurry and maize silage. Calibration spectral data was 
collected from one litre samples which were heated to the reactor temperature (52° C) and 
continuously mixed to allow maximum presentation of sample to the NIRS probe, which 
recorded the average spectra from 256 scans per measurement. High collinearity between 
many individual VFA species led to the decision to monitor total VFA as an indicator of 
process imbalance. Models with R2 values up to 0.965 with a standard error of cross 
validation of 1642 mg l-1 for total VFA were possible over a large range of VFA 
concentrations from 0 to ca. 31,000 mg l-1. Using a smaller sample set covering a range of 
total VFA concentrations from ca. 200 to 5000 mg l-1 produced a predictive model with a 
lower R2 of 0.872, but with a much smaller standard error of cross validation of 573 mg l-1. 
This model was considered of more use than the previous model as it covered a range of VFA 
concentrations which were more likely to be encountered in a commercial biogas process. 
 
The prediction models are currently being validated as an on-line measurement of 120 litre 
pilot scale anaerobic digesters treating chicken manure, where the optical fibre probe has been 
fitted directly through the reactor wall. Prediction of total VFA in the chicken manure 
digesters has thus far shown a good correlation to total VFA measured by GC, with an R2 of 
0.954, but the calibration required an offset and slope correction to achieve this. It is planned 
that the probe be later fitted to the digestate outflow line of a 30 m3 pilot digester treating 
cattle manure. Further calibration models for total VFA will also be constructed using these 
different substrates and calibration models using combinations of different substrate VFA 
data. 
 
Introduction 
 
NIRS of anaerobic digestion processes has shown some success as a fast and low maintenance 
method of estimating the state of the process. Hansson et al. (2002; 2003) found very good 
and good predictions of propionate in two separate studies involving the use of a diffuse 
reflectance probe for the anaerobic digestion of municipal solid waste. The lower quality 
prediction was from the latter study which included more data. In addition to the quantitative 
determination of propionate, the authors found that principal component analysis of the NIR 
spectra showed dynamic changes in microbial biomass by phospholipid fatty acid (PLFA) and 
phospholipid ether lipid (PLEL) predictions upon over-loading in the 2002 publication. Also 
spectral changes relating to over-loading, excessive foaming, failed stirring and changes in 
substrate C:N ratio were reported in the 2003 paper. 
 
Holm-Nielsen et al. (2006) examined volatile solids, total solids and COD as part of a study 
in representative sampling of biological slurries, with NIRS predictions that were very good, 
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good and poor respectively. A later study by the same authors (Holm-Nielsen et al. 2008) 
concentrated on measuring VFAs for process monitoring and also glycerol as a feedstock. 
Predictions of VFA were quite variable, with excellent predictions of acetate, iso-butyrate, 
iso-valerate and total VFA, very good prediction of valerate and poor prediction of butyrate 
and propionate, the latter with an R2 of just 0.37. The technique used in both Holm-Nielsen 
studies was transflexive NIRS the 2006 study as an off-line analysis and the 2008 study as an 
in-line analysis using a flow cell with a path length of 3 mm within a sampling loop.  
 
Making a decision over which parameter to monitor to best estimate the state of the process is 
not easy. Propionate has been suggested as an effective parameter for indicating process 
imbalance (Nielsen et al,. 2007), although monitoring relative concentrations of individual 
volatile fatty acids has been suggested to be more indicative of process stability (Ahring et al. 
1995; Pullammanappallil et al. 2001; Pind et al. 2003). In this study, the high collinearity 
between most individual VFA species led to the decision to make calibration models for total 
VFA with the aim of providing an early warning system against process failure. The 
validation of NIRS models on large scale reactors and with different manure types is of 
particular interest; It has previously not been demonstrated whether a NIRS model created 
using one material will be effective when using a different substrate. 
 
Materials and methods 
 
Four pilot scale reactors were operated at 52° C on a feedstock of pig manure and maize 
silage. The reactors were two 10 m3 and two 30 m3, in serial configured pairs as a pre-
treatment / methanogenic (10 m3 into 30 m3) configuration and as a methanogenic / post 
digester (30 m3 into 10 m3) configuration. The ratio of pig slurry to maize silage volatile 
solids was approximately 1.3 : 1, with a mean organic loading rate (OLR) of 5.7 kg VS m-3 d-1 
and a hydraulic retention time (HRT) of 12.3 days in the methanogenic reactors alone. The 
retention time of the pre-treatment reactor was reduced from 4 days to 1.45 days over the 
course of the experiment to provide a wide range of VFA concentrations. The reactors were 
fed ten times a day. One litre samples were collected five times a week for a five month 
period and VFA species were measured by gas chromatography for NIRS calibration. 
 
NIRS analysis of the samples was by a Bomen QFA Flex Fourier Transform spectrometer, 
with an optical fibre interface and diffuse reflectance probe. Spectra were collected using Q-
Interline INFRAquant software, and calibration models constructed with PLSplus/IQ 
software. The samples were prepared for NIRS analysis by heating them to the reactor 
temperature in one litre beakers. The beakers were then placed on rotary shakers at 
approximately 100 rpm with the probe fixed above and immersed to a depth of 20 mm. 
Samples were analysed in duplicate and also each measurement was an average of 256 scans. 
The advantage of this arrangement was twofold in that the motion caused the sample to be 
mixed slightly to reduce sedimentation and also that the sample was moved in relation to the 
probe tip over an elliptical path of approximately 40 mm by 20 mm, thus providing a more 
representative measurement. 
 
A single pilot scale reactor of 120 litres operating on chicken manure was used for a 
preliminary on-line NIRS experiment. The digester was originally fed automatically at an 
OLR of ca.3.55 kg VS m-3 d-1 and an HRT of 24 days, then switched to manual feeding five 
days a week at an OLR of 7.1 kg VS m-3 d-1 whilst maintaining the HRT of 24 days by simply 
halving the dilution of the feed. The aim of this doubling of the OLR was to create a larger 
range of VFA concentrations. The digester was modified to fit the reflectance probe directly 
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into the reactor wall (Figure 1). Digestate samples for GC VFA analysis were collected from a 
sample port situated at a similar level but on the opposite side of the reactor. The reactor 
contents were mixed thoroughly by a gas recycling mixing system before and during sample 
collection and stopped just before NIRS measurement to prevent gas bubbles causing a false 
measurement. The 100 ml samples drawn off for GC analysis were part of bulk digestate 
samples of approximately six litres. The remainder of each bulk sample was carefully 
returned to the digester feed inlet during NIR analysis to cause further agitation within the 
digester contents and thus a more representative measurement. The same 256 scan averaging 
used in the previous experiment was employed. 
 
 

 
 
Figure 1. On-line fitting of reflectance probe to 120 litre chicken manure digester. 
 
 
The final method of applying NIRS to anaerobic digestion systems will involve adding the 
reflectance probe to the outflow pipe of one of the 30 m3 pilot digesters (Figure 2), treating 
cattle slurry as the only input. This method is expected to provide good quality spectra as 
measurements will only be taken when material is flowing along the pipe, thus allowing a 
large volume of material to pass directly across the probe window. Samples taken at the same 
time for GC analysis will also be representative of the material used for the NIR analysis due 
to the close proximity of the sample port in relation to the probe position. The vertical section 
of tubing is expected to improve turbulence and thus prevent gravitational segregation of the 
material (Holm-Nielsen et al. 2006)  
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Figure 2. Proposed on-line fitting of reflectance probe to 30 cubic metre cattle manure 
digester outlet. 
 
 
Results and discussion 
 
Total VFA NIRS models from the pig manure and maize silage feedstock data were 
constructed from various combinations of the four pilot scale reactors. Using all four reactors 
produced the best model at first glance, with an R2 of 0.965, a standard error of cross 
validation of 1642 mg l-1 and a residual prediction deviation (RPD) of 5.17 but the data is 
spread over a large range (Figure 3) from ca. 0 – 31000 mg l-1 with very few data points 
between 5000 and 22000 mg l-1. This model also required eleven PLS components to describe 
96.5 % of the variance. A model produced from reactor 1 data alone (reactor 1 was a 30 m3 
methanogenic reactor with a pre-treatment stage placed before it) gave an R2 of 0.872 and a 
standard error of cross validation of 573 mg l-1 from a model using only three PLS 
components (Figure 4). The range of total VFA was restricted to between ca. 200 – 5000 mg 
l-1, therefore the standard deviation was much lower giving an RPD of only 2.32. However, it 
was decided that this model would better predict total VFA due to the lower standard error of 
cross validation in relation to the range of VFA expected from a normal methanogenic biogas 
reactor.  
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Figure 3. Total VFA calibration model using data from all four pilot reactors treating pig 
slurry and maize silage. 
 
 

 
 
Figure 4. Total VFA calibration model using data from reactor 1 (methanogenic reactor with 
pre-treatment stage) treating pig slurry and maize silage. 
 
 
Validating the reactor 1 model described above with a small number of on-line NIRS 
measurements taken from a digester treating chicken manure produced an R2 of 0.959 but 
required a slope and offset correction to achieve this, as illustrated in Figure 5.  
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Figure 5. Estimation of chicken manure total VFA using NIRS model created from pig slurry 
and maize silage data. 
 
 
Although the model created from pig slurry and maize silage data produced a promising 
validation with chicken manure, the model will require further validation using more chicken 
manure VFA estimations to provide a more definite slope and offset modification of the 
predicted VFA concentration.  
 
Further study will involve attempts to improve the total VFA models and also to provide a 
more representative sampling of the digester contents. The initial at-line NIR analysis of pig 
slurry with maize silage was perhaps less likely to produce an accurate representation of the 
digester contents, but pair-wise sampling was believed to be very accurate (i.e. the material 
measured by NIRS was identical to that measured by GC). The 120 litre chicken manure 
experiment was expected to be less likely to produce pair-wise representative sampling 
between NIRS and GC measurements as practical difficulties led to it being difficult to take a 
digestate sample that was the same material as that measured by NIRS. It is believed that 
attaching the reflectance probe directly to the outflow of one of the 30 m3 reactors will 
provide results that are representative in all respects.  
 
Models will also be created using combinations of the VFA measurements from different 
manures, to find if a standard model can be built that will adequately estimate total VFA of all 
feedstocks used in this study. 
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Conclusions 
 
This study has shown that a NIRS diffuse reflectance probe can be used to make reasonable 
calibrations of total VFA concentrations from an at-line analysis. More importantly, early 
results suggest that a total VFA NIRS model created on one digester feedstock can be used to 
estimate the total VFA of a digester treating another feedstock through on-line analysis, 
although the estimation requires slope and offset correction.  
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Obtain maximum spectral Quality – a guideline 

 Anders Larsena   
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Abstract 
 
Near-Infrared (NIR) spectroscopy can potentially provide us with a wide range of 
information, originating amongst other sources from our samples. This information may be of 
both physical and chemical nature. By applying a science-based approach the final spectral 
quality can be maximized and thus the chance of successfully unwinding the secrets of the 
samples are optimized. This presentation will take a guided tour from lot to high quality 
spectral information. Starting out briefly touching upon the theory of sampling, we will 
quickly move on to the spectroscopic scanning of a set of samples. With at least 7 potential 
NIR technologies available, clearly identified with their own set of critical parameters, it 
becomes clear that “rules of thumb” are not the answer to all sample scanning schemes. The 
presentation will show effects of scanning time, resolution, apodization, referencing, 
accessories, detector choice and a variety of other critical points. The tour will conclude that 
with prober settings and combinations of the above, all 7 NIR technologies has the potential 
to provide high quality spectral data, making the chemometrics fly. 
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Abstract 
 
Anaerobic digestion processes for production of renewable energy in the form of biogas, and 
in the future hydrogen, are becoming increasingly important worldwide. Sustainable solutions 
for renewable energy production systems are given high political priority, amongst other 
things due to global warming and environmental concerns.  
 
Anaerobic digestion applied in agriculture can simultaneously convert heterogeneous 
biomasses and wastes from the primary agricultural sector and from the bio processing 
industries, for instance food processing, pharma, and biofuel production, into valuable organic 
fertiliser and renewable energy.  
 
Meanwhile, in order for the biogas sector to become a significant player in the energy supply 
chain, the anaerobic digestion process has to be controlled to a greater extent than what is 
implemented as state-of-the-art today. Through application of the philosophy behind Process 
Analytical Technology, well-known from the pharmaceutical sector, these objectives can be 
realised. NIRS and chemometrics are key technologies in this concern. 
 
The feasibility studies summarised in this paper concerns at-line and on-line PAT monitoring 
of anaerobic digestion processes at several distinct scales. The aim was to investigate, whether 
changes in the chemical environment in the anaerobic digesters could be monitored by NIRS 
enabling biogas plant operators to respond to the process dynamics. Results show that several 
key intermediates suitable for control of the anaerobic digestion process can be quantified in a 
non-invasive manner by NIRS with good performance statistics. Especially this applies for 
the parameters total solids, volatile solids, ammonium, and volatile fatty acids.  
 
 
 
 
 
 

 53

mailto:mima@bio.aau.dk


 

Poster Presentations 

NIR spectroscopy for potential quality assessment of tree seeds 

Martin Jensen1 and Birthe P. Møller Jespersen2  
1 Department of Horticulture, Aarhus University, Email: Martin.Jensen@agrsci.dk  
2 Department of Food Quality and Technology, KU-Life 

Seeds of forest and landscape trees are often harvested in forest stands or seed orchards with 
broad genetic variation and produced under the prevailing natural environmental conditions. 
This results in a large variation in seed quality. For some species it is very difficult to 
optimise seed quality satisfactorily for precision sowing during post harvest processing of the 
seeds, as traditional sorting techniques can not separate seeds efficiently. New non-destructive 
NIR spectroscopic methods shows promise to potentially be able to contribute to a better 
identification of seed quality in some species, where as it may not work in other species. Also 
little is known on what is the optimal timing and condition of the seeds, when applying NIR 
identification tools. What is the best water content of seeds, - should seed dormancy be 
released before testing, - can we perform specific preconditioning of the seeds before NIR 
scanning to enhance identification of different classes of seed quality etc.  
 
In a preliminary study we examined the possibility to identify different seed quality classes in 
Fagus sylvatica and Abies nordmanniana seeds either dry or partly moist. Single seeds were 
scanned by NIT and transmission data from 850 to 1050 nm were collected and compared to 
the quality of the individual seeds. Quality was determined as the ability to germinate or the 
quality of the non-germinated seeds evaluated by cutting seeds. Data processing was 
performed using Unscrambler software, exploring possible correlations between destiny 
classes and scan features by testing different data pre-treatment’s.   
 
In Fagus sylvatica no correlations was found between scan features and seed destiny. This 
may be caused either by the large size and thick seed coats of the beech nuts, not allowing 
satisfactory transmission of light through the seed or due to the triangular shape of the seeds, 
not being adapted to linear light transmission measurements. There was no difference between 
dry or moist seeds. For Abies nordmanniana the results suggest that some classification of 
seed quality may be possible in future, but that more research is needed to validate and 
document methods and possible results.  
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Determining clover content in dried and grinded grass-clover samples by NIR-
spectroscopy 

Bo Stenberg1, Jan Jansson2, Anna Nyberg1 

1 Swedish University of Agricultural Sciences, Department of soil and environment 
2 Swedish Rural Economy and Agricultural Society 

A study was performed in 2006 in two field trials on Rådde experimental farm. The ley trials 
consisted of a mixture of different grass species, red clover (Trifolium pratense), white clover 
(Trifolium repens) and in one of the trials chickory (Cichorium intybus). In the study NIR-
analysis was performed on the same samples as the regular botanical analysis were performed 
on. Thus sampling error was minimized. Figure 1 show a good relationship between NIR-
spectra and total clover content. The differences between the manually sorted clover content 
and the NIR predicted content were on average 4.5 % clover. This must be considered to be 
good. However, this can not always be expected as the trial conditions regarding i.e. varieties 
and harvest time were the same in each trial representing both calibration and validation 
samples. Thus, the distinction between clover and grass would be well defined in the PLS 
calibration by means which can not be guaranteed for extrapolation to other conditions. This 
was indicated by using the clover content calibration for one of the trials for prediction of the 
other trial. This trippled the average deviation between measured and predicted clover 
content. However, this type of validation, comparing one set of conditions with another, is 
very rigorous and would overestimate errors compared to a representative calibration set.     
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Figure 1. Correlation between measured clover content (red and white clover) and 
predicted by NIR. Predicted samples are not included in calibration by 
crossvalidation. Grass-clover mixtures were from two field trials on Rådde 
experimental farm in 2006.  
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NIR analyses of whole-crop cereal silage 

Marcus Eklund1, Elisabet Nadeau1, Bo Stenberg2 and Anna Nyberg2 

1 Swedish University of Agricultural Sciences, Department of Animal Environment and Health 
2 Swedish University of Agricultural Sciences, Department of Soil and Environment 

The aim of this study was to compare chemical analysis of whole-crop cereal silage to NIR 
spectra made on fresh silage straight from the newly opened silo after conservation. Whole 
crops of spring-sown barley, oat and wheat and autumn-sown triticale were harvested at the 
early milk stage or at the early dough stage of maturity at Lanna experimental farm in 2002 
and 2003 in three field replicates. Forages were ensiled in 4-L laboratory silos for 90 days 
(Nadeau, 2007). The fresh unprepared silages were scanned with NIR before samples were 
taken out for chemical analysis of nutrient content and hygienic quality. Results from the 
chemical analysis were related to the NIR spectra and treated to make a prediction model. The 
results showed that prediction of starch, dry matter, crude protein (Figure 1), ammonium-N (g 
kg DM-1), sugar, lactic, acetic and propionic acid can be performed by NIR measurements. 
New calibration samples needs to be added each year as reliable results only were obtained 
for starch, dry matter and lactic acid, when averaged over the two years. 
 
 

 

R2=0,83 
Y=3,96 + 0,95x 

 
Figure 1. Result from regression performed on crude protein 2002. 
 
 
Nadeau, E. 2007. Effects of plant species, stage of maturity and additive on the feeding value 

of whole-crop cereal silage. Journal of the Science of Food and Agriculture 87: 789-801. 
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Acoustic transmission loss related to forage density 

Vicent Gassó Tortajada & Ole Green* 

University of Aarhus, Dept. of Agricultural Engineering, Research Center Foulum, Blichers 
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Abstract 
 
The main parameters affecting forage management and quality are density and moisture 
(Muck et al., 2004). Reliable measuring methods for their monitoring are lacking, producing 
improper prediction of the available stock, unsuitable managing of the compaction level 
(O’Donnell et al., 1997; Muck et al., 2004) and negative impact on animal health (Shao et al., 
2005; O’Donnell et al., 1997). Theoretically, acoustic absorption depends on the physical 
properties of the propagation media (Sagartzazu et al., 2008). Based on that, the objective of 
this research is to develop a non-destructive in-situ acoustic measurement method using 
sonic-frequencies insulation to determine forage quality parameters. 
 
This new method is presented by analysing the sound transmission loss (TL) spectrum 
produced by different types of hay, silage and straw and their respective density 
modifications. TL was calculated by placing the forage samples in a transmission room and 
measuring the difference between the emitted and received sound power in every third octave 
band from 12,5 Hz to 20 kHz. After the pertinent measurements, the TL spectrum showed a 
high congruency with the forage physical macro-structure; the varieties with thicker stems 
produced a greater insulation than the thinner stem ones. Additionally, insulation reductions 
were observed when water content increased. On the other hand, when analysing for each 
frequency the connection between density and TL, a correlation coefficient peak at 3150 Hz 
was observed. At this frequency, significant positive correlations were found. Furthermore, 
every material presented a distinctive slope; while the silages revealed the smallest slopes, the 
straws showed the biggest ones. 
 
Although further analysis is needed, this new measurement method may open up for new 
possibilities in agriculture, animal nutrition and bio-energy production with a large diversity 
of applications such as material properties monitoring, materials identification and quality 
determination. 
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Analysis of solid animal manure from slurry separation by near infrared reflectance 
spectroscopy (NIRS) 

Peter Sørensen1 and Lambert K. Sørensen2

1 Aarhus University, Faculty of Agric. Sciences, Department of Agroecology and 
 Environment, 8830 Tjele, Denmark. E-mail: Peter.sorensen@agrsci.dk 
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Abstract 
 
The solid manure fraction from slurry separation is normally exported from the farm. The 
export of nutrients has to be accounted for and therefore the nutrient content of the manure 
should be known. Thus, an easy and inexpensive manure analysis method would be useful. 
We have tested the performance of a near infrared reflectance spectroscopy (NIRS) 
instrument for analysis of separated solid manure fractions. The manure content of dry matter, 
total N, ammonium-N, plant available N (MIN-N) and total P could be well predicted with 
NIRS with r2 values of 0.97, 0.93, 0.88, 0.92 and 0.90, respectively. The ratios between 
analyte variation range standard deviation and the root mean square error of cross validation 
(SD/RMSECV) were 5.3, 4.0, 2.9, 3.9 and 3.3 for dry matter, total N, ammonium-N, MIN-N 
and total P. We conclude that the used NIRS methodology seems to be suitable for rapid 
analysis of dry matter, total N and P, and potential plant availability of N in solid manure 
fractions from slurry separation. 
 
Introduction 
 
The solid manure fraction from slurry separation is normally exported from the farm, e.g. to 
be used on biogas plants or to be used on other farms as a fertilizer. The export of nutrients 
has to be accounted for and therefore the nutrient content of the manure should be known. 
Thus, an easy and inexpensive manure nutrient analysis method would be useful.   
 
The solid manure fraction will often be used as a fertiliser. However, the plant availability of 
nitrogen (N) in separated solid manures can be difficult to predict due to variable 
mineralisation of organic N in the manure after field application (Petersen & Sørensen, 2008).   
 
It has previously been documented that near infrared reflectance spectroscopy (NIRS) can be 
used for rapid routine analysis of nutrients in pig and cattle slurries (Sørensen et al. 2007), and 
NIRS can also be used for analysis of moisture, total N, total C and ammonium N in solid 
dairy manures (Reeves and van Kessel, 2000). NIRS also has the potential to measure the 
composition of organic compounds in manure and thereby it might be possible to predict the 
potential N mineralization of manure N in soil. 
 
We have tested the performance of a NIRS instrument on the analysis of dry matter, total N, 
P, K, ammonium N and potentially plant available N in separated solid manure fractions. 
Solid manures from a number of different slurry separation units were used in the test.  
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Materials and methods 
 
Solid manure was sampled from a number of slurry separation units in Denmark with the 
intention of obtaining samples representing a high variability. These included digested and 
undigested manures from different animal species, separation techniques, storage times and 
drying treatment. A total of 96 manure samples originating from slurry separation were used 
for calibration and cross-validation. 
 
The following reference analyses were made on the manure samples: content of dry matter 
(100 °C), total N (wet Dumas), P and K (ICP analysis after ashing), ammonium-N (distillation 
after MgO addition) and net release of mineral N from manure after decomposition in soil 
(MIN-N). MIN-N was measured as the net release of mineral N from manure after 11 weeks’ 
laboratory incubation of a loamy sand soil amended with manure at 10°C as described in 
detail by Petersen and Sørensen (2008). 
 
The measurement of NIR spectra was made on a FOSS NIRSystems 6500 instrument 
(monochromator) equipped with a “natural product sample cell” and a transport module for 
moving the sample during scanning (40 repeated scannings on each sample). The only sample 
treatment was a mixing. The samples were scanned from 400-2500 nm, but the area 400-1100 
nm gave no significant information and was omitted from calibrations. Data were treated as 
described by Sørensen et al. (2007). Four of the samples showed deviant spectra and were 
omitted from the calibrations. The best calibrations were selected based on a cross-validation. 
 
Results and discussion 
 
The sampled manures showed a high variation in composition as intended (Table 1). Dry 
matter content varied from 17-65%, total N content from 4-20 kg N t-1 and total P from 2-35 
kg P t-1. 
 
Figure 1 shows that dry matter, total N, ammonium-N, MIN-N and total P in the solid 
manures could be well predicted with the used NIRS methodology with r2 values of 0.96, 
0.93, 0.88, 0.92 and 0.90, respectively. Total K was less well predicted. The ratios between 
analyte variation range standard deviation and the root mean square error of cross validation 
(SD/RMSECV) were 2.9-5.3 for dry matter, total N, ammonium-N, MIN-N and total P, but 
only 1.4 for total K (Table 1). 
 
Table 1. Composition of solid manures and cross validation errors obtained from calibration. 

Parameter Minimum 
kg t-1

Maximum 
kg t-1

RMSECV *) 
kg t-1

SD/RMSECV *) 

Dry matter 173 652 18.5 5.3 
Total N 3.96 19.7 0.75 4.0 
Ammonium N 0.05 6.81 0.76 2.9 
MIN-N 0.49 10.5 0.56 3.9 
Total P 1.80 34.7 2.08 3.3 
Total K 0.94 4.03 0.50 1.4 
 *) RMSECV: Root mean square error of cross validation 
 
 
Ammonium-N in manure was less well predicted than in previous studies with slurry and 
solid dairy manures (Reeves and Van Kessel, 2000; Sørensen et al., 2007). The study of 
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Sørensen et al. (2007) showed strong indications that the ammonium-N content in slurry was 
directly reflected in the spectra through an influence of N-H bonds on reflection. We cannot 
exclude that the poorer prediction observed here was due to weaknesses of the performed 
reference analysis of ammonium-N. This could also be the reason why the NIRS method 
predicted slightly negative ammonium values for some of the samples with very low 
ammonium content at or below the detection limit. Surprisingly, MIN-N was predicted just as 
well as total N, and better predicted than ammonium N. The initial ammonium content plus 
organic N that is mineralised in soil during the first 11 weeks after application influence MIN-
N. However, N immobilisation processes also have influence on MIN-N (Petersen and 
Sørensen, 2008). The proportion of total manure N that was net mineralised was very variable 
(11-67% of total N). The good prediction of MIN-N indicates that the NIRS measurement 
responded to mineralisable organic N compounds in the manures. Measurement of 
ammonium-N alone gave a poor prediction of MIN-N.   
 
The NIRS analysis of total P in manure was also acceptable as observed for slurry P analysis 
by Sørensen et al (2007). The separated manures generally had a high P content, and P is an 
important element in environmental farm management.  
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Figure 1.  NIRS prediction versus measured content of dry matter, total N, ammonium-N, 
plant available N (MIN-N), total P and total K in solid manure (n=96). The predictions were 
based on cross-calibrations. 
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The NIRS analysis could only give a very rough estimate of total manure K, like also found 
for slurry K analysis (Sørensen et al. 2007). However, this may not be so important since K is 
not an environmental pollutant and K is less expensive than P. In addition, the variation in 
manure K content is less than for N and P, and agricultural soils usually contain a significant 
stock of plant-available K.    
 
The instrument used in this study is too expensive to be used for on-farm analysis. It will be 
necessary to make similar calibrations and tests with cheaper mobile instruments before the 
method can be used for routine on-farm analysis. However, if there is a demand for rapid 
laboratory analyses, there would be scope for the instrument in this area.   
 
Conclusions 
 
We conclude that the used NIRS methodology is suitable for rapid analysis of dry matter, 
total N, total P, and potential plant availability of N in solid manure fractions from slurry 
separation. 
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Improving Manure Separation by NIT 

Maibritt Hjorth 

University of Aarhus, Department of Agricultural Engineering, Blichers Allé 20, P.O. 50, 
8830 Tjele, Denmark 

Near infrared spectroscopy may be used for monitoring manure separation continuously in 
order to regulate the process parameters according to the ever-changing input manure. 
 
Flocculation of manure followed by a solid-liquid separation technique improves the 
characteristics of manure. The separation produces a solid fraction with high dry matter (DM) 
content and it produces a liquid fraction with reduced N:P ratio. By replacing the manure 
applied to fields by the liquid fraction, both the pollution of the surrounding land and water 
are reduced and aspects of on-farm management of the manure are improved. 
 
Determination of separation performance may be performed by analyzing 1) the solid and 
liquid fractions directly, 2) the flocculated sample and predict performance after separation, or 
3) the raw manure and predict performance after flocculation and separation. This study has 
focused on situation 1 and 2. 
 
Improving manure separation involves determination of the distribution of P, N, DM and 
organic dry matter (VS) distribution between the two fractions plus the dewatering velocity. 
Prediction of the separation performance based on samples obtained before the solid-liquid 
separation step (situation 2 and 3) depends on characteristics such as a) the P speciation, b) 
the N speciation, c) pH, and d) the charge density of the dry matter, which again may be 
determined by specific organic compounds, such as humus. 
 
Characteristics of raw manure are predictable using NIR. Preliminary analyses of raw manure 
with NIR proved NH4-N, pH, DM and VS prediction useful. Additionally, prediction of total-
N and K in manure samples has previously proved useful. Analyses of P with NIR have 
proved limited in predictability. 
 
To determine the potential of NIR for improving the separation, 43 separations were 
performed; different in terms of type and amount of flocculent. Analyzing liquid fractions 
obtained after the separation with NIR, determination of P, DM and VS distribution and 
dewatering velocity appears possible. The analyses on the flocculated samples primarily 
indicated potential for prediction of DM and VS distribution at separation and the dewatering 
velocity. 
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Prediction of silage digestibility and ovine faecal composition from faecal scans with 
near infrared reflectance spectroscopy (NIRS) 

L. Nyholm1, J. Nousiainen1 and M. Rinne2 

1 Valio Ltd., P.O. Box 30, FIN-00039 Valio, Finland 
2 MTT Agrifood Research Finland, Animal Production Research,  
 FIN-31600 Jokioinen, Finland 

The objective of this study was to create a near infrared reflectance spectroscopy (NIRS) 
calibration based on sheep faecal samples to predict silage in vivo D-value and faecal 
composition [N, NDF and indigestible NDF (iNDF) based on 12-d in situ incubation]. The 
faecal data set comprised in vivo digestibility trials made with sheep and included 280 NIR 
spectra of individual sheep faecal samples. Faecal calibrations were tested with internal cross 
validation method and external validation samples. The whole faecal data set was split into 
calibration (n=244) and validation (n=36) sets. NIR calibrations were calculated using 
spectral range 400-2500 and 1100-2500 nm and modified partial least square regression 
method (PLS). Different mathematical treatments for spectra were used: first and second 
derivative and standard normal variate and detrend (SNV-D). The best models were selected 
based on standard error of cross validation (SECV) and R2 values of the calibrations. The best 
NIRS calibrations were achieved using mathematical treatments 1,4,4,1 and SNV&D. The R2 

value for the best D-value calibration was 0.935 and SECV 14.4g/kg DM. The R2 values for 
the best equations for faecal N, NDF and iNDF concentration were 0.977, 0.986 and 0.906 
and SECV 0.85, 11.70 and 27.6 g/kg DM, respectively. The results were also compared with 
NIRS digestibility predictions based on 73 dried and milled (1 mm screen) silage samples that 
were the same silages fed to sheep. The silage calibration was created with a large dataset 
including both farm and experimental samples and based on in vitro pepsin-cellulase 
solubility method. The faecal calibration reached a better accuracy than the silage calibration 
for silage D-value. The iNDF concentration of silage and faeces was predicted almost with the 
same accuracy level and R2 values for both calibrations were greater than 0.9. In conclusion 
silage digestibility could be predicted from sheep faeces at least with the same accuracy as 
from silage samples with NIRS. 
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The Soil Spectroscopy Group and the development of a global soil spectral library 

Bo Stenberg1 and Raphael Viscarra Rossel2 on behalf of the Soil Spectroscopy Group 
1 Swedish University of Agricultural Sciences, Department of soil and environment 
2 CSIRO Land & Water, Bruce E. Butler Laboratory, GPO Box 1666 Canberra ACT 2601,  
 Australia 

The Soil Spectroscopy Group collaboration aims to develop a global soil spectral library and 
to establish a community of practice for soil spectroscopy. This will help progress soil 
spectroscopy from an almost purely research tool to a more widely adopted and useful 
technique for soil analysis, proximal soil sensing, soil monitoring and digital soil mapping. 
The initiative started in April 2008 with a proposal for the project to be conducted in a 
number of stages to investigate the following topics: i) Global soil diversity and variation can 
be characterized using diffuse reflectance spectra, ii) soil spectral calibrations can be used to 
predict soil properties globally and iii) soil spectroscopy can be a useful tool for digital soil 
mapping. 
 
Currently, the soil spectral library is being developed using legacy soil organic carbon (OC) 
and clay content data and vis-NIR (350–2500 nm) spectra, but in future we aim to include 
other soil properties and mid-IR (2500–25000 nm) spectra. The group already has more than 
40 collaborators from six continents and 20 countries (Table 1) and the library consists of 
5223 spectra from 43 countries. The library accounts for spectra from approximately only 
22% of the world’s countries, some of which are poorly represented with only very few 
spectra.  We would like to encourage participation from as many countries as possible. 
 
Do you want to join the group and contribute spectra to the global library? Contact the authors 
and have a look at: http://groups.google.com.au/group/soil-spectroscopy  
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Routine soil analysis using NIRS, attaining maturity 
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a Blgg, P.O. Box 115, 6860 AC Oosterbeek, The Netherlands, e-mail ved@blgg.nl 
b NMI, P.O. Box 250, 6700 AG Wageningen 

Introduction 
 
Society demands sufficient food of good quality produced in a sustainable way. This requires 
knowledge about the actual soil nutrient status so that proper nutrient application rates can be 
recommended. However, traditional soil testing techniques are costly, labour intensive and 
time consuming. 
 
There are promising results for Near Infrared Reflectance Spectroscopy (NIRS) for soil 
testing (1,2,3). In response, Blgg has started a research project to investigate the perspectives 
of using NIRS in routine soil testing.  
 
In 2003 a first calibration database containing NIR-spectra and wet-chemical analytical data 
for soil samples was designed to cover the variation of Dutch agricultural soils, amounting in 
total 2500 soil samples (Table 2). The NIR-spectra have been recorded using a Q-Interline 
FT-NIRS instrument . The calibration models were constructed using locally weighted PLS 
(WinISI, Foss, Denmark). 
 
A well-known problem when using NIRS-technology is how to cope with is the 
reproducibility of the reference methods. The reproducibility is not constant because of the 
large range of the constituents (Table 2). For example, dune sands usually organic matter 
contents < 5 g kg-1, while peat soils typically have organic matter contents of about 600 g 
kg-1. It is obvious for both soil types different reproducibilities are found and needed. As a 
result, the prediction error (SEP) will vary accordingly. In consequence, the SEP-values are 
set constant at low (SEPfixed) and relative at high (SEPfixed%) ranges (Table 1). The transition 
in SEP-values changing from constant to relative is referred to as threshold value. Evaluating 
the SEP- values, so-called z-scores are calculated first, using for 
 
a) results below or equalling the threshold value: 
 z-scorei = ( Yi-NIR – Yi-lab) / SEPfixed
  
b) results above the threshold value: 
 z-scorei = ( Yi-NIR – Yi-lab) / (Yi-NIR × SEPfixed%) 
 
 where Yi-NIR  = NIR results produced for sample i 

Yi-lab  = laboratory (wet-chemical) results produced for sample i 
SEPfixed  = constant value set for the prediction error 
SEPfixed%  = relative value set for the prediction error 
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Table 1. Quality standard set based for the SEP-values collected at this soil application. 
Characteristics1 LOI 

(g kg-1) 
TOC 

(g kg-1) 
TIC 

(g kg-1) 
TN 

(g kg-1) 
TS 

(g kg-1) 
clay 

(g kg-1) 
SEPfixed, ≤ threshold  3 2 0.5 0.3 0.15 15 
threshold value 60 40 5 5 3 300 
SEPfixed%, > threshold 5% 5% 10% 6% 5% 5% 
1 LOI = loss-on-ignition, TOC = total organic carbon, TIC =  total inorganic carbon, TN = total nitrogen, TS = total sulphur 
(TS), clay = particle size < 2 µm. 
 
 
In both cases the z-scores can be evaluated equally in for instance a Shewhart chart (7) 
regardless the results are below or above the threshold. 
 
The results from the first part of the project were promising, although the quality criteria 
(Table 1) were not realized. Therefore, a second part of the project was started to meet the 
next goals: 

• expanding the calibration database for better coverage; 
• testing calibration procedures for improvement in accuracy; 
• developing additional outlier tests for improvement in accuracy; and 
• reducing the number of outliers to less then 10%. 

 
Material and methods 
 
Additional to the first calibration set described in the introduction, many more Dutch samples 
were selected (Table 2). Outliers were analyzed using traditional methods and added to the 
calibration database. Validation samples were randomly selected between August 2007 till 
April 2008, about 30 samples a week, from the incoming samples (Table 2). 
 
Sample preparation consisted of drying overnight at 40ºC and crushing using a Jaw crusher 
(particle size < 2 mm). The samples were stored in borosilicate containers (Thermo Fischer) 
and the NIR-spectra recorded using QFAflex600F FT-NIRS instrument (Q-Interline). The 
spectra were recorded in the range of 10000 – 3750 cm-1 (1000 – 2666 nm) at a resolution of 
16 cm-1. The sample containers were used as the sample cell and put on a large rotating bottle 
accessory. Fifty scans are averaged while the container takes one spin, scanning an area of 
about 8 cm2 (Figure 1).  
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Figure 1. NIRS application at Blgg using the Q-Interline FT-NIRS 
instruments. 
 
 
Three calibration procedures have been tested, locally weighted PLS (WinISI v1.04, Foss 
DK), Support Vector Machines and local weighted Gaussian Processors (both Weka, Waikato 
University NZ). Before testing the three calibration procedures, the NIR-spectra were pre-
processed using a first derivative (Savitski-Golay) and the number of data points was reduced 
by selecting every fourth data point. For outlier evaluation two methods were used: (1) 
spectral outliers detected using the Mahalanobis distance and (2) using relations between soil 
characteristics. 
 
Results and Discussion 
 
Table 2. Composition of the calibration database and the validation set. 

Calibration set LOI 
(g kg-1) 

TOC 
(g kg-1) 

TIC 
(g kg-1) 

TN 
(g kg-1) 

TS 
(g kg-1) 

clay  
(g kg-1) 

# samples 6521 4890 2022 14769 13826 13271 
mean 82 21 2.8 2.9 0.59 173 
standard deviation 88 22 4.5 3.0 0.81 123 
range 1 – 721 0 – 180 0 – 60 0 – 25 0 – 7.7 0 – 642 
 
validation set 

      

# samples 950 950 950 950 950 950 
mean 70 30 2.6 2.6 0.48 120 
standard deviation 72 30 2.8 2.8 0.55 130 
range  4 – 665 4 – 189 1 – 14 0 – 21 0 – 5.9 4 – 607 

 
 
1) Improvement of calibration procedures 
Locally weighted Gaussian Processors (lwGP) resulted in the best calibration results (data not 
shown). Although performance of the different algorithms was not in the same order for all 
characteristics determined, Support Vector Machines came second and Locally weighted PLS 
third. 
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The number of parameters to optimize lwGP models is limited to four variables. The first two 
are used for constructing the local calibration set (number of samples and number of PLS 
variables). The second pair is used to set the GP algorithm (gamma and the noise value). The 
gamma value is related to the spectral quality and is more or less equal for all models. The 
noise value is related to the quality of the reference method. The optimal values for these 
variables turned out to be not very critical and rather constant over time. 
 
2) Outlier tests 
The most used outlier test is the Mahalanobis distance. Although this parameter has no direct 
relation with prediction uncertainty a better alternative has still to be found. For the second 
outlier test relations between general soil characteristics and soil constituents like TOC, TN, 
TS and TIC were investigated. These relations turned out to be valuable to mark potential 
outliers. In case the predicted NIR-result is marked to be an outlier the sample is sent to the 
laboratory for analysis by the particular reference method. 
 
Table 3. The number of outliers and accuracy found for validation sets from 2004/2005 (first, 
limited data set) and 2007/2008 (second, extended data set). 

 LOI 
(g kg-1) 

TOC 
(g kg-1) 

TIC 
(g kg-1) 

TN 
(g kg-1) 

TS 
(g kg-1) 

clay 
(g kg-1) 

 first validation set (2004/2005) 
% outliers 54 53 36 37 30 26 
standard deviation of 
z-score 

1.13 1.07 0.96 1.03 0.86 1.79 

 second validaton set (2007/2008) 
% outliers 8 12 10 6 16 13 
standard deviation of 
z-score 

0.93 1.2 0.93 1.01 0.82 0.96 

 
 
3) Number of outliers 
The second data set shows a great improvement in the frequency of outliers and, in most cases 
a slight improvement in the standard deviation of the z-score (Table 3). However, prediction 
error was not affected.  
 
The lowest bias was found for TS and the highest for TOC, but they all remain within an 
acceptable range (Table 4). Accuracy varies from 0.82 to 1.23 and is acceptable in all cases 
(Table 4). For all properties measured R² values ranging from 0.93 to 0.99 were found. For 
quality control, results leading to a warning or action should be less then 5% and 0.5% 
respectively. Our results fulfill this requirement completely or nearly so, and still some 
improvement is needed. 
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Table 4. Second data set (2007/8): additional results calculated from the validation samples. 
 LOI 

(g kg-1) 
TOC 

(g kg-1) 
TIC 

(g kg-1) 
TN 

(g kg-1) 
TS 

(g kg-1) 
clay 

(g kg-1) 
SEP1 5.2 4.1 1.3 0.5 0.15 18 
mean of z-score2 0.02 0.19 0.52 0.31 0.13 0.35 
standard deviation of 
z-score3

0.93 1.23 0.93 1.01 0.82 0.96 

R² 4 0.99 0.98 0.95 0.97 0.93 0.98 
slope 1.01 0.96 0.98 1.02 0.96 1.03 
# > 95%5 4% 10% 9% 6% 3% 6% 
# > 99.5%6 0% 3% 0% 2% 2% 1% 

1 SEP = prediction error. 
2 Mean difference between NIRS and wet-chemical analysis; assumed to be acceptable if > -1 and < 1. 
3 Measure for the accuracy (low values are highly accurate); assumed to be acceptable if < 1.4. 
4 Correlation coefficient between NIRS and wet-chemical analysis. 
5 Warning limit. 
6 Action limit. 
 
 
Conclusions 
 

• The tested and implemented procedures for calibration and outlier detection have 
achieved the goals set;  

• The results of this project confirms the perspectives for NIRS in routine soil testing; 
and 

• Blgg will continue this research project. Future activities will focus on the reduction 
of results outside the warning and action limits and a further reduction of the number 
of outliers. 
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Application of NIR in the measurement of quality parameters for biogas production - 
with focus on Danish meadow grasses 

Chitra S Raju1, Alastair J. Ward1, Henrik B. Møller1, Nisha Shetty2, Rene Gislum2 

1 Department of Agricultural Sciences, Aarhus University 
2 Department of Genetics and Biotechnology, Aarhus University 

Anaerobic digestion is a complex process and is influenced by various factors. Some of the 
important factors lie in the composition of the substrate itself. The nitrogen content, the 
organic matter content or the fibre content of the biomass and their interactions with each 
other significantly influence the biogas potential. This study looks at the application of NIR 
for quantifying these parameters of biomasses and to predict the biogas potential of the 
biomass as a whole.  
 
There is a rising level of interest in finding new biomasses for the purpose of non-fossil fuel 
based energy production, and it is important to identify biomasses that require low energy and 
nutrient input.  Meadow grasses and low input cultivated grasses fit these criteria. Thus, in 
this study 73 samples of dried and powdered grasses (mainly meadow grass mixtures and 
individual plant species such as Reed canary grass, Soft rush grass etc.. with different 
management strategies including time of harvest, fertilizing and combination with grazing) 
were analysed using Near Infrared Reflectance Spectroscopy (NIRS). The fibre content was 
estimated with the neutral detergent fibre (NDF) method, and the digestibility was estimated 
using in vitro organic matter digestibility (IVOS) test. The samples were also tested for crude 
protein and crude ash. Around 60 of them were tested for their biogas potential using batch 
assays according to the method suggested in Møller 2004. The spectra obtained was then 
analysed using The Unscrambler software (CAMO) and partial least squares models were 
constructed to predict values of all measured parameters. The best NIRS prediction was for 
IVOS followed by crude ash, NDF, biogas potential, and finally crude protein with R2 values 
of 0.934; 0.855; 0.855; 0.836; and 0.749 respectively.  
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NIR-spectroscopy for measurement of quality parameters in plants for biogas 

 
Nisha Shettya , Chitra S. Rajub, René Gisluma, Henrik B. Møllerb, Alastair J. Wardb 
and Poul E. Lærkec

 
a Aarhus University, Faculty of Agricultural Sciences, Department of Genetics and  
 Biotechnology, Research Centre Flakkebjerg, Denmark. 
b Aarhus University, Faculty of Agricultural Sciences, Department of Agricultural  
 Engineering, Research Centre Foulum, Denmark. 
c Aarhus University, Faculty of Agricultural Sciences, Department of Agroecology and 
 Environment Research Centre Foulum, Denmark. 

The production of biogas is one of the ‘new’ sources of energy that has become popular in 
Denmark. To optimise the utilisation of the biogas utilities it is important to know the quality 
of the plants used. The batch assay method is one of the methods used, but this method is very 
time consuming and there is a great interest in developing new methods. Near infrared (NIR) 
reflectance spectroscopy is a well known method used to measure quality parameters in 
various plant materials.  
 
The aim of this study is to evaluate the possibilities of replacing the batch assay method with 
the NIR method in the measurement of biogas potential in different plant materials.  
 
Twenty nine plant samples of different origin were used to establish the correlation between 
NIR measurements and batch assay results. Reflectance spectra of the dried and ground plant 
material were obtained using a QFA-Flex 400 FT-NIR instrument (Q-interline, Roskilde, 
Denmark). Batch assay method was used to quantify the biogas potential (Møller 2004). 
 
Partial least squares (PLS) and interval PLS (iPLS) regression models were performed using 
Matlab version R2008b. Models were made on raw NIR spectra and the optimum number of 
latent variables was 2. The developed PLS model showed R2=0.4 and RMSECV=67. The use 
of iPLS was able to reduce RMSECV and showed important areas in the NIR region with 
information regarding biogas potential. Biogas potential is composed of different single 
parameters, which makes a challenge to development of accurate PLS regression models. The 
error on the batch assay method is ~7% which equals 49 units on a sample with 700 biogas 
units. The error on the developed PLS regression model was therefore promising. The work 
will continue and more samples will be included. 
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Prediction of cereal feed value by near infrared spectroscopy 

Johannes Ravn Jørgensen 

Aarhus University, Faculty of Agricultural Sciences, Dept. of Genetics and Biotechnology, 
Forsøgsvej 1, DK-4200 Slagelse, Denmark 

The interest in the value of wheat and barley for animal feed has increased with the 
recognition that there is a significant variation in yields as well as the quality of the harvested 
feed grain. This variation is found between varieties as well as due to an environmental 
variation between regions and the harvest year. The feed value is described primarily by: Feed 
value in form of FEsv (Feed unit / kg dry matter, for piglets) and FEso (Feed unit / kg dry 
matter, for sows), EDOM (Enzyme Degradable Organic Matter) and EDOMi (Enzyme 
Degradable Organic Matter, Ileum). The chemical analysis is, however, time-consuming and 
costly, and it is therefore desirable to have a rapid and less expensive method, which makes it 
possible to carry out more analyses in-situ. 
 
Near infra-red reflection spectroscopy (NIRS) is appropriate as a standard analysis of dry 
matter, total N, starch and is today used routinely by grain traders. NIRS is therefore 
appropriate as a quick method for the determination of FEsv and FEso, since it is rapid 
(approximately 1 minute per measurement of a ground test) and cheap.  
 
The aim is to develop a rapid method to analyse grain feed value. This will contribute to 
highlight the opportunities and problems that crop variety choices and cropping practices have 
on feeding value of winter wheat, triticale and spring barley. A successful development of an 
EDOM, EDOMi, FEso and FEsv calibration to NIRS will be a relatively cheap tool to 
monitor, diversify and evaluate the quality of cereals for animal feed, a possible tool to assess 
the feed value of new varieties in the variety testing and a useful, cheap and rapid tool for 
cereal breeders.  
 
A bank of 1213 grain samples of wheat, triticale, barley and rye, and related chemical 
reference analyses to describe the feed value have been established. The samples originate 
from available field trials over a three-year period. The chemical reference analyses are dry 
matter, crude protein, crude ash, crude oils and fats, EDOM, EDOMi, FEso and FEsv. All 
samples were ground on a laboratory mill and scans were obtained using a QFA-Flex 400 FT-
NIR instrument. 
 
It has been a challenge to develop a NIRS method to determine feed value, as it has been 
shown that the chemical reference analysis has been subject to considerable error. Despite 
this, it has been possible to develop a wide-ranging calibration model predicting the feed 
value FEsv and FEso for wheat, barley and triticale. Status of the developed model is a SEP 
(standard error of performance) of 1.7% for EDOM, 1.7% for EDOMi, 2.2% for FEsv and of 
1.8% for FEso. For the assessment of method repeatability in relation to the chemical 
uncertainty of feed value, the prediction error has to be compared with the error in the 
chemical analysis. Prediction error by NIRS prediction of feed value has been shown to be 
above the error of the chemical measurement. 
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The conclusion is that it has proved possible to predict the feed value in cereals with NIRS 
quickly and cheaply, but prediction error with this method is relatively high in relation to a 
chemical determination of the feed value. A further improvement of the NIRS method will 
probably be possible with the addition of further references (several years, varieties and sites), 
which is therefore recommended. Uncertainty of the chemical reference analyses has led to 
increased uncertainty of the NIRS method. The current model for prediction of grain feed 
value with NIRS is only suitable as a guiding rule. 
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