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Models used in the study:

Linear Regression Model (Lm) — We used the Im() function from the basic stats package
implemented in R to fit simple linear regressions models *.

Random Forest (RF) — The RF models were fitted using the function randomForest() from
the randomForest R package, using all parameters set to the default settings 2. Random
Forest is a powerful machine learning algorithm belonging to the ensemble learning
family, and it is based on decision trees. Each tree is trained using bootstrapped samples
and randomly selected predictor variables and the predictions of these multiple
decisions trees are combined to produce a more accurate final prediction3.

Spatial Nearest Neighbor Gaussian Processes (SpPNNGP) — We used the spNNGP R
package *. We fit this model using the soNNGP() function, applying the “latent” method
with the default settings. This package implements spatial regression models for
Gaussian and non-Gaussian univariate outcomes and the software provides an efficient
algorithm to fit spatially correlated data.

Generalized Additive Model (GAM) — To fit the GAM models, we used the gam()
functions from the mgcv R package >, applying the “REML” method. GAM is a flexible
class of generalized linear model (GLM) that involves a sum of smooth functions of
covariates and allows for non-linear relationships . The advantage of this model is the
ability to account for spatial correlation in the data by adding 2D splines of the spatial
coordinates.



Large-scale Maps used in the study:
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Table 1. Open-source large-scale maps evaluated in the study. Note: CCl = Climate Change Initiative, ESA
= European Space Agency, GEDI = Global Ecosystem Dynamics Investigation, SAR = Synthetic Aperture
Radar, ALOS = Advanced Land Observing Satellite, PALSAR = Phased Array L-band Synthetic Aperture
Radar, ALS = Airborne Laser Scanning, MODIS = Moderate-Resolution Imaging Spectroradiometer, SRTM
= Shuttle Radar Topography Mission, TRMM = Tropical Rainfall Measuring Mission, WRI = World
Resources Institute, CNN = Convolutional Neural Network.
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Figure S1. Histogram of median distances between training and testing subsets in each iteration for the
half-transect (a) and full-transect (b) validation schemes. The dashed line indicates the mean value in
each histogram.
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Figure S2. Half-Transect validation results for the different models and predictor variables combinations
based on mean absolute error (MAE). The grey and red zones indicate the range of values for the
baseline and best-case scenarios, respectively.
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Figure S3. Full-Transect validation results for the different models and predictor variables combinations
based on mean absolute error (MAE). The grey and red zones indicate the range of values for the
baseline and best-case scenarios, respectively.
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Figure S4. Comparison between the predicted carbon stock map derived using our methodology and
open-source biomass maps as references. We converted AGB to Carbon Stock Density (CSD) in b and cin
accordance with IPCC guidelines.



a) Generalized additive model
CH + Coordinates

S8l Carbon Stock : : Difference
9| tCO2e/ha < tCO2e/ha
1073.59 T 89.22

0 fiza My -203.665

Carbon Stock
tCO2e/ha
1073.59

0

b) Random forest
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Figure S5. Effect of accounting for spatial correlation on regional carbon stock maps. Left panels show
model predictions using spatial coordinates and canopy height as covariates. Middle panels show model
predictions using only canopy height as covariate. Finally, right panels show difference between first and
second map (left minus middle panels). Top panels show results based on Generalized Additive Model

while bottom panels show results based on Random Forest.
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Figure S6. Examples of uncertainty map for a REDD+ project area using GAM (a) and Random Forest (b).
Left: Carbon stock map using spatial coordinates and canopy height as covariates. Right: Uncertainty
maps of model predictions. Sd stands for standard deviation.
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