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Abstract
Restoration of peatlands so as to ameliorate the effects of climate change is very
important. This is because peatlands are a very vital part of the global carbon cycle.
Remote sensing can be used as an aid in the monitoring and mapping of peatlands in
order to provide peatland managers and ecologists with information concerning the
moisture and vegetation status. Therefore the overall objective of this study was to
investigate the contribution of remote sensing in the characterisation of the hydrological
cycle in peatland ecosystems. Data used in this study was obtained from the aerial
photograph and HyMap sensor which was acquired in 2008 over the Haaksbergerveen
area in the Netherlands. The data from the HyMap and the aerial photograph were first
used in the classification of the images so as to derive endmembers for the unmixing
algorithms which were used in the unmixing process. Unmixing algorithms explored in
this research were SMA, MESMA and MTMF and were run within the ENVI+ IDL
software. The best results were obtained using MESMA. Thereafter, quantitative
characterisation of the vegetation structure was done based on a remote sensing
approach. Vegetation indices were investigated for the estimation of the LAI and these
LAI field measurements were measured with the LAI 2000 instrument. This was done by
deriving the relationships between the vegetation indices and the LAI. Three of the most
commonly applied vegetation indices were computed and these were the SR, the RSR
and the NDVI. Cross validation procedures were used to test the applicability of the VI in
mapping the LAI. There was a weak relationship between the RSR and the SR with the
LAI. NDVI generally had a higher correlation with the LAI. LAI cover maps for the
forested part of the image were obtained based on the relation with the NDVI. The
results of the mapping process were validated with the ground LAI measurements that
were taken over the area during the 2010 campaign. The results show that spectral
vegetation indices are limited in their predictive power in peatlands where there is a lot of
heterogeneity. Furthermore, research is needed in order to find out if the radiative
transfer models can be used in the estimation of LAI and also if water indices can be
related with the LAI as a means providing useful information on hydrological status to the
ecologists and the peatland managers.
Keywords: Peatland ecology, SMA, MESMA, MTMF, Leaf area index, Spectral
Vegetation Indices
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1. Introduction

1.1 Background
Peatlands are wetlands with a naturally accumulated peat layer at the surface. They are
known to be the most widespread of all wetland types in the world, representing 50 to
70% of all global wetlands (Fiala, 1995). They occur on all the Earth’s continents (except
Antarctica) in Russia, Canada and parts of the United States as well as boreal and
subarctic regions of Northern and Central Europe (GEC, 2010). Peat-forming wetlands
are important ecosystems for a wide range of wildlife habitats supporting biological
diversity, freshwater quality and hydrological integrity, carbon storage and sequestration,
and geochemical and paleo-environmental archives (Finlayson, 2003).

However, peatland area has declined in all parts of the world since 1800 through climate
change and human activities, particularly by drainage for agriculture and forestry (GEC,
2010). Globally, drainage for resource production has damaged many ecosystems and
is the most important factor impacting peatlands. Large peatland complexes have
already been converted from carbon sinks to carbon sources due to drainage for
agricultural uses, forestry and peat production (McNeil and Waddington, 2003). In the
Netherlands peatlands have been affected directly through drainage and land
conversion for agricultural purposes (GEC, 2010). As a result of this degradation there is
an increasing need to actively manage and protect peatland environments, reflected in
an increasing global focus on peatland restoration.

Consequently, a lot of efforts are being put in the restoration of peatlands in the
Netherlands but unfortunately these efforts are being hampered by anthropogenic
pollutants especially from nitrogen fertilizers/deposition which favour the growth of
vascular plant species at the expense of the mosses. Tree encroachment with birch
(Betula) is taking place in sphagnum dominated peatlands which negatively influences
the local hydrological water balance (Fig.1). Peatland hydrological management is
achieved by monitoring evapo-transpiration (ET) which is an important process in the
water balance. However if peatlands are drained the organic carbon built over many
years suddenly becomes exposed to air and decomposes and turns into carbon dioxide
which is then released into the atmosphere (Davies and Claridge, 1993). To ameliorate
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this problem there is a need for effective management with a strong scientific
understanding of the peatland ecosystem and processes.

Ecological monitoring of peatland environments provides long-term networks for
monitoring trends and understanding the impacts and possible causes of environmental
change (Harris and Bryant, 2006). At present the data used in the monitoring of these
processes which is fed into carbon balance models are normally determined by costly
and time consuming point sampling which is very difficult to extrapolate the information
to the landscape level. The limitations then drive us to look for more feasible alternatives.
Earlier studies (Sonnentag et al., 2007), have shown that remote sensing can play an
important role in the understanding of peatland processes at landscape scale.

In this context, remote sensing tools and specifically imaging spectroscopy can be used
to map the vegetation distribution of peatland ecosystems and to characterise peatland
functioning at the landscape level. Imaging spectroscopy is of interest because it is a
technique that can provide information over a large area quantitatively and nondestructively and aids in the understanding of ecosystem functioning and properties (Hill
and Mégier, 1994). It measures a detailed spectrum of reflected solar energy for each
pixel and has a good spatial resolution (Ustin et al., 2004). Imaging spectroscopy is also
useful in the quantifying of a range of ecological variables, for instance, the leaf area
index.

Figure 1: Schematic water balance of a unit area of tropical peatland (from Rieley & Page, 2005).
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1.2 Problem definition
Urban sprawl, improved water drainage and intensive farming in and around peatland
ecosystems are causing their fast disappearance. For this reason, a lot of restoration
efforts to stimulate the regrowth of sphagnum in peatlands have been carried out. For
example, the Haaksbergerveen nature reserve in the Netherlands is such an area.
These restoration efforts are however, being hampered by increased atmospheric
nitrogen deposition which stimulates the growth of vascular plants whilst inhibiting
sphagnum (Breeuwer et al., 2008). More specifically, the influence of birch
encroachment on peatland functioning at different scale levels is critical to investigate
(Breeuwer et al., 2008).

In this context, this project aims to understand this birch encroachment specifically
deriving representative fractions for birch and sphagnum and mapping the LAI as an
input to ecological models which are used for management of peatlands. Currently in
order to map the LAI and to obtain the fractions of the vegetation coverage, this is done
by field measurements and ecological surveys. However, these methods are difficult to
interpolate to landscape level as they are prone to bias. Hence the objective of this
research is to explore remote sensing methodologies of greater accuracy for the
mapping of the forest coverage. Spectral mixture analysis can be used in the derivation
of fractions and the classification of the birch and the sphagnum.

Recent research on the mapping of birch distribution in the same area used the Spectral
Angle Mapping (SAM) method but did not yield satisfactory results (Mohammedshum,
2010). This is because peatlands are difficult ecosystems to characterise since they
have a multi-layer canopy with moss undergrowth and SAM is not suited for such
heterogeneity. This is attributed to the fact that SAM is not well suited to analyze
complex spectral properties like heterogeneous classes of vegetation (Sonnentag et al.,
2007) thus had a lower classification accuracy.

Previous research has also shown

superior results of MESMA in ombrotrophic peatlands (Sonnentag et al., 2007) and as a
result Spectral Mixture Analysis (SMA), Multiple End Member Spectral Mixture Analysis
(MESMA) algorithms including the Matched Tuned Matched Filtering ( MTMF) were
explored in this research.
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Earlier studies have also shown that remote sensing has the potential to be used in the
mapping of the surface extent and for variables such as surface moisture content,
(Brown et al., 2000,Harris and Bryant, 2006,Sonnentag et al., 2007) and the mapping of
the leaf area index of trees and shrubs (Liu et al., 1997; Sonnentag et al., 2007). Leaf
area index is a structural vegetation parameter of fundamental importance for
quantitative analysis of many physical and biological processes related to vegetation
dynamics (Brown et al., 2000; Chen et al., 2002). It is defined as the number of
equivalent layers of leaves the vegetation displays relative to unit ground area. It is
highly related to a variety of canopy processes such as water interception,
evapotranspiration, respiration and leaf litter fall. LAI is therefore important for the
modelling and simulation of ecological and climate variables as well as for
representation of canopy structure (Milton et al., 2005).

Several investigations have been carried out to investigate the relationship between
ground-measured LAI and spectral vegetation indices (SVIs) derived from satellitemeasured data (Lu et al., 2005; Sonnentag et al., 2007;Darvishzadeh et al., 2008).
Spectral vegetation indices are usually calculated as a combination of near infrared and
red reflectance (Thenkabail et al., 2004). Broad-band vegetation indices such as the
Normalised Difference Vegetation Index (NDVI) and the Simple Ratio (SR) have shown
to be well correlated with canopy parameters related to chlorophyll and biomass
abundance such as leaf area index and fraction of absorbed photosynthetically active
radiation (fAPAR) (Elvidge and Chen, 1995). The correlation of the LAI and the
vegetation indices is made possible by the fact that the reflectance of most green
vegetation is similar because they have the same chemical composition and leaf
structure.

The hydrological status of peatlands plays a major role in the global carbon cycle. Small
changes in the moisture balance within these systems can lead to the release of carbon
such that peatlands can become carbon sources instead of sinks (Belyea and Malmer,
2004). In order to understand the complex processes in peatlands, monitoring of near
surface hydrological conditions aids in providing valuable information concerning such
environments (Milton et al., 2005). Therefore evapotranspiration (ET) will be crucial in
the estimation of ground water recharge. In order to calculate the ET, information about
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the vegetation cover is also needed thereby making vegetation cover an important input
in hydrological modelling.

Moisture conditions within a peatland also provide an indication on the water balance
and carbon storage within them and have a huge influence on the type of vegetation
found within them (GEC, 2010). Monitoring of the hydrological conditions within
peatlands is usually carried out by collection of plot scale hydrological measurements.
Even though this data is detailed it is very difficult to collect the measurements across a
large spatial scale and hence remote sensing provides for a cost effective tool (Belyea,
1999). Sphagnum mosses are important indicators of peatland surface and near-surface
moisture variation. This is because they require a constant supply of water and can be
used as an indicator of near-surface hydrological conditions (Bryant and Baird, 2003) .

The amount of water held within the canopy of sphagnum is often a function of water
availability (Titus et al., 1983). Sphagnum mosses have an unique spectral response to
that of vascular plants and other mosses (Bubier et al., 1997) hence changes in the
vegetation moisture which also influences the spectral reflectance properties of the
sphagnum mosses can be distinguished using remote sensing. This research explored
how the birch and sphagnum fractions could be derived using methods such as SMA,
MESMA and MTMF and mapped the LAI of the forested part of the peatland using
relations derived between the vegetation indices and the LAI.

5

1.3 Objectives and research questions
The aim of this project was to investigate the contribution of remote sensing in the
characterisation of the hydrological cycle in peatland ecosystems. This general objective
was achieved by carrying out the following specific objectives:

Specific objectives
1. To develop a method which uses airborne imaging spectroscopy data to produce
vegetation distribution maps of the forested area and sphagnum at landscape
level using SMA, MESMA and MTMF algorithms.
2. To investigate possibilities of mapping LAI of the forested area by establishing
relationships between ground-measured LAI and vegetation indices derived from
HyMap image data.

Research questions
1. How can different vegetation types (birch and sphagnum) fractions be obtained in
the field using remote sensing methodologies?
2. How can canopy structure properties like LAI of birch trees in peatlands be
obtained using vegetation indices?
3. Which vegetation indices are best in quantifying LAI for birch in peatland
ecosystems?
4. Based on the methods from the first two research questions, how accurate are
these methodologies when extrapolated from the plot to the landscape level: i.e.,
from the field plot measurements to the whole Haaksbergerveen area?

1.4 Structure of the thesis
Chapter two of the thesis report reviews the available literature relevant for the research
and it tackles the main topics in the field of study such as peatland ecology, choice and
selection of endmembers, remote sensing driven methodologies for mapping the LAI
Chapter three describes the methodology that is used for this research. In chapter four
the results are presented and in chapter five these results are discussed with reference
to literature in answering the research questions. Chapter six ends with the conclusion
and the recommendations for further research on the topic.
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2. Literature review
There have been numerous studies carried out in the past concerning the use of remote
sensing in mapping. Satellite remote sensing has made the acquisition of information at
large extents possible where traditional methods like field data collection have proved
expensive in terms of cost and time. The use of remote sensing in the characterization of
peatland environments has been carried out in the past (Sonnentag et al., 2007).
Disturbance of peatland environments can lead to their extinction and in this context
hydrological and ecological modelling can be useful in predicting likely future scenarios
for peatland management in the wake of climate change. It is against this background
the topic on peatland ecology is included in the literature review.

Another section in the literature review covers the definition of endmembers. This is a
crucial part in the unmixing process and is fundamental if an unmixing algorithm is to
perform well. The unmixing algorithms (SMA, MESMA and MTMF) are also explored indepth in another section including the background for each one of them including major
strengths and weaknesses. The LAI and the SVI’s are also investigated and their
relevance and outcomes in previous research are reviewed. In order to test the accuracy
of the unmixing algorithms and the LAI maps derived from the SVI’s, validation is carried
out and this is discussed in the last section of the literature review.

2.1 Peatland Ecology
Peatlands are the most efficient Carbon (C) store of all terrestrial ecosystems and hold
most of the carbon store as peat. They contain nearly 30% of all carbon of terrestrial
ecosystems, while only covering 400 million hectares or 3% of the land and freshwater
surface area of the planet (Milton et al., 2005; Harris and Bryant, 2006). Peatlands are
mainly formed of organic material produced in acidic conditions of bogs and fens. They
also have a living organic layer which is created by a mass of sphagnum mosses floating
on dead, water soaked material (GEC, 2010). The carbon stock of peat swamp forests
has becoming increasingly important in the light of global environmental issues. Climate
change and the way a peatland is managed can cause disturbances in the hydrological
water balance and then a profound global impact especially through the release of
carbon. One of the key disturbances is the encroachment of trees for example birch
trees on sphagnum dominated peatlands.
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Peatland ecosystems are diverse with complex vegetation types and characterised by
short distance variability. They mainly have multi-layer canopies composed of a tree
canopy, a shrub layer, different types of moss undergrowth mainly sphagnum and water
bodies. Sphagnum mosses are a very dominant part of peatlands and their capability to
retain and store water gives peatlands their distinctive characteristic. The ability to
monitor near-surface hydrological conditions across entire peatlands provides invaluable
knowledge regarding the ecological status, carbon and water balance processes
occurring within, such systems (Harris et al., 2006). Sphagnum species are known for
their capacity of absorbing up to 20 times its dry weight of water. They grow best in
acidic conditions, increase soil acidity and regulate surface hydrology and nutrient
availability.

Sphagnum leaves have large, clear dead cells (hyaline cells) which have a large water
holding capacity. They lack internal water conducting tissues hence braches which grow
in bundles at close proximity provide the capillary spaces that can hold and conduct
water from the water table. However, when the peatland ecosystem is disturbed
especially through nitrogen deposition and climate change, peatlands may dry up
becoming carbon sources than sinks and can lead to their extinction. It is this threat
which leads scientists to investigate more on the scientific impacts of climate change to
peatlands and also the restoration of previously existing ones.

With regard to the encroachment of forest to peatland areas LAI can be very important
for the modelling and simulation of ecological and climate variables and for the
representation of canopy structure (Milton et al., 2005). However the short distance
heterogeneity within peatlands areas make peatland mapping a challenge as the
discontinuous tree canopies with the shrub and moss canopies underneath reduce the
greenness contrast between the canopy and the undergrowth (Sonnentag et al., 2007).
In this type of environments ground plot measurements cannot be inferred to a wider
area as the conditions within the peatland are rapidly changing. Observations from
remote sensing platforms can provide detailed, non-invasive and spatially explicit data
over large areas which range from leaf, to landscape and to regional scales; thus
reducing the need for extrapolation of small-scale point data over vast regions (Brown et
al., 2000; Harris et al., 2006) for example the LAI. The LAI is highly related to a variety
of canopy processes such as water interception, evapotranspiration, respiration and leaf
8

litter fall hence can be correlated with vegetation indices to give accurate estimations
over a large area.

2.2 Spectral classification methods
Spectral unmixing is a technique by which the measured spectrum of a mixed pixel is
decomposed into a collection of constituent spectra, or endmembers, and a set of
corresponding fractions, or abundances, that indicate the proportion of each endmember
present in the pixel (Keshava and Mustard, 2008). The distinct substances (e.g., water,
grass, mineral types) are called endmembers, and the fractions in which they appear in
a mixed pixel are called fractional abundances (Keshava and Mustard, 2002). Spectral
mixing can either be done at the pixel or sub-pixel level.

2.2.1 Endmember definition
An end-member is the pure reflectance spectrum that is derived from a specific target
material with no mixing with any other materials, or an idealized pure signature for a
class (Tiruveedhula et al., 2009). They are also known as the reflectance spectra of the
"pure" component materials that occur in a scene (USGS, 2010). Getting representative
endmembers or pure signatures is a crucial step in the unmixing process since unmixing
results are highly sensitive to the endmember selection. Endmembers must be known in
advance before the unmixing process can be carried out. Endmember selection can be
based either from field measurements, spectral libraries or from the image itself.

Endmembers can also be collected on the ground using instruments such as the ASD
fieldspec PRO FR (Analytical Spectral Devices, Boulder, CO). The reflectance spectrum
obtained from these instruments in the specific wavelengths can then be used in the
unmixing process to unmix reflectance spectra from the image having the spectral bands
within these wavelengths. They can also be derived from a spectral library. These
libraries are already pre-made and are specific to certain areas and situations (USGS,
2010). These libraries may contain spectra that would have been measured from the
field or in laboratory conditions. Pre-defined libraries are not always effective as different
backgrounds, differences in scattering and different growth stages in the case of green
vegetation may result in the library spectra not being representative as the actual
spectra.
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Obtaining endmembers from the image itself is the most preferred way of endmember
extraction because in this way there is no need to calibrate between the selected
endmembers and the measured spectra and these endmembers are assumed to
represent the most pure pixels in the image. Boardman et al (1995) concluded that
hyperspectral remote sensing data have a high inter-band correlation meaning they
carry the same information hence there are some bands which are redundant. To
overcome this problem image transformation techniques such as Principal Component
Analyses (PCA) and Minimum Noise Fraction (MNF) reduce data dimensionality into a
few meaningful orthogonal axes as a way to find the purest end members in the image
(GISDevelopment, 2010).

The PCA is a transformation that reduces the dimensionality of a data set while retaining
as much of the relevant information as possible (GISDevelopment, 2010). The Minimum
noise transformation (MNF) transformation technique is a linear transformation which
reduces the dimensionality of hyperspectral data by segregation of the noise in the data.
(UTexas, 2010).This reduces the computational requirements for subsequent processing
tasks (Boardman and Kruse, 1994) and provides an optimal ordering of the image based
on the image quality. Pixel Purity Index (PPI) is another procedure for finding the most
“spectrally pure” (extreme) pixels that typically correspond to mixing endmembers in
multispectral and hyperspectral images (Melendez-Pastor et al., 2010). The PPI is a
procedure that is applied on MNF transformed data.

2.2.2 Unmixing algorithms
a. SMA
The Linear Mixture Model ( LMM) is the most frequently used model for representing the
synthesis of mixed pixels from distinct endmembers (Keshava and Mustard, 2002).
Amongst the sub-pixel analysis techniques, SMA is the most popular approach used. It
is an imaging processing technique used for the estimation of cover fractions of surface
component materials at the sub-pixel level from hyperspectral or multispectral imagery
(USGS, 2010). It assumes the pixel spectrum as a linear combination of a finite number
of spectrally distinct endmembers (Smith et al., 1990). It decomposes a mixed pixel into
a collection of distinct spectra, or endmembers, and a set of fractional abundances that
indicate the proportion of each endmember present in the pixel (Keshava and Mustard,
2002).
10

SMA considers surface area to be divided in equal proportions as the fractional
abundances of the endmembers hence the radiation recorded by a sensor is the result
of a linear mixture of spectrally pure endmember radiances (Small and Lu, 2006). In
other words there is a linear relationship between the fractional abundance of the
substances comprising the area being imaged and the spectra in the reflected radiation
hence, it is called the linear mixing model. The unmixing algorithm is based on the
following model:

∑
Reflectance of source at wavelength 𝑘
Reflectance of endmember at wavelength 𝑘
Abundance of endmember
Error at wavelength 𝑘
requires solving a system of equations, the number of endmembers therefore cannot
exceed the number of the bands hence it is difficult to model surfaces with a lot of
variability. The main limitation of the SMA approach is the fact that the endmembers
used in SMA are the same for every pixel yet this may not be the case, and it only allows
one endmember per group even though the spectral responses maybe different
(Dennison and Roberts, 2003). Wrong selection of endmembers can also cause the
fractions to appear negative or super positive (more than 100%) (Roberts et al., 1999).

b. MESMA
When using SMA the same sets of endmembers are used for mixture analysis for the
whole image. However even though all endmembers are defined per pixel not all the
endmembers are present in each pixel. There is then a need to define endmembers in
such a way that only the endmembers that are present in the pixel are mapped. Linear
unmixing algorithms cannot account for factors like secondary reflectance or multiple
scattering and hence there is need to develop and validate non-linear mixture models for
mapping peatland vegetation composition (Wu et al., 2005). MESMA is a modification to
the SMA, it models the spectra as a linear sum of spectrally pure endmembers that vary
on a per-pixel basis (Sonnentag et al., 2007). MESMA is good at determining the optimal
set of endmembers in each particular pixel. MESMA is based on the concept that a
spectrum in any individual pixel can be modelled with few endmembers and that the
number and type of endmembers are variable across an image (Mesev, 2008). The main
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objective of the MESMA is to choose for each pixel in the image, which model amongst
the candidate models provides the best fit to the spectrum while giving representative
fractions.

c. MTMF
MTMF is an improved version of the Matched Filtering (MF) technique. To run the
algorithm requires a MF transformed input file (Melendez-Pastor et al., 2010). Matched
filtering is a type of unmixing in which only user chosen targets are mapped. It can also
be described as the process of filtering the input data for good matches to the target
spectrum while suppressing the remaining background spectra (Mundt, 2007). The
MTMF is a mixed pixel classification in which a partial unmixing method suppresses
background noise and estimates the sub-pixel abundance of a single target material
(Mitchell and Glenn, 2009).

It consists of two phases, a matched filter calculation for abundance estimation and a
mixture tuning calculation for the identification and rejection of false positives (Mundt,
2007). There is no need to know all the endmembers and this is one of the major
advantages of the algorithm (Boardman et al., 1995). The results are two images which
are represented as grey-scale images of which one is an MF image and the other is an
infeasibility image. These images provide a way in which the relative degree of match to
the reference spectrum is estimated. The match score is based on the end member
signature and the sub-pixel abundance where 1.0 indicates a perfect match with a low
infeasibility value (ENVI, 2001). Correctly mapped pixels will have a near to one
matched filter score and a low infeasibility value. Pixels, with near to one matched filter
score and high infeasibility, are false positives (Melendez-Pastor et al., 2010)

2.3 Leaf area Index and Water Content
This section reviews the LAI and the water content

2.3.1 LAI definition
Leaf Area Index is a dimensionless variable and was defined by (Watson, 1947) as the
total one sided area of leaf tissue per unit ground surface area. It is a structural
vegetation parameter of fundamental importance for quantitative analysis of many
physical and biological processes related to vegetation dynamics (Chen et al., 2002). It
is a key component of biogeochemical cycles and it determines and controls canopy
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water interception, radiation extinction water and carbon gas exchange (Bréda, 2003).
LAI also aids in the detection of the biophysical parameter and the overall health of the
green vegetation (Darvishzadeh et al., 2008).

2.3.2 LAI measurement methods
Remote sensing has ushered in a new era of measuring the vegetation characteristics
using hyperspectral sensors. LAI can be measured directly or indirectly. Direct methods
of measuring the LAI include destructive sampling and litter fall collection. Indirect
methods involve the use of optical instruments to establishing LAI through relationships
with other measurable parameters such as the canopy transmittance and through the
use of the radiative transfer models.

2.3.2.1 Direct methods
Direct methods mainly involve leaf collection and leaf area determination techniques
(Zheng and Moskal, 2009). Measurement of leaf area is done using either a leaf area
meter or a specific relationship of dimension to area via a shape coefficient (Bréda,
2003). The leaf area is measured on a sample of leaves and then is related to the dry
mass to give the LAI. Leaf collection for the estimation of LAI involves destructive
sampling and also litterfall. Destructive sampling is done by the harvesting of the green
leaves in a sample plot whilst litterfall is a non-harvesting technique usually done in the
fall season when the trees shed off the leaves naturally. Traps which collect the litter
often known as litter traps are then set up to harvest the falling leaves.

Direct methods of the LAI estimation are also of paramount importance as they provide
the reference for the calibration or evaluation of indirect methods (Bréda, 2003).
However though these methods are quite accurate in the derivation of the LAI these are
quite difficult to implement over extensive areas as they are time consuming and labour
intensive.

2.3.2.2 Indirect methods
The only way to get true leaf area is to strip all the leaves off the plants and measure
their area. However, since this is limited on large scale and to estimate the LAI of a large
area there are some methods which involve the calculation of an index. Field based
methods of estimating the LAI involve the use of instruments such as the LAI 2000 plant
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canopy analyser, hemispherical photography and the Tracing Radiation and Architecture
of Canopies (TRAC). These types of measurement methods are non-destructive and are
based on a statistical and probabilistic approach to foliar element (or its complement,
gap fraction) distribution and arrangement in the canopy (GRACE, 1993).

The LAI 2000 plant canopy analyser
LAI can be rapidly measured through without
any contact with the leaves through the use of
commercial canopy analysers such as the LAI
2000 (LiCor, Lincoln, Nebraska, USA) (Fig. 2),
the DEMON instrument (CSIRO, Canberra,
Australia), Ceptometer by (Decagon Device,
Pullman, Western Australia) and the digital
camera with fisheye lens, (Bréda, 2003,Fang,
2003). These instruments measure the optical Figure 2: LAI 2000
interference of the canopy by comparing simultaneous measures of light interception
above and below the plant canopy (Fang, 2003). Standard equations are then used to
convert the measurements into the LAI. The LAI-2000 calculates the Leaf Area Index by
measuring the amount of attenuation from vegetation at multiple zenith angles with a
single, quick measurement (Licor, 2010). It then calculates the LAI from the radiation
measurements which are made with the “fish eye” sensor using a model of radiative
transfer.

Tracing Radiation and Architecture of Canopies (TRAC)
TRAC (Fig. 3) is a fairly new instrument in the
estimation of the LAI and measures the LAI
and also the fraction of Photosynthetically
Active Radiation (fAPAR). The TRAC
measures the gap fraction and also the gap
size. The gap fraction is defined as the
percentage of gaps in the canopy at a given
solar zenith angle whilst the gap size is the
physical dimension of a gap in the canopy

Figure 3: TRAC

(Chen, 2011). The advantage of measuring the gap size is that a canopy gap size
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distribution contains information of canopy architecture and can be used to quantify the
effect of foliage clumping on indirect measurements of the LAI.

Digital Hemispherical photography
Hemispherical photography measures the subcanopy light conditions and uses the gap size
theory. Fig. 4 shows a photograph taken
through a fisheye type lens (source: Sasaan
Saatchi). The gap size distribution can then be
estimated by digitizing and further analysis
with the right software to calculate the canopy
cover of the forest and ultimately the LAI
estimates. For a hemispherical photograph Figure 4: Hemispherical photo
analysis to work there assumptions that are made and the most significant assumption is
that all and any leaves completely block the passage of light. At present hemispherical
systems do not have the ability to cope with light transmission and reflection from the
leaves, or layers of leaves. Reflection and transmission may also be affected by leaf
orientation relative to sun angle.

Canopy Radiative Transfer Models
When the instruments have taken the measurements LAI can then be estimated through
the use of the canopy reflectance models. These models are derived from radiation
transmission measurements within the canopy and then make use of the radiative
transfer theory. There are various classes of these models and these groups are
geometric, medium, hybrid and through computer simulation (Fang, 2003). Turbid
medium models for example the SAIL canopy reflectance model (Verhoef, 1984;
Verhoef, 1985), the PROSAIL a radiative transfer model which is a combination of the
SAILH model and the PROSPECT leaf optical properties model (Fourty et al., 1996) are
generally used in the simulation of radiative transfer.

2.3.3 LAI and the Vegetation Indices
VIs or their derivatives are often used as proxies for LAI in remote-sensing based
models because the LAI cannot be measured directly from a satellite sensor. LAI can be
estimated from remotely sensed data through its statistical relationship with spectral
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vegetation indices. Numerous investigations have been carried out to investigate the
relationship between ground-measured LAI and spectral vegetation indices (SVIs)
derived from satellite-measured data (Harris and Bryant, 2006; Sonnentag et al., 2007;
Darvishzadeh et al., 2008). Spectral vegetation indices are usually calculated as
combination of near infrared and red reflectance and the three main spectral domains,
factors affecting leaf optical properties are: internal or external structure, age, water
status, mineral stresses and, healthiness (Baret et al., 1989,Thenkabail et al., 2004)

In the visible bands (400-700 nm), light absorption by leaf pigments dominates the
reflectance spectrum of the leaf. There are two main absorption bands, in blue (450 nm)
and in red (670 nm), due to the absorption of the two main leaf pigments: the chlorophyll
a and b (Fig. 5). In the near-infrared spectral domain (700-1300 nm), leaf structure
explains the optical properties. Near-infrared spectral region has two main spectral
regions: (1) between 700 and 1100 nm, where the reflectance is high, except in two
minor water-related absorption bands (960 and 1100 nm) and (2) between 1100 and
1300 nm, which corresponds to the transition between the high near-infrared reflectance
and the water-related absorption bands of the shortwave infrared (Leblon, 2010) (Refer
to Fig.5).

This selective absorption of solar radiation by the leaves and the high absorption of
visible and red light than infrared light makes it possible to generate vegetation indices
which are usually calculated as a combination of near-infrared and red reflectance.

Figure 5: Typical spectral response characteristics of green vegetation (after (Hoffer R 1978)
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Examples of such vegetation indices are Simple Ratio (Jordan, 1969), Normalized
Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) (Huete et al.,
2002), Modified Soil and vegetation Index (MSAVI) (Qi et al., 1994) and Reduced Simple
Ratio (RSR) (Brown et al., 2000) (refer to Table 1). The approach of using the vegetation
indices in the mapping of the LAI is faced with many difficulties because of peatland
spatial heterogeneity in terms of vegetation structure and composition. Empirical
relationships have been established successfully in past research between the LAI and
the SVIs (Brown et al., 2000). However, such empirical relationships are often not
applicable to different locations, different times and different sensors.

Table 1: The most common SVI for LAI mapping used in literature

Description
Normalized
Difference
Vegetation Index

Formula

Reference
(Rouse et al., 1974)

Simple Ratio

Reduced Simple
Ratio

(Jordan, 1969)

[

]

(Brown et al., 2000)

Ratio Vegetation
Index

(Pearson and Miller,
1972)

Modified Simple
Ratio

(Chen, 1996)

Re-Normalized
Difference
Vegetation index

(Roujean and Breon,
1995)

2.4 Validation
Quality assessment of remote sensing methodologies provides the users with some
sense of reliability on the product that they will obtain. Validation of qualitative
parameters for example vegetation classes can be done through the creation of the
confusion matrix. The confusion matrix contains information about actual and predicted
classifications done by a classification system for example in ENVI a confusion matrix
can be generated for the classification by SAM. Classes can also be compared by
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estimation of the agreement between the theme class and the reference class
(Grossmann et al., 2008).

Validation of quantitative parameters such as the LAI and the moisture content can be
done using statistical analysis and this involves such tests as the root mean square,
standard error, analysis of variance, correlation coefficients, linear or multiple regression
analysis and the Chi-square testing. The modeled results are analysed versus the
ground truth which is usually the field measurements.

For example hyperspectral

indices are mainly correlated with LAI through linear regression or exponential models.
Cross validation procedures are mainly used to validate these regression models. Cross
validation is a method that is used for the estimation of generalization error based on
“resampling” (Weiss and Kulikowski, 1991).
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3. Methodology
3.1 Study area
The study area was a raised bog area on the border of the Netherlands and Germany
(Fig. 6). The site name is the Haaksbergerveen and is located near the Municipality of
Haaksbergen, province Overijssel. The size of the area is 600 ha. The Haaksbergen
region slopes from east to west with a difference in elevation of more than 25 metres: on
the eastern edge, 35 metres above sea level, and on the western 15 metres
(Haaksbergen, 2010). Precipitation averages 760 mm/year. The landscape is
characterized by different habitat types, the main ones being heath land vegetation and
birch forest. The above ground layer mainly consists of Betula, Molinea, Eriphorum
vaginatum and Erica tetralix. The surface of the peatland is covered with many varying
sphagnum types such as the sphagnum magellanicum (red) and sphagnum cuspidatum
(green).

The Netherlands

The Haaksbergerveen

Figure 6: The location of the nature reserve in the Haaksbergerveen area in the Netherlands.
The HyMap image of the study area is on the right and the map of the Netherlands on the left.
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As can be seen from the photographs taken from the study area (Fig. 7) there is a lot of
variability within the study area. There is quite a mix of vegetation types.

A

B

C

D

E

F

Figure 7: The vegetation composition of the Haaksbergerveen area. A) Sphagnum mosses in the
peatland area B) mixed patch with a mixture of mosses and young herbaceous and birch trees, C)
mosses, D) young birch trees, E) old birch trees with oak and F) bracken mixed with grass
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3.2 Work Flow
In order to accomplish the goal of mapping the vegetation types and the LAI distribution
for birch within the peatland area the methodology presented in Fig. 8 was used.

Data collection

Vegetation map

Endmember
collection

Hymap Image

Derive spectral
signatures

Derive vegetation
signatures

Ground
measurement of LAI

LEGEND

Spectral
signatures

Vegetation
indices

Input dataset

Action

Unmixing with
MESMA,MTMF and
SMA

LAI/VI maps using
linear regression

Intermediat
e result

Final output
dataset
Vegetation fraction
image

LAI map (
combined with
birch fraction image
as mask)

Cross Validation
Cross Validation

Validation result

Validation result

Figure 8: The workflow used in the mapping of the sphagnum and LAI distribution using imaging
spectroscopy.
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3.3 Data collection
In this research there was data which had been collected previously during a field
campaign in 2009. A vegetation map, an aerial photograph and a HyMap image were
also part of the data that has been obtained for the study area, (Table 2). The vegetation
map of the area is classified based on the SBB classes and has a more complete class
range for all the vegetation types found within the study area. The aerial photograph and the
HyMap image (Appendix 1) of the area were obtained in 2008. Field measurements

obtained included a LAI dataset for the forested part of the peatland plus sphagnum and
birch sampling points for derivation of image based endmembers. The LAI dataset with
the 12 samples was collected by a previous research which also carried out the mapping of
the Haaksbergerveen using SMA. The data collected by the earlier research is thereafter
known as dataset one and the one collected for this study dataset two. The vegetation map
of the area is classified based on the SBB classes and has a more complete class range for
all the vegetation types found within the study area.

3.3.1 Dataset One
The field campaign by the first researcher took place in 2009. In the research they
managed to take LAI field measurements on two different dates. The LAI measurements
were taken on plot sizes of 10*10m on where the birch stand characteristics differed.
The LAI measurements were measured by positioning the LAI-2000 instrument
horizontally above the canopy of understory vegetation and below the canopy of birch.
Each diagonal contained 6 measurement points and followed by open sky
measurements to compensate for changing sky conditions. A total of 12 plots were
obtained during the campaign.
Table 2: Available data

Data

Quantities

Date

HyMap data

1

August 2008

Aerial photograph

1

July 2008

Vegetation map

1

July 2008

LAI data

12 samples

August 2008
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3.3.2 Dataset two
An additional field campaign took place early September 2010. The main focus of the
LAI field measurements was to get LAI values which were greater than 2 as the data
obtained in the previous campaign had low LAI values with a range from 0.24 to 1.19.
Pre-marked ropes were laid diagonally across transacts of 12 plots of size 10*10 m. A
total of 12 plots were used (Fig. 9). The plot size was small in order to cater for the short
distance spatial variation as there was high short distance heterogeneity within the
peatland area. Sampling sites within transacts were selected equidistant from each other.
Using the LAI-2000 plant canopy analyser (Li-COR, Lincoln, Nebraska, USA),
measurements were taken below the canopy of the birch trees.

Measurements made above and below the canopy are used to determine canopy light
interception at five zenithal angles, from which LAI is computed using a model of
radiative transfer in vegetative canopy (Licor, 2010). Each LAI recording was composed
of the LAI and gap fractions for the five zenithal angles. The field conditions were
overcast which were the best conditions as there was less scattering of the radiation in
the atmosphere. Apart from the LAI field measurements there was also data collected for
the stand characteristics. These characteristics included the tree height, the diameter
breast height and the number of trees per plot.

Figure 9: Plot locations for dataset 2
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3.3.3 HyMap Image processing
The hyperspectral HyMap sensor, designed and built by Integrated Spectronics,
Australia, was flown over the study area in July 2008. The spectral configuration of the
HyMap sensor is as follows: a VIS spectrometer with 30 bands and a spectral range of
450-890 nm, an NIR spectrometer with 32 bands and a range of 890-1350 nm, two
SWIR bands, SWIR1 and SWiR2 spectrometers with 32 bands each and a spectral
range of 1400-1800 nm and 1950-2480 nm, respectively. Its instantaneous field of view
(IFOV) is 2.5 m along-track and 2.0 m across-track and the field of view (FOV) is 608
(512 pixels) and the swath width at altitudes of 2000–5000 m above ground level is 2.3
to 4.6 km and the ground resolution 5 to 10 m (along-track) (Schlerf et al., 2005). The
altitude in this case was 3463 m and longitude of 5778 m. The pixel size was 4*4m with
a map projection of UTM coordinates and a geodetic datum of WGS-84. The total bands
were 126. The fight line was in the North-west direction.

3.4 Data Analysis
The data analysis is divided into sections which include the classification of the
vegetation types, the analysis of the spectral unmixing algorithms, the vegetation and
the LAI mapping and the validation of the results.

3.4.1 Classification of the vegetation types
The endmember classes that were chosen for the classification of the vegetation of the
Haaksbergerveen were based on the General Habitat Classification (GHC) - BioHab, the
SBB classes, the Dutch vegetation types and the classification done for the dataset one.
These typologies from the ecologists perspective were matched together in order to recategorise them with the broader remote sensing typology. This was done by overlaying
the datasets together and checking if the thematic classes were the same (Fig. 10).
Taking a look at Fig. 10a, in this instance the selection made was based on the attribute
W000a which symbolised the water vegetation that is why there were selection polygons
in red over the dark parts with water in the image yet for the same area from a remote
sensing perspective this was water. The same method was applied on all typologies with
the HyMap image and the aerial photographs to make an overall classification based on
all the typologies (Fig. 10 (b) and (c)).

This classification of the vegetation based on existing classification schemes was a
crucial process in the definition of endmembers for the Haaksbergerveen. It was a
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challenge and time consuming process because the different typologies had variability
within their classes
(a)

(b)

(c)

Figure 10: Overlay of the different topologies with the aerial photograph and the HYMAP image.
(a) Overlay of the SBB classes and the HyMap image, (b) Overlay of the GHC classes and (c)
SBB classes

The classification based on the SBB classes was complete as it captured most of the
variability within the vegetation classes. The GHC is a classification on more general
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terms and has broader categories and the classification done by the previous researcher
on the area was mainly focused on the birch and the sphagnum. In this research, there
were 10 typologies defined and these were “ forest” ,” grassland”, “sphagnum mosses”,
“heath”, “swamp”, “reed”, “pioneer”, “herbaceous”, ”open area” and “water”. The overall
classification made and the categories used can be seen in Appendix 2.

3.4.2 Spectral unmixing Algorithms
In order to select the best unmixing algorithm, that is one that gives a representative
fraction pixel the endmember selection process was a core step in this research. Three
unmixing algorithms were investigated and these were the spectral mixture analysis
(SMA), the mixed tuned matched filtering (MTMF) and the multiple endmember spectral
unmixing (MESMA).

3.4.2.1 Endmember selection
As mentioned previously, there was a lot of variability within the peatland area and an
attempt was made to capture all the variability within the vegetation classes. In order to
make the spectral plots, spectral Iibraries had to be created within the VIPER tools for
the different sub-classes found within a certain typology. The initial classification made
was based on the following typologies: “sphagnum”, “forest”, “grassland”, “heath”, “reed”,
“swamp”, “herbaceous”,”pioneer vegetation”, “open area” and “water”

The spectral signatures for these classes were then used as the basis for the
endmember selection process (Appendix 3). For example there were three SBB classes
for the birch and these were, mesotrophic birch and alder plants, oligotrophic berk plants
and verruigd birch plants. The three classes were characterised further into subclasses
for example for the mesotrophic birch and alder plants there were three different codes
of birch trees which could be specified to fall in this category and these were B112a,
B212A, b. In order to select the best endmember that could represent the birch class the
spectral signatures were carefully selected based on the similarities between classes,
according to literature and also according to the researcher’s discretion.

For the SMA and the MTMF, endmembers were defined on a pixel basis and this was
done using the Region Of Interest (ROI) tool in ENVI +IDL. For the MESMA
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representative endmembers were derived based on polygons of the selected class also
using the ROI tool. The SMA and MESMA unmixing algorithms were performed on the
HYMAP image using the VIPER TOOLS which were developed by the Department of
Geography at the University of California, Santa Barbara which are a plug-in for the
ENVI+ IDL software package whilst the MTMF was run from the main menu within the
ENVI+ IDL software.

3.4.2.2 SMA
For the SMA algorithm, endmembers were chosen on a per pixel basis. The SMA was
implemented on ten MNF transformation bands. The endmembers chosen for the SMA
were “sphagnum”, “heath”, “open area”, “water”, “grass” and birch using the ROI tool in
ENVI. These endmembers had to be reduced from the ten that were originally obtained
in the endmember classification process because the SMA algorithm is performing badly
when the number of endmembers is getting more than six.

3.4.2.3 MTMF
Instead of using all the 126 HyMap maps bands to run the MTMF, an MNF
transformation was run on the Hymap image to reduce the size of the data and to
enhance the spectral variability within the bands. Ten MNF bands were used in the
analysis. According to previous research conducting an MNF transformation before
MTMF classification has been proven to increase the producer’s accuracy (Mundt et al.,
2005). In order to carry out the MTMF there is need to carry out the Matched Tuned
Filtering (MTF) first. The output from the MTF is a set of rule images corresponding to
both the MF score and the infeasibility score for each pixel compared to each
endmember spectrum. The MTMF was run using the output from the MTF. Correctly
mapped pixels have an MF score above the background distribution, which has some
noise-limited spread around zero, and a low infeasibility value stretched between 0 and
1 (ENVI, 2001). The match score was based on the end member signature and the
subpixel abundance where 1.0 indicates a perfect match with a low infeasibility value.
This infeasibility image is used to reduce the number of false positives (ENVI, 2001).
The main areas distinguished with the MTMF were the birch and the sphagnum areas as
these were important for further research.
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3.4.2.4 MESMA
The MESMA algorithm allows endmembers to vary on a per-pixel basis, in contrast to
SMA, which uses the same endmembers for the whole scene. The classes defined for
MESMA consisted of three types of image endmembers and these were green
vegetation, non- vegetation and impervious surface. These classes were defined using
the field datasets available (Table 3). However to use MESMA, there is a need for the
selection of endmembers that represent pure spectra of the target materials in the scene.
Three endmember selection procedures, Endmember Average RMS (Pearson and Miller,
1972) metrics within the ENVI+IDL plug-in called Viper tools, Minimum Average Spectral
Angle (MASA) and Count Based Endmember Selection (COB), were used to identify the
most representative endmembers for each level of complexity. These were those which
performed well when modelling the same sub-class fit the criteria of having the lowest
RMSE in this case EAR, lowest spectral angle (MASA) and the highest CoB.
Table 3: Sub-classes for the MESMA algorithm.

Classes

Sub-Classes

Non-vegetation

Pure water
Water with vegetation
Birch
Oak
Sphagnum
Heath
Open areas

Vegetation

Impervious surface

Table 4: MESMA Endmember Models (EM)

Number of
endmembers

Endmember
model

2nd EM

3rd EM

4th EM

2

soil/water/vegetation

Shade

19

3

water/soil

Vegetation Shade

56

4

Soil

Water

Total

Vegetation Shade 144

The MESMA fractions were constrained to sum to 1 and the RMSE was restricted to
<0.025 and the pixels that had a greater than threshold RMSE value were not modelled.
The constraints applied on the MESMA model are shown in on Table 5.
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Table 5: MESMA model constraints

Shade

Photometric

Minimum Allowable Fraction

0.01%

Maximum Allowable Fraction

100%

Maximum Allowable Shade Fraction

not constrained

Maximum Allowable RMSE

0,025

Residual Threshold

not constrained

Number of Contiguous Bands

not constrained

Categories of soil, water and vegetation were then created and these were then input in
the algorithm as 2, 3 and 4 endmember models (Table 4). Both the MESMA and the
SMA algorithms produce an RMSE image as output. This RSME image gives an
indication of how well the algorithm performed. It is calculated by averaging the residuals
over all the bands for each pixel. A small RMSE error gives an indication that
mathematically the model is good and a high error indicates that the model is a bad one.

3.4.3 Vegetation Indices and LAI mapping
Vegetation indices were computed in order to carry out the estimation of the leaf area
index on a large scale. Even though there are a lot of indices that have been developed
in literature, three of the most common and widely used indices were used in this
research and these were the, the NDVI, SR and the RSR. These were chosen to
investigate the LAI/SVI relationship in this study because they have been used in
previous research (Lu et al., 2005; Sonnentag et al., 2007; Mohammedshum, 2010) and
they are easy to calculate from the spectral sensor without any adjustment factors.
These vegetations indices are derived from the RED, NIR and SWIR regions. The value
of the RED band was 14 at 648 nm, NIR was 28 at 849 nm, and the value for the SWIR
band was 79 at 1611 nm.
1. NDVI = (NIR/RED) / (NIR+RED)

(Rouse et al., 1974)

2. SR =

(Jordan, 1969)

( NIR/RED)

3. RSR = (SR*( 1-(SWIR-SWIRmin)/(SWIRmax-SWIRmin))

(Brown et al., 2000)

Where SWIRmin and SWIRmax is the 1-and 99-percentile of the SWIR reflectance found in
the HyMap image respectively (Chen et al., 2002). Previous research on the area has
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also been done using the same indices thus comparisons can be drawn with a different
methodology and a much bigger dataset to test their applicability. The LAI for the 24
research plots were extracted from the HyMap image using the ROI tool in ENVI+ IDL by
taking a single pixel based on the GPS location points. In order to find the strength of the
relationship between the indices and the LAI, linear regression models were developed.
The regression models were then applied to map the LAI over the whole area. The VI
image data was converted to the mapping of LAI based on the VI with the best
correlation coefficient.

Relation between LAI and the forest stand characteristics
In addition to the relationship between the LAI and the vegetation indices, relations
between the above ground bio-mass and the forest stand such as the diameter breast
height, the height of the trees and the number of trees per plot were derived. These
were derived through the establishment of linear regression equations. This was done to
study the effect of the stand structure and to see if this had an overall influence on the
relationship between the LAI and the vegetation indices. The first relation studied was
the one between the LAI and diameter breast height, followed by the LAI and height of
the trees and finally, the LAI and number of trees in a given plot.

3.4.4 Validation
Validation of the LAI map was done using the ground LAI measurements obtained from
the LAI 2000 for the study area. Using the Region Of Interest (ROI) tool in ENVI, the
modeled LAI values were obtained for the validation points. The LAI modeled values
were compared with the ground truth (the measured LAI values) by means of linear
regression graphs using MS excel and the correlation coefficient was used as the
method to assess the goodness of fit. The validation was made for dataset 2 only as the
standard way of extracting the same ROI as used by the previous researcher. There
were some plots which fell out of the birch mask thus were left with no modeled LAI
value. These were not included in the analysis. For the unmixing algorithms validation
was done through the comparison of the unmixing fractions with the ground truth. The
ground truth in this case was the field observations of birch and sphagnum that were
made by an ecologist.
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4. Results
4.1 Endmember definition
For SMA and MTMF, a library was built that consisted of the spectra of seven vegetation
types (Fig. 11). Like any other green vegetation spectra, all the vegetation had a lower
reflectance in the visible regions and a high reflectance in the near infrared regions. In
the visible regions, the light absorption by the leaf pigments dominates the reflectance of
the leaf hence the reflectance is generally low for the vegetation. However there is a lot
of variability within the red and the near infrared regions for the birch, heath, sphagnum
and the grass. This variability could be due to the differences in leaf structure which
affects the optical properties of the leaf. Water has very low reflectance throughout the
spectrum whilst the water vegetation looked as a mixed profile between water and
vegetation. The open area has a high reflectance throughout the spectrum, though the
profile should closely resemble the bare soil spectrum this is expected because there
was a lot of grass within the open area

Figure 11: Endmember reflectance spectra of the HyMap image for the Haaksbergerveen.
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4.2 Unmixing algorithm fractions
SMA
For the SMA there was quite a good estimation but also an overestimation of the
fractions (Fig.12). This could be attributed to the fact that there is a lot of variability within
the study area and the endmembers selected could not capture all the variability that
was present. The RMSE image (Appendix 4H), gave an indication of how well the
algorithm performed. The areas with the highest errors were generally the brightest parts
of the RMSE image. The area with the birch had some high errors and the parts with the
sphagnum were modelled quite well. Such high error can also be explained by the
heterogeneity within the study area for example, there were six species of birch yet there
was just one endmember thus this fails to account for the variability within the birch class
hence some parts are left out of the unmixing process.

MESMA
The results for the MESMA are described below based on the two, three and four
endmember models used in the analysis.

Two-Endmember models
For the MESMA algorithm based on the meta files, and for the two endmember model
98% classification accuracy was achieved (Appendix 6) meaning that the two
endmember model, covered most of the image. It had the lowest level of complexity with
a total of 19 endmembers that had all the classes (vegetation and non-vegetation) and
the shade (Table 4). The classification accuracy percentage represents the total pixels
unmixed by the endmembers in question. High errors were mainly on areas where there
was open area and water.

Three-endmember models
For the three endmember model, 99% classification was achieved and the total of the
endmembers was 56, (Appendix 7) and most of the vegetation classes were mapped
and non-vegetation areas were mainly the ones unclassified. The three endmember
model was divided into three categories, vegetation + water + shade, vegetation + soil
+shade and water + soil + shade. Most of the image was modelled by the vegetation and
the water endmembers. Areas with the birch in the image were correctly modelled,
however there were instances where the whole variability within the birch pixel was not
captured in cases where oak and birch are within the same pixel. The 2.5% RMS
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constraint ensured that the three endmember models were able to model a greater part
of the image though there are areas where the endmembers were not enough to capture
the variability within a pixel. Furthermore there are some few regions especially the
pathways which had really high errors as can be seen from the RMSE image, (Appendix
7).

Four endmember models
Given the variability within the Haaksbergerveen area, green vegetation is a dominant
part of the image and this has been proven by the two and three endmember models.
Four endmembers used in this were process were the vegetation, soil, water and shade.
For the 4 endmember model 90% classification accuracy was achieved. Looking at the
shadow fraction results for the four endmember model, the results shows quite a
distinction between the vegetated part and non-vegetated part of the Haaksbergerveeen.
The forest part had higher shadow fractions than the more open areas which had some
low values especially on the area with the sphagnum. The soil library which is introduced
in this case could be the reason for the high errors because the soil areas had the
highest errors for the RMSE image (Appendix 8).

MTMF
The MTMF fractions representing the vegetation abundance fractions of the study area
were good (Fig. 12). Pixels that had a high fraction value and low infeasibility (Appendix
3) value for the endmember in question had a relatively good estimate of the abundance
of the endmember. An infeasibility value as previously mentioned represents how likely
or unlikely a match is and pixels that combine higher MTMF scores with low IF values
are a better indication of the match (Robichaud et al., 2007).

For the MTMF those pixels that had a high infeasibility and a low fraction for an
endmember represented it meant that the particular endmember was not in the pixel.
The MTMF generally performed well in giving representative fractions (Appendix 5 and
9). The unmixing images for the birch and sphagnum for the MTMF, SMA and MESMA
are shown in Fig. 12. They give an indication of how each unmixing algorithm performed
in the derivation of representative fractions for the areas of interest.
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A. SMA birch

B. SMA sphagnum

C. MTMF birch

D. MTMF Sphagnum

E. MESMA birch( purple)

F. MESMA RMSE

Figure 12: The results of the unmixing algorithms for the HyMap image. A) The SMA result for
the birch and B) for the sphagnum, C) The MESMA result for the birch and D) for the sphagnum,
E) the result for the MESMA three endmember model and F) the RMSE image

4.3 Comparison of the Spectral Unmixing Algorithms
The original HyMap image had 126 bands and contained a lot of correlation between
some of the bands. The MNF transformation helped in removing noise from the image
and as a result the unmixing was carried out on 10 MNF transformed bands. Three
methods of remote sensing were compared in this study and were evaluated with the
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HyMap imagery to see which is best for mapping the LAI and the vegetation of the study
area (Fig. 13). The ground truth in this particular case is based on field observations by
an ecologist during the 2009 field campaign. As can be illustrated by Fig.13, there is a
good estimation of the relative abundance of a particular pixel when comparing the
fractions derived from the algorithms to that of the ground truth. The MESMA algorithm
generally has a good overall performance across all the sphagnum and the birch pixels
as compared to the SMA and the MTMF.

This could be attributed to the fact that the MESMA endmembers vary per pixel and this
could account for the good fraction derivation. However there are also some pixels
where the MESMA did not perform well and in these scenarios the MTMF and the SMA
had some overestimations. In cases where the algorithms all failed, this could be due to
the fact that the unmixing algorithm will attempt to solve the mathematical equation in
order to get a sum of one hence the overestimations and multiple scattering can also
lead to non-linear mixing (Roberts et al., 1993). The wrong estimations could also be
attributed to the fact that there was a lot of variability within the study area, the
endmembers chosen did not capture all the variability in the study area. Appendix 7
shows the actual fractions represented in Fig. 13.
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Figure 13: Unmixing fractions versus the ground truth.
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4.4 The LAI and VIs relationships
The data used in the making of the indices (Appendix 10) where the data with AM was
for dataset one and HKS for dataset two. A linear correlation was not expected for the
study area as previous research has also concluded the same for mixed stands (Brown
et al., 2000) and for tree LAI (Sonnentag et al., 2007). The simple ratio has the highest
correlation at 0.3952 for the linear relation and for the logarithmic relation the highest
correlation was with the NDVI at 0.5575. The results are consistent with those obtained
by (Sonnentag et al., 2007) for the linear relation of tree LAI with vegetation indices
which had almost the same range of LAI values. In the results for his study there was no
correlation for between the tree LAI and the NDVI, the RSR and the SR in an
ombrotrophic peatland.
Table 6: Characteristics of the 24 plots

The characteristics of the 24 plots
Minimum LAI

0.24

Maximum LAI

2.85

Mean LAI

1.23

Standard deviation

0.74

Maximum diameter breast height

19.6

Minimum diameter breast height

3.59

Mean Diameter breast height

12.27

For the Haaksbergerveen, the non-linear relation could be attributed to the fact that there
is generally a lot of heterogeneity in the area as a result the plots characteristics are very
mixed. It is quite difficult to come up with a single regression curve that characterises the
LAI but different curves for the plots which exhibit the same pattern. The relationships of
the tree LAI and the SVI’s are not linear (Fig 14. (a), (b) and (c)), however one of the
logarithmic relationships seems to explain better the relation between the tree LAI and
the vegetation indices with a fairly good correlation of 0.5575 with the NDVI (Fig 14.(i))
The SR and the RSR had very low correlation at 0.3225 and 0.3952 respectively.
However none of the SVI computed so far except the NDVI are suitable for the mapping
of the LAI for the Haaksbergerveen
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(a)

(i)

(b)

(ii)

(c)

(iii)

Figure 14: Linear and logarithmic correlation of the vegetation indices. Linear (a), (b) and (c) and
logarithmic (i), (ii), and (iii) of NDVI, SR and RSR and derived from the HYMAP image with the
LAI.

The combined data for the two researchers was then split into two datasets to make an
in-depth investigation and the linear relationships were established (Fig.15). As can be
seen from the plots for dataset one, it had very strong correlations with NDVI-0.6342,
SR-0.5485 and RSR-0.6783. This could be attributed to the fact that for dataset one the
LAI plots were generally in the same region of the image where the environmental
conditions could have been homogenous. The RSR had a higher value probably
because of the masking effect of the SWIR band in reducing the background effects and
maybe the SWIR band contains more relevant information in the mapping of the LAI
than the NIR and RED bands.
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(a)

(i)

(b)

(ii)

(c)

(iii)

Figure 15: Linear correlation of the vegetation indices (a) NDVI, (b) SR and (c) RSR derived from
the HYMAP image with the LAI from the data of two researchers

When considering the plots for dataset 2, there is generally no relationship of the tree
LAI with the vegetation indices. This is expected because the data is collected from all
regions of the study area and there is a lot of heterogeneity within the peatland (Fig 7).
Furthermore, the trees across the study area are in different growth stages and the
environmental conditions are quite diverse, some relationships can be obtained within
some set of points but cannot be derived for all the points.
The regression graphs of the VI’s for the combined plots and that of dataset 2
demonstrated the fact that the it was imposssible to establish relationships with the
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indices except for the NDVI. This could be attributed to the fact that plots for researcher
two are quite heterogenous (Fig 15. (i),(ii) and (iii)), and when combined with those of
researcher one ( Fig.15 (a), (b) and (c)), which have better relations with the LAI the
overall result is distorted. This leads to the idea that the SWIR band contains the
relevant information for the estimation of LAI than the NIR and Red bands and performs
well when the environmental conditions of the plots are the same or when plot
measurements are large enough to derive meaningful relationships.

As can be seen from dataset one (Fig.15.(a)), the reduced simple ratio has a higher
correlation coefficient than compared to the NDVI and the SR. The RSR had an R2 value
of 0.67 followed by the NDVI with 0.63 and the SR with 0.58. These results are the same
with those obtained in previous research where the RSR outperfomed the SR and the
NDVI though for the shrub LAI and not for the tree LAI, (Sonnentag et al., 2007;
Mohammedshum, 2010))

Table 7: VI regression equations based in the logarithmic relationship

VI
NDVI

Regression Equation

R2
0.5575

SR

0.3225

RSR

0.3952

Analysis of the heterogeneity of the forest stand and structure with LAI
Relationships were also established between the tree LAI and diameter breast height,
the number of trees in a plot and height of the trees. This analysis was made based on
dataset one as it was the dataset that had no correlation with the LAI and it was also the
dataset that good reference ROI’s obtained. Linear regression equations were derived
for diameter breast height, number of trees and tree height (Fig. 16).

(a)
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(b)

(c)

Figure 16: The relationship between the LAI and the stand characteristics

The data used in the derivation of the scatter plots is given in Appendix 13. The mean
square error values were 5.6, 3.6 and 4.9 for (a), (b) and (c) respectively. These were
exceptionally high error values. In the unique case of the Haaksbergerveen (Fig. 16)
there was no relationship between the LAI and the breast diameter, the LAI and the tree
height and the LAI and the number of trees for the sampled plots. The correlation
coefficient of all the stand characteristics was 0 with the LAI. When looking at the
relationship between the LAI and the diameter breast height this could be attributed to
the fact that these trees are in different growth stages and are scattered in all parts of
the study area hence environmental conditions differ and the dataset is not extensive
enough to derive relationships based on trees with the same range of age or
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environmental conditions. For example an analysis could be made based on old versus
young birch stands or dry versus wet environmental conditions. These structural
characteristics of the canopy in different-aged stands vary as the younger trees are
smaller and have lower height and DBH and incomplete canopy closure compared to the
plots with fairly older trees.

Mapping the LAI
A common procedure to estimate LAI is to establish an empirical relationship between VI
and LAI by statistically fitting observed LAI values to the corresponding VI. Based on the
best performing

SVI, cross validated R2 between the measured and the estimated LAI

were computed. To get the LAI for the whole area the NDVI was used as it was giving a
good correlation for the combined plots. The correlation equation was NDVI=0.0613 ln ()
+0.8047 (Table 7). The birch trees on the image was masked out and LAI was mapped
based on the correlation equation using the band math in ENVI.

Figure 17: The LAI map for the Haaksbergerveen

41

The average LAI for the study area was 2.775. The maximum and minimum LAI values
obtained for the plots were 6 and 0 respectively. Based on the regression equation for
the NDVI which was giving a better relationship with the LAI than the RSR and the SR
the LAI map of the study area was computed. This LAI map was built by using the build
mask function in the basic tools menu In ENVI+IDL. The birch image for the MTMF (Fig.
12C) in was used as the mask. The mask based on the birch image (Appendix 8) was
applied to the NDVI image obtained for the Haaksbergerveen area.There were quite
some high values for the LAI as can be seen on the map. The LAI values ranged from
0.8 to 4.49. These values were much higher than the measured values. The higher
values fell in areas at the edges of the birch canopy.

4.5 Validation of the LAI map
Validation of the LAI map was done using the ground LAI measurements obtained using
the LAI 2000 for the study area. Using the Region Of Interest (ROI) tool in ENVI, the
modelled LAI values were obtained for the validation points. The modelled LAI values
were compared with the ground truth (the measured LAI values) by means of linear
regression graphs using MS excel and the correlation coefficient was used as the
method to assess the goodness of fit (Fig. 18). The validation was made for dataset 1,
dataset 2 and for both. There were some plots which fell out of the birch mask thus were
left with no modelled LAI value and these were not included in the analysis.

y = 1.1822x - 0.1276
R² = 0.2029

Modelled LAI

Dataset 2
6
4
2
0
1

2

3

Measured LAI

Figure 18: Scatter plot showing the correlation between the modelled LAI and the measured LAI
taken using the LAI 2001 validation points.

The range of values for the modelled LAI and the measured LAI are not the same. There
is an overestimation (Appendix 13) of the modelled LAI values as compared to the
measured LAI. There was no correlation between the modelled and measured LAI and a
reason could be the heterogeneity of the forest stand and structure hence the same
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linear relationship cannot be inferred to the whole Haaksbergerveen area. The other
reason for the shift in the result could be attributed to modelling inaccuracies, for
example the HyMap pixel is a 4*4m size meaning that the LAI value for a particular pixel
is an average of the trees that fall in that pixel, thus it is expected that the modelled LAI
can also have a different value for the exact location as it is derived from an averaged
LAI value and not an actual LAI value.
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5. Discussion

5.1 Usefulness of spectral unmixing algorithms in estimating fractional
cover
The images and fractions obtained from the birch and the sphagnum from the unmixing
process with SMA, MESMA and MTMF are shown in Fig. 10 and Appendix 5. In general,
the MESMA algorithm performed better when deriving fractions compared to SMA and
MTMF. A number of factors can be attributed to the low performance of the SMA and the
MTMF in the estimation of the fractional cover of the vegetation types of interest namely
birch and sphagnum. For the MTMF, there was a good estimation of the birch but there
was overestimation of the sphagnum fractional cover. This could be attributed to the fact
that the sphagnum signature was not a true representative of the sphagnum class.

The key aspect involved in the overestimation when using the SMA algorithm could be
caused by the multiple scattering within the sphagnum canopy. Multiple scattering can
result in non-linear mixing and this may lead to less precise estimates of the fractional
cover from linear spectral mixture analysis (Ray and Murray, 1996). There is a lot of
variability in the study area and this could also limit the effectiveness of SMA as it does
not permit the number of representative endmembers to be more than six vegetation
types of the same type as it begins to perform badly in order to solve the mathematical
solution. MTMF generally performed well in the areas with the birch than those with the
sphagnum. It also performed better than SMA. MTMF has been shown to perform better
than SMA and matched filtering in saline soils (Melendez-Pastor et al., 2010). This is
because it does not require the identification of all endmembers thus only those of
interest can be mapped. However, as with all unmixing algorithms the key is to identify
as representative endmembers as possible.

Though the MTMF was performing better than the SMA, both algorithms are limited in
their overall performance in the Haaksbergerveen. Due to the variability there could be a
possibility that there could be more than one vegetation type in a pixel, for example a
pixel could have birch and moss undergrowth. With SMA and the MTMF, this cannot be
seen as the algorithms will model one vegetation type per pixel. In the case of the MTMF
if the vegetation type is not an endmember of interest it could introduce a lot of errors.
This is the advantage of the MESMA algorithm as compared to the two. The MESMA
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algorithm gave the most accurate fractions of the birch and sphagnum in this study
(Appendix 9). The results indicate that the MESMA can be used successfully to give
representative fractions of the Haaksbergerveen given the variability of the area. Two
endmember models are not sufficient and three and four endmembers models provide
enough flexibility to account for the complexity of this ecosystem. The MESMA three and
four endmember models worked well for the Haaksbergerveen probably because the
short distance spatial variation that characterizes the landscape was adequately
captured on a per-pixel basis.

5.2 Relationships between ground-measured LAI and vegetation indices
The vegetation indices explored in this research generally had a low performance when
used to model their relationship with the LAI for the birch trees. In order to determine the
optimal vegetation index in the modeling of the LAI, the coefficient of determination (R2)
between all possible combinations of VI and LAI were computed. For all the VI’s, the
relationship with the actual LAI values had a negative correlation and this could be
attributed to a number of factors (Fig. 12 and 13). These results were consistent with the
results obtained by Sonnentag (Fig. 19). He obtained weak correlation for the NDVI, SR
and RSR relationship.

Figure 19: Linear OLS regression relationships between SVI and field-measured tree LAI: A)
NDVI vs. tree LAI, C) SR vs. tree LAI, E) RSR vs. tree LAI (Sonnentag, Chen et al. 2007)
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Judging by the results he came to the conclusion that tree LAI mapping in ombrotrophic
peatlands using the SVI’s was limited mainly due to the spatial variations in vegetation
structure especially the multi-layer canopy with the mosses undergrowth (Sonnentag et
al., 2007). The Haaksbergerveen has quite a lot of variability in terms of vegetation type
and structure almost like the ombrotrophic peatland. In such type of conditions it is
difficult to infer ground plot measurements to a wider area as the conditions within the
peatland are rapidly changing temporally such that it is difficult to upscale the LAI based
on one LAI-VI equation. This makes it difficult to infer a single regression relationship to
the whole study area. To use the VI approach in an efficient manner there is need to
establish a LAI/VI equation for each vegetation type, and this requires a large amount of
LAI ground measurements but the ground LAI measurements were limited in this
particular case and this could have also resulted in the poor correlation.

Though they have been successfully used in the mapping of the LAI in previous
research (Chen, 1996; Darvishzadeh et al., 2008),

this was not the case for the

Haaksbergerveen and none of the vegetation indices can be used in the mapping of the
tree LAI for the Haaksbergerveen. Errors which may be associated with time difference
of phenological stages of the vegetation and the acquisition time of the HyMap image
can also influence the poor correlation. For example the HyMap was acquired in 2008
and the field data were acquired 2 years later, a lot of differences could have arisen as
the vegetation phenology changes. The LAI 2000 instrument as another source of error
could overestimate the green LAI of canopies due to influence by shoot structures, dead
branches and stems especially in older canopies.

Another error could result from the fact that the LAI for the 24 research plots were
extracted from the HyMap image by taking a single pixel based on the GPS location
points yet the plot size was bigger than the pixel size. This could introduce some
averaging errors. However in a heterogeneous area like the Haaksbergerveen there is
need to investigate other methodologies such as the use of the radiative transfer models
as the VI’s alone were not successful in the derivation of the LAI. Radiative transfer
models would work better for such ecosystems as they aim at understanding the
interaction (reflection, transmission and absorption) between the incoming solar radiation
and the vegetation properties. These models are physically based hence provide a
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means for making the connections between the chemical and physical characteristics of
vegetation including the canopy reflection.

5.3 Modeling results of the LAI
The LAI map for the study area generally had some high values as compared with the
field measurements. The actual LAI values were in the range of 0.24-2.845.

The

modelled LAI values were much higher than the actual LAI values with a range of 0-4.9.
In general there were much higher (Appendix 9). This could be attributed to a lot of
factors. As mentioned previously the VI’s used to model the relationship was not the best,
the NDVI is not the best at modelling the LAI because of the saturation as the LAI values
are getting larger. The signatures used in the endmember process were derived from the
image, to ensure that the spectra are derived from the same source but this is also risky
in the sense that input signatures may be taken from a different location than the LAI
measurement. The birch areas which were masked out in the LAI map had quite some
high LAI values especially the left bottom part of the map where there was a dense
cover of vegetation.

5.4 Relationships between ground-measured LAI and vegetation structure
The height of the trees, the DBH and canopy closure increases with age and
relationships between leaf area and diameter DBH have been used in the past to
estimate stand leaf area or biomass of forest canopies. There were no relationships
established between the ground LAI and the vegetation characteristics in this research
and the main reason could have been due to the heterogeneity in the study area. For
example old and young birch trees could be found in one plot which had some wet and
dry portions, such that deriving a meaningful relationship out of that variability would be
impossible.

5.5 Validation and applicability of results
The main purpose of the validation was to test the ability of satellite data in the
estimation of LAI at a larger spatial extent in this case for the Haaksbergerveen.
Vegetation indices are mainly correlated with the LAI through regression models and to
gain some trust in the modeling relationships that were established regression models
were used to test the accuracy. The ranges of the measured and the modeled LAI
values were very different. There was a very weak correlation between the modeled
results and the measured results. This was not expected as the plots that were used to
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derive the vegetation indices were the same ones that were extracted to validate the
LAI. In a way this was a sort of cross validation and results were expected to be within
the same range but there was no obvious reason why this happened.
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6. Conclusion and recommendations
This study has investigated possibilities of mapping the LAI of the forested area in
peatland ecosystems by establishing relationships between ground-measured LAI and
vegetation indices derived from HyMap image data. It has also developed a method
which used airborne imaging spectroscopy data to produce vegetation distribution maps
of the forested area at landscape level using SMA, MESMA and MTMF algorithms. The
following conclusions based on the research questions were drawn:

6.1 Conclusion
The first research question was: “How can different vegetation types (birch and
sphagnum) fractions be obtained in the field using remote sensing methodologies?”
The Haaksbergerveen peatland area is characterised by heterogeneous forest stands
with moss undergrowth and isolated wet, dry and overlogged portions. Spectroscopy has
been successfully used in the past to discriminate plant species more effectively than the
traditional classification methods because of the greater spectral distinction. This study
showed that MESMA can be used in the derivation of fractions for the study area as
fractions obtained from the MESMA were more accurate than those obtained from the
MTMF and the SMA. The two endmember model for MESMA had 98% classification
percentage, the three endmember model had 99% and the four endmember model had
90%. Less accurate fractions limit the use of the SMA and MTMF. The key advantage of
the MESMA algorithm is that it allows a large number of endmembers to vary on a pixel
basis hence in a highly heterogeneous area like the Haaksbergerveen the MESMA had
superior results.

The second research question was: “How can the canopy structure properties like the
LAI of birch trees in the peatland be obtained using vegetation indices?”
The tree LAI has for a long time been mapped based on the empirical relationships
between the ground measured LAI and SVI from remote sensing. The main advantage
of using VI in the mapping of the LAI comes from their simplicity and ease of
computation. The conclusion that was reached for this research question was that
remote sensing can be used as a scaling tool from plot to landscape level through the
derivation of relationships between the measured LAI and the vegetation indices derived
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from remotely sensed images. However

in a heterogeneous area like the

Haaksbergerveen there is need to investigate other methodologies such as the use of
the radiative transfer models as the VI’s alone were not successful in the derivation of
the LAI.
The third research question was: “Which vegetation indices are best in quantifying the
LAI?”
In the case of the Haaksbergerveen, there was no VI that was found suitable to quantify
the LAI mainly due to the surface heterogeneity and the varying vegetation structure with
the moss undergrowth. The fact that the LAI values were taken in all parts of the study
area with varying environmental conditions and were very few to derive meaningful
results could also have contributed to the failure of the VI. The findings are also in line
with previous research (Sonnentag et al., 2007). It is difficult in a mixed stand peatland
ecosystem to infer one single regression relationship to the whole peatland area as
conditions are rapidly changing.

Instead of using the empirical or semi-empirical

relations of indices with above ground biomass radiative transfer models can be a
solution. However, as with the same problem that we faced that the LAI dataset was not
extensive usage of radiative models would require a greater understanding of the
processes that take place and thus a greater supply of field data would be required.

The final research question was: “Based on the methods from the first two research
questions, how accurate are these methodologies when extrapolated from the plot to the
landscape level, from the field plot measurements to the whole Haaksbergerveen area?”
The validation method proposed for this research which was almost a cross validation
was not working well. The validation was poor. The main reason why this was not
working was the lack of adequate ground reference data. If further research is to be
carried out on the area there is need to collect more than 50 sampling points so that
there could be a bigger dataset that could be derived for calibration and validation
instead of using a smaller dataset.
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6.2 Recommendations
In this research one of the major limitations faced in the derivation of indices in such a
variable area was the size of the dataset. The Haaksbergerveen has a high short
distance spatial variation and collection of more samples could have resulted in better
linear modelling. There is still a need if further research is to be carried out on the area
to get plot measurements which are more than 50 so as to derive meaningful
relationships as the 24 plots that we collected were too small for the size of the
Haaksbergerveen given the variability. Future research should focus more on using a
radiative transfer model in the estimation of the LAI as there is a lot of variability in the
area such that the traditional empirical approaches are not working well. In addition to
the LAI water content of the open areas (sphagnum dominated) can also be mapped
using the relevant water indices.
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Appendix 3: Spectral signatures of the vegetation within the study area
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Appendix 4: SMA unmixing images
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Appendix 5: MTMF unmixing images
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Appendix 6: MESMA two endmember model
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Appendix 7: MESMA three endmember model
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Appendix 8: MESMA four endmember model
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Appendix 9: Fractions for the different unmixing algorithms
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Appendix 10: Images for the Vegetation Indices
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Appendix 11: Data used in SVIs and LAI relationships
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Appendix 12a: Mask applied on the NDVI image

Appendix 12b: LAI image of the Haaksbergerveen based on the NDVI.

xix

Appendix 13: Data used in the forest structure LAI relationships
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Appendix 14: Data used in the forest structure LAI relationships
Plot
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