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Because direct measurement of evapotranspiration is costly and time-
consuming, researchers have turned to the estimation of evapotranspiration
via indirect approaches. The aim of this study is to investigate the capability
of kernel-based, tree-based, bagging-based data-driven, and empirical
models to estimate reference evapotranspiration. For this purpose, data
related to meteorological parameters such as average temperature, hours of
sunshine, maximum and minimum temperature, wind speed, precipitation,
and relative humidity were collected over a period of 39 years. A
correlation matrix, relief algorithm, and trial and error based on the author’s
own experience were used to select input scenarios. The performance of
these methods was evaluated using correlation coefficient (R?), root mean
square error (RMSE), scattering index (SlI), Nash Sutcliffe (NS), and
Wilmot indexes (WI). Based on the results, scenario 13 includes maximum
temperature and monthly time index based on the relief algorithm was
selected as the best scenario, also on the other hand the random tree model
with R=0.99, RMSE=0.04 mm/day, and SI=0.01 was selected as the
superior method. Thus, the maximum temperature was defined as the
efficient meteorological parameter for the reference evapotranspiration
modeling.

© Authors, Published by Environment and Water Engineering journal. This is an open-access
article distributed under the CC BY (license http://creativecommons.org/licenses/by/4.0/).
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Introduction

countries like Iran, estimating the amount of
evapotranspiration correctly in a period of water

Evapotranspiration is one of the important
elements of the hydrological cycle and is an
indispensable part of irrigation planning. As a
result of the correct estimation of
evapotranspiration, an effective irrigation
planning can be made. In arid and semi-arid
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shortage attracts the attention of scientists.
Accurate calculation of plant water requirements
is a basic prerequisite for effective planning and
operation of irrigation systems. There are several
methods for calculating evapotranspiration,
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Comparative Analysis of Estimating Evapotranspiration

which are divided into direct and indirect
categories. It is not possible to use the direct
measurement method (lysimeter) in all areas due
to its cost and time. One of the most common
indirect methods is to use the FAO-Penman-
Monteith equation, which provides an acceptable
estimate of evapotranspiration values in the
absence of a lysimeter. However, this method has
its practical limitations due to the need for many
meteorological parameters. For this reason,
researchers have turned into data mining
methods. In this context, the aim of the study is
to estimate the amount of evapotranspiration
with the help of data-based models and to
compare the performance of different methods. It
is also the determination of the meteorological
parameters that are effective on the
evapotranspiration in the region during the
estimation process.

Material and Methods

To estimate the monthly evapotranspiration rate
of Qazvin synoptic station, meteorological data
including maximum, minimum, and average
temperature  (Tmax, Tmin, Tmean), monthly
precipitation (P), hours of sunshine (n), relative
humidity (RH), and wind speed (U1) were used
in the present study for a 39-year statistical
period (1361-1399). Ssixteen different input
combinations of meteorological data based on
three known preprocessing algorithms including
1) correlation matrix, 2) relief algorithm, and 3)
trial and error based on the author’s own
experience were considered. 80% of the data
were considered for calibration and 20% for
validation. The Gaussian Process Regression
(GPR), Support Vector Regression (SVR),
Random Forest (RF), Random Tree (RT), M5P
decision tree, Reduced Error Pruning Tree
(REPT), Prestley Taylor, Modified Makkink, and
McGuinness Bordne experimental methods were
applied. The performances of these methods
were evaluated and compared with each other
using correlation coefficient (R?), root mean
square error (RMSE), scattering index (SI), Nash
Sutcliffe (NS), and Wilmot indexes (WI). Weka
software was used in the data-based modeling
process for  monthly  evapotranspiration
estimation. Taylor and Violin diagrams were also
used for the visual evaluation of the model
results. Aviolin plotis a method of plotting
numeric data and it is similar to a box plot.

Results
In this study, different input scenarios are
considered for monthly evapotranspiration
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estimation. In  these  scenarios, input
combinations consisting of different
meteorological parameters are considered. The
aim of different scenarios was to determine the
effective parameters in the estimation process.
Naturally, scenarios with minimum input and
more accuracy are important for implementation.
Scenario 9 including average temperature, wind
speed, hours of sunshine, and monthly time
index, Scenario 12 including average
temperature and monthly time index, and
scenario 13 including maximum temperature and
monthly time index produced better results in all
methods compared to the other scenarios applied.
The SVR, M5P, and RT methods had higher
accuracy among scenarios 9, scenario 12, and
scenario 13, respectively. Scenario 9 may have
relatively few applications due to the rather
difficulty in measuring wind speed and sundial
parameters, and if it was easy to measure these
two parameters and other meteorological
parameters, methods such as Penman-Monteith
FAO could have been used as an accurate and
standard method. The purpose of using data
mining techniques is that they are easy to use and
employ fewer input parameters when calculating
ETo. Therefore, scenarios 12 and 13 with high
accuracy and lower parameters (including
temperature and monthly time index) were
considered as applicable scenarios. The modified
Making method showed better performance
among the three experimental methods studied

(Fig 1).

.-

Fig. 1 Taylor diagram and violin diagram
experimental

Overall, according to the results provided in the
tables and figures, it was concluded that Tmax had
the greatest effect on estimating monthly
reference evapotranspiration, and the
performance of the random tree model as a tree-
based method was better compared to that of
core-based and experimental methods. The
McGuinness-Bordne method resulted in the least
accuracy among the experimental methods
investigated. Not only are not experimental
methods accurate enough, but they are also time-
consuming and difficult to calculate when there
are a large number of parameters. On the other
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hand, data-based methods provide more
acceptable results in the case of a very small
number of parameters, and this has increased the
popularity of data-based techniques. Moreover,
with the increase of measurement facilities and
having a long period of meteorological data in
the future, it is predicted that these data-based
methods will attract more attention from national
and international researchers. When the RT
method was considered as the basic algorithm of
the classification method, the performance of the
model improved in scenarios 9 and 12.

Conclusions

Although the direct measurement of the
evapotranspiration amount is accurate, it is a
difficult and costly process. In this case, it is
more advantageous and easier to estimate the
evapotranspiration amount relatively accurately
with different models using meteorological data.
Among the 16 scenarios studied, scenario 9
(including average temperature, wind speed,
hours of sunshine, and monthly time index),
scenario 12 (including average temperature and
monthly time index), and scenario 13 (including
maximum temperature and monthly time index),
that were selected based on Relief algorithm,
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performed quite well. According to the results
obtained from the evaluation criteria, the
performance of the group of tree-based models
(random tree) was better in comparison with that
of the group of kernel-based models and

experimental methods. Among three
experimental methods studied, the modified
Making and McGuinness-Bordne methods

represented the best performance and the worst
performance, respectively. Since the results of
this study depend entirely on regional
meteorological variables, generalization cannot
be made and this issue can be considered as a
disadvantage of the study. For this reason, it is
recommended to conduct similar studies in
different climates of Iran and to select
appropriate models and input parameters for each
region.

Data Availability
The data can be sent by corresponding author by
email based on the request.
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Table 1 Statistical characteristics of implemented parameters

Station Variable mean max min Sd cVv
Thmin (°C) 7.3 33.8 -10.9 7.8 11
T max (°C) 21.6 38.8 -2.9 11.0 0.5
T mean (°C) 14.5 29.0 -5.7 9.2 0.6

Qazvin  RH (%) 53.9 85.5 318 131 0.2
N 8.2 12.6 1.9 2.7 0.3
Uso (M/s) 1.7 3.2 0.5 0.5 0.3
P (mm) 26.8 148.9 0.0 29.3 11
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Table 2 Combination of parameters used in different scenarios

Scenario Number

Input Parameters

Scenario selection method

1 Tmean Correlation Matrix
2 Tmean, N Correlation Matrix
3 Tmean, N, Tmax Correlation Matrix
4 Tmean, N, Tmax, Tmin Correlation Matrix
5 Tmean, N, Tmax, Tmin, U Correlation Matrix
6 Tmeans N, Tmax, Tmin, U, P Correlation Matrix
7 Tmeans Ny Tmax, Tmin, U, P, MTI Correlation Matrix
8 Tmeans N, Tmax, Tmin, U, P, MTI, RH Correlation Matrix
9 Tmean, MTI, N, U Relief

10 MTI Relief

11 Tmax Relief

12 MTl, Tmean Relief

13 MTI, Tmax Relief

14 N Trial and Error
15 Tmean, Tmin, Tmax Trial and Error
16 Tmean, N, U Trial and Error

MTI: Monthly time index
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Table 3 Evaluation criteria according to kernel and tree based methods in defined scenarios
Method
Scenario GPR SVR RF
R RMSE SI. NS Wi R RMSE Sl NS wl R RMSE Sl NS wi
1 095 059 019 090 097 095 064 020 08 097 091 076 024 083 095
2 094 061 019 089 097 095 058 018 090 097 094 066 021 087 096
3 095 060 019 089 097 095 057 018 090 097 095 060 019 089 097
4 094 068 021 086 09 094 068 021 08 096 094 066 021 087 096
5 095 060 019 099 097 095 063 020 08 09 094 064 020 08 096
6 096 053 017 092 098 097 050 016 093 098 095 058 018 090 097
7 099 030 010 097 099 099 017 005 099 100 099 024 008 098 100
8 099 031 010 097 099 099 020 006 099 100 099 023 007 098 100
9 099 020 020 099 1.00 099 011 003 100 100 099 020 006 099 100
10 099 029 009 098 099 099 025 008 098 100 099 025 008 098 100
11 093 066 021 087 097 093 073 023 084 09 098 033 010 099 099
12 099 017 006 099 1.00 099 017 005 099 100 099 018 006 099 100
13 099 029 009 098 099 099 025 008 098 100 099 008 003 100 100
14 093 077 024 08 095 093 076 024 083 095 08 091 029 076 093
15 094 062 020 089 097 094 063 020 08 097 094 065 020 08 097
16 0.96 056 017 091 097 0.96 057 018 0.90 0.97 0.95 0.60 019 0.89 097
Scenario M5P RT REPT
R RMSE SI NS Wi R RMSE SI NS Wi R RMSE SI NS WiI
1 095 059 018 090 097 087 091 029 075 093 094 061 019 089 097
2 095 062 019 089 097 09 08 026 08 095 095 063 020 08 097
3 095 061 019 089 097 092 078 024 08 095 095 062 019 089 097
4 091 078 025 082 095 089 089 028 076 094 094 065 021 087 097
5 0.82 119 037 058 0.90 0.92 073 023 084 0.9 0.93 0.68 021 086 0.96
6 0.88 090 028 076 094 091 077 024 082 095 0.93 0.68 021 087 096
7 0.98 039 012 09 099 0.97 045 014 094 0.99 0.99 0.26 0.08 098 1.00
8 0.99 026 0.08 098 100 0.98 041 013 0.95 0.99 0.99 024 008 0.98 1.00
9 0.99 015 0.05 099 100 0.99 025 0.08 0.98 1.00 0.99 0.25 0.08 098 1.00
10 099 034 011 097 099 099 025 008 098 100 099 025 008 098 100
11 094 063 020 088 097 099 020 006 099 100 095 061 019 089 097
12 099 016 005 099 1.00 099 021 007 099 100 099 018 006 099 100
13 099 025 008 098 1.00 099 004 001 100 100 099 017 005 099 100
14 092 078 025 082 094 08 104 033 068 091 09 08 027 079 094
15 0.88 097 031 072 093 091 081 025 081 095 09 064 020 0.88 0.97
16 0.96 055 017 091 097 0.92 074 023 0.84 095 094 0.65 0.88 0.88 0.96
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Table 4 Evaluation criteria of experimental methods

Evaluation Metrics

Method
R RMSE (mm/day) Sl NS Wi
PT 0.990 0.330 0.104 0.968 0.993
TMK 0.995 0.350 0.110 0.964 0.990
MGB 0.996 1.084 0.340 0.652 0.940
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o0 4 S0 (Joe 5l oo 0,91 slaesls o lailiwl Gliml Jloged g ek plSLs o Jae o)les g iales sl p
35 Soks sloged a0, S M) Jo3 BBl goss  slagts; 9 OF 5 WY ) 5 lag b sl (Soks
o 5o b 4 s ol 5o b B 5 S0y Sy (F) UK 4 a5 L ol o s (F) US43 o
ol odls (Bire gojlw Bolal Co s Jawe VY gl 4 bgse o Ses o e

5 Shelin glecsls ojlabinl Gyl lade 13 09

Scenario 9 ) i ()
‘(I LYY & .
{ 4 7> 4l ]
P g \er
] 1 N : > 4 E
|1/ K : 3
b4 3 N o -
3 ;, 2o S g 2
:: / "\ ," ._)‘ 095
iits/s . A~ * SVR
I - A 099 ® RF
4 * i SR a1 ; S . FEM  GPR SR RF M?  RT  REPT
oS , X : e I *— REPT Model
Scenario 12 (o)
8 -
6 i
3 ~ 4} 4
3 -
€ 'a
3 E
H g ]
; i
o B! :
Sk
*K
T FPM GPR SVR  RF MsP  RT  REPT
& REPT
Model
Environment and Water Engineering Ol wdige § G jlame

Vol. 8, No. 4, 2022 (A RN uL».M...o) f o)l.o...‘b A 0,90


bshahmorady@gmail.com
Typewritten text
918


N4 G5 P a3 Sla by Slamlie Jolos

Scenario 13
Scenario 13 " (C)
st ( ]
g
H 7 T ' 1
i E
3 & ,[ ]
z e
- (3]
* M oF -
® GPFR
SVR
~ &R
o M FPM GPR SVR RF MSP RT REPT
® RT
— - RFP Model
)
100 -
sk -
1. 4 -
- ¥ ]
§ g
3 g
z 5 i 7
oF 4
099  —e—FrM o oY T ™K )
- "M
MK
1 —@— MGH Moadal

75 Gy =0 9 Y gl —z AT gyl —0 A gyl -l by losas g 55k el SLo -F S
Fig. 4 Taylor diagram and violin diagram a) Scenario 9, b) Scenario 12, ¢) Scenario 13, and d) experimental
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Table 5 Statistical properties of observed and estimated ETO (mm/day) values for the test phase

Method Scenario Minimum Maximum Mean Std. Deviation
GPR 9 0.728 5.904 3.180 1.751
12 0.659 5.917 3.160 1.843
13 0.756 5.921 3.158 1.837
SVR 9 0.754 6.071 3.165 1.816
12 0.661 6.043 3.175 1.873
13 0.681 6.076 3.154 1.869
RF 9 0.744 5.957 3.115 1.776
12 0.660 6.113 3.176 1.878
13 0.698 6.353 3.173 1.864
M5P 9 0.713 6.137 3.191 1.771
12 0.681 6.149 3.186 1.862
13 0.618 5.997 3.154 1.866
RT 9 0.681 5.926 3.140 1.799
12 0.649 6.128 3.174 1.873
13 0.682 6.462 3.177 1.858
REPT 9 0.757 6.001 3.149 1.813
12 0.595 6.105 3.175 1.870
13 0.662 6.201 3.164 1.861
PT 0.579 6.480 3.269 2.022
TMK 1.098 6.100 3.450 1.710
MGB 0.582 8.262 4.003 2.534
FPM 0.733 6.462 3.186 1.847
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Table 6 Statistical criteria of the combined bagging method for superior scenarios

Method
Scenario GPR SVR RF
R? RMSE RMSE R? RMSE
9 0.995 0.204 0.998 0.109 0.995 0.208
12 0.996 0.175 0.996 0.166 0.996 0.173
13 0.987 0.293 0.991 0.250 0.998 0.115
Scenario M5P RT REPT
R2 RMSE RMSE R2 RMSE
9 0.998 0.137 0.995 0.202 0.990 0.287
12 0.996 0.162 0.995 0.189 0.996 0.167
13 0.991 0.249 0.999 0.086 0.996 0.167
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