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a b s t r a c t
The association between spectral reflectance and canopy processes remains challenging for quantifying
large-scale canopy phenological cycles in tropical forests. In this study, we used a tower-mounted hyperspectral camera in an eastern Amazon forest to assess how canopy spectral signals of three species are
linked with phenological processes in the 2012 dry season. We explored different approaches to disentangle the spectral components of canopy phenology processes and analyze their variations over time using 17
images acquired by the camera. The methods included linear spectral mixture analysis (SMA); principal
component analysis (PCA); continuum removal (CR); and first-order derivative analysis. In addition, three
vegetation indices potentially sensitive to leaf flushing, leaf loss and leaf area index (LAI) were calculated:
the Enhanced Vegetation Index (EVI), Normalized Difference Vegetation Index (NDVI) and the entitled
Green-Red Normalized Difference (GRND) index. We inspected also the consistency of the camera observations using Moderate Resolution Imaging Spectroradiometer (MODIS) and available phenological data on
new leaf production and LAI of young, mature and old leaves simulated by a leaf demography-ontogeny
model. The results showed a diversity of phenological responses during the 2012 dry season with related
changes in canopy structure and greenness values. Because of the differences in timing and intensity of leaf
flushing and leaf shedding, Erisma uncinatum, Manilkara huberi and Chamaecrista xinguensis presented different green vegetation (GV) and non-photosynthetic vegetation (NPV) SMA fractions; distinct PCA scores;
changes in depth, width and area of the 681-nm chlorophyll absorption band; and variations over time in
the EVI, GRND and NDVI. At the end of dry season, GV increased for Erisma uncinatum, while NPV increased
for Chamaecrista xinguensis. For Manilkara huberi, the NPV first increased in the beginning of August and
then decreased toward September with new foliage. Variations in red-edge position were not statistically
significant between the species and across dates at the 95% confidence level. The camera data were affected
by view-illumination effects, which reduced the SMA shade fraction over time. When MODIS data were corrected for these effects using the Multi-Angle Implementation of Atmospheric Correction Algorithm
(MAIAC), we observed an EVI increase toward September that closely tracked the modeled LAI of mature
leaves (3–5 months). Compared to the EVI, the GRND was a better indicator of leaf flushing because the
modeled production of new leaves peaked in August and then declined in September following the
GRND closely. While the EVI was more related to changes in mature leaf area, the GRND was more associated with new leaf flushing.
Ó 2017 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.
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1. Introduction
Terrestrial ecosystems regulate carbon-climate feedbacks by
controlling fluxes of mass and energy between the biosphere and
the atmosphere (Bonan et al., 2003). In turn, changes of the biosphere’s carbon balance (i.e. uptake or losses) affect the climate
system (Friedlingstein et al., 2006; Frank et al., 2015). However,
detailed knowledge of the processes and mechanisms of the carbon
cycle is still lacking. A better understanding of these feedbacks is
urgently needed to reduce climate model uncertainties and to
allow more accurate predictions of vegetation changes under
future climate scenarios. This is particularly important in the tropics, where high plant productivity sustains one of the largest
remaining terrestrial carbon pools on the planet (Hilker et al.,
2014; Wu et al., 2016a). The ongoing exposure of tropical ecosystems to anthropogenic pressures and climatic changes have led
to substantial concerns about the future of tropical forests as a
component of the global climate system (Cox et al., 2004; Malhi
et al., 2008). While field experiments, networks of flux-towers
and remote sensing based studies have improved our understanding on the sensitivity of forests to climate in temperate regions
(e.g., D’Odorico et al., 2015; Gamon et al., 2006; Hilker et al.,
2010; Richardson et al., 2007, 2012; Yang et al., 2014), this issue
is far less understood in the tropics.
Quantifying shifts in phenological cycles, which influences the
timing of plant maximum photosynthetic activity, is critical for
describing tropical ecosystem metabolism and environmental controls (Cleland et al., 2007; Richardson et al., 2012; Wu et al.,
2016a). However, phenological observations in tropical regions
have proven challenging (Samanta et al., 2010) and so far have
been unable to produce unequivocal evidence for the constraints
of vegetation growth in the tropics (Huete et al., 2006; Lee et al.,
2013; Borchert et al., 2015; Guan et al., 2015; Bi et al., 2015).
Despite the uncertainty associated with the mean seasonality of
vegetative growth derived from satellite remote sensing, it is even
more controversial when using these remote sensing observations
to explore tropical forest response to inter-annual droughts
(Myneni et al., 2007; Morton et al., 2014; Saleska et al., 2016). An
increase in greenness (higher Enhanced Vegetation Index - EVI)
for the 2005 drought was reported by Saleska et al. (2007),
whereas a widespread decline in photosynthetic activity (lower
EVI) for the 2010 drought was observed by Xu et al. (2011). While
remote sensing approaches have shown conflicting results, fieldbased studies indicate that moisture stress in tropical forests due
to extreme events of droughts reduces aboveground biomass
growth and increases tree mortality, altering carbon stocks and
biodiversity (Phillips et al., 2009).
To date, tropical leaf phenology remains one of the most challenging components to parameterize in ecosystem models (Arora
and Boer, 2005). Part of the observational uncertainties has been
linked to poor quality remote sensing data because of high atmospheric aerosol loadings and deficiencies in cloud detection and
screening (Samanta et al., 2010; Hilker et al., 2014). Progress has
been made with the development of more robust atmospheric correction methods (e.g. Multi-Angle Implementation of Atmospheric
Correction - MAIAC) (Lyapustin et al., 2011), or the use of higher
spatial resolution imagery (Zelazowski et al., 2011). However, a
scale mismatch remains between moderate to coarse spatial resolution satellite imagery on one hand, and a sparse network of field
observations on the other.
One possible approach to address this mismatch and to help
further our understanding of tropical phenology is to use observations from tower-based cameras to consistently link optical signals
with biophysical processes. Near surface, camera-based phenology
can help bridging the spatial mismatch existing between field and
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satellite data by using optical principles similar to those used by
spaceborne optical sensors, but still allowing interpretations similar to those made at the plot level.
In temperate regions, tower-based optical remote sensing has
been used to establish frequent observations of plant phenology
(Richardson et al., 2007), to link them to biophysical processes of
photosynthesis (Hilker et al., 2010), and to scale-up field observations (D’Odorico et al., 2015). Perhaps most prominently, the phenocam network (Richardson et al., 2007) provides a continentalscale phenological observatory, spanning a range of biogeoclimatic
zones in North America. Other networks (Gamon et al., 2006) and
individual studies have been undertaken to connect optical measurements and flux tower observations of CO2 exchange and
ecosystem productivity using multi-angular (Hilker et al., 2010;
Tortini et al., 2015) and mono-angle spectroscopy (Garbulsky
et al., 2008; Garrity et al., 2010).
More recently, tower-based observations of plant phenology
have also been established for tropical vegetation using near infrared (NIR)-red-green cameras (Wu et al., 2016a) and simple RGB
cameras (Lopes et al., 2016). Increases in dry season ‘‘Amazon
greening” were linked to synchronous leaf flushing during the
dry season in central Amazonia, in response to an increase in available PAR, consistent with previous satellite studies (Huete et al.,
2006; Anderson et al., 2011; Guan et al., 2015) and field investigations (Restrepo-Coupe et al., 2013). Increases in vegetation greenness were preceded by abrupt, brief ‘‘browning” because of the
increased leaf abscission (Lopes et al., 2016). While tower-based
observations have improved our understanding of plant phenology
in the tropics, a comprehension of its effect on the optical signal
observed by hyperspectral instruments in different regions of the
electromagnetic spectrum is currently lacking, as is an understanding of the spatial heterogeneity of the observed signal. Such understanding will be critical in order to assess tropical seasonality at
broader scales using future orbital hyperspectral missions such
as the Environmental Mapping and Analysis (EnMAP), planned
for 2019 (Guanter et al., 2015), and the Hyperspectral Infrared Imager (HyspIRI), planned for the near future (Hochberg et al., 2015),
both with 30 m spatial resolution.
The objective of this paper was to analyze spectral components
of canopy phenology using a tower-mounted hyperspectral camera
in an eastern Amazon forest to assess dry season differences
existing between individual species. Our analysis was based on
hyperspectral data acquired during the 2012 dry season at the
k67 flux-tower field station in the Tapajós National Forest (TNF),
in Brazil. As far as we know, this is the first hyperspectral remote
sensing study using a tower-mounted camera to observe canopy
phenology in the Amazon.
Our study was designed to address four research questions: (1)
How do individual components (leaves, branches and shade) of
tropical species canopy vary throughout the dry season? (2) What
are the most important spectral components responsible for the
data variance in the hyperspectral signal to describe phenological
patterns across species? (3) Are there dry season variations in
spectral attributes and metrics between the species? (4) Are the
phenological patterns observed from the tower-based hyperspectral data perceptible when evaluating a landscape level data
(MODIS observations)?
2. Data acquisition and processing
2.1. Hyperspectral data acquisition
The study area in Brazil is the TNF, located in the eastern Amazon, near Santarém town, in the state of Pará, which is mainly composed of dense ombrophilous forest (Fig. 1). The climate in the
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Fig. 1. At the left side, we show the location of the k67-tower (star) in the Tapajós National Forest, eastern Amazon, in the state of Pará, Brazil. At the right side, we plot
monthly precipitation and mean temperature for 2012, obtained from a meteorological station (Belterra municipality). The shaded portion of the figure indicates the dry
season.

Köeppen classification is tropical AmW (monsoon type with short
dry season) with a mean precipitation of 1700 mm year1 and an
average dry season length of five months between July and November (Aragão et al., 2008). The mean annual temperature is 26 °C. In
the 2012 dry season, the monthly precipitation decreased from
120 mm in July to 5 mm in November, while the mean temperature increased from 25.6 °C to 28.6 °C (Fig. 1). The local topography
is relatively flat with an altitude below 200 m. Latossolo Amarelo
distrófico (Xanthic Acrustox in the USA Soil Taxonomy) is the predominant soil type in the study area.
We used data acquired by a hyperspectral Surface Optics 710
Camera (SOC; Surface Optics Corporation, San Diego, CA) in the
dry season of 2012 between July 29 and September 25. The camera
was mounted at a height of 61 m on the Tapajós k67 eddy covariance tower (2.85°S, 54.97°W). The hyperspectral sensor acquired
images in 128 narrow bands (bandwidth of 5 nm) positioned
between 388 nm and 1051 nm. To ensure confidence in the data
analysis and avoid noisy data, we considered only the 437–
898 nm spectral range. As a result, the leaf/canopy water feature
centred at 980 nm was not evaluated here. Seventeen images were
carefully selected and screened for clear sky conditions and data
quality in the 437–898 nm range. A White Teflon panel, permanently installed within the field of view of the camera, was used
as reference for calibrating the data. Images were acquired at offnadir viewing (45°) in the backscattering direction and around
solar noon (11:30 a.m. local time) to reduce shading effects
within- and among the canopies in each date.

2.2. Analysis of hyperspectral images
We focused our analysis of the 17 hyperspectral images on
three species (Erisma uncinatum Warm., Manilkara huberi (Ducke)
A. Chev. and Chamaecrista xinguensis (Ducke) H.S.Irwin & Barneby),
which are common at the k67 site. Erisma uncinatum and Manilkara
huberi alone accounts for 16% of basal area of the vegetative community of the site. Erisma uncinatum Warm. generally has large
trees with diameter at breast height (DBH) up to 148 cm and

maximum canopy height (MCH = 40 m) greater than that observed
for Manilkara huberi (maximum DBH = 91 cm; MCH = 37 m), as
reported by Wu et al. (2016a). Chamaecrista xinguensis presented
canopy heights between 15 and 30 m, but was also sunlit, as the
Tapajós forest has a very irregular canopy.
Crowns representing different trees of these species were delineated manually over the hyperspectral images to reduce shade by
neighbor or emergent trees. To represent the vegetation response
over time using different hyperspectral metrics, we selected randomly 150 pixels per species and date, which were kept fixed in
position over the sunlit crowns, whenever possible. We applied
t-tests to verify whether the differences in metric means between
the beginning and end of the time series were statistically significant at 95% confidence level.
Several techniques and procedures were used for processing the
hyperspectral data. They included the linear spectral mixture analysis (SMA), principal component analysis (PCA), continuum
removal analysis (CR), derivative analysis (DA) and vegetation
indices (VI), as described below.

2.2.1. Spectral mixture analysis (SMA)
How do individual components (leaves, branches and shade) of
tropical species canopies vary throughout the dry season? In order
to answer this question and analyze phenological variations over
time, we applied SMA to each of the 17 hyperspectral images.
SMA assumes that the reflectance of each pixel is a linear combination of the endmember reflectance values (van der Meer, 2004).
Therefore, the first step in SMA is to define image-derived endmembers, which was performed here using the July dataset. In
the absence of pixels representing bare soil in the images, we
selected a three-endmember model composed of green vegetation
(GV), non-photosynthetic vegetation (NPV) and shade. To select
the first two endmembers, we first applied the minimum noise
fraction (MNF) algorithm to separate the signal-dominated components from the noise-dominated images (Green et al., 1988). The
first MNF images having large eigenvalues and good image quality
were then used as input data for the pixel purity index (PPI)
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technique to find pure endmembers. We set up the number of
interactions to 5000 and the threshold to 2.5 of the MNF normalized noise. Candidate endmembers for GV and NPV detected automatically by the PPI were projected into an n-dimensional
scatterplot for final endmember selection looking at the corner of
the data clouds (Galvão et al., 2011). From the use of the PPI technique applied to the first 12 MNF images having eigenvalues
greater than two and cumulative data variance greater than 90%,
we selected a GV spectrum from Erisma uncinatum and a NPV spectrum from Chamaecrista xinguensis as endmembers to compose a
three-endmember model with shade. Following the procedure
described by Roberts et al. (1993), the shade endmember used in
this study had constant low reflectance to represent pure shade
in all bands, spectrally flat in the 437–898 nm range.
The fixed set of three endmembers was then used in the SMA to
generate fraction images. The singular value decomposition
approach was used as a solution for data inversion into the fraction
images of each date. Endmember-fraction values were then plotted
for each species over time to inspect canopy phenology during the
dry season.
2.2.2. Principal component analysis (PCA)
What are the most important spectral intervals responsible for
the data variance in the hyperspectral signal to describe phenological patterns across species? PCA is a technique to handle highly
correlated reflectance values across bands, to reduce data dimensionality and to detect the most important spectral bands, responsible for most of the data variance in the original variables (Moreira
and Galvão, 2010). Here, we applied PCA to a set of 7650 pixels
(150 pixels, 3 species and 17 dates) to identify patterns of canopy
phenology, using the reflectance of the 89 SOC camera bands positioned between 437 and 898 nm as input variables. We applied
PCA to the set of 150 selected sunlit pixels (based on the crowns
of each specie) instead of the entire image to reduce sun/canopy
illumination effects on the interpretation of results and to give
equal weight to each species, thus enhancing their phenological
differences.
Extraction of the components was based on the correlation
matrix and on eigenvalues responsible for more than 90% of the
cumulative data variance. In the identification of patterns of
canopy phenology, two principal components with eigenvalues
greater than two were retained. The contribution of each band to
explain each component was determined from the analysis of the
component matrix loadings. Sampling adequacy and data suitability for reduction were examined using the Kaiser-Meyer-Olkin
(KMO) measure and Bartlett’s test of sphericity, respectively
(Cerny and Kaiser, 1977). We obtained and plotted the scores for
the first components without rotation and analyzed the spectral
similarity between the three species. Because PCA is very sensitive
to outliers, we used scores greater than four standard deviations
away from the mean to detect and remove them from the analysis
before running again the algorithm.
2.2.3. Continuum removal, derivative analysis and vegetation indices
Are there dry season variations in spectral attributes and metrics between the species? To answer this question, we calculated
on a per pixel basis the depth, width, area and asymmetry of the
chlorophyll absorption band centred at 680 nm for the 17 images.
We used the Processing Routines in IDL for Spectroscopic Measurements (PRISM) software (Kokaly and Skidmore, 2015). The PRISM
is based on the well-established continuum removal approach,
which isolates absorption bands from the spectra to allow quantification of their parameters (Clark and Roush, 1984). We fixed the
wavelengths at 560 nm and 760 nm (shoulders of the absorption
band) to remove the continuum. Absorption band parameters were
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then plotted as a function of the species and of the date of image
acquisition.
In addition, derivative analysis detected the red-edge spectral
position, which is the wavelength of maximum first derivative of
the reflectance spectrum between 690 nm and 750 nm. The rededge position is potentially sensitive to changes in chlorophyll concentration (Cho and Skidmore, 2006; Clevers and Gitelson, 2013).
In our study, the first-order transformation was preceded by the
Savitzky-Golay smoothing method for removing the background
noise using a window size of three bands. Variations in red-edge
position over time were analyzed per species.
Finally, we calculated the Normalized Difference Vegetation
Index (NDVI) and the EVI to study their sensitivity to some phenological events in the study area. For this purpose, we used the narrow bands of the hyperspectral camera positioned at 472 nm
(blue), 661 nm (red) and 861 nm (NIR). Both indices are the main
components of the Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation index products (Huete et al., 2002). They
have been widely used in studies of the Amazonian tropical forests
(e.g., Huete et al., 2006; Saleska et al., 2007; Galvão et al., 2011;
Moura et al., 2012). Equations and parameters were the same as
the MODIS products.
After the analysis of leaf flushing events from neighboring
branches of a given species under the same illumination conditions, we additionally tested the potential of the normalized difference between the green (563 nm) and red (661 nm) reflectance (q)
to detect leaf flushing. Henceforth, to facilitate reading, this VI is
entitled the Green-Red Normalized Difference (GRND) (Eq. (1)):

GRND ¼ ðq563nm  q661nm Þ=ðq563nm þ q661nm Þ

ð1Þ

The GRND is conceptually similar to the Green Chromatic Coordinate, a greenness index defined as the fractional contribution of
the green spectral response to the summed response of the blue,
green and red channels in a RGB camera (Woebbecke et al.,
1995). In our study, we avoid using the blue band in the GRND
equation to reduce uncertainties associated with atmospheric scattering when calculating this index from MODIS data.
2.3. From tower hyperspectral measurements to MODIS (MAIAC)
observations
Are the phenological patterns observed from the tower-based
hyperspectral data perceptible when evaluating a landscape level
data (1-km MODIS observations)? Because the hyperspectral camera sensed a small footprint at the k67 Tapajós tower (300 m), we
compared our tower-based results with biweekly MODIS data processed by the MAIAC (Lyapustin et al., 2011). MAIAC applies rigorous cloud screening and atmospheric correction to obtain surface
reflectance without typical empirical assumptions. MODIS
(MAIAC) data were corrected for Bidirectional Reflectance Distribution Function (BRDF) effects, normalized to nadir viewing and to a
fixed solar zenith angle (SZA) of 45°. The BRDF correction reduces
the error and bias associated with view-illumination geometry that
affects differently the VIs. To compare the results, we calculated
the NDVI (MODIS bands 1 and 2), EVI (bands 1, 2 and 3) and the
GRND (bands 1 and 4) for a 3  3 km footprint at the tower site
and plotted the long-term mean (2000–2014) for the dry season
to reduce noise in the time series.
Due to sample size limitations of the camera data, MODIS
observations were compared with a landscape model of monthly
LAI partitioned into three leaf age classes. This approach was used
to inspect the consistency of the tower and MODIS results with
ground-based observations of canopy phenology. We used available data on new leaf production and leaf area index (LAI) of young
(1–2 months), mature (3–5 months) and old (6 months) leaves
simulated from a leaf demography-ontogeny model (Wu et al.,
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2016a). The simulation was supported by LAI (LAI-2000) and litterfall (traps) measurements (2000–2005). We plotted the simulated
new leaf production (Wu et al., 2016a) and LAI against the MODIS
(MAIAC) VIs.
3. Results
3.1. Spectral components of canopy phenology from SMA
Dry season differences in canopy phenology between the species were clearly visible in true color composites of the hyperspectral camera using bands positioned at 661 nm, 563 nm and 487 nm
in red, green and blue, respectively (Fig. 2). For instance, Erisma
uncinatum (green line in Fig. 2) became brighter from July 29
(DOY 211) to September 25 (DOY 269), while Chamaecrista
xinguensis (red line) lost leaves toward the end of the dry season.
Endmember spectra for SMA are shown in Fig. 3. Distinct patterns of canopy phenology per species were observed in SMA color
composites using GV, NPV and shade fractions in green, red and
blue colors, respectively (Fig. 4). Erisma uncinatum had increasing
GV fractions toward the end of dry season, as indicated by brighter
green colors observed from DOY 211 to 269. In contrast, Chamaecrista xinguensis had increasing NPV fractions with deciduousness,
as shown by the predominance of magenta shades in the images of
September (DOY 247–269). The behavior of Manilkara huberi was
different from the other two species (Fig. 4). The NPV first
increased in the beginning of August (magenta shades in the
DOY 218 and 227 images) and then decreased in the subsequent
dates (green tones) with new foliage.

Results of Fig. 4 were confirmed when we plotted the average
GV (Fig. 5a) and NPV (Fig. 5b) fractions calculated from 150 pixels
randomly chosen per species and date. The contrasting phenological behavior between the evergreen Erisma uncinatum and the
deciduous Chamaecrista xinguensis was evident in the SMA fractions, because these species presented the largest mean GV (42–
50%) and NPV (13–25%) values, respectively. When compared to
Erisma uncinatum, the evergreen Manilkara huberi had lower mean
GV fraction and higher mean NPV fraction, especially in the beginning of August.
For the entire hyperspectral camera scene, the number of pixels
with shade fraction greater than 60% decreased from July to
September, revealing the influence of view-illumination effects
during the dry season (Fig. 6). The 17 images were acquired around
the noon (11:30 a.m.) but the solar zenith angle (SZA) decreased
13° from July 29 (SZA = 28°) to September 25 (SZA = 15°) (Fig. 7).
In addition, the solar azimuth angle (SAA) increased toward the
end of the dry season from 40° to 85°. As a result, the relative azimuth angle (RAA) between the camera and the sun also decreased
over time with the sensor becoming more aligned to the direction
of illumination (principal plane) toward September. Therefore,
along with leaves density and distribution, view-illumination
effects contributed for the reduced amounts of shadows and the
increased amounts of leaf/canopy scattering sensed by the
tower-mounted camera at the end of September. For the two
non-deciduous species, GV increased gradually over the period
mainly due to decreasing shade and not at the expense of NPV,
since NPV did not decrease for these two species in the lower graph
of Fig. 5.

DOY 211

DOY 218

DOY 227

DOY 247

DOY 258

DOY 269

Fig. 2. Time series for six of the 17 true color composites of canopy phenology observed from the hyperspectral camera mounted at the k67 tower in Tapajós. The green, blue
and red lines for the first date delineate the three species: Erisma uncinatum, Manilkara huberi and Chamaecrista xinguensis, respectively. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)
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3.2. Canopy phenology detected by PCA

Fig. 3. Green and non-photosynthetic endmember spectra for spectral mixture
analysis (SMA) selected from the sequential use of the minimum noise fraction
(MNF) and pixel purity index (PPI) techniques. Shade is represented by a synthetic
spectrum of flat low reflectance across all wavebands.

Using the Bartlett Test of sphericity, we rejected the null
hypothesis that the correlation matrix was an identity matrix
(p-value < 0.001), indicating that it was highly unlikely to have
obtained the correlation matrix from a population with zero
correlation. The Kaiser-Meyer-Olkin (KMO) measure was closer
to one (0.99), thus indicating sampling adequacy for PCA. The first
two principal components were responsible for 90.1% of the cumulative variance of the data. PC1 accounted for 61.5% of variance,
while PC2 captured 29.6% of variance. The analysis of the component matrix loadings, which are the correlations between the band
reflectance and the component, showed that most of the SOC camera bands had large loadings on PC1, especially between 500 and
650 nm and between 700 and 898 nm (Fig. 8). Therefore, PC1
reflected brightness variations between the pixels. PC1 increased
with increasing reflectance of these bands. By contrast, PC2
showed large positive loadings in the blue (450–490 nm) and in
the chlorophyll red absorption region (650–680 nm), and negative
loadings in the NIR region between 750 and 898 nm. PC2 increased
with increasing blue and red reflectance and with decreasing NIR
reflectance. Thus, PC2 was sensitive to variations in NPV across
pixels. The three species were separated from each other based
on their average reflectance (PC1) and average NPV content (PC2)
over time.
Differences in canopy phenology between the three species are
illustrated by projecting the first two PC scores for each of the 7650
pixels extracted from the 17 dates of image acquisition (Fig. 9). The
species clustered differently in the PCA space. Confirming the

DOY 211

DOY 218

DOY 227

DOY 247

DOY 258

DOY 269

Fig. 4. Color composites of SMA fraction images showing dry season variations over time (July 29–September 25) in green vegetation (green), non-photosynthetic vegetation
(red) and shade (blue) for six of the 17 hyperspectral images. The tree species discussed in the text are delineated in Fig. 2. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Bar graph illustration of dry season changes in spectral mixture fractions of
(a) green vegetation (GV) and (b) non-photosynthetic vegetation (NPV) for the three
species and six of the 17 dates under analysis.

interpretation of the component matrix loadings, PC1 separated
the highly reflective Erisma uncinatum at the right side of the axis
from the other lower reflectance species at the left side. Therefore,
brightness increased from the left to the right side of PC1. On the
other hand, PC2 separated the deciduous Chamaecrista xinguensis
with greater amounts of NPV from the evergreen species. In the
PC space of Fig. 9, increases in brightness and NPV were generally
stronger toward the end of the dry season for Erisma uncinatum
(gain in leaves) and Chamaecrista xinguensis (losses in leaves),
respectively. Manilkara huberi presented an intermediate phenological pattern between Erisma uncinatum and Chamaecrista
xinguensis.

3.3. Variations in reflectance, vegetation indices and absorption band
attributes
In agreement with the PCA results (Figs. 8 and 9), Erisma uncinatum had higher mean reflectance than Manilkara huberi and
Chamaecrista xinguensis in green and NIR bands with the largest
loadings on PC1 (Fig. 10a and c). On the other hand, great amounts
of NPV for Chamaecrista xinguensis produced comparatively higher
red reflectance (Fig. 10b) and lower NIR reflectance (Fig. 10c) in
bands that had large positive and negative PC2 loadings, respectively (Fig. 8). Therefore, the reflectance patterns observed in

Fig. 10 were consistent with the spatial distribution of the PCA
scores in Fig. 9.
Reflectance differences over time were also observed for each
species and were statistically significant between the beginning
and end of the time series at 95% confidence level (t-tests). For
Chamaecrista xinguensis, differences over time were stronger in
the red bands due to increasing deciduousness. For Erisma uncinatum, SMA results and the green and NIR reflectance differences
observed between the beginning and end of the dry season
(Fig. 10) indicated the presence of coupled effects of leaf flushing
and reduction in shadows due to changes in SZA and SAA, or in
RAA (Figs. 6 and 7). As illustrated in Fig. 11, the role played by leaf
flushing detected over the images is to increase the reflectance,
especially in the green and NIR spectral regions. Differences
between young and old leaves for reflectance spectra extracted
from neighboring branches under the same illumination conditions were concentrated in the green region due to lower chlorophyll content of young leaves, and in the NIR region due to
differences in leaf structure.
Variations in the described patterns of canopy phenology were
also detected after VI determination (Fig. 12). There were statistical
differences (95% confidence level) between the species and across
the dates, especially for EVI and GRND, for Erisma uncinatum and
Chamaecrista xinguensis, and between August (DOY 210–220) and
September (DOY 268). Leaf flushing over Erisma uncinatum toward
the end of time series produced increases in EVI (Fig. 12a) and
GRND (Fig. 12c) because of the observed changes in the NIR and
green reflectance in response to the modification in the dominant
leaf class in the crown from mature to young leaves (Fig. 11). As
demonstrated in previous studies, EVI is strongly dependent on
the NIR reflectance at both MODIS (Galvão et al., 2011; Moura
et al., 2012) and single leaf scales (Yang et al., 2014). For Chamaecrista xinguensis, the NDVI decreased over time due to the reduction in chlorophyll content and the resultant increase in the red
reflectance with deciduousness (Fig. 12b).
From the continuum removal analysis, deeper chlorophyll
absorption bands centred at 681 nm were observed for Erisma
uncinatum when compared to the other two species (Fig. 13). A
similar pattern was observed for the width and area of this spectral
feature, which did not present a well-defined trend for the asymmetry. However, except for Chamaecrista xinguensis, the differences
were not statistically significant for each species between the period analyzed.
In general, increased chlorophyll contents broaden the 681-nm
absorption feature that becomes deeper for a given species, shifting the red-edge position to longer wavelengths in the 690–
750 nm range. Our first-order derivative analysis, however,
showed variations in the red-edge position between the species
and across dates close to the bandwidth of the hyperspectral camera (5 nm). Such differences (results not shown) were not statistically different at 95% confidence level, as indicated by t-tests of
means differences between the beginning and end of the observation period.

3.4. MODIS observations at the Tapajós k67 site
In the previous hyperspectral analysis with the tower-based
camera, we detected three distinct patterns of canopy phenology:
two patterns associated with evergreen species that predominated
at the k67 site (Erisma uncinatum and Manilkara huberi) and one
pattern related to a less common deciduous species (Chamaecrista
xinguensis). For scaling up our tower-based results to a larger footprint, we plotted biweekly long-term mean (2000–2014) of MODIS
EVI and GRND corrected for BRDF effects using MAIAC (Fig. 14).
According to our results, these two VIs were more sensitive to leaf
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Fig. 6. Spatial and temporal variability in shade fraction for pixels with endmember abundance greater than 60%. The decrease in shade over time is clearly apparent due to
decreasing solar zenith angle (SZA), increasing solar azimuth angle (SAA), or decreasing relative azimuth angle (RAA), toward the end of the dry season (DOY 211–269).

Fig. 8. Component matrix loadings for the first two principal components (PC1 and
PC2). PC1 was driven mostly by brightness variations, whereas PC2 was dominated
by relative changes in green and non-photosynthetic vegetation (NPV) due to leaf
losses.

Fig. 7. Temporal changes in solar zenith angle (SZA) and solar azimuth angle (SAA)
observed at the time of image collection (11:30 a.m. local time) for each of the 17
dates of hyperspectral image acquisition. The marked change in SZA and relative
azimuth angle (RAA; not shown) between July and September contributed to shade
variability in the scene, as illustrated in Fig. 6.

flushing than the NDVI because of the respective changes in green
and NIR reflectance observed from old to young leaves (Fig. 11).
The VI comparison at a 3  3-km MODIS footprint with the
modeled phenological observations (leaf demography-ontogeny

model) by Wu et al. (2016a) showed that the GRND was closely
related to new leaf production at the Tapajós k67 site (Fig. 14).
On the other hand, the EVI was more associated with changes in
the LAI of mature leaves (3–5 months). Therefore, these observed
increases in EVI during the dry season can be related to a proportional increase in mature leaves in relation to young leaves. GRND
increased from July to August and then decreased toward September. In contrast, EVI increased over time toward the end of the dry
season (Fig. 14). Young bright green leaves (high GRND) constitute
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Fig. 9. First two scores from PCA applied to the reflectance of 89 bands (437–
898 nm) of the hyperspectral camera, showing canopy spectral variations between
three species (n = 7650 pixels from 17 dates). In the observation period (July 29–
September 25), brightness increased from the left to the right side of PC1 with gains
in leaves. NPV increased from the bottom to the top of PC2 with losses in leaves.

a brief phenological stage. These leaves change to mature dark
green leaves (lower GRND, but high EVI), a longer-lasting phenological stage. The abundance of this class increases over the dry
season as more trees have flushed in the prior dry months.
4. Discussion
Canopy phenology is a vital indicator of environmental controls
on species and ecosystems (Cleland et al., 2007; Richardson et al.,
2012). A better understanding of vegetation phenology is therefore
urgently needed for a better comprehension of climate sensitivity
of tropical vegetation (Hilker et al., 2014). The results presented
in this study, which is the first hyperspectral investigation using
a tower-mounted camera to observe canopy phenology in the
Amazon, contribute to this ongoing discussion in two major ways.
First, we have demonstrated, using a detailed study of individual tree crowns observed by the hyperspectral camera at the
Tapajós site, a diversity of phenological responses during the
2012 dry season. Our results have shown different stages of phenology for three individual species (Erisma uncinatum, Manilkara
huberi and Chamaecrista xinguensis). Different timings and intensity
in leaf flushing and leaf shedding affected the GV and NPV fractions
obtained from SMA (Figs. 5 and 6); the spatial distribution of PCA
scores associated with brightness and deciduousness (Fig. 9); the
red, green and NIR reflectance and related VIs (Figs. 10 and 12);
and the 681-nm chlorophyll absorption band parameters
(Fig. 13). The standard deviation of these spectral attributes was
larger after DOY 245 with the closest alignment between the tower
camera and the sun as well as with the largest phenological variability observed with the precipitation decrease and the temperature increase (Fig. 1). As discussed by Lopes et al. (2016), flushing
in the Amazon is concentrated in the months of low rainfall and
occurs in a strategy to exploit the season of high insolation.
The temporal variation in these spectral attributes was therefore affected to some extent by view-illumination effects produced
by decreasing SZA, increasing SAA, or modifications in the RAA

Fig. 10. Dry season variations in mean reflectance of the (a) green, (b) red and (c)
near infrared bands of the tower-mounted hyperspectral camera for the 3 species
and 17 dates under analysis. The error bars represent the spatial variability of the
samples within the tree crowns (mostly driven by differences in shade fraction).
Temporal differences between dates of minimum and maximum reflectance were
statistically significant for all species at 95% confidence level. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version
of this article.)

between the camera and the sun, which decreased toward the
end of the dry season (Fig. 7). In the SMA, such effects were
expressed by decreasing shade fractions over time (Fig. 6). However, they did not explain, for instance, the temporal differences
between the two evergreen species with Erisma uncinatum presenting clearly leaf flush events in the images that varied in intensity between the trees.
The results presented in our paper confirm previous findings of
other two recent tower-based phenological studies in the Amazon
basin using multispectral data or RGB cameras (Lopes et al., 2016;
Wu et al., 2016a). Importantly, this study demonstrates the usefulness of tower-based cameras to have a comprehensive understanding of the processes that are occurring through time in the canopy
and how they influence the vegetation spectral behavior at high
spectral resolution. Knowing how the spectra change with physical
modifications in the canopy will enhance our knowledge on how
these changes affect the spectra from large-scale orbital optical
data.
From the three studied species, Erisma uncinatum and Manilkara
huberi alone account for 16% of basal area of the vegetative
community of the area and are therefore very important. While
arguably measurements of a few tree crowns, or flux tower
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Fig. 11. Spectral reflectance differences between young and old leaves of Erisma
uncinatum selected from neighboring branches under the same illumination
conditions, illustrating changes in the green and near infrared intervals due to leaf
flushing.

footprints, are not representative of the entire Amazon basin, the
implications of these results are still important, as they track the
phenological processes that can be clearly linked with the variation
of the spectral signal, demonstrating the heterogeneity of tropical
forests. Consequently, the degree of dry season ”greening” or
”browning” (Huete et al., 2006; Myneni et al., 2007; RestrepoCoupe et al., 2013) observed by the remote sensing instrumentation will be dependent upon pixel size, viewing geometry, and
the relative contribution of species with specific seasonal behavior,
in addition to climatological factors.
Often ignored in large-scale ecosystem studies, which sometimes list evergreen tropical forests as a single biome, the marked
complexity of the tropical forest biome therefore poses significant
challenges for scaling phenological observations from landscape to
wide basin levels (Townsend et al., 2008). Observed seasonal
trends from coarser scale remote sensing studies (Huete et al.,
2006; Myneni et al., 2007) need to be interpreted as seasonal variations in the likelihood of leaf flushing (so called ‘‘synchronized”
leaf flushing) rather than a homogeneous increase in leaf area
across the entire pixel. The exact causes triggering different behavior in different species and individuals of the same species remain
poorly understood, as does its representation in earth system models (Restrepo-Coupe et al., 2013). Recent work has suggested that
seasonal responses of tropical forest productivity may be a result
of the interactions between plant physiology, biotic and abiotic
factors (Wu et al., 2016b), as well as biological evolution
(Girardin et al., 2016). Integrated studies of environmental and
ecological factors constituting eco-physiological conditions on
one side, and networking of phenological cameras (Richardson
et al., 2012) combined with high resolution remote sensing on
the other, are therefore needed to help us better understand these
patterns.
As a second contribution, our study has shown that careful consideration of the relationship between phenological responses and
spectral reflectance is needed, as physiological changes in plant
canopies affect visible and NIR reflectance in very specific ways.
For instance, different dynamics in red and NIR reflectance caused
different behaviors of NDVI and EVI, arguably the two most fre-

Fig. 12. Dry season variations in (a) Enhanced Vegetation Index (EVI), (b)
Normalized Difference Vegetation Index (NDVI) and (c) Green-Red Normalized
Difference (GRND) calculated from narrow bands of the hyperspectral camera for
the three species and 17 dates under analysis. The error bars represent the spatial
variability of the samples within the tree crowns. Temporal differences between
dates of minimum and maximum VIs were statistically significant for all species at
95% confidence level. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

Fig. 13. Temporal variations in the depth of the 681-nm chlorophyll absorption
band for the three species from the continuum removal method applied to the
hyperspectral images obtained in 17 dates. The error bars represent the spatial
variability of reflectance within the tree crowns. Decrease in absorption band depth
was associated with leaf loss.

quently used VIs for estimating changes in Amazon seasonality.
Briefly, the two VIs reacted differently to the same timeline of
phenological changes. Similar findings have been reported in the
literature and are a result of different VI formulations (Hilker
et al., 2014; Maeda et al., 2016). For example, EVI is largely driven
by changes in NIR reflectance, whereas NDVI is the normalized difference between equally weighted NIR and red reflectance (Galvão
et al., 2011; Moura et al., 2012).
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Fig. 14. Temporal changes in long-term means (2000–2014) of MODIS (MAIAC) EVI (red axis) and GRND (dark green axis) compared to the new leaf production (light green
axis, leaves 1–2 mo old) and leaf area index of mature leaves (orange axis, 3–5 mo old) modeled by Wu et al. (2016a). Modeled new leaf production at the Tapajós k67 site
followed GRND closely, whereas EVI was more related to changes in mature leaf area. (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

Biophysical interpretations of large scale ‘‘greening” and
‘‘browning” effects as a result of changes in these VIs need to be
made carefully as the underlying physiological behavior may be
complex, especially given the spatial heterogeneity demonstrated
here on just a few individual trees. For instance, changes in NIR
reflectance can be caused by variations in LAI, but can also be just
the result of modifications in canopy structure or leaf angle distribution (de Moura et al., 2015). Similarly, increased absorption of
visible reflectance is indicative of increased photosynthetic capacity of vegetation, but photosynthesis itself depends on additional
factors such as light use efficiency (Demmig-Adams et al., 2008).
In our study, changes in EVI most closely tracked changes in
mature leaf area modeled at the landscape level by Wu et al.
(2016a) at the Tapajós site, but EVI was not a good indicator of leaf
flushing behavior. For instance, a monotonic increase in MODIS
observed EVI from July to September, after the BRDF correction
by MAIAC, was more consistent with an increase in LAI of mature
leaves, because new leaf flushing peaked in August and then
declined in September (Fig. 14). Leaf flushing may have little effect
on total leaf area (Wu et al., 2016a,b), as abscised leaves are quickly
replaced by new grown leaves (Lopes et al., 2016). Nonetheless,
young, mature and old leaves have very different capacities to photosynthesize (Kitajima et al., 1997). Consequently, leaf demography is an important driver of photosynthetic potential. These
variations may be missed when only observing reflectance sensitive to changes in LAI.
Our findings showed that new leaf flushing was closely
observed by the GRND rather than by the EVI. This seems plausible,
as absorption of visible radiation is largely driven by leaf pigment
concentrations, which, in turn, is closely linked to leaf age
(Blackburn, 2007; Doughty and Goulden, 2008; Kitajima et al.,
1997; Roberts et al., 1998). For instance, leaf chlorophyll concentrations peak in mature leaves and decline toward senescence.
The relatively large standard deviations in comparison to the
variation in seasonal signals presented in the spectral profiles
(Figs. 10, 12 and 13) are resultant of the spatial variability within
the illuminated part of the tree crowns. While there may still be
some effects of canopy shading driving this variation due to imperfect estimates of shadow fractions, these variations show opposite
behavior for different species and can therefore not be attributed

solely to sun-sensor effects. Our results are in agreement with previous studies (Hilker et al., 2014; Saleska et al., 2016), but do not
support findings on constant canopy structure and greening during
the dry season in the Amazon (Morton et al., 2014). Despite the
spatial variability within the tree canopies, temporal changes were
still statistically significant at 95% confidence level for most of the
spectral attributes. Furthermore, even after BRDF correction of
MODIS data by the MAIAC, the behavior of the EVI and GRND
was not constant over time.
Our results have shown that accurate monitoring of tropical forest phenology is possible from tower and spaceborne remote sensing when considering the spatial heterogeneity of Amazonian
forests and the biophysical underpinnings of spectral reflectance
behavior in different regions of the electromagnetic spectrum.
The current analysis is important to support future studies in the
Amazon using planned orbital hyperspectral missions such as the
EnMAP and HyspIRI. All techniques used here can be applied to
images of these sensors to link information from future networks
of tower-mounted hyperspectral cameras with hyperspectral
satellite observations at 30 m spatial resolution.

5. Conclusions
We provided a comprehensive analysis about the spectral components of canopy phenology of three species and compared the
data acquired by a tower-mounted hyperspectral camera in the
eastern Amazon with BRDF-corrected MODIS (MAIAC) data and
modeled LAI/leaf flushing. Our findings showed dry season changes
in canopy structure and greenness of the species. In addition,
because of the NIR dependence, the EVI was more sensitive to
canopy structure than the GRND, which was closely associated
with leaf flushing.
The variation in timing and intensity of leaf flushing and leaf
shedding for Erisma uncinatum, Manilkara huberi and Chamaecrista
xinguensis was mostly expressed by distinct GV and NPV fractions
from SMA, different clusters of species in the PCA space, and by
modifications in parameters of the 681-nm chlorophyll absorption
band from the continuum removal approach. Well-defined trends
were not observed for the red-edge spectral position that varied
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close to the 5-nm bandwidth of the camera. The most important
spectral intervals associated with leaf flushing were the green
and NIR regions. Leaf loss in Chamaecrista xinguensis increased
the red reflectance (reduction in chlorophyll content) and
decreased the NIR reflectance due to great amounts of NPV
observed for this species in September. The hyperspectral camera
data were affected by view-illumination effects, which reduced
the amounts of shadows viewed by the sensor cast by neighbor
or emergent trees.
View-illumination effects on MODIS data were corrected by the
MAIAC. At the k67 tower site, the EVI corrected for BRDF effects
monotonically increased from July to September and closely
tracked the changes in LAI of mature leaves (3–5 months) modeled
by the leaf demography-ontogeny model. The GRND was a better
indicator of leaf flushing than the EVI, because the modeled production of new leaves peaked in August and then declined in
September. Therefore, the modeled new leaf production at the
Tapajós site followed the GRND closely, whereas the EVI was more
related to changes in mature leaf area.
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