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Abstract: The goal of this study was to investigate the variation in the leaf spectral reflectance
and its association with other leaf traits from 12 genotypes among three provenances of origin
(populations) in a common garden for Finnish silver birch trees in 2015 and 2016. The spectral
reflectance was measured in the laboratory from the detached leaves in the wavelength range of visible
and near-infrared (VNIR, 400–1000 nm) and shortwave infrared (SWIR, 1000–2500 nm). The variation
among the provenance was initially visualized with principal component analysis (PCA) and a
clear separation among the provenances was detected with the discriminant analysis of principal
components (DAPC) and partial least squares discriminant analysis (PLS-DA) depicting a less strong
variation among the genotypes within the provenances. Wavelengths contributing to the separation
of the genotypes and provenances were identified from the contribution plot of DAPC and the
red edge was strongly related to the differences. Chlorophyll content showed clear provenance
variation and was associated with the separation among the genotypes and provenances in the DAPC
space. The normalized difference vegetation index (NDVI705,750) and chlorophyll reflectance index
(CRI) showed clear significance among the provenances, whereas NDVI670,780 showed no variation.
The variation in the chlorophyll content and the CRI and red edge-based NDVI indices indicated
seasonal variation as the chlorophyll content starts increasing in early June. The correlation of foliar
chlorophyll content and the chlorophyll-related spectral indices for the discrimination of provenances
and genotypes are reported for the first time in a naturally occurring tree species consecutively for
two years.

Keywords: genotype; provenance; spectral reflectance; silver birch; leaf traits; reflectance index;
chlorophyll; NDVI

1. Introduction

Silver birch is one of the pioneer tree species found in the boreal forests. Within the global
forest area, the boreal forest comprises 30%. The economic and ecological importance of silver birch
paved way to research in their genotypic variation. The recent advances in genome sequencing of
silver birch contribute to a deep understanding about the evolution of this tree species and thereby
characterizing the genomic adaptation [1]. The wide range of intraspecific variation or genetic diversity
is an important component that enables tree species to adapt to changing environmental and biotic
conditions. Leaves are primary organs for the photosynthesis, transpiration, and acclimation of
plants to variable and changing environmental conditions through various physiological, chemical,
and structural modifications [2–4]. Silver birch genotypes have been shown to vary widely based on
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their leaf morphological and physiological traits [5,6]. Leaf spectral reflectance is an important leaf trait
that varies based on the leaf surface and internal properties and their interaction with the environment.

The leaf spectral reflectance is affected by changes in the leaf structural, physiological,
and biochemical traits. The reflectance in the visible range is mainly determined by the absorption
properties of leaf pigments such as chlorophyll, carotenoids, and anthocyanins [7,8]. Reflectance on the
leaf surface is also influenced by the leaf morphological features such as the trichomes and the density
of epicuticular waxes [9] that may allow less light to penetrate through the leaves in the visible and
near-infrared range [9,10]. The leaf internal structures such as the cell shape and aerial interspaces play
a role in the spectral range of 700–1300 nm, where the absorption by water is relatively weak [9,11]).
Reflectance in the shortwave infrared region is strongly influenced by the water content, with the
main absorbance bands at 1450 nm, 1940 nm, and 2500 nm [11]. In addition to water, the shortwave
infrared reflectance is influenced by many biochemical compounds such as cellulose, lignin, protein,
and nitrogen. These chemical constituents correlate with the structural features such as specific leaf
area (SLA).

Optical remote sensing technology provides a possibility for a non-invasive and fast method of
capturing a large amount of information with high spatial resolution compared with the traditional
methods. Species differentiation by hyperspectral remote sensing, analyzing the reflectance spectra has
shown great promise in diverse ecosystems [12]. Variation in the leaf spectral reflectance can be used to
investigate biodiversity across different plant ecosystems [3]. Analysis of reflectance spectrum has been
utilized in mapping the leaf biochemistry [13–15] and the native and non-native forest tree species in
rainforests [13]. In Finnish forests, leaf reflectance properties in the visible and near-infrared region as
well as baseline variability of photochemical reflectance index (PRI) have been shown to differ greatly
among three tree species: silver birch (Betula pendula Roth.), Scots pine (Pinus sylvestris L.) and Norway
spruce (Picea abies (L.) Karst) [15,16]. Hyperspectral imaging has been utilized in detecting the
intraspecific variance of boreal tree species for seasonal variation [17], within-canopy variation [16–18],
and the leaf sides, i.e., the adaxial and abaxial side of the leaves [15,17]. However, the applicability of
hyperspectral imaging in studying genotypic variation of boreal tree species, especially in silver birch,
has hardly been assessed. A study by Madritch et al. (2014) reported intraspecific genetic diversity in
trembling aspen (Populus tremuloides) forests at canopy level reflectance measured with satellite-based
remote sensing. The aspen genotypes can be distinguished from each other based on their spectral
features, and this variation is further reflected on soil traits and below-ground processes. However,
to our knowledge, other tree species have not been so far studied in respect to the genotypic differences
in their reflectance spectra.

This study focuses on silver birch that has a wide range of intraspecific variation and thus has a
large natural range covering the entirety of Eurasia [19,20]. Intraspecific variation in silver birch tree
morphology and physiology, herbivory, and leaf litter decomposition is well-documented [5,21–23].
This variation in leaf secondary metabolites is clear in silver birch and affects the herbivory and abiotic
interactions [24–27]. Leaf surface secondary metabolites differed clearly among the genotypes and the
chemical profile differed among the provenances of silver birch in our previous study [28]. Differences
among the genotypes within a population in chlorophyll content, leaf area (LA), and SLA were reported
in Possen et al. (2014), whereas differences among the provenances were unclear in chlorophyll content,
LA, and SLA [6]. This work provides a detailed study of the variance in reflectance properties among
provenances of origin (populations) and the genotypes (individuals) for a deciduous tree species, silver
birch (Betula pendula Roth), in a common garden for two consecutive years (2015 and 2016). In this study,
the leaf spectral reflectance of silver birch in the wavelength range of visible and near-infrared (VNIR,
400–1000 nm) and shortwave infrared (SWIR, 1000–2500 nm) were measured. The objective of the
present study is (1) to examine the genetic variation in the leaf spectral reflectance among and within
three Finnish silver birch provenances and (2) to identify the key spectral wavelengths that influence
the discrimination of the leaves based on the provenance and genotype. It is also hypothesized that
the leaf traits measured in this study could be associated with the reflectance features.



Remote Sens. 2020, 12, 2677 3 of 15

2. Materials and Methods

2.1. Sampling

This study was conducted in a botanical garden in Joensuu, Finland (62◦35′ N, 29◦46′ E)
(see Heimonen et al. (2015) for common garden experimental details) on 10 June 2015 (161 doy)
and 21 of July 2016 (203 doy) and the sampling was done between 12:00 and 14:00 h Finnish time.
Micropropagated plantlets of 26 genotypes from six provenances were planted in five blocks in
botanical garden on July 2010. Silver birch trees originating from three provenances of different
latitudes: 60◦ N (southern Finland, Loppi), 62◦ N (central Finland, Vehmersalmi), and 66◦ N (northern
Finland, Rovaniemi) were selected for this study. Four genotypes from each latitude were sampled:
L1, L6, L14, L15 (60◦ N, Loppi), V1, V4, V5, V14 (62◦ N, Vehmersalmi), and R3, R8, R11, and R15
(66◦ N, Rovaniemi). Details of the common garden experimental design and setup are described in
Heimonen et al. (2015). Samples were collected from all of the five experimental blocks, one leaf from
each genotype in each block (n = 9–11 for genotype, n = 39–41 for provenance) for 2015 and from three
experimental blocks, three leaves from each genotype in each block (n = 3 × 3 for genotype, n = 12 × 3
for provenance) for 2016.

2.2. Data Acquisition and Ecophysiological Measurements

Mature leaves from the southern side of the tree from the upper third of the canopy were chosen
for the measurements. Before the sample collection, the chlorophyll content indices were measured in
the field with a chlorophyll meter, Dualex 4 Scientific (Dx4) (FORCE-A, Paris, France). The chlorophyll
content was measured as the proportion of transmittance at 850 to 710 nm [29]. Then, the measured
leaves were detached from the tree, collected in separate plastic bags, kept on ice in a portable cooler and
moved to the laboratory. The fresh weight (FW, g) was measured before the reflectance measurements.
The reflectance measurements were performed within three hours of the leaf collection in the laboratory.
The leaves were oven dried overnight (16 h) for 40 ◦C after the reflectance measurements and the
dry weight (DW, g) was measured the next day. Subsequently, the water content (WC [%]) was
calculated as follows, WC = [(FW − DW)/FW] × 100). The leaf area was calculated from the images
(0.4 mm resolution) acquired during reflectance measurements in the visible near-infrared range with
Evince v.2.7 hyperspectral imaging software (Prediktera, Umeå, Sweden). Specific leaf area (SLA) was
calculated by dividing leaf area (cm2) by leaf dry weight.

2.3. Reflectance Spectral Measurement Set-Up

The reflectance spectra of leaves were measured using a pushbroom hyperspectral imaging system
by Specim (Spectral Imaging Ltd., Oulu, Finland). The system includes a visible and near-infrared
(VNIR) camera combined with an imaging spectrograph (ImSpector V10E) ranging from 400–1000 nm
and a short wavelength infrared (SWIR) camera with a spectrograph (ImSpector N25E) that covers the
spectral range of 1000–2500 nm. The illumination to the samples was provided uniformly by eight
tungsten halogen lamps of 35 W in an orientation of 45 degrees with the leaf surface. Two cameras
encased side by side (back and front) within the frame with the light panels connected to the left and
right were attached to a conveyor belt, moving the cameras and light panels. The leaves were placed
at 48.5 cm and 47 cm from the objectives of the VNIR and SWIR on a fixed table under the camera.
The image focus was adjusted for both cameras. The exposure time was set at 8.1 ms and 1.2 ms for the
acquisition of the leaf images by the VNIR and SWIR cameras, respectively. The VNIR camera has a
spatial resolution of 1032 pixels and 240 spectral channels (FWHM = 3.5 nm) and the resulting image
had a spatial resolution of 0.4 mm per pixel. The SWIR camera has a spatial resolution of 320 pixels
and 256 spectral channels (FWHM = 12 nm). The resulting image had a spatial resolution of 1.2 mm
per pixel.

Leaves were arranged in a four-times-six grid (24 leaves) on a plywood plate (40 × 60 cm) with
the adaxial side facing the camera. The plywood was painted homogeneously with Maston 100 series
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Matt black to reduce reflectance from the wood (as in Deepak et al., 2019). The leaves were arranged in
random order in five batches for 2015. For 2016, the leaves were imaged in a random order in five
batches with a similar arrangement for all batches, except that the last batch included only 12 leaves
for 2016. The leaves were covered by a high transmission glass plate (Pilkington Optiwhite) with high
transparency from 400 nm to 2500 nm (as in Deepak et al., 2019) to press the leaves flat against the
surface of the plywood. Each batch in 2016 was imaged three times in a sequence and three times
after switching the places of the leaves in random order to eliminate possible position-related effects.
The average of all six scans was used for the reflectance of each leaf.

2.4. Spectral Correction and Preprocessing

The SpectralonTM (Labsphere, North Sutton, NH, USA) standard white reference image (close to
99% of reflectance from 400 nm to 2500 nm) was captured with the same imaging configuration as for
the leaves to compensate the non-uniformity of the illumination. The dark noise image was acquired
by closing the mechanical shutter of the cameras to remove non-uniformity distribution due to the
system. The instrument measurement values of the images were converted to the reflectance value
with Evince v.2.7 hyperspectral imaging software (Prediktera, Umeå, Sweden). Spikes caused by sensor
faults were replaced by the median of the intensity value of neighboring pixels.

The reflectance of leaves samples was calculated from the raw images as follows:

R(x, y,λ) =
Is(x, y,λ) −D(x, y,λ)
Iw(x, y,λ) −D(x, y,λ)

(1)

where R(x, y,λ) is the spectral reflectance image, Is(x, y,λ) is the raw spectral image, D(x, y,λ) is the
dark image, Iw(x, y,λ) is the white-reference-acquired image, and W(λ) is the reflectance spectra of
the white-reference sample in the range from 400 nm to 2500 nm. The leaves were segmented from the
background with thresholding. The mean reflectance was extracted for each leaf by averaging the
pixels values of each wavelength, excluding the leaf margins.

2.5. Statistical Analysis

SIMCA-P+ 14.1 (Umetrics, Umeå, Sweden), IBM SPSS Statistics version 21 (IBM Corp, Armonk,
NY, USA) and R software version 3.5.0 (R Core Team, 2018, Vienna, Austria) were used for the statistical
analysis. Spectral ranges from 386 to 480 nm, 979 to 1009 nm, and 2313 to 2538 nm were removed
before preprocessing due to excess noise. Before multivariate analysis, first derivative transformation
with five points smoothening (Savitzky–Golay filter, quadratic polynomial order) and mean centering
were applied to the spectra. Principal component analysis (PCA), an unsupervised method, was used
for visualization of possible genotype- and provenance-related patterns and for the dimensionality
reduction of the reflectance dataset for both years separately. Since the hyperspectral dataset contains
highly correlated neighboring bands, PCA can be effectively used [30]. In order to differentiate between
the groups within the reflectance dataset, the discriminant analysis of principal components (DAPC)
were employed [31] as implemented in the adegenet package [32] of the R program (R Development
Core Team, 2014). Model validation was done using cross-validation by retaining the optimal number
of PCs. The number of PCs associated with the lowest RMSE values was chosen as the optimal
number of PC’s, and thus four PCs were retained. The contribution plot estimated the contribution of
each wavelength to the DAPC model. Apart from DAPC, partial least squares discriminant analysis
(PLS-DA) was also used to differentiate the groups, and analysis of variance testing of cross-validated
predictive residuals of the model (CV-ANOVA) was used for cross-validation of the model. Variable
importance in projection (VIP) estimated the importance of each variable in the PLS-DA model.
Variation in the leaf traits and ten individual wavelengths due to provenance and the genotype within
each provenance were analyzed for both years separately with linear mixed models (IBM SPSS Statistics
version 21, R Core Team 2014) with the provenance as fixed factor and genotype within the provenance
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as a random factor. In addition, marginal R2 (R2m, variance explained only by fixed factor) and
conditional R2 (R2c, variance explained by both fixed and random factors) [33] for the leaf traits were
calculated using the r.squaredGLMM function in the MuMIn package [34]. Bar charts for the leaf
traits and spectral indices were prepared using the R package ggpubr [35]. Relationships among the
chlorophyll and their reflectance indices were studied by means of Pearson correlation analysis.

Two normalized difference vegetation indices (NDVIs), NDVI670,780: (R780 −R670)/(R780 + R670) [36]
and NDVI705,750: (R750 − R705)/(R750 + R705) [37] were used in this study. Two NDVIs were used to
compare a red edge-based index to chlorophyll absorbance peak-based index. Our previous study
on silver birch canopy layer variation [18] found variation in the performance of these two indices.
Apart from this, chlorophyll reflectance index CRI550,672,708: R672/(R550 × R708) [38] was also included
in this study.

3. Results

The average leaf reflectance spectra separated the central provenance in the green hump and
showed clear difference among the three provenances in the NIR plateau, continuing up to 1800 nm
in the SWIR range (Figure 1a). In the green hump, leaves from the central provenance had higher
reflectance than leaves from the southern or northern provenance, whereas in the NIR plateau, the leaf
reflectance among the provenances followed a latitudinal order, increasing from south to north. In the
first derivative reflectance spectra, differences among the provenances were found at the green hump,
red edge, and at the two minima in the SWIR range (Figure 1b). The central provenance differed from
the others at the red edge, with the red edge inflection point (REIP) at 702 nm for 2015 and 712 nm for
2016, whereas for the southern and the northern provenances it was at 704 nm for 2015 and 714 nm for
2016 (Figure 1b). At two minima of the first derivative spectra (1389 nm and 1874 nm), the provenances
followed a latitudinal order with the highest values for the southern provenance.
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Figure 1. (a) Average reflectance spectra of 2015 and (b) 2016 (c) first derivative reflectance of 2015 and
(d) 2016 of silver birch leaf for three provenances: Loppi (L, 60◦ N, southern Finland), Vehmersalmi
(V, 62◦ N, central Finland), and Rovaniemi (R, 66◦ N, northern Finland). Average reflectance was
calculated on leaf reflectance (n = 39–41) replicates for provenance in 2015 and on leaf reflectance
(n = 36 × 3) replicates for provenance in 2016.

The magnitude of variation in the reflectance of 2015 and 2016 is shown in Figure 1. The green
hump and the NIR plateau had high reflectance in 2015 compared with 2016, whereas the red edge
showed lower reflection in 2015 (Figure 1a,b). In the first derivative spectra, the difference among the
provenances was clearer in 2016 than in 2015 (Figure 1c,d).
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Furthermore, the mean leaf reflectance spectra of the green hump, red edge, and NIR around
750 nm for individual genotypes for both years are shown in Supplementary Figure S3. The differences
in the first derivative reflectance spectra, among the genotypes at the green hump, red edge, and at the
two minima in the SWIR range are shown in Supplementary Figure S4. Provenance showed significant
difference in all of the wavelengths analyzed with the linear mixed model except at 1874 nm in 2016.
However, genotype was significant only at 704 nm in 2015 and 712 nm in 2016. Both years showed
significant difference among the genotypes at 750 nm.

In the PCA analysis for 2015, the provenances formed overlapping clusters on the first and the
second PCs, explaining 59% and 16% of the variance, respectively (Figure 2a). For 2016, there was a
variance of 61% and 14% for the first and the second axis (Figure 2b). The data was further analyzed
with PLS-DA (Figure 2c,d), explaining 59% and 12% of variance for 2015 and 61% and 13% variance for
2016. The PLS-DA model was cross-validated with CV-ANOVA, which showed a significant p value
(p < 0.0001) for the provenance in both years.
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Figure 2. Data representation of provenance variation using the principal component analysis (PCA)
(a) 2015 and (b) 2016 and PLS-DA (c) 2015 and (d) 2016. Each point (120 leaf samples in 2015 and
108 leaf samples in 2016) corresponds to a leaf sample and is colored according to the provenance:
Loppi (L, 60◦ N, southern Finland), Vehmersalmi (V, 62◦ N, central Finland), and Rovaniemi (R, 66◦ N,
northern Finland)).

The most important wavelengths that influenced the discrimination between the provenances
were identified as 517 nm, 519 nm, 694 nm, 696 nm, 722 nm, 725 nm, 727 nm, 1383 nm, 1389 nm,
1862 nm, 1868 nm, and 1887 nm (Figure 3) with PLS-DA. Wavebands influential for the separation of
the southern and northern provenances were on the first discriminant axis at 504–527 nm, 683–750 nm,
1364–1408 nm, and 1862–1874 nm in 2015 (Figure 3a) and at 507–579 nm, 686–753 nm, 1370–1389 nm,
and 1855–1868 nm in 2016 (Figure 3b). The wavebands that influenced the separation of the central
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provenance were on the second axis at 507–532 nm, 683–748 nm, 1370–1414 nm, and 1862–1906 nm in
2015 (Figure 3c) and 509–574 nm, 686–750 nm, 1351–1421 nm, and 1849–1893 nm in 2016 (Figure 3d).
The most influential waveband in both the first axis and the second axis was 694 nm in 2015 and 696 nm
in 2016 nm.Remote Sens. 2020, 12, x FOR PEER REVIEW 7 of 15 
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Figure 3. Variable importance in projection (VIP) plot of PLS-DA indicating the wavelength influencing
the variation among the provenances (a) Axis 1 2015 and (b) Axis 1 2016 and (c) Axis 2 2015 and (d)
Axis 2 2016. Variable importance in projection (VIP) values > 0.1 indicate importance in the model.

DAPC and PLS-DA were used to explore genotypic differences in reflectance spectra. After cross-
validation, four PCs were retained and the DAPC space formed by the first two axes showed clustering
of the genotypes within their respective provenances for both years (Figure 4). The analysis with
PLS-DA (Supplementary Figure S1) followed by cross-validation with CV-ANOVA (p > 0.05) indicated
a non-significant model, even though the patterning indicated some grouping. The PLS-DA was
further applied for the discrimination of genotype within each provenance separately (Supplementary
Figure S2). The genotypes from Loppi showed a clear separation of L1 and L15 from L14 and L16 with
CV-ANOVA (p < 0.01) and the genotypes from Vehmersalmi showed a clear separation of V1 from
the other genotypes with p < 0.01. The Rovaniemi genotypes did not show significance (CV-ANOVA,
p = 0.088 for 2015 and p = 0.771 for 2016) for the PLS-DA model.
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for genotype) (b) 2016 based on leaf reflectance (n = 3× 3) replicates for genotype). Each point corresponds
to a leaf sample and is colored according to the provenance (Loppi (L, 60◦ N, southern Finland),
Vehmersalmi (V, 62◦ N, central Finland), and Rovaniemi (R, 66◦ N, northern Finland)).The symbols refer
to the genotype as indicated in figure.

The discrimination of genotypes in the DAPC model was most influenced by wavelengths at
696 nm, 720 nm, 1389 nm, 1887 nm, and 1893 nm (Figure 5). Wavelengths at 694–727 nm, 1395–1408 nm,
and 1868–1906 nm were influential in the separation of the southern and northern genotypes on the first
discriminant axis in 2015 data, whereas in 2016, it was 694–725 nm, 1363–1414 nm, and 1862–1893 nm
(Figure 5a,b). The wavelengths at 519–532 nm, 686–709 nm, and 1874 nm-1906 influenced the separation
of the central genotypes on the second axis in 2015 data, and in 2016, it was 689–707 nm, 857–860 nm,
876–886 nm, and 1874–1906 nm (Figure 5c,d).
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Figure 5. Contribution plot of DAPC indicating the wavelengths influencing the variation among the
genotypes (a) Axis 1 2015 and (b) Axis 1 2016 and (c) Axis 2 2015 and (d) Axis 2 2016. The height of
each wavelength is proportional to the contribution of the genotype separation to the first and second
axis of the analysis, respectively. The only wavelength whose contribution was above a threshold (0.01)
is the wavelength that contributed to the separation.

Provenance affected the chlorophyll content, NDVI 705, 750, and CRI (Figures 6 and 7, Table 1) in
both 2015 and 2016. The contents of all the three leaf traits were the highest in the northern provenance
and lowest in the central provenance in both years. Variance explained by provenance was relatively
low for 2015 in comparison with 2016. Variance explained by provenance was more prominent
compared with the total variance explained by both genotype and provenance (Table 1). Provenance
explained most of the variance for the model with the R2c (variance explained by both provenance and
genotype within the provenance) explaining only 0 to 19% of variance.
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Figure 6. Leaf traits: (a) chlorophyll content index (CI (Dualex units)) in 2015 and (b) 2016, (c) water
content in 2015 and (d) 2016, (e) leaf area in 2015 and (f) 2016, and (g) specific leaf area (SLA) in 2015
and (h) 2016; bar chart (n = 9–11 for 2015 and n = 3 for 2016). Significant effects for genotype within the
provenance (G) and provenance (p) tested by linear mixed model with p as a fixed factor and G as
random factor (significant p values are denoted as *** (p < 0.001), ** (p < 0.01), * (p < 0.05)) in the figures.
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CRI 550, 672,708 2015; (f) 2016; bar chart (n = 9–11 for 2015 and n = 3 for 2016). Significant effects for
genotype within the provenance (G) and provenance (P) tested by linear mixed model with P as a fixed
factor and G as random factor (significant p values are denoted as *** (p < 0.001).

Table 1. Linear mixed model of leaf traits with provenance as fixed factor and genotype within
provenance as random factor. R2m, variance explained only by fixed factor and R2c conditional
variance explained by both fixed and random factors (significant p values (p < 0.05) are represented
in bold).

Leaf Traits
2015 2016

R2m R2c
p-Value

(Provenance) R2m R2c
p-Value

(Provenance)

Chlorophyll 0.141 0.25 0.034 0.404 0.591 0.008
Water content 0.064 0.177 0.183 0.0138 0.0138 0.783

Leaf area 0.018 0.242 0.698 0.001 0.27 0.987
SLA 0.015 0.237 0.746 0.007 0.357 0.930

NDVI670,780 0.027 0.061 0.317 0.093 0.093 0.180
NDVI705,750 0.348 0.408 0.000 0.435 0.435 0.000
CRI550,672,708 0.262 0.268 0.000 0.433 0.539 0.003
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The CI correlated with the NDVI705,750 (r = 0.84, p < 0.001) and CRI550,672,708 (r = 0.79, p < 0.001),
whereas NDVI670,780 (r = 0.19, p = 0.28) showed no correlation in 2015. The CI correlated with the
NDVI705,750 (r = 0.450, p < 0.001) and CRI550,672,708 (r = 0.368, p < 0.001) also in 2016.

To explore the association of the measured ecophysiological traits and reflectance indices to
the DAPC result, the genotype averages of the traits on the DAPC space for 2015 and 2016 were
plotted. The only traits to show a clear pattern related to the discrimination of the genotypes were
related to the chlorophyll content of the leaves (CI, NDVI705,750, CRI550,672,708) (Figure 8, shown for CI).
The differences among the provenances and genotypes in leaf spectral reflectance thus followed the
differences in chlorophyll content in both study years.
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Figure 8. DAPC results with the circle size depicting variation in chlorophyll content from Dualex
chlorophyll index (the bigger the circle, the higher the chlorophyll content). Symbols are centroids
for genotype colored according to the provenance (Loppi (L, 60◦ N, southern Finland), Vehmersalmi
(V, 62◦ N, central Finland), and Rovaniemi (R, 66◦ N, northern Finland)).

4. Discussion

In this study, differences in the spectral reflectance among the silver birch provenances and
genotypes in two study years, 2015 and 2016, were demonstrated. Among provenances, the average
reflectance spectra and the first derivative spectra revealed differences around 550 nm, at the red edge,
in the NIR plateau, and at two first derivative spectrum minima in the SWIR. The leaf reflectance
showed a shift in the red edge inflection point among the provenances. The shift in REIP had more
prominent yearly variation than provenance-related variation. Year-to-year variation in the REIP
shift is probably due to seasonal variation, as analysis was performed on 10 June for 2015 and 21 July
for 2016.

The provenances were not well separated from each other in the principal component analysis,
describing the overall variation present in the reflectance spectra. Further analysis with PLS-DA
obtained a significant separation of provenances for the both years, 2015 and 2016. Analysis with
PLS-DA showed a similar pattern for the separation genotypes for both years, but the model was not
significant. However, further analysis with PLS-DA separately for provenances showed significant
separation for some of the genotypes indicating within the provenance genotypic variation for both
years. A clear separation of L1 and L15 from L6 and L14 in the Loppi provenance were obtained for
both years. In the Vehmersalmi provenance, V1 genotype formed a strong group separate from other
the genotypes during both years. In a discriminant analysis of principal components performed for
separation of genotypes, the provenances were distinguished from each other more clearly, following
a similar pattern in both years. Individual genotypes were mostly overlapping with each other,
even though some groupings were consistent between the two study years. The provenance-related
variation in the leaf reflectance appeared thus much stronger than genotypic variation. This runs
contrary to our previous study demonstrating a higher intraspecific (or genotypic) variation of leaf
surface secondary metabolites as compared to provenance-related variation in the same genetic
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materials [28]. In silver birch, clear genotypic variation has been found in secondary chemistry and
herbivore resistance [24,26,39–41], and a high degree of phenotypic plasticity in the growth among
genotypes was also found [41].

Among the ecophysiological traits and spectral reflectance indices, the only traits showing
significant provenance variation were related to the chlorophyll content of the leaves, dualex chlorophyll
index (CI), chlorophyll reflectance index (CRI), and the red edge-based NDVI. This is in line with
the PLS-DA VIP result that showed the strong influence of wavelengths at the red edge. By contrast,
Tenkanen et al. (2019) found clear differences among Finnish silver birch provenances in height growth
increment, stomatal conductance, and water use efficiency (WUE), and less strongly for photosynthetic
rate, but no differences in chlorophyll content index. These datas were gathered from the same common
garden site; however, Tenkanen et al. (2019) studied younger trees (in 2013). The higher chlorophyll
content (CI), as well as higher values for indices CRI and red edge-based NDVI in 2016 than in 2015,
were probably due to the seasonal effect, since the 2016 sampling was later in the season. It is known
that chlorophyll content of silver birch leaves increases in early June (Tenkanen et al., 2019).

The PLS-DA VIP plot indicated that also wavelength bands at 1389 nm, 1395 nm, 1868 nm,
and 1887 nm in the SWIR were influential in distinguishing the provenances for 2015 and 1383 nm,
1389 nm, 1862 nm, and 1868 nm for 2016. The wavelengths do not correspond exactly with any of the
absorption bands reported for plant chemical constituents in the literature [42,43], but two wavebands
in the same region (1377–1395 nm and 1887 nm) were found to be influential in separating silver
birch canopy layers in our previous study [18]. These wavebands were quite close to the main water
absorbance bands in the SWIR, and since the water content affects reflectance widely in the SWIR
region, this might have influenced the results. However, there was no significant difference in the
water content of the leaves among the provenances. There was no yearly variation in the influential
wavelengths for the separation of the provenances.

In accordance with the observed trait differences among the provenances, plotting the genotypic
averages of the measured traits and spectral indices in the DAPC result space exhibited clear patterns
of increasing magnitude only for traits associated with chlorophyll content. Remarkably, two common
variants of the NDVI, based either on 670 and 780 nm or 705 and 750 nm, showed very different
results. The NDVI670,780 did not correlate significantly with chlorophyll index estimated with Dualex;
it also did not differ among provenances and failed to show any tendency for a pattern in the
DAPC space. By contrast, the red edge-based NDVI705,750 not only differed significantly among
the provenances, but also showed a strong correlation with the Dualex chlorophyll estimate which
exhibited a genotype and provenance-related pattern in the DAPC space of the leaf spectral reflectance.
The performance of spectral indices used for chlorophyll estimation, or strongly associated with
it, have been found to vary widely among different leaf types deciduous trees [44]. Chlorophyll
reflectance indices related to red edge position have been successfully used to estimate chlorophyll
content in various studies [45,46]. In our study on silver birch canopy layer reflectance [18], the red
edge-based indices also performed better than indices based on chlorophyll peak absorbance at
about 680 nm. Correlations of various reflectance indices with chlorophyll content or other plant
traits have been widely studied. The chlorophyll content is strongly influenced by the plant species,
environmental conditions, and possible experimental treatments, and the results of this study suggest
that the differences in the chlorophyll content lead to differences in the leaf reflectance spectrum that are
consistent in the data of two consequent years. The canopy variation was clearly reported differently
for variants of NDVI indices for same species (silver birch) in Deepak et al. (2019). To our knowledge,
this is the first study to associate foliar chlorophyll content and the chlorophyll-related spectral indices
for the discrimination of provenances and genotypes of a naturally occurring tree species.

5. Conclusions

The visible/near-infrared reflectance properties of leaves from Finnish silver birch were studied
to determine their provenance difference and the genotypic variation within the provenance.
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The variation among the provenances was more prominent, even though genotypic variation was
present. The genotypes within each provenance were grouped together, indicating a much stronger
provenance difference among spectral reflectance of silver birch trees. Chlorophyll was the only leaf
trait indicating provenance difference which correlated with the chlorophyll reflectance index (CRI) and
the red edge-based NDVI. The red edge-based indices related strongly to the variation in reflectance
caused by chlorophyll, which is in accordance with the differences among the canopy layers in leaf
spectral reflectance and, correspondingly, in the chlorophyll content of silver birch. In this study,
the chlorophyll content and the grouping of the genotypes and provenances based on leaf spectral
reflectance coincided during two subsequent years.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/17/2677/s1,
Figure S1: Classification of genotypes by PLS-DA (a) 2015 (b) 2016, Figure S2: PLS-DA for classification of
genotype separately for each provenance, Figure S3: Average reflectance spectra of genotypes (a) green bump
2015 and (b) 2016 (c) red edge 2015 and (d) 2016 (e) NIR 2015 and (f) 2016 of silver birch leaf. Figure S4: Average
first derivative reflectance spectra of genotypes (a) green bump 2015 and (b) 2016 (c) red edge 2015 and (d) 2016 (e)
first minima 2015 and (f) 2016 (g) second minima 2015 and (h) 2016 of silver birch leaf. Table S1: Variation of
individual wavelengths among genotypes and provenances by linear mixed model.

Author Contributions: Conceptualization, M.D., M.K., L.F., L.G., S.K.-S., and E.O.; methodology, M.D., L.F.,
and M.K.; data curation, M.D.; formal analysis, M.D.; writing—original draft preparation, M.D.; writing: review
and editing, M.D.; M.K., and S.K.-S.; supervision, E.O., M.K., and S.K.-S.; funding, M.D. and E.O. All co-authors
contributed to the conceptualizations of the research and to the improvement of the final draft. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received funding from the Academy of Finland, BETUMICS project 284931 and European
Union Structural Funds project “Spectral imaging and analysis in environmental and industrial applications”
funded by the Finnish Funding Agency for Innovation (Tekes), filing number 70005/13. The study was also
supported by the Juho and Lempi Pitkänen Fund (project 69247). The funding for the final analysis of the data
and manuscript writing was from Niemi Foundation, project 20170014 and 20180031.

Acknowledgments: We thank Flobert Ndah and Subramaniam Puvanenthirarajah for collecting leaf samples
from the field and for their laboratory assistance, as well as the staff of Botania for their support in the field site.
Thanks to Sari Kontunen-Soppela for insightful discussions and for providing the field for the sample collection.
We thank the Academy of Finland Flagship for Photonics Research and Innovations (PREIN), decision 320166.
We are grateful to the University of Eastern Finland for providing the opportunity to work in a cordial atmosphere.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Salojarvi, J.; Smolander, O.P.; Nieminen, K.; Rajaraman, S.; Safronov, O.; Safdari, P.; Lamminmaki, A.;
Immanen, J.; Lan, T.; Tanskanen, J.; et al. Genome sequencing and population genomic analyses provide
insights into the adaptive landscape of silver birch. Nat. Genet. 2017, 49, 904–912. [CrossRef] [PubMed]

2. Ehlers, B.K.; Damgaard, C.F.; Laroche, F. Intraspecific genetic variation and species coexistence in plant
communities. Biol. Lett. 2016, 12, 20150853. [CrossRef] [PubMed]

3. Jacquemond, S.; Ustin, S. Leaf Optical Properties; Cambridge University Press: Cambridge, UK, 2019; Chapter 6;
pp. 170–194.

4. Poorter, H.; Niinemets, U.; Ntagkas, N.; Siebenkäs, A.; Mäenpää, M.; Matsubara, S.; Thijs, L.; Pons, T.J.
A meta-analysis of plant responses to light intensity for 70 traits ranging from molecules to whole plant
performance. New Phytol. 2019, 223, 1073–1105. [CrossRef] [PubMed]

5. Possen, B.J.H.M.; Anttonen, M.J.; Oksanen, E.; Rousi, M.; Heinonen, J.; Kostiainen, K.; Kontunen-Soppela, S.;
Heiskanen, J.; Vapaavuori, E. Variation in 13 leaf morphological and physiological traits within a silver birch
(Betula pendula) stand and their relation to growth. Can. J. For. Res. 2014, 44, 657–665. [CrossRef]

6. Tenkanen, A.; Keski-Saari, S.; Salojärvi, J.; Oksanen, E.; Keinänen, M.; Kontunen-Soppela, S. Differences in
growth and gas exchange between southern and northern provenances of silver birch (Betula pendula) in
northern Europe. Tree Physio. 2020, 40, 198–214. [CrossRef]

7. Gitelson, A.A.; Merzlyak, M.N.; Chivkunova, O.B. Optical properties and nondestructive estimation of
anthocyanin content in plant leaves. Photochem. Photobiol. 2001, 74, 38–45. [CrossRef]

http://www.mdpi.com/2072-4292/12/17/2677/s1
http://dx.doi.org/10.1038/ng.3862
http://www.ncbi.nlm.nih.gov/pubmed/28481341
http://dx.doi.org/10.1098/rsbl.2015.0853
http://www.ncbi.nlm.nih.gov/pubmed/26790707
http://dx.doi.org/10.1111/nph.15754
http://www.ncbi.nlm.nih.gov/pubmed/30802971
http://dx.doi.org/10.1139/cjfr-2013-0493
http://dx.doi.org/10.1093/treephys/tpz124
http://dx.doi.org/10.1562/0031-8655(2001)074&lt;0038:OPANEO&gt;2.0.CO;2


Remote Sens. 2020, 12, 2677 14 of 15

8. Sims, D.A.; Gamon, J.A. Relationships between leaf pigment content and spectral reflectance across a
wide range of species, leaf structures and developmental stages. Remote Sens. Environ. 2002, 81, 337–354.
[CrossRef]

9. Buschmann, C.; Lenk, S.; Lichtenthaler, H.K. Reflectance spectra and images of green leaves with different
tissue structure and chlorophyll content. ISRJ Plant Sci. 2012, 60, 49–64. [CrossRef]

10. Qui, F.; Chen, J.M.; Croft, H.; Li, J.; Zhang, Q.; Zhang, Y.; Ju, W. Retrieving Leaf Chlorophyll Content by
Incorporating Variable Leaf Surface Reflectance in the PROSPECT Model. Remote Sens. 2019, 11, 1572.
[CrossRef]

11. Carter, G.A. Primary and secondary effects of water content of the spectral reflectance of leaves. Am. J. Bot.
1991, 78, 916–924. [CrossRef]

12. Roth, K.L.; Roberts, D.A.; Dennison, P.E.; Alonzo, M.; Peterson, S.H.; Beland, M. Differentiating plant species
within and across diverse ecosystems with imaging spectroscopy. Remote Sens. Environ. 2015, 167, 135–151.
[CrossRef]

13. Asner, G.P.; Martin, R.E. Spectral and chemical analysis of tropical forests: Scaling from leaf to canopy levels.
Remote Sens. Environ. 2008, 112, 3958–3970. [CrossRef]

14. Skidmore, A.K.; Ferwerda, J.G.; Mutanga, O.; Van Wieren, S.E.; Peel, M.; Grant, R.C.; Prins, H.H.T.; Balcik, F.B.;
Venus, V. Forage quality of savannas–simultaneously mapping foliar protein and polyphenols for trees and
grass using hyperspectral imagery. Remote Sens. Environ. 2010, 114, 64–72. [CrossRef]

15. Lukeš, P.; Stenberg, P.; Rautiainen, M.; Mõttus, M.; Vanhatalo, K.M. Optical properties of leaves and needlesfor
boreal tree species in Europe. Remote Sens. Lett. 2013, 4, 667–676. [CrossRef]

16. Atherton, J.; Olascoaga, B.; Alonso, L.; Porcar-Castell, A. Spatial Variation of Leaf Optical Properties in a
Boreal Forest Is Influenced by Species and Light Environment. Front. Plant Sci. 2017, 8, 309. [CrossRef]

17. Hovi, A.; Raitio, P.; Rautiainen, M. A spectral analysis of 25 boreal tree species. Silva Fenn. 2017, 51, 4.
[CrossRef]

18. Deepak, M.; Keski-Saari, S.; Fauch, L.; Granlund, L.; Oksanen, E.; Keinänen, M. Leaf Canopy Layers Affect
Spectral Reflectance in Silver Birch. Remote Sens. 2019, 11, 2884. [CrossRef]

19. Atkinson, M.D. Betula pendula Roth (B. verrucosa Ehrh.) and B. pubescence Ehrh. J. Ecol. 1992, 80, 837–870.
[CrossRef]

20. Hynynen, J.; Niemisto, P.; Vihera-Aarnio, A.; Brunner, A.; Hein, S.; Velling, P. Silviculture of birch
(Betula pendula Roth and Betulapubescens Ehrh.) in northern Europe. Forestry. 2010, 83, 103–119. [CrossRef]

21. Heimonen, K.; Valtonen, A.; Kontunen-Soppela, S.; Keski-Saari, S.; Rousi, M.; Oksanen, E.; Roininen, H.
Colonization of a host tree by herbivorous insects under a changing climate. Oikos 2015, 124, 1013–1022.
[CrossRef]

22. Sinkkonen, A.; Somerkoski, E.; Paaso, U.; Holopainen, J.; Rousi, M.; Mikola, J. Genotypic variation in yellow
autumn leaf colours explains aphid load in silver birch. New Phytol. 2012, 195, 461–469. [CrossRef] [PubMed]

23. Silfver, T.; Paaso, U.; Rasehorn, M.; Rousi, M.; Mikola, J. Genotype × herbivore effect on leaf litter
decomposition in Betula pendula saplings: Ecological and evolutionary consequences and the role of
secondary metabolites. PLoS ONE 2015, 10, e0116806. [CrossRef]

24. Keinänen, M.; Julkunen-Tiitto, R.; Mutikainen, P.; Walls, M.; Ovaska, J.; Vapaavuori, E. Trade-offs in phenolic
metabolism of silver birch: Effects of fertilization, defoliation, and genotype. Ecology 1999, 80, 1970–1986.
[CrossRef]

25. Laitinen, M.-L.; Julkunen-Tiitto, R.; Rousi, M. Variation in phenolic compounds within a birch (Betula pendula)
population. J. Chem. Ecol. 2000, 26, 1609–1622. [CrossRef]

26. Mutikainen, P.; Walls, M.; Ovaska, J.; Keinänen, M.; Julkunen-Tiitto, R.; Vapaavuori, E. Herbivore resistance
in Betula pendula: Effect of fertilization, defoliation and plant genotype. Ecology 2000, 81, 45–65. [CrossRef]

27. Yamaji, K.; Julkunen-Tiitto, R.; Rousi, M.; Freiwald, V.; Oksanen, E. Ozone exposure over two growing
seasons alters root-to-shoot ratio and chemical composition of birch (Betula pendula Roth). Glob. Chang. Biol.
2003, 9, 1363–1377. [CrossRef]

28. Deepak, M.; Lihavainen, J.; Keski-Saari, S.; Kontunen-Soppela, S.; Salojärvi, J.; Tenkanen, A.; Heimonen, K.;
Oksanen, E.; Keinänen, M. Genotype-and provenance-related variation in the leaf surface secondary
metabolites of silver birch. Can. J. For. Res. 2018, 48, 494–505. [CrossRef]

http://dx.doi.org/10.1016/S0034-4257(02)00010-X
http://dx.doi.org/10.1560/IJPS.60.1-2.49
http://dx.doi.org/10.3390/rs11131572
http://dx.doi.org/10.1002/j.1537-2197.1991.tb14495.x
http://dx.doi.org/10.1016/j.rse.2015.05.007
http://dx.doi.org/10.1016/j.rse.2008.07.003
http://dx.doi.org/10.1016/j.rse.2009.08.010
http://dx.doi.org/10.1080/2150704X.2013.782112
http://dx.doi.org/10.3389/fpls.2017.00309
http://dx.doi.org/10.14214/sf.7753
http://dx.doi.org/10.3390/rs11242884
http://dx.doi.org/10.2307/2260870
http://dx.doi.org/10.1093/forestry/cpp035
http://dx.doi.org/10.1111/oik.01986
http://dx.doi.org/10.1111/j.1469-8137.2012.04156.x
http://www.ncbi.nlm.nih.gov/pubmed/22548444
http://dx.doi.org/10.1371/journal.pone.0116806
http://dx.doi.org/10.1890/0012-9658(1999)080[1970:TOIPMO]2.0.CO;2
http://dx.doi.org/10.1023/A:1005582611863
http://dx.doi.org/10.1890/0012-9658(2000)081[0049:HRIBPE]2.0.CO;2
http://dx.doi.org/10.1046/j.1365-2486.2003.00669.x
http://dx.doi.org/10.1139/cjfr-2017-0456


Remote Sens. 2020, 12, 2677 15 of 15

29. Cerovic, Z.G.; Ben Ghozlen, N.; Milhade, C.; Obert, M.; Debuisson, S.; Le Moigne, M. Nondestructive
diagnostic test for nitrogen nutrition of grapevine (Vitis vinifera L.) based on Dualexleaf-clip measurements
in the field. J. Agric. Food Chem. 2015, 63, 3669–3680. [CrossRef]

30. Rodarmel, C.; Shan, J. Principal component analysis for hyperspectral image classification. Surv. Land Inf. Sci.
2002, 62, 115–122.

31. Maynard, J.J.; Johnson, M.G. Uncoupling the complexity of forest soil variation: Influence of terrain indices,
spectral indices, and spatial variability. For. Ecol. Manag. 2016, 369, 89–101. [CrossRef]

32. Jombart, T. Adegenet: A R package for the multivariate analysis of genetic markers. Bioinformatics 2008, 24,
1403–1405. [CrossRef] [PubMed]

33. Nakagawa, S.; Schielzeth, H. A general and simple method for obtaining R2 from generalized linear
mixed-effects models. Methods Ecol. Evol. 2013, 4, 133–142. [CrossRef]

34. Barton, K. MuMIn: Multi-Model Inference. 2014. Available online: https://cran.r-project.org/web/packages/
MuMIn/index.html (accessed on 4 August 2020).

35. Kassambara, A. ggpubr: ‘ggplot2′ Based Publication Ready Plots. R Package Version 0.1.7. 2018. Available
online: https://CRAN.Rproject.org/package=ggpubr (accessed on 30 September 2019).

36. Tucker, C.J. Red and photographic infrared linear combinations for monitoring vegetation.
Remote Sens. Environ. 1979, 8, 127–150. [CrossRef]

37. Gitelson, A.; Merzlyak, M.N. Spectral reflectance changes associated with autumn senescence of
Aesculus hippocastanum L. and Acer platanoides L. leaves. Spectral features and relation to chlorophyll
estimation. J. Plant Physiol. 1994, 143, 286–292. [CrossRef]

38. Datt, B. Remote sensing of chlorophyll a, chlorophyll b, chlorophyll a+b, and total carotenoid content in
eucalyptus leaves. Remote Sens. Environ. 1998, 66, 111–121. [CrossRef]

39. Laitinen, M.-L.; Julkunen-Tiitto, R.; Tahvanainen, J.; Heinonen, J.; Rousi, M. Variation in birch (Betula pendula)
shoot secondary chemistry due to genotype, environment, and ontogeny. J. Chem. Ecol. 2005, 31, 697–717.
[CrossRef]

40. Kontunen-Soppela, S.; Ossipov, V.; Ossipova, S.; Oksanen, E. Shift in birch leaf metabolome and carbon
allocation during long-term open-field ozone exposure. Glob. Chang. Biol. 2007, 13, 1053–1067. [CrossRef]

41. Silfver, T.; Roininen, H.M.; Oksanen, E.; Rousi, M. Genetic and environmental determinants of silver birch
growth and herbivore resistance. For. Ecol. Manag. 2009, 257, 2145–2149. [CrossRef]

42. Curran, P.J. Remote sensing of foliar chemistry. Remote Sens. Environ. 1989, 30, 271–278. [CrossRef]
43. Schwanninger, M.; Rodrigues, J.C.; Fackler, K. A review of band assignments in near infrared spectra of

wood and wood components. J. Near Infrared Spec. 2011, 19, 287–308. [CrossRef]
44. Sonobe, R.; Wang, Q. Hyperspectral indices for quantifying leaf chlorophyll concentrations performed

differently with different leaf types in deciduous forests. Ecol. Inform. 2017, 37, 1–9. [CrossRef]
45. Gitelson, A.A.; Merzlyak, M.N. Remote estimation of chlorophyll content in higher plant leaves. Int. J.

Remote Sens. 1997, 18, 2691–2697. [CrossRef]
46. Dash, J.; Curran, P.J. The MERIS terrestrial chlorophyll index. Int. J. Remote Sens. 2004, 25, 5403–5413.

[CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1021/acs.jafc.5b00304
http://dx.doi.org/10.1016/j.foreco.2016.03.018
http://dx.doi.org/10.1093/bioinformatics/btn129
http://www.ncbi.nlm.nih.gov/pubmed/18397895
http://dx.doi.org/10.1111/j.2041-210x.2012.00261.x
https://cran.r-project.org/web/packages/MuMIn/index.html
https://cran.r-project.org/web/packages/MuMIn/index.html
https://CRAN.Rproject.org/package=ggpubr
http://dx.doi.org/10.1016/0034-4257(79)90013-0
http://dx.doi.org/10.1016/S0176-1617(11)81633-0
http://dx.doi.org/10.1016/S0034-4257(98)00046-7
http://dx.doi.org/10.1007/s10886-005-3539-7
http://dx.doi.org/10.1111/j.1365-2486.2007.01332.x
http://dx.doi.org/10.1016/j.foreco.2009.02.020
http://dx.doi.org/10.1016/0034-4257(89)90069-2
http://dx.doi.org/10.1255/jnirs.955
http://dx.doi.org/10.1016/j.ecoinf.2016.11.007
http://dx.doi.org/10.1080/014311697217558
http://dx.doi.org/10.1080/0143116042000274015
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Sampling 
	Data Acquisition and Ecophysiological Measurements 
	Reflectance Spectral Measurement Set-Up 
	Spectral Correction and Preprocessing 
	Statistical Analysis 

	Results 
	Discussion 
	Conclusions 
	References

