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Abstract: Efforts to assess and understand changes in plant diversity and ecosystem functioning
focus on the analysis of taxonomic diversity. However, the resilience of ecosystems depends not
only on species richness but also on the functions (responses and effects) of species within commu-
nities and ecosystems. Therefore, a functional approach is required to estimate functional diversity
through functional traits and to model its changes in space and time. This study aims to: (i) assess
the accuracy of estimates of species richness and tree functional richness obtained from field data
and Sentinel-2 imagery in tropical dry forests of the Yucatan Peninsula; (ii) map and analyze the
relationships between these two variables. We calculated species richness and functional richness
(from six functional traits) of trees from 87 plots of the National Forest Inventory in a semi-deciduous
tropical forest and 107 in a semi-evergreen tropical forest. Species richness and functional richness
were mapped using reflectance values, vegetation indices, and texture measurements from Sentinel-2
imagery as explanatory variables. Validation of the models to map these two variables yielded a
coefficient of determination (R2) of 0.43 and 0.50, and a mean squared relative error of 25.4% and
48.8%, for tree species richness and functional richness, respectively. For both response variables,
the most important explanatory variables were Sentinel-2 texture measurements and spectral bands.
Tree species richness and functional richness were positively correlated in both forest types. Bivariate
maps showed that 44.9% and 26.5% of the forests studied had high species richness and functional
richness values. Our findings highlight the importance of integrating field data and remotely sensed
variables for estimating tree species richness and functional richness. In addition, the combination
of species richness and functional richness maps presented here is potentially valuable for plan-
ning, conservation, and restoration strategies by identifying areas that maximize ecosystem service
provisioning, carbon storage, and biodiversity conservation.

Keywords: plant diversity; functional diversity; functional traits; Sentinel-2; texture analysis; national
forest inventory

1. Introduction

Tropical dry forests (TDF) experienced a sharp decline in plant cover and biodiversity
associated with land-use changes and climate change [1,2]. Together, these stressors and
the poor protection of TDF seriously threaten their sustainability, biodiversity, and the
ecosystem services they provide [3]. Thus, information on the spatial distribution of
vegetation attributes such as diversity is essential for diagnosis and continued monitoring
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to adopt appropriate local or regional measures for biodiversity conservation and promote
suitable ecosystem management strategies.

Efforts to assess and understand changes in plant biodiversity focused on the analysis
of taxonomic diversity [4], mainly through species richness (the number of species per area
sampled). However, the resilience of ecosystems (including their diversity) depends not
only on species richness but also on the functions of species within ecosystems, including
their environmental tolerances and ecological requirements, as well as their effects on
ecosystem functioning [5,6]. Thus, in recent decades there was a growing interest in
assessing not only taxonomic diversity but also functional diversity (FD) [7,8].

FD is defined as the range, abundance, and relative distribution of the functional traits
of organisms in a community [6]. In other words, FD refers to the variation of functional
traits between organisms that influence individual fitness and ecosystem functioning [9].
Functional traits are biological (physiological, morphological, anatomical, biochemical,
or behavioral) characteristics measurable at the individual level that affect the growth,
reproduction, or survival of a species [10]. Some of the most commonly used functional
traits of plants are maximum height, wood density (dry weight divided by fresh volume),
leaf habit (deciduous vs. evergreen species), leaf area (leaf surface), specific leaf area (leaf
surface divided by dry weight), and leaf dry matter content (dry weight divided by fresh
weight) [11].

There are several FD indices. One of the most widely used is functional richness
(FRic), which allows for the analysis of the mechanisms linking biodiversity to ecosystem
functioning by providing information on the distribution of species according to functional
traits [12,13]. Particularly, FRic was related to two mechanisms of community assembling:
environmental filtering and niche differentiation [14]. In addition, it was demonstrated that
FRic is significantly correlated with ecosystem functioning [15,16] and with net and gross
primary productivity [17]. The latter is the largest flow component of the global carbon
cycle [18].

Remote sensing data were successfully used to predict species richness in large areas
of different ecosystems [19] on global [20,21], regional [22], or local [23] scales. These data
include reflectance values and vegetation indices calculated from the spectral bands of
satellite imagery. Species diversity was found to be negatively related to the red band
and positively to the infrared band due to chlorophyll absorption and light scattering
in the leaf [24]. In addition, vegetation indices are positively related to species diversity,
given the relationship between species diversity and productivity [25]. However, habitat
heterogeneity, measured as spectral variability, is considered one of the most important
factors for predicting species diversity since areas with greater environmental variation
are associated with a higher number of both ecological niches and species [26]. Spectral
variability can be estimated through different approaches. We used texture measures as a
proxy for spectral variability because these measures reflect the spatial variation within an
image [27].

Functional richness was estimated by the relationship between field-measured FD
and abiotic factors such as climate and soil. However, this approach is limited by the
coarse resolution of abiotic factor data [28]. On the other hand, the functional traits of
plants influence their ability to absorb or reflect sunlight so that these traits can be detected
from optical images [29]. Most studies predicting functional richness were performed
using hyperspectral images, characterized by very high spatial resolution, strengthened
by hundreds of spectral bands capable of measuring reflectance throughout the entire
electromagnetic spectrum [17,30–32]. Although data from these sensors demonstrated
good predictive power for estimating FD, they are not available for extensive areas, so their
use for vegetation monitoring and ecosystem evaluation is limited [33]. Consequently, most
studies on functional diversity were conducted in small areas [33]. To estimate functional
richness over large areas, new studies used sensors with a spatial resolution between 10 m
and 30 m, such as Landsat [34] and Sentinel-2 [8,33]. However, no studies of this kind were
conducted in tropical dry forests.
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A major limitation for estimating FD with Landsat or Sentinel-2 sensors is pixel
size since several individuals of different species can be found in areas of 100 m2 to 900
m2 [19], while field data for functional traits are based on individuals. This study used
data on functional traits from individual trees to calculate the mean community-weighted
functional trait. Although Sentinel-2 images do not have as many bands as hyperspectral
images, some studies suggested that good estimates of functional traits can be obtained with
Sentinel-2 bands [8,33]. Besides, differences between the distribution of plants in forests
can be detected with texture metrics, identifying the vertical forest structure [35]. Therefore,
spectral heterogeneity was also positively related to functional richness and productivity
in forest communities [7]. Consequently, the use of texture metrics can help improve the
accuracy of estimates of species richness and functional richness in plant communities.

Several studies documented a positive relationship between various functional diver-
sity components and plant species richness [36–38]. However, tropical dry forests show no
clear evidence of the association between plant species richness and functional richness
since most of these studies addressed other forest types. Elucidating the type of association
is hugely important as it can support the most appropriate strategies for mitigating bio-
diversity loss and conserving terrestrial ecosystems. The reason is that areas with higher
plant species richness and higher functional richness can ensure a greater provision of
ecosystem services to society; this contributes to mitigating global climate change through
atmospheric carbon uptake and storage while mitigating plant biodiversity loss. It also
provides relevant information for decision-making as it would help identify key areas for
conservation, restoration, and protection.

This study aimed to assess the accuracy of species richness and functional richness
estimates obtained from high-resolution Sentinel-2 imagery and field data in the tropical
dry forests of the Yucatan Peninsula. Due to the documented saturation of vegetation
indices under dense canopy conditions, particularly in tropical forests [19], the use of
spectral texture metrics is expected to provide a more accurate prediction of plant species
richness and functional richness. In addition, spatial relationships between plant species
richness and functional richness were assessed through bivariate maps in the two forest
types studied.

2. Materials and Methods
2.1. Study Area

The study area comprises two types of tropical dry forests in the Yucatan Peninsula
(Figure 1). The area was selected in order to have greater variability in vegetation and
its attributes (taxonomic and functional richness) and obtain greater representativeness
of the maps generated from remote sensing data. Both sites have an area of 3600 km2.
The first site (Kaxil Kiuic) is located in the south of the state of Yucatan (20◦04′–20◦06′N,
89◦32′–89◦34′W) and is covered by a tropical semi-deciduous forest [39] in which about
50% to 75% of the trees shed their leaves during the dry season [39]. The dominant
species are Neomillspaughia emarginata, Gymnopodium floribundum, Bursera simaruba, Piscidia
piscipula and Lysiloma latisiliquum. Mean annual precipitation ranges between 900 mm and
1100 mm [40], and the local geomorphology combines flat areas with limestone hills of
moderate slopes. The landscape consists mainly of forest land (94% of the area), mostly
dominated by forest stands of different successional ages [41]. The second site (Felipe
Carrillo Puerto) is located in the southwest of Yucatan. This site is relatively flat, with
mean annual precipitation ranging from 1100 mm to 1300 mm. The dominant vegetation is
the tropical semi-evergreen forest, where only 25% to 30% of the species shed their leaves
during the dry season [39]. The most abundant species are Manilkara zapota, Vitex gaumeri,
Bursera simaruba, Metopium brownei and Cecropia obtusifolia. The landscape is composed of a
mosaic of agricultural fields and patches of forests of different successional ages.
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the dbFD function of the FD package [47] in R. Traits were previously standardized so 
that all had a mean of zero and a variance of one [48]. Since not all traits were continuous 
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Figure 1. Location of the two study sites in the Yucatan peninsula (a). Distribution of the National
Forest Inventory field plots in the tropical semi-deciduous forest (b) and the tropical semi-evergreen
forest (c).

2.2. Field Data and Calculations of Tree Species Richness and Functional Diversity

We used data from the National Forest Inventory (INF) sampled between 2009 and
2014, with a total of 192 plots: 85 for Kaxil Kiuic and 107 for Felipe Carrillo Puerto. Each
plot included four circular subplots of 400 m2 distributed over an area of 1 ha, in which
all trees ≥ 7.5 cm DBH (diameter at breast height, 1.3 m) were identified to species and
measured (diameter and height). Species richness was determined as the number of
tree species in each INF plot. Functional richness was calculated using six functional
traits: wood density (dry weight divided by fresh volume), maximum height, leaf habit
(deciduous vs. evergreen species), leaf dry matter content (dry weight divided by fresh
weight), leaf area (leaf surface), and specific leaf area (surface area divided by dry weight).
The attributes (value or modality) of each functional trait were obtained for most tree
species sampled (82% and 71% of the species on average for Kaxil Kiuic and Felipe Carrillo
Puerto, respectively). The attributes of each trait were obtained from local studies and
online databases [42–46]. When it was not possible to obtain attributes at the species level,
specimens were assigned the average for the genus or family or, as the last option, the
average of the trait values for the species present in the sampling unit. Functional richness
was estimated for each of the 192 plots using the FRic index proposed by Villeger et al. [13],
calculated using the dbFD function of the FD package [47] in R. Traits were previously
standardized so that all had a mean of zero and a variance of one [48]. Since not all traits
were continuous variables—for example, leaf habit is a binary attribute (deciduous = 1;
evergreen = 0)—Gower’s distance was used to estimate multivariate distances between
species. In addition, the matrix of Gower’s distances was square root-transformed to avoid
negative values. These distance data were subsequently subjected to a Principal Coordinate
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Analysis (PCoA); the resulting PCoA axes were used as new compound functional traits
for calculating functional richness [47].

2.3. Satellite Image Processing

Sentinel-2A-level sensor images collected between January and March 2018 were
used. These images were previously orthorectified and radiometrically corrected. Of the
thirteen spectral bands provided by Sentinel-2, only the four spectral bands with 10 m2

spatial resolution were used to capture in more detail the spatial heterogeneity potentially
related to species richness and functional richness in the study areas. The spectral bands
considered in this study were the blue (458–523 nm), green (543–578 nm), red (650–680 nm),
and near-infrared (NIR) (785–899 nm) bands.

Additionally, we calculated the Normalized Differential Vegetation Index (NDVI; [49])
using the Red and NIR bands in Equation (1) and the Soil-Adjusted Vegetation Index (SAVI),
using Equation (2) with the Red and NIR bands as the parameters, as well as L—a soil
adjustment factor with values ranging from 0 to 1. The SAVI index is an adjusted version
of the NDVI that corrects the influence of soil brightness in areas with low vegetative
coverage [50]. The formulas for vegetation indices are:

NDVI = (NIR − Red)/(NIR + Red) (1)

SAVI = ((NIR − Red)/(NIR + Red + L)) × (1 + L) (2)

Eight second-order texture metrics were used to quantify the variability of neighboring
pixel values [27]. Of these, three texture metrics quantify homogeneity (mean, correlation,
and homogeneity), with high values of these variables indicating homogeneous zones. The
other five texture metrics calculate heterogeneity (variance, contrast, entropy, dissimilarity,
and second angular momentum), with high values in heterogeneous areas. Each of these
metrics was calculated by applying a Gray Level Co-Occurrence Matrix (GLCM) with a
window size of 9 × 9 pixels (0.81 ha), which is the area closest to the sample plot size (1.0
ha). Texture metrics were calculated in each spectral band and vegetation index in four
orientations (0◦, 45◦, 90◦, 135◦); these were averaged to obtain a single texture value using
the ‘glcm’ package [51] in R.

Due to the influence of topography on plant species richness and functional rich-
ness [11,52], the mean height above sea level of each sampling plot was calculated. For
this purpose, digital elevation models (DEM) were acquired for each area studied. Each
DEM was obtained from the ALOS PALSAR synthetic aperture radar. A resampling was
necessary for the spatial resolution of DEMs (12.5 m) to match the spectral bands and
vegetation indices (10 m).

Finally, we extracted the mean values of the pixels located within each 1-ha sampling
unit of each spectral band and vegetation index. These values were also extracted from
the texture metrics generated from spectral bands, vegetation indices, and DEMs. A
total of 55 explanatory variables were extracted (Table 1). However, 27 variables with
Pearson correlation values greater than 0.8 were removed from the analyses [53]. Therefore,
only 28 variables were considered for estimating and mapping plant species richness and
functional richness (dependent variables) in the study areas.
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Table 1. Description of explanatory variables used to estimate species richness and
functional diversity.

Type of Variable Variable DESCRIPTION

Sentinel-2 Blue Reflectance of blue band
Green
Red

Reflectance of green band
Reflectance of red band

NDVI
SAVI

The normalized difference vegetation index [49]
The Soil-Adjusted Vegetation Index [50]

Texture of Blue, Green,
Red, NDVI and SAVI

The second-order texture measures used in this study are
homogeneity (hom), contrast (cont), dissimilarity (dis),

entropy (ent), angular second moment (asm), mean (mean),
variance (var), and correlation (cor). See Haralick et al. [27]

for details and formulas.

Topography DEM Digital elevation models (DEM) obtained from the ALOS
PALSAR synthetic aperture radar.

2.4. Estimating Species Richness and Functional Richness

Random Forest regression models were used to predict species richness and functional
diversity from the explanatory variables obtained from spectral bands, vegetation indices,
texture metrics, and topography. Models were constructed separately for species richness
and functional diversity using the ModelMap package [54] in R. To this end, 70% of the plots
(134 sampling units) were used for model calibration, and the remaining 30% (58 sampling
units) were used as separate data for model validation. Model accuracy was assessed
in terms of the coefficient of determination (R2), root mean square error (RMSE), and
percentage of RMSE (%RMSE). Additionally, a spatial autocorrelation test was applied to
the residuals of the calibrated models using Moran’s I test. The importance of independent
variables in predicting species richness and functional richness was determined using
the percentage increase in the mean square error (% IncMSE) when the variable was
removed from the model, so the higher the increase in the mean square error, the greater
the importance of the variable in the prediction [54].

2.5. Species Richness, Functional Diversity, and Their Associations

Using predictive models, we generated maps of the spatial distribution of species
richness and functional diversity, as well as their respective maps of uncertainty in the
study areas. Map quality was analyzed with uncertainty maps constructed by calculating
the coefficient of variation (CV) for each pixel from the predictions of all the indepen-
dent trees that composed the Random Forest model. All maps were obtained using the
“model.mapmake” function from the ModelMap library [54] in R. Finally, a bivariate map
was created by combining species richness and functional richness in a single map; this
map shows the relationship between the number of species and functional richness for
each pixel in the study areas.

Finally, the relationships between the eight most important variables included in the
models and the species richness and functional richness were assessed using Pearson’s
correlation coefficient. Pearson’s correlation coefficients between species richness and
functional richness maps were calculated using all map pixels and field data.

3. Results
3.1. Species Richness and Functional Diversity

A total of 16,650 trees belonging to 209 species were recorded on the 85 plots of the site
located in the tropical semi-deciduous forest, while 17,493 trees belonging to 202 species
were sampled on 107 plots in the tropical semi-evergreen forest. At the plot level, species
richness and functional richness were higher in the semi-evergreen forest relative to the
semi-deciduous forest, with mean species richness values of 32 and 21, respectively, and
functional richness values of 47.2 and 17.3, respectively.
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3.2. Performance of Models Predicting Species Richness and Functional Diversity

Models that predict species richness and functional richness using variables from
satellite imagery (reflectance, vegetation indices, texture metrics, and DEM) are shown in
Table 1. The percentages of variation in species richness and functional richness for the
model using calibration data were R2 = 0.32 and 0.36, respectively. The spatial autocor-
relation of the residuals was not significant (p > 0.05) for either model. Validation of the
models with a separate dataset (Figure 2, Table 2) showed that the species richness model
explained a greater percentage of the observed values (50%) compared with the functional
richness model (44%). The relative RMSE values obtained were 25.4 and 48.8 for species
richness and functional diversity, respectively (Figure 2).
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Table 2. Statistics of Random Forest models for estimating species richness and functional richness.

Variable Type of
Data

Number of
Plots R2 RMSE %RMSE

Functional
Richness

Calibration 174 0.36 21.0 65.5
Validation 58 0.50 18.6 48.8

Species
Richness

Calibration 174 0.32 9.0 33.9
Validation 58 0.44 7.4 25.4

The most important variables for predicting functional richness and tree species
richness are shown in Figure 3. The most important predictors include texture metrics
(Green Correlation, Red Correlation, Red Variance), as well as spectral bands (Green,
Blue, NIR, Red). The eight most important variables in the models showed significant
correlations with functional richness and tree species richness (Figure 3). Most texture
metrics quantifying homogeneity (Green mean, Red correlation, SAVI correlation, Green
correlation) were negatively related to functional richness and species richness (Green mean,
Red mean, NIR homogeneity). On the other hand, the metrics quantifying heterogeneity
were positively related to functional richness (Green dissimilarity, NIR contrast). However,
one texture metric quantifying heterogeneity was negatively related species richness (Red
variance). Regarding spectral bands, the green and blue bands were negatively related to
functional richness and species richness, whereas the NIR and red bands were positively
and negatively related to tree species richness, respectively.
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Figure 3. Classification of the importance of explanatory variables in estimating tree species richness
and functional richness based on the percentage increase in mean square error (% incMSE) when the
explanatory variable is removed. Pearson’s correlation coefficient to evaluate the type of relationship
between the most important predictors and tree species richness and functional richness.

The species richness and functional richness maps for the two study sites were con-
sistent with values observed in the field, i.e., species richness and functional diversity
were higher in the semi-evergreen forest compared with the semi-deciduous forest. (28
and 39.34 vs. 19 and 25.5, respectively; Figure 4). On the other hand, uncertainty maps
for species richness show that most of the surface area had values below 50% CV in the
semi-deciduous forest and below 40% CV in the semi-evergreen forest (Figures 5a and
5b, respectively). For functional richness, uncertainty maps show that most of the surface
area had values above 50% CV in the semi-deciduous forest and below 50% CV in the
semi-evergreen forest (Figures 5c and 5d, respectively).
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3.3. Relationships between Species Richness and Functional Richness

Bivariate maps show the relationships between species richness and functional rich-
ness in the study area (Figure 6). It was observed that in the semi-evergreen forest, 44.9%
of the surface area had high species richness and functional richness, while 44.0% showed
low values of these attributes. On the other hand, in the semi-deciduous forest, 26.5% of
the area showed high species richness and functional richness values, and 47.3% of the area
showed low values of these attributes. Therefore, there is a direct relationship between
species richness and functional richness in about 88.9% and 73.8% of the area covered with
semi-evergreen forest and semi-deciduous forest, respectively.
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The correlation between either tree species richness or functional richness and field
data was high in the two forest types (r = 0.94 and r = 0.96 for the semi-deciduous forest
and semi-evergreen forest, respectively). However, the semi-deciduous forest showed
considerably lower correlations in the maps obtained (r = 0.59). In contrast, the maps of
tree species richness and functional richness for the semi-evergreen forest showed a very
high correlation (r = 0.98).

4. Discussion
4.1. Evaluation of Species Richness and Functional Richness Maps

This study demonstrated the potential of reflectance, vegetation indices, and texture
metrics derived from Sentinel-2 imagery, in combination with field data for the number of
species and functional traits, to model species richness and functional diversity in tropical
dry forests. As far as we know, this is the first study modeling functional richness in this
forest type. The models predicting the spatial distribution of the two vegetation attributes
studied explained 32% and 36% of the variation for species richness and functional diversity,
respectively, according to the models used with calibration data (Table 1). However, the
coefficients of determination and the estimation error in the validation with a separate
dataset show the predictive power of the models (R2 = 0.44 and %RMSE = 25.4 for species
richness; R2 = 0.50 and %RMSE = 48.8, for functional diversity). Estimates of the spatial
distribution of species richness showed patterns similar to those reported by Hernández-
Stefanoni et al. [22] and Andres-Mauricio et al. [55], who constructed maps of tree species
richness in the Yucatan Peninsula. However, this study showed a higher predictive power
than the previous investigations, which yielded lower coefficients of determination and
higher estimation errors.

Using Sentinel-2 imagery, the functional diversity maps obtained in this study can
predict functional diversity for a larger geographic area than maps using hyperspectral
imagery [17,30,32]. The predictive power of functional diversity using high-resolution
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images in this study is consistent with the results reported by Ma et al. [8]. The authors
generated functional diversity maps for different forest types in Europe using Sentinel-2
and reported validation coefficients of determination between 0.16 and 0.64 and a %RMSE
between 27% and 43%. The results of this study, as well as those of Ma et al. [8], allow
for the monitoring of functional diversity at regional scales and not only at the local level,
as is the case with hyperspectral imagery. The uncertainty maps of tree species richness
and functional richness showed the highest values in the semi-deciduous forest (Figures 4
and 5). Since top canopy trees are smaller in the semi-deciduous forest, a higher spatial
resolution would be required to adequately characterize functional richness and diversity
compared with the semi-evergreen forest.

A serious challenge when mapping functional diversity is the lack of field data repre-
sentative of the functional traits of species in different ecosystems [33]. In other words, the
quantity and quality of functional traits used for calculating functional richness indices are
hugely important. In the present study, functional attributes were obtained from local stud-
ies and databases available online, in addition to assigning average values by plot to those
species lacking measurements of these attributes. In fact, the uncertainty maps calculated
to estimate species richness and functional diversity show higher coefficients of variation
for functional richness. This may add a considerable error to functional richness values,
affecting the associations with explanatory variables in Sentinel-2 imagery. An alternative
to obtaining functional attributes without using field data is the use of high-resolution
satellite images, as reported by Hauser et al. [56] who used Radiative Transfer Models.
These models could be a starting point for estimating functional diversity in the absence of
field data.

Texture metrics, vegetation indices, and spectral bands proved to be suitable predictors
of tree species richness and functional richness in the forests studied. Texture metrics
quantifying spectral homogeneity were negatively related to species richness and functional
richness. This finding is consistent with the spectral variation hypothesis [26]. It is widely
recognized that species richness increases with habitat heterogeneity as heterogeneous
habitats provide more niches than do homogeneous habitats [26,57,58]. On the other hand,
this suggests that low functional richness translates into little variability in characteristics
such as crown architecture, leaf area index, specific leaf area, or tree height (convergence
of traits) [59], probably as a result of poorly contrasting environmental conditions, which
would favor the dominance of a few species with similar ecological strategies and functional
traits. That is, the negative relationship between spectral homogeneity and species richness
may be due to areas with climatic, topographic, and edaphic characteristics with insufficient
spatial variations to produce species turnover, which may also be dominated by similar
functional attributes, thus reflecting low functional richness. Examples are species with
a deciduous or perennial canopy, depending on the prevailing environmental conditions,
leading to a low mixture of spectral signatures by species (spectral homogeneity).

On the other hand, species richness increases with habitat heterogeneity because
local environmental heterogeneity promotes the coexistence between species by providing
different microhabitats and, thus, a higher number of available ecological niches [59,60].
The same argumentation explains the positive relationships between functional richness
and some heterogeneity metrics. Some areas possibly have an unequal distribution of
water, nutrients, and light that results in a mixture of species with deciduous or evergreen
canopies and different leaf characteristics; this would reflect a high spectral variability in
imagery and high functional diversity levels due to differences in the ecological strategies
of species. These results are consistent with the findings reported by Schweiger et al. [7],
who observed that functionally different species produced different spectral signatures.
These results highlight the importance of using texture metrics in studies aiming to evaluate
functional richness in plant communities through remote sensing.

The negative correlations of species richness and functional richness with the blue
and red spectral bands may be attributed to the fact that a higher density of healthy or
“vigorous” vegetation would show a higher absorption in the visible spectrum [24] because
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of the higher absorption by leaf pigments in this region. Finally, the positive correlation
between species richness and the near-infrared band (NIR) is due to the high reflectivity of
the NIR in healthy vegetation [24]. This behavior is related to leaf pigments, the mesophyll
structure, and the amount of water stored in the latter [24].

4.2. Relationships between Tree Species Richness and Functional Richness

Conservation and restoration activities aim to preserve biodiversity and ecosystem
services [61]. To this end, it is necessary to obtain accurate regional information not only on
the spatial distribution of plant species richness and functional richness [16,62] but also
on the spatial distribution of the relationships between both variables [63]. The results
of the present study indicate that species richness was positively related to functional
diversity in almost 75% of the area covered with tropical semi-deciduous forest and in
almost 90% of the area of tropical semi-evergreen forest. These findings are consistent
with previous studies reporting positive associations between plant species richness and
functional richness [36,62]. These results may support the planning and management
of activities that simultaneously promote biodiversity conservation and the provision of
ecosystem services, such as primary productivity and mitigation of global climate change
through atmospheric carbon uptake and storage in terrestrial ecosystems. For instance,
areas with high species richness and functional richness are highly relevant for biodiversity
conservation and the provision of ecosystem services, while areas with low values of both
variables may require restoration plans and actions. In this sense, it is remarkable that the
semi-evergreen forest landscape showed a higher percentage of its area with high values of
both variables than did the semi-deciduous forest landscape (44.9% vs. 26.5%), while the
percentage with low values of both variables showed the opposite pattern (44% vs. 47.3%,
respectively). These results suggest a greater adverse impact of anthropogenic activities
on the semi-deciduous forest than on the semi-evergreen forest landscape. However,
the area currently devoted to non-forest land use is smaller in the former than in the
latter. The largest area with low taxonomic and functional richness in the semi-deciduous
tropical forest is likely because this landscape underwent longer and more widespread
anthropogenic uses throughout history than the semi-evergreen forest. On the other hand,
the smaller percentage of area with a positive relationship between taxonomic richness and
functional richness in the semi-deciduous forest, compared with the semi-evergreen forest
landscape, may be partly due to the greater uncertainty in the estimates of both variables
in the former (Figure 6).

5. Conclusions

This study demonstrated the potential of Sentinel-2 imagery, in combination with field
data on the number of species and functional traits, to model species richness and functional
diversity in tropical dry forests. Models for estimating these variables have an acceptable
predictive power (R2 = 0.44 and %RMSE = 25.4 for species richness; R2 = 0.50 and %RMSE
= 48.8 for functional diversity). Texture metrics, vegetation indices, and spectral bands
proved to be suitable predictors of tree species richness and functional richness in the
forests studied. Texture metrics were among the most important variables for estimating
these two variables. This result demonstrates the importance of using texture metrics not
only for estimating species richness but also in studies assessing functional richness in
plant communities with remote sensing tools.

Finally, maps were constructed with the relationships between plant species richness
and functional richness in two tropical dry forests of the Yucatan Peninsula. A positive
correlation was found in 88.9% and 73.8% of the area covered with semi-deciduous and
semi-evergreen forests, respectively, with high values of both variables in 44.9% and
26.5% of the areas, respectively. Preserving these areas is highly relevant for biodiversity
conservation, and the provision of ecosystem services and climate change mitigation, while
areas with low values of both variables (44% and 47.3%, respectively) probably require
restoration plans and actions.
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