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Abstract. Hyperspectral remote sensing can provide information about species richness over
large areas and may be useful for species discrimination in tropical environments. Here, we
analyze the main sources of variability in leaf spectral signatures of tropical trees and examine
the potential of spectroscopic reflectance measurements (450 to 2450 nm) for tree species dis-
crimination. We assess within- and among-species spectral variability and perform a feature
selection procedure to identify wavebands in which the species most differ from each other.
We assess the discriminative power of these wavebands by calculating a separability index
and then classifying the species. Finally, leaf chemical and structural parameters of each species
are retrieved by inversion of the leaf optical model PROSPECT-5. Among-species spectral vari-
ability is almost five times greater than within-species spectral variability. The feature selection
procedure reveals that wavebands, where species most differ, are located at the visible, red edge,
and shortwave infrared regions. Classification of the species using these wavebands reaches
96% overall accuracy. Leaf chemical and structural properties retrieve by model inversion
show that differences in leaf pigment concentrations and leaf internal structure are the most
important parameters controlling the spectral variability of species. These parameters also con-
tribute to the variation in red edge position among species. © 2013 Society of Photo-Optical
Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JRS.7.073502]
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1 Introduction

Management and conservation efforts of tropical forests require frequent floristic assessments to
yield knowledge on species numbers and distribution. Such data are usually obtained by expen-
sive and time-consuming field surveys, which make the development of alternative methods a
promising research topic. Remote sensing can provide information about species richness over
large areas at a low cost. Particularly, hyperspectral sensors have the capacity to slice the electro-
magnetic spectrum into hundreds of narrow spectral bands, enabling the detection of unique
spectral signatures.1 At the leaf-level, some studies successfully identified tree species with
the hyperspectral data.2–4 Within the scope of large-scale applications, hyperspectral imaging,
also known as imaging spectroscopy, has also been used to map floristic composition in tropical
forest sites.1,5–8 This opened a new opportunity to monitor tropical species composition and,
consequently, improve the understanding of anthropogenic impacts, such as land use and climate
change, in forest ecosystems. Moreover, floristic studies by remote sensing can become a fea-
sible way to assess species richness in areas of difficult access, where traditional field surveys
are financially and operationally prohibitive.
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However, species discrimination using a high spectral resolution remote sensing is not a
trivial task. The spectral response of plants is governed by a relatively small number of physical
parameters, which causes similarities among species.9,10 In high-diversity forests, the precept for
species recognition is that among-species spectral variability should exceed within-species spec-
tral variability. Such assessment is crucial across a range of forest ecosystems to provide the basis
for species discrimination with the hyperspectral data, yet few studies have dealt with the spectral
variation of tree species. Perhaps, the most important contribution was made by Castro-Esau
et al.3 who performed an analysis of the spectral variability of >50 tropical dry forest trees
and assessed its impact on species discrimination. In more recent years, Féret and Asner11 pro-
vided a study of the variability in leaf optical properties of Hawaiian forest species. Although
other examples of studies involving leaf optical properties of tropical trees could be quoted (e.g.,
Refs. 12–14), little is known about the spectral variability of Atlantic Forest (AF) tree species.
Considered as a biodiversity hotspot for conservation priorities,15 the AF still harbors an impres-
sive number of endemic species and high biodiversity,16 despite the exceptional loss of habitat.17

With the tropical tree species recognition using a hyperspectral data in a stage of increasing
development, we believe it is valuable to provide an analysis of the spectral variability of AF tree
species. Therefore, the main objectives of this article are to provide a practical understanding of
the main sources of variability in leaf spectral signatures of AF tree species and to evaluate the
potential of spectroscopy measurements for species discrimination. We investigated within- and
among-species spectral variability of 315 leaf samples of 21 different trees. By a feature selection
procedure, we identified the wavebands in which the species most differ. Then, a randomization
procedure was performed to test if the differences among species means is or is not likely to have
arisen by chance. Afterwards, aiming to quantify the spectral variation, we calculated a sepa-
rability index for each of the wavebands where species most differ from each other. To assess
the discriminative power of these wavebands, we carried out a supervised classification of the
species. Finally, we performed simulations using the PROSPECT-5 model18 to estimate leaf
chemical and structural parameters.

2 Materials and Methods

2.1 Location and Data Acquisition

For this study, spectroscopy measurements were collected from leaves of seven AF tree species
from a forested area located on the surroundings of Porto Alegre city, in southern Brazil (30°04′
27′′S, 51°06′51′′W). A Plant Probe accessory, combined with the Leaf Clip assembly
[Analytical Spectral Devices (ASD), Inc., Boulder, Colorado], coupled in the high-resolution
spectroradiometer ASD/FieldSpec®3, was used to measure the reflectance of species leaves.
The ASD/FieldSpec®3 instrument consists of three spectrometers. The first one covers the vis-
ible (VIS, 350 to 700 nm) and near-infrared (NIR, 701 to 1000 nm) regions of the electromag-
netic spectrum and has a spectral resolution of 3 nm. The second and third spectrometers have a
spectral resolution of 10 nm and cover the shortwave infrared (SWIR) region (1001 to 2500 nm).
The Leaf Clip assembly is designed for use with the Plant Probe accessory, which has an inte-
grated halogen bulb that emits radiation over the 350- to 2500-nm spectral range. Its design
minimizes measurement errors associated with the stray light. Leaf Clip includes a gripping
system for holding the target sample in place without inflicting damage to the leaf. It also
has a two-sided rotating head (2 cm in diameter) that allows both bidirectional reflectance
and transmittance measurements.19 Figure 1 illustrates how leaf samples were spectrally mea-
sured using Plant Probe + Leaf Clip assembly.

Full sunlight leaves were detached from branches of AF tree species and immediately taken
to the laboratory of spectroradiometry of the Federal University of Rio Grande do Sul (UFRGS).
Table 1 shows the species names as well as the number of trees and leaves per tree sampled. The
latter equaled 15 to ensure a representative sample size.20 Leaves were detached and measured
separately for each tree in order to preserve their physical and chemical characteristics. A reflec-
tance standard (Spectralon, Labsphere Inc., Durham, New Hampshire) was used to calibrate the
instrument for dark current and stray light and calculate the reflectance factor of the samples. In
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this study, the following spectral regions will be considered: VIS (400 to 700 nm), NIR (701 to
1300 nm), and SWIR (1301 to 2450 nm).

2.2 Spectral Variability

Aiming to assess within- and among-species spectral variability, we computed the metric D
proposed by Price,10 which is calculated as follows:

D ¼
�

1

λb − λa

Z
λb

λa

½S1ðλÞ − S2ðλÞ�d2λ
�

1∕2
; (1)

where D corresponds to the root mean square difference between a pair of spectra (S1 and S2),
averaged over the spectral interval (λa to λb). The spectral interval used to calculate this metric
was 450 to 2450 nm. Although the ASD/FieldSpec®3 spectroradiometer engine with the spec-
tral range from 350 to 2500 nm, the initial (below 450 nm) and final (after 2450 nm) wavebands
presented noisy values and should be discarded.

D was calculated at the following levels for leaf spectra:

1. Within-tree: Multiple leaves were sampled per tree of each species (Table 1), D was
computed for all pairwise combinations. Note that the total number of pairwise combi-
nations was calculated as n½ðn − 1Þ∕2� and equaled 105, with n being the number of
leaves.

2. Among-trees and within-species: Multiple trees of the same species were sampled
(Table 1) and leaf spectral responses of each tree were averaged. D was computed
for all pairwise combinations (i.e., three).

Fig. 1 Leaf reflectance measurement using Plant Probe + Leaf Clip assembly. (Source: ASD,
2004.)

Table 1 Species names, number of trees, and number of leaves per tree sampled for reflectance
measurements.

Species names No. of trees sampled No. of leaves per tree sampled

Psidium araca (PA) 3 15

Schinus terebinthifolius (ST) 3 15

Ocotea spixiana (OS) 3 15

Tabebuia impetiginosa (TI) 3 15

Ceiba speciosa (CS) 3 15

Bauhinia forficata (BF) 3 15

Eugenia uniflora (EU) 3 15
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3. Among-species: Averaged spectra per species were calculated and D was computed for
21 pairwise combinations.

Finally, Wilcoxon rank sum test was performed to determine whether within-species and
among-species spectral variability were statistically significantly different.

2.3 Statistical Procedures

Aiming to assess the spectral variability of species, we were interested in identifying regions of
the electromagnetic spectrum in which the species most differ from each other. For this purpose,
we first conducted a one-way analysis of variance (ANOVA) followed by the post-hoc Tukey
Honestly Significance Difference (HSD) test across each waveband, in order to verify
differences among species means. Second, a randomization test was performed to provide infor-
mation whether the pattern observed in the data (statistically significantly different pairs) is
likely, or not, to have arisen by chance. Finally, we estimated the spectral separability between
species by the Jeffries-Matusita (JM) distance and performed a classification of the species using
linear discriminant analysis (LDA). These methods have proved to be universally superior for the
optimal feature selection21 and have been successfully used for spectral discrimination of plant
species.22–24 Prior to performing the statistical tests, normality and homoscedasticity (homo-
geneity of variances) of the reflectance values across each waveband were verified.

2.3.1 Feature selection

One-way ANOVA test was used to verify the statistical difference between species means in each
waveband. The ANOVA tested the following hypothesis:

H0 ¼ μ1 ¼ μ2 ¼ · · ·¼ μn; (2)

H1 ¼ Not all μnðiÞ are equal; (3)

where μn represents the mean reflectance of the n’th species ðn ¼ 1; 2; : : : ; 7Þ and i denotes the
waveband. Rejection of the null hypothesis (H0) indicated the wavebands, at a 99% (p-value
<0.01) confidence level, in which the species differ statistically. H0 rejection was followed by
pairwise multiple comparisons with the post-hoc Tukey HSD test. The total number of pair com-
binations was calculated as n½ðn − 1Þ∕2� and equaled 21, where n is the number of species. By
counting the number of pairs that is statistically significantly different on each waveband, it is
possible to identify the spectral regions where the species most differ. Only the wavebands with
19 or more statistically significantly different pairs were retained for further use. This number
was chosen because it represents >90% of total pairwise combinations, evidencing the wave-
bands that may have high discriminative power.

2.3.2 Randomization test

With the randomization procedure, we tested if the differences among species means it is or is
not likely to have arisen by chance.25 The procedure of randomization was performed according
to Manly25 as follows. First, the F statistic was chosen to measure the extent to which the data
show the pattern in question. Second, F-values were estimated at each waveband for the
observed reflectance measurements. Then, these values were randomly reallocated 4999
times while holding the categorical variable (tree species), and the F statistic was recomputed
for each randomization.

According to Manly,25 the results from randomization tests can be interpreted in the same
way as for conventional tests of significance. However, the level of significance should be inter-
preted as a measure of the strength of evidence against the null hypothesis (equal species means).
In our case, this measure can be estimated by the number of F-values that was lower than the
observed F-values.
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2.3.3 Spectral separability

Aiming to estimate the spectral separability of species at the wavebands previously identified, we
calculated the Jeffries-Matusita (JM) distance. According to Richards and Jia,26 JM distance is
calculated using Eq. (4):

JMij ¼ 2ð1 − e−BÞ; (4)

in which

B ¼ 1

8
ðmi −mjÞT

�P
iþP

j
2

�
−1
ðmi −mjÞ þ

1

2
ln

2
64
����P iþP

j
�
∕2

������P ij1∕2
���P j

���1∕2
3
75; (5)

which is known as Bhattacharyya distance,27 where i and j are the two species being compared,P
i ¼ covariance matrix of i species,

P
j ¼ covariance matrix of j species, mi ¼ mean vector

of i, mj ¼ mean vector of j, T ¼ transposition function, ln ¼ natural logarithm, jPi j ¼
determinant of

P
i, and jPi j ¼ determinant of

P
j. The calculation of

P
i and

P
j as well

as mi and mj was possible for each selected waveband because 45 samples per species
were obtained (Table 1). JM distance values vary between 0 and 2, with higher values indicating
the total separability of the species pairs in the wavebands being used.26 Processing procedures
until here were performed in the R environment.28

2.3.4 Classification

JM distance was calculated to quantify the spectral separability of species at the wavebands with
higher counts of statistically different pairs. To test the relevance of these wavebands for species
discrimination, LDAwas performed. This pattern recognition technique is used to separate two
or more classes of objects with a linear combination of features.29 LDA has proved to have a
good performance for the classification of tree species using the hyperspectral remotely sensed
data.1,7,8 Here, a cross-validated LDA classifier with 10-folds was created using the MATLAB®
Statistics Toolbox. First, the training sample was randomly divided into 10 subsamples of
roughly equal size. Then, a leave-one-out approach was used in the cross-validation process
to assess the predictive power of the model. In this approach, one subsample is removed
and the model is trained with the remaining ones. The removed sample is then classified by
the trained model. After repeating this process 10 times (folds) the average confusion matrix
was computed as well as user, producer, and overall accuracies.

2.4 PROSPECT-5 Simulations

PROSPECT9 has become the most important model to simulate leaf reflectance and transmit-
tance over the optical domain (400 to 2500 nm).30 This model has undergone gradual improve-
ments and is currently in its fifth version.18 With a set of input variables [leaf structure parameter
(N), chlorophyll aþ bðCabÞ, carotenoids (Car), equivalent water thickness (Cw), and dry matter
content (Cm)], PROSPECT-5 simulates leaf directional-hemispherical reflectance and transmit-
tance over the 400- to 2500-nm spectral range. TheN parameter is used to consider differences in
leaf anatomy among species.9 As we did not perform any chemical analysis for the species stud-
ied, the mentioned set of parameters was not available. Therefore, it was retrieved by inversion of
the PROSPECT-5. For this purpose, a MATLAB® code, freely available at http://teledetection
.ipgp.jussieu.fr/prosail/, was used. Inversion of the PROSPECT-5 is performed by finding the
best set of parameters (θ) that minimizes the merit function using Eq. (6):

GðθÞ ¼
Xλmax

λmin

f½RmesðλÞ − Rsimðλ; θÞ�2 þ ½TmesðλÞ − Tsimðλ; θÞ�2g; (6)

where Rmes and Tmes are the measured reflectance and transmittance and Rsim and Tsim are the
simulated reflectance and transmittance. The Nelder–Mead Simplex method31 with bound
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constraints was applied to minimize GðθÞ. In this study, we considered only the simulated
reflectance.

3 Results and Discussion

3.1 Spectral Variability

Spectral variability is a key factor in discriminating tree species with the hyperspectral data. In
this study, assessment of within- and among-species variability was possible because leaves of
same- and different-species trees were measured. Within- and among-species variability, esti-
mated using Eq. (1), differed statistically (Wilcoxon rank sum test p-value <0.01). Spectral
amplitude (D) values showed an increasing trend of within-to-among species (Fig. 2). This
agrees with Féret and Asner,11 who explored the spectral variability of Hawaiian tropical
trees for classification purposes. Among-species D was almost five times greater than
within-speciesD. Given the magnitude of this difference, AF tree species could be discriminated
using the hyperspectral data.

3.2 Statistical Analysis

Differences in leaf spectra were verified by one-way ANOVA followed by Tukey HSD post-hoc
test. One-way ANOVA results indicated that species are likely to be spectrally separable
(p-value < 0.01) at 1488 wavebands on the reflectance spectra (74.4% of a total 2000).
Tukey HSD post-hoc test resulted in 21 possible pairwise combinations for the number of spe-
cies sampled. A total of 63 bands presented at least 19 statistically significantly different pairs
(gray areas in Fig. 3). Spectral variability of species is concentrated at these wavelengths, which
are located at the VIS (450 to 700 nm), red edge (680 to 760 nm), and SWIR (1001 to 2450 nm)
regions (Fig. 3). Most notably, several wavebands were selected around the green peak (550 nm),
which is formed due to the strong absorption of leaf pigments. It is worth noting that chloro-
phylls (chlorophyll a and b) and carotenoids absorb light in the vicinity of 445 and 645 nm32 and
350 to 450 nm,33 respectively. This is the evidence that species have varied concentrations of
such pigments.

Some wavebands were also selected at the beginning of red edge (680 to 760 nm) (Fig. 2). At
this region, an abrupt variation in leaf spectra occurs as a result of strong chlorophyll absorption
at red (650 to 700 nm) and high reflectance at NIR due to multiple-scattering at the air-cell

Fig. 2 Mean spectral amplitude (D) (�1 standard deviation) of leaf reflectance spectra of Brazilian
Atlantic Forest (AF) tree species. Number of samples to calculate each mean is indicated.
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interfaces in the internal leaf tissue.34 As a result, the red edge position, i.e., point of maximum
slope in the vegetation spectra, has a relationship with the leaf chlorophyll concentration32 and
leaf scattering properties.34 Therefore, the red edge position has been explored in several veg-
etation studies.35–37 Here, just a few wavebands were selected at the red edge, which may suggest
this region did not have a significant contribution on the species discrimination. However, the
separability threshold applied (19 or more statistically significantly different pairs) was quite
restrictive. It is possible that wavebands with 17 or 18 statistically different pairs could also
provide useful information to separate the species.

In order to quantify the spectral variation at the selected wavebands, the JM-distance [Eq. (4)]
between each species pairs was calculated. Figure 3 shows mean JM-distance values as black
dots with respective�1 standard deviation bars. For reflectance measurements, higher separabil-
ity values are found at 508- to 515-nm interval (Fig. 3), in which the waveband located at 508 nm
achieved the highest value.

Differences in leaf pigments demonstrated to be a very important factor on the spectral vari-
ability of species, which led to variations at the red edge position among them (Table 3). This
result is consistent with Cochrane2 and Rivard et al.20 who also showed that the red edge position
is relevant for discrimination of tropical forest trees. Conversely, our findings partially disagree
with Clark and Roberts,7 who found that the most important reflectance bands for classifying
leaves are located at NIR and SWIR regions instead of VIS and NIR regions as we propose here.
This difference may be due to the gap in time between leaf spectra acquisitions. Clark and
Roberts7 measured bidirectional reflectance of leaves 12 h from the time of collection at the
field site, which considerably affected the leaf moisture content and, consequently, SWIR reflec-
tance. In our work, leaves were measured immediately after being detached from trees and varia-
tion in leaf moisture content was low (Table 3). Nevertheless, some wavebands were selected at
the SWIR around 1850 and 2100 nm (Fig. 3). Structural constituents, such as lignin and cellu-
lose, are obscured due to the strong water absorption in this spectral region.38 Species with leath-
ery leaves can significantly influence SWIR reflectance which was the case of Psidium araca
(PA). PA reached the highest dry matter content (Cw) value and also the highest leaf structure
parameter (N) (Table 3), both of them retrieved by inversion of the PROSPECT-5 model.

To ensure that differences in leaf spectra have not arisen by chance, we performed a ran-
domization test. The observed values were found after 99% of the randomizations (Fig. 4).
This means that <1% of the F-values calculated after randomization were greater than the
observed F-value, which provides very strong evidence against the null hypothesis [equal spe-
cies means, Eq. (2)].

Fig. 3 Leaf reflectance measurements of Brazilian AF tree species. Gray areas represent the
wavebands where the species most differ from each other. Mean Jeffries-Matusita (JM)-distance
values are inserted to indicate the spectral separability among species at these wavebands. The
waveband that achieved the highest JM-distance value is indicated.
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Finally, LDAwas used to classify the species based on the spectral behavior at the wavebands
identified by the feature selection procedure. Results of the 10-fold leave-one-out cross-valida-
tion are shown in Table 2. Overall accuracy was high (96.2%) confirming that wavebands
selected are adequate for multiple species classification of the data set. The highest confusion
rates were reported between OS/EU and TI/CS, which indicated that these species have similar
spectral responses. In general, most of the trees were correctly classified, reaching even 100%
accuracy.

3.3 Leaf Chemical and Structural Properties

In order to corroborate the results previously presented, leaf chemical and structural parameters
of species were retrieved by inversion of the PROSPECT-5 model. This inversion is based solely

Table 2 Confusion matrix resulted from linear discriminant analysis using the wavebands in
which the species most differ from each other. The diagonal elements are the counts of the correct
predictions.

PA ST OS TI CS BF EU Row total User accuracy (%)

PA 45 0 0 0 0 0 0 45 100

ST 0 43 0 1 0 1 0 45 96

OS 0 0 43 0 0 0 2 45 96

TI 0 0 0 43 2 0 0 45 96

CS 0 0 0 1 43 1 0 45 96

BF 0 1 0 0 0 44 0 45 98

EU 0 1 2 0 0 0 42 45 93

Column total 45 45 45 45 45 46 44 303

Producer accuracy (%) 100 96 96 96 96 96 95

Overall accuracy ð%Þ ¼ 96.2

Fig. 4 Density histogram of F -values obtained after randomly reallocate 4999 times the reflec-
tance values of the wavebands in which the species most differ (see Fig. 3), each gray line rep-
resents a waveband. The observed F -values are found after the threshold that contains 99% of
the F -values calculated after randomization.
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on species spectra and is considered as a feasible way to estimate biophysical parameters of
vegetation.16 Simulated reflectance values were very similar to the measured ones, as shown
in Fig. 5, and high-correlation coefficients were achieved. The retrieved variables as well as
red edge positions (wavebands with the maximum slope in vegetation spectra) are presented
in Table 3.

Remarkably, chlorophyll aþ b ðCabÞ concentration varied from 77.58 μg∕cm2 in Eugenia
uniflora (EU) to 42.80 μg∕cm2 in Bauhinia forficata (BF), or nearly double. Carotenoids (Car)
concentrations were not as varied as Cab, with the exception of EU. Equivalent water thickness
(Cw) parameters were similar among species, except for species with the high dry matter content
(Cm) such as PA. Moreover, similar Cm values were obtained because measurements were per-
formed immediately after detaching the leaves from tree branches. Finally, considerable variation
was observed at the leaf structure parameter (N), evidencing that the model accounted for
differences in leaf anatomy among species. As noted by Féret and Asner11 correct values of
N parameter are crucial to obtain an accurate leaf spectrum model.

The inversion of the PROSPECT-5 model provided favorable results corroborating evidences
that leaf pigments and red edge position determine the spectral variability of AF tree species.
Consequently, it was proved that the spectral regions best suited to discriminate the species stud-
ied are located at VIS and NIR regions of the electromagnetic spectrum. Although, these findings
are closely related to the database used in this work, they are important contributions to the
progress of hyperspectral discrimination of tree species. Especially for the Brazilian AF, in
which investigations such as those carried out in this work have been poorly reported in the
literature.

4 Conclusions

In this study, we analyzed the spectral variability of AF tree species from full-range (450 to
2450 nm) leaf spectroscopy data. We focused on 21 trees of seven important species from a
site in the south of Brazil. Our study showed that the spectral diversity of species is mostly
determined by leaf pigment concentrations, red edge position, and SWIR reflectance. Using
the spectral information presented in the wavebands located at these regions, high overall accu-
racy was reached (96.2%). It is of value to note that this accuracy rate is intrinsic to the data set
and to the methodology employed in this study. Moreover, among-species spectral variability
was considerably higher than within-species variability. These findings are important contribu-
tions for hyperspectral research on tropical species discrimination for two main reasons. First,
assessment of within- and among-species spectral variability is a prerequisite for species
discrimination. Second, optimal feature selection is a crucial task in the hyperspectral data
processing. Thus, identification of separable regions along with the optical domain depends

Table 3 Leaf chemical and structural parameters obtained by inversion of the PROSPECT-5 leaf
optical model and red edge position of species.

Species
names N Cab (μg∕cm2) Car (μg∕cm2) Cw (g∕cm2) Cm (g∕cm2)

Red edge
position (nm)

PA 2.66 58.31 12.76 0.024 0.011 709

ST 1.88 50.76 10.78 0.019 0.008 715

OS 1.93 57.98 13.73 0.013 0.007 724

TI 1.66 52.00 13.00 0.008 0.006 719

CS 1.48 50.00 12.00 0.009 0.005 713

BF 1.64 42.80 9.50 0.009 0.003 722

EU 1.86 77.58 17.17 0.010 0.008 705

Note: N ¼ leaf structure parameter; Cab ¼ chlorophyll content ðaþ bÞ; Car ¼ carotenoids content; Cw ¼
equivalent water thickness; Cm ¼ dry matter content.
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Fig. 5 Relationships between measured and modeled reflectance of species. Dashed lines
represent perfect correlation between the variables. The R2 values and species names are
shown in each graphic.
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on an initial attempt to spectrally discriminate plant species in the AF Biome. Nevertheless,
others’ investigations such as this must be carried out with more species and at different regions
to account for the high diversity of AF.

The methodological approach developed in this article proved to be useful to assess the spec-
tral variability of species in an efficient way. Most notably, the inversion of the PROSPECT-5
model provided accurate estimations of leaf spectra (r̄2 ¼ 0.99), although no chemical data were
available. Furthermore, a calculation of JM distance across each spectrally separable waveband
is an innovative approach that, coupled with the LDA classification, permitted quantification of
the discriminative power of these bands (Fig. 3).

To conclude the evidence that spectral signatures linked to leaf chemical properties are
unique for tropical tree species5 motivates the development of approaches that might map canopy
species over large areas. Additionally, the possibility of mapping canopy chemicals with the
hyperspectral data39 is a substantial advance in vegetation monitoring. However, analytical meth-
ods to achieve these goals are just beginning to appear and much more research is needed.
Recently, acquisitions of high-resolution hyperspectral imagery over AF areas have motivated
even more research related to canopy chemistry and species mapping in this Biome.
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