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COMPARISON OF REGIONAL AND GENERAL MACHINE LEARNING
MODELS FOR REFERENCE EVAPOTRANSPIRATION PREDICTION IN
TURKEY

Yasser ZOUZOU

Erciyes University, Graduate School of Natural and Applied Sciences
MSc Thesis, July 2022 5
Supervisor: Assoc. Prof. Dr. Hatice CITAKOGLU

ABSTRACT

Excessive freshwater usage in irrigation is an important issue in Turkey, which can be
reduced by using evapotranspiration (ET) measurements to schedule irrigation based on
crops’ exact water need. The infeasibility of direct ET measurement has driven
researchers to estimate its value from meteorological variables. In recent years, machine
learning (ML) has been widely used for this purpose and showcased its potential in
estimating reference evapotranspiration (ET,) from limited variables. In this study, data
collected from 165 weather stations in Turkey ranging between the years 1967 and 2020
was used to explore the spatial generalizability of ML models used for ET,, estimation by
comparing two modelling scenarios: (1) One model for the entire country (2) One model
for each geographic region in Turkey. Three ML algorithms were used for this purpose:
Support Vector Regression (SVR), Random Forests (RF), and Gaussian Process
Regression (GPR). Furthermore, stations were split into train and test stations to allow
for conducting a cross-station evaluation. The models were tested using 16 input variable
combinations. In general, SVR and GPR models performed better than RF models, which
were prone to overfit. For SVR and GPR models, the change in mean absolute error
(MAE) between the two scenarios ranged between -16.3% and -0.4% and the change in
root mean squared error (RMSE) was between -17.0% and 1.1%, where negative values
indicate a lower prediction error in the regional models’ scenario. Finally, a
randomization test conducted on four of the input combinations showed that the reduction

in prediction error when using regional models is statistically significant.

Keywords: Reference evapotranspiration, machine learning, cross-station evaluation,

regional model, support vector regression, Gaussian processes, random forests
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TURKIYE’DE REFERANS EVAPOTRANSPIRASYON TAHMINI ICIN
GENEL VE BOLGESEL MAKINE OGRENME MODELLERININ
KARSILASTIRILMASI

Yasser ZOUZOU

Erciyes Universitesi, Fen Bilimleri Enstitiisii
Yiiksek Lisans Tezi, Temmuz 2022
Danisman: Assoc. Prof. Dr. Hatice CITAKOGLU

OZET

Sulamada asir1 su kullanimi Tirkiye'de ©6nemli bir sorundur ve bu sorun
evapotranspirasyon (ET) Ol¢timleri kullanilarak bitkilerin su ihtiyacina gore sulama
planlamasi yapilarak azaltilabilir. Dogrudan ET o6l¢iimiiniin pratik olmamasi,
arastirmacilar1 bu degeri meteorolojik degiskenlerden tahmin etmeye yoneltmistir. Son
yillarda, makine 6grenmesi (MO) bu amagla yaygm olarak kullanilmis ve siirl
degiskenlerden referans evapotranspirasyonun (ETj) tahmin edilmesindeki potansiyelini
gostermistir. Bu g¢alismada, Tiirkiye'de bulunan 165 meteoroloji istasyonundan elde
edilen ve 1967 ile 2020 yillar1 kapsayan veriler, iki modelleme senaryosunu
karsilastirarak  ET, tahmini i¢in kullanlan MO modellerinin  mekansal
genellestirilebilirligini aragtirmak i¢in kullanilmistir: (1) Tiim {ilke i¢in bir model (2)
Tiirkiye'deki her cografi bolge i¢in bir model. Bu amagla {i¢ makine 6grenme algoritmasi
kullanilmistir: Destek Vektor Regresyonu (DVR), Rastgele Ormanlar (RO) ve Gauss
Siireci Regresyonu (GSR). Ayrica, istasyonlar aras1 degerlendirme gerceklestirmek i¢in
istasyonlar egitme ve test istasyonlarina ayrilmistir. Modeller 16 girdi degiskeni
kombinasyonu kullanilarak test edilmistir. Genel olarak, DVR ve GSR modelleri, asir1
uyma egilimli olan RO modellerinden daha iyi performans gostermistir. DVR ve GSR
modelleri i¢in, iki senaryo arasindaki ortalama mutlak hata degisimi -%16,3 ile -%0,4
arasinda ve kok ortalama kare hata degisimi -%17,0 ile %1,1 arasinda degismistir; burada
negatif degerler bolgesel modellerin senaryosunda daha diisiik bir tahmin hatasina isaret
etmektedir. Son olarak, girdi kombinasyonlarindan dordi iizerinde yapilan bir
rastgelelestirme testi, bolgesel modeller kullanildiginda tahmin hatasindaki azalmanin

istatistiksel olarak anlamli oldugunu gostermistir.

Anahtar kelimeler: Referans evapotranspirasyon, makine dgrenmesi, istasyonlar arasi
degerlendirme, bolgesel model, destek vektor regrasyonu, Gauss siiregleri, rastgele

ormanlar
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INTRODUCTION

The problem of freshwater scarcity is a worldwide concern that is being addressed by all
governments. In order to tackle this problem, efforts are being made to preserve
freshwater resources and to guarantee efficient water consumption in all sectors. In
Turkey, agriculture accounts for the greatest freshwater withdrawal, comprising 77% of
the total freshwater withdrawal in the country [1]. Therefore, ensuring efficient water

usage in agriculture is a priority for freshwater preservation in Turkey.

Irrigation scheduling that considers crop water need reduces water consumption by
ensuring that only the required amount of water is delivered to plants. Crop water need is
computable from reference evapotranspiration (ET,), which in turn is solely dependent
on climate. However, the required climatic variables for ET, computation are not
available in every area, hence the necessity of a reference evapotranspiration estimation

methodology.

Researchers have been working on finding alternative empirical equations to estimate
ET, from a few and easily obtainable climatic measurements. In recent years, machine
learning (ML) has been widely used to estimate ET, using limited climatic variables.
However, the spatial generalizability of ML models that estimate ET, has rarely been
explored. The following questions help clarify the meaning of spatial generalizability:
Would a single model for the entire world be able to estimate ET, in acceptable and
uniform accuracy all around the world? Or is it necessary to create models for smaller

regions to get decent and uniform accuracy?

This thesis addresses the spatial generalizability of ET, estimating ML models by
comparing the performance of two types of models in Turkey: (1) A general model trained

on data from all around Turkey (2) Regional models each trained on data from one of



Turkey’s seven geographic regions, i.e., Mediterranean, Aegean, Marmara, Black Sea,
Central Anatolia, Eastern Anatolia, and Southeastern Anatolia. In both scenarios, a cross-
station assessment was conducted by training the models on data from a subset of the

stations and testing them on the remaining stations.



CHAPTER 1

GENERAL INFORMATION AND LITERATURE REVIEW

1.1 TImportance of evapotranspiration

The accelerating climate change and continuous human-induced pollution is severely
affecting the useable freshwater resources around the world. In recent years, immense
efforts have been focused on protecting freshwater resources and minimizing its
consumption and wastage. This has driven governments to regulate freshwater

withdrawal and consumption in order to maintain its resources.

Freshwater consumption in the agricultural sector in Turkey constitutes 77% of the total
freshwater consumption in the country [1], rendering agriculture a primary sector in
which water wastage must be minimized. The water used for irrigation is 2-3 times the
actual requirement of plants in Turkey [2]. The reasons behind this excessive water usage
include water losses in the irrigation system, low water prices, and lack of trained farmers.
Besides the reestablishment of irrigation systems, providing systems to plan irrigation
based on crop water demand, then increasing water prices accordingly will result in

significant reduction in water consumption in agriculture.

Crops need water to compensate for evaporation and transpiration, therefore crop water
need is also called evapotranspiration [3]. Evapotranspiration is defined as the total loss
of moisture from land, which occurs through evaporation of free water and transpiration

from plants [4]. Evapotranspiration measurements are used in climate change studies,

water resource evaluation, drought forecasting, and plant water need management [5].
Whereas climate change studies and drought forecasting only require sparse

evapotranspiration measurements, using evapotranspiration as a driver of irrigation



planning necessitates knowing its value in specific locations. Furthermore, measuring

actual evapotranspiration is only possible using lysimeters, which are limited to research

use due to their high costs and special maintenance requirements [6]. Therefore, actual
evapotranspiration is commonly estimated from reference evapotranspiration, which is
only dependent on climatic factors. Reference evapotranspiration (ETy) is the
evapotranspiration from a hypothetical grass crop that is 0.12 m in height, has a surface
resistance of 70 s - m™1, and an albedo of 0.23 [4]. Knowing the value of ET,, actual
evapotranspiration can be determined by adjusting E T, using coefficients that relate crop

type and other conditions to ET, (Fig. 1).

climate grass ET
@ reference

R
T:r?mlggronature +

Wind speed
Humidity

well watered
grass

Kc factor

well watered crop
optimal agronomic conditions

KSX Kcadjusted ETC adj

water & environmental
stress

Fig. 1. Determining actual evapotranspiration from reference evapotranspiration [4].

Although several methods for ET, computation have existed, the Food and Agriculture

Organization (FAO) Penman-Monteith method has been recommended as the sole



standard method that defines and computes reference evapotranspiration after an expert
consultation held in 1990 [4]. FAO does not encourage the use of other ET, methods.
Nevertheless, ET, computation using this equation is still not feasible in many areas
because it requires meteorological measurements that are only available in weather
stations. Accordingly, researchers have been working on further simplifying the
estimation of ET, using less climatic variables, especially ones that are widely available
like temperature and wind speed. These studies have used two approaches: (1) Empirical

equations (2) Data driven models.

1.2 ET estimation using empirical equations and data driven models

With the emergence of machine learning (ML), numerous studies have compared the
performance of ML models to that of traditional empirical equations in ET,, estimation.
Supervised ML algorithms learn the relationship between input variables and target
variables from sample data, and subsequently predict target variables from unseen input
data [7]. The ability of ML to work with non-linear and high dimensional data makes it

superior to traditional regression methods.

In their study comparing ML methods to empirical equations for ET, estimation in
Turkey, Citakoglu et al. [8] concluded that Artificial Neural Network (ANN) and
Adaptive Network Based Fuzzy Inference System (ANFIS) are both superior to empirical
equations. A cross-station assessment was used in their study, where models were tested
on data from stations other than the stations used to train these models. Wen et al. [9]
used a dataset of 146 days of meteorological measurements from one site in Ejina basin,
China to train and test Support Vector Regression (SVR) and ANN models. The two ML
model predictions were compared to three empirical equations: Priestly-Taylor,
Hargreaves, and Ritchie. Amongst all models and equations, the SVR model had the best
accuracy. However, the SVR model was only marginally better than the empirical
Priestly-Taylor equation, which can be attributed to the small size of the dataset, as ML

algorithms require large datasets to produce good predictions.
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Fig. 2. Station distribution and data availability cases [10].

Wu et al. [10] addressed several realistic data availability scenarios in their study
comparing eight ML models and one empirical equation (Hargreaves-Samani) using
climatic data between the years 2001 and 2015 from 15 stations in the Jiangxi province,
China. The authors first trained the models using maximum temperature, minimum
temperature, and extraterrestrial radiation measured between the years 2001 and 2010
from 11 of the 15 stations. Then, these models were tested using data from the years 2011
to 2015 in 3 different scenarios (Fig. 2): (1) Using the data from the same 11 stations used
for training (2) Using data from the 4 remaining stations (3) Using temperature data from
4 stations adjacent to the 4 remaining stations, assuming that temperature is not measured
in these stations. While the first scenario serves as a benchmark, the second scenario
represents a case where models are to be used in locations where only temperature is
measured (extraterrestrial radiation is computable from location and time of year).
Furthermore, the third scenario represents a case where the models are to be used in areas
where climatic measurements are not available at all, therefore measurements from
nearby stations are used. In the three scenarios, all ML models performed better than the

empirical equation. However, the root mean squared error (RMSE) of the best performing



model in the first case increased by approximately 17% from 0.269 to 0.315. This change
in prediction error emphasizes the importance of using a cross-station assessment of

models.

Landeras G. et al. estimated ETO in Ghana using ANN and GEP models along with three
empirical equations: Hargreaves-Samani and two variants of the FAO 56 equation that
fewer input variables [11]. The data used in this study was daily data collected from four
stations between the years 2006 and 2012. Splitting was done by assigning some years
for training/calibrating and the remaining years for testing. Furthermore, three modelling
scenarios were explored for the ML models: (1) Using local temperature and relative
humidity data (2) Using sunshine durations from a nearby station along with the local
temperature and relative humidity data (3) Using complete data from a nearby station. In
general, the ML models outperformed the empirical equations as expected. Comparing
the first and second modelling scenarios, the improvement in predictions in the second
scenario is highly dependent on the choice of the nearby stations. In some cases the
second scenario resulted in worse predictions. This further emphasizes the importance of
testing models on data from different stations, as the variation in data between nearby
stations may be significant. Finally, the third scenario seems unrealistic due to the absence

of target data from the studied station to train ML models.

The previous studies confirm the advantage of ML models over empirical equations in
the task of ET,, estimation. In these studies, different approaches have been used to test

the ML models:

1  Using data from one or several weather station to train and test ML models, where
train and test datasets are created by assigning certain years to each dataset (temporal

split).

2 Using data from several stations to train and test ML models, where train and test
datasets are created by assigning certain stations to each dataset (spatial split or cross-

station).

In the context of using ML models to estimate ET, in areas where only few

meteorological variables are measured, the second method is a better approach because



these models are to be used in areas where historical meteorological data sufficient to

compute ET, is not available.

1.3 Spatial variation of ET and its influencing factors

By clustering 75 stations using the regression coefficients obtained by regressing climatic
variables to ETy, Zhang et al. [12] studied the spatial variation of ET, in the Qinghai-
Tibetan Plateau in China. The researchers found that ET, is mainly influenced by
windspeed and solar radiation in the northern and southern regions of the plateau,
respectively. In their study on the effect of measurement errors in climatic variables on
the computed values of reference evapotranspiration, Yildirim et al. [13] concluded that
ET, is sensitive to different variables in different regions of Turkey. ET,, values in eastern
and southeastern Anatolia were mostly affected by errors in wind speed, while being
mainly affected by air temperature in central Anatolia, Marmara, and Aegean Sea regions.
Cobaner et al. [14] indicated an improvement in ET, estimations made using the
Hargreaves-Samani equation after calibrating its coefficients to the seven regions of
Turkey. The previous studies emphasize the variation of factors that influence ET,, values
from a region to another, further justifying the question: To what degree can ET,

estimating ML models generalize spatially?

1.4 Generalizability of ML models for ET, estimation

In a study comparing four data driven models to empirical equations using data from 29
stations in Iran, Shiri et al. [15] tested two modelling scenarios: (1) Local models trained
and tested on individual stations (2) Pooled data models trained and tested on groups of
stations clustered using the aridity index. The results show that local models outperform
pooled models in the arid and semi-arid regions of this study. In the humid region, which
includes only 4 stations, the pooled model had similar results to the local models. It is
worth mentioning that even in the pooled data model case no stations were left out for

testing.

Ferreira et al. [16] used all climatic measurements, including the computed E Ty, to cluster
203 weather stations (Fig. 3) using the K-means algorithm in one part of their study to
estimate ET, using ANN and SVR models along with empirical equations. Individual

models (regional models) were subsequently trained for each of the clusters, in addition



to a general model trained using all 203 stations. The authors observed an improvement
in performance when using regional models in comparison to the general model. The
authors split the data to train and test sets by assigning different years to each set, thus no
stations were left out for testing the models. Furthermore, the clustering technique used
is not scalable to real applications for two reasons: (1) ET, was used as a variable in the
clustering algorithm, therefore determining the cluster of a new area in which these
models are to be used is not possible due to the lack of ET, measurements there (2) The
clusters created do not have a clear spatial distribution, which prohibits the identification

of the cluster of a new area merely from its location.
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Fig. 3. Clustered station distribution in Brazil

In a study conducted on data from 9 stations in Brazil, Ferreira et al. [17] tested the
generalizability of empirical equations, ANN, and multivariate adaptive regression
splines (MARS) models. Two scenarios were studied: (1) Models were trained iteratively
on data from all but 1 station and evaluated in the station left out (regional models) (2)
Models were trained and tested on data from the same station (local models). The

performance of local models was better than regional models as expected. However,
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regional models were able to predict ET, with acceptable accuracy, except for a couple
of stations where the deviation in prediction error between local and regional models was
large. The authors attributed this deviation to the fact that the wind speed values in these
stations are more spread out than in other stations. Furthermore, when the local models
were tested on data from other stations, their performance was worse than that of the
regional models. This finding further underlines the importance of training models on

data from several stations for better generalization.

1.5 Thesis objective

All studies addressing the generalizability of ML models for ET, prediction, to the
knowledge of the author, compare models trained and tested on the same stations to
models trained on a number of stations and tested on different stations. Given the purpose
of these models, which is to be used in areas in which the required variables for ET
computation is not available, models should be trained and tested on different stations to
get realistic accuracy values. This type of model assessment is referred to in literature as
cross-station assessment. Therefore, when examining the generalizability of models, both

local and general models should be assessed using the cross-station method.

In an aim to address the generalizability of ET, estimating models within the guidelines
mentioned earlier, this thesis compared general and regional models in Turkey using a
cross-station assessment in both model scenarios. The regional models were trained on
data from each of Turkey’s seven geographic regions: Mediterranean, Aegean, Marmara,
Black Sea, Central Anatolia, Eastern Anatolia, and Southeastern Anatolia. Three machine
learning algorithms were used in this study: Support Vector Regression (SVR), Gaussian
Processes Regression (GPR), and Random Forests (RF). The results of this thesis should
provide insights on the spatial generalizability of ML models for estimating ET, in a

climatically diverse country like Turkey.



2.1

Turkey stretches 1800 km between longitudes 26° and 45° E, and 600 km between

CHAPTER 2

METHODOLOGY

Study area and data

latitudes 36° and 45° N, covering a total area of 780,000 km?. The location of Turkey is

in a transitional region between polar and tropical air masses [18]. The diverse topography

in Turkey results in high climatic variance between different regions [19]. Although

several studies have attempted clustering the climate zones of Turkey [19-21], the widely

accepted climate zones still are the seven geographic regions defined by Erinc, S. [22],

which were defined based on climatic, economic, and social factors. These regions are:

Mediterranea, Aegean, Marmara, Black Sea, Central Anatolia, Eastern Anatolia, and

Southeastern Anatolia (Fig. 4).
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Fig. 4. Turkey's seven geographic regions and station distribution
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Monthly averages of climatic variables were obtained from the Turkish State
Meteorological Service. The measurement years, which vary from one station to another,
range between 1967 and 2020. Stations that do not include the required variables for ET|,
computation were excluded. These variables are relative humidity, average wind speed,
solar radiation, and temperature. Furthermore, years that do not include all 12 months
measurements were also excluded to maintain a uniform number of months among all
stations. After filtering the data, 44388 measurements from 165 stations were left in the
dataset. A comparison between the number of stations in the original dataset and the
number of stations remaining after filtering the data is shown in Table 1. The means and
standard deviations of the monthly averages are presented in Table 2, where T is
temperature (°C), RH is relative humidity (%), U, is average wind speed at 2m height
(m.s™1), R, is solar radiation (MJ.m~2.day™1), and ET,, is reference evapotranspiration
(mm.day~1') computed using the FAO 56-PM equation. The distributions of these
variables are presented in Fig. 5 using a Kernel Density Estimate (KDE). The distributions
of the train and test datasets of the combined data are almost identical, therefore only one

line (the distribution of the whole dataset) was plotted to reduce clutter.

Table 1. Comparison between the number of stations in the original dataset and the
number of stations remaining after filtering the data

Black Central  Eastern Southeastern Mediter-

sea Marmara Anatolia Anatolia Acgean Anatolia ranean All Data
Total numberof -, ,, 197 205 176 224 82 167 1298
stations
Number of 20 28 35 2 33 8 19 165
stations used
Percentage of ¢ 10/ 4000 17.0%  125%  14.7% 9.8% 114%  12.7%

stations used
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Table 2. Mean (standard deviation) of monthly averages of the meteorological variables

Black Central  Eastern Southeastern Mediter-
sea Marmara Anatolia Anatolia Acgean Anatolia ranean All Data
Train 1996 1995 1995 1995 1995 1994 1994 1995
Vear (13) (11) (12) (13) (11) (12) (11) (12)
Test 1998 1993 1995 1995 1993 1995 1994 1995
©) (12) (12) (12) 1n (12) 1n (11
Traim 019 3.15 -1.92 -1.93 3.44 4.54 8.57 1.54
- (846) (775  (9.08) (11.61)  (8.52) (9.19) (7.80)  (9.77)
mn Test 1.09 3.35 -2.01 -3.60 4.23 6.40 9.65 1.74
(8.67)  (7.78)  (9.09) (11.49)  (7.92) (8.33) (7.35)  (9.93)
Traim 2523 26.75 24.96 22.82 27.70 27.97 29.31 26.03
. (8.01)  (7.35)  (8.63)  (10.93)  (8.40) (9.96) (7.38)  (9.01)
max Test 2517 26.35 24.63 22.71 27.64 29.05 29.60 25.96
(7.83)  (7.49)  (8.77)  (10.60)  (7.78) (9.81) (7.07)  (8.89)
S 71.57 62.51 58.67 62.43 56.52 65.70 63.99
RHong (9.67)  (8.09)  (11.65) (14.88) (10.42) (15.97) (8.97)  (12.48)
Test 0984 70.13 62.90 61.81 63.65 52.53 64.58 64.08
(9.06)  (9.74)  (11.78)  (13.59) (10.22) (14.80) (7.91)  (11.94)
Traim 134 1.79 1.70 1.23 1.63 1.53 1.47 1.54
U 0.57)  (0.66)  (0.65)  (0.51)  (0.52) 0.71) (0.63)  (0.63)
2 Test 1.27 1.98 1.77 1.34 1.61 1.54 1.67 1.61
0.32)  (0.73)  (0.54)  (0.54)  (0.68) (0.54) 0.76)  (0.65)
Train 1258 13.12 15.64 14.90 15.46 15.58 15.07 14.75
R (6.25)  (6.35)  (6.63)  (624)  (6.57) (6.82) (5.98)  (6.51)
s Test 1360 13.31 15.61 14.33 14.46 14.51 15.79 14.61
(6.35)  (6.62)  (6.66)  (6.30)  (6.25) (6.32) (6.16)  (6.46)
Traim 330 3.87 3.96 3.29 4.09 4.13 3.82 3.78
ET, (1.52)  (1.59)  (1.86)  (1.83)  (1.86) (2.37) (1.56)  (1.82)
Test 330 3.97 4.01 3.35 3.90 4.09 4.12 3.81
(1.56)  (1.66)  (1.85)  (1.81)  (1.71) (2.11) (1.71)  (1.79)
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Fig. 5.a. Variable distributions in the Aegean region compared to their distributions in

the combined dataset
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Fig. 5.b. Variable distributions in the Black Sea region compared to their distributions

in the combined dataset
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Fig. 5.c. Variable distributions in the Central Anatolia region compared to their
distributions in the combined dataset
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Fig. 5.d. Variable distributions in the Eastern Anatolia region compared to their
distributions in the combined dataset
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Fig. 5.e. Variable distributions in the Marmara region compared to their distributions in
the combined dataset
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distributions in the combined dataset
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—— Region train —— All data
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Fig. 5.g. Variable distributions in the Southeastern Anatolia region compared to their
distributions in the combined dataset

2.2  Modelling methodology

In this study, two modelling schemes were compared: (1) A general model for all of
Turkey (2) Regional models for each of the seven geographic regions. After assigning
each station to its corresponding region, the stations were randomly assigned to train and
test stations in each region to achieve a test ratio of approximately 40%. These stations
were used to train and test a regional model for each region. The number of data points
and number of stations in each region are presented in (Fig. 6). The general model was
trained and tested using the train and test stations of all regions combined, with a total of
102 and 63 training and test stations, respectively. The test data ratio of the general model
was 39.6%. The stations used to test both general and regional models were the same,
thus eliminating the potential influence of data variation between general and regional
models on the comparison between them. The models were created using 16 input
combinations (Table 3) and 3 ML algorithms, which are described in section 2.4. The 16
input combinations represent different scenarios of available meteorological

measurements in the locations where such models are to be used.
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Fig. 6. Number of train and test datapoints and stations per region.

Table 3. Input combinations

No. Input variables No. Input variables
1 Tmax Uz 9 R;, U,
2 Tonin, Us 10 Ry, RHyp 0
3 Tinax, U2, Month 11 Rs, RHgyg
4 Tinax, RHmax 12 Ry, Tax
5 Tinax, RHmin 13 R, Month
6 Tmax) RHavg 14 Tinax, Uz, Month, R,
7 Tnax, Month 15 Tonax, Uz, Month, R,
8 RHp g, Uy 16 Tinax, Uz, Month, RH

2.3 FAO 56 PM equation

The equation used in this study to compute reference evapotranspiration from climatic
measurements is the FAO 56 Penman Monteith equation (Eq. 1), which is recommended
by the Food and Agriculture Organization (FAO) [4]. The FAO 56 PM equation computes
the evapotranspiration from a hypothetical grass crop that is 0.12 m in height, has a

surface resistance of 70 s - m™1, and an albedo of 0.23.
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900
0.408A(R,, — G) +¥ 7573 Uz(es — €a)

A +y(1 + 0.34U,)

(1)

ET, =

Where:

ET,: Reference evapotranspiration in mm - day ™!

T: Mean air temperature in °C

A: Slope of saturation vapor pressure temperature relationship in KPa - °C~1
y: Psychrometric constant in KPa - °C~1

es: Mean saturation vapor pressure in KPa

e,: Actual vapor pressure in KPa

U,: Average wind speed at 2m height inm - s71
R,,: Net radiation in MJ - m™~2 - day™?

G: Soil heat flux in MJ - m™2% - day~!

Average temperature is computed using Eq. 2, where T4, and T,;, are the monthly
averages of daily maximum and minimum temperatures (°C).

T = Tmax -Zl' Tmin (2)

The slope of saturation vapor pressure curve (A), measured in KPa - °C ™1, was computed
using Eq. 3.

4098 x [0.6108 x exp (%)]

(T + 237.3)?

3)

A=

The psychrometric constant (y) was computed using Eq. 4, where P is the atmospheric

pressure (KPa) computed relative to the altitude using Eq. 5.

y = 0.665 x 1073P 4)
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)

293 — 0.0065 x Z)

P=101.3< 593

Where Z is the elevation above sea level (m).

Mean saturation vapor pressure (eg) was computed using Eq. 6, where e°(T) is the

saturation vapor pressure (KPa) at the air temperature T as computed in Eq. 7.

e, = eo(Tmax) -Zl' eo(Tmin) (6)

17.27 x T) 7)

e°(T) = 0.6108 X exp (m

Actual vapor pressure was computed using Eq. 8 as recommended in the FAO 56 paper.
given that no information about the integrity of relative humidity measurements is

available [4].

RHmax

100 ®)

e, = e€° (Tmin)

The average wind speed in the weather stations used in this study are measured at 10m
above the ground. Therefore, wind speed values were converted to the equivalent wind

speed at 2m above the ground using Eq. 9.

4.87

U,=U
27 72 1n (67.8 x Z — 5.42)

)

Where Uj is the wind speed (m - s~1) measured at a height Z meters above the ground.

Net radiation (Eq. 10) takes into account all incoming and outgoing shortwave and
longwave radiations to represent the balance of the energy absorbed, emitted, and

reflected by the earth surface [4].

Ry, = Rps — Ry (10)
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Where R, is the net solar radiation in MJ - m~2 - day~! (Eq. 11) and R, is the net
outgoing longwave radiation in MJ - m~2 - day~! (Eq. 12).
Rps=(1—a) R (11)

Where R; is the measured solar radiation in MJ - m~2 - day ™! and « is the albedo, which
is the proportion of the solar radiation that is reflected by the earth surface. The albedo is

dependent on the earth cover and is assumed 0.23 for the reference grass surface.

Ry=o Dnasc + Tmine (0.34 — 0.14,/e,) (1.35 x D5 _ 0.35) (12)
n 2 a RSO

Where:

o: Stefan-Boltzmann constant (4.903 X 1072 MJ - K™* -m~2 - day™1).
Tnax.k » Tmin x: Maximum and minimum temperature, respectively, in Kelvin.

Rs,: Clear-sky radiation in MJ - m~2 - day™!, which is the solar radiation that would

reach the earth in the same location and time of year when the sky is cloudless (Eq. 13).
Ry, =(0.75+2x107°xZ) R, (13)

Where Z is the elevation above sea level in m and R, is the extraterrestrial radiation in

MJ]-m~2-day~* (Eq. 14).

24 x 60
R, = - % 0.082d, [wsin(@)sin(8) + cos(@)cos(8)sin(wy)] (14)

Where:

d,: Inverse relative distance Earth-Sun (Eq. 15).
@: Latitude in rad.
§: Solar decimation in rad (Eq. 16).

ws: Sunset hour angle in rad (Eq. 17).
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d, = 1+ 0.033 2n (15)
P 99 €08 ( 365 ])

5 = 0.409 sin (2% ] — 1.39 (16)
- hAaTsm (365] ' )

wg = arccos(—tan((p) . tan(S)) 17)

The recommended equation in the FAO Irrigation and Drainage Paper No. 56 [4] for
computing the soil heat flux is Eq. 18. In cases where the temperature of the following
month is not available, Eq. 19 can be used. In this study, the recommended equation (Eq.
18) was used wherever possible, and Eq. 19 was used otherwise. Furthermore, when the
previous month value was not available, for instance in the first month measurement of
the first year in each station, the last month temperature measurement of the same year is

used as an approximation of the previous month temperature value.

Gmonth,i = 0-07(Tmonth,i+1 - Tmonth,i—l) (18)

Gmonth,i = 0-14(Tmonth,i - Tmonth,i—l) (19)

Where Ty onen,i 1S the mean air temperature of month i in °C.

2.4 Algorithms

2.4.1 Support Vector Regression (SVR)

Support Vector Machines (SVM) were first introduced by Boser et al. [23] as a classifying
algorithm that maximizes the margin between the decision hyperplane and the training
points. A regression algorithm, Support Vector Regression (SVR), was then developed
based on the concepts of SVM [24]. SVR uses a loss function that does not penalize errors
between training points and the regression hyperplane that are less than €, hence the name
e-insensitive loss function. This creates a tolerance margin around the regression

hyperplane as shown in Fig. 7 for a one-dimensional linear SVR case. Errors outside this
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margin, shown as &;, ¢/, are scaled by a regularization term (C) and penalized in the loss

function. C is chosen to manage the trade-off between regularization and prediction error.

— Fitted hyperplane
€ Margins
e Training points

Fig. 7. The regression hyperplane and its margin in a one-dimensional linear SVR case

[25].

yi=f()=wlx, w,xeR™ (20)

Eq. 20 shows the equation of the regression hyperplane in a linear case, where predictions

(y) are written as a function of the d-dimensional input feature space (x).

N
(1 :
Mm{ SIw?l+c ;(Ei +a~>} @n

yi—wix<et+§f
whx —y; < e+ (22)
‘Ei)fi* =0

Eq. 21 represents the loss function of the SVR algorithm [25], where w is the vector

normal to the regression hyperplane, C is the regularization factor, and &;, &; are the errors
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outside the tolerance margin. The constraining conditions of the loss function are given
in Eq. 22. By minimizing w in Eq. 21, the risk of overfitting is decreased by fitting a
flatter hyperplane to the training data. The value of C determines how much weight is
given to errors in the loss function. A small value for € will minimize the influence of
errors and therefore result in a flatter regression hyperplane. In contrast, a large value for
C will magnify the influence of errors and will result in a complex hyperplane that is

prone to overfit the data and produce bad predictions from unseen data.

As described thus far, the SVR algorithm can work well in regressing variables with a
linear relationship. However, in cases where the relationship is non-linear, a hyperplane
that fits the data well enough cannot be found in the feature space. In this case, kernels
are used to map the feature space to a higher dimensional space in which it is possible to
fit a hyperplane to the data. In this study, the radial basis function (RBF) (Eq. 23), which
is commonly used to model smooth and stationary functions [26], was used in modelling

the reference evapotranspiration data.
2
Krpr(xi, %)) = e (7)) (23)

The value of y in the RBF function (Eq. 23) affects the degree of influence that each
training point has on the others, which in turn affects the smoothness of the fitted
hyperplane. As y increases, the influence of each training data point on other points
decreases. In this study, the values of the regularization term (C) and the RBF kernel
parameter y were chosen using a grid search. In a grid search, different combinations of
these parameters are tested iteratively on the training data using cross-validation. In cross-
validation, training data is split to k-folds, where k-1 folds are used to train a model and
the remaining fold is used for testing. This process is repeated k times and the average
test score of the k models is used to grade the performance of the studied combination of

parameters.

Finally, all input features were scaled using Eq. 24 to avoid features with greater values

dominating other features due to differences in scale.

24)
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Where x; is the scaled feature, x; is the original feature value, p is the mean of the
feature, and o is the standard deviation of the feature. u and o were both computed from

the training data to prevent any information leakage from the test data.

2.4.2 Gaussian Process Regression (GPR)

In Gaussian Process Regression (GPR), a posterior distribution over functions that maps
the input features to the target variable is obtained by Bayesian inference from a prior
distribution and the likelihood of the training data [26]. The prior distribution is a
multivariate Gaussian distribution that models our prior beliefs about the predicted
variable. The mean of the prior distribution is usually set to zero when the target variable
can be centered around zero. The covariance matrix is defined using a kernel function
that models the dependence between the data points based on their distances. The choice
of the kernel function determines the shape of the resulting functions. In this study, the
radial basis function (RBF) kernel (Eq. 25) was used, as it is suitable for modelling

stationary and smooth functions.

2
Krpr(xi, %) = 0% - e_%<M> (25)

Where ||xi - xj” is the Eucledean distance between points x; and x;. The choice of the
length scale (1) of the RBF kernel function scales the distance between data points,
therefore affecting the degree of influence between these points. Smaller [ values reduce
the influence of points on farther points, therefore resulting in a more rugged function.
The variance (¢2) uniformly scales the covariance between all points. The choice of the

kernel parameters is done by maximizing the likelihood of the training data [27].

The mean and covariance of the posterior are subsequently obtained by Bayesian
inference. The result is a distribution over functions, which translates to a Gaussian
distribution describing each prediction, hence providing an uncertainty measure for the
predictions. A one-dimensional Gaussian process is visualized in Fig. 8 showing the
training points, test points, and function samples from the prior and the posterior. See [26]

for a comprehensive description of Gaussian processes.
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Fig. 8. One-dimensional GP samples and test data predictions [26] (a) Sampling from
the prior (b) Sampling from the posterior

Maximizing the likelihood function using all training data requires the inversion of an
n X n matrix, where n is the size of the training data, which makes it infeasible for large
datasets. Sparse Variational Gaussian Processes (SVGPR) use a subset of the training
data to optimize the model parameters, therefore permitting the use of GPR with large
datasets [28]. Instead of defining the prior on all the training data (n), it is defined using
a subset of the data (n) called the inducing variables, where ng < n, assuming that the
training data is dependent on the inducing variables. The SVGPR algorithm was used in

this study.

Finally, all input features were standardized using Eq. 9 similarly to SVR.

2.4.3 Random Forests (RF)

The Random Forests (RF) regression algorithm, first introduced by Breiman [29], is an
ensemble method that uses regression trees as its weak learners. A regression tree is a tree
structure that starts with one node containing all the data, subsequently splitting every
node into two nodes by choosing the split, out of all possible splits at this node, that
minimizes a defined loss function [30]. At each node, a certain value (C) of one of the
input variables (X;) is chosen to create the split, where all data points that satisty X; < C
are assigned to one node and the remaining data points are assigned to the other node. Eq.
26 represents the loss function used to create a split in regression trees, where Qg is

typically chosen as the squared residuals in the resulting left and right nodes (Eq. 27) [30].
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Qspuie = n.Qr + ngQr (26)

Where n; and ng are the number of data points assigned to the left and right nodes,
respectively; and Q; and Q are the squared residuals in the left and right nodes,

respectively (Eq. 27).
n
1 _
Q==Y 0i=9 @7)
i=1

Where n is the number of data points in the concerning node, y; is the i target variable,
and y is the average of all target variables in this node. Terminal nodes or leaves, i.e.,
nodes that are not split, are reached either when there is no more data to split, or when a
predefined criterium such as the maximum height of a tree is met. A prediction is done
by passing a new data point through the tree until it reaches one of the terminal nodes,

where the prediction is the average of the target values in this terminal node.

In random forests, a prediction is made by averaging the predictions of all the regression
trees in the random forest. The upper bound of the generalization error of a random forest
(Eq. 28) is a function of the correlation between regression trees (p) and their

generalization errors (PE*(tree)) [29].
PE*(forest) < p- PE*(tree) (28)

Therefore, reasonable randomness must be introduced to the regression trees to minimize
the correlation between them without significantly sacrificing their accuracies. For this
reason, regression trees are trained on bootstrapped data, i.e., data sampled with
replacement from the original data. Further randomness can be added to the trees by using
a subset of the input features for node splits. However, using a small number of features
for node splits in regression trees has been found to notably increase the tree errors, hence

undermining the effect of randomization on the random forest error upper bound [29].

In this study, three RF parameters were tuned: the number of decision trees, minimum
number of samples in the resulting nodes to allow for a split, and the size of the bootstrap

sample used to train individual decision trees. These parameters were chosen by



27

iteratively testing diffferent combinations using a grid search and cross validation as

explained in section 2.4.1.

2.5 Evaluation Metrics

In this study, four model performance evaluation metrics were used, two unitless metrics:
relative root mean squared error (rRMSE) and the Nash—Sutcliffe model efficiency
coefficient (NSE); and two metrics that have the same unit as the predicted target variable:
root mean squared error (RMSE) and mean absolute error (MAE). RMSE (Eq. 29) values
range between 0 for a perfect model and +oo0. rRMSE (Eq. 30) is a normalized version of
RMSE and its value is a percentage of the average of the measured variable. Both RMSE
and rRMSE use the squared residuals and therefore penalize larger errors. MAE (Eq. 31),
which is the average of the absolute residuals, treats all errors equally. Finally, the NSE
(Eq. 32) computes the ratio of the variance explained by the model to the total variance
in the data, where a perfect model would have an NSE value of 1 and values less than
zero indicate that the mean is a better predictor than the studied model [31]. Table 4

provides a classification of model performance based on the NSE metric [32].

n
1
RMSE = —Z(Pi — 0;)? (29)
n i=1
RMSE
rRMSE = —5 (30)

n
1
MAE=EZ|Pi—0i| 31)
i=1
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1P —0)?

NSE=1—-—"—7F""—"—""-"—
21(0; — 0)?

(32)

Where P; represents model predictions, 0; represents ET, observations, P is the average

of model predictions, and O is the ET,, observations average.

Table 4. Performance ratings by NSE values

Range of NSE Performance
NSE <04 Unsatisfactory
0.40 <NSE<0.5 Acceptable
0.50 <NSE <0.65 Satisfactory
0.65 <NSE <0.75 Good
0.75<NSE<1.0 Very good

2.6 Statistical Significance Test

Although the seven regions used in this study are the commonly accepted seven climatic
regions of Turkey, Erinc, S. [21] did not rely merely on climatic factors to define these
regions as mentioned earlier. Therefore, a statistical significance test was necessary to
ensure that the observed difference in prediction accuracy between general and regional
models is not obtainable by random assignment of stations to clusters. In other words, if
this specific division of regions is of any importance in regards of ET, prediction using
ML models, it would be hard to obtain similar improvements in prediction accuracy from
other randomly defined clusters of stations. In this test, the null hypothesis states that
using these specific regional models does not improve prediction accuracy over the
general model; and the observed improvement is random and may also be obtained by
random allocation of stations to seven clusters. The alternative hypothesis, on the other
hand, states that using this setup results in higher prediction accuracy than the general
model. The test was conducted on four of the input combinations, which were chosen
based on their performance and limited climatic variable requirements. Due to the
complexity of this test, it was not possible to use any of the traditional statistical
significance tests. Therefore, a randomization test was conducted as described in the

following steps:
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Randomly assign stations to seven clusters

Split stations in each cluster to train and test stations by allocating approximately

40% of the data for testing.

Train an ML model for each of the seven clusters and one general model using

the training data of all clusters combined.

Measure the change between the combined cluster models’ RMSE and the general

model RMSE (Eq. 33).

(RMSEcluster - RMSEgeneral)
RMSEgeneral

RMSE change % = (33)

Repeat steps 1 to 4 1000 times.

Compute the ratio of iterations that had a reduction in RMSE equal or greater than

the observed RMSE reduction to get a one-sided p-value.

A similar test was used Park et al. [33] to evaluate the significance of each split in a

hierarchical clustering dendrogram. At each node of the dendrogram, the clusters were

permuted, and the intra-cluster variance of permuted clusters was computed and

compared to the intra-cluster variance of the clusters obtained at this node to get a p-value

that describes the significance of this split. The previous process was also used by Bruzzes

to automatically return the significant clustering scheme from the results of a hierarchical

clustering process [34].

The numbers of data points in the randomized clusters had to be close to that of the

clusters used in this study (see Fig. 6) to ensure that the test simulates the conducted study.

On that account, a 7" order (k = 7) Dirichlet distribution [35] was used to generate the

number of data points per cluster in each iteration of the randomization test (Eq. 34-36).

k
_ I'(ao) a;—1



30

ay = Zk:ai (35)

=1
Ely,] = &
il = s (36)
a =0 (7)

The seven parameters of the Dirichlet distribution (a;) were set as defined in Eq. 37,
where n; is the number of data points in the corresponding region of the original study,
N is the total size of the dataset, and S is the concentration parameter. The concentration
parameter value determines how close the sampled values are to the expected value,

which is computed using Eq.36. This choice of the Dirichlet parameter results in an

expected value equal to % for each value of the seven-dimensional vector, which is equal

to the ratio of the cluster data to the whole dataset. Multiplying this vector by the dataset
size results in a seven-dimensional vector, where each value represents the sampled
number of datapoints in one of the seven clusters and all values sum up to the dataset size
N. Using this method, a sample was drawn from this distribution in each iteration of the
randomization test and stations were iteratively allocated to each cluster until the number

of data points in the cluster reached the sampled number.

Fig. 9 shows a box plot of the number of datapoints in each of the seven randomized
clusters, with the diamond marker referring to the number of datapoints in the region that
this cluster is simulating. For example, cluster 1 simulates the region with the greatest

number of datapoints, i.e., Central Anatolia.
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Fig. 9. Box plot showing the distribution of the dataset sizes of the randomized clusters

The significance level used in this test was a Bonferroni corrected significance level [36]

that achieves a family-wise false positive rate of 5%. This corresponds to a cut-off value

equal to O'TOS = 0.0125, where 4 is the number of tests conducted.

Finally, the designed randomization test requires training 8 models in each of the 1000
iterations. Using one of the three models used in this study (SVR, RF, or GPR) for this
purpose was impractical given the long training time of these algorithms. Accordingly, a
second order polynomial was opted for to train the models in the randomization test. This
choice was justified by the similar behavior of the second order polynomial model to SVR

and GPR models as demonstrated in section 3.2.



CHAPTER 3

RESULTS

3.1. Input combination comparison

The two processes that constitute evapotranspiration are mass transfer and energy balance
[37]. In reference evapotranspiration, the surface properties are constant by definition.
Under this condition, mass transfer is determined by vapor pressure deficit and
aerodynamic resistance only, which in turn depend on relative humidity, wind speed, and
partially on temperature as it affects saturation vapor pressure. Meanwhile energy balance
is influenced by solar radiation and ambient temperature. The 16 input combinations used
in this study will be compared in the following paragraph taking into consideration the
variables that influence mass transfer and energy balance. The model performance
metrics of the general and regional models are presented in Table 5 and Table 6. The

metrics are also presented in Fig. 10 for easier comparison.



Table 5. MAE and RMSE of general and regional models
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Metric

Input Model MAE RMSE
GPR RF SVR GPR RF SVR
1 General 0.389 0.392 0.388 0.503 0.507 0.507
Regional 0.352 0.364 0.352 0.456 0.476 0.463
2 General 0.758 0.751 0.751 0.965 0.954 0.965
Regional 0.650 0.654 0.649 0.846 0.842 0.851
C3 General 0.225 0.235 0.227 0314 0.327 0.320
Regional 0.206 0.244 0.208 0.288 0.337 0.293
ca General 0.669 0.669 0.668 0.855 0.855 0.855
Regional 0.647 0.645 0.642 0.834 0.831 0.828
s General 0.674 0.673 0.671 0.861 0.861 0.859
Regional 0.657 0.650 0.653 0.843 0.835 0.839
6 General 0.667 0.668 0.668 0.853 0.853 0.854
Regional 0.654 0.653 0.654 0.839 0.836 0.840
7 General 0.516 0.518 0.515 0.673 0.676 0.675
Regional 0.496 0.501 0.493 0.665 0.673 0.663
s General 1.160 1.144 1.135 1.389 1.382 1.397
Regional 1.155 1.146 1.128 1.399 1.390 1.403
9 General 0.525 0.527 0.520 0.682 0.687 0.681
Regional 0.517 0.518 0.511 0.689 0.683 0.679
10 General 0.622 0.618 0.614 0.813 0.809 0.810
Regional 0.576 0.582 0.574 0.759 0.768 0.762
Cl1 General 0.626 0.625 0.621 0.818 0.817 0.818
Regional 0.577 0.582 0.577 0.757 0.765 0.760
Cla General 0.460 0.463 0.458 0.613 0.614 0.614
Regional 0.438 0.446 0.438 0.588 0.599 0.593
c13 General 0.538 0.542 0.535 0.699 0.705 0.706
Regional 0.486 0.502 0.488 0.642 0.664 0.653
Cl4 General 0.226 0.228 0.225 0.318 0.321 0.324
Regional 0.207 0.236 0.210 0.298 0.332 0.305
Cl5 General 0.138 0.157 0.135 0.197 0.216 0.196
Regional 0.115 0.180 0.115 0.163 0.267 0.163
Clé General 0.225 0.234 0.226 0.314 0.324 0.318
Regional 0.209 0.243 0.210 0.299 0.335 0.298




Table 6. rRMSE and NSE of general and regional models

34

Metric

Input Model rRMSE NSE
GPR RF SVR GPR RF SVR
Cl General 0.132 0.133 0.133 0.921 0.920 0.920
Regional  0.120 0.125 0.121 0.935 0.930 0.933
C2 General 0.253 0.250 0.253 0.711 0.717 0.711
Regional  0.222 0.221 0.223 0.777 0.780 0.775
C3 General 0.082 0.086 0.084 0.969 0.967 0.968
Regional  0.076 0.088 0.077 0.974 0.965 0.973
C4 General 0.224 0.224 0.224 0.773 0.773 0.773
Regional  0.219 0.218 0.217 0.784 0.785 0.787
C5 General 0.226 0.226 0.225 0.770 0.770 0.771
Regional  0.221 0.219 0.220 0.779 0.783 0.781
Co6 General 0.224 0.224 0.224 0.774 0.774 0.773
Regional  0.220 0.219 0.220 0.781 0.783 0.781
C7 General 0.177 0.177 0.177 0.859 0.858 0.858
Regional  0.174 0.177 0.174 0.863 0.859 0.863
C8 General 0.364 0.362 0.366 0.401 0.407 0.394
Regional  0.367 0.365 0.368 0.392 0.400 0.389
C9 General 0.179 0.180 0.179 0.856 0.853 0.856
Regional  0.181 0.179 0.178 0.852 0.855 0.857
C10 General 0.213 0.212 0.212 0.794 0.796 0.796
Regional  0.199 0.201 0.200 0.821 0.817 0.820
Cl1 General 0.215 0.214 0.215 0.792 0.793 0.792
Regional  0.199 0.201 0.199 0.822 0.818 0.821
Cl12 General 0.161 0.161 0.161 0.883 0.883 0.883
Regional  0.154 0.157 0.156 0.892 0.888 0.891
C13 General 0.183 0.185 0.185 0.848 0.846 0.845
Regional  0.168 0.174 0.171 0.872 0.863 0.868
Cl4 General 0.083 0.084 0.085 0.969 0.968 0.967
Regional  0.078 0.087 0.080 0.972 0.966 0.971
C15 General 0.052 0.057 0.051 0.988 0.985 0.988
Regional  0.043 0.070 0.043 0.992 0.978 0.992
Clé6 General 0.082 0.085 0.083 0.969 0.967 0.969
Regional  0.079 0.088 0.078 0.972 0.965 0.972
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The results clearly show the superiority of energy-balance based models (C7, C12, and
C13) to the mass-transfer based model (C8). Combination C1, which combines energy-
balance (T,,,,) and mass-transfer (U,) variables, predicts ET, with an rRMSE of
approximately 13% and 12% using the general and regional models, respectively. The
performance of C1 is notably better than C2 (rRMSE = 18%), in which R; is used instead
of T,,4x- This may be attributed to the fact that T,,,, carries information about both
evapotranspiration processes, i.e., energy-balance and mass-transfer, as it influences
saturation vapor pressure. In C3, the month of the year (Month) was added to C1, which
greatly improved the models’ prediction accuracy due to the information about
extraterrestrial radiation contained in the month variable. Furthermore, comparing
combinations C1 (T4, & U,) and C2 (Ty,in & Us), Thax predicted ET,, with significantly
higher accuracy than T,,;,, which was also noted in [38]. Comparing the two mass-
transfer variables, RH and U,, wind speed was clearly a better predictor than relative
humidity (compare C1 (Typqx & U;) and C9 (Rg & U;) to C6 (Tipax & RHyyg) and Cl11
(Rs & RHyy,g), respectively). Moreover, the performance of Cl6
(Thax & Uy & Month & RH,,,,) is almost identical to C3, which does not include
RH,, 45 C15 was the best performing input combination, which is expected given that it
includes 4 out of the 5 wvariables used in ET, computation. Overall, C3
(Tax & Uy & Month) demonstrated the best balance between prediction error (rRMSE
~ 8%) and the number of measurements required (temperature and wind speed). This
model’s NSE value of 0.974 renders it way above the “Very good” criterium of 0.75
stated in Table 4. This also applies to the combinations C7 and C13, both using one
measured variable only, with NSE values of 0.863 and 0.872, respectively.
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3.2 Comparing general and regional models

The thin black bars in Fig. 10 show the performance metrics of the regional models of the
corresponding algorithms and input combinations. Fig. 11 shows the percentage change
in MAE and RMSE between general and regional models as computed in Eq. 33 for each

input combination.

(a) RMSE
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Fig. 11. Change in prediction error between general and regional models. Negative
values indicate lower error in the regional model case. (a) % Change in RMSE (b) %
Change in MAE.

SVR and GPR regional models performed better than the general models in almost all
input combinations. On the other hand, RF regional model performances were worse than
the general model in several combinations due to overfitting. Fig. 12 demonstrates the
overfitting in RF in the four input combinations in which the regional RF models
performed notably worse than the general model. It can be observed that the difference
between train and test prediction error when using RF was larger than SVR and GPR

models. This effect was more profound when using regional models.



38

Train Test —— Regional Model

0.4

RMSE
]

H

0.0

14 15 16

Combination
(a) SVR

14 15 16

Combination

(b) RF

3 14 15 16

Combination
(c) GPR

Fig. 12. Train and test RMSE of general and regional models. The colored bars
represent the RMSE of the general model and the thin black bars represent the RMSE of
the regional models. (a) SVR (b) RF (c) GPR

== GPR RF

30

20

10

RMSE change %

SVR

RMSE change %

[FETEN)
o » o

o w

= GPR

RF SVR

- I ] I I I
A\ 2 Y \J < 0 1\
= e AR oS! o 2 oxe
ped’ %\aﬁ“* Q;\ (oW g::a@\\ﬁ e 60\)“\,;:0\,@
2!
o

e
s

(a)C3

@

A

@ e o

e’ o \x“‘i‘o\‘a
&

Fr

A\ 3 \ \ @
e? e S xe X
e e c,e“‘\(,\\a @:a‘o\\a W™

N I A
(b) C7
. GPR RF SVR I I
15
-5
] 10 &
& &
< € -10
5 s 5
2 2
S I 5
w w
2 o -, 2-15
Z =g I g
-5
-20
. GPR RF SVR
-10
o0 ce? « o0 o e o @ oo ce? w3 o0 o oo O @
0% ¥ S ) o o <o of - N &S R o o <o
e pee (i\ e @(\3‘0\\5 el e o 2, e e g:“ o ﬁ"‘(\aﬂ’\\” W e&‘e«a 0\‘\?0\\@

(c) C9

o0
(d)C13 i

Fig. 13. Change in RMSE between general and regional models per region

Given that the purpose of research on predicting ET, using ML is to be able to estimate

ET, using limited climatic measurements, the best performing combinations that use 1 or

2 measured variables are chosen for further discussion and significance testing. These

combinations are: C3 (T qx & U, & Month), C7 (Tyax & Month), C9 (Ry & U,), and

C13 (Ry & Month). These combinations cover different cases of climatic measurement

availability. Fig. 13 shows the change in RMSE between general and regional models as

a percentage of the general model RMSE (Eq. 33). Negative values indicate lower RMSE

in the regional model case. It can be noticed that for each region, some combinations

produce better predictions when using the regional model and other combinations are

better when using the general model. This is dependent on a number of factors like the
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size of the regional dataset (Fig. 6), the difference in distributions between regional and
general datasets (Fig. 5), the difference in distribution between regional train and test
datasets (Fig. 5), and overfitting when using the regional dataset. However, when looking
at the combined performance, regional models perform better in the majority of input

combinations.
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Fig. 14. (a) RMSE of general and regional models (b) Change in RMSE between
general and regional models.

The significance of the improvement in prediction accuracy was tested by conducting a
randomization test. As mentioned in section 2.6, the randomization test was conducted
using a second-order polynomial regression model instead of the models used in this
study. Fig. 14 shows the RMSE of the polynomial regression model and the RMSE
change between general and regional models for the 4 chosen combinations. The
prediction error of the polynomial regression model is expectedly higher than the models
used in this study. However, the change in RMSE between general and regional model
cases, which is the focus of the randomization test, is comparable to that of SVR and GPR
models. Therefore, the polynomial model was used as an approximation of the other

models in the randomization test.
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The results of the 4 randomization tests are presented in Fig. 15. All 4 combinations

showed a statistically significant reduction in prediction error when using the regional

models. However, from a practical perspective, the reduction in prediction error in

combinations C7 and C9 (2% is negligible in a real-case application.



CHAPTER 4

DISCUSSION AND CONCLUSIONS

In this study, two different approaches for modelling reference evapotranspiration in
Turkey using machine learning models were compared. The two approaches used were
regional and general ML models. The regional models were trained on data from each of
the seven regions of Turkey, i.e., Mediterranean, Aegean, Marmara, Black Sea, Central
Anatolia, Eastern Anatolia, and Southeastern Anatolia. The stations in each region were
split to train and test stations to allow for a cross-station evaluation. The general model
was trained and tested on the combined train and test stations of all the geographic
regions. The comparison was made using 3 ML algorithms, SVR, RF, and GPR.
Furthermore, 16 climatic variable combinations were tested for E T, estimation to account
for different measurement availability cases. Finally, a randomization test was conducted
to evaluate the statistical significance of the reduction in prediction error when using

regional models in comparison to that of the general model.

In the general model case, all three algorithms performed very similarly, with SVR and
GPR having a slight advantage over RF due to overfitting in some RF models. However,
in the regional model case, the superiority of SVR and GPR models over RF was more
pronounced due to the increased overfitting that RF exhibited on the smaller datasets of
regional models. Between GPR and SVR, GPR showed a better performance in general,
making it the best model out of the three algorithms used in this study. These findings
conform with the conclusions made by Shabani et al. in their study on predicting pan
evaporation using GPR, SVR, RF, and KNN [39]. In addition, the ability of the GPR
algorithms to provide uncertainty estimates with the predictions makes it more suitable

for real-life applications.
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Regarding input combinations, solar radiation combined with the month of the year was
the best predictor of ET,, when using one measured variable. Sattari et al. also found the
best single predictor of ET, to be sunshine duration, which is a proxy for solar radiation
[38]. For combinations using two measured meteorological variables, the combination of
maximum temperature, average wind speed, and month of year resulted in an rRMSE of

about 7.5% and an NSE value of about 0.97 when using the regional model.

The observed change in prediction error between general and regional models using SVR
and GPR algorithms ranged between -16.3% and -0.4% for MAE and between -17.0%
and 1.1% for RMSE, where negative values indicate that the prediction error in the
regional model case was lower. Furthermore, the randomization test, which was
conducted on four input combination models, showed that the reduction in RMSE was
statistically significant. These results confirm the findings of Yildirim et al. which stated
that the sensitivity of computed ET, values to errors in the input variables differs from
region to another in Turkey [13]. Moreover, this improvement in prediction accuracy
when using regional models is similar to the improvement noted by Ferreira et al. when
creating models using clustered stations [16]. However, the implication of this study is
more realistic as the definition of geographic regions allows for assigning new locations
to their relevant regions; whereas the clustering method used in the previous study

requires the availability of ET, values in the new location.

The results of this study emphasize the importance of determining the ideal geographical
extent in which ML models can be applied to estimate reference evapotranspiration using
limited climatical variables. This is especially important in areas with considerable spatial
climatic variation like Turkey. Using individual models for each region resulted in lower
prediction error than using one model for the whole country. However, the improvement
in prediction accuracy was not uniform among all regions. Although the prediction
accuracy improved in total when using the regional models, some regions still performed
better in the general model case. Further research on clustering stations for the purpose
of ET, estimation is required for defining regions that suite this purpose more than the
regions used in this study, which are not merely defined as climatic regions. Moreover,
similar studies in other parts of the world are necessary to obtain a better understanding

of the spatial generalizability of ET,, estimating ML models. Furthermore, studies using
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daily meteorological data can simulate the real application of ET, estimating models
better than monthly data given the daily requirement of ET, values for irrigation
scheduling. Finally, studies using actual evapotranspiration measurements will provide
more realistic insights by excluding the noise introduced by estimating reference

evapotranspiration using the FAO 56 PM equation.
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