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ARTICLE INFO ABSTRACT

Dataset link: https://doi.org/10.18160/S6HM- Predicting Gross Primary Productivity (GPP) is key for understanding ecosystem health and quantifying the
CP8Q, 10.4121/b26f4168-6359-4257-8ef2-336 global carbon cycle. While data-driven models have shown strong performance in capturing GPP dynamics
2d6bc6593 at specific sites, their ability to generalize across ecosystems without site-specific recalibration remains
Keywords: largely untested. This study addresses this gap by evaluating the applicability of XGBoost and LSTM models
Gross primary productivity in estimating GPP across different European ecosystems. We developed a unified (cross-site) modeling
Sentinel-2 framework that integrates in-situ eddy covariance observations and Sentinel-2—derived vegetation indices using
SARIMAX incremental learning. Models’ performance was assessed via: (i) site-specific models, developed to capture
i(SG”l?l\?IOSt individual site characteristics, and (ii) cross-site generalization, including evaluation on an independent dataset

of unseen ecosystems. SARIMAX is included as a site-specific statistical benchmark for comparison. Our findings
indicate that XGBoost consistently outperformed the other models, achieving site-specific R> values above 0.90
in forest and grassland ecosystems and an average R? of 0.72 across unseen sites (range 0.66-0.78). LSTM
exhibited better accuracy in predicting GPP peaks at site-specific level, particularly in cropland and forest
ecosystems. At site-level, SARIMAX showed comparable performance to XGBoost but struggled in capturing
the rapid temporal variation of GPP. These findings demonstrate the feasibility of a data-driven framework for
cross-site GPP monitoring within European flux-tower networks, making a first step toward transferable GPP
prediction without site-specific recalibration.

Incremental learning

1. Introduction accurate estimation of GPP is essential for monitoring terrestrial carbon
dynamics and ecosystem health.

Gross Primary Productivity (GPP) indicates the amount of carbon Traditionally, GPP estimates have relied on in-situ measurements of
dioxide (CO,) fixed in an ecosystem through photosynthesis (Lu et al., the total exchange of CO, using chamber-based methods or Eddy Co-
2024). It represents the largest atmosphere-to-land CO, flux and serves variance (EC) techniques, which provide high-frequency data (Papale
as a critical measure in understanding the global carbon cycle (Grace, et al., 2006). Despite the growing development and increasing number

of EC towers within global networks (e.g., FLUXNET, ICOS, eLTER,
TERN, etc.), these remain spatially limited and unevenly distributed
across the globe. Remotely-sensed vegetation indices (VIs) complement
EC point-measurement products by enabling broader spatial monitor-
ing of plant productivity (Robinson et al., 2018; Zhang et al., 2023;

2004). To date, the ocean and terrestrial ecosystems, despite differences
among biomes, have absorbed about half of the fossil fuel emissions (In-
tegrated Carbon Observation System, 2022), and are thus vital in
mitigating and regulating global warming. Climate change and environ-
mental stressors are, however, altering ecosystem functioning. Hence,
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Astola et al., 2019), vegetation health, growth levels, stress, and other
conditions (Zhu et al., 2024). Together, in-situ and remotely sensed
data can be used to create long-term and consistent time series data.
To quantify GPP consistently across different sites and ecosystem types
without site-specific recalibration, a standardized protocol is needed.

Data-driven models, including machine learning (ML) and deep
learning (DL), have been increasingly adopted to capture GPP temporal
variations and magnitudes, replacing physics-based models, inherently
complex and requiring a large number of parameters that are glob-
ally available but only at coarse resolution (Lu et al.,, 2024). Yet,
most high spatiotemporal data-driven GPP models are trained and
validated at individual sites, and their cross-sites transferability remains
largely unexplored. As a result, it remains unclear whether data-driven
models can provide GPP estimates across biomes without site-specific
recalibration.

Among data-driven algorithms for GPP estimation Artificial Neural
Networks (ANNs), Support Vector Machines (SVMs), and trees-based
models are the most widely used approaches (Liao et al., 2023; Tra-
montana et al., 2015; Liu et al., 2016). ANNs offer flexible architecture
but require careful hyperparameter tuning (Chen et al., 2022). SVMs
have shown good performance in GPP estimations (Lee et al., 2020); yet
their training is computationally expensive and requires a large amount
of memory. Tree-based models are generally computationally less in-
tense and have the advantage of reducing overfitting while effectively
handling heterogeneous predictors. Among ML algorithms, tree-based
methods, particularly the Extreme Gradient Boosting (XGBoost), have
achieved higher accuracy and computational efficiency than ANN, SVM
and Random Forest (RF) in modeling GPP and carbon flux (Na et al.,
2025; Wang et al., 2023; Liu et al., 2021). In parallel, DL has also been
increasingly adopted in ecological and GPP time-series modeling, out-
performing SVM, RF and ANN (Lee et al., 2020). Photosynthetic activity
exhibits memory effects from prior environmental states, motivating
the use of Recurrent Neural Networks (RNNs, a class of DL), designed to
be effective in retaining temporal dependencies. Within this class, Long
Short-Term Memory (LSTM) networks have shown good performance in
modeling GPP, including improved representation of climate-induced
productivity extremes (Montero et al., 2024).

Building on these insights, we selected XGBoost and LSTM for our
modeling approach. XGBoost was chosen also for its balance of inter-
pretability, accuracy, and computational efficiency, as well as its ability
to effectively handle heterogeneous predictors, such as vegetation in-
dices and meteorological variables (Chen and Guestrin, 2016). LSTM
was selected because it is particularly suited to capturing complex
ecosystem dynamics, reflecting both immediate meteorological condi-
tions and delayed vegetation responses. Additionally, we implemented
the Seasonal AutoRegressive Integrated Moving Average with eXoge-
nous variables (SARIMAX), a statistical model successfully applied in
ecological applications where seasonality and external environmental
drivers play a major role (Zhao et al., 2022). Its interpretability makes
it a useful comparative model for assessing the added predictive value
of ML and DL methods.

In this study, we evaluate the feasibility of a cross-site incremen-
tal learning framework for transferable GPP prediction without site-
specific recalibration. To this end, the research was conducted in
two phases. In the first phase, we developed site-specific (individual)
models for each training site. The three complementary modeling
approaches were compared at site-specif level to highlight the added
value and limitations of each method. In the second phase, we used
the XGBoost and LSTM models to develop cross-site (unified) models.
The models were implemented in an incremental learning framework.
Rather than retraining the models from scratch, incremental learning
allows the models to assimilate data from additional sites (ecosystems)
while retaining information learnt from previous sites (ecosystems).
This approach is particularly suited given that the ICOS sites are com-
missioned at different times, and data are accumulated sequentially,
reflecting the realistic conditions of an expanding monitoring network.

Ecological Informatics 96 (2026) 103820

The cross-site models were further evaluated on an independent testing
dataset to assess their ability to predict GPP in ecosystems not included
in training. This final step was specifically designed to evaluate the
spatial transferability of data-driven approaches in the absence of GPP
measurements, that is, whether a pre-trained model can be directly
applied to a new site using only predictor variables, without the need
for site-specific retraining. This work should be considered a proof
of concept, aiming to evaluate the feasibility of a unified modeling
framework for transferable data-driven ecosystem monitoring.

2. Methods
2.1. Area of interest

Four different ecosystem types were selected for the analysis since
we aimed at developing a unified model capable of estimating GPP in
various European sites and across ecosystem types. The main criterion
for site selection was the availability of a complete time series for
at least three years to ensure sufficient data for the model training
process. Moreover, sites were chosen at different locations spanning a
wide latitude and longitude range to achieve the coverage of a large
geographical area.

In total, eight sites were selected (Fig. 1) belonging to four ecosys-
tem types: evergreen needleleaf forest (ENF), deciduous broadleaf for-
est (DBF), cropland, and grassland. Two sites for each ecosystem type
were selected. The eight sites were split into two sets, with one set
serving as training sites for building both individual (site-specific) and
unified (cross-site) models, and the other set serving as test sites to
evaluate the performance of the unified model in predicting GPP on
unseen sites. Both sets had the same combination of ecosystem types
(Table 1).

2.2. In-situ measurements

The in-situ data were collected from the ICOS portal (Integrated
Carbon Observation System, 2025). The ARCHIVE data product for
ecosystem measurements at daily resolution was collected, for the
period 2017-2023. The ARCHIVE data product contains a set of me-
teorological variables gap-filled and/or downscaled from the ERA5
dataset (Pastorello et al., 2020). While tower-level observations may
be considered more accurate, the ARCHIVE dataset provides consistent
and harmonized records across all sites, supporting model reproducibil-
ity and transferability. Furthermore, these data have undergone a
uniform and standardized quality control process that ensures their reli-
ability (Pastorello et al., 2020). Only the variables that were available
for all chosen study sites were used to ensure model reproducibility
(Table 2). Those variables include independent meteorological obser-
vations (short- and longwave radiation, air temperature, atmospheric
pressure, precipitation, wind speed, and vapor pressure deficit), which
are broadly available across climate networks, and turbulent flux prod-
ucts derived from direct eddy covariance measurements (sensible heat
flux and latent heat flux). The latter typically rely on flux observations
and are therefore limited to instrumented sites. These variables were
used as predictors to train the models since they represent direct envi-
ronmental drivers of photosynthesis or its proxies. The target variable
for model training was GPP derived from the daytime partitioning
method, 50th percentile estimates (GPP_DT_VUT_USTARS50) (Lasslop
et al., 2010). This product was selected because the daytime (DT) par-
titioning method accounts for the effect of vapor pressure deficit (VPD)
on the light-response function, thereby reducing biases commonly ob-
served in the nighttime (NT) method, where the VPD effects are typ-
ically neglected (Lasslop et al., 2010). Additionally, the “USTARS50”
product, representing the median value (50th percentile) of the variable
friction velocity (USTAR) threshold (VUT) distribution, was chosen
among recommended reference products due to its robustness and
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Fig. 1. Map of ICOS stations used in this study. Training sites are marked by squares and test sites by circles. Different ecosystems are indicated by color: cropland

(yellow), DBF (green), ENF (brown), and grassland (orange).

Table 1

Training and testing sites.

Group Country Name Ecosystem type Start date End date Records ICOS data citation
FR Estrees-Mons Croplands 26-05-17 15-10-23 2334 Leonard et al. (2025)
Train DE Hohes Holz DBF 01-01-19 26-09-23 1730 Rebmann et al. (2025)
FI Hyytiala ENF 01-01-18 22-09-23 2370 Mammarella et al. (2023)
T Torgnon Grasslands 01-01-18 22-09-23 2091 Cremonese et al. (2025)
DE Klingenberg Croplands 01-01-18 25-09-23 2093 Bernhofer et al. (2025a)
Test FR Font.Barbeau DBF 01-01-19 07-09-23 1770 Berveiller et al. (2025)
SE Svartberget ENF 01-01-19 21-10-23 1754 Peichl et al. (2025)
DE Grillenburg Grasslands 24-04-17 28-09-23 2348 Bernhofer et al. (2025b)
Table 2 data, subsequently converted into a binary format using one-hot encod-
List of the in-situ variables collected from ICOS. ing, a common technique used to represent each category as a separate
Variables Explanation Unit binary column (1 or 0). This approach facilitates the integration of
H_F_MDS Sensible heat turbulent flux Wm™2 categorical variables into the analysis and allows their use in machine
LE_F_MDS Latent heat turbulent flux Wm™ learning models.
LW_IN_F Incoming (down-welling) longwave radiation Wm™2
PAF Atmospheric pressure kPa .
PF Precipitation mm d-! 2.3. Remote sensing data
SW_IN_F Shortwave radiation Wm2
TAF Air temperature °C Sentinel-2 Level-2 A data products, resampled at 10 m resolution,
VPD_F Vapor pressure saturation deficit hPa were used to derive the VIs, used as a proxy for GPP. Information on
WS.F Wind speed . me the spectral response functions of Sentinel-2 data can be found in Table
GPP Gross primary productivity gCm™d

stability across different temporal aggregation resolutions (Pastorello
et al., 2020).

Global variables, time-invariant descriptors, which serve as proxies
for the distinct ecosystems of each site, were collected. These variables
included elevation, latitude, and longitude. Ecosystem type and season,
derived from the months of data collection, were also utilized as
categorical explanatory variables. Seasons were categorized as follows:
winter (December to February), spring (March to May), summer (June
to August), and autumn (September to November) (Chang et al., 2023).
Both the type of ecosystem and the season were treated as categorical

3 and on the Sentinel-2 handbook (ESA, 2025).

The vegetation indices derived from Sentinel-2 provide information
about leaf pigments, leaf and canopy structure (Frampton et al., 2013).
The Normalized Difference Vegetation Index (NDVI) was originally
developed to detect vegetation health over a range of latitudes by
comparing reflectance in the red and near-infrared bands. Refinements,
such as the Modified Normalized Difference Vegetation Index (MNDVI),
the Enhanced Vegetation Index (EVI), and the Two-Band Enhanced
Vegetation Index (EVI2) (Table 3) were primarily developed for esti-
mating the leaf area index (LAI), defined as the one-sided green leaf
area per unit ground surface area, as well as for the retrieval of canopy
chlorophyll content. These VIs are derived using bands in the red vege-
tation maximum chlorophyll absorption (Band 4), the red-edge position
(Band 5), and the high reflectance in the near-infrared (NIR) region
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Table 3
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Spectral responses for each band of Sentinel-2 multispectral instrument.
Source: https://sentinels.copernicus.eu/-/copernicus-sentinel-2c-spectral-response-functions

Band #  Centre A (nm)  Spectral width 44 Spatial resolution Purpose
(nm) (m)

Bl 443 20 60 Atmospheric correction (aerosol scattering).

B2 490 65 10 Sensitive to vegetation senescing, carotenoid, browning and
soil background; atmospheric correction (aerosol scattering).

B3 560 35 10 Green peak, sensitive to total chlorophyll in vegetation.

B4 665 30 10 Maximum chlorophyll absorption.

B5 705 15 20 Position of red edge; consolidation of atmospheric
corrections/fluorescence baseline.

B6 740 15 20 Position of red edge, atmospheric correction, retrieval of
aerosol load.

B7 783 20 20 Leaf Area Index (LAI), edge of the Near-Infrared (NIR)
plateau.

B8 842 105 10 LAL

B8a 865 20 20 NIR plateau, sensitive to total chlorophyll, biomass, LAI and
protein; water vapor absorption reference; retrieval of
aerosol load and type.

B9 945 20 60 Water vapor absorption, atmospheric correction.

B10 1375 30 60 Detection of thin cirrus for atmospheric correction.

B11 1610 90 20 Sensitive to lignin, starch and forest above ground biomass.
Snow/ice/cloud separation.

B12 2190 180 20 Assessment of Mediterranean vegetation conditions.

Distinction of clay soils for the monitoring of soil erosion.
Distinction between live biomass, dead biomass and soil, e.g.
for burn scars mapping.

Table 4
List of vegetation and water indices derived from Sentinel-2 Level-2A products.
Abbreviation Name Equation
. . . NTR—Redys
NDVI Normalized Difference Vegetation Index WRM:;
MNDVI Modified Normalized Difference Vegetation Index NI Rygy = Redyys
N1IRyg;+ Redys
. NIR—Red,
EVI Enhanced Vegetation Index quf?mum
EVI2 Two-Band Enhanced Vegetation Index IR Rodees
NIR+24Redggs +1
CIr Red-edge Chlorophyll Index ’\;:5"‘” -
105
NIR-SWIRI
LSWI Land Surface Water Index NIRTSWIR
. . NIR-SWIR2
NDII Normalized Difference Infrared Index NTRISWIR:
MNDWI Modified Normalized Difference Water Index Green-SWIRL

Green+SW IR1

(Band 8), and enhance estimates of leaf chlorophyll concentration
and canopy chlorophyll content. Water-sensitive indices — namely, the
Land Surface Water Index (LSWI), Normalized Difference Infrared Index
(NDII), and Modified Normalized Difference Water Index (MNDWI) —
indicate vegetation water content (plant water status), drought and
water stress, and open water detection, respectively.

Different VIs may correlate slightly better for GPP for specific
ecosystems and regions (Spinosa et al., 2023), and the need for green-
ness and water-related indices to effectively capture the spatial and
temporal pattern of the GPP has been demonstrated (Noumonvi et al.,
2019). Greenness-related VIs are indeed more effective during the
wet phase of the growing season, while water-content-related indices
perform better in the dry season due to the sensitivity of GPP to water
availability. Therefore, both types of indices were used in this study.
The equations used to derive the different VIs from Sentinel-2 data are
presented in Table 4.

Sentinel-2 Level-2 A images were retrieved at the defined locations
and time periods. The period corresponded to the time of available
in-situ measurements, since those are used as ground truth, while the
location corresponded to the coordinates of a reference area assigned
around each flux tower of each site. The reference area was used as
an approximation of the non-static climatological footprint, the surface
area contributing to the measured flux (Pluntke et al., 2023). The buffer
area around the flux tower was manually determined through satellite
image inspection and defined as a circle area with a certain radius. The
coordinates of the flux tower were used as the center of the area. The

radius of the buffer area varied for each site to ensure that the retrieved
data covered only the desired ecosystem type (Figs. 1 and 2, Table S1
of the supplementary). At first, images within the defined coordinates
and period were retrieved. Thereafter, images were filtered by cloud
coverage; those with more than 30% cloud coverage were excluded
from the analysis. Finally, non-vegetated pixels were removed from the
image using the Sentinel-2 Scene Classification Layers (SCL) provided
by ESA, which distinguish pixels among twelve classes (e.g., vegetation,
snow or ice, defective pixels, etc.) (Copernicus Sentinel Hub, 2025).
After cloud filtering, the VIs values calculated per pixel within the
buffer area were averaged to obtain a single daily value. To mitigate
the impact of outliers on subsequent analysis, a z-score technique
was applied. Data points with z-score equal to or higher than 3 were
removed. Linear interpolation was used to estimate missing data points,
followed by the application of a Savitzky-Golay filter (Savitzky and
Golay, 1964) to smooth the time series and enhance data quality.

2.4. Models

Three different models and their performances were analyzed in this
study: SARIMAX, XGBoost, and LSTM.

The AutoRegressive Integrated Moving Average (ARIMA) model,
popularized by Box and Jenkins (Box and Jenkins, 1970), has been
extensively used to predict trends based on historical data (Fattah et al.,
2018; Ariyo et al., 2014). The SARIMAX model extends the ARIMA
framework by incorporating both exogenous variables (external predic-
tors, e.g., meteorological drivers) and seasonal components, allowing
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for a more accurate representation of periodic environmental influences
and climate drivers. SARIMAX has been shown to improve forecasts
in the fields of hydrology (Fathi et al., 2019), ecology (Guo et al.,
2023), and healthcare (Tolcha, 2023; Kumar et al., 2023). SARIMAX
models are usually denoted SARIM AX(p,d,q)(P,D,Q,s) (nomencla-
ture in Table S2, supplementary). The lowercase p, q,d correspond to
the number of past observations (lags) used to predict the current value,
the number of times the time series is differenced to remove trends and
make it stationary (i.e., constant mean and variance over time), and
the number of past errors included in the model to predict the current
value. The uppercase P, D, Q are the autoregressive, differencing, and
moving average terms of the seasonal component s representing the
seasonal period (for example, the seasonal period s = 7 corresponds to
a weekly seasonality in the daily data).

The XGBoost model is an ensemble model that builds decision
trees sequentially, with each new tree correcting the residuals of the
previous ones through gradient boosting. This approach allows the
model to learn complex nonlinear relationships while mitigating over-
fitting through internal regularization (Chen and Guestrin, 2016). To
control the tree’s growth and prevent overfitting, which occurs when
a model learns patterns specific to the training data, resulting in high
accuracy on the training set but poor performance on unseen test data,
hyperparameters like the minimum child weight and the maximum
tree depth can be tuned, ensuring the tree’s splits are meaningful and
limiting the model complexity. Additional hyperparameters, including
the learning rate eta, the regularization term alpha, and gamma, which
sets the minimum loss reduction required to make a split, are tuned
to allow for stable and conservative learning. The definition of the
XGBoost hyperparameters optimized in this study is provided in Table
S2 of the supplementary.

LSTM networks, a deep learning variant of recurrent neural net-
works, are designed to capture long-term temporal dependencies
through gated memory cells that regulate information flow over time
(Hochreiter and Schmidhuber, 1997). During training, the loss function
is minimized over multiple epochs, the number of times the model
iterates over the entire training dataset. Monitoring the training loss
across epochs ensures that the model is learning and not overfitting.
Adjusting hyperparameters such as the number of LSTM units per layer,
which controls the network learning rate, and the number of epochs,
can help improve training performance. The definition of the LSTM
hyperparameters optimized in this study is provided in Table S2 of the
supplementary.

To capture temporal dependencies in the data, lagged values of
the predictor variables are included as input features for XGBoost and
LSTM. Lag values at the train/test boundary are derived from training
observations only, ensuring no future information is used.

Using the SARIMAX, XGBoost and LSTM models, we performed
two experiments (Fig. 2). In the first experiment, we evaluated the
performances of site-specific (or individual) models. For each site, we
applied the three different algorithms and assessed their performances
to identify the most effective model. In the second experiment, we con-
structed a cross-site (unified) model using incremental learning. This
approach involved sequentially training the model on data from each
site, allowing it to retain knowledge from previous training steps and
adapt to new sites. Incremental learning was employed for the XGBoost
and LSTM algorithms; SARIMAX was used as a site-specific statistical
baseline and was not extended to the unified cross-site framework. The
performance of the unified model was then compared with that of the
site-specific models. Additionally, the unified model was evaluated on
the second set of unseen sites (Table 1) to assess the models’ versatility
and performance on data they had not encountered during training,
thereby allowing us to assess their ability to generalize to new locations
without site-specific calibration.
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2.4.1. Experimental design 1: individual (site-specific) models

In the first stage of model development, individual sites were ana-
lyzed. The performances of the SARIMAX, XGBoost and LSTM models
were assessed and compared using predefined evaluation metrics to
determine the most effective approach for each site. The employed eval-
uation metrics were: Mean Squared Error (MSE), Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), and coefficient of deter-
mination (R?). Additionally, the Akaike Information Criterion (AIC)
was computed for the SARIMAX model. AIC was only computed for
SARIMAX, as this is a likelihood-based parametric model for which the
likelihood and number of estimated parameters are explicitly defined.
By contrast, AIC does not apply to XGBoost and LSTM, whose training is
based on minimizing regularized loss functions rather than maximizing
a statistical likelihood.

Before training, the datasets from each site were partitioned chrono-
logically into training and testing subsets with a split ratio of 80:20.
The earliest observations were assigned to training and the most recent
20% reserved for testing. This approach ensures consistency in model
training and enhances the reliability of the model evaluation process
across different ecological contexts. The models were implemented
using: (i) the StatsModels library in Python for SARIMAX (SARIMAX,
2025; Seabold and Perktold, 2010), (ii) the XGBoost package in Python
for XGBoost (XGBoost, 2025b), and (iii) Keras library in Python for
LSTM (LSTM layer, 2025).

Parameter optimization was conducted via a systematic grid-based
search to optimize the performance of the individual site models. The
parameter values used in the optimization phase, together with a de-
tailed description of the optimized parameters, can be found in Tables
S2 and S3, supplementary. For SARIMAX, the parameters were the
order (p,q,d), and seasonal order (P, Q, D, s). For XGBoost, the tuned
hyperparameters included minimum child weight (mcw), eta, alpha,
gamma, maximum depth of a tree (md), and time lags (XGBoost, 2025a).
For the LSTM, the adjusted hyperparameters were the LSTM units of
each layer, the number of epochs, and the dropout ratio. A shallow
network consisting of two LSTM layers, followed by a dropout layer and
an output layer, was used. Dropout is a common method to enhance
generalization in neural networks by randomly deactivating neurons
during training. This prevents dependency on any single neuron and
promotes learning of diverse features (Alzubaidi et al., 2021). The
training of the LSTM was conducted using the Adam optimizer and
mean squared error as the loss function. The batch size for the training
process was set at 64.

For the training of site-specific models, all vegetation indices (Table
4) were used along with the in-situ measurement data (Table 2) as
explanatory variables. The response variable was GPP. Global variables
(location of the site, season, etc.) were excluded from the training
dataset for the individual model. The rationale for this exclusion was
that the values for global data remained constant within the same site,
not providing any additional insight to enhance model performance.
Additionally, the study explored the feature importance of the XGBoost
model to identify which indicators most significantly influenced the
GPP prediction.

2.4.2. Experimental design 2: unified (cross-site) models

After constructing individual models, the next phase involved build-
ing a unified model to explore the capabilities and adaptability of the
unified model to generalize GPP prediction across different ecosystem
types. The unified model was developed using an incremental learning
framework, which entailed continuously training the model with new
data. With this approach, adding new sites to the model did not require
starting training from scratch; instead, the model utilized the knowl-
edge previously acquired from earlier training sessions. This strategy
also addressed the challenge posed by the varying time periods of data
availability from different sites.

Data for each site were split chronologically into 80:20 ratios for
training and testing, respectively. The model was initially trained using
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Fig. 2. Flowchart of the methodology, including the training process of the unified model used for XGBoost and LSTM.

data from the first site. Subsequently, the pre-trained model underwent
further training with data from the second site, and so on. The training
process of the unified model is illustrated in Fig. 2.

Initially, training data from the first site (Train Data 1) were used to
produce the first model (Model 1). This model was then evaluated using
test data from the same site (Test Data 1). Following the evaluation,
Model 1 was retrained using training data from the second site (Train
Data 2), resulting in Model 2. Model 2 was evaluated using both the
test data from the second site (Test Data 2) and the test data from
the first site (Test Data 1) to check for consistency and improvement.
This process continued through the 4th training session, culminating
in the development of Model 4. Model 4, serving as the unified model,
was then assessed to determine the performance achieved through this
retraining approach.

The hyperparameters for each algorithm were initialized during
the first training, and these settings remained constant throughout the
training process. The selection of the hyperparameters was based on
the optimal parameters identified through the tuning process of the
individual models. The selection was primarily guided by a majority
vote from the best parameters across all sites; although this was not the
exclusive method used, there was also an exploration of parameters to
enhance performance. During the exploratory phase, global variables
were utilized as features to determine whether their inclusion could
enhance the model’s performance. The unified model results presented
are those trained without global variables for XGBoost and LSTM, since
their inclusion did not enhance performance (Table S6 and Table S8,
supplementary).

Incremental learning was employed for constructing unified models
using XGBoost and LSTM. The SARIMAX model was not extended to
a unified cross-site configuration because it is designed to be fitted
to a single continuous time series. As a result, it does not support
incremental learning, since incorporating new data typically requires
retraining the model from scratch due to the tight coupling of the

model’s state with the entire time series. Box and Jenkins (1970).
SARIMAX was therefore used only as a site-specific statistical baseline.

3. Results
3.1. Individual models

Table 5 presents the accuracy of the estimated GPP. XGBoost ex-
hibits the best performance in terms of evaluation metrics compared to
the SARIMAX and LSTM models, showing the highest R?> and lowest
MSE, RMSE, and MAE. For the sites of Hohes Holz (DBF), Hyytiala
(ENF) and Torgnon (grassland) an R? of 0.91 was achieved. The
lowest GPP prediction accuracy (R?> =0.73) was observed at Estrees-
Mons (cropland), due to the sudden interannual variability (e.g., GPP
values dropped drastically from around 21.5 gCm™>d~! on 6 July 2023
to around 1.1 gCm~2d~! on 14 July, before increasing again on 14
August to 15.9 gCm™2d~! (Fig. 3)). Among all sites, lowest MSE, RMSE,
and MAE values were observed at Torgnon. Model-specific parameter
settings are reported in Table S4, supplementary, for each model and
site.

3.2. Unified models on training sites

3.2.1. XGBoost performances

Table 6 reports the performance metrics of XGBoost during the
training phase of the unified model, using the hyperparameters detailed
in Table S5, supplementary. A pattern emerged in the evaluation of
models across multiple training sessions. After each model was re-
trained with data from a subsequent site, performance on previously
trained sites decreased. For example, at Estrees-Mons, the MSE in-
creased from 5.73 (gCm~2d~!)? after the first training session to 9.83
(gCm~2d~")? after the second training session, before settling down to
6.35 (gCm~2d~")? in the final session. The R? followed a similar trend,
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Fig. 3. Predicted vs. Observed Value of GPP at Estrees-Mons. Observed GPP is shown in dark blue. Predicted values from SARIMAX, XGBoost, and LSTM, light
blue, orange and yellow, respectively. The pink shaded region denotes the confidence interval of the SARIMAX model.

Table 5
Performance metrics by site and method. RMSE and MAE are expressed in
gCm~2d~!; MSE in (gCm~2d~")2. AIC is reported only for SARIMAX models.

Table 7
STM incremental training performance metrics by site and training round.
RMSE and MAE in gCm~2d~'; MSE in (gCm~2d™")%

Site MSE RMSE MAE R? AIC Method Site Metrics 1st Train 2nd Train 3rd Train 4th Train
6.59 2.57 1.91 0.65 6527.67 SARIMAX MSE 7.57 9.18 21.22 6.90
Estrees-Mons 5.11 2.26 1.84 0.73 - XGBoost Hohes Holz RMSE 2.75 3.03 4.61 2.63
6.07 2.46 1.66 0.68 - LSTM MAE 1.87 2.02 3.01 1.69
3.65 1.91 1.40 0.88 4708.79 SARIMAX R? 0.74 0.69 0.28 0.77
Hohes Holz 273 1.65 1.10 0.91 - XGBoost MSE - 9.77 15.86 7.41
4.03 2.01 1.30 0.86 - LSTM Estrees M RMSE - 3.13 3.98 2.72
1.09 1.04 0.79 0.90 3304.35 SARIMAX strees Mons — MAE - 2.01 2.70 2.02
Hyytiala 1.00 1.00 0.63 0.91 - XGBoost R? - 0.48 0.15 0.60
1.69 1.30 0.89 0.85 - LSTM MSE - - 1.10 14.89
0.95 0.98 0.71 0.89 4083.63 SARIMAX RMSE - - 1.05 3.86
Torgnon 0.79 0.89 0.52 0.91 - XGBoost Torgnon MAE - - 0.61 3.34
0.97 0.99 0.59 0.89 - LSTM R - _ 0.87 ~0.70
MSE - - - 2.35
Hyytiala RMSE - - - 1.53
Table 6 e - - - gt
XGBoost incremental training performance metrics by site and training round. Average MSE 7.89
RMSE and MAE in gCm™2d~!; MSE in (gCm™2d~!). Average RMSE 2.69
si Metri 1st Trai 2nd Trai 3rd Trai 4th Trai Average MAE zo1
ite etrics st Train nd Train rd Train th Train Average R? 0.36
MSE 5.73 9.83 7.28 6.35
Estrees M RMSE 2.39 3.14 2.70 2.52
strees Mons MAE 1.91 2.31 1.95 1.73
R? 0.69 0.47 0.61 0.66
MSE - 4.29 3.77 4.07 highest gain value at Hohes Holz and Estrees-Mons, air temperature
Hohes Hol RMSE - 2.07 1.94 2.02 e .
ohes Holz MAE _ 157 1.29 1.33 (TA) emerged as the most significant feature at Hyytiala, whereas at
R - 0.86 0.87 0.86 Torgnon, CIr demonstrated the highest gain value.
MSE - - 2.76 2.31
Hyvtial RMSE - - 1.66 1.52
yytiata MAE - - 1.20 1.03
R? - - 0.75 0.79
MSE - i ° 305 3.2.2. LSTM performances
RMSE - - - 1.75 Table 7 summarizes the LSTM’s performance metrics during the
Torgnon MAE - - - 1.06
R _ _ _ 0.65 training phase of the unified model, obtained using the hyperparame-
g/zer;aggeeRl\l/{/[SSEE ?gg ters detailed in Table S5, supplementary. The site training sequence dif-
Average MAE 1.29 fered from XGBoost (alphabetical order), since modifying the training
Average R® 0.74

indicating a loss of predictive accuracy, though slightly improved in
subsequent sessions. By the final training session, despite some recov-
ery in metric scores at specific sites like Estrees-Mons and Hyytiala,
where the MSE improved to 6.35 (¢Cm~2d~")? and 2.31 (gCm~2d~")?,
respectively, the overall model performance declined in comparison to
individual models. The average MSE across sites by the last training was
3.95 (gCm~2d~')2, the average RMSE was 1.95 gCm™2d"!, the average
MAE was 1.29 gCm~2d~!, and the average R? was 0.74.

Fig. 4 displays the feature importance of each individual model,
showing the five most important features based on the relative value
of the gain metrics. The latent heat turbulent flux contributes to the

sequence improved the LSTM’s performance (for a direct comparison
using the alphabetical order, see Table S7, supplementary).

The site order influence was further evidenced by the performance
degradation observed when testing data from previously trained sites.
Specifically, the model showed worsening metrics in subsequent train-
ing phases at Hohes Holz and Estrees-Mons. For example, at Hohes
Holz the model experienced an increase in MSE, RMSE, and MAE,
with the third training yielding an MSE of 21.22 (gCm™2d™')?> and a
low R? of 0.28. Similarly, at Hyytiala it exhibited poor metrics during
the third training phase. During the fourth training phase, Torgnon’s
metrics contrasted sharply to the other sites, with MSE escalating from
1.10 (gCm~2d"")? to 14.89 (gCm~2d~")? and the R? turning negative,
indicating poor performance, as discussed in Chicco et al. (2021).
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Fig. 4. Feature Importance Scores for XGBoost Models Across Different Sites. For details on specific variables refer to Tables 2 and 4 and Table S2, supplementary.

3.3. Unified models on testing sites

Table 8 compares the performance of the unified models on the
unseen testing sites. The XGBoost model achieved higher performance
than the LSTM model. The XGBoost average performance metrics across
these unseen sites reinforce the model’s moderate adaptability, with
an MSE of 4.55 (gCm~2d~!)2, RMSE of 2.11 gCm™2d~!, MAE of 1.42
gCm~2d"!, and an R? value of 0.72.

3.3.1. XGBoost performances

XGBoost model achieved an R? value of 0.78 and 0.77 at the sites
of Fontainebleau-Barbeau (DBF) and Svartberget (ENF), respectively,
indicating good performance and better generalization (Table 8). This
aligns with the earlier trend depicted in Table 6, where the model im-
proved after adapting to similar ecosystems during training, achieving
an R? value of 0.86 and 0.79 in the fourth training phase for the sites
of Hohes Holz and Hyytiala, respectively. The model, however, showed
lower performance at the Grillenburg (grassland) site (R?> = 0.66) and
at the Klingenberg (cropland) site (R?> = 0.68). Still, the model showed
its moderate adaptability at the Klingenberg site (cropland), showing
an improvement of performance when compared with Estrees-Mons
(cropland), at which the model initially struggled during the training
phase.

3.3.2. LSTM performances

Despite poor average evaluation metrics during the training phase
(Table 7), the LSTM model showed improved performance during the
testing phase (Table 8), achieving an average R? of 0.66 across unseen
sites. Similar to XGBoost, the LSTM performed better for deciduous
broadleaf and evergreen needleleaf forest ecosystem types with an R?
of 0.76 at Fontainebleau-Barbeau and 0.73 at Svartberget.

Figs. 5-6 show observed and predicted GPP at Klingenberg and
Svarberget. The corresponding plots for the remaining sites are pro-
vided in the supplementary (Figures S3 and S4). At Klingenberg, XG-
Boost performed best with an R? value of 0.68 and lowest errors.
However, it struggled to predict the highest GPP peaks. LSTM overesti-
mated GPP in September. Both XGBoost and LSTM produced occasional

Table 8
Unified model performance metrics for the unseen test sites. RMSE and MAE
in gCm™2d~'; MSE in (gCm™2d~")2.

Site MSE RMSE MAE R? Methods
Klingenb 5.67 2.38 1.43 0.68 XGBoost
ingenberg 7.34 2.71 1.80 0.59 LSTM
Fontainebl b 4.63 2.15 1.51 0.78 XGBoost

ontainebleau-Barbeau 4.99 2.23 1.60 0.76 LSTM
2.74 1.66 1.15 0.77 XGBoost
Svartberget 3.16 1.78 1.10 0.73 LSTM
Grillenburg 5.15 2.27 1.60 0.66 XGBoost
6.59 2.57 1.78 0.56 LSTM
Average XGBoost 4.55 2.11 1.42 0.72 XGBoost
Average LSTM 5.52 2.32 1.57 0.66 LSTM

negative predicted values, highlighting the need for non-negativity
constraints in future model configurations.

At Svartberget, XGBoost and LSTM showed strong performances,
with R? values of 0.77 and 0.73, respectively. XGBoost overestimated
low GPP values from October 2021 until April 2024.

4. Discussion

In this study, we assessed and compared the performances of three
models for time series analysis: the SARIMAX model, a statistical
method, the XGBoost model, a machine learning approach, and the
LSTM, a deep learning model, for predicting GPP at different sites
belonging to different ecosystem types.

4.1. Individual models

Among the three methods, XGBoost consistently delivered the best
performance metrics across all sites. SARIMAX outperformed LSTM in
predicting GPP at Hohes Holz, Hyytiala, and Torgnon (Table 5), demon-
strating that DL methods are not always superior to classical statistical
approaches. Although at those sites, the performance of SARIMAX was
closely matched with that of XGBoost, the model struggled with rapid
temporal changes and tended to underestimate GPP. Consistency be-
tween the AIC and the distribution-free error metrics (RMSE, MAE, and
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R?) was observed across sites. A significant drawback of SARIMAX was
its longer computational time. For instance, the SARIMAX estimation
process for the Hyytiala site took about 31 min, whereas XGBoost
completed the same task in approximately 4 s (evaluated on an Intel
UHD Graphics 620 with 3.9 GB shared GPU memory). This advantage
of XGBoost results from its gradient-boosting strategy, which enables
faster convergence by incrementally correcting errors with each tree ad-
dition, rather than optimizing all parameters simultaneously (Chen and
Guestrin, 2016). XGBoost showed better overall performance; however,
at some sites, it tended to overestimate GPP during the low-productivity
period and underestimate GPP during the high-productivity period.
LSTM performed competitively. Its GPP-predicted values tended to be
smoother than those from XGBoost and SARIMAX, suggesting LSTM’s
better generalization capability, particularly in capturing seasonality.
While smoothness might be advantageous for constructing a global
model that generalizes well across different sites, it is crucial to balance
it with the need for accurate GPP predictions. Additionally, LSTM was
the only model able to capture strong productivity peaks.

Models tended to underestimate GPP during low-productivity pe-
riods, occasionally producing negative values of GPP. This is a clear
model limitation. To ensure that the outputs remain ecologically real-
istic, future implementation should incorporate a non-negativity con-
straint, for example through output transformations or a positive-only
objective function. The latter was not implemented here to preserve
full model comparability and evaluate the intrinsic behavior of the
unconstrained modeling framework.

Across sites, the predictive performance of the individual models at
the Hyytiala evergreen needleleaf forest site showed comparable results
to those achieved by Cai et al. (2021) (R? of 0.89) and by Wang et al.
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(2021) (R? of 0.76), which utilized a Light Use Efficiency (LUE) mod-
eling approach. Models showed similar results in deciduous broadleaf
forest. Lower error metrics were observed at Torgnon, however, these
results may not fully reflect the relative effectiveness of the models due
to the larger range of GPP values of other training sites. High values
of GPP, especially in croplands, were expected and align with observed
carbon fixation rates in productive agricultural settings, as documented
by Hu et al. (2024). The larger the value to predict, the greater the
potential squared error (Tiwari, 2022). This phenomenon accounts for
the higher MSE observed at Estrees-Mons compared to other sites.
Estrees-Mons, an ‘“arable crops” site characterized by rotational
management practices, posed the greatest challenge for all three mod-
els. Rotational management practice introduces interannual variability
in vegetation growth patterns and, consequently, in GPP dynamics.
Each crop type has distinct growing and harvesting periods, resulting
in variable timing and magnitude of productivity peaks across years.
For instance, the unusual GPP pattern observed in 2023 likely reflects
the harvesting time of the crop, followed by the subsequent planting
of fast-growing crops, explaining the quick recovery in GPP in August.
A similar pattern has been observed in previous years but remains
unexplained by the in-situ explanatory variables (e.g., air temperature).
SARIMAX model failed in properly capturing this drop, and while
XGBoost showed better overall performance, it tended to overestimate
GPP during the low-productivity period and underestimate GPP during
the high-productivity period. Among the tested methods, LSTM cap-
tured the GPP pattern more accurately, predicting both the significant
lows and the subsequent high peaks. This was expected, since the
ARIMA model requires stationarity, achieved by removing the trends
using (seasonal) differencing. This makes the model more prone to
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miss peaks (or highly non-linear patterns). In contrast, NN models are
capable of learning non-linear relationships and have a ‘longer mem-
ory’ than SARIMAX, which enables them to better identify the peaks.
Slightly better performance of the LSTM in predicting GPP extremes
was also shown by Montero et al. (2024). Researchers (Xing et al.,
2025; Du et al., 2022; Yuan et al., 2015) have demonstrated that accu-
rate cropland-GPP estimation requires accounting for crop type-specific
characteristics, such as photosynthetic capacity, growth patterns, and
harvesting time. Incorporating such crop-type information could ex-
plain croplands’ high GPP range and reduced natural variability, and
is therefore suggested to enhance the model performance.

4.2. Unified models

After constructing and evaluating individual models, we built uni-
fied (cross-site) models to test their adaptability to generalize across
ecosystems by sequentially adding data from multiple sites via incre-
mental learning. Both the XGBoost and LSTM unified models showed
lower performance than those on individual sites, indicating the chal-
lenge of capturing ecosystem-specific GPP dynamics within a single
cross-site model.

Under the unified incremental framework, XGBoost outperformed
LSTM on both the training and unseen test sites. Yet, the performances
of the unified model were lower than those of the individual one.
During incremental learning training, the performance on the earliest-
trained site (i.e. Estrees Mons) declined as new sites were added (Table
6), suggesting that the model adapted to new site data while losing
some of its predictive capabilities. This phenomenon could be indica-
tive of overfitting to the new site data or of an inability of the model to
generalize effectively across different environmental conditions (Wang
et al., 2023). Successive training sessions, though aimed at enhancing
the model’s robustness, might have inadvertently introduced complexi-
ties that reduced the model’s performance on previously well-modeled
sites. In future studies, different methods like the Light Gradient-
Boosting Machine (LightGBM) with stronger regularization can be used
to improve the model results (Cui et al., 2021; Ke et al., 2017).
Additionally, the model produced negative GPP predictions under near-
zero GPP conditions, such as during winter. This behavior likely results
from statistical noise, since the model generates unconstrained contin-
uous outputs that may overshoot below zero. In future developments,
predictions should be constrained through transformations or positive-
only objective functions to better reflect the biophysical nature of GPP.
When tested on unseen sites, the XGBoost unified model demonstrated
moderate generalization, with an average R?> of 0.72. Variability in
performance metrics, however, highlights the need to further investi-
gate and fine-tune the model to enhance its robustness and consistency
across different ecological settings.

LSTM showed sensitivity to the order in which sites were introduced
during incremental learning. Performance fluctuated across training
phases, with models trained on early sites (i.e., Hohes Holz) experi-
encing decline in performances when new sites were added. Model
instability indicated its susceptibility to catastrophic forgetting, where
it fails to retain previously learned information when exposed to new
data (Jung et al., 2016). Despite recovery in performance during the
fourth training phase, the need for strategies such as parameter freez-
ing (Ede et al., 2022), which has been shown to preserve learned infor-
mation and prevent overfitting to new data, or regularization, which
might mitigate catastrophic forgetting in neural networks (Khatib and
Karray, 2019), was highlighted and therefore further investigation is
suggested. When tested on unseen sites, the model reached an average
R? of 0.66.

Across ecosystems, the unified models showed consistent patterns.
XGBoost and LSTM models performed best at deciduous broadleaf for-
est and evergreen needleleaf forest sites (R? > 0.76), where the seasonal
cycle of GPP could be more effectively captured (Lai et al., 2025).
Both LSTM and XGBoost require improvements for better predictions
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in grassland sites. Although the unified models well captured seasonal
GPP trends, they also showed limitations. Those are not solely model-
driven but also reflect the ecosystem-specific processes not fully repre-
sented by the current predictors, which do not include direct drivers
of GPP as snow cover duration, soil properties, or species-specific
physiological responses. For instance, while the sites of Torgnon and
Grillenburg (grasslands) are characterized by similar climate condi-
tions, their different elevation (2160 m Torgnon, 385 m Grillenburg)
leads to different snow cover periods, which affects the length of the
carbon uptake period (Galvagno et al.,, 2013; Rossini et al., 2014).
Likewise, carbon uptake in cropland and grassland is highly dependent
on the nutrient availability and growing season length (Galvagno et al.,
2013; Owen et al., 2007), while species-specific responses to late spring
frost affect forests like Fontainebleau-Barbeau (oak forest) and Hohes
Holz (beech forest), differently, with oak being more resilient than
beech forest (Rubio-Cuadrado et al., 2021). Owen et al. (2007) further
demonstrated that annual GPP in deciduous forest sites generally de-
creases from south to north, primarily due to shorter growing seasons,
a pattern evident in the Fontainebleau-Barbeau and Hohes Holz sites.
The fact that the addition of geographic coordinates did not improve
model results suggests that air temperature and precipitation already
covered the relevant gradient in the growing environment.

To expand model applicability and robustness, the inclusion of soil
information, such as soil moisture and evapotranspiration, CO, trends,
fertilization rates, and drought indicators, among others, should be
incorporated as they may provide additional information on the water
status and plant physiology that can affect photosynthetic activities.
Satellite-based products such as the solar-induced fluorescence (SIF)
from Tropospheric Monitoring Instrument (TROPOMI) (Chen et al.,
2025) or soil moisture from the Soil Moisture Active Passive Mission
(SMAP) (Purdy et al., 2018) and ERAS dataset can provide more direct
and physiologically relevant information on vegetation functioning and
plant water stress, not fully captured by precipitation or water and
greenness indices alone. Further work may explore the integration
of such additional and complementary satellite-based products, whilst
accounting for the different temporal and spatial resolutions among
the datasets and ensuring the reliability of upscaled estimates and the
development of harmonized products. Downscaled products, such as
TroDSIF, achieve a resolution of 500 m for 16-day composites (Chen
et al., 2025). Higher-resolution SIF observations from NASA’s Orbiting
Carbon Observatory (OCO)-2 and OCO-3 missions (~ 1-2 km) are
available globally but with spatial discontinuities due to narrow swaths.
The upcoming ESA FLEX mission (launch planned for 2026) will further
enhance SIF monitoring by providing spatially continuous observa-
tions at 300 m resolution. Similarly, soil moisture products from the
Copernicus Land Monitoring Service (1 km) and the SMAP/Sentinel-1
synergy (1-3 km) (Das et al., 2018) offer detailed spatial information
relevant for ecosystem-scale GPP estimation. Yet, the integration of
these heterogeneous datasets with in-situ or Sentinel-2 measurements
will require careful temporal and spatial harmonization to ensure the
consistency and reliability of upscaled GPP estimates.

Despite currently relying only on environmental variables and prox-
ies of leaf water content and greenness, the models still demonstrated
promising potential in predicting GPP values across different ecosystem
types, using a limited and relatively simple predictor set. To further
strengthen model transferability, future research should focus on im-
proving the representativeness of the data. The current study is based
on a limited number of European sites. As a result, the dataset does
not fully capture variability within ecosystem types, since a single site
cannot capture or represent the full range of conditions within a biome,
where factors such as community structure or stand age may vary
widely. Incorporating additional sites and longer time series will be
essential to characterize variability better and increase model robust-
ness. As longer continuous datasets of both in-situ and satellite data
become available, future works should also explore temporal validation
using independent years or datasets to better assess predictive models.
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Expanding the framework to a broader range of sites, ecosystem types,
and geographical regions beyond Europe will be necessary not only to
increase the robustness of the models but also to strengthen their gener-
alization and assess transferability. Yet, expanding the dataset requires
careful consideration, as in global repositories, some ecosystems are
better represented than others. Future research should therefore aim
to strike a balance between the number of sites, the representativeness
of different ecosystem types, and the availability of comparable data
lengths across sites, ensuring both diversity and consistency in the
training dataset.

The current framework was designed using eddy covariance ob-
servations, as EC-derived measurements are essential for training and
validating the model. When trained on a more representative dataset
spanning a broader range of ecosystems, the framework may support
application at new sites without site-specific recalibration. This requires
that the same predictor variables are available, whether derived from
in-situ observations, satellite or model products. In this context, in-
tegrating sensible and latent heat fluxes from model results based on
satellite observations (Martens et al., 2020; Miralles et al., 2025) may
support broader spatial applicability of the framework. This may also
be relevant for future studies aiming to upscale site-level GPP estimates
from flux towers (Running et al.,, 2004; Turner et al., 2006; Jung
et al., 2019). Yet, differences in uncertainty, spatial representativeness,
and temporal resolution across predictor sources would require careful
validation before upscaling.

4.3. Variable contribution

Feature importance provides insights into which indicators were
most relevant for predicting GPP in each ecosystem. Across sites, the
contribution of remote sensing VIs and in-situ variables varied, reflect-
ing how productivity is regulated differently across ecosystems and
how the joint use of in-situ variables (including meteorological drivers
and derived flux products) and remote sensing—derived products can
provide complementary information on ecosystem functioning.

For the cropland (Estrees Mons) and deciduous broadleaf forest
(Hohes Holz), the latent heat turbulent flux was the most influential
predictor in the XGBoost model. The latent heat turbulent flux results
from the correlation between the measured turbulent flux of water
vapor and the measured vertical wind speed, as measured by the eddy-
covariance technique. While negative values reflect condensation (or
dew) on the leaves, positive values indicate evaporation from water,
soil or leaf surfaces, or transpiration from leaves. These processes are
driven by the water vapor pressure of the surrounding air and the
movement of water through the plant, from the roots, through the
leaves and their stomata, to the atmosphere, and are tightly coupled
to the photosynthesis rate (He et al., 2022).

For the evergreen needleleaf forest (Hyytiala), air temperature was
identified as the most important feature. This finding aligns with pre-
vious research. Wu et al. (2012), found that air temperature was the
major limiting factor for photosynthesis in early spring, autumn, and
winter. This indicates the significant impact of temperature on pho-
tosynthetic rates during seasons characterized by lower temperatures,
common in the Nordic climate of Hyytiala, and in evergreen needleleaf
forests (Chen et al., 2022).

For the grassland (Torgnon), the Red-edge Chlorophyll Index scored
as the most important variable. This is consistent with the results of Lin
et al. (2019), who found that Clr-based GPP estimates exhibited the
highest correlation and low uncertainties with GPP from EC across
grassland sites. The occurrence of MDVI, EVI and NDVI as feature
importance aligns with the study of Wang et al. (2023), who identified
these indices as key predictors of grassland productivity.

The unified models built with XGBoost and LSTM did not ben-
efit from the inclusion of global variables (e.g., elevation, latitude,
and longitude) (Tables S6 and S8, supplementary). This result in-
dicates that these factors were either adequately captured by other
variables (e.g., air temperature, radiation) or less critical than expected
in influencing GPP prediction in different sites.
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5. Conclusion

In this study, we evaluated the feasibility of a unified (cross-sites)
modeling approach for estimating GPP across multiple ecosystem types
without site-specific recalibration. By combining ICOS in-situ mea-
surements with Sentinel-2 derived vegetation indices, we compared
a statistical (SARIMAX), a machine learning (XGBoost), and a deep
learning (LSTM) approach. In the site-specific setting, the three meth-
ods performed similarly, achieving R? up to 0.91. SARIMAX served
as a site-specific statistical baseline. It struggled with rapid non-linear
GPP changes, including peak predictions. XGBoost tended to under-
estimate high peaks and overestimate low GPP values, particularly
during the off-peak season. LSTM showed stronger performance in
capturing non-linear GPP dynamics and productivity peaks. All models
produced occasional negative GPP predictions under near-zero con-
ditions, highlighting the need for non-negativity constraints in future
research. In the cross-site setting, XGBoost and LSTM were employed
under the incremental cross-site framework, with XGBoost reaching
higher performance than LSTM both on seen (average R*> = 0.74, range
0.65-0.86) and unseen sites (average R = 0.72, range 0.66-0.78).
Though both models exhibited training instability, XGBoost and LSTM
proved to be suitable tools for cross-site GPP prediction.

Overall, this work provides a proof of concept that data-driven
frameworks can support spatially transferable GPP monitoring. While
the present analysis is based on a limited number of European sites
and ecosystem conditions, the results highlight the potential of this ap-
proach for cross-site application. Future work should expand the model
framework by including additional sites, ecosystem types, ecosystem-
specific information, and validating them across a broader geographical
range to enhance their robustness, generalization and reliability, es-
pecially in global contexts beyond Europe. Further scaling up the
modeling framework to generate products at a broader spatial scale
and high frequency represents an important next step of this research.
Taking this step in this direction, we move closer to improving environ-
mental monitoring and supporting informed ecosystem management
using cutting-edge technologies and their developments.
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