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Developing an appropriate model for accurate prediction of energy consumption is very essential for
developing an effective energy management system for residential buildings. In view of this, the
Short-term Load Forecasting (STLF) of household appliances has been performing an important role in
supervising and managing energy in the residential community. In the domain of big data analytics,
data-driven load forecasting approaches have realized an amazing performance in the recognition of pat-
terns of residential electric loads and forecasting energy consumption. Nevertheless, current research
emphasizes the use of powerful feature-engineering methods, which are ineffective and result in low
generalization performance. Further, considering the differences in the consumption behavior of various
home appliances, it is unfeasible to discover energy consumption characteristics physically in the power
system. Thus, this study addresses the problems of STLF using a novel two-stream deep learning (DL)
model called STLF-Net. The first stream is designed with Gated Recurrent Units (GRUs) to learn and cap-
ture the long-term temporal representations of the energy utilization data. Simultaneously, in the second
stream, the short-term information and positional representations are modeled using a stack of temporal
convolutional (TC) modules. The TC module is designated using dilated causal convolutions and residual
connection to enable efficient feature extraction while alleviating the gradient vanishing issues. The
learned representations from the two streams are fused and subsequently passed to several dense layers
to generate the final hour-ahead load forecasts. Experimental assessments on two public energy con-
sumption predictions datasets (IHEPC and AEP) demonstrated the superior performance of the STLF-
Net over the recent cutting-edge data-driven approaches.
� 2022 Published by Elsevier B.V. on behalf of King Saud University. This is anopenaccess article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The extraordinary increase in global population, combined with
economic advancement, industrialization, social advancement, and
expectations of prosperity, had a significant impact on interna-
tional electricity consumption and environmental issues (Hussain
et al., 2021). In fact, people are spending around 90% of their wak-
ing time in buildings, which increases the energy-intensive build-
ing tasks required to fulfill their indoor activities, which make up
80–90% of overall electricity usage across the whole building life
cycle (Antonopoulos et al., 2020). Thus, residential buildings
became the biggest electricity consumers, accounting for 39% of
worldwide electricity consumption and 38% of greenhouse gas
emissions. The scarcity of energy supplies, rising global energy
demand, pollution from greenhouse gas emanations, and study
shortages in sustainable and clean energy systems have all led
research findings to conclude that electricity consumption man-
agement is an essential study topic. Load forecasting is an impor-
tant part of ensuring that the power grid operates safely and
reliably. The development of robust and accurate load forecasting
models is an effective technique to improve residential energy pro-
ductivity through the design of energy management systems as
dential
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Nomenclature

STLF Short-Term Load Forecasting
MTLF Medium-Term Term Load Forecasting
LTLF Long-Term Load Forecasting
MI Metering Infrastructure
ARIMA Auto-Regressive Integrated Moving Average
SVR Support Vector Regression
ELM Extreme Learning Machine
ANN Artificial Neural Network
ML Machine Learning
DL Deep Learning
NLP Natural Language Processing
CNN Convolution Neural Network
RNN Recurrent Neural Network
LSTM Long Short-Term Memory
MC Markov-Chain Mixture Distribution Model
XGBoost Extreme Gradient Boosting
HW Holt-Winters
MA Moving Average
GRU Gated Recurrent Unit
Bi-LSTM Bidirectional LSTM
MILP Mixed Integer Linear Programming
MMI Modified Mutual Information
FCRBM Factored Conditional Restricted Boltzmann Machine
GWDO Genetic Wind-Driven Optimization
WPD Wavelet Packet Decomposition
(PV Photovoltaic
VMD Variational Mode Decomposition
QRF Quantile Regression Forest

KDE Kernel Density Estimation
TPE Tree-Structured Of Parzen Estimators
BOA Bayesian Optimization Algorithm
DMD Dynamic Mode Decomposition
GRA Grey Relational Analysis
EVCM Extreme Value Constraint Method
IHEPC Household Electric Power Consumption
AEP Appliances Energy Prediction
CWS Chievres Weather Station
TC Temporal Convolutional
C-Conv Causal Convolution
D-Conv Dilation Convolution
DC-Conv Dilation Causal Convolutions
ReLU Rectified Linear Unit
BN Batch Normalization
FCL Fully Connected Layers
MSE Mean Squared Error
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
RMSE Root Mean Square Error
x Input Time-Series
* Convolutional Operation
k The Size Of Convolutional Kernel
d Dilation Factor
y The Predicted Load Value
y
�

The Actual Load Value
N The Number of Training Samples
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well as defect diagnosis and energy benchmarking. For both sup-
pliers and residential customers, developing load forecasting solu-
tions turned out to be very important for making managerial
decisions, reducing costs, and avoiding possible issues with power
grid systems (Hussain et al., 2021; Ibrahim et al., 2020).

Characteristically, the task of energy consumption prediction
(load forecasting) has been become an important component of
any energy management system, especially in smart homes
(Fekri et al., 2021). load forecasting can be categorized into three
groups according to the forecasting time-period 1) short-term load
forecasting (STLF), which considers forecasts over small periods
fluctuating from 1 h to 1 week; 2) medium-term term load fore-
casting (MTLF), which considers forecasts over moderate periods
in form of some weeks; and 3) long-term load forecasting (LTLF),
which performs forecasting over long time-periods ranging from
months to years (Liu et al., 2020). Among them, STLF has become
increasingly important because of the extensive proliferation of
the Internet of Things (IoT) technologies and the continuous
advancement in Metering Infrastructure (MI) that increases the
granularity of aggregating electrical energy consumption data as
well as relevant conditional information such as the prevailing
weather conditions (Ibrahim et al., 2020). The demand curve of
STLF shows the correlation between various holidays, the equiva-
lent days’ data in the preceding weeks, and between various work-
ing days. Further, it is vulnerable to fluctuations in exogeneous
conditions such as weather, supplies, and societal behaviors, which
in turn enlarge the arbitrariness of the load/energy time series.
Simultaneously, the task of STLF enables instantaneous manage-
ment of building energy systems (Wang et al., 2019); as well as
allowing electrically powered equipment, renewable energy, and
energy storage to have ultimate access to the smart grid. These
are critical challenges to be considered by researchers when inves-
tigating STLF.
2

Recently, a huge volume of residential energy consumption data
has become available encouraging further research directions on
data-driven techniques (Somu et al., 2020), rather than physics-
driven techniques such as TRANSYS and Energy Plus (Baró Pérez
et al., 2019; Lynch et al., 2014). Formerly, the research community
has investigated energy consumption forecasting using.

standard Machine Learning (ML) techniques such as fuzzy mod-
els (Sideratos et al., 2020), Auto-Regressive Integrated Moving
Average (ARIMA) (Aasim et al., 2019), wavelet transform
(Memarzadeh and Keynia, 2020), Linear/non-Linear regression,
non-parametric regression (Liu et al., 2020), random forests (Yin
et al., 2020), Support Vector Regression (SVR) (Maldonado et al.,
2019; He et al., 2019), Extreme Learning Machine (ELM) (Sajjad
et al., 2020), Artificial Neural Network (ANN) (Xu et al., 2019)
and other hybrid approaches (Aasim et al., 2019; Dai and Zhao,
2020). Unfortunately, these conventional approaches fail to model
unbalanced residential consumption patterns reasoned by incon-
sistent residential attitudes and extreme non-linearity in develop-
ing dynamic/thermal physics incorporated with unreliability on
meteorological conditions (Luo et al., 2020). Recently, deep learn-
ing (DL) models have been demonstrated as efficient data-driven
techniques in many research areas such as Natural Language Pro-
cessing (NLP), and computer vision (He et al., 2020). In view of this,
a wide variety of DL models has been introduced, incorporating
Recurrent Neural Networks (RNNs), and Convolution Neural Net-
works (CNNs), which have shown remarkable success, especially
with large-scale data. However, until recently, there has been little
application of DL models for household STFL (Chitalia et al., 2020).
The RNN-based sequential architecture (Dong and Grumbach,
2020) was investigated for modeling medium-to-long-term energy
consumption prediction, it has been integrated with CNN models
(Kim and Cho, 2019) to forecast the daily or hourly energy utiliza-
tion of commercial constructions. Other variants of RNN models
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have been investigated for load forecasting in (Marino et al., 2016),
which integrated encoder-decoder (E-D) architecture and Long
Short-Term Memory (LSTM). LSTM (Muzaffar and Afshari, 2019)
has also been studied to predict energy consumption over different
time periods i.e., one-day, two days, seven days, and one month.
Furthermore, the ANN model was employed in (Dagdougui et al.,
2019), to forecast the electricity consumption of a district depend-
ing on the dual backpropagation strategy. Unsupervised DL model
is explored in (Fan et al., 2017), where the perceptron D network
was employed for feature extraction which significantly improved
the energy prediction performance. The Inception CNN is also
employed for predicting future energy consumption in (Kim
et al., 2019). These studies typically emphasize CNN and/or RNNs
and CNNs and validate that a DL approach can lead to significant
performance improvements for STLF compared with conventional
approaches. This motivated us to take the advantage of DL to
develop a new technique for STLF.
1.1. Research gaps

A thorough examination of the current literature of STLF
showed that several essential research gaps remain unexplored
or partially studied. In this context, this paper seeks to address
the following research gaps to improve the prediction performance
of the residential short-term loads:

- Recent literature shows that energy management has come to
be a vital research gap owing to the ever-expanding worldwide
electricity need, growing deficiency of power resources, con-
taminant gas radiations, and research gaps in renewables and
green energy systems. Residential load forecasting creates a
crucial component of power management tasks that enable
delivering daily management of electrical functionality, smart
grid scheduling, and making ideal judgments in managing
urban energy.

- Precise residential energy consumption prediction supports
decision-makers to design and apply energy productivity
strategies to lessen residential electricity consumption. Never-
theless, the multi-seasonality, lack of stationarity, and lack of
linearity spirit of the electrical consumption data and the sub-
ject reliance on numerous leading factors such as occupancy,
time, indoor/outdoor weather circumstances, building context,
and changing aspects, etc. means that developing useful STLF
is a very challenging task.

- Despite the great achievement realized by data-driven
approaches, there is little investigation of the importance of
the positional and temporal information in forecasting residen-
tial energy consumption.

- The most critical issue acknowledged in the recent works is that
the peak load differs significantly among buildings owing to
variation in the locations, sizes, building categories, residential
activities, and energy consumption habits.

- Another major drawback identified in the literature is the real-
ity that the majority of the STLF approaches were naturally
employed for households located in the same environmental
region, and for similar building occupations. Accordingly, these
approaches might not perform well in the case of heteroge-
neous building types sited in different locations.

1.2. Contributions

The paper contributes to handling the aforementioned gaps
using an innovative data-driven deep learning framework for
hour-ahead prediction of electrical load as follow:
3

� This study presents an intelligent data-driven approach for STLF
depending on the DL strategy, which we refer to as STLF-Net.
The proposed STLF-Net aims to address STLF using a
dual-path architecture to model the short-term and long-term
temporal nonlinear characteristics of the input time-series of
electrical consumption of residential buildings.

� The first path of STLF-Net is designated with a layer of GRUs to
model the long-term dynamic characteristics/representations
from the received chronological residential energy consumption
data.

� Concurrently, the second path of STLF-Net is constructed by
stacking several temporal convolutional (TC) modules to enable
efficient and automated feature extraction and modeling short-
term dependencies. This is achieved by combining the causal
and dilated convolutions (rather than standard convolutions)
in residually connected architecture. Thus, increasing the depth
of the network could improve learning power to cope with very
large samples without gradient vanishing or exploding the
gradient.

� The proposed STLF-Net is demonstrated to be elastic and main-
tain good performance while accommodating changes in envi-
ronmental factors such as temperature, humidity, and wind
speed.

1.3. Study structure

The remainder of this study is arranged in the following man-
ner. Section 2 provides a detailed discussion of the categories of
recent studies related to residential load forecasting. Section 3 pro-
vides a detailed description and analysis of the data employed in
this paper. Section 4 presents the paper’s methodology via an
extensive explanation of the proposed DL model. Section 5 dis-
cusses the experimental details. Section 6 discuss and analyze
the attained results. Section 7 discusses the primary shortcomings
of the current study. The managerial implication of this study is
presented in Section 8. The conclusions drawn from this work
are presented in Section 9.
2. Related studies

This section is structured to discuss the state-of-the-art litera-
ture relevant to this work. Extensive exploration of these studies
allows us to classify load forecasting approaches into two primary
categories: physics-driven approaches and data-driven
approaches.

2.1. Physics-driven approaches

Physics-driven approaches are broadly employed in developing
energy simulation kits (including TRANSYS and Energy Plus),
which are typically created by associating the influence of exterior
considerations on the energy consumption of certain buildings
(Baró Pérez et al., 2019; Lynch et al., 2014). As an example,
Munkhammar et al. (2021) employed the Markov-chain mixture
distribution model (MCM) to predict residential power consump-
tion. Chi et al. (2020) introduced a mesh-based mathematical
method that creates a digital meshing system for residential build-
ing areas in China, which takes the air temperature information as
an input and then estimates the mathematical relationship
between temperature and thermal load passion of the housing
building to create a hierarchical system of thermal load strength
(Wang et al., 2020). However, these approaches imply that the
forecasting approach requires a huge and complex amount of data,
incorporating the building’s composition, the physical characteris-
tics, the weather conditions, and societal behavioral information,
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which is usually hard to find due to the time and effort required for
acquiring such kind of data. They also exhibit several limitations in
that they 1) are incapable to handle huge volumes of data (Ibrahim
et al., 2020); 2) lack toughness against ambiguity (Dietrich et al.,
2020); 3) lack efficient optimization in the existence of controls
(Nam et al., 2020); 4) lack adjustive and self-sufficient functional-
ity (Luo et al., 2020); 5) lack smart and real-time decision making
(Antonopoulos et al., 2020); 6) fail to model complex features and
high non-linearity incurred by consumer’s energy-exploitation
activities. As a result, these approaches are not commonly
employed for precise load forecasting (Liu et al., 2020).

2.2. Data-driven approaches

The recent evolutions in the field of data science and artificial
intelligence have offered an extraordinary opportunity to investi-
gate the problem of energy consumption forecasting from a data-
guided viewpoint. In view of this, a number of intelligent STLF
approaches have been developed, which could be broadly parti-
tioned into three primary groups based on the methodological nat-
ure of algorithms: ML approaches, DL approaches, and hybrid
approaches (Li et al., 2019).

2.2.1. Machine learning approaches
ML forecasting approaches emerged to infer the correlation

between the input and output data with no specific procedure
and have been employed to solve the shortcomings presented by
traditional techniques. In this regard, Ibrahim et al (Ibrahim
et al., 2020) ultimately reviewed over two hundred ML studies
and argued the potential of MLmodels to effectively address differ-
ent challenges facing the smart grid technology including intelli-
gent load predictors. Wang et al. (2020) addressed thermal load
prediction using different ML algorithms including the Linear
Regression, Ridge Regression, Lasso Regression (Zhou et al.,
2019), Elastic Net, SVM Regression, Random Forest, Extreme Gradi-
ent Boosting (XGBoost). Among them, the XGBoost was reported to
be more robust load predicted. Dietrich et al. (2020) adopted the
ANN to predict the very short-term loads of two machine tools in
order to act as a decision maker to improve energy management
and reduce corresponding manufactural costs. Dai and Zhao
(2020) address the limitation of SVM and introduced some
enhancements to perform effective prediction based on informa-
tive features extracted by the minimal redundancy maximal rele-
vance. Agrawal et al. (2019) introduced a new model to predict
electricity price using two variants of relevance vector machines
that employ Gaussian radial basis function and polynomial kernels
separately. Liu et al. (2020) addressed the STLF task using the ELM
and Holt-Winters (HW) technique in which the Moving Average
(MA) is adopted to decay input sequences into a standing linear
element and a fluctuant nonlinear residual using a filter. The HW
provided the linear technique to predict the linear factors, which
were passed to ELM along with nonlinear residual to perform non-
linear prediction. ANNwas adopted in Li (2020) to perform STLF for
the urban smart grid system. Abiyev and Abizada (2021) investi-
gated the problem of residential load forecasting using a hybrid
approach that integrated T2-fuzzy rules and wavelet neural net-
work (WNN) to model uncertainties and noisy characteristics of
electricity data that might impact the predictive performance. In
a similar way, the work (Abiyev, 2011) combined the WNN and
Takagi–Sugeno–Kang (TSK) fuzzy to perform prediction on time-
series data, where fuzzy c-means clustering algorithm was claimed
to be used to generate the rules. Although the ML approaches show
effective STLF performance, they still have a number of shortcom-
ings that need to be considered: 1) their performance deteriorates
for a large number of complex features; 2) their performance heav-
ily relies on the used feature engineering method; 3) it is hard to
4

guarantee the prediction performance of these approaches as their
architecture is very complicated and hard to select, they forecast-
ing performance degrades by enlarging time and the data size; 4)
the prediction models are unstable making them inappropriate
as a component in decision making, and 5) the forecast electrical
energy demands were presumed to be static, but power systems
have intricate societal and physical communications (Solyali,
2020).

2.2.2. Deep learning approaches
DL approaches is a subset of artificial intelligence approaches

that can model high-level abstractions and can capture, and extract
hidden high-level invariant structures and intrinsic characteristics
from the data. Thus, DL models offer a perfect solution for tackling
key limitations of traditional ML approaches (Nam et al., 2020). In
this context, Nam et al. (2020) employed a number of DL models
for energy consumption prediction and report that gated recurrent
unit (GRU) realized the best performance across different scenar-
ios. Chitalia et al. (2020) investigated the STLF using nine different
versions of LSTM networks, including Bidirectional LSTM
(Bi-LSTM), attention LSTM, attention Bi-LSTM, ConvLSTM, E-D net-
work, etc. which demonstrated the effectiveness of LSTM for com-
mercial LSTM. Imani and Ghassemian (2019) employed LSTM to act
as a load forecaster using informative features extracted from the
load data pre-processed with wavelet decomposition, where the
information of the adjacent points was considered as the load
point. He et al. (2020) introduced an unsupervised DL model to
extract the electric load features from raw machinery information,
which was then passed to a 1D-CNN to model relationships among
the extracted features to forecast future energy consumptions. In
Liu et al. (2020), the authors introduced an online adaptive RNN
to predict future electric energy consumptions, which was con-
stantly trained using the recently received sequences, while
adjusting its parameters based on the nature of new load
sequences, hence avoiding any performance degradation. In addi-
tion, the authors of Yin and Xie (2021) presented a deep residual
network with a convolution structure to perform an STLF, while
emphasizing the impacts of different depths of the networks, dif-
ferent widths, and different block constructions to deal with the
problems of nonlinear regression. Moreover, the authors of Xu
et al. (2020) take the advantage of a modified residual network
in conjunction with RNN to perform day ahead STLF, whereas an
ensemble snapshot model is employed to enhance the generaliza-
tion capacity of the solutions. It is worth noting that the integration
of both convolutional and recurrent networks into a single frame-
work has been becoming a dominating solution for most load fore-
casting problems (Sajjad et al., 2020; Kim and Cho, 2019; Eskandari
et al., 2021; Rafi et al., 2021). In another attempt, Park et al. (2020)
introduced an STLF scheme that utilizes an analogous day selection
technique founded on reinforcement learning (RL) as an alternative
to the reliance on an expert’s knowledge. Wherein RL-based selec-
tion technique was developed using the Deep Q-Network tech-
nique and was experimented with utilizing the quantified load
and climatological data for Korea (Lork et al., 2020). Despite the
benefits gained by deep learning in different fields, research work
on deep learning-based residential load prediction is still in
restricted recurrent and convolutional networks (Rajasekhar
et al., 2020) which cannot effectively capture the nonlinear map-
ping relationship in residential load time series.

2.2.3. Hybrid approaches
The third kind of data-driven approach is designed by integrat-

ing multiple types of techniques—hence they are called hybrid
methods. For instance, Heydari et al. (2020) introduced a new
method for STLF, which integrates the gravitational search algo-
rithm, mixture data modeling, feature selection, regression NN,
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and variational mode decomposition. Lu et al. (2021), introduced
an improved data-driven model that employs LSTM to predict load
prices in the context of industrial energy management and devised
this as a mixed-integer linear programming (MILP) problem.
Hafeez et al. (2020) introduced a hybrid framework that employed
a modified mutual information (MMI) method for data prepara-
tion, and feature engineering method based on factored condi-
tional restricted Boltzmann machine (FCRBM) to model
electricity consumptions, and also introduced genetic wind-
driven optimization (GWDO) algorithm to optimize network
parameters. In Somu et al. (2020), the authors introduced an inte-
grated architecture for load forecasting in which LSTM is optimized
using an enhanced sine cosine optimization algorithm, with a new
Haar wavelet-based mutation operator, for precise and vigorous
load forecasting at the building level. Li et al. (2020) proposed a
hybrid method architecture that combined wavelet packet decom-
position (WPD) and LSTM for short-term Photovoltaic (PV) power
prediction. The WPD is employed to divide the input PV time-
series into sub-series, which are then processed by LSTM layers
to predict future energy consumptions. He et al. (2020) introduced
a hybrid method for STLF in which variational mode decomposition
(VMD) was adopted to decompose the received input sequences,
and the Quantile Regression Forest (QRF) model is then employed
to perform multi-step load forecasts that are later restored to
obtain the whole forecast using Kernel density estimation (KDE).
The authors also used the Tree-structured of Parzen Estimators
(TPE) for hyper-parameter optimization. A similar architecture is
presented in He et al. (2019), however, they optimized LSTM using
the Bayesian Optimization Algorithm (BOA). In Kong et al. (2020), a
three-stage architecture was introduced for STLF, in which the
dynamic mode decomposition (DMD) to extract the spatiotempo-
ral dynamics of erroneous sequences. The authors also adopted
grey relational analysis (GRA) to detect the analogous day data
and then employed the extreme value constraint method (EVCM)
to provide extra correction of the energy sequences. Besides,
Wang et al. (2021) presented a hybrid framework that integrates
the temporal CNN and Light Gradient Boosting Machine for achiev-
ing STLF from electrical data in the power system. Wherein the for-
mer part is responsible for extracting inherent representation from
a fixed length sliding window of electrical features, then the latter
part takes the extracted representations to produce the short-term
predictions. Moreover, Li et al. (2021) developed a STLF approach
in which the power data is divided into various frequency compo-
nents differing from the down to elevated degrees achieved by the
ensemble empirical-mode decomposition procedure. Later, the flat
and regular low-frequency elements are forecasted by the multi-
variable linear regression technique whereas preserving the effec-
tive computation capability, whilst the high-frequency elements
with robust arbitrariness are estimated via LSTM.

To sum up, the forecasting capabilities of typical ML studies are
still inefficient in the case of big volumes of data and high dimen-
sionality. Also, their performance largely depends on the applied
data engineering techniques. More recently, the DL methods pro-
vide a remedy for the shortcomings of ML algorithms and relieve
the requirement for complicated feature engineering thanks to
their ability to learn a concealed high-level invariant composition
and intrinsic representations from the data. Despite the improve-
ments realized by DL, research studies at this point are recent,
and applications of the DL approach to energy consumption predic-
tion are still in the initial phases and are almost restricted to tradi-
tional RNNs and/or CNNs, which fails to completely capture
relationships in load data. Motivated by that, this work proposes
to investigate the task of STLF using a novel two-stream DL archi-
tecture that can concurrently learn the short-term and long-term
non-linear relationships necessary to obtain idealistic prediction
performance.
5

3. Experimental datasets

This study utilizes two datasets to assess the planned STLF-Net
namely the Individual household electric power consumption
(IHEPC) dataset and the appliances energy prediction (AEP) dataset
whereas the details of both datasets are offered in Table 1. First, the
IHEPC dataset (Hebrail and Barard, 2012) consists of 2,075,259
instances of residential measurements of electrical energy con-
sumption for a house situated in Sceaux (7 km from Paris, France).
Instantaneous measurements are sampled every 60 s at the time
interval starting from December 2006 to November 2010
(47 months). Our paper emphasizes forecasting the ‘‘Global active
power” parameter. The date feature consists of day, month, year,
while the time feature consists of hours, and minutes. It also con-
tains 1.25% of null measurements (i.e., 25,979). Fig. 1 shows the
time series of the average of different features and the correspond-
ing average of daily electric consumption. As anticipated, it can be
noted that the peak consumption is recorded in the morning and
evening intervals of the day when the occupancy of residential
houses is high. In IHEPC datasets, all features are assumed to have
equal contributions to the load predictions (Hebrail and Barard,
2012). In order to understand the role and importance of different
features in the prediction task, the correlation map is plotted for
IHEPC data under different sampling resolutions as shown in Fig. 3.

Second, the AEP dataset Candanedo et al. (2017) consists of 29
features and 19,735 instances of measurements, which are
recorded with a resolution of ten minutes within an interval of
4.5 months in a residential house. Unlike the IHEPC dataset, the
AEP dataset contains several weather-related attributes (pressure,
temperature, dew point, humidity, and wind speed). The data sam-
ples are collected from wireless sensor networks comprising nine
interior temperature sensors and one exterior temperature sensor,
nine interior humidity sensors, and one external humidity sensor.
Outdoor data including temperature, humidity, dew point, visibil-
ity, pressure, and visibility are collected from the nearest airport.
The indoor temperature is gathered from various locations where
the features T9, T8, T7, T6, T5, T4, T3, T2, and T1 are gathered in
the parent room, teenager room, ironing room, outside building,
bathroom, office room, laundry room, living room, and kitchen cor-
respondingly. The indoor humidity features (RH_9, RH_8, RH_7,
RH_6, RH_5, RH_4, RH_3, RH_2, and RH_1) are also aggregated
from these indoor locations in the same order. The outdoor mea-
surements are gathered from the weather station of a neighboring
airport (Chievres Airport, Belgium). The date-time feature consists
of day, month, year, hour, and minute. Thanks to the relatively
large number of features, Fig. 2 visualize sample data from the
AEP dataset based on nine features arbitrary selected from 29 fea-
tures. In order to understand the role and importance of different
features in the prediction task, the correlation map is plotted for
the AEP dataset as shown in Fig. 4. It could be noted that RV1
and RV1 have the highest correlation implying that they have no
role in the prediction task. All the temperature features from T1:
T9 and T_o have an optimistic correlation with the aimed Appli-
ances, while indoor temperature features show high correlations
as the ventilation is determined by the HRV unit and reduces the
variations in air temperature from one room to another. To be
specific, three features (T3, T5, and T7) show a high-level correla-
tion with T9, and similarly T6 highly correlates with the T_o fea-
ture. Thus, T6 & T9 could be eliminated from data as the
information they offered could be supplied by other features.

The missing values are reconstructed using the average values
of energy consumption at the related time window of measure-
ments. The experiments in this study are performed by resampling
the dataset at the rate of sixty minutes (one hour) which is a
commonly implemented specification in modern smart meters



Table 1
The details of the datasets used in our experiments including the number of samples, number of features, feature name, and feature format.

Dataset No.samples No. features Variables

Name Format

Date dd/mm/yyyy
Time hh:mm:ss

IHEPC Dataset
(Hebrail and Barard, 2012)

Train: 26,280
Test: 8308

9 global_active_power: minute-averaged active power kilowatt

global_reactive_power: minute-averaged reactive power kilowatt
Voltage Volt
Global_intensity Ampere
sub_metering_1 watt-hour of active energy
Sub_meering_2 watt-hour of active energy
Sub_metering_3 watt-hour of active energy
Date time yy-mm-dd hh:mm:ss
Appliances: total energy consumptionby appliances. Wh
Light: overall lights’ energy consumption. Wh
T1: kitchen’s temperature. C
RH1: kitchen’s humidity. %
T2: living-room’s temperature C
RH2: living-room’s humidity. %
T3: laundry-room’s temperature C
RH3: laundry-room’s humidity. %
T4: office-room’s temperature. C
RH4: office-room’s humidity. %
T5: bathroom’s temperature. C
RH5: bathroom’s humidity. %
RH6: building’s outer temperature. C

AEP Dataset
(Candanedo et al., 2017)

Train:15788 Test:3947 29 RH6: building’s outer humidity. %

T7: ironing-room’s temperature. C
RH7: ironing-room’s humidity. %
T8: teenager-room’s temperature. C
RH8: teenager-room’s humidity. %
T9: parent-room’s temperature. C
RH9: parent-room’s humidity. %
T_o: outer temperature aggregated from
Chievres Weather Station (CWS).

C

Pressure: outer de pressure from CWS. Mm Hg
Rho: outer humidity from CWS. %
Wind speed: outer wind speed from CWS. m/s
Visibility: outer visibility from CWS. Km
Tdewpoint: outer Tdewpoint from CWS. C
Rv1: Random variable 1 nondimensional
Rv2: Random variable 2 nondimensional
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technologies. In other words, a sliding window algorithm is
employed to make a 60-min window and annotate the following
60 min as a forecasted result. For model evaluation, the data mea-
surements of the last year are kept out as the test set. The remain-
ing instances are separated into two sets, namely the training and
the validation set.
4. Proposed STLF-Net model

This section offers a comprehensive description of the design of
the presented STLF-Net framework, as shown in Fig. 5. The struc-
ture of STLF-Net has two parallel processing paths. The lower path
consists of a sequence of GRUs to model the long-term nonlinear
characteristics inherent in electric energy consumption data.
Simultaneously, the upper path is constructed by stacking several
temporal convolutional modules for efficient and extraction of
essential features (spatial) from the input time-series as well as
to capture short-term dependencies within the input. Finally, the
output maps of two paths are fused and then passed to dense lay-
ers to calculate the final prediction decision according to the
learned spatial and temporal representations. Through the creation
of a three-component architecture, additional characteristic repre-
sentations can be modeled, and the energy consumptions predic-
tion performance of the introduced STLF-Net can gain many
improvements.
6

4.1. Gated recurrent unit (GRU)

The GRU is introduced by Chung et al. (2014) to tackle the prob-
lem of gradient vanishing and/or gradient explosion that is often
present in conventional recurrent networks. In particular, GRUs
can capture and learn the short-term and long-term interrelation-
ships inherent in the received sequential input data, hence making
them extremely useful to model time series of electric consump-
tion. The typical architecture of GRU contains an input layer gate,
a hidden gate, and an output gate. The hidden gate is made up of
a reset gate and update gate. The ultimate architecture of GRU is
presented in Fig. 6. The calculation of the output zt of the GRU’s
update gate is performed with Eq. (1).

zt ¼ rðwz � ½ht�1
; xt�Þ ð1Þ

where rð�Þ represents the sigmoid activation operation, wz repre-

sents the parameters of the update gate, the ht�1 represents the pro-
duction of the former hidden gate, and xt denotes the input received
by the hidden layer. The update gate of GRU aids to regulate the
amount the statistics from the preceding time phases needed to
be considered in the future phases. Besides, the calculation of the
output rt of the GRU’s reset gate is formulated in Eq. (2).

rt ¼ rðwr � ½ht�1
; xt�Þ ð2Þ

where the definitions of rð�Þ, xt and ht�1 are the same as in equation
(1), and wr are the parameters of the reset gate. The main objective



Fig. 1. Visualization of daily mean value of variables in the AEP dataset, where X-axis represent the day number and the Y-axis represent the average value of each variable
per day.

Fig. 2. Visualization of daily mean value of variables in the IHEPC dataset, where X-axis represent the day number and the Y-axis represent the average value of each variable
per day.
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of the reset gate is to control and determine the information to be

removed from the preceding time phases. While the content h
�
t of

the present memory, the state is computed according to equation
(3).

h
�
t ¼ tanhðw � ½rt � ht�1

; xt �Þ ð3Þ
7

where the definitions of the xt and ht�1 are the same as in Eq. (1),
tanhð�Þ represents the procedure of tanh activation, w denotes the
relevant parameters, the rt represents the outcomes of the reset

gate. The final memory content at the present time ht�1 is formu-
lated in Eq. (4).

ht ¼ 1� zt
� �

:ht�1 þ zt :h
�
t ð4Þ



Fig. 3. Correlation map between different variables of IHEPC dataset under different sampling resolution.

Fig. 4. Correlation map between different variables of AEP dataset.
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Fig. 5. Systematic diagram indicating the architecture of the proposed two-stream STLF-Net. The lower path consists of the GRUs which are employed to capture the short-
term dependencies. The top path consists of sequence of TC modules for efficient long-term dependency and feature extraction. Finally. The spatial and temporal
representations generated from the two paths are fused and passed to the dense layer to make the final prediction decision.

Fig. 6. Systematic diagram indicating the a) general view of GRU layer; b) the internal structure of GRU.
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where zt represents the production of the update gate.
Two additional reasons motivate us for selecting the GRU

among other recurrent networks. First, it is capable of capturing
the nonlinear temporal characteristics unable to be captured by
the simple RNN. Second, the GRU is more complexity efficient than
the LSTM networks as demonstrated in previous studies (Sajjad
et al., 2020). The proposed STLF-Net employs a single layer of
GRU with 40 units for modeling long-term dependencies in the
input electric data. Following this, a dropout layer (Achille and
Soatto, 2018) is applied after the GRU layer as a form of regulariza-
tion to avoid the overfitting problem.

4.2. Temporal convolutional (TC) module

To process the received temporal data, a causal convolution
(C-Conv) (van den Oord et al., 2016) is demonstrated to be most
suitable among the existing types of convolution layers. The output
of the C-Conv layer at a time step t is computed by convolving all
the input values prior to time t. Once the length of input sequences
xT is declared to be T, the received temporal data is designed as a
received sample and is employed to predict the equivalent esti-
mate output value yT for every time step. The forecasting proce-
dure could be formulated as in Eq. (5).

y0; � � � ; yT ¼ f ðx0; � � � ; xTÞ ð5Þ
The output value yt is computed based on the x0; � � � ; xt instead

of xtþ1; � � � ; xT; meanwhile, the main objective of the training
procedures is to fit a utility f ð�Þ to lessen the difference between
the forecast and the real output elements. In particular, the
9

received time-series data is passed through the black layer in
Fig. 7(a); where the time series data go from the left to the right.
The component of the subsequent layer at time step t is convolved
using the elements of the former layer at time t and t � 1. Later, the
final feature map can be delivered by convolving the maps gener-
ated from the hidden layers.

Despite the effectiveness of the C-Conv in modeling the tempo-
ral data, it still suffers from the problem of information leakage
triggered by the traditional convolutional layers. Hence, increasing
the length of sequential data necessitates stacking a large number
of C-Conv layers to be able to consider longer information. As a
result, the complexity of DL model increases with the number of
C-Conv layers. Further, this will cause the gradient vanishing prob-
lem during the model training which, in turn, reduces the training
constancy. To tackle these issues, a dilated convolution (D-Conv) is
employed together with the C-Conv layer (see Fig. 7).

Unlike the standard convolution, the D-Conv layers have dila-
tion parameters that control and determine the amount of dilation;
dilated convolution is like ordinary convolution in the size of the
convolution kernel. Further, the receptive fields of the D-Conv lay-
ers are often wider (Yu and Koltun, 2016) and rely mainly on the
dilation parameter rather than the number of kernels. The dilation
is the addition of a fixed step between filters. D-Conv layer acts as a
standard convolution when the dilation parameter is set to 1. The
D-Conv layer can realistically increase the scale of convolution
kernels to enable the consideration of a wider range of received
time-series data. Accordingly, the dilation causal convolutions
(DC-Conv) enable the convolutional filter to be deployed over a
zone that is longer than its size by omitting the input elements



Fig. 7. Systematic diagram indicating the difference between standard convolution causal convolution dilated causal convolution.
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in a specific step. Thus, given an input time-series x, the generated
feature map s at the point t can be computed according to the Eq.
(6).

S tð Þ ¼ x�dwð Þ tð Þ ¼
XK
k¼0

wðkÞ � x � ðt � d � kÞ ð6Þ

where w represents the convolutional kernel, K represents the size
of the kernel.

In the STLF-Net architecture, we stack several DC-Conv layers in
the TC module to enable efficient feature extraction by modeling
the spatial and short-term representations in the received time-
series data. In particular, the TC module is constructed using two
DC-Conv layers activated with rectified linear unit (ReLU) function
(Wang et al., 2019) according to the Eq. (7).

F xð Þ ¼ ReLU
XK
k¼0

wk � xþbk

 !
ð7Þ

where w; andb represent the weight and bias respectively. The
ReLU layer is designated as ReLUðxÞ ¼ maxð0;xÞ. Each layer is fol-
lowed by the Batch Normalization (BN) layer (Wu et al., 2019)
and the dropout layer. The BN layer is employed to stabilize the
training process and hence enable realizing faster convergence. As
previously mentioned, the dropout deactivates some neurons to
avoid overfitting issues.

The increase in the depth of the path enhances the representa-
tion power of the proposed STFL-Net. Nevertheless, the gradient
statistics might disappear during the proliferation through net-
work layers. Thus, the residual connection is employed in the TC
module to tackle the problem of gradient vanishing during training
(Yin and Xie, 2021; Chen et al., 2020). The output of the TC module
is computed as the concatenation of the input maps and the output
of the stacked DC-Conv layers according to Eq. (8).

O ¼ Activation xþ F xð Þð Þ ð8Þ
4.3. Fusion and prediction layers

After acquiring the spatial and temporal representations from
the before mentioned two paths, they need to be fused to be able
to exploit them in deciding the predicted load value. A variety of
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fusion techniques could be employed including summation, multi-
plication, maximum, averaging, and concatenation. In the pro-
posed STLF-Net, a concatenation fusion is employed owing to its
merit in preserving the original format of received representations
without incurring any form of information loss as with other tech-
niques. After that, the fused features are passed through full con-
nected layers (FCL) to make the final prediction decision.

After all, the mean squared error (MSE) loss is adopted as the
cost function for optimizing the performance of STLF-Net during
the training, and it is defined in Eq. (9).

MSE ¼ 1
N

XN
i¼1

ðyi � y
�
iÞ
2
; ð9Þ

whereas N denotes the count of training instances, and y and y
�
refer

to the predicted and the ground-truth value, respectively.

5. Experimental settings

In this section, we discuss the details related to designing and
experimenting with the proposed STLF-Net in terms of implemen-
tation setup and performance metrics.

5.1. Performance metrics

This work adopts four performance metrics to evaluate the fore-
casting performance of the STLF-Net namely Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), Mean Square
Error (MSE), and Root Mean Square Error (RMSE) which are defined
as follow:

MAE ¼ 1
N

XN
i¼1

yi � y
�
i

��� ��� ð10Þ

MAPE ¼ 1
N

XN
i¼1

yi � y
�
i

yi

�����
������ 100% ð11Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

ðyi � y
�
iÞ
2

vuut ð12Þ
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The MSE denote the average squared difference between the

forecasted value (yi) and ground truth values (y
�
i) as defined in

Eq. (9).

5.2. Implementation setup

The design of STLF-Net and related experiments is implemented
using Keras and TensorFlow library running on Python 3.7 environ-
ment. This environment is installed on a Dell workstation equipped
with 32 cored CPU (i.e., Intel (R) Xeon (R) CPU E5-2670 0@
2.60 GHz), 500 GB SSD, 256 GB RAM, NVIDIA Quadro GPU, and
Windows 10 64-bit operating system. The Adam optimizer is
adopted train the model, because fast convergence property, with
batch-size equal to 128, initial learning rate of 0.001 that is split
with 15 after 350 training steps. The parameter initialization fol-
lows the Uniform distribution, while the hyper-parameters of the
proposed STLF-Net are presented in Table 2.
6. Results and analysis

6.1. Comparative analysis

The results of evaluating the STLF-Net using the IHEPC dataset
are presented in the last row of Table 3. The remaining rows of that
table contain the results attained by implementing the competing
data-driven approaches under the same experimental conditions
that are previously discussed. It can be noted from Table 3 that
CNN (Munkhammar et al., 2021) has the worst forecasting perfor-
mance (MAE: 0.4512; MAPE: 42.63%; MSE: 0.4513; RMSE: 0.6718)
which could be explained by the fact that CNN is unable to mem-
orize and handle the sequential relationships inherent in the elec-
trical load data. LSTM (Chitalia et al., 2020) has obvious
performance improvements (MAE: 0.0501; MPAE:2.76; MSE:
0.05; RMSE: 0.0383) over the CNN (Munkhammar et al., 2021)
which signifies the importance of modeling the temporal represen-
tation on the prediction performance. Applying the attention
mechanism (Chitalia et al., 2020) is shown to improve the perfor-
mance of LSTM as it empowers the learner to emphasize the
important characteristics during the training. Additionally,
employing the GRU (Li et al., 2019) has been shown to improve
the MSE with 0.0874 over the LSTM. Integrating the CNN and
LSTM/GRU in a single architecture (Kim and Cho, 2019; Sajjad
et al., 2020) shows great performance improvement as it enables
the model to capture both longitudinal and chronological repre-
sentations during training. Furthermore, the Transformer network
(Vaswani, et al., 2017) show more improved performance
(MAE:0.3513; MAPE: 39.19; MSE:0.2618; RMSE: 0.5116) compared
to the LSTM and GRU models. This, in turn, reflects the potential of
transformer-based design in modeling the inherent representa-
tions of electric data More importantly, the proposed STLF-Net
achieved considerable prediction performance improvements
Table 2
The grid searches hyper-parameters for the proposed STLF-Net.

Hyper-
parameter

Description Searched

NGRU No. neurons in the GRU layer [20,25,30,35,40,45,50, 55, 60, 65,70,7

NFCL No. neurons in the fully
connected layer

(He et al., 2020; Muzaffar and Afshari,
et al., 2021; Heydari et al., 2020)

NEpochs Number of epochs [50, 70, 90, 100, 120, 150]

L Loss function MAE, MSE

STLFOptimize Optimization method [SGD, RMSprop, Adam]

STLFActivation Activation function [sigmoid, ReLU, softmax, tanh]
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(MAE: 0.1838; MAPE: 6.39%; MSE:0.2589; RMSE: 0.2332) over-
coming the cutting-edge deep learning models. This in turn
demonstrates the advantage of modeling spatial, short-term, and
long-term interrelationships within the received input sequences.

For further validation, the comparative experiments were rede-
signed on the AEP dataset which is more complex and contains
many environmental conditions. In Table 4, we present the results
of experimenting with the proposed STLF-Net and other competing
methods. Similar observations are noticed for CNN (Munkhammar
et al., 2021), which achieved the worst prediction performance
(MAE: 0.3751; MAPE: 36.48; MSE: 0.1814; RMSE: 0.4259) due to
the ignorance of the temporal representations. LSTM (Kim and
Cho, 2019) shows slight performance improvements over CNN
(Munkhammar et al., 2021) as it is able to capture the temporal
representation. It is also notable that employing an attention
mechanism (Chitalia et al., 2020) results in significant performance
improvements (MAE:0.0499; MAPE: 5.1%; MSE:0.0195;
RMSE:0.0209). It is also obvious that the use of GRU (Nam et al.,
2020) results in a better performance compared with CNN and
LSTM. In similar way, the transformer network shows great perfor-
mance improvements (MAE: 0.3513; MAPE:39.19; MSE:0.2618;
RMSE: 0.5116) compared to the LSTM and GRU demonstrating
the potential of multi-headed attentions in modeling short-term
predictions. As previously demonstrated, learning spatial–tempo-
ral representations permits significant performance improvement.
Finally, the proposed STLF-Net realized substantial prediction per-
formance improvements (MAE: 0.1628; MAPE: 16.99%; MSE:
0.1664; RMSE: 0.2297) beating the cutting-edge competing deep
learning models which further demonstrates the robustness of
the STLF-Net even when including environmental circumstances
(i.e., weather, humidity, etc.).

6.2. Statistical analysis

Given the competitive performance demonstrated by the com-
parative analysis, this subsection seeks to further validate this
using statistical analysis. In this context, the Diebold-Mariano Test
(Zhou et al., 2021) is adopted to estimate the statistical significance
of predictions from different competing methods in terms of p-
value, which denotes the probability that a perceived difference
can happen just by accidental chance. Hence, a larger the statistical
significance of the perceived difference can be attained when the
p-value become smaller. As common, a significance threshold is
set to be 0:05, wherein a p-value that goes beyond the threshold
(p-value > 0.05) implies no statistical significance, otherwise (p-
value < 0.05) it implies statistical significance. Table 5 display the
attained P � values from these Diebold-Mariano Test experiments
using AEP and IHEPC datasets. It is worth noting that the majority
of results are not beyond the 0.05 for both datasets which indicates
that the predictions obtained by STLF-Net are statistically distinct
from those of competing methods. This in turn validates the effi-
ciency and competitiveness of the STLF-Net.
selected

5,80,85,95,100] 40

2019; Chi et al., 2020; Zhou et al., 2019; Abiyev, 2011; Eskandari 20

IHEPC:70,
AEP:120
MSE
Adam

ReLU



Table 3
The hour-ahead forecasting performance of different competing methods on the IHEPC dataset.

Methods MAE MAPE (%) MSE RMSE Time (s)

CNN (Munkhammar et al., 2021) 0.4512 42.63 0.4513 0.6718 181.27
LSTM (Chitalia et al., 2020) 0.4011 39.87 0.4013 0.6335 166.79
LSTM + Attention (Chitalia et al., 2020) 0.3921 39.15 0.3582 0.5985 175.43
CNN-LSTM (Kim and Cho, 2019) 0.3693 38.91 0.3717 0.6097 19,028
CNN-LSTM-AE (Khan et al., 2020) 0.3494 39.05 0.2864 0.5352 213.61
Multi-GRU (Han et al., 2021) 0.3576 38.09 0.2689 0.5185 153.54
MB-GRU (Khan et al., 2020) 0.3013 38.17 0.2315 0.4812 169.22
CNN-GRU (Sajjad et al., 2020) 0.3427 40.26 0.2568 0.5068 179.08
Transformer (Vaswani, et al., 2017) 0.3513 39.19 0.2618 0.5116 131.21
STLF-Net [proposed] 0.2674 36.24 0.1924 0.4386 173.49

Table 4
The hour-ahead forecasting performance of different competing methods on the AEP dataset.

Methods MAE MAPE (%) MSE RMSE Time (s)

CNN (Munkhammar et al., 2021) 0.3751 36.48 0.1814 0.4259 134.16
LSTM (Chitalia et al., 2020) 0.3602 34.24 0.2276 0.4771 95.39
LSTM + Attention (Chitalia et al., 2020) 0.3103 29.14 0.2081 0.4562 133.41
CNN-LSTM (Kim and Cho, 2019) 0.3142 28.98 0.1927 0.4390 95.39
CNN-LSTM-AE (Khan et al., 2020) 0.3055 27.16 0.1727 0.4155 95.39
GRU (Han et al., 2021) 0.2916 24.99 0.1115 0.3339 81.24
MB-GRU (Khan et al., 2020) 0.3276 25.38 0.1216 0.3487 129.13
CNN-GRU (Sajjad et al., 2020) 0.2516 23.75 0.1021 0.3195 108.58
Transformer (Vaswani, et al., 2017) 0.2819 28.11 0.0913 0.3021 76.18
STLF-Net [proposed] 0.2123 19.49 0.0612 0.2474 92.61

Table 5
The statistical p-values obtained from statistical Diebold-Mariano test according to different performance metrics.

IHEPC dataset AEP dataset

Methods MAE MAPE RMSE MAE MAPE RMSE

STLF-Net vs CNN (Munkhammar et al., 2021) 0.02994 0.02259 0.02839 0.02471 0.03123 0.01630
STLF-Net vs LSTM (Chitalia et al., 2020) 0.01839 0.04537 0.01750 0.01770 0.04891 0.02459
STLF-Net vs LSTM + Attention (Chitalia et al., 2020) 0.03090 0.03614 0.03378 0.03563 0.01505 0.03637
STLF-Net vs CNN-LSTM (Kim and Cho, 2019) 0.03476 0.04329 0.02583 0.06249 0.02383 0.02500
STLF-Net vs GRU (Han et al., 2021) 0.00196 0.02039 0.00948 0.00635 0.01348 0.02029
STLF-Net vs MB-GRU (Khan et al., 2020) 0.01480 0.02877 0.00199 0.03576 0.00564 0.04895
STLF-Net vs CNN-LSTM-AE (Khan et al., 2020) 0.01274 0.00068 0.04729 0.03946 0.00905 0.00417
STLF-Net vs Transformer (Vaswani, et al., 2017) 0.01021 0.04912 0.01018 0.02799 0.01929 0.04552
STLF-Net vs CNN-GRU (Sajjad et al., 2020) 0.02904 0.04565 0.01981 0.02711 0.02537 0.03743

Fig. 8. Illustration of training and validation curves for the proposed STLF-Net on IHEPC (left side) and AEP dataset (right side).
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6.3. Convergence analysis

To analyze and interpret the learning behavior of the proposed
STLF-Net on different datasets, we plot the training and validation
loss curves for both IHEPC and AEP datasets as displayed in Fig. 8.
On one hand, for IHEPC data, it is worth noting that STLF-Net
12
shows stable learning behavior over training epochs without any
overfitting underfitting issues indicating smooth gradient calcula-
tions. It start converging after 100 epochs of training while main-
taining robust validation performance during the training. On the
other hand, the proposed STLF-Net show rapid convergence after
50 epochs on the AEP datasets, while maintaining smooth training



Fig. 9. Comparing the ground truth value with forecasts from STLF-Net on the test set of IHEPC (left side) and AEP dataset (right side).
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and validation curves indicating stable learning progress. Also, it is
notable that the training performance and validations performance
are close during the training. Furthermore, to give intuition about
how the forecasts are accurate to the original values in the test
set, we plot these STLF-Net’s forecasts against the corresponding
ground truth values as shown in Fig. 9.
6.4. Ablation studies

The main purpose of this ablation experiment is to investigate
and analyze the contribution of building modules and layers to
the forecasting capability of the STLF-Net.
6.4.1. Impact of the GRU
To verify the effectiveness of choosing GRU to capture the long-

term dependencies, three experiments were performed using the
proposed STLF-Net on IHEPC and AEP data, in terms of MSE and
MAE as shown in Fig. 10. The first experiment is performed by
omitting the GRU from the architecture of STLF-Net (hence
referred to as w/o GRU). This results in increasing the value of
MSE and MAE with 0.0789 and 0.095 on IHEPC data respectively;
and increasing them with 0.1027 and 0.0564 on the AEP dataset,
respectively. This validates that the long-term characteristics (cap-
tured by GRU) have an essential role in improving prediction per-
formance. In the second experiment, the architecture of the STLF-
Net is redesigned by replacing the GRU with a simple RNN. This
modification causes obvious performance degradation (with
Fig. 10. Ablation experiment for studying the impact of GRU layer.
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0.0719–0.0695 increase in MSE, and 0.041–0.049 increase in
MAE) on both datasets which indicates that simple RNNs are
unable to capture temporal characteristics owing to the gradient
vanishing phenomena. Similarly, the third experiment redesigns
the STLF-Net by replacing the GRU with LSTM. This shows a slight
performance drop (i.e., the MSE increase with 0.0343 and 0.0231
on IHEPC and AEP data respectively) compared with GRU except
for MAE on the AEP dataset. However, the training time STLF-Net
from 151.4 s to 274.3 s when implemented using LSTM.
6.4.2. Impact of the TC module
To validate the contribution of the TC module to the perfor-

mance of the STLF-Net, three experiments are executed by modify-
ing the structure of STLF-Net. Fig. 11 shows the relevant results (in
terms of MSE and MAE) of each experiment on IHEPC and AEP data.
First, the architecture of STLF-Net is reimplemented removing the
TC path (hence referred to as w/o TC). This results in increasing the
value of MSE and MAE with 0.1215 and 0.1244 on IHEPC data
respectively; and increasing them with 0.0919 and 0.0911 on the
AEP dataset, respectively. This demonstrates the importance of
extracting spatial features and short-term dependency (using the
TC module) in enhancing the model capabilities. Second, the
STLF-Net is reimplemented by substituting the TC module with a
stack of two standard convolution layers. This adjustment causes
obvious performance degradation (i.e., the MSE and MAE get
increased by 0.0664 and 0.0649 on the IHEPC data, while get
increased by 0.0791 and 0.0411 on AEP data respectively). this
Fig. 11. Ablation experiment for studying the impact of TC module.



Fig. 12. Sensitivity experiments for implementing STLF-Net using different number
of TC modules.

Fig. 13. Sensitivity experiments for implementing STLF-Net using different number
of GRU layer.
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demonstrates that convolutional layers are inefficient to model
temporal characteristics in input time series. Third, the STLF-Net
is redesigned by replacing the TC module with a stack of two C-
Conv layers. This shows marginal performance i.e., the MSE and
MAE get increased by 0.009 and 0.0038 on the IHEPC data, while
get increased by 0.0331 and 0.0123 on AEP data, respectively).
However, the training time STLF-Net from 151.4 s to 182.8 s when
implemented using LSTM.
6.4.3. Sensitivity analysis
Provided that the spatial representations of chronological elec-

trical samples are handled with the sequence of TC modules in the
construction of STLF-Net, sensitivity analysis experiments are per-
formed on the IHEPC and AEP datasets to explore how the forecast-
ing performance is affected by the number of TC modules. Through
these experiments, the kernel size of the DC-Conv layers is set to be
k ¼ 2 and five variants of STLF-Net were created: 1) variant 1: a 3-
module structure with dilation parameters d ¼ f1;2;4g 2) variant
2: a 4-module structure with dilation parameters d ¼ f1;2;4;8g;
3) variant 3: a 5-module structure with dilation parameters
d ¼ f1;2;4;8;16g; 4) variant 4: a 6-module structure with dilation
parameters d ¼ f1;2;4;8;16;32g; 4) variant 5: a 6-module struc-
ture with dilation parameters d ¼ f1;2;4;8;16;32;64g. Fig. 12
14
illustrates the performance of those architectures on both datasets.
For the IHEPC dataset, it could be noted that the variant 3 architec-
ture significantly outperforms variant 2, while the differences
between variant 3, variant 4, and variant 5 are marginal. On the
other hand, on the AEP dataset, the performance of variant 4 is
much better than variants 1,2,3, and slightly differs from variant
5. This conduct clarifies that once the model contains a satisfactory
number of modules, the difference in forecasting performance
becomes less important. This behavior is also observed when ana-
lyzing the number of GRU layers as presented in Fig. 13. Therefore,
the STLF-Net is robust regarding the network parameters.

7. Limitations of this study

Despite the demonstrated technical and statistical efficiency of
the proposed STLF-Net, it still has some limitations that must be
addressed. First, the ambiguities and irregularities are inherent
characteristics of residential electrical data, which might limit real-
izing ideal forecasting in the real world because of the lack of pre-
diction confidence. Uncertainty-handling solutions can be
integrated with DL to tackle these issues. Second, load data are
known to be vulnerable to many threats and attacks that might
fool the model to perform wrong or incorrect predictions. Finally,
the electric load data are known to vary from one source to another
owing to the diversity of devices, systems, data, environmental
conditions, etc. however, the proposed STLF-Net did not consider
this issue as it was not trained using such multi-site data.

8. Managerial implications

The efficient predictive modeling of energy consumption is
highly needed for efficient energy management, especially in
urban environments. The robust predictive performance of the pro-
posed STLF-Net qualifies it as a robust candidate for handling the
predictive modeling tasks in energy management systems.

On one hand, given the accurate prediction of electricity peak
load, using the STLF-Net, hours ahead of peak hours, management
authorities, residents, and stockholders will have enough time to
outline plans for peak load minimization. For instance, the author-
ities can decide to perform battery discharge or determine the time
to use cogeneration ahead of the peak periods. Another example is
the residential systems that can recommend the residents to make
some activities for minimizing electricity consumption according
to the reported load forecasts. Moreover, the integration of STLF-
Net can be valuable in the demand reaction for lowering electricity
bills by evading electricity consumption throughout peak hours.

On the other hand, in the smart grid system, an intelligent con-
trol system is essential to accomplish highly effective and
improved electrical load management. Thanks to the robust fore-
casting performance of the STLF-Net and its ability to learn from
massive load data in residential buildings, a smart grid system
could support a predictive policy centered on consumption predic-
tions and empirical cost minimization. This way, short-term resi-
dential load prediction is a crucial steppingstone, for achieving a
superior energy dissemination strategy, which is of great impor-
tance for the firmer operation of traditional generators. Therefore,
the short-term load forecasting can be implemented through the
proposed STLF-Net can afford a relatively straightforward but pre-
cise enough load prediction method that can be integrated to
improve the quality of management in smart grid systems.

9. Conclusions and future work

This work presents an innovative deep learning framework,
termed STLF-Net, to predict the short-term electrical loads of
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residential buildings. The proposed approach alleviates the need
for powerful feature engineering to realize accurate STLF. This is
achieved by the employment of improved TC modules to promote
efficient feature extraction for the positional and short-term repre-
sentations. Simultaneously, GRUs are introduced to effectively cap-
ture dynamic long-term representations in the electrical load data.
Technical and statistical analysis on two public datasets demon-
strates the efficiency and competitiveness of the STLF-Net in com-
parison with the latest state-of-the-art data-driven approaches.
Further, STLF-Net has high efficiency even with the incorporation
of environmental conditions and other external factors. Therefore,
the proposed STLF-Net could be deployed as a reliable tool for load
estimating in power stations and smart grid systems.

In plans for future work, the proposed STLF-Net can be
extended to be evaluated for MTLF and LTLF in residential and
industrial environments. Additionally, industrial energy data is
prone to a wide variety of noise and uncertainties that inevitably
have a negative impact on predictive performance, thus it will be
interesting to investigate and improve the STLF-Net for the predic-
tion of energy consumption in an industrial scenario with more
complex features and noisy data. Further, continuous advance-
ments in IoT technologies motivate us to explore energy consump-
tion forecasting problems in a complex IoT environment where
energy consumers and providers are communicating through IoT
networks (Tushar et al., 2018). Moreover, the peak demand predic-
tion performance for extended time horizons will be further inves-
tigated using online adaptive learning to help develop a more
innovative approach. The application of the proposed STLF-Net
for other kinds of power sources (i.e., such as wind power
(Memarzadeh and Keynia, 2020) and photovoltaic power (Wang
et al., 2020) could also be investigated in the future and a wide
variety of optimization techniques might be explored for the opti-
mization of model parameters, which will reduce the computa-
tional complexity. Furthermore, an important extension of this
study can be realized by investigating the potential of deep learn-
ing for performing load forecasting using cross multi-domain and
multi-modality data.
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