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Abstract: In tropical dry forests, deciduousness (i.e., leaf shedding during the dry season) is an
important adaptation of plants to cope with water limitation, which helps trees adjust to seasonal
drought. Deciduousness is also a critical factor determining the timing and duration of carbon fixation
rates, and affecting energy, water, and carbon balance. Therefore, quantifying deciduousness is vital
to understand important ecosystem processes in tropical dry forests. The aim of this study was to
map tree species deciduousness in three types of tropical dry forests along a precipitation gradient in
the Yucatan Peninsula using Sentinel-2 imagery. We propose an approach that combines reflectance
of visible and near-infrared bands, normalized difference vegetation index (NDVI), spectral unmixing
deciduous fraction, and several texture metrics to estimate the spatial distribution of tree species
deciduousness. Deciduousness in the study area was highly variable and decreased along the
precipitation gradient, while the spatial variation in deciduousness among sites followed an inverse
pattern, ranging from 91.5 to 43.3% and from 3.4 to 9.4% respectively from the northwest to the
southeast of the peninsula. Most of the variation in deciduousness was predicted jointly by spectral
variables and texture metrics, but texture metrics had a higher exclusive contribution. Moreover,
including texture metrics as independent variables increased the variance of deciduousness explained
by the models from R2 = 0.56 to R2 = 0.60 and the root mean square error (RMSE) was reduced
from 16.9% to 16.2%. We present the first spatially continuous deciduousness map of the three most
important vegetation types in the Yucatan Peninsula using high-resolution imagery.
Keywords: plant phenology; random forest; vegetation indices; spectral mixture analysis; image
texture analysis

1. Introduction
Tropical dry forests (TDF) cover about 46% of tropical forests worldwide and they are one of the
most threatened ecosystems due to anthropogenic disturbance [1,2]. These forests are characterized by
a mean annual temperature greater than 26 ◦ C, a precipitation ranging from 250 to 2000 mm, and a
ratio of potential evapotranspiration to precipitation <1 [3]. However, the most distinctive feature of
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these forests is a pronounced dry season lasting 4 to 6 months when mean monthly precipitation is
less than 100 mm, resulting in seasonal drought [3]. This seasonal water shortage has a significant
impact on the structure and function of these ecosystems and determines the growth patterns and the
phenological and physiological behavior of the vegetation [4].
To cope with fluctuating water availability and avoid dehydration, many tree species exhibit a
distinctive phenology: an alternating deciduousness during the dry season, followed by an evergreen
physiognomy during the rainy season [5,6]. There is a wide range of phenological strategies of species
from the deciduous to evergreen plants with some intermediate strategies, such as brevi-deciduous,
semi-deciduous, or tardily deciduous [7].
The leaf-on and leaf-off periods determine the timing and duration of the photosynthetic activity
of tree species. This vegetative phenology also influences primary productivity, as well as transpiration
and carbon fixation rates, and biogeochemical cycles. Thus, deciduousness has significant effects on
energy, water, and carbon balance [8,9]. Deciduousness also represents an important pathway of carbon
and energy transfer from vegetation to soil [10]. Therefore, accurate estimations of deciduousness
are necessary for a better understanding of ecosystem functioning in tropical dry forests, which in
turn could be a useful indicator to model how tropical forests respond to future climatic changes [8].
However, few studies have quantified deciduousness in tropical dry forests [11].
Some of the studies that quantify deciduousness have focused on temporal patterns. For example,
Williams et al. [12] assessed the variation of deciduousness between and among species in western
Thailand and found large variation among species during the year. In a similar way, Kushwaha et al. [13]
assessed the duration of deciduousness for 24 tree species in tropical dry forests of India and documented
wide variation among species, which reflects differences in tree functional traits such as the leaf strategy
index, wood density, and leaf mass per area. Other studies have focused on spatial patterns of variation
in deciduousness along environmental gradients and found that deciduousness is related to rainfall,
temperature, and solar radiation [8,11,14], geology [15], water table depth [16], as well as forest stand
age [17]. However, most of these studies are based on field measurements and limited to small
spatial extensions.
Remotely sensed data have demonstrated to be useful for characterizing different vegetation
attributes such as biomass, leaf area index, and species diversity, and can also enable the mapping of
deciduousness over large spatial scales and at frequent time intervals, which is not possible by other
means [18]. Despite these advantages, studies quantifying deciduousness from remote-sensing data of
high-resolution imagery are scarce [19].
The majority of studies mapping deciduousness through remotely sensed data have used as an
independent variable the enhanced vegetation index (EVI) from the moderate resolution imaging
spectroradiometer (MODIS) sensor, which has a coarse spatial resolution (250 m, 500 m, and 1 km).
For example, Cuba et al. [17,20] and Gond et al. [14] modeled variation and the spatial distribution
of deciduousness of tropical forests from vegetation indices of MODIS imagery. MODIS has the
advantage of offering a high observational frequency, which makes it possible to relate changes in canopy
phenology with variations in vegetation indices (e.g., EVI) during the year. However, MODIS has
also potential limitations, such as the mismatch between pixel size and the size of the sampling plots
normally used to collect field data [19]. To overcome this problem, moderate to high-resolution imagery
data (10–30 m) have been used. For example, Cuba et al. [21] assessed the intensity of deciduousness
relating canopy gap fraction and changes in seasonal vegetation indices derived from Landsat data,
while Bolhman [8] related vegetation indices and spectral mixture analysis (SMA) data to predict
deciduousness. Finally, Viennois et al. [19] used a multiresolution approach combining MODIS-EVI,
SPOT, and GeoEye data to estimate deciduousness in West-Central African forests at the regional scale.
The degree of deciduousness in a forest varies among tree species (deciduous trees mixed with
evergreen trees) and among forest patches [8]. This heterogeneity in the deciduousness of the forest
canopy can be quantified in a similar way as the heterogeneity among forest canopy structure using
high-resolution imagery data [10]. In other words, variations of imagery grey levels can be used
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to distinguish between deciduous and evergreen tree crowns in a similar way that crown sizes and
crown densities are distinguished. Although a 10 m resolution cannot discriminate individual tree
crowns, it can capture broader scale of variation related to the presence of deciduous and evergreen
forest patches. In this way, one can link deciduousness measured in the field not only with spectral
information but also with spatial information of imagery such as texture metrics [22,23].
The aim of this study was to quantify and map tree species deciduousness of three types of tropical
dry forests along a precipitation gradient in the Yucatan Peninsula using high-resolution imagery and
an extensive ground data set of forest plots. For this purpose, we quantified deciduousness in the field
as the proportion of deciduous species in a forest stand. Then, we related ground-based estimates of
deciduousness to three sets of remotely sensed explanatory variables: (a) spectral bands, (b) normalized
difference vegetation index (NDVI), and (c) data from spectral mixture analysis. Additionally, for each
set of variables, we calculated eight second-order texture metrics. These variables were then used as
predictor variables for estimating deciduousness in a random forest regression procedure to build a
regional model to map tree species deciduousness in the Yucatan Peninsula. One of the improvements
of this research compared with previous ones, was that the heterogeneity in the deciduousness of
the forest canopy was quantified using high-resolution imagery (10 m) data. Then, we assessed the
potential of texture metrics to improve the estimation of tree species deciduousness and evaluated the
relative importance of the explanatory variables in predicting tree species deciduousness.
2. Materials and Methods
2.1. Study Area
The study was conducted in three sites of 3600 km2 that cover a rainfall gradient and represent
the most important tropical dry forest types of the Yucatan Peninsula, Mexico (Figure 1). The first
site (El Palmar) is located on the northwest coast (20◦ 550 N–21◦ 110 N, 90◦ 000 W–90◦ 220 W) where
vegetation is classified as deciduous tropical dry forest (almost all trees drop their leaves during the
dry season). These forests have a relatively low canopy height (10–12 m). The climate in this area is
warm sub-humid with mean annual temperature greater than 27 ◦ C and mean annual precipitation
ranging from 700–900 mm [24]. The area is flat, with soils practically lacking and an exposed karstic
limestone bedrock with high permeability and subject to constant erosion [25]. The area (3600 km2 ) is
unsuitable for agricultural activities due to its shallowness and high salinity [26].
The second site (Kaxil Kiuic) is located in the center of the Yucatan (20◦ 040 N–20◦ 060 N,
89◦ 320 W–89◦ 340 W). The climate is classified as tropical sub-humid, with summer rain and a strong
dry season from November to April. The mean annual temperature in the site is about 26 ◦ C and the
mean annual precipitation ranges from 900 to 1100 mm [27]. Geomorphology consists of low hills
within Cenozoic limestone. Topography is represented by a combination of flat areas and low hills
(60–190 masl) with moderate slope (10–25%) [28]. The landscape is a mosaic of forest patches of different
ages (3–100 year) of abandonment after traditional slash-and-burn agriculture. The predominant
vegetation type is semi-deciduous tropical dry forest, where 50–75% of trees drop their leaves during
the dry season [29].
Finally, the third site (Felipe Carrillo Puerto—FCP) is located in the southwest of the Yucatan
(19◦ 280 N–19◦ 300 N, 88◦ 030 W–88◦ 050 W). The area is dominated by semi-evergreen tropical dry forest
(25–50% of species drop their leaves during the dry season). Mean annual temperature is 26 ◦ C and
mean annual precipitation ranges from 1000 to 1300 mm [29]. The topography is fairly flat, with several
depressions and loamy soils that are seasonally flooded. The landscape is composed of a mosaic of
open agricultural fields and forest patches with different ages of succession.
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as texture measures of this resolution may quantify in a better way the heterogeneity in deciduousness
of the forest canopy.
Table 1. Sentinel 2 multi spectral instrument images used in this study.
Site
El Palmar
Kaxil Kiuic
FCP

Acquisition Time

Sensor Type

Tile Numbers

24 March 2018

S2A

26 March 2018

S2B

T15QYC, T15QYD,
T15QZC, T15QZD
T16QBH, T16QBJ

6 March 2018
16 March 2018

S2B
S2B

T15QZB, T15QZC
T16QCF, T16QCG

To test the utility of Sentinel 2 MSI for estimating tree deciduousness, we used three sets of
explanatory variables: spectral bands, vegetation indices, and data derived from spectral mixture
analysis. Once the groups of variables were obtained, the mean values of the pixels located within
each 1 ha field plot were extracted, representing the area of each sampling unit. The spectral bands
considered in this study were the blue band (458–523 nm), the green band (543–578 nm), the red band
(650–680 nm), and the near infrared (NIR) band (785–899 nm) [33]. We also calculated the normalized
difference vegetation index (NDVI) using the following equation:
NDVI = (NIR − Red)/(NIR + Red).

(1)

A spectral mixture analysis (SMA) was performed to estimate deciduous fractions within a
pixel. This method models pixel spectra as a linear combination of a set of pure spectral signatures,
known as endmembers, and quantifies the per-pixel fraction of each endmember [34]. We applied linear
spectral unmixing to each image with a three-endmember mixture model using green vegetation (GV),
non-photosynthetic vegetation (NPV), and shades. Endmembers were identified using the pixel purity
index algorithm [35] available in ENVI [36]. Once the endmembers were identified, we estimated
the proportion of deciduous trees by dividing the NPV fraction by the sum of the two vegetation
endmembers (GV and NPV).
Finally, we used image texture analysis to quantify variability of neighboring pixel values in a
given area [37]. Eight second-order texture metrics were calculated from a gray level co-occurrence
matrix (GLCM) for each explanatory variable: spectral values of blue, green, red, and NIR bands, as well
as for NDVI and SMA deciduous fraction. Some of these second-order texture measures quantify
homogeneity (mean, correlation, and homogeneity texture metrics), where high values are present
in homogeneous zones. The other 5 texture metrics (variance, homogeneity, contrast, dissimilarity
and entropy, angular second moment) represent a measure of heterogeneity and shows high values in
heterogeneous areas. Texture metrics were calculated from a GLCM matrix containing the probabilities
of co-occurrence of pixel values for pairs of pixels in a given direction and distance [37]. Texture features
were calculated in 64 grey levels using a window size of 11 × 11 pixels, which is similar to the area of
the sampling unit (1 ha). The texture metrics were calculated at 0◦ , 45◦ , 90◦ , and 135◦ degrees and they
were averaged to obtain a single texture value using the ‘glcm’ package in R software [38].
2.4. Data Analysis
We used three random forest regression models to predict tree species deciduousness from spectral
bands, vegetation indices, SMA deciduous fraction, and their associated texture metrics. The first model
used only the spectral variables (spectral bands, NDVI, and SMA deciduous fraction), whereas the
second model used exclusively the 8 texture metrics for each spectral band, NDVI, and SMA. Finally,
the third model combined both groups of explanatory variables. There were 54 explanatory variables;
however, 24 explanatory variables with high Pearson correlation values among them (higher than 0.8)
were eliminated from the analyses. The number of decision trees was set to 500 and we determined
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the optimal number of predictor variables to retain at each node of the model using random forest
regression procedure from the ‘randomForest’ package in R software [39].
Random forest regression is a nonparametric statistical technique for high-dimensional analysis
and consists in constructing multiple decision trees using training data and outputting the mean
prediction of the individual trees [40]. Each individual tree is trained on a bootstrap sample from
the original data by a random selection. At each node, the best split among a subset of randomly
chosen predictors is selected. These random trees are aggregated together in a random forest to predict
out-of-bag data which corresponds to the set of observations which were not used to build the decision
trees [39,40].
We selected about 70% of the sampling units (217 training sampling units) for fitting the three
models using a stratified random design with three strata (the three types of tropical dry forests).
The remaining 30% of sampling units (86 testing sampling units) were used to test the performance
of the best model. Additionally, a spatial autocorrelation test was applied on residuals of calibrated
models using Moran’s I test.
The individual explanatory variables were ranked by their mean decrease in accuracy to assess
their relative contribution to predict species deciduousness. Then, we used correlation analysis
to evaluate the relationships between the most important variables in the model and tree species
deciduousness measured in the field.
The relative importance of spectral data (values of spectral bands, NDVI, and SMA deciduous
fraction) texture variables for predicting tree species deciduousness was evaluated by a variance
partitioning analysis [41]. [a] The relative importance of spectral variables was calculated as the
difference between the total variance of deciduousness explained by the model that combines the
two data sets [a] + [b] + [c] and the deciduousness variance explained by the model that uses texture
measures as explanatory variables [b] + [c]. [b] The variance in deciduousness explained exclusively by
texture variables was obtained as the difference between total variance of deciduousness explained by
the model that combines the two data sets [a] + [b] + [c] and deciduousness variance explained by the
model that used spectral variables data as explanatory variables [a] + [b]. Finally, [c] the deciduousness
variance which is explained jointly by the two groups of variables was obtained by subtracting [a] and
[b] from [a] + [b] + [c].
Finally, the predictive models were used to map the spatial distribution of deciduousness in
the studied area using the ‘ModelMap’ package in R software [42]. The quality of the map was
assessed by using the accuracy of the estimated tree species deciduousness from the random forest
model by directly comparing the estimated result with an independent set of field data (86 sampling
units). We used R and the root mean squared error (RMSE) to compare the predicted and observed
values [43]. Map quality was also determined by building uncertainty maps from random forest models.
These maps are constructed by calculating mean, standard deviation, and coefficient of variation
(CV) for each pixel from the predictions of all independent trees that compose the random forest
model [44]. The uncertainty has high values when all independent trees are not in agreement, in other
words, some trees predicting low values while other trees predicting high values. Here, the measure
of uncertainty that we use were the coefficient of variation (relative standard deviation), which show
the spatial distribution of uncertainties to estimate tree canopy deciduousness in the study area.
3. Results
3.1. Patterns of Tree Species Deciduousness
Summary statistics of plot-level tree species deciduousness calculated in the field in each study
site are shown in Table 2. The percentage of deciduous species was highly variable in the Yucatan
Peninsula. El Palmar site (the driest site) showed the highest mean values of deciduous species (91.5%)
and the lowest range of values (65.9%–100%), whereas FCP (the wettest site) showed the lowest mean
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deciduousness (43.3%). Kaxil Kiuic showed an intermediate mean value (80.4%) of deciduousness and,
like FCP, a very wide range.
Table 2. Summary statistics of the tree species deciduousness weighed by basal area sampled at field in
1 ha forest inventory plots, measured as percentage.
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3.3. Relationships between Predictor Variables and Tree Species Deciduousness
The most important variables for predicting tree species deciduousness on the best random
forest regression model are shown in Figure 3a. They were ranked using the increased mean square

prediction when the variable is removed from the model. Higher Inc. MSE indicates greater variable
importance. The most important predictors include NIR band, some texture metrics (NDVI mean,
NIR correlation, NIR variance), the NDVI, as well as the visible bands and the SMA deciduousness
fraction.
We found significant correlations between plot-level tree species deciduousness and the most
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Figure 3. Predictor importance ranking derived from the best random forest model. (a) The rank is
Figure 3. Predictor importance ranking derived from the best random forest model. (a) The rank is
based on the increase of mean square error (% Inc. MSE) when the explanatory variable is removed.
based on the increase of mean square error (% Inc. MSE) when the explanatory variable is removed.
(b) Pearson’s correlation coefficients between explanatory variables and tree species deciduousness
(b) Pearson’s correlation coefficients between explanatory variables and tree species deciduousness
measured in the field. All correlations were significant (p < 0.001).
measured in the field. All correlations were significant (p < 0.001).

We found significant correlations between plot-level tree species deciduousness and the most
3.4. Variance Partitioning of Tree Species Deciduousness
important variables in the model (Figure 3b, p < 0.001). The reflectance values of the NIR band were
Total
variance to
explained
by thedeciduousness,
random forest model
all the
explanatory
groups
negatively
correlated
tree species
whilethat
the combined
visible band
(blue,
green, and
red)
of
variables
was
60%
(Figure
4).
The
two
groups
of
variables
jointly
(“Shared”
in
Figure
4)
explained
showed positive associations with deciduousness. On the other hand, deciduousness showed a negative
most of deciduousness
variance
(55%).
The texture
explanatory
variables
exclusively
explained
association
with NDVI and
positive
correlation
with
SMA deciduous
fraction.
Finally,
most more
of the
variation
in
deciduousness
(4%)
than
the
spectral
data
(spectral
band,
NDVI,
and
SMA
texture measures that quantify homogeneity (NIR correlation, NIR Mean, NIR homogeneity, red mean,
fraction)
exclusively
(1%). associated with tree species deciduousness. However,
red deciduousness
correlation, green
mean)
were positively
some of the texture measures that quantify homogeneity were negatively associated with deciduousness
(NDVI mean and SMA mean). Additionally, the texture measures that quantify heterogeneity were
negatively associated with deciduousness (SMA variance, NDVI variance, and NIR variance).
3.4. Variance Partitioning of Tree Species Deciduousness
Total variance explained by the random forest model that combined all the explanatory groups of
variables was 60% (Figure 4). The two groups of variables jointly (“Shared” in Figure 4) explained
most of deciduousness variance (55%). The texture explanatory variables exclusively explained more
variation in deciduousness (4%) than the spectral data (spectral band, NDVI, and SMA deciduousness
fraction) exclusively (1%).
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Figure 5. Maps of tree species deciduousness for each vegetation type: (a) deciduous (El Palmar), (b)
semi-deciduous (Kaxil Kiuic), and (c) semi-evergreen (Felipe Carrillo Puerto: FCP). Areas in white
Figure
5. 5.
Maps
ofoftree
deciduousness for
foreach
eachvegetation
vegetation
type:
deciduous
(El Palmar),
Figure
Maps
treespecies
species
type:
(a) (a)
deciduous
(El Palmar),
(b)
correspond
to non-forest
covers,deciduousness
mostly agricultural
lands and human
settlements.
(b) semi-deciduous
semi-deciduous(Kaxil
(KaxilKiuic),
Kiuic),and
and(c)
(c) semi-evergreen
semi-evergreen(Felipe
(FelipeCarrillo
CarrilloPuerto:
Puerto:FCP).
FCP).Areas
Areasininwhite
white
correspond
to non-forest
covers,
mostly
agriculturallands
landsand
andhuman
humansettlements.
settlements.
correspond
to non-forest
covers,
mostly
agricultural

2
Figure6.6.Frequency
Frequency distribution
distribution of
of estimated
estimated tree
ofof
Figure
tree species
species deciduousness
deciduousnessininaa3600
3600km
km2window
window
Forests
2020,
11,
x
FOR
PEER
REVIEW
11 of 16
threetypes
typesofoftropical
tropicaldry
dryforest:
forest: deciduous
deciduous (a),
semi-deciduous
(b),
and
semi-evergreen
(c).
three
(a),
semi-deciduous
(b),
and
semi-evergreen
(c).
Figure 6. Frequency distribution of estimated tree species deciduousness in a 3600 km2 window of
three types of tropical dry forest: deciduous (a), semi-deciduous (b), and semi-evergreen (c).
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This to
is because
many
tree species in tropical dry forests exhibit a distinctive leaf-deciduous phenology to cope with seasonal
drought, which affects the recruitment and growth of tree species and hence the productivity and
biogeochemical cycles of these forests [49].
The patterns of the spatial distribution of deciduousness in the three types of tropical dry forest
mapped in this study (Figures 5 and 6) are consistent with the increase in precipitation, soil depth,
and slight decrease in temperature from the northwest to the southeast of the Yucatan Peninsula [16,27].
In line with this gradient, deciduousness decreased from the northwest to the southeast, with mean
values of 86.6%, 75.0%, and 42.2% respectively for deciduous, semi-deciduous, and semi-evergreen
forests (Figure 6). This deciduousness gradient is also consistent with the inverse gradient in
aboveground biomass for the same area, with mean values of 69.3, 100.4, and 127.5 Mg ha−1 for each
type of forest respectively [50].
Tree species deciduousness showed medium to high correlations with the reflectance of visible and
NIR bands, the NDVI, the SMA deciduous fraction, and several texture metrics which were opposite to
those reported for photosynthetically active vegetation (Figure 3). More specifically, the deciduousness
of crowns was positively related with the reflectance of the visible bands (blue, green, and red) which
are negatively associated with chlorophyll absorption used for discriminating photosynthetically active
vegetation [51,52]. Similarly, the NIR band and NDVI were negatively correlated to deciduousness
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showing an opposite pattern to vegetation during active greening [19,53]. Conversely, we found a
positive association with the SMA deciduous fraction, which differentiates the non-photosynthetic
vegetation fraction.
The negative correlation between texture measures of heterogeneity and deciduousness (Figure 3)
can be interpreted in terms of the varying degrees of deciduousness shown by tropical forests [8,11],
since the presence of forest patches with deciduous canopy trees mixed with patches of trees with green
forest canopies can be captured by texture metrics of heterogeneity calculated from high-resolution
imagery. Thus, high values of heterogeneity (representing areas with a mixture of deciduous and green
canopies within a 1 ha sampling plot) are expected to be negatively associated with deciduousness.
On the other hand, tree species deciduousness showed contrasting associations with texture measures
of homogeneity. This result could be related to both ends of the gradient of deciduousness. At one end,
most areas in the deciduous forest site (Figure 5a) are homogeneous with more than 80% of deciduous
species, and showed a positive correlation between deciduousness and texture metrics of homogeneity.
At the other extreme, in the semi-evergreen forest site (Figure 5c), there are homogeneous 1 ha areas
dominated by green canopy forest, where texture measures of homogeneity were negatively correlated
with deciduousness.
These results reveal the importance of using texture metrics for estimating deciduousness.
The results also concur with other studies mapping different vegetation attributes of the forest using
texture metrics with high-resolution imagery, such as forest structure [22,54], species diversity [55,56],
leaf area index [57], and above ground biomass [58]. The variance partition analysis further highlighted
the importance of using texture metrics in addition to spectral data. Combining information from
spectral data and texture metrics of Sentinel-2 increased the variation of deciduousness explained
by the model fit (R2 = 0.60) compared to the models using spectral data exclusively (R2 = 0.56) or
texture variables only (R2 = 0.59). Moreover, texture data had higher exclusive contribution to explain
variation in tree species deciduousness (4%) compared to spectral variables (1%). However, most of the
variation in deciduousness (55%) was explained by the shared contribution of both sets of variables.
Interestingly, the gradient of deciduousness present in the Yucatán peninsula was inversely
associated with estimation errors. Thus, the coefficient of variation in deciduousness increased from the
northwest to the southeast—opposite to the gradient of deciduousness (Figure 7). This result indicates
that the deciduous and semi-deciduous forests are more homogenous in terms of deciduousness
(most species are deciduous; Figures 5 and 6), likely reflecting a stronger environmental filtering
(in terms of water availability) compared to the semi-evergreen forest, where more benign conditions
allow a greater mixture of leaf-phenology strategies. Such a mixture likely occurs at a fine spatial
scale, since the estimation errors of the most heterogeneous (semi-evergreen) site were highest despite
the use of texture measures capturing heterogeneity in deciduousness. In other words, during
the dry season, evergreen trees in the semi-evergreen forest are likely surrounded by trees with
varying degrees of deciduousness [8]. Therefore, the 10 m imagery resolution of this study may
capture heterogeneity in deciduousness among forest patches, but not among individual tree crowns
within patches. Very high-resolution imagery (<1 m resolution) has been used to detect variation
in crown size and crown density [23] and may be necessary to discriminate between evergreen and
deciduous tree crowns. In the same study region, Reyes-Palomeque et al. [59] used texture metrics
from orthophotos (<1 m resolution) to improve the estimation accuracy of above ground biomass to
levels comparable to those obtained from LiDAR data thanks to a finer distinction of forest canopy
grain. Therefore, the use of very high-resolution imagery should be considered when estimating the
spatial distribution of deciduousness on future research, particularly in complex heterogeneous areas
such as the semi-evergreen forest of this study.
5. Conclusions
We presented an approach for mapping the percentage of deciduous species in tropical dry
forests using reflectance of visible and NIR bands, the NDVI, the SMA deciduous fraction, and several
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texture metrics of high-resolution imagery (10 m). We found that the approach that combined spectral
information with texture metrics increased the percentage of variation in deciduousness explained,
compared to the approach that used exclusively spectral information or texture data. These results
reveal the importance of using texture metrics for estimating deciduousness because they can capture
variation among forest patches with different degrees of deciduous. Interestingly, the highest prediction
errors corresponded to the semi-evergreen forest site, which has the most complex, heterogeneous,
and diverse vegetation structure and composition. This suggests that very high-resolution imagery
may be necessary to account for fine-scale variation in deciduousness at the tree crown level inside
the 10 m patches identified in this study. Finally, we obtained the first spatially continuous map of
forest tree species deciduousness in the Yucatan Peninsula, showing that the spatial distribution of
deciduousness follows the precipitation gradient.
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