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Summary

To stop biodiversity decline in the European Union, conform the United Nations
Convention on Biological Diversity, the actual conservation status must be
assessed and evaluated with a consistent methodology applicable over Europe. A
remote sensing based assessment could be a cost effective method to map and
monitor the diversity development.
The recently developed BioHab-methodology, validated for surveillance and
monitoring of European Habitats (Bunce, 2005; Bunce et al., 2008), was applied in
four different study sites in the Netherlands, covering two floodplains and two
peatbogs areas. The application of the BioHab fieldwork methodology resulted in a
useful General Habitat Categories (GHC’s) reference map for each study site.
For all study sites hyperspectral HyMap-data was available and classified. The
ability of the Spectral Angle Mapper (SAM) algorithm for the detection of life forms,
based on the BioHab methodology, was tested. Independent validation
assessments were included to determine the mapping success. Although the
mapping success varies from 64 till 78%, the SAM classifier is probably not the
best solution.
The environmental context or site complexity was considered to get a better
insight in the propagation of errors, using a remote sensing approach. The site
complexity was investigated by assessing three different complexity factors: the
biological, spectral, and landscape complexity. The hypothesis is that there is an
inverse relationship between site complexity and mapping success, showing a
decrease in mapping success with an increase in site complexity.
In this study the relationship between site complexity and mapping success was
successfully investigated. Generally a high biological complexity shows a
decrease in mapping success. The spectral and landscape complexity shows a
more conflicting result. Although some complexity indicators disagree with the
hypothesis, the general trend is that with an increase in Site Complexity the
Mapping Success will decrease. This supports the conclusions of Andrew and
Ustin (2008).

Keywords: HyMap sensor, Spectral Angle Mapper (SAM), Site Complexity,
Mapping Success
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1 Introduction
1.1 Context
As a contracting party to the United Nations (UN) Convention on Biological
Diversity (CBD), the European Union (EU) wanted to stop the decline of
biodiversity in Europe by 2010 via restoring and conserving habitats and natural
ecosystems (UNEP, 2002). One policy instrument to stop the decline in
biodiversity is through the realization of the Natura 2000-network, the EU network
of sites designated under the Birds Directive (1979) and the Habitat Directive
(1992) (EC, 2002).
To asses and evaluate the conservation status of the designated habitat types,
policy makers and nature reserve managers increasingly require quantitative
figures that give details on the current state of habitats as well as the definition of
historical trends to evaluate international conventions and commitments (Bunce et
al., 2008). Due to many concepts and definitions of habitats there is a wide range
of regional, national and European habitat classifications, and so there are no
consistent figures on habitats in Europe (Mücher et al., 2009).
Monitoring biodiversity at large scales, using traditional (ground-based) surveying
techniques are logistically difficult and/or financially prohibitive (Duro et al., 2007).
A remote sensing based assessment of vegetation patterns could be a cost
effective method to map and monitor the development of biodiversity. Especially
imaging spectroscopy is interesting for vegetation mapping, the spectral
information provided by hyperspectral sensors allows up to species-level detection
(Clark et al., 2005; Underwood et al., 2007; Andrew and Ustin, 2008) and like Gao
(1999), Thenkabail et al. (2003) and Lucas and Carter (2008) mentioned, a fine
spectral resolution may be more important than a greater spatial resolution in
characterization vegetation to obtain a good mapping success.

1.2 Problem definition
Consistent monitoring and analysis of biodiversity, which is the total sum of all
biotic variation (Purvis and Hector, 2000), of the European ecosystems requires a
general methodology that’s applicably over Europe. The recently developed
BioHab-method, which is validated for surveillance and monitoring of European
Habitats (Bunce, 2005; Bunce et al., 2008), has been used to assess biodiversity
by monitoring habitats. Bunce et al. (2005) defined habitat as: ’An element of the
land surface that can be consistently defined spatially in the field in order to define
the principle environments in which organisms live’. This is related with the
definition from the Habitat Directive (EC, 2002): ‘Terrestrial or aquatic areas
distinguished by geographic, abiotic and biotic features, whether entirely natural or
semi-natural’.
Individual species are too specific to encompass all Europe’s variation. Therefore
BioHab is based on the Raunkiaer’s classification of plant life forms (Raunkiaer,
1934). Combinations of plant life forms are used to define 130 General Habitat
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Categories (GHC’s). These GHC’s are recorded in the field, but the use of plant
life forms provide direct links with the patterns present on satellite images due to
their relationship with vegetation structure (Bunce et al., 2008; Mücher, 2009). So
remote sensing may be used for the creation of GHC-maps for ecosystems.
Remote sensing derived vegetation maps are usually the result of non-continuous
vegetation mapping with sharp boundaries around the classified patches which do
not necessarily follow the concrete local discontinuities (Schmidtlein et al. 2007).
The image classification has reduced the ecotones, zones of transition between
adjacent ecological systems (Gosz, 1993), to simple lines between homogeneous
areas. This way of mapping has often been criticized (Zonneveld, 1974; Kent et
al., 1997; Schmidtlein et al., 2007). Fortin et al. (2000) mentioned that the
movement of ecotones locations may indicate environmental and/or climate
change, because species may be at the limits of their tolerance in these
transitional zones. The use of continuous vegetation maps represents abrupt
transition as well as gradual transitions between vegetation types (Schmidtlein et
al., 2007).
Following the BioHab methodology, habitats are a mixture of one or more plant life
forms. The GHC’s are based on different Life Form combinations and can be
computed by relating reflectance in a habitat to training pixels (or endmembers).
These training pixels must be representative for pure life forms. The selection of
representative spectral endmembers will be difficult while the GHC’s represents
already mixed vegetation. These conditions require a considered selection of the
algorithm which will be used for the classification.
If remote sensing is used for habitat mapping; accuracy assessment is a common
and essential step in remote sensing classification procedures (Congalton, 1991).
Congalton (1991) described different methods for validation and accuracy
assessment, which can be used to asses the mapping success of the
classification. Two common used techniques for validation of the classification are
the construction of an error matrix or by calculating the kappa coefficient. The
environmental context of the study area is often anecdotic mentioned, although it’s
important to understand how habitat’s influences detectability so that inferences
about habitat suitability are not confounded by discrepancies in the mapping
success (Andrew and Ustin, 2008). They mention that the mapping success is
influenced by the site complexity. Determining this independent site complexity
information could give a better understanding of the origin of the errors occurring
using a remote sensing classification and this could lead to the determination of
habitat suitability for the use of remote sensing for mapping.
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1.3 Research objectives
The objective of this research is to investigate and define the relationship between
site complexity and mapping success of classified hyperspectral remote sensing
images for different ecosystems (peatland and riparian). The research is
subdivided in the following parts:
1. Apply the BioHab methodology for habitat mapping in the field for four
different sites that are characterized by two different ecosystems in the
Netherlands: peat bogs ( two sites) and floodplains (two sites).
2. Classification of Hymap-images for the four study areas with a well-selected
classification algorithm, to derive LF’s like they are defined in the BioHab
methodology.
3. Validate the Hymap classifications with field data (to obtain LF mapping
success) and the BioHab maps derived from the fieldwork (to obtain GHC
classification success), and compare the mapping success in the different
GHC’s and ecosystems.
4. Examine different (combinations of) analysis tools to determine the different
aspects of site complexity and bring them into practice for the four study
areas (and two ecosystems).
5. Investigate the relationship between the site complexity and the mapping
success.
The hypothesis is that an increase in complexity tends to an decrease in
mapping success.
Based on the research objective, the following research questions are derived:

I. Which remote sensing based classification algorithm applicable to Hymap
data can deliver Life Forms as output, and can it be transposed to GHC’s
from the BioHab methodology?
II. What are the differences in mapping success, after validating the GHC’s
maps with validation data and field-based BioHab maps, for the different
ecosystems and what are the GHC’s specific differences?
III. How can you define site complexity using species, spectral, landscape and/or
structural diversity measures?
IV. What are the differences in site complexity for the different ecosystems and
what are the site-specific differences?
V. What’s the relationship between site complexity and mapping success in the
different ecosystems?

16
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2 Literature review
Before the start of the study, several decisions had to be made concerning two of
the five research questions proposed in chapter one. This was based on a
literature study in advance. The first decision concerned the question, ”Which
classification algorithms are applicable to HyMap that can deliver Life Forms as
output, and can it be transposed to GHC’s from the BioHab methodology?” It must
deliver an useful and well performing algorithm to carry out the classification of the
HyMap images, with respect to the BioHab methodology. And the second decision
concerned: “How can you define site complexity using species, spectral,
landscape and/or structural diversity measures?”. It must be a definition of site
complexity and a set up to analyse it but first an introduction to the Raunkiaert Life
Forms and the BioHab methodology.

2.1 BioHab
Based on the BioHab Handbook ‘Handbook for Surveillance and Monitoring of
European Habitats’ by Bunce et al. (2005) we give hereafter a short description of
the BioHab methodology.
The overall goal of the BioHab methodology was to set up a methodology
designed for collecting information on European habitats in order to obtain
statistically robust estimates of their extent and associated changes in biodiversity.
BioHab is thus a consistent methodology for field recording and monitoring of
habitats.
In this methodology the term habitat refers to: “An element of land that can be
consistently defined spatially in the field in order to define the principal
environments in which organisms live.” This division is done by using
predetermined General Habitat Categories (GHC’s) for recording point-, linearand aerial habitat elements. The Raunkiaer classification of plant Life Forms (LF)
is the basis for these GHC’s. Raunkiaert divided plant species on the location of
the plants growth point during seasons with adverse conditions e.g. winter or dry
seasons.
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Figure 1: Raunkiær's life forms. (http://en.wikipedia.org/wiki/Raunki%C3%A6r_plant_life-form, 2010).

Figure 1 represents some of the typical plant life forms: Phanerophyte (1),
Chamaephytes (2&3), Hemicryptophyte (4), and Cryptophyte (5-9) divided in
Geophytes (5&6), Helophyte (7), and Hydrophytes (8&9).
The use of plant life forms enables the recording of habitats with comparable
structures within contrasting bio-geographical zones that have similar habitat
structures. Based on the hypothesis that habitat structure is related to the
environment and thus it will correspond to phytosociological classes at high level.
For the European region 130 GHC’s are derived from 16 Life Forms. The variation
within a GHC is additional expressed by environmental, management and global
qualifiers.

2.2 From Reflectance to Life Forms
2.2.1

Remote Sensing

Remote sensing (RS), the science and art of obtaining information about an
object, area, or phenomenon through the analysis of data acquired by a device
that is not in contact with the object, area, or phenomenon under investigation
(Lillesand et al., 2008), is suggested for the monitoring of vegetation in
combination with BioHab. This implies that we need to go from reflectance
(captured through remoter sensing images) to life forms (captured in the BioHab
methodology).
The electromagnetic radiation from the sun is reflected by the earth’s surface and
an optical remote sensing devices captures the radiation reflected in the direction
of the sensor. The atmosphere, the reflecting surface and the height of the sun are
the main factors that influence this captured radiation.
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Figure 2: Radiance from the sun, reflected by the earth surface, and captured by the sensor.
(http://www.physics.nus.edu.sg/~crisp/cd2001/tutorial/optical.gif )

The atmospheric effect on the received signal is a combination of scattering and
absorption. Scattering is the unpredictable diffusion of radiation in the atmosphere
and absorption results in the effective loss of energy to atmospheric constituents in
specific wavelength bands. The wavelength ranges without absorption are the socalled ‘atmospheric windows’, which are used in RS (Lillesand et al., 2008).
Radiation from the sun passed the atmosphere, is reflected by the earth’s surface,
passed again (a part of) the atmosphere and is finally captured by the sensor.
Reflectance, which is the interaction between radiation and surface (radiative
transfer), is surface dependent and makes thus optical remote sensing possible. A
graph of the spectral reflectance of an object in function of the wavelength is called
a spectral reflectance curve (Lillesand et al., 2008). This will be used for the
classification and can be derived from the image itself, an spectral library or from
field measured spectra.
It’s obvious that the height of the sun influences the radiative transfer and the
reflectance in the direction of the sensor, and thus the ‘properties‘ of the object
that reflected the radiation. The lower the sun the more influence shade will have
on the reflectance image.
Radiative transfer in vegetation comprises reflectance, transmission, absorption
and emission, intrinsically related to the vegetation (biophysical and biochemical)
properties which cause variation in absorbance and transmittance across
wavelength via multiple scattering processes throughout the canopy and
background (Verrelst, 2010). Specific biochemical vegetation properties like the
higher absorption in blue and red (chlorophyll absorption bands) and the high
reflectance of the leaves in the green part of the spectrum can be seen in the
reflectance curve, while other are more structural vegetation properties like
vegetation cover. The information in the spectral reflectance curve is thus only
information from properties that have an impact on the reflectance of the radiation
(Chen et al., 2000).
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The more spectral bands, the more specific absorption features can be seen and
thus distinguished. For example for the research presented in this study, HyMap
images with 126 spectral bands will be used (figure 3).

Figure 3: 3D cube of the hyperspectral data from Wageningen floodplain.

The HyMap (Hyperspectral Mapper) sensor is an airborne hyperspectral sensor.
The HyMap images are acquired with 126 spectral bands from the visible till the
infrared (covering the spectral range from 450 nm till 2480 nm) and a spatial
resolution of 5 m. These hyperspectral images make it possible to detect most
absorption features in the vegetation spectrum (Ustin et all. 2004). To deal with
this hyperspectral data a specific classifier is needed.

2.2.2 Classification algorithms
There are several classifiers like the Spectral Angle Mapper (SAM), Spectral
Mixture Analysis (SMA) or a modified version Multiple Endmember Spectral
Mixture Analysis (MESMA) who can take advantage of hyperspectral images, but
it’s also possible to apply one of the traditional classification methods like
Maximum Likelihood (ML). These methods differentiate from each other on the
way they deal with the training data to assign a pixel to a ‘class’ or ‘classes’.
These classifiers have been commonly used for vegetation and/or land cover
mapping:
I. SAM: Lass et al., 2002; Silvestri et al., 2003; Hestir et al., 2007,
II. SMA: Rosso et al., 2005; Hestir et al., 2007, and
III. MESMA: Okin et al., 2001; Rosso et al., 2005; Schaepman-Strub et al. 2009.
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Maximum Likelihood
The ML classifier differentiates from the SAM and SMA classifiers by the use of a
training set instead of an endmember to categorise a class. This training sets are a
collection of statistics that describe the spectral response pattern of each class to
be classified in the image. The ML quantitatively uses both the mean and
covariance matrix, that summarize the spectral response of each class, to
determine the class with the highest statistically probability for a single pixel in the
image (Lillesand et al., 2008).

Spectral Angle Mapper
The SAM classifier (Kruse et al., 1993) uses, as motioned before, endmembers of
the various classes to assign each single pixel to a certain class. These
endmembers represents the pure spectral signatures of the classes. Each
endmember and pixel can be considered as a vector in a multidimensional space
(dimensions are equal to the number of spectral bands). To compare an image
spectra with an endmember, the vectors, which have a common origin, are defined
and the spectral angle between the two is calculated.
This spectral angle ( θ ) is the error metric for the spectral similarity. By comparing
different endmembers, the endmember who delivers the lowest spectral angle is
considered to match (if this spectral angle is under a defined threshold). The
advantage of this spectral angle is that SAM isn’t sensitive for differences in
overall illumination due to the presence of a mix of sunlight and shadows, the
albedo, which is measured by the length of the vector of the modelled spectrum
(Lillesand et al., 2008).
Length of a spectrum vector ( Lρ ):

Lρ =

M

ρ
∑
λ

2

λ

=1

Spectral angle ( θ ):
 M
 ∑ ρ λ ρ λ'
θ = cos −1  λ =1
 Lρ L '
ρ










Spectral Mixture Analysis
SMA assumes that a value of a given pixel is the result of a linear combination of
one or more endmembers (Adams et al., 1986, Smith et al., 1990). These spectral
mixed pixels are compared to a set of endmembers (‘pure’ reference spectra).
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During the unmixing, SMA estimates the fit of selected endmembers to the pixel in
order to estimate it’s composition (Rosso et al., 2005). The amount of used
endmembers is limited, since including large amounts of endmembers while there
are few represented in the pixel leads to additional errors (Roberts et al., 1998).
MESMA, based on SMA, allows an almost unlimited number of endmembers. It
evaluates the best fit for each pixel using a root mean square error (RMSE) error
metric, thus avoiding over fitting due to too many endmembers (Roberts et al.,
1998).
M

RMSE =

(ε λ )
∑
λ

2

=1

M

Error constraint
The different approaches for SAM and MESMA to classify image data with
endmembers results in different mapping selectivity based on the albedo of the
modelled spectra. In figure 4 is A the endmember used to classify a spectrum B.
The area r is within the RMSE error, s is within the SAM error. The dark shaded
area shows the overlap of the two constrains. Under the dashed line in figure 4,
the spectral angle constraint will include a smaller range of spectral variation than
a similar RMSE error constraint; while above the RMSE error constrain will be
smaller (Denisson et al., 2004). This shows clearly the dependence of the MESMA
algorithm on the albedo, or the insensitivity for the albedo of the SAM algorithm.

Figure 4:Comparison of the SAM and MESMA selectivity, from Denisson et al. (2004).
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In choosing a spectral algorithm, the advantages and disadvantages of the model
must be evaluated but also the endmember selection is critical. Endmember
selection is crucial and algorithm dependent, like Foody (2009) mentioned: a
training site that could be used to derive a highly accurate classification from one
classifier may yield a considerably lower accuracy if used with another classifier.
Some candidate endmembers can be easily selected, other only appear as mixed
spectra, but the training sample should provide a representative and unbiased
description of the classes (Foody and Mathur, 2006). Different approaches to
obtain endmembers are possible: endmembers from a spectral library, field-based
and image based endmember extraction.

2.3 Site complexity
The information in the spectral reflectance curve used for the classification is thus
only information from properties that have an impact on the reflectance of the
radiation (Chen et al., 2000). To determine independent site complexity
information could give a better understanding of the origin of the errors occurring
using a remote sensing classification and this could lead to the determination of
habitat suitability for the use of remote sensing for mapping.
Site complexity – complexity - complex?
Let’s analyse complexity by different definitions: Warren Weaver (1948) defined
‘complexity’ as ‘the degree of difficulty to predict the properties’. So the more
complex, the more difficult it is to predict the properties of the site. This indeed
refers to our hypothesis. ‘Complex’ also refers to a lot of interacting components,
Merriam-Webster called it the sum of factors/components characterizing a
condition. So, with the determination of the ‘condition’ or the ‘properties’ of the site
we can define the complexity of the site, by separating the different ‘properties’.
The ‘site complexity’ will be subdivided, like previously done by Andrew and Ustin
(2008), in i) biological, ii) spectral and iii) landscape complexity. For each of them
the determining properties are defined.

2.3.1 Biological complexity
The biological complexity can be assessed by the Species Richness, the total
number of abundant vegetation species. The species data can be easily extracted
from vegetation relevees collected within a site. Within a vegetation relevee all
species and their coverage are recorded. In the Netherlands all relevee data are
collected
within
the
synbiosis
database:
(www.synbiosys.alterrra.nl/natura2000/googlemapslvd.aspx)
and
from
this
database species richness of most nature reserves in the Netherlands can be
determined.
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The Species Richness don’t take the evenness, relative abundance of different
species in an area, into account. The more complex species diversity indices take
this into account:
•

Simpson’s diversity index (Smith and Wilson, 1996):
ni (ni − 1)

∑ N (N − 1)
Ni = the number of individuals of species i which are counted
N = the number of all individuals counted
The result range of the Simpson’s diversity index varies between 0 and 1,
representing the probability that 2 randomly selected species belong to the
same species. A one represents 100% probability to select the same
species, so there will be no diversity.
•

The Shannon diversity index (Kalacska et al., 2007):

H = −∑ pi ln pi
pi = fraction of individuals belonging to the i-th species
A Shannon diversity index result of zero means there is just one species
occurring in the site, thus a low diversity. The higher the value of the
indices, the higher the diversity.
From the BioHab maps, the total number of life forms occurring in a whole study
area can also bee seen as an straight forward indices for the biological complexity.
The more life forms occurring, the more complex the area is. The area covered
by GHC’s with mixed life forms is also taken into account as a measure for
biological complexity. This mixed life-form vegetation can be an indication for a
complex vegetation structure.

2.3.2 Spectral complexity
Spectral complexity is dealing with the spectral signature directly derived from the
remote sensing images and is based on the Spectral Variation Hypothesis
(SVH)(Palmer et al., 2000, 2002): habitat heterogeneity may be estimated from
spectral heterogeneity. Palmer et al. (2000, 2002) used single waveband
panchromatic images with a 1m resolution and concluded that the relationship is
scale-dependent and increases with the increase of the window of analyses. No
significant relationship at 4 and 100m2, significant at 900m2. Rocchini et al.
(2004), who used images with 4 bands and a spatial resolution of 4m, found also a
significant relationship for smaller (100m2) scales. Probably the HyMap-images,
with their 126 bands and 5m spatial resolution, will deliver a significant relationship
for even smaller scales. These SVH-approach deals with the continuous data,
without loss of information due to classifying into discrete classes (Palmer et al.,
2002). Oldeland et al. (2010) used hyperspectral images, but he investigated the
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relationship of richness and abundant-based diversity measures with spectral
variability.
Schmidtlein and Sassin (2004) are critical to these hypothesis and showed that
homogeneous reflectance did not necessarily indicate a homogeneous plant
species composition, but heterogeneous reflectance was always a sign of
heterogeneous (floristic) composition.
The species richness defined by Carlson et al. (2007) is based on the spatial
variation of the reflectance derivative spectra at 530, 720, 1.201, and 1.523nm.
These bands are chosen because they predict woody species richness with a high
precision. That’s the reason why Andrew and Ustin (2008) called it ‘spectral
richness index’, their datasets were very different to these used to parameterise
the species richness. This indices can still be used if the interpretation is done
relatively.
Species _ richness = 0.44 Rd 530 + 0.032 Rd 720 + 0.25 Rd 1201 + 1.4 Rd 1523 − 4.2

Figure 5: Comparison between the average reflectance (a) and the average first derivative (b) of the reflectance, based on
the HyMap data from Haaksbergerveen.

The spectral variance (Andrew and Ustin, 2008) is another approach, based on
the Minimum Noise Fraction (MNF) transformation of the images. MNF is a
statistical data reduction technique that performs a series of two principal
component analysis to isolate noise and reduce the dimensionality of the dataset
(Green et al., 1988). The spectral variance is estimated by the total variation
covered by the first three MNF bands. This can also be covered by a Principal
Component Analysis (PCA).

2.3.3 Landscape complexity
The study sites landscape complexity will be investigated using landscape metrics.
Honnay et al. (2003) noticed that the composition and structure of a landscape
mosaic influence biotic processes and hence species richness. This relationship
between landscape structure and plant diversity has been studied a lot, see
Uuemaa et al. (2009) for an overview. Interesting relations are Shannon’s diversity
index with riparian woody plant species index (r=-0.78) (Burtyon and Samuelson.,
2008); edge density and species richness (r=0.56), number of patches and
species richness (r=0.61) (Moser et al., 2002). Andrew and Ustin (2008) defined
the landscape heterogeneity also with landscape-level metrics. Patch size, shape
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and evenness were defined. The combined results of the landscape indices were
indicating that increased complexity reduces the mapping success, although no
direct logical relationship was observed.
There is also some criticism on the use of landscape indices, noticing that some of
the landscape indices are complex or have a nonlinear formulation and should be
avoided in correlation analysis, it’s complex structure make it sensitive to have a
mixed response to changing pattern, scale or classification (O’Neill et al., 1988; Li
and Wu, 2004).
The use of landscape indices is improved by the program FRAGSTATS,
developed to quantify landscape structure. Fragstats makes a distinction between
patch, class, and landscape metrics; calculating the metrics respectively for each
patch, each class and the entire patch mosaic. For the comparison between the
different study sites only the landscape metrics, which are calculated for the entire
patch mosaic (= the whole study site), will be used for defining the landscape
complexity. The program offers a comprehensive choice of landscape metrics
(McGarigal and Marks, 1995; Mc Carigal, 1994), but as noted by O’Neillet al.
(1988) and Li and Wu (2004) a proper selection in terms of scale and purpose is
crucial.
Cashman (2008) identified consistent combinations of methods that universally
describe the major attributes of landscape structure with a focus on ‘objective’
structure metrics, which are constant among studies. To obtain comparability, the
metrics of Andrew and Ustin (2008) will be used extended with the Simpson’s and
Shannon’s diversity indices.
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3 Materials and methods
The objective of this research is to investigate and define the relationship between
site complexity and mapping success as shown in figure 6. The mapping success
will be based on the remote sensed life form classification, but also on the ability to
determine GHC’s based on these classified life forms. The site complexity will be
based on the biological, spectral, and landscape complexity. This analysis will be
done for two different ecosystems each with two study sites.

Legend:

Figure 6: Overview of the research methodology.
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3.1 Study sites
For this study, there are four research sites for which Hymap data is available, all
located in the central and eastern part of The Netherlands (fig. 7). They cover the
two main habitat types:
•

Peat bogs: Haaksbergerveen and Korenburgerveen.

•

Floodplains: Millingerwaard and Wageningen floodplain.

Below a more detailed description of the study areas is given.

Figure 7: Location of the study sites in the Netherlands (Google Earth, 2010).

3.1.1 Haaksbergerveen
Haaksbergerveen is located to the south-east of the city Haaksbergen, near the
German border. It’s 500 ha degraded raised bog are managed by
Staatsbosbeheer. At the German side the area continues in the Ammeloër Venn
(70 ha).

Figure 8: Haaksbergerveen. a) Spagnum species covered by Erica tetralix; Phragmites australis and Juncus effuses are
developing, at back there’s more Molinia caerulea and Betula. b) Molinia caerulea forming perennial, and Betula sprouting.
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The Haaksbergerveen is the Southern part of the Natura 2000 area ‘Buurserzand
en Haaksbergerveen’ and is a relict of one of the last raised bog areas in the
Netherlands. Due to peat cutting, water drainage and an enrichment of the soil the
reserve degraded. During the last decades a network of dams was constructed in
order to restore the water table, which is necessary to allow the fen vegetation to
recover.
The management objectives are to secure a sustainable abiotic system to create
the most optimal conditions for the restoration of a vivid bog area, and to ensure
an open moor landscape to reduce the evaporation of the system (Natura, 2009).

3.1.2 Korenburgerveen
Korenburgerveen is located north-west of the city of Winterswijk, most of the area
(509 ha) is owned and managed by Natuurmonumenten.

Figure 9: Korenburgerveen. A) Molinia caerulea who’s mixed with Myrica gale. B) A smaller wet part with Potentilla
palustris, Typha latifolia, Nuphar lutea and Salix.

The Korenburgerveen is a raised bog area and is incorporated as a Natura 2000
site. Due to the input of high nutritious ground- and surface water and the ground
water exploitation the reserve has degraded. There is a central raised bog area
surrounded by (wet) peat forests. In the south of the area, the raised bog gradually
evolve to a stream bed with wet grassland (Junco-Molinion) and swamps.
The management objectives are to restore the peat by restoring the alkaline
groundwater table, which is necessary to allow the raised bog vegetation to
recover.
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3.1.3 Millingerwaard
The Millingerwaard (400 ha) is located south of the Waal, in the neighbourhood of
Millingen a/d Rijn and Kekerdom.

Figure 10: Millingerwaard. Pictures are token during winter 2010.

The floodplain Millingerwaard is a part of the Gelderse Poort nature reserve. The
area is gradually improving since 1990 when arable land and production grassland
were converted into nature. Amongst others, the fences between the parcels were
removed and a low density of cattle for natural grazing was introduced (Kooistra et
al. 2005). This resulted in heterogeneous landscape with river dunes, softwood
forest and vegetation in different stages of succession. Also an old clay pit is
present in the centre of the study area.

3.1.4 Wageningen floodplain
The Floodplain is located at the south of the city Wageningen, at both sides of the
river Rhine.

Figure 11: Wageningen floodplain. Pictures are token during winter 2010.

The Wageningen floodplain is a part of the Natura 2000 area ‘Uiterwaarden
Neder-Rijn’. Before the natural reconstruction of the floodplain, due to huge
flooding problems in the nineties , the area had an agricultural formation. Now the
floodplain is converted into extensive semi-natural grazing land. The results in a
wide vegetation pattern from grassland over shrubs to wet forest. The northern
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part of the study area is covered by housing, forest and the Arboretum on the
Westerberg

3.1.5 Natura 2000 habitat types
Annex 1 of the Habitat directive (EC, 2002) lists the natural (and semi-natural)
habitats of community interest whose conservation requires the designation of
special conservation areas. Table 1 gives an overview of these special protected
natural habitat types for the Natura 2000 sites covering the study sites. Also the
EU code listed in the Habitat Directive and a short version of definition given by
the habitat directive (EC, 2002) are shown. Table 1 shows also the differences
between the ecosystems, but also the in between differences for the two
floodplains and two peat bog areas.

Coastal sand dunes and inland dunes
Inland dunes, old and decalcified
Dry sands heaths
Freshwater habitats
Standing water
Oligotrophic to mesotrophic waters
Natural eutrophic lakes
Running water
Rivers with muddy banks
Temperate heath annd scrub
Northern Atlantic wet heaths
Scelerophyllous scrub
Juniperus communis formations on heaths or calcareous grasslands
Natural eand semi-natural grassland formations
Natural grasslands
Xeric sand calcareous grasslands
Semi-natural tall-herb humid medows
Molina meadows on calcareous, peaty or clayey-silt-laden soils
Hydrophilous tall herb fringe communitiesof plains
Mesophile grasslands
Lowland hay meadows
Raised bogs, mires, and fens
Sphagnum acid bogs
Active raised bogs
Degraded raised bogs still capable of natural regeneration
Calcareous fens
Calcareous fens
Forests
Forests of boreal Europe
Bog woodland
Alluvial forests
Alluvial forests
Riparian mixed forests along the great rivers

2
23
2310
3
31
3130
3150
32
3270
4
4010A
5
5130
6
61
6120
64
6410
6430A&C
65
6510A
7
71
7110A
7120
72
7210
9
91
91D0
91E0A
91E0C
91F0

Milingerwaard

Wageningen

Natura 2000 habitats

Korenburgerveen

Haaksbergerveen

Table 1: Overview of the Natura 2000 habitat types per study site.
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3.2 Data
3.2.1 Aerial Photographs
The aerial photographs used in this study were acquired in 2008. They have a
spatial resolution of 25cm and are in the Red Green Blue (RGB) colour model.
They will serve as an input (see fig. 6) for the construction of the preliminary
GHC’s maps for the study sites Haaksbergerveen and Korenburgerveen.
3.2.2 HyMap – Imaging spectroscopy data
The airborn HyMap data of the Millingerwaard floodplain was acquired on the 28th
of July 2004, the data of Wageningen on the 2nd of August 2004. They were
atmospherically corrected with the modules PARGE and ATCOR4 to obtain geocoded top-of-canopy reflectance data and geometric corrected to the UTMprojection (zone 31 N, geodetic datum WGS84). For more information about the
HyMap acquisition: see Kooistra et al. (2005) and Clevers (2005).
The date of acquisition of the Haaksbergerveen and Korenburgerveen airborne
HyMap data was 24th of July 2008 by DLR. The data is ortho-rectified radiance
data performed with ORTHO (zone 32 N, geodetic datum WGS84). The
atmospheric correction is performed with the ATCOR4 model.
These HyMap data are used as input for the remote sensing classification and
spectral complexity for the study sites.

3.2.3 Reference materials
During the fieldwork also reference material was collected from Korenburgerveen
and Haaksbergerveen. This isn’t used because there wasn’t comparable data for
the Wageningen floodplain and the Millingerwaard. To obtain comparable
‘mapping success’ results the same validation techniques were used.

3.3 BioHab
The preliminary GHC’s maps, based on visual interpretation of the aerial
photographs, are used as a first guide in the field. These boundaries are controlled
and if necessary adapted. Then the percentage cover of each life form is
estimated, from a vertical perspective, in the field. The determination of GHC’s is
based on two percentage rules, >70% for single GHC’s , and 40-60% for GHC’s
that are combinations of 2 Life Forms. Also all LF’s with a cover >10% and single
species present over 30% are recorded. The standard mapping area is one
squared kilometre.
The result of the BioHab fieldwork monitoring is a map with polygons representing
different GHC’s present in the one squared kilometre. Usually, also data about the
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line– and point observations and environmental, management and global qualifiers
are collected but thiswas not included in this research.
This study focuses on the vegetation part of the study area’s, the GHC’s Urban
and Crops will not be subdivided in life forms. The vegetation GHC’s and their life
forms are represented in table 2. The subdivision of the shrubs and trees GHC is
based on the vegetation height, also given in table 2. See figure 1 for more life
form information.
Table 2: The vegetated GHC’s and their life forms, the height characteristic is only used for shrubs and trees.

General Habitat Category
Sparsly vegetated
SPV
Vegetated herbacious HER

Shrubs and trees

TRS

Life Form
Aquatic
Terrestrial
Caespitose hemicryptophytes
Cryptogams
Emergent hydrophytes
Geophytes
Helophytes
Herbaceous chamaephytes
Leafy hemicryptophytes
Submergerd hydrophytes
Therophytes
Shrubby chamaephytes
Low phanerophytes
Mid phanerophytes
Tall phanerophytes
Forest phanerophytes

Height
AQU
TER
CHE
CRY
EHY
GEO
HEL
HCH
LHE
SHY
THE
SCH
LPH
MPH
TPH
FPH

0.05-0.30m
0.3-0.6m
0.6-0.2m
2-5m
>5m

3.4 Classification
3.4.1 SAM classification algorithm
The SAM classification algorithm is selected as classification algorithm for the
hyperspectral HyMap images because it deals with the whole spectral information
delivered by the HyMap data and isn’t affected by the albedo.
The SAM algorithm is included in the IDL-ENVI software version 4.5. The
maximum spectral angle used was the default 0.1 radians. The same threshold
value was used for all the classes.
There could arise some problems for areas which exist of pixels with a high
complexity in their spectra, like water bodies and clear soil. They appear mostly as
mixed pixels and it isn’t possible to collect all spectra as endmember. A NDVImask can probably solve this. The Normalised Difference Vegetation Index (NDVI)
is based on the near-infrared and red spectral bands to determine the vegetation,
so that non-vegetated areas are discriminated and masked before the SAM
classification is carried out. This was only possible for the Wageningen floodplain
and the Millingerwaard.
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3.4.2 SAM endmember selection
Aerial photographs in combination with a vegetation map overlay are used to
select the endmembers without fieldwork. The potential endmember is selected
where its occurrence is homogeneous in the aerial photograph, the HyMap image,
and classified in the vegetation map. Some endmembers were easily selected, but
there was a problem with the endmembers who only appear as mixed spectra.
Foody and Mathur (2006) noticed that the training sample should provide a
representative and unbiased description of the classes. The selection of mixed
endmembers is thus not representative. Plant life forms who only appears mixed
were excluded from the classification. The number of life forms differs thus from
site to site.

3.4.3 SAM validation data
The approach for the collection of validation data is identical to the endmember
selection, but strictly separated. Endmembers aren’t used for validation and visa
versa. So, the aerial photographs are used in combination with a vegetation map
overlay to select the validation data without fieldwork. Validation pixels are
selected where its occurrence is homogeneous in the aerial photograph.

3.5 Mapping success
Mapping success is a general term used for the life form classification accuracy
and the ability to determine GHC’s with the life form classification result. The
classification accuracy give’s the ability to determine the different life forms with
the classification algorithm while the GHC’s classification accuracy determines the
ability to determine the correct GHC category with the classification result. Another
difference is the scale of the accuracy assessments, the classification accuracy
counts for a site while the GHC accuracy assessment is possible for a single patch
till the complete site level.
The classification accuracy for the SAM classification of the HyMap images was
assessed by calculating an error matrix and the kappa-statistic per classified
image.

3.5.1 Life form classification error matrix
The error matrix (or confusion matrix) compare, on a category-by-category basis,
the relationship between known reference data and the corresponding results of
the classification where the number of categories equals to the number of rows
and lines. The categories are represented in the columns versus the pixels
classified into a category (rows). This deviates a bit from the classical approach of
an error matrix where the pixels used for the classification are used to represent
the categories. If the endmembers collected for the classification, who represent
the pure spectra, should be used the error matrix would result with 100% accuracy
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(for the endmember-pixels). The classification errors of omission (pixels from a
known category who are classified different) and commission (pixels classified
from a different category) can be studied. Also the overall accuracy, producer’s
and user’s accuracy can be computed.

3.5.2 Life form classification kappa statistic
The kappa-statistic is a measure of the difference between the actual agreement
between the reference data and the classifier and the chance agreement between
reference data and a random classifier (Lillesand et al., 2008). Pixels could be
correct classified by chance, the kappa-statistic calculates the classification
accuracy after taken into account the chance. The outcome will be less or equal
than one, one indicates a ‘true’ agreement while 0 equals a 100% chance
agreement (Lillesand et al., 2008).
The Kappa-statistic is calculated as follows (Pontius, 2002):
kappa =

Po − Pc
Pp − Pc

Po = observed proportion corrected
Pc = expected proportion corrected due to change
Pp = proportion corrected when the classification is perfect

3.5.3 GHC-classification
The GHC’s classification accuracy is the ability to determine the GHC’s (or major
life forms) obtained during the field work with the classification result obtained from
the HyMap data. The classified maps are overlaid with the representative GHC’s
map and the percentage cover of each life form in each polygon was calculated.
Because the GHC maps used as an overlay are already a simplification and
generalisation of the ground truth the relative occurrence of the life forms in the
patches was compared with the LF percentages. This means that only the relative
proportion was taken into account, and not the exact occurrence of the Life Forms.
The mapping success will be investigated for all polygons, but they will also be
divided based on the area occupied to investigate the effect of the size of the
patches on the classification. There will be three divisions: small (lower 33%),
middle (the 33% of the patches in the middle), and large (the largest 33% of the
polygons). To make the LF-mapping success comparable with the SAM mapping
success, the same validation pixel- / LF-ratio is used.
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The mapping success, based on the validation or BioHab data, will be covered by:
•

Error matrix

•

Kappa coefficient

•

GHC classification success

3.6 Site complexity
3.6.1 Biological complexity
The
species
lists
extracted
from
the
synbiosis
database:
(www.synbiosys.alterrra.nl/natura2000/googlemapslvd.aspx) do not provide the
abundance data of a certain species. However there are different field samples
available that were recorded in the field for the different study sites. This
information was taken into account to calculate the diversity indices (see literature
review in section 2.3.1).
The biological complexity will be covered by:
•

Species Richness

•

Simpson diversity index

•

Shannon diversity index

•

Total number of life forms

•

Total cover of GHC’s with mixed life forms

3.6.2 Spectral complexity
The spectral complexity will be covered by:
•

Spectral richness

•

Explained variance by the first 3 Principal Components bands

•

Total Principal Components bands to cover >= 99.9% of the variation in the
data

3.6.3 Landscape complexity
The landscape complexity will be investigated based on the BioHab maps
obtained during the fieldwork. For each study site the selected landscape metrics,
available in Fragstats and described by McGarigal and Marks (1995), to
encompass the landscape complexity per study site are:
•

Number of patches (NP): The total number of patches in the study site.
NP>=1, if NP equals 1 then there is only one patch in the site.
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•

Patch Density (PD): The total number of patches divided by the total area,
expressed in patches per 100 hectare.

•

Total Edge (TE): The sum of the lengths in meters of all edge segments in
the study site.

•

Edge Density (ED): The total edge in meters, but relative to the area size
converted to 100 hectares. This is thus the edge length (in meters) per unit
area (100 hectares).

•

Area Mean: The sum of all patch areas of a study site divided by the total
number of patches of that site. The average patch mean per site.

•

Area Standard Deviation: The standard deviation of the average patch area,
a measure of variation in a study site.

•

Shape Mean: Mean of the patch perimeter divided by the minimum
perimeter for each patch. Shape >= 1, a shape of one indicates a maximum
compact shape like a square, and increased with an increased irregularity.

•

Shape Standard Deviation: The standard deviation of the average shape
mean, a measure of variation in shape irregularity in a study site.

•

Shannon’s Diversity Index (SHDI): The positive value of the sum of the
proportional abundance of each patch type multiplied by that proportion.
SHDI>=0 and if SHDI equals zero then there is only one patch, so there
isn’t diversity. The value increases with an increase of patch types and/or
the proportional distribution of area among the patch types become more
equitable. The index is somewhat more sensitive to rare patch types than
the Simpson’s diversity index.

•

Shannon’s Evenness Index (SHEI): The positive value of the observed
Shannon’s Diversity Index divided by the maximum SHDI for that number of
patch types. 0<=SHEI<=1, SHEI equal zero when the landscape contains
only one patch and thus no diversity and if the distribution of area among
the different patch types are dominated by one patch type. SHEI equals one
when the distribution of the area among the patches is perfectly even, so
the proportional abundances are the same.

•

Simpson’s Diversity Index (SIDI): Represents the probability that any two
pixels selected at random would be different patch types. 0<=SIEI<=1,
SHEI equal zero when the landscape contains only one patch and thus no
diversity and SIEI equals one as the number of different patch types
increases and the proportional distribution of area among patch types
become more equitable.

•

Modified Simpson’s Diversity Index (MSIDI): Transforms the Simpson’s
diversity index to a general diversity index. MSIDI>=0, MSIDI equal zero
when the landscape contains only one patch and thus no diversity and
increases as the number of different patch types increases and the
proportional distribution of area among the different patch types become
more equitable.
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•

Simpson’s Evenness Index (SIEI): The positive value of the observed
Simpson’s Diversity Index divided by the maximum SIDI for that number of
patch types. 0<=SIEI<=1, SHEI equals zero when the landscape contains
only one patch and thus no diversity and if the distribution of area among
the different patch types become increasingly uneven. SHEI equals one
when the distribution of the area among the patches is perfectly even, so
the proportional abundances are the same. An even distribution of area
among patch types results in a maximum evenness.

•

Modified Simpson’s Evenness Index (MSIEI): The observed MSIDI divided
by the maximum MSIDI for that number of patch types. 0<=MSIEI<=1,
MSHEI equal zero when the landscape contains only one patch and thus no
diversity and as the distribution of the area among the different patch types
become increasingly uneven, so dominated by one type. The MSIEI equals
one when the distribution among the patch types is perfectly even and have
thus the same proportional abundances. An even distribution of area
among patch types results in maximum evenness, so evenness is the
complement of dominance.
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4 Results
4.1 Haaksbergerveen
4.1.1 BioHab map Haaksbergerveen
The preliminary GHC’s map was based on the RGB aerial photographs of 2008
(fig.12a) and existing vegetation maps. The validation of this map was made in the
field during the month October 2009. Due to the high fragmentation and the
occurrence of dikes most of the area was accessible. Some parts were to wet and
thus impossible to visit. These borders were controlled by use of a binocular or in
a small number of cases not controlled.

Figure 12: Haaksbergerveen (a) Aerial photograph with the study area delineated; (b): Defined GHC’s with the BioHabmethodology.

There are 135 polygons divided over 10 single and 12 mixed GHC’s. The most
common classes are CHE, TPH and AQU with an area cover of 48.2% while FPH,
CHE and TPH occupying the most area (63.9%) (table 3). The 12 mixed classes
counts together 23 polygons and represent 16% of the study area.
In the south-west there is the only ‘homogeneous’ FPH patch, covering 23.2% of
the total area (fig. 12b). The rest of the site is more fragmented.
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Table 3: Life form distribution of the Haaksbergerveen study site, showing the number of patches (n) and their
representative area cover (%).

4.1.2 SAM
The SAM classification of the Haaksbergerveen HyMap image is shown in figure
13a. The BioHab category URB is behind the scope of this research and is
excluded from the classification. SCH only appears in mixed GHC’s and is
excluded because it was impossible to select a pure endmember. The other
endmembers (fig.13b) were selected on the aerial photographs (fig.12a), with the
knowledge from the field.
Legend
TPH

CRY

FPH

CHE

HEL

GEO

HCH

Figure 13: (a)The SAM classification of the Haaksbergerveen HyMap with the BioHab maps as an overlay and (b):The
endmembers used for the SAM classification.

The most striking shown by figure 13 are the classes almost entirely covered with
the black ‘not classified’ dots. These correspond well with the occurrence of ‘open’
water in the area.
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The homogeneous FTP patch visible in figure 12b appears in the classification
(fig.13a) as a mixture of categories, while other classes fit well with the GHCoverlay.

4.1.3 Mapping success
There were 53 points selected on the aerial photograph, which results in 53
validation pixels for the calculation of the confusion matrix.
Table 4: Confusion matrix of the SAM classification for the HyMap image of Haaksbergerveen.

The overall mapping success is 71,15% and a Kappa coefficient of 0,65. From
table 4 we see that especially GEO and CRY score well with 100% producers
accuracy, while CHE (56%) and HEL (60%) scores low. The ‘confusion’ take place
with HCH and TPH, with low users accuracy.

4.1.4 GHC mapping success
The overall GHC-classification (table 5) is comparable with the Producers
accuracy from the SAM classification (table 4) despite the fact that the overall
success of the SAM classification is higher. The R2 of the linear regression is 0,52
(fig.14) if the result of the GEO-life form, with no correct classification, isn’t taken
into account (if so R2 is 0,05).
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Table 5: GHC mapping success for the combination SAM LF classification of Haaksbergerveen.

Comparing the mapping success in relation to the relative size of the patches, the
large patches have in general a better classification than the overall mean and
smallest patches. Figure 14 indicates a linear relation between the SAM mapping
success and the GHC’s mapping success, but the accuracy for CHE, HEL, TPH
and GEO is very low, even for the largest patches.
None of the 5 GEO patches are well classified. Most of the GEO-patches are
classified as HCH with a small central GEO-area (fig.13a). For the HEL life form,
only one out of four is correct classified and there is a strong mixture with
FPH/TPH (fig 13a). TPH on its turn is generally classified as FPH and CHE is in
general classified as CRY, HCH, and FPH in smaller patches.

Figure 14: The relation between SAM- and GHC
mapping success for Haaksbergerveen.

Table 6: GHC mapping success with combined life forms
for Haaksbergerveen.

This indicates a strong confusion between comparable classes. The life forms who
are frequently mixed up are combined in table 6. The combination of FPH and
TPH give a mapping success of 78%, combining CHE, HCH, and CRY delivers a
mapping success of 82%.
Due to the elimination of the SCH-class in the SAM-classification these area/class
is excluded from this validation.
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4.2 Korenburgerveen
4.2.1 BioHab
The preliminary GHC’s map was obtained from the aerial photographs of 2008 (fig.
15a). The validation of the BioHab map was done in the field during the month
October in 2009. Most of the area was accessible to control the preliminary
borders, but some parts were to wet and/or just impossible to visit. These borders
were controlled by use of a binocular or in a small number of cases not controlled.
The study area is delineated in figure 15a, the final GHC’s map is shown in figure
15b.

Figure 15: Korenburgerveen a) Aerial photograph with the delineated study area; b) Defined GHC’s with the BioHabmethodology.
Table 7: Life form distribution of the Korenburgerveen study site, showing the number of patches (n) and their
representative area cover (%).

The most occurring GHC-patches are HEL, CHE, TPH and FPH. HEL counts most
patches but covers just 6% of the area while CHE covers 17%, and TPH and FPH
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respectively 15 and 34% (Table 7). The dominant life form is thus Phanerophytes,
varying from low (LPH) till forest (FPH), and covers 60% of the area. Seven out of
seventeen habitat classes have mixed life forms however they cover just 13%.
There is only a small patch of open water (AQU, 0.1%).

4.2.2 SAM classification
The classification of the Korenburgerveen HyMap image is done with the SAM
classifier. The classified map with the BioHab map overlay in white is show in
figure 13a. The BioHab categories URB and CUL are behind the scope of this
research and are excluded from the classification. Also the life forms that only
appear in mixed GHC’s (CRY, HCH, and SCH), AQU, and HEL are excluded
because it was impossible to select pure endmembers. The other endmembers
(fig.16b) were selected on the aerial photograph (fig.15a), with the knowledge from
the field.
Legend
MPH

LPH

TPH

CHE

FPH

Figure 16: (a)The SAM classification of the Korenburgerveen HyMap with the BioHab maps as an overlay and
(b) its endmembers used.

As shown in figure 16a, some classified categories fit well with the GHC’s like
CHE. The GHC-boundaries delineate (relatively) well the CHE classification. Other
categories tend to a more mixed/speckled classification like the FPH. Especially
LPH tends to pop-up in FPH GHC-patches (compare with fig.15b). Figure 16(b)
shows that in-between the endmembers of FPH and LPH those of CHE and TPH
are located.
The black dots are ‘not classified’, due to a lack of endmembers for the cultivated
species, water bodies and rare mixed life forms.
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4.2.3 SAM validation
There were 36 points selected on the aerial photograph, which results in 36
validation pixels for the calculation of the confusion matrix. The control points are
located in a representative GHC-class.
Table 8: Confusion matrix of the SAM classification for the HyMap image of Korenburgerveen.

The overall mapping success is 77,78% with a Kappa coefficient of 0,71.
Especially CHE and FPH score well with 100% producers accuracy, while MPH
and TPH scores low with 20 and 50% (table 8). The ‘confusion’ occur mostly with
FPH. Half of the TPH and 40% of the MPH training pixels are classified as FPH;
as well 40% of MPH and 17% of LPH is classified as TPH. This is also
represented in the low users accuracy (table 8) for TPH and FPH.
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4.2.4 GHC classification
The total GHC-classification (table 9) is comparable with the Producers accuracy
(table 8) from the SAM classification but overall the classification success of SAM
is higher. The R2 of the linear regression is 0,67 (fig.17), suggesting an positive
relation.

Table 9: GHC mapping success of Korenburgerveen.

Figure 17: Relation between SAM- and GHC
mapping success for Korenburgerveen.

Comparing the mapping success in relation to the size of the patches, the large
patches have a better classification than the overall classification. The small- and
middle-sized patches have in general a minor classification success.
Due to the elimination of some GHC-classes in the SAM-classification these
area’s/classes are excluded from this validation.
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4.3 Millingerwaard
4.3.1 BioHab
The BioHab map of the Millingerwaard (fig. 18) was already presented in the
Intership report of Ana Ruiz: ‘Monitoring habitats by remote sensing data’. The
fieldwork was realized during July and August 2006.

Figure 18: Millingerwaard (a): Aerial photograph with the delineated study area; (b): Defined GHC’s with the BioHabmethodology.
Table 10: Life form distribution of the
Millingerwaard study site, showing the
number of patches (n) and their
representative area cover (%).

Table 10 shows that the 49 polygons are divided
over 14 GHC classes (10 classes if URB is
grouped). The most frequent classes are MPH
and TPH while AQU, MPH and FPH occupying
the most area. Most of the classes are based on
the differences between the phanerophytes.
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4.3.2 SAM
The classification of the Millingerwaard HyMap image is done with the SAM
classifier. The BioHab category URB is behind the scope of this research and is
excluded from the classification. CHE, CRY, THE, LPH, EHY and HCH only
appears in mixed GHC’s and they are excluded because it was impossible to
select pure endmembers. The other endmembers were selected on the aerial
photographs, with the knowledge from the field.
Legend
MPH

FPH

TPH

LHE

Figure 19: (a)The SAM classification of the Millingerwaard HyMap with the BioHab maps as an overlay and (b): the
endmembers used for the classification.

The spectra of the endmembers (fig.19b) shows two separated endmemberclasses: FPH/TPH (lower two) and MPH/LHE (upper two), with closely related
spectra. For FPH/MPH the SAM-classification follows relatively well the GHC’s
(eastern part of fig.19a), while for MPH/LHE it doesn’t a good job (western part of
fig.19a).
The central grey spot is the clay pit, masked out with an NDVI-mask. Compared
with figure 18a, most of the other black spots are also water or bare soil.
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4.3.3 Mapping success
There were 40 points selected on the aerial photograph, which results in 40
validation pixels for the calculation of the confusion matrix.
Table 11: Confusion matrix of the SAM classification for the HyMap image of the Millingerwaard.

The overall mapping success is high: 75% and a Kappa coefficient of 0,67. From
table 11 we see that only FPH scores 100% producers accuracy, and that there is
a lot of confusion between MPH, TPH and FPH. Here again we can notice the two
classes, distinguished by the spectrum in figure 19b. MPH and LHE have their
largest confusion in between. For TPH the confusion happens with FPH, but not
the other way around.

4.3.4 GHC classification success
The overall GHC-classification success (table 12) is comparable with the
producers accuracy from the SAM classification (table 11) despite the fact that the
overall success of the SAM classification is bit higher. The R2 of the linear
regression is 0,93 (figure 20) indicating a relationship between the mapping
success of the SAM classification and the determination of the GHC’s.

Table 12: Mapping success for the determination of GHC’s for the
Millingerwaard.

Figure 20: Relation between SAM- and GHCmapping success for the Millingerwaard.
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Comparing the mapping success in relation to the size of the patches (table 12),
the large patches have a relative better classification than the overall classification.
The accuracy for TPH and MPH is low, even for the largest patches because most
of the patches with an MPH or TPH life form are classified as FPH. Another
remarkable effect is the difference in proportion between the GHC and SAM map
of the combination MPH-LHE.
Due to the elimination of the CHE, CRY, THE, LPH, EHY and HCH-classes in the
SAM-classification these classes are excluded from this validation.

4.4 Wageningen Floodplain
4.4.1 BioHab
The BioHab map of the Wageningen Floodplain was already presented in the
Internship report of Ana Ruiz: ‘Monitoring habitats by remote sensing data’. The
fieldwork was realized during July and August 2006.

Figure 21: Wageningen (a): Aerial photograph with the delineated study area; (b): Defined GHC’s with the BioHabmethodology.
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Table 13: Wageningen, total number of patches (n)
and their % area cover.

Table 13 shows that there are 46 polygons
delineated during the BioHab mapping,
divided over 15 GHC classes. The most
frequent classes are FPH and LHE, and
together with AQU they occupying most of the
area.

4.4.2 SAM
The classification of the Wageningen Floodplain HyMap image is done with the
SAM classifier. The BioHab category URB is behind the scope of this research
and is excluded from the classification. It was not possible to select MPH- and
TPH-endmembers. The other endmembers were selected on the aerial
photographs, with the knowledge from the field.
Legend
LHE

FPH

THE

CHE

Figure 22: : (a)The SAM classification of the Wageningen floodplain HyMap with the BioHab maps as an overlay and
(b): The endmembers used for the classification.

Although the endmembers are well separated from each other (fig.22b), the
classification appears to be speckled (fig.22a). Especially in the south and the east
some ‘old’ patterns are visible in the classification that weren’t in figure 21b. The
endmember spectra (fig. 22b) of LHE, and CUL/THE (the lowest dark yellow) but
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less obvious, are missing the specific ‘vegetation pattern’ which is clearly visible in
the other spectra.

4.4.3 Mapping Success
There were 36 points selected on the aerial photograph, which results in 36
validation pixels for the calculation of the confusion matrix.
Table 14: Confusion matrix of the SAM classification for the HyMap image of the Wageningen floodplain.

The overall mapping success is 64,00% and a Kappa coefficient of 0,55.
Especially CUL scores well with 100% producers accuracy, while THE scores low
(table 14). The ‘confusion’ happens with both CUL and THE, with low users
accuracy.

4.4.4 GHC classification success
The overall GHC-classification (table 15) is comparable with the producers
accuracy from the SAM classification (table 14) despite the fact that the overall
success of the SAM classification is higher. Figure 23 shows a linear regression
(R2 of 0,23).

Table 15: Mapping success for the determination of GHC’s for the
Wageningen floodplain.

Figure 23: Relation between SAM- and
GHC- mapping success for the
Wageningen floodplain.

Comparing the mapping success in relation to the size of the patches in table 15,
the large patches have a better classification success. Especially the small
patches have a very low classification success, only two patches are classified
correct. The accuracy to determine FPH- and LHE-patches is also low. The
mapping success of LHE is even low for the largest patches, LHE only appears in
patches with mixed life forms. For FPH none of the small and middle patches are
well classified, most of them are classified as THE.
Due to the elimination of the MPH- and TPH-classes in the SAM-classification
these classes are excluded from this validation.

4.4.5 Intermezzo: Fieldwork versus classification area cover.
Figure 24 shows the differences in area cover for the BioHab-methodology
(fieldwork result) and the SAM-classification. The differences between the first,
second and third life form are clearly visible. The graph (figure 24) shows that the
first life form is more observed in the field than in the classification, and shows a
linear relation perpendicular on the expected one-to-one relation. The second and
third life form are less observed in the field than in the classification, but their
relation follows more the expected one-to-one relation.

Expected % LF cover (BioHab)
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40

Second LF
Third LF

20
0
0
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Measured % LF cover (SAM)
Figure 24: Differences in area cover, for the first, second and third life form, between the BioHab methodology and the SAM
classification of the Wageningen Floodplain.
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4.5 Overview of the site complexity
4.5.1 Biological Complexity
An overview of the biological diversity is given in table 16, separated for the
different study sites and habitats.
Table 16: Overview of the Biological complexity indicators.

Biological Complexity
Species
Shannon
Simpson
LF-diversity
Mixed LF(%)

Floodplains
Wageningen
103
4,45
0,009
7
36,9

Millingerwaard
109
4,57
0,006
10
56,3

Peat bogs
Korenburgerveen
43
2,94
0,032
9
13,3

Haaksbergerveen
45
3,3
0,025
10
14,3

There are two ‘groups’ visible in table 16 who cluster together: WageningenMillingerwaard and Korenburgerveen-Haaksbergerveen. This corresponds with the
differences in habitat. Wageningen-Millingerwaard have a comparable number of
species occurrence, a higher species diversity, so a higher Shannon diversity
index and a lower Simpson’s diversity index, and a higher coverage with mixed
Life Forms. Only the life form diversity don’t follows this trend. This is indicating
that Floodplains have a higher biological complexity than peat bog areas.
There are also in-habitat differences, the differences between Wageningen and
Millingerwaard are very small but the general trend is that the Millingerwaard has a
higher biological complexity than the Wageningen floodplain. The differences for
peatland are also very small, indicating that Haaksbergerveen has a higher
biological diversity than Korenburgerveen.
These biological complexity indicators shows that Millingerwaard and
Wageningen, as a representation of the floodplains, tend to have a higher
biological complexity than Korenburgerveen and Haaksbergerveen (peat bogs)
and that the within-habitat differences are very small.
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4.5.2 Spectral Complexity
An overview of the spectral complexity indicators is given in table 17, separated for
the different study sites and habitats.
Table 17: Overview of the Spectral complexity indicators.

Spectral Complexity
Spectral richness
Spectral richness SD
1 PC variance
2 PC variance
3 PC variance
number of bands for
99,9% variance

Floodplains
Wageningen
9,54
3,34
82,03
97,27
98,66
9

Millingerwaard
7,18
1,58
94,12
99,55
99,75

Peat bogs
Korenburgerveen
15,24
2,63
81,87
85,67
97,28

Haaksbergerveen
8,65
1.00
89,32
97,37
98,24

5

15

13

The spectral richness of Korenburgerveen is much higher than the three other
area’s. This trend is also present in the low explained variance for the first principle
components. Korenburgerveen has the overall highest spectral complexity.
The between-habitat variation for Korenburgerveen and Haaksbergerveen is
mostly larger than these between Wageningen and Millingerwaard. The values of
Wageningen and Millingerwaard are laying often in between those of
Korenburgerveen and Haaksbergerveen.
The inside habitat differences for floodplains shows a clear trend, Wageningen
has a higher spectral complexity than Millingerwaard. For the peatland areas has
Korenburgerveen a higher spectral complexity.
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4.5.3 Landscape complexity
An overview of the landscape diversity, expressed by the different landscape
indices, is given in table 18.
Table 18: Overview of the Landscape complexity indicators.

Floodplains
Landscape
Complexity Indicator
NP
PD
TE
ED
Area Mean
SD
Shape Mean
SD
SHDI
SIDI
MSIDI
SHEI
SIEI
MSIEI

Wageningen
75
70,4
20740
194,6
1,329
4,538
1,7926
0,852
1,779
0,799
1,602
0,773
0,887
0,696

Peat bogs
Millingerwaard
88
96,5
26320
288,7
0,961
2,690
2,009
0,858
1,881
0,807
1,646
0,733
0,874
0,642

Korenburgerveen
71
47,3
30810
205,3
2,114
5,831
2,010
1,084
2,060
0,812
1,672
0,713
0,860
0,578

Haaksbergerveen
106
105,5
33880
337,1
0,943
2,488
1,957
0,775
2,307
0,855
1,931
0,747
0,896
0,625

The trend from table 18 is that the Wageningen-Korenburgerveen (W&K) and
Millingerwaard-Haaksbergerveen (M&H) cluster together for the more ‘straight
forward ‘landscape complexity indicators. W&K has a lower patch- and edgedensity and the tendency for larger area means, but also for higher standard
deviations on that mean. For the more complex landscape metrics like the
Shannon and Simpsons indices, this trend isn’t clear any more.
The differences between the peat bog areas are most of the time larger than these
of the floodplains, indicating a higher in-habitat complexity.
Comparing the in-habitat differences shows for floodplains a general trend that
Millingerwaard has a higher landscape complexity than Wageningen and
Haaksbergerveen tends to have the highest landscape complexity for the peatland
areas.
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4.6 The relation between mapping success and site complexity
After determining the complexity parameters for the different study sites the
relationship between the remote sensing mapping success and the site complexity
indicators can be investigated.
4.6.1 Mapping success
An overview of the mapping success for the different habitats and study sites is
given in table 19.
Table 19: Mapping Success.

SAM Classification (%)
Kappa
GHC-Classification (%)

Floodplains
Wageningen
64,0
0,55
39,9

Millingerwaard
75,0
0,67
64,7

Peat bogs
Korenburgerveen
77,8
0,71
50,9

Haaksbergerveen
71,2
0,65
40,4

Wageningen has the lowest classification success, for the SAM- and the LFclassification (table 19). Although Haaksbergerveen shows a good SAM mapping,
the recognition of the life forms is low in comparison to the Millingerwaard and
Korenburgerveen. They have a comparable SAM classification but the
Millingerwaard has a better LF-classification.
On average peat bogs shows a higher classification success, but the values of
Millingerwaard and Haaksbergerveen are almost similar. The differences in the
habitats are clearly, Millingerwaard for the floodplains and Korenburgerveen for
the peat bog areas have the best mapping success.
The graph in figure 25a shows a strong linear relationship between the Kappa
coefficient and the mapping success, an R2 of 0.97, which are both relying on the
SAM-classification. In the next section the Kappa coefficient will be used as the
representative for both, called Mapping Success. The relation between kappa
and GHC mapping success (figure 25b, R2=0.30) isn’t so clear.

Figure 25: Relations between the Mapping Success parameters. A)Kappa coefficient (x) and the classification success (y);
and b) Kappa coefficient and the GHC’s-classification.
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4.6.2 The relation between Biological Complexity and Mapping Success
There is a negative relation between the kappa coefficient and the species
richness (fig.26a), indicating that a higher species richness tends to a lower
mapping success. The same trend is there for the diversity indices (fig. 26b and c),
a high diversity, represented by a high Shannon and a low Simpson index value,
lead to a lower mapping success.
For the percentage cover of mixed life forms, no trend is observed (fig 26c,
R2=0.08).

Figure 26: Mapping success, represented by the kappa coefficient, versus the indicators for the Biological Complexity.
a)species richness, b) Shannon diversity, c) Simpsons diversity, and e) Mixed LF(%).

A contradictory observation is seen in figure 27, the relation between number of
Life Forms in a study area and the mapping success, suggesting the more LF’s
present in the area the better the classification.

Figure 27: Mapping success, represented by the kappa coefficient, versus Life Form diversity.

Wageningen, with the lowest mapping success, shows the most districted values
(fig 26 and 27).
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4.6.3 The relation between Spectral Complexity and Mapping Success
The spectral complexity was covered by the spectral richness, the explained
variance by the first 3 PC bands and the total PC bands to cover at least 99.9% of
the variation. Only the spatial will be related to the mapping success, the two
others are more descriptive.

Figure 28: Mapping success, represented by the kappa coefficient, versus spectral richness. a) With Korenburgerveen
area, R2of 0.17; b) Without Korenburgerveen area, R2 of 0.74.

The graph in figure 28a indicate a (weak) positive relationship between the
Spectral richness and the mapping success. The point with the highest spectral
richness can be seen as an outlier. Due to the appearing of cloud-shade in the
image and visible residuals in the corrected spectroscopy-data Korenburgerveen
is left out. Further research is needed to determine the exact cause of this high
value. The result in figure 28b is a stronger but negative relationship between
spectral richness and the kappa coefficient, suggesting that a high spectral
richness lead to a lower mapping success.

Figure 29: Mapping success, represented by the kappa coefficient, versus the standard deviation of the spectral richness.
a) With Korenburgerveen area, R2of 0.25; b) Without Korenburgerveen area, R2 of 0.87.

The graph in figure 29a indicate a negative relationship between the SD Spectral
richness and the mapping success. The result in figure 29b without the
Korenburgerveen shows a stronger negative relationship, suggesting that a high
SD spectral richness lead to a lower mapping success.
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4.6.4 The relation between Landscape Complexity and Mapping Success
There is a positive relationship observed between the Area mean, the Shape
mean, and the Edge density in relation with the Mapping Success represented by
the kappa statistic (fig. 30a, c and e). This indicates contradictory relations, the
larger the area mean the better the classification indicates a better mapping
success for larger mean patches thus less complexity (Area Mean) but also the
more complex the landscape the better the classification (Shape Mean and Total
Edge). The standard deviations of the area mean and shape mean (fig. 30b and c)
follows the same trend indicating a higher standard deviation lead to a better
mapping success.

Figure 30: Mapping success, represented by the kappa coefficient, versus the Landscape Complexity indicators: a) Area
Mean, R2of 0.12; b) SD Area Mean, R2 of 0; c) Shape mean, R2 of 0.94; d) SD Shape Mean, R2of 0.28; e) Shape Mean, R2
of 0.09; f) Edge Density, without Wageningen, R2 of 0.99.

From figure 30 is also clearly vissable that the floodplain of Wageningen has an
exceptional behaviour in relation to the other study sites (fig. 30a, b, c, d, and e).
Figure 30f shows a strong trend (R2=0.99) without Wageningen indicating that a
high edge density causes a lower mapping success. This is contradictory to figure
30e with Wageningen included.
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The evenness indices in relation to the mapping success suggests strong negative
relationships (fig. 31b, d and e): Simpson’s Evenness Index (R2=0.39), Modified
Simpson’s Evenness Index (R2=0.89) and Shannon’s Evenness Index (R2=0.94).
This relationship indicates the higher the evenness is, so the more even the
distribution of the area, the lower the Mapping Success.
A positive but very weak relationship is observed between the diversity indices and
mapping success (fig. 31a, c, and f). The floodplain of Wageningen shows again a
different behaviour in relation to the other study sites (fig. 31a, c, d, and e).

Figure 31: Mapping success, represented by the kappa coefficient, versus the Landscape Complexity indicators: a)
Shannon Diversity index, R2of 0.27; b) Shannon Evenness Index, R2 of 0.94; c) Simpson Diversity Index, R2 of 0.09; d)
Simpson Evenness Index, R2of 0.39; e) Modified Simpson Diversity Index, R2 of 0.08; f) Modified Simpson Evenness Index,
R2 of 0.89.
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5 Discussion
5.1 BioHab methodology
The BioHab methodology was successfully applied to four sites, covering two
different ecosystems in the Netherlands. The results are representative habitat
maps of the areas. Two different observers made the field based habitat maps at
different times. This can influence the results because the delineatation is based
on assumptions you make while interpreting the aerial photographs and the
situation in the field. The suggestion from the handbook (Bunce et al., 2005) for an
intensive training before the application of the BioHab methodology will guarantee
the success and comparability of the results.
Figure 24 shows that the interpretation of percentage life form cover in de field
differs in relation to the covered area. A single or first life form (70-100% cover) is
overestimated in the field, while the second or third life forms with a lower cover is
underestimated in relation to the SAM classification of the life forms. This indicates
that 100% LF cover is often an overestimation while the LF’s with a small
coverage are often underestimated.
The Millingerwaard shows also an over- and underestimation problem. By
comparing figure 18b with 19a, the percentage cover of CHE combined with
Phanerophytes seems to be difficult to interpret. There were many under- and
overestimations by comparing the BioHab cover percentages with the SAM
classification, resulting in a low GHC mapping success (table 12). Or there is
something wrong with the SAM classification, or the estimation of cover
percentage is hard in case for Phanerophytes in lower vegetation or simplified:
How to define the exact vertical cover of trees in a grassland?
A last remark on the BioHab methodology, in the determination of the GHCcategories, Phanerophytes are overruling the other life forms by definition while for
the evaluation of this habitat these percentages could be an indicator for the
ecological status of the area. Especially in peatland where the occurrence of
Phanerophytes like birch could be an indicator for degradation.

5.2 SAM classification
All areas were classified using the SAM classifier for the hyperspectral HyMap
data. Although the overall mapping success is high, from 64 till 78% (table19),
there are large differences in classification accuracy between the classified life
forms. A common ‘error’ in the SAM classification is that one phanerophyte class
with a high producers accuracy but a low user’s accuracy tends to overrule
another phanerophyte class with the low producers- and high users accuracy. This
can be observed by comparing table 4 and 5, 7 and 8, as well as 11 and 12. This
is probably because the SAM-classifier makes the distinction based on the
spectral signature of (a group of) species, while the phanerophytes classes are
strictly not based on species but on the height of the vegetation (table2). This was
clearly observed in the Haaksbergerveen study area where the life forms TPH and
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FPH probably were represented by a ‘species’ endmember. The occurrence of the
endmember species can be related to a representative life form but can also occur
(under different site conditions) as another life form e.g. under ideal conditions oak
or birch occur as FPH, but younger trees or trees under stress can also occur as
MPH or TPH. This phenomena can be observed in figure 13 where the large FPHpatch is partly classified as TPH. Table 6 shows the ability of the SAM-classifier to
detect phanerophytes, probably on species-level, but for the determination of the
height aspect another technique is needed. Maybe the SAM classification
algorithm is to sensitive for the detection of life forms.
Comparable selectivity difficulties were encountered with the selection of
representative endmembers for water bodies and bare soil. Probably their spectral
signature is to rich due to water depth, co-occurrence with vegetation and/or soil to
cover the spectral variability with a single endmember. Here the theory of
Underwood et al. (2007) is applicable: finer spatial resolution may reduce the
classification accuracy by increasing within-class variability. Even with an NDVImask it wasn’t possible to mask out all the water bodies (figure 19a and 22a).
For several life forms it was difficult to select a representative endmember based
on the aerial photographs and so they weren’t used in the classification. This lead
to an uneven distribution, from 4 till 7 life forms used during the classification. The
use of less endmembers than occurring life forms could have influenced the
classification results. Also the selection of validation pixels should be spatial
randomly selected and in relation to the covered area to obtain a better and
comparable mapping success.
Some recent articles noticed the use of object-based image analysis for high
spatial resolution image data (Blaschke, 2010) because ‘conventional pixel-based
analysis’ are of limited use to map image features, such as tree canopies or landcover types, in high spatial resolution data (Johansen et al., 2010).

5.3 GHC-mapping success
Determination of GHC-maps with the SAM-classification results tends to have a
lower mapping success than that of the SAM life form classifier, from 40 till 65%
(table 19). The observed linear relationship between GHC mapping success and
the SAM mapping success (figure 14, 17, 20, and 23; R2 from 0.23 to 0.93) is
indicating that the determination of GHC’s from the SAM-classification strongly
depend on SAM mapping success. This is logical, the better the SAM
classification, the better the input is for classifying GHC’s. This indicates that high
classification accuracy is needed to obtain a good remote sensed GHC’s map.
So for the derivation of GHC’s is the SAM classifier probably not the best solution.
The sensitivity for water and bare soil makes it difficult, and the probability to either
distinguish specific species instead of classes makes it to much selective for this
kind of classifications. Although better classification results could be obtained with
the SAM classifier in combination with Lidar-data that give’s information of the
height of the vegetation. Also the pure pixel-approach of the SAM classifier is
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completely different than the patch-approach of the BioHab methodology.
Therefore the object-based classifier mentioned in 5.3 could probably improve
also the GHC-mapping success.

5.4 Site complexity compared to Mapping Success
5.4.1 Biological complexity
The regression analyses (figure 26) show a weak relation between the parameters
of the biological complexity and the mapping success indicating that a high
biological complexity (represented by a higher species richness, a lower Shannon
diversity, a higher Simpson diversity, and a higher cover with Mixed LF’s)
decrease the mapping accuracy. This isn’t surprising because the SAM-classifier
is specific and you expect that higher species diversity lead to a less accurate
classification. Also Andrew and Ustin (2008) found that the mapping success (of a
specific species) was inversely related to the species richness of the site. In this
study the best classification result was obtained in the area with the lowest species
diversity. Also the Shannon- and the Simpsons index showed this relation and the
lowest classification result was obtained in the area with almost the most species.
The strongest positive relation (R2= 0.60; fig. 27) was found between the number
of life forms in an area and the mapping success. This is indicating the opposite!
Figure 27 shows that the two area’s with the lowest LF-diversity include the site
with the lowest (Wageningen) and the highest (Korenburgerveen) mapping
success and the other two results are grouped together.

Figure 32: Mapping success, represented by the kappa coefficient, versus Life Form diversity for the study sites without
Wageningen.

The three sites without Wageningen shown a negative trend (R2=0.91; fig. 32),
indicating a higher LF-diversity leads to a lower mapping success. The effect on
the relation of one study site can be very large if there are only four. This could
been improved by dividing the study sites into parts (2 or more) to obtain more
data to build the relationship on. Also some possible outliers will be detected more
easily.
A point of discussion is about the influence of the life forms which are not taken
into account during the classification. Only four out of ten life forms are used for
the classification of the Millingerwaard and five out of nine for Haaksbergerveen
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and they both have a high mapping success. The selection of endmembers in the
field will lead to accurate endmembers applicable for the classification.

5.4.2 Spectral Complexity
The spectral richness is highest for the Korenburgerveen with the best
classification result, followed by the Wageningen Floodplain with the lowest
classification (table 17). The explained variances of the first three Principle
Components shows the same trend. Figure 28a gives a weak indication for a
positive relationship. Although that one high spectral complexity value for the
Korenburgerveen area is remarkable, because there was a lot of cloud shade in
the image (fig. 33a). Possibly this influenced the spectral complexity.

Figure 33: (a) Cloud shade and (b) the residuals of the cloud shade in the HyMap data of Korenburgerveen.

The quicklooks of the Korenburgerveen area (fig. 33) shows that a lot of the area
is covered with cloud-shade. After atmospheric correction some residuals are still
visible and will probably influencing the spectral complexity. If we compare the
relationship without the Korenburgerveen area (fig. 28b), the spectral complexity
show a negative relationship indicating that a higher spectral complexity lead to a
lower mapping success. The occurrence of the high spectral complexity value for
the Korenburgerveen need further research, spectral complexity calculations with
the cloud shade masked out could give more insight in the spectral complexity of
the Korenburgerveen HyMap data.

5.4.3 Landscape complexity
Evenness, indicating the variation between patches, seems to be the landscape
complexity parameter with the most explanatory power in relation to the mapping
success (fig. 31b, d, and e). A high evenness suggests a low mapping success.
This can be the case, a high mapping success was mostly obtained within the
largest patches, and the four areas have almost the same number of patches so a
high evenness lead to a large difference between the patches and a higher
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amount of large patches. The Area Mean also showed an indication for a higher
mapping success for increased area mean (figure 30), so the larger the mean
area’s the better the classification.
The Shape Mean and the Total Edge, two straightforward measures of shape
complexity, shows a positive relationship with the mapping success (fig. 30). This
is indicating that a higher landscape complexity results in a better mapping
success. This unexpected relationship for the shape mean is since the area’s in
this study have in general the same (high) amount of patches. A look at figure 30e
of the total edge shows that the linear relationship without Wageningen is more
representative for the trend in the data (R2=0.99; fig. 30f), indicating that a higher
edge complexity lead to a lower mapping success.
The Shannon en Simpson’s diversity indices are indicating that a higher landscape
diversity lead to a better mapping success.

5.4.4 Site complexity compared to Mapping Success, overall discussion
Based on this study, the general trend is that with an increase in Biological
Complexity the mapping success will decrease. This supports the conclusions of
Andrew and Ustin (2008). They also found an inverse relationship between the
Spectral Complexity and mapping success, but to rely on the result for this study
the effect of cloud shade in the image of Haaksbergerveen must be first
investigated.
The landscape complexity indices showed mostly the dependence of the classifier
for large patches, indicating that sites with most small patches will have the worst
classification result. Some complexity indicators disagree with our hypothesis, like
the landscape diversity indices. The latter will always be the case of course but
you want to have these to be as low as possible. Also Andrew and Ustin (2008)
couldn’t find a direct logical relationship at landscape scale but most of their
indices were indicating an increased complexity reduces the mapping success.
There are still several uncertainties like the really low mapping success of the
Wageningen floodplain and the effect of cloud shade in the data of
Korenburgerveen. This can have a large effect on the observed trend based on
only four study sites.
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6 Conclusions
BioHab seems to be a practical methodology to assess the habitat structure of
floodplain and peatland area’s in the field, although accessibility can be a problem
to check the borders in the field. The produced data is useful to assess the study
sites and can be used as input for the Landscape Complexity analysis.
The SAM-classification was carried out with a high accuracy, but to increase the
mapping success for life forms extra information is needed. The selection of the
SAM classifier in combination with the BioHab-methodology for this study seemed
not to be the best choice. The detection of comparable life forms is problematic.
To split up the phanerophytes in their four Life forms, information about the height
could highly increase the mapping success.
The choice of proper endmembers is also a critical point. Some classes could not
be included due to a lack of a representative endmember. The selection of ‘key’
Life Form species could be useful for the GHC-classification with SAM, due to it’s
selective classification but the problem is then again that these species will differ
over Europe, while the BioHab methodology want to cover whole Europe.
SAM can’t yet deliver maps of an area with the same ‘point of view’. The decisions
made by humans to group a specific part of an area to a certain General Habitat
Category with some co-occurrence life forms inside isn’t possible only with the
SAM classifier. The SAM classification is pixel based, while the BioHab
methodology is patch based. Object based classification is worth to test, or an
experiment with agent based modelling? The classified SAM map combined with
LIDAR data for the height of the vegetation and specific vegetation indices as
patch specific input, but also information of the surrounding patches influences the
final classification.
The relationship found between the site complexity and the Mapping Success
supports in general the hypothesis: A higher complexity lead to a lower mapping
success, although more research is needed to determine the processes behind
this hypothesis to find out how the habitat’s influences the detectability and to get
insight in habitat suitability for remote sensing of habitats. This study which is
carried out for four study sites, should be extended to obtain the real relations
instead of conceptual relations more study sites are needed. A simple solution
could also be to split the study sites and do the analyses again.
The airborne HyMap data, with a spectral and spatial high resolution, is high
quality data but also the use of cheaper or even free data should be investigated.
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