Vol 13, No. 4, Winter 2024

Journal of Water and Irrigation Management  online 1SsN: 2382-9931

University of Tehran Press
Homepage: https://jwim.ut.ac.ir/

Evaluating Remote Sensing Technique and Machine Learning
Algorithms in Estimating Sugarcane Evapotranspiration

| Mohammad Albaji?®*"*" | Mona Golabi®
Saeid Homayouni®

Mohammad Alavit | Abd Ali Naseri*™* |

1. Department of Irrigation and Drainage, Faculty of Water and Environmental Engineering, Shahid Chamran
University of Ahvaz, Ahvaz, Iran. E-mail: mohammad-alavi@stu.scu.ac.ir

2. Corresponding Author, Department of Irrigation and Drainage, Faculty of Water and Environmental Engineering,
Shahid Chamran University of Ahvaz, Ahvaz, Iran. E-mail: m.albaji@scu.ac.ir

3. Department of Irrigation and Drainage, Faculty of Water and Environmental Engineering, Shahid Chamran
University of Ahvaz, Ahvaz, Iran. E-mail: m.golabi@scu.ac.ir

4. Department of Irrigation and Drainage, Faculty of Water and Environmental Engineering, Shahid Chamran
University of Ahvaz, Ahvaz, Iran. E-mail: abdalinaseri@scu.ac.ir

5. Centre Eau Terre Environnement, Institut National de la Recherche Scientifique (INRS), 490 Couronne St,

Quebec, QC G1K 9A9, Canada. E-mail: saeid.homayouni@inrs.ca

Article Info

ABSTRACT

Avrticle type:
Research Article

Article history:

Received 17 July 2023

Received in revised form

9 August 2023

Accepted 4 October 2023
Published online 17 January 2024

Keywords:

Decision tree

Experimental models

Gradient boosted regression tree
Spectral indices

Support vector machine

Estimating crop evapotranspiration (ETc) in arid and semi-arid areas can be
difficult due to the dynamic nature of this process across both time and space. In
addition, obtaining on-site measurements for this variable can be very time-
consuming and costly. This study aimed to develop a framework that accurately
estimates the sugarcane crop evapotranspiration on a spatio-temporal scale. This
was achieved using four machine learning (ML) algorithms (MLR, CART, SVR,
and GBRT) combined with remote sensing (RS) data and meteorological
variables. Also, to reduce the dependence on several meteorological parameters in
conventional ETc equations, the performance of eight different experimental
temperature-based methods and four modified Hargreaves & Samani equations
was evaluated compared to the standard FAO-Penman-Monteith method. For this
purpose, weather data were collected from Hakim Farabi Sugarcane Agro-
Industrial meteorological station for three years (2018-2021). Nine combinations
of input variables (RS data and meteorological variables) were designed based on
the IGR method and then evaluated by the ML algorithms. The results showed
that the highest accuracy of ML algorithms based on R?, RMSE, and MAE
statistics was obtained in CART (0.99, 0.41, and 0.18) and GBRT algorithms
(0.99, 0.65, and 0.26), respectively. Regarding temperature-based methods,
Ivanov’s equation had the best performance with an R? of 0.91, while Baier and
Robertson’s equation had the weakest performance with an R? of 0.78 when
estimating ETc. Overall, the combination of RS and ML algorithms effectively
produced more precise and reliable ETc values on both temporal and spatial
scales.
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Figure 1. The location of the study area
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Table 1. Temperature-based methods for estimating ETo

Model Equation Parameter Source
Ivanov ET,= 0.00006 (25+Tmean)? (100-RH) Treans RH Ivanov (1954)
Schendel ETazlﬁ(%) Teans RH Schendel (1967)
Blaney & Criddl ETo=a+b[p(0.46Tyean + 8.13)] Tiean, RH,RHmin, N, N, U Blaney & Criddl (1950)
Kharrufa ETo=0.34pTmean™® Trnean, N Kharrufa (1985)
Ravazzani ET,= (0.817+0.000222)(0.0023Rz)(TD5)(Tmea+17.8) Trmeans Trmaxs Trainy Z Ravazzani et al.(2012)
Hargreaves & Samani ET,= 0.0135xKs X0.408R;X(Tmean +17.8)(TD)*® Trneans Tmax, Tmin Hargreaves & Samani (1985)
Hargreaves & Samani -1  ET,= 0.0030 X0.408R:X(T mean +20)(TD)%4 Trneans Tmax, Tmin Droogers & Allen (2002)
Hargreaves & Samani -2 ET,= 0.0025 x0.408R,X(T nean +16.8)(TD)*® Trneans Tmax, Tmin Droogers & Allen (2002)
Hargreaves & Samani -3  ET,= 0.0013 x0.408R,X(Tmean +17)(TD-0.0123P)%™ Tineans Tmax, Tmin, P Droogers & Allen (2002)
Hargreaves & Samani -4  ET,= 0.00193 x0.408R:X (T ean +17.8)(TD)°5Y Timeans Trax, Trmin Berti et al. (2014)
Baier & Robertson ETo=0.157Ta + 0.158TD + 0.408R,-5.39 Tmax, Tmin Baier & Robertson (1965)
Trajkovic ETo= 0.0023R:X(Tmean +17.8)(TD)**%* Tinean, Tmex, Trmin Trajkovic (2007)
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Figure 2. Curves of sugarcane K. values during the entire growing stage in 2019

oS yig st wadS (el gy i ,> FAO-PM 3,lulil be, (yololys odddeuslone ETo ypolia (¥) IS
B BBoweSS gy ) yiahe Vo (YL slag g ) (V) IS8 b ilae s ol |y bed p (Sse
(g eJsS SN sl byy slagess amdse oLt |y (93,5055 5 25l e dlie Lod (e slasbg,
ol g2 3550508 2l Gigiar Cumd opgminly b g @asSly @ - A= Slls jgSle dgs
Vo 5 VL (sl g s 10 S G5 Jloinl @9 s W bgy cnl ol ddlaie (o)lo] (giajaly 2ol
Fagdee Vo5l 5VL (gla3yg s ) Jaid (hg) V) S8 4 deg b (B)b jlculs amles 392 o) )3 e e
sile (Mo 35 skl ($32040b 5 50 gy ol Sl edlitsl ©yg0 1 g sl 038 o 39l 904 g,
uslio Jlme olgieds 2515 e 00553 (slaybgy cnlplhy s ST 1 90 lalS 4 el 5 B8 b slx]
g byme dilate pl 53 S olS (5,5 3,4y 50

R? ()] (sloadlis yolio | 55505 2yglp o bod o iteo (slo o €85 lise F3E> (g sglaion;
D9y ComS 4y 50 a8 ol L mls ol ss edly lis (V) USG5 0 o @ls 45 ws edlazul MAE 3 RMSE
Slbw jo,5 ) hgy ped Sl 40 5 joy g yie due VNVE 9 VIYF /AY ply MAE § RMSE R? L (als)]
D9y b 65 Sonp cadygly joy p pedue VEe g VEY /MY ply MAE 4 RMSE R? L ¥-orizMol
0> s € b Cuiles T g RH jielily g0 51 eolail b s cailgsl ybgy a8 cuwl 85 LS acisly o bl
b9y 3 3o (p s oy pdyee (278 SRy O Sl e Wi (eSS adlate 3 1y olS (5 S
ol Cawddy G953 yia oo YIVE ply MAE 5 AV 1l RMSE /YA 5l R pyolio b oygus ol b

Do b o3 e gy & slaglyy 5 (Bly (5 (a5 eliiods g3 5o (2019) Akhavan et al.
el o5l (Juid (JuyS M gy J gl i) alie (lal @ 3 catle —ely —gl6 5 bl
aS ol L byl guls wa5)S eoltwl b — i g guasSly (e ply b Y= T N—ondpMol Slobw 59,5,
it Jad 5 Y= lol oo 5l (slasby, gl Shmggy )3l ke 39 5 o e OA+ VAV IRMSE y0lie
(Sl )5ya) Lod e b, < ;1 (2021) Rodrigues and Braga yisps 53,8 ¢l |y 5 Slos op 5 g (5
o)k > @y ol 359,65 (eSS sl (de 9 95Ul cagSaly e Jand F— = V= A—oudp Ml Slobs j Sl
ol s syl gl 55,8 oolizal (g JU6 g comell) 5 kil b (gl 2o slomac] atbaie Sy 5 ciliseo 5o
ol Jod 8 3,8las +IVA 5l 5YLR? 5 555 53 sio dso +IVY —-/AF RMSE b codspMol ol oy 5o g, 45



IFeY oyl o5lans o0 jreaw 09 syl 9 ol oo

ave

w
o

y =0.8289x + 2.0891

R2=091
=25 RMSE= 1.36
: MAE=1.16

©
€20
£

[N
[$;]

ETc_lvanov
=
o

ol

0

0 5 10 15 20 25 30 35

S
o

y =1.1051x + 3.9091

=35 R*=0.81
5 RMSE=3.79
30 MAE=3.18
IS
E25
'S
E 20
g 15
[¢]
X 10
&
w 5
0
0 5 10 15 20 25 30 35
20
— [y = 0.5455x + 2.0481
‘—,| R*=0.81
S 15 [ RMSE=L87 /
IS MAE=155,
E
—
> 10
7]
T
o
= 5
L
0
0 5 10 15 20 25 30 35
20
y =0.4913x + 1.642
= R?=0.81
3 [ RMSE=167 ,
£ 15 MAE=1.40 ,
E
<
=10
0
T
,i’l
W 5

0

0 5 10 15 20 25 30 35

ETc_FAO_PM (mm d-1)

= N
4] o

=
o

y criddle (mm d-1)

ETc_Blan

Ny
o

=
4]

(mm d-1)
5

ETc_Kharrufa

o

N
a

Ny
o

(mm d-1)
&

ETc_HSM2

jkovic (mm d-1)
B RN
o 01 O

ETc_Traj

o o

I y=0.546x + 2.4375

[&)]

=
o
T

[&)]

R*=0.79
RMSE=3.95 /

MAE:i*

5 10 15 20 25 30 35

Iy = 0.5534x + 1.8735

R2=0.81
RMSE=4.95
MAE=3.92

5 10 15 20 25 30 35

0

[ y=0.6256x +2.1805

R2=0.81
RMSE=2.13 4
MAE=1.78 I

5 10 15 20 25 30 35

0

y = 1.0666x + 3.823
R2=0.81
RMSE=3.65 7/
MAE=3.03 /

5 10 15 20 25 30 35
ETc_FAO_PM (mm d-1)

(mm d-1)

ETc_Schandel

(mm d-1)

ETc_HS

ETc_HSM3 (mm d-1)

(mm d-

ETc_Baier Robertson

30
y =0.844x + 1.8958
R*=0.79 ,
25 RMSE=7.33 ’
MAE=3.3

55
y = 1.1458x + 0.2445
50 R2=0.81 s
45 +  RMSE=3.66
40 MAE=2.36 A

0 5 10 15 20 25 30 35

0 5 10 15 20 25 30 35

25
y =0.7104x + 1.8884
R*=0.81
20 RMSE=2.43
MAE=2.
15
10
5
0
0 5 10 15 20 25 30 35
20 I y=0.5681x + 2.5044 7
L R2=0.78 ,
RMSE=8.102
MAE=3.74

0 5 10 15 20 25 30 35
ETc_FAO_PM (mm d-1)

Figure 3. Comparison of estimated ET. based on the standard method with the temperature-based methods
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Figure 4. Importance of variables in estimating ET. using the IGR method
* Spectral bands (R, G, B, NIR, SWIR1, SWIR2 and LST), Spectral indices (NDVI, SAVI, NDWI, NDGI, VARI), and
Meteorological data (RH, T, Rs, U and n).
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Table 2. Defined scenarios in the study

Model

Input variable

OO ~NO O WN -

Rs, LST,
Rs, LST,
Rs, LST,

Rs, LST,
Rs, LST,
Rs, LST,

Rs, LST, U,

Rs, LST

U R
U R
U R
Rs, LST, U R
U R
U R
U R
R

H

NDGI, VARI, NDVI, R, SWIR2, B, G

H, NIR, SAVI, NDWI, NDGI, VARI, NDVI, R, SWIR2, B, G, SWIR1
H, NIR, SAVI, NDWI,
H, NIR, SAVI, NDWI, NDGI, VARI, NDVI, R, SWIR2
H, NIR, SAVI, NDWI, NDGI, VARI, NDVI
H, NIR, SAVI, NDWI, NDGI
H, NIR, SAVI
H, NIR

* Spectral bands (R, G, B, NIR, SWIR1, SWIR2 and LST), Spectral indices (NDVI, SAVI, NDWI, NDGI, VARI), and Meteorological data (RH, T, Rs, U and n).
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Table 3. Comparison of the R? values in four different machine learning algorithms for the nine proposed models

Model Train Test
MLR CART SVR GBRT MLR CART SVR GBRT
1 0.90 0.99 0.99 0.99 0.88 0.92 0.93 0.94
2 0.90 0.99 0.99 0.99 0.88 0.91 0.92 0.94
3 0.90 0.92 0.98 0.92 0.88 0.90 0.92 0.93
4 0.90 0.99 0.98 0.99 0.88 0.93 0.93 0.93
5 0.90 0.99 0.97 0.99 0.88 0.93 0.92 0.94
6 0.90 0.99 0.96 0.99 0.88 0.94 0.92 0.93
7 0.88 0.99 0.94 0.98 0.86 0.88 0.92 0.90
8 0.86 0.98 0.92 0.97 0.84 0.89 0.92 0.88
9 0.64 0.90 0.74 0.96 0.56 0.87 0.68 0.87

Table 4. Comparison of the RMSE values in four different machine learning algorithms for the nine proposed models

Model Train Test
MLR CART SVR GBRT MLR CART SVR GBRT
1 3.25 0.48 0.73 0.73 3.30 1.92 1.58 1.79
2 3.25 0.48 0.76 0.75 3.30 2.07 1.59 1.71
3 3.25 2 0.83 0.72 3.30 2.26 1.62 1.83
4 2.20 0.52 0.93 0.74 2.43 1.81 1.55 1.88
5 2.21 0.54 1.12 0.65 2.43 1.84 1.52 1.70
6 2.34 0.41 1.33 0.72 251 1.76 1.56 1.80
7 25 0.70 1.69 0.87 2.64 2.44 2.04 2.17
8 2.63 0.94 1.95 1.21 2.78 2.38 1.99 2.48
9 4.27 2.45 3.63 3.31 4.72 2.61 4.04 2.57

Table 5. Comparison of the MAE values in four different machine learning algorithms for the nine proposed models

Model Train Test

MLR CART SVR GBRT MLR CART SVR GBRT
1 2.68 0.17 0.45 0.29 2.66 0.99 0.90 1.06
2 2.68 0.17 0.46 0.30 2.66 1.01 0.99 1.06
3 2.68 1.46 0.49 0.27 2.66 1.23 0.97 1.08
4 1.67 0.18 0.54 0.28 1.76 0.93 0.96 0.99
5 1.67 0.19 0.62 0.26 1.77 0.92 0.97 1
6 1.79 0.18 0.73 0.29 1.85 0.88 0.93 11
7 1.84 0.26 0.92 0.36 1.90 1 1.09 1.25
8 1.90 0.42 1.08 0.43 1.99 117 1.10 1.25
9 3.23 2.24 2.81 2.70 3.52 1.56 291 1.35
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Figure 5. Comparison of estimated ET. with machine learning models (best estimates)
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Table 6. The best performance for the machine learning models
Algorithm Optimal Train Test
9 Model R? RMSE MAE R? RMSE MAE
MLR Model-4 0.90 2.20 1.67 0.88 2.43 1.76
CART Model-6 0.99 0.41 0.18 0.94 1.76 0.88
SVR Model-1 0.99 0.73 0.45 0.93 1.58 0.90
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1. Crop evapotranspiration
2. Reference evapotranspiration
3. Food and agricultural organization penman-monterith
4. Normalized difference vegetation index
5. Normalized difference water index
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6. Multiple linear regression

7. Artificial neural network

8. Decision tree

9. Support vector machine

10. Random forest

11. Gradient boosted regression tree
12. K-nearest neighbors

13. Adaptive boosting

14. Extreme gradient boosting

15. Random forest regression

16. Soil adjusted vegetation index

17. Normalized difference greenness index
18. Visual atmospheric resistance index
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