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A B S T R A C T

Tropical forests are biodiversity hotspots facing increasing threats from climate change and anthropogenic 
pressures. Tree species diversity is a key indicator of forest biodiversity, making accurate and spatially detailed 
information essential for effective monitoring and conservation. For large-scale tree species diversity mapping, 
satellite data and machine learning offer great potential, but challenges remain, including limited field data, 
coarse spatial resolution, and complex relationships between in-situ diversity and remotely sensed metrics. This 
study investigates the potential of integrating remote sensing, environmental data and machine learning for tree 
species diversity mapping across the Amazon. Specifically, we 1) compared performances of widely used algo
rithms (random forest, extreme gradient boosting, artificial neural networks, support vector regression and or
dinary least squares), 2) identified key environmental predictors, and 3) produced 1-km resolution maps to assess 
their spatial patterns. Our results show that extreme gradient boosting outperformed other algorithms. Climate 
and soil emerged as the most influential drivers of broad-scale diversity patterns, while remote sensing metrics 
were also influential in adding fine-scale spatial patterns. High tree diversity was associated most with climate 
stability, high precipitation, soil characteristics, and spatial heterogeneity of vegetation indices. The resulting 
maps aligned well with field observations and prior studies, while showing the potential of fine-scale mapping 
with competitive accuracy and low uncertainty using remotely sensed data. These findings thus demonstrate the 
effectiveness of integrating remote sensing, environmental data and machine learning for tree species diversity 
mapping in tropical forests, in support of biodiversity assessments and conservation measures.

1. Introduction

The era of the sixth mass extinction urgently demands effective 
biodiversity monitoring and conservation (Barnosky et al., 2011). In 
response, global efforts have emerged to assess and reverse biodiversity 
loss, as reflected in the development of Essential Biodiversity Variables 
as a standardized set of biological measurements and the Kunming- 
Montreal Global Biodiversity Framework as policy targets and strate
gies across scales (Skidmore et al., 2021, CBD, 2022). Tropical forests 
represent one of the most critical regions for biodiversity conservation, 
being a major reservoir of the planet’s biodiversity within less than 10% 
of the global land surface (Giam, 2017, Pinon et al., 2024, De Lima et al., 

2020, Liang et al., 2022). Within these ecosystems, tree species diversity 
serves as a key biodiversity indicator and plays a crucial role in guiding 
conservation efforts and sustainable forest management (Fagua et al., 
2021). Trees not only provide essential resources and habitats for the 
majority of known terrestrial species, but also support various ecosystem 
services (Ampoorter et al., 2020, De Lima et al., 2020). However, tree 
species diversity in tropical forests is severely threatened due to climate 
change and anthropogenic pressures (Gomes et al., 2019). The chal
lenges underscore the urgent need for developing effective monitoring 
approaches to track the status of tree diversity, particularly through 
spatial quantification and mapping, and to understand its underlying 
drivers.
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To assess tree species diversity, field surveys have been common, but 
they are costly, labor-intensive, and time-consuming (Kacic and 
Kuenzer, 2022). A promising alternative is the use of remote sensing due 
to its spatial coverage, cost-effectiveness, and vegetation-relevant 
spectral information (Kacic and Kuenzer, 2022). A common approach 
based on remote sensing involves modeling individual species distri
butions, which are then used to evaluate species diversity (Grabska 
et al., 2020, Liu et al., 2023). However, this method requires a 
comprehensive or representative species list, reliable and sufficient field 
data for each species, and robust modeling techniques, which are often 
difficult to meet (Andermann et al., 2022); as a result, many studies 
focus on common, dominant or well-modelled species (Andermann 
et al., 2022, Grabska et al., 2020). Another method is the direct pre
diction of diversity indices from remotely sensed data using machine 
learning, which can learn complex patterns (Ming et al., 2024) and al
lows for model interpretability through explainable AI tools, such as 
SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017). Pre
vious studies have employed various algorithms, including random 
forest (RF) (Breiman, 2001), extreme gradient boosting (XGB) (Chen and 
Guestrin, 2016), artificial neural network (ANN), support vector 
regression (SVR) (Cristianini and Ricci, 2008) and ordinary least squares 
(OLS), though their effectiveness varies across studies (Fagua et al., 
2021, Liu et al., 2023, Bai et al., 2024). Moreover, direct predictions of 
large-scale tree diversity are still constrained by limited field data and 
the inherent complexity of linking remotely sensed signals to in-situ 
diversity (Ming et al., 2024, Hoffmann et al., 2022).

High-resolution satellites, such as Sentinel-2 and Sentinel-1, are 
especially suitable for large-scale tree diversity mapping, given the 
practical balance of resolution, spatial coverage, and cost (Liu et al., 
2023). Capturing in-situ tree diversity using Sentinel-1/Sentinel-2 data 
involves the computation of relevant features (Liu et al., 2023). Vege
tation indices (VIs) are commonly used to represent vegetation charac
teristics such as health, water and nutrient stress, and biomass, which 
have been linked to tree diversity, but studies vary on which VIs are most 
relevant (Hoffmann et al., 2022, Liu et al., 2023, Ming et al., 2024), and 
their effectiveness in tropical rainforest contexts remains unclear. 
Another method involves temporal variability from multi-temporal 
satellite data within a certain time period to capture different seasonal 
dynamics of different species. For instance, Liu et al. (2023) demon
strated the utility of such metrics from both Sentinel-1 and Sentinel-2, 
though they remain underexplored. Additionally, spatial variability 
associated with the spectral variability hypothesis has shown relevance 
in explaining in-situ tree diversity (Fassnacht et al., 2022). Spectral 
variability is often driven by functional and morphological differences 
among tree species, and the hypothesis thus assumes that greater spec
tral heterogeneity implies higher plant species diversity (Fassnacht 
et al., 2022). However, this relationship is inconsistent and the direct 
prediction of tree diversity remains limited (Hoffmann et al., 2022), 
especially in heterogeneous landscapes and rugged terrains (Xi et al., 
2023). Moreover, few studies have jointly applied VIs, temporal metrics, 
and spectral heterogeneity in a unified framework.

Beyond remote sensing, integrating complementary environmental 
data has shown considerable promise since environmental factors play a 
critical role in shaping tree diversity (Liang et al., 2022). For example, 
climate affects tree mortality, growth and ecological interactions; 
topographic conditions shape environmental gradients, which facilitate 
niche partitioning; soil determines belowground conditions such as 
nutrient and water availability; and human activities have reshaped 
ecosystems through intensive natural resource use (Liang et al., 2022). 
Beyond boosting performance, combining remotely sensed vegetation 
data with biophysical environmental datasets can offer deeper insights 
into the ecological drivers of tree diversity (Xi et al., 2023). In the tro
pics, these drivers interact in particularly complex ways, and it remains 
unclear to what extent each factor explains in-situ tree diversity (Liang 
et al., 2022).

Among tropical forests, the Amazon rainforest, a global biodiversity 

hotspot, harbors approximately 13% of the world’s trees and nearly half 
of all tropical forest species (Crowther et al., 2015). However, Amazo
nian tree diversity faces severe threats from climate change and defor
estation, with alarming projections of substantial biodiversity losses in 
the near future (Gomes et al., 2019, Flores et al., 2024). In response, 
efforts have been made to map and understand tree diversity across the 
region; early predictive maps relied on statistical interpolation of field 
data at a coarse 1-degree resolution (Ter Steege et al., 2003, Stropp 
et al., 2009) or simple machine learning approaches (Saatchi et al., 
2008, Liang et al., 2022), though limited field data and the quality of 
predictor variables have constrained the scope of output maps. Statis
tical interpolation with extensive field data has helped to improve ac
curacy and spatial resolution (Ter Steege et al., 2023), though their 
accuracy and spatial resolution could further be improved to identify 
fine-grained spatial patterns.

This study aimed to explore the potential of remote sensing, envi
ronmental data and machine learning for direct prediction and large- 
scale mapping of tree species diversity across the Amazon. Specif
ically, integrating 1,389 field inventory plots, Sentinel-1, Sentinel-2 and 
environmental data for mapping species richness per ha and Fisher’s 
alpha diversity, we aimed to: 1) compare the performances of common 
machine learning algorithms to identify the best-performing algorithm, 
and using this algorithm, 2) identify key predictors for better modeling 
interpretation and ecological understanding and 3) produce 1-km res
olution maps to capture spatial patterns and assess the effectiveness of 
the approach.

2. Materials and methods

We developed a comprehensive workflow (Fig. 1) to effectively 
predict and map tree species diversity across the Amazon. The workflow 
consisted of three main steps following an initial preparation of field, 
remote sensing, and environmental datasets: 1) performance compari
son of commonly used machine learning algorithms; 2) identification of 
key predictor variables and variable groups; and 3) mapping and spatial 
assessment across forest types and regions. The subsequent sections 
describe each of these steps in detail, following an overview of the study 
area. All analyses were conducted in Python, including Google Earth 
Engine (GEE) module (Gorelick et al., 2017) for data collection and 
processing and Tensorflow module for model implementation.

2.1. Study area

The study area covered approximately 7 million km2, corresponding 
to the Amazonian biogeographic boundary (−79.50◦W, −43.40◦W, 
10.06◦N, −18.16◦S) (Fig. 2) as defined by the Red Amazonica de 
Informacion Socioambiental Georreferenciada (RAISG, 2025). This re
gion spans parts of Bolivia, Brazil, Colombia, Ecuador, Peru, French 
Guiana, Suriname, Guyana, and Venezuela. The forest can be catego
rized into four major types based on soil characteristics (Ter Steege 
et al., 2023): white sand forest, floodplain forest, swamp, and terra- 
firme. Additionally, the study area encompassed six major biogeo
graphic sub-regions (Ter Steege et al., 2023): Guyana Shield, Central 
Amazonia, Eastern Amazonia, Southern Amazonia, Northwestern 
Amazonia, and Southwestern Amazonia.

2.2. Field data

We used plot-based tree diversity data from the Amazon Tree Di
versity Network published by Ter Steege et al. (2023). Briefly, the 
dataset contained plot locations, sub-regions, forest types, inventory 
years (inventoried between 1934 and 2021), Fisher's alpha per plot and 
species richness per ha for 2,046 plots in undisturbed, old-growth for
ests. Fisher’s alpha is a widely used local diversity metric, considering 
both species richness and evenness, calculated by iteratively solving the 
equation α = S / ln(1 + N / α), where N is the total number of individual 
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stems and S is the number of morpho-species recorded per plot. Species 
richness indicates the number of species, estimated using the expression 
α × ln(1 + Nha/α), where Nha is the number of stems per ha (Fisher et al., 
1943). Trees were defined as free-standing woody individuals with a 
diameter at breast height of ≥ 10 cm. The dataset included trees iden
tified to at least the morpho-species level, from plots ranging in size from 
0.5 to 2 ha. From the datasets, we omitted plots inventoried before 2000 
for geolocation accuracy and plots disturbed between the inventory 
years and the year 2019 for temporal alignment with satellite data using 
the Hansen Global Forest Change v1.11 product (Hansen et al., 2013). 
After filtering, a total of 1,389 plots remained for analysis, distributed 
across the Amazon (Fig. 2).

2.3. Remote sensing and environmental data

2.3.1. Sentinel-2 data, preprocessing and feature calculation
We collected and preprocessed Sentinel-2 Level-2A surface reflec

tance imagery, atmospherically corrected and orthorectified products, 
on GEE for the year 2019, the earliest year with complete coverage of the 
study area. We excluded images with ≥ 70% cloud coverage and pixels 
classified as saturated/defective, dark area, cloud shadows, clouds with 
medium or high probability, cirrus and snow/ice using the Scene Clas
sification outputs from the Sen2Cor algorithm (Louis et al., 2016). We 
collected a total of 52,954 images for both 10 m bands (Blue, Green, Red 
and Near-Infrared1 (NIR1)) and 20 m bands (Red-edge-2 and Shortwave 
infrared2 (SWIR2)), where 20 m bands were resampled to 10 m reso
lution. Using these bands, we calculated four VIs (Table 1): Enhanced 
Vegetation Index (EVI) (Huete et al., 2002), Red-edge Normalized 

Fig. 1. Overall workflow for tree species diversity mapping approaches incorporating data preparation, model performance comparisons, identification of important 
variable groups and variables, and 1 km resolution mapping. RF: random forest; XGB: extreme gradient boosting; ANN: artificial neural networks; SVR: support vector 
regression; OLS: ordinary least squares.

Fig. 2. Study area showing field plot locations and distributions of each sub-region (A) and forest type (B).
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Vegetation Index (RNDVI) (Gitelson and Merzlyak, 1994), and 
Normalized Difference Water Index (NDWI) (Gao, 1996). EVI is robust 
against background noise and atmospheric influences, and has been 
proven to be useful for analysis in dense vegetation (Huete et al., 2002). 
RNDVI and NDWI are sensitive to key canopy traits, including chloro
phyll content and water availability (Xiao et al., 2020, Gao, 1996). These 
indices are based on red-edge and SWIR bands, which, along with their 
associated VIs, have demonstrated variable yet significant utility in tree 
diversity prediction (Liu et al., 2023, Ming et al., 2024). For each VI, we 
calculated five temporal statistics for the year 2019 (median, standard 
deviation, 10th percentile, 90th percentile, and amplitude; Table 1) to 
characterize phenological dynamics (Grabska et al., 2020). Then, from 
each statistical combination, we computed 9 × 9 Gray-Level-Co- 
Occurrence-Matrix (GLCM) textures (Haralick et al., 2007) centered 
on each plot location to capture spatial heterogeneity (Table 1). For that, 
we used GEE’s ee.Image.glcmTexture function to compute the texture 
metrics across the four standard directions (0, 45, 90 and 135 degrees) 
and subsequently averaged them. The GLCM textures have three main 
categories (contrast, orderliness and descriptive statistics) and are 
known to be highly correlated with each other, especially within the 
same category (Ozdemir and Karnieli, 2011). To avoid variable cross- 
correlation, following Ozdemir and Karnieli (2011), we selected three 
complementary texture features, one from each texture category: 
contrast from the contrast category, entropy from the orderliness cate
gory, and correlation from the descriptive statistics category (Ozdemir 
and Karnieli, 2011). This resulted in 45 optical remote sensing variables 
(3 VIs × 5 temporal statistics × 3 GLCM textures; Table S1), all resam
pled to 1 km resolution.

2.3.2. Sentinel-1 data, preprocessing and feature calculation
We collected Sentinel-1 Ground Range Detected (GRD), dual- 

polarization (VV and VH) imagery acquired in 2019 in Interferometric 
Wide swath mode. A total of 10,281 images from both ascending and 
descending orbits were used. The images have approximately 20 × 22 m 
spatial resolution and 10 m pixel spacing. The images provided on GEE 
were preprocessed with orbit file application, thermal noise removal, 
GRD border noise removal, radiometric calibration to sigma naught, and 
range-doppler terrain correction. We followed the workflow of Mullissa 

et al. (2021) to further preprocess the images by applying border noise 
removal, 3 × 3 refined Lee speckle filtering, and radiometric terrain 
correction. Using the preprocessed data in linear format, we computed 
the radar vegetation index (RVI), which has been used for vegetation 
studies, such as tree species mapping and water content estimation 
(Schulz et al., 2024, Kim et al., 2011). For RVI, we computed the same 
five temporal statistics as above, yielding 5 radar-based variables 
(Table S1), all resampled to 1 km resolution.

2.3.3. Environmental data
We compiled 34 environmental predictor variables encompassing 

climate, topographic, soil and anthropogenic factors that influence tree 
diversity by shaping environmental gradients and conditions. A brief 
description of each variable is provided in Table 2 (see Table S1 for more 
details). Specifically, we used 1) seven bioclimatic variables from Cli
matologies at high resolution for the Earth’s land surface areas 
(CHELSA) V2.1 that capture annual means and seasonality (less sensi
tive to artefacts) at 30 arc-second resolution (Karger et al., 2017, Karger 
et al., 2021); 2) 13 topographic variables at approximately 90 m reso
lution directly from Multi-Error-Removed Improved-Terrain (MERIT) 
digital elevation model (DEM) (Yamazaki et al., 2017) and Geo
morpho90m (Amatulli et al., 2020); 3) two soil variables (nitrogen and 
soil organic carbon content) at 250 m resolution from Soil Grids v2.0 
(Poggio et al., 2021), two soil variables (pH and sum of bases as a soil 
fertility indicator) at 0.1 degree resolution from Ter Steege et al (2023)
and three rasterized data of underrepresented forest types based on the 
soil types (floodplain forest, white sand forest and swamp) at 1 km 
resolution (Dijkshoorn et al., 2005); and 4) seven anthropogenic vari
ables at 1 km resolution for the 2019 Human Impact Index dataset 
(Venter et al., 2016). All variables were resampled to 1 km resolution.

2.4. Regression analysis and model comparison

2.4.1. Models
Our study compared the performance of five widely used machine 

learning algorithms: RF, XGB, ANN, SVR and OLS. RF, an ensemble of 
decision trees, is known for its robustness, scalability and ability to 
model non-linear relationships (Liang et al., 2022, Ming et al., 2024). 
XGB is a widely used ensemble of decision trees that sequentially correct 
residual errors from previous trees through gradient boosting (Liu et al., 
2023). ANN, composed of an input layer, hidden layers and an output 
layer, can effectively model complex relationships with high-quality 
data (Hoffmann et al., 2022, Andermann et al., 2022). We used recti
fied linear unit activation functions in the hidden layers and a linear 
activation function in the output layer. SVR applies kernel functions to 
model non-linearities in high-dimensional data (Bai et al., 2024). OLS is 
a traditional linear regression, which served as a benchmark to evaluate 
the relative performance of the more complex models.

2.4.2. Feature selection
Removing redundant and irrelevant variables helps simplify models, 

reduce computational load and avoid overfitting. We performed a two- 
step feature selection process. First, we calculated Pearson’s cross- 

Table 1 
List of metric calculations for remote sensing data.

Category Metrics Description

VI EVI 2.5 × (NIR1 −Red)/((NIR1 + 6 × Red −7.5 × Blue + 1 +

6 × Red −7.5 × Blue) + 1)

​ RNDVI (NIR1 −RedEdge2)/(NIR1 + RedEdge2)

​ NDWI (NIR1 −SWIR1)/(NIR1 + SWIR1)

​ RVI 4 × VH/(VV + VH)

Temporal median Median value across 2019 images
statistics stdDev Standard deviation across 2019 images
​ p90 90 percentile value as a proxy of the maximum value 

across 2019 images
​ p10 10 percentile value as a proxy of the minimum value 

across 2019 images
​ amplitude Difference between p90 and p10 across 2019 images
GLCM Entropy Randomness in the texture pattern distribution, given by 

∑N=1
ij=0

p(i, j)log(p(i, j))

texturea Contrast Intensity difference between neighboring pixels, given 

by 
∑N=1

ij=0
p(i, j)(i − j)2

​ Correlation Similarity of neighboring pixel values, given by 
∑

i

∑

j
(i −μi)

(
j −μj

)
p(i, j)/σiσj

a N is the number of grey levels; i and j are the row and column indices of the 
GLCM matrix; p(I,j) is the probability of grey levels i and j occurring as adjacent 
pixel pairs; σi and σj are the standard deviations of the marginal probabilities of 
rows and columns, respectively; μi and μj are the average intensity for pixels in 
rows and columns, respectively.

Table 2 
List of environmental data (see Table S1 for more details).

Category Metric examples Ecological importance (Liang et al., 
2022)

Climate Annual mean 
temperature

Controls growth, mortality and 
physiological limits

Topography Elevation, slope Shapes environmental gradients and 
niche partitioning

Soil pH, sum of bases Reflects nutrient availability and soil 
fertility

Anthropogenic Road, population 
density

Reflects pressures from human activities
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correlation to identify variable pairs with high correlation (r ≥ 0.8) and 
removed those of lower Spearman’s correlation with in-situ diversity 
data. Second, we employed recursive feature elimination with three 
repetitions of 10-fold cross-validation, using each algorithm as the base 
model. Since ANN cannot be directly used with recursive feature elim
ination, we used RF as the base model instead, as RF demonstrated 
higher global accuracy in recursive feature elimination than other al
gorithms (Niquini et al., 2023). Depending on the algorithm, the number 
of selected variables ranged from 5 to 53.

2.4.3. Regression analysis and performance evaluation
Using the selected features, we applied 10-fold nested cross- 

validation for each of the five models to evaluate model performance 
while mitigating overfitting. In the outer loop, the dataset was split into 
training and test sets in an 8:2 ratio, stratified by the forest types, to 
evaluate model performance on unseen data. In the inner loop, 20% of 
the training set was used as a validation set to tune hyperparameters. 
Since ANN, SVR and OLS are sensitive to the scale of input variables, all 
variables were rescaled to the [0, 1] range prior to training these models.

For hyperparameter tuning, we used the Optuna framework (Akiba 
et al., 2019). Optuna employs Bayesian optimization to efficiently 
search for the optimal hyperparameter combination by maximizing a 
predefined objective function, which, in this study, was negative root 
mean squared error. This approach is efficient and effective compared to 
traditional methods such as random search (Akiba et al., 2019). The 
hyperparameter search spaces are summarized in Table 3.

Model performances were evaluated using R2 and root mean squared 
error (RMSE). Based on these scores, we determined the best-performing 
algorithm for further analysis. Additionally, Moran’s I was calculated on 
the residuals of model predictions to assess spatial autocorrelation.

2.5. Important variables and variable groups

To interpret the predictions from the best-performing algorithm, we 
computed SHAP (Lundberg and Lee, 2017) values for each variable and 
assessed their contributions to model predictions. SHAP provides a 

unified framework for feature attribution by assigning each feature a 
unique contribution value for individual predictions.

Additionally, we assessed the isolated predictive power of each 
variable group by running the best-performing algorithm using only one 
variable group at a time. This allowed us to assess the relative impor
tance of each group for tree species diversity prediction.

2.6. Tree species diversity mapping

Using the 10 models from 10-fold cross-validation, we predicted 
species richness and Fisher’s alpha across the Amazon at a 1 km spatial 
resolution. To restrict predictions to tree-covered areas, we masked out 
areas except those classified as tree cover and mangroves using the 
World Cover 2020 (Zanaga et al., 2021). From the resulting ten pre
dictions, we computed the mean and the coefficient of variation. Addi
tionally, to characterize the spatial heterogeneity of tree diversity and 
assess the effectiveness of the modeling approach, we analyzed the 
predicted diversity ranges within each forest type and each sub-region. 
Furthermore, to investigate spatial patterns associated with key variable 
groups, we produced tree diversity maps using different combinations of 
only the variable groups identified as important in the isolated predic
tive power analysis.

3. Results

3.1. Comparison of the model performances

We ran five different models to compare their performances. XGB 
and RF exhibited higher accuracy (species richness: RMSE = 33 & 35, R2 

= 0.77 & 0.75; Fisher’s alpha: RMSE = 23 & 25 and R2 = 0.75 & 0.71) 
than ANN, SVR and OLS (Fig. 3). Compared to RF, XGB achieved slightly 
better mean and median accuracy with smaller variance (Fig. 3). 
Therefore, we chose XGB as the best-performing algorithm for further 
analysis.

Both diversity metrics tended to be overestimated in lower-diversity 
forests and underestimated in higher-diversity areas in terra-firme for
ests (Fig. 4, Fig. S2). Yet, residuals exhibited minimal spatial autocor
relation (Moran’s I < 0.05 with 4–5 significant folds), suggesting limited 
spatial structure in prediction errors. At the forest-type level (Fig. S3), 
predictions for terra-firme showed high accuracy, whereas the other less 
dominant forest types exhibited lower predictive performance. Region
ally (Fig. S3), Central Amazonia displayed the highest model accuracy, 
while other sub-regions showed moderate performance.

3.2. Importance of different predictors and predictor groups

Using XGB, we assessed the importance of each variable group by 
analyzing its isolated effects on model performance (Fig. 5). The model 
incorporating all variable groups achieved the highest accuracy for both 
diversity metrics. Among the individual groups, climate, soil and vege
tation factors yielded the highest accuracy. In contrast, topographic and 
anthropogenic variables demonstrated the weakest predictive power.

Regarding individual variable importance by SHAP analysis, both 
tree diversity metrics were influenced by similar environmental factors 
(Fig. 6). Key predictors across both biodiversity metrics included tem
perature, precipitation, spatial and temporal metrics of EVI and other 
VIs and soil characteristics. Among remote sensing-derived features, 
contributions came from different VIs (EVI, NDWI, RNDVI, RVI), tem
poral features (median, p90, p10, amplitude), and textures (entropy, 
contrast, correlation). Higher species richness was mainly explained by 
lower variability in temperature and precipitation, higher precipitation, 
non-underrepresented forest types (floodplain, white sand and swamp), 
lower sum of bases, and lower texture values of VIs, although a partial 
positive contribution was observed for higher entropy of EVI_p10. 
Fisher’s alpha showed a similar pattern, being positively linked to higher 
precipitation, lower variability of temperature and precipitation, lower 

Table 3 
Model hyperparameters and their search space. RF: random forest; XGB: extreme 
gradient boosting; ANN: artificial neural networks; SVR: support vector regres
sion; OLS: ordinary least squares.

Model Hyperparameter Search space

RF Number of trees 50, 100, 150, 200
​ Maximum depth of each tree 10, 20, 30, no limit
​ Minimum number of samples required to 

split an internal node
2, 5, 10

XGB Number of trees 100, 200, 300, 400, 500, 600, 
700, 800, 900, 1000

​ Maximum depth of each tree 3, 4, 5, 6, 7, 8, 9, 10
​ eta: Learning rate Between 0.01 and 0.3 on a 

logarithmic scale
​ subsample: Fraction of training data 

used per tree
Between 0.5 and 1.0

​ col_sample_bytree: Fraction of features 
used per tree

Between 0.3 and 1.0

​ Minimum sum of instance weights in a 
child node

1, 2, 3, 4, 5, 6, 7, 8, 9, 10

​ gamma: Minimum loss reduction 
required for a further split

Between 0 and 5

ANN Number of hidden layers 1, 2, 3, 4, 5
​ Number of neurons in each hidden layer 32, 64, 96, 128
​ Learning rate Between 0.0001 and 0.01 on a 

logarithmic scale
​ Batch size 32, 64, 128, 256
SVR C: Regularization parameter controlling 

flexibility vs. overfitting
Between 0.1 and 100 on a 
logarithmic scale

​ epsilon: Margin where small errors are 
not penalized

Between 0.01 and 1.0 on a 
logarithmic scale

​ Kernel type rbf, linear
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pH, non-underrepresented forest types, and lower texture values of VIs, 
but with a partial positive influence from higher entropy of 
NDWI_amplitude.

3.3. Spatial patterns of tree species diversity

Using XGB, we generated predictive maps and the coefficient of 
variation at 1 km spatial resolution (Fig. 7). Predicted species richness 
and Fisher’s alpha showed similar spatial patterns, with the highest tree 
diversity found in the terra-firme forests in the central to northwestern 
regions and French Guiana (Figs. 7 & 8). In contrast, lower tree diversity 
was observed in the sandy forests of the Guiana Shield and Upper Rio 
Negro, floodplains along rivers, swamps, and southern Amazonia 
(Figs. 7 & 8). The coefficient of variation of the 10-fold cross-validation 
and was low across the study area (Fig. 7), indicating low prediction 
uncertainty by model settings. The residuals were also low across the 
study area, with little spatial structure (Fig. S4 & S5).

The predictive maps reflected variations in the spatial patterns of 
species richness and Fisher’s alpha across forest types and sub-regions 
(Fig. S3). Among the forest types, terra-firme exhibited the highest 
predicted species richness and Fisher’s alpha, whereas swamp and 
floodplain forests showed relatively lower diversity. Regionally, Central 
Amazonia and Northwestern Amazonia displayed higher species rich
ness and Fisher’s alpha than the other sub-regions.

Maps generated using different combinations of important variable 
groups (i.e. climate, soil and vegetation) further identified the spatial 
contributions of each group (Fig. S6). Predictions based on climate and/ 
or soil variables displayed smooth spatial gradients, while those based 
on vegetation variables captured fine-scale patterns. However, pre
dictions using soil or vegetation variables showed noise, such as abrupt 
spatial gradients from spatial interpolation or swath-edge artifacts. 
Incorporating additional variable groups reduced such noise, with the 
combined use of all variable groups producing the best maps.

Fig. 3. Performance metric ranges of the five models (RF: random forest; XGB: extreme gradient boosting; ANN: artificial neural networks; SVR: support vector 
regression; OLS: ordinary least squares) from 10-fold cross-validation in terms of RMSE (A, B) and R2 (C, D). Black dots are means.

Fig. 4. Scatter plots between observed and predicted values of species richness (A) and Fisher’s alpha (B) based on RF. Red, broken lines are 1:1 lines.
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4. Discussion

To explore the potential of remote sensing, environmental data and 
machine learning for tree species diversity prediction and mapping, this 
study 1) compared the performances of common machine learning al
gorithms, and the best-performing algorithm, 2) assessed the impor
tance of different environmental factors and variables, and 3) produced 
1 km resolution maps to analyze spatial patterns. Below, we discuss our 
results and their implications.

4.1. Machine learning prediction of Amazon tree species diversity

Among the tested algorithms, XGB demonstrated the highest accu
racy and comparatively small variation (Fig. 3), aligning with several 
studies highlighting the superior performance of XGB for tree and plant 
species diversity prediction (Liu et al., 2023, Zhao et al., 2022). XGB 
benefits from its gradient boosting framework with an ensemble of de
cision trees and regularization techniques to capture complex relation
ships, improve generalization and avoid overfitting (Zhao et al., 2022, 
Chen and Guestrin, 2016). RF attained comparable accuracy to XGB, but 
slightly lower accuracy scores and higher variability. RF can model 
complex, non-linear relationships and is robust against overfitting, for 
which previous studies reported the excellent performance of RF for tree 
species diversity prediction (Fagua et al., 2021, Ming et al., 2024). In 
this study, however, the gradient boosting, regularization and flexibility 
of XGB may have made a difference (Li et al., 2021, Narin, 2025). ANN 
showed moderate predictive performance, although ANN could 
outperform other machine learning algorithms by learning complex 
relationships solely from training data (Xi et al., 2023). Its dependence 
on large training data with good quality may still limit its utility in data- 
scarce contexts like this study. SVR performed poorly, despite its ability 
to model non-linear relationships (Bai et al., 2024), supporting the ad
vantages of tree-based models, such as RF and XGB (Liu et al., 2023, 
Fagua et al., 2021) over SVR. Finally, the low accuracy of OLS un
derscores the necessity of capturing complex relationships, justifying the 
use of non-linear models such as RF.

All models exhibited a consistent bias, also observed in other studies 
on machine learning-based tree species diversity mapping (Liu et al., 

2023, Hoffmann et al., 2022): overestimation in low-diversity areas and 
underestimation in high-diversity areas (Fig. 4; Fig. S2). The bias may 
have resulted from the averaging effects of machine learning models, 
especially when the highest and lowest tree diversity values are under
represented in the training data or when tree-based ensemble models are 
used (Belitz and Stackelberg, 2021). Alternatively, the models and 
predictors may not be able to fully capture the tree diversity variabilities 
in the highest and lowest tree diversity areas (Hoffmann et al., 2022), 
especially when they are spatially close. Future improvements for the 
highest and lowest tree diversity zones could include targeted sampling 
in underrepresented forest types, potentially with separate analysis by 
forest types, exploration of more informative predictors that better 
distinguish these extreme values, or integration of spatial modeling 
approaches to leverage spatial patterns and structure (Zhao et al., 2022, 
Stropp et al., 2009, Ter Steege et al., 2023).

4.2. Key environmental predictors

Using XGB, our factorial analysis with different variable groups 
highlighted the isolated effects of various environmental factors (Fig. 5). 
Climate, soil and vegetation emerged as the most influential factors, 
whereas anthropogenic and topographic factors were less important. 
These findings support earlier research emphasizing climate as a 
dominant driver of tree diversity in the tropics (Liang et al., 2022) and 
the Amazon (Ter Steege et al., 2023), given that temperature and pre
cipitation are impactful factors of tree species distribution (Gomes et al., 
2019, Toledo et al., 2012). Additionally, the importance of vegetation 
features supports the utility of satellite data to enhance model perfor
mance as observed in Saatchi et al. (2008) and Fagua et al. (2021), 
although remote sensing-based features alone have limited modeling 
capacity (Hoffmann et al., 2022). Soil characteristics, related to soil 
type, nutrient availability, hydrological conditions and acidity, deter
mine fundamental conditions that shape forest types and influence the 
survival of many tree species (Toledo et al., 2012, Liang et al., 2022, Ter 
Steege et al., 2023). While anthropogenic factors are generally critical 
due to widespread human-induced biodiversity loss (Barnosky et al., 
2011), their influence was minimal in this study, likely due to the focus 
on undisturbed forest plots (Ter Steege et al., 2023). Focusing solely on 

Fig. 5. RMSE (A, B) and R2 (C, D) from 10-fold cross-validation in six scenarios: using all variables, climate variables only, topographic (topo) variables only, soil 
variables only, anthropogenic (anthro) variables only, and remote sensing-based vegetation variables only. Black dots are means.
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Fig. 6. Mean absolute SHAP and SHAP summary plot for species richness (A, B) and Fisher’s alpha (C, D). MDR: Mean Diurnal Range; SOC: Soil Organic Carbon; EVI: 
Enhanced Vegetation Index; RNDVI: Red-edge Normalized Vegetation Index; NDWI: Normalized Difference Water Index; ent: entropy; corr: correlation; stdDev: 
standard deviation; p10: 10 percentile; p90: 90 percentile. See Table S1 for more information about each variable.
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degraded regions, such as Southern Amazonia, may result in stronger 
anthropogenic signals (De Lima et al., 2020). The limited importance of 
topographic variables indicates the significance of broader-scale factors 
directly influencing species survival, such as climate and soil (Ter Steege 
et al., 2023, Toledo et al., 2012). However, topography can shape local 
tree diversity by influencing microclimates and microhabitats (Liu et al., 
2023, Baldeck et al., 2013), with potentially stronger impacts at local 
scales (Marca-Zevallos et al., 2022).

The SHAP analysis revealed the relative contributions of remote 
sensing features across sensors, bands and processing methods (Fig. 6). 
Sentinel-2 variables were particularly influential, consistent with pre
vious studies emphasizing their utility in capturing key biochemical and 
biophysical attributes of vegetation (Liu et al., 2023, Xi et al., 2023). 
Among these, EVI was the most impactful, reflecting its sensitivity to 
vegetation greenness and its robustness in dense tropical canopies 
(Hoffmann et al., 2022). Multiple NDWI and RNDVI variables also 
contributed, indicating the complementarity and relevance of canopy 
water and pigment concentration (Gao, 1996, Gitelson and Merzlyak, 
1994). In contrast, Sentinel-1 radar features contributed little, despite its 
utility shown in earlier work (Bae et al., 2019, Fagua et al., 2021). This 
discrepancy may be due to redundancy in this study between radar and 
other features, such as multiple VIs, which can also reflect canopy 
moisture and structure. Temporal metrics alone were less informative 
except maximum (p90) of EVI for Fisher’s alpha, which indicates that 
high tree diversity is associated with high peak greenness. However, 
multiple GLCM textures derived from different temporal features 
contributed, capturing spatial heterogeneity during different pheno
logical phases. Interestingly, lower texture values were mostly associ
ated with higher tree diversity, contrary to the spectral variability 
hypothesis (Pinon et al., 2024). Our results may reflect the spectral 
homogeneity of undisturbed, biodiverse dense forests at 10 m resolu
tion, while forests that are degraded, fragmented, or located near 
ecological edges or adjacent to non-forest areas exhibit greater spectral 

variability but lower diversity. Additionally, the hypothesis may further 
be constrained by relatively coarse resolution, limited plot size of field 
data and high variation in in-situ tree diversity (Pinon et al., 2024).

Beyond remote sensing features, SHAP also highlighted key envi
ronmental variables (Fig. 6). Among such climate variables, low vari
ability in temperature and precipitation, together with high annual 
precipitation, were most associated with higher tree diversity. These 
results reinforce the role of climate stability and water availability as 
primary ecological constraints of tree diversity, and alteration of these 
conditions by climate change can thus be a major threat (Toledo et al., 
2012, Gomes et al., 2019). Soil characteristics also played a critical role. 
Underrepresented forest types (i.e. floodplain, white sand and swamp) 
were linked to lower tree diversity, reflecting the strong effect of soil 
characteristics on tree diversity (Ter Steege et al., 2023). Additionally, 
low soil fertility, indicated by a low sum of bases, pH and soil organic 
carbon contributed to high tree diversity, consistent with nutrient-poor 
but species-rich forests in the central Amazonia (Quesada et al., 2010). 
However, soil fertility is not a consistent predictor across the Amazon as 
Ter Steege et al. (2023) concluded; other regions (e.g. northwestern 
Amazonia and Guiana Shield) also have high diversity on relatively 
fertile soils. These results suggest the importance of considering multiple 
variables and their interactions, rather than soil fertility alone. On the 
other hand, the finding that low pH soils support greater diversity is 
consistent with the favorability of many tropical species adapted to 
acidic conditions (Zhou et al., 2024). These insights lay the foundation 
to enhance model interpretability, understand the underlying drivers of 
tree diversity, and improve conservation strategies under increasing 
pressures.

4.3. Spatial patterns of Amazon tree species diversity

Our 1 km resolution prediction maps showed spatial patterns of tree 
diversity at comparably high resolution with competitive accuracy and 

Fig. 7. Prediction maps of Amazon tree species diversity: Mean and coefficient of variation for species richness (A, B) and for Fisher’s alpha (C, D).
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Fig. 8. Zoomed-in examples of comparative maps in five key areas across different forest types and regions of the Amazon. From left to right, each panel shows 
Sentinel-2 images (RGB = B4, B3, B2) in 2019 at 100 m resolution as references and the corresponding maps of tree species richness per ha derived from Liang et al. 
(2022), Ter Steege et al. (2023) and this study.
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overall low uncertainty (Figs. 7 & 8). High tree diversity was observed in 
terra-firme forests in the central to northwestern Amazonia and French 
Guinea, while low tree diversity appeared in Guyana sandy forests, 
floodplains along the watersheds, and Southern Amazonia, broadly 
aligning with those reported by Ter Steege et al. (2023) and field plots.

Mapping with different combinations of variable groups identified 
the spatial patterns captured by each group (Fig. S6). Among the most 
influential predictors (i.e. climate, soil, and vegetation), climate, soil 
and their combination produced smooth spatial gradients, indicating 
that they capture broad-scale patterns of tree diversity as described in 
some previous studies (Stropp et al., 2009, Ter Steege et al., 2023). In 
contrast, remote sensing-based vegetation features added fine-scale 
spatial variation while remaining consistent with the broader diversity 
patterns, highlighting their potential for high-resolution tree diversity 
mapping (Liu et al., 2023, Hoffmann et al., 2022). Predictions generated 
using only soil or only vegetation variables displayed noise, but 
combining multiple variable groups reduced these artefacts, demon
strating the effectiveness of integrating complementary groups of 
predictors.

Among the forest types, terra-firme showed the highest tree species 
diversity and prediction accuracy (Fig. S3), likely reflecting its domi
nance in the training data (Fig. S1). In contrast, underrepresented forest 
types, such as non-flooded white sand forest and seasonally flooded 
floodplain forest, tended to be overestimated (Fig. 4; Fig. S3), diverging 
from observed patterns (Ter Steege et al., 2023). Although ecologically 
distinct, underrepresented forest types may still share similar environ
mental predictors with terra-firme forests, making them harder to 
differentiate in models trained on imbalanced data. The scarcity of field 
data from these forest types further constrains the models to learn their 
unique signatures and hampers robust accuracy assessment. At the sub- 
regional scale, Central Amazonia and Northwestern Amazonia displayed 
elevated tree diversity compared to the other sub-regions (Fig. S3), 
aligning with spatial patterns of biodiversity hotspots in terra-firme 
forests in these regions.

An important source of uncertainty can also arise from the scale 
mismatch between field plots (0.5–2 ha) and prediction maps (1 km). 
This approach assumes that diversity within plots is representative of 
diversity within larger 1 km grids, an assumption commonly applied in 
large-scale mapping studies (Ter Steege et al., 2023; Liang et al., 2022), 
but it may not hold in heterogeneous or transitional areas. Although our 
maps are at a higher resolution than those of previous studies, such as 
Liang et al. (2022) and Ter Steege et al. (2023), local variability may still 
be smoothed in the prediction maps, which requires caution for map 
interpretation. Nonetheless, the strong agreement with the large-scale 
maps from Ter Steege et al. (2023) and stable cross-validation perfor
mance indicate the reliability of our maps at the 1 km scale.

Overall, our study demonstrated the effectiveness of integrating 
remote sensing, environmental data and machine learning for large- 
scale, high-resolution tree species diversity mapping. The resulting 
maps show the spatial patterns of tree diversity, offering fine-scale in
sights for biodiversity assessments, forest management and conservation 
measures. They may also provide a foundation for future research 
exploring the links between tree species diversity and other forest at
tributes, such as other species diversity, forest disturbances or carbon 
stocks. While the field dataset covers the entire Amazon, field data 
scarcity in underrepresented forest types and the highest tree diversity 
zones warrants caution for interpretation in those areas. Nevertheless, 
the predicted maps offer valuable insights across the Amazon with 
competitive overall accuracy. Importantly, this modeling approach links 
in-situ diversity and high-resolution, spatially and temporally explicit 
remote sensing, alongside environmental data; therefore, it holds po
tential for long-term, high-resolution and large-scale tree diversity 
analysis in the future, for tracking biodiversity changes under increasing 
threats.

5. Conclusion

This study demonstrates the potential of remote sensing and diverse 
environmental data with machine learning for Amazon tree species di
versity mapping with competitive accuracy and resolution. Based on the 
model performance comparison, predictor importance analysis and 
mapping, key findings include: 1) XGB offers accurate and stable 
implementation for large-scale tree diversity mapping; 2) Climate 
(especially precipitation and climate stability), vegetation and soil 
characteristics are the most important predictors of tree diversity; 3) 
Sentinel-2-based vegetation indices, along with their spatial textures 
and different phenological features, may introduce the fine-scale tree 
diversity information; 4) The roles of Sentinel-1 and the spectral vari
ability hypothesis were limited, suggesting the need for refinement or 
reevaluation in this context; 5) The resulting 1 km maps show ecological 
gradients and hotspots. The findings also underscore the limitations in 
accuracy and ecological interpretability in areas with sparse field data, 
requiring future studies with more field data from underrepresented 
forest types and megadiverse terra-firme forests. Overall, this study 
presents a robust, accurate and transferable method for large-scale tree 
species diversity mapping, with a potential future integration into other 
data-scarce tropical forests, repeated monitoring, and conservation 
efforts.
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