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Mediterranean ecosystems are increasingly affected by rising temperatures, shifting precipitation patterns and
water resource overexploitation, while limited ground-based data challenge effective land and water manage-
ment. The Messinia region in the southwestern Greece is severely affected by soil degradation and inadequate
water management practices. Covering about 70 % of olive farming, the region plays a crucial role in the regional
agricultural economy. The study uses the SWAT+ model for comprehensive agro-hydrological modeling and
multisite calibration of four ungauged watersheds in the Messinia region. It integrates remotely sensed evapo-
transpiration data as reference data, high-resolution global soil maps and agricultural practices (planting, irri-
gation, and harvesting). The results show that incorporating DSOLMap soil data improved simulations over a
local soil map. Additionally, GLEAM, aligns better with FAO-56 method and offers a more accurate represen-
tation of AET than MODIS in the Messinia region. Our findings are in line with the literature which reports that
GLEAM accounts for soil moisture and vegetation dynamics while MODIS has known limitations in capturing
irrigation effects and fine-scale variability. The SWAT+ model using GLEAM, DSOLMap, and management
schedules achieved the best results (NSE > 0.5; PBIAS < +15 %), outperforming other model setups, particularly
when compared to MODIS-based simulations which showed underperformance. This approach that combines
SWAT+ with remote sensing and integrates management schedules, offers a more accurate representation of the
water cycle and enhances water resource management in data-scarce regions. Additionally, the approach is
scalable and replicable in other data-scarce regions and offers a valuable tool for site-specific management
strategies.

1. Introduction

The Mediterranean region is currently experiencing the impacts of
climate change, such as rising temperatures and shifting precipitation
patterns, in addition to the overexploitation of water resources (IPCC,
2021; MedECC, 2020). This region is increasingly becoming arid with
reduced precipitation and increased evapotranspiration, which are
modifying hydrological processes (IPCC, 2021; Tramblay et al., 2020).
This combined effect has a significant impact on agricultural production
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and water resources, where sustainable water and land management
requires a deeper understanding of hydrological processes, including
evapotranspiration, soil infiltration and runoff generation (Bronstert
and Plate, 1997; Clark et al., 2015).

In this regard, agro-hydrological models are powerful tools to
accurately evaluate the water balance and consequently are highly
relevant for water resource management at the watershed scale (Lu
et al., 2018; Tessema, 2011). Physically-based distributed models that
consider spatial variations in hydrological processes are particularly
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important for assessing the impact of management practices on water
availability (Kofidou and Gemitzi, 2023; Paniconi and Putti, 2015). The
Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998) is widely
used for studies related to water resource management and climate
change impact assessments particularly in the Mediteranean region (i.e.,
Agnouy et al., 2023; Taia et al., 2023; Villani et al., 2024a). similarly,
the Water Evaluation and Planning System (Yates et al., 2007) is often
used for water resource management and agricultural planning (i.e.,
Amin et al., 2018; Banares et al., 2024; Mehboob and Kim, 2021). The
Variable Infiltration Capacity Model (VIC) (Liang et al., 1994) is known
for simulating land-atmosphere interactions and has been used in
several agro-hydrological studies focusing on water balance and crop
yield prediction (i.e., Himanshu et al., 2023; Srivastava et al., 2020).
Furthermore, the HYDRUS (Simunek et al., 1999) is also frequently
applied to model water and solute movement in variably saturated soil
profiles for soil-water interactions in agricultural fields (i.e., Dou et al.,
2022). Among these models, the SWAT model is the most commonly
used agro-hydrological model globally (Fu et al., 2019), as it integrates
hydrological dynamics with management practices to simulate pro-
cesses such as evapotranspiration, crop growth and surface runoff
(Akoko et al., 2021; Eini et al., 2023; Villani et al., 2024a). An enhanced
version, SWAT+ was recently developed (Bieger et al., 2019; Wagner
et al., 2022) and offers a more flexible and improved spatial represen-
tation of watershed interactions and processes by allowing multiple land
uses, soils and management practices within each subbasin. Further-
more, SWAT+ incorporates management practices, allows for code
modifications to adapt to specific needs and enables users to customize
individual components and define user-specific functions (Yen et al.,
2019). However, the application of these highly parameterized models
has always been a challenging task due to their demand for a significant
amount of input observations.

One of the most important challenges for modelers working in small
Mediterranean watersheds is the scarcity of high-quality, extended
ground-based data, as many watersheds are either poorly gauged or
ungauged. Earth observation datasets sourced from remote sensing (RS)
and high-resolution global products constitute a promising solution
(Nourani et al., 2021; Sun et al., 2019) which can be used as an effective
alternative to ground-based measurements. Over the past few years, RS
products have gained notable success as a result of rapid advances in
computing power, satellite technology, data storage and the availability
of large datasets (Razavi, 2021). The RS methods can significantly
contribute to hydrological modeling by accurately simulating variables
such as streamflow (Gleason and Durand, 2020; Jiang and Wang, 2019;
Winsemius et al., 2008). Moreover, RS datasets are valuable in hydrol-
ogy for model inputs such as meteorological data and as reference data
for the calibration-validation process, including simulating evapo-
transpiration (ET) that is a key component of the hydrological cycle.

Accurate estimation of ET is crucial for evaluating water resources
and agricultural management (Falamarzia et al., 2014; Kadam et al.,
2021; Loukas et al., 2005; Visakh et al., 2019). This is particularly
important in semi-arid areas, in which most precipitation is lost through
evapotranspiration. Recently, remotely sensed evapotranspiration
(RS-ET) data have gained crucial importance for hydrological model
calibration by providing spatio-temporally distributed calibration data.
Moreover, it serves as a comprehensive indicator of surface water
availability (Rajib et al., 2018; Rientjes et al., 2013; Tobin and Bennett,
2017). Advances in numerical tools and RS technology have signifi-
cantly improved the estimation of evapotranspiration and increased its
use for agro-hydrological model evaluation. Consequently, a wide range
of actual evapotranspiration (RS AET) datasets are freely available with
different levels of complexity. In current RS AET studies, the Global Land
Evaporation Amsterdam Model (GLEAM) and the Moderate Resolution
Imaging Spectroradiometer (MODIS) are the two most widely used
products worldwide (Tobin and Bennett, 2017). GLEAM and MODIS
represent two different approaches that have been validated against
ground-based eddy covariance tower measurements. They use different
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algorithms and estimation methods and retrieve AET at different spatial
and temporal resolutions. Furthermore, their reliability has been eval-
uated in recent studies. Qiao et al. (2022) evaluated SWAT AET and
MODIS against ET measurements using eddy covariance (EC) data. They
found that MODIS and SWAT estimates of ET were more consistent with
EC measurements for the tall-grass prairie compared to the mixed-grass
prairie, with SWAT showing better performance. Similarly, Koltsida and
Kallioras (2022) used monthly streamflow data and MODIS AET to
assess the multivariate calibration of a sub-basin with mixed land use in
Greece. They demonstrated the usefulness of MODIS when combined
with streamflow data to enhance simulation performance, making it a
suitable choice for watersheds in data-scarce regions. Furthermore,
Odusanya et al. (2019) combined GLEAM AET data and the SWAT model
to simulate AET in the Ogun River Basin watershed in Nigeria, showing
the potential of GLEAM AET for calibrating and validating SWAT with
reasonable accuracy in large data-scarce basins. Roy et al. (2017)
demonstrated the accuracy of GLEAM for evapotranspiration estimation
and its role in improving streamflow simulation in data-scarce regions of
Tanzania and Kenya. Consistent with previous research, the effective-
ness of RS-ET for model configuration and calibration varies with model
complexity, topography, region, and climatic conditions. Thus, no single
product is universally applicable. Accordingly, it was decided to
compare the two AET products, MODIS and GLEAM which are charac-
terized by fundamental differences, to evaluate and select the most
appropriate product for the Messinia data-scarce region.

Soil is another important factor influencing water balance processes,
and therefore plays a crucial role in hydrology (Merz and Mosley, 1998).
Spatial variability of soil and its hydraulic properties has been found to
directly affect and modify hydrological response at the watershed scale
(Centeno et al., 2020; Fatichi et al., 2016; Tenreiro et al., 2020). Accu-
rate data on soil properties are paramount for developing spatially
distributed hydrological models, particularly at small spatial scales
(Wahren et al, 2016). Yet soil surveys at watershed scale are
time-consuming, costly and often limited to a single soil layer, limiting
the availability of spatially distributed soil information, particularly in
data-scarce regions (Moore et al., 1993; Rivas-Tabares et al., 2020). In
this context, global soil databases have become increasingly used as
alternative sources of ground-based soil data for hydrological models,
due to the progress of remote sensing and machine learning algorithms
(Hengl and MacMillan, 2019). The Harmonized World Soil Database
(HWSD; (ISRIC, ISS-CAS, FAO; FAO et al., 2012)) and the Digital World
Soil Map (DSWM; FAO, 2003a, 2003b) are two global soil databases
used extensively for the SWAT model (Abbaspour et al., 2019; Dai et al.,
2019). However, both databases have low spatial resolutions, 1 km for
HWSD and 5 km for DSWM, which can increase model uncertainty.
Recently, a new high-resolution global soil map (DSOLMap,
Lopez-Ballesteros et al.,, 2023) was developed and tailored to
SWAT+ format. It offers a high spatial resolution (250 m) with a more
detailed soil profile divided into six horizons. It was processed using 3D
machine learning based on soil profile observations from over 350000
training points (Hengl and MacMillan, 2019). In addition, DSOLMap
was successfully evaluated against DSWM and HWSD using the
SWAT+ model on daily and monthly timesteps to simulate streamflow
and estimate hydrological processes in the northern part of Spain
(Lopez-Ballesteros et al., 2023). The authors indicated that DSOLMap
provided a better representation of the daily watershed hydrological
response, with only DSOLMap achieving satisfactory performance in
streamflow simulation using SWAT+ . Globally, there is a shortage of
studies comparing various soil input data for hydrological modeling and
evaluating new global soil databases (Huang et al., 2022). In the Med-
iterranean region, only a limited number of studies have examined the
impact of different soil inputs on agro-hydrological modeling. Wahren
et al. (2016) combined digital soil mapping with the SWAT model in a
data-scarce Mediterranean watershed in north-central Portugal, high-
lighting the importance of spatially distributed soil information for small
watershed modeling and improved river basin management. Similarly,
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Rivas-Tabares et al. (2020) compared a low-resolution global soil
dataset (HWSD) with two high-resolution datasets derived from the
SOM algorithm to assess their impact on key hydrological components
using the SWAT model. Their findings demonstrated that the SOM-based
approach significantly enhanced the accuracy of streamflow simulations
in a semi-arid Mediterranean watershed. While these studies evaluated
the effects of different soil input data on streamflow, no study has
assessed their impact on other components of the water cycle, particu-
larly evapotranspiration.

The Messinia region is in the Southwestern Peloponnese, Greece.
Despite the importance of its natural ecosystems which include the
Gialova Lagoon selected as Natura2000 site is a data-sparse area with
most watersheds being ungauged and limited information about soil
characteristics. The availability of water resources in this typical North
Mediterranean region is significantly affected by climate change,
including increasing temperatures, decreasing precipitation patterns,
and a reduction in annual streamflow as well as inadequate land and
water management practices (Klein et al., 2015). In this context, a
comprehensive modeling approach that integrates remote sensing and
incorporating detailed agricultural management practices is needed for
better estimating hydrological processes and providing useful insights
for sustainable water and land management. In Messinia, we conducted
this research as part of the SALAM-MED project (https://www.salam
-med.org/), funded under the PRIMA S1 2021 programme supported
by the European Union (Desertification Research Center, University of
Sassari, 2021). The project is intended to improve watershed hydrology
and soil fertility in the region by combining biological and digital
agricultural technologies with modeling approaches. This study aims to
highlight the importance of using freely available global and
high-resolution RS datasets for water balance simulations at the scale of
small watersheds. Few studies have assessed the performance of multi-
ple RS-ET datasets for calibration and validation in hydrological simu-
lations across the North-East Mediterranean region, including Greece,
with no prior research conducted in the Messinia region. To the best of
our knowledge, no study in the Mediterranean has compared the effects
of high-resolution global soil data and local soil maps on hydrological
modeling of evapotranspiration. Additionally, studies integrating
remote sensing, soil map analysis and agro-hydrological models remain
relatively uncommon in this region. Accordingly, the objectives of this
paper are to: (1) explore the potential of multiple RS-ET products for
SWAT+ model evaluation using a multisite calibration approach; (2)
evaluate the performance of a recent high-resolution global soil data-
base in constraining hydrological models compared to data from local
soil map; and (3) investigate modifying agricultural land use using crop
distribution statistics and integrating management details into
SWAT+ to enhance model performance and improve agricultural water
management in data-scarce regions.

2. Materials and methods
2.1. Study area

The Messinia region (37°8°31.21” N, 21°57°7.96” E) is located in the
southwestern Peloponnese, Greece. It includes four watersheds, namely
Sellas, Xerolagados, Gianouzagas, and Xerias (Ekstedt, 2013; Klein et al.,
2015), covering a total area of 210 km? The headwaters originate from
the inland mountainous zone at an elevation of 1066 m.a.s.l and flow
through fertile agricultural plains, ultimately reaching the Mediterra-
nean Sea (Fig. 1). The prevailing climate in the Messinia region is
relatively humid with an aridity index of 0.78, annual precipitation of
696 mm, mean temperature of 18°C and mean annual potential evap-
oration of 889 mm (Ekstedt, 2013). These climatic conditions, combined
with diverse topography, shape the hydrological processes and agri-
cultural practices of the region. Messinia’s hot, dry summers and mild,
wet winters are shaped by its distinctive topography of coastal plains
and mountainous regions (Kakkavou et al., 2024). The region’s varied
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landscape creates diverse weather patterns, resulting in multiple mi-
croclimates (Kalabokidis et al., 2015). These microclimatic variations
play a crucial role in determining agricultural practices and have a
significant impact on the phenology, growth stages and productivity of
olive trees. Elevation variations play a crucial role in influencing the
region’s hydrology. The mountainous headwaters contribute to
groundwater recharge and surface runoff, supporting streamflow
throughout the year. The transition from high-altitude cultivated areas
(e.g., olive orchards in hilly terrains) to lower-elevation agricultural
plains affects soil moisture availability, erosion potential, and irrigation
needs. Higher elevations receive more precipitation, promoting
groundwater recharge, while lower areas with flatter terrain are more
prone to water deficits, especially during dry periods. The Messinia re-
gion is primarily characterized by olive cultivation, which covers
approximately 70 % of the landscape (Berg et al., 2018; Ekstedt, 2013).
Olive orchards are a key tree crop in Mediterranean and Greek agri-
culture, thriving in well-drained soils but requiring strategic irrigation
management, especially in areas with seasonal water scarcity. Irrigation
strongly influences the water balance of the study area, with negative
environmental consequences. Over-irrigation impacts both groundwater
recharge and surface water flows, reducing the availability of freshwater
resources in the surrounding area. This leads to the depletion of
groundwater and surface water that normally feeds into the vulnerable
Gialova Lagoon (Maneas et al., 2019; Manzoni et al., 2020). Rising
irrigation demand during dry months, driven by reduced and irregular
rainfall along with higher evaporation rates, threatens the sustainability
of olive cultivation. Furthermore, excessive and poorly managed irri-
gation practices may lead to the overexploitation of water resources
(Lankford, 2023; Levidow et al., 2014). Given these factors, the region
serves as an ideal setting for hydrological and agricultural research. The
SWAT+ model simulations will incorporate these dynamics, allowing
decision makers for an assessment of sustainable water management
strategies in the context of Mediterranean agroecosystems.

2.2. Research framework

Our research design involves multisite AET calibration and valida-
tion using local and global soil data, remote sensing and detailed agri-
cultural management practices to enhance SWAT+ model accuracy
(Fig. 2). We compare two RS AET products (MODIS and GLEAM) to
determine the most accurate product for hydrological modeling in the
Messinia region. In addition, we investigate the contribution of a new
high-resolution global soil properties map (DSOLMap; Lopez-Ballesteros
et al., 2023) to enhance the performance of the SWAT-+ model. The
modeling approach used in this study consists of 4 different model
configurations calibrated and validated individually for each of the four
watersheds. These models are based on combinations of two soil maps,
and two AET products in four small watersheds with different charac-
teristics (e.g., land use, soil, total area) of the Messinia region, providing
a robust approach for accurate hydrological modeling in data-scarce
regions.

2.3. Soil and water assessment tool+

The SWAT model is the most commonly used watershed-scale agro-
hydrological model worldwide (Fu et al., 2019). It has been successfully
applied in data-scarce regions (Bouizrou et al., 2025; Ferreira et al.,
2021; Odusanya et al., 2019), including ungauged watersheds (Gitau
and Chaubey, 2010; Srinivasan et al., 2010), and has been extensively
used for evapotranspiration simulation using RS data (e.g., Chun et al.,
2018; Koltsida and Kallioras, 2022; Parajuli et al., 2018). The
SWAT+ model, a fully reconstructed version of the original SWAT,
provides a more flexible environment for configuring processes and
defining agricultural management practices (Arnold et al., 2018; Bieger
et al., 2017). Therefore, it was selected for modeling AET in the four
ungauged watersheds of the Messinia region by integrating RS data and
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detailed agricultural management. The model uses daily weather data,
including precipitation, relative humidity, temperature (max/min),
solar radiation, and wind speed. Operating on a daily timestep,
SWAT+ exports output variables such as AET and streamflow at daily,
monthly, and yearly timescales. It also incorporates complex conditions
and actions within a simple structure, simulating realistic operations
through decision tables (Arnold et al., 2018).

In SWAT+, the simulation of watershed water balance is concep-
tually divided into two major phases: the land phase and the routing
phase (Neitsch et al., 2011). The land phase models hydrological pro-
cesses occurring on the land surface and within the soil profile, governed
by the following water balance equation (Eq. 1):

t

Z(Rday - st;f —E,— Wseep - ng) Eq.l

i=1

SW, =SW, +

Where SW is the soil water content at time t, ‘t’ is time in days, Rqay is
the daily amount of precipitation, Qg is the surface runoff, E, is
evapotranspiration, Wgee, represents the percolation of water from the
soil profile into deeper layers, contributing to groundwater recharge and
Qgw is the return flow. All units are in mm.

The main hydrological components simulated in the land phase
include precipitation, surface runoff, infiltration, evapotranspiration,
and groundwater flow. These processes are computed at the level of
Hydrological Response Units (HRUs), which represent unique combi-
nations of land use, soil type, and slope. The results are then aggregated
at the sub-basin level. Surface runoff at the HRU level can be estimated
using one of two methods available in SWAT+ : the Green and Ampt
infiltration method (Govindaraju et al., 1996) and the Soil Conservation
Service Curve Number (SCS-CN2) method (SCS, 1972). The Green and
Ampt method is a physically based infiltration model that can represent
infiltration dynamics at daily and sub-daily time scales and is often used
for event-based or finer-resolution modeling. The SCS method is an
empirical approach developed mainly for daily runoff estimation and is

widely used in data scarce regions due to its simplicity and moderate
data requirements (Bouizrou et al., 2021; Michaud and Sorooshian,
1994). The routing phase simulates the transport and transformation of
water, sediment, nutrients, and other constituents through the stream
network from sub-basin outlets to the watershed outlet. SWAT+ offers
two routing methods: the Variable Storage method and the Muskingum
method, both methods are variations of the Kinematic wave model
(Neitsch et al., 2011).

2.4. The estimation of evapotranspiration in SWAT+

SWAT+ simulates AET as the sum of three main components: canopy
interception evaporation, plant transpiration, and soil/snow surface
evaporation. These components are calculated sequentially each day,
constrained by potential evapotranspiration (PET), which acts as an
upper limit (Arnold et al., 1998; Bieger et al., 2017; Neitsch et al., 2002,
2005; SWAT+ Gitbook, 2023). PET can be estimated using one of three
standard methods: the Penman-Monteith method (Monteith, 1965), the
Hargreaves method (Hargreaves and Samani, 1985), or the
Priestley-Taylor method (Priestley and Taylor, 1972). In this study, the
Penman-Monteith method was selected to estimate PET at the HRU level
on a daily time step, as it is the standard recommended by the Food and
Agriculture Organization (Allen et al., 1998) and is widely recognized
for its accuracy and physical realism, particularly under Mediterranean
climatic conditions (Allen et al., 1998; Licciardello et al., 2011).

The calculation of AET in SWAT+ proceeds in a defined sequence.
First, intercepted rainfall is removed from the canopy. Next, potential
plant transpiration is estimated and adjusted based on soil water avail-
ability. Finally, soil evaporation is computed, ensuring that the total of
all components does not exceed the PET value. Groundwater contribu-
tions to AET may occur indirectly through capillary rise (REVAP) into
the root zone (SWAT-+ Gitbook, 2023). Additionally, under specific
conditions, SWAT+ accounts for other evaporative losses such as sub-
limation from snow and evaporation from ponded or flooded areas
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(SWAT+ Gitbook, 2023). This process-based structure ensures a physi-
cally consistent partitioning of water losses based on energy demand,
vegetation dynamics, and soil moisture conditions.

2.5. Data description and preparation

To set up and run the SWAT-+ model, a variety of spatial datasets are
required, including geospatial, climate, and agricultural operations data
(Table 1). Daily ground-based meteorological observations, including
air temperature, precipitation, relative humidity, wind speed, and solar
radiation were collected from three meteorological stations (Chora,
Mouzaki, and Kunhgou). The stations along with their corresponding
variables and missing data, geographic coordinates, and altitude are
summarized in Table 2.

2.5.1. Digital elevation model (DEM)

DEM data, required to derive all topographic attributes at the
watershed, sub-basin, and HRU levels was obtained from OpenDEM
(OpenDEM Archives, 2023; https://www.opendem.info/archiv_2023.ht
ml) at a high spatial resolution of 5 m.

2.5.2. Land use
Land use is an essential dataset for defining and creating HRUs in the

Table 1
Details of the data sets used in this study, including variables, time period, and
spatial and temporal characteristics.

Data type Variable Resolution Source
(m)
Topographic Digital Elevation 5 OpenDEM. (2023)
and (DEM) https://asf.alas
geospatial ka.edu/data-sets

data /sar-data-sets

/alos-palsar/)

Soil 250 The Digital SoiL
5000 OpenLand Map

(DSOLMap) (
Lopez-Ballesteros et al.,
2023) (https://www.
wateritech.com/data)
local soil map
(LOCSOL), based on the
national soil map
The Pan-European
component of the
Copernicus Land
Monitoring Service, (
European Environment
Agency. 2021): (htt
ps://land.copernicus.
eu/en/products/corine
-land-cover)

Land use 100

Climate P, SLR, TMPmn, Observed Messinia observatory
TMPmax, RH, WND
Evapotranspiration 25000 The Global Land
(GLEAM) Evaporation
Amsterdam Model
(GLEAM), (Martens
and Miralles,2017) htt
ps://www.gleam.eu/
Evapotranspiration 500 The
(MODIS) Evapotranspiration/
Latent Heat Flux
product (MODIS), (
Running et al., 2021);
https://lpdaac.usgs.
gov/products/mod
16a2v061/
Management Planting, irrigation, - Living lab and Ekstedt
and and harvesting (2013)
agricultural
Practices
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Table 2
Characteristics of meteorological stations including location, altitude, meteo-
rological variables, and data availability.

Station Coordinates Altitude Parameter Missing
(m) data (%)
Chora 37.05°N 252 m Relative humidity 13
21.71°E Precipitation 1>
Maximum and 13
minimum temperature
Mouzaki 37.11°N 426 m Solar radiation 1>
21.70°E Wind speed 1>
Kunhgou  36.89°N 253 m Precipitation 1>
21.76°E Maximum and 8

minimum temperature

SWAT+ model. For this study, land use data was obtained from the
CORINE (European Environment Agency, 2021), with a spatial resolu-
tion of 100 m. The land use map was rasterized and reclassified into 11
land use classes that are recognized by the SWAT model (Table 3) and
included in its database as done in previous studies (Basu et al., 2022;
Sertel, 2019; Villani et al., 2024b) (Fig. 3). The dominant agricultural
land use class in the four watersheds was further divided into four
subclasses based on crop distribution statistics from Ekstedt (2013),
considering 70 % olives, 10 % corn, 10 % alfalfa, and 10 % spring
wheat, using crop fractions within each watershed of the Messinia re-
gion, with the same approach used in Villani et al. (2024a).

2.5.3. Soil type

Soil type and its physico-chemical properties are another crucial
dataset influencing watershed hydrology by regulating infiltration,
runoff, groundwater recharge, and evapotranspiration. Modelers can
usually rely on both global datasets with likely inaccurate, yet complete,
information and local maps which often have limited information and
require the use of pedotransfer functions. By using soil data from two
different sources, we assessed the effects of soil data resolution on
watershed response. The first one is the Digital Soil Open Land Map
(DSOLMap, Lopez-Ballesteros et al., 2023) developed by the Open-
GeoHub foundation using a compilation of various data sources. For
Greece, the data comes from LUCAS (Land Use and Coverage Area Frame
Survey as part of the European Commission’s soil survey program) with
a high spatial resolution of 250 m. In the study area, a total of six soil
types were identified with six layers (Fig. 3). The second soil map
(LOCSOL) was developed within the SALAM-MED project based on the
national soil map for the Messinia region, which includes eight soil types
with one layer (Fig. 3). As part of this project, our research team con-
ducted field measurements of physical and chemical soil properties at

Table 3
Land use classes, their descriptions, and percentages for each watershed within
the study area.

SWAT+ code  Description Percentage (%)
Sellas  Xerolagados  Gianouzagas  Xerias
FRST Forest - Mixed 7.58 3.58 4.36 10.89
FRSD Forest - 7.09 0.95 2.93 0.03
Deciduous
AGRL Agricultural 3252  36.7 24.9 56.93
Land - Generic
RNGE Range - 5.8 - - -
Grasses
RNGB Range - Brush 3.52 0.34 4.31 22.97
OLIV Olive groves 41.14 5195 61.9 6.1
URML Urban 1.1 1.04 1.6 -
Medium
Density
UCcoM Commercial 1.25 - - 1.81
WETW Water bodies - 4.04 - -
WETL Wetland - 1.4 - -

PAST Pasture - - 1.27
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Fig. 3. Land use and soil maps of the Messinia region, including DSOLMap (global soil map) and LOCSOL (locally derived soil map).

three experimental sites within the Messinia Living Lab. At each site, we
measured various physical and chemical properties, including layer
thickness, sand fractions, silt, clay, coarse fragments, rock fraction, bulk
density, moisture, saturated hydraulic conductivity, pH, organic carbon,
CaCOs, nitrogen, Mg, Na*, K*, and electrical conductivity, with three
plots surveyed at each site. These measurements were then used to
establish the LOCSOL database, which serves as the soil input for the
SWAT+ model. A soil lookup table (CSV file) was created to convert
local soil types to SWAT+ soil codes, and the physical and chemical
properties for each soil type were compiled into a user soil CSV file for
import into SWAT+ . Table 4 lists the required soil parameters and their
sources. Key parameters, including electrical conductivity, layer thick-
ness, sand fractions, and bulk density, were derived from the field
samples, while others, such as available water capacity and saturated
hydraulic conductivity, were obtained from the Soil Water Character-
istics model. Rock fragment content and the USLE Soil Erodibility Factor
(K) were calculated using pedotransfer functions, as detailed in Sup-
plement 1. The limited number of observation plots (9 in total) used to
establish the LOCSOL database may not fully capture the spatial vari-
ability of these properties. A larger dataset would be needed to

Table 4
Soil parameters in LOCSOL soil look up tables.
Parameter Description Unit Source
SOL-Z Depth from soil surface mm SALAM-MED
to bottom of layer
SOL_BD Moist bulk density g-cm™ Soil Water
Characteristics
SOL_AWC Available water capacity =~ mm H.O-mm™! Soil Water
of the soil layer Characteristics
SOL K Saturated hydraulic mm-hr! Soil Water
conductivity Characteristics
SOL_CBN Organic carbon content % of soil weight SoilGrids
SOL_CLAY Clay content % of soil weight Soil Water
Characteristics
SOL_SILT Silt content % of soil weight Soil Water
Characteristics
SOL_SAND  Sand content % of soil weight Soil Water
Characteristics
ROCK Rock fragment content % of total weight SoilGrids
SAL_ALB Moist soil albedo - Sugathan et al.
(2014)
USLE K USLE Soil Erodobility metric tons per Williams (1995)
Factor (k) factor (m® x m? x hr)
SOL_EC Electrical Conductivity dS'm™ SALAM-MED

accurately represent soil properties across the region, but gathering such
data involves considerable time and associated costs.

2.5.4. Agricultural operation

Incorporating management schedules that include details about
irrigation operations, planting, and harvesting is crucial for enhancing
model calibration and ensuring consistency between actual and simu-
lated conditions (Faramarzi et al., 2017). For this study, information on
crop (plant name) and management schedules, including sowing and
harvesting (dates, harvest operation) and irrigation (irrigation type,
number of irrigation events, irrigation amount, irrigation dates) opera-
tions for each agricultural subclass in each watershed, were obtained
from Ekstedt (2013) and the Messinia Living Lab. This information was
then integrated into the SWAT+ model using the land management
section in the SWAT+ editor. Specifically, sowing dates were set for
March 1st for the spring crop (corn) and November 1st for the winter
crop (wheat). Irrigation was applied using the sprinkler method at a
monthly time step during the summer, starting in May for all crops, and
ending in June, July, and October for alfalfa, corn, and olive groves,
respectively. Harvest operations were set for September 1st for corn,
July 1st for wheat, and November 1st for olive groves.

2.5.5. Remotely sensed evapotranspiration data

The lack of streamflow measurement in the Messinia region led to
opting for freely available remote sensing products for multisite cali-
bration and validation of the SWAT- model. To this end, two commonly
used remote sensing AET products (MODIS and GLEAM), characterized
by different approaches, algorithms, and spatiotemporal resolutions,
were selected and assessed.

MOD16A2 estimates evapotranspiration using thermal infrared sig-
natures from MODIS and daily meteorological reanalysis data (Mu et al.,
2011; Mu et al., 2013; Running, 2019). Version 6.1 of the AET dataset is
derived from Terra MODIS, a product of the National Aeronautics and
Space  Administration = (NASA). This algorithm wuses the
Penman-Monteith method to estimate AET based on daily meteorolog-
ical data and 8-day remote sensing inputs, including land cover, vege-
tation dynamics, and albedo. For MOD16 algorithm validation,
evapotranspiration estimates were compared with tower ET measure-
ments using data from 46 eddy covariance towers and 232 watersheds
(Running et al., 2019). The output is an 8-day composite dataset of AET,
covering global areas at a spatial resolution of 500 m and includes
transpiration from plants, evaporation from moist and wet soil, and rain
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intercepted by the canopy. Detailed information about MOD16A2 can be
found in Running et al. (2017).

GLEAM estimates evapotranspiration using passive microwave ra-
diation (Martens et al., 2017; Miralles et al., 2011). The GLEAM v3.7
global actual evapotranspiration product is derived from the Global
Land Evaporation Amsterdam Model developed by VU University
Amsterdam. This model incorporates a set of algorithms to estimate AET
from satellite observations based on the modified Priestley and Taylor
equation (Priestley and Taylor, 1972). For GLEAM algorithm version 3
validation, a large database consisting of 2325 ground-based soil
moisture measurements from sensors and evapotranspiration observa-
tions from 91 eddy covariance towers was used. Additionally, analogous
datasets derived from GLEAM version 2 were compared with the current
version to assess the benefits introduced by the new formulations
(Martens et al., 2017). GLEAM generates a daily AET dataset, including
soil evaporation, transpiration of short and tall vegetation, evaporation
of open water and intercepted rainfall by tall vegetation, with global
coverage at a spatial resolution of 0.25°. For further details on the
GLEAM dataset, refer to Miralles et al. (2011).

For this study, GLEAM and MODIS products provided AET time se-
ries in NetCDF and Raster formats with spatial resolutions of 25000 m
and 500 m and temporal resolutions of daily and 8-day, respectively.
AET data were extracted for each watershed in the Messinia region using
the area-weighted averaging method (Huang et al., 2022; Liu et al.,
2016). This method allowed us to derive four distinct AET time series
from the MODIS data for each of the four watersheds. However, for the
GLEAM data, we obtained only three distinct AET time series as wa-
tersheds 3 and 4 showed similar AET values due to the coarse spatial
resolution of the GLEAM dataset. Then, monthly AET values were
derived by aggregating daily AET data according to the number of days
in each month and the corresponding Julian date. For MODIS, the 8-day
AET data were aggregated into monthly values by summing three ob-
servations per month to obtain the total monthly AET.

Comparison of GLEAM and MODIS with the FAO-56 Penman-
Monteith Method

An initial comparison of monthly AET time series sourced from
GLEAM and MODIS datasets with an independent estimate of AET was
carried out using observed weather data from the three stations. In this
estimation, we first computed the daily reference evapotranspiration
(ETo) using the FAO-56 Penman-Monteith equation:

0.408A(R, — G) + 7 723%5uz(e5 — €q)

ETO =
0 A +7(1+0.34uy)

Eq.2

Where R, is the net radiation (MJ/m?/day), G is the soil heat flux density
(MJ/m?/day), T is the mean daily air temperature (°C), uz is the wind
speed at 2 m height (m/s), es is the saturation vapor pressure (kPa), ea is
the actual vapor pressure (kPa), A is the slope of the vapor pressure
curve (kPa/°C), and y is the psychrometric constant (kPa/°C).

A weighted averaging approach was used to compute the final crop
coefficient (Kc) for the Messinia region, taking into account the weight
and Kc values from FAO (1998) for the three main land uses. For olive
trees which dominate the region, the Kc value of 0.7 was applied with a
weight of 0.7. For rangeland with a Kc value of 0.5 and a weight of 0.15,
and for forest areas where the Kc value is also 0.7 with a weight of 0.15,
the contributions were calculated accordingly. The final Kc value,
derived from the weighted average of these land use types was 0.67,
reflecting the overall water demand across the region.

Once ETo was computed, daily AET was then estimated based on the
crop coefficient using the following equation:

AET = K. x ET, Eq.3

Finally, the estimated AET was compared with GLEAM and MODIS
datasets using the monthly mean trends for the study period. The Python
programming language was used to compute the daily ETo, AET, and the
aggregated monthly AET.
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2.6. Model setup and configuration

Agro-hydrological modeling of the four watersheds in the Messinia
region was conducted using three SWAT+ related interfaces. We used
the QSWAT-+ (version 2.4.6) plugin, based on the long-term release of
QGIS (version 3.28.11), to set up the four watersheds, including the
processing of topographic and geospatial data, as well as management
and agricultural practices (planting, irrigation, and harvesting), as
illustrated in Table 1. This initial setup of the SWAT-+ model included
DEM, land use, and soil type, which were prepared to automatically
complete stream parameterization, watershed delineation, and HRU
creation. In addition, the agricultural land use was further divided into
subclasses to better represent agriculture in the SWAT+ model.

Watershed delineation was carried out using threshold values of
18 km? for channels and 180 km? for streams, which allowed for a
realistic depiction of the drainage network. The watershed delineation
resulted in a model setup with 9 subbasins and 95 channels for the Sellas
watershed; 3 subbasins and 27 channels for the Xerolagados watershed;
7 subbasins and 49 channels for the Gianouzagas watershed; and 9
subbasins and 67 channels for the Xerias watershed. HRUs were created
by overlaying land use, soil type, and slope. The DEM was reclassified
into two slope classes: 0-7 % to represent gently to moderately sloping
land, and over 7 % to represent steep areas. We selected the filter by
area’ method for HRU definition, with the area threshold set to 0 %,
including all possible HRUs in the model. This resulted in 3381, 903,
1067, and 2812 HRUs for the Sellas, Xerolagados, Gianouzagas, and
Xerias watersheds, respectively.

To address missing data, SWAT+ incorporates the WGEN statistical
weather generator module, which generates synthetic weather data
when observed measurements are unavailable (Neitsch et al., 2011).
WGEN models the spatiotemporal dynamics of observed weather vari-
ables and requires monthly statistics for temperature (maximum, mini-
mum, dew point), precipitation (average, skewness), solar radiation,
and wind speed. The SWAT Weather Database tool (Essenfelder, 2016)
was used to store and generate inputs for the SWAT+ model and to
calculate WGEN statistics from daily weather data.

Next, the SWAT+ Editor (version 2.3.3) was used to edit and com-
plete the models for the Messinia region. Precipitation for each subbasin
in SWAT+ was sourced from the nearest station using the Nearest
Neighbor method, and missing climate data in the Messinia region
(Table 2) were filled using SWAT WGEN. In this study, we selected the
SCS Curve Number II method for runoff estimation (SCS, 1972), the
Penman-Monteith equation for evapotranspiration (Monteith, 1965;
Penman, 1956), and the Variable Storage method for channel water
routing. Finally, we used the SWAT+ Toolbox (version 1.0) to perform
automatic sensitivity analysis, calibration, and validation for monthly
AET.

2.7. Sensitivity analysis, calibration and validation

The successful application of highly parameterized models relies on
sensitivity analysis (SA), calibration and validation (Abbaspour et al.,
2015; Arnold et al., 2012). As a physically-based model, SWAT+ can
simulate a wide range of hydrological processes, including water quality
and quantity variables and involves a large number of parameters (184)
to be calibrated or specified. Focusing on highly sensitive parameters
improves the estimation of model values and reduces uncertainty
(Lenhart et al., 2002). Given the large number of parameters for SA and
calibration, a preselection based on the literature was conducted to
identify those most influential on the water cycle, particularly AET
simulated by SWAT+ . In this study, we selected 16 parameters identi-
fied in previous studies (Jiménez-Navarro et al., 2024; Lopez-Ballesteros
et al.,, 2019; Lopez-Ramirez et al., 2021; Mohammadi et al., 2021;
Odusanya et al., 2019) as sensitive to both evapotranspiration and
streamflow for SA. The SWAT+ Toolbox is an open-access, free graph-
ical user interface belonging to the SWAT+ community tools (https://
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swat.tamu.edu/software/plus/). It has been widely used in recent
studies for sensitivity analysis (e.g., Kardhana et al., 2024; Pulighe et al.,
2021; Villani et al., 2024a; Yulianti et al., 2025) and was selected for the
SA, calibration, and validation processes. The sensitive parameters for
four watersheds in the Messinia region were identified using the
Random Balance Designs Fourier Amplitude (RBD-FAST) algorithm
(Tarantola et al., 2006). By performing one complete iteration of 1000
simulations for a combined model configuration, the t-statistic was used
as a statistical indicator to identify parameters considered sensitive with
large t-stat values.

The next step in the calibration and validation process is to calibrate
the most sensitive parameters identified through sensitivity analysis. To
this end, the SWAT+ combined models were continuously calibrated
and validated using a 10-year period of monthly RS-ET data at water-
shed scale based on a multisite calibration approach. The choice of the
length of the study period was determined by the availability of daily
weather input data for the SWAT+ model (minimum and maximum
temperature, relative humidity, solar radiation, precipitation, and wind
speed) over a 10-year period. Furthermore, we analyzed the interannual
variability of the different SWAT input weather variables using the co-
efficient of variation (COV). The COV values for each parameter indicate
the level of variability in relation to the mean. According to Asfaw et al.
(2018), COV is used to classify rainfall variability as low (COV < 20 %),
moderate (20 % < COV < 30 %), and high (COV > 30 %). The results
revealed low variation in wind speed (6 %), minimum and maximum
temperature (8.90 % and 18 %, respectively), precipitation (4 %), and
humidity (13 %), with moderate variation in solar radiation (30 %).
Given the low interannual variability of the relevant variables for the
SWAT model, we consider a 10-year simulation period to be sufficient
for calibration and validation purposes, as it adequately represents the
hydrological processes in the Messinia region, where climate conditions
were relatively stable during this period.

The traditional split-sample strategy (Klemes, 1986) was adopted by
dividing the entire study period into two sub-periods: the first period
(2015-2018) was used for model calibration, and the remaining
sub-period (2019-2022) was used for validation, assessing the cali-
brated models’ ability to accurately simulate evapotranspiration in the
four watersheds. The first two years (2013-2014) were considered as a
warm-up period for model initialization and to reduce uncertainty
related to initial conditions. Automatic calibration was carried out by
SWAT+ toolbox using the Dynamic Dimensional Search (DDS) method
on 16 combined models. The DDS algorithm is a stochastic,
single-solution global search method designed to find good global so-
lutions within a specified model evaluation limit by exploring the range
of user-defined parameter values between the minimum and maximum.
It is well-suited for calibrating models with many parameters and is
particularly effective for computationally demanding optimization
problems, such as the calibration of distributed hydrological models
(Tolson and Shoemaker, 2007). 600 simulations were run per iteration,
resulting in a total of 9600 simulations during the calibration phase.
After completing 600 runs (1 iteration) for each model, the model dis-
played the best set of calibrated parameters that provided the most ac-
curate results based on performance criteria (best simulation). The
optimal values of the calibrated parameters for each combined model in
each watershed were then used for validation, without any further ad-
justments to the model parameters.

2.8. Model performance evaluation

The performance of all combined models was evaluated using both
statistical and graphical methods. Four common indices were used:
Nash-Sutcliffe efficiency (NSE) and R? assessed the goodness of fit be-
tween simulated and observed AET values. The ratio of root mean square
error to the standard deviation of observed data (RSR) and percent bias
(PBIAS) were used to quantify discrepancies between model predictions
and observed RS AET. According to Moriasi et al. (2015a), model
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performance related to streamflow simulation is considered satisfactory
when NSE > 0.5 and PBIAS < +15 %. Additionally, Moriasi et al. (2007)
suggest that RSR < 0.7 and R? > 0.6 are acceptable thresholds (Table 5).
In this study, we applied the same performance criteria guidelines for
AET simulation as used in previous studies (e.g., Koltsida and Kallioras,
2022; Odusanya et al., 2019). Graphical evaluation included scatter
plots, box plots and maps to further assess model performance.

3. Results

3.1. Intercomparison of AET estimates from GLEAM, MODIS, and the
FAO-56 P-M

The monthly mean AET values computed using the FAO-56 P-M
method, along with MODIS and GLEAM AET were compared for the
Messinia region over 2013-2022. As shown in Fig. 4, MODIS AET tends
to be lower, especially in summer, whereas GLEAM and FAO-56 P-M
estimates are higher and more closely aligned. Scatter plots in Fig. 4,
further illustrate this by showing a strong correlation between GLEAM
and FAO-56 P-M (R? = 0.91), with tight clustering along the regression
line. In contrast, MODIS AET is more scattered and falls below the 1:1
line (R? = 0.59), confirming its underestimation and inconsistencies
with FAO-56 P-M. This comparison highlights substantial differences
between MODIS and GLEAM datasets, with GLEAM more closely
matching FAO-56 P-M AET estimates in the Messinia region.

3.2. Sensitivity analysis

The relative sensitivity value, group and ranking of the 16 pre-
selected parameters are depicted in Table 6. The table shows the six
most sensitive parameters with higher t-stat values meaning greater
sensitivity. Our results indicate that the soil-related parameters avail-
able water capacity (AWC) and soil bulk density (BD) are the most
sensitive with t-stat values of 0.72 and 0.08, respectively. Other sensitive
parameters, including curve number 2 (CN2), curve number 3
(CN3_SWF), percolation coefficient (PERCO) and plant uptake
compensation factor (EPCO), had t-stat values ranging from 0.025 to
0.057. The SA results highlight the influence of soil and vegetation pa-
rameters in shaping hydrological processes in the Messinia region,
dominated by olive plantations. N’'guessan et al. (2024) and
Sanchez-Gomez et al. (2024) found similar results and identified these
parameters as sensitive to watershed evapotranspiration in the
SWAT+ model. Therefore, these six parameters were considered for
calibration.

3.3. Performance assessment of the models

3.3.1. Calibration phase

The six most influential SWAT-+ model parameters for the Messinia
region were used to calibrate AET (retrieved from GLEAM and MODIS)
using DSOLMap and LOCSOL soil inputs. The performance assessment
using the goodness-of-fit criteria NSE and R? is presented in Figs. 5, 6
and Table S2 in the Online Supplementary Material. The Fig. 5 illustrates

Table 5
Performance criteria from Moriasi et al. (2007), (2015) used for assessing
remotely sensed actual evapotranspiration in the Messinia region.

Performance NSE RSR PBIAS (%) R?

rating

Very good 0.75 < NSE 0.00 < RSR PBIAS < +3.0 0.80 < R?
< 1.00 <0.50 < 0.90

Good 0.65 < NSE 0.50 < RSR +3.0 < PBIAS 0.70 < R?
<0.75 <0.60 < %10 < 0.80

Satisfactory 0.50 < NSE 0.60 < RSR +10 < PBIAS 0.6 <R?
<0.65 <0.70 < +15 <0.70

Unsatisfactory NSE < 0.50 RSR > 0.70 PBIAS > +15 R*> < 0.6
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Fig. 4. Scatter plot and bar graph of the monthly mean AET values computed using the FAO-56 P-M method, along with MODIS and GLEAM AET data for the

Messinia region from 2013 to 2022.

Table 6
Sensitive parameters and their t-stat values for actual evapotranspiration using
the SWAT+ Toolbox.

Group Change type Parameter Unit t-stat

sol Relative awe mm_H20/mm 0.7149
sol Relative bd Mg/m**3 0.0808
hru Replace epco - 0.0563
hru Replace cn3_swf - 0.0265
hru Replace perco fraction 0.0251
hru Percent cn2 0.0144

Note: 'Relative’ refers to a relative change in the initial value of the model
parameter, 'Replace’ refers to the replacement of the initial parameter value,
and "Percent’ refers to an absolute percentage increase in the initial parameter
value.

the variation in NSE values during the calibration and validation phases
using both RS AET products and two soil map sources. Each boxplot
represents the NSE values obtained by each combined model across the
four watersheds of the Messinia region. The lower and upper bounds of
each box correspond to the 25th and 75th percentiles, the horizontal line
represents the median and the red dot represents the mean. The figure
shows that the combined models do not have identical performances.
Specifically, it demonstrates that based on the Nash values obtained
during calibration, the SWAT+ model using AET from GLEAM clearly
outperforms SWAT+ using AET from MODIS. This is evidenced by a
smaller variation in NSE values across the Messinia region with tighter

Calibration i

boxplots and higher mean NSE values of 0.75 and 0.71 for SWAT+-
GLEAM DsoLMap and SWAT+gream rocsor, respectively. In contrast,
SWAT"I‘MODIS_DSOLMap and SWAT+MODIS_L0CSOL had mean NSE values of
0.55 and 0.25, respectively, with greater performance variation from
watershed to watershed.

Among the four calibrated models, SWAT+gLeam psoLmap €xhibited
very good performance, with NSE values ranging from 0.62 to 0.81.
SWAT+gLeam Locsor demonstrated overall good performance, with NSE
values between 0.23 and 0.87. SWAT-wopis_psoLmap achieved satis-
factory performance, with NSE values ranging from 0.37 to 0.73, while
SWAT+mopis ocsor. showed the lowest performance, with NSE values
between —0.12 and 0.65 (Table S2). Furthermore, Fig. 6 shows scatter
plots of monthly GLEAM and MODIS based AET versus SWAT+ simu-
lated AET for the four watersheds in the Messinia region using DSOLMap
and LOCSOL soil data. During calibration, SWAT+ estimated AET
exhibited a strong linear correlation with GLEAM based AET in the four
watersheds, with R? values ranging from 0.74 to 0.92. The regression
line slope for all models with both soil inputs was close to one, con-
firming the positive linear relationship between SWAT+ simulated and
GLEAM AET. In contrast, the SWAT+ model showed a weak relationship
with the MODIS based AET in the Xerolagados, Gianouzagas, and Xerias
watersheds, with R? values ranging from 0.13 to 0.63.

The PBIAS and RSR criteria were used to measure discrepancies
between model predictions and observed evapotranspiration estimates
(Figs. 7 and 8). Fig. 7 shows the watershed-level PBIAS scores for
evapotranspiration simulation by SWAT+ using different soil data
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Fig. 6. Scatter plots of observed and simulated evapotranspiration for the four Messinia region watersheds using DSOLMap and LOCSOL soil data.

during calibration and validation. The spatial analysis of PBIAS values
during calibration indicates that the SWAT+ simulations demonstrated
satisfactory performance for fourteen combined models, with values
falling within the range of PBIAS < +15 % out of the sixteen combined
models. Among these, twelve yielded positive PBIAS values of less than
9.5 % during the calibration period. This indicates good to very good
performances achieved by the models. The two combined models that
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exhibited unsatisfactory performance are those simulating GLEAM AET
in Xerolagados, the smallest watershed in the Messenia region. During
calibration, RSR values (Fig. 8) indicated that six out of eight model
combinations using GLEAM AET data achieved very good performance
(RSR < 0.5). The two combinations that performed unsatisfactorily were
those simulating AET in the Xerolagados watershed. In contrast, five out
of eight combinations using MODIS AET data had unsatisfactory
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Fig. 7. Watershed-level PBIAS values for evapotranspiration simulation by SWAT+ using different soil data during calibration and validation.

performance, with RSR values greater than 0.7, highlighting the out-
performance of GLEAM over MODIS.

The visual inspection of simulated versus observed RS AET was used
to further evaluate the models’ performance in calibration period. Fig. 9
shows the graphical comparison of simulated and measured monthly
AET values for the calibration period across different combined models
for four watersheds. It can be observed that the SWAT+ simulated AET
satisfactorily reproduced the temporal variation, magnitude and peaks
of AET estimated by both RS AET products in the SELLAS, Gianouzagas,
and Xerias watersheds, particularly when combining GLEAM AET and
DSOLMap as the soil data input source. However, the model failed to
accurately reproduce the AET in the Xerolagados watershed, particu-
larly the peak values corresponding to the summer period, especially
when using local soil conditions (LOCSOL) as the model soil input.

3.3.2. Validation phase

The boxplots in Fig. 5 confirm that SWAT+gLeam-DsoLMap is the best
combination, demonstrating satisfactory performance in the validation
phase, with low NSE variation across the region and a mean NSE of 0.55.
The worst performance by the SWAT+ model occurred when using
MODIS as the AET data source, with negative mean NSE values and high
variation across watersheds. In more detail, the Table S2 shows that the
NSE values for SWAT+gream-DsoLMap Were 0.51, 0.45, 0.64, and 0.58 for
the Sellas, Xerolagados, Gianouzagas, and Xerias watersheds. The
SWAT+gLEam-Locsor model achieved satisfactory performance in the
Sellas (NSE = 0.65) and Gianouzagas (NSE = 0.57) watersheds but
showed unsatisfactory performance in the Xerolagados and Xerias wa-
tersheds (NSE < 0.5). All MODIS simulations had NSE values below 0.5,
indicating unsatisfactory performance. The scatter plots of AET from the
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SWAT+ model versus GLEAM AET when using DSOLMap as the soil
input, exhibited a good linear correlation in the four watersheds, with
the slope of the regression line being closer to 1 compared to when using
LOCSOL as the soil input (Fig. 6). In addition, MODIS AET demonstrated
a weak relationship with SWAT+ simulated AET for all watersheds
when using both soil map sources. The R* criterion showed similar
trends, with the SWAT+gLEam-DsoLMap Model achieving the best per-
formance, scoring R* values of 0.52, 0.75, 0.76 and 0.66 for the Sellas,
Xerolagados, Gianouzagas and Xerias watersheds, respectively (Fig. 6).
The SWAT+grEam-Locsor model came in second with satisfactory R?
values of 0.80 and 0.69 for the Sellas and Gianouzagas watersheds,
respectively. The same model performed unsatisfactorily in the Xerola-
gados (R? = 0.35) and Xerias (R* = 0.54) watersheds. The SWAT-+yopis-
psoLMap and SWAT-yopis.Locso. models showed unsatisfactory per-
formance with R? values below 0.6.

As shown in Fig. 7, only 38 % of the models performed satisfactorily
to very good. Similar to the calibration phase, the SWAT+grgam psoLmap
model achieved satisfactory performance in the Sellas (PBIAS = 1.41),
Gianouzagas (PBIAS = 9.99), and Xerias (PBIAS = 14.16) watersheds
but continued to perform unsatisfactorily in the Xerolagados watershed
(PBIAS = 22.48). Additionally, the SWAT+mobis rocsor. model achieved
satisfactory performance in the Sellas (PBIAS = 5), Xerolagados (PBIAS
= —1.22), and Gianouzagas (PBIAS = 13.48) watersheds but showed
unsatisfactory performance in the Xerias watershed (PBIAS = 17.65).
Similar to calibration, watershed-level RSR values show that six out of
eight model combinations using GLEAM achieved satisfactory to good
performance (RSR < 0.7), while all models using MODIS failed to meet
satisfactory performance (RSR > 0.7) (Fig. 8).

Fig. 9 compares the simulated and observed AET time series over the
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Fig. 8. Watershed-level RSR values from evapotranspiration simulations using DSOLMap and LOCSOL soil data with SWAT+ during calibration and validation.

validation period. It shows that the SWAT+ model exhibits slight
degradation in performance. Both GLEAM and MODIS AET values,
especially when combined with DSOLMap, were satisfactorily repro-
duced in the Sellas and Xerias watersheds, in terms of magnitude and
peaks during the dry summer season. However, the model failed to
accurately simulate AET values in the Gianouzagas and Xerolagados
watersheds, particularly regarding peak values.

SWAT+ model performance analysis shows that models integrating
high-resolution global soil maps performed better than models that
integrate local soil maps in the Messinia region during calibration and
validation phases (Figs. 5, 6, 7, 8, 9). Moreover, models that used
GLEAM AET data achieved better results than those using MODIS AET
data, suggesting improved performance in both calibration and valida-
tion. The combination of DSOLMap and GLEAM AET soil data was the
only setup that achieved satisfactory performance (NSE > 0.5) in all
watersheds. This indicates that SWAT+ models were more successful in
capturing GLEAM AET than MODIS AET, whatever the soil type used, in
all four watersheds.

3.3.3. Water balance components simulated by the SWAT+ model

Table 7 displays the mean annual values of the main water balance
components simulated by the best-calibrated model (SWAT+-
GLEAM_ DSOLMap) in the four watersheds of Messinia over the entire
period. Mean annual precipitation varies across watersheds but tends to
decrease with latitude, with the southernmost watershed (Xerias)
receiving the highest rainfall (1044 mm) and the northernmost (Sellas)
receiving the lowest (769 mm) (Table 7). In addition, total irrigation
varies among the watersheds, with estimated values of 181 mm,
272 mm, 160 mm, and 77 mm for Sellas, Xerolagados, Gianouzagas, and
Xerias, respectively. The highest irrigation values are observed in Sellas
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and Xerolagados, which have the largest percentage of olive crops.

3.3.4. Model performance according to the characteristics of watersheds

The results of AET simulations using different SWAT+ model con-
figurations were evaluated further to assess the effects of land use types
and watershed size on model performance. Results were found to vary
with watershed characteristics with the best overall performance in the
larger watersheds (Sellas = 90 km?, Gianouzagas = 47 km?, Xerias =
48 km?) compared to the smaller Xerolagados watershed (25 km?).
Considering the land use characteristics, Xerolagados, which has the
highest percentage of agricultural land (89 %) and is the only watershed
with water bodies and wetlands (5.44 %) (Table 3), was the only
watershed where SWAT+ failed to be validated. This failure is likely due
to the challenges in accurately representing AET in a watershed domi-
nated by agricultural land, particularly olive cultivation, which can have
complex water and evapotranspiration dynamics.

The proposed modeling approach, integrating remote sensing data,
high-resolution soil maps, and management schedules in the
SWAT+ model, provides useful insights for improving water resource
management in Messinia. The validated model serves as a foundation for
assessing climate change impacts on water availability and guiding
adaptive management strategies. The variability in AET and irrigation
demand across watersheds underscores the need for site-specific irri-
gation strategies to enhance water efficiency in Messinia’s agriculture-
dominated landscape. Model performance varies with watershed char-
acteristics, such as agricultural land extent and water bodies, high-
lighting the need for tailored water management approaches.
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Fig. 9. Observed and simulated evapotranspiration for the four Messinia region watersheds using different soil data with the SWAT+ model during calibration

and validation.
4. Discussion

4.1. Sensitivity of SWAT+ parameters to evapotranspiration in the
Messinia region

In the Messinia region, AWC and BD were the most sensitive pa-
rameters influencing AET. The high sensitivity of soil AWC regulates soil
moisture and plant growth (USDA, 2005) and governs water availability

for plant uptake and evapotranspiration (Abiy et al., 2019). As AWC
increases, evapotranspiration from both soil and canopy also rises due to
greater soil moisture availability to plants. Similarly, soil BD affects soil
porosity and infiltration, with changes in BD influencing water parti-
tioning between evapotranspiration, infiltration, and runoff generation
(Shi et al., 2022). Similar findings were reported by Koltsida and Kal-
lioras (2022), Moriasi et al. (2015b) and Sirisena et al. (2020), who also
found soil-related parameters to be very sensitive for AET simulations
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Table 7
Annual mean values of water balance components (evapotranspiration, precip-
itation, and irrigation) across the four watersheds in the Messinia region.

Watershed Precipitation (mm) AET (mm) Irrigation (mm)
Sellas 769 927 181
Xerolagados 770 554 272
Gianouzagas 900 570 160
Xerias 1044 733 77

using SWAT and SWAT+ models. The sensitivity of EPCO further
highlights the importance of vegetation by regulating the water balance,
as it governs plant ET by controlling water uptake from different layers
within the rooting zone. As EPCO increases, it allows the plant to extract
more water from deeper soil layers (Wu and Johnston, 2007). Olive
trees, with their deep-rooted systems, significantly influence sensitive
parameters such as AWC, EPCO, and BD by enhancing water uptake
from deeper soil layers, thus increasing evapotranspiration and
improving water retention. Other sensitive parameters, including CN2,
PERCO, and CN3_SWF, depend on soil permeability, initial soil moisture
condition, and land use, and govern surface runoff (CN2) and evapo-
transpiration (CN3_SWF). Jiménez-Navarro et al. (2024) found that
parameters such as CN2, EPCO, PERCO, and CN3_SWF influenced soil
characteristics and hydrological processes, including surface runoff,
groundwater and evapotranspiration. Similarly, N'guessan et al. (2024)
and Sanchez-Gomez et al. (2024) identified CN2, CN3_SWF, AWC, BD,
and PERCO as sensitive to watershed evapotranspiration in the
SWAT+ model.

4.2. Potential impacts of the ET spatial resolution, algorithms, and soil
details on the accuracy of SWAT+ model simulations

RS data used as reference data for model calibration may be crucial
for simulating key hydrological processes such as AET and improving
their estimation (Lehmann et al., 2022). Our research work has intro-
duced a stepwise calibration approach involving multisite data derived
from multiple RS sources, which is essential for poorly gauged and
ungauged catchments. This approach is unlike traditional methods,
which generally use a single output parameter, namely discharge at the
watershed outlet. Our comparison of the performances of
SWAT+ models using different RS AET products revealed large varia-
tions in results depending on RS product, watershed and soil input data.
This is in line with other studies (e.g. Bouizrou et al., 2023; Shah et al.,
2021), which have indicated that the reliability of RS products varies
according to region, climatic conditions and RS algorithms. Further-
more, our results showed that GLEAM outperformed MODIS in cali-
brating and validating all SWAT+ models, indicating that GLEAM is the
most reliable AET product for the four watersheds of the Messinia re-
gion. In agreement with our findings, Dembélé et al. (2020), Ding and
Zhu (2022), Lopez Lopez et al. (2017), Odusanya et al. (2019), and Taia
et al. (2023) confirmed the reliability and superiority of GLEAM over
MOD16A2 in Nigeria, West Africa, China, and Morocco, respectively.

The outperformance of GLEAM over MODIS can be attributed to the
intrinsic characteristics of each remote sensing product. MODIS
dependence on vapor pressure deficit results in increased model inac-
curacies and higher uncertainties (Khan et al., 2018). Additionally,
MOD16 does not incorporate soil moisture as an input variable, limiting
its ability to capture irrigation effects in agricultural landscapes (Ding
and Zhu, 2022; Tang et al., 2015; Xu et al., 2019). This is particularly
relevant for the Messinia region, where the prevalent olive orchards are
irrigated, while MOD16 tends to neglect the effect such practices,
leading to higher model errors and uncertainties.

Furthermore, the poor AET performance of MODIS is partly
explained by the small area of the four watersheds in the Messinia region
(ranging from 25 to 90 km?). The NASA Goddard’s Global Modeling and
Assimilation Office (GMAO) data used in MOD16 is primarily designed
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for macro-scale applications, making its accuracy questionable at finer
spatial scales (Mu et al., 2011). At the micro-scale level of these wa-
tersheds, the inaccuracies in MOD16A2 become more evident (Mu et al.,
2011). In small heterogeneous landscapes, MODIS faces challenges with
land cover misclassification such as grasses, corn and trees often coexist
within a single pixel (500 m resolution), affecting key biophysical pa-
rameters such as leaf area index (LAI) and albedo (Ruhoff et al., 2013).
Such misclassification introduces further uncertainty in AET estimates
(Ding and Zhu, 2022).

The relatively higher positive value of the PBIAS criterion obtained
when validating the SWAT+ model particularly with MODIS indicates
an underestimation of AET, a finding also reported by Jepsen et al.
(2021), Koltsida and Kallioras (2020), Odusanya et al. (2019) and
Weerasinghe et al. (2020). These studies noted that the dependence of
MODIS on atmospheric moisture deficit leads to an underestimation of
AET, especially during drought periods and under water stress condi-
tions. Additionally, MOD16 higher relative uncertainty in croplands and
irrigated areas (Souza et al., 2019) likely contributes to its under-
performance in this study.

In comparison, GLEAM integrates a multi-layer soil moisture scheme
and assimilates reliable satellite-based surface soil moisture data
(Martens et al., 2017), allowing it to better capture water availability
and irrigation effects. Moreover, GLEAM accounts for vegetation frac-
tion and vegetation dynamics through remote sensing-based vegetation
optical depth, which helps estimate crop water requirements more
accurately than MOD16 (Huang et al., 2019). As a result, GLEAM
exhibited the lowest PBIAS compared to the higher value by MOD16,
namely during validation, further confirming its superior performance
in representing AET in agricultural watersheds.

In terms of spatiotemporal resolution, GLEAM offers higher temporal
but coarser spatial resolution. The coarser temporal resolution can affect
ET accuracy and cause scaling mismatches in agrohydrological models.
Nonetheless, several studies suggest that the impact of spatial resolution
is often less significant than that of model parameters, model structure,
and the quality of input data. For instance, Nkiaka et al. (2022) evalu-
ated six satellite-based ET products across eight basins in Central-West
Africa and showed the outperformance of GLEAM over products with
a higher spatial resolution including MODIS. Similarly, Bennour et al.
(2022) evaluated four remote sensing ET products including ETMonitor,
GLEAM, SSEBop, and WaPOR using the SWAT model and both
demonstrated and indicated that the SWAT model performance is not
related to the spatial resolution of the evaluated ET products.

Messinia is a data-scarce region with limited soil information which
makes it difficult to understand the hydrological processes in its four
small-scale watersheds. Accordingly, this study assessed the accuracy of
a novel high-resolution global soil product that provides a detailed soil
data profile with six soil horizons. This product was compared to con-
ventional, limited local soil data for micro-scale hydrological modeling
using the SWAT+ model. Our results showed that the DSOLMap soil
data performed slightly better than LOCSOL during calibration and
somewhat improved performance during validation. While the MODIS
AET simulations remained mostly unsatisfactory in terms of R? values,
the use of DSOLMap did result in a slight improvement over LOCSOL.
Although limited, this contributed to more accurate GLEAM and MODIS
AET simulations when integrated with the SWAT+ model across the
four watersheds. We attribute this outperformance to the DSOLMap
database, which provides more soil classes and a more detailed profile
with six layers, while LOCSOL has only one. A more detailed soil map
better captures the physical processes in the SWAT+ model and im-
proves AET simulation. Similar findings were reported by
Lopez-Ballesteros et al. (2023) who showed that DSOLMap significantly
enhanced SWAT+ hydrological performance. Similarly, Wahren et al.
(2016) compared the coarse-resolution FAO soil map (1:1000000) with
two soil horizons to a more detailed map of effective soil depths, con-
sisting of eight soil units, for the Agueda watershed. The detailed map
developed using the SoLIM model, significantly improved SWAT model
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simulations compared to the coarse-resolution FAO map. Overall, the
detailed level of soil data input has an impact on the simulation of hy-
drological processes using hydrological models (Krpec et al., 2020;
Rivas-Tabares et al., 2020).

4.3. Simulation of water balance components using SWAT+ model at
watershed scale

The mean annual values of precipitation, evapotranspiration, and
irrigation simulated by the SWAT+gLEam psoLmap model align with
findings from Ekstedt (2013) in the Messinia region. Ekstedt (2013)
computed the water balance for the Sellas, Gianouzagas, and Xerias
watersheds from 2009 to 2012 using a simplified form of the water
balance equation by assuming that inputs (precipitation) equal outputs
(evapotranspiration and runoff), with any change in storage (AS) being
negligible. Compared to our results, Ekstedt (2013) reported slightly
lower evapotranspiration and irrigation values (484 mm < AET <
539 mm; 100 mm < irrigation < 150 mm), while precipitation values
remain comparable (Table 7) (876 mm < precipitation < 916 mm) for
each of the three watersheds. The ratio between AET and the water in-
puts, namely irrigation and precipitation, is similar in the Gianouzagas
and Xerias watersheds, while it is higher for our model in the Sellas
watershed. This is mainly due to the very high AET simulated in the
Sellas watershed, which we attribute to the dominant forest land use, the
highest percentage among the watersheds. Overall, the comparison of
AET values with the percentage of forest land use in each watershed
indicates a positive correlation: the higher the forest cover, the higher
the AET (Tables 3,6). Furthermore, our irrigation values align with other
Mediterranean studies in similar areas (e.g., Palomo et al., 2002; Tog-
netti et al., 2006), which estimated mean irrigation of olive orchards in
southern Spain and southern Italy between 181 mm and 403 mm,
respectively.

4.4. Effect of watershed characteristics on the SWAT+ performance

The Xerolagados watershed which has the highest percentage of
agricultural land use reaching 89 %, was the only one of the four in the
Messinia region where the SWAT-+ model was not validated. This poor
performance is likely due to complex evapotranspiration dynamics from
agricultural land use and water bodies, particularly olives and the Gia-
lova lagoon wetland (Maneas et al., 2019; Manzoni et al., 2020). More
specifically, in this watershed, the unsatisfactory performances of
MODIS are comparable with the other watersheds. Results instead
strongly differed when using GLEAM, where we observed a remarkable
reduction in AET peaks during the summer seasons (Fig. 9). Probably,
irrigation in the prevalent olive orchard land use in the Xerolagados
watershed was underestimated, leading to a consequent underestima-
tion of AET. In this context, Dash et al. (2021) indicated that while
SWAT is recognized for its capability in agro-hydrological modeling, its
current ET al.gorithms do not adequately account for specific agricul-
tural practices that influence ET rates, thus leading to potential inac-
curacies in ET estimates. In addition, SWAT+ is sensitive to data
inaccuracies in small watersheds. In addition, SWAT+ is sensitive to
data inaccuracies in small watersheds. The Xerolagados watershed, the
smallest in the Messinia region lacked a local meteorological station and
relied on data from surrounding areas, which may have further
contributed to the inaccuracies.

4.5. Implications for agro-hydrological Modeling in Mediterranean and
Data-Scarce Regions

The main challenge for agro-hydrological modelers working in data-
scarce regions is the limited availability of data, which prevents an ac-
curate representation of hydrological and hydrodynamic processes with
a high level of realism. This study’s findings have significant implica-
tions for agro-hydrological modeling in Mediterranean and other data-
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scarce regions globally. Integrating freely available remote sensing
AET, high-resolution global datasets, and SWAT+ management sched-
ules has greatly improved the simulation of water cycle variables,
particularly evapotranspiration.

The applicability of remotely sensed data for hydrological modeling
has been demonstrated in various data-scarce regions beyond the
Mediterranean. For instance, Lopez Lopez et al. (2017) successfully
calibrated the PCR-GLOBWB model in the Oum Er-Rbia catchment in
Morocco using GLEAM evapotranspiration and ESA CCI soil moisture,
achieving reasonable discharge estimates. Similarly, studies in tropical
regions, such as Nigeria where Odusanya et al. (2019) combined GLEAM
AET data and the SWAT model to simulate AET in the watershed of the
Ogun River Basin in Nigeria and showed the potential of GLEAM AET for
calibrating and validating SWAT in data-scarce basins. In regions
beyond the Mediterranean, Dile et al. (2020) employed remotely sensed
AET to refine hydrological models in Ethiopia, highlighting its potential
for assessing water management interventions aimed at environmental
sustainability and agricultural productivity.

Our modeling approach can be replicated and scaled beyond data-
scarce Mediterranean regions by fully leveraging remote sensing data
products, such as AET, soil moisture for model calibration, and precip-
itation or air temperature data as model inputs at watershed, regional,
and global scales. These datasets serve as alternatives to spatially and
temporally limited data, enabling multivariate calibration and spatial
calibration of hydrological models at the HRU and subbasin levels. This
approach helps account for the spatial variability of hydrological pro-
cesses, minimizes errors, and improves overall model accuracy. Addi-
tionally, soft calibration data (Moriasi et al., 2015b), such as ET ratios
and mean annual runoff coefficients found in the literature, can further
enhance the modeling process by providing additional constraints to
improve model reliability in data-scarce regions.

4.6. Potential limitations of this approach

This study demonstrates that a comprehensive modeling approach,
involving multisite calibration with high-resolution soil data, remote
sensing data and detailed agricultural management practices as inputs to
the SWAT+ model, improved the simulation results and accurately
estimated the AET in the Messinia region. The initial comparison of AET
estimates from GLEAM, MODIS, and FAO-56 P-M method, along with
the use of multiple RS AET products combined with soil data in the
multisite calibration approach, allowed us to identify the most accurate
products, leading to reliable simulations of evapotranspiration. The lack
of flow data has limited the ability to assess the accuracy of RS AET in
estimating flow with the SWAT+ model. Using only AET data can pro-
duce a realistic representation of AET across the region but may not
correctly represent the runoff component of the water balance. Despite
this limitation, recent studies (e.g., Gleason and Durand, 2020; Jiang
and Wang, 2019) have found that RS data can effectively predict hy-
drological variables, namely streamflow, in ungauged watersheds when
combined with hydrological models. Similarly, Lopez Lopez et al. (2017)
reported satisfactory flow simulation performance when the model was
calibrated using GLEAM AET data alone. A multivariate calibration
approach, such as using soil moisture and evapotranspiration data in the
calibration and validation process, could further improve model simu-
lations and provide a more realistic representation of water balance
components at the watershed scale.

5. Conclusion

The integration of remote sensing data, high-resolution soil maps,
and management schedules in the SWAT+ model provides valuable in-
sights for improving water resource management in Messinia, a region
with limited in-situ data. Our results demonstrate that GLEAM AET is the
most suitable dataset for hydrological modeling in this region, as it
closely matched the FAO-56 P-M method and significantly improved
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model performance. Among the tested configurations, SWAT+-
GLEAM_DSOLMap €merged as the best-performing setup, achieving a mean
NSE of 0.75 during calibration and 0.55 during validation with RSR
values below 0.5 in most cases. In contrast, MODIS AET resulted in
unsatisfactory performance, with high variation across watersheds and
negative NSE values during validation, further confirming the superi-
ority of GLEAM.

These findings have direct implications for agricultural water man-
agement in Messinia. Given the region’s reliance on irrigated olive
farming, our results highlight the importance of high-resolution soil data
(DSOLMap) and accurate AET datasets (GLEAM) for improving irriga-
tion scheduling and optimizing water use efficiency. Additionally, the
multisite calibration approach enhanced the spatial consistency of the
SWAT+ model, ensuring a more accurate representation of hydrological
variability across heterogeneous landscapes. This approach enables site-
specific irrigation strategies that can reduce water overexploitation and
enhance drought resilience. Policymakers and practitioners can adopt
this approach to develop tailored water management strategies based on
local watershed characteristics.

Beyond Messinia, this RS-based SWAT+ modeling approach can be
replicated in other Mediterranean and data-scarce regions worldwide.
By integrating freely available remote sensing and high global datasets
(e.g., GLEAM for AET, global soil maps, and climate variables), stake-
holders can develop reliable hydrological simulations, supporting sus-
tainable water resource management at watershed, regional and global
scales.
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