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Introduction

1.1

Grass quality: satisfying food requirement

Spatial patterns of foliar nitrogen (N) and phosphorus (P) concentrations as
indicators of grass quality are known to influence the grazing behaviour and
migration patterns of wildlife and livestock in savanna landscapes (Drent and
Prins, 1987; McNaughton, 1988, 1990; Seagle and McNaughton, 1992; Prins
and van Langevelde, 2008). Grass quality entails attractants (e.g. minerals
like N and P), and deterrents (e.g. polyphenols). Foliar N concentration is
positively correlated to protein content (Clifton et al., 1994; Wang et al.,
2004). Protein is one of the major nutrients for the herbivores (Prins and
Beekman, 1989; Prins and van Langevelde, 2008). The importance of N supply
on dry matter production as well as protein content is well documented in
agricultural literature (Marschner, 1995), while grass N and P on the other
hand, are important for reproduction and for lactating mammals (Agricultural
Research Council, 1980; McNaughton, 1990; Prins and van Langevelde, 2008).
In southern Africa, large herbivores are concentrated around nutrient rich
areas e.g. termite mounds, sodic sites, or sites beneath large trees (Grant
and Scholes, 2006; Treydte et al., 2007; Ludwig et al., 2008). Therefore, an
accurate assessment of the spatial patterns of foliar N and P concentrations
could play a vital role in the effective planning and management of savanna
rangelands for sustainable livestock and wildlife grazing.
The foliar N: P ratio is postulated as one of the key indicators of nutrient
limitation in several ecosystems (Koerselman and Meuleman, 1996; Ludwig
et al., 2001; Prins and van Langevelde, 2008). Foliar N:P ratio reflects the
balance of N and P supply which influence plants at all levels, i.e. the growth
and reproduction of individual plants, plant species interactions, composition
and diversity (Güsewell, 2004; Cech et al., 2008). Differences in foliar
biochemistry as captured by N: P ratio in plants provide information on which
nutrient is limiting and could determine the plant production or biomass which
could eventually affect the feeding activity of herbivores in a particular
ecosystem (Koski, 1999; Daufresne and Loreau, 2001; Prins and van
Langevelde, 2008). “Smaller herbivores are known to be more N-limited than
larger ones and not vice versa” (Prins and van Langevelde, 2008), they require
nutrient balance for growth and to carry out daily activities. Limnetic studies
hypothesized that herbivores (cladocerans) with high P concentration should be
generally P limited, while herbivores with more N (e.g. copepods) should be N
limited (Koski, 1999; Daufresne and Loreau, 2001). This provides a scope for
testing such a hypothesis in the savanna ecosystems. This tool has been widely
used in the limnetic related studies (Koerselman and Meuleman, 1996;
Güsewell et al., 2003; Güsewell, 2004). A review of 40 fertilization studies
discovered that the N: P ratio value <14 indicates N limitation, between 14 and
16 indicates co-limitation and >16 indicates P limitation (Koerselman and
Meuleman, 1996; Ludwig et al., 2001; Güsewell, 2004). For savanna
ecosystem, Cech et al. (2008) reported that the N: P values < 9 indicate N2

Chapter 1

limitation, >10 indicate P-limitation, and values at a range 9-10 indicate colimitation. Ludwig et al. (2001) found that below trees, N: P ratio value of 12
indicates that P is limiting, while on the open grassland the average of 6
indicates N limiting in savanna ecosystems. Information on the landscape
variability of nutrient concentrations and ratios/limitation could aid in
understanding the feeding patterns of herbivores.
Savanna ecosystem play a crucial role in the rural economy worldwide (James
et al., 2003). Among other things, they provide grazing land important for rural
livestock production (Shackleton et al., 2002; Steinfeld et al., 2006). Livestock
production is one of the main sources of income in the rural areas (Shackleton
et al., 2002; Steinfeld et al., 2006). Savannas are subject to land degradation
as a result of overgrazing and overstocking of domestic animals (Abel and
Blaikie, 1989; Du Toit and Cumming, 1999), this can be caused by lack of
information about the grass condition which hampers proper management.
Therefore, there is a need for sustainable utilization of the grazing land for
viable livestock production, while minimizing land degradation. Spatial
information about grass nutrients could be useful to guide farmers in
sustainable management of their grazing land, while minimizing land
degradation.

1.2

Estimation and mapping of grass quality using
remote sensing

Remote sensing is widely used as a cost-effective means (Mumby et al., 1999)
to estimate and map savanna grass quality at landscape level in various
biomes, such as grasslands and savannas (Mutanga and Skidmore, 2004a;
Mutanga et al., 2004c, 2004b; Bogrekci and Lee, 2005; Ferwerda et al., 2005;
Mutanga et al., 2005; Mutanga and Kumar, 2007; Numata et al., 2008;
Skidmore et al., 2010), forests (Martin and Aber, 1997; Schlerf et al., 2010)
and agricultural areas (LaCapra et al., 1996; Thenkabail et al., 2000; Hansen
and Schjoerring, 2003; Huang et al., 2004; Zarco-Tejada et al., 2004b; Wang
et al., 2009). The remote sensing techniques used to retrieve vegetation
parameters involve the use of indices (Daughtry et al., 2000; Haboudane et
al., 2002; Haboudane et al., 2004), absorption features (Skidmore et al.,
2010; Knox et al., 2011), full spectrum (Yoder and Pettigrew-Crosby, 1995;
Asner and Martin, 2008; Ramoelo et al., 2011b), integrated modeling (Cho et
al., 2009; Knox et al., 2011), which are empirical based and an inversion of
physically based or radiative transfer models (Zarco-Tejada et al., 2004a;
Schlerf and Atzberger, 2006; Darvishzadeh et al., 2008a). The latter approach
has been successfully applied for retrieving leaf area index (LAI) and
chlorophyll (Wenjiang et al., 2004; Zarco-Tejada et al., 2004a; Darvishzadeh
et al., 2008a). Limited studies directly retrieved foliar N and P using inversion
of radiative transfer models as they are not incorporated as one of the

3

Introduction

parameters (Kokaly et al., 2009). An attempt to incorporate foliar N
concentrations was done for the needleleaf simulations using LIBERTY model
(Dawson et al., 1998), a potential was observed but estimation results showed
high covariance between N and other leaf properties (Kokaly et al., 2009).
Foliar N for example, could be estimated using inversion of radiative transfer
models assuming a positive relationship between N and chlorophyll (Kokaly et
al., 2009; Yoder and Pettigrew-Cosby, 1995), but this relationship is season
specific (Wang et al., 2009; Wenjiang et al., 2004).
The conventional broadband remote sensing techniques based on the
utilization of the relationship between grass quality (e.g. N and P) and spectral
indices such as normalized difference vegetation index (NDVI) (Tucker, 1979),
soil line concept (SLC), simple ratio (SR) (Baret and Guyot, 1991), soiladjusted vegetation index (SAVI)(Huete, 1988) have limited applications in
high grass canopy cover as they saturate (Tucker, 1977; Mutanga and
Skidmore, 2004b). On the other hand, the use of spectral indices derived from
the red-edge bands (700 – 750 nm) of hyperspectral or narrow-band data has
been demonstrated to mitigate the saturation effect observed with broadband
indices (Clevers et al., 2002; Huang et al., 2004; Cho and Skidmore, 2006;
Darvishzadeh et al., 2008b; Majeke et al., 2008). The red-edge is the region of
abrupt change in foliar reflectance between 680 and 780 nm (Clevers et al.,
2002). Narrow-band normalized difference vegetation index and SR indices
computed from red-edge bands provided more accurate estimates of foliar N
compared to conventional NDVI derived from 680 and 800 nm (Mutanga and
Skidmore, 2007). Studies on estimation of foliar N using vegetation indices
such as red edge position, depend mainly on chlorophyll concentration (Clevers
et al., 2002; Mutanga et al., 2004c; Cho and Skidmore, 2006; Numata et al.,
2008), assuming a positive correlation between foliar N and chlorophyll
concentrations (Vos and Bom, 1993; Yoder and Pettigrew-Crosby, 1995). This
approach is limited because it is dependent on the plant phenology, meaning
that the relationship will deteriorate as leaves senesce (Wang et al., 2009).
Spectral absorption features identified to be sensitive to foliar biochemical
concentrations are listed in Curran (1989), Kumar et al. (2001) and Knox
(2011). Most of the features used for foliar biochemical estimation dominates
the near infrared (NIR) and shortwave infrared (SWIR) (Curran, 1989;
Elvidge, 1990; Kokaly and Clark, 1999; Kumar et al., 2001; Cho et al., 2010;
Knox et al., 2010b; Skidmore et al., 2010). For example, N has absorption
features centred at 430 nm, 460 nm, 640 nm, 660 nm, 910 nm, 1510 nm,
1940 nm, 2060 nm, 2180 nm, 2300 nm, 2350 nm, dominating the SWIR
region (Curran, 1989). The main leaf biochemical concentrations absorbing in
the SWIR region (1000-2500 nm) include lignin, cellulose, starch and
proteins (Curran, 1989; Kokaly and Clark, 1999). Specific absorption features
for P have not been identified, but several studies found that the short-wave
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infrared (SWIR) bands have potential for predicting foliar P concentration
(Mutanga and Kumar, 2007; Cho et al., 2010; Ramoelo et al., 2011b).
However, the accuracy of the estimation of foliar N and P using NIR and
SWIR absorption features is highly influenced by the absorption of leaf water
content, masking the subtle absorption features of other biochemical
concentrations (Gao and Goetz, 1994, 1995; Fourty and Baret, 1998).
Several techniques have been used to minimize the effect of leaf water content
on the remote sensing of foliar biochemical estimation, including spectral
transformation such as continuum-removed spectra, first derivative spectra
and Log-transformed spectra (Majeke et al., 2008; Kokaly et al., 2009). These
spectral data enhance absorption features of foliar biochemical concentrations,
while minimizing atmospheric, soil background, and water absorption effects,
as well as data redundancy (Yoder and Pettigrew-Crosby, 1995; Dawson and
Curran, 1998; Cho and Skidmore, 2006). For example, Log(1/R) is preferred
to reflectance because it is linearly related to absorbing components
(Hruschka, 1987; Yoder and Pettigrew-Crosby, 1995). Studies such as Yoder
and Pettigrew-Crosby (1995) showed a strong relationship between Log(1/R),
as well as the first derivative Log(1/R)’, and foliar N concentration. Fourty
and Baret (1998) argued that transforming reflectance into their
corresponding absorbance values improved the accuracy of estimates.
Continuum removal has also been applied to enhance absorption features for
foliar N and P estimations (Kokaly and Clark, 1999; Curran et al., 2001;
Mutanga et al., 2005).
Water affects the absorption features for many foliar biochemicals when using
fresh leaf spectra , and the removal of these effects has been recommended to
increase the accuracy of foliar biochemical estimation in the SWIR (Gao and
Goetz, 1994, 1995; Dawson et al., 1998; Kokaly and Clark, 1999; Mutanga
and Skidmore, 2004a; Zhao et al., 2006). Absorption by these chemicals,
including lignin, starch, protein, and cellulose, is not very strong (weak
absorbers) and so is generally masked by water absorption in fresh leaves
(Kumar et al., 2001; Zhao et al., 2006). However, in dry leaf spectra, foliar
biochemical absorption is generally highly differentiated and well correlated to
the concentrations of foliar biochemicals (Card et al., 1988; Elvidge, 1990).
Encouraging results have been attained using spectral transformations, e.g.
normalized band depth (Kokaly and Clark, 1999; Curran et al., 2001; Mutanga
et al., 2004c). However, leaf water still poses a challenge when using fresh leaf
spectra to estimate biochemical concentrations (Fourty and Baret, 1998;
Johnson, 2001). To overcome the masking effect of leaf water, Gao and Goetz
(1994, 1995) successfully removed water absorption effects from fresh leaf
spectra to estimate leaf components such as lignin and cellulose. They
developed a non-linear least-squares spectral matching technique that
calculates a fresh leaf spectrum as a non-linear combination of a leaf water
spectrum and a dry matter spectrum. In a follow-up study, Schlerf et al.
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(2010) modified the technique and applied it successfully to estimate nitrogen
concentrations in Norwegian spruce needles and named it the water removed
approach (WR). This study was undertaken to further adapt and test this
technique in estimating foliar N and P concentrations from the spectra of grass
species commonly found in savanna ecosystems.
Savanna ecosystems are diverse and heterogeneous in soil and plant
moisture, soil nutrients, fire regime, grazing pressures and anthropogenic
activities (Ben-Shahar and Coe, 1992). This makes the estimation of grass N
and P using remote sensing in this ecosystem a challenging task (Mutanga et
al., 2004c; Mutanga and Kumar, 2007; He and Mui, 2010; Skidmore et al.,
2010). Grass quality is influenced by geology (Bell, 1986; Ben-Shahar and
Coe, 1992; Grant and Scholes, 2006), soil (Heitkönig and Owen-Smith, 1998;
Cho et al., 2010), precipitation and temperature (Ben-Shahar and Coe,
1992), topography or catena position (Seagle and McNaughton, 1992;
Mutanga et al., 2004a) as well as aspect (Mutanga et al., 2004a) and land
use types (Zhou et al., 2002). We assume that a modeling approach that
exploits the strength of environmental variables and remote sensing data
could potentially improve the assessment of ecosystem state and functioning
at various geographic scales (Mutanga et al., 2004a; Cho et al., 2009; Knox
et al., 2011). The integrated approach could be an attempt towards
estimating and mapping foliar N and P at regional scale, which according to
our knowledge is yet to be done. A limited number of studies have
investigated the possibility of integrating environmental and remote sensing
variables to estimate foliar N and P concentrations, e.g. Cho et al. (2009) and
Knox et al. (2011).
Foliar biochemical concentrations are seldom mapped at regional scale
because of the limited spaceborne sensors that can sample radiance in the
region of the red-edge or full spectrum. For example, conventional
multispectral satellite sensors such as SPOT, Landsat, MODIS and ASTER lack
the specific spectral regions such as red edge for biochemical estimations
especially N and their spatial resolutions are relatively coarse. A sensor like
MERIS has standard band settings which allow the computation and
approximation of the red edge position (Clevers et al., 2002), but the spatial
resolution is relatively coarse. The emergence of the multispectral sensors such
as WorldView-2 (USA), SumbandilaSAT (South Africa) and RapidEye
(Germany) with the red-edge band at very high spatial resolution (i.e. 6.5 m)
could provide an opportunity for rangeland resource quality assessment at
regional level. Using remote sensing data from these latest sensors, there is a
need for the development of the specific vegetation indices that could be used
successfully with these sensors. In this study several broad-band and
hyperspectral vegetation indices were modified and new indices were
developed to incorporate the red-edge band to estimate grass N concentration
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at regional scale using RapidEye images of the period during peak productivity
of the grass.
A challenge for using remote sensing to estimate foliar biochemicals is
associated with the difficulty to disentangle the signal of biomass and foliar
biochemicals, especially N (i.e. the interaction effects between N and
biomass) (Skidmore et al., 2010). The effects can be minimized during peak
productivity where the grass spectra have a high absorption in the red region
and high scattering in the near infrared region (Plummer, 1988b; Skidmore
et al., 2010). During this period, the scattering and absorption on the spectra
continue to increase as captured by indices such as normalized difference
vegetation index (NDVI), and the relationship between biomass and NDVI
asymptotically saturate (Tucker, 1977; Mutanga and Skidmore, 2004b). At a
certain critical biomass point (e.g. 3000 g/m2), the vegetation indices are
unable to estimate biomass (Mutanga and Skidmore, 2004b). That is when
the foliar N can be estimated with minimal effects of the N-biomass
interaction problem. Otherwise, the foliar N estimation using indices could be
compromised by the variation in grass biomass. After this interaction problem
is minimized, various multivariate statistical techniques are available to
retrieve foliar biochemical concentrations.
Several studies have applied stepwise multiple linear regression (SMLR)
(Grossman et al., 1996; Martin and Aber, 1997; Kokaly and Clark, 1999;
Huang et al., 2004) to estimate N and P with hyperspectral remote sensing
variables. However, SMLR operates on the assumption of normal distribution
of the data, and could suffer from model overfitting and multicollinearity
(Grossman et al., 1996; Huang et al., 2004). The use of partial least square
regression (PLSR) has been advocated to address these issues (Geladi and
Kowalski, 1986; Huang et al., 2004; Asner and Martin, 2008; Darvishzadeh
et al., 2008b; Ramoelo et al., 2011b). On the other hand, conventional PLSR
also makes a normality assumption about the distribution of the response
variable. Input data can be normalized using mean or median centring prior
to use with the conventional PLSR (Viscarra Rossel, 2008), but this does not
completely address the requirement for normal distribution. To curtail this
assumption, we introduce the non-linear PLSR, also known as PLSR with
radial basis function neural network (RBF-PLSR) (Walczak and Massart, 1996)
for foliar biochemical estimations. The advantage of the non-linear PLSR is
that it is a flexible non-linear regression technique which combines the
capability of the conventional PLSR, i.e., power to maximize covariance
between data sets, and the non-linear nature of the RBF neural network
(Walczak and Massart, 1996). The predictive models developed by non-linear
PLSR have limited or no overfitting and multicollinearity problems if the
optimal number of latent variables is selected (Walczak and Massart, 1996).
A non-linear PLSR is also non-parametric in nature and it does not require
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model input to be normally distributed. Non-parametric techniques such as
artificial neural network (ANN) were also applied for retrieving foliar
biochemicals using hyperspectral data (Mutanga and Skidmore, 2004a;
Skidmore et al., 2010; Knox et al., 2011). The ANN is a black-box and is
computational intensive (Atkinson and Tatanall, 1997; Skidmore et al.,
1997), but combined with PLSR, it proved to be useful in several domains.
The non-linear PLSR has been successfully applied in soil (Fidêncio et al.,
2002), time series prediction (Zemouri et al., 2003), air pollution (Giering et
al., 2005) and engineering related fields (Garg et al., 2010). The
performance of the non-linear PLSR has not been established for extracting
vegetation biochemistry in the heterogeneous savanna ecosystems.

1.3

Research Aim and Objectives

The aim of this study is to develop and improve techniques for estimating
and mapping foliar biochemicals using remote sensing from local to regional
scale. The specific objectives are as follows; (1) to test water removed
spectra for foliar N and P estimation as compared to the existing spectral
techniques, (2) to estimate foliar N: P ratio using in situ hyperspectral
measurements or field spectroscopy, (3) to investigate the applicability of the
non-linear partial least square regression in integrating in situ hyperspectral
and environmental variables to estimate foliar N and P concentrations, and
(4) to investigate the utility of the red edge band in RapidEye data for
estimating foliar and canopy N at regional scale.

1.4

Research Outline

This thesis consists of six chapters including the Introduction and Synthesis.
Analyses of this study were based on remote sensing measurements at
greenhouse/laboratory, field and spaceborne levels. This thesis was
organized to address two main issues pertaining to the estimation of foliar
biochemicals; (1) water absorption effects removal and (2) regional
estimation and mapping. The greenhouse/laboratory level of measurement
was undertaken to test applicability of the water removal technique for
estimating foliar N and P in a controlled environment or greenhouse. This
level was chosen since soil nutrients and water can be easily manipulated to
influence variability of foliar biochemicals. Water removal was applied in two
chapters (i.e. 2 and 3). For regional estimation, we had two chapters,
chapter 4, was an attempt towards regional nutrient estimation using
integrated modelling approach. Chapter 4 was a step before chapter 5,
demonstrating the possibility of using integrated modelling approach to
estimate foliar biochemicals. Finally, chapter five focused on regional
estimation of foliar and canopy N. We did not estimate P at regional scale
because we concentrated only on indices derived in the visible spectrum
using RapidEye which are more sensitive to foliar N than P. The chapters
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were also organized following remote sensing measurement levels, and the
levels are highlighted in BOLD below, especially for the outline of each
technical chapter.
Chapter 1:
The chapter introduces research problem, aim and objectives. It introduces
the importance and ecological relevance of estimating foliar N and P
concentrations. The chapter further introduces progress and challenges faced
by remote sensing analysts in estimating foliar biochemicals, with emphasis
on water absorption effects and regional estimation of foliar biochemicals.
Chapter 2:
The objective was to test the applicability of water removed spectra in
estimating foliar N and P concentrations. This chapter was based on the
greenhouse experiments so that the environment could be easily controlled.
We determined and manipulated the soil nutrients and water to influence
foliar N and P variation in the plant (i.e. grass species: Digitaria eriantha).
Spectral transformation and statistical techniques were applied to retrieve
foliar N and P concentrations. Water removed spectra produced promising
results.
Chapter 3
The objective was to test the utility of in situ hyperspectral measurements to
estimate foliar N: P ratio on grass canopies. The study was conducted at
field level applying in situ hyperspectral measurements using Analytical
Spectral Device (ASD), FieldSpec 3®. To retrieve foliar N: P ratio, spectral
transformation techniques and partial least square regression were
investigated. Among the spectral transformation techniques, water removed
spectra was tested. The conclusion was that hyperspectral data shows a
potential to estimate foliar N: P ratio, where water removed and continuum
removed spectra achieved a higher accuracy.
Chapter 4
This chapter presents an attempt towards estimating foliar N and P
concentrations at regional scale, using integrated modelling approach. It was
conducted at field level using in situ hyperspectral measurements collected
by Analytical Spectral Device (ASD), FieldSpec 3®. We introduced a
statistical technique called the non-linear PLSR for estimating foliar
biochemicals. The study investigated an estimation of foliar biochemicals
using the integrated modelling approach which combines the use of
hyperspectral measurements and environmental or ancillary variables, which
was an attempt towards regional estimation of foliar biochemicals.
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Chapter 5
The objective was to investigate the utility of the red edge band embedded in
the RapidEye sensor to estimate foliar and canopy N. Chapter was based on
spaceborne or satellite remote sensing measurements using the RapidEye
sensor. Vegetation indices were computed and an integrated modelling
approach was applied to estimate foliar N and canopy N. The integrated
modelling approach combines vegetation index and environmental or
ancillary variables to estimate foliar and canopy N. This was an attempt to
estimate and map grass N at regional scale using multispectral remote
sensing in the savanna ecosystems.
Chapter 6
This chapter entails synthesis of various issues emanated from this thesis,
including water removal, integrated modelling, biomass and foliar
biochemical interaction, phenology, ecology and issues of scale. It further
includes conclusions and recommendations.
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Grass nitrogen and phosphorus estimation
using water removed spectra *

*

Chapter is based on: Ramoelo, A. Skidmore, A.K. Mathieu, R. Heitkönig, I.M.A. (2011)
Water removed spectra increase the retrieval accuracy when estimating savanna grass
nitrogen and phosphorus concentrations, ISPRS Journal of Photogrammetry and
Remote Sensing, 66, pp: 408-417.

Grass nitrogen and phosphorus estimation using water removed spectra

Abstract
Information about the distribution of grass foliar nitrogen (N) and phosphorus
(P) is important to understand rangeland vitality and to facilitate the effective
management of wildlife and livestock. Water absorption effects in the near
infrared (NIR) and shortwave infrared (SWIR) region pose a challenge for
nutrient estimation using remote sensing. The aim of this study was to test
the utility of water removed (WR) spectra in combination with partial least
square regression (PLSR) and stepwise multiple linear regression (SMLR) to
estimate foliar N and P, compared to spectral transformation techniques such
as first derivative, continuum removal and log transformed spectra
(Log(1/R)). The study was based on a greenhouse experiment with a
savanna grass species (Digitaria eriantha). Spectral measurements were
made using a spectrometer. D. eriantha was cut, dried and chemically
analyzed for foliar N and P concentrations. WR spectra were determined by
calculating the residual from the modelled leaf water spectra using the nonlinear spectral matching technique and observed leaf spectra. Results
indicated that WR spectra yielded a higher N retrieval accuracy than a
traditional first derivative transformation (R2=0.84, RMSE=0.28%) compared
to R2=0.59, RMSE=0.45% for PLSR. Similar trends were observed for SMLR.
The highest P retrieval accuracy was derived from WR spectra using SMLR
(R2=0.64, RMSE=0.067%), while the traditional first derivative and
continuum removal resulted in lower accuracy. Only when using PLSR did the
first derivative result in a higher P retrieval accuracy (R2=0.47,
RMSE=0.07%) than the WR spectra (R2=0.43, RMSE=0.070%). It was
concluded that the water removal technique could be a promising technique
to minimize the perturbing effect of foliar water content when estimating
grass nutrient concentrations.
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2.1

Introduction

Information about the distribution of grass nutrient concentration is crucial to
understand rangeland health and facilitates effective management of wildlife
and livestock. Grass nutrient concentrations influence the feeding patterns
and distribution of wildlife and livestock species in savanna rangelands
(McNaughton, 1988, 1990; McNaughton and Banyika, 1995). Large herbivores
are known to concentrate in nutrient rich sites in Southern Africa, e.g. termite
mounds, sodic sites, or sites beneath large trees (Owen-Smith and
Danckwerts, 1997; Grant and Scholes, 2006; Treydte et al., 2007).
Furthermore, herbivore diversity increases with increasing soil fertility (Ollf et
al., 2002) and foliar nutrient concentration generally correlates positively with
soil nutrient levels (Penning de Vries and Djiteye, 1982). Of the nutrients, foliar
nitrogen (N) and phosphorus (P) concentrations are particularly important for
herbivores (McNaughton, 1990). Mapping both N and P would allow computing
of the N:P ratio, which is a key indicator of nutrient limitation in vegetation
(Koerselman and Meuleman, 1996; Ludwig et al., 2001). Estimating N and P
could therefore provide information on which nutrient is limiting for wildlife and
livestock production in a particular landscape (Prins and van Langevelde,
2008).
In order to identify where foliar N and P become important, hyperspectral
remote sensing has been employed in various biomes, such as grasslands
and savannas (Bogrekci and Lee, 2005; Ferwerda et al., 2005; Mutanga et
al., 2005; Mutanga and Kumar, 2007; Numata et al., 2008; Skidmore et al.,
2010), forests (Martin and Aber, 1997; Schlerf et al., 2010) and agricultural
areas (LaCapra et al., 1996; Thenkabail et al., 2000; Zarco-Tejada et al.,
2004b; Wang et al., 2009). Most of the spectral absorption features that
have been identified and used for N and P estimation are located in the near
infrared (NIR) and shortwave infrared (SWIR). For example, N has absorption
features centred at 430 nm, 460 nm, 640 nm, 660 nm, 910 nm, 1510 nm,
1940 nm, 2060 nm, 2180 nm, 2300 nm, 2350 nm, dominating in the SWIR
region (Curran, 1989). The main leaf biochemicals absorbing in the SWIR
region (1000-2500 nm) include lignin, cellulose, starch and proteins (Curran,
1989; Kokaly and Clark, 1999; Kumar et al., 2001). However, the accuracy
of the estimation of N and P using NIR and SWIR absorption features is
highly influenced by the reflectance of leaf water content, masking the subtle
absorption features of other biochemicals (Gao and Goetz, 1994, 1995;
Fourty and Baret, 1998).
Several techniques have been used to minimize the effect of leaf water content
on the remote sensing of foliar biochemicals, including spectral transformation
such as vegetation indices, continuum-removed spectra, first derivative spectra
and log-transformed spectra. Studies have estimated N using vegetation
indices such as red edge position, which depends mainly on chlorophyll
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concentration (Clevers et al., 2002; Mutanga et al., 2004c; Cho and Skidmore,
2006; Numata et al., 2008), assuming a positive correlation between leaf N
and leaf chlorophyll concentration (Vos and Bom, 1993; Yoder and PettigrewCrosby, 1995). This approach is limited as it depends on the leaf or plant
phenology, meaning that the relationship will deteriorate during leaf
senescence (Wang et al., 2009).
Derivatives, continuum-removal, and log transformed spectra (Log(1/R))
enhance absorption features of foliar biochemicals, while minimizing
atmospheric, soil background, and water absorption effects, as well as data
redundancy (Yoder and Pettigrew-Crosby, 1995; Dawson and Curran, 1998;
Cho and Skidmore, 2006). For example, Log (1/R) is preferred to reflectance
because it is linearly related to absorbing components (Hruschka, 1987;
Yoder and Pettigrew-Crosby, 1995). Yoder and Pettigrew-Crosby (1995)
showed a strong relationship between Log (1/R), as well as the first
derivative Log (1/R)’, and N concentration. Fourty and Baret (1998) argued
that transforming reflectance into their corresponding absorbance values
improved the accuracy of estimates. Continuum removal has also been
successfully applied to enhance absorption features for foliar N and P
estimations (Kokaly and Clark, 1999; Curran et al., 2001; Mutanga et al.,
2005).
Water affects the absorption features for many foliar biochemicals when using
fresh leaf spectra , and the removal of these effects has been recommended to
increase the accuracy of foliar biochemical estimation in the SWIR (Gao and
Goetz, 1994, 1995; Dawson et al., 1998; Mutanga and Skidmore, 2004a; Zhao
et al., 2006) . Absorption by these biochemical concentration is not very strong
and is generally masked by water absorption in fresh leaves (Kumar et al.,
2001; Zhao et al., 2006). In dry leaf spectra, biochemical absorption is
generally highly differentiated and well correlated to the concentrations of
these chemicals (Card et al., 1988; Elvidge, 1990). Spectral transformations
like normalized band depth (Kokaly and Clark, 1999; Curran et al., 2001;
Mutanga et al., 2004c) improved the results, but leaf water still poses a
challenge when using fresh leaf spectra to estimate biochemical concentrations
(Fourty and Baret, 1998; Johnson, 2001).
To overcome the masking effect of leaf water, Gao and Goetz (1994; 1995)
successfully removed water absorption effects from fresh leaf spectra to
estimate leaf components such as lignin and cellulose. They developed a nonlinear least-squares spectral matching technique that calculates a fresh leaf
spectrum as a non-linear combination of a leaf water spectrum and a dry
matter spectrum. Schlerf et al. (2010) modified this technique and applied it
successfully to estimate nitrogen concentrations in Norwegian spruce needles
and named it the water removed approach (WR).
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Although stepwise multiple linear regression (SMLR) has been successfully
used in foliar biochemical estimations, it has some limitations including
multicollinearity, linear relationship assumptions, over-fitting (Curran, 1989;
Martens and Naes, 2001) and difficulty in transferring the predictive models to
other data sets (Grossman et al., 1996). Many studies recommend the use of
partial least square regression (PLSR) (William and Norris, 1987; Hansen and
Schjoerring, 2003; Cho et al., 2007b; Asner and Martin, 2008). With PLSR the
spectra are decomposed into latent factors using the response variable to
reduce the data dimensionality problem in the model development process
(reflectance spectra typically have a large number of bands constituting as
many independent variables) (Geladi and Kowalski, 1986; Geladi et al., 1999).
The utility of PLSR in foliar biochemical estimation for N and P has been
demonstrated, and both regression techniques (SMLR and PLSR) with various
transformed spectra have been successfully applied (Huang et al., 2004; Asner
and Martin, 2008). However, the performance of PLSR, SMLR and WR spectra
when estimating foliar P and N remains to be established.
The main aim of this study was to test the utility of water removed spectra
(WR) in combination with PLSR and SMLR for estimating foliar N and P, and
compares this to other existing spectral transformation techniques such as
Log(1/R), first derivative (FD), continuum removal (CR) and also the original
reflectance (R). The study intended to quantify the retrieval accuracy of foliar
N and P of a typical savanna grass grown under controlled conditions in a
greenhouse. Reflectance spectra were collected using a visible – SWIR
spectrometer. The hypothesis was that water removed spectra significantly
increased the retrieval accuracy of nutrients, compared to first derivative of
reflectance or other spectral transformations.

2.2

Material and Methods

A grass species (Digitaria eriantha) was sown in pots and grown for four (4)
months in a greenhouse (Figure 2.1). Soil water content as well as N and P
fertilization were adjusted to produce high variation in foliar water, N and P.
Reflectance measurements were acquired with a spectrometer. Foliar N and P
concentrations were analyzed in the laboratory. Various spectral
transformation techniques were applied including WR spectra using PLSR and
SMLR and a bootstrapping approach for validation. Figure 2.1 shows a
flowchart with various sections of the study method.

2.3

Greenhouse Experiments: Set up and Sampling

The experiment was set up to produce high variation in foliar N and P
concentrations, and foliar water content. A multiple factorial design was used
(2x3x3) with 5 replications to ensure that each water treatment included at
least 30 samples, generating a total of 90 samples (Morrison, 2001). The
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selection of the grass species (Digitaria eriantha) was based on its wide
occurrence in African savanna ecosystems and its importance as forage for
livestock and wild herbivores. D. eriantha is a perennial grass species which
grows either as a dense tussock, with or without extended stolons or as
continuous stoloniferous sward. It can grow in a wide range of soil types from
sands to heavy clays. Natural compost was mixed with fine red and sandy
soils to form a basic stratum for sowing the grass seeds. Samples of this soil
mix were taken to South Africa’s Agricultural Research Council (ARC) for
chemical analysis to determine its chemical composition. Then various levels
of nutrients, based on Venter (1990) as well as Scholes and Walker (2004),
were added. Limestone ammonia nitrate (N: 284 g/kg) and superphosphate
(P: 83g/kg) were used for fertilization. Soil water levels were manipulated
using different watering regimes, when the grass was fully grown and
flowering. The various levels of water treatment applied were: (i) high level,
where plants were watered twice a day, (ii) medium level, with plants
watered once every two days and (iii) low level, with plants watered once or
twice a week. This was done for two weeks to ensure contrasting levels of
water content, P and N concentrations in the soil, and hence in the grass
leaves. The temperature was kept between 27 and 300C to mimic savanna
ecosystems.

Figure 2.1: Flowchart showing sections of the methodology
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2.4

Spectral Measurements

Canopy spectral measurements were taken for each pot using a FieldSpec ® 3
Portable Analytical Spectral Device (ASD®) spectrometer with a spectral range
extending from 350 to 2500 nm, and a 1 nm bandwidth (www.asdi.com).
Measurements were taken in a dark room to minimize wall reflections. A
halogen lamp mounted on a tripod with a fixed illumination angle of 45 degrees
was used as illumination source. Given the pot diameter of 15 cm, the canopy
reflectance was measured by pointing the fibre optic with a field of view of 25
degrees in a nadir position, from about 33 cm above the grass canopy, to
ensure that only spectral measurements of the grass canopy were taken. A
white reference panel (spectralon) was used before each spectral measurement
to convert spectral radiance into reflectance. Measuring followed the protocol
used by e.g. Cho and Skidmore. (2006) and Mutanga et al. (2003). A single
spectral measurement included an average of 10 scans. Each pot was rotated
whilst 5 spectral measurements were taken and averaged to account for
illumination differences and bi-directional reflectance effects (Wang et al.,
2009).

2.5

Chemical Analysis

For each pot all grasses were cut at the base and oven dried at 800 C for 24
hours. The dried grasses were sent to the Agricultural Research Council’s
Institute for Tropical and Subtropical Crops (ARC-ITSC) for chemical analysis.
N and P were analyzed using the wet or acid digestion method, using perchloric
and nitric acid for P and sulphuric acid for N (Giron, 1973; Grasshoff et al.,
1983). Chemically analysed N and P were henceforth referred to as observed N
and P.

2.6

Data Analysis

2.6.1

Spectral transformation techniques

The spectral reflectance data were pre-processed before transformation.
Spectral smoothing was performed with the commonly used Savisky-Golay
filter (Savitzky and Golay, 1964), adding a second order polynomial least
square function and 3-band window to remove signal noise. To compare the
water removed (WR) spectra with the other spectral transformation
techniques, taking some of the absorption features in the visible spectrum into
account; the spectral region from 500 to 2450 nm was selected for data
analysis.
Commonly used spectral transformation techniques such as log transformed
spectra Log(1/R), first derivative, and continuum removal, were computed.
Log(1/R) was determined by calculating a log function of the spectral
reflectance’s reciprocal (Hruschka, 1987; Yoder and Pettigrew-Crosby, 1995;
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Fourty and Baret, 1998). The first derivative of the spectral reflectance was
derived using a first-difference approach. A first-difference transformation of
the reflectance spectrum calculates differences in reflectance between adjacent
wavebands. More details on this can be found in Dawson and Curran (1998).
The continuum removed spectra were derived by applying a convex hull or a
continuum line to the reflectance spectra connecting local spectral maxima
(Kokaly and Clark, 1999; Kokaly, 2001; Mutanga et al., 2004c).
To reduce water absorption effects on weak biochemical absorption, the water
removed spectra (WR) were derived from a non-linear least-squares spectral
matching technique calculating a fresh leaf spectrum as a non-linear
combination of a leaf water spectrum and a dry matter spectrum (Gao and
Goetz, 1994, 1995), modified by Schlerf et al. (2010), using the following
equation:

Rmod(λ)=(A+B λ)exp-(CwKw(λ)

+

CdmKdm(λ))

(2.1)

where Rmod(λ) is the modelled reflectance for wavelength λ, Cw the water
content, Kw the absorption coefficient of water, Cdm the dry matter content,
Kdm the absorption coefficient of dry matter content, and A and B background
model coefficients. A, B and Cw were unknowns determined using the
mathematical optimization procedure called Nelder-Mead simplex method
(Mathews and Fink, 2004; Mathworks, 2009). It creates a generalized
triangle in N dimensions for finding a local minimum of a function of several
variables using a non-derivate method. The method tries to minimize a
scalar-valued nonlinear function of N real variables using only function
values, without any derivative information. Mathews and Fink (2004) argued
that the Nelder-Mead method is efficient and computationally compact. More
details can be found in Mathews and Fink (2004) and Mathworks (2009). The
absorption coefficient of water and the absorption coefficient of protein or dry
matter were obtained from the PROSPECT leaf model (Jacquemoud et al.,
1996). The leaf water contribution to the total fresh leaf reflectance was
modelled by filling in the three unknowns A, B, and Cw in equation (1), whilst
setting Cdm at zero. Finally, the residual spectra between measured
reflectance Rmes(λ) and modelled reflectance Rmod(λ) were computed as the
water removed spectra WR(λ):

WR (λ) = (Rmes(λ)- Rmod(λ))/ Rmes(λ)

(2.2)

The modifications by Schlerf et al. (2010) included the use of known and
published water and protein absorption coefficients and incorporating NelderMead simplex methods to determine the unknowns as indicated above. This
study adopted the same technique for the savanna grass species. WR (λ) was
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used for analysis and compared with the other transformations of the
spectra.

2.6.2

Regression analysis and bootstrapping

Two commonly used regression techniques were selected for data analysis,
i.e. partial least square regression (PLSR) (Geladi and Kowalski, 1986; Naes
et al., 1986; Ehsani et al., 1999; Martens and Naes, 2001; Viscarra Rossel,
2008) and stepwise multiple linear regression (SMLR) (Grossman et al.,
1996; Martin and Aber, 1997; Kokaly and Clark, 1999; Huang et al., 2004;
Schlerf et al., 2010). To compare the retrieval accuracy of foliar N and P
using the various spectral transformation techniques, a bootstrapping
approach was used (Efron, 1983). The advantage of bootstrapping is that it
can be used efficiently when only a limited number of samples are available.
Bootstrapping was used as an alternative to the split method since it
iteratively resample the data set to be used for model development, making
it a good technique for assessing model accuracy (Verbyla and Litvaitis,
1989). In this study, PLSR and SMLR were integrated with bootstrapping to
derive calibrated and validated models. To integrate PLSR and bootstrapping,
bagging-PLSR was implemented using the Parles 3.1 software (Viscarra
Rossel, 2007, 2008). SMLR was integrated with bootstrapping using
Mathworks (2009).
Using bagging-PLSR, independent or predictor variables were mean-centred
to normalize them prior to further statistical analysis. The leave-one-out
cross validation, as defined by the lowest root mean square error (RMSE),
was used to determine the optimal number of factors or latent variables to be
used for model development (Cho et al., 2007a; Darvishzadeh et al., 2008b;
Viscarra Rossel, 2008). This Optimal number of factors was then used for
model development and validation with the number of bootstraps equalling
1000. Bootstrapping with SLMR also used 1000 iterations and was
implemented in Mathworks (2009). Only significant wavelengths were used in
the model development using SMLR. Wavelengths were selected using the
conventional rule for selecting independent variables in SMLR (“in” if p<0.05,
and “out” if p>0.01). To associate the wavelengths selected by SMLR for N
and P with the known absorption features of protein and starch by Curran
(1989) and Kumar et al. (2001) respectively, the maximum difference of
30nm was chosen for the consistent comparison.
For both models (PLSR and SMLR) the retrieval accuracy was defined by the
bootstrapped mean of the coefficient of determination (R2) and the RMSE.
The confidence interval at a 95% confidence level was calculated for both R2
and RMSE.
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2.7

Results

2.7.1 Performance of WR spectra for foliar N estimation using
PLSR and SMLR
Generally, the WR technique used in combination with PLSR yielded the
highest N retrieval accuracy (R2=0.84; RMSE=0.28, 17% of the mean),
compared with other spectral transformation techniques (Table 2.1, Figure
2.2). The 95% confidence interval (CI) of the N retrieval accuracy (RMSE,
95% LCI=0.25 and UCI=0.33) confirmed the outperformance of the WR
technique plus PLSR over other techniques. A similar trend with a slightly
higher accuracy was obtained when the WR technique was combined with
SMLR, producing the highest retrieval accuracy overall (R2=0.87;
RMSE=0.25, 15% of the mean; Table 2.1, Figure 2.2). The second most
important spectral transformation for N estimation after the WR technique
was continuum removal, producing a RMSE of 0.30 (18% of the mean), and a
95% confidence interval varying from 0.24 to 0.31, when using PLSR. Similar
trends were obtained when the continuum removal was combined with SMLR
(R2=0.78; RMSE=0.34, 20% of the mean). The poorest performances were
obtained with the first derivative, the Log(1/R), and the original reflectance
spectra, with an R2 of around 0.6 and a RMSE varying between 0.43 and
0.48 (about 26% of the mean; Table 2.1, Figure 2.2).
Foliar N retrieval accuracies were not significantly (t-value=-0.18, df=8,
p=0.859) different between PLSR and SMLR approaches. On average the
PLSR accuracies were slightly higher than those of the SMLR, with a higher
R2 and a lower RMSE. Generally, the results consistently demonstrated the
high performance of the WR technique.
More bands were selected using SMLR and WR spectra (about 11 bands) to
estimate N concentration, than for other spectral transformations (Table 2.2).
Many of the important bands for all spectral techniques were located in the
known absorption features for protein and N (Curran 1989; Kumar et al.
2001) (see Table 2.2 and Figure 2.3). For N estimation, Figure 3 depicts the
PLSR weights plotted with the grass canopy spectra of the highest performing
spectral transformations, namely WR and continuum removal. The original
reflectance curve was added to Figure 2.3 for reference.
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Table 2.1: The performance of spectral transformations for estimating N and P using
PLSR and SMLR combined with bootstrapping.
LCI
UCI
LCI
UCI
*no. of factors
Spectra
R²
95%
95%
RMSE
95%
95%
or bands
N vs.
0.81
0.68
0.94
0.30
0.26
0.35
8
PLSR
N vs.
0.78
0.69
0.78
0.34
0.33
0.38
4
SMLR
CR
P vs.
0.40
0.38
0.41
0.08
0.06
0.08
6
PLSR
P vs.
0.37
0.18
0.38
0.07
0.07
0.09
2
SMLR
N vs.
0.59
0.48
0.70
0.45
0.39
0.53
3
PLSR
N vs.
0.59
0.48
0.70
0.45
0.39
0.53
9
SMLR
FD
P vs.
0.47
0.46
0.48
0.07
0.06
0.08
7
PLSR
P vs.
0.25
0.12
0.27
0.08
0.08
0.09
4
SMLR
N vs.
0.62
0.50
0.74
0.43
0.38
0.50
6
PLSR
N vs.
0.60
0.54
0.62
0.45
0.43
0.50
4
SMLR
Log(1/
R)
P vs.
0.17
0.16
0.18
0.08
0.07
0.10
4
PLSR
P vs.
0.15
0.01
0.10
0.09
0.92
0.10
1
SMLR
N vs.
0.60
0.49
0.71
0.44
0.38
0.52
4
PLSR
N vs.
0.55
0.48
0.56
0.48
0.46
0.57
4
SMLR
R
P vs.
0.18
0.17
0.19
0.08
0.07
0.10
4
PLSR
P vs.
0.10
0.01
0.11
0.06
0.09
0.10
3
SMLR
N vs.
0.84
0.71
0.97
0.28
0.25
0.33
6
PLSR
N vs.
0.87
0.82
0.88
0.25
0.24
0.31
11
SMLR
WR
P vs.
0.43
0.42
0.44
0.07
0.06
0.08
5
PLSR
P vs.
0.64
0.48
0.64
0.06
0.05
0.07
9
SMLR
N=Nitrogen,
P=Phosphorus,
CR=continuum
removal,
FD=first
derivative,
R=reflectance, WR=water removed, LCI=lower bound confidence interval, CI=upper
bound confidence interval. *factors for partial least square regression (PLSR) and
bands for stepwise multiple linear regression (SMLR).
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Figure 2.2: Predicted vs. observed nitrogen (N) concentrations derived from various
spectral transformations and partial least square regression (PLSR, A to E) as well as
stepwise multiple linear regression (SMLR, F to J); A=water removed spectra,
B=original reflectance, C=Log transformed spectra, D=first derivative spectra,
E=continuum removed spectra, F=water removed, G=original reflectance, H=Log
transformed spectra, I=first derivative and J=continuum removed spectra.
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Table 2.2: Wavelengths selected using SMLR, marking wavelengths corresponding to
known absorption features.
Selected wavelengths (nm) for N and P estimation using SMLR
Spectra vs. N/P
C R vs. N

732

1057

C R vs. P

744

785

1836

2129*

734

1666* 1807

FD vs. N

549

673*

FD vs. P

839

1204* 1667* 2450

Log(1/R) vs. N

504

605

698

Log(1/R) vs. P

638* 691

878

R vs. N

511

696

1394

R vs. P

640
1159

604

1908 2260

2290 2374*

1360 2014

2038 2056* 2141* 2342

1396

WR vs. N

522

675*

1087

WR vs. P

935

1036

1209* 1974* 2061* 2296 2320* 2364 2379

1299

CR=continuum removal, FD=first derivative, R=original reflectance, WR=water
removed spectra. *Known absorption features protein / N for nitrogen (N) and starch
for phosphorus (P) (Curran 1989; Kumar et al., 2001).
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Figure 2.3: Partial least square regression (PLSR) weights showing the contribution of
each wavelength in the development of models for nitrogen (N) estimation using a)
continuum removal (CR) spectra (N vs. CR), b) reflectance (R) spectra (N vs. R), c) WR
(water removed) spectra (N vs. WR), plotted with the grass canopy reflectance for
reference. The more positive or negative the weight is on a particular wavelength, the
more contribution it has towards the model development. Vertical lines indicate known
N absorption features as listed in Curran (1989) and Kumar et al. (2001).

2.7.2 Performance of WR spectra for foliar P estimation using
PLSR and SMLR
Generally, the WR technique yielded the highest P retrieval accuracy
compared to other spectral transformation techniques. Contrary to what was
observed with WR-PLSR, the WR-SMLR technique yielded a higher coefficient
of determination (R2=0.64) with a slightly higher P retrieval accuracy
(RMSE=0.06, 18% of the mean; Table 2.1, Figure 2.4). This suggests that
overall the WR technique minimized water masking effects on features
sensitive to P. The WR technique had a higher accuracy compared to the
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continuum removal technique (RMSE=0.07, 20% of the mean), which again
was the second performer with an about 27% lower R2 value (Table 2.1,
Figure 2.4). Using PLSR, the first-derivative transformation produced the
highest estimates of P with a RMSE of 0.068 (20% of the mean), slightly
higher than the WR technique with its RMSE of 0.070 (20.6% of the mean).
Continuum removal and PLSR yielded a RMSE of 0.08 (22% of the mean).
The lowest performing spectral transformation techniques for estimating P
with PLSR were Log(1/R) and original reflectance, with a RMSE of 0.08 (24%
of the mean) and of 0.07 (20% of the mean), respectively. Again P retrieval
accuracies using SMLR were not significantly different (t-value=-1.1095,
df=8, p=0.299) from those using PLSR. Log(1/R) and original reflectance
generally obtained poor results with both regression techniques.
Using the WR technique, the stepwise regression technique yielded the
highest number of bands for estimating P concentrations compared to the
other transformation approaches. Some of the selected bands corresponded
with known absorption features of starch, as cited in Curran (1989) and
Kumar et al. (2001) (Table 2.2), as was also observed in the PLSR weights
noted in Figure 2.5. For P estimation, Figure 2.5 depicts the PLSR weights
plotted with the grass canopy spectra of the highest performing spectral
transformations, namely WR and the first derivative spectra. The original
reflectance curve has been added to Figure 2.5 for reference.
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Figure 2.4: Predicted vs. observed phosphorus (P) concentrations derived from various
spectral transformations and partial least square regression (PLSR, A to E) as well as
stepwise multiple linear regression (SMLR, F to J); A=water removed spectra,
B=original reflectance, C=Log transformed spectra, D=first derivative spectra,
E=continuum removed spectra, F=water removed, G=original reflectance, H=Log
transformed
spectra,
I=first
derivative-and
J=continuum-removed
spectra.
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Figure 2.5: Partial least square regression (PLSR) weights showing the contribution of
each wavelength in the development of models for estimating P using a) first derivative
(FD) spectra (phosphorus (P) vs. FD), b) reflectance (R) spectra (P vs. R), c) water
removed (WR) spectral data (P vs. WR), plotted with the grass canopy reflectance for
reference. The more positive or negative the weight is on a particular wavelength, the
more contribution it has towards the model development. Vertical lines indicate known
starch absorption features as listed in Curran (1989) and Kumar et al. (2001).

2.7.3 Foliar N, P concentrations and spectral reflectance on grass
canopies
A high variability of foliar N and P was observed in the samples of D. eriantha
cultivated in the greenhouse and treated with various nutrient and water
levels. Descriptive statistics for foliar N and P are detailed in Table 2.3; the
mean foliar N and P concentrations were 1.68% and 0.34% of dry matter
respectively. The distribution of both N and P foliar concentrations across all
treatments were normal, as tested by the Kolmogorov-Smirnov normality
test (p>0.05, 4.39 and 2.16 chi square test, respectively). Figure 2.6 shows
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the descriptive statistics (minimum, maximum and mean) of the original
reflectance before spectral transformation.
Table 2.3: Descriptive statistics of foliar N and P for D. eriantha
Measured Variables

No. of Obs.

Min

Max

Mean

StDev

Nitrogen (N%)

90

0.65

3.73

1.68

0.25

Phosphorus (P%)

90

0.17

0.63

0.34

0.07

Obs.=Observation, StDev=Standard Deviation

Figure 2.6: The descriptive statistics (minimum, maximum and mean) of the original
spectral reflectance for the grass canopies before spectral transformations.

2.8

Discussion

2.8.1

WR spectra for estimating foliar N

This study demonstrated the potential of the WR approach as one of the
spectral transformation techniques that could be used to increase the
accuracy of foliar N estimation. By reducing the water effect across the fresh
leaf spectra this technique enhances weak or subtle absorption features. The
regions of the electromagnetic spectrum most affected by water are the NIR
and SWIR, important regions for distinguishing various foliar biochemicals.
This was illustrated by the selection of more bands in the SWIR region being
related to foliar N concentration when using WR instead of reflectance (Table
2.2, Figure 2.3). Some of these bands correspond to known absorption
features cited by Curran (1989) and Kumar et al. (2001) due to several
absorption mechanisms including electron transition in the visible region, C-H
stretch of the 2nd overtone mainly in the 1100-1300 nm region, and C=O, O28
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H, N-H, C-O, C-H as well as C-C for the region within 1300-2380 nm (Kumar
et al., 2001). Generally this study showed the applicability of the WR
technique for savanna grass species, with a higher R2 of 0.87 for N
estimation compared to the results (R2=0.52) attained by Schlerf et al.
(2010). Gao and Goetz (1994; 1995) successfully implemented the WR
technique for lignin and cellulose estimations, highlighting the importance of
minimizing water effects on the SWIR. The WR technique is easy to
implement but requires a careful and proper parameterization of the least
square spectral mixture analysis model to provide reliable results (Gao and
Goetz, 1994).
The continuum removal technique yielded the second highest accuracy for
estimating foliar N concentrations with both PLSR and SMLR. Continuum
removal enhanced the differences in absorption strength (Clark and Roush,
1984; Schmidt and Skidmore, 2001; Schmidt et al., 2004). The highest R2
obtained in this study using continuum removal was 0.81. This is consistent
with the N retrieval accuracy of forest sites reported by Kokaly and Clark
(1999), where an R2 of 0.75 to 0.94 was attained using continuum removal
and continuum removal-derived indices. This study attained higher accuracy
results for N based on continuum removal than a study by Mutanga et al.
(2005) on Cenchrus ciliaris grown in the greenhouse. Estimating foliar N with
Log(1/R) yielded higher retrieval accuracy than with reflectance, but not as
high as with the WR and continuum removal techniques. Yoder and
Pettigrew-Crosby (1995) showed Log (1/R) performed accurately estimating
N concentrations, compared to reflectance. Similar results were also attained
by Fourty and Baret (2001). They argued that by transforming reflectance to
absorbance Log(1/R) values the accuracy of biochemical estimates was
improved. Log(1/R) is likely to be used instead of the original reflectance
because of the linear relation between the absorbing components and its
contribution to the Log(1/R) value at the wavelength absorbed (Hruschka,
1987). However, the present study shows the performance of WR to be
higher than that of Log(1/R).

2.8.2

WR spectra for estimating foliar P

The performance of the first derivative and WR techniques in terms of P
retrieval accuracy highlights the importance of reducing the influence of
water on the fresh leaf spectra. As shown in Table 2.2 and Figure 2.2, many
bands highlighted by the models as sensitive to P correspond to known
absorption features of starch. The relationship between P and starch is
understood to be based on an energy molecule rich in P called adenosine
triphosphate (ATP), which is used in starch formation (Heldt et al., 1977;
Sava Stankovic, 1978; Larcher, 1980; Okita, 1992). The energy from the sun
is converted into chemical energy stored as a form of ATP and then used to
bond with carbon dioxide (CO2) and hydrogen to form starch (Larcher, 1980).
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To date, few studies have focused on the estimation of P using remote
sensing. Bogrekci and Lee (2005) used wavelengths from 225 to 2550 nm,
while Mutanga and Kumar (2007) showed that bands in the SWIR were more
sensitive to P, which is similar to the findings in this study. The high precision
of N and P estimation using the WR technique is evident from the lower
confidence limits of the correlation coefficient and the RMSE derived from the
bootstrapping technique (Table 2.1).

2.8.3

Comparing PLSR and SMLR for foliar N and P estimation

PLSR consistently performs well in estimating N. Comparative studies using
both PLSR and SMLR indicated the predictive power of PLSR. For example,
Bogrekci and Lee (2005) showed that PLSR had a higher P accuracy than
SMLR on grass leaves. This study showed different results, with the SMLR-WR
technique yielding a higher accuracy for P than the PLSR-WR did. SMLR is
normally confounded with difficulties transferring the predictive models to the
other data sets or other areas (Grossman et al., 1996). On average, including
all other spectral transformation techniques, PSLR still showed its high
predictive power. Hansen and Schjoerring (2003) concluded that PLSR can be
used as an alternative univariate statistical technique. This is mainly because
PLSR minimizes the multicollinearity effects by decomposing the spectral data
into non-collinear latent variables. Over-fitting may be minimized using PLSR
by selecting an optimal number of latent variables rather than having more
redundant explanatory variables (Viscarra Rossel, 2007, 2008).

2.9

Conclusion

The estimation of N, P, and N: P at landscape level forms an important
objective to facilitate investigation into the feeding patterns and distribution
of wildlife and livestock in African savannas. The study tested the applicability
and performance of the water removal technique in estimating P and N
concentrations on grass canopies and compared this technique with other
spectral transformation techniques such as first derivative, Log(1/R) and
continuum removal, as well as the original reflectance. This study suggests
that the water removed approach is a useful technique to retrieve foliar N
and P concentrations from grass in savannas especially N which was
consistently estimated with high accuracy by both SMLR and PLSR. This study
focused on a single species; future studies should consider multiple species at
field, airborne or satellite level to test the utility of the water removed
technique at landscape level in savanna ecosystems.
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Abstract
Foliar nitrogen (N) and phosphorus (P) are important minerals for herbivores,
and can be used as indicators for grass quality. Determining the foliar N: P
ratio provides a tool for understanding nutrient limitation on plant production
and consequently for herbivores. Several experimental studies in the
temperate vegetation came up with critical values to determine levels of
nutrient limitation, but few of this type of studies were undertaken in the
savanna ecosystems. The N: P critical values are used to determine whether N
or P is limiting vegetation production or biomass. According to a study on
savanna ecosystems, N: P value below 9 indicates N limitation, between 9 and
10 suggests co-limitation, and a value greater than 10 indicates P limitation. In
order to understand the nutrient limitation at landscape scale, remote sensing
techniques offer that opportunity. The objective of this study is to investigate
the utility of in situ hyperspectral measurements to estimate foliar N: P. Field
data collection for spectral measurements using a spectroradiometer
(FieldSpec 3®) was undertaken, and grass samples were collected for foliar N
and P extraction. The foliar N: P prediction models were built using various
spectral data and partial least square regression (PLSR). The spectral data
used include the original reflectance (R), continuum removal (CR), water
removal (WR), first difference derivative (FD) and
Log transformation
(Log(1/R)). The results showed that foliar N: P can be estimated using
spectral data and PLSR. CR and WR spectra predicted foliar N: P ratio with
higher accuracy as compared to FD and R spectra. The performance of CR and
WR spectra were attributed to their ability to minimize sensor and water effects
on the fresh leaf spectra, respectively, while enhancing the absorption features
for foliar biochemicals. The study demonstrated the possibility to predict foliar
N: P ratio using in situ hyperspectral data, and shortwave infrared (SWIR)
found to be highly sensitive to foliar N: P. The study recommends the use of
airborne hyperspectral data to extend the estimation of grass N: P at landscape
level. At landscape level, the foliar N: P ratio information could be used by the
resource managers, park managers, farmers and ecologists to understand the
feeding patterns, resource selection and distribution of wild herbivores and
livestock.

3.1

Introduction

Estimation of foliar biochemicals provides information that enables the
assessment of ecosystem functioning, for example, nutrient cycling, gas
exchange and plant productivity (Martin and Aber, 1997; Ollinger et al., 2002).
Foliar biochemicals such as nitrogen (N) and phosphorus (P) are primary
indicators of physiological processes such as photosynthesis, leaf respiration
and growth rates (Field and Mooney, 1986; Evans, 1989; Güsewell, 2004).
Foliar N and P concentrations can also be used as an indicator for grass quality
(McNaughton, 1988, 1990). The foliar N concentration, for example, is known
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to relate to the protein (Clifton et al., 1994) which is one of the main nutrient
for the herbivores (Prins and Beekman, 1989; Prins and van Langevelde,
2008). For example, Prins and Beekman (1987) report that Buffalo require
about 6.2% dietary protein (i.e. 1 % of N), while Duncan, (1992) found out
that lactating equids require about 0.24% of P in their food for maintenance.
The importance of N supply on dry matter production as well as protein content
is well documented in agricultural literature (Marschner, 1995) while foliar P is
one of the main nutrient requirements for lactating mammals (McNaughton,
1990). Therefore, grass quality information can be used to understand
feeding patterns and distribution of wildlife and livestock (Owen-Smith and
Cooper, 1987; Prins, 1987; McNaughton, 1988; Prins and Beekman, 1989;
McNaughton, 1990; Duncan, 1992; McNaughton and Banyikwa, 1995).
To understand the nutrient limitation in vegetation, N: P ratio is a key indicator
(Koerselman and Meuleman, 1996; Ludwig et al., 2001; Güsewell, 2004; Cech
et al., 2008; Craine et al., 2008). The foliar N:P ratio reflects the balance of N
and P supply which influence plants at all levels, i.e. the growth and
reproduction of individual plants, plant species interactions, composition and
diversity (Güsewell, 2004; Cech et al., 2008). Therefore, the differences in
foliar biochemistry as captured by N:P ratio in plants provide information on
which nutrient is limiting and could determine the plant production or biomass
which could eventually affect the feeding activity of herbivores in a particular
ecosystem (Koski, 1999; Daufresne and Loreau, 2001; Güsewell, 2004; Prins
and van Langevelde, 2008). “Smaller herbivores are known to be more limited
by N than larger ones and not vice versa“ (Prins and van Langevelde, 2008),
since they require more nutrients and energy for growth and to achieve their
daily activities on per kilogram basis. This tool has been widely used in the
limnetic related studies (Koerselman and Meuleman, 1996; Güsewell et al.,
2003; Güsewell, 2004). Limnetic studies hypothesized that herbivores
(cladocerans) with high P concentration should be generally P limited, while
herbivores with more N (e.g. copepods) should be N limited (Koski, 1999;
Daufresne and Loreau, 2001). This provides a scope for testing such a
hypothesis in the savanna ecosystems. A review of 40 fertilization studies
revealed that the N: P ratio value <14 indicates N limitation, between 14 and
16 indicates co-limitation and finally the >16 indicates P limitation (Koerselman
and Meuleman, 1996; Ludwig et al., 2001; Güsewell, 2004). Koerselman and
Meuleman (1996) critical values cannot be applied in the savanna ecosystems,
because temperate vegetation is mainly C3-type, while the perennial savanna
grass species are mainly C4-type (Ludwig et al., 2001; Cech et al., 2008;
Craine et al., 2008). Güsewell (2004) revealed that at a vegetation level, the
critical N: P ratio is <10 (N-limiting) and >20 (P-limiting) based on short term
fertilization, and argued that the values might be different at individual species.
Ludwig et al. (2001) found that below trees, N: P ratio value of 12 indicates
that P is limiting, while on the open grassland the average of 6 indicates N
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limiting in the savanna ecosystems. Cech et al. (2008) concluded that the
critical values of N: P for determining the limitation of N and P range between 9
and 10, where N limitation is less than 9, co-limitation is between 9 and 10,
and above 10 is P limitation, in the savanna ecosystems. There is no general
consensus on which critical range of N: P values could be used, since there are
limited experimental studies focusing on this, especially in the savanna
ecosystems.
Using remote sensing, there is a significant progress in estimating foliar
biochemicals, especially using in situ hyperspectral or spectroscopy
approaches. A simple technique is to correlate vegetation index and a
biochemical concentration of interest, e.g. N (Hansen and Schjoerring, 2003;
Ferwerda et al., 2005; Jain et al., 2007; Rivero et al., 2009; Abdel-Rahman
et al., 2010). Challenges for using this approach include soil exposure,
atmospheric influence and saturation especially during the peak productivity
(Tucker, 1977; Jackson and Huete, 1991; Mutanga and Skidmore, 2004b).
There were several attempts to solve these problems using the red edge
region of the spectra e.g. Mutanga and Skidmore (2004). The second
approach is to use the specific regions of the spectra which are known to
relate to the physical bond vibrations of the specific foliar biochemical
concentrations referred to as absorption features (Darvishzadeh et al.,
2008b; Knox et al., 2011). For example, bands centred at 430 nm, 640 nm,
910 nm, 1020 nm, 1420 nm, 1690 nm, 1940 nm, 2060, 2240 nm, 2300 nm,
are the absorption features related to physical bond vibrations of foliar N and
protein (Curran, 1989; Kumar et al., 2001; Knox et al., 2010a). The
absorption features are well documented in Curran (1989) and Kumar et al.
(2001). These features were successfully used for estimating N, P and
chlorophyll (Darvishzadeh et al., 2008b; Knox et al., 2011). Thirdly, the use
of whole spectrum became prominent following the application of statistical
techniques such as stepwise regression (SMLR) and partial least square
regression (PLSR). The use of the full spectrum was mainly coupled with
several spectral transformation techniques such as continuum removal, Log
transformed (Log(1/R)), derivatives as well as the water removal (Yoder and
Pettigrew-Crosby, 1995; Dawson and Curran, 1998; Kokaly and Clark, 1999;
Ramoelo et al., 2011b).
The spectral transformation techniques are mainly used to enhance
absorption features of foliar biochemical concentrations, while minimizing
atmospheric, soil background, and water absorption effects, as well as data
redundancy (Yoder and Pettigrew-Crosby, 1995; Dawson and Curran, 1998;
Cho and Skidmore, 2006). Ramoelo et al. (2011b) demonstrated that using
WR and PLSR improves the estimation of foliar N and P in the controlled
environment, due the capability of WR to minimize water absorption effect on
the fresh leaf spectra. Continuum removal has also been successfully applied
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to enhance absorption features for foliar biochemical concentrations (Kokaly
and Clark, 1999; Curran et al., 2001; Mutanga et al., 2005). The Log(1/R) is
preferred to reflectance because it is linearly related to absorbing
components (Hruschka, 1987; Yoder and Pettigrew-Crosby, 1995). Studies
such as Yoder and Pettigrew-Crosby (1995) showed a strong relationship
between Log(1/R), as well as the first derivative of Log(1/R)’, and foliar N
concentration. Fourty and Baret (1998) argued that transforming reflectance
into their corresponding absorbance values improved the accuracy of
biochemical estimates. Continuum removal has also been successfully applied
to enhance absorption features for foliar biochemical estimations (Kokaly and
Clark, 1999; Curran et al., 2001; Mutanga et al., 2005).
Foliar N concentration has been estimated and mapped more often than P,
especially using field and airborne hyperspectral data. This trend could be
attributed to the following reasons;
(i)
Low concentration of P in plants, normally 10 time lower than N
(Stark, 1970; Meissner et al., 1999; Knox et al., 2010a).
(ii)
P has few identifiable absorption features.
Nevertheless, foliar P in combination with N are crucial parameters for
understanding the nutrient limitation (N: P) for both plant and herbivores.
The computation of N: P relies on the accurate retrieval of both foliar N and
P, but P is having the noted problems as above. Asner and Martin (2008) also
argued that the retrieval of foliar P using hyperspectral remote sensing could
be associated with the stoichiometry (i.e. indirect estimation based on the
relationship with other foliar biochemicals) (Elser et al., 1996; Daufresne and
Loreau, 2001). Predicting foliar N and P separately using in situ hyperspectral
data and later compute foliar N: P could face error propagation, because the
retrieval accuracy of N and P is not consistently similar. Therefore, to
minimize these errors it is crucial to directly estimate foliar N: P using remote
sensing. Studies focusing on estimating nutrient limitation especially through
foliar N: P ratios in the savanna ecosystem are rare, especially at landscape
level using remote sensing. The advantage of using remote sensing is the
provision of the synoptic landscape view while covering larger areas which
conventional field measurement cannot cover. In this study the in situ
hyperspectral data will be tested, to demonstrate the possibility of using
remote sensing to predict foliar N: P. The importance of using partial least
square regression to estimate foliar biochemicals is elucidated in Ramoelo et
al. (2011b) or Chapter 2. The objective of the study is to investigate the
utility of in situ hyperspectral data in combination with partial least square
regression in predicting the foliar N: P ratio in the grass layer of the savanna
ecosystem.
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3.2

Data collection

3.2.1

Study area

The study area is located (i.e. two corner co-ordinates; 24040’0” S, 31010’0”
E and 2500’ S, 3200”E) in the Lowveld savanna at the north-eastern part of
South Africa (Figure, 3.1). The Lowveld landscape corresponds to the low
lying area extending from the foot slopes of the Drakensberg Great
Escarpment to the west and the Mozambique coastal plain to the east (Venter
et al., 2003). The topography is gently undulating with flat patches in
localized areas, and with an average height of 450m a.s.l. The study area
covers a land use transect ranging from protected areas such as the privateowned Sabi Sands Game Reserve (SGR) and the state-owned Kruger National
Park (KNP) to communal lands in the Bushbuckridge region. The western part
of the transect (communal areas) receives higher mean annual rainfalls
(800mm/yr.) as compared to the eastern side of the transect (580 mm/yr.)
(Venter et al., 2003). The annual mean temperature is about 22oC. The
dominant geology includes granite and gneiss with local intrusions of gabbro
(Venter et al., 2003). Consequently, these areas are characterized by
gradients of soil moisture and nutrients. The soil fertility of gabbro areas are
higher than the granitic ones (Ben-Shahar and Coe, 1992; Venter et al.,
2003). The main vegetation communities include the “granitic lowveld” and
the “gabbro grassy bushveld” (Mucina and Rutherford, 2006). In the gabbro
patches, grass species such as Setaria sphacelata dominates the crest while
species such as Urochloa mosambicensis dominates the valleys. Gabbro
patches are dominated by grass species with high productive potential (e.g.
Urochloa mosambicensis) compared to granite-derived soils (e.g. Eragrostis
rigidior and Pogonarthria squarrosa; cf. Mutanga et al. (2004). The gabbro
sites are dominated by fine leaves tree species such as Acacia ssp while the
granite sites are dominated by broadleaves tree species such as Combretum
spp and Terminalia spp (Venter et al., 2003; Ferwerda et al., 2006).
Rangelands in the protected areas are grazed by wild herbivore such as
impala (Aepyceros melampus), zebra (Equus burchelli), wildebeest
(Connochaetes taurinus), buffalo (Syncerus caffer), while the communal
rangelands support grazing of cattle (Bos taurus) and goats (Capra hircus) as
well as sheep (Ovis aries), which determine various grazing intensities.
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Figure 3.1: Study area map, L=Land use.

3.2.2

Sampling design

The study area comprised of eight sites which were placed along the land use
gradient: two sites in KNP (L1 gabbro, L2 granite), two sites in SGR (L3
granite, L4 gabbro), and four sites in the communal areas (L5-6 gabbro, L7-8
granite) (Figure, 3.1). The sites (totalling ca. 35000ha) were demarcated
using 1:250, 000 geology maps and refined using 2008 SPOT 5 images
(Wessels et al., 2011). The site selection process was designed to capture the
nutrient contrast from low to high in granitic-derived soils to gabbro-derived
soils, respectively. A line transect sampling design was used to collect field
data (Fewster et al., 2005) in each site except L3 (because of access
limitations). To capture grass biomass variability, transects were laid out to
sample both valley and crest land units. The topography influences the grass
biomass in the savanna ecosystems with valley areas generally having higher
grass biomass than crest areas. Along transects, a combination of purposive
and systematic placement of sampling plot was undertaken. The distance
between the plots was between 500m and 1000m depending on the
accessibility and homogeneity of the area. The plot size was 30 m x 30 m. A
total of 49 plots were surveyed and in each plot three to four subplots (0.5 m
x 0.5m) were randomly selected to capture the plot variability. In each
subplot, data on the sample location using the Leica®’s GS20 differential
geographic positioning system (DGPS), dominant grass species and grass
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samples were collected. Grass samples were dried at 800C for 24 hours and
the measurements were later averaged at plot level. The DGPS points were
post-processed using Leica’s GeoPro software and reference GPS data from
Nelspruit station to produce less than 1 m positional accuracy. The fieldwork
was undertaken in March/April 2009 towards the end of the wet season,
when grass biomass had achieved a maximum productivity to minimize the
N/P and biomass interaction effects (Plummer, 1988b; Skidmore et al.,
2010).

3.2.3

Chemical analysis

The dried grass samples were taken to the South African’s Agricultural
Research Council-Institute for Tropical and Subtropical Crops (ARC-ITSC)Nelspruit for chemical analysis. Firstly, the acid digestion technique was used,
where perchloric and nitric acids were used for foliar P concentration retrieval
and sulphuric acid was used for retrieving foliar N concentrations (Giron,
1973; Grasshoff et al., 1983; Mutanga et al., 2004a). Secondly, the
colorimetric method by auto analyser was used to measure foliar N
(Technicon Industrial Method 329-74 W; Technicon Industrial Systems,
Farrytown, New York). For foliar N measurements an emerald-green colour
was formed by the reaction of ammonia, sodium salicylate, sodium
nitroprusside and sodium hypochlorite. The ammonia-salicylate complex was
read at 640 nm. For foliar P measurements, a colorimetric in which a blue
colour was formed by the reaction of ortho-phosphate and the molybdate ion.
The phosphomolybdenum complex was then read at 660 nm. These
extraction methods were successfully used for grass foliar N and P by
Mutanga et al. (2004) and Ramoelo et al. (2011b). The chemical analyzed
foliar N: P ratio was hereafter referred to as observed N: P ratio.

3.2.4

Canopy Spectral measurements

The reflectance spectra were measured using an Analytical Spectral Device
(ASD) spectroradiometer, Fieldspec 3®. The ASD spectral domain ranges
from 350 to 2500 nm, with 1 nm band width. Within each plot, spectral
measurements were made for each of the 3 to 4 randomly selected subplots.
In each subplot, five spectral measurements were taken and later averaged
to account for illumination and grass canopy structural differences as well as
bidirectional effects (Mutanga et al., 2003; Wang et al., 2009). The
measurements were taken between 10h30 and 15h00 on clear sunny days to
minimize cloud effects and maximize illumination (Abdel-Rahman et al.,
2010). A 25° field-of-view fibre optic was used. The fibre optic pistol was held
at 1m above the ground and at nadir to cover the entire subplot. A
Spectralon reference panel was utilized before each measurement to calibrate
the sensor and convert spectral radiance to reflectance.
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3.3

Data Analysis

3.3.1

Spectral pre-processing and transformation

The reflectance data were pre-processed before spectral transformations.
Spectral data were subjected to smoothing with the commonly used SaviskyGolay filter (Savitzky and Golay, 1964), adding a second order polynomial
least square function and 3-band window to remove signal noise. Commonly
used spectral transformation techniques such as Log transformed spectra
Log(1/R), first derivative, water removal and continuum removal, were
computed. Log(1/R) was determined by calculating a log function of reciprocal
of the spectral reflectance (Hruschka, 1987; Yoder and Pettigrew-Crosby,
1995; Fourty and Baret, 1998). The first derivative of the spectral reflectance
was derived using a first-difference approach. A first-difference transformation
of the reflectance spectrum calculates differences in reflectance between
adjacent wavebands. More details on this can be found in Dawson and Curran
(1998). The continuum removed spectra were derived by applying a convex
hull or a continuum line to the reflectance spectra connecting local spectral
maxima (Kokaly and Clark, 1999; Kokaly, 2001; Mutanga et al., 2004c). The
water removal spectra (WR) were derived from a non-linear least-squares
spectral matching technique calculating a fresh leaf spectrum as a non-linear
combination of a leaf water spectrum and a dry matter spectrum (Gao and
Goetz, 1994, 1995), modified by Schlerf et al. (2010) and Ramoelo et al.
(2011b). The WR technique was implemented as per Ramoelo et al. (2011b).

3.3.2

Regression analysis and bootstrapping

Partial least square regression (PLSR) (Geladi and Kowalski, 1986; Naes et
al., 1986; Ehsani et al., 1999; Martens and Naes, 2001; Viscarra Rossel,
2008) was used to predict the foliar N:P. PLSR was sought to be a robust
statistical technique, and proved to reduce the problem of over-fitting
(Viscarra Rossel, 2008). PLSR has been successfully used for foliar
biochemical estimations (Huang et al., 2004; Asner and Martin, 2008;
Ramoelo et al., 2011b). The performance of the various spectra and PLSR
was measured using a bootstrapping approach (Efron, 1983). The advantage
of bootstrapping is that it can be used efficiently when there is a limited
sample size. Bootstrapping techniques iteratively resample the data set to be
used for model development, making it an appropriate technique for
assessing model accuracy (Verbyla and Litvaitis, 1989). To integrate PLSR
and bootstrapping, bagging-PLSR was implemented using the Parles 3.1
software (Viscarra Rossel, 2007, 2008). The bagging PLSR has advantage of
improved prediction, and derives robust models insensitive to over-fitting and
provides an uncertainty measure for prediction by computing the confidence
interval (Viscarra Rossel, 2008).
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Using bagging-PLSR, independent or predictor variables were mean-centred
to normalize them prior to further statistical analysis. The leave-one-out
cross validation, as defined by the lowest root mean square error (RMSE),
was used to determine the optimal number of factors or latent variables to be
used for model development (Cho et al., 2007a; Darvishzadeh et al., 2008b;
Viscarra Rossel, 2008). This Optimal number of factors was then used for
model development and validation with 1000 bootstraps.
The retrieval accuracy of the PLSR model was defined by the bootstrapped
mean of the coefficient of determination (R2) and the RMSE. The confidence
interval at a 95% confidence level was calculated for RMSE. The scores or the
variable of importance for prediction (VIP) was computed to determine which
bands contributed more in the foliar N:P prediction model development
(Viscarra Rossel, 2008). The wavebands or predictors with high scores were
associated with the known absorption features by Curran (1989) and Kumar
et al. (2001) respectively. Since ASD has a 1 nm band width, the maximum
difference of 20 nm between the bands with high scores and known
absorption features was chosen for the consistent comparison.

3.4

Results

The results showed that foliar N: P could be successfully estimated using in
situ hyperspectral measurements and partial least square regression. This
was evident by the performance of WR and CR spectra in combination with
PLSR which produced a higher estimation accuracy of foliar N: P compared to
the Log(1/R), R and FD spectra (Figure 3.2, Table 3.1). WR and CR spectra
resulted to the similar root mean square error (RMSE) of 1.12, which equals
to 14% of the mean (Table 3.1). CR spectra explained 85% of the variation
of foliar N: P whilst WR explained 81% (Figure 3.2). The Log(1/R), FD and R
spectra achieved foliar N: P estimation accuracy ranging between 16-19% of
the mean. Additionally, Foliar N: P variation explained range between 6976%, which is relatively lower than the ones for WR and CR (Table 3.1).
Table 3.1: The performance of each spectra and partial least square regression in
estimating the foliar N: P and validated using bootstrapping.

R²

RMSE

95% LCI

95% UCI

No. of factors

CR

0.85

1.12

0.95

1.44

8

WR

0.81

1.12

0.93

1.40

9

R

0.76

1.22

1.01

1.52

13

Log(1/R)

0.73

1.30

1.07

1.62

12

FD

0.69

1.50

1.22

1.83

15

CR=continuum removal, WR=water removal, R=original reflectance, FD=firstdifference derivative, LCI=Lower bound confidence interval at 95% confidence level.
UCI=Upper bound
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Figure 3.2: Scatterplots indicating the performance of each spectra and partial least
square regression in estimating the foliar N: P validated using the bootstrapping.
CR=continuum removal, WR=water removal, R=original reflectance, FD=firstdifference derivative.

The results from the VIP (i.e. variable of importance for prediction) analysis
derived for each spectral data and PLSR showed the importance of each band
for predicting foliar N: P (Figure 3.3). Figure 3.3 shows the top 20 bands
most important for predicting foliar N: P, using various spectral data. In
Figure 3.3, the dark bars indicate bands associated with the known
absorption features (e.g. N, protein), and grey is classified as one of the top
20 absorption features not thus far associated with known absorption
features. For example, 90% of the selected bands from WR are associated
with known absorption features, which 40% are that of protein and N
absorption features. Sixty percent (60%) of the selected band from the
reflectance spectra is associated with the known absorption features, while
FD, CR as well as Log(1/R) yielded the percentage between 70-85%.
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Table 3.2 shows that most of the various spectral data and PLSR models for
estimating foliar N: P consistently select bands from the SWIR, for example;
1350-1360 nm, 1400-1450 nm, 1980-2000 nm, 2000-2060 nm and 23002360 nm. These substantiate the evidence in Figure 3.3, that most of the
bands for estimating foliar N: P are located in the SWIR, and are mostly
related to the known absorption features.
Table 3.2: The selected regions by each spectral data and partial least square
regression, and the consistency of each spectral data to estimate foliar N: P ratio.

Spectral Data

A

B

C

WR
CR
R
FD

X

D

E

F

G

X

X

X

X

H

I
X

X

X

X

X
X

X

X

X

X

X

X

X

X

X

Log(1/R)
X
X
X
X
X
WR=water removal, CR=continuum removal, R=reflectance, FD=first
derivative, A=400-470nm, B=530-560nm, C=1000-1130nm, D=13501360nm, E=1400-1450nm, F=1980-2000, G=2000-2060, H=2200-2300nm,
I=2300-2360nm.
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Figure 3.3: The variable of importance for prediction (VIP) i.e. important wavebands
for predicting foliar N: P ratio derived from each spectral data and partial least square
regression (PLSR). The displayed bars are the top 20 bands derived from the
performance of each spectral data. The dark or bold bar indicates that selected bands
are associated with known absorption features listed by Curran (1989) and Kumar et
al. (2001) and greys are bands belonging to the top 20, but not associated with the
known absorption features.
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The foliar N:P data values are normally distributed as confirmed by ShapiroWilk normality test (W=0.983, p=0.69) (Royston, 1982). The variance of
foliar N: P is relatively high indicated by 30% of the coefficient of variance
(CV) and an average of 7.86 (Table 3.3). The descriptive statistics per
geological and topographical types are presented in Table 3.3.
Table 3.3: Descriptive statistics for the foliar N: P, per geology and topography
Biochemicals

Min

Max

Mean

STDEV

Coefficient of Variation (CV)

Foliar N:P

2.63

14.00

7.89

2.35

0.30

N:P (Crest)

3.00

14.00

7.82

2.56

0.32

N:P (Valley)

2.60

10.45

7.13

2.37

0.33

N:P (Gabbro)

3.00

11.27

7.40

2.30

0.31

N:P (Granite)

2.66

13.59

7.67

2.58

0.34

3.6

Discussion

The study demonstrated that foliar N: P ratio can be estimated using various
spectral data derived from the in situ hyperspectral and PLSR. The estimation
of foliar N: P ratio emanated from the fact that foliar N and P were
successfully estimated using remote sensing, with inconsistent retrieval
accuracy. The expectation of this study was based on the assumption that
the various spectral data, known absorption features and PLSR (a robust
statistical technique) could be successfully used to predict foliar N: P ratio.
Results showed that WR and CR spectral data achieved higher foliar N: P
ratio estimation accuracy. The performance of WR is attributed to the fact
that it minimizes the water absorption effects on the sensitive weak or subtle
regions of the foliar biochemical concentrations (Gao and Goetz, 1994, 1995;
Schlerf et al., 2010; Ramoelo et al., 2011b). Coincidentally, the regions of
the reflectance spectra most affected by water absorption are regions very
important for foliar biochemicals estimation. The WR technique was
developed by Gao and Goetz (1994; 1995) solely to address this problem,
especially on fresh leaf spectra. Gao and Goetz, (1994; 1995) tested the WR
technique for estimating foliar cellulose and lignin and it was successful.
Ramoelo et al. (2011b) demonstrated that WR could be used to as one of the
techniques for estimating foliar biochemicals, as shown from the
experimental study in the controlled environments. WR spectra are applied
here for the first time to estimate foliar N: P ratio and yields promising
results. The CR spectra enhances the absorption features of foliar biochemical
concentrations through enhancing the differences in the absorption strength
(Kokaly and Clark, 1999; Huang et al., 2004; Mutanga et al., 2004c;
Mutanga et al., 2005). CR spectra have been used for estimating foliar N and
P, not N: P ratio but showed a good performance. Several studies
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demonstrated the applicability of CR spectra for foliar biochemicals, especially
for foliar N and P (Huang et al., 2004; Ramoelo et al., 2011b). For example,
Mutanga et al., (2004) successfully estimated both foliar N and P with the
coefficient of determination between 43 to 80% using continuum removal
derived from the in situ hyperspectral data. Huang et al., (2004) achieved a
coefficient of determination of 0.65 for estimating foliar N using airborne
hyperspectral data. The latter studies showed consistent performance of CR
on foliar biochemical estimations, which are the similar trend observed by
this study. The reflectance, Log(1/R) and FD spectra showed a possibility to
estimate foliar N: P. In most cases, Log(1/R) and FD have higher foliar
biochemicals retrieval accuracy than using the reflectance spectra (Yoder and
Pettigrew-Crosby, 1995; Johnson, 2001), and this differs with the results we
got in this study. This could be attributed to the fact that the foliar N: P
interacts differently with spectra as compared to N or P, especially in terms of
physical vibration bonds. Yoder and Pettigrew-Cosby (1995), Johnson (2001)
and Fourty and Baret, (1996) found that Log(1/R) improves estimation of
foliar N over reflectance, since there is a linear relationship between this
foliar biochemicals and its contribution to the Log(1/R) at the absorbed
wavelength (Hruschka, 1987; Kumar et al., 2001).
Selected bands in Figure 3.3 were associated with the known absorption
features which are listed in Curran (1989), Knox et al. (2010) and Kumar et
al. (2001), and also dominate the SWIR region (Table 3.2). This is an
indication that the foliar N: P ratio is sensitive to the physical vibration bonds
of foliar biochemical concentrations. The vibration mechanisms associated
with these features are either, C-O, O-H, C-H or N-H (Curran, 1989; Kumar
et al., 2001). Using WR spectra, 40% of the 90% of known absorption
features were associated with N and protein. According to the range of values
for nutrient limitation by Cech et al. (2008), our study area is limited by N
and P because foliar N: P values are between 3 and 14. In this study,
nutrient limitation could be associated with the contrast between low fertile
soils derived from granite and high fertile soils derived from gabbro
geological types (Scholes, 1990; Venter et al., 2003; Grant and Scholes,
2006). Similarly, Ludwig et al. (2001) found out that under trees in an east
African savanna ecosystems, 12 is already indicating that P is limiting, which
means according to the range of values of foliar N:P ratio in the study, N or P
could be limiting in some areas than the other. In addition, Ludwig et al.
(2001) found out that the open grassland have an average foliar N: P ratio of
6, indicating that N is limiting, with similar results observed in this study
(mean foliar N: P ratio of 7.86). Craine et al. (2008) also found out that
unfertilized vegetation had a mean N: P ratio of 5.8, during their experiments
in KNP, which is similar to the N: P values in the open grassland found by
Ludwig et al. (2001), and by Cech et al. (2008) in the tropical savanna. The
difference between Koerselman and Meuleman (1996) in the wetlands or
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temperate ecosystems, as well as Ludwig et al. (2001) and Cech et al.
(2008) in the savanna grasses could be associated with the fact that savanna
grasses have relatively lower N requirements as compared to wetlands or
temperate plants. The explanation could be that, plants with C4
photosynthetic pathways have a higher nutrient efficiency than C3 plants
(Wolfson and Tainton, 2000; Craine et al., 2008).
The study demonstrated that foliar N: P ratio can be estimated using in situ
hyperspectral measurements. Since this is first study to do this, then there is
a need to test the applicability of using airborne hyperspectral remote
sensing data such as HyMap, to understand the landscape variability of foliar
N: P ratio. The challenge for estimating foliar N: P at regional scale (upscaling) could be associated with the fact that satellite or multispectral
remote sensing data have limited bands in the SWIR region, and this study
indicated that most of the bands sensitive to foliar N:P are located in the
SWIR. There is a need for several experimental studies for understanding
how foliar N: P ratio influence grass productivity, and hence the feeding
patterns of herbivores in the savanna ecosystems. Such experimental studies
could play a crucial role in determining critical values of foliar N: P for
ascertaining nutrient limitation on grass productivity. The foliar N: P ratio as
an indicator for nutrient limitation could be useful information to the
ecologists, resource managers, farmers and park managers to understand
which between N and P is limiting and how the limitation influence the
resource selection (Manly et al., 1993), distribution, densities and population
dynamics of herbivores (wild and livestock), at landscape level.
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Grass nitrogen & phosphorus estimation using integrated modelling approach

Abstract

Grass nitrogen (N) and phosphorus (P) concentrations are direct indicators of
rangeland quality and provide imperative information for sound management
of wildlife and livestock grazing. It is challenging to estimate grass N and P
concentrations using remote sensing in the savanna ecosystems. These areas
are diverse and heterogeneous in soil and plant moisture, soil nutrients,
grazing pressures and human activities. The objective of the study is to test
the performance of non-linear partial least squares regression (PLSR) for
predicting grass N and P concentrations through integrating in situ
hyperspectral and environmental variables (climatic, edaphic and
topographic). The data were collected along a land use gradient in the
greater Kruger National Park region. The data consisted of: (i) in situmeasured hyperspectral spectra, ii) environmental variables and measured
grass N and P concentrations. The hyperspectral variables included published
starch, N and protein spectral absorption features, red edge position, narrowband indices such as simple ratio (SR) and normalized difference vegetation
index (NDVI). The results of the non-linear PLSR were compared to those of
conventional linear PLSR. Integrating non-linear PLSR, integrating in situ
hyperspectral and environmental variables yielded the highest grass N and P
estimation accuracy (R2=0.81, root mean square error (RMSE) =0.08, and
R2=0.80, RMSE=0.03, respectively) as compared to using remote sensing
variables only, and conventional PLSR. The study demonstrates the
importance of an integrated modelling approach for estimating grass quality
which is a crucial effort towards effective management and planning of
protected and communal savanna ecosystems.

4.1

Introduction

Spatial patterns of grass nitrogen (N) and phosphorus (P) are known to
influence the grazing behaviour and migration patterns of wildlife and
livestock in savanna landscapes (Drent and Prins, 1987; McNaughton, 1988,
1990; Seagle and McNaughton, 1992; Prins and van Langevelde, 2008). In
Southern Africa, large herbivores are found in high numbers around nutrient
rich areas e.g. termite mounds, sodic sites, or sites beneath large trees
(Grant and Scholes, 2006; Treydte et al., 2007; Ludwig et al., 2008).
Furthermore, the N:P ratio is postulated as one of the key indicators of
nutrient limitation in savanna ecosystems (Koerselman and Meuleman, 1996;
Ludwig et al., 2001; Prins and van Langevelde, 2008). Therefore, an accurate
assessment of the spatial patterns of N and P could play a vital role in the
effective planning and management of savanna rangelands for sustainable
livestock and wildlife grazing production.
Communal savanna ecosystems serve as a source of livelihood for the rural
community through providing valuable good and services including fuel wood
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(for cooking and heating) and grazing land (for livestock production)
(Shackleton et al., 2002). Sustainable livestock production depends on the
quality of the grazing land. One of the causes of grazing land degradation is
overgrazing resulting from poor land planning and management of grazing
lands, mainly in the communal rangelands (Abel and Blaikie, 1989; Du Toit
and Cumming, 1999). Therefore, information on the spatial patterns of grass
quality will support sustainable rangeland management.
Remote sensing is widely used as a cost-effective means to map rangeland or
savanna grass quality at landscape level (Mutanga and Skidmore, 2004a;
Mutanga and Kumar, 2007; Skidmore et al., 2010; Knox et al., 2011). This
notwithstanding, conventional broadband remote sensing techniques based on
the utilization of the relationship between grass quality (N and P) and spectral
indices such as normalized difference vegetation index (NDVI) (Tucker, 1979),
soil line concept (SLC), simple ratio (SR) (Baret and Guyot, 1991), soiladjusted vegetation index (SAVI) (Huete, 1988) have limited applications in
high grass canopy environments as they saturate at high canopy cover
(Tucker, 1977; Mutanga and Skidmore, 2004b). On the other hand, the use of
spectral indices derived from the red-edge bands (700 – 750 nm) of
hyperspectral or narrow-band data has been demonstrated to mitigate the
saturation effect observed with broadband indices (Clevers et al., 2002; Huang
et al., 2004; Cho and Skidmore, 2006; Darvishzadeh et al., 2008b; Majeke et
al., 2008). The red-edge is the region of abrupt change in foliar reflectance
between 680 and 780 nm (Clevers et al., 2002). Narrow-band normalized
difference vegetation index and SR indices computed from red-edge bands
provided more accurate estimates of foliar N compared to conventional NDVI
derived from 680 and 800 nm (Mutanga and Skidmore, 2007). Many other
studies have identified several absorption features for N and protein (Curran,
1989; Elvidge, 1990; Kokaly and Clark, 1999; Kumar et al., 2001; Cho et al.,
2010; Knox et al., 2010b; Skidmore et al., 2010). Specific absorption
features for P have not been identified, but several studies found that the
short-wave infrared (SWIR) bands have a potential for predicting foliar P
concentration (Mutanga and Kumar, 2007; Cho et al., 2010; Ramoelo et al.,
2011b). Spectral transformation techniques such as water and continuum
removal have been proposed to enhance nutrient absorption features (Huang
et al., 2004; Mutanga et al., 2004c; Cho et al., 2010; Schlerf et al., 2010;
Ramoelo et al., 2011b).
Savanna ecosystems are diverse and heterogeneous in soil and plant
moisture, soil nutrients, fire regime, grazing pressures and anthropogenic
activities (Ben-Shahar and Coe, 1992). Thus, making the estimation of grass
N and P using remote sensing in savannas a challenging venture (Mutanga et
al., 2004c; Mutanga and Kumar, 2007; He and Mui, 2010; Skidmore et al.,
2010). Grass quality is influenced by geology (Ben-Shahar and Coe, 1992;

51

Grass nitrogen & phosphorus estimation using integrated modelling approach

Grant and Scholes, 2006), soil (Heitkönig and Owen-Smith, 1998; Cho et al.,
2010), precipitation and temperature (Ben-Shahar and Coe, 1992),
topography or catena position (Seagle and McNaughton, 1992; Mutanga et
al., 2004a) as well as aspect (Mutanga et al., 2004a) and land use types. We
assume that a modelling approach that exploits the strength of
environmental variables and remote sensing data could potentially improve
the assessment of ecosystem state and functioning at various geographic
scales (Mutanga et al., 2004a; Cho et al., 2009; Knox et al., 2011). The
integrated modelling approach could be an attempt towards estimating and
mapping foliar N and P at regional scale, which according to our knowledge is
yet to be done. A limited number of studies have investigated the possibility
of integrating environmental and remote sensing variables to estimate foliar
N and P concentrations e.g. Cho et al. (2009) and Knox et al. (2011).
Several studies have successfully used stepwise multiple linear regression
(SMLR) (Grossman et al., 1996; Martin and Aber, 1997; Kokaly and Clark,
1999; Huang et al., 2004) to estimate N and P with hyperspectral remote
sensing variables. However, SMLR operates on the assumption of normal
distribution of the data, and could suffer from model overfitting and
multicollinearity (Grossman et al., 1996; Huang et al., 2004). The use of
partial least square regression (PLSR) has been advocated to address these
issues (Geladi and Kowalski, 1986; Huang et al., 2004; Asner and Martin,
2008; Darvishzadeh et al., 2008b; Ramoelo et al., 2011b). The conventional
PLSR also makes a normality assumption about the distribution of the
response variable. Input data can be normalized using mean or median
centring prior to use with the conventional PLSR (Viscarra Rossel, 2008), but
this does not completely address the requirement for normal distribution. To
curtail this assumption, a non-linear PLSR has been developed, also known as
non-linear PLSR with radial basis function neural network (RBF-PLSR)
(Walczak and Massart, 1996). The advantage of the non-linear PLSR is that it
is a flexible non-linear regression technique which combines the capability of
the conventional PLSR, i.e., power to maximize covariance between data
sets, and the non-linear nature of the RBF neural network (Walczak and
Massart, 1996). The predictive models developed by RBF-PLSR have limited
or no overfitting and multicollinearity problems if the optimal number of
latent variables is selected (Walczak and Massart, 1996). RBF-PLSR is also
non-parametric in nature and it does not require model input to be normally
distributed. The technique has been successfully applied in soil (Fidêncio et
al., 2002), time series prediction (Zemouri et al., 2003), air pollution (Giering
et al., 2005) and engineering related fields (Garg et al., 2010). The
performance of the non-linear PLSR has not been established for extracting
vegetation biochemistry in heterogeneous savanna ecosystems.
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The aim of the study was (i) to assess and compare the retrieval accuracy of
grass N and P concentrations when using conventional vs. non-linear PLSR,
and (ii) to test the performance of non-linear PLSR for integrating in situ
hyperspectral and environmental variables (climatic, edaphic and
topographic) for predicting grass N and P concentrations. The conventional
and non-linear PLSR techniques were implemented with remote sensing
variables only and subsequently with the integrated environmental and in situ
hyperspectral variables. Conventional and non-linear PLSR vs. integrated
modelling results were compared.

4.2

Material and Methods

4.2.1

Study area and sampling design

The study area is located in the Lowveld savanna at the north-eastern part of
South Africa (Figure 4.1). The Lowveld landscape corresponds to the low
lying area extending from the foot slopes of the Drakensberg Great
Escarpment to the west and the Mozambique coastal plain to the east (Venter
et al., 2003). The topography is gently undulating with flat patches in
localized areas, and with an average height of 450m a.s.l. The study area
covers a land use transect ranging from protected areas such as the privateowned Sabi Sands Game Reserve (SGR) and the state-owned Kruger National
Park (KNP) to communal lands in the Bushbuckridge region. The western part
of the transect (communal areas) receives higher mean annual rainfalls
(800mm/yr.) as compared to the eastern side of the transect (580 mm/yr.)
(Venter et al., 2003). The annual mean temperature is about 22oC. The
dominant geology includes granite and gneiss with local intrusions of gabbro
(Venter et al., 2003). Consequently, these areas are characterized by
gradients of soil moisture and nutrients. The soil fertility of gabbro areas are
higher than the granitic ones (Ben-Shahar and Coe, 1992; Venter et al.,
2003). The main vegetation communities include the “granitic lowveld” and
the “gabbro grassy bushveld” (Mucina and Rutherford, 2006). In the gabbro
patches, grass species such as Setaria sphacelata dominates the crest while
species such as Urochloa mosambicensis dominates the valleys. Gabbro
patches are dominated by grass species with high productive potential (e.g.
Urochloa mosambicensis) compared to granite-derived soils (e.g. Eragrostis
rigidior and Pogonarthria squarrosa; cf. Mutanga et al., (2004). The gabbro
sites are dominated by fine leaves tree species such as Acacia ssp while the
granite sites are dominated by broadleaves tree species such as Combretum
spp and Terminalia spp (Venter et al., 2003; Ferwerda et al., 2006).
Rangelands in the protected areas are grazed by wild herbivore such as
impala (Aepyceros melampus), zebra (Equus burchelli), wildebeest
(Connochaetes taurinus), buffalo (Syncerus caffer), etc., while the communal
rangelands support grazing of cattle (Bos taurus) and goats (Capra hircus) as
well as sheep (Ovis aries), which determine various grazing intensities.
53

Grass nitrogen & phosphorus estimation using integrated modelling approach

Figure 4.1: Study area map. L=Land use

The study area consisted of eight experimental sites which were placed along
the land use gradient: two sites in KNP (L1 gabbro, L2 granite), two sites in
SGR (L3 granite, L4 gabbro), and four sites in the communal areas (L5-6
gabbro, L7-8 granite) (Figure 4.1). The sites were demarcated using 1:250,
000 geology maps and refined using 2008 SPOT 5 images (Wessels et al.,
2011). The site selection process sought to capture the nutrient contrast from
low to high in granitic-derived soils to gabbro-derived soils, respectively and
along the rainfall gradient. A line transect sampling design was used to
collect field data (Fewster et al., 2005) in each site except L3 (because of
access limitations). To better capture the grass biomass variability, transects
were laid out to sample both valley and crest land units. The topography
influences the grass biomass in the savanna ecosystems with valley areas
generally having higher grass biomass than crest areas. Along transects, a
combination of purposive and systematic placement of sampling plot was
done. The distance between the plots was between 500m and 1000m
depending on the accessibility and homogeneity of the area. The plot size
was 30 m x 30 m. A total of 49 plots were surveyed and in each plot three to
four subplots (0.5 m x 0.5m) were randomly selected to capture the plot
variability. In each subplot, data on the sample location using the Leica®’s
GS20 differential geographic positioning system (DGPS), dominant grass
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species and grass samples were collected. Grass samples were dried at 800C
for 24 hours and the measurements were later averaged at plot level. The
DGPS points were post-processed using Leica’s GeoPro software and
reference GPS data from Nelspruit station to produce less than 1 m positional
accuracy. The fieldwork was undertaken in March/April 2009 towards the end
of the wet season, when the grass biomass was at full maximum growth or
peak productivity to minimize the N/P and biomass interaction effects
(Skidmore et al., 2010).

4.2.2

Chemical analysis

The dried grass samples were taken to the South African’s Agricultural
Research Council-Institute for Tropical and Subtropical Crops (ARC-ITSC)Nelspruit for chemical analysis. Firstly, the acid digestion technique was used,
where perchloric and nitric acids were used for foliar P concentration retrieval
and sulphuric acid was used for retrieving foliar N concentrations (Giron,
1973; Grasshoff et al., 1983; Mutanga et al., 2004a). Secondly, the
colorimetric method by auto analyser was used to measure foliar N
(Technicon Industrial Method 329-74 W; Technicon Industrial Systems,
Farrytown, New York). For foliar N measurements an emerald-green colour
was formed by the reaction of ammonia, sodium salicylate, sodium
nitroprusside and sodium hypochlorite. The ammonia-salicylate complex was
read at 640 nm. For foliar P measurements, a colorimetric in which a blue
colour was formed by the reaction of ortho-phosphate and the molybdate ion.
The phosphomolybdenum complex was then read at 660 nm. These
extraction methods were successfully used for foliar N and P by Mutanga et
al. (2004) and Ramoelo et al. (2011b). Chemically analyzed N and P were
henceforth referred to as observed N and P.

4.2.3

Canopy Spectral measurements

The reflectance spectra were measured using an Analytical Spectral Device
(ASD) spectroradiometer, Fieldspec 3®. The ASD spectral domain ranges
from 350 to 2500 nm, with 1 nm band width. Within each plot, spectral
measurements were made for each of the 3 to 4 randomly selected subplots.
In each subplot, five spectral measurements were taken and later averaged
to account for illumination and grass canopy structural differences as well as
bidirectional effects (Mutanga et al., 2003; Wang et al., 2009). The
measurements were taken between 10h30 and 15h00 on clear sunny days to
minimize cloud effects and maximize illumination (Abdel-Rahman et al.,
2010). A 25° field-of-view fibre optic was used. The fibre optic pistol was held
at 1m above the ground and at nadir to cover the entire subplot. A
Spectralon reference panel was utilized before each measurement to calibrate
the sensor and convert spectral radiance to reflectance.
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4.2.4

Spectral indices and selection of absorption features

Red-edge position (REP), narrow band indices such as narrow normalized
difference vegetation index, simple ratio (SR), and known absorption features
of N and protein were used for N estimation and several spectral features of
leaf and canopy biochemistry were selected for P estimation.
The red-edge is highly correlated with N and is less sensitive to soil
background reflection (Cho and Skidmore, 2006). For this study REP was
calculated using the linear extrapolation technique (Cho and Skidmore,
2006). Cho and Skidmore (2006) found out that the linear extrapolation
technique achieved higher accuracy in retrieving N and chlorophyll as
compared to other red-edge detection techniques. The NDVI is the most
widely known vegetation index used as a surrogate for vegetation condition
and health in many studies (Zhao et al., 2007). It has been reported to
minimize the atmospheric effects on remote sensing data (Zarco-Tejada et
al., 2004b). The narrow-band NDVI has been proposed to minimize problems
of asymptotic saturation of biomass assessment particularly during the peak
productivity (Mutanga and Skidmore, 2004b). A narrow band simple ratio
(SR) was also computed using the red edge spectral bands. The advantages
above-mentioned for narrow-band NDVI also apply for SR derived from the
red-edge region. Narrow-band SR and NDVI have been successfully used for
estimating
vegetation
parameters,
e.g.
chlorophyll
and
nitrogen
concentrations, biomass and leaf area index (Mutanga and Skidmore, 2004b;
Darvishzadeh et al., 2008b).
Chlorophyll, protein and N absorption features were selected for estimating
foliar N concentrations (Curran, 1989; Kumar et al., 2001) (Table 4.1). Since
foliar P does not have specific known absorption features, chlorophyll,
protein, sugar and starch absorption features were used instead (Curran,
1989; Kumar et al., 2001). The listed absorption features for N, and protein
have been successfully used for foliar N (Knox et al., 2010b; Schlerf et al.,
2010; Skidmore et al., 2010), while Ramoelo et al. (2011b), Mutanga and
Kumar (2007), Bogrekci and Lee (2005), and Cho et al. 2010 found that
foliar P concentration is sensitive to the bands located in the shortwave
infrared. Therefore, most the selected absorption features dominates the
SWIR region.
Table 4.1: Absorption features used for foliar N and P estimation (Curran 1989; Kumar
et al., 2001)
Nutrients
Absorption features (wavelength)
Nitrogen
430 nm, 460 nm, 640nm, 660nm, 910nm, 1510 nm, 1940 nm, 2060
nm, 2180 nm, 2300 nm, 2350 nm
Phosphorus
430 nm, 460 nm, 640nm, 660nm, 910nm, 1510 nm, 1940 nm, 2060
nm, 2180 nm, 2300 nm, 2350 nm 970 nm, 990 nm, 1200 nm, 1450
nm, 1530 nm, 1540 nm, 1580 nm, 1780 nm, 1940 nm, 2000 nm,
2080 nm, 2100 nm, 2250 nm, 2280 nm and 2320 nm
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4.2.5

Environmental data

Environmental variables influence the distribution of foliar N and Including
precipitation, temperature, land use, geology, soils, distance to rivers,
altitude, slope and aspect (Table 4.2). Climate, topography and geologic
substrate influence the distribution of the primary environmental regimes
such as moisture and nutrients in soils or plants, see Skidmore et al. (In
press), Pickett et al. (2003), Venter et al. (2003) and Mutanga et al (2004).
Annual average precipitation and daily temperatures were acquired from the
World Climate database (WorldClim) (www.WorldClim.com). The Digital
Elevation Model (DEM) was produced at 50 m spatial resolution using
contours and spot height data from 1:50 000 topographical maps acquired
from South Africa’s Department of Rural Development: Surveys and Mapping.
Slope and aspect were derived from the DEM using ArcGIS 10x. The river
layer was sourced from the South African National Botanical institute
(SANBI)’s Beta version of vegetation data sets (Mucina and Rutherford,
2006). The distance to river variable was computed using the Spatial Analyst
Tool embedded in ArcGIS 10x, where the river layer and the sample plot
locations were used as an input. A soil layer was acquired from the soil and
terrain database of Southern Africa (SOTERSAF) (Dijkshoorn, 2003; FAO et
al., 2003; Dijkshoorn et al., 2008). The land use types (3 classes; public
conservation lands, private conversation lands, and communal rangelands)
were derived from the boundary layers of KNP, Sabi Sands and communal
areas acquired from KNP’s Geographic Information System (GIS) and remote
sensing laboratory.
Table 4.2: Environmental data used for the study
Environmental Data Type
Source
Continuous http://www.worldclim.com/
Precipitation
Temperature
Land use types
Geology
Altitude (DEM)
Slope

Continuous
Categorical
Categorical
Continuous
Continuous
Continuous

Aspect
Distance from rivers

Continuous
Categorical

Resolution
1 km

http://www.worldclim.com/

1 km

KNP

Vector layer

Council for Geoscience

1:1000000

DRDLR, South Africa

50 m

Derived from DEM

50 m

Derived from DEM

50 m

SANBI GIS data

1:1000000

Soil
SOTERSAF database
1:1000000
DEM= digital elevation model, CSIR=Council for Scientific and Industrial Research,
SANBI=South African National Botanical Institute, SOTER=Soil and Terrain of Southern
Africa database, DRD=Department of Rural Development and Land Reform,
KNP=Kruger National Park GIS datasets

4.2.6

Statistical analysis and modelling

Both non-linear and conventional linear partial least square regressions
(PLSR) were used for data analysis. Any PLSR technique aims at
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decomposing a list of independent variables into latent and uncorrelated
variables to minimize the dimensionality problems associated with the raw
data sets (Geladi and Kowalski, 1986; Naes et al., 1986; Martens and Naes,
2001; Viscarra Rossel, 2008). The conventional linear PLSR used in this study
refers to the technique developed or used by Geladi and Kowalski (1986),
Naes et al. (1986), Ehsani et al. (1999) and Viscarra Rossel (2008). The nonlinear PLSR with radial basis function neural network (RBF-PLSR) is proposed
for estimating foliar N and P concentrations as it is a flexible technique which
can predict both non- and normally distributed response variables (Walczak
and Massart, 1996; Daszykowski et al., 2007). RBF-PLSR has the mutual
advantages of the non-linear nature of RBF and of the power of PLSR to
maximize covariance between data sets (Walczak and Massart, 1996). The
detailed theory behind RBF-PLSR can be found in Walczak and Massart
(1996). The input variables were standardized or scaled to a range of [0-1]
(Mutanga and Kumar, 2007; Skidmore et al., 2010; Knox et al., 2011) prior
to implementing the non-linear PLSR. The implementation of the radial basis
function was done by constructing a model or an activation matrix using
Gaussian functions with different widths defined by their sigma values (from
0.1 to 1 with a step of 0.1). The PLSR is then applied to the activation matrix
to estimate biochemicals. The scores in the activation matrix are the linear
combinations of the Gaussian functions maximizing the covariance between
N/P and the activation values.
The Monte-Carlo leave-one-out cross-validation technique was used to
determine the optimum number of latent factors based on the lowest RMSE
(Daszykowski et al., 2007), which also correspond to a particular sigma
value. The Monte Carlo leave-one-out cross validation was used for validation
because the available dataset (49 samples) was too small to be effectively
divided into a training and test dataset. The advantage of the leave-one-out
cross-validation is that it not biased, since it uses 48 samples for data
calibration to predict the remaining 1 iteratively (Darvishzadeh et al., 2008b).
The non-linear RBF-PLSR was implemented in the Matlab tool box for
multivariate calibration techniques (TOMCAT). The software description
details can be found in Daszykowski et al. (2007). The conventional PLSR
weights were further analyzed and interpreted to determine whether there
was a positive or negative contribution of each variable in the foliar N and P
models, which is the information the non-linear PLSR technique does not
provide. Correlation matrices were computed to assess the relationships
between environmental variables and grass nutrient concentrations, and to
help the interpretation of the integrated modelling outputs. Non-parametric
spearman correlation was used because this method handles both continuous
and categorical data sets irrespective of their statistical distribution, and was
implemented in R programming language (Hollander and Wolfe, 1973;
Lehman, 1998).
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4.3

Results

4.3.1 Integrated modelling using non-linear PLSR for foliar N
estimation
The results showed that non-linear PLSR with integrated in situ remote
sensing and environmental variables yielded a higher foliar N estimation
accuracy (R2=0.81, RMSE=0.08, 11.4% of the mean) as compared to the
use of remote sensing variables only (R2 =0.66, RMSE=0.11: 15.7% of the
mean) (Figure 4.2, Table 4.3). Integrating in situ hyperspectral and
environmental variables with the non-linear PLSR yielded higher estimation
accuracy than with the conventional PLSR. The conventional PLSR explained
64% and 58% of the variance of grass N concentration with integrated in situ
hyperspectral and environmental variables, and with remote sensing
variables only, respectively (Figure 4.2, Table 4.3). Generally, the non-linear
PLSR led to higher estimation accuracy of grass N than the conventional
PLSR, both considering remote sensing and environmental variables and
remote sensing variables only (Table 4.3).
Table 4.3: Performance for foliar N and P prediction through integrating environmental
and in situ hyperspectral variables as compared to using in situ hyperspectral variables
only, utilizing conventional and non-linear partial least square regression
Conventional PLSR

Non-linear PLSR

R2

RMSECV

RMSE

No.
of
factors

R2

RMSECV

RMSE

No.
of
factors

N vs. RS

0.58

0.11

0.12

8

0.66

0.11

0.11

10

N vs.
RS+Env.

0.64

0.11

0.11

8

0.81

0.11

0.08

8

P vs. RS

0.36

0.03

0.04

8

0.44

0.04

0.04

9

P vs.
RS+Env.

0.38

0.04

0.04

12

0.80

0.03

0.02

13

N=nitrogen, P=phosphorus, RS=remote sensing variables (all as given in Table 4.1 and
in the text), Env=environmental variables (all as given in Table4. 2), PLSR=partial
least square regression, RMSE=root mean square error, RMSECV= root mean square
error of cross validation.
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Figure 4.2: A comparison of a conventional and non-linear partial least square
regression for foliar N estimation derived through Monte-Carlo leave-one-out cross
validation: A= conventional PLSR vs. remote sensing variables only and B= non-linear
PLSR vs. remote sensing variables only, C= conventional PLSR vs. remote sensing +
environmental variables, D= non-linear PLSR vs. remote sensing + environmental
variables.

Remote sensing variables such as narrow-band SR and REP positively
contributed to the N model while protein absorption features at 910 nm and
1020 nm yielded the negative contribution as shown by the PLSR weights in
Figure 4.4. Geology, soil types, land use, distance to rivers and temperature
resulted to a positive contribution to the N prediction model, while slope
contributed negatively as shown by the PLSR weights in Figure 4.4. Table 4.5
reports the non-parametric spearman correlation matrix of foliar N and
environmental variables. Correlations between foliar N and environmental
variables were generally not significant (p<0.05), with only weak
relationships with slope and aspect, while a high correlation was found
between precipitation and land use types or temperature, respectively (Table
4.4). The measured foliar N has a mean value of 0.7% and a coefficient of
variation value of 26 %, which shows that the variability of N in grass leaves
across the study area is not very high (Table 4.6).
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Table 4.4: correlation matrix between N and all environmental variables
N%

Geo

Land

Soil

DRivers

Alt

Slope

Aspect

Precip

N%

1.00

Geo

0.03

1.00

Land

0.06

0.09

1.00

Soil

0.12

0.54

0.24

1.00

DRivers

0.02

0.75

-0.47

0.43

1.00

Alt

-0.03

0.60

0.71

0.69

0.21

1.00

Slope

-0.21

0.53

0.32

0.31

0.26

0.48

1.00

Aspect

-0.20

0.16

-0.29

-0.10

0.30

-0.06

0.10

1.00

Prep

0.05

0.44

0.75

0.36

0.04

0.81

0.51

-0.11

1.00

Temp

0.11

-0.50

-0.55

-0.41

-0.16

-0.81

-0.40

-0.02

-0.74

Temp

1.00

Geo=geology,
Land=land
use,
Drivers=distance
to
rivers,
Alt=altitude,
Precip=precipitation, Temp=temperature, Bold values indicates the significance
correlation at 95% significance level (p<0.05).

Figure 4.3: A comparison of a conventional and non-linear partial least square
regression for foliar P estimation derived through Monte-Carlo leave-one-out cross
validation; A= conventional PLSR vs. remote sensing variables only and B= non-linear
PLSR vs. remote sensing variables only, C= conventional PLSR vs. remote sensing +
environmental variables, D= non-linear PLSR vs. remote sensing + environmental
variables.
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Figure 4.4: PLSR weights indicating contribution of each variable to the foliar N
integrated model. Dist=Distance, NDVI=normalized difference vegetation index,
REP=red edge position, SR=Simple Ratio.

4.3.2 Integrated modelling using non-linear PLSR for foliar P
estimation
For the foliar P estimation, the non-linear RBF-PLSR with integrated remote
sensing and environmental variables yielded a higher foliar P estimation
accuracy (R2=0.80, RMSE=0.02: 18.2% of the mean) than the non-linear
RBF-PLSR model with remote sensing variables only (R2=0.44, RMSE=0.04:
45.4% of the mean) (Figure 4.3, Table 4.3). Integrating in situ hyperspectral
and environmental variables with the non-linear PLSR also yielded higher P
estimation accuracy than with the conventional PLSR. The conventional PLSR
explained 36% and 38% of the variance of grass P concentration with
integrated in situ hyperspectral and environmental variables, and with
remote sensing variables only, respectively (Figure 4.3, Table 4.3).
Considering the conventional PLSR integrated model, the narrow-band NDVI,
SR, REP and several bands in the shortwave infrared showed a positive
contribution to the model, while the 910 nm, 970 nm, 990 nm and 1020 nm
wavebands showed a negative relationship with foliar P concentration (Figure
4.5). Geology, land use types, soils showed positive PLSR weights, while
slope and temperature had negative PLSR weight or contribution to the
model (Figure 4.5). The results show that the contribution of the
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environmental variables to P estimation is similar to that of N (Figure 4.4 and
4.5). As for N, correlations between foliar P and environmental variables were
generally not significant (p<0.05), with only weak relationships with slope,
precipitation, and land use (Table 4.5). The measured foliar P concentration
of the grass sample has a mean value of 0.11% and a coefficient of variation
value of 49%, which shows that the variability of P in grass leaves across the
study area is high (Table 4.6).
Table 4.5: correlation matrix between P and all environmental variables
P%

Geo

Land

Soil

DRivers

Alt

Slope

Aspect

Prep

P%

1.00

Geo

-0.01

1.00

Land

-0.21

0.09

1.00

Soil

0.04

0.54

0.24

1.00

DRivers

0.05

0.75

-0.47

0.43

1.00

Alt

-0.18

0.60

0.71

0.69

0.21

1.00

Slope

-0.24

0.53

0.32

0.31

0.26

0.48

1.00

Aspect

0.17

0.16

-0.29

-0.10

0.30

-0.06

0.10

1.00

Prep

-0.24

0.44

0.75

0.36

0.04

0.81

0.51

-0.11

1.00

Temp

0.04

-0.50

-0.55

-0.41

-0.16

-0.81

-0.40

-0.02

-0.74

Temp

1.00

Geo=geology, Land=land use, Drivers=distance to rivers, Alt=altitude,
Precip=precipitation, Temp=temperature, Bold values indicates the significance
correlation at 95% significance (p<0.05)
Table 4.6: Descriptive statistics of the measured foliar N and P concentrations

Nutrients (%)
Nitrogen
Phosphorus
CV=Coefficient

Minimum Maximum
0.34
1.06
0.04
0.29
of variance

Mean
0.70
0.11

StDev
0.19
0.05

CV
0.26
0.49
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Figure 4.5: PLSR weights indicating contribution of each variable to the foliar P
integrated model. Dist=Distance, NDVI=normalized difference vegetation index,
REP=red edge position, SR=Simple ratio.

4.4

Discussion

The study was undertaken to address two main objectives; 1) to assess and
compare the retrieval accuracy of foliar N and P concentrations when using
conventional vs. non-linear PLSR, and 2) to test the performance of nonlinear PLSR for integrating in situ hyperspectral and environmental variables
(climatic, edaphic and topographic) for predicting grass N and P
concentrations.

4.4.1 Comparing conventional and non-linear PLSR in N and P
estimation
For both foliar N and P estimation, the non-linear PLSR performed with a
higher accuracy than conventional PLSR. The non-linear PLSR has the mutual
advantages of the linear nature of RBF (which is a neural network) and of the
power of PLSR to maximize covariance between data sets, while minimizing
the variance of the prediction (Walczak and Massart, 1996). Maximizing covariance between data sets is done through decomposition of the
independent variables into uncorrelated latent variables which is important
for; (1) reducing the dimensionality of the data (Geladi and Kowalski, 1986;
Ehsani et al., 1999; Geladi et al., 1999) and (2) minimizing the over-fitting
and multicollinearity (Walczak and Massart, 1996; Huang et al., 2004), to
enhance the transferability of models (Crawley, 2006). The inclusion of the
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RBF model which is neural network in nature makes the non-linear PLSR to
be nonparametric and can be applied without being constrained by the
statistical distribution (Atkinson and Tatanall, 1997). This study
demonstrated the power of the non-linear RBF-PLSR for estimating foliar N
and P coupled with the integrated in situ remote sensing and environmental
variables.

4.4.2 Integrated modelling for Foliar N estimation: contribution of
hyperspectral variables
The results showed that integrating in situ hyperspectral and environmental
variables increases the estimation accuracy of foliar N concentrations,
compared to using remote sensing variables alone. Narrow-band SR, REP,
and protein absorption features at 910 nm and 1020 nm significantly
contributed to the prediction of foliar N concentrations. The red edge has
been widely utilized because it is highly correlated to chlorophyll (Cho and
Skidmore, 2006; Darvishzadeh et al., 2008b) and it minimizes soil
background effects (Zarco-Tejada et al., 2004b). Positive correlation between
chlorophyll and N has been reported by Yoder and Pettigrew-Crosby (1995).
The results are consistent with other studies focusing on foliar N
concentration using in-situ hyperspectral measurements (Gong et al., 2002;
Mutanga et al., 2004c; Knox et al., 2010b). Gong et al. (2002) demonstrated
the utility of blue and red edge regions for estimating foliar N estimation.
The protein absorption features at 910 nm and 1020 nm contributed to foliar
N estimation model as they are influenced through various vibration
mechanisms such as C-H stretch, 3rd overtone and N-H stretch (Curran,
1989; Kumar et al., 2001). The visible region of the spectra is characterized
by the electron transition while the near and shortwave infrared are
characterized by the various bond vibration (Curran, 1989; Kumar et al.,
2001). Several studies used these absorption features not only for foliar
estimation, but also for biomass and LAI estimations (Cho et al., 2007a;
Darvishzadeh et al., 2008b).
This study is consistent with the initial attempts to use remote sensing and
environmental or ancillary variables for vegetation mapping to improve
accuracy, with variables such as slope, aspect and elevation used as a proxy
for temperature and moisture conditions (Hoffer, 1975; Strahler et al.,
1978). Such techniques were successfully applied for vegetation mapping in
the forest environments (Strahler, 1981; Franklin et al., 1986; Skidmore,
1989).
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4.4.3 Integrated modelling for foliar P estimation: contribution of
hyperspectral variables
Integrating in situ hyperspectral and environmental variables improved the
estimation accuracy for foliar P estimation, as compared to the use of the
remote sensing variables alone. The contribution of remote sensing variables
in estimating foliar P concentrations was based on several biochemical
absorption features, red edge position, narrow-band NDVI and SR. Unlike the
foliar N concentration with defined absorption features, the estimation of
foliar P using hyperspectral remote sensing does not have specific absorption
features defined. The few studies which researched the prediction of foliar P
concentrations from spectral data found that most sensitive bands are
located in the SWIR (Bogrekci and Lee, 2005; Mutanga and Kumar, 2007;
Cho et al., 2010; Ramoelo et al., 2011b). As shown above, these regions are
characterized by the various vibration mechanisms imposed by several
biochemicals, e.g. O-H, C-C and N-H associated with protein, N, sugar and
starch. The limited contribution of the red edge position, narrow-band NDVI
and SR was expected since the bands used to calculate these indices are all
located in the visible region of the spectrum. This is consistent with the
results of Gong et al. (2002) who attempted to use vegetation indices derived
from visible bands for estimating foliar phosphorus and generally reported
low correlations.

4.4.4 Integrated modelling for foliar N and P: contribution of
environmental variables
The positive PLSR weights for environmental variables such as geology, soils,
distance to rivers and temperature showed that the distribution of grass
nutrients are directly or indirectly linked to climatic, topographic and geologic
variables (Ben-Shahar and Coe, 1992; Heitkönig and Owen-Smith, 1998;
Pickett et al., 2003; Grant and Scholes, 2006; Skidmore et al., 2011).
Geology (which is closely reflected into the soil layer) is a key determinant of
grass nutrient concentrations in these savanna ecosystems, i.e. grass
nutrient concentrations are linked to soil nutrient contents (Ben-Shahar and
Coe, 1992; Pickett et al., 2003; Venter et al., 2003; Skidmore et al., 2010).
In our study area, two main geological substrates contribute to the variation
of grass nutrients; gabbro support highly nutritious grass (Setaria
sphacelata, Digitaria eriantha, Urochloa mosambicensis), while granite
support low-nutrient content grass species (e.g. Eragrostis rigidior,
Sporobolus spp.) because of the clay content in the soil, which is higher in
the gabbro than the granite (Ben-Shahar and Coe, 1992). The granitic
substrate has low in situ clay formation potential because it is weather
resistant, while gabbro is easily weathered with high in situ clay formation as
basalt (Venter et al., 2003). Land use is also highlighted to contribute highly
in the foliar N prediction model. Table 4.5 reports a high correlation between
land use types and mean annual precipitation due to the rainfall gradient i.e.,
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more precipitations fall in the communal areas than Sabi Sands and the KNP
areas. Precipitation is the main source of water acts as a vector of particulate
and dissolved materials which make it a primary agent of soil heterogeneity
and consequence of vegetation or grass responses (Venter et al., 2003).
There is also a significant contribution of mean annual temperature (Figure
4.5) in the foliar N concentration prediction which is further associated with
the water availability in the soils or plants (Venter et al., 2003). Drier grasses
have less photosynthetic activity due to low water content leading to lower
foliar biochemical concentrations or grass quality (Prins and van Langevelde,
2008). Slope had a negative contribution to the model which generally
implies that steeper slopes have lower grass nutrient contents as result of
thinner and coarser-textured soil layers than the lower slopes (e.g. valleys)
with relatively higher grass nutrient concentrations (Figure 4.4; 4.5, Table
4.4; 4.5). Minerals and clay particles from the crest and midslope are
removed through run-off and deposited in the valley or close to the drainage
line areas (Grant et al., 2000). Increased nutrient supply and water
availability (through higher water retention capacity) favours highly nutritious
grass species in the valley or drainage line areas (Grant et al., 2000). This
trend is also confirmed by the positive contribution of distance to rivers
variable, i.e. grass species found close to the rivers have high nutrients
concentration than areas further away.
The significant correlations between geology, slope, distance to rivers,
altitude and temperature highlight the complexity and web of the interrelationships between geology, topography and grass nutrient concentrations
determined by the availability and diversity of minerals as well as moisture in
the soil (Table 4.4, 4.5) (Ben-Shahar and Coe, 1992). In this study, this
complexity was addressed by applying the integrated modelling approach
which accounts to the contribution of environmental variables to estimate
foliar biochemicals.
The study demonstrates the importance of integrated modelling for
estimating grass quality which is an imperative effort towards effective
management and planning of protected and communal savanna ecosystems.
Integrating environmental and remote sensing variables does increase
accuracy of foliar N and P concentrations estimated, using non-linear PLSR.
This integrated modelling approach is an endeavour towards mapping
regional estimates of grass N and P concentrations using satellite or
spaceborne remote sensing. This ultimately will provide large scale
information which farmers, park or land-use managers and planners could
utilize for sustainable use of protected and non-protected savanna
ecosystems.
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Abstract

The regional mapping of grass nutrients is of interest in the sustainable
planning and management of livestock and wildlife grazing. The objective of
this study was to estimate and map foliar and canopy Nitrogen (N) at a
regional scale using a recent high resolution spaceborne multispectral sensor
(i.e. RapidEye) in the Kruger National Park (KNP) and its surrounding areas,
South Africa. The RapidEye sensor contains five spectral bands in the visibleto-near infrared (VNIR), including a red-edge band centered at 710 nm. The
importance of the red-edge band for estimating foliar chlorophyll and N
concentrations has been demonstrated in many previous studies, mostly
using field spectroscopy. The utility of the red-edge band of the RapidEye
sensor for estimating grass N was investigated in this study. A two-step
approach was adopted involving (i) vegetation indices and (ii) the integration
of vegetation indices with environmental or ancillary variables using a
stepwise multiple linear regression (SMLR) and a non-linear spatial least
squares regression (PLSR). To ensure that the estimation of grass N was not
compromised by biomass variability, the field work was undertaken during
peak productivity. The model involving the simple ratio (SR) index
(R805/R710) defined as SR54, altitude and the interaction between SR54 and
altitude (SR54*altitude) yielded the highest accuracy for canopy N
estimation, while the non-linear PLSR yielded the highest accuracy for foliar N
estimation through the integration of remote sensing (SR54) and
environmental variables. The spatial pattern of foliar N concentrations
corresponded with the soil fertility gradient induced by the geological parent
material. The study demonstrated the possibility to map grass nutrients at a
regional scale provided there is a spaceborne sensor encompassing the red
edge waveband with a high spatial resolution. Regional maps of the grass
nutrients could be used for planning and management of the savanna
ecosystems by farmers, resource managers and land use planners.

5.1

Introduction

Savanna ecosystems constitute about 32.8% of the land in South Africa
(Mucina and Rutherford, 2006). These ecosystems play a crucial role in the
rural economy of the country, and worldwide as well (Shackleton et al.,
2002; James et al., 2003). Among other things, they provide grazing
resources important for livestock production, one of the main sources of
income in South African rural areas (Shackleton et al., 2002). The main
challenge for savannas is their sensitivity to land degradation due to
overgrazing and overstocking (Abel and Blaikie, 1989; Du Toit and Cumming,
1999; Everson and Hatch, 1999). This is at least in part the result of the lack
of information about grass conditions hampering proper management
(Everson and Hatch, 1999). There is a need for sustainable utilization of the
grazing land for viable livestock production, while minimizing land
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degradation. Spatial and regional information about grass nutrients is useful
to guide farmers towards sustainable management of their grazing land, thus
alleviating poverty.
Regional mapping of grass nitrogen (N) provides essential information for
sustainable planning and management of livestock and wildlife grazing by
livestock farmers, park wardens, or game and resource managers. Grass N
concentration is an indicator of grass quality as it is positively correlated to
protein content (Clifton et al., 1994; Wang et al., 2004). Protein forms one of
the major nutrient requirements for herbivores (Prins and Beekman, 1989;
Prins and van Langevelde, 2008). Grass quality is an important parameter
affecting the distribution and grazing behaviour of livestock and wildlife
(McNaughton, 1990; Ben-Shahar and Coe, 1992; Heitkönig and Owen-Smith,
1998). For example, large herbivores concentrate in highly nutritious areas in
southern Africa (Owen-Smith and Danckwerts, 1997; Grant and Scholes,
2006; Treydte et al., 2007) and herbivore diversity increases with increasing
soil fertility levels (Olff et al., 2002). Soil fertility levels generally correlate
with grass N concentrations (Ben-Shahar and Coe, 1992; Olff et al., 2002).
Therefore, grass N concentrations could be used as a proxy for soil fertility
levels.
Remote sensing techniques have been developed over the past decades to
extract information about biophysical and biochemical parameters of
vegetation such as leaf area index, chlorophyll, P, fibre, lignin, and N
(LaCapra et al., 1996; Asner et al., 1998; Beeri et al., 2007; Darvishzadeh et
al., 2008b; Majeke et al., 2008; Schlerf et al., 2010; Main et al., 2011;
Ramoelo et al., 2011b). The conventional approach relates a specific
vegetation parameter to vegetation indices derived from remote sensing data
using a variety of statistical regression techniques (Hansen and Schjoerring,
2003; Haboudane et al., 2004; Darvishzadeh et al., 2008b; le Maire et al.,
2008; Starks et al., 2008). For estimating foliar biochemicals (e.g. N),
traditional broadband indices such as normalized difference vegetation index
(NDVI) (Rouse et al., 1974), soil line concept (SLC), simple ratio (SR) (Baret
and Guyot, 1991), and soil-adjusted vegetation index (SAVI) (Huete, 1988)
are not conducive. These broadband vegetation indices saturate at high
canopy cover (Tucker, 1977; Mutanga and Skidmore, 2004b) and are
insensitive to subtle changes in the foliar N concentration.
The more recent success in estimating foliar N and chlorophyll concentrations
has been possible due to the development of hyperspectral remote sensing.
Studies using hyperspectral remote sensing have highlighted the utility of
red-edge bands for estimating foliar N and chlorophyll concentrations (Huang
et al., 2004; Cho and Skidmore, 2006; Darvishzadeh et al., 2008b). The rededge is the region of abrupt change in leaf reflectance between 680 and 780
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nm, mainly influenced by the concerted effect of spectral absorption in the
red wavelengths and scattering in the near infrared region (Gates et al.,
1965; Horler et al., 1983; Clevers et al., 2002). Cho and Skidmore (2006)
developed a technique to compute the red-edge position (REP), which is
highly sensitive to foliar chlorophyll. REP is known to be insensitive to
background effects (Elvidge and Chen, 1995) and is highly correlated to foliar
N (Cho and Skidmore, 2006), as chlorophyll is positively correlated to N
(Yoder and Pettigrew-Crosby, 1995; Hansen and Schjoerring, 2003;
Haboudane et al., 2004). Vegetation indices computed from red-edge bands,
also known as narrow-band indices, have provided improved estimates of
foliar N compared to conventional broad-band indices derived from red (680
nm) and near infrared (800 nm) (Hansen and Schjoerring, 2003; Mutanga
and Skidmore, 2007).
Other successful hyperspectral techniques in foliar N estimation involve the
use of N and protein absorption features in the visible (VIS), near infrared
(NIR) and shortwave infrared (SWIR) (Huang et al., 2004; Knox et al.,
2010b; Schlerf et al., 2010; Skidmore et al., 2010). Several studies argued
that the use of selected absorption features surpasses the use of the full
spectrum for foliar biochemical and biophysical estimation (Cho et al., 2007a;
Darvishzadeh et al., 2008b), because it reduces the chance of using
redundant data. The drawback to using this approach for regional estimation
of foliar biochemical concentrations is that there are limited satellite sensors
which sample light using the full spectral region with narrow bands
adequately resolving these absorption features. Satellite sensors with
strategically placed spectral bands in the red-edge region are likely to provide
successful estimates of biochemical concentrations, and more specifically N.
However, as these sensors are scarce, foliar N concentration is seldom
mapped on a regional scale. For example, conventional multispectral satellite
sensors such as SPOT, Landsat, and ASTER lack specific spectral bands in the
red-edge region and their spatial resolutions are relatively coarse. The MERIS
sensor has a standard band setting allowing the computation and
approximation of the red-edge position (Clevers et al., 2002), but the spatial
resolution is too coarse, especially for savannas, which are a complex and
heterogeneous mosaic of grass and trees. The emergence of multispectral
sensors such as WorldView-2 (USA), SumbandilaSAT (South Africa) and
RapidEye (Germany) with red-edge bands at high spatial resolution (i.e. 6.5
m) could provide an opportunity for rangeland resource quality assessment at
a regional level. There is a need for the development of specific vegetation
indices that could be used successfully with these sensors. In this study
several broad-band and hyperspectral vegetation indices were modified to
incorporate the red-edge band of RapidEye to estimate grass N concentration
at a regional scale.
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A challenge when using remote sensing to estimate foliar biochemical
concentrations is associated with the difficulty disentangling the signals for
biomass and foliar biochemical concentrations, especially N (i.e. the
interaction effects between N and biomass) (Skidmore et al., 2010). These
effects can be minimized during peak productivity when the grass spectra
have the highest absorption in the red region and scattering in the near
infrared region (Plummer, 1988a, 1988b; Skidmore et al., 2010). During this
period, the scattering and absorption processes continue to increase due to
biomass production, as captured by indices such as normalized difference
vegetation index (NDVI), and the relationship between biomass and NDVI
asymptotically saturates (Tucker, 1977; Mutanga and Skidmore, 2004b). At a
certain critical biomass point (e.g. 3000 g/m2) reached at peak productivity,
the vegetation indices are unable to estimate further increase in biomass
(Mutanga and Skidmore, 2004b). That is when foliar N can be estimated with
minimal effect from the N-biomass interaction problem.
In addition, a few studies have highlighted the need to integrate
environmental or ancillary and remote sensing variables to estimate foliar
biochemical concentrations at a regional scale (Cho et al., 2009; Cho et al.,
2010; Knox et al., 2011; Ramoelo et al., 2011a; Ramoelo et al., under
review), which could be a crucial step towards improving regional estimation
and mapping. A combination of factors such as edaphic (geology and soils),
topographic (slope, aspect, and altitude), and climatic (precipitation and
temperature) factors are known to influence the distribution of foliar
biochemical concentrations in a very complex way (Ben-Shahar and Coe,
1992; Mutanga et al., 2004a; Ferwerda et al., 2006; Skidmore et al., 2011).
Ramoelo et al. (2011a) showed that geology, slope, temperature, and land
use types were the main contributing environmental variables when modeling
foliar N in combination with in situ hyperspectral remote sensing variables.
However, where environmental data sets are readily available at a regional
scale, their resolution is relatively coarse rendering them unsuitable as sole
input in the estimation of foliar biochemical concentrations. The use of
remote sensing could address this issue of resolution and scale, for instance
regional maps could be derived at a resolution of 5 to 10 m based on data
from the newly developed spaceborne sensors. The assumption is that a
modeling approach which integrates remote sensing and environmental
variables potentially yields a higher foliar N estimation accuracy than
approaches using either remote sensing or environmental variables (Cho et
al., 2009; Cho et al., 2010; Knox et al., 2011; Ramoelo et al., 2011a;
Ramoelo et al., under review). The objectives of this study were twofold; (1)
to investigate the utility of the red-edge band of the RapidEye sensor for
estimating grass N concentrations using various vegetation indices derived
from the RapidEye data, and to determine which vegetation index correlates
highly with grass foliar as well as canopy N and (2) to integrate this
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vegetation index with the environmental variables to estimate and map grass
foliar and canopy N at a regional scale.

5.2

Study area

The study area is located in the north-eastern part of South Africa (Figure
5.1) and covers a total area of approximately 5000 km². The area is referred
to as the Lowveld landscape, which is a low lying area extending from the
foot slopes of the Drakensberg Great Escarpment to the west to the
Mozambique coastal plain to the east (Venter et al., 2003). Protected areas
such as the privately owned Sabi Sands Game Reserve (SGR) and the state owned Kruger National Park (KNP), as well as the communal lands in
Bushbuckridge form the main land tenures. The main vegetation types are
“Tshokwane-Hlane basalt lowveld”, “granite lowveld”, “gabbro grassy
bushveld”, and “Delagoa lowveld” (Mucina and Rutherford, 2006). The
Tshokwane-Hlane basalt lowveld is characterized by open tree savannas with
trees such as Sclerocarya birrea, Acacia nigrescens, Acacia gerrardii,
Peltophorum africanum, Dichrostachys cinerea, and common grass species
such as Bothriochloa radicans, Digitaria eriantha, Cenchrus ciliaris, and
Urochloa mosambicensis.

Figure 5.1: Map of the study area

74

Chapter 5

This vegetation types occur in the highly fertile black, brown or red clayey
soils derived from the basalt substrate. The granite lowveld comprises dense
thickets dominated by trees such as several Combretum species,
Dichrostachys cinerea, Grewia bicolor, and Terminalia sericea with dominant
grass species being Pogonarthria squarrosa, Tracholeona monachne, and
Eragrostis rigidior. The granite-derived soils are sandy in the uplands and
clayey in the bottomlands, and are low in fertility compared to the basaltderived soils. Gabbro grassy bushveld constitutes an open savanna with
dense grass cover. Dominant tree species are Acacia nigrescens, Sclerocarya
birrea, Bolusanthus speciosus, and Ziziphus mucronata, while common grass
species are Chloris virgata, Setaria species, Themenda triandra, Bothriochloa
radicans, Panicum maximum, Urochloa mosambicensis, and Eragrostis
superba. Soils in this vegetation type are fertile dark vertic with 20 to 50%
clay derived from the gabbro geological type (Mucina and Rutherford, 2006).
The Delagoa lowveld vegetation type is characterized by dense thickets with
common tree species such as Acacia welwitschii, Dichrostachys cinerea,
Euclea divinorum, and Grewia bicolor and grass species such as Chloris
virgata, Aristida congesta, Panicum colaratum, and Sporobolus species. This
vegetation type occurs in shale and lesser sandstone layers interspersed by
sheets and dykes of Jurassic dolerite (Mucina and Rutherford, 2006). The
soils are rich in sodium, but the fertility is lower than in the basaltic-derived
soils. There is an evident precipitation gradient from the western part (800
mm/year) to the eastern part (580 mm/year) of the study area (Venter et
al., 2003). The annual mean temperature is about 22oC. Geology as
mentioned above includes granite and gneiss with local intrusions of gabbro
in the west and basalt as well as shale in the eastern part towards
Mozambique (Venter et al., 2003). The contrasting geological substrates (and
associated soil types) together with the precipitation influence, clearly define
the patterns and gradients in soil moisture and nutrients. The topography is
mostly undulating in the granitic sites and flat in the basalt areas, with an
average height of 450 m. Rangelands in the protected areas are grazed by
wild herbivores such as impala (Aepyceros melampus), zebra (Equus
burchelli), wildebeest (Connochaetes taurinus), and buffalo (Syncerus caffer),
while the communal rangelands support the grazing of cattle (Bos taurus),
goats (Capra hircus), and sheep (Ovis aries), thus determining various
grazing or land use intensities.

5.3

Data Collection

5.3.1

Field data collection

The field data were collected using a road sampling technique since deep
penetration into the savanna landscape was limited by management and
logistical restrictions. Field work was undertaken in April 2010, the same
month the satellite imagery was collected. The areas along the main roads
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covering the study area were purposively selected for the field sampling
based on their underlying geological strata, both in the protected and in the
communal areas. Buffers of 300 m were created on both sides of these roads
using ArcGIS software (ESRI, USA). Within the buffer polygons random
sample points were generated using the ArcGIS add-on called Hawth tools.
All points directly on the road or on the bare areas next to the road were
rejected because of the lack of grass. The plots were randomly located in
areas with homogeneous grass to avoid the effect of trees on the grass
signal. Each sample point (N=51) was treated as a plot of 20 m x 20 m, to
account for a geometric accuracy of up to one pixel (i.e. 5 m) on the
RapidEye image. In each plot, 2 subplots of 50 cm x 50 cm were used to
collect information about the dominant species, the percentage cover of
photosynthetic and non-photosynthetic vegetation as well as bare soil. The
grass in each subplot was clipped and weighed to determine the wet biomass.
The grass samples were then dried at 80ºC for 24 hours and weighed again
to establish the dry biomass. Grass biomass was expressed in weight per unit
area (i.e. g/m2). The biomass data were acquired to determine any
interaction effects between biomass and foliar N. The field work was
undertaken during peak productivity to minimize these interaction effects
(Plummer, 1988b, 1988a; Skidmore et al., 2010), as discussed in the
Introduction. The grass samples were dried to retrieve foliar N
concentrations.

5.3.2

Chemical analysis

The dried grass samples were taken to South Africa’s Agricultural Research
Council Institute for Tropical and Subtropical Crops (ARC-ITSC) in Nelspruit
for chemical analysis. Firstly, the acid digestion technique was used, where
sulphuric acid aided the foliar N retrieval (Giron, 1973; Grasshoff et al.,
1983; Mutanga et al., 2004a). Secondly, the colorimetric method by auto
analyser was used to measure the foliar N (Technicon Industrial Method 32974 W; Technicon Industrial Systems, Farrytown, New York). An emeraldgreen colour was formed by the reaction between ammonia, sodium
salicylate, sodium nitroprusside, and sodium hypochlorite. The ammoniasalicylate complex was read at 640 nm. These two extraction methods were
already successfully used for grass foliar N by Mutanga et al. (2004),
Ramoelo et al. (2011b) and Ramoelo et al. (under review). Chemically
analyzed N was henceforth referred to observed N.

5.3.3

Image acquisition and atmospheric corrections

The mission to collect RapidEye images was tasked in April 2010. The
RapidEye sensor has a multispectral push broom imager with a spatial
resolution of 6.25 m and captures data in the spectral bands: blue(440-550
nm), green (520-590 nm), red (630-685 nm), red edge (690-730 nm), and
near infrared (760-850 nm) (RapidEye, 2010). The RapidEye Ortho product
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(Level 3A) was provided with radiometric, sensor, and geometric correction
applied using the digital terrain elevation data (DTED) level 1 Shuttle Radar
Terrain Mission (SRTM). The orthorectification accuracy of 1 or less pixel was
achieved (RapidEye, 2010). The RapidEye Ortho product was delivered
resampled to a 5m x 5m spatial resolution. To retrieve surface reflectance
atmospheric correction was executed using the atmospheric and topographic
correction software (ATCOR 2) implemented in the IDL Virtual Machine
(Richter, 2011). ATCOR 2 models reflectance for flat surfaces, which was
considered sufficient since the study area was not characterized by very
rugged terrain. The advantage of ATCOR 2 is that it was developed
specifically for satellite remote sensing data and includes a large database of
atmospheric correction functions (look-up-tables computed with the
Modtran® 5 radiative transfer code) covering a wide range of weather
conditions, sun angles, and ground elevations (Richter, 2011). The Modtran®
standard aerosols for “rural” were selected to compute the aerosol type, and
“visibility” was computed according to Richter (2011). RapidEye metadata
were used to obtain additional important information for reflectance retrieval
such as satellite and solar zenith angle, satellite and solar azimuth angle, as
well as relative azimuth angle. The workflow for implementing ATCOR for
atmospheric correction in any terrain is well outlined in Richter (2011).

5.3.4

Environmental or ancillary variables

Several studies showed that climate, topography, and geologic substrate
influence the distribution of primary environmental regimes such as moisture
and nutrients in soils or plants; for details see the review by Skidmore et al.
(2011), as well as Pickett et al. (2003), Venter et al. (2003) and Mutanga et
al. (2004). Several environmental variables influence the distribution of grass
N at different scales; these include precipitation, temperature, land use,
geology, soils, distance to rivers, altitude, slope, and aspect (Table 5.1).
Mean annual precipitation (MAP) and temperature (MAT) were acquired from
the World Climate database (WorldClim) (www.WorldClim.com). This climatic
database has been widely used for biodiversity and ecological applications
(Hijmans et al., 2001) and climatic stations are spread across South Africa
(Hijmans et al., 2005; Adams and Church, 2007; Saad et al., 2007). The
freely available SRTM 4.1 Digital Elevation Model (DEM) with its relatively
high spatial resolution of 90 m (Javis et al., 2008) was used. To make it more
reliable, Javis et al. (2008) further improved the DEM by filling in the holes
identified. Slope and aspect were derived from the DEM using ArcGIS 10x.
The river layer was sourced from the South African National Botanical
Institute (SANBI)’s Beta version of vegetation data sets (Mucina and
Rutherford, 2006). The ‘distance to river’ variable was computed using the
Spatial Analyst Tool embedded in ArcGIS 10x, where the river layer and the
sample plot locations (GPS points) formed the inputs. A soil layer was
acquired from the soil and terrain database of Southern Africa (SOTERSAF)
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(Dijkshoorn, 2003) (Table 5.1). This soil map has been used for the Land
Degradation Assessment in Drylands project, for which South Africa is one of
the partners (Dijkshoorn et al., 2008). The land use types were derived from
the boundary layers of KNP, Sabi Sands Game Reserve and the communal
areas, acquired from KNP’s Geographic Information System (GIS) and remote
sensing laboratory.
Table 5.1: Environmental variables used in this study

Environmental
Data

Geology
Soil
Precipitation
Temperature
Land use types
Altitude (DEM)
Slope
Aspect
Distance from
rivers

Type

Cate
Cate
Conti
Conti
Cate
Conti
Conti
Conti
Conti

Source

Resolution

Council for Geoscience
SOTERSAF database
http://www.worldclim.com/
http://www.worldclim.com/
KNP
SRTM
Derived from DEM

1:1000000
1:1000000
1 km
1 km
Vector layer
90 m
90 m

Derived from DEM

90 m

SANBI GIS data

1:1000000

Cate=Categorical, Conti=Continuous, DEM= digital elevation model, CSIR=Council for
Scientific and Industrial Research, SANBI=South African National Botanical Institute,
SOTER=Soil and Terrain of Southern Africa database, SRTM=Shuttle Radar Topography
Mission (http://srtm.csi.cgiar.org), KNP=Kruger National Park GIS datasets

5.4

Data Analysis

The reflectance data corresponding to each field plot were extracted from the
image in order to perform the statistical analysis. The vegetation indices
listed in Table 5.2 were computed from the extracted reflectance data. The
new or modified vegetation indices were mainly developed to benefit from
the inclusion of the red-edge band in the RapidEye spectral configuration. In
Table 5.2, simple ratios (SRs) are written as SR53, 54, and 43, just as the
normalized difference vegetation indices (NDVIs) are written as NDVI54 and
so on, denoting the band combinations used. In some cases, such as plant
pigment ratio (PPR), transformed chlorophyll absorption index (TCARI), and
modified chlorophyll absorption index (MCARI), the indices were given new
RapidEye compatible bands less than 60 nm from the original indices, to
ensure that the sensitivity of the specific region of the spectrum was
maintained. All the indices selected were sensitive to leaf and canopy
chlorophyll (Table 5.2). For statistical analysis, the foliar N concentration was
multiplied by the percentage cover of photosynthetic vegetation (PV) to
derive a unit-less canopy integrated nitrogen content, denoted as N*PV,
henceforth called canopy nitrogen (Wessman, 1992; He and Mui, 2010).
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5.4.1

Univariate and Multivariate analysis

The univariate analysis involved bootstrapping the linear regression between
biochemicals (foliar and canopy N) and vegetation indices. Subsequently, the
results from that analysis were used to select the vegetation index, based on
a high coefficient of determination (R2) and a low root mean square error
(RMSE) (Bunke and Droge, 1984; Efron and Tibshirani, 1997; Fox, 2002; Fox
and Weisberg, 2010). The multivariate analysis was undertaken using an
integrated modeling approach. The vegetation index (with a high estimation
accuracy resulting from bootstrapping statistics combined with environmental
variables) was used to predict N concentrations. The first multivariate
analysis was performed using a combination of principal component analysis
(PCA) and stepwise multiple linear regression (SMLR) (Çamdevýren et al.,
2005), denoted as SMLR+PCA. The aim of the PCA was to decompose the
independent variables into uncorrelated components. The advantage of the
PCA was that it reduced multicollinearity and overfitting (Çamdevýren et al.,
2005; Jain et al., 2007). In this approach, the initial step was to run the PCA
on the independent variables, i.e. the vegetation index and environmental
variables. The second step was to run a forward stepwise regression to see
which principal components (PC) significantly contributed to the N prediction
model. The stepwise model was selected based on the lowest Akaike
Information Criterion (AIC) (Sakamoto et al., 1986; An and Gu, 1989). The
second multivariate analysis was performed using SMLR based on SR54 and
environmental parameters (SMLR+Raw), where the model for predicting
foliar N with high accuracy was selected using AIC, similar to the PCA+SMLR
method. In this case the original data, i.e. highest performing vegetation
index and environmental variables, were used for predicting N. Thirdly, the
interaction effects between the selected variables for predicting foliar and
canopy N at a SMLR+Raw stage were also tested using SMLR, and denoted
SMLR+Raw+Int. Where the interaction effect between the significant
variables selected according to lowest AIC improved the estimation accuracy
for foliar and canopy N, this was reported, otherwise it was not reported. The
final multivariate analysis was based on the non-linear partial least square
regression (PLSR), and is known as PLSR with radial basis function (RBFPLSR). This non-linear PLSR was found to achieve a higher foliar N estimation
accuracy than the conventional PLSR (Ramoelo et al., under review). This
was mainly attributed to the fact that the non-linear PLSR has combined
capabilities of the conventional PLSR and artificial neural network, i.e.
maximize covariance between data sets and non-linear model fitting
(Walczak and Massart, 1996). The initial stage of applying this technique was
to standardize the data sets to 0 and 1 range (Knox et al., 2011; Ramoelo et
al., under review). Sigma values were specified in order to compute the
activation matrix using the radial basis function. The activation matrix was
then used in combination with PLSR to predict foliar N concentrations, where
the number of uncorrelated latent variables or factors was specified.
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SR=Simple Ratio, NDVI=Normalized Difference Vegetation Index, SAVI=Soil Adjusted Vegetation Index,
Correction Factor, OSAVI=Optimized SAVI, MSAVI=Modified SAVI, TVI=Triangular Vegetation
RDVI=Renormalized Difference Vegetation Index, MCARI=Modified Chlorophyll Absorption Ratio
MTCI=MERIS Terrestrial Chlorophyll Index, PPR=Plant Pigment Ratio, NRI=Nitrogen Reflectance
SIPI=Structure Insensitive Pigment Index, GI=Greenness Index, EVI=Enhanced Vegetation
TCARI=Transformed Chlorophyll Absorption Ratio

Table 5.2: Vegetation indices used in this study

L=Soil
Index,
Index,
Index,
Index,
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Validation

Validation was performed using a bootstrapping technique because of the
small sample sizes involved (Bunke and Droge, 1984; Efron and Tibshirani,
1997). Bootstrapping is an unbiased way to validate models as it has an
iteration component. It samples the data a number of times, which makes it
a more robust way of validating models, as well as extremely efficient when
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only few samples are collected. In this study we used 1000 iterations to
ensure that the bias was highly reduced. The highly accurate bootstrapped
model was inverted and applied to the RapidEye image to map the predicted
foliar and canopy N concentrations of the grass canopies. The validation of
the non-linear PLSR was based on a Monte-Carlo cross validation, since
bootstrapping was not yet incorporated in the TOMCAT software (Walczak
and Massart, 1996).

5.4.3

Descriptive and exploratory analysis

One-way analysis of variance (ANOVA) was computed to test if there was any
significant difference between foliar N and, firstly, geology and, secondly,
soils. The Spearman’s rank correlation was used to quantify the relationship
between remote sensing and environmental variables, since it can be applied
to both categorical and continuous data (Lehman, 1998), to quantify
relationships between remote sensing and environmental variable. The
descriptive statistics i.e. mean, minimum and maximum as well as standard
deviation values of N and N*PV were computed using the R programming
language.

5.5

Results

5.5.1 Determining the vegetation index with high N estimation
accuracy
The SR54 computed with the red-edge band yielded the highest accuracy for
predicting both foliar and canopy N; surpassing the results of the
conventional simple ratio (i.e. SR53) (Table 5.3, Figures 5.2 and 5.3). At
foliar level, the bootstrapped model resulted in R2=0.23 and RMSE=0.150%,
while at canopy level, the bootstrapped model resulted in R2=0.45 and
RMSE=13.506 (unit-less). Of the twenty four indices used to estimate foliar
and canopy N, the inclusion of the newly embedded red-edge band in the
RapidEye data improved the results especially for the top five indices, i.e.
SR54, NDVI54, SAVI, OSAVI, and SIPI1 for canopy N, and SR54, NDVI54,
OSAVI, SAVI, and MTCI for foliar N concentrations (Table 5.3, Figures 5.2
and 5.3). Generally, there are five indices that could be directly modified to
make use of the red-edge band rather than relying on the conventional
versions using red and NIR bands, namely SR, NDVI, SAVI, OSAVI, and SIPI.
The least performing indices were TVI, TCARI, and MCARI with RMSEs of
between 17.364 and 18.101 for canopy N and between 0.170 and 0.171%
for foliar N. The variance in canopy N was explained more clearly by the
vegetation indices than the variance in foliar N was, with the R2 increasing
from 0.23 for foliar to 0.45 for canopy N. A similar pattern was evident in the
estimation accuracy measured according to RMSE (Table 5.3).
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5.5.2

Integrated modeling for grass N prediction

Integrating vegetation indices and environmental variables for estimating
canopy N using SMLR (SMLR+Raw+int) yielded a significantly higher
estimation accuracy (bootstrapped: R2=0.64, RMSE=11%; 17% of the
mean), than the model using SR54, altitude, and SR54*altitude (Table 5.4).
The non-linear PLSR (RBF-PLSR) was the second highest performer
concerning the accuracy of estimating canopy N (bootstrapped: R2=0.61,
RMSE=11%), after SMLR, with interaction effects from SR54 and altitude
(Table 5.4). As shown in Table 5.5, altitude is significantly correlated with
other environmental variables such as geology, precipitation, temperature,
slope, aspect, and land use. It is evident that altitude in this study is a proxy
for various other environmental variables. The last technique tested was
principal component analysis and regression (SMLR+PCA), which resulted in
a lower canopy N estimation accuracy (bootstrapped: R2=0.56,
RMSE=12.33; 19% of the mean) than the above two techniques, with
principal components (PC) 1, 3, and 9 selected (Table 5.4).
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Table 5.3: Ranking by bootstrapped root mean square error for various vegetation
indices in predicting (a) Canopy Nitrogen and (b) foliar Nitrogen

Indices (a)

RMSE

Indices (b)

RMSE (%)

SR54

13.506

SR54

0.150

NDVI54

13.659

NDVI54

0.151

SAVI

13.662

OSAVI

0.151

OSAVI

13.667

SAVI

0.151

SIPI1

14.409

MTCI

0.153

MTCI

14.714

SIPI1

0.153

SAVI1

15.080

GI

0.158

NDVI53

15.088

NRI

0.158

OSAVI2

15.105

NDVI53

0.158

MSAVI

15.125

OSAVI2

0.158

NRI

15.158

SAVI1

0.158

SR53

15.204

MSAVI

0.159

GI

15.232

SR53

0.159

RDVI2

15.308

RDVI2

0.160

SIPI

16.143

EVI

0.161

NDVI43

16.227

SIPI

0.163

EVI

16.232

NDVI43

0.163

NDVI52

16.309

NDVI52

0.164

SR43

16.361

SR43

0.164

RDVI

16.364

RDVI

0.165

PPR

16.451

PPR

0.166

TVI

17.661

TVI

0.170

TCARI

18.089

MCARI

0.171

MCARI

18.101

TCARI

0.171

SR=Simple Ratio, NDVI=Normalized Difference Vegetation Index, SAVI=Soil Adjusted
Vegetation Index, L=Soil Correction Factor, OSAVI=Optimized SAVI, MSAVI=Modified
SAVI, TVI=Triangular Vegetation Index, RDVI=Renormalized Difference Vegetation
Index, MCARI=Modified Chlorophyll Absorption Ratio Index, MTCI=MERIS Terrestrial
Chlorophyll Index, PPR=Plant Pigment Ratio, NRI=Nitrogen Reflectance Index,
SIPI=Structure Insensitive Pigment Index, GI=Greenness Index, EVI=Enhanced
Vegetation Index, TCARI=Transformed Chlorophyll Absorption Ratio.
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Table 5.4: The performance of various multivariate techniques used validated by
bootstrapping

R²

RMSE

RMSE(%
Mean)

SMLR+PCA

0.56

12.33

SMLR+Raw

0.59

RBF-PLSR
SMLR+Raw+
Int.

of

p-value

Selected variables

16.50

<0.05

*PC1, PC3, PC9

11.60

15.52

<0.05

0.61

11.00

14.72

<0.05

0.64

11.00
RMSE
(%)

14.72

<0.05

SR54, Altitude
4 factors, and 0.7
Sigma value
SR54,
Altitude,
SR54*Altitude

0.45

0.14

16.66

<0.05

Canopy N

Foliar N
SMLR+PCA

*PC1-4, PC9, PC10
SR54,
Altitude,
SMLR+Raw
0.44
0.13
15.47
<0.05
Aspect, Dist
5 Factors, and 1
RBF-PLSR
0.48
0.12
14.28
<0.05
Sigma value
SMLR=Stepwise linear regression, PCA=principal component analysis, RBFPLSR=partial least square regression with radial basis function, SR54=simple ratio,
Dist=distance to rivers, Raw=SR54 and environmental variables used as they are.
Int.=indicates a model with the interaction effects of the variables significantly selected
in SMLR+Raw. p value at the 95% confidence level (p<0.05). *Using PC loadings, PC1
= (aspect, precipitation, altitude), PC2 = (aspect, precipitation, soils, altitude), PC3 =
(aspect, precipitation, soils, altitude, geology), PC4 = (precipitation, soils, altitude),
PC9= (SR54), PC10 = (temperature and land use).
Table 5.5: Spearman p correlation matrix between N and various environmental or
ancillary variables

N*PV
SR54
Geo
Soil
Prec
Tem
Asp
Alt
Slo
Lan
Dist

N*PV

SR54

Geo

Soil

Prec

Tem

Asp

Alt

Slo

Lan

Dist

1

0.62

-0.20

-0.09

-0.37

0.42

0.20

0.56

-0.23

-0.50

-0.01

1

-0.11

0.12

-0.06

0.12

0.06

-0.23

-0.15

-0.19

-0.09

1

-0.35

0.57

-0.14

-0.36

0.31

-0.05

0.40

-0.60

1

-0.32

-0.10

-0.09

0.05

0.07

-0.11

0.34

1

-0.45

-0.32

0.63

0.27

0.76

0.40

1

0.01

-0.77

-0.47

-0.54

-0.15

1

-0.32

0.22

-0.31

0.27

1

0.44

0.78

-0.18

1

0.37

0.07

1

-0.26
1

N*PV=Nitrogen*Photosynthetic vegetation cover, SR54=simple ratio, Geo=Geology,
Prec=precipitation,
Temp=temperature,
Asp=Aspect,
Alt=Altitude,
Slo=Slope,
Lan=Land use, Dist=distance to rivers. The bold values indicates that the correlation is
significant at 95% confidence level (p<0.05).
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Figure 5.2: Scatterplots of canopy N (N*PV) and various vegetation indices (Xaxis=vegetation index and Y-axis=N*PV). SR=Simple Ratio, NDVI=Normalized
Difference Vegetation Index, SAVI=Soil Adjusted Vegetation Index, L=Soil Correction
Factor, OSAVI=Optimized SAVI, MSAVI=Modified SAVI, TVI=Triangular Vegetation
Index, RDVI=Renormalized Difference Vegetation Index, MCARI=Modified Chlorophyll
Absorption Ratio Index, MTCI=MERIS Terrestrial Chlorophyll Index, PPR=Plant Pigment
Ratio, NRI=Nitrogen Reflectance Index, SIPI=Structure Insensitive Pigment Index,
GI=Greenness Index, EVI=Enhanced Vegetation Index, TCARI=Transformed
Chlorophyll Absorption Ratio.
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Figure 5.3: Scatterplots of foliar N (%) and various vegetation indices (Xaxis=vegetation index and Y-axis=N*PV). SR=Simple Ratio, NDVI=Normalized
Difference Vegetation Index, SAVI=Soil Adjusted Vegetation Index, L=Soil Correction
Factor, OSAVI=Optimized SAVI, MSAVI=Modified SAVI, TVI=Triangular Vegetation
Index, RDVI=Renormalized Difference Vegetation Index, MCARI=Modified Chlorophyll
Absorption Ratio Index, MTCI=MERIS Terrestrial Chlorophyll Index, PPR=Plant Pigment
Ratio, NRI=Nitrogen Reflectance Index, SIPI=Structure Insensitive Pigment Index,
GI=Greenness Index, EVI=Enhanced Vegetation Index, TCARI=Transformed
Chlorophyll Absorption Ratio.
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For the estimation of foliar N, the non-linear PLSR produced a higher
estimation accuracy (bootstrapped: R2=0.48, RMSE=0.12%; 14% of the
mean) than other techniques such as SMLR (Table 5.4). The SMLR+PCA
yielded the second highest estimation accuracy (bootstrapped: R2=0.45,
RMSE=0.13%; 15% of the mean) and the least performing technique was
the SMLR+Raw (bootstrapped: R2=0.44, RMSE=0.14%; 17% of the mean)
(Table 5.4). The interaction effects analysis of the selected variables in
SMLR+Raw did not improve the results. Figure 5.4 shows the spatial
distribution of foliar and canopy N at a regional scale. There is a clear N
gradient between the western and the eastern part of the study area (Figure
5.4). The general pattern of foliar and canopy N follows the geological types,
i.e. basalt and shale areas are characterized by more highly nutritious grass
than the granitic derived grasses (Figure 5.4). The riparian zones or
bottomlands in Figure 5.4 have high nutritious grass irrespective of a
geological type. In Figure 5.4, part of the red dominating colour constitutes
not only grass but trees, especially around the riparian zones.

5.5.3

Descriptive and exploratory statistics

The foliar N concentration across the study had a mean of 0.84%, as shown
in Table 5.6. After converting the foliar N concentrations to the canopy
integrated N using PV (i.e. N*PV), the recorded mean was 74.71 (Table 5.6).
Grass N concentrations varied significantly according to geology (F=3.187,
p=0.0322) and soil type (F=3.787, p=0.0096), as was confirmed by the
ANOVA and the boxplots thereof are shown in Figure 5.5.
Table 5.6: Descriptive statistics of the data used

Variables
(%)

Minimum

Maximum

Mean

Standard
deviation

Coefficient of
variation

Nitrogen

0.53

1.44

0.84

0.17

0.20

PV

40.00

100.00

74.71

11.42

0.15

N* PV

35.00

119.00

63.45

17.95

0.28

PV=photosynthetic vegetation cover, N*PV=Nitrogen*PV
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Figure 5.4: Map showing spatial distribution of the foliar N (middle) and canopy
Nitrogen (N*PV) (bottom) in relation to geological types such as basalt, gabbro, granite
and shale (PV=photosynthetic vegetation cover) (upper).
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Figure 5.5: Boxplots indicating varying grass N over geological and soil types.
18=granite, 77=gabbro, 59=shale, 4=Basalt, 290=euric regosols, 415=albic arenosols,
330=calcic luvisols, 301=rhodic nitisols, 478=eutric leptic.

5.6

Discussion

The study investigated the utility of the red-edge band from the RapidEye
sensor using vegetation indices, in order to determine which index correlated
highly with foliar and canopy N. This index was then integrated with
environmental variables to predict foliar and canopy N at a regional scale.
SR54 was not only selected as the vegetation index with the highest
predictive capability compared to other indices, it was also selected as a
significant variable in the stepwise model successfully predicting both foliar
and canopy N (Table 5.4). The performance of SR54 could be attributed to
the use of red-edge waveband which contributed to the estimation of foliar N
concentrations. Similar trends were observed for NDVI and SAVI, where the
inclusion of the red-edge band improved the estimation results. The
importance of the red-edge band is due to the fact that it is highly correlated
to chlorophyll (Clevers et al., 2002; Cho and Skidmore, 2006) and insensitive
to background effects (Zarco-Tejada et al., 2004b). It is known that there is
a positive correlation between chlorophyll and foliar N (Vos and Bom, 1993;
Yoder and Pettigrew-Crosby, 1995). This study is consistent with the in situ
hyperspectral remote sensing studies reported by Mutanga and Skidmore
(2007), Gong et al. (2002), and Cho and Skidmore (2006). Additionally, the
performance of SR has not only been demonstrated with the retrieval of foliar
biochemicals but also for biophysical parameters such as leaf area index
(Jiang et al., 2005; Darvishzadeh et al., 2008) and biomass (Mutanga and
Skidmore, 2004b).
The integrated modeling approach has produced higher grass N accuracy
results compared to univariate approaches using only vegetation indices. The
advantage of using an integrated modeling approach for N estimation is that
both remote sensing and environmental variables are considered. The use of
environmental variables is generally constrained by the lack of detail in
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studies on a regional scale, rendering proper estimation of foliar N
impossible. Remotely sensed imagery helps to provide the spatial detail
important for characterizing foliar N in grass canopies. The combination of
non-linear PLSR with environmental variables estimated foliar N with
relatively high accuracy. The non-linear PLSR combined advantages of the
conventional PLSR and an artificial neural network, i.e. maximizing the
covariance between data sets and non-linear model fitting (Walczak and
Massart, 1996). Additionally, the non-linear PLSR can be used with nonnormal data.
Estimation of canopy N using SMLR integrating remote sensing (SR54) and
environmental variables resulted in the highest estimation accuracy. SMLR
selected SR54 and altitude, which predicted N with the lowest AIC value.
Table 5.5 shows altitude to be significantly correlated with other
environmental variables such as geology, mean annual precipitation, mean
annual temperature, slope, aspect, and land use types. Soil and geology are
also cited as factors which influence the distribution and concentrations of
nutrients in grass (Venter et al., 2003; Mucina and Rutherford, 2006). Soils
developed in basalts are generally high in nutrients, while the granitic soils
are associated with low nutrient concentrations (Scholes et al., 2003; Venter
et al., 2003).
Grasses such as Bothriochloa radicans, Urochloa
mosambicensis, and Digitaria eriantha are found dominating the basalticderived soils because of these high nutrient concentrations. These species
also produce bigger leaves than the species usually found in the graniticderived soils such as Eragostris rigidior and Sporobolus species. Table 5.5
shows a negative correlation between foliar N and precipitation. The western
part of the study area is characterized by high precipitation and lower soil
fertility-granite-derived soils, while the eastern part experiences low
precipitation on high soil fertility-basaltic-derived soils. Precipitation plays a
crucial role in dissolving organic matter for the uptake of minerals by plants
(Pickett et al., 2003). Land use type, giving an indication of the practices or
activities taking place in the study area, is important as it is related to mean
annual precipitation. Land use types are characterized by a pronounced
rainfall gradient, with the communal areas receiving more rainfall than the
protected areas (SGR and KNP). In addition, land use activities generally
affect the grass’s response to differences in precipitation (Zhou et al., 2002).
Altitude, aspect and slope influence the distribution of nutrient concentrations
in grass through their effect on soil temperature and water run-off (Roberts,
1987). Steeper slopes normally have higher run-off leading to thin soil layers
supporting less nutritious grass (Mutanga et al., 2004a). While valleys or
bottomlands, characterized by deep soils, are the recipients of run-off from
the steeper slopes, enabling the growth of high quality grasses (Scholes,
1990; Scholes et al., 2003).
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Foliar N estimation results were low compared to the results for canopy N, for
all methods. This is an indication that foliar N is not readily estimated by
image spectra, which are largely dependent on canopy cover and properties
(e.g. leaf area index). Canopy N, which can be accurately retrieved by image
spectra, includes information about foliar N and structure or canopy
productivity. The poorer results for foliar N, in comparison to the canopy N
estimation, are consistent with other vegetation biochemical studies,
including the ones focusing on foliar and canopy chlorophyll (Yoder and
Pettigrew-Crosby, 1995; Asner, 1998; Asner et al., 1998; Asner and Martin,
2008; Darvishzadeh et al., 2008b).
In this study, the interaction effect between foliar N and biomass was
minimized by conducting fieldwork and acquiring the RapidEye image during
peak productivity in wet season. During this period, the relationship between
biomass and vegetation indices saturates, portraying a difficulty of estimating
biomass (Figure 5.6). The amount of light that can be absorbed in the red
region of the spectrum plateaus during peak productivity (Tucker, 1977;
Thenkabail et al., 2000; Mutanga and Skidmore, 2004b). Additionally, the
NIR reflectance continues to increase, because addition of new leaves
influences the multiple scattering (Kumar et al., 2001). The vegetation index
(e.g. NDVI) change slightly, while causing a poor relationship between the
index and biomass (Figure 5.6). Therefore, it is assumed that foliar N can be
successfully estimated with minimum interaction effects (Skidmore et al.,
2010).

Figure 5.6: Figure shows the saturation or no relationship between a vegetation index
and with the interaction between N and biomass (Top Left), dry biomass (Top Right),
interaction between foliar N and wet biomass (Bottom Left), and wet biomass (Bottom
Right).
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In this study 60% of the variance of canopy N is attained using multispectral
remote sensing data (i.e. RapidEye), which is comparable to some of the
hyperspectral studies. The performance of the RapidEye data in estimating
foliar and canopy N is associated with the presence of the red-edge band.
The hyperspectral studies demonstrated the use of the red-edge position to
estimate chlorophyll and N (Cho and Skidmore, 2006; Darvishzadeh et al.,
2008b). Foliar and canopy N were estimated because of the positive
correlation between chlorophyll and N (Yoder and Pettigrew-Crosby, 1995).
Previous studies using hyperspectral data (in situ or airborne) achieved high
foliar N retrieval accuracies. Using airborne systems, foliar N estimation was
reported to achieve accuracies of 48 to 80% (Huang et al., 2004; Mutanga
and Skidmore, 2004a; Skidmore et al., 2010; Knox et al., 2011). An
explained variance of 48% was obtained during the dry season, while 80% or
more was obtained during the wet season. This shows the importance of
seasonality or plant phenology in the estimation of foliar biochemical levels.
The results of this study demonstrated that foliar and canopy N can be
mapped at a regional scale using spaceborne multispectral remote sensing
data during times of peak productivity. The red-edge band of RapidEye was
found to be important in achieving this goal (compared to traditional
multispectral sensors such as SPOT and Landsat). Foliar N is an indicator of
crude protein (Clifton et al., 1994; Wang et al., 2004), which forms a main
nutrient requirement (Prins and van Langevelde, 2008), and could be used
for understanding the distribution, densities and population dynamics of
herbivores in protected and communal areas (McNaughton, 1988, 1990; BenShahar and Coe, 1992; Heitkönig and Owen-Smith, 1998; Mutanga et al.,
2003). Photosynthetic vegetation cover is one of the canopy parameters
determining key ecosystem functions, e.g. rate of carbon and nutrient intake
(Guerschman et al., 2009). In addition, grass canopy N has a structural
component as it was derived in combination with photosynthetic vegetation
cover. The grass structure is generally defined by biochemistry, architecture,
morphology and species composition (Burke, 1997; Drescher et al., 2006a;
Drescher et al., 2006b). The grass structure affects grazing behavior of the
herbivores (Drescher et al., 2006b). Drescher et al., (2006b) postulated that
grass structure affects cattle grazing behavior in the South African savanna.
Therefore, canopy N may outperform foliar N when aiming to understand the
distribution of herbivores, since it can be estimated and mapped at a higher
accuracy. The study further demonstrated the use of integrated modeling for
grass N estimation. Regional nutrient maps could provide useful information
to farmers, resource managers and park stewardships for sound planning and
management of savanna ecosystems.
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Chapter 6
Synthesis: Remote sensing estimation of
grass quality from local to regional Scale

Synthesis

6.1

Introduction

The importance of grass foliar nutrient concentrations as an indicator of grass
quality has been well described in ecology related studies, and is crucial for
planning and management of the livestock and wildlife grazing (Drent and
Prins, 1987; McNaughton, 1988; Ben-Shahar and Coe, 1992; Meissner et al.,
1999). The main indicators of grass quality are foliar nitrogen (N) and
phosphorus (P) concentrations (Meissner et al., 1999). The importance of
foliar N and P concentrations extend to influencing the physiological
processes such as photosynthesis, leaf respiration and growth rates (Mooney,
1986; Martin and Aber, 1997; Ollinger et al., 2002). Grass quality in this
context is defined as a major resource for attracting herbivores. A resource
can be defined as “a usable energy or any biotic or abiotic substance directly
exploited by an organism, which include food, nutrients, water, atmospheric
gas compounds, as well as light, and the use of which can lead to the
(temporally) exhaustion of that resource (i.e. depletable and non-depletable
resource)” (Prins and van Langevelde, 2008). Studies indicated that foliar N
and P concentrations are one of the factors affecting the feeding patterns,
distribution, densities, movements of herbivores (wild and livestock) (Drent
and Prins, 1987; McNaughton, 1988, 1990; Olff et al., 2002). Foliar N
concentration generally correlates with protein (Clifton et al., 1994; Wang et
al., 2004), which is the main nutrient requirement of the herbivores. On the
other hand, the foliar P concentration is the main requirement for
reproduction, and for lactating herbivores (McNaughton, 1990; Duncan,
1992). A combination of foliar N and P estimation is important for
understanding the nutrient limitation through a tool known as foliar N: P ratio
(Koerselman and Meuleman, 1996; Ludwig et al., 2001; Güsewell, 2004).
The foliar N:P ratio reflects the balance of N and P supply which influences
the plants at all levels, i.e. the growth and reproduction of individual plants,
plant species interactions, composition and diversity (Güsewell, 2004). The
differences in foliar biochemistry as captured by foliar N: P ratio in plants
provide information on which nutrient is limiting plant growth or reproduction
and could influence feeding activity or patterns of herbivores. Therefore,
spatial information about grass nutrients could be useful to guide farmers,
resource managers and land use planners in sustainable management of their
grazing land.
Estimation and mapping of grass nutrients has been successful using
laboratory, in situ and airborne hyperspectral measurements, also known as
spectroscopy (Kumar et al., 2001; Majeke et al., 2008; Kokaly et al., 2009;
Skidmore et al., 2010; Knox et al., 2011). In the past decades scientist
developed remote sensing techniques to extract vegetation biophysical (e.g.
leaf area index, biomass) and biochemical parameters (e.g. chlorophyll, fibre,
lignin, P, protein and N) (Huang et al., 2004; Darvishzadeh et al., 2008b;
Cho and Skidmore, 2009; Skidmore et al., 2010; Knox et al., 2011). The
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techniques for extracting biochemical concentrations were successfully
developed and applied in several biomes, e.g. grassland (Darvishzadeh et al.,
2008b), savanna (Mutanga and Skidmore, 2004a; Skidmore et al., 2010;
Knox et al., 2011), agriculture (Zarco-Tejada et al., 2004b), forestry (Asner
et al., 2008; Majeke et al., 2008; Schlerf et al., 2010). Remote sensing
techniques to extract vegetation parameters are as follows; use of vegetation
indices (Daughtry et al., 2000; Haboudane et al., 2004), full spectrum
analysis (Ramoelo et al., 2011b), absorption features (Skidmore et al., 2010;
Knox et al., 2011) as well as integrated modeling approach (remote sensing
and environmental variables) (Cho et al., 2009; Knox et al., 2011; Ramoelo
et al., under review) and inversion of radiative transfer models (Darvishzadeh
et al., 2008a). All these techniques have their own challenges (Kumar et al.,
2001; Majeke et al., 2008; Kokaly et al., 2009). The vegetation indices are
known to saturate during peak biomass productivity when used to estimate
vegetation parameters (Mutanga and Skidmore, 2004b). The relationship
between foliar biochemicals (e.g. N) and chlorophyll deteriorates as the leaf
senesce (Wang et al., 2009), which limits the use of indices for estimating
foliar biochemical concentrations. The use of absorption features especially to
the fresh leaf spectra, water absorption effects are the main challenge. Few
studies have tested the applicability of the integrated modeling, i.e. the use
of remote sensing and environmental or ancillary variables (Cho et al., 2010;
Knox et al., 2011; Ramoelo et al., under review) to estimate foliar
biochemical concentrations. There is a need to test this approach for regional
estimation of foliar biochemical concentrations. A challenge in estimating
foliar biochemical concentrations, for example N, using indices is the
interaction effects between N and biomass (Skidmore et al., 2010). Studies
argue that if foliar biochemical estimation is not biomass corrected, then the
interaction between N and biomass is likely to compromise the estimation of
N (Plummer, 1988b; Skidmore et al., 2010). Thus, this challenge has been
addressed in this study. Finally, this study estimated and mapped grass N at
a regional scale for the first time in savanna ecosystem.
The aim of this study was to develop and improve techniques for estimating
and mapping foliar biochemical concentrations from local to regional scale.
The specific objectives were as follows; (1) to test water removed spectra for
foliar N and P estimation as compared to the existing spectral techniques, (2)
To estimate foliar N: P ratio using in situ hyperspectral measurements or field
spectroscopy, (3) to investigate the applicability of the non-linear partial least
square regression for integrating in situ hyperspectral meausrements and
environmental variables to estimate foliar N and P and (4) to investigate the
utility of the red edge band in RapidEye data for estimating foliar and canopy
N at regional scale. Based on achieving these objectives, synthesis chapter
will cover the following aspects; water removal, integrated modelling, issues
of scale, phenology as well as key conclusions and future research.
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6.2

Water removal spectra to minimize water
absorption effects

The plant reflectance as measured by remote sensing device is influenced by
various factors, including atmospheric, soil background, water absorption and
sensor related effects (Kumar et al., 2001; Majeke et al., 2008; Kokaly et al.,
2009). Of importance, the plant reflectance is also influenced by the foliar
biochemical concentrations (Kumar et al., 2001). The wavelength regions of
the leaf reflectance are affected differently by the foliar compounds (Kumar
et al., 2001; Majeke et al., 2008). The visible-near infrared region is more
sensitive to the absorption by foliar pigments (i.e. chlorophyll) (Ustin et al.,
2009) and leaf area index (Darvishzadeh et al., 2008b). The shortwave
infrared (SWIR) is characterized strong water absorption and subtle
absorption features of biochemical concentrations such protein, nitrogen,
cellulose, lignin and starch, especial on the fresh leaf spectra (Curran, 1989;
Kumar et al., 2001; Majeke et al., 2008; Kokaly et al., 2009). Chlorophyll
absorptions in the visible region are due to the electron transitions, and
features are centred around 430 nm and 630 nm (for chlorophyll a) and
460nm and 640nm (for chlorophyll b) (Curran, 1989; Kumar et al., 2001;
Majeke et al., 2008; Kokaly et al., 2009). The absorption features in the near
infrared (NIR) to SWIR are influenced by harmonics and overtones of the
main stretching frequencies such as C-H, N-H and O-H bonds (Curran, 1989;
Kumar et al., 2001; Majeke et al., 2008; Kokaly et al., 2009). “Proteins,
which are normally in the form of D-ribulose 1-5-diphosphate carboxylase,
are the most abundant N bearing compounds in green leaves” (Kumar et al.,
2001). Protein constitutes about 30 to 50% of N of fresh leaves (Elvidge,
1990). The absorption features of protein and N are centred around 1020nm,
1510nm, 1690nm, 1730nm, 1940nm, 1980nm, 2060nm, 2180nm, 2240nm,
2300nm, 2350nm (Curran, 1989; Kumar et al., 2001).
Coincidentally, the region of the fresh leaf spectrum is dominated by foliar
biochemical concentrations and water absorption (Fourty and Baret, 1998;
Kumar et al., 2001; Majeke et al., 2008; Ramoelo et al., 2011b). Absorptions
by these foliar biochemical concentrations are not very strong and are
generally masked by water absorption in fresh leaves (Gao and Goetz, 1994,
1995; Dawson and Curran, 1998; Kumar et al., 2001; Zhao et al., 2006;
Majeke et al., 2008). In dry leaf spectra, biochemical absorption is generally
highly differentiated and well correlated to the concentrations of these
biochemicals (Card et al., 1988; Elvidge, 1990). Nevertheless, water
absorption effects are still cited as a challenging problem in foliar biochemical
estimation (Kumar et al., 2001; Mutanga and Skidmore, 2004a; Majeke et
al., 2008; Kokaly et al., 2009). To estimate foliar biochemicals, derivatives,
continuum-removal, and log transformed spectra (Log(1/R)) are known to
enhance absorption features of foliar biochemical concentrations, while
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minimizing atmospheric, soil background, and water absorption effects, as
well as data redundancy (Yoder and Pettigrew-Crosby, 1995; Dawson and
Curran, 1998; Zarco-Tejada et al., 2004a; Ramoelo et al., 2011b).
Nonetheless, several studies further recommended the removal of water
absorption effects, and postulated an increase in the estimation accuracy of
the foliar biochemical concentrations (Mutanga and Skidmore, 2004a; Majeke
et al., 2008).
We addressed the issue of water absorption effects and indeed improved the
estimation of foliar N and P at a Laboratory level (from Greenhouse
experiments) (Chapter 2) and foliar N: P at field level (Chapter 3). To reduce
water absorption effects on weak biochemical absorption features, the water
removed spectra (WR) were derived from a non-linear least-squares spectral
matching technique calculating a fresh leaf spectrum as a non-linear
combination of a leaf water spectrum and a dry matter spectrum, Eq. 2.1 and
2.2 (Schlerf et al., 2010; Ramoelo et al., 2011b). Figure 2.2 and 2.4, show
that the water removal spectra achieved high performance for estimating
foliar N and P, as compared to the derivatives, continuum removal and log
(1/R). By removing the water effect across the fresh leaf spectra, WR
enhances weak or subtle absorption features especially on NIR and SWIR
which are the regions on the electromagnetic spectrum most affected by
water absorption. The importance of the NIR and SWIR are illustrated in
Chapter 2: Figure 2.3 and Figure 2.5 where more bands sensitive to foliar
biochemical concentrations are selected using WR instead of reflectance and
other spectral data. The selected bands are also related to the regions of
spectrum influenced by the vibrational mechanisms through harmonics and
overtones (Curran, 1989; Kumar et al., 2001). Generally this study showed
the applicability of the WR technique for savanna grass species, with a higher
R2 of 0.87 for N estimation. Gao and Goetz (1994, 1995) successfully
implemented the WR technique for lignin and cellulose estimations,
highlighting the importance of minimizing water effects on the SWIR.
In Chapter 2, the continuum removal technique achieved second highest
accuracy for estimating foliar N concentrations with both PLSR and SMLR.
Continuum removal enhanced the differences in absorption strength (Schmidt
and Skidmore, 2001; Schmidt et al., 2004). The highest R2 obtained in this
study using continuum removal was 0.81. This is consistent with the N
retrieval accuracy of forest sites reported by Kokaly and Clark (1999), where
an R2 of 0.75 to 0.94 was attained using continuum removal and continuum
removal-derived indices. This study attained higher accuracy results for N
based on continuum removal than a study by Mutanga et al. (2005) on
Cenchrus ciliaris grown in the greenhouse. Estimating N with Log(1/R)
yielded higher retrieval accuracy than with reflectance, but not as high as
with the WR and continuum removal techniques. Yoder and Pettigrew-Crosby
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(1995) showed Log(1/R) performed accurately estimating N concentrations,
compared to reflectance. Similar results were also attained by Fourty and
Baret (2001). They argued that by transforming reflectance to absorbance
Log(1/R) values the accuracy of biochemical estimates was improved.
Log(1/R) is likely to be used instead of the original reflectance because of the
linear relation between the absorbing components and its contribution to the
Log(1/R) value at the wavelength absorbed (Hruschka, 1987). However, the
present study shows the performance of WR to be higher than that of
Log(1/R).
The P estimation accuracy as demonstrated by the performance of WR and
first derivative highlights the importance of reducing the influence of water
on the fresh leaf spectra. As shown in Table 2.2 and Figure 2.5, many bands
highlighted by the models as sensitive to P correspond to known absorption
features in the SWIR. Asner and Martin (2008) also argued that the retrieval
of foliar P using hyperspectral remote sensing could be associated with the
stoichiometry (i.e. indirect estimation based on the relationship with other
foliar biochemicals) (Elser et al., 1996). Currently, few studies have focused
on the estimation of P using field spectroscopy (Bogrekci and Lee, 2005;
Ramoelo et al., 2011b) and airborne (Mutanga and Kumar, 2007; Knox et al.,
2011). Bogrekci and Lee (2005) used wavelengths from 225 to 2550 nm,
while Mutanga and Kumar (2007) showed that bands in the SWIR were more
sensitive to P, which is similar to the findings in Chapter 2. The high precision
of foliar N and P estimation using the WR technique is evident from the lower
confidence limits of the correlation coefficient and the RMSE derived from the
bootstrapping technique (Table 2.1).
The usefulness of WR spectra were further demonstrated in estimating foliar
N: P ratio towards predicting grass foliar nutrient limitation at field level
(Chapter 3). The results showed that foliar N: P can be estimated using
spectral data and PLSR. CR and WR spectra predicted foliar N: P ratio with
higher accuracy as compared to FD, Log (1/R) and reflectance spectra. The
performance of CR and WR spectra were attributed to their ability to
minimize sensor and water effects on the fresh leaf spectra, respectively,
while enhancing absorption features for foliar biochemical concentrations.
Chapter 2 demonstrated that WR could be used to as one of the techniques
for estimating foliar biochemical concentrations, as shown from the
experimental study in the controlled environments. WR spectra are applied
for the first time to estimate foliar N: P and produced promising results. The
CR spectra enhance the absorption features of foliar biochemical
concentrations through enhancing the differences in the absorption strength
(Kokaly and Clark, 1999; Mutanga et al., 2004c). CR spectra have been used
for estimating foliar N and P, not N: P but showed a good performance.
Several studies demonstrated the applicability of CR spectra for foliar
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biochemicals, especially for foliar N and P (Huang et al., 2004; Ramoelo et
al., 2011b). The study demonstrated the possibility to predict foliar N: P ratio
using in situ hyperspectral data, and SWIR found to be highly sensitive to
foliar N: P (Figure 3.2 and 3.3). The main recommendation of the studies in
Chapter 2 and 3, were to test the applicability of WR to estimate foliar N, P as
well as N: P at airborne (e.g. Hymap using NIR and SWIR) and regional scale
through satellite remote sensing measurements (challenge is the availability
of satellite sensors with SWIR). Nevertheless, the possibility to estimate foliar
biochemical concentrations at regional scale could be successful using the
integrated modeling approach (combining remote sensing and ancillary or
environmental variables).

6.3

Integrated modeling approach: Towards and
regional estimation of foliar biochemicals

The developments of an integrated modeling approach for estimating foliar
biochemical concentrations emanated from the need to estimate foliar
biochemicals at regional scale. Progress for estimating foliar biochemical
concentrations were achieved using laboratory (Mutanga et al., 2003), field
(Yoder and Pettigrew-Crosby, 1995; Mutanga et al., 2004c; Abdel-Rahman et
al., 2010) and airborne remote sensing measurements (Huang et al., 2004;
Skidmore et al., 2010; Knox et al., 2011). Estimation and mapping of foliar
biochemical concentrations at regional scale is often hindered by
unavailability of satellite sensors with a spectral and spatial resolution
adequate to retrieve foliar biochemical concentrations. Knox, et al. (2010a)
and Cho et al. (2009) demonstrated that combining remote sensing and
environmental variables, referred to as “integrated modeling approach” in
this study, and improves estimation of foliar biochemical concentrations
compared to using remote sensing data only. Savanna ecosystems are
diverse and heterogeneous in soil and plant moisture, soil nutrients, fire
regime, grazing pressures and anthropogenic activities (Ben-Shahar and Coe,
1992). This makes the estimation of grass N and P using remote sensing in
savannas a challenging task (Mutanga and Kumar, 2007; He and Mui, 2010).
Grass quality is influenced by geology (Ben-Shahar and Coe, 1992; Grant
and Scholes, 2006), soil (Heitkönig and Owen-Smith, 1998; Cho et al.,
2010), precipitation and temperature (Ben-Shahar and Coe, 1992),
topography or catena position (Seagle and McNaughton, 1992; Mutanga et
al., 2004a) as well as aspect (Mutanga et al., 2004a) and land use types
(Zhou et al., 2002). The question is: could an integrated approaching
involving remote sensing and environmental variables improve the
assessment of grass quality as opposed to remote sensing variables only? We
assumed that a modeling approach that exploits the strength of remote
sensing and environmental variables could potentially improve the
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assessment of ecosystem state and functioning at various geographic scales
(Mutanga et al., 2004a; Cho et al., 2009; Knox et al., 2011).
The study in chapter 4 (at field level) and 5 (at regional scale) demonstrated
that integrating remote sensing data and environmental variables improves
foliar N and/or P estimations, as compared to using remote sensing only. In
addition, using the environmental variables only might not be feasible
because of their availability, scale and resolution. Therefore an ideal
modeling approach has been seen as integrated modeling approach,
especially for regional estimation of foliar biochemical concentrations. In
Chapter 4, foliar N estimation is significantly improved when using integrated
modeling, remote sensing variables such as narrow-band SR, REP, and
protein absorption features centred at 910 nm and 1020 nm. In Chapter 5:
Figure 5.2 and 5.3, high N estimation accuracy was achieved through the
inclusion of red edge band from RapidEye image to the vegetation indices. In
particular, the SR index based on band 5 (805 nm) and band 4 (710 nm)
resulted to higher estimation accuracy of both foliar and canopy N. The above
results were mainly attributed to the fact that red edge is highly correlated to
chlorophyll (Cho and Skidmore, 2006; Darvishzadeh et al., 2008b) and it
minimizes soil background effects (Zarco-Tejada et al., 2004b). Positive
correlation between chlorophyll and N has been reported by Yoder and
Pettigrew-Crosby (1995). The results are consistent with studies focusing on
foliar N concentration using in-situ hyperspectral measurements (Gong et al.,
2002; Knox et al., 2010b). Gong et al. (2002) demonstrated the utility of
blue and red edge regions for estimating foliar N concentrations. The protein
absorption features at 910 nm and 1020 nm contributed to foliar N
estimation model as they are influenced by various vibration mechanisms
such as C-H stretch, 3rd overtone and N-H stretch (Curran, 1989; Kumar et
al., 2001). The visible region of the spectra is characterized by the electron
transition while the near and shortwave infrared are characterized by the
various bond vibration (Curran, 1989; Kumar et al., 2001). Several studies
used these absorption features not only for foliar estimation, but also for
biomass and LAI estimations (Cho et al., 2007a; Darvishzadeh et al., 2008b).
For P estimation, the contribution of in situ hyperspectral variables in
estimating foliar P concentrations was based on several biochemical
absorption features, red edge position, narrow-band NDVI and SR (Chapter
4). Unlike the foliar N concentration with defined absorption features, foliar P
does not have specific absorption features. The absorption features likely to
be linked to P, are coincidentally linked to other foliar biochemical
concentrations such as protein, N, water, starch, cellulose and lignin (Kokaly
et al., 2009). Few studies on prediction of foliar P concentrations using
hyperspectral remote sensing found that most sensitive bands are located in
the SWIR (Bogrekci and Lee, 2005; Mutanga and Kumar, 2007; Cho et al.,
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2010; Ramoelo et al., 2011b). As shown above, these regions are
characterized by the various vibration mechanisms imposed by several
biochemical concentrations associated with protein, N, sugar and starch.
Limited contribution of the red edge position, narrow-band NDVI and SR was
expected since the bands used to calculate these indices are all located in the
visible region of the spectrum. This is consistent with the results of Gong et
al. (2002) who attempted to use vegetation indices derived from visible
bands for estimating foliar phosphorus and generally reported low
correlations. A recent study by Knox, et al. (2011) demonstrated that visible
and near-infrared region can be used to estimate foliar Phosphorus in the dry
season, where 57% of variance of foliar P concentrations was explained. This
was possible because of the inclusion of narrow-band absorption features and
environmental or ancillary variables.
In Chapter 5, foliar and canopy N were estimated using two approaches;
firstly using modified vegetation indices and secondly; through integrated
modeling approach. The integrated modeling approach has produced higher
grass N accuracy results compared to univariate approach using vegetation
indices only. The advantage of using an integrated modeling approach for N
estimation is the use of both remote sensing and environmental variables.
Environmental variables are constrained by a lack of details and might not be
used alone to estimate foliar N. Therefore, remotely sensed imagery helps to
provide the spatial details which are useful to characterize the foliar N.
Environmental parameters selected in Chapter 4 for N estimation are
geology, soil types, land use types, distance to rivers and temperature, while
for foliar P estimation geology, land use types, soil types, slope, and
temperature. In Chapter 5, altitude was selected to estimate foliar and
canopy N. For foliar N estimation distance to rivers and aspect were
significant. Soil and geology are also cited as one of the factors which
influence the distribution and concentrations of nutrients in the grass (Venter
et al., 2003; Mucina and Rutherford, 2006; Skidmore et al., 2010; Skidmore
et al., 2011). Soils developed in basalts are generally associated with highly
nutritious grasses, while the granitic ones are associated with low nutritious
grass (Scholes et al., 2003; Venter et al., 2003).
Grasses such as
Bothriochloa radicans, Urochloa mosambicensis and Digitaria eriantha
dominate the basalt-derived soils with high nutrient concentrations. These
species also produce bigger leaves than the species usually found in the
granite-derived soils such as Eragrostis rigidior and Sporobolus species.
Chapter 5: Table 5.5 showed that there is a negative correlation between
foliar N and precipitation. The western part of the study area is characterized
by high precipitation with lower soil fertility-granite-derived soils, and the
eastern part experience low precipitation with high soil fertility-basalticderived soils. Precipitation plays a crucial role in dissolving organic matter for
uptake of minerals by the plants (Pickett et al., 2003). Land use types which
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are the indication of the practices or activities taking place in the study area
are important as they relate to mean annual precipitation. Land use types are
characterized by a pronounced gradient of rainfall, where the communal
areas are characterized by high rainfall compared with the protected areas
(SGR and KNP). In addition, land use activities generally affect the grass
response associated with differences in precipitation (Zhou et al., 2002).
These results are consistent with (Ramoelo et al., under review). Altitude,
aspect and slope influence the distribution of nutrient concentrations in the
grass, through their effects on soil temperature and water run-off (Roberts,
1987). Steeper slopes normally have high run-off leading to thin soil layer
which support less nutritious grass (Mutanga et al., 2004a). While valleys or
bottomlands are characterized by deep soils and are a recipient of the run-off
materials from the steeper slopes, they support high quality grasses (Scholes
et al., 2003). Several statistical techniques were used for integrated
modeling to estimate foliar biochemical concentrations in this study.
Progress on the extraction of foliar biochemical concentrations benefited from
various statistical multivariate techniques. A commonly used technique is
SMLR (Grossman et al., 1996; Martin and Aber, 1997; Kokaly and Clark,
1999; Huang et al., 2004; Kokaly et al., 2009), which has major demerits
pertaining to multicollinearity and overfitting (Curran, 1989; Grossman et al.,
1996). PLSR was used as an alternative to address the demerits of SMLR for
extracting foliar biochemicals (Huang et al., 2004). PLSR decompose the
independent variables into un-correlated latent variables or factors (Geladi
and Kowalski, 1986; Geladi et al., 1999) which can be used to precisely
estimate foliar biochemical concentrations. In Chapter 2, PLSR was
successfully applied and on average it out-performed SMLR in estimating
foliar N and P. This is mainly because PLSR minimizes the multicollinearity
effects by decomposing the spectral data into non-collinear latent variables
(Walczak and Massart, 1996; Huang et al., 2004). Over-fitting may be
minimized using PLSR by selecting an optimal number of latent variables
rather than having more redundant explanatory variables (Viscarra Rossel,
2007, 2008). In Chapter 4 and 5, we proposed a newly applied technique
called radial basis function PLSR (i.e. non-linear PLSR) for extracting the
foliar biochemical concentration. For both foliar N and P estimation, the nonlinear PLSR achieved higher accuracy than conventional PLSR (Chapter 4).
The non-linear PLSR has the mutual advantages of the linear nature of RBF
(which is a neural network) and of the power of PLSR to maximize covariance
between data sets, while minimizing the variance of the prediction (Walczak
and Massart, 1996). Maximizing co-variance between data sets is done
through decomposition of the independent variables into uncorrelated latent
variables which is important for; (1) reducing the dimensionality of the data
(Ehsani et al., 1999; Geladi et al., 1999) and (2) minimizing the over-fitting
and multicollinearity (Walczak and Massart, 1996; Huang et al., 2004), to
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enhance the transferability of models (Crawley, 2006). The inclusion of the
RBF model, which is a neural network in nature, makes the non-linear PLSR
to be nonparametric and can be applied without being constrained by the
statistical distribution (Atkinson and Tatanall, 1997). We demonstrated the
power of the non-linear PLSR for estimating foliar N and P coupled with the
integrated in situ as well as spaceborne remote sensing and environmental
variables, during peak biomass productivity.

6.3.1

Minimizing biomass and foliar biochemical interaction

A challenge in estimating foliar biochemical concentrations is the interaction
effects of foliar biochemicals and biomass (Plummer, 1988b; Skidmore et al.,
2010). In this study, we sought to minimize the interaction effects between
foliar N and biomass by conducting fieldwork and acquiring the field spectra
(Chapter 3 and 4) and RapidEye image acquisition (Chapter 5) during the
peak productivity in wet season. During this period, the relationship between
biomass and vegetation indices saturates, as portrayed in Chapter 5: Figure
5.6. The amount of light that can be absorbed at the red region of the
spectrum reaches a plateau during the peak productivity (Tucker, 1977;
Mutanga and Skidmore, 2004b). Additionally, the NIR reflectance continue to
increase, because addition of new leaves influence the multiple scattering
(Kumar et al., 2001). The vegetation index (e.g. NDVI or SR) changes
slightly, while causing a poor relationship with biomass (Figure 5.6). It is
during this period that we can successfully estimate foliar N, with less
interaction effects imposed by biomass (Skidmore et al., 2010). This was
demonstrated in Chapter 5: Figure 5.2 and 5.3 show significant relationships
between canopy and foliar N, respectively, and vegetation indices.

6.4

Issues of scale

To date, estimation of foliar biochemicals were successful done using
hyperspectral remote sensing at laboratory, field and airborne scale (Huang
et al., 2004; Mutanga and Skidmore, 2004a; Mutanga et al., 2004c; Majeke
et al., 2008; Kokaly et al., 2009; Skidmore et al., 2010; Knox et al., 2011;
Ramoelo et al., 2011b). Scaling foliar biochemical estimation from laboratory,
field, airborne sought to be challenging (Asner and Martin, 2008; Knox et al.,
2010a). The plant biochemical absorption features are not stable when
scaling from leaf to canopy levels (Knox et al., 2010a). This trend was also
observed using the integrated modeling approach, in Chapter 4 and 5, where
even the selection of absorption features, vegetation indices and
environmental variables are different. Studies for foliar biochemical
estimation at regional scale is hindered by a limited number of spaceborne
hyperspectral systems with SWIR wavebands and high spatial resolution
(<10 m). Recent spaceborne sensors such as RapidEye and WorldView II
with the red edge band provide an opportunity to estimate foliar biochemical
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concentrations, especially foliar N at regional scale. This is because foliar or
canopy N could be estimated using visible region of the reflectance (Chapter
5). The advantage of using RapidEye sensor is that each scene covers
approximately 5000 km2 (RapidEye, 2010). Studies using hyperspectral
remote sensing demonstrated a successful application of the red edge region
for estimating chlorophyll and N mainly at field and airborne measurements
level (Horler et al., 1983; Mutanga and Skidmore, 2004a). Chapter 5
investigated the utility of red edge band embedded in the RapidEye sensor
for the estimation of foliar biochemicals, especially N at regional scale. In this
chapter, modified indices (Table 5.2) such as simple ratio denoted as SR54
and altitude were significant in estimating both foliar and canopy
biochemicals. In Chapter 5: Figure 5.4, we mapped foliar and canopy N at
regional scale for the first time in the South African savanna. What is
interesting is that the predicted patterns of foliar and canopy N corroborates
with geological types. For example, highly nutritious grasses were expected
on the basalt-derived soils, while granite generally supports low fertility soil,
hence low nutritious grasses (Ben-Shahar and Coe, 1992; Venter et al.,
2003).
Generally, canopy biochemical estimation accuracies are higher than foliar
biochemical concentrations using hyperspectral measurements (Townsend et
al., 2003; Asner and Martin, 2008; Darvishzadeh et al., 2008b; Majeke et al.,
2008) and this thesis (Chapter 5). Canopy biochemicals are often derived
from a product of foliar biochemicals and canopy structural parameter, such
as leaf area index (Townsend et al., 2003; Darvishzadeh et al., 2008b; He
and Mui, 2010) or photosynthetic vegetation cover (Chapter 5). The
photosynthetic cover is one of the canopy parameters which determine key
ecosystem functions, e.g. rate of carbon and nutrient intake (Guerschman et
al., 2009). Therefore, canopy N is highly estimated by the canopy image
spectra, which largely dependent on the interaction between foliar N and
photosynthetic vegetation cover. In addition, vegetation spectra result from a
combination of physical components of the plant and structure (Wessman,
1992; Majeke et al., 2008). Poor results for foliar N as compared to canopy
N estimation are consistent with other vegetation biochemicals studies
including the ones focusing on foliar and canopy chlorophyll (Yoder and
Pettigrew-Crosby, 1995; Asner, 1998; Asner and Martin, 2008; Darvishzadeh
et al., 2008b; Majeke et al., 2008; He and Mui, 2010). These discrepancies of
foliar and canopy biochemicals results were attributed to a poor propagation
of light or signal from leaf to canopy (Yoder and Pettigrew-Crosby, 1995;
Asner, 1998; Asner and Martin, 2008; Darvishzadeh et al., 2008b; Majeke et
al., 2008; He and Mui, 2010).
In Chapter 5, 60% of the variation of grass N is explained using multispectral
remote sensing data (i.e. RapidEye) which is comparable to some of the
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hyperspectral studies (Mutanga and Skidmore, 2004a). The performance of
the RapidEye data to estimate foliar and canopy N is associated with the
presence of the red edge band centred at 710 nm. The hyperspectral studies
demonstrated the use of red edge position to estimate foliar chlorophyll and
N (Yoder and Pettigrew-Crosby, 1995; Cho and Skidmore, 2006;
Darvishzadeh et al., 2008b). Foliar and canopy N are estimated through the
positive correlation between chlorophyll and N (Yoder and Pettigrew-Crosby,
1995). Previous studies using hyperspectral data (in situ or with airborne)
achieved high foliar N retrieval accuracies as compared to the results
obtained in this study. At airborne hyperspectral remote sensing level, foliar
N estimation was reported to explain accuracies between 48 to 80 % (Huang
et al., 2004; Mutanga and Skidmore, 2004a; Skidmore et al., 2010; Knox et
al., 2011). The results attained in Chapter 5 are within the latter range of
explained variance of N, which shows progress in the estimation of
biochemicals from local scale (field and airborne hyperspectral systems) to
regional scale (new spaceborne multispectral systems).
Regional foliar and canopy N can be used for understanding feeding or
foraging patterns of herbivores in protected and communal areas (Prins and
Beekman, 1989; McNaughton, 1990; Duncan, 1992; Owen-Smith and
Danckwerts, 1997; Drescher et al., 2006b). The foliar N concentration maps
can be used to determine if foliar biochemical concentrations in a particular
area are below minimum requirements for the herbivores (Grant and Scholes,
2006). For example, 1% of N is a minimum requirement of herbivores such
as buffalo (Prins, 1987), and horses require a minimum of about 0.23 % of
foliar P concentration (Duncan, 1992). The canopy N information could be
used to determine how grass canopy structure influence foraging or feeding
patterns of herbivores at landscape level (Drescher et al., 2006b). Drescher
et al. (2006) found out that not only foliar biochemicals influence foraging or
feeding patterns of herbivores but also grass structure plays a crucial role.

6.5

Phenology: determinant for foliar biochemicals
estimation

The estimation of foliar biochemical concentrations is influenced by
phenology, mainly linked to the leaf greenness and senesce condition, i.e.
plant age or developmental stages (Wenjiang et al., 2004; Knox et al.,
2010a). Wenjiang et al. (2004) reported that the regression coefficients vary
depending on the developmental stages of the plant. The developmental
stages of a plant are coupled with changes in cell structure, water content
and functions, which then influence the reflectance, hence the absorption
features of the foliar biochemicals over a period of plant development (Knox
et al., 2010a). During wet season absorption features especially for N are in
the visible/near infrared as well as the shortwave infrared (Ustin et al.,
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2009), while during the dry season active N features are identifiable at the
shortwave infrared region (Asner, 1998). Therefore, using vegetation indices,
the relationship with foliar biochemicals deteriorates as a leaf senesces.
Consequently, using vegetation indices only to estimate foliar biochemical
concentrations might not be plausible, during dry season. Notwithstanding,
vegetation indices play a crucial role in minimizing external factors such as
wavelength numbers, illumination and atmospheric conditions (Jackson and
Huete, 1991). Knox et al. (2010a) found out that foliar biochemical
concentrations could be estimated during dry and wet season, using a
combination of absorption features and environmental or ancillary variables.
The challenge is that the variables for estimating foliar biochemical
concentrations are not consistently selected in dry and wet season, using
multivariate statistical techniques. Therefore, this warrants for the continuous
use of integrated modeling, combining remote sensing (vegetation indices
and absorption features) and environmental variables, in various seasons.
This approach was successfully applied in wet season in Chapter 4 and 5.
Nevertheless, seasonal estimation of biochemicals is also important for
ecological studies focusing on seasonal migration of wild animals and
livestock (McNaughton, 1990).

6.6

Ecological implications of the study

This study was based on the premises that foliar biochemical products
derived from remote sensing can be used to understand and facilitate
planning and management of the savanna rangelands. Foliar biochemicals in
this case are indicators of grass quality. Grass quality indicators are not only
the attractants such as protein; they also include deterrents such as
polyphenols, which are more prominent in the trees than grasses. Traditional
techniques for determining grass quality are point based, and do not cover
larger areas (McNaughton, 1988). This study demonstrated that regional
estimation of nutrients can be done using remote sensing. The foliar
biochemical models, especially for foliar and canopy N developed in this study
can be extended to other areas, such as the Great Limpopo Transfontier
Park, provided there is RapidEye like remote sensing data, acquired during
maximum biomass production and ancillary datasets. Nevertheless, several
studies have demonstrated the importance of grass nutrients in
understanding grazing behavior and migration patterns of wildlife and
livestock in the savanna ecosystems (Drent and Prins, 1987; McNaughton,
1988, 1990; Seagle and McNaughton, 1992; Boone et al., 2008; Fryxell,
2008). Most of these studies were based on point observations, not covering
spatial and continuous distribution of nutrients on the landscape. The
products developed using remote sensing can cover this gap. For example,
these products can be used as input in ecological studies or landscape models
focusing on foraging behavior and population densities, forage selection,
modeling animal movement (McNaughton, 1988; Prins and Beekman, 1989;
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McNaughton, 1990; Manly et al., 1993; Owen-Smith and Danckwerts, 1997;
Grant et al., 2000; Owen-Smith, 2005; Grant and Scholes, 2006; Boone et
al., 2008; Fryxell, 2008). Remote sensing products show nutrients hotspots
in a spatially explicit and continuous manner. The models can be developed
to investigate how nutrient hotspots relate or influence distribution or feeding
patterns of wild herbivores and livestock (Grant and Scholes, 2006). Nutrient
hotspots can also help in modeling animal population dynamics (Owen-Smith,
2005; Grant and Scholes, 2006). For example, in the south of Kruger
National Park, there is a concern of the decrease in population size of Sable
antelope (Owen-Smith, personal communication). The cause of this is not
known, but foliar biochemical analysis could help to understand whether
changes in population size are associated with nutrient availability or
limitations. Finally, foliar biochemical products can be used to understand
feeding patterns along the fence-line contrast between protected and
communal areas, for example, the area in and around Kruger National Park.
This could be important input into for modeling probability of animal contact
or risk models, i.e. livestock and wild animals, which can play a crucial role in
understanding transmission of diseases e.g. tuberculosis and foot and mouth
diseases (Bengis et al., 2003; Chaminuka et al., 2011). Spread of diseases
between these animals could have high implications on livestock production
and wild animal loss.
The societal relevance of foliar biochemical products relates to sustainable
management of grazing lands or rangeland. In order to manage rangelands,
one of the important parameters could be determining a state of the resource
to be managed. After determining the state, then a decision on how to use
the resource prevails, and thereafter, how can the resource exploitation or
usage be managed. Southern African rural communities are challenged by
the levels of land degradation taking place, which affect their grazing lands
(Du Toit and Cumming, 1999). Central to this is the management of
communal rangelands. The foliar biochemical products provide spatial
information that could guide farmers on how to place their livestock in the
rangelands. The foliar biochemical products are generally presented in a map,
and can easily be understood by the farmers. Sustainably managed pastoral
lands provide high livestock production returns (Klug et al., 2000).
Foliar biochemical products can also be used to understand the competing
claims on natural resources and the extent to which they are occurring.
Competing claims refers to conflicting entities like livestock, wildlife and
people on natural resources. This situation normally occurs in areas where
these three entities co-exist in the same ecosystem. To study and understand
such kind of interactions in southern Africa, the Great Limpopo Transfontier
Park (GLTP), which entails area of south-east lowveld (Gonarezhou area) in
Zimbabwe and Limpopo National park in Mozambique can be an example
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(Chaminuka, 2012). This is because people, livestock and wildlife live and
interact together. Kruger National Park is a fenced part of GLTP, separating
villages (people) and livestock from wild animals. People require fertile land
for cultivation, wild animals require nutritious grazing land and finally
livestock require a fertile land for grazing. In order to understand such a
complex triangular situation, ecological models entailing issues like coexistence and competition can be used (Chaminuka et al.,2010; Chaminuka
et al., 2011), which are going to be driven by resource quality. In this case,
foliar biochemicals can be used as an indicator of soil fertility (Bell, 1986;
Ben-Shahar and Coe, 1992). The competition arises because high nutrients
areas have high densities of animals (Scholes, 1990; Owen-Smith and
Danckwerts, 1997) and people (Barnes and Lahm, 1997). Studies indicated
that if livestock, human activities (land use) and wild animals co-exist,
livestock and human activities are likely to put wild animal in distress or even
face total exclusion (Fritz et al., 2003). Therefore, understanding of the
implications of competition and co-existence could be important in the
planning and management of savanna ecosystems. This could be done to
ensure that people their activities sustainably, minimizing land degradation
and ensuring that livestock production does not compromise existence of wild
animals.

6.7

Conclusions and future research

The key conclusions are;
•
Water removal spectra can be used to minimize water absorption effects,
enhancing the absorption features of foliar biochemicals, hence increasing
the estimation accuracy, especially for foliar N and P concentrations
(Chapter 2).
•
Foliar N: P could be estimated using a combination of in situ
hyperspectral remote sensing and partial least square regression. Water
removed and continuum-removed spectra could be used for estimating
foliar N: P at the high accuracy as compared to original reflectance and
first derivative. SWIR bands are highly sensitive to the foliar N: P
(Chapter 3).
•
The integrated modeling approach, i.e. combining remote sensing and
ancillary or environmental variables could be an alternative approach
towards the estimation of foliar biochemicals at local and regional scale
(Chapter 4 and 5).
•
Regional scale estimation of foliar N is plausible, given the availability of
red edge band embedded in the spaceborne sensor (e.g. RapidEye)
(Chapter 5).
•
The radial basis function-partial least square regression (RBF-PLSR) also
referred to as non-linear PLSR could be used as alternative multivariate
for estimating foliar biochemical concentrations, due to its combined
capability of conventional PLSR and artificial neural network (Chapter 4).
110

Chapter 6

•

•

The biomass and foliar biochemicals interaction could be minimized by
acquiring remote sensing and field data during maximum or peak
productivity (Chapter 4 and 5).
Finally, foliar biochemical maps thus mapped could enable the park
manager, policy makers, farmers and ranchers to facilitate the decision
making process concerning rangeland management, conservation
planning and stocking or carrying capacity estimation.

This study recommends further research on testing the water removal
technique at airborne level, using imagery such as HyMap with SWIR. Test
the estimation of biochemical ratios such as N:P:K and carbon and N (C:N),
which are also indicators of grass nutrient limitations, more especially C:N
which also reflect the palatability of the grass. Seasonal monitoring of foliar
biochemical concentrations using integrated modeling approach, which could
be useful to understand the seasonal movements and population dynamics of
the herbivores. The type of study could be done by using the GPS collars
mounted on the animals and simultaneously acquiring remote sensing
imagery, which could later be analyzed for landscape distribution of the foliar
biochemical concentrations. The regional foliar biochemical maps developed
from this study could be used for ecological studies at regional scales, i.e. to
understand the densities of animals, both livestock and wildlife. The main
hypothesis here could be to test if there is a significant relationship between
foliar biochemicals and animal densities, or that herbivore normally
concentrates on high nutritious grass area.
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Summary
Information about the distribution of grass foliar nitrogen (N) and phosphorus
(P) is important to understand rangeland vitality and to facilitate effective
management of wildlife and livestock. Grass N and P concentrations are
direct indicators of rangeland quality, and they vary over space. Foliar N
concentration is known to relate to the protein content. Protein is major
nutrient requirement for the herbivores. On the other hand, foliar P
concentration is a crucial requirement for reproduction and lactating animals.
Successful estimation of foliar N and P concentrations could facilitate the
computation of the key indicator of nutrient limitation, known as N: P ratio.
Understanding the nutrient limitation could equally help the ecologists,
farmers and resource manager to understand the feeding patterns,
distribution and densities of herbivores both in protected and communal
areas. Landscape view of the nutrient distribution and limitation as an
interest to planners and managers could be achieved through remote sensing
measurement and analysis. This study was undertaken in the north-eastern
part of South Africa, in the savanna ecosystem. The study area was
purposively selected as it covers the rangelands in the communal areas, Sabi
Sands private game reserve and Kruger National Park (KNP). This study area
offers experimental sites for foliar biochemical estimation, because of a
pronounced contrast in soil fertility induced by various geological types, i.e.
basalt and gabbro associated with high soil fertility and granite associated
with low soil fertility. The main aim of the study was to develop and improve
estimation of grass quality using remote sensing measurements from local to
regional scale. The objectives were (1) to test water removed spectra for
foliar N and P estimation as compared to the existing spectral techniques, (2)
To estimate foliar N: P ratio using field spectroscopy or in situ hyperspectral
data, (3) to investigate the applicability of the non-linear partial least square
regression in integrating in situ hyperspectral remote sensing and
environmental variables to estimate foliar N and P concentrations, and (4) to
investigate the utility of the red edge band in RapidEye data for estimating
foliar and canopy N at regional scale.
The success in remote sensing estimation of foliar biochemical is faced with
various challenges which are yet to be addressed. The noted success is
mainly based on the use of hyperspectral remote sensing. One of the
challenges is the water absorption effects in short-wave infrared which mask
weak or subtle foliar biochemical concentrations. At laboratory level using in
situ hyperspectral, there were several attempts to address this challenge by
drying leaf samples and measure the reflectance. The main problem
associated with this approach was upscaling from laboratory (leaf) to canopy
level. In Chapter 2, we proposed a technique that could be applied to
minimize water absorption effects when estimating foliar biochemical using
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hyperspectral remote sensing data. This study was based on the greenhouse
experiment. The aim of this study was to test the utility of water removed
(WR) spectra in combination with partial least square regression (PLSR) and
stepwise multiple linear regression (SMLR) to estimate foliar N and P
concentrations, compared to spectral transformation techniques such as first
derivative, continuum removal and log transformed spectra (Log(1/R)). The
savanna grass species (Digitaria eriantha) was sown in the greenhouse.
Spectral measurements were made using a spectrometer. D. eriantha was
cut, dried and chemically analyzed for foliar N and P concentrations. WR
spectra were determined by calculating the residual from the modelled leaf
water spectra using the non-linear spectral matching technique and observed
leaf spectra. It was concluded that the water removal technique could be a
promising technique to minimize the perturbing effect of foliar water content
when estimating grass nutrient concentrations. The performance of WR
spectra was also evident in Chapter 3 on estimation of foliar N: P using in situ
hyperspectral remote sensing data. The objective of Chapter 3 study was to
investigate the utility of in situ hyperspectral remote sensing to estimate
foliar N: P, in combination with PLSR. The results showed that foliar N: P can
be highly estimated by water removed and continuum removed spectra. This
was undertaken at field level using ASD FieldSpec 3®, which shows a
potential of this technique across various remote sensing measurement
levels. The crucial level at which this technique could be tested is at airborne
hyperspectral level. Generally, Chapter 3 demonstrated that foliar N: P ratio
could be estimated using remote sensing.
The other challenge in estimating nutrients is the diverse and heterogeneous
nature of the savanna ecosystems, in terms of soil and plant moisture, soil
nutrients, fire regime, grazing pressure, species composition and
anthropogenic activities. This makes remote sensing estimation of foliar
biochemical a challenging venture. In Chapter 4, we investigated the use of
remote sensing and environmental variables to estimate foliar N and P
concentration at field level, using ASD FieldSpec 3 measurements. The
objective of the study was to test the performance of non-linear PLSR for
predicting grass foliar N and P concentrations through integrating in situ
hyperspectral remote sensing and environmental variables (climatic, edaphic
and topographic), named as integrated modeling approach. The data
consisted of: (i) in situ-measured hyperspectral spectra, ii) environmental
variables and measured grass N and P concentrations. The hyperspectral
variables included published starch, N and protein spectral absorption
features, red edge position, narrow-band indices such as simple ratio (SR)
and normalized difference vegetation index (NDVI). The results of the nonlinear PLSR were compared to those of conventional linear PLSR. Integrating
in situ hyperspectral and environmental variables yielded highest foliar N and
P estimation accuracy using non-linear PLSR as compared to using remote
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sensing variables only, and conventional PLSR. This study demonstrated the
possibility to use integrated modeling approach and non-linear PLSR in
estimating foliar N and P concentrations.
In Chapter 5, we focused on the regional estimation of foliar and canopy N
using spaceborne remote sensing measurements, which is new for the
savanna ecosystems. The objective of this study was to estimate and map
foliar and canopy Nitrogen (N) at a regional scale using a recent high
resolution spaceborne multispectral sensor (i.e. RapidEye). RapidEye sensor
contains five spectral bands in the visible-to-near infrared (VNIR), including a
red-edge band centred at 710 nm. The importance of the red-edge band for
estimating foliar chlorophyll and N concentrations has been demonstrated in
many previous studies, mostly using in situ hyperspectral remote sensing
data. The utility of the red-edge band of the RapidEye sensor for estimating
grass N was investigated in this study. A two-step approach was adopted
involving (i) vegetation indices and (ii) integration of vegetation indices and
environmental or ancillary variables using a SMLR and non-linear PLSR. To
ensure that grass N estimation is not comprised by biomass variability, the
field work was undertaken when the grass has reached maximum
productivity. The model involving the simple ratio (SR) index (R805/R710)
defined as SR54, altitude and the interaction between SR54 and altitude
(SR54*altitude) provided the highest accuracy for canopy N estimation, while
the non-linear PLSR yielded the highest foliar N concentration estimation
accuracy through integration of remote sensing (SR54) and environmental
variables. The spatial pattern of foliar N concentrations thus mapped,
corroborated with the soil fertility gradient induced by the geological parent
material.
In conclusion, this study demonstrated that water removed spectra can be
used to improve estimation of foliar biochemical concentrations. The study
also revealed that foliar N: P ratio can be estimated using field spectroscopy
or in situ hyperspectral remote sensing. The integrated modeling approach
using non-linear PLSR showed to improve the estimation of foliar biochemical
concentrations. For the first time, the regional estimation and mapping of
savanna grass N was successfully done using the red-edge band embedded in
the RapidEye multispectral sensor. The estimation and mapping of grass
nitrogen could be used for understanding feeding patterns and changes in
densities of wild and livestock (herbivores) at a regional scale.
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Samenvatting
Gegevens over de ruimtelijke verdeling van stikstof (N) en fosfaat (P) in
grasbladeren is van belang voor een beter begrip van de vitaliteit van
weidegronden, en voor een effectief beheer van wilde grazers en vee.
Concentraties van N en P in graslanden vertonen ruimtelijke variabiliteiten
zijn een directe indicator voor de graskwaliteit. Concentratie van N in
grasbladeren reflecteert het eiwitgehalte. Eiwit is een belangrijke
voedingsbron voor herbivoren. Fosfor daarentegen is naast een belangrijke
voedingsbron ook van cruciaal belang voor de voortplanting en voor zogende
dieren. Een accurate schatting van N en P concentraties in de bladeren zou
het eenvoudiger maken om de N: P verhouding te berekenen, een indicator
voor nutriëntentekort in herbivoren. Een beter begrip van de
nutriëntenbeperking stelt ecologen, veehouders en natuurbeheerders in staat
om de voedselpatronen, verspreiding en dichtheden van herbivoren in
beschermde en gemeenschappelijke graasgronden te begrijpen. Het gebruik
van aardobservatie om gegevens te verzamelen en te analyseren kan de
interesse
bij
gebruikers
van
graasgronden
opwekken
in
een
landschapsbenadering van nutriëntenverspreiding en –beperking. Deze studie
vond plaats in het savanne ecosysteem in het noord-oostelijk deel van ZuidAfrika. Dit studiegebied was doelgericht gekozen omdat het graasgronden
omvat
in
gemeenschappelijke
gebieden,
het
Sabi
Sands
privé
natuurreservaat, en het Kruger Nationaal Park (KNP). Deze graasgronden
bieden de gelegenheden voor empirisch onderzoek naar de biochemische
samenstelling van grasbladeren, vanwege de sterke contrasten in
bodemvruchtbaarheid, veroorzaakt door geologische verschillen, t.w. het
vruchtbare basalt en gabbro, tegenover het weinig vruchtbare graniet. Het
hoofddoel van deze studie was om een methode te ontwikkelen en te
verbeteren om de graskwaliteit te bepalen aan de hand van
aardobservatiegegevens, voor zowel locale als regionale schaal. De
doelstellingen waren (1) om te bepalen hoe water-gecorrigeerde spectra voor
N en P bepaling in bladeren zich verhouden tot gangbare spectrale
technieken, (2) om de N: P verhouding in bladeren te bepalen met behulp
van veld-spectroscopie, (3) om de toepasbaarheid van de niet-lineaire
partiële kleinste kwadraten regressietechniek te bepalen bij de geïntegreerde
in situ bepaling van aardobservatie- en omgevingsvariabelen voor het
schatten van N en P concentraties in bladeren, en (4) om te bepalen hoe
bruikbaar de zogenaamde ´red edge´ band is in de RapidEye gegevens voor
de bepaling van N in bladeren en in grasland op regionale schaal.
Er zijn nog een aantal hindernissen te nemen op weg naar een succesvolle
bepaling van concentraties van biochemische stoffen in bladeren. De tot nu
toe geboekte vooruitgang is voornamelijk te danken aan hyperspectrale of
spectroscopische bepalingen. Een van de uitdagingen is het corrigeren voor
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de effecten van waterabsorptie in het kortegolf infrarode spectrum, die lage
hoeveelheden van of subtiele verschillen in concentraties van biochemische
stoffen vertroebelen. Gebruik makend van spectroscopische technieken zijn
op laboratoriumschaal reeds enkele pogingen ondernomen om deze uitdaging
aan te gaan, door bladeren van water te ontdoen (drogen) en dan de reflectie
te meten. Het opschalen van laboratoriumexperimenten naar grassen in het
veld vormde het grootste obstakel. In Hoofdstuk 2 stellen wij een techniek
voor waarmee de spectrale effecten van waterabsorptie kunnen worden
geminimaliseerd, ten gunste van de bepaling van concentraties van
biochemische stoffen met behulp van hyperspectrale aardobservatiegegevens. Deze studie is gebaseerd op een kasexperiment. Het doel hiervan
was om te bepalen hoe bruikbaar water-gecorrigeerde (WR) spectra zijn, in
combinatie met partiële kleinste kwadraten regressie (PLSR) en stapsgewijze
multipele lineaire regressie (SMLR), voor de bepaling van N en P
concentraties
in
bladeren,
in
vergelijking
met
spectrale
transformatietechnieken zoals eerste afgeleide, ´continuum removal´ en
logaritmisch getransformeerde (log(1/R)) spectra. Met behulp van een
spectrometer werden spectrale bepalingen uitgevoerd op de grassoort
Digitaria eriantha in een kas, waarna de bladeren werden geoogst, gedroogd,
en chemisch geanalyseerd om de N en P concentraties te bepalen. Watergecorrigeerde spectra werden gemodelleerd op basis van geobserveerde
bladspectra met behulp van de niet-lineaire spectrale koppelingstechniek. De
residuen hiervan werden berekend en daaruit werd het water-gecorrigeerde
bladspectrum vastgesteld. Hieruit kon worden vastgesteld dat de correctie
voor water een veelbelovende techniek is om het verstorende effect van
bladwater op de bepaling van nutriëntengehalten in grassen te
minimaliseren.
De bruikbaarheid van water-gecorrigeerde spectra bleek in Hoofdstuk 3 ook
uit de bepaling van de N: P verhouding met behulp van hyperspectrale
aardobservatie-gegevens in het veld. Het doel van de studie in Hoofdstuk 3
was om de bruikbaarheid te onderzoeken van de in situ toepassing van
hyperspectrale aardobservatie om de N: P verhouding in grassen te bepalen,
door gebruik te maken van partiële kleinste kwadraten regressieanalyse
(PLSR). De resultaten lieten zien dat de N: P verhouding in grasbladeren
goed bepaald kan worden uit water-gecorrigeerde en ´continuum removed´
spectra. Hiervoor werd in het veld gebruik gemaakt van de ASD FieldSpec 3®
spectroradiometer, waarmee de toepasbaarheid van dit instrument over een
breed scala van meetniveau´s is aangegeven. De volgende stap die nu te
nemen is, is de toepassing van deze hyperspectrale techniek in vliegtuigobservaties van het aardoppervlak. De belangrijkste boodschap van
Hoofdstuk 3 is dat de N: P verhouding in het veld geschat kan worden met
behulp van aardobservatie.
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Een andere uitdaging in de bepaling van nutrienten is gelegen in de
uiteenlopende en heterogene savanne-ecosystemen op het gebied van vocht
en bodem in planten, nutriënten in de bodem, brandregime, graasdruk,
soortensamenstelling en menselijke activiteiten. Dit maakt de bepaling van
de hoeveelheden van de biochemische stoffen in bladeren een complexe
taak. In Hoofdstuk 4 onderzochten we het gebruik van aardobservatie- en
omgevingsvariabelen om de N en P concentraties in bladeren te bepalen op
veldniveau, wederom gebruik makend van ASD FieldSpec 3 gegevens. Het
doel was om na te gaan of niet-lineaire partiële kleinste kwadraten
regressieanalyse (PLSR) voldeed bij het voorspellen van N en P concentraties
in in situ grasbladeren binnen een geïntegreerde modelmatige benadering,
gebruik makend van hyperspectrale aardobservatie- en omgevingsvariabelen
(klimatologisch, edafisch en topografisch). De data betroffen (i) in situ
gemeten hyperspectrale spectra (ii) omgevingsvariabelen en (iii) chemisch
bepaalde N en P concentraties. De hyperspectrale variabelen omvatten
gepubliceerde zetmeelwaarden, N en eiwit spectrale absorptiekenmerken,
´red edge´ positie, indices op basis van smalle banden zoals de eenvoudige
ratio (´simple ratio´, SR) en de ´normalized difference vegetation index´
(NDVI). De resultaten van de niet-lineaire partiële kleinste kwadraten
regressieanalyse werden vergeleken met die van een conventionele (lineaire)
partiële kleinste kwadraten regressieanalyse. Het integreren van in situ
hyperspectrale en omgevingsvariabelen gaven de hoogste accuraatheid van
de N en P schattingen op basis van niet-lineaire partiële kleinste kwadraten
regressieanalyse (PLSR), in vergelijking met uitsluitend aardobservatievariabelen
en
met
conventionele
partiële
kleinste
kwadraten
regressieanalyse. De mogelijkheid om een geïntegreerde modelbenadering
uit te voeren en niet-lineaire partiële kleinste kwadraten regressieanalyse toe
te passen om N en P concentraties in bladeren te schatten is in deze studie
duidelijk naar voren gekomen.
In Hoofdstuk 5 richtten we ons op de schatting van N in bladeren en
graslanden met behulp van satelliet-gebaseerde aardobservatie-metingen.
Dit is niet eerder toegepast in savanne-ecosystemen. Het doel van deze
studie was het schatten en het karteren van het N gehalte in bladeren en
graslanden op een regionaal schaalniveau op basis van een recent in gebruik
genomen multi-spectrale, satelliet-sensor, de RapidEye. De RapidEye sensor
heeft vijf spectrale banden in het zichtbare gebied tot het nabij-infrarood
(VNIR), waaronder een ´red edge´ band rondom 710 nm. Uit veel, met name
veldpectroscopisch onderzoek, is het belang van de ´red edge´ band voor
het schatten van chlorofyl en N concentraties in bladeren naar voren
gekomen. In deze studie is onderzocht in hoeverre met behulp van de ´red
edge´ band van de RapidEye sensor het schatten van N in grassen mogelijk
was. In een tweetrapsbenadering werden (i) alleen vegetatie-indices en (ii)
geïntegreerde vegetatie-indices en omgevingsvariabelen of toegevoegde
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variabelen gebruikt en vervolgens geanalyseerd met behulp van stapsgewijze
multipele lineaire regressie (SMLR) en niet-lineaire partiële kleinste
kwadraten regressieanalyse (PLSR). Door het veldwerk uit te voeren
gedurende de piek van het groeiseizoen werd voorkomen dat de N
bepalingen in gras werden beïnvloed door variatie in de biomassa. Op basis
van alleen vegetatie-indices en omgevingsvariabelen gaven de modellen met
de eenvoudige ratio (SR) index (R805/R710 ), hier gedefiniëerd als SR54, het
model met hoogte, en de interactie tussen SR54 en hoogte (SR54*hoogte)
de beste accuraatheid voor N gehalte in het grasland.
Op basis van
geïntegreerde vegetatie-indices (SR54) en omgevingsvariabelen gaf nietlineaire partiële kleinste kwadraten regressieanalyse (PLSR)
de beste
accuraatheid voor N gehalte in het grasland. Het aldus in kaart gebrachte
ruimtelijk patroon van N concentraties in grasbladeren kwam overeen met de
bodemvruchtbaarheidsgradient
die
het
onderliggende
geologische
moedermateriaal reflecteert.
Concluderend kunnen we stellen dat deze studie duidelijk heeft gemaakt dat
water-gecorrigeerde spectra gebruikt kunnen worden om de schatting van
biochemische concentraties van biochemische stoffen te verbeteren. De
studie gaf ook aan dat de N: P verhouding in bladeren geschat kan worden
met behulp van veldspectroscopie. Door geïntegreerde aardobservatievariabelen en omgevings-variabelen te analyseren met behulp van nietlineaire partiële kleinste kwadraten regressieanalyse (PLSR), verbeterden de
schattingen van de concentraties van de biochemische stoffen. Deze studie
was de eerste die een regionale schatting en kartering van biochemische
bladkenmerken uitvoerde op basis van de ´red edge´ band in de RapidEye
multispectrale satelliet-sensor. De schatting en kartering van stikstof in
grassen kan gebruikt worden voor het analyseren van voedselzoekpatronen
in wilde en gedomesticeerde grazers, en voor het analyseren van hun
dichtheidsveranderingen op regionale schaal.
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