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ABSTRACT

IMPROVING DATA-DRIVEN BASED STREAMFLOW FORECASTING USING
WAVELET TRANSFORMATION

Sinan Jasim Hadi ALDOORI
Department of Remote Sensing and Geographic Information System
Anadolu University, Graduate School of Sciences, March 2018

Supervisor: Prof. Dr. Mustata TOMBUL

Daily streamflow forecasting is conducted in this study using several data-driven
models (DDMs): artificial neural network (ANN), adaptive neuro-fuzzy inference system
(ANFIS) and support vector machine (SVM). Seven days ahead and one month ahead
streamflow being less predictable wavelet transformation (WT) is used as preprocessing
to improve the performance of the models. Two new hybrid models were proposed using
multi-gene genetic programming (MGGP) and extreme gradient boosting (XGB) as a
selection tool to select only the important scales obtained from the continuous wavelet
transformation (CWT) to be them imposed into ANN and extreme learning machine
(ELM). Hindcast and real forecast experiment are conducted to investigate the
performance of the WT-based models in the real forecasting. The results show that daily
forecast can be implemented successfully using DDMs and ANN has the highest
performance in comparison to ANFIS and SVM. The proposed two models outperformed
the models uses discrete wavelet transformation (DWT) as more information can be
included in the model. Finally, the performance of the models using WT-based hybrid
models for both CWT and DWT in hindcast experiment was found as increases due to
the incorrect application of WT. Mostly, WT is applied onto the time series, divided into
calibration and testing subsets to be then imposed into DDMs and that sends some future
information into the model. In the real forecast experiment, the WT-based hybrid models

have less performance than the stand-alone DDMs in which no preprocessing applied.

Keywords: Streamflow, Wavelet transformation, Artificial neural network, Extreme

learning machine, extreme gradient boosting.
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OZET

DALGACIK DONUSUMU KULLANILARAK VERIYE DAYALI AKIM
TAHMIN MODELLERININ IYILESTIRILMESI
Sinan Jasim Hadi ALDOORI
Uzaktan Algilama ve Cografi Bilgi Sistemleri Anabilim Dal
Anadolu Universitesi, Fen Bilimler Enstitiisii, Mart 2018
Danigsman: Prof. Dr. Mustafa TOMBUL

Bu ¢alismada, yapay sinir ag1 (Artificial Neural Network (ANN)), uyarlamali noro-
bulanik ¢ikarim sistemi (Adaptive Neuro-Fuzzy Inference System (ANFIS)) ve destek
vektor makinesi (Support Vector Machine (SVM)) gibi veriye dayali modeller (Data-
Driven Models (DDMs)) kullanilarak giinliik akim tahmini yapilmistir. Yedi gilin ve bir
ay ilerideki akim tahmini daha az 6ngoriilebilir hale gelirken, modellerin performansini
artirmak i¢in On islem olarak dalgacik doniisiimii (Wavelet Transformation (WT))
kullanilmistir. Stirekli dalgacik doniisiimii (Continuous Wavelet Transformation (CWT))
'dan elde edilen 6nemli Olcekleri segmek icin, bir secim araci olan ¢ok genli genetik
programlama (Multi-Gene Genetic Programming (MGGP)) ve asir1 gradient yiikseltmeyi
(XGB) kullanarak iki yeni hibrid model Onerilmistir. Bu modeller yapay sinir aglari
(ANN) ve Asir1 Ogrenme Makinesi (Extreme Learning Machine (ELM)) olarak
uygulamaya konmustur. Ger¢ek tahminlerde WT tabanli modellerin performansini
incelemek i¢in hindcast ve gercek tahmin denemesi yapilmistir. Sonuglar, giinliik tahmini
DDM'leri kullanarak basarili bir sekilde uygulandigin1 ve ANN'nin ANFIS ve SVM'ye
kiyasla en yiiksek performansa sahip oldugunu gostermektedir. Modele daha fazla bilgi
dahil edilebildiginden, onerilen iki model daha iyi performans gdstermistir; o nedenle bu
calismada ayrik dalgacik doniisiimii (Discrete Wavelet Transformation (DWT))
kullanilmigtir. Son olarak, WT'nin yanlis uygulanmasindan dolay1i, WT- tabanli hibrit
modellerin art arda yapilan denemelerinde, hem CWT hem de DWT igin performansinin
arttigi bulunmustur. Cogunlukla, WT, zaman serilerine uygulanmakta, daha sonra
DDM'lere uygulanacak kalibrasyon ve test alt kiimelerine boliinmekte ve gelecege dair
bazi bilgileri modele gondermektedir. Gergek tahmin denemesinde, WT tabanli hibrit
modellerde, on islem uygulanmayan bagimsiz DDM'lerden daha az performans

gostermistir.

Anahtar Sozciikler: Akim, Dalgacik doniisiimii, Yapay sinir agi, Asirt 6grenme

makinesi, Asir1 gradient yiikseltmeyi.
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INTRODUCTION

The management of the water resources system including planning, designing, and
operating needs short-term and long-term future events forecasting (Kisi 2008, Sanikhani
et al. 2012). One of the most important part of this system is streamflow. Streamflow is
an essential component of hydrologic cycle in the regional and global scale (Makkeasorn
et al. 2008, Liu et al. 2014) and it is the main source of the fresh water supply and highly
associated with the natural disasters such as droughts and floods. Modelling of
streamflow is very important for the efficient water resources management due to its role
in the mitigation of influences of the excess/scarcity of the water systems (Wood et al.
1980, Sanikhani et al. 2012). Also, accurate forecasting streamflow is essential for
efficient water resources management particularly in the regions vulnerable to floods and
droughts (Singh 2016). Specifically, for streamflow, Short-term forecasts (e.g. hourly or
daily) are important for two main applications: forecasting of the floods and development
of warning system. The long-term forecasts (e.g. Monthly or annual) are useful for several
applications such as irrigation management decisions, reservoir operations, hydro-power
generations, and sediments transportation.

The hydrologic modeling in general and streamflow in particular, has grown
quickly in the recent years. These models can be divided into two main categories:
Physically-Based models or numerical, and Data-Driven Models (DDMs) (Solomatine et
al. 2008). Physically-based models are known as white box models which considers the
physical interaction between the variable in modelling the hydrologic processes. Data-
Driven models known as black box models that obtains the optimum solution between
the inputs and outputs without taking into account the physical process; that does not
mean choosing the inputs and outputs arbitrarily but selecting them in such a way that
their physical contributions can be interpreted. Physical models have a disadvantage that
require a big number of inputs in addition to the high cost of computation. Therefore,
DDMs have become globally popular where these shortcomings are overcome.

Recently, the quick development in the computing tools and in the technology, has
led to the development of several DDMs such as: Artificial Neural Network (ANN),
Adaptive Neuro-Fuzzy Inference System (ANFIS), Support Vector Machines (SVM),
Genetic Programming (GP), Extreme Learning Machine (ELM), and Extreme Gradiant
Boosting (XGB) (Kisi 2009, Adamowski et al. 2010, Pramanik et al. 2011, Nourani et al.
2013, Nourani et al. 2014, Alizadeh et al. 2017, Nury et al. 2017).



The forecast of streamflow is identified as not an easy task due to the complexity
of the process (Ravansalar et al. 2017). This complexity is mostly due to the non-
stationarity and non-linearity in the relation between the streamflow and the basin
characteristics (Nourani et al. 2011, Mehr et al. 2017). Data-Driven Models (DDMs) can
be used for modeling streamflow as they have the ability to deal with non-linearity and
map the relationship between the streamflow and factors driving it.

The DDMs can deal with the nonlinearity and non-stationarity in the mean and
variance elements but the main shortcoming of the DDMs is that they may not be able to
cope with the non-stationarity fluctuation (Nourani et al. 2011) if no preprocessing
applied to the data (Cannas et al. 2006). One of the solutions is to apply the wavelet which
have the ability to cope with the seasonal (cycling) nonstationary component of the time
series (Daubechies 1990, Torrence et al. 1998, Anctil et al. 2004, Nourani et al. 2011).
Wavelet has good ability in representing the signal locally in both time and frequency
domains. The decomposition of the nonstationary time series using wavelet into several
number of scales extracts the historical hidden information in both time and frequency
domain (Rajaee et al. 2010, Shoaib et al. 2014). Therefore, Wavelet as preprocessing with
various DDMs has been widely applied in the streamflow forecasting.

The wavelet transformation is performed by two forms namely Continuous Wavelet
Transform (CWT) and Discrete Wavelet Transform (DWT). More than 80% of the
hydrological studies is applying the DWT as preprocessing and not CWT (Nourani et al.
2014). This percentage is much higher in the streamflow forecasting. This is due to the
nature of the hydrologic time series which gathered not in a continuous but in discrete
form. Therefore, DWT which is dyadic is more appropriate for decomposing the time
series which allows for reconstructing the original time series form the sub-signals. On
the other hand, CWT represents the signal in many different and exact scales (periods)
that in every scale there is a number of coefficients equal to the same number of time
steps. Therefore, it is considered as redundant information especially when used as
preprocessing to be then imposed into a DDMs as increasing the number of redundant
inputs deteriorate model’s ability in forecasting (Galelli et al. 2014, Taormina et al. 2016).

Several studies used CWT for forecasting streamflow by taking one scale
coefficients or several scales based on the data used (Cannas et al. 2006, Adamowski
2008, Shoaib et al. 2014) but no one has tried to select only the scales that contribute in

the streamflow using a hybrid model. In this study, two hybrid models are proposed in



which only the scales that important in forecasting the streamflow is chosen to be them
modeled using any of the DDMs. This hypothesized based on that if the DWT which is
dyadic decomposes the time series and reveals the seasonality, periodicity, and
irregularity the CWT should reveal more hidden information as the decomposition is
more and nowadays the advancement in the technology has overcome the shortcoming of
the costly calculations.

These proposed models are implemented according to the procedure that has been
well explained in the literature as many hybrid models are developed using WT and DWT
in particular as preprocessing techniques with the DMMs in which the performance of
these models in forecasting increased dramatically. However, most of the studies
(including the proposed two models in this work) applied the hybrid models in such a
way future information are sent into the model where these must not be included in the
forecasting experiment. In the case of DWT, such studies implemented in such a way that
all the data are decomposed and reconstructed for getting the sub time series. Then, the
sub time series are divided into calibration/training and validation subsets to be after that
imposed into DDMs. In the use of CWT, the same procedure followed except choosing
the most contributing scale(s) to be imposed into DDM as CWT produce redundant
information. Such a way of implementation sends some amount of the future information
to the model and therefore this is named as hindcasting experiment in which all the data
are used in calibration and forecasting.

According to that, most of the studies in the literature is applying the preprocessing
WT in an incorrect way. This firmly includes the studies that has explained the procedure
of the application. Therefore, a real forecast using hybrid model includes WT in both
DWT and CWT is to be conducted in which only the existing data included in the model
calibration and the future information used for testing the models. This forecast
experiment is to be compared with the stand-alone models in which no WT-preprocessing
is applied.

The objectives of this study are:

- Investigate the ability of several DDMs in forecasting daily streamflow one to

seven days ahead.

- As monthly streamflow is less predictable, a new hybrid model for forecasting

streamflow proposed that uses GP approach as a selection tool for the important

scales of the CWT in order to be imposed after that into DDMs.



- Propose another hybrid model with the same idea of imposing the scales of
CWT into XGB model which has the ability to obtain the importance of the
scales in order, to then choose these important scales and use them as inputs
into DDMs.

- Conduct a real forecast experiment of the hybrid models that uses WT as
preprocessing and compare with the hindcast experiment.

The thesis is organized in five chapters. Chapter one consists of two studies. First
one is the spatial interpolation of the temperature and rainfall as in one of the used basins
no station located inside the basin and to obtain these two variables interpolation is
required. Second study is evaluating the CRUTS data which is global monthly data of
several meteorological variables and this study conducted due to the unavailability of
evapotranspiration data which then obtained from CRUTS. Chapter two is the data
exploration in which the data was explored as an essential step in data modelling. Firstly,
the long-term (i.e. 1901-2015) trend and stationarity was explored for the whole Turkey
including the study area. Secondly, the trend and stationarity only for the study area for
the available streamflow data period are investigated. In chapter three, the forecast of one
day ahead streamflow using several DDMs is conducted. Chapter four contains two
studies. The first study is proposing a combination of DWT and CWT to improve seven
day ahead streamflow forecasting. The second study is improving the monthly
streamflow using CWT with a new hybrid model that choses only the important scales.
In chapter five, another new hybrid models is proposed in which only the important scales
of CWT is chosen in order to be imposed into DDMs. In this chapter, the real forecast is
conducted beside the hindcast experiment in which to investigate that is including WT

improving or deteriorating the models.



CHAPTER ONE

1. DATA PREPARATION
1.1. Comparison of Spatial Interpolation Methods of Precipitation and

Temperature Using Multiple Integration Periods
1.1.1. Abstract

Eight spatial interpolation methods are used to interpolate precipitation and
temperature over several integration periods in a local scale. The methods used are inverse
distance weighting (IDW), Thiessen polygons (TP), trend surface analysis (TSA), local
polynomial interpolation (LPI), thin plate spline (TPS), and three Kriging methods:
ordinary, universal, and simple (OK, UK, and SK). Daily observations from 17 stations
in the Seyhan Basin, Turkey, between 1987-1994 are used. A variety of parameters and
models are used in each method to interpolate surfaces for several integration periods,
namely, daily, monthly and annual total precipitation; monthly and annual average
precipitation; and daily, monthly and annual average temperature. The performance is
assessed using independent validation based on four measurements: the root mean
squared error (RMSE), the mean squared relative error (MSRE), the coefficient of
determination (r?), and the coefficient of efficiency (CE). Based on these validation
measurements, the method with smallest errors for most of the integration periods
concerning both precipitation and temperature is IDW with a power of 3, whereas TP has
the highest errors. The Gaussian model is found superior than other models with less
errors in the three Kriging methods for interpolating precipitation, but no specific model
is better than another for modeling temperature. UK with elevation as the external drift
and SK with the mean as an additional parameter show no superiority over OK. For
precipitation, annual average and monthly totals are found to be the worst and best
modeled integration periods respectively, with the monthly average the best for

temperature.

1.1.2. Introduction

Precipitation is the main source of soil moisture and drinking water in semiarid
areas. Precipitation observations are crucial for hydrology, meteorology, geology,
climatology and environmental monitoring and analysis. However, it is almost impossible
to have stations (measuring precipitation, temperature, wind, etc.) that cover the whole

area of interest, particularly in areas with no human activity. Meteorological stations have



limited, localized and dispersed point distributions. Spatial interpolation of weather
parameters is considered to be an important aspect for most hydrological studies (Lam et
al. 2015, Xu etal. 2015). Spatial interpolation is a technique that is used to estimate values
for any distributed variable where none exists; develop a surface representing elevation,
precipitation, temperature, pollution or other environment layers; or approximate values
for any geographic location using known specific points. Meteorological stations are used
as known locations, and their values are used to estimate (or predict) the values of a data
surface in locations where no point data exist.

Spatial interpolation techniques can be divided into deterministic interpolation
models (e.g., IDW, trend surface analysis or least square regression, RBF, and GPI) and
geostatistical models (e.g., OK, SK, and UK) (Johnston et al. 2001, Wang et al. 2014).
Deterministic models based on the assumption that the interpolated surface is more
influenced by nearby points and less by distant points and depend on particular
mathematical formulas that control the smoothness of the interpolated surface.
Geostatistical models based on statistical models which include statistical relationship
between the points (i.e. Autocorrelation) and rely on the assumptions that data come from
stationary stochastic process. Spatial interpolation models can also be classified into three
classes based on the method and scale of the interpolation application: models considered
as simple interpolative, models use ancillary data, and models using complex models
(Yang et al. 2015).

The desired time scale, spatial resolution (Frazier et al. 2016), the density of the
station network, and the topographic complexity (Hofstra et al. 2008) are the leading
factors of determining the complexity of the suitable spatial interpolation method and
making the spatial pattern. Spatial variance varies especially for precipitation as the time
scale varies mainly for annual means (Nalder et al. 1998, OE et al. 2008, WMO 2008,
Frazier et al. 2016). The uncertainties related to the predictions increases noticeably as
the time integration and station density decrease. This leads to the need of more complex
models (OE et al. 2008, Frazier et al. 2016).

A number of spatial interpolation models have been created and applied in several
fields of spatial interpolation (Hutchinson 1998, Goovaerts 2000, Lloyd 2005, Hofstra et
al. 2008, Brunetti et al. 2014, Wang et al. 2014, Xu et al. 2015, Frazier et al. 2016). A
number of studies has been conducted in using interpolation methods with a small number

of stations. For example, Dirks et al. (1998) conducted a comparative study applying four



spatial interpolation methods for 13 precipitation stations, Keblouti et al. (2012)
compared three methods using 10 stations, and Wang et al. (2014) compared six
interpolation methods using 12 meteorological stations. These studies used several
common methods among them such as IDW and some of uncommon methods such as
LPI and Spline without applying several parameters and models. Dirks et al. (1998) and
Keblouti et al. (2012) said IDW while Wang et al. (2014) said LPI outperformed the other
methods.

The objective of this study is to compare the ability of 8 different spatial
interpolation methods in modelling precipitation and temperature with different
integration periods, i.e., daily, monthly, and annual total precipitation; monthly and
annual average precipitation; and daily, monthly, and annual average temperature, in a
local scale with a small number of stations i.e. 17 stations, using different parameters and
models for each method.

The methods used are: inverse distance weighting (IDW), Thiessen polygons (TP),
thin plate spline (TPS), trend surface analysis (TSA), local polynomial interpolation
(LPI), ordinary Kriging (OK), universal Kriging (UK) (sometimes called Kriging with
External Drift KED), and simple Kriging (SK).

1.1.3. Study area and data collection

This study aims to conduct a thorough comparison of several interpolation methods
and identify the best method for generating precipitation and temperature maps. In the
scope of this study, the word best refers to the model with the lowest values of errors (i.e.
RMSE, and MSRE) and highest agreement (i.e. r* and CE) and the worst, on the contrast,
refers to the model with the highest values of errors and lowest agreement.

Maps are to be generated for three sub-basins called (coded) 1822, 1801, and 1805,
as seen in Figure 1.1. These three sub-basins are part of the Seyhan Basin located in
southwest Turkey. To include all of the influencing stations (i.e., having spatial
correlation) in the area inside the basin borders, stations were chosen inside and outside
the borders. The area includes parts of four of Turkey’s provinces: Adana, Kayseri,
Kahramanmaras, and Sivas. During the study period, the sub-basins are: rural,
agricultural, not hydrologically disturbed, and having no water storage structure. The
annual average temperature of the study area is 9.1 C°, the maximum temperature 29.8

C? observed in July, and the minimum temperature -6.8 C° observed in January.



Observations of 17 stations were collected from DMI (Devlet Meteoroloji Isleri),
the Turkish General Directory of Meteorology. The stations density is one station per
3000 Km?. The data were collected for the period from 1/1/1987 to 31/12/1994. For every
station, the collected data included total daily precipitation and average daily temperature.
In some stations, some missing (non-recorded) observations were filled using the
arithmetic average; they had no effect on the result due to the low amount of such
instances. A simple statistical table for the collected data for all of the stations are

summarized in Table 1.1 and Table 1.2.
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Figure 1.1. The distribution of the meteorological stations and the topographic map of the study area
which is located in Seyhan Basin, Turkey and covers parts of Kayseri, Adana, K. Maras, and
Sivas provinces

1.1.4. Methods
In this study, 8 interpolation methods were used with different parameters for
deterministic methods and different models for geostatistical methods. Each method with

different parameters and models was applied to every integration period. The integration



periods used are: daily, monthly, and annual total precipitation; monthly and annual
average for precipitation; and daily, monthly, and annual average temperature.

The main steps of this study are (1) convert the daily (i.e., average for temperature
and total for precipitation) observations for all stations to monthly and annual values; (2)
apply each method considered in this study with a variety of parameters; and (3)
implement cross-validation to assess the accuracy of the method using the root mean
squared error (RMSE), mean squared relative error (MSRE), coefficient of determination
(r?), and coefficient of efficiency (CE). All of the steps and methods were implemented
using the statistics language R with the exception of exporting several maps to ArcGIS.

A brief description of each method is introduced in the next section.

Table 1.1. Statistics of the observed daily total precipitation (in mm) of 17 stations for the period of 1987

to 1994
Station No Station Name | Min | Max | Range Sum Median | Mean | Var | Std. deviation

17162 Gemerek 0 50.6 | 50.6 3262.4 0 1.12 | 10.66 3.27
17196 Kayseri Bolge 0 512 | 51.2 3468.3 0 1.19 | 12.61 3.55
17762 Kangal 0 33.6 | 33.6 3091.5 0 1.06 8.21 2.87
17802 Pinarbasi 0 24.7 | 247 2894.4 0 0.99 7.67 2.77
17836 Develi 0 57 57 2789.6 0 0.96 | 9.74 3.12
17837 Tomarza 0 40.2 | 40.2 3154.5 0 1.08 | 10.75 3.28
17840 Sariz 0 48.6 | 48.6 4310.9 0 148 | 17.95 4.24
17841 Gurun 0 58.2 | 58.2 2510.5 0 0.86 8.72 2.95
17866 Goksun 0 59.1 | 59.1 4800.5 0 1.64 | 28.42 5.33
17908 Kozan 0 |152.5] 1525 | 6614.9 0 2.26 | 61.43 7.84
18053 Tufanbeyli 0 79 79 4427.26 0 1.52 | 23.48 4.85
18056 Saimbeyli 0 ]126.8] 126.8 | 7108.8 0 243 | 56.25 7.5

18156 Andirin 0 168 168 | 10406.24 0 3.56 | 140.38 11.85
18269 Feke 0 98.7 | 98.7 | 7339.89 0 2.51 | 65.29 8.08
18455 Bunyan 0 47 47 3945.8 0 1.35 | 15.53 3.94
18459 Sarioglan 0 345 | 345 2987.6 0 1.02 11 3.32
18466 Altinyayla (Sivas) | 0 | 59.33 ] 59.33 | 2730.72 0 0.94 | 9.52 3.09

Table 1.2. Statistics of the observed daily average temperature (C°) of 17 stations for the period 1987 to

1994
Station No Station Name Min Max | Range Sum Median | Mean Var Std. deviation
17162 Gemerek 221 28.6 49.6 26909.6 10.4 9.21 94.53 9.72
17196 Kayseri Bolge -16.1 322 48.3 29708.8 11.2 10.17 97.88 9.89
17762 Kangal -232 26 49.2 17883.3 7.1 6.12 102.30 10.11
17802 Pinarbasi -19.6 26.9 46.5 21117.2 8.5 7.23 92.73 9.63
17836 Develi -16.8 30.7 47.5 30970.7 11.5 10.60 98.08 9.90
17837 Tomarza -23.8 26.3 50.1 22023.9 8.7 7.54 107.48 10.37
17840 Sariz -17 26.2 432 20749.4 7.7 7.10 86.57 9.30
17841 Gurun -14.9 28.5 434 26338.8 9.5 9.01 95.54 9.78
17866 Goksun -21.8 25.6 474 24884.7 9.4 8.52 100.07 10.00
17908 Kozan 0.7 35 34.3 55738.2 19.2 19.08 59.75 7.73
18053 Tufanbeyli -18.6 27.5 46.1 27983.52 10 9.58 102.41 10.12
18056 Saimbeyli -7.6 29.2 36.8 37753.7 13.1 12.92 76.04 8.72
18156 Andirin -13.34 | 309 4424 | 3584434 12.9 12.27 68.49 8.28
18269 Feke -6.65 322 38.85 | 43366.68 14.9 14.84 71.31 8.45
18455 Bunyan -15.5 27.6 43.1 25039.6 9.6 8.57 83.95 9.16
18459 Sarioglan -24.1 28.8 529 28397.3 11 9.72 99.91 10.00
18466 Altinyayla (Sivas) | -21.7 | 26.03 | 47.73 | 22066.27 8.6 7.55 90.57 9.52




1.1.4.1. Inverse Distance Weighting (IDW)

IDW is a direct deterministic interpolation method that is broadly applied in spatial
interpolation applications. It was developed based on the assumption that the interpolated
points are the most affected by the nearest points and the least affected by the most distant
points (Wang et al. 2014, Borges et al. 2016). IDW is a local, exact, and deterministic
method.

The general equation of IDW is as follows:

Z(sp) = Yo MZ(sy), (1.1)
where Z(s,) is the estimated values at location sy, N is the number of points located
around the point to be estimated used in the calculation, Z(s;) is the value of the known
points measured at s;, and A; is the weight corresponding to each known point, which is
inversely proportional to the distance between the known points and the estimated point.

The weights are calculated as follows:

A= =l (1.2)

where p is the power, which controls the influence of the distance between the points on
the estimation value; N is the number of points used in the estimation; and d; is the
distance between the point to be estimated s, and the known point s; (Isaaks et al. 1989,
Nalder et al. 1998, Borges et al. 2016). IDW was applied with three power p values: 1, 2,

and 3 for all of the integration periods for precipitation and temperature.

1.1.4.2. Thiessen Polygons/Nearest Neighbor (TP)

Thiessen polygons, which are named according to its developer, Thiessen (1911),
are considered to be a special case of the IDW method because only one point, i.e., the
nearest point, is used in the interpolation. A Thiessen polygon consists of all of the points
in a polygon that lie nearer to the point used for constructing that polygon than to any

another point (Goovaerts 2000). TP is a local, exact, and deterministic method (Shope et

al. 2015).
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1.1.4.3. Thin Plate Spline (TPS)
Thin plate spline was described in detail by (Wahba 1990). For a bivariate thin plate
spline (i.e., one type of TPS) estimations of Z(s;) for measured points i = 1...N, is

calculated as follows:

Z(sp) = f(sp) + e(sy), (1.3)
whereas €(s;) represents random errors, which are assumed to be uncorrelated random
errors and independent with a zero mean and variance o2, and f(s;) represents an
unknown deterministic smooth function, which can be estimated by the minimization of

the following:

D120 = FGI? + I, (14)

where f(s;) is the fitted function values at the ith data point; A is the so-called regularizer
or smoothing parameter, which controls the trade-off between fitting the data as close as
possible without losing the smoothness (i.e., if A = 0 the function models the points
exactly with zero noise, whereas if A is very large, the function will be a hyperplane); and
J3 is a measure of the smoothness of function f. The form J% depends on two
parameters: the number of independent variables d and the order of the partial derivatives
m. For example, considering d = 2, which represents the two coordinates, X and Y, and

m = 2, which represents the second partial derivative, the form is written as follows:

= PG 2 () + () ey -

The minimization problem of Eq. (1.4) is well known as the thin plate smoothing

spline. The term spline is given to this method because the solution of Eq. (1.4) for a
univariate instance, with the second partial derivative (i.e., m = 2), is a natural cubic
spline (Wahba 1990, Boer et al. 2001, Hancock et al. 2006).

According to (Craven et al. 1978), smoothing parameter A, which corresponds to
the spline function f, can be accurately calculated by the minimization of generalized
cross validation (GCV), which has the following formula:

1(Z-ANDT(Z-AN)Z)
N (Tr( —AQ)/N)?*
where, according to (Wahba 1990, Hancock et al. 2006), A(A) is the matrix that alters the

(1.6)

data value vector into the model predicted values vector, expressed as follows:
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Z2=4A0)Z, (1.7)

where Z is the model predicted value vector and A(2) is termed the influence matrix.

1.1.4.4. Trend Surface Analysis/ Global Polynomial Interpolation (TSA)

TSA fits a smooth surface to measure points using a mathematical function. Over
the area to be estimated, the surface of TSA changes gradually from one region to an
adjacent region, and it has the ability to obtain a global trend in data. TSA utilizes all of
the measured points to interpolate the surface in contrast to several other methods, such
as IDW and LPI (i.e., briefed in the next section), which use a specific subset of measured
points (Wang et al. 2014). TSA/GPI is considered to be a global, inexact, deterministic
method.

The principle of TSA/GPI is that the entire study area is presented by a formula that
estimates the value Z(s;) at any location based on the X;, Y; coordinates of that location.

The general function is described as follows:

2(s) = f (X, ). (1.8)
The main objective in TSA/GPI is to use all of the measured points of the study
area to obtain a formula that best describes that area. Many formulas exist, but the

simplest one that can describe a surface is the first order bilinear surface:

f(X,Y) =by+byx + by +e. (1.9)

A second order trend surface can be represented by the following:

f(X,Y) =by + byx + b,y + bsx?+ byxy + bsy? + . (1.10)
In Eq. (1.10), not only the individual variables with their parameters are present,
but so too is the cross product (i.e., by xy). Higher order trend surfaces include more cross
product terms, not only higher powers of x and y (Huisman et al. 1999). Regardless of
using first, second, or even third order trend surfaces, the parameters of the used formula
are obtained using a regression technique utilizing all of the measured points of the area

of interest.
1.1.4.5. Local Polynomial Interpolation (LPI)

Global interpolation is based on the assumption that the entire study area can be

represented by a general formula. However, in many cases, representing the study area
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by the same mathematical surface misrepresents the real surface. This representation
prevents variations within the natural geographic field. LPI was developed to override
this shortcoming.

LPI has the same mathematical representation and fitting procedure as TSA/GPI,
except LPI fits a local formula by utilizing measured points within a specified area, unlike
TSA/GPI, which uses all of the measured point. The specified areas can overlap, and the
estimated surface value at the center of that area is the predicted value (Huisman et al.

1999, Wang et al. 2014). LPI is a local, inexact, deterministic method.

1.1.4.6. Ordinary Kriging (OK)

Kriging is a local interpolation method that was initially developed by a mining
engineer called D.G. Krige and a geostatistician called Georges Matheron. The Kriging
method uses a subset of geostatistical interpolation methods with the assumption that
closer points are more likely to be similar, whereas farther points are more likely to be
different. To evaluate the dissimilarity between points, Kriging uses a semivariogram.

The experimental semivariogram y(h) is calculated using the following equation:

N(h)
- L :
7() = W;[zm) ~ 20+ W, (1.11)

where h is the lag, Z(s;) is a set of data points, and N is the number of pairs of data points
separated by h. A model is used to fit the experimental variogram. In this study, three
models are used to compare the results: spherical, Gaussian, and linear. To save space,
only the equation of the spherical model is mentioned. The spherical model is the most
used model because it generally provides the best fit to the data. The spherical model is

represented by the following:

2a 2 \a
O forh>=a

6, +95.[ﬂ—1(ﬁ)3] forh<a

y(h) = { : (1.12)

where a is the range, 05 is the partial sill, and 0, is the nugget (Webster R et al. 2007,
Frazier et al. 2016). The lag h is considered to be the average distance between
neighboring points, and the nugget 0, effect is attributed to the measurement errors for

distances smaller than the data intervals (Borges et al. 2016).
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Several types of Kriging methods have been widely used in different applications.
Ordinary Kriging OK is the most used type. It is, in general, used as a base method to be
compared with other methods (Goovaerts 2000, Mair et al. 2011, Juan Francisco Sanchez-
Moreno et al. 2013, Frazier et al. 2016). OK assumes that the mean is constant, but its
emphases on the spatial mechanisms are unknown (Isaaks et al. 1989, Cressie 1990,

Borges et al. 2016). The representation of OK for a spatial process Z(s) is as follows:

Z(s) =u+46(s), (1.13)
where p is an unknown expected value of a random process and §(s) is a zero mean
naturally from a stationary random process with an existing semivariogram.

The OK estimator is described exactly as Eq. (1.1) (i.e., the same equation of IDW)
with the exception of weights, which are calculated based on the model fitting on the
variogram differently from IDW, which is calculated according to the inverse distance.
Kriging is an unbiased and optimal estimator, which means that the weights 2; in all
Kriging methods are summed to 1. The weights A;:i = 1, ..., N are calculated under the

uniform unbiased condition as follows:

E(2(s0)) = E(2(s0)) Yidi=1, (1.14)

under the restriction of the minimization of the prediction error variance o(s,),

a(se) = E(Z(so) — 2(50))2~ (1.15)

OK is a local, exact, and stochastic method.

1.1.4.7. Universal Kriging (UK)

The main assumption of UK is that the data have a significant spatial trend, which
makes it different from OK, which assumes no trend (Wang et al. 2014). A secondary
variable is used by UK in the form of external drift or a trend (such as elevation or
temperature), which gives UK the ability to account for nonstationarity in the data
throughout the study area because there is a linear relationship between the interpolated
variable and the used external drift, which is assessed locally (Goovaerts 2000, Frazier et
al. 2016). Therefore, UK is sometimes called Kriging with external drift (KED). The trend
or drift has continuous spatial variation, but is too irregular to be modelled by a simple
mathematical functions. UK uses stochastic and deterministic components to incorporate

the external variable into the Kriging system to overcome the irregularity (Webster R et
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al. 2007). Taking into account the two constraints on the weights, UK uses N + 2

equations to solve for the weights. The estimator of UK or KED is described as follows:

Zyk(so) = XLy A7X 2(sy). (1.16)
In this method, elevation extracted from the ASTER DEM (NASA 2016) was used
as the external drift with the three models. Elevation used considering that it has high
influence in the variation of the spatial pattern as it varies between 16-3764 meters (see

figure 1).

1.1.4.8. Simple Kriging (SK)

Sometimes the mean of the random variable can be assumed according to the nature
of the problem. This knowledge should be used to improve the estimation, and this can
be done by using simple Kriging (SK). SK uses N equations to solve for N unknowns,

and the estimator is described as follows:

ZSK(SO) = ?’:1 Aiz(s) +{1 - §V=1 A (1.17)

The weights A; are no longer constrained to the summation of 1, and unbiasedness
is guaranteed by addition of the second part of Eq. (1.17). For the reason that weights are
not summed to 1, covariances, C, must be used instead of semivariances, y (Webster R et
al. 2007). Comparing simple Kriging to ordinary Kriging, simple Kriging is supposed to

produce smaller variance by having the mean estimated from the observed data.

1.1.5. Validation

The assessment of accuracy can be performed using a technique called cross-
validation that is the most applied technique in climate studies. Cross-validation helps in
making decisions about which model is best at estimating the surface using the measured
points (OE et al. 2008, Borges et al. 2016). One of the cross-validation methods is leave
one out cross-validation (LOOC). In this method, one point is left out of sample data,
whereas the other points are used to estimate the value of the left point. This procedure
continues until a value for each of the original data points is estimated (Isaaks et al. 1989).

One of the shortcomings of using cross-validation is that the interpolation model is
defined using all of the sample data, which implies that the validation can be considered

to be not completely independent (OE et al. 2008, Borges et al. 2016). Therefore, different
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techniques were considered in this study, including separating the precipitation station
data into 15 stations for interpolation and 2 stations for validation.

Four different measures used in validating interpolation methods (Robinson et al.
2006, Brunetti et al. 2014, Seo et al. 2015, Borges et al. 2016, Frazier et al. 2016) were
applied in all of the methods for each integration period and used for comparing the
interpolating methods:

The root mean square error (RMSE) is the square root of the average of the square
of the difference between the observed (z) values and those estimated from the model
(2). The value of RMSE has the same unit as the variable (precipitation and temperature

in this study) and should be as low as possible. It is calculated as follows:

RMSE — j ?=1(2(Si)—z(si))2_ (1.18)

N

The mean squared relative error (MSRE) is the average of the squared relative error,
where the relative error is the difference between the observed (z) and the estimated (2)
values divided by the observed value. It is a ratio that indicates the overall agreement

between the observed and estimated values. It is calculated as follows:

z(s;) — 2(s;)
MSRE—NZ< s ) . (1.19)

The coefficient of determination (r2) is the square of Pearson’s coefficient (Pearson
1896). It describes the proportion of the variance in the observed data that can be
explained by the model. It ranges between 0 and 1, and this value represents the
percentage of the variance explained and the overall agreement between the observed (z)
and estimated (Z) values. It is calculated by the following equation:

2

2 _ No(Z(s) = D(2(s) - 2)

\/zi”ﬂ(Z(si) — 223N (2(s) - 2)?

, (1.20)

where Z is the mean of the observed sample points and Z is the mean of the estimated
points.

The coefficient of efficiency (CE) is also known as the Nash-Sutcliffe coefficient
(Nash et al. 1970). CE has been widely applied in hydrologic models, especially

precipitation. It is superior to 72 because it takes into account the differences in the means
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and variances of the observed and estimated points. It ranges between -co and one; one
representing a perfect model—zero means the model is as accurate as the means of the
observed data—and negative values indicating that the mean of the observed data is a
better estimator than the model (Dawson et al. 2007). It is calculated as follows:

i (Z(Si) - Z(Si))z

_ L = (1.21)
CE=1=—v Geo-27

1.1.6. Results and Discussion

The applied 8 interpolation methods are used to provide an interpolation map for
the whole study area utilizing several measured points. Therefore, a number of maps were
generated. To save space, as examples, maps of every method for the monthly total
precipitation and monthly average temperature for one month (i.e., June 1989) are shown
in Figure 1.2 and Figure 1.3.

By examining these figures, the differences among the used methods and their
theoretical nature can be clearly seen. The IDW interpolation map constructs circles or
ellipsoids around the points used for the interpolation, and every one of these shapes
represents a value. These shape values decrease, going further from the center, which
highlights the theoretical background, as represented by Eq. (1.1) and (1.2). The Thiessen
polygon interpolation map shows that every known point is represented by a polygon,
which gives it a district nature. The LPI map is different from the TSA map in that the
former has local shapes separated from the entire area and has internal discontinuities due
to the local nature of the method. TSA uses one formula to model the whole area, whereas
LPI uses many formulas in several parts of the area. The three maps of the Kriging
methods (i.e., OK, UK, and SK) look similar, with slight differences in the values in some
parts of the study area. For example, for the precipitation monthly maps shown in Figure
1.2, OK has slightly higher values in the upper middle part of the study area, whereas SK
has slightly lower values in the center of the study area. In the temperature maps shown
in Figure 1.3, UK has slightly lower values in the right part of the study area SK and UK.

After obtaining the results of the interpolation of each method, cross-validation
measurements were obtained to make comparisons and identify the capability of these

methods to spatially interpolate each weather parameter in several integration periods
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with a small number of stations. The obtained measurements are summarized in Table

1.3-Table 1.5.

Low : 0 mm

Figure 1.2. Examples of interpolated maps of monthly total precipitation (in mm) for each of the 8
interpolation methods. The month chosen as an example is June 1989



N

38°

l Low:15C

Figure 1.3. Examples of interpolated maps of monthly average temperature (in C°) for each of the 8
interpolation methods. The month chosen as an example is June 1989

Looking at Table 1.3 - Table 1.5, TP has the highest values of RMSE and MSRE,
that this method performed the worst. Similarly, the OK method with a spherical model
has a poor performance for both precipitation and temperature in all of the integration
periods. Notwithstanding the high r? values for the average temperature in all the

integration periods, it has low values of CE and high values of MSRE and RMSE.

Table 1.3. Validation measurements: RMSE, MSRE, r2, and CE of daily, monthly, and annual total
precipitation (in mm) interpolations

Method | Power Daily Total Monthly Total Annual Total
RMSE | MSRE | r2 CE RMSE | MSRE | r2 CE RMSE | MSRE | r2 CE
IDW 1 3.64 1.29 0.69 | 0.62 22.44 1.55 0.82 | 0.81 | 11849 | 0.10 0.80 | 0.69
IDW 2 3.38 1.38 0.73 | 0.67 19.64 1.38 0.86 | 0.86 | 102.10 | 0.08 0.86 | 0.77
IDW 3 331 1.52 0.73 | 0.68 18.97 1.46 0.87 | 0.87 | 103.13 | 0.08 0.86 | 0.76
Degree
TSA 1 3.70 1.39 0.67 | 0.60 21.90 1.40 0.83 | 0.82 | 96.53 0.06 0.81 | 0.79
TSA 2 3.52 1.52 0.69 | 0.64 20.97 1.59 0.84 | 0.84 | 98.82 0.06 0.87 | 0.78
TSA 3 3.60 221 0.71 | 0.63 21.92 2.24 0.86 | 0.82 | 142.15 | 0.15 0.80 | 0.55
LPI 1 343 1.35 0.71 | 0.66 19.75 1.12 0.86 | 0.86 | 93.81 0.06 0.86 | 0.80
LPI 2 3.49 2.46 0.72 | 0.65 21.82 2.20 0.85 | 0.82 | 130.90 | 0.14 0.82 | 0.62
TP 5.36 5.19 0.65 | 0.17 44.97 4.88 0.82 | 025 | 358.32 | 0.49 0.79 | -1.85
TPS 3.51 1.82 0.70 | 0.64 20.20 1.89 0.86 | 0.85 | 114.92 | 0.09 0.77 | 0.71
Model

OK Sph 4.58 3.17 047 | 0.11 23.44 1.85 0.79 [ 0.73 | 112,56 | 0.11 0.30 | -0.73
OK Gau 3.15 1.25 0.67 | 0.63 19.17 1.47 0.86 | 0.84 | 104.05 | 0.09 0.84 | 0.55
OK Lin 3.29 1.55 0.62 | 0.59 20.15 1.34 0.82 | 0.81 | 14749 | 0.10 0.54 | 0.52
UK Sph 5.22 3.02 0.44 | -0.06 | 28.49 2.38 0.68 | 0.61 | 28536 | 0.44 0.01 | -2.63
UK Gau 3.21 1.65 0.62 | 0.56 19.08 1.82 0.84 | 0.83 | 126.61 0.13 0.73 | 0.48
UK Lin 3.13 0.98 0.65 | 0.63 19.87 1.67 0.82 | 0.81 | 137.20 | 0.10 0.63 | 0.58
SK Sph 3.21 0.14 046 | 0.38 23.60 1.48 0.75 | 0.72 | 17328 | 0.20 044 | 0.27
SK Gau 2.53 0.13 0.57 | 0.56 20.26 1.40 0.81 | 0.80 | 132.73 | 0.13 0.61 | 043
SK Lin 2.76* 0.13 0.53 | 0.51 23.96 1.24 0.72 | 0.72 | 164.17 | 0.21 045 | 0.35
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Table 1.4. Validation measurements: RMSE, MSRE, r2, and CE of monthly, and annual average
precipitation (in mm) interpolations

Monthly Average Annual Average
Method | Power "pMSE [ MSRE | 12 | CE_| RMSE | MSRE | r2_| CE
IDW 1 1.67 57.68 0.83 ] 0.04 | 1.63 243 0.83 | -6.91
IDW 2 1.64 54.38 0.87 | 0.07 | 1.61 2.31 0.87 | -6.69
IDW 3 1.67 53.05 0.88 | 0.04 | 1.63 2.31 0.87 | -6.86
Degree
TSA 1 1.53 54.53 0.83 | 0.19 | 1.45 1.75 0.78 | -5.26
TSA 2 1.61 51.10 0.85 ] 0.10 | 1.53 2.16 0.87 | -5.99
TSA 3 1.79 53.23 0.87 | -0.11 | 1.73 2.61 0.82 | -791
LPI 1 1.60 51.88 0.87 | 0.12 | 1.55 2.17 0.86 | -6.19
LPI 2 1.77 53.46 0.86 | -0.08 | 1.70 2.56 0.84 | -7.56
TP 2.48 59.65 0.82 | -1.13 | 2.23 3.35 0.79 | -13.82
TPS 1.68 51.89 0.86 | 0.03 | 1.59 2.24 0.78 | -6.56
Model

OK Sph 1.84 38.56 0.74 | -0.78 | 1.46 1.82 0.60 | -11.28
OK Gau 1.52 43.85 0.85 ] 0.04 | 1.62 2.36 0.84 | -6.77
OK Lin 1.53 43.09 0.81 | 0.06 | 1.52 2.18 0.71 | -5.87
UK Sph 2.49 42.51 0.38 | -1.38 | 1.69 2.62 0.74 | -7.46
UK Gau 1.48 40.75 0.86 | -0.01 | 1.67 2.53 0.80 | -7.28
UK Lin 1.45 41.60 0.82 | 0.13 | 1.45 1.96 0.76 | -6.34
SK Sph 2.31 15.89 0.35 | -1.28 | 1.46 1.77 0.14 | -5.34
SK Gau 1.25 12.60 0.72 1 0.32 | 1.53 2.06 0.78 | -5.96
SK Lin 1.22% 11.53 0.69 | 0.36 | 1.39 1.79 0.74 | -4.75

* Bold numbers are the lowest in RMSE and MSRE and the highest in r* and CE.

IDW with a power of three is identified as the best at modelling precipitation with
the exception of some measurements where SK with the linear model performed better
regarding the average precipitation. This finding is not consistent with: (Apaydin et al.
2004), who found that in 19 studies, IDW was not recommended (i.e., mentioned in his
research) for interpolating precipitation, except in one study, and (Wang et al. 2014) who
found LPI outperformed IDW. On the contrast, this finding agrees with (Dirks et al. 1998,
Keblouti et al. 2012). IDW was also found to be the best method for interpolating
temperature (Table 1.5), with the highest (high r*> and CE and low RMSE and MSRE)
validations.

TPS can also be considered to be a well-behaving model because it has high values
for all of the integration periods, except CE values for the temperature, which are slightly
low. Among the Kriging methods, OK, UK, and SK all with the Gaussian model
performed better by having less error and higher agreement in modeling precipitation for
the various integration periods, which indicates that the Gaussian model better models
the precipitation data than the two other models used. However, OK with the linear

model, UK with the Gaussian model, and SK with the linear model have higher results in
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modeling the temperature, which gives preference, in general, to the linear model for the

temperature data.

Table 1.5. Validation measurements: RMSE, MSRE, r2, and CE of daily, monthly, and annual average
temperature (in C°) interpolations

Daily Average Monthly Average Annual Average

Method | Power "RMSE | MSRE | r2 | CE | RMSE | MSRE | r2 | CE | RMSE_| MSRE | r2 | CE

IDW 1 291 226 | 097 | 0.96 2.19 0.67 | 098 | 097 0.79 0.01 | 0.68 0.65
IDW 2 2.67 1.87 | 0.97 | 0.96 2.00 0.52 | 0.99 | 098 0.90 0.01 | 0.68 0.54
IDW 3 248 153 | 097 | 097 1.80 0.37 | 099 | 0.98 0.85 0.01 | 0.75 0.59

Degree
TSA 1 391 6.73 | 093 | 0.92 3.37 1.76 | 094 | 0.94 248 0.07 | 0.15 | -2.48
TSA 2 3.80 5.11 | 094 | 093 3.26 1.06 | 095 | 0.94 1.75 0.03 | 0.62 | -0.74
TSA 3 3.73 271 | 095 | 093 3.22 092 | 096 | 0.94 1.02 0.01 | 0.73 041
LPI 1 2.55 1.71 | 097 | 0.97 1.82 0.34 | 0.99 | 098 0.75 0.01 | 0.83 0.68
LPI 2 3.14 1.67 | 0.96 | 0.95 2.56 0.32 | 098 | 0.96 1.54 0.02 | 0.73 | -0.34
TP 4.32 837 [ 093 | 091 3.80 1.87 | 094 | 092 3.42 0.14 | 0.14 | -5.63
TPS 3.08 3.60 | 0.96 | 0.95 2.40 092 | 098 | 097 1.26 0.02 | 0.87 0.10
Model

OK Sph 2.82 18.39 | 0.91 | 0.90 2.13 1.84 | 094 | 091 0.31 0.00 | 0.95 0.93
OK Gau 2.15 3.56 | 0.96 | 0.96 1.30 0.80 | 0.98 | 0.98 1.48 0.02 | 0.78 | -0.25
OK Lin 2.09 3.25 | 0.96 | 0.96 1.22 2.82 | 099 | 098 1.11 0.02 | 097 | -045
UK Sph 2.01 436 | 0.94 | 094 1.40 2.07 | 096 | 0.96 1.03 0.01 | 0.71 | -0.01
UK Gau 1.44* 2.70 | 0.96 | 0.96 0.86 043 | 098 | 098 0.87 0.01 | 0.86 0.29
UK Lin 1.99 3.68 | 095 | 0.95 1.48 2.16 | 097 | 0.96 0.95 0.01 | 0.75 0.14
SK Sph 3.62 8.12 | 0.94 | 0.94 2.80 8.43 | 0.96 | 0.96 0.65 0.01 | 0.83 0.76
SK Gau 2.63 3.69 | 097 | 097 1.76 2.54 | 099 | 098 1.50 0.03 | 0.78 | -0.27
SK Lin 2.64 3.65 | 097 | 097 1.69 3.13 | 099 | 098 1.23 0.02 | 0.78 0.14

* Bold numbers are the lowest in RMSE and MSRE and the highest in r* and CE.

Even though, the elevation was used as an external drift with hope of improving the
result, as in (Goovaerts 2000, Moges et al. 2007), UK with the three models has shown
no advantage, similar to the findings of (Mair et al. 2011, Wang et al. 2014, Frazier et al.
2016), in comparison with OK and SK.

In terms of integration periods, the annual cross validation results have shown
instability in the interpolation methods unlike the daily and monthly results, which
changed together in most of the methods. Monthly average precipitation and temperature
have the highest r? values, whereas monthly total precipitation and monthly average
temperature have the highest CE.

Based on the CE results shown in Table 1.4, the models of annual average
precipitation are not better than using the mean of the observed data because they all have
negative CE values. This is due to the low density of the stations network and the high
spatial variability in the annual average. It is also important to mention that the length of
the time series used which is only 8§ years is not enough to obtain considerable results of

the annual integration time.
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In precipitation, the best interpolated integration period is the monthly total, and the
worst is the annual average, whereas the monthly average of temperature is the best in
most of the used methods with the various parameters.

Specifically, the values of the cross-validation measurements slightly change from
method to method and from one integration period to another. In one method, considering
a specific measurement can be found as having the lowest error while in another
measurement having the highest in comparison with other methods, so there is no clear
evidence that one method is superior to another at modeling an area with small number
of stations and highly changing elevation, with the exception of the TP, IDW and LPI
methods. The obvious worst modeling is achieved using TP, and the best modeling is
achieved using the other two methods. There is also no one integration period better than
others significantly except the annual average precipitation which had an extreme poor

performance.

1.1.7. Conclusion

Eight deterministic and geostatistical spatial interpolation techniques were used in
this study, and 4 cross-validation measurements were obtained to compare the capability
of the methods and identify the best modeling method of precipitation and temperature
for several integration periods for the study area. Generally, no method is superior to the
others from one integration period to another. Comparing the four validation
measurements, IDW with a power of three is identified as the best modeling of
precipitation and temperature. Not surprisingly, TP had the worst performance for all of
the integration periods and for the two weather parameters.

All of the methods are better at interpolating the temperature in the different
integration periods, due to the smoothness in the variation of the temperature through the
area. In contrast, precipitation is worse due to the coarse variation throughout the area.

All the methods are capable of modeling the different integration periods for both
precipitation and temperature with the exception that having no model and using the
average is better in modeling annual average precipitation. This is due to the small
number of stations in a vastly changing topography. The used period is limited to 8 years.
Therefore, using longer time series data for both precipitation and temperature is

recommended to examine the annual interpolation in more detail.
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UK with elevation as external drift has no advantage in comparison with SK and
OK even though the elevation which has high range is thought as an influencing factor in
such scale and station network density. Therefore, the use of other factors, such as the

distance to rivers, slope, and aspect, is recommended.

1.2. Conversion of CRUTS 3.23 Data and Evaluation of Precipitation and

Temperature Variables in A Local Scale
1.2.1. Abstract

The precipitation and temperature data obtained from the version 3.23 of Climate
Research Unit Time Series (CruTS) data are evaluated in a local scale. The data obtained
for the period 1901-2014 consists of ten climate variables: Precipitation, Mean
temperature, Diurnal Temperature Range, Wet-day Frequency, Vapour Pressure, Cloud
Cover, Maximum temperatures, Minimum temperatures, frost day frequency, and
potential evapotranspiration. These data converted to ASCII format which is usable in
GIS environments. Daily precipitation and temperature data of 9 station located in Seyhan
basin in Turkey for the period 1973-2000 used for the assessment after converting them
to monthly total precipitation and average temperature. The assessment implemented
using several statistical measurements: correlation, RMSE, mean difference, median
difference, and Mann-Whitney test. The study found that CruTS has high agreement with
the observed data in the meaning of the correlation and low RMSE in all stations. The
result of mean, median, and Mann-Whitney tests indicate no significant difference
between CruTS and the observed data in all station with the exception of two stations;
Tomarza station has significant values in the temperature values in all tests; Goksun

station has significance difference in the mean test in the two climate variables.

1.2.2. Introduction

Climate Research Unit Time Series (CruTS) was named based on the name of the
producer of these data i.e. the Climate Research Unit, University of East Anglia, Norwich,
UK. Initially these data developed by New et al. (2000) for the period 1901- 1996,
updated by Mitchell et al. (2005) for the period 1901 - 2002, and finally updated one more
time by Harris et al. (2014) for the period 1901-2009. The data are still being added to

the collection and corrected.
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The 3.23 version of CruTS datasets consists of 0.5° latitude-longitude grid cells
covering the global with the exception of Antarctica region. The datasets provide monthly
values of ten climate variables. Six of these variables are independent: Precipitation (pre),
Mean temperature (tmp), Diurnal Temperature Range (dtr), Wet-day Frequency (wet),
Vapour Pressure (vap), and Cloud Cover (cld). The remain four (i.e. Maximum
temperatures (tmx), Minimum temperatures (tmn), frost day frequency (frs), and potential
evapotranspiration (pet)) are calculated and estimated using the independent variables
(Jones et al. 2008).

CruTS is routinely updated using several resources: CLIMAT monthly data for
about 2400 station, for the last 4-5 years, produced by the collaboration between World
Meteorological Organization (WMO) and the US National Oceanographic and
Atmospheric Administration (NOAA), Monthly Climatic Data for the World (MCDW)
produced by UK National Climatic Data Center (NCDC) for incorporating in WMO by
200 stations, World Weather Records (WWR) decadal data for about 1700 stations during
1991-2000 published as exchange between the archive center of NCDC and the National
Meteorological Services (NMSs). The aforementioned sources provide a systematic
incorporation in the updating process.

The importance of CruTS datasets has been increasing in Geosciences researches
with a focus on the climate change studies due to two reasons: the long period that
covering from 1901 — 2014 that give the ability for studying the trend and the change in
the climate, and the high spatial resolution which helps in local not only regional studies.
CruTS with its different versions have been widely used in many researches and in many
applications such as trend analysis, climate change, desertification and many others. For
example, but not limited to (Kottek et al. 2006, Hellden et al. 2008, Hoff et al. 2010,
Garcia et al. 2014, Poulter et al. 2014, Taxak et al. 2014).

In order to use this data for applications, they need to be validated in different
scales. (Harris et al. 2014) created the CruTS 3.10 data using Climate anomaly method
(CAM) (Peterson et al. 1998) and validated them in a sub-continental scales by using:
temperature dataset developed by University of Delaware (UDEL) based on GHCN-M
(Peterson et al. 1998) for the period 1901-2008, and precipitation data developed by
Global Precipitation Climatology Center (GPCC) for the period 1901-2009. They found
a tight agreement between the temperature data of CruTS and UDEL. CruTS and GPCC

precipitation data have high agreement also, but not as tight as temperature data.
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The main objective of this study is to evaluate the last version of CruTS 3.23
released 1 September 2015 in a local scale. The dataset to be compared with the observed
monthly total precipitation and mean temperature data of 9 stations located in Seyhan
basin, Turkey for the period 1973 — 2000. Additionally, the CruTS 3.23 dataset for the
period 1901 — 2014 for all the variables converted to GIS-based ASCII files to make them

usable in GIS environments.

1.2.3. Data collection

CruTS data are originally available at Centre for Environmental Data Archival of
the British Atmospheric Data Center (BADC) which can be reached by
( http://www.badc.nerc.ac.uk ). The data provided in two format: ASCII and NetCDF. In
the same time, a temporal or spatial subset of the datasets can be obtained with CSV file
format from CEDA OGC WEB SERVICES/ Web Processing Service reached by (
http://wps-webl.ceda.ac.uk/ ).

The Consortium for Spatial Information, CSI, which is the CGIAR spatial scientists
community (http://www.cgiar-csi.org/ ) processed the CruTS 3.10 data which covers the
period 1901 to 2009 and converted them to ASCII in order to facilitate their use in GIS
environment.

In this study, CruTS 3.23 data for the period 1901 — 2014 released 1 September
2015 evaluated by comparing them with the observed data. The data set collected from
CEDA OGC WEB SERVICES/ Web Processing Service with CSV format. The collected
data set converted to ASCII format to provide a full set contains the entire available
variables and period.

Observations of 9 stations were collected from DMI (Devlet Meteoroloji Isleri); the
Tukrish General Directory of Meteorology. These stations located at three sub-basins
called (coded): 1822, 1801, and 1805 as part of Seyhan basin located in the southwest of
Turkey. The area is taking part from four Turkey’s provinces: Adana, Kayseri,
Kahramanmaras, and Sivas, as seen in Figure 1.4.

The data were collected for the period from 1/1/1973 to 31/12/2000. For every
station, the collected data were total daily precipitation and average daily temperature.
These data converted to monthly total precipitation and monthly average temperature to

be compared, after that, with the CruTS data.
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Figure 1.4. Study area with the 9 stations

1.2.4. Methodology

The obtained CruTS data of ten climate variables for the period 1901 -2014 have
csv file format as one file for every month. MATLAB was used for reading files and
converting them to ASCII after adding the required text to those files. The obtained ASCII
files can be then easily used in any GIS software for further analysis.

The obtained files of the precipitation and temperature were then imported to R (i.e.
Statistical Programming Language) for implementing the main objective of this study.
CruTS data has a period from 1901 -2014 while the observed data 1973 -2000, therefore
subsets of the CruTS data were extracted. The values of the CruTS ASCII files cells where
the stations are located were extracted that 9 values obtained for each month which
represented by one ASCII file.

The strength of the relationship between the values extracted from CruTS data and
the observed data were evaluated by calculating the correlation coefficient which is given

as:

ML -D0-9)
\/zl” (G = 02 [T O - 92

where x; is the value of the CruTS data for month i, y;is the observed value of the same

(1.22)

month, X is the mean of the CruTS data, ¥ is the mean of the observed data, and N the
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number of data which represents months in this case. The result of the correlation for
every station and for the two climate parameters; precipitation and temperature shown in
Table 1.6.

In order to measure the error between the two datasets, Root Mean Squared Error

(RMSE) was calculated for each station using:

RMSE = FfNﬂ(";v‘ 2y (123)

The result of RMSE listed in Table 1.6.

The significance of the difference between the mean of the CruTS data px and the
mean of observed data py was tested using a hypothesis test:

Ho: px = pny

Ha: pux # py

The test conducted for each station using t student’s test:

-y
t= : 1.24
SE (1.24)
The standard error SE is calculated by:
Sx% 52
SE = |[/—/—+ =, 1.25
T N, (1.25)

where s, and sy, are the standard deviation of the CruTS and Observed data respectively
(Helsel et al. 2002, Diez et al. 2015).

After calculating the t statistic, P — value calculated for every station in order to
compare them with the significance level.

Some arguments saying that mean should not be used in case of the data are not
normally distributed unless the number of observations large enough which is the case
here in the precipitation data. Although the samples used here can be considered as
sufficiently large, the median test was implemented.

In addition, Non-Parametric test named Mann-Whitney (known as Rank-Sum test
and Wilcoxon Rank-Sum test) was used. This test is used for checking whether one group
has higher or lower values than a second group. The two sided hypothesis of this test is:

Ho: Prob[ x>y ]=0.5

Ha: Prob[ x>y ] #0.5
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where x the first group data (i.e. CruTS data) and y the second group data (i.e. the
observed data). In words, if the null hypothesis rejected it means that the data of two
groups are different and vice versa. To save some space, the details of median and Mann-
Whitney test are not mentioned here; for detailed description see (Hajek et al. 1999,
Helsel et al. 2002, McCuen 2002, Hollander et al. 2014). The P-values of mean, median,
and Mann-Whitney test are shown in Table 1.7.

1.2.5. Results and Discussion

The main objective of this study is to evaluate the CruTS 3.23 data by comparing
them with the observed data of 9 stations located at the southwest of Turkey. To achieve
this objective and to make the CruTS data (i.e. obtained with CSV file) usable in several
software, especially GIS softwares, the files of the monthly 10 climate variables
mentioned earlier were converted to ASCIL. An example of the obtained files (i.e. the first
month January of 1973 of precipitation) was added to ArcGIS and symbolized shown in
Figure 1.5.

In order to ease the access, the ASCII files of the ten climate variables for the period
1901-2014 are available for download as a compressed file for every variable from (
https://goo.gl/VFGNdp) or all the variables in one compressed file from
(https://goo.gl/TXfxZm ).
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Figure 1.5. Global Precipitation map of January 1973 obtained from CruTS 3.23 data

Precipitation and Temperature variables for the period 1973-2000 were extracted
from the CruTS data in order to have the same monthly data collected from the DMI for
the 9 stations. By having subsetting the original data, consistent data are obtained that can

be used for comparison.
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Box plots were created for precipitation and temperature (i.e. Figure 1.6 and Figure
1.7 respectively) illustrating the data of every station from the two sources CruTS and
observation side by side. Looking at Figure 1.6, Kozan station has the highest values of
the total monthly precipitation while other stations are close to each other. In all stations,
data coming from CruTS and observed data are close to each other in terms of the 0.25,
0.5 (i.e. median), and 0.75 quantiles with an exception of Goksun station in which the
observed data has obvious higher values than CruTS data. Tomarza station shows a
significant difference in the median between the two data sources. Based on the time
series plot of the precipitation (i.e. Figure 1.8), there is an obvious mismatch between the
two data sources; highest in Tomarza station, a bit lower in Goksun station while other

stations matching better.
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Figure 1.6. CruTS and observed Precipitation data boxplot
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Figure 1.7. CruTS and observed Temperature data boxplot
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Based on the temperature box plot Figure 1.7, Kozan station has, also, the highest
temperature values in comparison with other stations which are not much different from
each other. Similarly to the precipitation, Goksun station has the highest difference
between CruTS and observed data where as other stations have slight close differences.
According to the temperature time series plot Figure 1.9, the temperature in comparison
with precipitation has changed, generally, smoothly. In addition, all stations show a high
matching except Goksun station where there is a slight mismatch between CruTS and
observed data. According to Figure 1.4 which shows the Digital Elevation Model (DEM),
Kozan station is located at a low altitude in comparison with other station which are
located in higher altitude and that could be the reason that this station has highest values

in both precipitation and temperature.
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Figure 1.8. Time series plot of the monthly total precipitation obtained from CruTS and Observed data for
the period 1973 - 2000

Observed precipitation and temperature data were used for the comparison with the
CruTS 3.23 in the meaning of several statistical measurements. Correlations listed in
Table 1.6 showed very high agreement for all stations in the temperature data ranges from

0.989 for Kangal station to 0.996 for Kayseri Bolge station. From the same table, RMSE
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which measures the error between the two datasets, illustrates that Kozan station has the
lowest while Goksun station has the highest error between the CruTS 3.23 and observed

temperature data which agrees with what have been resulted from Figure 1.7.
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Figure 1.9. Time series plot of the monthly average temperature obtained from CruTS and Observed data
for the period 1973 - 2000

In general, the agreement between the precipitation data was lower than
temperature data. The precipitation correlations lowest value is 0.87 for Kozan station
while the highest value is 0.942 for Gemerek station (Table 1.6). RMSE results for
precipitation, also, showed higher error values. The highest error belongs to Kozan station
while Gemerek station has the lowest. This lower agreement in the precipitation could be
resulted from the nature of creating this data as these data created by interpolating a
number of stations. The temperature data has more homogeneous distribution than
precipitation around the interpolated area regardless the used method.

The P values of testing the difference between the means of two sources data for
two variables and every station listed in Table 1.7. The result shows no significant values
in most of the stations which means fail to reject the null hypothesis that the there is no

difference between the means with several exceptions; Tomarza station has a significant
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precipitation mean difference at the significance level o = 0.05 and not significant at o =
0.01 where P values is 0.018, Goksun station is significant in both precipitation and

temperature at both significance levels with values 0.005 and 0.003 respectively.

Table 1.6. The correlation and MSRE between CruTS and observed data for Precipitation and

Temperature
. Precipitation Temperature
Station Name =0 Jation | RMSE(mm) | Correlation | RMSE (C)
Gemerek 0.947 9.007 0.992 1.383
Kayseri Bolge | 0.916 10.866 0.996 1.178
Kangal 0.924 11.694 0.989 1.562
Pinarbasi 0.920 11.288 0.991 1.217
Develi 0.929 10.618 0.995 1.409
Tomarza 0.891 13.663 0.992 1.506
Sariz 0.885 16.320 0.994 0.948
Goksun 0.870 25.387 0.992 2414
Kozan 0.870 30.326 0.992 0.930

Table 1.7. The P value of the mean difference, median difference and Mann-Whitney tests

. Mean Median Mann-Whitney test
Sl\tlztlif: Precipitation | Temperature | Precipitation | Temperature | Precipitation | Temperature
P value
Gemerek 0.582 0.324 0.977 0.693 0.343 0.222
Kayseri 0.397 0.452 0.862 0.762 0.793 0.338
Bolge
Kangal 0.524 0.580 0.464 0.340 0.257 0.718
Pinarbasi 0.518 0.813 0.462 0.873 0.355 0.721
Develi 0.130 0.161 0.083 0.507 0.060 0.102
Tomarza 0.018* 0.265 0.029* 0.490 0.021* 0.365
Sariz 0.548 0.743 0.289 0.806 0.594 0.677
Goksun 0.005** 0.003** 0.823 0.139 0.291 0.001 **
Kozan 0.614 0.949 0.911 1.000 0.618 0.980

* significant at o = 0.05.
* *significant at o = 0.01.

The median P value results listed in the same table indicate that two variables in all
stations have no significant difference in the median with the exception of the
precipitation variable in Tomarza station which is significant at the significance level a
= 0.05 and not significant at oo = 0.01 with the value 0.029. Surprisingly, temperature
variable in Kozan station has a P value = 1 which indicates the median are same in the
two data sources and that agrees with very high value of this station’s mean result which
is 0.949.

The Non — Parametric Mann-Whitney test p values are also listed in Table 1.7.

These values indicate fail to reject the null hypothesis (i.e., no difference between the two
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groups) as no significance difference for the two variables in all station except two
stations i.e., Tomarza and Goksun stations. Precipitation variable is significant in
Tomarza station at the significance levels o = 0.05 only which agrees with the two mean
and median tests. Goksun station has a significant value in the temperature variable at the
two significance levels o = 0.01 and 0.05 which matches the mean test.

In general, CruTS 3.23 data has a tight agreement with the observed data. Most of
the used 9 stations has; high correlations; low errors; and no significance in the
differences tests. The result agrees with the result of (Harris et al. 2014) who found close-
fitting matches in a sub-continental scale during their updating of CruTS 3.10 data. As an
exception, Goksun station has a statistical significance in the difference in several test
which agrees with the low correlation and high error in comparison with other stations.
However, although Kozan station has the lowest correlation (sharing the same value with
Goksun) and highest error in the precipitation variable, it has no significance in any of

the tests.

1.2.6. Conclusion

This study aims to evaluate the CruTS 3.23 data for only precipitation and
temperature variables in a local scale. To have suitable format of the data, files of monthly
data of ten climate variables; precipitation, mean temperature, diurnal temperature range,
minimum and maximum temperature, vapour pressure, cloud cover, rain days, frost days
and potential evapotranspiration for the period January 1901 to December 2014 was
converted to GIS-based ASCII formats.

The local scale comparison results indicate that the two sources of data have a tight
agreement in both precipitation and temperature, however, the agreement of temperature
variable is higher.

The three tests (i.e., Mean difference, Median difference, and Mann-Whitney)
results show no significance difference between the two data sets in all stations with an
exception of two stations; Tomarza and Goksun stations. Tomarza station has significant
difference only in the precipitation variable in the three tests while Goksun station has
significant difference only in the mean test of the two variables. Kozan station shows the
opposite of these two stations as, for example, it has a difference in the median reaches
to zero. This difference among stations originated from the nature of the CruTS data that

the different versions were created by interpolating a number of station around the world.

33



CHAPTER TWO

2. DATA EXPLORATION
2.1. Long-Term Spatiotemporal Trend Analysis of Precipitation and Temperature

Over Turkey
2.1.1. Abstract

Monthly precipitation and temperature data for Turkey were obtained from the
Climate Research Unit Time Series (CRU TS V3.23) dataset (1901-2014) and analyzed.
The records of 81 grids, each located in a province, were converted into annual and
seasonal data. The Mann-Kendal test was used to determine the trend significance. The
Theil-Sen’s slope estimator was used for estimating the magnitude of the trend. The
Pettitt-Mann-Whitney test was used on the annual data series to identify the “most
probable change year” for precipitation and temperature. The spatial pattern of the trend
was analyzed using GIS environment. The results showed that the annual areal
precipitation of entire Turkey is not significantly increasing with a magnitude of 0.11
mm/year, but the annual areal temperature is increasing significantly with a magnitude of
0.88 C°Century. The grids analysis indicated that annual precipitation is decreasing in
the South-Eastern Anatolia and Mediterranean regions, and increasing in the Marmara
and Black Sea regions, while other regions have no specific pattern. Though the trend is
present in most of the grids, but the insignificance is dominant. Annual precipitation had
no obvious most probable change year, with most frequent year 1969. Seasonal
precipitation has increasing and decreasing trends in the same regions that showed such
trends in annual precipitation. Annual temperature had a significant, increasing trend in
all regions. 1993 was found as the most probable change year. Seasonal temperature
showed an increasing trend in all regions. The highest increasing trend for temperature

was found in the summer.

2.1.2. Introduction

Precipitation and temperature are the most important climatic variables in the
hydrology/climate fields, and in water resource management, due to their critical effect
on the temporal and spatial patterns of water availability. Precipitation is an essential
factor in the rainfall-runoff relationship, mitigation measures, and flood and drought
assessments, while temperature is a critical factor in water availability, transpiration, and

evaporation. Changes in precipitation and temperature over a long period are vital for
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water resources planners and climatologists to understand the climate change
impacts(Luis et al. 2000, Taxak et al. 2014, Jones et al. 2016).

The identification, verification, and quantification of trends in precipitation and
temperature are important challenges due to the significant changes in the global climate
in the last ten decades. According to (IPCC 2001, Xu et al. 2005), mean annual
precipitation has increased over the last century by 2% for latitudes between 0-55° in the
southern hemisphere, and by 7%-12% for the latitudes between 30-85° in the northern
hemisphere. The mean annual air temperature of both land surface and the ocean,
according to (IPCC 2013), increased globally between 1880-2012 by 0.65-1.06 °C.
Global and continental historical climate observations have, however, been identified as
being less useful when planning at local and regional scales (Brekke et al. 2009, Raucher
2010, Taxak et al. 2014). Analysis of local and regional historical trends is therefore
important.

Several studies on trend analysis of precipitation and temperature have been
conducted in different regions and countries around the world. Some of these studies only
used the trends in precipitation/rainfall, for example: (Buffoni et al. 1999, De Luis et al.
2000, Yue et al. 2003, Gemmer et al. 2004, Marengo 2004, Feidas et al. 2007, Pujol et al.
2007, Kampata et al. 2008, de la Casa et al. 2010, Karpouzos et al. 2010, Longobardi et
al. 2010, Oguntunde et al. 2011, Tabari et al. 2011, Villarini 2012, Duhan et al. 2013,
Haktanir et al. 2013, Mahsa et al. 2016) while some studied only the temperature trends,
for example: (Easterling et al. 1997, Smadi 2006, Tabari et al. 2011, Saboohi et al. 2012,
Robaa et al. 2013, Mamara et al. 2016, Kisi et al. 2017). Some studies have, however,
investigated the trends in both precipitation and temperature, for example: (Feizi et al.
2014, Keggenhoff et al. 2014, Subash et al. 2014, Mondal et al. 2015, Chattopadhyay et
al. 2016).

Most of these studies used observations collected from stations distributed around
the studied area. Several studies have used interpolated data for large regions around the
globe, such as CRU TS data. For example, (Taxak et al. 2014) used CRU TS 3.21, which
covers 1901-2012, to study the trend and homogeneity of precipitation over the
Wainganga basin in central India. (Jones et al. 2016) also used the same data set to study
the trend in precipitation and temperature across the Caribbean.

Precipitation trends over Turkey have been a matter of concern for many

researchers. For example, (Tiirkes 1996) used total monthly rainfall recorded in 91
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stations between 1930-1993 to study the temporal and spatial trends in annual rainfall
data over Turkey. He identified a decreasing trend in the region-based areal rainfall for
the whole of turkey, which was most apparent in the Black Sea and Mediterranean
regions, but this trend was not identified as significant. Partal and Kahya (2006) studied
the trend in Turkish precipitation using the observations of 96 stations around Turkey
covering the period 1929-1993. They identified a decrease in the annual mean
precipitation in the southern and eastern parts of Turkey, and the Black Sea coast. Tiirkes
et al. (2009) investigated the spatiotemporal variability of precipitation, using 97 stations’
records covering the period of 1930-2002, and found an increasing trend in the spring,
summer and autumn, and a decreasing trend in winter, which was very apparent in the
Mediterranean regions. Yavuz and Erdogan (2012) identified a positive trend in
precipitation in March, April, and October, by studying observations from over 32 years,
extending from 1975-2009, that were collected from 120 stations over the entire Turkey.

Trends in temperature have not been studied as intensively as precipitation. For
example, (Tiirkes et al. 1996) studied trends and changes in the mean seasonal daily
maximum and minimum temperatures, and diurnal temperature, using the observations
of 59 stations throughout Turkey over the 1930-1993 period. They found an increasing
trend in mean minimum temperature in most of the used stations in all the seasons except
winter. An insignificant decreasing trend in the mean maximum temperature in all
seasons except spring was obtained. In the same study, a significant increasing trend in
the spring minimum temperature over the Aegean, Black Sea, and the South-Eastern
Anatolia regions was also identified. Kadioglu (1997) used 18 stations’ observations of
the mean seasonal, and annual maximum and minimum temperatures, and identified a
statistically insignificant increasing trend in the mean annual temperature for the period
1939-1989 and a decreasing trend for 1955-1989 over the whole Turkey. Tiirkes et al.
(2002) studied the trend in temperature over Turkey using observations of the mean,
minimum, and maximum temperatures collected from 70 stations, covering the period of
1929-1999. They found an increasing trend in the annual, winter and spring mean
temperature over the southern region of Turkey, whereas a decreasing trend over the
northern and inner regions for the summer and autumn mean temperature.

Tiirkes and Siimer (2004) investigated the spatial and the temporal trend of diurnal
temperature ranges (DTRs) and the role of the minimum and maximum temperature in

this trend for the same period and number of stations used in (Tiirkes et al. 2002). They
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found a decrease in the autumn and summer DTRs which is higher than the decrease in
the winter and spring. They concluded that the trend in the minimum and maximum
temperature is the leading factor of the decrease in the DTRs and the increase in the night
temperature of spring and summer.

All the trend studies of two climate variables, precipitation and temperature, over
Turkey have been conducted with periods not longer than 70 years. This study aims to
investigate variations in spatial and temporal trends of these two climate variables for 114

years using the latest version of CRU TS data (3.23), covering the period of 1901-2014.

2.1.3. Study area

Turkey lies between 36-42°N and 26-45°E and is in the northern subtropical climate
zone of the Earth. The climate of Turkey differs from region to region due to the existence
of several mountains running along the coasts, even though it is in the large
Mediterranean geographical area (Sensoy et al. 2008). The annual average precipitation
of Turkey is about 574mm for the period 1981-2010. The Mediterranean and Aegean
regions have rainy winters with annual precipitation varies from 580 to 1300 mm. The
Black Sea region receives the greatest amount of precipitation and it is the only region
which receives precipitation throughout the year. This region receives annually 2200 mm
in the eastern part. Istanbul and Marmara region have a moderate climate with average
temperature 4°C in winter and 27°C in summer. Black sea region is wet and humid with
7°C in winter and 23°C in summer. A long winter is witnessed in the Eastern Anatolia
region as the snow remains on the ground for about 6 months extending from November
to April. The average temperature is -13°C in winter and 17 °C in summer. The South-
Eastern Anatolia region has hot and dry summer with an average temperature over 30 °C
while spring and autumn are mild in general. The Anatolia plateau has a steppe climate
with average temperature -2°C in winter and 23 °C in summer. The Mediterranean region
has a mild climate with average temperature 9°C in winter and 29 °C in summer (Sensoy
et al. 2016). Figure 2.1 shows the map of Turkey with the regions divisions and the

location of the grids used in this study.
2.1.4. Data Used

CRU TS is the abbreviation of the Climate Research Unit Time Series, named after

the Climate Research Unit, University of East Anglia, Norwich, UK, who produce these
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data sets. CRU TS 3.23 is the version released in September 2015 (Harris et al. 2014, Cru
2016), which contain monthly values of ten climate variables: precipitation (pre), mean
temperature (tmp), diurnal temperature range (dtr), wet-day frequency (wet), vapor
pressure (vap), cloud cover (cld), maximum temperatures (tmx), minimum temperatures
(tmn), frost day frequency (frs), and potential evapotranspiration (pet) (Jones et al. 2008).
The CRU TS 3.23 dataset covers the earth, with the exception of the Antarctica region,
with 0.5° latitude-longitude grid cells for the period of 1901-2014. Only the precipitation
and mean temperature for Turkey were used in this study. The data were obtained from
the Centre for Environmental Data Archival of the British Atmospheric Data Center
(BADC) (http://www.badc.nerc.ac.uk), and CEDA OGC WEB SERVICES/ Web

Processing Service ( http://wps-webl.ceda.ac.uk/ ).
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Figure 2.1. Regions of Turkey and the distribution of the Grids. Regions; BS: Black Sea, EA: Eastern

Anatolia, SEA: South Eastern Anatolia, CA: Central Anatolia, MD: Mediterranean, AE:
Aegean, MA: Marmara

For applying this data in applications, validation in different scales must be
examined. Harris et al. (2014) validated the CruTS 3.10 data sets in a sub-continental
scale using two different datasets: precipitation datasets for the period 1901-2009 which
created by Global Precipitation Climatology Center (GPCC), and the temperature dataset
for the period 1901-2008 which created by University of Delaware (UDEL). They found
a very tight agreement between the UDEL and the CruTS temperature datasets. A very
high agreement is present also between the GPCC and CruTS precipitation dataset but
not as tight as temperature data. Locally, the evaluation and quality assessment of the

CruTS 3.23 dataset were done by (Hadi et al. 2017). They used precipitation and
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temperature observed data of 9 stations in Turkey and approved that these datasets are

reliable for being used in applications due to the high agreement with the observed data.

2.1.5. Methodology

Monthly data for precipitation and temperature were prepared for 81 grids; each
grid represents a province of Turkey. These grids were chosen in the center of the
province as each grid has dimension of 0.5° latitude-longitude. Those data were converted
to total annual and seasonal precipitation, and average annual and seasonal temperature.
Seasons are defined as follows - Winter: December, January, and February, Spring:
March, April, and May, Summer: June, July, August, Autumn: September, October, and
November.

Several tests were then applied to the series: Mann-Kendall test (MK) was used to
detect the presence and significance of trends, Theil-Sen’s slope estimator was used to
estimate the magnitude of any trends, and Pettitt’s test was applied on the annual data
series to estimate the most probable change year. The simple linear regression and
LOcally WEighted Scatterplot Smoothing (LOWESS) were used in the annual average
areal precipitation and temperature time series for a graphical analysis.

Spatial variation is important for large countries, such as Turkey, as it is greatly
affected by regional and local variation. A spatial pattern of the trends over Turkey was
prepared using spatial interpolations through the GIS environments, using the magnitude
of the trend for each grid. The regions of Turkey were not gathered for calculations, rather
the calculations were implemented for each grid separately and then the results and graphs

were organized according to regions, so they could be interpreted regionally.

2.1.5.1. Mann-Kendall Test

The Mann-Kendall test was first created by (Mann 1945) to be used for testing the
significance of trends by testing the significance of (Kendall 1938)’s tau. It has since
become the most widely used non-parametric test for several applications and specially
for meteorological applications.

The test statistic S is calculated by:

5= Zy”' @2.1)

i<j
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where

1 x]' < X
vy = sign(x; —x;) = sign(R;—R;) = § 0 =x ¢, (2.2)
-1 x]' > X

where R; and R; are the ranks of the x; and x; observations of the time series.

According to (Kendall 1975), the mean and variance of S are:

E(S) =0, (2.3)

Vo(S) =n(n—1)(2n+5)/18, (2.4)
where n is the number of observations.

The standardized Mann-Kendall variable Z is calculated by:

S—1
$>0
VVo(S)
Zuk =3 0 $=0. (2.5)
S+1
$<0

Vo (S)
The significance of the test is determined by comparing the standardized variable

Zyk With the standard normal distribution quantile at the desired significance level.

2.1.5.2. Theil-Sen’s Slope Estimator

Theil-Sen’s Slope estimator (Theil 1950, Sen 1968), is a non-parametric test for
fitting a robust line to a set of points. The test identifies the median of the lines’ slopes
between every pair of points in the sample. The slopes are estimated by:

0, = Yi~Vk
L tj—tk

fori=1,2,3,...,N, (2.6)

where y; and yj are observations at times t; and t; for all t; > ti, and, in the case of
having only one data point in every time point:

N=nn-1)/2, (2.7)
where n is the number of time points. The N values of the slopes Q; are ranked by Q; <

Q, < Q5 ... < Qy for the Sen’s estimator ﬁl, estimated using:

Q[M] if Nisodd
2

1(0 +Q ) if Niseven
2\ * 92 -

2

B = (2.8)
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2.1.5.3. Pettitt-Mann-Whitney Test

The Pettitt test (Pettitt 1979) is a non-parametric test that focuses on the case of a
two-tailed test, but one-side tailed tests are also possible. The null hypothesis (Ho) of a
Pettitt test is that the time series follows one or more distributions while having the same
location parameters, while the alternative hypothesis (Ha) for a two-tailed test is that a
change point occurs, and the alternative hypothesis (Ha) for a one-side test is that a time
(t) exists from which the variables’ location parameters are reduced or augmented.

Considering T, which is the length of the time series, and t, which represents the
time points of the most probable change year, and a single time series divided into two

samples x; ... x; and X;,q ... Xr, using a Mann-Whitney test for two samples:

D;; = sign (xj - xi), (2.9)
where:
1 x>0
Sign (x) = { 0 x=0 (2.10)
-1 x<0
Then,
t T
Ut,T = Z Z DU (211)
i=1 j=t+1

The value of U, 1 is same as the value of Mann-Whitney test for testing two groups
X1 .. X¢ and X¢yq ... X7 that come from the same distribution. The value of U, is
calculated for every t where 1 <t < T. The point in time with the max value of U, r is

considered to be the most probable change point.

K7 = max(U, 1) forl1 <t<T. (2.12)
The probability of the change point being the maximum value of U, 7 is calculated
by:
_6 K?
p=1-—exp (W) (2.13)

2.1.6. Results and Discussion
2.1.6.1. Exploratory Data Analysis (EDA)

The annual and seasonal total precipitation and average temperature for the entirety
Turkey are under consideration in this study. The highest annual areal precipitation for

the whole of Turkey is 771 mm in 1940, while the lowest value is 471 mm in 1932.
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Analysis of each grid showed that the lowest annual precipitation is 124 mm in Karaman
in 1932, and the highest is 1677 mm in Artvin in 1988. The statistics of the annual
precipitation of each grid implied that the mean varies between 304 mm in Konya and
1145 mm in Artvin, while the standard deviation varies between 63 mm and 212 mm in
Tokat and Mugla. The coefficient of variation is 11.6% in Giresun which is the lowest
value, and 24.7% in Sanlurfa which is the highest value. The skewness values vary
greatly, from several negative values to mostly positive values. The lowest value is -0.28
in Ordu, while the highest value is 1.2 in Tunceli. The highest seasonal precipitation is
1054 mm in the winter of 1938 in Mugla, while the lowest is 0 in Kilis in the summers of
1944 and 1985, and in Sanlurfa in the summers of 1955 and 1966.

The analysis of temperature for the whole of Turkey indicated that the highest
annual areal temperature was 13.3 °C in 2010, while the lowest was 9.7 °C in 1911.
Analysis of each grid showed that the lowest annual temperature is 0.3 °C in Kars in
1992, while the highest is 20 °C in Adana in 2010. A grid-based statistical analysis of the
annual temperature showed that the mean varies from 2.6 °C in Kars to 18 °C in Adana.
The standard deviation varies from 0.59 °C to 0.89 °C in Mugla and Igdir, respectively.
The coefficient of variation varies greatly that the lowest value is 3.6% at Adana where
for most of the year the temperature is considered to be high. The highest value is 32%
in Kars, where the temperature varies greatly throughout the year. The skewness was
negative in some grids, but in most of them is positive and varies from -0.25 to 0.62, with
an average value of 0.19. The highest seasonal temperature is 31 C° in the summer of
2010 in Sanlwurfa, while the lowest is -14.5 C° in the winters of 1933 and 1977 in Agri
and Kars, respectively.

Figure 2.2 shows the spatial distribution of the mean annual precipitation (a) and
temperature (b). According to Figure 2.2 (a), the mean annual precipitation varies greatly
between regions of Turkey. Central Anatolia and a large part of Eastern Anatolia receive
the smallest amount of rainfall, the south and west parts of the Mediterranean regions, the
coastal part of the Aegean region, and the Black Sea region receive the highest amount,
while the Marmara region receives a modest amount of annual precipitation. In general,
the coastal boundaries of Turkey receive the highest volume of precipitation.
Temperature shows a different pattern of distribution. Eastern Anatolia experiences the
lowest while South-Eastern Anatolia experiences the highest values. The western part of

the Mediterranean, Aegean, and Marmara regions experience modest and similar
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temperature values to each other. Central Anatolia experiences a modest to low

temperature, sharing that with a large part of the Black Sea region.
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Figure 2.2. a) The spatial distribution of the mean of annual Precipitation. b) The spatial distribution of
the mean of annual Temperature

2.1.6.2. Annual trend
2.1.6.2.1. Precipitation

The average of the total annual precipitation for the whole of Turkey is plotted as a
time series (Figure 2.3), along with the simple linear and LOWESS regression lines. The
linear line indicates an increasing trend, which is consistent with the Theil-Sen’s Slope
test value of 0.11 mm/year, however the trend was determined to be insignificant by the
Man-Kendall test. This insignificance is also found by (Tiirkes 1996, Unal et al. 2012),
who studied the period 1930-1993 and 1961-2008 respectively. On the contrast, these
two studies identified a decreasing trend for the whole of Turkey, which is not consistent
with the result here. The LOWESS regression line shows an increasing trend until the end

of the 1950s, where it starts to decrease until the early years of the 1990s, where it starts
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increasing again. The most probable change year identified in this study, using the Pettitt

test, is 1934.
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Figure 2.3. The time series of Turkey’s mean of the total annual precipitation (Top) and the average
annual temperature (bottom). Solid Line: LOWESS regression, Dashed Line: Simple Linear
Regression. For Precipitation(Temperature), Insignificant (Significant) trend with 0.11
mm/year (0.88 C°/Century) Theil and Sen’s Slope test value and change year 1934 (1993)

According to Table 2.1 which shows the results of grids’ analysis, no year
dominated the most probable change year of the grids but the most frequent year is 1969,
which repeated in 11 grids. The trend in precipitation varies greatly from grid to grid, it
has negative values with a lowest value of -0.77 mm/year in the Hakkari, and positive

values, with a highest value of 0.94 mm/year in Kocaeli.
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Table 2.1. The results of the Pettit test and trend value (mm/year) with significance for Precipitation.
Ann: Annual, DJF: December, January, and February, MAM: March, April, and May, JJA:
June, July, August, SON: September, October, and November

Stations Year Ann DJF MAM JJA SON | Stations Year Ann DJF MAM JJA SON
Adana 1924 -0.12 0.03 0.02 0.10 0.17 K.Marag 1942 0.04 | -0.03 0.01 0.02 0.17
Adiyaman 1969 -0.35 -0.08 -0.27 0.01 0.10 Karabiik 1961 0.69 0.13 0.20 0.22 0.08
Afyon 1937 0.00 0.11 0.04 0.02 0.00 Karaman 1954 | -0.34 | -0.25 -0.01 0.04 -0.04
Agri 1951 -0.08 0.09 0.14 -0.17 0.01 Kars 2000 0.11 0.11 0.17 -0.16 0.12
Aksaray 1954 -0.16 -0.08 0.01 0.00 0.09 Kastamonu 1959 0.82 0.20 0.25 0.34 0.06
Amasya 1964 0.09 -0.14 0.15 0.17 0.04 Kayseri 1986 0.25 0.00 0.2 0.09 0.16
Ankara 1961 0.11 -0.10 0.16 0.12 0.00 Kilis 1981 -0.61 | -0.26 -0.34 -0.01 0.02
Antalya 1931 -0.59 -0.78 0.10 0.08 -0.29 | Kirkkale 1925 -0.14 | -0.14 0.08 0.05 0.06
Ardahan 1935 0.39 0.17 0.22 0.12 0.01 Kirklareli 1954 0.69 0.06 0.18 0.10 0.34
Artvin 1918 0.02 0.12 -0.05 -0.08 0.31 Kirgehir 1925 -0.13 | -0.12 0.02 0.03 0.12
Aydin 1921 0.10 -0.32 0.18 0.05 0.13 Kocaeli 1934 0.94 0.25 0.28 0.21 0.19
Balikesir 1921 0.18 -0.18 0.18 0.03 0.25 Konya 1952 | -0.23 | -0.10 -0.07 0.00 0.02
Bartin 1959 0.79* 0.27 0.17 0.29 0.10 Kiitahya 1934 0.36 0.02 0.17 0.18 0.07
Batman 1969 -0.71 -0.35 -0.28 0.00 -0.21 | Malatya 1962 0.17 0.00 0.04 0.05 0.17
Bayburt 1951 0.08 0.01 0.03 -0.02 0.06 Manisa 1921 0.13 -0.08 0.19 0.03 0.11
Bilecik 1937 0.43 0.13 0.18 0.14 0.10 Mardin 1969 | -0.64 | -0.31 -0.35 0.01 -0.06
Bingol 1946 -0.29 -0.26 -0.07 -0.02 | -0.08 | Mersin 1954 | -0.74 | -0.66 -0.04 0.09 -0.05
Bitlis 1953 -0.22 -0.10 0.05 -0.06 | -0.04 | Mugla 1946 | -0.35 | -0.94 0.21 0.04 0.06
Bolu 1958 0.64 0.13 0.22 0.21 0.12 Mus 1946 | -0.22 | -0.01 0.05 -0.12 | -0.02
Burdur 1969 -0.35 -0.44 0.04 0.10 -0.05 | Nevsehir 1994 0.17 0.01 0.18 0.07 0.10
Bursa 1934 0.62 0.03 0.21 0.14 0.31 Nigde 1937 0.06 | -0.01 0.05 0.03 0.17
Canakkale 1921 0.36 -0.06 0.13 0.06 0.03 Ordu 1929 047 | -0.05 0.24 0.10 0.31
Cankiri 1950 0.20 -0.07 0.17 0.16 0.05 Osmaniye 1942 | -049 | -0.08 -0.33 -0.03 0.15
Corum 1925 0.01 -0.17 0.14 0.18 0.04 | Rize 1925 0.14 0.09 -0.07 0.06 0.16
Denizli 1969 -0.14 | -0.34 0.16 0.06 0.00 Sakarya 1948 0.73 0.13 0.24 0.23 0.22
Diyarbakir 1988 -0.15 -0.12 -0.21 0.03 0.04 Samsun 1932 0.17 | -0.14 0.14 0.28 0.00
Diizce 1947 0.41 0.13 0.08 0.14 0.16 Sanliurfa 1969 | -0.53 | -0.22 -0.32 0.01 -0.02
Edirne 1950 0.45 -0.02 0.09 0.12 0.08 Siirt 1954 | -0.37 | -0.21 -0.09 -0.02 | -0.06
Elazig 1910 0.01 -0.12 -0.04 0.03 0.15 Sinop 1982 0.33 -0.09 0.14 0.27 0.12
Erzincan 1962 0.21 -0.02 0.21 -0.01 0.16 Sirnak 1969 | -0.73 | -0.13 -0.35 -0.04 | -0.26
Erzurum 1946 -0.20 -0.05 0.04 -0.17 0.02 Sivas 1984 0.38 0.03 0.26 0.04 0.19
Eskisehir 1956 0.23 0.02 0.11 0.09 0.07 Tekirdag 1951 047 | -0.02 0.06 0.09 0.21
Gaziantep 1954 -0.51 -0.20 -0.26 -0.01 0.05 Tokat 1976 047 | -0.06 0.28 0.13 0.17
Giresun 1976 0.4 -0.01 0.11 0.07 0.25 | Trabzon 1984 0.43 0.06 0.09 0.10 0.21
Giimiishane 1976 0.42 0.05 0.13 0.09 0.20 Tunceli 1969 0.02 | -0.06 -0.02 0.01 0.21
Hakkari 1969 -0.77 | -0.05 -0.36 -0.09 | -0.23 | Usak 1928 0.13 -0.17 0.24 0.13 0.09
Hatay 1954 -0.76 -0.29 -0.41 -0.05 0.05 Van 1969 | -0.24 | -0.03 -0.08 -0.12 0.04
Igdir 2001 0.05 0.10 0.14 -0.08 | -0.02 | Yalova 1934 0.72 0.13 0.23 0.17 0.15
Isparta 1969 -0.37 -0.20 -0.08 0.04 -0.01 | Yozgat 1925 0.08 | -0.11 0.20 0.10 0.10
Istanbul 1973 0.92 0.21 0.20 0.22 0.13 Zinguldak 1946 0.73 0.21 0.16 0.22 0.24
Izmir 1921 0.45 -0.09 0.19 -0.02 0.23

* The Bold values are significant at significance level oo = 0.1 and the bold italic underlined values are
significant at significance level a = 0.05.

All of the grids in South-Eastern Anatolia, and the Mediterranean have a negative
trend, except for one grid. In contrast, all the grids in the Black Sea and Marmara regions
have a positive trend. The Central Anatolia, Eastern Anatolia, and Aegean regions have
no constant trend, with several grids showing a decreasing trend and others showing an
increasing trend. There was no obvious pattern present in the magnitudes of the trend
between regions; however, the Marmara region has the highest increasing trends while

South-Eastern Anatolia has the highest decreasing trends (Figure 2.4).
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Figure 2.4. Annual Theil and Sen’s Slope test values Top) Precipitation (mm/year), Bottom) Temperature (Co/year). Circle: Not significant, Square: significant at 0.1,
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Figure 2.5 shows the spatial pattern of trends, indicating a decreasing trend in the
south of Turkey, with an area wider in the east than the west. The north has a
predominantly increasing trend, with an area wider in the west than the east. The area
between the north and the south, moving from the south-east and through the center
towards the south-west, shows no trend. These results slightly differ from the results
reported by (Unal et al. 2012), which could be due to differences in the data used, which
were for different time periods. Out of 26 significant grids 11 of them had significant
trends at 0.05, while 15 had trends significant at 0.1. Only the grids on the coastal borders
with the Black and Mediterranean seas, and several grids in the south east of Turkey, have
a statistically significant trend. Other regions have insignificant trends indicating a

random change.
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Figure 2.5. Contour lines for the spatial distribution of the Annual Theil and Sen’s Slope test values Top)
Precipitation (mm/year), Bottom) Temperature (Co/decade)

2.1.6.2.2. Temperature
Similar to precipitation, the average annual temperature of the whole of Turkey was

plotted in Figure 2.3. The linear regression line indicates an apparent increasing trend for
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the whole period. The Theil-Sen’s Slope estimator value was 0.88 °C/century (calculated
by multiplying the trend magnitude by 100), which was statistically significant. This
result differs from the results found by (Kadioglu 1997) who identified an insignificant
increase. The LOWESS line shows an increase in the trend from the beginning of the
series until the early 1950s, where it decreases slightly until the mid-1980s, then
dramatically increases again. This was also reported by (Kadioglu 1997), who found an
increasing trend for the period of 1939-1989 and a decreasing trend for the period of
1959-1989. Using the Pettit test, the most probable change year identified as 1993.

Table 2 shows that 1993 is the most probable change year for temperature, which
is repeated in 46 grids. The annual temperature trend does not vary greatly with lowest
value of -0.03 °C/century in Bingdl being the only decreasing trend, and highest value of
1.34 °C/century in Van being the highest increasing trend.

Figure 2.4 shows that grids in all regions have an increasing temperature trend,
except for one grid - Bingol - located in Eastern Anatolia. Excluding this decreasing trend,
the trend magnitudes are very similar, and the grids in the Marmara region have slightly
higher magnitudes.

Figure 2.5 shows the spatial pattern of the decadal temperature trend (°C/decade).
No obvious spatial pattern can be identified in any specific region, but generally the
region about 5 degrees west of the eastern border of Turkey has the lowest trend in
temperature, while the far south-eastern and north-western areas have the highest trend.
In contrast with precipitation, except for the Bingdl and Erzurum grids (which are not
significant) and Diyarbakir (which is significant at the 0.1 significance level), all the grids

have a significant temperature trend at a level of 0.05.

2.1.6.3. Seasonal Trend
2.1.6.3.1. Precipitation

Precipitation trends differ from season to season (Table 2.1). Winter (i.e. DJF) has
a decreasing trend in most of the grids, with the highest decrease in Mugla, but an
increasing trend is observed in others, with Bartin having the highest value. In spring
(MAM), Hatay has the most decreasing trend, while the most increasing trend is observed
in Kocaeli. In the summer (JJA), however, Erzurum has the most decreasing trend and
Kastamonu has the highest increasing trend. In autumn (SON), Antalya has the most

decreasing trend, while Kirklareli has the most increasing trend. Although the trends have
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great variation, most of the grids have no significant trend, and only 5, 9, 8, and 6 grids

are significant for DJF, MAM, JJA, and SON, respectively.

Table 2.2. The results of the Pettit test and trend value (C°/Century) with significance for Temperature.
Ann: Annual, DJF: December, January, and February, MAM: March, April, and May, JJA:
June, July, August, SON: September, October, and November

Stations Year | Ann DJF | MAM | JJA | SON | Stations Year | Ann | DJF | MAM | JJA | SON
Adana 1953 0.85* | 057 | 1.21 1.48 | 0.28 K.Marag 1993 0.80 | 0.75 1.09 1.39 | 0.15
Adiyaman 1993 0.97 1.00 | 1.36 1.43 | 0.12 Karabiik 1993 097 | 1.08 | 0.76 1.45 | 043
Afyon 1933 1.04 1.05 | 1.19 1.69 | 058 Karaman 1922 081 | 0.73 0.89 1.38 | 0.52
Agri 1976 0.80 0.83 113 1.05 | 030 Kars 1997 0.72 | 0.69 0.91 1.05 | 0.17
Aksaray 1950 0.85 0.75 0.95 143 | 045 Kastamonu 1950 0.86 | 1.01 0.75 136 | 0.28
Amasya 1993 0.82 0.71 0.83 1.54 | 0.26 Kayseri 1950 0.83 | 0.68 | 1.03 1.45 | 021
Ankara 1993 113 1.42 | 1.06 1.59 | 049 Kilis 1993 091 | 0.79 | 1.28 1.43 | 0.08
Antalya 1936 0.94 0.80 | 1.01 1.44 | 043 Kirkkale 1993 1.08 | 1.21 | 1.08 1.57 | 040
Ardahan 1993 0.83 0.85 1.00 113 | 038 Kirklareli 1993 1.02 | 1.09 | 1.03 1.56 | 044
Artvin 1993 0.71 0.39 0.95 1.49 | 0.13 Kirgehir 1950 097 | 092 | 1.06 1.52 | 038
Aydin 1949 0.96 086 | 1.18 161 | 047 Kocaeli 1993 1.25 | 1.40 | 1.29 1.85 | 0.72
Balikesir 1949 1.14 1.06 | 1.22 1.76 | 0.58 Konya 1922 0.79 | 074 | 0.77 1.42 | 054
Bartin 1993 0.94 1.06 | 0.82 141 | 037 Kiitahya 1993 111 | 113 | 1.22 1.79 | 0.61
Batman 1951 0.63 037 | L13 111 | -0.17 | Malatya 1993 082 | 0.87 | 111 1.32 | 0.05
Bayburt 1993 0.48 0.19 0.89 1.26 | -0.18 | Manisa 1949 1.08 | 0.98 | 1.23 1.74 | 0.58
Bilecik 1993 1.20 131 | 1.23 1.79 | 0.68 Mardin 1953 0.65 | 0.68 0.95 116 | -0.19
Bingol 1986 -0.03 ;)56 0.64 0.65 | -0.74 | Mersin 1953 088 | 0.81 | 1.03 141 | 0.54
Bitlis 1976 0.90 0.88 | 1.40 1.27 | 0.10 Mugla 1949 091 | 0.79 | 1.14 1.53 | 038
Bolu 1993 117 1.34 | 1.07 1.67 | 0.69 Mus 1976 0.64 | 035 1.28 111 | -0.08
Burdur 1936 0.93 0.86 | 1.03 1.70 | 037 Nevsehir 1950 0.89 | 0.81 1.08 1.47 | 030
Bursa 1993 1.24 1.28 | 1.30 1.85 | 0.71 Nigde 1953 086 | 0.69 | 1.14 1.47 | 036
Canakkale 1993 0.85 0.74 0.92 1.51 | 040 Ordu 1993 0.64 | 0.70 0.75 1.30 | 0.05
Cankiri 1993 1.00 119 | 0.87 1.46 | 033 Osmaniye 1993 0.83 | 0.61 1.21 1.44 | 023
Corum 1993 0.97 1.00 | 0.95 1.59 | 032 Rize 1993 0.63 | 0.13 0.88 1.57 | 0.07
Denizli 1936 0.98 083 | 1.17 1.67 | 045 Sakarya 1993 1.20 | 1.37 | L15 175 | 0.69
Diyarbakir 1914 | 0.33 0.47 | 0.60 0.93 | -0.49 | Samsun 1993 0.71 | 0.62 0.70 1.49 | 0.18
Diizce 1993 112 1.21 0.95 1.64 | 0.67 Sanliurfa 1993 090 | 0.95 | 1.28 1.35 | 0.00
Edirne 1993 0.83 0.78 0.89 1.47 | 037 Siirt 1976 110 | 1.30 | 1.50 1.40 | 0.27
Elazig 1993 0.70 0.93 0.87 1.11 | -0.07 | Sinop 1993 0.82 | 0.82 0.81 1.51 | 0.18
Erzincan 1993 0.81 1.00 | 1.08 1.33 | 0.16 Sirnak 1976 1.24 | 1.61 | 159 1.47 | 0.28
Erzurum 1914 0.11 646 0.74 0.70 | -0.47 | Sivas 1993 0.74 | 0.81 0.94 1.27 | 0.04
Eskisehir 1993 116 134 | 116 1.72 | 0.65 Tekirdag 1993 091 | 0.90 | 0.98 1.48 | 039
Gaziantep 1993 0.83 072 | 1.25 1.39 | 0.08 Tokat 1993 0.75 | 0.74 | 0.84 1.43 | 0.10
Giresun 1993 0.58 0.50 0.76 1.31 | 0.00 Trabzon 1993 0.63 | 0.36 0.88 1.47 | 0.00
Giimiishane 1993 0.61 0.46 0.82 1.39 | 0.00 Tunceli 1993 0.71 | 094 | 0.96 1.18 | 0.00
Hakkari 1993 116 1.72 | 1.53 1.37 | 0.15 Usak 1993 1.09 | 1.03 | 1.23 1.77 | 0.60
Hatay 1993 0.83 0.60 | 1.22 1.45 | 0.18 Van 1977 134 | 1.97 | 170 1.52 | 0.10
Igdir 1977 1.04 132 | 1.21 1.08 | 0.56 Yalova 1976 1.25 | 1.33 | 133 1.88 | 0.72
Isparta 1924 0.89 086 | 0.93 1.58 | 046 Yozgat 1950 0.90 | 0.84 0.98 1.58 | 0.29
Istanbul 1993 1.24 1.38 | 1.32 1.84 | 0.78 Zinguldak 1993 1.07 | 1.17 | 0.90 1.58 | 0.61
Izmir 1949 1.05 0.87 | 1.20 1.62 | 055

* The Bold values are significant at significance level o = 0.1 and the bold italic underlined values
are significant at significance level a = 0.05.

Figure 2.6 shows that most of the grids in the South-Eastern Anatolian,
Mediterranean, and Aegean regions have a decreasing precipitation trend in the winter.
All the seasons, except winter, have an increasing trend in the Aegean region. The grids
of the Marmara and Black Sea regions have an increasing trend in all seasons, with
exception of several grids that have a decreasing trend in winter. Other regions have no
noticeable pattern as trends in some grids increase or decrease in different seasons. The
trend values for any season have no difference with any other season as they vary from

grid to grid, but the most consistent values between grids can be identified in the spring.
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According to Figure 2.7, winter has a decreasing precipitation trend that is observed
in most of Turkey, with the highest decreasing trend in the south-western area which
includes the grids where this trend is significant. There is a slight increasing trend in the
north-western and south-eastern parts of Turkey. This finding is consistent with (Unal et
al. 2012), who studied the period of 1961-2008, but differs from the findings of (Tiirkes
et al. 2009), who studied the period of 1953-2002. No dominant spatial pattern for
precipitation over the whole of Turkey was observed in spring. A decreasing trend in the
South-Eastern Anatolia, and a small part of Central Anatolia was identified, while an
increasing trend was found in the remaining areas. Only several grids were identified as
significant grids at the two significance levels 0.1 and 0.05. These results agree to that
reported by (Tiirkes et al. 2009, Unal et al. 2012). Although significance is only identified
in several grids located mostly in the Black Sea region, a general increasing trend was
observed in the summer with small areas having no trend and some areas having a
decreasing trend in the Eastern Anatolia region. With only four significant grids, autumn
has a similar spatial pattern to spring with a decreasing trend in the South-Eastern
Anatolia and the western part of the Mediterranean region. This result of summer and

autumn are consistent with (Tiirkes et al. 2009) but differs slightly from (Unal et al. 2012).

2.1.6.3.2. Temperature

A decreasing temperature trend in the winter is only found in two grids - Bingol
and Erzurum - while the others have an increasing trend, with highest observed in Van
(Table 2.2). An increasing trend is observed in spring in all grids, with the lowest value
in Diyarbakir and the highest in Van. In the summer, Bingdl was found to have the lowest
increasing trend and Yalova the highest. Varying trend values are observed throughout
the grids in autumn, and several of them have a decreasing trend, with the highest
decrease in Bingo0l, several grids have no trend, but most have an increasing trend. In
contrast with precipitation, over half of the grids are found with significant trends in
winter. In spring, all the grids are significant at the 0.05 significance level, with two grids
- Bingol and Diyarbakir - significant at 0.1. All grids have a significant trend in summer,
whereas trends in most grids in autumn are not significant.

Figure 2.6 indicates a noticeable increasing trend in all regions and in all seasons.
There is a decreasing trend in autumn in several grids in the South-Eastern Anatolia and

Eastern Anatolia regions, and in one grid in the Black Sea region. In winter, only two
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grids in Eastern Anatolia have a decreasing trend. The lowest trend magnitudes are in

autumn and highest in summer, and winter and summer have relatively close trend

magnitudes.
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Figure 2.7. Contour lines for the spatial distribution of the Theil and Sen’s Slope test values of seasonal
precipitation trend (mm/year) from top Winter, Spring, Summer, and Autumn. Circle: Not
significant, Square: significant at 0.1, Triangle: Significant at 0.05
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The winter spatial pattern (Figure 2.8) indicates that an increasing trend is dominant
in most of Turkey, with a small area located in the middle of Eastern Anatolia which has
a decreasing trend. The significance is observed in the western and far eastern areas.
Similar to the summer pattern, the spring pattern features an increasing trend throughout
the whole of Turkey, with slightly higher magnitudes in the summer. For spring and
summer, all grids have significant trends. In the autumn, the trend has a similar pattern to
winter, with a larger decreasing trend area in the middle of Eastern Anatolia. The
magnitudes of the trend are smaller than that observed in winter. Significance is also
similar to winter, but it is mostly located in the west rather than the east.

These findings differ from the results reported by (Tiirkes et al. 2002) as they
reported a decreasing trend in the winter in a wide part of Turkey, whereas only two grids
featured an increasing trend in this study. They stated that several areas had an
insignificant decreasing trend in the spring, which is not matching the findings here in
which a significant increasing trend in all grids was found. The autumn results also differ
in that they identified the dominance of the decreasing trend, while in this study a
decreasing trend is only found in eastern Turkey. This difference might be due to the
length of the periods studied; the period covered by (Tiirkes et al. 2002) is 1929-1999,
while this study covers 1901-2014. This is the most likely reason for the disparity between

results, because after the mid years of 1990s, trends increased dramatically.

2.1.7. Conclusion

The main objective of this study is to analyze the trends over Turkey of two climate
variables, precipitation and temperature, for a long-term period covering 1901-2014 using
the CRU TS V3.23 data. Annual and seasonal trends were analyzed by using grids, with
each grid represents a province. The annual areal precipitation for the whole of Turkey
had an insignificant increasing trend while annual areal temperature had a significant
increasing trend. According to the regional grid-based analysis, the Aegean, Black Sea,
and Marmara regions have an increasing trend in annual precipitation, while the South-
Eastern Anatolia, and Mediterranean regions have decreasing trends. Other regions have
variation between grids with no dominant pattern. The insignificance is identified in most
of the grids. The analysis of annual temperature indicated that all regions have a
significant increasing trend. The conclusion of the seasonal analysis was that winter has

a decreasing trend of precipitation in general, with the exception of the Marmara and
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Black Sea regions, in which an insignificant increasing trend was identified. All the other
seasons have predominant increasing trends in all regions but South-Eastern Anatolia, in
which a decreasing trend is found in all seasons. In contrast with precipitation trends,

seasonal temperature has a significant increasing trend in all seasons and regions.
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temperature trend (Co/decade) from top Winter, Spring, Summer, and Autumn. Circle: Not
significant, Square: significant at 0.1, Triangle: Significant at 0.05
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These results are consistent with some findings, but differ with the same studies in
other findings, even in aspects that should be consistent. For example, the annual areal
precipitation for the whole of Turkey showed different results. The annual and seasonal
temperature trends were also found to differ from the earlier studies. This inconsistency
might be due to the local and regional heterogeneity of a large country like Turkey, and
the usage of different data that cover different periods.

This study used the analysis of the period from 1901-2014 as one epoch. Dividing
the period into two or more and analyzing the trends for each period separately is
recommended. The period following 1985 is considered to be a change point in Turkey
due to a dramatic increase in economical and industrial developments, which could cause

significant climate change (Unal et al. 2012).

2.2. Homogeneity and Trend Analysis of Rainfall and Streamflow of Seyhan Basin,

Turkey.
2.2.1. Abstract

Changes in the historical rainfall and streamflow observations are important for
understanding the climate change. The homogeneity of the annual and monthly times
series of observations of 9 rainfall stations and 3 streamflow gages located at Seyhan
basin in Turkey was examined using standard normal homogeneity test and Buishand
test. The trend was studied by the mean of Mann-Kendall test which is used for
identifying the significance of the trend, and the Sen’s slope estimator which provides the
magnitude of the trend. Finally, the Pettit test was also applied on the annual time series
only for obtaining the most probable change year. The entire time series found as
homogeneous although several significant p values obtained in the 0.05 but not in the
0.01 significance level. The annual trend varied from station to another but found
significant in one rainfall and one streamflow stations and significant at 0.1 significance
level only. Monthly time series found to have most significant trend in January but still
significant only in 0.05 significance level. Several months have no station with significant
trend while others have only one station with significant trend. The Pettit test results

showed no consistent change year through all station although 1981 is most obtained year.
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2.2.2. Introduction

Rainfall is considered as one of the most important climatic variables in the fields
of hydrology and climatology. It is also crucial in water resources management because
of the critical importance in the spatial and temporal water availability. In the rainfall-
streamflow relationships, drought and flood assessment and control, mitigation measures,
rainfall is critical factor. Therefore, changes in historical rainfall observations are
essential for water resources planners and climatologists (Luis et al. 2000, Taxak et al.
2014, Jones et al. 2016). Streamflow is also extremely important in several aspects such
as keeping the rivers and lakes full of water and monitoring the land change by the effect
of erosion.

Many studies examined the trends in precipitation/rainfall around the globe, for
example: (Turkes 1996, Buffoni et al. 1999, De Luis et al. 2000, Yue et al. 2003, Gemmer
et al. 2004, Marengo 2004, Partal et al. 2006, Pujol et al. 2007, Kampata et al. 2008,
Tiirkes et al. 2009, de la Casa et al. 2010, Karpouzos et al. 2010, Kumar et al. 2010,
Longobardi et al. 2010, Oguntunde et al. 2011, Tabari et al. 2011, Yavuz et al. 2012,
Duhan et al. 2013, Haktanir et al. 2013, Akinsanola et al. 2015, Ay et al. 2015, Yiirekli
2015)

Some of these studies investigated the trend in for the entire Turkey and some in
local scale with several stations. Here are some examples of these studies. (Tiirkes et al.
2009) used 97 rainfall stations’ observations covering the whole Turkey for the period of
1930-2002 for investigating the seasonal spatial and temporal variation. They found a
deceasing trend in winter and increasing in spring, summer, autumn. The decreasing trend
was cleary obvious in the Mediterranean region. The monthly trend of whole Turkey
using rainfall observations of 120 stations covering the period 1975-2009 was studied by
(Yavuz et al. 2012). They identified an increasing trend in March, April, and October.
The trend of rainfall in six provinces of Turkey was studied by (Ay et al. 2015) for the
objective of comparing the Mann-Kendall test with the Sen’s test which was recently
developed by (Sen 2012). They found different patterns of trend and concluded that the
new method is reliable.

The objective of this study is to investigate the homogeneity and the trend of the
monthly and annual rainfall and streamflow of three subbasins located at Seyhan basin,

Turkey using observations extends for the period 1973-2000.
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2.2.3. Study area and data collection

This study goal is to investigate the trend in the monthly and annual rainfall and
streamflow data for the period of 1973-2000 in 9 rainfall and 3 streamflow stations
located in three sub-basins called (coded) 1822, 1801, and 1805, as seen in Figure 2.9.
These three sub-basins are part of the Seyhan Basin located in the southwest of Turkey.
Several stations were chosen outside the subbasin for including all spatially correlated
rainfall station which could affect the streamflow value in addition to have wide spatial
distribution. The study area covers parts of the following provinces: Sivas, Adana,
Kayseri, and Kahramanmaras. During the study period, the sub-basins are: rural,
agricultural, not hydrologically disturbed, and having no water storage structure.

Rainfall observations of 9 stations and streamflow of the 3 subbasins outlets
collected from the the Turkish General Directory of Meteorology DMI (Devlet
Meteoroloji Isleri) and General Directorate of State Hydraulic Works DSI (Develt Su
Isleri). The consistent available data for all stations are for the period 01/02/1973 to
30/09/2000. The collected data were daily total of rainfall and average of streamflow.

Basic statistics of the monthly data are shown in Table 2.3.

A Rainfall Stations
@  Runoff Stations
[ Basin Boundary
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Figure 2.9. Study area
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2.2.4. Methodology

Collected daily data were converted to monthly and annual total for rainfall and
monthly and annual average for streamflow. The homogeneity of the monthly and annual
time series was examined by the mean of two tests: Alexanderson’s Standard Normal
Homogeneity Test (SNHT), Buishand tests. Mann-Kendall test was applied for the data
in order to identify the significance of the trend. Theil and Sen's slope estimator applied
for obtaining the magnitude of the trend regardless its significance, Pettitt’s test used for
detecting the most probable change year and it was applied only for the annual series.
The statistical language R was used for implementing these tests. ArcGIS was used for

the presentation of the stations on the map with their trend significance and magnitude.

Table 2.3. Statistics of the monthly total precipitation and monthly mean streamflow

Stations Name No. Obs. | Min | Max | Range | Median | Mean | Std.dev | Coef.var
17162 Gemerek 332 0 159.9 | 159.9 29.4 334 27.9 0.8
17196 Kayseri 332 0 164.7 | 164.7 28.2 33.5 26.8 0.8
17762 Kangal 332 0 164.2 | 164.2 28.8 35.1 30.4 0.9
17802 Pinarbas1 332 0 159.8 | 159.8 29.9 35 28.6 0.8
17836 Develi 332 0 159.6 | 159.6 26.6 30.5 27.1 0.9
17837 Tomarza 332 0 1294 | 1294 28.7 32.8 26.1 0.8
17840 Sariz 332 0 187.5 | 187.5 39.5 44.6 34.5 0.8
17866 Goksun 332 0 1853 | 1853 38.5 51.2 46 0.9
17908 Kozan 332 0 296 296 60.5 71 59.6 0.8

ST1801 | Goksu—Himmetli 332 9.2 | 1494 | 140.2 20.1 29.4 23.3 0.8

ST1822 | Goksu—Gokdere 332 5 91.5 86.5 14.9 20.3 14.7 0.7

ST1805 | Zamanti—Fraktin 260 14.9 | 267.1 | 252.2 40.2 60.7 50.8 0.8

2.2.4.1. Standard Normal Homogeneity Test (SNHT)

Alexanderson’s Standard Normal Homogeneity Test (SNHT) (Alexandersson
1986) firstly developed for the identification of the occurrences of a change in a time
series of rainfall data. The null hypothesis (Ho) of this test is that the tested variable is
independent and identically distributed while the alternative hypothesis (Ha) is a change

(break or step shift) is present in the mean.

2.2.4.2. Buishand test

Buishand test (Buishand 1982) is particularly studied for a normal distribution but
still can be used irrespective to the distribution of the tested variable. This test has three
cases: the first case is two-tailed, the second and third are left-tailed. For all cases, the

null hypothesis (Ho) is that the variable has one or more distribution but with the same
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mean. The alternative hypothesis (Ha) is: a change in the mean occurred in a t time point

for the two-tailed, and the mean is reduced or augmented for one-tailed test.

2.2.5. Results and Discussion

2.2.5.1. Exploratory Data Analysis (EDA)

This study is to investigate and analyze the spatial and temporal homogeneity and
trend in the monthly and annual rainfall and monthly and annual streamflow. According
to Table 2.3 which shows the basic statistics of all stations, most of the rainfall stations
have close values with the exception of Kozan station. For example, the maximum values
of the monthly rainfall are close for all stations that varies between 129 and 187 mm while
for Kozan station far from this range with a value 296 mm. The median and the mean of
all stations are also close to each other vary from about 29 to 39 mm and 30 to 51 mm
while for Kozan are 60.5 and 71 mm respectively. The coefficient of variation values are
0.8 and 0.9 and almost not different among all rainfall stations. Streamflow values varied
greatly from one station to another. The minimum and maximum values are not close to
each other and the same thing can be seen in the median values. The mean values vary
from about 20 to 60 m?/s. The areas of the subbasins: 2400, 1788, 3610 km?2 for 1801,
1805 and 1822 respectively. For the subbasin 1801 and 1822, the values of the
streamflow are rational with their areas. The subbasin 1805 has the smallest area and
highest streamflow values which is due to that the subbasin 1801 outlet is an inlet to 1805
subbasin. In other words, 1805 subbasin is an accumulation of both 1801 and 1805

subbasins which lead to high streamflow.

2.2.5.2. Homogeneity

Homogeneity tests are important for identifying whether a change occurred in a
time series or it is homogenous. The P values of the homogeneity tests (i.e. Standard
Normal Homogeneity Test, and Buishand Test) are listed in Table 2.4. The results show
that the null hypotheses of the two tests cannot be rejected for 0.01 significance level in
all station for the two temporal resolutions: Annual and monthly. For the monthly time
series, the null hypothesis using Buishand test of only one rainfall station 17802 and one
streamflow station 1805 can be rejected and only in the 0.1 and 0.05 significance level
respectively. For the annual series, null hypothesis of 17162 rainfall stations using SNHT
test, and 17802 using SNHT and Buishand test can be rejected and only in the significance
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level of 0.05. In general, the entire rainfall and streamflow stations are homogeneous and
the no significant change occurred during the studied period.

The most probable change year which represents the results of the Pettit-Mann-
Whitney test showed no consistent result through the entire stations. The most frequent
year is 1981, and 1988 which appears 4 and 3 times respectively while others have no
consistent change year.

Table 2.4. P values of Homogeneity tests, SNHT: Standard Normal Homogeneity Test, Buishand: Buishand
Test

Annual Monthly
SNHT | Buishand | SNHT | Buishand
17162 | 0.027** 0.473 0.640 0.990
17196 0.576 0.334 0.605 0.368
17762 0.423 0.229 0.710 0.430
17802 | 0.031** | 0.025** 0.187 0.075*
17836 0.828 0.904 0.661 0.891
17837 0.519 0.931 0.497 0.988
17840 0.097 0.260 0.440 0.463
17866 0.404 0.543 0.840 0.708
17908 0.627 0.344 0.977 0.706

ST1801 | 0.333 0.828 0.256 0.381
ST1805 | 0.261 0.240 0.132 0.039**
ST1822 | 0.185 0.753 0.133 0.488

* Significant at o = 0.1.
** Significant at oo = 0.05.

2.2.5.3. Annual trend

The regression line fitted to the time series of all stations (Figure 2.10) shows that
in all stations including streamflow the trend is negative except in 17196 rainfall station
which has positive trend. The steepest trend is seen in 17908 as a rainfall station while
among the streamflow stations 1805 has the steepest trend. These lines interpretations are
consistent with the Sen’s estimator results shown in Table 2.5. According to Table 2.5,
the trend varies between the highest negative value -4.30 which is for 17908 rainfall
station and the lowest negative value -0.4 which is for 17837. The only positive trend is

in 17196 stations. Streamflow trend varies between -1.3 and -0.03.
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Figure 2.10. The time series of the annual rainfall and annual streamflow. Line: Linear Regression line,
Dashed Line: LOWESS regression Line

The significance of the trend which obtained by Mann-Kendall test is shown in

Table 2.5. It is also shown in Figure 2.11 that the station has significant trend colored

with red color. Regardless the magnitude of the trend mentioned earlier, only the rainfall
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station 17802 and streamflow station ST1805 has a significant annual trend with a 0.1

significance level.

Table 2.5. The results of the Pettit test (change year) and trend value (mm/year) (Sen’s Estimator) with
significance (Mann-Kendall test) for rainfall. The underlined significant at 0.05 Bold
significant at 0.1

Stations | Change Year | Sen Slope
17162 1992 -0.41
17196 1985 1.78
17762 1988 -0.82
17802 1981 -3.53*
17836 1983 -0.67
17837 1981 -0.40
17840 1981 -2.71
17866 1981 -4.27
17908 1988 -4.30

ST1801 1982 -0.21

ST1805 1988 -1.30*

ST1822 1982 -0.03

* Significant at o = 0.1
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Figure 2.11. Spatial distribution of the stations with the annual trend. The size of the triangle represents
the normalized magnitude of the trend. The up-pointing triangle: positive trend, the down
pointing triangle: negative trend. Black: Not significant, Red: Significant at o= 0.1
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2.2.5.4. Monthly trend

The monthly trend results are shown in Table 2.6 and Figure 2.12. Table 2.6 shows
the magnitude of the trend for all stations in each month. According to the table, January
has the largest values of trend in most of the rainfall stations. Interestingly, the trend in
all rainfall station is negative which indicate a decrease in the amount of the received
rainfall in this month. The other months trend varies from negative to positive to no trend
in all station that no consistent pattern can be indicated.

The streamflow stations have a positive trend for two stations 1801, 1822 and
negative for 1805 in January. The trend is negative through the months starting from
February till September and from February till July in the streamflow stations 1801 and
1805 respectively. The 1805 streamflow station has a positive trend only in November.

The significance of the trend for every month is shown in Figure 2.12. According
to the figure, January has the largest number of stations which have a significant trend.
All the stations have a significant trend in January except one rainfall station and two
streamflow stations that only the 1805 streamflow station has a significant trend. The
significance in the other months is not dominant like January. In February, March,
August, September, October, and November, no station including rainfall and streamflow
has a significant trend. All the other months have only one station with significant trend
except July which has two significant stations.

2.2.6. Conclusion

The aim of this study is to investigate the homogeneity and trend of observation 9
rainfall stations and 3 streamflow stations located at Seyhan basin, Turkey for the period
1973 - 2000. The homogeneity test conducted by the mean of two tests: Standard Normal
Homogeneity Test (SNHT) and Buishand test. The entire stations were found, in general,
homogenous and no change has occurred in the time series through the studied period
although several significant values obtained in 0.05 significance level. The trend was
examined by Mann-Kendall test which gives the significance of the trend and Sen’s slope
estimator which measures the magnitude of the trend. The annual trend found as not
significant only in one rainfall and one streamflow station and the monthly trend found
as mostly significant in January while other months have no or only one station
significant. Pettit test used for the identification of the most probable change year. No

consistent year found through all the stations but most obtained year is 1981.
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Table 2.6. The results of the trend value (mm/year) with significance for rainfall

Stations | January | February | March | April | May | June | July | August | September | October | November | December
17162 | -1.26** 0.40 -0.39 | -0.62 | 0.26 | -0.15 | -0.03 0.00 0.00 0.55 0.79 -0.10
17196 | -0.55** 0.56 -0.35 | -0.77 | 1.24*| 0.83 | 0.01 0.10 -0.07 0.58 -0.04 0.87
17762 | -1.47** -0.57 -0.40 | -0.13 | 0.06 | 0.88 | 0.25** | 0.00 0.01 0.54 -0.29 -0.28
17802 | -1.20** 0.41 -0.30 | -1.45% | -1.12 | 0.41 | 0.17 0.08 -0.53 0.50 0.04 0.13
17836 | -1.12%** 0.33 0.17 | -1.12 | 0.42 | 0.11 | 0.00 0.02 -0.02 0.15 0.09 0.42
17837 | -1.03** 0.04 0.07 | -1.08 | 0.29 | -0.17 | -0.15 0.13 -0.28 0.28 0.51 0.81%*
17840 | -1.44** -0.68 -0.88 | -1.08 | 0.14 | 1.20* | 0.33* 0.21 -0.27 0.09 0.95 -1.16
17866 -2.02 -1.13 -0.03 | -1.03 | -0.29 | 0.24 | -0.04 0.00 0.16 0.11 1.13 -0.61
17908 | -4.63** 0.07 -0.35 | -0.73 | -1.38 | 0.94 | -0.09 0.40 0.58 -0.01 2.46 -0.54
1801 0.22 -0.01 -0.58 | -0.67 | -0.42 | -0.14 | -0.04 | -0.03 -0.04 0.00 0.06 0.22
1805 -1.97* -2.25 -1.79 | -3.13 | 296 | -0.24 | -0.29 | -0.21 -0.19 -0.29 0.25 -0.37
1822 0.10 -0.16 -0.20 | -0.25 | -0.09 | -0.05 | -0.02 0.00 0.04 0.07 0.12 0.12




CHAPTER THREE

3. DAILY STREAMFLOW MODELING USING DATA-DRIVEN MODELS
3.1. Forecasting of Daily Streamflow For Basins With Different Physical

Characteristics Using Data-Driven Methods
3.1.1. Abstract

Modelling streamflow is essential for activities, such as flood control, drought
mitigation, and water resources utilization and management. Artificial neural network
(ANN), adaptive neuro-fuzzy inference system (ANFIS), and support vector machines
(SVM) are techniques that are frequently used in hydrology to specifically model
streamflow. This study compares the accuracy of ANN, ANFIS, and SVM in forecasting
the daily streamflow with the traditional approach known as autoregressive (AR) model
for basins with different physical characteristics. The accuracies of the models are
compared for three basins, that is, 1801, 1805, and 1822, at the Seyhan River Basin in
Turkey. The comparison was performed by using coefficient of efficiency, index of
agreement, and root-mean-square error. Results indicate that ANN and ANFIS are more
accurate than AR and SVM for all the basins. ANN and ANFIS perform similarly, while
ANN outperformed ANFIS. Among the models used, the ANN demonstrates the highest
performance in forecasting the peak flood values. This study also finds that physical
characteristics, such as small area, high slope, and high elevation variation, and

streamflow variance deteriorate the accuracy of the methods.

3.1.2. Introduction

Hydrology is a science that studies water life cycle and its movements in terms of
topographical characteristics. Streamflow, or the flow in general, is crucial for many
aspects of water resource management, such as the amount of water supplied from the
river for irrigation or drinking networks. Thus, modeling the flow is essential for many
activities, such as flood or drought control, and proper water resources utilization (Singh
2016).

Owing to the importance of water resources planning, the branch of flow modeling,
in particular, remains an active area of study. The models used in hydrology can be
divided into two broad categories, namely, data-driven and physically based models.
Physically based models are white-box models that consider physical interaction for

modeling hydrological process. By contrast, data-driven models are black-box models
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that obtain the optimum relationship between inputs and outputs but disregard the
physical process. Several computing tools, such as artificial neural network (ANN),
support vector machine (SVM), fuzzy logic, and a hybrid model, namely, adaptive neuro-
fuzzy inference system (ANFIS), are applied in streamflow modeling.

Autoregressive (AR) model is a time-series based technique that is used in
modeling hydrological process, especially the streamflow with timestamp information.
The AR is popular given its simplicity and leniency. Accordingly, AR is applied in several
flow modeling studies and compared with other similar models. The comparative works
can be found in (Kisi 2008, Tan et al. 2015). The AR may not consistently and
appropriately model the possibly complex relationship between the streamflow and
previous lags because the AR is a linear model. By contrast, ANN is a nonlinear data-
driven model that can overcome this shortcoming. Therefore, the ANN is increasingly
adopted in hydrology. Several studies have used the ANN for modeling streamflow
(Maier et al. 2000, Zadeh et al. 2010, Isik et al. 2013, Shiau et al. 2016, Abdollahi et al.
2017, Mehr et al. 2017). ANN theory and its applications in hydrology are reviewed by
(Govindaraju 2000) and (Govindaraju 2000).

Moreover, ANN is used to tune the membership function parameters of a fuzzy
inference system (FIS). The ANFIS (Jang et al. 1997) is a hybrid model of the ANN and
fuzzy logic. This hybrid model is also used for hydrological application, particularly in
streamflow and runoff prediction (Chang et al. 2001, Firat et al. 2007, Khadangi et al.
2009, Kisi et al. 2012, Sanikhani et al. 2012, Akrami et al. 2014, Tan et al. 2015).

SVM is not much adopted in the hydrological applications and daily streamflow
modeling, unlike the ANN and ANFIS. Several examples of SVM that is applied in
streamflow modeling include (Lin et al. 2006, Aggarwal et al. 2012, Kisi 2015, Ghorbani
etal. 2016, Seyam etal. 2017). A comprehensive review of the applications of data-driven
models in hydrology can be found in (Yaseen et al. 2015, Fahimi et al. 2016).

However, studies that compared the accuracy of these models are limited. For
example, (Wang et al. 2009) compared the capability of several artificial intelligence (AI)
models (i.e., AR moving average (ARMA), ANN, ANFIS, and genetic programming
[GP]) in forecasting the monthly discharge of two rivers. The comparison among various
models concludes that ANFIS is better than GP, but GP outperforms SVM. (Kisi et al.
2012) compared the accuracy of several Al models in forecasting daily intermittent

streamflow. The authors noted that ANN, ANFIS, and SVM perform better than local
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linear regression and dynamic local linear regression. Moreover, the ANN and ANFIS
demonstrate results that are better than SVM. However, these results can be strengthened
by using data from various regions. By contrast, (He et al. 2014) conducted a comparative
study by using several data-driven models to illustrate streamflow in the semi-arid
mountainous area. The authors concluded that SVM outperforms ANN and ANFIS and
hence suggested that the accuracy of the model in forecasting high flood values requires
further investigation.

However, literature that compares the performance of these methods for basins with
different physical characteristics and the effect of these characteristics on the accuracy
remains scarce. This study is aimed at examining the capability of data-driven methods,
such as AR, ANN, ANFIS, and SVM, in modeling the daily streamflow for basins with
largely different physical characteristics, such as area, elevation, and slope. The accuracy

of each method in forecasting the peak flood values must also be investigated.

3.1.3. Background of the Data-Driven Methods
3.1.3.1. AR model

AR is a mostly used model in time-series modeling. The AR model predicts a value
of a variable one-step ahead based on the values that emerged previously. In particular,
the AR model is the regression of values based on prior occurrence. Thus, the AR model
for an order p is written as AR(p) and represented by

X = BiXeo1 +BoXioz + o+ BpXip + €, 3.1

where €, is a white noise with E(e,) = 0 and VAR(e) = o02%. The parameters

B1, B2, ..., Bp are the AR coefficients (Ihaka 2005).

3.1.3.2. Artificial Neural Network

ANN as a black box model has been applied in numerous number of applications
especially in hydrology and water resources. ANN has several types classified according
to the the network structure and the learning algorithm; Feed Forward Back Propagation
(or commonly known as Feed Forward Neural Network FFNN) being the most widely
used type in engineering shown in Figure 3.1. The combination between inputs and
outputs of the three-layered FFNNSs is linear but nonlinearity is obtained by the transfer

and activation functions used in the hidden and output layers. The term feed forward
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refers to that the neurons of a layer are connected with neurons of the next layer but not
connected with each other.

The expression of a three-layered FFNNs for obtaining an output is (Nourani 2017):
My Ny
Ik = fo Zij-fh ZWU Xi+Wjo |+ Wi, (3.2)
j=1 i=1

where i, j, and k are the neurons in the input, hidden, and output layers, w;; is the weight
of the connection between the neuron i'™ (i.e. in the input layer), and the neuron j (i.e. in
the hidden layer), wj, is the bias of the j™ neuron in the hidden layer, wy; is the weight
of the connection between j and the k™ neuron in the output layer, wy, is the bias of the
k'™ neuron, f;, is the transfer function of the hidden layer, f; is the activation function of
the output layer, x; is the i input of the input layer, 9§, is the computed value, Ny and
My, are the number of neurons in the input and hidden layer. In the back-propagation
algorithm, the computed value ¥}, is compared with observed value y (i.e. target in ANN
terminology) and the difference (i.e. error) between them back propagated to the network

to adjust the weights. This process is called training process.

Input Hidden Output

B
p, —( 1=wp, F(I) a
P,

xl

X, % | Compare |J—Y—
: Output Target
X

Back Propagation Training

Vr_’/_—_—_

Calculate adjust weight

Figure 3.1. FFNN adapted from (Nourani 2017)

3.1.3.3. Adaptive-Neuro Fuzzy Inference System (ANFIS)
ANFIS is firstly proposed by (Jang 1993) and further defined by (Jang et al. 1997).
ANFIS consists of fuzzy inference system (FIS) combined with Neural Network (NN)

algorithm, where NN is used for tuning parameters of the membership functions for
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getting better fitting to the training data. The fuzzy inference system can be classified into
three classes based on the inference operation in the “if-then rule”: Mamdani (Mamdani
et al. 1975), Tsukamoto (Tsukamoto 1979), and Sugeno (Takagi et al. 1985). Although
mamdani is the most used system with FISs, Sugeno is more efficient, more solid, and
computationally intractable in the defuzification operation because its output is crispy
and, therefore, more appropriate for adaptive techniques (Sanikhani et al. 2012).

In order to explain the ANFIS framework shown in Figure 3.2, suppose we have
two inputs x1 and x2 and one output y. in the case of this study, x1 and x2 represent the
flow of first and the second antecedent days Q.1 and Q> while y represents the current
flow Q. The typical two If-Then rules of the first order of Sugeno system are:

Rulel: If x; isA; and x, is By , thenf; = p1x; + q1xp + 11

Rule2: If x; is A, and X, is B, , then f, = p,x; + %, + 15

The if part is called premise part and the “then” part is called consequent part. A
and B are the linguistics terms of the membership function. p, q, and r are the parameters
known as consequent parameters.

ANFIS system consists of five layers:

Layer 1: in this layer, inputs are fuzzified and the grade of the membership function

is produced using the expression:

Forx1,0q; = @a(x) . _
{For x2,04; = @pi(x) =12 G

where x; are the inputs to the i'™ node, 0y; is the output, @4;(x) is the membership
function. Gaussian function is one of the most common used function which is adapted
in this study:

—(x=cp*

oa(0) = e 20} (3.4)

where ¢; and g; are the function parameters known as premise parameters.
Layer 2: this nodes in this layer labelled as [] as its objective is to multiply the

coming signals to produce the weight or what is called rule’s firing strength:

O1; = Wy = @;(x1). i (x5);1 = 1,2 (3.5)
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Layer 3: the nodes of this layer labelled as N which comes from Normalized. In this
layer the weight/firing strength ratio (sometimes called Normalized Firing strength) of

the i rule is calculated.
_ Wi .
0= Ww; = m ;i=1,2, (3.6)
Layer 4: The nodes in this layer are adaptive with node functions. The objective of
this layer is that the effect of the i layer on the output by the multiplication of the weight
ratio by the first order polynomial function:
O4 =Wifi = Wi(pixs + qix, + 11);i=1,2 . (3.7)
Layer 5: This layer contains consists of one node only labelled as Z. In this layer,
all the coming signals are summed to produce the output:

O5; = Zwifi - LW (3.8)

= Xi W

X X2

Oq

Os;

X

I

Layer 3 Layer 4 Layer 5

=
Ay

Layer 1 Layer 2

Figure 3.2. ANFIS framework

3.1.3.4. Support Vector Machine (SVM):

Support Vector Machine (SVM) is a data-driven machine learning method used for
both classification and regression. It is firstly identified by (Vapnik 1992). Support Vector
regression (SVR) is commonly used to refer to the regression of SVM. SVM relies on
kernel function and therefore, it is considered as a nonparametric technique. The type of
SVM that depends on a loss function which ignores the error situated inside a specific

distance from the true value is called Epsilon-Intensive-SVM or € — SVM (also known
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as L1 loss). The main objective of € — SVR is to find a function f (x) that have a deviation
from y,, not greater than € for every sample x but as flat as possible at the same time.

Consider having a training dataset consists of a multivariate set x,with an N
observation and observed values y,,.

The linear function which is to be found is expressed as:

fx)=x'"B+b. (3.9)

It is found with the minimal value of the norm B’f to ensure that the function is as

flat as possible. It is formulated as a convex optimization problem for the reason of

minimizing the following:

J(B) =%ﬁ'ﬁ. (3.10)

It is also subject to that all residuals have a value less than ¢:

vn: |y, — flxn)l < €.
That is:
vn: |y, — (xpB+b)| < €.

Such as function f(x) that satisfies these two constrains for all samples may not be
exist. Therefore, slack variables &,,, and ¢, are introduced to deal with the infeasible
constraints. Like the concept of soft margin in SVM classification, these slack variables
allow the regression error to rise up to &,, and &, however, it still meets the conditions

See Figure 3.3.

—£ +£€

Y

Figure 3.3. The linear SVM (Smola et al. 2004)

The objective function (also known as primal function) is obtained by adding the

slack variables:
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1 N
Km=zﬁﬂ+62¥%+fm- G.11)

Subject to the constraints:
vy, — (xpf+b) < e+ &,
vn:(x,f+b)—y, < e+ &,
vn:é&, =20
vn: &, =20,
where C is a positive value known as control coefficient that used for regularization to
prevent the overfitting, and for controlling the penalty imposed on the values located
outside the € margins. It controls the trade-off between the maximum tolerated error over
€ and the flatness of f(x).

The loss function of the linear e-insensitive treats the errors within € distance from
the observed values as equal to zero. The distance between the observed values and ¢

margin is the loss in this case:

- 0 if ly—fool<e
£ ly —f(x)|—¢ otherwise '

(3.12)

The solution of the optimization problem of Eq. (3.11) is solved simpler with
Langrange dual formulation as the dual problem solution obtains a lower bound to the
primal (minimization) problem. The difference between the optimal values of the dual
and primal problems, which need not to be equal, is called “duality gap”. In the case of
having problem that convex and meets the constraints conditions, the optimal solution
value is obtained by the solution of the dual problem.

The dual formula is obtained by constructing Langrange function the primal

formula by adding two multipliers a; and a; for every data point x;. Thus, the dual

formula to be minimized is:

N

N N N
L(a) = %22(@— a;) (a]-— a]’-‘)x{xj +82(ai— a;) + Eyi(ai— a;). (3.13)
=1

i=1j=1 =1 J
Subject to:
Nila—a)=0,0<qg;<C,and0<aqa; <C.

The S is described as linear combination of observations of the training set by:

N
B = (a; — ai)x;. (3.14)
2

74



By this the function of predicting new values which depends on the support vectors

only is:

fG) =) (a— a) (xix)+b. (3.15)

To obtain b, The Karush-Kuhn-Tucker (KKT) complimentary conditions are
required:
Viia;(e+ & —yi+x/B+b)=0
Viia; (e+ &+ y;—xif—b) =0
Vi: §,(C—a;))=0
Vi:é& (C—aj)=0.
According to these constraints, a; and a; are strictly zero for all observations inside
the € tube. If one of a; and a; is not zero, the corresponding value is called support vector.
Till this point, the SVM is a linear technique but the real applications especially the
hydrologic problems are mostly nonlinear. The nonlinear SVM can be obtained by easily
by replacing the dot product x;x; with the nonlinear kernel function. In general, Kernel
function is expressed by:
G(xi,xj) =< (p(xi),(p(xj) >, (3.16)
where @ (x) is the transformation that maps x to high dimensional space.
The nonlinear SVM dual formula which to be minimized becomes:
L N N
L@ =3 Y @-a)(a- @)6(xnx)+e) (@-a)+ ) yla-a).  (3.17)
i=1 =1 =1 =
With the same constraints mentioned earlier. The function of the new values

predictions becomes:

fx) = Z@ —a;) G(xux;)+b. (3.18)

With the same KKT complementary conditions.

In this study, Gaussian kernel used which has a formula:

||xi — X

2
G (x;,x;) = exp (— T;”) , (3.19)
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where o is the Gaussian noise level of standard deviation. For the full details of SVM in

both types classification and regression see (Gunn 1998, Smola et al. 2004).

3.1.4. Case Study

3.1.4.1. Study area and Data

This study is aimed at comparing the capabilities of ANN, ANFIS, and SVM in one
day ahead forecasting the streamflow in comparison with modeling streamflow by using
the traditional AR model. The accuracy of these models is evaluated in an area that is
located at the Seyhan River Basin in Southwest Turkey. The selected basin comprises
three gauging stations, which are located at three basin outlets, where each basin has
different physical characteristics. These stations are labeled according to their basin codes
and names. The basin codes are 1801, 1805, and 1822, and their names are GOksu—
Himmetli, Goksu—Gokdere, and Zamanti Nehri—Fraktin, correspondingly. The basins
will be referred by their codes throughout the manuscript. The study area and location of
the stations are depicted in Figure 3.4.

Measurements of the daily streamflow of the three stations are collected from the
General Directorate of Water Affairs that is part of the Ministry of Forests and Water
Affairs from 1973-2000. The data for station 1805 are available only for 1973—-1994. The
streamflow time series of the three basins are demonstrated in Figure 3.5.

The basins considered in this study display different physical properties, especially
in the area, elevation, and slope (Table 3.1). These factors are considered in the modeling
because these factors affect the accuracy of the models. The areas considered are 2400,
1788, and 3610 for 1801, 1805, and 1822, respectively. Each of these basins has different
variations in the elevation, although the basins have similar maximum elevation. The
elevation varies from 667 to 2880 in basin 1801, 323 to 2800 in basin 1805, and from
1255 to 2800 in basin 1822. Among these basins, 1805 has the smallest area but has an
extremely high streamflow variance (i.e., 4155) compared with the two other basins (i.e.,
774 and 252 for basins 1801 and 1822, correspondingly). Basin 1805 has the smallest
area but has the highest slope at 22°, while the lowest slope at 11° for basin 1822. Basin
1801 has the middle values with 15°. Basin 1805 not only accumulates water but also
receives the water that accumulated in the adjacent basin 1801 as the outlet of basin 1801

pours into basin 1805.
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Figure 3.4. Study area and location of gage stations

Table 3.1. Statistics of the daily streamflow and physical characteristics of the basins

Min. Max.

. . Area . . Slope Min Max Range | Median | Mean
Basin Period (km?) Ele(v;t)lon Ele(v;t)lon (Degree) | (mfs) | (m¥s) (m¥s) (m¥s) (m¥s) Var. | Coef.var
1801 12%7030- 2400 667 2880 15 4.8 536 531.2 19 293 774 0.9
1805 11?)7()1- 1788 323 2800 22 14.3 1273 | 1258.7 37 60.6 | 4155 1.1
1973-
1822 2000 3610 1255 2800 11 34 156 152.6 14.1 20.3 252 0.8

3.1.4.2. Model Development and Structure
First of all, normalization applied for the data used using

_ Q - Qmin
Qn B Qmax - Qmin ’

where Q,, is the normalized flow, Q,;,= the minimum value of the flows, and Q .« 18

(3.20)

the maximum value of the flows. The data for all models are divided into three subsets:
training, validating, and testing subsets. The training subset is used only to train the
model, while the validation and testing subsets are used for evaluating the models.

Cox-Box transformation is applied and the transformed time series are used in the
AR model to meet the normality assumptions of the time series modeling. Two stationary
tests (i.e., augmented Dickey-Fuller and Phillip-Perron tests) are also applied to the three
stations as an assumption of the AR model. Following the results of the two tests, all
stations are found stationary.

The models considered are one-step ahead forecast, which is expressed as

M(p) = Q¢ = T'(Qe=1,Qe—2, ) Qt—p)- (3.21)
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In this study, M(p) represents the model name and number of inputs. For example,
M(4) represents the 4th model of the AR (4), and ANN, ANFIS, and SVM indicates four
input lags Q¢_1, Q¢—2, Q¢_3, Q;_4 and the output Q. to be used as entries.

The autocorrelation function (ACF) and partial ACF (PACF) are used to identify
the number of lag in days to be considered in the time series. All lags that have significant
correlation are considered though certain lags are minimal.

In terms of the model structure, ANN has structures (In, Ne, and Out), where In
represents the number of inputs, Ne is the number of neurons in the hidden layer, and Out
is the number of nodes in the output layer. The optimum structure of each model’s
combination that is obtained by trial and error is listed in Table 3.2. The ANFIS structure
used is (trimf, 2), where trimf is the triangle member function, and 2 is the number of
members for all combinations. Three parameters for SVM, including the Gaussian kernel
used in this study, lead to the forecasting accuracy, including the Gaussian kernel used in
this study. These parameters (C, €, and o) correspond to control coefficient, epsilon, and
Gaussian noise level. These parameters are obtained for each combination by using

Bayesian optimization algorithm in which the least error is obtained.
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Figure 3.5. Time series of the Streamflow
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Table 3.2. The parameters of ANN and SVM for the models

1801 1805 1822
[M] ANN ] SVM [ ANN ] SVM [ ANN ] SVM |
In-Ne-Out C € [ In-Ne-Out C € [ In-Ne-Out C € [
1 1-1-1 025  8.79E-04 0.14 1-6-1 0.04  4.68E-03 276 1-1-1 024  3.89E-04  0.60
2 2-4-1 0.73  1.78E-04  0.68 2-14-1 036  3.60E-05 141 2-5-1 800.95 6.20E-03  0.30
3 3-5-1 222  3.88E-04 1.8 3-6-1 048  322E-05 243 3-8-1 026  1.54E-04  0.40
4 4-3-1 1844  3.77E-05  5.90 4-8-1 498  151E-03 332 4-2-1 0.79  1.63E-03  0.79
5 5-5-1 2946  5.39E-05 5.8 5-8-1 97249  6.00E-05  120.56 5-3-1 990.87  7.38E-05  72.02
6 6-5-1 154.65 5.13E-04 7.26 6-8-1 0.06  3.39E-05 0.3 6-5-1 037  2.04E-04 043
7 7-3-1 1045  7.56E-05 8.82 7-20-1 237  324E-05  0.04
8 8-8-1 3055  2.44E-04 628 8-20-1 21.07  3.17E-05 041
9 9-24-1 9203  232E-04 287
10 10-24-1 4247  327E-05 043
11 11-25-1 100.66  3.20E-05  3.41

3.1.5. Evaluation Criteria

The evaluation and comparison of the models, that is, root-mean-square Error
(RMSE), coefficient of efficiency (CE), and index of agreement (IA), are conducted with
the mean of two measurements. The RMSE is the square root of the average of the square
of the difference between the observed (Q) values and those estimated from the model
(Q). The value of RMSE comprises the same unit as the variable (Q) and should be as

low as possible. The value is calculated as follows:

~ 2
RMSE = /Z—M%i-oi) , (3.22)

where N is the number of the samples.

The CE is also known as the Nash—Sutcliffe coefficient (Nash et al. 1970). This
coefficient ranges between —oo and one; one representing a perfect model, zero means the
model is as accurate as the means of the observed data; negative values indicate that the
means of the observed data is a better estimator than the model (Dawson et al. 2007). CE
is calculated as follows:

CE=1- %1(Qi _ Q_i)z, (3.23)
i=1(Q: — Q)?

where Q is the mean of the observed sample points.

IA can detect the additive and proportional differences in the predicted and
observed means and variances (Legates et al. 1999). The 1A varies between 0 and 1 with
1 indicating perfect model and 0 indicating no agreement (Willmott 1981). The IA is
calculated as follows:

?’:1(Qi — éi)z
Mol - ol +1e: - éDZ .

The accuracy of modeling the peak flood values is assessed using CE,:

A=1— (3.24)
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_ 1 _ Zi\il(Qpi_Qpi)z

CE, = !
p TN (Qpi—0p)?’

(3.25)

where Q,,; represents the peak values, Qpi is the fitted values of similar dates of Q,;, and
Q, is the mean of the observed peak values.

The CE, RMSE statistics, complexity of the model, and trade-off between the data
subsets are used as criteria for evaluating the models rather than using only the highest

CE, IA, and lowest RMSE.

3.1.6. Results and Discussion

The ACF and PACEF are obtained for each station to identify the number of lags to
be considered (Figure 3.6). The ACF exhibits a monotonic descending correlation while
the lag increases, while PACF demonstrates a sharp decreasing trend after the first lag
starts decreasing. According to (Shumway et al. 2010, Machiwal et al. 2012), the order
of the AR lag is identified by using PACF; in particular, the lag is where the correlation
terminates. The PACF of the stations cut off at 8, 11, and 6 lags for stations 1801, 1805,
and 1822, respectively. The models are considered up to these lags, although the
correlation after the first lag is low. Therefore, the number of developed models is equal

to the lags considered for each station.
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Figure 3.6. The Autocorrelation and partial autocorrelation functions of the three basins gage stations.
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Table 3.3 presents that the optimal AR model for basin 1801 is M(7), and M(8) is
the least model for validation and test. M(8) is identified as the optimal model that
consists of eight lag days that the AR model is AR(8) by using the evaluation criteria. For
the same station, ANN displays a variation in the values of the evaluation criteria with
optimum values of validation and testing in M(6), thereby leading directly to the selection
of M(6) as the superior model. The ANFIS results indicate an optimal model in validation
as M(2), and M(6) and M(2) are selected for testing. M(3) is identified as the superior
model for validation and test by using SVM. In general, ANN, SVM, and ANFIS exhibit
close results to each other and are all better than AR. The results of model accuracy in
modeling the peak values listed in Table 3.4 indicate the superiority of ANN with highest
CE, IA, and lowest RMSE. The AR has the lowest accuracy. Figure 3.7 illustrates the
scatter plots of the observed versus the predicted values for each model. The AR model
estimates the low streamflow values with high accuracy but under and overestimated the
moderate and high values. ANN, ANFIS, and SVM generally underestimate the moderate

and high values, except SVM, which overestimates several moderate values.

Table 3.3. The results of the 1801 basin for the different models

AR ANN
CE 1A RMSE (m%s) CE 1A RMSE (m%s)
M | Val. [ Test | Val. | Test | Val. [ Test | M| Val. [ Test | Val. | Test | Val. [ Test
1 0945 0.881 0.985 0.968 5.512 8.267 1 0945 0.885 098 0.970 5.478 8.131
2 0941 0.816 0984 00953 5718 10.249 2 0944 0.894 0.986 0.972 5.550 7.797
3 0945 0.860 0.986 0.962 5507 8960 3 0.947 0.896 0.986 0.973 5.375 7.704
4 0945 0.868 098 0964 5503 8.683 4 0945 0.888 0.986 0.972 5.477 8.021
5 0945 0.881 0.986 0.968 5505 8247 5 0.947 0.895 0.986 0971 5.381 7.747
6 0945 0.884 0986 0.969 5501 8.152 6 0.948 0.899 0.986 0972 5.364 7.622
7 0946 0.884 0.986 0.968 5493 8.152 7 0947 0.896 0.987 0972 5418 7.731
8 0946 0.885 098 0969 5490 8.123 8 0948 0.896 0.985 9.973 5355 7.716
ANFIS SVM
1 0942 0.881 0.984 0.967 5.652 8.252 1 0941 0.889 0.984 0.969 5.716 7.975
2 0943 0.880 0.985 0968 5.631 8274 2 0947 0.890 0.986 0.971 5.412 7.932
3 0939 0.879 0.984 0968 5810 8303 3 0948 0.894 0.986 0971 5346 7.771
4 0940 0.886 0984 0970 5.785 8.078 4 0946 0.885 0.985 0.969 5485 8.124
5 0942 0.891 0985 0971 5.671 7904 5 0.946 0.886 0.986 0.969 5.465 8.064
6 0939 0.893 0984 0.972 5826 7.827 6 0.947 0.888 0.986 0.969 5.439 7.998
7 0936 0.882 0.983 0.969 5959 8228 7 0.944 0.882 0.985 0.967 5.578 8.202
8 0931 0.871 0.982 0.967 6.159 8593 8 0.946 0.886 0.985 0.969 5.477 8.076
Bold values are the highest for CE and lowest for RMSE
Table 3.4. The Peak flood values forecasting results for the three basins
1801 1805 1822
ation RMSE
Model CE 1A RMSE (m?¥s) | CE IA | RMSE (m%s) | CE 1A (m°/s)
AR 0.659 | 0.904 22.14 | 0.482 | 0.845 63.35 | 0.837 | 0.959 6.26
ANN 0.735 | 0.920 19.54 | 0.583 | 0.872 56.88 | 0.889 | 0.971 5.17
ANFIS 0.669 | 0.898 21.81 | 0.508 | 0.847 61.75 | 0.888 | 0.972 5.19
SVM 0.693 0.905 21.01 | 0.577 | 0.880 57.31 | 0.887 | 0.971 5.22
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Figure 3.7. Daily streamflow observed vs estimated of the 1801 station. Red lines represent the best fit line

The application of the same evaluation criteria on the results of station 1805 shown
in Table 3.5, M(8), M(3), M(3), and M(8) is selected as the optimal model for AR, ANN,
ANFIS, and SVM. The ANN records the highest accuracy, whereas the AR indicates the
lowest accuracy in forecasting the peak values (Table 3.4). The behavior of each method
is similar to basin 1801 and that AR has a general underestimation. ANN, ANFIS, and
SVM have general underestimation of the high moderate to high values (Figure 3.8).

The results of station 1822 indicate that M(1), M(3), M(5), and M(3) are the optimal
models for AR, ANN, ANFIS, and SVM, correspondingly (Table 3.6). ANN is identified
as the most accurate method with highest CE and IA and lowest RMSE, although the
results from ANN and ANFIS are close in forecasting the peak flood values (Table 3.4).
The AR, similar to the previous two stations, has the lowest accuracy. The accuracy of

forecasting streamflow in the outlet of this basin is high. Hence, all the methods
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demonstrate minimal over and underestimation throughout the whole values, regardless

of being low, moderate, or high (Figure 3.9).

Table 3.5. The results of the 1805 basin for the different models

AR ANN
CE 1A RMSE (m’/s) CE 1A RMSE (m’/s)
M Val. | Test Val. | Test Val. | Test M Val. | Test Val. | Test Val. | Test
1 0.830 0.800 0953 0.944 25417 21935 1 0.838 0.800 0.954 0945 24.718 21.969
2 0820 0.764 0952 0936 26.178 23839 2 0.834 0.809 0.955 0.949 25.030 21.480
3 0.848 0.776 0958  0.938 24.011 23247 3 0.848 0.812 0.959 0.950 23.933 21.316
4 0851 0.793  0.959 0.943 23.771 22316 4 0.832 0.807 0.959 0950 25.119 21.611
5 0852  0.797 0959 0943 23.702 22.117 5 0.830 0.807 0.954 0948 25276 21.576
6 0.852  0.800 0959 0.944 23.703 21937 6 0.823 0.810 0.949 0946 25.842 21.39%4
7 0.854 0.802 0.960 0.945 23.527 21.848 7 0.829 0.803 0.954 0947 25399 21.795
8 0856 0.804 0.960 0.945 23.403 21.730 8 0817 0.816 0.950 0.949 26.246 21.070
9 0856 0.805 0.960 0.945 23.405 21.704 9 0.823 0.804 0.954 0.948 25.852 21.780
10 0856 0.805 0.960 0.945 23.362 21.700 10 0.831 0.813 0955 0950 25240 21272
11 0856 0805 0.960 0.946 23.370 21.679 11 0820 0.807 0.952 0.949 26.039 21.604
ANFIS SVM
1 0.829 0.798 0.951 0.941 25.396 22,051 1 0.731 0.725 0.896 0.892 31.882 25.753
2 0.829 0791 0954 0944 25.376 22448 2 0.828 0.790 0.953 0.942 25463 22514
3 0833 0.795 0.955 0944 25.123 22216 3 0.831 0.802 0.952 0.944 25224 21.865
4 0.828 0.797 0953  0.945 25.506 22.137 4 0.832 0.798 0.953 0.943 25205 22.045
5 0.790 0.780 0.944  0.941 28.144 23.020 5 0.828 0.803 0.950 0942 25464 21.791
6 0.781 0777 0941  0.940 28.759 23203 6 0.749 0.726 0913 0910 30.804 25.716
7 0.761  0.779 0.936  0.940 30.010 23.105 7 0.762  0.447 0932 0.858 29.981 36.500
8 0.783  0.786  0.943  0.943 28.594 22732 8 0.801 0.820 0.946 0.950 27.421 20.809
9 0.791  0.784  0.944 0943 28.101 22806 9 0836 0.795 0.954 0943 24912 22252
10 0768 0.779  0.937  0.940 29.611 23.072 10 0.779 0817 0939 0.947 28918 20.997
11 0766 0777 0937 0.939 29.698 23.195 11  0.833  0.793 0954 0.943 25.080 22334
e Bold values are the highest for CE and lowest for RMSE
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Figure 3.8. Daily streamflow observed vs estimated of the 1805 station. Red lines represent the best fit line
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Table 3.6. The results of the 1822 basin for the different models

AR ANN
CE 1A RMSE (m%/s) CE 1A RMSE (m%/s)
M | Val | Test Val. | Test Val. | Test | M | Val | Test Val. | Test Val. | Test
1 0980 0974 0995 0.993 1939 2509 1 0980 0974 0995 0993 1.934 2.509
2 0982 0971 0995 0993 1.873 2618 2 0982 0978 0.995 0994 1.822 2301
30982 0973 0995 0993 1.870 2.523 3 0983 0.978 0.996 0.994 1.804 2.276
4 0982 0973 0995 0993 1870 2534 4 0982 0978 0.99 0994 1.825 2310
5 0982 0973 0995 0993 1.866 2.525 5 0983 0.978 0995 0.994 1811 2.308
6 0982 0973 0995 0993 1.868 2.523 6 0982 0978 099 0.994 1.815 2.313
ANFIS SVM
1 0980 0974 0995 0993 1937 2501 1 0981 0974 0995 0.993 1922 2.506
2 0982 0976 0.995 0994 1.848 2401 2 098 0977 0.995 0994 1.866 2.340
30982 0975 099 0994 1.836 2420 3 0983 0.979 0.99% 0.995 1.803 2.252
4 0982 0977 0995 0994 1.848 2358 4 0983 0978 0.99% 0994 1.811 2.272
5 0983 0977 0.99% 0994 1.823 2363 5 0982 0975 0.995 0994 1.848 2.434
6 0982 0976 099 0994 1.829 2397 6 0983 0978 0.996 0.994 1.796 2.284

e Bold values are the highest for CE and lowest for RMSE
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Figure 3.9. Daily streamflow observed vs estimated of the 1822 station. Red lines represent the best fit line

In the three basins, ANN and SVM have close accuracy results, while ANN

outperforms AR and ANFIS. In terms of the forecasting of peak values, ANN and SVM
exhibit the highest accuracy, the lowest for AR, and ANFIS being in the middle. The

forecasting accuracy among all methods is highest for basin 1822 using SVM. Basin 1822
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has the largest area, smallest variation in the elevation, smallest streamflow variance, and
smallest slope with CE 0.983 and 0.979, 1A 0.996 and 0.995, and RMSE 1.803 and 2.252
(m?/s) for validation and test, respectively. The lowest accuracy is obtained in basin 1805,
which has the smallest area, largest variation in the elevation, largest streamflow variance,
and largest slope with CE 0.848 and 0.812, IA 0.959 and 0.950, and RMSE 23.933 and
21.316 (m?/s) for validation and test, correspondingly. Superior results for basin 1805 are
obtained using ANN. Moreover, basin 1801 has values between the largest and smallest
in all the characteristics that stayed in the middle with CE 0.948 and 0.899, 1A 0.986 and
0.972, and RMSE 5.364 and 7.622 (m?>/s) for validation and test obtained by using ANN.

The accuracy of peak value forecasting is similar to all streamflow values. ANN
still obtained the highest accuracy in basin 1822 with 0.889, 0.971, and 5.17 m%/s for CE,
IA, and RMSE, respectively; ANN obtained the lowest basin 1805 by 0.583 CE, 0.872
IA, and 56.88 m3/s RMSE, respectively. Moreover, basin 1801 falls in the middle with
0.735 CE, 0.920 IA, and 19.54 (m?/s) RMSE. The behavior of all methods in terms of the
estimation of low or high values in basin 1801 and 1805 is similar, but basin 1822 is
reduced regardless of the value. These results and differences show a robust relationship
between the models and physical characteristics of the basins. The variations in the
physical characteristics of the basins, such as the elevation, slope, and area, significantly
affect the performance of all methods. The increase in various elevations and the slope
deteriorate performance and decrease the area, thereby causing the deterioration. This
result indicates that the physical attributes of the basins should also be considered in the

streamflow modeling.

3.1.7. Conclusion

The daily streamflow data from the gauge stations of three basins are used in this
study to compare the performance of modeling three data-driven methods, namely, ANN,
ANFIS, and SVM versus the linear AR model. The comparison is conducted to
investigate the effect of the basin’s physical characteristics on the model performance.
The ACF and PACEF are used to identify the required number of lags. The evaluation of
the models is achieved using several criteria, that is, the values of CE, IA, and RMSE,
trade-off in the performance of a model in the two data subsets (i.e., validation and test
subsets), and the complexity of the model represented by the number of inputs to the

model.
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The ANN indicates the highest performance among the four methods. However, in
some cases, the ANN and SVM are indicated to obtain close results. Simultaneously, the
SVM performed better than AR and ANFIS when the latter indicates the least
performance among all stations. The ANN outperformed all methods in forecasting peak
flood values with the close result to SVM, which is far from the least performance
obtained by AR, which is less than ANFIS.

The physical characteristics, such as small area, high variation in elevation, and
high slope, significantly deteriorate the model performance, although the methods are
data-driven models. These physical characteristics can support the evidence of the
deterioration or improvement in the forecasting accuracy regardless of the applied data-
driven model. Hybrid data-driven models are recommended, especially for forecasting
peak flood values, to increase the accuracy of forecasting. The increase in the number of
basins that are used to conduct a statistical comparison between the characteristics and

accuracy of the methods are also recommended.
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CHAPTER FOUR

4. IMPROVING STREAMFLOW FORECASTING USING WAVELET
4.1. Streamflow Forecasting Using Four Wavelet Transformation Combinations

Approaches with Data-Driven Models: A Comparative Study
4.1.1. Abstract

The importance of short-term and long-term forecast of the streamflow in the
efficient management of the water resources is important. Streamflow forecasting plays
a crucial role in the mitigation of the excess or lack influence on the water system.
Therefore, the proposed study herein investigated the use of wavelet transformation (WT)
as preprocessing tool in data-driven models (DDMs) for forecasting streamflow seven
days ahead. Continuous wavelet transformation (CWT), discrete wavelet transformation
(DWT), and the proposed discrete continuous wavelet transformation (DCWT) in
addition to the single DDMs were used to create four different schematic layouts. The
DDMs applied were artificial neural network (ANN), adaptive neuro-fuzzy inference
system (ANFIS), and support vector machines (SVM). The lagged rainfall, temperature,
and streamflow were incorporated as inputs into the models. Data collected over the
seventeen-year period from February, 1973 and September, 2000. The results indicated
that the use of WT improved the performance of the single DDMs. In addition, it was
found that CWT improved the forecasting accuracy of models which only included the
rainfall and temperature but not the streamflow. Moreover, DWT improved the models
dramatically particularly the models with streamflow. Notably, DWT layout
outperformed CWT layout in general despite the fact that CWT layouts resulted in higher
improvement to the models with rainfall and temperature only. The proposed DCWT in
which CWT applied on the rainfall and temperature variables and DWT applied on the
streamflow improved the forecasting ability in several models when ANN was applied.
Nevertheless, improvement in the forecasting accuracy was deteriorated in those with
SVM while no improvement was observed with ANFIS. ANN outperformed both ANFIS
and SVM while ANFIS performed better than SVM.

4.1.2. Introduction
The hydrologic modeling in general and streamflow in particular, has grown rapidly
in recent years. Management of the water resources systems including planning,

designing, and operating requires short-term and long-term streamflow forecasting (Kisi
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2008, Sanikhani et al. 2012). Accurate streamflow forecasting allows for efficient water
resources management due to its role in the mitigation of influences of the excess or
scarcity of the water systems (Wood et al. 1980, Sanikhani et al. 2012). Models for
streamflow can be divided into three main categories including physical, mathematical,
and empirical which also known as data-driven models (DDMs). Physical and
mathematical models which also known as white box models involve the physical
interactions between the variables in modelling the hydrologic processes. In contrast,
DDMs or black box models obtain the optimum solution between the inputs and outputs
without involving the physical process by selectively choosing the inputs and outcomes
to interpret their physical contributions (Solomatine et al. 2008). DDMs are widely used
as they are inexpensive and requires fewer inputs compared to the physical models.

Data-driven approaches such as artificial neural network (ANN), adaptive neuro-
fuzzy inference system (ANFIS), support vector machines (SVM), and genetic
programming (GP) have been used widely for modelling of hydrological systems
Nonetheless, utilization of the non-stationary data is the main disadvantage of the data-
driven models (Nourani et al. 2009, Kisi et al. 2012, Abdollahi et al. 2017). Thus, the
wavelet transformation (WT) is one of the solutions to overcome the non-stationarity
issue. The transformation is performed by two forms namely continuous wavelet
transform (CWT) and discrete wavelet transform (DWT). Wavelet is a mathematical
technique that cut up the time series into various frequencies (Lee et al. 1994) to uncover
the hidden information of the data and produce larger data than the original time series
(Shoaib et al. 2014).

WT has been applied for modelling the daily streamflow to preprocess the data to
be then entered to the DDMs. This includes wavelet-based ANN, (Kisi 2009, Adamowski
et al. 2010, Pramanik et al. 2011, Nourani et al. 2013, Nourani et al. 2014, Alizadeh et al.
2017, Nury et al. 2017), wavelet-based ANFIS (Shiri et al. 2010, Nourani et al. 2011,
Badrzadeh et al. 2013), and wavelet-based SVM (Adamowski et al. 2012, Komasi et al.
2016).

There are very limited number of studies comparing more than two approaches as
most of the studies in the literature compares the approach itself with the approach
conjugated with WT. For example, (Kisi 2009) compared one approach that ANN with
WT-ANN. Another example of comparing two approaches (Abdollahi et al. 2017) who
compared ANN and Genetic Expression Programming (GEP) with WT-ANN and WT-
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GEP. Also, there are very limited number in the entire hydrology forecasting (Sanikhani
et al. 2012) not only in the daily streamflow forecasting studies using ANFIS combined
with subclustering. This trigger the need of a comparison of more approaches in one place
that eases the exploration of the approaches behavior under several circumstances.

Several researchers used CWT such as (Nakken 1999, Cannas et al. 2006, Ren et
al. 2013), however, according to (Nourani et al. 2014), till the date of the reviewer paper
publishing, not more than 20% of the studies in all the hydrological applications used
Continuous Wavelet Transformation (CWT), and the majority used Discrete Wavelet
Transformation (DWT). This percentage is much less in the forecasting of the
streamflow. This is due to the nature of the hydrologic time series which gathered not in
a continuous but in Discrete form. Therefore, DWT which is dyadic is more appropriate
for decomposing the time series which allows for reconstructing the original time series
from the sub-signals. Also, CWT, in the time domain, represents the time-frequency of
the signal at many number of time and exact periods that at every scale there is a
coefficient for every time step in the time series. This provides a redundant information
which is costly in terms of the calculations. Nowadays with the advancement in the
technology, the speed of these calculations is not a problem anymore. The use of CWT
in hydrological applications was suggested by (Nourani et al. 2014). (Shoaib et al. 2014)
examined the effect of the choice of the mother function and the decomposition level (i.e.
in DWT) of the wavelet by applying DWT and CWT with Multilayer Perceptron
Artificial Neural Network (MLPANN) Radial Basis Function Neural Network (RBFNN)
in rainfall-runoff modelling. They concluded that applying the WT is increasing the
performance of the models. However, this study applies CWT on the rainfall time series
only for forecasting runoff. Accordingly, a question can be raised here what if CWT
applied on the rainfall, DWT applied on the streamflow and gathered in one model? Will
the model’s performance increase?

A study concluded that wavelet-based model is more accurate for shorter lead-time
(one and three days) but less efficient for longer lead-time (seven days) for both river
flow and flood forecasting (Adamowski 2008). Additionally, with WT, daily streamflow
forecasting accuracy was improved for shorter lead-time (one and two days) compared to
the longer lead-time (six days). In contrast, coupling DWT with a second-order volterra
(WVC) yielded better performance in the streamflow forecasting for longer lead-time

(Maheswaran et al. 2013). Hence, as the longer lead-time (E.g 7 days) affects the accuracy
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of the streamflow forecasting, it is crucial to choose an appropriate lead time at the daily
timescale (Nourani et al. 2014).

In view of the above, the primary aim of this study was to investigate the robust
modelling approaches of WT-DDMs combinations, especially for the long-time
streamflow forecasting, through assessing both modelling accuracy and performance. In
this study, WT included were DWT, CWT and DCWT, while DDMs used were ANN,
ANFIS and SVM. In addition, combination of the data-driven modelling and wavelet
transformation approaches were used and compared using data collected from the basin

in Goksu-Himmeti, Turkey. This study used seven days lead-time.

4.1.3. Methodology
4.1.3.1. Wavelet Transformation (WT)

A wavelet is defined as a limited duration small wave with a zero-average value.
Wavelet is a mathematical function or tool that decomposes the time series into different
frequency components in order to capture the characteristics of the time series that has
the advantage of overcoming the issue of the non-stationarity faced by the DDMs (Shoaib
et al. 2014, Alizadeh et al. 2017). A family of wavelet has two orthogonal function: father
or scaling function @(t) and the mother or wavelet function ¥ (t).

Time series data transformation is done either by translation or by scaling or
dilating. Translation is moving the wavelet along the axis of the time at different positions
while scaling or dilation is squeezing or stretching the wavelet (Percival et al. 2006).
Generally, WT divided into two forms: continuous wavelet transform (CWT) and discrete
wavelet transform (DWT). The CWT is used for revealing the characteristics of the series

in multi-temporal scales. The continuous wavelet coefficient Wr(a, b) is defined as:

w@h = [ rOv,od, (4.1)
where:
Vap(@®) = lal™ /2y (?) a,b €R,a #0, 4.2)

where * represents the complex conjugate of the function, a and b are the parameters
known as the scale and translation parameters respectively. The coefficients of the CWT

are calculated in each a (scale) and b (translation) which generate a large amount of data.
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DWT is the solution for this issue because it uses scaling function and wavelet function

known as low pass filter and high pass filter respectively. The DWT is defined by:

WG = [ @0, (4.3)
where:

¥ (®) = ay’*p(ay’t — bok), (4.4)
where a, and b, are the constants, j is the decomposition level, and k is the factor of time
translation.

Frequently used DWT is the dyadic DWT by assigning a, = 2 and by = 1 and that
leads to the function of Eq. (4.5) (Daubechies 1992):

Yk (®) = 27929 (27T¢ — k). (4.5)

In the first stage, using dyadic DWT, the signal S passed through the high and low
pass filters resulting in two types of coefficients sets: approximation produced by low
pass filter, and detail produced by high pass filter. In the subsequent levels, only the
approximation coefficients obtained from the previous level were analyzed (Figure 4.1).
This process is called downsampling as only one data point out of two kept in both filters.
The length of the signal or time series controls the maximum possible number of the
levels but the desired level can be identified. This is one of the most important aspects of
using DWT with DDMs (Sang 2013, Nourani et al. 2014). In addition to the
decomposition level, the wavelet has another key issue in Eq. (4.5) that it must meet the
regularity condition in Eq. (4.6) with N order of regularity:

[Ttk p(t)dt = 0,k = 1,...,N — 1, (4.6)

There are six wavelets families meet the condition namely ReverseBior (rbioM.N),
Symlets (symN), Daubechies (dbN), DMeyer (dmey), BiorSplines (biorM.N), and
Coiflets (coifN). Furthermore, there are several wavelet families that mainly used only
for CWT as they failed to meet the regularity condition namely Meyer (meyr),
Mexican_hat (mexh), Morlet (morl), and Gaussian (gaus) (Sang 2013). For more details
about DWT, readers can refer to the work of (Mallat 1989, Daubechies 1992, Addison
2002).
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Figure 4.1. The discrete wavelet decomposition framework

4.1.3.2. ANFIS — Sub Clustering (ANFIS-SC)

Grid partitioning model is a commonly used ANFIS model. In this model, each
input variable is divided into a number of membership functions and each of the
membership function has a rule created with all membership function of the same and
other variables. Therefore, the number of all rules increases exponentially with the
number of variables. By having n number of variables and m number of membership
functions for each input variable, the number of rules is equal to m". For example, in one
of the models’ combinations used in this study, there were 32 input variables with two
membership functions, equals 2°2 which produce a large number of rules. Therefore, the
use of ANFIS with the subclustering model which is superior to the ANFIS-GP
(Sanikhani et al. 2012) was used in this study.

SC method is an extension of mountain clustering method (Yager et al. 1994).
Combination of SC and the fuzzy methods provides a fast and robust algorithm in any
numerical data. Two main advantages of this method are the elimination requirement to
the grid resolution where the trade-off between the accuracy and the complexity is a must
and the equality of the effective grid points to be evaluated to the data points
independently from the problematic dimension.

It is assumed that a collection of n data points {x;, x5, X5 ..., X} exist in an m
dimensional space. Then, the data points are assumed as normalized in each dimension,
without losing the generality, the ranges of their coordinates are equal in each dimension

which denotes that the data points are bounded by a hypercube. Starting by considering
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each data point as a potential cluster center and the potentiality of any data point x; is

measured by:

n

P, = z e—a”xi—xj”Z' (4.7)

j=1
where

4
a= (4.8)

=7
where 7, is a positive constant and ||xi — Xj || is the Euclidean distance.

After calculation of the potential of each data point, the point data with the highest
potential is selected as the first cluster center. Assigning x; to the location of the first

cluster center and P; to its potential value, the potential of every data point x; is then

revised by:
P, & P, — P} e Plxi=xillP?, (4.9)
where
4
B=E, (4.10)

where 13, is a positive constant known as squash value or squash factor (Ping et al. 2006).
According to Eq.(4.9), the amount of potential of the cluster center is subtracted from the
potential of each data as the function of its distance from the first cluster center. The
potentiality of the data points near the cluster center are reduced which lower their
probability to be chosen as the next cluster center. Squash factor 1, , is a radius which
identifies the extent in which the reduction in the potentials is measurable (Chiu 1994).
The study suggested using value of 1, greater than 7, and recommended a relation
between them 13, = 1.5 7,.

After revision of all data points’ potentials, the point with the highest remaining
potential is selected as the second cluster center. Then, the potential of every data point
is reduced according to their distances from the second cluster center. Generally, after

obtaining k" cluster centers, the potentials are revised using:
P, & P, — P} el (4.11)
where x, and P;, are location and the potential value of the k" cluster center respectively.

For more details of the method, the readers can refer to (Chiu 1994).
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4.1.4. Evaluation of performance
Performance of the models evaluated by the use of two measurements known as

root mean square error (RMSE) and coefficient of efficiency (CE).

RMSE:] L(@—Qi)z' 4.12)

N

where N is the number of the samples, Q is the observed values and Q is the estimated
values from the model. RMSE has the same unit of (Q) and should be as low as possible.
The coefficient of efficiency (CE) is also known as Nash-Sutcliffe coefficient (Nash
et al. 1970). CE) is calculated as follows:
B (- 0) (4.13)
2@ -2

where Q is the mean of the observed sample points. The values of CE varies between -oo

CE =

and one. The value of one denotes a perfect model while the value of zero denotes that
the model is not giving different value from the mean of the observed data, and negative
values indicate that the mean of the observed data is a better estimator than the model

(Dawson et al. 2007).

4.1.5. Study area and Data

A basin named 1801 or Goksu-Himmeti, situated in a large basin namely Seyhan
basin was used as the case study area as shown in Figure 4.2. The basin located between
36°1'33"E - 36°40'48"E and 37°40'9"N-38°40'30"N which situated in southwest of
Turkey. The basin has area covers a surface of about 2400 km? and an elevation varying
between 667 — 2880m. The daily temperature and rainfall data were measured by
meteorological station for the period of Feb-1973 to Sep-2000. The data was obtained
from the general directory of meteorology which is part of the Ministry of forests and
water affairs.

The daily streamflow measured at Goksu-Himmeti station located on the outlet of
the basin for the same period were obtained from the general directory of Water affairs
which is also part of the Ministry of forests and water affairs. The time series of the

temperature, rainfall, and streamflow are shown in Figure 4.3.
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In DDMs, to maintain generality, the dataset divided into two subsets, each
dedicated for training and validating the network where the latter not to be used for the
training process. The dataset can also be divided into three subsets, each dedicated for
training, validating, and testing the network, where the last subset is used after training
and validation. In this study, the dataset was divided into two subsets in which 50% used
for training from the period of February 1973 to November 1986 and 50% used for
validation from the period of December 1986 to September 2000. Characteristics of the

datasets used in the study are summarized in Table 4.1.

Table 4.1. Characteristics of the daily temperature, rainfall, and streamflow

Climate Var. Temperature (C°) Rainfall (mm) Streamflow (m®/s)
Subset Training Validation Training Validation Training Validation
Min -18.4 -17 0 0 8.3 8.6
Max 25.6 26.2 63 48.6 536 310
Range 44 43.2 63 48.6 527.7 301.4
Median 8.1 7.8 0 0 18.3 19.9
Mean 7.6 7.3 1.5 1.5 29.2 29.5
Variance 79.3 83 16.3 16.6 912.3 635.8
CV 1.2 1.2 2.8 2.8 1 0.9

4.1.6. Application
In order to have datasets with the same range, increased accuracy, and increased
pace of the calculations, normalization was applied to all datasets by using the following

formula:
X — Xmin
y= Xe — Koy (4.14)
where y is the normalized value of x, X,,;, and x,,,4, are the minimum and the maximum
values of the x variable respectively.

Several combinations of the lagged rainfall, temperature, and streamflow were
created to compare the ability of several single DDMs with same models conjugated with
WT in forecasting streamflow for seven days ahead. The output of each model is the
current day streamflow, Q.

The models’ combinations and models’ numbers are shown in Table 4.2. For the

readability of this manuscript, the model numbers are mentioned throughout the

manuscript.
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Table 4.2. Different combinations of models

Model No. Combination Notes
1 Re7 R: Rainfall
t-7: lagged for seven days
2 Re7 + Reg
3 Ter T: Temperature
4 Ti7 +Tis
5 Qw7 Q: Streamflow
6 Qw7 + Qs
7 Qw7 + Qus + Qro
8 Re7 + Q7 + Qug + Qro
9 Te7 + Q7 + Qus + Quo
10 Ri7 + Tert Qe + Qus + Qro

The four schematic layouts with their preprocessing (i.e. WT) which were adapted
in this study are shown in Figure 4.4. The first schematic was for the single DDMs in
which the combination of model 1 to 10 (Table 4.2) were entered as inputs to the specific
approach without applying any WT. Secondly, the CWT was applied to the normalized
time series using scales from 0-400. The scale in which the coefficients of the CWT had
the highest correlation with the streamflow identified as the best scale in which the
specific coefficients were used as inputs of the DDMs. The third schematic was the DWT
applied to the normalized time series and then DWT components of every model were
entered to the DDMs. In the fourth schematic, DWT and CWT were gathered to produce
a DCWT model. In this model, DWT was applied only on the streamflow and CWT only
on rainfall and temperature.

In WT analysis, the wavelet function and the scale or decomposition level are two
main issues that should be addressed. In CWT analysis, the “db2” which is one of the
Daubechies wavelet family functions (Daubechies 1988) was found as the best function
similar to (Shoaib et al. 2014). The scale where the coefficients had the highest correlation
with the streamflow was identified and its coefficients were used as input.

In DWT analysis, several wavelet functions were examined and ‘dmey’ (i.e.
Discrete Meyer function) (Meyer 1990) was found as the function with the highest
accuracy for all variables This was in agreement with (Alizadeh et al. 2017) but not with
(Cannas et al. 2006, Singh 2012, Shoaib et al. 2014) in which the study suggested db2,
db4, and db8 functions. Additionally, best decomposition level was found as five for

streamflow and temperature and seven for the rainfall.
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Figure 4.4. Schematic layouts of the applied models for forecasting streamflow

The numbers of inputs to the DDMs for every schematic are shown in Table 4.3.
The coefficients with the best scale were chosen as the input for every variable in CWT
schematic and, therefore, each variable had one transformed variable. For DWT
schematic, the inputs relied on the decomposition level. In one rainfall variable (lag) there
is 8 variables are to be used as inputs; 7 for the details of every level and one is the

approximation coefficients of the eighth level. For the streamflow and temperature, there
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are 6 series of coefficients 5 for details of the five levels and one for the approximation
of the last level. For the DCWT schematic, the inputs for each streamflow variable (lag)
were 6 for 5 decomposition level of the DWT decomposition, and 1 input for each
temperature and rainfall obtained from the CWT. An example of the approximation and

detail coefficients of the 7-days lagged streamflow Q.7 is shown in Figure 4.5.

Table 4.3. Number of inputs to the DDMs for every model and scheme

Model Direct CWT DWT DCWT

1 1 1 8
2 2 2 16
3 1 1 6
4 2 2 12
5 1 1 6
6 2 2 12
7 3 3 18
8 4 4 26 19
9 4 4 24 19
10 5 5 32 20
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Figure 4.5. the decomposition of the daily streamflow using “dmey” function with 5 levels
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Feed-forward Neural Network (FFNN) or MLP (FFNN will be used throughout the
manuscript) is one of the several ANN structures that has been approved as an appropriate
approach for the majority of hydrological applications (Hsu et al. 1995, Govindaraju
2000, Maier et al. 2000). Additionally, the three-layer network containing the input layer,
hidden layer, and output layer has been useful in the hydrological applications (Hornik et
al. 1989, Kisi 2007). Therefore, a three-layered FFNN was implemented in this study.
The number of neurons in the input layer for the model combination and the schematic
layout are shown in Table 4.3. Table 4.4 demonstrates the optimum number of neurons
in the hidden layer obtained by trial and error process. It should be noted that the output
layer in each model contains one neuron as the models’ output is only the current
streamflow. The current study applied the Levenberg-Marquardt algorithm as the training
method (Kisi 2007). Tangent hyperbolic used as a transfer function in the hidden layer

and the linear transfer function were used in the output layer.

Table 4.4. The optimum number of neurons in the hidden layer of the ANN network

Model Single ANN CWT-ANN DWT-ANN DCWT-ANN

1 1 2 2
2 1 11 5
3 6 4 7
4 8 13 4
5 3 8 13
6 6 11 15
7 14 7 5
8 18 13 5 8
9 14 15 9 9
10 9 10 6 9

ANFIS with subtractive clustering (ANFIS-SC) method was used in this study. In
order to generate the fuzzy rule of the ANFIS-SC, there are two important factors should
be taken into account. Firstly, the cluster radius which defines the area that data points
outside have reduced effect on the cluster center. Value of the radius varies between 0
and 1, where small values lead to more cluster and vice versa. It was reported previously
that good radius values varied between 0.35 and 0.45 (Ping et al. 2006), and 0.2 and 0.5
(Sambhouri et al. 2009). In the current study, 0.4 was found as an optimum radius value
for all the model combinations by performing repeated trial and error approach. Hence,
this value was used as constant throughout all models’ combinations. Secondly, the

squash factor which represents the radius where the reduction in the potential of any point
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being a cluster center is measurable. By using trial and error in every model the optimum

squash factor was identified and they are tabulated in Table 4.5.

Table 4.5. The optimum squash factor values of the ANFIS-SC

Models Single ANFIS CWT-ANFIS DWT-ANFIS DCWT-ANFIS

1 0.4 0.9 1.2
2 0.4 0.9 1.1
3 0.7 0.8 1.2
4 1.1 1.1 1.5
5 0.2 0.4 0.8
6 0.3 0.3 0.7
7 0.4 0.3 0.7
8 0.4 0.9 0.7 1.1
9 0.6 0.5 1.1 1.2
10 0.6 1.2 1.6 0.9

The accuracy of the SVM relies on several parameters such as the control
coefficient C that controls the trade-off between the maximum tolerated errors over € and
the flatness of the function, Epsilon € which represents the distance in which the error is
ignored, and Sigma o which is a parameter of Gaussian kernel that controls the scale of
the kernel. The optimum values of the above parameters were obtained using hyper-
parameter tuning function. The optimum values of the SVR parameters obtained are listed

in Table 4.6.

Table 4.6. The optimum values of the SVR parameters

Single ANFIS CWT-ANFIS DWT-ANFIS DCWT-ANFIS

Model C £ o C £ o C & g C & [
0.001 3.1E-05 0.001 878.8 4.0E-05 0.102 0.009 1.6E-03 0.002

—_

2 0.001 3.1E-05 0.013 0.823 1.5E-02 0.046 102.8 3.6E-04 0.965
3 0.013 2.8E-02 0.774 9144 39E-02 4553 99.6 1.8E-04 0.142
4 0.005 3.1E-02 0.081 0.561 29E-02 0956 99.6 1.8E-04 0.379
5 252.8 9.2E-05 0.002 8827 1.1E-02 17.55 949.5 3.1E-03 5.751
6 998.5 3.2E-02 0.020 1363 1.6E-02 0.106 17.04 3.6E-05 0.986
7 0.315 34E-05 0.023 2.590 49E-05 0.150 686.7 2.9E-05 1.467
8 0.048 29E-05 0.044 2583 14E-02 0.114 2.223 29E-05 0470 9974 2.1E-03 4.77
9 0.062 3.2E-05 0.110 1.599 59E-04 1485 696.1 53E-04 1.781 962.1 1.1E-02 3.80
10 962.1 39E-03 737.0 0.470 3.0E-05 202.5 380.2 2.9E-03 1.660 9049 24E-03 3.36

4.1.7. Results and Discussion

Streamflow forecasting was performed using four schematic layouts which
included Single, CWT, DWT and DCWT. The fourth schematic layout proposed in this
study included both DWT and CWT where the first applied on the streamflow variables
and the latter on the rainfall and temperature. Therefore, to have homogeneous

comparison, the evaluation of the models’ performance will be conducted in the following
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manner: Firstly, only the first three schematic layouts (i.e. Single, CWT, and DWT) will
be compared in order to compare the fourth layout using only the last three models’
combinations. The model performance (in terms of model accuracy) of the models’
combinations were evaluated in this study using RMSE and R2.

Figure 4.6 shows the R? and RMSE of the ten models using the single ANN, CWT-
ANN, and DWT-ANN schematic layouts. In the single ANN layout, the first two models
M1 and M2 which included the 7 and 8 days delayed rainfall showed lowest R? and
highest RMSE which indicated as bad models. The models with 7 and 8 days delayed
temperature showed better result but stay giving bad result in general. Using the delayed
streamflow as inputs increased the model performance dramatically. Models M5-M7
which included the 7, 8, and 9 days delayed streamflow respectively showed reliable
results compared to the first models. In the last three models, namely M8, M9 andM 10,
the rainfall and temperature were added to the inputs of M7. Nevertheless, this addition
resulted in a modest increase in the performance of the M7 model. In general,
performance of the models using only ANN is not giving a sufficient accuracy. By using
CWT as pre-processing, performance of the first two models contained only the rainfall
improved dramatically compared to the single ANN layout. Nevertheless, the model
accuracy did not improve by including the 8-days delayed rainfall. Similarly, the
performance of the models that have temperature only increased however, M4 with 7 and
8 days delayed temperature outperformed M3 with only 7 days delayed temperature. In
contrast, results from the trade-off between the training and validation subsets
demonstrated that the accuracy of all other models M5-M10 neither increased nor
decreased. In the layout of DWTANN, the first model, M1 was better than single ANN
but worse than CWTANN, but adding the 8 days delayed rainfall improved the M2
performance was better than CWTANN. In the temperature models namely M3 and M4,
M3 performed better than single ANN, but not CWTANN while M4 performed better
than single ANN but relatively same as the CWTANN. Comparing DWTANN with both
single ANN and CWTANN, the performance of M5-M10 were increased dramatically.
Adding only the rainfall or only the temperature to the model M7 in M8 and M9 did not
improve the performance but adding both of them in M10 added a modest increase to the
accuracy. In general, using DWT with ANN demonstrated the superior performance

among the three schematic layouts.
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Figure 4.6. The R2 and RMSE values of the three schematic layouts (ANN, CWTANN, and DWTANN)

The three schematic layouts with ANFIS-SC showed similar trend to those with
ANN (Figure 4.7). The first four models M1-M4 in which only included the rainfall and
temperature had better accuracy in CWTANFIS layout compared to the single ANFIS.
The models in DWTANFIS layout had higher accuracy than single ANFIS but lower
accuracy than CWTANFIS. The models M5-M10 had the best result in DWTANFIS;
single ANFIS and CWTANFIS had similar results.

Figure 4.8 shows that the performance of layouts single SVM and CWTSVM were
different from the same layouts with the ANN and ANFIS, while the layout of DWT was
similar with the three DDMs. Similar to the ANN and ANFIS results, the first four
models, in the single SVM, has the lowest performance with M1, and M2 have negative
R? values. The performance of the models that includes the delayed streamflow as inputs
increased dramatically. Unlike ANN, and ANFIS, the accuracy deteriorated in the models
M8-M10 with the rainfall and temperature especially in M10. In CWTSVM, the first four
models’ performance improved in comparison to single SVM. Similar to the CWT layout
of ANN and ANFIS, the remaining models had similar results with the single SVM. In
contrast, the performance of M5 and M10 decreased. In DWTSVM, the models
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performed analogously to those of the same layout in ANN and ANFIS in which models
with one delayed variable in rainfall and temperature performed better than single SVM
but not in CWT. The models with two delayed variables performed better than single
SVM but relatively similar to CWTSVM. Moreover, rest of the models demonstrated
similar performance in ANN and ANFIS. On the other hand, in single SVM and
CWTSVM, adding the rainfall and temperature neither improved nor deteriorated the
performance of models.

According to Figure 4.8, it is clear that M8-M10 models had the highest
performance compared to other models’ combinations. Moreover, the proposed DCWT
layout can only be applied to M8-M10 models. Therefore, Figure 4.9 shows the
comparison of R? and RMSE between the schematic layouts of all DDMs for M8, M9
and M10 models. Generally, the single models had better performance than the CWT
with nominal differences in SVM. Despite of having small differences between each
other, the performance of DWT and DCWT in all DDMs is higher than the other two
layouts. The performance of the three models’ combinations M8-M10 was consistent.
Nevertheless, single SVM and CWT of SVM demonstrated fluctuation in the results in
contrast to DWT and DCWT of the same approach which behaved consistently.

ANFIS CWTANFIS DWTANFIS
1.00-

- I||||| |||I|| \ |“|||
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Figure 4.7. The R2 and RMSE values of the three schematic layouts (ANFIS, CWTANFIS, and
DWTANFIS)
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M8, MY, and M10
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DCWT is the application of CWT on the rainfall and temperature and DWT on the
streamflow variables. Hence, this combination was investigated in this study to determine
whether it improves the models’ accuracy. An increased accuracy of the models with only
rainfall and temperature variables was observed by applying CWT compared to DWT. In
contrast, an increased performance observed in the models with streamflow variables by
applying DWT compared to CWT. The results of the relative performance of DCWT with
the DWT indicated by the change percentage in R? and RMSE by applying DCWT with
respect to DWT are listed in Table 4.7. In ANN, particularly for M8, R? increased by 2.11
and 1.08 % and RMSE decreased by 18.04 and 7.83 respectively for the training and
validation. In M9, the performance of the training was deteriorated but improved in the
validation applying trade-off between the two subsets the deterioration in the performance
is identified. In M 10, accuracy was unchanged. That leads to the conclusion that, CWT
applied on the rainfall in M8 improved the accuracy of forecasting in the overall model.
However, with the temperature input in M9, performance deteriorated slightly while M10
had no change. In ANFIS, contradictory changes observed in M8 and M9 between the
training and validation subsets in which trade-off resulted in no change. Slight
improvement in the performance was observed by including both rainfall and temperature
in M10. By applying this layout using SVM, decreased in R? and increased in RMSE
values were observed in the three models’ combinations. Hence, the performance of all
the three models’ combinations deteriorated although CWT was identified previously to
perform better than DWT in models contained only rainfall and temperature. The ability
in forecasting the peak values also increased by applying DCWT with ANN in model M8
but not in M9 and M10 (Table 4.8). In ANFIS, the performance of the model M10
increased while in SVM the performance deteriorated for all models.

Figure 4.10 shows the time series of the observed, predicted DCWT, and predicted
DWT. Using ANN, DCWT had a higher agreement with the observed data than DWT in
M8 but DWT performed better in M9 and M10. Nonetheless, there was no superiority
observed between DCWT and DWT in all three models of ANFIS while the higher
agreement of the DWT with the observed data was seen using SVM. Although the
forecasting ability was good, there were underestimation of the high values with good
forecasting of the highest two flood values. Additionally, ANN had the highest R? and
lowest RMSE values in all models combinations and in both layouts of DWT and DCWT
as shown in Table 9. ANFIS and SVM had relatively similar performance in the DWT
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layout while ANFIS outperformed SVM in the DCWT layout. Notably, the results
indicated that ANN in all three models had the highest agreement, and ANFIS had a better
agreement than SVM.

Table 4.7. The relative performance of DCWT with DWT in forecasting

Change (%)
M8 M9 M10
Training 2.11 -0.72  0.00

a2 Validation 108 032 011
RMSE Trglmr}g -18.04 12.57 3.77
Validation -7.83 -2.04 -1.31
R2 Training -0.95 -0.73  0.00
Validation  2.17 1.62 1.51

ANFIS .
RMSE Trglmr}g 19.06  7.32 2.75
Validation -13.93 -10.30 -9.88
R2 Training -3.03 -2.17 -2.19
SVM Validation -0.99 -1.24 -1.11
RMSE Training  22.66 15.77 17.54

Validation  7.42 9.38  8.89

Table 4.8. The relative performance of DCWT with DWT in forecasting peak values

Change (%)

M8 M9 MI10
R? 2.86 -0.85 -0.92

ANN
RMSE -11.43 4.02 4.64
R? -1.30 -0.31 1.40

ANFIS

RMSE 4.64 1.17 -5.07
R? -4.74 -3.23 -3.96

SVM
RMSE 14.23 9.84 12.65

4.1.8. Conclusion

Using a thirteen-year data series from a basin located in Goksu-Himmet, the ability
of ANN, ANFIS and SVM combination models to forecast seven days ahead streamflow
was evaluated and compared by utilizing four different schematic layouts. The results
indicated that utilization of WT improved the ability of the DDMs in forecasting the 7-
days ahead streamflow. Moreover, it was found that both ANN and ANFIS methods
provided accurate results, with the best ANN model slightly outperformed the ANFIS

model.
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Figure 4.10. The time series of the observed predicted DWT, and predicted DCWT

In specific several conclusions are remarked:

e CWT improves only the models that contains only the rainfall and
temperature in which the single models have very low accuracy, but not
those which includes the delayed streamflow in which the accuracy higher.

e CWT increase the accuracy more than the DWT in the models that contains
only rainfall and temperature while in the other models in which the

streamflow is included the use of DWT is greatly giving higher accuracy.
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e DWT improves the models’ accuracy in comparison with the single model
dramatically and that greatly depends on the choice of the appropriate
wavelet function and the decomposing level.

e The combination of the CWT which applied on the rainfall and temperature
only and DWT which applied on the streamflow only namely Discrete-
Continuous-Wavelet transformation (DCWT) improved several models in
comparison with DWT; especially those models include rainfall and used
with ANN, but, the models imposed to the SVM had a deteriorated
performance and that due to the unexpected behavior of SVM with the use
of CWT in general.

e The use of DWT and DCWT are the schematic layout with the highest
accuracy in comparison with single and CWT layouts.

e The use of DWT and DCWT but not single or CWT as preprocessing with
DDMs is sufficient in forecasting the 7-days ahead streamflow when several
climatological variables are used as inputs.

e ANN outperformed ANFIS and SVM and ANFIS has higher accuracy than
SVM.

It is construed that the use of DCWT could be a promising combination of the WT
as a preprocessing tool that could improve the forecasting ability and useful in other

hydrological applications.

4.2. Improving Monthly Streamflow Forecasting Using Continuous Wavelet, and
Multi-Gene Genetic Programming Combination
4.2.1. Abstract
Streamflow is an essential component of hydrologic cycle in the regional and global
scale and it is the main source of the fresh water supply and highly associated with the
natural disasters such as droughts and floods. Therefore, accurate streamflow forecasting
is essential. Forecasting streamflow in general and monthly streamflow in particular is a
complex process cannot be handled by data-driven models (DDMs) only and requires
pre-process. Wavelet transformation (WT) is one of the pre-processing techniques but
applying Continuous Wavelet Transformation (CWT) producing a large number of scales
which deteriorates the performance of any DDM due to the high number of redundant

variables. In this study, Multigene Genetic Programming (MGGP) is proposed as a
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selection tool that after the CWT analysis it selects the important scales in order to impose
these scales, after that to the Artificial Neural Network (ANN). To prove the forecasting
ability of the proposed model, a basin located in the southeast of Turkey is selected as
case study. One month ahead downstream flow used as output, downstream flow,
upstream, rainfall, temperature, and potential evapotranspiration with their associated
lags used as inputs. Before the modeling, the Wavelet Coherence Transformation (WCT)
analysis conducted to analyze the relation between variables in time-frequency domain.
Several combinations developed to investigate the effect of the variables on the
streamflow forecasting. The results showed that there is high localized correlation
between the streamflow and the other variables and especially the upstream. In the models
of stand-alone layout in which the data entered to ANN and MGGP without CWT the
performance is found poor. In the best-scale layout in which the best scale of the CWT
identified as the highest correlated scale is chosen and entered to ANN and MGGP, the
performance slightly increased. Using the proposed model, due to the inclusion of several
scales in which seasonality and irregularity can be captured, the performance was
dramatically increased and particularly in forecasting the peak values. It was also found
that using hydrological and meteorological variables improves the ability in forecasting

the streamflow.

4.2.2. Introduction

Streamflow is an essential component of hydrologic cycle in the regional and global
scale (Makkeasorn et al. 2008, Liu et al. 2014). It is the main source of the fresh water
supply and highly associated with the natural disasters such as droughts and floods.
Therefore, accurate short-term and long-term forecasting streamflow is essential for
efficient water resources management particularly in the regions vulnerable to floods and
droughts (Kisi et al. 2011).

The forecast of streamflow is identified as not an easy task (Ravansalar et al. 2017)
due to the complexity of the process (Yaseen et al. 2015, Mehr et al. 2017). This
complexity is mostly due to the non-stationarity and non-linearity in the relation between
the streamflow and the basin characteristics (Nourani et al. 2011, Mehr et al. 2017). Data-
Driven models (DDMs) can be used for modeling streamflow as they have the ability to
deal with non-linearity and map the relationship between the streamflow and factors

driving it. Another advantage of DDMs is that it obtains the optimum solution between
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the inputs and outputs without involving the physical process (Solomatine et al. 2008).
There are a numerous number of applications of forecasting streamflow using DDMs
including Artificial Neural Network (ANN), Support Vector Machines (SVM), Adaptive
Neuro-Fuzzy Inference System (ANFIS), and Genetic Programming (GP) (Tokar et al.
1999, Kisi 2007, Kisi et al. 2012, Nourani et al. 2013, Mehr et al. 2015, Abdollahi et al.
2017, Mehr et al. 2017, Mehr et al. 2017).

The DDMs can deal with the nonlinearity and non-stationarity in the mean and
variance elements but the main shortcoming of the DDMs is that they may not be able to
cope with the non-stationarity fluctuation (Nourani et al. 2011) if no preprocessing
applied to the data (Cannas et al. 2006). One of the solutions to apply the wavelet which
have the ability to cope with the seasonal (cycling) nonstationary component of the time
series (Daubechies 1990, Torrence et al. 1998, Anctil et al. 2004, Nourani et al. 2011).
Wavelet has good ability in representing the signal locally in both time and frequency
domains. The decomposition of the nonstationary time series using wavelet into several
number of scales (Lee et al. 1994) extracts the historical hiden information in both time
and frequency domain (Rajaee et al. 2010, Shoaib et al. 2014).

Wavelet with various DDMs types has been widely applied in the streamflow
forecasting (Shiri et al. 2010, Kisi et al. 2011, Adamowski et al. 2012, Badrzadeh et al.
2013, Komasi et al. 2016, Ravansalar et al. 2017) and especially with ANN approach
(Kisi et al. 2007, Carcano et al. 2008, Kisi 2009, Adamowski et al. 2010, Araghinejad et
al. 2011, Pramanik et al. 2011, Adamowski et al. 2012, Isik et al. 2013, Nourani et al.
2013, Nourani et al. 2014, Alizadeh et al. 2017).

Although ANN is a robust modelling method it is an implicit method that maps the
inputs and outputs using weights matrices which leads to a model that not understandable
by humans (Savic et al. 1999). Also, ANN needs an intensive trial and error processes in
order to determine the optimum numbers of the input and hidden neurons (Nourani et al.
2011). Therefore, the need of GP method was initiated which is recognized as a robust
explicit method that can be used for modelling (Dorado et al. 2003, Mehr et al. 2013,
Mehr et al. 2014). (De Falco et al. 2005) reported several advantages of the GP over
ANN: 1) Generates an explicit model understandable by humans, 2) Automatically
discovers the structure of the model by utilizing the given data, 3) has an adaptive
evolutionary search ability that allows for not being trapped in suboptimal unsatisfactory

local solutions, 4) absence of specific knowledge. As a consequence, GP has been applied
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widely in the hydrological modelling problems (Rabunal et al. 2007, Aytek et al. 2008,
Ghorbani et al. 2010, Kisi et al. 2010, Mehr et al. 2013) and especially with wavelet for
forecasting streamflow forecasting (Mehr et al. 2017, Mehr et al. 2017, Ravansalar et al.
2017). Regardless the inputs preprocessed or not, most of the studies applied GP as final
modeling method by giving the input and output and train the model. In other words, GP
is used as standalone modelling method. In addition to that GP can be used as a sensitivity
analysis tools as it has the ability in formulating and structuring the equation used for
forecasting. This helps in selecting the inputs in order to be after that imposed to another
DDM like the model proposed by (Nourani et al. 2011). The authors proposed a model
namely WGPNN which stands for Wavelet-Genetic Programming-ANN in which after
the discrete wavelet transformation applied the GP applied as sensitivity analysis to be
finally imposed to ANN.

The wavelet transformation is performed by two forms namely continuous wavelet
transform (CWT) and discrete wavelet transform (DWT). According to (Nourani et al.
2014), more than 80% of the hydrological studies is applying the DWT as preprocessing
and not CWT. This percentage is much higher in the streamflow forecasting. This is due
to the nature of the hydrologic time series which gathered not in a continuous but in
Discrete form. Therefore, DWT which is dyadic is more appropriate for decomposing the
time series which allows for reconstructing the original time series form the sub-signals.
On the other hand, CWT represents the signal in many different and exact scales (periods)
that in every scale there is a number of coefficients equal to the same number of time
steps. Therefore, it is considered as redundant information especially when used as
preprocessing to be then imposed into a DDMs as increasing the number of redundant
inputs deteriorate model’s ability in forecasting (Galelli et al. 2014, Taormina et al. 2016).
DWT is dyadic and therefore the coefficients are produced in a scale of 2™ modes in which
to capture the annual cycling in the daily mode about 28 —days mode is used where the
decomposition level is 8 and that produced 9 sub time series one is the approximation and
8 details. For monthly data, 2* mode approximately represents the annual time scale
which produce 5 sub time series (Nourani et al. 2011). In CWT, the daily data produces
365 and the monthly data produces 12 sub time series to capture the annual scale which
can be a huge number if several variables are transformed using CWT.

Several studies used CWT for forecasting streamflow by taking one scale

coefficients or several scales based on the data used. For example, (Adamowski 2008)
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used a standalone CWT method for river flow forecasting by applying numerical method
on coefficients of several scales chosen based on the cross-wavelet analysis and compared
the result with Multivariate Linear Regression (MLR), ARIMA, and ANN. He reported
good accuracy in 1, and 2 days leading time models but ANN outperformed the proposed
method in 6 days leading time. (Cannas et al. 2006) studied the use of CWT, DWT, and
Data-partitioning as three different preprocessing techniques for predicting the river flow.
Although they found that the first scale coefficients in the application of CWT give the
best accuracy but concluded that it is not giving a significant increase in comparison to
the model using the raw data. (Shoaib et al. 2014) investigated the effect of the selection
of the mother wavelet function on the ability of forecasting the runoff using only the
rainfall as input. They used the best scale coefficients which identified by the highest
correlation with the runoff. Although they reported an increase in the accuracy but the
linear correlation coefficients in not enough to detect the rainfall-runoff relation which is
identified as nonlinear. Therefore, there is a need of a method that have the ability to
identify the most important scales that contributes in the streamflow. The most probable
candidate is Genetic programming (GP)

In this study, GP is proposed as selection tool of the most important scales of the
transformed time series using CWT, to be imposed after that to ANN. The schema of this
study is as follow: the seasonality (Cycling), non-stationarity, and irregularity to be
extracted from the time series by applying CWT, the selection tool is then implemented
by applying multigene-GP in which the most contributing scales in the streamflow
forecasting are selected, and finally the nonlinearity is to be handled by imposing the

selected scales coefficients to ANN.

4.2.3. Wavelet Transformation

A wavelet is defined as a small wave (i.e. has a finite length) with a zero-average
value. Wavelet is a mathematical function or tool that decomposes the time series into
different frequency components in order to capture the characteristics of the time series.
In other words, it breaks the time series into its wavelets which are scaled and translated
(shifted) version of the mother wavelet (Nason et al. 1999). It has the ability of providing
time-frequency representation of the signal as it provides time and frequency information

simultaneously (Cannas et al. 2006). Also, it has the advantage of overcoming the issue
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of the non-stationarity faced by the DDMs (Daubechies 1990, Anctil et al. 2004, Shoaib
et al. 2014, Alizadeh et al. 2017).

Time series data transformation is done either by translation or by scaling or dilating
of the mother wavelet function. Translation is moving the wavelet along the axis of the
time at different positions while scaling or dilation is squeezing or stretching the wavelet
(Percival et al. 2006). Generally, WT divided into two forms: continuous wavelet
transform (CWT) and discrete wavelet transform (DWT). Only CWT is applied in this
study. The CWT is used for revealing the characteristics of the series in multi-temporal

scales. The continuous wavelet coefficient W, (a, b) is defined as:

+ 00
W, (a,b) = f f(®) Yy, (Dadt, (4.15)
where:
t—>b
Yap(® = lalV?p(—=) a,b €Ra #0, (4.16)
where * represents the complex conjugate of the function, a and b are the parameters

. . -b\ . .
known as the scale and translation parameters respectively. 1 (tT) is the transformation

function known as the mother wavelet. The term mother refers to that the transformation
is implemented by scaling and translating using one main function, mother wavelet
function. Wavelet means a small wave in which small refers to finite length of the
function and wave is its oscillatory condition (Cannas et al. 2006).

The coefficients of the CWT (W, (a, b)) are calculated in each a (scale) and b
(translation) which generate a large amount of data. These coefficients are large when the
time series f(t) and the wavelet Y, ,(t) are similar (Torrence et al. 1998) which, after
the decomposition, provides a signal frequency at different scales that can be used for

analysis.

4.2.4. Wavelet Coherence Transformation (WCT)

CWT has the ability to analyze the localized frequencies in time series but this is
done only for one time series. It is also desirable to examine the relation between two
time series in the time-frequency domain. Particularly, it is important to examine the
regions with the high common power in the time-frequency domain if they have a

consistent phase relationship which lead to casualty conclusion. Therefore, Cross-wavelet
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transformation (XWT) can be useful in this situation which is constructed using two
CWTs (Grinsted et al. 2004).
The XWT of two time series x and y is defined by (Jury et al. 2002) as:

Wy (a,b) = W, (a,b)Wy (a,b), (4.17)
where * represents the complex conjugate of the function. And the cross wavelet power
is further defined by (Grinsted et al. 2004) as |ny (a,b)|. Cross wavelet spectrum also
provides a local phase difference estimation A¢(a, b) between the two time series for
each point (a,b) in the time-frequency domain. Taking the advantage of the phase
difference being independent from the amplitude, the estimation of the instantaneous

phase difference between two time series is possible. The phase difference is defined by

(Jury et al. 2002) as:
) f;lz Im[l/l/;cy(a, b)|da

b) = tan~ )
¢(b) = tan f;lzRe[Vl/;Cy(a,b)]da

(4.18)

where b corresponds to time, al < a2 represents the lower and upper scale limits
respectively, Im and Re represents the imaginary and the real part of W, (a, b).

XWT identifies only the regions with a high common power in the two time series.
WCT has the advantage of measure how coherent the XWT in time-frequency domain
that it measures how the two time series co-vary together and not necessarily have high
power (Grinsted et al. 2004). The WCT is defined by (Torrence et al. 1999) as the squared
absolute value of the smoothed cross wavelet spectrum normalized by the smoothed

wavelet power spectra of the two time series:

|S(a‘1ny(a,b))|2
(@ (a,p)2) . S (a2 |W, (e b))’

R2(a) = (4.19)

where S is smoothing operator. Looking at Eq.(4.19), it can be seen that this equation
looks like the traditional correlation expression and thinking WCT as a localized
correlation in the time-frequency domain is useful (Grinsted et al. 2004). The smoothing
parameter is written as:

S(W) = Sscate (Stime (W (a, b)), (4.20)
where S;.q refers to smoothing along the wavelet scale axis, and S;,. to smoothing
along the wavelet time axis. For details of XWT and WCT see (Torrence et al. 1998,
Torrence et al. 1999, Jury et al. 2002, Grinsted et al. 2004).
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4.2.5. Genetic Programming

Genetic programming (GP) which is firstly proposed by (Koza 1992) is a type of
evolutionary algorithms as one of the machine learning categories inspired by the
biological evolution operations. The operations include reproduction, cross over,
mutation, architecture-changing operations patterned after gene duplication, and gene
deletion in nature. The algorithm of GP is evaluating a user-defined (known as fitness
function) function by using these operations and randomly generates a population of
computer programs (represented by tree structure). Then, the best preformed trees are
bred together to generate a new population. This process which mimics the Darwinian
evolution, is repeated until the population that solve the fitness function well is obtained
(Searson 2015). GP can solve problems of extracting functional relationships between the
features which is called symbolic regression, and grouping data into categories which is
called classification. GP has the advantage over the traditional regression and other data-
driven models in that it does not need for the identification of the structure as it is self-
structuring method (Mehr et al. 2017). Usually, possible program is represented by a tree
structure that contains root node, inner node(s), and leaves. Figure 4.11 shows an example
of the representation of the tree structure of GP and the function of that example is written
as:

F(Xy,X;) = (3.5X; + Cos(X;) + exp(Cos(Xy)). 4.21)

The GP algorithm process starts with creating a random population of individuals,
evaluating the fitness function of individuals, and after that choosing parents are out of
these individuals. The chosen parents are then bred to yield offspring by the reproduction,
mutation, and crossover operations (Sivanandam et al. 2007, Nourani et al. 2011). The
offspring creation process is iterated until the creation of a specified number of offspring
in a generation and a specified number of generations. The results of the entire process is
a computer program or an equation which is the solution of the problem (Nourani et al.
2011). The operations used in the transformation of one population of individual to
another (i.e. reproduction, mutation, and crossover) are defined in the following lines.
Reproduction operation is the selection of an individual from the current population and
copying it into a new population without altering. Mutation operation is applied either to
a terminal node or a function node and it replaces the terminal node in the tree by another

terminal and the function node by new function. Crossover operation is the switch
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between two selected parents with their trees. Figure 4.12 shows an example of the

operations.
+
I . 1
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Figure 4.11. GP tree structure of the expression 3.5X, + Cos(X;) + exp (Cos(X,))
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Figure 4.12. An example of the crossover and mutation operations
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GP method has major inputs: 1) pattern of training/validation, 2) fitness function
such as Root Mean Square Error (RMSE), 3) functional and terminal nodes (or inner
nodes and leaves) for the structure identification, and 4) GP parameters for syntax tree
formation (Mehr et al. 2017). The functional set are chosen according to the complexity
of the problem to be chosen. The basic arithmetic parameters such as +, —,<,X can be
used for a simple problem but for more complex problems complicated operators such as
Sin, Cos, Tan, Exp and others (Gandomi et al. 2015).

Recently, several advancements have been suggested for the classical GP such as
Linear GP (LGP), Multi-expression Programming (MEP), Gene-Expression
Programming (GEP), and Multi-Gene GP (MGGP) (Mehr et al. 2017). MGGP combines
low depth GP trees linearly for improving the classical GP fitness. Therefore, MGGP is
expected to provide models simpler than those of the classical GP as it uses smaller trees.
Suppose we have a variable y to be predicted using several variables x4, X5, ..., X,. In
MGGTP, y is predicted by the summation of the weighted outputs of each tree (gene) and
the bias as the additive model is considered (Searson 2015). Referring to Figure 4.13, the
mathematical expression can be written as:

§=by+b; Ty + b, T, + -4+ bg T, (4.22)
where ¥ is the predicted value, T; is the vector of the output of the ith gene/tree, by is the
bias, by, by, ..., bg are the regression coefficients and considered as the weights of the

gene/tree also.

Tl T2

Tac

Figure 4.13. Multi Gene Genetic Programming (Symbolic Regression)

The coefficients of the regression are determined by the ordinary least square
method for every individual MGGP. The advantage of depth restricted trees and the use
of several other strategies (i.e. Expressional Complexity and Pareto tournament) in
MGGP provides the possibility of having compact models which can be linearly

separable and, hence they are automated post-run simplified using symbolic math
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software. For the full details of MGGP and the full steps description see (Searson et al.
2010, Searson 2015).

4.2.6. Proposed hybrid model (WMGGPNN)

CWT has the advantage in the time-frequency domain in that it transforms the time
series in all scales and translations unlike the DWT which does this in a dyadic form that
scales are in 2™ mode. However, this produces a redundant information. For example, in
this study, one of the developed models’ combinations (See Methodology section) has 7
variables, every variable is transformed with CWT using 128 scales which leads to 896
scales that every scale to be used as input vector. In the case of this number of input
vectors imposed into a DDM, the models performance deteriorated as most of the inputs
are redundant inputs (Galelli et al. 2014, Taormina et al. 2016). The MGGP has the ability
to produce an expression that contains only the input has contribution in the forecasting
problem (Mehr et al. 2017). Therefore, it can be utilized as selection tool that selects the
best scales that contribute in the forecasting although it is a standalone forecasting
method. ANN is a robust modelling method with strong ability of capturing the non-
linearity. According to that, the proposed method is as follow: The seasonality, cycling,
and irregularity is captured by CWT which is applied to all variables with the highest
possible scale, in this study 128; the best scales are selected by the use of MGPP by
obtaining the expression from the models results; and finally, the non-linearity is cope
with by imposing the best scales into ANN models to forecast the one month ahead

streamflow. The schema of the proposed method is shown in Figure 4.14.

4.2.7. Application
4.2.7.1. Study area and Data

A basin named 1805 or Goksu-Gokdere, located in a large basin namely Seyhan
basin was used as the study area (Figure 4.15). The basin location is between 35°34'44"E
-36°06'45"E and 37°36'07"N-38°17"20"N in the southwest of Turkey. The basin has area
covers a surface of about 1790 km?, highly varying elevation 319-2967 m, and the longest
water path 192 km. The topography considered as steep as the average slope is 23%.
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Figure 4.14. Schematic layout of the proposed model
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The monthly streamflow measured at Goksu-Gokdere station situated on the outlet
of the basin for the period Feb-1973 to Sep-1994 were obtained from the general directory
of Water affairs which is part of the Ministry of forests and water affairs.

In order to examine the effect of the contribution of several meteorological
variables on the streamflow forecasting, Upstream, temperature, rainfall, and potential
evapotranspiration were also used for the same period. Upstream data collected from the
same department measured in the stations named Goksu-Himmetli. The monthly rainfall
and temperature data of 17 stations was collected from the general directory of
meteorology for the same period. As no meteorological station located inside the basin
under the study, monthly temperature and rainfall was interpolated over a point in the
middle of the basin and over the mean stream (Figure 6). The interpolation implemented
using Inverse Distance Weighted (IDW) with a power of 3 which was chosen after an
intensive study of the best interpolation method using the 17 stations data around the
interpolated point. The examined methods are Inverse Distance Weighting (IDW),
Thiessen Polygons (TP), Trend Surface Analysis (TSA), Local Polynomial Interpolation
(LPI), Thin Plate Spline (TPS), and three Kriging methods: Ordinary, Universal, and
Simple (OK, UK, and SK) each with several parameters and models. The
evapotranspiration data collected from the same department above but with missing data
more than the recorded data, therefore, it was not used in this study; but rather the data
obtained from the global data CruTS3.23 (Jones et al. 2013) which is locally evaluated
by (Hadi et al.) were used in this study for the same period. Time series of the used
variables are shown in Figure 4.16.

In DDMs, to maintain generality, the dataset divided into two subsets, each
dedicated for training and validating the network where the latter not to be used for the
training process. In this study, the dataset was divided into two subsets in which 75%
used for training from the and 25% used for validation. Characteristics of the datasets

used in the study are summarized in Table 4.9.
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Figure 4.16. Time series of the monthly variables (Right figures) and the ACF of the downstream and the
CCF of the downstream and each variable (Left figures)

Table 4.9. Statistical characteristics of the meteorological and hydrological variables

Variable Subset Min | Max | Range Sum Median | Mean | SD | C.V

Training 149 | 267.1 | 252.2 | 12781.4 43 65.5 | 54.6 | 0.8
Downstream

Validation | 16.4 | 161 | 144.6 | 3010.9 35.2 463 | 329 0.7

Training 9.2 | 149.4 | 140.2 | 5984.9 20.3 30.7 | 254 ] 0.8
Upstream —

Validation | 9.6 | 88.6 | 79.1 1556.6 17.8 239 | 164 | 0.7

Training 0 144.7 | 144.7 8574 40.9 44 349 0.8
Rainfall

Validation | 0 142.3 | 1423 | 2452.1 29.7 37.7 | 342 09

Training -4 | 255 | 295 2366.2 12.6 12.1 | 82 | 0.7
Temperature —

Validation | -4.3 24 28.4 815.3 14.6 125 | 86 | 0.7
Potential Training 0.7 6.6 5.9 583.8 2.6 3 1.8 | 0.6
Evapotranspiration Validation | 0.6 6.3 5.7 206.7 3 3.2 1.9 | 0.6

Min: Minimum, Max: Maximum, Sum: Summation, SD: Standard Deviation, C.V: Coefficient of
varation.

4.2.7.2. Methodology
First step in this study was to investigate the localized frequencies of the

downstream in the time-frequency domain and that is implemented by the using the
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scalogram obtained by CWT. The local correlation between the downstream and the
meteorological and hydrological variables in the time-frequency domain was also
examined by WCT scalogram. In addition, the phase difference was also investigated for
having an indication of the lag for every variable. The scalograms of CWT and WCT are

shown in Figure 4.17.
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Figure 4.17. a) The CWT scalogram of the downstream, b, ¢, d, and e) The wavelet coherence scalogram
of the downstream with the Upstream, Rainfall, Temperature, and Potential
evapotranspiration. The surrounded areas with solid black lines are significant regions in
5% significance level. The arrows represent the phase difference between the two time series.
The direction of the Arrows has the meaning; right pointing: in-phase, left pointing: Anti-
phase, down pointing: x leads y by 90° (or y lags x by 270°), up pointing: y leading x by 90°
(or x lags y 270°)
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In order to obtain the optimum lags of every variable to be used as input vector,
Autocorrelation Function (ACF), and Cross-Correlation Function (CCF) can be applied
as they have been widely applied (Sudheer et al. 2002, Shoaib et al. 2015), but it is argued
that these functions are linear and do not capture the full relationship which is mostly, in
streamflow, non-linear (Nayak et al. 2004, Senthil Kumar et al. 2005, Mehr et al. 2017).
Another approach used for this purpose is sequential addition of the lags that start the
model with one lag, and one lag added in the second iteration and so on up to a specific
number of lags and choose the number of lags according to the best performed model
(Furundzic 1998, Moosavi et al. 2013). In this study, both approaches applied. Firstly,
according to the Autocorrelation function of the down streamflow and the cross-
correlation function between the down streamflow and the used variable shown in Figure
4.16, it can be seen that 2, 2, and 1 lag for down streamflow (DS), up streamflow (US),
rainfall (R), respectively, have the correlation with DS. The temperature (T) and the
Potential Evapotranspiration (PET) has a significant correlation in the no lag time but in
the first lag the correlation is very small and not significant. Therefore, the sequential
addition method was also used that every variable was used alone for forecasting one
month ahead of DS. For down streamflow, up streamflow, rainfall the same lags of the
ACF and CCF are found to be adding significant increase in the models forecasting. For
temperature, and potential evapotranspiration the first lag only has a contribution to the
model.

After obtaining the optimum lag of every variable, several models combinations
were developed (Table 2). Starting with a model contains only the downstream, all the
combinations include the lagged downstream as this component provides the auto-
regressivity and the models performance is dramatically worsened without this
component. The variables with their optimum lags were added to lagged DS one by one
to investigate their individual effect. To examine the combined effect of these variable,
models contains different combinations of the variables are also developed.

Before the data used in the different schemas, normalization was applied to all
datasets to have datasets with the same range, increased accuracy, and increased pace of
the calculations (Cannas et al. 2006, Nourani et al. 2009). The general formula of

normalization is written as:
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X — Xmi
y=0b-a)——"+a, (4.23)

max — Xmin
where y is the normalized value of x, X,,;, and x,,, 4, are the minimum and the maximum
values of the x variable respectively, a and b are the lowest and highest values to which
the data to be normalized. In this study, the normalization used between 0.1 and 1 and

these are the values of a and b respectivley.

Table 4.10. Developed models’ combinations

Combination No. Abbreviation Model Components

1 DS DS only

2 DSUS DS + US

3 DSR DS +R

4 DST DS+T

5 DSPET DS + PET

6 DSUSPET DS +US + PET

7 DSUST DS+US+T

8 DSUSR DS+US+R

9 DSUSRTPET DS+US+R+T+PET

DS: downstream, US: upstream, R: rainfall, T: Temperature, PET: Potential
evapotranspiration.

In order to evaluate the performance of the proposed model WTMGGPANN, the
stand-alone and best scale schemas were also applied. In the stand-alone schema, the
variables of the developed model combinations were imposed directly to ANN and
MGGP. The main advantage of this schema is to assess the performance of the individual
methods in which the data was imposed without any pre-processing except the
normalization. In the second best-scale schema, the data was transformed using CWT for
128 scales and the scale which has the highest correlation with the one month ahead
downstream flow is identified and imposed as inputs to ANN and MGGP. In the proposed
model, the data are transformed using CWT for 128 scales, then all the scales entered as
inputs to MGGP for selecting the best scales, and finally the selected scales are imposed
into ANN for the forecasting the one month ahead downstream flow. In both ANN and
MGGTP, there are some parameters should be considered for getting models with higher
performance. For example, the number of the hidden layers and the number of neurons
in the hidden layer is important in ANN. In this study, three layered network; Input layer,
hidden layer, and output layer is used as it was approved to be sufficient for such problems

(Hornik et al. 1989, Kisi 2007). The number of the neurons in the hidden layer was
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obtained by trial and error for every layout. The structure of the ANN in every layout is
listed in Table 4.11. In MGGP several parameters are also important such as: Number of
population, number of maximum generation, Mutate rate and so on (Mehr et al. 2017,
Mehr et al. 2017). The parameters of the MGGP used in this study are tabulated in Table
4.12.

Table 4.11. The structure of the ANN approach. The structure is represented as I-H-O, I: number of input
neurons, H: number of neurons in the hidden layer, O: number of output neurons

Stand-alone Best-Scale (Haar) Full-Scales

2-3-1 1-10-1 18-7-1
4-4-1 1-8-1 16-23-1
3-6-1 1-12-1 9-6-1

3-7-1 1-10-1 16-14-1
3-6-1 1-7-1 13-12-1
5-9-1 1-3-1 12-15-1
5-10-1 1-8-1 12-5-1
5-8-1 1-14-1 16-12-1
7-23-1 1-13-1 10-8-1

Table 4.12. Multi-Gene Genetic Programming (MGGP) parameters

Parameter Value
Population 500
Generation 300
Mutation rate 0.5
Crossover rate 0.4
Reproduction rate 0.1
Maximum genes (trees) 5
Maximum depth 4

4.2.8. Results and Discussion

The main advantage of the WT on the time series in general and in hydrological
data in particular is to overcome the issue of the non-stationarity confronted by DDMs.
Another important advantage is representation the time series in time-frequency domain
that provides a robust ability of analyzing the localized periodicities. Figure4.17-a shows
the CWT scalogram of the downstream flow. It is obvious that the highest power is around
the scale 12 which is the most powerful waveband. As the data used is monthly data, this
is the annual periodicity. This line shaped around the 12-period indicates that the annual

signal is stationary. To examine the coherence (i.e. the co-variance) in the time-frequency
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domain between the downstream flow and each of the used variables the WCT
scalograms are shown in Figure 4.17 (b-e). Downstream and upstream flow have a very
high localized correlation (coherence) in all the considered scales (Figure 4.17-b) and this
agrees with the high correlation obtained from the cross-correlation (Figure 4.16). The
phase difference generally shows in-phase that no phase difference between the two
variables (Figure 4.17-b). This is expected as most of the downstream is a result of the
upstream particularly the base flow which mostly flowing from the upstream. Although
the area of the basin is large and other affecting variables could have more contribution,
it is important to note that upstream gauge location is not in the longest water path but in
the middle. Regarding the phase similarity, the monthly data used should have no
difference as the difference expected between the upstream and downstream in smallest
time scales; daily or smaller. In the WCT of the downstream and rainfall (Figure 4.17-c),
there are scattered significant localized correlation in the scales less that 7 months, but
for the scales between 11 months to 30 (i.e. approximately one year to 2.5 years) there is
a harmonic coherence. The highest coherence is seen in the 12 scales which is the annual
scale. After the scale of 60 months (5 years) the significant coherence is also present
although most of it under the cone of influence. The phase difference shows that there is
a lag about 45° of the downstream from the rainfall and that is due to the contribution of
the rainfall. This lag is small due to the monthly time scale in which the rainfall
contribution should be seen higher in the smaller time-scales. The temperature shows
similar coherence in the scales less than 7 months (Figure 4.17-d). A harmonic coherence
is detected between 9-15 months scales with highest being in the 12 months (i.e. Annual).
The phase difference indicates that mostly there is about 220-270° lag between the
downstream and the temperature which may be due to that the effect of the temperature
needs more time to be reflected on the streamflow. The potential evapotranspiration
shows a pattern similar to the temperature and this due the fact that potential
evapotranspiration is a function of the temperature and calculated using it. In general,
most of the scales are important in analyzing and modelling the relation between the
downstream and the other variables. Therefore, including all contributing scales would
capture all the seasonality, cycling, and irregularity.

Before assessing the proposed model which proposed including all the scales,
stand-alone layout was implemented. In this layout, the variables used for the forecasting

of the one month downstream is entered to ANN and MGGP directly without wavelet
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transformation to evaluate the performance of the DDMs on the bare variables. Although
MGGTP has the ability to capture the contributing inputs in the output that by including
all the variables only the variables contributes in the output will be in the final expression
(Nourani et al. 2011), all the models combinations were entered one by one to address the
influence of every variable on the forecasting performance. In both ANN and MGGP, the
result indicates that the model which contains only the downstream has poor performance
in comparison with the other combinations (Figure 4.18). On the contrast of adding the
rainfall which not improves the model, adding the temperature and the potential
evapotranspiration increased the model performance dramatically but still not higher than
the performance of the model contains all the variables which is the best performed
model. It can be due to the fact that lagging the rainfall one month is too much as the
effect of the rainfall does not need all this time to be reflected on the streamflow. The
effect of the temperature and potential evapotranspiration needs more time to see its
influence on the streamflow which is reflected in the monthly observations. As mentioned
earlier, ANN and MGGP can deal with the non-linearity of the relation between the inputs
and the outputs, and they are both autoregressive approaches. Therefore, the similar

results of both approaches for all the models are obvious (Figure 4.18).
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Figure 4.18. The performance of the stand-alone layout models. Black colour: Training subset, Grey
Colour: Validation subset

ANN and MGGP stand-alone may not able to capture the seasonality of the data if
no preprocessing applied to the data (Cannas et al. 2006). Therefore, WT as a solution to
overcome the stationarity problem is applied as pre-processing approach. CWT can be
applied in the streamflow forecasting problems by choosing the first scale (Cannas et al.

2006) or the best scale which is chosen as the scales has the highest correlation (Shoaib



et al. 2014). As the best-scale method approved as increases the performance of the
models (Shoaib et al. 2014), it is adopted in this study for the comparison reason. In WT
analysis, the wavelet function and the scale are two important issues that must be
considered. In the Best-Scale layout, the best scale is to be considered as input to ANN
and MGGP. To choose the best wavelet function, best scale was imposed to ANN after
the CWT transformation by using several wavelet mother functions. The considered
functions are: Haar, dmey, db2, db3, db4, db5, db6, db7, db8, Sym2, Sym3, Sym4, SymS5,
Sym6, Sym7, Sym8, coifl, coif2, coif3, and coif4. The best performed wavelet function
is found to be Haar (Figure 4.19) and that agrees with (Nourani et al. 2009, Nourani et al.
2011).
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Figure 4.19. The performance of the Best-Scale layout model of the ANN. Top figures (R2), Bottom figures
(RMSE), Black colour: Training subset, Grey Colour: Validation subset
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According to Table 4.13, the results of the two approaches (i.e. ANN and MGGP)
are close to each other with slight outperformance to the favor of ANN. There is no large
difference between the performance of the models combinations in comparison with the
first combination which contains only downstream lags with the exception that adding
the potential evapotranspiration to the models improve the performance noticeably. In
comparison to the stand-alone layout, the best-scale layout increased the performance of
almost all the models combinations. The fact of having the highest correlated scale could
improve the performance but with no much seasonality information extracted as one scale
is not enough to obtain the hidden information in the time series. As seen in the WCT
analysis (Figure 4.17 b-e), not only one scale has a correlation with the streamflow but
several. It is also worth noting that the correlation used here is linear correlation in which

the non-linear relation between the streamflow and the other variables cannot be captured.

Table 4.13. The performance of the ANN and MGGP approaches in the Best-Scale layout using Haar
mother wavelet function

WANNBS WMGGPBS
R? RMSE (m%/s) R? RMSE (m%/s)
Comb. Tra;nin Validation Tra;nin Validation Tra;nin Validation Trainin Validation
DS 0.877 0.888 19.124 11.071 0.871 0.868 19.593 12.019
DSUS 0.867 0.891 19.878 10.895 0.861 0.845 20.360 13.007
DSR 0.888 0.898 18.256 10.566 0.866 0.880 20.004 11.425
DST 0.877 0.888 19.124 11.071 0.860 0.862 20.425 12.273
DSPET 0.909 0.912 16.472 9.783 0.868 0.872 19.844 11.799
DSUSPET 0.889 0.906 18.208 10.136 0.890 0.866 18.119 12.115
DSUST 0.867 0.891 19.878 10.895 0.871 0.868 19.638 12.026
DSUSR 0.888 0.884 18.267 11.268 0.879 0.871 18.971 11.852

DSUSRTPET 0.904 0.909 16.906 9.984 0.888 0.868 18.284 12.009

The use of only one scale from the CWT analysis is not preferable because of the
aforementioned reasons, however, the use of all scales leads to includes redundant
information and hence, the cost of calculation dramatically increased and the performance
of the model decreased (Galelli et al. 2014, Taormina et al. 2016). Therefore, the
WMGGPNN model is proposed. In this model, all the scales are entered to the MGGP
models for the reason of selecting the contributing scales and then imposed only these
scales to ANN. The number of scales selected for every model combination is listed in

Table 4.11 as the ANN structure. Table 4.14 which shows the results of the proposed
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model indicates high performance with high R? and low RMSE. In order to compare the
performance of the proposed model, the percentage of change in R* and RMSE of the
proposed model from the best scale (MGGP and ANN) and Full-scale MGGP are shown
in Figure 4.20. According to the figure, there relative change percentage shows increases

in the R% and decreases in the RMSE in all the models.

Table 4.14. The performance of the proposed WMGGPNN model

WMGGPNN
R2 RMSE (m3/s)
Comb. Training Validation Training Validation
DS 0.988 0.901 5.921 10.385
DSUS 0.996 0.901 3.292 10.384
DSR 0.995 0.955 3.919 6.997
DST 0.998 0.947 2.139 7.607
DSPET 0.992 0.948 4.861 7.530
DSUSPET 0.997 0.960 3.097 6.602
DSUST 0.987 0.927 6.147 8.935
DSUSR 0.930 0.924 14.465 9.108
DSUSRTPET 0.992 0.930 5.015 8.755
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Figure 4.20. Percentage of change in R2 (left figures), and RMSE (right figures) relatively to the proposed
model WMGGPNN. Black colour: Training subset, Grey Colour: Validation subset
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The fitted versus the observed streamflow values plot of the best performed model
combination (Figure 4.21) shows some of the scattered values around the best fit line in
all models except the proposed model in which most of the points lay over the line. Based
on that the proposed model improve the performance of the streamflow forecasting. The
proposed model outperformed the best-scale of both MGGP and ANN due the fact that
not only one scale but several scales are included as inputs to ANN. For example, in the
first model combination in the best-scale layout the number of scales are only 2 (i.e. one
for every variable), but the number of scales obtained by MGGP after entering 265 scales
(i.e. all the scales for two variables) is 18 (Table 4.11). The increase in the performance
can be attributable to the increase in the number of scales included in which more

seasonality, cycling and irregularity information are extracted.
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Figure 4.21. The observed vs predicted stream flows of the best-scale, full-scale and the proposed
WMGGPNN model. Redline: the best fit

One of the most important aspects in streamflow forecasting is ability of the model

in capturing the extreme/peak values. Therefore, the peak flows forecasting ability
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comparison conducted using 2.5% of highest flows. As the stand-alone layout models
outperformed by best-scale layout models, it was excluded from the comparison in the
peak flow forecasting. The proposed model demonstrates very high accuracy in the
forecasting of the peak flows being highest in the model combination includes
downstream and potential evapotranspiration with R? equals 0.998 and RMSE 1.231
(m?/s) (Table 4.15). In comparison with best-scale layout and full-scale MGGP model,
the proposed model shows the highest performance (Figure 4.22). The highest peak flow
forecasting performance is obtained in two models; the model includes downstream flow
and temperature, and the model includes downstream, upstream and potential
evapotranspiration. In the time of dominating underestimation of the peak values of the
streamflow in general using WANNBS, WMGGPBS, and WMGGPFS, the proposed
model WMGGPNN is almost perfectly overlays the observed data (Figure 4.23).
Therefore, including several scales which helps in extracting the seasonality information,
and using ANN which has a robust ability in dealing with the non-linearity and auto-

regression, improved the models to a level that can capture most of fluctuations well.

Table 4.15. The performance results of the proposed model WMGGPNN in forecasting the peak values

R2 RMSE
DS 0.952 6.941
DSUS 0.985 3.917
DSR 0.990 3.251
DST 0.998 1.231
DSPET 0.976 4.967
DSUSPET 0.997 1.767
DSUST 0.929 8.443
DSUSR 0.818  13.559

DSUSRTPET 0.986 3.797

Generally, CWT can be applied as pre-processing tool for forecasting the
streamflow but this could be not better that using the DDM alone (Cannas et al. 2006,
Adamowski 2008), it can also improves the runoff modelling in case of using rainfall
only as inputs by choosing the best scale (Shoaib et al. 2014). In this study, the best —
scale layout improved the performance of the stand-alone layout but not significantly and
this is expected as the increase due to the high linear correlation is normal but in the same

time still much of the information not extracted and the advantage of applying CWT not
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well utilized. Including more scales by applying MGGP to the output of the CWT as
selection tool leads to select the most contributing scales and throw the redundant scales.
Using these scales which helps in extracting most of the hidden information with ANN
dramatically improves the model performance especially in the forecasting of the peak
values. Also, it was reported by (Baratti et al. 2003, Cannas et al. 2006) that monthly
rainfall and temperature has at the gauge stations are not correlated with the behavior of
the monthly runoff. In this study, it can be seen through all the layouts including
meteorological and hydrological variables recorded in the catchment have correlation

with the streamflow as they improve the performance of the models.
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Figure 4.22. The performance of the models in forecasting the peak values. Left figures: R3, Right figures:
RMSE,

4.2.9. Summary and Conclusion

Hydrological process such as streamflow are complex characterized by high non-
linearity, seasonality, and non-stationarity. Data-driven models such as ANN and MGGP
has the ability to cope with the non-linearity but not stationarity and seasonality. WT are
pre-processing techniques applied to deal with non-stationarity and seasonality by
transforming the data into time-frequency domain. Applying CWT is different from DWT

as a large number of scales coefficients are produced in which most of them are redundant
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and deteriorate the performance of any DDM. Therefore, in this study, MGGP is used as

selection tool that selects only the contributing scales in order to be imposed to ANN.
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Figure 4.23. The observed and the predicted peak flows of the best-scale, full-scale and the proposed
WMGGPNN model

To improve the ability of the proposed model in increasing the performance of the
forecasting of monthly streamflow, an application is implemented by choosing a basin
located in the southeast of Turkey. Monthly streamflow measured in the outlet of the
basin are used. Several variables: Upstream flow, rainfall, temperature, and potential
evapotranspiration are also added to the models to investigate their contribution in the
downstream flow. Before the development of the model, the wavelet coherence
transformation (WCT) was conducted between the downstream flow and the other
variables for investigating the relation in the time-frequency domain. Bearing in the mind
the output of the forecasting is one month ahead downstream flow, three layouts
considered in this study: Stand-alone; the data imposed to ANN and MGGP without pre-
processing, Best-Scale; the CWT scale which has the highest correlation with the
downstream flow used as input to the ANN and MGGP, and Full-scale; MGGP used as
selection tool to select the contributing scales and these scales were imposed to ANN.
The results showed that Upstream is highly correlated with downstream in almost all the
scales while other variables mostly locally correlated in thel12 months scales (i.e. annual).
The temperature correlation pattern is similar to one of the potential evapotranspiration

as the latter is derived from the former. The stand-alone forecasting layout showed a poor
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performance for all the models combinations, the best-scale layout improved the
performance of the models slightly, the proposed model WMGGPNN dramatically
improved the forecasting ability and lead to a model has the ability to capture the peak
values excellently.

According to the WCT analysis, the streamflow is correlated with the variables:
Upstream, Rainfall, temperature, and potential evapotranspiration in several scales
although it shows no high linear correlation. The stand-alone layout performed poorly
due to the fact that the relation between the inputs and output is not only characterized by
non-linearity which can be handled by DDMs but also has the seasonality, irregularity,
and non-stationarity. From this point, the need to the WT is seen. Using the best-scale
layout improved the performance due to the high linear correlation which is higher than
the original variable but using linear correlation is not sufficient in the existence of non-
linearity. The main advantage of applying WT is to uncover the seasonality, non-
stationarity and cycling information hidden in the original variable but one scale is not
enough for carrying this information. Therefore, the proposed model WMGGP which
after the CWT analysis selects several scales that are contributing in the output, improved
the performance dramatically. The most important point is that the fluctuation in the
streamflow represented by peak values are well forecasted due to the fact that the chosen
scales include the sufficient seasonality and irregularity information.

According to this study, the restriction of using the CWT as pre-processing tool due
to the high number of scales and redundant information for predicting the monthly
streamflow is avoidable. This study is applied only on the monthly streamflow which is
less predictable than daily, it is recommended to the apply the same methodology to the

daily streamflow also.
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CHAPTER FIVE
5. IS THE USE OF WAVELET AS PREPROCESSING IMPROVES
FORECASTING?

5.1. Is Discrete and Continuous Wavelet Transformation Improving or
Deteriorating The Performance of Data-Driven Models in Forecasting
Monthly Streamflow

5.1.1. Abstract
Hybrid models that combining the wavelet (WT) as preprocessing tool and data-

driven models (DDMs) as modelling approaches have been widely applied in the last

recent years for forecasting monthly streamflow. Mostly WT is applied on the original
time series before the division into calibration and testing subsets to be then entered into

DDMs. This way of implementation sending some of the future information into the

model which lead to the dramatic increase in the model performance. In this study, three

experiments are implemented; stand-alone in which no WT applied, handcast in which
data decomposed by WT, divided, and entered into Extreme learning machine (ELM) and
extreme gradiant boosting (XGB), and forecast in which real forecasting is implemented
supposing no future information is existing. WT is applied in the two forms discrete and
continuous (DWT and CWT). A new hybrid model is proposed in this study in which

XGB is used as a selection tool by utilizing the importance matrix produced by XGB to

choose only the most important scales of CWT to be entered into ELM. Monthly stream

flow, upstream, rainfall, temperature, and potential evapotranspiration of a basing namely

1805 located at south east of Turkey used in this study. The results showed that applying

WT improving the performance in hindcast experiment especially the proposed model

which showed superiority over the DWT-based models. On the contrast, WT is

deteriorating the performance of the forecasting and the stand-alone models have better
performance. WT increases the performance of the hindcast experiment due to the
inclusion of the future information caused by the convolution of the time series while
deteriorates the forecast experiment due to the border effect at the end of the time series.

WT found as not a useful preprocessing technique in forecasting the streamflow.
5.1.2. Introduction

Streamflow is a crucial element of the hydrologic cycle in both global and regional

scale (Makkeasorn et al. 2008, Liu et al. 2014) and it is the main source of the freshwater.
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It is highly related to the droughts and floods disasters therefore, for the effective water
resources management in the areas susceptible to these disasters in particular the accurate
short and long-term streamflow forecasting is crucial (Kisi et al. 2011). Short-term
forecasts (e.g. hourly or daily) are important for two main applications: forecasting of the
floods and development of warning system (Guven 2009, Yaseen et al. 2016, Yaseen et
al. 2016). The long-term forecasts (e.g. Monthly or annual) are useful for several
applications such as irrigation management decisions, reservoir operations, hydro-power
generations, and sediments transportation (Solomatine et al. 2009, Mehr et al. 2015,
Yaseen et al. 2016).

The hydrologic models in general are divided into two main categories: data-driven
models (DDMs) and physical-based model. Physical-based models are known as white
box models that involves the physical process in the hydrologic modelling which leads to
the need to high amount of data which is not always available. DDMs known as black
box models that map the relation between the inputs and output through statistical model
without involving the physical process in which not much data required. Therefore,
DDMs such as artificial neural network (ANN), adaptive neuro-fuzzy inference system
(ANFIS), support vector machine (SVM), and Decision Tree (DT) have been widely used
in forecasting streamflow by many researcher (Maier et al. 2000, Chang et al. 2001, Lin
et al. 2006, Firat et al. 2007, Khadangi et al. 2009, Aggarwal et al. 2012, Kisi et al. 2012,
Sanikhani et al. 2012, Isik et al. 2013, Akrami et al. 2014, Kisi 2015, Ghorbani et al. 2016,
Shiau et al. 2016, Abdollahi et al. 2017, Mehr et al. 2017, Seyam et al. 2017). A
comprehensive review of DDMs application in hydrology in general can be found in
(Yaseen et al. 2015, Fahimi et al. 2016).

The streamflow forecasting is not an easy task due to the complexity in the process
derives the streamflow in which this complexity is a consequence of the non-linearity and
non-stationarity existed in the streamflow time series (Nourani et al. 2011, Yaseen et al.
2015, Mehr et al. 2017). DDMs has the ability to deal with nonlinearity and the non-
stationarity in the mean and the variance but the main disadvantage is the failure in
handling the non-stationary fluctuations (Nourani et al. 2011). Therefore, a preprocessing
was found as important for improving the performance (Cannas et al. 2006). Wavelet
transformation (WT, Discrete wavelet transformation (DWT) in particular), singular

spectrum analysis (SSA), and empirical mode decomposition (EMD) are such
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preprocessing techniques that decomposes the non-stationary and non-linear time series
into several components that are easier to be modelled (Zhang et al. 2015).

In the recent years, hybrid models are developed using these preprocessing
techniques with the DMMs in which the performance of these models in forecasting
increased dramatically. Many researchers have investigated the application of WT
(particularly DWT)-DDMs hybrid models such as (Kisi 2009, Adamowski et al. 2010,
Shiri et al. 2010, Badrzadeh et al. 2013, Nourani et al. 2013, Komasi et al. 2016, Nury et
al. 2017). Continuous wavelet transformation was also applied with DDMs by several
researchers such as (Cannas et al. 2006, Adamowski 2008, Shoaib et al. 2014). As an
example, (Badrzadeh et al. 2018) studied the hybrid model of DWT- ANFIS and found
the use of DWT as preprocessing increase the models performance significantly. (Kisi et
al. 2011) conducted study of investigating the improvement in the SVM model by
conjugating it with DWT and reported that the conjugated model DWT-SVM has higher
performance in model in forecasting monthly streamflow.

However, ,most of these studies applied the hybrid models in such a way future
information are sent into the model where these must not be included in the forecasting
experiment (Kim et al. 2003, Zhang et al. 2015). In the case of DWT, such studies
implemented in such away that all the data are decomposed and reconstructed for getting
the sub time series. Then, the sub time series are divided into calibration/training and
validation subsets to be after that imposed into DDMs. In the use of CWT, the same
procedure followed except choosing the most contributing scale(s) to be imposed into
DDM as CWT produce redundant information. Such a way of implementation sends some
amount of the future information to the model and therefore this is named as hindcasting
experiment and not forecasting experiment (Karthikeyan et al. 2013, Zhang et al. 2015).
One of the recent studies (Zhang et al. 2015), conducted hindcast and forecast experiment
using DWT, SSA, and EMD as preprocessing and they concluded that the hybrid models
performed worse than the original models. (Du et al. 2017) also investigated the hybrid
models using DWT and SSA with ANN and SVM and found that the hybrid models are
including some amount of future information and therefore cause incorrect increase in
the performance of the original models.

The objective of this study is to conduct three experiments: stand-alone, hindcast
and forecast for predicting 1 month ahead. In the stand-alone experiment no WT is

applied which in both hindcast and forecast experiments the DWT and CWT applied as
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preprocessing techniques with the extreme learning machine (ELM) which to the
knowledge of the authors has not been applied with WT in the literature. CWT produce
redundant information therefore has not been applied as much as DWT (Nourani et al.
2014) but in this study, a recent approach namely extreme gradient boosting (XGB) is
applied for choosing the contributing scales only from the CWT scales to be imposed to

the ELM although XGB itself is a stand-alone model.

5.1.3. Preprocessing technique
5.1.3.1. Wavelet transformation (WT)

Wavelet transformation is divided into two categories Continuous (CWT) and
Discrete (DWT). CWT can be defined as the summation through the time of the signal

multiplied by shifted and scaled versions of wavelet known as mother wavelet ¥, , (t):

W(a,) = lal* [ :Of(t) Vi ()t (5.1)

where W, (a, b) are the CWT coefficients, * represents the complex conjugate of the
function,a and b are the parameters known as the scale and shifting parameters
respectively. According to Eq.(5.1), for every scale there are a number of coefficients
equal to the length of the original time series.

DWT is thought as the dyadic sampling form of CWT with a = 2/ and b = k2/
where k is the location index and j is the decomposition level. The discrete wavelet is
written as:

Yi(®) = 2792927t — k), (5.2)
and the DWT is written as:

Wy (G, k) = z—f/2f oof(t) Y (27t —k)dt. (5.3)

For a discrete time series x,,, the DWT is:

N
W,y (i k) = 27372 z W27t — k)x,, (5.4)
n=0

where W, (j, k) are the DWT coefficients and to reconstruct the original time series the
inverse DWT is implemented given as:
J 2/-i-1

xw=A+ ) WG k220 —k), (5.5)
=0

j=1 k
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and can be written as:

]
xn = A) + ) W;(0), (5.6)

where A(t) is the approximation at level / and W;(t) are the details coefficients at

levelsj =1,2,...,].

5.1.4. Data-Driven models
5.1.4.1. Extreme learning machine (ELM)

ELM is an emerging DDM of single hidden layer feed forward networks (SLFNs)
of ANN firstly proposed by (Huang et al. 2006). ELM overcomes the disadvantage of
over fitting, local minima, and slow learning of the traditional Back-propagation ANN.
Since the development of the algorithm, it has been applied in several applications in
hydrological modeling by several researchers (Abdullah et al. 2015, Mohammadi et al.
2015) and for streamflow forecasting in particular such as (Li et al. 2014, Deo et al. 2016,
Lima et al. 2016, Yadav et al. 2016). One of the recent studies is conducted by (Yaseen
et al. 2016) who compared the performance of ELM with SVM and generalized
regression neural network and concluded the superiority of the ELM over other
approaches in terms of the speed and the accuracy.

An ELM model is developed using a set of training samples as
{(x1,¥1), -, (xt, )} where x; is the independent variable and y; is the dependent/target
variable. In this study, the dependent variable which is the input vector denoted as
X1, Xy, ..., X defined as the lagged streamflow, or any another variable used in this study;
variable used as inputs explained in the used data section. The targets or the output vector
Y1,¥2, -, V¢ represent the observed one step ahead streamflow. For set of N training
samples (i.e.t = 1,2,..,N)inwhichx, € R? andy, € R, a SLFN with H hidden nodes
is mathematically expressed as (Huang et al. 2006):

H
z Bigi(a;.x. + Bi) = z, (5.7)
i=1

where B € R is the weights that to be estimated in the output layer between the hidden
layer nodes and the model output (i.e. Z(z; € R)), G(«, B, x) is the activation function of

the hidden layer, a; represents the weights of the randomized layers, f; represents the
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biases of these randomized layers, i is the index of the specific node in the hidden layer,
and d is the number of inputs.

In this study, the sigmoid function used as activation function:
GO = ————, (5.8)

and a linear transfer function used in the output layer. According to (Huang et al. 2006),
an ELM model with suitable number of hidden neurons, randomized input layer weights
a, and randomized hidden layer biases [, can lead to a zero error (Eq.(5.9)) which, hence,
yield to realization that the weights of the output layer B can be obtained analytically for

any training sample.

N
Dllze—yell =o. (59)
t=1

The B values of an N input-output training samples can be estimated using a system

of linear equations:

Y =GB, (5.10)
in which
g(x1)
G(a,B,x) = :
g(xn) 5.11)
gi(a.x1+B1) - g(Wy.x1 + By) '
gri(ay.xy+B1) - gWhu.xy + Be)ly oy
and
-B{-
B=|: , (5.12)
BIT';—Hxl
and
_le_
Y=]|": , (5.13)
T
NIy x4

where G here known as the hidden layer output, T is the transpose of the matrix. The
output weights B can be estimated by inverting the matrix of the hidden layer using

Moore-penrose generalized inverse function (+):

B=G*Y. (5.14)
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Eventually, the estimated values y (i.e. represents the one month ahead streamflow

in this study) can be determined by:

H

y= By gi(a;.x.+By) . (5.15)

i=1

5.1.5. Extreme Gradient Boosting (XGB)

XGB was first developed by (Chen et al. 2016), as an efficient, fast, and scalable
implementation of the Gradient tree boosting algorithm developed by (Friedman 2001).
XGB is classified as supervised learning technique uses an ensemble of decision trees
(Ayumi 2016). It can be used for both classification and regression problems. Being a
new algorithm, to the knowledge of the authors it has not been applied in streamflow
forecasting in general and as an input selection tool with wavelet in particular. In this
study, this algorithm is applied as a model itself and as a selection tool for the important
scales of the CWT by taking the advantage of the feature importance characteristic of this
algorithm.

XBG algorithm is a set of classification and regression trees (CART) as CART is
different from DT in that each of the leaves has a real score that helps in richer
interpretation that beyond the classification which is the case in DT. In CART, a single
tree is used which is not strong enough in practice, therefore, an ensemble of multiple
trees is proposed. For a training data (with multiple feature) x; (i.e. lagged downstream,
upstream, rainfall, temperature, and potential evapotranspiration in this study) to predict
a target variable y; (i.e. one month ahead downstream), the mathematically expression of

the ensemble of K number of trees can be written as:

K
y= ka (x).fx €EF, (5.16)
k=1

where f; is a function in a set of all possible function in CARTSs, F the set of these

functions. The main objective function is the optimization of:

0bj(®) = ) 1y 90+ )9S, (5.17)

where [ part is the training loss function and (1 is the regularization part which is used to

control the complexity and prevent the overfitting.
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Since training the functions f; of all trees in one time is not easy, an additive training
is considered in which training one and fix the learned tree and add one new tree and learn

again and so on. Having the prediction value at step t as y{ lead to:

95 =Y fi ) =95+ () (5.18)
k=1

Adding one tree in every iteration, the selected tree is the tree that minimizes the
objective function in Eq. (5.17) after the substitution of the new predicted values from
Eq.(5.18). Considering the mean squared errors (MSE) as the loss function, the objective

function becomes:

objt = ) (yi= @I+ £ ) + ) (), (5.19)

and that can be written as:

objt = Y 1297 = yfe (1) + fi (x)* + O(f) + constant . (5.20)
i=1

MSE in both first order or quadratic form is friendly but functions such as logistic

is more complex, therefore, Taylor expansion up to the second order is applied:

n

1
obj' = > [Uyu 95 + g1 fe () +5hi fy () + Q(f,) + constan, (5.21)
i=1
where g; = 0ge-1l(y; — §t1), and h; = 6;;_1l(yi — 971, All the steps, have been
done in the training loss function part; considering the regularization part and bearing in

mind the tree is defined as f;(x) = wyg(y), the regularization is written as:

T
Q(f) = yT + %AZ w?, (5.22)
]=

where w represents the vector of scores on leaves, g represents the assigning function of
each point in the data to the corresponding leaf, T is the number of leaves. After the
inclusion of the tree function and the regularization part, and remove the constants from
Eq.(5.21) the objective value of the t*"* tree can be written as:

T
.t N 1 2 1 2
0bj = Y (g Waexp + 5 hiwlep] 1T +52 ) w;
- = (523)

- ZJT'=1[ (Zieligi)wj + %(Zieli h; + A)W].Z + yT,
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where I; = {i| q(x;) = j} represents the indices of data points assigned to the j* leaf.
Defining G; = ¥¢;, g; and H; = ¥, h;, the objective function is written simply as:

T

1
objt = Z[ijj + E(Hj + )w? +yT. (5.24)

j=1
For a given structure of tree q(x), the best w; and objective reduction which are

used for measuring how good that structure is can be obtained by:

wi= 9 (5.25)
g Hi+ 4 '
IV G
- j
:__E T, ,
obj 2 . 1Hj+/1+y (5.26)
]=

Enumerate all the possible trees and pick the best one is not an intractable way of
solving the problem, therefore, Eq.(5.27) is used for optimizing one level of the tree a
time and in particular it is used to obtain the score gain in splitting a leaf into two leaves.
Eq. (5.27) consists of the score on the new left leaf (L), the score of the new tight leaf (R),
the score in the original leaf, and the regularization term y. In case of the gain is less than
y it would be better not to add the branch.

1[ 62 Gk (G, + Gg)?
2|H,+2 " Ha+2 H + Hy+ 2| 7

Gain = (5.27)

Using this gain information in the inclusion of the variable that measuring the gain
of including a certain variable over the whole trees network, the feature importance is
obtained from this algorithm. This characteristic is utilized in this study for proposing

new selection tool of the important scales in the CWT for forecasting streamflow.

5.1.6. Proposed modeling Schema:

In this study, two modeling schemas are used. The first schema is that the inputs
are transformed using DWT (CWT) and all the reconstructed sub time series (scales) are
imposed to the XGB and ELM (only XGB for CWT). The Second schema is that the
inputs are transformed using the CWT using the highest possible scales and all the scales
are entered into XGB while only the important scales obtained from XGB are imposed
into ELM according to their order of importance. These two schemas are applied in both

hindcast and forecast experiments (see the experiment section). In the following, the
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proposed schema is explained in detail. The framework of the proposed schema is shown
in Figure 5.1.

CWT transforms the time series in the time-frequency domain into several number
of scales for the same length of the original time series. using big number of scales
produces too many scales that in case of imposing them into any DDMs produces bad
models due to the inclusion of redundant information that deteriorates the models
performance (Galelli et al. 2014, Taormina et al. 2016). XGB as mentioned earlier, has
the ability of producing the ordered feature importance (i.e. scales in this specific study)
which shows the importance of a specific feature in modeling the dependent variables
starting with most important feature and ending with the less important. Features not
adding any gain to the model are not even shown in the importance matrix. In this study,
XGB was proposed as selection tool beside being a modelling approach itself. In both
hindcast and forecast experiment, the proposed schema is applied as in the following
manner:

- The lags of the used meteorological and hydrological variables V =
Vq, Vg, ..., Uy are transformed using CWT with the highest possible scale
128 scales.

- For every variable, 128 time series {Sy, = Syi1, Spiz, ) Spirzs, L =
1,2, ...,n} are obtained. All the scales (i.e TS = [Sv1 Sy, we Svn]) are then
entered into the XGB model as inputs and the one month ahead downstream
flow Q44 as output.

- The evaluation criteria are obtained for the XGB model for evaluating its
performance.

- The importance of the scales is obtained from XGB in order that the most

important scale is first and least important scale is last. M = (s{,’}j), where

i represent the variable, j represent the scale of that variable, and m
represents the order of the importance of the variable and that takes values
according to the number of the features/scales chosen in the importance
matrix M.

- Only the important scales are then chosen and imposed to ELM in a
sequential manner that the first model includes only the most important

scale Qppq = f(sL; ), the second model includes the first and the second
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important scales Qy41 = f(s%; s s ;7)and this procedure continuous till the
last model which contains all the scales in the importance matrix Q¢,; =
f(sgijrsgijr "'rsgilj)'

- The highest performed model is chosen with their scales to be compared

with the two others schemas; stand alone and DWT preprocessed models.
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Figure 5.1. Framework of the proposed model schema

5.1.7. Experiment
5.1.7.1. Study area and data

In order to examine the three experiments conducted in this study, a basin located
in the south east of Turkey, namly 1805 or Goksu-Gokdere was chosen (Figure 5.2). The
basin located between 37°36'07"N-38°17"20"N and 35°34'44"E - 36°06'45"E. The area
of the basins covers about 1790 km?, with steep average slope 23%, highly varying
elevation 319-2967m, and log water path 192 km.

35°IZO' 35940 36° 36"’20'

Upstream

Downstream
Interpolated Rianfall ST
——— Streams

or D>

T T
35°20' 35°40' 36° 36°20'

Figure 5.2. Study Area
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The streamflow measured at Goksu-Gokdere and upstream measured at Goksu-
Himmetli stations collected from the general directory of Water affairs which is part of
the Ministry of forests and water affairs for the period February-1973 to September-1994.
The rainfall and temperature observations were interpolated by the Inverse Distance
Weight method using 17 stations around the basin due to the non-existence of any
meteorological station inside the basin. The potential evapotranspiration was obtained
from the CruTS3.23 (i.e. locally assessed by (Hadi et al. 2017)) as the collected
observations from the general directory of Water affairs has missing values more than the

available values. The time series of the used variables are shown in Figure 5.3.

5.1.7.2. Model development

One of the main issues in time series modeling is to identify the number of lags to
be used in the model which increasing the model performance. One of the most common
method is to use Autocorrelation Function (ACF), and Cross-Correlation Function (CCF)
(Sudheer et al. 2002, Shoaib et al. 2015). The method criticized by several researchers
such as (Nayak et al. 2004, Senthil Kumar et al. 2005, Mehr et al. 2017) in that the relation
between the variables or lags of one variable could be non-linear and that cannot be
captured by ACF and CCF which are linear. Another method is to conduct a sequential
approach in which one lag is added every iteration till the model performance not
increasing or start decreasing then this lag identified as the optimum lag (Furundzic
1998). In this study, both of these methods were applied, and the optimum lags found as
2,2, 1, 1, and 1 for downstream flow, upstream flow, rainfall, temperature, and

evapotranspiration respectively.
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Figure 5.3. The time series of the variables used in the development of the models

After the determination of the optimum lags, several models combination
developed starting with the model contains only the downstream variables and the other
variables were added in the following models one by one to investigate their effect on the
modeling performance and finally a model contains all the variables was developed
(Table 5.1). It is worth mentioned that the variable in the developed model refers not to
the variable itself but to its optimum lag(s).

The normalization was applied to all the data set for every model combination

using:

X — Xmi
y=0b-a——"+a, (5.28)

max — Xmin
where x, X, and X, 4, represents the minimum and the maximum values of the variable
x respectively, a and b represents the lowest and highest values of the normalized data.

the normalization was implemented between 0.1 and 1 in this study.
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The DWT and CWT uses a mother wavelet function to transform the time series
into the time-frequency domain. There are a number of functions can be used and the
identification of the function that gives the highest performance is another task in WT-
based hybrid models. In this study, db7 and Haar (i.e. dbl) are determined as the best
functions for DWT and CWT respectively. Another important issue in DWT is the
determination of the optimum decomposition level. The 2 levels was found as best in this
study. For CWT, the 128 scales is used as highest possible scales based on the number of
data points utilized.

Two schemas were used in this study: I schema; DWT-ELM, DWT-XGB, and
CWT-XGB, II schema; CWT-XGB-ELM.

Table 5.1. The developed combinations

Combination No. Abbreviation Model Components

1 DS DS only

2 DSUS DS + US

3 DSR DS +R

4 DST DS+ T

5 DSPET DS + PET

6 DSUSRTPET DS +US+R+T+PET

DS: downstream, US: upstream, R: rainfall, T: Temperature, PET: Potential

evapotranspiration.

5.1.7.3. Stand-alone experiment

The first experiment is to forecast the one month ahead downstream flow using the
bare models without WT. In this experiment the lagged variables are imposed to the XGB,
and ELM directly as inputs and one month ahead flow as output. In terms of dividing the
time series, the normalized data divided into 75% for training and 25% for testing and
that is obviously forecasting because of the inclusion of the Q;,; as output and taking the
first model combination as example the inputs are the current Q; or one month earlier

Q;_, downstream flow.

5.1.7.4. Hindcast experiment
A large number of studies which apply a WT-based hybrid models used a hindcast
experiment and incorrectly name it as forecasting (Zhang et al. 2015, Du et al. 2017). In

hindcast experiment, all the data set are transformed with WT and then divided into
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training and testing subsets to be imposed after that to the DDMs. The framework of the

hindcast experiment is shown in Figure 5.4 and the steps are:

1.

After obtaining the optimum lags and normalizing them, a set of variables
are obtained for every model combination V = vy, v,, ..., v,.

Decompose the normalized lags of the variables using a certain mother
wavelet, a specific decomposition level for DWT, and the highest possible
scale for CWT. For DWT, the decomposed coefficients are reconstructed to
obtain the sub time series namely A;, and Dy, D5, ..., D; a set of sub time
series are obtained for each variable St = {Aj,Dl,DZ, «,D;}, j is the
decomposition level. For CWT, {Si* = sy11, Spiz, ooes Spijp i = 1,2, ..., 1},
where j is the highest possible scale and s,;; is a vector of the coefficients
of first scale of the i variable.

The sub time series/scales for all variables are gathered TS =
[SHVE swt | SawL]) TSWt = [Sewt sewt | Sevt]) for DWT and CWT

respectively and divided into two subsets 75% for calibration TSEVE

(TSEWE) and 25% for testing TSAWE (TSEWE) for DWT (CWT).

For the second schema, the TSW! (TSSWE) are imposed as inputs into
ELM and XGB for training and Q.1 cqiip as output, and then the models
with the best parameters are chosen. The TSEY (TS&wt) and Qpyqtese 1S
imposed into the best models for testing and the evaluation criteria are
obtained. In the third schema, the proposed model (the details are in
Proposed modelling schema section) is applied in which the feature

importance obtained from XGB is utilized that shows the importance of the

1 2

scales in order Sy;;, Sy;j, -, Spi; where 1 is the highest important scale while

m is the least important scale. The training of ELM uses the matrix consists

of only the important scale of the calibration subset TSCw-Pes =

cwt,best

cwt,1 ~cwt,2 cwt,m . .. .
[S. S S ] and the testing is implemented using TS, ¢,

vij vij vij
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Figure 5.4. The framework of the hindcast experiment

5.1.7.5. Forecast experiment
In this experiment, a real forecast experiment is conducted by not including any of
the future information in the model. The framework of the forecast experiment is shown
in figure 5 and the steps are:
1. After obtaining the optimum lags and normalizing them, a set of variables
are obtained for every model combination V = v,, v, ..., v,.

Divide the data into two subsets 75% for calibration V4,5 and 25% for

testing Vrgsr. The targets Q;,, are also divided into 75% for calibration

Qt+1,CALIB and 25% to get Qt+1,TEST~
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3. LetVcarp and Q¢41 cavip > series denoted by 1,2, ..., k.

4. Decompose the V4.5 using a certain mother wavelet, a specific
decomposition level for DWT, and the highest possible scale for CWT. For
DWT, the decomposed coefficients are reconstructed to obtain the sub time
series namely A;, and Dy, Dy, ..., D;j. A set of sub time series are obtained for
each variable SVt = {Aj,Dl, D,, ... ,D-}, J is the decomposition level. For
CWT, {S5t"" = Syi1, Spizs s Spijpi = 1,2,...,n}, where j is the highest
possible scale and s,;; is a vector of the coefficients of first scale of the i*"
variable.

5. The sub time series/scales for all variables are gathered TSt =
[Spt sawt | Sawt]) TSWt = [gewt gewt ety for DWT and CWT
respectively and divided into two parts 75% for calibration TSEWE (TSEWE,
and 25% for testing TSEY (TSEYE) for DWT(CWT). The target Q;11 caLis

also divided into Q41 cquip and Qp41 tese With the same percentages.

6. For the second schema, the TSIWE (TSEWE ) are imposed as inputs into

ELM and XGB for training and Q.1 cqiip as output, and then the models
with the best parameters are chosen and tested using TSEYE (TSEYE) and
Qt+1,test~

7. In the third schema, the proposed model is applied in which the feature
importance obtained from XGB implemented in step 6 is utilized. The
training of ELM uses the matrix consists of only the important scale of the

. . cwt,best __ cwt,1 ~cwt,2 cwtm
calibration subset TS ;= [Syij Syij Spij

] and the testing is

cwt,best

implemented using T'S, ¢,

8. Inboth schemas the first value in the Vg is appended into V4, ;5 to obtain
a series V,q;ip have a length of 1 — k + 1.

9. The V,4p 1s decomposed using the same mother wavelet, decomposition
level, and highest possible scale. The last value of the decomposed series
TS& 5 ka1 (TSEX 1B k+1) Is imposed in the models obtained from 6 and 7
to predict the Q41 carrp k+1value and save the predicted value.

10. Append the first value from Vyggr into Veypp and from Qpiq rpsr into

Q¢t+1,caLip to obtain series with lengths 1,2, ..., k + 1.
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11. The steps 1 — 9 is repeated till all the Viggr 1s appended into Vg ;5.

12. The evaluation criteria are determined.
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Figure 5.5. The framework of the forecast experiment

5.1.8. Evaluation Criteria
Performance of the models evaluated by the use of two measurements known as

root mean square error (RMSE) and coefficient of determination (R?).

L(Qi-0) (5.29)

RMSE =
N
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where N is the number of the samples, Q is the observed values and Q is the estimated

values from the model. RMSE has the same unit of (Q) and should be as low as possible.
The coefficient of efficiency (CE) is also known Nash-Sutcliffe coefficient (Nash

et al. 1970). CE) is calculated as follows:

%1(Qi — é_i)z , (5.30)

i=1(Qi — Q)?

where Q is the mean of the observed sample points. The values of CE varies between -oo

CE=1-

and one. The value of one denotes a perfect model while the value of zero denotes that
the model is not giving different value from the mean of the observed data, and negative
values indicate that the mean of the observed data is a better estimator than the model

(Dawson et al. 2007).

5.1.9. Results and Discussion

The stand-alone experiment consists of imposing the normalized lags of the
different combination into the model as inputs and the one month ahead downstream flow
Q41 as output after the division of the data set into calibration and test subsets. In this
type of modelling, the future information is not included and considered as forecasting as
no decomposition applied on the original time series. The results of the two methods ELM
and XGB are listed in Table 5.2 and Table 5.3. The ELM results indicate that including
any of the lags of the variables beside the lags of the downstream flow (i.e. DS
combination) increases the performance of the model in general. Although including the
lags of all variable (i.e. RTPETUSDS combination) increasing the performance in
comparison to the DS combination, the model contains the PET beside DS (i.e. PETDS
combination) has the highest performance combination. Using XGB also shows that
including other variables with the DS increases the performance of the models but the
highest performance is for the combination that consists of all the variables (i.e.
RTPETUSDS combination) and not the PETDS combination as in ELM. XGB
outperforms the ELM mostly in the calibration subset indicating overtraining and that is

normal in tree-based models which need careful parameter tuning.
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Table 5.2. The CE and RMSE of the stand-alone schema of ELM method

Calibration Testing
Comb CE RMSE (m3/s) CE RMSE (m3/s)
DS 0.539 37.135 0.504 23.195
USDS 0.648 32.427 0.603 20.740
RDS 0.626 33.436 0.579 21.365
TDS 0.710 29.429 0.662 19.131

PETDS 0.789 25.141 0.680 18.635
RTPETUSDS 0.751 27.282 0.676 18.739

Table 5.3. The CE and RMSE of the stand-alone schema of XGB method

Calibration Testing
Comb CE RMSE (m3/s) CE RMSE (m3/s)
DS 0.661 31.844 0.369 26.152
USDS 0.768 26.309 0.535 22.454
RDS 0.711 29.393 0.414 25.198
TDS 0.772 26.082 0.633 19.946
PETDS 0.831 22.493  0.594 20.986
RTPETUSDS 0.861 20.394 0.630 20.021

In both hindcast and forecast experiments two schemas are implemented; I schema
in which the data decomposed using DWT (CWT). In this schema CWT-ELM is not
applied as the number of inputs is huge and that deteriorates the performance
dramatically. The II schema is proposed in this study in which the only the important
scales of the CWT obtained by XGB are included in the model and the hybrid model
produced is CWT-XGB-ELM. The hindcast experiment is implemented in such a way
that the inputs are decomposed and divided into calibration and testing subsets to be then
imposed into ELM or XGB. The results of the four hybrid models of this experiment is
shown in Table 5.4. The use of DWT as preprocessing increased the performance of the
models dramatically in comparison with the stand-alone models especially with ELM
who performed better than XGB. The use of CWT-XGB hybrid method behaved better
than the use of DWT with XGB in DWT-XGB and better than the stand-alone models.
The proposed hybrid model CWT-XGB-ELM has the highest performance in all models
with highest accuracy in the PETDS combination 0.987 and 0.973 CE and 6.182 m?/s and

5.413 m¥/s for calibration and test respectively.
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Table 5.4. The CE and RMSE of the hindcast experiment

DWT-ELM DWT-XGB CWT-XGB CWT-XGB-ELM

Calibration Test Calibration Test Calibration Test Calibration Test
con e BEE o O o DS o DS BEE o BEE o REE o O
DS 0.965 10.176 0.944 7.783 0.931 14.410 0.841 13.113 0.927 14.753 0.831 13.548 0.986 6.480 0.978 4.910
USDS 0.962 10.704 0.948 7.444 0.929 14.594 0.818 14.067 0.929 14.521 0.825 13.781 0.974 8.820 0.955 7.017
RDS 0.963 10.489 0.925 8965 0.931 14370 0.797 14.842 0.936 13.867 0.862 12.234 0.981 7.540 0.974 5.330
TDS 0.967 9969 0.946 7.624 0.931 14370 0.797 14.842 0.939 13.552 0.875 11.652 0.981 7.483 0.966 6.078
PETDS 0.959 11.101 0.942 7.859 0.929 14.520 0.797 14.841 0.936 13.824 0.881 11.352 0.987 6.182 0.973 5.413
RTPETUSDS 0.970 9.552 0.943 7.795 0.933 14.121 0.830 13.569 0.947 12.560 0.827 13.694 0.963 10.544 0.950 7.337




The reason of this dramatic increase in the hybrid models is that the decomposition
and reconstruction of the times series imposes some amount of the future information into
the model. This information is included in the decomposed time series due to the
convolution process of the original time series with the filters.

In the forecast experiment, the modelling is done in such a way that to forecast the
coming month all the inputs till the previous month is used for calibrating a model after
the decomposition and these inputs till the current month is decomposed and imposed to
the calibrated model for forecasting as in reality the data only up to the current month is
existing. This procedure depends greatly on the ends of the decomposed time series which
is really affected by the border effect. The results of this experiment are shown in Table
5.5. According to these results, the performance of all the combinations deteriorated in
comparison to the stand-alone experiment. The DWT-ELM has shown the highest
performance among all others in this forecast experiment. The proposed model CWT-
XGB-ELM has the worst performance while in the hindcast experiment it showed a
dramatic increase in the performance. This deterioration in the proposed model caused
by the high distortion at the ends of the CWT-based transformed coefficients resulted
from the boundary effect.

Table 5.5. The CE and RMSE of the forecast experiment

DWT-ELM  DWT-XGB CWT-XGB CWT-XGB-ELM

RMSE RMSE RMSE RMSE
Comb  CE (3e) B myey F myy F O (m3n)
DS 040 2611 036 27.05 -009 3521 024  37.62
USDS 031 2793 034 27.50 -0.15 3614 -124  50.57
RDS 041 2591 -035 3921 -0.06 3470 -033 3891
TDS 046 2482 052 2328 -0.15 3618 -239 6217

PETDS 049 2421 047 2449 -020 37.05 -2.11 59.57
RTPETUSDS 0.44 2527 -0.11 3549 -0.92 46.80 -0.92 46.80

The fitted values of the best performed models of the three experiments are plotted
versus the observed values in Figure 5.6. The figure shows almost perfect agreement of
the points with the best fit line for the hindcast experiment but that has been proved as
incorrect application of the WT-based hybrid models. For forecasting, only 56 points are
shown as only these values were forecasted while precedent used for calibration. The

agreement of these points with the best fit line is much worse than the stand-alone
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experiment. In brief, the use of WT in both DWT and CWT deteriorates the models

performance and stand-alone models outperform hybrid models.
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Figure 5.6. The forecasted versus the observed downstream flow for the best model in each experiment.
SA: Stand-alone, HC: Hindcasting, PM: Proposed Model, C05: combination number 5, FC:
Forecasting

The most important issue in WT-based models is the issue of the border effect on
the finite time series which is the case of the hydrological time series and not only
streamflow. Therefore, the decomposition of the time series before the division is an
inaccurate practice of forecasting as some of the future information is included in the
modeling due to the convolution. In a real example, if the streamflow of the current month
to be forecasted no future information is existing as the data is recorded up to that month.
Therefore, we have to decompose the time series and include all the previous records in
this decomposition in order to then impose them into any DDM for forecasting. In this
case, the ends are treated differently according to the method of the border effect used.
These distorted ends are not included in the hindcast experiment. In fact, they are included
only at the end of the whole original time series which is not the real case. Therefore, a
real forecast experiment is conducted here.

For showing the effect of the border effect which leads to the dramatic decrease in
the performance of the real forecasting models, a difference analysis is conducted. For
DWT, level 2 is used which produces 3 reconstructed subseries: 1 approximation A and
two details D1, D1. The sub time series of the 200 months and the 265 months is plotted
in Figure 5.7. The difference between 200 sub time series and the first 200 steps of the

256 sub time series of the downstream flow shown in Figure 5.8 indicates that there are
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differences at the end of the series due to the border effect. These differences varies based
on the border effect method used which arises in dealing finite time series (Zhang et al.
2015). As the best wavelet function found is db7 for this study, the filter length is 14.
According to that, the number of the different values in D1 is 12 and in D2 and A2 is 36.
The calculation of the number of different values can be found in detail in (Du et al.

2017).
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Figure 5.7. The reconstructed sub time series of the downstream flow using DWT with level 2
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Figure 5.8. The difference between the first 200 steps of sub time series of the downstream flow using DWT
with level 2 for 200 and 256 months

For CWT, the time series were transformed using 128 scales for every variable.
Using the proposed method, the importance matrix of the most important scales involved
in the modeling process is obtained using XGB. According to the results of this
importance matrix, the 5" scales of the fist lag of downstream flow Q, was found as the
most important scale in all models combinations (Table 5.6). Therefore, the comparison
of the 200 and 265 time series is conducted here on this scale only. Haar (i.e. db1) which
has a filter length of 2 found as the best function of the CWT analysis. The transformation
of the original time series (scale 5 is shown in Figure 5.9) leads to same issue of the
different values at the end of the decomposed finite time series. As the filter length is only
2, there are only three different values between the 200 and 256 decomposed coefficients
and the differences have very high magnitudes . The differences in this case is much
higher the differences in the case of DWT, and that leads to a dramatic decrease in the

performance of the CWT models in comparison with DWT models.
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Table 5.6. The importance matrix of the CWT scales obtained by XGB. The value in the brackets represents

the scale
Im. Rank DS USDS RDS TDS PETDS RTPETUSDS
1 DSw1(5) DSei(5) DSwi(5)  DSwi(5) DSwi(5) USt1(4)
2 DSu1(8) USwi(4) DSw2(3)  DSwi(8) Dswi(7) DSc1(5)
3 DSi2(3) USi2(10)  DSwi(8)  Dsei6) DS:1(8) DSi2(3)
4 DSu1(7) DStz (1) DSwi(6) DSwi(7) DSe2(1) USi2(6)
5 DSi1(6) USi2(7) DSi2(1) DSwo (1)  DSe2(3) DSi2(1)
6 DSi2(1) DSi2(3) DSi2(11) DSiz2(4) DSwi(6) USi2(7)
7 DSi2 (4) USk2 (8) DSi2 (3) PETwi(11) USi2(12)
8 DSi2 (9) DSt (8) USi2(10)
9 USi2 (5) USe2(5)
10 DS 1 (6) DS+ (2)
11 Usw1 (1)
200 .
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Figure 5.9. The coefficients of 5th scale of the downstream flow using CWT
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5.1.10. Conclusion

In this study, three experiments are applied stand-alone in which no WT is applied,

hindcast experiment where DWT (CWT) is applied to the time series to be then divided

into calibration and testing before entering them into ELM or XGB, forecast experiment

in which the data is divided and then after the model is trained with the decomposed first

subset a value is added from the second subset to the first subset to be decomposed and

entered to the ELM or XGB to implement real forecast. In both hindcast and forecast

experiment, a new proposed hybrid model is proposed in which the importance matrix

that show the importance of the features (i.e. scales in this study) is utilized to choose

only the important scales to be imposed into the ELM. According to the results obtained,

several points are remarked:

The use of WT-based hybrid models increases the performance of the
models in hindcast experiment due to including some amount of the future
information resulted as consequence of time series convolution.

WT-based hybrid models in the forecast experiment deteriorates the
performance of the models and the stand-alone models performs better and
that mostly due to the border effect which distorts the ends of the
decomposed time series.

In hindcast experiment, the distortion at the ends of the decomposed finite
time series caused by the border effect is involved only at the end of original
time series while in the forecast experiment which is considered as real
forecasting is involved in forecasting every value in the testing subset.

The proposed hybrid model that using XGB as selection tool in addition to
being a modelling approach itself has dramatically improved the
performance of the hindcast experiment but not the forecast experiment. So,
it has the potential to be applied on other applications of reducing the
number of features imposed into the modelling approach.

The use of metrological and hydrological variables such as temperature, and
potential evapotranspiration beside the lagged streamflow, which is

essential for auto regression, improves the performance of the models.
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CONCLUSION

The main objective of this study is to propose a new hybrid models that improve
the streamflow forecasting and especially the monthly streamflow which is less
predictable than the daily. Due to the unavailability of the required data several steps had
to be done before the main objective. One of the most important steps is the spatial
interpolation which is done due to that one of the used basins in the study has no station
located inside the basin therefore, using several stations around the around it the rainfall
and temperature can be interpolated. The evaluation of eight interpolation methods is
conducted and IDW with a power of three is identified as the best modeling of rainfall
and temperature which then used for interpolating value in the missing station.

The evapotranspiration data collected from the official department has missing
values more than the recorded values. Therefore, the use of this data is impossible. A
global data set extends from 1901-2015 namely CRUTS is utilized for obtaining the
potential evapotranspiration to be used in the models. But evaluating these data in a local
scale is an essential step in this case. Therefore, the evaluation is implemented, and the
results indicates that these dataset is reliable and has a very high agreement with the
observed data.

Another important issue in modelling is to explore the trend and the stationarity of
the data. This exploration is done in two scales: national scale and local scale. The
national scale is conducted for the whole Turkey for each province using CRUTS data
covering the period 1901-2014. The results indicate that in general rainfall has an
insignificant increasing trend while temperature is increasing significantly over the whole
Turkey. The local scale study conducted for the period 1973 -2000 which the period of
the available streamflow data. The rainfall and streamflow data were found as
homogeneous using several homogeneity tests and most of the stations has either
increasing or decreasing trend but mostly not statistically significant.

Having the preliminarily steps accomplished the main objective was started with
daily streamflow modeling using several DDMs including AR, ANN, ANFIS, SVM. In
this study, only the lagged streamflow used. As three basins used in this study, the effect
of the physical characteristics of these basins on the model’s performance was also
investigated. The ANN indicates the highest performance among the four methods.
However, in some cases, the ANN and SVM are indicated to obtain close results.

Simultaneously, the SVM performed better than AR and ANFIS when the latter indicates
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the least performance among all stations. The ANN outperformed all methods in
forecasting peak flood values with the close result to SVM, which is far from the least
performance obtained by AR, which is less than ANFIS. The physical characteristics,
such as small area, high variation in elevation, and high slope, significantly deteriorate
the model performance, although the methods are data-driven models. These physical
characteristics can support the evidence of the deterioration or improvement in the
forecasting accuracy regardless of the applied data-driven model.

The one day ahead streamflow is giving high accuracies in comparison to the
monthly and even seven days ahead. Therefore, a hybrid model is found important to
improve the forecasting ability. As most of the studies uses DWT as preprocessing, in
this study a combination of CWT and DWT is proposed for improving the seven day
ahead. Only the scale with the highest correlation with the streamflow is used from CWT
while all the sub time series of DWT is used. CWT improves only the models that
contains only the rainfall and temperature in which the single models have very low
accuracy, but not those which includes the delayed streamflow in which the accuracy
higher while in the other models in which the streamflow is included the use of DWT is
greatly giving higher accuracy. The combination of the CWT which applied on the
rainfall and temperature only and DWT which applied on the streamflow only namely
Discrete-Continuous-Wavelet transformation (DCWT) improved several models in
comparison with DWT; especially those models include rainfall and used with ANN, but,
the models imposed to the SVM had a deteriorated performance and that due to the
unexpected behavior of SVM with the use of CWT in general. ANN again outperformed
ANFIS and SVM and ANFIS has higher accuracy than SVM.

Monthly streamflow is less predictable than daily which brings the need of another
approach to improve the forecast. In the forecasting of seven days ahead, the best-scale
layout is used and it improved the performance due to the high linear correlation which
is higher than the original variable but using linear correlation is not sufficient in the
existence of non-linearity. Therefore, a new hybrid model is proposed that Multi-Gene
Genetic Programing (MGGP) which has the ability to produce a formula for the
prediction is used to obtain the important scales of CWT that appears in the that formula.
Then, only the chosen scales are imposed into ANN for one month ahead forecasting. A
hybrid model CWT-MGGP-ANN is developed. Therefore, the proposed model WMGGP

improved the performance dramatically. The most important point is that the fluctuation
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in the streamflow represented by peak values are well forecasted due to the fact that the
chosen scales include the sufficient seasonality and irregularity information. According
to this study, the restriction of using the CWT as pre-processing tool due to the high
number of scales and redundant information for predicting the monthly streamflow is
avoidable.

Another hybrid model was proposed in which XGB. XGB being a tree-based model
has the ability of producing feature importance matrix that shows the importance of the
scales in order starting with the most important and ending with the least important scales.
Therefore, XGB is utilized as a selection tool of the most important scales of the
preprocessed time series with CWT and these scales are imposed into ELM as modelling
approach. In the literature including the proposed model, the application of WT in both
DWT and CWT is considered as hindcast modelling and not forecasting. In other words,
the WT is applied incorrectly in the applications of forecasting. Based on that, two
experiments were conducted: Hindcast and Forecast experiment. In hindcast experiment
the time series is decomposed, divided into calibration and test, and then imposed into
the model (XGB or ELM). In the forecast experiment, the data till the current date is
decomposed and used as calibration, and for forecasting the next month value is added to
the time series and decomposed to use it for the prediction. The hindcast experiment is
sending some amount of the future information into the models which is an incorrect
application as the real forecast is done with not future information. According to the
obtained results, the conclusion is derived as follow:

- The use of WT-based hybrid models increases the performance of the models in
hindcast experiment due to including some amount of the future information
resulted as consequence of time series convolution.

- WT-based hybrid models in the forecast experiment deteriorates the performance
of the models and the stand-alone models performs better and that mostly due to
the border effect which distorts the ends of the decomposed time series.

- In hindcast experiment, the distortion at the ends of the decomposed finite time
series caused by the border effect is involved only at the end of original time series
while in the forecast experiment which is considered as real forecasting is
involved in forecasting every value in the testing subset.

- The proposed hybrid model that using XGB as selection tool in addition to being

a modelling approach itself has dramatically improved the performance of the
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hindcast experiment but not the forecast experiment. So, it has the potential to be
applied on other applications of reducing the number of features imposed into the
modelling approach.

The use of metrological and hydrological variables such as temperature, and
potential evapotranspiration beside the lagged streamflow, which is essential for

auto regression, improves the performance of the models.
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