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Abstract

Knowledge about land cover and its change is an important input for the monitoring and modeling of ecological and environmental
processes from the regional to the global scale. Considerable efforts have been made to develop global continuous fields for different land
cover types at large spatial scales based on NOAA-AVHRR and TERRA-MODIS data and a range of techniques have been applied to depict
the sub-pixel fraction of land cover types from these data. In this study, a new methodology is described for deriving and optimizing
continuous fields of tree cover for complex topography at the regional scale of the European Alps using generalized linear models (GLM).
MODIS data (MODO09) at a spatial resolution of 500 m were used to calibrate the models against regional training data of fractional tree
cover. For evaluating the method we test the GLM model output to a regression tree model (using the same data structure). Further we test the
resulting GLM-based tree cover continuous fields against two different, independent test data sets; one of which is spatially separated and the
other is from within the calibration area. Finally, we compare the GLM model output with two available global data sets at spatial resolutions
of 1 km and 3 km: (1) TERRA-MODIS Vegetation Continuous Fields product (MOD44), and (2) the NOAA-AVHRR vegetation continuous
fields. Our GLM-based method results in high accuracy (MAE=9.1%) and low bias (—1.2%) across the combined evaluation and calibration
area, and with small differences only between the calibration and the spatially separated evaluation area (1.3%). Compared to the regression
tree model the results from the GLM model for all analyses are significantly better. Thus we conclude that generalized linear models are
appropriate for deriving continuous fields of fractional tree cover for complex topography at the regional scale. GLMs can handle nonlinear
relationships present in the training data set well, and the method is robust with respect to sample size and the number of months used for
calibration. Regional calibrations of vegetation continuous fields may offer significantly improved predictions compared to globally
calibrated models. Such regionally calibrated and optimized models may serve as valuable tools for regional monitoring of land cover pattern
and its temporal change.
© 2005 Elsevier Inc. All rights reserved.
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1. Introduction

The environment of the European Alps with its character-
istic complex topography and its fine-scale and often
traditional land use regime is considerably exposed to both
natural environmental threats and human impacts and
exploitation (Tasser & Tappeiner, 2002). The combined
pressure on the alpine environment arising from past
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development, rapid land use change, tourism, and possible
climate change (Barry, 1994; Grabherr et al., 1994;
Theurillat & Guisan, 2001) is high when compared to other
similar environments (Price & Haslett, 1995; Tasser &
Tappeiner, 2002). According to the 1989 International
Convention on the Protection of the Alps, mountain
regeneration and sustainability are key issues. For sustain-
able use and management, and for large-area monitoring and
modeling of these Alpine terrestrial habitats, consistent land
cover information across national borders is indispensable
(CIPRA, 2001). Additionally, such information is required
for many aspects of earth sciences and analyses of global
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change, including resource management or biodiversity
assessment (Townshend et al., 1994). The knowledge of
spatial patterns and extent of terrestrial ecosystems is further
important for the evaluation and management of carbon
sinks and sources at national and continental levels, as land
vegetation stores considerable amounts of comparably
mobile carbon stocks (Cernusca et al., 1998). Tree cover
mapping has particularly grown in importance as a result of
the need to quantify the global woody biomass (Hansen et
al., 2002). Finally, the knowledge of the distribution of tree
cover is an important input to modeling of biogeochemical
cycles and climate feedbacks (Sellers et al., 1997; Town-
shend et al., 1994). Thus, reliable land cover information
and data sets are needed for a wide range of environmental
monitoring applications. Previous studies have shown that
remote sensing based data are appropriate tools to detect
land cover change (Justice et al., 1998; Rogan et al., 2002).

Considerable efforts have recently resulted in the
development of global and continental land cover data at
small spatial scales based on the Advanced Very High
Resolution Radiometer (NOAA-AVHRR) and the Moder-
ate Resolution Imaging Spectroradiometer (TERRA-
MODIS). Examples include: (1) the PELCOM land cover
map (Mucher et al., 2000), (2) the UMD global land cover
map (Hansen & Reed, 2000), (3) the IGBP-DIS con-
tinental and global land cover map (Belward et al., 1999;
Loveland & Belward, 1997; Townshend et al., 1994), and
(4) the MODIS MOD12 global land cover product (Friedl
et al., 2002). The paradigm for describing the character-
istics of the surface covered by these data sets is to classify
each pixel into a land cover type based on a predefined
classification scheme (DeFries & Townshend, 1994;
DeFries et al., 1998). However, this approach has certain
limitations (Aplin & Atkinson, 2001). In most cases, all
degrees of mixing of pure land cover classes within a pixel
can be found due to the continuum of variation found in
the landscape (Foody & Hill, 1996) and the mixed nature
of land cover at coarse (=1 km) spatial resolution
(Schowengerdt, 1996). This is especially true for complex
landscapes of mountainous terrain and for small-scale
structured landscape of traditional land use schemes with
its typically small patches of human and natural dis-
turbances. Hence, the discretization of land cover into a
limited number of categories results in a loss of
information (Ju et al., 2003). This loss of information
can have significant impact on subsequent modeling as has
been demonstrated, e.g., by Pierce and Running (1995).
Alternatively, a number of techniques to depict the sub-
pixel fraction of landscape components from the same
remotely sensed data have been applied. In general, such
techniques make use of high temporal resolution to
overcome the restrictions of limited spatial resolution.
Statistical approaches used so far (Fernandes et al., 2004;
Hansen et al., 2002) are: (1) fuzzy membership functions
(Foody, 1994; Foody & Cox, 1994), (2) artificial neural
networks (Atkinson et al., 1997; Braswell et al., 2003), (3)

regression trees (DeFries et al., 1997), (4) decision trees
(Mclver & Friedl, 2002), and (5) linear mixture models
(Adams et al., 1995). The resulting continuous field maps—
containing the fraction of landscape components as a
continuous variable—offer the advantage of summarizing
the effects of spatial heterogeneity better than the discrete
land cover maps based on the same data sources. As a
result, such products have a higher potential to accurately
monitor land cover change over time (Hansen et al., 2002).

Several attempts have recently been made to map
fractional landscape components using moderate resolution
imagery covering large areas. First investigations using
AVHRR data made use of a linear mixture model to derive
global continuous fields of multiple vegetation classes
(DeFries et al., 1999). Recent efforts have shown that linear
mixture models may not be suitable in cases when multiple
scattering results in nonlinear mixing (Ju et al., 2003). In
this context nonlinear decision rules may produce better
results. Hansen et al. (2002) presented an improved
technique to derive the fraction of tree cover per pixel
using a combination of a regression tree algorithm and
linear least-square models. The results showed that this
method is an improvement over the linear-mixture model
and it can better handle the nonlinear relationships present
in a global sample of tree cover.

The goal of this paper is to present a new promising
approach for fractional cover mapping of moderate
resolution imagery based on generalized linear models
(GLM) and using regional training data. GLMs are an
extension of the linear (least-square regression) modeling
that allows models to be fitted to data with errors
following other than (only) Normal distributions, and for
dependent variables following other than a Normal
distribution, such as the Poisson, Binomial and Multi-
nomial (McCullagh & Nelder, 1989). Ordinary least-
squares regression assumes, ¢.g., that the model response
varies continuously and that it is unbounded. GLMs of the
binomial model family overcome this difficulty by linking
the binary response to the explanatory covariates through
the probability of either outcome, which varies continu-
ously from 0 to 1 (Dobson, 2002). This approach is often
referred to as logit regression. Other model families allow
fitting response variables of different restricting character-
istics (Poisson regression, etc.). Tree cover fractions have
the same restrictions as binary dependent variables (upper
and lower bounds); except they vary continuously between
0 and 1. Thus, GLMs of the binomial model family may
be equally well applied to fractional cover data as can be
applied to presence/absence data. While the GLM output
of a binary response variable is interpreted as “probability
to occur”, one can take the GLM output of a cover
response at the original scale, which is cover fraction.
GLMs are commonly used in environmental research (see
Guisan & Zimmermann, 2000, for a review; Zimmermann
& Kienast, 1999, for an application), though we found few
examples with remote sensing data. One successful
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application was carried out by Morisette et al. (1999) who
explored the use of GLMs for enhancing standard methods
of satellite-based land cover change detection.

In this study, we describe a methodology for deriving
continuous fields of tree cover at the regional scale of the
European Alps using generalized linear models and
MODIS MOD09 data. Additionally, we present means to
evaluate and optimize such models. In doing so, we
explore the effect of the phenology (temporal range
covered), the seasonal cloud cover, and the sample size
upon the model quality. The procedure presented uses
MODIS reflectance data (MODO09) at a spatial resolution
of 500 m. The benefit of such a regionally optimized
model is to establish accurate regional data sets to, e.g., (1)
enable flexible change detection procedures, (2) account
for regional characteristics (e.g., topography, phenology,
vegetation), (3) support basin-scale hydrological or con-
servation studies, and (4) improve monitoring of regional-
scale climate and land use effects upon tree vegetation. For
purposes of evaluating the model approach we test the
GLM model output to a regression tree model (Breiman et
al., 1984; Chambers & Hastie, 1991) using the same
training and calibration data. Further we test our resulting
continuous fields of tree classification against two avail-
able global data sets (1) the TERRA-MODIS Tree Cover
Continuous Fields product (MOD44) based on regression
trees at 500 m spatial resolution (Hansen et al., 2002), and
(2) the NOAA-AVHRR Vegetation continuous fields using
linear mixture models at a spatial resolution of 1000 m
(DeFries et al., 1999).

2. Materials and methods
2.1. Study area

The Alps of Southern Central Europe extend over 1000
km from the Mediterranean coast of France and Northwest-
ern Italy through Switzerland, Northern Italy, to Southern
Germany, Austria, and Slovenia (Fig. 1). The highest peak is
Mont Blanc at 4807 m. The Alps are characterized by an
extraordinary biodiversity and a variety of landscapes, by
geological, morphological and climatologic diversity, and
by a long history of varying traditional land management.
This results in highly complex structures and reflectance
patterns. About one third of this mountainous landscape is
covered by forest. Due to the large spatial extent and the
wide altitudinal range a multitude of vegetation zones is
present. In the Southern Alps the Mediterranean climate and
warmer winter temperatures are responsible for the presence
of evergreen broadleaf trees. The more northern areas of the
Alps are affected by a temperate climate, with colder
winters. Here, the forests are formed by broadleaf deciduous
and coniferous (both evergreen and deciduous) trees,
depending on elevation and specific site conditions. The
core of the study area is in Switzerland, which shares all of
the variety described above.

2.2. Calibration data

In order to calibrate our model of fractional tree cover,
we used atmospherically corrected (the correction scheme
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Fig. 1. Study area and the location of calibration and evaluation area (the grey shade shows the extent of the European Alps).
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includes corrections for the effect of atmospheric gases,
aerosol, and thin cirrus clouds (=6S code)) and georefer-
enced reflectance data from the Moderate Resolution
Imaging Spectroradiometer (MODIS) on board the TERRA
satellite at a spatial resolution of 500 m. The data set
aggregated, as described below, represents the explanatory
variables in our model. The surface reflectance product
(MODO09) is a seven-band product computed from the
MODIS Level 1B land bands 1, 2, 3, 4, 5, 6, and 7 (centered
at 648 nm, 858 nm, 470 nm, 555 nm, 1240 nm, 1640 nm, and
2130 nm, respectively). Specifically, we used the MODIS
level 3 surface reflectance product, MOD09 L3 V004, as an
8-day composite of the gridded, daily level 2 surface
reflectance products, i.e., MODO09 L2G (Justice et al.,
2002). We downloaded all tiles of h18v04 and h19v04,
covering the entire extent of the European Alps, for the years
2001 and 2002 from the NASA’s EOS data gateway.! The
data were transformed to UTM coordinate system with
WGS 1984 datum (Zone North 32). Further, the Normalized
Difference Vegetation Index (NDVI=(nir—red)/(nir+red))
was calculated for each 8-day composite. To reduce the
negative effect of cloud contamination we synthesized the 8-
day composites to monthly images based on the maximum
NDVI value per month (Holben, 1986). By doing this, each
pixel acquires for each band the value of the 8-day
composite map where the NDVI was highest, thereby
reflecting optimal atmospheric conditions and advanced
vegetation development. Based on these 12X 8 data sets, one
for each month for all seven 500 m bands and the NDVI, a
series of new data sets were derived. First, a number of
calibration data sets were generated for the year 2001 that
contained the 12, 10, 8, 6, 4, and 2 months (thereafter called
mx12, mx10, mx8, mx6, mx4, and mx2, respectively) with
the highest NDVI values (and their corresponding reflec-
tance) pixel by pixel. Selecting those months with highest
NDVI was done to exclude the effect of varying seasonality
across the study area, and to exclude noisy pixels
independent of the month. From these data sets a number
of metrics representing the seasonal and/or annual pheno-
logical characteristics of vegetation were derived according
to DeFries et al. (1995, 1998) in order to maximize the
discrimination among vegetation types. These metrics
include the minimum, maximum, mean, range, and standard
deviation per reflectance band and of the NDVI for each
data set (mx2 to mx12). This results in (8§ x5=) 40 metrics
per pixel for each calibration data set.” Next, a monthly set
of calibration data was generated that only contained the

' http://www.redhook.gsfc.nasa.gov/~imswww/pub/imswelcome/
index.html.

% The advantage of annual metrics (including the “best months only”)
versus the monthly metrics is that the former are not as sensitive to time of
year or the seasonal cycle. By this, the model can reduce the influence of
atmospheric contamination to a minimum (Hansen et al., 2002). This is a
possibility to capture the optimal season and values per pixel+irrespective
of the local phenological dynamics.

reflectance values of the highest NDVI value pixel by pixel.
This was done to test the performance of the monthly model
calibration throughout the year. Finally, from all calibration
data sets (i.e., area-wide maps), sub-samples of 11,298
pixels within the boundary of the calibration area (Fig. 1)
reflecting a regular lattice were re-sampled for model
calibration. This represents 1/9th of the total surface within
the calibration area. The remaining fraction (8/9th) was
treated as an independent test data set to evaluate the model
inside the calibration area (see Training and evaluation data
sets). The western part of Switzerland outside of the
calibration area was used to evaluate the model in a spatially
separated area. To test the influence of sample size on the
model quality, we derived additional sub-samples from the
mx8 data set ranging from 111 up to 25,471 pixels, based on
the same regular grid sampling by increasing the re-
sampling distance in both x and y directions of the grids.
All of the above described sampling schemes are based on
MODIS data for 2001.

In order to test the potential of topography related
variables for improving the model calibration, we used a
digital terrain model from the Federal Office of Topography
with 25 m grid size. From this terrain model, we derived
elevation, slope and aspect, as well as potential global
radiation. The latter variable was generated using the
method of Kumar et al. (1997) for potential direct and
diffuse radiation. For testing the effects of leaf phenology
and meteorology upon the model quality, we generated a
data set of the monthly average cloud cover fraction for
Switzerland, using a set of 25 climate stations across
Switzerland from daily data for the 2 years of 2001 and
2002. Based on these station data, we generated 24 monthly
maps of average cloud cover fraction for the study area.
Subsequently, we generated 24 monthly models (covering
the years 2001 and 2002) using the seven bands and NDVI
values as independent model parameters to further evaluate
the effect of seasonality and the yearly differences on the
resulting model quality.

2.3. Training and evaluation data sets

A training data set is required to calibrate the model and
an evaluation data set is used to independently test the
accuracy of the model. Both data sets represent response
variables in our models. Here we used data from high-
resolution satellite imagery for Switzerland. An existing
Swiss forest map, based on 11 Landsat-5 TM images dating
from 1990 to 1992, was used. It covers an area of nearly
45,000 km? and all images were collected between 14th July
and 15th September. This high resolution forest map was re-
projected to UTM coordinate system with the WGS 1984
datum (Zone North 32) used in the calibration. The forest
map-available through the 100 m resolution GEOSTAT data
package from the Swiss Federal Office of Statistics
(Bundesamt fuer Statistik, 2001)—contains four different
forest classes based on leaf morphology. The classes
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include: (1) broadleaf, (2) needleleaf, and mixed forests with
predominantly (3) needleleaf, or (4) broadleaf trees. The
average error of the map is 8.2%, which is comparable with
the training data used by Hansen et al. (2002).

A linear regression model calibrated with tree cover
information from forest inventory data (originating from
1992 to 1995) was used to convert the forest cover map into
a spatial representation of tree cover per forested pixel. For
areas not classified as forests, we used the “Swiss Areal
Statistics 92/97”, available within the same GEOSTAT
package to convert all pixels containing tree vegetation.
To do so we applied the following rules: “Hedges” and “tree
islands” were classified to 40% tree cover; fruit yards—
30%; backyards of residential areas—15%; recreational
areas (camping and golf yards, cemeteries, public parks)—
15%. This approach is very similar to the methods used by
DeFries et al. (1998) for converting different land cover
types into tree cover fractions. The resulting tree cover
values range between 0 and 95%. This 100 m grid was then
aggregated to the resolution of the MODIS MODO09 (500 m)
data, resulting in a data set with more than 150,000 pixels
for calibration and testing. This data set was further split
spatially into two parts: (1) the western part (8083 km?)
serves as reference data to evaluate the model in a spatially
separated region and (2) the eastern part (33,322 km?)
serving partly as training data (1/9th of pixels for the
standard model) to calibrate the model and partly as
evaluation data (remaining pixels not used for calibration)
to test the model accuracy. The resulting tree cover fractions
are unevenly distributed (Fig. 2), following a Poisson like
distribution. Specifically, low cover fractions are predom-
inant. The averaged fractional cover in the evaluation area is
slightly higher than in the calibration area (25% versus
23%) mostly due to a lower number of pixels with no or
very low tree cover in the evaluation area (high-alpine
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regions). The fact that this data set is 10 years old is not a
severe limitation, since a federal law in Switzerland enforces
the maintenance of the spatial extent of the forests,
prohibiting the conversion of forests into other land cover
types. Additionally, there is a strict fire suppression strategy,
and a low intensity of timber harvesting (no large area clear-
cuts). The only major causes of forest cover change are wind
throw, and forest expansion due to land abandonment.
Though, we expect that a model would be slightly better, if
calibrated with more modern training data.

The final, regionally optimized model of tree cover
fraction was evaluated at the native resolution of 500 m
against the reference data. Additionally, we re-sampled the
data set to a spatial resolution of (1) 1 km and (2) 3 km in
order to compare our data set with available global data sets,
one of which is only available at a resolution of 1 km. In
order to reduce the effect of differing resolutions, we
perform the comparison only at coarser resolutions.

2.4. Available global data sets

Up to the present, two global data sets containing the
estimated fraction of tree cover are available, both from the
University of Maryland. We do not intend to thoroughly test
these data sets. Rather, we aim at comparing our results
from a regionally optimized GLM model of tree cover
fraction with the only available similar data sets for
reference. Available global data sets are:

(1) The NOAA-AVHRR vegetation continuous fields
(called AVHRR-VCEF, thereafter) product is based on
data from the Advanced Very High Resolution
Radiometer (NOAA-AVHRR). The data were
acquired in 1992-1993 at a 1 km spatial resolution
and processed under the guidance of IGBP (Eiden-
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Fig. 2. The frequency distribution for the fractional tree cover based on the evaluation and calibration area, follows a Poisson distribution.
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shink & Faundeen, 1994). The resulting continuous
field products include (a) tree cover, (b) leaf type and
(c) leaf longevity. The procedure for deriving the
continuous fields of vegetation characteristics is fully
explained in DeFries et al. (1999).° The statistical
method used is a linear mixture model. A set of 156
Landsat Multispectral Scanner data was used to train
the linear models for vegetation characteristics, which
allows estimation of the endmember values (DeFries
et al., 1998). Constrained by the algorithm the fraction
of tree cover ranges between 10% and 80% for each
pixel. In order to enable a direct comparison with the
other data sets used we re-projected the data set to the
UTM coordinate system with WGS 1984 datum
(Zone North 32) used in this study.

(2) The TERRA-MODIS Vegetation Continuous Fields
product MOD44 (called MODIS-VCEF, thereafter)
contains estimates of percent tree cover as developed
from globally distributed, high-resolution training
data. A regression tree model was used to link the
MODIS MODO09 500 m reflectance data to the
training data and phenological metrics. In order to
span the tree cover values within each regression tree
class, a linear least-squares regression model was
calibrated within each class (Hansen et al., 2002).
These linear models are then applied to all pixels that
belong to the respective terminal nodes of the
regression tree. By doing this, the predicted tree
cover variable ranges continuously from 0 to 100%.
The MOD44 product is assigned for estimating the
fractional cover of: (a) life form (proportion of
woody vegetation, herbaceous vegetation, or bare
ground), (b) leaf type (proportion of woody vegeta-
tion that is needleleaf or broadleaf), (c) leaf longevity
(proportion of woody vegetation that is evergreen or
deciduous). The first release of the MODIS Vegeta-
tion Continuous Fields product (MODA44) is available
for download since January 2003. This version
contains the percent tree cover layer with other
layers to follow in a later release. This product was
generated from monthly composites of 500 m
resolution MODIS data. The MODO09A1 surface
reflectance 8-day composites were used as inputs to
the 32-day composites. Compositing was based on
the second darkest albedo to remove clouds and
cloud shadow. All seven bands were used to derive
metrics for the calculation of the percent tree cover
with emphasis given to bands 1, 2, and 7 (Hansen et
al., 2003). We re-projected this data set to UTM
coordinate system with WGS 1984 datum (Zone
North 32) used in this study.

3 We downloaded the product from the Global Land Cover Facility of the
University of Maryland, accessible through: http://www.glcf.umiacs.umd.
edu/data/.

Prior to comparison with the optimized GLM-based
model, both data sets were re-sampled to a spatial resolution
of (a) 1 km and (b) 3 km to enable a direct comparison. The
re-sampling was intended to reduce spatial registration
uncertainties and to minimize the point spread function
effects (Huang et al., 2002).

2.5. Statistical model development

The basic idea of GLM is a generalization of the linear
(=ordinary least-square regression) model described by
McCullagh and Nelder (1989). In its simplest form, a linear
model specifies the curvilinear relationship between a
response variable ¥, and a set of explanatory variables X;,
so that

Y=by+b:Xi+bXo+ ... + b X+ ¢ (1)

where b is the regression coefficient for the intercept and
the b, values are the regression coefficients for the
explanatory variables 1 through k, computed between
training data and a set of explanatory variables X (where
X may be linear or of higher power), and ¢ is the error term.

For most data analysis problems, using least-square
regressions of the linear model family is adequate to test
or explain the importance of explanatory variables upon the
observed dependent pattern. However, there are relation-
ships that cannot adequately be summarized by ordinary
least-square regressions, for two major reasons: (1) a
bounded or non-normally distributed response variable, or
(2) a binomial, multinomial, or ordinal multinomial (i.e.,
contain information on ranks only) instead of continuous
response variables may exist (Lindsey, 1997; Venables &
Ripley, 1999). GLM models can cope with a larger range of
modeling problems by providing a number of model
families (Binomial, Poisson, etc.), including the general
least-square regression as a special case (Dobson, 2002;
Green & Silverman, 1994; Guisan & Zimmermann, 2000).

We selected the binomial model family—also termed logit
regression—to build our model in Splus (Insightful, 2001).
This is the appropriate model family for a binomially
distributed and bounded (between 0 and 100%) response
variable. The converted and aggregated national tree cover
map was used as the response variable. All basic statistics of
the seven 500 m MODIS bands and the NDVI per pixel for
the months used in the respective data sets (mx2 to mx12)
were included as explanatory variables to calibrate the
model. These included: (1) the minimum, (2) the maximum,
(3) the range, (4) the average and (5) the standard deviation
among all months used, resulting in a set of (5x8=) 40
explanatory variables. For the monthly data sets and models,
we used the seven bands plus NDVI as predictive variables
directly, since no summary statistics can be derived from a
single band value per month. We built a full GLM model
containing all possible explanatory variables. All powers up
to the second order but no interactions were included in this
model. A stepwise variable selection—allowing both back-


http://www.glcf.umiacs.umd.edu/data/
http://www.glcf.umiacs.umd.edu/data/
http://www.glcf.umiacs.umd.edu/data/

434 M. Schwarz, N.E. Zimmermann / Remote Sensing of Environment 95 (2005) 428—443

ward and forward selection—was applied thereafter, in order
to optimize the final model. The stepwise model optimiza-
tion is based on the Akaike’s Information Criterion (AIC).
We use the D? value (percent deviance explained) to
evaluate the model fit, calculated as (Null.Devian-
ce—Residual.Deviance)/Null.Deviance, where the Null.De-
viance is the deviance of the model with the intercept only,
and the Residual.Deviance is the deviance that remains
unexplained after all final variables have been included.
This is equivalent to the R® of a linear least-squares
regression model.

For purpose of comparison we developed a regression
tree model using the same calibration and training data. Tree
based models provide a flexible alternative to linear
regression problems. The models are fitted by binary
recursive partitioning whereby a data set is successively
split into increasingly homogeneous subsets until it is
infeasible to continue (Venables & Ripley, 1999). We
implemented the model in Splus (Insightful, 2001), and
the algorithms used are described in Clark and Pregibon
(1993). First, we fitted an initial tree with a minimum of
three observations per terminal node. In order to reduce
overfitting of such trees, we applied a repeated 10-fold
crossvalidation procedure (Breiman et al., 1984). At each
crossvalidation run, the training data is split randomly into
10 groups, where 90% of the data are used to optimize the
node splits, while the left out 10% are used to test the error
rate (deviance) at each node. Once each tenth is left out and
used for validating once, the overall 10-fold crossvalidation
output allows to determine the optimal number of tree nodes
to prune the tree where deviance is minimized. We repeated
this step nine times and determined the average optimal tree
node for pruning, since each random split of one 10-fold
crossvalidation results in a different optimal number of
nodes. The final tree model used for comparison was
subsequently pruned by the optimized node number beyond
which the model could not improve further as seen from the
repeated crossvalidation.

2.6. Model evaluation

The evaluation of the simulated continuous tree cover
fraction against the reference data was performed using
several statistical measures, namely: (1) the mean absolute
error (MAE, see Eq. (2)), (2) the bias, (3) the correct
classification rate (CCR), and (4) the weighted kappa (K,
see Egs. (3)-(6)). Measures 3 and 4 were calculated based
on a confusion matrix with the continuous dependent
variables aggregated to strata of 25% width.

The calculation of the mean absolute error (MAE) of the
simulated map compared to a reference map can be denoted
as follows:

Z 1 Z(xi) = Zxi)

MAE == 2
, (2)

where, Z(Xi) is the reference value at a given location i,
Z(xi) is the estimated value. MAE is an overall measure
expressing the average of the pixel-by-pixel errors irrespec-
tive of their sign. The bias, on the other hand, is the mean of
the error, thus emphasizing over- and underpredictions. The

overall correct classification rate (CCRo) of a target map
compared to a reference map is the sum of the diagonal

terms of the confusion matrix of 7 strata and is equivalent to
the overall accuracy. CCR; is the accuracy of a given
stratum, and is equivalent to the producer’s accuracy
(diagonal term of the ith stratum divided by the sum of
the ith column).

The kappa coefficient (x), introduced by Cohen (1960),
allows one to test if the agreement between a target map and
a reference map is significantly better than by chance given
the proportional numbers per stratum. The measure can be
derived from the same i Xi confusion matrix, with i nominal
classes. The weighted kappa coefficient (k) is an extended
measure of the Cohen’s kappa (Cohen, 1968; Fleiss et al.,
1969). It can be used to weight the disagreements between
simulated and reference map strata. x, is given by Eq. (3):

_ Pow) = Pe(w)
Ky = 1_7% (3)
using
Powy = > > wiPy (4)
i J
and

Pe(w) = Z ZWUP iPj (5)
i

where the weights w;; are computed emphasizing the
difference between the simulated (/) and the observed (i)
fraction of tree cover per pixel (Eq. (6), where r stands for
the value of the stratum with the highest cover fraction),
thus weighting the degree of error in the confusion matrix
and penalizing large disagreements (Cicchetti & Allison,
1971). This is a more appropriate measure for testing our
predictions, since the degree of error can be addressed. A
resulting value of 1 for x,, indicates a perfect agreement,
while a value of 0 describes agreement no better than by
chance.

i —J|
=1 — 6
Wij |I"—1| ( )

3. Results

We first describe the model calibration and the model
evaluation of an optimized GLM model for predicting tree
cover continuous fields. The optimized GLM-based model
uses statistical derivatives of the seven monthly 500 m
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MODIS reflectance bands (plus monthly NDVI) of the eight
best months, pixel by pixel. A total of 11,298 training pixels
located in eastern Switzerland were used to calibrate this
model. Next, we describe results from a series of model
optimization procedures, aimed at testing the impact of
various factors that may have an effect on the model
accuracy. Finally, we summarize the results of a comparison
of our regionally calibrated model with available global data
sets at spatial resolutions of 1 km and 3 km.

3.1. Model description

An example of the model, its accuracy, and a comparison
with the training data is given in Fig. 3. The parameters of
the model are listed in Appendix A. Tested in the spatially
separated evaluation region the GLM-mx8 model over-

fractional tree cover

0-10%

Table 1
Statistical performance measures for the model GLM-mx8 in the evaluation
and in the calibration area (excluding all pixels used for model calibration)

Evaluation area Calibration area Combined
Total area (km?) 8083 29,620 41,405
Total forest (km?) 2045 6808 9702
Pred. forest (km?) 2134 6640 9808
Bias 4.4% —2.5% —1.2%
MAE 10.3% 9.0% 9.1%
CCR, 0.699 0.723 0.718
Ky 0.908 0.9154 0.914

estimates the tree cover by 4.4% (Table 1). The model
results in a CCR,, of 0.70 and an MAE of 0.103 (an error of
10.3% tree cover on average), while k,, is 0.91 (Table 1).
The associated confusion matrix (Table 2) presents the
accuracies of the individual cover strata. Highest accu-

3 absolute error
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Fig. 3. Transect through Switzerland from North to South. (a) Fractional tree cover map based on the Swiss forest map and forest inventory data at a spatial
resolution of 100 m used as training and evaluation data (OBundesamt fiir Statistik, GEOSTAT, CH-2010 Neuchatel), (b) the fractional tree cover prediction of
the GLM-mx8 model (at a spatial resolution of 500 m), (c) absolute error of the GLM-mx8 model (calculated on the basis of a and b) draped over the shaded
terrain model, (d) the fractional tree cover prediction of the regression tree model (at a spatial resolution of 500 m) and (e) absolute error of the regression tree

model (calculated on the basis of a and d) draped over the shaded terrain model.
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Table 2
Confusion matrix for the model GLM-mx8 reclassified to strata of 25% for the evaluation area
Reference
<25% 25-50% 50-75% 75-100% Sum
GLM-mx8 <25% 16,466 1383 280 27 18,156
25-50% 2686 3023 1611 324 7644
50-75% 323 1461 2877 1530 6191
75-100% 1 9 90 243 343
Sum 19,476 5876 4858 2124 32,334
CCRj), 84.5% 51.4% 59.2% 11.4% 69.9%

racies are obtained for the cover stratum 0-25% with an
individual CCR; of 0.85 followed by the stratum 50-75%
with 0.59. For the other cover strata the individual CCR;
ranges between 0.51 (25-50%) and 0.11 (75%—100%).
Within the calibration area the GLM-mx8 model under-
estimates the tree cover by 2.5% with an MAE of 0.09.
The CCR, reaches 0.72 and the x,, 0.92. The associated
confusion matrix (Table 3) gives details about the
accuracies of the individual cover strata. Highest accu-
racies are again obtained for the cover stratum 0-25%
with an individual CCR; of 0.88 followed by the stratum
25-50% with 0.53. For the other cover strata the
individual CCR; ranges between 0.48 (50-75%) and
0.12 (75-100%). The overall accuracy of the model
within the combined evaluation and calibration area is
almost identical, since the model performs similarly
within both regions (Table 1). The difference in model
accuracy between evaluation and calibration area is only
0.013 (=1.3%) for MAE.

When assessing errors more in detail along the tree
cover axis, we see only slight differences in the
prediction accuracies between the calibration and evalua-
tion areas (Fig. 4). The MAE of fractional cover of the
GLM-based mx8 model tends to be stable below 60%
tree cover, but then increases above this number. Also,
the bias of the simulated tree cover is similar for both the
evaluation and the calibration area (Fig. 5). Again both
curves show the same characteristics and generally
overpredict low fractional tree cover, and underpredict
high observed cover fractions. However, the relative error
is comparably high at low cover. Additionally, the low
bias overall will not cancel out equally, if e.g., the model
is applied to a sparsely vegetated area where the mx8
model tends to overpredict generally. The model can thus

be considered optimized for the forest cover of the
European Alps.

3.2. Comparison with the regression tree model

When comparing the GLM model with the regression
tree model, we were interested in testing the effect of
sample size on model accuracy (MAE). By this, we
aimed at testing if the GLM model is similar or better
compared to the tree-based model, and if sample size
has an influence on the order of the two models. Fig. 7
demonstrates that the achieved accuracies for the GLM
model are better throughout compared to the regression
tree model. The only exception is for very small sample
sizes (<200), where the absolute difference between the
two models slowly increase with the reduction of the
sample size. Additionally, the differences in the accu-
racies tested in the calibration compared to the
evaluation area are generally smaller for the GLM
models.

3.3. Model optimization

Here, we present model optimization and sensitivity
analyses. First, we were interested in testing the impact of
the number of months required to accurately predict
fractional tree cover. The results of the six derived data
sets (mx12, mx10, mx8, mx6, mx4 and mx2) reveal that
even with a minimum of two (best) months of MODIS
MOO09 data, we obtain satisfactory results (Fig. 6). Rather,
using too many months (e.g., all 12 months)-instead of
using the best n months only-reveals inferior results.
Compared to the mx8 model, only the mx2 model differs
significantly at the 0.99 confidence level. However, using

Table 3
Confusion matrix for the model GLM-mx8 reclassified to strata of 25% for the calibration area (excluding all pixels used for model calibration)
Reference
<25% 25-50% 50-75% 75-100% Sum
GLM-mx8 <25% 65,199 6373 1141 63 72776
25-50% 7808 11,690 7097 1111 27706
50-75% 796 3861 8049 4103 16,309
75-100% 15 66 377 731 1189
Sum 73,818 21,990 16,664 6008 118,480
CCRyjo 88.3% 53.2% 48.3% 12.2% 72.3%
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Fig. 4. Mean absolute error (MAE) ranges of fractional tree cover for the model GLM-mxS8 in the evaluation and calibration area (excluding all pixels used for

model calibration).

the best 2 months only, still results in a regional model that
is superior to those obtained from global data sets (see
Table 1 for comparison with MAE values). The model
using data from the 4 (best) months (mx4) results in very
comparable prediction accuracies with respect to MAE,
and the model does not differ significantly from the mx8
model (p=0.21).

Next, we were interested in testing the effect of sample
size on model accuracy (MAE). Fig. 7 shows that the
accuracy decreased considerably when using less than 500
pixels for model calibration (p<0.01). However, sample
sizes higher than 1000 pixels did not differ significantly
from the standard mx8 model with respect to the resulting

MAE. The number of 1000 training pixels corresponds to
=0.7% of the training data set used for the mx8 model.

Analyzing the effect of adding topographic-variables
reveals that the quality of the model can be improved
significantly (p<0.01) by using elevation and slope as
additional predictors. As a result, model quality (D?)
increases from 0.71 to 0.73, while the MAE of the
calibrated model decreases slightly from 0.10 to 0.0975.
The resulting k., increases to 0.92 compared to 0.91
without topographic variables, and the CCR, increases
from 0.70 to 0.72. The variables aspect and annual
potential direct and diffuse radiation did not improve the
model significantly (p=0.67).

0.2

0.1
%0

R %o,
@ =] ¢ w%gog .,‘”omA
S 3 >
o %0(900 3 .
NS
— N ol
cl)' | %000%
0(’9’”0’ *
EENE X
XX O
o Cont
S ) @&,
" « evaluation area 3&0)800
o calibration area %
™ e
o 7 S
' T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

fraction of tree cover (reference)

Fig. 5. Bias of the model GLM-mx8 for the evaluation and calibration area (excluding all pixels used for model calibration).
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Fig. 6. The effect of the number of months used for model calibration on model accuracy (MAE).

Finally, we were interested in testing how the pheno-
logical state (seasonality) of vegetation affects the model
quality. For this purpose, we tested the performance of
single month models of the years 2001 and 2002. For
evaluation, we compared the resulting D? values of the
respective models, indicating the quality of the model fit
with respect to the training data. Generally, the summer
months produce models of higher quality than the winter
months when snow cover is high, haze reduces the
atmospheric transmittance, and foliage is absent. Addition-

ally, it becomes evident that for the year 2002, the monthly
models did not reach the quality of the best months in
2001. We found that the monthly average of the fraction of
clear-sky (inverse of percent cloud cover) correlates highly
with the monthly D? sequence across the 2 years (Fig. 8).
The resulting correlation between clear-sky fraction and
model quality is R=0.66 when using all months, and
R=0.85 when excluding the winter months (December to
February) from the analysis when broadleaf trees have
dropped their leaves.
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Fig. 7. Effect of sample size on model accuracy (MAE) tested on the independent evaluation data set (open symbols) and within the calibration area (closed
symbols) for the GLM model (circles) and the regression tree model (triangles). The sample size for the standard model (mx8) calibrated in this analysis is

indicated by a bold circle.
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Fig. 8. Effect of seasonality (phenology) and average monthly clear-sky fraction on model fit (D?). The average monthly fraction of clear-sky is calculated from
25 climate stations across Switzerland covering the whole area used for model calibration.

3.4. Comparison with other data sets

In addition to assessing model accuracy and optimi-
zation we were interested in comparing our standard
GLM-mx8 model with similar maps, namely the global
MODIS-VCF and AVHRR-VCF products. We were
interested to see whether our regional model performs
at least as well as other existing products. This was not
done to test these other models, but instead to test the
usability of the GLM-mx8 model. We evaluated the three
products at the combined test site (evaluation and
calibration area).

The derived accuracy measures are summarized in
Table 4. At a spatial resolution of 1 km the GLM-mx8
model underestimates the tree cover by 1.5%. The model
results in a CCR,, of 0.79, a MAE of 0.07, and a x,, of
0.94. The MODIS-VCF data set overestimates the cover
fraction by 72.2% and achieved a CCR, of 0.52. The
associated MAE is 0.19, while «,, is 0.82. The AVHRR-
VCF data set overestimates the fractional tree cover by
41.2% and achieved a CCR, of 0.50. The MAE is 0.20,
while k., is 0.81. At a spatial resolution of 3 km the GLM-
mx8 model underestimates the tree cover by 1.9%. The

Table 4

model results in a CCR,, of 0.87, an MAE of 0.04, and a
Ky of 0.96. The MODIS-VCF data set overestimates the
cover fraction by 73.4% and achieved a CCR, of 0.49.
The associated MAE is 0.17, while x, is 0.82. The
AVHRR-VCF data set overestimates the fractional tree
cover by 41.9% and achieved a CCR,, of 0.55. The MAE
is 0.15 and «,, is 0.85.

4. Discussion

The results show that the GLM-mx8 model using
11,298 training pixels resulted in comparably high
accuracies for both the evaluation and training areas.
Figs. 4 and 5 show that the error of the GLM-mx8 model
tends to be higher at higher observed cover fractions,
with similar characteristics for both the evaluation and
calibration areas. This may be the reason for the slightly
higher MAE in the evaluation area, where more pixels
with high fractional tree cover occur. The comparison
between the GLM-mx8 model and the Swiss tree cover
map shows a high spatial agreement (Fig. 3), even though
the landscape- and forest-patterns are highly fragmented.

Statistical performance measures for the model GLM-mx8, the global data sets MODIS-VCF and AVHRR-VCEF at a spatial resolution of 1 km and 3 km for the

entire test region (combined evaluation and calibration area)

1 km resolution

3 km resolution

GLM-mx8 MODIS-VCF AVHRR-VCF GLM-mx8 MODIS-VCF AVHRR-VCF
Total area (km?) 41,396 41,396 41,396 41,508 41,508 41,508
Total tree cover (km?) 9688 9688 9688 9612 9612 9612
Pred. tree cover (km?) 9540 16,680 13,684 9432 16,668 13,644
Bias —-1.5% 72.2% 41.2% —1.9% 73.4% 41.9%
MAE 0.066 0.194 0.196 0.039 0.174 0.152
CCR, 0.786 0.521 0.501 0.869 0.486 0.549
Ky 0.939 0.815 0.809 0.963 0.817 0.852
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Further, the visual exploration of the error map reveals that
fractional tree cover is generally overestimated in steep
slopes of northern exposure, while likely to be under-
estimated in slopes of southern exposure (see northern parts
of Fig. 3). This might be an effect of shadows on the
model—an effect that is not directly captured by the
parameters slope, aspect and elevation which we tested for
model optimization. Also, the differences in the phenological
development between north and south facing slopes might
additionally affect the distribution of errors. Generally, the
stationarity of the spatial error distribution and the same high
accuracy for the evaluation and calibration area shows that
the resulting model can be considered robust. Thus we
conclude that GLM offer a simple, yet accurate method to
calibrate vegetation continuous fields.

The additional models (mx12, mx10, mx8, mx6, mx4,
mx2) reveal that the best results were achieved with the mx8
model. Fewer input-months resulted in a poorer quality of
the resulting model. However, the decrease in accuracy
becomes only statistically significant when using less than 4
months. The decreasing number of used months indicates a
reduced representation of the phenological characteristics of
a land pixel. On the other hand, the slightly reduced
accuracies for the mx10 and mx12 models indicate that the
presence of snow during the winter season has a negative
effect upon model quality.

Surprisingly, comparably accurate models can be
calibrated from relatively few training pixels (Fig. 7).
This is very promising for using such regional models for
rapid and accurate change detection. Such rapid detection
is not easy to obtain from high resolution, precise
regional data. A significant reduction in model accuracy

only occurred when we used less than 1000 training
pixels, which corresponds to less than 0.7% of the total
training data set used. This is consistent with experiences
made in predictive habitat distribution modeling (see
Guisan & Zimmermann, 2000 for a review), and it
further indicates that the calibrated model can be
considered robust.

The comparison with the regression tree models show
that in our study the GLM models revealed constantly
better accuracies. As mentioned in the results the differ-
ences between calibration area and evaluation area are
constantly smaller for the GLM model. This indicates that
the extrapolation of the GLM model to other alpine areas
is more reliable from GLM models compared to tree based
models. The reduced accuracy is most likely an effect of
the discretization, where several differing band combina-
tions result in the percent tree cover, where the GLM
model predicts gradual changes. The method by Hansen et
al. (2002) used to generate the MOD44 product overcomes
this by applying a second (linear regression) model step to
the pixels within each terminal node, thus spanning the
clustered endmembers to a more gradual prediction.

The model calibration of individual months demon-
strates two important characteristics: (1) due to pheno-
logical constraints, models of the summer period (April to
October) proved to be superior, and (2) the individual
monthly models correlated highly with the clear-sky
fraction (Fig. 9), especially during the summer months.
In the winter months, when the vegetation is not (well)
developed and the surface is partially or entirely covered
by snow, resulting model qualities are reduced. During
the summer months, resulting model qualities are much
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Fig. 9. Plot between the model fit (D?) and average monthly clear-sky fraction. The correlation coefficient (r) between clear-sky fraction and model fit is
r=0.66 for all months and »=0.85 (fit shown), when the winter months (December to February) are excluded from the analysis.
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higher, and they correlate well with the clear-sky
fraction—the inverse of the cloud cover fraction—for the
calibration period. This indicates the importance of a high
number of cloud free days per pixel to achieve a good
model quality. If there are too many cloudy days the 8-
day composites of the MODO09 products are not likely to
map the true vegetation state. The D> of the best
individual months model (August 2001) is 0.63. This is
a very good model quality, when compared to the mx8
model with a D? value of 0.72. From this we learn that a
comparably short period of cloud-free weeks can be
sufficient to monitor the fractional tree cover efficiently.
The fact that relative air humidity or vapor pressure
deficits did not have a significant effect upon the model
quality indicates efficient atmospheric correction. Most
likely, the model could be further improved by rigorously
using the quality flags on cloud and atmospheric
conditions for masking optimal pixels for model calibra-
tion. This seems especially important when calibrating
large areas, where atmospheric conditions vary consid-
erably across such spatial scales.

The MODIS-VCF and AVHRR-VCF classifications
generally overestimate tree fractional cover in the
complex topography of the European Alps. For the
study area, the accuracies revealed for both spatial
resolutions analyzed significantly lower accuracies com-
pared to the regionally calibrated GLM model. The
possible sources for these differences are: (1) the training
(response) data used, (2) spatial uncertainties, (3) the
algorithm wused, or (4) used explanatory variables
(calibration). We do not further evaluate possible sources,
since we did not aim at testing these models, nor
comparing the algorithms. However, from our optimiza-
tion exercise we learned that the quality of the
explanatory variables (here MODO09) and the quality of
the response variables used play a crucial role for the
resulting model accuracy. This may be especially true for
temporally composited layers.

5. Conclusion

As several prior efforts have shown (DeFries et al.,
1999; Hansen et al., 2002, 2003), vegetation continuous
fields provide a useful and promising alternative to the
traditional discrete classification approaches. The reduc-
tion in thematic resolution and in the spatial distribution
of information is minimal at this low spatial resolution
compared to other data sets and models at higher spatial
resolution (e.g., Landsat TM). As a consequence, this
method offers a sound approach to detect land cover
change. Since a high temporal resolution increases model
accuracy (Fig. 6), TERRA-MODIS or NOAA-AVHRR
offers an optimal source for rapid change detection.
Generalized linear models are easy to calibrate and
showed high model accuracy. The statistics applied is

well suited for deriving fractional tree cover at the scale
of the European Alps, revealing better results than from
regression tree models. GLMs are well able to handle
nonlinear relationships present in the training data set.
The method seems to be robust since an equally high
accuracy was achieved for both the evaluation and
calibration areas. Thus, this model can be applied to a
spatially separated area in the context of the European
Alps. Our analysis of the model showed that even with a
small number of training pixels (=1000) good results
were achieved and that topographic variables can improve
the quality of the model as well. Furthermore, we
conclude that the method is robust with respect to the
number of months used for calibration. However, and this
is likely true for other statistical methods as well, careful
attention should be given to periods with low clear-sky
fractions when composited data sets are used. Also, the
winter months do not provide significant information for
mapping fractional tree cover.

In contrast to the investigated global data sets, which
use worldwide training data for model calibration
(MODIS-VCF and AVHRR-VCF), and hence are designed
for continental to global applications, we optimized the
model at the regional scale of the European Alps with
training data characteristic solely of the investigated area.
The differences between data sets are the result of different
factors like training data, predictor layers, spatial uncer-
tainties and algorithm. For sustainable use, optimal
management and for large scale monitoring and modeling
of these Alpine terrestrial habitats, it is critical to first
obtain homogeneous, consistent and as far as possible,
highly accurate information across national borders. While
both global data sets offer similar quality and ideal tools
for continental to global applications, it seems obvious that
for certain regional applications where high accuracies or
rapid change detection may be required, a regionally
calibrated model will be a more appropriate instrument. In
accordance with Hansen et al. (2002, 2003), we conclude
that the improved spatial characteristics of MODIS data
result in more accurate predictions compared to AVHRR-
VCF based maps, not only at the global, but also at the
regional scale.
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Appendix A

The GLM-mx8 model was calibrated with the constant
term=—35.411e+00. The additional model parameters are
listed below. Note that these are GLM output parameters.

In order to predict fractional tree cover based on the
calibrated parameters, the resulting function has to be
converted to the original scale using the inverse of the
logit-link function [i.e., Cover fraction=exp(f(x))/(1+exp
(]

NDVI Bl B2 B3 B4 B5 B6 B7

Ave —7.453e—03 8.631e—03 —2.408e—04 3.408e—03 —1.606e—02 —3.985e—04 4.668¢—03 —4.482¢—04
Ave’? 1.755e—05 1.523e—07 —3.457e—-07 —1.737e—07 9.174e—07 5.648e—07 —1.341e—06 1.970e—08
Max 4.553e—02 —9.566e—04 —4.154e—04 —1.393e—05 1.881e—03 1.288¢—04 —5.022e—04 3.353e—04
Max? —3.738e—06 —4.460e—08 6.410e—08 —6.910e—08 2.390e—08 —4.430e—08 7.210e—08 —1.119e—07
Min —4.173e—02 - - - - - - -

Min® 2.868¢—07 - - - - - - -

Range —4.391e—0.2 - - - - - - -

Range? —2.044e—06 - - - - - - -

Std 1.531e—02 - - - - - - -

Std” 8.238e—06 - - - - - - -
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