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ARTICLE INFO ABSTRACT

Keywords: The rising popularity of deep learning can largely be attributed to the big data phenomenon, the surge in the
Data science development of new and novel deep neural network architectures, and the advent of powerful computational
Time-series forecasting innovations. However, the application of deep neural networks is rare for time series problems when compared

Short term electricity demand prediction
Deep learning
One-dimensional CNN

to other application areas. Short-term load forecasting, a typical and difficult time series problem, is considered
as the application domain in this study. One-dimensional Convolutional Neural Networks (CNNs) use is rare in
time series forecasting problems when compared to Long Short Term Memory (LSTM) and Gated Recurrent Unit
(GRU), and the efficiency of CNN has been rather remarkable for pattern extraction. Hence, a new method that
uses one-dimensional CNNs based on Video Pixel Networks (VPNs) in this study, in which the gating mechanism
of Multiplicative Units of the VPNs is modified in some sense, for short term load forecasting. Specifically,
the proposed one-dimensional CNNs, LSTM and GRU variants are applied to real-world electricity load data
for 1-hour-ahead and 24-hour-ahead prediction tasks which they are the main concerns for the electricity
provider firms for short term load forecasting. Statistical tests were conducted to spot the significance of the
performance differences in analyses for which ten ensemble predictions of each method were experimented.
According to the results of the comparative analyses, the proposed one-dimensional CNN model yielded the
best result in total with 2.21% mean absolute percentage error for 24-h ahead predicitions. On the other hand,
not a noteworthy difference between the methods was spotted even the proposed one-dimensional CNN method
yielded the best results with approximately 1% mean absolute percentage error for 1-h ahead predictions.

1. Introduction of handling the uncertainty in load forecasting (Santos et al., 2007),
and big data surge in electricity markets that requires efficient and

Electricity load forecasting is of great importance to researchers, complex forecasting models (Hewamalage et al., 2020; Salinas et al.,
public administrators, and electricity producers and distributors (Berk 2020), enhancement of smart systems use in the power supply systems

et al, 2018; Cancelo et al, ,2008; DJL}kanovm et al, ,19?5; Soares (Amato et al., 2020; Wang et al., 2019), intelligent systems emergence
and Medeiros, 2008). Operational, tactical, and strategic impacts of

electricity load forecasting make the issue even more critical for the
power supplier firms. These impacts include operational cost, man-

in power supply systems (Cheng and Yu, 2019; Ozcanli et al., 2020),
new forecasting method developments are needed to get more accurate

agement challenges, safety issues, and lack of sustainability of power results, and this, in turn, will contribute to different management levels
supply system in the short and mid-term (Hu et al., 2017; Kavousi-Fard of the power supply system. By considering these aspects, the design
et al., 2014; Osman et al., 2009; Zeng et al., 2017), and market share and development of novel methods for electricity load forecasting to
shrinkage and weakening competition in the electricity marketplace in reduce prediction errors and to propose new forecasting engines for
the long term (Ceperic et al., 2013). businesses are the key motivations behind most of the recent research

Due to transitions to deregulated electric supply markets emergence
(Cancelo et al., 2008; Hooshmand et al., 2013), multifaceted contri-
butions of forecasts to the power system’s operations (Amato et al.,
2020; Dordonnat et al., 2016; Sudheer and Suseelatha, 2015), the effect

studies in this area, as is the case for the current study.

Electricity load forecasting is a typical, yet challenging, time-series
forecasting problem oftentimes studied by academics and practitioners
alike. In any time series forecasting, the forecasting time horizon is one
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of the integral parts of the analysis alongside the input-output relations,
stationarity, and periodicity of load data. In the literature, forecasting
horizons are classified into four categories; very short-term, short-term,
mid-term, and long-term forecasting horizons (Zheng et al., 2017). The
timespan for Very Short Term Load Forecasting (VSTLF) is from a few
minutes up to one hour-ahead (Guan et al., 2013). It is from one hour-
ahead up to one week ahead for Short Term Load Forecasting (STLF).
On the other hand, periods for Medium Term (MTLF) and Long Term
Load Forecasting (LTLF) are from several weeks up to several months,
and from one year up to several years ahead, respectively (Din and
Marnerides, 2017). In this study, STLF which is important for electricity
markets, and the shareholders for spotting the hourly electricity market
price changes is considered (Chen et al., 2009).

Energy market dynamics show significant differences for each coun-
try based on governmental policies and regulations. For instance, en-
ergy market establishments in Turkey have been mostly implemented
through the market regulations put in place since 2001. In this mar-
ket, mechanisms such as day-ahead market planning, hourly pricing,
and financial consolidation were implemented in 2009, two years
after these implementations, down-payment and assurance, day-ahead
market consolidations, and incentives to support renewable energy pro-
grams initiated. Legislative requirements for Energy Market Enterprise
Corporation (EPIAS) were mostly completed in 2013, and then, the
Corporation was founded in order to regulate the Turkish electricity
market in 2015; during that year, the intraday market was opened as
well. This market regulated by EPIAS comprises day-ahead, intraday,
and balancing market mechanisms, which are essential parts in operat-
ing a non-governmental electricity market. Day-Ahead market, intraday
market and balancing market mechanisms play important roles for
efficient system operation in Turkish electricity market regulated by
EPIAS. Before EPIAS foundation in the market, prediction horizons for
the provider firms ranging from one week ahead to several months
ahead are prevalent, and these forecasting horizons were facilitating
more flexibility in prediction error margins for the firms compared
with the introduced regulated market. The flexibility in prediction
error margins for the providers enabled the providers to compromise
their excessive and/or deficient amounts in the long horizon with less
price charge. After the market’s shift to a regulated market, day-ahead
and intraday markets, in which one-day-ahead and one-hour-ahead
predictions are respectively the most essential parts of them, have
played a landmark role for the electricity providers because of that
the mentioned prediction error margins are narrowed. This fact has
in turn increased the significance of the one-hour ahead and one-day-
ahead predictions in the market. After these shifts, innovations and
competition increase in the market, overestimation or underestimation
of electricity load demands incurs extra costs for electricity provider
firms in the market, and hence one-hour-ahead and 24-hour-ahead load
predictions has emerged as the major concerns for the providers. Thus,
one-hour-ahead and 24-hour-ahead load predictions are the focal point
of this study as their details will be explained in the latter sections.

In general, reducing operational costs, stabilizing power supply
scheduling, efficiently coordinating the load management, increasing
the safety and security of the power supply systems can significantly
benefit from accurate forecasting, especially from short term forecast-
ing (Djukanovic et al., 1995; Hooshmand et al., 2013; Santos et al.,
2007; Sudheer and Suseelatha, 2015; Wang et al., 2019). Technological
advancements such as distributed generations (DGs), and smart device
use in smart grid environments, accuracy, quick response, intelligence
for STLF emerge as essential issues in forecasting (Wang et al., 2019).
With the aforementioned advancements, intelligence is becoming an
integral part of the power supply system management tools, such
as market mechanism tools and advanced algorithms for forecasting.
In addition to that, hiring a team of forecasting experts shows the
importance of forecasting in the power supply system management
(Duan et al., 2017). In brief, the technological advancements such as
the Internet of Things, the energy Internet, Energy 5.0, Smart Grid
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Plus (Cheng and Yu, 2019) in electricity markets, the surge of the big
data regime in this market, and the necessity of speed, accuracy of the
forecasting entail more robust and intelligent forecasting techniques in
the load forecasting area. In turn, intelligent and robust forecasting
techniques contribute to power supply system management at differ-
ent levels (Hooshmand et al., 2013; Ozcanli et al., 2020; Sudheer
and Suseelatha, 2015; Wang et al., 2019). In addition, intelligence in
addressing energy-related problems are also increasing (Guyot et al.,
2019; Lee et al., 2020; Mishra et al., 2020). From the perspective of
model development, more complex models rather than simple machine
learning and statistical models can significantly benefit from the so
called the big data regime, and hence neural networks, which are the
most prominent complex models for the massive amount of data, have
been applied by researchers across many areas as in short term load
forecasting recently (Hewamalage et al., 2020; Ozcanli et al., 2020).
By considering all of these aspects, a new deep learning model for
short term load forecasting is proposed, and compared with some other
deep neural networks as deep learning models supersede conventional
time series forecasting and machine learning methods. Deep learning
methods, which are the state-of-the-art methods as per the recent
literature, have currently been gaining popularity as a new tool to use
in STLF applications (Mishra et al., 2020). Hence, they have become
the new forecasting trend/method for STLF applications.

To create a comparative analysis of deep learning methods, and to
prove the applicability of the proposed method for the major concerns
of the providers that are one-hour-ahead and 24-hour-ahead predic-
tions, a real-world application case for istanbul is used to make load
predictions. At the most conceptual level, the underlying study aims to
make the following contributions to STLF field:

+ 1-D CNN is rarely used for time series prediction when compared
to the use of LSTM and GRU methods. Although some studies
used 1-D CNNs for the STLF are existent in the literature, to the
best of our knowledge, this study is the first one that introduces
a novel method for STLF based on Video Pixel Networks (VPN).
With comparative analyses, the VPN based 1-D CNNs method is
a very competitive method in time series forecasting.

By providing comparative analyses on a real dataset, this study
provides insight for the managerial decision-makers in STLF in
utilizing off-the-shelf deep learning methods and their variants for
STLF problems,

All of the methods utilized in this paper are examples of end-to-
end learning which do not use any combined/hybridized heuristic
techniques. Hence, by keeping things genuine, it makes un-
derstanding and application of these methods by managerial
decision-makers in STLF simpler and more intuitive compared to
the application of any combined deep learning-based methods.

The content of the paper is organized as follows. A brief introduction
and motivation about STLF and the use of deep learning methods for
STLF problems are given in Section 1. Section 2 is dedicated to the
review of the extant literature on the use of deep learning methods
for STLF. Section 3 provides a succinct description of the data, and
the proposed and utilized deep learning methods. Section 4 provides
the application details, and presents the comparative results and their
discussion. The last section, Section 5, summarizes the study and its
findings, and provides some concluding remarks.

2. Literature review

Prominent STLF studies date back to the 1950s (Hu et al., 2017).
Many, including regression and other statistical (conventional time
series techniques), classical machine learning, and deep learning-based
methods, have been used for STLF. Some of them used hybridization
of several methods (Bahrami et al., 2014; Hajirahimi and Khashei,
2019; Hernandez et al., 2014; Liu et al., 2014), while others chose
to use individual methods (Amjady and Keynia, 2011; Dudek, 2015;
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Fan and Hyndman, 2012; Zhang et al., 2013). Numerous studies exist
in the extant literature as examples of using regression and other
statistical approaches as well as machine learning-based prediction
methods for STLF problems. Artificial Neural Network (ANN) (Amjady
and Keynia, 2011), ANN combined with Wavelet Transform (WT) and
evolutionary algorithm (Amjady and Keynia, 2009), Support Vector
Regression (SVR) combined with Particle Swarm Optimization (PSO)
(Ceperic et al., 2013; Selakov et al., 2014), Autoregressive Integrated
Moving Average (ARIMA) with SVR and Cuckoo Search Algorithm
in the hybrid form (Kavousi-Fard and Kavousi-Fard, 2013), Extreme
Learning Machine (ELM) (Zhang et al., 2013), Self-Organizing Maps
with k-means and Multi-layer Perceptron (MLP) in the hybrid form
(Hernandez et al., 2014) are some the noteworthy machine learning-
based studies for STLF. Fuzzy interaction regression (Hong and Wang,
2014), WT with ARIMA in the hybrid form (Lee and Ko, 2011), a
semi-parametric additive model (Fan and Hyndman, 2012), Multiple
Linear Regression (MLR) (Amral et al., 2007), ensemble learning-based
regression trees (Dudek, 2015), Empirical Mode Decomposition (EMD)
combined with Extended Kalman Filter (EKF), and ELM with kernel
and PSO (Liu et al., 2014), WT combined with the gray algorithm,
and PSO (Bahrami et al., 2014) are some of the many regression and
statistical-based methods used for STLF.

Deep learning methods are applied to time series in a variety of
application domains such as energy and fuels, image and video, finance
and banking, among others (Torres et al., 2021). Recently, numerous
artificial intelligence methods have been utilized and published for
STLF applications (Mishra et al., 2020). Especially, the-state-of-the-art
deep learning methods, which are advanced versions of shallow neural
networks, have been utilized, mostly attributed to the emergence of
the big data phenomenon, new and advanced algorithms, availability
of powerful computational resources, and hardware advancements. It
could be said that these methods have already superseded conventional
time series and machine learning methods for STLF applications due
to their efficient feature extraction ability and high prediction perfor-
mances. Autoencoders (AEs), Recurrent Neural Network (RNN), LSTM
and GRU, CNN, Restricted Boltzmann Machine (RBM), Deep Belief
Network (DBN), and Deep Boltzmann Machine (DBM) are frequently
utilized as the-state-of-the-art deep learning methods for STLF (Almalaq
and Edwards, 2017).

Some examples of LSTM and GRU for STLF are as in following
studies: Wang et al. (2019) proposed a novel model based on Attention
Mechanism (AM) and Rolling Update (RU) with BiDirectional-LSTM
(Bi-LSTM). Du et al. (2020) used an attention mechanism based LSTM
for STLF (a six-time step ahead forecasting) for their study as well.
The method was compared with several methods including some time
series methods, RNN variants, classical sequence to sequence (seq2seq)
variants by use of LSTM and bi-LSTM. Fan et al. (2019) considered sev-
eral models with several inference scenarios for forecasting strategies.
The models are mainly based on recurrent neural network versions.
Bedi and Toshniwal (2019) used LSTM for prediction and k-means
for segmenting load data seasonally in hybrid form for Multi-Input
Multi-Output (MIMO) strategy for forecasting task. Kong et al. (2017)
used clustering and deep learning in hybrid form as well. They used
LSTM with the Density-based Spatial Clustering of Applications with
Noise (DBSCAN) method for the Australian Smart Grid Smart City
dataset. The DBSCAN method was used for detecting differences be-
tween aggregated and individual loads, and then the predictions were
made by LSTM method with different prediction aggregation levels.
Memarzadeh and Keynia (2021) proposed a hybrid method for STLF
and electricity price forecasting. WT, feature selection and LSTM were
used in hybrid form in this study by comparing it with different
methods by utilizing two different datasets.

Shi et al. (2017) used both one layer RNN and deep RNN for two
different datasets to show efficacy of RNNs in STLF. Another LSTM used
study belongs to Narayan and Hipel (2017) where the authors utilized
LSTM for STLF with a 10-year electricity load that belongs to Ontario,
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Canada. Kumar et al. (2018) aimed to show the efficiency of uses LSTM
and GRU methods for STLF where GRU was found superior to LSTM for
the utilized load data. Zheng et al. (2018) utilized LSTM and GRU to
show the efficacy of the-state-of-the-art methods under different scenar-
ios by considering different time steps and varying input combinations
in addition to feature engineering with some machine learning methods
in the study. Another study that compares LSTM and GRU in STLF
was done by Xiuyun et al. (2018). The authors compared LSTM and
GRU methods, GRU in turn outperformed LSTM method in this study.
Xu et al. (2020) proposed a method based on residual networks and
ensembling, and compared their methods with several different RNN
variants by utilizing two public available datasets. According to the
results obtained, their method outperformed the remaining methods.
Skomski et al. (2020) utilized sequence to sequence (seq2seq) RNNs
for short term load forecasting. They utilized several datasets and
made different predictions for different time resolutions through the
used method. Chitalia et al. (2020) compared nine different RNN/CNN
methods and their hybrid forms. They used five different datasets for
their study. Choi et al. (2018) performed preprocessing on input data
by transforming one-dimensional data into two-dimensional one by uti-
lizing the methodology proposed in Amral et al. (2007), and Lee and Ko
(2011). ResNet with LSTM was proposed, wherein ResNet extracted the
latent features in the load data while LSTM performed the forecasting
tasks. Wen et al. (2020) proposed GRU based deep Recurrent Neural
Network (DRNN-GRU) for one step ahead prediction of residential
hourly load data in Texas, USA by considering different aggregation
level of dataset. The proposed method was compared to several Deep
Neural Network (DNN) and time series methods. Muzaffar and Afshari
(2019) used LSTM for 1-2 days ahead, one-week, and one-month ahead
predictions, and compared the method several conventional time series
forecasting methods.

Some CNN applications for STLF are as in following studies: Cai
et al. (2019) used Gated CNN (GCNN) and Gated RNN (GRNN) mod-
els, and these models were compared with Seasonal Autoregressive
Integrated Moving Average with External Inputs (SARIMAX) method
under direct and recursive forecasting scenarios. The performances of
the methods were compared in terms of accuracy, robustness, and
generalization ability. He (2017) used parallelly structured CNN-RNN
since the load data in the research had dynamic patterns and period-
icity. Parallelly structured CNN modules for the extraction of valuable
features and RNN for capturing temporal dynamics of historical load
data were used. Dong et al. (2017a) proposed an integrated model
by combining k-means with CNN. k-means is used to group the data
collected from different regions, and predictions were performed by
CNN method. Dong et al. (2017b) proposed a CNN model based on
a bagging strategy. They transformed one-dimensional sequential data
into such an image to utilize correlation between input sequences,
and then, convolutional neural network makes forecasting. Another
study of one-dimensional data transformation into two dimensions
for forecasting can be found in Han et al. (2019). In this study, the
authors proposed time-dependent CNN (TD-LSTM) by exploiting the
feature extraction ability of CNNs, Cycle LSTM (C-LSTM), to extract
time dependence in sequential data. Sadaei et al. (2019) used the
newly proposed method which combines fuzzy time series and CNN
for one hour ahead prediction. They used the hourly load of a power
supply system in Malaysia and made a benchmark of the proposed
method with several conventional time series methods, LSTM, and
some of its variants. Kim et al. (2019) proposed the Recurrent Inception
Convolutional Neural Network (RICNN) by combining RNN with one
dimensional CNN. They used half-hourly power usage data in South
Korea to make 24-h ahead prediction besides 3, 5 and 7 day-ahead
predictions. The authors made comparisons of the proposed method
with MLP, RNN, and 1-D CNN, and the proposed method outperformed
the compared methods.

Some application examples of deep neural network and its variants
are as in following studies: Guo et al. (2018) proposed an integrated
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method by combining deep neural networks with kernel density es-
timation and quantile regression. The method outperformed gradient
boosting and random forest models according to obtained results in
the paper. Qiu et al. (2017) presented a hybrid model by combining
EMD with RBM. A comparative analysis was performed for several
models, including Factored Conditional Restricted Boltzmann Machine
(FCRBM), RBM, SVR, ANN, and RNN, under different scenarios with
several time horizons and time resolutions by Mocanu et al. (2016).
Din and Marnerides (2017) applied deep feed-forward neural networks
and recurrent deep neural network to a publicly available dataset to
show the effectiveness of the state-of-the-art deep learning methods for
STLF by the models (i) incorporating only time relevant features, (ii)
incorporating both time and frequency relevant ones. Hui et al. (2017)
used a hybrid algorithm by combining stacked RBMs with a genetic
algorithm. Four concatenated RBMs were used for prediction, while the
genetic algorithm was used for optimizing the weights and thresholds of
deep neural networks. Fan et al. (2020) proposed a deep belief network
based on EMD and ensembling in hybrid form by utilizing Australian
Energy Market Operator (AEMO) data for proving the applicability of
the method. Yu et al. (2018) proposed an integrated model that consists
of EMD for decomposition of load data, DBN for training the weights of
stacked RBMs, and Local Predictor (LP) for constructing neighbor sets
among forecast samples in hybrid form. Yang et al. (2019) proposed
a deep ensemble learning method based on clustering and the Lasso
method for both 1-h and 24-h ahead predictions for a real dataset
from China. The proposed method was compared with some quantile
machine learning methods and LSTM. Hafeez et al. (2020) used an
integrated method by combining Modified Mutual Information, Fac-
tored Conditional Boltzmann Machine (FCBM), and the newly proposed
genetic wind-driven optimization algorithm.

Tong et al. (2018) used a hybrid model combining stacked denoising
autoencoders and SVR, and the proposed model is shown to outperform
SVR and ANN. Chen et al. (2018) proposed a novel model with residual
connections and dense networks. Extensive comparisons with publicly
available datasets are performed that validated the high-performance
of the proposed model. Li et al. (2020) proposed a new loss function in
their study, and the authors compared the performances of CNN, LSTM,
and multilayer perceptron with different metrics. They utilized the
same datasets in Chen et al. (2018), and found their methods superior
to compared methods in the paper. Fang and Yuan (2019) investigated
performance enhancing techniques for deep learning methods used
in time series forecasting by using different datasets and different
forecasting horizons. Liu et al. (2020) made comparative analyses for
24-hour ahead prediction using a real dataset obtained from Jiangsu
Province, China. Time series, classical regression, and deep learning
methods were chosen for the application in the paper.

Deep learning architectures are successfully utilized for different
time series domains, and their advantages and limitations are exten-
sively studied by Torres et al. (2021), where detailed information and
best practices about deep learning for time series forecasting is also
provided.

Brief representation of mentioned literature is given in the following
table (see Table 1).

In the literature gleaned, to the best of our knowledge, there is no
application for VPN in time series forecasting domain. Hence, it was
proposed to apply VPN to a time series problem to show the efficacy
of CNNs in sequential data modeling as well.

3. Methodology

In this section, we explain data collection and preprocessing, and
sequence-to-sequence deep learning methods (LSTM, GRU, and their
variants) along with the proposed VPNs based 1-D CNN method for
STLF and its application details.
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3.1. Data collection and pre-processing

In this study, the hourly collected electricity load and temperature
data pertaining to the 2015-2017 time period, from one of the largest
metropolitan cities in the world, Istanbul, Turkey is used. After signing
a confidentiality and nondisclosure agreement, the data were extracted,
organized/tabulated, and given to us in a transactional/raw format
by the electricity provider firm, CK Bogazici Elektrik. The granularity
of the time series data consisted of hourly electricity load demands
and corresponding temperature values, as it was used by the firm in
their forecasting tasks. An extensive data preprocessing that included
tasks like data normalization, lag identification, and dummy variable
inclusion were performed.

For data normalization, since feature normalization contributes to
fast convergence and numerical stability of neural networks training, a
zero-mean normalization procedure is applied to the load and temper-
ature variables in the study. Normalization is performed according to
Eq. (1),

xl( = XiTH (€))
o

where xf ,u and o correspond to zero mean value of ith example, x;, in

a time series dataset, the mean, and standard deviation of the dataset,

respectively. Test data were normalized using the mean and standard

deviation of the training data. For final predictions, denormalization

for the test data outcomes.

The lag value for the time series load data is identified as 168
time-steps back according to Partial Autocorrelation Function (PACF)
results. This means that the load value at time step t is affected by
previous 168-time steps’ values. When load characteristics for each
day are examined in the dataset, different characteristics of each day,
which are especially salient between weekdays and weekends, were
identified. Hence, we included dummy variables to account for these
characteristics, as most of the previous STLF studies have been done
and reported in the literature (Chen et al., 2018; Guo et al., 2018; Liu
et al., 2020).

3.2. LSTM and GRU

RNNs enable long-term computing dependencies of sequential data
via recurrences of feedback within layers; thus, they overperform con-
ventional feed-forward neural networks because of this time delay
ability (Wen et al., 2020). In an RNN, the current time step output is
computed by the current time step input, and output conveyed from
previous time steps by the recurrence. Eq. (2) shows the value of an
RNN hidden state at time step t,

h =f (w,-x, +wph,_ + b) 2

where h, corresponds to output at time step ¢, f is any activation
function, x, and h,_, correspond to input at time step t and the value
of the output one time step before, respectively. w; and w), also denote
weights of inputs at time step t and output of the previous time step,
respectively. b denotes the bias term for the hidden layer.

Long term dependency in data causes gradient vanishing and/or
explosion in backpropagation, which is called exploding and vanishing
gradient in the literature, resulting in degradation of RNN efficiency.
The vanishing gradient problem is much more complicated than the
exploding gradient problem. To address the “exploding gradient prob-
lem”, gradient clipping was proposed by Pascanu et al. (2013). On the
other hand, LSTM (Hochreiter and Schmidhuber, 1997) and GRU (Cho
et al., 2014) which use gating mechanisms, was proposed as a solution
for the vanishing gradient problem, and they have been producing
promising results. In an LSTM cell, there are input, output, and forget
gates, each of which conveys partial information of the LSTM cell. An
LSTM cell is shown in Fig. 1.

In Fig. 1, input x, and hidden state at previous time step h,_, are
concatenated. Then, the concatenated input is processed by a sigmoid



I. Yazici, O.F. Beyca and D. Delen

Table 1

Brief representation for the relevant literature.
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Study

Method(s)

Used dataset(s)

Forecast horizon(s)

Tong et al. (2018)

Wang et al. (2019)

Fan et al. (2019)

Bedi and Toshniwal (2019)

Denoising Autoencoder + SVR
Attention Bi-LSTM

RNN + 1-D CNN

k-means + LSTM

A US dataset

Australian Electricity Data

Hong Kong electricity data

Data of Union Territory Chandigarh

Li et al. (2020) MLP, CNN, LSTM ISO New England and North American 24-h ahead
Utility datasets

Choi et al. (2018) ResNet + LSTM Korea Electric Power Cooperation dataset

Xu et al. (2020) Newly proposed model based on DNNs ISO New England and North American
Utility datasets

Liu et al. (2020) CNN A dataset belonging to Jiangsu province in
China

Wen et al. (2020) RNN + GRU A dataset belonging to Texas in US

Dong et al. (2017a) k-means + CNN A big electricity dataset from a power 1-h ahead

Sadaei et al. (2019)

Fuzzy time series + CNN

industry
Load dataset of a power supply system in
Malaysia

Qiu et al. (2017)

EMD + RBM

AEMO dataset

Half-an-hour & 24-h ahead

Yang et al. (2019)

Cai et al. (2019)

Chitalia et al. (2020)
Chen et al. (2018)

He (2017)

Deep NN + clustering + Lasso

Gated RNN + Gated CNN

CNN + LSTM and LSTM variants
DNN

Parallely structured CNN-RNN

A real dataset from the Irish Commission
for Energy Regulation
A US dataset

Several different load datasets

ISO New England and North American
Utility datasets

A city of North China dataset

1-h & 24-h ahead

Zheng et al. (2018)

GRU

A Chinese dataset belongs to Nanjing Huafu

One-step ahead

Din and Marnerides (2017)
Hafeez et al. (2020)

Guo et al. (2018)

Shi et al. (2017)

Narayan and Hipel (2017)
Hui et al. (2017)

Dong et al. (2017b)

Du et al. (2020)
Kumar et al. (2018)

Fan et al. (2020)
Xiuyun et al. (2018)

RNN

Modified mutual information + FCRBM +
Genetic wind-driven optimization algorithm
DNN + Quantile regression + kernel density
estimation

One layer RNN and deep RNN

LSTM

RBM + genetic algorithm

CNN

Attention LSTM
LSTM and GRU

DBN + EMD
LSTM and GRU

ISO New England dataset
PJM electricity market dataset

A dataset belongs to Jiangsu province in
China

New England system and Irish datasets
10-year load dataset for Ontario, Canada
Load data for an electric power system

A power industry system dataset, New York
ISO dataset, Electric Reliability Council of
Texas dataset

Individual household electric power
consumption dataset from UCI repo

A household load dataset

AEMO dataset

A load dataset for a Chinese region

24-h & one-week ahead

Multi-step ahead

Kim et al. (2019)
Kong et al. (2017)

Muzaffar and Afshari
(2019)

Recurrent Inception Convolutional Neural
Network (RICNN)

Density-based Spatial Clustering of
Applications with Noise + LSTM

LSTM

Half-hourly power usage data in South
Korea
Australian Smart City dataset

A one-year load dataset

Several multi-step aheads

Yu et al. (2018)

EMD + DBN + LP

AEMO dataset

1-h and several multi-step
aheads

Mocanu et al. (2016)

Factored Conditional Restricted Boltzman
Machine (FCRBM)

Individual household electricity
consumption in UCI (University of
California,Irvine) repo

15-min, 30-min and
one-day ahead

Han et al. (2019)

Time dependent CNN + Cycle LSTM

Two datasets belonging to Hangzhou in
China and Toronto in Canada

One-week & two-weeks
ahead

Memarzadeh and Keynia WT + LSTM Pennsylvania-Jersey-Maryland and Spanish One-week ahead
(2021) datasets
Skomski et al. (2020) RNN A US office building dataset 15-min and 1-h ahead

function that forms forget gate f,, which determines what information
is to be preserved and forgotten. Forget gate is computed by Eq. (3).

fi=0 Wy [hyx] + b)) 3)

In Eq. (3), o denotes sigmoid activation function while W, and b,
correspond to weights and bias terms for the gate in order, and the
square bracket symbolizes concatenation operation. Next, cell state that
stores relevant information for successive layer, ¢,, is determined by
utilization of f,, ¢,_;, i, and C, where ¢,_,, i, and C, denote cell state
at the previous time step, input gate and candidate values conveyed
for the next cell state, respectively. Computations for input gate and

candidate values are given in Egs. (4) and (5).

=0 (VV: [h,_],x,] + bi) C)

C, =T (W, [h_1.x]+b,) (5)

In Egs. (4) and (5), W;, W, denote weights for input gate and
matrices of candidate values while b; and b, correspond to bias terms
for them, respectively. T corresponds to the hyperbolic tangent (tanh)
activation function. In the next equation (Eq. (6)), proceeding cell
state computation is performed, where © symbolizes the element-wise
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multiplication.
¢=10c¢_+i,0C, (6) =0 (W, [h_1.x]) 10
. In Egs. (7)-(8), outpgt gate o,, which conveys the filtered 1T1forrna— 711 -7 (W ["1 «h,_y, X;]) an
tion by means of forgetting and updated cells, and h, computations are
iven. v

& h=(1-2)0h_ +z0h (12)

o; =0 (W, [h_y.x;] +b,) @

h=00T(c) (8)

LSTM has some variants, which are constructed by some merg-
ing and modifications in gating mechanisms such as Clockwork RNN,
Depth-Gated LSTM, and GRU. GRU is one of the most frequently used
LSTM variant in the literature. A schematic for GRU is depicted in
Fig. 2.

The forget and input gates are merged into a single update gate, z,,
along with merging the cell state and hidden state. Unlike LSTM, GRU
consists of two gates, which are called update and reset gates. The up-
date gate determines what information will be conveyed from previous
time steps to next time steps while the reset gate, r,, determines what
information will be forgotten. Computations for update and reset gates,
current memory content, and final memory content are given in the
following equations, respectively.

z, =0 (W, [h,_l,x,]) 9

In this study, LSTM and GRU with 3 layer stacks, and encoder—
decoder methods with LSTM and GRU are used alongside the 1-D CNN.
Simple stacked LSTM and encoder—-decoder methods can be seen as in
Fig. 3 and Fig. 4, respectively.

In Fig. 3, each rectangle box contains the LSTM cell which its details
was depicted in Fig. 1. Each x, is the input of relevant time step t. Dense
box refers to a fully connected layer, and § is the predicted value of the
method. In Fig. 4, the encoder state corresponds to the output of the
last LSTM cell stored to be fed into the first LSTM cell of the decoder
part of the method. As it will be mentioned in the application settings,
since 168 time lags will be utilized in our modeling, x, will correspond
to 168thinput instance in simple LSTM and GRU, Autoencoder LSTM
and GRU methods.

In the stacked and encoder-decoder GRU methods, LSTM cells are
replaced by GRU cells; thus, the only difference in these methods
from their LSTM counterpart is GRU cell utilization. Therefore, we did
not include their figures in the interest of the brevity of the paper.
Encoder—decoder models make some abstraction of input, and store the
extracted information in an encoder part. Then, a decoder part is fed
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Fig. 3. Stacked LSTM.

Encoder

= Decoder

Fig. 4. Encoder-Decoder LSTM.

by the stored information within the encoder part, thereby performing
regression or classification tasks with powerful representation. Since
encoder—-decoder architecture has proven its efficiency in representa-
tion learning with respect to simple or stacked LSTM/GRU methods, the
encoder—decoder architecture is included for comparisons in the study.

3.3. Proposed 1-D CNN method

CNN is a kind of deep neural network architecture that uses shared
parameters by local connectivity, which is different from conventional
feed-forward networks. CNNs have many application areas such as
computer vision and object tracking (Pang et al., 2017), sensory fault
detection and identification (Dong, 2019), image processing and clas-
sification (Kara et al., 2020), medical image classification (Yang et al.,
2021), human activity recognition (Gil-Martin et al., 2020), writer
identification (Javidi and Jampour, 2020). Although their use for time
series is rare, CNNs are gaining attention in time series regression
problems recently (Binkowski et al., 2018; Dong et al., 2017a). Since
the use of CNNs for time series problems has been emerging only
recently, in this study, we chose to utilize them for the comparative
analysis of deep learning methods with a real case application to show

their feasibility and efficiency in addressing time series forecasting
problems.

A CNN applies convolution operation, which nothing but a ker-
nel with a fixed length, k, slides over the input x, thus, produces a
representative output as a result of this overlapping operation. The
convolution operator, which makes element-wise multiplication over
the input patches of k with a kernel by a pre-defined stride and/or
dilation rate and sums up the results, generates a feature map at the end
of the operation. The number of filters used in convolutions determines
the depth of output, while stride and padding determine the spatial
dimensions of the feature map(s) (Gasparin et al., 2019).

In this study, we used a one-dimensional CNN that is deemed to
be suitable for time series. The convolution operation for the one-
dimensional time series input x € R?, where the weight for the one-
dimensional kernel (w € R/ for the ith element of the convolution)
between input and the kernel, is given in Eq. (13).

f-1
8o =G xw) (i)=Y x (i — k) .wk) 13)

k=0

where g € RY~/*! with the same padding method used.
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Fig. 5. A stack of dilated causal convolutional layers.

A causal convolution means that the convolution restricts a model
not to violate the ordering of the modeled data. Thus, it does not allow
the dependence of prediction at time t on future values (Van Den Oord
et al.,, 2016). An illustrative example of a stacked causal convolution
can be seen in Fig. 5.

Causal convolutional layers are preferable to RNNs since they have
no recurrent connections; thus, they take less computational time for
training a network. This fact is more salient when modeling of very long
sequences is performed. However, to augment the receptive fields of a
network, requirements of many layers or large filters in causal convo-
lutions pose a challenge in the training phase. Dilated convolutions can
be used in 1-D CNNs to address this challenge. A dilated convolution
performs convolution by skipping inputs with certain strides. This
behavior is similar to pooling or strided convolutions except for the
fact that dilated convolution yields the same sized output with input
(Van Den Oord et al., 2016).

A dilated causal convolution operation for an input x € R? where
the weight for one-dimensional kernel w € R/ with dilaton rate d is
given in Eq. (14).

-1
h(i) = (x 54 w) ()= Y x (i — dy ) wik) a4
k=0

While the receptive field, r, grows exponentially by r = 2L-1k, this
growth is linear for causal convolutions with the depth of the network
that is computed by r = k(L — 1). Here L denotes the length of the
modeled sequence (i.e., time-series data length). This exponentially
grown receptive field enables effectively modeling through long-range
temporal dependencies in sequences. In addition, this feature con-
tributes to preserve the resolution of input and provide computational
efficiency by fewer parameters in the network (Van Den Oord et al.,
2016). This network structure is used by Bai et al. (2018) as Temporal
Convolutional Networks (TCN) for sequence modeling, and by Van
Den Oord et al. (2016) for sequence modeling. An illustrative example
of a dilated causal convolution structure can be seen in Fig. 6.

Another important property for deep CNNs is to use of residual
connections. In deep neural networks, depth has landmark importance
for the extraction of low/mid/high-level features and abstractions by
contributing to the performance of the networks. Hence, deep archi-
tectures of the neural networks yielded promising results by utilizing
this property (Simonyan and Zisserman, 2014; He et al., 2015, 2016;
Szegedy et al., 2015). On the other hand, very deep networks are
hard to train due to the degradation problem of deep networks. A
deeper model suffers from degradation problems, which is a result
of adding more layers to a network rather than being resultant of
overfitting problems. While the depth of a network increases, accuracy
saturation and rapid degradation issues emerge, and they, in turn, result
in higher training error. To mitigate these issues, identity mapping of

added layers is proposed throughout a network that allows efficient
training of very deep networks (He et al., 2016). With the deep residual
learning, H,, which corresponds to the desired underlying mapping, is
rearranged as F (x) := H (x) — x. The recasting of the original mapping
into F (x)+x enables identity mapping throughout a network (He et al.,
2016). By adding these identity learning mappings progressively, very
deep networks can be designed without degradation problems. Such an
identity block building is depicted in Fig. 7:

In addition to residual connections and dilation use with 1-D CNNs,
another main ingredient used in our method is Residual Multiplicative
Block (RMB) and Multiplicative Unit (MU) modules that were originally
proposed for video processing task (Kalchbrenner et al., 2017). We
adopt MU and RMB ideas in our representation and modeling of the
STLF problem with some modifications in their gating mechanism.

A Multiplicative Unit consists of some gates that are merged into
a convolutional layer. This layer contains a given input h of size T
x ¢, where T and c¢ correspond to the length of the input and the
size of channels, respectively. Firstly, update denoted by u and three
gates g,_; are constructed by passing h into the MU, then element-
wise multiplication and summation operations yield the output of the
MU (Kalchbrenner et al., 2017). Update and three gates, and resultant
output computations are given in Eq. (15).

g =0 (Wlh)
2 =0'(W2h)
g =0 (Wsh) 1s)

u=ReLU (W,h)

MU (h; W) =g, ©ReLU(g, * h+ g3 OQu)

where O is the element-wise multiplication.

MU in the proposed method is somewhat different from the original
MU proposed by Kalchbrenner et al. (2017) that replaces the tanh
activation function in the original paper with the ReLU activation
function, as seen in the last two computations in Eq. (15). To avoid
vanishing of the gradients, and the outputs to be fed into consecutive
layers through the MUs, replacing tanh with ReLU activation function
contrary to the original concept of VPNs is proposed. As a result, the
proposed method yields better results than the original concept since
ReLU activation does not decrease the magnitude of the inputs in a
MU contrary to tanh activation. So, the proposed method moderately
contributes to performance of VPNs in time series forecasting domain
by boosting its performance. Some part of the paper’s novelty stems
from this contribution along with the first VPNs application to time
series forecasting domain.
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In the case of MU, no distinction is available between memory
and hidden states when compared to LSTM networks. It is different
from Highway Networks and Grid LSTM, where the MU applies a
nonlinearity to the input h (Kalchbrenner et al., 2017). An illustrative
example of the changed MU is given in Fig. 8, where R denotes the
Rectified Linear Unit (ReLU) activation function, and o denotes the
sigmoid activation function, as mentioned before.

Another ingredient for the proposed method is Residual Multiplica-
tive Block (RMB), which is an essential part of a VPN. Two MU layers
are stacked subsequently to enable easy gradient propagation through
many layers with a residual connection of input to output in an RMB.
Firstly, the size of channels of input h are halved at the entry of the
first MU by applying 1 x 1 convolution with the linear transformation

(i.e., no activation is applied), then, the output of the first MU is fed
into the second MU and processed in the second MU. Finally, a linear
projection by a 1 x 1 convolutional layer is applied to the output of
the second MU to double its size of channels. After doubling the size
of channels of this output, the input h is added to the output by using
the residual connection (Kalchbrenner et al., 2017). Computations for
an RMB module are given in Eq. (16).

hy =W, xh
hy = MU(hy; W)
hy = MU (hy; W3) (16)

hy =Wy * hy
RMB(hW) =h+h,

The RMB module structure is shown in Fig. 9, and the proposed 1-D
CNN architecture is graphically depicted in Fig. 10.

3.4. Application case

In this section, the application case’s implementation details by de-
scribing the method level specification with their parameter settings are
presented. In all stages of experiments and related computations, Keras
2.2.2 with Tensorflow 1.10.0 as backend in Python 3.6 environment is
used. A desktop workstation with Intel® 12 Core™ i7-5820K CPU and
an NVIDIA GeForce GTX 1080 8 GB graphical processing unit (GPU) is
utilized for the computations.

A graphical illustration of the used data, loads between 2015-2018,
can be seen in Fig. 11 which depicts the hourly loads demand for three
years.

As seen from Fig. 11, the time series has a stationary mean. Sea-
sonal, weekly and daily cycles are evident in the series, thus we
considered these cycles in the modeling stage. Weekly cycles for a
month is depicted in Fig. 12.

Adding seasonal indicators as dummy variables did not improve the
prediction accuracy. This outcome may be attributable to the fact that
the effects of seasons on the short-term load demand do not warrant
explicit consideration. However, inserting the effects of daily cycles
by dummy variables into the input set improved the prediction results
because each day exhibited distinct patterns for the load consumption.
Hence, dummy variables for days were included in the input set, as
given in Eq. (17). Dummy variables, presented as one-hot-encoding of
days by examining their patterns, are created, as shown in Table 4.
Different daily load consumption characteristics of day-of-the-week are
shown in Fig. 13.
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Fig. 10. The proposed model.

In addition to these analyses, the importance of the weekly cycles
is investigated in modeling. As it will be mentioned in the methods’
application details, justification of the use of 168 time lags for input set
construction by examining Autoregression (AR) process for the dataset
is performed. For this reason, Partial Autocorrelation Function (PACF)
plot is depicted in Fig. 14.

Partial Autocorrelation Function in Fig. 14 justifies the plausibility
of 168 time lag use in the input set beside the fact that most of the
short term load forecasting studies use this time lag for their forecasting
tasks.

After these preprocessing stages, the time series dataset is converted
into a supervised learning dataset by shifting each input feature one
time-step-ahead for the successive outputs, in turn, the time series
dataset is structured as a supervised learning problem. An input set and
the corresponding output for this input set are given in Eq. (17).

10

where D denotes dummy variable for a day, T denotes temperature,
and L denotes load. D;; corresponds to dummy variable for jth day
of ith time step. T; and L; correspond to temperature and load values
of ith time step respectively where L, denotes the load value to be
predicted by the input set. At the end, an input set for one training
example constructs 168 x 9 dimensional matrix. In the proposed 1-D
CNN method, there is a tiny difference for the input construction that is
unique to the method’s structure as seen in Fig. 10. In the method, tem-
perature and daily cycles with 168 length are concatenated, and then
this input along with the input for the load with 168 length were fed
into the model separately in an exogenous variable manner to get more
abstraction of the load and temperature by the method in advance.
Then, the outputs of the temperatures and loads are concatenated with
the dummy variables for days, thus an input matrix was constructed
as the same with the remaining deep learning methods after this part
of the method. This same setting in the input matrix was tried for
simple GRU, LSTM, AutoEncoder GRU and LSTM methods to get more
abstraction from the dataset, however, they did not work well with this
setting so that we utilized somehow different input settings for the RNN
based methods and the proposed 1-D CNN.

Different prediction strategies have been proposed for a multi-
step-ahead time series forecasting task (Cai et al., 2019; Fan et al.,
2019). The most common ones are recursive, direct, and Multi-Input
Multi-Output (MIMO) strategies.

* Recursive strategy: A single forecasting is performed by a given
input sequence. Then, subsequent forecasts are performed by
iteratively feeding the resultant output into successive inputs
until multi-step forecasting is completed. For example, forecasted
values vector o, until time step t is used to forecast value at time
step ¢ + 1 by being added to the last t sequence for input vector
for r + 1.
Direct strategy: In this strategy, n multi-step ahead forecasts are
performed with n predictors which they have the same input.
Different predictors are generated by the same input in this
strategy, and they directly make forecasting for a specific time
step value.
» Multi-Input Multi-Output (MIMO) Strategy: In this strategy, a
given multi-input sequence predicts a whole output sequence in
one-shot with a single prediction function.

In the applications, a multi-step-ahead prediction setting beside one-
step-ahead prediction has to be deployed when focusing on making
24-hour-ahead forecasting with the data. The recursive strategy for all
the methods is used since the MIMO strategy does not fit our data,
and direct strategy requires 24 distinct model applications for every
configuration, thereby increasing computation times significantly. In
addition to the restriction of direct strategy use for computational
concerns, an individual value at time step t is affected by the values of
168-time steps back, which is inherently included in the use of recursive
strategy contrary to the direct strategy.
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As mentioned before, stacked LSTM and GRU, encoder-decoder Table 2
LSTM and GRU, and the proposed 1-D CNN is utilized and compared to LSTM and GRU layer settings.
each other in this study. The application settings of these deep learning LsTM GRU
methods will be presented in detail in the following subsections. Filter size  Activation type  Filter size  Activation type
In stacked LSTM and GRU applications, several possible stack levels Ist LSTM layer ~ 512 tanh and sigmoid 256 tanh and sigmoid
were systematically experimented. In the end, LSTM and GRU with 2nd LSTM layer 256 tanh and sigmoid 128 tanh and sigmoid
th tacks, which can be seen in Fig. 3, performed the best accordin, 3rd LSTM layer 128 tanh and sigmoid 64 tanh and sigmoid
ree stacks, ) 1 H1g. 3, perl 8 Ist Dense layer 64 ReLU 20 ReLU
to the performance metrics used in our experiments. Hence, LSTM and 2nd Dense layer 1 Linear 1 Linear

GRU were implemented with three stacks in the comparative analysis of
the methods. Similarly, both encoder-decoder LSTM and GRU methods
performed the best with two-level stacks in each of the parts; therefore,
these specifications (two stacks in the analysis) were utilized in the
comparative analysis.

The stacked LSTM and GRU layer settings which are the resultant
of extensive grid search study are given in Table 2. In the grid search
experiment, the filter sizes for LSTM and GRU layers are [16, 32, 64,
128, 256, 512, 1024]. The filter size range for the dense layer is [16, 32,
64, 128]. The same experimental filter setting range for simple LSTM
and GRU methods is used for Autoencoder LSTM and GRU methods.
Dense layer neuron size range for Autoencoder LSTM and GRU methods

11

are experimented in between 10 and 100 by an increment rate of 10.
Learning rates for simple LSTM and GRU, and Autoencoder LSTM and
GRU methods are experimented in between 0.0025 and 0.005 by an
increment rate of 0.00025. Batch size range is in between 12 and 120
by an increment rate of 12.

As seen in Fig. 3, there are subsequently connected 168 LSTM
cells on the horizontal line, which forms the time-steps for the input
(i.e., 168-time steps). On the other hand, three horizontal lines stacked
vertically to form the stacked model. Each LSTM at the bottom has
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Fig. 14. PACF for the time series.

filters with a size of 512. In the mid-level of the stacks, each LSTM has
filters with a size of 256, while LSTMs at the top level have a filter with
the size of 128. First and second LSTM layers return their sequences
to the cells above them. However, the third LSTM layer returns one
output at the last LSTM cell, which is the output that gets connected
to the dense layer with a layer size of 64. Finally, the first dense layer
is connected to a second dense layer with linear activation to perform
the regression task. In all LSTM layers, activation is set to tanh, and
recurrent activation is set to sigmoid by default where tanh activation
is used for hidden layer’s computation, and sigmoid activation is used
for the computations of input, forget and output gates. In GRU layers,
the update and reset gates use sigmoid, and hidden layer uses tanh
activation function by default. The stacked GRU structure is the same

12

as the stacked LSTM structure, so we do not present its structural
specification here again.

In each of the encoder—-decoder models, two stacks are used both
in encoder and decoder parts, as depicted in Fig. 4. Layer settings for
these parts are presented in Table 3. In the encoder part, the first
stack returns sequences, and then the outputs feed the second stack.
This second stack stores conveyed information through this stack at
LSTM/GRU cell at the end of it, and this information is embedded in
the encoder state. This encoder state vector is repeated by RepeatVector
as the encoder—decoder model suggests to feed the first stack of the
decoder part. The output of the second stack of the decoder part is
connected to a dense layer, and prediction is made by fully connected
layers as in stacked LSTM/GRU.
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Table 3
Encoder-Decoder LSTM and GRU layers’ settings.

Encoder-Decoder LSTM

Encoder-Decoder GRU

Filter size Activation Filter size Activation
type type
Encoder Ist LSTM layer 256 tanh and 256 tanh and
hard sigmoid hard sigmoid
2nd LSTM layer 128 tanh and 128 tanh and
hard sigmoid hard sigmoid
Decoder Ist LSTM layer 128 tanh and 128 tanh and
hard sigmoid hard sigmoid
2nd LSTM layer 64 tanh and 64 tanh and
hard sigmoid hard sigmoid
Dense Ist Dense layer 50 RelLU 50 ReLU
2nd Dense layer 1 Linear 1 Linear
Table 4
Inputs for the first four methods.
Input Size Description
L 1 A numerical value for the load
T 1 A numerical value for the temperature
D 7 One-hot encoding for days (Categorical)

Table 5
Parameter and hyperparameter settings for the first four methods.
Stacked LSTM  Stacked GRU  Enc.-Dec. LSTM  Enc.-Dec. GRU
Batch size 24 24 24 24
Epoch number 100 100 90 90
Learning rate 0.00375 0.003 0.0045 0.0045
Decay rate 0.0055 0.0055 0.0025 0.0025
rho 0.95 0.95 0.95 0.95
Epsilon None None None None

According to the experiments, only day dummies’ inclusion to input
features is considered for stacked and encoder—decoder LSTM/GRU
methods. Hence, hourly load, temperature, and dummies for seven days
are used for these methods. However, a different setting is used for the
proposed 1-D CNN method as it will be explained later.

Inputs for stacked and encoder—decoder LSTM and GRU (the first
four methods used in this study) methods are presented in Table 4. All
inputs have length 168, and the load and temperature are continuous
variables whereas day dummy variables created by examining the daily
load patterns are one-hot encoded variables.

After conducting the experiments, the best performing parameters
were included for comparisons. The best performing parameter and
hyperparameter settings of stacked and encoder-decoder LSTM/GRU
methods are given in Table 5. In all experiments, the Root Mean Square
Prop (RMSProp) optimization algorithm was the best performing algo-
rithm for the dataset, and hence, we utilized the RMSProp optimization
algorithm throughout the comparisons.

In the proposed 1-D CNN method, one additional feature is used to
represent the hours of days in the input features space. The inclusion of
this feature did not produce promising results when used by the other
methods utilized in this study. This feature is usually represented by a
polar coordinate system—the hours of days are considered as forming
a periodical cycle, which constructs a unit circle in a polar coordinate
system, and the coordinates of this system correspond to the hours of
the days. The periodical cycle for the hours of days is computed by
Eq. (18).

h= sin(%) (18)

where h corresponds to the new feature vector for the hours, t and ¢
denote a specific hour of a day and number of hours in a day (c = 24,
cycle length), respectively.

As seen in Fig. 10, inputs are processed by using the exogenous
variable and their inclusion to the model, which is quite contrary to
the other models used in this study and their way of implementation.
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Table 6
Inputs for the 1-D CNN.
Input Size Description
L 1 A numerical value for loads
T 1 A numerical value for temperatures
H 1 A numerical value for hours of a day
D 7 One-hot encoding for days (Categorical)

The inputs for load and temperature-hours are processed distinctly for
preliminary information extraction to globally capture the features by
using two CNNs. After these extraction operations for load and tem-
perature, extracted features, and the inputs for days are concatenated,
and then, these concatenated inputs are processed by the first RMB. The
output of the first RMB is conveyed to the second RMB to be processed,
and the resultant output of the second RMB is fed to the MU, which
immediately follows the second RMB. Max-pooling operation is applied
to the output of this MU, then flattening operation for the output is
made to connect it to the succeeding fully connected layer. Finally, two
fully connected layers are used for predictions. Dropout with the rate of
0.3 is used between the flattened output of the max-pooling layer and
the first fully connected layer. A descriptive picture of the proposed
1-D CNN is presented in Fig. 10. The 1-D CNN method’s inputs are
presented in Table 6, and layer settings for the 1-D CNN method are
shown in Table 7.

An extensive grid search for the filter sizes and learning rate for the
proposed 1-D CNN method was conducted. The kernel size range for
the first CNN in Table 6 is [25, 50, 100, 150, 200, 300]. This range is
[450, 550, 650, 750, 850] for the second CNN in Table 7. The range
for the first and second RMBs in Table 7 is [100, 200, 300, 400, 500].
The range for the last MU in Table 7 is [500, 600, 700, 800, 900, 1000]
while the range for the first dense layer is in between 50 and 400 by
an increment rate of 50.

In the proposed 1-D CNN method, linear projection is applied to
the concatenated features by 1 x 1 convolution after the concatenation
operation to reduce the filter size, which will then be fed into the first
RMB. Then, MUs in the first RMB halved the filter size of this linearly
projected layer into 200. The specific parameter and hyperparameter
used as settings for the 1-D CNN method are given in Table 8.

In the experiments, the mean absolute percentage error (MAPE),
which is one of the most commonly used performance measures for
the time series forecasting and regression tasks, is employed as the key
comparison metric to measure the accuracy of predictions. Since MAPE
is a scale independent measure, and works well except for zero actual
value, in addition to its frequent use in literature for measuring fore-
casting accuracy (Hyndman, 2006), this metric is used as the accuracy
measurement metric for predictions in this study. On the other hand,
Mean Squared Error (MSE), which is an intuitive and prevalently used
for loss function for regression tasks by quadratically penalizing the
errors, is used in the model training stage as the loss function metric
for all the methods. MAPE is used to compare the performance of the
methods used since MAPE metric is the commonly used load prediction
error measurement for the providers. MAPE and MSE computations are
performed as per Egs. (19) and (20), respectively.

N | A
1 ‘J’t_.Vr|
MAPE = — E —| x 100 (19)
N =1 Vi

N
MSE =+ 205" 20)
where N corresponds to the size (number) of predictions, y, and J,
correspond to actual value at time step t and predicted value for time
step t, respectively.

In all experiments, the first two years of data are used for training,
and the last year data is used for testing. 10% of training dataset was
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Table 7
Layer settings for the 1-D CNN method.
Filter size Kernel size Dilation rate Activation(s)
First CNN 200 4 2 ReLU
Before Second CNN 750 3 4 ReLU
concatenation . .
First RMB Ist MU 400 3 1 S¥gmo%d/ReLU
2nd MU 400 3 2 Sigmoid/ReLU
Ist MU 400 3 4 Sigmoid/ReLU
Second RMB 2nd MU 400 3 8 Sigmoid/ReLU
After ) Last MU Ist MU 700 4 16 Sigmoid/ReLU
concatenation
Max Pooling - 6 - -
Ist Dense Lay. 250 - - ReLU
2nd Dense Lay. 1 - - Linear
Table 8 Table 9
Parameter and hyperparameter settings for the 1-D Mann-Whitney U test results of one-hour-ahead
CNN method. predictions.
Batch size 24 Methods p-value
Epoch number 60 1-D CNN - Stacked GRU 0.368
Learning rate 0.000225 1-D CNN - Stacked LSTM 0.942
Decay rate 0.005525 1-D CNN — AE-GRU 0.942
rho 0.95 1-D CNN — AE-LSTM 0.190
Epsilon None
Table 10
MAPE results of one-hour-ahead predictions for all the methods.
used for validation to optimize hyperparameters of the deep learning Stacked Enc.-Dec. Stacked Enc.-Dec. The
method. The prediction problem in this paper was treated and formu- LSTM LSTM GRU GRU proposed
lated as a multivariate regression type forecasting problem through 1-D CNN
framing the data into a supervised learning type data structure. Al- January 0.99997 0.99997 0.99997 0.99997 0.99997
though it was not framed as a classic time-series forecasting problem, February 1.00002 1.00002 1.00002 1.00002 1.00002
to maintain the time dependent specificity the week-of-the-day designa- March 1.00012 1.00012 1.00012 1.00012 1.00012

. ined. and th h .. ) domlv shuffled April 1.00033 1.00033 1.00033 1.00033 1.00033
tions a1.re retained, and then, the training .sarnp es are.ran. omly s u .e May 1.00054 1.00054 1.00054 1.00054 1.00053
to achieve a more robust and generalizable multivariate prediction June 1.00055 1.00055 1.00055 1.00054 1.00054
model. Shuffling of data is helped prevent sequence overfitting issue, July 1.00022 1.00022 1.00022 1.00022 1.00022
which is a common problem in time series forecasting problems as well. August 1.00017 1.00017 1.00017 1.00017 1.00017

PR . September 1.00044 1.00043 1.00044 1.00043 1.00043
The neural network parameters are initialized randomly at the begin-

. P . y . g October 1.00037 1.00037 1.00037 1.00037 1.00037
ning of each run, and the network, in turn, produces somehow different November  1.00013 1.00013 1.00012 1.00012 1.00013
results for each run. Hence, to mitigate the effect of randomness and to December 1.00003 1.00003 1.00003 1.00003 1.00003
produce more robust results, we repeated our experiments for ten times Mean 1.000241 1.000240  1.000240 _ 1.000238 _ 1.000238
using the same training and test sets, and made ensembles of these ten Std. Dev. 2406 2106 T1ec6 Lee—t Lot

results for each of the method types. In the experiments, the training
time for the proposed method was about an hour, and the model
building time for the other (comparative methods) was approximately
45 min.

4. Results and discussion

In this section, the monthly MAPE results of each method type
for both multi-step-ahead and one-step-ahead predictions which they
are important for intraday mechanism and day-ahead mechanism in
the market mentioned earlier are presented (see Tables 10 and 12).
In addition, preliminary examinations with naive forecasting method
and some machine learning methods for this dataset are performed. In
the preliminary examinations, simple naive forecasting method yielded
6.1% and 9.6% MAPE values for one-hour-ahead and 24-hour-ahead
prediction tasks, respectively. Other examinations with shallow neural
networks and deep feed-forward neural networks are performed, where
their parameters of these networks are determined via a grid search
method. With a shallow neural network that has one hidden layer with
50 neurons, 1.24% and 3.14% MAPEs were found for one-hour ahead
and 24-hour ahead predictions, respectively. With a deep feed-forward
neural network that has two hidden layers with 32 and 64 neurons
in the two layers, 2.7% and 3.1% MAPEs were obtained for one-hour
ahead and 24-hour ahead predictions, respectively. On the other hand,
SVR, Random Forest and Gradient Boosting methods for both one-hour-
ahead and 24-hour-ahead predictions are utilized. The best performing
method for both prediction settings was SVR which produced 3.2%
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MAPE for 24-hour-ahead predictions, and 1.66% MAPE for one-hour-
ahead predictions. Since the performances of the deep learning methods
used are very high compared with the best performing machine learn-
ing method used, these machine learning methods to our analyses were
not included. Thus, this study is dedicated only to the comparisons of
deep learning methods.

Mann-Whitney U test, which is a non-parametric statistical test
and has no strict assumptions apriori for datasets, was conducted for
both prediction tasks to test whether ten ensemble results for the best
performing method significantly better than the rest of the methods as
well (see Tables 9 and 11).

When comparing the results for the ten ensembles of one-step-ahead
predictions, null hypothesis states that there is no difference between
the means of the compared methods. We used 0.01 alpha level for all
comparisons to keep the confidence interval of the test very tight.

According to the results in Table 9, there is not enough evidence to
reject the null hypothesis so that the ensemble results of the proposed
1-D CNN method do not significantly differ from the rest of the methods
for one-step-ahead predictions. This fact is salient in the MAPE results
presented in Table 10 as well which the methods nearly produce the
same results obtained by the analyses.

From Table 10, differences between predictions of the methods are
minuscule so that it can be inferred that the performances of all the
methods are nearly the same for one-hour-ahead predictions. This fact
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Fig. 15. One-step-ahead predictions for all the methods.
Table 11 Table 12
Mann Whitney U test results of 24-hour-ahead MAPE results for all the methods for 24-hour-ahead predictions.
predictions. Stacked Enc.-Dec.  Stacked Enc.-Dec. The Perfor-
Methods p-value LSTM LSTM GRU GRU proposed mance
1-D CNN - Stacked GRU 0.00018 1D ONN _ gain (%)
1-D CNN - Stacked LSTM 0.00018 January 3.06 3.07 2.65 3.39 2.43 8.3
1-D CNN - AE-GRU 0.00025 February  2.28 2.16 2.06 2.35 1.74 15.5
1-D CNN - AE-LSTM 0.00033 March 2.14 2.06 2.07 2.05 1.56 23.9
April 2.01 1.87 1.94 1.96 1.54 17.6
May 2.74 2.68 2.63 3.02 2.55 3
June 4.33 4.12 5.36 4.68 3.95 4.1
verifies the results of Table 9 which suggest that there is not significant July 2.94 2.70 2.92 3.56 2.47 8.5
difference between the ensemble averages of the methods. Even the August 3.02 262 282 3.09 2.25 14.1
. . September  4.62 4.66 4.80 4.50 3.88 13.8
performance of the proposed 1-D CNN method is superior to the rest October  1.30 113 118 118 1.10 27
of the methods, which cannot be seen due to rounding the numbers, it November 1.72 1.63 1.36 1.49 1.24 8.8
is hard to compare the superiority of the methods among them since December  2.01 1.89 1.66 1.88 1.79 -7.3
all the results are around 1%. When the proposed 1-D CNN is applied Mean 2.68 255 2.62 2.76 2.21 j
. . . o .
without using temperature feature, it produces a 3.03% MAPE error in Std. Dev.  0.0016 0.0019 0.0018 0.0028 0.0005

total. This result shows the marginal contribution of the temperature
feature to the prediction outcome.

One day’s predictions with respect to actual loads for exemplary
visualization are presented in Fig. 15.

The same confidence level that is equal to 0.01 is used for 24-
hour-ahead predictions comparisons as well. According to the results in
Table 11, there is enough evidence to reject the null hypothesis so that
the ensemble results of the proposed 1-D CNN method are significantly
better than the rest of the methods for 24-hour-ahead predictions.
Thus, the results for 24-hour-ahead predictions show clear performance
distinction between the proposed 1-D CNN method and the rest of the
methods.

To show that the proposed method cannot suffer from overfitting,
loss function vs number of epochs for training and validation sets is
given in Fig. 16.

In addition to Fig. 16, MAPE vs number of epochs is given in Fig. 17.

Figs. 16-17 shows that the model used dropout avoided overfitting
in the training phase. Consecutively, three days’ prediction results of
all methods with respect to actual loads for exemplary visualizations
are presented in Fig. 18.

According to the results presented in Table 12, the proposed 1-D
CNN method dominantly outperformed the remaining deep learning
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methods. In Table 12, the result of the best performing method in
each month is compared with the second-best performing method, and
the performance gain (the results of these comparisons) are given in
the last column (labeled as Performance Gain). Computations for the
performance gain of the proposed 1-D CNN with respect to its successor
method is given in Eq. (21).
B3 00

Vs
In Eq. (21), PG corresponds to performance gain in percent difference.
The ., and p, correspond to the prediction error of the proposed
method, and prediction error for the next best performed method for
the corresponding month, respectively. Negative sign for the perfor-
mance gain of a given month indicates how much the proposed method
falls behind the next best performing method in that month. On the
other hand, positive sign means how much the proposed method goes
beyond its next best successor method in the relevant month.

The result of the second best resultant method for each month also
was italicized for the convenience of the performance comparisons in

PG = @1
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Table 12. According to the obtained results in Table 12, the 1-D CNN
method, based on VPN, yields significantly better MAPE results for a
one-year prediction, with an average of 2.21% better than the other
methods It is followed by the encoder—decoder LSTM method with an
average MAPE 2.55%. The performance difference between the CNN
method and its successor in total is 13.3%. Hence, the proposed CNN
method shows its superiority in predicting the short-term time-series
predictions for 24-hour-ahead over the rest of the methods utilized
in this study. Another noteworthy importance is that our proposed
method outperforms the rest of the methods in each month except for
December, as seen in the performance gain column in Table 12. In the
month of December, stacked GRU yields the best result among the used
methods. According to performance comparisons of the methods for
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months, the performances for May, June, July, and October appeared
to have slight differences within the best performing method (the
proposed CNN) and its follower. On the other hand, in the remain-
ing months, with the exclusion of December, the proposed 1-D CNN
method shows remarkably high-performance differences over the other
methods.

In the analysis, encoder—decoder architecture is included for their
efficient representation and learning of time series data. Although
encoder—decoder LSTM performs better than stacked LSTM, this fact
is not valid for GRU. On the other hand, GRU outperforms the LSTM
method with stacked architecture. It can be said that encoder-decoder
architecture is the best option within stacked and encoder-decoder
architecture; however, the usefulness and superiority of LSTM or GRU
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Fig. 18. Multi-step-ahead predictions for all methods for a week.

need to be tested as may change based on the characteristics of the data
and the specifics of the architecture employed for a given time-series
prediction problem.

According to the results, the proposed 1-D CNN method performed
the best for the months of February, March, April, October, November,
December, where the MAPE measures are all below 1.8%. On the
other hand, the prediction results of the method for January, May,
July, and August came out as moderately good when compared to
the well-performed months. The results of the method for June and
September were the worst of all twelve months used as the test dataset.
These facts are in line with and validated by the other methods, as
well. The months, where all of the methods performed the worst,
may have some common characteristics. For instance, Muslims perform
fasting in Ramadan, which is a month followed by a celebration in
the Islamic calendar. Coincided with long days and short nights of the
summer season, the load consumption in this month shows different
characteristics than regular days of the year. The load consumption
that is low at night diverges from the consumption of regular days of
the year in this month. At the end of this month, a festival is being
held which the load consumption also diverges from the consumption
of regular days. Some parts of this month fell on the dates in May, and
the remaining part fell on dates in June 2017.

Similarly, another religious festival held in September followed just
after a 3-day national holiday so that different consumption patterns
and characteristics in these rare time-periods may have affected the
performance of the methods. These rare time issues would have been
captured by the method. However, the Ramadan month’s coincidence
with the summer season, causing very different consumption charac-
teristics during the month, and the second religious holiday following
a national holiday, created a problem for capturing the relationship
in these months. This is because of the fact that the dates of these
months and rare time issues change every year since Turkey officially
uses the Gregorian calendar. Hence, these Islamic calendar months and
days fall on different dates in the Gregorian calendar, and each year
they show different characteristics by the effect of seasons. Some of the
previous studies had faced the same special days problem, and worked
to mitigate the issue. Trull et al. (2019) studied Spanish electricity
demand during Easter, where there was a rare-time issue. The authors
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proposed a new point of view to handle multiple seasonality within
the Holt-Winters’ method by introducing a new seasonality method.
The proposed model incorporated Holt-Winters models with discrete-
interval moving seasonality since this issue is rare, but the pattern of
it repeatedly appears in certain moments of the time series. Therefore,
the pattern of this rare time issue is considered discrete, and a model
is proposed from this point of view (Trull et al., 2019). Bermtdez
(2013) studied Spanish electricity demand forecasting as well. The
author handled special days by using covariates in the exponential
smoothing methods. In this study, a rare time issue that is Easter is
considered as in the previous study for Spanish electricity demand
forecasting (Trull et al., 2019). Darbellay and Slama (2000) studied
the electricity demand of Wales by considering special days and re-
lated calendar effects. Erisen et al. (2017) inserted special days into
the prediction model, and obtain promising results with Nonlinear
AutoRegressive with Exogenous inputs networks (NARXNet) method.
They used hourly electricity load data from the Dutch electricity grid,
and proposed that their model can be further extended to achieve more
promising results. Similar to the other countries that have different
special days such as Turkey, since some characteristics of the special
days, including religious and national holidays, they all tend to show
common characteristics. However, when their model’s suitability to our
data is considered, in their dataset, there are no dual-calendar effects.

Another method is proposed by De Livera et al. (2011) that is
capable of both modeling linear and nonlinear models having sin-
gle seasonality, multiple seasonality, and dual calendar effects is the
Trigonometric, Box-Cox transform, ARMA errors, Trend and Seasonal
components (TBATS) method for this type of problem. TBATS method
has superiority over traditional forecasting methods in modeling dual-
calendar effects (De Livera et al., 2011). The dual calendar effects
problem is the problem that caused a higher prediction error in our
study. In the preliminary examinations of the study, we tested these
methods, whether they are superior to the used deep learning model
or not. First of all, the NARXNet method did not produce promising
results compared to the used deep learning models. In addition, it may
have a problem with our modeling scheme. We use an autoregressive
type of modeling without sequence ordering in our deep learning
methods; however, NARXNet is not free of sequence ordering. Hence,
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the modeling of NARXNet may suffer sequence overfitting problem in
modeling the forecasting problem. When its setting is tuned to shuffle
the data in the training phase, it will probably produce the worse
results than its non-shuffled counterpart. Shuffling the data, which each
predicted time step’s input is independent of previous and next step’s
inputs, unlike time-step based order, enhances the robustness of the
performance of the method by breaking the sequence ties in the data;
hence, the used deep learning method performed better than its non-
shuffled data setting. Secondly, TBATS, which is able to decompose
overall seasonal components into several individual components for
modeling, was used in the preliminary examinations, and it fell short in
modeling dual calendar effects — Hijri (Islamic) and Gregorian calendar
issue — with our data when its performance was compared to the
deep learning methods in this study. Hence it produced inferior results
compared to the used deep learning models.

In addition to these preliminary examinations, the performance of
the used deep learning methods by introducing special days into our
models is investigated, however, presented settings in section applica-
tion and settings are found the best input settings scheme for modeling
this decision making problem. In future studies, other approaches can
be proposed for these rare time issues for better modeling; thus, their
side effects on predictions can be reduced. Humidity factor may also
have been a negative effect on the high prediction errors along with
rare time issues for May, June, July, August, and September because
humidity effects combined with high temperatures lead to increased
use of air conditioners. Thus, the load consumption patterns in summer
months may diverge from the rest of the months, and this fact must be
considered as an adjustment to obtain lower prediction errors. Because
we did not have the humidity information for the data we could not
include it in the analyses. The proposed 1-D CNN method was applied
without including the temperature feature, as a result, 3.4% MAPE
error was obtained for 24-h ahead predictions. This fact shows the
marginal contribution of the temperature feature to the prediction
outcome, as was in 1-h ahead prediction task.

5. Summary and conclusions

In this paper, a novel methodology based on VPN method is pro-
posed, and then comparative analyses of the most prevalent deep
learning architectures and their variants for the tasks of one-step-
ahead and multi-step ahead time series predictions using a real-world
application case are performed. The data utilized in this study originally
captured as an hourly electricity load and corresponding temperature
values for the city of istanbul between 2015 and 2017. In the employed
methodology, first, data consolidation and preprocessing tasks are per-
formed. As a result of these data transformation tasks, an optimal
time-lag, which will be used as input time steps for the modeling tasks,
is identified. Calendar effects are also considered along with the infor-
mation obtained from the provider firm, and the inclusion of dummy
variables for days is proposed after examining day effect characteristics.
The objectives of this study were to present deep learning utilization
in the forecasting process for the managerial decision-makers and to
provide insights into practitioners for the managerial decision-makers
and researchers with a real-world application of the efficacy of deep
learning methods in short term load forecasting problem. The newly
proposed method performed better than the current deep learning
models applied to the data in an inappreciable extent for one-hour-
ahead forecasting, and outperformed the current deep learning models
with the utilized data for 24-hour-ahead forecasting; hence it may be
applicable to other datasets in forecasting the different regions loads
in Turkey. Hence, the study contributes to STLF by providing a new
decision making assistant.

One dimensional CNNs are rarely used for time series forecasting
compared to LSTM and GRU. However, two-dimensional CNNs have
proven their efficiency in many tasks such as computer vision, person
re-identification, and image classification. In this paper, we proposed a
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new method with 1-D CNN based on VPNs which there is no existent
study in the literature that uses VPNs in time series forecasting domain.
Accordingly, the proposed method was compared against the presumed
best time-series predicting architectures, namely stacked LSTM and
GRU and encoder—-decoder LSTM and GRU. According to the obtained
results of a time-based holdout dataset, the proposed 1-D CNN method
outperformed the rest of the methods for 24-hour-ahead predictions.
The proposed method had negligible performance gain for one-hour-
ahead predictions compared to the rest of the methods used for the
same dataset. The performance of the proposed 1-D CNN method with
the rest of the methods used are compared for the tasks of one-hour-
ahead and 24-hour-ahead predictions. For this purpose, Man-Whitney
U test was conducted to spot whether the performance differences of
the ten ensembles for the best performing method and the rest of the
deep learning methods are statistically significant for both of these
tasks. As the result of the tests, the performance difference of the
proposed 1-D CNN with respect to the rest of the deep learning methods
was spotted statistically significant at 0.01 confidence level for 24-hour-
ahead predictions. On the other hand, there was no enough evidence
for performance difference of the proposed 1-D CNN when compared
with the rest of the methods for one-hour-ahead predictions which this
fact is clearly seen from the results presented in Table 10.

This study offers some contributions to the field of time series
forecasting. The study presents a comparative analysis of the off-
the-shelf deep learning methods, including stacked, encoder—decoder
architecture, and CNN methods, for the underlying prediction task. The
methods employed in this study provide an easy understanding and
straightforward implementation for both researchers and managerial
decision-makers in the forecasting area since they presented as end-
to-end learning methods that do not exploit the combined/hybridized
network architectures, and they do not get into the fully automated
feature extraction procedures outside of the deep neural networks
scope. The main takeaways in this study can be summarized as follows:

+ Calendar effects must be considered as an integral part for time
series modeling since they may contribute significantly to predic-
tion performance,

Rare time event issues affect prediction performances and must
be handled separately and methodologically (perhaps with addi-
tional business rules and adjustments),

Due to the big data phenomenon, newly developed deep learn-
ing architectures, and more powerful computational hardware
(e.g., GPUs), increased attention is being paid to the deep learning
methods and their use in time series forecasting to obtain higher
performance when compared to the traditional statistical and
machine learning methods,

Rarely used 1-D CNNs and their variants, like the one proposed
in the current study, can be used for time series and can produce
promising (and perhaps superior) results,

CNN’s spatio-temporal feature extraction ability and auto-
capturing of the correlations in long sequences make it a standing
rival to the well known time series prediction network architec-
tures like LSTM and GRU,

The 1-D CNN based on VPNs method proposed and employed
in this study provides the means for exogenous feature inclu-
sion as inputs and thereby extends the preliminary convolution
operation with a larger time—frequency resolution to capture
high-level/global features in the sequence. Hence, this may boost
the method’s performance,

In summary, this study aims to handle point estimation rather than
confidence interval estimation for the underlying time series forecast-
ing. For further studies, the method’s ability can be extended to include
interval estimations. Since the proposed method (1-D CNN based on
VPNs) performed very well for time series prediction problem using
the CNN’s feature extraction ability and capturing the correlations in
long sequences, the method can be extended to be used for other time



I. Yazici, O.F. Beyca and D. Delen

series problems such as time series classification and human activity
recognition tasks. In addition, applying the developed methodology
to electricity load forecasting data of other regions or countries can
demonstrate its utility as a general decision-making tool for forecasting.
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Appendix

Acronyms

CNN Convolutional Neural Network

LSTM Long-Short Term Memory

GRU Gated Recurrent Unit

VPN Video Pixel Network

VSTLF Very Short-Term Load Forecasting

MTLF Medium-Term Load Forecasting

LTLF Long-Term Load Forecasting

STLF Short-Term Load Forecasting

EPIAS Elektrik Piyasasiigletmeleri Anonim
Sirketi

DG Distributed Grid

ANN Artificial Neural Network

WT Wavelet Transform

SVR Support Vector Regression

PSO Particle Swarm Optimization

ARIMA Autoregressive Integrated Moving
Average

ELM Extreme Learning Machine

MLP Multiple Layer Perceptron

MLR Multiple Linear Regression

EMD Empirical Mode Decomposition

EKF Extended Kalman Filter

AE Auto Encoder

RNN Recurrent Neural Network

RBM Restricted Boltzman Machine

DBN Deep Belief Network

DBM Deep Boltzman Machine

GRNN Gated Recurrent Neural Network

GCNN Gated Convolutional Neural Network

FCRBM Factorized Conditional Restricted
Boltzman Machine

SARIMAX Seasonal Autoregressive Integrated
Moving Average with External Variable

DBSCAN Density-based Spatial Clustering of
Applications with Noise

DNN Deep Neural Network

TD-LSTM Time Dependent Long-Short Term
Memory

C-LSTM Cycle Long-Short Term Memory

AEMO Australian Electricity Market Operator

LP Linear Predictor

DRNN-GRU Deep Recurrent Neural Network Gated
Recurrent Unit

MAPE Mean Absolute Percentage Error

RICNN Recurrent Inceptional Convolutional

Neural Network
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FCBM Factored Conditional Boltzman Machine
PACF Partial Autocorrelation Function
TCN Temporal Convolutional Network
MU Multiplicative Unit
RMB Residual Multiplicative Block
ReLU Rectified Linear Unit
MIMO Multi-Input Multi-Output
MSE Mean Square Error
PG Performance Gain
NARX Nonlinear Autoregression with External
Variable
TBATS Trigonometric seasonality Box—Cox
transformation ARMA errors Trend and
Seasonal components
GPU Graphical Process Unit
Notations
x] Normalized value of an example (ith
example) in a dataset
X; Unnormalized value of an example (ith
example) in a dataset
u Mean value of a dataset
oy Standard Deviation of a dataset
h, Hidden state of a GRU/LSTM
w; Input weights
X Input value for time step t
wy, Hidden state weights
h,_y Previous hidden state
f Arbitrary activation function
/i Forget gate
c Sigmoid activation function
W, Weights for forget gate
by, by, b, Bias term for relevant gates
¢y Cell state at time step t-1
i Input gate for GRU/LSTM
o Candidate values for next states in
GRU/LSTM
T, Hyperbolic tangent activation function
o, Output gate
w, Weights for output gate
b, Bias term for output gate
z, Update gate for GRU
r Reset gate for GRU
w,, W, Weights for update gates of GRU
h, Current memory content for GRU
80) Convolution operation output
h (i) Causal convolution operation output
81> 82,83 Relevant gates for a Multiplicative Unit
u Update gate for a Multiplicative Unit
D;; Dummy variables for j* day of i"* time
step
T, Temperature value of i time step
L; Load value of i time step
hp Hourly periodical cycle
cy Daily hour cycle
» Predicted value at time step t
Vs Actual value at time step t
N Number of time steps in a dataset
Pe Prediction error of the proposed method
in a month
Ps Prediction of the first/second method in a
month
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