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Abstract— Evapotranspiration (ET) estimation takes an
important role in hydraulic designs and irrigation
management. Even these imperative importance ET
estimation methods are not clear and easily employable
enough. This study focused on M5T data mining method
to estimate ET due this method is in use for nonlinear
physical cases. 1543 daily Solar Radiation (SR), Air
Temperature (AT), Relative Humidity (RH) and Wind
Soeed (U) meteorological parameters are used to create a
M5T model. 1153 daily data is used for training the
model and 385 left data is used for testing model results.
Data set is taken from . Johns, Florida, USA weather
station.The correlation coefficient (R) is calculated as
0.983 for the M5T. Model results are compared with Turc
empirical formula and it is found that M5T data mining
method has better performance than Turc empirical
formula.

Keywords— Evapotranspiration, M5T Data Mining,
Solar Radiation, Air Temperature, Relative Humidity
Wind Speed.

l. INTRODUCTION
Knowledge of evapotranspiration losses is an ingurt
parameter for the hydrological design and agricaltu
yield. Designers of many hydraulic constructiong;tsas
dam or irrigation channels, need to know how muetew
will be lost due to ET after construction is buip. An

irrigation engineer needs to consider ET as a
determinative parameter for satisfactory agricaltur
yield, for the reason ET has an impact on crop wated.
Many different methods have been suggested to leddcu
ET by Brutsaert [1], and Jensen [3]. Generally,ngsi
combination of energy balance and aerodynamic
equations, gives most accurate solutions since this
equations are based on physics rules and rational
relationships [3]. In this study, Turc empiricaluagjon is
used to determine ET as this equation is basedysiqs
rules and rational relationships. Some empirical
equationsare employed for calculation of ET in some
studies [5, 6, 8]. On the other hand some neuro-
computing techniques such as adaptive neuro-fuzzy
inference system, fuzzy genetic approach, artlfiogural
networks and M5T method are proposed for modelling
reference  evapotranspiration, actual evaporation,
monthly/daily evapotranspiration [2, 6, 7].

In this paper ability of M5T model and Turc formut
prediction of ET is investigated, results are coraga
using mean absolute error (MAE), mean square error
(MSE) and determination coefficient YR According to

the research, it is found that M5T model has higher
accuracy than Turc empirical formula for estimatitaily

ET.

1. METHODOLOGY

2.1 Data Set U_sed
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Fig.1: Data Set Location
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Daily climatic data of St. Johns station which égdted
Florida, USA with latitude 27°42'43" and longitude
80°42'41" is used. Data set is downloaded from U.S.
Geological Survey website [8]. Data set is inclgdBR,
ET, U, T, RH parameters and it consists of six yakata
(2000-2004). First, respectively, 75 percent oflydai
records is used for training M5T model and remajri2s
percent for testing the model. Turc empirical fofanis
applied for the same daily test set with M5T model.
Weather station location is given by Fig 1.

2.2M5T Modéd

This model is a type of binary decision trees wHicst
introduced by [13] that gives the opportunity te tiisers
work with quantitative data, differently than other
decision trees. M5 model is in use for clusterimg a
regression analyze. The model has linear regression
functions at terminal (leaf) nodes. Building up ttiee
consists two phases [10]. First phase of the mgldip
model is splitting data into subsets and creatiagision
tree which has a root node on top and connections
between other decision nodes. The splitting gauge
depends on handling the standard deviation of thgsc
values and casting up the expected reduction fethior

as a consequent of checking each attribute atrtbdé

[4]. The formula to calculate the standard deviatio
reduction is given by [11] as:

SDR = sd(T) — z% sd (T)) (1)

In equation (1), T is a set of instances that getshe
node, Ti is the subset of instances that have ithe

==200.5

«==131.5

==20.45 =20.45

=131.5

outcome of the potential set and sd is the standard
deviation [9, 14].

Due to splitting stages, child nodes always haws le
standard deviation than their parent nodes andeans
child nodes are simpler. This splitting processtlauhuge
tree and it may cause poor generalization. Thathg
tree must be pruned to have finally linear regmessi
functions at terminal leafs. For further informatiabout
M5T method readers are referred to [13].

2.3 Turc Equation

Daily RH, average daily AT and daily SR radiation
parameters are needed to calculate daily ET. Turc
empirical formula depends on RH parameter value as
given by (2) and (3)

T™m

RH > 50% ET = 0.0133 ( SR + 50 )
Tm+15
2
RH < 50% ET = 0.0133 2 (SR + 50 ) (1 €221
Tm+15 70
(3)

For further information about Turc empirical forraul
readers are referred to [11].

[1. APPLICATION AND RESULTS
M5T model and Turc empirical formula results areegi
separately and a comparison is carried out betlve#n
methods using MSE, MAE and R statistics.
3.1 M5T Model Results
In this part of the study, created tree for estiomatiaily
ET is given by Fig 2. Also daily distribution graphd
scatter chart for M5T test estimation are drawhigs3
and Fig 4.

=200.5

==253.5 =2531.5

==321.75 =21.75

Fig. 2: ET estimation M5 Tree model

It is possible to see that SR parameter is the mode of
the tree due to SR is the main parameter of ETigtied
in case. Also the tree use AT parameter and itdhtasal
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regression equations for estimation daily ET asalfin
nodes.
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Fig. 3: Distribution graph of M5T model test set

Fig 3 shows daily distribution of observed ET valaed M5T estimations. It is seen that distributdéM5T results are
almost same with observed values. As seen in Rigeddetermination coefficient of M5T test setadcalated as &0.9659.
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Fig. 4: Scatter chart of M5T model test set

3.2 Turc Results
Test set daily SR, AT, RH parameters are appligtig¢orurc formula, distribution graph and scatteart are drawn as Fig. 5
and Fig. 6.
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Fig.5: Distribution graph of Turc empirical formula test set

Fig 6 shows that the determination coefficient afTempirical formula test set is calculated &s(R9201.
8 -

7 -

Observed

Fig. 6: Scatter chart of Turc formula test set

3.3 Results Comparison S @i- X).0- Y)

MSE, MAE and determination coefficient is calcuthses R = - - (6)

@), ©), ©) [ X) oY)

MSE = %* Z?=1(fi —yi)? (4) Where, “f" represents predicted values and"“y

MAE == +¥™ | fi — vi| (5) represents actual values for equations(4), and “{).
N i=1 Y

showsith actual value, “J showsith predicted valueX
represents Yeanand Y represents y.anat equation (6).
Statistical comparison is given by Table 1.
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Table.1: Comparison statistics of test set

Method  Parametersused R R? M SE MAE
M5T SR, AT, RH, U 0.983 0.966 0.071 0.115
Turc SR, AT, RH 0.959 0.920 0.177 0.330

V. CONCLUSION
In this study, a M5T model is built up to predictilg ET
using test set daily SR, AT, RH, U parameters. Mode
results are checked with daily observed ET and
correlation coefficient is calculated as 0.983 whiceans
that there is high relation between observed vahres
MS5T results. Same evaluation is done for Turc eitglir
formula test set results and it is seen that caticei
coefficient value for this evaluation is 0.959. Bubere is
high relation between Turc results and observedesl
too, when readers take into account error cala@siatit is
obvious that M5T model has higher accuracy tharcTur
empirical formula for estimation daily ET. As a uésof
statistical evaluation, M5T method can be used for
modelling daily ET.Authors suggest that M5T method
should be applied for different areas having vaiou
climatic conditions to understand the effectivitf the
method.
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