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Abstract—The problem of electricity load forecasting has
emerged as an essential topic for power systems and elec-
tricity markets seeking to minimize costs. However, this
topic has a high level of complexity. Over the past few
years, convolutional neural networks (CNNs) have been
used to solve several complex deep learning challenges,
making substantial progress in some fields and contribut-
ing to state of the art performances. Nevertheless, CNN
architecture design remains a challenging problem. More-
over, designing an optimal architecture for CNNs leads to
improve their performance in the prediction process. This
article proposes an effective approach for the electricity
load forecasting problem using a deep neuroevolution al-
gorithm to automatically design the CNN structures using
a novel modified evolutionary algorithm called enhanced
grey wolf optimizer (EGWO). The architecture of CNNs and
its hyperparameters are optimized by the novel discrete
EGWO algorithm for enhancing its load forecasting ac-
curacy. The proposed method is evaluated on real time
data obtained from datasets of Australian Energy Market
Operator in the year 2018. The simulation results demon-
strated that the proposed method outperforms other com-
pared forecasting algorithms based on different evaluation
metrics.
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I. INTRODUCTION

E LECTRICITY load forecasting is valuable for the energy
companies to handle the demand response system effec-

tively throughout the day ahead of the electricity energy sector.
Through obtaining the raw data on the demand for electricity
to be charged by customers, energy suppliers can approximate
how much electricity is expected in the power system grid [1].
The aim of the supplier is to decrease energy generation and
procurement expenses. Thus, this situation will allow utilities to
better schedule the planning of power systems and the resources
to be supplied by a previous awareness about energy demand [2],
[3]. The accurate and effective load forecasting models can assist
electricity organizations take significant decisions in order to
provide a reliable safety bias for the grid management system.
The costs of the energy operator are saved by ten million pounds
according to Bunn and Farmer [4] due to a drop of 1% in the
load forecasting errors. In other words, providing reliable needed
power by keeping the operational cost as low as possible is the
primary goal of the electricity load forecasting models.

Time series forecasting is a well-regarded field of research,
aiming to use best models for predicting the future trends
depending on previously observed trends. As forecasting of
electricity load is considered as part of the time series fore-
casting paradigm, there are three categories in accordance with
the forecasting horizon: short-term (minutes to hours ahead),
medium-term (one day to weeks ahead), and long-term (months
to years ahead) [5]. Throughout the multiple load forecasting
strategies, medium-term load forecasting is highly essential
for electrical power planning and scheduling, electric energy
demand management, and improvising electricity sharing agree-
ments [6]. This technique further leads to the generation of
capacity planning for future network expansions due to the rising
electricity load demand [6]. On the other hand, the research in
regards of medium-term load forecasting is not actively explored
by the researchers compared to shot-term and long-term load
forecasting. Thus, the focus of this article is on medium-term
(one-day ahead) load forecasting.



Achieving highest accuracy forecasting models for electricity
load demand is a major challenge in the electric power domain.
From the year 1960 onward, several statistical and machine
learning techniques have been proposed and utilized for elec-
tricity load forecasting [7].

Recently, with rapid development of artificial intelligence,
deep learning (DL) is the latest achievement of the machine
learning era attracting remarkable attention due to its outstand-
ing performance in various domains including machine vision,
recommendation systems and natural language processing [8].
Due to high ability for analyzing complex and deep nonlinear re-
lationships through distributed feature representation, DL tech-
niques have shown excellent performance in comparison with
traditional machine learning techniques for various domains.
Generally, for time series forecasting problems, the most DL
algorithms which have been used by researchers in the litera-
ture are recurrent neural network (RNN), stacked autoencoder
(SAE), long short-term memory (LSTM), deep belief networks
(DBNs), and their modification [9].

Among different DL techniques, convolutional neural net-
works (CNNs) are the most commonly applied technique in
order to solve complex tasks specifically for image processing
domain. The strongest advantage of CNNs is in automating the
procedure of feature extraction for a given problem. They are
able to optimize the extracted features directly from the raw
input during the training phase. Moreover, they are inviolable
for small input data transformations such as scaling, translation,
and distortion.

Although CNNs can save significant human effort in feature
extraction, adjusting many hyperparameters in their architec-
ture is a difficult and time-consuming task. An effective and
useful way to obtain the most optimal values of the hyperpa-
rameters is to use deep neuroevolution (DNE) methods (also
called automated neural architecture search). DNE is a form
of computational intelligence techniques that utilizes evolution-
ary algorithms (EAs) to optimize hyperparameters and archi-
tecture of deep neural networks (DNNs) [10]. This approach
brought a number of benefits over the still well-known gradient-
based algorithm called as back propagation [11], [12]. Some
of these advantages include: being able to not trapped into the
local optima, being not more sensitive to the initial connec-
tion weights and creating automatically optimal topologies for
DNNs [13], [14].

Nevertheless, the application of CNNs in the field of time
series forecasting remains few to the best of our knowledge.
Binkowski et al. [15] utilized a CNN-autoregressive model for
electricity and financial time series data. They showed that their
algorithm outperforms LSTM and CNN networks. Koprinska
et al. [16] applied CNNs to forecast electricity load and photo-
voltaic solar power for the next day. They showed that CNNs out-
performed other state-of-the-art methods. Tsantekidis et al. [17]
used a CNN in order to forecast stock prices. They demonstrated
that their proposed methodology is competitive with MLP and
SVM algorothms. Although the mentioned studies investigated
the strength of CNNs, many hyperparameters of CNNs largely
affect in forecasting performance. On the other hand, the
withdraw of the previous works is in selecting hyperparameters
manually for designing the architecture of CNNs. Thus, using

an intelligent algorithm to efficiently obtain the optimal values
of hyperparameters for improving the forecasting accuracy is a
critical issue. Accordingly, in this work, we adopt a DNE method
based on grey wolf optimizer (GWO) algorithm to efficiently
obtain the hyperparameters of deep CNNs for a time series
problem.

GWO algorithm [18] is a newcomer among population-based
optimization algorithms, characterized by a number of attractive
advantages including flexibility, simplicity, derivation-free and
local minima avoidance, as well as high exploration and ex-
ploitation capability. Moreover, this algorithm has fewer control
parameters for adjusting, is easy to implement, and has a fast
convergence characteristic [19]. These excellent features make
GWO algorithm highly appropriate for solving highly nonlinear
and multimodal function optimization problems. Although this
algorithm advantages by stochastic efficient controllers, it is also
vulnerable to local stagnation and fast convergence in solving a
problem with several variables. Therefore, in order to improve
the search capabilities of the gray wolf optimization algorithm
to find the effective optimal solutions, several efforts have been
made in recent years by applying operators such as dimension
learning-based hunting [19], opposition-based learning strat-
egy [20], levy-flight [21], and elite-based crossover [22] to
reduce the discrepancy between both the phases of exploration
and exploitation of the GWO algorithm. These findings motivate
us to further enhance the GWO performance by modifying this
algorithm using two powerful evolutionary operators including
nonlinear convergence factor and Gaussian mutation strategies.
Our modified two-stage GWO provides some potential advan-
tages such as gaining a greater capacity for local optima preven-
tion and conducting a more consistent balance between patterns
in exploration and exploitation phases. It should be noted that
for the most portion, the superior performance of GWO and its
modifications are primarily employed to optimize the continuous
functions for engineering problems. On the other hand, in the
real world, there are some discretization optimization problems.
Since CNN hyperparameter tuning is a discretization problem
that can only be taken the discrete (integer) values, the standard
version of GWO does not work for such discretization problems.
As a result, our improved GWO expands the functionality of the
GWO algorithm to a discretization optimization problem such
as CNN hyperparameter tuning.

In addition, the GWO algorithm and its modified versions
have been applied to classical computational intelligence mod-
els such as support vector regression (SVR) [23], [24], radial
basis function neural network (RBFNN) [25], ELMAN neural
network [26], regularized extreme learning machine [27] and
generalized regression neural network [28] to solve forecasting
problems such as short-term load forecasting, sea clutter fore-
casting, and wind speed forecasting. From the point of view
of DL network optimization, to the best of our knowledge, a
modified version of GWO [29] has been applied to three different
datasets of various prediction problems, including individual
household electric power consumption, air pollution, and human
activity recognition by considering the optimization of CNN-
LSTM deep neural network. Compared to this article, in our
work, we tune the CNN hyperparameters while they considered
the tuning of CNN-LSTM architecture which is a different DL



TABLE I
TAXONOMY OF THE REVIEWED WORKS FOR GWO AND ITS VARIANTS

model with CNN. Second, the hyperparameters we tune are dif-
ferent with that work in batch size, number of epochs, and kernel
size which they did not tune them. Third, the individual house-
hold electric power consumption dataset considered in their
work is a multivariate dataset and the three datasets used in our
work are from the univariate type of forecasting model. Forth,
our focus is on electricity load forecasting and they applied their
models over different classification and regression tasks. There-
fore, our work is the first attempt for optimization of important
hyperparameters of CNN DL model by a novel and powerful
version of the GWO algorithm that focuses on the problem of
electricity load forecasting. In Table I, a comparison between
the GWO algorithm for real-world applications is shown. As can
be seen from this table, the work proposed by us is the first one
which presented on optimizing the CNN model hyperparameters
with a strongly improved version of the GWO for the problem
of electricity load forecasting, which optimizes effectively the
highest number of hyperparameters of the CNN model.

Among the extensive literature of computational intelligence
techniques on load forecasting [7], some authors have focused on
modeling the load demand, for example, using ARIMA, neural
networks, fuzzy logic, evolutionary optimization techniques,
and hybrid algorithms [31], [32]. Most of these methods have
evaluated their proposed methods with just one dataset, a very
short horizon or one evaluation performance metric such as
well-known root-mean-square error RMSE [7]. In this article,
three datasets, one-day ahead horizon, and three evaluation
metrics are utilized to validate the effectiveness of the compared
algorithms.

The novelty of the proposed algorithm in this article lies in
the characterization of the response of the electricity load by an
evolutionary neural architecture search. Moreover, according to
the best of our knowledge, this article is the first one to benefit
from a bioinspired algorithm (i.e., GWO) for optimizing the
hyperparameters of deep CNNs in order to improve the load
forecasting accuracy.

Briefly, the contributions of this article are as follows.
1) This article is the first to use a novel discrete GWO

algorithm for optimizing CNN hyperparameters in time
series regression forecasting problems (here an electricity
load forecasting problem).

2) A two-stage modification is applied in order to enhance
the search capabilities of GWO. We name our modified
method as enhanced GWO (EGWO).

3) Hyperparameter tuning of CNNs is of paramount sig-
nificance since computational performance is strongly
linked to architecture of CNNs. On the other hand, the
architecture of CNNs is designed manually which is a
time-consuming and difficult task to do. The major con-
tribution of this work is in introducing an optimization
neuro-evolution paradigm for exploring the full spec-
trum of CNN hyperparameters, automatically. To this
end, EGWO is utilized to sequentially look for optimum
combination of hyperparameters under the restriction of
the error rate. Such a DNE methodology for CNNs can
design more efficient architectures and aid in the learning
processes, automatically.

4) The proposed EGWO algorithm is utilized to select a
set of CNN hyperparameters in order to achieve more
effective and accurate forecasting results.

5) The proposed method is compared with eleven state-of-
the-art and hybrid evolutionary forecasting algorithms on
three real-world electricity load demand time series. The
experimental results showed that the proposed method
significantly outperforms other forecasting algorithms
and obtain the lowest error metrics.

The rest of the article is organized as follows. Section II
describes the EGWO algorithm, deep CNNs, and the steps of
the proposed model in detail. The analysis of numerical results
and discussions are presented in Section III. Finally, Section IV
concludes this article.

II. METHODOLOGY

This section presents a novel electricity load forecasting
method called EGWO-CNN which is based on deep CNNs
optimized by GWO. To this end, deep CNN is employed for
forecasting future electricity load using available time series data
in the past. In addition, the proposed EGWO algorithm is applied
to obtain the optimal values of hyperparameters used in deep
CNN leading to improve its performance in forecasting time
series. The overall steps of EGWO-CNN is presented in Fig. 1.
The detailed descriptions of GWO algorithm, deep CNN, and
the proposed model are represented in the following sections.

A. Modified GWO

GWO is a recently developed swarm-based meta-heuristic
algorithm proposed which imitates the behavior of grey wolves



Fig. 1. EGWO-CNN overall procedure.

in nature for hunting and social leadership [18]. In this algorithm,
the population of individuals (wolves) is split into four groups
including alpha (α), beta (β), delta (δ), and omega (ω) wolves.
The first three best wolves are regarded to be α, β, and δ that
guide other wolves (ω) toward promising search space areas.
The wolves update their positions around α, β, or δ during the
optimization process based on the following formulas:

�D = | �C. �Xp(t)− �X(t)| (1)

�X(t+ 1) = | �Xp(t)−A. �D| (2)

where t represents the current iteration, A = 2a.�r1a and C =
2.�r2 indicate the coefficients. �X and �Xp represent the position
vectors for grey wolf and prey (optimum solution), respectively.
During the iterations, the value of a is linearly decreased from 2
to 0, while, r1 and r2 are random vectors in the interval of [0, 1].
Grey wolves use (1) and (2) to update their positions around
the prey, respectively. The grey wolves navigate around the best
solution acquired so far in the m-dimensional search space.

For the process of hunting, the wolves update their positions
based on the (α), (β), and (δ). The hunting mathematical model
is provided as

�Dα = |C1. �Xα − �X|
�Dβ = |C2. �Xβ − �X|
�Dδ = |C3. �Xδ − �X|

(3)

where Xα, Xβ , and Xδ indicate the positions of α, β, and δ,
respectively. C1, C2, and C3 are the different sets of random
vectors and �X represents the current solution position. Indeed,
the formulas used in (3) calculate the estimated distance between
the present solution and Xα, Xβ , and Xδ , respectively. It should
be noted that the main task of (3) is to set the step size of the ω
wolf with regard to Xα, Xβ , and Xδ, respectively.

After defining the distances, the final position vectors for the
solution will be calculated by the following:

�X1 = �Xα −A1. �Dα

�X2 = �Xβ −A2. �Dβ

�X3 = �Xδ −A3. �Dδ (4)

�X(t+ 1) =
�X1 + �X2 + �X3

3
(5)

where A1, A2, and A3 show random vectors and the number of
iterations is represented by t. It should be noted that to provide
the exploration and exploitation phases in GWO algorithm, two
random and adaptive vectors of �A and �C play a significant role
in providing exploration and exploitation for GWO algorithm.
The phase of exploration takes place when the vector �A is less
than −1 and greater than 1. The exploitation phase occurs, when
�C is greater than 1.

In order to enhance the search capabilities of GWO, we design
a two-modification phase as follows.

First modification: In this phase, we employ nonlinear con-
vergence factor as shown in (6) for balancing the convergence
of parameter a. Half of the iterations are for exploration phase
in the original GWO algorithm, while the other half are for
exploitation. Using this operator, a greater number of iterations
for exploration are used, which is worthwhile to prevent into
local optima

a = 2

(
1 −

(
t− 1

tmax − 1

)1.5
)
. (6)

Second modification: In this stage, we apply Gaussian muta-
tion strategy to address the diversity loss and take smaller steps
to make it easier for exploring every corner of the search space.
The Gaussian density function is as following:

fΥ,Ψ2(x) =
1

Ψ
√

2π
e−

(x−Υ)2

2Ψ2 (7)

where Υ and Ψ denote to the mean and the standard deviation,
respectively. This formula is also simplified to provide a random
single D-dimension variable with Υ = 0 and Ψ =1

X ′ = Xi ⊕Gaussian(Υ)Xi (8)

where X ′ is a mutated search agent and Gaussian(Υ) repre-
sents a Gaussian D-dimension vector obtained by (7) between
[0, 1] interval. By applying these two modifications, the diversity
of population as well as the exploration and exploitation of
the GWO is enhanced. We name this two stage-modification
as EGWO.

The procedure of training CNNs is regarded as a difficult and
challenging topic with an unknown search space due to choosing
the optimal sets of hyperparameters and architectures. On the
other hand, the balance between exploration and exploitation
phases in GWO algorithm is effective which can be very helpful
for solving challenging problems such as training of CNNs.
Therefore, high exploration of GWO algorithm needs to be
effective as a CNN learner, excellently.

For further specifying the contribution performed on the orig-
inal version of GWO algorithm, we will represents more details
here. We can see two linear functions in the exploration phase
[Functions A and C used in (1) and (2)] of the basic version
of GWO algorithm. On the other hand, the hyperparameter
optimization of deep CNNs is considered as a nonlinear problem
in which the original GWO utilizes of linear functions in the
exploration phase which leads to decreasing the performance of
GWO in finding the optimal CNN hyperparameters. Besides,
this weakness increases the probability of tapping into the local



optima as well as neglecting the global solutions and decreasing
the performance of the forecasting model. To alleviate this issue,
we use nonlinear convergence factor ( 6) by replacing the linear
functions utilized in basic GWO that leads to increasing search
capability and decrease the probability of tapping into local
optima.

The original version of the GWO algorithm employs random
vectors [namely, the vectors C1, C2, and C3 in 3 and vectors
A1, A2, and A3 in (4)] in the phase of exploitation without
allowing any probabilistic distribution. This concern leads to
a loss of search diversity and the neglect of global optimum.
The key explanation is that EAs have to conduct their search
in the exploitation process by small movements in order to reach
the global optimum. However, the utilization of random vectors
throughout the exploitation stage can result in disregarding
global optimum due to their chaotic nature. In the proposed
EGWO algorithm, we apply the Gaussian mutation strategy (7)
instead of using random vectors in the exploitation phase to
address the diversity loss and take smaller steps to make it easier
for exploring every corner of the search space.

B. Deep CNN

In the proposed method, we use 1-D CNN which has recently
been introduced and immediately achieved the state-of-the-art
performance levels in several applications. It should be noted
that time series forecasting problems mainly contain 1-D vectors
of data that have been ordered in specific time steps. Therefore,
1-D CNN can be applied on such data to predict missing values.
Generally, 1-D CNNs consist of an input layer, an output layer,
and a number of CNN-layers. The input layer is a passive layer
that receives the raw 1-D input data and the output layer is a
layer with a number of neurons equal to the number of outputs.
In addition, both 1-D convolutions and subsampling (pooling)
occur in CNN-layers of 1-D CNNs.

Forward- and back-propagation are two main methods to train
CNNs. Forward propagation can be applied in each CNN-layer
using the following:

xl
k = blk

l−1∑
i=1

Conv1D(wl−1
ik , sl−1

i ) (9)

where xl
k represents the kth input at layer l, blk is the bias

of kth neuron at layer l, sl−1
i indicates the output of the ith

neuron at layer l − 1, wl−1
ik is the weight from the ith neuron

at layer l − 1 to the kth neuron at layer l. Conv1D(., .) shows
1-D convolution without zero-padding in 1-D CNNs. The in-
termediate output in each layer can be obtained by passing the
corresponding input through the activation function as follows:

slk = ylk = f(xl
k) ↓ ss (10)

where slk indicates the output of the kth neuron at layer l, and
f(.) represents the activation function used in 1-D CNNs.

The back-propagation algorithm is used for propagating the
error from the output layer. Suppose that the number of layers is
L andNL be the number of outputs in the output layer. Moreover,
tp and [yL1 , . . ., y

L
NL

]′ are the target and output vectors of an input
vector p, respectively. Therefore, the mean square error (MSE)

for the input p in the output layer can be calculated as follows:

Ep = MSE(tp, [yL1 , . . ., y
L
NL

]′) =
NL∑
i=1

(yLi − tpi )
2. (11)

The purpose of training 1-D CNNs is to minimize the error
calculated by (11). To this end, gradient descent algorithm can
be applied to minimize the error by calculating the deviation of
Ep by each network parameter.

In this article, two convolutional layers and one pooling layer
are accompanied by a dense fully connected layer. Pooling
layer’s role is to distill the convolutional layer output to the most
important elements and dense layer interprets the features drawn
from convolutional component of the models. rectified linear
unit (ReLU) activation function within the convolutional layer
is used in the proposed method. In order to lessen the feature
maps to a single 1-D vector, a flatten layer is utilized between
the pooling layer and dense layer. Finally, training procedure is
performed by stochastic gradient descent (SGD).

C. EGWO-CNN-Based Electricity Load Forecasting
Approach

In this section, we present the proposed electricity load fore-
casting method (called EGWO-CNN) which is based on 1-D
CNN optimized by GWO. The purpose of EGWO-CNN method
is to estimate the electricity load demand for a time step or
multiple time steps in the future by using historical electricity
load demand data. To this end, first, the hyperparameters of 1-D
CNN are optimized by grey wolf algorithm based on training
data. Then, the trained 1-D CNN is used to predict unknown
values in test data. Two main issues should be addressed be-
fore performing EGWO algorithm including representation of
solutions in population and calculation of fitness function.

1) Representation of Solutions: 1-D CNN has several hy-
perparameters and its performance closely depends on deter-
mining the optimal values for them. The aim of using EGWO
algorithm in the proposed method is to find optimal values
for these hyperparameters leading to an improved predication
accuracy. To this end, in the proposed method, we consider five
critical hyperparameters including number of filters, kernel size,
number of epochs, batch size, and pooling size. Therefore, each
solution in the population space of EGWO algorithm contains
five values corresponding to the considered parameters. It should
be noted that the original EGWO algorithm can be applied
for the problems with continuous space for the individuals.
On the other hand, the hyperparameters values of CNN should
be considered as discrete values. To this end, we employ an
encoding transformation function to convert the real number
vector, the position of an individual in continuous space into an
integer vector by the following:

yij =

⌊
bj ∗ xij − lb

ub− lb
+ 0.5

⌋
, j = 1, . . ., n (12)

where xij is the real number as the position Xi in the jth
dimension, yij is the transformed integer value for the jth
dimension of individual i, bj is the total number of the item



of type j, lb and ub are the lower and upper bounds of the search
space, respectively.

2) Calculation of Fitness Function: The optimization pro-
cedure starts with an initialization step where a number of
individuals are initialized with random values as the positions.
The number of positions is equal to the number of CNN hy-
perparameters optimized by EGWO algorithm. It should be
noted that each individual refers to a solution containing the
values of hyperparameters for CNN. After the initialization step,
the new generations of the first population can be obtained by
repeating the search procedure of EGWO algorithm to find the
optimal solution corresponding to the optimal values of CNN
hyperparameters. To evaluate the effectiveness of each solution,
we need to define a fitness function for the optimization process.
In the proposed method, the prediction error obtained by CNN
based on the training samples is used as the fitness function. It
is worth noting that our goal in this work is to predict the next
day (next 24 hours) based on weekly input data. Suppose that
the historical electricity load demand data for M time steps is
expressed by a vector as follows:

�y = (y(0), y(1), . . ., y(M−1)) (13)

where y(t) is the actual electricity load demand for the time step
t. The aim of the proposed method is to predict the electricity
load demand for the next N time steps using CNN model.
The predicted electricity load demand for N time steps can be
represented as follows:

�̂y = (ŷ(M), ŷ(M+1), . . ., ŷ(M+N−1)) (14)

where ŷ(t) is the predicted electricity load demand for the time
step t. In the proposed method, each individual is used to con-
figure a CNN based on the obtained values of hyperparameters.
Then, the CNN is applied to predict the electricity load demand
data in training set. It should be noted that the electricity load
demand data is represented as an 1-D input vector. Therefore,
1-D CNN can be used to predict the time series data. The MSE
metric is used to evaluate the performance of performed CNN
for each solution in the search space which can be calculated
using (11). In EGWO algorithm, the calculated MSE metric for
each CNN is considered as the fitness function. After performing
EGWO algorithm, the best individual can be obtained which is
used to find the optimal values of CNN hyperparameters. Then,
the CNN with the optimal hyperparameters is applied to predict
the electricity load data in the test set. The overall procedure of
the proposed method is represented in Algorithm 1.

III. NUMERICAL RESULTS AND DISCUSSIONS

A. Data

In order to evaluate the effectiveness of the proposed method,
the electricity load demand datasets from Australian Energy
Market Operator (AEMO) are utilized [33]. The experiments
are conducted on the datasets from the states of New South
Wales (NSW), Queensland (QLD), and Victoria (VIC) for the
year 2018. For each state, similar to [34], four months including
January, April, July, and October are considered to represent

Algorithm 1 Pseudo-Code of the Proposed Electricity Load
Forecasting Model (EGWO-CNN).

1: Input: pop_size (population size) and n (maximum
number of iterations).

2: Output: Predicted electricity load demand.
3: Begin algorithm:
4: Split dataset into two sets including training set Tr

and test set Te;
5: Initialize the grey wolf population Xi (i=1,2,...,

pop_size);
6: Initialize parameter a, A and C;
7: for (each solution Xi in the grey wolf population) do
8: Set a CNN model based on the values of solution Xi

as the hyperparameters;
9: Calculate the fitness of solution Xi using (11) as the

MSE error of CNN model obtained based on the
training set Tr;

10: end for
11: Let Xα be the best solution;
12: Let Xβ be the second best solution;
13: Let Xδ be the third best solution;
14: while (number of iterations < n) do
15: for each solution Xi in the grey wolf population do
16: Apply the Gaussian mutation operator by using

(8);
17: Update the position of Xi using (5);
18: Set a CNN model based on the values of solution

Xi as the hyperparameters;
19: Calculate the fitness of solution Xi using (11) as

the MSE error of CNN model obtained based on
the training set Tr;

20: end for
21: Update a using (6), A and C;
22: Update Xα, Xβ and Xδ

23: Increase the number of iterations by 1;
24: end while
25: Set a CNN model based on the values of solution Xα

as the hyperparameters;
26: Predict the electricity load demand data in the test set

Te using the CNN model;
27: End algorithm

the different seasons: summer, autumn, winter, and spring, re-
spectively. Generally, each time series data consists of multiple
data points that are adjacent based on a specific time step. The
used datasets represent the time series data as a sequence of data
points with one hour time-steps. As a day consists of 24 hours,
each day in the used datasets contains 24 data points. On the
other hand, we use the data of each month in the used datasets
as an independent dataset in the experiments. Therefore, for a
30-days month, we have 30 ∗ 24 data points, while this value
is 31 ∗ 24 for a 31-days month. To perform the experiments,
we need to divide each dataset into two separate sets including
training set and test set. To this end, 75% of the earlier data points
in each dataset are considered as training set while the remaining



TABLE II
HYPERPARAMETERS OF DL BENCHMARK ALGORITHMS

USED IN THE EXPERIMENTS

are used as test set. Equations (13) and (14) represent the data
points of training set and test set, respectively. According to
these equations, the number of data points in the training set
and test set is N and M , respectively. For a dataset containing
the data points of a 30-days month, the values of N and M
are 0.75 ∗ 30 ∗ 24 and 0.25 ∗ 30 ∗ 24, respectively. In addition
to splitting the used datasets into training set and test set, we
need to form the input vectors based on these two sets for all
implemented learning algorithms. To this end, each input vector
is formed by considering a sequence of the data points for one
week. Therefore, the number of data points in each input vector
is equal to 168 (i.e., 7*24 data points). On the other hand, the
purpose of forecasting model is to predict electricity load for the
next day in which we have an one-day ahead forecasting model.
Since our goal is to predict the next day (24 hours) ahead, based
on [5], this type of forecasting is classified as medium-term (one
day to weeks ahead). In order to perform the experiments, the
original data points of the datasets are normalized into an interval
of [0, 1].

B. Experiment Procedure and Parameters

The optimal hyperparameters for the DL models used in the
experiments are reported in Table II. It should be mentioned
that for the models such as CNN and LSTM, we first examine
their performances based on their reference articles. Then, for
obtaining their best performances, we determine their optimal
values through trial and error sets of simulation. For the re-
maining non-DL models, we first use the values determined by
their corresponding reference articles, then we conduct a trial
and error set of simulations to report their best performances.
We set the population size of wolves and maximum number
of iteration in 40 and 20, respectively. Through trail and error,

TABLE III
LIST OF HYPERPARAMETERS AND THEIR VALUES

TABLE IV
BEST OBTAINED CONFIGURATION OF HYPERPARAMETERS FOR CNNS

FOUND BY EGWO

these initialized parameter settings for EGWO ensured to avoid
local minima and converge to an acceptable solution within the
shortest time. The dimension of problem is set to five as there
are five key CNN hyperparameters. These hyperparameters and
their ranges are reported in Table III. These ranges are quite wide
and have been set based on the existing CNN literature [35],
[36]. Moreover, the reason behind selecting the optimization
of these five hyperparameters is in their higher performance in
architecture design of CNNs as indicated by recommended lit-
erature [36], [37]. It should be noted that other hyperparameters
that are not involved in the optimization process are trained with
fixed values, which included dropout rate equal to 0.25, learning
rate equal to 0.006, activation function as ReLU and optimizer
as SGD.

C. Results and Analysis

In this work, for evaluating the error of prediction models,
we employ three metrics including RMSE, mean absolute per-
centage error (MAPE), and mean absolute error (MAE). We
also compare the performance of the proposed algorithm with
several state of the arts and hybrid algorithms. These algorithms
are auto regressive integrated moving average (ARIMA) [38],
CNN [16], logistic regression (LR) [39], LSTM [40], multilayer
perceptron (MLP) [41], random forest regression (RFR) [42],
SVR [43], and xgboost [44]. Besides, in order to show the
search capabilities of our proposed model, the combination of
deep CNN model with original GWO, two state-of-the-art GWO
algorithms including improved GWO (IGWO) benefiting from
dimension learning-based hunting search strategy [19] and the
modified GWO (MGWO) which benefits from opposition-based
learning strategy [20] alongside two powerful EAs including
genetic algorithm (GA) and particle swarm optimization (PSO)



TABLE V
AVERAGE RESULTS OF FORECASTING PERFORMANCE OF PROPOSED EGWO-CNN VERSUS OTHER FORECASTING BENCHMARKS

are examined. Besides, the hybridization of GWO and EGWO
with LSTM deep neural network model are investigated as well.
We also validate the efficiency of our proposed method with
three recently powerful algorithms in the literature including
pooling-based deep RNN (PDRNN) [45], ensemble wavelet
transform extreme learning machine (EWELM) [46], and prin-
cipal component correlation analysis combined with LSTM
(PCCA-LSTM) [47].

For having a fair comparison, the initialized configuration of
state of the art algorithms is based on their corresponding papers
in which the authors reported their best obtained results. Further-
more, a separate sensitivity analysis is used for these algorithms
to ascertain their optimum setting parameters. For instance, for
configuring the CNN and LSTM models, in addition to the
settings considered in their original works, we also trained them
with the greedy search method and the same architecture used in
the proposed method with the nonoptimized hyperparameters.
Thus, by this procedure, we obtained the best possible models.
Regarding hybrid models, the initial population size and the
maximum iteration number are assumed the same for all models.
For initializing the parameters of GA and PSO, we perform a
sensitivity analysis to obtain their optimal values. Based on the
results of sensitivity analysis, the values for inertia weight factor
and social parameters are set to 0.7 and 1.4, respectively. Regard-
ing GA, the values of crossover and mutation probability are set
to 0.6 and 0.07, respectively. Besides, the CNN hyperparameters
optimized in the proposed EGWO-CNN model are also used in
the hybrid algorithms (GWO-CNN, PSO-CNN, and GA-CNN).
All of these benchmarks are implemented in Python version 3.7
programming environment and all the experiments are repeated
ten times for each model to have a solid performance evaluation.
Table IV shows the optimal values for the hyperparameters
of the CNNs optimized by EGWO. These values are chosen
with respect to the lowest value of rmse in each run of the
proposed EGWO-CNN algorithm. These findings show that the
EGWO-CNN chooses the values that are not heavy in simulation

Fig. 2. Actual versus predicted points for VIC dataset. The real line
represents the actual values and the dotted line represents the predicted
values.

results and obtains the lowest rmse. Thus, we use optimal values
for the compared forecasting models that have resulted in the
best output in each month. In other words, we set the values
of the parameters of the compared approaches according to the
optimal values obtained for each month. In this way, we can



Fig. 3. Actual versus predicted points for NSW dataset. The real line
represents the actual values and the dotted line represents the predicted
values.

claim that the experiments are fair and the superiority of the
proposed method is easily proved.

In Table V, the average values of prediction results for one day
ahead load forecasting of three states are tabulated. The values
in bold format represent the lowest value of their corresponding
error metric. From this table, it can be observed that our proposed
EGWO-CNN outperforms other eighteen benchmark models
in terms of lower rmse, MAE, and MAPE in all cases. The
obtained results also highlight the potential of the EGWO-CNN
for one-day ahead forecasting. Among the compared models, the
hybrid models achieve competitive results in comparison with
the state of the art algorithms. The closest competitor to the
proposed method is the state-of-the-art version of GWO called
MGWO hybridized with CNN obtained close performance to
the EGWO-CNN model. In Figs. 2–4, the actual and predicted
values generated by the proposed algorithm are represented. The
blue and red lines represent the actual and predicted values
obtained by EGWO-CNN, respectively. The obtained results
closely agree with the actual electricity load which meet the
min or max picks.

Fig. 5 represents the convergence curves of EGWO-CNN
for four months of each state based on rmse values for all
training samples over the course of 20 iterations. This figure
shows that EGWO-CNN can be converged in a faster way to
obtain the optimal solution for each case. In Fig. 6, we illustrate
the distributions of the optimized hyperparameters of CNNs

Fig. 4. Actual versus predicted points for QLD dataset. The real line
represents the actual values and the dotted line represents the predicted
values.

Fig. 5. Convergence profiles of proposed EGWO-CNN model for four
months and three states based on rmse metric.

using violin plots. This illustration is important since it shows
a worthy estimate of the hyperparameters values for training
of CNNs. Besides, they confirm and justify golden setting of
CNN hyperparameters during training procedure for obtaining
the best performance of the network.
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Fig. 6. Violin plots of best CNN configurations obtained by EGWO.

In Table VI, the time performance of the proposed algorithm
and other benchmarked algorithms are reported based on three
time criteria including optimization, training and testing times
for VIC dataset. It is worth noting that optimization time refers
to the time of algorithms in which the optimization operators are
used in them. As can be deduced from this table, the proposed
algorithm in terms of optimization time, has the least time for
different scenarios among the optimization algorithms. Also, in
terms of training and testing time, our proposed EGWO-CNN
algorithm has the shortest time for different months.

In summary, the extensive experiments support the efficient
forecasting performance of EGWO-CNN approach for one-day
ahead period. The capability of the proposed approach to op-
timize the hyperparameters of CNNs from load data results
in accurate forecasting of future loads. The key advantages
of the proposed EGWO-CNN algorithm are the following: 1)
automating CNN hyperparameters; 2) avoiding being trapped
in local minima; 3) being computationally cheap; 4) having fast
convergence profiles during optimization process. The effective
performance of the proposed method is verified by the lower
forecasting errors such as rmse, MAE, and MAPE. The compet-
itive performance of EGWO-CNN approach reveals that it can

be used as an effective forecasting tool for time series prediction
problems.

IV. CONCLUSION

In this article, we presented a novel evolutionary deep neural
architecture search for the problem of load forecasting. To this
end, EGWO was applied to fine tune the CNN hyperparam-
eters automatically. The proposed approach was assessed with
datasets from three regions of AEMO. In order to evaluate the ro-
bustness of the proposed method, several benchmark algorithms
were also compared with the proposed method. Three error
metrics including RMSE, MAE, and MAPE were utilized for
evaluating the performance of these forecasting algorithms. The
obtained results indicated that the proposed neural architecture
search method results in models outperforming benchmarks in
most cases. For the future works, more advanced evolutionary
methods will be applied to improve the convergence profile of
CNNs. Also, the proposed neural architecture search will be
applied to other datasets including renewable ones.
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