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Abstract: This study analyzed the impact of land use and cover changes, along with climate
variability, on water consumption by quantifying actual evapotranspiration (ETa) in the
Tres Cruces River basin (TCR) in Uruguay. Using Landsat 8 and 9 images from 2014 to 2024,
the SAFER method (Simple Algorithm for Evapotranspiration Retrieving), applied for the
first time in Uruguay, estimated ETa for natural vegetation (grasslands and riparian forests)
and commercial afforestation areas. Quality metrics, including determination coefficient
(r2 = 0.87), Pearson correlation (r = 0.94), root mean square error (RMSE = 1.46 mm/day),
and Nash–Sutcliffe efficiency (NSE = 0.34), were utilized for SAFER’s optimal parameteri-
zation based on the literature. Results revealed monthly ETa variability and highlighted
higher ETa values for afforestation areas, exceeding grasslands by 26.5% and riparian forests
by 4.79%, reflecting increased water demand due to greater biomass and photosynthetic
activity. Additionally, prolonged drought periods correlated with increased water consump-
tion by forest vegetation, despite the Standardized Precipitation-Evapotranspiration Index
(SPEI) remaining within normal bounds during the 2020–2023 drought. These findings
underscore the significant hydrological implications of converting grasslands to afforesta-
tion and the need for integrated water resource management amid expanding commercial
forestry in the region.

Keywords: forest hydrology; drought assessment; actual evapotranspiration; Pampa biome;
water security

1. Introduction
The increasing demand for water, driven by climate and management practices, and

the intensification of droughts highlight the urgency of addressing supply and demand
dynamics. This implies that hydrological studies should focus on the demand for water,
particularly evapotranspiration (ET), to reverse the situation; most studies have focused
mainly on the supply side of the water equation [1].

The accurate estimation of ET across spatial and temporal scales is fundamental for
water resource management. ET directly influences key hydrological processes, including
water consumption assessment in diverse land-use systems, crop water productivity analy-
sis, agricultural drought monitoring, water balance studies, and climate change adaptation
strategies [2].
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At small scales, several methods and instruments for determining ET have been de-
veloped over time, such as weighing lysimeters, the Penman–Monteith equation, and the
Eddy covariance method, among others. However, these methods are generally complex,
expensive, and often limited to academic and research settings. For large scales, satellite
remote sensing methods can provide reliable information and determine the spatial distri-
bution of ET. Although some satellite missions do not fully meet all the requirements for
comprehensive ET-based science and applications, recent advances have improved their
capabilities [1,3–5].

Recent progress in Earth observation platforms, alongside the development of ad-
vanced computational algorithms, has facilitated ET estimation with improved accuracy
and spatial coverage. Several models are operational for remote sensing determination
of ET. These include SEBAL (Surface Energy Balance Algorithm for Land; [6]), METRIC
(Mapping Evapotranspiration at High Resolution with Internalized Calibration; [7]), SAFER
(Simple Algorithm for Evapotranspiration Retrieving, [8,9]), and others.

The intensifying competition for water between agriculture and forestry poses sig-
nificant challenges for sustainable resource management. The expansion of eucalyptus
plantations in the Pampa biome raises concerns about their impact on water consumption
and availability for other uses. Consequently, accurate evapotranspiration data are crucial
for informed decision making to ensure the sustainable use of water resources.

Uruguay’s Forestry Law was fundamental in promoting the forestry sector by declar-
ing forestry development a national priority and introducing strategic incentives [10,11].
The incentives significantly boosted the expansion of commercial forestry, particularly
eucalyptus plantations, which have progressively replaced grassland areas in the Pampa
biome across Uruguay. Over the past decades, the forestry sector has experienced rapid
growth, becoming a critical component of Uruguay’s economy, contributing approximately
4% of the national GDP. As of 2022, Uruguay had 1,087,109 hectares of land dedicated
to forest plantations, equivalent to 6% of the national territory, with eucalyptus species
accounting for 70% of these areas [12].

The transition from grassland to eucalyptus plantations has significant ecological
and hydrological implications in the region [13,14]. Compared to grasslands, eucalyptus
species exhibit distinct edaphic and physiological characteristics [15]. Studies conducted in
Uruguay highlight that afforestation with eucalyptus substantially affects the water balance,
mainly through reduced surface runoff and streamflow. Replacing native vegetation
with eucalyptus increases evapotranspiration, decreasing water availability in the basins.
Research in the country finds that large basins, according to Alonso et al. [16], show that the
reduction in river streamflow becomes more pronounced when forest cover exceeds 15%.
In micro-basins, significant reductions in specific discharge were observed, with heightened
competition for available water between forests and pastures during drier periods [17].
This effect stems from eucalyptus’s high water demand due to its rapid growth, increased
leaf area, and deeper root systems, facilitating greater water uptake from the soil and
groundwater. This intensified water use results in an evapotranspiration rate higher than
that of grasslands [18].

Other impacts include (1) Landscape Changes: Extensive areas of native grasslands
have been converted into eucalyptus and pine plantations, altering the vegetation structure,
composition, and land-use patterns [18,19]; (2) Ecological Impacts: The introduction of
non-native tree species has resulted in habitat loss, alterations in biogeochemical cycles, soil
nutrient requirements, and a decline in biodiversity [11,15,20]; (3) Socioeconomic Impacts:
While the forestry sector has generated employment opportunities and contributed to
economic growth, it has also affected traditional agricultural practices [11].
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Uruguay’s Pampa biome presents an ideal case study to evaluate the impacts of Land
Use and Land Cover Change (LULCC) on water resources due to the recent expansions of
commercial afforestation. It has raised concerns about the effects on local hydrology, partic-
ularly in terms of water consumption, compared to native vegetation such as grasslands
and riparian forests. However, a lack of detailed information limits the ability to quantify
these impacts under different climatic and water availability conditions

The novelty of this work lies in its focus on the spatial and temporal evaluation of
actual evapotranspiration as a key metric for understanding water use across LULCC and
climatic variability. This research offers a robust and scalable approach to support hydrolog-
ical monitoring and water management decision making by integrating the meteorological
data with medium-spatial-resolution satellite imagery using the SAFER method.

The SAFER implementation in Uruguay brings new possibilities to evaluate the
hydrological impacts of LULCC. Two recent studies explored remote sensing on a national
scale to evaluate actual evapotranspiration (ETa) in Uruguay, focusing more on the method
than on the LULCC impacts. Gallego et al. [21] assessed the performance of MODIS
(MOD16A2, Moderate-Resolution Imaging Spectroradiometer) and PMLv2 (the Penman–
Monteith–Leuning model in its second version) products, and Navas et al. [22] compared
MODIS16A2 with reference methods across different scales.

The main questions guiding this study are: How much water is required by different
land uses? How can remote sensing-based estimates of ETa enhance sustainable water
management? To address these questions, this study seeks to implement the SAFER method
for the first time in Uruguay, utilizing Landsat 8 (2014–2024) and Landsat 9 (2021–2024)
to estimate ETa. The specific objective is to quantify and compare the ETa of natural
vegetation (grassland and riparian forest) and commercial forestry within the Pampa biome
and provide insights into the water consumption dynamics of each land use under varying
climatic conditions.

2. Materials and Methods
2.1. Study Area

The study area is in northern Uruguay, specifically within a sub-basin of the
Tacuarembó River Basin, the Tres Cruces River basin (TCR, Figure 1), which covers an
area of 916.6 km2. This basin was chosen due to its representativeness of key land uses of
interest: afforestation, grassland, and riparian forests in the Pampa biome.

The meteorological station is near the basin (~12 km), in the National Institute of
Agricultural Research (INIA) of Tacuarembó (Figure 1); the proximity of the meteorolog-
ical data station influenced the selection of this basin as the study area for this research.
The climatological information from the INIA meteorological station shows an average
annual precipitation of 1491.29 ± 379.00 mm from 1987 to 2024. The wettest year was 2002
(2797.30 mm), while the driest was 2004 (829.50 mm). The average annual evapotranspira-
tion during the period was 1077.11 ± 64.55 mm. The highest estimated evapotranspiration
was in 1989 (1232.80 mm), and the lowest was in 2001 (969.70 mm). The historical monthly
data for precipitation from 1987 to 2024 indicate that monthly precipitation exceeds 80 mm
in all months. Winter months are the driest, while spring and fall experience periods of
wetness. The daily average temperature in winter is 14.09 ± 4.42, and in summer it is
21.53 ± 5.36 ◦C.

The Pampa biome covers Brazil, Uruguay, and Argentina, with a total area of 750,000 km2.
The Pampa biome is a diverse ecological mosaic, seamlessly integrating grasslands, riparian
forests, clusters of bushes, and slope forests into a single, dynamic landscape [13].
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Figure 1. Land use and land cover for the Tres Cruces River Basin for 2023.

The TCR’s LULCC process has remained stable over the last decade (Figure 2), and the
meteorological data station’s proximity influenced this basin’s selection as the study area
for this research. As of 2023, afforestation occupies 216.9 km2 (23.6%), grassland 502.4 km2

(54.8%), and riparian forests 154.1 km2 (16.8%), according to the MapBiomas classification
for 2015 and 2023 [23,24].

Figure 2. Land use land cover change (1985 to 2023) based on MapBiomas data.

2.2. Standardized Precipitation-Evapotranspiration Index

The selected period for this study ranged from 2014 to 2024, incorporating the recent
drought period (2020–2023), to analyze both drought-affected and non-drought-affected
intervals. The Standardized Precipitation-Evapotranspiration Index (SPEI) was calculated
using data from the INIA meteorological station. The SPEI calculation involves determining
the difference between precipitation and evapotranspiration, estimated using the Penman–
Monteith method [3].
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The computational implementation of the SPEI was carried out using the SPEI package
in R 4.4.2 [25]. This package provides an automated interface for calculation, integration
with climatic time series data, and multiscale analysis. SPEI is a widely recognized tool
for monitoring, analyzing, and detecting drought events. It assesses drought severity
by combining precipitation and potential evapotranspiration data. It is especially useful
for assessing the impact of climate change on droughts, as evapotranspiration is affected
by temperature. The monthly difference between precipitation and potential evapotran-
spiration (ET0) was accumulated over a 12-month period. To standardize the SPEI, the
accumulated values are fitted to a log-logistic statistical distribution, chosen for its ef-
fectiveness in modeling climatic extremes. Distribution parameters are estimated using
probability-weighted moments, ensuring greater spatial and temporal consistency. After
fitting the values, the data were transformed into a standardized scale with a mean of
zero and a standard deviation of one. This transformation allows the SPEI to be consis-
tently represented, making it easier to analyze and compare across different periods and
locations [25,26].

2.3. Actual Evapotranspiration

The SAFER method, developed by Teixeira [8], is used to estimate actual evapotran-
spiration (ETa) and has been extensively validated across various regions and climatic con-
ditions. The model has demonstrated versatility and accuracy in various land uses, such as
eucalyptus plantations, sugarcane, and pastures, showing its broad applicability [9,27–33].

The SAFER method was used to estimate actual evapotranspiration (ETa) and has been
extensively validated across various regions and climatic conditions [9,29,33]. SAFER does
not require the soil–water balance to estimate ETa, as occurs in the SEBAL and METRIC
methods, because it uses the energy balance to estimate ETa. Developed by Teixeira [8], the
algorithm is based on the relationship between reference evapotranspiration (ET0) and ETa,
expressed through the evapotranspiration fraction (ETr), which is closer to the so-called
crop coefficient (Kc) from FAO56.

ETr =
ETa

ET0
= exp

[
a + b

(
Ts

α0 ∗ NDVI

)]
(1)

where Ts represents surface temperature in Kelvin, α0 is surface albedo (dimensionless),
NDVI is the Normalized Difference Vegetation Index (dimensionless), and a and b are
empirically adjusted coefficients. Values for a and b were derived from Safre et al. [29]
and Teixeira [8]. ETa is calculated by multiplying ETr and ET0, as expressed by the follow-
ing equation:

ETa = ETr ET0 (2)

The implementation of SAFER relies on daily satellite imagery and meteorological
data. For this purpose, we utilized images from Landsat 8 and 9 to derive NDVI, surface
albedo, and temperature (using thermal bands) and meteorological data from INIA station,
including global radiation (Rg) and reference evapotranspiration (ET0), calculated using
the Penman–Monteith method [3].

The NDVI is an indicator related to land cover, vegetation stages, and vegetation
vigor [34], obtained from satellite imagery using the reflectance in the near-infrared (NIR)
and red (RED) bands from Landsat. It is defined as follows:

NDVI =
NIR − RED
NIR + RED

(3)
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Surface albedo was computed by first deriving planetary albedo (αp):

αp = ∑(wbandrband) (4)

where wband is the spectral weight for each band, and rband is the associated reflectance.
Weights were computed as the ratio of incoming shortwave radiation in a particular band
to the total at the top of the atmosphere (TOA). The final surface albedo (α0) was obtained
through the following equation:

α0 = cαp + d (5)

with c and d regression coefficients provided in the Agriwater package [9,34] as based on
previous studies [8,28]. Temperatures were derived from Landsat band 10 and 11 spectral
radiance (Tb):

Tbk =
K2k

ln K1k
Lk+1

(6)

where Lk are the pixel values of bands 10 and 11, and K1k and K2k are conversion coefficients
available in the metadata of Landsat images.

The average value between Tb10 and Tb11 is corrected to retrieve the surface tempera-
ture by a regression curve:

TS = eTb − f (7)

where e and f are the regression coefficients, which for a 24 h period was considered as 1.11
and −31.89 and was calibrated with R2 = 0.95.

The SAFER model has been validated in multiple studies, for instance, in California
vineyards [28], while studies in an ecological station in Brazil [30,31] reported similar
accuracies. Additionally, Teixeira et al. [8,29] validated SAFER for semiarid regions in
Brazil using orbital and aircraft images. The algorithm has been successfully applied to
various land uses, such as eucalyptus plantations, sugarcane, and pastures, demonstrating
its versatility.

2.3.1. Landsat Data

Imagery from Landsat 8 and Landsat 9 (Table 1) was used to derive key SAFER method
parameters, including NDVI, surface albedo, and land surface temperature. Both satellites
carry nearly identical sensors, the Operational Land Imager (OLI) and Thermal Infrared
Sensor (TIRS) in Landsat 8, and the upgraded OLI-2 and TIRS-2 in Landsat 9, which provide
consistent, quality data with a spatial resolution of 30 m for multispectral bands (15 m for
the panchromatic band) and a temporal resolution of 16 days. When used together, these
satellites offer an effective revisit rate of 8 days. Landsat 8, operational since 2013, and
Landsat 9, launched in 2021, collectively ensure the continuity of data critical for numerous
environmental and hydrological analyses.

All imagery was preprocessed in Google Earth Engine using the USGS Collec-
tion 2 Tier 1 TOA reflectance datasets (LANDSAT/LC08/C02/T1_TOA and LAND-
SAT/LC09/C02/T1_TOA). Preprocessing steps included calibrated reflectance of the top of
the atmosphere (TOA), ensuring data consistency across temporal and spatial scales. Cloud
masks were generated using the QA_PIXEL quality bands to exclude pixels affected by
clouds, shadows, or other atmospheric disturbances, and subsequent filtering in R applied
a 95% basin coverage threshold to ensure data quality for the interest area.



Water 2025, 17, 1597 7 of 19

Table 1. Landsat 8 and 9 images used in the actual evapotranspiration calculation with SAFER.

Satellite Year (n = 11) Dates (n = 97)

Landsat 8

2014 15 March 2014, 2 May 2014, 3 June 2014, 19 June 2014, 21 July 2014, 22
August 2014, 7 September 2014, 23 September 2014, 10 November 2014

2015 29 January 2015, 18 March 2015, 3 April 2015, 19 April 2015, 5 May 2015,
21 May 2015, 9 August 2015, 29 November 2015

2016 16 January 2016, 23 May 2016, 8 June 2016, 28 September 2016,
30 October 2016, 1 December 2016, 17 December 2016

2017 7 March 2017, 10 May 2017, 11 June 2017, 29 July 2017, 15 September 2017

2018
6 February 2018, 10 March 2018, 26 March 2018, 13 May 2018, 29 May 2018,

17 August 2018, 4 October 2018, 5 November 2018, 21 November 2018,
7 December 2018

2019 3 July 2019, 4 August 2019, 5 September 2019, 21 September 2019,
8 November 2019, 24 November 2019, 10 December 2019

2020 27 January 2020, 28 February 2020, 16 April 2020, 18 May 2020,
3 June 2020, 22 August 2020, 9 October 2020, 28 December 2020

Landsat 8 and Landsat 9

2021 13 January 2021, 14 February 2021, 3 April 2021, 19 April 2021, 8 July 2021,
28 October 2021, 13 November 2021, 7 December 2021, 23 December 2021

2022
1 February 2022, 9 February 2022, 17 February 2022, 21 March 2022,

29 March 2022, 14 April 2022, 30 April 2022, 20 August 2022,
5 September 2022, 7 October 2022, 16 November 2022, 24 November 2022

2023
3 January 2023, 12 February 2023, 8 March 2023, 1 April 2023, 9 April 2023,

17 April 2023, 12 June 2023, 16 September 2023, 10 October 2023,
26 October 2023, 19 November 2023

2024
30 January 2024, 7 February 2024, 23 February 2024, 10 March 2024,

30 June 2024, 24 July 2024, 4 October 2024, 20 October 2024,
28 October 2024, 13 November 2024, 23 December 2024

2.3.2. Data Processing

The data processing (Figure 3) was significantly simplified by utilizing the ‘agriwater’
R package. For each Landsat image (Table 1), the corresponding meteorological data were
integrated to facilitate the execution of the package’s function. This function applies the set
of equations and parameters presented in Section 2.3 to derive the ETa estimates; detailed
information is provided in Silva et al. [9,34].

Figure 3. Flowchart of the data processing.
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To evaluate the quality of the ETa estimates, four statistical metrics were employed:
the Pearson correlation coefficient (r), the coefficient of determination (R2), the root-mean-
square error (RMSE), and the Nash–Sutcliffe Efficiency (NSE). These metrics were calculated
by comparing the estimated values of ETa with the reference ET0 values recorded at the
INIA meteorological station. Furthermore, the surface temperature (Ts) obtained from
Landsat and the INIA station was also tested as an additional quality parameter. This
approach utilized variables with low estimation complexity to assess potential uncertainties
in the remote sensing-derived temperature information.

These indicators are widely used in hydrological and environmental modeling to
assess the agreement between observed and estimated values. The Pearson correlation coef-
ficient measures the strength and direction of the linear relationship between two variables,
ranging from −1 to 1 [35]. The coefficient of determination quantifies the proportion of
variance in the observed data explained by the model. It ranges from 0 to 1, and a high R2

suggests that the model effectively captures the variability in the observed data [36]. The
root-mean-square error (RMSE) measures the average magnitude of the errors between
observed and predicted values. It is expressed in the same units as the variable being
analyzed and provides an absolute measure of the model’s predictive error [37]. The Nash–
Sutcliffe Efficiency (NSE) is a normalized statistic that evaluates how well a model predicts
observed values compared to the mean of the observations. NSE values range from −∞
to 1, where 1 indicates a perfect match between observed and estimated values, 0 implies
that the model is only as good as using the mean of the observations, and negative values
suggest that the model performs worse than the mean [38]. This metric is particularly
useful for assessing hydrological models and time-series data.

3. Results
The SPEI from 1987 to 2024 (Figure 4) shows alternating cycles of drought and wet

conditions. The index ranges from approximately −2 to +2, indicating a fluctuation between
drought and wet without a clearly defined long-term trend. From 1987 to 1998, there was a
rapid alternation between positive and negative values, suggesting pronounced climatic
variability, highlighted by two significant drought periods: 1988–1991 and 1994–1998. In
the period from 1998 to 2004, positive SPEI values prevailed, indicating a tendency toward
wetter conditions. Conversely, from 2004 to 2014, there is a notable increase in the frequency
of negative values, indicating a higher incidence of drought events. Finally, the period from
2014 to 2024 exhibits substantial variability, with alternating wet and dry years, including
the last drought periods of 2020 and 2023.

Figure 4. Standardized Precipitation Evapotranspiration Index (SPEI) from 1987 to 2024; data from
the INIA meteorological station. The dashed black lines represent the studied period from 2014
to 2024.
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The implementation of SAFER in Uruguay proved successful, with parameters ad-
justed using sufficient literature data to estimate actual evapotranspiration (ETa). The
parameters a and b proposed by Safre et al. ([29], a = 0.66 and b = −0.0028) for vineyards
in California performed exceptionally well. The selection of these parameter values was
based on an evaluation of data quality compared with those presented by Teixeira ([8];
a = 1.8 and b = −0.008), which were the only alternatives available in the literature. To
assess the data quality, several statistical indicators were computed using ET0 from me-
teorological stations and ETa from images processed with SAFER (Figure 5c,d). For the
Safre et al. [29] parameters, the results were R2 = 0.87, r = 0.94, RMSE = 1.46 mm day−1,
and NSE = 0.34, while the evaluation using Teixeira [8] parameters produced R2 = 0.01,
r = −0.11, RMSE = 2.90 mm day−1, and NSE = −1.62.

Figure 5. (a,b) Surface temperature from Landsat and (c,d) actual evapotranspiration (ETa) from
SAFER estimation validation using temperature and potential evapotranspiration (ETo) from INIA
meteorological station data from 2014 to 2024.

The comparison between surface temperature data from the INIA meteorological
station and Landsat (Figure 5a,b) reveals strong agreement, with R2 = 0.79, r = 0.89,
RMSE = 5.2 ◦C, and NSE = 0.17. These results confirm the good accuracy of satellite
data in relation to land-based measurements. Furthermore, the temporal analysis indi-
cates an increasing trend in temperature from 2014 to 2024 in both datasets, with a more
pronounced intensity observed in the Landsat data.

The seasonal trends in ETa estimated by SAFER across afforestation, riparian for-
est, and grassland areas reflect the direct influence of climate variations, such as so-
lar radiation, temperature, water availability, and plant physiological activity, on these
ecosystems. Figure 6a presents the monthly variation in ETa in the period from
2014 to 2024, clearly highlighting that all vegetation types reduce physiological ac-
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tivity during the cold months and increase it during the warm months. Afforesta-
tion areas exhibit the highest ETa values throughout the year (with January values
of 3.76 ± 0.48 mm day−1 and July values of 0.85 ± 0.33 mm day−1), followed by ri-
parian forests (January = 3.70 ± 0.52 mm day−1 and July = 0.81 ± 0.31 mm day−1).
Grasslands display the lowest ETa values (January = 2.99 ± 0.66 mm day−1 and
July = 0.74 ± 0.29 mm day−1), suggesting either a lower water demand or a reduced
capacity to extract water from the soil.

Figure 6. Behavior of monthly actual evapotranspiration (a) and Normalized Difference Vegetation
Index (b) from 2014 to 2024.

Complementary information on vegetation vigor is provided by the monthly normal-
ized difference vegetation index (NDVI) shown in Figure 6b. The NDVI shows that riparian
forests (January = 0.82 ± 0.01 and July = 0.72 ± 0.03) and grassland (January = 0.76 ± 0.05
and July = 0.68 ± 0.03) adapt to seasonal and hydrological characteristics, while the
exotic vegetation used in afforestation maintains high vigor throughout the year (Jan-
uary = 0.81 ± 0.02 and July = 0.76 ± 0.04). NDVI values peak during the spring and
summer months (October to March), indicating higher photosynthetic activity and in-
creased plant biomass, and decline in autumn and winter (April to September). Notably,
afforestation areas show the highest NDVI values, followed by riparian forests and then
grasslands. This pattern reinforces the observation that exotic vegetation used in afforesta-
tion maintains high vigor throughout the year, associated with higher water consumption,
as evidenced by its elevated ETa. The alignment of seasonal NDVI and ETa patterns suggest
a direct relationship between photosynthetic activity, biomass accumulation, and water
consumption across these land uses.

The temporal patterns of ETa across different land uses in the TCR are presented in
Figure 7. Two complementary analyses were performed to assess vegetation behavior
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and total water consumption. First, ETa values were filtered for drought and wet years
using SPEI data to compare vegetation behavior (Figure 7a). The results indicate that in af-
forestation areas, ETa increased slightly during dry conditions (wet: 2.58 ± 1.07 mm day−1;
dry: 2.67 ± 0.89 mm day−1). A similar pattern was observed in riparian forests (wet:
2.49 ± 1.06 mm day−1; dry: 2.59 ± 0.90 mm day−1), whereas grasslands showed a minor
decrease in ETa from wet (2.16 ± 0.90 mm day−1) to dry years (2.12 ± 0.70 mm day−1).
These observations suggest that forested systems have a greater capacity to access water
under restricted conditions compared to grasslands.

Figure 7. Actual evapotranspiration for each land use during SPEI dry and wet periods (a) and
accumulated actual evapotranspiration for samples of each land use ((b), see Figure 1) from 2014
to 2024.

Second, to gain a broader spatial and temporal perspective on total water consumption,
daily ETa values were accumulated. Since afforestation covers less than half the area
of grassland, a hypothetical scenario assuming equal area coverage was examined by
compiling accumulated values from 10 representative samples for each land use (Figure 1).
The results reveal that, when normalized for the area, ETa in afforestation is 26.50% higher
than in grasslands and 4.79% higher than in riparian forests (Figure 7b).

The spatial and temporal dynamics of ETa were analyzed using map-based visualiza-
tions, providing a clear representation of how different land uses respond to seasonal and
interannual climate variations. In winter (Figure 8), ETa values are generally lower due to
reduced solar radiation, cooler temperatures, and diminished photosynthetic activity. In
summer (Figure 9), afforestation areas stand out, with significantly higher ETa compared
to grasslands, while riparian forests also exhibit elevated ETa levels, though slightly lower
than in afforestation areas.
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Figure 8. Average actual evapotranspiration maps for winter months from 2014 to 2024.
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Figure 9. Average actual evapotranspiration maps for summer months from 2014 to 2024.
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Nevertheless, the spatial distribution still exhibits notable interannual variation, with
some areas consistently showing higher or lower ETa. Although the differences between
dry and wet winters are less pronounced than those observed in summer, the maps indicate
that drier winters tend to have a slightly higher ETa than wetter winters.

4. Discussion
The effects of climate variability on water consumption and vegetation response,

comparing natural vegetation (grasslands and riparian forests) and eucalyptus reforestation
in the Tres Cruces River Basin (TCR), were verified by a major climate event during the
study period, the prolonged drought of 2020–2023. Although the SPEI remained within the
normal range (−1 to 1) during the broader period of 2014–2024, suggesting the absence of
significant extremes of rainfall or drought throughout the decade, the prolonged duration
of the 2020–2023 drought had notable consequences. Although not classified as “severe”
in intensity according to SPEI, the prolonged duration of drought significantly impacted
river flows [39], water quality [40,41], and agricultural activities [42], with repercussions
also felt in Argentina [43]. Despite the limitations of the studied period in capturing
the full extent of drought impact, the availability of Landsat imagery and the relative
stability of LULCC during this decade provided optimal technical conditions for the
evapotranspiration analysis (see Figure 2 and Table 1).

The performance of the SAFER method for estimating actual evapotranspiration (ETa)
was assessed using several quality parameters. An r2 of 0.87 indicates that the model
captures the variability in observed ETa, while a Pearson correlation coefficient of 0.94
reflects a strong linear relationship between observed (ET0) and predicted values. An RMSE
of 1.46 mm day−1 and an NSE of 0.34, although they may seem modest, are acceptable given
the conceptual differences between the two evapotranspiration levels being compared.
The average difference between grasslands and afforestation was 0.43 ± 0.32 mm day−1.
According to Nosetto et al. [44], the same comparison ranged from approximately 0.6 to
2 mm day−1.

Potential evapotranspiration represents the maximum amount of water that could
evaporate under ideal conditions, free from soil moisture restrictions. In contrast, actual
evapotranspiration, calculated by the SAFER method, modifies this potential to reflect
the specific water usage of each type of vegetation, considering factors such as water
availability and plant physiology. This fundamental conceptual difference means that
actual evapotranspiration will always be equal to or less than potential evapotranspiration.
Consequently, when comparing these two estimates, it is natural to expect more variation
in the data, leading to higher RMSE and lower NSE values. However, despite these
differences, the obtained values allowed us to quantify the divergence between parameters
a and b (Equation (1)), confirming that the model can accurately capture variations in water
consumption due to different land uses.

The SAFER method, previously validated in California vineyards [28], has shown
significant potential for reliable ETa estimation. Its sensitivity to empirical coefficients
requires local calibration to account for region-specific climatic conditions, a challenge that
can be mitigated by integrating satellite imagery with regional meteorological data using
tools such as the ‘agriwater’ package [9]. Although the lack of calibration data (e.g., from
eddy covariance towers or lysimeters) may restrict its application in certain regions, the
overall performance of SAFER in our study supports its utility in diverse environmental
contexts. Validation with surface temperature and potential evapotranspiration (Figure 5)
provides some assurance despite the limited data available for calibration.

Temporal analyses (Figures 6 and 7) reveal that afforestation consistently exhibits the
highest ETa in both wet and dry conditions, while grasslands display the lowest values, and
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riparian forests occupy an intermediate position. This pattern suggests that tree-dominated
systems, due to their greater biomass and higher photosynthetic activity, have a higher
water demand compared to grasslands. The observed differences in ETa are corroborated
by NDVI measurements, which indicate increased vegetation vigor in afforested areas. The
maps (Figures 8 and 9) reveal substantial interannual variability in ETa distribution, indi-
cating that factors such as precipitation, temperature, and solar radiation strongly influence
water consumption. Moreover, the maps distinguish between dry and wet years, with drier
years displaying a higher proportion of warm-colored areas (indicative of elevated ETa)
and wetter years showing comparatively lower ETa values. Certain regions consistently
present higher or lower ETa, potentially reflecting geographical features (e.g., topography,
proximity to water bodies), differences in vegetation species (e.g., eucalyptus versus pine),
age of afforestation, or forest management practices.

These findings imply that conversion from pasture to afforestation could significantly
alter the regional water balance, with important implications for water resource avail-
ability in the TCR basin. The higher evapotranspiration observed in afforested areas has
broader hydrological implications. The maps reveal substantial interannual variability in
distribution, indicating that factors such as precipitation, temperature, and solar radia-
tion strongly influence water consumption. Moreover, the maps distinguish between dry
and wet years, with dryer years displaying a higher proportion of warm-colored areas
(indicative of elevated ETa) and wetter years showing comparatively lower values. Cer-
tain regions consistently present higher or lower ETa, potentially reflecting geographical
features (e.g., topography, proximity to water bodies), differences in vegetation species
(e.g., eucalyptus versus pine), age of afforestation, or forest management practices.

Forested systems tend to reduce streamflow and alter groundwater dynamics, includ-
ing increased infiltration and recharge and reduced groundwater storage [13,16–18,45,46].
In addition to the water footprint that the commercial afforestation process can cause, it
is important to consider important biophysical processes, such as the modification of the
energy balance or carbon fluxes in comparison to native species [47]. These changes raise
critical sustainability concerns regarding the expansion of commercial forestry in Uruguay
and underscore the need for integrated water resource management and land use planning.

Our findings highlight that even moderate but prolonged drought conditions can
have significant hydrological impacts on afforested basins. The analyzed results (Figure 7a)
indicate a slight increase in ETa, which may suggest changes in Eucalyptus adaptation
during periods of hydrological stress, a phenomenon that is not yet well understood [48,49].
The Eucalyptus exhibits adaptive capacity to drought stress by altering functional traits
such as stomatal morphology, gas exchange parameters, and hydraulic conductance [47].
These changes can result in abnormal behavior in trees, which requires specific management
in afforested areas [49].

The robust performance of the SAFER method in capturing ETa dynamics, coupled
with the observed differences in water consumption across various land uses, underscores
the importance of considering both climatic variability and land cover changes in water
resource management. These results provide valuable insights for policymakers and
stakeholders, particularly in the context of ongoing commercial forestry expansion and its
potential implications for regional hydrological cycles. The effect of climatic variability in
forested areas needs to be further studied for appropriate management actions to solve
environmental or economic demands [50].

Water resource management in afforested areas requires an integrated approach
grounded in robust policies and strategic land-use planning [51,52]. It is essential to
move beyond micro-scale assessments of hydrological impacts and adopt a river basin
perspective to achieve a comprehensive understanding of forest–water interactions and
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their cumulative effects [52,53]. This broader view is crucial for anticipating and mitigating
significant changes in the water regime that could affect multiple users and downstream
ecosystems [52,54]. Implementing forest management practices that minimize water con-
sumption by selected species, soil compaction and degradation, and sediment and nutrient
transport to water bodies is essential [53]. Moreover, mounting pressure on water resources,
exacerbated by global climate change, requires the forestry sector to adapt and actively
contribute to the resilience of river basins [53,54]. Continuous hydrological monitoring,
coupled with adaptive management, enables adjustments to practices and policies as
new knowledge emerges and environmental conditions shift [51]. This approach must be
collaborative and scientifically grounded to reconcile forest production with long-term
water security.

5. Conclusions
Remote sensing-based methods for estimating actual evapotranspiration are efficient

and accurate tools that enable comprehensive mapping and monitoring of this hydrological
variable. The integration of satellite data with meteorological information is favorable to
energy balance modeling using the SAFER method. Landsat 8 and 9 data provide another
generation of medium-scale monitoring, enabling the use of SAFER as a tool for critical
challenges in water resource management.

The use of SAFER in this study helps to understand how commercial afforestation
can alter water consumption at the basin scale. It shows that increasing the area occupied
by this exotic species reduces water content in other reservoirs of the hydrological cycle
at the basin scale. The results obtained in the Tres Cruces River Basin demonstrate that
land use change has a significant impact on evapotranspiration. Eucalyptus reforestation
has been shown to have greater water demands than pastures and riparian forests. This is
due to the specific characteristics of eucalyptus, such as its rapid growth, larger leaf area,
and deep root system, which allows it to access greater volumes of water from the soil
and subsoil. Consequently, this leads to a reduction in surface runoff, river streamflow,
and groundwater.

This is especially significant considering the current economic plan and the imminent
increase in forest production. In addition, the prolonged drought period from 2020 to
2023, although not severe in intensity, significantly impacted river flows, water quality, and
agricultural activities. This period exhibited a slight increase in evapotranspiration in the
forest vegetation. This highlights the need for continuous monitoring to provide data for
water resource management, aiming to mitigate the effects of climate variability and land
use changes on the hydrological process.

Although this research provides a valuable set of information and data on the impact of
forestry activities on water resources, there is a need to expand efforts toward applications
with higher spatial resolution and produce local calibration parameters. This highlights
a research gap in developing specific monitoring networks for actual evapotranspiration,
which would support the use of energy balance models (or others) in Uruguay. Such
advances would increase the ability to interpret water consumption in different crops with
greater accuracy, since evapotranspiration is a key variable and at the same time difficult to
estimate accurately.
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