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Abstract: Energy consumption forecasting is of prime importance for the restructured environment
of energy management in the electricity market. Accurate energy consumption forecasting is essential
for efficient energy management in the smart grid (SG); however, the energy consumption pattern is
non-linear with a high level of uncertainty and volatility. Forecasting such complex patterns requires
accurate and fast forecasting models. In this paper, a novel hybrid electrical energy consumption
forecasting model is proposed based on a deep learning model known as factored conditional
restricted Boltzmann machine (FCRBM). The deep learning-based FCRBM model uses a rectified
linear unit (ReLU) activation function and a multivariate autoregressive technique for the network
training. The proposed model predicts future electrical energy consumption for efficient energy
management in the SG. The proposed model is a novel hybrid model comprising four modules:
(i) data processing and features selection module, (ii) deep learning-based FCRBM forecasting
module, (iii) genetic wind driven optimization (GWDO) algorithm-based optimization module,
and (iv) utilization module. The proposed hybrid model, called FS-FCRBM-GWDO, is tested and
evaluated on real power grid data of USA in terms of four performance metrics: mean absolute
percentage deviation (MAPD), variance, correlation coefficient, and convergence rate. Simulation
results validate that the proposed hybrid FS-FCRBM-GWDO model has superior performance than
existing models such as accurate fast converging short-term load forecasting (AFC-STLF) model,
mutual information-modified enhanced differential evolution algorithm-artificial neural network
(MI-mEDE-ANN)-based model, features selection-ANN (FS-ANN)-based model, and Bi-level model,
in terms of forecast accuracy and convergence rate.
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1. Introduction

Electrical energy consumption forecasting is imperative for efficient energy management in
the supply and demand sector of the smart grid (SG) [1]. It is significant in the supply side due to
two reasons: (i) lack of viable planning of resources to efficiently cope with the consumers’ demand,
and (ii) energy is an irreversible process and cannot be stored. Precise and accurate electric load forecast
facilitates efficient load dispatch in power utilities and transaction markets. On the other hand, it is
indefensible in the demand side, because electric load forecasting optimizes the energy management
system and equipment use. Moreover, it also plays an imperative role in ensuring secure operations of
the SG [2]. Energy theft is one of the major threats faced by the SG. It takes place when an adversary
compromises the smart meters to send tampered consumption readings, which could lead to economic
losses. Electrical energy consumption forecasting can be used in identifying possibly compromised
smart meters whose behaviors significantly deviate from the forecasted ones. However, the accuracy
of electrical energy consumption forecasting cannot often cope with the societal requirements. It is
influenced by stochastic and uncertain influencing factors, such as human social activities, temperature,
irradiance weather parameters, environmental parameters, economic development, climate change,
and state policies. Consequently, it is challenging to improve the accuracy of forecasting networks.
It is unrealistic or cumbersome to consider all the influencing factors [3]. Thus, it is feasible to improve
the forecast accuracy by developing a model that takes into account the key parameters.

Over the past few decades, numerous methods have been developed and employed for accurate
electrical energy consumption forecasting, such as obsolete time series models including Kalman
filters [4], exponential smoothing [5], grey forecasting model (GM) [6], regression models [7,8], and
autoregressive integrated moving average (ARIMA) models [9]. The existing forecasting models are
capable of forecasting electrical energy consumption patterns. However, the accuracy is not good enough
due to the networks’ inherent limitations. The linear regressors are knowledge-based and are suitable
for linear problems, while their performance would compromise when solving non-linear problems.
The ARIMA models consider current and historical data points to forecast and ignore other influencing
factors. The GM model is suitable to handle only exponential growth trend problems. To overcome the
limitations accompanied by the discussed models, in recent years, intelligent models have been proposed
for forecasting such as artificial neural network (ANN) [10,11], machine learning [12], radial basis fuzzy
logic [13], and expert systems [14]. Though intelligent methods outperform classical statistical methods,
ANN based models stuck in local minima, radial basis logic methods are radially invertible, and expert
systems need knowledge databases. Thus, hybrid forecasting models are developed, where individual
modules are integrated. For instance, in [15], authors proposed an integrated framework of support
vector machine (SVM) and modified enhanced differential evaluation (mEDE) algorithm. The authors
in [16] developed a hybrid model using support vector regression (SVR) and chaotic particle swarm
optimization (CPSO) algorithm. In [17], the authors designed a hybrid model of SVM and artificial
intelligence (AI) for load forecasting. The hybrid and integrated models are superior than single and
individual module-based models in terms of forecast accuracy.

As discussed, ANN-based models are widely used for forecasting; however, these models are
trapped into local minima due to the restriction on their generalization ability and therefore, cannot
select abstracted features from the given sample set. A deep learning model, known as factored
conditional restricted Boltzmann machine (FCRBM), overcomes these drawbacks and reduces the error
metric to improve the forecast accuracy. FCRBM employs learning principles with ReLU to increase
generalization in the training process and generate accurate forecasts. Because of the deeper layer
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layout, attractive features, and empirical performance, FCRBM has become one of the most popular
and promising forecasting models [18]. Therefore, in this paper, a deep learning FCRBM is used in the
forecaster module for forecasting. The irrelevant and redundant information directly affects accuracy
and convergence rate. Therefore, a novel concept of the candidates’ interaction is introduced in addition
to the redundancy and relevancy filters. The proposed genetic wind driven optimization (GWDO)
algorithm [19,20] is chosen, among other algorithms, due to its fast convergence and powerful ability to
search an optimal solution [21]. GWDO optimizes the thresholds of these filters and feeds the optimized
thresholds to the feature selection module for feature selection. This, in turn, improves the accuracy.

In this article, a novel hybrid model is proposed, which is an integrated framework of data
processing and feature selection technique, a deep learning FCRBM model, and our proposed GWDO
algorithm (FS-FCRBM-GWDO). The performance of the proposed FS-FCRBM-GWDO model is validated
by comparing it with existing models in terms of three performance metrics: mean absolute percentage
deviation (MAPD), variance, and correlation. The major contributions are described as follows:

• A novel hybrid FS-FCRBM-GWDO forecast model is proposed that integrates the merits of
individual techniques to enhance both metrics: (i) accuracy (MAPD, variance, and correlation),
and (ii) convergence rate. The proposed model is capable of mapping the input space to the
feature space to learn the stochastic and complex patterns of electrical energy consumption.

• The proposed FS-FCRBM-GWDO model considers both the exogenous influencing parameters
and the historical electrical energy consumption pattern.

• A novel concept of feature interaction is developed in addition to relevancy and redundancy
filters of feature selection techniques to make the feature selection process more effective.

• The ReLU and multivariate autoregressive algorithms are integrated with FCRBM to improve
both accuracy and convergence rate, which are not present in the existing models.

• The GWDO algorithm is proposed for the optimization module to further reduce error in the
forecasting results returned from the FCRBM based forecaster by fine-tuning the control parameters.

The remainder of the manuscript is organized as follows: The recent and relevant work is
demonstrated in Section 2. In Section 3, the proposed hybrid FS-FCRBM-GWDO model is described.
The results of our simulations are presented and discussed in Section 4. Finally, in Section 5, the
manuscript is concluded with potential future directions. Abbreviations and notations used in this
work are listed at the end of the paper.

2. Related Work

Electrical energy consumption forecasting strategies have been proposed for the past many years
and employed in the SG for efficient energy management. These strategies are categorized into four
classes according to time resolution [22]. The first class is about very short-term energy consumption
forecasting [23], which corresponds to the energy consumption forecasting of time resolution from
minutes to hours. The second class is about short-term electrical energy consumption forecasting
of time resolution from days to a week [24]. The third class is the medium-term electrical energy
consumption forecasting of time resolution from one week to a year [25]. The fourth class is about the
long-term electrical energy consumption forecasting of time resolution for more than a year [26].

Classical statistical methods and intelligent methods are commonly used for electrical energy
consumption forecasting. ANN is widely used as an intrinsic system and as a part of the hybrid system
for electric load forecasting. In [27], Kohonen’s self-organizing map is used for the day ahead electric
load forecasting in Spain. The described strategy comprises three stages. The daily load profile is treated
as a time series and is stored in the neurons; After the training phase, the arrangement of neurons
is such that the load profile given to the neuron is similar to the neighboring neurons. During the
second phase, the data samples are presented to the network and wining neurons are extracted. Then,
the data samples of the winning neurons are divided into two parts. The first one corresponds to
the input profile and the second one corresponds to the forecasted profile. The effect of exogenous
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parameters on accuracy is also considered. It is also reported that the percentage error varied from
1.84% to 2.33%. A differential polynomial neural network for short-term load forecasting is described
in [28]. The network is a multi-layer network and by its decomposition, partial differential equations are
solved. The twenty-four hours ahead load is forecasted using the historical electric load data of Canada.
The forecasted energy consumption pattern deviates from the target pattern by an error of 1.56%.
A short-term load forecasting method based on weather information is proposed in [29]. The power
system is divided into subnetworks based on weather information. Separate models are developed for
each subnetwork. The abstracted features are selected form large data sets using cosine distance method.
The models are based on ANN, ARIMA, and GM to forecast the future load. A hybrid forecast strategy
is proposed in [30] based on an intelligent algorithm. The strategy includes a novel feature selection
technique and a complex forecast engine. A novel features selection technique selects appropriate
features that are fed into the forecast engine. The forecast engine is two-staged and is implemented
on Reglet and Elman neural network. The intelligent algorithm tunes the adjustable parameters of the
forecast engine for improving accuracy along with a reasonable convergence rate. The performance of
the described model is evaluated by comparing it with the benchmark models. A deep learning-based
forecasting framework with appliances energy consumption sequence is proposed in [31]. The accuracy
is notably improved by incorporating appliances consumption sequences in addition to the deep neural
network. An integrated framework of the forecaster module based on deep learning and optimization
module based on the heuristic algorithm is proposed for electric load forecasting [32].

The authors in [33], proposed an Elman neural network-based forecast engine to predict the
future load in the SG. The weights and biases for this network are optimally adjusted by an intelligent
algorithm to obtain accurate forecasting results. The authors proposed a novel forecasting model
that could generalize the standard ARMAX model to Hilbert space [34]. The proposed model has a
linear regression structure and uses functional variables for operation. The considered variables are
autoregressive terms, moving average terms, and exogenous parameters. The functional variables are
integral operators whose kernels are modeled as sigmoidal function. The parameters of the sigmoidal
function are optimized using the quasi-newton algorithm. The model is validated on the daily price
profile of the Spanish and German electricity market. However, accuracy is enhanced due to the
optimization module integration, which increases the execution time. In [35], authors reveal the effect
of data integrity attacks on the accuracy of four forecasting models: SVR, multiple linear regression,
ANN, and fuzzy interaction regression. The data integrity attacks attempt to damage the performance
of various forecasting models and have a significant impact on the resilience of the power system.

In the aforementioned recent and relevant work, authors mostly focused on ANN-based models
for electrical energy consumption prediction due to its capability for handling the nonlinear electrical
energy consumption pattern. However, the ANN-based forecasters perform well for small data but
do not behave well for large data in terms of accuracy. In this regard, in the literature, either the
optimization module is integrated with ANN-based forecaster or deep learning models are adopted to
improve the forecast accuracy. However, the optimization module and deep learning models cause
high execution time overhead while improving the accuracy. The recent and relevant research in terms
of techniques, objectives, datasets, limitations, and critical remarks is summarized in Table 1.
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Table 1. Brief review of recent and relevant work in terms of techniques, objectives, datasets, limitations,
and critical remarks.

Techniques Objectives Datasets Limitations Critical Remarks

ARIMA and exponential
smoothing [23]

Forecast accuracy
improvement for power
generation scheduling in
real-time.

National grid and
Great Britain

This model is useful for only
very short term load
forecasting.

The prime focus of authors is
on accuracy improvements
for univariate methods while
the accuracy improvement of
univariate is not sufficient.

ANN and self-organizing
map [27]

To build a decision
support system for
commercializing
company bidding.

Spain power grid

This model achieves
moderate accuracy at the
cost of slow convergence
rate (high execution time).

Meteorological and load data
is used in this model and
other exogenous parameters
are ignored that significantly
affect the forecast accuracy.

Differential polynomial
neural network [28]

Reduction of generation
cost and spinning reserve
capacity.

Canada power
grid

Unnecessary and overload
prediction leads to large
reserves and high cost.

Slow convergence and less
accuracy is observed in this
model, which have a direct
impact on cost and spinning
reserve.

ANN, ARIMA,
and GM [29]

To improve the accuracy
of bulk power system.

China Fujian
Province power
grid

The system becomes more
complex by dividing the
system into subnetworks.

Improvement in accuracy by
using large exogenous
parameters at the cost of
high complexity and slow
convergence rate.

Reglet and Elman neural
network [30]

Accuracy and capability
improvement for
efficient operation of the
power system.

Australian energy
market
commission

The model has large
complexity.

This model has a large
complexity that directly
impacts the convergence
rate.

Long term short term
memory [31]

Forecast accuracy
improvement for
household scheduling.

Canadian
household

The system model has slow
convergence due to the
incorporation of household
appliances sequence.

The accuracy is notably
improved using appliances
consumption sequence,
however, the convergence
rate is compromised.

SVR [33]

Improvement of load
forecasting accuracy for
minimizing cost and
energy imbalance.

Irish commission
for energy
regulation (ICER)

The model has a slow
convergence speed.

The hyperparameters are
tuned by the intelligent
techniques which improved
accuracy at the expense of
increased execution time.

ARIMAX and
quasi-newton
algorithm [34]

Improvement of forecast
accuracy for system
operators and the market
agent.

Spanish and
German energy
market

The convergence speed is
compromised.

They improved accuracy is
improved due to
incorporating of sigmoid
function. However, the
computational time is
increased.

ANN, SVR, and fuzzy
interaction
regression [35]

Improvement of
resilience against attacks
on data integrity.

Global energy
forecasting
competition
(GEFC) 2012

The resilience is improved at
increased time complexity.

The power system resiliency
is enhanced at the expense of
higher complexity of
modeling.

MI, ANN,
and mEDE [36,37]

Improvement of
convergence rate and
accuracy for US EKPC
and Dayton grid.

PJM market The complexity of the model
is increased.

The developed model
outperforms for small
datasize and worst perform
for large datasize.

ANN-based hybrid
models [38,39]

Microgrid accuracy
improvement. PJM market

The convergence rate is
compromised while
improving forecast accuracy.

The ANN forecaster
improved the accuracy,
which degrade the execution
time.

3. The Proposed Deep Learning-Based Hybrid Model

A novel hybrid FS-FCRBM-GWDO model for electrical energy consumption forecasting is
proposed, as illustrated in Figure 1, which is an extension of our earlier conference paper [40].
The proposed hybrid model aims to improve forecast accuracy, convergence speed, and scalability.
FS-FCRBM-GWDO is composed of four modules: (i) data processing and feature selection module,
(ii) FCRBM-based forecasting module, (iii) GWDO-based optimization module, and (iv) utilization
module. Both historical energy consumption pattern data and exogenous parameters (wind speed,
dew point, temperature, and humidity) are given as input to the data processing and features selection
module. At first, the received input data is normalized and passed through the relevancy, redundancy,



Energies 2020, 13, 2244 6 of 25

and interaction phases. This module aims to clean the data and select abstractive features for the
forecast process by maximizing relevancy, minimizing redundancy, and maximizing features interaction.
The selected features are fed into the FCRBM-based forecasting module. The purpose is to predict the
future electrical energy consumption pattern of the FE power grid. The forecasted energy consumption
is fed into the optimization module based on the GWDO algorithm. The objective is to enhance forecast
accuracy, which is very important for efficient energy management. Finally, the forecasted energy
consumption pattern is fed into the utilization module to use the predicted energy consumption pattern
for efficient energy management in the SG. The detailed demonstration is as follows:
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Figure 1. Schematic diagram of the proposed hybrid FS-FCRBM-GWDO framework for electrical
energy consumption forecasting.

3.1. Data Pre-Processing and Feature Processing Module

The input dataset has both historical energy consumption pattern and exogenous parameters
(wind speed, dew point, temperature, and humidity) is feed into the pre-processing and feature
processing phase. First, the dataset is passed through the cleansing phase to recover missing and not a
number (NAN) values with average or median values of the previous day. Now, cleansed data is feed

Figure 1. Schematic diagram of the proposed hybrid FS-FCRBM-GWDO framework for electrical
energy consumption forecasting.

3.1. Data Processing and Features Selection Module

The input dataset that has both historical energy consumption pattern and exogenous parameters
(wind speed, dew point, temperature, and humidity) is fed for pre-processing and feature selection. First,
the dataset is passed through the cleansing phase to recover missing and not a number (NAN) values
with average or median values of the previous day. Then, the cleansed data is fed to the normalization
operation using Equation (1) to make data entries within the limit of the activation function:

Norm =
X− µ(X)

std(X),
(1)

where Norm is the normalized data, X is the input data, and std is the standard deviation. The input data
(X) includes electrical energy consumption data pattern (P(h, d)), dew point (D(h, d)), temperature
(T(h, d)), and humidity (H(h, d)) parameters. The hour h and day d represents particular hour and
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day, respectively, in historical data. The wind speed, dew point, temperature, and humidity are called
exogenous parameters. Energy demand shows the correlation with variation in exogenous parameters.
For example, increase or decrease in the external temperature induces changes in energy demand. Same
applies to the other parameters. The FS technique has irrelevancy, redundancy filters, and features
interaction phase in order to remove irrelevant, redundant, and nonconstructive information due
to three reasons: (i) redundant information is not useful and causes execution overhead during the
training phase, (ii) irrelevant features do not provide useful information and act as an outlier, and (iii)
interacting features provide useful information to enhance electrical energy consumption forecast
accuracy. The relevancy, redundancy filters, and feature interaction phases are discussed as follows:

3.1.1. Relevancy Filter Operation

For feature selection relevancy operation is of great importance because input features and target
variables are correlated in order to select key features. Many techniques for relevancy measurement are
used [41] among feature selection techniques. The chosen FS technique measures mutual information
to ensure how closely the two variables x and y are correlated. The FS technique observes y by studying
x and vice versa. For variables x and y, the FS is represented by I(x; y) and is defined for individual
(p(x), p(y)) probability distribution as well as for joint probability distribution (p(x, y)). Suppose that

S = {x1, x2, x3, . . . , xM}, (2)

where x1, x2, x3, . . . , xM are input variables, S is input variables set and the target variable is y.
The mutual information between input xi and target y variables are checked; when the mutual
information between two variables is large enough, they are closely related. In addition, the relevance
of input xi variable with target y variable is computed as follows:

D(xi) = I(xi; y), (3)

where D(xi) denotes the relevance of the input variable with the target variable.

3.1.2. Redundancy Filter Operation

Several authors in [42–44] developed redundancy filter operation to check the redundancy among
input variables because redundant information complicates the process and increases the convergence
speed. The redundancy evaluation is performed among the input candidates based on mutual
information. The purpose is to discard redundant features. The authors in [41] stated that closely related
input variables degrade the feature selection process. This is because two input variables have more
common information and very little redundant information about the target variable. Thus, a variable
with little redundant information regarding the target variable may be counted incorrectly as highly
redundant and is filtered out, while it may be the abstractive feature for the proposed mode. In order to
solve such problems, an interaction gain based redundancy measure (Ig) is introduced in [39] as:

RM(xi, xs) = Ig(xi; xs; y)
= I[(xi, xs); y]− I(xi; xs)− I(xs; y),

(4)

where RM(xi, xs) is the redundancy measure, xi, xs are candidate inputs, and y is the target variable.
Ig can be mathematically modeled in terms of joint and individual entropy as:

Ig(xi; xs; y) = H(xi, xs) + H(xi, y) + H(xs, y)
−H(xi)− H(xs)− H(y)− H(xi, xs, y),

(5)

where H(xi), H(xs), and H(y) denote individual entropy while H(xi, xs), H(xi, y), H(xs, y), and
H(xi, xs, y) denote joint entropy.
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3.1.3. Features Interaction Operation Session

In [39], the authors proposed irrelevancy and redundancy filters to discard irrelevant and
redundant features and keep the desired features for further processing. However, the limitation
filter-based method is that it discards individual features that are irrelevant; though these irrelevant
features become relevant when used together with other input features. In this regard, in this work,
a FS strategy is introduced, which takes the concept interaction in addition to the redundancy and
irrelevancy filters. When two input variables xi and xs have redundant features around target y,
then the joint mutual information measure of input variable with y will be less than the sum of
individual mutual information measures. Hence, it results in negative value according to Equation (4),
which denotes redundant features xi and xs for the model. If the value of Equation (4) is absolute,
it shows the amount of redundancy. On the other side, if xi and xs input variables interact with the
target variable y, their interaction causes joint (xi and xs) mutual information with target y greater than
the sum of individual mutual information. Thus, the positive value of Equation (4) shows interacting
features and its positive and absolute value depicts the amount of interaction. Consequently, for
interaction and redundancy, Equation (4) can be defined in terms of interaction gain (Ig) as follows:

RM(xi, xs) =

{
{Ig(xi; xs; y), if Ig(xi; xs; y) < 0,
0 otherwise

(6)

In(xi, xs) =

{
Ig(xi; xs; y), if Ig(xi; xs; y) > 0,
0 otherwise

(7)

where Equation (6) is a modified version of Equation (4) for redundancy measure, and Equation (7) is
for interaction measure. The computation of interaction measure IM(xi) for each candidate feature is
as follows:

IM(xi) = Maximize
xj∈S−{xi}

{
In(xi, xj)

}
(8)

3.1.4. The Modified Feature Selection Technique

The purpose of this modified feature selection technique is to maximize both relevancy and
interaction, and minimize redundancy based on the filters introduced in the preceding Section 3.1.
Our modified feature selection technique also considers candidates interaction, while the existing
techniques [39,41–44] only consider relevancy and the redundancy filters. Figure 2 shows the flow
chart of our modified feature selection technique. The detailed description and step-by-step procedure
is as follows:

Step 1: Input data including the candidate set of inputs and target value y are given as input to
the technique.

Step 2: Pre-filtering phase is demonstrated as follows:

• The blocks enclosed in the dotted box in Figure 2 belong to the pre-filtering phase. In this phase,
the relevancy and interaction measures are calculated, and candidate inputs are ranked based on
the calculated measure.

• The information content can be measured from its individual information and the gained
information using a modified version of Equation (4) mentioned in the flow chart in Figure 2.
The function f (, ) is a monotonically increasing function, and α is a weight factor that weights
the relevancy versus interaction measure. It can be adjusted and fine-tuned subject to the
forecasting problem.

• The selected candidate inputs of the pre-filtering phase (Sp) are sorted in descending order based
on the information content.

Step 3: Filtering phase individually depicted in Figure 3 and is described as follows:
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Step 1: Input data including candidate set of inputs and target value y are given as input to the
technique.
Step 2: Pre-filtering phase is demonstrated as:

• The blocks enclosed in the dotted box are pre-filtering phase. In this phase, the relevancy and
interaction measures are calculated, and candidate inputs are ranked based on the calculated
measure.

• The information content can be measured from its individual information and the gained
information using a modified version of Equation 4 mentioned in the flow chart 2. The function
f (, ) is a monotonically increasing function, and α is a weight factor that weights the relevancy
versus interaction measure. It can be adjusted and fine-tuned subjected to the forecasting problem.

• The selected candidate inputs of the pre-filtering phase (Sp) are sorted in descending order based
on the information content.

Figure 2. Flow chart of the modified feature selection technique.

• The output of the pre-filtering phase is fed as an input to the filtering phase. In this step,
the pre-selected features are partitioned into selected (Ss) and non-selected (Sn) features as shown
in Figure 2. The redundancy measure is calculated by Equation (9) as:

R(
p
xi) = Minimize

p
xi∈

p
S

{
RM(

p
xi,

p
xj)

}
, (9)

where R(
p
xi) indicates the redundancy measure for each candidate input

p
xi ∈

p
S.
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• The information value of candidate features is evaluated based on three measures: redundancy,
relevancy, and interaction, which is mathematically described as:

V(
p
xi) = g

{
D(

p
xi), IM(

p
xi), R(

p
xi)

}

= D(
p
xi) + α.IM(

p
xi) + β.R(

p
xi), α, β > 0,

(10)

where V(
p
xi) denotes information value, g (, ) indicates a monotonically increasing linear function,

and β denotes adjustable parameter, respectively.
• Decision about the information value is taken as follows:

If V(
p
xi) ≥ Rth →

S
S =

S
S+{ p

xi}

If V(
p
xi) ≤ Rth →

n
S =

n
S+{ p

xi},
(11)

where Rth is the redundancy threshold. The information value is compared with the redundancy
threshold; if it is greater than or equal to the redundancy threshold, then it will be put in the set of

selected features list (
s
S), otherwise it will be added in the set of non-selected features (

n
S).

• The set of selected and non-selected features are sorted in descending order according to their
information value and their union is also taken. The selected and non-selected feature sets and
their union are given as input to the post-filtering stage, which is individually depicted in Figure 4.
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• The output of the pre-filtering phase is fed as an input to the filtering phase. In this step, the
pre-selected features are partitioned into selected (Ss) and non-selected (Sn) features as shown in
Figure 2. The redundancy measure is calculated by Equation 9 as:

R(
p
xi) = Minimize

p
xi∈

p
S

{
RM(

p
xi,

p
xj)

}
, (9)

where R(
p
xi) indicates the redundancy measure for each candidate input

p
xi ∈

p
S.

• The information value of candidate features is evaluated based on three measures: redundancy,
relevancy, and interaction, which is mathematically described as:

V(
p
xi) = g

{
D(

p
xi), IM(

p
xi), R(

p
xi)

}

= D(
p
xi) + α.IM(

p
xi) + β.R(

p
xi), α, β > 0,

(10)

where V(
p
xi) denotes information value, g (, ) indicates a monotonically increasing linear function,

and β denotes adjustable parameter, respectively.
• Decision about the information value is taken as follows: where Rth is the redundancy threshold.

The information value is compared with the redundancy threshold, if the information value is

Figure 3. Flow chart of the filtering phase.
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Step 4: In the post-filtering phase, the selected (
s
S) and non-selected inputs are modified and

the information value V(.) is updated. The updated information values are evaluated again using
Equation (11) to transfer candidate inputs either to selected or non-selected features.

Step 5: The algorithm is terminated if the non-selected features set
n
S becomes null. The

pre-filtering, filtering, and post-filtering phases are executed in each iteration and the execution
never traps into an infinite loop. Finally, the selected features are fed into the forecaster module.

Start

End

A

Input 

&
s n

S S

Set K M�

� �Set
s

kS �

S e t 1m �

� �
{ }

( , )
j i

i j
x S x
Maximize In x x

� −

Yes

No

{ }
s s

k k iS S x� �

m IM� 1m m� �
No

Yes

Yes
� �

s

kS �
No

Set as the first feature of
s

i kx S

Set as the next

feature of

s

i

k

x

S

� �
� �

( ) :

( ) ( ), ( ), ( ) ( ) . ( ) . ( ), , 0

R( ) ( , )
s s

i

s s

i k i

s s s s s s s

i i i i i i i

s s s

i i j

x S

For x S updateV x as

V x g D x IM x R x D x IM x R x

x Minimize RM x x

� � � �

�

�

� � � � �

�

( )
s

i thV x R	

( ) ( )

2

s s

i k
ik

V x V x
V

�
�

ik thV R	

{ }

{ }

n n n

k k i

s s

k k i

S S x

S S x

� �

� �

Is a s th e la s t

fe a tu re o f

s

i

k

x

S

No

Yes

No

Yes

1k k� − 1k N� �

Return &
s n

S S

No

Yes

No

Yes

Start

End

A

Input 

&
s n

S S

Set K M�

� �Set
s

kS �

S e t 1m �

� �
{ }

( , )
j i

i j
x S x
Maximize In x x

� −

Yes

No

{ }
s s

k k iS S x� �

m IM� 1m m� �
No

Yes

Yes
� �

s

kS �
No

Set as the first feature of
s

i kx S

Set as the next

feature of

s

i

k

x

S

� �
� �

( ) :

( ) ( ), ( ), ( ) ( ) . ( ) . ( ), , 0

R( ) ( , )
s s

i

s s

i k i

s s s s s s s

i i i i i i i

s s s

i i j

x S

For x S updateV x as

V x g D x IM x R x D x IM x R x

x Minimize RM x x

� � � �

�

�

� � � � �

�

( )
s

i thV x R	

( ) ( )

2

s s

i k
ik

V x V x
V

�
�

ik thV R	

{ }

{ }

n n n

k k i

s s

k k i

S S x

S S x

� �

� �

Is a s th e la s t

fe a tu re o f

s

i

k

x

S

No

Yes

No

Yes

1k k� − 1k N� �

Return &
s n

S S

No

Yes

No

Yes

Figure 4. Flow chart of the post-filtering stage.

3.2. A Deep Learning FCRBM Model Based Forecasting Module

This module aims to devise a deep learning FCRBM-based forecaster, which is enabled through
training to forecast future electrical energy consumption patterns. The discussion in Section 2 is
ended with the conclusion that all forecasters in the literature can forecast non-linear electrical energy
consumption patterns. Thus, a deep learning based FCRBM model among the intelligent forecasters
is chosen because: (i) it forecasts non-linear electrical energy consumption pattern with reasonable
accuracy and convergence speed, and (ii) it has scalable nature and has improved performance with
scalability. The deep neural network FCRBM has a four layer structure with a particular number
of neurons: (i) visible layer, (ii) hidden layer, (iii) style layer, and (iv) history layer. The FCRBM
model is activated with the ReLU activation function and multivariate autoregressive algorithm to
forecast the electrical energy consumption pattern. Both the ReLU activation function and multivariate
autoregressive algorithm are chosen due to their fast convergence speed and they can overcome network
issues such as vanishing gradient and overfitting. The ReLU is defined by Equation (12) as follows:

f (x) = max(0, x)

f (x)

{
1 if x ≥ 0
0 otherwise.

(12)

ReLU enables the FCRBM model to account for non-linearities and interactions. During the training
process, to update weight and bias vectors, several algorithms are available in the literature, such as
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multivariate autoregressive algorithm [37], Levenberg-Marquardt algorithm [45], gradient descent and
back-propagation [46]. Thus, among the training algorithms, a multivariate autoregressive algorithm
is chosen because of its fast convergence speed and improved performance. The features selected in
the data processing phase {S1, S2, S3, . . . Sn} are fed into the FCRBM-based forecaster module, where
the first three-year data samples are used for the network training and the last one-year data samples
are used for testing. The aim is to enable the deep learning based FCRBM model through a training
process to forecast future electrical energy consumption patterns. The pictorial view of the training and
learning process of the FCRBM model is illustrated in Figure 5. The FCRBM-based forecaster returns
error signal, weights and biases, which are tuned by multivariate autoregressive algorithm [47]. This
error signal returned from the forecaster module becomes the objective function of the optimization
module for further improving the accuracy by optimizing the error signal.

FCRBM 

Training process

Real load

Initial forecast

Error signal 

Input 

Final forecast 

FCRBM 

Training process

Real load

Initial forecast

Error signal 

Input 

Final forecast 

FCRBM 

Training process

Real load

Initial forecast

Error signal 

Input 

Final forecast 

Figure 5. Training and learning process of the deep learning based FCRBM model with ReLU and
multivariate autoregressive algorithm.

3.3. The Proposed GWDO Algorithm-Based Optimization Module

The preceding deep learning FCRBM-based module returns the future forecasted electrical energy
consumption pattern with some error, which is minimum according to the capability of the FCRBM
model with ReLU and multivariate autoregressive algorithm. In order to further minimize error in
the forecasted energy consumption pattern, the output of the FCRBM-based forecaster module is fed
into our proposed GWDO-based optimization module. The aim of our proposed algorithm-based
optimization module is to further minimize error in the forecasted energy consumption pattern. Thus,
the optimization module takes error minimization as an objective function, which is modeled as follows:

Minimize
Rth , Ith , Ci

Error (x) ∀ x ∈ {h, d}, (13)

where Rth , Ith, and Ci are redundancy, irrelevancy thresholds, and candidates interaction, respectively.
The proposed GWDO-based module optimizes Rth , Ith, and Ci and these parameters are fed to the
data processing module. The feature selection technique in the data processing module uses optimized
values of Rth , Ith thresholds, and Ci for optimal features selection. Joining the optimization module
with the forecaster module increases the forecasting accuracy, while the convergence rate is degraded.
The integration of optimization module with the forecaster module is usually done for such applications
where the focus of the authors is on accuracy rather than convergence speed. To tune hyperparameters
of forecaster, various parameter tuning techniques in the literature are proposed by authors such as
heuristic techniques, convex programming, quadratic programming, linear and non-linear programming.
Linear programming is not adopted in this study because the problem under consideration is non-linear.
The non-linear programming are ignored due their increased execution time. The heuristic and
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convex optimization algorithms are rejected due to slow and premature convergence, respectively.
The mEDE [37], enhanced differential evaluation (EDE) [48], and differential evaluation (DE) [45]
among the evolutionary algorithms are refused due to the problems such as low precision, slow
convergence, and getting stuck in local optimum [49], respectively. To remedy the problems of existing
tuning algorithms, the GWDO algorithm is proposed to perform tuning of hyperparameters with fast
converging speed. The proposed algorithm is a hybrid of WDO [21] and GA [50]. This hybrid algorithm
is beneficial because it uses the key characteristics of both the algorithms. The WDO has fast convergence
speed and GA enables a diversity of population. The forecasted electrical energy consumption pattern is
fed into the utilization module to perform efficient energy management, planning, operation, and unit
commitment in the SG.

3.4. Utilization Module for Forecasting Results

The forecasted electrical energy consumption pattern is used for efficient energy management,
long term planning and development of SG that need transmission and generation equipment,
right of ways, state permits financing, substation construction, and power lines (distribution and
transmission lines). Similarly, in [51], the authors used the potential of solar and wind energy mix for
joint optimization of investment and operation of the microgrid. Moreover, the forecasting results
based on the predicted period are classified into four categories: (i) very short-term, (ii) short-term, (iii)
medium-term, and (iv) long-term. The very short-term forecasting results have prediction horizon
from seconds/minutes to hours and are used for flow control and day-to-day operations in the SG.
The short-term electrical energy consumption forecasting results have forecasting horizon from hours
to weeks and are used for evaluation of net interchange, scheduling functions, unit commitment,
and system security analysis. Moreover, forecasting results are vital for managing generation and
demand and energy management in the electricity market of the SG. The medium forecasting
results cover weeks to months’ prediction horizon and are used by the electrical power company for
maintenance planning, fuel scheduling, and hydro reservoir management. These forecasting results
are also used for power grid capacity planning, maintenance scheduling, and power grid ongoing
operations to facilitate efficient management of energy resources. The long-term forecasting results
horizon is typically more than one year and is vital for major strategic decisions, such as market
environmental factors, opportunities, development, infrastructure planning, and internal resources to
be taken within the electricity market. Thus, electric power companies need to develop the forecasting
model that can identify forecasting problems and based on this, predict for one of the four forecasting
time horizons. These forecasting models provide strong support to the electric power companies to
use forecasting results to achieve the said objectives.

4. Simulations Results, Performance Evaluation, and Discussion

To test and evaluate the efficacy of the proposed FS-FCRBM-GWDO framework, simulations are
conducted in MATLAB 2018, which is installed on a laptop having specifications of Intel(R) Corei3-CPU
@2.4GHz, and 6GB RAM with Microsoft Windows 10. FS-FCRBM-GWDO is evaluated in comparison
with existing frameworks: MI-mEDE-ANN [36], AFC-STLF [37], Bi-level [45], and FS-ANN [52]. These
existing hybrid frameworks are chosen as benchmark frameworks due to the architectural resemblance
with the proposed FS-FCRBM-GWDO framework. However, the FS-FCRBM-GWDO framework and
the selected benchmark frameworks have different complexities because the focus of the authors is on
different objectives such as accuracy, convergence rate, and stability. FS-FCRBM-GWDO is tested on
real-time FE power grid hourly energy consumption data of USA. The dataset is taken from publicly
available PJM electricity market [53]. The same dataset is also considered in [37]. The monthly electrical
energy consumption data of the FE power grid of USA for the years 2014–2017 is depicted in Figure 6.
The data is for four years. The 80% data is used to train the FCRBM deep learning model and 20%
data is used for testing the FCRBM model. The control parameters used in simulations are listed in
Table 2 and can be justified from [37]. The control parameters listed in Table 2 are kept the same for
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both the proposed and benchmark models subjected to a fair comparative analysis. The proposed
FS-FCRBM-GWDO framework is evaluated in terms of two performance metrics: (i) accuracy (MAPD,
variance (σ2), correlation coefficient (R)), and (ii) convergence speed (execution time, convergence
rate). The mathematical modeling of the performance metrics is as follows:

MAPD =

(
1
τ

τ

∑
t=1

|Rt − Ft|
|Rt|

)
× 100, (14)

σ2 =
1
τ

τ

∑
t=1

(Rt − Ft), (15)

R =
E{(Rt − µR)(Ft − µF)}√

∑ (Rt − µR)
2 ×∑ (Ft − µF)

2
, (16)

where Rt and Ft represent the real and forecasted load at time t, and µR and µF represent the mean of
real and forecasted electrical energy consumption, respectively. Equation (14) represents the MAPD
performance metric, Equation (15) represents the variance σ2 metric, and Equation (16) represents the
correlation coefficient metric, respectively.

The first three performance metrics (Equations (14)–(16)) are for accuracy analysis, which is
calculated as:

• Accuracy = 100-MAPD(x).

The convergence speed is defined in terms of execution time and convergence rate as:

• Convergence speed corresponds to the execution time and the convergence rate: (i) execution time
is the time taken by the forecasting model to return future electrical energy consumption pattern;
and (ii) convergence rate is the rate at which the model converges to a particular epoch where its
performance saturates and the error does not reduce any further with increase in the number of
epochs. The forecasting models that have low execution time and converge at earlier epochs are
considered fast. In this research, the execution time is measured in seconds, and the convergence
rate is measured in terms of number of epochs.

A detailed discussion on the proposed hybrid FS-FCRBM-GWDO framework and benchmark
frameworks in terms of performance metrics is as follows:

Table 2. Simulation parameters.

Control Parameters Value

Hidden layer 1
Neurons in hidden 10
Output layer 1
Number of output neurons 1
Number of epochs 100
Number of iterations 100
Learning rate 0.0019
Momentum 0.6
Initial weight 0.1
Initial bias 0
Max 0.9
Min 0.1
Decision variables 2
Population size 24
Delay of weight 0.0002
Historical load data 4 years
Exogenous parameters 4 years
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Figure 6. FE power grid electrical energy consumption on monthly basis for years 2014–2017.

4.1. Proposed Model Learning Evaluation

A learning evaluation compares model performance testing and training data samples across
some epochs to ensure whether the model is memorizing data or learning from data. The learning
curve is bad when the model has high variance and bias, which indicates that the model is memorizing
data rather than learning. The model with high variance and bias leads to reduce accuracy and poor
generalization. The learning curve for a deep learning model FCRBM is good due to two reasons: (i)
there is no variance and bias because the difference between training and testing errors is minimum,
and (ii) both testing and training error decreases with increase in the number of epochs. The learning
curve of deep learning model FCRBM is depicted in Figure 7. At the start the MAPD is high when
the number of epochs is zero, it indicates the model is not well trained. When the number of epochs
increases the MAPD decreases and converged to a minimum acceptable value, that point is called
saturation point, and it indicates the model is well trained.

Figure 6. FE power grid electrical energy consumption on monthly basis for the years 2014–2017.

4.1. Proposed Model’s Learning Evaluation

A learning evaluation compares a model’s performance for testing and training data samples
across some epochs to ensure whether the model is memorizing data or learning from data.
The learning curve is bad when the model has high variance and bias, which indicates that the
model is memorizing data rather than learning. The model with high variance and bias leads to
reduced accuracy and poor generalization. The learning curve for the deep learning FCRBM model
is good due to two reasons: (i) there is no variance and bias because the difference between training
and testing errors is minimum, and (ii) both testing and training errors decrease with increase in the
number of epochs. The learning curve of FCRBM model is depicted in Figure 7. At the start, the MAPD
is high when the number of epochs is zero, which indicates that the model is not well-trained. When
the number of epochs increases, the MAPD decreases and converges to a minimum acceptable value.
This point is called the saturation point and it indicates that the model is well-trained.
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Figure 7. Learning evaluation of deep learning FCRBM model on testing and training datasets in terms
of MAPD for 100 epochs.
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4.2. Day Ahead Electrical Energy Consumption Forecasting With Hour Resolution

The evaluation of day ahead forecasted electrical energy consumption in the FE power grid of
the proposed FS-FCRBM-GWDO framework in comparison to the benchmark frameworks such as
FS-ANN, AFC-STLF, Bi-level, and MI-mEDE-ANN is depicted in Figure 8. Moreover, the accuracy
analysis in terms of MAPD, variance, and correlation coefficient for the proposed and existing models
are listed in Table 3. The results clearly indicate that the proposed FS-FCRBM-GWDO framework
forecasts the day-ahead electrical energy consumption of the FE power grid. All the forecasters
(proposed and benchmark) are capable of learning the non-linearities of historical energy consumption
time series data. The non-linear forecasting ability is due to the use of non-linear activation functions
such as tangent hyperbolic (Tanh), sigmoidal, and ReLU. The benchmark frameworks (FS-ANN,
AFC-STLF, Bi-level, and MI-mEDE-ANN) use the sigmoid activation function, whereas the proposed
hybrid FS-FCRBM-GWDO model uses ReLU and multivariate autoregressive algorithm because they
have fast converging speed and solve the problems of vanishing gradient and overfitting. Figure 8
illustrates that the energy consumption pattern forecasted by the proposed framework closely follows
the actual energy consumption pattern as compared to the benchmark models (FS-ANN, AFC-STLF,
Bi-level, and MI-mEDE-ANN). It is listed in Table 3 that the MAPD of the proposed FS-FCRBM-GWDO
framework is 1.10%, whereas the MAPD of AFC-STLF, MI-mEDE-ANN, FS-ANN, and Bi-level is 2.1%,
2.2%, 3.6%, 2.6% respectively. Thus, it is obvious from Figure 8 and Table 3 that the proposed hybrid
FS-FCRBM-GWDO model performs better than the benchmark frameworks in terms of accuracy.

Table 3. FE power grid February results of leap year 2016: comparative performance evaluation of the
proposed and existing models in terms of MAPD, variance, and correlation coefficient.

Electrical Energy Consumption Forecasting Models

Day FS-FCRBM-GWDO MI-mEDE-ANN AFC-STLF Bi-Level FS-ANN

MAPD σ2 R MAPD σ2 R MAPD σ2 R MAPD σ2 R MAPD σ2 R

1 1.12 1.13 0.70 2.20 1.55 0.50 2.30 1.60 0.52 2.60 1.75 0.44 3.30 1.90 0.44
2 1.10 0.98 0.68 2.10 1.45 0.58 2.15 1.55 0.56 2.80 1.73 0.46 3.35 1.80 0.36
3 1.09 1.10 0.71 2.50 1.30 0.51 2.10 1.48 0.53 2.75 1.65 0.43 3.20 1.83 0.33
4 1.03 0.97 0.80 2.02 1.20 0.50 2.40 1.49 0.54 2.85 1.75 0.44 3.40 1.85 0.34
5 1.50 1.09 0.65 2.10 1.15 0.55 2.25 1.37 0.55 2.87 1.65 0.45 3.15 1.78 0.35
6 1.30 1.07 0.75 2.30 1.34 0.65 2.15 1.35 0.69 2.89 1.69 0.59 3.25 1.95 0.49
7 1.24 1.04 0.69 2.11 1.55 0.60 2.10 1.60 0.65 2.75 1.68 0.44 3.67 1.80 0.34
8 1.23 1.02 0.70 2.15 1.45 0.50 2.09 1.65 0.55 2.70 1.77 0.55 3.55 1.83 0.45
9 1.08 1.05 0.80 2.35 1.36 0.55 2.50 1.66 0.56 2.65 1.71 0.56 3.45 1.79 0.46

10 1.05 0.99 0.79 2.40 1.39 0.69 2.44 1.67 0.60 2.63 1.78 0.65 3.10 1.87 0.55
11 1.15 1.10 0.87 2.01 1.45 0.77 2.35 1.55 0.75 2.70 1.65 0.35 3.15 1.85 0.45
12 1.25 1.11 0.65 2.06 1.50 0.55 2.12 1.58 0.55 2.60 1.66 0.45 3.59 1.77 0.35
13 1.10 0.96 0.81 2.10 1.55 0.71 2.20 1.43 0.75 2.63 1.69 0.25 3.33 1.69 0.35
14 1.12 0.99 0.79 2.12 1.37 0.75 2.23 1.47 0.70 2.36 1.75 0.40 3.39 1.59 0.30
15 1.10 1.03 0.78 2.13 1.46 0.78 2.27 1.30 0.73 2.50 1.59 0.43 3.54 1.89 0.53
16 1.18 1.05 0.79 2.00 1.39 0.70 2.13 1.35 0.78 2.58 1.67 0.58 3.23 1.88 0.48
17 1.19 1.08 0.80 2.13 1.48 0.60 2.35 1.55 0.65 2.56 1.70 0.55 3.28 1.79 0.50
18 1.21 1.09 0.85 2.19 1.29 0.85 2.10 1.36 0.64 2.65 1.72 0.54 3.92 1.85 0.44
19 1.25 1.12 0.90 2.16 1.36 0.50 2.14 1.55 0.59 2.54 1.58 0.59 3.53 1.75 0.44
20 1.44 0.95 0.67 2.17 1.47 0.60 2.15 1.45 0.48 2.50 1.65 0.58 3.22 1.69 0.48
21 1.39 0.90 0.71 2.34 1.51 0.58 2.19 1.54 0.58 2.59 1.72 0.48 3.27 1.88 0.38
22 1.17 0.99 0.75 2.10 1.50 0.75 2.10 1.40 0.59 2.80 1.63 0.49 3.60 1.80 0.39
23 1.15 1.01 0.86 2.30 1.45 0.64 2.13 1.34 0.39 2.75 1.65 0.59 3.23 1.71 0.49
24 1.08 1.07 0.87 2.01 1.34 0.73 2.24 1.60 0.58 2.65 1.53 0.48 3.89 1.74 0.38
26 1.05 1.05 0.90 2.00 1.56 0.09 2.26 1.61 0.49 2.85 1.59 0.59 3.65 1.63 0.49
27 1.03 1.10 0.88 2.10 1.40 0.58 2.10 1.48 0.77 2.55 1.68 0.57 3.83 1.80 0.47
28 1.25 1.11 0.76 2.09 1.35 0.56 2.15 1.50 0.58 2.60 1.75 0.48 3.35 1.79 0.38
29 1.27 1.13 0.77 2.08 1.32 0.55 2.13 1.53 0.59 2.62 1.76 0.49 3.36 1.78 0.39

Avg. 1.10 1.03 0.79 2.20 1.25 0.65 2.10 1.35 0.60 2.60 1.72 0.55 3.60 1.80 0.45
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Figure 8. Day ahead electrical energy consumption forecasting on FE power grid data with hour resolution.

4.3. Electrical Energy Consumption Forecasting for Week and Month Ahead of Time Horizon with
Hour Resolution

The week ahead electrical energy consumption forecasting with hour resolution for the proposed
and existing models of the FE power grid is depicted in Figure 9. It is important to note that the proposed
hybrid FS-FCRBM-GWDO model has fast, stable, and accurate electrical energy consumption forecasting
as compared to the benchmark frameworks (FS-ANN, AFC-STLF, Bi-level, and MI-mEDE-ANN).
FS-FCRBM-GWDO-based forecasted energy consumption curve closely follows the actual energy
consumption, which is illustrated in the zoomed box of Figure 9. The statistical results of accuracy in
terms of MAPD for the proposed hybrid FS-FCRBM-GWDO model is 1.12%, whereas the MAPD of
FS-ANN is 3.4%, MI-mEDE-ANN is 2.23%, Bi-level is 2.5%, and AFC-STLF is 2.0%. The reason for
this superior performance of our proposed model is due to the use of deep learning based FCRBM
model with ReLU, multivariate autoregressive algorithm, and GWDO algorithm-based optimization
module. Similarly, the month ahead of electrical energy consumption forecasting with hour resolution
is illustrated in Figure 10 and Table 3. The proposed FS-FCRBM-GWDO model-based month ahead
forecasting curve closely follows the target curve, which ensures the superior performance of the
proposed model as compared to the benchmark models. The performance evaluation of the proposed
FS-FCRBM-GWDO model and the benchmark models for the leap year 2016 with the month resolution
in terms of MAPD, variance, and correlation coefficient is presented in Table 4.

Table 4. FE power grid results of the leap year 2016: comparative performance analysis of the
FS-FCRBM-GWDO and existing models in terms of MAPD, correlation coefficient and variance.

Electrical Energy Consumption Forecasting Models

Month FS-FCRBM-GWDO MI-mEDE-ANN AFC-STLF Bi-Level FS-ANN

MAPD σ2 R MAPD σ2 R MAPD σ2 R MAPD σ2 R MAPD σ2 R

1 1.10 1.03 0.78 2.13 1.46 0.78 2.27 1.30 0.73 2.50 1.59 0.43 3.54 1.89 0.53
2 1.44 0.95 0.67 2.17 1.47 0.60 2.15 1.45 0.48 2.50 1.65 0.58 3.22 1.69 0.48
3 1.25 1.11 0.65 2.06 1.50 0.55 2.12 1.58 0.55 2.60 1.66 0.45 3.59 1.77 0.35
4 1.03 0.97 0.80 2.02 1.20 0.50 2.40 1.49 0.54 2.85 1.75 0.44 3.40 1.85 0.34
5 1.19 1.08 0.80 2.13 1.48 0.60 2.35 1.55 0.65 2.56 1.70 0.55 3.28 1.79 0.50
6 1.15 1.01 0.86 2.30 1.45 0.64 2.13 1.34 0.39 2.75 1.65 0.59 3.23 1.71 0.49
7 1.24 1.04 0.69 2.11 1.55 0.60 2.10 1.60 0.65 2.75 1.68 0.44 3.67 1.80 0.34
8 1.23 1.02 0.70 2.15 1.45 0.50 2.09 1.65 0.55 2.70 1.77 0.55 3.55 1.83 0.45
9 1.25 1.11 0.65 2.06 1.50 0.55 2.12 1.58 0.55 2.60 1.66 0.45 3.59 1.77 0.35

10 1.18 1.05 0.79 2.00 1.39 0.70 2.13 1.35 0.78 2.58 1.67 0.58 3.23 1.88 0.48
11 1.15 1.10 0.87 2.01 1.45 0.77 2.35 1.55 0.75 2.70 1.65 0.35 3.15 1.85 0.45
12 1.21 1.09 0.85 2.19 1.29 0.85 2.10 1.36 0.64 2.65 1.72 0.54 3.92 1.85 0.44

Avg. 1.10 1.03 0.79 2.20 1.25 0.65 2.10 1.35 0.60 2.60 1.72 0.55 3.60 1.80 0.45
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Figure 9. Week ahead electrical energy consumption forecasting of FE power grid with hour resolution.
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Figure 10. Month ahead electrical energy consumption forecasting of FE power grid with hour resolution.

4.4. Performance Analysis of Proposed FS-FCRBM-GWDO Model in Terms of Convergence Speed and MAPD

The statistical evaluation of the accuracy, execution time, and convergence speed of the proposed
and benchmark models is depicted in Figures 11–13, respectively. The MAPD is a measure of
deviation of the predicted value from the actual value. The smaller MAPD indicates high accuracy
while the larger MAPD value represents the worst accuracy. The accuracy analysis in terms of
MAPD for the day ahead and week ahead time horizon is depicted in Figure 11a,b, respectively.
The MAPD of the proposed FS-FCRBM-GWDO model is 1.10%, whereas the MAPD values of FS-ANN,
AFC-STLF, MI-mEDE-ANN, and Bi-level are 3.6%, 2.23%, 2.2%, and 2.6%, respectively. From the above
performance evaluations and discussion, we come to the conclusion that a Bi-level model is better
than the FS-ANN model in terms of MAPD metrics. The reason for this accurate performance is the
integration of DE based optimization module with the forecaster module. However, the MAPD is
reduced by integrating the optimization module while the execution time is increased, as depicted in
Figure 13. The figure illustrates that the execution time increases from 20s to 95s with the integration
of the optimization module. Thus, we conclude that a tradeoff exists between the accuracy and the
convergence rate. Hence, the proposed hybrid FS-FCRBM-GWDO model comparatively reduces
the execution time because of the following reasons: (i) fast converging GWDO [20] is used for
optimization instead of EDE and mEDE [37,48], (ii) ReLU and multivariate autoregressive algorithm
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are used instead of sigmoidal activation function, (iii) the deep learning FCRBM model is used, which
is more effective than the simple ANN, (iv) the data pre-processing, i.e., cleansing and normalization
operation (see Equation (1)) is used, and (v) for feature selection, a novel concept of feature interaction
is introduced to redundancy and irrelevancy filters (see Section 3.1), while the benchmark models
only use mutual information-based redundancy and irrelevancy filters. These modifications are
devised in the benchmark models (MI-mEDE-ANN, AFC-STLF, and Bi-level), which lead to a reduced
execution time of 38s. Moreover, the accuracy of the proposed hybrid FS-FCRBM-GWDO model is also
improved compared to the benchmark models (FS-ANN, AFC-STLF, Bi-level, and MI-mEDE-ANN)
(See Figure 11). However, the proposed FS-FCRBM-GWDO framework takes more time to execute
as compared to FS-ANN due to the absence of the optimization module with the FS-ANN model
(See Figure 13).
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(b)
Figure 11. Accuracy analysis of the proposed hybrid FS-FCRBM-GWDO model and benchmark models
in terms of MPAD on FE power grid hourly load data. (a) Day ahead; (b) Week ahead.
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Figure 12. Execution time analysis of the proposed hybrid FS-FCRBM-GWDO model and benchmark
models on FE power grid hourly load data. (a) Day ahead; (b) Week ahead.

To show the fast convergence and effective searchability of the proposed hybrid
FS-FCRBM-GWDO model, the performance analysis in terms of convergence speed for 100 iterations
in comparison with benchmark models such as FS-ANN, Bi-level, AFC-STLF, and MI-mEDE-ANN, is
depicted in Figure 13. For all models (proposed and existing), the MAPD decreases as the number
of iterations increases. However, the proposed model converges around the 10th iteration, which
shows its fast convergence and effective searchability, while the benchmark models, FS-ANN, Bi-level,
AFC-STLF, and MI-mEDE-ANN, converge around 33th, 29th, 25th, and 21th, iterations, respectively.
Accordingly, the proposed GWDO algorithm can be a more appropriate approach when used for
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optimization in integrated frameworks. For the convergence analysis, just the MAPD performance
metric is depicted here for the proposed and existing models.
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Figure 13. Convergence speed analysis of the proposed hybrid FS-FCRBM-GWDO model and
benchmark models for 100 iterations on FE power grid hourly load data.

Analysis of the proposed hybrid FS-FCRBM-GWDO model and benchmark models such as
FS-ANN, Bi-level, AFC-STLF, and MI-mEDE-ANN in terms of cumulative distribution function
(CDF) of error is illustrated in Figure 14. FS-FCRBM-GWDO model is superior in terms of CDF as
compared to the existing models. The deep learning FCRBM model provides reliable forecasting
even in the highly uncertain situation because the layout of the deep layers can capture the key
features. Thus, our proposed FS-FCRBM-GWDO framework would be a better choice for the
distribution system operators for efficient and effective energy management of the SG. The overall
evaluation of the FS-FCRBM-GWDO framework and the existing frameworks such as FS-ANN, Bi-level,
AFC-ANN, and MI-mEDE-ANN in terms of computational complexity, execution time, convergence
rate, and accuracy is listed in Table 5. Thus, from the above simulation results, performance analysis,
and discussions, we come to the conclusion that the proposed hybrid FS-FCRBM-GWDO model
outperforms the benchmark models such as MI-mEDE-ANN [36], AFC-STLF [37], Bi-level [45],
and FS-ANN [52] in terms of convergence rate, accuracy, computational complexity, and execution time.

Table 5. Evaluation of the proposed FS-FCRBM-GWDO framework and the benchmark frameworks
such as FS-ANN, Bi-level, AFC-ANN, and MI-mEDE-ANN in terms of computational complexity,
execution time, convergence rate, and accuracy.

Performance Parameters Electrical Energy Consumption Forecasting Models

FS-ANN Bi-Level AFC-STLF MI-mEDE-ANN FS-FCRBM-GWDO

Computational complexity (level) Low High Moderate High Moderate
Convergence rate (epochs) 33th 29th 25th 21th 10th

Execution time (sec) 20 95 56 48 38
Accuracy (%) 96.4 97.4 97.9 97.8 98.9
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Figure 14. Evaluation of CDF in terms of MAPD for the proposed FS-FCRBM-GWDO model and
benchmark models on FE power grid hourly load data.

5. Conclusions

Electrical energy consumption forecasting is imperative for the decision-making activities of
the SG such as efficient use of available energy, operation planning, load scheduling, and contract
evaluation. In this regard, a novel hybrid electrical energy consumption forecasting model is proposed
to provide accurate and efficient forecasting with an affordable convergence rate. The proposed
model is an integrated framework of FS, FCRBM-based forecaster, and GWDO-based optimizer,
known as FS-FCRBM-GWDO. In the proposed model, a novel concept of features interaction is
developed in addition to relevancy and redundancy filters of the MI technique to select key features
for FCRBM-based forecaster. Keeping in view the non-linearity and complexity of the investigated
problem, a GWDO algorithm is proposed for the optimization module of the proposed model to
further improve accuracy with reasonable convergence of the forecasting results returned from the
FCRBM-based forecaster. The proposed FS-FCRBM-GWDO model is examined on FE power grid
data of USA in terms of MAPD, variance, correlation coefficient, and convergence rate. Simulation
results validated that the proposed FS-FCRBM-GWDO model achieved 98.9% accuracy, which is better
than the benchmark models, such as MI-mEDE-ANN (97.8%), AFC-STLF (97.9%), Bi-level (97.4%),
and FS-ANN (96.4%), respectively. The proposed model reduced the average execution time by
20.8%, 32.1%, and 60% when compared to MI-mEDE-ANN, AFC-STLF, and Bi-level, respectively. It is
concluded that our proposed FS-FCRBM-GWDO model outperformed benchmark electrical energy
consumption forecasting models in terms of both accuracy and convergence rate.

In the future, this work can be extended for energy management applications of smart cities by
integrating Internet of things (IoT) with data analytic models. Another future direction is the addition
of sensors with deep learning models to promote data analytic applications in the field of SG.
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Abbreviations

ARIMA Autoregressive integrated moving average
AFC-STLF Accurate fast converging short-term load forecasting
ANN Artificial neural network
AI Artificial intelligence
CPSO Chaotic particle swarm optimization
CDF Cumulative distribution function
DSM Demand side management
DE Differential evaluation
EDE Enhanced differential evaluation
FCRBM Factored conditional restricted Boltzmann machine
FFO Fruit fly optimization
FS Features selection
GWDO Genetic wind driven optimization algorithm
GA Genetic algorithm
GM Grey forecasting model
GEFC Global energy forecasting competition
ICER Irish commission for energy regulation
mEDE Modified enhanced differential evolution algorithm
MAPD Mean absolute percentage deviation
MI Mutual information
ReLU Rectified linear unit
RGNN Regression neural network
SVR Support vector regression
SVM Support vector machine
SG Smart grid
Tanh Tangent hyperbolic
WDO Wind driven optimization

Notations

β Adjustable parameter
R Correlation
Norm Normalized data
σ2 Variance
Ci Candidates interaction
D(h, d) Dew point
d Day
P(h, d) Electrical energy consumption data pattern
H() Entropy
(H(h, d)) Humidity
h Hour
X Input data
p(x), p(y) Individual probability destribution
Ig Interaction gain based redundancy measure
IM(xi) Interaction measure

V(
p
xi) Information value

Ith Irrelevancy threshold
p(x, y) Joint probability distribution
f (, ) Monotonically increasing function
I(x; y) Mutual information
g (, ) Monotonically increasing linear function
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Sn Non-selected features
D(xi) Relevance of input variable with the target variable
RM(xi, xs) Redundancy measure

R(
p
xi) Redundancy measure

Rth Redundancy threshold
f (x) Rectified linear unit
Sp Selected candidates in pre-filtering phase
Ss Selected features
S Set of input variables
T(h, d) Temperature
y Target variable
α Weight factor
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