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21Key Points:

22 o Estimating carbon and water fluxes across mountain landscapes remains a major
23 challenge due to their high environmental heterogeneity.

24 * We combined forest and hydrological models with remote sensing and four machine
25 learning algorithms to estimate carbon and water fluxes.

26 ® Created high-resolution maps for gross primary productivity, net primary productivity,
27 and evapotranspiration across Italian Alpine forests.
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28Abstract

29Estimating carbon and water fluxes across mountain landscapes is challenging due to
30environmental heterogeneity. In the Italian Alps, complex topography and fragmented land use
31further complicates carbon accounting. The European Green Deal recognizes forests as climate
32allies, requiring accurate, spatially explicit assessments of their carbon and water exchange. To
33address this pressing need, we first simulated carbon and water fluxes of the Italian National
34Forest Inventory plots using a process-based ecosystem model. These simulations, together
35with predictors derived from remote sensing and a hydroclimatic model, were used to train
36four machine learning algorithms. We developed an integrated framework combining the
37process-based model with these data-driven methods to generate 30m resolution maps of
38Gross Primary Productivity (GPP), Net Primary Productivity (NPP), and Evapotranspiration (ET)
39across the Italian Alps for 2020. Among the tested models, Random Forest consistently
40achieved the highest predictive performance. Biomass predictors mainly explained GPP and
41NPP, climate controlled ET. The results (R* = 0.40, 0.28, and 0.27 for GPP, NPP, and ET,
42respectively) provide valuable insights into the complexity and spatial heterogeneity of Alpine
43forest ecosystems, highlighting the complementary information captured by integrated
44modelling approaches. Our results demonstrate the potential of integrated modelling to
45generate spatially explicit estimates of forest carbon and water fluxes, offering additional
46perspectives on ecosystem functioning beyond those captured by individual observational
47datasets. The resulting maps provide unprecedented spatial detail for GPP, NPP, and ET across
48ltalian Alpine forests, supporting ecosystem monitoring, carbon budget assessments, and forest

49management strategies for climate adaptation and mitigation.
50

51Plain Language Summary
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52Forest ecosystems play an important role in removing carbon dioxide from the atmosphere and
53storing carbon in vegetation and soils. They also regulate water cycling, which can influence
54local and regional climate conditions. These mechanisms are increasingly important because
55human activities, particularly the burning of fossil fuels, are raising atmospheric carbon dioxide
56concentrations and contributing to climate change. However, estimating carbon and water
57fluxes across the Italian Alps is challenging. The region includes strong environmental gradients,
s8diverse forest types, fragmented land use, different management practices, and several
59administrative boundaries. These factors make it difficult to produce consistent estimates over
60large areas. To address this challenge, we developed a framework that combines a process-
61based ecosystem model, an hydroclimatic model, satellite observations, and machine-learning
62algorithms. Together, these tools allow us to estimate forest carbon and water fluxes at high
63spatial resolution. The framework produces continuous maps of gross primary productivity, net
é64primary productivity, and evapotranspiration across the Italian Alps. These maps can support
65ecosystem monitoring, improve regional carbon-budget assessments, and inform forest-

66management strategies for climate-change mitigation and adaptation.

67

681 Introduction
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69According to the IPCC (2022), the Paris Agreement (2015) and subsequently the Glasgow
70climate conference (COP26, 2021), limiting global warming to 1.5°C - or well below 2°C - above
71pre-industrial levels requires achieving a balance between anthropogenic emissions and
72removals (i.e., net-zero CO,e emissions) by the second half of this century. The European Green

73Deal (European Commission, 2021) highlights the crucial role of forests as key allies in both

74adapting to and fighting climate change. To this purpose, forest ecosystems play a vital role in
75absorbing carbon dioxide from the atmosphere and storing it in their tissues (Lorenz & Lal,
762009), as well as in the soil (Lal, 2005). However, across the biomes, not all ecosystems have the
77same capacity to absorb and store atmospheric carbon dioxide, as this process is influenced by
78environmental variables, topography, species composition, forest age, anthropogenic and

79natural disturbances (Holtmann et al., 2021; Migliavacca et al., 2021; Saponaro et al., 2025;

8oVangi et al., 2024). This is particularly true in Alpine regions, where both the physical landscape,

81icharacterized by complex terrain, diverse ecosystems, and fragmented land use, and
82administrative complexity pose unique challenges for coherent climate policy and carbon

83accounting (Food and Agriculture Organization of the United Nations et al., 2019; Kotlarski et

84al., 2022). Europe, and the European Alps in particular, are considered especially vulnerable to
8s5climate change, which can alter forest structure and species composition, thereby driving
86substantial changes in carbon and water fluxes and making them increasingly difficult to

87quantify accurately (Bonan, 2008: Frank et al., 2015; Rank et al., 2023). This could weaken the

8sforest’s carbon sequestration and long-term carbon sink capacity (Alsafadi et al., 2024

89Hartmann et al., 2022). In addition, the frequent snow droughts, declining snow cover and

9oglacier retreat in the Alps are expected to severely limit tree water availability (Avanzi et al.,
912024; Brighenti et al., 2024; Gobiet et al., 2014). Furthermore, alterations in precipitation

92regimes (e.g. dry spells) associated with climate change, together with rising temperatures, are
93expected to increase atmospheric vapor pressure deficit (VPD), thereby enhancing atmospheric

94evaporative demand and intensifying water loss from forest ecosystems (Karimzadeh et al.,

952025; Khadke et al., 2026: Schonbeck et al., 2022). Forests and understory vegetation strongly

96regulate the water cycle through transpiration (T), which is one of the major fluxes alongside

97evaporation from the soil (E), in which the combination is known as Evapotranspiration (ET)
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98(Sheil, 2018: Thornthwaite & Mather, 1951). Transpiration is regulated via stomatal

99conductance, which in turn depends on hydraulic root conductivity of the plant, soil moisture,

100solar radiation, leaf CO, concentration, and VPD (Bonan et al., 2014; Jarvis, 1976; Whitehead,

1011998). Nearly 40% of global terrestrial precipitation is taken up by plant roots and returned to
102the atmosphere as water vapor via stomatal transpiration, which rises significantly when

103accounting for direct soil evaporation and canopy interception (Schlesinger & Jasechko, 2014).

104Accurately estimating ET in the Alpine ecosystem is crucial not only for forest water resource
105management and climate change impact assessments, but also for understanding forest water
106regulation and the strong land-atmosphere coupling that characterizes these mountain
107environments.

108In the context of carbon accounting, many countries have established a system of measurement
109known as National Forest Inventories (NFI) to track the stocks of wood and carbon, which in the
110past were more oriented to biomass production, and later evolved to monitor also biodiversity,
111disturbances, ecosystem service functions (e.g. freshwater, biomass, food, soil formation and so

1120n) as well as climate change impacts (Araza et al., 2023).
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113Traditional NFls rely on a field network of sampling points (i.e., forest plots) in which qualitative
114and quantitative attributes are measured periodically. Field surveys are processed to provide
115aggregated statistics at different administrative levels (usually from national to NUTS2 level).
116However, traditional NFls suffer from sparse sampling and long survey cycles (usually from 5 to
11710 years), which are not able to fulfil the periodic international reporting needs and the
118operational decision-making at the single-owner level. To augment traditional NFI, forest
119models provide a complementary framework for estimating dynamic ecosystem variables and

120for projecting long-term changes in stand structure (Liu et al., 2022; Morales et al., 2005:

121Morichetti et al., 2024). By integrating structural forest stand data from the NFI with climatic

122inputs, stand level process-based models can be used to simulate carbon and water fluxes, as
123well as their temporal dynamics. This approach enables the use of contemporary and future

124projections to determine whether forests act as carbon sinks or sources (Harkénen et al., 2011).

125However, although process-based models are essential for representing key ecological processes

126(Niu_et al., 2021), they may be constrained by parameter uncertainty and process

127representations (Larocque et al., 2008; Shiklomanov et al., 2020). In this regard, combining

128them with complementary data and approaches, including remote sensing (RS) products and
129machine learning (ML) algorithms, can enhance the overall accuracy and interpretability of

130simulations (Boukhris et al., 2025; Dou et al., 2018).

131Adopting a hybrid framework that leverages ML algorithms and RS data is necessary to bridge
132the gap between site-specific data and landscape-level estimations, as already explored by Jung
133et al. (2011) and Maxwell et al. (2018). This approach moves beyond the constraints of
134traditional parametric relationships, enabling robust spatial upscaling by accounting for the
135complex, multi-dimensional interactions within forest ecosystem functioning datasets.

136To better understand and quantify the role of Italian Alpine forests to regional carbon and water
137budgets, this study estimates their contributions to these fluxes. Forest carbon and water fluxes
138were predicted using a multi-approach framework: first, by simulating NFI field plots of the
139forest stand distributed across the entire Italian Alpine region, and then by integrating RS data
140with ML algorithms to spatialize the results and produce a high-resolution (30 m) wall-to-wall

141map of the region.
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142In this respect, it is crucial to perform a high-resolution analysis of the spatial variability of
143Alpine forest responses, specifically regarding Gross Primary Production (GPP), Net Primary
144Production (NPP), and Evapotranspiration (ET).

145Specifically, we aimed, for the first time for the Italian country, to: (i) generate spatially
146continuous 30 meters estimates of GPP, NPP, and ET for the test-year 2020; (ii) identify the
147relative importance (i.e. permutation importance) of forest structural, climatic, topographic, and
148phenological variables in explaining the spatial variability of these fluxes; and (iii) quantify the
149uncertainty associated with the resulting spatial predictions. We hypothesised that carbon and
150water fluxes would respond to fundamentally different environmental controls: (H1) spatial
151variation in GPP and NPP would be primarily shaped by forest structure, with greater canopy
152development and biomass supporting higher carbon assimilation; whereas (H2) ET would be
153governed more strongly by climate and moisture availability, reflecting the predominant control

1540f atmospheric demand and water supply over ecosystem water fluxes.

1552 Materials and Methods

156 2.1 Study area
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The Italian Alpine region spans approximately 52,000 km? across seven administrative
regions, extending from Valle d’Aosta in the west to Friuli Venezia Giulia in the east. This
area exhibits substantial topographic variability, encompassing elevations ranging from
1,386 m a.s.l. (Monte Settepani) to 4,810 m a.s.l. (Monte Bianco). At the regional scale,
the northwestern and northeastern sectors of the Greater Alpine Region (GAR) display a
broadly coherent warming signal (+1.1-1.6°C per century). The precipitation signal varies
significantly across regions and altitudes, with winter precipitation increasing in the
northwestern Alps (+20% to +40% per century), while summer brings widespread drying

(e.g. dropping by 20%-30% per century in western plains and 40%-50% per century in

the southern plains), compared to a minor decline (<10%) above 1500 m (Brunetti et al..

2006, 2009; Ménégoz et al., 2020). In the Italian Alpine region, forest composition varies

with altitude: lower montane zones are dominated by broadleaf species such as
European beech (Fagus sylvatica L.), sessile oak (Quercus petraea (Matt.) Liebl.),
pedunculate oak (Quercus robur L.), pubescent oak (Quercus pubescens Willd.), and
chestnut (Castanea sativa Mill.), whereas mid-to-upper montane belts are characterized
by mixed and pure stands of norway spruce (Picea abies (L.) H. Karst), silver fir (Abies
alba Mill.), European larch (Larix decidua L.), scots pine (Pinus sylvestris L.), Swiss stone

pine (Pinus cembra L.), and mountain pine (Pinus mugo Turra).

2.2 Data description

2.2.1 National Forest Inventory data
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Field data were collected as part of the third Italian NFI (INFC, 2015). The Italian NFI

employed a systematic, unaligned sampling design based on a 1 km x 1 km grid of

temporary plots, conducted in three distinct phases (Fattorini et al., 2006). In the first
phase, each sampling point was photo-interpreted to classify land use. During the
second phase, qualitative field data were collected from a subset of points identified as
forested. This information included silvicultural and management systems, forest
category, ownership, constraints, and accessibility. In the third phase, a total of 6,174
points from the second phase were selected, stratified by administrative regions (NUTS2
level) and forest types. At these locations, quantitative data were collected within 13-
meter radius circular plots, including tree species, diameter at breast height (DBH), and
tree height, which were used to calculate the growing stock volume (GSV) for each

callipered tree using national species-specific allometric models (Tabacchi et al., 2011).

Plot-level GSV was derived by aggregating tree-level GSV. The third-phase field survey
was carried out between 2018 and 2020. Recently, Vangi et al. (2025) performed the first
National-scale simulation and validation of the 3D-CMCC-FEM process model (see
supplementary materials for a description of the model and 2.2.2 for the model setup),
using third-phase data from the second and third Italian NFI (field surveys carried out in
2005 and 2015, respectively), demonstrating the model's ability to accurately predict
carbon stocks and fluxes. In this study, plot-level data resulting from those simulations
were used. All plots in the Alpine region were selected, totaling 1516 plots (Fig. 1), for
which values of carbon and water fluxes, as well as modelled biomass and carbon stocks,
are available for the years 2005-2020. Moreover, disturbed plots were identified and
removed, yielding a final dataset of around 1415 plots. For a complete list of the model

variables available in the selected plots, refer to Vangi et al. (2025) and Collalti et al.
(2024).
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Fig. 1. Study area (in orange) and spatial distribution of the NFI plots within the study
area (blue points).

2.2.2 Process-based model output data

The 3D-CMCC-FEM (Three Dimensional - Coupled Model Carbon Cycle - Forest Ecosystem
Module; Collalti et al., 2016, 2024; Dalmonech et al., 2026; Marconi et al., 2017;

Morichetti et al., 2024) simulations used in this study were performed by Vangi et al.
(2025), using approximately 5135 Italian NFI plots. The model was initialized in 2005,
corresponding to the second NFI field campaign, using the stand characteristics recorded
during that survey, and was run until 2020, corresponding to the third Italian NFI field
campaign. Since the simulated points from Vangi et al. (2025) covered the entire Italian
national territory, we selected only those located within our study area, the Italian
Alpine region (Fig.1). A comprehensive description of how carbon and water fluxes are
simulated by the 3D-CMCC-FEM model is provided in the supplementary materials and
in Collalti et al. (2024).
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2.2.3 Spatial predictor variables
2.2.3.1 Vegetation phenology and productivity

High-Resolution Vegetation Productivity and Phenology (HRVPP) is a new suite of
products from the Copernicus Land Monitoring Service (CLMS), including Vegetation
Phenology Parameters (VPP), generated annually from the seasonal trajectory of the
Plant Productivity Index derived from Sentinel-2 time. VPP comprises 13 phenology
metrics that describe vegetation dynamics during the growing season. For a more in-

depth description of the HRVPP suite, refer to Vangi et al. (2026).

2.2.3.2 Forest structure and composition
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The forest GSV map for the study region was obtained by combining field observation
with RS data. Field reference data were derived from 4,877 plots surveyed within the
Italian NFI (INFC, 2015). We used all field plots excluding those located within the Italian
Alps study area to avoid imposing an artificial correlation between the dependent
variables and the predictors. To be consistent with the reference year of the study, we
selected only plots measured between 2019 and 2020. RS predictors were derived from
national Sentinel-2 composites obtained with the Best Available Pixel approach (White
et al., 2014). We expanded the original spectral bands (blue, green, red, red-edge 1-4,
NIR, SWIR1, SWIR2) by calculating several vegetation indices: normalized difference
vegetation index (NDVI), normalized burn ratio (NBR), enhanced vegetation index (EVI),
and Tasseled Cap Brightness (TCB), Wetness (TCW), Greenness (TCG), and Angle (TCA).
Based on these 13 variables, harmonic metrics were computed following Shumway and
Stoffer (2017). For each pixel, four harmonic coefficients were estimated, together with
amplitude, phase, and root mean square error (RMSE), resulting in 91 harmonic metrics.
To benchmark harmonic predictors, we also generated four seasonal cloud-free

composites (autumn, winter, spring, and summer) using the Medoid compositing

approach (Kennedy et al., 2010), which selects pixels with reflectance values closest to
the temporal median of the image collection. Additional predictors included elevation,
slope, aspect, and spatial coordinates. We used the random forest (RF) algorithm to
model the relationship between measured GSV and RS predictors. Hyperparameters
were optimized using leave-one-out cross-validation (LOOCV), testing all combinations of
variables used for splitting (mtry = 10-50), number of trees (ntree = 200, 500, 1000), and
minimum node size (min.node.size = 1, 3, 5, 10, 20), for a total of 615 runs. The best
model, selected according to the highest coefficient of determination (R?), was finally

applied to map GSV across the Italian Alps.
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The gridded above-ground biomass (AGB) dataset was computed by integrating Alpha
Earth Foundation (AEF) Satellite Embeddings and GEDI-derived AGB estimates (Candotti

& Tomelleri, 2026). The AEF embeddings represent numerical and unitless temporal and
geographical interactions extracted as embeddings between important planetary
variables detected in Earth Observation missions, which result in 64 dimensions (bands)

at a 10-m native spatial resolution (Brown et al., 2025). Embeddings from the year 2022

were selected. GEDI-derived AGB estimates of the same year are available at a 25-m
spatial resolution from the GEDI L4R Raster AGB density (Mg/ha) dataset (Dubayah et
al., 2022). A RF regression model was chosen to predict AGB for the alpine region at a
common 30 m spatial resolution, using a subset of 3000 GEDI AGB estimates. The
calculations were performed in the Google Earth Engine (GEE) computing platform. To
measure the goodness, standard performance statistics such as absolute values for
RMSE and Pearson’s correlation (R) between predicted and GEDI-derived AGB were
extracted. Independent comparisons were performed with AGB from the Italian NFI and
from ESA's Climate Change Initiative (CCl Biomass). The canopy height model (CHM) was
considered using the dataset provided by Tolan et al. (2024). Covering the period from
2019 to 2020, this 1 m resolution global dataset provides a global analysis of tree height
and occupancy. The Tolan CHM was selected due to its direct temporal alighnment with
the study period. Before using the CHM data for our purpose, we regridded the spatial
resolution from 1 m to 30 m. The LAl was obtained from CLMS using Sentinel-3 imagery
from May to September 2020. The index was derived using the 10-day images, and

processed via Climate Data Operators (CDO) (Schulzweida, 2023) to generate a median

composite for the study area (CLMS, 2017, accessed 04/2026). To account for forest

composition, we integrated the European tree genus map (hereafter indicated as
“Species”) at 10 m resolution, then resampled at 30 m resolution, for the year 2020 (De

Keersmaecker et al., 2024). This dataset, derived from Sentinel-1 and Sentinel-2 imagery,

provides a detailed classification of eight dominant taxa, including Larix, Picea, Pinus,
Fagus, and Quercus, allowing for genus-specific analysis of ecosystem fluxes (accessed

02/2026).
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2.2.3.3 Climatic drivers

High-resolution climate data, including temperature (Temperature), precipitation
(Precipitation), radiation (Radiation), relative humidity (Relative_hum), wind speed
(Wind_speed), snow water equivalent (SWE) and snow depth (SNOWDPTH), were
simulated using the physically based snow-hydrological model openAMUNDSEN v1.0.0
(Alpine MUItiscale Numerical Distributed Simulation Engine). This model, specifically
developed for mountain environments, incorporates spatial interpolation of
meteorological observations while accounting for complex topographic effects (Strasser
et al., 2024). Model simulations were driven by ERA5 reanalysis data across the Alpine
region, where more than 100 data points were selected to serve as local
thermopluviometric reference stations (C3S, 2018). These data, comprising air
temperature, precipitation, solar radiation, relative humidity and wind speed, were used
to force the model at a spatial resolution of 30 m and a daily temporal resolution. In
addition, we calculated VPD from the relative humidity simulated by openAMUNDSEN
for the same year using Teten’s equation (Tetens, 1930) and processed via CDO.

2.2.3.4 Topographic and other predictors
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The National Digital Elevation Model (DEM) from the TINITALY project with a spatial

resolution of 10 m, is currently the finest-resolution DEM available at the national level

(Tarquini et al., 2007). From the DEM, slope and aspect were derived using the Horn
formula (accessed 03/2025). The aspect was then further subdivided into Northness and
Eastness using sine and cosine trigonometric calculations to obtain greater ecological
information as a predictor. The High-resolution Layer Forest Type (FTY) was retrieved
from the Copernicus database (2018-present) at 10 m spatial resolution, which provides
information on pan-European forests. The FTY is divided into three classes: all non-forest
areas, broadleaved forest, and coniferous forest. The map is first regridded to match the
common 30 m spatial resolution of all other variables and then used as a forest mask

during the analysis (EEA 2024, accessed 08/2025). The Enhanced Vegetation Index 2

(EVI2) was calculated using Sentinel-2 L2A harmonized imagery from May to September
2020. The index was derived using a two-band approach, near-infrared (B8) and red (B4)
bands, and processed via GEE to generate a cloud-masked median composite for the
study area

(https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS S2 SR HA

RMONIZED, accessed 03/2026). Land Surface Temperature (LST) for 2020 was retrieved
from Landsat 8 Collection 2 Level-2 imagery for the period May-September. The
processing workflow involved atmospheric correction using internal scaling factors,
cloud masking, and the derivation of land surface emissivity based on the Fractional
Vegetation Cover (FVC) method. Also in this case LST values were calculated using GEE

(https://developers.google.com/earth-engine/datasets/catalog/LANDSAT LCO8 C02 T1

L2#terms-of-use, accessed 01/2026). To account for vegetation-soil water content, the

Normalized Difference Moisture Index (NDMI) was calculated using Sentinel-2 L2A
imagery. Following Gao B.C. (1996), the index was derived from the near-infrared (B8)
and short-wave infrared (B11) bands. A seasonal mean composite was generated for the
period between May and September 2020 to avoid the snow signal, applying a bitwise
cloud mask to the QA60 band to ensure data quality and minimize atmospheric

interference
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(https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS S2 SR HA

RMONIZED#bands, accessed 11/2025). To derive the Snow Cover Duration (SCD) for the

year 2020, we processed daily fractional snow cover (FSC) data, provided by the
Copernicus Land Monitoring Service, using CDO. The daily observations were first
concatenated into a continuous annual time series. Subsequently, a binary snow mask
was generated by thresholding the pixels to isolate snow presence. Finally, the SCD was
calculated by performing a temporal summation of the masked daily values, yielding the
total number of snow-covered days per pixel for the entire year (accessed 04/2026). A

brief list of all products is provided in Table 1, whereas a complete list is in Table S1.

Table 1. The brief list of the 35 predictors available for use as input for the machine
learning algorithms. All the predictors were obtained for 2020.

Predictors
Category Abbreviation
Vegetation phenology and AMPL - EOSD - EOSV - LEGHT -
productivity LSLOPE - MAXD - MAXV - MINV -
RSLOPE - SOSD - SOSV - SPROD -
TCW - TPROD
Forest structure and composition GSV - AGB - CHM - LAI - Species
Climate drivers Precipitation - Radiation -

Relative_hum - Temperature -
Wind_speed - SWE - SNOWDPTH -
VPD

Topographic and other DEM - Slope - Northness - Eastness
environmental predictors - EVI2 - LST - NDMI - SCD
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2.2.4 Machine-learning models

We evaluated four ML algorithms, Random Forests (RF), Extreme Gradient Boosting
(XGB), Support Vector Machine (SVM), and Artificial Neural Network (ANN), to predict
key forest variables, GPP, NPP and ET. The RF is an ensemble-tree algorithm that has
shown strong performance in capturing complex, nonlinear relationships (Breiman,

2001; Pagano et al., 2023), while being robust to overfitting and collinearity among

predictors. XGB is a supervised learning algorithm based on a scalable, end-to-end tree-
boosting system. Like RF, XGB is an ensemble of decision trees, but it uses gradient-
based optimization to build the ensemble, sequentially training weak learners to

improve the previous models’ performance (T. Chen & Guestrin, 2016). Here we used

the following parameterization, with 500 trees (n_estimator), a tree depth of 3

(max_depth) and a learning rate of 0.1.
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The SVM can generate non-linear decision surfaces by mapping the data into a high-

dimensional space via nonlinear mapping functions called kernel functions (Cortes &

Vapnik, 1995; Pal & Mather, 2005), allowing the data to be separated by linear

hyperplanes (Dixon & Candade, 2008). In this study, we employed Support Vector

Regression (SVR) with a C of 500 and € of 0.1. ANNs are computational models
biologically inspired by the structure of the human brain, consisting of a dense network
of interconnected nodes (neurons) that process information through weighted

connections (Mehrotra et al., 1997). Specifically, we used the Multi-layer Perceptron

(MLP) regression, a supervised learning algorithm trained via backpropagation. To
handle non-linear dependencies, we implemented a regressor consisting of two hidden
layers with 64 neurons each. We set the Rectified Linear Unit (ReLU) activation function

and the solver “Adam” (Kingma & Ba, 2014). The model was configured with a maximum

of 1000 iterations to ensure sufficient convergence time; however, to prioritize
generalization and prevent overfitting, an early stopping mechanism was integrated,
terminating the training process if the validation loss failed to improve for 20
consecutive iterations. To ensure robust evaluation and control for spatial
autocorrelation, we applied 5-fold cross-validation together with a group spatial block
analysis for each algorithm. The analyses were performed using Python v.3.13.9. The
predictive accuracy and performance of the machine learning algorithms for GPP, NPP,
and ET were evaluated using the R?, RMSE, and relative RMSE (RMSE%).

Importantly, after comparing the performance of the four ML algorithms, we selected RF
to generate the wall-to-wall maps and for all subsequent analyses (section 2.2.5)

because it achieved the highest predictive performance.

2.2.5 Model optimization and interpretation

2.2.5.1 Recursive Feature Elimination with Cross-Validation
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Before running the RF algorithm for each of the target variables, we performed a feature
selection algorithm, as also used by Barzani et al. (2024). The Recursive Feature
Elimination with Cross-Validation (RFECV) is a useful technique for identifying the most
relevant features to optimize model performance and interpretability. The RFECV was
implemented using an RF regressor as the underlying estimator. This estimator was
configured with 100 decision trees (n_estimators=100) and a fixed random_state=0 to
ensure result reproducibility. The selection process followed a step-wise pruning
approach, where one feature was removed at each iteration (step=1) based on its
importance rank. To ensure the stability and generalizability of the selected subset, a 5-
fold Cross-Validation strategy with shuffling (KFold, n_splits=5) was considered. The
optimal number of features was determined by maximizing the R? score, ensuring that
the final subset retained the highest predictive power for the continuous GPP, NPP and

ET target variables.

2.2.5.2 Hyperparameter tuning

Following the feature selection process, the RF model was further refined through
hyperparameter optimization. To identify the optimal model configuration, we
performed hyperparameter tuning using the RandomizedSearchCV function (Scikit-learn
Python package) across 30 iterations. The research comprises critical parameters
including the number of estimators, maximum tree depth, minimum samples per leaf,
and maximum features. The best combination was selected based on the R? score,
evaluated through a 5-fold cross-validation strategy to identify the configuration that

yielded the highest predictive accuracy for the target variables.

2.2.5.3 Permutation importance
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Once the RF model was fitted to the entire dataset, permutation importance was utilized
to evaluate feature contributions. The method relies on the repeated permutation of a
feature to break its relationship with the target variable (i.e. GPP, NPP and ET), allowing
for an estimation of the resulting importance scores. A significant decrease in model
performance following this shuffling indicates that the feature, and its original
association with the outcome, is highly influential in the model's predictive process

(Altmann et al., 2010). The configuration involved 30 random shuffles per predictor,

using the validation subset to assess the model's generalization error. This setup allowed
for a reliable quantification of each variable's impact on the model's ability to predict

GPP, NPP, and ET.

2.2.5.4 Partial Dependence Plots

To interpret the complex relationships within the RF model, we utilized Partial
Dependence Plots (PDP). These plots visualize the functional dependence of the target
response on individual predictors, revealing the underlying patterns of interaction and
the degree of non-linearity inherent in the model's decision-making process (Danesh et
al., 2022).

2.2.5.5 Uncertainty quantification

To provide statistically rigorous uncertainty quantification for GPP, NPP, and ET

estimates, we implemented Conformal Prediction (CP) (Angelopoulos & Bates, 2021).

We leveraged CP to complement our RF model, moving beyond point estimates to
provide distribution-free uncertainty intervals. By defining a 95% confidence threshold,
we produced prediction sets that maintain non-asymptotic validity, offering a robust
measure of reliability for the flux predictions. To implement CP, we utilized the Model
Agnostic Prediction Interval Estimator (MAPIE) library in Python. Specifically, we utilized
Cross-Conformal Regression (cv=5) with a 5-fold cross-validation scheme and the plus

method (Taquet et al., 2022: Vovk, 2012). This configuration allowed us to generate

distribution-free prediction intervals at a 95% confidence level, as mentioned before,

ensuring robust uncertainty quantification for GPP, NPP, and ET estimates.
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3.1 High-resolution maps

Table 2 summarizes the performance metrics, R?>, RMSE and RMSE%, used to evaluate
the predictive accuracy and performance of the ML algorithms for GPP, NPP, and ET. The
four trained models were applied for the test-year 2020, where the RF outperformed the
other ML algorithms, SVM achieved relatively good performance, followed by the XGB,
whereas the worst performance was obtained by the ANN. Because the RF algorithm
outperformed the others, we used it exclusively, as mentioned above, to generate the
GPP, NPP, and ET maps (Figs. 2-3-4). The RF algorithm accurately predicted the value of
GPP over the entire area of Italian Alps for the year 2020 estimating the mean value of
1460 gC m? yr, with a minimum and maximum values of 353 and 2314 gC m™ yr™,
respectively (Fig.2). The highest GPP values were observed in the northeastern Alps,
particularly within the Trentino-Alto Adige region, where a clear spatial pattern is
evident. For the same year, the predicted NPP mean value was 630 gC m™ yr?, the
minimum value 177 g€ m™ yr* and the maximum value 1067 gC m™? yr* (Fig.3). Unlike
GPP, NPP displayed a more widespread distribution, showing less localized clustering
along the main valleys. Lastly, predicted ET averaged 784 mm with minimum and
maximum values of 135 and 1664 mm, respectively (Fig.4). ET exhibited a more uniform
and widespread spatial distribution, with high values consistently occurring across most

of the forested Alpine belt.
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GPP (gCm™yr™)

2,313

445

446 Fig. 2. Wall-to-wall high-resolution (30m) map of GPP (gC m™ yr) across the Italian Alps
447 for the test year 2020, generated using a RF algorithm.
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NPP (gC m=2yr™)

1,067

448

449 Fig. 3. Wall-to-wall high-resolution (30m) map of NPP (gC m?2yr™) across the Italian Alps
450 for the test year 2020, generated using a RF algorithm.
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451
452 Fig. 4. Wall-to-wall high-resolution map of ET (mm) across the Italian Alps for the test
453 year 2020, generated using a RF algorithm.
454 Table 2. The coefficient of determination (R?), the Root Mean Square Error (RMSE) and
455 Percentage Root Mean Square Error (RMSE%) averaged over 5 folds for the GPP (gC m™
456 yr'"), NPP (gC m?yr™) and ET (mm) of the machine learning algorithms performed for the
457 year 2020 over the Italian Alps.
Variables GPP NPP ET
Metrics R? RMSE RMSE% R? RMSE RMSE% R? RMSE RMSE%
Random 0.40 394.54 25.61 0.28 177.07 27.02 0.27 480.71 59.13
Forest
(RF)
Extreme 0.35 411.06 26.65 0.24 182.40 27.82 0.14 524,22 64.36
Gradient
Boosting
(XGB)
Artificial 0.31 424,51 27.52 0.18 190.16 28.99 0.19 507.09 62.34

Neural
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Network
(ANN)

Support
Vector
Machine
(SVM)

0.39

398.03

25.82

0.27

178.93
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0.24
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3.2 Feature analysis

The RFECV procedure for the GPP, NPP, and ET targets identified optimal subsets of
fifteen, thirteen, and nineteen predictors, respectively (Figs. $1-52-S3). Beyond these
thresholds, a decline in test accuracy was observed, suggesting that the inclusion of
additional features introduced noise or redundant information. While the specific
performance peaks may vary slightly depending on the cross-validation strategy, these
subsets represent the optimal balance between model parsimony and predictive power
for each flux target. The relative contribution of these predictors was further elucidated
through permutation importance analysis (Figs. S4-S5-S6). By quantifying the increase in
prediction error following the random shuffling of feature values, we identified the
primary environmental and biophysical drivers for each variable. The most influential
drivers for GPP included biomass and structural metrics (AGB, CHM), phenological
indicators (SOSD, TCW), and moisture-related indices (NDMI), alongside climatic and
topographic variables such as Temperature, Wind_ speed, DEM, and Slope. The NPP was
predominantly driven by moisture availability (NDMI) and vegetation structure (CHM,
AGB, LAI). Additionally, the model utilized thermal and topographic constraints
(Temperature, DEM), phenological indicators (TCW, SOSD, EOSV, Length), as well as
climatic variables (Precipitation and Wind_speed). ET, in contrast to the productivity
targets, was primarily governed by energy and moisture gradients. Temperature, NDMI,
and DEM emerged as the top predictors, supplemented by canopy structure (CHM, LAl),
atmospheric conditions (Wind_speed, Relative humidity, and Precipitation) and

phenological indicators (RSLOPE, SOSD, SPROD and MAXV).

3.3 PDP results
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The partial dependence plot illustrates the effect of each input variable on GPP, NPP, and
ET (Figs. 5-6-7). Biomass (AGB and GSV) exerted a strong positive impact on GPP,
increasing from 1350 to 1750 gC m™ yr* with rising biomass. Similar positive trends
occurred with increasing NDMI and CHM. LAl showed a slight increase from 1500 to
1600 gC m™ yr?, as did temperature (from 1400 to 1600 gC m™ yr* at higher values).
DEM negatively affected GPP at higher altitudes, decreasing from 1600 to 1400 gC m2yr’
! while eastness yielded a steady slight rise from 1500 to 1600 gC m™ yr™* toward eastern
exposures. LSLOPE declined from 1650 to 1450 gC m™ yr'; precipitation remained stable
between 1500 and 1600 gC m™? yr'; SNOWDPTH decreased from 1600 to 1450 gC m? yr*
with reduced depth; and SOSD stayed constant near 1600 g€C m™ yr* before dropping to
1400 gC m™ yr™. Slope caused a decline from 1550 to 1450 gC m™ yr* with steeper
angles; TCW held steady at 1500 gC m™? yr* before rising to 1600 gC m? yr* as TCW
decreased; and Wind_speed fluctuated between 1600 and 1500 g€C m™2 yr™.

Similar results were obtained for NPP (Fig. 6), with biomass (AGB and GSV) showing a
strong positive effect, rising from 600 to 700 gC m™ yr* as biomass increased. NDMI and
CHM exhibited comparable positive trends, with NDMI even more pronounced at higher
values. LAl produced a modest gain from 620 to 680 gC m™ yr?, as similar as
Temperature's slight increase that was from 620 to 680 gC m™ yr™* at higher values. DEM
reduced NPP at elevated altitudes (from 680 to 600 gC m™2 yr™), while EVI2 drove a slight
increase from 640 to 680 gC m™? yr. SOSD declined from 680 to 620 gC m™ yr™; EOSV
rose slightly then decreased between 640 and 660 gC m?2 yr*; TCW rose from 640 to 700
gC m? yr' at higher values; SNOWDPTH increased from 620 to 680 gC m™ yr* with

greater depth; and SWE showed a slight increase from 620 to 680 gC m? yr™.
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ET responses differed from those of GPP and NPP. Biomass (GSV) had a marginal effect,

ranging from 750 to 850 mm, as shown by the CHM. DEM showed a more pronounced

negative impact than for GPP or NPP, with reductions starting at mid-elevations and

dropping sharply to 650 mm at the highest altitudes (from 900 mm). NDMI significantly

increased ET from 650 to 950 mm, with a similar pattern for Temperature (550 to 950

mm). VPD rose from 700 to 850 mm, as also evidenced for EVI2 (750 to 850 mm).

Eastness, Northness, LENGHT, MINV, Precipitation, Slope, SPROD, and SOSD remained

stable between 800 and 850 mm. RSLOPE decreased slightly mid-range from 850 to 750

mm; Wind_speed declined slightly from 850 to 800 mm; and SNOWDPTH stayed stable

initially before dropping from 850 to 750 mm. LST slightly decreased ET from ~900 to

800 mm (Fig. 7).
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Fig 5. Partial dependence plots for GPP obtained after running the RF algorithm. The
above-ground biomass (AGB), canopy height model (CHM), digital elevation model
(DEM), aspect (Eastness), growing stock volume (GSV), leaf area index (LAl), slope of the
greening phase (LSLOPE), normalized difference moisture index (NDMI), precipitation
(Precipitation), snow depth (SNOWDPTH), start of the season-DoY (SOSD), slope (Slope),
tasselled cap wetness (TCW), temperature (Temperature), wind speed (Wind_speed).
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Fig 6. Partial dependence plots for NPP obtained after running the RF algorithm. The
above-ground biomass (AGB), canopy height model (CHM), digital elevation model
(DEM), end of the season (EOSV), growing stock volume (GSV), leaf area index (LAl),
normalized difference moisture index (NDMI), snow depth (SNOWDPTH), start of the
season-DoY (SOSD), snow water equivalent (SWE), tasselled cap wetness (TCW),
temperature (Temperature).
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ET - Partial Dependence Plots

Y 900
c
Q
S 800 —’_f//_ﬁ
Q
[
©
— 700
0
£
©
a- 600
e ] ] | s e | o g L i el b ] i [ e | Il et o s s e e |
0 10 20 500 1000 1500 0.3 0.4 0.5 0.6 0.7 -1.0 -05 0.0 0.5 1.0
CHM DEM EVI2 Eastness
Y 900
c
Q
B e e = DS L -~ ———
S 800 /—»~/‘/—’
=9
]
— 700
0
: o
©
a- 600
(R S S N AN | S TR S S 40 Pl L) R 1 A |
200 300 400 120 140 160 180 200 20 222 24 26 28 0.0 0.1 0.2 0.3
GSV LENGHT LST MINV
9 900
c
()
e ~ e e e /K
lUBOO
Q
35
— 700
O
€
©
- 600
SIS (O T P BT RS (R R 0 o= ey L) A= S [ 1 {1 T T I il
0.15 0.20 0.25 0.30 0.35 0.40 -1.0 -05 0.0 0.5 1.0 1000 1250 1500 1750 2000 2250 0.005 0.010 0.015 0.020 0.025
NDMI Northness Precipitation RSLOPE
9 900
c
()
S 800 —\-—/\J
Q
3
— 700
-0
=
©
- 600
TR O A S R R PO (RS o 1 e [ [ i[5 1 T O o 12 R
0.00 0.02 0.04 0.06 18060 18080 18100 18120 18140 50 100 150 200 250 10 20 30 40
SNOWDPTH SOSD SPROD Slope
9 900
c
()
'g _\/\_’__,___
(UBOO /\//'/J
Q
35
— 700
©
=
©
a- 600
R A e 1 IR B e 1 [ S 2 B | ST S 1
4 6 8 10 12, 25 3.0 3.5 4.0 0.8 1.0 1.2 1.4
Temperature VPD Wind_speed

Fig 7. Partial dependence plots for ET obtained after running the RF algorithm. The
canopy height model (CHM), digital elevation model (DEM), enhanced vegetation index-
2 (EVI12), aspect (Eastness), growing stock volume (GSV), length of the season (LENGHT),
land surface temperature (LST), min of the season (MINV), normalized difference
moisture index (NDMI), aspect (Northness), precipitation (Precipitation), slope of the
browning phase (RSLOPE), snow depth (SNOWDPTH), start of the season-DoY (SOSD),
seasonal productivity (SPROD), slope (Slope), temperature (Temperature), vapour
pressure deficit (VPD), wind speed (Wind_speed).

3.4 Uncertainty driven by Conformal Prediction
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To quantify predictive uncertainty, we wrapped the trained RF regressors in a CP

framework (Johansson et al., 2014). This used residual-based nonconformity scores to

generate distribution-free prediction intervals with finite-sample coverage guarantees
for GPP, NPP, and ET. We added upper and lower bands to the wall-to-wall maps; for
GPP, the lower band was 681 gC m? yr* and max 2245 gC m™ yr’; for NPP, the lower
band was 264 gC m? yr* and the upper band was 997 g€C m? yr; and for ET, the lower

band was 32 mm and the upper band was 1759 mm.

5484 Discussion

549With the aim of quantifying the spatial variability of carbon and water fluxes and disentangling

550their underlying environmental controls, this study integrated process-based model (PBM)

551simulations, NFI data, RS products, and high-resolution climate information to upscale GPP, NPP,

552and ET across Italian Alpine forests at a 30 m spatial resolution for 2020. This multi-source

553framework enabled us not only to generate spatially continuous estimates of these fluxes, but

554also to assess the relative roles of forest structural, climatic, topographic, and phenological

555factors in shaping their spatial variability and to quantify the uncertainty associated with the

556resulting predictions.
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5570ur findings confirm our initial hypotheses regarding the hierarchical control of carbon and
558water fluxes across Alpine forest ecosystems. In support of H1, forest structural attributes were
559confirmed as the primary determinants of spatial variability in GPP and NPP. This strong
560association reveals forest structure as a key constraint on the spatial patterns of carbon
561assimilation across the complex Alpine landscape, with standing living biomass, stand density,
562and canopy development jointly shaping GPP and NPP. In addition to forest attributes, canopy
563and top-soil moisture (represented by NDMI) were a key determinant of both GPP and NPP. In
564sharp contrast, ET dynamics supported H2, revealing a distinct set of controls on ecosystem
s565water fluxes, which were governed predominantly by atmospheric demand and water
566availability rather than by forest structural attributes. Climatic and moisture-related variables
s567predominated in explaining ET spatial patterns across the Alpine region, reflecting the
568overarching influence of VPD, temperature, topography and soil water availability in modulating
569transpiration and soil evaporation. The relationships observed across the evaluated ML
570algorithms revealed varying degrees of correlation among estimates derived from different
571modelling approaches and data sources, with RF showing comparatively stronger
572correspondence. Rather than indicating the superiority of one approach over another, these
573differences provide valuable insights into how distinct methodologies capture complementary
574aspects of ecosystem variability in complex mountainous landscapes. They also highlight
5750pportunities to further improve the integration of these information sources by refining
576process-based representations of ecosystem dynamics and their parameterization, enhancing
577the characterization of topographic heterogeneity in RS observations (e.g., spatial resolution
578and topographic shadowing), and developing ML algorithms capable of better integrating
579information across steep environmental gradients.By explicitly quantifying the uncertainty
580associated with our 30 m spatial predictions, this study provides both a robust baseline for
581regional carbon and water accounting and a transparent evaluation of the performance of the

582integrated framework.

583 4.1 Spatial patterns of carbon and water fluxes across the Italian Alps

584 4.1.1 Carbon fluxes
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The spatial distribution of GPP (Fig. 2) reveals the highest values in the northeastern
Italian Alps. This is likely attributable to the high prevalence of tall-tree forests, which
account for at least 60% of the region’s forest cover and higher presence of Norway
spruce (well-adapted and highly productive) compared to the western alps (Caudullo et
al., 2016; Gasparini & Tabacchi, 2022; Kapeller et al., 2012). Indeed, as emerged from

the permutation importance and PDP analyses, the biomass (GSV and AGB) as well as
the CHM were the most influential drivers of both gross and net productivity. The
highest AGB values, as shown in Fig. S7, are concentrated in the northeastern Alps,
consistent with the spatial distribution of GPP. This finding is consistent with Luo et al.
(2026), who found that forest structure has an effect on GPP, even if scale-dependent.
Nevertheless, numerous other factors can influence carbon fluxes, including forest age,
stand density, topography, elevation, exposition and climatic conditions (Brandl et al.,
2019; Lewinska et al., 2018; Vangi et al., 2024). A detailed analysis shows that the mean

GPP predicted by the RF model (1460 gC m? yr™) aligns well with the findings of Fibbi et
al. (2019), who reported a GPP range of 1000-1800 gC m™ for the 1981-2090 period.
However, a direct comparison is limited because their estimates were derived from a
forest model projection. In this regard, Collalti et al. (2016) showed that the 3D-CMCC-
FEM model reproduced GPP consistently with eddy covariance observations across
diverse forest stands differing in species composition and developmental stage.
Consistently, Dalmonech et al. (2024, 2026) further demonstrated the model's ability to
reliably simulate GPP at the regional scale, showing good agreement with independent
remote sensing and model-based datasets. The more spatially heterogeneous
distribution of NPP may be explained by spatial differences in autotrophic respiration
(Ra), which are likely associated with the higher biomass observed in the northeastern
Alps. Indeed, as trees grow and age, their above- and belowground biomass increases,
resulting in greater total volume and, consequently, higher respiratory costs associated
with tissue construction and maintenance (West, 2020). Since NPP is calculated as the

difference between GPP and R, (Roxburgh et al., 2005), variation in autotrophic

respiration may account for the different spatial patterns observed for the two
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productivity metrics. Here, the estimated NPP value (630 gC m™ yr?) falls within the
range reported by Valentini and Miglietta (2014), although referring to a slightly different
time period. Similar results were obtained by Trotsiuk et al. (2020) in which the mean
value of NPP for the species Fagus sylvatica and Picea abies was 540 gC m™ yr* across
Switzerland during the 1991-2018 period. A comprehensive comparison across the
Alpine region is challenging because datasets available at comparable spatial and

temporal resolutions are limited and highly fragmented.

4.1.2 Water fluxes

Concerning ET, as hypothesized, drivers were strongly associated with climatic and
moisture-related variables (Fig. 7), with Temperature, NDMI, DEM and VPD emerging as
the most influential parameters. The estimated ET value (784 mm yr™?) lies within the
upper range reported for vegetated and forested Alpine environments, where annual ET
may reach 700-800 mm yr™* at lower elevations, while substantially lower values are
reported at high elevations (which can also be seen in Fig.7) due to temperature and

energy limitations (Herrnegger et al., 2012). Leng et al. (2024) reported that ET, both

measured across an independent dataset of 152 Eddy Covariance towers and simulated
by the BEPS model for 2001-2020, ranged from 400 to 800 mm across various global
biomes at a 1 km resolution.

ET rates increase with air and soil temperature due to the increased energy driving
evaporation from soil and transpiration from plants into the atmosphere (Chaouche et
al., 2010; Z. Luo et al., 2026). This process is also regulated by precipitation, which

increases soil moisture availability and rises vegetation canopy water content, a shift

directly reflected in elevated NDMI values (Gao, 1996: Zhu et al., 2014). Additionally,

higher temperatures increase VPD, which acts as the main driver for ET, drawing more
water that goes into the atmosphere while simultaneously reducing CO, uptake,

regardless of soil moisture levels (Sulman et al., 2016).

4.2 Contrasting controls on carbon productivity and evapotranspiration

4.2.1 Carbon fluxes
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The rational use of PDPs allowed us to draw detailed conclusions regarding the
relationships between predictors and target variables, revealing predominantly non-
linear responses characterized by threshold effects and saturation patterns. As before
mentioned, for GPP and NPP, forest structural attributes such as GSV, CHM, and AGB
show strong positive relationships, indicating that more structurally developed and
biomass-rich forest stands generally sustain higher photosynthetic activity (Fischer et al.,
2019; J. Zhang et al., 2016). However, these relationships tended to plateau at higher

values, suggesting diminishing marginal gains in productivity likely associated with

canopy competition, increased self-shading and the reduction of the resource use

efficiency (Binkley, 2004; Ryan et al., 1997). The observed plateau in GPP and NPP may
reflect not only changes in the amount and distribution of standing biomass as forests

develop and age (Collalti et al., 2020), but also increasing physiological constraints,

particularly hydraulic limitation and a reduced capacity for stomatal regulation (Ryan et
al., 2006). Together, these structural and hydraulic constraints can progressively limit
stomatal conductance and photosynthetic carbon uptake, ultimately constraining further

increases in ecosystem productivity (Ryan & Yoder, 1997: Urban & Urban, 2024).

Similarly, LAI (and EVI2 for NPP) exhibited a moderate positive effect, consistent with
their well-known rapid saturation at higher vegetation densities, while still supporting

the role of leaf area in enhancing carbon assimilation (Cao et al., 2025; Zhao et al.,

2021).
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Hydrological and vegetation moisture-related predictors also exerted an important
influence on GPP and NPP. In particular, productivity increased sharply as NDMI and TCW
(and SWE just for NPP) rose past intermediate moisture levels, underscoring how
increasing vegetation water status reduces stomatal limitations and promotes
photosynthesis. Conversely, for GPP, precipitation exhibited only a marginal effect,
suggesting that direct climatic inputs may be less informative than remotely sensed
proxies of actual vegetation water content, which more effectively capture plant

physiological responses to moisture availability (Flexas & Medrano, 2002; Yan et al.,

2016). SNOWDPTH exhibited contrasting relationships with GPP and NPP, with higher
snow depth generally associated with reduced GPP, whereas NPP showed a moderate
increase under intermediate snow conditions followed by steadying. These differing
responses suggest a complex role of snow cover in forest carbon dynamics, well
captured by the 3D-CMCC-FEM model, potentially reflecting both the legacy effects of
winter snow accumulation on active-season soil moisture and the extent to which

vegetation productivity is constrained by water availability (X. Wang et al., 2018: Y. Wang

et al., 2024). Temperature, both for GPP and NPP, showed a positive relationship
characterized by an initial increase followed by saturation at intermediate values,
consistent with the existence of a thermal optimum for photosynthesis, with different
response based on environment and species, beyond which gains in carbon assimilation

become limited (Medlyn et al., 2002; Yamori et al., 2014). Potential carbon sequestration

may be reduced by extreme temperatures, particularly during summer, when drought
can limit carbon uptake (e.g. as observed in 2018 and 2022) or even cause ecosystems to

become net carbon sources (van der Woude et al., 2023). Wind speed showed a weak

and marginal relationship with GPP. SOSD displayed a negative relationship with gross
and net productivity, particularly beyond a threshold, indicating that delayed onset of
the growing season may substantially constrain annual carbon uptake by shortening the
effective photosynthetically active period. This finding reinforces the ecological
importance of growing season timing as a determinant of ecosystem productivity (Piao

et al., 2007; Pulliainen et al., 2017; Richardson et al., 2009). DEM showed a slight
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declining trend at higher elevations, potentially reflecting colder temperatures, shorter
growing seasons, and harsher environmental conditions at higher altitudes. Eastness and
Slope predictors exhibited relatively minor effects, although the negative response
suggests that steeper or morphologically constrained terrain may reduce productivity
through lower soil development, reduced water retention capacity, or increased

erosional processes (T. Liang et al., 2024; Mehmood et al., 2024; Sun et al., 2025).

4.2.2 Water fluxes

For ET, PDPs revealed response patterns partially consistent with those observed for GPP
and NPP, while emphasizing a comparatively stronger influence of climatic controls over
forest structural attributes. Although forest structural variables such as CHM and GSV
maintained positive relationships with ET, similarly to productivity metrics, their effects
were weaker and saturated earlier, suggesting that forest structure contributes to
evapotranspirative fluxes but plays a secondary role relative to atmospheric and climatic

drivers (see Fig. 7).
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ET increased sharply above lower temperature thresholds before gradually approaching
saturation, suggesting that warmer conditions strongly enhance evaporative demand
and water fluxes until environmental and/or physiological constraints begin to limit

further increases (Yang et al., 2023). Similarly, VPD exhibited a positive response, with ET

increasing progressively under higher atmospheric water demand. This pattern suggests
that increases in atmospheric dryness may enhance water fluxes between vegetation
and the atmosphere, although the flattening of the response at higher VPD values
(together with the weak negative trend observed for LST) may indicate the onset of

physiological regulation, such as partial stomatal closure under excessive evaporative

stress (Grossiord et al., 2020; Wen et al., 2024). NDMI exhibited a strong positive
relationship with ET, while EVI2 showed a weaker but positive effect, highlighting the
importance of vegetation water status and canopy development in sustaining

evapotranspirative fluxes (J. Chen et al., 2026: Poon & Kinoshita, 2018). Although

evaporation contributes less to ecosystem water fluxes than transpiration, it remains an
important component and is strongly influenced by both soil moisture (SM) and VPD

(Kozii et al., 2020; Wetzel & Chang, 1987). While rising VPD tends to enhance

evaporation, the negative effect of declining SM is expected to dominate, causing
evaporation to continue decreasing. This would be even exacerbated in future (H. Chen

& Wei, 2025).
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DEM showed a marked negative relationship with ET, particularly at higher elevations,
where ET declined substantially. This pattern may reflect cooler conditions, reduced
atmospheric energy availability, and lower evaporation demand at higher altitudes as

well as the species composition (Goulden & Bales, 2014:; Hu et al., 2023). Eastness,

Northness and Slope exhibited relatively weak effects, indicating that local terrain
configuration exerted only a limited control on ET variability. Likewise, HRVPP-derived
variables (MINV, LENGHT, SOSD, SPROD, and RSLOPE) showed weak and largely stable
responses, highlighting a comparatively minor role of phenological dynamics relative to
climatic and hydrological drivers. SNOWDPTH showed a negative relationship, with ET
declining under higher snow depth conditions. This suggests reduced annual water
fluxes in environments characterized by greater snow persistence, which delays the

onset of spring snowmelt and limits the early-season growing window (Molotch et al.,

2009). Among the remaining climatic variables, Wind_speed exhibited a weak and non-
linear response as also evidenced in Zhang et al. (2025), characterized by an initial
decline followed by a relatively constant trend. Precipitation showed only a modest
effect, with ET remaining relatively stable and slightly declining at higher values,
suggesting limited additional contributions of precipitation to ET fluxes in the Alpine

regions where water is not a limiting factor so far (Ménégoz et al., 2020).

4.3 Predictive performance and uncertainty of the integrated framework
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RF showed the highest predictive accuracy for GPP, NPP, and ET, followed by SVM, XGB,
and ANN, consistent with previous findings (Tian et al., 2024: Xu et al., 2018). A possible

explanation is that ecological variables often exhibit nonlinear and interacting effects on
response variables, and RF is particularly well suited to account for these complexities
without imposing parametric assumptions on predictor-response relationships

(Breiman, 2001; Olden et al., 2008). The correlations obtained with RF (R? = 0.40, 0.28,

and 0.27 for GPP, NPP, and ET, respectively) provide insights into the degree of
correspondence between different sources of information, reflecting the ecological
complexity and spatial heterogeneity of Alpine forest ecosystems, as well as the
stringent validation framework adopted in this studyWe used a spatial block cross-
validation strategy to explicitly evaluate model transferability across geographically

independent forest stands (Roberts et al., 2017). However, in our case, the discrepancy

between spatial and conventional cross-validation was negligible, suggesting that spatial
autocorrelation did not substantially inflate predictive performance. Therefore, the
moderate predictive accuracy likely reflects the strong environmental heterogeneity of
Alpine forests, local ecological variability, and ecological processes not fully captured by
the available predictors. Similar limitations have been reported previously in spatial
ecological prediction and forest productivity modeling, where transferability across

heterogeneous landscapes remains inherently challenging (Gaber et al., 2024: Ploton et

al., 2020). Despite the overall consistency of the predicted mean values with previous
findings, both GPP and NPP showed limited model performance in reproducing the tails
of the distribution (see Fig. S8 and S9 in Supplementary Material). In particular, the RF
model tended to smooth extreme values, resulting in a weaker agreement between
observed and predicted values at the lower and upper ends of the range. This behaviour
suggests that the RF captured the central tendency of carbon flux dynamics reasonably
well, while struggling to represent extreme productivity conditions. Similar limitations
have also been reported by Zhang et al. (2020) in forest ecosystem studies, where RF
models tend to underestimate high values and overestimate low values, leading to

reduced accuracy at the tails of the distribution. This pattern remained evident despite
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extensive hyperparameter tuning and exploratory tests aimed at improving model
sensitivity to extreme values through data augmentation approaches targeting tail
observations (here not shown), suggesting that the limited representation of extreme
productivity conditions may partly reflect an intrinsic limitation of the RF regression
framework. A similar behaviour was observed for ET, although in this case the reduced
predictive performance was mainly restricted to the upper tail of the distribution, where
high ET values tended to be underestimated (Fig. S10). In addition, the observed
underestimation of high ET values may partly arise from processes not explicitly

represented in the model, such as nighttime ET, which can contribute to total ET under

specific environmental conditions (de Jong, 2025).
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Although the 3D-CMCC-FEM model has repeatedly demonstrated its ability to simulate

carbon and water fluxes across boreal, temperate, and Mediterranean forests (see also

(Mahnken et al., 2022), further improvements are still needed. Moreover, it is important
to highlight that a general, not point-level and literature-based, species-specific
parameterization was used, without calibration for the species occurring in the Alpine
region. In addition, the simulations were performed for the entire Italian national
territory rather than exclusively for the Alpine region. Another source of uncertainty
affecting carbon and water fluxes estimates may arise from the contribution of the
understory, which was not included in the model simulations and not captured in the
predictors, as also evidenced in the results of the study of Dirnbock et al. (2020). The
major sources of uncertainty likely arise from the limited number of predictors included,
as well as the aggregations/averaging of highly dynamic predictors over a whole year,
which may not fully capture the complexity required to accurately estimate carbon and
water fluxes in a highly heterogeneous environment such as the Alpine ecosystem. For
example, nitrogen deposition (when not excessive) may enhance both carbon

sequestration and transpiration (X. Liang et al., 2020; Wortman et al., 2012), while

elevated atmospheric CO, concentrations may further stimulate carbon sequestration

(de Wergifosse et al., 2022). Finally, an additional source of uncertainty may stem from

disturbance factors that were neither included as predictors nor simulated by the 3D-
CMCC-FEM model. These include pest outbreaks (e.g., bark beetles and other biotic
agents), climatic extremes such as late frost, windstorm, drought events, and human

activities which may substantially affect forest carbon and water fluxes (Boukhris et al.,

2026; L. Chen et al., 2023; Coops & Wulder, 2010; Motta et al., 2018; J. Wang et al.,
2025).

8066 Conclusions
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807Estimating GPP, NPP, and ET fluxes in forest ecosystems, particularly in Alpine forests, remains a
8o8major challenge due to the complexity of ecological processes and the high heterogeneity of
g8o9mountain environments, where topography and environmental conditions vary substantially
8100ver short spatial scales. Nevertheless, the integration of complementary approaches such as
811process-based forest modeling, remote sensing, and machine learning can substantially improve
812our ability to characterize ecosystem dynamics. In this study, the combination of these
813inherently different approaches enabled the estimation of GPP, NPP, and ET across the entire
814ltalian Alpine region, producing high-resolution (30m) wall-to-wall maps. Among the four
815machine learning algorithms tested, Random Forest showed the best performance and proved
816to be an effective approach for spatializing ecosystem fluxes across such a heterogeneous
817environment. Although further improvements may be achieved through enhanced
818representation of ecological processes in forest models, higher spatial and temporal resolution
819remote sensing products, and continued advances in machine learning methodologies, the
820results of this study demonstrate the strong potential of integrated frameworks to provide
821spatially explicit information on forest carbon and water dynamics. The resulting 30 m
822resolution wall-to-wall maps provide an unprecedented level of detail on GPP, NPP, and ET
823dynamics across Italian Alpine forests for the year 2020. These products can support ecosystem
824monitoring, improve carbon budget assessments, and inform future forest management
825strategies under changing environmental conditions, ultimately contributing to climate change

826adaptation and mitigation efforts.
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	Key Points:
	Abstract
	Forest ecosystems play an important role in removing carbon dioxide from the atmosphere and storing carbon in vegetation and soils. They also regulate water cycling, which can influence local and regional climate conditions. These mechanisms are increasingly important because human activities, particularly the burning of fossil fuels, are raising atmospheric carbon dioxide concentrations and contributing to climate change. However, estimating carbon and water fluxes across the Italian Alps is challenging. The region includes strong environmental gradients, diverse forest types, fragmented land use, different management practices, and several administrative boundaries. These factors make it difficult to produce consistent estimates over large areas. To address this challenge, we developed a framework that combines a process-based ecosystem model, an hydroclimatic model, satellite observations, and machine-learning algorithms. Together, these tools allow us to estimate forest carbon and water fluxes at high spatial resolution. The framework produces continuous maps of gross primary productivity, net primary productivity, and evapotranspiration across the Italian Alps. These maps can support ecosystem monitoring, improve regional carbon-budget assessments, and inform forest-management strategies for climate-change mitigation and adaptation.
	1 Introduction
	According to the IPCC (2022), the Paris Agreement (2015) and subsequently the Glasgow climate conference (COP26, 2021), limiting global warming to 1.5°C – or well below 2°C – above pre-industrial levels requires achieving a balance between anthropogenic emissions and removals (i.e., net-zero CO₂e emissions) by the second half of this century. The European Green Deal (European Commission, 2021) highlights the crucial role of forests as key allies in both adapting to and fighting climate change. To this purpose, forest ecosystems play a vital role in absorbing carbon dioxide from the atmosphere and storing it in their tissues (Lorenz & Lal, 2009), as well as in the soil (Lal, 2005). However, across the biomes, not all ecosystems have the same capacity to absorb and store atmospheric carbon dioxide, as this process is influenced by environmental variables, topography, species composition, forest age, anthropogenic and natural disturbances (Holtmann et al., 2021; Migliavacca et al., 2021; Saponaro et al., 2025; Vangi et al., 2024). This is particularly true in Alpine regions, where both the physical landscape, characterized by complex terrain, diverse ecosystems, and fragmented land use, and administrative complexity pose unique challenges for coherent climate policy and carbon accounting (Food and Agriculture Organization of the United Nations et al., 2019; Kotlarski et al., 2022). Europe, and the European Alps in particular, are considered especially vulnerable to climate change, which can alter forest structure and species composition, thereby driving substantial changes in carbon and water fluxes and making them increasingly difficult to quantify accurately (Bonan, 2008; Frank et al., 2015; Rank et al., 2023). This could weaken the forest’s carbon sequestration and long-term carbon sink capacity (Alsafadi et al., 2024; Hartmann et al., 2022). In addition, the frequent snow droughts, declining snow cover and glacier retreat in the Alps are expected to severely limit tree water availability (Avanzi et al., 2024; Brighenti et al., 2024; Gobiet et al., 2014). Furthermore, alterations in precipitation regimes (e.g. dry spells) associated with climate change, together with rising temperatures, are expected to increase atmospheric vapor pressure deficit (VPD), thereby enhancing atmospheric evaporative demand and intensifying water loss from forest ecosystems (Karimzadeh et al., 2025; Khadke et al., 2026; Schönbeck et al., 2022). Forests and understory vegetation strongly regulate the water cycle through transpiration (T), which is one of the major fluxes alongside evaporation from the soil (E), in which the combination is known as Evapotranspiration (ET) (Sheil, 2018; Thornthwaite & Mather, 1951). Transpiration is regulated via stomatal conductance, which in turn depends on hydraulic root conductivity of the plant, soil moisture, solar radiation, leaf CO2 concentration, and VPD (Bonan et al., 2014; Jarvis, 1976; Whitehead, 1998). Nearly 40% of global terrestrial precipitation is taken up by plant roots and returned to the atmosphere as water vapor via stomatal transpiration, which rises significantly when accounting for direct soil evaporation and canopy interception (Schlesinger & Jasechko, 2014). Accurately estimating ET in the Alpine ecosystem is crucial not only for forest water resource management and climate change impact assessments, but also for understanding forest water regulation and the strong land-atmosphere coupling that characterizes these mountain environments.
	In the context of carbon accounting, many countries have established a system of measurement known as National Forest Inventories (NFI) to track the stocks of wood and carbon, which in the past were more oriented to biomass production, and later evolved to monitor also biodiversity, disturbances, ecosystem service functions (e.g. freshwater, biomass, food, soil formation and so on) as well as climate change impacts (Araza et al., 2023).
	Traditional NFIs rely on a field network of sampling points (i.e., forest plots) in which qualitative and quantitative attributes are measured periodically. Field surveys are processed to provide aggregated statistics at different administrative levels (usually from national to NUTS2 level). However, traditional NFIs suffer from sparse sampling and long survey cycles (usually from 5 to 10 years), which are not able to fulfil the periodic international reporting needs and the operational decision-making at the single-owner level. To augment traditional NFI, forest models provide a complementary framework for estimating dynamic ecosystem variables and for projecting long-term changes in stand structure (Liu et al., 2022; Morales et al., 2005; Morichetti et al., 2024). By integrating structural forest stand data from the NFI with climatic inputs, stand level process-based models can be used to simulate carbon and water fluxes, as well as their temporal dynamics. This approach enables the use of contemporary and future projections to determine whether forests act as carbon sinks or sources (Härkönen et al., 2011). However, although process-based models are essential for representing key ecological processes (Niu et al., 2021), they may be constrained by parameter uncertainty and process representations (Larocque et al., 2008; Shiklomanov et al., 2020). In this regard, combining them with complementary data and approaches, including remote sensing (RS) products and machine learning (ML) algorithms, can enhance the overall accuracy and interpretability of simulations (Boukhris et al., 2025; Dou et al., 2018).
	Adopting a hybrid framework that leverages ML algorithms and RS data is necessary to bridge the gap between site-specific data and landscape-level estimations, as already explored by Jung et al. (2011) and Maxwell et al. (2018). This approach moves beyond the constraints of traditional parametric relationships, enabling robust spatial upscaling by accounting for the complex, multi-dimensional interactions within forest ecosystem functioning datasets.
	To better understand and quantify the role of Italian Alpine forests to regional carbon and water budgets, this study estimates their contributions to these fluxes. Forest carbon and water fluxes were predicted using a multi-approach framework: first, by simulating NFI field plots of the forest stand distributed across the entire Italian Alpine region, and then by integrating RS data with ML algorithms to spatialize the results and produce a high-resolution (30 m) wall-to-wall map of the region.
	In this respect, it is crucial to perform a high-resolution analysis of the spatial variability of Alpine forest responses, specifically regarding Gross Primary Production (GPP), Net Primary Production (NPP), and Evapotranspiration (ET).
	Specifically, we aimed, for the first time for the Italian country, to: (i) generate spatially continuous 30 meters estimates of GPP, NPP, and ET for the test-year 2020; (ii) identify the relative importance (i.e. permutation importance) of forest structural, climatic, topographic, and phenological variables in explaining the spatial variability of these fluxes; and (iii) quantify the uncertainty associated with the resulting spatial predictions. We hypothesised that carbon and water fluxes would respond to fundamentally different environmental controls: (H1) spatial variation in GPP and NPP would be primarily shaped by forest structure, with greater canopy development and biomass supporting higher carbon assimilation; whereas (H2) ET would be governed more strongly by climate and moisture availability, reflecting the predominant control of atmospheric demand and water supply over ecosystem water fluxes.
	2 Materials and Methods
	3 Results
	6 Conclusions
	Estimating GPP, NPP, and ET fluxes in forest ecosystems, particularly in Alpine forests, remains a major challenge due to the complexity of ecological processes and the high heterogeneity of mountain environments, where topography and environmental conditions vary substantially over short spatial scales. Nevertheless, the integration of complementary approaches such as process-based forest modeling, remote sensing, and machine learning can substantially improve our ability to characterize ecosystem dynamics. In this study, the combination of these inherently different approaches enabled the estimation of GPP, NPP, and ET across the entire Italian Alpine region, producing high-resolution (30m) wall-to-wall maps. Among the four machine learning algorithms tested, Random Forest showed the best performance and proved to be an effective approach for spatializing ecosystem fluxes across such a heterogeneous environment. Although further improvements may be achieved through enhanced representation of ecological processes in forest models, higher spatial and temporal resolution remote sensing products, and continued advances in machine learning methodologies, the results of this study demonstrate the strong potential of integrated frameworks to provide spatially explicit information on forest carbon and water dynamics. The resulting 30 m resolution wall-to-wall maps provide an unprecedented level of detail on GPP, NPP, and ET dynamics across Italian Alpine forests for the year 2020. These products can support ecosystem monitoring, improve carbon budget assessments, and inform future forest management strategies under changing environmental conditions, ultimately contributing to climate change adaptation and mitigation efforts.

