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Abstract: This study addresses the challenge of mitigating biases in daily reference evapotranspiration (ETo) computations, utilizing the
ECMWF Reanalysis version 5 reanalysis data set within coastal regions. Data from 14 weather stations across the coastal Caspian Sea basin
covering the period of 2003–2023were gathered to compute ETo as a benchmark for bias correction. Therefore, five distinct artificial intelligence
models, namely, artificial neural networks, gene expression programming, adaptive network-based fuzzy inference systems, random forest (RF),
and support vector machine (SVM), were used to mitigate bias in daily ETo. The results demonstrated that the RFmodel performed exceptionally
well, achieving normalized root mean square error values below 10% and residual mean bias error values below 15%. It ranked as the top-
performing model in eight out of the 14 stations during the testing phase. However, in the testing step, SVM has surpassed other methods in other
stations. To provide a better perspective on the results, a map showcasing the top-performing methods based on minimizing bias for each station
was presented. This research highlights the effectiveness of machine-learning methods for improving ETo estimates. It demonstrates the potential
for successful implementation of the RF method to bias correction of the Food and Agriculture Organization (FAO)–Penman–Montith equation
fed by ERA5 climate data in basin scale. DOI: 10.1061/JIDEDH.IRENG-10487. © 2025 American Society of Civil Engineers.
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Introduction

Reference evapotranspiration (ETo) is a crucial parameter in deter-
mining crop water requirement, directly impacting irrigation plan-
ning and agricultural water management (Allen et al. 1998).
Accurate estimation of ETo is essential for optimizing agricultural
water management, particularly in irrigation scheduling and assess-
ing crop water requirements (Pereira et al. 2021; Farooque et al.
2022; Granata and Di Nunno 2021). In addition, ETo offers critical
insights into regional climate behavior, aiding in broader water
resource planning and climate impact assessments (Pereira et al.
2015). Despite its significance, inaccuracies in ETo estimates, stem-
ming from factors such as data quality and the availability of data,
pose challenges for water management practices (Rahimikhoob
et al. 2020; Sharma et al. 2022).

The era of starting computation of ETo was based on the water
budgets account method, which involves the utilization of grass
lysimetric instruments to furnish precise and dependable measure-
ments of water fluxes in control volume (López-Urrea et al. 2006).
Despite the efficacy of this method, acquiring long-term lysimetric
data presents considerable challenges (Barideh et al. 2022). Also,

the result of this method extends in field scale decision-makers and
develops to the large scale, which comes with uncertainty (Moyers
et al. 2023).

Alternatively, climatic data from meteorological stations are
often used with equations such as the FAO–Penman–Monteith
model, which integrates diverse meteorological variables to esti-
mate ETo (Allen et al. 1998). This comprehensive equation integra-
tes diverse climatic parameters, including solar radiation, wind
speed, air temperature, and relative humidity. However, the avail-
ability of meteorological data is not guaranteed, and dealing with
long-term and missing data poses another challenge for these meth-
ods (Almorox et al. 2015; Sentelhas et al. 2010). Also, the point
measurements in land cover with biodiversity often introduce un-
certainty. For example, the use of meteorological data from airport
stations and within urban areas may introduce bias when estimating
crop water requirement in agricultural lands (Veysi et al. 2024).
However, the problem of extending results to a large scale comes
with uncertainty.

Recently, the field of remote sensing, specifically the branch of
reanalysis data sets, has emerged, offering historical global climatic
data with different hourly and daily times and different spatial res-
olutions (i.e., 80, 31, and 11 km) without missing data on a global
scale (Hersbach et al. 2020; Veysi et al. 2023b; Pelosi 2023; Veysi
and Galehban 2024). One of the famous data sets in this area is
ERA5, which was developed by the European Centre for Medium-
Range Weather Forecasts (ECMWF). Although reanalysis data sets
are widely used, they face significant challenges in accuracy, with
biases reported to range between 15% and 30% at daily time scales.
Previous studies have highlighted the limitations of reanalysis data
sets such as ERA5 in capturing localized climatic variations, particu-
larly in regions with complex topographies. Addressing these biases
is critical for improving the applicability of ETo estimates in water
management frameworks. (Martins et al. 2017; Raziei and Parehkar
2021). This level of bias is particularly critical for determining the
ETo values specifically when the target is to estimate crop water
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requirements of crops such as rice, which is the most water-intensive
crop in Iran, posing challenges in the northern regions. Therefore,
before using these data at the first stage, bias correction is needed.

The commonly employed correction techniques mainly involve
mean-based scaling and transformations based on probability dis-
tribution mapping (Chen et al. 2013; Ji et al. 2020). Mean-based
scaling is a straightforward bias correction method that adjusts
the mean of ETo from reanalysis data (ERA5) and the mean of ob-
served data, assuming that the bias remains constant over time
(Paredes et al. 2017). However, this method is not suitable for var-
iables such as ETo, which exhibit significant spatial and temporal
variability. Another common method used for bias correction of
ETo data is the generalized linear model (GLM) (Srivastava et al.
2015). GLMs calibrate each parameter linearly, which can be prob-
lematic because the relationships between the factors influencing
ETo (such as latitude, longitude, and altitude) are often nonlinear.
This can result in an exclusive linear regression for each station and
climate zone (Elagib et al. 2024).

Recently researchers have explored the application of artificial
intelligence methods to predict ETo (Landeras et al. 2008; Yassin
et al. 2016; Traore et al. 2016; Shiri 2017; Gong et al. 2016;
Keshtegar et al. 2018; Tao et al. 2018) and, also, machine-learning
techniques (Mohammadrezapour et al. 2019). These methods have
demonstrated their capability for precise predictions for hydrolog-
ical variables, including ETo, and are highly effective in handling
complex, nonlinear relationships within data. They are flexible in
handling complex data and are able to generalize to new situations,
making them valuable tools for researchers in forecasting nonlinear
events. While previous studies have employed reanalysis ETo com-
paring with ETo obtained from field data, this research focuses on a
bias correction framework for reanalysis ETo to improve the accu-
racy using artificial intelligence/machine learning (AI/ML) in a
coastal region with a different climate.

The coastal zone along the Caspian Sea in northern Iran is
known for its extensive paddy rice cultivation, which thrives under
near-soil saturation and submersion conditions (Nasrabadi et al.
2011). The water needs of the rice closely match the ETo, making
bias correction of ETo from reanalysis data sets critical to reduce
statistical bias to less than 10% on a daily scale. Different stations
were chosen along the Caspian Sea to cover diverse climates and
select the best model for each area. However, the region has only 14
National Meteorological Stations, about one per 670 km2, which is

inadequate for its complex climate. Thus, thorough applicability
assessments using reanalysis data sets are essential. The objectives
of the present study were (1) to see how accurate the ETo computed
using reanalysis products is compared to FPM-ETo calculated from
observations; (2) to improve the accuracy of ETo calculated using
reanalysis by correcting biases found with observations ETo and as-
sess the resulting accuracy; and (3) to evaluate the top-performing
AI/ML bias correction methods enhancing the approach’s suitability
for data-scarce regions.

Material and Methods

Study Area

The Caspian Sea, situated in northern Iran, encompasses the prov-
inces of Gilan, Mazandaran, and Golestan. This region is often
referred to as Iran’s rice bowl due to its vital agricultural signifi-
cance. Despite this, the region lacks sufficient synoptic stations, with
only 14 of the 28 coastal cities having such stations, which could
impact agricultural practices (Fig. 1). This study used ground-based
weather data from these 14 stations, covering the years of 2003
to 2023.

Subsequently, Table 1 provides an overview of the averaged
statistical information. The table includes Tmax and Tmin (daily
maximum and minimum air temperature). Additionally, it encom-
passes RS (incoming shortwave solar radiation) presented in W ·
m−2 and wind speed at 2 m expressed in m · s−1.

Data Source

In-Suite ETo
Daily meteorological data from 14 synoptic stations, covering
a 21-year period (2003–2023), were sourced from the Iran Mete-
orological Organization (IRIMO) and meteorological quality-
controlled by the IRIMO. The in-suite used Tmin, Tmax, U2, SR,
and RH. ETo was calculated using the FAO–Penman–Monteith
equation implemented through the REF-ET software, as described
in Eq. (1). The Penman–Monteith equation is the global standard
for estimating ETo because it integrates energy balance and aero-
dynamic factors, providing robust and adaptable results across
various climates. Endorsed by FAO, it ensures consistency and

Fig. 1. Location of the city with and without synoptic stations of study area. (Maps by author using ArcGIS © Esri.)
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reliability in agricultural water management. However, the accu-
racy of ETo estimates depends on precise input data, including ra-
diation, wind speed, temperature, and humidity. Errors in these
parameters can lead to significant deviations, highlighting the need
for high-quality, site-specific measurements for optimal application

ETo ¼
0.408ΔðRn − GÞ þ γ 900

Tþ273
u2ðes − eaÞ

Δþ γð1þ 0.34u2Þ
ð1Þ

in which ETo is in mm · day−1; Δ = slope of the vapor pressure
curve with respect to temperature (Kpa · °C−1); Rn = net radiation
(MJ · m−2 · d−1); G = soil heat flux density (MJ · m−2 · d−1);
γ = psychometric constant (Kpa°C−1); T = mean daily temperature
(°C); es = saturation vapor pressure (mbar); ea = actual vapor pres-
sure of the air (mbar); and U2 = wind speed at a height of 2 me
above the ground (m · s−1).

ETo Using ERA5 Data Set
ERA5 reanalysis data, produced by the ECMWF, form a critical
component of the Copernicus Climate Change Service in Europe.
These open-access weather and climate data have a spatial resolu-
tion of 0.25° × 0.25°, making them an excellent resource for ana-
lyzing climate patterns and trends (Gebrechorkos et al. 2018). The
spatial resolution of the ERA5 data is 31 km. To estimate ETo in the
coastline station, we obtained daily ERA5 data from 2003 to 2023
using the Google Earth Engine system in the city with the synoptic
station Table 2.

Land Cover
The European Space Agency’s (ESA’s) land cover data are utilized
to extract land cover fractions corresponding to cropland pixels in
the Caspian Sea basin from coastlines of Caspian Sea basin. The
land cover information for the year 2020, obtained at a resolution

of 10 m, is depicted in Fig. 2. The ESA land cover product includes
12 classification schemes, derived from supervised classifications
of Sentinel 1 and Sentinel 2 spectral data.

Climate Zone

This study utilized the reanalyzed Köppen–Geiger climate map
(Rubel et al. 2017) to obtain climate data for 14 meteorological
stations. The Köppen–Geiger climate data offer worldwide cover-
age with more details achieved through the use of downscaling al-
gorithms to improve resolution to 5 arcmin. For additional details
about the reanalyzed Köppen-Geiger climate map data, refer to the
official source at Peel et al. (2007). The climate zone data extracted
for the Caspian Sea coastline is illustrated in Fig. 3. The majority of
stations (nine stations) are classified in temperature as dry summer
or hot summer.

Artificial Intelligence and Machine Learning Methods

Three AI methods and two ML algorithms were employed for bias
correction of ETo using ERA5 reanalysis data sets, as these are
among the most widely used techniques in the literature (Goyal
et al. 2023) for daily ETo estimation. Before applying each machine
learning algorithm to model ETo, it is crucial to optimize their hy-
perparameters (Mandal and Chanda 2023). Hyperparameter optimi-
zation prevents overfitting, ensuring reproducibility. Techniques
such as grid search and random search systematically fine-tune al-
gorithm parameters, enhancing performance and generalizability.
This ensures that the machine learning models used for ETo esti-
mation are both reliable and efficient. Table 3 provides a detailed
account of the specific hyperparameters adjusted for each machine
learning algorithm.

Table 1. Main statistics of the selected weather stations in coastline of Caspian Sea sites

No. Name
Elevation

(m)
Longitude

(°E)
Latitude
(°N)

Tmin
(°C)

Tmax
(°C)

Rs
(W=m2)

Wind
(m=s)

1 Amol 80 52.38 36.47 13.6 22.08 13.83 1.93
2 Anzali −26 49.46 37.48 14.78 19.83 14.64 2.48
3 Astara −24 48.85 38.37 12.33 19.72 14.14 1.2
4 Babolsar −25 52.64 36.70 14.62 21.71 14.91 1.75
5 Bandar-e Torkman −26 54.07 36.90 14.27 22.36 15.32 3.50
6 Lahijan −4 50.02 37.19 12.12 21.28 13.89 1.48
7 Nowshahr −14 51.47 36.66 13.38 20.30 14.07 1.96
8 Ramsar −14 50.68 36.90 13.95 20.18 13.28 1.86
9 Rasht 19 49.65 37.20 12.18 21.40 13.74 1.70
10 Roudsar −22 50.32 37.12 12.85 20.32 13.54 1.88
11 Sari 30 52.99 36.54 13.59 22.63 14.20 1.13
12 Talesh 4 48.90 37.84 12.83 19.86 12.63 1.79
13 Behshahr −15 53.38 36.85 14.19 21.37 15.28 2.81
14 Gorgan −15 54.41 36.91 12.84 23.84 15.37 2.01

Table 2. ERA5 data used for estimate reference evapotranspiration

Data Abbreviate Source Spatial resolution
Temporal
resolution Range

Maximum temperature Tmax ERA5 0.25° × 0.25° Daily 2003–2023
Minimum temperature Tmin ERA5 0.25° × 0.25° Daily
Average temperature Tmean ERA5 0.25° × 0.25° Daily
Dew point temperature Tdew ERA5 0.25° × 0.25° Daily
Wind speed U2 ERA5 0.25° × 0.25° Daily
Solar radiation SR ERA5 0.25° × 0.25° Daily
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Artificial Neural Network

Neural networks are widely used for processing nonlinear signals
and typically consist of two or more layers of interconnected neu-
rons (Nourani et al. 2020; Zakeri and Shankar 2022). The input layer
takes in data, which are subsequently processed through one or more
intermediate layers (Dimitriadou and Nikolakopoulos 2022). Fi-
nally, the output layer presents the network’s results. During the
learning process, the interconnection weights and neural biases
are adjusted iteratively to minimize errors and enhance the net-
work’s performance (Ahmadaali et al. 2013; ZamanZad-Ghavidel
et al. 2021). For this study, three-layer feed-forward neural networks

were used with ERA5 climate data (Tmax, Tmean, Tmin, Tdew, SR,
and U2) as input in Fig. 4. A sigmoid function was used in the hid-
den layer, and a linear function was used in the output layer. The
number of hidden neurons was determined by trial and error. The
learning algorithm adjusted weights and biases to enhance predic-
tion accuracy and improve the network’s generalization from the
training data.

Gene Expression Programming

Genetic expression Programming (GEP) uses populations, fitness-
based selection, and genetic operators to evolve solutions, similar

Fig. 2. Land cover data for the Caspian Sea coastline in 2020s.

Fig. 3. Köppen–Geiger climate data extracted from the global reanalyzed.

Table 3. Configuration of hyperparameters tuned for each algorithm

Algorithm Library used Hyperparameters tuned Hyperparameters tuned

SVM Scikit-learn gamma [0.01, 0.05, 0.1, 0.2]
RF Scikit-learn n_estimators [10, 20, 50, 100, 500, 1000]
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to genetic algorithms and genetic programming (Mehdizadeh and
Kozekalani Sales 2018; Ferreira 2006). The method is data-driven
and improves fitting based on adaptability to achieve the best sol-
ution using one or more genetic operators (Ferreira 2001; Mehr
2018). In this research, the GEP method is developed using the
GeneXpro tool. Initially, GEP forms expression trees (chromo-
somes) for solving a specific problem (the first column in Table 4).
Each expression tree comprises one or more genes known as sub-
expression trees (sub-ET) Fig. 5. Each gene corresponds to a com-
puter program that, when executed on data, produces the desired
result. In the second stage of GEP, the fitness function is selected,
with root mean square error (RMSE) chosen in this case (Shiri
2019). In the third stage, genetic operators are determined. Finally,
a set of operators and functions is selected. This research employs
various combinations of operators and functions, including +, −, *,
/, sqrtðxÞ, expðxÞ, Ln, x2̂, x3̂, xð̂1=3Þ, sinðxÞ, cosðxÞ, and arctanðxÞ.

Adaptive-Network-Based Fuzzy Inference Systems

Adaptive-network-based fuzzy inference systems (ANFIS) is a
combination of neural network models and fuzzy logic (Jang
1993) used for modeling complex and nonlinear relationships.
The objective of this amalgamation is to diminish computational
time, specifically the duration required for convergence, while con-
currently minimizing the error rate (Kisi and Zounemat-Kermani
2014). As illustrated in Fig. 6, the ANFIS structure consists of five
layers (Karaboga and Kaya 2019). The first layer (the fuzzification

layer) employs various membership functions to extract member-
ship values ðμAi

, μBi
). The type of membership functions is deter-

mined through trial and error. In the second layer, fuzzy rules are
considered in the form of Takagi and Sugeno (1985). If a fuzzy
inference system with two input variables x and y and one output
variable f is considered, a first-order Sugeno fuzzy model, which
includes two IF-THEN fuzzy rules, is defined as follows:

f1 ¼ p1A1 þ1 B1 þ r1 ð2Þ

f2 ¼ p2A2 þ q2B2 þ r2 ð3Þ

In this model, f represents the output variable derived from a
weighted average. The third layer, or normalization layer, calcu-
lates the normalized weight of each rule using fixed nodes. The
fourth layer, or defuzzification layer, multiplies these normalized
weights by the rule outputs (fi) to get weighted values [Eqs. (1)
and (2)]. The fifth layer, or output layer, produces the final ETo
value as the ANFIS result. ANFIS training combines error back-
propagation with the least squares error method.

Random Forest

Random forest (RF) regression is an advanced ensemble machine
learning technique that uses bootstrap resampling to create multiple
random decision trees (Breiman 2001). Each tree is trained on a
randomly selected subset of the training data Liaw (2002). Known
for its strong predictive accuracy and ability to handle nonlinear,
complex problems while preventing overfitting, RF is a highly ef-
fective method (Azadbakht et al. 2018; Belgiu and Drăguţ 2016).

Fig. 4. Optimal neural network architecture for evapotranspiration
modeling (ETo).

Fig. 6. Schematic of the adaptive-network-based fuzzy inference
systems (ANFIS).

Fig. 5. Schematic of gene expression programming (GEP).

Table 4. Value of operators and parameters

No Category Parameter/operator Value

1 Chromosomal structure

Number of chromosomes 30
Head size 8

Number of genes 3
Linking function Addition

2 Genetic operators

Mutation rate 0.044
One-point recombination rate 0.3
Two-point recombination rate 0.3

Inversion rate 0.1
Gene recombination rate 0.1
IS transposition rate 0.1
RIS transposition rate 0.1
Gene transposition rate 0.1

Note: IS = insertion sequence transposition; and RIS = root insertion
sequence transposition.
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RF is a representative bagging integrated learning algorithm. At its
core, RF regression combines a multitude of decision trees and se-
lects a subset of explanatory variables for each tree. Subsequently,
individual decision tree yields specific predictions, with the algo-
rithm then aggregating these predictions to derive the final regres-
sion outcome through averaging (Ebrahimy et al. 2021; Zhao et al.
2022). Fig. 7 shows a schematic of RF method steps for bias cor-
rection of ETo.

Support Vector Machine

ETo estimation was performed using a support vector machine
(SVM) with a radial basis function (RBF) kernel, chosen for its
superior performance over multiple linear regression and multiple
nonlinear regression models (Khan and Coulibaly 2006; Yin et al.
2017). The RBF kernel is effective for ETo prediction tasks. A grid
search was used to select key support vectors and exclude nonsup-
port ones, reducing noise and improving efficiency (Deka 2014).
To optimize the division of training, validation, and test sets, the
K-cross-validation technique was applied (Eslamian et al. 2008;
Fan et al. 2018; Wen et al. 2015).

ETo Bias Correction Framework

This study introduces an ETo bias correction framework with three
key components: data collection, model development, and model
selection. The ERA5 data set and station observations are used
to reduce discrepancies between ETo values from ERA5 and
weather station measurements. The preprocessing stage clustered
station data into two groups to calculate independent ETo values,
which were subsequently compared with the ERA5 reanalysis data.
The model development phase includes building, calibrating, and
validating models using AI techniques [artificial neural network
(ANN), ANFIS, GEP] and machine learning methods (RF, SVM)
to identify the best model. The choice of these models was guid-
ed by their proven effectiveness in handling complex, nonlinear
relationships and their frequent use in hydrological modeling.
ERA5 data serves as input, and daily ETo from 14 stations pro-
vides the benchmark. The data set was split, with 70% for model

construction and 30% for evaluation. The analysis was conducted
using R software for coding the machine learning models and ar-
tificial intelligence techniques. Fig. 8 shows the conceptual frame-
work and research steps.

Evaluation Metrics

Model predictions were evaluated against the FAO-56 ETo derived
from station observations. The accuracy of the simulated ETo was
assessed using four statistical error metrics, specifically the normal-
ized root mean squared error (nRMSE) and residual mean bias error
(rMBE), by comparing them to the observational ETo data. These
metrics are particularly suitable for this study because nRMSE
quantifies the overall prediction accuracy by expressing the error
as a percentage of the observed mean, making it easy to interpret
and compare across data sets. Meanwhile, rMBE measures the bias
in model predictions, indicating whether the model consistently
overestimates or underestimates ETo. Together, these metrics pro-
vide a comprehensive assessment of both accuracy and systematic
bias, essential for validating model reliability

R2 ¼ ðPn
i¼1ðOi − ŌÞðPi − P̄ÞÞ2̂P

n
i¼1 ðOi − ŌÞ2 Pn

i¼1 ðPi − P̄Þ2 ð4Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn
i¼1

ðPi −OiÞ2
s

ð5Þ

nRMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

P
n
i¼1 ðPi −OiÞ2

q
Ō

ð6Þ

rMBE ¼
�
100

Ō

�
×
1

n

Xn
i¼1

ðPi −OiÞ2 ð7Þ

where Oi = observed ETo values at various time scales; and Pi =
predicted values. The nRMSE indicates modeling performance,
with zero scores for nRMSE, rMBE, and RMSE representing
perfect accuracy. A coefficient of determination score of 1 indicates
a perfect fit, meaning predictions align exactly with the observed
data. Achieving these optimal scores reflects the highest level of
accuracy in predictive modeling (Veysi et al. 2023a).

Fig. 7. Schematic of the random forest (RF).

Fig. 8. Procedure of the ETo bias correction framework.
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Results

Performance of ERA5 Reanalysis ETo

This section highlights the main findings of the study, focusing on
the use of ERA5 climate data as inputs for the FAO–Penman–
Monteith equation to estimate daily ETo. These results are com-
pared with an alternative approach that employs ground-based
observations of identical variables, gathered from 14 weather sta-
tions within the region. The statistical index values obtained from
these stations are presented Fig. 9.

The high nRMSE values observed at specific stations can be
attributed to a combination of geographical and climatic factors.
In regions with uniform topography, such as coastal areas, ERA5
reanalysis data have demonstrated superior performance, indicating
the data set’s ability to provide relatively accurate ETo estimates.
However, in mountainous areas, the performance of ERA5 data
weakens due to the complex interactions between topography
and climate. Research by Raziei and Parehkar (2021) has shown
that the application of ERA5 data in inappropriate topographic con-
ditions, such as high-altitude regions, leads to higher bias values.
Similarly, stations such as Astara, Ramsar, and Anzali, located near
the northern slopes of the Alborz Mountain range, experience dis-
crepancies due to their microclimatic variability and challenging
terrain.

Coastal stations such as Nowshahr, situated near the Caspian
Sea, are strongly influenced by the sea’s moderating effects on tem-
perature and humidity. Rapid and localized changes in these param-
eters, driven by sea breezes and fluctuating wind patterns, introduce
variability that can challenge the accuracy of modeled ETo.

Studies, such as Zhang et al. (2023), have emphasized the im-
portance of bias correction methods for improving ETo estimations.
They demonstrated that raw and bias-corrected regional climate
data exhibit differences in climatological spatial patterns and that
applying bias correction methods effectively eliminates such dis-
crepancies. This underscores the necessity of tailored correction
methods, particularly in regions such as mountainous areas, where
ERA5 data face limitations. To address these challenges, localized
calibration of models and integration of high-resolution observatio-
nal data are essential.

Bias Correction Estimated ETo with AI and ML
Methods

Given that the FAO–Penman–Monteith equation has gained global
acceptance as a standard equation (Allen and Pruitt 1991), the ETo
derived from this equation with the input layer of weather station
data are employed as target values. Fig. 10 elucidates the average of
statistical analysis of different methods all over the coastline in both
testing and training data sets.

Fig. 10 demonstrates that all methods achieve correlation coef-
ficients exceeding 80% in both training and testing phases, indicat-
ing strong model performance. Due to the sensitivity of correlation
coefficients to data volume, conclusions about time-series analyses
are deferred. Instead, other statistical parameters were considered.
Also, the RF and SVMmethods illustrate similar and minimal aver-
age nRMSE and rMBE values. Notably, the GEP method exhibits
inferior performance compared to other techniques due to its reli-
ance on numerical models. This is aligned with the finding of
Traore and Guven (2012), who also observed poor performance
of GEP in modeling decadal ETo in Burkina Faso. Citakoglu et al.
(2014) reported reliable results for monthly mean ETo in Turkey
using ANN and ANFIS models, suggesting that these traditional
methods perform well on larger temporal scales. However, on daily
scales with large data sets, machine learning methods outperform.
In a subsequent phase of the research, each station was individually
examined as illustrated in Fig. 11.

Fig. 11 illustrates the results of five methods during training and
testing. RF and SVMmodels outperformed other techniques for ETo
bias correction, aligning with previous research that demonstrates
their effectiveness in estimating daily ETo (Feng et al. 2017; Chen
et al. 2020). The RF model met the criteria with rMBE values below
15% and nRMSE values under 10% for stations across various cli-
mates, except for Amol station, which showed nRMSE above 10%.
Despite RF’s general accuracy, there was overestimation indicated
by positive rMBE values in both training and test stages.

Classic methods, such as GEP, performed poorly compared to
ANN and ANFIS, showing significant bias. RF model accuracy
decreased significantly in some stations, such as Talesh, whereas
SVM showed more consistent results, suggesting superior general-
izability across diverse data sets. Both RF and SVM showed over-
fitting, with the RF model more prone to this due to its higher R2

Fig. 9. nRMSE and rMBE values of ERA5 data set versus in suite ETo. (Maps by author using ArcGIS © Esri.)
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and RMSE in training. The SVM model showed less overfitting,
likely due to its built-in regularization. Introducing techniques such
as early stopping could improve both models. The RF model
achieved better average predictive accuracy for ETo estimation,
but the SVM model provided more stable predictions across
geographically diverse stations. Future research could explore en-
sembles of SVM or hybrid models to leverage the strengths of both
algorithms. All models showed greater accuracy in cold regions,

with correlation values over 0.8. The highest RMSE was seen with
GEP in hot, humid climates, while the lowest RMSE was with
SVM and RF in cold climates. Both RF and SVM are more sensi-
tive to outliers and noise compared to ANN, ANFIS, and GEP,
which is crucial given the uncertainties and biases in reanalysis
ETo data. Overall, RF and SVM models aligned more closely with
ETo data from weather stations, especially along the Caspian Sea
coastline.

Fig. 11. nRMSE and rMBE of different methods across various stations: (a) heatmap of training nRMSE; and (b) rMBE, respectively.
(c and d) Heatmap of testing nRMSE and rMBE, respectively.

Fig. 10. Average of statistical analysis of different methods in all over of coastline: (a) train; and (b) test.
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Map of Top-Performing AI Methods

As none of the ML methods achieved an nRMSE below 10% for
ERA5 ETo bias correction on their own, the top three performing
methods were identified for each station based on their nRMSE
ranking. Therefore, Fig. 12 illustrates that while RF generally ex-
cels during the training phase, SVM outperforms RF in certain sta-
tions during testing. This discrepancy may stem from SVM’s
ability to better handle variability in station specific climatic con-
ditions, making it a more robust option for diverse geographical
settings Fig. 12.

SVM outperforms in certain stations, such as Sari, Talesh, Gorgan,
Ramsar, Behshahr, and Bandare-Torkaman. Mohammadrezapour
et al. (2019) also found that SVM was superior to GEP and
ANFIS for monthly ETo forecasting. Kumar (2023) demonstrat-
ed that RF is effective for ETo estimation with minimal climate
data in semiarid regions. ANN ranks third, showing lower com-
plexity and ease of use, while still outperforming GEP (Achite
et al. 2022). Table 5 indicates that RF achieves the highest
reduction in nRMSE for stations such as Rasht (87.71%) and

Roudsar (84.25%) on training data, whereas SVM excels in some
testing stations, outperforming RF. These findings suggest that
SVM is particularly effective where RF underperforms. Table 5
illustrates while SVM is not consistently the top performer, it ex-
cels in some test data set stations, such as Bandare-Torkaman,
Ramsar, Sari, Talesh, Behshahr, and Gorgan, outperforming RF.
These results highlight SVM’s potential in scenarios where RF is
less effective.

Error Map for the Caspian Sea Basin

After determining that the RF method is the most suitable approach
at the basin scale, we employed the co-kriging geostatistical inter-
polation method to interpolate error values across the entire basin,
as depicted in Fig. 13.

The results of this interpolation reveal that hotspot error points
are concentrated in the central region of the basin and around Ma-
zandaran province, specifically in cities such as Amol, Noor, and
Chalus. This information provides crucial insights for pinpointing

Fig. 12. Three top-performing data sets for bias correction of ERA5-derived daily ETo along the Caspian Sea coastline: (a) performance for the
training section; and (b) performance for the test section. The methods are distinguished by bar textures or shading patterns as follows: RF (light gray
with diagonal lines), SVM (white with dots), ANN (medium gray), ANFIS (white with horizontal lines), and GEP (dark gray).
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areas where the establishment of additional synoptic stations may
be beneficial in the future.

The analysis indicates that the reduction of reanalysis data errors
can be effectively achieved through machine learning methods and
geostatistical interpolation. This approach has the potential to ini-
tiate a new paradigm in related research. Our findings demonstrate
that geostatistical methods better serve as essential tools for iden-
tifying error-prone areas. Ultimately, this can guide efforts to ex-
pand point-based stations in future developments.

Consequently, utilizing pixel-based data at large scales, obtained
from reanalysis methods, in conjunction with machine learning
techniques to minimize errors in this pixel-based data, is crucial.
These types of data are not mutually exclusive; rather, they can
complement each other effectively when applied correctly. By ad-
dressing error hotspots identified on the map, researchers can en-
hance data fidelity and improve model reliability, leading to more
accurate environmental assessments and better-informed decision-
making in agriculture water management studies.

General Discussion

Two common approaches to reduce bias in reanalysis-based
ETo estimation include correcting biases in the contributing

meteorological factors and directly correcting the ETo time series.
The former method involves correcting biases in the individual
meteorological variables used to calculate ETo. The later approach
focuses directly on correcting biases in the ETo time series
itself instead of adjusting individual meteorological variables
(Nouri and Homaee 2022). In the first approach, it is crucial
to correct all parameters for bias, as correcting only the most
error-prone variable may inadvertently amplify the overall error.
Since the ETo equation involves interconnection of multiple var-
iables, bias correction should be applied to all factors (Paredes
et al. 2018). Bias correction of ETo series is likely to be a more
preferable alternative for ERA5; therefore in this research only the
bias correction methods for ETo values have been used.

Also, when we use AI/ML methods, the lengths of the training
and testing data sets significantly influence the generalization, ro-
bustness, and accuracy of methods. In other words, large and
representative data sets are essential for these models to learn
the underlying patterns effectively and to perform well on unseen
data. Limited training data may result in overfitting, causing the
model to excel on the training set but perform poorly on new data,
while inadequate testing data can impede a precise assessment of
the model’s effectiveness. Thus, the careful selection and appro-
priate sizing of training and testing data sets is crucial to ensure the
reliability and applicability of AI/ML methods in estimating ETo
and other hydrological variables (Mohammadi and Mehdizadeh
2020). Kazemi et al. (2020) examined different ways to divide
temporal data for estimating ETo with machine learning in arid
regions. Our current study, however, focuses only on the accuracy
of various ETo models, without considering their efficiency or
complexity.

The results indicate that the RF machine learning model outper-
formed other methods in correcting biases in ETo calculations
fed with ERA5 data. RF demonstrates robustness in addressing
nonlinear problems, contributing to its exceptional performance.
Moreover, models trained on randomly sampled posttraining sta-
tions successfully passed validation tests, suggesting the spatial
applicability of the RF method across various climate zones. This
underscores its potential utility in correcting ETo values even in
regions with limited data availability.

In the northern regions of the Iran, it is accurate that the data
show areas characterized by flatness and homogeneity. Never-
theless, a significant factor influencing error values, even during
the validation stage, is the prevalence of widespread precipitation
in these areas. Precipitation, which generally has an indirect im-
pact on solar radiation levels, combined with the cloudy nature ofFig. 13. Error maps for random forest training and testing.

Table 5. Percent improvement in nRMSE of the top-performing method at each station

Station

Best model nRMSE (%) Enhance (%)

Train Test ERA5 Train Test Train Test

AMOL RF RF 24.93 7.56 11.12 69.7 55.39
Anzali RF RF 23.57 4.87 7.17 79.32 69.56
Astara RF RF 21.38 4.04 6.58 81.13 69.25
Babolsar RF RF 23.82 5.62 8.37 76.4 64.86
B-torkaman RF SVM 23.26 3.26 5.41 86 76.75
Lahijan RF RF 29.45 3.79 6.90 87.11 76.58
Nowshahr RF RF 22.11 5.19 8.06 76.53 76.58
Ramsar RF SVM 27.76 5.11 7.75 81.6 72.09
Rasht RF RF 32.04 3.94 7.41 87.71 76.88
Roudsar RF RF 30.48 4.80 7.72 84.25 74.67
Sari RF SVM 24.95 4.76 7.08 80.92 71.62
Talesh RF SVM 30.60 3.71 6.82 87.9 77.71
Behshahr RF SVM 21.37 3.60 6.37 83.18 70.2
Gorgan RF SVM 22.08 4.03 5.66 81.74 74.36
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the region, can lead to inaccuracies. A key factor for investigating
bias is rainfall that has a nonlinear effect (Elagib et al. 2024). To
put it differently, with ETo in the coastal areas of Iran, errors may
arise not only due to wind-related factors caused by the lack of
vapor pressure deficit but also due to cloud cover affecting solar
radiation. Essentially, these regions are constrained by energy lim-
itations. Improvement of gridded meteorological model inputs,
wind speed, and solar radiation may also lead to improved rean-
alysis performance.

While the RF method in this study have notably improved daily
bias correction accuracy within ERA5 data, it is imperative to ac-
knowledge certain limitations and expand on how current limita-
tions can be overcome, such as using remote sensing data or
low-cost technologies. Additionally, regarding ETo interpolation
accuracy, geostatistical methods, although widely used for their
computational efficiency, fall short in accounting for topographical
influences on ETo dynamics (Barideh et al. 2022). Additionally,
inherent errors in the ERA5 data set present challenges, especially
in improving the accuracy of daily-scale estimates. Based on the
study’s findings, it is recommended to integrate RF and SVM
models with real-time sensor data to improve bias correction in
regions with limited ground-based weather stations. This hybrid
approach could significantly enhance ETo accuracy for irrigation
scheduling in agricultural regions. Although bias correction meth-
odologies strive to mitigate density dependencies, training data
prerequisites persist. Nouri and Veysi (2024) found that combining
several data sets provides more reliable results than hybridizing
different machine learning methods. Therefore, another limitation
to consider is the exclusive use of ERA5 data for bias correction.
Combining data sets such as ERA5, NCEP, and GLEAM can out-
perform using a single method, such as RF-based bias correction.
In other words, ensemble approaches with multiple data sets are
more powerful than hybridizing different machine learning meth-
ods. Another limitation of this study is its focus on a single area
along the Caspian Sea coastline. The predictive accuracy might
be affected by wider and more irregular climatic fluctuations.
Future research will address this by investigating these conditions
and evaluating the introduced models’ effectiveness for long-term
forecasts.

Conclusion

This study has focused on bias correction of ERA5 ETo across
various environments, specifically in humid, subhumid, and dry
subhumid areas situated along the coastline of the Caspian Sea
basin north of Iran. The study investigated five methods include
(i.e., ANN, ANFIS, GEP, RF, and SVM). Considering the broad
scope of climatic zones covered in this study, one could argue that
the findings are applicable to other case studies conducted in sim-
ilar conditions.

In many studies, the ERA5 product is used in hydrological
modeling. However, the approach taken in this model suffers from
a limitation present in many studies: uncertainty associated with
observations. Moreover, the quality of this spatial product is
highly dependent on topographic conditions. Therefore, it is cru-
cial to correct the daily ETo estimates from ERA5 for any under-
estimation or overestimation in specific locations. In terms of bias
correction between reanalysis ETo and field data, ERA5 ETo
should undergo calibration before being applied in hydrological,
agricultural, and erosion studies. RF and SVM models are pre-
ferred due to their robustness, flexibility, and interpretability,
making them ideal for scenarios with limited data or complex cli-
matic conditions. Among the methods assessed, RF outperformed

others, making it the preferred model for detecting spatial patterns of
ETo, especially in areas without meteorological stations. When sta-
tion data are unavailable, combining reanalysis data with appropri-
ate AI methods is recommended for estimating ETo. For instance, in
coastal regions, using RF methods can significantly improve data
accuracy. This approach aims to boost the confidence of water re-
source managers, farmers, scientists, and other users in the reanal-
ysis data set. Future studies should explore the estimation of ETo
using other reanalysis products and machine learning techniques
to enhance the accuracy of ETo estimations over extended periods.
Overall, this study provides a valuable framework for improving
ETo estimation in coastal regions with scarce meteorological data.
The integration of machine learning techniques such as RF and
SVM can aid in more accurate water management practices, particu-
larly in areas with complex climatic conditions.
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