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A B S T R A C T   

The knowledge of crop evapotranspiration is crucial for several hydrological processes, including those related to 
the management of agricultural water sources. In particular, the estimations of actual evapotranspiration fluxes 
within fields are essential to managing irrigation strategies to save water and preserve water resources. Among 
the indirect methods to estimate actual evapotranspiration, ETa, the eddy covariance (EC) method allows to 
acquire continuous measurement of latent heat flux (LE). However, the time series of EC measurements are 
sometimes characterized by a lack of data due to the sensors’ malfunctions. At this aim, Machine Learning (ML) 
techniques could represent a powerful tool to fill possible gaps in the time series. In this paper, the ML technique 
was applied using the Gaussian Process Regression (GPR) algorithm to fill gaps in daily actual evapotranspira
tion. The technique was tested in six different plots, two in Italy, three in the United States of America, and one in 
Canada, with different crops and climatic conditions in order to consider the suitability of the ML model in 
various contexts. For each site, the climate variables were not the same, therefore, the performance of the 
method was investigated on the basis of the available information. Initially, a comparison of ground and rean
alysis data, where both databases were available, and between two different satellite products, when both da
tabases were available, have been conducted. Then, the GPR model was tested. The mean and the covariance 
functions were set by considering a database of climate variables, soil water status measurements, and remotely 
sensed vegetation indices. Then, five different combinations of variables were analyzed to verify the suitability of 
the ML approach when limited input data are available or when the weather variables are replaced with rean
alysis data. Cross-validation was used to assess the performance of the procedure. The model performances were 
assessed based on the statistical indicators: Root Mean Square Error (RMSE), coefficient of determination (R2), 
Mean Absolute Error (MAE), regression coefficient (b), and Nash-Sutcliffe efficiency coefficient (NSE). The quite 
high Nash Sutcliffe Efficiency (NSE) coefficient, and the root mean square error (RMSE) low values confirm the 
suitability of the proposed algorithm.   

1. Introduction 

The 2030 United Nations Agenda for Sustainable Development Goals 
(SDGs) supports action to bring good and healthy living conditions for 
the world population. Agriculture 4.0 is the last advancement in farming 
technology, based on four main pillars: increasing productivity, sus
tainable use of natural resources, resilience to climate change, and 

reducing food waste (Zhai et al., 2020). Regarding the sustainable use of 
natural resources, optimization of irrigation systems plays a key role 
because agriculture uses around 70% of the global freshwater con
sumption (United Nations, 2021). To improve water use in agriculture, 
political actions and institutional interventions should be finalized to 
regulate the pricing policies from one side and, from the other, farmers 
should improve water use efficiency for food production through 
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management optimization which depends, among the other factors, 
from the correct estimation of crop water requirement. According to the 
FAO-56 model (Allen et al., 1998), crop water requirements depend on 
actual crop evapotranspiration (ETa), which is composed of two 
different terms: actual plant transpiration (Ta) and soil evaporation (Ea). 
For a given crop type and phenological stage, ETa is governed by the 
atmospheric evaporative demand and soil water availability. 
Agro-hydrological models based on the soil water balance, SWB, (Van 
Dam et al., 1997; Marletto et al., 2007; Pereira et al., 2020) or surface 
energy balance models, SEB (Bastiaanssen et al., 1998; Awada et al., 
2019) have been extensively applied to assess actual crop evapotrans
piration. Indirect estimations of actual crop evapotranspiration, ETa, can 
be obtained, according to the single crop coefficient approach (Allen 
et al., 2008), by: 

ETa = ETo Kc Ks (1)  

in which ETo is the crop reference evapotranspiration, Kc is the crop 
coefficient accounting for the crop phenological stage and, Ks is the 
water stress coefficient depending on soil water availability. 

Even if several models based on the combination of the available 
climate variables have been proposed to estimate ETo, the Penman- 
Monteith equation has been largely applied when standard climatolog
ical records (air temperature, solar radiation, wind speed, and relative 
air humidity) are available (Allen et al., 1998). In some regions of the 
world where weather data are unavailable and/or poor, global atmo
spheric models are considered a valid alternative to compensate for the 
absence or improve the quality of data (Rodrigues and Braga, 2021). 
ERA5 and ERA5-Land (ERA5-L), provided by the European Centre for 
Medium-Range Weather Forecasts (ECMWF), are the last generation of 
the global reanalysis climate database. Specifically, in the ERA5-L the 
simulated land fields are controlled by a process of atmospheric forcing 
using air temperature (Tair), air humidity and air pressure. The values of 
these variables are corrected considering the altitude difference between 
the grid of the forcing and the higher resolution grid of ERA5-L (Muñoz 
Sabater, 2019). In a recent review presented by Muñoz Sabater et al. 
(2021), it is possible to notice the state-of-the-art associated with the use 
of ERA5-L for land and environmental applications. A climate reanalysis 
generates large datasets and gives a numerical description of the recent 
climate produced by combining models with observations. It contains 
estimates of atmospheric parameters for all locations on Earth and for a 
long time period. The ERA5 and ERA5-L databases are freely down
loadable from the internet (https://www.copernicus.eu/en) and are 
characterized by a spatial resolution of 0.25◦ latitude by 0.25◦ longitude 
and 0.10◦ latitude and 0.10◦ longitude, respectively and a temporal 
coverage from 1950 up to five days before the real-time. In a recent 
study carried out in Sicily, Pelosi and Chirico (2021) indicated that the 
joint use of ERA5-Land reanalysis and CM-SAF satellite-based radiation 
data is suitable to assess crop reference evapotranspiration, ETo, if 
ground data were not available. For Continental Portugal, Paredes et al. 
(2018) used daily meteorological observations to assess the performance 
of the ERA-Interim weather variables when compared to ground ob
servations and to evaluate the performance of computing daily ETo with 
reanalysis data. The values of crop coefficients Kc (1), for different 
growth stages and management are tabulated in the original FAO-56 
manual or more recent publications accounting for the research car
ried out in the last two decades (Pereira et al., 2021; Rallo et al., 2021). 
To avoid the limitations associated with the tabular values, satellite 
images can represent a valid alternative to monitor the actual Kc 
remotely and in a precise way. Pôças et al. (2020) reported an exhaus
tive list of different Kc–Vegetation Indices (VIs) relationships, valid for a 
variety of crops, retrieved based on satellite images acquired by different 
sensors which provide information in the visible (VIS), near-infrared 
(NIR) and shortwave infrared (SWIR) regions. 

The value of the stress coefficient Ks (1), can be determined based on 
the application of the water balance model, using different functions 

related to the soil water content (Allen et al., 1998). Therefore, the joint 
use of reanalysis and remote sensing data can represent a powerful 
database to retrieve information on climate variables and crop charac
teristics with spatial and temporal resolutions suitable for practical 
applications. 

On the other hand, direct estimations of ETa can be obtained, at a 
larger spatial scale, with micrometeorological techniques, such as the 
eddy covariance (EC) system. This technique, largely used in various 
agroforestry systems, allows to measure the vertical turbulent fluxes 
within the atmospheric boundary layers (Cammalleri et al., 2013; 
Anderson et al., 2017; Rozenstein et al., 2019; Corbari et al., 2020; 
French et al., 2020; Saitta et al., 2020). However, the results achievable 
depend on the quality and the continuity of the available energy fluxes 
time series. The occurrence of acquisition gaps of one or more sensors 
compromises the continuity of actual evapotranspiration records; 
anomalies are generally due to failure, improper installation of the 
sensors or incorrect calibration, as well as the poor maintenance of 
sensors or data logger. Moreover, the occurrence of outliers in time se
ries can also compromise the output quality and could generate incon
sistent results mainly when model simulations are applied. 

Machine learning (ML) techniques have recently been proposed as 
suitable methods for time series gap-filling. ML algorithms have already 
been developed for the estimation of crop reference evapotranspiration 
(Jing et al., 2019; Kim et al., 2020; Krishnashetty et al., 2021), several 
authors have been investigating the suitability of ML models to predict 
directly ETa since, in most cases, they disposed of long temporal series of 
data for training and validating the models (Granata et al., 2019; Walls 
et al., 2020; Talib et al., 2021; Mosre and Suárez, 2021). In particular, 
Rasmussen and Williams (2006) demonstrated that the ML model GPR 
(Gaussian Process Regression) can allow to retrieval of synthetic tem
poral series even if the availability of training data is limited. The GPR is 
a non-parametric model based on statistical Bayesian theory that can be 
used to solve supervised multivariate regression and classification issues 
such as high-dimensional, small-sample, and nonlinear problems (Ras
mussen et al., 2006; Murphy, 2012). 

Carter and Liang (2019) and Mosre and Suárez (2021) demonstrate 
that the quality of the results of ML algorithms application can be 
improved if the input variables include vegetation indices VIs as NDVI, 
NDWI as well as EVI. 

The Normalized Difference Vegetation Index, NDVI (Rouse et al., 
1974) is based on the reflectance in the regions of visible (VIS) and 
near-infrared (NIR), and the Normalized Difference Water Index, NDWI 
(Gao, 1996) consider the reflectance in the regions of NIR and shortwave 
(SWIR): 

NDVI =
ρnir − ρred

ρnir + ρred
(2)  

NDWI =
ρnir − ρswir

ρnir + ρswir
(3)  

where ρnir, ρred and ρswir are the near-infrared, red and shortwave 
reflectance, respectively. According to Rouse et al. (1974), the authors 
retrieved the near-infrared and red reflectance values in band 5, from 
0.6 to 0.7 µm, and in band 7, from 0.8 to 1.1 µm, respectively, using 
ERTS-1 MSS data. On the other hand, Gao (1996) used reflectance at 
0.86 µm for near-infrared and at 1.24 µm for shortwave. 

As shown by Pagano et al. (2023), the existing literature focused on 
the prediction of actual evapotranspiration ETa, by means ML algo
rithms, is very limited. Moreover, many of the proposed models are 
site-specific and the replicability of the algorithm on different crops and 
climatic conditions is not yet addressed. Instead, in this paper, the 
performances of the proposed ML algorithm to predict actual evapo
transpiration are validated on different crops, in different climatic 
conditions and considering different input data sources. Taking into 
account the reasons presented above, the objective of this study was to 
assess the suitability and the performance of the GPR algorithm to fill 
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gaps in the time-series of daily actual evapotranspiration (ETa) of 
different crops acquired in temperate e continental zones. To this pur
pose, data, provided from different sources, were considered as input 
variables, like combinations of ground and remote sensing data, and 
reanalysis data when necessary. That’s why a large part of the work 
consisted in verifying the suitability of the climate variables, comparing 
ground and reanalysis data in those experimental fields where both 
databases were available. Even data retrieved from two different satel
lites were compared when both databases were available. 

2. Materials and methods 

The performances of the GPR algorithm have been tested on six 
experimental fields: two in Italy, three in the United States of America, 
and one in Canada, with different crops and climatic conditions in order 
to consider the suitability of the ML model in various contexts. A com
parison of ground and reanalysis data have been conducted where both 
databases were available and for one of the experimental filed two 
satellite databases were compared since contemporary Sentinel-2 and 
MODIS images were available. This last comparison has been conducted 
in order to verify the suitability of the MODIS product, which is char
acterized by a lower spatial resolution than Sentinel-2 product. 

2.1. Experimental fields 

The first experimental field is a Mediterranean citrus orchard (Citrus 
reticulata Blanco, cv. Mandarino Tardivo di Ciaculli) of about 0.4 ha, 
located near Palermo, Italy (38◦ 4’ 53.4’’ N, 13◦ 25’ 8.2’’ E). Fig. 1 
shows the map of the field with the position of the sensors and tools 
installed on the ground. The experimental activities were carried out 
from March 2019 to September 2021. More details regarding the field 
and crop characteristics are reported in Ippolito et al. (2022). 

The second experimental field is an olive orchard (cv. “Nocellara del 
Belice”) extended about 6 ha (Fig. 2). The field, located in the South- 
West of Sicily, Italy (37◦38’61’’ N, 12◦50’53’’ E), about 5 km far from 
the town of Castelvetrano, is part of a larger irrigation district charac
terized by a flat landscape and rather homogeneous soil and crop types. 

The experimental activities were carried out over three years, from 
January 2009 to December 2011. More details regarding the field and 
crop characteristics are reported in Rallo and Provenzano (2013). 

Both fields, citrus and olive orchard, are characterized by a Hot 
summer Mediterranean climate (Csa) (Kottek et al., 2006), according to 
the last version of the Köppen climatic classification, with rainfall 
concentrated in fall and winter and quite hot and dry summer. 

The other four sites, with different crops and climatic classifications, 
are reported in Fig. 3. The US_ARM is situated near Billings, Oklahoma, 
USA (36◦ 36’ 20.9’’N, 97◦ 29’ 19.59’’ O). The main crop grown is hard 
red winter wheat (“common wheat,” Triticum aestivum L., main var. 
Jaeger, Jagalene, and Fuller) with infrequent crop rotations (Fischer 
et al., 2007; Raz-Yaseef et al., 2015). The experimental activities were 
carried out from January 2005 to December 2010. The Köppen climatic 
classification (Kottek et al., 2006) is Humid subtropical climate (Cfa). 

The fourth site (US_Ne1) is located near Mead, Nebraska, USA (41◦

09’ 54.56’’N, 96◦ 28’ 35.50 O). This field is irrigated with a center pivot 
system. The site has ten years history of maize-soybean rotation under 
no-till (Suyker, 2022). The experimental activities were carried out from 
January 2001 to December 2020. The Köppen climatic classification 
(Kottek et al., 2006) is Hot summer humid continental climate (Dfa). 

The fifth site (US_CF1) is near Pullman, Washington, USA (46◦ 46’ 
53.53’’N, 117◦ 4’ 55.50’’ O). The predominant crops are winter wheat, 
spring cereals (barley and wheat), and pulse crops (dry pea, lentil, and 
chickpea). The experimental activities were carried out from January 
2018 to December 2020. According to the Köppen climatic classification 
(Kottek et al., 2006), the climate is Warm, dry summer continental climate 
(Dsb). 

The sixth and last site (CA_ER1) is near Guelph, Ontario, Canada (43◦

38’ 26.17’’N, 80◦ 24’ 44.35 O). This field is an agricultural site where 
corn is cultivated. The site is relatively flat and homogenous. The 
experimental activities were carried out from January 2016 to 
December 2019. The Köppen climatic classification (Kottek et al., 2006) 
is Warm summer humid continental climate (Dfb). 

Table 1 summarizes the crop types, the position, and the climatic 
zone of the experimental fields considered, as well as the analysis period. 

Eddy Covariance Tower

Soil Water Content Sensors

Weather Station

Sentinel-2 Pixel

Experimental Field Perimeter

Fig. 1. Map of the citrus orchard with the position of Eddy Covariance tower (EC), soil water content sensors with the corresponding Sentinel-2 (L2A/L2B) pixels and 
WatchDog 2000 weather station (WD). The bottom right box shows Sicily island with the ERA5-Land grid (white) and the rectangle containing the experimental 
field (orange). 
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2.2. Climate data 

The climatic data were obtained from different sources depending on 
the availability of ground measurements and/or reanalysis data. 

2.2.1. Ground measurements 
In the citrus orchard, a WatchDog 2000 (Spectrum Technologies, 

Inc., Aurora, IL, USA) standard weather station (WD) was installed near 
the field to collect, at half hourly steps, precipitation, P [mm], global 
solar radiation, Rs [W m-2], air temperature, T [◦C], air relative hu
midity, RH [%], wind speed [m s-1] and direction [◦] at 2 m height. 

In the olive orchard, the same climate variables with hourly steps 
were measured by a standard weather station belonging to the Sicilian 
Agro-meteorological Information Service (SIAS) (www.sias.regione.sici 
lia.it/). 

For the four American and Canadian fields, climate data from ground 
measurements were not available. 

2.2.2. Reanalysis data 
Additionally, for all the six fields, hourly reanalysis data of air tem

perature, T [◦C], global solar radiation, Rs [W m-2], dew-point temper
ature, Tdew [◦C], and wind speed measured at 10 m above the ground, 
Ws10 [m s-1], were also downloaded from the ERA5-Land (ERA5-L) 
database (Muñoz Sabater, 2019), available in the climate change service 
portal provided by Copernicus, with the resolution of the spatial grid of 
0.1◦ latitude and 0.1◦ longitude. 

(https://cds.climate.co1pernicus.eu/cdsapp#!/home). 
The hourly relative air humidity, RH [%], not available in the 

reanalysis database, was calculated as (Allen et al., 1998): 

RH = 100
ea(Tdew)

es(T)
(4)  

where ea(Tdew) and es(T) are the actual and saturated vapor pressure 
corresponding at dew-point, Tdew, and actual air temperature, T, 
respectively. 

Moreover, the hourly wind speed at 2 m above the ground, Ws2 [m s- 

1], was calculated based on the wind speed at the height z retrieved by 
the ERA5-L database, assuming valid the logarithmic wind speed profile 
(Allen et al., 1998): 

Ws2 = Wsz
4.87

ln(67.8z − 5.42)
(5)  

where Ws2 and Wsz are the wind speed at 2 m and z m above the soil 
surface. For ERA5-L, z is equal to 10 m. 

Considering the aim of this study, all the weather variables at the half 
hourly and hourly time steps were then aggregated at the daily time 
step. 

2.2.3. Quality assurance and quality control 
The quality assurance procedures applied to the Italian ground 

climate measurements, provided by the WatchDog and SIAS stations, are 
reported in Fiebrich et al. (2010). 

The quality of ERA5-Land data was evaluated by direct comparison 
to many in situ observations collected mainly for the period 2001–2018, 
as well as by comparison to additional model or satellite-based global 
reference datasets (Muñoz-Sabater et al., 2021). 

2.3. Micrometeorological data 

Micrometeorological data were retrieved from Eddy Covariance 
towers for the Italian orchards as well as from the AmeriFlux network for 
the Canadian and American orchards. 

2.3.1. Italian fields 
In both the Italian experimental fields, actual evapotranspiration, 

ETa [mm], was estimated by an Eddy Covariance flux tower (EC). More 
details regarding the equipment of the EC towers in the citrus and olive 
orchard are reported in Ippolito et al. (2022) and in Cammalleri et al. 
(2013), respectively. 

Sensible, H [W m-2], and latent, LE [W m-2], heat fluxes were eval
uated as:  

Eddy Covariance Tower

Weather Station

MODIS Pixel

Experimental Field Perimeter

m

Fig. 2. Map of the olive orchard with the position of the EC tower and the SIAS weather station; the MODIS (MCD43A v006) pixel containing the experimental field is 
also shown. The bottom right box shows Sicily Island with the ERA5-Land grid (white) and the rectangle containing the experimental field (orange). 
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H=ρ cp σWT                                                                                   (6)  

LE=λ σWQ                                                                                     (7) 

where ρ [g/m3] is the air density, cp [J g-1 K-1] is the air-specific heat 
capacity at constant pressure, σWT [m K s-1], λ [J g− 1] is the latent heat of 
vaporization and σWQ [g m-2 s-1] are the covariance between vertical 
wind speed and air temperature or water vapor density, respectively. All 
the fluxes were evaluated, using Eqs. (6) and (7), with a time step of 
30 min using the software developed by Manca (2003). All the fluxes at 
the half hourly time steps were then aggregated at the daily time step. 

2.3.2. American and Canadian fields 
The values of latent heat flux (LE) for the American and Canadian 

sites were obtained from the AmeriFlux BASE data product (https:// 
ameriflux.lbl.gov). Three sites’ datasets had a half-hourly resolution, 
except the US_Ne1 site, which had an hourly resolution (Biraud et al., 
2021; Suyker, 2022; Wagner-Riddle, 2021; Phillips and Huggins, 2022). 
Data shared under CC-BY-4.0 licence were downloaded. The LE at the 
half-hourly and hourly time steps were then aggregated at the daily time 
step. 

Fig. 3. Maps of the American and Canadian sites with the position of the EC towers (red points).  

Table 1 
Experimental fields.  

Field Crop Latitude Longitude Climaticzone Analysis period 

Villabate Citrus 38◦4’53.4’’N 38◦4’53.4’’E Csa 2019–2021 
Castelvetrano Olives 37◦38’61’’N 12◦50’53’’E Csa 2009–2011 
US_ARM Wheat 36◦36’20.9’’N 97◦29’19.59’’O Cfa 2005–2010 
US_Ne1 Maize-soybean 41◦09’54.56’’N 96◦28’35.50’’O Dfa 2001–2020 
US_CF1 Winter wheat 46◦46’53.53’’N 117◦4’55.50’’O Dsb 2018–2020 
CA_ER1 Corn 43◦38’26.17’’N 80◦24’44.35’’O Dfb 2016–2019  
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2.3.3. Quality assurance and quality control 
For the Italian field, the raw EC data were post-processed by means of 

the procedure implemented by Manca (2003), virtually analogous to the 
FLUXNET standard protocol (Mauder et al., 2008; Pastorello et al., 2014; 
2020). Data de-trending was performed using a running mean, a coor
dinate rotation was applied to the sonic anemometer data to obtain a 
zero mean vertical and transversal wind speeds, and correction for 
spectral loss was performed. In addition, adjustments for high wind 
speeds on sonic temperature and Webb–Pearman–Leuning corrections 
for water vapor were applied (Moncrieff et al., 1997) before the final 
computation of half-hourly fluxes. The method suggested by Prueger 
et al. (2005), based on the Closure Ratio (CR), was used to assess the 
surface energy balance closure. When the energy storage in the soil is 
neglected, CR represents the slope of the regression line between the 
available energy given by the variance of the net radiation, Rn, and the 
soil heat flux, G, and the covariance of the turbulent heat fluxes (LE + H) 
only evaluated from the subset of half hourly data corresponding to Rn 
≥ 100 W m-2: 

CR =
LE + H

Rn − G
(8) 

To guarantee the consistency of the daily data, only the days with 48 
half-hourly measurements were considered. 

AmeriFlux BASE data Quality Assurance (QA) and quality control 
(QC) follow the methodology adopted for processing the FLUXNET2015 
dataset (Pastorello et al., 2014). The data for each site goes through QA 
and QC steps tailored to the generation of these derived data products. A 
few of these QA and QC steps are described in Pastorello et al. (2020). 
They provide a processing flowchart, which describes all the processing 
that is applied. Data QA and QC assesses units and sign conventions, 
timestamp alignments, trends, step changes, outliers based on 
site-specific historical ranges, multivariate comparisons, diurnal/
seasonal patterns, friction velocity filtering, and variable availability. 
Quality checks are done over single variables, multiple/combined var
iables, or more specialized tests. 

2.4. Monitoring soil water contents 

Only in the citrus orchard, the temporal dynamics of soil water 
content (SWC) were monitored with four "drill & drop" probes (Sentek 
Pty Ltd, Stepney, Australia), installed at a distance of 0.8 m from the 
trees’ trunks and 0.3 m apart from one emitter. These sensors, based on 
the frequency-domain reflectometry (FDR) technique (Gaskin and 
Miller, 1996), allowed measuring apparent soil dielectric permittivity, 
whose values are strongly influenced by the monitoring SWC, at each 
0.1 m depth, from the soil surface to 0.6 m depth, with a time step of 
about 30 min. FDR sensors have been extensively used to monitor SWC 
(Burgess et al., 2006; Sun et al., 2014; Singh et al., 2019; Campora et al., 
2020). 

The "drill & drop" sensor’s response is represented by the scaled 
frequency, which includes the raw counts in air, water, and soil. The 
probes calibration equations for the different soils were obtained 
directly in the field. The probes were normalized, according to the 
recommendation of the manufacturer, to convert the raw counts, cor
responding to the actual water content, into scaled frequency (SF). To 
determine SF, the frequencies in air and water were also acquired: 

SF =
(Fa − Fs)

(Fa − Fw)
(9)  

where Fa is the raw count in air, Fs is the raw count in the soil, and Fw is 
the raw count in water. 

The manufacturer also provides a standard calibration power rela
tionship that allows to retrieve SWC, expressed in cm3 cm-3, value 
starting from the SF values measured by the sensor:  

SWC = α SFβ                                                                               (10) 

where α and β are the coefficients of the general equation proposed by 
the manufacturer, equal to 0.494 and 3.017, respectively. 

2.5. Vegetation indices (VIs) 

Sentinel-2 scenes and Moderate Resolution Imaging Spectroradi
ometer (MODIS) nadir reflectances time series were used to calculate the 
NDVI as well as the NDWI. Matlab® R2021b and QGIS version 3.4.3 
were jointly used to process the images and evaluate both vegetation 
indices. 

2.5.1. Sentinel-2 
Since the Copernicus mission started operations in 2018 spring and 

the experiments started in 2019 winter, the spatio-temporal variability 
of vegetation indices for the citrus orchard was investigated only by 
using the Sentinel-2 multispectral images level 2 A. 

Instead, since the experimental period in the olive orchard is prior to 
2018, it was not possible to use the Sentinel-2 data. However, for this 
experimental field, it was decided to use the Sentinel-2 images, available 
for the years 2019–2021, to test the reliability of the MODIS data. 

The images were downloaded and pre-processed using the R package 
toolbox “sen2r” (Ranghetti et al., 2020) In the period from 2019 to 2021, 
191 and 65 available clear-sky scenes were selected for the citrus and the 
olive orchards, respectively; the near-infrared, red and shortwave 
reflectance were detected in the bands B08 ranging from 785 to 899 nm, 
B04 from 650 to 680 nm, and B11 from 1565 to 1655 nm of the Sentinel- 
2 electromagnetic spectrum. Based on Eqs. (2) and (3), maps of NDVI 
and NDWI with a spatial resolution of 10 m, were generated. To 
downscale the maps of NDWI at 10 m resolution, the value of a single 
pixel in the shortwave region (20 m resolution) was associated with the 
corresponding four values in the near-infrared region (10 m resolution). 
A continuous time series of daily VIs were obtained based on linear in
terpolations carried out between consecutive pairs of Sentinel-2 images 
acquired at two different dates (Pan et al., 2017). 

2.5.2. Moderate Resolution Imaging Spectroradiometer (MODIS) 
Moderate Resolution Imaging Spectroradiometer (MODIS) 

MCD43A3 Version 6 product (MCD43A v006) (Schaaf and Wang, 2015) 
was considered to obtain time-series of nadir reflectance at the different 
wavelengths for all the experimental fields, except for citrus orchard. 
The continuous time series of MODIS nadir reflectance were down
loaded using the Google Earth Engine (GEE) platform. 

The near-infrared, red and shortwave reflectance were detected 
respectively in band B2 ranging from 841 to 876 nm, in band B1 ranging 
from 620 to 670 nm and in band B6, from 1628 to 1652 nm of the 
MODIS electromagnetic spectrum. 

2.5.3. Sentinel-2 vs MODIS 
As previously mentioned, for the olive orchard, a comparison be

tween Sentinel-2 and MODIS images was carried out in the period 
2019–2021 to verify the suitability of MODIS images for estimate the 
vegetation indices NDVI e NDWI since this product is characterized by a 
spatial resolution very lower than the Sentinel-2 one. The results 
demonstrated that MODIS images can be considered suitable for the 
investigated areas since are quite homogeneous in terms of soil and crop 
types (Autovino et al., 2016). 

2.6. Gaussian Process Regression (GPR) algorithm 

To estimate the missing data in the ETa time series, the Gaussian 
Process Regression (GPR) model was exploited for its power, among 
other machine learning algorithms, to make predictions relying on a few 
parameters. The model establishes a relation between the independent 
input variables, xi, (climatic variables, soil water status, and VIs), and 
the dependent variable, y, represented by the actual crop evapotrans
piration. Specifically, the regression model built by the GPR is: 
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y = f (x)+ε ~ N(m(x), k(x’x’)) + ε                                                 (11) 

where x and y denote the input and output in the training dataset and f 
(x) is known as latent variable in the GPR model, and ε is the noisy 
observations of the true function expressed as a normal distribution 
characterized by a mean equal to zero and variance σ2

n estimated from 
the data. The Gaussian process f(x) can be defined by its mean m(x) 
and covariance kernel k(x,x’) functions, represented respectively by a 
vector and a matrix in the form: 

m(x) = E[f (x)] (12)  

k(x, x′) = E[(f (x) − m(x))(f (x′) − m(x′))] (13) 

The mean (basis) function of the GPR model can be assumed con
stant, with a value set to zero, equal to the mean of the training dataset, 
or by using a linear function. The kernel (covariance) function repre
sents a geometrical distance measure assuming that the more closely 
located inputs would be more correlated in terms of their function 
values. The covariance kernel function can be assumed as rational 
quadratic, squared exponential, exponential, or using a Matern kernel. 
More details on the GPR model can be found in Rasmussen and Williams 
(2006). 

To identify the best m(x) and k(x,x’) functions, the machine learning 
model based on the GPR was implemented by using a Matlab® script, 
which was used to test fifteen possible combinations of the mean and 
covariance kernel functions: three mean functions (Zero, Constant, and 
Linear) and five covariance kernel functions (Squared Exponential, 
Matern 5/2, Matern 3/2, Rational Quadratic, and Exponential). 

The Squared Exponential kernel, also called Gaussian kernel or RBF 
kernel, is defined as (Rasmussen and Williams, 2006): 

k(x, x′) = σ2
Sexp

(

−
1
2
(x − x′)T

(x − x′)

λ2
S

)

+ σ2
εX (14)  

where (x − x′)T
(x − x′) can be regarded as the squared Euclidean distance 

between two eigenvectors and σS, λS and σε are three hyperparameters. 
σ2

S controls the marginal variance of f(x) and is referred to as variance 
parameter, which is used to characterize the deviation of the fitting 
function from the signal mean value. When σ2

S is small, the fitting 
function deviates from the signal mean value slightly. When σ2

S is large, 
the fluctuation of the fitting function will become larger (Pan et al., 
2021). λS is the relative characteristic length scale, which is used to 
describe the smoothness of the function. When λS is small, the dynamic 
response performance of the fitting function is better than when it is 
high, but it is accompanied by the risk of overshooting; when λS is large, 
the resultant function tends to be smooth. σ2

ε represent the measurement 
error. X is the indicator function. 

The Matern function kernel is named by Stein (1999) after the work 
of Matern (1986). It can be written as: 

k(x, x′) = σ2
Mexp

⎛

⎝ −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2v(x − x′)T
(x − x′)

√

λM

⎞

⎠

×
Γ(p + 1)
Γ(2p + 1)

∑p

l=0

(p + l)!
l!(p − l)!

⎛

⎝

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

8v(x − x′)T
(x − x′)

√

λM

⎞

⎠

p− l

+σ2
εX

(15)  

where υ is a chosen parameter equals to (p + ½), the definitions of σM 
and λM are like those of σS and λS, where the subscripts indicate the 
reference to the kernel function name. Γ is the Gamma function. The 
Matern kernel is characterized by the parameter υ. According to Ras
mussen and Williams (2006), we set υ equal to 3/2 and 5/2. 

The Rational Quadratic kernel can be treated as a scale mixture of 

Squared Exponential kernels with the different characteristic length- 
scales (Rasmussen and Williams, 2006): 

k(x, x′) = σ2
R

(

1 +
(x − x′)T

(x − x′)

2αRλ2
R

)− αR

+ σ2
εX (16) 

The hyperparameters σR, λR and σε are like those in the definition of 
Squared Exponential and Matern, where the subscripts indicate the 
reference to the kernel function name. Rational Quadratic has a positive- 
valued scale-mixture parameter αR that can determine the relative 
weighting of large-scale and small-scale variances. Rational Quadratic 
kernel is equivalent to a scale mixture of Squared Exponential kernels 
with different relative characteristic length scales (Roberts et al., 2013). 
The rational quadratic kernel has a wide scope, which could help the 
prediction performance also when small input database is used and to 
improve the generalization ability and the dynamic response perfor
mance (Yang et al., 2022; Shi et al., 2022). 

Finally, the mathematical formula of the Exponential kernel is as 
follow (Rasmussen and Williams, 2006): 

k(x, x′) = σ2
f exp

⎛

⎝ −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(x − x′)T
(x − x′)

√

λf

⎞

⎠+ σ2
εX (17) 

The hyperparameters σf, λf and σε are defined previously, where the 
subscripts indicate the reference to the kernel function name. 

This analysis was carried out by considering the complete dataset of 
the input variables acquired in the citrus orchard including:  

i) the standard weather variables: global solar radiation (Rs), air 
temperature (T), relative air humidity (RH), and, wind speed 
measured at 2 m height (Ws2);  

ii) the Soil Water Content (SWC), expressive of the soil water status;  
iii) two vegetation indices (VIs), such as NDVI and NDWI, accounting 

for the characteristics of the vegetation, with impact on the crop 
coefficient Kc (Lei and Yang, 2014; Pôças et al., 2020). 

Once identified the best m(x) and k(x,x’) functions, using the com
plete database, four different possible combinations of the input vari
ables were considered to reduce the computational burden. 

Table 2 summarizes the combinations of the investigated variables 
used as input, to run the model; where the first combination is used to 
find the best mean and kernel functions; instead, the other four to reduce 
the computational burden. The first combination contains the complete 
dataset that was also used to select the m(x) and k(x,x’) functions. The 
second and the third combinations excluded, respectively, the VIs, and 
the SWCs, whose values are not always available. The fourth combina
tion considers only the agrometeorological variables, whereas the last 
combination included only variables acquired from remote platforms 
and available online, such as the agrometeorological variables and the 
VIs. 

To assess the model suitability using the best m(x) and k(x,x’) 
functions previously retrieved, for the olive orchard, only the last three 
variables’ combinations due to the unavailability of SWC measurements, 
were tested; instead, for the fields located in the USA and Canada only 
the 5th combination was evaluated. For these applications, the VIs were 
retrieved from the MODIS sensor. 

2.7. N-fold cross-validation and statistical indicators 

The best combination of m(x) and k(x,x’) functions, as well as the 
performances associated with the other variables combinations, were 
evaluated using the N-fold cross-validation (Mosteller et al., 1968). 
Cross-validation is a statistical method in which the database is 
randomly divided into N different groups, each one containing the re
cords corresponding to the natural number closest to Nt/N, in which Nt 
is the total number of records. Model validation follows an iterative 
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procedure in which a group is used as test set, while the other N-1 groups 
are used for training. The procedure is stopped after N iterations and 
therefore after using each group as test set. This iterative statistical 
analysis reduces the possibility of overfitting problems (Nguyen et al., 
2021) occurring when the model fits well the training data but fails in 
the prediction phase due to the noise or random fluctuations in the 
training data (Namasudra et al., 2021). In this study, the value of N was 
set up as equal to five and therefore 80% of the entire database was used 
for training, while the remaining 20% was used for testing purposes. 

The suitability of m(x) and k(x,x’) functions, as well as the perfor
mance of the GPR model with the other four different variables com
binations were assessed based on the following statistical indicators:  

i) the Root Mean Square Error (RMSE, mm d-1) whose target value 
is zero if there are no differences between simulated and observed 
values; 

ii) the coefficient of determination (R2, dimensionless) whose uni
tary target indicates that the variance of the observed values is 
totally explained by the model (Eisenhauer, 2003);  

iii) the Mean Absolute Error (MAE, mm d-1) representing the distance 
between the predicted and observed values, with a target of zero;  

iv) the regression coefficient (b, dimensionless), whose target is one, 
representing the angular coefficient of the regression line be
tween simulated and observed values forced to the origin;  

v) the Nash-Sutcliffe efficiency coefficient (NSE, dimensionless), 
whose target values is one; a value of this indicator between 0.0 
and 1.0 indicates an acceptable model performance, whereas a 
negative value indicates that the mean of observed values is a 
better predictor than the simulated ones and therefore the per
formance is unacceptable (Nash and Sutcliffe, 1970). 

For each iteration, all the statistical indicators were evaluated. 
Finally, the model performances were analyzed as the mean of all the N 
performed iterations. 

3. Input data analysis 

Before the algorithm application, a comparison between ground and 
reanalysis data was conducted. This analysis, realized in the citrus or
chard, where both databases were available, allowed to evaluate the 
suitability of reanalysis climate variables when ground data are not 
available. 

Then, the series of actual evapotranspiration values for each exper
imental field were estimated and the consistencies of these series were 
analyzed to evaluate the percentage of missing data for each site. 

Finally, for the olive orchard, as previously mentioned, a comparison 
between the NDVI and NDWI retrieved from Sentinel-2 and MODIS was 
evaluated in order to verify the suitability of MODIS images to estimate 
the VIs. 

3.1. Ground vs reanalysis data 

Fig. 4 shows the scatterplots between ground, acquired by the citrus 
orchard WD weather station, and reanalysis observations, retrieved by 
ERA5-L database, of global solar radiation, Rs (a), average air temper
ature, Tavg (b), relative air humidity, RHavg (c), and wind speed 
measured at 2 m above the soil surface, Ws2 (d). The colored bar in
dicates the day of the solar year (DOY). Rs values retrieved from the 
ERA5-L product were slightly overestimated (b = 1.03; RMSE =
32.68 W m-2), being the relatively higher differences associated with the 
lower Rs values, mostly concentrated during winter (blue and red dots) 
(Fig. 4a). The average air temperature Tavg retrieved by the ERA5-L 
database resulted slightly underestimated if compared with the 
ground measurements (b = 0.93; RMSE = 2.25 ◦C). In this case, the 
underestimation was distributed along the year (Fig. 4b). In Fig. 4c, the 
point cloud is larger than the previous one, and the red and blue points, 
corresponding to the wet seasons, stay up the 1:1 line, while the yellow 
and orange points, stay under the1:1 line. Therefore, RHavg evaluated 
based on the ERA5-L records is lightly overestimated in the wet season 
and underestimated in the dry season, since RMSE value is equal to 

Table 2 
Different combinations of input variables.  

Variables’ combination Input Tool Symbol Unit 

1 Global Solar Radiation WatchDog 2000 Rs [W m-2 d-1]  
Air Temperature T [◦C]  
Relative Air Humidity RH [%]  
Wind Speed Ws2 [m s-1]  
Normalized Difference Vegetation Index Sentinel-2 NDVI [-]  
Normalized Difference Water Index NDWI [-]  
Soil Water Content Drill and Drop SWC [cm3 cm-3] 

2 Global Solar Radiation WatchDog 2000 Rs [W m-2 d-1]  
Air Temperature T [◦C]  
Relative Air Humidity RH [%]  
Wind Speed Ws2 [m s-1]  
Soil Water Content Drill and Drop SWC [cm3 cm-3] 

3 Global Solar Radiation WatchDog 2000 
or 
SIAS 

Rs [W m-2 d-1]  
Air Temperature T [◦C]  
Relative Air Humidity RH [%]  
Wind Speed Ws2 [m s-1]  
Normalized Difference Vegetation Index Sentinel-2 

or 
MODIS 

NDVI [-]  
Normalized Difference Water Index NDWI [-] 

4 Global Solar Radiation WatchDog 2000 
or 
SIAS 

Rs [W m-2 d-1]  
Air Temperature T [◦C]  
Relative Air Humidity RH [%]  
Wind Speed Ws2 [m s-1] 

5 Global Solar Radiation ERA5-Land Rs [W m-2 d-1]  
Air Temperature T [◦C]  
Relative Air Humidity RH [%]  
Wind Speed Ws2 [m s-1]  
Normalized Difference Vegetation Index Sentinel-2 

or 
MODIS 

NDVI [-]  
Normalized Difference Water Index NDWI [-]  
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8.64%. Finally, the wind speed values at 2 m height, calculated from the 
ERA5-L reanalysis data referred at 10 m height by assuming a loga
rithmic wind profile, resulted generally higher than the ground mea
surements (Fig. 4d), with a coefficient of the regression line passing 
through the origin equal to b = 2.00 and RMSE value equal to 1.43 m s-1. 

Similar results for all the climate variables were obtained by Vanella 
et al. (2022) for the weather station installed near the olive orchard for 
which the comparisons with the ERA5-L data led to RMSE values 
respectively of 30.31 W m-2 for Rs, 1.37 ◦C for Tavg, 9.72% for RHavg and 
1.54 m s-1 for Ws2, air temperature. Vanella et al. (2022) considered 
acceptable these results because of ERA5-L provided daily ETo estimates 
with good accuracy. Therefore, in the examined area, reanalysis data
base such as the ERA5-L can be considered a suitable surrogate of the 
ground data, as evaluated by several authors for most weather stations 
installed in Sicily (Pelosi and Chirico, 2021; Vanella et al., 2022). 

3.2. Micrometereological data 

The scatterplots between the turbulent heat fluxes, H+LE, as a 
function of the available energy, Rn-G measured by the EC tower 

installed in the citrus orchard at the half hourly time step, for each of the 
three years, were already evaluated in Pagano et al. (2023). The slope of 
the regression line passing through the origin represents the closure 
ratio, CR, whose values resulted in satisfactory and equal to 0.98, 0.88 
and 1.03 for 2019, 2020 and 2021, respectively. 

For the olive orchard, the values of CR were estimated equal to 0.90 
for 2009, 0.92 for 2010 in Cammalleri et al. (2013), and 1.02 for 2011 in 
Autovino et al. (2016). 

For tree crops, Kustas et al. (1999) considered acceptable values of 
CR ranging between 0.80 and 0.90 even if values of CR equal to 1.08 and 
1.03, were obtained by Er-Raki et al. (2009) in two citrus orchards in 
south Morocco characterized by a semi-arid Mediterranean climate. The 
CR estimates for the two fields conformed to the values found in the 
literature and are therefore considered reliable. 

Table 3 summarizes the lack of data percentage for each field. 

3.3. Sentinel-2 vs MODIS 

Fig. 5 shows the comparison between the NDVI and NDWI retrieved 
from Sentinel-2 (black line) and MODIS (red line) products for the olive 
orchard. The Sentinel-2 VIs, with the corresponding standard deviations, 
were obtained through zonal statistics considering all the Sentinel-2 
pixels contained within the pixel MODIS. The major differences be
tween the two VIs are concentrated during falls and winters (red and 
blue dots in the scatter plots on the right) probably due to the presence 
of ground weeds that grow after rain events (Ippolito et al., 2022), which 
can be detected with the Sentinel-2 images and not with the MODIS 
ones. The generally good agreements between the NDVI (b = 0.95: R2 

=0.99) and NDWI (b = 0.88; R2 = 0.96) obtained from the two different 
platforms strongly depend on the homogeneity of soil and land char
acterizing the MODIS pixel (Autovino et al., 2016). 

Fig. 4. a,d. Comparison between a) daily global solar radiation, Rs, b) average air temperature, Tavg, c) average air relative humidity, RHavg, and d) wind speed 
measured at 2 m above the ground, Ws2, registered by the weather station installed in the citrus orchard and retrieved by the reanalysis data. The colored bar 
indicates the day of the year (DOY). 

Table 3 
Lack of data percentage.  

Field Days of 
observations 

Days of 
measurements 

Lack of data 
[%] 

Villabate  933  501  46.3 
Castelvetrano  1095  573  47.7 
US_ARM  2191  1858  15.2 
US_Ne1  7305  6512  10.9 
US_CF1  1096  809  26.2 
CA_ER1  1461  1160  20.6  
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4. Results and discussion 

Once the input data as well as the actual evapotranspiration have 
been estimated, the GPR algorithm was tested. 

The best mean, m(x), and kernel covariance, k(x,x’), functions were 
assessed by the complete dataset related to the citrus orchard, which 
includes all the examined variable (see combination 1 in Table 2).  

Table 4 summarizes the statistical indicators associated with the fifteen 
combinations of the examined m(x) and k(x,x’) functions, whereas  
Fig. 6 illustrates the scatterplots of the corresponding measured versus 
estimated actual evapotranspiration values when considering the com
plete database of the input variables and implementing the best and the 
worst m(x) and k(x,x’) functions in the GPR model. 

Despite the fairly limited differences in terms of the examined 

Fig. 5. a,d. Comparison between the temporal dynamics of NDVI (a) and NDWI (b) retrieved from Sentinel-2 satellites (black line) and MODIS (red line) products for 
the olive orchard. The grey region represents the values of the standard deviations, obtained through zonal statistics considering all the Sentinel-2 pixels contained 
within the pixel MODIS. The corresponding scatterplots of NDVI and NDWI obtained by Sentinel-2 versus the corresponding MODIS are also shown on the right (c, d). 

Table 4 
Statistical indicators for mean, m(x), and kernel covariance, k(x,x’), functions obtained by considering the entire database which includes all the examined variables 
(combination 1).    

Covariance kernel functions k(x,x’)  

Mean function 
m(x) 

Rational Quadratic Squared Exponential Matern 5/2 Matern 3/2 Exponential 

RMSE 
[mm d-1] 

Zero 0.39 0.44 0.42 0.40 0.38 
Constant 0.40 0.45 0.43 0.42 0.39 
Linear 0.41 0.40 0.41 0.41 0.40 

MAE 
[mm d-1] 

Zero 0.28 0.33 0.31 0.29 0.28 
Constant 0.29 0.32 0.31 0.30 0.28 
Linear 0.29 0.29 0.30 0.29 0.29 

R2 

[-] 
Zero 0.87 0.84 0.85 0.86 0.88 
Constant 0.86 0.83 0.84 0.85 0.87 
Linear 0.86 0.87 0.86 0.86 0.87 

b 
[-] 

Zero 0.98 0.97 0.97 0.98 0.98 
Constant 0.97 0.97 0.97 0.98 0.98 
Linear 0.97 0.98 0.98 0.98 0.98 

NSE 
[-] 

Zero 0.87 0.84 0.85 0.86 0.88 
Constant 0.86 0.83 0.84 0.85 0.87 
Linear 0.86 0.87 0.86 0.86 0.87  
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statistical indicators, the best result was obtained when assuming a zero 
mean function and an exponential kernel covariance function. Under 
these assumptions, the estimations of ETa resulted characterized by 
RMSE = 0.38 mm d-1 and MAE = 0.28 mm d-1. On the other hand, the 
worst result, characterized by RMSE = 0.45 mm d-1 and MAE 
= 0.32 mm d-1 was obtained when assuming a constant m(x) and a 
squared exponential k(x,x’). In general, however, regardless of the m(x) 
and k(x,x’) functions, the model estimates quite well the daily actual 
evapotranspiration (NSE > 0.83). 

Therefore, for the other variables’ combinations and in all the other 
fields, the suitability of the ML model was tested using the best m(x), 
and, k(x,x’) functions, that is zero mean function, and an exponential 
kernel covariance functions, respectively. 

For the other combinations of the input variables (see combinations 

Fig. 6. a,b. Scatterplots of estimated versus measured ETa obtained for the citrus orchard when considering the complete dataset (Combination 1) and assuming the 
best (a) and the worst (b) combination of the mean and kernel covariance functions. RMSE values for the best and the worst combination are equal to 0.38 mm d-1 

and 0.45 mm d-1, respectively. 

Fig. 7. a,d. Scatterplots of estimated versus measured ETa obtained in the citrus orchard by implementing the GPR model with a zero mean function and an 
exponential kernel covariance function, and the four different combinations of the input variables (a) combination 2, b) combination 3, c) combination 4, d) 
combination 5). 

Table 5 
Statistical indicators associated with the GPR model implemented with the best 
m(x) and k(x,x’) functions and the five combinations of the input variables, for 
the citrus orchard.   

RMSE MAE R2 b NSE  
[mm d-1] [mm d-1] [-] [-] [-]  

1  0.38  0.28  0.88  0.98  0.88  
2  0.43  0.31  0.84  0.97  0.84  
3  0.48  0.36  0.80  0.96  0.80  
4  0.53  0.39  0.76  0.96  0.76  
5  0.55  0.42  0.74  0.95  0.74  
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2÷5 in Table 2), Fig. 7 shows the scatterplots of measured versus esti
mated daily ETa by implementing in the GPR model the best m(x) and k 
(x,x’) functions; the estimated values are in better agreement with the 
measured ones in fall and winter days (blue and red dots). In spring and 
summer days (yellow, green, and cyan dots), the dispersion increases for 
values higher than about 2.5 mm d-1. For the citrus orchard, Table 5 
summarizes the statistical indicators associated with the GPR model 
implemented with the best m(x) and k(x,x’) functions and the five input 
variables’ combinations. As can be observed, whatever is the variable 
combination there is always an underestimation of actual evapotrans
piration with slopes of the regression lines declining from 0.97 to 0.95 as 
the number of variables decreases. The RMSE and MAE values increase 
from 0.43 mm d-1 to 0.55 mm d-1 and from 0.31 mm d-1 to 0.42 mm d-1, 
respectively. As well as, the R2 and NSE values decrease from 0.84 to 
0.74, for both the statistical indicators. 

When comparing the second and third input variable combination, 
involving the measured soil water content SWC (combination 2) resulted 
in a better model performance than including the two vegetation indices 
(combination 3), as demonstrated by the lower RMSE and MAE and the 
higher R2, b and NSE values. The possibility to include measurements of 
SWC among the input variables to improve the estimations of actual 
evapotranspiration was also indicated by Granata (2019). On the other 
hand, also the introduction of the VIs improved the model performances, 
as shown by Carter and Liang (2019) and Mosre and Suárez (2021). The 
worst performances were associated with combination 5, in which all 
the input variables are detected from information freely available on
line. However, even if compared to the others, the statistical parameters 
evidenced that the joint use of reanalysis and remote sensing data can 
still be considered acceptable for practical applications related to irri
gation management, considering that all the required input data can be 
downloaded from the web, avoiding costly and time-consuming field 
measurements in areas where ground data are not available. According 
to Faramiñán et al. (2021) and Kang et al. (2019) the use of reanalysis 

and remoted sensed data could be a good alternative to retrieve ETa with 
ML techniques. 

Similar good results were obtained when considering the daily actual 
evapotranspiration data collected in the olive orchard. Even if the 
available database did not include measurements of SWC, it permitted a 
further validation of the proposed ML algorithm by considering only the 
three variable combinations including the weather data and VIs. Fig. 8 
shows the scatterplots between measured and estimated ETa by 
assuming a zero mean function and an exponential kernel covariance 
function and the three combinations of the input variables. The esti
mated values are in better agreement with the measured ones in fall and 
winter days (blue and red dots). The dispersion increases for values 
higher than about 3 mm d-1. The statistical indicators associated with 
the three different variable combinations are summarized in Table 6. As 
can be observed, combinations 3 and 5 are characterized by quite similar 
results. This result is a consequence of the good performance of the 
ERA5-L in depicting the agrometeorological data measured on the 
ground nearby the olive orchard (Vanella et al., 2022). Slightly worse 
results were associated with combination 4 in which only measured 
weather data were used as input of the model. 

The last analysis, which involves the American and Canadian sites, 
located in different climate zones, returns good performances. The 
approach was tested using only remote sensed data (combination 5).  

Fig. 8. a,c. Scatterplots of estimated versus measured ETa obtained in the olive orchard by implementing the GPR model with a zero mean function, an exponential 
kernel covariance function, and the three different combinations of the input variables (a) combination 3, b) combination 4, c) combination 5). 

Table 6 
Statistical indicators associated with the GPR model implemented with the best 
m(x) and k(x,x’) functions and the three combinations of the input variables, for 
the olive orchard.   

RMSE MAE R2 b NSE  
[mm d-1] [mm d-1] [-] [-] [-]  

3  0.50  0.38  0.67  0.94  0.67  
4  0.51  0.39  0.65  0.93  0.65  
5  0.50  0.38  0.66  0.94  0.66  
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Fig. 9 shows the scatterplots between measured and estimated ETa of 
daily actual evapotranspiration by assuming a zero mean function and 
an exponential kernel covariance function and the fifth combination of 
the input variables for each field. As can be noticed, the points are 
distributed differently according to the different climate classifications. 
As shown in Table 7, the RMSE values are in good agreement with the 
ones obtained in the other climatic zones. The values are always lower 
than 0.57 mm d-1. Finally, the NSE values ranging from 0.70 to 0.87 
confirm the model’s possibility to estimate actual evapotranspiration 
values. 

Finally, to have a clearer picture of the seasonal performances of the 
method, considering the best m(x) and k(x,x´), the NSE values were also 
evaluated by splitting the database in two. The division was done 
considering the cold seasons, fall and winter days, and the warm sea
sons, spring and summer days. The first included DOYs from 1 to 92 and 
from 275 to 366; the second from 93 to 274. The results, shown in  
Table 8, demonstrated that the model performances are better, in many 
cases, during the warm seasons than in the cold season. For two sites, 
US_ARM and US_CF1, the results are the best in the cold seasons but are 

also good in the others. For the warm seasons, these values are 
encouraging because these could permit good performance in the irri
gation water management. 

5. Conclusion 

In this study, the use of the Gaussian Process Regression (GPR) al
gorithm to fill gaps in the time series of daily actual evapotranspiration 
was investigated for six different sites located in different climates zone. 

Fig. 9. Scatterplots of estimated versus measured ETa obtained in the four sites by implementing the GPR model with a zero mean function, an exponential kernel 
covariance function, and the fifth combination of the input variables. 

Table 7 
Statistical indicators associated with the GPR model implemented with the best 
m(x) and k(x,x’) functions and the fifth combination of the input variables, for 
the four sites in the United States of America and Canada.    

RMSE MAE R2 b NSE   
[mm d-1] [mm d-1] [-] [-] [-]  

5 US_ARM  0.57  0.41  0.74  0.90  0.74 
US_Ne1  0.30  0.21  0.87  0.93  0.87 
CA_ER1  0.52  0.36  0.70  0.86  0.70 
US_CF1  0.47  0.29  0.83  0.90  0.83  

Table 8 
Seasonal NSE values.   

NSE [-]  

Fall/Winter Spring/Summer 

Villabate     
1  0.70  0.81 
2  0.66  0.76 
3  0.66  0.68 
4  0.60  0.61 
5  0.55  0.58 
Castelvetrano     
3  0.39  0.45 
4  0.33  0.43 
5  0.35  0.45 
US_ARM     
5  0.68  0.63 
US_Ne1     
5  0.41  0.78 
US_CF1     
5  0.60  0.55 
CA_ER1     
5  0.65  0.79  
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Initially, a detailed analysis of the available data, the methodologies, 
and tools adopted for the estimation of ETa and the possible variables on 
which its value depends was carried out. In particular, a comparison 
between ground and reanalysis databases was made, which allowed to 
evaluate the suitability of reanalysis climate variables when ground data 
are not available. Two different satellites product, with different spatial 
resolutions, were compared, in order to analyze the possibility of use 
VIs, retrieved from images with a lower spatial resolution, when no 
other products are available. Five different combinations of variables 
were considered to verify the suitability of the ML approach when 
limited input data are available Then, the GPR model was tested. 
Initially, the best combination of mean, m(x), and kernel covariance, k 
(x,x’), functions were identified considering all the input variables 
associated with the climate, soil water status as well as two vegetation 
indices expressive of plant vigor and surface water status in the citrus 
orchard where all the variables were available. Then, four additional 
variable combinations were also explored for the same orchard, to verify 
the performance of the estimation when limiting the number of input 
variables or considering only input variables freely downloadable from 
the web. 

Further validation of the proposed ML algorithm with the three 
variable combinations not including SWC was carried out in the second 
experimental field, the olive orchard. 

Finally, the approach was also applied using only remote sensed data 
for the experimental sites, located in different climate zones, in the 
United States of America and Canada. 

The goodness of the proposed methodology is always confirmed by 
the quite high NSE index and by the low values of RMSE. 

Therefore, the joint use of agrometeorological and remote sensing 
data with a GPR model can represent an opportunity to estimate missing 
data in the daily ETa time series. Furthermore, in the zone where ground 
data are not available, the use of ERA5-Land agrometeorological archive 
and VIs retrieved from Sentinel-2 images or, in areas characterized by 
homogeneous soil and land use, from MODIS sensors can be considered a 
valid alternative to fill gaps in measured time series of daily actual 
evapotranspiration. Reliable values of actual evapotranspiration ob
tained using the proposed ML algorithm, allow for the estimation of 
accurate values of crop water requirements to improve water use in 
agriculture. 

Future studies will assess the performance in ETa estimations asso
ciated with the introduction, as an input variable, of high-resolution 
satellite-based soil moisture products. 
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