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Abstract. The time series of electrical loads are complex, influenced by multiple
variables (endogenous and exogenous), display non-linear behavior and have mul-
tiple seasonality with daily, weekly and annual cycles. This paper addresses the
main aspects of demand forecast modeling from time series and applies machine
learning techniques for this type of problem. The results indicate that through an
amplified model including the selection of variables, seasonality representation
technique selection, appropriate choice of model for database (deep or shallow)
and its calibration, it’s possible to archive better results with an acceptable com-
putational cost. In the conclusion, suggestions for the continuity of the study are
presented.
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1 Introduction

Global energy consumption is growing each year, and to satisfy this demand, it is nec-
essary to find ways to make efficient use of this resource and generate more energy. In
2010, global energy consumption was approximately 152 thousand TWh, and this value
increased to 173 thousand TWh in 2017, which represents a 13% growth in seven years
[10].

At present, the sector is in a transition phase and some changes are happening, such
as: increase of the use of renewable sources, increased energy efficiency, modernization
of the network infrastructure, consumption patterns changes and deregulation [5]. There
is currently greater awareness of the environmental impacts caused by high energy
consumption, and despite this increasing consumption, the challenge is to reduce energy
production from polluted energy sources such as nuclear and fossil fuels.
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On a global level, it is essential that the decision makers have information on the
energy consumption growth in different countries to meet these challenges. On a local
level, this information is also essential due to changes in the sector, such as greater com-
petitiveness, measures to rationalize consumption, and economic interests. The operation
of a Smart-Grid network dependent on this information is one example, as it is sensitive
to instantaneous load variations, contingencies, and the economic dispatch of loads.

Some energy forecasting models are based purely on statistical methods; however,
in the last decades there has been an increase in the use of methods based on machine
learning (ML), which make use of the large amount of information currently available
to make predictions and obtain more accurate results. Numerous works published in
recent decades have addressed demand forecasting, but most do not consider all relevant
aspects of it. This work aims to fill this gap by indicating ways to build more complete
models.

2 Related Works

Over the last few decades, several demand forecasting techniques have been tested using
different strategies to obtain future values of energy consumption. For example, [7]
classifies different methods in terms of use; multiple regression or multivariate regres-
sion methods are the most used, followed by the ANN (artificial neural network). The
most used time series models include ARMA (autoregressive moving average) for sta-
tionary series and ARIMA (autoregressive integrated moving average) if the series is
non-stationary and requires differentiation. The next in the author’s ranking is the SVM
(support vector machine) and finally, there are models with small participation at the
same level.

In a survey, [11] points out that some models offer advantages over others if the
objective is forecasting demand. Multiple regressions provide accuracy in the prediction
when the load in time follows a linear behavior. Neural networks are preferred when
the time variations are significantly fast. ANN and time series models are often used
for STLF (short term load forecasting) when the consumption pattern is more complex.
Time series models rely mainly on historical load data, while ANN needs to be trained
with the historical load data and the time base. SVM is very similar to ANN, as it
also requires parameters as input, but it is faster and has fewer parameters to configure.
Evolutionary algorithms run faster and provide better results when used with ANN. Over
time, some methods were shown to be ineffective for short-term forecasting demand due
to the non-linear relationship between the predicted variables and the predictors, along
with the increase in the amount of information.

ML techniques have delivered good results for this type of problem. For example, [8]
highlights that, during the last two decades, several ML models for forecasting demands
have emerged, because ML offers the best opportunities to search for improvements.
Some advantages include the increase in accuracy and robustness, as well as the ability
to generalize when creating hybrid models. Among ML techniques, the most promising
involve deep learning. In [9], a comparison was made between traditional ML techniques
and deep-learning techniques, concluding that the latter leads to better results, although
its model preparation presents bigger challenges.
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3 Problem and Motivation

When making demand forecasts, some questions arise:

e Which elements of influence should be considered and how? (i.e., seasonality and
input variables)

o How should the most relevant variables be selected and the redundant ones eliminated
for better computational performance and results?

e Which prediction technique should be used?

o How should the model be calibrated?

There are few publications that attempt to answer all these questions simultaneously,
and this fact motivated the development of this study, whose purpose is to build an
expanded model that contemplates all these aspects simultaneously.

4 Proposed Model

4.1 Database

The database used in this case study is available at ISO NE (Independent System Operator
New England) at http://www.iso-ne.com. It includes the sum of the global electrical load
data from several cities in England for the period between January 2017 and December
2019. Altogether, it contains 23 independent variables of the following natures: climate
information, economic indicators, and market data.

To better understand demand behavior, Figs. 1, 2, and 3 show its annual, weekly,
and daily variation. The concentration of peaks throughout the year appear between the
months of June and September, over the week on Mondays, and by day between 6 p.m.
and 7 p.m. This behavior reflects the presence of multiple seasonalities.
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Fig. 1. Variation in energy consumption throughout 2017 (Source: the author)

It is very important that the database includes the variables with greatest influence
on energy consumption when making predictions. For example, the graphs in Figs. 4,
5, and 6 reproduce the behavior of temperature throughout the day. The temperature
variations are shown in the same periods: throughout the year, week, and day.

As shown in Figs. 4, 5, and 6, the temperature peaks from 2017 to 2019 occurred
between the months June and October; weekly, they often occur on Wednesdays; and
daily, between 5 p.m. and 6 p.m. These data indicate the existence of a correlation
between temperature and the target variable, energy consumption.
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Fig. 6. Dry bulb temperature variation in 2019 (Source: the author)

4.2 Load Seasonality

Asnotedin Sect. 4.1, the electrical load has multiple seasonalities. This issue is addressed
in [3], which proposes different ways of coding to represent them. They are shown below.

Representation of the Year Period

To encode the variations caused by hot and cold periods throughout the year, a trigono-
metric function is used that generates a specific value for each day of the year. The
expression is shown below:

(i+r)) cos(2r i+1)

p = Isin@r = 366

)] (1

where i represents the current day and t the prediction range in days. Soi + v = 1,
2,...366 represents the number of the day of the year of the forecast demand.

Representation of the Day of the Week

The day of the week varies between 1 (Monday) and 7 (Sunday), and six different
encodings are used to represent them, listed in Table 1. One scales the day of the week
between [1 ... 1/7]: in this successive encoding, days of the week have successive scaled
index values. A trigonometric expression is used to encode the index of the day in the
second representation, and the following ones use bits to represent each day of the week.

Table 1. Representation of the day of the week

d 1 2 3 4 5 6
d! d? d3 d* dd d°
Monday 87 | [sin@r @) cos@r @) 1000000 001 001 00
Tuesday 0100000 | 010 011 |01
Wednesday 0010000 011 010 |01
Thursday 0001000 100 | 110 01
Friday 0000100 | 101 111 |01

(continued)
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Table 1. (continued)

d 1 2 3 4 5 6
dal d? a3 a* d’ d®
Saturday 0000010 110 101 10
Sunday 0000001 111 100 11
Source: [3]

Representation of the Hour of the Day
The representation of the time of the day is made by five encodings, as shown in Table 2.
The first scale is the time of the day [1 ... 24], successive hours of the day having
successive scaled index values. The second representation has a trigonometric expression
that generates values for each hour of the day, and for representations 3, 4, and 5 bits
are used to represent the hour of the day.

Table 2. Representation of the hour of the day

h 1 2 3 4 5

h! h? n? it w
Hour 1 824 | [sin@re$) cos@nt@H] 11000...0 00001 00001
Hour 2 0100..0 00010 | 00011
Hour 3 0010...0 00011 | 00010
Hour 24 0000...1 | 11000 | 10100
Source: [3]

4.3 Consumption Prediction from Time Series

It is possible to make future prediction of H energy values from a univariational time
series comprised of T observations [12]. Typically, energy data are characterized by high
variance and non-linear behavior between independent and dependent variables.

As pointed out in the cited works in Sect. 2, due to these characteristics, deep-
learning techniques have stood out in demand forecastting applications based on time
series. For this reason, this work focuses on using deep-learning models to predict energy
consumption. According to [1], several steps are necessary to assemble a good model,
as shown in Fig. 7.

The preprocessing step is very important, because helps to reduce the database dimen-
sionality while keeping the most relevant information [2]. According to [2], some of the
offered advantages are reduced processing time, increased accuracy, and the possibil-
ity of a better understanding of the learning model and data. He classifies the variable
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Fig. 7. Framework for energy prediction (Source: Author)

selection methods as: filter, wrapper, and embedded. The next step is the seasonality
treatment, which consists of adding attributes to reproduce it.

Due to the advantages exposed in Sect. 2, it was decided to make the predictions
using SVM, a classic and widely used ML method, and two deep-learning techniques:
the multi layer Perceptron and LSTM (long short-term memory). It will thus be possible
to evaluate the potential of the proposed models.

S Implementation and Results

5.1 Variable Selection and Model Entry

The increase in the database dimensions with a large supply of data exposes the lim-
itations of ML algorithms in terms of learning capacity and processing time. A high
number of input variables makes the processing heavy without necessarily delivering
better results [6]. For this reason, a preprocessing step is included to remove irrelevant
and redundant data. In this step, the whole database is submitted to algorithms capable
of identifying the most relevant attributes; then, the result of this selection is submitted
to the RFM (recursive feature elimination) algorithm to eliminate redundant attributes.

The database was loaded into the WEKA tool and processed through attribute-
selection algorithms. Weka is a free ML tool developed in Java at the University of
Waikato, which has the main attribute-selection algorithms implemented and offers easy
access. More information about WEKA'’s variable selection algorithms can be found in
its manual.

The algorithms were used in Table 3 to allow a relevance and redundancy analysis on
the database attributes. CFS privileges subsets that have less intercorrelation with each
other but are highly correlated with the target [4]. The ClassifierAttributeEval checks
the value of an attribute used with a specific classifier selected by the user. The main
component is used to extract more relevant information from a redundant and noisy
dataset. Relief is a well-known method that measures the relevance of attributes close to
the target. Mutual information focuses on relevance analysis using the concept of mutual
information [6].
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Below, Table 3 identifies the selection method and the attributes considered most rel-
evant. The purpose is to reduce the dimensionality of the database, so the main attributes
were selected. The results of the pre-processing are shown in Table 3, which identifies
the algorithm and the most relevant attributes.

Table 3. Attribute selection

Algorithm Selection | Stop Result Used for | Problem | Source
criteria criterion type
CfsSubsetEvail Subset Greedy | RT demand Eliminate | Nonlinear | WEKA
Stepwise | pA cC attributes
DA MLC
RT MLC

Min_5min_RSP
Max_5min_RSP

ClassifierAtributeEvail | Individual | Ranking | Max_5min_RCP Eliminate | Nonlinear | WEKA
DA EC attributes

DA_CC
RT demand
DA LMP

PrincipalComponentes | Individual | Ranking | RT LMP Eliminate | Nonlinear | WEKA
RT EC attributes

DA LMP
DA_EC

RT MLC
Relief Subset Ranking | RT demand Eliminate | Nonlinear | WEKA
DA demand attributes
DA_EC

DA_LMP

Reg_Service_Price

Mutual information Individual | Ranking | DA_MLC Eliminate | Nonlinear | Python
DA LMP attributes Code

Min_5 min_RSP
DA_EC

Dew Point

Source: Author

It is important to highlight that this step only considered the original attributes of the
database, so it did not consider the attributes that will be added due to the reproduction
of seasonality of the electrical load.
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5.2 Comparison of the Models Results

To test three different energy consumption prediction models, several simulations were
performed using the database described in Sect. 4.1. The first model tested used the SVM
as the estimator, the second used the multilayer Perceptron, and the third uses the LSTM.
As discussed above, these estimators were chosen because they are effective in making
estimates from time series. The model using SVM is considered a traditional ML model
and was calibrated to solve the problem and be a reference in the comparison with deep
neural network models. In Figs. 8 and 9 below, two model variants, one shallow and the
other deep, will be considered in the analysis. What distinguishes the two is the number
of intermediate layers. Note that shallow models have only one input layer, followed by
a dense layer that generates the output values. The deep model has different layers of
the relevant class in series and an output dimensionality similar to the shallow model.

Input Layer: Per- | Input 456 Input layer: Input (none, 1,456)
ceptron Output 8 LSTM Output (none,1,50)

Output layer: Per- | Input 8 Output layer: Input (none, 1,50)
ceptron Output 24 LSTM Output (none, 1,50)

Fig. 8. Shallow models (Source: Author)

Input Layer: Per- | Input 456 Input Layer: Input (none, 1,456)
ceptron Output 8 LSTM Output (none, 1,50)
Middle Layer: | Input 8 Middle Layer: Input (none,1,50)
Dense Output 8 LSTM Output (none,1,50)
Middle Layer: Input 8 Middle Layer: Input (none,1,50)
Dense Output 8 LSTM Output (none, 1,50)
Middle Layer: Input 8 Middle Layer: Input (none,1,50)
Dense Output 8 LSTM Output (none,1,50)
Output layer: Input 8 Output layer: Input (none,1,50)
Dense Output 24 Dense Output (none, 1,1)

Fig. 9. Deep models (Source: Author)

In this study, simulations were performed to calibrate the models, and the results are
shown in Tables 4, 5 and 6 below. They indicate the values of the main parameters of
the models.

The simulations in Table 4 indicate that increasing the value of C and using the
RBF kernel increases the accuracy of the model. However, it should be noted that in
this condition greater computational effort is required to process the data. For example,
when migrating from C = 20 to C = 2000, the processing time increases from 0.6 to
14.4 min.
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Table 4. SVM Model processes

159

C Epsilon Rbf Polynomial
MAPE RMSE MAPE RMSE
20 0,01 2,09 869 9,24 1553
0,1 2,09 869 9,24 1553
200 0,01 1,0 590 7,37 1598
0,1 1,0 590 7,37 1598
2000 0,01 0,53 374 7,04 1888
0,1 0,53 374 7,03 1887
Source: Author
Table S. Perceptron model processes
epoch Optimizer Activation Function Test (%) Error
MAPE RMSE
50 RMSProp relu/tanh 20 3,54 617
RMSProp relu 20 5,6 932
RMSProp relu/tanh 10 2,85 607
RMSProp relu 10 4,44 760
Adam relu/tanh 10 2,29 500
Adam relu 10 4,26 811
100 RMSProp relu/tanh 20 3,22 741
RMSProp relu 20 4,78 1006
RMSProp relu/tanh 10 2,71 573
RMSProp relu 10 5,03 990
Adam relu/tanh 10 2,72 619
Adam relu 10 4,28 838

Source: Author

Table 5 shows the simulations performed with the model using Perceptron, with the
main Perceptron hyperparameters.

From the results of Table 5, it can be observed that both the RMSprop and Adam
optimizers offer satisfactory performance, and that the use of the relu activation function
in the intermediate layers and tanh in the output layers also contributed to delivering
better results. It is also evident that by increasing the training percentage and the number
of epochs, the accuracy of the model improves. Similar to the other cases, Table 6
includes processing performed by varying the main parameters of the LSTM.
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Table 6. LSTM model processes

Epoch Optimizer Activation function Loss Error
MAPE RMSE

50 RMSProp relu mse 3,95 519
RMSProp relu mae 3,85 512
RMSProp tanh mse 4,18 549
RMSProp tanh mae 3,84 511
RMSProp sigmoid mse 4,72 613
Adam sigmoid mse 3,85 522

100 RMSProp relu mse 4,10 560
RMSProp relu mae 4,19 583
RMSProp tanh mse 3,97 520
RMSProp tanh mae 3,78 504
Adam relu mse 3,95 540

Source: Author

Once again, it was possible to observe that both the Adam and RMSprop optimizers
offer good performance and that the use of the tanh activation function also contributes
to achieving better results. Error functions do not significantly influence the results.

The next step after calibrating the models is to evaluate their response to different
input conditions. Table 7 includes seven different input situations and the respective
responses of the models. The first considers all the attributes of the base and disregards
seasonality, and the following three consider only the main variables selected by some of
the methods indicated in Table 3, also disregarding seasonality. The last three considered
the same entries as the previous items with the addition of seasonality variables.

The results in Table 7 indicate that the highest model accuracy was achieved when
all independent variables were considered in their modeling (first line of Table 7). The
accuracy achieved with the SVR-based model exceeded that obtained with the deep-
learning models. This result demonstrates that it is a simpler method to use and may
be more useful depending on the database size. When reducing the dimensionality of
the database, the accuracy of the models was reduced, although the benefit in terms of
computational cost justifies doing so. Regarding the impact of the selection of variables,
the best results were obtained in most processing using the CFS.

In some simulations, improvements were observed resulting from the implementa-
tion of seasonality, however, the need to test other forms of coding was evident. In this
work, only codes using trigonometric expressions were tested. The results indicate that,
for this particular database, the shallow models generated better results than deep ones.
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Table 7. Simulations with demand prediction models

Selection Seasonality | SVR PERCEPTRON LSTM
Att.rlbl.ltes Shallow Deep Shallow Deep
(criteria)

mape | rmse | mape | rmse | mape | rmse | mape | rmse | mape | rmse
100% da n 2,09 869 3,26 550 [3,36 |615 3,76 |633 |3,97 | 650
base
CFS n 1,63 | 777 |5/41 | 1017 | 6,09 |1247|3,83 | 514 [3,94 671
Relief n 1,15 1659 |547 1116 | 5,60 | 1100 3,94 |669 |4,17 |727
Mutual n 9,58 | 166 5,43 1091 |5,81 | 1154 3,88 |652 4,03 |690
information
CFS S 2,22 | 825 5,23 | 1056 | 5,66 | 1150 3,84 |654 4,10 |718
Relief S 1,59 728 |5,23 10,37 |54 |1054 3,86 |653 4,01 |696
Mutual S 9,74 | 1674 14,79 965 |5,78 | 1192 3,86 |517 4,12 |715
information

Source: Author

6 Conclusion

The main objective of this study was to show the potential of ML techniques to forecast
energy demand from time series and illustrate the main challenges in building more com-
plete models. As explained in Sect. 4.3, to overcome the limitations of ML techniques, it
is recommended to reduce the database dimensionality, selecting the input variables for
the model. The results indicate that, with a reduced number of variables, it is possible to
build a model with an accuracy very close to that achieved with a model that uses all the
attributes of the database, as shown by the results achieved with the CFS method using
the SVR, which generated a map of 2.09 against 1.15, and with LSTM, which generated
a map of 3.76 against 3.83.

When comparing the simulations with and without the representation of seasonality,
itis possible to observe the improvement in the model response in parts of the simulations.
This shows the need to test other forms of coding to expand the benefits of representing
this phenomenon in the model. The results also showed that, for the database used,
shallow models were more appropriate for modeling, as they required less computational
effort and presented better results. However, as the database grows, it is likely that this
behavior will change and the accuracy of deep models will exceed the accuracy of
shallow ones.

Future work could consider tests with larger databases, using a greater number of
exogenous variables (irradiation level, economic indicators and others), new ways of
representing seasonality and reflections of electric energy generations distributed.
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