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Abstract

In the modern electricity market, it is crucial to have precise electricity price fore-
casting. However, few studies have focused on this area. Mid-term electricity price
forecasting (MTEPF) has numerous applications, such as scheduling future power
plant maintenance, risk management, planning future contracts, purchasing raw ma-
terials, and determining market pricing. To forecast electricity prices, some factors
are especially significant, such as choosing the most useful price features that in-
fluence the market price, and choosing the proper prediction model that is able to
predict price behavior using historical data. In forecast modeling, feature selection
techniques are an important step in data pre-processing prior to creating the pre-
diction model. Selecting the most relevant input features increases the prediction
accuracy and minimizes the data and training time. In this research, various feature
selection techniques are compared and analyzed. The techniques are then used as
filters prior to electricity price forecasting and their influence on prediction accuracy
and mean absolute percentage error (MAPE) of each selected subset is compared.
The proposed SVM method and other forecasting methods are evaluated using data
from the New England ISO, which is published on their official website. Optimiza-
tion of SVM parameters and kernels has also been proposed in this thesis to further
improve the prediction accuracy obtained by the presented SVM model. The results
obtained in this research indicate that with the same input data, the optimized SVM
model achieved the highest prediction accuracy. Furthermore, our research findings
show that using the SVM Regression model and an optimization of its parameters can
improve overall system prediction accuracy compared with other forecasting models

investigated in this thesis.
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Chapter 1

Introduction

1.1 Overview

Price prediction plays an important role in the scheduling and administration of elec-
tricity markets. Recently, many researchers have focused on short-term electricity
price forecasting [1, 2], while very little has been done to investigate mid-term elec-
tricity price forecasting, which can range from a few weeks up to one year. Research-
ing mid-term price forecasting is necessary for many aspects of mid-term planning in
electricity markets, such as maintenance scheduling, power generation dispatching,
future contracting and investments [3, 4]. Mid-term electricity price forecasting is a
complex task due to the length of the prediction period and the unsteady nature of
electricity prices [5].

In addition, limited explanatory data currently exist for use in price forecasting. Un-
like short-term forecasting, only a few attributes of historical data are available for
mid-term forecasting. Many of the forecasting engines need a large set of data for
training and testing, so some methods are not applicable for mid-term forecasting.
In this research, we focus on using the machine learning technique (SVM) to pre-
dict electricity prices. The mid-term electricity price forecasting task is addressed,
and different issues related to forecasting are considered. As well, based on the ISO-
NE publicly available data, a mid-term horizon of price forecast is developed. The
contributions of this research are developing mid-term electricity price forecasts for
electricity markets using publicly available data, and addressing and resolving various
issues associated with the electricity price forecasting problem, such as selecting input
features and parameter optimization. Feature selection (pre-processing) is the pro-

cess by which the best subset of attributes in the data set is automatically searched



and selected. The selection of the relevant features to a target variable creates a
new subset of features based on the importance of these features. Feature selection
is an important step for creating and training the forecasting model with the most
relevant features, which can significantly improve forecasting accuracy and minimize
training time [6]. Feature selection is also important due to correlations in some
features, which can affect the accuracy of the forecasting model. This technique can
be used to build new features that are independent [7]. Having superfluous features
can be tricky for modeling algorithms, and keeping unrelated features in the dataset
can result in overfitting. In fact, overfitting of the training data can manipulate the
prediction modeling and affect the accuracy. Using feature selection pre-processing
on the input dataset could benefit the prediction model by decreasing dataset size,
decreasing training time, and improving the prediction accuracy simply by including
only the most informative features. Feature selection has already proven to be a
productive research area in data mining [8] and machine learning [9] and has been
applied to many other fields. Some feature selection techniques are proposed as a
pre-processing tool [10, 11, 12, 13, 14].

In this research, we also conduct a study of feature pre-processing techniques and
their performances in electricity price forecasting. Irrelevant correlated features are
observed in most electricity price data, so effective feature pre-processing technique

should be included in the forecasting model to enhance accuracy.

1.2 Thesis Objective

This thesis comprehensively studies SVM Regression to perform MTEPF and ex-
plore the models performance. Different SVM kernels are introduced and used with
the model, and their performances are explored and compared. Furthermore, three
benchmark models - Least Median Squared, Neural Networks (NN), and Radial Ba-
sis Function (RBF) are demonstrated in this work. Each is individually trained and
tested, and the results are compared with the performance of the proposed SVM Re-

gression model. Case study data from New England ISO are used to train and test



the performance of the understudy models on real daily data.

This thesis also studies effective input feature selection. SVM Regression parameter
optimization solvers are applied to select the most important informative factors to
reduce the training data and improve forecasting accuracy, and different optimization

solvers are explored to select the best SVM parameters.

1.3 Structure of the Thesis

Chapter 2 presents an overview of electricity price forecasting.

Chapter 3 presents a literature review of related forecasting methodologies.

Chapter 4 presents a theoretical background of SVM Regression and its parameters.
It also describes the mapping kernels, quadratic programming optimization solvers
and performance measures used in this research to evaluate the forecasting accuracy.
Chapter 5 presents an overview of the New England power market, data collection,
and pre-processing technique, and also presents software used in this research for
modeling and data analysis. Chapter 6 presents a study of implementing the process
of selecting explanatory input features to increase prediction accuracy.

Chapter 7 presents the SVM approach, parameter and kernel optimization, compre-
hensive comparative price analysis, and a discussion of the results achieved.

Finally, Chapter 8 presents a conclusion of this research and suggests directions for

possible future research work.



Chapter 2

Electricity Market Price Forecasting

2.1 Brief Description of Power Trading

Electricity is by its nature difficult to store and has to be available on demand. Con-
sequently, unlike other products, it is not possible under normal operating conditions
to keep it in stock, ration it, or have customers queue for it. Furthermore, demand
and supply vary continuously. There is, therefore, a physical requirement for a con-
trolling agency, i.e., a transmission system operator, to coordinate the dispatch of
generating units to meet the expected demand of the system across the transmission

grid. Markets may operate outside national boundaries. In economic terms, elec-
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Figure 2.1: General Structure of Power System [15]

tricity (both power and energy) is a commodity capable of being bought, sold and
traded. An electricity market is a system allowing purchases through bids to buy,
sales through offers to sell, and short-term trades that are generally in the form of
financial or obligation swaps. Supply and demand values are used by traders to set

the market clearing price. Long-term trades are considered contracts between bids
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and offers. Electricity markets are categorized into two major classifications: regu-
lated and deregulated electricity trading systems.

In a regulated system, the individual structure administrates generation, transmis-
sion, and distribution. The electricity price in a regulated system is determined by a
local utility company to cover the generation and transmission costs, and to generate
sufficient revenue for the company to expand in the future. On the other hand, in
a deregulated system, many structures are granted to do electricity supply and dis-
tribution. The electricity price in deregulated systems is determined by the market
supply and demand correlation.

An independent system operator (ISO) manages dealings in the electricity market.
By managing the bid and offer dealings, ISOs obtain market trading knowledge, which
is then used to maintain the system balance. In any electricity market, power and
energy are considered commodities. Power is the rate of the transferred electric en-
ergy and is measured in megawatts (MW). Electrical Energy is the energy generated
by flows of electric charges and is measured in megawatt-hours (MWh). Transmis-
sion congestion and electricity derivative markets are developed in major electricity
operators trading by virtue of the reorganization of electric power systems. This re-
organization progress has been often developed in parallel with the reorganization of

natural gas markets.

2.2 Electricity Market Clearing Price

Modern deregulated electricity markets are organized as day-ahead and real-time
venues. In day-ahead electricity markets, demand bids and generation offers deter-
mine the electricity price of the next operating day. In real-time electricity markets,
five-minute-interval electricity prices are calculated based on the grid operating condi-
tion. The electricity market clearing price (MCP) commonly denotes the day-ahead
electricity market price. Electricity market clearing prices are presented when the
electric market is in an equilibrium state (clear of shortages and surpluses). Figure

2.3 shows how the electricity MCP is determined. When the electricity MCP exists,
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all supply offers equal or below the MCP will be picked up. To maintain market equal-
ity and avoid corruption, all picked-up supply offers will be paid the same (MCP),

regardless of their offer.
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Figure 2.3: Demand and Supply Curve

The electricity MCP is determined the same way in a deregulated market. Short-term
horizon forecasts of the electricity demand and reserve energy are issued by an ISO.
These forecasts are updated in real time as information changes. When this forecast is
available to the public, both electricity suppliers and large-size consumers will decide

their participation (supplying or purchasing) and at what price. Both the suppliers
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and consumers can send offers to the ISO until the deadline. The ISO then accepts
the lowest offered price and goes up to the higher prices until consumer demand has
been met. All approved suppliers are paid based on the last accepted offer (MCP).
The process of MCP determination motivates electricity suppliers to offer low prices

in order to participate in the market.

2.3 Electricity Market Price Forecasting

Predicting electricity MCP is the process of forecasting a future horizon electricity
price based on a given forecast of related predictors, such as demand, weather, and
fuel prices. A precise forecast model significantly helps market participators to plan
their bidding and purchasing strategies so as to increase their revenues.

Because of the uncertainty of some related predictors to MCP forecasting, electricity
MCP is not easy to predict and is a difficult task. Some forecasting predictors have
direct and linear relationships with the MCP, while some predictors have a complex
relationship (nonlinear) with the MCP. Forecasting the electricity MCP can be clas-
sified into three forecast horizon types: short-term, mid-term, and long-term.
Short-term forecasting, usually referred to as day-ahead MCP forecasting, is a com-
monly used technique to predict electricity prices. Short-term MCP forecasting tools
can help electricity suppliers develop their bidding and better manage their energy
resources [17]. Electricity consumers also need short-term forecasting to establish
their purchasing strategy.

Mid-term forecasting is used to predict electricity MCP on a time horizon of up to one
year. It is applied in planning future contracts and in decision-making. Forecasting
electricity prices on a longer time horizon is much more difficult than on a shorter
one due to the unstable nature of electricity prices. There are three major difficul-
ties involved in mid-term forecasting. Firstly, mid-term forecasting is not connected
to the instant past trend and cannot employ it. Secondly, predicting peak prices
(spikes) is difficult due to the unavailability of instant past data. Thirdly, sourcing

long historical data to train the model is challenging due to its unavailability. Given



these three main difficulties, the mid-term forecasting modeling must have a robust
adaptability in the training period in order to precisely predict future prices.

The long-term MCP forecasting is dominated by economic development and polit-
ical decisions. It is established annually for the determination of long-term con-

tract /decision, network growth and development plans.

2.4 The Necessity and Importance of MTEPF

In any electricity market, there is a need for forecasting mid-term electricity prices.
Such forecasting is very important for planning new contracts, arranging maintenance,
dispatching power generation, purchasing fuels, and reducing financial risks. Some of

MTEPF’s applications are mentioned in [18, 19].



Chapter 3

Electricity Price Forecasting and Related Methodologies

3.1 Literature Review

Unlike some other electrical power topics such as electric load forecasting, electricity
price forecasting is still a relatively new topic of research [20]. Electricity prices are
highly unstable in nature and can experience unexpected high or low price spikes
[21]. Because of this volatility, the demand and supply trends need to be monitored
and balanced in real-time. Many variables may have an effect on electricity price
volatility, such as sudden generation or transmission system failure, generation avail-
ability, unexpected weather changes, and instability in fuel prices. These variables
can change from one market to another. Hence, it is very important to understand
and analyze the relationship between forecasting input variables and electricity price,
a topic which has not yet been widely explored by researchers.

A study by Dan Werner [22] shows, in the New England electricity market, the
importance of ramping costs on the electricity price instability. In the absence of
cost-effective storage, ramping costs are major contributors to price volatility in the
electricity market. Flexible production can function like storage in guaranteeing price
stability. Electricity price forecasting methods can be classified as traditional and
computational intelligence methods. The traditional methods were built from the
statistical methods. Currently, short-term electricity price forecasting utilizes many
statistical techniques, including regression methods like dynamic regression [23], time
series [24, 25], auto-regressive integrated moving average (ARIMA) [26], stochastic
model [27], and wavelet transformation [28]. Early in 1993, Mbamalu and El-Hawary
in [29] presented a suboptimal seasonal autoregressive model using an iteratively

reweighted least squares algorithm which was used for load forecasting. Subsequently,



Artificial Neural Networks (ANN) was applied to predict electricity prices due to
its easy running and flexibility in processing non-linear relationships. Various ANN
methods were developed in the literature of electricity price forecasting [30, 31, 32, 33].
ANN is utilized by many deregulated electric markets to predict the electricity price.
More recently, a new learning method called Support Vector Machine (SVM) has
emerged in electricity price forecasting [34, 35, 36], SVM performs structural risk min-
imization. Some research papers [34, 37], it was concluded that SVM achieves better
performance compared to ANN on electricity demand forecasting. Many algorithms
are used with SVM to optimize its parameters in order to improve prediction accuracy.
Among these algorithms are Sequential Minimal Optimization (SMO) [38], Iterative
Single Data Algorithm (ISDA) [39], soft-margin minimization by quadratic program-
ming (L1QP) [40], and genetic algorithms [41]. A kernel-based learning method called
Least Squares Support Vector Machine (LS-SVM) was proposed by Suykens and Van-
dewalle [42]. In classical SVMs, the solution is found by solving a set of quadratic
programming (QP) problems, while with LS-SVM, a set of linear equations are solved
to find a solution. An example of LS-SVM application with fuzzy logic is presented in
[43]. Hybrid models have recently been developed to forecast electricity prices. These
models are built using different forecasting methods and achieve better performance

due to the overall combination of methods [44, 20].

3.2 Electricity Price Forecasting Models

There are two general classes of forecasting techniques: quantitative approaches and
qualitative approaches. Quantitative approaches are built on algorithms of varying
complexity, while qualitative approaches are built on educated guessing. In this re-
search, quantitative approaches will be discussed.

The two main types of quantitative approaches are statistical approaches and com-
putational intelligence approaches. A third lesser-used type time-series approaches

makes predictions based on past patterns in the data.
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Figure 3.1: Electricity Price Forecasting Approaches

3.2.1 Statistical Approaches

Statistical approaches predict current prices by using a mathematical relationship of
past prices and past related factors, such as supply, demand, fuel prices, and weather
conditions. Statistical approaches have a limited capability to model the nonlinearity
of electricity prices and related variables. Thus, they are rarely used to forecast

electricity prices.

3.2.1.1 Similar-Day Approach

This approach is based on searching previous data for days with similar features to
the target day, and considering these past values as forecasts of future prices. Similar
features could include characteristics like day, time, weather or demand records. A

linear regression forecast model may be used to combine similar days.
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3.2.1.2 Exponential Smoothing Approach

This approach was widely used for load forecasting in the past. An exponentially
weighted average of previous observations is used to construct the predicted price

value.

V= P =aYi+(1-a)P_, (3.1)

P, is the weighted average smooth value of the previous observations where the weights
exponentially depend on the parameter « € (0, 1).
Some advanced models of exponential smoothing have been developed to adapt time

series with seasonal and trend effects.

3.2.1.3 Regression Approach

Regression is a popular and commonly used statistical method. Multiple regression
is used to fit a relationship between a dependent variable (Target) and independent
variables (Predictors). Multiple regression is fitted so that the sum of squared errors
is minimized.

Po=bo+ b X"+ . +b0X" +e (3.2)

The regression approach assumes that the relationship between the dependent variable
(P;) and each of the independent variables (X;) is linear, so it is recommended to check
scatter plots of (P, X;) to see if any relationship plot shows nonlinearity. Some data
transformation techniques may be used to attain linearity. In general, linear regression
is easy to use and interpret and thus should be tried first to solve a forecast problem.
However, if linear regression is unable to fit a good model, then nonlinear models can

be used.

3.2.1.4 Regression Trees Approach

The common regression tree building approach allows input variables to be a mixture
of continuous and categorical variables. A decision tree is created when each decision

node in the tree contains a test of some input variable’s value. The terminal nodes

12



of the tree have the predicted output variable values. A regression tree is designed to
estimate real-valued functions instead of being used for classification methods.

Alternating Model Trees [45] is a common method for dealing with regression prob-
lems that need interpretable modeling. Model trees are decision trees with multiple
linear regression models at the leaf nodes. The alternating model trees approach was
proposed to solve regression problems, as the model performs very well in classifica-
tion. Alternating model trees for regression have splitter and prediction nodes, and
simple linear regression functions are used at the prediction nodes. In a standard
decision tree, an internal node known as ”splitter node” divides the data based on a
selected variable-importance test. Additive regression using forward stage-wise mod-
eling is also applied to grow the tree. The model grows an alternating model tree by

minimizing squared error.

3.2.1.5 AutoRegressive Moving Average Approach (ARMA)

ARMA is a standard time-series approach that considers and studies the random
nature and time correlations of the occurrence. The price value (F;) is expressed
linearly in the ARM A(p,q) model with (p) autoregressive terms and (¢) moving
average terms. This model was introduced by Box and Jenkins book in 1971. The
equation below shows a model constructed from AutoRegressive and Moving-Average

models.

P q
Po=c+e + Z @i + Z Oicr— (3.3)

i=1 i=1
Where ¢ is a constant, €, is a white noise, and ¢; and 6#; are model parameters.

The ARMA approach assumes that the price time series is non-stationary. If it is
stationary, then some transformations such as differencing can be done to the series to
make it non-stationary. Another approach called AutoRegressive Integrated Moving
Average (ARIMA) was introduced by the same authors in 1976. It includes some
minor differencing in the formulation. Overall, the AutoRegressive approach extends

the basis of all time-series models.
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3.2.2 Computational Intelligence Approaches

Computational Intelligence Approaches are a naturally inspired group of techniques.
These techniques are developed to powerfully handle the problems that traditional
approaches could not solve. Computational Intelligence techniques are able to adapt
the problems complexity and non-linearity by learning and evaluation.
Computational Intelligence Approaches includes Fuzzy Logic, Artificial Neural Net-
works (ANN), Support Vector Machine (SVM) and evolutionary computation.

3.2.2.1 Fuzzy Logic Approach

Fuzzy Logic is a type of reasoning that identifies more than simple true and false val-
ues. With fuzzy logic, propositions can be characterized with degrees of truthfulness
and falsehood. All propositions have a degree of truth that lies in the closed interval
0, 1].

Let X be an universe set. A fuzzy subset of X is then considered the couple (X, p14),
where p : X — [0,1]. That is, using this notation, we consider A = (X, u4) and
the function 4 is named the membership function. A fuzzy inference system utilizes
fuzzy logic to represent inputs to outputs. The integration of the two approaches can
greatly reduce the difficulties that each approach has when working independently. A
Neuro-Fuzzy model utilizes the useful properties of both approaches, so a neural net-
work can be trained to learn the nonlinear behavior of a complex system. Afterward,
the fuzzy logic can use the NN learned knowledge to generate rules and member-
ship functions. Nima Amjady [46] proposed a new fuzzy neural network method
for short-term (day-ahead) price forecasting of electricity markets. The fuzzy neural
network was developed to have inter-layer and feed-forward architecture with a new
hyper-cubic training technique. A combination of fuzzy logic and an efficient learning
algorithm was presented to create a proper model for the non-stationary behavior
and outliers of the price series. The proposed method was tested on the Spanish
electricity market and it was claimed that the method provided more accurate results

than the other price forecasting techniques.
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Figure 3.2: Fuzzy Inference System

3.2.2.2 Artificial Neural Networks (ANN)

Artificial Neural Network (ANN), a popular method for training and solving non-
linear problems, has been widely used in forecasting. ANN has many models inspired
by biological neural networks and, based on this principle, has an artificial neuron.
Neural Networks are characteristically structured in layers which are interconnected
by nodes containing an activation function. The input layer connects the inputs to
the network via weighted connections. The artificial neuron model is processed in the

hidden layers which are then connected to an output layer.

A typical ANN is shown in Figure 3.2. Individual inputs X, X, ..., X,, are multiplied

by connection weights wy 1, ..., wy,. The summation equation at the hidden layer can
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Figure 3.3: Artificial Neuron Configuration

be written as:

Siin) = " wiln)ai(n) (3.4)

Where i denotes the input layer, 7 denotes the hidden layer, and n is the number of
inputs.
Afterward, a transfer function is applied to the summation of the weighted inputs

with bias b. The output of neuron y can be written as:

yj = pj(s;) + b (3.5)

Where ¢; denotes the transfer function of the hidden layers.

The transfer function could be any one of the following:

e Linear Function: flz)==x
e Log-sigmoid Function: flz) = m
e Hyperbolic Tangent Function: f(x) = Zggg:
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The most commonly used transfer function is the sigmoid function. The ANN has a
method of learning algorithm which adjusts the connection weights according to the
inputs changes. Neural Networks use many different learning algorithms, including
backward propagation, feedforward propagation, etc. In each ANN cycle, a supervised
process learning occurs. The ANN does a random guess of the connection weights
when it is initially obtained with inputs, and then calculates the error between the
answer and the actual value before adjusting the connection weights to minimize the
error. In function approximation, the most widely used artificial neural networks
architecture is the one with a backpropagation learning algorithm. In the backprop-
agation technique, a gradient descent is done within the solutions vector space to
reach a global minima. The global minima is the theoretical solution with the lowest
possible error. In some cases, the solution space is irregular, which causes the neural
network to settle down in a local minima. The learning rules in the neural networks
have mathematical terms to analyze the network performance and control the speed
and momentum of the learning. The speed (S-coefficient) is the rate of convergence
toward the global minima. Momentum helps neural networks to overcome local min-
ima in the error surface and settle down at or around the global minima. To use the
neural network in function approximation, three preparation steps are required: train-
ing, validation, and testing. The biggest portion of the dataset is used for the training
step. In this step, the independent variables (predictors) and the dependent variable
(target) are fed into the neural network and the approximation problem is solved by
minimizing the error. The error is defined as the difference between the actual and
desired outputs. Many training algorithms can be used to train the data, includ-
ing the Levenberg-Marquardt algorithm, the Bayesian Regularization algorithm, and
the BFGS Quasi-Newton algorithm. In non-linear regression problems, the fastest
training function is generally Levenberg-Marquardt, which is also the default train-
ing function for a Feedforward neural network. The training algorithm estimates the
neuron biases and layer connection weights. The network training will stop when its

performance meets the defined goal within a specified tolerance. The validation step
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is used to minimize data overfitting. At the outset of the training, the validation
error typically decreases. However, when the network starts to overfit the data, the
error on the validation set starts to increase. The training will stop if the validation
error keeps increasing for a specific number of iterations. The last stage is the testing
step, where the neural network is exposed to the sample test data. Based on network
performance and forecasting accuracy in the test step, more training and optimization
may be required to enhance the performance and accuracy. Deepak Singhal and K.
S. Swarup in [31] presented a three-layer back propagation (BP) ANN approach in a
deregulated market to map complex interdependencies between electricity prices and
other historical factors. They developed a day-ahead forecast of market behaviors in
order to predict future electricity prices and quantities. Paras Mandal and co-authors
in [32] applied a method of using a neural network model based on the similar-day
technique to forecast day-ahead electricity price in the PJM market. Factors influenc-
ing electricity price were discussed and applied to train and forecast future electricity
prices.

J. George and co-authors in [30] presented a new methodology for midterm energy
forecasting, proposing an optimized adaptive ANN model. The proposed neural net-
work transforms the input predictors to differences or relative differences to predict
future values. The ANN parameters are optimized to enhance forecasting accuracy
and neural network performance. A radial basis function (RBF) network is a type
of feedforward network that utilizes radial basis functions as neuron activation func-
tions. The K-means clustering technique is used to train the hidden layers and a
supervised learning technique is used to train the output layer. The output of the
RBF network is a direct combination of the inputs radial basis functions and neuron
parameters.

Eibe Frank [47] discussed using supervised training of Gaussian RBF networks in
WEKA software. He also discussed utilizing a RBFRegressor package, learning center
locations with global and local variance parameters, and learning attribute weights.

In this research, several neural networks architectures will be employed to train and
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forecast the electricity price to compare their performance with the proposed SVM

model.

3.2.2.3 Support Vector Machine (SVM)

A Support Vector Machine (SVM) is a modern classification and regression tool based
on structural risk minimization (SRM). The SVM extended version Support Vector
Regression (SVR) was developed to model time series prediction problems. SVM
utilizes Vapnik’s e-insensitive loss function to fit nonlinear problems. Using SVM,
the input data is mapped into a higher dimensional space by a nonlinear mapping
technique called the kernel trick. Then a linear function is used to solve the problem
in the feature space [48]. The kernel trick is employed in the SVM to do the inner
product of original space vectors by performing similarity transformation in terms of
the original space in the feature space. Different kernels are used with SVM to map
the input data. When training an SVM model, the parameters (e.g., cost of error
(C), e-insensitive, kernel type and kernel parameters) need to be carefully chosen or
optimized in order to increase the model accuracy. In general, some of the SVM
advantages are that it can sidestep data overfitting and local minimum, minimize
unpredictable data error, and needs less parameter setting compared to other mod-
els. SVM is a very robust prediction model that is widely used in classification and
regression problems.

D.C. Sansom, T. Downs, and T.K. Saha [49] published one of the first papers on the
applications of SVM in electricity price forecasting. In their work, they presented a
comparison of a multilayer perceptron and an SVM with the same inputs and con-
cluded that the SVM produces more consistent forecasts and requires less time for
optimal training.

Dongxiao Niu and co-authors in [50] proposed a system to forecast short-term power
load by using SVM with feature selection ant colony optimization, after which a
fuzzy-rough method is applied to select the optimal feature subset. The results were

compared with single SVM and BP neural networks.
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Sapankevych, I. Nicholas, and Ravi Sankar in [51] presented a survey of time se-
ries predictions using support vector machines. The authors mentioned that the
estimation process of complex applications require advanced time series prediction
algorithms. The paper provided a motivation for using SVM to model nonlinear,
non-stationary and not defined a prior. They claim in the survey that SVM has bet-
ter performance compared to other nonlinear techniques.

The Support Vector Machine is applied in the proposed model in this research and
will be discussed in detail in Chapter 4.
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Chapter 4

Support Vector Machine and Related Methodologies

4.1 Introduction

Support Vector Machines (SVMs) were introduced by Vladimir Vapnik and first pre-
sented at the Computational Learning Theory (COLT) conference in 1992. All SVM
features, however, were already present in machine learning since the 1960s. In 1992,
the SVM features were put together to model a basic Support Vector Machine and
maximal margin classifier [48]. The soft margin version was first presented in 1995
[52, 48], The soft margin allows training data points errors while the SVM fitting a
model. Soft margin has a small penalty parameter to reduce model complexity and
increase model generalization.

SVM is developed for solving problems of nonlinear classification and regression, while
Support Vector Regression (SVR) is developed specifically to solve regression prob-
lems. SVMs implement the structural risk minimization (SRM) principle, which has
proven to be more efficient than the empirical risk minimization (ERM) principle

used in neural network models [53].

4.2 SVM Model

In regression problems, the training data has the form {(x1,y1), ......(z;, v:)} € X xR,
where each X denotes input space of the sample. The objective of SVR is to determine
a function f(z) that tolerates e deviation from the targets y; for the entire training

data. The generic SVR estimating function takes the form:

fl)=(w*®(x))+b weX,beR (4.1)
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® denotes a nonlinear transformation from n to high-dimensional space.
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Figure 4.1: Non-linear High Dimensional Mapping [52]

The input data z is initially presented in a feature space of m-dimensional using
specified nonlinear representation. This feature space then creates a linear model.
Using mathematical representation, the linear model (in the feature space) f(z,w) is
given by:

flz,w) = (wTd(x)) + b (4:2)
Where ®(x) is a mapping function, w represents the weight vector and b is a bias
term.
Parameters w and b can be determined by minimizing the expression of the error

function:

Reeg(f) = €Y | sy w) = il + 3wl (43)

Where, |f(z,w) — yl.

_ 0, if |f(z,w) —y| <e. (4.4

|f(z,w) —y| —¢, if |f(z,w) —y|>e.

Where ||w||? is the norm of the weight vector, the term e represents the Vapnik’s
e-insensitive loss function, and C' is the penalty parameter.
If the predicted value is within the loss function zone, the approximation error will

be zero. For predicted values that are outside the loss function zone, the loss is equal
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Figure 4.2: Epsilon Band with Slack Variables [52]

to the distance between the data point and the margin of e-insensitive.

SVM Regression performs linear regression in the high-dimension feature space using
e-insensitive loss and, at the same time, tries to reduce model complexity by minimiz-
ing ||w||?. This can be described by introducing (non-negative) slack variables &;,&;
1 =1,..n to measure the deviation of training samples outside the e-insensitive zone.

Thus SVM regression is formulated as the minimization of the following functional:
n . 1
Rreg(f) :CZ(£i+€i)+§||w||2 (4.5)
i=1

Subject to the constraints:

yi — [z, w) < e+ &
flzw) —y; <e+¢&.

4.3 SVM Parameters

The parameters of the optimal hyperplane f(z,w) can be determined by using La-

grangian multipliers;

w = Z(ai —a;)P(x;) (4.6)



Kernel functions allow the dot product to be executed in a feature space of high
dimension using a space data input of low-dimensional without identifying the trans-

formation ®.
n

fl@) = (o — af)k(zi,2;) + b (4.7)

i=1
The Support Vector Regression (SVR) performance depends on choosing parameters,
such as cost of error (C), the width of the loss function (g), and which kernel function
is used for data mapping.

SVR utilizes optimization algorithms in feature space to perform regression computa-
tion. SVR uses a quadratic formulation as an optimization algorithm. So, to improve
the accuracy of the original SVM, some optimization algorithms such as Sequential
Minimal Optimization (SMO), Iterative Single Data Algorithm (ISDA), and Soft-
margin Minimization by Quadratic Programming (L1QP) will be utilized to improve
the training process of SVM. In this electricity price forecasting research, the program
WEKA 3.7 [54] is used for SVM modeling, the SVM parameters are trained from the
data using Sequential Minimal Optimization (SMO) algorithm, and the RBF kernel
is used for SVM modeling.

4.4 Mapping Kernels

Kernel data mapping is a technique used to change the feature representation from
input space to feature space. The data is then mapped in a higher dimension, where
linear relations exist among the data. A linear model can be applied to do regression
computations in this space. Each kernel has an associated feature mapping ¢, where
this feature mapping ¢ takes the input x € X (input space) and maps it to F (feature
space). Kernel k(z,z) takes two inputs and give their similarity in feature space.

Kernel can be constructed by defining a mapping ¢, such that ¥ z, 2" € X.

k(r,z) = (¢(x), d(x)) (4.8)



4.4.1 Linear Kernel

Training an SVM with a linear kernel is not only faster than with another kernel,
it also performs better in problems that are linearly separable. The linear kernel
outperforms when there are a lot of variables and fewer observations. This is because
mapping the data to a feature space does not really improve the performance. An
SVM linear kernel requires a lower parameter setting and only the (C') regularization
parameter needs to be optimized.

Ta; (4.9)

k(xiv zj) =T;

4.4.2 Polynomial Kernel

A polynomial kernel is a mapping function that is generally utilized by SVM and
other techniques to model nonlinear mapping. This type of kernel performs similar-
ity comparisons of the input data over the mapped data in higher dimension space,
which gives a better understanding of non-linear problems.

In regression analysis, the polynomial kernel looks also to the interaction of input
samples to determine their similarity. The polynomial linear regression is modeled
with a degree of polynomial to find the relationship between dependent and inde-
pendent variables. It is a duplicate to the higher dimension space of a polynomial
kernel.

k(wiyx) = (yaja; + o) v >0, (4.10)

Polynomial kernel regulating parameters are the slope «, the constant term C' and

the polynomial degree d.

4.4.3 Sigmoid Kernel

The Sigmoid Kernel is a kernel utilizing a sigmoid function to map the data to a higher
dimension. It is also called a Hyperbolic Tangent Kernel. The sigmoid kernel was
developed from a bipolar sigmoid function. In neural networks, the bipolar sigmoid

function is frequently used as a neuron’s activation function. SVM model with a
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sigmoid kernel functions similar to a two-layer perceptron neural network.
k(x;,z;) = tanh(yz]z; +¢) , 7> 0. (4.11)
Where 7 is the slope and C' is the intercept constant .

4.4.4 Gaussian RBF Kernel

The Gaussian kernel is the most common kernel of the Radial Basis Function kernels.
k(zi, 25) = exp(—yllz; — ;) .~ >0. (4.12)

When training SVM with the Radial Basis Function (RBF) kernel, two regulating
parameters must be considered: C' and . The parameter v plays an important role
in the performance of the kernel, and should be carefully tuned or optimized to the
problem. If v is overestimated, the kernel exponential function will act as linear and
the feature space will lose its non-linear power. If v is underestimated, the exponential
function will lack regularization.

The penalty parameter C, popular in all SVM kernels, controls trade-offs between
the margin and the size of the slack variables. A small C' will lead to higher training

errors, whereas a large C' will lead to a performance similar to that of a hard-margin

SVM.

4.5 SVM Optimization Solvers

Using some numerical Quadratic Programming (QP) optimization tools to solve the
dual optimization problem is a traditional method. The numerical QP method is slow
and impractical for handling huge data sets, generally because it is time-wasting and
also needs a considerable amount of memory. Several algorithms have been developed
to solve the QP problem with this limitation. The technique used by most of these
algorithms is reducing the size of the QP problem by iteratively dealing with smaller
QP subproblems.
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4.5.1 Sequential Minimal Optimization (SMO)

The Sequential Minimal Optimization (SMO) algorithm proposed in (Platt, 1999a)
sidesteps dealing with numerical QP tools by systematically solving a large number
of small optimization sub- sets that includes only two Lagrange multipliers at a time.
This is the smallest number of multipliers to deal with because the linear equivalence
constraint > - a;y; = 0 in the original QP problem.

The main SMO-developed idea is to keep improving the overall objective function by
fine-tuning two Lagrange multipliers at one time. The SMO algorithm analytically
solves a QP subproblem for the two selected Lagrange multipliers and consequently
modifies the SVM model. The SMO method’s size is linear in the quantity of train-
ing data. The time complexity is described as being between linear and quadratic
regarding the size of the training set for various datasets.

Alex J. Smola and Bernhard Schlkopf in [48] modified the original SMO algorithm
to solve regression problems. Shevade et al. in [55] presented more modifications to

SMO for better performance.

4.5.2 TIterative Single Data Algorithm (ISDA)

The Iterative Single Data Algorithm (ISDA) was developed to sidestep the use of
typical QP solvers. The most important feature of ISDA is that it deals with one
data point at a time to develop the objective function. The Kernel AdaTron (KA) is
the old version of ISDA for SVM, which uses kernel functions to map data into SVM
feature space and performs AdaTron learning in the feature space. The first addition
of the Kernel AdaTron algorithm for regression was presented in [56], where the KA
algorithm is built on a gradient ascent method. KA is a straightforward algorithm,
it uses exponential method to quickly converge the quadratic problem and find the
optimal solution. The development of ISDA is based on the notion that the equality
constraint of the SVM optimization problem can be removed when a positive definite
kernel is used.

The straightforwardness of ISDA is the result of the circumstance that, in the training
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step, the Lagrangians constraints do not need to be achieved. Therefore, the ISDA is
an ideal technique for solving outsized SVM problems containing large training data
sets. The ISDA will solve the QP faster compared to other typical algorithms, while

performing the same generalization results.

4.5.3 L1 Soft-margin Minimization by Quadratic Programming (L1QP)

In the soft margin SVM, a linear approximation function is considered in the feature
space. By minimizing the approximation error for the training data and the response,
the approximation function can be determined.

This can be reached by minimizing:

M
1 2
Sl +C;Q (4.13)
Subject to the constraints:
yi(wlo(x;) +b)>1-¢  for  i=1,....,M (4.14)

Where w is the weight vector, (; is the positive slack variable, x; is training data, y;
is the response variable, C' is the margin parameters, and M is the number of the
training data.

L1 soft-margin SVM is widely used for function approximation. L1 SVM solutions
depend on the margin C' parameter, which is used to enforce the constraints [29]. If
C' is extremely large or greater than the biggest Lagrange multiplier (o) calculated,
the margin is essentially hard. If C' is smaller than the biggest original Lagrange

multiplier (a;), the margin is soft.

4.6 Performance Evaluation

To evaluate model forecasting results, specific performance measures are used. The

Relative Mean Square Error (RMSE) for the predicted period is calculated by (4.15),
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and for each model the Mean Absolute Percentage Error (MAPE) is also calculated.
MAPE is often utilized to compare forecast performance; it is calculated by (4.16) and
has valuable statistical properties which are often useful for the purpose of reporting.
MAPE is also the most commonly used evaluation measure, being expressed in generic
percentage terms that are understandable to users [57].

Correlation coefficient (r) is a coeficient that measures the strength of the statistical
relationship (degree of linear dependence) between variables. In other words, the
coefficient shows how close two variables lie along a line. In this research, it is used
to measure the correlation coefficient between the observed values (Y;) and the fitted

A

values (Y;). r is determined by Eq.(4.17).Given n historical observations of electricity

price (y;) and the corresponding forecasted price (y;) for i = 1,...,n, the equations
are defined as:
no )2
RMSE = \/ 2iz1l0i = yi) (4.15)
n
1 ¢ Yi — Ui
MAPE = — 100 4.16
DI (416
cov(X;,Y)

(4.17)

T Vovar(X;)var(Y))

Where cov designates the covariance and var the variance.
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Chapter 5

Data Collection and Pre-Processing

5.1 Introduction

Data collection and pre-processing are significant steps in regression analysis and
forecasting. This research focuses on utilizing SVM to predict mid-term electricity
prices. Prediction accuracy is mainly dependent on the selection of the model input
data. An input data collection process using feature selection techniques has been
developed in this research to help forecasting models obtain the best prediction accu-
racy. The process will be discussed in detail in the next chapter. Data pre-processing
is an important standard technique which is used in machine learning and data anal-
ysis to obtain optimal results. Data pre-processing involves initial preparation of
data, which includes various tasks such as data normalizing, data cleaning, and data
reduction. In the context of electricity price forecasting, the most frequently used
data pre-processing actions are outliers (abnormal prices) detection and manipula-
tion, normalization, and data transformation [58]. In this research, outlier operations
are not performed because abnormal values explain the real nature of the data, and
manipulating them may result in losing their informative feature. In the present work,
only data normalization and reduction are applied, as normalization has been found
to enhance prediction accuracy [58].

ISO-NE Electric Power Market data is used as an example in this research.

5.2 Electric Power Market - New England (ISO-NE)

Recently, electricity systems located near to each other have been integrated as a
result of high demand in some areas that had been causing frequent sudden shortage

and/or surpluses. Forming a larger integrated system helps keep the demand and

30



supply stable, increases system reliability, and delivers improved service quality.
The ISO-NE electricity market [59] agrees to participate with any market that meets
its competency and thus works as an open market. Electricity suppliers of ISO-NE
and Maritime Canada have transmission access and wholesale markets for both sys-
tems.

The New England wholesale electricity market operates much like a commodity mar-
ket. Buyers and sellers of electricity gather (electronically) and bid on sales and
purchases of electricity. The price of electricity is set in the marketplace according to
demand (how much electricity parties want to buy) and supply (how much electricity
is for sale). The electricity that is available for sale in the New England wholesale
marketplace is usually generated primarily by natural gas and nuclear generation.
The pricing in the New England wholesale marketplace largely determines the pric-
ing that Maritime Electric pays for the electricity it needs to purchase outside of

electricity supplied by long-term contracts.

Figure 5.1: North America Electric Reliability Corporation Regions

ISO-NE grid market stats [59]:
e 350 generators.
e 31,000 MW of generating capacity.
e 600 MW of active demand resources.

e 1,700 MW of energy efficiency with capacity supply obligations.
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e $7.8 billion in transmission investment since 2002.
e Over 400 buyers and sellers in wholesale electricity marketplace; $7.2 billion

traded in 2015.

5.3 Data Collection

Electricity price can be predicted by processing models that evaluate a set of variables
such as fuel prices, generation capacity, electricity supply, demand, and weather. In
any typical electricity price forecasting model, all available variables that affect the
electricity price should be included. Practically and in real life, however, only vari-
ables with high informative and feature importance should be included to reduce the
data size, speed up the forecast process, and increase the forecast accuracy. Based
on the factors mentioned, a data and features selection process is proposed and pre-
sented using different attributes and search methods in order to select the optimal
input features that will be taken into account to do forecasting in this research.

In selecting the best influencing features, the ISO-NE actual daily data is split into
two parts: training dataset and testing dataset. The testing dataset will be used as
out-of-sample data to evaluate the model forecasting. The training dataset consists
of data points from March 2003 to March 2009, while the testing dataset consists of
data points from March 2009 to September 2009.

Once the proposed forecasting models are trained using historical data, future elec-
tricity prices are forecasted using the proposed trained model. The forecasting work
in this research is based on the assumption that all forecasting input data have already

been precisely predicted.

5.4 Input Data Pre-Processing

The ISO-NE daily selected forecasting input features dataset is initially filtered for
outliers or missing values. In this research, electricity price outliers filtering is not
performed because abnormal values explain the real nature of the data, and manipu-

lating them may result in losing the informative feature. An interquartile range filter
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Figure 5.2: Attributes Statistical Distribution

is used to detect outliers and extreme values in the input dataset based on interquar-

tile ranges.

Outliers:

Extreme values:

Q3+ OF xIQR <z < Q3+ EVF * IQR.
or

Ql—EVF+«IQR <z < Q1 — OF xIQR.

x>Q3+ EVFxIQR.
or

r<Ql—FEVFxIQR.
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Where Q1 is 25% quartile, Q3 is 75% quartile, IQR is Interquartile Range (difference
between Q1 and Q3),0F is Outliers Factor, and EVF is Extreme Value Factor. In

Outlier ExtremeValue
14 11

Figure 5.3: Outliers and Extreme Value Filtering

forecasting, the most recommended data, the pre-processing practice is normaliza-
tion. Normalization converts each data in each variable into a value between 0 and 1

with respect to the variable’s maximum and minimum values.

x; — min(z)

T max(x) — min(x)

(5.1)
Where z = (1, ...,2,) and z; is the i normalized data.

Normalizing the input data enhances the forecasting accuracy so that better results
can be obtained. Normalization can eliminate the problem whereby bigger values
may terminate lower values. It is advisable to normalize the training data and the
testing data together to avoid mismatching the data parameters.

De-normalization is applied when the forecasting of the electricity price is completed.
It converts the forecast ratio values to real values. De-normalization can be defined

as:

x; = z; X (maz(x) — min(z)) + min(x) (5.2)
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5.5 Use of Software

All graphs in this thesis were generated using MATLAB [60]. IBM SPSS Statistics [61]
was used to perform input feature correlations analysis. Figures of neural networks ar-
chitectures were generated using NN toolbox in MATLAB. Data pre-processing, price
forecasting training and testing in the neural network method were performed using
MATLAB script with NN toolbox. SVR modeling, data pre-processing and forecast-
ing results were performed using WEKA [54]. SVR optimization solvers training and

forecasting results were performed using MATLAB.
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Chapter 6

Effective Input Features Selection for Electricity Price

Forecasting

In forecast modeling, choosing feature selection techniques is a crucial step in data pre-
processing prior to creating the prediction model. Selecting the most significant input
features is important for increasing the prediction accuracy and minimizing the data
and training time. In this chapter, some feature selection techniques are compared
and analyzed and then used as a filter prior to electricity price forecasting. The
influence of feature selection techniques on prediction accuracy and mean absolute

percentage error (MAPE) of each selected subset is also compared.

6.1 Introduction

Feature selection is a process in which the best subset of attributes in the dataset is
automatically searched and selected. Selecting the relevant features of a target vari-
able and creating a new subset of features based on the importance of these features
is very important. Feature selection (pre-processing) is an important step in creat-
ing and training the forecasting model with the most relevant features, which can
significantly improve forecasting accuracy and minimize training time [62]. Feature
selection is also important due to the correlation of some features which can affect
the accuracy of the forecasting model. Feature selection techniques can be used to
build new features that are independent [63].

The presence of excessive training features can misguide the forecasting modeling.
Hence, including uncorrelated features in the training data could affect the forecast-
ing accuracy due to redundancy. Minimizing the modeling time, reducing the data

size, and enhancing forecasting accuracy are the main advantages of implementing
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features selection prior to modeling a forecast.

Feature selection has been a productive research area in data mining [8] and machine
learning [9] and has been applied to numerous other fields. Some feature selection
techniques are proposed as pre-processing tools [10, 11, 12, 13, 14].

In this thesis, a study of feature pre-processing techniques is conducted and their per-
formances in electricity price forecasting measured. Irrelevant correlated features are
observed in most electricity price data, so effective feature pre-processing is essential

for an element to be included in the forecasting model to enhance higher accuracy.

6.2 Correlation Criteria

To understand the relationship between any two variables, a covariance formula is
used to show the direction of the relationship and its relative strength. The correlation
coefficient calculation takes the variable covariance and divides it by the product of the
standard deviation of the two variables. This will ensure correlation between values of
-1 and +1. A correlation of +1 can be interpreted as both variables having a perfect
positive correlation relationship, and a -1 indicates they have a perfectly negative
correlation. The Pearson correlation coefficient is commonly used as a measure of the

linear dependencies degree between two variables. It is defined as

cov(x;,
R, = (z:,y) (6.1)
var(xz;)var(y)
Where cov designates the covariance and var designates the variance.
The estimated equation of the Pearson correlation is given by:
" T — T -

- Voo (@ — )2 >0 (i — )2

Figure 6.1 shows the variables correlation coefficients with respect to electricity price.
The correlation table illustrates how good the variable correlation factor is and in

which direction it points, and also illustrates how significant the correlation is by
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Figure 6.1: Variable Correlation Coefficients

showing the p-value of each variable test.

6.3 Feature Selection

Feature pre-processing techniques employ different search strategies and evaluation
criteria. In this section, we will discuss these strategies and criteria. The feature
selection process is separated into two parts:

e Attribute Evaluator: a technique that evaluates the merit of features subsets
by considering the degree of duplication between features and feature individual
predictability. The evaluator searches for features which have high correlation
with the target and low intercorrelation between features.

e Search Method: a technique that examines the space of feature subsets by

using different search techniques.
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Figure 6.3: Selected Input Features

6.3.1 Features Pre-Processing Techniques

Some Attribute Evaluator methods are [54]:
1. CfsSubsetEval: Assesses the value of features combinations by recognizing
each feature ability to predict the target, and data duplication between features.
2. Principal Components: This method is utilized in combination with a Ranker.
It examines the components and performs a transformation. By considering the
variance percentage in the input data, the dataset size can be reduced.
3. ReliefFAttributeEval: This method is continually read instance and considers

the feature value of the nearest instance to assess the value of the feature.
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4. WrapperSubsetEval: This method utilizes machine learning programming to

assess the feature subsets. Cross-validation is used in conjunction to estimate

the accuracy of a subset.

The most popular search methods are [54]:

1.

Best-First Search: It utilizes greedy hill-climbing algorithm [8] to examine
feature subsets. As all likely feature including or excluding at a point, Best-first
may search forward, backward, or in both directions.

Greedy-Step Wise Search: It executes a greedy search of feature subsets. It
may search forward or backward. Search stops when the including or excluding
of any feature brings a decrease in accuracy estimation [64].

Exhaustive Search: It executes backtracking algorithms through the space of
feature subsets. It is used to reduce the features space and resulting the best
subset available.

Genetic Search: It utilizes genetic algorithm [65] to search potential infor-
mative features combinations. Genetic algorithm is able of search large spaces,
it performs stochastic search method. GA is different from other local search
methods, it implements global search to find the global optimum.

Random Search: It executes a random examination in the feature subsets.
Random search results in the best subset with fewer features than the initial or
random start points [62].

Ranker: It is used in combination with attribute evaluators. The Rank is

recognized by each features subset evaluations.

From the above-mentioned feature selection techniques, different users may choose

different methods based on their purpose and requirements.

6.4

Developed Methodology

This section studies the effect of feature selection on mid-term electricity price fore-

casting. Generally, there are three main steps involved in building a prediction model:

data pre-processing, feature selection, and model selection [66].
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The data pre-processing purpose involves the initial preparation of data, which in-
cludes tasks such as data normalizing, data cleaning, and data reduction. In the
context of electricity price forecasting, the most important data pre-processing ac-
tions are normalization and feature selection [66], so they are used in the present work

to enhance prediction accuracy.

Next Feature

Added feature
improved the model
orecast accuracy?

Most possible

feature set? Selected Features

Input Data

A

<

Next Feature Set

Figure 6.4: Input Data Selection Process

Feature selection concentrates on finding the most important and explanatory predic-
tors and using them as inputs in the forecasting model. Given the limited available
data for mid-term forecasting, developing appropriate input feature selection method-
ologies is not only complex but important. In general, the two main feature selection
methodologies are filter and wrapper [66]. In the filter method, features are chosen
based on their importance to the target variable, regardless of the forecasting model
used. Wrapper methods, on the other hand, search for an optimal feature subset
obtained from the full set, with the relevance of the features being evaluated by the
accuracy of the final predictions.

Feature pre-processing is introduced and illustrated in Figure 6.4. The features pre-

processing procedure includes the following steps:
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1. Input set generation: Initial input data is generated; the feature set can be
subset of the original feature set or the most influential features.

2. Feature set evaluation: After adding a new feature to the input feature set,
it is evaluated and compared with the previous best one according to a certain
evaluation criterion. If the new feature set turns out to be better, it replaces
the previous best feature set. Different evaluation methods can be employed to
select the best feature set, such as Attribute Evaluator and search method.

3. Stopping criterion: The process of feature input set generation and evaluation
is repeated until a given mean absolute error percentage is satisfied.

4. Results: The selected optimum feature set is validated by testing the data sets.

Feature Importance Results
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Figure 6.5: Features Importance

According to ISO-NE market characteristics, the most influential explanatory features
of the electricity price are determined using the regression tree in Figure 6.5. It is
obvious that the fuel prices are the most important features and that the natural gas
fuel price is the most influential one among them, as the ISO-NE generates 45% of

its power from natural gas.
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6.5 Numerical Results and Discussion

The dataset was used to train, test and analysis the effectiveness of several feature
selection techniques in electricity price forecasting. The study will be carried with
real data from New England ISO. [SO-NE publishes daily historical data of New
England regional demand, production, weather and electricity prices on its website
[59]. The data used in this research was split into training period (Jan 01, 2008 to
Jan 07, 2010) and testing period (Jan 08, 2010 to March 31, 2010). Different feature
selection methods will first be applied on the ISO-NE dataset to generate feature sets.
These feature sets will then be employed to train and test the SVM prediction model
separately. The prediction accuracy of the model represents the quality of the feature

set.

Table 6.1: Feature Selection Techniques

Attribute Evaluator Search Method Selected Features No.

CFS BF Forward 5
CFS BF Backward 8
CFS BF Bi-directional 5
CFS Exhaustive 5
CFS Genetic 7
CFS GreedyStepwise 5
CFS PSO 7
CFS Random 5
CFS Rank Search 5
ReliefF Ranker 8

The New England real daily data includes 20 features. We initially train the SVM
model with all available features and then apply different feature selection techniques
to generate feature sets, as shown in Table 6.1. The SVM model is trained separately
with each selected feature set. Some other data set combinations are selected to train
and test the SVM model, as follows:

e Group 1: All features.

e Group 2: Natural gas price only.

e Group 3: All fuel prices.

e Group 4: All fuel prices and supply data.

Group 5: All fuel prices, supply and demand data.
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e Group 6: All fuel prices and weather data.
Some search methods have the same selected feature set, so one of the same feature
set will be applied to train and test the SVM model, as follows:

e BestFirst_F, BestFirst_Bi, Exhaustive, GreedyStepwise, Random, and Rank Search:

Selected features
{NGPrice, COAL,OIL, REFUSE, Net_Int} .
e Genetic, PSO: Selected features { NG Price, CrudeQOil Price, Coal Price, FuelOil Price,

REFUSE, Energy, Net_Int}.
To evaluate the results, some performance measures are used. Relative Mean Square
Error (RMSE) for the predicted period is calculated by Eq.(4.15). For each model, the
Mean Absolute Percentage Error (MAPE) is also calculated. It is used to compare the
performance of different models Eq.(4.16). The correlation coefficient (r) measures
the strength of the statistical relationship (degree of linear dependence) between
variables. In other words, the coefficient shows how close two variables lie along a
line. In this research, it is used to measure the correlation coefficient between the

~

observed values (Y;) and the fitted values (Y;). r is determined by Eq.(4.17).

Table 6.2: Forecast Accuracy of the Feature Sets

FS MAPE RMSE r MAE T.Time

Groupl 6.42 5.47 0.97 3.66 61.51
BF Forward 8.08 6.79 0.95 4.64 3.13
BF Backward 7.49 6.64 0.96 4.28 5.94
Genetic PSO 7.37 6.31 0.96 4.25 5.22

Ranker 6.77 5.87 0.97 3.89 6.18
Group2 9.77 10.20 0.90 6.13 0.51
Group3 8.85 9.02 0.92 5.45 1.82
Group4 6.46 5.13 0.97 3.63 10.78
Groupb 6.17 5.29 0.97 3.46  28.83
Group6 8.36 7.75 0.94 4.96 4.7
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Electricity Price Forecasting Using Feature Selection

140 ElecPrice
BF Backward
- E - BF Forward
120 | i Genetic
= ‘ [ | Ranker
E ﬂ ‘ ] = Group1
& 1 00 [, il l 3 1 —— Group2
3 1 X ] I [ — Group3
g TRV |  —ocrus
o 80 il L] ‘ 1 | Group5
.-=_—7' | E} 1 !'I‘ | | \ | —— Groupé
= /s YAWEY | b (1 R
= 60 1 2% AR i A ]
2 I A N
o4 U | ! r Y l
YU 3
20 . \ . . L
0 20 40 60 80 100

Time (Days)

Figure 6.7: Electricity Price Forecasting Using Different FS

Table 6.2 shows a performance comparison between different feature selection methods
used in electricity price forecasting using SVM modeling.

From the results, it can be observed that the Group 5 feature set has the lowest
percentage error (MAPE) and the highest correlation coefficient (). Hence, the
Groupb feature set has the lowest prediction error for electricity price and is the

best model for fitting the non-linearity of the data. In Figure 6.7, we can see that
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Electricity Price Forecasting Using Feature Selection
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Figure 6.8: Best Performed Feature Sets

the feature set price forecasting has captured price variations trends as well as price
magnitudes.

In Figure 6.8, the most accurate price forecasting model using feature selection is
shown. It is clear that Groupb FS has the lowest MAPE and thus the most accurate

prediction FS.

6.6 Summary

In this chapter, the problem of feature selection for electricity price forecasting was
presented. In the proposed feature selection methodology, based on the market prop-
erties, the input features are selected from a large set of inputs using search methods.
From all factors that may influence the electricity price, those which can better ad-
dress the price variations and are predictable should be selected. Real daily data for
New England ISO are used with Support Vector Machine modeling to predict the
daily electricity price using different feature selection methods. For this purpose, the
program WEKA is used for data pre-processing and for performing feature selection
search methods and SVM modeling with a Radial Basis Function kernel.

The performance of the proposed feature selection technique is compared with some
feature search methods. The obtained results indicate the superiority of the features

selection in generating high-quality prediction. From the results, we can clearly see

46



that the Groupb feature set, which consists of fuel prices, demand and supply data,
has the best-predicted price.
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Chapter 7

Mid-Term Electricity Price Forecasting Using SVM

Approach

In the modern electricity market, it is important to have precise electricity price
forecasting in a mid-term time horizon, but few studies have focused on the mid-
term forecasting of electricity prices. The mid-term time horizon of electricity price
forecasting has many applications, such as future maintenance scheduling of power
plants, planning future contracts, purchasing raw materials, and determining market
pricing. Factors that are important for forecasting electricity prices include choosing
the most useful price features that influence the market price, and choosing the proper
prediction model that is able to predict price variation behavior using historical data.
The proposed SVM method, along with a few other methods, is evaluated using data
from the New England ISO that are published on their official website.

7.1 Introduction

Price prediction plays an important role in the scheduling and administration of
electricity markets. Recently, many studies were presented focusing on short-term
electricity price forecasting [67, 68]. In contrast, there is very little research focus-
ing on mid-term electricity price forecasting. Mid-term forecasting can range from
a few weeks to one year. Researching mid-term price forecasts is necessary for mid-
term planning in electricity markets that involves scheduling maintenance, dispatch-
ing power generation, and future contracting and investment [69, 70]. Mid-term
electricity price forecasting is a complex task due to the long prediction period and
the unsteady nature of electricity prices. In addition, limited explanatory data exists

for use in such price forecasting. In mid-term forecasting historical data, only a few
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attributes are available. Moreover, many forecasting engines need large sets of data
for training and testing, so some methods are not applicable for mid-term forecasting.
This chapter focuses on using the data mining technique (SVM) to predict electric-
ity prices. The mid-term electricity price forecasting task is addressed, and different
issues related to the forecasting are considered. In addition, based on the NE-ISO
publicly available data, a year-ahead price forecast is developed. The contributions
of this research are developing mid-term electricity price forecasts for electricity mar-
kets using publicly available data and addressing and resolving issues associated with

mid-term price forecasting problem, such as selecting proper input features.

7.2 Developed Electricity Price Forecasting Methodology

This section explores mid-term electricity price forecasting. It is assumed that the
daily average fuel price, demand data, and weather data are available, and that the
objective is to forecast the daily average electricity price. Generally, there are three
main steps involved in building a prediction model: data pre-processing, feature se-
lection, and model selection [24].

Data pre-processing involves the initial preparation of data, which includes tasks such
as data normalizing, data cleaning, and data reduction. In the context of electricity
price forecasting, the most frequently used data pre-processing actions are outliers
(abnormal prices) detection and manipulation, normalization, and data transforma-
tion [24]. In this research, outliers operation of electricity prices is not performed,
because abnormal values explain the real nature of the data, and manipulating them
may result in losing informative features. In the present work, only data normaliza-
tion and reduction are applied, as normalization has been found to enhance prediction
accuracy [24].

Feature selection concentrates on finding the most important and explanatory predic-
tors in order to use them as inputs in the forecasting model. Given the limited amount
of available data for mid-term forecasting, developing appropriate input feature se-

lection methodologies has become increasingly complex. Feature selection developed
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Figure 7.1: Features Scatter Plots
methodology and techniques were discussed in the previous chapter.
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Figure 7.2: Electricity Price Forecaster

A design of the proposed forecasting method is shown in Figure 7.2. The forecaster

is trained using training data, after which its performance is evaluated by the out-

of-sample test set. The validation period has two applications: to identify optimum

input features, and to find the optimum SVM parameters.
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7.3 SVM Optimization

The SVM and mapping kernels have training parameters that can affect the perfor-
mance of training and forecasting. These parameters can be manually adjusted or
fine-tuned to improve their outcome. As shown and discussed in Chapter 4, SVM
training improvement can be achieved by adjusting the slack variables penalty weight
(C), and searching for the best trade-off between generalizing the model and outliers.
Large C values will greatly penalize outliers and result in a strong hyperplane that
avoids outliers and potentially loses model generalization. Furthermore, small C' val-
ues will penalize outliers and result in soft-margin SVM behavior. Penalty weight
(C) is separate from kernel choice and is a parameter of the minimization problem.
Other than for the linear kernel, other kernels might have tunable parameters. For
instance, the RBF kernels gamma () parameter is optimized jointly with (C) pa-
rameter. The RBF kernel is widely used for its flexibility in fitting data, along with
some other popular kernels such as polynomials.

In this research, three QP optimization solvers discussed in section 4.5 are examined

to train the SVM. Their results will be discussed in the next section.

7.4 Numerical Results and Discussion

The relationships between electricity price and fuel costs, load demand, weather con-
ditions and economic/demographic factors are very important for prediction accuracy.
These features should be considered when determining the data to be used for elec-
tricity price forecasting. In this study, the data set consists of calendar days, daily
average (natural gas, crude oil, fuel oil) prices, daily peak load values, daily average
(Dew Point, Dry Bulb, Humidity Index), and Import/Export power. Daily data from
2003 to 2009 is gathered from the New England ISO [54]. As fuel prices are the most
influential factors in pricing electricity, they are included in the data set of this study.
Daily normalized electricity and fuel prices are given in Figure 7.2.

The normalized daily load peak demand curve is shown in Figure 7.3. Due to the

lack of information, economical and demographical factors are not included in this
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study. The data set is constructed from fifteen inputs, as follows:

e One input that indicates the weekday.

e Three inputs that indicate fuel prices.

e Seven inputs that indicate electrical loads.

e Three inputs that indicate weather conditions.

e One input that indicates Import/Export power.

Normalizing the input data enhances the forecasting accuracy so that better results
can be obtained. Normalization can eliminate the problem whereby larger values may

terminate lower values. It is beneficial to normalize training data and testing data

52



together to avoid mismatching the data parameters.

As discussed in section 4.4.4, the radial basis function kernel is used in SVM model-
ing. When pre-processing the data to build an SVM model, 90% of the data is used
for training and 10% for testing the model. All of the input data are normalized, and
in order to enhance the forecasting accuracy and achieve better results, the WEKA
built-in Sequential Minimal Optimization (SMO) algorithm is used to train the SVM.
Different SVM parameters optimization approaches are detailed in [71, 72, 73, 74].
Almost all types of neural networks were trained and tested on an out-of-sample
dataset, but only the out-performed network types are included in this research. The
best among them is included in the comparison to the SVM performance. Cascade-
forward backprop 3 layers (CNN3L) performed the best with MAPE= 10.30%. Figure

7.8 illustrates the neural network models’ performance.
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Table 7.1: Comparison of Neural Networks Forecasting Performances
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Electricity Price Forecasting Using Neural Networks
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Figure 7.8: The Best Neural Network Models’ Performance

Network Type T.Time r% MSE MAPE MAE RMSE

Layer Recurrent 3L 11 65.70 21.4295 10.3738 3.5786 4.6292
Elman 2L 7 64.6 21.8646 10.6529 3.6576 4.676
Cascade-forward 3L 2 66.8  20.5656 10.3046 3.544  4.5349
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Other models, such as Least Median Squared (LeastMedSq) and Radial Basis Func-
tion (RBF) are trained and tested with the same data to compare the performance
of the proposed SVM Regression model.

To evaluate the results, some performance measures are used. Relative Mean Square
Error (RMSE) for the predicted period is calculated by Eq.(4.15). For each model,
the Mean Absolute Percentage Error (MAPE) is also calculated and is used to com-
pare the performance of different models Eq.(4.16). MAPE, which is most commonly
used to evaluate forecasts, has valuable statistical properties which are often useful
for purpose of reporting. It is expressed in generic percentage terms that are un-
derstandable to users [57]. Finally, the correlation coefficient (1) is a coefficient that
measures the strength of the statistical relationship (degree of linear dependence)
between variables. In other words, the coefficient shows how close two variables lie
along a line. In this research, it is used to measure the correlation coefficient between

~

the observed values (Y;) and the fitted values (Y;). r is determined by Eq.(4.17).

Table 7.2: Comparison of Model Forecasting Performance

Model T.Time r% MSE MAPE MAE RMSE
LeastMedSq 22.4 68 15.0163 8.7951 3.03 3.8751
Cascade-forward NN 2 66.8  20.5656 10.3046 3.544  4.5349
RBFRegressor 291 68.72 29.5276 11.5224 3.9088 5.4339
SVM 13.4 75 11.7441 7.4857 2.5683 3.427

Table 7.2 presents a comparison of the optimum forecasting results of different mod-
els. The SVM model has the lowest percentage error (MAPE), the lowest regression
squared error (RMSE), and the highest correlation coefficient (7). These factors in-
dicate that SVM has the lowest prediction error for electricity price and is the best
model fitting the non-linearity of the data.

Figure 7.13 shows that SVM captures price variation trends as well as price mag-

nitudes, but Figure 7.12 shows that SVM and the other models are not capable of
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Model Performance Comparison Chart

80.00% -
70.00% -
60.00% -
M Training Time
 50.00% B
£ i Corr. Coefficient
g 40.00% -
g u MSE
9 30.00% -
u MAPE
20.00% - 2% 0%
% . u MAE
10.00% -
0.00% 1 , 7 RMSE
LeastMedSq RBFRegressor SVM Cascade-forward
NN
Models
Figure 7.10: Model Performance Comparison Chart
2 ISO-NE Mid-Term Electricity Price Forecasting
m— Actual
m—— CNN3L
_of ey
g m— SV M
=
$4O il
Q
.2 ‘'
[
o 30 —
=
S
= 2 |
Q
2
w
10 | G

0 1 1 I I 1
0 20 40 60 80 100 120 140 160 180 200

Time (Days)

Figure 7.11: Different Model Performances Against Actual Price

following price spikes as sharply as they occur in the real world. However, SVM can

estimate the variations in time, so it makes the most accurate predictions.

7.4.1 SVMs Parameter and Kernel Optimization

The existence of parameters in SVMs and kernels can affect training and regression

results, but these parameters can be fine-tuned to improve SVM performance. The
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simplest approach in SVM regression improvement is to adjust the slack variables
penalty weight (C') and watch for the best trade-off between allowing outlier errors
and generalizing the model. Large values of C' will penalize outlier instances and, as
a result, the hyperplane will strongly avoid regression errors. Eventually, a C' = oo
generates a hard-margin SVM behavior, which sacrifices model generalization.

Optimization of SVM parameters using search techniques is beneficial for getting bet-
ter regression results. Kernel generalization power can be understood by optimizing
kernel hyper-parameters, as generalization may not show if default or random pa-
rameters were used. In this section, different SVM QP solving algorithms, several
kernels and an approach to tuning the SVM performance are presented. Three QP
optimization solvers mentioned in section 4.5 are used and compared to model the
SVM by solving the QP problem for the two Lagrange multipliers. A linear kernel is

used to map the data with all solvers in this comparison.

Table 7.3: Performance Comparison of SVM QP Optimization Solver
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Network Type T.Time r% MSE MAPE MAE RMSE

SMO 3 70.7 13.5834 8.3369  2.8739 3.6856
ISDA 4 71.8 12.7863 8.0851  2.7925 3.5758
L1QP 660 71.2 13.3209 8.2369  2.8422 3.6498
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Figure 7.14: Electricity Price Forecasting Using Different SVM Optimization Solvers
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Table 7.3 represents a forecasting performance comparison of three QP optimization
solvers. From the table, it is clear that ISDA outperforms the other solvers for this
research dataset, as it has the largest correlation coefficient (r) and the lowest mean

absolute percentage error (MAPE). CVParameterSelection [75] is a meta-classifier in

=== Classifier model (full training set) ===

Cross—validated Parameter selection.

Classifier: weka.classifiers.functions.SMOreg
Cross—wvalidation Parameter: '—-C' ranged from 1.0 to 10.0
with 5.0 steps

Classifier Options: —-C 10 -N 0 -I
"weka.classifiers.functions. supportVector . RegSMOImproved -—T
0.001 v —-P 1.0E-12 -L 0.001 —-wW 1" -—-K

"weka.classifiers.functions.supportVector.RBFKernel -G
0.01 —C 250007™

Figure 7.15: Complexity Parameter Optimization Using Cross-validated Parameter
selection

WEKA. It can optimize over a random number of parameters and performs param-
eter selection by cross-validation. Furthermore, it can be utilized to optimize the
complexity parameter (C') of SVM and the gamma parameter () of the RBF kernel.
To analyze the kernels performance on an optimization basis, each kernel is tested
=== Classifier model (full training set) ===

Cross-validated Parameter selection.

Classifier: weka.classifiers.functions.LibSVM
Cross-validation Parameter: '-G' ranged from 0.01 to 0.1
with 10.0 steps

Classifier Options: -G 0.09000000000000002 -8 3 -K 2 -D 3 -R
0.0 -N 0.5 -M 40.0 -C 10.|0 -E 0.001 -P 0.1 -Z -model "C:
\\Program Files\\Weka-3-7" -seed 1

Figure 7.16: RBF Gamma Parameter Optimization Using Cross-validated Parameter
selection

and its parameters fine-tuned independently. In [76], the authors pointed out that

there is no single best kernel which has optimal performance in all problems.
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Table 7.4: Performances Comparison of SVM Kernels

Kernel Type T.Time r% MSE MAPE MAE RMSE

Linear 10.55 71.23 12382  8.0942  2.7747 3.5188
Polynomial 11.98 71.24  14.6266 8.6867  2.9978 3.8245
RBF 13.4 75 11.7441 7.4857  2.5683 3.427

When assessing the results kernel-wise in Table 7.4, the RBF kernel stands out with

the larger correlation coefficient and the least percentage error.  In building an

Performance Comparison of SVM Kernels
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Figure 7.17: Forecasting Performance Comparison of SVM Kernels

SVM for regression, some learning parameters can be employed. The most important
parameters are the e-insensitive loss function and the penalty parameter C', which
defines the adjustments between margin and slack variables. The parameter C' has
wide-ranging values and the best performance can be assessed using a cross-validation
technique to find the optimal C' value. Both parameters are selected by the user or

optimized using an optimization technique prior to training the SVM.
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Forecasting performances of different SVM Kernels
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Figure 7.18: Electricity Price Forecasting Using Different SVM Kernels

7.5 Summary

In this chapter, the problem of mid-term electricity price forecasting was presented.
In the proposed forecasting methodology, based on the market properties, the input
features are selected from a large set of inputs using the search method. From all fac-
tors that may influence the electricity price, those which can better address the price
variations and are predictable should be selected. The daily electricity price for New
England ISO is predicted with Support Vector Machines using real fuel prices, daily
demand values, and weather conditions. For this purpose, the program WEKA is used
for SVM modeling. As well, the Radial Basis Function kernel is used for mapping non-
linear input values to a higher dimension feature space. The SVM meta-parameters
are determined from the training data using a built-in SMO algorithm. This approach
saves the trial and error time of selecting these parameters and enhances prediction
accuracy. The performance of the proposed SVM technique is compared with some
benchmark techniques and the obtained results indicate the superiority of the SVM
in generating high-quality prediction intervals. The results show that SVM has the
best-predicted price, thus indicating the models strong capability in predicting price

variation trends (i.e., sign and magnitude of price variations). This capability shows
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to what extent a model can identify the relation between input data and the value
to be predicted. From the SVM parameters and kernel optimization results, we can
conclude that selecting the correct kernel, adjusting kernel parameters, adjusting the
model complexity penalty, and selecting the optimal subset of features can lead to
significant improvements in forecasting performance. The inclusion of input features
that can explain the economic conditions of the market will increase the model’s

accuracy to a great extent.
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Chapter 8

Conclusion

8.1 Conclusion

In this research, different techniques were applied to perform MTEPF. Computa-
tional methods, which better understand price variations than traditional methods,
were used for forecasting in deregulated markets. Given the lack of comprehensive
literature available on SVM to do regression and perform MTEPF, machine learn-
ing techniques like SVM had not previously been thoroughly considered in electricity
price forecasting. Therefore, this research work applied SVM Regression and opti-
mized its parameters to improve the prediction accuracy of future electricity prices.
This thesis evaluated the importance of feature selection in forecasting and also eval-
uated the performance of SVM Regression in electricity price forecasting. Real daily
data from New England ISO were used to experiment and explore the applicability
of the developed feature selection and SVM Regression forecasting. Various feature
selection techniques were explored and experimented on the dataset, and a developed
feature selection method was discussed. To compare the performance of the SVM Re-
gression model, various forecasting methods were applied in this research, including
Neural Network Architectures, Median Least Squared, and Radial Basis Function. A
statistical analysis of electricity price forecasting was done separately for each fore-
casting method. After finding the results for all methods, a comparison analysis was
made. The performance of each method was evaluated on the basis of mean absolute
percentage error (M APE), root mean squared error (RMSE), correlation coefficient
(r) and other evaluating measures. The results show that with the same dataset, the
SVM Regression forecasting model achieved the highest forecasting accuracy among

all applied forecasting models.
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Various SVM optimization solvers were utilized in this research to train and opti-
mize the SVM parameters to fasten the quadratic programming solution and increase
the model forecasting accuracy. Various kernels were used with the SVM Regression

model and their performances were compared.

8.2 Summary of Contributions

The work presented in this thesis contributes to improving the quality of feature
selection through building a developed method for input dataset for electricity price
forecasting. Three primary concerns of dataset are data size, selection of the most
important variables, and improving the quality of the forecasting. A developed feature
selection method is a good approach for addressing these concerns. Further techniques
are applied to perform feature selection. This thesis also presented a step towards
forecasting mid-term electricity prices using SVM Regression. The relative success of
the SVM Regression model is due to its flexibility and efficiency. In this thesis, we
have shown how feature selection and the SVM Regression model can be combined
to achieve the highest accuracy in electricity price forecasting. These techniques can

easily be generalized to other aspects of forecasting models.

8.2.1 List of Publications

The work of this thesis is based on the following publications:

1. A. Mohamed and M. E. El-Hawary. “Mid-Term Electricity Price Forecasting
Using SVM,” In IEEE Proc. The 29** Annual IEEE Canadian Conference on
Electrical and Computer Engineering, 15-18 MAY, 2016.

2. A. Mohamed and M. E. El-Hawary. “Effective Input Features Selection for
Electricity Price Forecasting,” In IEEE Proc. The 29" Annual IEEE Canadian
Conference on Electrical and Computer Engineering, 15-18 MAY, 2016.

3. A. Mohamed and M. E. El-Hawary. “On Optimization of SVMs Kernels and
Parameters for Electricity Price Forecasting,” Manuscript submitted for publi-

cation in IEEE Electrical Power and Energy Conference 2016.
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8.3 Scope of Future Work

SVM Regression performance relies on the tuning of its parameters, the kernels used,
and feature selection of the training data. Although this thesis presented a detailed
performance evaluation of feature selection techniques and proposed SVM Regression
to predict mid-term electricity prices, future work can focus on improving forecasting
accuracy by:

e Studying the prediction accuracy of electricity peak prices (spikes) and how to

improve the predicting of these abnormal behaviors.
e Examining other kernels and optimization solvers for SVM regression training

and evaluating their out-of-sample performance.
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Appendix A

WEKA Data Mining Software

Waikato Environment for Knowledge Analysis (WEKA) is an open source software.
It was written in Java, it operates on different operating systems. It is developed by
Waikato University in New Zealand. It has many algorithms to perform data prepro-
cessing, feature selection, classification and regression.

WEKA 3.7.13 developer version is used in this research.
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Figure A.1: WEKA System Information

WEKA graphical user interfaces (GUI) chooser in Figure A.2 contains three applica-
tions: Explorer, Experimenter and Knowledge Flow. Explorer is the simplest way to
explore WEKA.

Many sources are used in WEKA to import and store data. WEKA uses ARFF file

format, and it allows other format such as URLs, and CSV.
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Figure A.2: WEKA Graphical User Interfaces
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Figure A.3: WEKA Data Sources

WEKA Explore window in Figure A.4 contains panels for different data mining tasks

such as preprocess where filters are used to transform data by resample, normalizeetc.
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Figure A.4: WEKA Explore GUI
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Classify panel in Figure A.5 consists of regression and classification techniques.
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Figure A.5: WEKA Regression Techniques
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Figure A.7: RBF Kernel Parameters
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Select attribute panel in Figure A.8 provides access to many search methods to per-
form feature selection by measuring the value of features and select the most impor-

tant features in a dataset.
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Figure A.8: WEKA Attributes Selection Methods

Visualization panel is used to generate Scatter plots, ROC curves, Trees, and graphs.

il 8 A 0

.

i

nnnnn

;;;;;

'iili'"Il
E Yy
=iﬁ|"~|||| )

[ e g
- il o
nnnnnnn imwﬁ@wﬂi

NG
''''''''' W47 W 7
= WA S
= WA S ¥

/
wiiiiii"ll %
*ﬁ
&»

s | R
=;|a|'=||||.~
o il oo

r""lllli/ *
1o A4 ﬁM@L

ﬂﬁﬁ%{@ilg
FAMANE NN\

Wﬁﬂﬂ%&\\wﬁ

FAMANE NN &
1%&&A%@\\wg

ﬁ‘, W
\wwwm NS
i bk bl 8

EEEEEEEEE

Figure A.9: WEKA Visualization Panel
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