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The variability of power production from renewable energy sources (RESs)
presents serious challenges in energy management (EM) and power system
stability. Power forecasting plays a crucial role in optimal EM and grid security.
Then, accurate power forecasting ensures optimum scheduling and EM.
Therefore, this study proposes an artificial neural network- (ANN-) based
paradigm to predict wind power (WP) generation and load demand, where
the meteorological parameters, including wind speed, temperature, and
atmospheric pressure, are fed to the model as inputs. The normalized root
mean square error (NRMSE) and normalized mean absolute error (NMAE)
criteria are used to evaluate the forecasting technique. The performance of
ANN was compared to four machine learning methods: LASSO, decision tree
(DT), regression vector machines (RVM), and kernel ridge regression (KRR). The
obtained results show that ANN provides high effectiveness and accuracy for
WP forecasting. Furthermore, ANN has proven to be an interesting tool in
ensuring optimum scheduling and EM.

KEYWORDS

energy management system, forecasting, wind power generation, grid-connected,
artificial neural network

1 Introduction

In power systems, the energy balance represents a serious challenge for grid operators
to ensure grid stability. Usually, this balance is ensured by continuously adjusting the load
demand and controlling the power generation through an energy management system
(EMS) (Aoife et al.,, 2011).
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EMSs are automation systems that gather energy data and
make it available to users through monitoring tools and energy
quality analyzers (Cristian et al., 2014). In addition, supervisory
control and data acquisition (SCADA) systems, considered the
heart of EMSs, carry out the data acquisition, update the data
system through alarm processing, update the user interface, and
execute control actions (Gregor et al., 2011). In renewable energy
systems, the SCADA system allows access to the online data from
sensors installed at the distributed generators and failure
detection to improve the overall system reliability (Wenxian
et al., 2013). In addition, the introduction of energy storage
and EMS, together with the active involvement of users (Zafar
et al,, 2018) and the “spread” of electricity to cover other energy
vectors (the transportation sector), are all considered to be
complementary solutions for energy satisfaction. Apparently,
the coordination of such smart grids implies high levels of
complexity and requires advanced, intelligent EMS that can
cope with the intermittency of RES while supporting cost-
efficient sizing and operation of all assets and agents while
succeeding in satisfying load demand at all times. In this
context, a critical attribute for the optimized management of
such integrated energy solutions is forecasting extended to
capture different variables and microgrid aspects such as RES
power generation (mainly wind and solar power), load demand,
and electricity prices. Predictions with regard to this information
are considered critical for providing meaningful EM services for
all agents (operators, producers, and end users) (Tao et al., 2020).
Such forecasting models enable uncertainty minimization for
both the demand and production sides, along with an optimized
operation of the different system components on a day-ahead
basis. In other words, renewable energy production can be
increased, storage devices can be optimally operated, and EMS
strategies become more flexible, ensuring lower power system
operation costs.

In this respect, this study focuses on forecasting wind energy
production and demand power for optimal EM. Forecasting
power models are generally divided into two main groups:
physical and statistical models. The statistical approach (Ke
et al, 2014; Morgan, 2015) is based on historical data and
their statistical relationship with meteorological predictions
and measurements from SCADA. In addition, the statistical
forecasting approach can be used in numerical weather
prediction (NWP) data. NWP models introduce weather
forecasts, such as speed, temperature, precipitation, humidity,
pressure, and solar irradiation. However, the physical approach
presented by Landberg (1999) focuses on integrating physical
aspects into the model, such as information about terrain and
properties of energy source. Besides, there are different time
horizon methods of power forecasting, which are generally
classified into three main scales. The very short-term forecasts
(up to 9h) are intended to operate in real time. Statistical
with
exogenous input (ARX), and autoregressive moving average

methods, such as Kalman filters, autoregressive
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FIGURE 1
Structure of an energy management system (EMS).

(ARMA), have been used in short-term forecasting (Lei et al.,
2009). As these methods are merely based on past production,
they are generally not useful for longer horizons. Short-term
forecasts (72 h) (Aoife et al., 2011) are useful in power systems for
unit commitment and scheduling and for electricity markets
where renewable sources and storage systems can be traded and
hedged.

In addition, the study presented by Hua and Zhenging (2020)
was based on a hybrid short-term wind power (WP) forecasting
model that combines data processing, multiple parameters
optimization, and multi-intelligent techniques for power
forecasting.

Medium-term  forecasts and predictions (3-7 days)
(Alexandre et al, 2008) are applied to schedule distributed
generator maintenance, unit commitment, and maintenance of
thermal generators and plan energy storage operations.

Cincotti et al. (2014) proposed different techniques for wind
the

econometric model, support vector machine (SVM), random

speed forecasting, such as discrete-time univariate
forest (RF), decision tree (DT), multilayer perceptron (MLP),
convolutional neural network (CNN), and long short-term
memory (LSTM). The results presented in that paper showed
that the SVM methodology gives better forecasting accuracy for
price time series. However, the performance of the Wind Net
model was higher (lower MAE and RMSE values) compared to
that of SVM, RFE, DT, MLP, CNN, and LSTM architectures. In
addition, Machine learning (ML) methods, including ANN,
SVM, nearest neighbor search, and RF, were applied in earlier
studies (Chiou and Ping, 2018; Radhia et al, 2019) for fault

diagnosis. Jiang et al., 2013 combined SVM and cuckoo search
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(CS) for short-term wind speed forecasting. In the latter work, CS
was used to adjust the parameters of SVM, and the experimental
results proved that the performance of CS is higher compared to
that of particle swarm optimization. Zhang et al. (2017)
integrated three different methods to predict wind speed: the
ensemble empirical mode decomposition, adaptive neural
network-based  fuzzy inference system, and seasonal
autoregression integrated moving average (SARIMA). The
authors showed that the hybrid wind speed prediction models
present an adequate prediction performance.

Moreover, Daniel et al. (2019) developed an advanced
forecasting system in the framework of the TILOS project in
horizon 2020, where a system that contains a solar source, wind

generator, and load has been studied. They proposed a reliable
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prediction of the power of distributed generators (solar power
and WP) and load demand. The ANN and Support Vector
Regression (SVR) techniques have been used to predict load
demand. The statistical evaluation indices, such as the symmetric
mean absolute percentage error and the coefficient of
determination (R?), are applied to evaluate the prediction
model. The results show that prediction models present
remarkable forecasting accuracy with very high scores.

In addition, Amirhossein et al. (2020) addressed the problem
of large-scale WP forecasting using ML techniques (DT,
boosting, and bagging), where the simulation results showed
that the developed learning methods could forecast the WP at
different heights of the wind turbine. The simulation results
revealed that using longer time intervals and height extrapolation
leads to long-term Wind Power Forecasting (WPF) using tree-
based learning algorithms considerable accuracy degradation in
the forecasted models. Moreover, Zhi et al. (2016) applied an
ANN inference system for electricity consumption forecasting to
ensure an optimal EM. Dangho (2020) applied an ANN for
short-term WP prediction. This study aims to improve the
forecasting accuracy of such simple and cost-efficient methods
by combining the measurements of a sample building and the
approximate energy consumption of a target building. Banafshel
(2016) proposed using the ANN-based model in WP forecasting
with numerical prediction to exploit the ability of ANN models to
find the most effective parameters to forecast generated WP in
mountainous regions in Canada. In Banafshel (2016), a
comparative study of three forecasting techniques based on
NN models was presented, showing that the intelligent
mechanism based on NN performs well for WP forecasting.

This
forecasts of WP generation and power demand (load

study presents short-term and medium-term
demand) in grid-connected wind energy systems using an
artificial neural network (ANN). A comparison study is
developed between ANN and different machine learning
techniques. The study is organized as follows: Section 2
presents a brief overview of EMSs; Section 3 presents WP
and power demand forecasting techniques based on ANN;
Section 4 discusses the obtained results; and Section 5
concludes the paper and presents some future directions.

2 Energy management system

The EMS is performed at the control system level,
typically called system control centers, which aims to
ensure the security and stability of electric systems.
Usually, a SCADA system is installed as an interface
between the EMS and the power system, which enables the
acquisition and collection of data from each production unit.
The EMS is divided into several levels depending on the
considered time scale. The first level ensures the sizing of the
installation, where the life of the installation is considered as

frontiersin.org
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FIGURE 5
Wind speed profile (1 day).

the time scale (Benoit et al., 2013). The second level is devoted
to performing the annual planning according to the periods
of the year. Thus, the annual production schedule depends on
the demand and the maintenance forecast. The third level
performs the production planning during a time scale
ranging from 1day to 1week. This step consists of
determining the plant’s production plan based on the data
from the forecast and the constraints inherent to the
technologies used. Thus, real-time supervision is the last
level ensuring the storage power requirement to guarantee
the system services (frequency and voltage). Figure |
illustrates the general structure of an EMS. This study
focuses on the third-level operation by presenting the
modeling and forecasting of WP generation.

3 Modeling of the wind turbine

The wind energy conversion system has gained wide
attention from the scientific and industrial research
community (Abdelmelek et al, 2020). The WP production
variability is mainly caused by the meteorological conditions’
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changes, such as wind speed, pressure, and temperature. The
variation of these parameters presents a significant uncertainty
that can provide a rapid fluctuation in WP generation.

The per unit surface power output is modeled as follows
(Jannet et al., 2021):

Py = 0.5pC,SV’. (1)

C, is the ratio of the power extracted by a wind turbine
relative to the energy available in the wind speed (Andreea et al.,
2010). C, is a nonlinear function expressed as follows:

151 1
C,= 0.5(T - 0.588 - 0.0028>" - 10>e %

1 ) )
1 0.003

1-0.028 B +1

Ai

where p is the air density, P,,; is the power extracted from the
wind turbine, v is the wind speed in m/s, S is the area swept by
the rotor of the wind turbine in m?, A is the speed of the wind
turbine, and f is the pitch angle (inclination of the reference
axis with respect to the plane of rotation).
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FIGURE 6
Temperature profile (1 day).
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The density of dry wind is sensitive to pressure and
temperature (Ofualagba and Ubeku, 2008; Marcel et al., 2017;
Valdmer et al., 2021):

3
4

p
P,T)= ———,
PP T) = 7 06T
T =273.15+6.
Wind density is expressed as a function of atmospheric

pressure, temperature, and relative humidity as follows
(Marecel et al., 2017; Oludare et al., 2019):

1
P,T,H,) = —— (P—230.617H,*
P )= 287.06 ¢

, (5
17.504360
P (532412
P
H, = =100, (6)
sat
P, =6110.213 ¢ 17.50430 7)
sat = . X A Aa1 A
g P\o+ 2412
Frontiers in Energy Research

Time(30min)

05

where H, is the relative humidity, P is the pressure, and Py, is the
saturation pressure. Finally, the WP is given by

P,y =05 (P -230.617H,*

278.06T
17.50439)
—_— Vv
0+241.2" 7

®)

3

exp(

4 Power forecasting

As already mentioned, one of the essential features for
optimized EM of the power system with high shares of RES is
the incorporation of advanced forecasting models. Such models
enable uncertainty minimization for both the load demand and the
production sides. Furthermore, they can optimize the power
scheduling in short-term, intra-day, and day-ahead dispatch
scheduling. In this context, production from renewable energy
sources (RESs) can be increased, and storage devices can be
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Wind power generation prediction (1 day).
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Load demand prediction (1 day).
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RMSE for wind power forecasting using 10 hidden neurons (1 day).
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FIGURE 11
RMSE for load demand forecasting using 10 hidden neurons (1 day)

TABLE 1 Evaluation of wind power prediction for 1 day.

MAE (%) RMSE (%)
3 hidden nodes 11.63 8.58
5 hidden nodes 7 53
10 hidden nodes 5 3.6

TABLE 2 Evaluation of power demand prediction for 1 day.

MAE (%) RMSE (%)
3 hidden nodes 10.63 12.58
5 hidden nodes 7.7 9.3
10 hidden nodes 6.7 4.96

optimally operated. Power production forecasting is also needed to
predict the amount of power to be fed to the grid over the following
hours and days.

4.1 Artificial neural network-based
forecasting

ANN s are a technology based on studies of the brain and nervous
system (Stevan et al., 2003; Khaled et al., 2022). Then, ANN emulates
a biological neural network but uses a reduced set of concepts from
biological neural systems. Specifically, the ANN models simulate the
electrical activity of the brain and nervous system. Typically, the node
is arranged in a layer or vector, with the output of one layer serving as
the input to the next layer and possibly other layers (Oludare et al,,
2019). A node may be connected to all or a subset of the nodes in the
subsequent layer. During the learning process, the input values to a
node are multiplied by a connection weight w;; that simulates the
strengthening of neural pathways in the brain. After learning, the

Frontiers in Energy Research

07

Time(30min)

ANN performs the validation phase to select the ANN results.
Then, it proceeds to the test phase to confirm the performance of
the results.

4.2 ANN structure

The ANN structure consists of three layers (input, hidden,
and output layers), where each layer consists of sets of nodes.
The input layer receives network inputs, the hidden layer
processes the information, and the output layer provides the
network response. The number of neurons in the input layer
equals the number of inputs. Similarly, the number of output
layer neurons corresponds to the number of outputs of the
ANN. However, the number of neurons in the hidden layer is
determined experimentally. It consists of several experiments
by varying the number of neurons in the hidden layer.
According to Hassoum (1995), a simple ANN architecture
gives a good prediction compared to a complex ANN
structure. Moreover, every two neurons of successive layers
are interconnected through a signal of weight w;;. Each neuron
processes the information through an activation function f and
sends it to the neurons of the next layer. The sigmoid activation
function is the most frequently used, as it is a nonlinear
function that can be differentiated (Henrique et al,, 2001).
This function is a logistic function, it varies from 0 to 1, and
its expression is given by

1
= 9
f 1+ exp(x) ©)
The weight equation is expressed as
w = wij + Awij. (10)

The signal weight adjustment equation is written as follows:

1m

Aw,‘j =uae; x]-.
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Load demand prediction (7 days).

The prediction error is expressed as
e,-=)A/(t+k)—y(t+k). (12)

The linear activation function used for the output layer
allows a simple summation of the signals received by the
output layer to respond to the ANN. The output of the neural
network is computed by

y(t+k) = £ wx;). (13)

Figure 2 represents the general structure of an ANN.

4.2.1 Wind energy forecasting with ANN

WP forecasting is required to estimate the amount of
wind energy that can be extracted from wind farms. It is
essential to choose parameters such as network inputs and
outputs, the number of hidden layer neurons, activation
functions, and learning techniques to implement an ANN.

Frontiers in Energy Research
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In this study, three layers are used for WP forecasting. The
input layer consists of three neurons representing wind
speed, temperature, and atmospheric pressure. The
output layer comprises a single neuron, represented by
the predicted WP. Figure 3 presents the proposed ANN
architecture with a three-layered backpropagation model

for WP forecasting.

4.2.2 Artificial neural network-based power load
demand forecasting

The power demand is also characterized by its high
uncertainty. It depends on different factors, such as time,
weather, and other random effects. However, for power
system planning purposes, the analysis and prediction of
power demand variation. For wind production, power
(short-,
medium-, and long-term), and system actions are needed

demand variations exist in all time scales

to maintain the generation-demand balance. For power
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RMSE for wind power forecasting using 10 hidden neurons (7 days).
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RMSE for load demand forecasting using 10 hidden neurons (7 days).
demand forecasts, numerous variables directly or indirectly TABLE 3 Evaluation of wind power prediction for 7 days.
affect the system’s accuracy. Engene and Dora (2005
. Y Y. R (2005) NMAE (%) NRMSE (%)
introduced several long-term (month or year) load
forecasting methods, which are very important for 3 hidden nodes 115 10.58
planning and developing future generation, transmission, 5 hidden nodes . 53
and distribution systems. Maria et al. (2014) proposed a 10 hidden nodes 5 2.05

long-term probabilistic load forecasting method with three
modernized elements: predictive modeling, scenario
analysis, and weather normalization. Long-term and

short-term load forecasts play important roles in TABLE 4 Evaluation of power demand prediction for 7 days.

formulating secure and reliable operating strategies for NMAE (%) NRMSE (%)
the electrical power system. In this study, we develop an

ANN model for load power forecasting. The ANN model is 3 hidden nodes 13.63 1258
composed of one input layer represented by 5 hidden nodes 9.65 8
temperature values (obtained from weather forecast), one 10 hidden nodes 6.63 4.06

hidden layer (the number of neurons is determined by a
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TABLE 5 Performance comparison of short-term wind power production and load demand prediction using different ML techniques.

Short-term LASSO

forecasting

Wind power forecasting RMSE 5.89% 4.895%
NMAE 7.89% 5.93%

Load power RMSE 6.93% 4.84%

Forecasting NMAE 7.33% 6.88%

DT

RVM (%) KRR (%) ANN (%)
3.22 52 3.6

58 6 5

478 5 4.90

5.66 7 6.7

TABLE 6 Performance comparison of medium-term wind power production and load demand prediction using different ML techniques.

Medium-term LASSO
forecasting
Wind power forecasting RMSE (%) 4.34%

NMAE (%) 6.94%
Load power RMSE (%) 5.58%
Forecasting NMAE (%) 9.581%
trial-and-error method to minimize the forecast

errors from the training set), also the output layer is
defined by the 4
represents the architecture of ANN for forecasting load

load demand prediction. Figure

demand.

4.2.3 Evaluation of the proposed ANN

Two main criteria are frequently used to evaluate the
performance of the proposed ANN algorithm: mean absolute
error (MAE) and root mean square error (RMSE) (Demuth et al,
2000). The expression of the error quadratic normalized is defined by

1& A
RMSE = w/EZ(yk - )
i=1

The expression of the mean quadratic error normalized is

(14)

obtained by
1
MAE = VI — vl (15)
where y, and y, represent the predicted and the

measured outputs, respectively, and n defines the number of
iterations.

5 Results and discussions

During this study, perceptrons (Abdelhameed et al., 2021)
with a single hidden layer of sigmoid units and linear outputs
are used. The influence of the number of inputs and the
number of hidden nodes in the ANN response is studied to
implement the network architecture (Aoife et al., 2011). A set

Frontiers in Energy Research

DT RVM (%) KRR (%) ANN (%)
3.9% 3.09 4.9 2.05

5.80% 5.36 7.1 4

3.08% 32 5.04 4.06

6.67% 6.05 7.44 6.63

1

of data inputs (wind speed, temperature, and pressure),
randomly chosen, were used during this process. Each
data sample of this ensemble was divided into two subsets:
one to train the networks and the other to test the
generalization ability of the trained networks. Then, 70%
of the dataset was employed for training, and the
The

to

remaining 30% served for validation purposes.

sequence of RMSE minimization tends towards
consistent solution after running it for some iteration; in
this paper iterations are performed to get consistent solution
to get an optimum output (power forecasting). The
forecasting results are obtained through the Neural

Network Toolbox of MATLAB.

5.1 Short-term forecasting

Short-term forecasting was implemented to predict WP
generation and power demand (load demand). Forecasting is
obtained every 30 min a day ahead (24 h). The plots in Figures
5-7 show the selected inputs (wind speed, temperature, and
pressure), whereas the predicted WP generation and load
demand are represented in Figures 8, 9.

The day-ahead (24 h) RMSE for WP generation and load
demand forecasting (10 numbers of hidden nodes) are shown in
Figures 10, 11.

Tables 1, 2 present the evaluation of the performance of WP
generation and power demand predictions based on the RMSE
and MAE criteria during 24 h.

These results show that the short-term forecasting accuracy
for WP is better when the number of nodes is higher (10 nodes
compared to 3 nodes), the same as obtained for load demand
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prediction. Notably, the number of hidden units was limited to
10 as no improvements were absorbed with many hidden units.
Moreover, the results from the ANN model for WP prediction,
which uses three inputs (wind speed, temperature, and pressure),
ensure 18% more accurately than the ANN model for demand
power predictor with only input (temperature).

5.2 Medium-term forecasting

As seen earlier, medium-term forecasting is used for 1 week up
to 1 year and is applied for maintenance scheduling and planning. In
this study, the medium-term power prediction scheme was
implemented to predict the generated power every 30 min. The
plots in Figures 12-14 represent the wind speed variation,
temperature, and pressure profiles for a week (inputs), whereas the
WP and load demand predictions are represented in Figures 15, 16.

The 7-day RMSE for WP generation and load demand
forecasting (with 10 hidden nodes) are shown in Figures 17, 18.

The RMSE of WP and load demand predictions are
significantly reduced compared to the short-term forecasting
case due to the effect of the sudden change in wind speed,
temperature, or pressure on the ANN accuracy.

Tables 3, 4 present the evaluation of the performance of WP
generation and power demand predictions based on the RMSE
and MAE criteria for 7 days.

The number of nodes on the hidden layer of the ANN
increasedsequentiallytoreachtheoptimumnumberofl (Figuresl 7,18),
resulting®3%mprovemenithéorecastccuracgomparedohbasiANN
witlthrehiddemodesMoreovergddingnorhiiddemodebeyond @idhot
improveheesultsignificantlpndausedheislofittinghaoisenoreharthe
desiredignal Theoptimakaluesraselectechshdas24 lnfmeasuredoad
demandvitlonlynputan® MSEndNMA Brebtainedid.96%nd.63%,
respectivelyFurthermoresh® MSEndMAKi24 loW Predictionrs.06%
andYmespectivelyBesidessheptimatalueoRMSEndABiveeKdays)
ard.06%nd.63%odemangoweforecastingvithemperaturashenly
inputthentheprequatd.55%nd %o PredictionTheseesultshowhat
addingmordnputsandutilizingmorecomplexarchitecturecanpossibly
enhanc¢hgerformancoANN.

In addition, the performance of ANN was compared with
four machine learning methods: LASSO (Volker, 2004), DT
(Kavitha et al, 2016), regression vector machines (RVM)
(Achmad and Bo-Suk, 2007), and kernel ridge regression
(KRR) (Welling 2013). The performance of these techniques is
compared by computing the RMSE and NMAE values. The
results are presented in Tables 5, 6.

The obtained results show that ANN provides high
effectiveness and accuracy for WP forecasting based on the
RMSE and NMAE performance criteria. However, ANN is
significantly better than LASSO and KRR. In contrast, the
differences between ANN and other tested techniques are
not statistically significant. The effectiveness of the ANN
model could be justified by its robustness and ability to
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minimize the error in the iterative procedure of parameters
optimization, such as learning rate and weight w; ;, whereas the
other techniques have predefined values of some input
parameters. However, the main disadvantage of the ANN
model over the other four learning methods is its slower
learning due to a larger number of iterations needed to
reduce the error of forecasting with different activation
functions. As a result, the good performance of the ANN
model can reduce the fluctuation of wind energy production
and load demand. Consequently, the grid operator can ensure
better scheduling and optimum EM.

6 Conclusion

This study presented ANN-based forecasting techniques for WP
generation and load demand predictions for optimum EM in grid-
connected wind energy systems. Firstly, the WP generation model has
been described in detail. In addition, for the WP prediction, the effect
of wind speed, temperature, and pressure on the generated WP has
been discussed. In addition, the performance of the proposed ANN
model was compared to four machine learning-based techniques. The
results show that all techniques (ANN, LASSO, DT, RVM, and KRR)
can generally learn fast and ensure accurate power forecasting.
However, the ANN provides the best forecasting accuracy and
outperforms the other methods. Moreover, the ANN model for
WP (three inputs) performs better than the ANN model for load
power forecasting (only input). These results also showed that adding
more samples (medium-term forecasting) can enhance the
performance of the ANN model compared to the short-term
forecasting case. Finally, better forecasting for WP and load
demand ensures an optimum EM.
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