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Abstract: Electrical load forecasting plays a crucial role in the proper scheduling and operation of
power systems. To ensure the stability of the electrical network, it is necessary to balance energy
generation and demand. Hence, different very short-term load forecast technologies are being
designed to improve the efficiency of current control strategies. This paper proposes a new
forecaster based on artificial intelligence, specifically on a recurrent neural network topology,
trained with a Levenberg–Marquardt learning algorithm. Moreover, a sensitivity analysis was
performed for determining the optimal input vector, structure and the optimal database length. In
this case, the developed tool provides information about the energy demand for the next 15 min.
The accuracy of the forecaster was validated by analysing the typical error metrics of sample days
from the training and validation databases. The deviation between actual and predicted demand
was lower than 0.5% in 97% of the days analysed during the validation phase. Moreover, while the
root mean square error was 0.07 MW, the mean absolute error was 0.05 MW. The results suggest
that the forecaster’s accuracy is considered sufficient for installation in smart grids or other power
systems and for predicting future energy demand at the chosen sites.
Keywords: smart grid; energy demand; very short-term forecaster

1. Introduction
Predicting energy demand has a significant effect on the operation and schedule of any power
system, no matter its dimensions. Whether the system is a microgrid or a traditional power network,
forecasting load electricity demand is required if a reliable and efficient power system is desired.
Many elements, such as energy price, unit commitment, load dispatch for generators and so on,
depend on the value obtained through load forecasters [1].
Due to the deregulation of the energy market and new free competition policies, the number of
stakeholders involved in the power system has unexpectedly increased. Moreover, traditional
energy storage systems are not able to store the overproduction of energy produced in a specific
moment if reversible hydropower plants are not taken into account. For this reason, it is necessary to
balance power generation and energy demand curves so that frequency or voltage issues are
avoided and power system stability is guaranteed. Therefore, big power system operators and
control algorithms at microgrids need reliable and accurate forecasts for their demand response
programs, keeping in mind that uncertainty will be reduced but not entirely removed [2].
Microgrids can be defined as a small-scale replication of the traditional power system, one in
which distributed energy generators, renewable and/or non-renewable resources, storage
technologies and loads are integrated. In addition, they can be connected to or islanded from the
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main grid, depending on policies and the interests of the microgrid’s owner and the power system
operator. Microgrids can provide certain benefits, such as fewer distribution and transmission
power loses, lower dependence on the volatile price of energy due to the intermittency of renewable
resources, the use of renewable resources, and so on [3]. Because of these advantages, the number of
microgrids has increased and they have been applied in different environments, such as support for
traditional networks, university campuses, islanded regions and military command centres.
The development of microgrids makes it necessary to improve current control algorithms by
introducing forecasters so the microgrids can operate in optimal conditions and maximise their
efficiency. In particular, being able to obtain accurate energy demand forecasts is one of the key
challenges that researchers are trying to overcome by using different techniques [4–7] to develop
better control strategies. Nevertheless, predicting energy demand in microgrids is usually more
complex than in conventional grids owing to the fact that the load time curves of a microgrid are
much more volatile than those of a traditional power system [8]. Although the forecaster proposed
in this paper has been developed for microgrids, it can also be used for bigger power systems due to
their lower volatility.
A review of the available literature reveals that researchers are setting their forecasters for
different prediction horizons depending on what information is needed to make a good decision. In
terms of prediction horizons, forecasters are classified into four different categories:
•

•

•

•

Very Short-Term Forecast (VSTF): The forecaster makes predictions for a few minutes ahead,
and prognosticated values are given to the control unit for real-time dispatch. This forecasting
is used for getting a quick response to the intra-day energy demand fluctuations [9,10].
Short-Term Forecast (STF): The forecaster makes predictions from few hours to days ahead, and
the results are used for a wide range of decisions related to unit commitment, economic
dispatch and power system operation [11,12]. Currently, VSTF and STF have become more
relevant due to the need for accurate forecasters, and thus in the last few years the area has been
addressed by many studies on different forecasters.
Medium-Term Forecast: In this case, the forecaster gives information from a few hours to a few
weeks ahead. The obtained predictions provide information about weekly fluctuations and this
information is mainly used for scheduling maintenance for the power system’s stakeholders,
such as power plants, transmission and distribution lines, transformers, and so on. [13,14].
Long-Term Forecast: The forecaster provides predictions from few weeks to months and the
given information is commonly used for power assessment or to analyse the necessity of new
power lines [15,16].

This paper presents a very short-term load demand forecaster for implementation in a
microgrid. Although several methods are proposed in the literature [9,10,17,18], this forecaster is
based on an Artificial Neural Network (ANN), specifically on a layer recurrent neural network. The
forecaster is able to predict the demand for energy that will be consumed by the loads 15 min ahead
with sufficient accuracy. The predicted values obtained through the forecaster is given to the
microgrid’s control unit so it can take better decisions and improve the system’s overall efficiency.
Moreover, due to the need to have a high standard of accuracy in an energy demand forecaster that
will be implemented in a microgrid, the forecaster can also be used in bigger power electric systems
owing to the lower volatility of such systems, providing information to the power system operator.
It must be taken into account that the bigger a power system is, the lower the energy demand
volatility is due to the large number of loads.
An iterative process was used to design the final structure of the forecaster, and this paper
describes the most relevant steps and the rationale for those steps. The key contributions of this
paper can be summarised as follows:
1.

A VSTF (15 min ahead) for load demand forecasting is presented for implementation in a
microgrid. The forecaster is based on a layer recurrent neural network which takes into account
the following input parameters to predict the future energy demand: time, season and the
energy demand for the previous 24 h.
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The calculated error metrics used to analyse the difference between predicted and consumed
energy demonstrate that the forecaster has sufficient accuracy. If the accuracy of the forecaster
is compared against the available literature, the developed forecaster provides a slight
improvement. Moreover, the architecture and steps taken in developing this tool are easier than
for forecasters presented in the literature.
As research in the field of energy demand forecasting has only focused on improving methods,
the analysis of determining the optimal input vector and the optimal database length has been
ignored for the most part. In this paper, a sensitivity analysis was performed, examining
different forecasters by changing these parameters to obtain the optimal ones.

2. Related Works
The demand prediction models fall into two main categories: parametric and non-parametric
methods. While parametric methods are based on analytical models, non-parametric methods rely
on artificial intelligence. Although many demand forecasters have been proposed in the last few
years, in what follows, some of the most used models that researchers are currently basing their
work on are described [17–24].
2.1. Parametric (Analytical) Methods
A parametric method is defined as a group of probability distributions (Pθ), where each
distribution in the group is characterised by a finite number of parameters (θ). These models work
by analysing the information in a given database in order to fix the coefficients of the parameters (θ)
in the method. Once the model’s parameters are fixed, the forecaster is able to predict future values.
The principal disadvantage of these models is their low capacity for making accurate predictions in
non-linear models when sudden changes related to environmental or social incidents occur. Below is
a brief description of two popular models for very short-term load forecasting.
2.1.1. Polynomial Regression Model
These models, also known as polynomial evaluations, are applied to linear models in order to
develop tools where databases and actual data are needed to make predictions. The polynomial
evaluation model is described as
𝑦 = 𝑝1 𝑥 𝑛 + 𝑝2 𝑥 𝑛−1 + ⋯ + 𝑝𝑛 𝑥 + 𝑝𝑛+1

(1)

where 𝑦 is the value forecasted by the model, 𝑝 represents the polynomial coefficients whose
values are defined through the database, 𝑥 is the currently measured data, and 𝑛 is the degree of
the obtained polynomic function. The coefficients and the degree are obtained by solving a linear
equation model. For instance, in [17], the authors used cubic and quadratic fitting, arguing that as
the degree increases, the extrapolated points become more erratic.
2.1.2. Time Series Models
Time series techniques have been widely applied to predict energy demand in different
horizons. The most popular are the autoregressive moving average (ARMA) and autoregressive
integrated moving average (ARIMA) models, which are used to develop new forecasters as well as
like a benchmark to compare the results obtained through other parametric or non-parametric
methods.
The ARMA model combines autoregressive (AR) and moving average (MA) models, where the
AR model relies on the linear regression of actual values based on a database and the MA model
makes regressions based on the forecast errors of past values [18]. The ARMA model was developed
for the specific condition in which the time series is stationary, i.e., all vectors of the model have the
same probability distribution function for any time. To deal with this challenge, the ARIMA model
was developed [19,20].
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2.2. Non-Parametric (Artificial Intelligence) Methods
Artificial Intelligence (AI) methods have been developed in the last decade as an alternative to
analytical ones. Although AI methods are able to determine complex nonlinear relationships, their
main drawback is their complex development. Some of the models used for load forecasting are
described below.
2.2.1. Artificial Neural Networks (ANNs)
ANNs rely on a connection of elementary units called artificial neurons, which try to emulate
the way the human brain works. The connection between neurons is known as the synaptic weight
and the strength of the connection is established through a training step. For this step, a historical
database is needed, one that is characterised by two pieces of data. While historical observations are
the input variables to the ANN, output parameters are related to predicted values. The optimisation
of the synaptic connection weight is usually done by minimising a quadratic function output error
[21]. According to Kuster et al. [18], ANNs are one of the most popular non-parametric methods for
developing new energy demand forecasters, and many tools are based on this method.
2.2.2. Support Vector Machines (SVMs)
Like ANNs, Support Vector Machines (SVMs) are used to solve different non-linear regression
situations, such as planning, learning, classification or perception. This method is based on the
kernel model, which is an optimisation technique for determining the vectors of the forecaster. The
kernel method relies on extracting a small piece of data from the database and using it to solve a
quadratic programming model to establish the vectors [22]. Moreover, to decrease the generalisation
errors, this method applies structural risk minimisation [23]. Therefore, the goal of SVMs is to
generate an optimal separating hyperplane (vectors) where future observations can be classified to
generate forecasts.
2.2.3. Regression Tree (RT)
Regression Trees (RTs) are a new version of the traditional decision trees. While decision trees
were designed as a classification method, regression trees have been developed to forecast just a
single value through input parameters. The RT model uses the Classification and Regression Trees
algorithm to develop forecasters. This algorithm consists of a recursive splitting of the data into
different branches and all options (or branches) at each iteration are studied. The algorithm chooses
the branch that minimises the mean squared error (MSE) between the two separate branches. The
splitting continues until the minimum node size established by the user is obtained. If a node obtains
a zero MSE value, it will be considered to be a final node even though it has not obtained the
condition of minimum size [24].
The literature therefore suggests that energy forecasters should not be based on analytical
techniques due to the presence of non-linear phenomena and their decreased ability to make
accurate forecasts under unexpected changes in energy demand [17]. For these reasons, AI was
chosen to develop the tool presented in this study.
In the last few years, several energy demand forecasters have been developed for the different
time horizons described in Section 1. The available literature provides evidence that, as the time
horizon increases, the structure of the forecaster needs to be more complex if accurate predictions
are requested [9,14,16]. To solve this reduction in the accuracy of the forecaster when the forecast
horizon time increases, researchers have proposed hybridisation, which combines different
techniques in order to take advantage of each method and thus improve the accuracy of the
forecasters. However, despite the advantages of hybridisation, for the purposes of this study’s aim to
develop a forecaster for VSTF and given the research that shows that accurate predictions can be
made with single methods [8,25,26], hybridisation was discarded.
Because a single method was going to be used to develop our forecaster, Table 1 presents the
advantages and disadvantages of the non-parametric techniques presented in this section.
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Table 1. Advantages and disadvantages of described non-parametric methods.
Technique
•
•
ANN

•
•

Advantage
Lower training time
Ability to establish complex
relationships between
parameters
Different choices for training
algorithm
Establish interactions between
forecast parameters

Disadvantage
•
•
•
•
•

SVM

•
•

•
RT
•

Overfitting can be controlled
It is defined as a convex
problem, so there are many
ways to solve it

Simple to understand and
interpret, so calibrations can be
made
Large amounts of data are not
needed to develop them

•

•

•
•

Risk of overfitting
Black box nature, trust the obtained net
There is no easy way to fix the optimal network
structure. An iterative process must be run
Does not perform well with little data
It is not easy to properly choose the kernel function for
each problem
There is no procedure for establishing the optimum
speed and size of training and validation steps. An
iterative process must be performed
The final model is difficult to understand, so it is not
easy to make small modifications to the model provided
by the technique
Unstable, small change in data will affect the final result
If there are unknown values, calculations become
complex

An analysis of the single methods in Table 1 led us to conclude that, for the purposes of this
study, the best option for developing the forecaster was the ANN technique. Moreover, as Kuster et
al. note in [18], ANNs are one of the usual choices for implementing and developing new forecasters.
Although ANNs have some drawbacks, such as running the iterative process until the optimal
structure is found or the risk of overfitting, a solution is proposed in this paper for each of the
disadvantages. The black box nature of the ANN is the only disadvantage that cannot be avoided.
With regard to the fixing of an optimal structure, a methodology that has addressed this trouble
was developed in [27] with accurate results. This procedure was used to select the final structure for
our forecaster. To avoid the overfitting risk, the training time versus forecaster accuracy was
analysed to determine the optimal training time.
2.3. Artificial Neural Networks (Description and Classification)
2.3.1. Description
Traditional computer processing and the human brain do not work in the same way. While the
human brain uses abilities such as nonlinearity and parallelisation to process information and make
decisions, the best conventional software programs try to emulate human brain capacity through
analytical techniques, although their ability to do so is quite limited. There are certain areas, such as
planning, classifying and perception, where the human brain’s ability still outperforms
computational techniques [28]. To deal with this challenge, AI, and the ANN in particular, has been
proposed as a potential solution for improving computing skills. ANNs are one of several solutions
that are based on replicating the biological neural system of the human brain to achieve the desired
improvement [29].
ANNs are based on linking single units, namely, artificial neurons, which imitate the
information processing of the biological neurons of the human brain. While biological neurons are
connected to each other by synaptic links that are built through the experiences of life, artificial
neurons are also linked, and the strength of those links is established by the learning, or training,
step. For this learning step, it is essential to have an accurate historical database, due to the fact that
the links between the neurons of the net are going to be established through the information in the
database.
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With regard to the values forecasted by ANNs, a generalisation is defined as the ability of the
forecaster to generate accurate outputs from data that have not been used in the learning step [28]. A
generalisation can be just obtained by a proper training step; this allows the forecasters to generate
accurate predictions. In terms of the learning step, different algorithms that basically rely on the
calibration of the synaptic weight connections between neurons until the optimal network is
obtained [28,30] can be used for this purpose. After analysing the related literature and the different
choices for training algorithms, the Levenberg–Marquardt (LM) algorithm was chosen to develop
the forecaster presented here. In several research studies [3,8,27], the LM algorithm has
demonstrated its robustness and the forecasted values have been shown to be sufficiently accurate.
2.3.2. Classification of ANNs
Artificial neural networks are traditionally divided into two main categories, depending on the
flow of the data through the network [28]: feedforward or recurrent neural networks. While, in
feedforward networks, the information is processed in a linear direction from input parameters to
forecasted values, recurrent networks add feedback loops where the output information obtained by
the neurons passes through a time delay and is used for future forecasts. Figure 1 presents the layout
of these principal neural networks. Although both ANN architectures have a single layer (output
layer), there is the option of increasing the number of hidden layers. Thus, when an ANN forecaster
is being developed, certain parameters need to be fixed: input/output variables, number of neurons,
number of hidden layers, and the delay parameter if a recurrent network is used.
The main advantage of recurrent versus feedforward neural networks comes from the learning
capability of the recurrent network, where it is able to establish more complicated relationships
between the parameters involved [28]. Therefore, the ANN is able to generate more accurate results
in a time series forecast.

(a)

(b)

Figure 1. (a) Feedforward and (b) recurrent architecture layouts.

Following an analysis of different recurrent neural network (RNN) structures, such as the
Elman [31], simultaneous [32], nonlinear autoregressive exogenous (NARX) [33] or layer [27]
networks, the layer recurrent neural network was used to develop our forecaster. In this case, a
three-layer architecture was chosen: an input layer to introduce the data, a hidden layer to process
the data and an output data to make the forecast. To set the structure (the delay and the number of
neurones of the hidden layer) of the forecaster, an iterative process was applied to fix parameters
such as the delay or number of neurons in the hidden layers. After the final architecture was set and
the training step was completed, the validation step, which used data for a different year than the
years used for the training step, was done to determine the forecaster’s real accuracy.
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2.3.3. Input Parameter Selection
Before fixing the forecaster’s parameters, it is necessary to guarantee that the input parameters
used in the forecaster have a strong relationship with the predicted parameters. Therefore, before
using any parameter as an input to the forecaster, the strength of the relationship between an input
variable and the forecaster’s output was tested. The goal of this test was to eliminate the parameters
that do not really characterise the procedure.
In order to choose input variables that have a strong relationship with the outputs of the
forecaster, some correlation analyses were performed. These analyses help to quantify the strength
of the relationship between two variables. For this study, Pearson’s correlation test was selected.
Pearson coefficients can be positive, negative or null, and the value must be included within the
range from −1 to +1. Moreover, as Figure 2 shows, the relationship between the involved parameters
can be weak or strong.

Figure 2. Pearson correlation scale.

2.3.4. The Importance of the Historical Database
When an ANN is developed, choosing an appropriate database is a key step. If the proper
variables are not selected or the database contains improperly recorded measurements, the accuracy
of the forecaster will be affected. Moreover, the distance between the place where the database is
recorded and the site where the forecasts will be done must be taken into account; the shorter the
distance, the greater the accuracy. The information used in the learning step of this forecaster was
obtained through two different organisations: the load demand database contains data measured at
a university campus, which includes a hospital, and the meteorological data were obtained from the
meteorological agency of the government of Navarre.
After the input variables are selected, the next step consists of generating the databases of those
variables. Before the learning step is started, input and output databases have to be examined for
outliers. If abnormal values are found within the database, there are different options for dealing
with them, depending on the extension of the affected data. If there are few abnormal values, a linear
interpolation can be used. However, if the affected extension is larger, a similar day or an
exponential smoothing equation could be used [34]. Moreover, to ensure a quicker learning step and
guarantee accurate forecasts, each parameters of the database needs to be normalised. Therefore,
each variable within the database will be scaled between zero and one. Because input variables are
normalised, the forecast figure will be normalised, and thus it is necessary to de-normalise the
predicted value before it is compared with the actual figure.
With regard to the extension of the meteorological and load energy demand databases, there is
no agreement on what the extension of these databases should be. Moreover, although some authors
argue that weather variables can be neglected because they have little influence on the energy
demand on VSTF [10,35], no study was found to support this statement. Therefore, different
forecasters were developed in this study by including or not including the meteorological
parameters and by varying the length of the databases to obtain the optimal forecaster and to
compare it with the state of the art.
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2.4. Error Metrics
In both the learning step and in the validation step, it is necessary to examine the accuracy of
the different proposed forecasters in order to select the best choice. Moreover, it is also important to
compare the results obtained through the developed forecaster with those that are proposed by
other authors in the literature. Hence, we used mean absolute error (MAE), mean absolute
percentage error (MAPE) and root mean squared error (RMSE) throughout the different steps of this
study. The following Equations (2)–(4) show how these parameters were calculated:
𝑁

𝑅𝑀𝑆𝐸 = √

1
∑(𝑌𝑖 − 𝑌𝑖′ )2
𝑁

(2)

𝑖=1

𝑁

1
𝑀𝐴𝐸 =
∑(𝑌𝑖 − 𝑌𝑖′ )
𝑁

(3)

𝑖=1

𝑁

(𝑌𝑖 − 𝑌𝑖′ )
1
𝑀𝐴𝑃𝐸 =
∑|
| × 100%
𝑁
𝑌𝑖

(4)

𝑖=1

where 𝑌𝑖 is the measured value in a moment; 𝑌𝑖′ is the predicted value in a moment, and N are the
number of predictions that are analysed. With regard to the RMSE parameter, it must be taken into
account that the error is squared, which means that a few inaccurate forecasts strongly distort the
overall metric. To avoid these situations, error histograms and normal distribution graphs are
presented to show the obtained real error dispersion.
3. Forecaster Development and Parameter Selection
This section presents the steps taken to develop our energy demand forecaster. In order to fix
the RNN-related parameters, such as input variables, length of the database and number of neurons,
a methodology developed for a similar solar irradiation forecaster [27] based on an RNN was used.
However, some steps were changed, and the final architecture of the forecaster was different.
3.1. Input Parameter Selection
As explained in Section 2.3.3, it was necessary to select the variables that really characterise the
process as input parameters. Firstly, because the parameter that we wanted to forecast was energy
demand, past values of this parameter were used as inputs in the forecaster. In this case, the energy
demand values for the previous 24 h, recorded in intervals of 15 min, were used. Secondly, from
among the different meteorological variables, we analysed whether temperature could be a possible
parameter that characterises the process. To examine whether there is a true relationship between
both parameters, temperature and energy demand, a Pearson correlation test was performed. Figure
3 shows the results obtained through this test.

Figure 3. Pearson correlation tests for power demand vs. temperature.

Figure 3 shows the correlation analysis between power demanded by a building and the
temperature measured in a meteorological station near this building. Each of the dots that are
represented in the graph of Figure 3 is related to the Pearson correlation coefficient for a sample day,
where the relationship between power demand and temperature was analysed. Temperature and
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power demand measurements for these sample days were taken from the different seasons of a
two-year database covering 2016–2017.
As explained above, some authors [10,35] argue that meteorological variables such as
temperature can be avoided in VSTF of power demand. However, from Figure 3, it can be concluded
that there is a strong relationship between energy demand and temperature. Therefore, the
temperature parameter was used in some forecasters as an input in order to analyse whether it
would be a relevant input parameter in the final forecaster.
3.1.1. Power Demand Evolution
A building’s power demand is strongly related to the activities carried out inside it and the
weather conditions [36]. Although the power curve for building’s energy demand is more or less the
same throughout a year, it is also affected by other phenomena such as the season and time of day
[37]. Therefore, it was concluded that season and time in 15-min intervals should be analysed as
possible input parameters.
3.1.2. Proposed Forecasters
As there are different combinations of the selected input parameters, and taking into account
that there is no agreement on the length of the database for the training step, the forecasters
purposed in Table 2 were tested to determine which was most accurate. Table 2 shows the
parameters that were selected for each forecaster and the length of the database used.
Table 2. Proposed options for the final energy forecaster.

Chosen Input
Parameters
Length database

Power demand
Season
Hour
Temperature
1 year
2 years

Option 1
x

Option 2
x

x

Option 3
x
x
x

Option 4
x
x
x

x
x

x

Option 5
x
x
x
x
x

Option 6
x
x
x
x
x

3.2. Selecting the Optimal Forecaster
After the input parameters were combined, six possible forecasters were proposed. For options
1 and 2, 96 values were used in the training input array, X. These 96 values were related to the power
demand for the building under study, for the previous 24 h and in 15-min intervals. For options 3
and 4, 98 values were used in the input array: the season, the hour of the day at which the forecast
was to be made, and the 96 values of the power demand. Finally, for options 5 and 6, the input array
had 194 values: the season, the hour, the 96 values related to the power demand and the 96 figures
related to the temperature. All forecasters had a single target output, T—power demand.
Moreover, to select the optimal structure of each forecaster, data from January 2016 to April
2016 and January 2017 to April 2017 were used as an approximation to reduce each forecaster’s
training computation time, taking into account that the longer the database, the longer the
forecasters’ training time. Once the forecasters’ optimal structures were defined, the databases for
the whole of 2016 and 2017 were applied to develop final forecasters. For the options in Table 2 that
indicate that the length of the applied database was a single year, the structure was optimised with
data from 2017. However, for the options in Table 2 that indicate a two-year length database was
used, the data were from 2016 and 2017. The optimal structure for each forecaster was selected by
examining the RMSE of the forecasts.
Because an RNN had been chosen, it was necessary to first select delay and then the number of
neurons. To select the delay, the delay parameter was modified, while the number of neurons was
kept at the same value. When the delay had been fixed, it was held constant while the number of
neurons parameter was modified.
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Two ANNs designed with the same structure and trained on the same number of epochs will
not yield the same forecasted value. This happens because of the black box nature of ANNs.
Therefore, if the desire is to ensure that the selected architecture is the best one, it is necessary to run
the possible structures a certain number of times and average the forecasted values. In our case, the
process described in [27] was used to calculate the “RMSE Training Data” and “RMSE Validation
Data” values shown in Tables 3–8. While the “RMSE Training Data” are obtained by averaging the
RMSE values obtained from the five repeated tests for the same structure for the January 2016
forecast, the “RMSE Validation Data” are obtained by averaging the forecast for January 2018.
Table 3. Structure design test for option 1.
Parameter

Delay

Number of
Neurons

Test

Neurons

Delay

1
2
3
4
5
6
7
8

10
10
10
10
10
5
15
20

1:2
1:3
1:4
1:5
1:6
1:4
1:4
1:4

RMSE Training
Data (MW)
0.0840
0.0818
0.0792
0.1007
0.1067
0.0896
0.1152
0.1338

RMSE Validation
Data (MW)
0.0806
0.0790
0.0781
0.0982
0.1022
0.0859
0.1117
0.1317

Bold: the best structure.
Table 4. Structure design test for option 2.
Parameter

Test

Neurons

Delay

1
2
3
4
5
6
7
8

10
10
10
10
10
5
15
20

1:2
1:3
1:4
1:5
1:6
1:4
1:4
1:4

Delay

Number of
Neurons

RMSE Training
Data (MW)
0.0814
0.0889
0.0807
0.0853
0.0942
0.0941
0.1063
0.1184

RMSE Validation
Data (MW)
0.0799
0.0853
0.0790
0.0821
0.0923
0.0932
0.1005
0.1170

Bold: the best structure.
Table 5. Structure design test for option 3.
Parameter

Delay

Number of
Neurons

Test

Neurons

Delay

1
2
3
4
5
6
7
8

10
10
10
10
10
5
15
20

1:2
1:3
1:4
1:5
1:6
1:3
1:3
1:3

RMSE Training
Data (MW)
0.0924
0.0803
0.0857
0.0830
0.0943
0.0913
0.0858
0.0868

RMSE Validation
Data (MW)
0.0931
0.0783
0.0843
0.0815
0.0922
0.0904
0.0845
0.0860

Bold: the best structure.
Table 6. Structure design test for option 4.
Parameter

Test

Neurons

Delay

Delay

1
2
3

10
10
10

1:2
1:3
1:4

RMSE Training
Data (MW)
0.0800
0.0825
0.0876

RMSE Validation
Data (MW)
0.0776
0.0781
0.0851
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4
5
6
7
8

10
10
5
15
20

1:5
1:6
1:2
1:2
1:2

0.0806
0.0856
0.0816
0.0755
0.0832

0.0784
0.0824
0.0779
0.0737
0.0796

Bold: the best structure.
Table 7. Structure design test for option 5.
Parameter

Delay

Number of
Neurons

Test

Neurons

Delay

1
2
3
4
5
6
7
8

10
10
10
10
10
5
15
20

1:2
1:3
1:4
1:5
1:6
1:4
1:4
1:4

RMSE Training
Data (MW)
0.0769
0.0792
0.0749
0.0814
0.0874
0.0811
0.0794
0.0883

RMSE Validation
Data (MW)
0.0764
0.0784
0.0754
0.0792
0.0854
0.0810
0.0792
0.0895

Bold: the best structure.
Table 8. Structure design test for option 6.
Parameter

Delay

Number of
Neurons

Test

Neurons

Delay

1
2
3
4
5
6
7
8

10
10
10
10
10
5
15
20

1:2
1:3
1:4
1:5
1:6
1:4
1:4
1:4

RMSE Training
Data (MW)
0.0819
0.0841
0.0791
0.0824
0.0824
0.0754
0.0779
0.0810

RMSE Validation
Data (MW)
0.0775
0.0828
0.0775
0.0797
0.0797
0.0726
0.0768
0.0779

Bold: the best structure.

To summarize, Table 9 contains the optimal structures for each option described in Table 2 after
each forecaster’s sensitivity analysis was done (see Tables 3–8). In addition, there are other relevant
parameters such as the number of outputs or layers that have been chosen for each forecaster
without performing a sensitivity analysis. Thus, all developed forecasters have a single output that
will provide the demanded energy 15 min ahead and a three-layer structure (input, hidden and
output).
Table 9. Proposed options for the final energy forecaster.

Parameter

Option 1

Option 2

Option 3

Option 4

Option 5

Option 6

Learning Algorithm

LM

LM

LM

LM

LM

LM

Inputs

96

96

98

98

194

194

Neurons

10

10

10

15

10

5

Delay

1:4

1:4

1:3

1:2

1:4

1:4

Finally, a sensitivity analysis was performed in order to choose the optimal training time for
each forecaster. This test relies on examining the evolution of the accuracy of each option by
increasing the epochs of the learning step. The database used for these tests covers January
2016–December 2017 or January 2017–December 2017, depending on the length of the database
required by each option. To analyse the accuracy of these tests, the average error in percentage for
the forecasted period that covers January 2017–April 2017 was calculated. Because each test was
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repeated five times, the values presented in Table 10 are an average of the results obtained for those
five tests.
Table 10. Evolution of the average error in percentage for each option.
Epochs
3
6
9
12
15

Option 1
1.40
0.28
0.23
0.24
0.29

Option 2
2.00
0.45
0.23
0.22
0.26

Option 3
1.20
0.19
0.17
0.15
0.15

Option 4
0.93
0.38
0.18
0.18
0.16

Option 5
1.07
0.24
0.20
0.22
0.28

Option 6
1.32
0.35
0.34
0.30
0.39

An analysis of the results in Table 10 revealed that the relationship between the forecasters’
improvement in accuracy and the epochs of the learning step was similar to an exponential function.
For this reason, little improvement was expected in the average error if the epoch was increased
when the exponential elbow point was achieved. In addition, it can be seen how, in certain cases,
such as options 2 and 5, the error increased if the epoch time continued increasing. Hence, Table 11
presents the optimal epoch number chosen for each option when the final RNNs were trained on
their respective whole databases.
Table 11. Epochs number for each option.
Forecasters
Option 1
Option 2
Option 3
Option 4
Option 5
Option 6

Epochs
9
12
6
9
9
12

4. Results and Discussion
Once the architecture and the training step epochs for each forecaster had been determined, the
accuracy of these needed to be analysed. To select the best forecaster between the different choices,
each forecaster predicted the power demand from January 2018 to August 2018. For these tests, data
outside the database applied to the learning steps were used, so that the real accuracy of the
developed forecasters could be examined. Figure 4 shows the demand curve of the building under
study prior to analysing the results, in order to have an idea of the order of magnitude of the
demanded energy. Moreover, Figures 5–7 compare the forecasters’ computed error metrics in the
analysed period.

Figure 4. Power demand of the building under study on 15 January 2018.
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Figure 5. Root mean squared error (RMSE) (MW) metric results for examined options (period
January–August 2018).

Figure 6. Mean absolute error (MAE) (MW) metric results for examined options (period
January–August 2018).

With regard to the proposed choices, three forecasters (Options 3, 4 and 6) slightly
outperformed the others when error metrics were analysed. Because the error metrics of these
forecasters were quite similar, a deeper analysis needed to be done to select the optimal forecaster.
For this new analysis, the difference in percentage between the forecasted and real power demand
was analysed for each sample day in the period January-August 2018 for forecasters 3, 4 and 6.
While Figure 8a presents the trend of the forecasted and real demanded power curves obtained on
31 August, 2018 by forecaster 3, Figure 8b shows the accumulated energy for same sample day. On
this sample day, the difference between the actual and forecast power demand is 0.14%; while the
real power demand was 62.00 MWh and the predicted power demand was 62.09 MWh.
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Figure 7. Mean absolute percentage error (MAPE) (%) metric results for examined options (period
January–August 2018).

(a)

(b)

Figure 8. (a) Difference between real and predicted power demand on 31 August 2018 (b)
accumulated energy.

Moreover, the pie charts in Figures 9–11 present the results of the proposed test to select the
optimal forecaster from among the available choices.

Figure 9. Error distribution in % of forecaster 3 (period January–August 2018).

Energies 2020, 13, 5210

15 of 19

Figure 10. Error distribution in % of forecaster 4 (period January–August 2018).

Figure 11. Error distribution in % of forecaster 6 (period January–August 2018).

An examination of the pie diagrams for the different options led to the conclusion that the best
architecture for the forecaster is option 3. While, in option 3, the average error in percentage is 0.16%,
options 4 and 6 have an error average of 0.19% and 0.22%, respectively. Table 12 summarises the key
parameters of the forecaster that was selected for this study.
Table 12. Key parameters of the developed forecaster.
Parameter
Learning algorithm
Inputs
Database length
Outputs
Layers
Neurons
Delay
Epochs

Value
Levenberg–Marquardt (LM)
Season, Hour and Power demand
1 year
Power demand
3
10
1:3
6

To compare the results obtained by the forecaster developed in this study with the forecasters
proposed in literature, it was necessary to check not only whether the prediction horizon time was
similar but also whether the power demand values were on the same order of magnitude. The fact
that small variations in power demand would have different effects on the error metrics if the
analysed system demanded MW, kW or W also had to be taken into account.
De Andrade et al. [8] proposed a nonlinear autoregressive model with exogenous input
(NARX) neural network for predicting power demand in two cities from 5 to 25 min ahead, in steps
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of 5 min. As the forecaster developed in this study predicts power demand 15 min ahead, the error
metrics for both cities in this horizon time were compared with the error metrics presented in this
study. Moreover, while the data that were given in [8] for City I and City II had a power demand
range of 3–9 MW and 5–15 MW, respectively, the building that was analysed in this study had a
power demand range of 2.25–5.75 MW. Therefore, the order of magnitude was the same and the
error metrics of both forecasters could be compared.
If the MAPE error metric of both forecasters is compared, City I and II have a MAPE of 2.60%
and 1.57%, respectively, while the forecaster developed in this study has a MAPE of 1.61%. Even
when the power range of the building analysed in this study was lower than in the cities analysed in
[8], it was hoped that the accuracy of the forecaster developed in this study would be worse due to
the fact that slight and sudden changes in power demand would have a bigger effect in the building
analysed in this study. However, the predictions made by the forecaster developed in this study
exhibited slightly greater accuracy than the predictions made by the forecaster in [8].
De Andrade et al. [25] proposed a fuzzy neural network for predicting power demand for four
different points 5 min ahead. It must be taken into account that the forecast horizon in [25] is lower
than in the forecast developed in this study, so it was expected that the MAPE error was bigger in
this study. The power demand ranges analysed in [8] were 11–14 MW, 5–11 MW, 1–8 MW and 6–16
MW and the MAPE errors were 0.84%, 1.45%, 0.47% and 1.88%. Although it seems that the forecaster
proposed in [25] slightly outperforms the forecaster proposed in this study, it should be highlighted
that the forecaster presented in this article predicted 15 min ahead with a degree of accuracy that
was similar to the forecaster proposed in [25] makes for 5 min ahead. Therefore, it can be concluded
that the proposed forecaster is comparable to the forecaster proposed in [25] since the MAPE error is
similar and the prediction horizon is higher in this study.
Rana et al. [10] proposed a wavelet neural network (WNN) for forecasting a power demand
range of 6000–9250 MW for 5–60 min ahead in 5-min time steps. WNNs combine wavelet theory and
neural networks. Wavelet theory is based on decomposing the high and low frequency components
of the parameters used in the input vector data that are applied in an ANN. The error metrics
provided by [10] for a 15minute ahead horizon forecast time are a MAE of 39.95 MW and a MAPE of
0.45%. However, the error metrics provided by this study are a MAE of 0.05 MW and MAPE of
1.61%. Although the forecast horizon is the same, the order of magnitude of the power demand
range is much higher in [10] than in this study. For this reason, the MAE error metric is better in this
study than in [10], whereas in the MAPE error metric [10] obtains better results than those provided
in this study. To summarise, while the MAE error metric improves from 39.95 MW to 0.05 MW,
which is an improvement of 99%, the MAPE error metric worsens from 0.45% to 1.61%, which is a
worsening of 72%. As explained above, the higher the order of magnitude of the power range, the
higher the MAE and the lower the MAPE error metrics are. Nevertheless, the MAE error improves
more than the MAPE worsens, so it can be concluded that the forecaster presented in this study is
comparable to the forecaster proposed in [10].
5. Conclusions
This study presents a forecaster that is able to predict power demand in the very short term,
specifically 15 min ahead. The main conclusions drawn from this study are explained below.
The study presents a sensitivity analysis where not only the optimal input vector, but also the
length of the database were examined. It was found that the optimal architecture for the forecaster
was a layer recurrent neural network with ten neurons and a 1:3 delay ratio in the hidden layer. In
addition, while the pie chart diagram for the third forecaster demonstrates that 79% of the error was
between 0 and 0.25%, the average error in percentage for the validation step was the lowest (0.16%)
of the different options analysed.
Although the forecasters’ accuracy was validated with real data, the steps explained in Section
3.2 had to be taken to ensure that the optimal number of neurons and delay ratio was selected.
Nevertheless, it was not necessary to repeat the process of selecting from among the different
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possible forecasters, due to the fact that the results of forecaster 3 outperformed the predictions
made by the other options.
The analysis of the results provided by each option demonstrated that the season and hour of
the day were key parameters in predicting power demand. In addition, after analysing the results, it
was concluded that a database for a single year provided better results than a two-year database.
Unexpectedly, if temperature was included as a parameter in the input vector, the forecaster’s error
rate increased. This happened because the temperature changes were more volatile than the power
demand changes, thus causing the uncertainty of the forecaster to increase.
The error metrics presented in this article were compared with the available literature and it
was concluded that there was a slight improvement when the prediction horizon was 15 min and the
power demand range was similar to or higher than the building examined in this study.
Since microgrids and smart grids are equipped with smart metres that record energy demand
in real time, the methodology proposed in this research study can be applied to develop other
forecasters to predict with sufficient accuracy the power demand 15 min ahead and send this
information to the central unit control. This will allow the unit control to have more information
about the future situation and make better decisions related to increasing the efficiency of the whole
system.
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