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Estimating crop water requirements and designing irrigation systems effectively
depends heavily on determining evapotranspiration. Machine learning models
have been developed to estimate evapotranspiration (ET) and circumvent the
limitations of empirical models. In recent years, ET estimate has been improved
and refined through the use of remote sensing technology. Assessment of remote
sensing and machine learning for determining reference evapotranspiration This
study examined the effectiveness of three models for estimating reference
evapotranspiration in the Ardabil plain: random forest (RF), multiple linear
regression (MLR), and support vector machine (SVM). From 2006 to 2023,
synoptic stations and remote sensing provided meteorological data for the model.
The FAO Penman-Monteith method was used to calculate ETo, the target
parameter, within a five-synoptic station range. The time series of input and target
parameters were recorded at the four synoptic stations during the model's
construction and training phases. A random time series and a combination of all
the data were then used in the model's final evaluation phase, which only used the
data from the fifth station. R?, NSE, and RMSE were the evaluation statistics that
were employed. The RF model's statistical index results were 0.7, 0.558, and
10.76, the SVM's were 0.71, -1, and 13.6, and the MLR's were 0.71, -0.688, and
21. Comparing the outcomes, it was found that the RF model was more accurate
than the others. The current study demonstrated that, for areas lacking statistics,
the random forest model can be a dependable and reasonably accurate model for
predicting ETo using RS data.
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Figure 1. Scope and location of the study area
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Table 1. Meteorological data received from the Google Earth Engine platform

Variable index Unit* Dataset Provider Resolution (m) Time Step
volumetric_soil_water_layer 1 VSW (\Volume fraction)
temperature_2m T2 (°C)
Reference_evaporation_sum pe (m) . . .
leaf_area_index_low_vegetation LAII (Area fraction) ERAS-Land Daily 11132 Daily
leaf_area_index_high_vegetation LAIh (Area fraction)
soil_temperature_level_1 stl (°C)
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Table 2. Descriptive Statistics of Ardabil Synoptic Station

Variable N Mean Minimum Median Maximum
VSW 612 0.36795 0.208 0.3929 0.4713
T2 612 9.714 -10.111 10.721 24.124
pe 612 -3.5291 -8.4 -3.5833 0
LAIL1 612 1.0805 0.897 1.024 1.442
LAIh 612 2.1648 2.105 2.1434 2.2823
Stl 612 11.674 -0.246 11.733 26.565
ETo 612 29.048 5.55 26.205 65.89

Table 3. Descriptive Statistics of Nir Synoptic Station

Variable N Mean Minimum Median Maximum
VSW 506 0.3177 0.1232 0.34005 0.417
T2 506 8.327 -11.832 8.966 23.529
pe 506 -3.405 -8.167 -35 0
LAIL1 506 1.0657 0.8982 0.9868 1.4572
LAIh 506 2.3852 2.359 2.3789 2.4366
Stl 506 10.032 -1.189 9.984 25.05
ETo 506 28.281 5.3 27.14 71.35

Table 4. Descriptive Statistics of Sarein Synoptic Station

Variable N Mean Minimum Median Maximum
VSW 609 0.41393 0.243 0.44067 0.4952
T2 609 8.12 -11.801 9.134 22.949
pe 609 -3.9162 -8.8 -4 0
LAIL1 609 1.2273 1.081 1177 1.5338
LAIh 609 1.9761 1.88 1.944 2.1795
Stl 609 10.074 -0.803 9.97 24.217
ETo 609 26.526 5.61 25.69 62.88

Table 5. Descriptive Statistics of Airport Synoptic Station

Variable N Mean Minimum Median Maximum
VSW 609 0.3101 0.1307 0.3416 0.4164
T2 609 9.192 -10.551 10.087 23.78
pe 609 -2.8318 -7.4 2.7 0
LAIL 609 0.9829 0.692 0.9422 1.4914
LAIh 609 2.457 2.444 2.455 2.4825
Stl 609 11.909 -0.059 11.839 26.897
ETo 609 29.679 5.27 26.9 77.58

Table 6. Descriptive Statistics of Namin Synoptic Station

Variable N Mean Minimum Median Maximum
VSW 528 0.3129 0.1208 0.34605 0.4153
T2 528 9.393 -10.77 10.097 23.661
pe 528 -3.387 -8.636 -3.286 0
LAIL 528 1.5215 1.174 1.4808 2.0445
LAIh 528 2.3343 2.222 2.3208 2.5083
Stl 528 11.748 0.067 11.568 26.183

ETo 528 28.172 5.44 25.435 81.71
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Table 7. Correlation between ETo and input parameters (Ardabil Station)

Station VSW T2 pe LAI1 LAIh Stl
Ardabil -0.754 0.892 -0.887 0.769 0.761 0.916
Nir -0.522 0.843 -0.871 0.733 0.772 0.834
ET, Sarein -0.561 0.862 -0.891 0.787 0.785 0.858
AirPort -0.698 0.864 -0.909 0.830 0.826 0.858
Namin -0.662 0.780 -0.843 0.858 0.860 0.781
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Figure 3. Model’s Parameters Time series in Ardabil station.
a) Soil water Time series, b) Temperature Time series
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Continued figure 3. Model’s Parameters Time series in Ardabil station.

c) Reference evaporation Time series, d) LAI low Time series, €) LAI high Time series, f) Soil Temperature Time series
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Table 8. Input Variants Combination

COMB num Combination

Comb 1 stl, T2, pe, LAII, LAIh, vsw
Comb 2 stl, T2, pe, LAIl, LAIh,
Comb 3 st1, T2, pe, LAII

Comb 4 stl, T2, pe

Comb5 stl, T2

Comb 6 Stl

odlatwl Minitab g Excel (sla)liéle 5 5l albnis Jas jomw)S ) dolee JSWis aon )3 5 colpd duwlbe (gl y
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Table 9. Constant coefficients of multiple linear regression equation

Parameters Coefficients Standard Error t Stat P-value Lower 95% Upper 95%

Intercept 0.000

VsSW -40.972 2.813 -14.566 0.000 -46.489 -35.454
T2 0.598 0.077 7.749 0.000 0.447 0.749

pe -0.698 0.092 -7.607 0.000 -0.878 -0.518
LAIL 23.188 1.148 20.202 0.000 20.937 25.440
LAIh 4.127 0.407 10.149 0.000 3.330 4.925
Stl 0.521 0.097 5.378 0.000 0.331 0.711
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Figure 5. Estimated reference evapotranspiration for Namin station in MLR method
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Figure 9. Estimated reference evapotranspiration for Namin station in SVM method



V1FoF (Jol o sloss o 35l 0490 o5 ylof 5 f <o pito a1

3> I RF Jao &8 5ls lis RMSE  NSE R (glao,lol I Jols polie (Vo) Jgao 5> osdsadly] ols llas
sl Jgl alag 5 R o)lol 51 Juols poolio o)l S je g LSy sloosls b g2 po 555 9 5 y900 > 5V
4y (s o] oo 5 oy Ao so 5> o] (935 S8 BB o8 sele NSE s Lol el Js8 i Jao s 5
25 Oyge 3 B Jae 2L pas (L SVM g MLR Jae 93 )3 g9590 (nl & Cunsd Jo3 JB (g2 shie cunmo
3 Otomia sloaly 1 edlatwl 3 Jae cpl ol 51 Ll g sdiosalin olay K> jogas;d opl &S .l 6ol
oo 5l odlisal b iy Gy g e 35l dagingly nlo @S (wop b Cod BTO (30059 el 59
o o die ol ) daly ) > et 55 Ll aadl 35 (slaJbe | 5580 i smile (sS3k
(omile (65500 gl Jae Lol ciiwn ol ooy abadlsl b g (6399 sbrodly wlyoxs blae > ¢ Jgome ysbay
ILL g Ll by g oo a8l Jho & Lus 03 degase S§ ST Jloj 1y 008 i CBd 1y S MlgS e
uasuie 033 ds gasre S el diwosly (gla Juo 3l gyl &Sy (Dong et al., 2020; Hassan et al., 2017) q.
boad Jao 5650k o e (s el ggoge nl Cusl (Son o5 S o0 Jai 0 ialeil g Ghjgel sl
Gy Lol glrodly asgezs 5l old (g6 S (gly badd > Slae cds 1y S 1) 480 5 0o Luws 4
Marti et al., ) 5,55 Jas ,>  Slallas edgae IS (sl |y cowlio 6ol ccstin (clmodld ggamme ol Wi g ok
385 0,Sdas byl Sl (gly (i yliel (ogy S (28,3 ,ka3 )5 s .(2015; Shiri, 2018; Shiri et al., 2014
Gl Slas luor Jao S S gy0bay Cuwl osly slagSIl yululy Jae yo 5 Slae aSls sl (36 ¢ Jde
(Fan et al., 2018; Wu & Fan, 2019) cuslosly ;L calisee olgmgol blys cov calisee cllhas j 1)  Sglize
Jo sylul g sy Wlg o Slllas dalais calise bl | (6399 (sbrosls oSyl edliiw] Cyguo oyl jo &
dlad g Sy Slojsmwe S ikgh cpl jd jelaie er 4 L(Akbari Majd et al., 2024) ail suiS oS
St Jae Shigel g el sl cottte o] Jog cslaodls JS 5l elital b Sl 5 loj i culey gl
b e glooaly Jlie ) Jae (il cely Glojigym ol & 4
&b om Slbgren Jile Gl oddaog o5 cul (oYL ke gl RMSE Jus s j2 )3 (pizen
Chatfield & Xing, ) &y sodld 3939 pas b 3539 Oyao 0 803 slayog) | Jdo sla (535)5 5 Ban

2019; Coucke & Soumali, 2017; Heckert et al., 2002; Hund et al., 2000; Kalteh & Hjorth, 2009; Little et
,S odlasl (al., 2013; Organization, 2008

Table 10. Models’ accuracy

Model Input Dataset RMSE NSE R?
MLR Models Data (4 stations) 6.44 0.838 0.84
Namin Station 21.02 -0.688 0.71

RE Models Data (4 stations) 5.65 0.875 0.88
Namin Station 10.76 0.558 0.7
SVM Models Data (4 stations) 6.59 0.83 0.84
Namin Station 13.6 -1 0.71
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Table 11. The accuracy of models by Random-Combination Inputs

R?
Models SVM MLR RF
FAOS56 ETO 1.0000 1.0000 1.0000
ETO_Comb1 0.8758 0.8375 0.8376
ETO_Comb2 0.8804 0.8346 0.8280
ETO_Comb3 0.8718 0.7765 0.8143
ETO_Comb4 0.8346 0.7729 0.7943
ETO_Comb5 0.8204 0.3325 0.7748
ETO_Comb6 0.8081 0.4350 0.7683
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