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A B S T R A C T

Estimating canopy biochemical composition in mixed forests at the level of tree species represents a

critical tool for a better understanding and modeling of ecosystem functioning since many species exhibit

differences in functional attributes or decomposition rates. We used airborne hyperspectral data to

estimate the foliar concentration of nitrogen, carbon and water in three mixed forest canopies in

Switzerland. With multiple linear regression models, continuum-removed and normalized HyMap

spectra were related to foliar biochemistry on an individual tree level. The six spectral wavebands used in

the regression models were selected using both an enumerative branch-and-bound (B&B) and a forward

search algorithm. The models estimated foliar concentrations with adjusted R2 values between 0.47 and

0.63, based on the best-sampled study site. Regression models composed of wavebands selected by the

B&B algorithm always performed better than those developed with forward search. When extrapolating

nitrogen concentrations from one to another study site, regression models solely based on causal

wavebands (known from literature) mostly outperformed models based on all wavebands. The study

demonstrates the potential of both the use of causal wavebands and of the B&B algorithm.

� 2008 Elsevier B.V. All rights reserved.
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1. Introduction

Estimates of the foliar chemistry of vegetation canopies allow a
better understanding of ecosystem functioning since many bio-
chemical processes, such as photosynthesis, respiration and litter
decomposition, are related to the foliar chemistry of plants. Among
the most important chemical components of green foliage are the
concentration of nitrogen (CN) and carbon (CC) and the content of
water (CW). Foliar CN is closely related to the maximum photo-
synthetic rate and ecosystem productivity (Field and Mooney,
1986). Moreover, CN of leaf litter strongly affects the soil respiration
and the decay rate of leaf litter (Merrill and Cowling, 1966; Melillo
et al., 1982). Proteins are the major nitrogen bearing leaf
constituents, typically holding 70–80% of all nitrogen. An additional
5–10% of nitrogen is allocated to chlorophyll and lipoproteins
(Chapin and Kedrowski, 1983). Carbon is allocated mainly to
cellulose (up to 65%) and lignin (up to 20%). Water content accounts
for 40–80% of the fresh weight of green leaves (Elvidge, 1990). Leaves
use water for photosynthesis of release the water for cooling the
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plant. Lack of water restricts the transpiration, which induces
closure of stomata and results in reduced evaporation from the leaf
surface and thus decreases photosynthesis (Dubey, 2005).

Yet, traditional measurements of leaf chemistry at the forest
canopy-level are time-consuming, expensive and spatially con-
strained. Remote sensing – airborne and spaceborne – is an
excellent tool for monitoring the environmental state over space
and time (Cohen and Goward, 2004). It provides temporally
frequent and spatially continuous information products in
manifold spectral and directional settings. With the advent of
imaging spectroscopy, also known as hyperspectral remote
sensing, in the mid-1980s, a significant advancement was achieved
in monitoring quantitative characteristics of forested ecosystems
(Wessman et al., 1988; Ollinger et al., 2002; Asner et al., 2003;
Ustin et al., 2004). In contrast to multispectral sensors, imaging
spectrometers sample contiguously in the visible and infrared part
of the electromagnetic spectrum using dozens to hundreds of
narrow spectral bands (Goetz et al., 1985). The reflectance
information from these narrow spectral bands (usually only few
nanometers wide) enables us to assess plant conditions manifested
in foliar biochemical status, for example, by developing statistical
relationships sensitive to biochemistry. This is because the spectral
reflectance features result from harmonics and overtones of
absorptions by foliar biochemicals (Murray and Willliams, 1987;
Curran, 1989; Elvidge, 1990).
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http://dx.doi.org/10.1016/j.foreco.2008.05.011


Fig. 1. Study sites of the HyMap campaign 2004 in Switzerland. The three areas (1:

Vordemwald; 2: Kuettigen; 3: Bettlachstock) represent the coverage of the acquired

HyMap images. Field data were collected at different sub-plots located at the three

sites.
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The findings between plant chemical constituents and the
absorption of electromagnetic radiation evolved from the research
field of laboratory near-infrared spectroscopy (NIRS) to the remote
sensing community (Norris et al., 1976). A number of studies
proved that there are strong relationships between the concentra-
tion of key biochemicals, including nitrogen, and the level of
radiation across spectral absorption features in dry ground leaves
(Card et al., 1988; Elvidge, 1990; McLellan et al., 1991) as well as in
fresh whole leaves (Curran et al., 1992; Martin and Aber, 1994).
However, in fresh leaves these relationships are influenced by the
leaf water that may obscure the absorption features in the near-
infrared region of the spectrum (1000–2500 nm) (Elvidge, 1990).
In the transition from the leaf to the canopy-level, and when using
remotely sensed images, additional difficulties arise originating
from canopy architecture (leaf area index, leaf angle distribution),
atmospheric conditions, solar illumination intensity and angle,
understory vegetation and soil background (Dawson et al., 1999).

To better relate hyperspectral information to canopy biochem-
ical composition and other ground-measured structures a range of
spectral transformation methods has been proposed, such as
derivatives (e.g. Curran et al., 1992), absorbance measures (e.g.
Smith et al., 2002), or first difference normalizations (e.g. Wessman
et al., 1988). Among these methods, continuum-removal analysis
yielded the most promising results in estimating foliar chemistry
(Shi et al., 2003). It has been demonstrated that with continuum
removal applied to lab-measured spectra taken from dried and
ground leaves the foliar biochemical concentrations could be
accurately predicted (Kokaly and Clark, 1999; Curran et al., 2001).
Continuum-removal analysis was shown to reduce extraneous
influences, such as soil background or atmosphere absorptions
(Kokaly and Clark, 1999). The use of continuum removal also for
field-based spectral measurements has been successfully demon-
strated for grasslands (Mutanga et al., 2004, 2005) and for a pure
eucalypt stand (Huang et al., 2004). Huang’s analyses were carried
out using a single species only when estimating foliar CN from
airborne hyperspectral data. So far, continuum removal has not
been evaluated in mixed species forests, including coniferous and
deciduous tree species.

Most foliar chemistry assessments have been conducted at the
canopy-level by averaging multiple tree crowns (Martin and Aber,
1997). Yet, previous studies have indicated that species vary
markedly in nitrogen cycling characteristics and plant–soil
interactions (Ollinger et al., 2002; Lovett et al., 2004). The
differences among species suggest that nitrogen cycling in forests
is likely to be patchy and dependent on the dominant trees in the
patch (Lovett et al., 2004). In addition, it suggests that changes in
forest composition could substantially alter the nitrogen cycling in
a forest (Lovett et al., 2004). Further, it has been shown that the
decomposability of leaf litter varies among species (Daubenmire
and Prusso, 1963). These findings implicate the importance of
distinguishing individual tree species and in particular plant
functional types (e.g. broadleaf deciduous, needleleaf evergreen) in
remote sensing-derived products to enhance their use in ecological
research for an improved environmental monitoring.

The main goal of this study was to develop regression models of
canopy biochemical concentration in three mixed species forests
based on HyMap hyperspectral data in combination with
continuum-removal analyses. Besides using the more traditional
variable selection method of stepwise forward search in linear
regression modeling, we tested a novel method based on branch-
and-bound (B&B) algorithms. The accordance of statistically
significant wavebands was tested with causal absorption features
found in laboratory investigations. Further, regression models
were developed from lab-derived causal wavebands and compared
to models optimized with forward search and B&B algorithms,
using all wavebands. We applied these tests in three different
regions and also examined the potential of extrapolating predic-
tions of biochemical concentration from one region to another
using independent test data.

2. Materials and methods

2.1. Study sites

The data used in this study was collected in three different
forest study sites on the Swiss Plateau: Vordemwald (VOR) 78530E,
478160N, Kuettigen (KUT) 88020E, 478250N, and Bettlachstock (BET)
78250E, 478130N (Fig. 1). The Swiss Plateau includes a broad variety
of vegetation and soil types and it covers plains as well as
mountainous regions. Study sites stretch from an altitude of �400
up to 1200 m above sea level. In all three sites the forest canopy is
composed of a mixture of needleleaf and broadleaf species,
dominated by European beech (Fagus sylvatica L.), English oak
(Quercus robur L.), European ash (Fraxinus excelsior L.), sycamore
maple (Acer pseudoplatanus L.), silver fir (Abies alba Mill.), Norway
spruce (Picea abies L.) and Scots pine (Pinus sylvestris L.). Black alder
(Alnus glutinosa (L.) Gaertn.), littleleaf linden (Tilia cordata Mill.),
northern red oak (Quercus rubra L.) and European larch (Larix

decidua Mill.) occur less often at the study sites.

2.2. Field data sampling

Prior to field data sampling, we determined at the three study
sites VOR, KUT and BET 15, 8 and 5 sub-plots, respectively, each of
them roughly covering an area of 2500 m2. Sub-plot selection was
targeted at gaining homogeneity so that all species within a sub-
plot (except larch) belonged to the same plant functional type
(needleleaf evergreen or broadleaf deciduous). European larch was
found in broadleaf deciduous sub-plots.

Next, at each sub-plot, 3–10 target trees were appointed for
foliar sampling. Target tree selection was aimed at capturing a
broad range of CN, CC and CW and at minimizing background
influences. Only species dominant within a group of neighboring



Table 1
Summary statistics of biochemical and structural properties, GPS horizontal

precision and dataset size (n), grouped by datasets (ALL, VOR, NED, BDD and FSD)

Dataset, n Min Max Mean S.D.

ALL, 120a/132b

Nitrogen (% dry weight) 0.93 3.44 1.85 0.57

Carbon (% dry weight) 43.46 50.98 48.48 1.49

Water (g/cm2) 0.007 0.092 0.030 0.024

Crown radius (m) 1.4 8.2 4.0 1.4

Height (m) 18 46 31 5.2

GPS precision (m) 1.2 9.8 2.7 1.1

VOR, 50a/60b

Nitrogen (% dry weight) 1.00 2.97 1.68 0.58

Carbon (% dry weight) 43.57 50.56 48.56 1.20

Water (g/cm2) 0.007 0.092 0.038 0.026

Crown radius (m) 1.4 8.1 4.1 1.4

Height (m) 26 46 34 4.0

GPS precision (m) 1.4 5.0 2.5 0.7

NED, 49a/52b

Nitrogen (% dry weight) 0.93 1.59 1.22 0.15

Carbon (% dry weight) 47.78 50.95 49.31 0.78

Water (g/cm2) 0.036 0.092 0.056 0.01

Crown radius (m) 1.4 5.0 3.0 0.8

Height (m) 18 42 32 5.8

GPS precision (m) 1.5 5.2 2.5 0.8

BDD, 71a/80b

Nitrogen (% dry weight) 1.79 3.44 2.26 0.30

Carbon (% dry weight) 43.46 50.77 47.91 1.59

Water (g/cm2) 0.007 0.09 0.013 0.013

Crown radius (m) 1.8 8.2 4.7 1.3

Height (m) 20 46 30 4.6

GPS precision (m) 1.2 9.8 2.9 1.2

FSD, 40a/42b

Nitrogen (% dry weight) 1.81 2.56 2.14 0.19

Carbon (% dry weight) 47.15 50.77 48.88 0.68

Water (g/cm2) 0.007 0.013 0.010 0.001

Crown radius (m) 2.4 8.2 4.8 1.4

Height (m) 22 46 31 5.2

GPS precision (m) 1.2 5.0 2.5 1.0

a Corresponds to the CW dataset.
b Corresponds to the CC and CN dataset.
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trees and trees with large, exposed crowns were considered so that
all trees within a HyMap pixel (and its positional uncertainty) were
of a similar species and chemistry as the target tree. A total of 132
trees were specified whereof 52 were conifers and 80 broadleaves,
consisting of 11 different species and 3 plant functional types,
namely: needleleaf evergreen, needleleaf deciduous (larch only)
and broadleaf deciduous.

During a 2-week field campaign in the second half of July 2004,
from each of the 132 selected target trees three different upper
sunlit canopy branches were excised by a tree climber. From each
clipped deciduous branch 5 leaves (=15 leaves per tree) and from
each coniferous branch 5 needles from the first 3 age classes (=15
needles per branch and 45 needles per tree) were collected to
obtain representative samples for CN and CC analyses (n = 132). The
CW samples were collected in the same manner, except for the first
field sampling day, when no foliar material was sampled for water
content determination (n = 120). For each tree all the collected leaf
material was pooled, sealed in bags and stored in a cool box for
transportation.

Additional to the leaf material collection, we measured
structural and positional tree properties. Height and crown
dimension of all target trees were assessed using a Forestor
Vertex Hypsometer (Haglof Inc., 2007). First, a transponder is
temporarily attached to the trunk at breast height of a target tree.
Then the operator positions himself in such a way to focus the top
of the tree and to finally measure the distance between himself, the
tree top and the trunk with sonic pulses emitted by the hand unit.
An integrated angle reading device calculates the angles and with a
simple computer chip integrated in the Hypsometer the height
above the attached transponder is trigonometrically calculated. To
determine the projection of the crown to the ground, similarly the
radii along the four main axes were measured. The heights of the
trees range from 18 to 46 m with a mean of 31 m. The mean radii of
a broad-leaved and a needle-leaved tree crown were found to be
4.7 and 3.0 m, respectively. Leaf area index (LAI) was determined
using a LAI2000 Plant Canopy Analyzer and ranged from 3.8 to 6.5.

To geo-locate the 132 sampled individual tree crowns later in
the remotely sensed images, the trunk position of each tree was
measured during the field campaign with a Trimble GeoXT GPS
receiver, which corrects for multipath biases. The positional
precision for each tree was improved by calculating the mean of
20–40 GPS recordings per trunk (instead of only one measure-
ment) and by applying a post processing differential correction to
the recorded data using the Pathfinder Office Software (Trimble,
2005). Due to the DTM-based geometric correction (see Section
2.4) and HyMap’s large field of view (61.38) high objects such as
trees are imaged with a positional shift in the HyMap data relative
to the ground-based GPS recordings. Therefore, for each target tree,
an adjusted geographic position was calculated with a trigono-
metric function incorporating sensor viewing angles and tree
heights. For trees located to the west and to the east of nadir,
positional shifts were subtracted from and added to the ground-
measured positions, respectively. Overall, the applied corrections
range from 0.5 to 10 m, depending on the tree-nadir spacing.

In addition, for each of the 132 mean GPS recordings, a
horizontal precision estimate was calculated using an algorithm
that accounts for the number and configuration of the satellites in
view to the receiver (Trimble, 2005). For a target trunk, the
horizontal precision estimate represents the radius (from the mean
GPS position of the trunk) of a circle within which the true position
is located in 95% of the cases. Each trunk is associated with one
mean GPS position and one horizontal precision estimate,
calculated from the latter. The GPS horizontal precision estimates
among all trees and study sites vary between 1.2 and 9.8 m with a
mean value of 2.7 m (Table 1).
2.3. Laboratory analyses

In the laboratory, we determined the leaf area, the fresh and dry
weight, and the biochemical composition for the collected leaf
samples. One hundred and thirty-two pooled foliar samples were
available for CN and CC analyses and another set of 120 samples for
CW determination. For C:N analyses the samples were dried at
65 8C until a constant weight was achieved, then ground to powder
and injected into an elemental analyzer (NA 2500; CE Instruments,
Milan, Italy). For each tree, two sub-samples were analyzed and
checked for within-sample variation. None of the sub-samples
exceeded a threshold of 3% variation between the two measure-
ments and their mean.

With an LI-3100 Area Meter (LI-COR, 1987) the projected leaf
area of each pooled sample (i.e., 15 leaves/45 needles) was
obtained. Fresh and dry mass were determined by weighing the
samples before and after being oven dried at 85 8C until a constant
weight was achieved. From the difference between the fresh and
dry masses divided by the area we calculated water content per
cm2.

2.4. HyMap data acquisition and processing

On 29 July 2004, imaging spectrometer data were recorded for
all three study sites using HyVista’s HyMap (Cocks et al., 1998). The
HyMap sensor is flown on a Dornier Do 228 aircraft and acquires



Fig. 2. Comparison of a water (left) and meadow (right) spectrum measured with ASD field spectroradiometer at ground (––) with preprocessed HyMap spectral signatures

(- - -) of the same targets.

Fig. 3. Zoomed portion of a HyMap image showing tree crowns (white circles), trunk

positions as measured using GPS (+) and the inner radii of the safe crown positions

(95% likelihood of correct representation) as derived from the GPS horizontal

precision (black circles). Only HyMap spectral data inside of the inner (black) circle

was used for analysis in order to reduce the effects of positional uncertainty. The ID

of the sampled trees is listed next to the tree centers.
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data in 126 contiguous wavebands (15–20 nm in bandwidth), from
450 to 2480 nm at a spatial resolution of 5 m. The hyperspectral
instrument was flown at an altitude of 2926–2930 m a.s.l. between
9:25 and 9:59 UTC. We obtained four 2.5 km � 12 km scenes
covering the three study sites under cloud free conditions.

The imaging spectrometer data was orthorectified based on the
parametric geocoding (PARGE) procedure, which considers the
terrain geometry and allows attitude (roll, pitch and heading) and
flightpath-dependent distortions to be corrected (Schläpfer and
Richter, 2002; Schläpfer, 2005). We used the Swisstopo-DHM25—a
digital terrain model (DTM) with a horizontal and vertical
resolution of 25 and 1.5 m, respectively, to georegister the HyMap
data. Prior to georegistration, the DTM’s horizontal resolution was
resampled to 5 m using the bilinear interpolated gaps method
(Schläpfer et al., 2007) to match it with the HyMap spatial
resolution. A digital surface model (DSM) is deemed the best
source for geometric correction as it is considered to be optically
most relevant (Schläpfer et al., 2003). Since no DSM was available,
we used a DTM instead.

Following geometric correction, HyMap at-sensor radiance data
were transformed to apparent surface reflectance using the
ATCOR-4 software (Richter and Schlaepfer, 2002). ATCOR-4
performs a combined atmospheric/topographic correction, where
effects of terrain such as slope, aspect and elevation of the observed
surface are accounted for in the atmospheric correction process.

The resulting surface reflectance datasets were compared to
field spectroradiometer data, which were simultaneously taken
during the overflights with an Analytical Spectral Devices (ASD)
field spectroradiometer (Analytical Spectral Devices Inc., 2008)
from a range of different ground objects (asphalt, dense lawn and
water). The mean of several ASD measurements was then used for
comparison with HyMap spectra (Fig. 2).

Next, we resampled all HyMap images to a spatial resolution of
one meter. The resampling was used to improve the positioning of
the field-sampled trees. As a result we obtain instead of one 5 m
pixel, twenty-five 1 m pixels. The 1 m pixels were derived using
bilinear interpolation. By this, we do not change the 5 m values
fundamentally. Rather, this step was aimed at simplifying the
extraction of data relevant to the crown diameter. Using the mean
reflectance of 1 m2 within the selected circle is then very similar to
a distance weighted mean of neighboring 25 m2 pixels. Yet it
improves the finding of the relevant spatial domain for linking field
observations (crowns with varying size and its spatial uncertainty
buffers) and spectral remote sensing information.

The mean spectra of the field-sampled crowns were extracted
from the HyMap images by using the adjusted geographical trunk
positions, horizontal precision estimates and crown radii (vector
data) of the sampled trees to locate the crown pixels in the images
(Fig. 3). We then applied a safe crown projection to the image by
incorporating the horizontal positional precision of the GPS
measurements. By this, we displayed the pixels that are safely
(95% likelihood) associated to the target tree crown irrespective of
the direction of the positional error. This reduces the risk of linking
the spectral response to understory vegetation or to a neighboring
tree crown. The mean reflectance of all pixels positioned within the
GPS safe crown projection of a selected tree crown, were then
extracted using the region of interest (ROI) Tool in the ENVI
package (Research Systems, 2004). In most cases, the mean GPS
precision estimates were clearly smaller than the crown radius.

The extracted mean spectra of the sampled tree crowns were
subsequently processed for continuum removal at seven pre-
selected wavelength ranges according to known chlorophyll,
nitrogen, protein, cellulose, lignin, starch, and water absorption
features (Table 2). The observed spectral continuum is considered
an estimate of the other absorptions present in the spectrum, not
including the one of interest, thus continuum removal was
developed to enhance the spectral features of interest (Clark
and Roush, 1984). To approximate the continuum lines, straight-
line segments were used that connect local spectral maxima as
defined in Table 2 (endpoints of continuum lines). Continuum-
removed spectra were calculated by dividing the original
reflectance values by the corresponding values of the continuum
line (Kokaly and Clark, 1999). From the continuum-removed
reflectance (Fig. 4a), the band depth of each point in the absorption
feature was computed by subtracting the continuum-removed
reflectance from one (Fig. 4b). To minimize extraneous influences,



Table 2
Pre-selected wavelength ranges for continuum-removal analysis and their associated causal absorption features

Endpoints of continuum lines (nm) Causal absorption features (nm) related to foliar biochemicals

Chlorophyll (a,b) Nitrogen/protein Cellulose/lignin/starch Water

452–528 460

558–756 570a, 640, 660, 680b,

red edge (700–750)

570a, red edge (700–750)

877–1069 910, 1020 970, 990 970, 980b

1084–1287 1120, 1200, 1220c 1200

1329–1783 1510, 1640d, 1690, 1730e 1420, 1450, 1480c, 1490, 1530, 1540, 1560c,

1680c, 1690, 1700c, 1736e, 1754e, 1770c, 1780

1400, 1450, 1580

1806–2205 1940, 1980, 2054f, 2060,

2130, 2172f, 2180

1820, 1900, 1924e, 1930c, 1940, 1950e, 1960,

2000, 2050–2140c, 2080, 2100

1940

2223–2388 2240, 2300, 2350 2250, 2262, 2270, 2280, 2320, 2330, 2340, 2350

Authors contributing to specific features are as follows: if nothing is indicated: Curran (1989); a: Penuelas et al. (1994); b: Kokaly et al. (2003); c: Elvidge (1990); d: Murray

and Willliams (1987); e: Fourty et al. (1996); f: Kokaly (2001).
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we applied a normalization procedure on band depths. The band
depth normalized to the center (BNC) was calculated by dividing
the band depth of each band by the band depth at the band center:

BNC ¼ 1� ðR=RiÞ
1� ðRc=RicÞ

; (1)

where R is the reflectance of the sample at the waveband of
interest, Ri is the reflectance of the continuum line at the waveband
of interest, Rc is the reflectance of the sample at the absorption
feature center, and Ric is the reflectance of the continuum line at
the absorption feature center. The band center is the minimum of
the continuum-removed absorption feature (Kokaly and Clark,
1999). The band center was determined for each spectrum
separately and could therefore vary between different spectra.

2.5. Statistical analyses

For training models of biochemical canopy properties we split
the 132 samples (120 for CW) into five subsets (Table 1). Separate
models were trained from these subsets and labeled as follows:
ALL included data from all study sites, species or leaf types; VOR
included all samples from the study site Vordemwald, irrespective
of leaf type and species; NED included all needleleaf (evergreen)
samples across all study sites; BDD included all broadleaf
(deciduous) samples across all study sites; and FSD included all
European beech (F. sylvatica) samples across all study sites. The
two larch samples (needle-leaved deciduous) were added to BDD
for CN and CC, but to NED for CW analyses because larch behaved
Fig. 4. Example of data transformation in the 670 nm absorption feature region: (a
like broadleaf deciduous trees regarding CN and CC but like the
needle-leaved group regarding CW.

With multiple linear regression analyses, we trained models to
predict CN, CC and CW from continuum-removed spectra (BNC). To
limit the number of spectral wavebands used in the regression and
to create parsimonious models, this study employed two statistical
variable selection methods, namely an enumerative branch-and-
bound and a forward variable selection procedure. Both proce-
dures selected wavebands that best explained the biochemical
concentrations.

The B&B algorithm represents a subset selection method (such
as ridge regression or lasso) (Miller, 2002). The basic character-
istics of B&B methods have been addressed before (Mitten, 1970;
Furnival and Wilson, 1974; Narendra and Fukunaga, 1977; Miller,
2002). B&B algorithms are efficient because they avoid exhaustive
enumeration by rejecting suboptimal subsets without direct
evaluation and guarantee optimality if the features obey
monotonicity (Narendra and Fukunaga, 1977). In order to
compare the performance of the B&B algorithm with a standard
method, we chose stepwise forward selection for finding
statistically significant variables. In the forward search, variables
are added one at a time, starting with the most significant one. As a
result, a number of wavelengths are selected that explain canopy
biochemical and structural properties. For each dataset (VOR, ALL,
NED, BDD, FSD) and for both search algorithms models were
developed with six variables (six-term models). For both
methods, Akaike’s information criterion (AIC) (Akaike, 1973,
1974) was used to evaluate whether adding a variable improved
the models significantly.
) continuum-removed reflectance and (b) normalized band-depth reflectance.



Fig. 5. (a) Nitrogen concentration, (b) carbon concentration and (c) leaf water content of needle-leaved (grey) and broad-leaved species (white) by study sites (BET: Bettlach;

KUT: Kuettigen; VOR: Vordemwald). The boxplots indicate the most extreme values in the datasets, the lower and upper quartiles, and the median. The median of each

dataset is indicated by the black center line. Potential outliers are plotted as circles. Significance (sig.) of difference in medians (a < 0.05) compared to the other datasets is

indicated by letters a–f (e.g. the median nitrogen concentration of needle-leaved species sampled at BET (=a) differs significantly from the median values of b, d, e and f).
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We report the resulting model fit by means of the adjusted
coefficient of determination (adj.-R2). Regression R2 values report
how well the model explains the variation of the dependent
variable. The adj.-R2 accounts for the number of predictors and
sample points used, which influence the effective degrees of
freedom (Weisberg, 1980). It does so by lowering the regression R2

accordingly. Therefore, it is better suited to compare the strengths
of model fit that include differing numbers of observations and
predictors (Weisberg, 1980). The wavebands selected in the
regression models were examined to be in accordance with causal
absorption features known from literature. We used the �12 nm
range defined by Curran et al. (2001) to indicate causal relation.
Causal relation is indicated when selected wavebands are located
Fig. 6. Result of selected wavebands using a branch-and-bound (a) and a forward search

the y-axis expresses the resulting model fit (adj.-R2) in increasing number of bands se

intercept and one predictor variable (x = 1157.8 nm, adj.-R2 = 0.27).
within �12 nm of an absorption feature of the biochemical of
interest.

Besides using subset selection methods based on all wave-
bands, we evaluated how well biochemical concentrations could
be estimated exclusively from causal wavebands reported in the
literature. Therefore, we forced the B&B subset algorithm to select
only from the wavebands listed in Table 2, for CN, CC, and CW,
respectively. The results of these causal models were then
compared with those of the models based on all wavebands
(B&B and forward selection). To assess the power of the models to
extrapolate between regions, both the ALL and the NED dataset
were divided into three subsets, one per region. The subsets of
study sites were now grouped pairwise (e.g. VOR and KUT), then a
(b) algorithm for CN using the ALL dataset. The x-axis shows HyMap wavebands and

lected. The figure shows the selected wavebands, starting with a model with the



Table 3
Model fit (adj.-R2) and crossvalidated accuracy (RMSE) of regression models of foliar biochemical concentration: (a) nitrogen, (b) carbon and (c) water

Dataset Subset method Nitrogen

adj.-R2 RMSE Wavelengths selected (nm)

(a)

ALL Forward 0.49 0.397 725.5, 1157.8, 1187.1, 1258.5, 1746.8, 2046.7

B&B 0.53 0.381 725.5, 943.8, 1258.5, 1503.7, 1544, 1746.8

Causal 0.45 0.411 634.6, 740.5, 911.9, 1685.4, 1722.5, 1990.6

VOR Forward 0.53 0.376 740.5, 1143.3, 1258.5, 1462.1, 1990.6, 2028.6

B&B 0.63 0.334 497, 573.3, 604, 664.6, 1143.3, 2118.5

Causal 0.51 0.384 573.3, 634.6, 740.5, 1722.5, 1971.9, 1990.6

NED Forward 0.44 0.105 573.3, 943.8, 1648, 1685.4, 2118.5, 2257.5

B&B 0.45 0.104 634.6, 1503.7, 1583.6, 1648, 2118.5, 2257.5

Causal 0.31 0.117 695.2, 740.5, 1022.7, 1648, 1698, 1971.9

BDD Forward 0.16a 0.239 573.3, 588.5, 1201.4, 1215.6, 1341.9, 1770.7

B&B 0.29a 0.218 604, 911.9, 928, 1201.4, 1230, 2153.9

Causal 0.14a 0.242 573.3, 664.6, 2046.7, 2065.2, 2171.5, 2307.4

FSD Forward 0.16 0.170 710.5, 991.3, 1007.1, 1244.4, 1065.2, 2240

B&B 0.50 0.125 573.3, 1201.4, 1433.8, 1648, 1698, 2009.3

Causal 0.38 0.141 573.3, 1635.2, 1698, 2046.7, 2065.2, 2136.2

Dataset Subset method Carbon

adj.-R2 RMSE Wavelengths selected (nm)

(b)

ALL Forward 0.30 1.210 1098.9, 1710.3, 2028, 2136.2, 2274.3, 2372.4

B&B 0.31 1.215 1007.1, 1022.7, 1098.9, 1635.2, 1710.3, 2307.4

Causal 0.28 1.240 1128.6, 1673, 1710.3, 1971.9, 2046.7, 2136.2

VOR Forward 0.46 0.837 588.5, 664.6, 1187.1, 1746.8, 2065.2 2136.2

B&B 0.47 0.831 619.5, 1187.1, 1660.7, 1710.3, 2065.2, 2136.2

Causal 0.40 0.884 1570.6, 1710.3, 1746.8, 1971.9, 2065.2, 2136.2

NED Forward 0.35 0.600 604, 1503.7, 1746.8, 1990.6, 2083.2, 2240

B&B 0.50 0.519 740.5, 911.9, 1053.6, 1341.9, 1698, 2240

Causal 0.40 0.581 1448.1, 1462.1, 1489.9, 2046.7, 2100.8, 2118.5

BDD Forward 0.25 1.332 664.6, 1128.6, 1971.9, 2046.7, 2118.5, 2188.2

B&B 0.29 1.286 664.6, 710.5, 1143.3, 2046.7, 2118.5, 2274.3

Causal 0.25 1.327 1128.6, 1971.9, 2046.7, 2118.5, 2274.3, 2291

FSD Forward 0.05 0.624 466.3, 664.6, 1172.4, 1244.4, 1746.8, 2307.4

B&B 0.30 0.525 664.6, 895.7, 1503.7, 1722.5, 1971.9, 2188.2

Causal 0.00 0.683 1419.7, 1557.5, 1685.4, 1698, 1710.3, 2274.3

Dataset Subset method Water

adj.-R2 RMSE Wavelengths selected (nm)

(c)

ALL Forward 0.41 0.018 710.5, 911.9, 1098.9, 1187.1, 1990.6, 2118.5

B&B 0.49 0.016 1128.6, 1258.5, 1341.9, 1433.8, 1503.7, 1722.5

VOR Forward 0.49 0.017 991.3, 1038.2, 1673, 1746.8, 1990.6, 2372.4

B&B 0.53 0.016 911.3, 928, 991.3, 1971.9, 2153.9, 2372.4

NED Forward 0.36 0.008 740.5, 959.7, 1215.6, 1503.7, 1734, 2323.5

B&B 0.37 0.008 649.6, 1201.4, 1230, 2244, 1341.9, 1503.7

BDD Forward 0.30 0.002 1098.9, 1258.5, 1433.8, 1476, 1722.5, 1758.8

B&B 0.38 0.002 573.3, 725.5, 1230, 1971.9, 2046.7, 2118.5

FSD Forward 0.47 0.001 1489.9, 1503.7, 1570.6, 1990.6, 2136.2, 2171.5

B&B 0.48 0.001 1038.2, 1244.4, 1517.2, 1570.6, 2028, 2372.4

Three regression approaches are presented, differing in the way variable subsets are selected: forward: forward search algorithm; B&B: branch-and-bound algorithm; causal:

B&B algorithm using only lab identified wavebands.
a Dataset excl. linden (n = 79).
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search using the B&B procedure to select a subset of wavebands
was performed, and finally CN of the third independent study site
(e.g. BET) was predicted.

All models were tested using a k-fold crossvalidation procedure
with random splitting order of the data (Hastie et al., 2001). A k-
fold crossvalidation splits a training dataset into k bins, then
iteratively determines regression parameters using a sample of
k � 1 bins and tests the resulting model against the left out bin.
This procedure is repeated until each bin is left out once, meaning
that each bin has been used k � 1 times for fitting parameters and
once for testing. The average error over all k bins determines the
crossvalidation error. We set k to 10 in our study. For increased
stability, we repeated our 10-fold crossvalidation 10 times and
averaged the model evaluation measures for final comparison. To
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evaluate a model and to assess its predictive capability, we
calculated the root mean square error (RMSE) of each cross-
validated model.

3. Results

3.1. Chemistry data

The analyzed foliar samples revealed distinct differences in
terms of biochemical composition of the three functional types
(Table 1). Nitrogen concentration and data range were clearly
higher for broadleaf than for needle-leaved species (Fig. 5a).
Linden and alder (a nitrogen-fixing tree) had the highest and
spruce the lowest CN among all species. The median values of
broad-leaved trees were nearly identical among the three study
sites, but Vordemwald revealed a higher range in measured
values than the other two sites. The median values of needle-
leaved species were nearly identical for Bettlachstock and
Vordemwald, but both differed significantly from the median
of data from Kuettigen. This may be explained by the higher
proportion of pine samples taken at Kuettigen, since pine needles
are higher in CN compared to fir and spruce. The smallest within-
site variability of CN was observed at Vordemwald for needle-
leaved species.

CC exhibited a remarkably larger range for broadleaves than for
needle-leaved species (Fig. 5b). In Bettlachstock we observed the
largest range for needle-leaved and the smallest range for broad-
leaved species, respectively. In general, needle-leaved species had
higher CC. Among all tree species, ash and maple revealed the
smallest and pine the highest CC values. Among all sites and
functional types we found divergent median values. The highest
median was found at Kuettigen among needle-leaved species and
the smallest at Bettlachstock among broadleaves. At Kuettigen we
observed again the highest CC values due to higher number of pine
samples taken.

Analyses of CW revealed higher median values and a larger
range in measured CW values for needle-leaved compared to
broad-leaved species (Fig. 5c), where CW was calculated on an area-
basis. Overall, larch showed the highest CW values. Among the
three study sites, the highest variability was found at Vordemwald
for needleleaves whereas for broadleaves we observed a nearly
identical range at each study site.
Fig. 7. Measured vs. estimated foliar nitrogen concentration (CN) as estimation using bran

the study site Vordemwald (n = 60); (b) the needleleaf dataset (NED) consisting of sam
3.2. Building and crossvalidating regression models

Fig. 6 gives an example of both the B&B and the forward selected
regression models between the BNC reflectance values and the
chemical concentrations of different datasets. Table 3 illustrates
that prediction accuracies of B&B models were nearly always
higher (RMSE lower) than those of the forward and the causal
models for all datasets and biochemical concentrations. Hence we
use the findings of the B&B models subsequently for presenting
tested (crossvalidated) models graphically.

The example of the VOR dataset demonstrates that a model for
mixed forest canopies (nine species for the study site VOR)
consisting of three functional types could be trained successfully.
Model fits for the three biochemical concentrations CN, CC and CW

reached adj.-R2 values of 0.63 (Fig. 7a), 0.47 and 0.53, respectively.
The results for a similar model using data from all three regions
(Table 3) showed that training a model using the dataset ALL is less
accurate, especially for estimating CC (adj.-R2 = 0.31). However, for
CN and CW the predictive capability of the models could be clearly
improved by partitioning the ALL data into sets of functional types
(coniferous and deciduous). For CC, only the NED data revealed
smaller errors after partitioning. For the needle-leaved evergreen
dataset (NED) best model fit was yielded for CC with an adj.-R2

value of 0.50 (Fig. 8a), for CN a model fit of 0.45 was achieved
(Fig. 7b). Models developed from the broadleaf dataset (BDD)
performed comparably poor. Splitting up the BDD dataset further
into a species set for F. sylvatica (FSD) improved the models
markedly. Here, crossvalidated errors (RMSE) dropped roughly by
50% for all three biochemicals (Fig. 8b). On average, best model fits
and lowest errors among all datasets were achieved for CN,
whereas CC was shown to be the most difficult to estimate.

3.3. Accordance and performance of models from causal wavebands

The accordance between statistically selected wavebands and
causally known absorption features was evaluated for the B&B and
forward search algorithms. For CN models the B&B algorithm
selected �47%, whereas the forward search algorithm chose �43%
wavebands known from literature. For CC models �27% and �47%
of the selected wavebands from the B&B and forward search
algorithms, respectively, were related to known absorption
features. In total, roughly 28% of the selected causal wavebands
ch-and-bound subset regression for (a) the dataset (VOR) consisting of samples from

ples from all three study sites (n = 52).



Fig. 8. Measured vs. estimates of (a) foliar carbon concentration (CC) in the needleleaf dataset (NED) consisting of samples from all three study sites (n = 52) and of (b) foliar

water content (CW) in the European beech dataset (FSD) consisting of samples from all three study sites (n = 40). Estimates are derived using a branch-and-bound subset

regression method.
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fell within the red edge range for CN and about 47% fell within the
range of 2050–2140 nm (lignin feature) for CC models. The selected
wavebands for CW were not directly attributable to known
absorption features. When evaluating all developed models,
neither model fit (adj.-R2) nor error (RMSE) did correlate with
the number of selected causal wavebands.

In order to test how well biochemical concentration can be
estimated by using only causal wavebands in regression models,
we forced the B&B algorithm to select only from these known
wavebands. We found these causal models to be inferior (adj.-
R2 = 0.0–0.51) to B&B models based on all wavebands (adj.-
R2 = 0.29–0.63) for all datasets and biochemical concentrations
used (Table 3). When compared with forward search model results,
some causal models achieved similar or (in two cases) even slightly
higher adj.-R2 values and smaller RMSEs. Interestingly, the results
of the CC models trained from the datasets ALL and BDD were quite
similar for all three subset methods (forward, B&B and causal). By
investigating the models optimized from causal wavebands alone
we found that the absorption features at 570, 740, 1980, and
2054 nm were most often selected by CN models. Similarly, the
absorption features at 1700, 1960, and 2050 nm were often
selected by CC models.

3.4. Extrapolating predictions

For testing the capability to extrapolate CN spatially, we
developed models from data of any two study sites and predicted
CN of the third independent study site (independent test). Table 4
shows the results for the datasets ALL and NED by study site, for
B&B models based either on all wavebands or exclusively on causal
Table 4
Accuracy assessment of extrapolated predictions for CN six-term models

Dataset/model Train: VOR + KUT (n = 109); test: BET (n = 23) Train: VOR +

ALL/B&B 0.604 0.430

ALL/causal bands 0.597 0.394

Train: n = 43/test: n = 9

NED/B&B 0.179

NED/causal bands 0.127

Training samples (train) comprise the data of two study sites, test samples (test) contain

Bettlachstock). Results are reported in terms of model accuracy (crossvalidated RMSE)
wavebands. There were not enough observations for training and
testing the models of the other datasets.

It is apparent from Table 4 that predictions generally resulted in
higher RMSE values compared to model fits listed in Table 3.
Interestingly, predictions based on models using only causal
wavebands mostly achieved lower errors than did B&B models
based on all wavebands (except train: KUT + BET; test: VOR). Best
predictions were achieved with models based on the dataset NED
using either the data of Vordemwald and Kuettigen or Vordem-
wald and Bettlachstock to train the models. Here, model accuracies
were very close to those obtained when using data from all study
sites.

4. Discussion and conclusions

Differences in biochemical concentrations between our three
study sites were mainly due to the proportion and dominance of
species available at each site. In Vordemwald the higher range in CN

for broadleaves can be explained by the presence of the nitrogen-
fixing black alder, which has only been sampled there. The site
Kuettigen often differs from the other two sites because of the
higher proportion of Scots pines. The latter deviates from the other
needle-leaved species in our study with respect to leaf structural
and biochemical properties.

Because models trained for ALL resulted in moderate accuracies
in terms of predicted biochemical concentrations, we split ALL into
functional types. Our study confirms previous findings that
partitioning data by functional groups yielded lower errors
(Serrano et al., 2002; Mutanga et al., 2004). Yet, we also found
that splitting by functional types may be of limited benefit if many
BET (n = 83); test: KUT (n = 49) Train: KUT + BET (n = 72); test: VOR (n = 60)

0.486

0.528

Train: n = 42/test: n = 10 Training set too small

0.155 –

0.103 –

data of the third independent study site (VOR: Vordemwald, KUT: Kuettigen, BET:

.
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species are involved per functional type (as is the case with the
broadleaf group in our study). NED and BDD were composed of
three and eight different species, respectively. A possible
explanation for the moderate results yielded from BDD might be
the higher number of species which lead to a higher variability in
leaf angle distribution (LAD). LAD significantly affects the
representation of leaf optical properties at canopy scales (Asner,
1998). Asner (1998) showed that a smaller range of LAD leads to a
higher relative contribution of leaf optical properties to the
canopy-level reflectance since leaf optical properties – and thus the
biochemical composition of leaf material – are generally under-
represented at canopy scales, unless LAI is quite high.

The main constraint for biochemistry estimation of fresh
leaves from remotely sensed data remains leaf water since it
obscures the absorption features of interest (Elvidge, 1990;
Kokaly and Clark, 1999). In particular CC was difficult to assess
because the impact of leaf water on the estimation errors is higher
for CC than for CN. Already a small amount of leaf water (e.g. 20%)
leads to an increase of the errors in biochemistry estimates
(Kokaly and Clark, 1999). However, CC also showed the least
variation among all measured compounds across sites, functional
types and species. Therefore it is not truly problematic for
environmental applications if models do not improve much
beyond the sample mean (null model). An alternative to avoid the
leaf water problem might be a prior removal of water from
absorption features of interest using a nonlinear least squares
spectral matching technique (Gao and Goetz, 1994). It has been
shown that water removed spectra may enhance absorption
features during the upscaling from leaf to canopy spectra (Schlerf
et al., 2005). Additional uncertainties arose from scaling point
field measurements of foliar chemistry to canopy scale due to
mixed spectra at the level of HyMap pixels and from comparing
laboratory measurements to field concentrations because the two
may differ significantly (Curran, 1989).

Estimating CN was more successful because many selected
wavebands were positioned in the red edge region of the spectrum,
which is less influenced by leaf water. This is in agreement with
findings that the red edge slope is sensitive to a variation in foliar
chemistry (Gates et al., 1965; Horler et al., 1983; Yoder and
Pettigrew-Crosby, 1995; Mutanga et al., 2005).

Our findings from the extrapolation predictions demonstrated
clear differences between the three study sites because the quality
of predictions depends on training sets. It seems important that the
training set covers the whole data range of the variables to be
predicted (Miller, 2002). Contrary to the model accuracy assess-
ment by crossvalidation, the dataset NED performed best
regarding accuracy when extrapolated to new areas. Models
solely based on causal wavebands performed best when predic-
tions were extrapolated. This is interesting and represents a clear
proof of the usefulness of using conceptual rather than empirical
models for predictive purposes outside of the training area.
Additional improvements may originate from mapping tree
species (or functional type) from remotely sensed data prior to
predicting the canopy biochemistry.

The accordance between statistically selected and causal
wavebands exhibited a drawback of statistical subset selection
methods. More than 50% of the selected wavebands were not
directly attributable to known absorption features relevant to
targeted biochemical compounds. However, the performance of
the tested B&B algorithm was encouraging because estimates of CN,
CC and CW based on the models of this algorithm achieved lowest
RMSE and highest adj.-R2 values. A disadvantage of the enumera-
tive search is the processing time. The higher the number of
variables to be searched, the longer is the processing time. Still, and
most importantly, for extrapolating predictions and when testing
with independent test datasets, B&B models-based exclusively on
causal models retrieved better results than those based on all
wavebands.

In summary, we conclude with the following four statements:
(1) we successfully extracted individual tree spectra from remotely
sensed images originating from differing test sites and we were
able to train models of sufficient accuracy among 3 study sites and
11 species belonging to 3 functional types; (2) of the two
regression methods tested, models derived from branch-and-
bound algorithm explained the variation in biochemical concen-
tration better; (3) predictions of models trained from data pooled
across all three study sites could partly be improved by prior
splitting data into functional types and species; (4) models solely
based on causal wavebands can achieve similar or better results
when extrapolating biochemistry to other areas.

Our regression models allow us to generate regional maps of
biochemical concentration, which may serve as an important tool
for monitoring forest health and status. The utility of band-depth
analysis for estimating biochemistry in mixed forest canopies has
been demonstrated. For mapping large regions between calibra-
tion sites, we recommend prior splitting of data into functional
types or species. Further research may explore leaf water removal
algorithms to reduce the strong masking effect in the SWIR spectra.
This may further increase prediction accuracies of nitrogen and
carbon concentrations.
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