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Preface

A hydrological system is highly complex in nature with all processes within the
system constituting dynamic and nonlinear interaction of several variables. Data-
based soft computing techniques are emerging in the field of hydrology since the
last couple of decades. Various developments in the recent data-driven soft com-
puting models have shown their immense modelling capabilities amidst scarce and
erroneous input space, such as models that are tolerant to imprecise and uncertain
inputs. The notion and success of data-driven models depend on their learning
capability from the given data set and on their capability to translate to useful
information. Despite the growing advancements in data-driven approaches in
hydrology, there are concerns on points like multi-collinearity, input selection,
training data length selection, required data frequency for best modelling, model
complexity control and modelling extreme values.
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The aim of this book is a comparison of a number of state of art and traditional
input selection approaches and specific data-driven models in different case studies
considering the above-mentioned data-driven issues in hydrology. The structure of
the book is as follows: Chap. 1 introduces modelling concepts and provides a
review of data-driven modelling in modelling themes like rainfall-runoff dynamics,
solar radiation and evaporation modelling. Chapter 2 starts with a brief detail of
hydroinformatics and then addresses some of the data-based modelling issues in
hydrology. This chapter reminds the need to evaluate existing hypothetic
assumptions on various data-driven models including ANNs. Chapter 3 briefly
discusses various novel approaches in data selection methods. The novel approach
called the Gamma Test is described along with other mathematically sound tech-
niques like Entropy Theory, Cluster Analysis, PCA, BIC and AIC. Towards the end
of this chapter conventional data splitting and correlation approaches are described
for the totality of the chapter. Chapter 4 includes details of data-driven artificial
models and hybrid forms of these models that are intensively used in the field of
hydrology, environment and other earth sciences. The chapter also describes con-
ventional artificial intelligent techniques to investigate different aspects of the
hydrological cycle. Conventional linear data-based techniques like ARX and AR-
MAX are described in the early part of the chapter. Following that, traditional ANN
architecture is described along with different training algorithms adopted in this
book for modelling. This chapter also deals with three other major nonlinear
modelling techniques like Adaptive Neural Fuzzy Inference Systems (ANFIS,
Support Vector Machines (SVMs) and Local Linear Regression (LLR). Discrete
wavelet transforms (DWT) and its hybrid forms with ANNs, ANFIS and SVMs are
briefly described.

Chapters 5–7 are case studies which incorporate all concepts and approaches
described in Chaps. 2–4. Chapter 5 deals with a case study on data-based modelling
on solar radiation estimation. This chapter draws different comparisons of working in
data selection approaches (Gamma Test, Entropy theory, AIC (Akaike’s information
criterion) / BIC (Bayesian information criterion)) in solar radiation modelling. The
modelling outputs of the proposed models and conventional models are discussed in
detail after comparison with the observed measurements. The chapter deals with
operations and applications of Conjugate Gradient ANNs and Levenberg–Marquardt
ANNs along with other higher degree data-based models (ANFIS, SVM, wavelet
hybrid models). Similar investigation is carried out in Chap. 6 in which the case study
theme is rainfall-runoff modelling. This chapter also illustrates input redundancy
checking and identifies the best data interval for rainfall-runoff dynamics modelling
for the study region of the River Brue catchment. The next case study is evapo-
transpiration modelling; this is described in Chap. 7. In this theme we have tried to
incorporate an analysis of different standard models of reference evapotranspiration
along with data-based artificial intelligence models. The first few sections of this
chapter are devoted to the results obtained from different Penman Montienth models
in comparison with the newly proposed ‘Copais Approach’. In later sections the
results obtained from the data-based models are discussed in detail. We have also
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introduced a unique final chapter, Chap. 8, in which we introduce a novel Monte
Carlo (MC) technique called Statistical Blockade (SB), which focuses on signifi-
cantly rare events in the tail distributions of data space and modelling. A case study
modelling from a Himalayan river basin is introduced and compared with the results
from that of ANNs and SVM in this chapter.

Cranfield, UK Renji Remesan
Bristol, UK Jimson Mathew
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Chapter 1
Introduction

Abstract In addition to classical physical/conceptual hydrological models at
various complexity levels, data driven modelling tools are available in hydrological
literature for last two decades to solve various complex issues in water resources
and environmental science. “All models are wrong; some are useful.” This quo-
tation is meaningful in a data based hydrological modelling context due to the
presence of different unsolved queries and deliberate assumptions. In a rush to
develop interesting soft-driven models to solve differ processes issues, researchers
often neglected or avoided in-depth researches on multi-collinearity, input selec-
tion, training data length selection, assuming that soft computing models have an
intrinsic capability of managing extra errors caused by this negligence. Four case
studies are illustrated in this book. These illustrate different model selection
approaches and rigorously evaluate these approaches with state-of-art models
through detailed and comprehensive experimentation and comparative studies. This
chapter also aims to have a quick look into the critical points of current knowledge
and or methodological approaches on data based modelling in hydrology and Earth
sciences.

The hydrological cycle describes the natural phenomenon of continuous movement
and changes of the state of water between the atmosphere and the earth. In mod-
elling aspect, the hydrological cycle can be considered as a closed system because
there are no external inputs or outputs of water to or from the system. The water
movement from the earth’s surface to the atmosphere is supported by solar radia-
tion, while the water movement at and below the surface of the earth is mainly
driven by gravity. The major processes in the hydrological cycle are illustrated in
Fig. 1.1. The natural phenomena that make up the hydrological cycle are: the
transfer of water, in its gaseous phase from land to the atmosphere (evapotrans-
piration), water transfer in its solid or liquid phases from the atmosphere to the land
surface in the form of precipitation and land based phenomenon runoff, storage,
infiltration and other processes shown in the Fig. 1.1. In short, solar radiation acts as
a driving force of atmospheric phenomenon and gravity controls processes occur-
ring at the land phase.
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The interdisciplinary science of hydrology is closely connected with human
society and life of living beings, as water is the vital resource for survival. All kinds
of personal, domestic, recreational, industrial, agricultural, luxurious needs of
human society are closely connected with water usage and management. On the
other hand, water poses serious threats to humanity in many forms, such as floods,
drought, climatic change. This situation points to the necessity of a strong rela-
tionship between human society and water resources, through effective and prac-
tical applications of development, planning and management of this precious
natural resource. Though, the process appears very simple from the outside, the
subject is very vast and complex, due to the huge variety of processes involved,
occurrence of these processes in different temporal and spatial scales and their
interactive response on and with other environmental components. For the purposes
of simplification and gaining a detailed insight into the hydrological details of the
processes, hydrological models were introduced in the early second half of the 20th
century with conceptual representations of the whole or a part of the hydrologic
cycle.

Fig. 1.1 Pictorial representation of hydrological cycle
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1.1 Modelling in Hydrology

The known history of hydrology began around 5,000–6,000 BC. Evidence of this
can be seen from the construction remains of canals, levees, dams, subsurface water
conduits, and wells found in the Nile region of Egypt and Indus region of India.
Nile river flow was monitored by the Egyptians as early as 3,800 years ago and one
famous Indian scholar Kautilya used rainfall measuring instruments approximately
2,400 years ago [32]. The Roman architect Marcus Vitruvius made the first attempt
to give a philosophical definition to the theory of the hydrologic cycle. More
scientific studies on the hydrologic cycle were initiated in the seventeenth century,
by the French scholars Pierre Perault and Edme Marriotte. By 1700, a British
scientist Edmund Halley contributed to the work of Perault and Marriotte by esti-
mating the quantity of water involved in the hydrologic cycle of the Mediterranean
Sea and surrounding lands. The term “hydrology” received acceptance among
scholars in its current meaning by around 1750 [68]. The eighteenth century wit-
nessed the application of mathematics in hydrology and development of new
dimensions of hydrology named fluid mechanics, and hydraulics by scientists like
Pitot, Bernoulli, Euler, Chezy, and many more. The understanding of hydrological
cycle and processes involved were solidified by the work of a British chemist John
Dalton by the year 1800 [24]. The ground breaking innovation in hydrology
occurred in the 18th century with the work of the Dutch-Swiss mathematician
Daniel Bernoulli, which included the Bernoulli piezometer and Bernoulli’s equa-
tion. The 19th century saw the development in groundwater hydrology, including
Darcy’s law, the Dupuit-Thiem well formula, and Hagen-Poiseuille’s capillary flow
equation. Hydrology had a close connection with civil engineering from the early
days of development. During the 19th century, researchers started examining
relationships between precipitation and stream flow. That information was used as a
guideline for designing bridges and other structures. Daniel Mead published the
first English-language text in hydrology in 1904 and Adolf Meyer followed with his
text in 1919. Both publications were written for civil engineers. Rational analyses in
hydrology began to replace empiricism in the 20th century and many organizations
like International Union of Geodesy and Geophysics (1922), Hydrology Section of
the American Geophysical Union (1930), which promotes researches in hydrology,
were set up in the first half of the 20th century [55]. The second half of the 20th
century witnessed the diversified application of techniques in the field of hydrology
which includes statistical applications and artificial intelligence. Even now, in the
21st century, hydrology is developing day by day adding new concepts and
approaches. The hydrological community is eagerly waiting for new breakthroughs
and eminent deviations in hydrological science.

Hydrological models are mathematical representations of part or whole of the
hydrological cycle in which processes involved in the transformation of climate
inputs, such as precipitation, evapotranspiration, solar radiation and wind, through
atmospheric, surface and subsurface transfers of water and energy into hydrological
outputs like runoff, water level, etc. Singh and Woolhiser [83] define hydrological
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modelling as the discipline that tries to quantitatively describe the land phase
processes of the hydrological cycle. In a general conceptualized form, a hydro-
logical model attempts to produce a desirable model response (e.g.: runoff) which
describe the physical features of the hydrological system considered on a given
forcing data (e.g.: rainfall, snow, temperature, solar radiation, evapotranspiration
and wind velocity). The model may have two types of parameters: (i) physical
parameters (which directly represent physical properties of the system and normally
these quantities are measurable e.g.: catchment area, gradient, drainage length); (ii)
process parameters (not directly measurable e.g.: depth of vadoze zone, soil depth,
water holding capacity). The outputs or model responses are dependent upon the
system defined by the modeller and the scope of the modelling. There are different
kinds of models available, depending on which section of the hydrological cycle is
taken as the subject of interest. Examples are, river runoff, and catchment overland
flow, in the case of rainfall-runoff (RR) models, or groundwater flow and
groundwater table elevation for groundwater (GW) models, extraterrestrial radiation
and surface radiations in the case of solar models and evaporation and evapo-
transpiration in case of process models.

1.1.1 Model Classification

One can find different types of model classifications in literature depending on the
different criteria of consideration. A comprehensive review of the existing and recent
hydrological models can be found in Singh and Woolhiser [83]. However, as per
degree of conceptualisation of the involving processes, models can be broadly
classified into deterministic and stochastic models. Another meaningful classifica-
tion is based on physically-based (white-box), conceptual (gray-box) and system
theoretic (black-box) models. White box models are deterministic in nature and are
made in a physically realistic manner, considering all internal sub processes and
physical mechanisms involved in the phenomenon of the hydrological cycle. But, in
most of the situations, practical reasons like data availability and calibration issues
force the researchers to go for simple physically based or conceptual models with
lumped representation of parameters or system [44]. This leads to another classifi-
cation based on the spatial resolution at which the processes are described as: dis-
tributed, semi-distributed and lumped. The lumping could be a “structural lumping”
of the study area or an “empirical lumping” of the dominant processes of interest
[62]. The Sacramento soil moisture accounting (SACSMA) model of the US
National Weather Service is the best example of a successful and widely used
lumped model. In distributed models the hydrological processes are represented with
a varying degree of high resolution in space and, in most cases, the model variables
and parameters are also defined as functions of the space and time dimensions. But in
the case of simple representation of lumped models, the hydrological system is
represented as a unit block in which the varying properties are spatially averaged.
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In semi-distributed models, the whole hydrological system is divided into different
blocks, each represented by a lumped model. Even now, serious debate is taking
place in the research community to establish the success rate of lumped models over
complex distributed models and vice versa. Though, the conceptual and physics
based models have given greater accuracy in terms of hydrograph modelling, there
were still many issues to be further addressed by many researchers. Those difficulties
include implementation and calibration difficulty, the vast amount of calibration data
and the need of sophisticated tools etc. [29, 30, 87, 103].

1.2 Stochastic Modelling Case Studies in This Book

This book focuses on four major components in the hydrological cycle: solar
radiation, precipitation (rainfall), evapotranspiration and runoff. These are illus-
trated as four case studies towards the end of this book. The following section gives
the current modelling status in rainfall-runoff modelling, solar radiation modelling
and evapotranspiration modelling.

1.2.1 Data Driven Rainfall-Runoff Modelling

Rainfall-runoff is a very complicated process due to its nonlinear and multidi-
mensional dynamics. Hence it is difficult to model. The ASCE Committee on
Surface-Water Hydrology (1965) introduced a new discipline incorporating statis-
tical consideration into hydrology named “Stochastic Hydrology”, defining “the
manipulation of statistical characteristics of hydrologic variables to solve hydro-
logic problems on the basis of stochastic properties of the variables”. This attempt
has made a drastic change in the conventional direction of research and has
encouraged many researchers to explore further the statistical and stochastic
properties of hydrologic time series which have definite physical causes. An
extensive review of the several types of stochastic models proposed for operational
hydrology can be found in Lawrance and Kottegoda [58], Franchini and Todini [34]
and Bras and Rodriguez-Iturbe [17]. Most of the black-box models include sto-
chastic components and just relate outputs to inputs through a set of empirical
functions, mathematical expressions or time series equations. The success rate of
these data based stochastic models always encouraged hydrologists to implement
simpler system theoretic models than the troublesome physics based or conceptual
model, which demand more implementation and calibration effort but with the
quality of the results comparable to the early mentioned stochastic models. In the
early days, research concentrated more on Autoregressive (AR) and mixed Auto-
regressive and Moving Average (ARMA) models [16]. Later, linear time series
models like ARX (auto-regressive with exogenous inputs) and ARMAX
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(auto-regressive moving average with exogenous inputs) models [16] have gained
more attention because of their satisfactory prediction performance and easy
implementation procedure. The research conducted by [17, 88] has demonstrated
the success of these linear models in different applications. Inability to represent the
nonlinear dynamics inherent in hydrological processes was considered as the
serious disadvantage of the above mentioned models [44]. The researchers quest for
models which incorporate nonlinearity of the system with relatively short imple-
mentation effort, led hydrology to nonlinear pattern recognition and system control
theory borrowed from electronics and communication engineering stream. In the
early 1990s, much research was carried out in hydrology utilising the capabilities of
advanced nonlinear system theoretical modelling approach called Artificial Neural
Networks (ANN) [35, 50].

The advent of artificial intelligent techniques in hydrology brought a new
dimension to flood modelling [18, 39, 40]. Among several artificial intelligence
methods, artificial neural networks (ANN) holds a vital role and ASCE Task
Committee Reports [11, 12] have accepted ANN as an efficient forecasting and
modelling tool. Over the last decade, the artificial neural network has gained great
attention and has evolved as the main branch of artificial intelligence that is now a
recognized tool for modelling the underlying complexities in many artificial or
physical systems including floods [2, 86]. Unlike traditional conceptual and physics
based models, Artificial Neural Networks are able to mimic flow observations,
without any mathematical descriptions of the relevant physical processes. A study
by Jain et al. [46] demonstrated that the distributed structure of the ANN was able
to capture certain physical properties. The success of hydrological forecasting
systems depends on accurate predictions in the longer forecast lead time. Multi-
step-ahead prediction is a challenging task which attempts to make predictions
several time steps into the future. Dawson and Wilby [23] focused into neural
network application on rainfall-runoff modelling and stream flow modelling. Maier
et al. [61] provided a good review of neural network models used since 2000 for
water quantity and quality modelling. Chang et al. [21] developed a two-step-ahead
recurrent neural network for stream flow forecasting. Later, they explored three
types of multi-step ahead (MSA) neural networks viz. multi-input multi-output
(MIMO), multi-input single-output (MISO) and serial-propagated structure for
rainfall-runoff modelling using data sets from two watersheds in Taiwan [22].
Nayak et al. [69] gave a detailed review of the application of ANFIS in rainfall
runoff modelling. Mukherjee et al. [66] points out the advantages of support vector
machines (SVMs) in making better predictions than other approximation methods
such as polynomial and rational approximation, local polynomial techniques and
artificial neural networks. A comprehensive review by Abrahart [1] provided two
decades of neural network rainfall-runoff and streamflow modelling and suggested
extended opportunities in this field.
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1.2.2 Data Driven Solar Radiation Modelling

Solar radiation is one of the key inputs for most hydrological models in estimating
reference evapotranspiration [93]. Moreover, daily solar radiation data is more
popular than that of other time intervals for crop growth simulation models,
hydrological and soil water balance models [14]. In spite of the great importance of
solar radiation, many published studies pointed out the major challenges associated
with solar radiation data collections. Lack of solar radiation data is quite common
even in many developed countries, such as USA [42, 79] and Canada [49]. Many
researchers pointed to the fact that solar radiation is an infrequently measured
meteorological variable compared with temperature and rainfall [59, 102].

Over the past decades, many empirical and physical radiation models have been
proposed [71, 72, 80, 97]. The Angstrom equation, which was proposed by Ang-
strom [10] and subsequently modified by Prescott [78], is considered as the most
popular and widely used method for the estimation of monthly averaged daily
(global) irradiation value. Later, several physical based empirical models appeared
based on Chang [20], who reported that there was a good relation between net
radiation and global solar radiation, since the latter is the principal source of energy.
Based on this argument Bristow and Campbell [19], suggested an empirical rela-
tionship for daily global radiation, as a function of daily net radiation and the
difference between maximum and minimum temperature. Later, Allen [9] suggested
the use of a self-calibrating model to estimate mean monthly global solar radiation
based on the work of Hargreaves and Samani [41]. His research suggested that the
mean daily global radiation can be estimated as a function of net radiation, mean
monthly maximum and minimum temperatures. The Bristow–Campbell model has
been used in numerous hydrological related studies, and improvements have been
developed over the past years [25]. The Campbell–Donatelli suggested method was
implemented in many weather generators including MarkSim [48] and ClimGen
[91]. Recently Donatelli et al. [27, 26] developed a windows based model named
RadEst 3.00 which estimates and evaluates daily global solar radiation values at
given latitudes. Some other interesting work has been done in the area of solar
radiation prediction using ARMA and Fourier analysis [37, 67]. Furthermore, new
approaches for predicting solar radiation series have been developed using ANN
reported from different parts of the world, particularly from Turkey [74, 81, 95, 96],
and authors from other places such as Negnevitsky and Le [70], Alawi and Hinai
[4], Mohandes et al. [65], Kemmoku et al. [51] and Sfetsos and Coonick [82].
Mellit et al. [63] made an ANFIS-based prediction for monthly clearness index and
daily solar radiation. A detailed review of ANFIS based modelling in solar radiation
can be found in Mellit et al. [64]. Chen and Li applied support vector machine for
the estimation of solar radiation from measured meteorological variables of 15
stations in China.
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1.2.3 Data Driven Evapotranspiration Modelling

Evapotranspiration, termed ET for short, is a natural phenomenon which is the
combined process of plant transpiration and soil evaporation. Though this study
focusing on data based modelling with soft computing techniques, we have used
some standard reference evapotranspiration equations for comparison. ET is con-
sidered as the most significant component of the hydrologic budget, apart from
precipitation. Two commonly used evapotranspiration (ET) concepts are: potential
evapotranspiration (ETp) and reference evapotranspiration (ET0). The ETp concept
was introduced in the late 1940s by Penman [75]. It defined as “the amount of water
transpired in a given time by a short green crop, completely shading the ground, of
uniform height and with adequate water status in the soil profile”. In this definition
of ETp, the evapotranspiration rate is not related to a specific crop and therefore
considered to be a shortfall. On the other hand ET0 is defined as “the rate of
evapotranspiration from a hypothetical reference crop with an assumed crop height
of 0.12 m (4.72 in), a fixed surface resistance of 70 s m−1 and an albedo of 0.23,
closely resembling the evapotranspiration from an extensive surface of green grass
of uniform height, actively growing, well-watered, and completely shading the
ground” [9]. In the late 1970s and early 1980s, the reference evapotranspiration
concept was popularised among irrigation engineers and researchers which helped
them to avoid ambiguities that existed in the definition of potential
evapotranspiration.

The accurate estimation of reference evaporation is very critical in the context of
many scientific and management issues; for example, irrigation system design,
irrigation scheduling, hydrologic and drainage studies, crop production, manage-
ment of water resources, evaluation of the effects of changing land use on water
yields, and environmental assessment. The estimation of ET0 depends on atmo-
spheric variables, such as air temperature, solar radiation, wind speed, number of
daylight hours, saturated vapour pressure and humidity. The Penman–Monteith
approach recommended by FAO (FAO-PM) is considered as the standard to cal-
culate reference evapotranspiration wherever the required input data are available
[9]. Many researchers have made strong recommendations to consider FAO-PM as
the standard method for evaluation of evapotranspiration through their comparative
studies [8, 9, 43, 45, 84, 99]. Some studies also suggest that the ET estimation
techniques are most appropriate for use in climatic regions similar to where they
were developed [47, 75].

Other modifications of the Penman equation to estimate evapotranspiration from
a hypothetical grass ET0, are the CIMIS Penman equation [36, 85] and ASCE
Penman equations. Doorenbos and Pruitt [28] added some modifications to the
Penman combination equation, with a wind function that was developed at the
University of California, Davis. This modification was adopted by California Irri-
gation Management Information System (CIMIS) for calculating hourly ET0 and is
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popularly known as CIMIS Penman equation [94]. ASCE-PM is a standardised
calculation of reference evapotranspiration (ET) as recommended by the Task
Committee on Standardization of Reference Evapotranspiration of the Environ-
mental and Water Resources Institute of the American Society of Civil Engineers.
Alexandris and Kerkides [5, 6] developed a new empirical equation for the hourly
and daily estimation of evapotranspiration, using a limited number of readily
available weather parameters and demonstrated the estimation of hourly values of
ET0 with a satisfactory degree of accuracy compared with the ASCE-PM estima-
tion. The proposed equation is based on solar radiation, air temperature and relative
humidity. The experiments had been conducted in an experimental field of The
Agricultural University of Athens (Copais) in central Greece, using surface poly-
nomial regression analysis. Thereafter the model was named the “Copais approach”
for ET estimation. Even though, many equations have been developed and adapted
for various applications based on available input data, there are still considerable
amounts of uncertainty existing among engineers and environmental managers as to
which method is to be adopted effectively in the calculation of ET0 [7]. Several
studies have been conducted by researchers for comparative evaluation of the most
widely used and strongly recommended models for estimating hourly ET0 like
Penman–Monteith (FAO56-Penman–Monteith), CIMIS version of Penman (CI-
MIS-Penman), and the American Society of Civil Engineers version of Penman–-
Monteith (ASCE-PM) [5, 28, 45]. In recent years several papers have evaluated
hourly ET0 equations (FAO-56 and ASCE Penman–Monteith, CIMIS Penman and
Hargreaves) by comparing them with lysimetric measurements [15, 60]. Alexandris
and Kerkides [5, 6] compared their model (Copais approach) performance with that
of FAO-PM, ASCE-PM and CIMIS-PM for hourly and daily values ET0 estimation
using statistics and scatter plots.

Later data based approaches, including artificial intelligent techniques, have
been applied in evapotranspiration estimation. Just as in the case of rainfall runoff
modelling, ANN offered a promising alternative for modelling evapotranspiration in
the case of data scarcity [53, 57]. The study by Sudheer et al. [92] used radial basis
ANN in modelling ET0 with limited climatic data. The study by Kumar et al. [57]
used a multilayer perceptron (MLP) with back propagation training algorithm for
estimation of ET0 utilising various ANN architectures in data limited situations.
Kisi [53] investigated the estimation of ET0 using MLP. The results were compared
with the above mentioned traditional approaches like Penman and Hargreaves’
empirical models. Adaptive Neuro-fuzzy system (ANFIS) has been applied to
evapotranspiration estimation by Kisi and Öztürk [54] to check the prediction
capability. Wang and Luo [101] adopted Wavelet network model for reference crop
evapotranspiration forecasting. A detailed study by El-Shafie et al. [31] suggests
that ANN model is better than ARMA model for multi-lead ahead prediction of
evapotranspiration.
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1.3 Why Do You Read This Book?

Despite an abundance of studies on prediction and modelling of different hydro-
logical processes in the hydrological cycle in the last few decades using nonlinear
techniques like ANN, ANFIS and SVMs, there are still many questions that need to
be answered. For example, to what extent do the inputs determine the output by a
smooth model? Given an input vector x, how accurately can the output y be pre-
dicted? How many data points are required to make a prediction with the best
possible accuracy? Which inputs are relevant in making the prediction and which
are irrelevant? These questions have not been fully addressed adequately by the
hydrological community [39]. The hydrological community acknowledged that
issues like evaluation of available data, assessment of data adequacy and optimum
decision on input selection are main challenges and potentially complicated ques-
tions in data based modelling. Although the performance of a model generally
improves with addition of more information during model calibration, plateaus exist
wherein new information adds little to a model’s performance [77, 90]. In fact,
systems accuracy can be reduced with increasing information during validation
[90], usually because the additional variables produce models with overfitting
problems [98]. An overfitted model is very specific to the training set and performs
poorly on the test set. Overfitting is known to be a problem with multi-variate
statistical methods when the data set contains too many predictor variables [98],
which lead to excellent results on the training data but very poor results on the
unseen test data. Therefore, an important question for modellers is which inputs are
relevant in making the prediction and which are irrelevant.

However, due to the advancement of modern computing technology and a new
algorithm from the computing science community called the Gamma Test [3, 56], it
is possible that we could make significant progress in tackling these problems.
A formal proof for the Gamma Test (GT) can be find in Evans and Jones [33]. It is
accomplished by the estimation of the variance of the noise var(r) computed from
the raw data using efficient, scalable algorithms. This novel technique, the Gamma
Test, enables us quickly to evaluate and estimate the best mean squared error that
can be achieved by a smooth model on unseen data for a given selection of inputs,
prior to model construction. This technique can be used to find the best embedding
dimensions and time lags for time series analysis. This information would help us
determine the best input combinations to achieve a particular target output. The
Gamma Test can avoid overtraining, which is considered as one of the serious
weaknesses associated with almost all nonlinear modelling techniques including
ANN. The Gamma Test is designed to solve this problem efficiently by giving an
estimate of how closely any smooth model could fit the unseen data. Thus we can
avoid the guesswork associated with the nonlinear curve fitting techniques. This
book makes use the capabilities of these concepts in input selection and redundancy
assessment when we have large number of input series for modelling.
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Information theory is a widely used mathematical theory in electronics and
communication. Information theory has two primary goals: (i) to develop the fun-
damental theoretical limits on the achievable performance when communicating a
given information source over a given communications channel using coding
schemes from within a prescribed class; (ii) to develop coding schemes that provide
performance that is reasonably good in comparison with the optimal performance
given by the theory.More detailed concept of Information Theory and Entropy can be
found in Gray [38]. The capability mentioned in the first goal could be used for data
quality assessment. In information theory, entropy is often referred as Shannon
entropy which measures the uncertainty and randomness associated with a random
variable. Capabilities of Shannon entropy to measure the average information content
associated with input data series are explored in this book. Despite the claimed
success of the methods from the aforementioned literature, there is a lack of com-
parison with conventional methods, data splitting approaches like cross validation
approaches and cross correlation approaches. This book aims at comparison and
assessment of model input selection based on the Gamma Test, entropy theory, AIC
BIC and the above mentioned traditional benchmarking approaches in modelling.

This book makes an effort to comment on another rising debate in data based
modelling in hydrology: should the input data be treated as signals with different
frequency bands so that they could be modelled separately? Wavelet theory is a
novel field of mathematics, which recently gained attention among scientists
studying acoustics, fluid mechanics, and chemistry. The concept of wavelet trans-
formation involves representation of a general signal or time series in terms of
simpler, fixed building blocks of constant shape but at different scales and positions.
Discrete Wavelet Transforms (DWT) can give very useful decomposition of time
series in such a way that faint inherent temporal structure of the time series can be
revealed and can be effectively handled by the above mentioned and used non-
parametric models in this book. This capability has been used effectively in various
fields of engineering for dealing issues in noise removal, object detection, image
compression and structural analysis [89]. Unlike Fourier transforms, wavelets have
an ability to elucidate simultaneously both spectral and temporal information within
the signal whereas Fourier spectrum contains only globally averaged information.
This property overcomes the basic shortcoming of Fourier analysis in modelling.
Therefore, data pre-processing can be carried out by time series decomposition into
its subcomponents using wavelet transform analysis [73]. The wavelets can express
original signals as additive combination of wavelet coefficients at different reso-
lution level. A study by Aussem et al. [13] was the first hybrid ANN-wavelet
conjunction model in which they used it for financial time series forecasting. Later
Zhang and Dong [104] proposed a short-term load forecast model based on multi-
resolution wavelet decomposition with ANN model. The first application in
hydrology was in 2003 when Wang and Ding [100] applied wavelet-network model
to forecast shallow groundwater level and daily discharge. In the same year Kim
and Valdes [52] applied this conjunction model concept in coupling dyadic wavelet
transforms and ANNs to forecast droughts for the Conches river basin. Keeping the
success stories of the aforementioned literature in mind, this book attempts to
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couple DWT with nonlinear models like ANN, ANFIS and SVM and apply these
novel hybrid schemes to three case studies. In some cases, a well calibrated data
based model may not provide faultless forecast results over a longer time. To
improve and make such dynamic conceptual models suitable for operational and
long term real time predictions, integration of on-line or sequential data assimilation
techniques could be used. Partial Recurrent Neural Networks (PRNN) is good
example for such model with data assimilation principle. Kalman filtering is a most
common data assumption exercise widely used in environmental application along
with data based models with definite state space architecture. Application of data
assimilation approaches and related case studies are beyond the scope of this book.

The relevant questions in data based modelling in hydrology are how useful is a
model for predicting a particular component within the hydrological cycle and does
a complex model work better? Though such debates are prominent in physics based
modelling, related literature is almost non existant in the case of data based mod-
elling. The usefulness of any model depends ultimately on the directional accuracy
of its estimates, not on its ability to generate unassailably correct numerical values
[76]. Critical evaluation on the usefulness of models based on sensitivity modelling
error and complexity is essential in data based modelling. This study introduces an
index of utility for critical evaluation of models in different modelling situations
which utilises information like model sensitivity (response to changes in training
data set), model complexity (changes in training time) and model error (closeness of
simulation to measurement) for all used models in this book. Extreme value
modelling is a challenging field in hydrology. This made an attempt to use state-of-
art Statistical Blockade in extreme value modelling and compare the capabilities
with other data driven approaches.

In short, this book aims to address the above mentioned issues in data based
modelling by the following means:

1. The application of novel approaches in data and model selection to avoid the
aforementioned difficulty associated with data based modelling;

2. A reliability check of the novel data selection approaches with conventional
methods;

3. To propose and use new wavelet hybrid schemes with traditional data based
intelligent systems;

4. To investigate the capabilities of popular and widely used artificial intelligent
models with newly proposed hybrid schemes.

5. To introduce statistical blockade to hydrology and compare the capabilities with
other models.

The above mentioned five objectives are accomplished through four case studies
broadly dealing with data based modelling in respective fields.

Chapter 2 describes the modelling issues associated with data based modelling in
hydrology. The chapter gives a detailed description on puzzling questions in
hydrology like model selection, selection of model input architecture, selection of
training data length, selection of best data interval etc. Another main goal of this
chapter is to suggest an approach to identify and characterize modelling quality as a
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function of the model complexity, model sensitivity and model error. Major studies
made in this Book are conducted on the upper Brue catchment, Somerset, using the
HYREX data set. However, for evapotranspiration estimation, we have used data
from three other catchments, namely the Santa Monica station of the USA, the
Chahnimeh reservoirs region of Iran and the Beas basin in India. The details of the
catchments including location specification and data collection description are
given in each case study. The detailed illustration of statistical parameters of the
data used for the modelling is given in respective case study chapters. Different
novel approaches in data selection methods are introduced and discussed in detail in
Chap. 3. The novel approach called the Gamma Test has been described along with
other mathematically sound techniques like Entropy Theory, Cluster Analysis,
PCA, BIC and AIC and other traditional approaches. Chapter 4 gives details data
driven models used in this study (ANNs, ANFIS, SVMs, and other hybrid forms).
Chapters 5, 6 and 7 focuses different case studies on research themes like solar
radiation modelling, rainfall-runoff dynamics and evapotranspiration modelling.
Chapter 8 describes mathematical details of state-of-art Statistical Blockade and a
river basin scale case study to illustrate its capability in extreme value modelling.
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Chapter 2
Hydroinformatics and Data-Based
Modelling Issues in Hydrology

Abstract This chapter highlights and addresses some basic issues associated with
data-based modeling. The chapter starts with a brief description of emergence and
development of hydroinformatics as a potent segment of mainstream hydrology and
proceeds to the ignored or least considered modeling queries existing in hydrology,
e.g., how much benefit could be gained by increased complexity in data-based
models or whether increased complexity adversely affects model performance. The
chapter reminds one of the need to evaluate existing hypothetic assumptions on
various modeling properties.

Data-based modeling is subject to different types of uncertainties and ambiguities
because of the presence of different unsolved queries and deliberately over-sim-
plified assumptions. Several studies in hydrology have pointed out the contradictory
fact that, under certain circumstances, a poor model may give acceptable results,
while, under other circumstances, a good, refined model may fail to give better and
more reliable answers. The main reason for this is that developers view modeling as
a rigorous mathematical exercise rather than as a subjective activity [56]. Previously
successful model in one phase of the hydrological cycle might not give relevant
results in a new situation. Proper vision or insight into the working of the actual
hydrological system is necessary, even in data-based modeling; else modeling
results from even a sophisticated mathematical model would be irrelevant or mis-
guiding with regard to the behavior of the actual system. In data-based modeling,
the model trusts the quality of the data which should be inherent in the actual
behavior of the system. Savenije [60] emphasized the need to change the modeling
process to a “top-down” approach, i.e., learning from the data to the physical theory
rather than giving a lower preference to the strength of the data. Barnes [11]
suggests that an “adequate” model is a model which represents all the information
contained in the data (so that there is effectively no residual information). As per
this definition, all data-based and artificial intelligence models fall into that cate-
gory. Another required aspect of a model is how efficient the model is in tackling a
particular phenomenon or situation in hydrology. The problems of overparame-
terization and scaling issues have gained much attention and invited detailed studies
in the context of processes modeling on a wide catchment and regional scale.
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However, the modeling issues in data-based models are not addressed properly in
hydrology. It is a fact that there is no such thing as a ‘perfect data-based model’ in
any field. As hydrologists, our aim is to approach to more realistic and “better”
model framework through (1) selecting an “appropriate” model structure and (2)
selecting “correct” inputs through avoiding “redundant” inputs. This chapter
addresses a number of issues in traditional and artificial intelligence data-based
techniques adopted for hydrological modeling.

2.1 Hydroinformatics

Hydroinformatics is one interdisciplinary field of technology which embraces the
application of information technology in different aspects of the water sector,
focusing on integrating information technology with hydrologic, hydraulic, and
environmental science and engineering. The scientist who coined the term ‘Hydro-
informatics,’ Professor Abbott [1], defines the term as the study of the flow of
information and the generation of knowledge related to the dynamics of water in the
real world, through the integration of information and communication technologies
for data acquisition, modeling and decision support, and to the consequences for the
aquatic environment and society and for the management of water based systems. It
includes many state-of-the-art applications of modern information technologies in
water management and decision making. Hydroinformatics focuses on:

• New themes such as computational intelligence, control systems, and their
application in data-driven hydrological modeling

• Optimization and real-time control of models
• Flood modeling for management of module integrating modeling theory,

hydraulics, and flood simulation
• Decision support systems module integrating system analysis, decision support

system theory, and model integration

From 1993, hydroinformatics has started developing as a strong stream in
hydrology after the introduction of a Section on Hydroinformatics by the Interna-
tional Association for Hydraulic Research (IAHR). In 1998 the International Water
Association (IWA) then established a Specialist Group on Hydroinformatics [65].
IAHR-IWA-IAHS Joint Committee on Hydroinformatics was formed in 1998 by
The International Association of Hydrological Sciences (IAHS) in collaboration
with IAHR and IWA. Recently, in 2005, the European Geosciences Union (EGU)
established hydroinformatics as a subdivision of hydrological sciences. The first
international hydroinformatics conference was held at IHE, Delft in 1994, and,
thereafter, bi-annual conferences were conducted all over the world in places such as
Zürich, Copenhagen, Iowa City, Cardiff, Singapore, Nice, and Chile, the latest in
2014 being held in New York, USA. The theme of the 11th conference is “Infor-
matics and the Environment: Data and Model Integration in a Heterogeneous Hydro
World”. Over the last 20 years the hydroinformatics stream has shown its
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capabilities through success stories published in a wide range of articles. Abbott and
Vojinovic [2] introduced a new role for hydroinformatics in its sociotechnical
environment, developing the concept introduced by Abbott [3]. However,
researchers working in hydroinformatics are still struggling to get full-scale accep-
tance within the hydrological community, which is dominated by larger groups of
traditionalists who care less about data and more about physics. Some argue against
this section of hydrology, saying it adds no scientific knowledge or improved
understanding to the field of physical modeling of hydrology. However, many
studies have clearly shown the capabilities of hidden nodes of artificial neural net-
works to communicate the real physics involved in the process [37, 81]. The
capabilities of new concepts such as Genetic Programming are worth mentioning on
this occasion, having great potential to provide us with new hydrological knowledge
[24]. Some traditional hydrologists argue over generally adopted thumb rules and
assumptions during training and modeling, an obstacle to the wider acceptance of
this new stream. Although hydroinformatics and data-driven modeling have been in
use for more than two decades, it is struggling to find full acceptance within the
hydrological community, which is dominated by large groups of traditional
hydrologists because of inherent problems in these models (e.g., chances of over-
fitting, redundancy of input, lack of modeling rigor, lack of transparency in repro-
ducing results, uncertainty issues, etc.). Some studies [25, 49, 71] suggested better
modeling frameworks and guidelines in data-based modeling. Some of the modeling
shortcomings and ambiguity in such data-based models are discussed below.
Elshorbagy et al. [24] argue that most data-based studies are a ‘less-than-compre-
hensive approach’ focusing on (1) one or two data sets or application models [6] and
(2) random realization of the three subsets for modeling; which makes the generali-
zation ability of that model questionable. Elshorbagy et al. [22], See and Openshaw
[64] and Abrahart et al. [6] have reminded the hydroinformatics research community
of the need to maintain scientific rigor in the application and use of data-driven
techniques in hydrology and environmental sciences. The fundamental means to
assess the capability of any novel approach or modeling technique is to evaluate it
against other modeling techniques or approaches under different modeling conditions
or data sets. Elshorbagy et al. [23] has noted that most modeling comparative studies in
the literature of data-based modeling hydrology are highly impaired due to the less-
than-comprehensive approaches adopted. Single realization of the data set and single
case study makes it difficult to assess the actual capability of the novel concept such as
the Gamma Test. All new techniques should be evaluated against available basic
models (linear regression) and complex models (SVMs or wavelet SVMs).

2.2 Why Overfitting and How to Avoid

Overfitting or overtraining is a statistical phenomenon associated with nonlinear
data-based models when a model is generally complex with too many degrees of
freedom in relation to the amount of data available. The predictive models used in
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this book, such as artificial neural networks (ANNs), and other flexible nonlinear
estimation methods, such as kernel regression models (SVM) and smoothing
splines, are susceptible to either overfitting or underfitting. Underfitting is mainly
because of design or training incompetence of the modeler. A network which is not
sufficiently complex to handle nonlinear data processing may fail to detect the full
characteristics of the signal which leads to underfitting. If networks are too com-
plex, it would lead to a dangerous situation called overfitting, which would give
better predictions in the training data and poor predictive results to future values.
The complexity normally connected with the complexity of a network is related to
both the size of the weights and the number of hidden units and layers. Apart from
that, model input selection and training data length influence the overfitting of
nonlinear models. Overtraining can be detected during training by the use of a test
set. However, the disadvantage of this split technique is that the size of the training
set reduces considerably in limited data cases, and thereby spoils the final perfor-
mance. Another easily adoptable approach is to rotate parts of the available data sets
as the training set and the test set. In some cases, strong nonlinearity of the problem
may lead to overfitting, which is easily noticeable from the size of the weights.
Figure 2.1 presents an example of variation of model performance under scenarios
such as overfitting, underfitting, and a reasonable model during calibration (train-
ing) and testing (validation) phases.

However, there are some standard techniques to tackle overfitting to some
extent, which are briefly described here.

1. Proper selection of model input structure and training data length: Tackled in
this book and discussed through case studies and in the next chapter.

2. Jittering: Somewhat similar to data enrichment. In this method, an artificial
noise deliberately added to the inputs during training. A good example in

Fig. 2.1 Illustration of performance of an overfitted model, underfitted model and a reasonable
model
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hydrology is Olden and Poff [54]. They have applied Jittering to tackle
redundancy in hydrologic indices of long-term flow records from 420 sites from
across the continental USA. Jittering is also related to regularization methods
such as weight decay and ridge regression.

3. Early stopping: In this approach, we need to stop training processes just before an
adaptation to the noise starts. The optimal stopping time can be found using test
data. In other words, the modeler requires three subsets of data (training, test, and
verification). At much later stages of the modeling process the prediction accu-
racy of the model may start worsening for the test set. This is the stage when the
model should cease to be trained to overcome the over-fitting problem.

4. Weight decay: Weight-decay reduces the effect of noise associated with the
inputs.

5. Bayesian learning: The conventional training statistical approaches are replaced
by Bayesian statistics.
This approach involves modification of general objective functions, such as the
mean sum of squared network errors (MSE or Em):

F ¼ Em ¼ MSEm ¼ 1
N

XN
i¼1

ðeiÞ2 ð2:1Þ

F ¼ bEm þ aEd ð2:2Þ

The modification of MSE is to improve the generalization capability to avoid
overfitting. The above equation will be modified to a new F value by adding a
new Ed term. In (2.2) the parameters β and α are to be optimized by a Bayesian
framework. It is usually assumed that the weights and biases of the network are
random variables following Gaussian distributions, with enormous computa-
tions required.

6. Use of small networks: If parameters in the training network are less than the
objects in the training set, it cannot be overtrained unless the tackled case is too
complex.

7. Pruning: The method for reducing the size of a network just after the training
process. This approach helps to detect redundant neurons which cause delay in
modeling. In the case of pruning network modeling, the training process starts
with a large, densely connected network, and then examines the trained net-
work’s performance to assess the relative importance of network weights. After
that, the pruning algorithm removes the least important weight/node from the
network and performs analysis on the new pruned network. This procedure
continues till the modeler is happy with the results.

8. Data enrichment: An approach for artificially enlarging the training set by
artificial data. This process is not found to be effective in all cases.

9. Regularization: In this method, we add a penalty term to the optimization cri-
terion for networks with large weights, as these are related to strong
nonlinearity.
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The traditional data partitioning method adopted to prevent overfitting in most of
the literature is shown in Fig. 2.2

2.3 Input Variable (Data) Selection

One of the serious problems encountered in data-based modeling in hydrology
using either traditional or intelligent approaches is the choice of independent
variables or data series from the available data pool for inclusion in the predictive
model. Although overfitting issues in the previous section are addressed in the
context of neural models, studies have shown that overfitting is not confined just to
neural models with hidden units. Overfitting can occur even in generalized linear
models with no hidden nodes or layers because of improper selection of inputs.
“Multicollinearity” is another weakness in data-based modeling. It is a statistical
situation from the presence of input variables or data series in the input architecture,
which are highly correlated with each other. Although this is the situation in most of
the studies in water resources using data-based models, very little attention or no
attention is being given to the selection process of better input model structure [49].
The lack of methodological approach in selecting the significant inputs may lead to
the modeling issues listed below:

1. Increase in input dimensionality: when we use all available inputs indiscrimi-
nately, this would cause computational complexity and memory insufficiency

2. Presence of more local minima in the error surface due to inclusion of irrelevant
data points

3. Early convergence and divergence due to the presence of irrelevant data: this
will lead to poor model accuracy.

Maier and Dandy [49] have highlighted the fact that issues relating to the
optimal division of the available data, data pre-processing, and the choice of
appropriate model inputs are seldom considered in data-based modeling and

Fig. 2.2 Partition procedure adopted conventionally in learning to prevent overfitting
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artificial intelligence models for application in hydrology. They have reviewed
more than 43 journal papers in hydrology and pointed out that in most cases the
inputs were chosen arbitrarily without any scientific reasoning and some studies
used a trial and error approach or validation data. A study by Bowden et al. [19]
gives an extensive review of the background and methodology adopted in input
determination for neural network models in water resource applications. They have
classified major attempts in input data selection in water resources into five
categories:

1. Relying on prior knowledge of the system
ASCE Task Committee on Application of Artificial Neural Networks in
Hydrology [9] has pointed out the predominant use of a priori knowledge of the
system as an indicator of model selection in hydrology. Studies such as
Campolo et al. [20] and Jayawardena et al. [38] have used modelers’ expert
knowledge on the system and the study condition to select the influencing
inputs. Some studies have benefited from the combination of a priori knowledge
and analytical approaches [47, 48]. Factors such as large dependency on an
expert’s knowledge, very subjective nature, and case dependency are considered
as disadvantages of such methods.

2. Based on linear cross-correlation
Cross-correlation methods are the most common and popular analytical tech-
niques for selecting appropriate inputs [35, 36, 67]. In this approach research
normally depends on linear cross-correlation analysis values to determine the
strength of the relationship between the input time series and the output time
series at various lags [31]. The disadvantage associated with this method is its
inability to capture any nonlinear dependence that may exist between the inputs
and the output. The cross-correlation method works on linear dependence
between two variables, so there is a good chance of the omission of important
inputs that are related to the output in a nonlinear fashion.

3. Based on heuristic approach
In this approach, various models are trained using different subsets of inputs. In
this method, some researchers often employ stepwise selection of inputs such as
forward selection and backward elimination to avoid total enumeration [75]. The
concepts of these two approaches are self-explanatory from the name itself.
Forward selection is the most common approach, in which we try to find the best
single input and select it for the final model [48]. Backward elimination works in
the opposite way; it starts modeling with a set of all inputs, and sequentially
removes the input set which reduces performance least. Most of the heuristic
approaches are computationally intensive trial and error procedures and there is
no guarantee that they will find the globally best subsets.

4. Methods that extract knowledge contained within trained ANNs
In this type of method, researchers mostly depend on sensitivity analyses to
extract information from a trained ANN [45, 61]. Abrahart et al. [5] used a novel
concept known as saliency analysis to disaggregate a neural network solution in
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terms of its forecasting inputs. The saliency analysis was achieved by setting
one input data stream at a time to zero and then performing the modeling,
replacing the input data stream after the computation, then repeating this process
on the next data set, and so on. This approach determines the relative importance
of each input by examining the change in forecasting error and the plots from
the flood hydrograph. Abrahart et al. [5] claimed superiority of the saliency
approach over sensitivity analysis, as sensitivity analysis does not investigate
the rate of change of one data variable with respect to the change in another.
Bowden et al. [19] suggests the disadvantages of their approach are (1) lack of
retraining the ANN after removing each input and (2) the possibility of pro-
ducing nonsensical outputs due to the presence of zero inputs.

5. Methods that use various combinations of the above four approaches
Some studies have used effective combinations of the above-mentioned methods
in data selection [4, 61, 67]. Abrahart et al. [4] used a genetic algorithm (GA)-
based approach to optimize the inputs to an ANN model used to model runoff.
Approaches such as Pearson correlation, stepwise forward regression analysis,
and sensitivity analysis were used by Schleiter [61] to select appropriate inputs
for water quality modeling.

The above-mentioned approaches are widely used, even in multiple linear
regression models, although many disadvantages are associated with them [46].
Another possible approach associated with models with nodes is the method cited
in the previous section, the “pruning approach.” There are very powerful pruning
algorithms available which are used effectively for input variable selection in other
fields of engineering [74]. The study by Livingstone et al. [46] has pointed out the
relevance of selection of effective modeling of the responsive variables (data series)
to the success of nonlinear models, which is dictated by the data.

Bowden et al. [19] proposed state-of-the-art methods such as the Partial mutual
information algorithm (applied for calculation of dependence in the case of multiple
inputs), the Self-organizing map (SOM) (used to reduce the dimensionality of the
input space and obtain independent inputs), the GA, and the General regression
neural network (GRNA) (applied to determine which inputs have a significant
relationship with the output (dependent) variable) for input selection of ANN
models.

2.4 Redundancy in Input Data and Model

Hydrologists often face challenges in identifying redundant input data during the
preprocessing period as the sets of possible inputs into a hydrological system are
huge. This process becomes more challenging in the modeling of some hydro-
logical processes, as all measurable variables are highly nonlinear in dynamics and
have multiple interrelations. The normal practice for data-based model practitioners
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is to present a large number of inputs to the model and rely on the network to
identify the critical model inputs. Usually, not all of the available data pool will be
equally supportive for effective modeling, since some may be redundant with very
close correlation with another; some may have predominant noise over the infor-
mation or may not have any appreciable relationship with the target variable of the
expected study. So such a practice normally causes adverse effects on modeling
results. Another serious issue is that the redundancy of a network is related to both
the number of weights and the size of the weights. Selection of appropriate and
effective models connects with the number of weights, and hence the number of
hidden units and layers. Until now there has been no exact solution for questions
such as how many hidden layers and how many hidden nodes there should be in
node-based modeling [51, 72]. The selection of hidden neurons is the tricky part in
ANN modeling, as it relates to the complexity of the system being modeled and is
usually set by the user. There should be an effective way to decide on the number of
nodes, considering many factors such as number of input and output units, number
of training data points, amount of noise in the targets, complexity of the function or
classification or learning algorithm, topology of the model, type of hidden unit
activation function, and regularization.

There are many practical rules of thumb that are available in the literature to
facilitate a decision on the number of hidden nodes. Blum [17] reports that the
number of nodes in the hidden layer—somewhere between the input layer nodes
and the output layer node size—is appropriate for modeling. Hecht-Nielsen [32]
proposes that the maximum number of elements in the hidden layer be twice the
input layer dimension plus one. Another study by Maren et al. [50] recommends
using the number of nodes equal to the geometric average between the input and
output node dimension. Mechaqrane and Zouak [52] have used a feed-forward
network with the size of the hidden layer equal to the size of the input layer. Some
companies working on commercial neural network software development adopt a
rule of thumb of the sum of input and output nodes multiplied by 2/3 as the
indicator to choose the number of hidden neurons. Swingler [73] suggests that, for
networks with one hidden layer, the model give better performance if we use twice
the number of input nodes in the hidden layer. At the same time, Berry and Linoff
[13] note that the number of hidden nodes should never be more than double the
nodes in the input layer. Boger and Guterman [18] used principle component
analysis to find the number of hidden nodes and they suggested using the same
number of components which express 70–90 % of the variance of the input data.
However, our experience shows that, in general, these rules give only some indi-
cation for the hidden layer dimension and none are properly right or wrong.

The above-mentioned Hecht-Nielsen suggestion has more scientific authenticity
as the method is based on the Kolmogorov theorem in node based computation.
There were strong arguments against this recommendation by many researches
[33, 34], saying that it is sufficient to use a single hidden layer when using regular
transfer functions (e.g., sigmoidal) but the number of required hidden nodes can be
as high as the number of training samples, and justifying their arguments through
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valid proofs. Huang [33] made some recommendations for the two-hidden-layer
case. He suggested the number of hidden nodes sufficient to train N samples with a
reasonable minimum error is

Nhid ¼ 2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðM þ 2Þ

p
N ð2:3Þ

The sufficient number of hidden nodes in the first layer is

N1hid ¼ 2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðM þ 2Þ

p
N þ 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
N

ðM þ 2Þ

s
ð2:4Þ

The sufficient number of hidden nodes in the second layer is

N2hid ¼ M

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
N

ðM þ 2Þ

s
ð2:5Þ

In all these equations, M = output neurons and N = training data points.
Stathakis [72] suggests the most accurate structure will have fewer nodes than

the one suggested by Huang [33] and this high structure leads to redundancy in
structure and over-fitting of the training data. Stathakis [72] proposed a near-
optimal solution approach with a GA to find a better topology.

Traditionally, identification of topology has been based on trial and error, on
heuristic approaches, on heuristics sometimes followed by trial and error, and on
pruning or constructive methods.

Trial and error: This is the most traditional and primitive way of assessment. It
may yield severely suboptimal structures, especially when adopted by inexperi-
enced users.

Heuristic methods: Several approaches are found in the literature [8, 59, 79]
which are all based on the objective to devise a formula which estimates the number
of nodes in the hidden layers as a function of the number of input and output nodes.
However, most of the heuristics lack the theoretical evidence to support the dis-
covery of an optimal structure, so they are commonly used in subsequent search by
trial and error.

Exhaustive search: This is one of the perfect but impracticable approaches in real
life applications, as the number of search alternatives is exceedingly large, com-
putationally intensive, and with longer computation time. Yao [82] illustrates the
difficulties in exhaustive searching to find hidden neurons; he identified that the
major complication is due to the noisy fitness evaluation problem.

Pruning and constructive algorithms: These are developed with the objective of
devising an effective network topology by incrementally adding or removing links
(weights) to the redundant or simple structures, respectively. Optimal Brain
Damage [44] and Optimal Brain Surgeon [29] are two commonly used algorithms.
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2.5 Data-Based Modeling—Complexity, Uncertainty,
and Sensitivity

Two major modeling themes focusing on modeling errors are upward or mecha-
nistic approaches (associated issues are overparameterization, equifinality) and
downward or data-driven approaches (associated issue is lack of a priori defined
model structure) with different complexities [78]. Are more complex models better?
Should the increasing complexity of the existing model add any benefit to the
model users? These issues are not properly addressed in hydrology and data-based
modeling although in abundance in the many competing artificial intelligence
models in the literature. These questions can be answered by tackling the com-
plexity of a model’s structure and the uncertainty associated with its output. It is
often difficult in hydrology to decide which model should be used for a particular
purpose, and the decision is often made on the basis of familiarity rather than the
appropriateness and effectiveness of the model. Another major concern is overpa-
rameterization of the model to represent an uncertain process over limited and noisy
data. Comparing different models just in terms of their better accuracy in predicting
numerical values is often ludicrous; there are many other aspects which need to be
taken into account before declaring one model a success with entirely different
mathematical concepts over the other. The best model is not necessarily the most
complex, or the one which overtly reflects the most sophisticated understanding of
the system [11]. There is a hypothesis that more complex models simulate the
processes better but with high variability in sensitivity and relatively less error [68].
However, a study by Oreskes et al. [55] argues that there is no strong evidence that
simple models are more likely to produce more accurate results than complex ones.
Case studies in this book use a simple index of utility which evaluates in terms of
model complexity (we used training time as the indicator of complexity), model
sensitivity (response to changes in input), and model error (closeness of simulation
to measurement). Perrin et al. [57] performed an extensive comparative perfor-
mance assessment of the structures of 19 daily lumped models, carried out on 429
catchments, and suggested that the main reason why complex models lack stability
is that the structure, i.e., the way components are organized, is not suited to
extracting information available in hydrological time series. Complex models in
their study face considerable difficulties in parameter estimation and structure
validation. Gregory et al. [27] have applied Akaike’s information criterion (AIC)
[7] and Bayes information criterion (BIC) (Schwartz [63] model selection model
complexity problems in rainfall time series modeling, and similar approaches were
applied in groundwater modeling [42]. Cherkassky and Mulier [21] have developed
structural risk minimization (SRM) as an alternative model complexity control
method. Schoups et al. [62] used the above-mentioned three models. We compare
three model complexity control methods for hydrologic prediction. Information
theory could be selected as the central framework to evaluate information content in
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training data and associated predictions. Weijs et al. [80] proposed that hydrological
system should be based on information-theoretical scores.

2.5.1 Modeling Uncertainty

In hydrology and water resources research, there are two major bases of uncertainty
attitudes; one is based on stochasticity as a necessary factor and the other on the
deterministic nature of the system. The definition of the uncertainty is much more
uncertain about the modeled numerical values; it relates much deeper processes and
pertains to the governing mechanisms of the model. Distinguishable uncertainties in
hydrology are data uncertainties (mainly associated with measurements), sample
uncertainties (e.g., number of data for calibration), and model uncertainty [58]. Klir
[41] made an attempt to consider uncertainty in terms of the complexity of the
model. He found both categories have a conflictive nature, i.e., if complexity
decreases, uncertainty grows. Halfon [28] also addressed the issue of modeling in
the context of Lake Ecosystem models; he evaluated the performance of several
models of varying complexity. There are many ways to assess roughly the modeling
uncertainty and these methods range from the use of statistical parameters such as
standard deviation to analytical calculations to find the propagation of error.
Recently, very powerful tools such as Monte Carlo analysis have been used for
sensitivity estimation of more complicated methods. Other criteria such as fractals,
Bayesian fuzzy-sets, and random fields have been applied successfully to solve
uncertainty problems in hydrology and other fields such as applied mathematics,
physics, systems theory, etc. Wagener et al. [77] applied a Monte Carlo analysis
toolbox, combining a number of analysis tools to investigate parameter identifi-
ability, model behavior, and prediction uncertainty to establish a sensible rela-
tionship between model parameters and catchment characteristics. Beck [12] points
out valid reasons to concentrate more on the uncertainty of model structure as an
important area of study. Mizumura [53] combined a conceptual tank model and a
fuzzy logic model to yield satisfactory results with minimum uncertainty issues.
Kindler and Tyszewski [39] acknowledged the applicability of fuzzy theory to a
diagnostic approach of problem solving and uncertainty assessment. Feluch [26]
applied non-parametric estimation methods to two classes of hydrological prob-
lems. Various studies have been carried out to ascertain the ‘best and right’ model
in environmental chemistry using modern statistical approaches [43, 76], consid-
ering uncertainty. Beven [15, 16] introduced the concept of equifinality which is
related to the uncertainty associated with parameters. Equifinality arises when, in a
hydrological model, many different parameter sets are equally good at reproducing
an output signal.
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2.5.2 Model Complexity

In the last 20 years, the study of complexity in modeling systems has emerged as a
recognized field in statistics. However, the initial attempts to formalize the concept
of complexity go back even further, to Shannon’s inception of Information theory
[66]. The complexity of a model is closely related to the uncertainty of the system,
which can be defined in terms of model properties such as model sensitivity and
modeling error. The general hypothesis of model complexity and its influence
during training and testing phases is shown in Fig. 2.3. The general hypothesis
states that more complex models can simulate reality better than simpler models
(i.e., less prediction error), and with a greater variance and low bias during training
phase. Less complex models provide a relatively approximate simulation (i.e., with
more prediction error), but with less variance and higher bias. However, the case is
somewhat different in the testing phase; highly complex models won’t give the best
test results as the graph is parabolic, with a minimum somewhere in the middle.

Figure 2.4 displays the hypothesis which shows the variation of different model
parameters, particularly with bias-variance interaction during the test phase.

Fig. 2.3 Hypothesis showing
the effect of complexity
during training and testing
[30]

Fig. 2.4 Hypothesis showing
effect of complexity on bias-
variance interaction
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Models of different complexity may show different modeling properties, such as
sensitivity, flexibility, error, and data requirements based upon their structure.
Figure 2.5 illustrates the hypothetical relationship between model sensitivity,
modeling error, model flexibility, training data requirement, and model complexity.

2.5.3 Training Data Requirements

More complex models may have more parameters, state variables, or linkages, and
therefore the hypothesis is that such models require more data. However, for node-
based modeling systems, if the training data length causes overfitting then the
hypothetical relation depicted above may not be true. There is a need to investigate
the optimal length of the training data phase as too little data for training may lead
to poorly trained model and too much data may lead to overfitting. The hypothetical
relation of model data requirements for node based modeling systems is as shown in
Fig. 2.6.

Fig. 2.5 Hypothetical
relation of model complexity
with sensitivity, flexibility,
data requirements and
predictive error

Fig. 2.6 Hypothetical
relation of modeling data
length in node based models
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Data interval for modeling: The case studies in this book also address a mostly
ignored area in data-based hydrological modeling—data time interval for models.
Modern data collection and telecommunication technologies can provide us with
very high resolution data with extremely fine sampling intervals. We hypothesized
that both too large and too small time intervals were detrimental to a model’s per-
formance, which has been illustrated in this book with particular reference to rainfall-
runoff modeling. The data time interval is a major factor affecting forecast perfor-
mances of node-based models, particularly neural network models. The performance
of neural network models is highly time-dependent [10]. Very large and small data
time intervals could have negative effects on modeling results. The hypothetical
condition for the effect of data time interval on modeling is shown in Fig. 2.7.

2.5.4 Flexibility for a Model

The flexibility of a model increases as the number of parameters goes up. However,
the modeler should be careful in increasing the flexibility of a model by addition of
extra parameters, and in most cases it may cause irrationality. Flexibility of a model
is dependent on the assumptions and rules employed during its development. The
hypothesis is that less complex models are less flexible because of adoption of
tough restricting assumptions to reduce the parameters. In general, complex models
have minimal assumptions, and thus they are more flexible and applicable to a wide
range of scenarios. Because of this flexibility factor, applications of less complex
models are limited only to situations where the assumptions are valid. The flexi-
bility of a model is invariably accompanied by extensibility of the mathematical
code which is determined by the level of complexity of the model. In data-based
modeling, the modeler should always be aware of five basic aspects before mod-
eling: (1) has the selected model sufficient rigor to represent the process; (2) ade-
quacy of the selected model for simulation of hydrological processes; (3) flexibility

Fig. 2.7 Hypothetical
relation of data interval on
modeling error
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of the model; (4) model design and optimization method; and (5) computational
capabilities and complexities of the code.

2.5.5 Sensitivity of a Model

Sensitivity of a model is a major factor which decides its reliability in real situa-
tions. It often refers to the amount of change in model output resulting from a
change in model input. As this book deals with data-based training models, the
variations in modeling results are assessed with a certain percentage change in each
input data series. Actually, this process tests the robustness of model results of a
model under uncertain inputs. However, for physical models in general, the sen-
sitivity of a model refers to the changes in its individual parameters. The overall
sensitivity would be a cumulative result of the effects of all parameters in the system
model. The general hypothesis is that sensitivity increases with increasing com-
plexity because of the presence of more parameters or links. However, variation of
sensitivity is dependent on many factors, so this hypothesis is much generalized. To
resolve uncertainty-sensitivity issues, different kinds of optimization algorithms
have been developed, namely the variance-based Sobol’ method [69, 70] and the
GLUE procedure [14]. Sensitivity analyses are valuable tools for identifying
important model parameters to test model conceptualization and model structure.

2.5.6 Predictive Error of a Model

Prediction error is a generalized indicator of the performance of a model. The true
predictive error is the sum of training error and training optimism. It is often
referred to as the quality of the output, and the way the model performance should
be interpreted and assessed. Training optimism is a measure of how bad our model
can be over unseen data in comparison to training data. The more optimistic we are,
the better our training error will be compared to what the true error is, and the worse
our training error will be as an approximation of the true error. The hypothesis is
that highly complex models simulate the real systems and give least prediction
error. The inadequacies of simple models in most cases are because of the presence
of simplifying assumptions.

2.5.7 Identifiability of a Model

Identifiability is a measure of how well the system is defined by the model, which is
not directly assessable. This quantity tells themodel whether themodel ‘over-defines’
the system, which normally happens when the degree of freedom of the model is
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higher than that of the real system. One can find discussions of hydrological model
identifiability from the late 1980s [12, 40] in the hydrological literature.

Defining modeling uncertainty as a function of the model properties above
(particularly model sensitivity and modeling error), it is important to investigate the
relationship between modeling uncertainty and model complexity.

2.6 Index of Model Utility (U)

This book adopts an index of model utility to make a decision about which is the
‘best and right’ model for any hydrological modeling exercise. The adopted
approach is a somewhat modified version of Snowling and Kramer [68] for suit-
ability in data-based modeling. Statistically, the proposed ‘index of model utility’ of
a model can be defined as a scaled distance from the origin on a graph of sensitivity
versus modeling error of different models to the point corresponding to that model
in the graph. Mathematically it can be written as

Ui ¼ 1�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
KsS2i þ KeE2

i

ðKs þ KeÞ

s
ð2:6Þ

where

Ui is the utility index for model I,

Si is the sensitivity value for model i (relative to the maximum
sensitivity), in this study the value obtained from the mean value of
slope of all sensitivity curves obtained from all inputs,

Ei is the error value for model i (relative to the maximum error; in this
study we have adopted root mean squared error as the indicator of
model error), and

Ks and Ke are weighting constants for sensitivity and error, respectively.

The value of U varies between 0 and 1 and if the value of U is larger, the model
has higher utility. The values of S and E for each model should be normalized to
satisfy the equation, which is the reason for dividing all values by the maximum
sensitivity and error value. The values of Ks and Ke depend on how the model
values error and sensitivity. If error and sensitivity are valued equally, then Ks and
Ke should both be set to 1. In this study, both values were set to 1. In this book, the
model utility indexes (U) were calculated for the three case studies and are illus-
trated in Chaps. 5–7. The purpose of this equation is to explore the usefulness of
several statistical models, considering their complexity and sensitivity in hydrologic
prediction in a simpler way. Further research can be accomplished by considering
varying proportions of Ks and Ke values.
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2.7 Conclusions

This chapter summarizes some of the data modeling issues where one can find
major over-simplified assumptions and unsolved issues. It covers the relatively
simple and neglected topics of training data length, data redundancy, and
assumptions in neuron selection in ANN modeling.
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Chapter 3
Model Data Selection and Data
Pre-processing Approaches

Abstract Data-based modeling relies on historical data without directly taking
account of underlying physical processes in hydrology. So, real-world modeling of
hydrological processes commonly requires a complex input structure and very
lengthy training data to represent inherent complex dynamic systems. In cases where
a large amount of input data is available, and all of which used for modeling, technical
issues such as the increase in the computational complexity and lack of memory
spaces have been observed. The likelihood of these problems occurring is much
greater in the case of hydrological modeling, as these models possess high nonlin-
earity and a large number of parameters. Therefore, there is a definite need to identify
proper techniques which adequately reduce the number of inputs and the required
training data length in nonlinear models. Removing redundant inputs from all
available input pools and deciding upon the optimum data length to make a reliable
prediction are the main purposes of these approaches. This section of the book
describes the abilities of novel techniques such as Gamma Test (GT), entropy theory
(ET), Principle Component Analysis (PCA), cluster analysis (CA), Akaike’s Infor-
mation Criterion (AIC), and Bayesian Information Criterion (BIC) in model data
selection. The novelty of this work is that many of these approaches are used for the
first time in hydrological modeling scenarios such as solar radiation estimation,
rainfall-runoff modeling, and evapotranspiration modeling. Towards the end of this
chapter, conventional data selection procedures such as the Cross-Correlation
Approach (CCA), Cross-Validation Approach (CVA), and Data Splitting Approach
(DSA) are explained in detail. These traditional approaches were used to check the
authenticity of the newly applied methods in the later case study chapters.

3.1 Implementation of Gamma Test

Gamma Test (GT) is a nonlinear modeling analysis technique which helps to
quantify the extent to which numerical input–output data can be expressed as a
reliable smooth model. The distinct advantage of GT is its ability to calculate
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efficiently the Gamma statistic (of the best mean squared error (MSE) on an output
that can be attained by any smooth model) directly from the unseen data. The GT is
often seen as an improved version of the Delta Technique (DT) [60]. The
description of DT is given later after a detailed description of GT.

3.1.1 Background on Gamma Statistic, V-Ratio, and M-Test

The GT estimates the minimum MSE which can be achieved when modeling the
unseen data using any continuous nonlinear models. The GT was first reported by
Koncar [46] and Agalbjörn et al. [2], and later enhanced and discussed in detail by
many researchers [20, 21, 42, 77, 78].

Only a brief introduction to the GT is given here and the interested reader should
consult the aforementioned papers for further details. The basic idea is quite distinct
from the earlier attempts with nonlinear analysis. Suppose we have a set of data
observations of the form

xi; yið Þ; 1� i�Mf g ð3:1Þ

where the input vectors xi Є Rm are vectors confined to some closed bounded set
C Є Rm and, without loss of generality, the corresponding outputs yi Є R are scalars.
The vectors x contain predicatively useful factors influencing the output y. The only
assumption made is that the underlying relationship of the system is of the fol-
lowing form:

y ¼ f x1. . . xmð Þ þ r ð3:2Þ

where f is a smooth function and r is a random variable which represents noise.
Without loss of generality, it can be assumed that the mean of r’s distribution is
zero (since any constant bias can be subsumed into the unknown function f) and that
the variance of the noise Var(r) is bounded. The domain of a possible model is now
restricted to the class of smooth functions which have bounded first partial deriv-
atives. The Gamma statistic Γ is an estimate of the model’s output variance which
cannot be accounted for by a smooth data model.

The GT is based on N i; k½ �; which are the kth 1� k� pð Þ nearest neighbors
xN i;k½ � 1� k� pð Þ for each vector xi 1� i�Mð Þ. Specifically, the Gamma Test is
derived from the Delta function of the input vectors:

dM kð Þ ¼ 1
M

XM
i¼1

xN i;kð Þ � xi
�� ��2 1� k� pð Þ ð3:3Þ

where � � �j j denotes Euclidean distance, and the corresponding Gamma function of
the output values:
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cM kð Þ ¼ 1
2M

XM
i¼1

yN i;kð Þ � yi
�� ��2 1� k� pð Þ ð3:4Þ

where yN i;kð Þ is the corresponding y-value for the kth nearest neighbor of Xi in (3.3).
In order to compute Γ, a least squares regression line is constructed for the p points
dM kð Þ; cM kð Þð Þ:

c ¼ Adþ C ð3:5Þ

The intercept on the vertical axis d ¼ 0 is the Γ value (Fig. 3.1), and, as can be
shown:

cM kð Þ ! Var rð Þ in probability as dM kð Þ ! 0 ð3:6Þ

Calculating the regression line gradient can also provide helpful information on
the complexity of the system under investigation. A formal mathematical justifi-
cation of the method can be found in Evans and Jones [22].

The graphical output of this regression line (3.5) provides very useful infor-
mation. First, it is remarkable that the vertical intercept Γ of the y (or Gamma) axis
offers an estimate of the best MSE achievable utilizing a modeling technique for
unknown smooth functions of continuous variables [22]. Second, the gradient offers
an indication of a model’s complexity (a steeper gradient indicates a model of
greater complexity).

The Gamma Test is a non-parametric method and the results apply regardless of
the particular techniques used to build subsequently a model of f. We can stan-
dardize the result by considering another term, Vratio, which returns a scale invariant
noise estimate between zero and one. The Vratio is be defined as

Vratio ¼ C
r2 yð Þ ð3:7Þ

Fig. 3.1 The regression plot
for the gamma test
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where σ2(y) is the variance of output y, which allows a judgment to be formed
independent of the output range as to how well the output can be modeled by a
smooth function. A Vratio close to zero indicates that there is a high degree of
predictability of the given output y.

We can also determine the reliability of Γ statistic by running a series of Gamma
Tests for increasing M, to establish the size of data set required to produce a stable
asymptote. This is known as the M-test. An M-test result would help to avoid the
wasteful attempt of fitting the model beyond the stage where the MSE on the
training data is smaller than Var(r), which may lead to overfitting. The M-test also
helps to decide how much data might be required to build a model with a MSE
which approximates the estimated noise variance. In practice, the Gamma Test can
be achieved through winGammaTM software implementation [21].

3.1.2 Assumptions in the Gamma Test

There are three principle assumptions associated with the GT which are clearly
stated in [21]. These major assumptions are:

1. The training set inputs are non-sparse in input space (i.e., the first nearest
neighbor distances reduces as the number of training data points increases)

2. Each output is determined from the inputs by a deterministic process which is
the same for both training and test sets

3. Each output is subjected to statistical noise, the distribution of which may be
different for different outputs but which is the same in both training and test sets
for corresponding outputs.

3.1.3 Data Analysis Using Gamma Test

This section gives a brief description on how GT can be used as a precursor to
nonlinear time series modeling to identify the quality of data used for modeling and
to select the best features out of the available input data sets. The GT describes the
feature sets (subsets) of available input data as masks. As an example of how GT
could be used as a best feature selection, assume a set of input data series (x1, x2, and
x3) and three mask sets [0, 1, 1], [1, 0, 1], and [1, 1, 0]. The mask subset [0, 1, 1]
corresponds to the data sets without series x1 and the other two masks are data sets
without x2 and x3, respectively. We use 0 and 1 representation in the context of
feature selection to describe which data series are used [1] and which are not used
[0]. The GT analysis on given masked data subsets would provide information such
as Gamma statistic (measure of best achievable MSE), V-ratio (the measure of
degree of predictability), and Gradient (measure of complexity of model). If the
values of the Gamma statistic and Vratio are close to zero, it indicates that there is a
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high degree of predictability of the given output using the selected feature. At the
same time, the higher value of gradient shows the complexity of the selected feature
to make a model. This allows the researcher to reach a reliable conclusion on model
data selection. The selection of the best inputs can be explained through Fig. 3.2. In
Fig. 3.2, the Gamma statistic values decrease in value when we remove the data
series x1 and Gamma values are high when we remove the data series x2. This
indicates that the predictability of the smooth model is better for the [0, 1, 1] masked
data subset. In other words, the removal of the series x1 did not greatly influence the
Gamma static value, whereas the removal of data series x2 made a large impact on
the Gamma values. When we masked the series x2, the predictability of the series
was considerably reduced (higher Gamma and V-ratio). So, from Fig. 3.2 one can
easily see that the influence of input data being modeled is in the form of x2 > x3 > x1.

This technique has received attention among researchers working in the eco-
nomics and environmental field in recent years. Connellan and James [17] and
James and Connellan [39] have used the Gamma Test to predict short time property
prices based on the time series valuations and 15-year gilts. Oliveira [55] has
demonstrated the capability of this technique to extract a digital signal masked by a
chaotic carrier. Corcoran et al. [18] applied the GT as a method for crime incident
forecasting by focusing upon geographical areas of concern which transcend tra-
ditional policing boundaries. This book has identified the great potential and
effectiveness of this technique in hydrology in being used for water management,
including flood prediction and other hydrological nonlinear modeling.

Fig. 3.2 Variation of gamma static for different masked subsets [0, 1, 1], [1, 0, 1], and [1, 1, 0]
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3.1.4 Delta Test

In the Delta Test (DT), the conditional expected values 1
2 y0 � yð Þ2 of the associated

points x′ and x located within a distance δ of each other converge to Var(r) as δ
approaches zero. In other words, this can expressed as

e
1
2

y0 � yð Þ2jjx0 ¼ xj\d

� �
! Var rð Þ as d ! 0 ð3:8Þ

The design of the DT is based on the premise that, for any particular value given
for δ, the anticipation in (3.8) can be estimated by the sample mean:

e dð Þ ¼ 1
I dð Þj j

X
i;jð Þ2I dð Þ

1
2
yj � yi
�� ��2 ð3:9Þ

where

I dð Þ ¼ i; jð Þjjxj � xij\d; 1� i 6¼ j�M
� � ð3:10Þ

which is the set of index pairs (I, j) for which the associated points (xi, xj) are
located within distance δ of each other. For a given finite set of data points, the
number of pairs xj � xi

�� ��\d decreases as δ decreases. If one chooses a smaller δ
value, it indicates that the sample mean eðdÞ has a significant sampling error.
Therefore, it is always a wise decision to set a significantly higher value of δ in
order to have a better estimate of the sample mean eðdÞ, as per (3.8). However, this
restriction reduces the effectiveness of the sample mean eðdÞ as an estimate of
Var(r). If there is a parametric form of the relationship between δ and the respective
sampling mean eðdÞ, then one could easily compute eðdÞ for the range of δ and then
estimate the limit as δ → 0 using regression techniques [43], and the parametric
form for the relationship between eðdÞ and δ is not apparent in the case of DT. The
Gamma Test handles the same issue discussed in DT, in which the quantities eðdÞ
and δ are replaced by analogous items such as γ and δ, respectively, in such a way
that c ! Var rð Þ as δ → 0.

3.2 Implementation of Entropy Theory

Entropy measurements could be used as an important tool to indicate the quality of
time series used for modeling. Furthermore, entropy statistics are suitable for
decomposition analysis. One could find several applications of entropy in the
realms of economics and other innovation studies. It can also be used as a quan-
titative measure of the information content of a series of data. This is equivalent to
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the amount of gain in information [30] in reducing uncertainties. Entropy in
information theory can be defined as a measure of the degree of uncertainty of
random processes. The history of the entropy concept goes back to Boltzmann [7].
Later, Shannon [64] gave a probabilistic interpretation in information theory
elaborating the concept.

The entropy function clearly expresses the expected information content or
uncertainty of a probability distribution which can be described as follows. Let Ei

stand for an event and pi for the probability of event Ei to occur. Let there be
n events E1, …, En with probabilities p1, …, pn (sum of these probabilities would be
one). Since the occurrence of events with smaller probabilities yields more infor-
mation, a measure of information h is included which is a decreasing function of pi.
A logarithmic function can be used to express information h(pi) [64]:

h pið Þ ¼ log
1
pi

� �
ð3:11Þ

which decreases from infinity to 0 for pi, ranging from 0 to 1. The function reflects
the idea that the lower the probability of an event to occur, the higher the amount of
information in a message stating that the event occurred. In the case of n number of
information values h(pi), the expected information (entropy) content of a probability
distributions could be derived by weighing the information values h(pi) by their
respective probabilities:

H ¼
Xn
i¼1

pi log
1
pi

� �
ð3:12Þ

where H stands for entropy.
So,

pi log
1
pi

� �
¼ 0 if pi ¼ 0 ð3:13Þ

The entropy value H is non-negative and the minimum possible entropy value is
zero:

Hmin ¼ 1� log
1
1

� �
¼ 0 ð3:14Þ

The entropy value will be a maximum if all states are equally probable
(i.e., pi ¼ 1

n):

Hmax ¼
Xn
i¼1

1
n
log nð Þ ¼ n

1
n
log nð Þ ¼ log nð Þ ð3:15Þ
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One major feature is that entropy applies to qualitative rather than quantitative
values, and, as such, depends exclusively on the probabilities of possible events
[73]. When prior probabilities pi are transformed in posterior probabilities qi, the
information can be expressed as

I qjpð Þ ¼
Xn
i¼1

qi log
qi
pi

� �
ð3:16Þ

This value equals zero when posterior and prior probabilities are the same (no
information) and is positive otherwise.

Due to the property of additivity of the entropy formula, entropy statistics could
be effectively used to solve problems of aggregation and disaggregation. The
entropy decomposition theorem can be explained as follows. Let Ei stand again for
an event, and let there be n events E1,…, Enwith probabilities p1,…, pn. Assume that
all events can be aggregated into a smaller number of sets of events S1,…, SG in such
a way that each event exclusively falls under one set Sg, where g = 1, …, G.
The probability that the event falling under Sg occurs is obtained by summation:

pg ¼
X
i2Sg

pi ð3:17Þ

The entropy at the level of sets of events can be expressed as

H0 ¼
XG
g¼1

Pg log
1
Pg

� �
ð3:18Þ

where H0 is called the between-group entropy. The entropy decomposition theorem
specifies the relationship between the between-group entropy H0 at the level of sets
and the entropy H at the level of events as defined in (3.12). Therefore,

H ¼ H0 þ
XG
g¼1

PgHg ð3:19Þ

where

Hg ¼
X
i2Sg

pi
pg

log
1

pi
�
pg

 !
g ¼ 1; . . .;G ð3:20Þ

In the above equation, the probability pi /Pg, i 2 Sg is the conditional probability of
Ei, knowing that one of the events falling under Sg is bound to occur. Hg thus stands
for the entropy within the set Sg and the term ∑PgHg in (3.19) is the average within-
group entropy [26].

48 3 Model Data Selection and Data Pre-processing Approaches



3.2.1 Multidimensional Extensions of Entropy Theory

To explain multidirectional characteristics of entropy theory, consider a pair of
events (Xi, Yj) and the probability of co-occurrence of both events. The probabilities
of the two pair of events are

pi: ¼
Xn
j¼1

pij i ¼ 1; . . .;mð Þ ð3:21Þ

p:j ¼
Xm
i¼1

pij j ¼ 1; . . .; nð Þ ð3:22Þ

Marginal entropy values of two events can be computed using following equations
[65]:

H Xð Þ ¼
Xm
i¼1

pi: log
1
pi:

� �
ð3:23Þ

H Yð Þ ¼
Xn
j¼1

p:j log
1
p:j

� �
ð3:24Þ

Combining the above two equations, the two-dimensional entropy can be obtained
and expressed as

H X; Yð Þ ¼
Xm
i¼1

Xn
j¼1

pij log
1
pij

� �
ð3:25Þ

The conditional entropy value measures the uncertainty in one dimension
(e.g., X or Y), which remains when we know event Yj has occurred [26, 73]:

HYj Xð Þ ¼
Xm
i¼1

pij
p:j

log
p:j
pij

� �
ð3:26Þ

HXi Yð Þ ¼
Xn
j¼1

pij
pi:

log
pi:
pij

� �
ð3:27Þ

The average conditional entropy can be derived by considering the weighted
average of the above-mentioned conditional entropies:
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HY Xð Þ ¼
Xn
j¼1

p:jHYj Xð Þ ¼
Xm
i¼1

Xn
j¼1

pij log
p:j
pij

� �
ð3:28Þ

HX Yð Þ ¼
Xm
i¼1

pi:HXi Yð Þ ¼
Xm
i¼1

Xn
j¼1

pij log
pi:
pij

� �
ð3:29Þ

The above equations show that the average conditional entropy never exceeds the
unconditional entropy, i.e., HX Yð Þ�H Yð Þ and HY Xð Þ�H Xð Þ [26, 73].

In the same way, the mutual information on two events can be expressed as

J X; Yð Þ ¼
Xm
i¼1

Xn
j¼1

pij log
pij

pi: : pj

� �
ð3:30Þ

One can find different notations such as M(X, Y) or T(X, Y) in the literature for
(3.30). From the above equations, one can deduce that J X; Yð Þ� 0 and
J X; Yð Þ ¼ H Yð Þ � HX Yð Þ. After further analysis, one can say that the multi-
dimensional entropy equals the sum of the marginal entropies minus the mutual
information:

HðX; YÞ ¼ HðXÞ þ HðYÞ � JðX; YÞ ð3:31Þ

Some researchers make the interpretation that, when mutual information is absent,
the marginal distributions are independent and their entropies add up to the total
entropy.

The above definitions can be extended to the multivariate case with M variables
[31]. The total entropy of independent variables Xm (m = 1, …, M) is

HðX1;X2; . . .;XmÞ ¼
XM
m¼1

H Xmð Þ ð3:32Þ

If the variables are dependent, their joint entropy can be expressed as

HðX1;X2; . . .;XmÞ ¼ HðX1Þ þ
XM
m¼2

HðXmjX1;X2; . . .;Xm�1Þ ð3:33Þ

Finally, when the multivariate normal distribution is assumed for f (x1, x2, …, xM),
the joint entropy of X, with X being the vector of M variables, can be expressed as

HðxÞ ¼ M
2

� �
ln 2Pþ 1

2

� �
ln jCj þM

2
�M ln Dxð Þ ð3:34Þ

where Cj j = determinant of the covariance matrix C and Δx = class interval size,
assumed to be the same for all M variables [31].
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3.2.2 Application of Entropy Theory

Wider and major applications of entropy statistics emerged during the late 1960s
and the 1970s. This section provides a brief review on entropy statistics based upon
empirical research in industrial organizations, regional science, economics, and
environmental science. A well-known economist, Henri Theil, developed several
applications of information theory in economics and compiled them in his two
famous books entitled Economics and Information Theory (1967) and Statistical
Decomposition Analysis (1972). In the late 1960s, entropy formulae and statistics
were popularly used in industrial organizations for empirical studies of industrial
concentration and distribution of market shares [24, 34, 74]. Later, the decompo-
sition property of the entropy formula was also widely used to examine corporate
diversification and its influence on growth [27, 35, 37, 38, 58]. Harmancioglu and
Alpaslan [31] claimed that the entropy method allowed for quantitatively measuring
network efficiency in terms of the information produced by the network.

One can find some studies in the hydro-geological literature which have
employed entropy in the context of model optimization. Amorocho and Espildora
[6] used entropy to measure the information gained by the application of a
hydrologic model. Chapman [16] studied the application of entropy in various cases
involving the use of different assumed distribution functions, different types of flow
data, and also considered different units of entropy. Harmancioglu and Yevjevich
[32] used entropy to measure the information transmission among stations on the
same river. Krstanovic and Singh [47] investigated information transfer between
selected drought or flood sequences, using marginal entropy, joint entropy, and
transinformation in long-term monthly rainfall series. Yang and Burn [83] pre-
sented an entropy-based methodology for design of data collection systems. Using
marginal entropy, Maruyama and Kawachi [51] investigated the characteristics of
local rainfall in Japan. Harmancioglu and Singh [33] have applied entropy methods
to assess quantitatively uncertainties of hydrologic variables, and models of water
resources systems and their parameters. Caselton and Husain [14] introduced the
entropy concept into a hydrometric network study. They computed the information
transmissions, based on the entropy concept, and selected stations with the maxi-
mum information transmission. Amorocho and Espildora [6] used entropy to
measure the information gained by application of a hydrologic model.

Husain [36] used an entropy-based methodology for selecting the optimum
number of stations from a dense network and expanding a network using data from
an existing sparse network by interpolation of information and identification of
zones with minimum hydrologic information. Krstanovic and Singh [47] investi-
gated information transfer between selected drought or flood sequences, using
marginal entropy, joint entropy, and transinformation in long-term monthly rainfall
series. Yang and Burn [83] presented an entropy-based methodology for design.
However, in a plethora of studies in related fields, this book explores new
dimensions of entropy theory to identify the best model structure, training data
interval, and better data frequency. Remesan et al. [62] used entropy theory as an
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indicator of model selection and best data interval for real-time flood forecasting.
Another related work mentioned in this book is [3] which made an attempt to
compare different data selection approaches in solar radiation modeling along with
the information theory-based entropy concept.

3.3 Implementation of AIC and BIC

Identification of a true model in hydrological time series-based nonlinear modeling
is nearly impossible in practice. In the early days, hydrological modelers adopted
some subjective judgments in model identification. Fisher’s likelihood approach
was widely used to make a measure of the goodness-of-fit of the data; but this
approach is not appropriate if we wish to consider model complexity. The likeli-
hood ratio test is the basis of Fisher’s likelihood framework, which assumes that the
simpler models are a subset of the more complicated model. Because of this,
comparison of any two models was practically impossible in Fisher’s framework.
Moreover, other tests such as the chi-square and the Smirnov–Kolmogorov tests
adopt a subjective approach from which the conclusions drawn are based on the
level of confidence adopted for that particular study. Different levels of confidence
often lead to contradictory results. Another serious disadvantage in the use of
traditional goodness-of-fit tests in flood modeling is that they can pass more than
one peak-flow model from the class of competing models. These disadvantages
generally account for the reduced usefulness of the conventional goodness-of-fit
tests in the optimum model identification in flood frequency analysis [54].

This practical difficultywas effectively addressed byHirotsuguAkaike through his
novel concept of the Akaike information criterion (AIC) [4]. This attempt encouraged
many researchers in related fields to bring up new ideas in model selection. These
attempts led to the development of new concepts such as the Schwarz Information
Criterion (SIC), Bayesian Information Criterion (BIC), Hannan–Quinn Criterion
(HQ), and Amemiya’s Prediction Criterion (PC) [5, 44, 63]. Very solid theoretical
foundations exist in the development of both AIC and BIC. AIC is based on
Kullback–Leibler distance in information theory whereas BIC is based on integrated
likelihood in Bayesian theory. Research byBurnham andAnderson [13] suggests that
BIC is a much preferred criterion compared to AIC if the complexity of the truemodel
does not increase with the size of the data set. Using too many variables in time-series
analysis based on antecedent information can fit the data perfectly with a high level of
accuracy, but it can lead to overfitting. Use of very few input variables may not fit the
data set at all, and thus lead to underfitting. AIC andBICwere used effectively to solve
these issues in the fields of epidemiology, microarray data analysis, and DNA
sequence analysis [48, 49].

AIC is grounded in the concept of entropy, in effect offering a relative measure
of the information lost when a given model is used to describe the reality and can be
said to describe the trade-off between bias and variance in model construction, or,
loosely speaking, that of precision and complexity of the model. The AIC can be
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used as a tool for model selection. For a given data set, several competing models
may be ranked according to their AIC, with the one having the lowest AIC being
the best.

The general expression of AIC is

AIC ¼ 2k � 2 lnðLÞ ð3:35Þ

where k is the number of parameters in the statistical model, and L is the maximized
value of the likelihood function for the estimated model.

Let n be the number of observations, RSS is the residual sum of squares, and the
model errors are normally and independently distributed. Then

RSS ¼
Xn
i¼1

e2i ð3:36Þ

when we incorporate an assumption that model errors is unknown but equal for
them all. When maximizing the likelihood with respect to this variance, the AIC
becomes as follows:

AIC ¼ 2k þ n ln
2pRSS

n

� �
þ 1

� 	
ð3:37Þ

where k is the number of parameters in the statistical model, n is the number of
observations, and RSS is the residual sum of squares.

Increasing the number of free parameters to be estimated, it would improve the
quality of fit, regardless of the number of free parameters in the data generating
process. Hence, AIC not only rewards quality of fit but also includes a penalty
which is an increasing function of the number of estimated parameters. This penalty
discourages overfitting. The preferred model is the one with the lowest AIC value.
The AIC methodology attempts to find the model which best explains the data with
a minimum of free parameters. By contrast, the more traditional approaches to
modeling start from a null hypothesis. The AIC penalizes free parameters less
strongly than does the Schwarz criterion.

Kennedy [44] defines AIC as

AIC ¼ ln SSE=nð Þ þ 2k=n ð3:38Þ

where k is the number of regressors in the model, n is the sample size (observa-
tions), and SSE is the Sum of Squares of the Residuals.

The usefulness of the training data is increased when the number of parameters
in the model is increased but it might result in an overtraining problem if the
number of parameters is too large. In order to overcome this problem, one can use
the BIC (parametric method), which is a statistical criterion for model selection.
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The BIC is an asymptotic result derived under the assumptions that the data dis-
tribution is in the exponential family. Let

BIC ¼ n ln
RSS
n

� �
þ K ln nð Þ ð3:39Þ

Hence, lower BIC implies either fewer explanatory variables, better fit, or both.
The BIC penalizes free parameters more strongly than does the Akaike information
criterion. AIC and BIC values are used here for model input selection, since the
more inputs, the more parameters of the model would have.

Kennedy [44] defines the BIC as

BIC ¼ ln SSE=nð Þ þ k ln nð Þ=n ð3:40Þ

where k is the number of regressors in the model, n is the sample size (observa-
tions), and SSE is the Sum of Squares of the Residuals.

3.4 Implementation of Cluster Analysis

Cluster analysis is an investigative data analysis tool widely used for solving
classification problems in different scientific fields, including biology, statistics,
pattern recognition, astronomy, archaeology, medicine, chemistry, education, psy-
chology, hydrology, linguistics, sociology, machine learning, and data mining. It
works on the principle of degree of association. Degree of association will be high
between members of the same cluster and low among members of different clusters.
Formal definition of a cluster, group, or class is difficult and is often down to the
judgment of the user [8].

Cormack [19] and Gordon [28] talk of internal cohesion and external isolation in
defining clusters. No single definition is suitable for all situations since the nature of
the clusters can vary significantly. The term cluster analysis (CA) was coined by
Tryon [76] to emphasis different methodical algorithms and approaches for
grouping objects of the same manner into respective categories. The usefulness of
clustering depends on the goal of the data analysis. There are different notions of a
cluster to prove its usefulness in practice. Different cluster types could be classified
as well-separated, prototype-based, graph-based, density-based, and shared-prop-
erty based. The two-dimensional illustration of different clusters are shown in
Fig. 3.3. In reviews of the general categories of CA methods, one can find three
major kinds of clustering, namely hierarchical clustering, partitional clustering
(k-means clustering), and two-way clustering (co-clustering or bolstering).

54 3 Model Data Selection and Data Pre-processing Approaches



3.4.1 Hierarchical Tree Cluster Analysis

Hierarchical CA is comprised of agglomerative methods and divisive methods
which find clusters of observations within a data set. Hierarchical clustering clas-
sifies data by means of a series of partitions which may run from one single cluster
of all elements to n clusters, each containing one element. The main constituent of
the analysis is the repeated calculation of distances between objects or clusters. The
graphical outcome of this approach is known as a dendrogram. Divisive methods
and agglomerative methods are two major groups of methods for hierarchical CA,
in which the agglomerative methods are popular in the research community.
Commonly used algorithms in hierarchical clustering are single linkage clustering,
complete linkage clustering, average linkage clustering, average group linkage, and
Ward’s linkage. Each of these methods differs in the way that similarity or distance
between an element and a group of elements is defined, and consequently produces
different results using the same data which is detailed in Fig. 3.4.

Fig. 3.3 Different types of clusters illustrated as 2D points [72]. a Well-separated clusters Each
point is closer to all of the points in its cluster than to any point in another cluster, b Center-based
clusters Each point is closer to the center of any other cluster, c Contiguity-based cluster Each
point is closer to at least one point in its cluster than to any point in another cluster, d Density-
based clusters Clusters are regions of high density separated by regions of low density,
e Conceptual clusters Points in a cluster share some general property that derives from the entire
set of points (Points in the intersection of the circles belong to both)
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3.4.1.1 Single Linkage Clustering

Single linkage is also known as the nearest neighbor method, and is one of the most
straightforward hierarchical clustering techniques. The distance between a pair of
groups is calculated by using the closest pair of elements where one element comes
from each group under consideration as shown in Fig. 3.4a. In this type of algo-
rithm the linkage function specifying the distance between two clusters is computed
as the minimal object-to-object distance. Assume the clusters are [X, Y] and the
objects (xi, yj), then the linkage function can be expressed mathematically as

Dmin X; Yð Þ ¼ min
x2X;y2Y

ds xi; yj

 � ð3:41Þ

where ds(xi, yj) is the distance between the objects xi and yj, and Dmin X; Yð Þ is the
minimum object to object linkage distance.

At each step of the hierarchical agglomerative procedure, the two clusters whose
closest members have the smallest distance are merged [9, 25, 40, 68]. A property
known as chaining is often associated with the single linkage method (although it
can occur with other methods) and is usually considered as a defect, since no
distinct clusters are produced. Chaining occurs when a cluster occurring at low-
level linking increases by the progressive addition of individual elements not
already in a cluster. An example of this can be seen in Fig. 3.4a.

3.4.1.2 Complete Linkage Clustering

Complete linkage clustering is also known as the farthest neighbor method because
of its mathematical consideration used for calculation of linkage function. It is
based on the distance between the furthest pairs of elements, one from each cluster;

Fig. 3.4 Five different hierarchical clustering techniques in the form of dendrograms. a Single
linkage, b Complete method, c Average method, d Centroid method, e Ward’s method
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this is illustrated in Fig. 3.4b. Assume the clusters are X and Y, xi, is an object
belonging to the first cluster and yj an object belonging to the next.

Then the mathematical expression for linkage function is

Dmax X; Yð Þ ¼ max
x2X;y2Y

ds xi; yj

 � ð3:42Þ

where ds (xi, yj) is the distance between the objects xi and yj, and Dmax X; Yð Þ is
maximum object to object linkage distance.

3.4.1.3 Average Linkage Clustering

The distance between groups using group average clustering is the average of the
distances between all pairs of elements (one from both groups under consideration)
and is depicted in Fig. 3.4c. The mathematical expression for average linkage
clustering is as follows:

Dmean X; Yð Þ ¼ 1
Nx � Ny
x2X;y2Y

XNx

i¼1

XNy

j¼1

ds xi; yj

 � ð3:43Þ

where ds(x, y) is the distance between the objects x and y and Dmean X; Yð Þ is the
mean object to object linkage distance. Nx and Ny are the number of objects in
clusters X and Y, respectively.

3.4.1.4 Average Group Linkage Clustering (Centroid Clustering)

Average group linkage clustering is also popularly known as centroid clustering. In
the case of centroid clustering, inter-group distance is defined as the mean vector of
all the variables already within the group. In each iteration, the two clusters whose
centroids are the closest are merged. A problem with this method is that, if the sizes
of the two groups differ vastly, when the groups are fused together the centroid of
the new group will lie very close to the large group. The mathematical expression
for average group linkage clustering is as follows:

Dcen X; Yð Þ ¼ ds x; yð Þ ð3:44Þ

where

x ¼ 1
Nx

XNx

i¼1

xi ð3:45Þ
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y ¼ 1
Ny

XNy

i¼1

xy ð3:46Þ

where Dcen (X, Y) is the maximum object to object linkage distance. Nx and Ny are
the number of objects in clusters X and Y, respectively and �x;�y are the mean vectors
of the first and the second clusters, respectively.

3.4.1.5 Ward’s Linkage Clustering

Ward’s linkage clustering is a common analysis technique with analysis of variance
(ANOVA). Ward’s method [79] is a popular method which is not based on the
distance matrix. The method begins with N single member groups and, as with
other hierarchical methods, merges two groups at each step. All combinations of
two groups are considered. The chosen pair is the one which minimizes the
information loss, namely the sum of the squared distances between the points and
the centroids of their respective groups summed over the resulting groups. In this
approach, the linkage function estimates distance between the two clusters, the
increase in the error sum of squares (ESS) after fusing two clusters into a single
cluster. The mathematical expression for Ward’s linkage clustering is as shown
below.

ESS for cluster X can be expressed as

ESSðXÞ ¼
XNx

i¼1

xi � 1
Nx

XNx

i¼1

xi

�����
�����
2

ð3:47Þ

and Ward’s linkage function can be expressed as

Dw X; Yð Þ ¼ ESSðXYÞ � ESSðXÞ þ ESSðYÞ½ � ð3:48Þ

where �j j is the absolute value of a scalar value or the norm (the “length”) of a
vector and XY is combined vector obtained by fusion of clusters X and Y.

In theory, hierarchical CA should be achievable by divisive methods,
(agglomerative methods in reverse) by starting with all N observations and splitting
the cluster into two clusters of the most similar groups and so on until reaching
n clusters of one element. These divisive methods are computationally intensive and
impractical in some ways, unless for small sample sizes. To choose the closest
groups for merging, agglomerative hierarchical clustering requires all S(S − 1)/2
possible pairs of S groups to be examined. As for divisive clustering, for each group
of size ns, the number of possible ways to make a split is 2ns�1 � 1 [9, 81].
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3.4.2 Partition Clustering (K-Means Clustering)

Partition methods are among the most popular techniques in clustering and break
the objects or observations into distinct non-overlapping groups based on some
fixed criteria. There are many partition methods available in the literature based on
criteria such as K-means, K-medians, etc. Some common non-hierarchical methods,
apart from the K-means method, are nucleated agglomerative clustering and clus-
tering using mixture distributions. K-means clustering is the best-known non-
hierarchical clustering technique methods for data grouping, which is also, known
as Forgy’s algorithm. The K-means predictive algorithm was developed by
MacQueen [50] who was inspired by the work of Steinhaus [70]. It was later
enhanced by J.A. Hartigan and M.A. Wong during 1975–1977. K-means clustering
is particularly appropriate if we specify the number of clusters a priori the clustering
process. Unlike hierarchical CA, the researcher needs to provide the number of
required clusters, then the K-means CA program searches for the best solution with
that number of clusters, whereas the hierarchical method look for n possible clusters
from the observation. This could be viewed as a disadvantage unless prior
knowledge of the correct number of groups exists. For this reason, K-means
clustering is often repeated for a range of initial group numbers and group
assignments.

The algorithm then proceeds in the following way:

1. Centroids of each cluster is calculated �xk
2. The distance between the data point xi, and all the centroids are calculated
3. If xi is already amember of the group whose mean is closest, repeat step 2 for xi + 1,

otherwise reassign xi to the group whose mean is closest and return to step 1.

This is repeated until all xi is closest to its group mean. The K-means clustering
algorithm could be described simply as that in Fig. 3.5.

In case of nucleated agglomerative clustering, the procedures of K-means
clustering and Ward’s method are combined to make better grouping. In this
method, two numbers of groups must be specified, an initial number of groups and
a final number of groups. The initial number of groups is specified to be larger than
the final number of groups [9]. The procedure starts with K-means CA, after which
the two closest groups are merged according to Ward’s method (described in
Sect. 3.4.1.5). Clustering using mixture distributions is a method where multivariate
normal distributions are fitted to the data via the Expectation–Maximization (EM)
algorithm [23, 29, 53, 75]. Each group is represented by a PDF. The probability of
membership of a data point to a group given its PDF is obtained by using the EM
algorithm. The data points are grouped by assigning each xi to the PDF fg xð Þ which
has the largest probability.

Likewise, as with many clustering approaches, the K-means clustering method
also possesses weaknesses. They are as follows:
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1. When the amount of data is at a minimum, the initial assumption will have a
significant influence on the clustering

2. Being sensitive to the initial conditions, the algorithm has a high chance of
becoming trapped in a local optimum

3. Weights of attributes: the assumption is each attribute has the same weight
4. The method is based on distance: the results are therefore mostly circular cluster

shape
5. Weakness of centroid calculation: a single highly erroneous data from the

centroid may pull the centroid much further from the real one.

However, the application of the K-means clustering approach is enormous, and
one can find successful applications of this technique in the unsupervised learning
of neural networks, pattern recognition, artificial intelligence, image processing,
machine vision, economics, and many more.

3.4.2.1 Silhouette Value

The silhouette value S(i) was defined as the indicator of dissimilarity between
clusters. Assume any object i in the data set and this object belong to cluster A. If
the cluster A contains objects apart from i, we can calculate a(i), the average
dissimilarity of i to all other objects of A.

Fig. 3.5 Simple flow chart of
the K-means clustering
algorithm
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Now assume a cluster C, and we can calculate d(I, C), the average dissimilarity
of i to all objects in the cluster C. After calculating d(i, C) for all clusters C 6¼ A we
can now consider an another term b(i), which can be defined as

bðiÞ ¼ min
C 6¼A

dði;CÞ ð3:49Þ

Using a(i) and b(i), the silhouette value S(i) can be defined as follows:

S ið Þ ¼ b ið Þ � a ið Þ
max a ið Þ; b ið Þf g ð3:50Þ

The silhouette value is between −1 and 1. If the value is 1, it means that the
objective data belong to a more appropriate cluster.

3.5 Implementation of Principal Component Analysis

Principal component analysis (PCA) is one of the major innovations in applied
linear algebra, applied widely in engineering and applied science. PCA is a mul-
tivariate procedure which transforms the original data in such a way that the
maximum variances are projected onto the axes. The distinct advantage of PCA is
its ability to reduce the dimensionality of an original data set while retaining as
much information as possible. The derivation of principal components (PCs) is
based on the eigenvectors and eigenvalues of either the covariance matrix or the
correlation matrix. There are numerous claims in the literature for establishing the
first use of the concept of PCA [18, 60]. However, probably the most famous work
on PCA in the early days was the paper by Pearson [59]. A similar and basic
description of this method in physics was given by Cauchy [15]. Adcock [1] gave
the earliest non-specific reference to PCA in the chemical literature in which the
author tackled a simple problem of linear calibration with this concept.

The basic background of PCA can be explained as follows. Assume an event for
which p variables (attributes) Xi are being measured sequentially through time for
n time instances. The corresponding data set X = [x1, x2, …, xp] consists of
p vectors xi, where xi = [x1i, x2i, …, xni]′ is a column vector which contains the
n measurements of the variable Xi (where xi includes a univariate time series). Each
row of X corresponds to the measurements of all variables at a specific time.
Therefore, each row of X can be considered as a point in p-dimensional space. PCA
derives a new set of orthogonal and uncorrelated composite variates Y(j), which are
called principal components:

YðjÞ ¼ a1jX1 þ a2jX2 þ � � � þ apjXp; where j ¼ 1; 2; . . .; p ð3:51Þ
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Each principal component is a linear combination of the original variables and is
calculated in such a way that each successive component will account for a definite
amount of variation in X. The derivation of PCs is based on the covariance matrix
or correlation matrix of X. The correlation matrix-based approach has the upper
hand in dealing with real-world problems such as those in hydrology with variables
measured in different units. A good comparison between these two matrix-based
approaches can be found in Jolliffe [41]. The results from the above application of
PCA are normally presented in matrix form. The component weights, aij, define the
component’s position in the space, a matrix of size p × p. The item Y(j) can be used
to compute component scores (the representation of X in the principal component
space). Y is a matrix of size n × p, which is comprised of these scores. In addition to
these matrices, variances of the PCs in increasing order form a matrix S of size
p × 1. Thus PCA transforms a data set X by rotating the original axes of a
p-dimensional space and deriving a new set of axes (components) in such a manner
that the first axis accounts for the maximum variance. In most cases, the first few
(q) components will retain most of the variation present in all of the original
variables (p) and thus an essential dimensionality reduction may be achieved by
projecting the original data on this new q-dimensional space, as long as, q ≪ p.

There is some debate amongst climatic modelers on deciding whether the
covariance or correlation matrix should be used. Overland and Priesendorfer [56]
used both the covariance and correlation matrix for PCA applied to cyclone fre-
quency data. The study found that the covariance matrix was best used for fitting
data and locating individual variables which represented a large variance in the data
set, whereas the correlation matrix was best used to examine the spatial features.
Some researchers used the covariance matrix, since all variables were measured in
the same units [45, 52]. There are many PCA-based hydrological research items in
the literature. Wigley et al. [80] assessed the temporal and spatial patterns of
precipitation data investigated by using PCA. In this study, precipitation data from
the period 1861–1970 collected from 55 stations spread throughout England and
Wales was subjected to PCA to define areas of differential variability. This study
suggested that England and Wales could be divided into five main regions of
precipitation variability; south–east, south–west, central, north–east, and north–-
west. In Tabony [71], PCA was applied to precipitation data collected over a larger
area of 182 stations covering the whole of Europe for the period 1861–1970. In
both of these studies, similarities were found for the first two PCs but higher order
components differed to a larger degree in the second study.

PCA is useful in assessing redundancy due to the possible correlation of one
input to another in a modeling data set with large number of input data series. PCA
can be used to reduce the data input series into a smaller number of principal
components (artificial variables) that will account for most of the variance in the
actual data. The first principal component is combination of original data series
used in the study, which explains the greatest amount of variation. The second
principal component defines the next largest amount of variation and is independent
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of the first. These sets of uncorrelated variables (principal components) can be
ordered by reducing variability and the last few items of these variables can be
removed with minimum loss of real data.

3.6 Traditional Approaches in Data and Model Selection

The primary objective of data selection is to ensure the appropriate type and sources
of data which allow investigators to answer adequately the intended modeling
questions. Traditionally, proper selection of representative data from the available
data pool is a tricky issue in all scientific divisions, including hydrology. There is a
wide variety of sampling approaches available in the literature for reducing the
likelihood of drawing a biased sample; including simple random sampling, stratified
sampling, cluster sampling, systematic sampling, etc. Some of these approaches are
more suitable for qualitative research and the results might be contradictory for
quantitative research. Validation approaches are useful methods for assessing how
accurately a predictive model will perform and the effectiveness of data splitting for
training. It is very useful, in real life problems, where we have limited samples of
data, to estimate the model input dimension which will provide the lowest error rate
and the most stable results in future. Cross-validation and bootstrapping are the
common approaches of this kind of work, which is considered to be a method
which is better than a residual approach. The major types of CVA are the holdout
method, K-fold cross-validation, and leave-one-out cross-validation.

3.6.1 The Holdout Method

The holdout method is a common method used in artificial neural networks (ANN)
using a partial set training method as suggested by Donald F. Specht [69]. It is
considered to be the simplest kind of cross-validation. The holdout method reserves a
certain amount for testing (testing data) and uses the remainder for training (normally
half to two-thirds of the whole data) as shown in Fig. 3.6. The advantage of this
method is that it is less computation intensive and preferable to the residual method.

Fig. 3.6 Data splitting in the handout method
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However, its evaluation can have high variance because the samples are not repre-
sentative. The evaluation largely depends on which data points end up in the training
and test sets.

The Repeated Holdout Method is another modified approach of the above-
mentioned basic concept. In this, an attempt is made to have more reliability in
holdout estimations by repeating the process with different resampling approaches.
This advanced version of approach commonly uses stratified sampling to ensure
that each class is represented with approximately equal proportions in both subsets.
The errors on the different iterations of subsets are averaged to yield an overall error
rate. However, this advanced version is not completely free from bias in training
and testing data sets. Another disadvantage is overlapping of different test sets.

3.6.2 Random Sub-sampling

This is another famous CVA. Random sub-sampling is also known as Monte Carlo
cross-validation or repeated evaluation set in literature [61]. In this approach, the
whole data is randomly split into subsets (as shown in Fig. 3.7) in which the size of
the subsets is arbitrarily decided by the user. Some research suggests that random
sub-sampling is asymptotically consistent, resulting in more pessimistic predictions
of the test data compared with conventional full cross-validation and making more
realistic estimations of the predictions of external validation data [66, 82].

Fig. 3.7 Data splitting in the random sub-sampling approach
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3.6.3 K-Fold Cross-Validation

K-fold cross-validation is the most popular sub-sampling technique. The concept of
K-fold cross-validation is not new and it is reported by Breiman et al. [10]. Based
on their detailed simulation studies on this concept, they concluded that these
methods do not always work. Even now, detailed research is continuing to find the
values of K for which K-fold cross-validation works best. Some research has shown
that the success in determining the K value is highly arbitrary and depends on the
experimental settings [12]. In the case of K-fold cross-validation, all the data is split
into K equal parts and one portion is used as the test data set; the rest is used as the
training data set. Later, another portion is used as the test data in the second
experiment. This practice is iterated K times and the error is estimated in each
scenario. The true error can be estimated from the predictions of the K test data by
averaging the respective errors in each experiment. The pictorial representation of
K-fold cross-validation is given in Fig. 3.8. If we use a large number of folds for
modeling, the bias of the true error rate estimator will be small, whereas the vari-
ance of the true error rate estimator will be large. The number of experiments, and
therefore the computation time, are less when we use a small number of folds. The
variance of the estimator is small and the bias of the estimator is larger than true
error rate. The common practice for K-fold cross validation is K = 10; which was
adopted in this thesis.

Fig. 3.8 Data splitting in K-fold cross-validation
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3.6.4 Leave-One-Out Cross-Validation

Leave-one-out cross-validation is the degenerate version of the K-fold cross-vali-
dation method. Research has shown that leave-one-out cross-validation often works
relatively well for estimating generalization error for continuous error functions such
as the MSE, but the performance is very poor in discontinuous error functions. In this
approach, we need to perform N experiments if there are N samples in the data set. In
each experiment we need to use N − 1 samples as the training data and the remaining
sample for testing. The pictorial description of this method is given in Fig. 3.9. Lack
of continuity in the data would be giving adverse results with the leave-one-out
approach. Even a small variation in the data may cause a large change in the model
selected [11]. However, one study by Shao [67] has shown that, in the case of linear
models, leave-one-out cross-validation is asymptotically equivalent to AIC and BIC.

3.6.5 Cross-Correlation Method

Unlike the above-mentioned CVA, a cross-correlation method would be useful in
identifying the most influencing input data series for a particular output series. This

Fig. 3.9 Data splitting in leave-one-out cross-validation approach
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is a widely used approach in image processing (to assess phase shift of signals) and
earth science. Cross-correlation is a traditional approach to measure the similarity of
two signals or data series. The goal of applying this approach in modeling is to
determine whether the two signals or time series are correlated or not correlated.
This information could be used to select major and effective input series to make a
reliable model before actual modeling. If the cross-correlation value of two input
series is very high, one of the series could be redundant and could be eliminated
from the model. Cross-correlations also help to identify time series which are
leading indicators of other series or how much one signal is predicted to change in
relation the other. The cross-correlation test of two time-series data sets involves
calculations of the correlation coefficient by time-shifting (particularly in case of
rainfall-runoff modeling) one data set relative to the other data set. Each shift is
called a “lag.” In other words it is the sampling period of the two time-series data
sets. Another distinct advantage of cross-correlation is that we could know the
cyclic nature of the original time series.

3.7 Conclusions

The objective of this chapter was to give key ideas underlying the data selection
techniques that have been used in the case studies included in this book. We
describe theoretical consideration and mathematical background of the approaches
such as Gamma Test, Delta Test, AIC, BIC, PCA, and CA, along with a brief
insight into their distinctive advantages and disadvantages. Many published
examples cited effectively use these approaches in different dimensions of science
and technology. Traditional means of data selection such as data splitting approa-
ches and cross-correlation approaches are explained. In the next chapter we shall
describe the state-of-the-art data-based models that are used in conjunction with the
above-mentioned data selection methods for reliable modeling of hydrological
processes.
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Chapter 4
Machine Learning and Artificial
Intelligence-Based Approaches

Abstract The skill of Artificial Intelligence (AI)-based computational mechanisms
to model important nonlinear hydrological processes is addressed in this chapter.
Three major themes are illustrated: (1) conventional data-based nonlinear concepts
such as Box and Jenkins Models, ARX, ARIMAX, and intelligent computing tools
such as LLR, ANN, ANFIS, and SVMs; (2) the discrete wavelet transform (DWT),
a powerful signal processing tool and its application in hydrology, and (3) con-
junction models of DWT, namely neuro-wavelet models, Wavelet-ANFIS models,
and Wavelet-SVMs. This chapter gives a detailed description of the training
algorithms used in this book and points out the conceptual advantages of Leven-
berg–Marquardt (LM) algorithms over Broyden-Fletcher-Goldfarb-Shanno (BFGS)
training algorithms and Conjugate Gradient (CG) training algorithms.

Artificial Intelligence (AI)-based techniques offered many popular data-driven
models which have been used extensively in the past couple of decades in different
aspects of hydrology, including stream flow forecasting, evapotranspiration esti-
mation, solar radiation modeling and rainfall-runoff modeling. Rainfall-runoff
dynamics are usually highly nonlinear, time-dependent, and spatially varying.
Significant advancements in hydrological modeling started with the introduction of
a unit hydrograph model and its related impulse response functions [83], and is
considered to be the first data-driven model in hydrology. In the last four decades,
mathematical modeling of rainfall-runoff series, for reproducing the underlying
stochastic structure of this type of hydrological process, has been widely performed.
Models of AR (autoregressive) and autoregressive moving average (ARMA)
classes [12] have played a key role in this kind of approach, producing runoff
prediction for many different time step cases [6].

Variant forms of these models such as PAR (periodic AR), PARMA (periodic
ARMA), DARMA (discrete ARMA), etc., were introduced with some considerable
improvements in prediction [16, 64, 86] introduced a bivariate character to the
conventional way of adopting the ARX (AutoRegressive with eXogenous input)
concept in hydrological time series modeling. ARX and its variant form ARMAX
(ARMA with exogenous input) were considered as much a success for runoff
predictive tools as other models compared in its generation [89]. Furthermore, they
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are still in use, even in a plethora of new sophisticated mathematical tools [42, 44,
102]. Over the last few decades, data mining techniques have been introduced and
widely applied in hydrological studies as powerful alternative modeling tools, such
as Artificial NeuralNetworks (ANN) [14, 21, 29, 31, 66, 68], fuzzy inference
system (FIS) [32, 66−68, 80, 100, 105], and Data-Based Mechanistic (DBM)
models [101, 102]. A comprehensive review by the ASCE Task Committee on
Application of Artificial Neural Networks (ANN) in Hydrology [4, 5] shows the
acceptance of ANN technique among hydrologists.

A major criticism of ANN models concerns their limited ability to account for
any physics of the hydrologic processes in a catchment [1, 2, 51]. That concern was
partially ruled out through a study by Jain et al. [38], which proved that the
distributed structure of the ANN is able to capture certain hydrological processes
such as infiltration, base flow, delayed and quick surface flow, etc. These AI
techniques exhibit many advantages over conventional modeling techniques,
including the ability to handle enormous amounts of noisy data from dynamic and
nonlinear systems. However, despite the good performance of these techniques
when used on their own, there is still room for further improving their accuracy and
reducing their uncertainties [29, 31]. One new trend is to combine these AI tech-
niques so that individual strengths of each approach can be exploited in a syner-
gistic manner [67]. In this respect, parallel to ANN application, some researchers
came up with neural networks coupled with linear dynamic models such as ARX
and ARMAX to form NNARX (neural network autoregressive with exogenous
input) and NNARMAX (neural network ARMA with exogenous input) [27, 47].
Integration of neural networks with fuzzy rules has introduced a model type called
the neuro-fuzzy system. Neuro-fuzzy models make use of potential abilities of both
these intelligent techniques in a single framework, effectively using the learning
ability of ANN to construct a best fuzzy set of IF–THEN rules. Another hybrid
approach which recently appeared in hydrology is the integration of discrete
wavelets transformed with neural nets. In recent years it has proved its abilities as a
strong mathematical tool in analyzing time series properties such as variations,
periodicities, trends, etc. [7, 8, 54, 55, 91, 99, 104]. Some studies show that the
wavelet transform is suited for predictions in hydrology and water resources. Wang
and Ding [94] have effectively applied neuro-wavelet (NW) models to perform
short- and long-term prediction of hydrological time series [3, 49, 70, 106] per-
formed the application of a NW technique for modeling monthly stream flows and
compared the results with the conventional ANN, regression, and transfer function
models. A detailed literature review of Support Vector Machines (SVMs)-based
hydrologic modeling and forecasting can be found in Yu et al. [103]. Similar
research advances could be found in solar radiation modeling as well. Over the last
few decades, many empirical and physical radiation models have been proposed to
estimate solar radiation from other meteorological variables including ARMA and
Fourier analysis [28, 65]. Recently, approaches for predicting solar radiation series
have been developed using artificial neural networks (ANNs) reported from dif-
ferent parts of the world [69, 82].
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Evapotranspiration is considered as an incidental, nonlinear, complex, and
unsteady process so it is difficult to derive an accurate formula to represent all the
physical processes involved. For this reason a new trend of use of nonlinear data
mining techniques such as fuzzy logic, ANNs ANFIS, SVMs, polynomial function,
Local Linear Regression (LLR), Bayesian networks and decision trees, etc. was
introduced. A paper by Keskin et al. [45] examines the potential of the fuzzy logic
approach in estimation of daily pan evaporation. Some typical studies reported so
far are ANNs in modeling daily soil evaporation [30], daily evapotranspiration [52],
daily pan evaporation [46, 48, 84, 87, 88], and hourly pan evaporation [85]. Using
temperature data alone, Sudheer et al. [84] found that a properly trained ANN
model could reasonably estimate the evaporation values for their study area in a
temperate region. From those reports, it is clear that ANN models are superior to the
conventional regression models, since ANNs do not require any predetermination
of regression forms. This advantage becomes more promising when an engineering
problem is too complex to be represented by regression equations [56, 85] present a
review of 43 papers dealing with the use of ANNs on the prediction and forecasting
of water resources variables. The objective of this chapter is to provide mathe-
matical consideration and architecture of different AI and data-based models used in
this book. Later in this chapter we describe a novel approach of hybrid modeling in
coupling wavelet transform with basic AI techniques.

4.1 Transfer Function Models

Time series analysis-based Transfer Function (TF) models are powerful tools to
determine dynamic and efficient models in order to define and control influencing
variables in a real system. Many researchers have shown that TF based time series
models provide an empirical method for stochastic simulation, predicting, and
forecasting the behavior of uncertain hydrological systems with reasonable accu-
racy in the forecast [92]. TF models are often preferred to mathematical models and
physical models in hydrology, in situations such as those with limited data (no data
except the hydrological time series) or if available variable response is limited and
does not appropriately represent hydrological processes. Though many nonlinear
TF models have been developed recently, the modeling capabilities of linear time
series models remains unaltered. This subsection describes two famous and widely
used TF models, namely AR models, MA models, ARMA models, ARX, and
ARMAX. These two models were used in this book for rainfall-runoff modeling
case study. Box and Jenkins [13] first introduced ARIMA models based on key
concept of stationarity of the time series. ARIMA means Autoregressive Integrated
Moving Average models. The time series possesses stationarity if it (1) exhibits
mean reversion in that it fluctuates around a constant long-run mean, (2) has a finite
variance that is time-invariant, and (3) has a theoretical correlogram that diminishes
as the lag length increases.
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4.1.1 Autoregressive Model

An AR model expresses a time series as a linear function of its past values. The
order of the AR model indicates how many lagged past values are included. AR (1)
means the order of the model is one.

The equation for a first-order AR (1) model is

Yt ¼ u1Yt�1 þ ut ð4:1Þ

where autoregressive constant uj j\1 and ut is a Gaussian (white noise) error term.
In simpler terms, it can be said that AR (1) model has the form of a regression
model in which Y is regressed on its previous value. This is why the model name
autoregressive refers to the regression on self (auto).

The second-order moving average model (MA),MA (2), has one more lagged term:

Yt ¼ u1Yt�1 þ u2Yt�2 þ ut ð4:2Þ

4.1.2 Moving Average Model

The MR model of q order is denoted as MA (q). The MA model is a form of
ARMA model in which the time series is regarded as a MR (unevenly weighted) of
a random error series. In the case of moving average of time series processes, errors
are the average of this period’s random error and the last period’s random error. The
first-order moving average, or MA (1), model is given by

Yt ¼ c1et�1 þ et ð4:3Þ

The second-order MR model is given by

Yt ¼ c2et�2 þ c1et�1 þ et ð4:4Þ

where c2 and c1 are moving average coefficients and et�2, et�1, and et are residuals
at time t − 2, t − 1, and t.

4.1.3 Autoregressive Moving Average Model: ARMA (P, Q)

The ARMA (p, q) process corresponds to a mixture of AR (p) and MA (q) by
concatenating both modeling systems. The model can be expressed as

Yt ¼ u1Yt�1 þ u2Yt�2 þ . . .þ upYt�p þ et

þ c1et�1 þ c2et�2 þ . . .þ cqet�q
ð4:5Þ
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which can be rewritten, using the summations as

Yt ¼
Xp
i¼1

uiYt�i þ et þ
Xq
i¼1

cjet�j ð4:6Þ

In the ARMA (p, q) model, the condition for stationarity has to deal with the AR
(p) part of the specification only. The simplest ARMA model is first-order auto-
regressive and first-order moving average, and can be expressed as ARMA (1, 1).

4.1.4 Autoregressive Moving Integrated Average Model:
ARIMA (P, Q)

In some situations, in order to induce stationarity in the time series, it is necessary to
detrend the raw data through a process called differencing. If Yt has an ARIMA (p,
1, q) model representation, this indicates an ARMA (p, q) is presented with one
differencing. The ARIMA model can be represented as

DdYtð1� u1L� u2L
2 � � � � � upL

pÞ ¼ ð1� c1L� c2L
2 � � � � � cpL

qÞet ð4:7Þ

Identification of the best model can be achieved through three Box–Jenkins
model selection stages, namely (1) identification (through examining Autocorre-
lation and Partial Autocorrelation functions of selected model orders), (2) estima-
tion (different models are compared using AIC and BIC), and (3) diagnostic
checking (e.g., fitness of model).

4.1.5 AutoRegressive with eXogenous Input (ARX) Model

The modeling signal yi(t) can be written as

yiðtÞ ¼ siðtÞ þ niðtÞ ð4:8Þ

where si(t) is the useful signal component and ni(t) is the noise component. When
an ARX model is used to describe interaction of signal, it can be written as

yiðtÞ ¼ �
Xp
j¼1

ajyiðt � jÞ þ
Xqþd�1

k¼o

bkuðt � kÞ þ eiðtÞ ð4:9Þ

where p and q are the orders of the autoregressive and moving average parts,
respectively, ajs and bjs are the model coefficients, u(t) is a reference signal, ei(t) is a
white noise process, and d is temporal delay.

4.1 Transfer Function Models 75



In the z-transform domain it can be written as

AðzÞYðzÞ ¼ BðzÞUðzÞ þ EðzÞ ð4:10Þ

where

AðzÞ ¼ 1þ
Xp
j¼1

ajz
�j ð4:11Þ

and

BðzÞ ¼
Xqþd�1

k¼1

akz
�k ð4:12Þ

Y(z), U(z), and E(z) are the z-transform of y(k), u(k), and e(k). The ARX model,
shown in Fig. 4.1, is one of the simplest available models which incorporates the
stimulus signal. The estimation of the ARX model is one of the most efficient
polynomial estimation methods because linear regression equations are solved in
analytic form and the solution always satisfies the global minimum of the loss
function. The ARX model gains more acceptance if the model order is high. The
disadvantage of the ARX model is that it does not include disturbance dynamics.

4.1.6 AutoRegressive Moving Average with EXogenous Input
(ARMAX) Model

The major difference between the ARMAX (Fig. 4.2) model and ARX is that its
structure includes disturbance dynamics, and this model is always efficient in
tackling the dominating disturbances (input) in the system which enter early in the
process. For example, a wind gust affecting an aircraft is a dominating disturbance
early in the process. The normal notation is ARMAX (p, q, and r) which means the

Fig. 4.1 Block diagram of
ARX model
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model contains p autoregressive terms, q moving average terms, and r exogenous
inputs terms as follows in the equation

yiðtÞ ¼ �
Xp
j¼1

ajyiðt � jÞ þ
Xq
k¼o

bkf ðt � kÞ þ
Xr
l¼o

glwðt � lÞ þ eiðtÞ ð4:13Þ

where w(t) is the known external time series (inputs), gl is parameters of the
exogenous input d, and f(t) is a reference signal. Other notations are as described in
the previous section.

4.2 Local Linear Regression Model

The LLR technique is a widely studied nonparametric regression method which
provided very good performances in many low dimensional forecasting and
smoothing problems. The advantage of LLR technique is that it does not require a
long time series for the development of a predictive model. A reasonably reliable
statistical modeling can be performed locally with a small amount of sample data. At
the same time, LLR can produce very accurate predictions in regions of high data
density in input space. These are the major attractions of LLR and have gained
considerable attention among researchers, who acknowledge LLR as a very effective
interpolative tool. The LLR procedure requires only three data points to obtain an
initial prediction and then uses all newly predicted data as it becomes available to
make future predictions. The only problem with LLR is to decide the size of pmax, the
number of near neighbors to be included for the local linear modeling. The method of
choosing pmax for linear regression is called influence statistics. A trial and error
process to determine the value of influence statistics was carried out.

Given a neighborhood of pmax points, the linear matrix equation must be solved:

Xm ¼ y ð4:14Þ

where X is a pmax � d matrix of the pmax input points in d-dimensions,
xið1� i� pmaxÞ are the nearest neighbor points, y is a column vector of length pmax

Fig. 4.2 Block diagram of
the ARMAX model
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of the corresponding outputs, and m is a column vector of parameters which must
be determined to provide the optimal mapping from X to y, such that

x11 x12 x13 . . . x1d
x21 x22 x23 . . . x2d
..
. ..

. ..
. . .

. ..
.

xxpmax1 xxpmax2 xxpmax3 . . . xxpmaxd

0
BBB@

1
CCCA

m1

m2

m3

..

.

md

0
BBBBB@

1
CCCCCA ¼

y1
y1
..
.

ypmax

0
BBB@

1
CCCA ð4:15Þ

The rank r of the matrix X is the number of linearly independent rows, which
will affect the existence or uniqueness of solutions for m.

If the matrix X is square and non-singular, then the unique solution to (4.14) is
m ¼ X�1y. If X is not square or singular, then (5.6) is modified and an attempt is
made to find a vector m which minimizes

Xm� yj j2 ð4:16Þ

This was proved by Penrose [71] where the unique solution to this problem is
provided by m ¼ X#y where X# is the pseudo-inverse matrix [71, 72].

In the case of LLR modeling, the input training data is derived from a kd-tree,
with time-complexity O(M logM). A kd-tree (short for k-dimensional tree) is a
space-partitioning data structure for organizing points in a k-dimensional space so
that the LLR algorithms could be implemented using a minimum number of direct
evaluations. More details of theoretical aspects of the kd-tree can be found in Jones
[41] and Durrant [23].

4.3 Artificial Neural Networks Model

The story of ANNs started in the early 1940s when McCulloch and Pitts developed
the first computational representation of a neuron [58]. Later, Rosenblatt proposed
the idea of perceptrons [75], who used a single layer feed-forward networks of
McCulloch–Pitts neurons and focused on computational tasks with the help of
weights and training algorithm. The applications of ANNs are based on their ability
to mimic the human mental and neural structure to construct a good approximation
of functional relationships between past and future values of a time series. The
supervised one is the most commonly used ANNs, in which the input is presented to
the network along with the desired output, and the weights are adjusted so that the
network attempts to produce the desired output. There are different learning algo-
rithms and a popular algorithm is the back propagation algorithm which employs
gradient descent and gradient descent with momentum. They are often too slow for
practical problems because they require small learning rates for stable learning.
Algorithms such as conjugate gradient (CG), quasi-Newton, Levenberg–Marquardt
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(LM), etc., are considered as some of the faster algorithms, which all make use of
standard numerical optimization techniques. Architecture of the model, including a
number of hidden layers, is also a very important factor. Minsky and Papert [60]
highlighted weaknesses of the single layer perceptrons as their ability to solve
linearly separable problems only. Therefore, in practice, it is usually most effective
to use two hidden layers [41]. In this chapter, we discuss the Broyden–Fletcher–-
Goldfarb–Shanno (BFGS) neural network training algorithm [25], CG training
algorithms, and the LM algorithm. The BFGS algorithm is a quasi-Newton method
performed iteratively using successively improved approximations to the inverse
Hessian, instead of the true inverse.

A three-layer feed-forward neural network (one input layer, one hidden layer,
and one output layer) is the most commonly used topology in hydrology. This
topology has proved its ability in modeling many real-world functional problems.
The selection of hidden neurons is the tricky part in ANN modeling as it relates to
the complexity of the system being modeled and there are several ways of doing it,
such as the geometric average between input and output vectors dimension [57]
being the same as the number of inputs used for the modeling [59], set to be twice
the input layer dimension plus one [33], etc. In this study, the Hecht-Nielsen [33]
approach has been adopted because of our past experience with it.

4.3.1 Feed-Forward Neural Network Architecture

In this study we adopted feed-forward architecture. A representation of typical feed-
forward neural network with 4-3-1 architecture is shown in Fig. 4.3. This network
topology has four nodes in the first layer (layer A) and three nodes units in the
second layer (layer B), which are called hidden layers. This network has one node
unit in the third layer (layer C), which is called the output layer. This network has
four network inputs and one network output. The network each input-to-node and
node-to-node connection is modified by a weight. There is an extra input assumed
in each node which is assumed to have a constant value of one. The weight that
modifies this extra input is called the bias. The architecture is called feed-forward
because all information propagates along the connections in the direction from the
network inputs to the network outputs.

Oc ¼ hHidden
XP
p¼1

ic;pwc;p þ bc

 !
where hHiddenðxÞ ¼ 1

1þ e�x
ð4:17Þ

When a network runs, each hidden layer node makes a calculation in accordance
with the equation and performs the calculation in (5.10) on its inputs and transfers
the result (Oc) to the next layer of nodes. In (4.17), Oc is the output of the current
hidden layer node c, P is either the number of nodes in the previous hidden layer or
number of network inputs, ic,p is an input to node c from either the previous hidden
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layer node p or network input p, wc,p is the weight modifying the connection from
either node p to node c or from input p to node c, and bc is the bias. The subscripts
c, p, and n in the given equations in this section will identify nodes in the current
layer, the previous layer, and the next layer, respectively. The sigmoid activation
function was employed in this research, which is shown in Fig. 4.4. In (4.17),
hHidden(x) is the sigmoid activation function of the node. Before performing the
training process, the weights and biases are initialized to appropriately scaled
values. Appropriate normalization of training data is essential to avoid saturating
the activation function.

For output layer linear activation a function was used. Thus, the output layer
nodes perform the calculation as follows:

Oc ¼ hOutput
XP
p¼1

ic;pwc;p þ bc

 !
where hOutputðxÞ ¼ x ð4:18Þ

Fig. 4.3 a Topology of a
three-layer feed-forward
neural network. b Detailed
view of connections from a
node
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where Oc is the output of the output layer node unit c, P is the number of nodes in
the previous hidden layer, ic,p is an input to node c from the previous hidden layer
node p, wc,p is the weight modifying the connection from node p to node c, and bc is
the bias. hOutput(x) is a linear activation function.

4.3.2 Recurrent Artificial Neural Networks

Recurrent neural networks are totally different from feed-forward networks and it
was proposed in 1980s [24, 76, 97] for complex modeling of real life time series.
Recurrent models have ‘recurrent’ topology with no limitations on back loops
(information translated in backward directions as well).The modeling structure of
recurrent neural networks are similar to a standard multilayer perceptron. However,
one difference is that we allow connections among neurons within hidden layers
with a time delay, and these connections are capable of carrying information from
the past. Although it is a powerful tool, the recurrent networks are very difficult to
train in comparison with feed-forward multilayer perceptron models. Some standard
examples of recurrent ANN are Elman Networks, Jordan Networks, Hopfield
Networks, Liquid State Machines, Echo State Networks, and Topology and Weight
Evolving Neural Networks. In Fig. 4.5 we can see input, hidden and output layers,
and recurrent connections of recurrent artificial neural networks.

4.3.3 Elman Artificial Neural Networks

The Elman network is a special form of recurrent neural network in which the
connections from the hidden layer is linked back to a special copy layer. The Elman
network with synchronous extra context layer is a finite state machine which learns
what state is relevant and to be remembered for better modeling results. In

Fig. 4.4 Sigmoidal activation
function
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hydrological applications we normally use the Elman ANN with sigmoid artificial
neurons in its hidden layer, and linear artificial neurons in its output layer. The
topology of the Elman network is shown in Fig. 4.6.

4.3.4 Jordan Artificial Neural Networks

The schematic view of a Jordan net is shown in Fig. 4.7, from which one can
identify the major differences between the Jordan and Elman recurrent neural
networks. In a Jordan network, the context layer is connected to the output layer
instead of hidden layer. The context layer holds the output values from the previous
step and then echoes back to the hidden layer. This model was developed by
Michael I. Jordan in 1986 [43].

4.3.5 Hopfield Networks

This type of recurrent neural network was introduced by John Hopfield [35].
Hopfield networks include a group of interconnected neurons which asynchro-
nously update its activation function. Because of its parallel architecture, these
models are well suited for real life systems (debatable!) and gave better dynamism

Fig. 4.5 Topology of a recurrent neural network
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Fig. 4.6 Schematic diagram of the Elman artificial neural network

Fig. 4.7 Schematic diagram of Jordan neural networks
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to neural network-based research. However, these networks require a lot of training
to become an efficient and useful model. The relevance of the different Hopfield
networks in practical time series application is limited due to theoretical restrictions
of the network structure. One simple Hopfield network structure is shown in
Fig. 4.8.

4.3.6 Long Short Term Memory Networks

A schematic view of a Simple Long Short Term Memory (LSTM) artificial neural
network is given in Fig. 4.9. This is a type of recurrent neural network first pub-
lished in 1997 by Hochreiter and Schmidhuber [34]. This architecture contains
LSTM blocks in addition to regular networks. This ‘smart block’ is able to
remember a particular value for an arbitrary length of time. This kind of model is
used in time series modeling, speech recognition, robot controls, etc. The practical
applications of conventional recurrent networks were limited in situations where
there are long lags between relevant events. LSTM models can solve this issue as,
when error values are back-propagated from the output, the error becomes mem-
orized in the memory portion of the ‘smart block,’ and thus rapid decay of back-
propagation error is avoided.

Fig. 4.8 Simple Hopfield
network
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4.4 Training Algorithms

This section gives a brief description of the training algorithms adopted in this
book, namely the BFGS neural network training algorithm, CG training algorithms,
and LM. The purpose of training algorithms is to minimize some measure of error
on the training data by adjusting the model parameters and weights. The network
weights are adjusted until the error is at a minimum or a predefined limit has been
reached.

The minimization of the error can be expressed as an optimization in weight
space, if we define the error function as differentiable function of the outputs and
thus function of the weights.

Consider the standard sum-of-squares error function

EðwÞ ¼ Eðz; tÞ ¼ 1
2

Xn
j¼1

ðzj � tjÞ2 ð4:19Þ

where z is the network output, t is the target output, and n is the number of nodes in
the output layer. One can obtain the error at each output node, if we differentiate as
follows:

Fig. 4.9 Simple LSTM artificial neural network
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oE
ozj

¼ zj � tj for 1� j� n ð4:20Þ

In the neighborhood of a minimum the error surface, E(w) is approximately
quadratic, considering the second-order Taylor expansion of E(w) around the
minimum point w*:

EðwÞ ¼ Eðw�Þ þ ðw� w�ÞTrEðw�Þ þ 1
2
ðw� w�ÞTHðw� w�Þ ð4:21Þ

where H is the Hessian matrix. At the minimum w*, the linear second term is
eliminated because rEðw�Þ ¼ 0 and the quadratic error function can be rewrite as

EðwÞ ¼ Eðw�Þ þ 1
2
ðw� w�ÞTHðw� w�Þ ð4:22Þ

One could consider the above-mentioned quadratic error surface minimization
algorithms such as CG descent and quasi-Newton methods (BFGS). Both CG
descent and quasi-Newton method-based BFGS algorithms compute the Hessian
matrix to perform the minimization.

4.4.1 Conjugate Gradient Algorithm

The CG descent approach uses past gradient measures to improve the minimization
process. The main functional difference of this CG minimization from conventional
steepest descent minimization is that it requires only two steps to minimize the
function, whereas the steepest descent minimization requires many more. A detailed
description CG descent can be found in Bishop [10]. The basic concept of CG
minimization can found in Fig. 4.10.

Figure 4.10 shows a minimization along dj which is achieved when point wj+1 is
reached. At this stage, a new conjugate direction dj+1 is chosen (the gradient parallel
to the direction dj remains zero). In Fig. 4.10, the dotted curve represents the
contours of the function.

djþ1Hdj ¼ 0 ð4:23Þ

When the above case satisfies, the gradient g � rEðwÞ of the error surface at the
next point becomes a minimum in the current search direction dj. This would help
to achieve successive conjugate search directions. In the above case, H is the
Hessian matrix evaluated at the point wj+1.

When choosing successive search directions dj+1, it is possible to express (4.23)
for a set of conjugate search directions (up to the dimensionality W of the weight
space):
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dTj Hdi ¼ 0; j 6¼ i ð4:24Þ

Then we can use a line search technique to find the minimum along the search
direction. A full mathematical description of a robust line search algorithm such as
Brent’s Method, which uses inverse parabolic interpolation to perform the line
minimization, can be found in Press et al. [73].

4.4.2 Broyden–Fletcher–Goldfarb–Shanno Algorithm

The BFGS-based algorithm is a variable metric or quasi-Newton method. To
describe the approach, consider (4.22), a second-order Taylor expansion of qua-
dratic error function E(w) around the minimum point w*.

The location of the minimum can be determined directly by differentiating
(4.22):

g � rEðwÞ ¼ Hðw� w�Þ ¼ 0 ð4:25Þ

to give an expression for the minimum w*

w� ¼ w�H�1g ð4:26Þ

Fig. 4.10 Conjugate
directions in CG minimization
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The vector �H�1g is the Newton direction and, when evaluated at any w on a
quadratic error surface, it will point to the minimum of the error function w*.

The algorithm is iterated to minimize the error surface since, in reality, it will
only be approximately quadratic near a minimum:

wjþ1 ¼ wj �H�1gj ð4:27Þ

If we consider the relationship between the weight and gradient vectors gener-
ated at two successive steps, then we derive the quasi-Newton condition:

wjþ1 � wj ¼ �H�1ðgjþ1 � gjÞ ð4:28Þ

The computational cost of generating the inverse Hessian is prohibitive, so
quasi-Newton algorithms operate by iteratively generating more accurate approxi-
mations to the inverse Hessian matrix G. The approximation must be constructed to
satisfy the quasi-Newton condition in (4.28).

4.4.3 Levenberg–Marquardt Algorithms

The LM algorithm provides a numerical solution to minimization problems which
are generally nonlinear in type. LM optimization is considered as a virtual standard
in nonlinear optimization which significantly outperforms similar algorithms such
as gradient descent, CG, and quasi-Newton BFGS methods, particularly for med-
ium sized problems such as those encountered in hydrology. This LM algorithm can
be defined as a pseudo-second-order method which works with only function
evaluations and gradient information at the same time, which estimates the Hessian
matrix using the sum of outer products of the gradients.

As defined in the previous sections, consider our rule-based quadratic approxi-
mation in (4.27). This quadratic rule is not universally better, since it assumes a
linear approximation of fs dependence on w, which is only valid near a minimum.
Levenberg’s technique mixes these two extremes. The advantage is that one can use
a steeper descent type method until approaching a minimum, and then gradually
switch to the quadratic rule. Levenberg’s algorithm is formalized as shown in (4.29)
which assumes a blending factor (k) which will handle the mix between steepest
descent and the quadratic approximation. Then the new updated form of the
equation is

wjþ1 ¼ wj � ðHþ IkÞ�1gj ð4:29Þ

where the term I is the identity matrix. As k becomes small, the rule approaches the
quadratic approximation update rule as mentioned above. If k is large, the rule
converges to
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wjþ1 ¼ wj � 1
k
gj ð4:30Þ

This is now a steepest descent.
Now the LM algorithm adjusts k value in accordance with the user’s require-

ment, whether E need to be increased or decreased. The following four steps show
how the Levenberg algorithm works:

1. Carry out an update as mentioned in the rule above (4.29 or 4.30).
2. Evaluate the error at the new weight vector.
3. If the error has increased as a result of the update, then retract the step (i.e., reset

the weights to their previous values) and increase k by a factor of 10 or some
such significant factor. Then follow Step 1 to update again.

4. If the error has decreased as a result of the update, then accept the step (i.e., keep
the weights at their new values) and decrease k by a factor of 10 or so.

The user can always apply an intuition; i.e., if error is increasing, our quadratic
approximation is not working well and we are probably not near a minimum, so we
should increase k in order to blend more towards simple gradient descent. The
above-mentioned Marquardt method was later improved with a clever incorporation
of estimated local curvature information which resulted in a new concept called the
LM method. The insight of Marquardt was that, when k is high, we are doing
essentially gradient descent. Thus he replaced the identity matrix in Levenberg’s
original equations with the diagonal of the Hessian matrix.

wjþ1 ¼ wj � ðHþ kdiag½H�Þ�1gj ð4:31Þ

The working of the algorithm is as mentioned above in the case of the Levenberg
algorithm.

4.5 Discrete Wavelet Transforms

The wavelet was introduced by Morlet and Grossman [63] as a time-scale analysis
tool for non-stationary signals for analyzing irregular data with discontinuities and
nonlinearity. The wavelet transform could be used as a tool to split up data or
functions into different frequency components, and then one could study each
component with a certain resolution. Flexibility is the key advantage of wavelets
over Fourier analysis. This helps to study the signal of interest at various resolu-
tions. Fourier transform techniques are widely used for linear decomposition of
static time series. The problem with the Fourier approach is that information in a
given time series is represented as a function of frequency with no specific time
information. On the other hand, a wavelet analysis works with translation and
dilation of a single local function w, generally referred to as a mother wavelet.
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In other words, the advantage of wavelet transform is that the wavelet coefficient
reflects in a simple and precise manner the properties of the underlying function.
Wavelet transform theory and its application to multiresolution signal decomposi-
tion has been thoroughly developed and well documented over the past few years
[19, 20]. Daubechies [19] introduced the concept of the orthogonal wavelet, gen-
erally referred to as Daubechies wavelet. Indeed, multiresolution analysis and DWT
have a strong potential for exploring various dynamic features of any time-
dependent data.

In an orthonormal multi-resolution analysis, a signal, f ðtÞ e V�1, is decomposed
into an infinite series of detail functions, giðtÞ, such that f ðtÞ ¼P1

0 giðtÞ. The first
level decomposition is done by projecting onto two orthogonal subspaces, V0 and
W0, where V�1 ¼ V0 	W0 and 	 are the direct sum operator. The projection
produces f0ðtÞ e V0, a low resolution approximation of f ðtÞ and g0ðtÞ e W0, the
detail lost in going from f ðtÞ to f0ðtÞ. The decomposition continues by projecting
f0ðtÞ onto V1 and W1, and so on. The orthonormal bases of Vj and Wj are given by

wj;k ¼ 2�j=2wð2�jx� kÞ ð4:32Þ

uj;k ¼ 2�j=2wð2�jx� kÞ ð4:33Þ

where wðtÞ is the mother wavelet and uðtÞ is the scaling function [20] where

Z
wðxÞdt ¼ 0 , wð0Þ ¼ 0 ð4:34Þ

Z
uðxÞdt ¼ 1 , uð1Þ ¼ 1 ð4:35Þ

where wðwÞ and uðwÞ are the Fourier transform of uðtÞ and wðtÞ, respectively. The
projection equations are

giðtÞ ¼
X1
k�1

d j
k2

�ðj=2Þwð2�jt � kÞ ð4:36Þ

d j
k ¼ hfj�1ðtÞ; wj;ki ð4:37Þ

fiðtÞ ¼
X1
k�1

c jk2
�ðj=2Þwð2�jt � kÞ ð4:38Þ

c jk ¼ hfj�1ðtÞ; uj;ki ð4:39Þ

where d j
k and c jk are the projection coefficients and h: ; :i is the L2 inner

product. The nested sequence of subspaces, Vj, constitutes the multiresolution
analysis. Conditions for the multiresolution to be orthonormal are (1) wj;k and /j;k
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must be orthonormal bases of Vj and Wj, respectively, (2) Wj? Wk for j 6¼ k, and
(3) Wj?Vj, which leads to the following conditions on w and /:

h/j; k;/j; mi ¼ dk; m ð4:40Þ

h/j; k; wj; mi ¼ 0 ð4:41Þ

hwj; k; wl; mi ¼ dj; l : dk; m ð4:42Þ

Since /ðtÞ 2 V0 
 V�1 and wðtÞ 2 W0 
 V�1, they can be represented as linear
combinations of the basis of V�1:

/ðtÞ ¼ 2
X1
k�1

hk/ð2t � kÞ ð4:43Þ

wðtÞ ¼ 2
X1
k�1

gk/ð2t � kÞ ð4:44Þ

In the frequency domain (4.26) and (4.27) become

/ðwÞ ¼ Hðw
2
Þ/ðw

2
Þ ð4:45Þ

wðwÞ ¼ Gðw
2
Þ/ðw

2
Þ ð4:46Þ

For multiresolution analysis, the sequences hk and gk in the above equations
represent the impulse responses of filters. In this chapter we use the above multi-
resolution data in the prediction model. Given a signal f(t) of length N, the DWT
consists of log2 N stages at most. The first step produces, starting from f(t), two sets
of coefficients—approximation coefficients A1 and detail coefficients D1. These
vectors are obtained by convolving f(t) with the low-pass filter h1 for approxima-
tion, and with the high-pass filter g1 for the detail. The next step splits the
approximation coefficients A1 into two parts using the same scheme (h2 and g2),
replacing f(x) by A1, producing A2 and D2, and so on. In other words, we wish to
build a multiresolution representation based on the differences of information
available at two successive resolutions 2J and 2J + 1.

A study by Sang [77] reviewed different application of wavelets in hydrology
and environmental science which includes (1) wavelet aided multi-temporal scale
analysis of hydrologic time series [90], (2) wavelet aided deterministic component
identification in hydrologic time series, (3) wavelet aided de-noising of hydrologic
time series [53], (4) wavelet aided complexity quantification of hydrologic time
series [15], (5) wavelet cross-correlation analysis of hydrologic time series, and (6)
wavelet aided hydrologic time series simulation and forecasting [18]. Sang et al.
[79] improved the wavelet-based trend identification with the help of Monte Carlo
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simulation, which is given in Fig. 4.11. Wavelet threshold de-noising (WTD) is a
powerful tool for de-noising the hydrological data, and is better than traditional
Fourier transform or traditional spectral analysis methods. However, the perfor-
mance depends on the suitability of selected wavelets and decomposition level
choice and threshold estimation in de-noising. The methodology adopted by Sang
et al. [78] is given in Fig. 4.12.

Fig. 4.11 Flow chart for wavelet and Monte Carlo-based trend identification for hydrological time
series [77, 79]
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4.6 Hybrid Models

Normally, hybrid modeling techniques use physics-based process models, associ-
ated with any AI models to estimate processes which are uncertain or difficult to
model. In those approaches, some prior knowledge is incorporated into the black
box model, to reduce complexity and improve adaptation and prediction properties.
However, in this book we are linking some data-based AI models with DWT. This
section describes basic details of hybrid neural models such as Neural Network
Autoregressive with Exogenous Inputs (NNARX), Adaptive Neuro-Fuzzy

Fig. 4.12 Flowchart adopted for de-noising hydrological time series by the WTD method [77−78]

4.6 Hybrid Models 93



Inference System (ANFIS), and SVMS. Later we describe conjunction models such
as NW, Wavelet-ANFIS (W-ANFIS), and Wavelet-SVM (W-SVM).

4.6.1 Neural Network Autoregressive with Exogenous Inputs
(NNARX) Model

In this book, a Neural Network Autoregressive with Exogenous Inputs (NNARX)
model is built on the basis of a linear ARX model. The discrete linear ARX model
can be expressed as a simple linear difference equation. A simple linear ARX model
for rainfall-runoff modeling (modified version of (5.2)) with one exogenous input
(rainfall) can be expressed as follows:

QðtÞ ¼ �
Xna
n¼1

anQðt � nÞ þ
Xnb
m¼1

bmPðt � mÞ þ eðtÞ ð4:47Þ

where Q is the runoff, t represents time step, an and bm denote the model param-
eters, na and nb are the orders associated with the output (Q) and the input (P), and e
(t) is the mapping error. The choice of the appropriate ARX model structure (the
appropriate na and nb) is very important; these can be guided with Akaike’s
Information Criterion (AIC) and the best input combination selection is selected by
the Gamma Test.

4.6.2 Fuzzy Inference System

Fuzzy inferences systems are a popular framework, widely used in hydrology,
based on concepts such as fuzzy set theory, fuzzy reasoning, and fuzzy if then rules.
The fuzzy concept was introduced by Lotfi A. Zadeh (University of California,
Berkeley) in the 1960s. In general, it helps computers to make decisions more like
human beings. One of the major advantages of fuzzy logic is that it can solve
several ambiguities and uncertainties in decision making and it can be applied in
any areas where empirical relationships are not well defined or impractical to
model. The basic structure of fuzzy interference systems consists of three con-
ceptual components: (1) a rule base contains selection of fuzzy rules, (2) a database
which defines membership functions, and (3) a reasoning mechanism which per-
forms an inference procedure. A defuzzification step is used to get crisp values
which best represent a fuzzy set. Three major fuzzy frameworks are Mamdani fuzzy
models, Sugeno fuzzy models, and Tsukamoto fuzzy models. Mamdani systems go
through six major steps, namely (1) first determination of set of fuzzy rules, (2)
fuzzification of inputs using suitable membership functions, (3) combining fuzzified
inputs as per the fuzzy rules to a rule strength, (4) finding the consequence of the
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rule and the output membership function, (5) establishing output distribution
through combination of consequences, and (6) crisp outputs through defuzzification
of output distribution. An example of a Mamdani fuzzy inference system is shown
in Fig. 4.13.

Fuzzy rules are a collection of linguistic statements which describe how FIS
make decisions based on inputs. As an example: in a flood warning system:

If ðWater Level\ 7m and 2mm\ ¼Rainfall\ 3mmÞThen Issue Flood Alert

lowð Þ mediumð Þ

If ð7m\ ¼Water Level\10m and 3mm\ ¼Rainfall\5mmÞThen Issue Flood Warning

mediumð Þ mediumð Þ

If ðWater Level [ ¼ 10m and Rainfall [ ¼ 5mmÞThen Issue Severe Flood Warning

highð Þ highð Þ

In Fig. 4.13, a crisp output value r is obtained in a process known as defuzz-
ification using distinct defuzzifying equations.

Another popular fuzzy framework is a Sugeno fuzzy model which is also known
as the Takagi–Sugeno–Kang method of fuzzy inference. The main difference from
Mamdani fuzzy is that Sugeno inference system doesn’t have proper output

Fig. 4.13 Mamdani FIS with crisp flood discharge and river stage crisp inputs
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membership function. Instead of output membership function, the output crisp
number is computed by multiplying each input by certain constants and then adding
up the results.

4.6.3 Adaptive Neuro-Fuzzy Inference System (ANFIS)
Model

This is a well-known AI technique which has been used in modeling hydrological
processes. The ability of a neural network to learn fuzzy structure from the
input–output data sets in an interactive manner has encouraged many researchers to
combine the ANN and the fuzzy logic effectively to organize the network structure
itself and to adapt parameters of a fuzzy system. Several well-known neuro-fuzzy
modeling algorithms are available in the literature, such as fuzzy inference net-
works, fuzzy aggregation networks, neural network-driven fuzzy reasoning, fuzzy
modeling networks, fuzzy associative memory systems, etc. (Keller et al. 1992;
Horikawa et al. [36, 50]. The Adaptive Neuro-Fuzzy Inference System (ANFIS),
proposed by Prof. J.S. Roger Jang of National Tsing Hua University, is based on
the first-order Sugeno fuzzy model. This model integrates both neural network and
Takagi–Sugeno fuzzy inference system capabilities.

For simplicity, the FIS with two fuzzy If/Then rules can be expressed as follows.
For a first-order Sugeno fuzzy model, a typical rule set with two fuzzy If/Then rules
can be expressed as

Rule 1 : If x is A1 and y is B1 Then f1 ¼ p1xþ q1yþ r1 ð4:48Þ

Rule 2 : If x is A2 and y is B2 Then f2 ¼ p2xþ q2yþ r2 ð4:49Þ

where x and y are the crisp inputs to the node i, Ai and Bi are the linguistic labels
(low, medium, high, etc.) characterized by convenient membership functions, and,
pi, qi, and ri are the consequence parameters (i = 1 or 2). The corresponding

Fig. 4.14 Basic architecture
of an ANFIS model
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equivalent ANFIS architecture can be found in Fig. 4.14. In the ANFIS, nodes in
the same layer have similar functions as described below.

1. Layer 1 (Input nodes): Nodes of this layer generate membership grades of the
crisp inputs which belong to each of the convenient fuzzy sets using the
membership functions. The generated bell-shaped membership function given
below was used:

lAi
ðxÞ ¼ 1

1þ ððx� ciÞ=aiÞ2bi
ð4:50Þ

where lAi
is the appropriate membership function for Ai fuzzy set, and {ai, bi,

ci} is the membership function’s parameter set (premise parameters) which
changes the shape of membership function from 1 to 0.

2. Layer 2 (Rule nodes): In this layer, the rule operator (AND/OR) is applied to get
one output that represents the results of the antecedent for a fuzzy rule. The
outputs of the second layer, known as firing strengths O2

i , are the products of the
incoming signals obtained from the layer 1, named as w below:

O2
i ¼ wi ¼ lAi

ðxÞlBi
ðyÞ i ¼ 1; 2 ð4:51Þ

3. Layer 3 (Average nodes): In this layer, the nodes calculate the ratio of the ith
rule’s firing strength to the sum of all rules’ firing strengths:

O3
i ¼ �wi ¼ wiP

i wi
i ¼ 1; 2 ð4:52Þ

4. Layer 4 (Consequent nodes): In this layer, the contribution of ith rule towards
the total output or the model output and/or the function calculated as follows:

O4
i ¼ �wifi ¼ �wiðpixþ qiyþ riÞ i ¼ 1; 2 ð4:53Þ

where �wi is the output of Layer 3 and {pi, qi, ri } are the coefficients of a linear
combination in the Sugeno inference system. These parameters of this layer are
referred to as consequent parameters.

5 Layer 5 (Output nodes): This layer is called the output nodes. This single fixed
node computes the final output as the summation of all incoming signals.

O5
i ¼ f ðx; yÞ ¼

P
i wifiP
i wi

ð4:54Þ
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The learning algorithm for ANFIS is a hybrid algorithm, which is a combination
between the gradient descent method and the least squares method for identi-
fying nonlinear input parameters {ai, bi, ci} and the linear output parameters
{pi, qi, ri }, respectively. The ANFIS modeling was performed using the
“subtractive fuzzy clustering” function because of its good performance with a
small number of rules. Further detailed information of ANFIS can be found in
Jang [39].

4.6.4 Support Vector Machines

Support vector machines are state-of-the-art ‘kernel method’-based classification
tools introduced in 1992 by Boser, Guyon, and Vapnik. SVMS (SVMs) are
essentially a sub-discipline of machine learning. Applications of SVM have pro-
duced some promising results in the various fields of science. However, they have
not yet been fully exploited in engineering. SVMs are derived from the concept of
structural risk minimization hypothesis to minimize both empirical risk and the
confidence interval of the learning machine, which in turn helps to produce good
generalization capability.

SVM-based modeling is becoming popular in the field of hydrology, just like
other soft computing techniques. ANN was developed at AT&T Bell Laboratory by
Vapnik and co-workers in the early 1990s [11]. SVMs for regression were first
introduced in Vapnik [93]. A paper at the COLT conference, and the first appli-
cations, were reported in the late 1990s [22]. Just as with ANNs, SVM can be
represented as two-layer networks (where the weights are nonlinear in the first layer
and linear in the second). It has two major advantages in that (1) it has the ability to
generate nonlinear decision boundaries using linear classifiers and (2) the use of
kernel functions allows the user to apply a classifier to the data, having no obvious
fixed dimensional vector space representation [9]. SVM helps to map the original
input data sets from the input space to a high/infinite-dimensional feature space to
make the classification problem quite simpler [96]. The SVMs are actually devel-
oped for a classification approach for linearly separable classes of objects. As
shown in Fig. 4.15, SVM tries to find a unique hyperplane which produces a
maximum margin between hyperplane and the nearest data point of each class. The
objects of either class (H1 with * objects and H2 with + objects in Fig. 4.15) which
fall exactly over the hyperplanes H1 and H2 are termed support vectors and these
are the most important training points in the whole input space. In real life prob-
lems, the original input space can always be mapped to some higher-dimensional
feature space (which is known as Hilbert space) using nonlinear functions called
feature functions (Raghavendra and Deka 2014). The feature space is high
dimensional but it is not practicably feasible for classification of the hyperplane
directly using feature space. In this scenario, Kernels can be applied for nonlinear
mapping.
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As we are interested only in support vector regression (SVR), we can look into
its mathematical details.

Let data examples [(x1, y1), (x2, y2), …, (xi, yi)] be a given training set, where
xi denotes an input vector, and yi is its corresponding output data set. SVR maps
x into a feature space via a nonlinear function Φ(x), and then finds a regression
function f(x) = w · Φ(x) + b which can best approximate the actual output y with an
error tolerance ε, where w and b are the regression function parameters known as
weight vector and bias value, respectively. Φ is known as a nonlinear mapping
function [17]. Based on the SVM theorem, f(x) can solve problems as shown below:

minimize
w; b; n; n;�

� �
1
2
j wj jj2 þ C

XN
k¼1

ðnk þ n�kÞ ð4:55Þ

subject to

yk�wT/ Xkð Þ�b� eþnk

wT/ Xkð Þ þ b� yk
nkn

�
k � 0

� eþ n�k

8><
>:

9>=
>; k ¼ 1; 2; 3. . .N ð4:56Þ

In the above equation, C is a positive trade-off parameter which determines the
degree of error in the training stage and ξ and ξ* are slack variables which penalize
training errors by Vapnik’s ξ—insensitivity loss function. In the optimization
equation, the term 1

2 j wj jj2 improves the generalization of the SVM by regulating the

degree of model complexity. The C
PN

k¼1 nk þ n�k
� �

controls the degree of
empirical risk. Figure 4.16 illustrates the concept of SVR. The above equation can
be reformulated to dual form using Lagrangian multipliers (α, α*):

Fig. 4.15 Separation of
hyperplane in SVM modeling
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maximize
a;a�

� 1
2

PN
k;i¼2

ð/k � /�
kÞð/i � /�

i ÞKðxk; xiÞ

�e
PN
k¼1

/k þ /�
k

� �þPN
k¼1

ykð/k � /�
kÞ

8>>><
>>>:

ð4:57Þ

Subject to

PN
k¼1

ðak � a�kÞ� 0

0� ak; a�k �C

8<
: ð4:58Þ

To obtain

f ðxÞ ¼
XN
k¼1

ak � a�k
� �

k x; xkð Þ þ b ð4:59Þ

In the above equation, K is a Kernel function and n is the number of support
vectors.

In general, mathematically, a basic function for the statistical learning process in
SVM is

y ¼ f ðxÞ ¼
XM
i¼1

aiuiðxÞ ¼ wuðxÞ ð4:60Þ

where the output is a linearly weighted sum of M. The nonlinear transformation is
carried out by uðxÞ.

The decision function of SVM is represented as

Fig. 4.16 Illustration of
nonlinear SVR with Vapnik’s
ξ—insensitivity loss function
(modified from [17])
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y ¼ f ðxÞ ¼
XN
i¼1

aiKðxi; xÞ
( )

� b ð4:61Þ

where K is the kernel function, ai and b are parameters, N is the number of training
data, xi are vectors used in training process, and x is the independent vector. The
parameters ai and b are derived by maximizing their objective function. A flowchart
on the SVM model selection in general rainfall-runoff modeling is shown in
Fig. 4.17 as per the study by Bray and Han [14].

As shown in Fig. 4.17, the whole system is complex, and the selection of a better
model structure would require a large number of trial and error attempts, such as
making adjustments to rainfall scale factor, flow scale factor, cost factor, kernel
functions, and the parameters for the kernel functions. Many of these factors are
very sensitive and a wrong setting could result in an extremely long training time
and unstable results. Hence, it is very difficult to automate the selection process.
Bray and Han [14] have made an attempt to explore the relationships among
different factors which influence the SVM model development under a specific
catchment. Before going for modeling, the modeler needs to make decisions about
the modeling scheme and how to pre-process the data, what kernel to use, and
several setting of parameters.

Fig. 4.17 Schematic flow chart showing modeling procedures in SVM modeling (case study
rainfall-runoff modeling)
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The role of the kernel function simplifies the learning process by changing the
representation of the data in the input space to a linear representation in a higher-
dimensional space called a feature space. A suitable choice of kernel allows the data
to become separable in the feature space despite being non-separable in the original
input space. Four standard kernels are usually used in classification problems and
also in regression cases: linear, polynomial, radial basis, and sigmoid:

x; x
0

� �
¼

linear ðxT ; x0 Þ
polynomial ðxT ; x0 þ 1Þd
Radial exp �c x� x

0�� ���� ��2� �
sigmoidal tanhðcx:x0 þ CÞ

8>>><
>>>:

ð4:62Þ

Currently, several types of support vector machine software are available. The
software used in this project was LIBSVM developed by Chih-Chung Chang and
Chih-Jen, and supported by the National Science Council of Taiwan. The source
code is written in C++. The choice of this software for our case studies in sub-
sequent chapters was made on its ease of use and dependability. The LIBSVM
model is capable of C-SVM classification, one-class classification, ν-SV classifi-
cation, ν-SV regression, and ε-SV regression. The software first trains the support
vector machine with a list of input vectors describing the training data.

Normalization of input vectors is important in SVM modeling. In SVM mod-
eling, we have performed analysis with ε-SVR and ν-SVR using different kernel
functions such as linear, polynomial, radial, and sigmoid for three case studies in
this book. These case studies chose different kernel and SVR models based on trial
and error experiments. The performance of ε-SVR with linear kernel was better than
that of ν-SVR with linear kernel in all case studies explained in Chaps. 5, 6 and 7.
This book recommends further exploration of the modeling of the selected two SVR
models, as the reason for over performance of one SVR over other in our case
studies is not clear. The SVM hypothesis suggests that the performance of SVM
depends on the slack parameter (ε) and the cost factor (C). We have performed the
analysis, varying the ε values between ε = 1 to ε = 0.00001, and the cost parameters
C = 0.1 to C = 1000 in different case studies. The cost factor of error (C) assigns a
penalty for the number of vectors falling between the two hyperplanes in the
hypothesis. It suggests that, if the data is of good quality, the distance between the
two hyperplanes is narrowed down. If the data is noisy it is preferable to have a
smaller value of C which will not penalize the vectors [14]. So it is important to find
the optimum cost value for SVM modeling. To ascertain the optimum cost value,
the support vector machine with linear kernel has made different iterations with
different values of C for three case studies in this book.
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4.6.5 Neuro-Wavelet Model

In a study by Remesan et al. [74], a multi-layer feed-forward network type of
artificial neural network (ANN) and a DWT model were combined together to
obtain a NW model. The discrete wavelet transfer model is functioned through two
set of filters, namely high-pass and low-pass filters, which decompose the signal
into two set of series, namely detailed coefficients (D) and approximation (A) sub-
time series, respectively. In the proposed NW model, these decomposed subseries
obtained from DWT on the original data directly are used as inputs to the ANN
model. The NW structure employed in the present study is shown in Fig. 4.18. Here
we are describing the model details in terms of rainfall-runoff modeling. Antecedent
rainfall and runoff information of the study area in the Brue catchment were
decomposed into three series of detailed coefficients (D) and three series of
approximation (A) sub-time series. Kisi [49] constructed a new series by adding
some relevant D values and constructed an effective series, using that along with an
approximation component as an input of ANN. We believe that this may lead to a
loss in information associated with individual data series, and that a better way is
splitting the original series in a low resolution level and using those data series
directly as inputs of the ANN. So, the present value of runoff has been estimated
using the three resolution levels of antecedent runoff and rainfall information (i.e.,
runoff and rainfall time series of 2-day mode (Dj

q1;D
i
p1), 4-day mode, (Dj

q2;D
i
p2),

8-day mode (Dj
q3;D

i
p3), and approximate mode Aj

q1;A
i
p1, where q denotes runoff,

p denotes rainfall, and i and j denote the number of antecedent data sets of rainfall
and runoff respectively.

Fig. 4.18 The proposed hybrid neural-wavelet scheme for rainfall-runoff modeling [74]

4.6 Hybrid Models 103



4.6.6 Wavelet-ANFIS Model (W-ANFIS)

This book introduces another conjunction model. Wavelet-neuro-fuzzy is applied in
subsequent sections for solar radiation modeling, rainfall-runoff modeling, and
evapotranspirationestimation.Thewavelet transform, a strongmathematical toolwhich
provides a time–frequency representation of analyzed data in the time domain, has been
used in conjunction with a conventional ANFIS model. In this section, the particular
details of the model are explained in the context of rainfall-runoff modeling. The input
antecedent information data considered are decomposed into wavelet subseries by
DWT,and then the neuro-fuzzymodel is constructedwith appropriatewavelet subseries
as input, and desired time step of the original runoff time series as output. Each of
subseriesDWs is a detailed time series and has a distinct contribution to the original time
series data [94]. In this book, the proposed model is used in association with data
selection approaches, particularly theGammaTest. The selection of dominant subseries
is an important procedure which was performed by different approaches mentioned in
Chap. 3 and compared with the co-correlation approach. The schematic diagram of the
proposed hybrid scheme is given in Fig. 4.19. In Fig. 4.19, D stands for details time
series and A stands for approximation time series.

4.6.7 Wavelet-Support Vector Machines (W-SVM) Model

Figure 4.20 illustrates the flowchart describing the proposed hybrid SVM scheme-
based rainfall-runoff modeling carried out in this book. In stage 1, antecedent rainfall
and runoff information of the Brue catchment were decomposed into detailed coef-
ficients (D) and three series of approximation (A) sub-time series. In the case of SVM,

Fig. 4.19 The proposed wavelet-ANFIS (W-ANFIS) scheme

Fig. 4.20 The proposed DWT-based hybrid SVM scheme used for rainfall-runoff modeling
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all sets of available four kernels were used. To narrow down the kernel functions, the
parameters of each kernel were kept at their default values and, consequently, a fair
comparison of each SVM could be made. In the next stage, we have tried SVM
modeling with different kernel functions and different SVR types (ν-SV regression
and ε-SV regression). The results from SVMS with ε-SV regression and linear kernel
performed quite a lot better than the remaining models, as per some of our case
studies. In this figure, the cost value was chosen to be 2 and ε value 0.01; these values
are usually evaluated through trial and error experiments which are most economical
on computing processing time and have the lowest RMSE (root mean squared error).
Some of the studies adopted SVM alone, and the DWT-based hybrid SVM scheme in
environmental science and applied engineering is covered in Table 4.1.
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Chapter 5
Data Based Solar Radiation Modelling

Abstract This chapter describes the data based solar radiation modelling results
obtained from a case study. For the purpose or comparison of different data pre-
processing, data selection and data modelling approaches, the data (6-hourly
records and daily) from the River Brue catchment has been used. The Gamma Test,
Entropy theory, AIC (Akaike’s information criterion)/BIC (Bayesian information
criterion) have been explored with the aid of a nonlinear model LLR, ANFIS and
ANNs utilizing 6-h records in first few sections of results and discussions. Later
modelling has been performed with Gamma Test and other nonlinear intelligent
models and other wavelet conjunction models on daily data from the Brue catch-
ment. Towards end of this chapter, we performed the best and useful data modelling
approach for the daily solar radiation modelling at the Brue catchment in terms of
very simple overall model utility comparison.

5.1 Introduction

As an important driving force that influences water circulation on earthen surface,
solar radiation plays an important role in hydrology. Solar radiation modelling has
great significance in this era of development of low-energy society. One could find
a lot of literature presenting solar radiation forecast and modelling based on several
data based statistical, fuzzy logic and neural network approaches around the globe.
Chen et al. [13] proposed ANNs and ANFIS based approaches to tell the difference
of the solar radiations between the different sky conditions. Takenaka et al. [19]
applied ANNs on solar radiation modelling based on radiative transfer along with
an improved learning algorithm to approximate radiative transfer code. Ahmed and
Adam [7] explored the possibility of ANNs to estimate monthly average daily
global solar radiation in Qena, upper Egypt; similar studies can find in other parts of
the world by means of meteorological parameters in Gusau, Nigeria [1], Mada-
gascar [16], United Kingdom [6, 17]. Hybrid Models of ANN and SVM also
applied to Hydrology. Chen and Li [14] applied support vector machine for
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estimation of solar radiation from measured meteorological variables of 15 stations
in China. Wavelet based SVM with short-term solar radiation has been applied in
China in relation to Photovoltaic (PV) power generation [20]. A wavelet con-
junctive model with ANN has been successfully applied to forecast solar irradiance
in china by Cao [12].

Numerous data based models are applied in this chapter along with data selec-
tion approaches for modelling solar radiation using different meteorological inputs.
Two major objectives are involved in this chapter. First one is to apply state-of-art
Gamma Test and other input selection approaches in solar radiation modelling
identify the best training input space to and training data input length and then to
apply to different data based models and artificial intelligent models. The other one
is to develop W-ANN, W-ANFIS and W-SVM models and to examine effect of
state-of-art ANN, ANFIS and SVM models with discrete wavelet (DWT) models.

5.1.1 The River Brue Catchment

The River Brue catchment, located in Somerset, South West of England, UK, was
selected for the major studies and analysis in this book. The Brue catchment is
considered as one of the best representative catchments for hydrological responses
in England due to its better quality of data collected over a reasonably long time.
This catchment has been extensively used for many good quality research on
weather radar, quantitative precipitation and flood forecasting and rainfall runoff
modelling [10]. The location is famous among researchers because of its well
facilitated dense rain gauge network as well as the coverage by three weather radars
around the study area. The River Brue catchment was the site of the Natural
Environment Research Council (NERC) funded HYREX project (Hydrological
Radar Experiment) from 1993 to 1997. The catchment was chosen for the HYREX
project, as its size and relief of the catchment were seen as representative of many
catchments in the UK to demonstrate the hydrological dynamics and flood fore-
casting procedures. The catchment has a drainage area of 135 square kilometres and
an elevation range between 35 to 190 m above sea level. The catchment is located at
51.075° North and 2.58° West; the location map of the catchment is shown in
Fig. 5.1. The river gauging point of the catchment is located at Lovington. The
eastern region of the catchment is mainly clay upland and while the lowlands in the
western region are relatively flat. The catchment is mainly made up of clay soils and
is predominantly rural and of modest relief, with spring-fed headwaters rising in the
Mendip Hills and Salisbury Plain. Clays, sands and oolites in the study area give
rise to a rapidly responsive flow regime. The major land use in the catchment is
pastureland particularly on clay soil; however there are some patches of woodland
in the higher eastern catchment. The lowland wet grassland of the catchment forms
part of the unique landscape of the Somerset Levels and Moors and the region is
internationally and nationally designated for its conservation and landscape value.
The catchment has an average annual rainfall of 867 mm and the average river flow
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of 1.92 m3/s, for the period from 1961 to 1990. The catchment has a dense rain
gauge network which comprises of 49 Cassella 0.2 mm tipping-bucket rain-gauges,
having a recording time resolution of 10 s. This high dense rain-gauge network
provides at least one rain-gauge in each of the 2 km grid squares within the
catchment.

5.1.2 Data from the Hydrological Radar Experiment
(HYREX) Project

The HYdrological Radar EXperiment (HYREX) was a Natural Environment
Research Council (NERC) Special Topic Research Programme which ran from
1993 for three years. Later, data collection was extended to April 2000. The main
aim of this highly funded research was to understand the rainfall variability as
sensed by weather radars and to compare the reliability with land based rain gauge
network. The large volume of data generated from this research attracted many good
quality research activities which dealt with the evaluation rainfall variability and its
impact on the river flow and flood forecasting at the catchment scale [10, 17, 18].
HYREX members chose the River Brue catchment due to the presence of well
equipped gauging and weather stations and the radar coverage, given by the weather
radars from Wardon Hill (C-band radar which is 30 km south of the catchment),
Cobbacombe Cross (C-band radar which is 70 km west of the catchment)
and Chilbolton radar installations. The radars complete one azimuthal scan every
minute, and cycle through a 4° scan elevations in every 5 min (0.5, 1.0, 1.5 and
2.0°). The reflectivity information given by the weather radars was converted into
rainfall information covering two Cartesian Grids: an 82 × 82 grid of 5 km2 pixels
covering an area with diameter of 210 km and a 76 × 76 grid of 2 km2 pixels
covering an area with diameter of 76 km. The River Brue catchment lies in the 2 km
grid for all three radar ranges at the study location. Because of that, only the

Fig. 5.1 The river Brue catchment, Southwest England, the United Kingdom
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Cartesian- grid rainfall information are recorded from the lower the lower scan
(“beam 0”) on the 2 km grid. The rainfall intensity was digitized into 208 bit levels
ranging from 1/36 to 126 mm h−1. This was done by using semi-logarithmic
approaches. The radar data which was used for most of the studies in this book came
from the Wardon Hill radar as it gave complete coverage of the catchment, unlike
the radar at Cobbacombe Cross and Chilbolton both of which gave partial coverage
[11]. The Radar coverage pattern in the study area is given in Fig. 5.2. The HYREX
project was supported and benefited from many leading universities and organisa-
tions in the country including National River Authority (NRA), The Met Office, The
Ministry of Agriculture, Fisheries and Food (MAFF), North West Water Ltd and the
Rutherford Appleton Laboratory (RAL).

The research site was equipped with a state of the art Automatic Weather Station
(AWS) with the help of NERC Equipment Pool. This AWS recorded solar and net
radiation, wet and dry bulb temperature, atmospheric pressure, wind velocity, wind
direction and precipitation (recorded in 15 min and 2 mm tip rainfalls). The rain
gauges installed on the Brue catchment are typical of those used by the Environ-
mental Agency throughout the country; a casella tipping bucket gauge mounted
vertically on a concrete paving slab. The equipment uses a bucket size of 0.2 mm
and the gauge aperture of 400 cm2. The tip time was recorded up to a time resolution
of 10 s. The Centre for Ecology and Hydrology (CEH) installed an Automatic Soil
Water Station (ASWS) which provided hourly information on soil moisture and
temperature in different soil depths, say 0.05, 0.15 and 0.25 m. This station included
capacitance probe, temperature sensors and pressure transducers.

Fig. 5.2 The radar coverage
at the river Brue catchment
[11]

114 5 Data Based Solar Radiation Modelling



5.1.3 Details of River Brue Catchment Data

The Brue catchment HYREX data are managed by British Atmospheric Data
Centre (BADC) and freely available on request. In this chapter, for daily solar
radiation modelling, the following input parameters were considered: horizontal
extraterrestrial radiation (ETR) (based on Allen et al. [8]), mean air temperature
(Tmean) (averaged over 24 h), maximum daily air temperature (Tmax), minimum
daily air temperature (Tmin), wind speed (U) (averaged over 24 h), and rainfall
(P) (summed over 24 h). Different data series used for solar radiation modelling are
shown in Fig. 5.3.

5.2 Statistical Indices for Data Based Model Comparison

The performances of the developed data based models and the basic benchmark
models in this chapter were compared using various standard statistical perfor-
mance evaluation criteria. The statistical measures considered include the correla-
tion coefficient (CORR), mean absolute percentage error (MAPE), Efficiency (E),
root mean squared error (RMSE), Mean bias error(MBE) and Variance of the
distribution of differences with MBE (Sd

2). These statistical terms can be defined as
follows:

Fig. 5.3 Data series from the Brue catchment used for daily solar radiation
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Correlation Coefficient; CORR ¼
PN

i¼1 ðQm � �QmÞ : ðQo � �QoÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1 ðQm � �QmÞ2 : ðQo � �QoÞ2

q ð5:1Þ

Mean Absolute Percentage Error, MAPE ¼ 1
N

XN
i¼1

ðQm � QoÞ
Qo

����
����� 100 ð5:2Þ

Efficiency;E ¼ E1 � E2

E1
ð5:3Þ

where

E1 ¼
XN
i¼1

Qo � �Qoð Þ2 ð5:4Þ

and

E2 ¼
XN
i¼1

Q0 � Qmð Þ2 ð5:5Þ

Root Mean Squared Error, RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ðQm � QoÞ2
vuut ð5:6Þ

Mean bias error, MBE ¼
PN

i¼1 ðQo � QmÞ
N

ð5:7Þ

Variance of the distribution of differences Sd
2 which expresses the variability of

(Qo− Qm) distribution about MBE

S2d ¼
PN

i¼1 ðQo � Qm �MBEÞ2
N � 1

ð5:8Þ

where, Qm is the modelled or estimated solar radiation by a data based model, Qo is
the observation solar radiation Qm is the average of the estimated solar radiation, Qo

is the average of the observed r radiation and N is the number of observations.
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5.3 Data Based Six-Hourly Solar Radiation Modelling

This section tries to answer questions on which inputs should be used and how long
the training data should be for model development using 6-hourly data from the
Brue catchment with the aid of nonlinear models LLR and ANNs. In this part of the
analysis, the following six-hourly records of input parameters are considered:
horizontal extraterrestrial radiation (RN) (based on Allen et al. [8]), wet bulb
temperature (WT), air bulb temperature (DT) and atmospheric pressure (p). The
hourly extraterrestrial radiation can be estimated from the solar constant, the solar
declination, the solar time angle at the beginning and end of the period and the time
of the year by the Eq. 5.9:

Ra ¼ 12ð60Þ
p

Gscdr x2 � x1ð Þ sinðuÞ sinðdÞ þ cosðuÞ cosðdÞ sinðx2Þ � sinðx1Þð Þ½ �
ð5:9Þ

where Ra is extraterrestrial radiation in hourly period (MJ m−2 h−1), Gsc is solar
constant (0.0820 MJ m−2min−1), dr is the inverse distance between Earth and Sun, δ
is solar declination (rad), φ is the latitude (rad), ω1 is solar time angle at the
beginning of a period (rad), ω2 is solar time angle at the end of a period (rad). 1460
6-hourly records are collected for the study after normalisation of the data. Nor-
malization is performed (i) to equalize the relative numerical significance between
the input variables; (ii) to aid the analysis routines to perform efficiently, especially
in the absence of any prior knowledge regarding the input variable relevance and
(iii) to eliminate the effect of the data units.

5.3.1 Input Data and Training Data Length Selection Using
Entropy Theory

In this section of the study, the variability of the data used is measured using the
concept of entropy. Attributes like Marginal entropy, joint entropy, conditional
entropy and transinformation are calculated for four inputs to the independent
variable of solar radiation. These values are dependent to Δx, the length of class
intervals or the discretization interval for computing class frequency. It is assumed
that these input data have the normal distribution (for the convenience of the
computation). Figure 5.4 shows the histogram of the measured air dry bulb tem-
perature. When a variable is far from the normal distribution, its computation would
be very complicated and currently, there are no ready algorithms to solve this
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problem. The optimal number of intervals for entropy calculations in a continuous
form is determined base on this objective function:

Min

Pn
i¼1

pðxiÞ � zðxiÞj j
n

ð5:10Þ

where p(xi) is PDF (Probability Density Function), z(xi) is the value of the discrete
function for xi and n is the number of intervals. PDF is a function which can be
integrated to obtain the probability that the random variable takes a value in a given
interval. By resampling the data, the class interval size in Eq. (5.10) is assumed to
be the same for all inputs as 5. The marginal entropy refers to the average infor-
mation content of a random variable and it is used as a measure of uncertainty or the
information content. The number of data to compute the values of different
entropies is 1,460 in this case. The first four scenarios in Fig. 5.5 show the values of
different entropy measures. The conditional entropy is a measure of the information
content of input variable which is not contained in the output variable. The join
entropy is the total information content in both input and output variables. The
mutual information, also called transinformation, is the information between each
input and output values. It can be defined as the information content of the input
which is contained in the output and can be interpreted as the reduction in uncer-
tainty in the input due to the knowledge of the output variable.

As it can be seen in Fig. 5.5, based on the transinformation values for different
inputs, horizon extraterrestrial radiation (ETR), air dry bulb temperature (DT) and
wet bulb temperature (WT) are observed as the most significant inputs in solar
radiation modelling (Scenarios 1–3). Atmospheric pressure (p) transfers less
information about solar radiation (Scenario 4), therefore it is not very relevant in the
modelling process. Different combinations of input data were explored to assess
their influence on the solar radiation modelling (Fig. 5.5). The maximum value of
transinformation was observed when we used all the available input data sets, i.e.
the Scenario 15. From the figure we can deduce that the combination of horizon

Fig. 5.4 Discrete form of air dry bulb temperature at the Brue catchment [16]
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extraterrestrial radiation, air dry bulb temperature, and wet bulb temperature can
make a good model (i.e. Scenario 14), comparable to the combination which
composes of all inputs. The worst model with three inputs is the Scenario 11 (i.e.
the model excluding horizon extraterrestrial radiation). The significance of the
atmospheric pressure data set was relatively small when compared with other input
sets since the elimination of these inputs made little variation in transinformation
values. The variation of marginal, joint and conditional entropies for different
scenario can be found in Fig. 5.5.

In the previous paragraphs, we have seen the capabilities of Entropy Theory in
assessing the influencing data series in a model. Another major problem which
decides the data efficiency in predicting model is how many data points are needed
to sufficiently calibrate the correct model from a vast number of data, in a noisy
environment. The quantity of available input data to predict the desirable output
was analyzed using entropy information. The transinformation value would help us
to determine whether there were sufficient data to provide the maximum knowledge
about a system and subsequently a reliable model. The transinformation result is
shown in Fig. 5.6 which indicates how much information was actually transferred
between variables, and how much information was still left to be transferred. The
test produced a maximum transinformation to a value 0.774 at around 1,010 data
points. Figure 5.7 show the marginal entropy and joint entropy variation with the
number of data. As it can be seen, the joint entropy of the set data increases but the
marginal entropy of the input variables is stable after 700 points. One can also
observe that conditional entropy follows the same decreasing trend like transin-
formation information curve after 1,010 data points.

Fig. 5.5 The entropy information based on 6-hourly records in Beas Basin (Each scenarios are
[1000], [0100], [0010], [0001], [0011], [1001], [1100], [0101], [1010], [0110], [0111], [1011],
[1101], [1110*] and [1111] Mask indicates different combinations of the input effects (inclusion
and exclusion indicated by 1 or 0 in the mask). From left to right. The horizon extraterrestrial
radiation (ETR), air dry bulb temperature (DT), wet bulb temperature (WT), and atmospheric
pressure (p).)
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5.3.2 Data Selection Results from the Gamma Test

The mathematical details of the Gamma Test (GT) can be found in Chap. 4. In theory,
the GT is able to provide the best mean square error that can possibly be achieved
using any nonlinear smooth models. Figures 5.8 and 5.9 shows different combina-
tions of the input data to assess their influence on the solar radiation modelling by the
Gamma Test. The best one can be determined by observing the Gamma value, which
indicates a measure of the best MSE attainable using any modelling methods for
unseen smooth functions of continuous variables. A model with the lowest MSE is
considered to be the best scenario for modelling. The gradient (A) is considered to be

Fig. 5.6 Variation of transinformation information with unique data points [5]

Fig. 5.7 Variation of marginal, joint and conditional entropies with unique data points [6]
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an indicator of model’s complexity. V-ratio is a measure of the degree of predict-
ability of given outputs using available inputs. The horizon extraterrestrial radiation
(ETR), air dry bulb temperature (DT) and wet bulb temperature (WT) are observed
as the most significant inputs with smaller V-ratio in solar radiation modelling
(Scenarios 1–3). Atmospheric pressure (p) is the least significant input in solar
radiation modelling (Scenario 4). The smallest value of V-ratio was observed with a
combination of precipitation, horizon extraterrestrial radiation (ETR), air dry bulb
temperature (DT) and wet bulb temperature (WT) (Scenario 14).

Fig. 5.8 Variation of different gamma test attributes like Gamma value, Standard Error and
V-ration for different scenarios

Fig. 5.9 Variation of Gradient value for different scenarios for the 6-hourly data from the Brue
catchment (Each scenarios are [1000], [0100], [0010], [0001], [0011], [1001], [1100], [0101],
[1010], [0110], [0111], [1011], [1101], [1110*] and [1111] Mask indicates different combinations
of the input effects (inclusion and exclusion indicated by 1 or 0 in the mask). From left to right.
The horizon extraterrestrial radiation (ETR), air dry bulb temperature (DT), wet bulb temperature
(WT), and atmospheric pressure (p).)
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The quantity of the available input data to predict the desirable output was
analysed using the M-test (a repeat execution of the Gamma Test with different
number of input data lengths). The M-test results help to determine whether there
were sufficient data to provide an asymptotic Gamma estimate and subsequently a
reliable model. The M-test analysis results for the best scenario (with 3 inputs:
horizon extraterrestrial radiation, air dry bulb temperature, wet bulb temperature)
are shown in Fig. 5.10. The test produced an asymptotic convergence of the
Gamma statistic to a value of 0.022 at around 550 data points. The SE corre-
sponding to M = 550 is very small at 0.0027, which shows the precision and
accuracy of the Gamma statistic.

5.3.3 Data Selection Results from the AIC and BIC

In order to compare the result of the Gamma Test with two popular information
criterion (AIC and BIC), a LLR model and an ANN model are developed for each
scenario using the training results. AIC concept is grounded in the concept of entropy,
in effect offering a relative measure of the information lost when a givenmodel is used
to describe the reality and can be said to describe the trade-off between bias and
variance in model construction, or loosely speaking that of precision and complexity
of the model. AIC and BIC values are used here for model input selection since the
more inputs, the more parameters of the model would have. Their results are pre-
sented in Fig. 5.11. It has been found that the rank of scenarios is similar to the entropy
results. The AIC penalizes free parameters less strongly than does the Schwarz
criterion. The performance of AIC and BIC were similar in most of the scenarios. In
both cases, the scenario 15 has exhibited the least information criterion numerical
values (BIC value is −6299.3 whereas the least AIC value is −2177.88).

Fig. 5.10 Variation of gamma static (Γ) with unique data points corresponding to 6-hourly
records [6]
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5.3.4 Modelling Results Using ANN and LLR on 6-Hourly
Records

To compare the performance of entropy and the GT, eight scenarios using LLR and
ANN models were developed. The scenarios 1 and 5 use four inputs (ETR, DT, WT
and p) with 1,010 data points in training process. Three inputs (ETR, DT and WT)
by 1,010 data points are used for training the Scenarios 2 and 6. The Scenarios 3
and 7 use four inputs and 550 data points. Three inputs with 550 data points are
generated the Scenarios 4 and 8. A total of 450 data points are considered for model
testing with all models. The performance of two input data selection methods is
compared by the LLR and ANN models using four global statistics (R2, root mean
squared error (RMSE), mean absolute error (MAE) and mean bias error (MBE))
(Figs. 5.12, 5.13, 5.14 and 5.15).

In this study, the conjugate gradient training algorithms along with single layer
architecture is used. Various hidden layer neuron number combinations were tested

Fig. 5.11 The BIC and AIC values corresponding to different input combinations (Each scenarios
are [1000], [0100], [0010], [0001], [0011], [1001], [1100], [0101], [1010], [0110], [0111], [1011],
[1101], [1110] and [1111] Mask indicates different combinations of the input effects (inclusion and
exclusion indicated by 1 or 0 in the mask). From left to right. The horizon extraterrestrial radiation
(ETR), air dry bulb temperature (DT), wet bulb temperature (WT), and atmospheric pressure (p).)

Fig. 5.12 Performance of LLR and Conjugate gradient ANN during Training Phase (MBE and
R2 Values)
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Fig. 5.13 Performance of LLR and Conjugate gradient ANN during Training Phase (RMSE and
MAE Values)

Fig. 5.14 Performance of LLR and Conjugate gradient ANN during Testing Phase (MBE and R2
Values)

Fig. 5.15 Performance of LLR and Conjugate gradient ANN during Testing Phase (RMSE and
MAE Values) (Figure 5.12 to: scenario 1 indicates LLR model with [1111] inputs and training
length 1010 data points, 2 indicates LLR model with [1110] inputs and training length 1010 data
points, 3 indicates LLR model with [1111] inputs and training length 550 data points, 4 indicates
LLR model with [1110] inputs and training length 550 data points, 5 indicates ANN model with
[1111] inputs and training length 1010 data points, 6 indicates ANN model with [1110] inputs and
training length 1010 data points, 7 indicates ANN model with [1111] inputs and training length
550 data points, 8 indicates ANN model with [1110] inputs and training length 550 data points)
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for the ANN models to find the best number of hidden layer nodes for modelling.
A feed forward ANN was constructed with nine hidden neurons and trained using
the conjugate gradient algorithm and the training results are presented in Figs. 5.12
and 5.13. It can be seen that the large number of inputs tends to make a good model
in training but does not guarantee superior results in testing. The best scenario is a
model with three inputs (as indicated by the GT) and 1,010 data points (as indicated
by the entropy theory) for training, regardless of whichever model is used (LLR or
ANN). The presented results in Figs. 5.14 and 5.15 shows that the ANN model
performed better on the testing data set than the LLR model, albeit the general
conclusions on the input variable selection and training data length are the same.
Figures 5.16 and 5.17 show the scatter plots of the computed using ANN model and
the observed daily solar radiation for the best scenario during the training and
validation periods. The LLR modelled solar radiation and the observed solar
radiations for the best scenario (Scenario 2) with the testing data set are shown in
Fig. 5.18.

Fig. 5.16 Observed versus ANN modelled solar radiation in the training data set for scenario 2

Fig. 5.17 Observed versus ANN modelled solar radiation in the testing data set for scenario 2
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5.4 Data Based Daily Solar Radiation on Beas Database

In the previous section, we have tackled some data modelling issues with GT,
Entropy Theory, BIC and AIC using the 6-hourly records from the Brue catchment.
It was found that the performance of model selection tools such as AIC/BIC weren’t
that encouraging compared to that of entropy theory. On the other hand, it is very
encouraging to find that the new GT was able to choose the best input selection
during the testing with the non-linear models LLR and ANN. To emphasis more on
the reliability of GT and its applicability with other nonlinear models we have
explored further using the daily data from the Brue catchment and are presented in
this section.

The HYREX data set from the Brue catchment was used for the analysis.
A major problem associated with the HYREX during the study period was data
discontinuity. We managed to collect a total of 1,098 daily records from 1993 to
1996 after the missing data were taken out. All the data were normalised prior to
analysis by mapping the mean to zero and the standard deviation to 0.5. The process
of normalisation of data helps to keep the asymptotic nature of the Gamma Statistic
valid. In this part of the study, daily information of the following input parameters
have been considered: horizontal extraterrestrial radiation (based on Allen et al.
[8]), mean air temperature (averaged over 24 h), maximum daily air temperature,
minimum daily air temperature, wind speed (averaged over 24 h), and rainfall
(summed over 24 h). The daily extraterrestrial radiation can be estimated from the
solar constant, the solar declination and the time of the year Allen et al. [8].

Fig. 5.18 Observed versus LLR modelled solar radiation in the testing data set for scenario 2
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5.4.1 Data Analysis and Model Input Selection Based
on the Gamma Test

The Gamma Test is able to provide the best mean square error that can possibly be
achieved using any nonlinear smooth models. In this study, different combinations
of input data were explored to assess their influence on the solar radiation modelling
(Fig. 5.19). There were 2n − 1 meaningful combinations of inputs; from which, the
best one can be determined by observing the Gamma value, which indicates a
measure of the best MSE attainable using any modelling methods for unseen
smooth functions of continuous variables. Figure 5.19, we can see some very
interesting variations of the best MSE (Γ) with different input combinations. The
minimum value of Γ was observed when we used all the available input data sets
viz. Extraterrestrial Radiation (ETR), daily precipitation (P), daily mean tempera-
ture (Tmean), daily maximum temperature (Tmax), daily minimum temperature (Tmin)
and daily mean wind velocity (U). As mentioned earlier the gradient (A) is con-
sidered as an indicator of model complexity. A model with low MSE and low
gradient is considered as the best scenario for the modelling. V-ratio is the measure
of degree of predictability of the given outputs using available inputs. The smaller
value of V-ratio was observed when we considered all the inputs.

The quantity of available input data to predict the desirable output was analysed
using the M-test. The M-Test results would help us to determine whether there were
sufficient data to provide an asymptotic Gamma estimate and subsequently a reli-
able model. The M-Test analysis results are shown in Fig. 5.20. The test produced
an asymptotic convergence of the Gamma statistic to a value of 0.0354 at around
770 data points (i.e. M = 770). The variation of the Standard Error (SE)

Fig. 5.19 The gamma test results on the daily sunshine data set (variations of indices with
different input combinations) (The scenario 1 includes inputs like [ETR, Tmax, U, Tmean, Tmin,
P]. The scenario 2 includes inputs like [Tmax, U Tmean, Tmin, P]. The scenario 3 includes inputs
like [ETR, U, Tmean, Tmin, P]. The scenario 4 includes inputs like [ETR, Tmax, Tmean, Tmin, P].
The scenario 5 includes inputs like [ETR, Tmax, U, Tmin, P]. The scenario 6 includes inputs like
[ETR, Tmax, U, Tmean, P] and the scenario 7 includes inputs like [ETR, Tmax, U, Tmean, Tmin])
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corresponding to the data points is also shown in Fig. 5.20. In the figure we can
note that, the SE corresponding to M = 770 is very small at *0.0019, which shows
the precision and accuracy of the Gamma statistic. We also performed M-tests in
different dimensions varying the number of inputs to the model (Fig. 5.19), which
clearly presented the response of the data model to different combination of inputs
data sets. From the Fig. 5.19 we can also deduce that the combination of precipi-
tation, daily maximum temperature, daily mean temperature and extraterrestrial
radiation (ETR) can make a good model comparable to the combination which
composes all inputs. The significance of the wind velocity and daily mean tem-
perature data sets was relatively small when compared to other input sets since the
elimination of these inputs made less variation in the Gamma statistic value. The
M-Test analysis results in different scenarios are shown in Fig. 5.21 which are
“All”, “No ETR”, “No Tmax”, “No Tmean”, “No Tmin”, “No P” and “No U”
(the scenario “All” corresponding to all six inputs, and other scenarios corre-
sponding to elimination of each input). Extraterrestrial radiation is observed as the
most significant input in solar radiation modelling, of which (“No ETR” scenario)
resulted in very high value of Gamma statistic.

The embedding 111111 model (a six input and one output set of I/O pairs) was
identified as the best structure because of its low noise level (Γ value), the rapid
decline of the M-test SE graph, low V-ratio value (indicating the existence of a
reasonably accurate smooth model), the regression line fit with slope A = 0.1108
(low enough as a simple non-linear model with a minimum complexity) and good
fit with SE 0.0019. These values altogether can give a clear indication that it is quite
adequate to construct a nonlinear predictive model using around 770 data points
with an expected MSE around 0.0354.

Fig. 5.20 Gamma statistic (Γ), Gradient, Standard Error and V-ratio for the normalised daily data
used as inputs for daily solar radiation modelling (M = 1,098)
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5.4.2 Non-linear Model Construction and Testing Results

This section includes the modelling results from nonlinear models like LLR, ANNs
with different algorithms, hybrid models like SVM and ANFIS. The section also
includes the daily solar radiation modelling results obtained from wavelet based
models like NW, W-ANFIS and W-SVM at the Brue catchment.

5.4.2.1 Daily Solar Radiation Modelling with LLR and ANN Models

In this section of the study, two types of models were constructed and tested for
predicting daily solar radiation (Local Linear Regression and Artificial Neural
Network). The neural networks were trained using the Broyden-Fletcher-Goldfarb-
Shanno (BFGS) algorithm, the Conjugate Gradient Algorithm and the Levenberg–
Marquardt training algorithm. The nonparametric procedure based on LLR models
does not require training in the same way as that of neural network models. The
optimal number of nearest neighbours for LLR (principally dependent on the noise
level) was determined by trial and error method and 16 nearest neighbours were
implemented. Then, the performance of the developed LLR technique was com-
pared with the neural network models using three global statistics (correlation
efficiency, root mean squared error and mean bias error) as shown in Table 5.1.
Figures 5.22a, b and 5.23a, b show resulting plots (both scatter and line plot) of the
computed (using LLR model with p = 16) and observed daily solar radiation during
the training and validation periods. The estimated solar radiation using the LLR

Fig. 5.21 Variation of gamma statistic (Γ) for the data corresponding to different combination of
input data sets [17]
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model for 770 data points resulted in the minimum overall RMSE value of
20.72 W/m2, which is 19.1 %; compare to observed daily solar radiation and the
mean bias error (MBE) observed as −0.799 W/m2.

Table 5.1 Comparison of some basic performance indices of LLR and ANN models in daily solar
radiation estimation

Models and algorithms Training data (770 Data points) Validation data

RMSE
(W/m2

and %)

R2 Slope MBE
W/m2

RMSE
(W/m2

and %)

R2 Slope MBE
W/m2

LLR 20.72
(19.1)

0.93 0.96 −0.799 (22.4) 0.90 0.97 0.197

ANN (Conjugate
Gradient)

30.093
(28.5)

0.88 0.93 −2.072 35.417
(28.1)

0.83 0.93 −0.162

ANN (BFGS) 32.755
(30.2)

0.87 0.94 −2.060 39.236
(29.7)

0.80 0.93 −0.255

ANN
(Levenberg–Marquardt)

29.83
(27.6)

0.89 0.94 −1.178 30.39
(26.9)

0.85 0.95 −0.222

Fig. 5.22 Solar radiation as observed and estimated using the LLR model for the training data set.
a scatter plot, b line diagram

Fig. 5.23 Solar radiation as observed and estimated using the LLR model for the validation data
set. a scatter plot, b line diagram
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In this section of study, various hidden layer neuron number combinations were
tested for the ANN models to find the best hidden layer node number for modelling.
We constructed a feed forward neural network with 9 neurons in hidden layer
trained using the BFGS algorithm, Conjugate Gradient algorithms and Leven-
berg–Marquardt training algorithm; and their performance was compared with that
of the LLR model (shown in Table 5.1).

The size of training data was already determined as 770 data points through the
M-Test analysis, and the target mean-squared error (MSError) was identified as
0.0354 (scaled) for M = 770. The resulting plots (both scatter and line plot) of
training and validation results produced by the Conjugate Gradient Algorithm based
model are shown in Figs. 5.24a, b and 5.25a, b. The prediction results (both scatter
plots and line diagram) of BFGS method based ANN model for training and
validation data are shown in the form of scatter plots in Figs. 5.26a, b and 5.27a, b.

The conjugate gradient ANN model performed better in the validation data set
than BFGS algorithm based ANN model with RMSE value of 35.417 W/m2

(28.1 % of mean observed solar radiation) and MBE value of −0.162 W/m2

whereas the latter produced 39.236 W/m2 (29.7 % of mean observed solar radia-
tion) and −0.255 W/m2, respectively. The Levenberg–Marquardt algorithm based
ANN outperformed both conjugate gradient and BFGS ANNs in both the training

Fig. 5.24 Solar radiation as observed and estimated using the ANN model with conjugate
algorithm for the training data set. a scatter plot, b line diagram

Fig. 5.25 Solar radiation as observed and estimated using the ANN model with conjugate
algorithm for the validation data set. a scatter plot, b line diagram
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and validation phases (RMSE value of 30.39 W/m2 (26.9 % of mean observed solar
radiation) and MBE value of −0.222 W/m2 during validation phase) It was seen that
the LLR model’s performance had a superior performance compared with BFGS,
conjugate gradient and Levenberg–Marquardt ANN models.

From Figs. 5.23, 5.24, 5.25 and 5.26, one can find that ANN based models are
struggling to reproduce the highest values. In the same time the LLR model is free
from this handicap [18]. The comparative analysis of these models using some
basic statistic has been carried out and is shown in Table 5.1 where the LLR model
outperformed both ANN models and provided the best performance, i.e. the lowest
RMSE and highest R2, for the training period and validation periods. The results of
the study also indicate that the predictive capability of BFGS algorithm are poor
compared with those of Conjugate Gradient networks in daily solar radiation
modelling. In the same time the modelling capabilities of Levenberg–Marquardt
ANN is higher than that of conjugate gradient and BFGS algorithm based ANN
models. The performance line diagrams of Levenberg–Marquardt ANN model is
data based modelling of daily solar radiation is shown in the Figs. 5.28 and 5.29.

Fig. 5.26 Solar radiation as observed and estimated using the ANN model with BFGS algorithm
for the training data set. a scatter plot, b line diagram

Fig. 5.27 Solar radiation as observed and estimated using the ANN model with BFGS algorithm
for the validation data set. a scatter plot, b line diagram
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5.4.2.2 Daily Solar Radiation Modelling with SVM and ANFIS Models

The adaptive neural-based fuzzy inference system (ANFIS) model was used for
daily solar radiation modelling, in which a set of parameters in ANFIS identified
through a hybrid learning rule combining the back-propagation gradient descent and
a least squares method. The ANFIS model in solar radiation modelling has used a set
of fuzzy IF–THEN rules with appropriate membership functions. The mathematical
details of the ANFIS function are given in the Chap. 4. The ANFIS model has used
first 770 data points of the whole available data points as training data set as per the
recommendations of the Gamma Test. The remaining data points were used for the
testing stage. The input layer of the ANFIS consisted of data series like horizontal
extraterrestrial radiation, daily mean air temperature (averaged over 24 h), maximum
daily air temperature, minimum daily air temperature, daily wind speed (averaged

Fig. 5.28 Line diagram showing solar radiation as observed and estimated using the
Levenberg–Marquardt ANN in training phase

Fig. 5.29 Line diagram showing solar radiation as observed and estimated using the
Levenberg–Marquardt ANN in testing phase
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over 24 h), and daily rainfall (summed over 24 h), and the output layer contained a
single daily solar radiation. The subtractive fuzzy clustering was used to establish the
rule-based relationship between these six input data series and output data variable.
The Subtractive clustering automatically identify the natural clusters in the input-
output data pool. In this ANFIS model, there were 54 parameters to determine in the
layer 2 because of 6input variables, 3 rules. The three rules generate 36 nodes in
subsequent layer. The study set the number of membership functions for each input
of ANFIS as three with Gaussian (or bell-shaped) and linear membership functions
at the inputs and outputs respectively. The accuracy of the modelling by ANFIS was
assessed through variety of statistical parameters like namely CORR, Slope, RMSE,
MAPE, MBE, efficiency and Variance of the distribution of differences about MBE,
(Sd

2). Predicted daily solar radiation of the Brue catchment are compared with the
corresponding observed values during training phase (both scatter plot and line
diagram) in Fig. 5.30a, b; the corresponding results during the validation phase are
shown in the Fig. 5.31a, b.

The study has used a state of the art support vector machines (SVMs) for daily
solar radiation modelling. SVMs are considered as an integral part of studies on
pattern recognition and are essentially a major sub discipline of machine learning.
The study has used LIBSVM with capabilities modelling of ν-SV regression and

Fig. 5.30 Solar radiation as observed and estimated using the ANFIS model for the training data
set. a scatter plot, b line diagram

Fig. 5.31 Solar radiation as observed and estimated using the ANFIS model for the validation
data set. a scatter plot, b line diagram
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ε-SV regression. For daily solar radiation modelling the SVMs were trained using the
above mentioned list of input vectors and GT recommended training data length as
training data. The study has used an interactive Fortran program to reformat the
original data into an appropriate list of vectors, and to normalise/scale the list of
vectors. The scaling of the input lists are important in SVMs as the difference between
extreme values is reduced, which makes it easier and fast to run the SVM algorithm.
The proper identification of kernel function is so important in SVM based modelling
as kernels are the components which simplify the learning process. There are four
major kernels predominantly used in SVMs such as linear, polynomial, radial and
sigmoid. Each kernel was applied to the SVMs like the ε-SVR and the ν-SVR. A total
of 20 different models with different kernel function and regressors were investigated
to find the best one. The analysis results are shown in Fig. 5.32.

It has found that the ε-SVR with linear kernel function is the best model for the
daily solar radiation modelling. The performance of nu-SVR with linear kernel is
comparable to that of ε-SVR, but the least error and higher accuracy observed in the
case of ε-SVR. The cost parameter (C) of error assigns a penalty for the number of
vectors falling between the two hyperplanes in the SVM hypothesis. Estimation of
the optimum number of cost is very important as it has an influence on the quality
of the data used for the modelling. To ascertain the optimum cost value, the support
vector machine made from the best model ε-SVR regression algorithm with linear
kernel was run several times, with differing values of C. This was done for available
6 input vectors. The performance of the models was compared by calculating the
root mean squared error of the output daily solar radiation given by the SVM
hypothesis with that of the actual observed daily solar radiation. The effect of cost
factor on modelling result is shown in Fig. 5.33. The cost value was chosen to be

Fig. 5.32 The modelling performance of different SVMs with different kernels in solar radiation
modelling
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10 since it produced the least root means square error, while being the most eco-
nomical on computing processing.

The SVM hypothesis suggests that the performance of SVM depends on the
slack parameter (ε). To find the optimum slack parameter, we have performed the
analysis varying the ε values between ε = 1 to ε = 0.00001. The analysis results on
variation of slack parameter (ε) are shown in Fig. 5.34. The Figure has shown that
the least error is the lowest when the ε value is 1. So we set the value of ε to 1 for
reliable results and less computation time.

The modelling results of SVM model (ε-SVR with linear kernel function) during
training phase is shown in Fig. 5.35a, b. The validation results of SVM model is
given in Fig. 5.36a, b.

The statistical performance of ANFIS model with the support vector machine
(SVM) technique with epsilon SVR and linear kernel is presented in Table 5.2.

Fig. 5.33 Variation of RMSE in ε-SVM with linear kernel with cost factor of error (C) in daily
solar radiation modelling

Fig. 5.34 Variation of RMSE in ε-SVM with linear kernel with epsilon value (ε) in daily solar
radiation modelling
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The correlation coefficient (CORR) statistics were calculated as 0.87 for ANFIS
model and 0.82 for SVM model during the training phase. It can be obviously seen
from Table 5.2 that the ANFIS model approximates the measured values of solar
radiation with a quite high accuracy during training phases than that of SVM model.
However in the validation phase, SVM model has shown better values for some
statistical parameters like efficiency and variance values than these of ANFIS
model. It is also found that the prediction capabilities of these two models are lesser
in validation phase than that of ANN models explained in the previous subsection.
The MAPE and MBE for the ANFIS model is lower (0.191 and 0.0003 W/m2)
compared to the SVM (0.216 and −1.98 W/m2) during training and validation. The
improved MAPE and MBE without significant reduction in global evaluation sta-
tistics during training certainly suggest the potential of the ANFIS compared to the
best ANN (ANN-LM). Even though the performance of SVM and ANFIS is less
during validation phase compared to the ANN-LM model, It may be noted that for
an ANN model, the modeller has to perform a trial and error procedure to develop
the optimal network architecture, while such a procedure is not required in
developing an ANFIS and SVM model. Another distinct feature of ANFIS, which
makes it superior to the ANN, is the less number of training epochs required for
convergence which saves computational time of ANFIS in most instants.

Fig. 5.35 Solar radiation as observed and estimated using the SVM model (ε-SVR with linear
kernel) for the training data set. a scatter plot, b line diagram

Fig. 5.36 Solar radiation as observed and estimated using the SVM model (ε-SVR with linear
kernel) for the validation data set. a scatter plot, b line diagram
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5.4.2.3 Daily Solar Radiation Modelling with NW, W-SVM
and W-ANFIS

The conjunctive use of wavelets with neural networks is a relatively new modelling
concept first introduced in the financial time series modelling in late 90s [8]. This
book use the discrete wavelet transforms (DWT) with data based intelligent models
like ANN, SVM and ANFIS to form hybrid models like NW, W-SVM and
W-ANFIS respectively. In order to serve this purpose, the daily solar radiation
modelling was performed at the Brue catchment using the relevant data sets
mentioned earlier (viz. like horizontal extraterrestrial radiation, daily mean air
temperature (averaged over 24 h), maximum daily air temperature, minimum daily
air temperature, daily wind speed (averaged over 24 h), and daily rainfall (summed
over 24 h)) decomposed into sub-signals of various resolution levels. The sub-
signals entered to the models like ANN, SVM and ANFIS to model the desired
daily solar radiation time series. The modelling ability of the proposed models was
compared with individual ANN-LM, ANFIS and SVM in the context of daily solar
radiation modelling. The procedure involved is explained below in the context of
NW model.

In the case of NW models, a multi-layer perceptron (MLP) feed forward ANN
model was used in conjunction with DWT. This kind of ANN was trained using the
widely used and popular back propagation training algorithm, levenberg–Marquardt
algorithm. The aim of the wavelet and ANN conjunction model (NW) is to predict
the daily solar radiation at time t using other inputs measured at the same time. We
didn’t make an attempt to make multi time-step ahead prediction in this case of
solar radiation modelling. The employed Daubechies-4(db4) wavelet (the most
popular wavelet) decomposes the original input data series into corresponding sub-
series components. Each original input time series are decomposed into a 6 number
of DWs by DWT (3 approximations and 3 details time series). In this manner of
decomposition, each sub-signal may represent a special level of the seasonality
relationship which would be more useful for modelling than using the original
inputs. Selection of the fit and appropriate DWs for construction of NW model to
estimate daily solar radiation is very tricky. The selection of the most important and
effective DWs depends largely on the hybrid model’s modelling ability. The con-
ventional way is estimation of correlation coefficients between DWs and original
and desired daily solar radiation data, to provide a guideline on the selection of the
conjunction model inputs. However in this study we have used three detail series
and third approximation series for modelling, because such a combination has
mathematical validity to make the original data input. The conventional way of
making a new summed series obtained by adding the dominant DWs (obtained
based on correlation coefficient) is in effect to cause loss of inherent information in
the actual series, and fails to reproduce the original data series. Because of these
two reasons we discarded the conventional approach and used three details and the
third approximation data series directly for modelling.

The discrete wavelet transfer model used for this modelling scheme is functioned
through two set of filters viz. high-pass and low-pass filters which decompose the
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signal into two set of series namely detailed coefficients (D) and approximation
(A) sub time series respectively. In this case study, the present value of solar
radiation has been estimated using the three detail resolution levels and third
approximation level of six inputs (i.e. in case of 1st input daily horizontal extra-
terrestrial radiation (ETR) time series, the subseries are 2-day mode (DETR1), 4-day
mode (DETR2), 8-day mode (DETR3) and the third approximation mode AETR3 . In
case of 2nd input daily mean air temperature (Tmean) time series, the subseries are
2-day mode (DTmean1), 4-day mode (DTmean2), 8-day mode (DTmean3) and the third
approximation mode ATmean3. In case of 3rd input daily minimum air temperature
(Tmin) time series, the subseries are 2-day mode (DTmin1), 4-day mode (DTmin2),
8-day mode (DTmin3) and the third approximation mode ATmin3 . In case of 4th
input daily maximum air temperature (Tmax) time series, the subseries are 2-day
mode (DTmax1), 4-day mode (DTmax2), 8-day mode (DTmax3) and the third
approximation mode ATmax3. In case of 5th input daily precipitation (P) time series,
the subseries are 2-day mode (DP1), 4-day mode (DP2), 8-day mode (DP3) and the
third approximation mode (PP3). In case of 6th input daily wind velocity (U) time
series, the subseries are 2-day mode (DU1), (4-day mode (DU2), 8-day mode (DU3)
and the third approximation mode (PU3)). As we are aware that from the previous
sections, the GT has identified to use all the available six inputs for the modelling
with training data length of 770 data points. Thus DWT is used to decompose the
input data into three wavelet decomposition levels (5−7) and the decomposed
inputs used for modelling. The three detailed coefficient series and the first
approximate series of the original data of runoff and rainfall used in this study are
presented in Fig. 5.37a–f.

The technical details of the W-ANFIS and W-SVM used for the daily solar
radiation modelling are shown in the Chap. 4. The key point in conjunction models
like W-SVM and W-ANFIS are the wavelet decomposition of input time series and
the utilization of DWs as the inputs. The performance of these hybrid wavelet
models like neuro-wavelet (NW) model, W-ANFIS and W-SVM in terms of sta-
tistical performance indices are summarised in Table 5.2. Table shows that all
wavelet based hybrid models have a significant positive effect on daily solar
radiation prediction. As seen from the table, the NW has the lowest RMSE and the
highest CORR among the other hybrid models. The relative performance of the
hybrid wavelet models was high for NW model followed by W-ANFIS and
W-SVM. While the correlation coefficient obtained by ANFIS model is 0.87, with
wavelet-ANFIS model this value is slightly decreased to 0.85. Similarly, while the
RMSE obtained by ANFIS model is 14.13 W/m2 (13.03 %), with wavelet-ANFIS
model this value is changed to 14.67 W/m2 (13.54 %) during training phase. In the
same time the incorporation of wavelet to ANN-LM and SVM produced positive
results, unlike that of ANFIS model. The incorporation of DWs to ANN-LM
improved the CORR value from 0.89 to 0.93 in training phase and the corre-
sponding increase was 0.85 to 0.88 during validation phase. In the case of W-SVM
the CORR values are 0.83 and 0.81 for training and validation phase respectively.
One could see there is considerable increase in performance of SVM when we
incorporated DWT with ε-SVR with linear kernel. In the same time it is interesting
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to note that the ANFIS couldn’t cope with incorporation of new series (DWs)
whereas the addition of DWT have found significant extremely positive effect on
neuro-wavelet model and wavelet-SVM model. The observed and estimated daily
solar radiation values of the NWmodel for the training data are given in Fig. 5.38a as
a scatter plot and the corresponding values as line diagram is shown in Fig. 5.38b.
The Fig. 5.39a, b is showing the scatter plot and line diagrams of NW model when
applied to the validation data. With all the models, the daily solar radiation pre-
diction is underestimated for both training and validation phases as indicated by the
MBE values in Table 5.2.

Fig. 5.37 The decomposed wavelet sub-time series components and approximation series of daily
records from the Brue catchment. a original daily horizontal extraterrestrial radiation data,
b original daily mean air temperature data, c original minimum daily air temperature data,
c original maximum daily air temperature data, d original daily precipitation data, e original daily
wind velocity data
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The performance efficiency of the NW model is 5.05 % higher than that of the
ANFIS model for the training data and the corresponding value for the validation
data is 26.6 % higher. Compared with theW-SVMmodel, the efficiency values of the
NW model are 9.44 % and 24.05 % higher for the training and validation data
respectively. The efficiency of W-ANFIS observed less than that of ANFIS model.
One justification for this higher performance could be the over estimation of ANFIS
and the positive bias of ANFIS with a numerical value of 0.0003 W/m2. The sta-
tistical indices have shown that the use of wavelet decomposition made an adverse
effect on ANFIS model. MAPE values of NW are found to be 0.115 W/m2 and
0.070 W/m2 during the training phase and validation phase respectively; the corre-
sponding values for both the W-SVM and W-ANFIS models are found to be higher
for both the validation and training phase with values 0.215, 0.189, 0.104 and
0.106W/m2 respectively. In terms ofMBE and Sd

2, the performance of the NWmodel
outperforms all other tested models in both the training and validation phases. The
observed and estimated daily solar radiation values ofW-SVMmodel for the training
data are given in Fig. 5.40a in form of a scatter plot and corresponding values in the
form of the line plot are given in Fig. 5.40b for better understanding. The observed
and estimated daily solar radiation values of W-SVM model for the validation data
are given in Fig. 5.41a, b in form of a scatter plot and line diagram. The RMSE value

Fig. 5.38 Solar radiation as observed and estimated using the NW model for the training data set.
a scatter plot, b line diagram

Fig. 5.39 Solar radiation as observed and estimated using the NW model for the validation data
set. a scatter plot, b line diagram
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in validation phase obtained by W-SVM model is 16.02 W/m2 (12.53); which is
higher than that of the traditional SVMmodel with ε-SVR and linear kernel function.
The performance efficiency of W-SVM model in the solar radiation modelling is
2.05 % lower than that of W-ANFIS model for the training data and the corre-
sponding value for validation data is 7.13 % lower.

The observed and estimated daily solar radiation values of W-ANFIS model for
the training data are given in Fig. 5.42a in form of a scatter plot and corresponding

Fig. 5.40 Solar radiation as observed and estimated using the W-SVM model for the training data
set. a scatter plot, b line diagram

Fig. 5.41 Solar radiation as observed and estimated using the W-SVM model for the validation
data set. a scatter plot, b line diagram

Fig. 5.42 Solar radiation as observed and estimated using the W-ANFIS model for the training
data set. a scatter plot, b line diagram
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values in the form of the line plot are given in Fig. 5.42b. The corresponding figures
of W-ANFIS during the validation phase are give in Fig. 5.43a, b.

5.5 Model Selection in Daily Solar Radiation Estimation
in Terms of Overall Model Utility

In this section we have used many data based models ranging from ANN to the very
complex structured wavelet based support vector machines (W-SVM). One of the
growing concerns in the different realms of modelling is whether a more complex
model gives better performance. But the term complexity is very intrinsic to the
parameters and computational processes involved in the modeling system. It is rather
difficult to measure or express as a numerical value. In this chapter we follow the
hypothesis that more complex models simulate the processes in better way but with
high variability in sensitivity and relatively less error. Another hypothesis is the
complexity of the data based models could be connected to the training time required
to achieve a particular desired accuracy. We have used a simple index of utility,
defined in the Chap. 2 which evaluates the performance of models and classifies the
models in terms of model complexity (we used training time as the indicator of
complexity) model sensitivity (output response to changes in training input) and
model error (closeness of simulation to measurement). Figure 5.44 shows the vari-
ation of error (RMSE) with the model complexity for the Case Study: Solar Radiation
modelling. The RMSE decreases with increasing complexity as expected, but the
variation is not showing a perfect trend. However, the more complex W-SVM and
W-SVMmodels have relatively less erroneous prediction with very high complexity
values. Both the models took huge amount of time for training to achieve a desirable
accuracy. The complexity of NW is observed relatively less compared to other two
wavelet based hybrid models. The better prediction in terms of root mean square error
(combining validation and training) both training and is exhibited by the NWmodel,
followed by ANFIS, W-SVM, LLR and ANN-LM models. Even though, the
hypothetical relation between complexity and error is not a perfect straight line, we
observed a decreasing linear relation with R2 value of 0.1305.

Fig. 5.43 Solar radiation as observed and estimated using the W-ANFIS model for the validation
data set. a scatter plot, b line diagram
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The sensitivity of the model with change in inputs used for training is assessed
varying the inputs in the range of −30 % to +30 %. The change in output with
percentage changes in different inputs is averaged and plotted as in Fig. 5.45. The
slope of the sensitivity lines corresponding to each model in the Fig. 5.45 was taken
as the measure of the sensitivity of the model. The overall model utility index
Overall Model Utility indexcan be calculated once the error and sensitivity values
are available. Figure 5.46 shows the variation of the sensitivity of the models with
the complexity. The sensitivity-complexity hypothesis is as the complexity of the
model increases the sensitivity increases. It has found that the sensitivity increases
with complexity linearly with R2 value of 0.2874. One can note from Fig. 5.46 that,
the sensitivity of the SVM model is very high and comparable to that of W-SVM,
even though the modelling time and thus complexity are observed less. The highest
value of sensitivity in solar radiation modelling is observed with W-SVM model
when we used the daily data from the Brue catchment, followed by models like
SVM, W-ANFIS, LLR, ANN-LM and AW model.

Based on the information the modeller can tabulate the overall model utility in
terms of complexity, error and sensitivity. Table 5.3 shows different models used in
daily solar radiation modelling and their overall utility indices. The sensitivity and
errors are expressed in relative fraction of the highest values. The valve of the

Fig. 5.44 Complexity versus
combined error—case study:
solar radiation modelling

Fig. 5.45 Sensitivity curves
for different data based
models in solar radiation
modelling
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overall model utility index Overall Model Utility index (U) varies between 0 and 1.
If the value of U is larger which means that model is useful to make reliable
predictions in solar radiation modelling. The pictorial output of the variation of
utility index value for different models is shown in Fig. 5.47.

It has observed that the utility value is high for relatively complex NW model
and followed by ANFIS, W-ANFIS, LLR, W-SVM and SVM model. It is inter-
esting to note that the ANFIS model has better utility than the hybrid form
W-ANFIS. It has been found that in the case of ANFIS, the wavelet incorporation
didn’t provide the expected gain. The conjunction of DWT and ANN is found very
useful as observed in the higher overall model utility (U) value. The complex model
W-SVM couldn’t produce a higher prediction results with minimal variability.
Because of the higher sensitivity to changing inputs, the SVM and W-SVM models
exhibited relatively low utility value. Relatively less complex LLR model produced
reasonable results and the utility value of LLR models were higher than that of the
SVM, W-SVM and LM algorithm based ANN model (ANN-LM).

Fig. 5.46 Sensitivity versus
complexity—case study: solar
radiation modelling

Table 5.3 Different models and their attributes which decides overall model utility in solar
radiation modelling

Models Complexity
(function of
training
time)

Sensitivity
(slop of the
sensitivity
curve)

RMSE
(W/m2)

RMSE
(relative
fraction of
higher
value)

Sensitivity
(relative
fraction of
higher
value)

Utility
(U)

NW 109 1.5236 9.88 0.32813 0.167245 0.739577

SVM 48 8.911 17.165 0.570076 0.978156 0.199445

ANN-
LM

66 1.6295 30.11 1 0.178869 0.281671

ANFIS 150 1.904 14.835 0.492693 0.209001 0.621564

W-
ANFIS

603 4.9825 15.345 0.509631 0.546926 0.471392

W-
SVM

706 9.11 15.31 0.508469 1 0.206734

LLR 35 1.8049 24.83 0.824643 0.198123 0.400296
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5.6 Discussions and Conclusions

Due to success of the GT in selection required data sets for modelling and their data
length, the study has applied the GT to daily data from the Brue catchment. This
application lead to a new approach to estimate daily solar radiation from meteoro-
logical data sets with the Gamma Test in combination with nonlinear modelling
techniques. The study successfully demonstrated the informative capability of the
Gamma Test in the selection of relevant variables in the construction of non-linear
models for daily (global) irradiation estimations. The study has used six variables for
estimating the daily solar radiation (four highly relevant inputs like daily extrater-
restrial radiation, daily mean air temperature; daily maximum air temperature and
daily precipitation; two relatively less significant inputs like daily minimum air
temperature and daily wind velocity). The quantity of data required to construct a
reliable model was determined using the M-Test, which has identified M = 770 as the
sufficient data scenario. Abrahart and See [3] have argued the need to have consistent
measures of merit and trust in hydrological modelling requires. The study has
identified that proper controlled experiments are inevitable for more authenticity and
before acceptance of any model. Good examples of such controlled experiments
could find in hydrological modelling [4] and for sediment transfer in [5].

To check the reliability of GT modelling, the study has performed extensive
modelling experiments with LLR andANN on all input combinations. Themodelling
with LLR has shown that the modelling results from input combinations like
[110101] than [111111] are comparable with better numerical values associated with
[110101] model. But the ANN modelled results were perfectly matched with that of
GT finding associating better statistics with the ANN model. The mismatch in the
finding with different models shows the importance of controlled experiments as that
mentioned in [3]. The explicit method of testing [3] for the presence of non-linear
relationships in each input combinations gave different results for simpler model
(LLR didn’t match with GT results) and complex model (ANN matched with GT
finding) in this case study. This contradiction strengthens the question raised by [3].
The question of which tool would be more appropriate in a practical issue that equates
to picking the “right tool for the right job”. However, the case study identified the GT
methodology is more reliable and less time consuming than trial and error, has an

Fig. 5.47 Overall Model
utility—case study: solar
radiation modelling
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inherent ability to escape local minima. Its capabilities in eliminating unnecessary
input vectors are evident from the comprehensive modelling even though the success
is application/model-specific. In general the GT methodology’s effectiveness and
rapidness should be acknowledged which are well ahead with other many approaches
to structural optimisation (e.g.: pruning) calibration data length selection (e.g.: data
splitting) and input selection (e.g.: cross correlation).

The study has demonstrated the use of nonlinear modelling methods like the LLR
and ANNs with BFGS neural network training algorithm, Levenberg–Marquardt
algorithm and conjugate gradient training algorithms in conjunction with GT. Both
radial BFGS neural network training algorithm and Conjugate Gradient training
algorithms networks performed reasonably well in modelling the validation data but
both failed to reach the highest possible values compared to that of Levenberg–
Marquardt algorithm based ANN model. Among them, the Conjugate Gradient
training algorithms is superior because of its better performance than radial BFGS
algorithm. In the meantime, the LLR technique was able to provide more reliable
estimations compared with the ANN models. It would be interesting to explore this
further in other catchments to confirm if similar results could be repeated. In model
input section regards, the Gamma Test presented in this study would have a huge
potential to help hydrologists in solving many uncertainty issues in hydrological
modelling process.

This case study has also introduced the use different hybrid models like wavelet
neural networks (NW), wavelet support vector machines (W-SVM) and wavelet
neuro fuzzy models (W-ANFIS) for nonlinear function approximation and mod-
elling in conjunction with GT. The study has performed the training method
through Levenberg–Marquardt algorithm implemented in a back propagation
scheme in the case of NW model. Though, the model is a bit complex, overall
training procedure appeared simple for NW model and the results were reliable.
This study has identified that a combination of linear kernel with ε-SVR (with cost
value of 10 and slack value of 1) is the best SVM architecture for daily solar
radiation modeling for the Brue catchment. The same structure was used for
W-SVM with decomposed sub series of the above mentioned six data series as
inputs. The modeling performance of these hybrid models were compared with that
of basic structures like ANN-LM, ANFIS and SVMs. The conventional way of
wavelet based modeling uses the summed decomposed subseries with higher cor-
relation coefficient with original and desired data series to be modeled. The study
suggests decomposing the data series into three resolution levels and to use first
three details and third approximation series for modeling as mathematically it can
reproduce the original data. The wavelet incorporation for modeling has been
observed as very useful in conjunction with ANN and SVMs but a slight degrade is
observed in the case of W-ANFIS. It has observed that data properties and sudden
change (could be noise or effect of natural phenomenon) in trend of data can be
observed from the wavelet components at different scales than the original signal
and predictions are more accurate compared with those obtained directly from the
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original signals. The comparative case study of this kind is very first in the
hydrological modelling literature and the results show that the wavelet hybrid
models are a useful tool in solving a specific problem in solar radiation modelling.

The study has used the GT approach to evaluate the best and effective wavelet
subseries for modelling through extensive modelling. The evaluation has show that
the WinGamma package failed in some cases of combination of unscaled inputs.
The GT evaluation results were compared with cross-correlation, static values in
“no input scenario” and extensive modelling with LLR and ANN model. The
positive results have confirmed the effectiveness of GT in identifying the best
subseries. However, the comprehensive controlled experiments helped to reveal
some pitfalls of Gamma Test. In some cases the modelled overall MSE values were
better (smaller) than that of the Gamma static value. This finding was contradicting
with the claimed feature of GT to give the best possible MSE for an unseen data
with any smooth model. The analysis has shown that the model performance could
be better than that of GT and which purely depends on how the modellers tuning
the model for a particular case study and data set. Another negative point associated
with GT revealed from the comprehensive modelling is associated with suggestion
of best input combination in terms of least value of gamma static. It has observed
that the best input combination is not giving least modelled error in comparison to
other modelling scenarios, when performing controlled experiments [2]. But the
error values of GT suggested model inputs are comparable to that of best modelled
input structure. Another interesting point observed is that comprehensive modelling
with LLR and ANN models identifies different input structures as the best com-
bination for same training data length. However, the overall performance shows
that GT approach has a scientific rigor (because of good comparison results with
entropy, BIC, AIC and traditional approach) even in above pitfalls identified
through controlled experiments.
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Chapter 6
Data Based Rainfall-Runoff Modelling

Abstract This chapter explores the data selection and modelling approaches in the
context of Rainfall-Runoff modelling. The main goals of the chapter are (i) to
present the data driven models and data driven models in conjunction with data
selection modelling approaches like the Gamma Test, Entropy Theory, AIC and
BIC using daily information from the Brue catchment. (ii) to explore the effect of
data frequency (data interval for modelling) on data based real time flood fore-
casting using different data sets. (iii) to perform a detailed investigation of hybrid
wavelet based intelligent models in the context of runoff prediction. (iv) to make
comparative investigation of the model performance of ANNs, ANFISs, SVMs,
W-ANN, W-ANFIS and W-SVMs. The last section of the chapter suggests a simple
procedure to estimate the utility of different models considering different attributes
like uncertainty (in terms of model sensitivity and error) and complexity (in terms
of modelling time) and applied to rainfall runoff modelling.

6.1 Introduction

Rainfall-runoff dynamics is a complex phenomenon due to its nonlinear and mul-
tidimensional interactions in the hydrological system. From the late 1990s many
research have extensively applied neural networks in rainfall and runoff modelling
[1, 7, 20]. The merits and demerits of artificial neural networks (ANN) are clearly
discussed and reviewed in the ASCE task committee on application of ANNs in
hydrology [2, 3]. Many studies have discussed resemblances and disparities
between ANN and other statistical models [6] in rainfall runoff simulations. Even
though ANNs are considered as ‘black-box’ models, a study by Wilby et al. [24]
showed that specific architectural features of ANNs can be interpreted with respect
to the quasi-physical dynamics of a parsimonious conceptual rainfall-runoff model.
In the early twenty first century, different types of ANNs are applied in the field of
hydrology. Maier et al. [13] provided a good review of neural network models used
since the year 2000. Models such as Adaptive Network-based Fuzzy Inference
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Systems (ANFIS), Auto-Regressive Moving Average with Exogenous Inputs
(ARMAX), Support vector machines (SVM) are other system theoretic approaches
widely applied to map relation between rainfall and runoff [16, 23, 25]. Nourani
et al. [17] surveyed different wavelet based hybrid artificial models in hydrology.

However some unsolved questions in data driven models including ANNs are (i)
what architecture (hidden layer nodes) (ii) what input vector and (iii) what training
length of input vector should be used in the modelling process to obtain accurate
modelling results. Some empirical or analytical approaches could be used externally
in data based models to determine the above mentioned issues related to the
structure of the model. Sudheer et al. [21] applied a standard algorithm for training
to determine the inputs for multivariate ANN models employing data from a river
basin in India. Similarly Maier and Dandy [12] applied Haugh and Box and a new
neural network-based approach can be used to identify the inputs. The aim of this
chapter is to outline several input selection procedures based on pre-processing of
the input space. Kourentzes [10] highlighted that there is not a rigorous empirical
evaluation of input selection methodologies in data bases (especially ANNs) in the
field of forecasting. May et al. [14] suggests that ANNs are often developed without
due consideration on the effect of input choices in modelling and reviewed algo-
rithms based input selection tasks. May et al. [15] introduced an input variable
selection algorithm, based on estimation of partial mutual information for ANN
modelling.

There is a general misconception that data based models, especially ANNs, have
high flexibility and ability to handle redundancy in any modelling situation;
whereas these scenarios may affect the modelling capabilities (e.g. overfitting,
modelling time, calibration process and accuracy) considerably. In this chapter, we
use statistical data learning approaches like Gamma Test, Entropy theory, AIC and
BIC externally to avoid modelling issues such as model complexity, learning dif-
ficulties. This chapter employs models like ANNs, ANFISs, SVMs, wavelet based
W-ANN, W-ANFIS and W-SVMs to map rainfall runoff dynamics in a catchment.
The study is illustrated in Beas basin meteorological data sets and subsequently
different data driven models are applied to the data sets.

6.2 Study Area: Brue Catchment

In this chapter we have used a 7-year time series of 15-min rainfall from the average
of rain gauge network in the Brue catchment. The 15 min precipitation data is
aggregated to other data frequencies including daily data for data based modelling.
The 7 year monthly average precipitation and runoff measured at Brue catchment is
shown in the Fig. 6.1. The time series showing variations in daily rainfall and runoff
for 1994–2000 periods is shown in the Fig. 6.2.
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6.3 Statistical Indices for Comparison

The performances of the developed data based models and the basic benchmark
models in this chapter were compared using various standard statistical perfor-
mance evaluation criteria. The statistical measures considered include the correla-
tion coefficient (CORR), mean absolute percentage error (MAPE), Efficiency (E),
root mean squared error (RMSE), Mean bias error (MBE) and Variance of the
distribution of differences with MBE (S2d). These statistical terms can be defined as
follows:

Correlation Coefficient; CORR ¼
PN

i¼1 ðQm � �QmÞ:ðQo � �QoÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1 ðQm � �QmÞ2:ðQo � �QoÞ2

q ð6:1Þ

Fig. 6.1 Monthly variations in rainfall and precipitation data in Brue catchment

Fig. 6.2 Daily variations of precipitation and rainfall used for modelling in the Brue catchment for
1994–2000 periods
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Mean Absolute Percentage Error; MAPE ¼ 1
N

XN

i¼1

ðQm � QoÞ
Qo

����
����� 100 ð6:2Þ

Efficiency; E ¼ E1 � E2

E1
ð6:3Þ

where

E1 ¼
XN

i¼1
ðQo � �QoÞ2 ð6:4Þ

and

E2 ¼
XN

i¼1
ðQ0 � QmÞ2 ð6:5Þ

Root Mean Squared Error; RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i¼1
ðQm � QoÞ2

r
ð6:6Þ

Mean bias error; MBE ¼
Pn

i¼1 ðQo � QmÞ
N

ð6:7Þ

Variance of the distribution of differences S2d which expresses the variability of
(Qo–Qm) distribution about MBE

S2d ¼
Pn

i¼1 ðQo � Qm �MBEÞ2
N � 1

ð6:8Þ

where, Qm is the modelled or estimated runoff by a data based model, Qo is the
observation runoff �Qm is the average of the estimated runoff, �Qo is the average of
the observed runoff and N is the number of observations.

6.4 Data Selection Approaches in Data Based Rainfall-
Runoff Modelling

The data selection models like GT, Entropy Theory, BIC and AIC were applied
here in the context of rainfall- runoff modelling. In this chapter analysis is per-
formed mostly on the daily information from the Brue catchment.
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6.4.1 Gamma Test for Data Length Selection and Input
Identification

6.4.1.1 Gamma Test with Daily Data

The Gamma Test analysis can provide vital information which would help in
rainfall runoff modelling. There are 2n−1 possible combinations of inputs from
which the best one can be determined by the gamma statistic values. Major com-
binations of inputs evaluated in this study are shown in Fig. 6.3. The least Gamma
value was observed when we used the input data combination equivalent to [4, 4]
combination i.e. four antecedent runoff and four antecedent rainfall information as
inputs. However, the M-test analysis results showed high complexity and low
predictability for [4, 4], because of relatively high values of Gradient (A) and Vratio.
The next best value of the Gamma Statistic (Г), gradient (A) and V-ratio were
observed when we used the three steps antecedent runoff values (Q(t − 1),Q(t − 2),
Q(t − 3)), one step antecedent rainfall (P(t − 1)) and current rainfall information
(P(t)). The quantity of the available input data to predict the desirable output was
analysed, using the M-test. The Gamma statistic (Г) and Standard Error (SE) var-
iation with unique data points obtained from M-Test analysis and is shown in
Fig. 6.4. The test produced an asymptotic convergence of the Gamma statistic to a
value of 0.0192 at around 1,056 data points (i.e. M = 1,056). The SE corresponding
to M = 1,056 is relatively small as *0.0073 [19].

The embedding 11101010 model (five input and one output set of I/O pairs) was
identified as the best structure for the daily rainfall runoff data from the Brue
catchment because of the following reasons viz. its low noise level (Г value), the

Fig. 6.3 The gamma test results on the daily rainfall-runoff data of Brue catchment for different
input combinations. Note Combination 1 denotes [1, 1]*, Combination 2 denotes [2, 2],
Combination 3 denotes [3, 3], Combination 4 denotes [2, 1], Combination 5 denotes [3, 2],
Combination 6 denotes [2, 3] and combination 7 denotes [4, 4] [a, b]* where, a denotes the number
of antecedent runoff data sets used for M Test and b denotes the corresponding b − 1 number of
antecedent rainfall data and present rainfall information
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rapid fall off of the M-test SE graph, relatively low V-ratio value (indicating the
existence of a reasonably accurate and smooth model), the regression line fit with
slope A = 0.04139 (low enough as a simple non-linear model with less complexity)
and good fit with SE 0.01009. These values altogether give a good indication that it
is quite adequate to construct a nonlinear predictive model using around 1,056 data
points and remaining data out of total 2,240 data points were used as the validation
data set for modelling.

6.4.1.2 Gamma Test with Other Data Intervals

Brue catchment observations from 1994 to 1995 were used for the study to analyse
the working GT with different data frequencies. The Gamma Test analysis was
performed for different data sets with the data collection frequencies of 15, 30, 60
and 120 min. The different combination of inputs evaluated in this study is shown
in Fig. 6.5. The least Gamma value was observed when we used the input data
combination equivalent to [4, 4] for 15 min data set (high frequency data), i.e. four
antecedent runoff and four antecedent rainfall as model input. The network input
include information Q (t), Q (t − 1), Q (t − 2), Q (t − 3), P(t), P(t − 1), P(t − 2) and
P(t − 3) for multi-step—ahead forecasting when we used 15 min data. The Gamma
statistic (Г) and Standard Error (SE) variation with unique data points of 15 min
data, obtained from the M-Test analysis are shown in Fig. 6.5. The test produced an
asymptotic convergence of the Gamma statistic to a value of 0.00273 at around
16,004 data points (i.e. M = 16,004). The standard error (SE) corresponding to
M = 16,004 was relatively small at *0.00041 [18]. As a result, M = 16,004 could
be used effectively to construct a reliable model, and we used 16,004 data points for
the training. Similarly, the Gamma Test based analysis has identified [2, 2], [3, 3]
and [4, 3] input combinations as the best ones with the least gamma statistic value
for the data sets with time intervals of 30, 60 and 120 min. The M- Test details can
be found in Fig. 6.5.

Fig. 6.4 The variation of gamma static and standard error with unique daily data points
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6.4.2 Entropy Theory for Data Length Selection and Input
Identification

The study applied the Entropy theory to see the influence and effect of inputs on the
modelling through attributes like transinformation, marginal entropy, joint entropy
and conditional entropy. The analysis was performed on the daily rainfall runoff
data from the Brue catchment. The Table 6.1 shows different scenarios and possible
information derived from each time series of consideration in the rainfall runoff
modelling. The analysis results shows that the transinformation value is high when
we used (t − 1) step of runoff information (Q(t − 1)) alone compared to other data
series when considered separately. It indicates that in the rainfall-runoff modelling
studies, the (t − 1) data of runoff have a predominant position in model making. The
second highest value of transinformation was for the present value of rainfall
information P(t), followed by (t − 2) step of runoff information (Q(t − 1)), (t − 3)
step of runoff information (Q(t − 3)), and (t − 4) step of runoff information
(Q (t − 4). These results match with the finding of GT analysis for the daily
analysis. GT analysis identified three steps antecedent runoff values (Q(t − 1),
Q(t − 2), Q(t − 3)), one step antecedent rainfall (P(t − 1)) and current rainfall
information (P(t)). The transinformation values were less for (t − 2) and (t − 3) step
of rainfall information.

Entropy Theory was applied to the daily rainfall runoff data to ascertain how
many data points are needed to sufficiently calibrate the correct model from the
available data. The variation of transinformation with increase in data points used

Fig. 6.5 The gamma test results on the rainfall-runoff data of the Brue catchment for different data
frequencies. Note 15 min modelling input space is [4, 4]* [Q(t)…Q(t − 3) and P(t)… P(t − 3)] with
65,524 data points, 30 min modelling input space is [2, 2]* [Q(t), Q(t − 1), P(t) and P(t − 1)],)]
with 35,031 data points, 60 min modelling input space is [3, 3]* [Q(t)…Q(t − 2) and P(t)…
P(t − 2)] with 17,515 data points and 60 min modelling input space is [4, 3]* [Q(t)…Q(t − 3) and
P(t)… P(t − 2)] with 8,756 data points. Where [a, b] denotes the number of antecedent runoff data
sets used for the M Test and b denotes the corresponding number of antecedent rainfall data
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for modelling is shown in the Fig. 6.6. The test has shown that a maximum
transinformation to a value 0.869 is at around 1,040 data points. At the same time
the GT identified that 1,056 data points are sufficient for making a reliable model.
The variation of different attributes like marginal entropy conditional entropy and
joint entropy variation with the number of data is shown in Fig. 6.7. The figure
shows that the higher value information is associated with joint entropy followed by
marginal and conditional entropy values. All three curves in Fig. 6.7 show the same
trend throughout the data points.

Table 6.1 Entropyanalysis results on the daily rainfall runoff data from the Brue catchment

Scenario Mask Joint
entropy

Marginal
entropy

Transinformation Conditional
entropy

1 10000000 7.1891 3.9742 0.2489 3.4638

2 01000000 7.3091 3.9741 0.1289 3.4639

3 00100000 6.4596 3.4639 0.4682 3.4639

4 00010000 7.3806 3.9741 0.0574 3.4639

5 00001000 6.7028 3.4638 0.2249 3.4639

6 00000100 7.3981 3.9738 0.0395 3.4638

7 00000010 6.7585 3.4639 0.1692 3.4638

8 00000001 6.7905 3.4638 0.1372 3.4639

Note Mask indicates different combinations of the input effects (inclusion and exclusion indicated
by 1 or 0 in the mask). From left to right The Present value of rainfall information P(t), (t − 1) step
of rainfall information (P(t − 1)), (t − 1) step of runoff information (Q(t − 1)), (t − 2) step of
rainfall information (P(t − 2)), (t − 2) step of runoff information (Q(t − 1)), (t − 3) step of rainfall
information (P(t − 3)), (t − 3) step of runoff information (Q(t − 3)), (t − 4) step of runoff
information (Q(t − 4))

Fig. 6.6 Variation of transinformation with unique data points in daily rainfall runoff modelling
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Entropy Theory (ET) was also used to identify the best embedded input com-
bination for rainfall-runoff records with different sampling intervals from the Brue
catchment. The combination with higher entropy information (potentially better
predictability) was identified for different data intervals of 15, 30, 60 and 120 min.
The variation of entropy information with different major input combinations is
shown in Fig. 6.8. It can be found that the 15 min data is the best for the modelling
and also we can observe that the entropy information for 30 min data is close to that
of the 15 min data for most of the combinations. The entropy theory identifies the

Fig. 6.7 Variation of different entropy values in daily rainfall runoff modelling Rainfall runoff
modelling

Fig. 6.8 Entropy information variation corresponding to major input combinations for different
data intervals [18]
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best combination for different data time intervals (15, 30, 60 and 120 min) as [4, 4],
[3, 3], [4, 4] and [4, 4] while the corresponding findings by the Gamma Test are
[4, 4], [2, 2], [3, 3] [4, 3]. Although there are differences in the identified combi-
nations, it is interesting to note that both techniques found the smallest number of
input vectors for 30 min data sets. The variation of the Gamma Static value for
different input combinations is shown in Fig. 6.9. This figure illustrates that 30 min
data is the best for modelling as the Gamma static value is the smallest compare
with other data sets. However, for further modelling, we have used the Gamma Test
results [4, 4], [2, 2], [3, 3] [4, 3] combinations because of the less input vectors
compared with the entropy theory’s results.

6.4.3 Data Length Selection and Input Identification
with Traditional Approaches

To check the authenticity of above results obtained from GT and entropy theory, we
performed a cross-correlation analysis (between the target runoff data set Q(t), and
different lag time series of precipitation and runoff data (viz Q(t − 1), Q(t − 2),
Q(t − 3), Q(t − 4), P(t − 1),P(t − 2), P(t − 3) and P(t − 4)) [11]. The analysis results
are shown in Fig. 6.10. In the Figure, the cross-correlations are higher for the runoff
information up to a time lag of 3 days, whereas, for the precipitation, the infor-
mation cross-correlation is much smaller—just after a time lag of 1 day. It indicates
that the runoff time series with a higher time lag than 3 days and precipitation time
series after a time lag of 1 day, would not possess any significant effect on the target
runoff data, Q(t), as the cross correlation values are close to zero. These cross
correlation results are matched with the results obtained from the Gamma test.
However, it should be pointed out that there are two caveats with this procedure.

Fig. 6.9 Variation of gamma value corresponding to different input combinations for different
data intervals
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First cross correlation is suited in linear systems and rainfall runoff process is
nonlinear and the result from cross correlation may not always match the Gamma
Test. Secondly the cut off points based cross correlation is more subjective than the
Gamma Test and Entropy Theory.

To verify the reliability of the above results in GT and Entropy Theory in
identifying the suited number of data points in model construction, a data parti-
tioning approach was adopted [22]. Different scenarios of data partitioning into
training and testing periods were tried in order to discover the optimal length of
training data required for modelling without overfitting during training. Overfitting
occurs because of a large number of parameters and training data length, which lead
to a precise fit memorising the set of training data and thereby loose generalization
and poor validation results. Figure 6.11 shows different partitioning scenarios and
the related CORR and RMSE values for each scenario during training and vali-
dation using an ANN model. As per Fig. 6.11, the best RMSE is obtained for

Fig. 6.10 Cross-correlations of Q(t) with different time lags of precipitation (P(t-i)) and runoff
data (Q(t-i))

Fig. 6.11 Different data partitioning scenarios into training and testing periods and their
modelling results
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training data length of with a value of 0.429 m3/s where 1,500 data points were used
in the training. With the training results alone, one can observe that employing data
points around 750 points in the training period would results in satisfactory runoff
prediction with higher CORR values.

Detailed analysis shows that reduction in statistical term values (higher RMSE
and low value of CORR) in the validation phase after the scenario 5 (i.e. 1,100
training data length), which is an indication of overfitting with better statistical
values during training and poor values in the validation phase. As stated above,
according to Fig. 6.11, the optimum value of training data length is in the
1,000–1,100 range, whereas the Gamma Test identified the optimum length of the
training data as 1,056 and entropy theory identified 1,040 data points. The data
partitioning approach can give a rough idea of the optimum data length while the
GT and Entropy Theory can provide more accurate estimate of the optimum data
length in this case study. Thus this chapter emphasizes the importance of identi-
fying suitable training data length for data based modelling.

6.4.4 Model Data Selection Using AIC and BIC for Daily
Rainfall Runoff Modelling

This section used two popular information criterion (AIC and BIC) to see the
influence of data series on the modelling using an LLR model training results
applied to the daily rainfall runoff data at the Brue catchment. For this purpose the
model has been trained with 1,056 data points (as GT suggested) using each input at
a time as shown in Table 6.2. The data series which gives the least value of
information criterion is considered as the most influencing data series. The study
results perfectly match with what we found in the case of GT and entropy theory.

Table 6.2 Variation of AIC and BIC with different daily runoff and rainfall data series

Scenario Mask AIC BIC

1 10000000 10672.6 4333.957

2 01000000 10967.23 4628.584

3 00100000 9894.478 3555.831

4 00010000 11149.65 4811.007

5 00001000 10505.76 4167.115

6 00000100 11214.96 4876.311

7 00000010 10630.34 4291.694

8 00000001 10765.37 4426.723

Note Mask indicates different combinations of the input effects (inclusion and exclusion indicated
by 1 or 0 in the mask). From left to right The Present value of rainfall information P(t), (t − 1) step
of rainfall information (P(t − 1)), (t − 1) step of runoff information (Q(t − 1)), (t − 2) step of
rainfall information (P(t − 2)), (t − 2) step of runoff information (Q(t − 1)), (t − 3) step of rainfall
information (P(t − 3)), (t − 3) step of runoff information (Q(t − 3)), (t − 4) step of runoff
information (Q(t − 4))
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The AIC and BIC values have shown that (t − 1) step of runoff information
(Q(t − 1)) is the most influencing data series followed by other data series like
Q(t − 2), Q(t − 3), P(t − 1), Q(t − 4), P(t − 2) and P(t − 3). Even though this study
uses the only eight inputs for modelling, the positive results of the study highlights
its potential of application to a wide range of applications in the field of hydrology.

To study the variation of AIC and BIC with an increase in training data points, we
have performed several LLR model constructions with different training data lengths
(training data points 250, 500, 750, 1,000, 1,100, 1,250, 1,500, 1,750 and 2,000),
including all available input data series (i.e. four antecedent rainfall data series and
four antecedent runoff data series). The analysis results of variation of AIC and BIC
with training data lengths are given in Table 6.3. The corresponding variation is
pictorially represented in Fig. 6.12. It shows that there a dip in the criterion
values (both AIC and BIC) when we used 1,000 data points for the training.

Table 6.3 Variation of information criterions AIC and BIC with changes in training data length

Scenarios Training data length AIC BIC

Case 1 250 17182.14 10843.5

Case 2 500 15219.36 8880.709

Case 3 750 13661.33 7322.688

Case 4 1000 12574.73 6236.081

Case 5 1100 12878.32 6539.673

Case 6 1250 13594.4 7255.757

Case 7 1500 15422 9083.357

Case 8 1750 11420.54 5081.889

Case 9 2000 13488.32 7149.678

Fig. 6.12 Variation of AIC and BIC with unique daily rainfall runoff data series
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The corresponding recommendations by GT and entropy theory were 1,056 and
1,040 data points. However the AIC and BIC values were minimum when we used
1,750 data points with AIC and BIC values of 11420.54 and 5081.889 respectively.
Figure 6.12 shows that there is more than one local minimum in the curve and GT
and entropy results are close to the first depression in the figure. The AIC and BIC
analysis did not perfectly matching with previous findings of GT. Entropy Theory
and traditional approaches. This mismatching result indicates the need for further
exploration on data selection approaches.

6.5 Data Based Rainfall: Runoff Modelling

In previous sections we have adopted many novel data selection approaches to
identify the most influencing data series and sufficient data length for a reliable
smooth model. In this section we perform further data based modelling concen-
trating on the recommendations of the Gamma Test.

6.5.1 Modelling with ARX, ARMAX and ANN

The ARX and ARMAX models can be viewed as a simpler version of the ANN
model with a linear threshold function as the transfer function and no hidden layer.
In general, the modeller needs to identify the (unknown) number of past outputs,
inputs, and error terms (in case of ARMAX) to perform the modelling. The normal
procedure adopted is to make different models with different combination of past
inputs, outputs and error terms and, later, to evaluate the efficiency of such models
using some residual statistics like RMSE or information criteria like AIC, and BIC.
However, in this study we stick to the suggestions of GT (i.e. three antecedent
information of runoff and two antecedent information of rainfall). Later the GT
suggestion was verified by making different models with different combinations of
the inputs. In this section we show the results obtained from ARX (3, 2) and
ARMAX (3, 2, 2) in comparison with predictions made by three ANN models with
different training algorithm (Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm,
the Conjugate Gradient Algorithm and the Levenberg–Marquardt training algo-
rithm). The statistical performance of the identified models for the 1,056 training
data and remaining validation data are summarised in Table 6.4. The order selection
adopted for ARMAX model is shown in Fig. 6.13. The Y-axis in the figure shows
the unexplained output variance (in %) which is an indicator of model prediction
error for a specific number of parameters. It has identified from the figure that, after
the seventh parameter, there is little difference in the variance. However, the best fit
was observed when the total number of parameters was 20. The AIC criterion has
identified the best order as seven (na = 3 nb = 2 and nk = 2) for the ARMAX model.
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The set of co-efficient associated with the ARX and ARMAX models were esti-
mated using the least squares (LS) algorithm.

The RMSE statistic measures the residual variance and the optimal value is 0.0.
The ARMAX models tend to have the smallest RMSE during both calibration and
validation compared to the ANN models used. The RMSE value of the ARX model
was comparable to that of the best performed ANN model (Levenberg–Marquardt
Type). The Conjugate Gradient ANN models have the worst RMSE during cali-
bration and validation.

The correlation (CORR) statistic and slope measures the linear correlation
between the observed and simulated flows; the optimal value is 1.0. The CORR

Table 6.4 Performance analysis of ARX, ARMAX and different ANN models on daily rainfall-
runoff records from the Brue catchmentBrue catchment

Models
and algorithms

Training data(1056 data points) Validation data

RMSE
(m3/s
and
%)

R2 Slope MBE
(m3/s)

RMSE
(m3/s
and
%)

R2 Slope MBE
(m3/s)

ARX 1.19
(61.9)

0.85 0.86 −0.123 1.35
(57.9)

0.79 0.84 −0.201

ARMAX 0.89
(46.3)

0.89 0.90 −0.081 1.20
(51.5)

0.81 0.88 −0.115

ANN
(Conjugate
Gradient)

1.68
(87.5)

0.69 0.82 −0.029 2.18
(93.5)

0.63 0.83 −0.119

ANN
(BFGS)

1.33
(67.8)

0.83 0.88 −0.156 1.94
(80.1)

0.73 0.80 −0.302

ANN
(Levenberg–Marquardt)

1.18
(60.3)

0.84 0.89 1.4401E−05 1.43
(58.7)

0.76 0.87 −0.042

Fig. 6.13 The order selection for ARMAX model
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value is worse (smaller) during validation than during calibration for all of the
models, as is expected and was much smaller for conjugate type ANN. The AR-
MAX models outperform all ANN models as measured by these two statistics with
values of 0.89 and 0.90 respectively during training. Even though most of the
statistic values were better for ARMAX model, the MBE was found better in case
of ANN model with Levenberg–Marquardt algorithm. The scatter plots of different
ANN models in this study during training and validation are given in Figs. 6.14,
6.15, 6.16. The prediction results of ARMAX model during the training period are
given in the Fig. 6.17.

Fig. 6.14 Scatter plots of conjugate gradient ANN. a training, b validation

Fig. 6.15 Scatter plots of ANN-BFGS. a training, b validation

Fig. 6.16 Scatter plots of ANN-LM. a training, b validation
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6.5.2 Influence of Data Interval on Data Based Real Time
Flood Forecasting

This analysis was served by implementing a feed forward back propagation (FFBP)
ANN with multiple-layer perceptron (MLP) architecture (one input layer, one
hidden layer and one output layer). This topology has proved its ability in mod-
elling many real-world functional problems. The FFBP was adopted because it is
the most popular ANN training method in water resources literature. In this study,
the FFBPs were trained using the Levenberg–Marquardt (LM) optimization tech-
nique as we found it better than other training algorithms in our study area and data.
In this study, multi-input single-output (MISO) neural network architecture strategy
was adopted since it has been popularly used as a neural network architecture
strategy for multi-step-ahead forecasting [5]. We constructed three independent
networks to forecast yˆ (t + 2), yˆ (t + 4) and yˆ (t + 6), respectively. Even though
we require n networks for n-step-ahead forecasting, MISO networks were consid-
ered better than multi-input multi-output (MIMO) scheme, with reduced training
time and increased accuracy [8]. For a MISO network, the number of parameters
and weights between hidden and output layers is much less than that of MIMO thus
the complexity is less. The selection of hidden neurons is another tricky part in
ANN modelling as it relates to the complexity of the system. However, in this
study, the Hecht-Nielsen approach (twice the input layer dimension plus one) has
been adopted according to our past experience. Evaluation of the model’s predictive
abilities for different data time intervals was compared with statistical terms such as
the root-mean-square error (RMSE) between the observed and forecasted values,

Fig. 6.17 The modelling result of ARMAX model during training phase

6.5 Data Based Rainfall: Runoff Modelling 167



the coefficient of efficiency, MBE, Coefficient of correlation (R), slope and the
mean absolute error (MAE). For a reliable comparison, the same data points were
used for all the time intervals.

After the selection of the final ANN structure with the Gamma Test (GT),
modelling performance was evaluated with the statistical indices for the data col-
lected at different frequencies from the Brue catchment (i.e. 15, 30, 60 and 120 min
data) and 2- to 6-h lead time forecasts. The scatter plots of 2-h ahead, 4-h ahead and
6-h ahead forecasted versus observed discharges for the training data with a sam-
pling time interval of 30 min as shown in Fig. 6.18a–c. The hydrographs of 4-h
ahead forecasted data versus the observed values of discharges of training data with
30 min data are shown in Fig. 6.19a and the 6-h ahead forecasted hydrographs
shown in Fig. 6.19b. The values of the performance indices for the multi-step ahead
forecast are presented in Figs. 6.20, 6.21.

From figures one can note that the forecasted values have good correlations with
the observed values for the 30 min data even for the 6-h ahead forecast. We have
calculated the Nash coefficient of efficiency of the model. NSE is more than 93 %
during the calibration and validation periods for 30 min data set in all lead time
predictions. Our modelling study have shown that, the RMSE statistic values
indicate that 30 min data is better for modelling, followed by 60 min data.

From Fig. 6.21, we can note that the minimum value of RMSE for the 2-h ahead
forecast is observed corresponding to a 60 min time step during the training period
which means for low lead-time 60 min time step data are equally good as that of
30 min. Results proved our hypothesis that either too large or too small time
intervals are unfavourable for data based modelling. In this case study at Brue

Fig. 6.18 Scatter plots of observed and forecasted runoff at the study area during the training
period using data time interval of 30 min a 2 h forecast, b 4 h forecast and c 6 h forecast
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Fig. 6.19 Observed and multi step ahead forecasted runoff at the Brue catchment using data with
30 min sampling frequency a 4-h ahead forecast, b 6-h ahead forecast

Fig. 6.20 Variation of mean absolute percentage error in multi-step ahead forecasted runoff at the
Brue catchment using different sampling frequency data in both validation and training phase
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catchment or the Brue catchment, it has been found that a 30 min interval is the
optimal for rainfall runoff modelling and significance of data frequency is more
prominent in longer lead time modelling.

6.5.3 Data Driven Modelling with LLR, NNARX and ANFIS

The performances analysis of different models used in this case study are shown in
the Table 6.5 in terms indices like CORR, Slope, RMSE, MAPE, MBE, efficiency
and Variance of the distribution of differences about MBE, (S2d). The artificial
neural network with Levenberg-Marquardt training algorithm, used for this non-
linear modelling, consists of an input layer with five inputs equivalent to input
structure of [3, 2] with three antecedent values of daily discharge and two ante-
cedent values of daily precipitation. The inputs are Q(t − 1), Q(t − 2), Q(t − 3),
P(t − 1) and P(t)), which have been identified with the Gamma Test. LLR, NNARX
and ANFIS models are applied to the Brue catchment, using the Gamma Test
identified calibration and verification data sets. Even though we have used several
data selection approaches, gamma test is considered as the best method for input
training data length selection. In the Table the performance of state of the art
models was compared with the traditional in order naïve model (in which the
predicted runoff value is equal to the latest measured value) and a trend model (in
which the predicted runoff value is based on a linear extrapolation of the two
previous runoff values). Our study shows that the performance of the ANFIS model
is better than that of the NNARX model. The performance of the NNARX model is
5.45 % less than that of the ANFIS model in the training phase. In terms of RMSE,

Fig. 6.21 Variation of root mean square error values in multi-step ahead forecasted runoff at the
Brue catchment using different sampling frequency data in both validation and training phase
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the LLR out performed both NNARX and ANFIS models in both training and
validation phases. The observed and estimated runoff values of NNARX model for
the training data given in Fig. 6.22a in form of a scatter plot and the corresponding
values for the validation data is given Fig. 6.22b in a scatter plot. The similar plots
of ANFIS model are given in Fig. 6.23a, b. The table also included the variation of
evaluation criteria like MBE and Variance of the distribution of differences S2d about
MBE. These criteria can provide information on the robustness of the model.
Figure 6.24a shows the time series plot of observed and estimated runoff using the
LLR model for 1,056 data points and corresponding scatter plot of the observed and
predicted runoff values using the LLR model in the validation phase is shown in the
Fig. 6.24b. The CORR value produced by the LLR model during the training phase
is 0.92 and it is much larger than that of NNARX and ANFIS model. But the
ANFIS model in validation phase presented a larger CORR value than that of the
LLR model, which indicates weakness of the LLR model to reach peak values in
the validation phase.

Fig. 6.22 The observed versus the NNARX predicted daily runoff at the Brue catchment a the
training data set. b the validation data set

Fig. 6.23 The observed versus the ANFIS predicted daily runoff at the Brue catchment a the
training data set. b the validation data set
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6.5.4 Data Driven Rainfall-Runoff Modelling
with Neuro-Wavelet (NW) Model

For this purpose, a multi-layer feed-forward network type of artificial neural net-
work (ANN) and discrete wavelet transfer (DWT) model were combined together to
obtain a neuro-wavelet (NW) model. The discrete wavelet transfer model is func-
tioned through two sets of filters, namely high-pass and low-pass filters which
decompose the signal into two sets of series namely detailed coefficients (D) and
approximation (A) sub time series respectively. In the proposed NW model, these
decomposed sub series obtained from DWT on the original data directly were used
as inputs of the ANN model. The NW structure employed in the present study is
shown in Chap. 4. Antecedent rainfall and runoff information of the Brue catchment
was decomposed to three series of detailed coefficients (D) and three series of

Fig. 6.24 The observed versus the LLR predicted daily runoff at the Brue catchment a time series
plot of the training data set. b scatter plot of the validation data set
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approximation (A) sub time series. Kisi [9] constructed a new series by adding some
relevant D values and constructing an effective series and used that along with
approximation component as an input of ANN. This may lead to loss in information
associate with individual data series and a better way is splitting the original series
in low resolution level and use those data series directly as input of ANN. So, the
present value of runoff has been estimated using the three resolution levels of
antecedent runoff and rainfall information (i.e. runoff and rainfall time series of

2-day mode Dj
q1; D

i
p1

� �
, 4-day mode Dj

q2; D
i
p2

� �
, 8-day mode Dj

q3; D
i
p3

� �
and

approximate mode, where q denotes runoff, p denotes rainfall and i and j denotes
number of antecedent data sets of rainfall and runoff respectively). The GT is used
to identify the input structure (3 previous runoff information, one previous and
present rainfall information) used for the modelling. DWT is used to decompose the
input data into three wavelet decomposition levels (2–4–8). The three detailed
coefficient series and the first approximate series of the original data of runoff and
rainfall used in this study are presented in Fig. 6.25a, b. The neuro-wavelet model
performance indices are summarised in the Table 6.5.

The observed and estimated NW model values during the training and validation
phase is shown in the Fig. 26a, b in terms of scatter plots. The MBE values are quite
small in the case of the NW model in comparison to the LLR, NNARX and ANFIS
models. The model efficiency of the NW model is higher than most of the models
used in this comparative study (nearly 5 % higher than ANFIS and more than 10 %
higher in the case of the NNARX model). In terms of MBE and S2d , the performance
of the NW model outperforms all other tested models in both the training and
validation phases with a slight disparity with SVM models in the validation phase
(in terms of efficiency).

6.5.5 Rainfall-Runoff Modelling with SVM, W-ANFIS
and W-SVM Models

For SVM modelling, we have used C ++ based LIBSVM with ν-SV and ε-SV
regressions. Normalization of input vectors and proper identification different
parameters are very important in SVM modelling. Some of the iterative analysis
had shown the importance of scaling the input vectors using data from the Brue
catchment for a concrete authenticity. The study also performed the analysis on the
Brue catchment daily data to see the performance of different kernel functions on
different regressions. The variations of modelling responses for different kernel
functions (Linear, Polynomial, Radial and Sigmoid) with different SVMs are shown
in Fig. 6.27 in terms of mean squared errors. This analysis on daily data from the
Brue catchment was performed after fixing the parameters to default values (degree
in kernel function is set as 3, coef0 in kernel function is set as zero, cache memory
size is set as 40 MB, tolerance of termination criterion is set as a default value of
0.001). The analysis has shown the same results as that we found on the data from
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Fig. 6.25 The decomposed wavelet sub-time series components and approximation series of daily
records from the Brue catchment a original rainfall data, b original runoff data [19]
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Fig. 6.26 The observed versus the NW model predicted daily runoff at the Brue catchment
a scatter plot of the training data set. b scatter plot of the validation data set
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Bird Creek region in the USA, where the ε-SVM and ν-SVM with linear kernel
function have shown better value (minimum) of error (Bray and Han [4]. The mean
square error produced by the ε-SVM was comparable to that of ν-SVM in all kernel
functions and the minimum value observed when ε-SVM applied with the linear
kernel.

The SVM hypothesis suggests that the performance of SVM depends on the
slack parameter (ε) and the cost factor (C). We have performed the analysis varying
the ε values between ε = 1 to ε = 0.00001 and the cost parameters C = 0.1 to
C = 1000. The analysis results are shown in Figs. 6.28 and 6.29 respectively.
Figure 6.28 has shown that the least error increases rapidly for ε greater than 0.1. So
we set the value of ε to 0.1 for reliable results and less computation time.

The cost factor of error (C) assigns a penalty for the number of vectors falling
between the two hyperplanes in the hypothesis. It suggests that, if the data is of
good quality the distance between the two hyperplanes is narrowed down. If the
data is noisy it is preferable to have a smaller value of C which will not penalise the

Fig. 6.27 Variation of performance in daily rainfall runoff modelling at the Brue catchment when
applying different support vector machines on different kernel functions

Fig. 6.28 Variation of ε-SVM with linear kernel, modelled RMSE with epsilon value (ε)
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vectors [4]. So it is important to find the optimum cost value for SVM modelling.
To ascertain the optimum cost value, the support vector machine with linear kernel
has made different iterations as shown in Fig. 6.29, with different values of C. The
cost value was chosen to be 2 because it produces the least error at that value, with
the minimum running time.

As shown in the above section, the study chose the ε-SVM with linear kernel for
modelling applying the value of ε to 0.1 and values of C to 2; the modelling results are
shown in Table 6.5. The SVM model made a better modelling with RMSE value of
0.415 m3/s (20.75 %) and CORR of 0.89 during the training phase. The corre-
sponding values during the validation phase was 0.692 m3/s (28.3 %) and 0.79
respectively. The SVM model has shown better statistical performance compared to
ANNs, NNARX and ANFIS with an efficiency of 0.91 during training. The ε-SVM is
applied with DWT to form a W-SVM. The performance analysis of ε-SVM and
wavelet based ε-SVM (W-SVM) are shown in Table 6.5 along with their comparison
with the W-ANFIS model. The technical details of the W-ANFIS model are men-
tioned in Chap. 4. The performances of these models in terms of seven model effi-
ciency evaluation criteria namely CORR, Slope, RMSE,MAPE,MBE, efficiency and
Variance of the (S2d) are presented in Table 6.5. The table implies that the performance
analysis of both the W-ANFIS model and the W-SVM models was remarkably
good in both validation and training data. TheW-SVMmodel showed an efficiency of
90.0 % (an increase of 6.76 % from the hybrid NNARX model) for the training data,
and a validation efficiency of 76.0 % (an increase of 7.39 % compare to NNARX).
The correlation coefficient between the computed and observed are found to be 0.90
during training and 0.75 during validation. The observed and estimated runoff values
of W-SVM model for the training data are given in Fig. 6.30a in the form of a time
series plot and the corresponding values for the validation data are given Fig. 6.30b
in the form of a scatter plot. The RMSE for the NNARX model is lower (0.558 m3/s
(27.9%)) compared with theW-SVMmodel (0.37 m3/s (18.8%)) during training and
the corresponding values are very high for the basic benchmark models (naïve model
and trend model) with values 2.03 m3/s (101.6 %) and 3.33 m3/s (155.6 %) respec-
tively. From the MBE value one can deduce that the NNARX model showed
underestimation for the training data and validation data. Variance of the distribution
of differences S2d about MBE values in Table 6.5 shows the distinct variation of

Fig. 6.29 Variation of ε-SVM with linear kernel, modelled RMSE with cost factor of error (C)
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prediction by both the NNARX and W-SVMmodels. We can find that higher values
of S2d are observed for NNARXmodel (0.468 and 1.152(m3/s)2) than that of W-SVM
models (0.137 and 0.447 (m3/s)2) for both the training and validation phases.

The DWT and ANFIS techniques are combined together to make a W-ANFIS
model for rainfall-runoff modelling. DWT decomposed the input data sets into three
wavelet decomposition levels (2–4–8) as mentioned in the previous sections and are
used for modelling. The neuro-ANFIS model’s performance indices are summarised
in Table 6.5. The performance of theW-ANFISmodel in predicting runoff values was
observed to be superior to the conventional NNARX and inferior to the hybrid
wavelet based SVM model. The observed and estimated runoff values of
W-ANFISmodel for the training data are given in Fig. 6.31 in the form of a time series
plot. The runoff prediction is underestimated by all models, including the W-ANFIS
model for both the training and validation phases as indicated by the MBE values in

Fig. 6.30 The observed versus the W-SVM model predicted daily runoff at the Brue catchment
a time series plot of the training data set. b scatter plot of the validation data set
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Table 6.5. The RMSE values in the validation phase obtained by theW-ANFISmodel
was 0.702 m3/s (28.6 %), which is higher than that of the NW model and W-SVM
model. The performance efficiency of the W-ANFIS model in the rainfall-runoff
modelling is 3.75 % lower than that of N-SVM model for validation and corre-
sponding value for training data is 1.12 % lower. Compare with the NNARX model,
the efficiency values of the W-ANFIS model are 5.57 % and 11.85 % higher for
training and validation data respectively. MAPE values for W-ANFIS were found to
be 0.120 m3/s and 0.123 m3/s during the training phase and validation phase
respectively. The corresponding MAPE values for NNARX is found to be higher for
both the validation and training phases; whereas for the NWmodel, theMAPE values
was observed to be lower than that of the W-ANFIS model. In terms of MBE and S2d ,
the performance of the NW model outperforms all other tested models including
W-ANFIS and W-SVM in the both training and validation phase.

6.6 Conclusions

This case study on rainfall-runoff modelling made an attempt to solve some mod-
elling related issues prevailing in effective runoff prediction from the antecedent
information. The modelling issues in input selection and training data length were
tackled effectively in this study using a novel technique called the Gamma Test (GT).
It demonstrated its successful performance with several data based transfer function
and artificial intelligent models. The GT analysis identified the input combination of
three steps antecedent runoff values (Q(t − 1),Q(t − 2), Q(t − 3)), one step antecedent
rainfall (P(t − 1)) and current rainfall information (P(t)) (which is equivalent to a
input combination of the ARX(3,2) model) as the best input combination. GT based
M-Test analysis on this selected input combination identified the training data length

Fig. 6.31 The observed versus the W-ANFIS model predicted daily runoff at the Brue catchment
during training phase
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with the least noise level as M = 1,056 in the study area. The studies by Entropy
theory on the data, perfectly agree with the recommendations of GT on inputs
identification. But Entropy theory suggested the training data length as M = 1,040
with a maximum transinformation value of 0.869 at that point. To check the
authenticity of these two approaches the traditional approaches like data splitting and
cross-correlation approaches were applied. The traditional approach suggested that
the optimum value of training data length is in the 1,000–1,100 range but failed to
suggest the exact number as GT and entropy theory. Later analysis with AIC and
BIC agreed with the previous finding in the case of input selection. But the AIC/BIC
analysis shows that there are two depressions in the information criterion curve. The
first depression is close to the data point 1,000 and the other is close to the data point
1,750. The study also aimed at checking the influence of data time interval on real
time data based modelling. The study performed with different frequencies (15, 30,
60 and 120 min) for different lead times. The study shows that the short lead time
forecasting (say 2 h) results is not very sensitive to data frequency but it has got
influence on longer lead-time forecasting (4 h or more). The study identified 30 min
data as the better data set for longer lead-time forecasting with minimum errors and
consistency in prediction results.

In the second section of the chapter, we have explored different data based
models and wavelet based artificial intelligent models (NW, W-ANFIS and
W-SVM). The study extensively analysed the capabilities of SVM in the context of
rainfall runoff modelling. The better performance was observed in the case of the
NW model in validation and training phases in terms of minimum errors and other
statistical parameters followed by models such as the W-SVM, W-ANFIS, SVM,
LLR, ANFIS, NNARX and ANN models. The study has shown that the traditional
transfer function model ARMAX had better statistical performance than that of
ANN models. Another transfer function model, ARX, had an equally good per-
formance as that of an ANN model. Even though the NW model had better
numerical prediction results, an analysis considering different attributes like sen-
sitivity, errors, complexity has shown its weakness in making a useful model for
rainfall runoff modelling. The overall utility analysis based on utility index has
identified W-SVM as the better model, followed by the SVM and LLR models. The
complex models like W-ANFIS, ANFIS and NW significantly failed to show their
capabilities in making a useful model with less sensitivity and complexity.
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Chapter 7
Data-Based Evapotranspiration Modeling

Abstract This chapter focuses on data-based modeling of evapotranspiration and
evaporation from three totally different eco-climatic regions. In the first few sec-
tions, data-based modeling (artificial neural network) results are compared with
reference to evapotranspiration (ET0), estimated using traditional models from
meteorological data. The second section is fully dedicated to evaporation modeling
with data-based modeling concepts and input section procedures applied to evap-
oration modeling. In Sect. 7.1, we describe the mathematical details of the reference
evapotranspiration models used. Analyses with traditional reference evapotranspi-
ration models are performed on data from the Brue catchment, UK and the Santa
Monica Station, USA. In Sect. 7.2, studies are described which have been con-
ducted to see how data selection approaches respond to the evaporation data from
the Chahnimeh reservoirs region in Iran. In this case study, we consider compre-
hensive use of data selection approaches and machine learning AI approaches. We
have employed different model selection approaches such as GT, AIC, BIC,
entropy theory (ET), and traditional approaches such as data splitting and cross
correlation method on this daily evaporation data. Modeling with conventional
models and hybrid wavelet based models was performed as per recommendations.

7.1 Introduction

Evapotranspiration is very important in hydrological modeling as it represents a
substantial amount of moisture loss within the hydrological system. Several agri-
cultural and engineering disciplines rely on data-based evapotranspiration modeling
systems for better irrigation system design, hydrological modelling and flood
warning, irrigation scheduling, and hydrologic and drainage studies. One can find
numerous models and methods in the literature for estimating evapotranspiration and
evaporation [5, 6, 11]. However, in recent decades, several computational techniques
and data-based statistical techniques have been successfully applied in the field of
evaporation modeling using models such as ANN, Fuzzy, Neuro-fuzzy, SVM, and
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hybridmodels [14, 18, 25, 28]. Tan et al. [26] and Piri et al. [21] usedANNmodels for
modeling daily pan/open water evaporation in dry countries. Kisi and Cimen [15]
used SVM for evapotranspiration modeling, utilizing several meteorological data
from three stations (Windsor, Oakville, and Santa Rosa) in central California, USA.
Recently, Kişi and Tombul [18] have used a fuzzy genetic (FG) approach for mod-
eling monthly pan evaporation. Abdullah et al. [1] used a hybrid of Artificial Neural
Network-Genetic Algorithm for (ET0) estimation in Iraq. El-Shafie et al. [8] suggest
that the ANN model is better than the ARMA model for multi-lead ahead prediction
of evapotranspiration. Evapotranspiration is a complex natural process in which
many environmental variables interact in a nonlinear fashion. The advantage of data-
basedmodels is that they do not require comprehensive physical details of the system.
Therefore, in data-scarce situations, researchers tend to use such data-based models.
The application of ANNs comparisons with standards for evapotranspiration esti-
mation studies has been less frequent than comparison on data-based models in
evapotranspiration modeling. Therefore, this chapter has two objectives. The first is
application of traditional and widely applied evapotranspiration models in two totally
different environments and comparison of their results with the ANN model. The
second application is the implementation of data selection procedures in evaporation
modeling input space and then applying soft computational models such as ANNs,
ANFIS, SVM, and wavelet-based hybrid data-based models (with different combi-
nations of inputs) on evaporation data.

7.2 Study Area

In this chapter, meteorological data from Santa Monica Station (USA), Brue
(United Kingdom), and Sistan Region (Iran) were used for modeling purposes.

7.2.1 Santa Monica CIMIS Station

The daily climatic data from the automated weather station at Santa Monica Station,
California, USA (latitude 34°30′N, longitude 118°29′W), operated by the California
IrrigationManagement Information System (CIMIS), were used in this study, mainly
for comparison of ET estimation using traditional equations with neural network
models. The CIMIS is a project developed in 1982 by the California Department of
Water Resource and the University of California at Davis to assist California’s irri-
gators to manage their water resources effectively for better productivity. The Santa
Monica Station is one of over 120 automated weather stations in the state of Cali-
fornia managed by CIMIS, which is located at an elevation of 104 m. The daily
climatic data for the Santa Monica Station was downloaded from the CIMIS web
server (http://www.ipm.ucdavis.edu/WEATHER/wxretrieve.html). The daily data
from 1st January 2000 to 31st December 2005 was used for this book. The total
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incoming solar radiation is measured using the Licor Pyranometer at 2 m (6.5 ft)
above the ground. Daily air temperature and maximum and minimum temperatures
are measured at a height of 15 cm (6 inches) above the ground using a thermistor.
Relative humidity is the ratio of the actual amount of water vapor to the amount of
water vapor the atmosphere can potentially hold at the given air temperature, and
which was measured using a humidity sensor sheltered in an enclosure located 1.5 m
(4.92 ft) above the ground. It is expressed as a percentage. The daily average of wind
speed and wind direction is measured 2.0 m (6.5 ft) above the ground, using three-cup
anemometers and a wind vane. The location map of the CIMIS Santa Monica Station
is given in Fig. 7.1 (modified map obtained from http://www.epa.gov/radon/states/
california.html). The major meteorological inputs used for ANNmodeling are shown
in Fig. 7.2—precipitation, maximum and minimum temperature (°C), wind speed
(m/s), and daily maximum and minimum relative humidity (%).

7.2.2 Brue Catchment, United Kingdom

Data for this analysis were obtained from obtained from the NERC (Natural Environ-
ment Research Council)-funded HYREX project (Hydrological Radar Experiment)

Fig. 7.1 Location map of the Santa Monica station, CIMIS, California, USA
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which ran fromMay 1993 toApril 1997 (its data collectionwas extended to 2000). The
Brue catchment is located in Somerset (51.075°N. 2.58°W) with a drainage area of
135 km2 (Fig. 7.3).

Fig. 7.2 Meteorological variables from Santa Monica Station, CIMIS, California used for data
based modelling: (a) precipitation; (b) maximum and minimum temperature (°C); (c) wind speed
(m/s); (d) daily maximum and minimum relative humidity (%)

Fig. 7.3 Location of Brue catchment, United Kingdom
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7.2.3 The Sistan Region, Iran

The Sistan region, located in the South-East of Iran, is selected as a study site for
this book, because of its continuous evapotranspiration data availability for a def-
inite period. The location map can be found in Fig. 7.4. The Chahnimeh reservoirs
are located in this Sistan region. The region is considered one of the severe drought
regions, generally characterized by water scarcity and low per capita water allo-
cation. Apart from this, the region is known for a notorious dust storm named
“120 day wind” (bād-e sad-o-bist-roz), which is a highly persistent dust storm in the
summer. It blows from north to south with velocities of nearly 10 m/s. The climatic
condition in the Sistan delta is very hot and dry. During summer, the temperature
exceeds 50 °C. Precipitation normally occurs only in autumn and winter and the
numerical value is about 60 mm/year. Strong winds are quite a distinctive feature in
the study region, and evaporation reaches a higher value of about 3,200 mm/year.

One can see in the figure that the Hirmand River originates from Afghanistan
and bifurcates into two branches when it reaches the Iranian border, namely Parian
and Sistan. Sistan is the main stream of the Hirmand River, which flows through the
Sistan plain and discharges into the natural swamp of Hamun-e-Hirmand, which
also supplies water to Sistan va, the Baluchistan province. The Chahnimeh reservoir
was constructed in the region with a view to having better control over the dis-
tribution of the water reaching the Sistan irrigated plain. At present there are three
operational reservoirs, mainly for water supply, and a fourth reservoir is under
construction.

Fig. 7.4 The location map of the Sistan region and the Chahnimeh reservoirs, IR Iran
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The automated weather station in this region is located at latitude 30°45′N and
longitude 61°40′E. It is called the Chahnime Station of Zabol, and is operated by the
IR Sistan va Balochastan Regional Water (IR SBRW). The daily meteorological data
measured at the Chahnime Station is available from IR SBRW (http://www.sbrw.ir)
on request. The study used 11 years of data (1983–2005), which included daily
records of air temperature (T, °C), wind speed (W, km/day), saturation vapor pressure
deficit (Ed, kPa), relative humidity (RH, %), and pan evaporation (E, mm). The major
statistical variables, such as mean (Xmean), standard deviation (SD), skewness (Csx),
coefficient of variation (Sx), maximum (Xmax), and minimum (Xmin) of the daily
meteorological parameters from the study area are given in Table 7.1, along with their
correlation with measured evaporation data. The time series plots of the daily
meteorological data used for the modeling are shown in Fig. 7.5.

Table 7.1 Statistical parameters for the daily meteorological data from the Chahnime Station, IR
of Iran

Data
set

Unit Xmean Sx Cv (Sx/
Xmean)

Csx Xmin Xmax Correlation
with E

T °C 23.2 9.69 0.417 −0.20 0 41 0.872

W km/
day

262.5 185.97 0.708 0.77 5 915 0.735

Ed Kpa 2.93 1.41 0.481 0.50 0.08 6.53 0.852

RH % 41.05 16.00 0.389 0.48 10.33 91.90 0.103

E mm/
day

12.94 9.19 0.710 0.63 0 39.44 1

Fig. 7.5 Time series plots of the meteorological data from the Chahnime station, IR of Iran
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This chapter describes two different realms in evaporation modeling: [1] refer-
ence evapotranspiration (ET0) with traditional models from the meteorological data
and [2] evaporation modeling with the data-based modeling concepts. In Sect. 7.1
we describe the mathematical details of the models used. Analyses with traditional
reference evapotranspiration models are performed on the data from the Brue
catchment, UK and the Santa Monica Station, USA, and compared with ANN
models developed. In Sect. 7.2, studies conducted to see how data selection
approaches are responding to the evaporation data from the Chahnimeh reservoirs
region, Iran are described.

7.3 Statistical Indices for Model Comparison

The performances of the developed data-based models and the basic benchmark
models in this chapter have been compared using various standard statistical per-
formance evaluation criteria. The statistical measures considered include the cor-
relation coefficient (CORR), mean absolute percentage error (MAPE), efficiency
(E), root mean squared error (RMSE), mean bias error (MBE), and variance of the
distribution of differences with MBE (Sd

2). These statistical terms can be defined as
follows:

CorrelationCoefficient; CORR ¼
PN

i¼1 ðQm � �QmÞ:ðQo � �QoÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1 ðQm � �QmÞ2:ðQo � �QoÞ2

q ð7:1Þ

Mean Absolute Percentage Error,MAPE ¼ 1
N

XN
i¼1

ðQm � QoÞ
Qo

����
����� 100 ð7:2Þ

Efficiency; E ¼ E1 � E2

E1
ð7:3Þ

where

E1 ¼
XN
i¼1

Qo � �Qoð Þ2 ð7:4Þ

and

E2 ¼
XN
i¼1

Q0 � Qmð Þ2 ð7:5Þ
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Root Mean Squared Error; RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i¼1
ðQm � QoÞ2

r
ð7:6Þ

Mean Bias Error; MBE ¼
Pn

i¼1 ðQo � QmÞ
N

ð7:7Þ

Variance of the distribution of differences Sd
2 which expresses the variability of

(Qo – Qm) distribution about MBE

S2d ¼
Pn

i¼1 ðQo � Qm �MBEÞ2
N � 1

ð7:8Þ

where Qm is the modeled or estimated evaporation/evapotranspiration from a data-
based model, Qo is the observation evaporation/evapotranspiration, �Qm is the
average of the estimated evaporation/evapotranspiration, �Qo is the average of the
observed radiation, and N is the number of observations.

7.4 Modelling with Traditional Reference
Evapotranspiration Models

This section gives the mathematical details of the ET0 models and their modeling
results for different time interval data such as hourly, daily, monthly, and yearly.
We have used three popular Penman–Monteith (PM) models such as FAO56-PM,
ASCE-PM, and CIMIS-PM, along with the newly proposed Copais Approach.

7.4.1 Mathematical Details of the ET0 Models

7.4.1.1 FAO-56 Penman–Monteith (FAO56-PM) Model

The FAO-56 PM equation for hourly time step is

ET0 ¼
0:408DðRn � GÞ þ c 37

Thrþ273 u2ðe0ðThrÞ � eaÞ
Dþ cð1þ 0:34u2Þ ð7:9Þ

where ET0 is the reference evapotranspiration (mm h−1), Δ the saturation slope
vapor pressure curve at Thr (kPa °C−1), Rn the net radiation at the grass surface
(MJm−2 h−1), G the soil heat flux density (MJ m−1 h−1), γ the psychrometric
constant (kPa °C−1), Thr the mean hourly air temperature (°C), u2 the average
hourly wind speed at 2 m height (m s−1), e0 (Thr) the saturation vapor pressure at Thr

(kPa), and ea the average hourly actual vapor pressure (kPa).
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When Rn > 0 (i.e., daytime),

G ¼ 0:1 Rn ð7:10Þ

and when Rn < 0 (i.e., nighttime),

G ¼ 0:5 Rn ð7:11Þ

With a daily time step,

ET0 ¼
0:408DðRn � GÞ þ c 900

Thrþ273 u2ðe0ðThrÞ � eaÞ
Dþ cð1þ 0:34u2Þ ð7:12Þ

where ET0 is the reference evapotranspiration (mm day−1), Δ the saturation slope
vapor pressure curve at daily average Thr (kPa °C−1), Rn the net radiation at the
grass surface (MJm−2 day−1), G the soil heat flux density (MJ m−1 day−1), γ
the psychrometric constant (kPa °C−1), Thr the mean daily air temperature (°C), U2

the average daily wind speed (m s−1), e0(Thr) the saturation vapor pressure at Thr
(kPa), and ea the average daily actual vapor pressure (kPa).

The psychrometric constant, γ, can be calculated using (7.13):

c ¼ 0:665� 10�3P ð7:13Þ

where γ is the psychometric constant [kPa °C−1]; and P atmospheric pressure [kPa].
The actual vapor pressure (ea) is calculated by

ea ¼ e0ðThrÞRHhr

100
ð7:14Þ

where RHhr is the average hourly relative humidity (%).
The saturation vapor pressure at Thr, e

0(Thr), can be calculated from the fol-
lowing equation:

e0ðThrÞ ¼ 0:6108 exp
17:27Thr

Thr þ 237:3

� �
ð7:15Þ

where e0(Thr)is the saturation vapor pressure at Thr (kPa), Thr the mean hourly air
temperature (°C), and Δ the slope of the saturation vapor pressure curve (kPa °C−1)
at mean air temperature (Thr) [20, 27] calculated by

D ¼
4098 0:6108 exp 17:27Thr

Tþ237:3

� �h i
T þ 237ð Þ2 ð7:16Þ
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7.4.1.2 ASCE Penman–Monteith (ASCE-PM) Model

The manner and form of the standardized ASCE-PM equation is very much akin to
that of the FAO-56-PM equation. The standardization of this equation assumes that
weather parameters are at a height of 0.1–0.2 m above the grass for both grass and
alfalfa reference applications. The ASCE standardized reference equation (ASCE-
PM) is

ET0 ¼
0:408DðRn � GÞ þ c Cn

Thrþ273 u2ðes � eaÞ
Dþ cð1þ Cdu2Þ ð7:17Þ

where ET0 is the standardized reference crop evapotranspiration for short surfaces
(mm day−1) with daily time steps or mm h−1 for hourly time steps, Rn the calculated
net radiation at the crop surface (MJ m−2 day−1 for daily time steps or MJ m−2 h−1

for hourly time steps), G the soil heat flux density at the soil surface (MJ m−2 day−1

for daily time steps or MJ m−2 h−1 for hourly time steps), T the mean daily or
hourly air temperature at 1.5- to 2.5-m height (°C), u2 the mean daily or hourly
wind speed at 2-m height (m s−1), es the saturation vapor pressure at 1.5- to 2.5-m
height (kPa), calculated for daily time steps as the average of saturation vapor
pressure at maximum and minimum air temperature, ea the mean actual vapor
pressure at 1.5- to 2.5-m height (kPa), Δ the slope of the saturation vapor pressure-
temperature curve (kPa °C−1), and γ the psychrometric constant (kPa °C−1). Cd is
also known as bulk surface resistance and aerodynamic resistance coefficient, the
value of which varies with day and night. Variation of Cn and Cd are detailed in
Table 7.2.

7.4.1.3 CIMIS Penman–Monteith (CIMIS-PM) Model (Hourly Time
Step)

This model is a modification of the Penman equation to represent hourly evapo-
transpiration from a hypothetical grass, ET0 (mm h−1), and is known as the CIMIS
PM equation [9, 22, 23]:

Table 7.2 Variation of Cd and Cn

Time step Reference crop
(short)

Reference crop
(tall)

Units of ET0

Cd Cn Cd Cn

Daily 0.34 900 0.38 1,600 mm day−1

Hourly (daytime) 0.24 37 0.25 66 mm h−1

Hourly (nighttime) 0.96 37 1.7 66 mm h−1
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ET0 ¼
DðRn�GÞ
ðDþcÞ þ 0:268 D

ðDþcÞ aw þ bwu2ð ÞVPD
k

ð7:18Þ

where ET0 is the evapotranspiration (mm h−1), u2 the wind speed at 2 m (m s−1), Rn

the net radiation (MJ m−1 h−1), G is set equal to zero with standard CIMIS usage,
and γ is the psychrometric constant (kPa °C−1) calculated from

c ¼ 0:000646ð1þ 0:000946ThrÞP ð7:19Þ

where P is barometric pressure (kPa) at the study area, and

VPD ¼ e0ðThrÞ � ea ð7:20Þ

where VPD is the vapor pressure deficit (kPa) and ea and e0(Thr)are from (7.6) and
(7.7), respectively, Δ the slope of the saturation vapor pressure curve (kPa °C−1) at
mean air temperature, (Thr) is from (7.8), and λ is the latent heat of vaporization
(MJ kg−1), using (7.21):

k ¼ 2:501�ð2:361� 10�3ÞThr ð7:21Þ

Doorenbos and Pruitt [7] developed coefficients aw and bw for predicting hourly
reference ET0.

They suggested the coefficients as
aw = 0. 29 and bw = 0.53, for Rn > 0 (daytime)
aw = 1.14 and bw = 0.40, for Rn < 0 (nighttime)
Hourly estimations of ET0 can be calculated by applying these values to the

modified form of the Penman equation (CIMIS PM) in (7.18).

7.4.1.4 ‘‘Copais Approach’’ for Hourly Time Steps

Alexandris and Kerkides [3] developed the Copais equation for estimating ET0 on
an hourly basis (mm h−1):

ET0 ¼ C0 þ C1RH þ C2T þ C3RH
2 þ C4T

2 þ C5Rs þ Rs

2

� 	
C6RH þ C7Tð Þ

þ C8T
2

ð7:22Þ

where Rs is the solar radiation flux density in (MJ m−2 h−1), T the mean hourly air
temperature (°C), and RH the relative humidity (%).
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Other coefficients are identified as C0 = 0.1396, C1 = − 3.019 × 10−3,
C2 = − 1.2109 × 10−3, C3 = 1.626 × 10−5, C4 = 8.224 × 10−5, C5 = 0.1842,
C6 = − 1.095 × 10−3, C7 = 3.655 × 10−3, and C8 = − 4.442 × 10−3.

7.4.1.5 ‘‘Copais Approach’’ for Daily Time Steps

Alexandris et al. [4] also developed another equation for estimating ET0 on a daily
basis (mm d−1):

ET0 ¼ m1 þ C2m2 þ C1m3 þ m4C1C2 ð7:23Þ

where m1 = 0.057, m2 = 0.227, m3 = 0.643, and m4 = 0.0124, and C1 and C2 can be
estimated from the following equations:

C1 ¼ a1 þ a2RH þ a3Rs þ a4RsRH ð7:24Þ

where a1 = 0.6416, a2 = − 0.00784, a3 = 0.372, and a4 = − 0.00264 and

C2 ¼ b1 þ b2T þ b3Rs þ b4TRs ð7:25Þ

where b1 = − 0.0033, b2 = 0.00812, b3 = 0.101, and b4 = 0.00584. In these
equations C1 and C2 represent evapotranspiration in mm day−1. The units of the
parameters a1, a2, and b1 are mm day−1, a3, a4, b3, are 106 × mm3 MJ, m1 are
mm day−1, m2 and m3 are dimensionless, and m4 are day mm−1.

7.4.2 Model Performance Analysis Relative to FAO56-PM

The meteorological hourly data of 5 years from the Hydrological Radar Experiment
(HYREX) based at the British Atmospheric Data Centre (BADC) covering the
period January 1995 to December 1999 and meteorological daily data of Santa
Monica Station at California for 3 years covering the period January 2000 to
December 2002 were analyzed for calculating evapotranspiration by different
methods. In this study, the FAO-56 PM method was considered as the benchmark
method and the performance of three other ET0 estimation methods (ASCE PM,
CIMIS PM, and the Copais Approach) were compared. A MATLAB-based pro-
gram module was developed for use in this study, which uses climate variables and
calculates hourly and daily ET0 by the aforementioned empirical equations. Vari-
ations in performance of the other equations compared with the FAO-56 PM
method were estimated using graphics, simple linear regression, and statistical
factors such as the Standard Error of Estimate (SEE) statistic, Root Mean Squared
Differences, Mean Bias Error (MBE), variance of the distribution of differences,
coefficient of determination R2, and slope S of a linear regression fit (through the
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(0,0) coordinate). Comparisons between the different equations were made in
hourly and daily time steps. Comparisons on hourly and daily steps were demon-
strated using the suggested equations and these values were accumulated for esti-
mating longer time steps (monthly and yearly). Summed hourly values of ET0 were
used for daily estimation.

7.4.2.1 Hourly ET0 Comparison

This section describes the regressive comparison between hourly ET0 values cal-
culated using the FAO56-PM equation and those calculated by the hourly ASCE-
PM, CIMIS-PM, and “Copais Approach” equations for 5 years in the Brue
catchment. Plots of the hourly reference evapotranspiration, FAO56-PM versus
ASCE-PM, FAO56-PM versus CIMIS-PM, FAO56-PM versus FAO56 PM ET0 for
the 1995–1999 record are shown in Figs. 7.6, 7.7, 7.8 and 7.9, respectively. The
comparison results based on various performance statistics between ET0 estimates
for individual years for the different methods are shown in Table 7.3.

The lower SEE value implies the better performance of an empirical equation.
From Table 7.3, the calculated average SEE values for hourly time steps are
0.00244, 0.01724, and 0.01268 mm h−1 for the ASCE-PM, CIMIS-PM and Copais
Approach methods, respectively. From these SEE values, we can infer that ASCE-
PM has shown the best performance, since it has the lowest SEE value, followed by
Copais and CIMIS-PM, respectively.

Fig. 7.6 Hourly reference evapotranspiration comparison between the FAO56 Penman equation
(FAO56-PM ET0) and the standardized ASCE Penman–Monteith equation (ASCE-PM ET0) for
the Brue catchment during the years 1995–1999
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The 5-year mean values of slope, R2, and RMSD between CIMIS ET0 and
FAO56–PM ET0 are 1.058, 0.99, and 0.0062 mm h−1, respectively. Even though
the slopes of those plots are higher than a 1:1 ratio, the CIMIS Penman equation
keeps a very good linear relation with the standardized Penman–Monteith equa-
tions. In the case of CIMIS-PM, the 5-year mean values of slope, R2, and RMSD in

Fig. 7.7 Hourly reference evapotranspiration comparison between the FAO56 Penman equation
(FAO56-PM ET0) and the standardized CIMIS Penman–Monteith equation (CIMIS-PM ET0) for
the Brue catchment during the years 1995–1999

Fig. 7.8 Hourly reference evapotranspiration comparison between the FAO56 Penman equation
(FAO56-PM ET0) and the COPAIS approach empirical equation (ASCE-PM ET0) for the Brue
catchment during the years 1995–1999
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comparison with FAO56-PM are 1.15, 0.958, and 0.0248, respectively. From
Table 7.3 we can also see that the CIMIS-PM model over-predicted the ET0 values
compared with all other models in almost all the years. One reason for this over-
estimation could be the simplification of the CIMIS equation considering soil heat
flux as zero. Figure 7.8 shows the hourly comparison of the Copais Approach with
the FAO-PM method, in which we can observe a slight under-prediction of the
Copais Approach with a slope value 0.977 and correlation coefficient value of 0.97.

The major drawback of the Copais Approach is the exclusion of wind speed
from the empirical equation. To investigate the effect of the wind speed on cal-
culation of reference evapotranspiration, the absolute deviation between the Copais
Approach and FAO56-PM hourly ET0 estimates was plotted against the wind speed
for the selected 5 years. The plot for 1998 is shown in Fig. 7.9. It shows that there is
a positive correlation between wind speed and ET0 deviations. The effect of wind
velocity could be the reason for the underestimation of the Copais Approach.
However, in this case, the underestimation level is much lower (the slope of the
curves is near 1:1 ratio), so we can say that the Copais Approach is also equally
strong for reference ET0 estimation in our study area.

An hourly ANN model was developed for the Beas basin using the weather
parameters such as solar radiation, maximum and minimum air temperature (T),

Fig. 7.9 Absolute difference of the hourly ET0 values estimated according to Copais and FAO56-
PM versus wind speed for the year 1998 at the Brue catchment
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relative humidity (RH), and wind speed. In this attempt, we did not apply any input
selection procedures. Instead, data from the first 3 years (1995–1997) is used to
train the ANN model and the remaining data is used for testing. The ANN model
used is multi-layer perceptron (MLP) with the presence of one hidden layer whose
computation nodes are correspondingly called hidden neurons or hidden units. In
this hourly modeling for the Beas basin, we have used nine neurons, which were
selected systematically after several trial and error modelings. The Levenberg–-
Marquardt technique was used to model the ANN, as it is considered to be a more
powerful and faster training algorithm in comparison to conventional gradient
descent technique. The FAO56-PM was used as the output data. The Slope, R2,
RMSD, and SEE statistics of the ANN model are shown in Table 7.3 during the
training and validation phase. The hidden layer neurons from nine started showing
relatively low mean squared errors (MSEs) during the modeling process. Therefore,
we chose nine as the optimum number of hidden neuron with least complexity. The
comparison has shown that the ANN model produced a better performance than the
CIMIS-PM and COPAIS approach in the study area. The ET0 estimates produced
by the MLP type ANN are shown in the Fig. 7.10.

7.4.2.2 Daily ET0 Comparison

In daily comparison studies we focused on the 1995 data at the Brue catchment as
there is data discontinuity in other years. Figure 7.11 shows daily reference evapo-
transpiration comparison of the standardized ASCE Penman–Monteith equation
(ASCE-PMET0), CIMIS-PM equation, and daily Copais Approach equation with the
FAO56 Penman equation (FAO56-PM ET0) for the Brue catchment.

This comparison of the estimated daily ET0 demonstrates the reliability of the
proposed Copais model in daily evapotranspiration estimation. The plot of the daily

Fig. 7.10 Daily reference evapotranspiration modeled by ANN model during 1995–1999
(training and validation) in Brue catchment (the gaps are missing/erroneous input data)
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Copais Approach against the daily FAO56-PM revealed a very high linear corre-
lation and it significantly underestimated (slope = 0.62 and R2 = 0.96) the true
value. It is obvious from Fig. 7.11 that daily ASCE-PM performs best with an R2

value of 0.99 and a slope value of 0.99. RMSD-based daily comparisons were also
performed between the different methods and these values were observed to be
relatively small. The daily comparison of the CIMIS-PM equation with FAO56-PM
exhibited good correlation with an R2 value of 0.92 with a slight over-prediction
because of some odd values in the month of August. From Fig. 7.11 one can learn
that daily ET0 values of all the evaluated models, except the Copais Approach, are
quite near to the 1:1 line in comparison with the standard FAO56-Penman–
Monteith equations. Figure 7.12 shows daily ET0 comparison plots of the CIMIS-
PM equation and the daily Copais Approach equation with the standard FAO56-PM
equation at Santa Monica Station, California during the study period (January
2000–December 2002).

Just as with the Brue catchment, the daily Copais Approach equation underes-
timates in comparison with the FAO56-PM equation at Santa Monica Station.
Comparison of daily estimations by CIMIS-PM with FAO56-PM has shown rea-
sonably good correlation (R2 = 0.85) with underestimation (slope = 0.898). The
CIMIS-PM comparison with FAO56-PM is in good agreement with the findings of
Kişi [13]. It would be very interesting to have an idea of the variation of the mean
daily percentage of over/underestimation at these sites. Summary statistics,
including variance and bias of the methods with FAO-PM method, are shown in
Table 7.4. The percentage variation of the mean daily of over/underestimation of

Fig. 7.11 Daily reference evapotranspiration comparison of ASCE-PM ET0, CIMIS-PM ET0, and
Copais with FAO56-PM ET0 at the Brue catchment for the year 1995
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different methods in comparison with FAO56-PM method at these sites is given in
Table 7.4.

As mentioned earlier, another daily ANN model was developed for the Beas
basin using weather parameters such as solar radiation, maximum and minimum air

Fig. 7.12 Daily reference evapotranspiration comparison of the CIMIS-PM ET0 and the Copais
Approach equation with the FAO56-PM ET0 at Santa Monica Station during 2000–2002

Table 7.4 Summary statistics of daily ET0 estimation of different methods and ANN modeled
results tested against the reference method (FAO56-PM method)

Method Mean ET0 (mm/day) Slope R2 MBE (mm) Sd
2

Brue catchment, daily estimations (1995)

FAO56-PM 1.68

ASCE-PM 1.67 0.99 0.99 −0.013 0.0015

CIMIS-PM 1.70 1.12 0.92 0.014 0.378

COPAIS 1.01 1.15 0.90 −0.688 0.271

ANN 1.67 0.99 0.97 −0.018 −0.012

Santa Monica Station, daily estimation (2000–2002)

FAO56-PM 3.84

ASCE-PM 3.84 1.00 1.00 – –

CIMIS-PM 3.41 0.898 0.85 −0.458 0.356

COPAIS 3.38 0.895 0.94 −0.429 0.113

ANN 3.82 0.93 0.92 −0.011 0.091
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temperature (T), relative humidity (RH), and wind speed. In this attempt, we did not
apply any input selection procedures. Instead, data from the first 3 years
(1995–1998) were used to train the ANN model. In the case of Santa Monica
Station, inputs such as precipitation, maximum and minimum temperature (°C),
wind speed (m/s), and daily maximum and minimum relative humidity (%) were
used as inputs. The optimum hidden node numbers were found to be 10 and 9 for
the MLP neural networks in the Beas and Santa Monica Stations. The study
demonstrated that modeling of daily ET0 is possible through the use of the ANN
models using the above-mentioned inputs in both the Beas and Santa Monica
Stations. In the case of Beas, data from the first 3 years (1995–1997) were used for
training the model and from the next 2 years (1998–1999) for validation. On the
other hand, in the case of the Santa Monica Station, we have used 3 years each for
training (2000–2002) and validation (2003–2005) purposes.

The ANN estimated ET0 values for Beas (year 2005) and Santa Monica Stations
(2000–2002) are shown in Table 7.4, along with estimations from empirical ET0

equations. The test statistics during training and validation as a whole are not shown
here. The ET0 estimates of the ANN model during the training and validation
phases in Santa Monica Station are shown in Figs. 7.13 and 7.14 in the form of line
plots. Table 7.4 indicates that ANN modeling indices in both Beas and Santa
Monica are closer to FAO-56 PM values than CIMIS-PM and COPAIS but lower
than the ASCE-PM method.

7.4.2.3 Monthly and Yearly ET0 Comparison

One of the major issues associated with HYREX data from the Brue catchment is its
lack of lysimeter information to check the reliability of the presented PM models
and Copais Approach. In Fig. 7.15 the variation of monthly figures (summed daily

Fig. 7.13 Daily variations of ANN modeled reference evapotranspiration values in comparison to
FAO56 values in Santa Monica Station during the training phase
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values for Copais and ASCE-PM methods and summed hourly values for CIMIS-
PM ET0) at the Brue catchment is presented with the monthly pan evaporation from
the region.

Figure 7.15 gives a clear picture of the variation of the mean monthly ET0 values
at the study area (Brue catchment). In the first instance, one can note that CIMIS-

Fig. 7.14 Daily variations of ANN modeled reference evapotranspiration values in comparison to
FAO56 values in Santa Monica Station during the validation phase

Fig. 7.15 Monthly variations of different reference evapotranspiration methods and pan
evaporation values at Brue catchment during 1995
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PM ET0 values are higher than FAO56–PM ET0 by 30 % for the peak month
(August) during the study period year 1995. This was because of over-predicted
hourly CIMIS-ET0 values in that month. The figure also showed the variation of the
monthly pan coefficient in relation to the ET0 estimated using different models. The
higher pan coefficient is observed corresponding to the CIMIS-PM ET0. From
Fig. 7.15 we can note that, in comparison with FAO56–PM, the Copais method
slightly underestimates in the early months of study duration at the Brue catchment.
The values of overestimation were in a 2–8 % range in the early months for the
CIMIS PM method, compared to FAO56–PM. In comparison with FAO56–PM, on
a monthly basis, ASCE-PM showed quite similar trends at the Brue catchment.

The monthly ET0 variation of different methods at the Santa Monica station in
2002 is shown in Fig. 7.16. From the figure, we can note that other empirical
methods underestimate in comparison with the FAO56-PM method in almost all
months except dry months such as May, June, and July. The ANN model over-
estimates the FAO56 model in the month (July). In general, the ANN model gave
better monthly estimates than Copais and CIMIS ET0 in the Santa Monica Station.
Figure 7.17 shows the comparisons of annual ET0 estimations for the year 1995 at
the Brue catchment and that of the Santa Monica station for the year 2002.
Although the trends of the estimated ET0 with the Copais method were closer in
hourly time steps, the daily time step equation did not exhibit the same results. In
the present calculations, the annual sum of ET0 estimations based on the CIMIS-PM
showed the highest value among the tested methods, having the value
617.7 mm year−1 in 1995 at the Brue catchment. The ET0 estimations by the Copais
approach have the lowest value of 362.7 mm year−1, whereas the ASCE-PM
method was very close to the FAO56-PM having the value 608.9 mm year−1 in
1995. Similar results were found in the ANN model with an annual value of

Fig. 7.16 Monthly variations of different reference evapotranspiration methods and ANN results
at Santa Monica station during 2002
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605.5 mm year−1. The annual estimated ET0 values in the year 2002 at Santa
Monica station were 1396.5, 1396.5, 1224.8, 1351.3, and 1262.9 mm year−1 for the
FAO56-PM, ASCE-PM, Copais, ANN, and CIMIS-PM methods, respectively. The
underestimation of the Copais method at Santa Monica station was very small
compared with that in the Brue catchment. Figure 7.17 shows the comparison of the

Fig. 7.17 Annual reference evapotranspiration estimates given by the different methods at the
study regions

Fig. 7.18 Annual reference evapotranspiration estimates and pan evaporation at the Brue
catchment
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annual ANN ET0 estimation with that of standard ET0 equations, which indicates
the modeling capability of ANN in both Beas and Santa Monica Stations, with
available meteorological data sets as inputs. Figure 7.18 shows the annual ANN
ET0 estimation at the Brue catchment with that of pan evaporation during the
3 years 1995, 1996, and 1998. (The pan evaporation data for the year 1997 was not
available for comparison.)

7.4.2.4 Reference Evapotranspiration Sensitivity to Meteorological
Variables

This study also performed sensitivity analysis for reference evapotranspiration with
meteorological variables such as net solar radiation, relative humidity, air temper-
ature, and wind speed in a simple and practical way, as discussed in Goyal [10] and
Xu et al. [29]. A plot is made with the relative changes of an input variable against
the resultant relative change of ET0 and the curve is known as the ‘sensitivity
curve.’ Seven input scenarios are generated for each meteorological variable with
variation from −30 to +30 %. The sensitivity curve of the study is shown in
Fig. 7.19. It has been found that the most sensitive variable is relative humidity,
followed by net solar radiation, air temperature, and wind speed. The sensitivity of
wind velocity is observed to be quite close to that of air temperature. Relative
humidity is observed as the most sensitive variable, with an inversely proportional
effect on ET0 with values of 68–65 % corresponding to a −30 to 30 % variation.
Wind velocity had the least effect with values of 8–7 %.

Fig. 7.19 Sensitivity of the reference evapotranspiration to meteorological variables
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7.5 Data-Based Evaporation Modeling: Data Selection
Approaches

Because of a lack of continuously measured evaporation/evapotranspiration data at
the Brue catchment and Santa Monica region, we have performed the analysis using
the data from the Chahnimeh reservoirs region of Iran. The data set consisted of
11 years (1995–2006) of daily records of air temperature (T), wind speed (W),
saturation vapor pressure deficit (Ed), relative humidity (RH), and pan evaporation
(E). In this modeling, first we apply the data selection approaches described in the
Chap. 3, including GT, entropy theory, AIC, and BIC. Later we perform data
modeling of pan evaporation using different data models.

The following sections give the detailed description on how the novel approaches
such as the Gamma Test and entropy theory are used in evaporation modeling to
select effective parameters. The study also deals with the use of other approaches such
as AIC and BIC in input quality checks and input length selection for modeling.

7.5.1 Gamma Test for Input Selection in Evaporation
Modeling

The detailed decryption of the GT and its general applications is explained in
Chap. 3. In this study, different combinations of input data were explored to assess
their influence on evaporation modeling. There were 2n − 1 meaningful combi-
nations of inputs (in this case n = 4 as the total available inputs are daily records of
air temperature (T), wind speed (W), saturation vapor pressure deficit (Ed), and
relative humidity (RH)). Out of this 2n − 1, the best one can be determined by
observing the Gamma value, which indicates a measure of the best MSE attainable
using any modeling methods for unseen input data. Thus, we performed M-tests in
different dimensions, varying the number of inputs to the model. The analysis
results are shown in Table 7.5, which clearly presents the response of the data
model to different combination of inputs data sets. In Table 7.5, the minimum value

Table 7.5 Gamma test results on evaporation modeling data [21]

Parameters Different combinations

W, T, RH, Ed T, RH, Ed W, RH, Ed W, T, Ed W, T, RH

Gamma (Γ) 0.02184 0.05295 0.02160 0.02175 0.02207

Gradient (A) 0.05946 −0.30649 0.27377 0.09502 0.06902

Standard error 0.00049 0.00145 0.00058 0.00025 0.00046

V-ratio 0.08736 0.21182 0.08641 0.08703 0.08830

Near neighbors 10 10 10 10 10

M 4019 4019 4019 4019 4019

Mask 1111 0111 1011 1101 1110
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of Γ is observed when we use [W, RH, Ed] data sets, i.e., daily wind speed (W),
relative humidity (RH), and daily saturation vapor pressure deficit (Ed). The gra-
dient (A) is considered as an indicator of model complexity. V-ratio is the measure
of degree of predictability of given outputs using available inputs. A model with
low values of MSE, gradient, and V-ratio is considered as the best scenario for
evaporation modeling.

Fig. 7.20 Gamma values (Γ) and standard error variation for the combination [W, RH, Ed] [29]

Fig. 7.21 Gamma values (Γ) and standard error variation when used with all available inputs
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The quantity of input data available to predict the desired output and subse-
quently a reliable model was analyzed using the M-test. The variation of the
Gamma values and Standard Error (SE) corresponding to the data points for the
above-mentioned three inputs are shown in Fig. 7.20. The variation of the Gamma
values and the SE corresponding to the data points for all the inputs is shown in
Fig. 7.21, where we can note that, even though the Gamma value is a little higher
for [W, T, Ed] than [W, RH, Ed] input sets, modeling with all available weather
variables can make a model with less complexity (less gradient and the SE).
However, it is difficult to make a decision right now on which model we should
choose for modeling. The combination [W, RH, Ed] is better if we consider the
minimum Gamma value, whereas the combination [W, T, Ed] has less complexity
and SE compared to the earlier model. Even though the Gamma value (0.0217) of
[W, T, Ed] is a little higher than that of [W, RH, Ed] (0.0216), both numerical
values are very close. The M-test analysis results of [W, T, Ed] input combinations
are shown in Fig. 7.22.

From Table 7.5 we can deduce that the combination of daily wind speed, daily
relative humidity, and daily saturation vapor pressure deficit can make a good
model, comparable to the combination which composes all inputs. The relative
importance of inputs is W > Ed > RH > T in terms of Gamma statistic values. It
does not mean that daily mean temperature has no effect on evaporation. The
significance of the daily mean temperature data set was relatively small when
compared to other input sets, since the elimination of this input made less variation
in the Gamma statistic value. It may be because the saturation vapor pressure is a
function of temperature and that data itself indirectly reflects the temperature data
information. The M-test analysis results in different scenarios are shown in
Fig. 7.23, including “All,” “No W,” “No T,” “No RH,” and “No Ed” (the scenario
“All” corresponding to all four inputs, and other scenarios corresponding to

Fig. 7.22 Gamma values (Γ) and standard error variation for the combination [W, T, Ed]
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elimination of each input). Daily wind speed (W) is observed as the most significant
input in evaporation modeling, of which (“No W” scenario) resulted in very high
values of Gamma statistics. The embedding 1011 model [W, RH, Ed] was identified
as one of the best structures because of its low noise level (Γ value) (Fig. 7.20) and
low V-ratio value (indicating the existence of a reasonably accurate smooth model).
Two other models are the 1111model [W, T, RH, Ed] and the 1101model [W, T, Ed].

As per the results obtained from GT, explained in Table 7.5 and Figs. 7.20, 7.21,
7.22 and 7.23, training data length for evaporation modeling was identified as 2,413
with the lowest Gamma value 0.02116 and SE 0.00103 (Figs. 7.20 and 7.22) for the
combination [W, RH, Ed] (‘No T’ scenario). Even though the Gamma value is a bit
high for [W, T, RH, Ed] (‘All’ scenario) and [W, T, Ed] (“No RH” scenario), both
models can make a model with less complexity and error (less gradient and SE in
Table 7.5). If the ‘All’ scenario data set is selected for modeling, it can make a
model with the training data length equal to 1325, with a Gamma value 0.02118
and SE value 0.00103 (Fig. 7.21). Another close combination with less complexity
and error is [W, T, Ed]. The M-test analysis on input combination [W, T, Ed] (“No
RH” scenario) has shown that it can make an optimum model with optimum
training data length equal to 2327, with the Gamma value 0.02401 and SE value
0.00088. However, in this section, the GT analysis suggested three different and
close performing models with different input structure and training data lengths.
Further analysis using entropy theory, AIC, and BIC explained in the following
sections helped to make a concrete decision on the model input structure and
training data length.

Fig. 7.23 Variation of Gamma statistic (Γ) for the data corresponding to different combination of
input data sets
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7.5.2 Entropy Theory for Data Analysis in Evaporation
Modeling

The study applied entropy theory to analyze the data used for evaporation mod-
eling. The analysis was performed with the help of modeling attributes such as
transinformation, marginal entropy, joint entropy, and conditional entropy to ana-
lyze the influence of each model input on the final data model. The analysis per-
formed on the daily meteorological and evaporation data from the Chahnimeh
reservoirs region and the outcome of the analysis on individual inputs is shown in
Table 7.6, which shows different scenarios and achievable information from each
data input considered in this case study.

The analysis shows (scenario 1–4) that the transinformation value is higher for
the daily saturation vapor pressure (Ed) followed by air temperature (T), daily wind
speed (W), and relative humidity (RH). The entropy test identifies relative humidity
as the least significant input among the available four inputs in the study region.
Thus, the relative importance of inputs suggested by entropy theory is
Ed > T>W > RH. The Gamma Test has suggested in the previous section that the
input combinations [W, RH, Ed], [W, T, Ed], and [W, T, RH, Ed] are better when
considering different aspects such as Gamma static, error, and complexity. To check
the credibility of that suggestion, and the best one among these three, we have
performed entropy analysis (scenario 5–7) to see the corresponding transinforma-
tion values for input combination [W, RH, Ed], [W, T, Ed], and [W, T, RH, Ed]. It
is interesting to note that the results obtained by entropy analysis for the combi-
nation [W, T, Ed] has shown better transinformation value than for [W, RH, Ed]
and [W, T, RH, Ed]. The analysis has found that in [W, RH, Ed] and [W, T, RH,
Ed] input combinations, the transinformation values are very close to 1.23, whereas
the [W, T, Ed] combination has a better transinformation value of 1.115. Thus the

Table 7.6 Entropy analysis results on the daily evaporation data from the Chahnimeh reservoirs
region

Scenario Inputs
considered

Mask Joint
entropy

Marginal
entropy

Trans-
information

Conditional
entropy

1 W 1000 13.8312 9.3649 0.5599 5.0262

2 T 0100 9.1995 5.1028 0.9295 5.0262

3 RH 0010 10.5309 5.823 0.3184 5.0263

4 Ed 0001 6.3738 2.3255 0.9779 5.0262

5 W, T, RH,
Ed

1111 12.263 8.123 1.2352 5.0262

6 W, RH, Ed 1011 11.895 7.2365 1.2281 5.0262

7 W, T, Ed 1101 10.259 7.1521 1.1150 5.0262

Mask indicates different combinations of the input effects (inclusion and exclusion indicated by 1
or 0 in the mask). From left to right: daily wind speed (W), daily air temperature (T), relative
humidity (RH), and daily saturation vapor pressure deficit (Ed)

7.5 Data-Based Evaporation Modeling: Data Selection Approaches 211



entropy analysis helped to identify the best model [W, T, Ed] out of the three
suggested by the GT in evaporation modelling precisely. We have performed an
analysis to identify the variation of transinformation with increase data points to
assess the training data length required for the modeling. For this purpose, we have
used three GT suggested inputs to see their transinformation variation with the
increase in unique data points. The analysis result are shown in Fig. 7.24.

Figure 7.24 shows that the transinformation values increase with increase of data
points throughout the data length. The entropy-based analysis failed to identify an
optimum training data length within the available 4,019 data points in this case
study. However, one could see in Fig. 7.24 that, after data points 3,465, the increase
in entropy information is at a decreasing rate. The Gamma Test suggested that the
optimum training data length was 2,327 for the [W, T, Ed] input combination. Even
though both suggestions are a bit close, we cannot firmly confirm the success of
entropy theory in this case, as the information values are increasing, even after the
3465 (at a decreasing rate). The variation of other attributes such as marginal
entropy, conditional entropy, and joint entropy with the increase in unique data
points is shown in Fig. 7.25. The figure shows that the higher value information is
associated with joint entropy followed by marginal and conditional entropy values.
These three curves in Fig. 7.25 show the same trend throughout the unique data
points used for evaporation modeling.

Entropy theory failed to identify the training data length in this case study,
whereas the entropy analysis results were perfectly matching with the finding of GT
in previous two case studies in Chap. 6. This highlights the need for further
exploration of this approach, using evaporation/evapotranspiration data from other
catchments and other data frequency.

Fig. 7.24 Variation of transinformation with increase in unique data points for the evaporation
data corresponding to three GT suggested input sets
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7.5.3 AIC and BIC for Data Analysis in Evaporation
Modeling

Owing to the apparent contradictions in the results obtained from the GT and
entropy theory, it is important to perform data analysis with powerful options such
as AIC and BIC. The study used AIC and BIC to see the influence of data series on
the modelling using an LLR model training results applied to evaporation data from
the Chahnimeh reservoirs region, Iran. The analysis results are shown in Table 7.7.
The AIC and BIC analyses have shown that the minimum criterion values are
associated with daily temperature information (T). The AIC and BIC values have
identified the relative importance of the inputs as T > Ed > W>RH. It is important to

Fig. 7.25 Variation of different entropy values with the unique data points in evaporation
modeling

Table 7.7 Variation of AIC and BIC with different input series and input combinations

Scenario Inputs considered Mask AIC BIC

1 W 1000 967,887.6 14,661.77

2 T 0100 479,363.3 11,838.48

3 RH 0010 1,301,092.0 15,850.48

4 Ed 0001 525,633.3 12,208.72

5 W, T, RH, Ed 1111 270,629.5 9,566.154

6 W, RH, Ed 1011 216,582.3 8,662.727

7 T, RH, Ed 0111 469,975.0 11,775.58

8 W, T, Ed 1101 201,719.1 8,377.06

9 W, T, RH 1110 207,513.5 8,490.855
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note that both AIC and BIC identified relative humidity (RH) as the least influ-
encing input. This finding is perfectly matched with entropy theory and GT analysis
based on complexity/error. The analyses using these information criteria were
continued for different input combinations (scenarios 5–9 in Table 7.7). It has found
that the combination [W, T, Ed] is the better model. This finding again is in line
with the suggestion made by entropy theory. AIC and BIC confirm [W, T, Ed] as
the best model out of the three models suggested by GT because of its better
(minimum) numerical values of information criterion, with values of 201, 719.1,
and 8,377.06, respectively.

The AIC and BIC were applied to identify the optimum data length for training.
This was performed with the help of an LLR model with an increase in training data
points. The LLR model construction was performed with different training data
lengths (namely, training data points 500, 1000, 1500, 2000, 2500, 3000, 3500, and
4000) with the best selected input structure [W, T, Ed]. The variation of AIC and
BIC with increase in training data length is shown in Fig. 7.26. It has been found
that the AIC value decreased with increase of data points and the BIC value
increased with increase of data points in training. In the curve, there was no definite
local minimum to specify the required minimum number of data for training.
However, it is noted that the curves have a distinct change at 3,500 data points. It is
also found that the AIC value is relatively stable after the 3,500 data position.
However, the Gamma Test identified the optimum data required for the model as
2327, which was nowhere near the suggested 3,500.

Fig. 7.26 Variation of AIC and BIC with increase in data points in evaporation modeling
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7.5.4 Data Analysis in Evaporation Modeling with Data
Splitting and Cross Correlation Approaches

The study has applied traditional cross-correlation and data splitting approaches to
see whether there is any deviation from the finding explained in the previous
section. The cross correlation coefficient values of evaporation data with other
inputs are shown in Table 7.8. It is shown that the highest correlation is associated
with daily values of saturation vapor pressure deficit and the least with daily relative
humidity, as found in the earlier cases with GT and entropy theory.

We split the available data and made training data sets with lengths ranging from
250 to 4,000 and these were used for modeling with LLR model, the remaining data
points of 4,019 being used as a validation set. The results of the data splitting
approach are shown in Fig. 7.27.

As the training data increases, the modeling error during the training and testing
phase appears to be decreasing. The root mean squared error associated with the
validation phase was lower in quantity than that of the training phase, as antici-
pated. The RMSE curve during the training phase has shown a sudden decreasing
trend at 1,500 data points but there was no such indication on the validation curve.
The validation curve had a sudden decrease in error when modeling was performed

Table 7.8 Correlation coefficient of different inputs with pan evaporation data

Correlation coefficients of inputs with pan evaporation (E)

Inputs W T RH Ed E

Coefficients 0.734759 0.851086 −0.59739 0.86153 1.0

Fig. 7.27 The results of the data splitting approach in evaporation modeling
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with 3,500 data points, whereas the training curve had a slight decreasing change at
that point.

However, looking at the overall performance of the approaches used in this
section, one could say that none of the compared approaches are as strong as GT in
locating the training data length. The entropy theory failed to locate a proper
training length within the available data range, unlike previous case studies
explained in this book. The traditional approaches such as data splitting, AIC, and
BIC have exhibited an indication of optimum data points as somewhere near 3,500.
All approaches mentioned in this section have identified that evaporation modeling
requires only three inputs [W, T, Ed] for reasonable evaporation modeling in this
study area. Thus, in this case study, we chose the input data combination [W, T, Ed]
(i.e., ‘No RH’ scenario with daily wind speed (W), daily air temperature (T), and
daily saturation vapor pressure deficit (Ed) as inputs) for modeling. We trusted the
Gamma Test identified data length (i.e., 2,327 data points) and that optimum length
has been used for training of different data-based models in subsequent sections.
The remaining data points out that a total of 4,019 were used for testing the models,
including the hybrid wavelet intelligent systems.

7.6 Data-Based Modeling in Evaporation Modeling

In this section we discuss data based evaporation modeling using different basic
data-based models such as ANNs, SVMs, and hybrid models such as NNARX,
ANFIS, NW, wavelet-ANFIS, and wavelet-SVM, concentrating on the recom-
mendations of the Gamma Test mentioned in the previous section.

7.6.1 Data-Based Evaporation Modeling with LLR, ANNs,
ANFIS, and SVMs

The best input combination (with W, T, Ed) derived from the Gamma Test is used
to develop LLR, ANNs (with different algorithms such as BFGS, Conjugate Gra-
dient, and Levenberg–Marquardt), and SVM models. To assess their relative per-
formance, the analysis results based on different statistical parameters are tabulated
in Table 7.9. As mentioned earlier, the models were trained using the training data
length of 2,327 and the remainder was for testing. The analysis on ANN models
have shown that the ANN model with Levenberg–Marquardt performed better than
the other two algorithm-based models with RMSE of 2.98 mm/day during the
training phase and 3.08 mm/day during the validation phase. Other statistical
parameters can be found in Table 7.9. It is also observed that the performance of
ANN-Conjugate Gradient models is comparable to that of ANN-LM models in
terms of most of the statistical terms. The scatter plots of the different ANN-LM
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models during training and validation phases are shown in Fig. 7.28. The corre-
sponding plots of ANN-BFGS and ANN-CG are shown in Figs. 7.29 and 7.30.

For ANFIS, the number of membership functions for each input was set to three
and the input data were scaled between [0, 1]. The membership function type was
selected as Gauss bell shaped. The results in the training and testing of ANFIS are
listed in Table 7.9, along with those of LLR methods. It can be observed that ANN-
LM and LLR have better performances than the ANFIS model. The best results

Fig. 7.29 ANN-BFGS modeled and observed evaporation data at the Chahnimeh reservoirs
region: (a) training data; (b) validation data

Fig. 7.30 ANN-CG modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training data; (b) validation data

Fig. 7.28 ANN-LM modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training data; (b) validation data

218 7 Data-Based Evapotranspiration Modeling



were observed for the LLR model with values of 2.755 mm/day, 0.91, 0.97, and
91.4 % for statistical parameters such as RMSE, CORR, slope, and efficiency
respectively. The corresponding values for the ANFIS model were 2.96 mm/day,
0.89, 0.98, and 90 % respectively. In contrast, the variance of distribution for ANN-
LM was observed to be higher than that of ANFIS with values 8.874 and 8.76 (mm/
day)2, respectively. Both these values are much better than the other two ANNs.
Between ANNs and ANFIS, ANN-LM has a slightly better performance, which
indicates that a fuzzy approach has not helped to outperform abilities of the
Levenberg–Marquardt algorithm to improve the evaporation modeling results.
Whereas the fuzzy approach dealt effectively with Conjugate Gradient and BFGS
algorithms. Figure 7.31 illustrates the scatter plots for the LLR model and the
scatter plots of the ANIFS models are given in Fig. 7.32.

This section also checked the capability of SVMs in data-based evaporation
modeling, based on the data from the Chahnimeh reservoirs region of Iran. Proper
identification of different parameters including cost factors, best regressors, and
kernel functions is very important in SVM modelling. For this purpose, we have
tried different combinations of kernel functions, regressors, and classifiers to see
which combination is the best. Different SVMs such as ε-SVR (epsilon type support
vector regressor), ν-SVR along with different kernel functions such as linear,

Fig. 7.31 LLR modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training data; (b) validation data

Fig. 7.32 ANFIS modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training data; (b) validation data

7.6 Data-Based Modeling in Evaporation Modeling 219



polynomial, radial, and sigmoid type kernels. The modeling results are given in
Fig. 7.33.

Figure 7.33 shows the modeled root mean squared error when using different
combinations on the evaporation data in terms of mean squared errors. This analysis
on daily evaporation data from the Chahnimeh reservoirs was performed after
fixing the parameters to default values (degree in kernel function is set as 3, coef0 in
kernel function is set as zero, cache memory size is set as 40 MB, and tolerance of
termination criterion is set as a default value of 0.001). The analysis results are in
line with what we found in previous modeling case studies. It was found that the
performances of both ε-SVM and ν-SVM with linear kernel function have shown
better values (minimum) of RMSE. The root mean squared error produced by the ε-
SVM was better than that of ν-SVM in all kernel functions. The cost value was
chosen to be 2 because it produced least error at that value, with minimum running
time and its better performance in our previous experience. The value of ε was set to
0.1 for reliable results and less computation time based on our experience in pre-
vious case studies and this analysis. However, the SVM-modeled results were not
that promising compared to LLR and ANFIS models in this case study. The SVM
model (ε-SVR with linear kernel) produced an RMSE of 3.34 mm/day with an
MBE of −0.0549 mm/day and an efficiency of 87.4 % during the training phase,
whereas the corresponding values during the validation phase were 3.67,
−0.614 mm/day, and 87.0 % respectively. The statistical performance analysis
showed that SVM slightly underperformed compared to the ANFIS and LLR
models.

Fig. 7.33 Variation of performance in data-based evaporation modeling at the Chahnimeh
reservoirs region when applying different support vector machines on different kernel functions
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This section gave an overview of modeling results of some fairly recent AI
techniques on the topic of evaporation estimation. The analysis of this kind is one of
the few initial attempts to apply artificial intelligence data-based models such as
ANN, SVM, and ANFIS models in a Middle East region. The study has confirmed
that the models LLR, SVMS, ANN, and ANFIS worked well for a hot and dry place
such as Iran. However, the fuzzy element introduced by ANFIS and the basic SVM
failed to outperform the ANN-LM in this study, so it would be interesting to
explore its ability when applied in conjunction with discrete wavelets.

7.6.2 Evaporation Modeling with Hybrid Models NNARX,
NW, W-ANFIS, and W-SVM

For the purpose of constructing a NNARX model, a multi-layer feed-forward
network type of artificial neural network (ANN) was built on the basis of a linear
ARX model with inputs such as that of an ARX model. The neuro-wavelet (NW)
model was constructed using a multi-layer feed-forward network type of artificial
neural network along discrete wavelet transfer (DWT) model. The discrete wavelet
transfer model decomposed the original evaporation data using high-pass and low-
pass filters into series, namely detailed coefficients (D) and approximation (A) sub-
time series. In this NW model for evaporation modeling, selected sub-series of the
original data directly were used as inputs of the ANN model. The diagrammatic

Fig. 7.34 The decomposed wavelet sub-time series components and approximation series of daily
records from the Chahnimeh reservoirs region: (a) daily air temperature; (b) daily wind velocity;
(c) daily saturation vapor pressure deficit (Ed)

7.6 Data-Based Modeling in Evaporation Modeling 221



representation of the general NW model is shown in Chap. 4. The daily data of air
temperature (T), wind speed (W), saturation vapor pressure deficit (Ed), and relative
humidity (RH) were decomposed into three series of detailed coefficients (D) and
three series of approximation (A) sub-time series. These three resolution levels of
three GT identified inputs (i.e., air temperature details (DT1, DT2, and DT3), wind
speed details (DW1, DW2, and DW3), saturation vapor pressure deficit details (DEd1,
DEd2, and DEd3), and approximate modes (AT3, AW3, and AEd3). DWT is used to
decompose the input data into three wavelet decomposition levels (2–4–8). The
three detailed coefficient series and the third approximate series of the original data
in this study are presented in Fig. 7.34. These sub-series of the original data from
the Chahnimeh reservoirs region were used as the inputs of W-ANFIS and
W-SVMs. The technical details of SVM and ANFIS are identical to those discussed
earlier. The performance analysis of NNARX, NW, W-ANFIS, and W-SVM
models is summarized in Table 7.9.

It can be observed from Table 7.9 that the NW model in predicting the evap-
oration data is better than all other models with superior values of statistical
parameters. The observed and predicted evaporation values of the NW model for
the training data are given in Fig. 7.35a as a scatter plot and the corresponding
values for the validation data in Fig. 7.35b as a line diagram. For all the models, the
evaporation is underestimated for the validation phase as indicated by the MBE
values in Table 7.9. A sight overestimation is observed with the NW model during

Fig. 7.35 NW modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training phase as scatter plot; (b) validation data as line diagram

Fig. 7.36 W-SVM modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training phase as scatter plot; (b) validation data as line diagram
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the training phase with a numerical value of 0.014 mm/day. The worst values
among these four models are observed in the case of the NNARX model with
RMSE of 3.31 mm/day during the training and 3.63 mm/day during the validation
phase. The best performance of the NW model in terms of variance (6.85 (mm/
day)2) during training is followed by the W-ANFIS (7.61 (mm/day)2), W-SVM
(8.89 (mm/day)2), and NNARX models (10.98 (mm/day)2). The corresponding
values during the validation phase were 9.43, 8.42, 9.65 and 11.72 (mm/day)2,
respectively. The modeled results of the W-SVM model during training is shown in
Fig. 7.36a in the form of a scatter plot and the results during validation is given in
Fig. 7.28b in the form of a line plot.

The performance efficiency of the NW model is slightly higher than that of the
W-ANFIS model during the training phase. NW model efficiency is observed as
4.88 % higher than that of the NNARX model for training and the corresponding
value for the validation data is 1.74 % higher. Compared with the W-SVM model,
the efficiency values of the NW model are 2.56 and 1.94 % higher for the training
and validation data, respectively. In the case of the NW model, the MAPE values
are found to be 0.215 and 0.257 mm/day during the training and validation phases,
respectively. The modeling results of the NNARX model is shown in Fig. 7.37a, b
for training and validation phases, respectively. Figure 7.38a, b show the modeling
results of W-ANFIS models in the form of line diagrams for training and validation
phases, respectively.

Fig. 7.37 NNARX modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training phase as line diagram; (b) validation data as line diagram

Fig. 7.38 W-ANFIS modeled and observed evaporation data at the Chahnimeh reservoirs region:
(a) training phase as line diagram; (b) validation data as line diagram
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In the above section, we have described the response of different models on
evaporation data of the Chahnimeh reservoirs region, Iran. It was found that the
predictions are better in terms of numerical values when we used a complex
modeling structure. It is necessary to evaluate critically the utility of different
models in evaporation studies in terms of different attributes such as model error,
model sensitivity, and model complexity. The classification of models in terms of
model utility is performed for this case study and is elaborated upon in the next
section.

7.7 Evaporation Data Model Selection in Terms of Overall
Model Utility

The evaporation data modeling was performed using models such as LLR, ANNs
(with different algorithms), ANFIS, SVM (ε-SVR with linear kernel), and other
wavelet-based hybrid models such as NW, W-ANFIS, and W-SVM. In order to find
the best utility model among these models, a model error–model sensitivity–model
uncertainty procedure is adopted as explained in Chap. 2. The best and most useful
data-based model for evaporation modeling in this study area was identified using a
new statistic called overall model utility (U). This statistic has been adopted to
measure the ‘utility’ of the model with respect to modeling uncertainty (assuming
that model uncertainty is connected to its sensitivity and error) and model com-
plexity (as a function of modeling time). As the model complexity is not directly
measureable, this quantity is connected to the training time after fixing an

Fig. 7.39 Sensitivity curves for different data-based models in daily evaporation modeling
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achievable best error for the models. It has been observed that the RMSE decreases
with increasing complexity as the basic hypothesis. The more complex NNARX
and SVM models have shown more erroneous prediction than the relatively simple
LLR and ANN-LM models in the case study on data based modeling on evapo-
ration. The better prediction in terms of error is exhibited by the NW model,
followed by the W-ANFIS, ANFIS, and W-SVM models. To find the modeling
sensitivity of the model to the inputs, we have changed all the inputs in the range
−30 to +30 % and analyzed the variation of output in relation to the change in
inputs. The sensitivity diagrams were drawn for each model, averaging the change
in outputs with the percentage change in inputs. The slopes of these sensitivity
diagrams are estimated and each slope value is considered as the measure of sen-
sitivity. The sensitivity curves for different models are shown in Fig. 7.39.

The variation of the sensitivity of different models on daily evaporation data with
the corresponding complexity values are shown in Fig. 7.40. The sensitivity-
complexity relation shows a positive linear trend with increasing complexity with
an R2 value of 0.728. Models such as ANN-LM, LLR, and NNARX fall very close
in this plot. It has been observed that the higher value of complexity and sensitivity
was associated with the W-SVM model in this case study. Even so, the W-ANFIS
model is somewhat complex in structure, and the sensitivity value was observed
close to that of basic ANFIS model. Even though the NW model has a complex
structure, in this particular case study, the model achieved the designated target
accuracy in less time, and thus the complexity value is less.

Table 7.10 shows the different models and the variation of different modeling
attributes which decide overall utility of the models.

The normal range of overall model utility index (U) is 0 and 1. The model with
higher U value is considered to be the model with better utility in terms of modeling
aspects such as uncertainty and complexity. The utility diagram of the models used
in the evaporation modeling is shown in Fig. 7.41. It is seen that the NW model has
the higher utility in this modeling case study with U value of 0.342. The relatively

Fig. 7.40 Sensitivity versus complexity—case study: evaporation modeling
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simpler model LLR could perform significantly well in evaporation modeling with
a U value of 0.326. The LLR model had a consistent performance throughout the
three case studies in this book. Because of the relatively high sensitivity and
modeling time of the SVM and W-SVM models, those two models gave the lowest
utility index values. Even though the sensitivity of the ANFIS was less than that of
the W-ANFIS, the utility value for W-ANFIS is found to be higher because of its
consistency in modeling error during training and validation. The failure of
W-SVM indicates that not necessarily all complex model gives useful predictions.
Complex models may stand out in ‘better and more useful’ model groups if they fail

Table 7.10 Modelling attributes and overall model utility for different models in daily
evaporation modeling

Model Complexity
(function of
modelling
time)

Sensitivity
(function
of Slop of
sensitivity
curves)

RMSE
(mm/
day)

RMSE
(relative
fraction
of higher
value)

Sensitivity
(relative
fraction of
higher
value)

Utility
(U)

ANN-
LM

31 1.29 3.02 0.906907 0.469091 0.278014

NW 179 1.38 2.61 0.783784 0.501818 0.34192

ANFIS 89 2.11 2.96 0.888889 0.767273 0.16969

W-
ANFIS

434 2.2 2.76 0.828829 0.8 0.185458

SVM 389 1.91 3.33 1 0.694545 0.139072

W-SVM 1,251 2.75 2.98 0.894895 1 0.051096

NNARX 35 1.31 3.31 0.993994 0.476364 0.220594

LLR 28 1.3 2.755 0.827327 0.472727 0.326226

Fig. 7.41 Overall model utility—case study: evaporation modeling
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to give a consistent performance with less variability with change in inputs. The
better performance of LLR indicates that even a less complex model with a good
scientific base can replicate the natural processes effectively if the learning process
is proper and effective.

7.8 Discussions and Conclusions

As stated earlier, this case study was performed using data sets from three major
catchments: the Brue catchment, UK, the Santa Monica station, USA, and the
Chahnimeh reservoirs region, Iran. In Sect. 7.1 we have concentrated on the tra-
ditional Penman empirical equations for evapotranspiration estimation for different
time steps using the data from the Brue catchment and Santa Monica Station, and
have compared their modeling results with MLP artificial neural networks. The
analysis used Penman mathematical models such as FAO56-PM, ASCE-PM, CI-
MIS-PM, and a new empirical equation (Copais Approach) for analysis. The study
emphasized the capabilities of the FAO56-PM equation in ET0 modeling on data
rich catchments and concluded that ANN can be successfully applied in both data
rich and scare situations for modeling evapotranspiration. It has been found that the
relatively less data intensive model Copais Approach could perform well in all
seasons, except summer, in different time scales of analysis, ranging from hourly to
annual. In the second major section, we have used the daily evaporation data from
Chahnimeh reservoirs region of the Iran.

This case study extensively evaluated the performance of GT in identifying the
input structure and training data length in the context of evaporation modeling. The
study has used different model selection approaches such as the AIC, BIC, entropy
theory, and traditional approaches such as data splitting and cross correlation
methods on the daily data from the Chahnimeh reservoirs region of the Islamic
Republic of Iran, to check the authenticity of GT analysis. The analysis with the GT
identified three different combinations—[W, RH, Ed], [W, T, Ed], and [W, T, RH,
Ed]—with training data lengths of 2413, 2327, and 1325, respectively, considering
different attributes such as gradient, Gamma statistics, and error. This highlights the
need to evaluate the GT results through modeling and effective comparison to
locate the best input structure and training length, rather than merely trust on the
lowest Gamma static value. A collaborative work with this author [21] trusted the
[W, RH, Ed] input structure and length of 2413 for further modeling without any
authenticity check. Moghaddamnia et al. [19] have used the same GT suggested
inputs for modeling with different ANN and ANFIS techniques. The GT gave
results in terms of lowest value of Gamma static which contradicted many estab-
lished research projects which highlight the importance of air temperature on
evaporation modeling [12, 16−17, 24]. Moghaddamnia et al. [19] noted that ‘‘It has
been found that the relative importance of inputs is W > Ed > RH > T. The
significance of the daily mean temperature data was relatively small when com-
pared with other weather variables since the elimination of this input made small
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variation in the Gamma statistic value.” This approach was questioned by Kisi
[17], who claimed that the input T has more influence on evaporation modeling than
the input W. Kisi [17] argued that the models with the inputs of W, T, RH, Ed may
perform better than the model with three inputs. This chapter fully agrees with the
argument of Kisi [17] that data-driven models should be carefully established with
proper comparison. Otherwise, the model results may be in conflict with the physics
of the examined results. Thus, this chapter has evaluated various model structures
and training lengths with the help of state-of–the-art data selection approaches and
comprehensive modeling (LLR and ANN).

Further studies in this chapter highlighted that the best model structure is neither
[W, RH, Ed] nor [W, RH, Ed, T]. Analysis with entropy theory confirmed that the
input combination [W, T, Ed] was better than the other two combinations in terms
of possible transferable inherent information in the data to the model. Entropy
theory identified the daily saturation vapor pressure deficit (Ed) as the most influ-
encing data series among the available inputs. This finding was in line with the
assessment of AIC, BIC, and traditional cross correlation analysis. The entropy
study showed that the relative importance of inputs is Ed > T > W > RH. However,
entropy analysis with an increase in data points failed to identify the training data
length within the available range of data. Entropy theory has suggested that the
available data length is insufficient to make the best data-based model which rep-
resents the complete information in the phenomenon. Analysis with AIC and BIC
has identified the best combination as [W, T, Ed], with least information criterion
values. However, the training data length identification results were unsatisfactory.
AIC value has shown a sudden decreasing change after the 3,500 data position,
whereas the BIC value was relatively stable. Data splitting analysis agreed with
AIC and BIC findings, giving low error values at the 3,500 data point. Even though
there are disputes in suggestions made by AIC/BIC and GT, the chapter adopted the
training data length as 2,327 (GT suggested) because the analysis result from GT
was on the randomized data. To check the reliability of this [W, T, Ed] input
structure, a comprehensive modeling was performed with LLR and ANN models
on all 15 input scenarios. The modeling with LLR has shown that [1101] model
([W, T, Ed]) model has given better performance followed by that of [1110] model
([W, T, RH]) model. This result matches that of the GT suggested inputs. It is also
interesting to note that the model with four inputs ([1111] model) gave a better
performance during training, and overall performance was much lower than several
models with three or two inputs because of its poor performance during validation.
The usefulness of controlled experiments [2] to evaluate the effectiveness of input
selection is fully explored in this case study. The improper input structure with
lowest Gamma value, which gives results contrasting with the physics, could be
connected to the distribution of the Gamma static values. There should be more
research on this area to ascertain how much uncertainty is associated with the
Gamma static values. This uncertainty could be evaluated through analyzing PDFs
and CDFs of distribution of Gamma values on different ensembles of data points.
This chapter urges researchers to focus more into those aspects and to avoid
treacherous analysis research which can lead to pitfalls in Gamma static evaluation.
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After confirming the success of GT in identifying the input combination [W, T,
Ed] and training data length 2,327, the chapter has performed modeling using
several state-of-the-art data-based models such as LLR, ANN, ANFIS, and SVMs.
This case study also made a novel attempt to combine DWT with the above-
mentioned major artificial intelligence techniques in context of evaporation mod-
eling. The hybrid models such as NW model, W-ANFIS, and W-SVMs, and their
applications, are new in the field of evaporation modeling. The ANN modeling
using different algorithms suggested that the Levenberg–Marquardt algorithm is
better for modeling compared to Conjugate Gradient and the Broyden–Fletcher–-
Goldfarb–Shanno (BFGS) algorithm. The SVM modeling was performed for dif-
ferent classifiers and regressors with different kernel functions. The ε-SVR with
linear kernel function was observed as the best model for evaporation modelling. It
was found that the models such as ANN-LM, NNARX, ANFIS, and LLR had better
performances than the SVM model in terms of statistical parameters. The incor-
poration of DWT with models such as ANFIS, ANN, and SVM improved the
prediction performance considerably. The W-SVM model took a considerably
longer time for modeling compared to other wavelet-based hybrid structure. It was
interesting to note that the good performance of the LLR model was consistent and
comparable to that of the relatively complex NW model.
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Chapter 8
Application of Statistical Blockade
in Hydrology

Abstract This chapter introduces a novel Monte Carlo (MC) technique called
Statistical Blockade (SB) which focuses on significantly rare values in the tail
distributions of data space. This conjunctive application of machine learning and
extreme value theory can provide useful solutions to address the extreme values of
hydrological series and thus to enhance modeling of value falls in the ‘Tail End’ of
hydrological distributions. A hydrological case study is included in this chapter and
the capability of Statistical Blockade is compared with adequately trained Artificial
Neural Networks (ANN) and Support Vector Machines (SVM) to get an idea of the
accuracy of the Statistical Blockade.

8.1 Introduction: Statistical Blockade

Statistical analysis could be used to investigate the influence of one of the
parameter’s variation to a given simulation. Standard Monte Carlo is an accurate
way to simulate a given scenario. Monte Carlo is a computational method, which is
based on repeated simulations with various random parameters to evaluate the
resulting output. It is usually used in simulation analysis and mathematical systems.
However, the drawback of this approach is the cost of time, and there are a large
numbers of simulations required to capture the rare events. Compared to standard
Monte Carlo methodology, the approach called Statistical Blockade (SB) is able to
sample and analyze the rare events more efficiently.

SB is an extension of extreme value distribution and its related theorem. The
principle of SB is so simple, in that we ‘block’ the values unlikely to fall in the low
probability tails (hydrological peaks). Usually, in rare event analysis approaches, to
obtain both samples and statistics for rare events, we may need to generate an
enormous number of samples. We normally use Monte Carlo (MC) simulation for
simulating synthetic values based on the distribution efficiency. However, the MC
method is inefficient when we only consider the peak flood values (rare events) asMC
still follows the complete distribution in generating synthetic samples. Thus SB uses a
classifier (Support Vector classifier in our case) to filter out candidate MC points
which will not generate values of interest to us in the tail. In short, an SV classifier
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works in the tail portion of our distribution to pick the peak values (based on our
threshold) from the MC generated values. In other words, we can say that this
approach is partially similar to the peaks over threshold (POT) method [generalized
Pareto distribution (GPD) to the exceedances over some threshold]. In the POT
method, the used data are from historical records and not synthetically generated,
whereas, in SB, ‘synthetically’ generated data is used [5]. A schematic representation
of SB is given in Fig. 8.1a, assuming that threshold value flood time series is at 90 %.

In statistics, Extreme Value Theory (EVT) deals with the extreme deviations from
themedian of probability distributions. In otherwords, EVT is amathematical method
to build themodel of the tail part of the distribution. Assuming that t is the threshold of
the cumulative distribution (CDF), F(x) means that the tail part of the distribution
consists of the values above t. The upper tail is the probability of a rare event occurring.
The conditional CDF which exceed the threshold t can then be defined as

FtðxÞ ¼ Fðxþ tÞ � FðtÞ
1� FðtÞ for x[ 0 ð8:1Þ

Fig. 8.1 Statistical Blockade: a basic steps; b tail definition
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The GPD tail model can be used to make predictions regarding rare events which
are farther out in the tail than any of the data we used to compute the GPD model.
This can be done by the important distribution of the EVT, which refers to GPD. It
can be defined as

Ga;kðzÞ ¼
1� 1þ kz

a

� �1=k

; k 6¼ 0

1� e�z=a ; k ¼ 0

8><
>: ð8:2Þ

Finally, we can fit GPD to the conditional CDF [3, 12].
In the above basic flow, the classifier plays an important role. One of the popular

classifiers are Support Vector Machines (SVMs) [6]. These were created by
Vladimir Vapnik in 1992 and are a powerful machine learning technique which can
be used for both regression and classification problems (in our SB method). This
method uses theory and techniques from machine learning and statistical theory
which were already well known. Support vector regression (SVR) is a special type
of SVM. The success of classifiers and prediction methods depends heavily on the
quality and choice of the data used. Domain knowledge is important to be able to
choose features likely to bring good results. The standard SVM is used for clas-
sification and will be introduced briefly.

For clarity, here we consider two input variable classification. In Fig. 8.2, where
there are two input features x = (x1, x2) and three possible classes denoted by
symbols such as o, * and []. A classifier is a function C(x) which, given some input
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Fig. 8.2 Example with two input features and three possible classes
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vector x, returns 0, 1, or 2 (here o, *, or [], respectively); i.e., it predicts the class
that x belongs to. Hence, the classifier defines some inter-class boundaries in the
input space: Fig. 8.2 also shows a possible set of such boundaries. A SVM classifier
uses the optimal separating hyperplane as the decision boundary between classes in
the input space. The SVM hyperplane is positioned to give the largest margin
between itself and the nearest classification points.

8.2 Statistical Blockade Steps

In this section the basic steps of SB are illustrated. Assume that we have 1,000
samples from a given measurement (i.e., the size of training sample is n0. The size
of size synthetic data is n (e.g., 10,000), and the percentage Pt (e.g., 99 %) and Pc

(e.g., 97 %), where Pt and Pc are the two thresholds. The Algorithm (Fig. 8.3) of the
SB is used as below.

Algorithm 1:   Statistical Blockade method

1:   Assume: training sample size (e.g., ); total sample size 
(e.g., )

2:

3:   

4:   

5:   

6:  

7:   

8:   

9:   

Fig. 8.3 Algorithm of the Statistical Blockade method [2]
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First, the initial measurement data are used as samples for the classifier.
Then two thresholds are examined—one is t which can be tested by the percentage
Pt, and the other is the threshold of classifier tc which can provide a safety margin.
Then the classification threshold can be evaluated by the percentage Pc. In the
statistical parameter space, the N points can be generated using a MC approach or
synthetic can be assumed here. These points should be stored in a matrix, and the
input dimensionality is the number of parameters that we considered. Each point in
the dimensions is regarded as a row of X. In the algorithm, building the classifier is
done by using the function BuildClassifier (X, y, tc), where tc is the classification
threshold. After getting the classifier, the points in X are filtered, and the “body”
points are blocked; then it returns the “tail” points of the distribution. Now we need
to fit the GPD to conditional CDF. This is dealt with by evaluating the parameters e
and b by using the function FitGPD(ytail - t). Then the GPD model can be used to
evaluate the statistical metrics for rare events of the synthetic data [12].

The SVM [8, 9] could be used as the classifier. There are various approaches
such as LIBSVM [2], SVMlight [8, 9], or WEKA [14]. There are four basic kernels
of SVM in Chang and Lin [2]—linear, polynomial, radial basis function (RBF), and
sigmoid.

Note that the classifier itself depends on the number of non-tail samples, which is
to say that the number of body points is much greater than the number of tail points.
It will block the body points (non-tail points) according to the classification
threshold and the tail threshold. The classifier keeps trying to find the body points—
as many as possible—no matter whether there is any tail point misclassified. Hence,
the detected tail points would be misclassified. However, this caused another
problem of how to reduce the misclassification. In order to solve this problem, a
method of weight scale to increase the weight of the tail points was proposed. By
setting the value of the weight scale of the tail points, an appropriate number of the
classified tail points can be obtained, which make a safer margin than just using the
classification threshold. For instance, if we just use the classification threshold,
which refers to 97 %, there should be 300 tail points detected. On the other hand, it
detected 349 tail points while using the technique of weight scale.

To explain the SB method further, we consider a practical data set. The histo-
grams in Fig. 8.4 show some interesting distributions of the given data set. Some of
them have approximately normal distributions. A normal distribution may be
expected, because we would expect many to have average values and fewer to have
extreme values. It may be tempting to apply the central limit theorem (CLT) here.
This states that the mean of a large number of random variables will be normally
distributed. However, in reality, some of the cases have a long tail which is difficult
to model. Statistical methods can be used in such scenarios.

Having seen the idea and the algorithm of the SB, here we consider an example
flow with two variables x1 and x2 from the above data. To implement the SB
approach, 1,000 measure samples were taken as the training samples of the clas-
sifier. Then we can get the results of the output parameters and the tail threshold of
the distribution (here set as 99 %). In general, it is difficult to build an exact model
of the boundary in general. Misclassifications, at least on points unseen during
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training, are unavoidable. Hence, we relax the accuracy requirement to allow for
classification error. The second step is to use the training samples and the classi-
fication threshold to train and build a classifier. Figure 8.5 shows an example of a
tail region for two inputs. The rest of the input space is called the “body” region,
corresponding to the body of the output distribution. Among the 1,000 samples, the
red points are the tail points and the blue points are the body points.

In the third step, 10,000 samples of synthetic data were generated. The synthetic
sample points are classified using the classifier that was built in the previous step
and the non-tail points are blocked. Figure 8.6 shows the classified synthetic data.
As can be seen, the classifier clearly marks the tail data and the data corresponding
to tail samples can be easily extracted. One could build the model for the tail data
from the data extracted which is used for further analysis. This reduction in time
spent is high because we are trying to study only the rare events, which by defi-
nition constitute a very small percentage of the total synthetic sample size. As
explained, the basic idea is to use a classifier to distinguish the tail and body
regions, and to block out the body points. For any point in the input space, gen-
erated from the synthetic data, the classifier can predict its membership in either the
“body” or the “tail” classes. Only the “tail” points are then carefully analyzed,
assuming that the purpose is to evaluate the rare events.

Fig. 8.4 Data correlations and distributions
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Fig. 8.5 Training the classifier: classifier output for the initial training sample
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Fig. 8.6 Classification of synthetic data. The classifier trained using initial samples (see Fig. 8.5)
is used here
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8.3 Case Study in Hydrology

8.3.1 Study Area

The study was performed with discharge data from the Beas River which originates
in the Himalayas and flows into the Sutlej River. The Beas River flows for an
approximate length of 470 km and it has a basin area of around 12,561 km2. The
major two dams in the basin are Pong dam and Pandoh dam, both of which are
predominantly used for irrigation, hydroelectric, and flood control purposes. The
Pandoh dam is a diversion dam and diverts nearly 4,716 million m3 of Beas waters
into the Sutlej River. The daily meteorological data used for the study are from
National Centres for Environmental Prediction (NCEP) Climate Forecast System
Reanalysis (CFSR) gridded data. The available data from the above-mentioned data
sets are daily precipitation (mm/day) [Precip], daily maximum temperature (°C)
[Tmax], daily minimum temperature (°C) [Tmin], daily average solar radiation (MJ/
m2/day) [Solar], daily average wind velocity (m/s) [Wind], and relative humidity
(%) [RH]. The study has used river discharge time series (daily inflow data to the
Pong dam) obtained from Bhakra Beas Management Board (BBMB) [7]. The study
has used 5 years’ data for the analysis from 1 January 1998 to 31 December 2002.

8.3.2 Application of Statistical Blockade

The capability of SB is checked in this case study in comparison to state-of-the-art
ANNs and support vector repressors. The methodology adopted is shown in
Fig. 8.7. The histograms (with bin size of 100) for different meteorological data sets
for 1 January 1998 to 31 December 2002 are given in Fig. 8.8. This data was used
for synthetic generation of peak events and corresponding input space points to
train the support vector regressor. As one can see Fig. 8.7, we have applied SB for
identification of peak flood over a given threshold value.

After inputting the input space and output values to the model, as per the
threshold value given by the modeler, the SB uses a classifier (support vector
classifier in our case) to filter out candidate MC points which will not generate
values of interest to us in the tail. After proper training, the next time the SB sees a
tail value (e.g., extremely high flood value), the model would be able to give a
corresponding combination of inputs which could possibly make high flood sce-
narios. So, in a way, a properly trained SB is more suitable to find input space or
range or input space which produces extremes tail values. Thus, it has huge sig-
nificance in hydrological terms to identify quickly possible multi-dimensional input
space causing major floods. The SB can make synthetic data from unblocked tail
values fit the points to a GPD, so this method is very useful in data sparse situations
and ungaged stations.
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The four input space with 566 data points—wind speed, humidity, minimum
temperature, and precipitation—identified using the Gamma Test [4] and which is
explained in the next section, along with the observed discharge values, were used
to train the SB with the SVM classifier [13] which works by means of a RBF kernel
(details are given earlier in this chapter). As an example, the classified input space
obtained from the SB at a threshold value of 90 % is shown in Fig. 8.9. The blue

Fig. 8.7 Methodology adopted to compare capabilities of Statistical Blockade and comparison
with ANNs and SVMs

Fig. 8.8 Histograms of different meteorological input space used for SVM modeling
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dots correspond to the ‘non-tail region’ data and brown dots correspond to the ‘tail
region’ of the discharge data for a threshold value of 90%.

The modeling capabilities of SB have been assessed by comparing with those of
the ANN and SVM models in predicting the number of flood flows which could
exceed a range of threshold values. The percentage changes in the number of flood
events predicted by the different models are shown in Fig. 8.10, based on the
training data sets.

The figure indicates that Standard Blockade has higher capabilities to predict the
peak values exceeding selected threshold values of flood exceedance. However, it is
interesting to note that ANN has a better performance than SVM in this particular
case study. Results suggest that the performance of SB is comparable to that of the
ANN model in predicting the number of flood events falling above a threshold
value at 90 and 80 %. The SB has outperformed the ANN towards the lower limits
(70 %) and higher limits (90 %) of the threshold. The high error values of the SVM
model can be related to the underestimation of the model during monsoon seasons.
This highlights the fact that the SVM model requires much better tuning of its
parameters for getting an improved performance. The GPD CDF generated in our
case study for different peak values is shown in Fig. 8.11. This graph could generate
meaningful information about the tail region of the discharge in the study area.

The modeling details of ANNs and SVMs in predicting numbers of peaks
predicted above a modeler selected threshold value are given subsequently.

Fig. 8.9 Statistical blockade classification of Monte Carlo generated samples at 90 % threshold
value. The brown color shows flood values that fall in the extreme tail region
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8.3.3 Application of Artificial Neural Network

The story of ANNs started in the early 1940s when McCulloch and Pitts [10]
developed the first computational representation of a neuron. Later, Rosenblatt [11]
proposed the idea of perceptrons and single layer feed-forward networks of
McCulloch–Pitts neurons, and focused on computational tasks with the help of
weights and training algorithm. The applications of ANNs are based on their ability
to mimic the human mental and neural structure to construct a good approximation
of functional relationships between past and future values of a time series. The
supervised one is the most commonly used of the ANNs, in which the input is
presented to the network along with the desired output, and the weights are adjusted
so that the network attempts to produce the desired output. There are different
learning algorithms and a popular algorithm is the back propagation algorithm that

Fig. 8.10 Percentage changes in number of flood events predicted by different models

Fig. 8.11 CDF of generalized Pareto distribution (GPD) generated by Statistical Blockade
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employs gradient descent and gradient descent with momentum which are often too
slow for practical problems because they require small learning rates for stable
learning. Algorithms such as Conjugate Gradient, quasi-Newton, and Leven-
berg–Marquardt (LM) are considered to be some of the faster algorithms, which all
make use of standard numerical optimization techniques. Architecture of the model
including number of hidden layers is also a very important factor.

This study has used a three-layer feed-forward neural network (one input layer,
one hidden layer, and one output layer) which is the most commonly used topology
in hydrology. This topology has proved its ability in modeling many real-world
functional problems. The selection of hidden neurons is the tricky part in ANN
modeling, as it relates to the complexity of the system being modeled. In this study
we have used 15 hidden neurons which were identified through a trial and error
method. We have applied the Gamma Test to identify the input space and training
data length for ANN modeling [1] (the equations of the Gamma Test procedure is
given in Chap. 3).

We have tabulated the Gamma static values corresponding to all data sets in our
input space and selected the first four inputs with minimum Gamma static value.
The embedding 000001 model (i.e., wind speed data as input and flow data as
output) was identified as the best structure in comparison to other models with
single inputs for daily discharge modeling in the Beas catchment. The humidity
data is also considered as the second most effective input data series because of its
low noise level (Г value), the rapid fall off of the M-test error graph, relatively low
V-ratio value (indicating the existence of a reasonably accurate and smooth model),
and the regression line fit with slope A = 1.3882 (low enough as a simple nonlinear
model with less complexity). The relative importance of six input data sets in
modeling are wind speed followed by humidity, minimum temperature, precipita-
tion, maximum temperature, and solar radiation. As per cross correlation and
Gamma Test method, we have used four inputs for modeling and those inputs are
daily values of wind speed, humidity, minimum temperature, and precipitation. To
discover the suitable length of data for training the model, we have employed the
M-test associated with Gamma Test software. The M-test (a repeat execution of the
Gamma Test with a different number of input data lengths) was performed on four
input space (mentioned earlier). The results obtained from the M-test with four
inputs (110011 Model) are shown in Fig. 8.12.

The M-test produced an asymptotic convergence of the Gamma statistics to a
value of 0.0805 at around 566 data points, then increases. Gamma static value gave
a clear indication that it is quite adequate to construct a nonlinear predictive model
using around 566 data points with reasonable accuracy. So, in this study, the
training data length is selected as 566 data points. The ANN model is calibrated
using this input space and data length of 566; the modeling results are shown in
Table 8.1. The line plots during ANN training and validation are shown in
Figs. 8.13 and 8.14 for training and validation phases.
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Table 8.1 Modeling results in statistical indices terms

Model/indices CC Slope NS efficiency PBIAS %

Training data

SVM 0.76 0.89 0.55 57.1

ANN 0.88 0.91 0.76 37.98

Testing data

SVM 0.72 0.86 0.46 61.46

ANN 0.87 0.88 0.75 37.82

Fig. 8.13 ANN modeling results during the training phase

Fig. 8.12 M-Test results corresponding to four input (110011 model)
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8.3.4 Application of Support Vector Machines

The conventional SVM model has used the first 566 data points of the available
data points as the training data set, using four input data time series as per the
recommendations of the Gamma Test. The scaling of the input lists are important in
SVM modeling as the difference between extreme values is reduced, which makes it
easier and faster to run the SVM algorithm. So, we have normalized the complete
data sets in a zero to one range. The proper identification of the kernel function out
of the four functions is important in SVM-based modeling as kernels are the
components which simplify the learning process. Trial and error modeling was
adopted to identify the suitable kernel functions and it was found that the v-SVR
with polynomial kernel function is the best model for the discharge modeling in the
Beas basin for the selected input space (results are not shown here). The cost
parameter (C) of error assigns a penalty for the number of vectors falling between
the two hyperplanes in the SVM hypothesis. Estimation of the optimum cost is very
important as it has an influence on the quality of the data used for the modeling. To
ascertain the optimum cost value, the SVM made from the best model v-SVR
regression algorithm with polynomial kernel was run several times and the mean
least error is lowest when the C parameter is 2. These parameter settings were used
for the v-SVR model for calibration and validation of the data sets, and to compare
with the prediction capabilities of ANNs and SB.

The modeling results from the SVM models in the training and validation phases
are shown in Figs. 8.15 and 8.16. One can note from the pictorial results that the
model has failed to simulate sudden variations of flood flow during the monsoon
season but has better agreement during the non-monsoon months. The performance
of the model was compared using major statistical indices such as coefficient of
correlation (CC), slope, Nash and Sutcliffe Efficiency (NS), and percentage bias
error. The Nash coefficient of efficiency of the conventional SVM model, which

Fig. 8.14 ANN modeling results during the validation phase
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determines the capability of the model in predicting discharge values, was calcu-
lated as 0.55 with a CC value of 0.76 and a bias value of 57.1 % during the training
phase. The equivalent values during the validation phase are given in Table 8.1,
along with the corresponding values of an ANN model.

The results show that combined application of EVT with machine learning can
provide useful information in flood modeling or any extreme value cases with high
dependency on multi-dimensional input space. A support vector classifier is used in
this study to separate out the main mass from extreme values above the threshold.
This method is clearly useful in the cases of limited data sets and where there is
difficulty in making a definite model from available data sets to model extreme
values. One distinct advantage of this approach is that the modeler can produce
useful synthetic data to analyze features of extreme values and the model can give
details (range) of possible input vectors making extreme values. Although we have

Fig. 8.15 SVM modeling results in the calibration phase

Fig. 8.16 SVM modeling results in the validation phase
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presented SB here in a simple case study, focusing into its capability to learn
extreme points from the given training data and then to validate with other models,
the actual modeling capabilities are immense, as the model can fit the data with
GPD. We hope SB will gain considerable attention from researchers from envi-
ronmental science and applied engineering in the near future.

8.4 Conclusions

Extreme hydrological events have aroused significant interest in hydrology, as such
events have the potential to cause human and economic losses. Meanwhile, pre-
dictive uncertainty and imprecise peak (extreme flow) estimations are continuing to
be major perplexing concerns in the field of hydrology. This chapter presented
mathematical details of a new state-of-the-art rare event analysis method called SB,
and introduced it to the field of hydrology through a case study. In the case study,
the capabilities of SB to predict rare events above several threshold values is
compared with artificial neural networks and SVMs. The study has also explored
the capability of the Gamma Test, utilizing the daily data from the Beas catchment
in conjunction with mathematical models such as SVM, SB, and ANNs, and
identified suitable inputs and training data lengths from the study region. This
chapter advocates that conjunctive application of an extreme value theorem with the
machine learning concept (SVM classification in this case) is a very useful tool in
extreme value modeling in applied engineering. In this case study, SB has proved
its capability to offer better predictive accuracy to find the peaks over a given
threshold, which has significance in such catchments with high variability in dis-
charge volume.
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