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Abstract

Hyperspectral sensors provide the potential for direct estimation of pasture feed quality attributes.
However, remote sensing retrieval of digestibility and fibre (lignin and cellulose) content of vege-
tation has proven to be challenging since tissue optical properties may not be propagated to the
canopy level in mixed cover types. In this study, partial least squares regression on spectra from
HyMap and Hyperion imagery were used to construct predictive models for estimation of crude
protein, digestibility, lignin and cellulose concentration in temperate pastures. HyMap and
Hyperion imagery and field spectra were collected over four pasture sites in southern Victoria,
Australia. Co-incident field samples were analyzed with wet chemistry methods for crude protein,
lignin and cellulose concentration, and digestibility was calculated from fiber determinations.
Spectral data were subset based on sites and time of year of collection. Reflectance spectra were
extracted from the hyperspectral imagery and collated for analysis. Six different transformations
including derivatives and continuum removal were applied to the spectra to enhance absorption
features sensitive to the quality attributes. The transformed reflectance spectra were then sub-
jected to partial least squares regression, with full cross-validation “leave-one-out” technique,
against the quality attributes to assess effects of the spectral transformations and post-atmos-
pheric smoothing techniques to construct predictive models. Model performance between spec-
trometers, subsets and attributes were assessed using a coefficient of variation (CV), —the inter-
quantile (IQ) range of the attribute values divided by the root mean square error of prediction
(RMSEP) from the models. The predictive models with the highest CVs were obtained for digesti-
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bility for all spectra types, with HyMap the highest. However, models with slightly lower CVs were
obtained for crude protein, lignin and cellulose. The spectral regions for diagnostic wavelengths
fell within the chlorophyll well, red edge, and 2000 - 2300 nm ligno-cellulose-protein regions, with
some wavelengths selected between the 1600 and 1800 nm region sensitive to nitrogen, protein,
lignin and cellulose. The digestibility models with the highest CV’s had confidence intervals cor-
responding to +5% digestibility, which constitutes approximately 30% of the measured range. The
cellulose and lignin models with the highest CV’s also had similar confidence intervals but the
slopes of the prediction lines were substantially less than 1:1 indicating reduced sensitivity. The
predictive relationships established here could be applied to categorizing pasture quality into
range classes and to determine whether pastures are above or below for example threshold values
for livestock productivity benchmarks.
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1. Introduction

Using remote sensing to retrieve key components of the feed budget for livestock grazing enterprises is an im-
portant tool for efficient management of livestock, as well as in renewable resource application, e.g. [1] [2].
There is already a long history of research on estimation of grassland biomass from spectral information, e.g.
[3]-[7] and methods have recently been derived for the description of key components of the feed budget, the
growth rate of the pasture [8] and the quantity of available feed on offer [9]. However, the other important
component required to complete the “total” feed budget is a measure of feed quality in pastures. For decades
NIR methods have been used for in situ uses of spectroscopy in chemical analyses, e.g. [10]-[12]. In the era of
multi-spectral sensors, feed quality could only be inferred indirectly from vegetation indices such as the NDVI
as measures of the amount/cover of green photosynthetic vegetation, from ad hoc information on the seasonal
changes in feed quality, and in situ chemistry from feed testing agencies.

The rising prospects in the next five years for routine availability of high quality satellite based hyperspectral
sensors provide the potential for use of imaging spectroscopy techniques to provide more direct measurement of
feed quality, and for linking in-situ data to remote-sensing derived information, to help characterize and even
quantify the heterogeneity of pasture feed quality attributes across the landscape. Hyperspectral sensing provides
a larger number of wavelengths that are physically linked to electron transitions or vibrations and overtones of
absorptions of molecules of different biochemical constituents and therefore provide high levels of fidelity in
chemical detection and quantification, e.g. [1] [13] and together with lidar data and emerging analysis tech-
niques will become increasingly better at mapping the fingerprints of different types of vegetation species [14].

Pasture quality may be defined at many levels of detail, but fundamentally it is characterized by nutrient con-
tent, digestibility and fibre content [15]. While there are numerous important nutrients in pastures, nitrogen is
one of the most important, and is often represented in feed quality assessments by the crude protein content, a
measure that includes both true protein and non-protein nitrogen [16] [17]. Digestibility indicates how much of a
forage will be digested, i.e. the extent to which it is absorbed in the animal’s digestive tract, and is usually
measured as dry matter digestibility [15]. The fibrous or cell wall fraction of plants consists of cellulose, hemi-
cellulose, lignin and cutin and 98% of this fraction is indigestible [18]. Cellulose and lignin are negatively cor-
related with digestibility and crude protein content. Lignin is a complex polymer of phenylpropanoid units and it
has a key structural role in plants. Because lignin is indigestible and impermeable to water it also reduces overall
digestibility of plants. Despite the negative correlation with digestibility, lignin, by itself, does not fully explain
digestibility [18].

Vegetation has six major absorption features [19] at approximately 480, 670, 1200, 1730, 2100 and 2300 nm.
The first three of these are sensitive to chlorophyll a and b electron transitions, chlorophyll absorption and water.
The remaining three spectral absorption features are generally sensitive to nitrogen, lignin and cellulose concen-
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trations. These absorption features can be enhanced by transformations such as continuum removal and norma-
lization to the area and/or centre wavelength of the features [20].

Remote sensing of plant canopy nitrogen has progressed, largely due to the key association with chlorophyll
and the increased sensitivity of spectrometers at these wavelengths, e.g. [21]-[26]. However, retrieval of digesti-
bility and vegetation fibre (lignin and cellulose) content from spectral analysis has proven more difficult, e.g.
[27]-[29], partially since tissue optical properties may not be propagated to the canopy level in mixed cover [30].
Features and/or spectral differences in the 2000 - 2400 nm wavelengths have been used to measure and differen-
tiate senescent vegetation and soil. For example, wavelengths between 2239 - 2372 nm, related to oil/wax ab-
sorption, were shown to be essential for mapping of South Australian arid vegetation associations using HyMap
data [31]. The 2100 nm cellulose feature and 2200 hydroxyl feature are important for distinguishing stubble and
soil [32] and spectral signatures above 2000 nm are important in fractional cover unmixing [33]. However, the
presence of water features, and the mix of closely packed wavelengths sensitive to chemical bonds, vibrations
and small absorptions within a mixture of any complex compounds, along with the need for very high signal to
noise ratio have limited successful quantitative retrievals to date.

In recent studies, [34] [35] obtained relative prediction errors in the 3% - 5% range for predictive models of
fibre fractions and digestibility of ryegrass swards using sub-leaf level spectral analysis. Reference [1] recently
obtained moderately good statistics for a predictive model for crude protein (R = 0.6) and ADF (R? = 0.65)
from field spectra in temperate pastures. In hyperspectral analysis of tropical pastures in the Brazilian Amazon,
ligno-cellulose absorption features had the highest correlations with (high fibre) senesced biomass [2].

Analysis of field spectrometer data [36] for prediction of pasture quality attributes in temperate pastures of
southern Australia led the authors to suggest that, in principle, prediction of digestibility, and lignin and cellu-
lose content of pastures, should be based around two main spectral responses. These are in the chlorophyll ab-
sorption and red edge regions, that indirectly predict changes from photosynthetic to non-photosynthetic vegeta-
tion that are correlated with increasing fibre content, and in the SWIR wavelengths that directly predict the
presence of lignin and cellulose from absorption features. Savanna studies, [37] [38] confirm the importance of
this approach with SWIR, chlorophyll and red edge wavelengths effective for predicting N, P, K, CA and Mg
nutrient contents in African grasses.

Since there are virtually no studies that attempt to retrieve lignin, cellulose and digestibility attributes of pas-
tures from either field or image spectra, there is a need for research in order to fully characterize absorption res-
ponses and sensitivities. This study, conducted 2002-2006, attempts to predict wavelengths for pasture quality
attributes of temperate pastures using partial least squares regression (PLSR) on different types of spectra; ASD
field spectra (ASD field spectra convolved to image bands, and on spectra collected from HyMap and Hyperion
imagery). The selected wavelengths derived from the predictive models are compared and their relationship to
established absorption features is evaluated. The effectiveness of the predictive PLSR models for estimation of
crude protein, digestibility, lignin and cellulose concentrations is presented with emphasis on the differences
between spectra types but also in relation to different transformation models employed.

2. Material and Methods
2.1. Study Sites

The study sites were located in Western Victoria (Australia) close to the town of Hamilton and in eastern Victo-
ria at Ellinbank (Figure 1(c), green and red stars respectively). The main study site was located at the Pastoral
and Veterinary Institute (PVI) farm paddocks including their Long-Term Phosphate Experiment (LTPE) pad-
docks and some privately owned paddocks adjacent to the PVI Figures 1(a) and (b). An additional site in West-
ern Victoria was located at Vasey, 35 km north of Hamilton, on a privately owned sheep farm involved in a col-
laborative pasture research project with the Department of Primary Industries Victoria from 1996-2002 as part
of a national research project on sustainable grazing systems Figure 1(d). The single site in Eastern Victoria
was located at Ellinbank, a dairy research facility Figure 1(e). At the time of imaging, the property was com-
pleting a complex rotational grazing study which afforded many paddocks and different pasture states for sam-
pling.

The pastures of the Hamilton area are made up of mixtures of introduced cool season grasses (perennial rye-
grass—Loliumperenne, phalaris—Phalarisaquatica, orchard grass—Dactylisglomerata) and legumes (subterra-
nean clover—Trifoliumsubterraneum, and white clover—Trifoliumrepens), along with numerous weedy annuals
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Figure 1. Photos of sites and location map. (a) Pastoral and Veterinary Research Institute December 2000; (b) Hamilton,
LTPE, March 2001; (c) Map of Victoria showing general location of western sites (PVI, LTPE, Vasey) with green star and
eastern site (Ellinbank) with red star; (d) Vasey, December 2000; and (e) Ellinbank, December 2000 (copyright Skyworks

Aerial Photography Pty Ltd).
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(e.g. barley grass—Hordeumleporinum), and are used for grazing of sheep, beef cattle and dairy cows. The pas-
tures at Ellinbank are predominantly made up of perennial ryegrass and white clover and are used for dairying.

2.2.Image Data

The hyperspectral image data used in this study were captured by two different sensors, the HyMap airborne
system and the Hyperion spectrometer on the EO-1 satellite. The details of image capture are shown in Table 1.
The HyMap sensor data consists of 126 spectral bands over the 440 - 2500 nm electromagnetic range, with ap-
proximately 15 nm spectral resolution, and a maximum signal to noise ratio (SNR) of >1000:1 over a 512 pixel
swath in the atmospheric windows at 50% reflectance [39]. On December 5, 2000, the HyMap sensor recorded
images of the PVI farm area, over the Vasey farm in Western Victoria and of Ellinbank in Eastern Victoria. On
March 15, 2001, the LTPE study site was imaged. The spatial resolutions of the HyMap images were 2.8 or 2.9
meters.

The Hyperion hyperspectral sensor [40] is carried on board NASA’s Earth Observing One (EO-1). It is a
“push broom” type scanner and consists of a single telescope and two grating spectrometers, one visible/near-
infrared (VNIR) and one short-wave infrared (SWIR) spectrometer providing 242 raw spectral bands. The in-
stantaneous field of view (IFOV) of the Hyperion sensor is 0.642° wide by 42.55 u radians in the satellite for-
ward direction. This creates a nominal frame or pixel size of 30 meters; where each column of data is created by
a single detector. Hyperion data are processed to a number of product levels [41], in this study the Level 1 B
product was used. The Hyperion image was captured over the PVI January 19, 2002.

2.3. Image Pre-Processing

Hyperspectral image processing steps/tasks were executed using the methods of [42]-[46]. Image pre-processing
included removal of bad bands, removal or fixing of bad pixels, and de-smiling and de-striping in the SWIR
above 2000 nm (Hyperion only). Atmospheric correction and conversion to apparent reflectance was performed
followed by enhancement by noise removal/smoothing. Geo-rectification was performed prior to extraction of
image spectra for analysis. ENVI/IDL® 3.5 - 4.1 image analysis software [47] was used for image analysis and
image pre- and post-atmospheric processing. Apparent reflectance for the HyMap images was calculated using
HYCORR2® software. It is based on the Atmosphere REMoval program (ATREM) and Empirical Flat Field
Optimal Reflectance Transformation [48] [49]. ACORN4.1® software, based on MODTRAN 4 was used for
atmospheric correction of the Hyperion image.

Two main noise removal/smoothing transformations were applied after atmospheric correction to the HyMap
and Hyperion data, MNF (Maximum Noise Fraction transformation and EFFORT (Empirical Flat Field Optimal
Reflectance Transformation) polishing. Both techniques have been reported to produce good results. MNF has
been used to effectively remove noise [45] and EFFORT polishing applies a mild linear correction to each band,
boot-strapped from the data, which attempts to improve the accuracy of the apparent reflectance data and the
visual appearance [50].

For the HyMap images, EFFORT polishing was applied in two ways; firstly, to atmospherically correct im-
ages as part of HYCORR2 and, secondly applied to the MNF transformed images using EFFORT polishing in
ENVI. Field spectra captured with a field spectrometer (ASD Fieldspec® PRO FR) at the time of the imaging
missions were used as reality boost spectra for EFFORT polishing within ENVI-field spectra can assist in creat-
ing a better fit for the spectral smoothing to remove unwanted noise. Different spectra were selected for the four
HyMap images depending on the nature of vegetation present in the study areas.

Table 1. HyMap and Hyperion flight mission details.

Study site/lmage  Flight Date  Spatial resolution(meters) Flight EST/(GMT + 10) Heading degree  Latitude/Longitude

HyMap
PVI 2000-12-05 2.9 11.20 am -117-118 —37.82/142.07
Vasey 2000-12-05 2.9 10.47 am -117 —37.40/141.92
LTPE 2001-03-16 2.8 2.34 pm 118 - 120 —37.84/142.09
Ellinbank 2000-12-05 2.8 3.42 - 3.57 pm 290 - 293 —38.25/145.93

Hyperion
PVI 2002-01-19 30 10.42 am —37.82/142.07
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Five spectra were used in the processing of the Vasey and PVl HyMap images, whereas only 3 were used for
the LTPE HyMap image processing due to the dryness of the vegetation in this image.

For Hyperion, EFFORT with reality boost as implemented in ENVI was run with a single spectra, i.e. the av-
erage of all the field spectra (n = 46) captured during the Hyperion overpass. Five spectra were used in the proc-
essing of the Vasey and PVI HyMap images, whereas only 3 were used for the LTPE HyMap image processing
due to the dryness of the vegetation in this image. For Hyperion, EFFORT with reality boost as implemented in
ENVI was run with a single spectra, i.e. the average of all the field spectra (n = 46) captured during the Hype-
rion overpass.

The HyMap data was georeferenced using the flight ephemeris data and a built-in routine in ENVI1/Geo- ref-
erence for input geometry [47]. A geometry lookup table (GLT) created from an input geometry file (IGM) that
is supplied with the imagery was used and a nearest neighbor resampling rectification performed. The images
were all rectified to a common projection and coordinate system (UTM, WGS84 datum) using the built in func-
tions mentioned above. Since the geometry of Hyperion data is quite simple, georeferencing of the Hyperion
images was carried out by affine or bi-linear transformations using a map base, which gave approximately 0.5
pixel registration accuracy [43]. In addition the HyMap and Hyperion images were registered further to GIS
layers of paddock boundaries.

Pre-processed HyMap and Hyperion reflectance images were either used directly for extraction of spectra
(NONE), or subjected to two different smoothing procedures: MNF smoothing (MNF) and combined MNF and
EFFORT smoothing using field spectra to boost (MNF-EFF). The choice of smoothing approach is a trade-off
between removing noise and removing valid details, depending on the application. In order to not risk losing
detail less smoothing is recommended but this means leaving more noise which can override the signal. There-
fore several methods were tested.

Based on analysis of ASD field spectra [36], six transforms were applied to spectra creating 7 versions of
spectra (including reflectance R): derivative of reflectance (R-D), derivative of the logarithm of the reciprocal of
reflectance (LOG1R-D), for the entire spectrum the derivative of continuum removal (CR-D) and derivative of
the depth of the continuum-removed absorption feature (DEP-D), and for six major vegetation absorption fea-
tures [19] [20] continuum removed absorption normalized to area (BNA) and its derivative (BNA-D). For all
continuum removed spectra standard start and end points were used to facilitate comparison. A subset of spectra
called HyMap-2000 was created by excluding the image spectra derived from the HyMap image acquired in
March 2001 because of very different (high) albedo and limited pasture quality attribute ranges in the senesced
pastures.

2.4. Field Sampling

Pasture canopy spectra were captured with a full range (400 - 2500 nm) ASD™ field spectrometer within two
days of the HyMap imaging times for each site and on the day of the Hyperion overpass. The PVI research farm
was also visited in a separate field campaign in October 2002 [36]. Ground spectra were captured both as point
based spectra using a tripod set up and as average spectra recorded while slowly walking with the spectrometer
forward and backward over paddock areas (30 meter diameter at 50 meter spacing) to provide reference data for
Hyperion image spectra. The fraction of ground showing was between 0 and approximately 20%. Corresponding
pasture samples (so called toe cuts) were collected at intervals of a couple meters for all ASD™ canopy spectra,
trying to ensure sampling of dominant species while still being representative of the imaged areas. To facilitate
analysis with spectra extracted from the hyperspectral imagery, additional samples were collected along pad-
dock transects established for other pasture research (Vasey and Ellinbank 2000, LTPE 2001) and around point
locations (PVI 2000). The locations of these points and of the transect start- and end-points in the imagery were
established with GPS and digital GIS layers created (Figure 2).

The pasture samples were analyzed for a wide range of feed quality and biochemical constituents including
digestibility, crude protein and fibre measures with the latter ones used to calculate cellulose and lignin concen-
trations. The assay results, expressed in % dry matter (DM) for the data subsets used in the study show large
variations both in ranges and distribution types (Table 2 and Figure 3).

The samples are dominated by observations made at mature stages of pasture development and the ranges and
descriptive statistics, where high values are lacking for digestibility and crude protein in the assays correspond-
ing to image spectra. Consequently ranges of the image spectra samples are in general narrower.



S. Thulin et al.

-.-? : ¥ _. ij-.*,

4 N 0 2550 100 150

-

Figure 2. True colour Vasey HyMap image (December 2000) showing vector overlay of paddock boundaries (red) and pas-

ture sampling transect lines (blue) as ROIs.
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Table 2. Table of assay distribution statistics for the data sets included in the study.nis the number of samples and 1Q range
(20, 80) is the interquantile range between 20th and 80th percentiles.

Pasture quality attribute (% DM) Spectra data set n mean median min max 1Q range (20, 80)
crude protein ASD-2002 45 12.17 11.14 5.76 30.45 7.79
HyMap-all 72 9.38 10.03 3.35 16.66 7.10
HyMap-2000 56 10.72 11.09 4.20 16.66 4.54
Hyperion-2002 46 8.81 8.73 4.20 12.67 4.46
digestibility ASD-2002 45 64.42 63.73 44.99 85.56 18.39
HyMap-all 72 55.85 57.17 35.88 71.35 20.03
HyMap-2000 56 59.86 59.64 45.23 71.35 10.16
Hyperion-2002 46 59.53 59.92 47.75 66.60 7.51
lignin ASD-2002 45 5.30 4.75 2.15 15.96 3.06
HyMap-all 72 5.87 5.50 2.40 10.50 4.73
HyMap-2000 56 5.04 4.12 2.40 9.46 3.15
Hyperion-2002 46 7.30 6.74 3.19 19.26 3.91
cellulose ASD-2002 45 26.04 25.99 17.71 36.68 8.61
HyMap-all 72 31.22 29.09 24.63 44.25 7.47
HyMap-2000 56 28.82 28.62 24.63 33.25 2.93
Hyperion-2002 46 25.81 26.43 13.52 35.78 5.58
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Figure 3. Box and whisker plots showing descriptive statistics corresponding to the four sample subsets (a) crude protein; (b)
digestibility; () lignin; (d) cellulose. Min and Max (bar ends), Mean (square dot), Median (box cross bar), 25th and 75th per-

centiles (box), 20th and 80th percentiles (cross bars).
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These are generally more representative of the status of the paddocks than the in situ spectra that can have
higher values for specific smaller plant canopies. Consequently ranges of the image spectra samples are in gen-
eral narrower.

The ranges for digestibility and cellulose are comparable to ranges for pasture species as reported by other
researchers [19] [20] [51]. The typical leaf nitrogen concentrations of the ryegrass component of dairy pasture in
New Zealand have been observed to range from 2% - 5% by [24], which corresponds roughly to a crude protein
content of 12.5% - 30%. The research data contain several lower values. The difference in range between in situ
spectra samples and image spectra samples are notable for crude protein and lignin.

2.5. Transformation of Collections of Spectra

The collection of reflectance spectra and a number of transformations of reflectance had been created from the
ASD data. Analyses of the relationship between spectral data and pasture assays included stepwise multiple lin-
ear regression (SMLR) and partial least squares regression (PLSR). Spectral transformation such as continuum
removal and derivatives enhanced the results [36].

Spectra corresponding to field sampling locations were extracted from each of the smoothed and transformed
HyMap and Hyperion images using digital transect lines and sample locations transformed to pixel-based re-
gions of interest (ROIs in ENVI). A total of 72 ROIs were defined for the HyMap acquisitions: the total was
made up of 23 at Ellinbank, 20 at Vasey, 13 at PVI and 16 at LTPE. From the Hyperion imagery, 56 ROIs were
created and image spectra statistics extracted.

For further processing and derivation of transformations a collection of spectra of mean reflectance (R) was
created from the ROIs. From R pseudo absorbance (LOG 1-R) and continuum removed reflectance (CR) was
calculated. From continuum removal of the spectral regions corresponding to the six vegetation specific absorp-
tion features spectral collections were created of continuum removed reflectance normalized to the area of the
absorption feature (BNA) and to the wavelength with the largest depth value (DEP) to further test the usefulness
of this method [20] [52]. The collection of spectra used for further analysis was complemented with respective
derivatives, i.e. R-D, LOG 1-R-D, CR-D, BNA-D and DEP-D.

2.6. Convolution of Field Spectra to HyMap and Hyperion Bands

ASD field spectra were convolved to HyMap and Hyperion spectrometer band passes to determine if prediction
models developed from the ASD spectra could be portable to the image scales, and to compare these with the
performance of models developed directly from image spectra. Based on prior analysis [36], the subsets of ASD
canopy spectra acquired in 2002 were used for the band pass convolution analysis. Resampling and convolving
many narrow bands to fewer wider bands causes an increase in the SNR and can have a smoothing effect on
high resolution spectral data [53]. This process is sometimes described as “degrading” since a reduction in spec-
tral resolution is the result [54]. In preparation, instead of removing the “bad” band regions corresponding to
atmospheric water absorption (1340 nm - 1430 nm and 1790 nm - 1965 nm), the reflectance values were linearly
interpolated between the start and end of these noisy regions. This avoided unwanted effects resulting from re-
sampling to HyMap and Hyperion band passes in the regions where field spectrometer data were noisy.

The sensor band pass functions describe the way in which radiance is recorded and divided between the sen-
sor bands. The details of the principal process for calculation of the band pass functions are provided in [46].
Field spectra were resampled to HyMap and Hyperion band passes using ENVI and a spectral library of binning
weights over the same number of bands and sampling distance (1 hm) between 350 to 2500 nm as the ASD data.
The spectral libraries were derived from ancillary data supplied with the imagery from the sensor manufacturers.
The convolved ASD field spectra were subjected to the same transformations as were applied to ASD field and
HyMap and Hyperion image spectra.

2.7. Partial Least Squares Regression

PLSR is a spectral decomposition/data compression technique related to principal component analysis (PCA)
and principal component regression (PCR) and falls under the heading of bilinear (“soft”) modelling [55]. It is a
type of factor analysis where a large set of data variables is reduced to a smaller set of principal components
(PCs), also called latent variables or factors. Each PC is obtained by maximising the covariance between Y and
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all possible linear functions of X.
The main advantages of PLSR compared to multiple linear regression are:
* PLSR is insensitive to collinearity between spectral variables;
» the number of spectral variables can far exceed the number of samples; and
* PLSR can be used on small samples sets with non-parametric properties.

PLSR was carried out using the Unscrambler® software Version 9.1.0.3. After some initial testing of different
models the number of allowed PCs/factors was set to 10 to limit processing time. The PLS regression was run
with full “leave-one-out” cross validation, where each sample is excluded once and used for prediction and the
PLS calibration and prediction statistics are calculated on the average of all runs. The cross-validation provides
the number of optimum PCs for a model as suggested by the software and is based on the minimum prediction
error for the Y-variable (here pasture quality attribute), a function of the estimation error and the model error [56]
in Unscrambler denoted root mean square error of prediction, RMSEP.

PLSR statistics such as RMSEP, the correlation coefficient R, regression coefficients and factor- or X-load-
ings were derived for the PLSR prediction models for each subset of spectra and pasture quality attribute. When
models from different spectral transformations had similar evaluation statistics, models with higher explained
variance and/or fewer PLS factors were preferred over models with slightly lower RMSEPs. Less complicated
models relative to predictive power, i.e. higher model efficiency, are preferred in practical settings to achieve
good model utility for prediction of other samples [55].

As applied in The Unscrambler® PLSR analysis provides a choice when using full cross-validation to assess
and save significant X-variables (spectral bands) derived from Marten’s Uncertainty test based on a jack-knifing
principal [56]. The test provides a method for reducing the number of X-variables with little influence in the
model. The PLSR process was subsequently re-run for each transform using only the identified significant
X-variables.

In PLSR loading weights are calculated for the X-variables as part of the calculation of the model regression
coefficients. The loading weights define the impact each X-variable/band has on each model PC [55]. As a large
loading weight means a high contribution of the X-variable to the equation it may thus describe spectral varia-
tion relevant to the Y-variable containing the attribute concentrations [57].

The PLSR model X-loading weights for each of the main PCs were used to identify regions of sensitivity and
compare with established wavelengths of elemental absorption. By sorting the wavelengths by X-loading value,
wavelengths with relatively stronger influence could be identified. Scatterplots were constructed for the
X-loading weights for each PC and displayed in different colours with arrows highlighting wavelengths with a
possible physical relationship to the attribute.

2.8. Comparison of Results

As a measure of relative error and predictive capacity a coefficient of variation (CV) based on the ratio between
the interquantile (1Q) attribute range (20th and 80th percentiles) and RMSEP was used when comparing results
between data subsets and between pasture quality attributes. This CV was used instead of the more commonly
derived CV based on the ratio of the standard deviation (SD) and RMSEP, for example in [58] Park et al.,
(1998), to avoid violating parametric assumptions, for example normal distribution. The 1Q range was deter-
mined appropriate as it retains approximately 60% of the distribution, which is roughly the same as +1 standard
deviation (66.3%) and it avoided long tails in non-normal pasture quality attribute distributions of some of the
subsets. A CV based on SD/RMSEP greater than 2.5 has been reported as indicating models with good qualita-
tive predictive capacity and above 3.0 providing potential for quantitative estimates ([58] Park et al., 1998).
These values correspond approximately to a CV (1Q range/RMSEP) of 4.1 and 4.9 respectively (calculated from
relationship to SD/RMSEP ratios of sample subsets with normal distribution).

3. Results
3.1. Field Spectra Convolved to HyMap and Hyperion Band Passes

The PLSR predictive models for pasture quality attributes derived from field spectra convolved to HyMap and
Hyperion band pass functions were similar in terms of R, RMSEP and CV to the models from the original ASD
spectra, except for lignin where the results for the band pass models produced lower CVs (Table 3). This is
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Table 3. Comparison of prediction models derived from in situ spectra (ASD), resampled in situ spectra (ASD-x-bin), Hy-
Map image spectra (HyM) and Hyperion image spectra (Hyp), using the models with the highest coefficient of variation (CV)
for each spectra type pasture quality attribute. The post-atmospheric treatment versions are given in brackets with the spectra
type and the transform model is listed in the third column. The best model is highlighted in bold. PLSR statistics are pro-
vided by R and RMSEP. IQ range is the interquantile range (20, 80) of the pasture attribute values. CV is 1Q range/RMSEP
and is used for assessment of model performance. -sig denotes transform model derived from significant X-variables (bands)
only. Models with the highest CV are marked in bold for each attribute. C\V’s > 4.1 are generally regarded as indicating an
effective model and are highlighted in grey.

Pasture quality Spectra type Transform? PLSR Attribute distribution
attribute (post-atmospheric treatment version) (model) statistics statistic

R RMSEP 1Q-range CV
ASD-2002 BNA-sig 0.80 3.18 7.79 245
ASD-2002-HyM-bin DEP-D 0.88 2.58 7.79 3.02
Crude Protein ASD-2002-Hyp-bin DEP-D-sig 0.85 2.83 7.79 2.76
(% of DM) HyM:-all (MNF-EFF) CR-D-sig 0.92 1.41 7.10 5.03
HyM-2000 (NONE) R-D-sig 0.87 1.44 454 3.15
Hyp-2002 (MNF-EFF) CR-D-sig 0.80 1.31 4.46 3.40
ASD-2002 DEP-D-sig 0.91 3.94 18.39 4.67
ASD-2002-HyM-bin R-sig 0.88 4.55 18.39 4.04
Digestibility ASD-2002-Hyp-bin R-D 0.89 4.45 18.39 413
(% of DM) HyM-all (MNF-EFF) R 0.96 2.71 20.03 7.38
HyM-2000 (MNF) R 0.91 242 10.16 4.20
Hyp-2002 (MNF) R-D-sig 0.86 2.28 7.51 3.30
Lignin ASD-2002 LOG1R-D-sig 0.68 1.87 3.06 1.63
o 0% DM) ASD-2002-HyM-bin R-sig 0.56 2.10 3.06 1.46
ASD-2002-Hyp-bin R-sig 0.57 2.10 3.06 1.46
HyM-all (MNF-EFF) LOGI1R-D-sig  0.90 1.01 473 4.70
HyM-2000 (HY CORR-EFF) BNA-D-sig 0.86 0.95 3.15 331
Hyp-2002 (NONE) CR-D-sig 0.46 2.97 391 1.32
Cellulose ASD-2002 BNA-sig 0.87 2.37 8.61 3.63
(% of DM) ASD-2002-HyM-bin LOG1R-D-sig 0.91 2.36 8.61 3.65
ASD-2002-Hyp-bin CR-D-sig 0.91 2.00 8.61 4.30
HyM-all (NONE) DEP-D-sig 0.92 1.91 7.47 3.90
HyM-2000 (NONE) CR-D-sig 0.76 1.17 2.93 2.50
Hyp-2002 (NONE) R-D-sig 0.75 3.11 5.58 1.80

R Reflectance, R-D 1% derivative R, LOG1R-D 1st derivative Log(1/R),CR-D 1st derivative continuum-removed R, BNA (continuum removed ab-
sorption feature R (six major absorption features), bands normalised to feature area), BNA-D 1st derivative BNA, DEP-D 1st derivative of DEP
(depth of continuum removed absorption feature, full spectrum).

explained perhaps as a result of the smoothing effect of the convolution, all of the HyMap and Hyperion model
with the highest CVs were based on different transforms to the original field spectra models.

The PLSR model X-loading weights for each of the main PCs were used to identify regions of sensitivity and
compared with established wavelengths of elemental absorption. Since most of the predictive models for lignin
showed very low CV values (Table 3), only X-loading data for crude protein, digestibility and cellulose are
shown (Figures 4-6). For crude protein (Figure 4) the 2060 nm protein absorption feature was identified as im-
portant by all band pass versions, 1730 nm was in common to the original and Hyperion band pass versions, and
2294 nm to the HyMap and Hyperion band pass versions.

For digestibility (Figure 5), wavelengths in the red edge and the 2260 - 2280 nm regions had high X-loadings
and were common between the original and Hyperion band pass versions. The 1690 and 1694 nm protein ab-
sorption wavelengths had high X-loadings for HyMap and Hyperion band passes. Wavelengths marked by the
PC X-loadings for the original band pass model (DEP-D-sig) and the HyMap band pass model were very dif-
ferent. Wavelengths marked by the Hyperion band pass model included most of the individual wavelengths with
high X-loadings in the original and HyMapband pass models.

For cellulose (Figure 6), the main wavelengths with high X-loadings in common between the models for the
three band pass versions were the 2270 and 2280 nm cellulose absorption wavelengths. Wavelengths with high
X-loadings in the red edge were common to HyMap and Hyperion band pass versions. However, the model from
the original band pass had high X-loadings at 460 nm.
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Figure 4. PLSR X-loading weights for important wavelengths associated with best models for crude protein for (a) original

field spectra (ASD-2002-BNA-sig) and field spectra binned to (b) HyMap (DEP-D) and to (c) Hyperion (DEP-D-sig) band
pass functions.

3.2. HyMap Image Spectra Analysis

The PLSR results showed that six of the eight HyMap models with the highest CVs for the four attributes were
based on derivative transforms (Table 3). However, for digestibility, the models with the highest CVs (7.38,
HyMap-all and 4.20, HyMap 2002) involved MNF or MNF in combination with EFFORT smoothing and re-
flectance. For cellulose the models without smoothing showed the highest CVs used an MNF smoothing, al-
though the general performance was lower with CV’s of 3.90 and 2.50. For lignin, the LOG1R-D and BNA-D
transforms and MNF-EFF and HY CORR-EFF smoothing respectively produced the highest CVs for the HyMap
subsets, 4.70 and 3.31 respectively. If a threshold for predictive capacity was set at CV > 4.1, then an effective
model was obtained for the December 2000 spectra only for digestibility (Table 3), whilst if all spectra were in-
cluded the models for crude protein and even lignin were acceptable.

Whilst, the correlation for the models with the highest CVs was very similar between crude protein, digestibility
and lignin, there were significant differences in the RMSEP and CV values, providing for additional model
discrimination (Table 4). Raw reflectance performed just as well as the mathematical transforms, especially for
digestibility. The lower predictive capacity for cellulose may be related to the low interquantile range (2.93).

The range has a large effect on the CVs obtained; for example for digestibility it is nearly double 20.02 for the
HyMap-all subset versus 10.16 for the HyMap-2000 resulting in CVs of 7.38 and 4.20 respectively. The March
2001 samples contribute substantially to these increased ranges in the HyMap-all data.

Plots of predicted versus actual values for the models based on HyMap spectra for 2000 for each pasture qual-
ity attribute showed that the combination of data from the different sites contribute to the overall dynamic range
and therefore provide a better basis for the development of models effective for prediction of future unknown
samples than would each separate site considered separately (Figure 7). For example, the data from the dairy
site at Ellinbank (black dots) as part of the HyMap-2000 subset tend to be high in crude protein and digestibility,

1008
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Figure 5. PLSR X-loading weights for important wavelengths associated with best models for digestibility for (a) original

field spectra (ASD-2002-DEP-D-sig) and field spectra binned to (b) HyMap (R-sig) and to (c) Hyperion (R-D) band pass
functions.

and low in fibre, whereas the Vasey data contribute to the correlation for lower levels. The data points are in
general relatively tightly and evenly spaced around the regression lines for digestibility and crude protein,
whereas for cellulose the dispersion is larger for values between 32% - 33% (of DM).For lignin, the point spread
is larger and clustering of points prominent, indicating that phenology, as the major controlling factor, and con-
sequently lignin concentration, is similar within sites. This indicates a less reliable model despite a comparable
CV results (3.15) for crude protein and (3.31) for lignin for the Hymap-2000 subset.

3.3. Hyperion Image Spectra Analysis

There was substantial variation in RMSEP and R among the PLSR models from Hyperion image spectra with
the highest CVs. However, only the model for cellulose met the criteria for a CV > 4.1 (Table 3). Only digesti-
bility had a correlation between predicted and observed data that exceeded 0.80. Results from comparison of
smoothing approaches on Hyperion spectra (data not given), showed that models with highest CVs were ob-
tained for digestibility and lignin when MNF or MNF-EFF smoothing was applied, which is reflected in the re-
sults presented in Table 3, i.e. five out of six pasture attributes. All three of the cellulose models with the high-
est CV for the spectra derived from Hyperion and Hymap spectra (highest R, lowest RMSEP) did not have
smoothing applied.

The plots of predicted versus observed pasture quality attributes illustrate the differences in model quality
(Figure 8). The digestibility model exhibits the closest agreement between the modelled and observed data i.e.
the smallest deviation from the 1:1 relationship line. The point spread was larger for crude protein, although a
reasonable R value was obtained (Table 4). The slope of the relationship resulted in over prediction of low val-
ues and under prediction of cellulose values in the upper ranges, both indicating a lack of reliable prediction.
The points were mostly arranged in a circular cluster suggesting the relationship between measured and
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Figure 6. PLSR X-loading weights for important wavelengths associated with PLSR models with the highest CVs for diges-
tibility for (a) original field spectra (ASD-2002-BNA-sig) and field spectra binned to (b) HyMap (LOG1R-D-sig) and (c)
Hyperion (CR-D-sig) band pass functions.

Table 4. PLSR statistics for data subsets illustrated in Figure 7 (HyMap spectra) and Figure 8 (Hyperion spectra). Includes
number of samples (n), slope (of regression line), offset, correlation coefficient R, root mean square error of prediction
(RMSEP from full cross validation :leave-one-out:), standard error of prediction (SEP), bias, number of principal compo-

nents (PCs).
Data subsetname n slope offset  Correlation Coefficient R RMSEP  SEP bias PCs

CP-HyM-NONE-R-D-sig 56 0.78 2.39 0.87 1.44 1.46 0.01 5
Dig-HyM-2000-MNF-R 56 0.84 9.52 0.91 2.42 2.44 0.07 9
Lig-HyM-2000-HYCORR-EFF-BNA-D-sig 56 0.74 1.29 0.86 0.95 0.96 0.00 3
Cell-HyM-2000-NONE-CR-D-sig 56 0.66 9.68 0.76 1.17 1.18 0.02 5
CP-Hyp-MNF-EFF-CR-D-sig 46 0.69 2.70 0.80 131 1.33 0.00 4
Dig-Hyp-MNF-R-D-sig 46 0.78 13.35 0.86 2.28 2.30 0.02 4
Lig-Hyp-NONE-BNA-sig 46 0.30 5.07 0.47 2.94 297 -0.03 5
Cell-Hyp-NONE-R-D-sig 46 0.62 9.76 0.75 311 3.14 0.00 3

predicted values for lignin have a different shape than the linear

3.4. Comparison of the Different Spectrometer Results

The qualitative threshold for predictive capacity of models of CV > 4.1 was achieved for digestibility with ASD
field and HyMap spectra, for crude protein and lignin only with the full set of HyMap spectra, and for cellulose
with Hyperion-convolved field spectra (Table 3). Since R values > 0.8 convert to coefficients of determination
of 0.64, predictive equations with this level of fit could have qualitative utility, but would be of limited value for
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Figure 7. Plots of PLSR prediction results for the HyMap spectra for the December 2000 pasture quality attributes. (a) Crude
protein (NONE and R-D-sig); (b) Digestibility (MNF and R); (c) Lignin (HYCORR-EFFORT and BNA-D-sig); (d) Cellu-
lose (NONE and CR-D-sig). The diamonds denote data from PVI, the filled diamonds data from Ellinbank and crosses data
from Vasey.

quantitative prediction. For prediction model errors need to be put in context both from a confidence perspective
and in relation to measured and predicted ranges. Confidence intervals for prediction are as a rule of thumb
given by +1.96 * RMSEP ([55] Martens and Martens, 2001), i.e. an approximate 95% confidence interval for a
predicted value. The models with the highest CVs for digestibility would produce 95% confidence interval of
+7.7% for ASD field spectra, £5.3% for all HyMap spectra, and +4.8% from HyMap spectra from 2000. These
confidence intervals represent between 30 and 40% of the observed field data range from this study (Table 2).
The confidence intervals for the models with the highest CVs for crude protein and cellulose represent about
40% - 42% of the observed field data range depending on data subset. The corresponding confidence intervals
for the models with the highest CVs for the other two attributes are: lignin, +1.1% and 48% of observed range
for HyMap-all; cellulose, £3.9% and 41% of observed range for ASD field spectra binned to Hyperion; and
crude protein, £2.8% equating to 41% of observed range for the HyMap-all data.

The PLSR X-loadings identify the most sensitive wavelengths for the models with the highest CVs for Hy-
Map and Hyperion (Figure 9). In general, whilst the same broad regions were important for both HyMap and
Hyperion, the wavelengths were often different. These regions were the green peak, chlorophyll well and red
edge; the 1600 - 1800 nm region; and the 2000 - 2300 nm region. Similar wavelengths were often selected
among crude protein, cellulose and digestibility; e.g., 2240, 2270 and 2230 with HyMap (Figures 9(a) (c) and
(e); crude protein, digestibility and cellulose), and 2168 with Hyperion (Figures 9(b) and (d); for crude protein
and digestibility).

4. Discussion and Conclusions

This study has shown that with the advent of next-generation hyperspectral airborne and satellite systems,
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Figure 8. Plots of PLSR prediction results for the Hyperion 2002 models (post-atmospheric treatment and spectral trans-
form): (a) Crude protein (MNF-EFF and CR-D-sig); (b) Digestibility (MNF and R-D-sig); (c) Lignin (NONE and BNA-sig);
and (d) Cellulose (NONE and R-D-sig). The diamonds denote data from PVI, the filled diamonds data from Ellinbank and
crosses data from Vasey.

combined with predictive models of crude protein content, cellulose concentration and digestibility better char-
acterization of pasture quality and it’s spatial variability can be derived for temperate pastures. The prediction
statistics obtained here, were quite similar to those obtained by [1] for crude protein and ADF with field spectra,
but not as good as those obtained by [34] [35], although that latter worked with leaf level analysis. However, the
results demonstrate strong potential for development of specific models for crude protein, lignin, cellulose and
digestibility from field, airborne and spaceborne spectrometers in temperate pastures.

The main wavelengths selected in the best predictive models for the image spectra were located in the chlo-
rophyll pigment and red edge regions, in the 1600 - 1800 nm region, and in the 2000 - 2300 nm ligno-cellu-
lose-protein region of the spectrum. The three major absorption features at approximately 480, 670 and 1200 nm
are sensitive to chlorophyll a and b electron transitions, chlorophyll absorption and water [19]. The fourth main
absorption feature of vegetation is located between ~1652 - 1770 nm as the first overtones of CH bonds for ni-
trogen, protein, lignin and cellulose occur in this region [13] [59]. The fifth feature, in the region between 2006 -
2196, is related to protein, cellulose and lignin chemical overtones. Nitrogen, protein, lignin and cellulose all
contribute to the sixth feature. In addition, the spectral region between 2260 - 2280 nm appears consistently in
calibration equations for digestibility [60]. This is also the region where differences in spectral response make
discrimination between senescent vegetation/litter and soil possible [61]. The wavelengths selected varied between
the sensor/spectra types. This could be partly explained by the different band passes of the sensors and may stem
from differences in band pass function attributes such as the Full Width Half Maximum—FWHM, Central Wave
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Figure 9. X-loadings for the models from PLSR between image spectra and pasture quality attributes. (a) HyMap-2000
(NONE and R-D-sig), crude protein; (b) Hyperion 2002 (MNF-EFF and R-D-sig), crude protein; (c) HyMap 2000 (MNF and
R), digestibility; (d) Hyperion 2002 (MNF and R-D-sig), digestibility; (¢) HyMap 2000 (NONE and CR-D-sig), cellulose;
and (f) Hyperion 2002 (NONE and R-D-sig), cellulose.

Length—CWL. It could also be a function of radiometric resolution differences between the sensors, transfor-
mations but also because of varying sample and spectra composition.

These results confirm the premise that quality attributes related to fibre and digestibility are best predicted by
a combination of indirect correlated pigment changes and direct absorption features. The study showed that di-
gestibility can be predicted at a reasonable confidence interval using both airborne HyMap and spaceborne Hy-
perion image data. The lower predictive capacity of the model with the highest CV for lignin, tends to confirm
the findings of [29] and [30] who suggest that leaf level absorptions for lignin are poorly propagated to the can-
opy level in heterogeneous canopies and particularly those with mixed live and senescent material. Many grazed
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pastures have vertically heterogeneous canopies made up of a mixture of green leaves, dead leaves, dead stems
and mixed plant types. Both cellulose and lignin may be better predicted in very uniform, single species forage
canopies.

The difference in IFOV and signal to noise ratio (SNR) between field, airborne and spaceborne spectrometers
may introduce some biases and scaling effects into the predictive models that add to uncertainty. Hence, it
would be expected that models from the ASD field spectra, with much higher SNR and lack of disturbing at-
mosphere would show lower errors, higher correlation and higher CVs than HyMap spectra.

Walking averages over established areas which, at minimum, cover a 3 x 3 pixel window would be ideal for
comparison with HyMap data. However, in this study, with both high resolution (2.6 - 2.9 m) and medium reso-
lution (30 m) pixel acquisitions, and some uncertainty, a mix of field spectra acquisition methods was essential
to ensure a suitable collection of spectra was acquired. Some other factors that can contribute to model uncer-
tainty include spatial position of sampling, limited number of samples and attribute ranges, as well as the differ-
ent ranges for field spectra compared to image spectra.

Ideally models should be based on wide ranges encompassing values likely to be encountered in future pre-
dictions to provide stability. However, if the wide attribute range as in the case of HyMap-all data subset pro-
duces low RMSEP values and high correlations, a visual inspection of the prediction model results (e.g. score
plots) needs to be performed to ascertain that the relationship is not based on quite separate sample populations.

The assessment of the usefulness of predictive relationships between spectral information and pasture quality
attributes should not be limited to statistical measures. The potential application must be taken into account. In
particular, the predictive relationships with moderate confidence intervals may still be useful for categorizing
pasture quality into range classes rather than continuous values, and for establishing whether the pasture was
above or below a threshold value to some productivity benchmark. Some of the models derived for digestibility
produced CVs high enough to indicate usefulness in a qualitative sense (CV > 4.1). The results obtained here for
crude protein, cellulose and digestibility were similar to those of [1] crude protein and ADF. Models with a con-
fidence interval for digestibility of about 5% for predictions from both HyMap and Hyperion imagery would
provide an excellent complement to biomass and growth rate information currently retrievable.

If the £5% confidence interval of prediction is applied to known ranges of digestibility corresponding to dif-
ferent pasture types and general seasonal phenological stages (Table 5), it can be seen that the models with the
highest CVs HyMap and Hyperion could predict the major differences at intervals of ~10 digestibility units. The
seasonal timing is general and can also occur at other times of year, for example in regrowth after early harvests.
Examples of the types of maps that could be produced for inclusion in, for example precision farming systems,
are shown in Figure 10. Using the PLSR models for the HyMap-all datasets with the highest CVs, predicted
values were obtained for HyMap images of a paddock adjacent to the PVI farm, the results here shown in 9
classes ranging from low (red) to high (purple) for a) digestibility and b) crude protein.

Based on the range of values used to indicate low, moderate and high quality from FEEDTEST®, a spatial
distribution of temperate pasture digestibility in three classes, >72%, ~60% - 72%, <60% and crude protein val-
ues in two classes >10% and under 10%, could potentially be provided by the best models. Such a product
would be useful if it was able to be supplied on a timely and regular basis. At present there are no current or
planned space borne hyperspectral sensors that could deliver such data, except perhaps for small areas under
dedicated tasking.

In temperate pastures, the seasonal pattern of feed quality can often be predicted on the basis of rainfall,
growing conditions and management. Feed testing can be routinely carried out on dried, ground samples using
Near Infrared Reflectance Spectroscopy [62]. However, grazing enterprises would greatly benefit from hyper-
spectral imagery products that map the spatial pattern of pasture quality. Hence there is a clear role for a new
generation of imaging spectrometers that can be applied to agricultural monitoring.
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Table 5. Pasture species and plant component digestibility in relation to confidence intervals from the models with highest
CV'’s for digestibility—different shading indicates digestibility class separated at confidence interval. (Sources: [63]-[65])

Digestibility Class Confidence Interval
and Range (%) Digestibility ~5% (DM)

Very high
75 -85

High
70 - 80

Moderate
65-75
60 - 70

Low
55 - 65

40 -55

30-40

Pasture Species

Plant Components/Seasonal Timing?®

white clover, Persian clover, tetraploid
and hybrid biennial ryegrass®

perennial ryegrass, phalaris,
tall fescue, alfalfa, subterranean
clover, Balansa clover, Cape weed

orchard grass, annual Bromus spp., barley
grass

wallaby grass, fog grass, weeping grass?
onion grass, sweet vernal, fox/rats tail

fescue, spear grass, weeping grass,
kangaroo grass, silver grass.

Senescent annual grasses and forbs of
all types

All material in absence of summer rain to
support perennial species

W“n April-July: young leaves

Wﬁ\ April-July: young leaves

/

W/
\ &\ August: old leaf/young stems

(/|

M& November: mature green stems

Jan-Feb: recently dead material

March: old dead plant material

PV L

Figure 10. Maps of a paddock showing spatial distribution of value classes predicted using PLSR developed models for (a)
digestibility (HyMap-all, data range 43% - 82%). (b) Crude protein (HyMap-all data range 3% - 18%), 9 class colour scale
ranging from low to high (red-yellow-green-blue-purple).
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