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PREFACE

A reliable and computationally efficient drought model is a useful tool for water resources
management since a prior knowledge of drought-risk depends on our ability to accurately forecast
its future occurrence. The Inter-governmental Panel on Climate Change Report on extreme events
has recognized drought as an extreme climatic event that needs to be mitigated to reduce its
negative effects. Therefore, fast, accurate and reliable drought forecasting models that provide
lead-time information on the future drought-risk is a useful tool for drought management. Droughts
pose risks to economic areas (e.g., agriculture), and so must be defined by the deficiency of water
resources rather than a rainfall deficiency. Therefore, forecasting of the Dls based on the concept
of water resources (e.g., the effective DI, EDI; Byun and Wilhite 1999) are useful for decision-

making in the field of drought hydrology and water resource management.

To extract information on drought-risk, the downscaling of rainfall from global climate models
(GCMs) is performed using statistical or dynamical methods. Dynamical methods utilize a limited-
area high-resolution model (e.g., regional climate model) using boundary conditions from GCMs
to derive small-scale drought information while statistical models discover links between future
climate and large-scale predictors. In statistical models using machine learning (ML) algorithms,
the simulations are empirically calibrated from the observed data. ML is recognised as an
alternative for local-scale drought forecasting. ML is less complex as it assimilates datasets to
‘learn’ from climatic trends. Other advantages include the forecasting of climate without the need
for complex physical equations, easy model development, low computational cost, fast training
and testing, the possibility of local applications (e.g., farms) using point-based forecasting data
and their competitive performance relative to fully-dynamic models.

In this study an attempt has been made to develop a reliable machine learning model for the

forecasting of effective drought index.
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Chapter-1
Introduction and Review of Literature

1.1 Introduction

Drought is a complex hydrologic feature of arid and semiarid regions with strong implications on
the sustainability of water resources, agriculture and environmental management. The Inter-
governmental Panel on Climate Change Report on extreme events has recognized drought as an
extreme climatic event that needs to be mitigated to reduce its negative effects (Field 2012).
Drought forecasting is a critical part of addressing drought and is important in risk management
and mitigation (Mishra and Singh 2011; Belayneh et al. 2016). Forecasts are performed using
drought indices (Dls) that are standardized metrics of rainfall, temperature or evapotranspiration.
Drought models are used to forecast drought indices (Dls) that quantify drought by its onset,
termination, and subsequent properties such as the severity, duration and peak intensity in order to
monitor and evaluate the impacts of future drought. Numerically expressed DIs are more
functional than raw rainfall data as such metrics can be used as better triggers for detecting the
initiation and termination of drought levels necessary for recovery planning, mitigation and
decision-making. Therefore, fast, accurate and reliable drought forecasting models that provide
lead-time information on the future drought-risk is a useful tool for drought management. For

forecasting of drought, basically two types of models are considered in literature:

e Physical models which predict coupled effects of the ocean and the atmosphere, known as
Global Circulation Model (GCM) and

e Statistical models that assimilate observed values of hydro-meteorological properties (e.g.
temperature or rainfall) to forecast future drought events.

Machine learning (ML) (or statistical model) is now being experimented in a wide variety of
climate applications. The ML models utilize, assimilate and ‘learn’ from the evidence of past
climate trends using observational dataset to predict the future. The practical advantages of the
ML algorithm over the GCM are the explanation of the externally driven climate without the need
for complex physical models, easiness of experimentation, validation and evaluation, low

computational burden, much more simple and fast in the training and the testing phases, the



applicability to the data for a specific point of measurement (a specific area) and the competitive

performance compared to physical models (Ortiz-Garcia et al., 2014).

A frequently used ML algorithm in climate sciences is the artificial neural network (ANN). ANN
is a powerful and versatile data-driven algorithm for capturing and representing complex input and
output relationships. However a major challenge encountered by the ANN is the requirement of
iterative tuning of model parameters, slow response of the gradient based learning algorithm used
and the relatively low prediction accuracy compared to the more advanced ML algorithms (e.g.
(Acharyaetal., 2013; Sahin et al., 2014)). The extreme learning machine (ELM) model has gained
popularity in hydrological forecasting as an improved artificial intelligence approach that requires
significantly less computational time than the classical artificial neural network (ANN) model for
training datasets. The concept of extreme learning machine (ELM) was proposed by Huang (2006)
for single-hidden layer feedforward neural networks (SLFNs) which randomly chooses hidden
nodes and analytically determines the output weights of SLFNs. This algorithm tends to provide
good generalization performance at extremely fast learning speed. The ELM algorithm has a fast
three step method designed using a single layer feed forward neural network with hidden neurons
and randomly generated weights. The hidden layer parameters (hidden neurons and biases) are
first randomized for a particular network architecture (governed by the number of input variables
and the number of hidden neurons chosen optimally by the ELM network performance).
Afterwards, the input variables are propagated through the hidden layer and finally the output

weights are solved as a linear system of equations.
1.2 Review of literature

Huang (2006) proposed a new learning algorithm called extreme learning machine (ELM) for
single-hidden layer feedforward neural networks (SLFNs) which randomly chooses hidden nodes
and analytically determines the output weights of SLFNs. This algorithm tends to provide good

generalization performance at extremely fast learning speed.

Kim and Byun (2009) investigated the effect of global warming on drought patterns over Asia at
the end of the twenty-first century by a multi-model ensemble method based on daily precipitation
data of 15 coupled climate models. The projected precipitation climatology was translated into the

change in drought climatology using the effective drought index. The results of the models were



consistent in that they project an increase in the mean and the standard deviation of precipitation

over most of Asia, and the increase was considerably greater in higher latitude areas.

Kimetal. (2011) investigated drought in South Korea were using daily precipitation data for 1777—
2008. The climatological characteristics of the effective drought index was used to quantify the

drought intensity. They developed a spatiotemporal EDI map using wavelet transformation.

Belayneh and Adamowski (2012) compared the effectiveness of three data-driven models i.e.
artificial neural networks (ANNS), support vector regression (SVR), and wavelet neural networks
(WN) for forecasting drought conditions in the Awash River Basin of Ethiopia. The forecast results
indicate that the coupled wavelet neural network (WN) models were the best models for

forecasting SP1 values over multiple lead times in the Awash River Basin in Ethiopia.

Rathinasamy and Khosa (2012) presented a comparative evaluation of different wavelet forms
when employed for forecasting future states of various kinds of time series. The results suggest
that those wavelet forms that have a compact support, for example the Haar wavelet, have a better
time localization property and show improved performance in the case of time series that have a

short memory with short duration transient features.

Huang (2012) showed that both LS-SVM and PSVM can be simplified further and a unified
learning framework of LS-SVM, PSVM, and other regularization algorithms referred to extreme
learning machine (ELM) can be built. ELM provides a unified learning platform with a widespread
type of feature mappings and can be applied in regression and multiclass classification applications

directly.

Li and Cheng (2014) proposed a conjunction model of wavelet neural networks with ELM (WNN-
ELM) for 1-month ahead streamflow discharge forecasting. The results indicate that the SLFNs-
ELM performs slightly better than the SVM for peak discharge estimation, and the proposed model
WNN-ELM provides more accurate forecast precision than SLFNs-ELM and SVM.

Abdullah et al. (2015) investigated the efficiency of Extreme Learning Machines (ELM) algorithm
at predicting evapotranspiration in southern part of Irag. They showed that ELM is efficient, simple
in application, of high speed, and has very good generalization performance. They recommended
this algorithm for locations similar to the geographical and meteorological conditions of Iraq that

consists of both arid and semiarid regions.



Deo et al. (2015a) employed the EDI for analysis of historical drought events in Australia and

demonstrated its skill for quantifying dry spells as well as continuing drought events.

Belayneh et al. (2016) explored the ability of coupled machine learning models and ensemble
techniques to predict drought conditions in the Awash River Basin of Ethiopia. They explored the
potential of wavelet transforms coupled with the bootstrap and boosting ensemble techniques to
develop reliable artificial neural network (ANN) and support vector regression (SVR) models for

drought prediction.

Deo et al. (2016) developed a wavelet-based drought model using the extreme learning machine
(W-ELM) algorithm where the input data are first screened through the wavelet pre-processing
technique for better accuracy to forecast the monthly effective DI (EDI). They demonstrate
enhanced forecast skill of the drought models that use wavelet pre-processing of the predictor

dataset.

Deo et al. (2017) studied the drought modelling using multivariate adaptive regression splines
(MARYS), least square support vector machine (LSSVM), and M5Tree models by forecasting SPI
in eastern Australia. They highlighted the importance of periodicity in drought forecasting and
also ascertains that model accuracy scales with geographic/seasonal factors due to complexity of
drought and its relationship with inputs and data attributes that can affect the evolution of drought

events.

Dayal et al. (2017) investigated the feasibility of the Artificial Neural Network (ANN) algorithms
for prediction of a drought index: Standardized Precipitation-Evapotranspiration Index (SPEI).
They developed an ANN model to predict the index in two selected regions in Queensland,

Australia.

1.3 Motivation

e Machine learning techniques is less complex as it assimilates datasets to ‘learn’ from
climatic trends and it is recognised as an alternative for local-scale drought forecasting.

e By the use of machine learning technique, we can forecast the drought without the need for
complex physical equations.

e Forecasting of drought index through machine learning has an easy model development,
low computational cost, fast training and testing, the possibility of local applications (e.g.,

4



farms) using point-based forecasting data and their competitive performance relative to
fully-dynamic models.

e The modelling of drought index using machine learning (ML) algorithms for drought
forecasting is still lacking, especially in India.

e The extreme learning machine (ELM) model has gained popularity in hydrological
forecasting as an improved artificial intelligence approach that requires significantly less
computational time than the classical artificial neural network (ANN) model for training
datasets.

e ELM satisfies the universal approximation condition with good generalization
performance (Huang et al. 2015), and therefore, is a suitable ML approach for drought
forecasting.

e Though so many advantages of ELM, existing ELM algorithms pay little attention to
optimizing the choice of kernels, which is indeed crucial to the performance of ELM for
applications in drought forecasting.

e Wavelet transformation of signals can allow a ML model to better analyze the time
evolution of hydrological processes at different scales. Hence, wavelet decomposition of
inputs is considered a multi-resolution tool for pre-processing non-stationary signals.

e Wavelet coupled multiple kernel ELM, to model the drought index has not been explored

anywhere.
1.4 Objectives

1) To develop methodology for modelling and forecasting of drought index using different
machine learning techniques

2) Todevelop and evaluate forecasting model for drought index using multiple kernel extreme
learning machine

3) To develop and evaluate wavelet based multiple kernel extreme learning machine for

forecasting drought index
1.5 Plan of Report

This report deals with various aspects of development of multiple kernel extreme learning machine

(MK-ELM) and wavelet based multiple kernel extreme learning machine (W-MK-ELM) for the



forecasting of drought index. This report is divided into five chapters. Chapter-I of this report i.e.
the present chapter gives a brief introduction to the problem and objective of the study and review
of literature on earlier work done in the direction of forecasting of drought index. Chapter-I1 deals
with machine learning techniques for modelling and forecasting of drought index. Chapter-11I
discusses multiple kernel extreme learning machine model for drought index. Chapter—IV deals

with wavelet based multiple kernel extreme learning machine model for forecasting drought index.



Chapter-2
Machine learning techniques for modelling and forecasting of drought index

2.1 Introduction

For the forecasting of future drought, basically two types of models are considered in literature:
physical models and statistical models. Physical models predict coupled effects of the ocean and
the atmosphere, known as Global Circulation Model (GCM). An alternative to the physical model
is the machine learning (ML) (or statistical model) that is now being experimented in a wide variety
of climate applications. Statistical models assimilate observed values of hydro-meteorological
properties (e.g. temperature or rainfall) to forecast future drought events. The practical advantages
of the ML algorithm over the GCM are the explanation of the externally driven climate without
the need for complex physical models, easiness of experimentation, validation and evaluation, low
computational burden etc. The ML models utilise, assimilate and ‘learn’ from the evidence of past
climate trends using observational dataset to predict the future. Many types of ML algorithms have
recently been proposed in literature, including the co-integration methods that analyse
relationships between stationary and non-stationary data, regression approaches for evaluating
time-series properties of air temperature, neural networks for predicting rainfall (Abbot and
Marohasy, 2014) etc. Consequently many studies are using different ML algorithms to
demonstrate nearly coincident or in some cases, even better prediction yields than the GCM

models.

A frequently used ML algorithm used in climate sciences is the artificial neural network (ANN).
ANN is a powerful and versatile data-driven algorithm for capturing and representing complex
input and output relationships. However a major challenge encountered by the ANN is the
requirement of iterative tuning of model parameters, slow response of the gradient based learning
algorithm used and the relatively low prediction accuracy compared to the more advanced ML
algorithms (e.g. (Acharya et al., 2013; Sahin et al., 2014)).

The purpose of this investigation is then three fold: A first objective consists of evaluating the
capability of the ELM model considered in the problem of predicting monthly Effective Drought
Index using meteorological datasets and climate mode indices as input variables. A second

objective consists of a deep statistical analysis of the results disseminated by the ELM model in



relation to the predictions by ANN model. A third objective is to deduce the optimum network
architecture of the MK-ELM, W-MK-ELM and the ANN models, computational speeds and
performance parameters. The conclusion is that the wavelet based MK-ELM model performs
significantly better than the ANN model and therefore, is potentially useful for research in areas
of effective management of water environments, agriculture and infrastructure. In this study we
have adopted a much improved class of ML algorithm, known as extreme learning machine (ELM)
as a statistical model in a problem of predicting the monthly Effective Drought Index (EDI) (Byun
and Wilhite, 1999).

2.2 Methodology
2.2.1 Extreme learning machine (ELM)

Extreme learning machine (ELM) developed by Huang et al., (2006) is the state-of-art novel
machine learning algorithm for Single Layer Feedforward Neural Network (SLFNSs).
Consequently the ELM model has been widely used for the solution of estimation problems in
many different fields and is now gaining attention within the climate research and applied
engineering community (Acharya et al., 2013; Belayneh and Adamowski, 2012; Sahin et al.,
2014). These investigations and others have demonstrated important advantages of the ELM model
over the traditional neural network or vector classification schemes. The ELM model is easy to
use and no parameters need to be tuned except the predefined network architecture, thus avoiding
many complications faced by the gradient-based algorithms such as learning rate, learning epochs,
and local minima. Importantly the ELM model has also been proven to be a faster algorithm
compared with other conventional learning algorithms such as backpropagation (BP) or support
vector machines (SVM). In the ELM approach most of the training is accomplished in time span
of seconds or at least in minutes in large complex applications which are not easily achieved by
using the traditional neural network models (Acharya et al., 2013). The ELM model possesses
similar generalization performance to the backpropagation, the SVM and the singular value
decomposition (SVD) algorithms in data classification and prediction problems. Therefore, the
ELM model has been considered as an ideal computational algorithm for forecasting atmospheric
and meteorological variables including solar energy, air temperature and rainfall that generally

have large and complex datasets.



ELM was proposed for ‘“generalized’’ single-hidden layer feedforward networks where the hidden
layer need not be neuron alike (Huang & Chen, 2006; Huang, Zhou, et al., 2012). The output
function of ELM for generalized SLFNs is

0 = Bis(0) = hOOB

where

B =[B1, ..., B.]" is the output weight vector between the hidden layer of L nodes to the m> 1
output nodes, and h(X) = [hy(X), ..., h,(X)] is ELM nonlinear feature mapping, e.g., the output

(row) vector of the hidden layer with respect to the input X.

h;(X) is the output of the ith hidden node output. The output functions of hidden nodes may not

be unique. Different output functions may be used in different hidden neurons.

Feature learning
Clustering
Regression

[ Classification

L Random Hidden Neurons (which need not be
algebraic sum based) or other ELM feature
mappings. Different type of output functions
could be used in different neurons:

hi(x) = G;(a;, b;, x)

d Input Nodes

Figure: Schematic view of ELM
In particular, in real applications h;(X) can be
h;(X) = G(a;, b;,X), a; €R% b; €ER
where

G(a, b, x) (with hidden node parameters (a, b)) is a nonlinear piecewise continuous function

satisfying ELM universal approximation capability theorems ( Huang, et al., 2006).



Basically, ELM trains an SLFN in two main stages:
(1) random feature mapping and

(2) linear parameters solving.

In the first stage, ELM randomly initializes the hidden layer to map the input data into a feature

space by some nonlinear mapping functions.

The nonlinear mapping functions in ELM can be any nonlinear piecewise continuous functions. In
ELM, the hidden node parameters (a, b) are randomly generated (independent of the training data)
according to any continuous probability distribution instead of being explicitly trained, leading to
remarkable efficiency compared to traditional BP neural networks. In the second stage of ELM

learning, the weights connecting the hidden layer and the output layer, denoted by B, are solved by

minimizing the approximation error in the squared error sense:

min
B I= RLxm |

where

H is the hidden layer output matrix (randomized matrix):

h(X,) hy(X1)
H = : = :
h(Xy)1  Lhy(Xy)
and T is the training data target matrix:
t] t11
T=1|:]=]":
th It
where
[|- || denotes the Frobenius norm.
The optimal solution is given by:
B*=H'T

where

10

|HB — TI|?

hu(X1)

hy (Xy)

tlm]
tvm




H? denotes the Moore—Penrose generalized inverse of matrix H.
Generalization performance:

Most algorithms proposed for feedforward neural networks do not consider the generalization
performance when they are proposed first time. ELM aims to reach better generalization

performance by reaching both the smallest training error and the smallest norm of output weights:
minimize: ||Bll;* + CIIHB — TI|?

where

1
01 > 01 ) > 0; p.q= 0'511;2;---14_00

The first term in the objective function is a regularization term which controls the complexity of
the learned model.

Huang, et al. (2012) especially studied the stability and generalization performance of ELM with

cl=02=p=q=2:

N

min 1 C _

gegim FIBIE+Z D llel? st h(XOB=¢F—el, i=1,..N.
i=1

By substituting the constraints of above equation into its objective function, we obtain the
following equivalent unconstrained optimization problem:

min 1 C
B € Rbxm Lgiy = E”ﬂ”z +E||T_Hﬁ”2

If H has more rows than columns (N > L), which is usually the case where the number of training
patterns is larger than the number of the hidden neurons, we have the following closed form

solution for f3:

-1

1
B = (HTH + E) H'T
where

I is an identity matrix of dimension L.

11



If the number of training patterns is less than the number of hidden neurons (N < L), then H will

have more columns than rows, so

where, | is an identity matrix of dimension N.
2.2.2 Artificial Neural Network (ANN)

ANNSs have been applied for modelling purposes for many years in mathematics, engineering,
medicine, economics, hydrology, meteorology, psychology, neurology and other subjects. Their
popularity has grown since their first inception in 1943 (McCulloch and Pitts, 1943) mainly to
solve prediction problems with variables of stochastic nature, nonlinear or unknown variations or
those that must be determined from less controlled environments (Moustris et al., 2011). An ANN
model weaves through mathematical components derived from stochastic time-series datasets to
tackle the prediction of very complex systems (e.g. rainfall or drought prediction). As they are
flexible and less assumption-dependent, there is no need to define the underlying physical process
between the inputs and outputs (Morid, et al., 2007). This makes the ANN very suitable for drought
forecasting where variables that trigger a drought may not be fully understood. Basically, the ANN
model learns from previous history of how the input signal has varied over the time. It constructs
logically an input—output mapping system to perform the future predictions. In order to train and
test an ANN model or predicting a variable, the input data and its corresponding output values are

necessary (Sahin et al., 2013)

ANN is a computational paradigm composed of non-linear elements (neurons) operating in parallel
and massively connected by networks characterized by different weights. A single neuron
computes the sum of its inputs, adds a bias term, and drives the result through a generally nonlinear
activation function to produce a single output termed the activation level of the neuron. ANN
models are specified by network topology, neuron characteristics, and training or learning rules
(Lippman, 1987) with inputs, output(s) and hidden layers with interconnections. The fundamentals
processing unit is a neuron, which computes a weighted sum of its input signals, yi, for i =0,1,2,.
.., n, hidden layers, wij; and then applies a nonlinear activation function to produce an output

signals u;.

12



A neuronal model consists of an externally applied bias, bk which has the effect of increasing or
decreasing the net input of the activation functions depending on whether it is positive or negative.

Mathematically, a neuron k may be described by

m
Uy = z ka]'
j=1

Vi = ©(uy + by)

where x4, X5, . . ., X,, are the inputs signals; wy, wi,, . . ., Wiy, are the synaptic weights of neuron
k; uy is the linear combiner output due to input signals; by, is the bias; ®(.) is the activation function
and y,, is the output signal of the neuron. Bias b, has the effect of applying an affine transformation

to the output u; of the linear combiner in the model (Fig. 2b) as shown by
Vi = Ug + bk

In particular, depending on whether by, is positive or negative, the relationship between the induced
local field or activation potential v, of neuron k and linear combiner output u, can be modified.
Note that as a result of this affine transformation, the graph of v, versus u;, no longer passes

through the origin. The bias by is an external parameter of artificial neuron k.

m
Vi = Z ijx]'
j=0

Vi = @ (V)

The tangent sigmoid, ¢(x) logarithmic sigmoid, W(x) and linear, y(x) transfer function are

described as follows

2
P =T !
P = 1+e™™

x(x) = linear(x) = x

13



Computationally efficient ANN networks employ second-order training methods, primarily the
Levenberg-Marquardt (LM) or the Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-Newton
backpropagation learning algorithms that minimize the mean squared error between the predicted
and observed variable (Tiwari and Adamowski, 2013). An LM algorithm uses an approximation

to the Hessian matrix as follows
X1 =X — 7]+ ul]™ e

where J is the Jacobian matrix calculated using standard backpropagation techniques and is less
complex than computing the Hessian matrix. The J contains first derivatives of network errors
with respect to the weights and biases and e is a vector of errors. The BFGS quasi-Newton is an
alternative to the conjugate gradient methods for fast optimization, which uses the following

equation:

— -1
Xis1 = X — A gk

where A; ! is the Hessian matrix (second derivatives) of the performance index at the current values

of the weights and biases.

2.2.3 Least-squares support vector regression (LSSVR)

In this study we incorporated the SVR class of models as a comparison with the neural network
models. SVR-based models adhere to the structural risk minimization principle in contrast to
neural network models which are developed to reduce empirical risk. SVR models are designed to
improve generalization properties of the forecast model by placing a regularization constraint on
the size of the model weights while neural network models aim to reduce the empirical error
without regularization—in short, SVR models seek to attain good performance with small weight
values while neural network models simply seek to attain good performance, with no mechanism
to control the size of their weights. In general, the LSSVR algorithm (a specific model from the
SVR class) is utilized to solve a linear programming problem where the training (input) vectors,
taken as support vectors, are used to nonlinearly map inputs into forecasts. A linear formulation of
LSSVR helps alleviate the convex quadratic programming problem associated with the original
SVR model. In the standard SVR, the level of ‘‘slackness’’ (i.e., the property of the SVR which

determines which training data vectors are chosen as support vectors) is set by selecting an

14



inequality constraint. This forces the inclusion of another parameter in the model that must be
optimized (i.e., via the quadratic programming problem mentioned above). However, the LSSVR
model avoids this problem (and solves the regression problem as a set of linear equations) since
each input vector is chosen as a support vector and a ‘‘slackness’’ term is not required (this aspect
of LSSVR is often seen as an advantage over SVR due to its faster training speed, higher stability,
and better control. Consequently, an LSSVR model provides global solutions to the error function
which is an advantage over gradient based algorithms (e.g., FFBP-ANN) that suffer from
difficulties posed by the presence of local minima. A kernel function (K) and its relevant
parameters are chosen such that a bound on Vapnik—Chervonenkis (VC) dimension is minimized,

yielding stable solutions.

Given an input—output data set, X and Y comprised of N training data samples, i.e., (x;, y;) fort
=1, 2,...,N, where x, e R? and y, e R%; the LSSVR model is minimized with respect to the loss
function L defined by

1 N
L(w, e)——WTW+ Ez
t=1

where

e? is the quadratic loss term,
W is the weight vector and
C is the regularization parameter

To solve for the LSSVR parameters, the Lagrangian multipliers method is used as follows
(Suykens et al. 2002):

LW ,k,e,a)=L(W, e)— Z ar{WTo(x,) + k + e — v}
t=1

where

¢(x) is a nonlinear mapping function
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a € RY is the set of Lagrange multipliers and
k € R is the bias term.

The conditions which prove to be optimal in solving the LSSVR parameters are determined by
taking partial derivatives of the extended loss function [i.e., L(W, k, e a)] with respect to each

term (W, k, e a) as follows:

5L ~
5—W=0—>W=zat¢(xt)
t=1
N
oL
ﬁ=0—>2at=0
t=1

—6L 0 C t=1 N
=0->a, = =1,..,
Se, %t e ’

6L
_:WT¢(xt)+k+et_yt, t = 1,...,N
Sa;

The above conditions can be expressed in matrix form as:

[£1)’ [¢) +1Z‘—11] - [I;] - [3]
where

1 is a vector of ones and

(1 is used to represent the kernel function (K) satisfying Mercer’s theorem (Mercer 1909; Okkan
and Serbes 2012):

'qu = ¢(xu)T¢(xv) = K(xu, xv), u,v=1,.., N,
where the kernel function [K (x,,, x,) € R] may be represented by the commonly used RBF:
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<_||x-x2||>
K(x, x) =e\ 2°°

o represent the RBF kernel width.
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Figure: Schematic representation of LSSVR

2.3 Results and Discussion
2.3.1 Study area and climate data

This study utilised monthly precipitation data of Sagar and Chattarpur district of Bundelkhand
region (Fig. 2.1) for a 52-year period (1951-2002) acquired from the India Water Portal website.
The choice of test stations was ideal for testing the skill of the drought model. In terms of its
climatic conditions, the Sagar district had average annual precipitation 1060 mm while the
Chattarpur district had average precipitation 1032 mm with coefficient of variation 0.211 and
0.257 respectively. Hence, the EDI models developed in this study can be useful tools for drought-
risk studies in these sites. Figure 2.2 and 2.3 shows plot of precipitation of Sagar and Chattarpur

district respectively.
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Figure 2.1 Geographical location of Bundelkhand region
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Figure 2.2 Plot of precipitation of Sagar district
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Figure 2.3 Plot of precipitation of Chattatpur district

2.3.2 Calculation of effective drought index (EDI)

In order to develop drought forecasting models, the precipitation data were used to calculate the
effective drought index (EDI) (Byun and Wilhite 1999). In this study, the EDI was determined
from daily effective precipitation (Pg), with summed precipitation both for the current and the

antecedent day determined by a time-dependent reduction function.

Suppose that P is the rainfall recorded on any day, m (1 < m < 365) and N* is the duration of

summation of the preceding period, then Pe for that (current i) day is:
D *
P. = z lzgl:l Pml
E; N*
N*=1

Above equation defines the degree to which Pm is converted into P, for the it day but importantly,
this model considers antecedent precipitation with reduced weighting. That is, the Pe will
accumulate 100 % of precipitation received a day before, and 85 % of that received 2 days before,
and 77 % of that received 3 days before, and so on, to 0.0423 % of precipitation 365 days before
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the i™" day (Kim et al. 2009). The model puts the highest weight on present rainfall, whereas the
previous days’ contributions decrease gradually up to the annual cycle (N = 365 days, ignoring

leap year for simplicity). In order to formulate the EDI, two simple equations were utilized:
DPEiszi_MPE

DPg,
SPg

EDI, =

where, MPE is the mean PE, SPE is the standard deviation derived from the hydrological period
(1951-2002), and i is the particular day. The "drought range™ of Effective Drought Index (EDI)

are:
Extremely dry conditions at Less than -2
Severe droughtat  -1.5t0-1.99
Moderate droughtat -1 to -1.49.
Near normal conditions -0.99 to 0.99

In this study, for converting precipitation data in to Effective Drought Index (EDI), R code has

been developed. By using developed code all precipitation data were converted in to EDI.
2.3.3 Input selection and drought model development

When designing a robust drought model, it is important to consider pertinent factors such as the
proper selection of predictor variables or their combinations, training of predictor variables,
ensuring the minimum level of over-fitting, selecting the best training algorithm and activation
functions, ensuring the smallest generalization error and using the best performance assessment
metrics. As there is no ‘rule-of-thumb’ to determine the significant inputs (Tiwari and Adamowski
2013), patterns engrossed in the EDI signal were recognized by correlation statistics i.e.
autocorrelation function (ACF) and partial ACFs (PACFs; Tiwari and Adamowski 2013). The
statistical method attempted to extract lagged information from the signal to analyse time periods
between the current index value, and the index at a point in the past domain. Subsequently,
optimum inputs for each time lag were identified by statistically analysing the lagged combinations

and correlation coefficients (r). While the ACF detected seasonality in inputs, the PACF removed
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any dependence on intermediate elements (those within lags), interpreted as a regression of the
time-series against its past lagged value. Figures 2.1 to 2.4 shows correlograms of ACF and PACF
for both district considered with a 95 % confidence interval. As a norm, scaling of predictor
variables was applied prior to the simulations in order to avoid the patterns or attributes with larger

numeric ranges dominating those of the smaller numeric range.
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Figure 2.5 PACF of Sagar district
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Figure 2.7 PACF of Chattarpur district

A three layer network that contained the input, feature optimisation and the output space was
employed with the predictor dataset from training and the testing sets used for developing the
present drought models. ELM model in this study was developed using the logarithmic sigmoid
activation function. To identify the best ELM network architecture (i.e., number of hidden
neurons), the number of hidden neurons was decided upon a priori. The architecture that performed
best on a particular partition was then used to justify a particular architecture as optimal. Initially,
the ELM model was randomly executed 50-1000 times to explore the effect of the variation of the
randomized hidden layer weights and biases on the network’s output. The objective was to obtain

the smallest mean square error (MSE) for the weights and optimal nodes in the hidden layer.
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Finally, this resulted in 100 randomizations that were appropriate for a stable solution of the

forecasted monthly EDI. For each station, the time to run drought models was also recorded.

As a benchmark, the ANN model was also developed as this model has been shown to be an
effective tool for drought forecasting. The ANN models were developed by considering different
architectures with iteratively varying hidden neurons (1-35). During this period, the MSE value
was monitored at the iterations of the training phase. The training was stopped when the MSE was
at its minimum in comparison to earlier iterations or when the maximum number of epochs was
reached (Bishop 1995). As with previous studies (Tiwari and Adamowski 2013; Deo and S, ahin
2015a), the secondorder Levenberg—Marquardt training algorithm, which is a fast and efficient
algorithm, was employed for the ANN model.

The LSSVR model developed in this study was based on the radial basis kernel function (RBF).
The choice of the RBF was appropriate, as it has a good ability to map nonlinear input samples to
high dimensional space, it is able to discover non-linear relationships between target data and input
data attributes and it has superior performance compared to the linear kernel. Also, the linear kernel
is a special case of the RBF and the sigmoid kernel behaves like the RBF for certain parameters.
The setting of C and r is important for a model’s forecasting accuracy (Hoang et al. 2014). A range
of kernel widths, r = 2[15131197531-1-3-5]  and regularisation constants, C =
2[715-13,-11,-9-7,-5-3,~1,13] \yere trialled to create the best LSSVR structure. The optimised
parameters were chosen based on the smallest MSE. Initially, a grid-search was used to identify

plausible parameters that were then fine-tuned using the Nelder—Mead simplex algorithm.
2.3.4 Model Evaluation

All the model simulations using the ELM, SVR and the ANN algorithms were conducted in the R
software. Table 2.1 shows the parameters of the ELM, SVR and the ANN model. The 52-years of
available data (1951-2002) were portioned into two parts, viz the training (1951-1999) and the
testing (2000-2002) phases. The training dataset was used for designing both network models.
After training the proposed network, a weight matrix was obtained and applied to the independent
inputs in the “‘test’” set. Then the final outcomes were compared with the observed (actual) values

of the Effective Drought Index.
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Table 2.1 The neuronal arrangements for the ELM and the ANN models

Location Model Training algorithm or | Neuron structure

Activation function

Sagar ANN Levenberg-Marquardt 10-26-1
ELM Logarithmic sigmoid 11-50-1
Chattarpur ANN Levenberg-Marquardt 10-32-1
ELM Logarithmic sigmoid 12-45-1

For designing the ELM model three layers were used to build the architecture (see Table 2.1) for
predicting monthly EDI trained with data from 1951 to 1999, and tested over 2000 to 2002 with
observed Effective Drought Index (EDIlo). The ELM output layer had one neuron representing the
predicted monthly Effective Drought Index (EDIp) but in hidden layers a maximum of 75 neurons
are tested. A taxonomy of activation functions were tried one by one, which included sigmoid,
log-sigmoid, hyperbolic-tangent sigmoid, radial bias, triangular bias, hyperbolic-tangent sigmoid
and hard-limit. In each trial the numbers of nodes in hidden layer were increased gradually by an
interval of five. Then, the nearly optimal node for ELM was selected as 50 with the hard-limit
activation function and 11-50-1 neurons in the architecture of the ELM model for Sagar and 12-

45-1 architecture for Chattarpur district.

In addition, to show the potential of the proposed ELM model for predicting the Effective Drought
Index a performance comparison in terms of the estimation capability was made between the ELM
and the conventional feedforward ANN model run with the BP algorithm. Because it is a well-
known universal estimator, the ANN model can rather be considered as standard benchmark. In
accordance with Maier and Dandy (2000), all data prior to its inclusion into the ANN model was
scaled appropriately. In the present investigation, the input neurons were scaled in the range of [-
1, 1] and a transfer function was implemented to explain the nonlinear relationship between input
and output neurons. For determining the optimum ANN model to be used in this work, the set of
five backpropagation training algorithms used were as follows: scaled conjugate gradient, one-
step secant, BFGS quasi-Newton, Bayesian regulation and Levenberg-Marquardt. Additionally,
the set of two commonly used family of hidden transfer functions (hyperbolic-tangent sigmoid and
log-sigmoid) and the three output functions (linear, hyperbolic-tangent sigmoid & log-sigmoid)

were all tried on the testing datasets one at a time in order to seek the optimum model for the final
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experiments. Like in the case of the ELM model, the number of neurons in the hidden layer was
varied gradually but this time over the range 4 to 50 neurons. Consequently, the optimum training
algorithm was the Levenberg—Marquardt, the hidden transfer function was the hyperbolic-tangent
sigmoid and the output transfer function was linear with an ANN architecture of 10-26-1 for Sagar
and 10-32-1 for Chattarpur district.

The estimation capability of the monthly EDI from the all machine learning algorithms were
statistically evaluated using the following score metrics or prediction error indicators: Root-Mean
Square Error (RMSE) and Mean Absolute Error (MAE). Table 2.2 shows the performance
capability of the ELM, SVR and the ANN models used in this study. The results confirms that
ELM model perform better compare to the ANN and SVR model in all the evaluation criteria.

Table 2.2 performance capability of the ELM, SVR and the ANN models

Location Predictive RMSE MAE Correlation
Model coefficient
ELM 0.679 0.387 0.835
Sagar ANN 0.690 0.390 0.818
SVR 0.699 0.435 0.801
ELM 0.725 0.418 0.794
Chattarpur ANN 0.743 0.429 0.761
SVR 0.778 0.457 0.750
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Chapter-3
Multiple kernel extreme learning machine model for drought index

3.1 Introduction

Accurate forecasting of drought index is an appealing yet difficult activity in the modern world.
Many factors influence the behavior of the drought index, therefore, drought forecasting is
regarded as one of the most challenging topics for researchers. In the past, methods based on
statistics were proposed for tackling this problem, such as the autoregressive (AR) model, the
autoregressive moving average (ARMA) model and the autoregressive integrated moving average
(ARIMA) model. These are linear models which are, more than often, inadequate for drought index
forecasting. Recently, nonlinear approaches have been proposed, such as artificial neural network,

fuzzy neural networks (FNN), support vector regression (SVR), Extreme learning machine etc.

ANN has been widely used machine learning techniques due to its universal approximation
property. Previous researchers indicated that ANN, which implements the empirical risk
minimization principle, outperforms traditional statistical models. However, ANN suffers from
local minimum traps and difficulty in determining the hidden layer size and learning rate. On the
contrary, SVR, proposed by Vapnik and his co-workers, has a global optimum and exhibits better
prediction accuracy due to its implementation of the structural risk minimization principle which
considers both the training error and the capacity of the regression model. However, the
practitioner has to determine in advance the type of kernel function and the associated kernel
hyperparameters for SVR. Unsuitably chosen kernel functions or hyperparameter settings may
lead to significantly poor performance. Most researchers use trial-and-error to choose proper
values for the hyperparameters, which obviously takes a lot of efforts. In addition, using a single

kernel may not be sufficient to solve a complex problem satisfactorily.

Extreme learning machine (ELM) was first designed for single hidden layer feed forward neural
network and then extended to generalized single hidden layer feed forward networks (SLFN)
which did not necessarily resemble neurons. Different from traditional neural SLFN learning
algorithms ELM aims to minimize both training error and the norm of output weights. Due to its
(2) high efficiency, (2) easy-implementation, (3) unification of classification and regression and

(4) unification of binary and multi-class classification, ELM has been an active research topic over
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the past a few years. In addition the ELM has also been successfully applied to many applications

such as imbalance learning, missing data learning and activity recognition etc.

Although researchers have made great progress from both a theoretical and a practical point of
view, ELM has still not well considered the following two issues. The first one is how to choose
an optimal kernel for a specific application when the kernel trick is applied to ELM such as in
previous work. The other one is how to handle information fusion in ELM when multiple
heterogenous data sources are available. Liu et al. 2015 proposed a general framework by
borrowing the idea of multiple kernel learning (MKL) to handle the above two issues. They called
their framework a multiple kernel extreme learning machine (MK-ELM). In the MK-ELM, the
optimal kernel is assumed to be a linear combination of a group of base kernels, and the base kernel
combination weights and structural parameters of ELM are jointly optimized in the learning
process. Though sharing the same assumption that the optimal kernel is a linear combination of
base kernels, the proposed MK-ELM and the widely studied SVM based MKL algorithms have
important differences. (1) In MK-ELM, the binary and multi-class classification problems are
unified in to one common formula. In contrast, the one- against-one (OAO) and one-against-all
(OAA) strategies are usually adopted in SVM based MKL algorithms to handle the multi-class
classification problems. (2) The optimization problem for MK-ELM is much simpler than the one
used in SVM based MKL algorithms. The structural parameter of MK-ELM can be analytically
obtained by a matrix inverse operation, while a constrained quadratic programming (QP) solver is

required to solve the optimization problems of SVM based MKL algorithms.

The development of better forecasting models for forecasting of drought is an appealing problem
as drought events in many part of India are known to significantly impact sustainable economic
growth, infrastructure, daily living, agricultural industry and natural ecosystems. However, in
predicting future drought the application of the Effective Drought Index (EDI) for drought
assessment has been considered superior to the many other indices used in literature. In particular,
the merits of the EDI were emphasized in a study by Pandey et al., (2008) that investigated drought
in Orissa (India) showed the greater capability of the EDI compared to the other drought indices
(e.g., Standardized Precipitation Index, SPI and the Rainfall Decile Drought Index, RDDI) in
quantifying water resources in relation to drought. Another study by Morid et al. (2006) in Tehran
(Iran) who showed the significantly better performance of EDI, and its better response in detecting
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the start of drought when compared to other approaches (e.g., percent of normal, SPI, China-Z

index, Z-Score).

The purpose of this investigation to develop multiple kernel Extreme Learning Machine (MK-
ELM) model for the forecasting of effective drought Index and compared the output with ANN
and ELM models. The prediction capabilities of the proposed model were assessed by performance
metrics like the Mean Absolute Error, Root-Mean Square Error.

3.2 Materials and Methods

ELM was proposed for ‘‘generalized’’ single-hidden layer feedforward networks where the hidden
layer need not be neuron alike (Huang, et al., 2012). The output function of ELM for generalized
SLFNs is

£.00 = ) Bihi(X) = hCOB

where B = [B4, ..., B,]7 is the output weight vector between the hidden layer of L nodes to the
m> 1 output nodes, and h(X) = [h,(X), ..., h;,(X)] is ELM nonlinear feature mapping. The output
functions of hidden nodes may not be unique. Different output functions may be used in different

hidden neurons. In particular, in real applications h;(X) can be
hi(X) = G(a;, b, X), a; €R%Lb; ER

where G(a, b, x) (with hidden node parameters (a, b)) is a nonlinear piecewise continuous function
satisfying ELM universal approximation capability theorems (Huang, et al., 2006).

ELM trains an SLFN in two main stages: (1) random feature mapping and (2) linear parameters
solving. In the first stage, ELM randomly initializes the hidden layer to map the input data into a
feature space (called ELM feature spacel) by some nonlinear mapping functions. The random
feature mapping stage differs ELM from many existing learning algorithms such as SVM, which
uses kernel functions for feature mapping, or deep neural networks, which use Restricted
Boltzmann machines (RBM) or Auto-Encoders/Auto-Decoders for feature learning. The nonlinear

mapping functions in ELM can be any nonlinear piecewise continuous functions.
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3.2.1 Basic ELM

In the second stage of ELM learning, the weights connecting the hidden layer and the output layer,

denoted by B, are solved by minimizing the approximation error in the squared error sense:

min
g e gixm IHB =TI

where H is the hidden layer output matrix (randomized matrix):

L [PEO] O )
R U7e'S) N (e SRR e
and T is the training data target matrix:
tr [tl.l = tl‘m]
T=]:]|=]|: : :
th tve  tym
Where || - || denotes the Frobenius norm.
The optimal solution to (3) is given by
B =H'T

where H* denotes the Moore—Penrose generalized inverse of matrix H. There are many efficient

ethod, iterative method, and single value decomposition (SVD).
3.2.2 Regularized ELM and ELM kernels

Huang, Zhou, et al. (2012) especially studied the stability and generalization performance of ELM

withol=02=p=q=2:

N
min 1 C .
gepim FIBIF+5 ) llell? st h(XB =t] —ef, i=1,.,N.
i=1
min

1 , C 5
g € Rixm Lewm = SIBII* + = IT — HA|
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The above problem is widely known as the ridge regression or regularized least squares. By setting

the gradient of LELM with respect to {3 to zero, we have

Lgy =" = CH'(T—HB") =0

If H has more rows than columns (N > L), which is usually the case where the number of training

patterns is larger than the number of the hidden neurons, we have the following closed form

solution for :

I _1
B* = (HTH + E) HTT

where | is an identity matrix of dimension L.

Note that in practice, rather than explicitly inverting the L x L matrix in the above expression, we

can instead solve a set of linear equations in a more efficient and numerically stable manner. If the
number of training patterns is less than the number of hidden neurons (N < L), then H will have

more columns than rows, which usually gives an under-determined least squares problem.
Moreover, it is less efficient to invert a L x L matrix in this case. To handle this problem, we restrict
B to be a linear combination of the rows in H: 8 = H'a(a € R¥*™). Notice that when N < L and

H is of full row rank, then HH is invertible. Substituting B = H ainto (10), and multiplying both
sides by (HHT)~1H, we get

a*—C(T—HH"a*) =0

This yield

where | is an identity matrix of dimension N.
3.2.3 Multiple Kernel Learning

It is well known that the choice of kernels is crucial for kernel-based algorithms Cortes and Vapnik
(1995). Much effort has been devoted to tuning an optimal kernel for a specific application. MKL
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provides an elegant way to handle such an issue by optimizing a data-dependent kernel. In MKL,
the optimal kernel is assumed to be a linear combination of a group of base kernels, and the optimal
combination coefficients and the structural parameters of classifiers are jointly learned by
maximizing the margin. Specifically, MKL takes the form of

KCD =D Yoko()

where {kp(-,-)}:=1 are m pre-defined base kernels, and {yp}zl:lare the base kernel combination

coefficients.
3.3 Results and Discussion

Extreme learning machine (ELM) has been an important research topic over the last decade due to
its high efficiency, easy-implementation, unification of classification and regression, and
unification of binary and multi-class learning tasks. Though integrating these advantages, existing
ELM algorithms pay little attention to optimizing the choice of kernels, which is indeed crucial to
the performance of ELM in applications. More importantly, there is the lack of a general
framework for ELM to integrate multiple heterogeneous data sources for the prediction. In this
study, we propose a multiple kernel extreme learning machines (MK-ELM), to improve the
forecasting accuracy of drought index of the extreme learning machine. In the proposed MK-ELM,
the optimal kernel combination weights and the structural parameters of ELM are jointly

optimized.

In this study, we assume that the optimal kernel can be expressed as a linear combination of base
kernels, and jointly learn the structural parameters of ELM and the optimal kernel combination
coefficients. Several kernel combination has been empirically specified and optimized and found

that Gaussian kernel and a polynomial kernel are the best kernel combination.

Details about the data and input selection and drought model development process has been
discussed in the section 2.3.1 and 2.3.3 respectively in the previous chapter. To evaluate the
performance of the model, we used RMSE and MAE. The RMSE and MAE provide different types
of information about the forecasting capabilities of the model in the overall test set. Basically,
RMSE measures the goodness-of-fit relevant to high flow values whereas MAE is not weighted

towards high(er) magnitude or low(er) magnitude events, but instead evaluates all deviations from
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the observed values, in both an equal manner and regardless of sign. Table 3.1 summarizes the
performance metrics of the MK-ELM model in terms of its mean statistical metrics. Also, the
comparative statistics of the ANN and ELM models used as benchmarks for the MK-ELM are
shown. It is found that the statistical performance metrics of the MK-ELM model were better in

magnitude to those of the other models.

Table 3.1 Performance metrics of the MK-ELM model compared with the ANN and the
ELM models

Location Predictive RMSE MAE Correlation
Model coefficient
MK-ELM 0.639 0.352 0.856
Sagar ELM 0.679 0.387 0.835
ANN 0.690 0.390 0.818
MK-ELM 0.683 0.392 0.831
Chattarpur ELM 0.725 0.418 0.794
ANN 0.743 0.429 0.761

A comparison of the performance based on statistical analysis of errors of the predicted output
with the observed values for each model for the two district are shown in Table 3.1. The MK-ELM
outperformed the ELM and ANN model by all means of performance indicators between the
predicted and observed Effective Drought Index. The RMSE and MAE was lower for the MK-
ELM compared to the ELM and ANN models. If the comparison of the correlation coefficient is
made, then MK-ELM model exhibited the best prediction performance with 0.856 and 0.831 for
Sagar and Chattarpur district respectively. The proposed MK-ELM model outperforms to the ELM

and ANN model in all the evaluation criteria.
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Chapter-4

Wavelet based multiple kernel extreme learning machine model for

forecasting drought index
4.1 Introduction

The popularity of discrete wavelet transformation (DWT) in water resources research has grown
in recent years (Adamowski and Karapataki 2010; Tiwari and Adamowski 2013, Partal et al. 2015,
etc) as wavelet-conjunction forecasting models have been found to be more accurate than classical
(non-wavelet) ML counterparts. In the previous chapter, drought forecasting in Sagar and
Chattarpur district, the classical MK-ELM based model was developed for the forecasting of the
EDI. However, in that study the entire signal was utilized instead of its wavelet decomposed
equivalents. Hence in this study, we have used DWT whereby wavelet sub-series with various
frequency components of the raw signal were used to develop the W-MK-ELM model. Like other
signals of a hydro-meteorological origin, a set of input time-series that represent drought evolution
in the temporal domain is likely to exhibit localized high and low frequency components with
dynamical features of nonlinearity and non-stationarities. Due to the localization properties in time
and scale, wavelet transformation of such signals can allow a ML model to better analyze the time
evolution of hydrological processes at different scales. Hence, wavelet decomposition of inputs is
considered a multi-resolution tool for pre-processing non-stationary signals; for instance, prior to
developing ML models (Adamowski et al. 2012) and analysing trends or periodicities. This
technique is similar to short time Fourier transformation as a windowing tool where inputs are
decomposed into shifted and scaled versions according to a mother wavelet to extract frequency

information.
4.2 Material and Methods

Discrete wavelet transformation
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Mathematically, coefficients of wavelet transformation W (r, s) of a continuous signal f(t) are

defined by a linear integral operator (Tiwari and Adamowski 2013):

r

W (r,s) = Irl? rf(t)‘P () ae

where
* is a complex conjugate, the mother wavelet function W(t) is real or complex,

r is the scale/frequency factor controlling the dilation (= > 1) and contraction (r < 1)

and
s is the time factor affecting the temporal translation of that function.

It is assumed that the mother wavelet has finite energy (i.e., a condition of admissibility) and

therefore, is of the form fj;o W(t)dt = 0 with successive wavelet function W, ;(t) written as:

1 t—s
Y, s(t) =|r| 2¥ (T) reR, r#0, s€ER

Note that when the input signal has infinite energy it will be impossible to cover its frequency
spectrum and its time duration with wavelets. However, generally most real-life signals (including
those in hydrology) are constrained with finite energy, so the assumption of admissibility can be
considered as reasonable. By way of its action, seeks to identify the level of similarity between
input time series and mother wavelets at different scales and translations. This generates a set of
wavelet coefficient contour maps (or scalogram). In order to transform input data by wavelet
analysis, the transformation will search for correlations between the signal and wavelet function
at different scales of r and locally around the time of s to produce a scalogram. As it is not feasible
to compute wavelet coefficients at every resolution level of r and s, a dyadic grid arrangement can
be made where coefficients with values corresponding to powers of two are chosen. This simple,
yet efficient method for practical purposes is defined as (Mallat 1998):

t—s —m t — nsorat
_ 2 0’0
Yon (_r ) =71, ¥x <—r0m >,
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where m and n are the integers that denote the magnitude of wavelet dilation and translation,
respectively (r, > 1) is a specified dilation step and (s, > 0) is the location parameter. Typically,

it is reasonable to choose (r, = 2) and (s, = 1) (Tiwari and Adamowski 2013).

In this study, DWT was applied to select translation and location parameters of discrete input
signals. Subsequently, discrete wavelet coefficients (DWCs) were acquired to represent the
minimum number of components needed to reflect the time-series according to the mother wavelet.
Several wavelet families that have proven useful for various applications are described in Mallat
(1998). In practice, hydrologists need to analyse a discrete signal (e.g., monthly, seasonal or
annual) rather than a continuous signal as signals in this field of study are mostly discrete in the
time domain. For a discrete time-series, Wy (t), that could also represent the input variable of a

drought model, assuming (r, = 2) and (s, = 1), the DWT function simplifies as:

Wplm,m) =272 ) FOWx @™ =),
t=0

where W (m,n), is the wavelet coefficient of the DWT process, f(t) is a finite time series (t = 0,
1, 2,...,N — 1), n is the time translation parameter between0 < n < 2Y~™ —1 and m is the
magnitude dilation parameter (1<). In this way, a DWT process is able to perform a multilevel
resolution decomposition of time-series by choosing a discrete scale (integer) for m and n to
develop a set of wavelet coefficients. In this study, the DWCs were used to create time-series

(input) variables in order to forecast the EDI.

Considering that in wavelet analysis, a time-series of length N can be decomposed into M
components with zero redundancy, the inverse discrete transform in terms of a signal smoothed

component ( W) to denote the entire signal mean is described as:

M ZM—m_

1
f)=w+ Z Z Wy (m, n)Z%lP * (27™t —n)
m=1 n=0

In simplified form, above Eqg. can be written as:
M
FO =T + ) Win(®),
m=1
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where W (t) is the approximation sub-signal at level M, and W,,,(t) is the detailed sub-signal at
each level m = 1, 2,....M. As the mother wavelet translates across the input signal during the
wavelet transformation process, it generates wavelet coefficients that represent similarity between
the signal and mother wavelet (at specific scales). The wavelet coefficients, W;(t) (i = 1, 2...,M)
show details of the input signal that capture small features of interpretational values in data
(generally, the fast changing nature of time-series). The residual (or approximation) term shows
the background information of data (long-term or low frequency information). In this study, the
DWT technique was adopted as a robust tool without the need for erroneous assumptions or
parametric procedures for analysis of the input signal. Because it permits the analysis of more
detailed information [W1(t), W2(t),...,WI(t)] with low frequencies as well as approximated signals
with high frequency, the relevant characteristics in a given hydrologic dataset (e.g., periods, hidden
period, dependence and jumps) can be easily diagnosed by closely observing the DWCs.
Consequently, the accuracy of the ELM model was expected to be higher by pre-processing of the

inputs.
3. Results and Discussion

As further improvement to the MK-ELM model, the DWT was applied on the predictor signals to
achieve a time-scale representation of the localized and transient phenomenon at different scales
in the data series (Tiwari and Adamowski 2013). Figure 4.1 shows a schematic view of the stages
in wavelet based model development. Given that the EDI signal was derived from precipitation
data which had distinct seasonality and specific frequency components, the DWT process aimed
to achieve a time-scale realisation of both the localized and transient phenomena at various

frequencies.
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Performance Assessment of versus MK-ELM and ELM

Figure 4.1 schematic view of the stages in wavelet based model development

The wavelet function utilised in this study was adopted from the family of Daubechies mother
wavelets, where the DWT process operated as two sets of functions with a high-pass and a low-
pass filter. The predictor variables were passed through the high- and low-pass filters to acquire
detail (D1, D2, D3) in terms of high frequency components and the approximation coefficients
(A3) in terms of low frequency components of the signal. When developing wavelet-based forecast
models, it is an important requirement during the decomposition stage to avoid incorporating
information from future data (that is to be used in the testing phase) in the calibration set. This is
achieved in this study by performing wavelet decomposition on each partition (training, and
testing) independently. If this requirement is not followed and the complete dataset (training and
testing) is decomposed together (as is sometimes done in other studies in the literature), then future
data (that is not truly available to the forecaster at a particular time step) would be used in the
calculation of the wavelet and scaling coefficients for a particular time step, unintentionally
introducing bias into the forecast. As the performance of the Daubechies (db5) wavelet with three
levels of decomposition was the best, for illustration purposes, only three levels of decomposition
(D1, D2, D3) and one approximation (A3) for the EDI data over the tested period. The low-
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frequency components reflected by A3 showed the broad-scale patterns in the predictor dataset
including its periodicity and trends, and were closely in-phase with the predictor signal, whereas
the high-frequency components (D1, D2, D3) appeared to replicate greater details of the subtle but
significant patterns in the input time-series.

It is noteworthy that although earlier studies demonstrated the better performance of wavelet-based
models, the way in which wavelet sub time-series are included in model development can vary.
Some studies have used all of their wavelet sub-series, whereas others have removed the db1 sub-
series and added the remaining series, considering the former series as noise due to low correlation
with their original data. In other studies, new wavelet time-series were developed by adding up the
effective DWCs based on regression correlation.

Table 4.1 lists correlation coefficients (r) of wavelet-decomposed signals with the original signal.
Interestingly, the approximation component A3 of the predictor time-series appeared to constitute
the primary wavelet series for monthly EDI-forecasting. However, considering that the correlation
with the original dataset was relatively large in its magnitude (0.313-0.836) compared with
previous studies (Tiwari and Adamowski 2013), we used all wavelet sub-series for drought model

development in the present study.

Table 4.1 Correlation coefficients (r) of wavelet-decomposed signals with the original signal

Discrete wavelet component Sagar Chattarpur
A3 0.836 0.786
D1 0.313 0.318
D2 0.347 0.351
D3 0.375 0.419

In this study, a primary objective was to test the usefulness of the wavelet based MK-ELM model
relative to the other ML models considered for monthly forecasting of the EDI. There was a
harmonic variation in the evolution of the forecasted and observed value of the DI. The scatter
plots revealed significant differences in the performance of the W-MK-ELM model for all stations
considered for EDI forecasting. For all three stations, the W-MK-ELM was superior in its

performance for EDI forecasting relative to the ELM and the MK-ELM models.
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Table 4.2 displays the performance score metrics of the W-MK-ELM, MK-ELM and ELM models.
The EDI forecasts generated by the W-MK-ELM were in close agreement with their observed
values compared to the simulations by the MK-ELM and ELM models. This was demonstrated by
the consistently lower values of the RMSE and MAE for the W-MK-ELM model. When
comparing the model performance via the RMSE and MAE, the magnitude of metrics must be as
small as possible to reflect small deviations of simulations from observed data. However, the MAE
value is less sensitive to extreme values in the simulations than the RMSE value. For the best
model the r, which is determined by a scatter plot of observed and forecasted EDI, is expected to

be close to unity.

Table 4.2 Performance score metrics of the W-MK-ELM, MK-ELM and ELM models

Location Predictive RMSE MAE Correlation
Model coefficient
W-MK-ELM 0.621 0.334 0.871
Sagar MK-ELM 0.639 0.352 0.856
ELM 0.679 0.387 0.835
W-MK-ELM 0.663 0.375 0.854
Chattarpur MK-ELM 0.683 0.392 0.831
ELM 0.725 0.418 0.794

Interestingly, the filtering of the predictor (input) signals by DWT produced a general increase in
the magnitude of r and a corresponding reduction in the magnitude of RMSE and MAE for all
models. In spite of this improvement, the performance of W-MK-ELM remained superior when
compared with MK-ELM and ELM models.

A time-series of the absolute value of prediction errors |PE| generated by the W-MK-ELM, MK-
ELM and the ELM models in the test period (Jan 2000—December 2002) is shown in Fig. 4.5.
Although mean prediction errors for each month varied significantly, there was a general
agreement on overall harmonic variations when compared on a month-by-month basis.
Nonetheless, the fluctuations in magnitude of |PE| were generally larger for MK-ELM and ELM
models compared to the W-MK-ELM model for all three stations.
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A closer examination of the mean forecasted error in different error brackets is exhibited in Table
4.3, where the frequency distribution of the forecast error in various error brackets was analysed
using data from all stations for W-MK-ELM compared to the MK-ELM and ELM models.

Table 4.3 The % frequency of the prediction error |PE| in various error brackets for pooled
data

Range of prediction | W-MK-ELM MK-ELM ELM
error
0<PE<O0.5 93 91.2 90
0.5<PE<1 7 8.0 9.3
1<PE<15 0 0.8 0.7

It is obvious that the frequency of |PE| for the W-MK-ELM model was the highest (=93 %) for
the smallest range of prediction errors (i.e. 0 < |PE| < 0.5), whereas that for the MK-ELM model
was = 91.2 % and the ELM model was =90 %, thus indicating that the wavelet-based MK-ELM
model incurred smaller errors than the two counterparts. Notably, in the next upper range of
forecasted errors (0.5 < |PE| < 1), approximately 7.0 % of the forecasted errors fell within this
range for the W-MK-ELM model compared to 8.0 % for MK-ELM and 9.3 % for ELM models.
Likewise, in the next upper band categorized as(1 < |PE| < 1.5), the W-MK-ELM model did not
produce any errors whereas approximately 0.8 % and 0.7% of all forecasted errors were generated
by the MK-ELM and ELM models respectively. The wavelet-based MK-ELM model was more
accurate than the MK-ELM and ELM models for the forecasting of the EDI.

40



L3108

HET-51 TEH JatreT & felt @ ‘-I‘\dcloll,d-llo-l HISel Ueh  SATAEINeh 3UHIUT & | F& AISel Sl 3TN
@1 gehiehl (DIs) T AT o@Tlel & T fohar Sirar g, it sifasy & q@ & it
fAIRIAT 3R FoaTehat et & Tl g@ehT QE3iTd, HATTd, 3R o dhr gufcdt sid fa arsfiea,
afer AR =A dAigar & @ & A AU Sd &1 JuT i QA & @ aw 3K /
AT ATYHTS, TSRO AT 3 3 Gof ol TR I TAIR T & | F@T Fhieh! T 07T &
forT asT & 3er &1 sarae ®9 @ 39T T SI1aT 8§, Fifeh ofd AT d& a9 Repls i
3YIeH I § | HW & 3Mehele] & [T g 313 H, T F@T Fahih ($31377S) H 6l
cTeheiieh HTGAT ST & | EDI Teh 36T Haehieh & Sil YW-SATEH &l [ae90T e & folw @7
TR MR &1t o AT ST & 3Tehst & TeTT of19] STel HUg TR fauR Il &1 59 HeqTqT &
THTE F@T Gelehieh o YaTeIAT & foT Hedlel Fhoiol THEEIA offeial #HMT (MK-ELM) 3R
daele 3MUTRA MK-ELM  TeallReH J&dTiad fht 910 §| THS-SUaTa 3menrid arfdtehr &
faehrer & T, geTqe SeT ol Ugel cRfaTehT qd YHEhIOT o ATETH & STraT STl 8 | HTerhRerereT
HherleT (THITH) 3R 3 wees gant Auia, @re 3R Red 7 & fow siqufad
SIS Fehell T 1 FEIA B lIS-TTSA SIS Yo & FolT Fgea ol $79e & w9 A 39T
feham ST 8 | @ Al [ & T, deords & & OPR 3R SRy Sl & 3ersh 52 ay
(1951-2002) T 39197 f&hAT IRAT ¥ | 3T daTeIc CEPIHALI (ST5eegl) Hiasaaerdr sTie
W 3 FHY-IMGRT Teht H gaqe fqufed e & T Sy gidr g St 3mafendrsit w
HEcaUT STeTehRI 0T’ &hld & | Seog3I-UHAH-STAUH HISel & [T 3T o &9 H 715 S35
39-5[Goll Tash 8 e & [T SI5ecgEl IU-HTWe ST 3UANT FhdT a7 §| THH-SUTH Ud
SSog-THK-SUTUH T YaloHIeT &THT I STATH, HiFH dfIhT siede (VT=TsI), LSSVR
O ol fohar arar g1 Aifegshy Afead Sl 3R &Y, RMSE Td MAPE &1 931eT
qeteATTAe 3 38 1T $31318 & e warer & forw fpar srar 81 oo @ Afser & 37d
QaTeTATS Shierel &1 TE R X & St HTasTaerdl STAT & ddele N-SATHT T 3uANT e
¢ | AIfEIHT AT 531 & 3MUN W, Seeg-THS-SUATH of TRUNF SUATH, TIUTHTHAIIN,
TUATS HISel &l Joiall H Sk F&del [T §1 8 31egeT o IRUMH & Tl eiell § foh vaeh-

41



SUAUH 3R dele MUTRA Secg-THS-SUATH AlS foh TANIAT TAUT W YATATA HAlSel
TG I AgAT Tellel & [T ST SeT & AT IR & olreil 1 T& et e |

Abstract

Drought forecasting models are practical tools for drought-risk management. Drought models are
used to forecast drought indices (DIs) that quantify drought by its onset, termination, and
subsequent properties such as the severity, duration, and peak intensity in order to monitor and
evaluate the impacts of future drought. Drought indices are normally continuous functions of
precipitation and/or temperature, evapotranspiration or other measurable variable. Precipitation
data are widely used to calculate drought indices, because long-term precipitation records are often
available. Out of several Dls for drought assessment, Effective Drought Index (EDI) is considered
as superior technique. The EDI is an intensive index that considers water accumulation with a
weighting function applied to rainfall data with the passage of time in order to analyze the drought-
risk. In this study, multiple kernel extreme learning machine (MK-ELM) and wavelet based MK-
ELM algorithms are proposed for the forecasting of effective drought index. For the development
of wavelet based MK-ELM, the input data are first screened through the wavelet pre-processing.
Determined by the autocorrelation function (ACF) and partial ACFs, the lagged EDI signals for
the current and past months are used as significant inputs for 1 month lead-time EDI forecasting.
For drought model development, 52 years (1951-2002) of data of Sagar and Chattarpur district of
Bundelkhand region are used. The discrete wavelet transformation (DWT) is applied to the
predictor datasets to decompose inputs into their time—frequency components that capture
important information on periodicities. DWT sub-series are used to develop new EDI sub-series
as inputs for the W-MK-ELM model. The forecasting capability of MK-ELM and W-MK-ELM is
benchmarked with ELM, artificial neural network (ANN), least squares support vector regression

(LSSVR) models. Statistical metrics based on agreement between the forecasted and observed
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EDI, including the coefficient of determination, root-mean square error and mean absolute error
are used to assess the effectiveness of the models. The results demonstrate enhanced forecast skill
of the drought models that use wavelet pre-processing of the predictor dataset. Based on statistical
measures, W-MK-ELM outperformed traditional ELM, LSSVR, ANN models. The results
demonstrate the usefulness of MK-ELM and wavelet based W-MK-ELM over ELM, ANN and
LSSVR models and the benefits of wavelet transformation of input data to improve the

performance of drought forecasting models.
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