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Abstract
Hyperspectral remote sensing provides great potential to monitor and study biodiversity of tropical forests through species identification and
mapping. In this study, five species were selected to examine crown-level spectral variation within and between species using HYperspectral
Digital Collection Experiment (HYDICE) data collected over La Selva, Costa Rica. Spectral angle was used to evaluate the spectral variation in
reflectance, first derivative and wavelet-transformed spectral domains. Results indicated that intra-crown spectral variation does not always follow
a normal distribution and can vary from crown to crown, therefore presenting challenges to statistically define the spectral variation within species
using conventional classification approaches that assume normal distributions. Although derivative analysis has been used extensively in
hyperspectral remote sensing of vegetation, our results suggest that it might not be optimal for species identification in tropical forestry using
airborne hyperspectral data. The wavelet-transformed spectra, however, were useful for the identification of tree species. The wavelet coefficients
at coarse spectral scales and the wavelet energy feature are more capable of reducing variation within crowns/species and capturing spectral
differences between species. The implications of this examination of intra- and inter-specific variability at crown-level were: (1) the wavelet
transform is a robust tool for the identification of tree species using hyperspectral data because it can provide a systematic view of the spectra at
multiple scales; and (2) it may be impractical to identify every species using only hyperspectral data, given that spectral similarity may exist
between species and that within-crown/species variability may be influenced by many factors.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction
Tropical moist and wet forests represent some of the most
biologically diverse, structurally complex and carbon-rich
ecosystems on Earth. Tropical forests have the intrinsic property
of being extremely rich in terms of number of species and
species density (Hubbell, 1979, 1997, 2001; Leigh et al., 2004;
Wright, 2002). Uncontrolled deforestation processes currently
threaten the large biodiversity resources present in tropical
environments. These processes, promoted in many cases by
land reclamation policies (Sanchez-Azofeifa et al., 2001), do
not take into consideration the environmental services that
tropical ecosystems provide (Daily et al., 2001). The identifica-
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tion of tree species is a key element in the definition of habitats
of key fauna that use specific trees for food and shelter. Recently
the Maquenque National Park was created in Costa Rica to
protect Ara ambigua (the endangered great green macaw) and
Dipterix panamensis (a tree species). State of the art monitoring
systems aimed at forest tree species identification using airborne
and then spaceborne sensors are potentially key tools for the
development of sustainable development policies (SanchezAzofeifa et al., 2003).
The identification and mapping of forest tree species is
conducted relatively reliably either in the field or through the
interpretation of large scale (> 1:4000) aerial photographs
(Gong et al., 2001). However, both methods are costly and
time consuming. Remote sensing measurements have the
potential to provide a cost effective means to examine the
complexity of these forests and to generalize findings from plot
scale. Broad band spectral measurements (e.g. 100–200 nm)
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collected by satellite sensors such as SPOT high resolution
visible (HRV) and Landsat Thematic Mapper (TM) can be used
to distinguish broad groups of communities under different
stages of succession (Cochrane, 2000; Foody & Curran, 1994;
Kalacska et al., 2004; Roberts et al., 2002; Steininger et al.,
2001), but lack the capability to perform identification of
individual species (Achard et al., 2002; Foody et al., 2003;
Powell et al., 2004).
Airborne hyperspectral remote sensing technology, with its
inherent high spectral resolving properties, has been applied in a
variety of research fields in forestry such as forest biochemistry
(e.g. Curran, 1989; Grossman et al., 1996; Jacquemoud et al.,
1996; Johnson & Billow, 1996; Kokaly & Clark, 1999; Martin
& Aber, 1997; Peterson et al., 1988; Wessman et al., 1989;
Zagolski et al., 1996) and leaf area and stand structure
characterization (e.g. Gong et al., 1992). Although the use of
hyperspectral data for tree species recognition has been
explored (Cochrane, 2000; Fung et al., 1999; Gong et al.,
1997, 2001; Martin et al., 1998) with accuracies of up to 91%
for sun-lit tree crowns (Gong et al., 2001), most tropical forest
studies were based on spectra of leaves or branches alone;
studies of whole canopies have been mainly confined to conifer
forests. For example, Cochrane (2000) demonstrated the
potential for separation of different tropical species based on
the foliage reflectance (450–950 nm) of 11 species in southern
Pará, Brazil. Fung et al. (1999) used laboratory-derived
hyperspectral data (400–900 nm) and a linear discriminant
classifier to discriminate 12 subtropical tree species with an
accuracy of 84%. More importantly, little research to date has
been conducted on the identification of tropical tree species at
the crown level using airborne hyperspectral imagery, a problem
that is compounded by the strong control of canopy structure in
addition to leaf-level spectral reflectance on canopy level
information (Asner, 1998). To the best of our knowledge, the
work by Clark et al. (2005) is the only one that explores the
potential of airborne hyperspectral data for mapping tree species
of tropical forests.
Multiple factors can introduce spectral variance within tree
crowns or species: reflectance, absorption, and transmission
properties of leaves and wood, viewing geometry and a host of
other environmental factors such as microclimates, soil
characteristics, precipitation, topography and soil moisture
(Portigal et al., 1997). In addition, foliage age (Gausman,
1985; Roberts et al., 1998), position in the canopy (Danson,
1995), chlorophyll content (Zarco-Tejada et al., 2003), forest
vigor (Luther & Carroll, 1999) and the presence of lianas
(Castro-Esau et al., 2004) have been shown to cause substantial
variation in the spectral response of some species at the leaf
level. Whether or not species identification is possible at the
crown level using multi or hyperspectral remote sensing data is
determined by: (1) variation within individual tree crowns; (2)
variation between tree crowns of the same species; and (3)
variation between spectra of different species. An efficient
methodology for the discrimination of tree species at the crown
level hinges on significantly smaller spectral variation within
and amongst tree crowns of the same species than that amongst
different species.

The spectral separability of vegetation presents challenges
because the number of independent variables that influence the
spectra is small (Price, 1992, 1994). The reflectance of
vegetation from different species is therefore similar (Portigal
et al., 1997). Derivative analysis is a common tool used to
suppress the effects of background and brightness differences
and enhance subtle spectral difference amongst spectra (Bubier
et al., 1997; Gong et al., 1997; Martin & Aber, 1997; Martin et
al., 1998; Niemann, 1995; Shaw et al., 1998; Fung et al., 1999).
The benefit of derivative spectra has been reported in the
identification of tree species predominantly from laboratory
investigations at the leaf level or based on in situ spectral
measurements over tree crowns (Castro-Esau et al., 2004;
Cochrane, 2000; Gong et al., 1997; Van Aardt & Wynne, 2001).
It remains unclear whether derivative spectra can be used to
facilitate the separation of canopy tree species using airborne
hyperspectral data, given that airborne hyperspectral data may
have a much lower signal-to-noise ratio (SNR) than laboratory
or in-situ spectral measurements. Recently, wavelet transforms
have been introduced for the analysis of hyperspectral data as an
efficient means of feature extraction at multiple scales. Case
studies on the use of wavelet transforms for a variety of
purposes, including automatic detection of subpixel hyperspectral targets (Bruce et al., 2001), pixel unmixing (Li, 2004),
automatic dimension reduction of hyperspectral data (Kaewpijit
et al., 2003), forest canopy structure identification (Bradshaw &
Spies, 1992), weed detection (Koger et al., 2003), and
evaluation of the impact of crop residue on the hyperspectral
reflectance of soybean and weeds (Huang et al., 2001) have
been reported in the literature.
The objective of this paper is to investigate the potential of
derivative and wavelet analysis for tree species discrimination at
the canopy scale using airborne hyperspectral data of a tropical
lowland wet forest. We examine how these transforms impact
the spectral variation within given crowns and species and
between a selected number of tree species that are not
contaminated by the presence of liana or epiphytes. Airborne
HYperspectral Digital Collection Experiment (HYDICE) data
collected over the La Selva biological station (LS), Costa Rica,
is analyzed over 17 tree crowns of 5 species identified in the
field. The measure of spectral angle (Clark et al., 2005;
Cochrane, 2000; Kruse et al., 1993) is used to quantify the
spectral variation observed within or between crowns and
species because of its sensitivity to spectral shape. This study
complements a recent investigation of this airborne data by
Clark et al. (2005) who obtained an overall classification
accuracy of 92% for 7 species (including one in this study)
using 30 reflectance bands optimally-selected by linear
discriminant analysis.
2. Study site and data
2.1. Study site
We conducted the study at the La Selva Biological Station,
located near the Sarapiquí River in northeast Costa Rica. This
forest is primarily a mixture of lowland primary and secondary
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tropical wet forest (Holdridge et al., 1971). The elevation range
at La Selva is between 35 and 135 m above sea level. The soils
in the region are primarily a mixture of Inceptisols (particularly
in alluvial terraces) in the north and residual Ultisols to the south
(Clark et al., 1998).
Five tree species common to the region were selected for the
study (Table 1). Multiple crowns for each species were
identified in the field by expert taxonomists and selected
based on their unambiguous location in the imagery (Fig. 1),
their large size, and their apparent lack of lianas and epiphytes
masking the tree foliage. One crown of T. oblonga (TO-1 in
Table 1) harbors abundant epiphytes (mostly bromeliads) but
was included to investigate the impact of epiphytes on the
spectral response of the host tree species.
2.2. Airborne HYDICE hyperspectral data
Airborne HYDICE hyperspectral images provided by the
Organization for Tropical Studies (OTS) were used for this
study. The HYDICE sensor collects upwelling radiance data in
210 optical bands with a nominal full width at half maximum
(FWHM) of 10 nm covering a spectral range of 400–2500 nm
(Basedow et al., 1995). HYDICE data were acquired under a
clear sky at 13:54 UTC, March 30th, 1998. The selected flight
line for this study covers a ground area of 486.4 m wide by
1459.2 m in length and image pixels have an approximate
spatial dimension of 1.6 m × 1.6 m allowing individual tree
crowns to be resolved (Fig. 1). Our analysis and discussion
focuses on the visible (440–700 nm) and near infrared (700–
1000 nm) spectrum because this spectral region contains
information relevant to the biochemistry and structure of
vegetation (Blackburn, 1998, 1999; Carter, 1998; Elvidge &
Chen, 1995; Schepers et al., 1996; Thenkabail, 2002;
Thenkabail et al., 2000, 2002, 2004), and past research has
outlined the importance of this wavelength region for species
discrimination (Cochrane, 2000; Fung et al., 1999; Gong et al.,
Table 1
Species and tree crowns used in the study
Species (family)

Tree crown
label ID

No. of
HYDICE pixels

Castilla elastica (Moraceae)

CE-1
CE-2
FI-1
FI-2
FI-3
FI-4
FI-5
FI-6
LS-1
LS-2
TO-1a
TO-2
TO-3
TO-4
ZL-2
ZL-3
ZL-4

31
22
65
46
47
40
36
41
20
22
77
56
26
32
66
60
25

Ficus insipida (Moraceae)

Luehea seemannii (Tiliaceae)
Terminalia oblonga (Combretaceae)

Zygia longifolia (Fabaceae)

a

Tree crown hosting numerous epiphytes.

Fig. 1. Color composite of HYDICE bands (red = 641 nm, green = 552 nm,
blue = 460 nm) showing the location of the 17 tree crowns sampled. The bottom
figure shows the average reflectance spectrum of each species. Crown colors are
for the following species: green = F. insipida, yellow = Z. longifolia, red = C.
elastica, blue = L. seemannii, magenta = T. oblonga.

1997; Martin et al., 1998). Although the short wave infrared
spectral region is reported to be important for the discrimination
of tree species (Asner, 1998; Clark et al., 2005; Roberts et al.,
2004), it was not included in this study because the data has a
low signal-to-noise ratio (Nischan et al., 1999).
HYDICE-derived radiance values were converted to surface
reflectance using the ACORN v4.0 atmospheric correction
(Analytical Imaging and Geophysics LLC, Boulder, Colorado)
and a tropical atmospheric mode with an atmospheric visibility
of 100 km. Atmospheric water vapor was automatically
estimated on a per-pixel basis using the water absorption at
940 nm (ACORN 4.0 User's Guide, Analytical Imaging and
Geophysics LLC, Boulder, Colorado; Gao et al., 1993). To
assess the atmospheric correction and to adjust the wavelength
calibration, we used field reflectance spectra acquired in 2002
with an ASD FieldSpec spectrometer (Analytical Spectral
Devices, Boulder, CO) over a roof-top easily identified within
the HYDICE scene. Fig. 2 shows the calibrated HYDICE
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3.2. Wavelet transforms

Fig. 2. Mean reflectance spectra from calibrated HYDICE data and field ASD
measurement for a green roof-top. The ASD spectrum has been convolved to the
HYDICE wavelength profile. The mean HYDICE spectrum is for 5 pixels while
the mean ASD measurement is for 3 spectra for different location on the roof.
Generally two spectra are similar in the shape. Residual features possibly
associated with water are visible near 730 nm, 820 nm, 910 nm on the calibrated
HYDICE spectrum, which may result from the combination of poor radiometric
calibration, sensor noise, error in water vapor estimates and the difference in
time between HYDICE and field measurements.

reflectance and field-measured ASD reflectance for the rooftop. The HYDICE spectrum is similar to the field spectrum but
residual absorption features are visible around 730 nm, 820 nm,
910 nm and 950 nm in the calibrated HYDICE spectrum. These
may result from the combination of errors in the radiometric
calibration, sensor noise, errors in water vapor estimates and the
4 years separating the collection of the HYDICE and field
measurements.
To minimize the impact of variable illumination on crown
spectra, our analysis is restricted to sun-lit pixels of each tree
crown. Sun-lit pixels were manually selected based on the true
color composite. The average reflectance spectrum of each
species (Fig. 1) illustrates their spectral similarity. The TO-1
crown, because of its epiphytic coverage, was excluded when
calculating average spectrum for T. oblonga.
3. Methodology
3.1. Derivative spectra
Derivatives of spectra are commonly employed in hyperspectral investigations of vegetation (Castro-Esau et al., 2004;
Cochrane, 2000; Gong et al., 1997; Van Aardt & Wynne, 2001).
Derivatives are relatively less sensitive to variations in
illumination intensity caused by cloud cover and topography
(Tsai & Philpot, 1998), and hence should enhance the spectral
contrast between different classes. In this study, we examine
whether the first derivative of spectra reduces the variation
within and between crowns of a given species and enlarges the
differences between tree species. Derivatives are estimated
using a “finite difference approximation” (Tsai & Philpot, 1998)
following smoothing of the reflectance spectra with a mean
filter of three wavebands.

The wavelet transform is a relatively new signal-processing
tool that is used to provide a systematic analysis of signals (e.g.
spectra in this study) at various “spectral scales” or different
band passes that are determined by the width of the wavelet
basis function (Bruce et al., 2001). The wavelet transform
decomposes the hyperspectral signal into sets of coefficients,
with each set associated with a spectral scale and each element
in a set associated with a particular wavelength location. With
the continuous wavelet transform (CWT), a spectrum can be
decomposed and analyzed across a series of continuous spectral
scales (Bruce & Li, 2001). With the discrete wavelet transform
(DWT), signals are analyzed over a discrete set of scales,
typically being dyadic (2j, j = 1, 2, 3,…), and the transform can
be realized using a variety of fast algorithms (Bruce et al.,
2001). Only the ortho-normal DWT (e.g. HAAR wavelet in this
paper) was used in this paper because: (1) the information
carried at different scales is orthogonal and non-redundant, e.g.
the variance at various scales is separable and the sum of
variances at all scales will be equal to the variance in the
original signal (Lindsay et al., 1996); (2) the effectiveness of
DWT has been reported in the detection and classification of
vegetation species (Bruce et al., 2001; Koger et al., 2003; Li,
2004); and (3) the computation of DWT is very fast and the
transformed results are easier to manipulate. Further information on the development of DWT can be found in Daubechies
(1992) and Mallat (1989).
The fine-scale and coarse-scale information of hyperspectral
signals can be simultaneously investigated by projecting the
signal onto a set of wavelet bases with different scales, a process
referred to as multiresolution analysis of signals (MRA)
(Mallat, 1989). Given a mother wavelet ψ(λ), the wavelet
transform coefficients of the hyperspectral signal f(λ) are
calculated by the inner product
W ðs; bÞ ¼ h f ðkÞ; ws;b ðkÞi

ð1Þ

with W(s,b) referring to wavelet transform coefficients of signal
f(λ) and ψs,b(λ) referring to wavelet bases. The wavelet bases,
ψs,b(λ), can be formed from the mother wavelet, ψ(λ), by a
series of scaling and shifting operations using:


1
k−b
ws;b ðkÞ ¼ pﬃﬃ w
s
s

ð2Þ

where the variable s indicates the scale (or width) of a particular
basis function and the variable b specifies its shifted position.
The discrete wavelet transform (DWT) was implemented
using the fast filter tree algorithm developed by Mallat (1989),
which is a dyadic (e.g. the resolution is decreased by a factor of
two between two scales) discrete implementation of the wavelet
transform (Fig. 3). The input to the filter tree, f(λ), is the
hyperspectral signal (e.g. reflectance spectrum), and the signal
is then passed through a series of high-pass and low pass filters
(HPF and LPF). After each filter is applied, the signal is
degraded by a factor of 2. Supposing the original signal has
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Fig. 3. Illustration of DWT. f(λ) is the input hyperspectral signal. Blocks HPF and LPF represent operations of high-pass and low-pass filtering, respectively,
which are accomplished by convolving input signal f(λ) with appropriate filter kernels. Symbol (↓2) denotes the operation of down sampling, which means the
input signal will be decimated by a factor of 2. Ci and Di are vectors for approximation and detail coefficients at scale i. The insert shows the filters for HAAR
wavelet used in this paper.

N = 2k elements, the output from the first filter operation will
have only 2k−1 elements, and the output from the second filter
will have 2k−2 elements, and so on. The final stage of the
decomposition will yield an output which has only one (20)
element. The outputs of the high- and low pass filters at scale s
are called the wavelet detail and approximation coefficients (Ds
and Cs), respectively. At each stage of the filter tree, the wavelet
approximation coefficients from the previous scale are used as
the input to the next stage.
The final result of the DWT decomposition of a spectrum is a
set of wavelet coefficients that are represented as a vector: W =
[Cp,Dp,…,D2,D1] (p is the coarsest decomposition level). For
this vector, each wavelet coefficient is directly related to the
amount of energy in the signal at a particular scale. It should be
noted that W is dependent on the selection of the mother wavelet
function. Pu and Gong (2004) found that the energy feature
from a third order mother wavelet of the Daubechies family
(db3) is well correlated with LAI. Bruce et al. (2001) found the
HAAR wavelet to be 1 of 6 most useful wavelets for target
detection following the investigation of 36 commonly used
mother wavelets. In this study, the HAAR wavelet was selected
because recent investigations (Bruce et al., 2001; Li, 2004; Li et
al., 2001) have illustrated its effectiveness for the feature
extraction of hyperspectral data.
A variety of parameters can be computed from the DWT
decomposition, such as the wavelet coefficients, their energy,
and any combination of the two. The most commonly used
parameter is the DWT energy feature vector (FE):
F E ¼ DE1 ; DE2 ; N ; DEp ; CpE 

ð3Þ

where FE is referred to as a wavelet energy feature vector, p is
the coarsest scale of the discrete wavelet decomposition. DjE is
the root mean square energy of the wavelet detail coefficient Dj
at scale j, computed as,
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Kj
1X
DEj ¼
½Dj ðkÞ2 ;
ð4Þ
Kj k¼1

where Kj is the number of elements in the wavelet detail
coefficient Dj . CpE is the root mean square energy of wavelet
approximation coefficient Cp at the coarsest scale, p, and can be
similarly calculated.
While the wavelet energy feature (FE) represents the energy
distribution of the original spectrum across different scales, the
wavelet detail coefficient (Dj) reveals the spectral information in
hyperspectral signals at a specific spectral scale j. Research on
sub-pixel target detection and spectral mixture analysis using
hyperspectral data have shown a reduction of the within-class
variance and an increase of the between-class variance using FE
(Bruce et al., 2002) or the wavelet detail coefficient at a specific
scale (Li, 2004), which may be valuable for the identification of
tree species. In this study, reflectance spectra with 64 bands
between 440 and 1000 nm were used as inputs to the DWT,
resulting in the maximum decomposition level of 6 (e.g.
26 = 64).
3.3. Spectral angles for the quantification of spectral
variability
The spectral angle between two spectra has been used
extensively in the hyperspectral remote sensing community for
mineral mapping (Kruse et al., 1993; Price, 1994) and to
quantify the similarity between spectra from different tree
species (Clark et al., 2005; Cochrane, 2000; Price, 1994). Given
that n spectra, [s1,s2,…,sn], are sampled from a single species or
crown, and that these spectra provide a mean vector s̄, the
standard deviation of spectral angles between si(i = 1, 2,…,n and
s̄ can be used to estimate the spectral variation within a crown or
amongst crowns of a species. A small standard deviation will be
indicative of the small spectral variation within the species or
crown. In addition, a Kolmogorov–Smirnov test is used to test
the normality of the spectral variation within single tree crown
and a Kruskal–Wallis test is used to test the equivalence of the
medians of spectral angle amongst the crowns of a given
species.
In this study we do not use the well-known Jeffries–Matusita
distance to measure separability between species because
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spectral angle measurements for crowns do not follow a normal
distribution (as indicated in Section 4.1). Instead, we use a
simple index (d(i,j), Eq. (5)) to indicate the spectral separability
between species, taking into account both the inter-species and
intra-species variability (Bruce et al., 2002),

d ði; jÞ ¼ ðli −lj Þ

2

1
1
þ
r2i r2j

!
ð5Þ

where μi and σj are the mean value and standard deviation of
spectral angles between the reference spectrum (sref) and each
pixel of a species and μi and σj are values for a different
species. A higher inter-species variability and smaller intraspecies variability will result in a larger d value. This index is
used to study changes in species separability as a function of the
spectral transform (e.g. derivative, wavelet). For this purpose
and as indicated below the average spectrum of a specific crown
(FI-1) was selected as a reference spectrum against which all
other spectra were compared.

4. Results
4.1. Reflectance variability within crowns of F. insipida
In this section we examine the reflectance variability within
crowns and the variation or similarity amongst crowns of F.
insipida. Large variations within or between crowns of a given
species will decrease the potential for the unique identification
of this species. We selected F. insipida because it had the largest
number of crowns accessible in the field (FI-1, FI-2, FI-3, FI-4,
FI-5 and FI-6).
Spectral angles were computed between all pixels belonging
to a crown and the mean spectrum of the crown. Histograms and
statistics of the spectral angle for each crown (Fig. 4) vary
considerably across different tree crowns. The lowest standard
deviation (0.019) is observed for FI-3, with a maximum of
0.034 for FI-2. The p values from the Kolmogorov–Smirnov
test are 0.006 (FI-1), < 0.001 (FI-2), 0.184 (FI-3), >0.200 (FI-4),
>0.200 (FI-5) and <0.001 (FI-6). FI-3, FI-4 and FI-5 display a
normal distribution of angles, with a confidence level of 95%.

Fig. 4. Histograms of the spectral angle within six crowns of F. insipida calculated from the reflectance data (spectral angle in radian).
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Since the variance of the spectral angle is not equal for different
crowns and the distribution is not always normal, we used a
Kruskal–Wallis test, a nonparametric version of the one-way
ANOVA, to test whether the medians of spectral angle are
different amongst the crowns. The H value for the Kruskal–
Wallis test is 13.8, indicating that the null hypothesis of “no
difference amongst different crowns” should be rejected at a
significance level of 0.05 (df = 5, right-tail probability
p = 0.017).
4.2. Comparative results for the reflectance, derivative and
wavelet domains
The ability of derivatives and wavelets to suppress withincrown variations of F. insipida was examined (Fig. 5 and Table
2). The detail coefficients resulting from the discrete HAAR
wavelet transform at fine scales are equivalent to a first order
approximation of the first derivative spectrum, thus the results
from the detailed wavelet coefficients at scales 1 and 2 are not
listed in Fig. 5 and Table 2. The maximum decomposition level,
scale 6, was not included in the analysis since the detail
coefficient at this scale consists of only one element (20 = 1)
(Section 3.2).
The range of spectral angle and standard deviation within
individual tree crowns is much larger for first derivatives as
opposed to wavelet and reflectance domains (Fig. 5 and Table
2). In the wavelet domain, spectral variation is greatly reduced
for all crowns at scale 5 and for the wavelet energy feature. At
wavelet scale 3, the spectral variation is larger than that of the
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Table 2
Standard deviation of the spectral angle within crowns of F. insipida in the
reflectance, first derivative and wavelet domains

Reflectance
First derivative
WL-Scl3
WL-Scl4
WL-Scl5
WL-energy

FI-1

FI-2

FI-3

FI-4

FI-5

FI-6

0.011
0.025
0.018
0.014
0.003
0.006

0.026
0.039
0.027
0.024
0.008
0.015

0.009
0.020
0.015
0.013
0.002
0.005

0.012
0.029
0.014
0.010
0.004
0.008

0.010
0.026
0.024
0.013
0.003
0.007

0.018
0.022
0.017
0.009
0.004
0.008

reflectance domain. At scale 4, all crowns except FI-6 display a
standard deviation of spectral angle similar to that of the
reflectance domain (Table 2). Although derivative spectra have
been used extensively for hyperspectral investigations of
vegetation, their use is less than optimal for the identification
of tree species (e.g. F. insipida) at the crown level. In contrast,
wavelet scale 5 and the wavelet energy feature appear
considerably more useful for the identification of tree species
(e.g. F. insipida).
4.3. Spectral variability of other species
Following the analysis for F. insipida, the spectral angle
distribution was computed for the remaining species by
comparing each pixel in a species to the mean spectrum of
the same species (Fig. 6). Results from the derivative domain
were excluded from the analysis based on the finding for F.
insipida. As observed for F. insipida, the spectral variation

Fig. 5. The distribution of spectral angle within six crowns of F. insipida calculated from the reflectance, first derivative, and wavelet domains. The boundaries of the
box indicate the 25th and 75th percentiles, a line within the box marks the median, whiskers above and below the box indicate the 90th and 10th percentiles, and dots
represent the 5th and 95th percentiles.
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Fig. 6. The distribution of spectral angle within each species (crown 1 of T. oblonga (TO-1) was excluded from the analysis due to the presence of epiphytes). Top:
variation from the mean spectrum. The boundaries of the box indicate the 25th and 75th percentiles, a line within the box marks the median, whiskers above and below
the box indicate the 90th and 10th percentiles, dots represent the 5th and 95th percentiles; bottom: standard deviation of the spectral angle.

within the remaining species is greatly reduced for the detail
coefficient of scale 5 and for the wavelet energy feature.
4.4. Spectral separability of tree species
As shown above, the wavelet coefficients at coarse scales
and the wavelet energy feature can suppress the spectral
variation within individual crowns or within species and thus
should enhance the spectral separability of species (Eq. (5)). To
examine spectral discrimination of the different species, the
spectral angle of each pixel from the mean spectrum of F.
insipida crown #1 (FI-1) was determined. The mean and
standard deviation for each species were calculated and the
spectral separability was obtained using Eq. (5). It should be
noted that selecting a reference spectrum other than FI-1 would
have resulted in different angles.
Table 3 lists the separability for the 5 species using data in
the reflectance and wavelet domains. The worst separability
value approaches 0 and is observed for F. insipida and C.
elastica, while T. oblonga displays the largest separability from

F. insipida and C. elastica. The best separability results are at
the wavelet scale 5 or the energy feature with one exception (CE
vs. ZL at scale 4) while the worst separability is consistently
observed at wavelet scale 3.
Table 3
Spectral separability (e.g. d(i,j) values calculated from Eq. (5)) between species
using data from the reflectance and wavelet domainsa

a
The highest and lowest separability values for each species pair are
highlighted. TO-1 is omitted.
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Fig. 7. The distribution of spectral angle of each species with respect to FI-1. The boundaries of the box indicate the 25th and 75th percentiles, a line within the box
marks the median, whiskers above and below the box indicate the 90th and 10th percentiles, and dots represent the 5th and 95th percentiles.

Fig. 8. Scatter plot of energy feature and coefficients values at wavelet scale 5.
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Fig. 7 provides an additional representation of the spectral
separability of species. The distribution of spectral angle for CE
and FI consistently overlap explaining the near zero separability
seen in Table 3. L. seemannii, T. oblonga and Z. longifolia are
not clearly distinguished in the reflectance domain, though each
species displays a different distribution of angles. The large
intra-species variation and large overlap of spectral angle
distribution observed for these species at scale 3 explains their
lowest separability at this scale (Table 3). The separability of Z.
longifolia and C. elastica improves at scale 4 compared to the
reflectance domain, but the same is not true of other species due
to their larger intra-species variability at scale 4. Intra-species
variability is considerably smaller at wavelet scale 5 and for the
energy feature, in part explaining the larger separability values
obtained at these two scales (Table 3). T. oblonga can be
separated well from Z. longifolia at scale 5. Z. longifolia, L.
seemannii and T. oblonga are clearly discriminated from F.
insipida and C. elastica using the wavelet energy feature. L.
seemannii, though not quite distinguishable from Z. longifolia
using the wavelet energy feature, is not confused with T.
oblonga.
4.5. Visualization of the separability of different species/crowns
To complement the crown and species scale overview
statistics shown above, a scatter plot of spectral angle at scale 5
and wavelet energy feature is shown in Fig. 8 for all pixels of the
study. The distinctions observed at the species level are apparent
with T. oblonga showing distinct values at the upper end, with
the exception of crown # 1 (TO-1) that contains an extensive
cover of epiphytes. All pixels of TO-1 are displaced to very low
values resulting in a complete confusion with F. insipida and C.
elastica. L. seemannii and Z. longifolia both display intermediate values but each species generally occupies a distinct
field in Fig. 8. Note that for these three species, a number of
crowns occupy distinct portions of the graph with little overlap
from other crowns (e.g. ZL-2, 3, 4).
5. Discussion and summary
The classification of tree species using remote sensing data
with high spectral and spatial resolution is mostly controlled by
the spectral variation within tree crown/species (intra-species)
and the spectral variation between species (inter-species).
Knowledge of intra-species variation and inter-species variation
is relevant to the accuracy of the final identification results. This
study suggests that the spectral intra-crown variation can vary
from crown to crown within a given species (e.g. F. insipida,
Fig. 4) and does not always follow a normal distribution. This
result implies challenges to statistically define the spectral
variation within species using conventional classification
approaches that assume normal distributions. In the research
on the discrimination of lianas and tropical forests using leafscale hyperspectral data, Castro-Esau et al. (2004) found that
nonparametric classifiers performed better than parametric
classifiers because nonparametric methods do not require the
assumption of normality and have low training error. Our

finding that the spectral variation may lack normality at the tree
crown level also suggests that nonparametric approaches should
be favored for the identification of different tree species in
tropical forests.
Although the derivative of reflectance spectra has been used
extensively to suppress background signals and enhance subtle
spectral features in hyperspectral remote sensing of vegetation,
our results suggest that it may not be optimal for species
identification in tropical forests using airborne hyperspectral
data because it does not effectively suppress the spectral
variation within tree crowns or species. Fung et al. (1999) also
found poorer results from derivative spectra than from the
original reflectance in the discrimination of subtropical tree
species. The derivative is very sensitive to noise in the original
spectrum. Smoothing prior to derivative calculation can only
remove part of the noise. The residual noise will be emphasized
in the derivative spectra and this may vary according to the pixel
location on the tree crown. In addition, environmental or stress
factors such as moisture content and leaf age introduce subtle
variations in crown reflectance that will be enhanced by the
differentiation. Consequently, spectral variation within crowns
or species will be greatly enlarged in the derivative spectral
domain, further interfering with the identification of tree
species. In this study, the spectral variation of F. insipida was
almost twice as large using first derivative spectra as compared
to reflectance spectra (Fig. 5).
Our results suggest that the DWT wavelet transform can be a
very useful tool for species identification. The wavelet
coefficients at coarse scales and the wavelet energy feature
are capable of reducing the variation of samples within crowns/
species and capturing the spectral differences between species.
The maximum separability amongst five species was reached
using either the wavelet energy feature or wavelet coefficients at
scales 4 and 5 (Table 3). In contrast, wavelet coefficients at fine
scales may not be informative for the purpose of identification
of tree species. At fine scales, wavelet coefficients are sensitive
to narrow or local spectral features because they are derived
from high-pass filters, which is similar to the derivative spectra.
The wavelet coefficients at coarse scales and the wavelet energy
feature are mainly controlled by the broad spectral pattern of the
spectrum (Kempeneers et al., 2005), thus a more global view of
reflectance may be more useful for the identification of tree
species at the crown level than simply observing the reflectance
at finely resolved spectral bands.
Koger et al. (2003) also found that coarse scale wavelet
coefficients were important in weed detection using hyperspectral
data. While this study confirmed that the wavelet energy feature is
robust to increase class separability (Bruce et al., 2001, 2002;
Huang et al., 2001; Li et al., 2001), we also found the information
at coarse wavelet scales to be equally important for species
identification (Figs. 7 and 8 and Table 3), though the specific
wavelet features and scale may vary for different species. For
example, maximum separability between CE and ZL was reached
at scale 4 while other species exhibit their greatest separability
with the scale 5 wavelet feature or the energy feature (Table 3).
Given that spectral similarity may exist between species and
that the within-crown/species variability may be influenced by
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many factors, it may be impractical to identify a large number of
species using only hyperspectral data. Distinguishing some
forest taxonomic groups or species should be feasible, however.
For example, clusters of T. oblonga, Z. longifolia and L.
seemannii are well separated in Fig. 8; however, F. insipida and
C. elastica are not separable. In addition, in many cases a
thorough understanding of tree phenology (e.g. flower production) may be more relevant to the broad detection of populations
than the use of complex airborne hyperspectral missions or data
analysis approaches. The incorporation of ancillary information
such as chlorophyll concentration and leaf area index may be
necessary to achieve high levels of accuracy. If combined with
LIDAR, which can provide information on tree location and
height as well as crown diameter and shape, the accuracy of
species classification may be expected to improve further
(Gillespie et al., 2004).
Furthermore, leaf optical properties also vary due to many
different factors ranging from leaf age, non-sequential leaf
flushing, to colonization by epiphytes and galls that cover
mature leaf surfaces and reduce light transmission and limit
photosynthesis (Coley & Kursar, 1996; Roberts et al., 1998),
factors that in turn contribute to differences in spectral
reflectance at the crown level for individuals of the same
species. This is better explained by considering the effect of
epiphytes on crown TO-1. Crown TO-1 in Fig. 8 has a distinct
distribution pattern from other TO crowns, demonstrating that
structurally-parasitic plants can significantly change the
separability between species. Similar results have been
observed for canopy trees infested with lianas in a tropical
dry forest of Panama (Sanchez-Azofeifa & Castro-Esau,
submitted for publication). Differences in chlorophyll concentration and internal leaf structure between epiphytes, lianas and
the host canopy may provide only part of the answer as to why
epiphytes/lianas can significantly change the spectral behavior
of the host canopy (Danson, 1995). Moreover, abundant
epiphytes/lianas on the canopy will change the canopy
structure (Stuntz et al., 2002), in turn impacting the reflectance
at the canopy scale. The results of this study are encouraging
for the identification of tropical forest species using hyperspectral data. Further research should aim to enlarge the
sample size of epiphyte bearing crown and examine spectral
variation observed between shaded and sun-lit portions of
crowns.
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