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ARTICLE INFO ABSTRACT

Keywords: To accurately manage water resources, a precise prediction of reference evapotranspiration
Arifji_tX i“fjex ) ) (ETyef) is necessary. The best empirical equations to determine ET,.f are usually the temperature-
Artificial intelligence technique based Baier and Robertson (BARO), the radiation-based Jensen and Haise (JEHA), and the mass
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Water resources management

transfer-based Penman (PENM) ones. Two machine learning (ML) models were used: least squares
support vector regression (LSSVR) and ANFIS optimized using the particle swarm optimization
algorithm (ANFPSO). These models were applied to the daily ET,ef at 100 synoptic stations for
different climates of Iran. Performance of studied models was evaluated by the correlation co-
efficient (R), coefficient of determination (Rz), mean absolute error (MAE), root mean square
error (RMSE), scatter index (SI) and the Nash-Sutcliffe efficiency (NSE). The combination-based
ML models (LSSVR4 and ANFPSO4) had the lowest error (RMSE = 0.34-2.85 mm d’l) and the
best correlation (R = 0.66-0.99). The temperature-based empirical relationships had more pre-
cision than the radiation- and mass transfer-based empirical equations.

1. Introduction

Arid regions of the world are more sensitive to climate change and variability concerning hydroclimatic conditions. The uptake of
water resources has considerably increased, because of increasing global population and average human water withdrawals per capita
[1,2]. To achieve water resource sustainability, accurate ET,¢f estimation is necessary. ET,¢f estimation is a non-linear relationship that
is a function of several meteorological variables [3-11].
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A precise determination of ET;.f can be performed with a lysimeter station. However, establishing these stations can be expensive,
particularly in developing countries. The Penman-Monteith equation based on FAOse (PM-FAOse) has typically been used as a semi-
empirical equation for prediction of ET,ef [12-15]. In spite of the acceptance of the PM-FAOs¢ equation, it requires full datasets of
climatic variables. However, such data are often not available and/or are incomplete. On the other hand, the calculation of ET;.f may
be considered as simulating a non-linear association between ETf and a large number of climatic variables [16]. Therefore, re-
searchers studied and evaluated so far ET,ef models in various climates [15,17-20]. The empirical models are usually divided into four
categories: models based on temperature, radiation and mass transfer as well as a combination of various models [6,14,21-23].

Furthermore, different algorithms and methods have been so far developed for the calculation of ET;., including artificial neural
network (ANN) [24-28], SVM [29-31], ANFIS [32-39], multiple layer perceptron (MLP; [40-42]), generalized regression neural
networks (GNN; [43]), extreme learning machine (ELM; [34,35,44-48]). Among the methods listed, numerous ET,f models have been
evaluated by researchers using ELM methods. ELM methods are theoretically alternatives, because they generate simple equations and
use a more limited number of climatic variables than the PM-FAOsg model. These methods use LSSVR, ANN, PSO, GA and GEP and are
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utilized by many researchers [19,47,49-52]. Of these models, LSSVR and ANFPSO have been found to generate more accurate results.

Chen [25] applied LSSVR and ANN models for the prediction of daily ET,¢f in a semi-arid climate. By comparing the results with
MLR, he concluded that the ANN model, which uses all climatic variables as input, has the best performance. Kisi et al. [53] modeled
the values of mean monthly ET;. for Iran using data-driven methods of ANN, GEP, ANFIS-grid partitioning (ANFIS-GP) and
ANFIS-subtractive clustering (ANFIS-SC). They concluded that ANFIS-GP has the best performance among the studied methods. In
India Patil and Deka [54] estimated weekly ET,ef and compared the performance of ANN, LSSVM and ELM methods. The ELM provided
better results for the estimation of ETyef than the ANN and SVM methods. Zhu et al. [47] evaluated the PSO algorithm to obtain the
parameters of the ELM method. Afterwards, a hybrid PSO-ELM model was suggested to calculate approximate daily ET;.f for the arid
climate of China. They confirmed that the PSO-ELM method was more reliable than other ELM models and empirical equations, and
thus suggested its use to compute daily ET .

The main novelty of the research is the comprehensive comparison of data mining models with the most appropriate empirical
equations [14] to predict the daily potential evapotranspiration across different climates. Furthermore, Iran has a long dry season (six
to eight months) with rainfall amounts less than 5% of the total precipitation [6,55].

The main objectives of the present study are as follows: (i) to compare the correctness of different ML models (LSSVR and ANFPSO)
and empirical equations (BARO, JEHA and PENM) in daily ET,ef estimation; (ii) to evaluate models with different combinations of
climate inputs (temperature-, radiation- and mass transfer-based as well as combination-based); and (iii) to recommend optimal ML
models to predict the daily ET;.f using limited input data for the various climates across Iran. Moreover, two approaches were pursued
to assess the performance of the recommended methods for calculating ET,ef: (a) suggested models were tested and trained for 100
synoptic stations; and (b) the synoptic stations were divided into four climate classes using the UNESCO aridity index with their mean
climatic traits. The flowchart of the research undertaken is present in Fig. 1.

2. Materials and methods
2.1. Case study and associated data

The meteorological data of 100 synoptic stations across Iran were used. The station locations are presented in Fig. 2. The mete-
orological data were obtained from IRIMO and included mean, maximum (Tp,x) and minimum (Ty,,) air temperatures, precipitation,
relative humidity, wind speed and solar radiation for a period of 33 years (1987-2019). Altitude differences among the stations ranged
from 26 m below sea level at Bandar Anzali station to 2465 m above sea level at Abali station. A double-mass curve analysis was
conducted to evaluate the quality of the meteorological data [56]. Missing data were replaced by the means between the corresponding
data for the previous and following years. The Angstrom equation was used to fill the solar radiation gaps [57] when the correlation
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Fig. 2. Location and climate class of synoptic stations based on the ratio of precipitation to ETyef.
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was more than 0.8 at the 95% confidence level. First of all, solar radiation meeting the land (Ry, MJ m~2d!) was determined above
the earth’s atmosphere for each day linked to the corresponding latitude and longitude as well as the solar constant [57]. Then,
equation (1) was used to calculate the value of Rs.

Rs=Kg, % (14+2.7x 107 x Alt) X (Toax — Tmin)"> X R, €Y

where Alt is altitude (m); and Kgs is the empirical constant, considered equal to 0.16 [6] Precipitation values in Iran are also very
diverse so that the average annual precipitation during the study varied from 52.6 mm at Zabol station to 1694.7 mm at Anzali station.
The average annual ET;f calculated with the PM-FAOsg equation varied from about 800 mm at Anzali station to about 5040 mm at
Jask station.

Based on meteorological parameters, climates in Iran range from arid to humid. The UNESCO aridity index was applied for
temperature-based and precipitation-based climate classifications and is calculated using the values of P and ET,¢f (Eq. (2)). According
to this classification, climate can be divided according to these categories: hyper-arid (AI<0.03), arid (0.03 < AI<0.20), semi-arid
(0.20 < AI<0.50) and humid (AI>0.50) [58-60]. The Alyngsco varied from 0.01 at Zabol station to 2.12 at Anzali station (Eq. (2)).

Alynesco :%Mf x 100 2
According to the Alyngsco, 10 stations were located in hyper-arid climate, 48 stations were situated in arid climate, 30 stations were
located in semi-arid climate and 12 stations can be found in humid climate (Table 1). In general, the central and southeastern regions of
Iran have a hyper-arid climate, and the northeastern, southern and southwestern regions have an arid climate. The western and
northwestern regions of Iran have a semi-arid climate. The Caspian Sea region has a humid climate (Fig. 2).

Fig. 3 illustrates the range of changes of the four parameters Tpin, Tmax, P and ETys. The lowest and highest values of Tp, were
recorded in semi-arid and hyper-arid climates, respectively (Fig. 3a). Tax values from arid to humid climates show a decreasing trend
(Fig. 3b). Fig. 3c shows the increasing trend of P from hyper-arid to humid climates. The decreasing trend of annual ET,¢ values is also
shown in Fig. 3d.

2.2. Empirical ETyf relationships

According to the importance and category of input climatic parameters applied by empirical equations to compute the daily ETf,
all models were categorized subject to these four classes: temperature-based (BARO equation), solar radiation-based (JEHA equation),
mass transfer-based (PENM equation) and combination-based (PM-FAOs¢). These empirical equations were introduced by Sharafi and
Mohammadi Ghaleni [14] and gave good results in each category and are therefore recommended for estimating ET;.f in different
climates of Iran. To compare the results of different models, the PM-FAOsq equation was calculated for all stations. The empirical
equations are given below (Egs. (3)-(6)):

BARO (Baier and Robertson [61])

ET,; =0.109 x (R, / 2) + 0.157Tynax + 0.158(Tinax — Tin) — 5.39 3)
JEHA (Jensen and Haise [62])

ET,e = (0.025T 00 + 0.08)R, / 4 “4)
PENM (Penman [63])

ET,; = (2.625+0.000479u,)(es — e,) 5)
PM-FAO56 (Allen et al. [57])

0.408A(R, — G) + 7[900/ (T ean + 273)|ua(es — €,)

ref = 6
4 A +y(1+0.34u,) ©

Table 1
Stations according to climate classification.
Climate Stations
Classification
Hyper-arid Zabol, Yazd, Bam, Anar, Jask, Khorobiabank, Siri, Tabass, Chabahar and Abumusa
Arid Iranshahr, Kerman, Nehbandan, Bandar Lengeh, Kashan, Garmsar, Zahedan, Khash, Kish, Qom, Saravan, Bandar Abbas, East Isfahan,

Abadan, Sirjan, Bushehr, Ferdows, Shahr Babak, costal Bushehr, Shahroud, Minab, Birjand, Ghaen, Semnan, Gonabad, Bostan, Isfahan,
Ahwaz, Sabzevar, Omidieh, Karaj, Kashmar, Abadeh, Golmakan, Tehran, Fassa, Mashhad, Ramhormoz, Safiabad, Shiraz, Torbat-e
Heydarieh, Sarakhs, Sarpolzahab, Ghochan, Masjedsoleiman, Bojnord and Mianeh

Semi-arid Jolfa, Sarab, Tabriz, Urmia, Arak, Hamedan Nozheh, Hamedan Airport, Parsabad, Maragheh, Khorramdareh, Ahar, Makoo, Shahrekord,
Qazvin, Ardabil, Sanandaj, Takab, Bijar, Kangavar, Zanjan, Saqez, Mahabad, Kermanshah, Khalkhal, Aligoodarz, Islamabad, Dogonbadan,
Khorramabad, Ilam and Ravansar

Humid Abali, Gorgan, Piranshahr, Gharakhil, Sardasht, Babolsar, Koohrang, Rasht, Rasht and Anzali
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Fig. 3. Boxplots showing meteorological variables of (a) Tmin; (b) Tmax; P; and (d) ET,.s for different climates of Iran.

where A is the slope of the saturation vapor pressure function (kPa °C’1), R, is the net radiation (MJ m 2 d’l), G is the soil heat flux
density (MJ m2dh, y is the psychometric constant (kPa °ch, Tmean, max and min are the mean, maximum and minimum daily
temperatures (°C) in this order, u; is the wind speed (m s 1) measured at a height of 2 m, R, is the extraterrestrial radiation (MJ m 2
d’l), A is the latent heat of vaporization (MJ kg’l), RH is the mean relative humidity (%), R is the solar radiation (MJ m—2 d’l), e is
the saturation vapor pressure (kPa), e, is the actual vapor pressure (k Pa), and (es-e,) is the saturation vapor pressure deficit (kPa).

2.3. ML models

2.3.1. LSSVR algorithm

The least squares support vector regression (LSSVR [64]) was introduced for classification (discrete) and regression (real) chal-
lenges. According to the supervised learning method, a concept known as structural risk minimization is utilized to minimize the error
of the model, whereas other methodologies (e.g. ANN) apply the principles of Empirical Risk Minimization [65]. In LSSVR, data are
linearly separated and a regression line with the greatest confidence level is determined. Convex Quadratic Programming is used to
solve the optimal line equations, which makes the problem complex and time-consuming [66]. Thus, solving large-scale challenges
using this methodology entails high computational costs and makes the algorithm more complex. However, LSSVR converts the
non-linear relationship between inputs and outputs to a linear relationship. The advantages of LSSVR include high precision and
accuracy, low complexity, mathematical tractability and speed. One of the factors affecting the LSSVR accuracy is the selection of an
appropriate Kernel Function [67].

2.3.2. ANFPSO algorithm

In the ANFPSO model, ET,f prediction has been performed using two models. ANFIS has been optimized using the particle swarm
optimization algorithm. The ANFIS model has five layers including membership, fuzzy, normalization, diffusion and output layers.
Fuzzy input variables have input membership functions (membership rules), while output membership functions and diffused output
are the outputs of the first to fifth layers of the ANFIS model, respectively [68].

In this paper, the ANFIS model has been presented. This model is based on five input layers and the Gaussian membership function.
The Levenberg-Marquardt algorithm was used to teach the ANFIS model. In the combined model ANFPSO, the particle swarm
optimization (PSO) algorithm has been used to teach the ANFIS model. In other words, in this hybrid model, the weights of mem-
bership functions in the ANFIS model are optimized by the PSO algorithm to minimize the difference between measured and predicted
ETet. Also, different meta-heuristic methods can be used to train the standard mathematical ML.

The PM-FAOs¢ was calculated as the target ET,r and these four groups of empirical ML models were selected: combination-based,
radiation-based, temperature-based and mass transfer based. Table 2 showed the input variables for each model.
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2.4. Evaluation performance criteria

In this study, the number of eight statistical criteria were evaluated for each synoptic station: coefficient of determination (R?),
mean absolute error (MAE), the root mean square error (RMSE), the average percentage error (APE), Nash-Sutcliffe Efficiency (NSE),
the index of agreement (D) and the scatter index (SI). The perfect value for MAE, RMSE, SI, and MAE indices is zero, and for NSE and R?
is unity. Li et al. [69] characterized the range of SI for the precision of the models as follows: excellent (SI < 0.1), good (0.1 < SI < 0.2),
fair (0.2 < SI < 0.3) and poor (SI > 0.3). These criteria were applied, previously [6,14,21,70]. They are commonly used to assess the
results of empirical equations as well as LSSVR and ANFPSO models with PM-FAOs¢ on the basis of Egs. (7)-(12).

Correlation coefficient (R) (Ma and Igbal [71])

i=1 PMy —PMraoss del  gmod el
1 (et ETn (g g7

R= 7)
= 5 2 S=-mod e 2
\/{Z{\’l (ETZAZMMQ _ ET‘fe};’FAD:ﬁ) :| |:Ziv:1 (ET‘:;;d el _ ET“fd 1) :|
Mean Absolute Error (MAE) (M44a and Igbal [71])
1 =t mod el PMF56

MAE=3> " Tt — ET3 | (8)

Nash-Sutcliffe Efficiency (NSE) (Ferreira and da Cunha [49])
;’V:l ( ET[J::;FS() _ ET,‘;}_‘}? el) 2
NSE=1— . 9)
ZN: l ( ET;:’?;FS(» _ ﬁf);A;FSG)
Root mean square error (RMSE) (Ma and Igbal [71])
1 N mod el M, 5 2

RMSE = \/NZi:I (ETreﬁ - Eﬁef;m) 103

Coefficient of determination (R%) (Ma and Igbal [71])
2
. ;’V:I (ETZ}’”FM% _ ﬁi’;’ﬂ\o%) (ETI?}:d el _ ﬁ:&;d el) a
= 5 2 F=-mod e 2
\/{Zf‘/] (ETZ%FAO% _ ETZ;’{FAO:S) :| |:Zi\/:l (Er:;\;’d el _ Ewad I) :|
Scatter Index (SI) (Li et al. [69])
RMSE
SI=— (12)
ETref

where in Egs. (7)-(12), ETZ}?“"“ and ETr";ﬁd el are the ETyef based on PM-FAOsg and modeled ETyef, ET 27°% and ET" ;d % are the mean

ref rej

values of ET,f based on PM-FAOsg and modeled ETyf, and N is the number of datasets for 12,053 days.
3. Results

Boxplots and mean values of performance metrics were used to evaluate R, MAE, NSE, RMSE, R? and SI for each synoptic stations to

Table 2
Input variables for ML and empirical equation models.
Type model Model category Input variables Model name
1 Temperature-based Tmaxs Tmin and Ry LSSVR1
ANFPSO1
BARO
2 Radiation-based Timaxs Tmin» Ra and Rg LSSVR2
ANFPSO2
JEHA
3 Mass transfer-based Timax> Tmin,» RH and Uy LSSVR3
ANFPSO3
PENM
4 Combination-based Tmaxs Tmin>» Ras Rs, RH and U, LSSVR4
ANFPSO4
PM-FAOsq
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Class Station Class Station

ANFPSO4
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a) Pearson Correlation Coefficient
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Mean Absolute Error (mm day™) +o0 4.00 3.00 2.00 1.00 0.00

b) Mean Absolute Error (mm day-")

Fig. 4. Heat map for showing (a) correlation coefficients; and (b) mean absolute errors between ML models and empirical equations with PM-FAOs¢
in different climates of Iran.
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analyze time series plots of predicted versus observed numbers and the behavior of models during the time period 1987-2019. The
distribution of NSE values in space and SI mapping for all ML models and empirical equations listed are presented for each synoptic
stations in Figs. 4-7, respectively.

Fig. 4 illustrates the heating map of the R and MAE values according to ML models and the empirical equations. The mean R for ML
models (LSSVR1-4 and ANFPSO1-4) and empirical equations (BARO, HEHA and PENM) for all studied stations are 0.83 and 0.69,
correspondingly (Fig. 4a). The mean MAE values for the studied stations for intelligent models and empirical equations were 0.76 and
1.89 mm d~, respectively (Fig. 4b). These results show that the ML models are more accurate than the empirical equations based on R
and MAE results.

Mean R and MAE for temperature-based (LSSVR1, ANFPSO1 and BARO), radiation-based (LSSVR2, ANFPSO2 and JEHA), mass
transfer-based (LSSVR3, ANFPSO3 and PENM) and combination-based (LSSV4 and ANFPSO4) models were 0.82, 0.75, 0.76, 0.86 and
0.87,1.29, 1.33, 0.62 in this order. In other words, the highest and lowest accuracy in ET,f estimation were related to the ML models
(R = 0.86 and MAE = 0.62 mm d~!) and the mass transfer-based models (R = 0.76 and MAE = 1.33 mm d ™ 1).

Comparisons between climates showed that the average R of 11 ML models and empirical equations for stations located in hyper-
arid, arid, semi-arid and humid climates are 0.69, 0.79, 0.86 and 0.69, correspondingly. The mean MAE in all studied models from
hyper-arid to humid climates were 2.94, 1.18, 0.49 and 0.47 mm d "}, respectively. This shows that there was no difference between
selected stations in each climate and that the climate classification based on Alyngsco values was suitable. ML models and empirical
equations in semi-arid (R = 0.86 and MAE = 0.49 mm d Hand hyper-arid (R = 0.69 and MAE = 2.94 mm d™ 1) climates had the highest
and lowest accuracy in estimating daily ETyf, respectively.

3.1. Temperature-based models

The application of classical ML models to evaluate ET,¢ has recently attracted the attention of many researchers, and it has been
confirmed that ML models provide better results than empirical equations [5,72]. The performance of recommended models in the
temperature-based method is demonstrated in Fig. 4. The average value of R for temperature-based models in all stations studied for
BARO, ANFPSO1 and LSSVR1 models are 0.85, 0.80 and 0.81, respectively (Fig. 4a). The mean R of BARO were 0.043 and 0.051 higher
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than those of LSSVR1 and ANFPSO1, and the mean MAE of LSSVR1 were 0.028 and 0.19 mm d~! lower than those of ANFPSO1 and
BARO (Fig. 4b).

According to the findings, there was no significant difference between the LSSVR1 and ANFPSO1 models in terms of RMSE, but the
LSSVR1 model outperformed the ANFPSO1 and BARO. These results demonstrate that temperature-based LSSVR1 achieved a higher
precision when calculating ETy.f compared to the use of the BARO equation. In contrast, ANFPSO1 decreased the R? by 0.089, and also
decreased the RMSE, showing that the temperature-based LSSVR1 model slightly outperformed ET,e¢ (Table 3).

The mean R of BARO is higher than the ANFPSO1 and LSSVR1 models. This relationship has a R of less than 0.40 for some hyper-
arid and arid climate stations (e.g., Jask, Siri, Chabahar, Bandar Lengeh and Bushehr coastal). The lower accuracy of the BARO at
synoptic stations in the islands and coastal strip of the Persian Gulf is related to the high RH of these regions and the more complex
evapotranspiration process. This is confirmed when assessing the MAE values that were higher than 4 mm d~* BARO at 5 stations of the
Persian Gulf including Jask, Siri, Chabahar, Abumusa and Bushehr coastal stations. Even the LSSVR1 and ANFPSO1 models have MAE
values higher than 4 mm d™! for the two Jask and Siri stations in the hyper-arid climate, the mean of MAE in all stations studied for
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Table 3
RMSE and R? criteria for different models in different climates.
Base Model Step Hyper-arid Arid Semi-arid Humid
RMSE R? RMSE R? RMSE R? RMSE R?
Temperature LSSVR1 All 2.95 0.53 1.14 0.67 0.43 0.78 0.44 0.51
Train 2.86 0.55 1.10 0.70 0.42 0.82 0.43 0.53
Test 3.16 0.50 1.23 0.63 0.46 0.74 0.47 0.48
ANFPSO1 All 3.04 0.51 1.16 0.66 0.44 0.77 0.45 0.49
Train 2.94 0.53 1.13 0.69 0.42 0.81 0.43 0.51
Test 3.27 0.48 1.24 0.62 0.47 0.73 0.48 0.47
BARO1 All 4.74 0.48 1.36 0.75 0.45 0.87 0.39 0.76
Radiation LSSVR2 All 3.32 0.44 1.29 0.62 0.43 0.78 0.45 0.49
Train 3.22 0.46 1.24 0.66 0.42 0.82 0.44 0.51
Test 3.57 0.42 1.39 0.59 0.46 0.74 0.49 0.46
ANFPSO2 All 3.35 0.43 1.30 0.61 0.44 0.77 0.46 0.48
Train 3.25 0.45 1.26 0.65 0.42 0.81 0.44 0.50
Test 3.59 0.41 1.39 0.58 0.47 0.73 0.49 0.45
JEHA2 All 5.77 0.30 2.85 0.47 1.51 0.57 1.28 0.34
Mass transfer LSSVR3 All 2.29 0.68 1.02 0.73 0.36 0.84 0.39 0.62
Train 2.22 0.71 0.99 0.77 0.35 0.88 0.38 0.65
Test 2.48 0.64 1.11 0.69 0.39 0.79 0.42 0.58
ANFPSO3 All 2.29 0.68 1.02 0.73 0.36 0.84 0.39 0.62
Train 2.22 0.71 0.99 0.77 0.35 0.88 0.38 0.65
Test 2.48 0.64 1.11 0.69 0.39 0.79 0.42 0.58
PENM3 All 9.18 0.23 3.50 0.37 1.59 0.46 1.48 0.08
Combination LSSVR4 All 1.36 0.77 0.82 0.76 0.35 0.85 0.36 0.66
Train 1.28 0.82 0.77 0.81 0.34 0.89 0.36 0.69
Test 1.56 0.73 0.92 0.71 0.38 0.80 0.37 0.64
ANFPSO4 All 2.63 0.58 1.03 0.70 0.40 0.80 0.40 0.60
Train 2.54 0.61 0.99 0.74 0.39 0.85 0.38 0.63
Test 2.85 0.55 1.10 0.66 0.43 0.76 0.43 0.57

these models is lower than the BARO. In general, while the mean MAE values of BARO, ANFPSO1 and LSSVR1 models in hyper-arid
climates were 3.6, 2.5 and 2.3 mm d "}, correspondingly, the mean MAE values of all temperature-based models in other arid, semi-arid
and humid climates were below 1 mm d ! (Fig. 4b).

Negative values of the NSE coefficient for the BARO at Chabahar and Jask indicated that the temperature-based models were less
accurate in estimating ET,¢f at stations with high RH. The mean NSE coefficients for temperature-based models in hyper-arid, arid,
semi-arid and humid climates are 0.47, 0.66, 0.75 and 0.54, respectively. This indicates lower accuracy of temperature-based models
in stations with higher RH in hyper-arid and humid climates than in arid and semi-arid ones. Furthermore, in stations where high RH
has a significant effect on the ETyef process, temperature-based models cannot provide an accurate estimate of ETf (Fig. 5).

The range of estimated residual error for daily ETyef computed over a cumulative 12,053 days for hyper-arid, arid, semi-arid and
humid climates considering all temperature-based models were —5.6 to 14.7, —4.3 to 4.5, —2.3 to 2.6, and —2.2 to 1.8 mm a1,
respectively. The mean SI values in those climates were 0.33, 0.17, 0.14 and 0.17 in this order. Thus, it can be concluded that the
lowest and highest accuracy of temperature-based models were in the hyper-arid and semi-arid climates, correspondingly (Fig. 6).

Commonly, BARO is one of the most precise empirical equations for computing ET,¢f and is commonly used across Iran due to low
requirements and its higher precision for weather data [14]. In most studies, the ML models also enhance the accuracy of computing
ET,ef using temperature-based models [72,73]. Nevertheless, this study indicates that temperature-based LSSVR1 and ANFPSO1
models do not improve the precision when assessing ET;.¢, because the R? values of these models had almost the same statistical results
as BARO (Table 3). Tabari et al. [74] reported that the results attained with the ML models for ET,f estimates were superior than those
achieved with empirical equations. Ferreira et al. [49] found that the temperature-based ML with lower RMSE and better R? values
showed suitable results when compared to empirical methods. Feng et al. [75] also conveyed that the ML model had more accurate
results than the empirical equations.

3.2. Radiation-based models

In the present study, JEHA was chosen as the best radiation-based empirical model [6] to conduct a comparison with the LSSVR2
and ANFPSO2 models. The results demonstrated that the recommended radiation-based LSSVR2 and ANFPSO2 models were signif-
icantly enhanced than the JEHA model. The performance of recommended models in the radiation-based method is demonstrated in
Fig. 4. The mean R of radiation-based models in all stations studied for JEHA, ANFPSO2 and LSSVR2 models are 0.67, 0.78 and 0.79,
respectively. The mean R of LSSVR2 was 0.12 and 0.01 higher than those of JEAH and ANFPSO2, and the mean MAE of LSSVR2 was
0.01 and 2.21 mm d ! lower than those of ANFPSO2 and JEHA (Fig. 4b). Also, the mean NSE of LSSVR2 was 0.01 and 2.34 lower than
those of ANFPSO2 and JEHA (Fig. 5). These results show no significant difference in the RMSE between LSSVR2 and ANFPSO2 models,
but the LSSVR2 model outperformed both ANFPSO2 and JEHA. These results confirm that radiation-based LSSVR2 and ANFPSO2
reached greater precision when calculating ET,f compared to methods using the JEHA empirical equation.
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The MAE values were higher than 4 mm d~! JEHA for eight stations: Jask, Siri, Chabahar, Abumusa, Kerman, Bushehr coastal,
Safiabad and Torbate Heydarieh. However, the LSSVR2 and ANFPSO2 models have MAE values higher than 4 mm d~? for the Jask, Siri
and Abumusa stations in the hyper-arid climate. In general, the mean MAE values of the JEHA, ANFPSO2 and LSSVR2 models for the
hyper-arid climates were 4.6, 2.7 and 2.6 mm d~?, correspondingly. These are the highest MAE values between climates of all
radiation-based models (Fig. 4b).

The mean NSE coefficients for ML radiation-based models in hyper-arid, arid, semi-arid and humid climates are 0.44, 0.62, 0.77
and 0.48 in this order. This indicates lower accuracy of radiation-based models in hyper-arid and humid climates than in arid and semi-
arid climates (Fig. 5). The range of estimated residual error for daily ET;. for all radiation-based models computed over a cumulative
12,053 days for hyper-arid, arid, semi-arid and humid climates were —5.3 to 11.5, —4.3 to 6.6, —2.3 to 4.9, —2.1 to 3.5 mm a1,
respectively. The mean SI values for these climates were 0.39, 0.26, 0.25 and 0.28, respectively. This shows that the lowest and highest
precision of radiation-based models were in hyper-arid and semi-arid climates, respectively (Fig. 6).

Recent studies have confirmed that the variation in ET.ef can be clarified by temperature and solar radiation. Therefore,
temperature-based empirical equations might be expected to provide better results for computing ETyer [14,21,72]. Similarly, Feng
et al. [75] also found that ML models had a higher accuracy for modeling ETy.s than the empirical models in China. Researchers [5]
assessed the performance of SVR coupled with the whale optimization algorithm and the empirical equations for predicting ETyf in
Iranian hyper-arid, arid and semi-arid climates and found that SVR coupled with the whale optimization algorithm had a better
performance than empirical models.

3.3. Mass transfer-based models

The different model performances for the mass transfer-based method are shown in Fig. 4. The mean R of the mass transfer-based
models for the entire stations studied for the PENM, ANFPSO3 and LSSVR3 models are 0.45, 0.81 and 0.82, respectively. The mean R of
LSSVR3 was 0.38 and 0.01 higher than those of PENM and ANFPSO3, and the mean MAE of LSSVR3 were 0.01 and 5.39 mm d ! lower
than those of ANFPSO3 and PENM (Fig. 4b). These results show that there was no significant difference in the RMSE between LSSVR3
and ANFPSO3 models, but the LSSVR3 model outperformed the ANFPSO3 and PENM. The results confirm that mass transfer-based
LSSVR3 and ANFPSO3 achieved greater precision when calculating ET;f than the PENM empirical equation (Table 3).

The MAE values were higher than 4 mm d~! PENM for 21 stations. The LSSVR3 and ANFPSO3 models have MAE values lower than
4 mm d? for all stations in various climates. In general, the mean MAE values for the PENM, ANFPSO3 and LSSVR3 models applied to
hyper-arid climates were 7.24, 1.85 and 1.84 mm d 7, respectively. Those are the highest MAE values of all mass transfer-based models
between climates. The mean NSE coefficients for ML radiation-based models in hyper-arid, arid, semi-arid and humid climates were
0.68, 0.73, 0.84 and 0.62 in this order. This indicates lower accuracy of mass transfer-based models for humid climates compared to
arid and semi-arid ones (Fig. 4b).

The range of estimated residual error for daily ET,f for all radiation-based models computed over a cumulative 12,053 days for
hyper-arid, arid, semi-arid and humid climates were —6.1 to 18.7, —2.5t0 8.8, —1.3 to 6.5 and —1.3 to 3.8 mm d, respectively. The
mean SI numbers for those climates were 0.44, 0.25, 0.24 and 0.30, respectively. Thus, it can be concluded that the lowest and highest
accuracy of radiation-based models were in hyper-arid and semi-arid climates, respectively (Fig. 6).

Adding RH as input to mass transfer-based ML models significantly (p < 0.05) enhanced the accuracy of computing ET,.f when
compared to temperature-based ML models. This finding compares well with those reported by Kiafar et al. [76], confirming higher
accuracies in calculating ETref compared to the application of empirical equations. It is reasonable that the mass transfer-based
empirical equations do not use extraterrestrial radiation as the input, whereas the radiation-based equations do. Chen et al. [77]
confirmed that the accuracy of the ML models in comparison to the temperature-based and radiation-based models was enhanced by
adding the RH trait. The reason for this result was that feeding more data to the ML models usually improves their precision in
calculating ETef.

3.4. Combination-based models

The levels of precision concerning the ML models and the PM-FAO56 equation are very common when ETref modeling is more
complex [19,78]. The performance of the recommended models in the combination-based method is shown in Fig. 4. The mean R of the
combination-based models for all stations studied for the ANFPSO4 and LSSVR4 models is 0.84 and 0.88, respectively. The mean R of
LSSVR4 was 0.04 higher than that of ANFPSO4, and the mean MAE of LSSVR4 was 0.19 mm d~! lower than that of ANFPSO4 (Fig. 4b).
Models in the combination-based method had a mean NSE of LSSVR4 that was 0.07 higher than that of ANFPSO4 (Fig. 5). The results
also show there was no significant difference in the RMSE between the LSSVR4 and ANFPSO4 models, but that the LSSVR4 model
outperformed the ANFPSO4 one. These results confirm that combination-based LSSVR4 and ANFPSO4 were more accurate when
calculating ETyef than the other methods (Table 3).

The mean NSE coefficients for the ML combination-based models in hyper-arid, arid, semi-arid and humid climates are 0.68, 0.74,
0.83 and 0.63, respectively. This indicates lower accuracy of the combination-based models for humid climates compared to arid and
semi-arid ones (Fig. 5).

The estimated residual error range for daily ETy.¢ for all radiation-based models computed over a cumulative 12,053 days in hyper-
arid, arid, semi-arid and humid climates were —4.8 to 11.4, —2.5t0 5.0, —1.1 to 2.6 and —1.1 to 1.3 mm d ! in this order. The mean SI
values for the mentioned climates were 0.18, 0.14, 0.12 and 0.15, respectively. Thus, it can be concluded that the lowest and highest
accuracy of the combination-based models were linked to hyper-arid and semi-arid climates, respectively. In applied combination-
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based ML models, the LSSVR4 model had the highest R? and the lowest RMSE. These results were predictable due to its reasonable
inner model structure. The LSSVR4 is better in defining non-linear relationships between weather and ETyef compared to other models,
indicating a high performance as shown in Fig. 6.

The accuracy of the ETyr estimation is based the SI. The best results among the 11 models were linked to the LSSVR4 model (Fig. 7)
with the exception of Siri and Kish stations, where the SI value was more than 0.20. In other words, for 98% of the stations, the LSSVR4
model had estimated ET.f values with good and excellent SI classifications (SI < 0.20). After the LSSVR4 model, the LSSVR3 and
ANFPSO3 models had the highest accuracy by estimating the daily ET,f values with good and excellent classifications for 93% of
stations. The highest error among the studied models was related to the JEHA and PENM equations. About 90% and 76% of stations
with poor classifications (SI > 0.30) were associated with the JEHA and PENM equations, respectively.

Among the empirical mathematical relationships, the BARO equation is most accurate with 79% of good and excellent classifi-
cations in estimating daily ET;.r. The mean SI values for temperature-based, radiation-based, mass transfer-based and combination-
based models for all studied stations are 0.17, 0.18, 0.14 and 0.13, respectively.

The mean SI was calculated as 0.35, 0.21, 0.19 and 0.23 for all studied models in the stations of hyper-arid, arid, semi-arid and
humid climates, correspondingly. This indicates that most models err in estimating daily ET.r in hyper-arid and humid climates and
have their highest accuracy for semi-arid climates. Daily ET,f estimations for stations located on the Persian Gulf (especially stations
on the islands such as Siri, Kish and Abumusa) always had the highest errors. For example, the accuracies of estimating daily ETyef on
Siri Island by using all 11 SI models were always associated with the poor class (SI > 0.30). Most of the errors of the models at these
stations depend on the greater complexity of the evapotranspiration process in arid and humid climates (Fig. 7).

4. Conclusions and recommendations

According to the results, the behavior of the BARO equation was very good compared with complex models such as JEHA and
PENM for different climates of Iran. However, it can be noted that empirical models are specific for the climatic conditions. Therefore,
the BARO equation has an important role for stations without complete datasets and where it is not possible to utilize the PM-FAOsgq
equation or to develop ML models.

Temperature-based BARO and LSSVR1 significantly increased the accuracy of models used for predicting ETyer. Radiation-based
LSSVR2 and ANFPSO2 models had higher precisions in predicting ET;.f than radiation-based JEHA equations. Mass transfer-based
LSSVR3 and ANFPSO3 models performed significantly better than the radiation-based PENM equation. The performance and
behavior of the combination-based LSSVR4 and ANFPSO4 models were similar to that of the combination-based empirical PM-FAOsq
equation.

When combination-based models were available, all recommended ML models could assess ETr with a higher accuracy than
empirical equations. The application of RH generally improved the performance for all climates, especially for the ML models.
Although the role of RH can be more important for arid and semi-arid climates, this variable also provided performance gains for
humid climates of Iran. Therefore, it can be recommended for future studies that the RH variable should be applied as a crucial
parameter to predict ET;f in humid climates. It is also recommended to analyze relationships between other meteorological variables
and ET,e and to apply other machine learning models including deep learning methods.
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Al Aridity Index
Alynesco UNESCO Aridity Index
Alt Altitude

ANFIS  adaptive neuro-fuzzy inference system
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ANFIS-GP ANFIS optimized using the GP
ANFIS-SC ANFIS-subtractive clustering

ANFPSO

ANFIS optimized using the PSO

ANFPSO1 ANFPSO with temperature-based inputs
ANFPSO2 ANFPSO with radiation-based inputs
ANFPSO3 ANFPSO with mass transfer-based inputs
ANFPSO4 ANFPSO with combination-based inputs

ANN
BARO
€a

ELM

€s

ETref

G

GA

GEP
GNN
GP
IRIMO
JEHA
Kgs
LSSVR
LSSVR1
LSSVR2
LSSVR3
LSSVR4
MAE
ML
MLP
MLR
NSE

P
PENM

artificial neural network

Baier and Robertson

actual vapor pressure

extreme learning machine

saturation vapor pressure

reference evapotranspiration

soil heat flux density

Genetic algorithm

Gene expression programming
generalized regression neural networks
Genetic programming

Iran Meteorological Organization
Jensen and Haise

empirical constant

least squares support vector regression
LSSVR with temperature-based inputs
LSSVR with radiation-based inputs
LSSVR with mass transfer-based inputs
LSSVR with combination-based inputs
mean absolute error

machine learning

multiple layer perceptron

Multi-linear regression

Nash-Sutcliffe efficiency

precipitation

Penman

PM-FAO56 Penman-Monteith equation based on FAO56

PSO

PSO-ELM PSO algorithm to determine the parameters of the extreme learning machine method

particle swarm optimization algorithm

R correlation coefficient

R2 coefficient of determination

Ra extraterrestrial radiation

RH mean relative humidity

RMSE root mean square error

R, net radiation

Rs solar radiation

SI scatter index

SVM support vector machine

Tmax maximum temperature

Tmean mean temperature

Trmin minimum temperature

Uy wind speed measured at 2-m height

UNESCO United Nations Educational, Scientific and Cultural Organization
A latent heat of vaporization

r psychometric constant

A slope of the saturation vapor pressure function
References

Heliyon 9 (2023) e13245

[1] LE.M. de Graaf, T. Gleeson, E.H. Sutanudjaja, M.F.P. Bierkens, et al., Environmental flow limits to global groundwater pumping, Nature 574 (2019) 90-94.

[2] U. Lall, L. Josset, T. Russo, A snapshot of the world’s groundwater challenges, Annu. Rev. Environ. Resour. 45 (2020) 171-194.

14


http://refhub.elsevier.com/S2405-8440(23)00452-8/sref1
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref2

S. Sharafi et al. Heliyon 9 (2023) e13245

[3]
[4]
[5]
[6]

[71
[81

[91
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
[18]

[19]
[20]

[21]
[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]
[34]
[35]
[36]
[371

[38]
[39]

[40]
[41]
[42]

[43]

D. Althoff, R. Filgueiras, S.H.B. Dias, L.N. Rodrigues, Impact of sum-of-hourly and daily timesteps in the computations of reference evapotranspiration across the
Brazilian territory, Agric. Water Manag. 226 (2019), 105785.

R. Hadria, T. Benabdelouhab, H. Lionboui, A. Salhi, Comparative assessment of different reference evapotranspiration models towards a fit calibration for arid
and semi-arid areas, J. Arid Environ. 184 (2021), 104318, https://doi.org/10.1016/j.jaridenv.2020.104318.

B. Mohammadi, S. Mehdizadeh, Modeling daily reference evapotranspiration via a novel approach based on support vector regression coupled with whale
optimization algorithm, Agric. Water Manag. 237 (2020), 106145.

S. Sharafi, M.M. Ghaleni, Evaluation of multivariate linear regression for reference evapotranspiration modeling in different climates of Iran, Theor. Appl.
Climatol. 143 (2021) 1409-1423.

S. Sharafi, N. Mir Karim, Investigating trend changes of annual mean temperature and precipitation in Iran, Arabian J. Geosci. 13 (2020) 1-11.

F. Unes, Y.Z. Kaya, M. Mamak, Daily reference evapotranspiration prediction based on climatic conditions applying different data mining techniques and
empirical equations, Theor. Appl. Climatol. 141 (2020) 763-773.

S. Wang, J. Lian, Y. Peng, B. Hu, H. Chen, Generalized reference evapotranspiration models with limited climatic data based on random forest and gene
expression programming in Guangxi, China, Agric. Water Manag. 221 (2019) 220-230.

S.S. Yamag, M. Todorovic, Estimation of daily potato crop evapotranspiration using three different machine learning algorithms and four scenarios of available
meteorological data, Agric. Water Manag. 228 (2020), 105875.

S. Yan, L. Wu, J. Fan, F. Zhang, Y. Zou, Y. Wu, A novel hybrid WOA-XGB model for estimating daily reference evapotranspiration using local and external
meteorological data: applications in arid and humid regions of China, Agric. Water Manag. 244 (2021), 106594.

R.G. Allen, L.S. Pereira, D. Raes, M. Smith, Crop Evapotranspiration — Guidelines for Computing Crop Water Requirements - FAO Irrigation and Drainage Paper
56, Irrigation and Drainage, 1998, https://doi.org/10.1016/j.€ja.2010.12.001.

D.B. dos Santos Farias, D. Althoff, L.N. Rodrigues, R. Filgueiras, Performance evaluation of numerical and machine learning methods in estimating reference
evapotranspiration in a Brazilian agricultural frontier, Theor. Appl. Climatol. 142 (2020) 1481-1492.

S. Sharafi, M. Mohammadi Ghaleni, Calibration of empirical equations for estimating reference evapotranspiration in different climates of Iran, Theor. Appl.
Climatol. 145 (2021) 925-939.

Q. Zhang, N. Cui, Y. Feng, D. Gong, X. Hu, Improvement of Makkink model for reference evapotranspiration estimation using temperature data in Northwest
China, J. Hydrol. 566 (2018) 264-273.

S. Alexandris, N. Proutsos, How significant is the effect of the surface characteristics on the Reference Evapotranspiration estimates? Agric. Water Manag. 237
(2020), 106181.

M. Ahooghalandari, M. Khiadani, M.E. Jahromi, Developing equations for estimating reference evapotranspiration in Australia, Water Resour. Manag. 30 (2016)
3815-3828.

M. Ahooghalandari, M. Khiadani, M.E. Jahromi, Calibration of Valiantzas’ reference evapotranspiration equations for the Pilbara region, Western Australia,
Theor. Appl. Climatol. 128 (2017) 845-856.

J. Shiri, Modeling reference evapotranspiration in island environments: assessing the practical implications, J. Hydrol. 570 (2019) 265-280.

H. Tabari, C. Martinez, A. Ezani, P. Hosseinzadeh Talaee, Applicability of support vector machines and adaptive neurofuzzy inference system for modeling
potato crop evapotranspiration, Irrigat. Sci. 31 (2013) 575-588, https://doi.org/10.1007/500271-012-0332-6.

S. Celestin, F. Qi, R. Li, T. Yu, W. Cheng, Evaluation of 32 simple equations against the Penman-Monteith method to estimate the reference evapotranspiration
in the Hexi Corridor, Northwest China, Water 12 (2020) 2772.

H. Farzanpour, J. Shiri, A.A. Sadraddini, S. Trajkovic, Global comparison of 20 reference evapotranspiration equations in a semi-arid region of Iran, Nord.
Hydrol 50 (2019) 282-300.

D.K. Vishwakarma, K. Pandey, A. Kaur, N.L. Kushwaha, R. Kumar, R. Ali, A. Kuriqi, Methods to estimate evapotranspiration in humid and subtropical climate
conditions, Agric. Water Manag. 261 (2022), 107378.

S. Kim, H.S. Kim, Neural networks and genetic algorithm approach for nonlinear evaporation and evapotranspiration modeling, J. Hydrol. 351 (3-4) (2008)
299-317.

D. Chen, Daily reference evapotranspiration estimation based on least squares support vector machines, in: International Conference on Computer and
Computing Technologies in Agriculture, 2011, pp. 54-63.

M.K. Goyal, B. Bharti, J. Quilty, J. Adamowski, A. Pandey, Modeling of daily pan evaporation in sub tropical climates using ANN, LS-SVR, Fuzzy Logic, and
ANFIS, Expert Syst. Appl. 41 (2014) 5267-5276.

A. Malik, A. Kumar, M.A. Ghorbani, M.H. Kashani, O. Kisi, S. Kim, The viability of co-active fuzzy inference system model for monthly reference
evapotranspiration estimation: case study of Uttarakhand State, Nord. Hydrol 50 (6) (2019) 1623-1644.

Y. Tikhamarine, A. Malik, D. Souag-Gamane, O. Kisi, Artificial intelligence models versus empirical equations for modeling monthly reference
evapotranspiration, Environ. Sci. Pollut. Res. 27 (24) (2020) 30001-30019.

Y. Tikhamarine, A. Malik, A. Kumar, D. Souag-Gamane, O. Kisi, Estimation of monthly reference evapotranspiration using novel hybrid machine learning
approaches, Hydrol. Sci. J. 64 (15) (2019) 1824-1842.

Y. Guan, B. Mohammadi, Q.B. Pham, S. Adarsh, K.S. Balkhair, K.U. Rahman, A Novel Approach for Predicting Daily pan Evaporation in the coastal.pdf 349-367,
2020.

R. Moazenzadeh, B. Mohammadi, S. Shamshirband, K. Chau, Coupling a firefly algorithm with support vector regression to predict evaporation in northern Iran,
Eng. Appl. Comput. Fluid Mech. 12 (2018) 584-597.

A. Pour-Ali Baba, J. Shiri, O. Kisi, A.F. Fard, S. Kim, R. Amini, Estimating daily reference evapotranspiration using available and estimated climatic data by
adaptive neuro-fuzzy inference system (ANFIS) and artificial neural network (ANN), Nord. Hydrol 44 (1) (2013) 131-146.

R.M. Adnan, R.R. Mostafa, A.R.M.T. Islam, O. Kisi, A. Kuriqi, S. Heddam, Estimating reference evapotranspiration using hybrid adaptive fuzzy inferencing
coupled with heuristic algorithms, Comput. Electron. Agric. 191 (2021), 106541.

P. Sharma, B.B. Sahoo, An ANFIS-RSM based modeling and multi-objective optimization of syngas powered dual-fuel engine, Int. J. Hydrogen Energy 47 (44)
(2022) 19298-19318.

G. Sharma, A. Singh, S. Jain, DeepEvap: deep reinforcement learning based ensemble approach for estimating reference evapotranspiration, Appl. Soft Comput.
(2022), 109113.

O. Kisi, A. Mirboluki, S.R. Naganna, A. Malik, A. Kurigi, M. Mehraein, Comparative evaluation of deep learning and machine learning in modelling pan
evaporation using limited inputs, Hydrol. Sci. J. 67 (2022) 1309-1327.

J. Piri, K. Mohammadi, S. Shamshirband, S. Akib, Assessing the suitability of hybridizing the Cuckoo optimization algorithm with ANN and ANFIS techniques to
predict daily evaporation, Environ. Earth Sci. 75 (2016) 1-13.

J. Piri, H. Ansari, Daily pan evaporation modelling with ANFIS and NNARX, Iran Agric. Res. 31 (2013) 51-64.

P. Sarkar, P. Kumar, D.K. Vishwakarma, A. Ashok, A. Elbeltagi, S. Gupta, A. Kuriqi, Watershed prioritization using morphometric analysis by MCDM approaches,
Ecol. Inf. 70 (2022), 101763.

M.A. Ghorbani, R.C. Deo, Z.M. Yaseen, M. H Kashani, B. Mohammadi, Pan evaporation prediction using a hybrid multilayer perceptron-firefly algorithm (MLP-
FFA) model: case study in North Iran, Theor. Appl. Climatol. 133 (2018) 1119-1131.

M. Karbasi, M. Jamei, M. Ali, A. Malik, Z.M. Yaseen, Forecasting weekly reference evapotranspiration using Auto Encoder Decoder Bidirectional LSTM model
hybridized with a Boruta-CatBoost input optimizer, Comput. Electron. Agric. 198 (2022), 107121.

A. Malik, M. Jamei, M. Ali, R. Prasad, M. Karbasi, Z.M. Yaseen, Multi-step daily forecasting of reference evapotranspiration for different climates of India: a
modern multivariate complementary technique reinforced with ridge regression feature selection, Agric. Water Manag. 272 (2022), 107812.

Y. Feng, N. Cui, D. Gong, Q. Zhang, L. Zhao, Evaluation of random forests and generalized regression neural networks for daily reference evapotranspiration
modelling, Agric. Water Manag. 193 (2017) 163-173.

15


http://refhub.elsevier.com/S2405-8440(23)00452-8/sref3
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref3
https://doi.org/10.1016/j.jaridenv.2020.104318
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref5
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref5
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref6
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref6
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref7
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref8
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref8
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref9
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref9
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref10
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref10
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref11
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref11
https://doi.org/10.1016/j.eja.2010.12.001
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref13
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref13
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref14
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref14
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref15
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref15
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref16
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref16
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref17
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref17
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref18
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref18
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref19
https://doi.org/10.1007/s00271-012-0332-6
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref21
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref21
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref22
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref22
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref23
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref23
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref24
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref24
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref25
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref25
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref26
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref26
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref27
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref27
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref28
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref28
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref29
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref29
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref30
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref30
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref31
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref31
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref32
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref32
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref33
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref33
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref34
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref34
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref35
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref35
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref36
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref36
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref37
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref37
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref38
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref39
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref39
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref40
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref40
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref41
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref41
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref42
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref42
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref43
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref43

S. Sharafi et al. Heliyon 9 (2023) e13245

[44] R.C. Deo, P. Samui, D. Kim, Estimation of monthly evaporative loss using relevance vector machine, extreme learning machine and multivariate adaptive
regression spline models, Stoch. Environ. Res. Risk Assess. 30 (2016) 1769-1784.

[45] Y. Feng, Y. Jia, Q. Zhang, D. Gong, N. Cui, National-scale assessment of pan evaporation models across different climatic zones of China, J. Hydrol. 564 (2018)
314-328.

[46] Y. Tikhamarine, A. Malik, K. Pandey, S.S. Sammen, D. Souag-Gamane, S. Heddam, O. Kisi, Monthly evapotranspiration estimation using optimal climatic
parameters: efficacy of hybrid support vector regression integrated with whale optimization algorithm, Environ. Monit. Assess. 192 (11) (2020) 1-19.

[47] B. Zhu, Y. Feng, D. Gong, S. Jiang, L. Zhao, N. Cui, Hybrid particle swarm optimization with extreme learning machine for daily reference evapotranspiration
prediction from limited climatic data, Comput. Electron. Agric. 173 (2020), 105430.

[48] E.S.M. El-Kenawy, B. Zerouali, N. Bailek, K. Bouchouich, M.A. Hassan, J. Almorox, M. Eid, Improved weighted ensemble learning for predicting the daily
reference evapotranspiration under the semi-arid climate conditions, Environ. Sci. Pollut. Res. 29 (54) (2022) 81279-81299.

[49] L.B. Ferreira, F.F. da Cunha, R.A. de Oliveira, E.I. Fernandes Filho, Estimation of reference evapotranspiration in Brazil with limited meteorological data using
ANN and SVM-A new approach, J. Hydrol. 572 (2019) 556-570.

[50] S. Jovic, B. Nedeljkovic, Z. Golubovic, N. Kostic, Evolutionary algorithm for reference evapotranspiration analysis, Comput. Electron. Agric. 150 (2018) 1-4.

[51] L.C.G.V.Jtnior, T.M. Ventura, R.S.R. Gomes, J. de S. Nogueira, F. de A. Lobo, G.L. Vourlitis, T.R. Rodrigues, Comparative assessment of modelled and empirical
reference evapotranspiration methods for a brazilian savanna, Agric. Water Manag. 232 (2020), 106040.

[52] M.A. Mattar, Using gene expression programming in monthly reference evapotranspiration modeling: a case study in Egypt, Agric. Water Manag. 198 (2018)
28-38.

[53] O. Kisi, H. Sanikhani, M. Zounemat-Kermani, F. Niazi, Long-term monthly evapotranspiration modeling by several data-driven methods without climatic data,
Comput. Electron. Agric. 115 (2015) 6677, https://doi.org/10.1016/j.compag.2015.04.015.

[54] A.P. Patil, P.C. Deka, An extreme learning machine approach for modeling evapotranspiration using extrinsic inputs, Comput. Electron. Agric. 121 (2016)
385-392.

[55] D. Moshir Panahi, Z. Kalantari, N. Ghajarnia, S. Seifollahi-Aghmiuni, G. Destouni, Variability and change in the hydro-climate and water resources of Iran over a
recent 30-year period, Sci. Rep. 10 (2020) 1-9.

[56] M.A. Kohler, On the use of double-mass analysis for testing the consistency of meteorological records and for making required adjustments, Bull. Am. Meteorol.
Soc. 30 (1949) 188-195.

[57] R.G. Allen, W.O. Pruitt, J.L. Wright, T.A. Howell, F. Ventura, R. Snyder, D. Itenfisu, P. Steduto, J. Berengena, J.B. Yrisarry, et al., A recommendation on
standardized surface resistance for hourly calculation of reference ETo by the FAO56 Penman-Monteith method, Agric. Water Manag. 81 (2006) 1-22.

[58] R. Mohammed, M. Scholz, Climate variability impact on the spatiotemporal characteristics of drought and Aridityin arid and semi-arid regions, Water Resour.
Manag. 33 (2019) 5015-5033.

[59] S. Sharafi, M. Ramroudi, M. Nasiri, M. Galavi, G.A. Kamali, Role of early warning systems for sustainable agriculture in Iran, Arabian J. Geosci. 9 (2016) 1-17.

[60] H. Vangelis, D. Tigkas, G. Tsakiris, The effect of PET method on reconnaissance drought index (RDI) calculation, J. Arid Environ. 88 (2013) 130-140.

[61] W. Baier, G.W. Robertson, Estimation of latent evaporation from simple weather observations, Can. J. Plant Sci. 45 (1965) 276-284.

[62] M.E. Jensen, H.R. Haise, Estimating evapotranspiration from solar radiation, J. Irrigat. Drain. Div. 89 (1963) 15-41.

[63] H.L. Penman, Natural evaporation from open water, bare soil and grass, Proc. R. Soc. London. Ser. A. Math. Phys. Sci. 193 (1948) 120-145.

[64] H. Drucker, C.J. Burges, L. Kaufman, A. Smola, V. Vapnik, Support vector regression machines, Adv. Neural Inf. Process. Syst. 9 (1996).

[65] Y.B. Dibike, S. Velickov, D. Solomatine, M.B. Abbott, Model induction with support vector machines: introduction and applications, J. Comput. Civil Eng. 15
(2001) 208-216.

[66] S. Seyedzadeh, F.P. Rahimian, P. Rastogi, I. Glesk, Tuning machine learning models for prediction of building energy loads, Sustain. Cities Soc. 47 (2019),
101484.

[67] G.C. Cawley, N.L.C. Talbot, Fast exact leave-one-out cross-validation of sparse least-squares support vector machines, Neural Network. 17 (2004) 1467-1475.

[68] A. Seifi, H. Riahi-Madvar, Improving one-dimensional pollution dispersion modeling in rivers using ANFIS and ANN-based GA optimized models, Environ. Sci.
Pollut. Res. 26 (2019) 867-885.

[69] M.-F. Li, X.-P. Tang, W. Wu, H.-B. Liu, General models for estimating daily global solar radiation for different solar radiation zones in mainland China, Energy
Convers. Manag. 70 (2013) 139-148.

[70] D.A. Samaras, A. Reif, K. Theodoropoulos, Evaluation of radiation-based reference evapotranspiration models under different Mediterranean climates in central
Greece, Water Resour. Manag. 28 (2014) 207-225.

[71] C.C.Y. Ma, M. Igbal, Statistical comparison of solar radiation correlations Monthly average global and diffuse radiation on horizontal surfaces, Sol. Energy 33
(1984) 143-148.

[72] X. Chen, Y. Li, H.W. Chau, H. Zhao, M. Li, T. Lei, Y. Zou, The spatiotemporal variations of soil water content and soil temperature and the influences of
precipitation and air temperature at the daily, monthly, and annual timescales in China, Theor. Appl. Climatol. 140 (2020) 429-451, https://doi.org/10.1007/
500704-020-03092-9.

[73]1 M. Gocic, D. Petkovi¢, S. Shamshirband, A. Kamsin, Comparative analysis of reference evapotranspiration equations modelling by extreme learning machine,
Comput. Electron. Agric. 127 (2016) 56-63.

[74] H. Tabari, O. Kisi, A. Ezani, P. Hosseinzadeh Talaee, SVM, ANFIS, regression and climate based models for reference evapotranspiration modeling using limited
climatic data in a semi-arid highland environment, J. Hydrol. 444-445 (2012) 78-89, https://doi.org/10.1016/j.jhydrol.2012.04.007.

[75] Y. Feng, N. Cui, L. Zhao, X. Hu, D. Gong, Comparison of ELM, GANN, WNN and empirical models for estimating reference evapotranspiration in humid region of
Southwest China, J. Hydrol. 536 (2016) 376-383.

[76] H. Kiafar, H. Babazadeh, P. Marti, O. Kisi, G. Landeras, S. Karimi, J. Shiri, Evaluating the generalizability of GEP models for estimating reference
evapotranspiration in distant humid and arid locations, Theor. Appl. Climatol. 130 (2017) 377-389.

[77] Z. Chen, Z. Zhu, H. Jiang, S. Sun, Estimating daily reference evapotranspiration based on limited meteorological data using deep learning and classical machine
learning methods, J. Hydrol. 591 (2020), 125286.

[78] M.M. Reis, A.J. da Silva, J.Z. Junior, L.D.T. Santos, A.M. Azevedo, E.M.G. Lopes, Empirical and learning machine approaches to estimating reference
evapotranspiration based on temperature data, Comput. Electron. Agric. 165 (2019), 104937.

16


http://refhub.elsevier.com/S2405-8440(23)00452-8/sref44
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref44
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref45
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref45
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref46
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref46
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref47
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref47
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref48
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref48
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref49
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref49
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref50
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref51
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref51
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref52
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref52
https://doi.org/10.1016/j.compag.2015.04.015
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref54
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref54
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref55
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref55
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref56
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref56
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref57
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref57
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref58
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref58
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref59
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref60
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref61
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref62
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref63
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref64
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref65
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref65
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref66
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref66
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref67
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref68
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref68
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref69
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref69
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref70
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref70
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref71
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref71
https://doi.org/10.1007/s00704-020-03092-9
https://doi.org/10.1007/s00704-020-03092-9
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref73
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref73
https://doi.org/10.1016/j.jhydrol.2012.04.007
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref75
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref75
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref76
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref76
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref77
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref77
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref78
http://refhub.elsevier.com/S2405-8440(23)00452-8/sref78

	Comparison of predictions of daily evapotranspiration based on climate variables using different data mining and empirical  ...
	1 Introduction
	2 Materials and methods
	2.1 Case study and associated data
	2.2 Empirical ETref relationships
	2.3 ML models
	2.3.1 LSSVR algorithm
	2.3.2 ANFPSO algorithm

	2.4 Evaluation performance criteria

	3 Results
	3.1 Temperature-based models
	3.2 Radiation-based models
	3.3 Mass transfer-based models
	3.4 Combination-based models

	4 Conclusions and recommendations
	Author contribution statement
	Funding statement
	Data availability statement
	Declaration of interest’s statement
	The authors declare no conflict of interest.Abbreviations
	References


