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a Introduction N

Advanced monitoring tools are essential to optimize the role of ecosystems in mitigating emissions and adapting to climate change. Traditional
eddy covariance (EC) stations, while accurate, are costly and complex.This study investigates the use of machine learning (ML) combined with
explainable Al (XAl) to predict fundamental fluxes, sensible heat (H), latent heat (LE), and CO,, in a semi-arid vineyard using only conventional
meteorological data.
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Study site: Valencia Anchor Station (Spain)
Period: June 22 to September 4, 2022
Inputs: Incoming and reflected solar radiation (RSJ,, RST"), longwave radiation
(RLJ,, RLT), atmospheric temperature (AT), relative humidity, wind speed, soil
i naeni moisture, pressure
o o Targets: Sensible heat (H), latent heat (LE), CO, flux
| Models tested (9): Linear Regression, ElasticNet, KNN, Gaussian Process,
Decision Tree, Random Forest, XGBoost, SVR, MLP
S oo 01T A Evaluation: 80/20 split, 5-fold cross-validation for Hyperparameter Tuning,
E,L Emm@%xﬁ £ . A RMSE, MAE, R2
. ,-,f;.;“ g L PR Explainability: SHAP (Shapley Additive Explanations) for feature importance

Fig. 1. Satellite image of the 1 x 1 km? area (red square above) with
the VAS meteorological and eddy-covariance station.
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Results A
Best performance: T GE

H: Gaussian Process achieved highest accuracy (R? = 0.99)
LE and CO,: SVR performed best (R* = 0.96)

SHAP analysis identified key drivers:
For H: RS/, RS, AT and AT from 36h earlier

Standard Deviation
Standard Deviation
Standard Deviation

.10.14

|
i
L=}

RH AT 36h AT 36h

SM RH AT

. ’ ' 5 = 60 .0t 0.05 0.10 B
FO r LE : RS \l/ ) A-I-, RS /]\ a n d R L \l/ U : ;andardﬁéeviati;; - - ) Standard- :Z)eviation | o . Standard beviation .
For CO;: RS’]\, RS{d and AT from 60h earlier Fig. 2. Taylor diagrams for a) H, b) LE and c) CO2.
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Fig. 3. Shap Values for a) H, b) LE, c) CO2. Fig. 4. Error box plot diagrams for a) H b) LE and c) CO2.

Conclusions

The combination of ML and XAl enables accurate, interpretable predictions of energy and CO, fluxes in vineyards. This approach can reduce
the need for expensive EC systems and improve the scalability of environmental monitoring.

Key radiative and temperature-related variables drive model predictions, and XAl techniques like SHAP provide actionable transparency,
enhancing model trust and usefulness in sustainable agriculture.
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