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Monitoring tools are needed to maximise living systems' ability to mitigate emissions and adapt to changing
environmental conditions. Therefore, it is important to be able to predict the fundamental fluxes in crops, in this
case vineyards, such as sensible heat flux (H), latent heat flux (LE) and carbon dioxide flux (CO3), in order to
know their capacity to adapt to the environmental effects of climate change. In this study, Linear Regression
(LR), Elastic Net (EN) regression, K-Nearest Neighbours (KNN), Gaussian-Process (GP), Decision Tree (TREE)
Regression, Random Forest (RF) Regression, XGBoost (XGB) Regression, Support Vector Regression (SVR) and
Multi-layer Perceptron (MLP) models have been applied to predict fundamental fluxes of an eddy-covariance
station from conventional meteorological parameters. These models reproduced well the estimations of three
output parameters from the eddy-covariance station. The performance of each predictive model was evaluated
using Root-Mean-Squared Error (RMSE), Mean Absolute Error (MAE), Mean Square Error (MSE), Mean Absolute
Percentage Error (MAPE), Mean Absolute Scaled Error (MASE) and the coefficient of determination (R?). The
findings indicate that for the variable H, the GP model outperformed the SVR and all other models, achieving an
R? value of 0.99. Conversely, the SVR demonstrated superior performance for the variables LE and CO2, with R?
values of 0.96 for both. In summary, these findings suggest that the three models proposed show a robust per-
formance in the prediction of the studied fluxes, underlining their versatility and adaptability to the various
environmental conditions of the vineyard.

1. Introduction In this scenario, there is a need for monitoring tools that maximise

living systems' adaptation to the environmental conditions and their

Forests and agroecosystems contribute to emissions reduction
through their ability to capture carbon from the atmosphere and store it
in various forms (Canadell and Raupach, 2008; Locatelli, 2016). Agri-
cultural ecosystems are particularly promising from this perspective, as
they provide a range of services, including food production, carbon
sequestration, nutrient recycling, and climate regulation (Andrén and
Katterer, 2001; Iglesias et al., 2013). Additionally, in recent years, there
is a growing adoption of technologies to maximise agroecosystem per-
formance while contributing to sustainability through the optimal use of
water, soil, and various resources, as well as increased carbon fixation.

* Corresponding author.

emissions mitigation capacity. Traditionally, the eddy covariance tech-
nique has been established as a technology that allows continuous and
non-destructive measurement of carbon and water fluxes, being widely
used with scientific, industrial, or agricultural purposes (Burba, 2013).
Technically, it is based on the interpretation of the covariance between a
turbulent wind (in the direction normal to the sur face) and the con-
centrations of a constituent (such as CO») as a flux to or from the surface
of interest (i.e. Perez-Priego et al., 2018). Taken together, these tech-
nologies have contributed to a better understanding of fundamental
processes in the biosphere, such as evapotranspiration (Ryu et al., 2012),
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and they are indeed understood as a main and very promising tool to
enhance the capacity of plant systems to combat or adapt to climate
change (Guevara-Escobar et al., 2021; Wiesner et al., 2022).

However, although the information provided by these in-
frastructures is very valuable, they are costly and resource intensive.
Also, at the operational level, the mathematical treatment of the data is
sometimes complex and requires very specific techniques and method-
ologies, as for example, gap-filling (Shi et al., 2022; Yao et al., 2021).
Recent advances in machine learning have enabled many technical
barriers to be overcome in this area, creating many opportunities and
challenges that were unapproachable in the past (Huntingford et al.,
2019; Tang and Li, 2023). Machine learning (ML) algorithms have
advanced exponentially in recent years, leading to breakthroughs, and
more recently aiding climate analysis applications (Citakoglu and
Coskun, 2022; Reichstein et al., 2019). Although there has been much
discussion and debate in the scientific community about the effective-
ness and suitability of machine/deep learning techniques to help
improve our understanding of local and global environments, many
studies have shown that they have superiority over other methods when
upscaling eddy-covariance main fluxes (Shi et al., 2022; Xu et al., 2018;
Zhu et al., 2023) to field or regional scales. Among them, ANNs (Arti-
ficial Neural Networks), Random Forest (RF), and eXtreme Gradient
Boosting (XGBoost) algorithms have shown interesting and comparable
performance, with RF providing very consistent results with slightly less
bias (Kim et al., 2019; Mahabbati et al., 2021). Some attempts to eval-
uate ML methods for upscaling water fluxes from eddy covariance
towers to the regional scale have been proposed (i.e., Campioli et al.,
2016; Wang et al., 2016; Xu et al., 2018), but their application to these
fields still requires further effort.

Overall, current ML techniques have demonstrated several strengths
and limitations, but their future potential seems clear, especially when
focused on weather and climate modelling (Bayram and Citakoglu,
2023; Chantry et al., 2021). Although ML allows predictive and
probability-based calculations, which are useful tools for evaluating
eddy covariance data there is, at the moment, a lack of knowledge about
generating flux data from environmental measurements. Previous work
of this research group presented a methodology based on neural net-
works to derive surface net radiation from conventional meteorological
parameters (Geraldo-Ferreira et al., 2011). Now, in this paper, data from
an eddy covariance station have been combined with meteorological
parameters using a ML-based approach to, for the first time (to the au-
thors' knowledge), generate carbon and water fluxes from conventional,
easy-to-measure, meteorological measurements.

The main objective of this research work is to apply and compare
different ML models to predict sensible heat (H), latent heat (LE) and
carbon dioxide (COj) fluxes in a semi-arid vineyard area, from con-
ventional meteorological measurements, to produce results comparable
to those of an eddy-covariance station in relation to these fluxes. The
remainder of this article is organised as follows. Section 2, on materials
and methods, briefly describes the datasets and prediction models.
Section 3 shows the results based on the prediction models analysed and
those finally proposed. Section 4 presents the discussion of these results.
Concluding remarks are drawn in Section 5.

2. Materials and methods

This section is divided into four subsections: description of the
dataset, proposed methodology, model comparison, performance eval-
uation measures and statistical analysis.

2.1. Site study and data

With a total area up to about 100 km?, the Valencia Anchor Station
(VAS) is located in La Plana de Utiel-Requena, approximately 80 km
north-west of the city of Valencia (Fig. 1). Established by the University
of Valencia in November 2001, the VAS serves as a significant site for the
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Fig. 1. Satellite image of the Valencia Anchor Station 10 x 10 km? validation
area (black square) and the 1 x 1 km? validation area (red square), which in-
cludes most of the field instrumentation. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)

scientific validation of current low and medium spatial resolution
remote sensing instruments onboard EO missions from ESA, EUMET-
SAT, Copernicus, NASA, etc. This area has been characterised from
various perspectives, including soil types (Carbo et al., 2021), vegetation
cover and land uses (Brown et al., 2019), soil moisture (Colliander et al.,
2021), shortwave and longwave radiation (Bodas-Salcedo et al., 2003),
etc. It consists primarily of vineyards and fruit trees (approximately
75%) together with other land covers including sclerophyllous vegeta-
tion, non-irrigated arable land, and coniferous forests. Within this area,
a1l x 1km?area (Fig. 2) is the specific work zone where most of the field
instruments are installed (FAPAR stations, soil moisture probes, eddy
covariance station, radiation station, etc.) and a large number and types
of mobile measurements are usually carried out.

The eddy covariance station (Fig. 2) is located 50 m from the VAS. It
contains a COy and HyO Open-Path Gas Analyzer and 3D sonic
anemometer (model EC150), controlled by a CR3000 datalogger. The
datalogger performs measurements every 100 ms and provides flow
output estimates every 30 min. The flux footprint is approximately of
400 m, taking into consideration the height (4 m) of the tower (Gash,
1986). In addition, the predominant wind direction is NW according to
the monthly wind rose provided by the AEMET Spanish Meteorological
Service for the period 1991-2020, from one of their stations located
about 3.5 km from our site, also over a similar vine area. Furthermore,
the VAS includes a complete 2 m high radiation mast containing a Kipp
& Zonen albedometer (global radiation and surface reflected radiation),
a pair of inverted Kipp & Zonen pyrgeometers (incident longwave at-
mospheric radiation and ground emitted radiation), and a Garmin GPS-
controlled solar tracking system consisting of an Eppley pyrheliometer
(direct solar radiation) and a shaded Kipp & Zonen pyranometer with a
disk for diffuse radiation measurements.

Temperatures range from —15 °C in winter to 45 °C in summer, with
an average annual temperature of 14 °C, while average annual precip-
itation is around 450 mm, with peaks in spring (March and May) and
autumn (September and October), with some eventual peaks in ends
June and January. However, at the boom of the vine phenological cycle
(July and August), there is virtually no rainfall except on very rare oc-
casions. The topography (800 m above sea level) is reasonably flat
(variation of =50 m in 10 x 10 km?) in the study area (Carbo et al.,
2021). The vine phenological cycle extends from April-May to
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Fig. 2. Satellite image of the 1 x 1 km? area (red square above) with the VAS meteorological and eddy-covariance station. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

September-October, with the boom period occurring in July and August,
while bare soil conditions persist for the rest of the year (Schwank et al.,
2012).

Table 1 shows the different field parameters that have been used to
predict H, LE and CO; between 22 June and 4 September 2022 covering
most of the vine phenological cycle. The significant features of the
dataset have been explored based on multiple parameters such as vari-
able name and its abbreviation, symbol, unit and dataset source. All
parameter data have been resampled to 30 min temporal resolution. In
addition, antecedent air temperature (AT) and relative humidity (RH)
composites over the previous 12, 24, 36, 48 and 72 h have also been

Table 1
Key Insights from Dataset Features: A Quick Overview.
Variable Variable Symbol  Unit Source**
abbreviation
Soil Moisture SM 0 m3/ m? Soil Moisture
Probe
Pressure PRES p hPa AEMET*
Precipitation PREC P L/m? AEMET*
Air AT Ta Celsius Degrees AEMET*
Temperature
Relative RH RH Dimensionless AEMET*
Humidity (%)
Wind Speed WS WS m/s AEMET*
Global Rs (down) Rsl W/m? Radiation
Radiation Station
Reflected Rs (up) Rst W/m? Radiation
Radiation Station
Atmospheric Ry, (down) Ryl W/m? Radiation
Radiation Station
Emitted Ry, (up) Rit W/m? Radiation
Radiation Station
Sensible Heat H H W/m? Eddy
Flux Covariance
Station
Latent Heat LE LE W/m? Eddy
Flux Covariance
Station
Carbon Dioxide =~ CO2 CO, mg/(m?s) Eddy
Flux Covariance
Station

* AEMET: Agencia Estatal de Meteorologia.
™ The data is semi-hourly

considered.

2.2. Descriptive statistical analysis and comparison between variables

The study utilised Pearson's and Spearman's correlation coefficients
to analyse the relationships between target and features variables.
Pearson's coefficient measured linear correlation, while Spearman's co-
efficient assessed monotonic relationships, providing valuable insights
into the dataset's characteristics.

Table 2 presents a summary of instances before and after the filtering
process, along with the percentage of valid data for each variable. The
pre-filtered instances represent the total number of data points before
any filtering procedures were applied. After filtering, post-filtered in-
stances depict the remaining data points that passed the filtering
criteria. The ‘Significant data (%)’ column indicates the proportion of
instances deemed valid after filtering, providing insights into the
effectiveness of the data cleaning process. As discussed in more detail in
subsection 2.3, data filtering consists of manually removing outliers and
smoothing them with a moving average.

Table 3 represents the statistical summaries of our target variable
dataset, i.e. H, LE and COg, after filtering. The statistical representation
of the different variables includes the count, mean, standard deviation,
the minimum, the maximum, the 25th percentiles, 75th percentiles, Cy
coefficient of variation, Csk coefficient of skewness and Cx coefficient of
kurtosis. Coefficients such as Csg and Cx indicate skewness and kurtosis,
respectively, with lower Cy values indicating lower variability relative
to the mean. Variables H and LE exhibit slight right skewness, while CO2
shows slight left skewness. Variations in kurtosis indicate differences in
peakedness or flatness compared to a normal distribution, with all var-
iables displaying relatively stable scatter around the mean.

Fig. 3a shows a graphical representation of the Pearson's correlations
for the 13 parameters. On the one hand, it is observed that there is a

Table 2

Summary of Pre- and Post-filtering Instances and Percentage of Valid Data.
Variable Pre-filtered instances Post-filtered instances Significant data (%)
H 3303 3300 99.9
LE 3303 3260 98.7
CO, 3303 3259 98.7
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Table 3

Statistical Summaries for the Target Variable Dataset: Insights and Analysis.
Variable mean std min 25% 75% max Cy Csk Cyk
Filtered H 65.38 98.27 —76.44 —10.96 13.23 141.75 1.49 0.91 —0.36
Filtered LE 42.69 49.02 —15.75 1.61 21.52 77.38 1.15 1.09 0.68
Filtered CO, —0.079 0.14 —0.54 —0.18 —0.045 0.038 —-1.74 —-0.74 —0.18

Cy coefficient of variation, Csk coefficient of skewness, Ck coefficient of kurtosis.
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Fig. 3. a) Pearson's and b) Spearman's correlations between the variables.

significant positive correlation between the radiation variables, and
with other variables such as AT, H, LE and, to a lesser extent, WS. On the
other hand, a negative correlation is observed with the rest of the CO2
and RH variables, which is consistent with the natural behaviour of these
variables throughout the day. Finally, it is noted that SM, PRES and
PREC show hardly any correlation with the rest of the variables.
Spearman's correlations have also been calculated, and very similar re-
sults have been obtained, showing that there is no clear monotonic non-
linear direct relationship between the different variables (Fig. 3b).

2.3. Proposed models

In this study, various regression models including Linear Regression
(LR), Elastic Net (EN) regression, K-Nearest Neighbours (KNN),
Gaussian-Process (GP), Decision Tree (TREE) Regression, Random For-
est (RF) Regression, XGBoost (XGB) Regression, Support Vector
Regression (SVR) and Multi-layer Perceptron (MLP) were employed for
predicting the target variables using Python 3.8.19 with the following
libraries (Pandas 2.0.3, NumPy 1.24.3, Scikit-learn 1.3.0, SciPy 1.10.1,
XGBoost 1.7.6, SHAP 0.42.1, Matplotlib 3.7.2 and Seaborn 0.12.2).
Before applying these models, a structured approach was adopted, by
initially subjecting the dataset to pre-processing and cleaning proced-
ures, dealing with missing values and manually removing outliers. (as
indicated in Table 2, with minimal intervention). A 3-window moving
average smoothing technique was then applied to mitigate small
inherent instantaneous measurement errors in the systems. Subse-
quently, predictor variables were standardised using the StandardScaler
implementation from Scikit-learn, adhering to the next formula:

Xi—X

@

Zi =
Ox

where z; represents the standardised variable, x; denotes the observation

of the variable before standardisation, X is the mean of the variable

before standardisation, and o, is its standard deviation.

The dataset is then divided into training sets, which comprise 80% of
the data, and a test set representing the remaining 20%, in order to
maximise model training while maintaining a sufficient amount of data
for robust model validation (Adjuik and Davis, 2022; Fernandez-Lopez
et al., 2020). This division is done by random sampling to ensure that
both subsets are representative of the overall dataset and minimise the
risk of bias. Randomisation helps to preserve the distribution of key
features and target variables across both training and test sets,
enhancing the generalisability of the model. We leverage the scikit-learn
function GridSearchCV to meticulously fine-tune the hyperparameters of
each model within the confines of the training set, aiming to enhance
their predictive performance. A five-fold cross-validation is used and the
negative mean square error is set as the target measure. Following this
hyperparameter optimisation process, the performance metrics detailed
in Section 2.5 are meticulously evaluated using the designated test set.
Subsequently, based on the performance metrics obtained, we discern
and select the most effective models for each target variable. For an
illustrative overview of this model selection process, kindly refer to the
visual representation provided in Fig. 4.

2.4. Model comparison

In this section, a concise discussion of the mathematical fundamen-
tals of the predictive models used in the preliminary assessment is pre-
sented. LR assumes a linear relationship between variables and
estimates coefficients using least squares. EN combines L1 and L2 pen-
alties to deal with multi-collinearity and allows adjustable regularisa-
tion (Zou and Hastie, 2005). KNN is non-parametric and estimates the
target variable based on the closest observations (Cover and Hart, 1967).
GP probabilistically models complex relationships, incorporating prior
beliefs and uncertainty (Rasmussen, 2004). TREE regression recursively
partitions data based on feature values, providing interpretability (Jena
and Dehuri, 2020). RF builds an ensemble of trees, increasing stability
and providing insight into the importance of variables (Breiman, 2001).
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Fig. 4. Flowchart of the proposed models.

XGB optimises predictive modelling through gradient boosting and
regularisation (Chen and Guestrin, 2016). SVR uses kernel functions to
efficiently handle non-linear data by fitting the best hyperplane within a
pre-defined error margin (Hsu et al., 2003). MLP is a feed-forward
neural network that learns complex patterns using adjustable weights
and activation functions (Kingma and Ba, 2014).

2.5. Performance evaluation measures

Various performance evaluation metrics, i.e., Mean Absolute Error
(MAE), Mean Square Error (MSE), Root Mean Square Error (RMSE),
Mean Absolute Percentage Error (MAPE), Mean Absolute Scale Error
(MASE) and Coefficient of determination (Rz) have been used to mea-
sure the performance accuracy, and suitability of prediction models. In
this section, the evaluation metrics used are properly recalled with their
mathematical rationale (Nagelkerke, 1991).

1 -
MAE:EZDG*}’J 2
i=1
1 -
MSE =~ > i-y)° 3)
i=1

_ LR S PN
RMSE = vMSE = n;(yl 3) 4)

n 4=l |y
MASE — EZ" ly: — il 6)
né—i=1|y; — y|
S =50’
R*=1-E )
> -y

where y € R" is the vector of observations, y € R" is the vector of pre-
dicted values, y is the mean of observed values and n is the length of the
training set.

3. Results
In this section, the prediction results for H, LE and CO, based on the

models considered, are discussed. The prediction results on the optimal
prediction model are also analysed, together with the significance of the
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variables, in terms of relative preponderance.

3.1. Best model identification

Table 4 includes details such as the name of the prediction model, its
hyperparameters, the parameters selected during the 5-fold cross-
validation, and the hyperparameters adjusted according to the selec-
tion criteria to determine the most appropriate configuration for the
prediction model.

3.2. Performance evaluation of H, LE and CO; prediction models

Table 5 shows the results of the nine regression models based on the
six established performance evaluation metrics for the prediction of H,
LE and CO,. To assess the accuracy of these predictions, R? should be
high with low MAE, MSE, RMSE, MAPE and MASE. Based on these
validation metrics, the performance of each regression model was
evaluated to determine the optimal prediction model among them. In
this study, the three variables frequently take values close to zero, thus
the MAPE result is deceptive and uninformative. Table 5 demonstrates
that the MAPE measures are excessively high despite the model having
very low error.

In the case of H, an R? value of 0.99 was achieved for GP and SVR
models, with the GP model exhibiting higher performance in terms of
MAE, MSE, RMSE and MASE values. Similarly, for LE, an R? value of
0.96 was obtained for SVR and KNN models, with the SVR model
exhibiting higher performance in terms of MAE, MSE, RMSE and MAPE
values. Concerning COz, the SVR and KNN models yielded the highest R2
value of 0.96, with the SVR model demonstrating highest overall
performance.

In previous statements, GP was considered as the best model for H
and SVR was considered as the best model for LE and CO; since it had the
least MAE, MSE, RMSE, MAPE and MASE and highest R? values.
Although the MAE, MSE, RMSE, MAPE and MASE error criteria

Ecological Informatics 81 (2024) 102638

Table 5
Performance evaluation of H, LE and CO, prediction models.
Variable Model MAE MSE RMSE MAPE MASE R?
XGB 8.58 175.23 13.24 71.82 0.083 0.98
H RF 10.32 248.37 15.76 75.97 0.10 0.97
LR 20.22 729.70 27.01 220.13 0.20 0.92
SVR 6.60 136.71 11.69 35.21 0.064 0.99
GP 5.72 109.05 10.44 35.23 0.055 0.99
EN 19.96 733.36 27.08 212.91 0.19 0.92

KNN 7.80 178.54 13.36 47.39 0.075 0.98
MLP 9.91 226.24 15.04 91.42 0.10 0.98

Tree 13.17 422.45 20.55 110.57 0.13 0.95
XGB 6.58 113.17 10.64 210.65 0.098 0.95
LE RF 7.42 145.51 12.06 187.45 0.12 0.94
IR 12.52 341.59 18.48 901.78 0.14 0.85
SVR 5.32 93.27 9.66 93.31 0.10 0.96
GP 5.58 111.61 10.56 163.87 0.23 0.95
EN 13.63 417.97 20.44 814.42 0.25 0.82
KNN 5.40 93.91 9.69 99.79 0.19 0.96
MLP 6.99 112.49 10.61 251.32 0.13 0.95
Tree 10.32 276.78 16.64 408.36 0.10 0.88
XGB 0.019 0.00088 0.030 142.74 0.12 0.95
CO, RF 0.025 0.0013 0.036 188.33 0.16 0.93
LR 0.047 0.0039 0.062 299.12 0.30 0.79
SVR 0.015 0.00073 0.027 69.89 0.096 0.96
GP 0.015 0.00094 0.031 56.22 0.098 0.95
EN 0.092 0.013 0.11 381.45 0.59 0.31

KNN 0.016 0.00074 0.027 68.05 0.10 0.96
MLP 0.030 0.0017 0.041 163.20 0.19 0.91
Tree 0.034 0.0028 0.053 180.10 0.22 0.84

indicated the correctness of the variables, they do not offer information
about the models' distribution. For the comparison of the models, the
Taylor diagram (Fig. 5), the violin plot (Fig. 6) and the box error plot
(Fig. 7) were used.

The standard deviation and correlation of each model compared to
the observed data are shown in each Taylor diagram. From these dia-
grams, several conclusions can be drawn regarding the performance of

Table 4
Hyperparameter Grid for Each Model.
Model Hyperparameter Parameter Selection BP* H BP* LE BP* CO2

alpha [0.1, 0.5, 1.0] 0.1 0.1 0.1

EN 11_ratio [0.1, 0.5, 0.9] 0.9 0.9 0.1
neighbours [3,5,7,9] 3 3 3

KNN weights [uniform, distance] distance distance distance

GP P [1,2] 1 1 1
alpha [107%,1075,1072,107Y] 0.1 0.1 107°
max_depth [5, 10, 15] 10 10 10

TREE min_samples_split [2, 5, 10] 10 5 5
min_samples_leaf [1, 2, 4] 4 2 2
max_features [None, sqrt, log2] None None None
n_estimators [100,200,300] 200 100 300

RF max_depth [5, 10, 15] 15 15 15
min_samples_split [2, 5, 10] 2 2 2
min_samples_leaf [1, 2, 4] 1 1 1
max_features [1.0, sqrt, log2] log2 1 sqrt
n_estimators [100, 200, 300] 300 300 300

XGB learning_rate [0.01, 0.05, 0.1, 0.2] 0.1 0.2 0.1
max_depth [3,5,7] 7 5 7
subsample [0.8, 1.0] 0.8 0.8 0.8
colsample_bytree [0.8, 1.0] 1 1 1
reg_alpha [0, 0.1, 0.5, 1] 1 0.5 0.1
gamma [0, 0.1, 0.5, 1] 1 1 0
min_child_weight [1, 3,5] 3 1 5
C [0.1, 1, 10, 100] 100 100 1

SVR gamma [0.001, 0.01, 0.1, 1] 0.5 0.5 0.01
epsilon [0.01, 0.1, 0.2, 0.5] 0.1 0.1 0.1
hidden_layer sizes [(50), (100), (50, 50), (100, 50)] (100, 50) (100, 50) (100, 50)

MLP activation [relu, tanh, logistic] relu relu relu
alpha [0.0001, 0.001, 0.01] 0.001 0.001 0.01
learning_rate [constant, invscaling, adaptive] constant invscaling constant
max_iter [200, 300, 400] 400 400 300

“ BP denotes Best Parameter.



D. Garcia-Rodriguez et al.

a) b)
0.0 0.1 02
0.3
0.4
05 Q)»
s A
%
0.6 Q%
%
07 O
[=4 c
S 3 ]
ksl o k<l
> >
[0 [
o o
kel el
S 0o 5}
el ©
f= f=4
ol 8
) o

0 20 40 60 80 100 120 0 15 30

Standard Deviation

Standard Deviation

Ecological Informatics 81 (2024) 102638

00 o1 ., XGB
03 A RF
04 o Linear Regression
05 9, > SWR
/‘Q/ GP
06 ‘9% Elasticnet
2 *  KNN
0 & MLP
G,
% ¢ Tee
s %, ® Reference
S %
= 0.8 d
>
3
o
©°
2 09
]
c
S
(2]

)

A
1.0 1014

1.
45 60 0.00 0.05 0.10 0.15 0.20
Standard Deviation

Fig. 5. Taylor diagrams for a) H, b) LE and c) CO,.

[
-

450-

400-

350-

300-

H Observations and Predictions (W/m?)
&
o

100-
50-
o-
_50-
-100-
-150 ’ ‘ : : ;
Observed GP SVR KNN XGB MLP
C
),‘ 0.4-
0
T o3
E .
S)
g o2-
[92]
c 01
o
2
2 00-
©
2
& -01
2
€ -02
g
5 -03
2
T -04
z
b
2-05
(]
~-0.6
o]
)
-0.7

Observed SVR KNN

b

~

_ = N N w
v o v o v o
o o o o o o

LE Observations and Predictions (W/m?)
o

Observed SVR KNN

GP XGB RF

GP XGB RF

Fig. 6. Violin plots for a) H, b) LE and c) CO».

the models. For the variable H, it is generally observed that the models
exhibit a relatively low standard deviation almost identical to the
observed data, indicating a good fit in terms of the variability of the
variable of interest. Moreover, the correlation between the models and
the observed data remains relatively consistent across different models,
suggesting their strong predictive capability. Regarding the variable LE,
higher correlations are observed for the GP, KNN, SVR, MLP, XGB, and
RF models compared to the Tree, LR, and EN models. Additionally, there
is a relatively lower standard deviation for these models, except for Tree,

which exhibits the best standard deviation but at the expense of a lower
correlation. Finally, for variable COg, a significant variation in correla-
tion is observed among the SVR, KNN, XGB, and GP models compared to
the others, especially with EN, indicating differences in their ability to
reproduce the variability of the variable of interest.

The conformity between estimation data and the observed data was
assessed using the violin plot. Statistical comparisons between models
were also performed using the violin plot.

Fig. 6 presents a violin plot considering the observed values and the
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top five models for each target variable. For variable H (Fig. 6a), the first Tabl
five models are remarkable similar to each other; however, subtle dif- able 6
. . . . - KW test results.
ferences can be distinguished in the error box plot diagrams presented in
Fig. 7a, especially in the interquartile range and outliers, with the GP Variable Model Kruskal Statistic Kruskal P-value Ho*
model appearing the most favourable. Similar patterns are observed XGB 0.04698 0.8284 Accept
with the LE and CO;, variables, where differentiating between models is H RF 0.00035 0.9850 Accept
challenging, as exemplified by the almost identical behaviour of SVR LR 0.2488 0.6179 Accept
d KNN. In contrast, in th f MLP, th 11 diff SVR 0.01078 09173 Accept
an - In contrast, in the case o , there are small differences, cp 0.001464 0.9695 Accept
such as a larger interquartile range. EN 0.2333 0.6291 Accept
Finally, statistical significance comparisons between the different KNN 0.09426 0.7588 Accept
ML models were made. Firstly, the Kruskal-Wallis test was employed to MLP 8~gg§°Z 8'3632 QCCEPt
. . . Tree . 7. .95 ccept
§ee V\'/hether the median o‘f the observations and the estlfnates were XGB 0.2698 0.6034 Accept
identical (Kruskal and Wallis, 1952). The test works by ranking the data LE RF 0.6252 0.4291 Accept
from all groups together and calculating a test statistic based on the LR 0.2563 0.6127 Accept
rankings. This statistic is compared with a critical value of the chi- SVR 0.1851 0.6671 Accept
squared distribution to determine if there are significant differences ap 0.1547 0.6941 Accept
b h In th 1 ided. if the Kruskal o EN 3.7681 0.0522 Accept
c'stween the groups. In the resu ts provided, if the ruska §tatlst1c is KNN 0.0638 0.8005 Accept
high and the associated p-value is low (usually <0.05), it indicates that MLP 1.4098 0.2351 Accept
at least one of the groups is significantly different from the others. Tree 0.2040 0.6515 Accept
Conversely, if the p-value is high, it suggests that there are no significant XGB 0.0054 0.9413 Accept
differences between the groups, and the null hypothesis of equal pop- co2 RE 0.1102 0.7399 Accept
i X groups, yP qual pop IR 0.7735 0.3791 Accept
ulation medians cannot be rejected. SVR 0.0129 0.9096 Accept
In Table 6, the results of the Kruskal-Wallis (KW) test reveal insights GP 0.1513 0.6973 Accept
for each variable. For variable H, all models exhibited no significant EN 0.7408 0.3894 Accept
differences, as indicated by p-values ranging from 0.6179 to 0.9850. KNN 0.0315 0.8592 Accept
Similarly. f iable LE t models showed ienificant diff MLP 0.2797 0.5969 Accept
imilarly, for variable LE, most models showed no significant differences Tree 0.0001 0.9918 Accept

except for the Elastic Net (EN) model, which demonstrated borderline
Ho: Predicted median and measurements median are equal.
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significance with a p-value of 0.0522. This suggests a potential differ-
ence in performance compared to other models for variable LE.
Regarding the variable CO,, again, no significant differences were
observed across the models, with p-values ranging from 0.3791 to
0.9918, well above the threshold for significance (p > 0.05). Thus, there
are no substantial deviations in model performance across the tested
models for this variable.

3.3. H, LE and CO; prediction model and relative significance of the
characteristic field variables

3.3.1. Sensible heat flux (H)

For the experimental analysis, H has been taken as one of the
regression targets. As previously indicated, the data from 22/06,/2022 to
04/09/2022, of the dataset from Table 1, have been used for training
and testing purposes with a ratio of 80% and 20%, respectively.

The regression hyperparameter tuning has been performed for all the
nine prediction models (XGB, RF, SVR, GP, EN, KNN, MLP, Tree and LR),
and based on that, the best regression parameter has been used for
training the model.

As illustrated in Fig. 8, the x-axis denotes the sequence of observed
values, and the y-axis represents the differences between the predicted
and observed values. As can be seen, there is a constant trend in the
distribution of differences between predicted and observed values as the
observed values increase on the X-axis. Particularly, the values on the Y-
axis remain consistently close to 0, both above and below the reference
line, indicating relative stability in the discrepancies between pre-
dictions and actual values across the range of observed values.

To evaluate the importance of predictor variables, we employed the
Shapley Additive Explanation (SHAP) method, which integrated six
explanatory models using game theory (Shapley, 1953). By calculating
the weighted average marginal contribution (i.e., absolute Shapley
values) of each modelling feature across all combinations, SHAP assigns
importance value to each predictor variable in the ML model (Garcia and
Aznarte, 2020). It is worth noting that a positive SHAP value indicates
an increase in H relative to a baseline value, while a negative value
implies a decrease in predicted H (Lundberg et al., 2020). In Fig. 9, the
results showed that Rg (down) and Rg (up) are the most influential,
followed by other significant variables previously established, such as
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AT 36h and AT, which is logical since sensible heat, convective flux
between the surface and the atmosphere, depends on those radiative
components of the surface radiation balance and followed by the ante-
cedent atmospheric temperature. As expected, this convective flux be-
tween the surface and the atmosphere depends on the temperature
difference between their respective temperatures. As for Ry (up), it is
observed that high values exert a positive impact on the model, similar
to Rg (down) and Rg (up). However, for Ry, (down), it is not considered
significant, as shown by the absence of a substantial impact. Being
summer, the surface-emitted longwave flux seems to be more significant
than the atmospheric one due to the high surface temperatures reached
during the day.

3.3.2. Latent heat flux (LE)

Consistent with subsection 3.3.1, five out of nine models (XGB, SVR,
GP, KNN and MLP) also demonstrate a high degree of accuracy in
replicating or predicting (R? > 0.95). In terms of overall performance
(high R? and low MAE, MSE, RMSE, MAPE and MASE), the SVR model
outperforms all other regression models (see Table 5).

In Fig. 10, a consistent overall trend around the reference line is
observed, with some high outliers when observed values are low.
However, as observed values increase, there is a slight tendency to un-
derestimate, indicated by numerous negative outliers. Ultimately, the
model demonstrates reasonable accuracy for low values, yet tends to
underestimate slightly as these values increase.

In this scenario, as far as the latent heat flux is concerned, Rs (down)
and AT remain the most critical variables, followed by Rs(up) and the
longwave variables Ry (down) and Ry (up), as can be seen in Fig. 11.
Latent heat flux is generally referred to as evapotranspiration, which
describes the total evaporation from land surface and transpiration by
plants. In particular, the two longwave variables are of substantial
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Fig. 11. Summary SHAP plot of the SVR model for LE.
importance, in this case including atmospheric properties such as rela-

tive humidity, wind speed and soil moisture that most significantly
affect Ry, (down). In addition, high Rg (down), Rs (up), Ry (down) and AT
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values may induce a larger variation in LE and both of their SHAP values
have long right tails. The SHAP values of RH exhibited a relatively
balanced pattern at both high and low values.

3.3.3. Carbon dioxide flux (COz)

Also consistent with subsection 3.3.1, four out of the nine models
(XGB, SVR, GP and KNN) demonstrate a high degree of accuracy in
replicating or predicting CO2 as well (R? > 0.95). In terms of overall
performance (high R? and low MAE, MSE, RMSE, MAPE and MASE), the
SVR model outperforms all other regression models (see Table 5).

A consistent trend around the reference line is observed in Fig. 12, as
observed values decrease, with some minor outliers when observed
values are near 0 but of little significance.

Like the previous analyses, in the case of CO, flux, when studying the
importance and significance of the variables in the optimal models, it is
observed that those with the greatest weight are the global radiation
flux, that is, Rg (down), followed by reflected radiation Rg (up), as can be
seen in Fig. 13. In addition, the AT 60h also shows a relative significance
compared to the other variables. As expected, Rs (down) and Rg (up),
together with air temperature are pivotal drivers of the CO, flux.
Furthermore, low values of Rg (down) and Rg (up) positively influence
the model, in contrast to AT 36h, where the opposite is true (Fig. 13).

Finally, radiative fluxes shown in Table 1 can be combined to provide
the surface radiation balance, surface net radiation (Rp), as indicated in
eq. 8

Rn =Rsl —Rst+ Rl —Ri1 (8)

Soil heat flux, H¢, can then be determined by difference based on the
surface energy balance, as indicated in Eq. 9, valid in absence of
advective fluxes

H.=R,-H-IE 9

Fig. 14 shows now the evolution of these surface energy balance
fluxes, as an example, during the week of 18 to 24 July 2022, in the
significant central stage of the phenological cycle of the vine.

Evapotranspiration (ET) is estimated from the latent heat flux (LE)
component of the eddy covariance measurements. LE represents the
energy consumed or released during the phase change of water from
liquid to vapor during evaporation or transpiration processes. It can be
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Fig. 12. Scatterplot between observed and predicted-observed values for CO,
using SVR.
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calculated using the eddy covariance equation:
77
LE= —pelewq (10)

where LE is the latent heat flux (W/m2), p is the air density (kg/m3), Ais

the latent heat of vaporization (J/kg) and wq is the covariance of ver-
tical wind speed and water vapor concentration (m/s - kg/kg).

By knowing the latent heat of vaporization (1) (Harrison, 1963), and
the latent heat flux measured by the eddy covariance system, the rate of
evapotranspiration can be calculated according to Allen et al. (1998):

LE LE
1 2501 —2.361-10-3T,

ET = 11

By way of example, and for the same representative period, the CO»
flux and evapotranspiration from the eddy-covariance station
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measurements can be plotted together (Fig. 15).

Fig. 15 illustrates the evolution of CO2 and water fluxes over a typical
week in July in our study area. As expected, both fluxes show an
opposite trend, consistent with the theoretical biological behaviour of
vines. Interestingly, the combination of these two fluxes, CO; and ET,
will be used in future to also obtain water use efficiency in vines. The
solid lines show the trend of the data from the eddy covariance station
(COy, direct measurement; ET, transformation according to Eq. (11)),
while the dashed lines indicate the output of the model. As shown in the
graph, the degree of concordance is very high and it is noted that the
daily trend is regular throughout the week. On the one hand, the
maximum ET peaks are reached in the central hours of the day and the
minimum during the night (Egipto et al., 2023), coinciding with the
particular stomatal dynamics of the vegetation at that time of the year, a
period characterised by moderate or elevated daytime temperatures and
a medium or high degree of water deficit. On the other hand, net CO2
exchange shows the inverse pattern, also corresponding to this time of
the year in semiarid agroecosystems. Similar results have been obtained
in other studies and in different species (i.e. Falge et al., 2002).

Our research also suggests that ET (estimated from latent heat flux
eddy-covariance measurements, as indicated earlier) can be reproduced
from meteorological measurements using ML methods. It is worth
noting that, complementary, other authors have been able to derive ET
from their conventional meteorological station measurements, also
using ML or deep learning methods (Zouzou and Citakoglu, 2023).

4. Discussion

This research involves the application of ML models to estimate
fluxes of carbon dioxide (CO), sensible heat (H), and latent heat (LE)
over a vineyard. By utilising meteorological parameters as inputs, the
study aimed to assess the feasibility of deriving these fluxes from con-
ventional weather data. The findings of this study may serve as a pre-
cursor for more extensive investigations in other crop types, providing a
promising approach for estimating ecosystem fluxes across a range of
agricultural contexts.

Statistical summaries offer valuable insights into the distribution and
characteristics of the variables examined in this study. By analysing the
mean, standard deviation, minimum, maximum, quartiles, coefficient of
variation (Cy), coefficient of skewness (Csk), and coefficient of kurtosis
(Cx), an overall understanding of the variability, skewness, and shape of
the data distribution for each variable has been obtained. The coefficient
of skewness (Csg) allowed to assess the degree of asymmetry in the
distribution of the filtered variables. Both filtered variables H and LE
exhibited slight right skewness, with Cgk coefficients of 0.91 and 1.09,
respectively, indicating a tendency towards higher values. Conversely,
the filtered variable CO2 showed a slight left skewness (Csx = —0.74),
suggesting an asymmetry towards lower (negative) values. These ob-
servations provide valuable insights into the distributional
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Fig. 14. Evolution of the surface energy balance fluxes along the week of 18 to 24 July 2022.
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Fig. 15. Evolution of the CO, and ET fluxes along the week of 18 to 24 July 2022. ET is expressed in dg/(m? s) in order to make it comparable and coherent with the

CO, flux.

characteristics of the variables and highlight the presence of subtle
asymmetries in the data. Furthermore, the coefficient of kurtosis (Cg)
provided information about the degree of peakedness or flatness of the
distribution compared to a normal distribution. The filtered variable H
showed a slightly flattened distribution (Cx = —0.36), while the filtered
variable LE showed a slightly sharper distribution around the mean (Cg
= 0.68). In contrast, the filtered variable CO, demonstrated a distribu-
tion closer in terms of flatness to normal (Cx = —0.18). These findings
indicate variations in the shape of the distributions and underscore the
importance of considering the kurtosis coefficient in the analysis of the
data.

Variable selection represents a pivotal aspect in ML models (Cateni
and Colla, 2016). Pearson's correlation played a crucial role in eluci-
dating the relationships between the variables. For instance, Ry(up) ex-
hibits a high correlation with Ry (down) via the albedo, which remains
virtually constant (except for low sun angles). Nevertheless, this did not
hinder the model from learning satisfactorily. However, it is worth
noting that certain variables, such as PREC, could have been potentially
excluded from the outset, given their limited significance in our study
case. This opens up the possibility of attempting to construct a model
with fewer input variables.

The comparison among the nine classifiers (i.e., LR, EN, KNN, GP,
TREE, RF, XGB, SVR, and MLP) showed that models performed globally
well with reliable accuracy (i.e., R%>0.79 except for EN for CO,) for the
three variables with slight differences between them. The fine-tuning of
hyperparameters contributed to these differences, although a balance
was found between them.

Although all ML models work sufficiently well, as they learn from a
specific dataset, a paradigm shift in new data could affect the perfor-
mance of the models, potentially hindering their performance. For
example, if vegetation is removed, or drastically increased, it could
greatly affect the performance of the models. In addition, on the one
hand, the absence of precipitation during the observation period may
limit the generalisability of the results obtained to other meteorological
conditions. Additionally, the methods employed are localised and may
exhibit varying performance in broader contexts. On the other hand, if
the data behave similarly to the cases found in the training set, the
models will perform correctly. As for the different regression algorithms,
each has advantages and disadvantages. One limitation of the linear
regression and Elasticnet models is that they may perform poorly in
cases with nonlinear relationships. For their part, SVR and GP are slow
to train and scale greatly with increasing amounts of data. Decision trees
tend to perform worse than other models. KNN can be sensitive to noisy
data and outliers, and since it needs to store the data in memory, it can
be computationally expensive with large amounts of data. And XGBoost
and Random Forest can be prone to overfitting depending on the se-
lection of their hyperparameters.

The outcomes of the Kruskal-Wallis (KW) test provide valuable
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insights into the comparative performance of various models across
different variables. Notably, for the variable H, none of the models
displayed significant differences, with all Kruskal P-values indicating
acceptance of the null hypothesis (p > 0.05). This suggests a consistent
performance across the tested models in capturing the dynamics of this
variable. In contrast, for the LE variable, the Elastic Net (EN) model
showed borderline significance (p = 0.0522), indicating a potential
divergence in performance compared to other models, although not
conclusively significant. While further investigation may be warranted
to elucidate the specific factors contributing to this observed trend, it
suggests the need for careful consideration in model selection to ensure
optimal performance across different variables. In contrast, the KW test
did not reveal any significant differences among the models for variable
CO». With all Kruskal P-values exceeding the threshold for significance
(p > 0.05), it appears that the performance of the models remained
consistent across the tested variations for this variable. This uniformity
in performance highlights the robustness of the models in capturing the
dynamics of the CO, variable, reflecting their effectiveness in addressing
the complexities associated with carbon dioxide flux dynamics.

The investigation focused on three key variables: sensible heat flux
(H), latent heat flux (LE), and carbon dioxide flux (CO5), with each
variable subjected to rigorous analysis and model evaluation. The sub-
sequent examination of variable importance using the Shapley Additive
Explanation (SHAP) method revealed the pivotal influence of radiative
components, particularly Rg (down) and Rg (up), on the predictive ac-
curacy of the model. These findings underscore the significance of
radiative variables in characterising sensible heat flux dynamics, high-
lighting their crucial role in surface-atmosphere interactions during the
summer period. Similarly, the SHAP analysis for LE identified Rg (down)
and AT as the primary drivers of LE dynamics, emphasizing their crucial
role in elucidating evapotranspiration processes. Furthermore, the in-
fluence of atmospheric properties, including relative humidity (RH),
wind speed (SW), and soil moisture (SM), on LE was elucidated, high-
lighting the multifaceted nature of factors contributing to latent heat
flux variations. It is well known that plant physiology is highly depen-
dent on environmental conditions (i.e. Driesen et al., 2020). Thus,
temperature is a fundamental variable in the regulation of chemical
reactions in living beings. In the case of plants this relationship is
especially important in reactions involving the exchange of water and
CO; through the stomata, there existing a very marked correlation be-
tween temperature, stomatal dynamics and subsequent metabolism
(Greer and Weedon, 2012). In this sense, the pronounced correlation
between this environmental variable and CO, and water fluxes is not
surprising, as the results here reflect. In fact, the data confirm that
temperature-related parameters (AT 60h, AT 48h) play a significant role
in the resulting model (see Fig. 13).

The response of CO2 and water fluxes to plant water status has been
widely discussed in the literature because of their crucial role on
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stomatal dynamics (Buckley, 2019). Certain authors even suggest that it
constitutes a key factor in the acclimation of the stomatal response to
CO;y (i.e. Talbott et al., 2003), with variations to air humidity well
established (El-Sharkawy et al., 1985). In this model, RH also plays a
major role, possibly because it has a limiting role when plants are grown
in semiarid, rainfed conditions -and even more so during the summer
season-, as is the case in the present study.

Finally, it is worth noting that R;(up) has been widely documented
for its relationship with fluxes in ecosystems (Heitman et al., 2010),
directly associated with soil temperature (Thakur et al., 2022). Its role in
the physiology of CO, exchange is connected to its influence on soil
respiration — dependent on soil temperature and moisture - that occurs
in the upper soil layers (Meyer et al., 2018). In particular, sensible heat
balance have been reported to be closely associated to soil-water
evaporation processes (Heitman et al., 2008).

In summary, using meteorological variables and different mathe-
matical models of machine learning we have successfully estimated, for
the first time, CO, and water fluxes in a semi-arid model plantation.
These results can be very significant to estimate -without the need of
expensive and complex infrastructures-, these balances, so important
from an application point of view, and especially from an environmental
and agronomic perspective.

5. Conclusions

In practice, advanced agronomic work that helps in decision making
regarding better adaptation to climate change requires the evaluation of
field quantities of a higher order than the fundamental variables, such as
surface energy balance fluxes, CO; flux and carbon assimilation, etc.
Herein, this work tries to demonstrate that it is possible to improve
knowledge on the carbon footprint in agriculture, efficiency in water use
and also strategic issues such as prediction of crop yields in risk situa-
tions like droughts, heat waves, etc. This research is particularly sig-
nificant in the present climate change scenario. In this scenario,
strategies involving few economic and material resources are highly
desirable. Our research provides ML methods that allow these fluxes to
be estimated from more conventional meteorological variables.

Nine ML models were evaluated (i.e., LR, EN, KNN, GP, TREE, RF,
XGB, SVR, and MLP) to predict H, LE and CO; fluxes over a vineyard. The
results revealed that the from original ten features (6, p, P, Ta, RH, RS|,
RS?, RLT, RL| and WS), the radiative components provided all the
critical information. However, some variables such as precipitation (P)
might be disposable due to the characteristics of the study area. The data
show that, according to low MAE, MSE, RMSE, MASE and high R? for H,
the study indicates an R? value of 0.99, designating the GP model as the
best performing model. In the case of the LE study, an R? value of 0.96
was obtained and the SVR model proved to be the best performing.
Finally, for CO; flux with the SVR model identified as the optimal per-
formance model, machine learning-based methods have been found to
give satisfactory results in the prediction of H, LE and CO3.

Finally, the SHAP method revealed the most important variables for
the prediction of H, LE and COy. For H, Rg (down) and Rg (up) are the
most influential variables. For LE, the variables Rg (down) and AT remain
the most critical ones and for COz, Rg (down), followed by reflected
radiation Rg (up) and AT 60h remain the most critical variables. Present
findings are expected to provide important information to farmers in the
area. Moreover, the main results of our study will serve as a valuable tool
for classifying other similar agricultural areas.
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