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The ability to map vegetation and in particular individual trees is a key component in forest management
and long-term forest monitoring. Here we present a novel approach for mapping individual tree species
based on ensemble modeling, i.e. combining the projections of several modeling techniques in order to
reduce uncertainty. Using statistical modeling in conjunction with high-resolution aerial imagery
(50 cm spatial resolution) and topo-climatic variables (5 m spatial resolution), we map the distributions
of six major tree species (3 broadleaf and 3 conifers) in a study area of North-Eastern Switzerland. We
also compare the relative predictive power of both topo-climatic and remote-sensing variables for map-
ping the spatial tree patterns and assess the importance of calibration data quality on model perfor-
mance. We evaluate our projections using cross-validation as well as with independent data. Overall,
the evaluations that we obtain for our vegetation maps are in line with, or higher than, those in similar
studies. Depending on the considered tree species, 47.8–85.6% of our samples were correctly predicted,
and we obtain an overall CCR (correct classification rate) of 0.72 and a Cohen’s kappa of 0.65. Comparing
the predictive power of the different modeling techniques, we find that ensemble modeling (i.e. combin-
ing the projections of different individual modeling techniques) generally performs better than individual
modeling techniques.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction

Vegetation mapping is often of prime importance in monitoring,
protection and restoration programs, and has therefore been the
focus of many remote sensing applications (Xie et al., 2008). One
particular aspect of vegetation mapping is the identification and
classification of individual tree species. Being able to identify and
geo-localize individual species provides useful data not only for
forest management and long-term forest monitoring (e.g. Lorenz,
1995; Zweifel et al., 2010; Graf Pannatier et al., 2010; Dobbertin,
2009; Thimonier et al., 2010), but also for other application such
as biodiversity assessment and conservation planning (Ferrier,
2002; Kukkala and Moilanen, 2013), or ozone risk assessment
(Emberson et al., 2001; Büker et al., 2011). This latter is because
sensitivity to tropospheric ozone is not only dependent on ozone
exposure, microclimate and site conditions, but also on species
specific, physiological and morphological, characteristics
(e.g. Schaub et al., 2005). Therefore, high spatial resolution vegeta-
tion mapping is of prime importance for resource management and
conservation. More generally, the mapping of individual tree
species at high resolution is the first stepping-stone for making
use of species-specific data such as carbon- and water-balance,
sap-flow, micro-climate or transpiration in spatially explicit model
parameterization, calibration, and validation (e.g. Etzold et al.,
2011).

During the 1980s and 1990s, mapping and classification of
individual tree species was based on the interpretation and
mapping of aerial photographs. Methods have also been devel-
oped to identify individual tree crowns (Wulder, 1998). Over the
last decade, high spatial resolution data (pixel size of one meter
or less) became increasingly available, opening a new round of re-
search on classifying tree species at the individual tree level
(Brandtberg, 2002; Key et al., 2001; Erikson, 2004). Such informa-
tion is increasingly needed to assess biodiversity effects and to
map ecosystem services or landscape functions. Digital airborne
data have facilitated new opportunities for tree species classifica-
tion since the digital devices are considered to be spectrally and
radiometrically superior to analogue cameras (Petrie and Walker,
2007). The data are recorded by frame-based sensors, e.g. Z/I DMC
(Olofsson et al., 2006), Ultracam (Hirschmugl et al., 2007) or
line-scanning sensors, e.g. ADS40/ADS80 (Waser et al., 2010,
2011; Waser, 2012). Complementary to spectral imagery,
high-resolution airborne laser scanning (ALS) has become an
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operational tool in the last decade, which has rendered the
classification of individual species more feasible (Brandtberg,
2007; Ørka et al., 2009; Heinzel and Koch, 2011). Airborne hyper-
spectral imagery has also been found to produce high accuracies
for identifying individual tree species (e.g. Aspinal, 2002; Leckie
et al., 2003, 2005; Boschetti et al., 2007; Jones et al., 2010). For
instance, in a recent study, Dalponte et al. (2013) obtained up to
96% producer accuracies when mapping conifers in Norwegian
boreal forests.

An alternative to the use of remote-sensing based variables for
carrying-out projections of species distributions is the use of
topo-climatic variables (e.g. temperature, rainfall, slope, solar
radiation, soil water balance). Such variables have been used
abundantly in the field of species distribution modeling, where
spatial projections of the ecological niche of species (i.e., habitat
suitability conditions) are constructed by statistically relating
species observations (presence/absence or abundance) to environ-
mental predictor variables (see Guisan and Zimmermann, 2000;
Guisan and Thuiller, 2005 for a review). However, species
distribution models have generally not been used to map
individual trees but rather to predict habitat suitability conditions
at a given site (e.g. Engler et al., 2004; Randin et al., 2006). To
date, relatively few efforts have been made to combine remote-
sensing data together with topo-climatic variables in order to
map vegetation (e.g. Zimmermann et al., 2007), and none to our
knowledge has tried to combine these data-sources for mapping
the distribution of individual tree species at very high spatial
resolution.

The technique of species distribution modeling has far ad-
vanced over the last two decades (Zimmermann et al., 2010),
specifically with regards to the use of advanced statistical
methods and the implementation of ensemble modeling tech-
niques. Ensemble modeling (or ensemble forecasting; Araújo
and New, 2007) consists in combining the projections from
several different statistical modeling techniques into a single
projection. The idea behind ensemble modeling is that a
combined projection will have lower mean error than any of
its individual constituents (Thuiller et al., 2009). Ensemble mod-
eling has become increasingly used in bioclimatic modeling of
species distribution (e.g. Engler et al., 2011), but has, to our
knowledge, never been applied in a remote-sensing mapping
application so far.

Here we introduce a novel approach for mapping individual
tree species by using ensemble modeling and the combination
of high-resolution remote-sensing data (aerial imagery) and
topo-climatic variables. We map the distributions of six tree
species (3 broadleaf and 3 conifers), over a 20 � 10 km study
area of complex topography in North-Eastern Switzerland, using
statistical modeling in conjunction with high-resolution aerial
imagery (50 cm pixel size) and topo-climatic variables
(5 m pixel size). More precisely, we combine six different statis-
tical modeling techniques in an ensemble modeling approach to
obtain probabilistic distribution maps for each of our target
species. We additionally compare the relative predictive power
of both topo-climatic and remote-sensing variables for mapping
the spatial tree patterns, and we assess the importance of
calibration data quality on model performance. Finally, we com-
bine the spatial patterns obtained for each of our six individual
species to obtain a map that classifies each 5 � 5 m pixel
located within a forest into one of our target species, or ‘‘other’’
when none of our species was predicted with high enough like-
lihood. This allows us to map individual species for a range of
purposes, or to simply re-classifying the species map e.g. into
maps of plant function types (such as broadleaves and needle-
leaves).
2. Methods

2.1. Study area and target species

The study area is located in North-Eastern Switzerland and cov-
ers a region of 20 � 10 km centered on 9.35�E 47.36�N (Fig. 3 and
Supplementary material Fig. S1). Elevation ranges from 580 to
1300 m a.s.l., and the general topography of the area is very hilly
(83% of the study area has a slope > 10%). The land cover is a het-
erogeneous mixture of forest, grasslands, pastures, agricultural
and urban areas.

The forested lands form a mosaic of fragmented surfaces that
cover 27.8% of the study area (52.6 km2; Supplementary material
Fig. S1). They are mostly characterized by mixed forests with a
dominance of deciduous trees along rivers and coniferous trees
above 1200 m. The forests are partly managed: clearings and both
deforestation and afforestation occur in several parts of the area.

For our mapping exercise we selected six tree species that are
typical for the study area: Fagus sylvatica L., Fraxinus excelsior L., Acer
sp. (mostly Acer pseudoplatanus L.), Larix decidua Mill., Picea abies L.
and Abies alba Mill. The chosen species represent a balanced mix of
different tree types (i.e. broadleaf vs. conifers) and occurrence fre-
quency, with species being respectively very common (Picea, Fagus),
relatively frequent (Fraxinus, Acer, Abies) and relatively rare (Larix).
2.2. Data sampling

During the summers of 2010 and 2011, 812 individual trees
(130 Fagus, 119 Fraxinus, 89 Acer, 69 Larix, 271 Picea, 134 Abies)
were mapped following a random-stratified sampling design. The
stratification factors used in the random sampling were growing
degree days above 5 �C and soil water balance (see Table 1), and
ensured the collected data spanned the major environmental gra-
dients found in our study area in a representative manner (Supple-
mentary material Fig. S1).

Field work was carried out as follows: each visited sampling
location was prospected for our six target species within a radius
of about 100 m. When a species was found present at a given sam-
pling location, one easy-to-identify individual (typically a large
tree or a tree within a large patch of trees of the same species)
was mapped using prints of the 50 cm resolution aerial imagery
and differential GPS (±2 m accuracy). We only mapped those indi-
viduals that could be identified with very high certainty on the aer-
ial imagery (typically large canopy trees). The field-collected data
were later entered in a GIS, allowing us to manually delineate
the crown of each recorded tree individual with high accuracy.
2.3. Topo-climatic variable preparation

12 different topo-climatic variables were prepared at a 5 � 5 m
spatial resolution (Table 1). Slope and topographic position were
computed from a 2 m resolution digital elevation model aggre-
gated to 5 m using bilinear interpolation. Distance to the nearest
water body was derived from the numeric land use model of
the Swiss Federal Office of Topography (swisstopo – VEC-
TOR25 model). All other topo-climatic variables were downscaled
from existing 25 m resolution data (see Zimmermann and Kienast,
1999; Zimmermann et al., 2007 for details on computation), using
bilinear interpolation. The original 25 m resolution data were com-
puted from long-term (1961–1990) monthly means for average
temperature (�C) and sum of precipitation (mm) provided for
different elevations by the Swiss Federal Office of Meteorology
and Climatology (MeteoSwiss), a digital elevation model and a soil
suitability map (BfS, 2000).



Table 1
List of topo-climatic variables prepared at a 5 � 5 m resolution and tested for multi-collinearity.

Variable Description and unit Reference

Growing degree days > 5 �Ca Sum of days multiplied by temperature > 5 �C (�C � d � yr�1) Zimmermann and Kienast
(1999)

Mean temperature of coldest
month

Average temperature from the coldest month of the year (�C) Zimmermann and Kienast
(1999)

Summer moisture index Average of daily atmospheric H2O balance from June to August (mm � d�1) Zimmermann and Kienast
(1999)

Summer sum of precipitations Sum of precipitation from April–September (mm) Zimmermann and Kienast
(1999)

Winter sum of precipitations Sum of precipitation from October–February (mm) Zimmermann and Kienast
(1999)

Yearly solar radiation Sum of monthly average of daily global solar radiation (kj �m�2 � yr�1) Zimmermann et al. (2007)
Summer solar radiationa Sum of monthly average of daily global solar radiation from April to September (kj �m�2 � yr�1) Zimmermann et al. (2007)
Slopea Slope angle (�)
Soil water balancea Difference between precipitation and potential evapotranspiration. Accounts for soil water holding

capacity (mm)
Zimmermann et al. (2007)

Topographic wetness indexa Relative measure of local hydrological potential (specific catchment area/slope) (m) Sørensen and Seibert (2007)
Topographic positiona Identification of topographic features (ridge, slope, toe slope) at various spatial scales (unitless) Zimmermann et al. (2007)
Distance to nearest water bodya Euclidian distance to closest river, lake or swamp area (m)

a Denotes variables that were kept for model calibration after analysis of multi-collinearity.
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2.4. Remote sensing variable preparation

The remote sensing data used for this study were six second
generation Airborne Digital Sensor ADS40-SH52 (Leica Geosys-
tems, 2011) image strips with a 50% side-overlapping. The radio-
metrically corrected ADS40 data were recorded on 25 July 2008
and had a spatial resolution of 0.5 m (approx. scale 1:15,000), a
radiometric resolution of 11 Bit and a spectral resolution of four
bands: in the blue (428–492 lm), green (533–587 lm), red
(608–662 lm), and near infrared (833–887 lm) regions of
the electromagnetic spectrum. For details on the sensor see e.g.
Kellenberger and Nagy (2008).

Three ortho-images were then calculated from the six image
strips using digital surface models generated in Socet Set 5.4.1
(BAE Systems, 2007). Image values were calibrated digital numbers
that equal to at-sensor radiances multiplied by a factor 50. From
the original four spectral bands (red, blue, green, near infrared)
four vegetation indices were then derived: the normalized differ-
ence vegetation index (NDVI), the renormalized difference vegeta-
tion index (RDVI), the modified simple ratio index (MSR) and the
modified chlorophyll absorption ratio index (MCARI1). Details of
these different indices are given in Table 2.

For each of the vegetation indices as well as for the original four
bands, we aggregated the 50 cm data to 5 m resolution grids by
computing the mean and the standard deviation of all 50 cm pixels
falling within a 5 m pixel. The pixel size of 5 m was chosen because
it roughly corresponds to the size of tree crown, and earlier studies
have shown that this pixel size produces results close to those ob-
tained when using object-based segments (i.e., auto-delineated
tree-crowns; Waser, 2012). The 5 m grid was overlaid to the study
area starting with the upper left corner. Since tree crowns are
Table 2
List of remote sensing variables tested for multi-colinearity.

Vegetation index or band name Equation

Normalized difference vegetation index (NDVI)a NDVI ¼ ðRNIR

Renormalized difference vegetation index (RDVI) RDVI ¼ RNIRð
Modified simple ratio index (MSR)

MSR ¼ RNIR
RRED
�

�

Modified chlorophyll absorption ratio index 1 (MCARI1)a MCARI1 ¼ 1:
Blue band (428–492 lm) –
Green band (533–587 lm)a –
Red band (608–662 lm) –
Near Infrared band (833–887 lm) –

a Denotes variables that were kept for model calibration after analysis of multi-coline
sometimes mixed with deep shadows that do not carry any useful
information, but would bias the mean and standard deviation com-
puted for a 5 � 5 m pixel, those 50 � 50 cm pixels with NDVI val-
ues < 0.2 (identifying deep areas of deep shadow) were
disregarded during the computing of mean and standard deviation
values (for an example see Fig. 1). The threshold value of
NDVI = 0.2 was chosen because none of our species samples
(i.e. manually delineated tree crowns) had a 50 � 50 cm pixel value
below that threshold. All 5 � 5 m pixels that, after the NDVI-based
filtering, had less than ten 50 cm pixels remaining were removed
from any further analysis as the mean or standard deviation com-
puted for such pixels was deemed unreliable.
2.5. Multi-colinearity among variables (variable pre-selection)

Multi-collinearity among explanatory variables (i.e. topo-
climatic and spectral variables) was assessed through correlation
(Pearson correlation coefficient). Most of the remote-sensing
derived vegetation indices and spectral bands had high multi-
collinearity, and therefore, only three of them were kept, both in
their ‘‘mean’’ and ‘‘standard deviation’’ form: green band, NDVI
and MCARI (Table 2). Similarly, only topo-climatic variables with
correlation <0.7 were kept. Thus, out of the original 28 variables,
13 were kept for model calibration. Among the selected 13 vari-
ables, all but one pair had correlation values <0.7.
2.6. Model calibration

For each species, models were calibrated with three different
sets of explanatory variables and two different sets of response
Reference

� RREDÞ=ðRNIRÞ Rouse et al. (1974)
� RREDÞ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðRNIR þ RREDÞ

p
Rougean and Breon (1995)

1
�
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
RNIR
RRED
þ 1

� �r
Haboudane et al. (2004)

2 2:5ðRNIR � RREDÞ � 1:3ðRNIR � RGREENÞ½ � Haboudane et al. (2004)

arity.



Fig. 1. (a) Original 50 cm resolution RGB image of a patch of forest showing a mix of tree and shadow areas. The overlaid grey grid shows the dimension of 5 � 5 m pixels to
which the 50 cm pixel were aggregated. (b) Same image but showing those pixels that were kept based on NDVI filtering (in bright blue–yellow–red color) for the computing
of the mean and standard deviation values of each 5 � 5 m pixel. Crossed-out pixels illustrate pixel that were discarded from any further analysis because they contained too
few (<10) 50 cm pixels above the shadow-removal threshold.

Topo-climatic +  
Remote-sensing derived (ALL) 

Topo-climatic only (TC) 

Remote-sensing derived only (RS)

Explanatory variables levels [3] Response variables levels [2]

Pixel coverage > 50% (R1) 
No limit in pixel coverage (R2) 

GLM 
GAM 
GBM 
MARS 
RF 
FDA 
CART 
ANN 
EM (combination of models)

Modeling techniques [9]

Fig. 2. Experimental design showing the different combinations of explanatory variables, response variable and modeling techniques that were tested. EM = Ensemble
forecast model (combination of models).
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variables (Fig. 2). The three different sets of explanatory variables
were the following: topo-climatic + remote-sensing derived vari-
ables (hereafter abbreviated ‘‘ALL’’; marked with ‘a’ in Tables 1
and 2), remote-sensing derived variables only (abbreviated ‘‘RS’’;
denoted with ‘a’ in Table 2) and topo-climatic variables only
(abbreviated ‘‘TC’’; denoted with ‘a’ in Table 1).

Distinguishing two sets of response variable aimed to test
whether the quality of the data used for model calibration had
an effect on model predictive power. In the first set (hereafter
abbreviated ‘‘R1’’), only those samples covering at least 50% of a
5 � 5 m pixel were kept (a sample being a manually delineated
tree crown). In the second set (abbreviated ‘‘R2’’), all samples were
kept, regardless of their size. In other words, the R1 dataset is a
subset of the R2 dataset where only those samples (tree crowns)
that were large enough to cover >50% of a 5 � 5 m pixel were kept.
For each tree crown sample in the R1 and R2 datasets, we extracted
the values of the topo-climatic and remote-sensing derived vari-
ables from the 5 m girds. If a tree crown extended over more than
one 5 m pixel, which happened frequently, the weighted average
value of those pixels was computed (weights were proportional
to the coverage of each pixel by the tree crown). These values were
used for model calibration. For the remote-sensing variables, the
reason why we chose to extract values from the 5 m grids, rather
than to use values based only on those 50 cm pixels falling inside
of the delineated tree crowns, is because our model projections
were going to be carried-out on the same 5 m grids (and not on
delineated tree crowns). Our models were thus calibrated with
the same type of data than those onto which they would ultimately
be projected.

For each of the above levels, probabilistic models were cali-
brated using eight different statistical techniques: generalized lin-
ear models (GLM; McCullagh and Nelder, 1989), generalized
additive models (GAM; Hastie and Tibshirani, 1986), boosted
regression trees (GBM; Ridgeway, 1999), random forest (RF;
Breiman, 2001), multivariate adaptive regression splines (MARS;
Friedman, 1991), flexible discriminant analysis (FDA; Hastie
et al., 1994), artificial neural networks (ANN; Ripley, 1996), and
classification and regression trees (CART, Breiman et al., 1984).
These models relate the response to the explanatory variable in or-
der to derive the probability of a pixel to host a given target
species.

A final synthesis projection of potential tree distribution was
obtained by combining the results of six different individual
modeling techniques (GLM, GAM, GBM, FDA, MARS and RF) into
a so-called ensemble model (Araújo and New, 2007). This
ensemble model (EM) was obtained by averaging the individual
model projections after having weighted them proportionally to
their TSS score (a measure of model quality – see Section ‘‘2.7’’
for details). This is an ensemble modeling method that has been
shown particularly robust (Marmion et al., 2009; Engler et al.,
2011).

For model calibration, we only had species presence records
available. Yet, all the above-mentioned modeling techniques re-
quire both presence and absence data. Therefore, we used the pres-
ence records of all species but the one that was modeled as absence
information. For instance, when calibrating a model for Fagus, the
presence data from Fagus were contrasted against the presence
data of all other species that were considered absence (of Fagus) re-
cords. In order to limit spatial autocorrelation, absence records that
were located within less than 50 m from an already selected pres-
ence were discarded. Presence and absence data were also
weighted during model calibration so that both had equal preva-
lence (i.e. so that models are not biased towards overprediction
of either presences or absences). All models were only projected
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onto pixels located within forested lands as defined by the
1:25,000 scale Swiss topographic map.

2.7. Model evaluation

Each individual model was evaluated through two different
procedures: repeated split-sample and spatially independent data
evaluation (Fig. 3).

In the split-sample evaluation, the predictive power of each
individual model was evaluated through a repeated random
data-splitting procedure. A model was trained on 70% of the data
(chosen randomly) and evaluated on the remaining 30% using
the true skill statistic (TSS; Allouche et al., 2006). TSS is a measure
that assesses the agreement between predicted and observed val-
ues. It is computed as specificity (fraction of correctly predicted
presences) + sensitivity (fraction of correctly predicted absences)
– 1, and varies between negative values (systematically wrong),
0 (random model) and 1 (perfect agreement). For instance, a TSS
of 0.6 means that the proportion of correctly predicted presences
and absences in the data is roughly 80% (0.8 + 0.8–1 = 0.6). Since
projections from our models are probabilities which are continu-
ous (between 0 and 1), they needed to be converted to binary val-
ues (i.e. a species is either predicted present or absent) in order to
compute a value of TSS. This was done using a reclassification
threshold that is applied to the original, probabilistic, model pro-
jections: values above or equal to the threshold are reclassified
as predicted species presences, while values below the threshold
are reclassified as predicted absences. When we hereafter refer to
TSS values, we actually refer to the maximum TSS value that is
obtained when testing all possible reclassification thresholds be-
tween 0 and 1. This entire split-sample evaluation procedure was
repeated 30 times for each model, and the evaluation values ob-
tained from each replicate were averaged.

In the independent data evaluation, the data were split into two
subsets based on geography (Fig. 3). Models were calibrated using
the data from the eastern part of the study area (�70% of the data),
before being evaluated against the data from the western part of
the study area (�30% of the data). Thus, the main difference be-
tween the ‘‘repeated split-sample’’ and the ‘‘independent’’ evalua-
tion, is that in the former the calibration and evaluation data come
from the exact same geographic extent, while in the later they
Fig. 3. Illustration of the split-sample and the spatially independent evaluation
procedure. In the split-sample evaluation, calibration (70%) and evaluation (30%)
samples are drawn over the entire study area. In the spatially independent
evaluation, we divided the study area into two distinct regions consisting of 30%
and 70% of the total area (dashed line) and then used data from the eastern side for
model calibration and data from the western side for model evaluation. The
rectangle on the map indicates the study area location.
come from distinct geographical areas. For this reason, the inde-
pendent evaluation procedure is a tougher test for the models
and can be expected to give a better idea of a model’s predictive
power when applied outside of its calibration area.

Finally, we also computed the TSS value that is obtained when
using the optimum reclassification threshold obtained from the
calibration data (i.e. the threshold that maximizes the TSS value
for the calibration data rather than for the evaluation data). This
value is interesting because, unlike the other TSS values that we
computed from independent data, it is not optimized from the per-
spective of the data that is used for model evaluation, and hence
represents the true TSS value that would be obtained when extrap-
olating a model outside of its calibration area while using the
reclassification threshold derived from its calibration area.

2.8. Multi-species vegetation map

In order to obtain a single vegetation map where each pixel is
attributed a single species (i.e., one of our six target species, or
‘‘other’’ when none of our species was predicted with a high-enough
likelihood), we combined the projections that we obtained from our
single species ensemble models (EM) as follows: for each species, the
continuous probability values (in the range [0:1]) that were below
the maximum TSS reclassification threshold were set to 0, while
the values above the reclassification threshold were linearly re-
scaled from 1 to 10 (where 10 indicates the highest probability of
occurrence). Whenever more than one species was predicted to oc-
cur on a given pixel, the species with the highest occurrence proba-
bility was attributed to the pixel, except for Larix, over which all
other species had precedence (i.e., Larix was only attributed to a pixel
when it was predicted present and all other species were predicted
to be absent). This is because Larix is the least abundant species in
our study area and was often over-predicted by its model. If, for a
given pixel, none of our six target species was predicted to be
present, then that pixel was set to ‘‘other’’.

3. Results

3.1. Multi-collinearity among variables

All of the variables that were kept for model calibration had cor-
relation values <0.7, except for one pair (NDVI mean – MCARI
mean; Fig. 4). Remote-sensing derived and topo-climatic variables
showed virtually no correlation with each other (average correla-
tion between both groups <0.05).

3.2. Comparison of models across modeling techniques

While almost all models obtained evaluation scores greater
than the threshold above which models are considered ‘‘useful’’
(TSS = 0.4), the ANN and CART modeling techniques generally re-
ceived lower evaluation scores (Supplementary material Fig. S2).
For this reason, these two modeling techniques were not consid-
ered for computing the ensemble model projections (EM).

The EM projections (obtained when combining the projections of
the 6 remaining modeling techniques) generally produced the mod-
els with the highest rates of correctly classified samples, both in the
split-sample and the independent data evaluation (Supplementary
material Fig. S2). For this reason all analysis from here-on are car-
ried-out solely on the results of the EM model projections.

3.3. Comparison of models fitted with different explanatory and
response variables sets

Comparing the models based on the three different levels of
explanatory variables (ALL, RS, TC; Fig. 5a and b) reveals that the



Fig. 4. Tree view of the Pearson correlation coefficients between predictor
variables. The value that is read at the branching between two predictors or groups
of predictors indicates the correlation level between the two predictors or groups of
predictors. Correlation values were computed by using the predictor values
associated with the sample locations of all species. The dashed grey line indicates
the 0.8 correlation level threshold. ME stands for ‘‘mean’’ and SD for ‘‘standard
deviation’’.

Fig. 5. Comparison of TSS model evaluation between the models built with all
variables (ALL), the remote sensing variables only (RS), and the topo-climatic
variables only (TC), as well as with the R1 (light grey) and R2 (dark grey) response
variable data sets. (a) TSS values obtained from the random split-sample evaluation
procedure. (b) TSS values obtained from the spatially independent data evaluation
procedure. (c) TSS values obtained when applying the TSS optimized probability
threshold derived from the calibration data to the evaluation data. Each box-plot is
built form six values of our target species. The boxes extend from the data’s 1st to
3rd quartile, the horizontal bars in the box represent the median, and the dashed
line marks the threshold necessary to reach a model quality that we consider
‘‘useful’’ (TSS = 0.4).

Table 3
TSS values from split-sample and independent evaluation for individual species
models. Values are given for ensemble models (EM) calibrated with ALL R2 data.

Species

Fagus Fraxinus Acer Larix Picea Abies

Split-sample evaluation 0.76 0.70 0.73 0.75 0.75 0.71
Independent evaluation 0.79 0.60 0.72 0.72 0.71 0.66
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inclusion of remote-sensing variables (ALL and RS) allowed high
TSS scores (around 0.75 – meaning that on average �87.5% of the
presence and absences are correctly predicted). On the contrary,
models based solely on TC variables performed poorly (TSS values
generally <0.4). Based on this result, all analyses hereafter consider
only the models calibrated with both the remote sensing and topo-
climatic variables (ALL).

Comparing the TSS values obtained from the split-sample
(Fig. 5a), the spatially independent (Fig. 5b) and the spatially inde-
pendent with thresholds derived from calibration data (Fig. 5c)
evaluation procedures shows that testing the models in a geo-
graphically different area (Fig. 5b and c) results in lower rates of
correct predictions as compared to testing models against data
from the same area where the calibration data originate from
(split-sample evaluation; Fig. 5a).

Interestingly, while the models based on R1 data (pixel cover-
age >50% – light grey histograms in Fig. 5) and R2 data (no lower
limit in pixel coverage – dark grey histograms in Fig. 5) performed
similarly in the split-sample and independent data evaluation, the
R2 models achieved better classification rates than the R1 models
when using the calibration-data derived threshold (Fig. 5c).

3.4. Comparison of models across species

When considering the EM projections, all species achieved high
evaluation scores, with TSS values between 0.6 and 0.79 (Table 3).
Such TSS values mean that, on average, presence and absence
occurrences of a species were correctly predicted with a rate of
�80–90%. Fagus is the species that obtained the highest evaluation
score. Acer, Larix and Picea are at average. Fraxinus and Abies ob-
tained slightly lower evaluation scores than the other species,
but in absolute terms their models remain rather good.

3.5. Multi-species vegetation maps

We computed the multi-species vegetation map using the
ensemble forecast models (EM) calibrated with the ALL R2 data
(we chose the ALL R2 models because they obtained the highest
evaluation scores under independent evaluation – see Fig. 5c).
With respectively 85.6% and 83.8% of the samples correctly pre-
dicted, Picea and Fagus are the two species that are best classified
by our multi-species map (Table 4a). Abies samples were correctly
classified with a rate of 76.9%, and Fraxinus samples with a rate of
56.3%. The least well classified species are Acer and Larix, with
respectively 49.4% and 47.8% of correctly predicted samples. As ex-
pected, using fully independent data for model evaluation
(Table 4b) leads to an important decrease in correctly predicted
samples: the overall correct classification rate (CCR) decreases
from 72% to 53% and Cohen’s kappa from 0.65 to 0.41. A subset
of the multi-species map is shown in Fig. 6.

It is possible, although not very likely, that two individuals of
differing species inhabit the same 5 � 5 m pixel. Nevertheless, ana-
lyzing how frequently two different species are predicted to be
present within a same pixel gives an indication of which species
are the most likely to be mistaken for each other by the model
(Table 5). This analysis indicates that, among our species, broadleaf
species are more likely to be confused with each other than coni-
fers. For instance, 59.1% of the pixels where Fraxinus was predicted



Table 4
Confusion matrix for tree species classification of the multi-species ensemble forecast (EM) ALL R2 model based on (a) the split-sample evaluation and (b) fully independent data.
CCR = overall correct classification rate, Kappa = Cohen’s kappa coefficient. The ‘‘Other’’ column indicates samples for which none of our species was predicted with high enough
likelihood. Bold values highlight the matrix diagonal (correctly predicted samples).

Field data Classified as
Fagus Fraxinus Acer Larix Picea Abies Other Prod. acc. (%) Kappa

a) Split-sample evaluation
Fagus 109 6 8 1 – 3 3 83.8
Fraxinus 27 67 16 – – 3 6 56.3
Acer 16 24 44 – – 5 – 49.4
Larix 1 3 4 33 25 – 3 47.8
Picea 2 1 2 5 232 17 12 85.6
Abies 1 3 – – 23 103 4 76.9
User acc. (%) 69.9 64.4 59.5 84.6 82.9 78.6 –
CCR 0.72 0.65

b) fully independent data evaluation
Fagus 26 12 5 – – 2 1 56.5
Fraxinus 3 18 12 – 1 1 6 43.9
Acer 5 22 7 – – 1 – 20.0
Larix – 2 4 6 10 – 9 19.4
Picea – – 1 3 79 7 3 84.9
Abies – 1 – – 23 15 1 37.5
User acc. (%) 76.5 32.7 24.1 66.7 69.9 57.7 –
CCR 0.53 0.41

Fig. 6. Subset of (a) original aerial imagery and (b) the multi-species vegetation map where each pixel (5 � 5 m) is attributed to one of our six species or to ‘‘other’’.

Table 5
Pixels-based overlap between pair-wise projections of the six target species. The
overlap is listed column-wise per species and expresses to what percentage the pixels
that are projected to have each target species present (listed in columns) are also
projected to carry the respective other five species (listed in rows). For instance, the
first column of the table indicates the overlap between the projected distribution of
Fagus and all other species as a percentage of the total distribution of Fagus. All values
represent averages among the EM ALL R2 independent and EM ALL R2 repeated-split
sample models.
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were also predicted to host Acer, and 64.5% of the pixels predicted
as being Acer were also projected to host Fraxinus. Fagus was also
relatively often predicted to overlap with Fraxinus or Acer. Among
coniferous species, Larix and Picea have the highest likelihood of
being confused: 31.2% of pixels predicted to host Larix are also pre-
dicted as Picea. Overall, broadleaf and coniferous species were
rarely mistaken for each other, though there is some risk of confu-
sion between Larix and Acer, or Fagus and Abies.
4. Discussion

In this study we mapped the spatial location of six individual
forest tree species at a 5 m spatial resolution. We also investigated
the impact that different modeling techniques, different explana-
tory variable types (topo-climatic vs. remote-sensing based), and
different qualities of the response variable have on model
performance.

4.1. Comparison of model performance across modeling techniques,
explanatory and response variables

Comparing the predictive power of the different modeling tech-
niques, we find that ensemble models (i.e. combining the projec-
tions of different individual modeling techniques, EM) represent
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overall the best performing approach (Supplementary material,
Fig. S2). This corroborates with previously found results from the
species distribution modeling field (Marmion et al., 2009; Engler
et al., 2011). The accuracy of the fitted models that we obtain from
the ensemble modeling technique suggest that, at least at a regio-
nal level, useful and informative species identity maps can be pro-
duced that can be used for a range of research and management
applications.

In terms of explanatory variable importance, our results show
that the remote-sensing derived variables (raw bands and vegeta-
tion indices) are by far the most important variables for mapping
the spatial distribution of our target species at high resolution
(5 m pixel size). In our particular case, adding topo-climatic vari-
ables to the remote sensing predictors did not significantly im-
prove the models’ predictive power (Fig. 5a and b; paired t-test
comparing ALL and RS model TSS values, p-values always > 0.15,
N = 12). Conversely, removing the remote-sensing derived vari-
ables from the models led to a clear drop in predictive power
and to poorly performing models (TSS < 0.4). As such, our results
sharply contrast with those found by Zimmermann et al. (2007)
who also combined topo-climatic and remote-sensing based vari-
ables to model tree distributions, although at a much coarser scale
(90 m pixels) and over a much larger spatial extent. In their study,
Zimmermann and colleagues found that models based solely on
topo-climatic variables proved more accurate that those based
only on remote-sensing variables, and that the alone-contribution
to model predictive power of remote-sensing based variables was
on average of 20% while it was of 40% for topo-climatic predictors.
The reason for these divergent findings most likely originates from
the differences in both spatial resolution of the aerial imagery that
was used, and geographical extent of the two studies: while Zim-
mermann et al. have been working over a large spatial extent at
a moderate spatial resolution (�400 � 600 km, 90 m pixels), the
present study uses much higher resolution (5 m pixels) over a
much smaller area (20 � 30 km). In our study, two adjacent 5 m
pixels that host different species can have the same topo-climatic
conditions, making it difficult for the models to discriminate spe-
cies based on topo-climatic variables alone. Furthermore, given
its relatively small extent, our study area contains only limited var-
iation in climatic space and therefore renders lower predictive
capacity to topo-climatic predictors. The combination of these
two reasons most likely explains why topo-climatic variables have
little explanatory power in our models, whereas the opposite was
found by Zimmermann et al. (2007). As a corollary, we expect
topo-climatic variables to have an increased predictive power if
working at a larger extent, e.g. whole cantons (states) or all of Swit-
zerland, where some species could for instance be excluded from
certain areas on a climatic basis. On the other hand, our results also
suggest that high-resolution remote-sensing predictors are crucial
to distinguish spatial patterns when mapping species at very high
resolution.

Finally, we also evaluated the influence of using two different
response variable datasets: the R1 dataset contained only samples
(i.e. digitized tree crowns) that covered >50% of a 5 � 5 m pixel,
while the R2 dataset contained all samples, regardless of their cov-
erage. Our results indicate that there is no significant difference in
model quality to be found when evaluating these two datasets
using the split-sample and independent evaluations (Fig. 5a and
b; paired t-test p-values always > 0.1, N = 12). However, the R2
dataset scored better when the projections were reclassified using
the calibration-data derived threshold (Fig. 5c; paired t-test
p = 0.02, N = 12), which is the evaluation method that requires
the highest degree of generalization from a model. The reason
why the R2 dataset performs significantly better in the latter eval-
uation is likely related to the fact that the R2 dataset generates
models that are more generalizable, and will hence perform better
when projected outside of their calibration range (whereas the R1
dataset might produce less generalizable models that perform well
when projected on their calibration area, but less so when
projected outside of the calibration area).

4.2. Species mapping performance

In our ensemble modeling projections that are using both re-
mote-sensing derived and topo-climatic variables, the TSS values
we obtained for individual species range between �0.7–0.8
(Fig. 5a and b). This means that, on average, about 85–90% of the
independent evaluation samples were correctly classified by the
models for individual species. The performance values decrease
somewhat when using the reclassification threshold (i.e. the
threshold used for converting probability to actual presences and
absences) derived from the calibration data (Fig. 5c), but remain
nevertheless acceptable (TSS between �0.5–0.7 � 75–85% of cor-
rectly classified samples).

Overall, the accuracies obtained in this study are in line with, or
higher than, those in similar studies. In the multi-species map
(Fig. 6), depending on the considered species, 47.8–85.6% of our
samples were correctly predicted (Table 4a). We obtained an over-
all CCR (correct classification rate) of 0.72 and a Cohen’s kappa of
0.65. Waser et al. (2011), who also used ADS40 multi-spectral data
obtained an overall CCR of 0.76, a Cohen’s kappa of 0.76 and
percentages of correctly classified samples ranging between
25.4–84.7% depending on the species. Olofsson et al. (2006) used
multispectral imagery taken with a Zeiss/Intergraph DMC aerial
camera and obtained 88% CCR to discriminate between Scots pine,
Norway spruce and deciduous trees. However direct comparison of
our results with these studies are difficult because the study areas
and evaluation methods differ. Note that, as expected, the multi-
species model has higher error rates than the individual species
models as it can only predict a single species at each location
(if two species are predicted at the same location, only the one
with highest likelihood is kept).

When projecting our models to a geographical location different
from the one where the calibration samples originate (fully inde-
pendent evaluation, Table 4b), the percentage of correctly predicted
samples decreased by 27–39% for Fagus, Acer, Larix and Abies, yet
only by 1.8% and 12.4% for respectively Picea and Fraxinus. The over-
all CCR decreased from 0.72 to 0.53. The fact that models perform
better at the geographical location where their calibration data
originates from can be expected. Yet, our results nevertheless pro-
vide an example of the amount of decrease in predictive perfor-
mance that can be expected when projecting models outside of
their calibration area, an evaluation that is rarely provided.

In our study we chose to work at a 5 m spatial resolution as this
roughly corresponds to the size of a tree crown, and was shown to
provide good results for individual tree species classification
(Waser, 2012). However, pixels are not necessarily centered on a
single tree, and 5 � 5 m pixels can contain a mixture of different
species. This likely increases the rate of inaccurate projections by
our models. Working at a higher spatial resolution, for instance
2 m rather than 5 m, might offer improvement as the likelihood
of having mixtures of different species in a pixel would be reduced.
However, it would also reduce the number of 50 cm pixels from
which the mean and standard deviation computation is based
(i.e. the values of the remote-sensing based variables were com-
puted as the average and standard deviation of all the 50 cm pixels
that fell within a 5 m pixel), thereby increasing variability in these
values.

A best-of-both-worlds approach might be achieved by combin-
ing our approach with filtering techniques such as local maximum
filtering (Wulder et al., 2000), or with pattern-recognition tech-
niques using the object-oriented classification software eCognition
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(Definiens, 2009). These techniques allow delineating the crown of
individual trees, and thus the mixture in tree crowns could be re-
duced while at the same time encompassing as many of the 50 cm
pixels as available for a given tree individual (e.g. Waser et al.,
2011; Waser, 2012). A similar idea is to combine LiDAR and
multi-spectral data, the former to delineate individual trees and
the later to distinguish among the different species (Holmgren
et al., 2008; Chubey et al., 2009; Ke et al., 2010), or data from
sensors providing additional spectral or 3-D information, i.e.
hyperspectral data (e.g. Leckie et al., 2005). Additionally, texture
recognition techniques (e.g., Franklin et al., 2000; Dobrowski
et al., 2008) could also be used to further improve the classification
accuracy, in particular to delineate grassy clearings inside of forest
patches that were often wrongly classified in our results.

Besides mixture of tree canopies in a single pixel that frequently
occurs in forest ecosystems, another source of pixel misclassifi-
cation originates from differences in scene illumination between
images. The images that we used were recorded at different times
of the day and under varying sun angles. For instance, our models
frequently over-predicted Abies alba in areas where the aerial
imagery data are darker, because the canopy of Abies alba has low-
er reflectance values than the canopy of other species. This issue
does however not affect much our results since our training and
evaluation sites are located outside of these darker areas
(this was a necessity as it is very difficult to identify individual
trees in such areas). A corollary is however that our models are
somewhat biased towards trees with larger crowns and areas
located in the brighter parts of the aerial imagery, and their predic-
tions are thus less reliable in the darker sections of the image. To
some extent, this could be improved by processing the different
aerial images so as to avoid having too much contrast between
the different scenes (Inpho GmbH and Stellacore Corp, 2012).

Finally, multi-temporal data (e.g. Key et al., 2001; Hill et al.,
2010) could also represent a possible option to improve model pre-
dictive accuracy as was found e.g. in Schwarz and Zimmermann
(2005). For instance, Larix was often mistaken as Picea by our mod-
els (Table 5), but imagery taken in the winter (when Larix has no
needles) would likely allow to better discriminate the two species.

In terms of practical applications, mapping individual tree spe-
cies at high spatial resolution may serve for a range of different
purposes. E.g. it can improve the accuracy of physiological model
applications. For example the DO3SE model that is a soil–vegeta-
tion-atmosphere-transport (SVAT) model has been specifically de-
signed to estimate ozone deposition to European vegetation, based
on species specific parameterization (Büker et al., 2011). With the
additional information gained by vegetation mapping, the accuracy
for ozone risk assessment based on species specific estimates may
be significantly improved at forest stand or ecosystem level. Other
examples for the use of individual tree species maps include
the calculation of ecosystem services provisioning based on
species-specific characteristics, the derivation of conservation
related analyses that are based on the knowledge of individual tree
species information and their spatial configuration, or other forms
of up- or downscaling of forest-related information via statistical
or process-based models. Specifically, such maps can assist in
scaling the information obtained at forest inventory plots to larger
spatial scales, by knowing the number and position of individual
tree species between inventory plots.
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