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Preface to “Short-Term Load Forecasting by Artificial
Intelligent Technologies”

In the last few decades, short-term load forecasting (STLF) has been one of the most important
research issues for achieving higher efficiency and reliability in power system operation, to facilitate
the minimization of its operation cost by providing accurate input to day-ahead scheduling,
contingency analysis, load flow analysis, planning, and maintenance of power system. There are lots
of forecasting models proposed for STLE, including traditional statistical models (such as ARIMA,
SARIMA, ARMAX, multi-variate regression, Kalman filter, exponential smoothing, and so on) and
artificial-intelligence-based models (such as artificial neural networks (ANNs), knowledge-based
expert systems, fuzzy theory and fuzzy inference systems, evolutionary computation models, support
vector regression, and so on). Recently, due to the great development of evolutionary algorithms (EA),
meta-heuristic algorithms (MTA), and novel computing concepts (e.g., quantum computing concepts,
chaotic mapping functions, and cloud mapping process, and so on), many advanced hybridizations
with those artificial-intelligence-based models are also proposed to achieve satisfactory forecasting
accuracy levels. In addition, combining some superior mechanisms with an existing model could
empower that model to solve problems it could not deal with before; for example, the seasonal
mechanism from ARIMA model is a good component to be combined with any forecasting models to
help them to deal with seasonal problems.

This book contains articles from the Special Issue titled “Short-Term Load Forecasting by
Artificial Intelligent Technologies”, which aims to attract researchers with an interest in the research
areas described above. As Fan et al. [1] highlighted, the research trends of forecasting models in
the energy sector in recent decades could be divided into three kinds of hybrid or combined models:
(1) hybridizing or combining the artificial intelligent approaches with each other; (2) hybridizing or
combining with traditional statistical approaches; and (3) hybridizing or combining with the novel
evolutionary (or meta-heuristic) algorithms. Thus, the Special Issue, in methodological applications,
was also based on these three categories, i.e., hybridizing or combining any advanced/novel
techniques in energy forecasting. The hybrid forecasting models should have superior capabilities
over the traditional forecasting approaches, and be able to overcome some inherent drawbacks, and,
eventually, to achieve significant improvements in forecasting accuracy.

The 22 articles in this compendium all display a broad range of cutting-edge topics of the hybrid
advanced technologies in STLF fields. The preface authors believe that the applications of hybrid
technologies will play a more important role in STLF accuracy improvements, such as hybrid different
evolutionary algorithms/models to overcome some critical shortcoming of a single evolutionary
algorithm /model or to directly improve the shortcomings by theoretical innovative arrangements.

Based on these collected articles, an interesting (future research area) issue is how to guide
researchers to employ proper hybrid technology for different datasets. This is because for any analysis
models (including classification models, forecasting models, and so on), the most important problem
is how to catch the data pattern, and to apply the learned patterns or rules to achieve satisfactory
performance, i.e., the key success factor is how to successfully look for data patterns. However, each
model excels in catching different specific data patterns. For example, exponential smoothing and
ARIMA models focus on strict increasing (or decreasing) time series data, i.e., linear pattern, though
they have a seasonal modification mechanism to analyze seasonal (cyclic) change; due to artificial

learning function to adjust the suitable training rules, the ANN model excels only if the historical data



pattern has been learned, there is a lack of systematic explanation on how the accurate forecasting
results are obtained; support vector regression (SVR) model could acquire superior performance only
with the proper parameters determination search algorithms. Therefore, it is essential to construct an
inference system to collect the characteristic rules to determine the data pattern category.

Secondly, it should assign an appropriate approach to implement forecasting for (1) ARIMA
or exponential smoothing approaches, the only option is to adjust their differential or seasonal
parameters; (2) ANN or SVR models, the forthcoming problem is how to determine the best
parameter combination (e.g., numbers of hidden layer, units of each layer, learning rate; or
hyper-parameters) to acquire superior forecasting performance. Particularly, for the focus of this
discussion, in order to determine the best parameter combination, a series of evolutionary algorithms
should be employed to test which data pattern is most familiar. Based on experimental findings,
those evolutionary algorithms themselves also have merits and drawbacks, for example, GA and 1A
are excellent for regular trend data patterns (real number) [2,3], SA excelled for fluctuation or noise
data patterns (real number) [4], TA is good for regular cyclic data patterns (real number) [5], and ACO
is good for integer number searching [6].

It is possible to build an intelligent support system to improve the efficiency of hybrid
evolutionary algorithms/models or to improve them by theoretical innovative arrangements
(chaotization and cloud theory) in all forecasting/prediction/classification applications. Firstly, filter
the original data by the database with a well-defined characteristic set of rules for the data pattern,
such as linear, logarithmic, inverse, quadratic, cubic, compound, power, growth, exponential, etc.,
to recognize the appropriate data pattern (fluctuation, regular, or noise). The recognition decision
rules should include two principles: (1) The change rate of two continuous data; and (2) the
decreasing or increasing trend of the change rate, i.e., the behavior of the approached curve. Secondly,
select adequate improvement tools (hybrid evolutionary algorithms, hybrid seasonal mechanism,
chaotization of decision variables, cloud theory, and any combination of all tolls) to avoid being
trapped in a local optimum, improvement tools could be employed into these optimization problems
to obtain an improved, satisfied solution.

This discussion of the work by the author of this preface highlights work in an emerging area of
hybrid advanced techniques that has come to the forefront over the past decade. These collected
articles in this text span a great deal more of cutting edge areas that are truly interdisciplinary

in nature.
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Abstract: Compared with a large power grid, a microgrid electric load (MEL) has the characteristics
of strong nonlinearity, multiple factors, and large fluctuation, which lead to it being difficult to receive
more accurate forecasting performances. To solve the abovementioned characteristics of a MEL time
series, the least squares support vector machine (LS-SVR) hybridizing with meta-heuristic algorithms
is applied to simulate the nonlinear system of a MEL time series. As it is known that the fruit fly
optimization algorithm (FOA) has several embedded drawbacks that lead to problems, this paper
applies a quantum computing mechanism (QCM) to empower each fruit fly to possess quantum
behavior during the searching processes, i.e., a QFOA algorithm. Eventually, the cat chaotic mapping
function is introduced into the QFOA algorithm, namely CQFOA, to implement the chaotic global
perturbation strategy to help fruit flies to escape from the local optima while the population’s diversity
is poor. Finally, a new MEL forecasting method, namely the LS-SVR-CQFOA model, is established
by hybridizing the LS-SVR model with CQFOA. The experimental results illustrate that, in three
datasets, the proposed LS-SVR-CQFOA model is superior to other alternative models, including
BPNN (back-propagation neural networks), LS-SVR-CQPSO (LS-SVR with chaotic quantum particle
swarm optimization algorithm), LS-SVR-CQTS (LS-SVR with chaotic quantum tabu search algorithm),
LS-SVR-CQGA (LS-SVR with chaotic quantum genetic algorithm), LS-SVR-CQBA (LS-SVR with
chaotic quantum bat algorithm), LS-SVR-FOA, and LS-SVR-QFOA models, in terms of forecasting
accuracy indexes. In addition, it passes the significance test at a 97.5% confidence level.

Keywords: least squares support vector regression (LS-SVR); chaos theory; quantum computing
mechanism (QCM); fruit fly optimization algorithm (FOA); microgrid electric load forecasting (MEL)

1. Introduction

1.1. Motivation

MEL forecasting is the basis of microgrid operation scheduling and energy management. It is
an important prerequisite for the intelligent management of distributed energy. The forecasting
performance would directly affect the microgrid system’s energy trading, power supply planning,
and power supply quality. However, the MEL forecasting accuracy is not only influenced by the
mathematical model, but also by the associated historical dataset. In addition, compared with the large
power grid, microgrid electric load (MEL) has the characteristics of strong nonlinearity, multiple factors,
and large fluctuation, which lead to it being difficult to achieve more accurate forecasting performances.
Along with the development of artificial intelligent technologies, load forecasting methods have

Energies 2018, 11, 2226; d0i:10.3390/en11092226 1 www.mdpi.com/journal/energies
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been continuously applied to load forecasting. Furthermore, the hybridization or combination of
the intelligent algorithms also provides new models to improve the load forecasting performances.
These hybrid or combined models either employ a novel intelligent algorithm or framework to
improve the embedded drawbacks or apply the advantages of two of the above models to achieve
more satisfactory results. The models apply a wide range of load forecasting approaches and are
mainly divided into two categories, traditional forecasting models and intelligent forecasting models.

1.2. Relevant Literature Reviews

Conventional load forecasting models include exponential smoothing models [1], time series
models [2], and regression analysis models [3]. An exponential smoothing model is a curve fitting
method that defines different coefficients for the historical load data. It can be understood that a series
with the forecasted load time has a large influence on the future load, while a series with the long time
from the forecasted load has a small influence on the future load [1]. The time series model is applied
to load forecasting, which is characterized by a fast forecasting speed and can reflect the continuity
of load forecasting, but requires the stability of the time series. The disadvantage is that it cannot
reflect the impact of external environmental factors on load forecasting [2]. The regression model
seeks a causal relationship between the independent variable and the dependent variables according
to the historical load change law, determining the regression equation, and the model parameters.
The disadvantage of this model is that there are too many factors affecting the forecasting accuracy. It is
not only affected by the parameters of the model itself, but also by the quality of the data. When the
external influence factors are too many or the relevant influent factor data are difficult to analyze,
the regression forecasting model will result in huge errors [3].

Intelligent forecasting models include the wavelet analysis method [4,5], grey forecasting
theory [6,7], the neural network model [8,9], and the support vector regression (SVR) model [10].
In load forecasting, the wavelet analysis method is combined with external factors to establish a
suitable load forecasting model by decomposing the load data into sequences on different scales [4,5].
The advantages of the grey model are easy to implement and there are fewer influencing factors
employed. However, the disadvantage is that the processed data sequence has more grayscale,
which results in large forecasting error [6,7]. Therefore, when this model is applied to load forecasting,
only a few recent data points would be accurately forecasted; more distant data could only be reflected
as trend values and planned values [7]. Due to the superior nonlinear performances, many models
based on artificial neural networks (ANNSs) have been applied to improve the load forecasting
accuracy [8,9]. To achieve more accurate forecasting performance, these models and other new or novel
forecasting approaches have been hybridized or combined [9]. For example, an adaptive network-based
fuzzy inference system is combined with an RBF neural network [11], the Monte Carlo algorithm is
combined with the Bayesian neural network [12], fuzzy behavior is hybridized with a neural network
(WENN) [13], a knowledge-based feedback tuning fuzzy system is hybridized with a multi-layer
perceptron artificial neural network (MLPANN) [14], and so on. However, these ANNs-based models
suffer from some serious problems, such as trapping into local optimum easily, it being time-consuming
to achieve a functional approximation, and the difficulty of selecting the structural parameters of a
network [15,16], which limits its application in load forecasting to a large extent.

The SVR model is based on statistical learning theory, as proposed by Vapnik [17]. It has a
solid mathematical foundation, a better generalization ability, a relatively faster convergence rate,
and can find global optimal solutions [18]. Because the basic theory of the SVR model is perfect
and the model is also easy to establish, it has attracted extensive attention from scholars in the load
forecasting fields. In recent years, some scholars have applied the SVR model to the research of
load forecasting [18] and achieved superior results. One study [19] proposes the EMD-PSO-GA-SVR
model to improve the forecasting accuracy, by hybridizing the empirical mode decomposition (EMD)
with two particle swarm optimization (PSO) and the genetic algorithm (GA). In addition, a modified
version of the SVR model, namely the LS-SVR model, only considers equality constraints instead of
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inequalities [20,21]. Focused on the advantages of the LS-SVR model to deal with such problems,
this paper tries to simulate the nonlinear system of the MEL time series to receive the forecasting values
and improve the forecasting accuracy. However, the disadvantages of the SVR-based models in load
forecasting are that when the sample size of the load is large, the time of system learning and training
is highly time-consuming, and the determination of parameters mainly depends on the experience of
the researchers. This has a certain degree of influence on the accuracy in load forecasting. Therefore,
exploring more suitable parameter determination methods has always been an effective way to improve
the forecasting accuracy of the SVR-based models. To determine more appropriate parameters of the
SVR-based models, Hong and his colleagues have conducted research using different evolutionary
algorithms hybridized with an SVR model [22-24]. In the meantime, Hong and his successors have also
applied different chaotic mapping functions (including the logistic function [22,23] and the cat mapping
function [10]) to diversify the population during modeling processes, and the cloud theory to make
sure the temperature continuously decreases during the annealing process, eventually determining the
most appropriate parameters to receive more satisfactory forecasting accuracy [10].

The fruit fly optimization algorithm (FOA) is a new swarm intelligent optimization algorithm
proposed in 2011, it searches for global optimization based on fruit fly foraging behavior [25,26].
The algorithm has only four control parameters [27]. Compared with other algorithms, FOA has
the advantages of being easy to program and having fewer parameters, less computation, and high
accuracy [28,29]. FOA belongs to the domain of evolutionary computation; it realizes the optimization
of complex problems by simulating fruit flies to search for food sources by using olfaction and vision.
It has been successfully applied to the predictive control fields [30,31]. However, similar to those
swarm intelligent optimization algorithms with iterative searching mechanisms, the standard FOA
also has drawbacks such as a premature convergent tendency, a slow convergent rate in the later
searching stage, and poor local search performance [32].

Quantum computing has become one of the leading branches of science in the modern era due to
its powerful computing ability. This not only prompted us to study new quantum algorithms, but also
inspired us to re-examine some traditional optimization algorithms from the quantum computing
mechanism. The quantum computing mechanism (QCM) makes full use of the superposition and
coherence of quantum states. Compared with other evolutionary algorithms, the QCM uses a
novel encoding method—quantum bit encoding. Through the encoding of qubits, an individual
can characterize any linear superposition state, whereas traditional encoding methods can only
represent one specific one. As a result, with QCM it is easier to maintain population diversity than
with other traditional evolutionary algorithms. Nowadays, it has become a hot topic of research
that QCM is able to hybridize with evolutionary algorithms to receive more satisfactory searching
results. The literature [33] introduced QCM into genetic algorithms and proposed quantum derived
genetic algorithm (QIGA). From the point of view of algorithmic mechanism, it is very similar to the
isolated niches genetic algorithm. Han and Kim [34] proposed a genetic quantum algorithm (GQA)
based on QCM. Compared with traditional evolutionary algorithms, its greatest advantage is its
better ability to maintain population diversity. Han and Kim [35] further introduced the population
migration mechanism based on ure [34], and renamed the algorithm a quantum evolution algorithm
(QEA). Huang [36], Lee and Lin [37,38], and Li et al. [39] hybridized the particle swam optimization
(PSO) algorithm, Tabu search (TS) algorithm, genetic algorithm (GA), and bat algorithm (BA) with the
QCM and the cat mapping function, and proposed the CQPSO, CQTS, CQGA, and CQBA algorithms,
which were employed to select the appropriate parameters of an SVR model. The results of the
application indicate that the improved algorithms obtain more appropriate parameters, and higher
forecasting accuracy is achieved. The above applications also reveal that the improved algorithm,
by hybridizing with QCM, could effectively avoid local optimal position and premature convergence.

1.3. Contributions

Considering the inherent drawback of the FOA, i.e., suffering from premature convergence,
this paper tries to hybridize the FOA with QCM and the cat chaotic mapping function to solve the

3
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premature problem of FOA. Eventually, determine more appropriate parameters of an LS-SVR model.
The major contributions are as follows:

(1) QCM is employed to empower the search ability of each fruit fly during the searching processes
of QFOA. The cat chaotic mapping function is introduced into QFOA and implements the chaotic
global perturbation strategy to help a fruit fly escape from the local optima when the population’s
diversity is poor.

(2)  We propose a novel hybrid optimization algorithm, namely CQFOA, to be hybridized with an
LS-SVR model, namely the LS-SVR-CQFOA model, to conduct the MEL forecasting. Other similar
alternative hybrid algorithms (hybridizing chaotic mapping function, QCM, and evolutionary
algorithms) in existing papers, such as the CQPSO algorithm used by Huang [36], the CQTS and
CQGA algorithms used by Lee and Lin [37,38], and the CQBA algorithm used by Li et al. [39],
are selected as alternative models to test the superiority of the LS-SVR-CQFOA model in terms of
forecasting accuracy.

(3) The forecasting results illustrate that, in three datasets, the proposed LS-SVR-CQFOA model
is superior to other alternative models in terms of forecasting accuracy indexes; in addition,
it passes the significance test at a 97.5% confidence level.

1.4. The Organization of This Paper

The rest of this paper is organized as follows. The modeling details of an LS-SVR model,
the proposed CQFOA, and the proposed LS-SVR-CQFOA model are introduced in Section 2. Section 3
presents a numerical example and a comparison of the proposed LS-SVR-CQFOA model with other
alternative models. Some insight discussions are provided in Section 4. Finally, the conclusions are
given in Section 5.

2. Materials and Methods

2.1. Least Squares Support Vector Regression (LS-SVR)

The SVR model is an algorithm based on pattern recognition of statistical learning theory. It is
a novel machine learning approach proposed by Vapnik in the mid-1990s [17]. The LS-SVR model
was put forward by Suykens [20]. It is an improvement and an extension of the standard SVR
model, which replaces the inequality constraints of an SVR model with equality constraint [21].
The LS-SVR model converts quadratic programming problem into linear programming solving, reduces
the computational complexity, and improves the convergent speed. It can solve the load forecasting
problems due to its characteristics of nonlinearity, high dimension, and local minima.

2.1.1. Principle of the Standard SVR Model

Set a dataset as {(x;, yi)}il\il, x; € R" is the input vector of n-dimensional system, y; € R is the
output (not a single real value, but a n-dimensional vector) of system. The basic idea of the SVR model
can be summarized as follows: n-dimensional input samples are mapped from the original space to the
high-dimensional feature space F by nonlinear transformation ¢(-), and the optimal linear regression
function is constructed in this space, as shown in Equation (1) [17]:

f(x) =w"p(x) +b, 1)

where f(x) represents the forecasting values; the weight, w, and the coefficient, b, would be determined
during the SVR modeling processes.

The standard SVR model takes the ¢ insensitive loss function as an estimation problem for risk
minimization, thus the optimization objective can be expressed as in Equation (2) [17]:
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N
min JoTw +c ¥ (& + &)
i=1
yi—wlo(x) —b<e+g
wT(xi)erfyigswLCf
6i>0,¢>0
i=1---,N

@

s.t.

where c is the balance factor, usually set to 1, and ¢; and £} are the error of introducing the training set,
which can represent the extent to which the sample point exceeds the fitting precision .

Equation (2) could be solved according to quadratic programming processes; the solution of the
weight, w, in Equation (2) is calculated as in Equation (3) [17]:

N
w' =) (0 —af)p(x), ®
i=1

where «; and & are Lagrange multipliers.
The SVR function is eventually constructed as in Equation (4) [17]:

M=

Il
-

y(x) = (“i - ‘X?)T(xi/x) + b/ (4)

1
where ¥ (x;, x), the so-called kernel function, is introduced to replace the nonlinear mapping function,
¢(+), as shown in Equation (5) [15]:

¥ (x;,%7) = @(xi) 9 (x))- ®)

2.1.2. Principle of the LS-SVR Model

The LS-SVR model is an extension of the standard SVR model. It selects the binomial of error ¢;
as the loss function; then the optimization problem can be described as in Equation (6) [20]:

N
min jwTw+ 1y ¥ &2
= (6)
sty =wlo(x)+b+¢&, i=12,---,N

where the bigger the positive real number 7 is, the smaller the regression error of the model is.

The LS-SVR model defines the loss function different from the standard SVR model, and changes
its inequality constraint into an equality constraint so that w can be obtained in the dual space.
After obtaining parameters « and b by quadratic programming processes, the LS-SVR model is
described as in Equation (7) [20]:

M=

y(x) = ) a;¥(x;,x) +0. @)

i=1

It can be seen that an LS-SVR model contains two parameters, the regularization parameter y
and the radial basis kernel function, o2. The forecasting performance of an LS-SVR model is related
to the selection of v and . The role of v is to balance the confidence range and experience risk of
learning machines. If - is too large, the goal is only to minimize the experience risk. On the contrary,
when the value of 7 is too small, the penalty for the experience error will be small, thus increasing
the value of experience risk o controls the width of the Gaussian kernel function and the distribution
range of the training data. The smaller ¢ is, the greater the structural risk there is, which leads to
overfitting. Therefore, the parameter selection of an LS-SVR model has always been the key to improve
the forecasting accuracy.
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2.2. Chaotic Quantum Fruit Fly Algorithm (CQFOA)

FOA is a population intelligent evolutionary algorithm that simulates the foraging behavior of
fruit flies [26]. Fruit flies are superior to other species in smell and vision. In the process of foraging,
firstly, fruit flies rely on smell to find the food source. Secondly, they visually locate the specific
location of food and the current position of other fruit flies, and then fly to the location of food
through population interaction. At present, FOA has been applied to the forecasting of traffic accidents,
export trade, and other fields [40].

2.2.1. Fruit Fly Optimization Algorithm (FOA)

According to the characteristics of fruit flies searching for food, FOA includes the following
main steps.

Step 1. Initialize randomly the fruit flies” location (X and Yj) of population.
Step 2. Give individual fruit flies the random direction and distance for searching for food by smell, as
in Equations (8) and (9) [26]:

X; = Xo + Random Value 8)

Y; = Yy + Random Value. )

Step 3. Due to the location of food being unknown, firstly, the distance from the origin (Dist) is
estimated as in Equation (10) [25], then the determination value of taste concentration (S) is calculated
as in Equation (11) [25], i.e., the value is the inverse of the distance.

Dist; = \/X? + Y? (10)
S; = 1/Dist, (11)

Step 4. The determination value of taste concentration (S) is substituted into the determination function
of taste concentration (or Fitness function) to determine the individual position of the fruit fly (Smell;),
as shown in Equation (12) [26]:

Smell; = Function(S;). (12)

Step 5. Find the Drosophila species (Best index and Best Smell values) with the highest odor
concentrations in this population, as in Equation (13) [26]:

max(Smell;) — (Best_Smell;) and (Best_index). (13)

Step 6. The optimal flavor concentration value (Optimal_Smell) is retained along with the x and y
coordinates (with Best_index) as in Equations (14)—(16) [25], then the Drosophila population uses vision
to fly to this position.

Optimal_Smell = Best_Smell;_yrrent (14)
XO = XBest_index (15)
YO = YBestfindex (16)

Step 7. Enter the iterative optimization, repeat Steps 2 to 5 and judge whether the flavor concentration
is better than that of the previous iteration; if so, go back to Step 6.

The FOA algorithm is highly adaptable, so it can efficiently search without calculating partial
derivatives of the target function. It overcomes the disadvantage of trapping into local optima easily.
However, as a swarm intelligence optimization algorithm, FOA still tends to fall into a local optimal
solution, due to the declining diversity in the late evolutionary population.
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It is noticed that there are some significant differences between the FOA and PSO algorithms.
For FOA, the taste concentration (S) is used to determine the individual position of each fruit fly,
and the highest odor concentration in this population is retained along with the x and y coordinates;
eventually, the Drosophila population uses vision to fly to this position. Therefore, it is based on the
taste concentration to control the searching direction to find out the optimal solution. For the PSO
algorithm, the inertia weight controls the impact of the previous velocity of the particle on its current
one by using two positive constants called acceleration coefficients and two independent uniformly
distributed random variables. Therefore, it is based on the inertia weight to control the velocity to find
out the optimal solution.

Thus, aiming to deal with the inherent drawback of FOA, i.e., suffering from premature
convergence or trapping into local optima easily, this paper tries to use the QCM to empower each fruit
fly to possess quantum behavior (namely QFOA) during the modeling processes. At the same time,
the cat mapping function is introduced into QFOA (namely CQFOA) to implement the chaotic global
perturbation strategy to help a fruit fly escape from the local optima when the population’s diversity is
poor. Eventually, the proposed CQFOA is employed to determine the appropriate parameters of an
LS-SVR model and increase the forecasting accuracy.

2.2.2. Quantum Computing Mechanism for FOA
(1) Quantization of Fruit Flies

In the quantum computing process, a sequence consisting of quantum bits is replaced by a
traditional sequence. The quantum fruit fly is a linear combination of state |0) and state |1), which can
be expressed as in Equation (17) [34,35]:

lp) = «[0) + B[1), 17)

where o and (32 are the probability of states, |0) and |1), respectively, satisfying 4> + g% = 1, and («, B)
are qubits composed of quantum bits.
A quantum sequence, i.e., a feasible solution, can be expressed as an arrangement of [ qubits,

as shown in Equation (18) [34,35]:
[ 5, B 71
P = , (18)
i { Br B2 - B }

where the initial values of ; and §; are all set as 1/ V/2 to meet the equity principle, zx]Z + 5]2 =1
(j=1,2,...,1), which is updated through the quantum revolving door during the iteration.

Conversion between quantum sequence and binary sequence is the key to convert FOA to QFOA.
Randomly generate a random number of [0,1], rand;, if rand; > ajz, the corresponding binary quantum
bit value is 1, otherwise, 0, as shown in Equation (19):

1 rand; > o?
x]' = I, (19)
0 else

Using the above method, the quantum sequence, g, can be transformed into a binary sequence, x;
then the optimal parameter problem of an LS-SVR model can be determined using QFOA.

(2) Quantum Fruit Fly Position Update Strategy

In the QFOA process, the position of quantum fruit flies represented by a quantum sequence is
updated to find more feasible solutions and the best parameters. This paper uses quantum rotation to
update the position of quantum fruit flies. The quantum position of individual i (there are in total N
quantum fruit flies) can be extended from Equation (18) and is expressed as in Equation (20):
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Qi Kipoocc &)
5 = , (20)
Z { Ba B - Pa }
whereafjﬂa%]. =1i=12,...,N;j=12,...,and 0 < a;; <1,0 < B < 1.
Quantum rotation is a quantum revolving door determined by the quantum rotation angle,

which updates the quantum sequence and conducts a random search around the position of quantum
fruit flies to explore the local optimal solution. The 95 is the jth quantum rotation angle of the

population iterated to the ith fruit fly of generation, g, and the quantum bit q?} (due to the nonnegative
position constraint of q;gj, the absolute function, abs() is used to take the absolute value of each element

in the calculation result) is updated according to the quantum revolving gate U (95) , as shown in
Equations (21) and (22) [34,35]:

+1 +1
g = abs(u(65™) x qf) 21)
S 08
¢ cos 91-]- —sin 91.].
¢ = . 22
U(GU) |:sin9;gj cost?;. 22)

g+1
J— 1] 4
uses quantum non-gate N to update with some small probability, as indicated in Equation (23) [35]:

In special cases, when the quantum rotation angle, 95;“, is equal to 0, the quantum bit, q

— 0 1
qf]ﬂ:NqujZ |: 1 O:| quj. (23)

2.2.3. Chaotic Quantum Global Perturbation

For a bionic evolutionary algorithm, it is a general phenomenon that the population’s diversity
would be poor, along with the increased iterations. This phenomenon would also lead to being trapped
into local optima during modeling processes. As mentioned, the chaotic mapping function can be
employed to maintain the population’s diversity to avoid trapping into local optima. Many studies
have applied chaotic theory to improve the performances of these bionic evolutionary algorithms,
such as the artificial bee colony (ABC) algorithm [41], and the particle swarm optimization (PSO)
algorithm [42]. The authors have also employed the cat chaotic mapping function to improve the
genetic algorithm (GA) [43], the PSO algorithm [44], and the bat algorithm [39], the results of which
demonstrate that the searching quality of GA, PSO, ABC, and BA algorithms could be improved
by employing chaotic mapping functions. Hence, the cat chaotic mapping function is once again
used as the global chaotic perturbation strategy (GCPS) in this paper, and is hybridized with QFOA,
namely CQFOA, which hybridizes GCPS with the QFOA while suffering from the problem of being
trapped into local optima during the iterative modeling processes.

The two-dimensional cat mapping function is shown as in Equation (24) [39]:

vy = frac(y' +2)
{ ZH = frac(yt +22%) 7 @4

where frac function is used to calculate the fractional parts of a real number, y, by subtracting an
approached integer.
The global chaotic perturbation strategy (GCPS) is illustrated as follows.

(1) Generate 2popsize chaotic disturbance fruit flies. For each Fruit fly' (I=1,2, ..., 2popsize),
Equation (24) is applied to generate d random numbers, zj,j=1,2, ..., d. Then, the qubit (with
quantum state, |0)) amplitude, cos 9]’:, of Fruit fl yi is shown in Equation (25):

cos 9; =yj=2z;j— L (25)
8
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(2) Select 0.5 popsize better chaotic disturbance fruit flies. Compute the fitness value of each
Fruit fly from 2 popsize chaotic disturbance fruit flies, and arrange these fruit flies to be a
sequence based on the order of fitness values. Then, select the fruit flies with 0.5 popsize ranking
ahead in the fitness values; as a result, the 0.5 popsize better chaotic disturbance fruit flies
are obtained.

(3) Determine 0.5 popsize current fruit flies with better fitness. Compute the fitness value of each
Fruit fly from current QFOA, and arrange these fruit flies to be a sequence based on the order of
fitness values. Then, select the fruit flies with 0.5 popsize ranking ahead in the fitness values.

(4) Form the new CQFOA population. Mix the 0.5 popsize better chaotic disturbance fruit flies with
0.5 popsize current fruit flies with better fitness from current QFOA, and form a new population
that contains new 1popsize fruit flies, and name it the new CQFOA population.

(5) Complete global chaotic perturbation. After obtaining the new population of CQFOA, take it
as the new population of QFOA and continue to execute the QFOA process.

2.2.4. Implementation Steps of CQFOA

The steps of the proposed CQFOA for parameter optimization of an LS-SVR model are as follows
as shown in Figure 1.

Step 1. Initialization. The population size of quantum Drosophila is 1 popsize; the maximum number
of iterations is Gen-max; the random search radius is R; and the chaos disturbance control coefficient
is NGC P

Step 2. Random searching. For quantum rotation angle, 0;;, of a random search, according to the
quantum rotation angle, fruit fly locations on each dimension are updated, and then, a quantum
revolving door is applied to update the quantum sequence, as shown in Equations (26) and (27) [34,35]:

0;; = 0(j) + R x rand(1) (26)

iy = abs ({ cosbij —sin P } x Q(j)>, @7)

sin 9,] cos 91/

where i is an individual of quantum fruit flies, i = 1,2,..., 1popsize; j is the position dimension
of quantum fruit flies, j = 1,2,...,I. As mentioned above, the position of g;; is non-negative
constrained, thus, the absolute function, abs() is used to take the absolute value of each element
in the calculation result.
Step 3. Calculating fitness. Mapping each Drosophila location, g;, to the feasible domain of an LS-SVR
model parameters to receive the parameters, (7;,0;). The training data are used to complete the
training processes of the LS — SVR; model and calculate the forecasting value in the training stage
corresponding to each set of parameters. Then, the forecasting error is calculated as in Equation (12) of
CQFOA by the mean absolute percentage error (MAPE), as shown in Equation (28):

1N

MAPE = N 1221

filx) — fi(x)

263 x 100%, 28)

where N is the total number of data points; f;(x) is the actual load value at point i; and f;(x) is the
forecasted load value at point i.

Step 4. Choosing the current optimum. Calculate the taste concentration of fruit fly, Smell;, by using
Equation (12), and find the best flavor concentration of individual, Best_Smell;, by Equation (13), as the
optimal fitness value.

Step 5. Updating global optimization. Compare whether the contemporary odor concentration,
Best_Smell;_cyrrent, 1S better than the global optima, Best_Smell;. If so, update the global value by
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Equation (14), and enable the individual quantum fruit fly to fly to the optimal position with vision,
as in Equations (29) and (30), then go to Step 6. Otherwise, go to Step 6 directly.

90 = gBest_index (29)

q0 = qBest_index (30)

Step 6. Global chaos perturbation judgment. If the distance from the last disturbance is equal to
Ngcp, go to Step 7; otherwise, go to Step 8.

Step 7. Global chaos perturbation operations. Based on the current population, conduct the global
chaos perturbation algorithm to obtain the new CQFOA population. Then, take the new CQFOA
population as the new population of QFOA, and continue to execute the QFOA process.

Step 8. Iterative refinements. Determine whether the current population satisfies the condition
of evolutionary termination. If so, stop the optimization process and output the optimal results.
Otherwise, repeat Steps 2 to 8.

Parameter setting Take the parameter combination
corresponding to the optimal fruit fly as the
+ parameters of the LS-SVR model
Generate initial quantum position Qo and
quantum rotation angle 6o of quantum fruit Yes
fly randomly
| No . L
< Meet the terminating conditions <
Y
Use the quantum revolving door to update
the quantum sequence T

Take the new CQFOA population as the
new population of QFOA, and continue to
execute the QFOA process

Calculate LS-SVR model parameters based
on quantum fruit fly

Train LS-SVR model according to model T
parameters and training data.

v

Form the new CQFO A population

Applying the trained LS-SVR model, T
calculate the corresponding regression values Determine 0.5popsize current fruit flies with
and use The MAPE of the regression value better fitness.
as fitness function T

¢ - - Select 0.5popsize better chaotic disturbance
Calculate the taste concentration of fruit fly Fruit flies

and find out the best fitness value. T

v

Find the best individuals of the quantum fruit
fly and optimal parameter combination

Generate 2popsize chaotic disturbance fruit
flies

Smell-bestcurrent is super
to Smell-best

Meet global chaos
perturbation judgement

Update the global value, and make the fruit
fly fly to the best position by vision

Figure 1. Chaotic quantum FOA algorithm flowchart.

10



Energies 2018, 11, 2226

3. Forecasting Results

3.1. Dataset of Experimental Examples

To test the performance of the proposed LS-SVR-CQFOA model, this paper employs the MEL data
from an island data acquisition system in 2014 (IDAS 2014) [45] and the data of GEFCom2014-E [46]
to carry out a numerical forecast. Taking the whole time of 24 h as the sampling interval, the load
data contains 168-hour load values in total, i.e., from 01:00 14 July 2014 to 24:00 20 July 2014 in IDAS
2014 (namely IDAS 2014), and another two load datasets with the same 168-hour load values, i.e.,
from 01:00 1 January 2014 to 24:00 7 January 2014 (namely GEFCom?2014 (Jan.)) and from 01:00 1 July
2014 to 24:00 7 July 2014 (namely GEFCom2014 (July)) in GEFCom?2014-E, respectively.

The preciseness and integrity of historical data directly impact the forecasting accuracy. The data
of the historical load are collected and obtained by electrical equipment. To some extent, the data
transmission and measurement will lead to some “bad data” in the data of historical load, which mainly
includes missing and abnormal data. If these data are used for modeling, the establishment of load
forecasting model and the forecasting will bring adverse effects. Thus, the preprocessing of historical
data is essential to load forecasting. In this paper, before the numerical test, the data of the MEL
are preprocessed, including: completing the missing data; identifying abnormal data; eliminating
and replacing unreasonable data; and normalizing data. When the input of an LS-SVR model is
multidimensional with a large data size (e.g., several orders of magnitude), it may lead to problems
when using the raw data to implement model training directly. Therefore, it is essential that the sample
data are normalized for processing, to keep all the sample data values in a certain interval (this topic
limits [0,1]), ensuring that all of the data have the same order of magnitude.

The normalization of load data is converted according to Equation (31), wherei =1,2,...,N (N is
the number of samples); x; and y; represent the values of before and after the normalization of sample
data, respectively; and min(x;) and max(x;) represent the minimal and maximal values of sample
data, respectively.

x; — min(x; )

max(x;) — min(x;) G

vi =

After the end of the forecasting, it is necessary to use the inverse normalization equation to
calculate the actual load value, as shown in Equation (32):

x; = (max(x;) — min(x;))y; + min(x;). (32)

The normalized data of the values in IDAS 2014, GEFCom2014 (Jan.) and GEFCom2014 (July) are
collected and shown in Tables 1-3, respectively.

During the modeling processes, the load data are divided into three parts: the training set with
the former 120 h, the validation set with the middle 24 h, and the testing set with the latter 24 h. Then,
the rolling-based modeling procedure, proposed by Hong [18,47], is applied to assist CQFOA to look
for appropriate parameters, (7, o), of an LS-SVR model during the training stage. Repeat this modeling
procedure until all forecasting loads are received. The training error and the validation error can be
calculated simultaneously. The adjusted parameters, (v, 0), would be selected as the most suitable
parameters only with both the smallest validation and testing errors. The testing dataset is never used
during the training and validation stages; it will only be used to calculate the forecasting accuracy.
Eventually, the 24 h’s load data are forecasted by the proposed LS-SVR-CQFOA model.

11
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Table 1. Normalization values of load data for IDAS 2014.

Time 14 July 15 July 16 July 17 July 18 July 19 July 20 July
01:00 0.1617 0.1245 0.1526 0.2246 0.1870 0.3354 0.3669
02:00 0.0742 0.0000 0.0826 0.1590 0.1386 0.1924 0.1878
03:00 0.0000 0.0109 0.0000 0.0395 0.0381 0.1022 0.0919
04:00 0.0071 0.1278 0.0937 0.0000 0.0000 0.0000 0.0000
05:00 0.0531 0.1944 0.1419 0.1106 0.1218 0.1570 0.1770
06:00 0.0786 0.0611 0.0920 0.1428 0.1728 0.2558 0.2497
07:00 0.2636 0.1786 0.2724 0.3096 0.3788 0.4038 0.3943
08:00 0.3709 0.4417 0.3464 0.3586 0.4361 0.5129 0.4692
09:00 0.6872 0.5894 0.6549 0.7426 0.7970 0.6051 0.5829
10:00 0.9520 0.8746 0.9028 0.9055 0.9842 0.7632 0.7530
11:00 1.0000 0.9342 0.9650 0.9683 1.0000 0.8130 0.8332
12:00 0.9632 0.9730 0.9087 0.9217 0.9450 0.8935 0.8803
13:00 0.8552 1.0000 0.8135 0.8256 0.8821 0.8077 0.8122
14:00 0.8288 0.9152 0.9257 0.7377 0.8370 0.7185 0.7410
15:00 0.8224 0.8104 0.7663 0.7468 0.7961 0.6037 0.6882
16:00 0.8655 0.9448 0.8542 0.8099 0.8420 0.7347 0.7567
17:00 0.8552 0.7966 0.8340 0.8104 0.8323 0.7593 0.8439
18:00 0.9440 0.8809 0.9155 0.8976 0.9567 0.9286 0.9539
19:00 0.9574 0.8677 1.0000 0.9779 0.9694 0.9734 0.9741
20:00 0.9746 0.9693 0.9657 1.0000 0.9808 1.0000 1.0000
21:00 0.9372 0.8784 0.9236 0.9419 0.9546 0.9575 0.9664
22:00 0.8704 0.7697 0.7977 0.7889 0.8417 0.8634 0.8824
23:00 0.6328 0.5519 0.7193 0.6425 0.6655 0.5858 0.6035
24:00 0.3127 0.2114 0.2794 0.2559 0.3357 0.1080 0.0975

Table 2. Normalization values of load data for GEFCom2014 (Jan.).

Time 1 January 2 January 3 January 4 January 5January 6 January 7 January
01:00 0.1769 0.0568 0.1127 0.1314 0.1648 0.0769 0.0532
02:00 0.0877 0.0206 0.0338 0.0480 0.0765 0.0222 0.0123
03:00 0.0234 0.0000 0.0000 0.0000 0.0087 0.0000 0.0000
04:00 0.0000 0.0084 0.0035 0.0044 0.0063 0.0076 0.0140
05:00 0.0175 0.0746 0.0634 0.0497 0.0268 0.0565 0.0862
06:00 0.0863 0.2155 0.2134 0.1368 0.0938 0.2122 0.2569
07:00 0.1835 0.4382 0.4345 0.3082 0.2090 0.4740 0.5389
08:00 0.2763 0.5802 0.5894 0.4813 0.3517 0.6277 0.6503
09:00 0.4028 0.6453 0.6972 0.6705 0.5039 0.6849 0.6581
10:00 0.5212 0.7110 0.7683 0.7860 0.6136 0.7300 0.6693
11:00 0.5819 0.7455 0.8106 0.8073 0.6333 0.7446 0.6861
12:00 0.6016 0.7751 0.8042 0.7726 0.6080 0.7573 0.6900
13:00 0.6089 0.7684 0.7592 0.6936 0.5623 0.7300 0.6788
14:00 0.5789 0.7712 0.7176 0.5950 0.5221 0.7078 0.6754
15:00 0.5563 0.7634 0.6887 0.5400 0.4937 0.6842 0.6676
16:00 0.5768 0.7556 0.6852 0.5560 0.5560 0.7109 0.6928
17:00 0.8165 0.8836 0.8479 0.7913 0.8060 0.8558 0.8411
18:00 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
19:00 0.9810 0.9605 0.9845 0.9423 0.9416 0.9778 0.9955
20:00 0.8984 0.8686 0.8859 0.8188 0.8036 0.8920 0.9379
21:00 0.7807 0.7723 0.7908 0.7087 0.6672 0.7903 0.8489
22:00 0.5885 0.6114 0.6289 0.4982 0.4219 0.6112 0.6933
23:00 0.3596 0.4399 0.4303 0.2860 0.1774 0.4180 0.4980

24:00 0.1923 0.2957 0.2542 0.0719 0.0000 0.2764 0.3553

12
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Table 3. Normalization values of load data for GEFCom2014 (July).

Time 1 July 2 July 3 July 4 July 5 July 6 July 7 July
01:00 0.1562 0.1612 0.1583 0.2747 0.2636 0.1699 0.1063
02:00 0.0728 0.0882 0.0763 0.1302 0.1266 0.0857 0.0394
03:00 0.0238 0.0348 0.0232 0.0456 0.0554 0.0302 0.0054
04:00 0.0000 0.0000 0.0000 0.0000 0.0063 0.0000 0.0000
05:00 0.0222 0.0186 0.0181 0.0190 0.0000 0.0021 0.0302
06:00 0.0945 0.0957 0.1040 0.0589 0.0554 0.0154 0.1187
07:00 0.2811 0.2781 0.3143 0.2091 0.1872 0.0955 0.2972
08:00 0.4692 0.4736 0.5172 0.4316 0.4153 0.2521 0.4903
09:00 0.6244 0.6212 0.6637 0.6873 0.7008 0.4459 0.6424
10:00 0.7396 0.7516 0.7733 0.8878 0.9017 0.6131 0.7476
11:00 0.8306 0.8479 0.8722 0.9734 0.9561 0.7163 0.8425
12:00 0.8979 0.9209 0.9389 1.0000 0.9561 0.7570 0.9051
13:00 0.9378 0.9673 0.9678 0.9876 0.9111 0.7809 0.9434
14:00 0.9737 1.0000 0.9938 0.9287 0.8515 0.7928 0.9865
15:00 0.9879 0.9829 1.0000 0.8546 0.8243 0.8111 0.9995
16:00 0.9970 0.9290 0.9881 0.8032 0.8462 0.8574 1.0000
17:00 1.0000 0.8564 0.9423 0.8004 0.9195 0.9199 0.9962
18:00 0.9960 0.8101 0.9005 0.8279 0.9937 0.9853 0.9833
19:00 0.9687 0.7567 0.8672 0.8203 1.0000 1.0000 0.9579
20:00 0.9176 0.6907 0.7756 0.7386 0.9435 0.9579 0.9213
21:00 0.9044 0.6489 0.7377 0.6787 0.9362 0.9417 0.8975
22:00 0.8291 0.5461 0.6354 0.5428 0.8692 0.8687 0.7875
23:00 0.6138 0.3572 0.4262 0.3279 0.6883 0.6426 0.5701
24:00 0.4095 0.1678 0.2272 0.0913 0.4341 0.4213 0.3927

3.2. Forecasting Accuracy Indexes and Performance Tests

3.2.1. Forecasting Accuracy Index

This study uses the MAPE (mentioned in Equation (28)), the root mean square error (RMSE), and
the mean absolute error (MAE) as forecasting accuracy indexes. The RMSE and MAE are defined as in
Equations (33) and (34), respectively:

o (00 - A0)
RMSE = 33)
N
1 ,
MAE = 3 |fi(x) — fix)], )

i=1

where N is the total number of data points; f;(x) is the actual value at point i; and f;(x) is the forecasting
value at point 7.

3.2.2. Forecasting Performance Improvement Tests

To demonstrate the significant forecasting performances of the proposed model, Diebold and
Mariano [48] and Derrac et al. [49] suggest that, for a small data size (24-h load forecasting) test,
a Wilcoxon signed-rank test [50] is suitable. Thus, we decided to apply the Wilcoxon signed-rank test.
For the same data size, a Wilcoxon test detects the significance of the difference (i.e., the forecasting
errors from two forecasting models) in the central tendency. Therefore, let d; be the absolute forecasting
errors from any two models on ith forecasting value: R™ be the sum of ranks that d; > 0; R~ the sum of
ranks that d; < 0. If d; = 0, then, remove this comparison and decrease the sample size. The statistics
of Wilcoxon test, W, is calculated as in Equation (37):

W = min{R", R }. (35)

13



Energies 2018, 11, 2226

If W is smaller than or equal to the critical value, based on the Wilcoxon distribution under
n degrees of freedom, then the null hypothesis (i.e., equal performance from the two compared
forecasting models) could not be accepted, i.e., the proposed model achieves significance.

3.3. The Forecasting Results of the LS-SVR-CQFOA Model

3.3.1. Parameter Setting of the CQFOA Algorithm

The parameters of the proposed CQFOA algorithm for the numerical example are set as follows:
the population size, popsize, is set to 200; the maximal iteration, gen-max, is set to 1000; and the control
coefficient of chaotic disturbance, N¢cp, is set to 15. These two parameters of the LS-SVR model are set
as, v € [0,1000], and ¢ € [0,500], respectively. The iterative time of each algorithm is set as the same
to ensure the reliability of the forecasting results.

3.3.2. Results and Analysis

Considering the CQPSO, CQTS, and CQGA algorithms have been used to determine the
parameters of an SVR-based load forecasting model in [36-39], those existing algorithms are also
hybridized with an LS-SVR model to provide forecasting values to compare with the proposed
model here. These alternative models include LS-SVR-FOA, LS-SVR-QFOA, LS-SVR-CQPSO (LS-SVR
hybridized with chaotic quantum particle swarm optimization algorithm [36]), LS-SVR-CQTS (LS-SVR
hybridized with chaotic quantum Tabu search algorithm [37]), LS-SVR-CQGA (LS-SVR hybridized
with chaotic quantum genetic algorithm [38]), and LS-SVR-CQBA (LS-SVR hybridized with chaotic
quantum bat algorithm [39]), in order to compare the forecasting performance of LS-SVR-based models
comprehensively, this article also selects BPNN method as a contrast model. The parameters of an
LS-SVR model are selected by the CQPSO, CQTS, CQGA, CQBA, FOA, QFOA, and CQFOA algorithms,
respectively. The details of the suitable parameters of all models for the IDAS 2014, the GEFCom2014
(Jan.) and the GEFCom?2014 (July) data are shown in Tables 46, respectively.

Table 4. LS-SVR parameters, MAPE, and computing times of CQFOA and other algorithms for

IDAS 2014.
LS-SVR Parameters
Optimization Algorithms MAPE of Validation (%) Computing Times (s)
% [
LS-SVR-CQPSO [36] 685 125 1.17 129
LS-SVR-CQTS [37] 357 118 1.13 113
LS-SVR-CQGA [38] 623 137 111 152
LS-SVR-CQBA [39] 469 116 1.07 227
LS-SVR-FOA 581 109 1.29 87
LS-SVR-QFOA 638 124 1.32 202
LS-SVR-CQFOA, 734 104 1.02 136

Table 5. Parameters combination of LS-SVR determined by CQFOA and other algorithms for

GEFCom2014 (Jan.).
Parameters
Optimization Algorithms —————— MAPE of Validation (%) Computation Times (s)
¥ I
LS-SVR-CQPSO [36] 574 87 0.98 134
LS-SVR-CQTS [37] 426 68 1.02 109
LS-SVR-CQGA [38] 653 98 0.95 155
LS-SVR-CQBA [39] 501 82 0.9 231
LS-SVR-FOA 482 94 1.54 82
LS-SVR-QFOA 387 79 1.13 205
LS-SVR-CQFOA, 688 88 0.86 132
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Table 6. Parameters combination of LS-SVR determined by CQFOA and other algorithms for

GEFCom2014 (July).
Parameters
Optimization Algorithms ——————— MAPE of Validation (%) Computation Times (s)
% [
LS-SVR-CQPSO [36] 375 92 0.96 139
LS-SVR-CQTS [37] 543 59 1.04 107
LS-SVR-CQGA [38] 684 62 0.98 159
LS-SVR-CQBA [39] 498 90 0.95 239
LS-SVR-FOA 413 48 151 79
LS-SVR-QFOA 384 83 1.07 212
LS-SVR-CQFOA, 482 79 0.79 147

Based on the same training settings, another representative model, the back-propagation neural
network (BPNN) is compared with the proposed model. The forecasting results of these models
mentioned above and the actual values for IDAS 2014, GEFCom2014 (Jan.) and GEFCom2014 (July) are
given in Figures 2—4, respectively. This indicates that the proposed LS-SVR-CQFOA model achieves a
better performance than the other alternative models, i.e., closer to the actual load values.

750
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Figure 2. Forecasting values of LS-SVR-CQFOA and other models for IDAS 2014.
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Figure 3. Forecasting values of LS-SVR-CQFOA and other models for GEFCom?2014 (Jan.).
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Figure 4. Forecasting values of LS-SVR-CQFOA and other models for GEFCom2014 (July).

Tables 7-9 indicate the evaluation results from different forecasting accuracy indexes for
IDAS 2014, GEFCom2014 (Jan.) and GEFCom?2014 (July), respectively. For Table 7, the proposed
LS-SVR-CQFOA model achieves smaller values for all employed accuracy indexes than the seven
other models: RMSE (14.10), MAPE (2.21%), and MAE (13.88), respectively. For Table 8, similarly,
the proposed LS-SVR-CQFOA model also achieves smaller values for all employed accuracy indexes
compared to the seven other models: RMSE (40.62), MAPE (1.02%), and MAE (39.76), respectively.
Similarly in Table 9, the proposed LS-SVR-CQFOA model also achieves smaller values for all employed
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accuracy indexes than the other seven models: RMSE (38.70), MAPE (1.01%), and MAE (37.48),
respectively. The details of the analysis results are as follows.

Table 7. Forecasting indexes of LS-SVR-CQFOA and other models for IDAS 2014.

Compared Models RMSE MAPE (%) MAE

BPNN 24.89 3.92 2455
LS-SVR-CQPSO [36] 14.40 2.27 14.21
LS-SVR-CQTS [37] 14.50 2.26 1424
LS-SVR-CQGA [38] 14.41 224 1413
LS-SVR-CQBA [39] 14.45 225 14.18
LS-SVR-FOA 15.90 248 15.62
LS-SVR-QFOA 15.03 2.32 14.69
LS-SVR-CQFOA 14.10 221 13.88

Table 8. Forecasting indexes of LS-SVR-CQFOA and other models for GEFCom?2014 (Jan.).

Compared Models RMSE MAPE (%) MAE

BPNN 92.30 234 90.74
LS-SVR-CQPSO [36] 51.46 131 50.69
LS-SVR-CQTS [37] 50.85 1.27 49.70
LS-SVR-CQGA [38] 46.36 1.16 4531
LS-SVR-CQBA [39] 42.76 1.07 41.80
LS-SVR-FOA 75.55 1.89 73.88
LS-SVR-QFOA 59.74 1.47 57.96
LS-SVR-CQFOA 40.62 1.02 39.76

Table 9. Forecasting indexes of LS-SVR-CQFOA and other models for GEFCom2014 (July).

Compared Models RMSE MAPE (%) MAE

BPNN 88.24 231 85.51
LS-SVR-CQPSO [36] 51.03 133 49.35
LS-SVR-CQTS [37] 45.73 1.22 44.68
LS-SVR-CQGA [38] 46.18 1.19 44.46
LS-SVR-CQBA [39] 40.75 1.09 39.85
LS-SVR-FOA 72.00 1.88 69.69
LS-SVR-QFOA 56.33 1.49 54.81
LS-SVR-CQFOA 38.70 1.01 37.48

Finally, to test the significance in terms of forecasting accuracy improvements from the proposed
LS-SVR-CQFOA model, the Wilcoxon signed-rank test is conducted under two significant levels,
o =0.025 and « = 0.05, by one-tail test. The test results for the IDAS 2014, the GEFCom2014 (Jan.),
and the GEFCom2014 (July) datasets are described in Tables 10-12, respectively. In these three
tables, the results demonstrate that the proposed LS-SVR-CQFOA model achieved significantly better
forecasting performance than the other alternative models. For example, in the IDAS 2014 dataset,
for LS-SVR-CQFOA vs. LS-SVR-CQPSO, the statistic of Wilcoxon test, W = 72, is smaller than the
critical statistics, W** = 81 (under « = 0.025) and W* = 91 (under « = 0.05), thus we could conclude
that the proposed LS-SVR-CQFOA model is significantly outperform the LS-SVR-CQPSO model.
In addition, the p-value = 0.022 is also smaller than the critical o« = 0.025 and « = 0.05, which support
the conclusion.
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Table 10. Results of Wilcoxon signed-rank test for IDAS 2014.

Wilcoxon Signed-Rank Test

Compared Models
To_gzs =81 T0_05 =91 p-Value
LS-SVR-CQFOA vs. BPNN 0T 0T 0.000 **
LS-SVR-CQFOA vs. LS-SVR-CQPSO 72T 72T 0.022 **
LS-SVR-CQFOA vs. LS-SVR-CQTS 64T 64T 0.017 **
LS-SVR-CQFOA vs. LS-SVR-CQGA 67T 6771 0.018 **
LS-SVR-CQFOA vs. LS-SVR-CQBA 60T 60T 0.012 **
LS-SVR-CQFOA vs. LS-SVR-FOA 50T 50T 0.009 **
LS-SVR-CQFOA vs. LS-SVR-QFOA 68T 68T 0.019 **

T Denotes that the LS-SVR-CQGA model significantly outperforms the other models. ** implies the p-value is lower
than « = 0.025; * implies the p-value is lower than & = 0.05.

Table 11. Results of Wilcoxon signed-rank test for GEFCom2014 (Jan.).

Wilcoxon Signed-Rank Test

Compared Models
To.025 = 81 To.05 =91 p-Value
LS-SVR-CQFOA vs. BPNN 0T 0T 0.000 **
LS-SVR-CQFOA vs. LS-SVR-CQPSO 74T 74T 0.023 **
LS-SVR-CQFOA vs. LS-SVR-CQTS 75T 75T 0.024 **
LS-SVR-CQFOA vs. LS-SVR-CQGA 78T 78T 0.026 **
LS-SVR-CQFOA vs. LS-SVR-CQBA 80T 80T 0.027 **
LS-SVR-CQFOA vs. LS-SVR-FOA 65T 65T 0.018 **
LS-SVR-CQFOA vs. LS-SVR-QFOA 72T 72T 0.022 **

T Denotes that the LS-SVR-CQGA model significantly outperforms the other models. ** implies the p-value is lower
than « = 0.025; * implies the p-value is lower than o« = 0.05.

Table 12. Results of Wilcoxon signed-rank test for GEFCom2014 (July).

Wilcoxon Signed-Rank Test

Compared Models
T()_()z_r, =81 T0.05 =91 p-Value
LS-SVR-CQFOA vs. BPNN ot 0T 0.000 **
LS-SVR-CQFOA vs. LS-SVR-CQPSO 73T 73T 0.023 **
LS-SVR-CQFOA vs. LS-SVR-CQTS 76T 76T 0.024 **
LS-SVR-CQFOA vs. LS-SVR-CQGA 77T 77T 0.026 **
LS-SVR-CQFOA vs. LS-SVR-CQBA 79T 79T 0.027 **
LS-SVR-CQFOA vs. LS-SVR-FOA 65T 6571 0.018 **
LS-SVR-CQFOA vs. LS-SVR-QFOA 717 71T 0.022 **

T Denotes that the LS-SVR-CQGA model significantly outperforms the other models. ** implies the p-value is lower
than « = 0.025; * implies the p-value is lower than & = 0.05.

4. Discussion

Taking the IDAS 2014 dataset as an example, firstly, the forecasting results of these LS-SVR-based
models are all closer to the actual load values than the BPNN model. This shows that LS-SVR-based
models can simulate nonlinear systems of microgrid load more accurately than the BPNN model,
due to its advantages in dealing with nonlinear problems.

Secondly, in Table 4, the selected FOA and QFOA algorithms could achieve the best solution,
(v, 0) = (581, 109) and (v, o) = (638, 124), with forecasting error, (RMSE = 15.93, MAPE = 2.48%,
MAE = 15.63) and (RMSE = 14.87, MAPE = 2.32%, MAE = 14.61), respectively. However, the solution
can be further improved by the proposed CQFOA algorithm to (-, ) = (734, 104) with more accurate
forecasting performance, (RMSE = 14.10, MAPE = 2.21%, MAE = 13.88). Similar results could also
be learned in the GEFCom2014 (Jan.) and the GEFCom2014 (July) from Tables 5 and 6, respectively.
This illustrates that the proposed approach is feasible, i.e., hybridizing the FOA with QCM and chaotic
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mapping function to determine more appropriate parameters of an LS-SVR model to improve the
forecasting accuracy.

Comparing the LS-SVR-QFOA model with the LS-SVR-FOA model, the forecasting accuracy
of the LS-SVR-QFOA model is superior to that of the LS-SVR-FOA model. This demonstrates that
the QCM empowers the fruit fly to have quantum behaviors, i.e., the QFOA find more appropriate
parameters of an LS-SVR model, which improves the forecasting accuracy of the LS-SVR-FOA model
in which the FOA is hybridized with an LS-SVR model. For example, in Table 4, the usage of the QCM
in FOA changes the forecasting performances (RMSE = 15.93, MAPE = 2.48%, MAE = 15.63) of the
LS-SVR-FOA model to the much better performance (RMSE = 14.87, MAPE = 2.32%, MAE = 14.61)
of the LS-SVR-QFOA model. Similar results are demonstrated in the GEFCom2014 (Jan.) and the
GEFCom2014 (July) from Tables 5 and 6, respectively.

For forecasting performance comparison between the LS-SVR-CQFOA and LS-SVR-QFOA models,
the values of RMSE, MAPE, and MAE for the LS-SVR-CQFOA model are smaller than those of the
LS-SVR-QFOA model. This reveals that the introduction of cat chaotic mapping function into QFOA
plays a positive role in searching appropriate parameters when the population of QFOA algorithm is
trapped into local optima. Then, the CQFOA finds more appropriate parameters. As a result, as shown
in Table 4, employing CQFOA to select the parameters for an LS-SVR model markedly improves the
performance (RMSE = 14.87, MAPE = 2.32%, MAE = 14.61) of the LS-SVR-QFOA model to the much
better one (RMSE = 14.10, MAPE = 2.21%, MAE = 13.88) of the LS-SVR-CQFOA model. Similar results
are illustrated in the GEFCom2014 (Jan.) and the GEFCom?2014 (July) from Tables 5 and 6, respectively.

Comparing the time-consuming problem during the parameter searching processes in all the
IDAS 2014, the GEFCom2014 (Jan.), and the GEFCom2014 (July) datasets, the proposed CQFOA is less
than that of the CQGA and CQBA algorithms, but more than that of the CQPSO and CQTS algorithms.
However, considering the time requirements of the actual application, the increase in time compared
with CQPSO (more than 7 s) and CQTS (more than 23 s) is acceptable.

Finally, some limitations should be noticed. This paper only employs an existing dataset to
establish the proposed model; thus, for different seasons, months, weeks, and dates, the electricity load
patterns should be changed season by season, month by month, and week by week. For real-world
applications, this paper should be a good beginning to guide planners and decision-makers to establish
electricity load forecasting models overlapping the seasons, months, and weeks to achieve more
comprehensive results. Thus, our planned future research direction is to explore the feasibility
of hybridizing more powerful novel optimization frameworks (e.g., chaotic mapping functions,
quantum computing mechanism, and hourly, daily, weekly, monthly adjusted mechanism) and
novel meta-heuristic algorithms with an LS-SVR model to overcome the drawbacks of evolutionary
algorithms to achieve excellent forecasting accuracy.

5. Conclusions

This paper proposes a novel hybrid forecasting model by hybridizing an LS-SVR model with
the QCM, the cat chaotic mapping function, and the FOA. The forecasting results show that the
proposed model achieves better performance than the alternative forecasting models, by hybridizing
chaotic mapping function, QCM, and other evolutionary algorithms with an LS-SVR-based model.
Employing the cat chaotic mapping function to enrich the diversity of searching scope and enhance the
ergodicity of the population could successfully avoid trapping into local optima, and, also proves that
applying QCM to overcome the limitations of the fruit fly’s searching behaviors empowers the fruit
fly to undertake quantum searching behaviors, thereby achieving more satisfactory results for MEL
forecasting. The global chaotic perturbation strategy based on the cat mapping function is employed to
jump out of local minima while the population of QFOA suffers from premature convergence, and also
helps to improve the forecasting performance.
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Abstract: Providing accurate electric load forecasting results plays a crucial role in daily energy
management of the power supply system. Due to superior forecasting performance, the hybridizing
support vector regression (SVR) model with evolutionary algorithms has received attention and
deserves to continue being explored widely. The cuckoo search (CS) algorithm has the potential to
contribute more satisfactory electric load forecasting results. However, the original CS algorithm
suffers from its inherent drawbacks, such as parameters that require accurate setting, loss of
population diversity, and easy trapping in local optima (i.e., premature convergence). Therefore,
proposing some critical improvement mechanisms and employing an improved CS algorithm to
determine suitable parameter combinations for an SVR model is essential. This paper proposes the
SVR with chaotic cuckoo search (SVRCCS) model based on using a tent chaotic mapping function
to enrich the cuckoo search space and diversify the population to avoid trapping in local optima.
In addition, to deal with the cyclic nature of electric loads, a seasonal mechanism is combined
with the SVRCCS model, namely giving a seasonal SVR with chaotic cuckoo search (SSVRCCS)
model, to produce more accurate forecasting performances. The numerical results, tested by
using the datasets from the National Electricity Market (NEM, Queensland, Australia) and the
New York Independent System Operator (NYISO, NY, USA), show that the proposed SSVRCCS
model outperforms other alternative models.

Keywords: support vector regression; tent chaotic mapping function; cuckoo search algorithm;
seasonal mechanism; load forecasting

1. Introduction

Accurate electric load forecasting is important to facilitate the decision-making process for
power unit commitment, economic load dispatch, power system operation and security, contingency
scheduling, and so on [1,2]. As indicated in existing papers, a 1% electric load forecasting error increase
would lead to a £10 million additional operational cost [3], on the contrary, decreasing forecasting
errors by 1% would produce appreciable operation benefits [2]. Therefore, looking for more accurate
forecasting models or applying novel intelligent algorithms to achieve satisfactory load forecasting
results, to optimize the decisions of electricity supplies and load plans, to improve the efficiency of
the power system operations, eventually, reduces the system risks to within a controllable range.
However, due to lots of factors, such as energy policy, urban population, socio-economical activities,
weather conditions, holidays, and so on [4], the electric load data display seasonality, non-linearity,
and a chaotic nature, which complicates electric load forecasting work [5].
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Lots of electric load forecasting models have been proposed to continue improving forecasting
performances. These forecasting models can be of two types, the first one is based on the statistical
methodology, and the other one involves applications of artificial intelligence technology. The statistical
models, which include the ARIMA models [6,7], regression models [8,9], exponential smoothing
models [10], Kalman filtering models [11,12], Bayesian estimation models [13,14], and so on use
historical data to find out the linear relationships among time periods. However, due to their theoretical
definitions, these statistical models can only deal well with linear relationships among electric loads
and the other factors mentioned above. Therefore, these models could only produce unsatisfactory
forecasting performances [15].

Due to its superior nonlinear processing capability, artificial intelligence technology methods
such as artificial neural networks (ANNSs) [16,17], expert system models [18,19], and fuzzy inference
systems [20,21] have been widely applied to improve the performance of electric load forecasting.
To overcome the inherent shortcomings of these artificial intelligent models, hybrid models
(hybridizing two artificial intelligent models with each other) and combined models (combining
two models with each other) have been the research hotspots recently. For example, hybridized or
combined with each other models [22] and with evolutionary algorithms [23]. However, these artificial
intelligence models (including hybrid or combined models) also have shortcomings themselves, such
as being time consuming, difficult to determine structural parameters, and trapping into local minima.
Readers may refer to [24] for more discussions regarding load forecasting.

With outstanding nonlinear processing capability, composed of high dimensional mapping
ability and kernel computing technology, the support vector regression (SVR) model [25-27] has
already produced superior abundant application results in many fields. The application experience
demonstrates that an SVR model with well-computed parameters by any evolutionary algorithm
could provide significant satisfactory forecasting performance, and overcome the shortcomings
of evolutionary algorithms to compute appropriate parameters. For applications in electric load
forecasting, Hong and his successors [28,29] have used two types of chaotic mapping functions
(i-e., logistic function and cat mapping function) to keep the diversity of population during the search
process to avoid trapping into local optima, to significantly improve the forecasting accuracy level.

The cuckoo search (CS) algorithm [30] is a novel meta-heuristic optimization algorithm inspired
by the brood reproductive strategy of cuckoo birds via an interesting brood parasitic mechanism,
i.e., mimicking the pattern and color of the host’s eggs, throwing the eggs out or not, or building a new
nest, etc. In [31], the authors demonstrate that, by applying various test functions, it is superior to
other algorithms, such as genetic algorithm (GA), differential evolution (DE), simulated annealing
(SA) algorithm, and particle swarm optimization (PSO) algorithm in searching for a global optimum.
Nowadays, the CS algorithm is widely applied in engineering applications, such as unit maintenance
scheduling [32], data clustering optimization [33], medical image recognition [34], manufacturing
engineering optimization [35], and software cost estimation [36], etc. However, as mentioned in [37],
the original CS algorithm has some inherent limitations, such as its initialization settings of the
host nest location, Lévy flight parameter, and boundary handling problem. In addition, because
it is a population-based optimization algorithm, the original CS algorithm also suffers from slow
convergence rate in the later searching period, homogeneous searching behaviors (low diversity of
population), and a premature convergence tendency [33,38,39].

Due to its easy implementation and ability to enrich the cuckoo search space and diversify the
population to avoid trapping into local optima, this paper would like to apply a chaotic mapping
function to overcome the core shortcomings of the original CS algorithm, to produce more accurate
electric load forecasting results. Thus, a tent chaotic mapping function, demonstrating a range of
dynamical behavior ranging from predictable to chaos, is hybridized with a CS algorithm to determine
three parameters of an SVR model. A new electric load forecasting model, obtained by hybridizing
a tent chaotic mapping function and CS algorithm with an SVR model, namely the SVR with chaotic
cuckoo search (SVRCCS) model, is thus proposed. In the meanwhile, as mentioned in existing
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papers [5,28,29], electric load data, particularly short term load data, illustrate an obvious cyclic
tendency, thus, the seasonal mechanism proposed in the authors’ previous papers [5,28,29] would
be further improved and combined with the SVRCCS model. Finally, the proposed seasonal SVR
with CCS, namely the SVR with chaotic cuckoo search (SSVRCCS) model, is employed to improve
the forecasting accuracy level by sufficiently capturing the non-linear and cyclic tendency of electric
load changes. Furthermore, the forecasting results of the SSVRCCS model are used to compare them
with other alternative models, such as the SARIMA, GRNN, SVRCCS, and SVRCS models, to test the
forecasting accuracy improvements achieved. The principal contribution of this paper is in continuing
to hybridize the SVR model with a tent chaotic computing mechanism, CS algorithm, and eventually,
combine a seasonal mechanism, to widely explore the electric load forecasting model to produce higher
accuracy performances.

The remainder of this article is organized as follows: the basic formulation of an SVR model,
the proposed CCS algorithm, seasonal mechanism, and the modeling details of the proposed SSVRCCS
model are described in Section 2. A numerical example and forecasting accuracy comparisons among
the proposed model and other alternative models are presented in Section 3. Finally, conclusions are
given in Section 4.

2. The Proposed SVR with Chaotic Cuckoo Search (SSVRCCS) Model

2.1. Support Vector Regression (SVR) Model

The modeling details of an SVR model are presented briefly as follows. The training data set,
{(xi,yi)}fi 1, is mapped into a high dimensional feature space by a non-linear mapping function,
@(x). Then, in the high dimensional feature space, the SVR function, f, is theoretically used to formulate
the nonlinear relationships between the input training data (x;) and the output data (y;). This can be
shown as Equation (1):

f)=w" p(x) +b 1)

where f(x) represents the forecasted values; the weight, w, and the coefficient, b, are computed along
with minimizing the empirical risk, as shown in Equation (2):

LS oty ) + T
R(f) CN ;®e(yz/f(xz))+2w w (2)
0 o) ={ 00 2y e, Moot @

where O(y, f(x)) is so-called e-insensitive loss function, as shown in Equation (3). It is used to
determine the optimal hyperplane to separate the training data into two subsets with maximal distance,
i.e., minimizing the training errors between these two separated training data subsets and ©¢(y, f(x)),
respectively. C is a parameter to penalize the training errors. The second term, ;w’w, is then used to
represent the maximal distance between mentioned two separated data subsets, meanwhile, it also
determines the steepness and the flatness of f(x).

Then, the SVR modeling problem could be demonstrated as minimizing the total training errors.
It is a quadratic programming problem with two slack variables, § and &*, to measure the distance
between the training data values and the edge values of e-tube. Training errors under ¢ are denoted as
&*, whereas training errors above ¢ are denoted as &, as shown in Equation (4):

. o 1 2 N , i}
I%TEER(W,EVE ) o EHWH +C1’:Zl(§1 +§i) (4)

with the constraints:
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yi—f6) <e+¢f,
—vi— f(xi) e+,
i=20
§i=>0
i=1,2,...,N

The solution of Equation (4) is optimized by using Lagrange multipliers, 8}, and ;, the weight
vector, w, in Equation (1) is computed as Equation (5):

M=

w' =

(B — Bi)e(xi) @)

1

i

Eventually, the SVR forecasting function is calculated as Equation (6):

F(x) = 2 (B7 = B)K(xi, ;) +b ©)

1

1=

where K (x;, x;) is the so-called kernel function, and its value could be computed by the inner product
of ¢(x;) and (p(xj), ie., K(x,',xj) = ¢(x;) X (p(xj). The are several kinds of kernel function, such as
Gaussian function (Equation (7)) and the polynomial kernel function. Due to its superior ability to
map nonlinear data into high dimensional space, a Gaussian function is used in this paper:

Ixi = x|
K(x,v,x]-) = exp (2(72] (7)

Therefore, determining the three parameters, 0, C, and ¢ of an SVR model would play the critical
role to achieve more accurate forecasting performances [5,28,29]. The parameter ¢ decides the number
of support vectors. If ¢ is large enough, it implies few support vectors with low forecasting accuracy;
if ¢ has a value that is too small, it would increase the forecasting accuracy but be too complex to adopt.
Parameter C, as mentioned, penalizes the training errors. If C is large enough, it would increase the
forecasting accuracy but suffer from being difficult to adopt; if C has a too small value, the model
would suffer from large training errors. Parameter ¢ represents the relationships among data and the
correlations among support vectors. If ¢ is large enough, the correlations among support vectors are
strong and we can obtain accurate forecasting results, but if the value of ¢ is small, the correlations
among support vectors are weak, and adoption is difficult.

However, structural methods to determine the SVR parameters are lacking. Hong and his
colleagues have pointed out the advanced exploration way by hybridizing chaotic mapping functions
with evolutionary algorithms to overcome the embedded premature convergence problem, to select
suitable parameter combination, to achieve highly accurate forecasting performances. To continue
this valuable exploration, the chaotic cuckoo search algorithm, the CCS algorithm, is proposed to be
hybridized with an SVR model to determine an appropriate parameter combination.

2.2. Chaotic Cuckoo Search (CCS) Algorithm

2.2.1. Tent Chaotic Mapping Function

The chaotic mapping function is an optimization technique to map the original data series to
show sensitive dependence on the initial conditions and infinite different periodic responses (chaotic
ergodicity), to maintain the diversity of population in the whole optimization procedures, to enrich
the search behavior, and to avoid premature convergence. The most popular chaotic mapping function
is the logistic function, however, based on the analysis on the chaotic characteristics of the different
mapping functions, a tent chaotic mapping function [39] demonstrates a range of dynamical behavior
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ranging from predictable to chaos, i.e., with good ergodic uniformity [40]. This paper thus applies
the tent chaotic mapping function to be hybridized with the CS algorithm to determine the three
parameters of an SVR model.

The tent chaotic mapping function is shown as Equation (8):

2xy x € [0,0.5]

Xn+1 = { 2(1 _ xn) x € (05, 1} (8)

where x,, is the iterative value of the variable x in the nth step, and 7 is the number of iteration steps.

2.2.2. Cuckoo Search (CS) Algorithm

’

The CS algorithm is a novel meta-heuristic optimization algorithm, inspired by cuckoo birds
obligate brood parasitic behavior of laying their eggs in the nests of other host birds. Meanwhile,
by applying Lévy flight behaviors, the search speed is much faster than that of the normal random
walk. Therefore, cuckoo birds can reduce the number of iterations and thus speed up the local
search efficiency. For CS algorithm implementation, each egg in a nest represents a potential solution.
The cuckoo birds could choose, by Lévy flight behaviors, recently-spawned nests to lay their eggs in
the host nests to ensure their eggs could hatch first due to the natural phenomenon that cuckoo eggs
usually hatch before the host birds” eggs. It takes times for the host birds to discover that the eggs
in their nests do not belong to them, based on the probability, p,. When these “stranger” eggs are
discovered, they either throw out those eggs or abandon the whole nest to build a new nest in a new
location. The cuckoo birds would continuously lay new eggs (solutions), and they would choose the
nest, by Lévy flight behaviors, around the current best solutions.

The CS algorithm contains three famous idealized rules [31]: (1) each cuckoo lays one egg at
a time in a randomly selected host; (2) high-quality eggs and their host nests would survive to the next
generation; (3) the number of available host nests is fixed, and the host bird detects the “stranger” egg
with a probability p, € [0,1]. In this case, the host bird can either throw away the egg or abandon the
nest, and build a completely new nest. The last rule can be approximated by a fraction (p,) of the n
host nests that are replaced by new nests (with new random solutions). The value of p, is often set
as 0.25 [37].

The CS algorithm could maintain the balance between two kinds of search (random walks),
the local search and the global search, by a switching parameter, p,. The switching parameter p,
determines the cuckoo birds to abandon a fraction of the worst nests and build new ones for discovering
new and more promising regions in the search space. These two random walks are defined by
Equations (9) and (10), respectively:

1=t b6 ()

=t pal(s,A) (10)

1

where x! and x} are current positions randomly selected; « is the positive Lévy flight step size
scaling factor; s is the step size; H(-) is the Heavy-side function; J is a random number from uniform
distribution; ® represents the entry-wise product of two vectors; £(s, A) is the Lévy distribution and is
used to define the step size of random walk, it is defined as Equation (11):
AT(A)sin(mA/2) 1

£(5,2) = AHASA/Z) an
where A is the standard deviation of step size; the gamma function, T'(A), is defined as
r(A) = Jy° tA=1e~!dt, and represents an extension of factorial function, if A is a positive integer,
then, I(A) = (A —1)!. Lévy flight distribution enables a series of straight jumps chosen from any flight
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movements, it is also capable to find out the global optimum, i.e., it could ensure that the system will

not be trapped in a local optimum [41].

2.2.3. Implementation Steps of CCS Algorithm

The procedure of the hybrid CCS algorithm with an SVR model is illustrated as followings.

The relevant flowchart is shown in Figure 1.

Step 1:
Initialization

. . i
i chaotic variablesCXy ;.

nests for the three parameters xk'
2. Map the three parameters into

1. Initial the locations of random n

T

Step 2:

Apply Tent chaotic mapping

function to obtain the next iteratilon
chaotic variables Cx,({'; )

Chaotic Mapping
and Transferring

Transform Cx,((ifl) to obtain three
pa(rar]xgeters for the next iteration,
i+

k.j l

Step 3:
Fitness Evaluation

Evaluate the fitness value to find
out the best nest position xk';m R
by MAPE index.

]

Step 4:
Cuckoo Global
Search

Using global search (Eq. (10)) and
Lévy flight distribution (Eq. (11))
to obtain a new set of nest positions

I

Step 5: Determine
New Nest Position

{

Determine the new nest
position, xkf/. , with a better
fitness value.

f

Step 6: Cuckoo
Local Search

l
(1)

Turn to discover the nests in X ;
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new nest position in Step 6. If the
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the one ot‘x/(‘zkzl,i en, update as
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Step 8:
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|
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Yes
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Figure 1. Chaotic cuckoo search algorithm flowchart.
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nests. Let i = 0, and normalize the parameters as chaotic variables, cx]((i;, within the interval [0, 1] by
Equation (12):
@) _ g
(i) _ X Miny 12
ki ™ Max, — Miny

where Miny and Maxy, are the minima and the maxima of the three parameters, respectively.
Step 2: Chaotic Mapping and Transferring.

Apply the tent chaotic mapping function, defined as Equation (8), to obtain the next iteration of

chaotic variables, cxﬁrl) as shown in Equation (13):

(@)

(i)
D) { Zka’]( ) cx,{’g €10,0.5] 13)
k - i
2 2 (1 cxk’]) cxy; € (0.5,1]
Then, transform cx,((] Y to obtain three parameters for the next iteration, x,E R , by the following
Equation (14):
x}((l]f*'l) Miny + cxlg )(Maxk — Miny,) (14)
Step 3: Fitness Evaluation.
Evaluate the fitness value with x,(( Y for all nests to find out the best nest position, x,(( ;:t), in terms

of smaller forecasting accuracy index value. In this paper, the forecasting error is calculated as the
fitness value by the mean absolute percentage error (MAPE), as shown in Equation (15):
i

1 X —f
MAPE = — 21 % 100% 15
N 1; 1 (15)

where N is the total number of data; g; is the actual electric load value at point i; f; is the forecasted
electric load value at point i.

Step 4: Cuckoo Global Search.

Implement a cuckoo global search, i.e., Equation (10), by using the best nest position, xl<< 2:2,

update other nest positions by Lévy flight distribution (Equation (11)) to obtain a new set of nest
positions, then, compute the fitness value.

and

Step 5: Determine New Nest Position.

Compare the fitness value of the new nest positions with the fitness value of the previous
iteration, and update the nest position with a better one. Then determine the new nest position as
() _ [0 40 1"
X = [xk,l’xk,Z’“"xk,n] .
Step 6: Cuckoo Local Search.

(t)

If p, is lower than to a random number 7, then turn to discover the nests in X with lower
probability instead of the higher one. Then, compute the fitting value of the new nests and
(£)

continue updating the nest position x; i with smaller MAPE value by comparing it with the previous
fitness value.

Step 7: Determine The Best Nest Position.
Compare the fitness value of the new nest position, x,((t]) in Step 6, with the fitness value of the
best nest position, x,((l;;t) If the fitness value of xl<< ) is lower than the one of x,((l;:;t), then, update xlgt]? as

the best nest position, x}({f; st
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Step 8: Stop Criteria.

If the number of search iterations are greater than a given maximum search iterations, then, the best
nest position, x]((tge o+ among the current population is determined as parameters (C, ¢, ¢) of an SVR
model; otherwise, go back to Step 2 and continue searching the next iteration.

2.3. Seasonal Mechanism

As indicated in existing papers [5,28,29] the short term electric load data often display cyclic
tendencies due to the cyclic nature of economic activities (production, transportation, operation, etc.)
or the seasonal climate in Nature (air conditioners and heaters in summer and winter, respectively).
It is useful to increase the forecasting accuracy by calculating these seasonal effects (or seasonal indexes)
to adjust the seasonal biases. Several researchers have proposed seasonal adjustment approaches to
determine the seasonal effects, such as Koc and Altinay [42], Goh and Law [43], and Wang et al. [44],
who all apply regression models to decompose the seasonal component. Martens et al. [45] apply
a flexible Fourier transform to estimate the daily variation of the stock exchange, and compute
a seasonal estimator. Deo et al. [46] composed two Fourier transforms in a cyclic period to further
identify the seasonal estimator. Comparing these seasonal adjustment models, Deo’s model extends
Martens’s model for application to general cycle-length data, particularly for hour-based or other
shorter cycle-length data. Considering that this paper deals with half-hour based short term electric
load data, this paper would like to employ the seasonal mechanism proposed by Hong and his
colleagues in [5,28,29]. That is, firstly apply the ARIMA model to identify the seasonal length of the
target time series data set; secondly, calculate these seasonal indexes to adjust cyclic effects to receive
more satisfied forecasting performances, as shown in Equation (16):

2
Seasonratio, = ln<j7q> =2(Ina; —Infy) (16)
q

where g =j, 1 +j,2l +j,..., (m — 1)] + j with m seasonal (cyclic) periods and [ seasonal length in
each period. Thirdly, the seasonal index (SI) for each seasonal point j in each period is calculated as
Equation (17):
1 (m=)i+j
SI; = exp <m Z Seasonrati0q> /2 17)
=]

wherej=1,2, ... I. The seasonal mechanism is demonstrated in Figure 2.

Training data set -
2 Validation data set

B
e
L

2
Seasonratio, :ln(%] =2(Ing, ~Inf,
'

i
Seasonratioy|  creereereeresean. Seasonratio, Seasonration,
[ ]

1 =i+
SI; =exp) o > Seasonratio, | /2
g=1

Figure 2. Seasonal mechanism.
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3. Numerical Examples of the Proposed SSVRCCS Model

3.1. Data Set of Numerical Examples

To demonstrate the superiorities of the tent chaotic mapping function and seasonal mechanism of
the proposed SSVRCCS model, this paper uses the half-hour electric load data from the Queensland
regional market of the National Electricity Market (NEM, Queensland, Australia) [47], named Example
1, and the New York Independent System Operator (NYISO, New York, NY, USA) [48], named Example
2. The employed electric load data contains a total of 768 half-hour electric load values in Example 1,
i.e., from 00:30 01 October 2017 to 00:00 17 October 2017. Based on Schalkoff’s [49] recommendation
that the ratio of validation data set to training data set should be approximately one to four, therefore,
the electric load data set is divided into three sub-sets. The training set has 432 half-hour electric
load values (i.e., from 00:30 01 October 2017 to 00:00 09 October 2017). The validation set contains
144 half-hour electric load values (i.e., from 00:30 09 October 2017 to 00:00 13 October 2017). The testing
set has 192 half-hour electric load values (i.e., from 00:30 13 October 2017 to 00:00 17 October 2017).
Similarly, in Example 2, the used electric load data also contains a total of 768 hourly electric load
values, i.e., from 00:00 01 January 2018 to 23:00 1 February 2018. The electric load data set is also
divided into three sub-sets. The training set has 432 hourly electric load values (i.e., from 00:00 01
January 2018 2017 to 23:00 18 January 2018). The validation set has 144 hourly electric load values
(i-e., from 00:00 19 January 2018 to 23:00 24 January 2018). The testing set has 192 hourly electric load
values (i.e., from 00:00 25 January 2018 to 23:00 1 February 2018). To be based on the same comparison
conditions, all compared models thus have the same data division sets.

During the modeling processes, in the training stage, the rolling-based procedure, proposed by
Hong [28], is also applied to assist CCS algorithm to implement well searching for an appropriate
parameter combination (¢, C, €) of an SVR model. Specifically, the CCS algorithm minimizes the
empirical risk, as shown in Equation (4), to obtain the potential parameter combination by employing
the first n electric load data in the training set; then, it receives the first forecasted electric load by
the SVR model with these potential parameter combination, i.e., the (n + 1)th forecasting electric
load. For the second round, the next n electric load data, from 2nd to (n + 1)th electric load values,
are then used by the SVR model to obtain new potential parameter combination, then, similarly,
the (n + 2)th forecasting electric load is receive. This procedure would never be stopped till the
totally 432 forecasting electric load are computed. The training error and the validation error are also
calculated in each iteration.

Only with the smallest validation and testing errors, a potential parameter combination could
be finalized as the determined parameter combination of an SVR model. Then, the never used
testing data set would be employed to demonstrate the forecasting performances, i.e., eventually,
the 192 half-hour/hourly electric load would be forecasted by the proposed SSVRCCS model.

3.2. The SVR with Chaotic Cuckoo Search (SSVRCCS) Electric Load Forecasting Model

3.2.1. Embedded Parameter Settings of the CCS Algorithm

The embedded parameters of CCS algorithm for modeling are set as follows: the number of host
nests is set to be 50; the maximum number of iterations is set as 500; the initial probability parameter
pa is set as 0.25. During the parameter optimizing process of an SVR model, the searching feasible
ranges of the three parameters are set as following, o € [0.01, 5], € € [0.01, 1], and C < [0.01, 60,000].
In addition, considering that the iteration time would affect the performance of each model, the given
optimization time for each model with an evolutionary algorithm is set at the same inasmuch
as possible.
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3.2.2. Forecasting Accuracy Indexes

Three forecasting accuracy evaluation indexes are used to compare the forecasting performances
for each model: (1) the MAPE mentioned in Equation (5); (2) the root mean square error (RMSE); and
(3) the mean absolute error (MAE). The latter two indexes could be calculated by Equations (18) and
(19), respectively:

No(ai— £;)?
RMSE = T 18)

MAE = — Z|al fil (19)

where N is the total number of data; g; is the actual electric load value at point i; f; is the forecasted
electric load value at point i.

3.2.3. Forecasting Accuracy Significance Tests

To demonstrate the significant superiority of the proposed SSVRCCS model in terms of forecasting
accuracy, some famous statistical tests are implemented. Based on Diebold and Mariano’s [50] and
Derrac et al. [51] research suggestions, the Wilcoxon signed-rank test [52] and Friedman test [53] are
simultaneously applied in this paper.

The Wilcoxon signed-rank test is used to compare the significant differences in terms of central
tendency between two data set with the same size. Let d; represent the i-th pair difference of the
i-th forecasting errors from any two forecasting models, the differences are ranked according to their
absolute values. Let r™ represent the sum of ranks that the first model larger than the second one;
r~ represent the sum of ranks that the second model larger than the first one. In case of d; = 0,
then, exclude the j-th pair and reduce sample size. The statistic W of the Wilcoxon signed-rank test is
shown as Equation (20):

W =min{r",r"} (20)

If W meets the criterion of the Wilcoxon distribution under N degrees of freedom, then, the null
hypothesis of equal performance of these two compared models cannot be accepted. It also implies
that the proposed model is significantly superior to the other model. Of course, if the comparison
size is larger than the critical size, the sampling distribution of W would approximate to the normal
distribution instead of Wilcoxon distribution, and the associated p-value would also be provided.

On the other hand, due to the non-parametric statistical test in the ANOVA analysis procedure,
the Friedman test is devoted to compare the significant differences among two or more models.
The statistic F of the Friedman test is shown as Equation (21):

k
po 12N 12N LZRZ k+1)

k(k+1) @1)

where N is the total number of forecasting results; k is the number of compared models; R; is the average
rank sum obtained in each forecasting value for each compared model as shown in Equation (22),

1 N j
Rj= N Z;ri (22)
i=

where r{ is the rank sum from 1 (the smallest forecasting error) to k (the worst forecasting error) for ith
forecasting result, for jth compared model.

Similarly, if the associated p-value of F meets the criterion of not acceptance, the null hypothesis,
equal performance among all compared models, could also not be held.
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3.2.4. Forecasting Results and Analysis for Example 1

To compare the improved forecasting performance of the tent chaotic mapping function,
a SVR with the original CS algorithm (without the tent chaotic mapping function), namely the SVRCS
model, will also be taken into comparison. Therefore, according to the rolling-based procedure
mentioned above, by using the training data set from Example 1 (mentioned in Section 3.1) to conduct
the training work, and the parameters for SVRCS and SVRCCS models are eventually determined.
These trained models are further used to forecast the electric load. Then, the forecasting results and the
suitable parameters of SVRCS and SVRCCS models are listed in Table 1. It is clearly indicated that the
proposed SVRCCS model has achieved smaller forecasting performances in terms of the forecasting
accuracy indexes, MAPE, RMSE, and MAE.

Table 1. Three parameters of SVRCS and SVR with chaotic cuckoo search (SVRCCS) models for

Example 1.
Parameters
Evolutionary Algorithms c MATPE of Testing (%) RMSE of Testing ~ MAE of Testing
T €
SVRCS 1.4744 17,877.54 0.3231 2.63 217.19 151.72
SVRCCS 0.5254 5,885.65 0.7358 151 126.92 87.94

As shown in Figure 3, the employed electric load data demonstrates seasonal/cyclic changing
tendency in Example 1. In addition, the data recording frequency is on a half-hour basis, therefore,
to comprehensively reveal the electric load changing tendency, the seasonal length is set as 48.
Therefore, there are 48 seasonal indexes for the proposed SVRCCS and SVRCS models. The seasonal
indexes for each half-hour are computed based on the 576 forecasting values of the SVRCCS and
SVRCS models in the training (432 forecasting values) and validation (144 forecasting values) processes.
The 48 seasonal indexes for the SVRCCS and SVRCS models are listed in Table 2, respectively.

Table 2. The 48 seasonal indexes for SVRCCS and SVRCS models for Example 1.

Time Seasonal Index (SI) ‘ Time Seasonal Index (SI) ‘ Time Seasonal Index (SI) ‘ Time Seasonal Index (SI)
Points *syrccs  svres | POints syrces  svres | POins syrces  svres | POl syrces  SVRes
00:00 09615 09201 | 06:00 10360 10536 | 1200  1.0025 1.0076 18:00 1.0071 10176
0030 09881 09241 | 0630 10518 10729 | 1230 0.9960 1.0032 1830 1.0034 10109
01:00 09893 09401 | 07:00 10671 10924 | 13:00  0.9935 0.9992 19:00 0.9694 0.9767
0130 09922 09729 | 0730 1039 10810 | 1330  0.9975 1.0022 19:30 0.9913 0.9875
0200 09919 09955 | 08:00 10088 10575 | 1400  1.0026 1.0083 20:00 0.9820 0.9812
0230 09948 09980 | 0830 10076 10322 | 1430 1.0015 1.0088 20:30 0.9789 0.9700
0300 09950 09998 | 09:00  1.0004 10148 | 1500  1.0000 10070 21:00 0.9830 0.9641
0330 09915 09961 | 09:30 09903 09982 | 1530 10022 1.0089 21:30 0.9780 0.9547
0400 10082 10129 | 1000 10031 10067 | 16:00  1.0033 10115 22:00 0.9906 0.9622
0430 10075 10176 | 1030 09912 09981 | 1630 10097 10173 22:30 0.9932 0.9778
0500 10124 10245 | 1100 09928 09973 | 1700 10098 10188 23:00 0.9659 0.9645
0530 10139 10253 | 1130 09967 10025 | 17:30  1.0053 10164 23:00 0.9601 0.9348

The forecasting comparison curves of six models, including the SARIMA g g)x(4,1,4)s
GRNN (o = 0.04), SSVRCCS, SSVRCS, SVRCCS, and SVRCS models mentioned above and actual
values are shown in Figure 4. It illustrates that the proposed SSVRCCS model is closer to the actual
electric load values than other compared models. To further illustrate the tendency capturing capability
of the proposed SSVRCCS model during the electric peak loads, Figures 5-8 are enlargements from four
peaks in Figure 4 to clearly demonstrate how closer the SSVRCCS model matches to the actual electric
load values than other alternative models. For example, for each peak, the red real line (SSVRCCS
model) always follows closely with the black real line (actual electric load), whether climbing up the
peak or climbing down the hill.
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Figure 3. The seasonal tendency of actual half-hour electric load in Example 1.
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Figure 4. Forecasting values of SSVRCCS model and other alternative models for Example 1.
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Figure 6. The enlargement comparison of Peak 2 from the compared models for Example 1.
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Figure 7. The enlargement comparison of Peak 3 from the compared models for Example 1.
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Table 3 illustrates the forecasting accuracy indexes for the proposed SSVRCCS model and other
alternative compared models. It is clearly to see that the MAPE, RMSE, and MAE of the proposed
SSVRCCS model are 0.70%, 56.90, and 40.79, respectively, which are superior to the other five alternative
models. It also implies that the proposed SSVRCCS model contributes great improvements in terms of
load forecasting accuracy.

Table 3. Forecasting accuracy indexes of the compared models for Example 1.

Forecasting Accuracy Indexes ~ SARIMA(g14), (414) GRNN(e =0.04) SSVRCCS SSVRCS SVRCCS SVRCS
MAPE (%) 3.62 153 0.70 0.99 151 263

RMSE 280.05 114.30 56.90 80.42 126.92 217.19

MAE 217.67 88.63 40.79 57.69 87.94 151.72

Finally, to ensure the significant contribution in terms of forecasting accuracy improvement for
the proposed SSVRCCS model, the Wilcoxon signed-rank test and the Friedman test are conducted.
Where Wilcoxon signed-rank test is implemented under two significance levels, « = 0.025 and « = 0.05,
by two-tail test; the Friedman test is then implemented under only one significance level, « = 0.05.
The test results in Table 4 show that the proposed SSVRCCS model almost reaches a significance level
in terms of forecasting performance than other alternative compared models.

Table 4. Results of Wilcoxon signed-rank test and Friedman test for Example 1.

Wilcoxon Signed-Rank Test Friedman Test
Compared Models « =0.025; « = 0.05;
W = 9264 p-Value W = 9264 p-Value « =0.05;
SSVRCCS vs. 8422 0.00000 ** 8422 0.00000 **
SARIMA 918)x (4,1,4) Hy:ep=ey=e3=e4=e5=¢5
SSVRCCS vs. GRNN(c = 0.04) 30252 0.00000 ** 30252 0.00000 ** : F = 23.49107 -
SSVRCCS vs. SSVRCS 21592 0.00000 ** 21592 0.00000 ** -0 000272' (Reject Ho)
SSVRCCS vs. SVRCCS 35392 0.00000 ** 3539 2 0.00000 ** P jectHo
SSVRCCS vs. SVRCS 42882 0.00000 ** 42882 0.00000 **

@ Denotes that the SSVRCCS model significantly outperforms the other alternative compared models; * represents
that the test indicates not to accept the null hypothesis under « = 0.05. ** represents that the test indicates not to
accept the null hypothesis under a = 0.025.

3.2.5. Forecasting Results and Analysis for Example 2

Similar to Example 1, SVRCS and SVRCCS models are also trained based on the rolling-based
procedure by using the training data set from Example 2 (mentioned in Section 3.1). The forecasting
results and the suitable parameters of SVRCS and SVRCCS models are shown in Table 5. It is also
obviously that the proposed SVRCCS model has achieved a smaller forecasting performance in terms
of forecasting accuracy indexes, MAPE, RMSE, and MAE.

Table 5. Three parameters of SVRCS and SVRCCS models for Example 2.

Parameters
Evolutionary Algorithms c MATPE of Testing (%) RMSE of Testing ~ MAE of Testing
o €
SVRCS 0.6628 36,844.57 0.2785 3.42 886.67 631.40
SVRCCS 0.3952 42,418.21 0.7546 2.30 515.10 426.42

Figure 9 also demonstrates the seasonal/cyclic changing tendency from the used electric load data
in Example 2. Based on the hourly recording frequency, to completely address the changing tendency
of the employed data, the seasonal length is set as 24. Therefore, there are 24 seasonal indexes for the
proposed SVRCCS and SVRCS models. The seasonal indexes for each hour are computed based on the
576 forecasting values of the SVRCCS and SVRCS models in the training (432 forecasting values) and
validation (144 forecasting values) processes. The 24 seasonal indexes for the SVRCCS and SVRCS
models are listed in Table 6, respectively.
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Figure 9. The seasonal tendency of actual hourly electric load in Example 2.

Table 6. The 24 seasonal indexes for SVRCCS and SVRCS models for Example 2.

Time Seasonal Index (SI) ‘ Time Seasonal Index (SI) ‘ Time Seasonal Index (SI) ‘ Time Seasonal Index (SI)
Points syrccs  svres | Points syrces  svees | Points syrees  svees | Poimts gyrecs svRes
00:00 0.9718 0.9317 06:00 1.0545 1.1043 12:00  0.9848 0.9911 18:00 0.9753 1.0242
01:00 0.9848 0.9670 07:00 1.0383 1.1133 13:00  0.9896 0.9959 19:00 0.9707 0.9743
02:00 0.9894 0.9960 08:00 0.9854 1.0833 14:00  0.9898 0.9960 20:00 0.9711 0.9754
03:00 0.9937 1.0001 09:00 0.9913 1.0259 15:00  0.9994 1.0058 21:00 0.9610 0.9674
04:00 1.0076 1.0140 10:00 0.9860 0.9951 16:00  1.0144 1.0208 22:00 0.9519 0.9435
05:00 1.0343 1.0407 11:00 0.9841 0.9903 17:00  1.0252 1.0441 23:00 0.9567 0.9245

The forecasting comparison curves of six models in Example 2, including SARIMA (9 1 10)x (4,1,4)/
GRNN (¢ = 0.07), SSVRCCS, SSVRCS, SVRCCS, and SVRCS models and actual values are shown
as in Figure 10. It indicates that the proposed SSVRCCS model is closer to the actual electric load
values than the other compared models. Similarly, the enlarged figures, Figures 11-14, from eight
peaks in Figure 10 are provided to demonstrate the tendency capturing capability of the proposed
SSVRCCS model and how closer the SSVRCCS model matches the actual electric load values than
other alternative models. It is clear that for each peak, the red real line (SSVRCCS model) always
follows closely with the black real line (actual electric load), whether climbing up the peak or climbing
down the hill.
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Figure 10. Forecasting values of SVR with chaotic cuckoo search (SSVRCCS) model and other
alternative models for Example 2.

Figure 12. The enlargement comparison of Peaks 3 and 4 from the compared models for Example 2.
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Figure 13. The enlargement comparison of Peaks 5 and 6 from the compared models for Example 2.
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Figure 14. The enlargement comparison of Peaks 7 and 8 from the compared models for Example 2.

For comparison with other alternative models, Table 7 demonstrates the forecasting accuracy
indexes for each compared model. Obviously, the proposed SSVRCCS model almost achieves the
smallest index values in terms of the MAPE (0.46%), RMSE (126.10), and MAE (80.85), respectively.
It is superior to the other five compared models. Once again, it indicates that the proposed SSVRCCS
model could produce more accurate forecasting performances.

Table 7. Forecasting accuracy indexes of compared models for Example 2.

Forecasting Accuracy Indexes ~ SARIMA(9110)x(414) GRNN(e =0.07) SSVRCCS SSVRCS SVRCCS SVRCS
MAPE (%) 5.16 3.19 0.46 0.86 2.30 3.42

RMSE 1233.09 753.97 126.10 262.02 515.10 886.67

MAE 956.14 577.48 80.85 152.02 42642 631.40

Finally, two statistical tests are also conducted to ensure the significant contribution in terms of
forecasting accuracy improvement for the proposed SSVRCCS model. The test results are illustrated in
Table 8 that the proposed SSVRCCS model almost reaches significance level in terms of forecasting
performance than other alternative compared models.
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Table 8. Results of Wilcoxon signed-rank test and Friedman test for Example 2.

Wilcoxon Signed-Rank Test Friedman Test
Compared Models « =0.025; « =0.05 _ .
W = 9264 p-Value W = 9264 p-Value « =0.05;

SSVRCCS vs. 1522 0.00000 ** 1522 0.00000 **
SARIMA(91,10)x (4,1,4) Ho:e1=ep=e3= ey = e5 = e
SSVRCCS vs. GRNN(c = 0.07) 3962 0.00000 ** 3962 0.00000 ** F = 149.8006
SSVRCCS vs. SSVRCS 4822 0.00000 ** 48272 0.00000 ** - 0.0000 (Re'ect Ho)
SSVRCCS vs. SVRCCS 7452 0.00000** 7452 0.00000 ** P ject o

SSVRCCS vs. SVRCS 52072 0.00000 ** 52072 0.00000 **

@ Denotes that the SSVRCCS model significantly outperforms the other alternative compared models; * represents
that the test indicates not to accept the null hypothesis under « = 0.05. ** represents that the test indicates not to
accept the null hypothesis under a = 0.025.

3.2.6. Discussions

To learn about the effects of the tent chaotic mapping function in both Examples 1 and 2, comparing
the forecasting performances (the values of MAPE, RMSE, and MAE in Tables 3 and 7) between SVRCS
and SVRCCS models, the forecasting accuracy of SVRCCS model is superior to that of SVRCS model.
It reveals that the CCS algorithm could determine more appropriate parameter combinations for an
SVR model by introducing the tent chaotic mapping function to enrich the cuckoo search space and
the diversity of the population when the CS algorithm is going to be trapped in the local optima.
In Example 1, as shown in Table 1, the parameter searching of an SVR model by CCS algorithm could
be moved to a much better solution, (o, C, €) = (0.5254, 5885.65, 0.7358) with forecasting accuracy,
(MAPE, RMSE, MAE) = (1.51%, 126.92, 87.94) from the local solution, (¢, C, €) = (1.4744, 17877.54,
0.3231) with forecasting accuracy, (MAPE, RMSE, MAE) = (2.63%, 217.19, 151.72). It almost improves
1.12% (=2.63% — 1.51%) forecasting accuracy in terms of MAPE by employing Tent chaotic mapping
function. The same in Example 2, as shown in Table 5, the CCS algorithm also helps to improve
the result by 1.12% (=3.42% — 2.30%). These two examples both reveal the great contributions from
the tent chaotic mapping function. In future research, it would be worth applying another chaotic
mapping function to help to avoid trapping into local optima.

Furthermore, the seasonal mechanism can successfully help to deal with the seasonal/cyclic
tendency changes of the electric load data to improve the forecasting accuracy, by determining
seasonal length and calculating associate seasonal indexes (per half-hour for Example 1, and
per hour for Example 2) from training and validation stages for each seasonal point. In this paper,
authors hybridize the seasonal mechanism with SVRCS and SVRCCS models, namely SSVRCS and
SSVRCCS models, respectively, by using their associate seasonal indexes, as shown in Tables 2 and 6,
respectively. Based on these seasonal indexes, the forecasting results (in terms of MAPE) of the
SVRCS and SVRCCS models for Example 1 are further revised from 2.63% and 1.51%, respectively,
to achieve more acceptable forecasting accuracy, 0.99% and 0.70%, respectively. They almost improve
1.64% (=2.63% — 0.99%) and 0.81% (=1.51% — 0.70%) forecasting accuracy by applying seasonal
mechanism. The same in Example 2, as shown in Table 7, the seasonal mechanism also improves
2.56% (=3.42% — 0.86%) and 1.84% (=2.30% — 0.46%) for SVRCS and SVRCCS models, respectively.
In the meanwhile, based on Wilcoxon signed-rank test and Friedman test, as shown in Tables 4 and 8 for
Examples 1 and 2, respectively, the SSVRCCS models also achieve statistical significance among other
alternative models. Based on above discussions, this seasonal mechanism is also a considerable
contribution, and it is worth the time cost to deal with the seasonal/cyclic information during
modeling processes.

Therefore, it could be remarked that by hybridizing novel intelligent technologies, such as chaotic
mapping functions, advanced searching mechanism, seasonal mechanism, and so on, to overcome some
inherent drawbacks of the existing evolutionary algorithms could significantly improve forecasting
accuracy. This kind of research paradigm also inspires some interesting future research.
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4. Conclusions

This paper proposes a novel SVR-based hybrid electric load forecasting model, by hybridizing
the seasonal mechanism, the tent chaotic mapping function, and the CS algorithm with an SVR model,
namely the SSVRCCS model. The experimental results indicate that the proposed SSVRCCS model
significantly outperforms other alternative compared forecasting models. This paper continues to
overcome some inherent shortcomings of the CS algorithm, by actions such as enriching the search
space and the diversity of the population by using the tent chaotic mapping function to avoid premature
convergence problems and applying seasonal mechanism to provide useful adjustments caused from
seasonal/cyclic effects of the employed data set. Eventually, the proposed SSVRCCS model achieves
significant accurate forecasting performances.

This paper concludes some important findings. Firstly, by applying appropriate chaotic mapping
functions it could help empower the search variables to possess ergodicity characteristics, to enrich
the searching space, then, determine well appropriate parameter combinations of an SVR model,
to eventually improve the forecasting accuracy. Therefore, any novel hybridizations of existed
evolutionary algorithms with other optimization methods or mechanisms which could consider
those actions mentioned above during modeling process are all deserving to take a trial to achieve
more interesting results. Secondly, only hybridizing different single evolutionary algorithm with
an SVR model could contribute minor forecasting accuracy improvements. It is more worthwhile
to hybridize different novel intelligent technologies with single evolutionary algorithms to achieve
more high forecasting accurate levels. This could be an interesting future research tendency in the
SVR-based electric load forecasting field.
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Abstract: Daily operations and planning in a smart grid require a day-ahead load forecasting of its
customers. The accuracy of day-ahead load-forecasting models has a significant impact on many
decisions such as scheduling of fuel purchases, system security assessment, economic scheduling of
generating capacity, and planning for energy transactions. However, day-ahead load forecasting is a
challenging task due to its dependence on external factors such as meteorological and exogenous
variables. Furthermore, the existing day-ahead load-forecasting models enhance forecast accuracy
by paying the cost of increased execution time. Aiming at improving the forecast accuracy while
not paying the increased executions time cost, a hybrid artificial neural network-based day-ahead
load-forecasting model for smart grids is proposed in this paper. The proposed forecasting model
comprises three modules: (i) a pre-processing module; (ii) a forecast module; and (iii) an optimization
module. In the first module, correlated lagged load data along with influential meteorological and
exogenous variables are fed as inputs to a feature selection technique which removes irrelevant
and/or redundant samples from the inputs. In the second module, a sigmoid function (activation)
and a multivariate auto regressive algorithm (training) in the artificial neural network are used.
The third module uses a heuristics-based optimization technique to minimize the forecast error. In
the third module, our modified version of an enhanced differential evolution algorithm is used.
The proposed method is validated via simulations where it is tested on the datasets of DAYTOWN
(Ohio, USA) and EKPC (Kentucky, USA). In comparison to two existing day-ahead load-forecasting
models, results show improved performance of the proposed model in terms of accuracy, execution
time, and scalability.

Keywords: artificial neural network; load prediction; smart grid; heuristic optimization; energy trade;
accuracy

1. Introduction

An existing/traditional grid system needs renovation to bridge the ever-increasing gap between
demand and supply and also to meet essential challenges such as grid reliability, grid robustness,
customer electricity cost minimization, etc. [1]. In this regard, recent integration of advanced
communication technologies and infrastructures into traditional grids have led to the formation
of so called smart grids (SGs) [2]. The national national institute of standards and technology (NIST) [3]
conceptual diagram of smart grid (SG) is shown in Figure 1. This conceptual diagram can be used as a
reference model for standardization works in seven SG domains: generation, transmission, distribution,
end users, markets, operations, and service providers. Each domain involves one or more SG actors
(e.g., devices, systems, programs, etc.) to make decisions for realizing an application based on exchange
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of information. Further details on each domain, its involved actors, and respective applications can be
found in [3]. One of the advantages of this integration is customer engagement, which plays a key role
in the economies of energy trade. In other words, the old concept of uni-directional energy flow is
replaced by the new and smart concept of bi-directional energy flow—transformation from traditional
consumer to a smart prosumer [4].

Electricity flow

| | | <«—> Communication flow
Generation
l—lil l
Transmission h

| Distribution h
Markets |

End Users |

Operations

Service Providers
Figure 1. Conceptual diagram of SG.

The resulting /new grid, integrated with advanced metering infrastructure, faces many challenges
such as [5]: (i) designing new techniques to meet the load while not increasing the generation capacity;
and (ii) devising new ways/policies to ensure customer engagement with utility. When installing
new technologies, utilities aim for a maximum possible return on an investment. However, this
maximization would require that the daily operations of an SG utility (such as strategic decisions
to bridge the gap between demand and supply, and fuel resource planning) are properly conveyed.
All these decisions are highly influenced by load forecast strategy(ies) [6]. Accurate load forecast
means that both utility and prosumer can maximize their electricity price savings due to spot
price establishment—one of the major reasons that utilities show growing interest towards SG
implementation. The concerned utility forecasts the future price/load signal which is based on
the past activities of users’ energy consumption patterns. In response to the forecast price/load signal,
the users adjust their energy consumption schedules subject to minimization of electricity cost and/or
their comfort level [7]. In reference [8], Hippert et al. classify load forecast based on time to be predicted
(Figure 2): short-term, medium-term and long-term. Short-term load forecasting is further categorized
into two types: (i) very short-term; and (ii) short-term forecasting. The first one has a prediction
duration from seconds/minutes to hours and model applications in flow control. The second one has
prediction horizon from hours to weeks and model applications in adjusting generation and demand,
therefore, used to launch offers to the electrical market. The short-term forecasting models are vital
in day-to-day operations, evaluation of net interchange, unit commitment and scheduling functions,
and system security analysis. In medium term forecasting, the prediction horizon is typically between
months. These models are used by utilities for fuel scheduling, maintenance planning, and hydro
reservoir management. In long-term forecasting, the prediction horizon is for years. Utilities use these
types of models for planning capacity of the grid and maintenance scheduling. Since accurate load
forecast is needed by utilities to properly plan the ongoing grid operations for efficient management
of their resources, this paper aims at an accurate load-forecasting model. However, the scope of
this paper is limited to short-term load forecasting with a day-ahead prediction horizon only. In
the literature, two types of day-ahead load forecasting (DALF) models have been presented: linear
and non-linear [9]. Also, [10] has highlighted the relative limitation(s) of linear models as compared
to non-linear models. In reference [9], the non-linear models are investigated in five classes: (i)
support vector machine-based models; (ii) Markov chain-based models; (iii) artificial neural network
(ANN)-based models; (iv) fuzzy ANN-based models; and (v) stochastic distribution-based models.
The support vector machine-based models [11-13] achieve relatively moderate accuracy, but at the

45



Energies 2019, 12, 164

cost of high execution time (slow convergence rate) due to high complexity. Whereas, the Markov
chain-based models [14-16] have low execution time, but at the cost of reduced forecast accuracy.
Furthermore, the stochastic distribution-based models [17-20] need improvement in terms of both
accuracy and execution time. The fuzzy ANN-based models [21-26] achieve moderate accuracy,
but at the cost of high execution time. Finally, hybrid ANN-based models improve the accuracy of
ANN-based models to an extent, but at the cost of high execution time. Among the hybrid ANN-based
models, reference [27] selects features via MI technique and ANN-based prediction to forecast the
day-ahead load (DAL) of SGs. To improve the accuracy of [27], the authors in [28] add a heuristic
optimization-based technique with [27]. Similarly, another hybrid strategy is presented in [29] subject
to DALF of SGs. However, reference [27,29] achieve relatively high forecast accuracy while taking high
time to execute the algorithm. Furthermore, the forecast error of the existing works [28,29] significantly
increases due to meteorological variables (such as dew point temperature, dry bulb temperature, etc.),
and exogenous variables (such as cultural and social events, human impact, etc.). Thus, we aim at
improving the forecast accuracy of DALF models without increasing their execution time, and in the
presence of meteorological and exogenous variables.

In our proposed work, a hybrid ANN-based DALF model for SGs is presented which is a
multi-model forecasting ANN with a supervised architecture and MARA for training. The proposed
model follows a modular structure (it has three functional modules): a pre-processor, a forecaster,
and an optimizer. Given the correlated lagged load data along with influential meteorological and
exogenous variables as inputs, the first module removes two types of features from it: (i) redundant;
and (ii) irrelevant. Given the selected features, the second module employs ANN to predict future
values of load. The AN is activated by sigmoid function and the ANN is trained by MARA. We further
minimize the forecast/prediction error by using an optimization module in which a a heuristics-based
optimization technique is implemented. The proposed DALF strategy for SGs is validated via
simulations which show that our proposed strategy forecasts the future load of SGs with approximately
98.76% accuracy. To sum up, this paper has the following contributions/advantages:

e  The proposed model takes into account external DALF influencing factors such as meteorological
and exogenous variables.

e Due to better accuracy and less execution time, we have used MARA for training which none of
the existing forecast models has used for training.

e To improve the forecast accuracy and minimize the execution of the forecast model, we have
performed local training which none of the existing forecast models has used.

e  We have used our modified version of the EDE in the error minimization module. The existing
Bi-level strategy [28] has used EDE algorithm in the error minimization module.

e  We have tested our proposed model on the datasets of two USA grids: DAYTOWN and
EKPC. For evaluation and validation purposes, we have compared our proposed model with
two existing forecast models (bi-level forecast and MI+ANN forecast) and provided extensive
simulation results.

Please note that this work is continuation of our previous work in [30,31], where in both [30,31]
we have not considered exogenous and meteorological variables. The rest of the paper is organized
as follows. Section 2 discusses recent/relevant DALF works, Section 3 briefly describes the newly
proposed ANN and modified evolutionary algorithm-based DALF model for SGs, simulation results
are discussed in Section 4, and Section 5 states the concluding points drawn from this work along with
future work.

2. Related Work

For the sake of better understanding, the existing techniques are discussed in two classes (linear
and non-linear) according to the type of model used [9]. The model to be used is totally the choice of
researcher due to specific design considerations.

46



Energies 2019, 12, 164

2.1. Linear Models

Linear models give continuous response which is a function or linear combination of one or more
prediction variables. These models depend on the synthesis of all features of a problem that is more or
less solved by complex equations. Examples of these models include spectral decomposition-based
models, ordinary least square-based models, ARMA, etc. Since the prediction of demand is complex
due non-linearities, the linear forecast models predict with high relative errors due to their inability to
map the complex relationship between input and output. Thus, development of linear models is highly
challenging. Furthermore, Hagan et al. [10] highlighted the relative limitation(s) of linear models as
compared to non-linear models. Therefore, this research work is focused towards the discussion of
non-linear models only.

2.2. Non-Linear Models

When the observational data is modeled by non-linear combination of one or more prediction
variables, the model is said to be non-linear. To describe the relation between residual and periodical
components, Bunn and Farmer [32] realize/conclude the ability of non-linear models to overcome the
limitation(s) of linear models. In reference [9], the non-linear models are further categorized into five
classes: (i) support vector machine-based models; (ii) Markov chain-based models; (iii) ANN-based
models; (iv) fuzzy neural network-based models; and (v) stochastic distribution-based models. These
models are discussed as follows.

(i) Support vector machine-based models: In reference [11], Niu et al. propose support vector machine
and ant colony optimization-based load-forecasting technique for an SG. The authors use ant colony
optimization technique for preprocessing of the input data. In this paper, system mining technique is
used for feature selection. The selected features are fed into the forecaster which is a support vector
machine-based predictor. Another important work has been presented by Li et al. in [12]. This varied
version of the authors is least squares-based support vector machine. Similarly, reference [13] models
the cyclic nature of demand by support vector machine-based linear regression. In conclusion, the
support vector machine-based works are better in terms of accuracy; however, development of these
models is highly challenging due to high complexity.

(ii) Markov chain-based models: Subject to robustness of DALF forecast strategy, authors in [14]
propose a Markov chain-based strategy. This stochastic strategy aims to tackle load-time series
fluctuations associated with energy consumption of users in a heterogeneous environment. The Markov
chains are used to predict the future duty cycles of appliances. The technique is robust due to
their memoryless nature (predicted pattern only depends on the current states; past states are not
considered). In reference [15], Markov chain Monte Carlo method is used to model the switching
pattern of household appliances. In simulations, they consider 100 households for one weak. However,
this model limited in scope as it applies to situations in the Netherlands only. Another work in [16]
proposes explicit duration hidden Markov model along with differential observation-based model to
predict individual load of appliances. The authors collect the aggregated power signals by ordinary
smart meters. The memoryless nature of Markov chains not only makes the DALF strategy robust but
also relatively less complex in comparison to the aforementioned techniques. However, the memory
less nature of Markov chains also has a drawback; less accuracy.

(iil) ANN-based models: ANNSs learn from experience/training to predict future values while
being fed with relevant input information. The advantages of these networks include but are not
limited to self-organization, adaptive learning, fault tolerance, ease of integration with existing
network/technology, and real time operation. The abilities to generalize and to capture non-linearity
in complex environments make ANNSs very attractive in problems of load forecasting. There are two
basic architectures of ANN; feed forward and feedback. The former one carries information from input to
output via hidden layer in forward direction only, i.e., the information of each layer is independent
from that of the others. Feed forward ANNs are widely used for pattern recognition and forecasting
problems. The later one carries information in both directions, forward and feedback, such that the
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information of each layer is dependent on that of the others. Feedback ANNs are appropriate for
complex and time varying problems [33-35]. On the other hand, the learning modes of ANNSs fall under
three categories: supervised [36], unsupervised [37], and re-enforced [38]. In the first category, the ANN
attempts to minimize minimum square error (MSE) for known target vector (i.e., the input/output
vectors are specified). For a given input/output, error is calculated between output and the target
values. This error is used to update the weights and biases of the ANN to minimize the MSE to a certain
threshold. In the second category, the ANN does not need explicit target data. The system adjusts
its output based on self-learning from different input patterns. In the third category, the connections
between AN are reinforced every time these are activated. Since this research work is limited in scope
to supervised learning only, we discuss some of these latest/relevant works as follows.

In reference [27], authors present a hybrid technique subject to short-term price forecasting of
SGs. This hybrid technique comprises two steps; feature selection and prediction. In the first step,
a mutual information-based technique is implemented to remove redundancy and irrelevancy from
the input load-time series. In the second step, ANN along with evolutionary algorithm is used to
forecast the time series of the future load. In this process, the authors assume sigmoid activation
function for artificial neurons (ANs) , and Levenburg-Marquardt algorithm for training. In addition,
the authors fine-tune some adjustable parameters during the first and second steps via an iterative
search procedure which is part of their work. Subject to forecast accuracy, this technique is efficient
as it embeds various techniques; however, the cost paid is high execution time. In reference [28],
the authors investigate stochastic characteristics of SG’s load. More importantly, the authors present
a bi-level DALF technique for SGs. In the first/lower level, ANN and evolutionary algorithm are
implemented to forecast the future load/price curve. In the second /upper level, an EDE algorithm
is implemented to further minimize the prediction errors. Effectiveness of this work is reflected via
MATLAB simulations which demonstrate that the proposed strategy performs DALF in SGs with
a reasonable accuracy by paying the cost of high execution time. The hybrid methodology in [39]
completes the DALF task in four steps: (i) data selection; (ii) transformation; (iii) forecast; and (iv) error
correction. In step one, some well-known techniques of data selection are used to minimize the high
dimensionality curse of input load-time series characteristics. Step two deals wavelet transformation
of the selected characteristics of input load-time series to enable redundancy and irrelevancy filter
implementation. Followed by step three, which uses ANN and a training algorithm subject to DALF in
SGs. More importantly, they choose sigmoid activation function for ANs due non-linear capturability.
Finally, error correcting functions are used in step four to improve the proposed DALF methodology
in terms of accuracy. In simulations, this methodology is tested against practical household load which
demonstrates that this methodology is very good for improving the accuracy by paying the cost of
high complexity. Another novel strategy is presented in [40] to predict the occurrence of price spikes
in SGs. The proposed strategy uses wavelet transformation for input feature selection. An ANN is
then used to predict future price spikes based on the training of the selected inputs.

(iv) Fuzzy neural network-based models: Doveh et al. [21] present fuzzy ANN-based model for load
forecasting. In their work, the input variables are heterogeneous. They also model the seasonal effect
via a fuzzy indicator. In reference [22], the authors present a self-adaptive load-forecasting model
for SGs. To correlate demand profile information and the operational conditions, a knowledge-based
feedback fuzzy system is proposed. For optimization of error, a multilayered perceptron ANN structure
is used where training is done via back propagation method. Some other hybrid strategies such
as [23,24] focus on fuzzy ANN as well. Wang [23] presents electric demand forecasting model using
fuzzy ANN model, whereas, Che et al. [24] present an adaptive fuzzy combination model. Che et al.
iteratively combine different subgroups while calculating fuzzy functions for all the subgroups. A
few more works combining fuzzy ANN with other schemes are presented in [25,26]. Subject to fuzzy
neural network controller design for improving prediction accuracy, membership functions to express
the inference rules by linguistic terms need proper definitions. As fuzzy systems lack such formal
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definitions, optimization of these functions is thus a potential research area. However, the integration
of optimization technique further complicates the overall methodology.

(v) Stochastic distribution-based models: The model in [17] predicts the power usage time series by
using a probability-based approach. The model also configures household appliances between holidays
and working days. A major assumption in this work is the gaussian distribution-based on-off cycles of
household appliances, number of appliances, and power consumption pattern of appliances. In this
work, not only a wide range of appliances is considered but also high flexibility degree of appliances is
considered. However, absence of closed form solution makes the gaussian-based forecast strategy very
complex. Moreover, these assumptions cannot be always true, thus, accuracy of the predicted load-time
series is highly questionable. An improvement over [17] is presented in [18]. This research work uses
1 regulizer to overcome the computational complexity of gaussian distribution-based DALF strategy
in [17]. Moreover, the proposed DALF strategy can capture heteroscedasticity of load in a more efficient
way as compared [17]. Simulations are conducted to prove that the proposed DALF strategy performs
better than the existing one. To sum up, we conclude that [18] has overcome the complexity of [17] to
some extent; however, the basic assumptions (gaussian distribution-based on-off cycles of household
appliances, number of appliances, and power consumption pattern of appliances) still hold the bases
and thus make the proposal highly questionable in terms of accuracy. A semi-parametric additive
forecast model is presented in [19]. This work is based on point forecast and calculates the prediction
intervals via a modified bootstrap algorithm. Similarly, another semi-parametric generalized additive
load forecast model is presented in [20]. In terms of forecast horizon, the generalized additive forecast
model is better than the non-generalized one due to its dual forecast capability; short-term and middle
term. However, both the forecast models are not sufficient in terms of accuracy when compared to the
ANN-based models. The overall classification hierarchy of forecast techniques is shown in Figure 2,
and their summary is given in Table 1.

Forecast techniques

\ v

According to the According to forecast
model used horizon
—» Short term
» Non-linear [ Medium term
v
Linear
—» Long term
Support vector ANN Stochastic distribution
Time series Dynamic machine
v

programming
Markov chain | Fuzzy Neural network

State space ARMA l l l

Supervised Un-supervised Re-inforced

Figure 2. Classification of existing forecast techniques.
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3. The Proposed Forecast Strategy

ANN’s are widely used as forecasters because these networks can predict the non-linearities
of SGs’ load with low convergence time. However, sometimes the achieved prediction accuracy is
not up to the mark. Thus, leading to the adoption of optimization techniques that can significantly
enhance the prediction accuracy of ANNs. However, the cost paid to achieve high accuracy is increased
convergence time. Therefore, we aim towards the development of a new DALF strategy using the
concept of hybrid integration subject to: (i) improvement of prediction accuracy; and (ii) reduction of
convergence time.

Our proposed DALF strategy is implemented in three interconnected modules: (i) a pre-processing
module; (i) a forecast module; and (iii) an optimization module. Given the input data, the
pre-processing module removes redundant and irrelevant samples from the input data. Using sigmoid
activation function and MARA, the hybrid ANN-based forecast module predicts the DAL of an SG.
Finally, the optimization module minimizes prediction errors to improve accuracy of the overall DALF
strategy. Block diagram of the proposed model is shown in Figure 3. Detailed description of each
module is as follows.

AN} ANE
P(11n) —— _
-] Ry and Iy
3
Tor(1,1)—| &
L =
2 v
T =
Tee(1,1n)—> B
&
m©
g mEDE based
Do para.meter opﬂml_zer
ﬂ;m(MAPE(!))

I R, and Iy, ‘ \_.p(l,n—l)

Figure 3. Block diagram of the proposed modular approach for an hour.

3.1. Pre-Processing Module

Since the ANN-based forecaster predicts load of the next day, the input data must be pre-processed
subject to removal of redundant and irrelevant samples due to two reasons: (i) redundant features do
not provide more information and thus unnecessarily increase the execution time during the training
process (will be later discussed in the forecast module); and (ii) irrelevant features do not provide
useful information and act as outliers. Detailed description of the pre-processor module is as follows.

As mentioned earlier, the data preparation module receives the input load-time series (historical).
Suppose, following is the input load data:

[p(h,d1)  plha,dr)  plhs,di) p(hm, d1)]
p(hi,da)  p(ha,dz)  p(hs,da) p(hm, d2)
p(h,ds)  p(ha,ds) p(hs,ds) p(hm, d3)
p= |p(h,ds) plho,ds) p(hs,dy) p(hm, dy) 1)
p(h,ds) p(ha,ds) p(hs,ds) p(hm, ds)
Lp(hy,dn)  p(ho,dn) p(hs,dn) ... p(hm,dn)]

where, d,, is the nth day, h,, is the mth hour of the day, and p(hy, dy) is power usage value of the of the
nth day at the mth hour. Similarly, we have input dew point temperature data in a matrix Tpp, input
dry bulb temperature data in a matrix Tppg, and the input type of day (working day or holiday) data
in a matrix D. Choosing 7 is totally dependent on the choice of designer. Greater value of 7 means
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that more historical lagged samples are available (fine tuning). This fine tuning however results in
greater time during execution of the algorithm. Thus, there is a trade-off between convergence rate
and accuracy. Before feeding the forecast/prediction module with P, the values of P are normalized.
In this process, a local maximum value * pf,"z,,x’ is computed in each column of P:

Pivax = max(p(hi,dv), p(hi,da), p(hi, d3), ...
,p(hidy)), Yie{1,2,3,...,m} )

By local normalization we mean normalization of each P’s column by local maxima (one maximum
in each column); results are saved in Py, (range of Py € [0, ..., 1]). Similarly, the matrices Tpp,uym,
TpBnrm and Dt 4y, are normalized forms of Tpp, Tpp and D, respectively.

These input matrices Pyn, Tppurm, Tpurm and DT ., not only contain irrelevant features but
also contain redundant features. To remove these two types of features, we use mutual information
technique that is proposed in [27] and later used in [28] as well. According to this technique, the
relative amount of mutual information between two quantities; input K and target G, is as follows:

- ., Glogs (PKiGi)
MI(K,G) — IZ;p(KU G])logz <p(Kl)p(K,)> o

In reference (3), MI(K, G) = 0 reflects that the input and target variables and independent, high
value of MI(K, G) reflects that there is a strong relation between K and G two and low value of
MI(K, G) reflects that there is loose relation between K and G.

By using (3), we calculate MI(K, G) with the help of which two types of samples (redundant
plus irrelevant) are discarded from the given input data matrices Py, Tpp,urm, ToB,nrm and DT ypp,.
According to [27,28], this MI technique achieves acceptable accuracy while not taking high time for
execution.

Remark 1. The data set used for training is historical, i.e., for tomorrow’s load forecast we need measured load
values of previous days. Yes! The historical data was time dependent however with respect to the current day
these values do not undergo any change. In other words, we deal with previously recorded data which means that
the stationary assumption is not violated. Thus, the computation of MI is applicable here.

Remark 2. The power consumption/demand of a user is different for days such as holidays or working days. It
even shows variation for different hours such as on-peak and off-peak hours. To better explain our choice, let us
consider the following example:

Considering matrix P in Equation (1), let p(hy,dy) be the prediction variable. Then there are two possible
cases for training:

(a)  The ANN is trained by all elements of the matrix P except the first row.
(b)  The ANN is trained only by the 1st column of the matrix P except p(hy,dy).

The training samples in case (a) lead to greater prediction error due to the presence of outliers. Whereas, the
training samples in case (b) lead to smaller prediction error because the outliers are removed.

Remark 3. To improve accuracy of a forecast/prediction model, the samples used for training must be a-priori
made relevant. Also, minimized number of samples will decrease algorithm’s execution time. Due to these two
reasons, we prefer/chose local training for each hour. In our approach, the historical load values are locally
normalized by local maxima. Then the normalized values are binary encoded with respect to local median.
This encoding represents two classes of values: high and low. The classes are used for selecting features only,
i.e., the mutual information is easily calculated for binary variables. This selection reduces the computational
complexity of the mutual information-based feature selection strategy. Once we get rid of redundant and
irrelevant samples are removed from the data set, the actual values against the binary encoded values are used
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for training and optimization in the rest of the modules to prevent information loss. Thus, we have used a
compromising approach between computational complexity and information loss.

Remark 4. Feature selection is done at beginning, and the selected features are then used for training during
the operational life of the technique. From simulations, we conclude the following:

(i) If the data set size is small (<1 month), feature selection has no significant impact on the computational
complexity of the overall strategy.
(i) If the data set size is moderate (>1 month and <3 months), feature selection somehow affects the
computational complexity of the overall strategy.
(iii)  If the data set size is large (>3 months), feature selection has a significant impact on the computational
complexity of the overall strategy.

3.2. Forecast Module

From the works discussed in Section 2, it is concluded that any DALF strategy must ensure
non-linear prediction capability. Therefore, we choose ANNs because these can capture the highly
volatile characteristics of load-time series with reasonable accuracy.

For DALF, two strategies are used; direct forecasting and iterative forecasting [28]. However, it
is discussed in [41] that the first strategy may introduce significant round off errors and the second
one introduces large forecast errors. To overcome these imperfections, reference [28] has introduced
the idea of cascaded strategy. Thus, our proposed forecast module implements the cascaded strategy.
Our forecast module consists of an ANN; 24 consecutive cascaded forecasters such that each one of the
24 forecasters has an output for forecasting an hour’s load of the upcoming day. It is worth mentioning
that the 24 h’ forecasters/predictors are modeled explicitly instead of a single implicit/complex one.
These 24 one hour ahead forecasters allow improvement in terms of accuracy [28]. The cascaded ANN
forecast structure is a combination of direct and iterative structures such that load of each hour of the
next day is directly predicted and each forecaster yields exactly one output.

In the forecast module, each forecaster is an AN that implements sigmoid function for activation.
We have chosen sigmoid activation function because for enabling ANs in terms of capturing
the highly volatile (non-linear) SG’s time variant load characteristics. To update the weights
during training process of the ANN, different algorithms have been used previously. For example,
reference [42] include Gradient Descent Back Propagation algorithm. Similarly, references [27,28]
suggest Levenberg-Marquardt algorithm as it can train the ANN 1-100 times faster than the Gradient
Descent Back Propagation algorithm. We use multivariate auto regressive algorithm (MARA) [43]
because it can train the ANN faster than Levenberg-Marquardt algorithm and Gradient Descent Back
Propagation algorithm [42]. According to Kolmogrov theorem, if the ANN is provided with proper
number of ANs then it can solve a problem by adopting one hidden layer. Thus, we have considered
one hidden layer in the cascaded ANN structure of all 24 ANs. From the selected features S¢(.) of the
pre-processing module, the forecast module constructs training and validation samples, St = S¢(i, j)
and Sy = S¢(1,]), respectively (where i € [2,m] and j € [1,n]). These samples illustrate that the
training of ANN by all the candidate inputs except the last/final one. The set of last samples of
historical load-time series is used for validation purpose. In fact, the validation set is a part of the
training load set constructed from it the training. Thus, the validation set becomes unseen for ANN.
To make the validation error as a true representative of the forecast error, validation set needs to be
as close to the forecast horizon as possible. While forecasting tomorrow’s load we choose one day
backward samples due to two reasons: (i) daily periodicity; and (ii) short-run trend [44]. Thus, each of
the 24 AN is trained as per multi-variate MARA using the aforementioned training and validation
sets. Further details of the training process to update the weights can be found in [43] and pictorial
view of the learning process is shown in Figure 4.
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Figure 4. Supervised learning of the ANN.

For a set of finite input-target pairs, once the weights are adaptively adjusted as per MARA [43],
the forecast module returns the forecast error signal; mean absolute percentage error’ MAPE(i) =
m PGP Gl g e optimization module. Where p®(i, j) is the actual load value and p/ (i, j) is

= (i,
the forecasted load value. Stepwise operations of the proposed forecast module are shown in Figure 5a.

Pre-condition:

iteration++

MAPE(i) is the output of ith
AN, for a maximum of 24
ANs.

Receive selected features
from the pre-processing
module

Compute MAPE())

MAPE(i+1) is less than
or equal to MAPE(i)

MAPE(i) = MAPE(i+1)

Maximum number
of iterations
reached?

Return MAPE(I) to the
optimization module

Train ANN as
per MARA [44]

(a) Forecast module

generation++

Pre-condition: Compute lower and
upper bounds and randomly initialize
the mEDE population using [9,30]

Evaluate all individuals in
generation t

For each individual do

1.0Obtain MAPE from the forecast
module

2. Compute mutant vector

3. Obtain MAPE of mutant vector
from the forecast module

4. Compute fitness function of each
individual using Eq. (3) in [19]

5. Compute fitness of each mutant
using Eq. (4) in [19]

6. Generate trial vector using Eq. (7)
7. Select next generation's offspring
using Eq. (6)

Maximum
number of generations
reached?

Return best individuals

(b) Optimization module

Figure 5. Flow charts of our modular approach.

3.3. Optimization Module

Based on the nature of the overall forecast strategy, the basic objective of optimization module is
to minimize the forecast error, Eg(.),

minimize MAPE(i) 4)

thRin

where i € [1,m], Iy, and Ry, represent thresholds for irrelevancy and redundancy, respectively.
Optimization module gives I;;,’s and Ry;,’s optimized values to the MI-based feature selection module
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which uses these threshold values for feature selection. For this purpose, various choices are available
such as linear programming, non-linear programming, quadratic programming, convex optimization,
heuristic optimization, etc. However, the first one is not applicable here because the problem is
highly non-linear. The non-linear problem can be converted into a linear one; however, the overall
process would become very complex. The second one is applicable here and gives accurate results
by paying execution time’s cost. Similarly, the third and fourth ones suffer from slow convergence
time. It is worth mentioning here that optimization does not imply exact reachability to optimum
set of solutions, rather, near optimal solution(s) is(are) obtained. To sum up, heuristic optimization
techniques are preferred in these situations because these provide near optimal solution(s) in relatively
less execution time.

DE is one of the heuristic optimization techniques proposed in [45] and its enhanced version is
used for forecast error minimization in [28]. In this paper, we modify the EDE algorithm for the sake
accuracy improvement. Thus, in the upcoming paragraphs, detailed discussion is presented.

According to [28], in generation ¢, the jth trial vector y for ith individual is given as:

i u,t-']. if rud(j) < FEy(UY) ©)
YT a, ifrad(j) > FEy(UY)
where, xf,]- and uf are the corresponding parent and mutant vectors, respectively. In (5), FFy(.)
denotes the fitness function (0 < FFy(.) < 1) and Rand(j) € [0, 1] is a random number complying to

uniform distribution. Between X! and Y/, the corresponding offspring of the next generation Xi('ﬂ) is
selected as follows:
! . !
¢ _ v fMAPE(y) < Ep(x)) ©)
Yij xj;  otherwise

where, MAPE(.) is the objective function. From (5) and (6), it is clear that offspring selection depends
on the trial vector which in turn depends on the random number and the fitness function. From this
discussion, we conclude that the selected offspring is not the fittest. To make the fittest one, our
approach eliminates the chances of offspring selection under the influence of random number, i.e., we
modify (5) as follows:

t e X
wij i 57— < FEy(UY)

A SO ®
X, if < > FFy(U;)

imax

!
t_
Yij =

From (7), it is clear that the trial vector no longer depends on the random number instead its
dependence in now totally on the mutant vector which in turn depends on the parent vector. Offspring
selection by this method will ensure selection of the fittest ones subject to accuracy improvement.
Stepwise operations of the optimization module are shown in Figure 5b.

4. Simulation Results

For evaluation of our proposed model, we conduct simulations. For simulations, we have used
MATLAB installed on Intel(R) Core(TM) i3-2370M CPU @ 2.4GHz and 2GB RAM with Windows 7.
The proposed MI+ANN+mEDE-based forecast model is compared with two existing DALF models:
MI+ANN forecast [27], and bi-level forecast [28]. For simulation purpose, traces of real time data
for DAYTOWN and EKPC (the two USA grids) are taken from PJM electricity market. This data is
freely available at [46]. We have used January—December 2014 load values for training the ANN, and
January-December 2015 data for testing the ANN. Following are the simulation parameters that are
used in our experiments (refer to Table 2). Justification of these parameters can be found in [27,28,42,43].
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The newly proposed MI+ANN+mEDE model is tested against the two existing models in terms of
three performance metrics: (i) accuracy; and (ii) execution time or convergence rate.

Accuracy: Accuracy(.) = 100 — MAPE(.). We have measured this metric in %.
Variance: Var(i) = L i1 [pf(i,j) — p*(i,j)|. Where p(i,j) is the mean value of p°(i,j).
Monthly variance is calculated by using the same formula while considering the calculated
daily variances.

e Execution time: During simulations, the time taken by the system to completely execute a given
forecast strategy. The strategy for which execution time is small converges more quickly and vice

versa. In simulations, we have measured execution time in seconds.

Table 2. Parameters used in simulations.

Parameter Value
Forecasters 24
Hidden layers 1
Maximum iterations 100
Neurons (in the hidden layer) 5
Bias 0
Initial weights 0.1
Momentum 0
Load data (historical) 1 year
Maximum generations 100

Referring to Figure 6a—f and Tables 3-6, which are graphical/tabular illustrations/representations
of the proposed MI+ANN+mEDE-based forecast model versus the two existing DALF models:
MI+ANN and bi-level. From Figure 6a,b, it is clear that the proposed MI+ANN+mEDE model
effectively predicts/forecasts the future load of the two selected SGs. The ANN-based forecaster
captures the non-linearities in the history load-time series. This non-linear prediction capability is
not only due to sigmoid activation function but also due to the selected training algorithm; MARA.
When we look at the hourly forecast results in Figure 6¢,d, the % error of the MI+ANN-based forecast
model is 3.8% and 3.81% for DAYTOWN and EKPC, respectively. The % error of the bi-level forecast
model is 2.2% and 2.23% for DAYTOWN and EKPC, respectively. The % error of the proposed
MI+ANN+mEDE-based forecast model is 1.24% for both DAYTOWN and EKPC, respectively. Similarly,
the daily forecast results of the two simulated models for January 2015 are shown in Tables 3 and 5 for
the two selected USA grids, respectively. From these results, it is clear that the existing MI+ANN-based
forecast model predicts the future load with the highest % error and the highest variance. Also, the
monthly forecast results of the three simulated models for January-December 2015 are shown in
Tables 4 and 6 for EKPC and DAYTOWN, respectively. From Tables 4 and 6, it is evident that the
proposed MI+ANN+mEDE model forecasts the future load with the least prediction error and the
least variance as compared to the other two existing models. This result is obvious due to absence of
optimization module in MI+ANN-based forecast model. To minimize this forecast error, the bi-level
forecast model uses EDE algorithm. Subject to further minimization of the forecast error, we have
integrated an mEDE optimization technique. Please note that mEDE is our modified version of existing
EDE algorithm for down scaling forecast error. Results show that integration of mEDE algorithm
yields fruitful results; the MI+ ANN+mEDE-based DALF model is relatively more accurate than the
other two existing DALF models. These figures show the positive impact of optimization module on
the forecast error minimization between target curve and the forecast curve. It is obvious that the error
curve decreases as the number of generations of the mEDE algorithm are increased. As the proposed
MI+ANN+mEDE forecast model compares the forecast curve’s error (next generation) with the existing
one (existing generation) and updates the weights if the forecast curve’s error is less than the existing
one (survival of the fittest). Thus, as expected, the forecast error is significantly minimized as the
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forecast strategy is subjected to step ahead generations. However, during simulations, we observed that
from 89th to 100th generation, the forecast error does not exhibit significant improvement. Therefore,
the proposed and the existing forecast models are not subjected to further generations. There exists a
possible trade-off between accuracy of a forecast strategy and its convergence rate (refer to Sections 1-3).
This trade-off is shown in Figure 6¢—f. From these figures, it is clear that the bi-level forecast model
improves the accuracy of MI+ANN forecast model while paying cost in terms of relatively slow
convergence rate. On the other hand, the newly proposed MI+ANN+mEDE model modifies the
EDE algorithm to further improve the accuracy of the bi-level forecast model. More importantly, the
MI+ANN-+mEDE model improves the prediction accuracy by not paying surplus cost in terms of
execution time. However, the execution time of our proposed forecast model is still greater than the
MI+ANN forecast model due to integration of optimization module.

Figure 7 shows the impact of dataset size (number of training data samples) on error performance
(see Figure 7a) and execution time (see Figure 7b) of the three selected models. By observing Figure 7a,
an improvement of error performance for all the compared STLF models is evident when the number
of lagged input samples increase from 30 to 120. This result follows Equation (1), i.e., the ANN is more
finely tuned by increasing the value of (30 to 120) which improves the forecast error performance.
However, this improvement is not significant at much higher tuning when the number of training
samples are increased from 60 to 120 (stability can be seen in the curves). On the other hand, Figure 7b
shows the cost of high execution time paid by the fine tuning to achieve relative improvement in
forecast accuracy. This is obvious because training of the ANN takes additional time when the number
of training samples are increase. From Figure 7a,b, it is clear that the proposed modular model is more
scalable (relatively higher degree of stability can be seen for MI+ ANN+mEDE forecast) as compared
to the other two models. The reasons for this higher scalability are: usage of selected features for
training of the ANN, training the ANN via MARA algorithm with local normalization, and usage
mEDE algorithm for error minimization.

Table 7 shows the relationship between MAPE and the number of iterations of the three compared
STLF models when tested on DAYTOWN and EKPC datasets. The convergence characteristics (i.e.,
the number of iterations) indicate that the proposed MI+ANN+mEDE model and the bi-level model
converge at an optimal value in almost the same number of iterations. On the other hand, the MI+ANN
model takes only 20-23 iterations for converging into an optimal target value. This result is obvious
due to the added computational burden in the bi-level and the MI+ ANN+mEDE models (i.e., these
models use the optimization module) which is not the case in MI+ANN model (i.e., this model does not
use the optimization model). In other words, the MI+ANN model achieves its target of the required
training, testing, and validation with the least number of iterations. However, this least computational
burden is achieved by paying the high cost of forecast accuracy. In this regard, a regression analysis
of the network was performed to evaluate confidence interval of the training, testing and validation
performance of the compared forecast models, and the results are shown in Table 7. Clearly, the
proposed MI+ANN+mEDE model achieves the highest confidence interval (i.e., 98%) as compared
to bi-level (i.e., 97%) and MI+ANN (i.e., 96%) models. This means that only 2% of the estimated
data is not statistically significant for the network in case of the proposed MI+ ANN+mEDE model.
As a result, the forecasted load demand of the proposed MI+ANN+mEDE model is rather closer to its
actual value as compared to the other two models (see Figure 6a,b).
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Figure 6. Relative performance of the proposed intelligent modular approach tested on historical data
of DAYTOWN and EKPC grid: STLF results for 27 January 2015.
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Table 3. EKPC: Results for January 2015.

Forecast Model
Day MI+ANN Bi-Level MI+ANN+mEDE
MAPE Variance MAPE Variance MAPE Variance
1 3.99 1.89 2.40 1.50 1.04 1.12
2 3.42 1.78 1.97 1.46 1.32 0.97
3 4.10 2.08 2.61 1.26 1.15 1.09
4 3.67 191 2.13 1.41 1.44 0.96
5 3.79 1.70 197 1.37 1.16 1.05
6 3.62 1.88 243 1.48 1.29 0.97
7 3.93 1.73 2.62 1.39 1.40 1.11
8 397 1.94 1.92 1.28 1.19 1.03
9 3.54 2.04 2.18 1.42 1.39 0.90
10 3.46 1.79 221 1.36 1.10 1.03
11 4.05 1.72 1.85 1.39 1.25 1.05
12 4.21 1.84 1.97 1.29 1.29 0.90
13 3.89 2.00 1.94 1.33 1.07 1.03
14 3.62 1.75 1.84 1.46 1.36 1.10
15 3.79 1.99 2.11 1.26 1.14 0.93
16 3.47 1.81 244 1.38 1.36 1.07
17 4.24 2.10 2.26 1.26 1.20 1.04
18 4.20 1.74 2.61 1.41 1.23 1.08
19 3.86 1.97 2.44 1.46 1.07 0.96
20 3.61 1.80 2.52 1.42 1.18 0.98
21 3.82 1.95 2.29 1.48 1.36 1.12
22 3.77 2.03 2.62 1.45 1.42 0.99
23 4.23 1.86 2.53 1.51 1.34 1.01
24 3.94 1.77 2.38 1.29 1.11 0.92
25 3.44 1.73 2.20 1.47 1.32 1.14
26 3.56 1.94 2.23 1.34 1.10 0.97
27 3.81 1.78 2.29 1.40 1.24 1.11
28 3.39 1.82 1.94 1.29 1.39 1.03
29 4.19 2.05 243 1.32 1.08 0.98
30 3.52 1.77 1.98 1.42 1.12 1.06
31 4.01 1.99 1.82 1.42 1.33 0.99
Average 3.81 1.84 2.23 1.38 1.24 1.03
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Table 4. EKPC: Results for 2015.

Forecast Model

Month MI+ANN Bi-Level MI+ANN+mEDE

MAPE Variance MAPE Variance MAPE Variance
January 3.81 1.84 2.23 1.38 1.24 1.03
February 3.85 1.75 2.15 1.44 1.20 0.99
March 4.76 1.90 2.26 1.39 1.26 1.05
April 3.84 1.76 2.19 1.41 1.29 1.00
May 3.80 1.71 1.20 1.47 1.23 1.02
June 3.73 1.73 2.16 1.35 1.21 1.01
July 3.72 1.81 2.29 1.40 1.24 1.07
August 3.84 1.70 1.28 1.40 1.25 1.03
September 3.82 2.90 222 1.33 1.20 0.99
October 3.82 1.88 2.15 1.36 1.30 1.01
November 4.77 1.75 1.17 1.48 1.22 1.06
December 4.80 1.82 1.27 1.32 1.27 1.02
Average 3.79 1.80 213 1.39 1.24 1.01

Table 5. DAYTOWN: Results for January 2015.

Forecast Model
Day MI+ANN Bi-Level MI+ANN+mEDE
MAPE Variance MAPE Variance MAPE Variance
1 3.72 1.70 2.59 1.36 1.20 1.02
2 3.60 1.86 2.38 1.30 1.31 1.10
3 3.54 1.90 2.20 1.51 1.35 0.97
4 3.81 1.88 1.77 1.27 1.25 0.95
5 3.78 1.92 2.57 1.41 1.32 1.07
6 4.07 1.83 2.65 1.33 1.21 0.96
7 3.88 1.79 2.58 1.43 1.35 1.11
8 3.62 1.81 2.25 1.28 1.22 1.01
9 4.30 1.88 2.25 1.50 1.15 0.90
10 3.71 1.93 243 1.44 1.27 1.03
11 3.59 1.77 227 1.30 1.34 1.12
12 3.82 1.74 2.34 1.37 1.24 0.95
13 3.77 1.84 2.50 1.25 1.29 1.06
14 4.15 1.83 2.64 1.31 1.16 1.13
15 3.69 191 1.88 1.40 1.28 0.93
16 3.87 1.89 2.47 1.52 1.30 1.12
17 4.27 2.76 2.60 1.33 1.29 1.10
18 3.64 1.78 2.15 1.42 1.31 1.00
19 4.18 1.84 1.86 1.40 1.21 1.12
20 3.75 1.99 2.31 1.28 1.19 0.99
21 3.58 1.97 2.05 1.39 1.18 1.05
22 3.83 2.72 2.70 1.30 1.32 0.98
23 4.88 1.99 2.60 1.38 1.37 1.09
24 3.73 1.88 2.44 1.29 1.18 1.12
25 4.21 2.01 1.91 1.47 1.33 0.92
26 3.59 1.76 1.79 1.32 1.21 1.04
27 3.80 1.96 2.20 1.37 1.24 1.10
28 3.66 1.89 1.97 1.27 1.22 1.03
29 4.25 1.81 2.33 1.49 1.15 0.98
30 3.51 1.92 1.90 1.24 1.36 1.03
31 4.03 1.95 1.88 1.43 1.20 1.06
Average 3.86 1.92 227 1.36 1.25 1.03
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Table 6. DAYTOWN: Results for 2015.

Forecast Model

Month MI+ANN Bi-Level MI+ANN+mEDE

MAPE Variance MAPE Variance MAPE Variance
January 3.86 1.92 3.27 1.36 1.25 1.03
February 3.85 1.71 2.30 1.47 1.20 0.99
March 3.80 1.75 2.20 1.44 1.22 1.05
April 371 1.79 224 1.38 1.27 1.06
May 3.79 1.87 2.28 1.40 1.22 1.02
June 3.72 1.85 2.13 1.30 1.24 1.07
July 3.76 1.76 222 1.36 1.28 0.99
August 3.87 1.76 2.18 1.43 1.26 1.08
September 3.70 2.70 2.29 1.38 1.23 1.02
October 3.77 1.88 2.17 1.36 1.21 1.09
November 3.83 1.83 227 1.50 1.27 1.00
December 3.80 1.81 2.25 1.33 1.21 1.01
Average 3.78 1.88 2.31 1.39 1.23 1.03

Table 7. Comparison of training iterations (convergence) and regression analysis (accuracy).

Dataset Forecast Model  Iterations Training Testing Validation
MI+ANN 20 0.9626 0.9619 0.9556
DAYTOWN Bi-Level 94 0.9787 0.9799 0.9776
MI+ANN+mEDE 95 0.9876 0.9890 0.9872
MI+ANN 23 0.9622 0.9617 0.9551
EKPC Bi-Level 95 0.9769 0.9783 0.9766
MI+ANN+mEDE 96 0.9877 0.9892 0.9878

5. Conclusions and Future Work

In SGs, DALF is an essential task because its accuracy has a direct impact on the planning
schedules of utilities that strongly affects the energy trade market. Moreover, high volatility in the
history load curves makes DALF in SGs relatively more challenging when compared to load forecast
for longer duration. Taking into account DALF influencing factors such as exogenous variables and
meteorological variables, we have presented a hybrid ANN-based DALF model for SGs which is a
multi-model forecasting ANN with a supervised architecture and MARA for training. The proposed
model significantly reduced the execution time and enhanced the forecast accuracy by distinctly
carrying local normalization and local training. Moreover, sigmoid activation function and MARA
enable the forecast strategy to capture non-linearities in load-time series. Integration of optimization
module (based on our proposed modifications) with the forecast strategy also improved the forecast
accuracy. Tests are conducted on three USA grids: DAYTOWN, EKPC and FE. Results show that the
proposed model achieves relatively better forecast accuracy (98.76%) in comparison to an existing
bi-level technique and an MI+ANN technique. Moreover, improvement in forecast accuracy is achieved
while not paying the cost of slow convergence rate. Thus, the trade-off between convergence rate
and forecast is not created. Finally, from application perspective, the proposed model can be used by
utilities to launch better offers in the electricity market. This means that the utilities can save significant
amount of money due to better adjustment of their generation and demand schedules simply because
of high accuracy of the proposed model.

In future, we are interested in advanced signal processing techniques for feature selection and
extraction purposes. Moreover, exploration of particle swarm optimization-based techniques and a
complete forecast plus scheduling-based technique is also under consideration.
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Nomenclature

SG Smart grid

DAL Day-ahead load

DALF Day-ahead load forecast(ing)

AN Artificial neuron

ANN Artificial neural network

MARA Multivariate auto regressive algorithm

ARMA Auto regressive and moving average

EDE Enhanced differential evolution algorithm
mEDE Modified version of EDE algorithm

NIST National institute of standards and technology
MSE Minimum square error

P Historical load data matrix

Tpp Historical dew point temperature data matrix
Tpp Historical boiling point temperature data matrix
Dryp Historical dew point temperature data matrix
Phy iy Load value at mth hour of the nth day

Priax Local maxima for each column of P

Purm Locally normalized P

Tppurm Locally normalized Tpp

TpB,nrm Locally normalized Tpp
MI(K,G) Relative mutual information between input K and target G
pr(K,G)  Joint probability between K and G

pr(K) Individual probability of K

Sf Selected features

St Training samples

Sy Validation samples

MAPE Mean absolute percentage error

p? Actual load

pf Forecasted load

I Irrelevancy threshold value

Ry, Redundancy threshold value

y;-f]- jth trial vector y for ith individual in generation ¢
xf,j jth parent vector x for ith individual in generation ¢
uﬁ’j jth mutant vector u for ith individual in generation ¢
yf, i jth offspring vector y for ith individual in generation ¢
rnd Random number

FFn(.) Fitness function

Er Forecast error

References

1.  Gelazanskas, L.; Gamage, K.A. Demand side management in smart grid: A review and proposals for future
direction. Sustain. Cities Soc. 2014, 11, 22-30. [CrossRef]

2. Yan, Y, Qian, Y.; Sharif, H.; Tipper, D. A Survey on Smart Grid Communication Infrastructures: Motivations,
Requirements and Challenges. IEEE Commun. Surv. Tutor. 2013, 15, 5-20. [CrossRef]

62



Energies 2019, 12, 164

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

National Institute of Standards and Technology. NIST Framework and Roadmap for Smart Grid
Interoperability Standards. Release 1.0. 2010. Available online: http:/ /www.nist.gov/publicaffairs/releases/
upload/smartgridinteroperabilityfinal. pdf (accessed on 10 November 2018 ).

Leiva, J.; Palacios, A.; Aguado, J.A. Smart metering trends, implications and necessities: A policy review.
Renew. Sustain. Energy Rev. 2016, 55, 227-233. [CrossRef]

How Does Forecasting Enhance Smart Grid Benefits? SAS Institute Inc.: Cary, NC, USA, 2015; pp. 1-9.
Hernandez, L.; Baladron, C.; Aguiar, ].M.; Carro, B.; Sanchez-Esguevillas, A.J.; Lloret, ].; Massana, J. A survey
on electric power demand forecasting: Future trends in smart grids, microgrids and smart buildings.
IEEE Commun. Surv. Tutor. 2014, 16, 1460-1495. [CrossRef]

Vardakas, J.S.; Zorba, N.; Verikoukis, C.V. A Survey on Demand Response Programs in Smart Grids:
Pricing Methods and Optimization Algorithms. IEEE Commun. Surv. Tutor. 2015, 17, 152-178. [CrossRef]
Hippert, H.S.; Pedreira, C.E.; Souza, C.R. Neural Networks for Short-Term Load Forecasting: A review and
Evaluation. IEEE Trans. Power Syst. 2001, 16, 44-51. [CrossRef]

Raza, M.Q.; Khosravi, A. A review on artificial intelligence based load demand forecasting techniques for
smart grid and buildings. Renew. Sustain. Energy Rev. 2015, 50, 1352-1372. [CrossRef]

Hagan, M.T.; Behr, S.M. The Time Series Approach to Short Term Load Forecasting. IEEE Trans. Power Syst.
1987, 2, 785-791. [CrossRef]

Niu, D.; Wang, Y.; Wu, D. Power load forecasting using support vector machine and ant colony optimization.
Exp. Syst. Appl. 2010, 37, 2531-2539. [CrossRef]

Li, H.; Guo, S.; Zhao, H.; Su, C.; Wang, B. Annual Electric Load Forecasting by a Least Squares Support
Vector Machine with a Fruit Fly Optimization Algorithm. Energies 2012, 5, 4430-4445. [CrossRef]

Aung, Z.; Toukhy, M.; Williams, J.R.; S’anchez, A.; Herrero, S. Towards Accurate Electricity Load Forecasting
in Smart Grids. In Proceedings of the Fourth International Conference on Advances in Databases, Knowledge,
and Data Applications, Athens, Greece, 2-6 June 2012; pp. 51-57.

Meidani, H.; Ghanem, R. Multiscale Markov models with random transitions for energy demand
management. Energy Build. 2013, 61, 267-274. [CrossRef]

Nijhuis, M.; Gibescu, M.; Cobben, J.F. Bottom-up Markov Chain Monte Carlo approach for scenario based
residential load modelling with publicly available data. Energy Build. 2016, 112, 121-129. [CrossRef]

Guo, Z.; Wang, Z.].; Kashani, A. Home appliance load modeling from aggregated smart meter data.
IEEE Trans. Power Syst. 2015, 30, 254-262. [CrossRef]

Gruber, J.K.; Prodanovic, M. Residential energy load profile generation using a probabilistic approach.
In Proceedings of the IEEE UKSim-AMSS 6th European Modelling Symposium, Valetta, Malta, 14-16
November 2012; pp. 317-322.

Kou, P; Gao, F. A sparse heteroscedastic model for the probabilistic load forecasting in energy-intensive
enterprises. Electr. Power Energy Syst. 2014, 55, 144-154. [CrossRef]

Fan, S.; Hyndman, R.J. Short-Term Load Forecasting Based on a Semi-Parametric Additive Model. IEEE Trans.
Power Syst. 2012, 27, 134-141. [CrossRef]

Goude, Y.; Nedellec, R.; Kong, N. Local Short and Middle Term Electricity Load Forecasting with
Semi-Parametric Additive Models. IEEE Trans. Power Syst. 2014, 5, 440-446. [CrossRef]

Doveh, E.; Feigin, P.; Greig, D.; Hyams, L. Experience with FNN Models for Medium Term Power Demand
Predictions. IEEE Trans. Power Syst. 1999, 14, 538-546. [CrossRef]

Mahmoud, T.S.; Habibi, D.; Hassan, M.Y.; Bass, O. Modelling self-optimised short term load forecasting for
medium voltage loads using tunning fuzzy systems and Artificial Neural Networks. Energy Convers. Manag.
2015, 106, 1396-1408. [CrossRef]

Wang, Z.Y. Development Case-based Reasoning System for Shortterm Load Forecasting. In Proceedings
of the IEEE Russia Power Engineering Society General Meeting, Montreal, QC, Canada, 18-22 June 2006;
pp. 1-6.

Che, J.; Wang, J.; Wang, G. An adaptive fuzzy combination model based on self-organizing map and support
vector regression for electric load forecasting. Energy 2012, 37, 657-664. [CrossRef]

63



Energies 2019, 12, 164

25. Nadimi, V.; Azadeh, A.; Pazhoheshfar, P; Saberi, M. An Adaptive-Network-Based Fuzzy Inference System
for Long-Term Electric Consumption Forecasting (2008-2015): A Case Study of the Group of Seven (G7)
Industrialized Nations: USA, Canada, Germany, United Kingdom, Japan, France and Italy. In Proceedings
of the Fourth UKSim European Symposium on Computer Modeling and Simulation, Pisa, Italy, 17-19
November 2010; pp. 301-305.

26. Lou, C.W.; Dong, M.C. Modeling data uncertainty on electric load forecasting based on Type-2 fuzzy logic
set theory. Eng. Appl. Artif. Intell. 2012, 25, 1567-1576. [CrossRef]

27.  Amjaday, N.; Keynia, F. Day-Ahead Price Forecasting of Electricity Markets by Mutual Information Technique
and Cascaded Neuro-Evolutionary Algorithm. IEEE Trans. Power Syst. 2009, 24, 306-318. [CrossRef]

28. Amjady, N.; Keynia, F; Zareipour, H. Short-Term Load Forecast of Microgrids by a New Bilevel Prediction
Strategy. IEEE Trans. Smart Grid 2014, 1, 286-294. [CrossRef]

29. Liu, N; Tang, Q.; Zhang, J.; Fan, W.; Liu, J. A Hybrid Forecasting Model with Parameter Optimization for
Short-term Load Forecasting of Micro-grids. Appl. Energy 2014, 129, 336-345. [CrossRef]

30. Ahmad, A ;Javaid, N.; Alrajeh, N.; Khan, Z.A.; Qasim, U.; Khan, A. A modified feature selection and artificial
neural network-based day-ahead load forecasting model for a smart grid. Appl. Sci. 2015, 5, 1756-1772.
[CrossRef]

31. Ahmad, A ; Javaid, N.; Guizani, M.; Alrajeh, N.; Khan, Z.A. An accurate and fast converging short-term load
forecasting model for industrial applications in a smart grid. IEEE Trans. Ind. Inform. 2017, 13, 2587-2596.
[CrossRef]

32.  Bunn, D.W,; Farmer, E.D. Comparative Models for Electrical Load Forecasting; Wiley: New York, NY, USA, 1985;
pp- 13-30.

33. Ahmad, I; Abdullah, A.B.; Alghamdi, A.S. Application of artificial neural network in detection of probing
attacks. IEEE Sympos. Ind. Electron. Appl. 2009, 57-62.

34. Malki, H.A; Karayiannis, N.B.; Balasubramanian, M. Short term electric power load forecasting using
feedforward neural networks. Exp. Syst. 2004, 21, 157-167. [CrossRef]

35. Hahn, H.; Meyer-Nieberg, S.; Pickl, S. Electric load forecasting methods: Tools for decision making. Eur. J.
Oper. Res. 2009, 199, 902-907. [CrossRef]

36. Amakali, S. Development of Models for Short-Term Load Forecasting Using Artficial Neural Networks.
Master’s Thesis, Cape Peninsula University of Technology, Cape Town, South Africa, 2008.

37. Valova, L; Szer, D.; Gueorguieva, N.; Buer, A. A parallel growing architecture for self-organizing maps with
unsupervised learning. Neurocomputing 2005, 68, 177-195. [CrossRef]

38.  Anderson, |.; Silverstein, ]J.; Ritz, S.; Jones, R. Distinctive features, categorical perception and probability
learning: Some applications on a neural model. Psychol. Rev. 1977, 84, 413-451. [CrossRef]

39. Yang, H.T; Liao, ].T,; Lin, C.I. A Load Forecasting Method for HEMS Applications. In Proceedings of the
2013 IEEE Grenoble Conference, Grenoble, France, 16-20 June 2013; pp. 1-6.

40. Amjady, N.; Keynia, F. Electricity market price spike analysis by a hybrid data model and feature selection
technique. Electr. Power Syst. Res. 2010, 80, 318-327. [CrossRef]

41. Amjady, N.; Keynia, E. Short-term load forecasting of power systems by combination of wavelet transform
and neuro-evolutionary algorithm. J. Energy 2009, 34, 46-57. [CrossRef]

42.  Engelbrecht, A.P. Computational Intelligence: An Introduction, 2nd ed.; John Wiley & Sons: New York, NY,
USA, 2007.

43.  Anderson, C.W.; Stolz, E.A.; Shamsunder, S. Multivariate autoregressive models for classification of
spontaneous electroencephalographic signals during mental tasks. IEEE Trans. Biomed. Eng. 1998, 45,
277-286. [CrossRef] [PubMed]

44. Lasseter, R.H.; Piagi, P. Microgrid: A conceptual solution. In Proceedings of the IEEE International
Conference on Power Electronics Specialists, Aachen, Germany, 20-25 June 2004; pp. 4285-4290.

45. Storn, R.; Price, K. Differential evolution—A simple and efficient heuristic for global optimization over
continuous spaces. ]. Glob. Optim. 2009, 11, 341-359. [CrossRef]

46. PJM Electricity Market. Available online: www.pjm.com (accessed on 1 February 2015).

G) (© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).

64



energies MBPY

Atrticle
Deep Learning Based on Multi-Decomposition for
Short-Term Load Forecasting

Seon Hyeog Kim'”, Gyul Lee'”, Gu-Young Kwon'”, Do-In Kim and Yong-June Shin *

Department of Electrical and Electronic Engineering, Yonsei University, Seoul 03722, Korea;
goodguy7@yonsei.ac.kr (S.H.K.); thyecho@yonsei.ac.kr (G.L.); kgy926@yonsei.ac.kr (G.-Y.K.);
penponyl09@yonsei.ac.kr (D.-1.K.)

* Correspondence: yongjune@yonsei.ac.kr; Tel.: +82-2-2123-4625

Received: 31 October 2018; Accepted: 3 December 2018; Published: 7 December 2018

Abstract: Load forecasting is a key issue for efficient real-time energy management in smart grids.
To control the load using demand side management accurately, load forecasting should be predicted
in the short term. With the advent of advanced measuring infrastructure, it is possible to measure
energy consumption at sampling rates up to every 5 min and analyze the load profile of small-scale
energy groups, such as individual buildings. This paper presents applications of deep learning using
feature decomposition for improving the accuracy of load forecasting. The load profile is decomposed
into a weekly load profile and then decomposed into intrinsic mode functions by variational mode
decomposition to capture periodic features. Then, a long short-term memory network model is
trained by three-dimensional input data with three-step regularization. Finally, the prediction results
of all intrinsic mode functions are combined with advanced measuring infrastructure measured
in the previous steps to determine an aggregated output for load forecasting. The results are
validated by applications to real-world data from smart buildings, and the performance of the
proposed approach is assessed by comparing the predicted results with those of conventional
methods, nonlinear autoregressive networks with exogenous inputs, and long short-term memory
network-based feature decomposition.

Keywords: deep learning; empirical mode decomposition (EMD); long short-term memory (LSTM);
load forecasting; neural networks; variational mode decomposition (VMD); weekly decomposition

1. Introduction

Accurate load forecasting optimizes power loads, reducing costs and stabilizing electric power
distribution. Load forecasting accuracy depends on the time series data of non-stationary and
non-linearity characteristics. These characteristics are influenced by the prediction time scale and
energy consumption scale. Depending on the prediction time scale, load forecasting is classified into
four types.

Long-term load forecasting (LTLF) has a time scale of more than a year, medium-term load
forecasting (MTLF) a time scale from one week to one year, and short-term load forecasting (STLF) a
time scale from one hour to one week. System operators typically estimate demand by referring to
load profiles from several hours ago. Ultra-short-term load forecasting (USTLF) is a key issue for smart
grids, real-time demand side management (DSM), and energy transactions because energy trading in
DSM requires precise load forecasting in the order of minutes, and profit is strongly related to forecast
accuracy. Therefore, the USTLF time scale is from several minutes to one hour [1].

Conventional load forecasting methods use statistical models based on inherent characteristics
of historical data. Previous STLF studies have proposed auto-regressive integrated moving average
(ARIMA), Gaussian processing regression (GPR), support vector regression (SVR), and neural network
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models [2]. ARIMA is a common method for linear time series-based methods. GPR and SVR provide
alternative methods to model time series loads, using external data such as weather data to consider
non-linearity and non-stationarity. GPR is a supervised machine learning model based on statistical
regression and a kernel function that refines variance and step length [3].

To reduce the nonlinearity of the time series data and to analyze their statistical characteristics, a
seasonal analysis combined prediction method is used [4,5]. Recent research activities divide profiles
into sub-profiles according to the load patterns of customers based on human factor, contract type,
and region. After dividing the profiles into sub-profiles, a clustering algorithm is used for hierarchical
classification [6-9].

To improve the accuracy of load forecasting using external data such as temperature, humidity,
weather information, and electricity prices, a method has been proposed [10-13]. However, measuring
such data is a challenging task for low-level distribution and small-scale loads. Furthermore,
data processing and data storage of each piece of the dataset are required because the resolution
of time-series data is different. Therefore, recent research trends use the technique of feature
selection [14,15] or decomposing the load profile to extract the characteristics of the load using signal
processing theory [16-24].

Wavelet decomposition with neural networks [1,16-18] has been employed to increase prediction
accuracy. In [1], a wavelet algorithm dealt with the noise of the actual electrical load data, and load
forecasting based on artificial neural networks (ANN) was proposed. Empirical mode decomposition
(EMD) with machine learning has also been proposed for load forecasting, wind speed, or energy
prices [19-22]. However, EMD lacks a mathematical definition and has weaknesses that diverge
at end-points when decomposing the signal. To overcome the weakness of EMD, load forecasting
studies using variational mode decomposition (VMD) have been proposed [22-25]. Existing regression
methods with various decompositions, clustering algorithms, and probabilistic analyses have been
investigated, as they can be used to identify load characteristics; however, they increase the dimension
of the input [26-28]. Clustering and decomposition methods are applied in the pre-processing stage
to improve the accuracy of the load prediction, and current state-of-art load forecasting studies have
improved the performance of the prediction model through deep learning [29-33].

A recurrent neural network (RNN) has a memory structure and a hidden layer suitable for
processing big data using deep learning techniques. However, an RNN has vanishing gradient
problems caused by an increase in the number of layers. Nonlinear autoregressive exogenous (NARX)
RNN s offer an orthogonal mechanism for dealing with the vanishing gradient problem by allowing
direct connections or delays from the distant past data [34,35]. However, NARX RNNs have a limited
impact on vanishing gradients, and the delay structure increases the computation time. Most successful
RNN architectures have long short-term memory (LSTM), which uses nearly additive connections
between states, to alleviate the vanishing gradient problem [36—41]. In [42], gated recurrent unit
(GRU) neural networks with K-mean clustering were proposed. A GRU is a variant LSTM with
a simpler structure, but it has similar performance, and convolutional neural networks (CNNs)
are also widely used in deep learning for image classification [43,44]. As the load prediction model
becomes more sophisticated, shorter prediction time scales [1,5] and lower level feeders of distributions,
such as behind-the-meter individual load, business buildings, and household electric usage, are being
studied [6,26-28].

This paper proposes a deep learning method whereby features are extracted through
multi-decomposition for short-term load forecasting. The scale of the predicted load is a feeder-level
business building. Feeder-level load forecasting is more complicated than that of an aggregated
load because the statistical characteristics are greatly changed even with a slight change in power
consumption. The proposed decomposition method significantly captures intrinsic load pattern
components and periodic features.

A load forecasting method based on LSTM with VMD is designed and implemented in this paper.
The proposed two-stage decomposition analysis identifies the characteristics of the load profile with
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AMI only, i.e., without external data. In addition, the three-step regularization process removes the
problem of data processing in deep running and improves LSTM. The proposed method simulates
load forecasting within a few minutes (USTLF) to several days (STLF) using real-world building data
and shows the advantages that LSTM has over the traditional models.

The rest of the paper is organized as follows. Section 2 introduces the proposed feature extraction
method and provides background information. Section 3 presents deep learning. Section 4 introduces
the experiments, and Section 5 presents the analysis results using the proposed multi-decomposition.
In Section 6, the prediction results with different models are compared, and Section 7 summarizes and
concludes the paper.

2. The Proposed Multi-Decomposition for Feature Extraction

2.1. Enhanced AMI for Small-Scale Load and Real Time

Load forecasting aims to determine the future power plan based on a series of given historical
datasets. For efficient power planning, a minimum weekly load must be predicted according to the
time scale of the task, e.g., demand side management, economic dispatch, and energy scheduling [2].
As the prediction time scale and load scale become smaller, the non-linearity problem must be solved
through a more sophisticated prediction method. State-of-the-art AMI with 5-min sampling provides
more samples per hour than conventional 15-min AMI. As a result, power consumption measurements
that are close to real-time measurements are achieved. However, as the amount of data increases,
conventional machine learning causes problems such as overfitting, the vanishing gradient problem,
the long-term dependency problem, and increased calculation times.

2.2. Empirical Mode Decomposition

Decomposition methods are widely used to analyze similar signals and extract features. The EMD
decomposition method uses extreme signal values, and the VMD method decomposes the signal
by reflecting frequency characteristics to compensate for the weaknesses EMD. Both methods were
employed to analyze time series data in [22]. The EMD method preprocesses data by recursively
detecting local minima and maxima in a signal and estimating lower and upper envelopes by spline
interpolation of the extreme values, then removing lower and upper envelope averages. To decompose
a signal into a sum of intrinsic mode functions (IMFs), the following two conditions must be
satisfied [18-22]:

¢ In the entire dataset, the number of zero crossings must either be equal to or differ from the
number of extrema by no more than one;

e The lower and upper envelope means, defined by interpolating the local signal minima and
maxima, respectively, must equal zero.

2.3. Variational Mode Decomposition

The goal of VMD is to decompose a signal into a discrete number of sub-signals (modes)
that have specific sparsity properties while reproducing the signal. VMD replaces the most recent
definition of IMFs; for example, an EMD mode is defined as a signal whose number of local extrema
and zero-crossings differ at most by one or as AM-FMsignals by the corresponding narrow band
property [23].

Variational mode decomposition provides an analytical expression that relates AM-FM parameter
descriptors to the estimated signal bandwidth, i.e., each mode k is required to be mostly compact
around a center pulsation, wy, that is determined along with the decomposition. This IMF definition
complements the weakness of EMD of lacking a mathematical definition. VMD also reduces EMD
end-point effects because it decomposes the signal into k discrete IMFs, whereas each IMF is band
limited in the spectral domain [23-25].
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VMD Algorithm

1. For each mode, v}, compute the associated analytic signal using the Hilbert transform to obtain
the unilateral frequency spectrum;

2. For each mode, vy, shift the mode frequency spectrum to the baseband (narrow frequency) by
mixing it with an exponential tuned to the corresponding estimated center frequency;

3.  Estimate the bandwidth using the Gaussian smoothed demodulated signal.
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The resulting constrained variational problem is expressed as:
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where W),(t) is the p weekly load profile with mode v and frequency w, ¢ is the Dirac distribution,
k is the mode index, K is the total number of modes and the decomposition level, and * denotes
convolution. Mode v with high order k represents low frequency components. In contrast to that of
EMD, the decomposition level of VMD, k, must be pre-determined [22-25].

2.4. Decomposition for Feature Selection

Figure 1 shows the proposed load profile decomposition method. The building load profile has
similar weekday patterns, and the load is measured at 5-min intervals by AMI. To classify seasonal
patterns, the typical load profile (x;) of the building is decomposed on a weekly basis for weekly
seasonality features (x). The typical load profile is decomposed into two dimensions. The load
variations can be extracted if they are periodic because the VMD decomposes the load profile in terms
of the frequency (x]’; ;). Thus, all the IMFs exhibit periodic characteristics. As each IMF has a specific
frequency, the VMD identifies periods that cannot be identified in the typical load profile and the
weekly load profile. As a result, the typical load profile is decomposed into three-dimensional data
according to time, weekly seasonality, and IMF-level. The feature decomposition process of the load
profile contributes to the load characteristics without external data, such as the calendar information
about holidays, temperature, and humidity.
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Figure 1. Load profile feature decomposition process.
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2.5. Three-Step Regularization Process

The sampling of AMI used in this study is three-times larger than that of conventional AMI,
which collects data at 15-min intervals. In addition, as the load profile is decomposed into sub-profiles,
the sub-profiles that have detailed frequency characteristics can be learned as the input variables,
but the number of input variables increases. As the number of input variables increases, the curse
of dimensionality degrades the learning ability because the number of hidden nodes increases. As a
result, the number of hidden layers is increased to solve the curse of dimensionality, but this causes
the vanishing gradient problem. Moreover, without feature selection, overfitting occurs. The learned
hypothesis may fit the training set very well, but it cannot be extended to new samples. In addition,
without the normalization process, the covariate shift problem degrades performance. The covariate
shift, which refers to the change in the distribution of the input variables present in the training and
test data, should be prevented. Therefore, the proposed method includes a three-step regularization
to solve each of the above-mentioned problems. First, the delay factor of weekly data is estimated.
Although a large amount of data can be beneficial for deep learning, the distant past data can result in
overfitting problems and increase the computation time. A similar problem was addressed in [36] to
solve the dependence on distant historical data. In [36], a decay factor was used to solve the long-term
dependency problem of NARX-RNN.

In this paper, the weekly decay’s exponent by a factor is proposed as Equation (3):

D, = 2—(p—1) )

where p is the number of weeks, which gives high weights to nearby weekly data in time and lower
weights to distant weekly past data.

Secondly, the separated IMF signals (xf;t) are normalized against the original signal size (xf). This
is because these signals correspond to residual noise such as frequencies that are too high or too low
to be identified in a certain pattern. The IMF normalization process is performed to identify features
that degrade learning. The IMF normalization factor given by Equation (4) and T’ is the number of
samples of the weekly data.

/T
oA/

Finally, as the number of hidden layers increases, the internal covariance can be shifted.
The internal covariate shift causes the distribution of the training set and test set to differ, which can
lead to local points. Batch normalization (BN) is used to address internal covariate shift. BN normalizes
the output of a previous activation layer by subtracting the batch mean and dividing by the batch
standard deviation. The advantages of BN are (1) fast learning, (2) less careful initialization, and (3) a
regularization effect. BN is one of the regularization techniques used in the deep learning field [41,42].
The regularization process contributes to the accuracy of the load forecasting and the optimization
of the model by applying a high weight to the input data having the most definite period, reducing
dependency on the past distant data and avoiding the covariate shift of the data group. The three-step
regularization process increases the accuracy of the load forecasting by minimizing problems that can
occur when several inputs are learned.

)

k

3. Deep Learning

Deep learning is one of the machine learning techniques that proposes to model high-level
abstractions in data by using ANN architectures composed of multiple non-linear transformations.
Deep learning refers to stacking multiple layers of neural networks and relying on stochastic
optimization to perform efficient machine learning tasks. To take advantage of deep learning, three
technical constraints must be solved. The three technical constraints are (1) the lack of sufficient data,
(2) the lack of computing resources for a large network size, and (3) the lack of an efficient training
algorithm. Recently, these constraints were solved by the development of big data applications, the
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Internet-of-Things, and high performance smart computing [37-39]. One of the most efficient deep
learning processes is RNN.

RNNSs are fundamentally different from traditional feed-forward neural networks; RNNs have
a tendency to retain information acquired through subsequent time-stamps. This characteristic of
RNN:Ss is useful for load forecasting. Even though RNNs have good approximation capabilities, they
are not fit to handle long-term dependencies of data. Learning long-range dependencies with RNNs
is challenging because of the vanishing gradient problem. The increase in the number of layers and
the longer paths to the past cause the vanishing gradient problem because of the back-propagation
algorithm, which has the very desirable characteristic of being very flexible, although causes the
vanishing gradient problem [30,32-34].

3.1. Long Short-Term Memory Neural Networks

The long-short term memory network has been employed to approach the best performance of
state-of-the-art RNNs. The problem of the vanishing gradient is solved by replacing nodes in the RNN
with memory cells and a gating mechanism. Figure 2 shows the LSTM block structure. The overall
support in a cell is provided by three gates. The memory cell state s;_; interacts with the intermediate
output /;_1. The sub-sequent input x; determines whether to remember or forget the cell state.
The forget gate f; determines the input for the cell state s;_; using the sigmoid function. The input
gate i;, input node g;, and output node o; determine the values to be updated by each weight matrix,
where ¢ represents the sigmoid activation function, while ¢ represents the tanh function. The weight
matrices in the LSTM network model are determined by the back-propagation algorithm [37-42].

The LSTM has become the state-of-the-art RNN model for a variety of deep learning techniques.
Several variants of the LSTM model for recurrent neural networks have been proposed. Variant LSTM
models have been proposed to improve performance by solving issues such as computation time
and the model complexity of the standard LSTM structure. Among the variants, the GRU maintains
performance by simplifying the structure with an update gate that is coupled with an input gate and
forget gate. The structure of the GRU is advantageous for forecasting in a large-scale grid to reduce
calculation time [42]. In [45], variants of the LSTM architecture were designed and their performances
were compared through implementation. The results revealed that none of the variants of LSTM could
improve upon the standard LSTM. In other words, a clear winner could not be declared. Therefore,
the popular LSTM networks are used in this study [45,46].
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Figure 2. The structure of the LSTM.

3.2. Nonlinear Autoregressive Network with Exogenous Inputs

NARX RNNs and LSTM solve the vanishing gradient problem with different mechanisms. NARX
RNNSs allow delays from the distant past layer, but this structure increases computation time and has a
small effect on long-term dependencies. The LSTM solves the vanishing gradient problem by replacing
nodes in the RNN with memory cells and a gating mechanism [36].
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4. Experiments

This section describes the process used to obtain time series models for load forecasting. Figure 3
shows the proposed load forecasting model using LSTM with multi-decomposition for feature
extraction. We will discuss each step in detail.
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Figure 3. Deep-learning load forecasting based on the multi-decomposition method.

4.1. Prediction of the Time Scale

Reference load profiles reflect the load profiles that are close to real-time load profiles before 1
steps ago, where /1 determines the prediction time scales, which depend on the purpose of the load
forecasting. STLF techniques can be used for a variety of purposes by enabling smaller scales and
faster prediction. USTLE, which predicts the load within a few minutes to one hour, can be used for
electricity theft detection or can provide information for emergency power supply [47]. STLF, which
predicts the load from one hour to a day, can be used for electricity transactions or economic dispatch

of renewable energy resources [2].

4.2. Extract Feature Layer

Through the multi-decomposition method, the features of time-series data are extracted.
The number of decomposition levels (K) is 10, which is the value obtained when the decomposition
loss rate is 0.1% or less. The weight of the weekly load profile (D) considers the trend of load patterns
according to seasonal changes. Each IMF decomposed through the VMD has a frequency characteristic
and is normalized to make the feature stand out (Nj).
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4.3. Long Short-Term Memory Layer

The LSTM can capture long-term dependencies in time-stamps; therefore, it can address the
vanishing gradient problems. In the proposed method, the number of hidden layers increases due to
the decomposition of input data, but the vanishing gradient problem is solved through the memory
cell structure with three-step regularization. In addition, to minimize the covariate shift problem, batch
normalization is performed prior to the activation phase of the input. IMFs and reference load profiles
are trained at each LSTM layer and have predictive values, all of which are summed to predict the
load profile.

4.4. Model Construction

4.4.1. Hyperparameter Tuning and Training Options

The LSTM model has several hyperparameters such as the number of input neurons, hidden
layers, input window size, number of epochs, regularization weight, batch size, and learning rate.
The window size of input and output parameters depends on the time scale of load forecasting.
The input neuron parameter is determined by the dimensions of the input data. The input dimension
of the proposed method is 11, which is the sum of the reference profile and 10 IMF signals. We selected
the hyperparameters and used ADAM optimization, one of the optimization techniques used in deep
learning [30-40].

4.4.2. Training and Testing

The overall AMI dataset of each day is divided into a ratio of 70:15:15 for the purposes of model
training, validation, and testing, respectively.

4.4.3. Performance Measures

The root mean squared error (RMSE) is used to compare differences between the predicted value
¥+ and measured value y; and is computed for T (which is the number of samples of the weekly load
profile) different predictions as the square root of the mean of the squares of the deviations:

T (9, —y,)2
RMSE = w )
The mean absolute error (MAE) is one of a number of ways of comparing forecasts with their
eventual outcomes.

1 T
MAE = — ) [yt — |- (6)
Tt:1

The mean absolute percent error (MAPE) is also widely used to evaluate accuracy. Accuracy can
be compared via MAPE using percentages when the scale of the loads is different [37-40].
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5. Load Profile Analysis by Multi-Decomposition Methods

5.1. Weekly Seasonality

This study used real-world load profile data from the R&D business building that utilized
enhanced AMI for demand side management. Figure 4 shows the real-world load profile of the business
building. The building generates 288 samples per day, 2016 samples per week, and 8640 samples per
month. The load profile is measured and stored in data storage.
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The electrical load profile of the office building is usually light on weekends compared to
weekdays because energy is consumed according to the business schedule. In contrast to those
of residential load profile patterns, energy the increase and decrease times of office building load
profiles are related to commute time and have similar daily characteristics. Figure 4 shows a typical
profile for building electricity load over one week, from which a clear weekly seasonality pattern
can be observed. The weekly load pattern is quite similar over four weeks, with a weekly average
correlation of 0.93. Therefore, many studies have proposed load forecasting methods using weekly
statistical methods or dividing the time series data into holidays, weekends, and weekdays [4,5].

However, the process of dividing the time series data in a database into weekdays, weekends,
and holidays is inefficient because the calendar information may not be provided in advance, and
each consumer group may have different days off. Moreover, the simple method of dividing the data
into weekdays and holidays cannot capture the periodicity of the load profile such as the commute
time and periodic power system on/off states. In Figure 4, the fourth week load pattern deviates
somewhat from the previous pattern, with significant peak load shift in the afternoon, particularly on
Wednesday and Friday (average correlations for Wednesday and Friday are 0.82 & 0.84, respectively).
As the patterns deviated greatly on weekends (the weekend average correlation is 0.71), it is difficult to
predict accurately energy consumption using daily statistical data alone. Therefore, feature extraction
from the load profile is required to capture periodic components caused by commuting time, meal
times, thermal control change, elevator system operation, etc.
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Figure 4. The typical load profile of the business building.

5.2. Comparison of Decomposition Performance

Figures 5 and 6 show the load profiles of Figure 4 decomposed by EMD and VMD, respectively,
where each IMF of each load profile covers four weeks. To analyze various frequency components and
preserve the signal energy, in EMD, the standard deviation as the stop criterion is determined as 0.1%;
hence, the weekly load profiles are decomposed into 10 IMFs.

As EMD decomposes the signal using extrema envelopes (Figure 5), the results are similar to
those obtained with a low pass filter. However, VMD is similar to a high pass filter, as it decomposes
the load profile from low frequency components. VMD IMFs (VMFs) are band limited; hence, they
are similar to harmonic components. Therefore, VMD efficiently identifies periodic characteristics in
non-linear and non-stationary signals compared to EMD IMFs (EMFs).
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Figure 5. Weekly load profile decomposition using EMD (k = 10). EMF, EMD IME.
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Figure 6. Weekly load profile decomposition using VMD (k = 10). VMF, VMD IMF.

The first VMF (VMF-1) is effectively the DC bias (Figure 6), i.e., the average daily load
consumption. VMF-2 and VMF-3 show high correlation signal periodicities. Office buildings typically
exhibit a commute period, and this appears in VME-2. This R&D building has two peaks around
the commute time, and this pattern appears in VMF-3. On the other hand, EMF-10 and EMF-9
show high correlation trends, whereas the other EMFs show low correlations. High frequency
EMFs (EMF-5-EME-10) also include end-point problems, whereas VMD decomposes the signal into
band-limited signals; hence, VMFs have no end-point issues.

Table 1 shows the correlations for each IMF. The VMFs capture similar frequency signals better
than the EMFs and decompose high frequency signals well. As VMD is done mathematically,
the correlation between VMFs is gradually reduced, whereas EMD IMFs are irregular. Therefore, in the
case of high sampling or short prediction time scales, VMD shows better performance than EMD
because VMD can reflect the high frequency characteristics of the dataset.
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Table 1. Correlation index comparison of EMD and VMD.

L IMF
Decomposition
2 3 4 5 6 7 8 9 10
EMD 058 042 040 028 046 035 002 043 082 0.96
VMD 098 083 080 063 053 026 015 001 —0.02 —0.02

In addition, VMD can remove the inherent noise. Actual AMI data have noise owing to the interference
due to peripheral electronic devices. VMD can improve the accuracy of the load forecasting through
the deep learning training and regularization process by reducing the weight of high frequencies that
are susceptible to noise, such as VMF-8, VMF-9, and VMEF-10, which have low correlation indices of less
than 1%. The AMI used in this study has a three-times higher sampling than conventional AMI and can
reduce the model uncertainty as more samples are measured. The proposed method reduces the prediction
uncertainty by training the decomposed signal with the high sampling AMI.

6. Case Studies

The time series forecasting models were simulated on real-world datasets of business buildings.
We conducted the case studies with different prediction models and prediction time scales. The weekly
prediction results for one hour ahead load forecasting are shown in Figure 7.
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Figure 7. Actual and different load forecasting for a week. (a) Weekly load forecasting; (b) Monday
load forecasting.

6.1. Comparative Conventional Load Forecasting Models

To validate the efficacy of the proposed VMD-LSTM RNN, eight load forecasting models,
including ARIMA, SVR, GPR, NARX, NARX with EMD, NARX with VMD, LSTM, LSTM with
EMD, and LSTM with VMD, were compared under the same benchmarks (RMSE, MAE, and MAPE).

The ARIMA model has been used for time-series prediction. However, with the rise of machine
learning, the GPR and SVR models are being utilized. To account for seasonality in an ARIMA model,
three hyperparameters were used: autoregression, stationarity, and moving average. The GPR model
uses statistical hyperparameters, including variance and length, whereas the SVR model depends on
kernel parameters, a penalty factor, and insensitive zone thickness. The ARIMA, GPR, and SVR models
are trained through cross-validation and ADAM optimization or particle swarm optimization [2,26-29].
To compare the performance of the RNNs, we compared the results of applying two decomposition
methods to the NARX and LSTM models The prediction results of all models are shown in Figure 7,
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and the prediction accuracy by day of the week is shown in Figure 8. Table 2 also summarizes the
performance at different time scales.

6.2. Weekly Load Forecasting

Figure 7 illustrates the STLF for building load with one hour ago (12 steps ahead). To check the
performance of the proposed method based on VMD and LSTM, the prediction results of different
methods were compared. A closer look at the prediction results reveals the Monday load forecasting in
Figure 7b. The proposed model showed robust performance under abrupt load increases and decreases
in 400 samples and 500 samples, respectively. Conventional models exhibited conservative changes to
sudden load changes, and EMD-LSTM exhibited excessive weight changes.

Figure 8 shows the average predictive error of the different methods. The result of load forecasting
with one-month AMI data is shown in Figure 8a, and Figure 8b is the prediction result with three
months of AMI data. There are distinct load characteristics for each day of the week. EMD-LSTM
had large errors with an RMSE of 32.68 kWh, MAE of 28.61 kWh, and MAPE of 12.24% on Sunday in
Figure 8a. However, if the size of the dataset is sufficiently large or the prediction time scale is long
enough, the initial error can be corrected. When the data are insufficient with a short time scale, the
input of the reference load profile (which is measurement data at the maximum observable time before
load forecasting) can be a dominant feature of machine learning, which causes a large error. Figure 8
shows that, if the LSTM correctly decomposed periodic features, it had high accuracy even with small
amounts of data, but if there was an error in the feature, the prediction error also increased because of
the memory cell structure of LSTM.

VMD can reflect more dominant patterns than EMD with distinct periodicity. The performance
difference of decomposition between EMD and VMD is shown in Figures 4 and 5. The RNNs
using VMD showed performance improvements. However, there was a difference in performance
improvement between NARX and LSTM because the vanishing gradient problem was solved
differently, where NARX used the delay factor and LSTM had the memory cell structure. As LSTM
preserved characteristics of dominant features through the memory cell, LSTM showed higher accuracy
than NARX in STLE.
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Figure 8. Benchmarks of different models. (a) One-month AMI data; (b) Three-month AMI data.
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The MAPE of VMD-LSTM was around 2%. In the weekly comparison, the least error occurred on
Tuesday: RMSE of 6.49 kWh, MAE of 3.98 kWh, and MAPE of 1.48%. This was because the correlation
between days of the week was the highest on Tuesday. On the other hand, there was a large error on
Wednesday and Friday because the correlation was relatively lower than on other days of the week.

The proposed VMD-LSTM reflecting the mixed periodic pattern of the load profile based on
multi-decomposition with deep learning had the lowest error.

6.3. Benchmark for Different Prediction Time Scales

Finally, in this section, we analyze the accuracy of the load forecasting methods for the case study
considering different prediction time scales (5 m, 1 h, 3 h, 24 h, 48 h, 72 h). The accuracy results are
summarized in Table 2. The best accuracies were obtained for the shortest prediction time scale (5 m)
for all models. The proposed model, VMD-LSTM, showed the best accuracy with an MAE of 1.95 kWh,
RMSE of 4.28 kWh, and MAPE of 0.71%.

In addition, EMD-LSTM and VMD-LSTM showed better accuracy on the previous day when
compared to the 36 steps ahead (3 h) and one day to three days ahead (24 h, 48 h, 72 h) time scales.
The 24 h, 48 h, and 72 h cases show that RNN-based models had higher accuracies than ARIMA or
GPR, but eventually showed similar errors, and their performances were saturated. This result was
obtained because the reference load profile was learned as a dominant input according to the prediction
time scale to reflect the power consumption trend, so the 288 steps ahead case and 576 steps ahead
case, which had similar patterns, were slightly more accurate than the 36 steps ahead case (3 h).

Table 2. Load forecasting errors of different models.

Prediction EMD VMD EMD VMD
Horizon Index ARIMA GPR SVR NARX NARX NARX LSTM LSTM LSTM
1 step MAE 7.45 6.03  3.43 7.52 7.33 3.25 2.92 5.53 1.95
ahead RMSE 11.77 1021 6.89 11.89 11.21 6.62 4.98 8.72 4.28
(5 min) MAPE (%) 3.46 2.67 196 3.61 3.39 1.84 1.12 2.21 0.71
12 steps MAE 17.28 l6.11 1476 1771 17.02 15.12 9.01 11.69 4.81
ahead RMSE 22.12 2094 2012 2412 22.49 19.31 12.87 15.08 7.53

(1h) MAPE (%) 6.20 6.06 5.70 6.35 6.27 5.43 3.54 427 1.90
36 steps MAE 57.14 5396 48.72  58.85 56.54 50.69 30.25 38.52 16.27
ahead RMSE 64.50 61.35 59.31  70.64 66.80 56.38 38.05 43.66 22.40
B h) MAPE (%) 20.62 1991 1817  21.79 20.97 20.03 11.63 14.26 6.01
288 steps  MAE 51.22 48.55 4325  52.68 51.50 45.12 28.19 32.65 15.60
ahead RMSE 59.38 58.81 56.88  58.12 57.24 56.85 35.98 37.38 21.80
(24 h) MAPE (%) 18.90 1791 1613  19.16 19.06 16.71 10.62 11.78 5.75
576 steps  MAE 57.24 52.87 46.57  57.48 55.65 48.23 28.60 32.48 15.85
ahead RMSE 63.28 60.31 59.72  62.51 61.49 57.53 36.24 42.27 22.11
(48 h) MAPE (%) 22.08 19.72 1776 ~ 21.49 20.99 17.18 10.92 12.18 5.89
864 steps  MAE 60.45 58.55 51.92  59.75 59.01 53.44 29.12 34.37 16.09
ahead RMSE 68.24 6242 5835  67.38 66.26 58.72 36.85 43.52 22.18

(72 h) MAPE (%) 24.14 21.76  18.72 2243 21.19 19.05 11.05 12.86 5.96

7. Conclusions

This paper proposes short-term load forecasting using deep learning based on
multi-decomposition. The results of the proposed approach were validated by applications
to real-world data from a business building, and the performance of the proposed approach was
assessed by comparing the predicted results with those of other models.

To monitor small-scale load and demand side management, an enhanced AMI that provides
three-times more sample data points per hour than conventional AMI was used, increasing the
accuracy of the load forecasting using deep learning. In this study, to detect the features of the load
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profile, the load profile was decomposed by a weekly seasonality and variational mode decomposition.
Two decomposition methods can identify features such as seasonality, load increase/decrease pattern,
and periodicity without any external data, such as temperature.

The three-step regularization process reduced the long-term dependency, overfitting, and covariate
shift problem caused by feature decomposition, which increases the data samples and dimensions.
The results also reveal the effectiveness of the long short-term memory neural networks based on
variational mode decomposition with different prediction time scales. We expect the proposed method
to be a key technique for demand side management, electrical power theft detection, energy storage
system scheduling, and energy trading platforms in future smart grids.
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Nomenclature

AMI advanced measuring infrastructure
ANN artificial neural network

LST™M long short-term memory

EMD empirical mode decomposition
VMD variational mode decomposition
LTLF long-term load forecasting

MTLF medium-term load forecasting
STLF short-term load forecasting

USTLF  ultra-short-term load forecasting
DSM demand side management

ARIMA  auto-regressive integrated moving average
GPR Gaussian processing regression
GRU gated recurrent unit

SVR support vector regression

RNN recurrent neural network

NARX  nonlinear autoregressive exogenous
CNN convolutional neural network

IMFs intrinsic mode functions

k the mode index

Uy k™ intrinsic mode

W(t) pth weekly load profile

w frequency of mode

K the total number of modes

X¢ the typical load profile

xf’ the load pt weekly seasonality feature
xl’: : K IMF of the load pth weekly seasonality feature
5 the Dirac distribution

D, the weekly decay’s exponent factor
Ng the IMF normalization factor

BN batch normalization

St the memory cell state of LSTM

f the forget gate of LSTM
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it the input gate of LSTM

gt the input node of LSTM

ot the output gate of LSTM

hy the output value of LSTM

RMSE  root mean squared error

MAE mean absolute error

MAPE  mean absolute percent error

VMF variational mode function

EMF empirical mode function
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Abstract: This paper discusses the performance improvement of a green building by optimization
procedures and the influences of load characteristics on optimization. The green building is equipped
with a self-sustained hybrid power system consisting of solar cells, wind turbines, batteries, proton
exchange membrane fuel cell (PEMFC), electrolyzer, and power electronic devices. We develop a
simulation model using the Matlab /SimPowerSystem™ and tune the model parameters based on
experimental responses, so that we can predict and analyze system responses without conducting
extensive experiments. Three performance indexes are then defined to optimize the design of the
hybrid system for three typical load profiles: the household, the laboratory, and the office loads.
The results indicate that the total system cost was reduced by 38.9%, 40% and 28.6% for the household,
laboratory and office loads, respectively, while the system reliability was improved by 4.89%, 24.42%
and 5.08%. That is, the component sizes and power management strategies could greatly improve
system cost and reliability, while the performance improvement can be greatly influenced by the
characteristics of the load profiles. A safety index is applied to evaluate the sustainability of the hybrid
power system under extreme weather conditions. We further discuss two methods for improving the
system safety: the use of sub-optimal settings or the additional chemical hydride. Adding 20 kg of
NaBHy can provide 63 kWh and increase system safety by 3.33, 2.10, and 2.90 days for the household,
laboratory and office loads, respectively. In future, the proposed method can be applied to explore
the potential benefits when constructing customized hybrid power systems.

Keywords: hybrid power system; fuel cell; solar; wind; fuel cell; optimization; cost; reliability

1. Introduction

Today’s energy crises and pollution problems have increased the current interest in fuel cell
research. One of the most popular fuel cells is the proton exchange membrane fuel cell (PEMFC),
which can transform chemical energy into electrical energy with high energy conversion efficiency
by electrochemical reactions. At the anode, the hydrogen molecule ionizes, releasing electrons and
H* protons. At the cathode, oxygen reacts with electrons and H* protons through the membrane to
form water. The electrons pass through an electrical circuit to create current output of the PEMFC.
The PEMFC has several advantageous properties, including a low operating temperature and high
efficiency. However, it also has very complex electrochemical reactions, so attempts to develop dynamic
models for PEMFC systems have become an active research focus. For example, Ceraolo et al. [1]
developed a PEMFC model that contained the Nernst equation, the cathodic kinetics equation, and the
cathodic gas diffusion equation. Similarly, Gorgun [2] presented a dynamic PEMFC model that
included water phenomena, electro-osmotic drag and diffusion, and a voltage ancillary. These models
have served as the basis of many advanced control techniques aimed at improving the performance
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of PEMFC systems. For instance, Woo and Benziger [3] tried to improve PEMFC efficiency using a
proportional-integral-derivative (PID) controller to regulate the hydrogen flow rate. Vega-Leal et al. [4]
controlled the air and hydrogen flow rates to optimize the PEMFC output power. Park et al. [5]
considered load perturbations and applied a sliding mode control to maintain the pressures of
hydrogen and oxygen regardless of current changes. Wang et al. [6] designed a robust controller
to regulate the air flow rate to ensure that the PEMFC provided a steady output voltage. This idea
was further extended to a multi-input multi-output (MIMO) PEMFC model to reduce hydrogen
consumption while providing a steady voltage [7]. Reduced-order robust control [8] and robust PID
control [9] were also proposed for hardware simplification and industrial applications.

A PEMEFC can supply sustainable power as long as the hydrogen supply is continuous;
therefore, the PEMFC has been widely applied in transportation [10-19] and stationary power
systems [20-29]. A PEMEC can also supply sustainable energy regardless of weather conditions,
making it a reliable power source when solar and wind energy are unavailable. However, the price
of hydrogen energy is generally high when compared to other green (e.g., solar) energy, so the
PEMEC is typically integrated with other energy sources and storage systems to form hybrid power
systems. For example, Zervas et al. [30] presented a hybrid system that contained photovoltaics (PV),
a PEMFC, and an electrolyzer with metal hydride tanks. Rekioua et al. [31] considered a hybrid
photovoltaic-electrolyzer-fuel cell system and discussed its optimization by selection of different
topologies. Nizetic et al. [29] proposed a system for household application that used a high-temperature
PEMEC to drive a modified heat pump system, with a cost of less than 0.16 euro/kWh.

The role of the PEMFC in hybrid power systems is unique, because it can act as both an energy
source and an energy storage system. It serves as an energy source to provide backup power when
the load requirement is greater than the energy supply from other energy sources and as an energy
storage system to store hydrogen electrolyzed by redundant energy when the energy supply is greater
than the consumption [32]. Some hybrid power systems have recently been implemented in practice.
For instance, Singh et al. [22] presented a PEMFC/PV hybrid system for stand-alone applications
in India. Das et al. [23] introduced the PV /battery/PEMFC and PV /battery systems installed in
Malaysia. Al-Sharafi et al. [24] considered six different systems in the Kingdom of Saudi Arabia.
Martinez-Lucas et al. [25] demonstrated a system based on wind turbine (WT) and pump storage
hydropower on the Canary Island of El Hierro, Spain. Kazem et al. [27] evaluated four different hybrid
power systems on Masirah Island, Oman.

Because of the influence of weather conditions and loads, the costs of these hybrid systems
can be optimized by changing the system configurations. For example, Ettihir et al. [26] applied
the adaptive recursive least square method to find the best efficiency and power operating points.
Singh et al. [22] applied a fuzzy logic program to calculate system costs and concluded that the PEMFC
and battery are the most significant modules for meeting load demands late at night and in the early
morning. Kazem et al. [27] showed that that a PV/WT /battery/diesel hybrid system had the lowest
cost for energy production. Cozzolino et al. [28] analyzed the Tunisia and Italy (TUNelT) Project and
showed that this almost self-sustaining renewable power plant, consisting of a WT, PV, battery, PEMFC,
and diesel engine, ran at a cost of 0.522 €/kWh. Wang et al. [33] studied a hybrid system that consisted
of a WT, PV, battery, and an electrolyzer and concluded that the costs and reliability of hybrid power
systems can be greatly improved by adjusting the component sizes. They also showed that power
management can help to reduce system costs [32]. The present paper extends these ideas by discussing
the impacts of load profiles on the optimization of system costs. We applied three typical load profiles
to a hybrid system and discussed the cost and energy distribution. We also evaluated the guaranteed
operation durations (called system safety) of hybrid systems and discussed the applications of two
methods to extend system safety.

The remainder of this paper is arranged as follows: Section 2 introduces the green building and
its hybrid power system. Based on the system characteristics, we build a general hybrid power model
consisting of solar cells, WTs, batteries, a PEMFC, hydrogen electrolysis, and chemical hydrogen
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generation. The model parameters were tuned based on experimental data to allow the prediction
of system responses under different operation conditions. Historical irradiation and wind data were
applied to estimate the power supplied by the PV and WT, while three typical load profiles were
considered to understand their impacts on system optimization. Section 3 defines three performance
indexes for evaluating hybrid power systems equipped with different components and management
strategies. We applied three typical loads to optimize system design by tuning the component sizes
and power management. The results showed that the optimization processes can effectively reduce
the energy costs by 38.9%, 40.0%, and 28.6% and greatly improve system reliability by 4.89%, 26.42%,
and 5.08% for household, laboratory, and office loads, respectively. The guaranteed sustainable
operation periods under extreme weather conditions were also estimated. The results revealed that
system sustainability can be improved by the use of a sub-optimal design or chemical hydrides. We also
discuss the critical prices of implementing a chemical hydrogen generation system. Conclusions are
then drawn in Section 4.

2. System Description and Modelling

The green building, as shown in Figure 1 [34], is located in Miao-Li County in Taiwan. It was
constructed by China Engineering Consultants Inc. (CECI) and was equipped with a hybrid power
system that consisted of 10 kW PV arrays, 6 kW WTs, 800Ah lead-acid batteries, a 3 kW PEMFC, and a
2.5 kW electrolyzer with a hydrogen production rate of 500 L/h. The building was autonomous and
did not connect to the main grid, i.e., its electricity was supplied completely by green energy, such as
solar and wind. The energy can be stored for use when the green energy is less than the load demands.
These components were originally selected to provide a daily energy supply of about 20 kWh based
on the National Aeronautics and Space Administration (NASA) data [34], as illustrated in Table 1.
Solar energy was abundant in the summer but poor in the winter, so wind energy was expected to
compensate for solar energy in the winter. However, Chen and Wang [32] applied the Vantage Pro2
Plus Stations [35] to measure the real weather data on the building site and found that the wind
energy was not sufficient to compensate for the reduced solar energy in the winter. Further analyses of
the energy costs also revealed that the wind energy was not economically efficient for this building,
as illustrated in Table 2. Therefore, the following component selection principles were suggested to
improve system performance [32]:

(1) Energy sources: the use of PV and PEMFC in the green building was suggested, because
solar energy was the most economical energy source and the PEMFC could guarantee energy
sustainability. The PEMFC can be regarded as an energy source that provides steady energy
and as an energy storage system when coupled with a hydrogen electrolyzer. Considering the
transportation, storage, and efficiency of energy conversion, the PEMFC with chemical hydrogen
generation by NaBHy [36] was suggested for the system.

(2)  Energy storage: the lead-acid battery was suggested because of its greater than 90% efficiency [37].
Though the PEMFC with a hydrogen electrolyzer can also store energy, the conversion efficiency
from electricity into hydrogen was only about 60% [33]. Therefore, the total energy storage
efficiency was about 36%, because the PEMFC converted hydrogen into electricity with an
efficiency of about 60% [38]. Note that the LiFe battery has a higher efficiency (more than 95%)
but is much more expensive than a lead-acid battery. Therefore, the lead-acid battery was
preferred for the green building.

That is, the selection of multiple energy sources and storages depended on the local conditions
and load requirements.
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Figure 1. The green building.

Table 1. The daily average weather data on the building site [32,34].

Irradiance (W/m?) Wind Speed (m/s)
Data Source
Summer Winter Summer Winter
NASA [34] 267 109 4.95 8.70
Measured 239 115 242 3.96

Table 2. Energy cost analyses ($/kWh) [32].

Energy Sources Summer Winter
Photovoltaic (PV) arrays 0.11 0.23
Wind turbine (WT) 7.76 0.69
Proton exchange membrane fuel cell (PEMFC) with chemical H;, generation >1.76 >1.76

2.1. The Hybrid Power Model

A general hybrid power model, as shown in Figure 2, was developed to evaluate system
performance at different operating conditions (e.g., varying the component sizes and power
management strategies) [32,33,39]. The model consisted of a PV module, a WT module, a battery
module, a PEMFC module, an electrolyzer module, a chemical hydrogen generation module, and a
load module. The power management strategies were applied to operate these modules based on
battery state-of-charge (SOC). The module parameters were adjusted by the component characteristics
and experimental responses to allow prediction and analysis of the system dynamics without the need
for extensive experiments [39,40].

First, the 1 kW PV module was developed based on the following equation [32,41]:

Ppy = 0.69(E — 1.52) (€]

where Ppy (Watt) and E (Watt per meter square) represent solar power and irradiance, respectively.
Second, the WT module was presented as a look-up table, according to the relation between wind
power and wind speed [33,42]. Third, the PEMFC acted as a back-up power source to guarantee
system sustainability based on the following management strategies (see Figure 3a) [39]:

(1)  When the battery SOC dropped to the lower bound, SOCy,,, the PEMFC was switched on to
provide a default current of 20 A at the highest energy efficiency [41].
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(2)  When the SOC continuously dropped to SOCj,,, — 5%, the PEMFC current was increased
according to the required load until the SOC was raised to SOCjy,, + 5%, where the PEMFC
provided a default current of 20 A.

(3) When the battery SOC reached SOCpg),, the PEMFC was switched off.
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Figure 3. Power management. (a) The proton exchange membrane fuel cell (PEMFC) management [39].
(b) The electrolyzer management [33].
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Therefore, the power management can be adjusted by tuning SOCj;, and SOCyg. As a last stage,
the hydrogen electrolyzer transferred redundant energy to hydrogen storage based on the following
strategies (see Figure 3b) [33]:

(1)  When the battery SOC was higher than 95%, the extra renewable energy was regarded
as redundant.

(2)  The electrolyzer module would wait for ten minutes to avoid chattering. If the total redundant
energy increased during this period, the electrolyzer was switched on.

(3) When the hydrogen tank was full or the battery SOC dropped to 85%, the electrolyzer was
switched off.

Thus, the electrolyzer produced hydrogen when the battery SOC was between 85% and 95%.
The electrolyzer module was set to produce hydrogen at a rate of 1.14 L/min by consuming a constant
power of 410 W, based on the experimental results [33].

2.2. Inputs Energy and Output Loads

We applied the historical irradiation and wind speed data [32], as shown in Figure 4, to the PV
and WT modules, respectively. As shown in Figure 4, solar radiation was abundant in the summer
but poor in the winter; therefore, solar energy in the summer can be stored for use in the winter.
Conversely, the wind speed was high in the winter but low in the summer, so wind energy was
expected to compensate for the lack of solar energy in the winter. However, the compensation effects
were not as significant as originally designed because the wind was not sufficiently strong and the
energy cost was much higher (see Table 2) when compared to other energy sources. Note that both
solar and wind energy were concentrated in the daytime, indicating that this energy should be stored
for use at night.
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Figure 4. Radiation and wind data.
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Three standard load profiles [43,44], as illustrated in Figure 5, were applied to the load module
to investigate the impacts of loads on the optimization of the hybrid power system. The 61-day
historical data were used for simulation and optimization analyses. Table 3 illustrates the statistical
data of these load profiles, where the household had the largest historically peak and the office had the
largest daily average peak, while the laboratory load had the greatest energy consumption. Therefore,
we used these three typical loads to demonstrate how load characteristics can affect the performance
optimization of the hybrid power system.

User Load(long-time)

T000
ool Home
Lab 2000
Office
' }”.H %1500
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e w time(hr)
(a) 61-day historical data (b) Daily average [43,44]

Figure 5. Three standard load profiles.

Table 3. The statistical data of load profiles [39].

Household Lab Office
Historic peak (W) 6220 3395 5333
Daily average peak (W) 1237 1811 2178
Daily average (kWh) 19.96 30.41 22.32

3. Design Optimization of the Hybrid Power System

The hybrid power model was applied to predict system responses under different conditions,
such as the use of varying components and loads. We defined three indexes to evaluate the performance
of the hybrid power system: cost, reliability, and safety, as described by the following:

(1) System cost: the system cost ], 5, ) consisted of two parts, J; and J,, as follows [39]:
Jw,s,w) = Jiv, s, w) + Jow, s, w) 2

where J; and ], indicate the initial and operation costs, respectively. The subscripts b, s, and w represent
the numbers of batteries, PV arrays, and WTs in units of 100Ah, 1kW, and 3kW, respectively. The initial
cost J; accounted for the investment in the components, such as the PEMFC, power electric devices,
PV arrays, WT, hydrogen electrolyzer, chemical hydrogen generator, and battery set, as follows:

]i(b, s, w) Zk]lk(b, s, w) ®3)

where k = PEMFC, DC, solar, WT, HE, CHG, and batt, respectively.

The operation cost ], included the hydrogen consumption and the maintenance of the WT and PV
arrays, as in the following:

]u(b, s, w) — Zl]é(b, s, w) (4)
where | = NaBHy, WT, and solar, respectively.
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We calculated the initial costs ]fz and the operation costs ]{Z) ( ) as follows:

b, s, w) b, s, w

Tf, s, w) = Crmti-CRE 5)

T, s, w) = Crom (6)

in which C and # are the price per unit and the installed units, respectively, for each component k.
CRF represented the capital recovery factor that was defined as [32,33,39]:

ir(L+ir)"

CRF = ———'—
1+ -1

@
where i is the inflation rate, which was set as 1.26% in this paper by referring to the average annual
change of consumer price index of Taiwan [39], and ny is the expected life of the components. The price
and expected life of the components are illustrated in Table 4 were used to calculate the system costs in
the following examples.

Table 4. Component life and price [32,33,39].

Component Life (year) Price ($)
Hybrid system 15 N/A
Wind turbine (3 kW) 15 9666
PV arrays (1 kW) 15 1833
Power electronic devices (6 kW) 15 1666
Chemical H, generation 15 10,666
NaBHy (60 g) N/A 0.33
Electrolyzer (2.5 kW-500 L/h) N/A 10,666
PEMEC (3 kW) N/A 6000
Battery (48 V-100 Ah) N/A 866

(2) System reliability: the reliability of the hybrid system was defined as the loss of power supply
(LPSP) as follows [32,33,39]:

J LPS(t)dt
[ P(t)at
in which LPS(t) was the shortage (lost) of power supply at time f, while P(t) was the power demand of
the load profile at time t. Therefore, [ LPS(t)dt indicated the insufficient energy supply and [ P(¢)dt
represented the total energy demand for the entire simulation. If the power supply met the load

demand at all times, (i.e., LPS(t) = 0, Vt), then the system was completely reliable with LPSP = 0.

LPSP = (8)

(3) System safety: system safety was defined as the guaranteed sustainable period of the hybrid
power system under extreme weather conditions when no solar or wind energy was available.
Suppose the energy stored in the system was Estre and the average daily energy consumption
was Ey,; then, the system safety can be defined as follows:

Safety = % )
ay

For example, average daily energy demand is 19.96, 30.41, and 22.32 kWh for the household,
laboratory, and office, respectively (see Table 3). Therefore, if the energy stored in the battery
and hydrogen is 60 kWh, the system safety is 3.01, 1.97, and 2.69 days for the laboratory, office,
and household, respectively. When considering the efficiency of the battery and inverter both as 90%,
then the system safety is 2.70, 1.78, and 2.42 days, respectively.
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We applied the three typical loads to investigate their impacts on the optimization of the hybrid
power system by tuning the component sizes and power management strategies.

3.1. Household Load

Applying the household load (see Figure 5) to the original system layout (b, s, w) = (8, 10, 2) and
management settings of (SOCjyy, SOCigy) = (40%, 50%) gave the system’s reference plot shown in
Figure 6a, where the system cost was estimated as | = 1.300 $/kWh with LPSP = 4.89% (see Step 1
of Table 5). From Figure 6a, the system cost can be reduced to | = 1.169 $/kWh by adjusting the
components as (b, s, w) = (18, 9, 2) but with a possible power cut (LPSP = 2.61%, see Step 2 of Table 5).
If the requirement was LPSP = 0, then the optimal system cost was | = 1.189 $/kWh, achieved by
setting (b, s, w) = (18, 10, 2) (see Step 3 of Table 5). That is, we can reduce the system cost from | = 1.300
to 1.189 $/kWh, while improving the system reliability from LPSP = 4.89% to 0.

(a) w =2 and (SOCiow, SOCrigi) = (40%, 50%) (b) w =0 and (SOCiow, SOCrigr) = (30%, 40%)
Figure 6. The reference plots for the household load.

Table 5. The optimal design procedure for the house load.

(b, s,w)  (SOCipw, SOChig)  LPSP (%) ] ($/kWh)

Step 1 (8,10,2) (40%, 50%) 4.89% 1.300
Step 2 (18,9,2) (40%, 50%) 2.61% 1.169
Step 3 (18,10, 2) (40%, 50%) 0% 1.189
Step 4 (15,15, 0) (40%, 50%) 0% 0.822
Step 5 (15,15, 0) (30%, 40%) 0% 0.810
Step 6 (23,15, 0) (30%, 40%) 0% 0.794
Step 7 (23,15, 0) (30%, 40%) 0% 0.794
Optimal (23,15, 0) (30%, 40%) 0% 0.794

Because the cost of wind energy was much higher than the cost of solar energy (see Table 2) and
the compensation effects were not significant (see Figure 4), the use of solar and a PEMFC with chemical
hydrogen production was viewed as economically efficient for the green building [32]. Therefore,
we set w = 0 and the resulting optimization showed that the system cost can be significantly reduced
to ] = 0.822 $/kWh by setting (b, s, w) = (15, 15, 0), as illustrated in Step 4 of Table 5. Furthermore,
when we fixed the component settings of (b, s, w) = (15, 15, 0) and tuned the power management
strategies (SOCigy, SOChign) = (30%, 40%), the system cost was further decreased to | = 0.810 $/kWh
(see Step 5 of Table 5). Steps 6 and 7 illustrate the iterative tuning of component size and power
management, respectively. The results indicated that the system cost converged to | = 0.794 $/kWh
with (b, s, w) = (23, 15, 0) and (SOCiyy, SOCign) = (30%, 40%). Compared with the original cost, the cost
was reduced by 38.9%, while maintaining complete system reliability. Note that the iterative method
can greatly reduce the computation time because the simultaneous optimization of four parameters
(b, 5, SOClo, SOCpigy) took much longer than iterative optimization, as indicated in [45]. Therefore,
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the proposed iterative optimization can be applied for a quick estimation of the system behavior.
Simultaneous optimization can be considered for potentially better optimization if time permits.

3.2. Laboratory Load

Similarly, the results of applying the laboratory load (see Figure 5) to the hybrid power model
are shown in Figure 7 and Table 6. First, the original system layout (b, s, w) = (8, 10, 2) with
management settings of (SOCjy, SOCigy) = (40%, 50%) resulted in a system cost of ] = 1.100 $/kWh
and LPSP =26.42%. Note that the LSPS was much higher than was obtained for the household,
because the laboratory load was mainly at night and the stored energy by hydrogen electrolyzation
failed to provide sufficient energy. The initial component optimization can reduce the system cost
to ] =0.929 $/kWh by setting (b, s, w) = (27, 15, 2) but with LPSP = 2.34% (see Step 2 of Table 6).
The sub-optimal settings of (b, s, w) = (30, 16, 2) gave LPSP = 0 with | = 0.944 $/kWh (see Step 3 of
Table 6), i.e., the reliability was improved by 26.42%, while the cost was reduced by 14.18%.

(a) w=2 and (SOCiow, SOCrigr) = (40%, 50%) (b) w= 0 and (SOCiow, SOCrigr) = (30%, 40%)
Figure 7. The reference plots for the lab load.

Table 6. The optimal design procedures for the lab load.

b, 5,w)  (SOCiop, SOChigy) ~ LPSP (%) ] ($/kWh)

Step 1 (8,10,2) (40%, 50%) 26.42% 1.100
Step 2 (27,15,2) (40%, 50%) 2.34% 0.929
Step 3 (30,16, 2) (40%, 50%) 0% 0.944
Step 4 (31,21, 0) (40%, 50%) 0% 0.684
Step 5 (31,21, 0) (30%, 40%) 0% 0.668
Step 6 (27,21, 0) (30%, 40%) 0% 0.660
Step 7 (27,21, 0) (30%, 40%) 0% 0.660
Optimal (27,21, 0) (30%, 40%) 0% 0.660

Because the WT was not economically efficient for this building, setting w=0 can greatly reduce
the system cost to | = 0.684 $/kWh with LPSP = 0 by (b, s, w) = (31, 21, 0) (see Step 4 of Table 6).
The iterative procedures could then further improve the system cost to | = 0.668 $/kWh with LPSP = 0
by setting the power management as (SOCjyy, SOChign) = (30%, 40%), and the cost finally converged
to ] =0.660 $/kWh with LPSP = 0 by setting (b, s, w) = (27, 21, 0) and (SOCiyyp, SOChigp,) = (30%, 40%).
When compared with the original cost, the cost was reduced by 40%, while the system reliability was
reduced by 26.42%.

3.3. Office Load

The analyses of the office load (see Figure 5) are shown in Figure 8 and Table 7. First, the original
system layout (b, s, w) = (8, 10, 2) with management settings of (SOCiyy, SOCyign) = (40%, 50%) gave a
system cost of | = 1.107 $/kWh and LPSP = 5.08%. Optimizing the settings slightly reduced the system
cost to ] = 1.106 $/kWh with LPSP = 0 using (b, s, w) = (23, 11, 2) (see Step 2 of Table 7). Note that the
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system reliability was better than the house and the laboratory loads at this step, because the office load
profile was basically synchronized with the irradiation and wind curves and the solar energy could be
used directly to supply the loads. Therefore, we omitted Step 3 that represented the optimization with
w =2 and LPSP = 0 in Tables 5 and 6.

(a) w=2 and (SOCiow, SOCigh) = (40%, 50%) (b) w= 0 and (SOCiow, SOCrigh) = (30%, 40%)
Figure 8. The reference plots for the office load.

Table 7. The optimal design procedures for the office load.

b, s, w) (SOCiow, SOChign) ~ LPSP (%) ] ($/kWh)

Step 1 (8,10,2) (40%, 50%) 5.08% 1.107
Step 2 (23,11,2) (40%, 50%) 0% 1.106
Step 3 - - - -
Step 4 (29,17,0) (40%, 50%) 0% 0.818
Step 5 (29,17,0) (30%, 40%) 0% 0.817
Step 6 (26,17,0) (30%, 40%) 0% 0.791
Step 7 (26,17, 0) (30%, 40%) 0% 0.791
Optimal (26,17, 0) (30%, 40%) 0% 0.791

Setting w = 0 gave a significant cost reduction to | = 0.818 $/kWh with LPSP = 0 by setting (b, s, w)
= (29,17, 0) (see Step 4 of Table 7). The iterative procedures then further improved the system cost
to ] = 0.817 $/kWh with LPSP = 0 by adjusting the power management as (SOCig, SOCpigp) = (30%,
40%), and the cost finally converged to | = 0.791 $/kWh with LPSP = 0 by setting (b, s, w) = (26, 17, 0)
and (SOCjo, SOChign) = (30%, 40%). When compared with the original cost, the cost was reduced by
28.6% while maintaining complete system reliability.

3.4. Cost and Energy Distributions

The optimal system designs for the three loads, based on the reference plots, are illustrated in
Tables 5-7. We further analyzed the cost and energy distributions of these systems, as shown in Table 8.
First, the laboratory achieved the lowest unit energy cost because its average daily energy consumption
was the largest; therefore, the initial costs were shared. The household load showed an opposite result.
Second, the laboratory used the most solar panels and batteries, while the household applied the fewest
solar panels and batteries, to produce and store sufficient energy for the load requirements. Third,
the optimal battery units for all loads did not differ much (23-27 units); this was not intuitive because
the laboratory load was mainly at night, while the office load was mainly in daytime. The reason for
this was that the battery life was shortened if only a small amount of the battery energy was used.
Therefore, using a large amount of the battery energy increased the initial cost but it also helped
to extend the battery life, thereby reducing the battery costs. For instance, for the laboratory load,
the battery cost was the lowest even though the laboratory load used the largest amount of battery
energy. Because the initial battery SOC was set as 80% in the simulation model, a negative energy
supply distribution of battery means the battery SOC is higher than 80% at the end of the simulation,
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i.e., the battery is charged by the renewable energy so that its final SOC is greater than the initial SOC.
Fourth, the costs of the solar panels, battery, and the PEMFC system (including the chemical hydrogen
production system, PEMFC, and NaBHy) are about 40%, 25%, and 20%, respectively, for all loads.
That is, the cost distributions are almost the same for all systems after optimization. Finally, solar
energy provided nearly 100% of the required load demands because the current high cost of hydrogen
requires that the system avoid using the PEMFC unless necessary. The current optimal costs are 0.794,
0.660, and 0.791 for the household, lab, and office loads, respectively. Although the costs cannot
compete with the grid power, the system provides a self-sustainable power solution for remote areas
and islands without grid power. The energy cost can be greatly reduced when the component prices
are reduced with popularity. For example, the analyses in [33] indicated that the critical hydrogen
price is about 10 NT$/batch (one batch consumes 60 g of NaBH4 to produce about 150 L of hydrogen).
That is, more hydrogen energy will be used in an optimal hybrid power system if the hydrogen price
is less than 1/15 NT$/L.

Table 8. Cost and energy distributions for the optimal systems.

House Lab Office
Daily average (kWh) 19.96 30.41 22.32
Optimal cost ($/kWh) 0.794 0.660 0.791
Optimal sizes (b, s, w) (23,15,0) (27,21,0) (26,17,0)
Lead-acid battery 25.34% 23.50% 25.72%
Power electric devices 10.59% 11.72% 11.41%
Wind turbine 0 0% 0%
Cost Distribution (%) Solar panels 39.72% 43.91% 40.41%
Chemical hydrogen production 13.56% 10.71% 12.18%
PEMFC 7.63% 6.03% 6.85%
Sodium borohydride (NaBHy4) 3.16% 4.13% 3.43%
Wind 0% 0% 0%
Energy Supply PEMFC 1.27% 1.35% 1.36%
Distribution (%) Solar 100.65% 100.30% 98.50%
Battery —1.92% —1.65% 0.14%

3.5. Safety Analyses

The optimization designs illustrated in Tables 5-7 were based on historical weather data, where
the solar and wind energy co-assisted the sustainability of the power system. Because the aim of the
hybrid power system is to provide uninterrupted power, we further investigated its ability to perform
in extreme weather conditions when no solar or wind energy is available.

We applied the optimal settings in Tables 5-7 to the hybrid power model and recorded the lowest
battery SOC during the 61-day simulation to calculate the lowest remaining energy and system safety
by Equation (9). The results are illustrated in Figure 9 and Table 9, where the lowest SOC (stored
energy) for the household, laboratory, and office loads were 29.99% (11.03 kWh), 26.04% (7.83 kWh),
and 27.18% (8.97 kWh), respectively. Therefore, the equivalent sustainable operation periods of the
system are 0.49, 0.23, and 0.36 days, respectively, considering the average daily energy consumption
shown in Table 3 and assuming a battery efficiency of 90%. If a longer sustainability is required, we can
adopt sub-optimal settings. For example, the minimal settings and costs to sustain 1 day or 2 days are
labeled in Figure 9. Suppose the safety requirement is 1 day; then, the lowest system costs to guarantee
1 day of operation are 0.8952 USD/kWh, 0.7603 USD/kWh, and 0.8735 USD/kWh, respectively, for the
household, laboratory, and office loads. The corresponding component sizes are (b, s, w) = (33, 26, 0),
(b, s, w) = (40, 24, 0), and (b, s, w) = (40, 17, 0), respectively.

Another way to extend the guaranteed system sustainability is to use the chemical hydrogen
generation system to produce hydrogen for the PEMFC as a means of providing back-up power.
Referring to [36], one mole of NaBH, can generate four moles of hydrogen, so 20 kg of NaBH4 can
produce 4.16 kg of hydrogen, which would provide 63 kWh of electricity for the system. Therefore,
a further sustainability guarantee is possible by stocking more NaBH4 with the auto-batching system
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developed in [36], which can produce hydrogen when the system requires energy from the PEMFC.
For example, if the system stores 20 kg of NaBHy, the safety indexes for the household, laboratory,
and office loads can be extended by 3.33, 2.10, and 2.90 days, respectively, assuming an inverter
efficiency of 90%. Installing 40kg of NaBH4 could guarantee 6.17, 3.96, and 5.44 days of operation for
the household, laboratory, and office, respectively, in the worst case scenario.
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Figure 9. The reference plots with safety consideration.

Table 9. Safety analyses.

House Lab Office
Daily average (kWh) 19.96 30.41 22.32
Optimal sizes (b, s, w) (23,15, 0) (27,21,0) (26,17, 0)
Lowest SOC (%) 29.99 26.04 27.18
Lowest remaining energy (kWh) 11.03 7.83 8.97
Safety (days) 0.49 0.23 0.36
1-day safety System Sizes (b, s, w) (33,13, 0) (33,24, 0) (34,17, 0)
requirement System Cost (USD/kWh) 0.8152 0.7062 0.8266
2-days safety System Sizes (b, s, w) (33,16, 0) (40, 24, 0) (40,17, 0)
requirement System Cost (USD/kWh) 0.8952 0.7603 0.8735

The choice of a sub-optimal design or extra NaBH, stock would depend on the estimated extreme
weather conditions and the price of NaBHjy. For instance, if the expected extreme weather happens
one day during the 61-day simulation, the total system costs are increased by $25.81, $85.70, and $48.47
for the household, laboratory, and office, respectively, using the sub-optimal settings. Conversely,
the required extra NaBHy to guarantee sustainability under the worst-case conditions are 3.59 kg,
8.26 kg, and 5.04 kg, respectively, assuming an inverter efficiency of 90%. This will increase the system
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cost by $35.90, $82.60, and $50.40 for the household, laboratory, and office, respectively, if the NaBHy
price is 10 NT$/kg. Therefore, the second option (using extra NaBH,4) will be the better choice if
the cost of NaBH} is less than 7.19, 10.38, and 9.62 NT$/kg for the household, laboratory, and office,
respectively. Note that these analyses are based on the worst-case conditions, where the battery SOC
is at the lowest when the extreme weather happens. Hence, in general, the cost should be lower and
more benefits are possible by storing extra NaBH4 with the auto batch system [36].

4. Results and Conclusions

This paper has demonstrated the optimization of a green building that was autonomous and did
not connect to the main grid. The building can be applied to remote stations and small islands, where no
grid power is available. We discussed the impacts of three typical loads on the optimization of a hybrid
power system. First, we built a general hybrid power model based on a green building in Taiwan.
The model consisted of PV, WT, batteries, PEMFC, electrolyzer, and chemical hydrogen production
modules. Second, we evaluated the system performance by applying the household, laboratory,
and office load profiles to the model. The results indicated that the combination of PV, battery, PEMFC,
and chemical hydrogen production can guarantee system reliability. When compared with the original
settings, the total system cost was greatly reduced by 38.9%, 40%, and 28.6% for the household,
laboratory, and office loads, respectively, while the system reliability was significantly reduced by
4.89%, 24.42%, and 5.08%, respectively. Third, the cost distribution showed similar results for the three
loads: the battery, PV, and PEMFC systems accounted for about 25%, 40%, and 20% of the system
costs for all three cases. Note that the current usage of lead-acid battery is a compromise between cost
and efficiency. For example, applying the hybrid system with LiFe battery [33], the optimal system
costs became 2.237, 1.846, and 1.853 per kWh for the household, lab, and office loads, respectively.
That is much higher than the current optimal costs by the lead-acid battery. Fourth, the energy
distributions indicated that the PV provided nearly 99% of the required energy, because of the current
high price of hydrogen. As shown in [33], hydrogen energy will be compatible when the hydrogen
price drops to about one third of the current price. Finally, we evaluated the safety of these systems
under extreme weather conditions and proposed two methods for extending system sustainability:
using a sub-optimal design or using more NaBH,. The latter method tended to be more flexible and
was more able to cope with uncertainties. For example, adding 20 kg of NaBH, will increase the
system safety by 3.33, 2.10, and 2.90 days for the household, laboratory, and office loads, respectively.
These findings can be considered when developing customized hybrid power systems in the future.
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Abstract: Continual energy availability is one of the prime inputs requisite for the persistent growth
of any country. This becomes even more important for a country like India, which is one of the rapidly
developing economies. Therefore electrical energy’s short-term demand forecasting is an essential
step in the process of energy planning. The intent of this article is to predict the Total Electricity
Consumption (TEC) in industry, agriculture, domestic, commercial, traction railways and other
sectors of India for 2030. The methodology includes the familiar black-box approaches for forecasting
namely multiple linear regression (MLR), simple regression model (SRM) along with correlation,
exponential smoothing, Holt’s, Brown’s and expert model with the input variables population,
GDP and GDP per capita using the software used are IBM SPSS Statistics 20 and Microsoft Excel
1997-2003 Worksheet. The input factors namely GDP, population and GDP per capita were taken
into consideration. Analyses were also carried out to find the important variables influencing the
energy consumption pattern. Several models such as Brown’s model, Holt’s model, Expert model
and damped trend model were analysed. The TEC for the years 2019, 2024 and 2030 were forecasted
to be 1,162,453 MW, 1,442,410 MW and 1,778,358 MW respectively. When compared with Population,
GDP per capita, it is concluded that GDP foresees TEC better. The forecasting of total electricity
consumption for the year 2030-2031 for India is found to be 1834349 MW. Therefore energy planning
of a country relies heavily upon precise proper demand forecasting. Precise forecasting is one of the
major challenges to manage in the energy sector of any nation. Moreover forecasts are important
for the effective formulation of energy laws and policies in order to conserve the natural resources,
protect the ecosystem, promote the nation’s economy and protect the health and safety of the society.

Keywords: India; TEC; short-term; forecasting; black box

1. Introduction

Energy is the driving force of any nation. Energy security and energy efficiency is the need of
the hour. Energy conservation, decentralized energy planning techniques seems to be the solution
to meet the energy requirements in almost every sector. The installed capacity out of renewable
energy during 20122013 was around 12.26% and now later during 2017-2018 it has come to around
18.8% (www.cea.nic.in) [1]. If this trend stays, it is anticipated that the renewable energy sources
would come forward to contribute even more in near future, which is a good sign. Renewable energy
sector is expanding rapidly and in particular it has already grabbed its attention to be the potential
contributor for sustainable energy security. India is one among the mainly swiftly developing countries
in the planet. Flourishing industrialization also requires energy to excel, which in turn makes India
an energy starving state. At present India depends heavily upon the fossil fuels and also has to
expend more, whereas India also has a huge potential for the alternative sources of energy [2]. India is
almost certainly urbanizing quicker. With a severe development predicament in the energy sector,
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energy becomes one of the top focus and an additional major issue in sustainable improvement and
also a long-term security [3]. Managing energy consumption and energy resources in parallel has
become very important among energy planners and policy framers. Thus an incorporated energy
administration approach is vital for the sustainable improvement of India. Models have turned out
to be the standard tools in energy planning. For energy modelling, energy forecasting is a basic
necessary requirement. This emphasizes the significance of energy forecasting. Demand forecast is
similarly a vital job for the effectual function and setting up of systems. Forecasts can be catalogued as
long-term, medium and short-term depending upon the time. Long-term prediction, generally keep
up a correspondence to several months to even several decades to the front. Overvalued electricity
and energy consumption forecast will result in heedless venture in the erection of surplus power
amenities and other inventories; whereas undervaluing the consumption might end up with deficient
manufacturing, planning and will not be able to bridge the gap with the demand. Short term forecasting
always draws attention and it is also paying attention in point forecasts. Density forecasts that is,
forecasts that provide approximation of the probability distributions of the likely upcoming values of
the consumption be essential for long-term forecast. In the literature a range of forecasting practices has
been witnessed in the earlier period, generally presumptuous short and midterm forecasts. To assess
the execution of the comparative study the real and forecasted results are figured out and the forecasts
based upon the data observed up to 2017 are also worked out. The outcome proves good foreseeing
capability of the proposed method at forecasting the country’s energy consumption.

The literature is actually huge with the number of competing models and some major
contributions among them are read. In support of perspective of single day or with a reduction
in it, models employing univariate time series models [4,5] and ANN [6] are quite familiar. Some of
the researchers have used forecasting models and techniques. Several forecasting methods were used
in energy forecasting leading to different levels of accomplishment. Starting from linear regression,
multi-variate regression and so on, several other models have also been used [7-9]. Time series models
for various years have been offered with multinomial, linear and also exponential approximation [10].

Mixed Integer Linear Programming model has been evolved for the optimized electricity
generation scheme planning for the country to reach a precise CO, emission target [11]. Holt’s method
was used to determine three different circumstances such as business as usual, renewable energy and
also regarding how to conserve energy [12]. Long-term dynamic linear programming model was
considered to calculate future investments of electricity production technologies of very long-term
energy scenarios. Linear Programming (LP) can be implemented to support the choice of renewable
energy technology to meet CO, emission reduction targets [13]. An estimation of data-driven models
was performed by Tardioli et al. at city level [14]. Choi et al. offers an extreme deep learning method
to obtain improved building energy consumption forecast [15].

Simple fuzzy models incorporating Artificial Intelligence techniques have been useful to forecast
midterm energy and also the peak load [16-18]. A new way of energy demand forecasting at an
intra-day ruling using semi parametric regression smoothing which relates for the yearly and weather
conditional components is suggested. Dependence upon the residual series is explained by one among
the two multiple variables time series models, with the measurement identical to the quantity of
intra-day range. The profit of this procedure in the process of forecasting of: (i) Demand for heating
steam network of one of the district in Germany; (ii) collective electricity demand in Victoria, a state in
Australia. With both studies accounting for meteorological conditions can perk up the predicted value
significantly, so do the application of the time series models. A multivariate non-linear regression
method for forecasting the mid-term energy power systems in yearly basis by captivating into concern
the correlation study of the elected input variables weighing factor and the training epoch that is
to be used. A fine forecasting model is framed by [19] for the power system in Greece and for the
dissimilar category of low voltage clients. Energy forecasting models in long-term basis are playing
key role, provided the concern of GHG discharge and the existing want for evaluating choices for
reaching the Kyoto’s objective as given by [20] who paid attention on gas supply and also the oil supply
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projections and also provides helpful insight into the intricacy of forecasting the same and developing
an systematic structure that explains the method used by Natural Resources, Canada by setting up oil
and gas supply predictions and resolve the model for the same and provide the forecasts of the oil
supply and demand and also the natural gas supply and demand for the year 2020. Predicting the
energy need for the upcoming markets is among the key policy methods used by the international
policy makers. Autoregressive integrated moving average and Seasonal autoregressive integrated
moving average procedure is employed to guess Turkey’s energy demand in future from the year
2005 to 2020 by [21]. Autoregressive Integrated Moving Average forecasting of the overall prime
energy demand was more steadfast over the summing up of the individual predictions. The results
are a sign of the average yearly increase rates of entity energy resources and the overall prime energy
will diminish except wood and bio remains to hold pessimistic growth rate. A novel method for
predicting the rising trend in an optimized univariate discrete grey forecasting method is assumed to
predict the sum of energy making as well as utilization and a new Markov model built upon quadratic
programming technique is projected for predicting the energy production and consumption trend in
China for the year 2015 and 2020. The projected models are able to efficiently imitate and predict the
overall quantity and structure of energy production and consumption [22]. To predict energy usage in
Jordan using yearly data for 1976-2008, ref. [23] used ANN analyses. Four independent variables viz.
Population, exports, GDP and imports are employed to predict the energy utility. The outcome tells
that the predictable energy use for Jordan will get to 8349, 9269, 10,189 Ktoe for the years 2015, 2020 and
2025 respectively. The authors perform energy modelling and forecasting of Turkey’s existing need
for evaluating choices for meeting the socio-economic variables using regression and artificial neural
networks. Four dissimilar representations including different variables were used for this purpose. As a
result, Model 2 was found to be the appropriate ANN model comprising four independent variables
to competently guesstimate Turkey’s energy consumption. And the model envisioned healthier than
that of the regressive models and also the additional three models from ANN [24]. An inclusive
forecasting solution is portrayed by Hyndman et al. [25]. The author reveals and emphasizes the
significance to prevent myocardium dysfunction, which is the most general way of death globally.
He says 50,000,000 people are vulnerable to cardiac diseases around the world. He collected 744
fragments of ECG signals for one lead, ML II, from 29 patients and he proposed a new model which
comprised of longer fragments reveals of ECG signal and the spectral density was estimated using
Welch significance to prevent myocardium dysfunction and enables the efficient recognition of heart
disorders [26]. Plawiek et al. compares selected approximations of five concentration levels of phenol.
The semiconductor gas sensors” outcome formed input vectors for further work. Prior data processing
encompassed principal component analysis, data standardization and data normalization in addition
to data reduction. Nine systems were made into a single system using fuzzy systems, neural networks
and also some hybrid systems. Every system was validated upon the complexity and accuracy. By
the combination of the three principal components the input vector was formed. They applied and
compared as many as nine CI models for the phenol concentration analysis developed from the
metal oxide sensor using signals [27]. The authors propose MARKAL model which takes care of the
allocations for various energy sources in India, for the Business As Usual (BAU) scenario and for the
case of exploitation of energy. In this scenario, the demand for electrical energy will shoot up every
year unto 5000bKwh of the installed capacity with major clients being the domestic, industrial and
the service sectors [28]. So as to obtain accurate and enhanced energy consumption for buildings,
extreme deep learning approach is given in this article. The model proposed clubs stacked auto
encoders with the machine learning to exploit its characteristics. To obtain precise prediction results
ELM is used as a predictor. The partial autocorrelation analysis method is adopted to determine the
input variables of this deep learning model [29]. In Italy the influence of economic and demographic
variables on the yearly electricity consumption was examined with the intention to develop long-term
electricity consumption model. Forecasting models were developed using different regression models
as gross domestic product and other input variables [30]. Turkey’s energy consumption was forecasted
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based on the demographic and socio-economic variables viz., GDP, population, import, export and
employment using regression and ANN [31].

Machine learning is one of the effective methods for pattern recognition in big data.
These algorithms find the patterns in the data by nature and help making better predictions and
critical decisions in Energy load, peak and price forecasting, image processing, face recognition,
motion and object detection, tumour detection, predictive maintenance, natural language processing.
Gajowniczek et al. has proposed a data mining technique to find out the electricity peak load for the
country by representing the same as a pattern recognition research problem rather than a time series
forecasting problem by using ANN. The main innovation is that they detect 96.2% of the peak electricity
load accurately up to a day ahead [32]. Singh et al. also presented a data mining model to predict
the trend in energy consumption pattern that describe the domestic device usage in connection with
hourly, daily, weekly, monthly yearly basis as well as domestic device to domestic device linkages in a
house. They proposed unsupervised data clustering and frequent pattern mining analysis on energy
time series. Bayesian network prediction was referred for energy usage forecasting. The accuracy of
the results outperformed SVM and MLP’s accuracy of 81.82%, 85.90% and 89.58% for 25%, 50% and
75% of the size of the data used for training respectively [33].

Thus the literature review of three decades reveals that various technologies and applications
were used to predict energy consumption in various sectors which helped us to utilize the proposed
approach in computing the energy consumption for India.

The main contribution of this article is that it provides

e A point forecast for the total electricity consumption for the upcoming years up to 2030 is
determined which in turn will help the energy planning in a holistic approach for the nation.

e Aninsight to the policy makers at bridging the gap between the forecasted and the actual data
for future.

e The major contribution of the article is that it emphasizes the researchers to get to know the basic
statistical models before proceeding to the advanced packages.

The goal of the study is to forecast the short-term TEC of India using the basic and reliable
methodologies which seems to be much better than the advanced methods in forecasting the energy
consumption of India. The corresponding author has done a forecast of energy consumption of a state
in India, Tamil Nadu, in a smaller scale during his post-graduation; which actually is the motivation of
the research. Apart from that the authors reviewed many studies pertaining to energy consumption
of Turkey, Jordan and China and so forth. which motivated them to undertake the study for India.
Dr. Iniyan is the Research supervisor of the corresponding author and is a veteran in this field of
energy planning, who has taken up various projects and is also a voracious publisher and is one of
the major sources of inspiration. The data used for the analyses is sometimes carried over from the
year 1970. Forecasted outcome reveal that it holds good on the historical data taken for the analysis.
With the intervention of new methods, there are areas for probable potential enhancement. An added
region for progress would be to optimize the forecast further. For India the energy consumption is
forecasted for the year 2030 and this shall be done even for years down the lane from then on that is,
long time forecasting.

2. Materials and Methods

Data driven models are those which use available prior data to forecast energy behaviour.
To perform this, a database is established to train the models, by combining dissimilar techniques for
predicting the energy consumption. Among the data driven models the most popular are black-box
based approaches which shall be used for energy prediction and forecasting in which regression model,
multiple linear regression model, decision trees, ANN, support vector machine and various other
optimization techniques shall also be employed. By utilizing the black-box approach the present study
is performed with the major objective of predicting the Total Electricity Consumption (TEC) in industry,
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agriculture, domestic, commercial, traction railways and other sectors of India for the year 2030;
using linear programming, multiple linear programming, correlation, exponential smoothing, Holt’s,
Brown’s and expert model using the independent variables viz., population, GDP and GDP/capita.
GDP and population are two vital independent variables which are proven to be playing an important
role in energy load forecasting in the literature among various countries. Both of the variables are
closely, positively and comparatively highly correlated with energy consumption. The predicted value
of TEC is compared to that of the actual value of Energy Statistics data of 2017.

This study is also attempted to get back to the basics and reliable methodologies which are
sometimes much better than the advanced methods which are basically built upon these methodologies
for some of the simple key research problems such as forecasting the energy consumption of Republic
India. Nevertheless several other advanced and multifaceted techniques are also in place. The key
features are (a) it provides a point forecast for the energy consumption values for the upcoming years
with demonstrated errors and (b) the gap between the forecasted and actual data are analysed in
close intervals. The data used for the analyses is considered only from the early 1960s and 1970s.
With the intervention of new methods, there are areas for probable potential enhancement in near
future. An added region for progress would be to optimize the forecast further. For India the energy
consumption is forecasted for the year 2030 and this shall be done even for years down the lane from
then on that is, long time forecasting. The software used in the analyses is SPSS which stands for
‘Statistical Package for the Social Sciences” which was developed by IBM. The various curve estimations
and other analyses used for forecasting is carried out by IBM SPSS Statistics 20. The Linear, Compound,
Logarithmic and Power curves are also fitted using this tool. Microsoft Excel is also used for various
other analyses. The device on which the analysis is carried out configures 2.00 GHz Intel Core2 Duo
Processor, with a memory of 4096 MB and a hard drive of 320 GB.

Total Energy Consumption for the period 1960-2013 for sectors such as industry, agriculture,
commercial, domestic, traction railways and others were obtained from various energy statistics
reports of Ministry of Statistics and Programme Implementation (MOSPI), Gol. The year wise data for
the population, GDP per capita and GDP were also obtained from various other sources and other
different departments of the Gol [34].

After the independence of the country, that is, in 1947 the TEC is observed to be 4182 GwH.
At that time the domestic sector consumed around 10% of the overall and industrial sector consumed
almost 71%, these two were the major players till the end of the 3rd plan. During the 1968-1969 that is,
during the 3rd Annual plan the domestic sector experienced a dip compared to that of the agriculture
sector and the Industrial and agriculture sector were found to be the major consumers till the end of
the 9th plan that is, 2001-2002. During that point of time industrial sector consumed around 43% and
the agriculture sector engulfed 21.8% which is just short of domestic sector 21.27%. Again from the
end of the 19th plan till the end of the 12th plan that is, from 2001-2002 to 2016-2017 the domestic
sector again started consuming more compared to the agriculture sector which was found to be 24.11%
compared to agriculture’s 18.01%. Nevertheless the Industries have always been the major consumer
since independence till date even though a decreasing trend is noticed overall. The traction sector in
India has always followed a decreasing trend apart from a few periods which has also shown only a
feeble increase. The Miscellaneous sector (others) has increased lately to 6.45% since independence
compared to its 5.24% even though it is not a key consumer. This is an overview of the sector wise
total energy consumption for India since 1947 as demonstrated in Figure 1.

102



Energies 2018, 11, 3442

E;‘ During financial year ending with Domestic :ﬁ a::l commerchl % 1o Total| Industrial] :; ::I Traction| 2_: ::I ‘Agriculture] ?nl“;l Misc.| '?"MN;I Totall
1 187 423 1011 178 4.26] 2060 70.78| 21| 682 125 299 219 5.24 4182
2 1950 525 9.36] 309 551 4057 72.32] 308 5.49) 162 2.89) 249 a0 5610)
3 1956-56 (End of the 1st Plan) 934 9.20] 546| 5.8 7514 74.03] 405 3.99) 31| 3n a3 429 10150
4 1960-61 (End of the 2nd Plan) 1492 888 848 505 12547 74.67| 454 270 833) 496 630 3.75 16804
5 [1965-66(End of the 3rd Plan) 2055  7.79] 1650 542 22596 79| 1057|347 1892 621 905| 2,97 30455
6 1968-69(End of the 3 Annual Plans) 3184 7.69 2126| G514 20031 7231 1247 30 3465| 8.37] 1439 3.48 41392)
7 [1973-74(End of the 4ih Plan) 4645 8.36] 2980) 538  377e1|  68.02] 1531 276 6310 113§ 2202( 413 56657
8 [1978-79(End of the 5th Plan) 7576)  9.02| 4330 616 64440 6481 2186 2.60 12028)  14.32) 3445|410 84005
o 1979-80(End of the 2 Annual Plans) 8402 .85 4657 5.46| 63206  62.35| 23m| 270 13452 15.76) 331§ 3.89| 85334
10 [1984-85 (End of the 6th Plan)} 15506  12.45| 6937| 5.57| 73520 59.02| 2880, 2.3 20961 16.83| 4765 3.83 124569
11 |1989-90 (End of the 7th Plan} 20577 15.16] 0548 480 100373 51.45 4070, 2.09 44066) 22,58 Tar4| 383 195098
12 |1991-92(End of the 2 Annual Plans) 36854 1551 12032 520 110844 4794 4520|196  58567| 26533 9304] 406 231201
13 [1996-97(End of the th Plan) 65267  17.53] 17519 556 130263 44.17| 6594 2.00 84019 26,65 12642 401 315294
14 2001-02(End of the $th Plan) 79694 21.27| 24139 6.44| 150507 4257 8106  2.16| 81673 21,80 21561 5.75] 374670
15 [2008-07(End of 10th Plan ) 111002)  21.12] 40220 7.65 241216 4589 10800  2.05| 99023  18.84  23am 4.45 525672|
16 [2011-12 (End of 11th Plan) 171104| 21.79) 85381 833 350001| 4487 14208 181 140960  17.95|  41252| 5.25] 785194
17 [2016-17 (End of 12th Plan) 255826)  24.11 89825| 846 440206 41.48| 15683 148  191151| 1804| 68493| 6.5 1061183
18 [anr-1e@ 273650|  24.20] 96141 851 468825 41.48) 14356) 1.27) 204203] 1808] 73070 6.7 1130244

Figure 1. Category wise TEC growth in India (1947-2018).

The graphical representation of the Domestic, Commercial, Industrial, Agricultural and Traction
sectors for the period 2000-2018 has been shown in Figure 2. The value for the year 2018 is an estimated
value compared to all the other values. The industrial sector has seen a steep increase since the start of
the century which usually will be the case for any country. And all the other sectors have shown a
gradual increase. The agriculture and the domestic categories have shown some fluctuations whereas
the other sectors have shown a steady increase.

214121 )
199808 191151

168913 173185 e
" -

104293

—

—
— 7839
68719 gs3gy TI7S4 TR247
59297
o sssss 5358

4
1 seo37 ssmes 96141

35965 4022

50000 2201 31381
TSNS TRAM RIS 10800 11108 19303 12407 13086 14206 14100 1S540 14177 L6 azem A0S

°mumzmsmmmmmmmmmumumumumumumumu

~——Domestic 75629 79684 83355 89736 95659 100090 111002 120918 130056 144246 156016 171104 183700 159842 217405 238876 255826 273550
———Commercial 22545 24140 25437 28201 31381 35065 40220 46685 53543 59297 G8719 65381 72794 74247 78391 86037 89825 96141
———Industrial 159306 159507 168821 181970 199449 214121 241216 265407 279656 290255 301256 352291 365989 384418 418346 423523 440206 468825

Agriculture  B4729 B1673 84486 B7089 88355 90292 99023 104182 107776 119320 123389 140960 147452 152744 168913 173185 191151 204293
e Trmction 8213 8106 8797 H210 9455 9944 10800 11108 11808 12407 13085 14206 14100 15580 16177 16594 15683 14356

Figure 2. Sector wise Energy Consumption since the Century (2000-2018).

By the end of India’s 12th plan the split among all the sectors is shown above in Figure 3.
The domestic and the agriculture which were going hand to hand, few decades earlier were found
to show a visible contrast of over 6% between them. The industrial sector’s consumption over the
years has decreased considerably even though it happened to be the vital consumer of all the sectors.
And the same trend is expected to continue over the years which might transform India from being an
Agriculture based economy.
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Figure 3. India’s Electricity Consumption by the end of 12th Plan (31 March 2017).

The category wise electricity consumption of India compared to other developed and developing
countries are analysedin Figures 4 and 5, along with the International Energy Agency’s report for
the year 2015. India falls short of China and the US in terms of GWh in almost all the sectors except
the agriculture sector. When compared to the European Union, India consumes electricity more in
the agriculture sector and the others sector which is quite evident, since India is a tropical country
and is agriculture based. India consumes 173,185 GWh of electricity which is higher than China’s
103,983 GWh which comes next. In the commercial sector US is the major electricity consumer, it tops
the list with 1,359,480 GWh. US consumes 1,401,616 GWh in the residential sector which is almost the
consumption of the Chinese republic’s 756,521 GWh and European Union’s 795,406 GWh combined,
in spite of world’s highly populous nations such as China and India. In the transport category China’s
179,638 GWh electricity consumption stands out way ahead of the Russian federation’s 82,120 GWh,
which is the second largest consumer. China is also the top consumer in the industrial sector in terms
of electricity which is 32,121,168 GWh which is more than 26% of the whole world.

Energy Statistics brings out energy indicators meant for the practice of policy framers and for
wide-ranging coverage. Indicators participate in a critical job by transforming the data to useful
information for the plan makers and also aid in the process of making decisions. List of indicators
identification depends upon various factors such as lucidity, technical validity, strength, sensitivity and
the degree to which they are gelled to each other. No single factor can determine everything since each
indicator needs different set of data. GDP is the country’s broadest quantitative gauge of total economic
activity. In specific GDP tells us the financial value of all the goods and services manufactured within
the country’s borders over a time span [34]. The data in the study has been gathered from the respective
ministries of the Government of India (Gol). Energy intensity’s value has dipped over the latest ten
years which might be ascribed to the quicker increase of GDP than the energy need.

104



Energies 2018, 11, 3442

4500000
£000000
3500000
3000000
2500000
§m
1500000
1000000
= nansd
= H B E = =
United

People’
s Russisn COPE

=
““":"cnmm"""::" aly  Jagen Ia-ul“-\:lox:wwh oth et R?rk:u“;:“_ India
Chins 28
i Non-specified (other) ] 32591 1003 [:] 202 29573 2999 (] 166529 740114 3245 0 319753 31 3561 62976
 Agriculture forestry 2553 9728 8009 0 5488 2213 11646 4085 38091 588836 SS16 26871 103983 16257 48382 173LES
W Commercial and public services 67126 118122 146260 145872 92085 326740 152278 935680 13554504492158 27228 134084 304652 152172 834541 86037
w4 Residentisl 59273 169016 152441 128700 66187 267638 63802 108157 1016165465703 37463 131315 756521 146538 795406 238876
@ Tranzport 5472 5157 10178 11279 10856 17934 2217 4476 BS72 417461 3447 2768 179638 B2120 62425 16594
W Industry TEBS4 168451 107019 224880 112665 305136 262369 92452 BO6248 8496090 121562 196612 3212168 329000 996363 423523
Souwrce: - International ney [1EA) Indis

Figure 4. Category-wise Electricity Consumption across various countries (2015).

100.00
80.00
80.00
T0.00
€0.00
B
§ H-
¥
< 40.00
30,00
20.00
10,00
0.00
Unite Unite ..‘I Rumis  Ewrcp
Austrs  Canad Germa d South n ean
e o Fronce TUEY haly  lepan  Kores d  Word N Brarl  Repub = India
gl tes Adeics ot ¥ m“" “_"”z?
om b
i Non-zpecified [sther) 0.00 6.48 0.24 0.00 o.o7 32 081 0.00 480 365 164 0.00 5.56 0.03 [BL] 629
W Agriculture/forestry i 183 188 0.00 15 0 235 135 im pL T 5.47 AL 224 177 1ux
@Commercisl and public services 3177 2348 3442 2902 3203 3442 3074 3093 3556 2224 1372 2727 625 2095 3045 A9
i Rezidential 2805 3350 3588 2500 23.02 2820 1288 3571 3707 2706 1888 2671 1551 2018 29.02 2386
w Transport 159 103 280 219 378 1e9 025 128 023 07 ima 0.56 38 1M 228 LE6
o Industry 3639 3348 2519 4369 3909 3215 5297 3053 2132 4206 6125 3999 6587 4530 3635 430
Sowrce: & A (1EA)

Figure 5. Category-wise % Shares in Electricity Consumption across various countries (2015).

3. Results

3.1. Linear Regression

In order to predict the influencing variable on Total Electricity Consumption (TEC) for India,
Linear Regression is used initially. GDP, Population and GDP per Capita are taken as the input
variables which are used one by one in linear regression to predict TEC.

The distance between the actual value and the mean is calculated and also the distance between
the estimated line and its mean is calculated in the regression line. The comparison between the two
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values that is, the difference between the actual and mean and the difference between the estimated
and the mean gives the R? value.
1 — R% = {SSR/SST)

SSR refers to the residual sum of squares and SST refers to the total sum of squares.

The standard error of the estimate is the distance between the estimated and the actual value.
The constant value is actually the ‘y” intercept of the line. The independent value is the slope of the
regression line; since the line is linear the slope is also constant. The significance is the actual ‘p’ values.

Standard Error (y/n) = o

where o refers to the standard deviation, n refers to the sample size.

3.1.1. Population

As depicted in Table 1, the constant value is —591,193.3447. The independent value that is,
the slope of the regression line is 959,469.219; since the line is linear the slope is also constant.
The regression equation usually frames a prediction and the precision of the prediction is calculated by
means of the standard error. It also measures the scatter or dispersion of the observed values around
the regression line.

Y =959,469.219X — 591,193.347 is the regression equation.

Table 1. Summary of the model with Population as the variable.

Ind. Variable R Square Std. Error Constant Slope Significance
Population 0.845 89,127.342 —591,193.347  959,469.219 0.000
3.1.2. GDP

As illustrated in Table 2, the constant value is 53,096.385. The independent value that is, the slope
of the regression line is 417,965.826; since the line is linear the slope is also constant.
Y =417,965.826X — 53,096.385 is the regression equation.

Table 2. Summary of the model with GDP as the variable.

Ind. Variable R Square Std. Error Constant Slope Significance
GDP 0.957 46,784.201 53,096.385 417,965.826 0.000

3.1.3. GDP per Capita

The constant value is —2457.344. The independent value that is, the slope of the regression line is
959,469.511; since the line is linear the slope is also constant as in Table 3.
Y =546.511X — 2457.344 is the regression equation.

Table 3. Summary of the model with GDP per capita as the variable.

Ind. Variable R Square Std. Error Constant Slope Significance
GDP/Capita 0.951 50,234.297 —2457.344 546.511 0.000

When we forecast Total Electricity Consumption (TEC) using three variables, the GDP plays an
important role and it predicts better the Total Electricity Consumption than the GDP per Capita and
the population. The R? value for GDP and TEC is 0.957 whereas between GDP per capita and TEC
it is only 0.951. When compared with Population and TEC it is even as lower as 0.845. Hence it is
concluded that GDP foresees TEC better. The lowest std. error, 46,784.201 of all the three is also with
the GDP.
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3.2. Multiple Linear Regression

To forecast the TEC of electricity for 2030, multiple linear regression method is used now, taking in
account the yearly GDP per capita, GDP and historical population data, as in the case of Turkey.
During most of the situations, multiple independent variables might be used to predict the significance
of a dependent variable for which we use multiple regression. In multiple regression, GDP and
Population are taken simultaneously as the predicting variables. Multiple variable regression analysis
establishes a relationship between a dependent variable (in this work Total Energy Consumption
(TEC)) and two or even more than two independent variables that is, the predictors, population and
GDPutilized an application technique for yearly consumption forecasting algorithm on the smart new
intelligent electronic devices using multiple regression method which is put into practice in addition
to recursive least square.

TEC = (332,023.240) Population + (302,638.253) GDP — 185,039.015is the regression equation from
Table 4.

Table 4. Summary of the model with both Population and GDP as the variable.

Ind. Variable R Square Std. Error Constant Slope Significance
Population 0.986 27,442.309 —185,039.015 332,023.240 0.000
GDP 0.986 27,442.309 —185,039.015 302,638.253 0.000

With one independent variable of population the R? is 0.845 and with that of GDP it is 0.957,
whereas with two independent variables GDP and population combined, in multiple linear regression
the R? increases to 0.986. The standard error of 46,784.201 with one variable, GDP drops to 27,442.309
with two variables. Lower is better. The GDP’s standard error is almost less than half of the population’s
error. So GDP is again the better predictor in terms of Linear Multiple Regression.

3.3. Correlation Analysis

Almost all the independent variables exhibit a higher degree of correlation against the dependent
variables, the analysis of correlation from Table 5 illustrates that there is positive high correlation
between population and TEC. The Pearson correlation coefficient is found to be 0.919. From Figures 6-8,
the analysis of correlation between GDP and TEC proves that there is a very high positive correlation.
The Pearson Correlation Coefficient is found to be 0.978 Whereas the correlation between GDP per
capita and TEC demonstrates that there is a positive comparatively low correlation between GDP and
TEC. The Coefficient is found to be 0.975.

Table 5. Correlation Matrix.

Variables TEC Outcome Direction
Population 0.919 High correlation Positive
GDP 0.978 Very high correlation Positive
GDP/Capita 0.975 High correlation Positive

107



Energies 2018, 11, 3442

10000001
o
g °
800000 o
]
2 o
2
£ 600000 -
3 o
z o
3
E o
- o
frr} oon
Z 00000
= nDO
00
200000 502
00°
Moocoooooo
w T I Li 1
6000 8000 1.0000 12000
Population
Figure 6. Plot between Population and TEC.
1000000-]
o
g °
800000 o
3
2 o
@
£ 500000~ 2
(5] o
Z o
o
'E o
)
9 4p0000-
[ o °
E %
2000001 &
" o000 50000 100000 150000 200000
GDP
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3.4. Simple Exponential Smoothing

If the time series vary about base level, simple exponential smoothing might be bring into play
to find good estimates or upcoming value of the same series. To depict this phenomenon, let A; the
smoothed average of a time series. Subsequent to observing x;, A is the anticipate for the value of the
time series during any upcoming period.

e A; =smoothed average at the end of the epoch
o t=ft
e k= for the forecast period (t + k) at the end of the epoch t.

Choose o so that it minimizes the MAD.
The key in equation in simple exponential smoothing is that

Ap=oxe+(1—a) A 1

In the Equation (1), « will be the smoothing constant that suit 0< a>1. To start the forecasting
process, we have got to set a value for Ay before surveying x;. Typically, we let Aj be the experiential
value for the period right away prior the first period. As among moving-average forecasts, we let f;
be the estimate for x; , x ready at the final period t. Then

Ay =y 2)
Pretentious that we attempt to forecast one period ahead, the error for forecasting x; is
Et=xt —fi_11=x¢t — A1 3)

The smoothing constant value considered for the analysis is « = 0.3, 0.4 and 0.5.
The TEC for 2015 was found to be 746,882 MW when « = 0.3 and 793,765 MW when « = 0.4 and
823,941.3 MW when « = 0.5.
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3.4.1. Time Series Modeler—Expert Model (Sector Wise)

In the expert time series modeler it automatically assigns the model best suited based on the
system'’s expertise. For the industrial, agricultural and domestic sectors it has assigned Brown’s model
and it is found to be the appropriate model. For the commercial, traction and others” sector, the expert
model has assigned ARIMA (0,1,0) model; ARIMA (2,1,0) model and ARIMA (0,1,0) respectively,
automatically as the appropriate models as in Table 6. The respective degrees of freedom and other
parameters are shown in Table 7.

Table 6. Summary of Expert model.

Model ID Model Type
Industry Brown
Agriculture Brown
Domestic Brown
Commercial ARIMA (0,1,0)
Traction Railways ARIMA (2,1,0)
Others ARIMA (0,1,0)

Table 7. Summary of the model.

Model Statistics Ljung-Box No. of Outliers
Stationary R? Statistics DF Sig.

Industry 0.281 3.802 17 1.00 0
Agriculture 0.080 49.040 17 0.000 0
Domestic 0.432 6.242 17 0.991 0
Commercial 1.102 x 10715 10.125 18 0.928 0
Traction/Railways 0.331 15.057 17 591 0
Others 5310 x 10~1° 20.114 18 0.326 0

3.4.2. Holt's Model-Exponential Smoothing with Trend

Several models such as Brown’s model, Holt’s model, Expert model and damped trend model
were analysed. And the analysis of the Holt’s model is shown in the Table 8.

Table 8. Summary of Holt’s model.

Model Statistics Ljung-Box No. of Outliers
Stationary R? Statistics DF Sig.

Industry 0.291 2.371 16 1.00 0
Agriculture 0.103 43.582 16 0.000 0
Domestic 0.447 6.536 16 0.981 0
Commercial 0.422 3.726 16 0.999 0
Traction/Railways 0.394 35.017 16 0.004 0
Others 0.434 19.379 16 0.250 0
TEC 0.069 14.250 16 0.580 0

3.4.3. Time Series Modeler (Exponential Smoothing-Brown)

The analysis of the Brown model is shown in the Table 9.
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Table 9. Summary of Brown model.

Model Statistics Ljung-Box No. of Outliers
Stationary R2 Statistics DF Sig.

Industry 0.281 3.802 17 1.00 0
Agriculture 0.80 49.040 17 0.000 0
Domestic 0.432 6.242 17 0.991 0
Commercial 0.421 3.999 17 0.999 0
Traction/Railways 0.393 33.210 17 0.011 0
Others 0.411 23.559 17 0.132 0
TEC 0.067 14.569 17 0.627 0

3.4.4. Time series modeler (Exponential Smoothing—Damped Trend)

The TEC for the years 2019, 2024 and 2030 were forecasted to be 1,162,453 MW, 1,442,410 MW and
1,778,358 MW respectively.
RMSE = \/{Z (Yactual - onrecast)/N}

The Expert model selects different models on its own for different variables and produces the
above mentioned forecast by means of a low root mean square error value, RMSE of 10,734.649 and a
R? value of 0.997 which is comparatively high. And the analysis of the Damped trend model is shown
in the Table 10.

Table 10. Summary of Damped trend model.

Model Statistics Ljung-Box No. of Outliers
Stationary R? Statistics DF Sig.

Industry 0.392 2.365 15 1.00 0.392

Agriculture 0.337 44.861 15 0.000 0.337
Domestic 0.570 6.543 15 0.969 0
Commercial 0.467 3.720 15 0.999 0
Traction/Railways 0.114 34.625 15 0.003 0
Others 0.062 19.223 15 0.204 0
TEC 0.760 14.245 15 0.507 0

The forecasted values are shown in Table 11 for the above mentioned years.

Table 11. Summary of the results and Time line forecasted values for 2030.

Sector Model 2019 2024 2030
Industry Brown 538,089 686,457 864,498
Agriculture Brown 208,891 258,836 318,770
Domestic Brown 259,381 321,054 395,062
Commercial ARIMA 115,130 172,213 279,201
Traction/Railways ARIMA 20,554 26,906 465,523
Others ARIMA 68,072 100,343 37,404

TEC Brown 1,162,453 1,442,410 1,778,358

3.5. Moving Average

The three years’ four years’ and five years’ moving average for the time period of 1974-2014 is
computed here and shown in Figure 9. The values were found to be 830,696, 796,620 and 759,825 MW
respectively for the year 2014.
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Figure 9. Chart for moving average method (1971-2014).

Moving average is one method which is very much suitable for short-term load forecasting, STLE.
The forecast of the fourth year is the average of the first three years and so on.

3.6. Weighted Moving Average

The three years’” and four years” weighted moving average for the time period 19712015 is
calculated here. The values were found to be 786,587.1 and 765,421.5 MW respectively for the year
2015 in Figure 10.
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Figure 10. Chart for Weighted moving average method (1971-2015).

For the three years weighted moving average the « value for the previous three years were 0.5,
0.3 and 0.2 respectively. The higher « value is allotted to the immediate month since it influences the
outcome more than that of the previous values. For the four years weighted moving average the «
value for the previous four years assigned were 0.4, 0.3, 0.2 and 0.1 respectively. It is made sure that
the « values add up to 1.
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3.7. Curve Estimation

3.7.1. Linear Model

This Table 12 presents the regression coefficients and it is to be made a note of that, the correlation
will be of negative value when the slope is negative. The following linear regression equation is
determined by these coefficients.

y = —31,615,881.66 + 16,010.77x

Table 12. Summary of Linear model.

. Summary of the Model Parameter Estimates
Equation
R? dfl df2 Sig. Constant
Linear 0.844 1 42 0.000 —31,615,881.66

Series 1 in the Figure 11 is the actual TEC and the series 2 is the linear forecast. The forecasted
value for the linear curve fitting model for 2030 is 885,981.44 MW.
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Figure 11. Chart for Linear method (1971-2030).

3.7.2. Compound/Exponential Model

The Table 13 represents the regression coefficients and it is to be taken into account that,
the correlation will be in the negative side when the slope is of negative value. The following
regression equation is made out of these coefficients.

y = 41,116.428¢"07

Table 13. Summary of the model.

. Summary of the Model Parameter Estimates
Equation
R? df1 df2 Sig. Constant
Comp./Exp.  0.991 1 42 0.000 41,116.428
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The forecasted value for the compound curve fitting model for 2030 is 2,741,903.862 MW is plotted
in Figure 12.
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Figure 12. Chart for Exponential method (1971-2030).
Similarly the regression equations for several other models shall also be interpreted.

4. Discussion

The measure of the adequacy of the fit is determined by the sample correlation (r) between the true
value and responses got out of the fit. The sample correlation’s square is worked out readily out of the
statistical package in the ANOVA and is termed the coefficient of determination (R?). The coefficient
of determination is computed directly by estimating Pearson’s correlation ‘r’ between the predicted
and the actual data. The coefficients of determination are generally expressed in terms of percentage.
The value of R? lies in between 0% and 100%. The nearer the value to the upper bound; the healthier
will be the fit [35].

LEAP and Holt’s exponential smoothing method were also employed to estimate the electricity
energy demand for 2030 in Maharashtra, India in that study. ANN, multiple regression approaches
and ANOVA were used. It is evident from the analysis of variance in this article that the regression
method is able to forecast the cutting forces with a higher accuracy [36] which supports the present
study. An optimal renewable energy model, OREM for India was evolved for the year 2020-2021
to meet the increasing energy requirements [37]. An optimization model for various end-uses was
formulated by determining the optimum allocation of renewable energy for 2020-2021, by considering
the energy requirement of the commercial sector. This study revealed that the social acceptance
of bio resources increased by 3% and solar PV utilizationdecreased by 65% [38].Various energy
demand forecasting models were reviewed by [39] and found that traditional methods viz., time series
regression, econometric analysis are extensively made use for demand side management whereas the
TEC is calculated for 2030 in this paper. Regression analysis, linear model analysis and R? correlation
value was built by [40] for a curved vane demister which supports the using linear model analysis
of the current study. The utilization of black box approach to forecast the TEC for India is supported
by vast literature among which an optimal renewable energy model for India for 2020-2021 was
presented by distributing renewable energy effectively to help the policy framers in marketing the
renewable energy resources and to determine the optimized allotment of various non-conventional
energy resources for various end-uses. In this study linear as well as multiple regression analysis
proves GDP is again the better predictor in terms of Multiple linear regression. Therefore, a sensible
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energy forecast is needed for the policy framers while taking decision for the future. Thus, the policy
framers need to take this boost in energy usage in mind. It is also recommended that the other energy
forecasting techniques shall also be used to testify the outcome and also energy prediction shall be
recurrently done as the circumstances are dynamic.

Some of the state of art work in the same research area is discussed here

e According to National Energy Map for India: Technology Vision 2030, India’s electricity
consumption will become fourfold from about 1.1 trillion units to 4 trillion units by2030.Brookings
Institution India Centre, in 2013, estimated that the shoot up in global energy consumption is
attributed mainly due to India and China [41].

e Asia-Pacific territory lonely contributes to 79% of the hike in international liquids use, which rises
from 1281.7 Million tons of oil equivalent in 2010 to 1859.3 Million tons of oil equivalent in 2030.
The per capita energy utilization in 2030 for India is expected to rise from 19.58 million Btu to
29.84 million Btu [42].

e  The former Coal and power minister of India, Mr. Piyush Goyal stated in May, 2016 that a possible
10% jump is expected in the annual electricity growth for the next 15 or 16 years [43].

e Sugandha Chauhan (2017) studied electricity demand and reported that it will increase from
1115 BU in 2015-2016 to 1692 BU in 2022, 2509 BU in 2027 and 3175 BU in 2030 reflecting the
higher end of the demand for electricity [44].

e Iniyan et al. 2000. proposed a model that allocates the renewable energy distribution pattern for
the year 2020-2021 for India [45].

5. Conclusions

This work presents the analysis of available data and the predicted one regarding what will be
the Total Electricity Consumption (TEC) of India for the year 2030 using various black box based
approaches. The forecasting of total electricity consumption for the year 2030-2031 for India is found
to be 1,834,349MW while doing so the forecast for 2017 was compared with the actual data given
by Energy statistics, GOI which sits close to the forecasted data. And the expert model is forecasted
to be the best fit that suits the prediction since the R? value is 0.997 which is comparatively high.
Obtained results show that this model is of a high precision. The advantages of the model are that it
can be computed easily with simple statistical software and available in almost every recent statistical
package. Accessibility is not an obstacle and the analysis shall be performed with a device of minimal
configuration. The time taken for running the model is very minimal which is a mere 00:00:00.06 s
(processor time). The disadvantage of the model is that it selects the best suitable model on its
own. The limitation of the work is that we could not apply the popular methodologies of black box
approaches such as Decision Trees, ANN, SVM. There are several other variables such as imports,
exports, villages electrified, pump sets energized and so forth, which has a futuristic scope for further
extensive studies. Energy forecasting can be taken up to the next level, for example, for Asia-Pacific
territory. As the need for energy consumption is constantly increasing in manifolds, it is assumed
that the findings and forecasts given in this article would be of use to the policy makers and energy
strategists to evolve future scenarios for the Indian electricity consumption which should focus greatly
in further increasing the overall share of renewable energy resources compared to the conventional
sources of the installed capacity as well as in the consumption pattern. The future research may
be done considering more input variables such as the quantum of CO, emission, GNP per capita,
consumer price index, power consumption per capita, wholesale price index, imports, gross domestic
savings, exports and so forth. Other methodologies such as computational intelligence forecasts,
beyond point forecasts, combined forecasts may also be applied in short term load forecasting of the
electrical energy demand.
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Abstract: A stable power supply is very important in the management of power infrastructure.
One of the critical tasks in accomplishing this is to predict power consumption accurately, which
usually requires considering diverse factors, including environmental, social, and spatial-temporal
factors. Depending on the prediction scope, building type can also be an important factor since the
same types of buildings show similar power consumption patterns. A university campus usually
consists of several building types, including a laboratory, administrative office, lecture room, and
dormitory. Depending on the temporal and external conditions, they tend to show a wide variation
in the electrical load pattern. This paper proposes a hybrid short-term load forecast model for an
educational building complex by using random forest and multilayer perceptron. To construct this
model, we collect electrical load data of six years from a university campus and split them into
training, validation, and test sets. For the training set, we classify the data using a decision tree
with input parameters including date, day of the week, holiday, and academic year. In addition,
we consider various configurations for random forest and multilayer perceptron and evaluate their
prediction performance using the validation set to determine the optimal configuration. Then,
we construct a hybrid short-term load forecast model by combining the two models and predict the
daily electrical load for the test set. Through various experiments, we show that our hybrid forecast
model performs better than other popular single forecast models.

Keywords: hybrid forecast model; electrical load forecasting; time series analysis; random forest;
multilayer perceptron

1. Introduction

Recently, the smart grid has been gaining much attention as a feasible solution to the current
global energy shortage problem [1]. Since it has many benefits, including those related to reliability,
economics, efficiency, environment, and safety, diverse issues and challenges to implementing such a
smart grid have been extensively surveyed and proposed [2]. A smart grid [1,2] is the next-generation
power grid that merges information and communication technology (ICT) with the existing electrical
grid to advance electrical power efficiency to the fullest by exchanging information between energy
suppliers and consumers in real-time [3]. This enables the energy supplier to perform efficient energy
management for renewable generation sources (solar radiation, wind, etc.) by accurately forecasting
power consumption [4]. Therefore, for a more efficient operation, the smart grid requires precise
electrical load forecasting in both the short-term and medium-term [5,6]. Short-term load forecasting
(STLF) aims to prepare for losses caused by energy failure and overloading by maintaining an active
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power consumption reserve margin [5]. It includes daily electrical load, highest or peak electrical load,
and very short-term load forecasting (VSTLF). Generally, STLF is used to regulate the energy system
from 1 h to one week [7]. Accordingly, daily load forecasting is used in the energy planning for the
next one day to one week [8,9].

A higher-education building complex, such as a university campus, is composed of a building
cluster with a high electrical load, and hence, has been a large electric power distribution consumer in
Korea [10-12]. In terms of operational cost management, forecasting can help in determining where,
if any, savings can be made, as well as uncovering system inefficiencies [13]. In terms of scheduling,
forecasting can be helpful for improving the operational efficiency, especially in an energy storage
system (ESS) or renewable energy.

Forecasting the electrical load of a university campus is difficult due to its irregular power
consumption patterns. Such patterns are determined by diverse factors, such as the academic schedule,
social events, and natural condition. Even on the same campus, the electrical load patterns among
buildings differ, depending on the usage or purpose. For instance, typical engineering and science
buildings show a high power consumption, while dormitory buildings show a low power consumption.
Thus, to accurately forecast the electrical load of university campus, we also need to consider the
building type and power usage patterns.

By considering power consumption patterns and various external factors together, many machine
learning algorithms have shown a reasonable performance in short-term load forecasting [3,4,6,8,14-17].
However, even machine learning algorithms with a higher performance have difficulty in making
accurate predictions at all times, because each algorithm adopts a different weighting method [18].
Thus, we can see that there will always be randomness or inherent uncertainty in every prediction [19].
For instance, most university buildings in Korea show various electrical load patterns which differ,
depending on the academic calendar. Furthermore, Korea celebrates several holidays, such as Buddha’s
birthdays and Korean Thanksgiving days, called Chuseok, during the semester, which are counted on
the lunar calendar. Since the campus usually remains closed on the holidays, the power consumption
of the campus becomes very low. In such cases, it is difficult for a single excellent algorithm to make
accurate predictions for all patterns. However, other algorithms can make accurate predictions in areas
where the previous algorithm has been unable to do so. For this purpose, a good approach is to apply
two or more algorithms to construct a hybrid probabilistic forecasting model [14]. Many recent studies
have addressed a hybrid approach for STLE. Abdoos et al. [20] proposed a hybrid intelligent method for
the short-term load forecasting of Iran’s power system using wavelet transform (WT), Gram-Schmidt
(GS), and support vector machine (SVM). Dong et al. [21] proposed a hybrid data-driven model to
predict the daily total load based on an ensemble artificial neural network. In a similar way, Lee and
Hong [22] proposed a hybrid model for forecasting the monthly power load several months ahead
based on a dynamic and fuzzy time series model. Recently, probabilistic forecasting has arisen as
an active topic and it could provide quantitative uncertainty information, which can be useful to
manage its randomness in the power system operation [23]. Xiao et al. [18] proposed no negative
constraint theory (NNCT) and artificial intelligence-based combination models to predict future wind
speed series of the Chengde region. Jurado et al. [24] proposed hybrid methodologies for electrical
load forecasting in buildings with different profiles based on entropy-based feature selection with
Al methodologies. Feng et al. [25] developed an ensemble model to produce both deterministic and
probabilistic wind forecasts that consists of multiple single machine learning algorithms in the first
layer and blending algorithms in the second layer. In our previous study [12], we built a daily electrical
load forecast model based on random forest. In this study, to improve the forecasting performance of
that model, we first classify the electrical load data by pattern similarity using a decision tree. Then,
we construct a hybrid model based on random forest and multilayer perceptron by considering similar
time series patterns.

The rest of this paper is organized as follows. In Section 2, we introduce several previous studies
on the machine learning-based short-term load forecasting model. In Section 3, we present all the steps
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for constructing our hybrid electrical load forecasting model in detail. In Section 4, we describe several
metrics for performance a comparison of load forecasting models. In Section 5, we describe how to
evaluate the performance of our model via several experiments and show some of the results. Lastly,
in Section 6, we briefly discuss the conclusion.

2. Related Work

So far, many researchers have attempted to construct STLF using various machine learning
algorithms. Vrablecova et al. [7] developed the suitability of an online support vector regression
(SVR) method to short-term power load forecasting and presented a comparison of 10 state-of-the-art
forecasting methods in terms of accuracy for the public Irish Commission for Energy Regulation (CER)
dataset. Tso and Yau [26] conducted weekly power consumption prediction for households in Hong
Kong based on an artificial neural network (ANN), multiple regression (MR), and a decision tree
(DT). They built the input variables of their prediction model by surveying the approximate power
consumption for diverse electronic products, such as air conditioning, lighting, and dishwashing.
Jain et al. [27] proposed a building electrical load forecasting model based on SVR. Electrical load data
were collected from multi-family residential buildings located at the Columbia University campus in
New York City. Grolinger et al. [28] proposed two electrical load forecasting models based on ANN
and SVR to consider both events and external factors and performed electrical load forecasting by
day, hour, and 15-min intervals for a large entertainment building. Amber et al. [29] proposed two
forecasting models, genetic programming (GP) and MR, to forecast the daily power consumption of
an administration building in London. Rodrigues et al. [30] performed forecasting methods of daily
and hourly electrical load by using ANN. They used a database with consumption records, logged in
93 real households in Lisbon, Portugal. Efendi et al. [31] proposed a new approach for determining the
linguistic out-sample forecasting by using the index numbers of the linguistics approach. They used
the daily load data from the National Electricity Board of Malaysia as an empirical study.

Recently, a hybrid prediction scheme using multiple machine learning algorithms has shown
a better performance than the conventional prediction scheme using a single machine learning
algorithm [14]. The hybrid model aims to provide the best possible prediction performance by
automatically managing the strengths and weaknesses of each base model. Xiao et al. [18] proposed
two combination models, the no negative constraint theory (NNCT) and the artificial intelligence
algorithm, and showed that they can always achieve a desirable forecasting performance compared to
the existing traditional combination models. Jurado et al. [24] proposed a hybrid methodology
that combines feature selection based on entropies with soft computing and machine learning
approaches (i.e., fuzzy inductive reasoning, random forest, and neural networks) for three buildings in
Barcelona. Abdoos et al. [20] proposed a new hybrid intelligent method for short-term load forecasting.
They decomposed the electrical load signal into two levels using wavelet transform and then created
the training input matrices using the decomposed signals and temperature data. After that, they
selected the dominant features using the Gram-Schmidt method to reduce the dimensions of the
input matrix. They used SVM as the classifier core for learning patterns of the training matrix.
Dong et al. [21] proposed a novel hybrid data-driven “PEK” model for predicting the daily total load
of the city of Shuyang, China. They constructed the model by using various function approximates,
including partial mutual information (PMI)-based input variable selection, ensemble artificial neural
network (ENN)-based output estimation, and K-nearest neighbor (KNN) regression-based output
error estimation. Lee and Hong [22] proposed a hybrid model for forecasting the electrical load
several months ahead based on a dynamic (i.e., air temperature dependency of power load) and a
fuzzy time series approach. They tested their hybrid model using actual load data obtained from
the Seoul metropolitan area, and compared its prediction performance with those of the other two
dynamic models.

Previous studies on hybrid forecasting models comprise parameter selection and optimization
technique-based combined approaches. This approach has the disadvantages that it is dependent on
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a designer’s expertise and exhibits low versatility [18]. On the other hand, this paper proposes data
post-processing technique combined approaches to construct a hybrid forecasting model by combining
random forest and multilayer perceptron (MLP).

3. Hybrid Short-Term Load Forecasting

In this section, we describe our hybrid electrical load forecasting model. The overall steps for
constructing the forecasting model are shown in Figure 1. First, we collect daily power consumption
data, time series information, and weather information, which will be used as independent variables
for our hybrid STLF model. After some preprocessing, we build a hybrid prediction model based on
random forest and MLP. Lastly, we perform a seven-step-ahead (one week or 145 h ahead) time series
cross-validation for the electrical load data.

Dataset Constructor Hybrid Electrical Load Forocasting Model Constructor Daily Electrical Load Forecasting
1 B [ ——
é% Prediction using Classification of Electrical Load Data r7
I!mumal Power ISTM Networks by Partern Similarity i iﬁm“"\ gr‘ Y
(lnuﬂ]"l( on Data i m 'J 'J-\r-

l Construction of Hybnd Forceasting
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Input Varizbles
Configuration

‘\

Weather Information
i/ Max Tewperatuies)
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Figure 1. Our framework for hybrid daily electrical load forecasting.
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3.1. Dataset

To build an effective STLF model for buildings or building clusters, it is crucial to collect their
real power consumption data that show the power usage of the buildings in the real world. For this
purpose, we considered three clusters of buildings with varied purposes and collected their daily
power consumption data from a university in Korea. The first cluster is composed of 32 buildings with
academic purposes, such as the main building, amenities, department buildings, central library, etc.
The second cluster is composed of 20 buildings, with science and engineering purposes. Compared to
other clusters, this cluster showed a much higher electrical load, mainly due to the diverse experimental
equipment and devices used in the laboratories. The third cluster comprised 16 dormitory buildings,
whose power consumption was based on the residence pattern. In addition, we gathered other data,
including the academic schedule, weather, and event calendar. The university employs the i-Smart
system to monitor the electrical load in real time. This is an energy portal service operated by the Korea
Electric Power Corporation (KEPCO) to give consumers electricity-related data such as electricity usage
and expected bill to make them use electricity efficiently. Through this i-Smart system, we collected
the daily power consumption of six years, from 2012 to 2017. For weather information, we utilized the
regional synoptic meteorological data provided by the Korea Meteorological Office (KMA). KMA'’s
mid-term forecast provides information including the date, weather, temperature (maximum and
minimum), and its reliability for more than seven days.

To build our hybrid STLF model, we considered nine variables; month, day of the month, day
of the week, holiday, academic year, temperature, week-ahead load, year-ahead load, and LSTM
Networks. In particular, the day of the week is a categorized variable and we present the seven
days using integers 1 to 7 according to the ISO-8601 standard [32]. Accordingly, 1 indicates Monday
and 7 indicates Sunday. Holiday, which includes Saturdays, Sundays, national holidays, and school
anniversary [33], indicates whether the campus is closed or not. A detailed description of the input
variables can be found in [12].
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3.2. Data Preprocessing

3.2.1. Temperature Adjustment

Generally, the power consumption increases in summer and winter due to the heavy use of
air conditioning and electric heating appliances, respectively. Since the correlations between the
temperature and electrical load in terms of maximum and minimum temperatures are not that high,
we need to adjust the daily temperature for more effective training based on the annual average
temperature of 12.5 provided by KMA [34], using Equation (1) as follows:

Minimumreyy + Maximummeey,,

Adjustedr,, , = |12.5 — 5

@

To show that the adjusted temperature has a higher correlation than the minimum and maximum
temperatures, we calculated the Pearson correlation coefficients between the electrical load and
minimum, maximum, average, and adjusted temperatures, as shown in Table 1. In the table, the
adjusted temperature shows higher coefficients for all building clusters compared to other types
of temperatures.

Table 1. Comparison of Pearson correlation coefficients.

Cluster #
Temperature Type
Cluster A Cluster B Cluster C
Minimum temperature —0.018 0.101 0.020
Maximum temperature —0.068 0.041 —0.06
Average temperature —0.043 0.072 —0.018
Adjusted temperature 0.551 0.425 0.504

3.2.2. Estimating the Week-Ahead Consumption

The electrical load data from the past form one of the perfect clues for forecasting the power
consumption of the future and the power consumption pattern relies on the day of the week, workday,
and holiday. Hence, it is necessary to consider many cases to show the electrical load of the past in
the short-term load forecasting. For instance, if the prediction time is a holiday and the same day
in the previous week was a workday, then their electrical loads can be very different. Therefore,
it would be better to calculate the week-ahead load at the prediction time not by the electrical load
data of the coming week, but by averaging the electrical loads of the days of the same type in the
previous week. Thus, if the prediction time is a workday, we use the average electrical load of all
workdays of the previous week as an independent variable. Likewise, if the prediction time is a holiday,
we use the average electrical load of all holidays of the previous week. In this way, we reflect the
different electrical load characteristics of the holiday and workday in the forecasting. Figure 2 shows
an example of estimating the week-ahead consumption. If the current time is Tuesday, we already
know the electrical load of yesterday (Monday). Hence, to estimate the week-ahead consumption of
the coming Monday, we use the average of the electrical loads of workdays of the last week.

Mon. Tue.

St Sun. Mon. Tue.

Last week
Current time Forecasting time

Figure 2. Example of estimating week-ahead consumption.
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3.2.3. Estimating the Year-Ahead Consumption

The year-ahead load aims to utilize the trend of the annual electrical load by showing the power
consumption of the same week of the previous year. However, the electrical load of the exact same
week of the previous year is not always used because the days of the week are different and popular
Korean holidays are celebrated according to the lunar calendar. Every week of the year has a unique
week number based on ISO-8601 [32]. As mentioned before, the average of power consumptions of all
holidays or workdays of the week are calculated to which the prediction time belongs and depending
on the year, one year comprises 52 or 53 weeks. In the case of an issue such as the prediction time
belongs to the 53rd week, there is no same week number in the previous year. To solve this problem,
the power consumption of the 52nd week from the previous year is utilized since the two weeks have
similar external factors. Especially, electrical loads show very low consumption on a special holiday
like the Lunar New Year holidays and Korean Thanksgiving days [35]. To show this usage pattern,
the average power consumption of the previous year’s special holiday represents the year-ahead’s
special holiday’s load. The week number can differ depending on the year, so representing the
year-ahead’s special holiday power consumption cannot be done directly using the week number of
the holiday. This issue can be handled easily by exchanging the power consumption of the week and
the week of the holiday in the previous year. Figure 3 shows an example of estimating the year-ahead
consumption. If the current time is Monday of the 33rd week 2016, we use the 33rd week’s electrical
load of the last year. To estimate the year-ahead consumption of Sunday of the 33rd week, we use the
average of the electrical loads of the holidays of the 33rd week of the last year.

Mon. Tue. Sat. Sun.

w OO0 000686000000

\

Week number: 33 o

\

)
Avg, of Holidays’
Electrical Loads

Mon. Tue. Sat. Sun.
2016

’- Week number: 33 —|

Current time Forecasting time
Figure 3. Example of estimating the year-ahead consumption.

3.2.4. Load Forecasting Based on LSTM Networks

A recurrent neural network (RNN) is a class of ANN where connections between units form a
directed graph along a sequence. Unlike a feedforward neural network (FENN), RNNs can use their
internal state or memory to process input sequences [36]. RNNs can handle time series data in many
applications, such as unsegmented, connected handwriting recognition or speech recognition [37].
However, RNNs have problems in that the gradient can be extremely small or large; these problems
are called the vanishing gradient and exploding gradient problems. If the gradient is extremely
small, RNNs cannot learn data with long-term dependencies. On the other hand, if the gradient is
extremely large, it moves the RNN parameters far away and disrupts the learning process. To handle
the vanishing gradient problem, previous studies [38,39] have proposed sophisticated models of
RNN architectures. One successful model is long short-term memory (LSTM), which solves the
RNN problem through a cell state and a unit called a cell with multiple gates. LSTM Networks use
a method that influences the behind data by reflecting the learned information with the previous
data as the learning progresses with time. Therefore, it is suitable for time series data, such as
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electrical load data. However, the LSTM networks can reflect yesterday’s information for the next
day’s forecast. Since the daily load forecasting of a smart grid aims to be scheduled until after a
week, LSTM networks are not suitable for application to the daily load forecasting because there is a
gap of six days. Furthermore, if the prediction is not valid, the LSTM model method can give a bad
result. For instance, national holidays, quick climate change, and unexpected institution-related events
can produce unexpected power consumption. Therefore, the LSTM model alone is not enough for
short-term load forecasting due to its simple structure and weakness in volatility. Eventually, a similar
life pattern can be observed depending on the day of the week, which in return gives a similar electrical
load pattern. This study uses the LSTM networks method to show the repeating pattern of power
consumptions depending on the day of the week. The input variable period of the training dataset
is composed of the electrical load from 2012 to 2015 and the dependent variable of the training set is
composed of the electrical load from 2013 to 2015. We performed 10-fold cross-validation on a rolling
basis for optimal hyper-parameter detection.

3.3. Discovering Similar Time series Patterns

So far, diverse machine learning algorithms have been proposed to predict electrical load [1,3,6,14].
However, they showed different prediction performances depending on the various factors.
For instance, for time series data, one algorithm gives the best prediction performance on one segment,
while for other segments, another algorithm can give the best performance. Hence, one way to
improve the accuracy in this case is to use more than one predictive algorithm. We consider electrical
load data as time series data and utilize a decision tree to classify the electrical load data by pattern
similarity. Decision trees [26,40] can handle both categorical and numerical data, and are highly
persuasive because they can be analyzed through each branch of the tree, which represents the process
of classification or prediction. In addition, they exhibit a high explanatory power because they can
confirm which independent variables have a higher impact when predicting the value of a dependent
or target variable. On the other hand, continuous variables used in the prediction of values of the time
series are regarded as discontinuous values, and hence, the prediction errors are likely to occur near
the boundary of separation. Hence, using the decision tree, we divide continuous dependent variables
into several classes with a similar electrical load pattern. To do this, we use the training dataset from
the previous three years. We use the daily electrical load as the attribute of class label or dependent
variable and the characteristics of the time series as independent variables, representing year, month,
day, day of the week, holiday, and academic year. Details on the classification of time series data will
be shown in the experimental section.

3.4. Building a Hybrid Forecasting Model

To construct our hybrid prediction model, we combine both a random forest model and multilayer
perceptron model. Random forest is a representative ensemble model, while MLP is a representative
deep learning model; both these models have shown an excellent performance in forecasting electrical
load [5,12,15-17].

Random forest [41,42] is an ensemble method for classification, regression, and other tasks.
It constructs many decision trees that can be used to classify a new instance by the majority vote.
Each decision tree node uses a subset of attributes randomly selected from the original set of attributes.
Random forest runs efficiently on large amounts of data and provides a high accuracy [43]. In addition,
compared to other machine learning algorithms such as ANN and SVR, it requires less fine-tuning of
its hyper-parameters [16]. The basic parameters of random forest include the total number of trees to
be generated (nTree) and the decision tree-related parameters (mTry), such as minimum split and split
criteria [17]. In this study, we find the optimal mTry and nTree for our forecasting model by using the
training set and then verify their performance using the validation and test set. The authors in [42]
suggested that a random forest should have 64 to 128 trees and we use 128 trees for our hybrid STLF
model. In addition, the mTry values used for this study provided by scikit-learn are as follows.
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e  Auto: max features = n features.
e Sqrt: max features = sqrt (n features).
e Log2: max features = log2 (n features).

A typical ANN architecture, known as a multilayer perceptron, is a type of machine learning
algorithm that is a network of individual nodes, called perceptrons, organized in a series of layers [5].
Each layer in MLP is categorized into three types: an input layer, which receives features used for
prediction; a hidden layer, where hidden features are extracted; and an output layer, which yields
the determined results. Among them, the hidden layer has many factors affecting performance, such
as the number of layers, the number of nodes involved, and the activation function of the node [44].
Therefore, the network performance depends on how the hidden layer is configured. In particular, the
number of hidden layers determines the depth or shallowness of the network. In addition, if there
are more than two hidden layers, it is called a deep neural network (DNN) [45]. To establish our
MLP, we use two hidden layers since we do not require many input variables in our prediction model.
In addition, we use the same epochs and batch size as the LSTM model we described previously.
Furthermore, as an activation function, we use an exponential linear unit (ELU) without the rectified
linear unit (ReLU), which has gained increasing popularity recently. However, its main disadvantage
is that the perceptron can die in the learning process. ELU [46] is an approximate function introduced
to overcome this disadvantage, and can be defined by:

x ifx>0
fx) = { a(e* —1) ifx<0’ @

The next important consideration is to choose the number of hidden nodes. Many studies have
been conducted to determine the optimal number of hidden nodes for a given task [15,47,48], and we
decided to use two different hidden node counts: the number of input variables and 2/3 of the number
of input variables. Since we use nine input variables, the numbers of hidden nodes we will use are
9 and 6. Since our model has two hidden layers, we can consider three configurations, depending
on the hidden nodes of the first and second layers: (9, 9), (9, 6), and (6, 6). As in the random forest,
we evaluate these configurations using the training data for each building cluster and identify the
configuration that gives the best prediction accuracy. After that, we compare the best MLP model with
the random forest model for each cluster type.

3.5. Time series Cross-Validation

To construct a forecasting model, the dataset is usually divided into a training set and test set.
Then, the training set is used in building a forecasting model and the test set is used in evaluating the
resulting model. However, in traditional time series forecasting techniques, the prediction performance
is poorer as the interval between the training and forecasting times increases. To alleviate this problem,
we apply the time series cross-validation (TSCV) based on the rolling forecasting origin [49]. A variation
of this approach focuses on a single prediction horizon for each test set. In this approach, we use
various training sets, each containing one extra observation than the previous one. We calculate the
prediction accuracy by first measuring the accuracy for each test set and then averaging the results
of all test sets. This paper proposes a one-week (sum from 145 h to 168 h) look-ahead view of the
operation for smart grids. For this, a seven-step-ahead forecasting model is built to forecast the power
consumption at a single time (h + 7 + i — 1) using the test set with observations at several times
(1,2,...,h+i—1). If h observations are required to produce a reliable forecast, then, for the total T
observations, the process works as follows.

Fori=1toT —h —6:

(1) Select the observation at time h + 7 + i — 1 for the test set;
(2) Consider the observations at several times 1,2, - - -, h +i — 1 to estimate the forecasting model;
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(3) Calculate the 7-step error on the forecast for timeh +7 +i — 1;
(4) Compute the forecast accuracy based on the errors obtained.

4. Performance Metrics

To analyze the forecast model performance, several metrics, such as mean absolute percentage
error (MAPE), root mean square error (RMSE), and mean absolute error (MAE), are used, which are
well-known for representing the prediction accuracy.

4.1. Mean Absolute Percentage Error

MAPE is a measure of prediction accuracy for constructing fitted time series values in statistics,
specifically in trend estimation. It usually presents accuracy as a percentage of the error and can be
easier to comprehend than the other statistics since this number is a percentage. It is known that the
MAPE is huge if the actual value is very close to zero. However, in this work, we do not have such
values. The formula for MAPE is shown in Equation (3), where A; and F; are the actual and forecast
values, respectively. In addition, 7 is the number of times observed.
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4.2. Root Mean Square Error

RMSE (also called the root mean square deviation, RMSD) is used to aggregate the residuals into a
single measure of predictive ability. The square root of the mean square error, as shown in Equation (4),
is the forecast value F; and an actual value A;. The mean square standard deviation of the forecast
value F; for the actual value Ay is the square root of RMSE. For an unbiased estimator, RMSE is the
square root of the variance, which denotes the standard error.

T (B - A
n

RMSE = 4)

4.3. Mean Absolute Error

In statistics, MAE is used to evaluate how close forecasts or predictions are to the actual outcomes.
It is calculated by averaging the absolute differences between the prediction values and the actual
observed values. MAE is defined as shown in Equation (5), where F; is the forecast value and A; is the
actual value.

12
MAE:;Z|B—A,| 5)
i=1

5. Experimental Results

To evaluate the performance of our hybrid forecast model, we carried out several experiments.
We performed preprocessing for the dataset in the Python environment and performed forecast
modeling using scikit-learn [50], TensorFlow [51], and Keras [52]. We used six years of daily electrical
load data from 2012 to 2017. Specifically, we used electrical load data of 2012 to configure input
variables for a training set. Data from 2013 to 2015 was used as the training set, the data of 2016 was
the validation set, and the data of 2017 was the test set.

5.1. Dataset Description

Table 2 shows the statistics of the electric consumption data for each cluster, including the number
of valid cases, mean, and standard deviation. As shown in the table, Cluster B has a higher power
consumption and wider deviation than clusters A and C.
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Table 2. Statistics of power consumption data.

L. Cluster #
Statistics
Cluster A Cluster B Cluster C
Number of valid cases 1826 1826 1826

Mean 63,094.97 68,860.93 30,472.31
Variance 246,836,473 269,528,278 32,820,509

Standard deviation 15,711.03 16,417.31 5728.92

Maximum 100,222.56 109,595.52 46,641.6
Minimum 23,617.92 26,417.76 14,330.88
Lower quartile 52,202.4 56,678.88 26,288.82
Median 63,946.32 66,996.72 30,343.14
Upper quartile 76,386.24 79,209.96 34,719.45

5.2. Forecasting Model Configuration

In this study, we used the LSTM networks method to show the repeating pattern of power
consumptions depending on the day of the week. We tested diverse cases and investigated the
accuracy of load forecasting for the test cases to determine the best input data selection. As shown
in Figure 4, the input variables consist of four electrical loads from one week ago to four weeks
ago as apart at a weekly interval to reflect the cycle of one month. In the feature scaling process,
we rescaled the range of the measured values from 0 to 1. We used tanh as the activation function
and calculated the loss by using the mean absolute error. We used the adaptive moment estimation
(Adam) method, which combines momentum and root mean square propagation (RMSProp), as the
optimization method. The Adam optimization technique weighs the time series data and maintains the
relative size difference between the variables. In the configuration of the remaining hyper-parameters
of the model, we set the number of hidden units to 60, epochs to 300, and batch size to 12.

i LSTM Networks Model Daily Load Forecasting an Fridays
Daily Load y_y

Daily Load w_3

Daily Load 10008

Daily Load y_4

Figure 4. System architecture of LSTM networks.

We experimented with the LSTM model [52] by changing the time step from one cycle to a
maximum of 30 cycles. Table 3 shows the mean absolute percentage error (MAPE) of each cluster for
each time step. In the table, the predicted results with the best accuracy are marked in bold. Table 3
shows that the 27th time step indicates the most accurate prediction performance. In general, the
electricity demand is relatively high in summer and winter, compared to that in spring and autumn.
In other words, it has a rise and fall curve in a half-year cycle, and the 27th time step corresponds to a
week number of about half a year.

We performed similar a time series pattern analysis based on the decision tree through 10-fold
cross-validation for the training set. Among several options provided by scikit-learn to construct a
decision tree, we considered the criterion, max depth, and max features. The criterion is a function for
measuring the quality of a split. In this paper, we use the “mae” criterion for our forecasting model
since it gives the smallest error rate between the actual and the classification value. Max depth is the
maximum depth of the tree. We set max depth to 3, such that the number of leaves is 8. In other words,
the decision tree classifies the training datasets into eight similar time series. Max features are the
number of features to consider when looking for the best split. We have chosen the “auto” option
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to reflect all time variables. Figure 5 shows the result of the similar time series recognition for each
cluster using the decision tree. Here, samples indicate the number of tuples in each leaf. The total
number of samples is 1095, since we are considering the daily consumption data over three years.
Value denotes the classification value of the similar time series. Table 4 shows the number of similar
time series samples according to the decision tree for 2016 and 2017.

Table 3. MAPE results of LSTM networks.

Time Step Cluster A Cluster B Cluster C Average
1 9.587 6.989 6.834 7.803
2 9.169 6.839 6.626 7.545
3 8.820 6.812 6.463 7.365
4 8.773 6.750 6.328 7.284
5 8.686 6.626 6.191 7.168
6 8.403 6.695 5.995 7.031
7 8.405 6.700 6.104 7.070
8 8.263 6.406 5.846 6.839
9 8.260 6.583 5.648 6.830
10 8.286 6.318 5.524 6.709
11 8.095 6.438 5.666 6.733
12 8.133 6.469 5.917 6.840
13 7.715 6.346 5.699 6.587
14 7.770 6.263 5.399 6.477
15 7.751 6.139 5.306 6.399
16 7.561 5.974 5.315 6.283
17 7411 5.891 5.450 6.251
18 7.364 6.063 5.398 6.275
19 7.466 6.089 5.639 6.398
20 7.510 5.892 5.627 6.343
21 7.763 5.977 5.451 6.397
22 7.385 5.856 5.460 6.234
23 7431 5.795 5.756 6.327
24 7.870 6.089 5.600 6.520
25 7.352 5.923 5.370 6.215
26 7.335 5.997 5.285 6.206
27 7.405 5.479 5.371 6.085
28 7.422 5.853 5.128 6.134
29 7.553 5.979 5.567 6.366
30 7.569 5.601 5.574 6.248
Table 4. Similar time series patterns.
Cluster A Cluster B Cluster C
Pattern
2016 2017 2016 2017 2016 2017
1 62 62 62 62 62 62
2 14 14 14 14 140 138
3 107 111 107 111 20 20
4 64 58 64 58 25 25
5 14 15 14 15 1 2
6 53 52 53 52 10 9
7 16 16 5 5 99 98
8 36 37 47 48 9 11
Total 366 365 366 365 366 365

The predictive evaluation consists of two steps. Based on the forecast models of random forest
and MLP, we used the training set from 2013 to 2015 and predicted the verification period of 2016.
The objectives are to detect models with optimal hyper-parameters and then to select models with a
better predictive performance in similar time series. Next, we set the training set to include data from
2013 to 2016 and predicted the test period of 2017. Here, we evaluate the predictive performance of the
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hybrid model we have constructed. Table 5 is the prediction result composed of MLP, and MAPE is
used as a measure of prediction accuracy and the predicted results with the best accuracy are marked
in bold. As shown in the table, overall, a model consisting of nine and nine nodes in each hidden layer
showed the best performance. Although the nine and six nodes in each hidden layer showed a better
performance in Cluster A, the model consisting of nine and nine nodes was selected to generalize the
predictive model.

Day of the Week = 5.5
mae = IG?ZI‘H?B

Month < 11.5
1 mnl-llzo.sl:%z
samples: samples =
value = 2T8T1.76
mlzrll..ls'l'z mae = 1491 ,g‘” mu-aszrgg “mae -4713,;'”'
samples = samples = 25 samples = samples = 28
vobie = 2020644 | | value=325005 | | value=273545 | | value=32654.18

(c) Cluster C

Figure 5. Results of similar time series classifications using decision trees.

Table 5. MAPE results of the multilayer perceptron.

Number of Neurons in Each Layer

Cluster #

9-6-6-1 9-9-6-1 9-9-9-1
Cluster A 3.856 3.767 3.936
Cluster B 4.869 5.076 4424
Cluster C 3.366 3.390 3.205
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Table 6 shows the MAPE of random forest for each cluster under different mTry and the predicted
results with the best accuracy are marked in bold. Since the input variable is 9, sqrt and log2 are
recognized as 3 and the results are the same. We choose the sqrt that is commonly used [16,43].

Table 6. MAPE results of random forest.

Number of Features

Cluster #

Auto sqrt log2
Cluster A 3.983 3.945 3.945
Cluster B 4.900 4.684 4.684
Cluster C 3.579 3.266 3.266

Figure 6a—c show the use of forests of trees to evaluate the importance of features in an artificial
classification task. The blue bars denote the feature importance of the forest, along with their inter-trees
variability. In the figure, LSTM, which refers to the LSTM-RNN that reflects the trend of day of the
week, has the highest impact on the model configuration for all clusters. Other features have different
impacts, depending on the cluster type.
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Relative Importance

(b) Cluster B

Figure 6. Cont.
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Figure 6. Feature importance in random forest.

Table 7 shows the electrical load forecast accuracy for the pattern classification of similar time
series for 2016. In the table, the predicted results with a better accuracy are marked in bold. For instance,
in the case of Cluster A, while random forest shows a better prediction accuracy for patterns 1 to 4,
MLP shows a better accuracy for patterns 5 to 8. Using this table, we can choose a more accurate
prediction model for the pattern and cluster type.

Table 7. MAPE results of load forecasting in 2016.

2016 Cluster A Cluster B Cluster C
Pattern MLP RF MLP RF MLP RF
1 3.339 3.092 3.705 2.901 2.736 2.475
2 2.199 1.965 4.395 3.602 2.987 2.731
3 2.840 2.712 3.343 2.990 2.853 2.277
4 4.165 3.472 3.794 3.978 3.517 2.568
5 7.624 9.259 8.606 15.728 4.229 10.303
6 4.617 5.272 5.404 6.172 5.159 4.894
7 3.816 4.548 9.199 8.860 3.686 4718
8 6.108 6.402 5.844 6.768 2.152 2.595

Table 8 shows prediction results of our model for 2017. Comparing Tables 7 and 8, we can see
that MLP and random forest (RF) have a matched relative performance in most cases. There are
two exceptions in Cluster A and one exception in Cluster B and they are underlined and marked in
bold. In the case of Cluster C, MLP and RF gave the same relative performance. This is good evidence
that our hybrid model can be generalized.

Table 8. MAPE results of load forecasting in 2017.

2017 Cluster A Cluster B Cluster C
Pattern MLP RF MLP RF MLP RF
1 2914 2.709 4.009 3.428 2.838 2.524
2 1.945 2.587 3.313 3.442 2.622 2.474
3 2.682 2.629 3.464 3.258 3.350 2.583
4 5.025 4.211 4.005 5.116 2.694 2.391
5 7.103 11.585 9.640 20.718 3.300 15.713
6 4.503 6.007 5.956 7.272 6.984 6.296
7 3.451 3.517 13.958 12.386 3.835 4.443
8 6.834 6.622 7.131 8.106 2.562 3.722
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5.3. Comparison of Forecasting Techniques

To verify the validness and applicability of our hybrid daily load forecasting model, the predictive
performance of our model should be compared with other machine learning techniques, including
ANN and SVR, which are very popular predictive techniques [6]. In this comparison, we consider eight
models, including our model, as shown in Table 9. In the table, GBM (Gradient Boosting Machine) is a
type of ensemble learning technique that implements the sequential boosting algorithm. A grid search
can be used to find optimal hyper-parameter values for the SVR/GBM [25]. SNN (Shallow Neural
Network) has three layers of input, hidden, and output, and it was found that the optimal number of
the hidden nodes is nine for all clusters.

Tables 9-11 compare the prediction performance in terms of MAPE, RMSE, and MAE, respectively.
From the tables, the predicted results with the best accuracy are marked in bold and we observe that
our hybrid model exhibits a superb performance in all categories. Figure 7 shows more detail of the
MAPE distribution for each cluster using a box plot. We can deduce that our hybrid model has fewer
outliers and a smaller maximum error. In addition, the error rate increases in the case of long holidays
in Korea. For instance, during the 10-day holiday in October 2017, the error rate increased significantly.
Another cause of high error rates is due to outliers or missing values because of diverse reasons, such
as malfunction and surge. Figure 8 compares the daily load forecasts of our hybrid model and actual
daily usage on a quarterly basis. Overall, our hybrid model showed a good performance in predictions,
regardless of diverse external factors such as long holidays.

Table 9. MAPE distribution for each forecasting model.

Cluster #
Forecasting Model
Cluster A Cluster B Cluster C

MR 7.852 8.971 4.445
DT 6.536 8.683 6.004
GBM 4.831 6.896 3.920
SVR 4.071 5.761 3.135
SNN 4.054 5.948 3.181
MLP 3.961 4.872 3.139
RF 4185 5.641 3.216
RF+MLP 3.798 4.674 2.946

Table 10. RMSE comparison for each forecasting model.

Cluster #
Forecasting Model

Cluster A Cluster B Cluster C

MR 5725.064 6847.179 1757.463
DT 6118.835 7475.188 2351.676
GBM 4162.359 5759.276 1495.751
SVR 3401.812 5702.405 1220.052
SNN 3456.156 4903.587 1236.606
MLP 3381.697 4064.559 1170.824
RF 4111.245 4675.762 1450.436

RF + MLP 3353.639 3894.495 1143.297

Nevertheless, we can see that there are several time periods when forecasting errors are high.
For instance, from 2013 to 2016, Cluster B showed a steady increase in its power consumption due to
building remodeling and construction. Even though the remodeling and construction are finished at
the beginning of 2017, the input variable for estimating the year-ahead consumption is still reflecting
such an increase. This was eventually adjusted properly for the third and fourth quarters by the
time series cross-validation. On the other hand, during the remodeling, the old heating, ventilation,
and air conditioning (HVAC) system was replaced by a much more efficient one and the new system
started its operation in December 2017. Even though our hybrid model predicted much higher power
consumption for the cold weather in the third week, the actual power consumption was quite low due
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to the new HVAC system. Lastly, Cluster A showed a high forecasting error on 29 November 2017.
It turned out that at that time, there were several missing values in the actual power consumption.
This kind of problem can be detected by using the outlier detection technique.

Table 11. MAE comparison for each forecasting model.

Cluster #
Forecasting Model
Cluster A Cluster B Cluster C
MR 4155.572 4888.821 1262.985
DT 3897.741 5054.069 1708.709
GBM 2764.128 3916.945 1122.530
SVR 2236.318 3956.907 898.963
SNN 2319.696 3469.775 919.014
MLP 2255.537 2795.246 910.351
RF 2708.848 3235.855 1063.731
RF+MLP 2208.072 2742.543 860.989
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Figure 7. Distribution of each model by MAPE.
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Figure 8. Daily electrical load forecasting for university campus.

6. Conclusions

In this paper, we proposed a hybrid model for short-term load forecasting for higher educational
institutions, such as universities, using random forest and multilayer perceptron. To construct our
forecast model, we first grouped university buildings into an academic cluster, science/engineering
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cluster, and dormitory cluster, and collected their daily electrical load data over six years. We divided
the collected data into a training set, a validation set, and a test set. For the training set, we classified
electrical load data by pattern similarity using the decision tree technique. We considered various
configurations for random forest and multilayer perceptron and evaluated their prediction performance
by using the validation set to select the optimal model. Based on this work, we constructed our hybrid
daily electrical load forecast model by selecting models with a better predictive performance in similar
time series. Finally, using the test set, we compared the daily electrical load prediction performance of
our hybrid model and other popular models. The comparison results show that our hybrid model
outperforms other popular models. In conclusion, we showed that LSTM networks are effective for
reflecting an electrical load depending on the day of the week and the decision tree is effective in
classifying time series data by similarity. Moreover, using these two forecasting models in a hybrid
model can complement their weaknesses.

In order to improve the accuracy of electrical load prediction, we plan to use a supervised
learning method reflecting various statistically significant data. Also, we will analyze the prediction
performance in different look-ahead points (from the next day to a week) using probabilistic forecasting.
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Abstract: Artificial Intelligence (AI) has been widely used in Short-Term Load Forecasting (STLF)
in the last 20 years and it has partly displaced older time-series and statistical methods to a second
row. However, the STLF problem is very particular and specific to each case and, while there are
many papers about Al applications, there is little research determining which features of an STLF
system is better suited for a specific data set. In many occasions both classical and modern methods
coexist, providing combined forecasts that outperform the individual ones. This paper presents a
thorough empirical comparison between Neural Networks (NN) and Autoregressive (AR) models as
forecasting engines. The objective of this paper is to determine the circumstances under which each
model shows a better performance. It analyzes one of the models currently in use at the National
Transport System Operator in Spain, Red Eléctrica de Espafia (REE), which combines both techniques.
The parameters that are tested are the availability of historical data, the treatment of exogenous
variables, the training frequency and the configuration of the model. The performance of each model
is measured as RMSE over a one-year period and analyzed under several factors like special days
or extreme temperatures. The AR model has 0.13% lower error than the NN under ideal conditions.
However, the NN model performs more accurately under certain stress situations.

Keywords: short-term load forecasting (STLF); neural networks; artificial intelligence (AI)

1. Introduction

The development of Short-Term Load Forecasting (STLF) tools has been a common topic in the
late years [1-3]. STLF is defined as forecasting from 1 h to several days ahead, and it is usually done
hourly or half-hourly. The application of STLF include transport and system operators that need to
ensure reliability and efficiency of the system and networks and producers that require to establish
schedules and utilization of their power facilities. In addition, STLF is required for the optimization of
market bidding for both buyers and sellers in the market. The ability to foresee the electric demand will
reduce the costs of deviations from the committed offers. These aspects have been especially relevant
in the last decade in which the deregulation of the Spanish market following European directives
has been enforced. In addition, the increasing availability of renewable energy sources, makes the
balancing of the system more unstable as it adds more uncertainty on the producing end. All of these
reasons make STLF a critical aspect to ensure reliability and efficiency of the power system.

Forecasting models use several techniques that can be grouped in Statistical, Artificial Intelligence
and Hybrid techniques. Statistical methods require a mathematical model that provide the relationship
between load and other input factors. These methods were the first ones used and are still
currently relevant. They include multiple linear regression models [4—6], time-series [7-10] and
exponential smoothing techniques [11]. Pattern recognition is a key aspect of load forecasting.
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Determining the daily, weekly and seasonal patterns of consumers is at the root of the load-forecasting
problem. Pattern recognition techniques stem from the context of computer vision and from there,
they have evolved to applications in all fields of engineering in forms of different types of Artificial
Intelligence. These techniques (AI) have gained attention over the last 20 years. Al offers a variety
of techniques that generally require the selection of certain aspects of their topology but they are
able to model non-linear behavior from observing past instances. The term refers to methods that
employ Artificial Neural Networks [12-16], Fuzzy Logic [13,15,17-20], Support Vector Machines [21]
or Evolutionary Algorithms [15,17,22-24]. Hybrid models are those that combine the use of two or
more techniques in the forecasting process. These are some examples that include some of the already
mentioned [15,23,25-27]. Other application of pattern recognition and Al techniques to STLF include
smaller scale systems, which present their own specificities [28,29].

The previous paragraph focused solely on the forecasting engine used to calculate the actual
forecast, as this part usually receives the most attention. However, it is not the only key aspect of the
forecasting problem. In [30], it is proposed a standard that includes 5 stages that need to be properly
addressed in order to obtain accurate forecasts:

e  Data Pre-processing: Data normalizing, filtering of outliers and decomposition of signals by
transforms. This last aspect has received significant attention recently [23,24,31,32].

e  Input Selection: Analysis of the available information and of how the forecasting engines process
this information best. In [33], an example of how to determine which variable should be included
is shown. The information about special days is also included in this stage, relevant attempts to
determine the best way to convert type of day information to valid input to the forecasting engine
are found in [18-20,34-36].

o  Time Frame Selection: Refers to determining which period should be used for training. In [16],
a time scheme including similar days is proposed. In this paper, this issue will be addressed by
determining how the availability of historical data affects the accuracy of forecasts carried out by
different forecasting engines.

e  Load Forecasting: Refers to the forecasting engine.

e Data Post-Processing: De-normalizing, re-composition, etc.

To sum up, it is also relevant to mention examples of real world applications [37-39].
The publishing of models that are validated through actual use by the industry instead of through lab
conditions is especially important for the advancement of the field [2].

The referred examples contain descriptions of particular forecasting models that are usually
described by defining their input and the inner workings, topology, configuration and other
characteristics of the forecasting engine. They also include the results of the model when it has
been tested on a specific database and for a certain period of time. This methodology has provided a
wide variety of models for the industry and scientific community to choose from for any particular
application. However, it has provided very little information on how to compare each method and how
to determine the strong and weak suits of each technique. The lack of analysis of the characteristics
of the database, and in some cases the use of testing periods shorter than a full year, makes it very
difficult for the reader to a priori determine which of the proposed models would suit best their own
personal case.

This issue has been treated in [40,41], in which the authors propose a certain methodology to
adopt different techniques depending on the forecasting problem. These papers include an analysis
of the load prior to the actual forecasting process. However, they only test one technique for the
forecasting engine. In [42] the issue of predictability of databases is addressed to provide a benchmark
indicator that could provide a fair comparison among results of different models on different databases
that may or may not be similarly affected by the same factors (temperature, social activities ... ).
This type of information along with the standardization proposed in [30] would be useful to determine
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the characteristics of a specific problem and the features of each model available that best addresses
the subject at hand.

Consequently, there is consensus that a general solution does not exist and that the STLF problem
does not have a “one-size-fits-all” fix. Nevertheless, the objective of this paper is to provide a
comparison between two of the most common forecasting engines: the autoregressive model (AR) and
the Neural Network (NN). The goal is to determine how a given set of conditions and configuration
parameters affect the accuracy of each technique (AR and NN) and use this information to define their
strong and weak points.

The methodology aims to determine the circumstances under which each of the forecasting
engines performs more accurately. The conditions of the forecasts: historical data available, sources of
temperature information, computational burden, maintenance needed ... are modified to determine
how each of them affects each technique. In addition, the performance results are analyzed in terms of
type of days (cold, hot, special days) in order to better assess whether one of the forecasting engines
performs better on a certain type of day.

This paper provides results from a real application using two different techniques under the same
set of conditions. These results are classified by the type of day to facilitate the analysis. The obtained
results provide proof that NN models are more reliable when meteorological information is scarce
(only few locations are available) or when it is not properly pre-processed. Nevertheless, the NN
requires a larger historical database to match the accuracy of the AR model. The overall results show
that each technique is better suited for specific types of days, but more importantly, that there are
conditions under which one technique clearly outperforms the other.

Section 2 contains the description of the forecasting engines that are compared, the parameters and
conditions under which the forecasting engines are tested and the categorization of type of days used
to compare the results. On Section 3, the characteristics of the data used are explained: characteristics
of the load, meteorological variables and their treatment and information to determine the type of day.
Section 4 includes the results obtained on the tests: a revision of each parameter and how its variation
affects the performance to both forecasting engines. Finally, Section 5 includes a brief conclusion that
summarizes the most relevant aspects of the results.

2. Methodology

This section provides a detailed description of the analyzed forecasting techniques, the conditions
under which they are tested and the classification of the results used to draw conclusions.

2.1. Forecasting Models

Both forecasting models under analysis are extracted from the STLF system currently working
at Red Eléctrica de Espafia (REE), the Transport System Operator in Spain. They have been
thorughly described in [39], and have been running on the REE headquarters for over two years
now. Both forecasting engines use the same data filtering system to discard outliers, usually caused
by malfunctioning of the data acquisition systems. The forecasting scheme provides a forecast every
hour that contains the forecasted hourly profile for the current day and the next nine days. Internally,
each hour is forecasted separately by different sub-models. Therefore, each full model includes
24 sub-models to forecast the load profile of a full day, and different submodels are used depending on
how distant in the future the forecasted day is.

To simplify the comparison, the metric that will be used as reference is the error of the forecast
made at 9 a.m. for the full 24 h of the next day. This forecast is the most relevant for REE as it is the
one that serves as a base for operation and planning.

The input for any of the submodels is a vector that contains the latest load information available,
temperature forecasts, annual trends and calendar information. This data will be further discussed on
the next section, but it is the same for both techniques AR and NN that are now explained.
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2.1.1. Auto-Regressive Model

The auto-regressive model is actually an auto-regressive model with errors that includes
exogenous variables. Regression models with time series errors describe the behavior of a series
by accounting for linear effects of exogenous variables. However, the errors are not considered white
noise but a time series. This type of model is described in Equation (1).

P
Vi=Y giei+Xe04¢ 1)
i-1

where, the output y; is expressed as a linear combination of previous known errors, e;;, exogenous
variables X; and a random shock, . The coefficients ¢; and vector 0 are calculated from the training
data by a maximum likelihood method. The parameter p expresses the number of lags of the error that
are included in the model.

2.1.2. Neural Network

The Neural Network model uses a non-linear auto-regressive system with exogenous input.
mathematically expressed in Equation (2):

yr = f(yH,,- Yty Ui, -,ut—n“> ()

where, the output value y; is a non-linear function of ny previous outputs and 1, inputs. This non-linear
function is, in our case, a feedforward neural network. Further description of this model can be found
in [39]. Figure 1 shows a visualization of this type of networks working online. The figure shows
a feedforward neural network with 119 exogenous inputs and a feedback of 14 previous values,
10 neurons in the hidden layer and 1 output.

The random nature of the training process of the NARX systems requires certain redundancy to
estabilize the output. This is achieved by using a number NN in parallel. Also, the ability of the NN to
capture non-linear behavior depends on the size of the hidden layer. Both of these parameters affect
the computational burden imposed on the system, which is one of the conditions under which the
models are tested.

Figure 1. Schematic view of the NARX system as shown on a Matlab Mathworks visualization.

2.2. Parameters and Forecasting Conditions

The forecasting engines described above have been tested with different configuration parameters
and external conditions to determine how they adapt to different situations. External conditions are
historical load availability, temperature locations availability and response timeliness, which is related
to computational burden. Configuration parameters are temperature treatment, frequency of training
and number of auto-regressive lags.
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2.2.1. Historical Load Availability

The most important input of a load-forecasting model is its past behavior. A persistent model
that only takes into account previous values may provide, in some cases, a valid baseline to start
developing a more complex one. However, in many situations, and especially in industry applications,
the availability of such historical data is not as deep as desired and it is restricted due to the quantity
or the quality of the stored data. In some cases, the data acquisition system has not been running long
enough, or a change in its configuration may cause old data to be obsolete.

The question of how old the data that we use in our forecasting system should be is a valid
one. The inclusion of data from too far back may cause the model to learn obsolete behavior that has
changed over the years and that is not currently accurate: the increment of air conditioning systems
may increase the sensitivity of load to temperature increase while the use of more efficient lighting
may decrease the load in after-sunset hours. On the other hand, there are certain phenomena like
extreme temperatures or special days that do not happen for long periods of time and, therefore, if the
database is not deep enough, it may not have enough examples to shape this type of behavior.

Our research proposes using data from the last 3, 5 and 7 years to train both models. The goal of
these experiments is to determine which one of them requires a deeper database, or which one can
benefit the most from such data availability. The data will be broken down into separate types of days
in order to determine which category is affected by this condition.

2.2.2. Temperature Locations Availability

Temperature is the most important exogenous factor for load forecasting of regular days as both
extremes of the temperature range increase electricity consumption. Load forecasting of small areas in
which temperature is homogenous may require only one series of temperature data to learn the area’s
behaviors that are related to temperature. However, if the region is larger and the weather presents
higher variability, it is necessary to determine which locations provide a relevant temperature series
that could model the local area’s behavior related to weather. Needless to say, not all local areas will be
equally affected by temperature and the relevance of each area within the overall load for the region
will vary depending on the lower or higher electricity capacity of each area. The electricity capacity
normally relates to the area’s gross product.

In our case, Spain is a large country with a wide weather diversity. In addition, the population
distribution also causes a high variability of power consumption among areas. According to this,
the model used at REE includes data from five locations that represent the five weather regions:
North-Atlantic (Bilbao), Mediterranean (Barcelona), Upper-Center (Zaragoza), Lower-Center (Madrid)
and South (Sevilla). These cities, shown in Figure 2 are the most power demanding areas in each
weather region.

%EVILLA
Y .
-

Figure 2. Location of the five temperature series and distribution of the weather regions in Spain.
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The lack of availability of all temperature series affects the accuracy of the system. Both models
have been tested by including only one series of data and then adding the rest one at a time.
This experiment allows to determine which model can perform best under scarce information and
which can benefit the most from a richer dataset.

2.2.3. Temperature Treatment

As it was aforementioned, temperature has a non-linear relation with electricity consumption,
as both high and low temperature causes an increase in demand. To illustrate this, Figure 3 shows a
plot of the average load on regular days at 18 h against the average temperature of the day. Therefore,
in order for the forecasting engine to capture such behavior, it may require a pre-processing of the data.

10" Load at 18h vs. daily average temperature
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Figure 3. Scatter plot of national load at 18 h against the daily average temperature in Madrid.

One common approach to this is using a technique called Heating Degree Days (HDD) and
Cooling Degree Days (CDD). This technique linearizes the temperature load relation by defining
threshold for high and low temperatures and splitting the series into one that accounts for cold days
and another that does for hot days. The CDD and HDD series are described in Equations (3) and (4)
and they are further discussed in [34].

T — THy,y, if Tyeq > TH,
CDD, — med,d hotr med hot
d { 0, otherwise ®)
THepg — T, if Tyeq < TH,
HDD, — cold med,ds med cold 4
d { 0, otherwise @)

where T, 4 is the average temperature of day d, THj,,; and TH,,4 are the thresholds for hot and cold
days and CDD,; and HDD; are the values of each series for day d.

This technique requires the thresholds to be properly tuned to each location’s effect on the load.
This optimization process is described in [39] and the optimal threshold for each zone has been
calculated. However, the robustness of each model against the variation of these values has been tested
by introducing variations of up to 12 degrees on each threshold.

2.2.4. Neural Network Size, Redundancy and Computational Burden

According to the selected topology shown in Figure 1, part of the configuration of the network is
the selection of the number of neurons in the hidden layer. The complexity of the network is related to
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this parameter, as it is associated to its ability to model non-linear behaviors. A network with a low
number of neurons in its hidden layer would fail to learn complex, non-linear relations between input
and output. On the other hand, the number of neurons increases the computational burden of the
training and forecasting process and, therefore it should be minimized if the system is working online
and has a response time limit.

In addition, the neural network training algorithm relies on a random initialization of the neurons’
weights. The randomness causes the network’s output to contain a random component. In order to
minimize the effect of this randomness, the working model includes a redundant design. Each network
is replicated # times to obtain n different outputs for each forecast. The final output is obtained then by
discarding the lowest and highest values and averaging the rest. Increasing the number of replicas
costs a linear increase of computational burden while it reduces the randomness of the output and
reduces the variability of the output, minimizing the maximum error of a forecasted period.

The response time of the system is a critical feature. If the forecast is not produced on time,
then the whole effort could be useless. In order to test how the limit of time response affects the models
the number of neurons is set from 3 to 20 and the number of redundant networks from 3 to 25. As the
neural network model is the one with higher computational burden it is the only one affected by
this limitation.

2.2.5. Frequency of Training

As it will be further discussed in Section 3, the load series evolve over time due to changes in
factors like economic growth or shifts in consumer behaviors. This causes forecasting models to
become obsolete if the data used during training no longer follows the current trends. Therefore,
in order to keep up with load shifting behavior, forecasting models need to be frequently retrained
with new data.

The training process may have heavy computational requirements that make it unpractical to
increase frequency needlessly. Therefore, the period in between trainings is a factor that may alter the
accuracy of the model.

In this research, both AR and NN models have been tested with training frequencies of 3, 6,
12 and 24 months. In each of these tests, all sub-models were retrained using the most recent data.
In accordance with this, for frequencies higher than 12 months, the simulation period of one year was
split into separate blocks as the Table 1 shows.

To evaluate the results, all blocks from each frequency are added together into a single one-year
period and the corresponding Root Mean Square Error (RMSE) is calculated for both AR and
NN models.

Table 1. Training and simulation periods used for testing the effect of training frequency.

Frequency (Months)  Block Training Period Simulation Period
Start End Start End

1 1January 2010 31 December 2016 1 January 2017 31 March 2017
3 2 1 April 2010 31 March 2017 1 April 2017 30 June 2017

3 1 July 2010 30 June 2017 1 July 2017 30 September 2017

4 1 October 2010 30 September 2017 1 October 2017 31 December 2017
6 1 1 January 2010 31 December 2016 1 January 2017 30 June 2017

2 1 July 2010 30 June 2017 1 July 2017 31 December 2017
12 1 1January 2010 31 December 2016 1January 2017 31 December 2017
24 1 1January 2009 31 December 2015 1 January 2017 31 December 2017
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2.2.6. Number of Auto-Regressive Lags

As it was aforementioned, both models present an auto-regressive component. This part of the
model introduces the previous values as a feedback in order to enable to forecasting engine to reduce
errors due to unaccounted factors that are persistent in time.

The key parameter to configure this aspect of the models is the number of lags, which represents
how many previous values are fed back into the model. Intuitively, the most recent values carry the
most information while the further back in time that we reach, the less relevant the data become.
In addition, the AR model uses a linear relation to capture the lagged results while the NN model
allows non-linearity. Therefore, it is possible that one model is able to use a different amount of lags
than the other.

The auto-regressive order of each model has been tested from 0 to 25. The load series is highly
self-correlated on lags multiple of seven due to the weekly patterns, as it is shown in Figure 4. Therefore,
lags around 7, 14 and 21 were explored. Auto-correlation measures the correlation between y; and y;,,
and its calculation is described in [43].

Sample Autocorrelation Function
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Figure 4. Sample autocorrelation function for National load at 18 h.

It is worth mentioning that the objective of this paper is not to provide or suggest analytical
or statistical methods to determine the order of auto-regressive models like [44,45] but to offer a
comparison between AR and NN based models to understand the effect that the auto-regressive order
has on the forecasting accuracy.

2.3. Types of Days

Each of the proposed parameters and conditions under which the forecasting models are tested
will cause the forecasting accuracy to change over the whole one-year simulating period. This variation,
however, may affect some type of days more than other and, therefore, it may seem irrelevant when it
is averaged over the whole testing period. In order to avoid this error, it is important to dissect the
results and analyze the accuracy of the models on different categories of days to determine which
conditions affect which type of days and how they do it.

There are two aspects to classify the days: social character and temperature. The first one
considers days as special if they are a holiday, are in between two holidays or weekend, or are affected
by Daylight Saving Time or the vacational periods at Christmas or Easter. A more detailed description
of the days considered special is found in Section 3.

Temperature is used to classify days as hot and cold. For each category, the top 20 and bottom
20 days from the temperature series are considered. If one of the 20 days is also a special day, then it is
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discarded as either hot or cold. All days that do not belong to one of the categories (special, hot or
cold) are considered as regular days.

3. Data Analysis

It is important to describe the characteristics of the data series relevant to the forecasting process
in order to understand the forecasting problem and whether or not its conclusions may apply to a
different case:

3.1. Load

The load data series covers from 2010 to 2017 and it includes hourly values of electricity
consumption in the Spanish inland system. The long-term trend of the series shown in Figure 5 is
related to economic growth, efficiency improvements and behavioral shifts like the use of AC systems.

On a shorter term scale, the factors driving the load in Spain are temperature and social events
and holidays, which are explained in the following subsections.

Evolution of national electricity demand and Gross National Product

1 T T T T T
—&— Normalized GNP
— Normalized load
0.8+ B
0.6 B
0.4r B
0.2 B
0 = I I I I I I
2004 2006 2008 2010 2012 2014 2016 2018

Figure 5. Evolution of 52 weeks moving average load and Gross National Product. Both series are
normalized [0, 1].

3.2. Temperature

The temperature data available includes series from 59 stations scattered across the country.
Real data of daily maximum and minimum data is collected along with daily forecasts of up to ten
days ahead. Therefore, it is possible to simulate real time conditions if forecasts are used instead of
real data.

As it was explained before, the national forecast only uses information from five stations
selected from the 59 available. This selection is made through an empirical evaluation. In addition,
the temperature from up to four previous days is also used in order to capture the dynamics of the
temperature-load relation. The non-linearity of the relation is modeled using the CDD and HDD
approach already discussed. Figure 6 shows the scatter plot of national load at 18 h on weekday against
temperature at the three most relevant locations. The HDD and CDD linearization is also plotted for
each location along with the Mean Average Percentage Error (MAPE) between the actual load and the
linearized one.
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Figure 6. Scatter plot of national load and its linearization against temperature at Madrid, Barcelona
and Sevilla.

3.3. Calendar

The type of day is determined by the official national calendar published in the Official Gazette [46].
The days are classified into 34 exclusive categories some of which include several days under a general
rule: Mondays, Wednesdays, national holidays, Mondays before a holiday ... and others for specific
and unique days: 1 May, 25 December, 1 January ... In addition to the exclusive categories (each day
can only be assigned to one of these), there are also 18 modifying categories that may be simultaneously
active with an exclusive one. These include regional holidays, days affected by DST ... The complete
classification can be found in [39].

The relevance of a proper day categorization is shown in Figure 7. The graph represents the
average load profiles for 8 December, which is a national holiday, 7 December, before a holiday,
and 30 November, regular day 7 days prior to 7 December. The years considered are the ones in which
7 December was not Saturday, Sunday or Monday. Figure 7 also includes the profile for 7 December on
a Saturday. The graph shows how depending on the calendar (effects of temperature are averaged
out), the profile not only shows variation of up to 20% from a regular weekday to a national holiday
but it also shows different profiles in between.
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Figure 7. Different average profiles for national holidays, normal days, Saturdays and adjacent
to holiday.
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4. Results

The results expressed in this section correspond to the forecasting period of 2017. Each subsection
presents the accuracy of both techniques (AR and NN) when the correspondent parameter or external
condition changes. In addition, these results have been analyzed under the categories described
in Section 2.3.

4.1. Historical Load Availability

The results shown in Table 2 represent the effect of increasing the number of previous years
considered in the training of the model from 3 to 7 for both models. The results show a generally more
accurate performance by the AR model especially with fewer years of data (1.50% vs. 2.17%). The NN
model, however, benefits more from the availability of more data and this difference is reduced to 0.1%
when seven years are used. The AR model shows very little improvement from 3 to 7 years while
the NN model appears to be able to benefit from even longer training data as its performance on all
categories continues to improve from 5 to 7 years (see Figure 8). Unfortunately, the available data base
is not yet deep enough to test this.

Table 2. Forecasting error (RMSE) with training periods from 3 to 7 years.

3-Years 5-Years 7-Years
Type of Day
AR NN AR NN AR NN
Overall 1.50% 2.17% 1.52% 1.72% 1.45% 1.55%
Regular 1.44% 1.96% 1.47% 1.57% 1.40% 1.44%
Special 1.91% 3.62% 1.81% 2.71% 1.81% 2.31%
Hot 1.63% 2.65% 1.53% 2.08% 1.55% 1.93%
Cold 1.61% 2.79% 1.73% 1.81% 1.72% 1.48%

Test conditions: 10 neurons (10N), 10 redundant networks (10RN), 5 temperature locations (5TL), 12 month training
freq (12MF), 7 lags for AR and 14 for NN (7/14LAG).

Accuracy vs training period length
2.50%

HWAR m NN
2.00%

< 1.50%

RMSE (%

1.00%

0.50%

0.00%
3-yrs 5-yrs 7-yrs

Figure 8. Overall forecasting error (RMSE) with training periods from 3 to 7 years.

Regarding the categorized results, regular days obtain almost the same result while in hot and
special days the AR outperforms the NN model. However, cold days are clearly forecasted more
accurately by the NN model. This could imply that the linear restriction present in the AR model limits
its capacity to model the behavior of the load with the data treatment used.

149



Energies 2018, 11, 2080

4.2. Temperature Locations

The results for testing the availability of temperature data series from different locations are
included in Table 3. In addition, Figure 9 shows the evolution of the overall RMSE of both models
from having only location to including all five. Locations are included sequentially from most to
least relevant.

Table 3. Forecasting error (RMSE) with available temperature location from 1 to 5.

Type of Day MAD MAD, BAR MAD, BAR, VIZ MAD, BAR, VIZ, SEV MAD, BAR, VIZ, SEV, ZAR
AR NN AR NN AR NN AR NN AR NN
Overall 1.63% 1.61% 153% 1.59%  1.48% 1.54% 1.46% 1.54% 1.45% 1.55%
Regular 1.59% 153% 1.48% 1.50%  1.43% 1.45% 1.41% 1.44% 1.40% 1.44%
Special 1.84% 222% 1.86% 2.21% 1.81% 2.15% 1.80% 2.17% 1.81% 2.31%
Hot 1.83% 2.02% 1.63% 191%  1.52% 1.84% 1.55% 1.94% 1.55% 1.93%
Cold 2.00% 1.61% 1.81% 1.49%  1.83% 1.47% 1.76% 1.48% 1.72% 1.48%

Test conditions: 7 Years Training (7YT), 10N, 10RN, 12MF, 7/14LAG.

Accuracy vs temperature availability

1.65%
1.60%

1.55%

1.50%
1.45%
1.40% I I
1.35%
1 2 3 4 5

Number of Avaliable Locations

RMSE (%)

Figure 9. Overall forecasting error (RMSE) with available temperature location from 1 to 5.

The NN outperforms the AR model when only one location is available. Both models benefit from
having more data series included, but the AR model obtains a more accurate forecast with five locations.
In fact, the NN model obtains a larger error with five locations than it does with four. This could imply
that the linear restriction on the AR model allows it to correctly include this information in the model.
The excessive availability of information, however, seems to increase the risk of NN model overfitting
the training data and, therefore, losing forecasting capabilities.

4.3. Temperature Treatment

The preprocessing of the temperature data is a key aspect of the forecasting system. The thresholds
need to be properly tuned so that the linearization of the relation is correct. However, these thresholds
may shift over time as consumers’ behavior regarding temperature changes. Therefore, robustness to
this configuration is also important.

The results were obtained using one location each time and varying HDD and CDD thresholds
from 13 to 25 °C. Table 4 shows the overall results for shifting the HDD threshold for Barcelona along
with the hot and cold categories as the special days are not relevant to this test.

The effect of adjusting the threshold is more clearly shown in Figure 10, in which forecasting
accuracy of both models using temperature from Zaragoza and Barcelona is plotted. The graph shows
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how the NN is much less dependent on the chosen threshold while the AR performance is clearly
thrown off by a misadjusted threshold.

Table 4. Forecasting error (RMSE) with different HDD threshold adjustment in Barcelona.

Type of Day and HDD Threshold
Model 13 14 15 16 17 18 19 20 21 22 23 24 25
AR 2.00% 1.98% 1.96% 1.95% 1.94% 1.92% 191% 1.91% 1.91% 1.91% 1.92% 1.93% 1.94%
Overall NN 1.92% 1.93% 193% 193% 1.94% 192% 192% 1.93% 192% 192% 1.93% 1.93% 194%
AR 2.62% 2.63% 2.63% 2.62% 2.60% 2.58% 2.55% 2.53% 2.50% 2.48% 2.46% 2.43% 2.45%
Hot NN  254% 255% 2.55% 2.53% 2.56% 2.54% 2.55% 2.54% 2.52% 2.51% 2.51% 2.46% 2.47%
Cold AR 216% 2.11% 2.07% 2.03% 2.00% 1.99% 1.99% 1.99% 1.99% 2.00% 2.01% 2.02% 2.02%

NN  1.65% 1.67% 1.69% 1.71% 1.71% 1.68% 1.71% 1.68% 1.72% 1.67% 1.71% 1.69% 1.69%

Overall Accuracy vs HDD threshold offset
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Figure 10. Overall forecasting error (RMSE) with different HDD threshold adjustment in Barcelona
and Zaragoza.

4.4. Number of Neurons

The number of neurons in the hidden layer affects both computational burden and the NN’s
performance. Therefore, both aspects are reported as results on this test. Table 5 shows the accuracy
of the neural network as the number of neurons is increased. In addition, the forecasting time for a
single 24-h profile is included. It is worth noticing that the rest of forecasting processes like data access
or treatment also consume time and, therefore, the reported time is not the only concern in order to
obtain a timely forecast.

Table 5. Forecasting error (RMSE) and execution time with different number of neurons.

Number of Neurons

Type of Day
3 4 5 10 15 20
Overall 1.56% 1.55% 1.56% 1.55% 1.58% 1.62%
Regular 1.49% 1.46% 1.45% 1.44% 1.46% 1.50%
Special 2.00%  2.10%  2.28% = 231%  2.36% 2.46%
Hot 2.00% 1.93% 1.95% 1.93% 2.00% 2.04%
Cold 1.55% 1.45% 1.51% 1.48% 1.51% 1.58%
Time (s) 1.610 1.615 1.620 1.630 1.639 1.643

Test conditions: 7YT, 10RN, 5TL, 12MF, 7/14LAG.

151



Energies 2018, 11, 2080

Figure 11 shows the evolution of accuracy and simulation time against the number of neurons in
the hidden layer. It can be seen that the execution time is almost constant and therefore the number of
neurons is not an issue regarding computational burden. In addition, accuracy on regular days does
not improve with more complex networks. Special days, however, show a deterioration as the number
of neurons increases. A possible explanation to this is that a more complex network is able to overfit
the training data and lose generality. This is especially obvious on the special-day category due to the
scarcity of data.
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Figure 11. Overall forecasting error (RMSE) and execution time with different number of neurons.

4.5. Redundancy of Neural Networks

The use of a redundant number of NN reduces the model’s dependency of random initial
conditions. Furthermore, eliminating extreme values also reduces the overall error. Table 6 shows the
results of using from 3 to 25 redundant networks for the NN model.

Table 6. Forecasting error (RMSE) and execution time with different redundant networks.

Number of Networks
3 5 10 11 12 14 15 16 20 25

Overall 1.67%  1.62%  1.55%  1.56%  1.54%  1.54% 154%  155% 1.55% 1.56%
Regular 155% 151%  146%  148%  1.46%  1.45% 1.46% 146% 145% 1.46%
Special 251% 2.30% 210% 2.08% 208% 211% 212% 213% 2.18% 2.22%
Hot 2.02% 197%  1.93%  1.98%  1.92% 1.94% 1.92% 193% 1.92% 1.94%
Cold 1.54% 157%  145% 143%  145%  143% 1.44% 146% 147% 1.44%
Time (s) 0.839 1.09 1.686 1.746 1.868 2.039 2228 2333 2713  3.363

Test conditions: 7YT, 4N, 5TL, 12MF, 7/14LAG.

Type of Day

There is an improvement using up to 10 redundant networks. However, there is not significant
error reduction from 10 to 25 networks. The execution time shows an increase, although for the
optimum amount of 10 networks the computational burden is still manageable. As a reference,
we have used the execution time for the AR model, which is 0.835 s. In addition, in Figure 12 it can be
seen that the type of days that benefit the most from increasing number of networks from 3 to 10 are
special days. Again, this is probably due to the higher variability in the output from different networks
for this scarcer type of days.
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Figure 12. Overall forecasting error (RMSE) and execution time with different redundant networks.

4.6. Frequency of Training

The results from Table 7 show the performance of both models when the training period is changed
from 3 months to 24 months. The testing period remains the same as described in Table 1, but the
data used to train the model that forecasted each block changes. There appear to be no significant
improvement from retraining the models more frequently than annually, as seen on Figure 13. However,
a training period longer than a year seems to cause an increase in the forecasting error. Both models are
affected very similarly by this parameter, with an increase in the error of about 23% for both models
when increasing the time in between trainings from 12 to 24 months.

Table 7. Forecasting error (RMSE) with different training frequency.

3 Months 6 Months 12 Months 24 Months
AR NN AR NN AR NN AR NN

Overall 1.44% 154% 1.44% 156% 1.45% 1.55% 1.78% 2.07%
Regular 1.39% 1.45% 140% 147% 1.40% 1.46% 1.74% 2.01%
Special 1.78% 2.09% 1.79% 210% 1.81% 2.10% 2.13% 2.35%
Hot 157% 1.96% 157% 1.97% 155% 1.93% 226% 3.11%
Cold 1.70% 1.45% 1.69% 1.46% 1.72% 145% 1.96% 1.96%

Test conditions: 7YT, 4N, 10RN, 5TL, 7/14LAG.

Type of Day
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Figure 13. Forecasting error (RMSE) for AR and NN models with training frequency from 3 to
24 months.

153



Energies 2018, 11, 2080

4.7. Number of Lags

The number of lags in each model is changed from 0 to 25 in order to expose how this parameter
affects the accuracy of each model. The results are categorized by type of day on Table 8. The AR model
obtains a less accurate forecast than the NN when the lags are below 7 days. However, the results
beyond this threshold benefit the AR model clearly. The AR model seems to continue its improvement
up to lag number 21 (three weeks) but the NN reaches a plateau at lag 7. Once again, the NN model
performs more accurately when little information (in this case lags) is available but it is outperformed
by the AR model when the limitation is lifted. Figure 14 represents the overall accuracy of both models
as the number of lags is increased. It is worth noticing how the AR model improves specially at lags 7,
14 and 21.

Table 8. Forecasting error (RMSE) with different lagged feedback.

LAG Overall Regular Special Hot Cold
AR NN AR NN AR NN AR NN AR NN
0 1.80%  1.73%  1.76%  1.64%  2.08%  231%  194%  1.89%  2.00%  157%
1 1.73%  1.65%  1.68%  155%  2.04%  234%  186%  1.81%  1.85%  147%
3 1.64%  1.61%  159%  149%  1.96%  236%  181%  1.82%  1.87%  1.53%
5 1.62%  1.57%  157%  148%  195%  216%  181%  191%  1.86%  1.44%
6 156%  1.56%  151%  147%  1.89%  211%  175%  191% 181%  141%
7 145%  156%  1.40%  147%  181%  2.14%  155%  189%  1.72%  1.47%

8 1.45% 1.55% 1.39% 1.46% 1.81% 2.15% 1.55% 1.90% 1.72% 1.45%
13 1.45% 1.57% 1.39% 1.47% 1.84% 2.16% 1.52% 1.97% 1.72% 1.45%
14 1.43% 1.55% 1.37% 1.46% 1.83% 2.10% 1.51% 1.93% 1.71% 1.45%
15 1.43% 1.57% 1.37% 1.48% 1.83% 2.15% 1.51% 1.92% 1.71% 1.50%
20 1.43% 1.58% 1.37% 1.48% 1.83% 2.21% 1.52% 1.95% 1.70% 1.48%
21 1.42% 1.56% 1.35% 1.48% 1.83% 2.08% 1.49% 1.91% 1.68% 1.48%
22 1.42% 1.54% 1.35% 1.46% 1.83% 2.03% 1.50% 1.92% 1.68% 1.45%
24 1.42% 1.58% 1.36% 1.48% 1.84% 2.17% 1.50% 1.93% 1.68% 1.47%
25 1.42% 1.59% 1.35% 1.49% 1.84% 2.25% 1.50% 1.92% 1.68% 1.49%

Test conditions: 7YT, 4N, 10RN, 5TL, 12MF.
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Figure 14. Overall forecasting error (RMSE) with different lagged feedback.

4.8. Overall Results

The previous subsections show how there is not a single solution for the load-forecasting problem.
The conditions under which the forecast is done due to availability or data or time constraints affect
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the accuracy of each technique differently and, therefore, these conditions need to be taken into
consideration when designing a forecasting system. As a general result, the AR model appears to be
slightly more accurate but requires a finer tuning when treating the temperature data and requires a
larger amount of temperature data sources.

5. Conclusions

Many different short-term load forecasting models have been proposed in the recent years.
However, it is difficult to compare the accuracy or the general performance of each model when each
one is tested under different conditions, testing periods and databases. The goal of this paper is to
provide a series of comparisons between two of the most used forecasting engines: auto-regressive
models and neural networks. The starting point is a forecasting system currently in use by REE that
includes both techniques. Several tests have been run in order to determine the conditions under
which each model performs best.

The results show that both models obtain very similar accuracy and, therefore both of them
should remain in use. The AR model obtained a better overall result under the best possible condition
but the NN model was superior when fewer temperature locations are available, the treatment of the
temperature data is not properly adjusted or the feedback is limited to less than 7 lagged days. The AR
showed higher accuracy when historical data is limited to less than 7 years. Both models have the
same needs in terms of training frequency: a one-year period in between trainings is sufficient.

Regarding computational burden, the AR model is less computationally intense than the NN.
However, the optimum configuration found at 4 neurons in the hidden layer and 10 redundant
networks only costs twice as much as the AR model. Therefore, neither model has a definite advantage
on this front.

To sum up, this paper enables the researcher to establish a set of rules to guide them in the
process of selecting or designing a forecasting system. The results of this research offer very practical
information that responds to actual empirical implementations of the system rather than to theoretical
experiments. Further research in this area should include the analysis of different databases from
other systems. The use of information from other systems would help determine if the conclusions
drawn are general or database specific, in which case, studying the specificities of each database and
determining why they behave differently would also be of value to the field.
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Abstract: Load forecasting models are of great importance in Electricity Markets and a wide range
of techniques have been developed according to the objective being pursued. The increase of smart
meters in different sectors (residential, commercial, universities, etc.) allows accessing the electricity
consumption nearly in real time and provides those customers with large datasets that contain
valuable information. In this context, supervised machine learning methods play an essential role.
The purpose of the present study is to evaluate the effectiveness of using ensemble methods based on
regression trees in short-term load forecasting. To illustrate this task, four methods (bagging, random
forest, conditional forest, and boosting) are applied to historical load data of a campus university in
Cartagena (Spain). In addition to temperature, calendar variables as well as different types of special
days are considered as predictors to improve the predictions. Finally, a real application to the Spanish
Electricity Market is developed: 48-h-ahead predictions are used to evaluate the economical savings
that the consumer (the campus university) can obtain through the participation as a direct market
consumer instead of purchasing the electricity from a retailer.

Keywords: Electricity Markets; load forecasting models; regression trees; ensemble methods; direct
market consumers

1. Introduction

Load forecasting has been a topic of interest for many decades and the literature is plenty with
a wide variety of techniques. Forecasting methods can be divided into three different categories:
time-series approaches, regression based, and artificial intelligence methods (see [1]).

Among the classical time-series approaches, the ARIMA model is one of the most utilized
(see [2-5]). Regression approaches, see [2,6], are also widely used in the field of short-term and
medium-term load forecasting, including non-linear regression [7] and nonparametric regression [8]
methods. Recently, in [9] the authors use linear multiple regression to predict the daily electricity
consumption of administrative and academic buildings located at a campus of London South
Bank University.

Several machine learning or computational intelligence techniques have been applied in the
field of Short Term Load Forecasting. For example, decision trees [10], Fuzzy Logic systems [11,12],
and Neural Networks [13-20]. In this paper, we propose the using of a particular set of supervised
machine learning techniques (called ensemble methods based on decision trees) to predict the hourly
electricity consumption of university buildings. In general, an ensemble method combines a set of weak
learners to obtain a strong learner that provides better performance than a single one. Four particular
cases of ensemble methods are bagging, random forest, conditional forest, and boosting, which are
described in Section 2. There some recent literature regarding random forest and short-term load
forecasting: for example, in [21] the authors use random forest to predict the hourly electrical load

Energies 2018, 11, 2038; d0i:10.3390/en11082038 158 www.mdpi.com/journal/energies



Energies 2018, 11, 2038

data of the Polish power system, whereas in [22] the same method is used to predict residential
energy consumption. In [23], the authors propose three different methods for ensemble probabilistic
forecasting. The ensemble methods are derived from seven individual machine learning models,
which include random forest, among others, and it is tested in the field of solar power forecasts. On the
other hand, in [24] the authors establish a novel ensemble model that is based on variational mode
decomposition and the extreme learning machine. The proposed ensemble model is illustrated while
using data from the Australian electricity market.

The main objective of this paper is to illustrate the performance of different ensemble methods
for predicting the electricity consumption of some university buildings, analyzing their accuracies,
relevant predictors, computational times, and parameter selection. Besides, we apply the prediction
results to the context of Direct Market Consumers (DMC) in the Spanish Electricity Market.

In Spain, electricity price seems to be above our European neighbors, mainly due to the energy
production mix and the weak electrical interconnections with the Central European Electricity System
and Markets, but consumers can do little about that. Therefore, it is quite challenging for Spanish
consumers to reduce this cost. Currently, a high voltage consumer (voltage supply greater than 1 kV),
which is the case of a small campus university, can opt for two types of supply: captive customer
(price freely agreed with a retailer or a provider) and Direct Market Consumer (also called qualified
customer), taking advantage of the operation of the wholesale markets that are involved in the Spanish
Electricity System. The literature concerning the topic of DMC is nearly non-existent and it reduces to
some official web pages, such as [25,26].

In order to participate as a DMC in the Electricity Market, the customer needs to evaluate his load
requirements, with roughly two days in advance. Another objective of this paper is to evaluate the
savings that the university would have participating as a DMC, taking the 48-h-ahead predictions of
one of the ensemble methods analyzed.

The main differences among the present paper and the previous ones dealing with the using
of ensemble methods for forecasting porpoises (for example, ref. [27] employs the gradient boosting
method for modeling the energy consumption of commercial buildings) are the following: in the
present paper, we propose the XGBoost method as a useful tool for a medium-size consumer to
purchase the electricity directly in the wholesale market. For that, a different prediction horizon (48 h
ahead) is considered and the new predictors are needed. Indeed, we highlight the importance of
calendar variables (distinguishing different types of festivities) for the case of electricity consumption
in university buildings. This approach allows us to evaluate the savings of this kind of customers
participating as Direct Market Consumers. Another novelty respect to previous papers is the using of
conditional forest as an ensemble method to get load predictions, as well as the conditional importance
measure to evaluate the relevance of each feature.

Firstly, in Section 2, four ensemble methods based on regression trees are described. Section 3
depicts the customer in study (a small campus university) and the data, discusses the parameter
selection for each ensemble method as well as other relevant aspects and it shows the prediction
results. Finally, in Section 4, the economic saving of a small campus university is computed when it
participates as a Direct Market Consumer instead of acquiring the electric power from a traditional
retailer. Note that it is not an energy efficiency study, the economic saving is given just by the type of
supply: retail or wholesale market.

2. Ensemble Methods Based on Regression Trees

Taking into account the type of data in the analysis (continuous data corresponding to electricity
consumption), in this section, we will focus on describing tree-based methods for regression and some
related ensemble techniques. However, decision trees and ensemble methods can be applied to both
regression and classification problems.

The process of building a regression tree can be summarized in two steps: firstly, we divide
the predictor space into a number of non-overlapping regions (for example | regions), and secondly,
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the prediction for a new observation is given by the mean of the response values of the training data
belonging to the same region as the new observation.

The criterion to construct the regions or “boxes” is to minimize the residual sum of squares (RSS),
but not considering every possible partition of the feature space into | boxes because it would be
computationally infeasible. Instead, a recursive binary splitting is used: at each step, the algorithm
chooses the predictor and cutpoint, such that the resulting tree has the lowest RSS. The process is
repeated until a stopping criterion is reached, see [28].

Let {(x1,v1), (x2,Y2), ..., (%n,yn) } be the training dataset, where each y; denotes the i-th output
(response variable) and x; = (x;, X;,, ..., X;,) the corresponding input of the “s” predictors (features)
in study. The objective in a regression tree is to find boxes By, By, ..., B i that minimize the RSS, given

by (1):

J
Y X i s)? (1)

where 7, is the mean response for the training observations within the jth box.

A regression tree can be considered as a base learner in the field of machine learning. The main
advantage of regression trees against lineal regression models is that in the case of highly non-linear
and complex relationship between the features and the response, decision trees may outperform
classical approaches. Although regression trees can be very non-robust and can generally provide
less predictive accuracy than some of the other regression methods, these drawbacks can be easily
improved by aggregating many decision trees, using methods, such as bagging, random forests,
conditional forest, and boosting. These four methods have in common that can be considered as
ensemble learning methods.

An ensemble method is a Machine Learning concept in which the idea is to build a prediction
model by combining a collection of “N” simpler base learners. These methods are designed to reduce
bias and variance with respect to a single base learner. Some examples of ensemble methods are
bagging, random forest, conditional forest, and boosting.

2.1. Bagging

In the case of bagging (bootstrap aggregating), the collection of “N” base learners to ensemble
is produced by bootstrap sampling on the training data. From the original training data set, N new
training datasets are obtained by random sampling with replacement, where each observation has the
same probability to appear in the new dataset. The prediction of a new observation with bagging is
computed by averaging the response of the N learners for the new input (or majority vote in case of
classification problems). In particular, when we apply bagging to regression trees, each individual
tree has high variance, but low bias. Averaging the resulting prediction of these N trees reduces the
variance and substantially improves in accuracy (see [28]).

The efficiency of the bagging method depends on a suitable selection of the number of trees N,
which can be obtained by plotting the out-of-bag (OOB) error estimation with respect to N. Note that
the bootstrap sampling step with replacement involves that each observation of the original training
dataset is included in roughly two-thirds of the N bagged trees and it is out of the remaining ones.
Then, the prediction of each observation of the original training dataset can be obtained by averaging
the predictions of the trees that were not fit using that observation. This is a simple way, called
OOB, to get a valid estimate of the test error for the bagged model avoiding a validation dataset
or cross-validation.

Some other parameters that can also vary are the node size (minimum number of observations
of the terminal nodes, generally five by default) and the maximum number of terminal nodes in the
forest (generally trees are grown to the maximum possible, subject to limits by node size).

In this paper, the bagging method has been applied by means of the R package “randomForest”,
see [28]. The package also includes two measures of predictor importance that help to quantify
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the importance of each predictor in the final forecasting model and might suggest a reduced set
of predictors.

2.2. Random Forest

Random forests are indeed a generalization of bagging. Instead of considering all of the predictors
at each split of the tree, only a random sample of “mtry” predictors can be chosen each time. The main
advantage of random forests respect to bagging can be noticed in the case of correlated predictors, as it
is stated in [28]: predictions from the bagged trees will be highly correlated so that bagging will not
reduce the variance so much, whereas random forests overcome this problem by forcing each split to
consider only a subset of the predictors.

In the case of random forest, the efficiency of the method depends on a suitable selection of the
number of trees N and the number of predictors mtry tested at each split. Again, the OOB error can be
used for searching a suitable N as well as a suitable mtry. As with bagging, random forests will not
overfit if we increase N, so the goal is to choose a value that is sufficiently large. The random forest
method that is used in this paper has been implemented throughout the R package “randomForest”,
see [29].

2.3. Conditional Forest

Conditional forests consist in an implementation of the bagging and random forest ensemble
algorithms, but utilizing conditional inference trees as base learners. Conditional inference trees are
not only suitable for prediction (its partitioning algorithm avoid overfitting), but also for explanation
purposes because they select variables in an unbiased way. They are especially useful in the presence of
high-order interactions and when the number of predictors is large when compared to the sample size.

In conditional forests, each tree is obtained by binary recursive partitioning, as follows (see [30]):
firstly, the algorithm tests whether any predictor is associated with the response, and it chooses the one
that has the strongest association; secondly, the algorithm makes a binary split in this variable; finally,
the previous two steps are repeated for each subset until there are no predictors that are associated
with the response. The first step uses the permutation tests for conditional inference developed in [31].

As with random forest, in the case of conditional forest, we need a suitable selection of the number
mtry of features tested at each split (the total number of predictors might be preferred) and the number
of trees N (generally a lower value than for random forest is required). In this paper, the conditional
forest method has been implemented throughout the R package “party”, see [32].

2.4. Boosting

In contrast to the above ensemble methods, in boosting the “N” base, learners are obtained
sequentially, that is, each base learner is determined while taking into account the success and errors
of the previous base learners.

The first boosting algorithm was Adaptive Boosting (AdaBoost), as introduced in [33]. Instead
of using bootstrap sampling, the original training sample is weighted at each step, giving more
importance to those observations that provided large errors at previous steps. Besides, the prediction
for a new observation is given by a weighted average (instead of a simple average) of the responses of
the N base learners.

AdaBoost was later recast in a statistical framework as a numerical optimization problem where
the objective is to minimize a loss function using a gradient descent procedure, see [34]. This new
approach was called “gradient boosting”, and it is considered one of the most powerful techniques for
building predictive models.

Gradient boosting involves three elements: a loss function to be optimized, a weak learner to
make predictions (in this case, decision trees obtained in a greedy manner), and an additive model
to add weak learners (the output for each new tree is added to the output of the existing sequence of
trees). The loss function used depends on the type of problem. For example, a regression problem may
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use a squared error loss function, whereas a classification problem may use logarithmic loss. Indeed,
any differentiable loss function can be used.

Although boosting methods reduces bias more than bagging, they are more likely to overfit a
training dataset. To overcome this task, several regularization techniques can be applied.

e Tree constraints: there are several ways to introduce constraints when constructing regression
trees. For example, the following tree constraints can be considered as regularization parameters:

O The number of gradient boosting iterations N: increasing N reduces the error on the
training dataset, but may lead to overfitting. An optimal value of N is often selected by
monitoring prediction error on a separate validation data set.

@) Tree depth: the size of the trees or number of terminal nodes in trees, which controls
the maximum allowed level of interaction between variables in the model. The weak
learners need to have skills but they should remain weak, thus shorter trees are preferred.
In general, values of tree depth between 4 and 8 work well and values greater than 10 are
unlikely to be required, see [35].

@) The minimum number of observation per split: the minimum number of observations
needed before a split can be considered. It helps to reduce prediction variance at leaves.

e  Shrinkage or learning rate: in regularization by shrinkage, each update is scaled by the value of
the learning rate parameter “eta” in (0,1]. Shrinkage reduces the influence of each individual tree
and leaves space for future trees to improve the model. As it is stated in [28], small learning rates
provide improvements in model’s generalization ability over gradient boosting without shrinking
(eta = 1), but the computational time increases. Besides, the number of iterations and learning rate
are tightly related: for a smaller learning rate “eta”, a greater N is required.

e Random sampling: to reduce the correlation between the trees in the sequence, at each
step, a subsample of the training data is selected without replacement to fit the base learner.
This modification prevent overfitting and it was first introduced in [36], which is also called
stochastic gradient boosting. Friedman observed an improvement in gradient boosting’s accuracy
with samplings of around one half of the training datasets. An alternative to row sampling is
column sampling, which indeed prevents over-fitting more efficiently, see [37].

e  Penalize tree complexity: complexity of a tree can be defined as a combination of the number
of leaves and the L2 norm of the leaf scores. This regularization not only avoids overfitting,
it also tends to select simple and predictive models. Following this approach, ref. [37] describes
a scalable tree boosting system called XGBoost. In that paper, the objective to be minimized is
a combination of the loss function and the complexity of the tree. In contrast to the previous
ensemble methods, XGBoost requires a minimal amount of computational resources to solve
real-world problems.

In XGBoost, the model is trained in an additive manner and it considers a regularized objective
that includes a loss function and penalizes the complexity of the model. Following [37], if we denote
by yAz(t), the prediction of the i-th instance of the response at the t-th iteration, we need to find the tree

structure f; that minimizes the following objective:

£ =y v 0V + fi(x)) +Q(fe) @

i=1
In the first term of (2), [ is a differentiable convex loss function that measures the difference
between the observed response y; and the resulting prediction ;. The second term of (2) penalizes the
complexity of the model, as follows:

(f) = 9T+ oA w | ®
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where T is the number of leaves in the tree with leaf weights w = (w,wy, ..., wr). Using the second
order Taylor expansion, (3) can be simplified to:

~ n T
20 = 3 [sifitn) + yhufbsn| +97+ 33 Y 2 @

i=1 j=1

where g; = 91 I (y;, 9'"V) and b; = g (i, 9" 1),

Denoting by I; = {i|q(x;) = j} the instance set of leaf j, we can rewrite (4), as follows:

T
N 1
LW = Z {(Z;gi)wj+2<xhi+2\>wf +9T ®)
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and the corresponding optimal objective by:
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where g represents the optimal tree structure with T leaves and leaf weights w* = (wf, wy, ..., w’f).

Due to the impossibility of enumerating all the possible tree structures g, a greedy algorithm is used
(it starts with a single leaf and adds branches iteratively). Denoting by I, and I the instance sets of left
and right nodes after the split, | = I U Ig, the reduction in the objective after the split is given by:

1 (Zi@L gi)z (Zie’R gi>2 (Tier 8

Lot = = T - - 8
P D Ty it A i hi A TaghitA| ®

The task of searching the best split has been developed in two scenarios: an exact greedy algorithm
(it enumerates all the possible splits on all the features, which is computational demanding) and an
approximate greedy algorithm for big data sets, see [37] for more details.

The main difference between random forest and boosting is that the former builds the base
learners independently through bootstrap sampling on the training dataset, while the latter obtains
them sequentially focusing on the errors of the previous iteration and using gradient descent methods.
Some strengths of the XGBoost implementation comparing to other methods are:

e  An exact greedy algorithm is available.

e  Approximate global and approximate local algorithms are available for big datasets.

e It performs parallel learning. Besides, an effective cache-aware block structure is available for
out-of-core tree learning.

e Itis efficient in case of sparse input data (including the presence of missing values).

The extreme gradient boosting method (XGBoost) has been implemented by means of the R
package “xgboost”, see [38].

Apart from its highly computational efficiency, the XGBoost offers a great flexibility, but it requires
setting up more than the ten parameters that could not be learned from the data. Taking into account
that R package “xgboost” does not have any hyperparameter tuning, the parameter tuning can be
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done by means of cross validation. However, creating a grid for all of the parameters to be tuned
implies an extremely high computational cost.

3. Prediction Results for the University Buildings

In this section, the four ensemble methods that are described above are applied to the electricity
consumption of a small campus university to evaluate the adequacy of each technique in this type of
customers. Specifically, we will focus on 48-h-ahead predictions in order to apply them to the context
of Direct Market Consumers, although different prediction horizons will be also considered for the
case of XGBoost method. Some other aspects, such us predictors importance or parameter selection,
for each method are also developed.

Firstly, in this section, the customer in study is introduced. Secondly, the load data, predictors,
and some goodness of fit measurements are depicted. Finally, the forecasting results for the case study
are shown.

3.1. Customer Description: A Campus University

The campus “Alfonso XIII” of the Technical University of Cartagena (UPCT, Spain) comprises
seven buildings ranging from 2000 m? to 6500 m? and a meeting zone (10,000 m?). Buildings are of two
kinds: naturally ventilated cellular (individual windows, local light switches, and local heating control)
and naturally ventilated open-plan (office equipment, light switched in longer groups, and zonal
heating control). This campus has an overall surface larger than 35,500 m? to fulfill the needs of
different Faculties for classrooms, departmental offices, administrative offices, and laboratories for
1800 students and 200 professors. Unfortunately, the age of buildings (50 years old in four cases) and
architectural conditioning works are far from actual energy efficiency standards, specifically in the two
main electrical end-uses of the building: air conditioning/space heating (low performance, insufficient
heat insulation, and an important cluster of individual appliances for offices and small laboratories)
and lighting (where conventional magnetic ballasts and fluorescent are still used at a great extend).

With respect to the share of end-uses in the “Campus Alfonso XIII” of UPCT, heating, ventilation,
and air conditioning (HVAC) is the largest energy end-use (this trend is the same both in the residential
and non-residential buildings in Spain and other countries, see Table 1) with 40-50% of overall demand;
lighting follows with 25-30%, electronics and office equipment 7-12% and other appliances with 8-10%
(i.e., vending machines, refrigeration, water heaters WH, laboratory equipment, etc.). Notice that
building type is critical in how energy end uses are distributed in each specific building. Table 1 shows
a comparative of end-uses in office buildings in three countries [39] and in the analysed case, campus
“Alfonso XIII”.

Table 1. Energy demand in office buildings by end-use.

End-Use USA (%) UK (%) Spain (%) University Buildings (%) (UPCT)
HVAC 48 55 52 40-50
Lighting 22 17 33 25-30
Equipment (appliances) 13 5 10 7-12
Other (WH, refrigeration) 17 23 5 8-10

3.2. Data Description

Data used in this paper correspond to the campus Alfonso XIII of the Technical University of
Cartagena, as described in the previous subsection. Hourly load data from 2011 to 2016 (both included)
were analyzed, obtained from the retailer electric companies (Nexus Energia S.A. and Iberdrola S.A.).
It is well known that electricity consumption is related to several exogenous factors, such as the
hour of the day, the day of the week, or the month of the year, and therefore these factors must be
taken into account in the design of the prediction model. Temperature is a factor that might affect the
electricity consumption (cooling and heating of the university buildings). Thus, the hourly temperature
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was considered as an input in the forecasting model, as provided by AEMET (Agencia Espanola de
Meteorologia) for the city of Cartagena (where the campus university is located), from 2011 to 2016.
Besides, depending on the end-uses of the customer in study, some other features can be relevant
for the load. For example, in this case study, different types of holidays or special days have been
distinguished throughout binary variables (see Table 2 for a detailed description).

Table 2. Description of the predictors.

Predictors Description

H2,H3, ... H24 Hourly dummy variables corresponding to the hour of the day

WH2, WH3, ... WH7 Hourly dummy variables corresponding to the day of the week

MH2, MH3, ... , MH12 Hourly dummy variables corresponding to the month of the year

FH1 Hourly dummy variables corresponding to the month of the year

FH2 Hourly dummy variable corresponding to Christmas and Eastern days

FH3 Hourly dummy variable corresponding to academic holidays (patron saint festivities)
FH4 Hourly dummy variable corresponding to national, regional or local holidays

Hourly dummy variable corresponding to academic periods with no-classes and

FH5 no-exams (tutorial periods)

win

Hourly external temperature lagged “i” hours. Depending on the prediction horizon,

Temperature_lag i different lags will be considered.

win

Hourly load lagged “i” hours. Depending on the prediction horizon, different lags will

LOAD lag i be considered.

Three different measurements given in (9), (10), and (11) were used to obtain the accuracy of the
forecasting models: the root mean square error (RMSE), the R-squared (percentage of the variability
explained by the forecasting model), and the mean absolute percentage error (MAPE). Although the
MAPE is the most used error measure, see [1], the squared error measures might be more fitting
because the loss function in Short Term Load Forecasting is not linear, see [13]. Some descriptive
measures of the errors (such as the mean, skewness, and kurtosis) were also considered to evaluate the
performance of the forecasting methods.

The root mean square error is defined by:

n a2
RMSE = | Y W= nyf) ©)
t=1
the R-squared is given by:
n 2
R — squared = 1— M (10
Yo (v —9)
and the mean absolute percentage error is defined by:
n _
mMapE — 100 Ve~ Yt 1)
my=al Y

where 7 is the number of data, y; is the actual load at time ¢, and #; is the forecasting load at time .

3.3. Forecasting Results

Data from 1 January 2011 to 31 December 2015 were selected as the training period in all methods,
whereas data from 1 January 2016 to 31 December 2016 constituted the test period. In this subsection,
firstly a prediction horizon of 48 h is established, whose forecasting results will be used in the next
section dealing with Direct Market Consumers. In this case, we consider 53 predictors (see Table 2):
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23 dummies for the hour of the day, six dummies for the day of the week, 11 dummies for the month
of the year, five dummies for special days (FHI, ... , FH5), two predictors of historic temperatures
(lags 48 h and 72 h), and six predictors of historic loads (lags 48 h, 72 h, 96 h, 120 h, 144 h, and 168 h).

For each ensemble method, the parameter selection has been developed and measures of variable
importance have been obtained (see Table 3 for the meaning of each term). In order to have reproducible
models and comparable results, the same seed was selected in all procedures that require random
sampling. In the case of bagging and random forest, we have selected an optimal number of trees
(ntree) through the OOB error estimate and we have ordered the predictors according to the node
impurity importance measure, see [28]. For bagging, the number of predictors that are considered at
each split must be the total number of predictors, whereas in the case of random forest, the optimal
parameter has been selected using the OOB error estimate for different values of mtry. In the case of
conditional forest, the conditional variable importance measure introduced in [40] has been considered,
which better reflects the true impact of each predictor in presence of correlated predictors.

While in bagging and random forest the OOB error was used to tune the parameters, in the case
of conditional forest and XGBoost the parameters were tuned by means of cross validation with five
folds (approximately one year in each fold). As for conditional forest, only two parameters need
to be tuned (ntree and mtry), but in XGBoost, there are more parameters to tune. Although one can
apply cross validation taking into account a multi-dimension grid with all of the parameters to tune
(this approach would imply a high computational cost), we considered a simplification of the search
selecting subsample = 0.5, max depth = 6 (appropriate in most problems) and looking for a good
combination of “eta” and “nrounds”, see Table 4. The rest of parameters of the method were set up
by default, according to the R package [38]. In the case of XGBoost, features have been ordered by
decreasing importance while using the gain measure defined in [36].

Table 3. Notation.

Term Description

ntree (N) Number of trees or iterations in bagging, random forest and conditional forest

Number of predictors considered at each split in bagging, random forest and

miry conditional forest
node impurity Importance measure in random forest
max_depth Maximum depth of a tree
subsample Subsample ratio of the training instance
eta Shrinkage or learning rate
nrounds Number of boosting iterations
gain Fractional contribution of each feature to the model

Table 4 shows the results of the parameter selection for the XGBoost method. Recall that a lower
learning rate efa implies a greater number of iterations nround, but a too large nround can lead to
overfitting. Combination (eta = 0.02, nrounds = 3400) provided the lowest RMSE and the highest
R-squared scores for the test data, whereas (eta = 0.01, nrounds = 5700) got the lowest MAPE. However,
any pair of parameters in Table 4 could be appropriate because they lead similar accuracy.
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Table 4. Results of the parameter selection for the XGBoost method.

XGBoost Pred. eta =0.01, eta =0.02, eta =0.05, eta = 0.10,
Horizon =48 h nrounds = 5700  nrounds = 3400 nrounds =1700  nrounds =566
RMSE_train (kWh) 1191 11.02 10.02 12.50
RMSE _test (kWh) 23.74 23.65 23.92 24.26
R-squared_train 0.988 0.989 0.991 0.986
R-squaredftest 0.946 0.946 0.945 0.943
MAPE_train (%) 5.03 4.76 4.45 5.28
MAPE_test (%) 8.98 9.00 9.12 9.23
E_mean_train (kWh) 0.00 0.00 0.00 0.00
E_mean_test (kWh) —0.16 —0.35 —0.47 —0.09
E_skewness_train 0.31 0.29 0.24 0.28
E_skewness_test 0.14 0.02 0.09 0.04
E_kurtosis_train 6.63 6.28 5.64 6.51
E_kurtosis_test 7.58 7.68 741 7.53
Computational time 13 min 8 min 4 min 1.5 min

Tables 5 and 6 show the results that were obtained for the best parameter selection of each
ensemble method. They also include the comparison with traditional and simple forecasting models,
such as naive (prediction at hour / is given by the real consumption at hour 1-168) and multiple linear
regression (MLR) with the same predictors, as used in the ensemble methods. According to Table 5,
XGBoost method provides nearly null bias, more symmetry of the errors than the other ensemble
methods and the traditional ones, as well as values of the kurtosis that are closer to zero (considered
desired properties for residual in forecasting techniques).

Table 5. Descriptive measures of the errors for each ensemble method.

Pred. Horizon =48 h Bagging RForest CForest XGBoost MLR Naive
. ntree =200, ntree =200, ntree=3, max_depth =6, subsample = 0.5, number o
Optimal parameters mtry =53 mtry =20  mtry =53 eta =’;J.02, nrounds =P 3400 predictors =f53 lag =168 h
Error_mean_train (kWh) 0.056 0.04 0.50 0.00 0.00 0.36
Error_mean_test (kWh) 0.25 —-0.13 1.41 —0.35 —3.41 1.31
Error_skewness_train 1.48 1.46 1.54 0.29 0.64 0.49
Error_skewness_test 1.19 0.61 1.81 0.02 0.61 0.35
Error_kurtosis_train 31.12 27.12 23.44 6.28 8.14 13.39
Error_kurtosis_test 13.18 10.19 15.68 7.68 7.13 12.28

Although bagging and random forest provide the best accuracy in the training dataset (see Table 6),
XGBoost fits better in the test dataset (in this case, gradient boosting avoid more overfitting than the
others ensemble methods due to a suitable selection of the parameters). Furthermore, when comparing
the results of random forest and XGBoost, we can state that the latter fits lightly better and it is twelve
times faster to compute. Table 6 also shows that all ensemble methods significantly improve the
accuracy of the predictions with respect to MLR and naive models.

It is also important to remark that, for all methods, roughly half of the predictors accumulate more
that 99% of the relative importance. In the case of ensemble methods, the corresponding importance
measure has been computed (for example, the node impurity for random forest and the gain for
XGBoost), whereas in the case of MLR, the forward stepwise selection method and R-squared were
used to evaluate the relative importance of each predictor. We can also highlight the following aspects:
the electricity consumption at the same hour of the previous week (predictor LOAD_lag_168) results
the most important feature in all methods, the electricity load with lags 48 h and 144 h appear among
the five most important predictors in all of the ensemble methods, and finally, the presence of the
features WH6, WH7, FH1, and FH3 among the five most important predictors for different methods
evidences that calendar variables and types of holidays are essential for this kind of customer. However,
the temperature has a reduced effect on the response because it appears between the 10th and 12th
position of importance (depending on the method), with a relative importance of around 1%.
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In order to compare the accuracy for the different types of day, the days of the test data (2016) were
divided in two groups: special days, which include weekends, August (official academic holidays),
and all days that are determined by the dummy variables FH1, ... , FH5 in Table 2; and, regular days,
which include the rest of the days. Results are exposed in Table 7. Notice that the lowest MAPE scores
are always reached for regular days.

Table 7. MAPE (%) for regular and special days in 2016.

Pred. Horizon = 48h Bagging RForest CForest XGBoost
MAPE regular days (149) 9.07 8.60 10.44 8.15
MAPE special days (217) 9.97 9.83 11.08 9.57

MARPE total days (366) 9.60 9.33 10.82 8.99

Figure 1a,b show the monthly evolution of two goodness-of-fit measures (RMSE and MAPE).
Remark that accuracies of random forest and XGBoost are quite similar, with greatest differences
in January and March (due to lack of accuracy in Christmas and Eastern days). Also, the models
fit better for night hours (from 10 p.m. to 5 a.m.) due to the absence of activity during that period
(see Figure 2a,b).

— bagging
clorest
rforest

RMSE (x\h)

]

& 4 [
manth manth
] {b)

Figure 1. Goodness-of-fit measures for each month in 2016 and each ensemble method: (a) using root
mean square error (RMSE) (kWh); and, (b) using mean absolute percentage error (MAPE) (%).
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Figure 2. Goodness-of-fit measures for each ensemble method by hour of the day in 2016: (a) using
RMSE (kWh); (b) using MAPE (%).

As an example, Figure 3 shows the actual and prediction load for a complete week in May 2016.
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—bagging

| —cforest
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| —XGBoost

|—Actual Load

Load (KWh)
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Figure 3. Actual and forecasting load (kWh) for a week (9-15 May 2016).

Finally, in this section, we analyze the adecuacy of the forecasting method XGBoost for the case
study when considering different prediction horizons (1 h, 2 h, 12 h, 24 h, and 48 h). In all cases,
we selected the same parameters: subsample = 0.5, max_depth = 6, eta = 0.05 and nrounds = 1700. Accuracy
results for the training and test datasets are given in Table 8 as well as the most important predictors in
each case.
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Obviously, the best accuracies are obtained for the shortest prediction horizon (1 h), where the
most important feature is the consumption at the previous hour (lag = 1) with more than 85% of
relative importance. However, for the rest of prediction horizons, the most important predictor is, once
again, the load with lag 168 h.

4. Direct Market Consumers

Direct Consumers in the market by point of supply or installation are those consumers of electric
energy who purchase electricity directly on the production market for their own consumption and
who meet some specific conditions. Firstly, this section is dealing with the performance of the Spanish
Market, specifically the aspects that are related to DMC type of supply. Secondly, the components that
define the price of the energy as a DMC are introduced. Finally, the results for the case of a campus
university are shown.

4.1. Law Framework for DMC and Market Performance

Law 24/2013 of 26 December [41] defines the Direct Consumers in the Spanish Market in article
6.g) and establishes its rights and obligations. The activity of these subjects is regulated in Royal Decree
1955/2000 of 1 December [42], which regulates the activities of transportation, distribution, retailing,
supply, and authorization procedures of Power Systems. To start the activity of qualified consumer in
the market, the interested party must send several documents to different official bodies and fulfill a
series of requirements, such as: have provided the System Operator with sufficient guarantee to cover
economic obligations and to have the status of market agent, among others. Currently, the list of DMC
includes around 200 consumers, most of them small and medium companies (see [43]).

The Day-ahead Market, as part of the electric power production market, aims to carry out electric
power transactions for the next day by resolving offers and bids that are offered by market agents.
The Market Operator ranks and matches selling offers with buying bids for electricity (received before
10:00 a.m. on the day before the dispatch), using the simple or complex matching method, according
to simple or there are offers that incorporate complex conditions.

According to that, DMC must make their bids for the day D (day of dispatch) before 10:00 a.m. of
day D-1 (day before the dispatch), so nearly two-day-ahead forecasting models for the demand are
needed. After this process, the System Operator established the Daily Base Program, which is published
at 12:00, based on the program resulting from the Market Operator program for the Day-Ahead Market
and the communication of the execution of bilateral contracts. The Intraday Market aims to meet the
Definitive Viable Daily Program through the presentation of energy offers and bids by the markets
agents. The final scheduling is the result of the aggregation of all the firm transactions that are
formalized for each programming period as a consequence of the viable daily program and market
matching intraday once the technical restrictions identified have been resolved and the subsequent
rebalancing has taken place. Finally, generation and demand deviations arising from the closing of the
final scheduling are managed by the System Operator through balance management procedures and
the provision of secondary and tertiary regulation services.

4.2. Price of the Energy Participating as a DMC

The final price of the energy consumed as a DMC consists of three clearly differentiated
components, as described below.

e Regulated prices: these are prices set by the State and also depend on the supply rate.
This component includes access fees, capacity payments and loss coefficients. This component
does not depend on the type of supply, thus the corresponding cost would be the same for
consumers through retailers and DMC.
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e Taxes: they are also regulated prices, although of a different nature from the previous ones.
This component is given by the special tax on electricity (currently 5113%) and VAT (currently
21%). This component is also common for all consumers.

e Unregulated prices: this component of the billing contemplates the price for the energy consumed
in wholesale market and therefore it is not regulated by the State. It includes the price of energy
in the Day-ahead and Intraday Market, costs for bilateral contracts, costs for measured deviations
(difference between energy consumed and programmed energy), and costs for ancillary services.

Therefore, the Final Cost of the energy for a Direct Market Consumer is given by:

FinalCostDMC = RegulatedPricesComponent

12
+ UnregulatedPricesComponent + Taxes (12)

The price of energy in the Day-ahead or Daily Market, which is also called the marginal price,
is the result of matching sales and purchase offers managed the day before the energy dispatch. It is
therefore a non-regulated component of the billing. The price of energy in the Day-ahead Market is
determined for each of the 24 h of the day as a result of the matching, values that are available on the
website of the System Operator [44] (Red Eléctrica Espafiola, REE). It is the largest component (more
than 80%) of the average final price, as it is shown in Figure 4.

W Daily Market (39.7)

B Intraday Market [0.0)
u Deviations (0.2}

W Pay per Capacity (2.6)

W System Adjustment (5.0}

Figure 4. Components of the Average Final Price in 2016, price for 1 MWh in euros.

As in the Daily Market, the price of energy in the Intraday Market is the result of the negotiation
of sales and purchase offers managed in the sessions held a few hours before the dispatch of energy
(intraday sessions), and both are variable and unregulated prices. The price for each hour of the day
and each intraday session are posted on the website of the System Operator, in this case REE [44].

Once the daily scope of the agents, consumers, and generators programs has been reached,
the processes of liquidation of their energies (charges and payments) actually produced and consumed
are entered, with each passing the costs of the deviation that they have incurred by have “failed”
their respective programs of production and consumption. Thus, those who have deviated to rise
at a certain time (generators that have produced more than their program and consumers who have
consumed less than their programs) are passed on the corresponding cost in case that deviation has
gone in the opposite direction (the generators charge a price lower than the marginal price of the hour
for their additional production, and consumers receive a price lower than the marginal price they paid
in that hour for their lower consumption), while if their deviation was in the same sense of the needs
of the system, no cost is passed on to them (generators charge the marginal and consumers receive
the marginal). Identical reasoning governs the case of deviations to go down, in which producers
have generated less energy than their program and consumers have consumed more than what is
established in their schedule.
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In order to compare the real electricity bill in 2016 of the customer (the campus university) with
the one that it would have had acting as a DMC, the parts that are different in both of the bills have
been emphasized. The real electricity bill emitted by the supplier in 2016 (a retailer) consists of three
components: the access fees (regulated price), the taxes, and the “referenced energy” (which includes
some regulated prices such as the capacity payments or loss coefficients and all of the unregulated prices).

FinalCostRetailer = AccessFees 4 ReferencedEnergy + Taxes (13)

Taking into account that the access fees and taxes are the same for the two types of supply (retailer
and DMC), the cost of the “referenced energy” for 2016 is analyzed.
For a DMC, the hourly cost of the (referenced) energy is given by the following sum of costs:

E(h) = ECBC() + DMP(h)-EDM(h) + IMP(h)-EIM(h) + SAC(h)-EMCB(h)

+MDP(h)-EMD(h) + CPP(h)-EMCB(h) (14)

where:

e  E(h) = Energy cost in the hour “h”, in €.

e  ECBC(h) = Energy cost in the hour “h” from bilateral contracts, in €.

e DMP(h) = Daily Market price in the hour “h”, in €/kWh.

e EDM(h) = Energy bought in the Daily Market in the hour “h”, in kWh.

e IMP(h) = Intraday Market price in the hour “/”, in €/kWh.

e  EIM(h) = Energy bought in the Intraday Market in the hour “h”, in kWh.

SAC(h) = System adjustment cost passed on to the DMC in the hour “h”, in € /kWh.
EMCB(h) = Energy measured in Central Bars in the hour “h”, in kWh.

MDP(h) = Measured Deviations price in the hour “h”, in €/kWh.

EMD(h) = Measured Deviation of Energy in the hour “h” = Difference between consumed energy
and programmed energy in the hour “h”, in kWh.

e CPP(h) = Capacity payment price in the hour “/”, in € /kWh.

In this paper, it is assumed that the DMC in the study (the campus university) does not participate
in bilateral contracts nor in the Intraday Market, thus the hourly cost of the energy reduces to:

E(h) = DMP(h)-EDM(h) + SAC(h)-EMCB(h) + MDP(h)-EMD(l) + CPP(h)-EMCB(h) ~ (15)

It is mandatory for the Spanish Regulator (Comisién Nacional del Mercado y la Competencia,
CNMC) to publish on its website a document with the criterion used to calculate the average final price
(AFP) of energy in the market. The AFP (see Figure 4) represents an approximate value of the cost
of electric energy per kWh, being only a reference that can vary to a greater or lesser extent from the
actual final price, depending on the consumer. Specifically, the capacity payments and the deviations
between energy consumed and programmed, are those that can mark greater differences between the
real cost of the invoicing and the cost resulting from using the average final price. As an additional
objective, we compare the real cost acting as a DMC with the resulting cost using the AFP.

4.3. Case Study: A Campus University as a DMC

To date, all the dependencies of the Technical University of Cartagena have contracted supply
with a retailer, which is the modality of supplying of almost all consumers in high voltage of the
Spanish electrical system. Only around 200 consumers have dared to participate in the Market as
DMC, see the list in [43]. In 2016, the contracted tariff for the Alfonso XIII campus was the ATR 6.1,
6-period high voltage tariff, with a supply voltage of 20 kV.

As it has been stated before, the final price of the campus university’s invoice is composed of
the access fees (which refers to the use of the network), the taxes, and the price of the energy freely
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agreed with the retailer (which refers to the value of the energy consumed). Note that the concepts
corresponding to access fees (power and energy terms) and taxes are independent of the mode of
supply, so they do not change for a Direct Consumer. Therefore, the calculation of the cost of the
referenced energy for the DMC and its comparison with the retailer cost, is the main concern for
this study.

Recall that, under the assumptions of this study, the hourly energy cost as a DMC is given by the
sum of four components: the cost in the Daily Market (DM cost), the adjustment services (AS cost),
the measured deviations (MD cost), and the capacity payments (CP cost). Table 9 shows the value
of each component when the cost of the energy as a DMC is evaluated. In this section, 48-h-ahead
predictions obtained with the XGBoost method (eta = 0.02, nrounds = 3700) were used, although any
of the other ensemble methods would lead to similar results. It is worth to mention that the cost of
deviations is quite limited due to the accuracy of the load forecasting method.

Table 9. Monthly cost acting as a Direct Market Consumers (DMC) and its components.

Month DM Cost (in€) AS Cost(in€) MD Cost(in€) CP Cost (in €) DMC Cost (in €)
January 5478 685 91 313 6567
February 4492 815 56 409 5772

March 3644 763 45 99 4551
April 2980 649 70 105 3804
May 3976 801 43 127 4948
June 6692 682 42 336 7752
July 7151 610 28 524 8313

August 4450 430 56 0 4936

September 8013 724 57 195 8989
October 8289 708 48 130 9176
November 7960 474 91 140 8665
December 8727 492 46 285 9575
Total 2016 71,853 (86.52%) 7834 (9.44%) 697 (0.84%) 2664 (3.2%) 83,048

Table 10 shows the electricity consumption (in kWh) of the campus university in 2016 and the
cost of the referenced energy (consumption) in four cases: the real cost paid to the retailer, the cost
using the Average Final Price (AFP), acting as a DMC, and what we call the pessimist price (a Direct
Consumer with all the deviations against the system). According to the results, it can be established
that DMC modality would have produced savings of around 11% in the energy term of the invoice
when compared to the retail price. Note also that the cost using the AFP does not coincide with the
cost of the DMC because the cost due to deviations and the capacity payments components depend on
the consumer. On the other hand, the results show that, even in the pessimistic case (all deviations of
the predictions against the system), the DMC type of supply is worthy against the retailer.

It is important to highlight that the economic benefits of the DMC type of supply depend on
two main aspects: the magnitude of the deviations and the direction of the deviations (towards or
against the system). The first aspect (magnitude of the deviations) is determined by the accuracy of the
forecasting method. However, the second aspect (direction of the deviations) is out of our control and
it depends on the whole Electric System. In particular, some worse forecasting methods could lead to
greater benefits than more accuracy methods, but only by chance and assuming that the forecasting
values are good enough (moderate deviations). Therefore, the load forecasting method is important to
some extent, but obviously lower deviations are preferable to greater deviations.
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Table 10. Comparison of costs in four cases: average final price (AFP), pessimist, DMC, and retailer.

Month Consumption kWh  AFP (in €) Pessimist (in€) DMC (in€)  Retailer (in €) Saving %

January 125,702 6643 6677 6567 7434 12
February 136,620 5834 5821 5772 6760 15
March 119,103 4778 4628 4551 5338 15
April 108,475 3965 3874 3804 4346 12
May 130,149 5164 5001 4948 5571 11
June 157,785 7953 7802 7752 8815 12
July 160,212 8423 8361 8313 9315 11
August 100,343 5133 4957 4936 5477 10
September 167,116 9272 9040 8989 10,036 10
October 141,077 9410 9213 9176 9953 8
November 127,613 8818 8691 8665 9534 9
December 130,583 9717 9634 9575 10,524 9
Total 2016 1,604,778 85,111 83,698 83,048 93,103 11

5. Conclusions

Load forecasting has been an important concern to provide accurate estimates for the operation
and planning of Power Systems, but it can also arise as an important tool to engage and empower
customers in markets, for example for decision making in electricity markets.

In this paper, we propose the using of different ensemble methods that are based on regression
trees as alternative tools to obtain short-term load predictions. The main advantages of this approach
are the flexibility of the model (suitable for linear and non-linear relationships), they take into account
interactions among the predictors at different levels, no assumption or transformations on the data are
needed, and they provide very accurate predictions.

Four ensemble methods (bagging, random forest, conditional forest, and boosting) were applied
to the electricity consumption of the campus Alfonso XIII of the Technical University of Cartagena
(Spain). In addition to historical load data, some calendar variables and historical temperatures
were considered, as well as dummy variables representing different types of special days in the
academic context (such as exams periods, tutorial periods, or academic festivities). The results show
the effectiveness of the ensemble methods, mainly random forest, and a recent variant of gradient
boosting called the XGBoost method. It is also worth to mention the fast computational time of
the latter.

To illustrate the utility of this load-forecasting tool for a medium-size customer (a campus
university), predictions with a horizon of 48h were obtained to evaluate the benefits that are involved
in the change from tariffs to price of wholesale markets in Spain. This possibility provides an interesting
option for the customer (a reduction of around 11% in electricity costs).
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Abstract: Deep neural networks are proposed for short-term natural gas load forecasting.
Deep learning has proven to be a powerful tool for many classification problems seeing significant
use in machine learning fields such as image recognition and speech processing. We provide an
overview of natural gas forecasting. Next, the deep learning method, contrastive divergence is
explained. We compare our proposed deep neural network method to a linear regression model and
a traditional artificial neural network on 62 operating areas, each of which has at least 10 years of data.
The proposed deep network outperforms traditional artificial neural networks by 9.83% weighted
mean absolute percent error (WMAPE).

Keywords: short term load forecasting; artificial neural networks; deep learning; natural gas

1. Introduction

This manuscript presents a novel deep neural network (DNN) approach to forecasting natural
gas load. We compare our new method to three approaches—a state-of-the-art linear regression
algorithm and two shallow artificial neural networks (ANN). We compare our algorithm on 62 datasets
representing many areas of the U.S. Each dataset consists of 10 years of training data and 1 year
of testing data. Our new approach outperforms each of the existing approaches. The remainder
of the introduction overviews the natural gas industry and the need for accurate natural gas
demand forecasts.

The natural gas industry consists of three main parts; production and processing, transmission
and storage, and distribution [1]. Like many fossil fuels, natural gas (methane) is found underground,
usually near or with pockets of petroleum. Natural gas is a common byproduct of drilling for petroleum.
When natural gas is captured, it is processed to remove higher alkanes such as propane and butane,
which produce more energy when burned. After the natural gas has been processed, it is transported
via pipelines directly to local distribution companies (LDCs) or stored either as liquid natural gas in
tanks or back underground in aquifers or salt caverns. The natural gas is purchased by LDCs who
provide natural gas to residential, commercial, and industrial consumers. Subsets of the customers of
LDCs organized by geography or municipality are referred to as operating areas. Operating areas are
defined by the individual LDCs and can be as large as a state or as small as a few towns. The amount
of natural gas used often is referred to as the load and is measured in dekatherms (Dth), which is
approximately the amount of energy in 1000 cubic feet of natural gas.

For LDCs, there are several uses of natural gas, but the primary use is for heating homes and
business buildings, which is called heatload. Heatload changes based on the outside temperature.
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During the winter, when outside temperatures are low, the heatload is high. When the outside
temperature is high during the summer, the heatload is approximately zero. Other uses of natural
gas, such as cooking, drying clothes, and heating water and other household appliances, are called
baseload. Baseload is generally not affected by weather and typically remains constant throughout the
year. However, baseload may increase with a growth in the customer population.

Natural gas utility operations groups depend on reliable short-term natural gas load forecasts to
make purchasing and operating decisions. Inaccurate short-term forecasts are costly to natural gas
utilities and customers. Under-forecasts may require a natural gas utility to purchase gas on the spot
market at a much higher price. Over-forecasts may require a natural gas utility to store the excess gas
or pay a penalty.

In this paper, we apply deep neural network techniques to the problem of short term load
forecasting of natural gas. We show that a moderately sized neural network, trained using a deep
neural network technique, outperforms neural networks trained with older techniques by an average of
0.63 (9.83%) points of weighted mean absolute percent error (WMAPE). Additionally, a larger network
architecture trained using the discussed deep neural network technique results in an additional
improvement of 0.20 (3.12%) points of WMAPE. This paper is an extension of Reference [2].

The rest of the manuscript is organized as follows. Section 2 provides an overview of natural gas
forecasting, including the variables used in typical forecasting models. Section 3 discusses prior work.
Section 4 provides an overview of ANN and DNN architecture and training algorithms. Section 5
discusses the data used in validating our method. Section 6 describes the proposed method. Section 7
explains the experiments and their results. Section 8 provides conclusions.

2. Overview of Natural Gas Forecasting

The baseload of natural gas consumption, which does not vary with temperature for an operating
area, typically changes seasonally and slowly as the number of customers, or their behavior, changes.
Given the near steady nature of baseload, most of the effort in forecasting natural gas load focuses
on predicting the heatload (load which varies with temperature). Hence, the most important factor
affecting the natural gas load is the weather.

Figure 1 shows that natural gas load has a roughly linear relationship with temperatures above
65 °F. For this reason, it is important to consider a variety of temperature-related exogenous variables as
potential inputs to short-term load forecasting models. This section discusses a few of these exogenous
variables, which include heating degree day (HDD), dew point (DPT), cooling degree day (CDD),
day of the week (DOW), and day of the year (DOY).

x10°

45

4t

Load (Dth)

N

65 - Temperature (°F)

Figure 1. Weighted combination of several midwestern U.S. operating areas, including Illinois,
Michigan, and Wisconsin. Authors obtained data directly from local distribution companies. The data
is from 1 January 2003 to 19 March 2018.
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Note the kink in the trend of Figure 1 at about 65 °F. At temperatures greater than 65 °F, residential
and commercial users typically stop using natural gas for heating. At temperatures greater than 65 °F,
only the baseload remains. Thus, heating degree days (HDD) are used as inputs to forecasting models,

HDD = max(0, T,er — T), 1)

where T is the temperature, and Treris the reference temperature [3]. Reference temperature is indicated
by concatenating it to HDD, i.e., HDD65 indicates a reference temperature of 65 °F.

Several other weather-based inputs can be used in forecasting natural gas, such as wind-adjusted
heating degree day (HDDW); dew point temperature (DPT), which captures humidity; and cooling
degree days (CDD),

CDD = max(0, T — Tyef) )

and is used to model temperature-related effects above T, as seen in Figure 1.

In addition to weather inputs, time variables are important for modeling natural energy
demand [4]. Figure 2 illustrates the day of the week (DOW) effect. Weekends (Friday-Sunday) have less
demand than weekdays (Monday-Thursday). The highest demand typically occurs on Wednesdays,
while the lowest demand generally occurs on Saturdays. A day of the year (DOY) variable is also
important. This allows homeowner behaviors between seasons to be modeled. In September, a 50 °F
temperature will cause few natural gas customers to turn on their furnaces, while in February at 50 °F
all furnaces will be on.

5
4510

Sunday
Monday
Tuesday
351 * Wednesday
Thursday

3t - Friday

Saturday

Load (Dth)
~

-40 -20 0 20 40 60 80
65 - Temperature (°F)

Figure 2. The same data as in Figure 1 colored by day of the week.

3. Prior Work

Multiple linear regression (LR) and autoregressive integrated moving average (ARIMA) are
common models for forecasting short-term natural gas demand [5]. Vitullo et al. propose a
five-parameter linear regression model [5]. Let § be the day ahead forecasted natural gas demand,
HDD65 be the forecasted HDD with a reference temperature of 65 °F, HDD55 be the forecasted HDD
with a reference temperature 55 °F, and CDDG65 be the forecasted CDD with a reference temperature
65 °F. Let AHDDG65 be the difference between the forecasted HDD65 and the prior day’s actual HDD65.
Then, Vitullo’s model is described as

§ = By + B1HDDE5 + B,HDDS5 + B3AHDDES + 4CDD6S. 3)

Bo is the natural gas load not dependent on temperature. The natural gas load dependent on
temperature is captured by the sum of 1 and B,. The two reference temperatures better model
the smooth transition from heating to non-heating days. 3 accounts for recency effects [5,6]. Finally,
B4 models small, but not insignificant, temperature effects during non-heating days.
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While the Vitullo model and other linear models perform well on linear stationary time-series,
they assume that load has roughly a linearly relationship with temperature [7]. However, natural
gas demand time series is not purely linear with temperature. Some of the nonlinearities can be
modeled using heating and cooling degrees, but natural gas demand also contains many smaller
nonlinearities that cannot be captured easily with linear or autoregressive models even with nonlinear
transformations of the data.

To address these nonlinearities, forecasters have used artificial neural networks (ANNSs) in place
of, or in conjunction with, linear models [5,8,9]. ANNs are universal approximators, meaning that
with the right architecture, they can be used to model almost any regression problem [8]. Artificial
neural networks are composed of processing nodes that take a weighted sum of their inputs and then
output a nonlinear transform of that sum.

Recently, new techniques for increasing the depth (number of layers) of ANNs have yielded
deep neural networks (DNN) [10]. DNNSs have been applied successfully to a range of machine
learning problems, including video analysis, motion capture, speech recognition, and image pattern
detection [10,11].

As will be described in depth in the next section, DNNs are just large ANNs with the
main difference being the training algorithms. ANNs are typically trained using gradient
descent. Large neural networks trained using gradient descent suffer from diminishing error
gradients. DNNs are trained using the contrastive divergence algorithm, which pre-trains the model.
The pre-trained model is fine-tuned using gradient descent [12].

This manuscript adapts the DNNs to short-term natural gas demand forecasting and evaluates
DNNSs’ performance as a forecaster. Little work has been done in the field of time series regression
using DNNs, and almost no work has been done in the field of energy forecasting with DNNs.
One notable example of literature on these subjects is Qui et al., who claim to be the first to use DNNs
for regression and time series forecasting [13]. They show promising results on three electric load
demand time series and several other time series using 20 DNNs ensembled with support vector
regression. However, the DNNs they used were quite small; the largest architecture consists of two
hidden layers of 20 neurons each. Because of their small networks, Qui et al. did not take full advantage
of the DNN technology.

Another example of work in this field is Busseti et al. [14], who found that deep recurrent
neural networks significantly outperformed the other deep architectures they used for forecasting
energy demand. These results are interesting but demonstrated poor performance when compared
to the industry standard in energy forecasting, and they are nearly impossible to replicate given the
information in the paper.

Some good examples of time series forecasting using DNNs include Dalto, who used them for
ultra-short-term wind forecasting [15], and Kuremoto et al. [16], who used DNNs on the Competition
on Artificial Time Series benchmark. In both applications, DNNs outperformed neural networks
trained by backpropagation. Dalto capitalized on the work of Glorot and Bengio when designing
his network and showed promising results [17]. Meanwhile, Kuremoto successfully used Kennedy’s
particle swarm optimization in selecting their model parameters [18]. The work most similar to ours is
Ryu et al., who found that two different types of examined DNNs performed better on short-term load
forecasting of electricity than shallow neural networks and a double seasonal Holt-Winters model [19].

Other, more recent examples of work in this field include Kuo and Huang [20], who use
a seven-layer convolutional neural network for forecasting energy demand with some success.
Unfortunately, they do not use any weather information in their model which results in poor forecasting
accuracy compared to those who do account for weather. Li et al. used a DNN combined with hourly
consumption profile information to do hourly electricity demand forecasting [21]. Chen et al. used a
deep residual network to do both point and probabilistic short-term load forecasting of natural gas [22].
Perhaps the most similar recent work to that which is presented in this paper is Hosein and Hosein,
who compared a DNN without RBM pretraining to one with RBM pretraining on short-term load
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forecasting of electricity. They found that the pretrained DNN performed better, especially as network
size increased [23].

Given the successful results of these deep neural network architectures on similar problems, it is
expected that DNNs will surpass ANNs in many regression problems, including the short-term
load forecasting of natural gas. This paper explores the use of DNNs to model a natural gas
system by comparing the performance of the DNN to various benchmark models and the current
state-of-the-art models.

4. Artificial and Deep Neural Networks

This section provides an overview of ANNs and DNNs and how to train them to solve regression
problems. An ANN is a network of nodes. Each node sums its inputs and then nonlinearly transforms
them. Let x; represent the ith input to the node of a neural network, w; the weight of the ith input, b the
bias term, n the number of inputs, and o the output of the node. Then

o-a(iwixi+b>, “4)

i=1

where
o(x) = #
1+e ™
This type of neural network node is a sigmoid node. However other nonlinear transforms may be
used. For regression problems, the final node of the network is typically a linear node where

®)

n
0=

wix; + b. 6)
i=1

A network of nodes is illustrated in Figure 3 below for a feedforward ANN, whose outputs always
connect to nodes further in the network. The arrows in Figure 3 indicate how the outputs of nodes in
one layer connect to the inputs in the next layer. The visible nodes are labelled with a V. The hidden

nodes are labelled with an Hx.y, where x indicates the layer number and y indicates the node number.
The output node is labeled O.

I Inputs I

Figure 3. A feedforward ANN with four visible nodes, three nodes in the first hidden layer, two nodes
in the second hidden layer, and a single node in the output layer.

184



Energies 2018, 11, 2008

The ANN is trained using the backpropagation algorithm [24]. The backpropagation algorithm
is run over all the training data. This is called an epoch. When training an ANN, many epochs are
performed with a termination criterion such as a maximum number of epochs or the error falling
below a threshold.

Next, we describe a DNN. A DNN is essential an ANN with many hidden layers. The difference
is in the training process. Rather than training the network using only the backpropagation algorithm,
an initialization phase is done using the contrastive divergence algorithm [25,26]. The contrastive
divergence algorithm is performed on a restricted Boltzmann machine (RBM). Figure 4 illustrates
a RBM with four visible nodes and three hidden nodes. Important to note is that unlike the ANN,
the arrows point in both directions. This is to indicate that the contrastive divergence algorithm
updates the weights by propagating the error in both directions.

Figure 4. A restricted Boltzmann machine with four visible units and three hidden units. Note the
similarity with a single layer of a neural network.

Similar to an ANN, a RBM has bias terms. However, since the error is propagated in both
directions there are two bias terms, b and ¢. The visible and hidden nodes are calculated from one
another [26]. Let v; represent the ith visible node, w; the weight of the ith visible node, c the bias term,
n the number of visible nodes, and & the hidden node.

n
h:a(Zwivi+c>, 7)
i=1
which can be rewritten in vector notation for all hidden units as
h =0(Wv+c). 8)

Similarly, the visible node can be calculated in terms of the hidden nodes. Let i; represent the jth
hidden node, wj the weight of the jth hidden node, b the bias term, m the number of hidden nodes,
and v the visible node. Then

m
UU(Zthj-Fb), )
j=1
which can be rewritten in vector notation for all visible units as

v= a(wTh + b), (10)

where WT is the transpose of W.
Training a RBM is done in three phases as described in Algorithm 1 for training vector vy and a
training rate €. Algorithm 1 is performed on iterations (epochs) of all input vectors.
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Algorithm 1: Training restricted Boltzmann machines using contrastive divergence

1  //Positive Phase

2 hy=0(Wvy+c)

3 for each hidden unit hg;:
4 if hy; > rand(0,1)/ /rand(0,1) represents a sample drawn from the uniform distribution
5 hOi =1

6 else

7 h[)i =0

8  //Negative Phase

9  vi=0(WThy+b)

10  for each visible units vy;:
11 if vy;>rand(0,1)

12 vlj =1

13 else

14 1)1]' =0

15 //Update Phase

16 h1 =0 (WV1 + C)

17 W=¢ (hgvo! — hyvi7)
18 b=¢ (ho - hl)

19 c=¢(vp—vy)

As can be seen in Figure 4, a trained RBM closely resembles a single layer of an ANN. We stack
RBMs to form an ANN. First, RBM1 is trained based on our input data using Algorithm 1. Then,
the entire input set is fed into the visible layer of a now fixed RBM1, and the outputs at the hidden
layer are collected. These outputs are used as the inputs to train RBM2. This process is repeated after
RBM2 is fully trained to generate the inputs for RBM3, and so on, as shown in Figure 5. This training
is unsupervised, meaning that no target outputs are given to the model. It has information about
the inputs and how they are related to one another, but the network is not able to solve any real
problem yet.

P
baccp

RBIM2

Figure 5. Graphical representation of how RBMs are trained and stacked to function as an ANN.

The next step is training a DNN. Backpropagation is used to train the neural network to solve a
particular problem. Since our problem is short-term load forecasting, natural gas load values are used
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as target outputs, and a set of features such as temperature, wind speed, day of the week, and previous
loads are used as the inputs. After the backpropagation training, the DNN functions identically to a
large ANN.

5. Data

One common problem with training any type of neural network is that there is always some
amount of randomness in the results [27]. This means that it is difficult to know whether a single
trained model is performing well because the model parameters are good or because of randomness.
Hanson and Salamon mitigated this problem using cross validation and an ensemble of similar neural
networks [27]. They trained many models on the different parts of the same set of data so that they
could test their models on multiple parts of the data.

This paper mitigates this problem by using data sets from 62 operating areas from local
distribution companies around the United States. These operating areas come from many different
geographical regions including the Southwest, the Midwest, West Coast, Northeast, and Southeast and
thus represent a variety of climates. The data sets also include a variety of urban, suburban and rural
areas. This diverse data set allows for broader conclusions to be made about the performance of the
forecasting techniques.

For each of the 62 operating areas, several models are trained using at least 10 years of data for
training and 1 year for testing. The inputs to these models are those discussed in Section 2. The natural
gas flow is normalized using the method proposed by Brown et al. [28]. All the weather inputs in this
experiment are observed weather as opposed to forecasted weather for the sake of simplicity.

6. Methods

This section discusses the models at the core of this paper. Four models are compared: a linear
regression (LR) model [5], an ANN trained as described in Reference [26], and two DNNSs trained as
described in Section 3. The first DNN is a shallow neural network with the same size and shape as the
ANN. The other DNN is much larger.

The ANN has two hidden layers of 12 and four nodes each and is trained using a Kalman
filter-based algorithm [29]. The first DNN has the same architecture as the ANN but is pretrained
using contrastive divergence. The purpose of using this model is to determine if the contrastive
divergence algorithm can outperform the Kalman filter-based algorithm on these 62 data sets when all
other variables are equal. Each RBM is trained for 1000 epochs, and 20 epochs of backpropagation are
performed. Despite its small size, the contrastive divergence trained neural network is referred to as a
DNN to simplify notation.

In addition to these models, which represent the state-of-the-art in short-term load forecasting
of natural gas, a large DNN with hidden layers of 60, 60, 60, and 12 neurons, respectively, is studied.
The purpose of this model is to show how much improvement can be made by using increasingly
complex neural network architectures. All forecasting methods are provided with the same inputs to
ensure a fair comparison.

7. Results

To evaluate the performance of the respective models, we considered several metrics to evaluate
the performance of each model. The first of these is the root mean squared error:

RMSE = | = ﬁ [8(n) — s(n)]? 11)
Nn:l '

for a testing vector of length N, actual demand s, and forecasted demand . RMSE is a powerful
metric for short-term load forecasting of natural gas because it naturally places more value on the
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days with higher loads. These days are important, as they are when natural gas is the most expensive,
which means that purchasing gas on the spot market or having bought too much gas can be costly.
Unfortunately, RMSE is magnitude dependent, meaning that larger systems have larger RMSE if the
percent error is constant, which makes it a poor metric for comparing the performance of a model
across different systems.

Another common metric for evaluating forecasts is mean absolute percent error,

o Ln [8(n) —s(n)]|
MAPE = 1ooﬁng1 EEORE (12)

Unlike RMSE, MAPE is unitless and not dependent on the magnitude of the system. This means
that it is more useful for comparing the performance of a method between operating areas. It does,
however, put some emphasis on the lowest flow days, which, on top of being the least important days
to forecast correctly, are often the easiest days to forecast. As such, MAPE is not the best metric for
looking at the performance of the model across all the days in a year, but can be used to describe the
performance on a subset of similar days.

The error metric used in this paper is weighted MAPE:

N
L [3(n) —s(n)
WMAPE = 100”:1N7 (13)

This error metric does not emphasize the low flow and less important days while being unitless
and independent of the magnitude of the system. This means that it is the most effective error metric
for comparing the performance of our methods over the course of a full year.

The mean and standard deviation of the performance of each model over the 62 data sets are
shown in Table 1. As expected, the DNN has a lower mean WMAPE than the linear regression
and ANN forecasters, meaning that generally, the DNN performs better than the simpler models.
Additionally, the large DNN marginally outperforms the small DNN in terms of WMAPE. Both results
are shown to be statistically significant later in this section. In addition to the mean, the standard
deviation of the performances of the two DNN architectures are smaller than that of the LR and ANN.
This is an important result because it points to a more consistent performance across different areas as
well as better performance overall.

Table 1. The mean and standard deviation of the performance of the four models on all 62 areas.

LR WMAPE ANN WMAPE DNN WMAPE Large DNN WMAPE

Mean 6.41 6.41 5.78 5.58
Standard Deviation 2.49 2.83 2.11 2.09

Simply stating the mean performance does not tell us much without looking at the differences
in performance for each of the 62 areas individually, which is shown succinctly in Figures 6
and 7. Figure 6a,b and Figure 7 are histograms of the difference in performance on all 62 areas of
two forecasting methods. By presenting the results this way, we can visualize the general difference in
performance for each of the 62 operating areas. Additionally, t-tests can be performed on the histograms
to determine the statistical significance of the difference. Right-tailed t-tests were performed on the
distributions in Figure 6a,b. The resulting p-values are 1.2 x 107 and 6.4 x 10~%, respectively, meaning
that the DNN performed better, in general, than the ANN or LR, and that the difference in performance
is statistically significant in both cases.
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30 30
LR performs better DNN performs better ANN performs better DNN performs better

instances
instances

5 4 -3 -2 - 0 1 2 3 4 5 5 4 3 -2 -1 0 1 2 3 4 5
LR wmape - DNN wmape ANN wmape - DNN wmape
(a) (b)

Figure 6. This figure shows two histograms: (a) A comparison of the performance of all 62 models
between the DNN and the LR. Instances to the left of the center line are those for which the LR
performed better, while those on the right are areas where the DNN performs better. The distance from
the center line is the difference in WMAPE. (b) The same as (a) but comparing the ANN to the DNN.
One instance (at 10.1) in (b) is cut off to maintain consistent axes.

It is also interesting to consider that in some areas, the LR and ANN forecasters perform better
than the DNN. This implies that in some cases, the simpler model is the better forecaster. It is also
important to point out that of the 13 areas where the LR outperforms the DNN, only two have LR
WMAPES greater than 5.5, which means that the simple LR models are performing very well when
compared to industry standards for short-term load forecasting of natural gas on those areas.

Figure 7 compares the performance of the two DNNs. As with the two distributions in Figure 6,
a left-tailed t-test was performed on the histogram in Figure 7 resulting in a p-value of 9.8 x 1075.
This means that the Large DNN offers a statistically significant better performance over the 62 areas
than the small DNN. However, much like in the comparison between the DNN and other models,
the small DNN performs better in some areas, which supports the earlier claim that complex models
do not necessarily outperform simpler ones.

30

Large DNN performs bet DNN performs better

instances

-5 -4 -3 -2 -1 0 1 2 3 4 5
Large DNN wmape - DNN wmape

Figure 7. A comparison of the performance of all 62 models between the DNN and the Large DNN.
Instances to the left of the center line are those for which the Large DNN performed better, while those
on the right are areas where the DNN performs better. The distance from the center line is the difference
in WMAPE.

8. Conclusions

We conclude that DNNs can be better short-term load forecasters than LR and ANNSs. On average,
over the 62 operating areas examined, a DNN outperformed an otherwise identical ANN at short-term
load forecasting of natural gas, and a larger DNN offered even greater performance. However,
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these improvements to the performance are not present for all 62 operating areas. For some, even the
much simpler linear regression model is shown to perform better than the DNN. For this reason,
it is concluded that, although the DNN is a powerful option that in general will perform better than
simpler forecasting techniques, it may not do so for every operating area. Therefore, DNNs can be
used as a tool in short-term load forecasting of natural gas, but multiple other forecasting methods
should be considered as well.
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Nomenclature

b bias term of a neural network node

c the bias term of a restricted Boltzmann machine (RBM)
CDD cooling degree days

DPT dew point

Dth dekatherm

h vector of hidden nodes of a RBM

HDD heating degree days

hj jth hidden node of a RBM

MAPE mean absolute error

0 output of a neural network node

RMSE root mean square error

s natural gas demand

T temperature in degrees Fahrenheit

Trep reference temperature for HDD and CDD
v vector of visible nodes of a RBM

v; ith visible node of a RBM

w weight matrix of a neural network

w; weight of the ith input of a neural network node
WMAPE  weighted mean absolute percentage error
X ith input to the node of a neural network
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