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Abstract

Potential evapotranspiration (PET) is a key component in the water exchange between the land surface and the atmosphere and plays
a fundamental role in the hydrological cycle. While numerous methods approaches have been developed for estimating PET based on
data inputs, evaluating the performance of new methods in comparison with common empirical methods is essential to achieve an
optimal PET estimation method under data-limited conditions. In this study, precipitable water vapor (PWV) derived from Global
Navigation Satellite Systems (GNSS) is used to estimate PET (GNSS-based PET). The GNSS-based PET is then evaluated along with
two temperature-based methods (Hargreaves-Samani and Thornthwaite), two radiation-based methods (Priestley-Taylor and Makkink),
and three global gridded PET products, including the ERAS5-Land reanalysis model from the European Centre for Medium Range
Weather Forecasts (ECMWF), the Global Land Evaporation Amsterdam Model (GLEAM version 4.2a), and the Global Land Data
Assimilation System (GLDAS version 2.1). The Penman-Monteith method, endorsed by the Food and Agriculture Organization (FAO),
was selected as the benchmark to evaluate the performance of all studied methods. Statistical evaluation results indicated that the
GNSS-based method exhibited the highest agreement with the Penman-Monteith method compared to the other approaches. For this
method, the root mean square error (RMSE) is 0.31 mm, the mean absolute error (MAE) is 0.27 mm, and the correlation coefficient

(CC) is 0.97. These results demonstrate the superiority of the GNSS-based method in estimating PET.

1. Introduction

Evapotranspiration (ET) refers to the combined process of water
evaporation from various surfaces and transpiration from plants,
along with its transport into the atmosphere (Allen et al., 1998).
Potential evapotranspiration (PET), as a physical process,
represents the maximum amount of water that can be returned to
the atmosphere under ideal conditions of soil moisture and
vegetation cover (Thornthwaite, 1948). PET can also be
introduced as an essential component of the water cycle that plays
a central and extensive role in hydroclimatic studies. Changes in
PET rate affect surface runoff, groundwater level, and water
storage in the basin. When the PET rate increases, it can lead to
reduced water for agricultural crops (McKenney and Rosenberg,
1993). Accurate PET estimates can provide useful information
about the water requirements of plants (Fisher et al., 2011). PET
is also applied in drought monitoring studies (Sheffield et al.,
2012; Vicente-Serrano et al., 2010), agricultural water
management (Anapalli et al., 2019), and environmental studies
such as the urban heat island (QIU et al., 2013) and carbon
dioxide (Chen et al., 2025). PET values are affected by
meteorological factors such as temperature, solar radiation,
humidity, and wind speed. Numerous empirical methods for
estimating PET from various climatic variables have been
developed over the past years, which include simple to complex
methods depending on data requirements (Allen et al., 1998;
McKenney and Rosenberg, 1993). The Penman-Monteith
method (Allen et al., 1998) and the Thornthwaite method
(Thornthwaite, 1948) as two common methods among multiple
PET estimation approaches have been widely used in climatic
studies. The Penman-Monteith method, as the most accurate and
widely used method for estimating PET in different regions and
climates, is approved by FAO. However, the complexity of the
required inputs can lead to significant errors and extensive
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meteorological data are needed (Allen et al., 1998). In contrast,
the Thornthwaite method only uses temperature but does not
provide sufficient accuracy (Sheffield et al., 2012), and both
methods are based on data measured at meteorological sites. The
insufficient density and inappropriate distribution of
meteorological stations worldwide and, secondly, the lack of
complete climatic data in many meteorological stations create
limitations for estimating accurate (Aschonitis et al., 2021).
Therefore, examining newer methods for estimation optimal PET
with fewer meteorological parameters along with reducing
spatial limitations has attracted the attention of researchers. In
recent years, Global Navigation Satellite Systems (GNSS), by
providing accurate and continuous data, have been considered as
a new source in atmospheric and hydrological studies such as
three-dimensional estimation of wet refractivity (Haji-Aghajany,
2021), tropospheric delay prediction (Haji-Aghajany et al.,
2024a), wet refractivity prediction (Haji-Aghajany et al., 2024b),
advanced tropospheric tomography (Haji-Aghajany et al., 2025;
Izanlou et al., 2024), flood prediction (Sorkhabi and Djamour,
2024), rainfall prediction (Yin et al., 2025), regional subsidence
prediction (Tasan et al., 2023) and even urban temperature
monitoring (Tasan et al., 2024), increasing the accuracy of the
displacement fields (Maddahi et al., 2024), and ground water
level monitoring (Haji-Aghajany et al., 2023). Water vapor, as
one of the most important greenhouse gases and a key component
in the hydrological cycle, has a significant effect on accurate PET
estimation. GNSS technology, by providing precise atmospheric
parameters, especially parameters such as Zenith Tropospheric
Delay (ZTD), zenith wet delay (ZWD), makes it possible to
obtain continuous water vapor with high temporal resolution
under all weather conditions (Bevis et al., 1992). many studies
have investigated the possibility of using GNSS-based PWV as
an input variable in PET estimation. In this context, (MORI et al.,
2007) presented a new approach for estimating PET based on
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PWYV and land surface temperature in Japan. (Zhao et al., 2019),
in a study in the Loess Plateau of China, modeled PET using
PWYV to calculate drought indices accurately, and later (Zhao et
al., 2021) with an optimized method extended their previous
model to the entire study area. (Ma et al., 2021) examined PET
modeling methods using PWV across China. (Pipatsitee et al.,
2023) in Thailand modeled PET from the Penman-Monteith
method using PWV. Finally, the study of (Ebrahimi et al., 2025)
in California showed that GNSS observations can play a decisive
role in improving the accuracy of PET modeling and prediction
using machine learning methods. Overall, despite the
development of linear and nonlinear equations as well as artificial
intelligence models in recent studies of PET modeling using
GNSS products, no comprehensive investigation has been
conducted to compare this novel approach with PET models that
are widely used globally, with previous efforts focusing primarily
on model development. The present study aims solely to compare
the nonlinear GNSS-based algorithm developed in this research
with traditional empirical PET models and global gridded PET
products. More specifically, this study addresses the question of
how the GNSS-based approach developed here ranks in terms of
accuracy compared to other widely used global methods. For the
GNSS-based PET modeling, the difference in PET between the
Penman-Monteith and Thornthwaite methods is first calculated.
The PET difference between the two methods is modeled using a
multiple quadratic polynomial regression model. Independent
variables include PWV obtained from GNSS observations, air
temperature, as well as coordinate and time parameters. The
modeled PET value is then added to the initial PET obtained from
the Thornthwaite method. Subsequently, PET from traditional
empirical methods is calculated using meteorological data, and
PET from global gridded products is interpolated at the study site
locations. For a comprehensive evaluation, all approaches
studied are compared with the Penman-Monteith method.

2. Materials and Methods
2.1 Penman-Monteith Method

Considered the most accurate approach for estimating PET, the
Penman-Monteith method incorporates all key climatic factors
affecting evapotranspiration. It is widely recognized
internationally as a benchmark for evaluating other empirical
methods (Allen et al., 1998). The Penman-Monteith equation for
calculating PET can be expressed as follows:

900
0.408A(R, —G)+y . 3 u,(eg —e,)

PET _PM = + (1)
A+y(14034 1)

where T is the mean air temperature °C , and %, is the mean
wind speed at a height of two meters (m.sil) . R, is the net
radiation and G is the soil heat flux, both with the same unit
(MJ.mizdayJ ). € is the Saturation vapor pressure and €, is
the actual vapor pressures, both with the same unit (kpa) . A is
the slope of saturation vapor pressure curve, and 7 is the

. . . -1
psychrometric constant, both with the same unit (kpa.°C ).

2.2 Radiation-Based Methods

The estimation of PET relies on solar radiation as the main
energy source driving evapotranspiration. Among the existing

techniques, radiation-based methods have become common due
to their physical relevance and relative simplicity(Xu and Singh,
2000). In addition to radiation variables, these methods also
consider air temperature to provide a better representation of the
surface energy balance. Although temperature appears in most
formulations, these methods are classified as “radiation-based”
to distinguish them from those that primarily depend on air
temperature (Fisher et al., 2011).

2.2.1 Priestley-Taylor Method

Using net solar radiation, PET can be estimated through a
simplified form of the (Penman, 1948), known as the Priestley-
Taylor method (PRIESTLEY and TAYLOR, 1972).

A R -G
PET _PT =uq " ()
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Where A is the latent heat of vaporization with the unit

(Mlkg_J ), and o is the empirical Priestley-Taylor coefficient
(0.=1.26) . Other parameters are defined in Equation (1).

2.2.2  Makkink Method

Designed for limited climatic data, Makkink method relies on
solar radiation and temperature(Makkink, 1957).1t represents a
simplified modification of the (Penman, 1948), enabling PET
estimation in data-scarce environments.

A R
PET-MAK = ¢ - 3)
A+y 4

Where R is the solar radiation (MJ.mizday_I )and ¢ denotes
the empirical Makkink coefficient (¢=0.61) . Other parameters
are defined in Equation (1).

2.3 Temperature-Based Methods

When solar radiation, relative humidity, or wind speed data are
unavailable, temperature-based methods are employed. These
methods estimate PET using only air temperature as the input
parameter (Xu and Singh, 2001).

2.3.1 Hargreaves-Samani Method

PET can be estimated using daily air temperature and the
difference between maximum and minimum temperatures, as in
the Hargreaves-Samani equation (H. Hargreaves and A. Samani,
1985). According to (Allen et al., 1998), this approach can serve
as a practical alternative to the Penman-Monteith equation when
only air temperature data are available.

)0.5 (T

mean

PET _HS=0.0023(T, -T

max min

+17.8)R, @)

Where Tax . Trin » Tinean are the maximum, minimum, and

mean air temperatures °C , respectively, and R, is the
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extraterrestrial radiation with the unit (MJ.m “day ~ ).
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2.3.2 Thornthwaite Method

The Thornthwaite method is a simple empirical equation that
estimates PET using only mean air temperature as an input
parameter (Thornthwaite, 1948).

T
PET _TH = 16K(10 )" )
I

Where T, is the mean air temperature °C , lis the annual heat

index, and a is a constant coefficient that is a function of the

annual heat index. K is introduced as a correction coefficient,
which is a function of latitude and solar declination.

2.4 GNSS-Based Method

2.4.1 Relationships Governing the Estimation of PWV
from GNSS Observations

One of the major atmospheric effects on signals transmitted from
remote sensing satellites such as GNSS and SAR, is the delay
caused by the passage of these signals through the troposphere
(Haji-Aghajany and Amerian, 2020; Mendes, 1998), which is
measured in the vertical direction and is referred to as the ZTD.
The ZTD consists of two separate components: the hydrostatic
component (ZHD), which depends on the composition of dry
atmospheric gases and surface pressure and can usually be
modeled with good accuracy, and the wet component (ZWD),
which represents the effect of atmospheric water vapor and is
more variable in both time and space (Bevis et al., 1992). To
obtain ZTD values, GNSS observations are processed using the
Bernese software (Abdallah, 2016), based on the precise point
positioning (PPP) method. The ZHD can be derived from the
Saastamoinen empirical dry model, which is one of the most
accurate global prediction models (Saastamoinen, 1972).

0.002277P,
(1-0.0026 cos 2¢_—0.00000028% )

ZHD =

(6)

Where P, is the surface pressure at the station (fipa) , % is the

station latitude, and hg is the station height (m) .

The value of ZWD is obtained by subtracting the value of ZHD
from the value of ZTD. The ZWD is directly related to
atmospheric water vapor (Bevis et al., 1992), and the PWV is
calculated from ZWD using the following relation:

Pwv =11-ZWD 7
In relation (7), the parameter IT depends on the weighted mean
temperature Tm , as follows:

-6,k ' -1
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Where Rv is the universal specific gas constant for water vapor

1 -1 |
(R, =46150 Jkg K '), k ,is an empirical physical constant

: -1
(k,=1648KhPa "), k3 is also an empirical physical constant
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w

The weighted mean temperature is calculated using the following
equation (Bevis et al., 1992).
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Where ¢ and 7T represent the actual water vapor pressure

(hpa)  and temperature (OK ) at each pressure level.
Respectively, & represents the altitude of each pressure level.

2.42 PET Modeling Based on Regression Analysis

The Thornthwaite method, because it does not consider climatic
parameters such as solar radiation, wind speed, and air humidity,
tends to underestimate PET. In contrast, the Penman-Monteith
method, by comprehensively accounting for climatic conditions,
provides higher accuracy in PET estimation. In this section, the
difference between the results of the Penman-Monteith and
Thornthwaite equations (DPET) is being modeled with the aim
of reducing the systematic errors of the Thornthwaite method and
improving model performance.
DPET = PET PM - PET TH (10)
The modeling of DPET was considered to produce an optimal
estimator model as a function of variables, temperature, time
parameter, and coordinate parameters.

DPET =F(pwv,T,t, 0, A, h) an

where pwv represents the mean precipitable water vapor , T’
denotes the mean air temperature, ¢ is the time parameter, ¢ ,
A and & correspond to latitude, longitude, and elevation,

respectively.

In this section, with the aim of modeling the function, regression
analysis was employed to identify and determine the relationship
between the dependent variable and the independent variables.
Accordingly, the model parameters were structured to achieve
the best fit based on a multiple quadratic polynomial regression
model, as follows:

DPET, 4
DPET
"2 :[1 o Tt ol h ob ohih ¢212h2]x “
DPET, 4 ay
i X
(12)

Subsequently, the least squares adjustment method was applied
to optimize the model coefficients in the region.
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(13)

where ¥ =sxm , s is the number of stations, m is the number
of samples within the modeling period, u is the number of

unknown coefficients.

Finally, to obtain PET from the GNSS-based method, the DPET
derived from modeling is added to the initial PET obtained from
the Thornthwaite method.

PET _GB = PET _TH + DPET (14)

3. Study Area and Data
3.1 Study Area and Time Period

The study area is bounded between latitudes 33° to 35°N and
longitudes 118°W to 120°W, covering the Los Angeles Basin in
the southwestern part of California, USA. This region was
selected due to its climatic diversity and the availability of both
meteorological and GNSS stations. The study utilized a 24-
month dataset spanning from 2021 to 2022. For modeling
purposes, 80% of the data (approximately the first 20 months)
was allocated to the training phase. The remaining 20% (the final
four months of 2022: September, October, November, and
December) was reserved exclusively for evaluating model
performance during the prediction timeframe.

3.2 Meteorological and GNSS Data

In this study, data from 13 ground meteorological stations were
used from the Western Regional Climate Center (WRCC)
database. WRCC is one of the six Regional Climate Centers
(RCC) in the United States, managed by the National Oceanic
and Atmospheric Administration (NOAA), and provides climate
services related to the western region of the United States. In
addition, observations from 13 GNSS stations were used from the
UNAVCO database. UNAVCO is a scientific and research
institution that provides the required infrastructure for geodetic
and Earth science studies. In total, 26 ground meteorological and
GNSS stations were selected and used in this study, which are
shown in Figure 1.

34730N

N

Latitude

3aa0N

120°W 1930w 19w 118°30W EW 17°30W nrw

Longitude

1630w

Figure 1. Distribution of the meteorological and GNSS stations
in the study area

3.3 ERAS Reanalysis Model (ECMWF)

The fifth generation of atmospheric reanalysis data (ERAS),
developed by the European Centre for Medium-Range Weather
Forecasts (ECMWEF), provides a comprehensive set of
meteorological parameters with high spatial and temporal
resolution. Continuously updated since 1979, ERAS offers global
atmospheric variables on a 0.25° x 0.25° horizontal grid. Due to
its high accuracy and global coverage, ERAS products have been
widely used in various fields, including GNSS-based
meteorology. A notable advantage of ERAS is its provision of
hourly atmospheric variables across 37 pressure levels, making it
an ideal tool for estimating precipitable water vapor (PWV) with
high temporal resolution (Hersbach et al., 2020). In this study,
ERAS temperature and pressure data were employed to estimate
PWV.

3.4 Global Gridded PET Products

3.4.1 ERAS5-Land Model

ERAS-Land is a high-resolution reanalysis product developed by
ECMWEF, designed specifically for land applications. It provides
hourly gridded atmospheric and land-surface data with a spatial
resolution of approximately 0.1°x 0.1°, making it suitable for
regional and local-scale climate, hydrological, and agricultural
studies (Muifioz-Sabater et al., 2021). In this dataset, potential
evapotranspiration (PET-ERAS5Land) is computed using the
Penman-Monteith equation (Singer et al., 2021).

34.2 GLEAM 4.2a Model

The Global Land Evaporation Amsterdam Model (GLEAM)
represents one of the earliest approaches for estimating global
evapotranspiration based on satellite observations. GLEAM
datasets are updated at least annually and are freely and widely
accessible. In this study, version 4.2a of GLEAM (PET-
GLEAM4.2a) was employed, which offers improved spatial
resolution (0.1°x 0.1° instead of 0.25°% 0.25°) and an extended
temporal record (1980-2023) compared to earlier releases.
Unlike previous versions, which used the Priestley-Taylor
method, GLEAM 4.2a estimates evapotranspiration using the
more accurate Penman (1948) formulation (Miralles et al., 2025).

3.4.3 GLDAS 2.1 Model

The Global Land Data Assimilation System (GLDAS) is an
advanced global modeling framework jointly developed by
NASA, the Goddard Space Flight Center (GSFC), NOAA, and
the National Centers for Environmental Prediction (NCEP).
Designed to generate optimal land surface states and fluxes,
GLDAS integrates satellite and ground-based observations
through advanced data assimilation techniques and land surface
models such as Mosaic, Noah, CLM, and VIC (Rodell et al.,
2004). PET in GLDAS is computed using a modified Penman—
Monteith equation within the Noah land surface model, where
land-surface parameters are specifically incorporated for PET
estimation (Xu et al., 2024). In this study, PET data from the
Noah model GLDAS version 2.1 (PET-GLDAS2.1) with a
spatial resolution of 0.25°x 0.25° were used.

4. Results Analysis
4.1 Statistical Criteria

To evaluate the accuracy of the methods employed for estimating
PET, commonly used statistical indices, including Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and the
Pearson Correlation Coefficient (CC), were applied.
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Where PET Iy is the reference values obtained from the
Penman-Monteith method, PET, G is the predicted values
derived from the GNSS-based method, PET py 18 the mean of

the reference values, PET gp is the mean of the predicted

values, and k is the number of samples.

Lower RMSE and MAE values represent higher model accuracy,
while a correlation coefficient closer to +1 indicates a stronger
linear agreement between modeled and reference data.

Root Mean Square Error

Correlation Coefficient

4.2 Statistical Evaluation of Results

In this section, the PET results obtained from the GNSS-based
method, radiation-based methods, temperature-based methods,
and interpolated global gridded PET products are evaluated using
statistical error indices including RMSE, MAE, and r. Figure 2
presents the results of RMSE (a), MAE (b), and CC (c) for the
studied methods compared with the reference Penman-Monteith
method in the region. The Penman-Monteith method accounts for
all climatic factors influencing the PET process and provides
highly accurate results. In contrast, traditional empirical
approaches, including radiation-based and temperature-based
methods, suffer from deficiencies in input data and therefore
exhibit limited accuracy. Among these, the Thornthwaite method
is the simplest, relying only on mean temperature, which leads to
underestimation of PET. According to Figure 2 (a) and (b),
Thornthwaite records the weakest results among all models in
terms of RMSE and MAE. On the other hand, the most accurate
empirical method after Penman-Monteith is the Hargreaves-
Samani method, which requires maximum, minimum, and mean
air temperature, and yields more accurate results compared to
other empirical methods. Among the radiation-based methods,
Priestley-Taylor demonstrates higher accuracy than Makkink,
with both performing better than Thornthwaite. Regarding global
gridded PET products, since the ERAS5-Land dataset is derived
using the Penman-Monteith method, its results are more accurate
than those of GLEAM 4.2a and GLDAS 2.1.
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Figure 2. RMSE, MAE and Correlation Coefficient values obtained from PET estimation approaches (empirical methods, global
gridded Products, and the GNSS-based method) during the prediction timeframe

GLEAM 4.2a applies the Penman (1948) approach for PET
estimation and provides better accuracy than GLDAS 2.1.
However, GLDAS 2.1, which employs a modified Penman-
Monteith formulation, tends to overestimate PET. As clearly
shown in Figure 2 (a-c), the statistical error indices highlight the
superior performance of the GNSS-based method in the region
The evaluation results, including RMSE is 0.31, MAE is 0.27,
and CC is 0.97, confirm the high precision and reliability of this
method, while other methods demonstrate lower accuracy.
Overall, the findings demonstrate that based on the RMSE and
MAE criteria, the highest accuracy compared to the Penman-
Monteith method corresponds respectively to the following
approaches: 1. PET_GB, 2. PET_ERASLAND, 3. PET_HS, 4.
PET_PT, 5. PET_GLEAM4.2a, 6. PET_MAK, 7. PET_TH, and
8. PET_GLDAS2.1.

In terms of the correlation coefficient, the strongest correlation
with the Penman—Monteith method is achieved respectively by:
1. PET GB, 2. PET ERASLAND, 3. PET_GLEAM4.2a, 4.
PET_HS, 5. PET_GLDAS2.1, 6. PET_PT, 7. PET_MAK, and 8.
PET_TH.

4.3 Numerical Evaluation of the Results

In this section, the numerical results of GNSS-based PET
modeling are discussed and compared with PET derived from
traditional empirical methods and global gridded PET products.
The mean PET values obtained during the prediction timeframe
from the investigated approaches are presented in Figure 3, These
numerical results indicate that the GNSS-based method has the
highest consistency with the Penman-Monteith method.
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Figure 3. PET mean values (mm) derived from (empirical methods, global gridded Products, and GNSS-based method)

Figure 4, illustrates the cumulative PET for the entire prediction
period in the form of a bar chart. The cumulative PET obtained
from the GNSS-based method was 239.7 mm, showing a
negligible difference of 6.6 mm compared with the 246.3 mm
obtained from the Penman-Monteith method.
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Figure 4. Total PET values derived from (empirical methods,
global gridded Products, and GNSS-based method)

Table 1, shows the differences in PET values between all
approaches and the Penman-Monteith method. According to
Table 1, the smallest differences relative to the Penman-Monteith
method were observed in the following order: 1. PET_GB, 2.
PET_ERASLAND, 3. PET HS, 4. PETPT, 5.
PET_GLEAM4.2a, 6. PET MAK, 7. PET TH, 8.
PET_GLDAS2.1. Collectively, these results clearly demonstrate

the superiority of the GNSS-based method in providing accurate
PET estimates.

Methods Difference(mm)
PET _GB 6.6
PET_ERASLAND 51.6
PET GLEAM4.2a 82.7
PET GLDAS2.1 1329
PET_HS 60.5
PET TH 1309
PET_PT 74.6
PET MAK 117.7

Table 1. Differences in Total PET values between Penman-
Monteith method and (empirical methods, global gridded
Products, and GNSS-based method)

5. Conclusion

This study evaluated the performance of GNSS-based PET
estimation method that used only temperature and PWV data,
comparing it with empirical temperature-based and radiation-
based methods and global PET products. Results showed that the
GNSS-based approach had the best agreement with the Penman-
Monteith estimates, with the smallest mean difference of 6.6 mm.
However, the findings should be interpreted with caution. The
analysis was limited to a specific climatic region and time period.
Moreover, the performance of this method may vary under
extreme weather conditions or in regions with sparse GNSS
coverage. Although the proposed approach demonstrates strong
potential, it still relies on temperature and PWV data from a dense

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-X-4-W8-2025-211-2026 | © Author(s) 2026. CC BY 4.0 License.

216



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-4/W8-2025
The 8th ISPRS Geospatial Conference 2025, 15-17 December 2025, Tehran, Iran

GNSS network-an infrastructure that is often unavailable in
developing countries. Therefore, its practical applicability in
less-developed regions remains limited. Despite these
limitations, the advancement of GNSS technology has enabled
the retrieval of PWV data with high spatial and temporal
accuracy. This capability makes the GNSS-based PET estimation
a promising tool for improving PET monitoring networks.
Expanding the integration of GNSS observations with existing
meteorological networks could ultimately contribute to the
development of a global PET monitoring system.

Data availability statement

The data that support the findings of this study are available upon
request from the authors.
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