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Abstract

Identifying the primary soil parameters, weather variables and crop management practices
that influence spatial variations in crop water use is essential for strategically defining
optimal agricultural management practices. In this study, soil physico-chemical, weather
and crop management variables were used through random forest (RF)-based modeling
to evaluate the determinants of actual evapotranspiration (ETa) in winter wheat across
Slovakia. ETa was estimated using Landsat imagery and the Python implementation of
the Surface Energy Balance Algorithm for Land (PySEBAL), along with information from
the Land Use/Cover Area frame Survey (LUCAS) over four cropping seasons. Overall,
good agreements were found between PySEBAL-derived ETa and measured values, with
RMSE and R? values of 0.93 mm and 0.87, respectively. Seasonal ETa values ranged
from 434.87 mm to 506.12 mm, with the highest and lowest average values found in the
2011/2012 and 2017/2018 cropping seasons, respectively. The RF model showed good
performance in predicting seasonal ETa, with an RMSE of 21 mm/season for the training
data and 32 mm/season for the validation data, and R? values of 0.90 and 0.72, respectively.
Our analysis indicated that ETa was primarily influenced by relative humidity, wind speed,
solar radiation, altitude, and pH. The study further indicated that wheat production was
unsuitable above 600 m elevation, while optimal crop water use occurred below 200 m.
Addressing issues such as soil erosion and acidification could improve wheat crop water
use efficiency across Slovakia. This modeling approach can serve as a basis to develop a
crop water use forecasting system for sustainable wheat production in the region.

Keywords: earth observation; agricultural water management; random forest; actual
evapotranspiration

1. Introduction

Water resources are under increasing pressure due to competing demands from indus-
trial, agricultural, and domestic sectors [1]. Agriculture alone accounts for approximately
70% of global freshwater withdrawals, with demand expected to increase in the future [2,3].
To address these challenges, it is essential to improve water productivity in cropland areas.
Efficient water use in agriculture is vital to preserve biodiversity and ecosystem functioning
and to mitigate the ongoing biodiversity crisis for a sustainable supply of natural resources
and ecosystem services. This is particularly relevant in the intensively cropped plains of
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Slovakia, where biodiversity is negatively affected by agriculture and more than 576,000 ha
of arable land are impacted by water erosion [4]. Beyond optimizing water use efficiency,
the ability to predict crop water use (CWU) in response to climate variability at local and
national scales is crucial for developing agricultural policies, forecasting, and identifying
effective adaptation strategies to climate change. In addition to mapping and predicting
CWU as a pathway toward sustainable agricultural production, identifying key soil proper-
ties, weather variables, and crop management practices that influence spatial variations
in CWU enables the development of best management practices and supports the spatial
management of crop production constraints.

Traditionally, the identification of soil properties, weather and crop management
practices affecting crop growth follows these steps: diagnostic, planning, experimentation,
assessment, and recommendations [5]. These various steps can extend over several years
and require a combination of surveys, on-farm trials and laboratory work, making the pro-
cess expensive, labor-intensive, and time-consuming. With unpredictable and increasingly
frequent extreme weather events, along with growing pressure on natural resources [6,7],
there is an urgent need for cost-effective methods for identifying crop growth constraints.
Developing strategies that accurately pinpoint these constraints and deliver timely infor-
mation is crucial for reducing the adverse impacts of climate variability and change on
crop production.

Remote sensing (RS)-based approaches have proven both cost-effective and time-
efficient, especially in data-scarce environments. RS-derived information combined with
machine learning (ML) modeling has been widely applied in various agricultural applica-
tions, ranging from crop classification and land cover mapping to plant biotic and abiotic
stress detection to yield estimation and forecasting [8,9]. RS-derived information has also
been employed in ML models to assess land use suitability and to characterize drought
and ETa predictors in rice production systems [10,11].

Extensive research in Central and Eastern Europe (CEE) has primarily focused on
analyzing and modeling the impacts of climate change on winter wheat production [12,13].
These studies indicate that decreasing water availability and rising temperatures threaten
wheat production. While other studies [14,15] have demonstrated the influence of climate
and soil on winter wheat in CEE, achieving the objectives of the European Green Deal will
require the adoption of new management practices. Therefore, evaluating the influence of
soil, weather, and crop management factors on winter wheat production in CEE is essential
to facilitate the transition toward more sustainable agricultural systems.

In this study, soil physico-chemical, weather and crop management variables were
integrated through random forest-based modeling to evaluate the determinants of actual
evapotranspiration (ETa) in winter wheat across Slovakia. Such an approach has not yet
been applied in Slovakia. Identifying these factors could serve as a basis for developing
strategies to more effectively manage the spatial limitations of winter wheat production
and to ensure both food security and environmental sustainability in Slovakia and other
regions with similar environmental characteristics.

2. Materials and Methods
2.1. Study Area and Period

Data for four winter wheat growing seasons—2008/2009, 2011/2012, 2014 /2015, and
2017 /2018—covering 261 wheat sites across Slovakia were used in the analysis (Figure 1).
Various climatic zones are found across Slovakia, ranging from temperate zones in the
south to continental zones in the north [16,17], with distinct stratifications from west to
north [18]. Average temperatures vary between 6 °C and 11 °C, in the valleys and basins,
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and drop below —3 °C in the High Tatra Mountains. Average annual precipitation typically
ranges from 550 mm in the lowlands to 2000 mm in the High Tatra Mountains [19].
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Figure 1. Spatial distribution of winter wheat study sites.

Arable land and permanent crops cover approximately 1.6 million ha in Slovakia, with
the main crops being wheat, barley, maize, oilseeds, potatoes, sugar beet, vineyards, and
fruit trees [20]. In this study, wheat site data were obtained from the Land Use and Coverage
Area frame Survey (LUCAS) database. Sowing and harvesting data were retrieved from
the Pan European Phenology Project (PEP725) (http://www.pep725.eu/). Sowing data in
2011-2012 season were not available.

To determine the study period for the calculation of ETa, an Analysis of Variance
(ANOVA) was conducted to assess variability in sowing and harvesting dates between plots
and across years. This analysis indicated no statistically significant differences (p > 0.05)
between plots and years for sowing (Table 1).

Table 1. ANOVA results for winter wheat crop sowing and harvesting dates (Number of sites
N =261).

Sowing Dates

Df Sum Sq Mean Sq F Value Pr(>F)
Plots 47 5539.17 117.85 1.53 0.068 ™
Years 2 298.07 149.04 1.93 0.1551™*
Residuals 52 4010.93 77.13
Harvesting Dates
Df Sum Sq Mean Sq F Value Pr(>F)
Plots 51 14,070.14 275.89 12.03 13_4263 ?;*
-5
Years 3 665.53 221.84 9.67 137 % 10
Residuals 89 2041.64 22.94

n.s., non-significant and ***, p < 0.001.
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For harvesting, there were highly significant differences between years and sites
(p < 0.05; Table 1). This can be explained by several factors, including weather conditions
and the need to achieve acceptable grain moisture content before harvesting. Wheat harvest
in Slovakia is highly dependent on weather conditions, as it can be delayed by inclement
weather [21]. Sowing and harvesting maps were generated using Inverse Distance Weight-
ing interpolation (Figures S1 and S2). Since the field dry period is not accounted in the crop
development process, basing the analysis solely on climate stratification zones may lead to
an overestimation of ETa. In this study, the cropping season was defined as 1 October to
30 June of each year to represent the average sowing date and early harvesting periods.

2.2. Data
2.2.1. PySEBAL-Derived and Measured ETa

The Python implementation (version 2.7.18) of the Surface Energy Balance Algorithm
for Land (PySEBAL, version 3.4.4.3) model was applied to calculate the spatial and temporal
variations in ETa during the 2008/2009, 2011/2012, 2014 /2015, and 2017 /2018 cropping
seasons. Input data included satellite imagery and hourly and daily weather data such
as average air temperature, wind speed, relative humidity, and solar radiation. A total
of 84 clear-sky Landsat images covering the study sites and periods were retrieved from
Earth Explorer (https://earthexplorer.usgs.gov/), while weather data were sourced from
the ERADS reanalysis dataset (https://cds.climate.copernicus.eu/datasets, accessed on
10 December 2024). The outputs of PySEBAL included ETa and crop coefficients at the daily
time scale. Seasonal ETa was determined using linear interpolation applied between crop
coefficients values derived from successive satellite images [22].

The lysimeter station at Petrovce nad Laborcom (48°47.540' N and 21°53.175" E)
(Figure 1) features five weighable lysimeters, each containing undisturbed soil monolith.
These lysimeters are installed on a three-point electronic weighing system that offers a
precision of 10 g. Lysimeter data collected between 24 March and 26 October 2021, were
obtained from the Institute of Hydrology of the Slovak Academy of Sciences. These data
were used to validate the PySEBAL model. However, they were not included in the
determination of key factors influencing ETa, as LUCAS data were unavailable for 2021.
LUCAS surveys are conducted once every three years. For the estimation of ETa in 2021, 25
clear-sky Landsat images covering the lysimeter station were used. No ETa measurements
were available for the other cropping seasons.

2.2.2. Biophysical Predictors

Potential explanatory variables related to soil physico-chemical characteristics,
weather and crop management were used to assess the variability in PySEBAL-derived ETa.
Soil physico-chemical variables (Table S1) were sourced from the LUCAS at the point scale,
except for soil loss by water erosion and soil erodibility (K_Factor). Gridded annual data
for soil erosion (10 km x 10 km resolution) and soil erodibility (500 m x 500 m resolution)
for Slovakia were sourced from the European Soil Data Centre (ESDAC) [23,24]. Details of
the methods used for soil analysis in the LUCAS surveys are provided in Jones et al. [25].

Weather data for maximum air temperature, wind speed, relative humidity, and
solar radiation were retrieved from the Agri4Cast Toolbox (https://agri4cast.jrc.ec.europa.
eu/). Gridded data for the average aridity index (1 km x 1 km resolution) for the period
1979-2018 were sourced from ERA5.

The cover management factor (CF) represents the effects of vegetation cover, crop type,
and land management practices on soil loss. The influence of individual cover management
practices, including tillage (CF_Till), plant residues (CF_Res), and cover crops (CF_Cov), was
also considered in the analysis. CF data at 100 m x 100 m spatial resolution were obtained
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from ESDAC [26,27]. Irrigation variables included the area actually irrigated (AAI) and
the area equipped for irrigation (AEI). These data were sourced from the Global Map of
Irrigation Areas (version 5.0) of AQUASTAT—FAO’s Global Information System on Water
and Agriculture. AAI and AEI are expressed as percentages of total land area within each
raster cell at a 5 min spatial resolution [28,29]. The complete list of predictors used in this
study is provided in Table S1.

2.3. Data Analysis

In this study, point pattern analysis was employed. Pixel values of growing sea-
son average ETa and biophysical predictors at each site were extracted using QGIS
(version 3.18.3). All statistical analyses were performed using R (version 4.0.0) [30] within
the RStudio (version 1.0.136) development environment [31].

2.3.1. Random Forest Modeling

The random forest (RF) model was trained to predict PySEBAL-derived ETa using
weather, crop management, and soil physico-chemical predictors. Prior to modeling, a
correlation analysis was performed to identify highly correlated predictors (Figure S3).
Predictors with correlation coefficient > 0.75 were removed to avoid multi-collinearity.
From the initial set of 35 variables, 25 were retained for modeling (Table S1).

The dataset was split into 80% for training and 20% for validation. RF combines binary
decision trees constructed using bootstrapped samples from the training data, where a
random subset of predictors is selected at each node [32,33]. Variable importance, partial
dependence plot (PDP) and model prediction were used to evaluate the performance of
the RF-based model. The mean decrease accuracy was used as a measure of variable
importance [34]. The PDP illustrates the isolated effect of a selected predictor variable on
the response variable [35]. These relationships can be categorized into three types: linear
and monotonic, non-linear and monotonic, and non-linear and non-monotonic. A linear
and monotonic relationship is characterized by a consistent, unidirectional effect, where
an increase (or decrease) in the predictor variable leads to a proportional change in the
response variable. A non-linear and monotonic relationship maintains a consistent direction
but with varying rates of change. A non-linear and non-monotonic relationship exhibits
fluctuations, meaning the response variable does not follow a single directional trend as the
predictor variable changes. For the PDP analysis, only the top most influential predictors
of ETa were used. Following the PDP analysis, two-dimensional (2D) PDP analysis was
performed to examine interactions between soil and crop management variables and their
combined effect on ETa.

2.3.2. Network Visualization

This analysis focused on three key aspects: variable importance, the nature of the
relationship with ETa, and the correlation with ETa. These three aspects were derived from
the results of variable importance and PDP analyses. The plot produced from this analysis
integrates these three key aspects into a single visualization, facilitating the interpretation of
complex relationships and providing a clearer understanding. For the network visualization
analysis, the following procedures were applied:

Variable Importance

Variable importance was categorized into three levels—low, medium, and high—and
visually represented by the thickness of the edges in the network graph. The classification
was based on the mean decrease accuracy from the RF model as follows:

i.  Low importance (thin edges): mean decrease accuracy below 10;
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ii. Medium importance (medium-sized edges): mean decrease accuracy between 10
and 20;
iii. High importance (thick edges): mean decrease accuracy exceeding 20.

Nature of the Relationship

The color of the edges was used to represent the nature of the relationship between
ETa and its predictors as follows:

i.  Orange: Linear and monotonic relationship;
ii.  Gray: Non-linear and monotonic relationship;
iii. Black: Non-linear and non-monotonic relationship.

Correlation

The color of the vertices was used to represent the correlation between ETa and its
predictors. The correlation was categorized into three types as follows:

i.  Positive correlation (green): The PDP curve shows an increasing trend;

ii.  Negative correlation (red): The PDP curve shows a decreasing trend;

ili. Complex correlation (blue): The PDP curve shows a combination of increasing and
decreasing trends.

The network visualization analysis of the top ten influential predictors was conducted
using the igraph 2.1.4 [36,37].

2.3.3. Model Evaluation

The PySEBAL-derived ETa from 24 March 2021 to 26 October 2021 were compared
with measured values obtained from a lysimeter. The validation process included satellite
image acquisition dates and the interpolated ETa. The training dataset was used to evaluate
the model’s learning performance, whereas the validation dataset was employed to assess
prediction accuracy. The coefficient of determination (R?) and the root mean square error
(RMSE) were used to assess the goodness-of-fit of the PySEBAL and RF models. Their
respective formulas are as follows:

i=1(0; — 0).(P; — P)

R? =
VI, (0,—0)%. b, (P —P)

1)

RMSE = \/ % Y (P—0y)? )

where P; and O; refer to the predicted and observed values, respectively; P and O are the
average predicted and observed values, respectively; and # is the sample number.

3. Results
3.1. Descriptive Statistics

Values of PySEBAL-derived ETa ranged from 220.00 mm to 552.80 mm during the
four cropping seasons, with average values varying between 433.87 mm and 506.12 mm
(Table 2). ETa varied moderately during the cropping seasons. The highest variability was
found for the 2008/2009 season, with a coefficient of variation of 17%. In 2011/2012 and
2014/2015, the variability in ETa was below 10% (Table 2). ETa also varied spatially across
the study sites (Figure S4).
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Table 2. Descriptive statistics of PyYSEBAL-derived ETa values. N = 261.
Cropping Season Mean (mm) CV (%) Min (mm) Max (mm)
2008/2009 466.50 17 220.00 552.80
2011/2012 506.12 3 440.40 543.97
2014/2015 481.45 8 381.59 540.20
2017/2018 434.87 15 230.58 534.12

Soil properties, weather conditions, and crop management practices varied across the
study sites (Table 3). Among the soil physico-chemical variables, the greatest variability
was observed in soil erosion, with a CV of 78%. Carbon to nitrogen ratio (C/N) presented the
lowest variability, with a CV of 6%. The high variability in soil erosion suggests that erosion
processes differed considerably across sites, likely due to variations in topography, land use,
and conservation practices, among other factors. In contrast, the relatively low variability
in C/N might indicate more uniform soil organic matter and nutrient management across
sites. For weather variables, wind speed (CV = 20%) showed greater fluctuations, with a CV
of 20% (Table 3), possibly influenced by local topographical features and seasonal patterns.
Conversely, relative humidity remained relatively stable (CV = 5%). When comparing crop
management variables, AAI showed the highest variability (CV = 159%). On the other
hand, the low variability in crop residue and cover management (CV = 1% each) suggests
uniform adoption of residue management practices across farms.

Table 3. Descriptive statistics of the soil physico-chemical, weather and crop management variables.
N =261.

Category Predictors Unit Mean Min Max CV (%)
Alt m 187.49 85.00 730.00 56
Bulk gem™3 1.22 0.87 1.42 11
CaCOs gkg! 28.58 0.00 125.68 56
CEC cmol(+) kg 20.71 11.83 28.35 16
Clay % 28.40 16.84 54.91 21
C/N - 9.94 8.42 12.24 6
Soil Text_USDA - 5.73 2.00 9.00 45
K mg kg~! 256.86 114.38 396.12 21
N g kg™l 1.73 0.93 292 17
P mg kg~! 33.48 18.50 49.50 17
pH - 6.48 5.03 7.57 7
C gkg! 16.50 12.34 48.56 29
Ero tha™! 241 0.48 12.88 78
K Factor ~ thahha” MI™ 0.04 0.03 0.06 13
mm
Ari - 0.23 0.13 0.27 13
Win ms~! 2.94 1.31 423 20
Weather Rad KJm~2 day! 10,472.15 911537  11,592.52 6
RH % 73.03 65.59 82.84 5
Temp °C 12.65 8.65 13.74 7
CF - 0.23 0.10 0.25 9
CF_Till - 0.24 0.22 0.25 5
Crop Management CF_Res - 0.27 0.27 0.28 1
CF_Cov - 0.27 0.27 0.28 1
AAI % area of 5 13.76 0.00 4413 101
AEI minutes resolution 14.64 0.00 75.09 159

Abbreviations: Altitude (Alt); Bulk Density (Bulk); Calcium Carbonates (CaCO3); Cation Exchange Capacity (CEC);
Clay (Clay); Carbon to Nitrogen ratio (C/N); USDA soil textural classes (Text_USDA); Extractable Potassium
Content (K); Total Nitrogen Content (N); Phosphorous Content (P); Potential of Hydrogen in CaCl, (pH); Organic
Carbon (C); Soil Loss by Water Erosion (Ero); Soil Erodibility (k_Factor); Aridity Index (Ari); Wind Speed (Win);
Solar Radiation (Rad); Relative Humidity (RH); Maximum Temperature (Temp); Cover Management factor (CF).;
Only tillage CF (CF_Till); Only residues CF (CF_Res); Only cover crops CF (CF_Cov); Area Actually Irrigated
(AAI); Area Equipped for Irrigation (AEI).
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3.2. Comparison of Lysimeter and PySEBAL-Derived ETa

Figure 2 presents the comparison between measured and PySEBAL-derived ETa for
the period of March-October 2021. Overall, a good agreement was obtained between the
daily ETa estimates from PySEBAL and the lysimeter, with RMSE of 0.93 mm and 1 mm
and R? values of 0.87 and 0.83 for the satellite overpass dates (Figure 2A) and interpolated
estimations (Figure 2B), respectively. The patterns of interpolated ETa were similar to those
of the lysimeter over March-October 2021 (Figure 2C), indicating that PySEBAL provided
acceptable ETa estimations.
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Figure 2. Scatterplots comparing Lysimeter and PySEBAL ETa at satellite overpass dates (A) and
interpolated dates (B,C).

3.3. Determinants of Actual Evapotranspiration
3.3.1. Assessment of RF Model Performance

The RF-based model achieved good performance in predicting ETa (Figure 3). For the
training dataset, the RF model demonstrated a high level of accuracy, with a R? of 0.90 and
a RMSE of 21 mm. However, the performance on the validation dataset showed a slight
decline but remained good, with an R? of 0.72 and a RMSE of 32 mm.
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Figure 3. Scatterplots of PySEBAL-derived versus random forest predicted wheat crop actual evapo-
transpiration under training (A), and validation (B) dataset.

3.3.2. Variable Importance

The primary predictors influencing ETa variability were relative humidity (RH, 38%),
followed by wind speed (Win, 28%) and solar radiation (Rad, 22%) (Figure 4), highlighting
the dominant role of climatic variables in ETa determination. Other notable predictors
included altitude (Alt, 15.2%), pH (14.7%), cover management (CF, 12.7%), aridity in-
dex (Ari, 12.4%) and maximum temperature (Temp, 11.5%). In contrast, variables such
as cation exchange capacity, phosphorus, USDA soil textural classes and C/N showed
lower importance.

CF_Till
k_factor
CaCOs
Bulk

K

AEl

Clay
CF_Cov
CF_Res
N

CEC

P
Text_USDA
C/N

Predictors

0 10 20 30 40
Mean decrease accuracy (%IncMSE)

Figure 4. Variable importance contribution in terms of mean decrease accuracy of all potential
predictors of ETa. Abbreviations: Altitude (Alt); Bulk Density (Bulk); Calcium Carbonates (CaCO3);
Cation Exchange Capacity (CEC); Clay (Clay); Carbon to Nitrogen ratio (C/N); USDA soil textural
classes (Text_USDA); Extractable Potassium Content (K); Total Nitrogen Content (N); Phosphorous
Content (P); Potential of Hydrogen in CaCl, (pH); Organic Carbon (C); Soil Loss by Water Erosion
(Ero); Soil Erodibility (k_Factor); Aridity Index (Ari); Wind Speed (Win); Solar Radiation (Rad);
Relative Humidity (RH); Maximum Temperature (Temp); Cover Management factor (CF); Only
tillage CF (CF_Till); Only residues CF (CF_Res); Only cover crops CF (CF_Cov); Area Actually
Irrigated (AAI); Area Equipped for Irrigation (AEI).
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3.3.3. Partial Dependence Plot

Figure 5 shows the PDPs for the top 10 predictors. Among the top 10 predictors, the
relationship between wheat ETa and pH or wind speed was linear and monotonic: an
increase in pH or wind speed was positively associated with a linear increase in wheat
ETa (Figure 5A,F). Non-linear and monotonic relationships were observed between wheat
ETa and soil erosion, area actually irrigated, aridity index, relative humidity, and altitude
(Figure 5B,D,G,1,]). However, only AAI and Ari showed a positive association with wheat
ETa, while the other predictors showed a negative association. Non-linear and non-monotonic
relationships were observed between wheat ETa and solar radiation, maximum temperature
and cover management factor. For those predictors, there was generally an increasing trend to
wheat ETa up to a given threshold, followed by a decreasing trend (Figure 5C,E,H).

The network visualization plot is presented in Figure 6. Wind speed and relative
humidity had the highest importance, while erosion and the area actually irrigated had
lower influence on ETa. The color of the vertices illustrates the correlation between ETa and
its predictors. Wind speed was positively associated with ETa (green color); erosion was
negatively associated with ETa (red color); whereas complex relationships were found for
radiation, maximum temperature and cover management factor (blue color). This figure
allows for a clear visualization and comparison of predictors influence on wheat ETa.
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Figure 5. Partial dependence plot of the ten top predictors of PyYSEBAL-derived wheat crop actual
evapotranspiration based on random forest modeling. (A) Wind Speed; (B) Relative Humidity; (C) So-
lar Radiation; (D) Altitude; (E) Cover Management factor; (F) pH; (G) Aridity Index; (H) Temperature;
(I) Soil Erosion; (J) Area Actually Irrigated.
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Figure 6. Network visualization of the relationship between ETa and the ten main predictors.
Abbreviations: Abbreviations: Altitude (Alt); Soil Loss by Water Erosion (Ero); Aridity Index (Ari);
Wind Speed (Win); Solar Radiation (Rad); Potential of Hydrogen (pH); Relative Humidity (RH);
Maximum Temperature (Temp); Cover Management factor (CF); Area Actually Irrigated (AAI).

3.3.4. Analysis of Soil and Crop Management Factors Interactions on ETa

Figure 7 and Figure S5 present the analysis of interactions between soil and crop
management factors on ETa. The predictor Ari was primarily a climatic variable but had
significant interactions with soil properties. It was considered within the soil and crop
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management variables for the interactions analysis. High ETa was typically observed at
altitudes below 200 m, while moderate ETa was found at altitudes between 200 m and
400 m and low ETa at altitudes above 600 m (Figure S5). For soils, ETa was higher in areas
where soil erosion was low to moderate (0-2 t/ha) (Figure 7 and Figure S5). Excessive
erosion (>5 t/ha) was associated with low ETa (Figure 7 and Figure S5), likely due to soil
degradation. Highest ETa values occurred in the mid-range pH levels (approximately 6-7),
indicating that extreme soil acidity might have negatively impacted on wheat CWU. Ir-
rigation water supply was a critical factor influencing ETa, with higher AAI (above 20%)
leading to increased ETa, particularly at lower elevations. However, in acidic soils with a pH
range from 5 to 6, even high irrigation level failed to achieve optimal CWU (Figure S5). This
highlight the importance of prioritizing soil pH management in agricultural productivity
improvement programs. Across plots, noticeable drop in ETa was observed at higher CF
values (>0.23) (Figure 7 and Figure S5). This suggests that higher CF values, associated
with less conservation management practices (reduced/no tillage, use of cover crops and
plant residues), may lead to reduced ETa. High irrigation levels (above 20%) generally led
to increased ETa. However, this effect decreased when combined with high CF values, sug-
gesting the need for conservation management practices to ensure sustainable agriculture.
The analysis of Ari showed that higher ETa was typically observed at Ari > 0.24, while a
decreasing trend in ETa was found at Ari < 0.24 (Figure 7), suggesting the critical role of
water availability in ETa determination.
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Figure 7. Two-dimensional partial dependence plots showing interactions between the aridity index
and some predictors (soil erosion, pH, Area Actually Irrigated, and cover management factor) on ETa
using the RF model. (Additional plots are provided in Figure S5).

4. Discussion

In this study, soil physico-chemical properties, weather and crop management vari-
ables affecting wheat crop ETa across Slovakia were investigated. High variability in soil
properties, weather conditions, and crop management practices was observed across wheat
fields. Soil variability in Slovakia is mainly related of varying geological, topographical,
climatic conditions, and land use [38,39]. The weather variability observed in this study
primarily depends on atmospheric circulation and the topography [40,41]. Fedor [42]
highlighted that severe winds driven by orographic effects are common in Slovakia and
could explain the variability in wind speed observed in this study. The highest variability
in the area actually irrigated reflects the spatial clustering of irrigated zones, which are, for
the most part, located along major river systems such as the Morava and the Danube [43].
The low variability in crop residue cover management may be attributed to the widespread
adoption of this practice by farmers due to its positive effects on crop yield, as well as the
impact of agricultural policies, including the European Union legislation on crop residue
management [44,45].

The highest average ETa value (506.12 mm) was recorded in the 2011/2012 season,
while the lowest mean (434.87 mm) was observed in the 2017/2018 season. These findings
are consistent with those of Taka¢ and Ilavska [46], who reported average ETa values
ranging from 312 mm to 414 mm in winter wheat during the period 1991-2020 in Slovakia.
Our results indicated even greater evapotranspiration in winter wheat. In addition to
interannual variability in climate, factors such as heterogeneous agro-ecosystems and
advection effects can also contribute to ETa variation when remote sensing approaches
are used for evaluation [47,48]. The climatic variability observed during the 2008/2009
and 2017/2018 seasons (Table S2) was reflected in the variability in ETa during these
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cropping seasons. The validation results of PYSEBAL are in line with findings from recent
studies in Tiirkiye and Czech Republic, with R? ranging from 0.70 to 0.89 and RMSE from
0.51 to 1.09 mm day ! [49,50]. The linear interpolated ETa, showed a slight decline in
accuracy that can be attributed to climatic variations over the study period and linear
interpolation error [51,52]. Despite these limitations, the linear interpolation showed
acceptable performance in estimating seasonal ETa.

Soil variables, particularly those related to chemical and physical fertility such as
cation exchange capacity, phosphorus, USDA soil textural classes, nitrogen and C/N were
less influential in predicting ETa. This weak relationship can be explained by the overall
suitability of the soil for wheat production, as approximately 54% of farmland in Slovakia
was classified as suitable for wheat cultivation [53]. In addition, relatively high fertilizer
application rates ranging from 113.0 to 129.3 kg /ha in 2015 and 2018 [54], respectively, likely
contributed to minimizing soil fertility constraints. Moreover, Slovakia’s Act No. 220/2004
Coll. [55], which governs soil protection and provides guidance to farmers on proper
fertilization and soil conservation practices to ensure long-term soil fertility, along with the
EU Common Agricultural Policy [56], which encourages sustainable fertilization and offers
targeted funding such as support for small and young farmers have likely contributed to
enhancing overall soil fertility while reducing its spatial variability. As a result, soil fertility
may have played a less significant role compared to other biophysical factors.

Climate variables such as relative humidity, wind speed, solar radiation, and maxi-
mum temperature were among the most influential factors of wheat ETa. Climate variables
have been identified as among the principal factors affecting ETa in Europe [57]. Sim-
ilar results were reported in Germany, where vapor pressure deficit, temperature, and
relative humidity were identified as the primary factors influencing ETa [58]. Although
the relationship between relative humidity, wind speed, and ETa (Figure 5) aligns with
previous studies [59], the decreasing relationship between solar radiation, maximum tem-
perature and ETa (Figure 5) suggests the presence of hidden factors, e.g., water availability.
While evapotranspiration is known to increase with rising temperature and solar radiation
under non-limiting water conditions, increases in these variables lead to a decrease in
ETa under water stress conditions [59,60], as found in this study. This suggests that the
crop may have experienced water stress during the study period. Slovakia experienced
three extreme droughts in 2003, 2012, and 2015, driven by variations in temperature and
precipitation [61,62]. While limited water availability is likely the main factor driving the
observed decline in ETa with increasing temperature and solar radiation, other factors such
as pressure from plant diseases may have also interacted with these weather variables and
contributed to decrease in ETa. Wheat diseases such as leaf rust (caused by Puccinia triticina
Eriks.) spread under temperatures near 20 °C [63,64]. Moreover, this disease is recognized
as one of the major threats to wheat production in Slovakia [65,66]. Future studies could
focus on mapping and forecasting leaf rust disease risk conditions across Slovakia using
remote sensing data. The results of such studies could be integrated into similar analyses
to better understand the impact of this disease on crop water use.

The negative impact of erosion on wheat ETa is mainly linked to soil physical, chemical
and biological fertility loss [67,68]. In Slovakia, soil erosion is one of the greatest threats
to farming, impacting about 37-39% of agricultural land [4,69]. Since altitude influences
soil erosion [70,71], the latter may also help explain the negative effect of altitude on
ETa observed in this study. Based on the interaction results, which showed lower ETa at
altitudes above 600 m, farmers can adopt conservation management practices to reduce
soil erosion and improve soil fertility. This is particularly relevant, as high CF values
(above 0.23) associated with higher altitudes (above 600 m), were related to low ETa
(Figure S5). Adopting conservation management practices such as cover cropping, reduced
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or no tillage, and plant residues can improve soil fertility, increase water capture and
storage and reduce the CF by on average 19.1% [27,72]. This study highlights the impact of
conservation management practices on the ETa, by showing that reduced application of
these practices (CF above 0.23) led to a noticeable decline in ETa across sites. The adoption
of conservation management and soil erosion control measures reflects alignment with
the European Green Deal’s priorities, supporting low-disturbance farming systems that
enhance soil health, water retention, and overall agricultural sustainability [73]. Regarding
soil acidity, this study found an increasing trend in ETa from acidic to basic soils, with the
highest ETa values occurring at pH varying between 6 and 7. This aligns with [74,75] in
which soil pH was identified as a critical factor influencing nutrient availability and crop
growth. Soil acidification is a concern in Slovakia; it affects about 17.5% of the Slovakian
agricultural land areas [4,76]. Regarding irrigation, the results showed an increasing trend
in ETa, with the expansion of AAI (Figure 5), highlighting the potential of irrigation to
improve wheat production in Slovakia. However, the interaction between pH and irrigation
(Figure S5) showed that even with irrigation, achieving the full CWU potential remains
challenging in acidic soils. This highlights the priority of pH management over irrigation
expansion to improve overall agricultural productivity. Nevertheless, irrigation can also be
used to raise soil pH and reduce acidity by adding salts such as potassium carbonate to the
irrigation water [77,78].

Regarding the accuracy of the RF model for ETa prediction, the RMSE was
32 mm/season for the validation dataset and 21 mm/season for the training dataset,
with corresponding R? of 0.72 and 0.90, respectively. This indicates the good predictive
performance of RF-based model for ETa prediction. Using more accurate data with higher
spatial and temporal resolution and precise irrigation data (e.g., water supply rates) could
enhance the model’s accuracy. Although the RF model demonstrated acceptable perfor-
mance, factors such as microclimatic variations or groundwater interactions may have
influenced its results. Incorporating spatially explicit methods, such as the geographi-
cally weighted regression or the Moran’s I, can help assess local variability and identify
areas where variability remains unexplained, thereby enhancing both model performance
and interpretability.

This analysis was conducted using a relatively short dataset spanning four cropping
seasons. Expanding the analysis to cover a longer period could enhance the robustness of
the method and is considered a potential direction for future research in the study country.
Another limitation involves the uncertainties associated with satellite data. Although
collecting field-based data at the national scale is challenging, incorporating such data
could help validate and improve the RS-based approach. Additionally, in this study,
PySEBAL-derived ETa estimates were validated using data from a single lysimeter station.
We acknowledge that relying on a single site may be limiting, as it does not fully capture
spatial variability across a large area. Future research could include additional lysimeter
stations, eddy covariance measurements, or gravimetric ETa estimations to provide a more
comprehensive assessment of model accuracy.

5. Conclusions

The main objective of this study was to investigate the soil, weather, and crop man-
agement factors influencing wheat ETa across Slovakia. PySEBAL-derived ETa, along with
spatial data on soil, weather, and crop management, were used within a random forest-
based modeling approach. This approach enabled the identification of the most influential
factors and the characterization of their relationships with wheat ETa. The results showed
that climatic variables were the most influential predictors of ETa in Slovakia. Higher ETa
(>470 mm) values were generally observed at lower altitudes, up to 200 m. Conversely,
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at altitudes above 600 m, ETa values were lower (<450 mm), mainly due to soil erosion.
Implementing conservation practices such as no-tillage, cover cropping, and plant residue
management—particularly at such altitudes—could help reduce soil loss and mitigate the
negative impacts of climate variability on crop productivity. An unexpected result of this
analysis was the decreasing trend in wheat ETa with increasing temperature, suggesting
the influence of water stress during the study period. Further analyses are needed to
better understand the impact of major plant diseases on wheat crop water use, given their
potential interaction with temperature in Slovakia. In this analysis, ETa prediction using
the RF model achieved acceptable performance. To further improve model accuracy, future
studies could focus on incorporating near real-time irrigation data and on integrating
farmers’ socio-economic information. Additionally, establishing standard local threshold
levels for key biophysical factors and management practices could enhance the method’s
applicability for improving water management in winter wheat in Slovakia and elsewhere.
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