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Accurate mapping of forest carbon stocks and biodiversity is critical for guiding conservation and climate
mitigation strategies, particularly in topographically complex mountain regions. We integrated remote sensing
data (optical, SAR, LiDAR), topographic variables, and field inventories into a Random Forest Regression using a
Nested cross-validation framework to model AGB carbon stock across native forests and pine plantations in the
semiarid Andean Patagonia. Specifically, we aimed to: (i) classify vegetation types; (ii) estimate AGB carbon

stock and uncertainty; (iii) map the effects of vegetation and topography on AGB carbon stock; and (iv) compare
understory biodiversity among vegetation. The model achieved moderate to high performance (R? = 0.78, RMSE
% = 33.86%). Pine plantations and native forest had significant differences in AGB carbon, but at mid elevations
(1400-1500 m a.s.l.) and gentle slopes (0-10°)-, both stored comparable values (100 Mg C ha’l). Native forests
supported higher biodiversity than pine plantations (species richness: 4.60 + 0.34 vs.0.10 + 0.07, respectively),
and occupied a broader topographic range. Elevation and slope emerged as key drivers shaping the spatial
distribution of AGB carbon storage for both vegetation. Management strategies should prioritize the conservation
and restoration of native forests in topographic settings where they achieve high AGB carbon stocks while

sustaining endemic biodiversity.

1. Introduction

Global climate change represents one of the most pressing challenges
of our time, with current and projected impacts on natural systems and
human societies requiring effective mitigation strategies (IPCC, 2014).
Among the proposed actions, “natural climate solutions” include the
conservation of native ecosystems as well as restoration practices aimed
at enhancing ecosystem productivity (Griscom et al., 2017; Ameray
et al., 2021; Pan et al., 2024). Forests are central to these strategies due
to their capacity to sequester and store carbon over the long term, their
role as major reservoirs of biodiversity, and their vulnerability to

disturbances that can release substantial amounts of carbon back to the
atmosphere (Hua et al., 2022; Pan et al., 2024).

Afforestation practices involving species outside their natural range
are expanding globally, driven by climate policy and carbon credit
markets (Tudor et al., 2025). Exotic conifers, particularly Pinus species,
have been widely promoted for their rapid growth (Richardson and
Rejmanek, 2004). However, in the drylands of Argentine Patagonia,
non-native Pinus plantations achieve productivity levels comparable to
native forest species, and their growth may respond more negatively to
climate warming (Reiter et al., 2025). In addition, these plantations
generate multiple socio-ecological costs, including invasive spread,
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increased fire risk, high water use, and biodiversity loss (Brockerhoff
et al., 2008; Simberloff et al., 2010), although they may provide
short-term carbon gains due to harvest cycles (Ameray et al., 2021) and
rapid carbon turnover (Araujo and Austin, 2020). By contrast, native
forests can sustain long-term carbon storage through continuous
biomass accumulation across life stages, including in old-growth trees
(Korner, 2017), while simultaneously supporting biodiversity conser-
vation, water regulation, and cultural values (Diaz et al., 2018). These
contrasts highlight the need to critically evaluate the potential and
limitations of plantation-based approaches relative to native forest
conservation.

At the landscape scale, topography influences the spatial distribution
of forest carbon stocks (Wang et al., 2019; Zhao et al., 2023). Elevation,
slope, and aspect influence local environmental conditions such as
temperature, rainfall, solar radiation, water availability, and multiple
soil properties (Korner, 1999). These variables, in turn, affect forest
structure and productivity, thereby regulating carbon accumulation
across the landscape (Zhao et al., 2023; Xu et al., 2023). The magnitude
and direction of topographic effects on carbon storage vary with
regional climate and soil characteristics, making their explicit consid-
eration essential for site-level planning and forest management
(Zhengchao et al., 2016). Despite their importance, large-scale carbon
accounting models often overlook or inadequately represent the com-
bined effects of topographic variables.

Remote sensing technologies can overcome traditional limitations of
forest inventories by enabling large-area assessments; however, their
accuracy depends on robust correlations between sensor responses and
target variables, which may vary across forest types and topographic
gradients. Optical sensors quantify biophysical parameters but are
subject to spectral saturation in dense canopies (Mutanga et al., 2023).
In contrast, synthetic aperture radar (SAR) data can capture vertical
structure through backscatter (e.g., canopy height, leaf area index) but
are limited by signal saturation at C-band in dense vegetation (Moreira
et al., 2013). Spaceborne LiDAR provides detailed vertical profiles but
has sparse spatial coverage (Dubayah et al., 2020). Integrated ap-
proaches combining optical, SAR, and LiDAR data have the potential to
improve predictions of carbon stocks and forest structure but they must
address challenges such as resolution mismatches and terrain-induced
errors (Dong et al., 2024).

Within this context, machine learning algorithms, such as Random
Forest, provide a flexible framework for integrating field measurements
with multi-sensor remote sensing data, accommodating non-linear re-
lationships, identifying key predictors, and handling noise (Breiman,
2001). These approaches may be particularly relevant in complex ter-
rains, where topography affects both ecological processes and the
quality of remotely sensed signals through distortion and shadowing
effects in SAR and LiDAR data (Luo et al., 2025). As a result, modelling
frameworks that incorporate topographic variability are likely to
improve the spatial characterization of carbon stocks. Despite these
advances, challenges persist in establishing long-term baselines across
regions, particularly in heterogeneous landscapes.

Understanding the quantity and spatial distribution of aboveground
biomass carbon stocks (hereafter, AGB carbon), as well as the topo-
graphic variables that regulate them, is crucial for evaluating the
effectiveness of afforestation projects and developing effective forest
management strategies. In this study, we integrated a Random Forest
regression model with field measurements and multi-source remote-
sensing data to estimate AGB carbon stocks in native forests and pine
plantations in the mountains of northwestern Patagonia. Specifically, we
aimed to: (i) perform a land cover classification of forest types; (ii) assess
the performance of multisensor predictors in estimating AGB carbon
stocks, including associated uncertainty; (iii) quantify and map the ef-
fects of vegetation and topography on AGB carbon stocks. We included
an additional objective to evaluate one of the main consequences
identified for Pinus plantations: biodiversity loss. To achieve this, (iv)
we compared understory plant diversity in forest plantations and in
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adjacent native forests, and explored the potential ecological implica-
tions of these differences.

2. Methods
2.1. Study area

This study focuses on an area in the Cordillera Norte (Bran et al.,
2002), an Andean region of northwestern Patagonia, Argentina (36°50’
S, 70°50” W, Minas department, Neuquén province; Fig. 1A), with an
elevation ranging from 1200 to 3000 m a.s.l. The climate is Mediterra-
nean, characterized by cold, humid winters and warm, dry summers
(Paruelo et al., 1998). The average annual temperature is 10 °C. Pre-
cipitation ranges from 600 to 1000 mm yr !, with a west-to-east
gradient, occurring as rain and snow (Movia et al., 1982; Paruelo
et al., 1998). The predominant soil type is Andisol, an acidic soil derived
from volcanic ash. These soils are predominantly sandy-loam textured
and exhibit seasonal summer water deficits. In low-lying areas adjacent
to rivers, streams, and drainage channels (wetlands), deep, moist soils
prevail, with finer textures, high organic matter content, and a shallow
water table (Bran et al., 2002), reflecting a marked topographic
complexity that characterizes these forested landscapes.

The vegetation corresponds to a mosaic of Patagonian, High Andean,
and Subantarctic phytogeographic provinces (Movia et al., 1982), and is
dominated by grass steppes and shrublands with fragmented remnant
native forests of Nothofagus antarctica embedded within more protected
environments (Fig. 1B). The region's primary economic activities
include extensive sheep and goat grazing and, more recently, pine
plantations, both of which have contributed to desertification and
altered carbon stocks (Laclau, 2003; Mendez-Casariego et al., 2005).
Plantations consist of Pinus ponderosa and P. contorta, established be-
tween 1980 and 2005, with an approximate density of 700-900 trees
ha! (Mendez-Casariego et al., 2005). At present, some plantation
patches are affected by the woodwasp Sirex noctilio (Hymenoptera:
Siricidae; Mendez-Casariego et al., 2005).

2.2. Experimental design

The study workflow comprises four main components: (1) land cover
classification to identify native forest and pine plantations; (2) field
sampling for AGB and biodiversity data collection; (3) estimation and
mapping of regional AGB carbon stocks including associated uncer-
tainty, using field data and remote sensing imagery; and (4) analysis of
the spatial distribution of AGB carbon stock in relation to topographic
variables and vegetation (Fig. 2).

2.2.1. Land cover classification

We used Sentinel-2 multispectral surface reflectance imagery to
construct cloud-free mosaics between January 2023 and December
2024, applying snow and shadows masks. Most spectral bands from this
satellite constellation were used, along with vegetation indices
(Table S3a and b) and an elevation band (digital elevation model from
the USGS, USA). The study used 70% of the data points for training and
30% for validation, incorporating data from both field sampling and
high-resolution imagery (Google Earth®). The mosaics were classified
using Random Forest supervised classification into seven distinct classes
based on the training data: native forests, pine plantations, native shrub
steppe, native grass steppe, wetlands, bare soil, and water (Fig. 1B).
Only native forests and pine plantations were retained for subsequent
analysis after mask application.

2.2.2. Field sampling for aboveground biomass (AGB) and biodiversity data
collection

We surveyed field plots in December 2023 and 2024 following the
VCS (Module VMD 0001, 2013) protocols for AGB carbon estimation.
We randomly established forty 20 x 20 m plots —20 in native forests and
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Fig. 1. (A) Study area located in the northwest Patagonia mountains, Neuquén province, Argentina. (B) Supervised classification map of land cover: native forest,
pine plantations, shrub steppe, grass steppe, wetlands, water, and bare soil. The black points represent the sample plots. Field photos showing: (C) native forest and
(D) pine plantations (PH, Google Earth®). Projection: UTM 19S (analysis), WGS84 (display).

20 in pine plantations (Fig. 1C and D)—and georeferenced them using a
handheld GPS (Garmin eTrex 30®). The plots span an elevational range
of 1300-1700 m a.s.l. In each plot, all woody individuals with a stem
diameter at breast height (DBH, at 1.3 m) > 5 cm were recorded, with
measurements of DBH (cm), total height (H, m), and crown diameter
(CD). Shrubs (multi-stemmed woody plants) and small trees (single--
stemmed individuals with DBH <5 cm) were sampled within four
randomly placed 5 x 5 m subplots. Herbs were also measured in the
subplots for biodiversity record but were not considered for AGB cal-
culations. For shrubs and small trees individuals, we measured height
and the longest and perpendicular crown diameters. We calculated the
mean crown diameter (CD) as the average of the two measurements: CD
= (D7 + D3)/2. We used a tape to measure stem and crown diameter and
a hypsometer (Nikon Forest®) for tree height. We taxonomically iden-
tified each individual to the species or genus level, and recorded its
growth form and status (endemic, native, non-native) using the online
database of the Instituto de Botanica Darwinion, IBODA, 2025 (http://
www.darwin.edu.ar/) (Table S1).

We estimated aboveground dry biomass (AGB) using species-specific
allometric equations (Table S2). Within plots (for trees) or subplots (for
shrubs), we summed all individual AGB measurements to obtain total
AGB per hectare. Finally, we calculated carbon stock by multiplying the
dry AGB by a carbon coefficient of 0.47 (IPCC et al., 2006).

For each field plot, we calculated forest structural variables, above-
ground dry biomass (AGB), and AGB carbon stock. Additionally, we
calculated understory species richness, and cover (shrub, subshrubs and
herbaceous vegetation) by aggregating values at the subplot level. We
compared these variables among vegetation types using the nonpara-
metric Wilcoxon test for independent samples.

2.2.3. Estimation and mapping of regional AGB carbon using multisensor
satellite imagery

We estimated landscape-level AGB carbon stocks using a single
Random Forest regression model (Breiman, 2001), jointly fitted to
native forests and pine plantations, within a Nested Cross-Validation
(Nested CV) framework (Vabalas et al., 2019; Larracy et al., 2021).
Field plot-derived AGB carbon stocks served as ground truth. Predictors
included remote-sensing variables (Sentinel-2, Sentinel-1, GEDI, and
Copernicus DEM GLO-30) and vegetation type, recorded in the field as a
categorical variable.

All raster layers and vector ROIs (field plots) were reprojected to a
10 m spatial resolution and matched to a common CRS (WGS 84/UTM
zone 19S). Spatial overlap was verified before extraction to ensure
geometric consistency. Remote sensing processes were conducted using
the Google Earth Engine® platform. All spatial analyses were performed
in UTM 19S projection (EPSG:32719). Maps were displayed via on-the-
fly reprojection, and geographic coordinates (WGS 84, EPSG:4326) were
shown for reference.

2.2.3.1. Remote sensing source and data processing. A collection of the
Sentinel-2 Multi-Spectral Instrument Level 2A surface reflectance
products (10 m spatial resolution) was acquired for the period 2023-
2024, selecting images with a cloud density below 5%, and applying
masks for water, snow, and shadows. We used single spectral bands,
along with the vegetation index (Table S3a and b), and computed me-
dian monthly values for the two years.

C-band Synthetic Aperture Radar (SAR) imagery from the Sentinel-
1A/B satellites (10 m spatial resolution) was obtained for the same
period. We preprocessed the scenes using radiometric calibration,
terrain correction using the 30 m Copernicus DEM GLO-30, and a
Speckle noise filter (focal median with a radius of 15 m; Moreira et al.,
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Fig. 2. Study workflow: (1) land cover classification. (2) field sampling for AGB and biodiversity data collection, followed by AGB to-carbon conversion; (3)
estimation and mapping of regional AGB carbon stocks using field data and remote sensing imagery, based on Random Forest regression with Recursive Feature
Elimination, with model performance and validation evaluated through Nested Cross Validation (R?, RMSE, RMSE%); and (4) analysis of the spatial distribution of
AGB carbon stock in relation to topographic variables (elevation, slope, aspect) and vegetation type (native forest and pine plantations). Final outputs include forest
structure, biodiversity metrics, and predicted AGB carbon stock with associated uncertainty map.

2013). The ground range detected high-resolution products (GRD), ac-
quired in the Interferometric Wide (IW) swath mode, were considered.
We used the backscatter dual polarizations VV (vertical-vertical) and VH
(vertical-horizontal) in ascending and descending orbit pass direction,
for which we calculated the temporal mean (Table S3a). From the
backscatter coefficients, we derived three SAR-based indices: (a) the
VV/VH cross polarization ratio, which represents the relation among
dense and sparse vegetation (Dong et al., 2024); (b) the Radar Vegeta-
tion Index (RVI), an indicator of vegetation quantity and structure
(Holtgrave et al., 2020); and (c) superficial soil moisture index (SSM),
computed for ascending and descending orbits of VV polarization data
(Bauer-Marschallinger et al., 2018).

The Global Ecosystem Dynamics Investigation (GEDI) mission is a
full-waveform LiDAR instrument designed to collect samples of the
forest vertical structure with eight 25 m footprints, spaced approxi-
mately 60 m apart (Dubayah et al., 2020). We used the V2.1 version of
the GEDI-L2A Monthly dataset, for which we considered the canopy
height (rh98), corresponding to the relative height metrics at 98% of
energy return relative to the ground (Table S3a). We filtered the GEDI
shots to obtain high-quality footprints, selecting degradation = O,
quality flags = 1, sensitivity >0.95, night shots, and terrain slope <30°
following Adrah et al. (2025). Due to the limited number and sparse
distribution of GEDI footprints (Dubayah et al., 2020), we included

datasets collected between 2022 and 2024 to increase spatial coverage.
Filtered GEDI-L2A canopy height data were integrated with pre-
processed Sentinel-2 imagery and topographic variables from Coperni-
cus GLO-30 (elevation, slope, and aspect), to generate a continuous
wall-to-wall, high-resolution map using Random Forest regression
(Dong et al., 2024). This approach allowed the spatial extrapolation of
GEDI-derived structural metrics to areas not directly sampled by the
sensor. The target variable (rh98) and predictor layers were spatially
aligned to a common 10 m grid, and spatial aggregation was performed
using mean reduction. We extracted 100 training samples from pixels
with valid GEDI data after filtering and randomly split them into
training (70%) and testing (30%) subsets. The resulting raster layer,
with an R? of 0.75 and an RMSE of 33.63%, was used as a predictor
variable in subsequent modelling analyses.

Topographic variables (elevation, slope and aspect) were extracted
from the Copernicus DEM GLO-30 and incorporated as predictors into
the AGB carbon model (Table S3a). The aspect variable was converted to
radians and calculated the sine and cosine of this angle to obtain the
lineal east-west and north-south variables.

2.2.3.2. Model training and validation. AGB carbon stock was estimated
using Random Forest regression and the Nested CV algorithm in R (R
Core Team, 2025) with nestcv package (Table S4). Feature selection was
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performed using the Recursive Feature Elimination (RFE) algorithm
(Gregorutti et al., 2017) which identifies the minimal set of predictors
that maximizes predictive performance while reducing model
complexity. Root Mean Square Error (RMSE) was used as the optimi-
zation metric. The hyperparameters for the Random Forest model were
optimized via a grid search over the number of trees (50-1700) and the
number of variables per split (1-4) (Breiman et al., 2018). Variable
importance was derived from the model's internal out-of-bag (OOB)
error estimates.

To avoid pseudoreplication and ensure spatial correspondence be-
tween field data and satellite predictors, remote-sensing variables were
aggregated at the plot level (20 x 20 m) using an area-weighted mean
based on the effective intersection area of pixels. This procedure ensures
that each plot contributes a single representative predictor vector for the
sampled area.

We evaluated the performance of the Random Forest regression
model using five-fold Nested CV, stratified by vegetation type to ensure
balanced representation of both forest types in each fold. Nested CV
consists in two hierarchical loops that ensure a strict separation between
the dataset for model training and final model validation. In the outer
loop, the dataset is partitioned into five equal folds, of 8 plots each.
During each of the five iterations, 20% of the data (one fold, 8 plots) is
set aside exclusively for validation, while the remaining 80% (four folds,
32 plots) is used for the model development phase. The inner loop
operates within that 80% of the data, and is dedicated to development
steps, specifically feature selection and hyperparameter tuning. By
isolating these processes to the inner loop, the methodology prevents
"information leakage," ensuring that the final test data remains entirely
"unseen" during the optimization of the model. Once the model is fully
refined in the inner loop, its performance is measured using the 20%
validation fold that was initially held out. This entire procedure is
repeated five times, rotating the validation set in each turn so that every
data point is eventually used for testing but never for the development of
the specific model that evaluates it. Model performance was quantified
using the coefficient of determination (RZ), root mean square error
(RMSE), relative RMSE (RMSE%), mean absolute error (MAE), and Bias.
Final performance metrics were obtained by averaging these values
across the five outer folds. This nested approach is crucial because it
provides an unbiased and robust estimate of how the model will perform
on new datasets, especially when working with limited sample sizes
(Vabalas et al., 2019; Larracy et al., 2021).

2.2.3.3. Model uncertainty. We developed the uncertainty map of AGB
carbon stock predictions following the procedure by Silveira et al.
(2023). Specifically, we grouped the predicted AGB carbon stock values
into 5 bins and calculated the RMSE% for each bin. We then fitted a
polynomial regression model to the binned RMSE% values as a function
of the mean predicted AGB carbon stock. Finally, we mapped the spatial
distribution of RMSE% uncertainty and compared uncertainty patterns
across vegetation types, elevations, slopes, and aspects.

2.2.4. Comparison with global AGB carbon model

Finally, we compared our modelled AGB carbon stocks with esti-
mates from GEDI Level 4A (L4A) products (Dubayah et al., 2022). We
used GEDI Version 2.1 aboveground biomass density (AGBD, Mg ha™!),
converting biomass to carbon stock by multiplying by 0.47 (IPCC et al.,
2006). Model agreement was evaluated via cross-validation (R and
RMSE (%) and Pearson's correlation coefficient (r).

2.2.5. Spatial distribution of AGB carbon stock

We analyzed the spatial distribution of aboveground biomass (AGB)
carbon stock in relation to topography using three complementary ap-
proaches. First, we explored the relationship between predicted AGB
carbon stock (from the Random Forest model), topographic variables
(elevation, slope, north-south and east-west components), and
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vegetation type through graphical analyses of spatial outputs, primarily
for interpretability. Second, to improve model interpretability beyond
prediction, we applied post-hoc analyses following Simon et al. (2023).
We assessed non-linear effects and interactions among the predictors
retained in the final Random Forest regression on the predicted AGB
carbon stock. We used partial dependence plots (PDPs), local predictors
slope estimates across elevation quantiles, and the Friedman H-statistic.
These analyses were implemented using the pdp and iml packages
(Table S4) in R. Third, we evaluated the relationship between observed
AGB carbon stock and topographic variables using Generalized Additive
Models (GAMs) with a Gaussian error distribution. The response vari-
able was log-transformed, and continuous predictors were standardized.
Vegetation type was included as a categorical factor, and smooth terms
were fitted using thin plate regression splines with restricted basis di-
mensions. Model selection was based on Akaike Information Criterion
(AIC), diagnostic checks, and parsimony. Analyses were conducted
using the mgcv package in R (Table S4).

3. Results
3.1. Land cover classification

The land cover classification (Fig. 1B) revealed that native grass
steppe vegetation dominated the landscape (42%, 22,566 ha), followed
by native shrub steppe (24%, 12,908 ha), pine plantations (15%,
8056 ha), native forest (14%, 7540 ha), wetlands (3%, 1702 ha), and
bare soils (2%, 974 ha). The Random Forest out-of-bag (OOB) accuracy
was 85%, with a Kappa Index of 0.81, indicating good classification
performance.

3.2. Field-based AGB and biodiversity measurement

Field measurements showed marked structural and biodiversity
differences between native forests and pine plantations (Table 1). Total
AGB was 80% higher in pine plantations than in native forests, consis-
tent with the significantly larger tree size in plantations, both in DBH
and height. Tree density did not differ significantly between vegetation
types. In contrast, native forests showed significantly higher shrub and
subshrub densities than plantations. Moreover, native forest plots
exhibited significantly greater understory vegetation cover (%) and
species richness than pine plantations, with percentage differences of
190% and 195%, respectively (Table 1; Table S1).

3.3. Estimation and mapping of regional AGB carbon stock using
multisensor satellite imagery

3.3.1. Variable selection and model performance

Modelling AGB carbon across the northwestern Patagonian moun-
tains using our field data and selected remote-sensing predictors resul-
ted in moderate model performance (Fig. 3a). The coefficient of
variation (CV) of the performance metrics across the five folds ranged
from 12.5% for R? to 31% for RMSE%. The computed out-of-bag (OOB)
error was 22.98 Mg C ha™!, consistent with the RMSE validation metric
(Table 2). The RFE process identified an optimal set of seven predictor
variables in descending order of importance (Fig. 3b): B5 (Red Edge 1
band), superficial soil moisture index (SSM), enhanced vegetation index
(EVI), VV/VH, B11 (SWIR 1), B4 (red), and DEM (elevation). The
optimal hyperparameter configuration used 100 trees and 2 mtry.

The predicted AGB carbon stock ranged between 10 and 136 Mg C
ha™!, with a mean value of 46 Mg C ha™?, corresponding 25.20 + 0.02
(SE) for native forest and 64.30 + 0.70 (SE) Mg C ha ™! for pine plan-
tations, respectively (Fig. S3). The 75% of AGB carbon density distri-
bution in native forests was concentrated around 13 to 30 Mg C ha™?,
with a small number of patches of high AGB carbon stock (between 50
and 100 Mg C ha™1). In contrast, 75% of the AGB carbon stock density
distribution in pine plantation was more homogeneous, ranging
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Table 1
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Structural characteristics and biodiversity metrics of native forests and pine plantations in the northwestern Patagonian mountain region, Argentina. Values represent
mean + SE, and the number of plots (n) is indicated for each metric. Statistical comparisons were performed using Wilcoxon tests. Significant differences (p < 0.05) are
shown in bold. Density values (ind. ha™') are presented separately for trees, shrubs, and subshrubs. DBH (cm) and height (m) correspond to mean values for trees and
shrubs. Understory cover (%) and species richness refer to shrubs, subshrubs, and herbaceous species.

Metric Native forest (mean + SE)

81.93 + 18.24 (20)
38.51 + 8.57 (20)
1157.5 + 324.41 (20)
1340 + 249.78 (20)
3730 + 561.02 (20)
8.311 £ 1.12 (20)
2.79 £+ 0.29 (20)
56.49 + 9.15 (20)
4.60 + 0.34 (20)

Total AGB (Mg ha ™)

C stock (Mg C ha™1)

Tree Density (Ind ha™?)
Shrubs Density (Ind ha™)
Subshrubs Density (Ind ha™!)
DBH (cm)

Height (m)

Understory cover%
Understory Richness (S)

Pine plantation (mean + SE) Test p
190.36 + 18.75 (20) wW=70 <0.0001
89.47 + 8.81 (20) W =260 <0.001
1047.30 + 88.90 (20) W =159 0.27
0.0 £ 0.0 (20) W = 370 <0.001
60 + 50.47 (20) W =399 <0.0001
29.48 + 1.50 (20) w=3 <0.0001
15.93 + 0.81 (20) wW=0 <0.0001
0.44 + 0.30 (20) W = 396 <0.0001
0.15 + 0.10 (20) W =399 <0.0001

Fig. 3. a) Predicted vs. observed values of aboveground biomass (AGB) carbon stock (Mg C ha1) model. Points represent the validation dataset (unseen data) of five
folds Nested CV in Random Forest regression. The blue line represents the fitted relationship, and the red line represents the 1:1 line. b) Relative importance of the
selected model predictor variables (% IncMSE). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of

this article.)

Table 2

Model performance metrics using the selected predictor variables
for AGB carbon stock (Mg C ha1). Values for R?, RMSE, RMSE%,
and MAE represent the mean nested cross-validation (CV) esti-
mates from the Random Forest Regression model on unseen data.
Values in parentheses indicate the minimum and maximum across
the five nested cross-validation folds.

Metric Mean (min - max)
R? 0.78 (0.65-0.88)
RMSE (Mg C ha™ 1) 21.67 (13.85-28.29)
RMSE% 33.86 (24.18-49.57)

MAE (Mg C ha™))
Bias (Mg C ha™1)

14.78 (10.76-20.99)
1.38 (—7.81-5.43)

between 55 and 78 Mg C ha™! (Fig. $3) and extending up to 133 Mg C
ha™!. The total AGB carbon stock of this region was estimated at
approximately 696 and 1950 Gg CO equivalents (converted from car-
bon stock using a factor of 44/12) in native forest and pine plantations,
respectively. While native forest and pine plantations occupied similar
proportions of the landscape (48% and 52%, respectively), their con-
tributions to total AGB carbon stocks differed: native forests accounted
for 26%, whereas pine plantations contributed 74%.

3.3.2. AGB carbon map

The AGB carbon map predicted by our model revealed a heteroge-
neous spatial distribution across the study area, with elevation acting as
a potential important environmental driver (Fig. 4). Higher predicted
AGB carbon values were concentrated in the southwestern portion of the
study area, which coincided with mid elevations, flat slopes, and pine
plantation stands. Lower and spatially sparse AGB carbon values were
more frequent in the eastern region, corresponding to sites with higher

elevation and steeper slopes, largely associated with native forest.
However, these results should be interpreted cautiously, as they extend
beyond the range of the training data. As expected, pine plantations
exhibited higher AGB carbon than native forests.

3.3.3. Model uncertainty

The relationship between the relative uncertainty (RMSE%) and
predicted AGB carbon stock, showed a good fit (R? = 0.85,
RMSE = 2.96%). At low to intermediate predicted AGB carbon levels,
relative uncertainty was high (48%). As predicted AGB carbon
increased, uncertainty decreased, reaching values below 10% at the
highest carbon levels (Fig. S1). Model uncertainty also varies across
vegetation types. Native forests showed higher RMSE% values with a
more concentrated distribution, whereas pine plantations exhibited
greater dispersion, with values ranging from very low to very high un-
certainty (Fig. S2). The spatial distribution of relative RMSE% suggests a
potential increase in prediction uncertainty with elevation, particularly
for pine plantations, while for native forest it remained relatively con-
stant along the gradient (Fig. S2a). Slope and aspect (north-south and
east-west) exhibited weaker and flatter relationships with uncertainty
(Fig. S2b-d).

3.3.4. Comparison with global AGB carbon model

The comparison between predictions from our AGB carbon model
and those from the model developed by GEDI L4A showed good Pearson
correlation (r = 0.86; p < 0.001), and moderate to low agreement
(R? = 0.73 and RMSE = 29.61 Mg C ha~’; RMSE = 66.34% Fig. S3). This
discrepancy could be related, among other factors, to a geolocation issue
affecting GEDI LiDAR shots (Adrah et al., 2025).
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Fig. 4. Spatial patterns of aboveground biomass (AGB) carbon stock (Mg C ha™') across the northwestern Patagonia mountains: a) predicted values, b) model
uncertainty, expressed as relative RMSE (%), and c) elevation map (m a.s.l.). White areas represent grass and shrub steppe, wetlands, and bare soil covers, which
were masked prior to modelling. All analyses were performed in the UTM projection (EPSG:32719), and geographic coordinates are expressed in WGS
84 (EPSG:4326).

Fig. 5. Two-dimensional partial dependence plots illustrating the joint effects of elevation (DEM) and selected spectral and radar predictors on predicted above-
ground biomass carbon (AGB C stock, Mg C ha™!) from the Random Forest model. Panels show interactions between DEM and (a) B5, (b) superficial soil moisture
index (SSMI), (c) enhanced vegetation index (EVI), (d) VV/VH ratio, (e) B11, and (f) B4. Color gradients represent predicted AGB C stock, while contour lines indicate
response surfaces. Non-parallel contour patterns suggest interactions between predictors. All other variables were held constant at their observed values during
partial dependence estimation. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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3.4. Spatial distribution of AGB carbon stock

The first approach of graphics of predicted AGB carbon from Random
Forest, in both forest types exhibited a unimodal relationship with
elevation, which was more pronounced in pine plantations. Maximum
predicted values occurred at mid-elevations (1400-1500 m a.s.l.), fol-
lowed by a decline at both higher and lower elevations. No pine stands
were recorded above 1800 m a.s.l., whereas native forests showed a
weak, negative trend across the upper elevational range (Fig. S4a).
Predicted AGB carbon decreased slightly with increasing slope in both
vegetation types (Fig. S4b). In contrast, the north-south and east-west
topographic components had negligible influence on predicted AGB
carbon (Fig. S4c and d).

The second approach showed that Elevation (DEM) exerted a strong
negative effect on predicted AGB carbon stock across all partial depen-
dence analyses (Fig. 5), indicating a consistent topographic constraint
on AGB carbon stock. The relationship between AGB carbon and
remotely sensed predictors—used here as proxies of vegetation struc-
ture—varied along the elevation gradient. The positive effect of EVI
weakened with increasing elevation (slope curve: 12.9 to 11.4-11.7;
Fig. 5¢; Table S5), while the negative effect of VV/VH ratio became less
pronounced (slope curve: —8.82 to —7.76; Fig. 5d; Table S5). Spectral
bands (B5, B11, B4) showed weak negative relationships with AGB, with
minor attenuation at higher elevations (Fig. 5a-e and f; Table S5),
whereas soil moisture maintained a relatively stable positive effect
(slope curve:1.4; Fig. 5b; Table S5) across the DEM gradient.

Interaction strength between Random Forest predictors, quantified
using the Friedman H-statistic, were generally low to moderate
(Table S6). Elevation showed modest interaction effects (H = 0.07),
indicating that its influence on AGB carbon stock is largely additive but
still modulates the relationship with the other predictors. The strongest
pairwise interactions with DEM were observed for B4 and VV/VH ratio,
although effect sizes remained limited.

The third approach showed that GAM explained a high proportion of
the variability in observed AGB C stock (adjusted R? = 0.74; deviance
explained = 78.1%), indicating a good model fit given the limited
sample size (n = 40). Pine plantations had significantly higher AGB C
than native forests (p = 1.03 + 0.16; p < 0.001). Elevation exhibited a
non-linear effect on AGB C stock in both vegetation types (Fig. 6a),
although its statistical significance differed between them. In native
forests, this relationship was significant (edf = 2.43; p = 0.003),
showing a decline in AGB C at higher elevations, whereas in pine
plantations the non-linear trend was weaker and not statistically sig-
nificant (edf = 2.12; p = 0.13). Slope showed a significant negative ef-
fect across vegetation types (f = —0.316 + 0.088; p = 0.001), with AGB
C decreasing monotonically with increasing slope (Fig. 6b).
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4. Discussion

Our results indicate that topography—particularly elevation—even
across relatively small gradients, plays a central role in structuring the
spatial distribution of AGB carbon stocks in both forest types. Although
pine plantations showed high AGB carbon storage, native forests
reached comparable values under specific topographic conditions and
remain critical for the conservation of endemic biodiversity in semiarid
mountain landscapes, highlighting a trade-off between carbon storage
and biodiversity conservation.

The observed east-west increase in AGB carbon stocks (Fig. 4a)
aligns with the regional precipitation gradient described for Patagonia
(Paruelo et al., 1998), but also reflects the spatial concentration of older
pine plantations (pers. obs.) and high-biomass native forest patches at
mid-elevations and on gentle slopes. Such topographic positions are
relatively limited in mountain environments and are typically charac-
terized by higher soil fertility, greater soil depth, and enhanced water
retention due to sediment accumulation (Bran et al., 2002). These
conditions may promote greater allocation of plant resources to the
aboveground biomass, resulting in higher carbon stocks (Zhao et al.,
2023). Moreover, their accessibility facilitates forest management.
Together, these characteristics likely explain both the preferential
establishment of pine plantations and the relatively high structural
development observed in native forests at these locations.

Native forests were distributed across a broader range of elevation
and slope, including sites where reduced pine growth and AGB carbon
accumulation would also be expected. In this semiarid region,
N. antarctica frequently forms shrubby thickets composed of small,
multi-stemmed individuals; but it can develop a tree-like physiognomy
under more favorable moisture conditions (Ramirez et al., 1985; Steinke
et al., 2008). Consistent with this plasticity, our data show marked dif-
ferences in AGB carbon stocks between shrub-dominated stands
(7-20 Mg C ha’l) and tree-form patches (27-130 Mg C ha’l). Despite
this limitation, our results align with Reiter et al. (2025), showing that
N. antarctica can reach AGB carbon stocks comparable to P. ponderosa in
optimal topographic settings that favor its tree-form development. These
findings underscore the importance of conserving and restoring native
forests in sites that promote their full structural development.

Native forests consistently supported higher species richness than
pine plantations, likely reflecting their greater structural complexity and
vertical stratification, which enhance niche availability and species
coexistence (Brockerhoff et al., 2008). Pine plantations, in turn, tend to
reduce biodiversity due to management-related factors such as under-
story removal, limited regeneration opportunities under closed can-
opies, and alterations in soil properties (Brockerhoff et al., 2008;
Simberloff et al., 2010; Hua et al., 2022). Therefore, forest management
approaches should recognize that multifunctional landscapes require a
balance among carbon storage, biodiversity conservation, and long-term

Fig. 6. Effects of topographic variables on observed aboveground biomass carbon (AGB C stock) derived from the Generalized Additive Model (GAM). (a) Partial
effect of elevation (DEM) on AGB C stock, showing vegetation-specific non-linear responses for native forest and pine plantations. (b) Effect of slope on AGB C stock,
illustrating a consistent monotonic decrease across vegetation types. Solid lines represent model predictions and shaded areas indicate 95% confidence intervals.
Points correspond to observed values. All predictions were back-transformed from the log scale.
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ecosystem resilience.
4.1. Study scope and limitations

The land-cover classification (Fig. 1B) showed sufficient accuracy to
distinguish native forest from pine plantation, enabling reliable model
application. The estimated mean AGB carbon stock of native forests and
pine plantations fell within the range reported for the region (Laclau,
2003; Araujo and Austin, 2020), and was lower than values documented
in more humid N. antarctica forests of southern Patagonia (Peri et al.,
2010; Loguercio et al., 2024), likely reflecting climatic differences.

The model produced a high-resolution AGB carbon stock map with
moderate-to-good predictive performance and associated uncertainty,
capturing spatial patterns primarily related to vegetation type and
elevation. Model accuracy (Table 2) was comparable to studies
employing similar methodological approaches and field sample sizes,
such as Xu et al. (2023) in temperate forests of China, and exceeded that
reported for subtropical forests in Argentina (Gasparri and Baldi, 2013).
SAR and optical imagery were the most influential predictors. The su-
perficial soil moisture index (SSM) should be interpreted with caution in
mountainous and forested systems, as it may capture canopy moisture or
structure rather than actual soil moisture (Bauer-Marschallinger et al.,
2018). Consistent with Potzschner et al. (2022), the inclusion of
GEDI-LiDAR canopy height metric did not improve model performance,
possibly due to geolocation uncertainty in GEDI footprints (Adrah et al.,
2025).

The decrease in uncertainty (RMSE%) with increasing values of
predicted AGB carbon stock is consistent with Silveira et al. (2023),
likely reflecting an improved signal-to-noise ratio in structurally
developed stands. In line with our results, Silveira et al. (2023) also
showed greater uncertainty in forests dominated by smaller trees, with
lower uncertainty observed in flat terrain and gentle slopes. Differences
in uncertainty between vegetation types suggest that plantations,
although sometimes structurally homogeneous, can display consider-
able spatial heterogeneity related to stand age, density, management
practices, and canopy condition. Accordingly, predicted AGB carbon
values at the lower end of the distribution should be interpreted with
caution, as they are associated with comparatively higher relative
uncertainty.

Future work would benefit from a larger number of field plots
spanning broader topographic gradients (elevation, slope, aspect).
Developing vegetation-specific models may further improve perfor-
mance, as different forest types can exhibit distinct relationships with
remote sensing predictors (Holtgrave et al., 2020). Incorporating addi-
tional carbon pools—such as soil organic and inorganic carbon, litter,
and dead wood—would provide a more comprehensive assessment of
total ecosystem carbon stocks (Korner, 2017; Pan et al., 2024). Although
topographic variables were included to capture environmental hetero-
geneity, they act as indirect proxies for underlying drivers such as soil
properties, water availability, and climatic conditions. As a result, the
observed relationships between topography and AGB carbon should be
interpreted as correlative rather than mechanistic, and the relative
contribution of specific environmental factors cannot be disentangled
within the current framework. Finally, the influence of disturbance re-
gimes, stand age, and edaphic factors should also be evaluated to further
refine landscape-scale carbon estimates.

4.2. Forest management and conservation

Within the framework of nature-based climate solutions, our results
suggest that forest management strategies in semiarid mountain regions
should move beyond carbon-centric approaches in order to explicitly
integrate topography, vegetation type, and biodiversity considerations.
From a spatial planning perspective, mid-elevation zones (1400-1500 m
a.s.l.) and gentle slopes (0-10°) where native forests concentrate their
highest AGB carbon stocks, should be considered high-priority areas for
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conservation and restoration (Griscom et al., 2017; Korner, 2017;
Ameray et al., 2021). These topographic sites are spatially limited and
often overlap with suitable areas for pine plantations, indicating that the
expansion of carbon-oriented forestry in these zones may entail biodi-
versity losses, including endemic species In this context, avoiding
further conversion of native forests, particularly in key topographic
positions, could help maintain multifunctional landscapes and reduce
trade-offs between carbon storage and biodiversity conservation (Hua
et al., 2022).

5. Conclusions

We found that in semi-arid mountain environments, the widespread
assumption that exotic plantations necessarily store more carbon than
native forests does not consistently hold true. Our results indicate that,
under specific topographic conditions—particularly at mid-elevations
and on gentle slopes—native forests can approach comparable AGB
carbon stocks to those of pine plantations. Moreover, the higher levels of
biodiversity, particularly endemism, recorded in native forests under-
score their importance for conservation and restoration strategies.
Together, these findings emphasize the need to account for local topo-
graphic context when assessing carbon storage potential across forest
types, and to integrate biodiversity considerations to ensure full
ecosystem functioning. Such an integrated perspective is particularly
relevant for international crediting frameworks that aim to incorporate
both carbon storage and biodiversity within broader ecosystem con-
servation objectives.
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